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Abstract 
Following the Volkswagen Dieselgate scandal in 2015 where the emission tests were 

‘defeated’, it was revealed that for several manufacturers there was a divergence 

between real world emissions and emissions emitted in a lab of over five times the 

emission limits, even when the vehicles were considered legal. Soon after, a new 

emission test was announced which aimed to bridge the gap between road and 

laboratory emissions by performing on road testing. This was named the real driving 

emissions (RDE) test, and it imposed a challenge to the automotive industry and 

especially calibration engineers to make sure that their vehicles are both ‘legal’ and 

‘cleaner’ in terms of emissions which was not legally the case before. This was due to 

the test being non-reproducible because of the different cycles and ambient conditions 

the car would experience. 

Different methods were investigated by vehicle manufacturers to verify a vehicle’s 

compliancy over the full RDE conditions including experimental-based, simulation-

based and model supported methods. It was understood that the experimental-based 

methods were reliable but too costly to perform and could hardly cover the full RDE 

testing range conditions. The simulation-based methods could cover the full RDE 

range but required a lot of data to train the models and was considered to be less 

reliable. The model supported methods required less data and was placed somewhere 

in the middle of the other two methods. This is because it used the real vehicle parts 

for testing, but simulations could be used to cover unexplored conditions. In all 

methods, the effect ambient conditions and driver style have on the emissions has not 

received much attention in the literature and is potentially an important factor affecting 

the emission results since the alteration of a single variable of ambient conditions 

could alter the WLTC emissions by 10%. In addition, a methodology where a limited 

amount of data was used and a methodology in designing a ‘worst-case’ RDE cycle 

was not investigated enough. 

For this thesis and for the RDE+ project of Horiba-MIRA, RDE tests were performed 

in the UK, Austria, and Spain with vehicles of different powertrains to get some hand-

on experience and to collect driving data for different environments and driver styles. 
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By analysing the data, different trends were identified between ambient conditions, 

driver styles, and the different emission gases. Higher emissions were noted with an 

increase in altitude, a lower ambient temperature, or a more aggressive driver behavior 

with a maximum difference of 100%. However, it was still uncertain if the vehicles 

would pass the RDE test over the whole boundary conditions. Therefore, it was 

considered important to get a better understanding on how the actual load conditions 

change in different environments. This in effect would provide a clearer relationship 

between the road load conditions and the real driving emissions. Hence the coastdown 

test was analysed and was used as a basis to develop a method to predict how the road 

load coefficients would be affected in different environments. In addition, tyre tests 

were carried out on the chassis dynamometer using wheel torque transducers to check 

the effect tyre pressure has on emissions and rolling resistance. It was verified that a 

5-psi increase would lead to an 11% decrease in Rolling resistance and a 6% longer 

coastdown test.  

Following the experimental studies, cycle generating technologies were investigated 

to produce a method in generating valid, representative, and random RDE cycles using 

a limited amount of data by focusing on the driver behavior characteristics of the cycle. 

By using the Markov Chain method and the use of several proportional integral 

derivative (PID) controllers, RDE cycles with specific trip dynamics were generated 

with 80% of the tests yielding results within 5% of the targeted driver aggressiveness 

while only 1 test out of 24 having a difference larger than 10%. This variability 

enabled the expansion of the vehicle’s operating region by 24% which in effect 

expanded the RDE tested boundaries and emissions as well. 

Emission modelling techniques were then researched and applied to the cycle 

generating methodology including Local Model Networks and the Volterra Series 

models. It was identified that to obtain a good model fit several variables were required 

for the training process of the models which required extra models including an engine 

and turbocharger model and better-quality data. Using a limited amount of training 

variables, CO2 was the only emission gas which exhibited a good fit and was used for 

the next stages of the thesis.  
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The research and developed methodologies throughout the thesis complete a process 

of identifying if a vehicle is legal within the RDE rules. This is done by using a limited 

amount of data to both produce emission models and generate several artificial RDE 

cycles. The emission models are then applied to the generated cycles while the highest 

emitting generated cycles are transformed into even ‘worse’ cycles in terms of 

emissions by the alteration of the road loads to simulate different ambient conditions 

and the adjustment of the gear shifting strategy. This cycle can be then used inside a 

laboratory for calibration testing. The specific process would reduce the resources 

required in ensuring that a vehicle is compliant with the new RDE legislation while 

also reducing the carbon footprint of the process overall. 
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Chapter 1   
Introduction 
This chapter’s focus is to get a better understanding of the subject by studying the 

history of emission testing and more specifically the Real Driving Emission test. 

Through the initial knowledge gained, some early thoughts are discussed which were 

used to outline the general aim and objectives of this thesis. 

 

1.1 Background and motivation 

1.1.1 Emission Testing History 
Encouraged by the growing number of vehicles, the apparent effects of global 

warming and the effect air pollution has to humans and wildlife, emission standards 

are getting stricter year by year. Emission standards are defined as “the quantitative 

limits on the permissible amounts of specific air pollutants released into the 

atmosphere from specific sources over specific timeframes” (1). However, emissions 

standards are essentially the combination of a limit expressed in mass and a test 

procedure through which this limit is defined.  

Even though the first gasoline internal combustion engine car was produced in 1870, 

minimal emission control regulations existed in the world until the late 1960s (2). The 

first recognized episodes of ‘smog’ occurred in Los Angeles in 1943 where people 

suffered from smarting eyes, burning lungs and nausea. The phenomenon was termed 

as a "gas attack" and a nearby butadiene plant was to blame. The plant was then shut 

down; however, the smog did not abate. It was not until the early 1950s, that it became 

clear who the main culprit was, the automobile (3).  

In 1955, California formed the Bureau of Air Sanitation within the California 

Department of Public Health. The pollution levels which could cause health issues to 

people were identified and the state’s first air quality standards were set in 1959. These 

served as a legal basis for the establishment of the California Motor Vehicle Pollution 
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Control Board in 1960 which concluded that: ‘’In Los Angeles, automobile exhaust is 

now the principal source of air pollutants that lead to smog’’  and started regulating 

tailpipe emissions (4).  

By 1967, over 1.5 million cars were equipped with pollution control technology in 

California followed by the rest of the country the next year. In 1968, the two California 

air quality agencies were combined to create the California Air Resources Board 

(CARB) (5) which was a department specific to the Clean Air Act. Two years later 

Congress established the United States Environmental Protection Agency (EPA) were 

both agencies enforce emission regulations in the United States until today. Similarly, 

the rest of the world followed by developing emission standards and regulatory 

agencies around the world such as in Canada, Europe, Australia, and Japan. 

 

1.1.2 New European Driving Cycle (NEDC) 
Since 1992, the European Union have imposed emission regulations on new cars (Euro 

1) and by 1998, the New European Driving Cycle (NEDC) was introduced which 

consisted of four urban transient cycles and one extra urban speed profile performing 

a total of 11km. This driving cycle was performed on a chassis dynamometer and 

included a strict procedure of gear changes and tolerances of speed and accelerations. 

In this way, the European Union has challenged the automotive industry to develop 

auxiliary emission control devices (AECD) and strategies for their cars to pass the 

type-approval process. This led to important reductions of the air pollutants such as: 

carbon monoxide (CO), unburned hydrocarbons (HC), nitrogen oxides (NOx) and 

particulate matter (PM). However, over the past three decades the test became both 

“unrealistic” and “unrepresentative” since vehicles were passing the legislative tests 

but were not necessarily cleaner in the real world. This resulted in an increase of 

transport emissions in areas with rapid economic development by annual growths rates 

of 10% (6).  

Several works have been presented, comparing NEDC with real-world driving 

showing that it is a poor representation of modern vehicle usage (7). The resulting fuel 

consumption was sometimes 79% higher, CO2 values were 32% to 42% higher than 

certification, while NOx emissions were 450% higher for Euro 6, leaving only 10% of 
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vehicles being within the legal limit (8–10). Some specific reasons for the NEDC’s 

inability to represent real driving include (10,11): 

• Having gentle accelerations, several idling events and constant speed cruises 

• Not including motorway driving 

• Narrow boundary conditions such as testing temperatures of 20 – 30°C  

• Tests were not necessarily repeatable and comparable 

• Economy mode could be used during test cycles 

• Ancillary equipment such as air-conditioning and heated windows should be 

switched off 

• Tests could be conducted at 2 km/h below the required speed thus using less fuel 

• Roof-rails and passenger door-mirror could be removed for the test to reduce 

drag 

• Tyre inflation pressures could be set above the recommended pressure values to 

reduce rolling resistance.  

While performing the NEDC, a typical gasoline vehicle spends 90% of the time below 

2500 rpm and 85% below 10 kW of power required at the wheels (12). However, 

modern vehicle accelerations are much more aggressive and variable. This is due to 

the power surplus modern powertrains have now compared to then. The average 

acceleration times from 0-100 km/h was reduced from 14 seconds in 1981 to 9 seconds 

in 2007 (13). Drivers also tend not to use the ‘Economy’ mode on their vehicles and 

generally have some ancillary equipment switched on making this test not 

representable.  

Emission reduction systems were also found to degrade over time (14), (15) leading 

to an increasing discrepancy between laboratory test results and reality which are not 

picked up by annual testing such as the Ministry of Transport (MOT) tests in the UK. 

Moreover, CO2 emissions from road transport have increased by 17% from 1990 to 

2014 (16) and there is an anticipated 40% and 58% increase in passenger kilometres 

and freight kilometres by 2050. Therefore, not only the real emission values were off, 

but the number of vehicles around the world is also growing exponentially (7).  

The NEDC’s fixed speeds, gear shift points and accelerations enabled manufacturers 

to optimize emissions specifically for the corresponding operating points of the engine 
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to achieve lower values during type approval but not during real-world driving (17). 

However, in some cases, the test was also cheated making the overall situation worse. 

Most recently, in 2011 a publication, (18) of the European Commission Joint Research 

Centre (JRC) test results using portable emissions measurement systems (PEMS) 

revealed that the NOx emissions for 12 diesel cars were considerably higher than the 

official statements. These were confirmed later (19–22) where the average exceedance 

factor was around 6-7 times the NOx emissions and with some exceptions over 35 

times the limit (23,24). The United States (U.S.) EPA then forced the vehicle 

manufacturer Volkswagen to admit the use of a ‘defeat device’, which was an 

intentionally programmed emission control activated only during laboratory emissions 

testing.  

 

1.1.3 Worldwide Harmonised Light Vehicle Test Procedure  
As an answer to the discrepancy between real world and lab, discussions about 

developing new regulations began in November 2007 at the United Nations Economic 

Commission for Europe. Its final version was coincidently released soon after the 

Volkswagen-instigated Dieselgate affair in 2015. By September 2017, manufacturers 

were required to obtain approval under the new test called ‘Worldwide Harmonised 

Light Vehicle Test Procedure’ (WLTP) and was mandatory to all new cars by 

September 2018. WLTP includes a laboratory test cycle called the Worldwide 

Harmonised Light Vehicle Test Cycle (WLTC) which is an updated version of the 

NEDC. It is a longer test, with more dynamic accelerations and decelerations, less 

idling time and it is variable for different vehicles according to their power. More 

specific differences can be seen in Figure 1 and Table 1.  
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Figure 1- WLTP versus NEDC speed profile (25) 

 

Table 1- Key differences between NEDC and WLTC (26) 

Parameters Units NEDC WLTC 
Duration  [s] 1180 1800 

Distance  [km] 11.03 23.27 

Avg. speed  [km/h] 33.6 46.5 

Max. speed  [km/h] 120 131.3 

Idling duration  [%] 23.7 12.6 

Cruise duration  [%] 40.3 3.7 

Acceleration [%] 20.9 43.8 

Deceleration [%] 15.1 39.9 

Avg. pos. acceleration  [m/s2] 0.59 0.41 

Max. pos. acceleration  [m/s2] 1.04 1.67 

Avg. pos. ‘vel * acc’  [m2/s3] 1.04 1.99 

Max. pos. ‘vel * acc’  [m2/s3] 9.22 21.01 

Avg. deceleration  [m/s2] -0.82 -0.45 

Min. deceleration  [m/s2] -1.39 -1.50 

 

The test offers a more realistic driving behaviour, with a greater range of driving 

situations (27). It also has stricter car setup and measurement conditions, more realistic 

ambient temperatures and enables best and worst-case values on consumer 

information reflecting the options available for similar car models. Therefore, WLTC 

will provide more accurate fuel consumption and emissions values, ensuring that lab 
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measurements better reflect the on-road performance of the vehicle. However, this test 

still does not account for driving behaviour, road type, traffic and weather conditions 

(28,29). Due to these reasons, four options were investigated for complementing the 

WLTP laboratory test including (30):  

• Emission Modelling  

• Multi-Cycle Testing 

• Using a randomly generated cycle for chassis dynamometer testing  

• On road emission testing using a PEMS kit  

Emission Modelling was not developed at an acceptable level during the time while 

multi-cycle testing resembled the U.S emissions test which was ‘defeated’ with cycle 

recognition methods. On road emission testing using a PEMS kit allowed for a wider 

range of driving conditions to be covered compared to the random cycle due to the 

test’s nature. It also acted as a good measure against defeat devices and was therefore, 

selected to be further developed keeping the random cycle option as a backup.  

 

1.1.4 Real Driving Emissions Test 
The test was named Real Driving Emissions (RDE) test and it involved on-road PEMS 

testing as shown in Figure 3 for NOx, THC, CO and CO2. It has a main aim of closing 

the gap between real emissions and emissions during testing, ensuring that cars are 

within the legal limits both on the road as well as in the lab. This can be seen when the 

operating range of the engine during testing is compared between the different tests as 

seen in Figure 2 where it covers a much larger area. 
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Figure 2- NEDC, WLTC and on-road driving cycle residence (31) 

This made Europe the first region in the world to introduce on-road testing, marking 

a major leap for vehicle emission testing. Moreover, it was recently after announced 

that the RDE test will be adopted as an emission test standard in India and China while 

there are on-going discussions on implementing this worldwide. 

 

Figure 3- Chassis Dynamometer (Left), PEMS kit (Middle) 

Soon after the introduction of the RDE test, the automotive industry argued that the 

tests were not reproducible and comparable to each other. This was due to the nature 

of the test which led to the inability of keeping some factors consistent. Hence, the 
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energy required by the engine to power the vehicle through a specific route was 

affected. These factors include: 

• Driver style 

• Temperature 

• Altitude 

• Humidity 

• Road surface condition 

• Traffic 

Even though the RDE test’s aim was to produce more realistic results by using the on-

road testing method. The emission measurement’s accuracy was compromised by the 

use of a PEMS kit compared to the Constant Value Sampling System (CVS) used in 

chassis dynamometer tests. In these systems the exhaust gases are diluted with air to 

maintain a constant flow rate and in general result in more precise emission 

measurements. They are also operated in a stable environment without any road 

vibrations and don’t share the miniaturisation challenges of the PEMS kit. 

The RDE test is different compared to the NEDC process in a number of ways such 

as having a range of boundary conditions including Altitudes between sea level and 

1300m, Temperatures ranging from -7°C to +35°C and a variable driving Style. A 

single RDE test cannot cover the full range of the boundaries shown in Figure 4 but 

rather provides a single point in the RDE operating space.  

 

Figure 4- RDE Boundary Conditions (33) 
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The latest RDE regulations included surveillance testing which require the vehicles to 

be compliant in all boundary conditions. Hence, Original Equipment Manufacturers 

(OEM) need to be compliant throughout the whole range of the RDE box to avoid any 

future scandals. Demonstrating this compliance over the full operating space marks a 

significant shift from demonstrating compliance over a specific cycle. Hence a new 

approach is needed towards this issue which will be referred as the ‘RDE problem or 

challenge’ throughout the thesis.  

 

1.2 Early Thoughts on possible solutions on verifying a 

vehicle’s validity over the full RDE conditions 
Following the introduction on the emission testing legislation, some initial thoughts 

are discussed in order to trigger the reader’s thinking about the subject and provide 

justification of the general aims and objectives of this thesis. Three different routes 

were found as potential paths to this work and are discussed in the following sections. 

 

1.2.1 RDE ‘Brute-force’ testing 
One way for facing the RDE problem is by performing many RDE tests to cover the 

whole spectrum of boundary conditions up to the point where the manufacturer would 

consider the proof enough. However, this method still imposes a challenge on 

designing and calibrating the powertrain and exhaust systems since the tests are non-

repeatable. In addition, this would be an expensive and time-consuming task which 

still has a high risk of failure. This is because a limited number of tests can be carried 

out each day (realistic maximum of 3), where some of them may not be successful due 

to traffic, driver errors, PEMS kit failures and abrupt changes in weather conditions. 

Moreover, two drive cycles with the same overall driver style and ambient conditions 

may lead to different emission results. This consequently sets the question on how to 

construct or determine a ‘worst-case’ drive cycle to repeatably test vehicles on. 
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1.2.2 Laboratory Cycle Replication Tests 
Replicating drive cycles on a chassis dynamometer or an engine test bed would 

transform the test into a reproducible one. Furthermore, different environmental 

conditions can be replicated using a MEDAS system which is an engine intake altitude 

simulator (34). However, this requires a vehicle or powertrain to be present and pushes 

potential issues to be identified further down the production process rather than early.  

The forces applied by the dynamometer to the vehicle to simulate on road conditions 

including air drag and rolling resistance are based upon a single coastdown test, with 

specific ambient conditions, while many use a standard look-up table for their tests. A 

coastdown test is where a vehicle accelerates to a certain speed and then coasts down 

a flat road for the resistive forces acting on the vehicle to be calculated. More accurate 

results could be achieved by using more realistic chassis dynamometer load 

coefficients for the specific testing condition ranges. Physically replicating transient 

temperatures, gradient, road surfaces, altitude pressure on the tyres and air intake along 

with transient cooling conditions on the vehicle is very challenging. Therefore, 

replicating accurate road conditions inside a lab require a very high-tech facility and 

a lot of resources.  

To identify the effect boundary conditions, have on the road load coefficients, 

coastdown tests should be performed in different conditions or estimates could be 

calculated through theory. Then certain chassis dynamometers could be programmed 

to even exert a transient force throughout the cycle if necessary, making the test even 

more realistic.  Lastly, even though the use of a human driver could yield similar or 

even better replications compared to a robot driver, the robot driver offers improved 

repeatability and endurance when replicating road tests on the chassis dynamometer. 

However, this requires a robot driver system which has to be trained and is associated 

with high costs and complexity including issues such as replicating the accelerator 

pedal position behavior and the use of the clutch (31)(35).  

 

1.2.3 Simulation Testing 
Simulations can limit the amount of physical testing needed which will potentially 

reduce the overall resources needed as well. However, they are highly complex and 
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carry a high risk with making them work at a satisfactory level. By understanding how 

the different conditions affect emissions a simulator could be developed which could 

run several tests per day. This would allow more time for powertrain and emission 

reduction systems development, instead on testing time. Hence, a fundamental need 

to understand and derive new engineering methodologies covering the behaviours of 

vehicles under the testing regimes for RDE is required. 

 

1.3 Aims and Objectives 
The overall aim of this thesis is to develop methods that will demonstrate a vehicle’s 

RDE compliancy over the full RDE spectrum using less data which should 

substantially reduce the time and cost of running RDE tests. The RDE challenge will 

be dissected into a series of smaller problems where through the analysis of the 

suggested solutions in the literature the potential gaps can be explored, and a suitable 

methodology can be identified or developed in solving it. This can be done either 

experimentally or through modelling. From the overall aim, objectives were identified 

and are listed below: 

1. Review the literature for methods on assessing the overall legality of vehicles 

under the new RDE test. Evaluate the methods according to their effectiveness 

in facing the RDE challenge, resources required and complexity. 

2. Identify potential gaps in the literature which could aid in achieving a more 

efficient solution towards the RDE problem. 

3. Perform on-road RDE tests to get a better grasp of the RDE legislations, obtain 

data for different powertrains across different environments and understand 

how different ambient conditions affect RDE emissions. 

4. Dissect the RDE challenge into a series of smaller problems where through the 

analysis of the suggested solutions in the literature and the exploration of the 

potential gaps, a suitable methodology can be identified or developed in 

solving it. This can be done either experimentally or through modelling using 

real on-road data. 
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1.4 Thesis Outline 
The work presented in this thesis is organised into seven chapters. An overview of 

these chapters is given in the following paragraphs. 

After setting out the context in Chapter 1, Chapter 2 will first review the RDE 

regulation packages. The remainder of the chapter outlines the methodologies in which 

the RDE problem is being handled, where some gaps in the literature are identified 

and a review is conducted on their advantages and disadvantages according to their 

effectiveness, resources required and complexity. 

In Chapter 3, the first steps in gaining a better understanding of RDE are explored. 

First, the RDE route development steps are summarised, then they are applied in 

designing RDE routes with different settings where vehicles of different powertrains 

are used to test on with different styles. The physical test data are then analysed where 

conclusions can be deducted about them and the actual test process as well. Lastly, the 

effect some external parameters have on on-road emissions are analysed which can be 

used to design a ‘worst case’ route in terms of ambient conditions early in the 

development phase of a vehicle. 

In Chapter 4, the effect ambient conditions have on road load are analysed using a 

deceleration test named as the coastdown test. A brief background of the coast down 

test and the legislation governing it is provided. The forces acting on a vehicle during 

the test are analysed and the literature is explored on how these forces alter in different 

environments. A data analysis exercise is then carried out to identify the most 

important variables both through theory and physical testing carried out on the vehicle 

tyres. This would aid in achieving a better road to laboratory replication of a drive and 

in simulating different environments inside a laboratory or virtually.  

In Chapter 5, the different technologies in generating random drive cycles are 

examined through literature. Then the process in developing a method of generating 

random RDE cycles with targeted characteristics is described and its performance is 

analysed. The chapter ends with a discussion on its advantages, disadvantages and 

uses. 
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In Chapter 6, different emission modelling techniques are first described and applied 

to the RDE drive cycles tested in Chapter 3. Their fit and effectiveness compared to 

the real emission measurements is then discussed. The same techniques are then 

applied to the artificial drive cycles generated in Chapter 5 while the highest emitting 

cycles are transformed into ‘worse’ cycles through the simulation of different road 

loads by the work discussed in Chapter 4. The different methodologies are then used 

together to demonstrate the overall methodology developed in this thesis. The results 

are analysed along with their effectiveness in solving the RDE problem. 

In Chapter 7, a summary of this research findings is given along with closure of the 

thesis. The overall aims and objectives are revisited to draw the final conclusions from 

this work. 
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Chapter 2   
Real Driving Emissions Literature 

Review 
The main objectives of this chapter are to: 

• Study the RDE legislation thoroughly 

• Explore the different methods used in literature to test if a vehicle is RDE 

compliant for the full RDE spectrum. Identify their advantages and 

disadvantages in terms of their effectiveness, resource requirements and 

complexity.  

• Seek for any gaps in the literature which can be further researched 

These will provide a clearer understanding of the RDE problem which would allow an 

easier re-assessment of the overall aims and objectives of the thesis. 

 

2.1 Introduction 
Soon after the first announcement of the RDE test, the automotive industry argued that 

the tests were not reproducible and comparable to each other. Hence, it was decided 

to consolidate the test into four packages which were formed by technical experts and 

stakeholders of the automotive industry and approved by the European Parliament. 

This was to ease the transition for the automotive industry to a more complicated 

emission standard while being able to review the effectiveness and functionality of the 

regulations as the years progressed and more feedback was given back (7,32).  A 

summary of these packages is outlined in the next sections. 
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2.2 RDE Packages 

2.2.1 RDE Package 1 (2016) 
The first package consisted of the test’s basic technical test procedures with no 

quantitative limits. This included the test equipment requirements, the trip 

characteristics, a description of the data evaluation tools, the concept of PEMS vehicle 

families and reporting requirements. It was stated that the test should be carried on 

public roads with real traffic and a minimum of 50% of the tests should be carried out 

by type approval authorities. A summary of the trip dynamic characteristics can be 

seen in Table 2 (36).  

Table 2- RDE Trip Dynamics (36) 

 Urban Rural Motorway 

Distance Share 

(±10%) 

34% 

(not < 29%) 
33% 33% 

Minimum 

distances 
16km 16km 16km 

Speeds 

Up to 60km/h route design should 

use roads with a posted speed of 

<60km/h 

60 –

90km/h 
>90km/h 

Test Time 90 -120 min 

Stop Periods 

(speed <1km/h) 

Stop periods shall account for 6 –

30% of time duration of urban 

phase. No stop shall exceed 300 

seconds, or the trip will be voided 

  

Average speeds 

(Urban only) 
15-40km/h   

Motorway 

conditions 
  

>90 the vehicles velocity 

shall be above 100km/h for 

at least 5 minutes 

 

The trip should always start with the urban section, followed by the rural and 

motorway. The three sections should be run continuously but can be interrupted for 

short periods. The legislative boundary conditions such as temperature, altitude and 

dynamics conditions were also determined and categorised as moderate or extended 

conditions. These are summarised in Table 3. 
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Table 3- RDE Boundary Conditions (36) 

Parameter Conditions 

Altitude 
Moderate 

0-700 m 

Extended 

700- 1300m 

<100m altitude difference between start 

and finish 

The cumulative elevation gain is limited 

to 1200 m/100 km 

Temperature Moderate 0°C to 30°C 
Extended −7°C to 0°C 

30°C to 35°C 

Dynamics 

Max: 95th percentile of 

velocity * positive acceleration 

[m²/s³] 

(cycle/speed dependant) 

Min:  

Relative Positive Acceleration (RPA) 

[m/s²]  

(cycle/speed dependant) 

Maximum 

Speed  
145 km/h (160 km/h for 3% of the motorway driving time) 

Payload Maximum 90% of the maximum vehicle weight (driver + equipment) 

Stop percentage Between 6% and 30% of the urban driving time 

Use of auxiliary 

systems 
Operated as in real life (air conditioning etc.), not to be recorded 

a) In case the urban part of the trip needs to be driven for a limited period on roads with speed 

limit higher than 60km/h, the vehicle shall be driven with speeds up to 60km/h 

b) For N2 category vehicles limited to 90km/h, rural speed is between 60-80km/h, and 

motorway speed >80km/h, which should be kept for at least 5 minutes                                            

c) For M2 category vehicles limited to 100km/h, motorway velocity should be >90km/h for at 

least 5 minutes 

 

Once a valid trip is determined, the normality of the dynamics for the urban, rural and 

motorway sections are verified by post-processing methods. The two analysing 

methods are the Moving Average Window (MAW) and Power Binning method also 

referred as the Standardized Power Frequency (SPF) method. The power binning 

method was removed at a later package and is not included in this section. 

2.2.1.1 Moving Average Window (EMROAD) 
The mass emissions are not calculated for the complete RDE test but are divided into 

windows. Depending on the sampling frequency, these windows should start with each 

time increment unless the vehicle has a velocity below 1 km/h. The length of each 

window is based on a reference CO2 mass which equals to 50% of the CO2 mass 
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obtained during the WLTC test for the specific vehicle. Once the test is complete the 

average of the windows is used to eliminate abnormal windows using a statistical 

analysis. Then the cumulated mass is calculated, and a grams per kilometer emission 

factor is defined per window. 

Urban windows are characterized by average vehicle speeds lower than 45 km/h, rural 

windows between 45 and 80 km/h while motorway windows between 80 km/h and 

145 km/h. The different window masses are plotted against vehicle velocity. Based on 

the WLTC’s low, high and extra high-speed phase averages, reference points (P1, P2, 

P3) are determined using Eq. 2-1, Eq. 2-2, Eq. 2-3 and a characteristic curve is plotted 

such as in Figure 5. A tolerance of ± 25% defines the ‘normal’ driving behaviour while 

a tolerance of ± 50% defines the boundaries for the acceptable window CO2 mass. 

𝐿𝑜𝑤	𝑆𝑝𝑒𝑒𝑑, 𝑃! = 18.882[𝑘𝑚/ℎ] ∗ 1.2 ∗ 𝑃ℎ𝑎𝑠𝑒	1	𝐶𝑂2	[𝑔/𝑘𝑚] Eq. 2-1 

 

𝐻𝑖𝑔ℎ	𝑆𝑝𝑒𝑒𝑑, 𝑃" = 56.664[𝑘𝑚/ℎ] ∗ 1.1 ∗ 𝑃ℎ𝑎𝑠𝑒	3	𝐶𝑂2	[𝑔/𝑘𝑚] Eq. 2-2 

 

𝐸𝑥𝐻𝑖𝑔ℎ	𝑆𝑝𝑒𝑒𝑑, 𝑃# = 91.997[𝑘𝑚/ℎ] ∗ 1.05 ∗ 𝑃ℎ𝑎𝑠𝑒	4	𝐶𝑂2	[𝑔/𝑘𝑚] Eq. 2-3 

 

 

Figure 5- Vehicle CO2 curve (36) 

The test is considered complete when a minimum of 15% total CO2 windows are in 

urban, rural and motorway phases. Test normality is successful when at least 50% of 

all windows are within the primary tolerance of the CO2 characteristic curve. For 

hybrid vehicles if the minimum requirement of 50% is not met, the upper positive 
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tolerance may be increased by steps of 1% until the 50% of normal windows target is 

reached. However, it shall never exceed 50%. 

 

2.2.2 RDE Package 2 (2016) 
The second package contained the quantitative not-to-exceed (NTE) limits of the test 

along with their application dates. These limits depict the strength of the RDE test. 

Tighter limits would require additional Auxiliary Emission Control Devices (AECD) 

such as Lean NOx Traps (LNT) and Selective Catalytic Reduction (SCR) systems 

(37). For the automotive industry to be competitive against other markets and have 

sufficient lead time to adapt to the new regulations, two phases were introduced to 

reduce the NOx emissions down to 80 mg/km (38). 

A multiplier also known as the conformity factor (CF) was proposed which multiplied 

the emission limits by 2,1 in 2017 and decreased to 1,5 by 2020. However, the CF will 

be reviewed annually according to the PEMS kit technical improvements in accuracy. 

In addition, the NTE limits are characterised by an extra Transfer Function (TF). This 

is an additional multiplier which is always set to 1 unless the severity of driving 

conditions would require extreme emission control. The NTE limits are calculated 

using Eq. 2-4. 

𝑁𝑇𝐸	 = 	𝐶𝐹	 × 	𝑇𝐹	 × 	𝐸𝑢𝑟𝑜	6 Eq. 2-4 

 

The TF was considered necessary to “meet the political request to cover 99% of the 

engine's operation range and ambient conditions, as without it a higher CF would be 

required” (39). This led to the RDE test having four filters applied to the test results. 

These include: 

1. The ‘abnormal’ driving conditions are excluded 

2. Data evaluation reduce the average NOx emissions 

3. The conformity factor is applied 

4. The transfer function could also be applied 
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This led to an argument that the NOx results are ‘watered down’ too much and defeat 

the purpose of the RDE test. This is because In 2017 there were diesel cars which were 

already below the 80 mg/km limit (40).  

 

2.2.3 RDE Package 3 (2017) 
The third RDE package included the Cold Start emission regulations, Particulate 

Number (PN) emissions, the test procedure for hybrid vehicles, Regeneration events 

and Certificate of Conformity (CoC). A summary of the key elements is given below 

(41):  

• Vehicle pre-conditioning requires the vehicle to be driven for at least 30 minutes, 

parked with doors and bonnet closed and kept in engine-off status within 

moderate or extended boundary conditions for between 6–56 hours. 

• The cold start period begins at the start of the test and ends when the coolant 

temperature rises above 70°C, or after 5 minutes have elapsed. 

• Average speed during cold start period shall be between 15-40km/h, while the 

maximum speed is limited to 60km/h. 

• Idling after first ignition shall not exceed 15 seconds. Vehicle stop during entire 

cold start period shall not exceed 90 seconds. 

• A Particulate Number conformity factor of 1,5 is applied to both the urban phase 

and the complete RDE trip. 

• RDE information must be publicly available online including RDE values (for 

NOx and for PN) as they must be reported on the Certificate of Conformity. 

Originally the first five minutes of the test were excluded from the data, however 30% 

of trips made in the EU cover distances of less than 3 km, while 50% are shorter than 

5 km (42). Furthermore, cold starts contribute to NOx for diesel cars by over 38% and 

PN emissions to up to 86% in case of unfiltered direct injection gasoline engines (43).  

2.2.3.1 CO2 ratio method 

For the trip to be valid, the final RDE result is calculated based on a simple evaluation 

of the ratios between the cumulative gaseous and particle pollutant emissions and the 

cumulative CO2 emissions in four steps (41):  
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• Determine the total gaseous pollutant and particle number emissions for the 

complete trip as mt and over the urban part of the trip as mu. 

• Determine the total mass of CO2 emitted over the complete RDE trip as mt,CO2 

and over the urban part of the trip as mu,CO2. 

• Determine the distance-specific mass of CO2 MWLTC,CO2 [g/km] in charge-

sustaining mode for the individual vehicles, including cold start. 

• Calculate the final RDE emissions result with Eq. 2-5 and Eq. 2-6: 

𝑀$ =
𝑚$

𝑚$,&'"
∗ 𝑀()*&,&+"			(𝑓𝑜𝑟	𝑡ℎ𝑒	𝑐𝑜𝑚𝑝𝑙𝑒𝑡𝑒	𝑡𝑟𝑖𝑝) Eq. 2-5 

 

𝑀, =
𝑚,

𝑚,,&'"
∗ 𝑀()*&,&+"			(𝑓𝑜𝑟	𝑡ℎ𝑒	𝑢𝑟𝑏𝑎𝑛	𝑝𝑎𝑟𝑡	𝑜𝑓	𝑡ℎ𝑒	𝑡𝑟𝑖𝑝) Eq. 2-6 

For vehicles which can be charged from an external source, (Off-Vehicle Charging 

Hybrid Electric Vehicles, OVC-HEV), the trip results are verified using the CO2 ratio 

method. However, first the trip needs to comply with the general requirements as for 

all vehicles. Furthermore, the combustion engine must be working for a minimum 

cumulative distance of 12km under urban conditions. Therefore, it is recommended to 

start the trip in charge-sustaining battery status.  

