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Abstract 

As events like the 2003 European heatwave showed (where 14,000 people died in Paris 

alone), it is in the extremes of weather, not the mean climate, where much climate change 

risk lies. Communication with the public, or the testing of natural and human-made 

environments via simulation, has focused however on the mean situation. To many, a future 

2 or even 4°C rise in mean temperature will seem modest and hence fail to convey the scale 

of the issue, thereby creating a gap between reality and expectation. Here we use the idea 

of presenting an audience with a week-long time series of future local extreme weather as a 

way of bridging this gap. A week has both vernacular currency and covers the length of 

many heatwaves. We generate UK future weeks in 2030, 2050 and 2080 at a 5km interval, 

thereby allowing interested parties to visualise for the first time likely future heatwaves in 

their locality. Future heatwaves of similar form as the 2003 Paris event are found, but with 

even higher temperatures, suggesting the likelihood of largescale mortality. We apply the 

approach to the conditions within a UK home under future heatwaves with return periods of 

10 to 50 years. Conditions far beyond adaptive comfort limits are found. Weather files 

containing the extreme weeks for 11,326 locations have been prepared and are made 

available. These will be of use to those trying to explain the likely impacts of climate change, 

governments setting resilience policy and those using computer modelling. 

Keywords: example extreme week; heatwave; climate change; overheating risk; high 

resolution mapping; building simulation  
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1. Introduction 

There are several challenges in communicating the likely impact of climate change on 

personal experience. In much of the world the suggested uplift in mean temperature will be 

seen by many as mild. This is because most will have little idea of the mean temperature of 

their location, and of the small differences in means that underlie very large differences in 

weather, flora, fauna, agriculture and energy demand for cooling or heating. For example, a 2 

to 4°C rise in mean temperature, which is in line with many climate predictions [1], might seem 

of little concern - until this is compared to the observation that the annual mean temperature 

difference between London in the UK and Nice in the Mediterranean is only 5°C, yet the natural 

world and human perception of the climate strikingly different. Once this is realised, the 

magnitude of the changes we are heading toward become far more apparent. Hence there is 

some logic in not only presenting climate change as a change in climate (i.e., changes in 

annual or seasonal means), but as a change in weather (i.e., as daily or hourly time series), 

as it is this that relates to native experience and common dialogue. For example, a common 

refrain might be “what’s the weather looking like this week?” not “what’s the climate looking 

like this year?” 

One of the most worrying aspects of climate change is the expected progression in extreme 

values [1-4]. For human survival, and as clearly demonstrated by the Paris heatwave of 2003 

where 14,000 died [5], periods of higher than typical temperature will be particularly 

challenging [6, 7]. Furthermore, the problem is global. In 2010 Mohenjo-daro in Pakistan 

reached 53.5°C; in 2014 Chamical (Argentina) reached 45.5°C; and in 2017 Ahvaz (Iran) 

reached 54°C during a period of high humidity, creating a heat index of 61°C [8]. 

As reported by Watts et al. [9] increasingly high temperatures are already having an impact 

on human health and mortality. Further climate change has the potential to undermine many 

of the gains in public health over the past 50 years [10] and these impacts will exacerbate 

existing inequities, with vulnerable populations being disproportionally affected [11]. Exposure 

to high temperatures impact individuals via various routes from heat stress and heatstroke to 

exacerbations of respiratory and cardiovascular disease [12, 13]. The greatest impact will be 

felt in those over 65 years, or with disabilities or pre-existing medical conditions [14]. In the 

last twenty years alone there has been a 54% increase in heat-related mortality in people older 

than 65 years, with a total of 296,000 deaths in 2018 alone [11]. 

The vast majority of work on future temperatures is concentrated on the future of climate, and 

that small fraction which focuses on the future of weather is largely centred on predicting and 

providing annual time series of typical years, not heatwaves or cold snaps [15-17]. Yet 

morbidity and mortality and the associated need for risk management are not driven by the 

typical, but by the atypical. Hence we need a way producing time series of extreme periods.  

In order to both communicate the future in a realistic way and so people understand the risks 

they might well be exposed to, these time series need to be localised, as weather changes 

dramatically across the landscape with distance from coasts, altitude and latitude. They also 

need to be distinguished by likelihood, i.e., a return period, to allow discussions of frequency 

of the event, for example, distinguishing between a one in ten-year event and a one in fifty. 