2.2.3.2 Regeneration Events 
For vehicles with periodically regenerating systems, all emission results are corrected 

using the regeneration factor (Ki). This is pre-set to 1.05 for CO2 and fuel consumption 

unless the manufacturer wants to develop his own with the following procedure. Back-

to-back WLTC tests are performed on the dynamometer until a regeneration event 

occurs. The mean mass emissions over a test cycle (Mpi), are divided by the mean mass 

emissions over a test cycle without regeneration (Msi) to obtain the Ki factor while the 

Ki offset equals to Mpi - Msi.  If the emissions do not fulfil the requirements, then the 

data are checked for any regeneration events. The verification of a regeneration event 

is based on expert judgement according to the exhaust temperature, PN, CO2, O2 

measurements in combination with vehicle speed and acceleration.  

If periodic regeneration occurred during the test, the result without the application of 

the Ki-factor of the Ki offset shall be checked against the requirements. If the resulting 
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emissions do not fulfil the requirements, then the test fails can be repeated once at the 

request of the manufacturer. The manufacturer may ensure the completion of the 

regeneration. If regeneration occurs during the second RDE test, pollutants emitted 

during the repeated test are included in the emissions evaluation. 

 

2.2.4 RDE Package 4 (2018) 
Package four of the RDE PEMS testing consists of the In-Service Conformity (ISC) 

and third-party testing provisions for market surveillance, and a review of the PEMS 

data evaluation methods (44). 

2.2.4.1 In-Service Conformity 
In-service conformity checks are not compulsory for small manufacturers with sales 

less than 5000 units in the European Union. For everyone else, ISC will be performed 

on properly maintained and used vehicles, between 15000 km or 6 months whichever 

occurs later and 100,000 km or 5 years whichever occurs sooner. While for 

evaporative emissions the checks will be performed between 30,000 km or 12 months 

whichever occurs later and 100,000 km or 5 years whichever occurs sooner. Two ISC 

checks per manufacturer will be performed for a given ISC family within 24 months. 

As of 1 January 2020, granting type approval authorities perform the WLTC and RDE 

tests on a minimum of 5% of the ISC families per manufacturer per year or at least 

two ISC families per manufacturer per year. 

2.2.4.2 Verification of trip validity 
For the trip validity regulations, it was stated that “Tests should not be driven with the 

intention to generate a passed or failed test due to extreme driving patterns that do not 

represent normal conditions of use” (38). However, this is subjective to individual 

judgement. The power binning (SPF) method has been completely removed from the 

test while the MAW method is now part of the trip validation and not for the 

normalisation of the final emission results and pollutant Conformity Factor. The trip 

validity verification process in combination with the information shared in section 

2.2.1 can be seen in Figure 6, and if at least one of the requirements is not fulfilled the 

trip will be considered invalid.  
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Figure 6 - Trip Validity Process (44) 

The upper tolerance of the vehicle CO2 characteristic curve has been decreased from 

50% to 45% for the urban area and 40% for rural and motorway phase. The lower 

tolerance has remained 25% for Internal Combustion Engines (ICE) and Not off-

vehicle charging hybrid electric vehicles (NOVC-HEV) and is 100% for OVC-HEV 

vehicles. 

2.2.4.3 Emission evaluation 
The final RDE emission results for vehicles with ICE, NOVC-HEV and OVC-HEV 

are calculated for both the total and urban part of the RDE trip using the result 

evaluation factor (RFk) with Eq. 2-7 and Figure 7. The previous methods were 

discontinued because they often didn’t share similar results and the industry was 

struggling to understand them completely. 

𝑀-./,0 = 𝑚-./,0 ∗ 𝑅𝐹0 Eq. 2-7 

 

where 𝑘= total = urban  
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Figure 7- RDE Evaluation Factor Curve (44) 

Therefore, it was simplified into a line where the emission results would be multiplied 

by a factor of 1 if they were before the RFL1 limit or would be multiplied by a factor 

of less than one if the driving standards exceeded by much. However, soon after RFL2 

the results will lead to a failed test. 

For vehicles with ICE and NOVC-HEV, the RDE result evaluation factor is calculated 

using the ratio (𝑟𝑘) between the distance specific CO2 emissions measured during the 

RDE test and the distance-specific CO2 emitted by the vehicle over the WLTP test 

using Eq. 2-8. For the urban emissions, the relevant phases of the WLTP driving cycle 

shall be: 

a) for ICE vehicles the first two WLTP phases 

b) for NOVC-HEVs the whole WLTP driving cycle 

 

𝑟0 =
𝑀&'!-./,0

𝑀&'!()*2,0
 

Eq. 2-8 

 

For OVC-HEV vehicles the same principle is used with the distance-specific CO2 

emitted by the vehicle being over the WLTP test conducted using the Charge 

Sustaining mode using Eq. 2-9. 
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𝑟0 =
𝑀&'!-./,0

𝑀&'!()*2,0
∗
0.85
𝐼𝐶0

 
Eq. 2-9 

 

Where ICk is the distance share usage of the IC engine in the urban or total trip over 

the total urban or whole trip distance. 

The ratio rk is then used as per Table 4 to find the RDE result evaluation factor. Upon 

the request of the manufacturer and only for type approvals granted before 1 January 

2020, 𝑅𝐹𝐿1	= 1.2 and 𝑅𝐹L2	=1.25 while in after, 𝑅𝐹𝐿1 = 1.3 and 𝑅𝐹L2 =1.5 

Table 4 - RFk Calculation 

When: Then RFk is: Where: 

𝑟𝑘  ≤ 𝑅𝐹𝐿1  
 

𝑅𝐹𝑘 = 1  
 

 

𝑅𝐹𝐿1 < 𝑟𝑘  ≤ 𝑅𝐹𝐿2  
 

𝑅𝐹𝑘 = 𝑎1𝑟𝑘 + 𝑏1  
 

𝑎! =
𝑅𝐹"# − 1

[𝑅𝐹"#(𝑅𝐹"! − 𝑅𝐹"#)]
 

 

  𝑏1 = 1− 𝑎1 𝑅𝐹𝐿1  

𝑟𝑘  > 𝑅𝐹𝐿2  
 

𝑅𝐹𝑘 = 1 / 𝑟𝑘  
 

 

 

Lastly, the Transfer Function in Eq. 2-4 was removed, and the NOx Conformity Factor 

got reduced from 1.5 to 1.43. 

2.2.4.4 Regeneration events 

If a periodic regeneration event occurred during the WLTC test, or during vehicle 

preparation or having a time period between regeneration events of more than 4000km 

then the Ki factor is set to 1 and no special test procedure takes place. The average 

emissions between regeneration events are determined from the mean of several 

approximately equidistant WLTC tests. As an alternative, the manufacturer may 

provide data to show that the emissions remain constant (±15 per cent) on WLTCs 

between regeneration events. 
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2.3 RDE solutions 
Once the automotive industry was challenged to come up with a solution of 

demonstrating that a vehicle is RDE compliant, various methods have been developed 

to solve this issue. These methods aimed in making the calibration process easier and 

can be split up into three main categories:  

• Experimental-based methods  

• Model-based methods  

• Model-supported methods 

 

 

Figure 8- Types of RDE solutions (45) 

 

As shown in Figure 8, Experimental-based methods are when physical tests on the 

engine test bench, the chassis dynamometer or on the road are carried out to check the 

vehicle’s compliancy. The calibration and validation processes are also carried out 

with physical tests. However, simulation models may be used to replicate the road 

conditions more accurately inside a laboratory. Typically, tests are performed on the 

extreme RDE conditions or representative RDE cycles are developed and tested inside 
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a laboratory. However, for this method the vehicle or powertrain need to be present 

which may not be applicable early in the development phase of a vehicle. 

In the Model based methods every part of the vehicle is modelled along with all 

combinations of ambient conditions. The vehicle is broken down into several models 

such as: 

• Predictive models for air paths  

• Combustion models 

• Emission models 

• Exhaust after treatment models 

• Tyre models 

The models are used for the validation and calibration process as well and they are 

trained using physical data which may include road data, laboratory data or using other 

similar type vehicle data. 

Lastly, Model-supported methods lie somewhere in between the two previously 

mentioned methods where both physical testing and modelling are used. This method 

is often used in the developing stage of a vehicle where some hardware is available. 

These are used in the loop, but most parts of the vehicle and conditions are modelled. 

A more detailed description of the methods is discussed in the following sections. 

 

2.3.1 RDE Compliance verification by Experimental-Based Methods 
Experimental methods are those who use physical testing for both the data collection 

and validation process of the vehicle. They are the most popular method since it was 

mostly used for the previous emission legislations and therefore most had a lot of 

experience using them. Facilities including chassis dynamometers and engine test cells 

were already set up, so it was preferred to make use of them and replicate on-road 

driving inside the laboratory. By a successful replication, a reproducible test would be 

created with emission results from the actual engine rather than simulation models. 

For organisations with no simulative experience, it would require less resources to 

achieve good results fast and it would be hard to compete against other simulation-

based companies which had more experience. All developed Experimental-based 
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methods began by performing a WLTC and on-road RDE tests. Attempts were then 

made to match the on-road data to the chassis dynamometer results while the ambient 

conditions were replicated by changing the conditions inside the test cell.  

2.3.1.1 Alteration of chassis dynamometer load to explore the impact of 

moving beyond the RDE boundary conditions 
The Association for Emissions Control by Catalyst (AECC), decided to follow the 

replication route by following the on-road drive cycle’s speed-time trace onto a chassis 

dynamometer (46). Their aim was to conduct tests on the chassis dyno to explore the 

impact of moving beyond the RDE boundary conditions. The emission results were 

then evaluated using the MAW method to check the severity of the test.  

By inspecting the on-road data in Figure 9 in comparison to the chassis dynamometer 

replication results in Figure 10, the transition from road to rig decreased the severity 

of the CO2 results. This was propably due to the elimination of altitude gain and 

headwind (46). However, the specific effects these variables have towards engine load 

are unknown and a successful replication cannot be validated. 

 

Figure 9- On road RDE test (46) 
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Figure 10- Chassis Dynamometer RDE test replication (46) 

The dynamometer emission results had a smaller variance compared to the on-road 

data which might indicate that the aggressiveness of the replicated cycle is not 

representable. Cumulative emission data or results from other emission gases are not 

provided in the research paper making the replication’s success questionable. The next 

step followed by AECC was to modify the cycle’s driver aggressiveness or v.apos[95] 

values to generate different severity cycles. As shown in Figure 11 and Figure 12 each 

acceleration was increased to the vehicle’s maximum (red values) by changing the 

speed vs time trace of the Normal RDE (NRDE) to create a severitized RDE cycle 

(SRDE).  

 

Figure 11- v.apos[95] Visualisation (46) 
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Figure 12- Positive acceleration increase (46) 

However, as seen in Figure 13, this still had a relatively low MAW CO2 result 

compared to the on-road data and was adopted as the low load cycle. 

 

Figure 13- Low Severity RDE (46) 

The MAW CO2 values were then increased without altering the vehicle’s speed by 

increasing the dynamometer’s load. Hence, a medium and a high aggressiveness cycle 

was created. These can be seen in Figure 13 - 15 (46). The test vehicle was a relatively 

low-powered application, and the power requirements and CO2 emissions were low in 

the urban section. Therefore, even though the vehicle was at full load it was not 

possible to reach the +25% boundary in the urban section (marked with circle). By 

increasing the load to push the results to a higher percentage on the MAW 

characteristic curve the risk is also increased in producing an infeasible cycle since 

there is no validation process in place.   
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Figure 14- Medium Severity RDE (46) 

 

Figure 15- High Severity RDE (46) 

AECC, have developed a method on making the RDE test reproducible and by 

manipulating the speed trace they managed to generate more severe cycles which in 

effect resulted in more emissions while keeping the test within the RDE limits. 

However, some issues were identified such as: 

1. A questionable road to rig replication. 

2. The fabricated RDE cycles were not validated in terms of the vehicle being 

able to drive them by theory or practise. For this to be achieved road load 

calculations should be included in the study which will require the addition of 

road gradient. 

3. Different emission gases were not analysed other than CO2. 



REAL DRIVING EMISSIONS LITERATURE REVIEW 

 

[49] 
 

4. Different conditions such as the temperature, altitude, traffic and road 

conditions were not covered by this study which can affect the emission 

results by even a factor of 5 (47,48). More specifically, 10% of the Dutch 

seasonal variation in fuel consumption is related to the air-drag variation 

which is directly related to emissions (49).  

Further expanding on point 2, the road slope determination is an important factor for 

validating the vehicle’s feasibility of driving a cycle. Without accurate road-slope 

measurements, the second-by-second fuel consumption values may not be correctly 

analysed, and any emission predictions may be inaccurate. It is therefore, one of the 

most important causes of variations in wheel power. The Global Positioning System 

(GPS) signal is typically used to measure the altitude which is translated into road 

gradient. It is, however, generally insufficient to determine the road slope accurately 

over distances of 100 metres or less. Alternative ways may be implemented by 

determining the altitude with barometric pressure sensors, but they are associated with 

more hardware and complexity. 

2.3.1.2 RDE Brute forcing methodology in different ambient conditions and 

driver styles 
A more advanced method was adapted by Horiba-MIRA to map the RDE test emission 

gases as a function of the RDE ambient conditions, driver style, and engine start 

temperatures. The experimental-based part of their RDE solution named as RDE+, 

included physically testing the extreme conditions within the RDE legislations shown 

on the edges of the RDE box and performing road to rig replications. Three vehicles 

were used a Diesel engine, a Gasoline engine and a Diesel-hybrid to cover a large 

range of everyday vehicles. The vehicles were instrumented with temperature and 

pressure sensors to monitor the cooling system, cabin, engine bay, gearbox, oil sump 

and pre-& post aftertreatment. Strain gauges were also installed on the half-shafts to 

measure torque and an anemometer was used to monitor the effect of wind (50). These 

are analysed in more detail in Table 8 and Table 9 of Chapter 3 since they are part of 

the experimental section of this project. 

The speed trace from the OBS-ONE PEMS kit was used for the chassis dynamometer 

drive cycle while the gear selection was derived by combining Controller Area 
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Network (CAN) messages and the Horiba RDE Importer Tool. The MIRA chassis 

dynamometer has gradient control capability and is used to fully replicate the road 

load recorded by the strain gauges. The Full Road load (FRL) is determined by Eq. 

2-10. 

𝐹𝑅𝐿 = (𝑓+ + 	𝑓! ∙ 𝑉 + 	𝑓" ∙ 𝑉") + [𝑚 ∙
𝑑𝑉
𝑑𝑡 \

+ (𝑚 ∙ 𝑔 ∙ 𝑠𝑖𝑛	(𝜃)) Eq. 2-10 

 

           

where θ is atan(slope/100) 

The gradient control is responsible for the residual load which accounts for all 

additional loads including gradient, wind and road surface. Comparisons of the 

cumulative positive work done by the vehicle show good matching between road data 

and chassis dynamometer of 3.8% (Figure 16). However, it was observed that some 

peak values did not match in the lower speed range as seen in Figure 17.  

 

Figure 16- Road vs Dyno Positive work done (50) 

                 Coast-down values             Inertia           Residual Load 
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Figure 17- Road vs Dyno Forces (50) 

 

The cumulative CO2 emissions had a 2.1% difference between the road and the chassis 

dynamometer, with the car producing marginally more CO2 on the dyno. The rest 

emission gases NOx and PN emissions showed similarities to the road data, however, 

they had larger differences in their cumulative emission result as seen in Figure 18, 

with the exception of CO. This could be possibly due to having lower laboratory 

temperatures of engine and air intake compared to the road, even though the opposite 

effect was noticed by Vittoria (51), when having higher laboratory temperatures 

provided higher NOx emissions than the road.  

The discrepancies were most likely caused by the accelerator pedal behaviour of the 

driver which was driving reactively to the speed trace. This led to several corrections 

of the pedal position which resulted very different second-by-second emission values. 

The accelerator pedal dynamic issue can be solved with a robot driver programmed to 

match the accelerator pedal position and speed-time trace. However, this is associated 

with a higher complexity. The Horiba-MIRA solution had demonstrated a good 

replication of the vehicle speed and load which resulted in a good cumulative 

correlation of CO and CO2 emissions and temperatures of pre-& post aftertreatment, 

coolant, oil except the air intake temperature. However, the PN and NOx emissions 

had larger differences.  
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Figure 18- Cumulative Emission gases results (50) 

The results were promising; however, the repeatability of the test was not investigated. 

This was examined by IAV where several tests of the same route produced a maximum 

of 1.8 times different tailpipe NOx emissions (52). Since the road load terms were 

grouped using the strain gauge measurements it is hard to pin-point the effect of a 

single variable such as gradient, road surface and temperature. Therefore, for different 

vehicles where on-road data will not be available for all extreme conditions, the effects 

of having a different powertrain or driving with different tyres on other road surfaces 

will be unknown. 

2.3.1.3 Experimental-Based methods summary 
Experimental-based methods use physical testing for both the data collection and 

validation process of the vehicle. A summary list of the key findings is seen below: 

• They show close replication to the on-road data with accurate emission results 

due to the use of physical hardware.  
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• Their major disadvantage is that they are a very costly and resource heavy due 

to all the machinery, hardware and personnel required to carry these methods 

out.  

• It is impossible to physically test a vehicle over the whole RDE range and to 

achieve this either the whole vehicle or engine is required to be present. 

• Even though some indication levels can be obtained for the emission ranges, 

the analysis is done further along the development stage.  

• A ‘worst’ case cycle to calibrate and validate the vehicle on was still not 

identified.  

• Not a lot of emphasis was given to the effects ambient conditions have on 

emissions. 

 

2.3.2 RDE Compliance verification by Model-based methods 
Model-based methods are those that do not use physical testing to obtain the final 

emission results but may use them during the data acquisition and validation process. 

Their aim is to get an understanding of the powertrain’s emission limit range in the 

early development stages in order to fulfil the RDE challenge (57). This way, there is 

an opportunity of considering scenarios, not available through testing which could 

influence the emission results even before a prototype is built. However, modelling 

techniques are usually associated with higher risks of overestimating or 

underestimating the real emission results which could result in failure since they are 

usually hard to validate.  

2.3.2.1 Traffic Simulation to estimate the effect on real driving emissions 
A method was proposed by the University of Salento where an open-source traffic 

Simulator called SUMO (Simulation of Urban Mobility) was used to reproduce speed 

profile obtained through on-road RDE tests. Several tests were performed using the 

same driver and boundary conditions. The engine working points were measured and 

the dynamicity of the cycle was measured using the Relative Positive Acceleration 

(RPA) formula. Then simulations were performed to capture the emission 

characteristics of the on-road tests. Two variables were altered to achieve the similar 

acceleration and tailpipe gases, the number of vehicles in the model and the driver 
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style of the vehicle model. The results were not satisfactory since no combination of 

parameters were able to capture the duration and dynamicity of the cycle (58). There 

was also no reference mentioning how much real traffic was there during the real tests 

and what the offset was by using the same number in the simulator. However, it is 

interesting to potentially test a ‘worst-case’ scenario in terms of traffic using this 

method. 

2.3.2.2 Artificial drive cycle generation via a Markov chain Monte-Carlo 

method 
A method proposed by IAV GmbH Berlin (59), included performing numerous RDE 

tests on the road and creating a manoeuvre database for the specific vehicle. The 

database is then complemented by performing specific manoeuvres on the roller test 

bench such as different altitude conditions, uphill/downhill driving, high speed driving 

and cold temperature fast driving. The data are then analysed using a statistical 

valuation and clustered into manoeuvres of different lengths based on their driving 

style, track and traffic conditions. These are then re-assembled into synthetic RDE 

cycles based on a real-world traffic model and tested under the RDE legislations using 

a Markov chain Monte-Carlo method. They are then sorted into a relative frequency 

emissions chart as the one in Figure 19.  

 

Figure 19- Emission analysis 

An existing cycle is used for validation and a percentage of the cycles meeting the 

emission targets can be calculated. Then a worst-case cycle can be identified or 

designed for the specific vehicle to be used as a reference by the calibration engineers. 

The validation procedure is carried on a climate roller test bench using a human driver 
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following a speed trace. The results obtained through this methodology achieved a 

correlation for NOx at ±2%, CO at ±10% and velocity profile of the cycle of ±3km/h. 

However, there is no reference on the CO2 values while the PN results were off by 

39%. It was mentioned that some of the problems for not achieving a higher accuracy 

were due to the driver using different gears and having a different throttle position to 

follow the speed trace. To partially solve this issue, the driver was projected when a 

gear change is taking place beforehand. However, this requires experienced drivers, 

which can follow this information in time. A driver robot would be an option to 

perform a repeatable test; however, it was not used due to the complexity of setting 

the robot correctly to replicate gear changes with a manual transmission vehicle and 

its different driving style (60).  

Another solution was to remove the manoeuvres effect with great pedal deviation, 

reducing the PN deviation from 39% to 20%. However, this is still a high percentage 

error and not representative of what is happening. Other issues were noted such as 

using the same road load coefficients on the dynamometer for different ambient 

conditions and an uncertainty in taking the after-treatment delay into consideration for 

each manoeuvre. In addition, the PEMS and CVS showed a correlation of 20%, which 

was relatively high. This methodology is extremely useful to map the emission trends 

of specific vehicles and identify a worst-case scenario. However, for the results 

discussed earlier 7 RDE tests were performed on the road and 9 trips of the roller test 

bench covering 824km and 25 hours of data. Therefore, numerous test data need to be 

acquired for the simulation to take place which will still require many resources and 

time, defeating the simulation’s purpose. The minimum amount of data required for 

this process to work was not mentioned and the replication and validation procedure 

require further development to achieve higher accuracies and reliability (59). 

Furthermore, the worst-case scenario is based solely on the data collected. Therefore, 

different manoeuvres covering the whole torque-engine speed range of the vehicle 

need to be covered. Their process and design of manoeuvres was not covered in the 

work presented which can highly affect the results. 

2.3.2.3 Design of Experiments methodology using a climatic mobile chassis 

dynamometer 

Toyota (61), used a virtual engine development tool which consisted of: 
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• A one-dimensional engine model 

• A predictive 0-D combustion model 

• An Engine Control Unit (ECU) software in the loop model 

• A 1D chemical aftertreatment model simulating tailpipe emissions 

• A simple driver and vehicle model 

The engine model was simplified to a mean value cylinder model based on maps of 

the Indicated Mean Effective Pressure (IMEP), exhaust temperature and volumetric 

efficiency. These were then corrected to the appropriate environmental conditions 

using simple maps. However, there is no mention on how these maps were created or 

any validation on the results.  

The engine model then feeds information to a Gaussian Process statistical dynamic 

databased model to predict the engine-out emissions. To predict a WLTC test, an 

initial 2-hour RDE cycle was tested on an engine test bench to train the models. The 

inputs included the engine speed and load, EGR, air mass flow and inlet manifold 

pressure/temperature obtained from the 1D models. The results had below 2% 

differences for NOx and CO2 both for dynamic behaviour and cumulative engine-out 

emissions. However, the accuracy for CO and THC was lower due to emission 

analyser stability or long-term scenario which are not properly trained with a short 

training session.  

To train the dynamic emission model for the full RDE range, the effects of ambient 

conditions and slope needed to be covered. Hence, a dynamic Design of Experiments 

(DoE) methodology was used due to its quick identification of vehicle behaviour and 

accuracy. The test was carried out in a climatic mobile chassis dynamometer as seen 

in Figure 20, using 8 cycles of total testing time of 2 hours. Combinations of different 

altitude-temperature-slope measurements were used to get a good correlation of their 

effects. This included 2 ambient temperatures, 4 altitudes and a sinusoidal variation in 

slope as seen in Figure 21.  
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Figure 20- Climatic mobile chassis dynamometer (61) 

 

 

 

Finally, the tailpipe emissions are calculated using an aftertreatment model. A virtual 

route selected on a map through GPS waypoints including an Artificial Intelligence 

driver model trained from real data. The driver was trained using inputs such as 

accelerator, brake, shift and road signs, gradients and curves. However, traffic is not 

included which could be an issue. This method allows a fully virtual RDE validation 

and calibration while not requiring excessive amount of data to work. However, a 

specific DoE experiment for the powertrain is required, the use of the climatic mobile 

chassis dynamometer and the necessity of moving it in different environments drive 

the required resources up. This could be instead replicated in an indoor chassis 

dynamometer with climatic adjustability. 

Figure 21- Drive cycle and gradient (61) 
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2.3.2.4 Full Vehicle modelling methodology 

A different approach was adopted by FEV, where a base emission map was selected 

for a specific powertrain and was then refined using various sub-models for the 

exhaust after treatment (EAT) and powertrain components. The model was then 

validated using real data while several RDE scenarios were simulated using GT-

SUITE, a multi-physics platform for constructing models of general systems based on 

underlying fundamental libraries to evaluate powertrain optimization strategies.  

The process starts by selecting a base emission map using inputs such as the vehicle’s 

mass, coastdown coefficients, performance specifications and powertrain components 

and strategies like the injection system and EAT. This provides general trends and 

rough estimates of the emission results which can be used in situations where specific 

components have yet to be selected. Then a drive cycle and emission sub-models such 

as air-fuel-ratio, coolant temperature, ignition, injection, exhaust gas temperature and 

transient emission behaviour are used to refine the emission models. EAT sub-models 

are also used for a three-way catalyst and Gasoline particulate filter to obtain a 

transient tailpipe emission trace for known drive cycles. These inputs are enough to 

obtain the cumulative emissions for a specific vehicle as seen in Figure 22. The 

simulative results are within the region of measured results indicated with a grey 

region. However, several tests are required for the validation process making the 

process resource heavy.  

 

Figure 22- Measurement vs Simulation Cumulative PN emissions (62) 
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Once the results are validated, further input parameters are added for the driver, route 

and ambient conditions. The road profile and gradient along with a target speed 

distribution profile is added which is a function of the current speed and the probability 

of reaching the speed limit. Furthermore, the various driver aggressiveness and 

tolerances towards the speed limit and ambient conditions are used to simulate the 

tailpipe emissions in several RDE scenarios. There are options to test during wet 

conditions however there is no evidence on how these are taken into consideration. 

The simulation process is set up with a DoE plan using GT-SUITE and the RDE post-

processing methods are used from Package 3 to evaluate the model results as shown 

in Figure 23. 

 

Figure 23- Emission DoE results (62) 

The results are analysed to identify the parameters affecting the emission results to 

choose the appropriate calibration strategy and change of EAT hardware such as 

adding a Gasoline particulate filter (GPF) to be within the RDE limits. This method 

demonstrates an overall methodology to test a vehicle’s compliancy. However, the 

method is highly dependent on the accuracy of its models and there is no mention on 

the amount of data and testing time required to ensure this level of accuracy. 

Furthermore, most of the hardware is required to be available and it is uncertain if the 

method is only applicable for a small range of conditions covered by the physical data 

or if there is any expandability in coverage. This plays a big role in the RDE test, since 

other tests indicated that a 10% increase in humidity alone, NOx emissions can 

decrease by 20% (62). 
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2.3.2.5 Design of Experiments of dynamic excitation sequences and 

polynomial engine models 
A more detailed and accurate approach was provided by IAV, where simulation 

models of the ECU, Engine, exhaust after-treatment and longitudinal dynamics are 

developed into a full vehicle model. The models are calibrated and validated mostly 

using commercial tools and recorded data and then used to simulate the vehicle’s 

emissions over the full RDE range.  

The emission core of the engine model is created using a dynamic design of 

experiment (DoE) data survey, mapping the entire engine operating range. The DoE 

tests are designed of dynamic excitation sequences: sinusoidal or amplitude modulated 

pseudo random binary signal (APRBS). Measuring points are not averaged over time 

making each measurement influential towards the results. “The system is excited in 

such a way that all interesting areas of the input space and all relevant frequencies are 

covered” (63). This is beneficial compared to a steady state measurement system due 

to the reduced measuring time needed and its closer representation to reality (45).  

The Engine models are trained using pre-recorded data following a data driven 

approach using polynomial models such as the Parametric Volterra Series and 

Nonlinear Autoregressive Exogenous (NARX) model. The resulting models can 

simulate internal engine dynamics such as air paths and temperatures and can predict 

transient engine behaviour. Emission models are mainly trained to predict NOx and 

CO2 and show a high accuracy in both the cumulative and second by second emissions 

as seen in Figure 24. However, this method is highly depended on the amount of data 

available for each vehicle. This can be used for vehicle variants, but for new vehicle 

models it is not feasible. 
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Figure 24- Validation of engine model (NOx emissions) (45) 

 

The exhaust after treatment model consists of both physical and chemical models of 

the EAT system. The aftertreatment components are tested on a synthetic gas test 

bench to collect experimental data for the calibration of the reaction schemes. Finally, 

the calibrated models are validated using transient data from the engine test bench 

(ETB) or roller test bench (RTB). This approach produces accurate catalyst and EAT 

models which are essential for estimating emission values. However, a synthetic gas 

test bench is required which will require more resources and testing time assuming 

that the EAT is already available. 

The longitudinal dynamics model is set up using vehicle data such as: coast down 

times from the roller dynamometer, the vehicle’s weight, its gear ratios and final drive. 

All models are connected and communicate using a customized bus system. The inputs 

to this model include the environmental conditions such as temperature and the drive 

cycle’s speed-time profile. Finally, real on-road data are used to validate the results. 

 Once the validation is successful, a PID-controller based simulated driver is used to 

drive a generated drive cycle enabling the determination of a worst-case scenario. This 

takes into account ambient conditions which may not be available through testing. 

This enables calculating tailpipe emissions for hundreds of road cycles in various 

variants of a vehicle in a reduced time with high robustness. However, the ‘worst-

case’ scenario will change with every calibration alteration.  

This method shows how the data can be used to validate the models and perform 

limitless tests to test conditions and variables which are impossible to cover through 
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physical testing. However, there is no reference on the amount of data or physical 

testing needed to calibrate the models. Furthermore, even though it is stated that non-

available ambient conditions can be covered there is no reference on the method used 

to simulate them.  

2.3.2.6 Model-Based Methods Summary 
Model-based methods are those that do not use physical testing to obtain the final 

emission results but may use them during the data acquisition and validation process. 

Therefore, they usually use physical data to train a series of models to reach to 

validation testing. A summary list of the key findings is seen below: 

• The model-based methods show a promising way of covering the full RDE 

range since physical testing in all conditions is impossible.  

• A ‘worst-case’ scenario can be developed for a specific vehicle according to 

its emission characteristics and large data can be used to produce a 

representative emission model. However, the identified cycle was still based 

on the data collected and it is still uncertain if it is indeed the worst cycle the 

vehicle will ever experience. 

• They very depended on the quality and quantity of data and for most methods 

there was no reference on the minimum data amount required for getting 

representative results.  

• Little to no validation of testing in different road surfaces or wet conditions. 

An analysis should have been performed along with a final validation to check if the 

different conditions were indeed replicated. Moreover, a study should have been 

performed to check if shorter real drives could provide similar results. 

 

2.3.3 RDE Compliance verification by Model-supported or X-in-the-

loop (XiL) Methods  
Model-supported methods are those who use both physical testing and modelling to 

check a vehicle’s compliancy. This usually is used during the early to mid-level of the 

developing stage of a vehicle where some components may be available, but others 

are still not developed. They are usually referred to as X-in-the-loop (XiL) methods 
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and they consist of closed-loop system simulation environments. Two main different 

types exist, the Hardware-in-the-loop (HiL) and Engine-in-the-loop (EiL) methods. In 

HiL platforms, one or more powertrain control sub-systems along with real sensors 

are physically available, however, the powertrain is simulated via models. In EiL 

platforms, the real Internal combustion engine including the exhaust after-treatment 

are set up on an engine test bench while the rest are simulated via models (64). For 

both approaches, a real or virtual driver is used along with a vehicle model consisted 

of detailed sub-models for the tyres, drivetrain, transmission, and interaction between 

the vehicle and environment to request the appropriate speed and load from the engine 

(65). The sub-models are fed with OEM data, road measurements or with data from 

another similar test vehicle and then validated. 

The EiL approach has the benefit of obtaining the actual emission results from the 

physical engine which is a more robust method without being cost ‘heavy’. Therefore, 

performing physical tests all around the world are not necessary and the simulation 

models can simulate scenarios which cannot be physically tested such as different 

temperatures, altitudes and drive cycles. This way vehicle components can be 

modified or supplemented with extra components via virtual calibration with a more 

cost-effective method compared to steady state and pseudo-transient engine 

programmes. An analysis by Trampert (66), has shown that with this way the number 

of needed prototype vehicles could be reduced by 20~25% and the project duration by 

up to 1 year in a reference project. In addition, Neußer (67), stated that the number of 

vehicle and powertrain derivatives is significantly scaled-up whereas only a small 

variety of base engines are used for vehicle platforms nowadays.  

The EiL method has several more advantages compared to other methods including: 

• High modularity in representing the remaining virtual powertrain components  

• Capability of rapid re-cooling of the ICE in between cycles for more frequent 

cold-start tests  

• Lower overall running costs 

However, test bench modifications are required for using an EiL approach in order for 

a real-time communication to be established between the vehicle model and test bench 

which could add some complexity to the system (65). Furthermore, to compare the 
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emission results from the test bench on a chassis dynamometer or the real road, the 

emissions need to be analysed downstream of the three-way catalyst and a time delay 

for each exhaust component depending on the exhaust mass flow rate must be 

determined. 

2.3.3.1 Model training using real data for an Engine in the loop methodology  
The sub-model validation process is essential since the resulting longitudinal driving 

resistance force is a superposition of the model specific resistance force and torque 

values which are not calculated by a road load equation. Therefore, the actual engine-

speed-load profile is heavily depended on the accuracy of the models. The chassis 

model is responsible for the driving resistance forces including air, rolling, slope, 

acceleration. For validating this simulation models Bosch, FEV and Aachen 

University performed several online and offline tests such as specific manoeuvres and 

coastdown tests in different ambient conditions to identify the effect of wind and tyre 

pressure as seen in                                   

Figure 25 & 26. The data were used to modify the vehicle model until the ECU showed 

similar accelerations, coast-down and torque characteristics as the real vehicle. It was 

checked on the engine test-bench to match the cumulated NOx emissions and exhaust 

gas temperatures before the catalyst as well showing differences of less than 2% (68). 

  
                                  

Figure 25- Coastdown data (65) 
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Figure 26- Coastdown data with different tyre pressures (65) 

 

To validate the transmission model, FEV compared an acceleration phase of the 

vehicle model with the same manoeuvre performed with the actual vehicle as seen in 

Figure 27 while Bosch’s validation is on Figure 28.  

 

 
 

Figure 27- Transmission model validation (65) 
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Figure 28- Engine Test bench vs on road test validation (68) 

 

This comparison shows that not only the chassis, drivetrain and tyre models are very 

accurate, but also the engine and transmission component inertias and kinematics can 

well be reproduced in the simulation environment. One variable which was not 

discussed was the temperature of the tyres which seem to be a higher influencing factor 

towards the coastdown times over a more dynamic and longer manoeuvre compared 

to a 25 second one.  

To achieve similar emission results, the engine temperature was controlled using a 

serial coolant thermostat for FEV whereas Bosch controlled the temperature of the 

exhaust pipe. The emission results and accelerator pedal position of the EiL and 

chassis dynamometer during a WLTC test showed high accuracy as seen in Figure 29. 

Similar results were obtained by Bosch for the NOx emission values (Figure 30). 

However, there was no comparison with real road data where the cooling effects are 

much different compared to the lab conditions. 
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Figure 29- WLTC vs EiL test bench (65) 

 

 

Figure 30- Bosch cumulated NOx, Real vs Test Bench (68) 

Other emission gases such as PN, NO, CO and HC showed high reproducibility, but 

with a larger percentage difference compared to the dynamometer results as seen in 

Figure 31. It was stated that the offset between the PN values of the chassis dyno and 

EiL test were due to accelerator pedal actuation of the virtual driver, especially during 

the first take off from standstill where the catalyst heating after engine cold start 

function of the ECU takes effect. 
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Figure 31- Additional Emission results  (65) 

In the motorway section of the WLTC test higher PN values were recorded, these were 

due to more fluctuations in the accelerator pedal of the real driver compared to the 

virtual driver. Hence, a more detailed driver model would be required.  Despite the 

differences of the virtual driver, the real driver provided a very accurate representation 

of the emission test was obtained on the chassis dynamometer and EiL. The high 

reproducibility and accuracy could be further improved by analysing more individual 

driving manoeuvres. 

An interesting traffic simulation scenario was tested by Bosch to ensure a ‘worst case’ 

scenario would not result into failing an RDE test. The start-stop system was 

deactivated and a 5km traffic was set up. Two tests were performed, one with traffic 

and one without both using an aggressive driver. As seen on         Figure 32, the SCR 

catalyst temperature cooled down to 150°C after 2km. After the traffic the emitted 

NOx emissions were 1.5 times higher than the test without traffic. Therefore, it was 

understood that the air system and heating strategy for the SCR system needed 

modifications to achieve more accurate results.  
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        Figure 32-Traffic analysis (68) 

 

HiL simulations are widely used to test ECUs in the automotive industry. They are a 

highly accurate closed-loop system simulation which can predict the emissions using 

the real hardware ECU and physical models reproducing realistic real-time scenarios 

of vehicles. HiL testing of the ECU is used to enable a seamless validation of the 

overall system feedback loops in order to overcome the limits of the open-loop or 

simulation-based testing. The main advantage of the HiL system is coupling the real 

system with physical models, offering the opportunity to execute a model-based 

calibration. 

The HiL is set-up by connecting actuators such as throttle valves, EGR valves to the 

real hardware parts of the ECU. The main key is the electrical interface between the 

ECU and HiL to emulate the complete ECU environment. The applied virtual 

calibration procedure analyses the engine and vehicle behaviour over a complete 

WLTC test. The HiL test bench is used to optimize the air path and EGR calibration, 

and the ECU calibration is extended for various environmental conditions. However, 

more data are required to get an accurate emissions model and is less reliable than 

using the actual engine as the EiL method. 
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2.3.3.2 Road to rig replication with a high dynamic engine test bench 

TU Dresden is an example who developed a process to evaluate car emissions using a 

highly dynamic engine test bench. To achieve this, the engine load on the road was 

matched with the engine load on the chassis dynamometer and then to the test bench 

as shown in Figure 33. This was done by the use of simulation-based calculation 

models to adjust for all additional loads such as ambient conditions, road grade and 

auxiliary equipment (54).  

 

Figure 33- Procedure of mapping real road driving to an engine test bench (54) 

The additional forces during a test cycle while driving uphill and turning were 

calculated using the recorded Electronic Stability Program (ESP) data and are 

presented in Figure 34. 
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Figure 34- Calculated additional loads during test cycle (54) 

 

Factors like wind and generator load which are influential towards the driving 

resistance were not measured and could affect the results significantly. Sovran (55), 

estimated an increase in aerodynamic work over the zero-wind case of 450. Other 

factors influencing the vehicles driving resistance were adjusted via the rolling 

resistance since the load coefficients set by coastdown tests and the calculated 

additional forces were not enough to achieve an identical engine load to real driving. 

Therefore, the additional power during the entire cycle was further analysed by 

splitting the cycle into speed categories (Figure 35). This method is quite questionable 

since there is no indication of the conditions during each category. For example, at a 

low-speed category there could be an uphill road which would require a much higher 

power. Hence, the 2nd order parabolic fit is not validated by controlling the variables. 

The driving resistance was increased on the roller dynamometer and simulated driving 

resistance curves were determined for various road surfaces as shown in Figure 36.  
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Figure 35- Distribution of the sum of average calculated power difference between the roller 
dynamometer and on the road (54) 

 

 

Figure 36- Driving Resistance Curves (54) 

If the chassis dynamometer measurements match the load profile on the road, then the 

results are transferred to the engine test bench. The temperature and humidity of the 

engine test bench room are adjusted, and a speed-controlled blower is placed in front 

of the radiator to produce a realistic environment. The driving resistance, gear ratios, 

tyre sizes, clutch, additional loads and other parameters are applied in the vehicle 

model using previously acquired data.  
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The vehicle is controlled by a driver model which is regulated by an engine load 

requirement. The engine delivers an effective torque and is transmitted to the model. 

Then the model calculates the actual velocity and engine speed and transfers it to the 

test bench, which is adjusted by the loading system, as shown in Figure 37. A 

comparison of the results between road data, roller dynamometer and high dynamic 

engine test bench are shown in Figure 38. 

 

 

Figure 37- Engine test bench process (54) 
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Figure 38- Energy and fuel consumption comparison (54) 

The fuel consumption difference between bag and board computer are approximately 

0.3 l/100 km while, the difference between the roller dynamometer and the high 

dynamic engine test bench is less than 2%. The cycle’s velocity, torque, engine speed 

and gear change profiles can be inspected in Figure 39. The speed tolerance range is 

less than 2 km/h, while the torque curve of the engine test bench and roller 

dynamometer share similar gradient accuracies. Real-time measured emissions seen 

in Figure 40 show that the deviation of the CO2 emissions is below 2%. 

Further studies on other emission gases showed the same behaviour. The results from 

this method are promising. However, there is no reference on how long the process is 

and how many resources are needed to achieve this level of replication. Lastly, while 

testing at different temperatures and humidity will be somehow possible by adjusting 

the engine test cell and using a MEDAS system, other factors such their effect on tyre 

pressure, tyre temperature and rolling resistance are not considered both in a steady 

state scenario and a dynamic scenario such as an RDE test.  
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Figure 39- Real time emission measurements (54) 

 

  

Figure 40- Drive cycle engine parameters (54) 
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2.3.3.3 Model-supported methods Summary 
 
Model-supported methods are those who combine physical testing and modelling to 

check a vehicle’s RDE compliancy. A summary list of the key findings is seen below: 

• Existing facilities including test benches could still be used. 

• Any RDE scenario across different ambient conditions can be tested repeatedly 

which would be impossible to perform physically.  

• They are more reliable compared to the model-based methods due to the use 

of physical components in the loop. 

• The sub-models still pose some reliability issues. However, they are not as 

impactful as the model-based methods. 

• The minimum data required for a good correlation to be acquired was not 

discussed. Furthermore, there was no reference on any specific ‘worst-case’ 

testing cycle used. 

• Performing coastdown tests, special manoeuvres or DoE test data could be 

collected with less effort than performing several RDE tests similarly to most 

of the simulation-based methods. This will reduce the resources required. 

 

2.4 Literature Review Summary 
The common objective in all publications was to obtain a general idea of the emission 

range a particular vehicle sits in for an RDE test. This way the vehicle will be closer 

to RDE compliancy during the development phase which will reduce the overall 

testing time and costs. The proposed methods include physical experimentation which 

is used as a backbone for the emission regulations because of their realism but is 

impossible to cover the whole RDE range without spending a lot of resources 

including: 

• Testing Vehicles 

• On-road testing 

• A large facility 

• Expensive machinery for replicating 

o Road load 
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o Ambient conditions  

o Measuring emissions 

• Experienced personnel 

• Funds 

• Time 

o Vehicle preparation 

o Equipment installations  

o Testing 

These tests can be also carried out on a chassis dynamometer or engine test bed where 

the tests are in a repeatable environment. This will provide a good basis for 

manufacturers to tune their powertrain on. MIRA has shown that with this method the 

emission results obtained indoors compared to real-world drives presented a 1-3% 

difference for CO2 emissions while NOx and PN emissions correlated well below 10% 

difference [141]. However, a drive cycle representable of the real world is still 

necessary and even if the ‘worst-case’ cycle can be identified, replicating on-road 

conditions such as the road load, ambient temperature, tyre temperatures and ambient 

pressure and humidity requires expensive equipment, calibrations, and expertise. 

The Model-Based methods suggested using data obtained by physical testing to 

simulate the emission results in all unknown scenarios. They require extensive work 

and data to set up and increase their reliability. However, once they are at a satisfactory 

level, they can produce countless tests, fast, covering a wider spectrum of the 

conditions and could be considered the best value for money with a higher error risk. 

A methodology was also discussed in designing a ‘worst-case’ scenario drive cycle 

which can be further investigated. Lastly, the model supported methods use the best 

of both previously mentioned methods to provide the results from the real hardware 

faster than the experimental methods and could simulate whatever scenario is not 

available to cover the full RDE range. However, this was still dependent on the 

accuracy of the sub-models which not enough information was given so far and the 

cycle where it is tested upon. Across all methods explored in the literature, the 

following gaps were identified:  
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1. A simple method which uses a limited amount of data and models to solve the 

‘RDE problem’  

2. The effect ambient conditions have on the road load of the vehicle and to the RDE 

emissions. This would be essentially used to translate the chassis dynamometer 

road load coefficients for different ambient conditions to get a better road to rig 

replications 

3. A Random RDE Cycle Generator with customisable trip dynamics and 

characteristics 

4. A methodology on determining the ‘worst’ route or cycle to test the vehicle on 

A summary of the methods found in literature along with their advantages and 

disadvantages can be seen in Table 5 followed by some identified limitations on 

tackling the RDE Challenge. 

Table 5- RDE Solution Summary 

M
et

ho
d 

Description Advantages Disadvantages 

E
xp

er
im

en
ta

l • Physical testing for data 
collection and 
validation process 

• Simulations for the load 
adjustments may be 
applied 

 

• Realistic since the real vehicle 
components are used and 
emissions can be measured 

• Low complexity tests 
• Most technology already 

existed 

• Requires the vehicle 
to be present, hence 
you cannot use this 
method in the 
development stage 

• Resource heavy 
• Cannot cover the full 

RDE range 
• High uncertainty for 

passing the test  

M
od

el
 b

as
ed

 

• Physical testing for data 
collection 

• Simulations for all parts 
of the vehicle including:  

o Air path 
o Emissions 
o Vehicle 
o Environment 
o After-

treatment 

• Can cover the full RDE range 
• Can test faster than real time 
• Can use this early in the 

development process with data 
from similar vehicles 

• Reproducible test 
• Low cost for running tests 

• Highly dependent on 
the accuracy of the 
models 

• Physical data are still 
needed and typically 
a large amount 

• High complexity 
• Hard to capture the 

full transient behavior 
of each component in 
the models 
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2.5 Research Questions 
Based on the advantages and disadvantages of the methods explored in Chapter 2  the 

experimental-based method was quickly eliminated mainly due to its inability of 

covering the full RDE range. Both the model-based, and model-supported method 

exhibited good traits. The main disadvantages of the model-based method were the 

dependency on the accuracy of the models and the large amount of data required for 

all the models to work cohesively together into simulating accurate emission results. 

The only exception was Toyota’s method by using a DoE in a climatic mobile chassis 

dynamometer which required a less data but was a resource heavy method.  

Lastly, the model-supported method had a good balance of realism and model support, 

by making use of the facilities already established and its ability of covering the full 

RDE conditions. However, even though this method could replicate a cycle in a 

reproducible manner, simulating different ambient conditions and would use as much 

as the original vehicle components available, the actual cycle used is still 

undetermined. Therefore, it was decided that the method to move forward with was 

the generation of artificial cycles method in order to potentially produce a ‘worst-case’ 

cycle to test the vehicle on. As IAV demonstrated, it required 24 hours of data to 

simulate a ‘worst-case’ scenario which was considered as an aim of this project in 

aiding the validation process of a vehicle. The data would be easily accessible through 

Horiba MIRA’s RDE+ programme which included several RDE tests across the world 

and could be potentially used with their EiL method as a validation procedure 

providing the realism and proof needed. From the literature review and the identified 

M
od

el
 su

pp
or

te
d  • Physical testing for data 

collection to any 
components available 

• Simulations for all other 
parts of the vehicle and 
ambient conditions 

• Can cover the full RDE range 
• Can use this relatively early in 

the development process with 
any components available 

• Reproducible test 
• Makes use of all the test 

benches/dynamometers. 
• Less risky than model based 

since components that are 
more ‘Important’ could be 
used in the loop such as the 
EAT 

• Some components are 
still needed 

• Still makes use of 
models which are 
associated with risk 

• Still require data for 
training any models 
 



REAL DRIVING EMISSIONS LITERATURE REVIEW 

 

[80] 
 

gaps some key questions were raised which need to be taken forward in this thesis 

including: 

• A single RDE test provides a single data point in the RDE boundary box. 

Therefore, how many points will be considered enough for validating a vehicle 

over the full RDE range? 

• What is the minimum amount of data needed for the suggested methodology 

to work? How does this change across the different methods? By how much 

can reliability be compromised to limit the required data? 

• Chassis dynamometer testing could be potentially improved by achieving 

better replication of the forces acting on the vehicle. How much difference 

would we observe with a better replication? How much would this affect the 

resulting emissions? Is this worth the extra effort?  

• Which areas inside the RDE boundary condition box lead to higher emissions 

for specific powertrains?  

• How can we identify or design a ‘worst-case’ cycle? If the region inside the 

RDE boundary conditions which in theory should generate the highest 

emissions is spotted, is it enough to collect data from that region only and 

consider it as a ‘worst-case’ scenario in terms of boundary conditions? If yes, 

how can we design the ‘worst’ speed profile?  

• How does the RDE route itself affect the RDE emissions? Is the speed and 

torque profile enough variables to consider? 

• By using a limited amount of data how much extra data and area inside the 

RDE box can be explored with the generation of artificial cycles? Can a 

minimum amount of data needed be defined? 

• How easy is it to model real driving emissions? Is real driving data sufficient 

or it should be aided using a DoE as per the literature? 
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Chapter 3   
RDE Experimental Analysis 
Even though the experimental methods were discouraged from the literature review 

chapter, they were still considered an essential part of this thesis. This is because 

driving data are still required for the suggested methodology to operate and 

specifically RDE data were the most realistic data for facing the RDE challenge. The 

studies described in this chapter were carried out during the early stages of this 

programme with limited practical knowledge of the RDE test procedure. These 

included planning, testing, and analysing an RDE route along with exploring their 

effect on emissions. The objectives of this chapter were to: 

• Gather on-road RDE data to use as inputs for the generation of artificial cycles 

• Provide further justification why the experimental based methods are unable 

to cover the full RDE test and their inefficiency compared to the other 

methods described in the literature review  

• Obtain a better understanding of the RDE test’s trip dynamic calculations 

• Identify any potential issues with the technical aspects of the test early in the 

development process 

• Explore the effect ambient conditions, the route and road gradient have on 

RDE emissions through the obtained data and literature 

• Use the experience gained to re-evaluate the overall thesis aim and objectives 

and develop a methodology plan for the thesis 

 

3.1 RDE Route  
While most of the RDE test is focused on the statistics during the drive cycle, the 

actual route plays an important role in passing an RDE test. Therefore, the method of 

developing a valid route was explored before attempting to perform real RDE tests 

using a fully instrumented vehicle. This would act also provide extra proof for moving 
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away from the experimental based methodology and the importance of using a driver’s 

aid kit for carrying out the experiments. This process is described in more detail in the 

following sections. 

 

3.1.1 RDE Route Development 
There are three stages in developing a valid RDE route and these include (69,70):  

1. Planning the route using mapping software 

2. Driving the route with GPS logging equipment 

3. Validating the route using PEMS equipment 

3.1.1.1 RDE Route planning  

Mapping software such as Google maps or OpenStreetMap are usually used for the 

route planning phase. The route should always start with the urban section moving 

into the rural and ending with the motorway section. Towns or cities are typically used 

for the urban section due to their high population density and car usage. However, 

traffic congestion is expected to vary on different seasons, days, and times of the day 

for the chosen route (70). To select the most suitable route, the various factors that 

affect the flow of traffic such as road type, topography, intersections, population 

density, road slopes, and weather conditions need to be considered (71). Furthermore, 

it is preferred that the chosen route has the following features included to ensure a 

‘worst-case’ scenario is tested for the specific vehicle, these include (72):  

1. A high volume of traffic 

2. Connecting major centres of population 

3. High emissions on the transit route 

4. Various squares and intersections 

5. Access to public transport systems  

Expanding further on Point 3, even though a valid route is technically only depended 

on the routes trip dynamics, the emissions side of the test needs to be considered as 

well. This is because the route highly influences the emission results, even when the 

same routes are used for different tests there is still a variability in the emission results. 

Hence, a potentially ‘worst-case’ scenario for the specific powertrain of the vehicle 
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can be targeted through the route planning phase. This can be done through parameters 

that significantly affect emission levels and will be further analysed in section 3.3. 

The target elapsed time for the urban phase should be around 60-75 minutes to meet 

the total elapsed time for the route while for the whole route around 91 minutes [61], 

[71]. The average velocity of the urban section should be targeted at around 25 km/h 

while for the rural and motorway section around 70 and 93 km/h respectively [61]. 

The estimated distance should be calculated for each phase of the route and the 

percentage of each section towards the total distance should be worked out. The rough 

estimated distance per section should be around 27 km to be within the time and 

distance regulations with a minimum total distance of around 63.5km (62). The 

altitudes of the start and end of the route and cumulated positive elevation gain (CPE) 

of 1200m/100km should be checked, however, the minimum stop time requirements 

can be increased, if necessary, by stopping the vehicle during the test in a safe location. 

Finally, it should be taken into account that for the motorway phase a minimum 5 

minutes at a velocity over 100 km/h should be maintained.  

For these statistics to be reached, researchers typically start off by using their 

knowledge and understanding of the local conditions to select sample routes and then 

proceed into physical testing (74). Zhao et al (75), analysed the overall topological 

structure of urban roads using ArcGIS software, established monitoring points on 

various types of selected sample roads, and then investigated traffic flow to identify 

peak and off-peak times, before ultimately deciding on the route.  

3.1.1.2 RDE Route Data Collection 

For the driving data collection process, GPS and an on-board diagnostics (OBD) are 

typically used with a minimum sampling frequency of 1 Hz which are in line with the 

RDE legislations (70). For the data collection of this thesis a sampling frequency of 

10 Hz was used which was considered to be enough to capture the necessary 

information of the logged variables such as vehicle speed and the tailpipe emission 

gases. However, this should be adjusted to cover the dynamic information of the 

logged variables. The route is tested multiple times and if needed, a filtration process 

may be applied to the raw driving data since several errors are typically detected such 
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as removing duplicated records, outliers, false zeros, gaps in the data and smoothing 

the signals (76,77). 

3.1.1.3 RDE Route Validation 

The route needs to be validated mainly for its trip dynamics but as previously 

mentioned the emissions side as well. Therefore, the process starts by performing a 

laboratory WLTC reference cycle for the validation process of the PEMS kit using the 

method described in the RDE Package 4. The PEMS correlation with the laboratory 

CVS measurement is checked with the tolerances shown in Table 6.  

Table 6- PEMS Tolerances 

Unit Tolerance (whichever is larger of the two readings) 

Distance (km) ± 250m of the laboratory reference 
CO (mg/km) ± 150 mg/km or 15% of the laboratory reference 
CO2 (g/km) ± 10 g/km or 10% of the laboratory reference 
NOx (mg/km) ± 15 mg/km of the laboratory reference 

 

A Zero-Span drift check should be performed on the PEMS kit before and after the 

test and verified with the limits shown in  

Table 7 (38). Then the route is tested using the RDE Test Guidelines with PEMS 

equipment on the vehicle. Driving style values such as v.apos[95] and RPA should not 

be taken into consideration at this stage since they can alter during the tests. 

Table 7- Zero Span drift checks 

Pollutant Zero Response Drift 
Span Response Drift (whichever is larger of the two 

readings) 

CO2 ≤ 2000 ppm per test ≤ 2% of reading or ≤ 2000 ppm per test 

CO ≤ 75 ppm per test ≤ 2% of reading or ≤ 75 ppm per test 

NO2 ≤ 5 ppm per test ≤ 2% of reading or ≤ 5 ppm per test 

NO/NOx ≤ 5 ppm per test ≤ 2% of reading or ≤ 5 ppm per test 

 

3.2 RDE Testing 
As part of the experimental studies of this project, RDE tests were performed 

throughout the year in the United Kingdom, during the winter in Austria and during 
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the summer in Spain to capture a wide range of the RDE ambient conditions and a 

variety of drive cycles. At first, a pre-developed route in Bath was tested without the 

use of a PEMS kit to get an initial understanding of the RDE test challenges, and to 

explore the importance of the route development process against the route’s trip 

dynamics and real driving emissions. Next, the routes in Nuneaton, Austria and Spain 

with Horiba Mira are described. This way by comparing the two, the experience 

required to carry out the planning phase and testing is shown. 

 

3.2.1 Preliminary RDE Route in Bath 
The route in Bath was performed using the University’s Peugeot 308 and had a starting 

point at the University’s East Car Park and ended in Bristol as seen in Figure 41. Three 

tests were performed on different days and at different times throughout the day to test 

the route’s validity. The first test was carried out at 9:30 am, the second at midday and 

the last at 15:30.  

 

Figure 41- Bath RDE route 

The tests were performed without any aid in checking the test’s validity during the test 

to ensure that they were driven with a ‘normal’ drive style. Therefore, it was 

impossible to know the state of the trip dynamic variables like v.apos[95], RPA and 

time spent over 100 km/h.  The trip dynamic results from the three different tests were 

analysed using Horiba MIRA’s drivers aid system which can calculate both the 

emission and trip dynamic results during or after an RDE test using the data logged. 
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These can be seen in Figure 42-44 where red indicate any failed variables and green 

successful variables. 

 

Figure 42- Bath RDE test 1 

 

Figure 43- Bath RDE test 2 

 

Figure 44- Bath RDE test 3 
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Having a single failed variable indicates a failed overall test and as seen from the 

results all three tests were unsuccessful. A list of the failed variables can be seen 

below. 

• Low distance share for the motorway section 

• High v.apos[95] value for the midday test 

• Low time spent above 100km/h 

• Low acceleration counts for test 3 

• High distance share for the urban region 

• High total test time 

The common issue for all tests was mainly due to a short motorway section with a 

distance of 16.5 km. This indicates an error in the route planning process and could be 

fixed by extending the motorway section. In addition to traffic, this could be the reason 

why a low time spent above 100km/h was witnessed in the midday test. However, both 

this and the high v.apos[95] values in the rural and motorway phases could be fixed 

during the test by the use of the driver aid system. 

During test 3, the motorway was being serviced, this caused a lot of traffic increasing 

the distance share of the urban section by 6-7% since the vehicle was moving at a low 

speed and led to an invalid acceleration count and a failed total test time. This shows 

the true impact of real-world driving, the effectiveness of the new RDE test, and the 

usefulness of a live driver’s aid system in addition to the assistance of a second person 

inside the vehicle to help alter the route live if needed.  

 

3.2.2 Horiba-MIRA RDE Routes using a driver’s aid kit 
The road data used throughout this thesis come from valid on-road RDE tests 

performed on the three vehicles; a Diesel engine, a Gasoline engine and a Hybrid-

Diesel vehicle with their specifications described in Table 8. These vehicles were 

selected to cover three of the most used powertrains nowadays, even though they were 

not expected to conform to the current RDE emission limits. The driver input 

parameters were recorded using National Instruments while the ambient temperature 

and relative humidity were measured using the HORIBA OBS-ONE weather station. 
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The vehicle speed, direction and altitude were measured using the high-fidelity 

HORIBA OBS-ONE GPS module. RDE tests were carried out in the United Kingdom, 

Spain, and Austria to cover the extreme cases of the RDE legislation in terms of 

temperature and altitude while different driver styles were explored. The RDE test 

matrix used can be seen in Table 9 (50). 

Table 8- Vehicle and instrumentation specifications (31) 

Euro Vehicle Segment B (2016) C (2015) M (2017) 

Body Type 5 Door Hatchback 5 Door MPV 

Engine (Power) 

Gasoline, 3 Cyl, 

998cc, 

Turbocharged 

(74kW) 

Diesel, 4 Cyl, 1499cc, 

Turbocharged 

(88kW) 

Diesel, 4 Cyl, 1461cc, 

Turbocharged, 48v 

Hybrid 

(81kW) 

Transmission Manual 5 Spd Manual 6 Spd  

Emission Std EURO 6b 

Aftertreatment TWC 
EGR + 

DOC/DPF/LNT 

EGR + 

DOC/DPF/LNT 

Mass in Service [kg] 1130 1399 1583 

PEMS HORIBA OBS ONE GS12 Gas Analyser & Particle Number Unit 

Amb. Temp. Rel. 

Humidity 
HORIBA OBS ONE Weather Station 

Altitude HORIBA OBS ONE GPS 

Base Instrumentation National Instruments CompactDAQ System: NI 9185/9862/9214/9205 

Driveshaft Strain 

Gauges 
Astech Electonics Rotary Telemetry System (RE3D) 

 

The RDE cycles in Nuneaton, UK and Innsbruck, Austria including a map view, their 

altitude profile and speed profile can be seen in Figure 45 and Figure 46. 
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Figure 45- RDE cycles map and altitude profile (left Nuneaton, right Innsbruck) (78) 

 

Figure 46- RDE cycles speed profile (left Nuneaton, right Innsbruck) (78) 

 

Table 9- RDE Test matrix and route summary (31) 

RDE 

Testing 

Phase 

Location 

Target 

Temperature 

[°C] 

Average 

Altitude 

[m] 

Total/Urban 

Cumulative 

Positive Elevation 

(CPE) [m/100km] 

Distance Split 

[%] 

(Urban/Rural/ 

Motorway) 

1 
Innsbruck, 

Austria 
-7-0 623.2 498.1/579 32.5/31.2/36.3 

2 Nuneaton, 

UK 

0-10 
105.1 491.0/611.6 37/33.8/29.2 

3 10-20 

4 Spain, Vera 
30-35 

103.9 837.1/950.4 39/30.4/30.6 

5 Spain, Avila 1137.9 953.1/1022.4 33.3/30.3/36.4 

 

During each RDE test a standard test procedure was carried out including the PEMS 

kit preparation, test pre- and post- checks and data analysis. The driver aid system was 
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used to monitor the live state of trip dynamics since it provides a success rate of over 

88%. Hot and Cold start tests were performed for each route and an appropriate driving 

style was adopted to reach the specific v.apos[95] values to cover the whole range of 

the RDE test variables (50% to 90%). Across all four different locations and five 

phases, a total of 124 RDE tests were conducted. The average results from all cold-

start RDE tests for the three vehicles were collected and displayed in Figure 47-49. 

The data were indicating the test’s altitude, temperature, driver style and normalized 

CO2, NOx and PN values to the corresponding WLTC emissions data represented by 

a diamond symbol, while squares and circles denoted gentle and aggressive drives 

respectively. General trends were observed including (31): 

• More aggressive driver styles across the same routes led to: 

o Higher CO2 emissions for all vehicles  

o Higher PN values for the Gasoline and Hybrid vehicles 

o Higher NOx values for the Hybrid and Diesel vehicle, not for 

Gasoline except for the 25°C routes 

• Higher ambient temperatures with the same driver styles led to: 

o Lower NOx emissions for aggressive Diesel  

o Higher CO2 values for Diesel vehicles 

o Lower PN for Gasoline vehicles and aggressive cycles for Hybrids 

o Higher PN for aggressive Diesel 

• Higher altitudes with the same driver styles led to: 

o Higher NOx values for Hybrids, gentle Diesels except for low 

temperatures and gentle Gasoline vehicles 

o Lower NOx for aggressive Gasoline vehicle 

o Higher CO2 for Hybrid aggressive cycles 

The relationships described, aimed at keeping at least one variable constant to better 

understand the effect other conditions had on emissions. However, it still has to be 

noted that each route had different CPE values and gentle/aggressive driver style 

values were not identical with each other making it hard to directly compare them (50).  
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Figure 47- RDE normalised test results Gasoline (31) 

 

The distance-specific CO2 emission results provide a solid estimate of work done, 

capturing both the effects of CPE and driver style. However, this is not always the 

case for NOx and PN. Gasoline vehicles exhibited higher NOx emissions for gentle 

drives while the opposite trend was witnessed for PN. This could be due to the three-

way catalyst (TWC) not reaching the appropriate temperature for reducing the NOx 

emissions (31).  
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Figure 48- RDE normalised test results Diesel (31) 

The opposite effects were seen for the diesel and hybrid diesel vehicles where gentle 

drives resulted in a low NOx production and vice versa. This is due to gentle drives 

allowing the engine to operate with very high air to fuel-ratios (AFR), whereas the 

aggressive drives resulted in a close to stoichiometric operation where more NOx is 

formed (31). Since the tested vehicles were not RDE compliant, it was decided not to 

focus on the emission trends of the specific powertrain technologies but more on their 

variance between the extreme boundary conditions to understand how large their 

effects are. 
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Figure 49- RDE normalised test results Hybrid (31) 

3.2.2.1 Issues with the legislative driver aggressiveness values v.apos[95] & 

RPA 

Following the RDE tests carried out, several issues were raised about the practicality 

and effectiveness of the legislative values for driver aggressiveness. These are listed 

below: 

• A v.apos[95] value of 100% could be easily achieved, suggesting that an 

‘aggressive’ cycle may not actually be that aggressive 

• With a single harsh manoeuvre, the v.apos[95] value can be spiked really high 

which would result in a failed test 

• To achieve an acceptable RPA result, especially in terms of the number of 

accelerations, it is encouraged to drive in an unnatural manner by constantly 

accelerating and decelerating 
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• There are limited variables accounted for calculating the driver aggressiveness 

values excluding any gear changing, torque or RPM 

• Power, Road load were also not included 

• Hard to compare tests in terms of emissions based on these values since they 

are not directly proportional 

Even though there is a plethora of research about driver style and different scoring 

systems were made for driver style, it was believed that it extended beyond this study’s 

scope since the legislative value of v.apos[95] and RPA are currently in use. However, 

it is acknowledged that a more effective method of measuring driver style would result 

in a better correlation with fuel consumption and emissions and could aid in the 

calibration process of a vehicle for RDE (79).  

 

3.3 Parameters affecting RDE Emissions 
As per the discussion in 3.1.1.1, the vehicle emission levels in an RDE test are 

significantly affected by many parameters including the route itself. These will be 

discussed in the following sections with an aim of identifying how to create a ‘worst-

case’ cycle. 

 

3.3.1 Effect of route selection on RDE 
Even though the RDE legislation assign similar distance shares for the urban, rural 

and motorway regions of the test, each section contributes different emission levels 

towards the total results and FC. Suarez-Bertoa et al (80), tested three RDE routes: 

1. A normal RDE route with an urban, rural, and motorway section  

2. A route with only an urban and motorway route where the motorway driving 

was only analysed 

3. A route with just an urban region consisting of hilly roads 

It was noticed that the median NOx emissions ranged from 34 mg/km on the city route 

to 318 mg/km for the RDE dynamic tests with more acceleration. Compared to the 

normal RDE route, the PN median emissions were twice as high for the dynamic route  
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and 3.5 times lower for the city motorway route. Gasoline vehicles emitted median 

CO emissions of 167 mg/km during the hill route test and 2850 mg/km during the 

RDE dynamic test.  

Williams et al. (81), found that CO2 emissions increased proportionally to the duration 

of the test, regardless of the type of test route used. However, CO and HC increased 

with shorter tests that had larger urban and rural sections compared to the motorway. 

This is presumably because the warm-up phase becomes a more important proportion 

of the overall test cycle. Therefore, the author deducted that it is possible to shorten 

the test distance by about 20% without a significant change in the results of specific 

distance exhaust emissions (81). Triantafyllopoulos et al. (82), conducted on-road 

testing with a normal RDE route and a 50-100% more dynamic RDE driving profile 

to where NOx emissions were two to eight times above the normal RDE route and 25–

40 times above the emission limit. Lastly, it was found that fuel consumption and CO2 

emissions where high in the high speed regions and higher relative positive 

accelerations (62,70). 

 

3.3.2 Impact of road grade on RDE 

It is well known that speed and acceleration have a large impact on a vehicle’s fuel 

economy and tailpipe emissions, as they are the primary variables that determine the 

power requirements necessary for specific driving maneuvers. As the road grade 

increases, so must the engine power output to keep the vehicle at a constant speed due 

to an increasing force of gravity opposing the motion of the vehicle. This increase in 

power requirement increases the fuel consumption, combustion and results in an 

increase in emissions. This is very clear for CO2 emissions because fuel is composed 

of hydrocarbons, which are hydrogen (H) and carbon (C) atoms that are bonded to 

form hydrocarbon molecules (CXHY). Air is primarily composed of nitrogen (N) and 

oxygen (O2). During the combustion reaction, the hydrogen from the fuel combines 

with oxygen from the air to produce water (H2O). Similarly, the carbon from the fuel 

combines with the oxygen from the air to produce carbon dioxide (CO2) (70). The 

combustion process also produces heat that is converted into the mechanical energy 

that propels the vehicle.  
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As stated by Vittoria (51), over an urban area, the increase of CO2 and NOx due to 

increasing road grade from 0 to +2.9% will be 85% and 33% respectively. Antonietta 

et al., found that a 5% increase in road grade would result in 100% increase in CO2 

and FC and a 2-5-fold increase in NOx but with a grade of - 4% showed a 70% 

decrease in CO2 with respect to the flat road. While for driving downhill from 0 to -

3.6% the CO2 and NOx emissions decreased by 45 and 60% (51). Gallus et al. (83), 

identified that a road grade increase from 0–5% led to a CO2 increase of 65–81% and 

a NOx increase of 85–115%. Triantafyllopoulos et al. (82), identified that the 

combination of dynamic driving and an uphill road resulted in three times higher CO2 

emissions and eight times higher NOx emissions. Even though road grade does not 

cause itself more emissions, it is a reason why there is a different power requirement 

to perform that manoeuvre. This relationship captures the general trend, however, the 

ECU logic and EAT strategies will have a large effect in the emission results. 

 

3.3.3 Impact of the cold start period on RDE 
It was identified that the cold start period of an RDE test is usually the section 

contributing the highest towards the overall emissions. This is mainly due to two 

reasons: when a cold engine is started the fuel does not vaporize completely 

experiencing a a rich air to fuel ratio and the aftertreatment not reaching the optimum 

temperature to efficiently remove any gaseous pollutants (84–87). This is more evident 

at lower ambient temperatures where it takes even longer for the catalyst to reach the 

appropriate temperatures (47,88,89). More specifically for diesel vehicles, a 

temperature drop from 25 to 8°C during the cold start period resulted in a 16% rise in 

CO2, a 195% rise in CO, a 280% rise in PN, and an 11% decrease in NOx (90). For 

gasoline vehicles, the most significant increases in emissions due to cold starts are 

seen for carbon monoxide (CO) and total hydrocarbon (THC) pollutants. Concerns for 

NOx have also been raised, however, they were not as significant as for diesel vehicles 

(91–93).  
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3.3.4 Sudden Ambient condition impact on emission 
Pointner (56), has explored the impact sudden changes in ambient conditions have on 

emissions during an RDE test by testing in a climate chamber and simulating pressure 

changes at the exhaust gas inlet. For CO and CO2, the measurement deviation in the 

RDE altitude region of 0 to 1300 m was below 1% for NO and NO2 while the 

measurement deviation was below 1.5%. Moreover, the deviation caused by severe 

temperature and humidity changes to the measured concentrations was below 0.5 % 

for NO, CO and CO2, while for NO2 the limit of 2% was not exceeded. It is important 

to note that these changes in ambient conditions were sudden and does not suggest 

that ambient conditions have minimal effect on emissions if RDE tests are carried out 

in different environments. However, it may suggest that constant road load 

coefficients may be used in replication procedures. 

 

3.3.5 Impact of Altitude, Temperature and Humidity on RDE 
It was well established since the 1970’s that humidity is inversely proportional to NOx 

emissions (94). When humidity increases, the molecular weight of air and the specific 

heat of the mixture increases while the average temperature during combustion 

decreases (95–97). Therefore, the ignition delay is increased, the heat release during 

the premixed phase of combustion decreases and NOx emissions are lowered 

(95,96,105,97–104). This mechanism of NOx production is attributed by the reaction 

of oxygen and nitrogen at elevated temperatures. High temperature zones cause 

nitrogen molecules in the air to separate, allowing them to combine with oxygen, 

which leads to the formation of NOx (95,96).  

At higher altitudes, the oxygen molecules are further apart because there is less 

atmospheric pressure to ‘push’ them together. This leads to fewer oxygen molecules 

occupying the same volume of air essentially reducing the air density. This causes the 

resistance on the vehicle to be reduced, the opening of throttle and the advanced angle 

of ignition timing to increase and the temperature of the exhaust gas to lower. 

According to the Zeldovich equations, NO is generated to the limit of available oxygen 

in fuel rich conditions. Hence, an increase in altitude will essentially cause the same 

effect. Therefore, CO, HC and NOx emission will theoretically increase while fuel 

consumption will decrease. A series of tests reported in the literature were compiled 
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in Table 10 to get a better understanding on how ambient temperature and altitude 

affects emissions. 

Table 10- Comparison of results reported in the literature regarding the impact of altitude 
and ambient temperature on emissions. (106) 

Ref. Engine Leg. 
Testing 

Conditions 
Conclusions 

Luján et 

al. (107) 
Diesel 1.6 L Euro 5 

0 m & 20°C, 

0 m & −7 °C 

WLTC. Higher engine-out 

emissions at −7°C than at 20 °C 

Ko et al. 

(108) 
Diesel 2.2 L Euro 6 

0 m & 23°C, 

14°C and 5°C 

NEDC and WLTC. Higher NOx and 

CO emissions at low ambient 

temperature. 

Bermúdez 

et al. (109) 
Diesel 2.0 L Euro 4 

150 m to 3000 

m  

NEDC. Increase on CO, HC and 

NOx emissions with altitude. 

Ramos et 

al. (110) 

Diesel 2.0 L; 

Biodiesel 2.0 

L; GTL 2.0 

L. 

Euro 4 0 m to 2500 m 
WLTP and RDE-LDV test. At high 

altitude NOx emissions were higher.  

Wang et 

al. (111) 
Diesel 2.8 L 

Chinese 

National 

III 

1000 m & 25 

°C; 2400 m & 

27 °C; 3200 m 

& 19 °C 

RDE. Increase of CO, HC and PM 

with altitude. Higher NOx emissions 

at 2400 m than at 1000 m, but lower 

at 3200 m. 

Wang et 

al. (112) 
Diesel 2.0 L 

China 

IV 

30 m to 2990 

m & 20°C to 

33°C 

RDE test under regulation 

requirements (1200 m/100 km). 

Higher CO and PN emissions in 

altitude but lower NOx. 

McCaffery 

et al. (113) 

GDI 2017 2.0 

L; GDI 2017 

1.5 L; GDI 

2018 3.6 L 

Tier 3 0 m to 1524 m 

RDE. Higher PM emissions with 

altitude. PM reduction by adding 

catalysed GPF. 

José 

Ramón 

Serrano et 

al. (106) 

Diesel 1.6 L 

Euro 

6d- 

Temp 

0 m & 20 °C; 

2500 m & −7 

°C 

Steady-state conditions. Reduction 

of CO and HC conversion 

efficiencies at 2500 m and −7 °C 

and increase of the light-off 

temperature. 
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3.4 Conclusions 
Through the RDE tests carried out in this chapter, it was identified that developing an 

RDE route is very important since it can affect both the success of the RDE trip 

dynamics part of the test and the resulting emissions. In addition, the location of the 

route is important since certain environments can produce higher emissions for 

specific powertrains. However, designing this ‘ideal’ RDE route and establishing a 

facility in the ‘best’ environment could be a very challenging and expensive process. 

Therefore, a better methodology would be to test using the EiL method with an 

environment control such as a MEDAS system or in a virtual environment where 

everything can be simulated.  

Through the initial tests in Bath the importance of a driver’s aid kit and the realism of 

the RDE test was also witnessed since real road conditions resulted into failing the 

test. The Bath tests also indicated how much work is needed before attempting to run 

an RDE test and how time consuming the tests can be. This was further enhanced with 

the Horiba-MIRA tests which required the vehicles to be shipped to different countries 

over a period of a few months.  

Even though the tests were analysed at a high level, different drive cycles were used, 

and the ambient conditions were not the most dominant factor in the emission results, 

some indirect relationships between emissions and ambient conditions could be 

identified. Both the RDE tests carried out with Horiba-MIRA and the tests mentioned 

in the literature concluded that for most cases: 

• Higher altitude led to higher CO, PM, HC and NOx emissions and lower fuel 

consumption 

• Higher average temperatures in the cycle led to lower emissions mainly due to 

the aftertreatment reaching the optimum temperature to efficiently remove any 

gaseous pollutants 

• Higher driver aggressiveness led to higher overall emissions, since higher 

accelerations are used which translate to higher fuel consumption 

Even though these trends are useful, it’s still uncertain that the vehicles will pass the 

RDE test over the whole boundary conditions despite the number of resources used to 

carry out these experiments. Therefore, the importance of acquiring more data in 
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different ambient conditions with a limited number of resources is further justified. 

When a large enough data sample is collected for a single powertrain, the effects the 

boundary conditions have on emissions will be more apparent. Then for different 

vehicles using similar powertrains, less amount of data will be required as proof and 

data can only be collected in a specific region inside the RDE boundary condition box. 

From this chapter some key questions arose which need to be taken forward in this 

thesis including: 

• Ambient conditions influence road emissions. However, it is still uncertain 

how exactly they affect them. How does the actual power requirements during 

a drive cycle change if the different boundary conditions solely change? 

• By understanding how ambient conditions affect the road load conditions, 

chassis dynamometer testing could be potentially improved by achieving better 

replication of the forces acting on the vehicle. The relationships can be also 

used to model different environments for the generation of the ‘worst’ artificial 

RDE cycle. However, how much difference would we observe in the resulting 

emissions? 

• How exactly does someone design a worst case RDE route around the 

parameters affecting real driving emissions to get the highest emission results? 

Is it even possible to design a route for the real world? 

Through the outcomes of the chapters and the questions risen to this point, it was 

decided to proceed with the methodology seen in Figure 50. Characterisation data 

consisting of the RDE drives mentioned in chapter 3 will be used to both train emission 

models and generate artificial RDE cycles where the process will be described in the 

following chapters. Since the road loads are obtained from a single test environment, 

they will be simulated for the different ambient conditions where the RDE data was 

collected from. The emission models will be used to predict the emission results from 

the generated RDE cycles, and the highest emitted cycles will be then transformed into 

higher emitting cycles by simulating the theoretical worst ambient conditions through 

the road load adjustment. These ‘worst’ cycles can be then used on an EiL 

methodology for calibration and tuning purposes. 
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Figure 50- Overall RDE methodology 
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Chapter 4   
Ambient condition simulation by the 

adjustment of the Road Load 

Coefficients 

 
The focus of this chapter revolves around the question how the road load coefficients 

of the vehicle are affected by different ambient conditions, while the coast-down test 

was used as a basis to answer this. The aims of this chapter include: 

• Getting a better understanding of the coast-down test by analysing the 

different forces applied onto the vehicle during testing and understanding how 

they manifest themselves in the coast-down process 

• Exploring how ambient conditions affect the road load 

• Developing a methodology for predicting the road load coefficients for 

different environments 

• Testing the method’s effectiveness against real data 

• Understanding how this technique can be translated to a more dynamic test 

scenario such as a full RDE cycle  

 

4.1 Introduction 
Coastdown tests are a well-established method throughout the automotive industry to 

determine the energy consumption of a vehicle during operation. While other methods 

exist, such as wind tunnel testing, driving on a downhill slope or driving in a motorway 

using rotating wheel dynamometers  they are usually less accurate and require more 

instrumentation to carry out (53)(114). The coastdown data are then used to simulate 

the road conditions on a chassis dynamometer as the one seen in Figure 51. The vehicle 
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is first warmed up for 20 min at a steady speed, then accelerated up to the maximum 

speed of interest (usually 140km/h), shifted into neutral and allowed freely to 

decelerate (53). This test is performed under ‘ideal environmental conditions’ where 

the road is almost perfectly flat, while the test is repeated multiple times in different 

directions to minimize the effect of wind and any road slope. Several factors affect the 

rate at which the vehicle decelerate with the main ones including the air and rolling 

resistance of the vehicle. 

 

Figure 51- Chassis Dynamometer (Horiba-MIRA) 

 

4.2 Background & Current Practise 
Following a coastdown test, the vehicle’s deceleration is calculated through the 

recorded speed and time data of several runs which can be then multiplied by the mass 

of the vehicle to obtain a total road load force. This process can be seen in Figure 52. 

 

Figure 52: Coastdown Test procedure (115) 
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The Force against Velocity graph can be then described to the vehicle’s specific load 

coefficients via a second order polynomial regression in the form of: 

𝐹789:;<8(𝑣) = 𝑓+ +	𝑓!	. 𝑣 +	𝑓"	. 𝑣" Eq. 4-1 

 

A coastdown test is then performed on the roller test bench calculating the 

dynamometer load Fdyno.  

𝐹=>?@(𝑣) = 𝐹+ +	𝐹!	. 𝑣 +	𝐹"	. 𝑣" Eq. 4-2 

 

The coefficients are then adjusted so that the two traces described in Eq. 4-1 & Eq. 

4-2 match as per Figure 53. This replicates the forces acting on the vehicle on the road 

inside the laboratory since many resistances including air drag cannot be simulating 

indoors very efficiently. The main focus of this chapter is to give a physical meaning 

to the coefficients described in the equations which would allow an extrapolation to 

the theoretical conditions. 

 

 

Figure 53: Road Load and Dynamometer Load Comparison (115) 

 

4.3 Coastdown Laws and regulations 
The coastdown results indicate the energy efficiency of the vehicle and are directly 

related to the car’s fuel consumption and emissions. Therefore, the tests are governed 

by laws and regulations including (116): 
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• The atmospheric temperature should be within the range of 5°C up to and including 

35°C. At its option, a manufacturer may choose to perform coastdown between 

1°C and 5°C. 

• The road should be even, clean, dry and free of obstacles or wind barriers 

• The longitudinal slope of the test road shall not exceed ±1%. The local slope 

between any points 3m apart shall not deviate more than ±0.5% from this 

longitudinal slope.  

• The test vehicle shall be suitably run-in for the purpose of the subsequent test for 

at least 10,000 but no more than 80,000km. 

• Toe and camber shall be set to the maximum deviation from the longitudinal axis 

of the vehicle in the range defined by the manufacturer. 

• Tyres should not be older than 2 years after production date, should not be 

specially conditioned except for grinding in the original shape of the tread, be run 

for at least 200km and have a constant tread depth between 100 and 80% of the 

original. 

• The front and rear tyres shall be inflated to the lower limit of the tyre pressure 

range for the respective axle for the selected tyre at the coastdown test mass, as 

specified by the vehicle manufacturer. 

• Using stationary anemometry: 

Shall be used only when wind speeds over a period of 5s averages less than 5m/s 

and peak wind speeds are less than 8m/s for less than 2s. In addition, the vector 

component of the wind speed across the test road shall be less than 2m/s. 

• Using on-board anemometry: 

The overall arithmetic average of the wind speed during the test activity over 

the test road shall be less than 7m/s with peak wind speeds of less than 10m/s. 

In addition, the vector component of the wind speed across the road shall be less 

than 4m/s. 
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4.4 Resistive Forces 
Coastdown tests are very well suited to obtain a general understanding how energy 

efficient the vehicle is. However, different environmental conditions would alter its 

road load coefficients. Therefore, the total resistive force has to be broken down into 

the following forces as seen in Figure 54 and Eq. 4-3 (117): 

• Gravitational force  

• Aerodynamic Drag 

• Side Forces  

• Inertial Resistance 

• Transmission losses 

• Engine friction  

• Losses from the use of Auxiliary equipment  

• Rolling Resistance  

 

Figure 54: Vehicle Resistive Forces Diagram (117) 

 

The Road Load, F, is the total force acting on the vehicle and can be described as the 

sum of all resistive forces as per Eq. 4-3: 

𝐹 = 𝑚.
𝛥𝑣
𝛥𝑡

= 𝐹ABC7 + 𝐹C:B +	𝐹D:=8 + 𝐹E +
𝑃:?$
𝑉

+
𝑃C;;
𝑉

+ 𝐹-- Eq. 4-3 
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4.4.1 Gravitational Force 
The Force needed to overcome driving uphill or the aiding force while driving 

downhill is called gravitational force and can be defined as: 

𝐹ABC7 = 	𝑚. 𝑔. 𝑠𝑖𝑛 𝜃 Eq. 4-4 

 

Where m is the mass of the vehicle, g the gravitational acceleration of 9.81m/s2  and θ 

the road’s slope (118). At a coastdown test scenario, where the road is almost level (θ 

= 0°) the whole gravitational force translates into zero since sin (0) = 0. However, in 

an RDE scenario accurate road slope measurements are required for the gravitational 

force to be correct. 

 

4.4.2 Aerodynamic Drag 
While a vehicle is moving, air particles collide with its body resisting its motion. At 

the same time wind could be either aiding or resisting the movement of the vehicle, 

altering the overall force of the vehicle. The aerodynamic drag of a vehicle can be 

defined as:  

𝐹. = 	
𝜌. 𝛢. 𝐶= . 𝑉B8<"

2
 

Eq. 4-5 

(119) 

Where, ρ is the air density, A the frontal area of the vehicle, Cd the drag coefficient of 

the vehicle and 𝑉!"# is the relative air velocity striking the surface of the vehicle which 

can be broken down as:  

𝑉B8< =	b𝑣" + 2 ∗ 𝑣 ∗ 𝑤 ∗ 𝑐𝑜𝑠 𝑎 + 𝑤" Eq. 4-6 

 

Where v is the velocity, w is the wind speed in m/s2, and α is the wind direction relative 

to the vehicle’s velocity in degrees (°). The relative air velocity strikes the vehicle at 

an angle β as per Eq. 4-7 (118): 

𝛽 = 𝑎𝑟𝑐𝑐𝑜𝑠	(
𝑣 + 𝑐𝑜𝑠(𝛼) . 𝑤

𝑣B8<
) Eq. 4-7 

(118) 
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The aerodynamic drag force FD, is then projected on an axis parallel to the vehicle’s 

direction of motion, where CL and CL2 are coefficients which can be determined by 

regression as: 

𝐹C:B = (𝐶) + 𝐶)" ∗ 𝑠𝑖𝑛 𝛽) ∗ 𝑐𝑜𝑠 𝛽 ∗ 𝐹.	 Eq. 4-8 

 

To calculate the density of air ρ in [kg/m3], as a function of altitude, one requires 

additional parameters. They are listed below, along with their values according to the 

International Standard Atmosphere, using the universal gas constant instead of the 

specific one: 

𝜌 = [
𝑃C<$
𝑅 ∗ 𝑇\

∗ (1 − (0.378	 ∗ 	
𝑃7
𝑃C<$

)	  Eq. 4-9 

 

𝑃C<$ =	𝑃@ ∗ (1 −
𝐿 ∗ ℎ
𝑇@

)	(
A∗H
-∗) )	 Eq. 4-10 

  

𝑃7 = 𝑅ℎ ∗ 𝐸𝑠 Eq. 4-11 

 

𝐸𝑠 = 6.1078 ∗ 10(J.L∗*;)/("#J.#N*;)	 Eq. 4-12 

 

• The sea level standard atmospheric pressure, Po = 101325 [Pa]  

• Altitude above sea level, h [m] 

• Sea level standard temperature, To = 288.15 [K] 

• Earth-surface gravitational acceleration, g= 9.80665 [m/s2] 

• Molar mass of dry air, M = 0.0289644 [kg/mol]  

• Universal Gas Constant, R = 8.31447 [J/(mol.K)] 

• Temperature lapse rate, L = 0.0065 [K/m] 

• Actual water vapour pressure, Pv [Pa] 
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• Relative humidity, Rh [%] 

• Saturated Pressure of water vapour, Es [Pa] 

• Ambient Temperature, Tc [°C] 

Air drag is therefore proportional to the air density and roughly a 20% variation in 

density across European locations and seasons can be expected (114).  

 

4.4.3 Side Force Resistance 
Side Force is an extra contribution to the rolling resistance when driving in a curve 

and is defined as: 

𝐹D:=8 = 𝐶D:=8 ∗ f𝑚 ∗ g𝑐𝑜𝑠 𝜎 ∗
𝑣"

𝑅
− 𝑔 ∗ 𝑠𝑖𝑛 𝜎 ∗ 𝑐𝑜𝑠 𝜃ij

"

 
Eq. 4-13 

(118) 

 

Where σ is the cross fall of the road, R the radius of the curvature of the read and Cside 

a constant (118). 

 

4.4.4 Inertial Resistance 
When the car is accelerating, the whole body of the vehicle resists change in movement 

which induces an inertia on the vehicle structure and rotating parts. The equation of 

motion is derived from Newton’s second law: 

𝐹E = 𝑚 ∗
𝑑𝑉
𝑑𝑡

 Eq. 4-14 

 

Where m is the vehicle’s mass including an equivalence for rotating assemblies such 

as wheels, who’s rotational velocities are linked to road speed, V the velocity of the 

vehicle and time, t. 
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4.4.5 Internal Friction Losses 
The force needed to overcome the friction in the transmission system, bearings and 

engine are grouped in the internal friction losses. However, these resistances are 

considered not to vary a lot with different ambient conditions but are more impacted 

by the operation temperatures of the vehicle. Since they will still be present when 

testing on a chassis dynamometer and their temperatures replicated using a MEDAS 

system, they were not included in the study. 

 

4.4.6 Rolling Resistance 
Rolling resistance is often defined as a force opposing the rolling of the tyre due to the 

tyre deformation while being in contact with the road. It is said that the resultant 

normal force is shifted forward causing a torque around the wheel centre that resists 

rolling. The horizontal force that is required to keep the wheel at constant speed and 

thus overcome this torque is called the rolling resistance and defined as (120): 

𝐹-- = 𝑚 ∗ 𝑔 ∗ 𝐶-- Eq. 4-15 

 

 

Figure 55: Horizontal force shift during tyre deformation (120) 
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LaClair (121), pointed out that this effect is not a resistive force but an energy loss. 

Schuring (122), proposed renaming Rolling Resistance to Rolling Loss and define it 

as an energy loss of mechanical energy. As a tyre rolls, mechanical energy is converted 

to heat, consuming a portion of the power transmitted to the wheels, leaving less 

energy available to move the vehicle forward. Only about 12 to 20 percent of the 

energy originating in the fuel tank is ultimately transmitted through the vehicle’s 

driveline as mechanical energy to turn the wheels. Rolling resistance consumes about 

one-third of this mechanical energy output. Rolling resistance, therefore, directly 

consumes a small portion (4 to 7 percent) of the total energy expended by the vehicle. 

For most passenger vehicles, a 10 percent reduction in rolling resistance will lead to a 

1 to 2 percent increase in fuel economy and a proportional reduction in fuel 

consumption (122). Duleep and NAS, (123) stated that the rolling resistance consumes 

about a third of the usable energy transmitted to the wheels which equals to 4.2% of 

the original fuel energy in the fuel tank. However, even though Rolling Loss is defined 

as energy per unit distance, it still has the same units as Force [J/m = N].  

The two major factors affecting the overall efficiency of the vehicle would be the tyre 

and road.  ‘It is useful to think of the tyres on the drive wheels of an automobile or 

truck as power transmission devices’ (124). These devices have different efficiency 

values which are highly affected by three parts: 

1. Friction between the tyre and road 

2. Windage loss of the tyre 

3. Hysteretic losses of the tyre materials due to cyclic stressing 

Out of the three, the hysteretic losses would account for about 80-95% of the total 

rolling resistance under normal operation (121). These hysteretic losses are due to the 

rubber compound of the tyre, which is temperature sensitive, being larger at low 

temperatures. This implies that before the tyre is warmed up the rolling loss will be 

higher (124). In addition, at lower temperatures, the tyre’s inflation pressure will be 

low which will further increase the rolling resistance due to the tyre being more 

deflated. ‘For passenger car tyres this reduction is of the order of a third of the initial 

rolling loss, and occurs over a period of 20-30 minute period’ (124). 
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The rolling resistance of a pneumatic tyre is a function of the following factors, the 

ones marked in red were not considered to have a great impact on rolling resistance 

while the rest will be discussed in the subsequent sections: 

• Tyre types - the way they were manufactured (diagonal bias, belted bias and radial 

tyres), most passenger car tyres use the same manufacturing technique 

• Tyre specifications (Width, radius, aspect ratio, speed & energy ratings) 

• Tyre composition (Materials), most passenger car tyres use the same materials 

• Tyre condition (Tread depth) 

• Wheel adjustment, wheel should be kept at the same adjustment always for testing 

• Tyre Inflation Pressure 

• Tyre Temperature 

• Vehicle Speed and running duration 

• Vehicle Load 

• Road surface  

• Road wetness 

4.4.6.1 Tyre specifications 

The tyre’s specifications such as width, radius affect how the tyre’s temperature 

changes dynamically with speed. This alters the contact patch with the road surface 

and therefore the overall rolling resistance which will affect both fuel consumption 

and emissions. Reducing the tyre’s aspect ratio, (section height relative to its section 

width) should stiffen the side walls of the tyre which will reduce hysteresis. However, 

changing tyre geometry is difficult without changing other characteristics of the tyre 

that influence hysteresis, such as mass, material types, and construction features. As a 

result, it can be difficult to know, how specific changes in tyre dimensions will 

translate to changes in rolling resistance (122,125–128). However, some studies reveal 

some general trends such as rim diameter, the tyre’s speed rating, wet traction and 

tread depth. Tyres with a rim diameter of 15 inches or lower had on average 10% 
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higher rolling resistances than higher rim diameter tyres. On average, increasing rim 

diameter by 1 inch, reduced rolling resistance by 5 to 8 percent. Furthermore, by 

decreasing the tyre’s tread depth by 22% would reduce rolling resistance by 10% on 

average (122).  

The relationship between rolling resistance and wet traction is quite difficult to explore 

since most tyres are grade ‘A’ from the rating scheme. Nevertheless, out of 12 tested 

tyres, it was observed that a grade ‘B’ tyre has 5-19 percent lower rolling resistance 

compared to all other tyres, while all else were equal (122). Performance tyres with a 

higher speed rating have a slightly higher-than-average rolling resistance. Compared 

to tyres with lower speed ratings (S, T), tyres with the highest speed ratings (W, Y, Z) 

had 10 to 22% higher rolling resistances, while tyres with middle speed ratings (H, V) 

had 1 to 9% higher rolling resistance. However, performance tyres usually have lower 

aspect ratios, wider section widths, and larger rim diameters than tyres with lower 

speed ratings. Thus, geometric differences in tyres may contribute to rolling resistance 

differentials just as much as the design elements intended to augment performance. 

The rolling resistance variability among comparable tyres was also investigated 

showing that the difference between the highest and lowest value is at least 18 percent, 

and most of the differentials exceed 25 percent (122).  

 
4.4.6.2 Tyre Condition 

As a vehicle travels, the tyre’s tread depth diminishes with wear by scraping with the 

road surface. The tread typically accounts for about one quarter of the tyre’s weight 

and around 15% of it is lost due to wear. Martini, (129) compared the tyre’s rolling 

resistance when the tread was new with various stages of wear (75, 50, 25, and 0 

percent remaining tread). These experiments suggested that rolling resistance declined 

by 26% over the entire wear life. Schuring, (125) conducted similar experiments, 

which resulted in an average rolling resistance loss of 20% over the tread life. For the 

coastdown test scenario, the tyres used should have at least 80% of the tyre tread depth 

which could account for a maximum of 5% decrease in rolling resistance. Therefore, 

this was not included in this stage of the study.  
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4.4.6.3 Tyre Temperature 

Since the tyre’s rubber compound is temperature sensitive, the rolling resistance will 

alter depending on how the car is driven and its temperature.  

• An increase in temperature will cause the inflation pressure to rise due to air 

expansion. This will reduce the tyre’s radial deflection and deformation which 

reduces the contact patch and rolling resistance.  

• The internal damping of rubber decreases with increasing temperature.  

• The friction between the road and the tyre decreases with temperature resulting 

in a reduction of the contribution of local sliding in rolling resistance.  

Usually the tyre starts at a ‘cold state’ which matches the ambient temperature. As the 

vehicle travels, the tyre will warm-up and reach a temperature equilibrium as long as 

there are no aggressive manoeuvres involved. In an urban environment where the car 

is constantly accelerating and stopping, the tyre’s temperature will constantly be 

changing. However, ‘due to the tyre’s poor thermal conductivity it will alter with a 

relatively small set of perturbations’ (124). In the Pneumatic Tyre (130), LaClair states 

that: ‘The variation in rolling resistance as a function of temperature is not linear. 

However, between 10 and 40°C, an increase of 1°C corresponds to a reduction in 

rolling resistance of about 0.6% under normal road operation’. Rolling resistance 

measurements are often expressed with the following equation: 

𝐹--(*$%&) = 𝐹--(COP)	 ∗ (1 + 𝑘k𝑇COP	 − 𝑇B8Ql) Eq. 4-16 

 

Where k is typically in the range of 0.005°C-1 – 0.008°C-1 and has a typical value of 

0.006°C-1. 

In the case of a coastdown test, it was assumed that the tyre temperature would not 

alter by a significant amount during the coastdown test and should be similar to the 

tyre temperature after the warm-up period. 

4.4.6.4 Inflation Pressure 

Rolling Resistance is responsible for 25% of the energy required for a vehicle to drive 

at highway speeds. This value is highly influenced by the tyre’s inflation pressure. An 
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underinflated tyre will deform more. This will result to higher hysteretic losses and 

rolling resistances. Several studies were performed to find the relationship between 

rolling resistance and inflation pressure. However, this is not an easy task since each 

tyre will react differently according to all the factors mentioned in the earlier sections.  

1. Some of the results include Schuring’s study stating that an increase in inflation 

pressure from 25 to 29 psi would reduce rolling resistance by 10%. For tyres inflated 

to pressures of 24 to 36 psi, each 1-psi drop in inflation pressure will increase the tyre’s 

rolling resistance by about 1.4 percent, having a larger effect for inflation pressures 

below 24 psi (122).  

 

2. Lindenmuth, (131) stated that for each 5-psi pressure drop in inflation pressure, 

there would be an increase in rolling resistance by 13%. 

 

Figure 56: Rolling Resistance change with Tyre Inflation Pressure (131) 
 

3. W.K Clamp et al., introduced an expression of the relationship between inflation 

pressure and rolling resistance both when the tyre is at a cold start (Eq. 4-17) and after 

being driven at a sustained speed in the 25-60 mph range for 20 miles (Eq. 4-18). This 

was further justified by Pillai in 2004 with Eq. 4-19 (132).  

 

𝑅𝑜𝑙𝑙𝑖𝑛𝑔	𝑅𝑒𝑠𝑖𝑠𝑡𝑎𝑛𝑐𝑒 = 	
1

𝑃𝑟𝑒𝑠𝑠𝑢𝑟𝑒+.L
 Eq. 4-17 
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𝑅𝑜𝑙𝑙𝑖𝑛𝑔	𝑅𝑒𝑠𝑖𝑠𝑡𝑎𝑛𝑐𝑒 = 	
1

𝑃𝑟𝑒𝑠𝑠𝑢𝑟𝑒+.J
 Eq. 4-18 

 

𝑅𝑜𝑙𝑙𝑖𝑛𝑔	𝑅𝑒𝑠𝑖𝑠𝑡𝑎𝑛𝑐𝑒 = 	
ℎ ∗ 𝑊 ∗ 𝑑 ∗ 𝑤/𝐴
𝑃𝑟𝑒𝑠𝑠𝑢𝑟𝑒+.L	@B	+.J

 Eq. 4-19 

 

where h, W, d, w and A are the fraction of energy lost to total energy input into the 

tyre during a loading/unloading cycle, tyre load, tyre deflection, footprint width, and 

area respectively. This means that if the inflation pressure is increased by 50% the 

rolling resistance is reduced by a third for a cold start and by 25% for a hot start.  

With typical bias tyres at the time it was found that during a hot day of 37°C the 

inflation pressure of tyres after a travelling at 55 mph for 30 min had an increase in 

inflation pressure by 7 psi both at a starting inflation pressure of 24 and 30 psi (133). 

In the RDE tests performed in Spain with ambient temperatures of 33°C. The tyre 

pressures increased by 10 - 15psi for all vehicles. For the coastdown test scenario, 

method number 2 was used and calibrated with recent estimated coastdown values for 

room temperature and -7°C, to an 11% increase in rolling resistance with a drop of 

5psi in inflation pressure. 

4.4.6.5 Vehicle Speed and running duration 
As a tyre is travelling at higher speeds, it will experience a higher deformation which 

will increase heat dissipation and rolling resistance. The relationship between vehicle 

speed and rolling resistance was investigated by W. K Clamp. It was found that a tyre’s 

rolling resistance is fairly independent of speed from 25 to 60 mph (133); (134). S. K. 

Clark, shows a typical plot (Figure 57) of tyre rolling resistance versus running time 

with radial tyres (124). It can be seen that the tyres warm up quickly with the resistance 

values being close to the equilibrium value just after 12 minutes.  
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Figure 57- Rolling Resistance vs Time 

The travelling speed which the tyres warm up is a deciding factor on the tyre’s 

temperature. It is said that the travel speed within the range of normal city and highway 

driving has relatively little effect on rolling resistance (122). This is further justified 

by LaClair testing different warmup speeds for 30 minutes, identifying that the Rolling 

resistance was affected travelling above 90 kph (131). 

 
 

Figure 58- Effect of speed on rolling resistance. Rolling resistance plotted as percentage to 
that measured at 80 kph 

As seen in Figure 58, at moderate speeds the resistance coefficient follows a linear 

function. However, this transforms into a squared function relationship at higher 

speed. By this we can assume that: 
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𝑓B = 𝑓+ + 3.24 ∗ 𝑓D o
𝑣

62.16
p
".L

 Eq. 4-20 

 

where f0 is the basic rolling resistance coefficient, fs is the speed effect coefficient and 

v the speed.  

While testing on a chassis dynamometer, the factor which is not well replicated is the 

air-cooling effect on the tyre. It was found that the side wall temperature of the tyre 

was considerably higher on the chassis dynamometer due to less airflow. This altered 

the tyre’s inflation pressure and rolling resistance where a percentage difference of 

25% was found at 25°C (135). However, in the case of the coastdown warmup time 

which is 20 minutes and at speeds under 80 kph the tyres are assumed to have reached 

a steady temperature and rolling resistance value. 

4.4.6.6 Vehicle Load 

The Rolling resistive Force is often described to be equal to the coefficient of rolling 

resistance and wheel load. It is measured and expressed in terms of a constant rolling 

resistance coefficients.  

𝐹-- = 𝐶-- ∗ 𝑁 Eq. 4-21 

 

where FRR = Rolling resistance force, CRR = Rolling Resistance coefficients and N = 

Normal force. 

J. Ejsmont, investigated how both the values of FRR and CRR vary with load. In the 

following figures, the dotted lines indicate a Uniroyal Tiger paw standard reference 

test tyre (T1077) and the solid lines a light truck tyre (T1063). The change of rolling 

resistance force with Load was proportional for each tyre type. However, the 

relationship between rolling resistance coefficient and load was consistent.  



AMBIENT CONDITION SIMULATION BY THE ADJUSTMENT OF THE ROAD LOAD 

COEFFICIENTS 

 

[119] 
 

 

Figure 59- Rolling Resistance Force vs Load [23] 

 

 

Figure 60- Rolling Resistance coefficient vs Load [23] 

 

In the case of tyre T1077 the coefficients of rolling resistance are independent of load 

for pavements: ISO reference (ISOr20), Dense asphalt (DAC16r20) and Poroelastic 

(PERSr17) but decrease with load for very rough replica of surface dressing 

(APS4r17) However, the behavior of tyre T1063 is different. For pavement APS4r17 
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Coefficients of Rolling Resistance are nearly constant, but for other pavements they 

increase with load. The reason for such behavior could be due to the enveloping 

properties of the tyre treads. An average increase of 8.73 N per 100kg of extra load 

was calculated for the Reference Tyre. However, this varied a lot between two 

different tyre types (136). For the coastdown methodology, a proportional relationship 

was assumed as per Eq. 4-21. 

4.4.6.7 Road Surface 
Pavement type and its properties like texture, smoothness (unevenness), and stiffness 

will influence the rolling resistance and fuel economy of vehicles. Some general points 

were collected such as (137):  

• Mega texture can affect the rolling resistance in a negative way. The greater the texture 

of the pavement, the greater the rolling resistance.  

• Texture could change the rolling resistance of pavement by 5 to 10 percent on average.  

• Mean profile depth (MPD) can alter the tyre’s rolling resistance by an average of 35 - 

50%. 

• Reducing the smoothness (International Roughness Index, IRI) of a pavement from 

130 to 60 inches/mile could save 2.46 percent fuel but could go as high as 4.5 percent. 

However, the effect of smoothness changes with speed.  

• At a speed of 90 km/h, when IRI and MPD increase by one unit, the rolling resistance 

will increase by 4.6% and 15.1% for a car and by 7.1% and 18.4% for a heavy truck. 

• The effects of pavement stiffness and type have been inconsistent 

• How all three pavement components contribute to rolling resistance simultaneously 

has not been investigated.  

• Pavement smoothness has the greatest influence on Rolling Resistance. The effect of 

texture is smaller on well-maintained pavements. 

Excluding the data with low inflation pressures in Figure 61 - 62 the change of rolling 

resistance coefficients to pressure was similar for every road surface. Hence, a 
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percentage difference value was calculated to relate every road surface with the ISO 

standard surface using the standard reference tyre (121), (136). 

 

Figure 61- Rolling resistance coefficient against inflation pressure for different road 
surfaces (136) 

 

Figure 62- Rolling resistance coefficient against inflation pressure for different road 
surfaces and tyres (136) 

A rolling resistance model introduced by Karlsson in 2011 with the inclusion of IRI 

and MPD can be seen below:  
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𝐹-- = 𝑁 ∗ (𝐶--'' + 𝐶--(%)* ∗ 𝑇 + 𝐶--+,- ∗ 𝑀𝑃𝐷 + 𝐶--./. ∗ 𝐼𝑅𝐼 + 𝐶--./.0 ∗ 𝑣) Eq. 4-22 

 

where the coefficients such as 𝐶$$$$ , 𝐶$$%&' etc. can be determined by regression.  

4.4.6.8 Road wetness 
Even though, the rules specify that the coastdown test shall be performed in dry road 

conditions, a study was performed to investigate the water film influence on rolling 

resistance on different pavements and at different speeds. Rolling resistance increased 

on wet surfaces caused by hydrodynamic phenomena and cooling effect of water that 

decreases tyre temperature. This increase could be as high as 50% and it was observed 

that (138):  

• The increase of rolling resistance is higher for higher speeds 

• Water film thickness has a considerable influence on rolling resistance 

• At low speeds (30 km/h), even thin water films had a considerable impact on 

rolling resistance changing the coefficient of rolling resistance by a considerable 

amount 

• Large water thicknesses trigger hydrodynamic effects dissipating energy by water 

turbulences. This creates standing waves at the leading edge of the tyre which the 

water at this edge moves the vertical reaction force forward the axel line, thus 

increasing rolling resistance but not increasing the coefficient of rolling resistance 

• A tyre drops in temperature by 6 - 7 °C due to surface wetness and this directly 

increases rolling resistance by 10% 

• Road surfaces with larger aggregate size can drain water more easily lowering 

rolling resistance increase during very wet conditions 

• In areas where ‘drainage’ did not occur, water acts as a lubricant between the road 

and the tyre which may lead to slippage 
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4.4.7 Assumptions: 
In a coastdown test scenario some of these forces can be assumed to be negligible such 

as: 

• Side forces, since the car is moving straight 

• Losses from the use of Auxiliary equipment, since everything should be switched 

off 

• Gravitational force, since the road is flat 

• The effect of Wind since it is cancelled out by repeating the same test in different 

directions 

• Dry road surface 

 

4.5 Methodology 
The ambient condition simulation by the adjustment of the road load coefficients also 

referred to as the Coastdown Tool (CDT) was produced in MATLAB and was split 

into three stages of operation. A picture of the user interface can be seen in Figure 63 

with the operational steps marked red:  

• The coastdown target times are inputted for each time gate obtained from the 

coastdown test (1) 

• The actual coastdown test conditions are inputted including the ambient conditions 

and the characteristics of the vehicle (2) 

• The theoretical coastdown ambient conditions are inputted (3) 

• If known the actual and theoretical road surfaces are inserted (4) 

• The accuracy of the tool is selected where higher accuracies equate to higher 

computational time (5) following the press of the calculate button (6) 

• The level of accuracy of the results can be inspected using the actual and modelled 

lines on the graph and the displayed numbers at (7). The closer they are to each 

other the higher the accuracy 
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Figure 63- Coastdown Tool User Interface 

 

4.5.1 Original Road load Coefficient matching 
The methodology starts off by calculating the road load coefficients during the actual 

experimented coastdown. This is done by calculating the acceleration using the data 

provided in the target coastdown times using Eq. 4-23. 

 

𝐴𝑐𝑐𝑒𝑙𝑒𝑟𝑎𝑡𝑖𝑜𝑛 = 	
𝛥𝑠𝑝𝑒𝑒𝑑
𝛥𝑡𝑖𝑚𝑒

 Eq. 4-23 
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This is then multiplied by the mass of the vehicle which will result into a resultant 

resistive total force. A Force against velocity graph is then plotted which the road load 

coefficients are obtained using polynomial regression in the form of Eq. 4-1. These 

values can be seen in the actual road load coefficients section as F0, F1 and F2 (7). 

 

4.5.2 Breaking down the total resistive force 
The second stage is to split the total resistive force into the aerodynamic drag and 

rolling resistive force as per Eq. 4-24. If a drag coefficient value was not measured in 

a wind tunnel test, the resultant resistive force equation had two rolling resistive 

coefficients and a drag coefficient. If a value was given, then three rolling resistance 

coefficients are calculated. This is done to balance out the 𝐹% and 𝐶& terms which make 

out the velocity squared term and reach to the optimum solution. 

𝐹 = 	
𝜌. 𝛢. 𝐶= . 𝑉"

2
+𝑚. 𝑔. (𝐶BB + 𝐶BB". 𝑉	 +	… 	𝐶BB?. 𝑉?S!) 

Eq. 4-24 

 

 

A genetic algorithm (GA) method was used as an optimization technique to alter the 

coefficients of the equation and minimize the error between the actual and theoretical 

Force against velocity curves. The error used was defined as the sum of the percentage 

difference between the road load coefficients of the curves and magnified to the power 

of 4 to enlarge the error as in Eq. 4-25.  

𝐸𝑟𝑟𝑜𝑟 =sg[
𝐹0𝑎 − 𝐹0𝑡	

𝐹0𝑎 \
T
+ [

𝐹1𝑎 − 𝐹1𝑡	
𝐹1𝑎 \

T
+ [

𝐹2𝑎 − 𝐹2𝑡	
𝐹2𝑎 \

T
i Eq. 4-25 

 

where the subscripts a and t correspond to the actual and theoretical coefficients 

accordingly. ‘Genetic algorithm is a method for solving both constrained and 

unconstrained optimization problem that is based on natural selection’ (139) 

mimicking a biological evolution. The genetic algorithm selects random individuals 

out of a population to be the ‘parent’ and uses them to produce the ‘children’ of the 

next generation. Over the predetermined number of generations, the population 

Aerodynamic Drag         Rolling Resistance 
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evolves towards an optimal solution. It is used to solve optimization problems which 

the objective function is ‘discontinuous, non-differentiable, stochastic, or highly 

nonlinear’ (139). Since the genetic algorithm is not consistent, producing different 

results each time due to the nature of the function, the break down process of the total 

resistive force is repeated in 10 times until the user selected error is reached by the 

optimization tool. A list of the genetic algorithm options is listed in Table 11. 

Table 11 - Genetic Algorithm Settings 

Number of populations 50 

Number of generations 150 

Coefficient lower boundary (f0, f1, f2) 0.15 ; 0 ; -1 

Coefficient upper boundary (f0, f1, f2) 0.5 ; 1 ; 1 

Tolerance Eps = e^(-52) 

 

4.5.3 Simulation of the alternative ambient condition test 
Once the actual and theoretical road load coefficients are matched, the next step is to 

transition the forces to the alternative ambient environment using the following 

designed formulae: 

𝐹 = 	
𝜌. 𝛢. 𝐶= . 𝑉"

2
+ (𝑚 +𝑚𝑒) ∗ 𝑔 ∗ (𝐶BB + 𝐶BB". 𝑉) ∗

𝑠1
𝑠2
∗ 𝑋 Eq. 4-26 

 

𝑋 =

⎝

⎜
⎛

g𝑤𝑚𝑙𝑡 ∗
(100 − (𝑃𝑡𝑦𝑟𝑒 − 𝐹𝑝1) ∗ 2.3)

100
i +

f(1 − 𝑤𝑚𝑙𝑡) ∗
(100 − (𝑃𝑡𝑦𝑟𝑒 − 𝐹𝑝2) ∗ 2.3

100 j
⎠

⎟
⎞

 Eq. 4-27 

 

where me is the extra load, s1 and s2 are the surface correlating coefficients, wmlt is 

the weight distribution of the vehicle, differentiating the front and rear tyre rolling 

resistances since they are commonly set at different inflation pressures. This way the 

change in pressures will alter the rolling resistance differently. 
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4.6 Ambient conditions effect on road load and total energy 

results 
The effects of the different variables such as temperature, altitude and humidity on the 

total resistive force was investigated more thoroughly by keeping all other variables 

constant using the CDT. The results are analysed in the following subsections. It is 

important to note that the effect on the powertrain or EAT was not included in this 

study. 

4.6.1 Temperature Effect on Force 
A reference of 20°C was used to calculate the percentage difference of the Resistive 

force by the temperatures. It was found that temperature affects both air density and 

tyre inflation pressure, hence, altering both Drag and Rolling Resistances. Higher 

temperatures result in larger overall Resistive Force, with a peak percentage difference 

of 6.2% with a change of temperature by 20 degrees.  

 

Figure 64- Temperature effect on Force 

-8

-6

-4

-2

0

2

4

6

8

5 10 15 20 25 30 35

Pe
rc

en
ta

ge
  D

iff
er

en
ce

 [%
]

Velocity (m/s)

Temperature effect on Force

0 °C

5 °C

10 °C

15 °C

20 °C

25 °C

30 °C

35 °C

40 °C



AMBIENT CONDITION SIMULATION BY THE ADJUSTMENT OF THE ROAD LOAD 

COEFFICIENTS 

 

[128] 
 

 

Figure 65- Drag and Rolling Resistance Significance 

 

Rolling Resistance had a higher impact at low speeds whereas Drag Resistance was 

more dominant at higher speeds at about 82%. The two resistive forces were estimated 

as equal at a low velocity of 14 m/s. An estimation of the energy consumption of a 

vehicle during a WLTP with different temperatures was calculated as well. With a 

difference of -20 degrees, an energy difference of 5.7% was shown. 

 Table 12- WLTP Energy comparison with temperature 

Temperature °C 0 5 10 15 20 25 30 35 40 

Difference [%] 5.69 4.25 2.82 1.40 0 -1.39 -2.76 -4.12 -5.48 
 

4.6.2 Altitude Effect on Force 
A reference of 0m was used to calculate the percentage difference of the total Resistive 

force by the altitude. It was again shown that higher speeds resulted in a larger 

percentage difference, with a peak of -11.9% with an increase in altitude to 1200m. 

Even though Altitude will affect the ambient temperature it was left as a user input, 

hence having a constant temperature was assumed and only the air density changed. 

Drag Resistance was found to have a higher significance on the overall Resistive Force 

throughout the velocity range compared to the rolling resistance. 
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Figure 66- Altitude Effect on Force 

 

Figure 67- Drag and Rolling Resistance Significance 

 

Having an altitude difference of 1200m would result in spending 9.8% less energy for 

a WLTP which would highly affect fuel consumption.  

Table 13- WLTP Energy comparison with Altitude 

Altitude (m) 0 200 400 600 800 1000 1200 

% Difference 0.00 -1.59 -3.19 -4.81 -6.44 -8.09 -9.76 
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4.6.3 Humidity Effect on Force 
A reference of 0% humidity was used as a baseline. It was found that humidity only 

affects the air density and is entirely responsible for the drag resistance of the equation. 

At higher velocities a larger percentage difference was noted, having a maximum 

percentage difference of -0.65% with an increase of humidity to 100%. This makes 

humidity the least important factor out of the investigated variables in terms of its 

effect on force. However, this variable is still significant in terms of its effect on the 

engine out emissions. 

 

 

Figure 68- Effect of Humidity on Force 

 

The energy difference needed for a WLTP cycle with 100% difference in humidity 

was -0.52% further justifying how negligible the effect of humidity is. Humidity could 

alter the powertrain performance which could affect these values by a higher value. 

However, this was not included in this study. 

    Table 14- WLPT Energy comparison with Humidity 

Humidity (%) 0 20 40 60 80 100 

% Difference 0.00 -0.10 -0.21 -0.31 -0.41 -0.52 

 

-0.7

-0.6

-0.5

-0.4

-0.3

-0.2

-0.1

0
5 10 15 20 25 30 35

%
 D

iff
er

en
ce

Velocity (m/s)

Effect of Humidity on Force
0%

20%

40%

60%

80%

100%



AMBIENT CONDITION SIMULATION BY THE ADJUSTMENT OF THE ROAD LOAD 

COEFFICIENTS 

 

[131] 
 

4.6.4 CDT Review 
An overview of the advantages and disadvantages of the method are summarized in 

Table 15. 

Table 15- CDT Advantages and Disadvantages 

Advantages Disadvantages 

Quick computational time 
GA function does not provide identical results every 

time 

High levels of fit 
Unreliable simulation of the alternative ambient 

conditions due to insufficient validation data 

Simple methodology 
Generic relationships for additional load and road 

surfaces due to insufficient data 

Could aid in the RDE replication 

process for a chassis dynamometer or 

engine test bed with just a coastdown 

test which is already mandatory for the 

RDE regulations 

 

 

The main issue with the developed method is having insufficient data to justify the 

changes in the resistances and having limited data for validation. The calculated values 

were only validated through the work found in literature and through standard 

coastdown legislative times comparing 23°C and -7°C which showed a very good 

match. Therefore, tyre tests were carried out in the next section to identify the effect 

different variables have on the resistive forces. 

 

4.6.5 Coastdown chassis dynamometer tyre testing for theory 

validation purpose 

4.6.5.1 Introduction 
A set of tyres was tested on the chassis dynamometer to check the magnitude of the 

rolling resistive force along with the effect inflation pressure and tyre temperature has 

on rolling resistance and emissions. This test was done to act as a validation test for 
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the coastdown tool’s estimated range on the road load and more specifically for the 

rolling resistance. 

4.6.5.2 Methodology 
Two tests were carried out to investigate the effect tyre pressure and tyre temperature 

have on coastdown times and to the resistive forces. The front tyres were equipped 

with torque transducers as seen in Figure 69 and the vehicle was locked in place using 

a metal bar. The torque transducer was a Kistler RoaDyn P106 and the vehicle used 

was a Peugeot Sharan. The following procedure was followed before every test: 

1. For all tests the vehicle was soaked overnight at 23°C with the tyres inflated at 

35 psi which was the lower manufacturer limit.  

2. The same load coefficients were used on the chassis dynamometer for all tests  

3. The tyre pressure was checked early morning and a 20-minute warmup period 

was performed at a steady speed of 118 km/h.  

4. Three consecutive coastdown tests were performed.  

 

Figure 69- Tyre testing set-up 

4.6.5.3 Test one 
For the first tyre test, after performing the steps mentioned earlier, the following 

procedure was carried out: 

1. The tyre pressure was changed from 35psi to 39psi which was the upper 

manufacturer limit. 

2. Without having an extra warmup period three coastdowns were performed.  



AMBIENT CONDITION SIMULATION BY THE ADJUSTMENT OF THE ROAD LOAD 

COEFFICIENTS 

 

[133] 
 

3. A normal warmup period was initiated  

4. Three additional coastdowns were done with an inflation pressure of 39psi.  

5. The pressure was increased to 45psi and an additional three coastdown tests 

were performed.  

The pressure of 45psi was chosen because it was below the maximum tyre limit of 

50psi but higher than the upper limit of 39psi, in an attempt of simulate an increase in 

pressure after a drive which was typically a pressure increase of 10 psi. The coastdown 

times can be inspected in Table 16. Contrary to the expectations, it was noticed that 

the 39psi tests which were carried out straight after the 35psi tests had lower 

coastdown times compared to the 35psi tests. This was believed to be the case for two 

reasons. In between each test there was on average a 10 min waiting time to initiate 

the next test which cooled down the temperature of the tyres. The gas inserted in the 

tyres to inflate them to a higher pressure was at a lower temperature which cooled the 

tyres internally even further. This led to an increase in the tyre’s radial deflection 

which increased the contact patch area and rolling resistance leading to slower 

coastdown times.  

Table 16- Coastdown Times Test 1 

Pressure (psi)  Time (s)  

 Coastdown 1 Coastdown 2 Coastdown 3 

             Warmup 

35 psi 180 179.3 178.2 

39 psi 174.2 177.1 179.2 

            Warmup 

39 psi 180 178.5 177.1 

45 psi 191.4 189.5 187.8 

 

The coastdown times for the 35 and 39 psi pressures followed by a warmup phase 

were almost identical which may indicate that the upper and lower limits set by the 

manufacturer don’t affect the rolling resistance by a significant amount. When the 

tyres were over-inflated to 45psi pressure there was a large increase in coastdown 

times compared to the 35psi in coastdown times of over 11 seconds. This is similar to 
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the coastdown tests performed by FEV (Figure 26) where an increase from 181s to 

192s (6%) was noted for an increase of 0.8 bar (11.6 psi). As the literature states in 

Section 4.4.6.4 the Rolling resistance is responsible for roughly 25% of the total 

resistance and an increase of 10 psi will lead to a decrease in rolling resistance by 26%. 

Therefore, a 6.5% increase in coastdown time will be experienced, matching the 

experimental results. 

4.6.5.4 Test two 
The second test was repeated several times on different days by following the standard 

process mentioned at the start the following procedure took place: 

1. A WLTC test was performed followed by three coastdown tests.  

2. The tyre pressures were adjusted to 39 and 45 psi again, performing 

coastdowns in between each phase.  

3. An additional 3 coastdowns were performed after 10 minutes of the last test 

with the same inflation pressure to test the temperature influence.  

The results in Table 17 show that the WLTC test increased the coastdown times by a 

small amount which may indicate that the warmup period is not sufficient. The 

transition to 39 psi only increased the average times by 2 seconds. However, the 45-

psi pressure increased the average by almost 9 seconds. The 10-minute break in 

between the 45psi tests decreased the coastdown times by 14 seconds down to the 

same level of the 35-psi test showing the impact of the tyre’s temperature.  

Table 17- Test 2 Coastdown Time results 

Pressure (psi)  Time (s)  

 Coastdown 1 Coastdown 2 Coastdown 3 

             Warmup 

35 psi 173.9 172.4 171.6 

             WLTC Test 

35 psi  174.7 173.1 172.2 

             Warmup 

39 psi 178.2 175.3 173.7 

             Warmup 
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45 psi 187.1 179.5 178.3 

             Break 

45 psi 172.7 173.9 174.5 

  

The variability from the first part of the test was tested each day since the procedure 

was the same, eliminating any other variables such as different tyre temperatures both 

internally and externally. It was understood that there was an inconsistency with the 

average coastdown times shown in Table 18. This was mainly due to the dynamometer 

itself, however, the difference in times is significant which creates an uncertainty on 

the rest results. 

Table 18- Day to day reproducibility 

Pressure Day 1 Day 2 Day 3 Day 4 

Time (s) 179.2 173.2 179.4 172.6 

 

The wheel torque transducer readings were then transformed to the Overall Force 

readings using the tyre’s outer radius. Then the Road Load Force applied by the 

dynamometer was subtracted to get the Rolling resistive Force. The readings were 

averaged over the coastdown velocity gates and then a filter was used to remove any 

noise from the data. The results were then compared to the coastdown tool results 

which showed that the resulting rolling resistive forces were at a similar range as seen 

in Table 19 but perhaps of a slightly different gradient. However, their magnitude 

differences are on the range of 20N which could be negligible compared to the overall 

driving force. 

      Table 19- Wheel Torque Transducer Rolling Resistance estimation 

Velocity 

(km/h) 

CD Tool Rolling Resistance 

Force (N) 
Wheel Torque Resistance Force (N) 

120 219.45 240.39 

110 208.62 227.21 

100 197.79 214.03 

90 186.9 200.85 

80 176.06 187.67 
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70 165.24 174.49 

60 154.46 161.31 

50 143.67 148.13 

40 132.82 134.95 

30 121.9 121.78 

20 111.02 108.60 

 

4.7 Conclusions 
The work from Chapter 4 has developed the coastdown tool section of the overall RDE 

methodology seen in Figure 70, where it will be used for both the generation of 

artificial cycles and the transformation of the cycles into higher emission cycles. 

Furthermore, the following conclusions were derived from the work presented in this 

chapter: 

• Tyres come in different sizes, materials and act differently on different surfaces 

making it a resource heavy task to perform tyre tests before an RDE test. However, 

the different individual parameters have a maximum difference in rolling resistance 

of 25% between tyres. 

• It was identified that most complicated force to analyse is the rolling resistance of 

the tyre. Even though it is not the most significant factor in terms of work done and 

emissions, it still accounts for 4-7% of the total energy expended by the vehicle. 

However, since other variables such as aerodynamic drag can be easily determined, 

a better replication of emissions due to the rolling resistance could still be 

significant in a vehicle’s validation process.   

• Many factors affect rolling resistance including the way the vehicle is driven, the 

duration of the drive, the tyre specifications, and conditions of the road. It was 

understood from the coastdown tyre testing that the tyre temperature had the highest 

impact towards the resistive force. This means that effect both internal and external 

temperatures of the tyres have on rolling resistance need to be further researched. 

• The maximum difference in the energy required to complete a WLTC test by 

altering a single variable of ambient conditions was 10%. The powertrain’s effect 

in these conditions was not considered but only the road loads. This means that if 
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more variables are changed at the same time and the powertrain’s effect is also 

added this value could increase significantly and must be further investigated. 

 

 

Figure 70- RDE methodology Chapter 4 
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Chapter 5   
Real driving emission Markov - 

Chain PID controlled random cycle 

generator 
The focus of this chapter revolves around the generation of artificial cycles with an 

objective of adapting them for RDE. The methodology described in this Chapter will 

be used as a foundation for testing vehicle emissions in conjunction with the algorithm 

described in Chapter 4 to simulate different environment road loads. The aims of this 

chapter are to: 

• Review the existing cycle generating methodologies through Literature 

• Develop a random cycle generating methodology designed specifically for 

RDE which would expand the vehicle emission test data. This will include 

different combinations of speed profiles, altitude profiles and gear shifting 

strategies which all can be combined in exploring as much area of the RDE 

box as possible with the minimum amount of data 

• Evaluate the method’s effectiveness in terms of achieving the target 

specifications of the cycle including stop times and driver aggressiveness  

• Quantifying the expandability in the operating regions of the vehicle by the 

generation of random RDE cycles which would limit the data required to 

explore the RDE region 

• Critically analysing the work and identifying the method’s potential and 

limitations 
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5.1 Introduction  
Drive cycles are valuable tools which set the boundaries for testing vehicle emissions. 

They provide a relatively stable and repeatable ‘environment’ for the testing and 

tuning process to take place. Therefore, vehicle manufacturers have been using them 

as a means for testing their vehicle designs for the past decades. Furthermore, even 

beyond the legislative cycles, manufacturers will often have internal cycles as part of 

their performance sign-off process.  

Longitudinal vehicle speed traces provide “convenient laboratory-based means to 

estimate fuel consumption and emissions of vehicles within the respective urban 

areas” (140). Furthermore, emissions, component sizing and architecture of hybrid 

vehicles and Energy Management Strategies (EMS) are highly influenced by the drive 

cycle (141,142). To ensure the vehicle’s legality, several tests are performed on a 

vehicle before its release. These tests comprise of a drive cycle-based operation for 

sign off of emissions compliance and can be tested on the road, on a chassis 

dynamometer or through simulations by replicating the real world in a virtual 

environment.  

Following the work described in Chapter 3, it was concluded that to face the RDE 

problem, the random artificial cycles methodology would be used because a lot of data 

can be generated from a few. By generating a large distribution of random cycles, it 

would be possible to run these cycles through a simulation suite and determine if a 

new to market vehicle was likely to be compliant with a limited number of resources 

required, reducing the carbon footprint of the process. The simulation suite will follow 

the process seen in Figure 71, which includes the generation of a velocity profile, an 

altitude profile, a gear shifting strategy and the process of running the RDE legislative 

checks. The highest emitting transformed cycles can be then simulated for the worst 

ambient conditions and potentially tested using the EiL method. 
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Figure 71- RDE Methodology Chapter 5  

 

5.2 Existing Mathematical techniques for cycle generations 
From literature, the majority of cycle generation methods typically follow the 

following steps: Real world data collection, Data segmentation, cycle generation, 

cycle evaluation and selection (143). Existing literature categorises cycle construction 

methodologies into four main types. A fifth type was added to include some other 

unique methods:  

1. Micro trips,  

2. Segments,  

3. Pattern classification,  

4. Modal, 

5. Other methods 

These will be explained briefly in the following section where more emphasis will be 

given on the method used for the RCG which is the modal-based cycle construction 

method.  
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5.2.1 Micro-trip Based Cycle Construction 
The real cycles are cropped into micro-trips, where each one is defined as “a driving 

activity between adjacent stops, including the leading period of idle” and are typically 

in the range of 10 to 300 seconds (143)(144). The micro-trips are analysed by different 

statistics such as the frequency, average, maximum and minimum speed and 

acceleration and they are chained together to form a driving cycle. The selection of 

micro trips is based on three methods (145), (146):  

• Random 

• The best trip based on the driving cycle target characteristics 

• A combination of both 

Some limitations of this method include that the micro-trips do not differentiate by 

various types of driving conditions such as roadway type or Level of Service (LOS). 

Therefore, replicating these driving activities  under a particular driving condition is 

difficult (147). Furthermore, these methods do not reflect the range of a vehicle’s 

operating conditions by “the intensity and duration of modal events.” This is because 

the statistics of micro-trips can be similar, but their emissions rates may be different 

(148–150).  

Another variant of this method was looked by Cheng (151), where a Discreet cosine 

transform based driving cycle was developed by splitting the whole route into speed-

distance length-fixed micro-trips and each one converted into a frequency sequence. 

Then a probability density function was assigned to each coefficient of the frequency 

components, which was used to generate random driving cycles. Usually, the low 

frequency components are decided by terrain topology and traffic congestion. The 

medium-frequency components are decided by traffic flow, driving characteristics and 

the high-frequency components are decided by road condition, rapid driving 

manoeuvres, spontaneous reactions. Therefore, different coefficients can be used to 

generate different cycle characteristics. This way the sequence components are 

orthogonal and can be adjusted independently which is an advantage compared to the 

traditional methods which many parameters are dependent on each other. Then based 
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on the frequency coefficients, the micro-trip sequence is calculated and then the 

reconstruction of the cycle is done by connecting different micro-trips.  

The benefits of using this method include obtaining very similar generated 

characteristics to the recorded data in terms of speed-acceleration-frequency profiles 

and its uniqueness. However, the authors of this study did not present any vehicle 

emission comparisons between the real cycles and the generated ones since their study 

was based on EV’s. They presented the error between the positive acceleration kinetic 

energy of the generated cycle compared to the original one which was very small 

making it a very promising method.  

 

5.2.2 Segment-Based Cycle Construction 
The segment-based method differentiates between different road types or LOS in 

addition to stops and can start and end at different speeds (152). This allows the 

development of cycles with specific conditions but introduces an issue of connecting 

segments of different velocities and accelerations. The selection of segments works 

similarly to the micro-trip method. This method is limited by the view and creation of 

the cycles with a transportation engineering perspective which is less related to 

emissions (143). However, this method is suitable for traffic engineering purposes and 

expressways, because there are no adjacent stops between the origin and destination 

(153). 

Perish (154), has developed a methodology for obtaining new regression points for 

transit bus emission and fuel efficiency modelling from experimental data in order to 

tackle this issue. It was achieved using an evolutionary algorithm with customized 

components in terms of genetic representation and genetic operators by defining the 

segments as genes. The segments were duplicated and combined to obtain the desired 

overall characteristics of the new cycle. However, in this study only a few variables 

were considered such as average speed, stops per mile, percentage of idling, standard 

deviation of speed and the kinetic intensity of the cycle. This excludes several 

important RDE variables such as v.apos[95], RPA and other emission gases.  
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5.2.3 Cycle construction with pattern classification  
This method is widely used to construct drive cycles with some examples including 

the ECE15 European Drive Cycle, the WLTC and the ARTEMIS driving cycles 

(27,153). They operate using “kinematic sequences” which are similar to the micro-

trip method. Each sequence includes an idling phase followed by a running phase and 

can be analysed using multiple variables with examples such as (155–158): 

• Sequence duration 

• Idling period  

• Travelled distance  

• Mean 

• Maximum 

• Standard deviation 

• Percentile of driving modes (20%, 80%) 

The sequences are then classified and sorted into classes typically by the use of 

statistical analysis and a clustering approach (159,160). Even though the classes may 

suggest a specific LOS, the road type parameter is not represented in the data. The 

drive cycles are constructed by sorting the classes into groups (urban rural and 

motorway) to account for trip typology of road types, and then sequences are selected 

depending on the distribution of the original data. It was also proposed by Dembski 

(160), to generate the drive cycles by choosing the kinematic sequences from the 

existing database randomly following distributions obtained from the kinetic 

sequences. This method is effective for long and regular drive cycles but inadequate 

for short and more precise driving cycles (161). This is because of the size of the 

sequences being relatively large making small adjustments during the cycle hard to 

achieve. 

The limitation of this method is that the units of the cycle construction and sequence 

classes are not directly related to emissions. In addition, the classification of the 

sequences is based on a chi-square distance of speed-acceleration joint distribution 

which differentiates the kinematic driving activity but does not necessarily 

differentiate the emissions of these activities (143), (147). As per Ericsson’s study 



REAL DRIVING EMISSION MARKOV - CHAIN PID CONTROLLED RANDOM CYCLE 

GENERATOR 

 

[144] 
 

(162), this can be improved by implementing a detailed description about the driving 

pattern factors and their influence on fuel use and exhaust emissions. However, the 

pattern classification method overall requires a large dataset which is counterintuitive 

of reducing the overall carbon footprint and testing resources. 

 

5.2.4 Modal Cycle construction  
The Modal cycle construction method views “real world driving as a sequence of 

acceleration, deceleration, cruise or idle modes” and has the advantage over the other 

methods on creating a realistic emission cycle. Each mode is only dependent on the 

previous state, and they can start and end at any speed value. The steps used to create 

a driving cycle include:  

• The partitioning of the original driving cycle into ‘snippets’ based on acceleration 

using a maximum likelihood estimation (MLE) clustering technique (163) 

• The classification of the snippets into modal bins 

• The creation of a transition probability matrix including the probabilities of 

transitioning from each modal bin to the rest 

• A Markov chain process to generate the cycle by identifying the next modal bin 

and snippet (141) 

The limitations of this method are that the criteria used to combine the snippets 

together are random and that the cycles are constructed for a specific LOS which 

makes the number of cycles needed to represent the real driving emissions unknown 

(141). Furthermore, since it is a stochastic process, there is no guaranty that the 

resulting profile is physically plausible. Lastly, the road-type partitioning has major 

effects on emission results which increases the risk of generating an unrealistic cycle 

(164). The estimated emissions depend on the mission profile and speed patterns; 

hence, strong variations among different phases are to be expected in terms of average 

speed and traffic situation.  
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To further improve this method to represent real world emissions, Zhen introduced a 

dynamic statistical analysis of driving patterns by using a mathematical procedure 

called Principal Component Analysis (PCA) and a cluster analysis to characterize 

emissions-related driving activity and a cycle synthesis for specific driving patterns 

by partitioning continuous driving into modal bins based on their intensity and 

duration of speed and acceleration (143). Gong (161), also used the PCA to transform 

a number of possibly correlated variables into a smaller number of uncorrelated 

variables. These principal components form a group of orthogonal basis for space of 

the data.  

The k-means clustering technique was also used to split the cycle into segments which 

were used in combination with traffic information constraints to simulate real driving 

situations for the stochastic velocity generation model using Markov Chains. Some 

further work by Gong (165), used  traffic information from external systems like the 

Intelligent Transportation Systems (ITS) or the Geographic Information Systems 

(GIS).  However, due to the simplicity of some models it could not represent real 

driving patterns properly in the urban region and the complexity of modelling the 

highway was hard to calibrate making it hard to use for real time situations (161). 

Gong’s work showed some promising achievements by generating precise velocity 

profiles for different driving patterns under different traffic density conditions. 

However, the clusters used were very large in size where large amount of data are 

needed making it hard to model specific events. 

TNO Automotive, have developed a random cycle generator designed specifically for 

RDE which uses two separate stochastic generators: one for generating the road type 

and one for generating the vehicle acceleration. First, a random road type profile is 

generated from the four different road types in the WLTP database: urban, rural, 

motorway and high motorway, each of them with sub-road types based on different 

velocity bins. For each sub-road type, speed and acceleration data are used to partition 

the data into classes and states. The second random generator function is used to 

generate the vehicle acceleration corresponding to the already generated road type. 

Lastly, the speed profile is derived from the random generated acceleration profile 

(166,167). 
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This creates a more random and wider coverage of speed-acceleration states compared 

to the short-trip approaches and adds flexibility to adjust the cycle for vehicle 

limitations during generation. Using road-types covers the assumption that the driver 

will not behave the same when transiting a rural road or when driving on a motorway; 

as such, the acceleration will have a statistically different behavior, and vehicle 

(engine) dynamics will be different for different speeds. A further advantage of using 

a sub-road type approach is that it increases the steady driving situations, while 

maintaining the variability within a speed-band, all with the same probability 

distribution as taken from measurement data. In other applications, this method can be 

used for load cycle prediction if augmented with routes from navigation equipment or 

route prediction. TNO’s main disadvantage is the lack of targeting specific driver 

aggressiveness profiles and the implementation of a real road load validation 

technique using the specific vehicles torque map. It also uses the WLTP cycle for data 

and doesn’t include any altitude profile to calculate the actual road load but rather 

using the maximum allowed acceleration of the vehicle.  

Lin and Neumeier, (163) developed an approach where seed microtrips were selected 

which then an iterative stochastic procedure followed until the best match speed-

acceleration frequency distribution with the smallest performance value (PV) was 

achieved. This method led to some difficulties in reaching the desired driving 

distances with representative driving patterns due to subjective weightings in PV 

evaluations, ambiguity in determining adequate states in the stochastic process, and 

relatively long-time duration of the microtrips. Adornato (168), then proposed the 

utilization of Markov chains and TPMs to capture features of naturalistic driving and 

was further refined by Lee and Filipi in (169) and validated in (170). 

 

5.2.5 Other methods 
Other methods were also researched including Karlsson’s method (171), of composing 

drive cycles based on traffic condition simulations in association with the simulation 

software VISSIM and traffic information from the national road database. This was 

further investigated by several automotive firms which used GPS and traffic 
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information to generate cycles. However, the predicted drive cycles with the current 

ones had reasonable differences especially in the urban region. 

Lastly, a novel method developed by Nielsen named the mean tractive force method 

or specific energy (172) was to merge the Markov chain approach introduced by 

Nyberg (173).  The idea was to have generate driving cycles that have the same 

excitation in the mean tractive force to the original driving cycles. The method was 

able to generate several equivalent driving cycles which are similar. However, after 

the Markov chain generation of the velocity profile, the values were changed for it to 

make the vehicle excitation similar. This looks at the cycle with an engineering point 

of view and may have same negative effects on the emission side later.  

 

5.2.6 Summary 
A summary of the methods along with their advantages and disadvantages is portrayed 

in Table 20 followed by a description of the suggested method forward.
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 Table 20- Summary of Existing Mathematical Techniques for cycle generations 

Method Advantages Disadvantage 

Micro 
trip 

• Simple and popular method (70) 

• Low computational requirements (70) 

• Good Fuel consumption and emission 

results with large datasets (169) 

• Based on real driving data, covering each 

stop–go condition that happens due to 

traffic congestion (153) 

 

• Does not differentiate various types of 

driving conditions (153) 

• The starts and ends of micro-trips are 

specific speed, acceleration and duration 

(152) 

• Does not reflect an accurate intensity and 

duration of events (152) 

• It is repeatable but not reproducible because 

it is stochastic by nature (174) 

Segment 
Based 

• Differentiates various types of driving 

conditions (152) 

• Segments can start and end at different 

speeds (175) 

• Suitable for traffic engineering purposes 

(153) 

• Suitable for expressways (153) 

 

• Engineering perspective less related to 

emissions (153) 

• Difficult to replicate on the road 

• Does not reflect an accurate intensity and 

duration of events (152) 

• Chaining the trip segments into a DC 

requires the speed and acceleration between 

two consecutive connection points to be 

matched (71,175) 

Pattern 
Classific
ation 

• Very established method with a lot of 

available information about it, showing 

high reliability 

• Highly analytical method 

• Random criteria used to combine snippets 

• Cycles constructed for a specific LOS 

(143) 

• No guarantee that the cycle is feasible  

• More complicated technique with more 

information requirements (143) 

• Looks at the cycles with an engineering 

point of view (143), (147) 

 

Modal 

• Can achieve a higher variability of 

results by manipulating the cycle sates 

• Focused on the emission side 

• Driving patterns are divided into driving 

modes (153) 

• The actual traffic conditions are 

represented (153) 

• Risk of generating unrealistic cycles  

• Highly complicated 

• Uses an engineering perspective 

Other 
• High technical method with a unique 

point of view 
• Unrealistic with high risk 
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Based on the findings of Table 20, it was decided that the modal technique was the 

best fit for the RDE challenge mainly because it can focus on the emission side of the 

problem and that it can achieve a high variability of the results using a less data 

compared to the other methods as well. This means that through the use of a small 

dataset, a larger dataset can be obtained using this method compared to the rest. Hence, 

a higher variability of emission results will be obtained as well, expanding the 

explored region inside the RDE ambient condition. Most of its disadvantages 

including the risk of generating unrealistic cycles could be dealt with by the use of a 

validation procedure. This can be achieved using the road load and power 

requirements of the vehicle during the drive that could be checked against the power-

torque limits of the vehicle. 

 

5.3 Methodology  
The random cycle generator was developed with an aim to aid the RDE validation 

process of vehicles. The methodology used was revolved around the industry’s point 

of view, where vehicles are brought to a testing facility like Horiba-MIRA to be tested 

for their emission’s validity. A methodology flowchart can be seen in Figure 72, where 

the vehicle’s application and propulsion system parameters are first identified. This is 

done to select the associated library of real driving data available which for our case 

included data of different driver aggressiveness values and ambient conditions. 

Furthermore, real data of vehicles with similar characteristics can be potentially 

merged to form a larger database. This will generate cycles with a higher variance of 

velocity profiles but with closer driver aggressiveness results to the targets set. 



REAL DRIVING EMISSION MARKOV - CHAIN PID CONTROLLED RANDOM CYCLE 

GENERATOR 

 

[150] 
 

 

Figure 72- Methodology Flowchart 

 

The process methodology is split into two stages, the velocity profile generation, and 

the altitude profile generation. In stage one, the target idling time and driver 

aggressiveness, v.apos[95] values are selected, and a library of real driving data is 

imported into the workplace. For this thesis, the data and instrumented vehicles 

described in 3.2 were used. The velocity of the vehicle and logging frequency of the 

data are used to calculate the acceleration using Eq. 5-1.   

𝑎? 	o
𝑚
𝑠"
p = 𝛥𝑣? o

𝑚
𝑠
p ∗ 𝑓?	(ℎ𝑧) Eq. 5-1 

 

5.3.1 Velocity Profile Generation - K means clustering technique 
Each datapoint with a velocity and acceleration value is plotted on a speed-

acceleration graph and clustered into states using the k-means method with each state 

having a range of velocities and accelerations. This was done to have a higher 

resolution of states in areas with more data and to be used as a method to analyse the 

data more efficiently, as seen in Figure 73.  
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Figure 73- Speed Acceleration States 

 

 

   

Figure 74- K-means clustering technique 
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The k-means method starts by randomly placing ‘means’ within the data as shown in 

Figure 74. The data points are grouped to the nearest mean forming a k-cluster. The 

cluster’s centroid becomes the new mean, and the process is repeated for both axis 

and until convergence has been reached. This way the velocity-acceleration graph 

(Figure 73) has been split into states with a range of values for acceleration and speed 

as stated in Eq. 5-2 where the current datapoint is indicated with an n and the state as 

X. 

              𝑋? = (𝑣?, 𝑎?) Eq. 5-2 

 

The k-means was selected compared to other methods due to its low computational 

complexity and its popularity for grouping large data sets (71,176). Even though the 

cluster centres may not correlate to real data, they were kept in their current form 

since the state sizes are very small enabling an easier analysis and validation of the 

work (52). However, a real random point within the state can be selected if needed. 

 

5.3.2 Transition probability matrix - Markov Chains 
To analyse the real-world driving cycles in an efficient manner, a transition 

probability matrix (TPM) was used. Transition probabilities are used to drive the 

Markov chain cycle generation process which contain information regarding the 

direction the current state can head towards. The Markov process is a stochastic model 

describing a sequence of possible events where the future state  is only dependent on 

the current state and action taken as per Eq. 5-3 (177).  

𝑃{𝑋?N! = 𝑗	|	𝑋+, … , 𝑋?} = 𝑃{𝑋?N! = 𝑗	|	𝑋?}, 

Eq. 5-3 

(166) 

 

The probability of a transition from state i to state j is defined as 𝑝'(. These 

probabilities satisfy Eq. 5-4 where for a transition from state 𝑠) ∈ 𝑆 to 𝑠( ∈ 𝑆 and 

captured in TPM, P = (𝑝',(), with 𝑝',( ≥ 0 and ∑ 𝑝'(+	∈	.  = 1, i ∈ 𝑆 (178). The Markov 
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chain model can be defined by the matrix of one-step transition probabilities as in Eq. 

5-4: 

𝑃 = �

𝑝!! 𝑝!"
𝑝"! 𝑝""

… 𝑝!D
… 𝑝"D

⋮ ⋮
𝑝D! 𝑝D"

⋮ ⋮
… 𝑝DD

� 
Eq. 5-4 

 (166) 

 

The cumulative probability distribution is calculated via the one-step transition 

probability matrix to generate the velocity profile using Eq. 5-5. 

𝐹 =
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Eq. 5-5 

(166) 

 

 

 

Two methods are used to generate the TPM depending on the format of the input data. 

If the input data are RDE cycles with no distinct urban, rural and motorway sections 

such as in Figure 75, then a probability is added moving from the state number of the 

first datapoint to the second, up until the last data point’s state number which is 

connected to the first. This is done to ensure there is no ‘dead-end’ in the probabilities. 

Dead end is when the probabilities have a path to follow which leads to a point where 

there are no probabilities for the current state to move to or remains to the same state 

forever. However, the probability is only added if the two states co-exist in the same 

section based on their corresponding velocity (urban, rural, motorway). This is done 

to create three probability matrices, one for each section. This way any probabilities 

of achieving velocities below the section limits of 60 and 90 km/h in the rural and 

motorway section are eliminated. This may seem unrealistic since in real RDE cycles 

there are frequent intermittent changes between sections. However, the scenario may 

well still be possible.  
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Figure 75 - No distinct section cycle 

If the input data are RDE cycles with three distinct sections as the cycle in Figure 77, 

then the data is first split into sections. This is done using an algorithm which 

identifies the end of each section and connects it to its start to prevent any ‘dead ends’. 

The logic followed by the algorithm can be seen in Figure 76. 

 

Figure 76 - Automatic RDE section crop methodology diagram 
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The data is split into sections by: 

• Finding the last value below 40 km/h 

• Finding the first value below 65 km/h 

• Setting the region between these two points as section A 

• The data before section A and B are scanned and the state with the highest 

velocity value (H) is selected 

• Section A is then scanned to find a matching or close state according to its 

velocity value (S) 

• Then point S is used as the endpoint of the urban section and is connected as a 

probability with point H to create a probability moving from the last state to 

somewhere else. 

The same process is repeated to determine the rural section by finding the last value 

below 70 km/h and the first value below 95 km/h. This way three TPM are generated 

which include velocities of different RDE sections making the generated velocity 

profiles more realistic.  

 

Figure 77 - Three distinct section RDE cycle 
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With P and F of Eq. 5-4 and Eq. 5-5, a randomly uniformly distributed pseudo-random 

number generator α=U(0,1) is used to find the next most likely state number through 

the TPM and hence a velocity value is selected. Once all the three sections are 

generated, they are connected together by a steady acceleration with the average value 

experienced during the real cycle in the specific region. 

 

5.3.3 Proportional Integral Derivative Controller Sensitivity Analysis 
During the speed-profile generation, to achieve the initial idling and v.apos[95] targets 

set by the user, the TPM is altered using a PID controller. PID controllers were used 

as an optimization technique for their simplicity and low computational requirements. 

They were used to copy what a real RDE driver would be doing, whereby they would 

adapt their driving according to the feedback they receive via the live trip statistics. 

The formula used by the controller can be seen on Eq. 5-6. 

𝑢(𝑡) = 𝐾W𝑒(𝑡) +	𝐾:� 𝑒(𝜏)𝑑𝜏
$

+
+	𝐾=

𝑑𝑒(𝑡)
𝑑𝑡

 
Eq. 5-6 

(179) 

Where e is the error between the target and live values and 𝐾/, 𝐾' and 𝐾& denote the 

coefficients for the proportional, integral, and derivative terms, respectively. The 

tuning process of the coefficient values was experimentally tested using the Ziegler–

Nichols method (180) (181), which follows the procedure below: 

• Setting the integral and differential gain values to 0 and proportional gain to 1 

• Running a cycle generation (for this case with a target of 50% v.apos[95]) 

• Recording all Markov Chain random values generated  

• Repeating the same generation by using the same random values and altering 

the PID coefficients starting off with the proportional gain moving on to the 

integral and lastly the derivative terms to the point where the results reached 

a worse state 

• Repeating for different cycles and taking out an average 

The results displayed in Figure 78 show that even though the difference between the 

v.apos[95] results were small, the value of 1 for all PID controller gains produced better 
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results with a greatest rate of change towards the target of 50% v.apos[95]. Therefore, 

these were the values used for any generations moving forward. 

 

Figure 78- Volterra Model Settings Sensitivity Analysis 

 

The PID controller works with the difference between the target and live values during 

the generation. If the live v.apos[95] is higher than the target, then the state 

probabilities with a low acceleration up to the 30th percentile are promoted. If the live 

v.apos[95] is lower than the target, then state probabilities with higher accelerations 

are promoted.  

For the idling case if the live idling percentage is higher than the target then the 

accelerative states are promoted. If the live idling percentage is less than the target 

and the vehicle is not idling, then the deceleration states are promoted until it falls to 

an idling state where it remains there until the idling percentage increases to reach the 

target. A similar system promoting an acceleration in the first 15 seconds is also 

P I D 
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applied and another one for the first 300 seconds. These were introduced to reach the 

legislative targets. 

The workflow of these systems uses a priority system as per Figure 79. A higher 

importance is set for the idling percentage compared to the va.pos[95], since it is 

corrected less frequently than the va.pos[95]. However, the va.pos[95] and urban idling 

percentage start after 200 seconds and 300 seconds of the cycle, respectively. The tool 

proceeds by performing all the RDE legislation checks and if the test is valid it is 

saved, otherwise the Markov chain process is restarted. 

 

Figure 79 – PID controller priority system 

 

5.3.4 Altitude Profile Generation 
In the second stage, the starting Altitude and CPE values are manually selected. Then 

using the real cycle GPS data, the altitude differences are calculated, and their 

distribution profile is plotted as per Figure 80 with two examples of a low CPE and 

high CPE value which are derived by a city route and mountainous route. 
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Figure 80- Altitude Difference Histogram 

The profile has a very high occurrence of small or no altitude differences and lower 

occurrences on high altitude differences due to the RDE requirements of idling time, 

stops and time spent in each speed zone. The distribution is very similar to a double 

exponential distribution with a lower λ value for higher CPE results. The maximum 

altitude difference is interpolated for the target CPE value. This is then used to create 

the normal distribution of the generated altitude profile. 

The process then starts by using the initial altitude and random numbers between 0 

and 1 are generated to find the altitude difference and hence the next time step’s 

altitude. After each datapoint, the normal distribution’s mean is shifted accordingly. 

This is done to keep a realistic altitude profile by keeping similar road gradients. For 

example, if the altitude difference is positively high, the road gradient would also be 

high meaning that the vehicle is moving uphill. It will most probably keep moving 

uphill for a while instead of shifting from +1m altitude step to a –1m in a single time 

step. 

During the generation there are also limits, not allowing the altitude to exceed ± 250m 

from the starting altitude. This is done during the last 800 seconds of the generation 

by pushing the altitude within a ±100m range from the starting altitude. An example 

of the resulting profile can be seen in Figure 81 while a real RDE cycle can be seen 

in Figure 82. Both profiles exhibit a similar overall altitude changes each datapoint 
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due to their distributions being alike. However, the real altitude profile in this example 

has a few very abrupt changes in altitude which may indicate some mountainous area.  

 

Figure 81 - Generated Altitude Profile 

 

Figure 82 - Real Altitude Profile 
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The process is left free to generate any altitude profile based on the distributions and 

does not take into account the starting altitude. This may result in a relatively smooth 

altitude change route in a high starting altitude and vice versa creating more variance 

in the generated drive cycles for testing. 

During and after the altitude profile generation the standard WLTP gear shifting 

strategy (27), is used as a validation procedure to ensure that the power required to 

perform the specific manoeuvre is always below 90% of the maximum power 

available by the vehicle. The 90% value is the standard set by legislation but can be 

switched to a lower value to get a higher safety factor. If the power required exceeds 

the one available, then the maximum possible altitude difference is calculated and 

used for the cycle to be viable. The WLTP gear shifting strategy was used over any 

other strategy because it is the latest standard in Europe for testing vehicle emissions. 

It is also directly related to RDE since vehicles are required to pass a WLTP test first. 

Even though it may be unrealistic in some cases the main emphasis at this point is 

given for the validity of the route and not the actual shifting strategy. 

In the last step, the altitude profile is optimized to match the target CPE result by first 

recalculating the Altitude differences and then adding or subtracting a value from 

them, depending on the CPE difference as seen in Figure 83. This value is either 

identified through an optimizer of a find minimum of constrained nonlinear 

multivariable function (fmincon) or by testing a series of possible values and selecting 

the best one.  
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Figure 83 - Optimization of CPE by scaling the altitude difference values 

 

5.3.5 WLTP Gear Shifting Strategy 
The WLTP Gear shifting strategy is re-applied to ensure the cycle is viable, correcting 

for any errors. The gear shifting strategy can be seen in Figure 85, along with the 

velocity and altitude profile, the required and available power, the Torque and RPM 

during the cycle. For the generation of the cycle a series of assumptions were made 

including static road load coefficients, an inertia multiplier of 3% and negligible 

power losses from the use of auxiliary equipment as per Eq. 5-7 to 5-9.  

𝑃B8X,:B8= = (𝐹+ +	𝐹!	. 𝑣 +	𝐹"	. 𝑣" + 	𝑚. 𝑔. 𝑠𝑖𝑛 𝜃 + 1.03.𝑚.
𝑑𝑣
𝑑𝑡
). 𝑣 Eq. 5-7 

𝑅𝑃𝑀 = 𝑉𝑒𝑙𝑜𝑐𝑖𝑡𝑦 ∗ 𝑅𝑒𝑎𝑙	𝑂𝑣𝑒𝑟𝑎𝑙𝑙	𝐺𝑒𝑎𝑟	𝑅𝑎𝑡𝑖𝑜 Eq. 5-8 

 

𝑇𝑜𝑟𝑞𝑢𝑒	(𝑁𝑚) = 	
9.5488 ∗ 𝑃𝑜𝑤𝑒𝑟	(𝑘𝑊)

𝑅𝑃𝑀
 

Eq. 5-9 

(182) 
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The real overall gear ratio was determined by analysing the recorded data RPM and 

velocity for each gear. This includes the final drive, and it was used instead of the 

theoretical method to account for the tyre height not being constant. Lastly, with the 

conclusion of the techniques used for the RCG, a summary of the overall methodology 

up to this stage can be seen in Figure 84. 

 

Figure 84- Random cycle generator overall methodology summary 
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Figure 85 - WLTP Gear Shifting Strategy 
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5.4 Results 
5.4.1 Driver Aggressiveness target acquisition 
The RCG was tested to check how the generated cycles responded according to the 

inputted cycles characteristics and target driver aggressiveness. A series of tests have 

been performed using imported real RDE cycles of: 

• RDE gentle cycles equate to ≈50% va.pos[95] for all urban, rural, and 

motorway sections 

• RDE aggressive cycles equate to ≈90% va.pos[95] for all urban, rural, and 

motorway sections 

Each test consisted of 100 artificial RDE cycle generations while the imported cycles 

and driver aggressiveness targets were altered. The variability from different imported 

cycles, the number of bins used, and the use of more than a single inputted cycle was 

tested.  

An overview of the tests can be seen in Table 21. The table was colour coded to 

indicate the difficulty of achieving the target va.pos[95] value for the target column. 

Normal tests indicate when the driver aggressiveness for the imported cycles and the 

artificial cycle targets are similar, mixed tests when both gentle and aggressive cycles 

are used to generate a va.pos[95] value in between the two and extreme tests when 

gentle cycles are used to generate aggressive va.pos[95] values and vice versa. The 

success of achieving the target va.pos[95] results were colour coded with green, blue, 

and orange for a ±0-5%, ±5-10 %, and a larger difference than ±10%. 
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Table 21- Artificial Cycle Generation Overview 

Inputted Cycle (100 bins) 
Target 

va.pos[95] (%) 

100 Generated Cycles va.pos[95] (%) 

Urban Rural Motorway Total 
Average 

Single Gentle  50 45.6 47.5 58.8 50.6 

Multiple Gentle  50 47.3 53.1 55 51.8 

Single Aggressive  90 92.2 91 94 92.4 

Multiple Aggressive  90 89.9 90.4 96.4 92.1 

2 Mixed Gentle and 
Aggressive 75 76.8 75.6 91.2 81.2 

6 Mixed Gentle and 
Aggressive 75 70 76.6 77.7 74.8 

Single Gentle 90 49.4 59.6 61 57 

Single Gentle  20 44.1 46.8 50.4 47.1 

Single Aggressive  50 85.2 78.4 77.3 80.3 

Multiple Aggressive  50 85.2 57.4 76.7 73.1 

Multiple Gentle  90 50.1 60 67.5 59.2 

Multiple Gentle (50 bins) 90 53.9 77.7 99.2 77 
 
 
 
 
 
 

By analysing the data, it was observed that:  

1. By using more imported cycles as a data input, the artificially generated cycles 

achieved closer driver behaviours to the target. This is due to the TPM matrix 

being more densely populated. Therefore, more paths are available for the 

algorithm to achieve the required va.pos[95] value.  

2. Generating cycles with a lower va.pos[95] value than the imported data was harder 

to achieve than reaching a higher va.pos[95] value. This is due to the mechanics of 

the formula which makes it harder to drop the overall va.pos[95] value rather than 

increasing it. To drop the va.pos[95] value you need gentle accelerations for longer 

    Within ± 5% from target va.pos[95] 

    Within ± 10% from target va.pos[95] 

    Above ± 10% from target va.pos[95] 

          Normal Test 

          Mixed Test 

          Extreme Test 
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periods of time compared to increasing it which only requires a few harsh 

accelerations. 

3. There was a higher error between the target and va.pos[95] achieved in the 

motorway compared to the other sections. This was due to the motorway being a 

smaller section with less available data.  

4. There was a tendency of reaching higher va.pos[95] values for the motorway 

section. This is believed to be the case because of the bin sizes.  

5.4.1.1 Bin sizing 

Since the bin sizes were determined only by the density of points in an area and not 

their velocity values, the state sizes were similar for different velocities with the same 

number of points. Furthermore, since the motorway section had less points overall it 

could result in larger bin sizes compared to the other sections. Therefore, a state jump 

of similar distance in a higher velocity region would result in a more aggressive 

manoeuvre. This can be more easily determined by comparing Figure 86 and Figure 

87. In Figure 86, the datapoints between the RCG and the original cycle can be 

observed where a random point within the state is selected. In   

Figure 87 the central point of each state was selected during the generation. In the 

motorway section more abrupt va.apos[95] changes were recorded when jumping 

from one state to another.     
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Figure 86- Acceleration Velocity data for original and artificial cycles with random point 
per state 

  

Figure 87- Acceleration Velocity data for original and artificial cycles with central point per 
state 
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Even though the whole spectrum of the original cycle was covered by the single 

artificial cycle, because the spacing between the bins are of similar size (  

Figure 87) in the motorway section higher changes in v.apos[95] were observed. 

This was further justified when a gentle cycle was used to generate a 90% v.apos[95] 

aggressive cycle with 50 and 100 bins. The 50 bins achieved a higher v.apos[95] for 

every section. Therefore, a more dynamic clustering technique which takes into 

account the magnitude of velocity would have been more optimal.  Lastly, the best 

results were achieved by mixing the gentle and aggressive cycles to generate a 

v.apos[95] value of 75%. This is due to the vast availability of paths to reach the desired 

result. 

The number of bins used was selected by testing different values. A small number of 

bins would cluster many of the points together allowing a smaller variability of state 

transitions to take place which would result to very abrupt changes in velocity and 

acceleration, a less dynamic test and an unrealistic drive cycle. On the other hand, by 

using the ‘maximum’ number of bins would lead to a scenario where each datapoint 

would have its own state number. This would have led to the generation of the original 

inputted cycle with no variation at all since only one path would have been available 

in the probability matrix for the state to move through. Therefore, since the velocity 

range the trip used was between 0 and 140 km/h, 100 bins were used providing a large 

number of states to be present without forcing the original cycle’s character to the 

simulation. 

 

5.4.2 Torque and RPM range evaluation 
By using the Altitude profiles and WLTP Gear shifting strategy discussed in Section 

5.3, the operating region used by the vehicle in the original driving cycles and artificial 

cycles was explored. This was done to check if and by how much the RCG is 

expanding the exploration of the RDE boundaries. Hence, a number of real cycle data 

points could be estimated to potentially cover the whole spectrum.  

To analyse the data, the convex hull technique was used to check the area covered by 

Torque-RPM area covered by the original data and compared to the generated artificial 
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cycles. The convex hull is defined as a convex polygon with the minimum area that 

includes all points while the concave hull technique, is an enclosure of the points by 

generating the non-convex polygons. In simple terms the concave hull represents a 

tighter area occupied by the points compared to the convex hull (183). 

The convex hull was selected to take into account any additional data points which 

could be potentially generated between the extremes since in the tests the generations 

where either limited to a single cycle or 100 cycles. This way the full potential of the 

RCG may have not be fully represented. Three tests were carried out to test how the 

gear shifting strategy affects the convex hull including: 

Case 1. The use of a single cycle to generate a single artificial cycle with a 

random gear selection strategy  

Case 2. The use of a single cycle to generate 100 artificial cycles with a random 

gear selection strategy 

Case 3. The use of a single cycle to generate a single artificial cycle by always 

selecting the highest possible gear 

Case 4. The use of a single cycle to generate a single artificial cycle by always 

selecting the lowest possible gear 

First the data was cropped to exclude any data points below the idle RPM of 890, any 

negative torque values and any torque values above 154 Nm which represents the 90% 

of the maximum Torque value of the tested vehicle. This was done because the RCG 

was programmed to not generate any datapoints with these values. Hence, this would 

enable an easier comparison. The cropping process can be seen in Figure 88, along 

with the number of datapoints and the area covered by the convex hull. 
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Figure 88- Original vs Cropped datapoints 
 

It is worth presenting the Torque-RPM distribution of the gentle and aggressive real 

RDE cycles as per Figure 89. Both aggressive and gentle cycles show a similar range 

of torque values since both cycles are from the same route, however for the aggressive 

cycles there is a significant shift to a higher RPM range. Both gentle and aggressive 

drive cycles presented very similar expansions in their range. 
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Figure 89- Real Gentle and Aggressive RDE Cycles 

 

5.4.2.1 Case 1 - 1 Cycle with Random gear selection  
The first test illustrated in Figure 90 shows case 1, where a single original gentle cycle 

was used to generate a single artificial cycle with a random gear selection strategy. 

The operating Torque-RPM’s convex hull area covered by the artificial cycle was 18% 

larger than the original cycles. Hence, it can be deduced that: 

• The RCG can expand the operating range of the vehicle 

• The data points in the RDE box will cover a larger area 

• The emission variability of the cycles can be potentially expanded 

This will aid in achieving the aim of reducing the overall testing time and resources 

needed. 
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Figure 90- Gentle Original vs Artificial RDE Cycles with Mixed Gear Shifting Strategy 

The Torque-RPM range covered between the original and artificial cycles was similar 

because the artificial cycle is based on the original one. However, the artificial cycles 

covered more area in the High Torque region across the operating RPM range. The 

High Torque low RPM range was achieved due to the gear shifting strategy selecting 

higher gears compared to the original cycle’s pushing the RPM working range lower. 

Whereas for the high RPM range the gear shifting strategy used lower gears pushing 

the RPM values higher than the original cycles hence, expanding the operating range 

of the vehicle.  

5.4.2.2 Case 2 - 100 Cycles with Random gear selection 
In Figure 91, 100 artificial cycles were generated using a gentle cycle and the convex 

hull was portrayed for the original and generated cycles. The convex hull area was 

expanded by 24%, showing a 6% increase compared to the single generated cycle. 
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Figure 91- 100 artificial cycles convex hull using a random gear selection strategy 

The original cycle’s Torque-RPM range was almost fully covered excluding a small 

region of a few datapoints at the top RPM range. This further justifies the potential 

use of the RCG to aid the validation procedure of RDE. 

5.4.2.3 Case 3 - 1 Cycle with Highest gear selection 

In Figure 92 a shifting strategy was used where the highest possible gear was selected 

every time as per the original WLTP gear shifting strategy. This shifted all the 

datapoints to the lower RPM range decreasing the artificial cycle’s convex hull area 

by 19%. This shows that the drive style used in the original cycle in terms of the gear 

shifting strategy was closer to the random profile mentioned in the previous cases. 
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Figure 92- High Gear shifting strategy 

 

5.4.2.4 Case 4 - 1 Cycle with Lowest gear selection 

When the lowest possible gear is selected, as seen in Figure 93 the RPM values were 

pushed higher. The convex hull area was larger than the original cycle’s because some 

low Torque-RPM values are still used in some manoeuvres while more are added to 

the high Torque-RPM region. As observed, when an ‘extreme’ gear shifting strategy 

was used in combination with the generation of a single cycle, the convex hull area 

did not truly expand the operating range compared to the original cycle. Therefore, it 

can be concluded that the gear shifting strategy can be highly influential in terms of 

emissions. This can be avoided by designing a more realistic gear shifting strategy 

based on real driving. However, this was determined to extend beyond the scope of 

this project since the WLTP is the current gear shifting strategy standard. 
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Figure 93- Low gear shifting strategy 

 

5.5 Conclusions 
The new RDE test requires extensive testing and resources for manufacturers to ensure 

their vehicles are legal. For this reason, this part of the thesis was focused on 

investigating and developing a more specialised method on how to generate random 

and viable RDE cycles to expand the area explored within the boundaries of the RDE 

test and reduce the extensive physical work required. 

The work presented managed to produce a novel method of generating customised 

artificial RDE cycles. This was achieved by using the latest technologies used in 

literature as a baseline, in combination with other well-established techniques such as 

the PID controllers to obtain a working method which can be potentially used in the 

automotive industry and can be adapted to other sectors using cycles as well. This 

work could be potentially used for Horiba MIRA’s RDE+ project or be produced in a 

tool form which will have the following advantages: 

• Low computational requirements 
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• Fully customisable RDE cycles with extra variables including:  

o v.apos[95] in all RDE sections  

o Idling time in all sections including the cold start period 

o Altitude profile, CPE 

• Viable routes both in terms of the RDE rules and Power requirements 

• Realistic results which are based on real data 

• Can be easily adapted for other sectors other than the automotive industry and 

can be easily adjusted for any new regulative RDE changes 

• Unique use of PID controllers to manage the driver aggressiveness as per a real 

driver 

Whereas the disadvantages of the method include: 

• Requiring at least one test cycle for it work 

• Hard to validate on the road even though it was validated to be feasibly driven 

• Results are highly dependent on the imported data. This will affect the driver 

aggressiveness, speed profile, maximum velocity values. 

• Gear shifting strategy may affect emissions. Since the gear shifting strategy 

affects the torque - RPM operating region of the vehicle it will also affect the 

emission side. 

• Potential for a cycle that has a non-human driver behavior thereby increasing 

engineering cost 

The proposed method did not yield 100% accurate results in producing cycles with 

any targeted driver aggressiveness values. However, in the normal and mixed tests 

80% of the results where within 5% of the target driver aggressiveness while only 1 

test out of 24 had a difference larger than 10%. The results produced adequate 

variability to expand the Torque-RPM operating region by a value of 24% based on 

its convex hull by producing cycles with similar driver style values as the original one. 

This value would have been larger by generating cycles with a different driver style 

value. This also expands the tested region inside the RDE box on the driver 

aggressiveness axis and will probably result in different emission results too. 

However, even though the expansion of the operating range is extremely useful and 
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especially valuable with a limited amount of data, covering 100% of the operating 

range does not essentially cover all the scenarios the vehicle will ever experience. 

Hence, a minimum amount of required data can not be determined. The methodology 

can be further improved by tweaking the k-means clustering technique to take into 

account the velocity weighting and implementing a more realistic gear shifting 

strategy for testing emissions or by using the shifting mean k-means method 

mentioned in (184). Lastly, this chapter’s work is used as a baseline for testing the 

vehicle emissions which will be further investigated in Chapter 6 .  
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Chapter 6   
Real Driving Emissions Modelling 

Techniques 
This Chapter focuses on the different emission modelling techniques and their 

application on artificial data generated from Chapter 5 to determine if the vehicle is 

compliant within the RDE regulations. The main aims of the Chapter include: 

• Identify a suitable technique to model real driving emissions 

• Test the technique and validate through the data from Chapter 3 

• Perform a sensitivity analysis on how different cycles with different 

characteristics affect the results 

• Use in conjunction with the artificial cycles from Chapter 5 to model their 

emissions 

• Explore how different parameters affect emissions 

• Find the worst cycles and understand why they behaved this way 

• Identify how the worst cycles can be translated into a worse cycle using the 

method described in Chapter 4, which can be tested on an EiL scenario 

• Further justify the effectiveness of the method described in Chapter 5  in terms 

of the expansion of the data to cover the majority of the RDE conditions 

 

6.1 Introduction 
Before the RDE regulations were introduced, powertrain optimisation was typically 

done by running experiments at steady engine operating conditions in a DoE scenario. 

Since the NEDC test was a steady state test, this was an efficient way to produce 

emission models which would accurately represent the engine behavior for the specific 

test. However, as the test became stricter and more dynamic, there was a requirement 

in the addition of extra components for the EAT to reduce the overall emissions to the 
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acceptable level. This led to an increased complexity in the engine characterisation 

which had to be dynamic and with more operating points to be explored. 

 

6.2 Literature review 
Modelling and more specifically predicting vehicle emissions are typically divided 

into three categories: white box models, grey box models and black box models. White 

box models consist of models which are derived by first principle physical and 

chemical laws, but their parameterisation is done using experimental data (185–187). 

Black box models are derived solely by experimental data where no theoretical 

knowledge is applied and therefore, there is no direct relationship between the 

parameters and theoretical formulae (185,187,188). Lastly, Grey box models are a 

combination of the previous two methods using models from first principles, but 

enhancing them with the help of measured data (186,188). Models are divided into 

sub-categories including (189,190): 

• Parametric and Non-Parametric, where a parametric model can predict future values 

using only the given parameters, but a non-parametric model requires the parameters 

as well as the current state of the data. 

• Deterministic or Stochastic, where a deterministic model is a system with no 

randomness in its development where a stochastic model allows for random variation 

in one or more inputs over time. 

• Linear vs. Nonlinear, where linear systems satisfy both homogeneity and additivity, 

whereas nonlinear non-linear systems have time-varying characteristics.  

In the case of the RDE challenge following a theoretical approach would be close to 

impossible in order to consider everything taking place during such a complicated test. 

Therefore, with the involvement of gathering experimental data leaves the white box 

models out of the equation. The model should also be nonlinear since the test is 

dynamic and the emissions vary with time. For the scope of this thesis, it was identified 

that several modelling techniques were applicable. However, two modelling 

techniques were investigated in more depth due to their availability, pre-existing 

experience and promising results from previous work. These include the Volterra 
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Series Models and the Local model Networks with more emphasis given to the 

Hierarchical Local Model Tree (HILOMOT) technique (191). Recurrent Neural 

Networks were also considered to be suitable in modelling RDE emissions. However, 

they were explored as part of a complementary project, and their results will be 

included in Section 6.4.2.  

 

6.2.1 Parametric Volterra Series 
A common method of identifying a system is by the use of polynomial models due to 

their simplicity and their ease of training using least-squares regression (192).  The 

parametric Volterra Series transform polynomial models into more dynamic systems 

by using previous states of the model inputs and feedback of model output (187). The 

general form of the Volterra series can be described using Eq. 6-1 -Eq. 6-5, (193): 

𝑦�(𝑡) = 𝐶 +	s𝑋D$C$:;? +	s𝑋=8<C>D +	s𝑋:?$ + 𝑌QPC;0 Eq. 6-1 

Where: 

𝑋D$C$:;? =	𝛽?,!𝑥!?(𝑡) + 𝛽?,"𝑥"?(𝑡) + ⋯+ 𝛽?,0𝑥0?(𝑡) Eq. 6-2 

 

𝑋=8<C>D,0 =	𝛾0,!𝑥0(𝑡 − 1) +	𝛾0,"𝑥0(𝑡 − 2) +⋯+	𝛾0,U𝑥0(𝑡 − 𝑗) Eq. 6-3 

 

𝑋:?$ = 𝜀!𝑥!(𝑡)𝑥"(𝑡) +	𝜀"𝑥!(𝑡)𝑥#(𝑡) + ⋯+ 𝜀0𝑥!(𝑡)𝑥0(𝑡) Eq. 6-4 

 

𝑌QPC;0 =	𝛿!𝑦�(𝑡 − 1) + 𝛿"𝑦�(𝑡 − 2) +⋯+ 𝛿<𝑦�(𝑡 − 𝑙) Eq. 6-5 

 

The different terms of the Volterra series can be identified as (194): 

• Model order. This defines the highest exponent order for the static model (value 

of n in Xstatic). 

• Delay order. This defines the number of previous input events that are used in the 

model (largest value of j in Xdelays). The delay terms can also have higher-order 

exponents.  



REAL DRIVING EMISSIONS MODELLING TECHNIQUES 

 

[182] 
 

• Interaction order. This defines the number of inputs that are grouped together for 

interaction terms. Interactions can also occur between delay terms.  

• Feedback order. This defines the number of previous output terms included in the 

model. 

The method’s potential was explored by Burke et al. (194) who used a DoE experiment 

on a transient engine dynamometer to gather dynamic measurements for the emissions 

of a diesel vehicle. Sinusoidal excitations were used to vary parameters including: 

• Engine speed 

• Engine load 

• Main injection timings 

• Exhaust gas recirculation valve position  

• Fuel injection pressure 

The Volterra models were fitted for a cold-start NEDC cycle and exhibited R2 values 

for nitrogen oxide and carbon dioxide emissions of 0.85 and 0.91 and normalised root 

mean square error (RMSE) values of 6.8% and 6.6% respectively. However, Carbon 

monoxide and total hydrocarbon emissions presented poorer levels of fit with an 

RMSE of 26% and 17% respectively (192). Even though it was tested on a relatively 

steady state cycle, the arguably two most ‘problematic’ emissions had high levels of 

fit and accuracy which would aid the RDE case. 

 

6.2.2 Local Model Networks 
Local Model Networks (LMNs) are Nonlinear Nonparametric models which are part 

of the neural network family. They start off by deconstructing the nonlinear problem 

into smaller parts using various partitioning techniques and then local models are 

applied to each one (195,196). The models feature an associated validity function 

which determines their degree of activation and combines all local model 

contributions to give the overall model output. The overall LMNs can be described 

using   Eq. 6-6 - Eq. 6-9 and Figure 94 & Figure 95: 
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𝑦� = 	s𝑦�:k𝑢l𝛷:k𝑢l
H

:V!

 

 

  Eq. 6-6 

𝑦�: = 𝑤:+ +𝑤:!𝑢! +𝑤:"𝑢" +⋯+𝑤:U𝑢W   Eq. 6-7 

 

 

 

 

 

 

 

 

 

 

Where the weights 𝑤𝑖𝑗, are the local model parameters for neuron 𝑖 which are linear 

in the classical case. The outputs 𝑦3 of the local models (LM) are weighted with their 

normalized membership-function values 𝛷' 	to form a partition of unity which equals 

to one, meaning that all local model contributions sum up to 100%. 

 

s𝛷:k𝑢l = 1
H

:V!

 Eq. 6-8 

  

 Eq. 6-9 

(197) 

Figure 94- Local Model Network output parameters (197) 
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Figure 95- Local model network (198) 

 

The advantage of LMNs compared to other methods is that it contains Separate input 

spaces for validity functions and its exact shape is not relevant. Furthermore, the 

models can be linear, quadratic or higher order polynomials which can describe 

complicated systems efficiently. Two LMN models will be used in this Chapter, the 

Local Linear Model Tree (LOLIMOT) and the Hierarchical Local Model Tree 

(HILOMOT) algorithm. 

The Local Linear Model Tree uses an axis orthogonal partitioning method with a flat 

structure which can be computed in parallel, normalised gaussian validity functions 

and a heuristic splitting method. The Hierarchical Local Model Tree algorithm can be 

seen as the current state of the art in incremental tree construction algorithms. It uses 

an Axes-oblique partitioning technique, a hierarchical structure which fully decouples 

LMs with sigmoid validity functions and a nonlinear optimization of sigmoid 

parameters as the splitting method.  
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6.2.3 Emission Modelling Summary 
Volterra Series and Local Model Networks were explored with an aim of modelling 

real driving emissions.  The Volterra Series advantages and disadvantages can be seen 

in Table 22. 

Table 22- Volterra Series Advantages and Disadvantages 

 

 

 

Method Advantages Disadvantages 

V
ol

te
rr

a 
Se

ri
es

 

• Predictor is linear 

• Stable models [11], [16] 

• Structural generality 

• Versatile modelling abilities 

• Good approximation for low order 

polynomial models 

• Simplicity and ease of training using least-

squares regression 

• Poor approximation to higher 

degree or non-polynomial 

nonlinearities 

• Ill conditioned problems can 

result in high error and poor 

convergence 

• Sensitivity towards noise 

• High computational cost due 

to large parameters 

• No memory of the output 

• Slow training time (852 

seconds for up to a 3rd order 

nonlinear problem and 1000 

minutes of data) 

L
oc

al
 M

od
el

 N
et

w
or

ks
 

• Incremental, all models from simple to 

complex are constructed with almost no 

overfitting. 

• Low computational time, 62% faster than 

VS (325 seconds for up to a 3rd order 

nonlinear problem and 1000 minutes of 

data) 

• Local model can be of any linearly 

parameterized type: constant, linear, 

quadratic 

• Complex problem is divided into smaller 

sub-problems 

• Many concepts from the linear world can be 

transferred to the nonlinear world which is 

particularly important for dynamic models. 
 

• Higher complexity 
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6.3 Emission Modelling Methodology 
Several modelling techniques are used in the automotive industry to model real driving 

emissions. However, most of them aim in predicting engine out emissions and used 

extra models for the EAT including chemical models to predict tailpipe emissions. To 

generate the extra models more data would be needed to be done which undermines 

the purpose of this work since a quick approach was aimed at. Therefore, a solution 

with only a single model was set as a target and would be used as a black box model. 

The process in modelling emissions was split into four sections: 

1. Investigation of the most efficient variables which describe real driving 

emissions by training and evaluating the models against real data and compare 

them with Literature. 

2. Perform a sensitivity analysis on how different cycles with different 

characteristics affect the results and explore how different modelling 

parameters affect the fitting results. 

3. Determining how many variables could be realistically modelled through the 

work demonstrated in Chapter 5. 

4. Apply the technique to the artificial cycles from Chapter 5. 

For the emission modelling section real driving data as previously described in section 

3.2.2 were used which included cold and hot start tests with different driver styles but 

from the same route and ambient conditions. The models fit were analysed using the 

statistical equations portrayed in Eq. 6-10 to Eq. 6-14 including root mean square error 

(RMSE), normalised RMSE (nRMSE), the Coefficient of determination (R2), the 

Cumulative Relative Change (CRC), and the Fit level (F). 

𝑅𝑀𝑆𝐸 = �∑ (𝑦�$ − 𝑦$)"*
$V!

𝑇
 

Eq. 6-10 

where 𝑦�𝑡 is the predicted Emission gas at time t and T is the number of non-missing 

data points 

𝑛𝑅𝑀𝑆𝐸 =	
𝑅𝑀𝑆𝐸

𝑦OCY −	𝑦O:?
 Eq. 6-11 
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𝑅" = 1 −
∑ (𝑦: − 𝑓:)":
∑ (𝑦: − 𝑦�)":

 Eq. 6-12 

  

where f is the fitted value, y� the mean of the observed data 

𝐶𝑅𝐶	[%] = 	s [
𝑦�$ − 𝑦$
𝑦$

\ · 100
U

$V!
 Eq. 6-13 

 

𝐹	 = 	b𝑛𝑅𝑀𝑆𝐸 · 	 |𝐶𝑅𝐶| Eq. 6-14 

 

The Fit level statistic named F, was created by combining the nRMSE and CRC since 

they use the same units with an objective of giving the model a rating system. A lower 

value for F, indicates a better fit and a value of 0.5 indicates relatively good fit when 

a value of 5% is used for both nRMSE and CRC.  

 

6.3.1 Local Model Network Settings 
The “standard configuration” of the toolbox described in (191,197) was used where 

the LOLIMOT, LOLIMOT quadratic, HILOMOT, HILOMOT quadratic models are 

tested. 

 

6.3.1 Volterra Modelling Settings 
At first, the Volterra Models were set to test a series of setting combinations before 

modelling the emissions of the generated cycles to determine the model which yielded 

the best fit value F. It was quickly noticed that testing a large number of combinations 

increased the calculation times. Therefore, it was decided to carry out a sensitivity 

analysis to get a better understanding on how each component of the Volterra Series 

model affect the level of fit.  

The analysis started off by keeping three out of the four settings constant while altering 

one at a time to check its effect. The base settings consisted of a third-degree model 

order, a second degree of delay order, an interaction order of 2 and a feedback order 

of 8. The variables used for the models were the Torque and Engine speed of the 
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vehicle and all Gasoline vehicle RDE cycles except one were used for training the 

models.  

    Table 23- Sensitivity Analysis for Volterra Series Settings 

Percentage Difference in Fit Levels (F) from Base Values  

(Negative values indicate a better fit) 

 CO2 NOx CO PN Time 

Model Order 1 -25.80 -3.11 -22.41 -45.87 65 s 

Model Order 2 -4.15 86.79 112.99 -46.93 123 s 

Model Order 3 BASE 182 s 

Model Order 4 1.08 86.80 29.04 24.51 249 s 

Interaction 0 2.35 59.3 7.92 2.86 152 s 

Interaction 4 N/A N/A N/A N/A N/A 

Delay Order 0 -0.03 64.46 -65.15 -49.54 100 s 

Delay Order 1 -0.05 70.32 57.12 6.04 122 s 

Delay Order 2 -0.03 -0.09 56.73 2.31 151 s 

Delay Order 4 0.00 1.52 -0.13 45.21 193 s 

Feedback 2 37.92 4.22 15.93 35.96 81 s 

Feedback 4 -0.03 7.84 -12.61 18.14 117 s 

Feedback 6 -0.03 -28.10 -24.82 8.39 148 s 

Feedback 10 0.00 6.46 6.20 19.58 185 s 

 

By inspecting the results from Table 23, interaction orders higher than the baseline of 

2 required a lot of computing time and were disregarded, hence the N/A sign. Model 

orders up to a number of 3 had reasonable computing times while a 4th order model 

showed worse fit levels. However, it was noticed that the best results were obtained 

from a first order model. Both delay and feedback orders showed mostly similar fit 

levels compared to the base test with some exceptions. Therefore, based on the 

computation times and levels of fit it was chosen to test for all combination of settings 

up to the base line levels mentioned earlier and choosing the model with highest fit for 

each emission gas.    
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6.3.1.1 Convex Hull Excluded Points 

To get a better understanding on how the Volterra Model settings affect the model fit 

level an additional study was carried using the convex hull method to check how many 

points are not within the trained modelled range and are interpolated by increasing the 

order number of the settings and by increasing the quantity of input data. This way the 

optimal settings and number of data could be selected. Figure 96, shows the number 

of points outside the convex hull by a distance further away than 1% when the delay 

term is increased. For the ‘worst’ scenario where a single training cycle was used 90% 

of the points outside the convex hull were in the 1 - 5% range while 10% of the points 

were in the 5 - 17% distance range. Figure 97, shows how the addition of more driving 

cycles into the training process affects the number of points withing the convex hull.  

As expected, with a higher delay term the number of points outside the hull also 

increased. This, however, may impose issues further down the line since extrapolating 

any datapoints may lead to irregular emission results. The original number of data 

points were 5300. Hence, in the case of using a single cycle for training and 6 delay 

terms, 11% of the output data were interpolated. Compared to the 1.8% when 4 

training cycles were used, this shows the importance of the quantity of training data.   

 

Figure 96- Evaluation of points within the convex hull for different delay terms 
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Figure 97- Points outside the convex hull with more imported cycles 

 

6.3.2 Model Parameter Selection 
Different combination of parameters was tested to check how well the emission 

models fit to the data. The candidate input parameters were chosen based on general 

knowledge and include: 

• RPM 

• Torque 

• Power 

• Exhaust Mass flow Rate 

• GPS Vehicle Speed 

• Accelerator Pedal Position 

• Tailpipe Temperature 

• Pre-Catalyst temperature 

• Intake Air Temperature 

Vehicular emissions are mainly produced by engine combustion and fuel evaporation. 

Exhaust Mass flow rate is the sum of mass air flow rate and mass fuel flow rate and is 

closely related to engine load. Furthermore, for gasoline engines CO2 concentration in 

the exhaust flow is almost a constant value (199). The different temperature readings 
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were added to capture the cold start phase of the cycles where the catalyst has not 

reached the required temperature of reducing the emissions.   

For the tests illustrated in Table 24, all RDE cycles were used as training data 

including cold and hot start tests for the vehicle except one which was used as the 

validation cycle. Both Volterra Series (VS) and Local Model Networks (LMN) were 

tested while their settings were kept constant. Two cases were displayed, the simplest 

combination of two parameters which yielded the best results out of all two parameter 

combinations and the combination of parameters which yielded the best fit (F) overall. 

The input parameters included in each case are: 

• Case 1: RPM, Torque   
• Case 2: RPM, GPS Vehicle Speed, Exhaust Flow Rate, Accelerator Pedal 

             Position 

Modelling Exhaust flow rate would require an engine model with airpath models to 

simulate the turbocharger and a combustion model for fuel consumption. 

Table 24- Parameter Selection for All Emission Gases 

  Gasoline Diesel 

  Case 1 Case 2 Case 1 Case 2 

Emission gas  VS LMN  VS LMN  VS LMN  VS LMN  

CO2 
R2 0.95 0.95 0.99 1 0.67 0.68 0.87 0.89 

F 0.29 0.26 0.06 0.03 0.82 0.78 0.71 0.61 

NOx 
R2 0.44 0.64 0.42 0.65 0.59 0.58 0.82 0.84 

F 1.06 0.69 0.52 0.62 0.37 0.66 0.09 0.28 

CO 
R2 0.74 0.74 0.71 0.77 0.05 0.06 0.05 0.07 

F 0.42 0.23 0.79 0.39 0.75 0.55 1.12 0.57 

PN 
R2 0.21 0.21 0.32 0.42 0.01 0.004 0.03 0.04 

F 0.58 0.35 0.26 0.04 0.42 0.52 0.41 0.59 

 

The values indicated with red colour indicate all cases where the fit levels, F were at 

an unsatisfactory level (below 0.5). As observed, the results from Case 2 were better 

overall excluding the CO emissions for both vehicles. It was important to indicate the 

level of fit for case 2 had an R2 of 1 and a fit level of 0.03 for the CO2 gas. In 

comparison case 1, had a worse R2 value of 0.95 and a fit level of 0.29. Despite the 



REAL DRIVING EMISSIONS MODELLING TECHNIQUES 

 

[192] 
 

results of case 1 being worse, they were still considered comparable to case 2 with the 

only major exception being the NOx emissions for the diesel vehicle. The levels of fit 

(F), for other emission gases was not as good as for the CO2 gas for both cases. 

As previously mentioned, the results from case 2 where in the majority better than the 

results from case 1. However, in 4 out of the 8 cases tested in Table 24 the results in 

terms of F were very similar to each other. This imposes the question if modelling the 

extra parameters of Exhaust Flow Rate and Accelerator Pedal Position is indeed 

required. The simplest answer to this would be that it depends on the aim of the project. 

In the RDE validation scenario where failing tests would cost extra resources and 

perhaps penalties, spending more resources early on the development process to model 

Exhaust Flow Rate [m3/sec] and Accelerator Pedal Position [%] which will in effect 

yield better emission models would be almost considered necessary since they would 

probably outweigh the extra resources needed further on. For this project though, 

modelling the extra parameters was believed to expand beyond the scope and would 

add extra complexity and uncertainty to the work discussed in Chapter 5. Hence, it 

was decided to continue the emission modelling using the variables from Case 1. The 

shortfalls of the models are acknowledged, but they will be used to demonstrate the 

next steps of the RDE solution, and which can be easily adapted with better models in 

the future. 

 

6.4 Emission Modelling Results 

6.4.1 Emission Modelling Training Results 
The emission model fit levels were tested with different training data to explore how 

the data affect the results. The training data was split by their: 

• Quantity of data - Using a single drive cycle or multiple cycles as training data 

and a single cycle for validation 

• Powertrain of the vehicle 

• Driver aggressiveness 

• Hot or Cold start 
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For all models, the same settings and variables were used. All input data consisted of 

25 RDE cycles with the characteristics shown in             Table 25. 

            Table 25- Emission modelling settings and data 

 Gasoline Diesel Total 

Aggressive 7 
3 Cold 

6 
3 Cold 

13 
4 Hot 3 Hot 

Gentle 8 
4 Cold 

4 
3 Cold 

12 
4 Hot 1 Hot 

 

The process described in this section starts off by training the emission models 

discussed in section 6.2 for all emission gases using different combinations of RDE 

cycles as training data. The models are then used to predict the emission gases of a 

different RDE cycle. An example is demonstrated in Figure 98,  where the model with 

the best fit value (F) for modelling CO2 emissions can be seen, while the correlation 

plot of the model output against the data output can be seen in Figure 99.  

 

Figure 98- Measured against Modelled CO2 emissions 
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Figure 99- Model output against data output CO2 emissions 

In Figure 99 it was seen that there was a case of heteroscedasticity where the residuals 

of the model are not normally distributed. This can either occur if there is an incorrect 

assumption of linear relationships and using a linear regression or when models 

perform better for some subgroups than others. This can be potentially fixed by 

building separate models for different subgroups, transforming some of the numeric 

variables by taking their natural logarithms or transforming the numeric predictor 

variables. For this following models, any linear regression models were excluded to 

avoid this issue. This methodology will be applied for all emission gases and the 

different combinations of input data next. 

6.4.1.1 CO2 Emission Models 

6.4.1.1.1 Gasoline Vehicle 

By inspecting Table 26, nRMSE and R2 have identical values despite the use of 

different training data showing that driver aggressiveness had no effect on the fit 

quality. 

Table 26- Gasoline Vehicle CO2 Emission Model Fit 

Statistics 
Vehicle: Gasoline | Emission Gas:  CO2 | Variables: RPM, Torque 

    All Cycles     All Gentle  All Aggressive 
VS LMN VS LMN VS LMN 

RMSE  0.60 0.59 0.51 0.49 0.72 0.72 
nRMSE 0.04 0.04 0.04 0.04 0.04 0.04 
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R2  0.95 0.95 0.95 0.95 0.95 0.95 

CRC 2.39 1.63 -2.83 -2.69 2.30 2.81 

Fit 0.29 0.26 0.33 0.32 0.31 0.30 
 

All CO2 models exhibited a good fit of the 0.3 range, however, the use of more cycles 

led to a slightly better fit for both VS and LMN models. LMN also yielded slightly 

better model fits compared to the VS models due to their better CRC results. 

In Table 27, when more hot cycles were used for the training process a better fit was 

obtained. The opposite effect was unexpectedly seen for the cold start cycles. This was 

due to the specific cycles used which had almost identical characteristics such as total 

work done over the cycle and the cold start region having similar EAT temperatures. 

This signifies the importance of the variability between training data, even though they 

consisted of the same route. 

Table 27- Gasoline Vehicle CO2 Emission Model Hot and Cold Start Fits 

Statistics 
Vehicle: Gasoline | Emission Gas:  CO2 | Variables: RPM, Torque 

All Hot Single Hot All Cold Single Cold 
VS LMN VS LMN VS LMN VS LMN 

RMSE  0.58 0.57 0.62 0.61 0.65 0.62 0.50 0.49 
nRMSE 0.03 0.03 0.05 0.05 0.04 0.04 0.05 0.05 
R2  0.95 0.95 0.93 0.93 0.94 0.94 0.94 0.95 
CRC 2.03 2.88 -3.40 -2.47 -4.02 -4.00 0.95 1.68 
Fit 0.26 0.31 0.41 0.34 0.40 0.39 0.21 0.28 

 

All Hot start cycles showed better fits compared to all cold start cycles showing the 

impact the cold start period has on emissions. This adds further complexity and the 

need of a temperature models such as an exhaust after treatment model even though 

the incorporation of temperature variables mentioned at the start of the chapter yielded 

worse results. However, the modelling techniques were not able to capture this effect 

by the addition of the temperature variables. 
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6.4.1.1.2 Diesel Vehicle 

The CO2 fits for the Diesel vehicle in comparison to the Gasoline vehicle were worse. 

This could be due to having less training data available. In Table 28, the all aggressive 

cycles had a relatively bad fit with an R2 of 0.59 and a fit of 0.85 which dragged the 

overall fit levels of the all cycles test down. In comparison the all gentle test had an 

R2 of 0.95 which brought the overall fit down to 0.48. Despite the worse fits compared 

to the gasoline vehicle, the CRC of the models was within ±7% which was considered 

to be reasonable for our case where the RDE regulation uses the distance specific CO2 

emissions. 

Table 28- Diesel Vehicle CO2 Emission Model Fit 

Statistics 

Vehicle: Diesel | Emission Gas:  CO2 | Variables: RPM, Torque 
        All Cycles         All Gentle       All Aggressive 

VS LMN VS LMN VS LMN 

RMSE  1.59 1.58 0.49 0.48 2.04 2.08 
nRMSE 0.09 0.09 0.04 0.04 0.11 0.12 
R2  0.67 0.68 0.95 0.95 0.59 0.57 
CRC -7.59 -6.98 -5.57 -5.37 -6.30 -5.06 
Fit 0.82 0.78 0.49 0.48 0.85 0.77 

 

Table 29- Diesel Vehicle CO2 Emission Model Hot and Cold Start Fits 

Statistics 
Vehicle: Diesel | Emission Gas:  CO2 | Variables: RPM, Torque 

All Hot  Single Hot All Cold Single Cold 
VS LMN VS LMN VS LMN VS LMN 

RMSE  2.35 2.37 0.46 0.65 0.49 0.50 0.84 0.96 
nRMSE 0.14 0.14 0.04 0.06 0.04 0.04 0.05 0.05 
R2  0.39 0.38 0.95 0.91 0.94 0.94 0.90 0.87 
CRC -8.82 -9.21 -11.54 -1.48 -1.77 1.85 -2.48 -4.62 
Fit 1.11 1.13 0.72 0.30 0.26 0.27 0.34 0.50 

 

In Table 29, the all hot test yielded bad fit levels of 1.11 compared to the rest of 0.3. 

This was because of a low R2 of 0.39 compared to the 0.94 of the rest. Furthermore, 

four out of the five hot tests were also aggressive tests which may indicate an issue 

with the specific data. Having more training data increased the fit levels of the cold 
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cycles. Lastly, the CO2 emissions for both vehicles showed a good level of fit of mostly 

below 0.3 excluding the diesel vehicle’s hot and aggressive cycles. 

6.4.1.2 NOx Emission Models 

6.4.1.2.1 Gasoline Vehicle 

As expected for both vehicle powertrains the NOx emissions shown in Table 30, had 

a lower fit level compared to the CO2 emissions due to its complexity. Even though 

the RMSE was better throughout the experiments, the R2 and CRC fits were 

significantly worse. This indicates that on average the predicted emission values are 

close to the training data but there is a high variance in the response of the model. Out 

of the three tests, the gentle test had a ten times lower CRC value. 

Table 30- Gasoline Vehicle NOX Emission Model Fit 

Statistics 

Vehicle: Gasoline | Emission Gas:  NOX | Variables: RPM, Torque 
        All Cycles        All Gentle         All Aggressive 

VS LMN VS LMN VS LMN 

RMSE  0.01 0.01 0.01 0.01 0.01 0.01 
nRMSE 0.06 0.05 0.06 0.05 0.05 0.04 
R2  0.44 0.64 0.42 0.56 0.57 0.68 
CRC 18.99 -9.90 1.68 -2.69 -24.25 -21.12 
Fit 1.06 0.69 0.31 0.37 1.09 0.94 

 

In Table 31, it is clear that the quantity of training data is proportional to the level of 

fit. Surprisingly, cold start cycles had better results than hot start cycles. In addition, 

with the exception of the all hot test, the LMN exhibited better results for all other 

tests. 

Table 31- Gasoline Vehicle NOX Emission Model Hot and Cold Start Fits 

Statistics 
Vehicle: Gasoline | Emission Gas:  NOX | Variables: RPM, Torque 

All Hot Single Hot All Cold Single Cold 
VS LMN VS LMN VS LMN VS LMN 

RMSE  0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 
nRMSE 0.06 0.05 0.08 0.06 0.05 0.04 0.06 0.05 
R2  0.36 0.60 0.47 0.66 0.47 0.65 0.45 0.62 
CRC -2.71 -4.86 -29.86 -28.47 2.83 0.26 -13.32 2.10 
Fit 0.40 0.47 1.53 1.34 0.39 0.11 0.91 0.33 

 



REAL DRIVING EMISSIONS MODELLING TECHNIQUES 

 

[198] 
 

6.4.1.2.2 Diesel Vehicle 

As seen in Table 32, low values were seen for all statistics except for the gentle tests 

where a high R2 was obtained but also a poorer fit level.  

Table 32- Diesel Vehicle NOX Emission Model Fit 

Statistics 
Vehicle: Diesel | Emission Gas:  NOX | Variables: RPM, Torque 

        All Cycles           All Gentle     All Aggressive 
VS LMN VS LMN VS LMN 

RMSE  0.02 0.02 0.01 0.01 0.02 0.02 
nRMSE 0.06 0.06 0.05 0.05 0.06 0.06 
R2  0.59 0.58 0.88 0.88 0.52 0.54 
CRC -2.47 -7.60 -13.58 -15.45 3.57 2.70 
Fit 0.37 0.66 0.82 0.88 0.47 0.40 

 

The Volterra Model seemed to have the edge in most of the diesel tests especially in 

the cases where more training data was used. In Table 33, it was confirmed again that 

more training data led to a better fit. Furthermore, all hot tests led to the best results 

compared to the cold start tests except for a low R2 value. 

Table 33- Diesel Vehicle NOX Emission Model Hot and Cold Start Fits 

Statistics 
Vehicle: Diesel | Emission Gas:  NOX | Variables: RPM, Torque 

All Hot Single Hot All Cold Single Cold 
VS LMN VS LMN VS LMN VS LMN 

RMSE  0.02 0.02 0.01 0.02 0.01 0.01 0.01 0.01 
nRMSE 0.07 0.07 0.06 0.10 0.07 0.06 0.07 0.06 
R2  0.36 0.33 0.87 0.59 0.74 0.78 0.66 0.75 
CRC -0.37 -3.40 -97.76 -27.27 4.10 -10.49 -21.13 -18.53 
Fit 0.16 0.50 2.39 1.68 0.52 0.80 1.18 1.02 

 

6.4.1.3 CO Emission Models 

6.4.1.3.1 Gasoline Vehicle 

For the CO emissions, all statistics had great results with an RMSE of 0.01, R2 of over 

0.74 and Fit levels of below 0.4. This was because most of the time CO emissions 

were near zero from a gasoline engine. However, as seen from both Table 34 and Table 

35, the CRC results had large deviations from -0.26% to -77.6%. The all cycles test 
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had the best result out of the three tests with a fit level of 0.23, where the LMN 

performed better than the VS.  

Table 34- Gasoline Vehicle CO Emission Model Fit 

Statistics 
Vehicle: Gasoline | Emission Gas:  CO | Variables: RPM, Torque 

         All Cycles           All Gentle      All Aggressive 
VS LMN VS LMN VS LMN 

RMSE  0.01 0.01 0.01 0.01 0.01 0.01 
nRMSE 0.01 0.01 0.03 0.02 0.02 0.02 
R2  0.74 0.74 0.67 0.69 0.81 0.80 
CRC -12.36 -3.68 -77.59 10.98 7.11 -4.52 
Fit 0.42 0.23 1.40 0.52 0.40 0.32 

 

In Table 35, the cold start tests seemed to have performed better than the hot tests with 

their fit levels being as low as 0.1 and their R2 as high as 0.88. 

Table 35- Gasoline Vehicle CO Emission Model Hot and Cold Start Fits 

Statistics 
Vehicle: Gasoline | Emission Gas:  CO | Variables: RPM, Torque 

All Hot  Single Hot All Cold Single Cold 
VS LMN VS LMN VS LMN VS LMN 

RMSE  0.01 0.01 0.01 0.01 0.01 0.01 0.00 0.01 
nRMSE 0.02 0.02 0.02 0.03 0.03 0.02 0.04 0.04 
R2  0.80 0.83 0.88 0.85 0.70 0.72 0.67 0.50 
CRC -2.79 -5.95 -30.26 -9.31 -64.68 0.38 -15.56 -0.26 
Fit 0.21 0.30 0.84 0.50 1.27 0.10 0.75 0.10 

 

6.4.1.3.2 Diesel Vehicle 

For Diesel vehicles, in Table 36 RMSE is very low which managed to drop the Fit 

levels to an acceptable level. However, R2 reached the lowest values out of all tests 

so far indicating a very poor fit. All three tests showed similar Fit levels. 
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Table 36- Diesel Vehicle CO Emission Model Fit 

Statistics 
Vehicle: Diesel | Emission Gas:  CO | Variables: RPM, Torque 

         All Cycles         All Gentle        All Aggressive 
VS LMN VS LMN VS LMN 

RMSE  0.01 0.01 0.01 0.01 0.02 0.02 
nRMSE 0.03 0.03 0.03 0.03 0.03 0.03 
R2  0.05 0.06 0.07 0.12 0.04 0.05 
CRC -21.06 11.14 -11.54 7.70 -31.43 -19.05 
Fit 0.75 0.55 0.57 0.46 0.98 0.76 

 

In Table 37, there was a high variability in the CRC values from 0.47% to 78.6%. Fit 

levels remained relatively poor with the exception of the single cold test and the all 

hot tests. 

Table 37- Diesel Vehicle CO Emission Model Hot and Cold Start Fits 

Statistics 
Vehicle: Diesel | Emission Gas:  CO | Variables: RPM, Torque 

All Hot Single Hot All Cold Single Cold 
VS LMN VS LMN VS LMN VS LMN 

RMSE  0.01 0.01 0.01 0.01 0.02 0.02 0.01 0.01 
nRMSE 0.03 0.03 0.04 0.04 0.03 0.03 0.02 0.03 
R2  0.03 0.03 0.09 0.09 0.05 0.08 0.62 0.53 
CRC -54.30 -2.80 78.56 67.94 -12.35 11.82 0.47 -5.13 
Fit 1.20 0.27 1.79 1.66 0.62 0.60 0.11 0.42 

 

6.4.1.4 PN Emission Models 

6.4.1.4.1 Gasoline Vehicle 

As seen in Table 38, for the PN emission models RMSE is high which drops to a very 

low value when normalised. R2 values were below optimal in the 0.2 range and there 

is a high variability in the CRC values from -0.6% to -20%. The fit levels were mostly 

at a good level of under 0.5. 

Table 38- Gasoline Vehicle PN Emission Model Fit 

Statistics 
Vehicle: Gasoline | Emission Gas:  PN | Variables: RPM, Torque 

         All Cycles         All Gentle        All Aggressive 
VS LMN VS LMN VS LMN 

RMSE  3.204E+10 3.221E+10 2.280E+10 2.265E+10 3.528E+10 3.515E+10 
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nRMSE 0.02 0.02 0.01 0.01 0.02 0.02 
R2  0.21 0.21 0.28 0.29 0.23 0.24 
CRC -19.81 7.22 -19.41 -0.62 18.55 9.81 
Fit 0.58 0.35 0.48 0.09 0.62 0.45 

 

In Table 39, similar results were obtained with slightly higher R2 for the hot cycles 

compared to the cold start cycles. Using more training data didn’t always yield better 

results but were at the 0.2 range which was considered a good fit. 

Table 39- Gasoline Vehicle PN Emission Model Hot and Cold Start Fits 

Statistic 
Vehicle: Gasoline | Emission Gas:  PN | Variables: RPM, Torque 

All Hot Single Hot All Cold Single Cold 
VS LMN VS LMN VS LMN VS LMN 

RMSE  1.493
E+10 

1.470E+
10 

1.585E+
10 

1.606E+
10 

4.104E+
10 

4.146E+
10 

1.984E+
10 

2.196E+
10 

nRMSE 0.02 0.02 0.03 0.03 0.02 0.02 0.04 0.04 
R2  0.57 0.58 0.48 0.47 0.12 0.12 0.37 0.36 
CRC -23.27 1.61 -3.66 -3.24 -9.95 -3.18 3.69 -0.67 
Fit 0.76 0.20 0.35 0.33 0.45 0.25 0.37 0.17 

 

6.4.1.4.2 Diesel Vehicle 

The R2 values for the PN of the diesel vehicle were the lowest out of all emission 

gases and tests at a 0.01, indicated a very bad fit. Despite this, the nRMSE values were 

also very low which dragged the Fit levels to a sub 0.5 level, showing an uncertainty 

in the model's fit. 

Table 40- Diesel Vehicle PN Emission Model Fit 

Statistics 

Vehicle: Diesel | Emission Gas:  PN | Variables: RPM, Torque 
        All Cycles         All Gentle        All Aggressive 

VS LMN VS LMN VS LMN 

RMSE  1.215E+10 1.216E+10 7.916E+08 7.998E+08 1.634E+10 1.634E+10 
nRMSE 0.01 0.01 0.01 0.01 0.02 0.02 
R2  0.01 0.00 0.00 0.00 0.01 0.01 
CRC 13.95 21.54 11.24 11.22 -14.86 -14.97 
Fit 0.42 0.52 0.36 0.36 0.50 0.50 
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In Table 41, the CRC values were at the highest so far of over 1200% difference 

pushing the Fit levels very high, indicating a poor fit. Having more training data 

produced better results in most cases. The VS and LMN models showed similar levels 

of fit as well. 

Table 41- Diesel Vehicle PN Emission Model Hot and Cold Start Fits 

Statisti
cs 

Vehicle: Diesel | Emission Gas:  PN | Variables: RPM, Torque 

All Hot Single Hot All Cold Single Cold 
VS LMN VS LMN VS LMN VS LMN 

RMSE  1.735E+
10 

1.741E+
10 

1.238E+
08 

2.007E+
08 

1.118E+
10 

1.124E+
10 

4.835E+
10 

5.100E+
10 

nRMS
E 0.01 0.01 0.26 0.02 0.02 0.02 0.03 0.03 
R2  0.01 0.00 0.04 0.02 0.02 0.01 0.10 0.09 

CRC -
1245.80 

-
1240.02 98.47 98.37 -2.99 22.78 -8.37 -6.68 

Fit 3.83 3.83 5.07 1.53 0.22 0.61 0.50 0.46 
 

6.4.1.5 Summary on VS and LMN models 
The following conclusions were derived by the emission modelling training study by 

considering all of the statistics: 

1. CO2 yielded the best results for the gasoline vehicle followed by the CO 

2. NOx and PN results were not at a satisfactory level for the gasoline vehicle 

3. CO2 was the best model for the diesel vehicle followed by the NOx model 

4. PN and CO results were not at a satisfactory level for the diesel vehicle 

5. Diesel vehicle produced worse model fits compared to the gasoline 

6. In most cases more training data led to better models 

7. Having a low number of training data increases the data characteristics impact 

on the model 

8. The results could not justify that hot start cycles yield better models compared 

to cold start cycles 

9. Driver style did not have a significant effect on the model’s fit  

10. The LMN models were better at modelling most gases excluding the NOx 

emissions of the diesel vehicle 

11. nRMSE, R2 and CRC are not proportional to each other 
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12. Having a low Fit value or a high R2 does not necessarily indicate a ‘good’ 

model 

13. Having a high variability in the statistics shows the uncertainty of the model. 

All these factors increased the uncertainty on trusting the emission models. This 

imposed the questioned if this is a problem of the specific models where perhaps 

a different method would have yielded better results or a problem with the data. 

 

6.4.2 Long Short-Term Memory Neural Network  
Since the RDE vehicles did not measure emissions before the EAT, the method used 

by our fellow researchers at Horiba MIRA was a Recurrent Neural Network (RNN) 

with and Long Short-Term Memory (LSTM) layer. This was done to overcome the 

time difference between the conditions influencing the emissions and the point of 

emission measurements. The initial tests were trained to model CO2 using the 

variables including: 

• GPS Vehicle Speed 

• OBD Engine Speed 

• Exhaust mass flow rate  

• Accelerator pedal position 

• Temperature, Pressure and Humidity over the full RDE boundary set using 

HORIBA MEDAS system 

As seen from Figure 100, the trained models showed a very good correlation with a 

high R2 values of 0.98 for the gasoline vehicle while the diesel vehicles had more 

outliers with an R2 of 0.93. For other emission gases, similarly to the Volterra Series 

and LMN models the training results were not as good. Even though the different 

models performed differently to each other, the strength of this factor is probably 

outweighed by the quality of the data overall.  

 



REAL DRIVING EMISSIONS MODELLING TECHNIQUES 

 

[204] 
 

 

Figure 100- Predicted vs actual instantaneous CO2 emissions for an RDE test (Normalized) 

 

6.4.3 Modelling Discussion and Conclusions 
Following the analysis of the three modelling techniques it was understood that data 

quality and the information contained in the training data is very important. Data from 

real RDE tests may not be optimal to obtain a high fit vehicle emission model and 

perhaps a DoE test with dynamic excitation signal on an engine test bed may be more 

appropriate. This is because in a DoE test, the data are richer in information. However, 

the DoE must be able of capturing the dynamic behavior of the system efficiently 

otherwise it will not be able to model real drive cycles properly. In addition, by using 

a DoE a minimum amount of required data can be also defined to cover the RDE 

spectrum. 

When single RDE drive cycles were used for training data, it was observed that the 

data fell into a few narrow bands of operating space. This is probably due to the test’s 

nature of being conducted according to the RDE speed limits. This will negatively 

affect the training process of the models since a lot of data are within the same 

operating space but contain relatively little information about the system at conditions 

outside the dominant operating conditions for the test. This can be seen in cases such 

as in the Single Hot, Single Cold start tests in section 6.4.1 where similar drive cycles 

were tested, and the results sometimes exhibited very high levels of fit compared to 

others. This is a case of overfitting meaning that transferring the tests to different tests 

is problematic due to a lack of generality. 
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This problem can be reduced by using more training data where a wider area in the 

operating space can be covered. However, the dataset will be very inefficient in terms 

of information which may lead to more testing time and training time. Therefore, even 

though the DoE route seems to be the better option to follow since it is already a proven 

method from literature (as per the VS modelling in 6.2.1) a new question arises on 

how to collect the most useful information with the minimum number of tests using 

on road testing or preferably inside a laboratory.  

Winward et al., (199) have demonstrated two different approaches of an excitation 

signal design to create high accuracy multivariable nonlinear dynamic neuro-fuzzy 

models. In their first approach, different excitation signals were applied to the inputs 

as the transient was repeated to cover the full input range. In their second approach 

informative potential was used to identify discrete speed and torque points from the 

original transient, hence the transient was deconstructed into a sequence of inputs 

which were designed to cover the same input space with an aim of reducing the data 

collection process time and producing a more generic model. The total fuel 

consumption for a 2-minute transient was modelled with an accuracy of <2% while 

the engine out NOx emissions were predicted with an accuracy of <4%. However, the 

time required for the data collecting process was 7.5 hours for the first method and 2 

hours for the second method. If the data collecting process required to cover the full 

RDE operating range does not exceed the resources required to perform several RDE 

tests in different conditions this will be a suitable solution to the RDE problem. 

 

6.5 Emission Modelling Application to Artificial Cycles 
Developing the ideal emission model was not the aim of this work. However, by 

establishing a useable emission model and successfully modelling the artificially 

generated drive cycles from Chapter 5 would still require some further work in 

justifying the vehicle’s compliancy within the RDE regulations. To achieve this the 

highest emitting cycles out of the generated drive cycles for each emission gas could 

be used in EiL tests. However, it was considered important to understand why the 

worst cycles performed that way first. Due to the uncertainty of the models for most 
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emission gases, the following study was based on the CO2 emissions which showed 

the best fit results. However, the same methodology can be applied for all other gases. 

 

6.5.1 Methodology 
For this study, 100 artificial cycles were first generated using the RCG from Chapter 

5. A single aggressive RDE cycle was used as data from the gasoline vehicle to train 

the emission models as a test scenario of having limited road data. The best emission 

model out of the VS and LMN was applied to the cycles using Torque and Engine 

speed as the inputs. The RDE emission checks were applied to the cycles and then a 

study took place on how the following variables affected the emission results: 

• Torque 

• Engine Speed 

• Velocity 

• Total Time 

• RPA 

• v.apos[95] 

• CPE 

• Total Energy 

First, the mean of these variables was tested for the whole cycle. The data were then 

broken down for each RDE region, and then down to second-by-second data to test 

their relationship. 

 

6.5.2 Results 
The cumulative CO2 plots against time between the 100 artificial cycles can be seen 

in Figure 101. The maximum and minimum cumulative CO2 mass were marked 

showing the effect the cycle’s duration had, since the lowest CO2 mass value 

corresponded to the smallest cycle in duration and vice versa. The difference between 

the highest and lowest cumulative CO2 emissions was roughly 10%. 
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Figure 101- Cumulative CO2 emissions for 100 artificial cycles 

The distance specific total mass of the CO2 emissions generated from the artificial 

cycles was plotted in Figure 102 with the red X marking the original cycle used for 

both training the emission models and generating the cycles. As previously mentioned, 

only the CO2 emissions will be considered in this section because of model quality. 
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Figure 102- Gasoline vehicle Single Aggressive Cycle used to generate 100 Aggressive 
cycles with their emissions 

As observed, the original cycle had a total CO2 mass of 187 g/km whereas from the 

100 cycles the range of CO2 mass was from 185 - 200 g/km increasing the variability 

in results just from a single RDE cycle. Similarly, this was the case for each RDE 

section, however, the urban section systematically accounted for higher CO2 values. 

Since the emission models were trained using Torque and Engine Speed, it was 

decided to check how the mean of these variables affected CO2 emissions. Starting 

with Torque, all 100 artificial cycles mean torque was plotted against the CO2 total 

mass. As seen in Figure 103, there was no apparent relationship with the red and 

yellow line showing the line of best fit of the data which was relatively flat with a 

gradient for the line of best fit of 0.49 and the dotted pink line showing the 95th 

prediction interval. 
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Figure 103- Drive cycle mean torque against CO2 emissions 

The mean Engine speed shown in Figure 104, exhibits to the naked eye a slightly more 

down sloping line of best fit which may indicate an inversely proportional relationship 

between engine speed and Total CO2 mass. However, the range of the engine speed is 

very small, the data are quite spread out, and the line has a gradient of -0.069 showing 

that over a full RPM range the line is still relatively flat suggesting no real relationship. 
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Figure 104- Drive cycle mean engine speed against CO2 emissions 

Since the two training variables did not yield any relationships, the mean velocity, 

CPE and the legislative trip dynamic variables of RPA and v.apos[95] were checked. 

Starting with the mean velocity of the cycles seen in Figure 105, an inversely 

proportional relationship between velocity and CO2 emissions was witnessed. Even 

though the range of the mean velocity was still relatively small, the gradient of the line 

of best fit was -2.4, with all points except one being within the 95th prediction interval 

suggesting a better fit. This could suggest that having a higher mean velocity kept the 

powertrain in a more efficient operating zone which resulted in less CO2 emissions. 

However, the information is very limited by summarising the whole drive cycle into a 

single value. 
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Figure 105- Drive cycle mean velocity against CO2 emissions 

The distance specific energy required to drive a cycle is directly related to the amount 

of work the engine needs to do to travel a route and is expected to be directly 

proportional to the distance specific CO2 emissions. In Figure 106, there is a 

relationship where the highest required work done results in higher CO2 emissions. 

This was confirmed with the gradient of the line of best fit being 0.29.  
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Figure 106- Drive cycle Total Energy against CO2 emissions 

Since the resolution of the analysis was not providing a lot of information it was 

decided to break the drive cycle down into the RDE sections. The mean Torque and 

Engine Speed are displayed in Figure 107. The Torque figures showed a more linear 

relationship with higher values of gradient for CO2 mass compared to the overall 

cycles from Figure 103. The gradient steepness dropped down with the higher velocity 

RDE sections. This may well be due to the urban region being the largest in data size 

and velocity range which allows for a larger variability to take place. However, the 

Engine speed still did not display any clear relationship with CO2. 
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Figure 107- Torque and Engine speed per RDE section 

In Figure 108, the v.apos[95], RPA and mean velocity values are displayed per RDE 

section. The urban region in all three cases seems to have a steeper line of best fit. 

However, in all scenarios the data still seem pretty spread out suggesting no clear 

relationships. Even the mean velocity variable which demonstrated the clearest 

relationship with its mean value for the overall cycle it was not as clear in each RDE 

section. 
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Figure 108- Gasoline vehicle RDE sections for v.apos[95], mean velocity and RPA 

Partitioning the cycle into the RDE sections did not yield better results. Hence, it was 

attempted to break the cycle further down into second-by-second data as in Figure 

109. The Torque against velocity data were plotted against CO2 mass per second for 

all 100 generated cycles. There was a clear relationship between the 3 variables 

suggesting that an increase in velocity and Torque increased the mass CO2 produced. 

This is because when torque and velocity are multiplied together, they result in power 

which is essentially the mass flow of fuel. Hence, CO2 is released and as a consequence 

of oxidising the fuel. There were also distinct bands of Torque velocity which are 

correlated to the RDE section speed ranges and operating regions. Even though these 

relationships may be found easily through theory. The main focus of this methodology 

is to provide a process to analyse the data and understand which factors affect the final 

emission results and why. This way when several variables are used together in more 

complicated models a solution can be found to alter so as to get even higher emitting 

cycles. 
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Figure 109- All aggressive drive cycles velocity, Torque and second by second CO2 
emissions 

Hence, it was decided to check how the highest and lowest emitting CO2 emission 

cycles out of the 100 generated cycles differentiated. Figure 110, shows the torque, 

velocity and Mass CO2 datapoints for the low and high emitting generated cycles. The 

same relationship was seen where higher values of torque and velocity led to higher 

CO2 emissions.  
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Figure 110- Fiesta all aggressive cycles with the highest and lowest CO2 emitting cycles 
velocity, torque and second by second CO2 mass 

There were no apparent clusters of datapoints in the high CO2 range for the higher 

emitting cycle using this graph. Hence in Figure 111, the probability distribution of 

the Torque and Velocity along with the datapoints were plotted. The higher emitting 

cycle had a larger frequency of datapoints in the high velocity region of the +100 km/h 

and the higher Torque range of 120-150 Nm. Hence, the distance specific Mass CO2 

emissions were 15 g/km higher. Even though there were more datapoints in the low 

Torque region, they have less of an impact due to lower CO2 emissions as per Figure 

110. 
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Figure 111- Fiesta All aggressive cycles with distribution on torque and velocity 

 

6.5.3 Transitioning the cycle into a worse emission state 
Following the identification of the parameters affecting the CO2 emissions including 

higher Torque and Velocity, an attempt was made in worsening the cycles to emit even 

higher CO2 emissions. The methods in achieving this would be by the alteration of 

the: 

• Gear shifting strategy, to select lower gears and push the operating region into 

the higher Torque range 

• Altitude profile, to obtain a more demanding road load and hence Torque 

values 

• Transition probability matrix, to rerun the same cycle and selecting higher 

velocity values using PID controllers 

• Vehicle’s road load coefficients, to simulate different environments including 

temperature, humidity, and altitudes 

• Driver aggressiveness, v.apos[95] and RPA values 
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Even though all these parameters would probably result in higher CO2 emissions, it 

was decided to try keep the cycle as close to the original one as possible. Hence, the 

option of altering the driver aggressiveness, TPM or the altitude profile were excluded 

because a completely different cycle would be created which would be hard to 

compare. Hence, two tests were performed; altering the gear shifting strategy from a 

random selection to the lowest possible gear selection, and the simulation of the same 

cycle being carried out in a -7°C environment from a +30°C using the road load 

coefficient estimation work from Chapter 4 since it was identified in Chapter 3 that it 

would push the CO2 emissions higher. This would essentially tackle the RDE box 

ambient conditions. 

 

Figure 112- Cumulative Mass CO2 emissions using different gear shifting strategies 

As seen from Figure 112, using lower gears throughout the cycle have increased the 

distance specific Mass CO2 emissions from 192.5 to 196.1 g/km. A similar trend of 

the Mass CO2 emissions was followed which had small cumulative changes over the 

course of the cycle. The mass emissions started to deviate more towards the end of the 

rural section all the way to the end of the cycle hence Figure 112 was zoomed in for a 

clearer view. 
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Figure 113- Cumulative Mass CO2 emissions using different ambient temperatures 

In Figure 113, altering the temperature from 30 degrees to -7 degrees Celsius has 

increased the distance specific Mass CO2 emissions from 192.5 to 194.9 g/km. There 

was a smaller change in the cumulative emission results, however very small 

deviations were noted throughout the cycle, and which resulted into a more offset type 

of emissions. It is important to note that the model does not account for changes in 

engine performance due to the change in the ambient conditions but only affects the 

rolling resistance of the drive. 

Even though no physical validation process took place on an engine test bench or on 

the road, their validity in being able to drive the cycles was verified using the road 

load calculations and gear shifting strategy along with having a large enough safety 

factor to cover any losses in engine power due to the ambient condition changes. This 

methodology produces very bad cases where a vehicle can be tested upon with less 

experimental data. However, the absolute worst cycle the car can ever endure during 

an RDE test is still not identified. To add an additional ‘safety factor’ in passing the 

RDE test an additional load can be induced on the engine test bed as per the Literature. 

However, even without the additional load this methodology is capable of reducing 

the data required in passing the test. 
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6.6 Conclusions 
The conclusion from the work in Chapter 6 include: 

• Using just Torque and Engine speed as the training variables of the model 

yielded a CO2 model R2 of 0.95 and a Fit of 0.26 for the gasoline vehicle and 

was considered well performing. However, using the additional variables of 

Exhaust Flow Rate, Accelerator Pedal Position yielded much better results for 

all emission gases except CO. Hence, more models and work are required to 

include these variables. 

• Even though the emission models could be trained using a single RDE cycle, 

more data seemed to improve the emission model fit. 

• The input data collected did not seem to have a lot of information stored in 

them which concluded in a lot of extrapolations and poor performance. Hence, 

a DoE experiment with dynamic excitation signal on an engine test bed was 

suggested as an alternative. 

• In Chapter 5 an RDE cycle was used to produce artificial RDE cycles with 

similar driver style values. This expanded the Torque-RPM operating region 

by a value of 24%. Using again a single RDE cycle to produce 100 artificial 

cycles and modelling their cumulative mass CO2 emissions the results varied 

by 10%. By generating cycles with a different driver style, the operating region 

and emission would expand even more. This shows the importance of the 

chosen real RDE cycle and route. 

• By using different gear shifting strategies and simulating different ambient 

temperatures by the adjustment of the rolling resistance the distance specific 

Mass CO2 emissions increased from 192.5 to 196.1g/km and from 192.5 to 

194.9 g/km respectively. This shows the potential of this methodology when 

all variables are mixed. 

Using the break down analysis of the generated cycles predicted CO2 emissions an 

answer was derived on why the highest emitting cycle performed this way. This 

provided some further insight which could aid in the process of tuning the vehicle and 

in designing an even worse drive cycle to test the vehicle on. The same methodology 

can be applied on other emission gases to get a better understanding of their behavior 
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as well. However, as previously mentioned the results are only as good as the emission 

models they are based on. Hence, the ideal scenario would be to obtain an emission 

model which accurately predicts second by second emissions. This would probably 

require some extra models and better-quality data which will result in more testing and 

the transition from a black box model into a grey one. Lastly, the work in Chapter 5 

was further validated by the extra variability in emissions got by using just a single 

RDE cycle showing its importance. 

 

6.6.1 Contribution towards the overall RDE methodology 
The work described in this chapter will be integral for the overall RDE methodology 

as seen in Figure 114. The RDE data will be used to train the different modelling 

techniques, a statistical analysis and sensitivity analysis will be performed on the 

different models and the best models will be selected for each emission gas to be used 

further into the overall RDE methodology. 

 

Figure 114- RDE methodology Chapter 6 
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Chapter 7   
Conclusions 
This Chapter focuses on giving a conclusion to the thesis by summarising the work. 

The main aims of the Chapter include: 

• Summarizing the work done  

• Evaluating the work done 

• Listing the achievements of each chapter and its contribution to science 

• Discussing what can be done in the future 

 

7.1 Summary 
The research in this thesis has looked at the methodologies for assessing the behavior 

of vehicles under the new real driving emissions test. Chapter 1 has introduced the 

subject area and outlined the aim and objectives of the work. Chapter 2 reviewed the 

existing literature of the field including the RDE key regulations and identified the 

gaps where extra research was needed. Chapter 3 started off by reviewing the steps in 

developing an RDE route and analyzing the route parameters affecting real driving 

emissions. The RDE testing methodology and issues with the test were also outlined. 

Chapter 4 looked at the coastdown test in depth and with the aid of literature and some 

experimental testing a methodology was created to simulate how the road load 

coefficient would change if a test would be repeated in a different environment. 

Chapter 5 looked at the different methods of generating artificial cycles and adapted a 

methodology to develop RDE cycles with the required characteristics. Chapter 6 

looked at the different techniques in modelling vehicle emissions and their application 

to the generated cycles from the previous chapter in developing the overall 

methodology which would aid the RDE validation process. Finally, chapter 7 

summarizes and draws conclusions from the research. 
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7.2 Conclusions 
The conclusions from the thesis are presented against the objectives that were laid out 

in Chapter 1. The main outcomes are presented in line with the overall aim of the 

thesis. 

1. “Review the literature for methods on assessing the overall legality of vehicles 

under the new RDE test. Evaluate the methods according to their effectiveness 

in facing the RDE challenge, resources required and complexity.” 

Three primary methods were identified in facing the RDE challenge from 

literature; experimental, model based, and model supported methods. They 

were evaluated based on their ability to cover the full RDE range, their 

complexity, their realism and resources required. It was identified that the 

experimental methods were too expensive to carry out, could not cover the full 

RDE spectrum but were the most reliable. Both the model based, and model 

supported methods could cover the full range with the difference that the model 

supported methods had the advantage of being more realistic by using real 

vehicle components. Hence, it was decided to generate artificial cycles to 

develop a ‘bad’ case cycle to test a vehicle using the EiL method. 

 

2. “Identify any potential gaps in the literature which could aid in achieving a 

more efficient solution towards the RDE problem.” 

After researching the different methodologies in tackling the RDE challenge it 

was identified that most methods required a lot of data or models for them to 

operate. Therefore, it was decided to develop a black box tool with a limited 

amount of data in an attempt of tackling this problem. It was also identified 

that the effect ambient conditions have on RDE tests and especially their 

application on a chassis dynamometer excluding the use of MEDAS systems 

in terms of the road load coefficients was another gap in the literature. 

Therefore, RDE tests were performed in different ambient conditions, a deep 

analysis was done on the resistive forces acting on a vehicle for different 

ambient conditions using the coastdown test as an example and real coastdown 

tests were performed on a chassis dynamometer for different tyre settings.  
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In the cycle generating section, a gap was also identified in the generation of 

RDE compliant cycles of different characteristics such as the driver 

aggressiveness and the CPE values. Furthermore, the determination of the 

‘worst’ route or cycle to test the vehicle on was not researched enough. Hence, 

an overall cycle generating methodology was developed around this concept 

which included a gear shifting strategy, emission modelling and the 

transformation into worse cycles by first analysing the reasons why the highest 

emitting cycles behaved that way and then altering the road load of the cycle 

to transform it to simulate different ambient conditions. 

 

3. “Perform on-road RDE tests to get a better grasp of the RDE legislations, 

obtain data for different powertrains across different environments and 

understand how different ambient conditions affect RDE emissions.” 

RDE tests were first attempted with limited experience and instrumentation on 

a vehicle in Bath. It was quickly identified how challenging the test is in terms 

of resources required and preparation. Furthermore, route development and 

RDE legislation issues were addressed such as the limitations of the legislative 

variables of v.apos[95] and RPA and the inability in comparing RDE tests 

between them based on these values.  

Legislative RDE tests were then performed in different countries to collect a 

variety of data. This showed again the disadvantages of the experimental based 

methods by requiring a lot of effort and resources for the collection of a limited 

amount of data. However, the data was very valuable and used throughout the 

thesis. After analysing the data a few general trends between emissions and the 

RDE variables were found including: 

• Higher altitude led to higher emissions 

• Higher temperatures led to lower emissions 

• Higher driver aggressiveness led to higher emissions 

It was also understood that the RDE route has an impact on emissions while 

it can be designed specifically for different powertrains to emit higher 

emissions. 
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4. “Dissect the RDE challenge into a series of smaller problems where through 

the analysis of the suggested solutions in the literature and the exploration of 

the potential gaps, a suitable methodology can be identified or developed in 

solving it. This can be done either experimentally or through modelling using 

real on-road data.” 

Following the experimental studies, it was decided to first get a better 

understanding of the road load and how different environments affect them 

through the coastdown test. A tool was also developed in the process with the 

aid of a genetic algorithm in predicting these coefficients. It was concluded 

that there is a maximum predicted effect on the total energy required to run a 

WLTP test of 10% for a change of altitude of 1200m, a negligible difference 

by humidity and a 5.7% energy difference with 20°C change of temperature. 

It was also identified that the internal and external temperatures of the tyres 

during testing have a high impact on rolling resistance. However, more 

experimental testing was required to validate this work. 

Since the chosen path forward was to test vehicles using the EiL method, it 

was important to design a ‘worst case cycle’ to test the vehicle on. Hence, a 

RDE random cycle generator was designed with the aid of PID controllers and 

a Markov chain methodology to target specific cycle characteristics such as 

the driver aggressiveness. In the normal and mixed tests 80% of the results 

were withing 5% of the targeted driver aggressiveness while only 1 test out of 

24 had a difference larger than 10%. Using just a single RDE cycle to produce 

100 artificial cycles with similar characteristics provided adequate variability 

to expand the tested boundaries of the RDE test in terms of the Torque-RPM 

operating region of the convex hull by a value of 24%, where from a similar 

test the cumulative mass CO2 emissions varied by 10%. By generating cycles 

for a different driver style than the input data, the operating region and 

emission would expand even more. This showed the importance of the input 

data and RDE route and the method’s effectiveness using a limited amount of 

data. However, even by covering 100% of the operating range does not 

essentially translate to the coverage of all RDE scenarios the vehicle will ever 

experience. Hence, a minimum amount of required data could not be 

determined. 
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The different emission modelling techniques were researched to be applied on 

the randomly generated RDE cycles. Attempts were made to model emissions 

using a few variables only. However, it was realised that for all emission gases 

excluding CO2, more variables were needed to get good fit models. These 

variables included Exhaust Flow Rate and Accelerator Pedal which would 

require more complicated models for them to be generated from the work in 

Chapter 5 and would also require more testing data. It was also understood that 

the input data for the models were not ‘rich’ in information which resulted in 

a lot of extrapolations and poor performance. Hence, a DoE experiment with 

dynamic excitation signal on an engine test bed was suggested as an alternative 

which would also determine the minimum amount of data needed to cover the 

whole RDE spectrum. However, this value may still be high. 

Since the aim of the thesis was not to design an emission model, the work 

focused on the CO2 emissions which yielded the best results. Through the 

generation of 100 cycles, the worst emitting cycle was probably not the worst 

cycle the car would ever experience for an RDE test. However, it was a bad 

case which could be used for EiL testing. A step further was taken to get a 

better understanding of the reasons why the worst emitting cycles behaved that 

way which could be used in worsening the cycles. The gear shifting strategy 

and ambient conditions using the work from Chapter 4 were used which made 

the cycle worse in terms of distance specific CO2 emissions by 2% and 1% 

respectively. The overall solution to the RDE challenge can be seen in Figure 

115. 
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Figure 115- Overall RDE methodology 

7.3 Outlook and Further Work 
With the conclusion of this thesis, the RDE methodology designed hopes to positively 

impact Horiba MIRA, the calibration engineers, the automotive industry as a whole 

and the society more broadly. By integrating the work into the RDE+ programme of 

Horiba MIRA it can provide the following aid of: 

• Achieving closer replications of real RDE cycles on the chassis dynamometer 

by the alteration of the road load coefficients for different environments 

• Reducing on-road testing carried out by the: 

o Determination of the highest emitting zones in the RDE box through 

theory 

o Generation of artificial RDE cycles of targeted characteristics and the 

expansion of the operating region using limited cycles which can be 

used in their EiL method 

• A methodology which can be easily adapted with changing regulations and 

different emission modelling techniques. 
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This methodology can be also fabricated into a product which can be useful to the 

Horiba organisation and provide incentive for the automotive industry overall to 

research more areas in this field. It can also provide calibration engineers: 

• A data analysis methodology to identify why the highest emitting cycles 

performed that way  

• Access to a larger database 

Lastly, to the society it can provide a more carbon neutral solution to face the current 

RDE challenge and an increased confidence in the RDE regulations. However, to 

reach this point further work needs to be undertaken including: 

1. Performing more coastdown tests with temperature sensors internally and 

externally of the tyre with different temperature and pressure settings to get a 

better understanding of the behavior of rolling resistance over a dynamic route 

such as an RDE cycle. This would also act as a validation procedure for the 

work demonstrated in Chapter 4. 

2. The rolling resistance, on a variety of road surfaces, load conditions, and road 

conditions such as the road being wet forms another unknown factor which 

will affect the power demand and engine operation and could be researched 

more. 

3. Methods of measuring the alternator current, the road slope, and the actual air 

drag with a high accuracy to determine the engine power demand accurately 

need to be investigated.  

4. Developing a weighted clustering technique to develop a better probability 

matrix which would provide better driver aggressiveness results.  

5. Designing and implementing a more realistic gear shifting strategy for testing 

real driving emissions. 

6. Developing a more reliable emission model with better fit statistics using a 

DoE experiment with dynamic excitation signal on an engine test bed. Testing 

the methodology’s effectiveness over a full RDE cycle and investigating the 

amount of data, variables and models required to reach this stage. 

7. Testing the worst emitting cycles using the EiL method. 
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