In this paper we suggest that the creation of example weeks of current and future weather 

during atypical, but not unrealistic, periods of high temperatures forms both a useful tool in 

discussing climate change with the public and in producing a natural input time series for 
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stress testing systems that react to the weather. An example of the latter would be examining 

the conditions within buildings during heatwaves and hence the likely risk of increasing 

morbidity and mortality. We present a mathematical framework for the creation of such 

example extreme weeks (EEW) anywhere in the world, generate example extreme weeks for 

the whole UK on a 5km by 5km grid for public download, and finally demonstrate how such 

example extreme weeks might be used to study the potential for high temperatures within a 

representative dwelling. 

1.1. Background to heatwave definitions 

Defining and standardising extremes is difficult. Historically, heatwaves that kill are by their 

nature infrequent and this makes statistical analysis of their properties difficult. However 

providing examples of such future events will be key to both explaining one of the most 

worrying aspects of climate change to the public, and in ensuring resilience: for example, by 

designing buildings that are survivable in during extreme events, or for assessing society-wide 

resilience, and the scale of the response needed. At the theoretical level, a heatwave could 

be defined in an infinity of ways by some combination of duration, intensity (i.e., the maximum 

temperature reached), how quickly it rises to the maximum temperature, the size of the diurnal 

cycle during the heatwave, etc. Furthermore, several of these parameters can be defined in 

terms of absolute thresholds, for example, an intensity of 35°C, or in terms of relative 

thresholds, for example the 95th percentile of a long running average [13]. Although this 

diversity gives researchers flexibility, it provides little guidance to those wishing to generate 

example time series in order to either explain the future impacts of climate change, or study 

resilience. 

Even these parametric definitions do not represent the complexity of possibilities represented 

by real heatwaves, which normally reach a different maximum each day via a differently 

shaped curve. Work such as Ramallo-González et al. [18] has tried to simplify the situation by 

replacing the complex shape of a natural heatwave with a series of smooth sinusoidal waves 

of increasing intensity and duration. While this is a potentially interesting approach when using 

such time series to investigate resilience of systems to possible future events, it suffers from: 

(i) the time series not looking realistic (important when trying to communicate the future); (ii) 

there not being a return period (important when looking at the likelihood of a particular future); 

(iii) the difficulty of knowing how to also create the time series of other thermally-related 

weather variables such as humidity and wind speed that might be required if the temperature 

time series is to be used within a simulation environment. 

When it comes to the observed weather this variety of definitions continues, as illustrated by 

Table 1. One of the oldest definitions of a heatwave is that of Burrows [19] who defined a 

heatwave as a period of three days or more in which the daily maximum temperature exceeds 

32.2°C [19]. This would clearly not work in Madrid, Spain where the average daily maximum 

temperature in August is 32°C, confirming the need for a localised definition.  
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Table 1. Example heatwave definitions 

Country Temperature Duration Definition Reference 

Netherlands 

(also for 

Belgium and 

Luxembourg) 

> 25ºC 

& >30ºC 

 ≥ 5 days 

or 3 days 

punctual 

More than 4 days with the 

maximum temperature 

exceeding 25ºC and at least 3 

days exceeding 30ºC 

[20] 

Denmark Average 

maximum 

>28ºC 

≥ 3 days More than 2 days with the 

mean maximum temperature 

higher than 28ºC 

[20] 

Sweden >25ºC ≥ 5 days More than four days with the 

daily maximum temperature 

higher than 25ºC. 

[21] 

South 

Australia 

(Adelaide) 

>35ºC or 

40ºC 

≥ 5 days 

Or 3 days 

5 days with a temperature 

higher than 35ºC or 3 days 

higher than 40ºC 

[22] 

UK ≥ 25 ~28ºC ≥ 3 days Daily maximum temperature 

exceeds the threshold 

maximum temperature at least 

three consecutive days. The 

threshold varies across the 

UK. 

[23] 

China ≥ 35℃ ≥ 3days More than 2 days with 

maximum temperature 

reaching or exceeding 35℃ 

[24] 

 

Although very high temperatures for a single day can cause issues, it is longer periods that 

pose the greatest risk to human health. Various periods could be used in communicating the 

future of heatwaves, however a week has deep vernacular currency. Although the precise 

basis of the seven-day week is unknown, it seems to have originated in ancient Babylonia. 

For the Babylonians, the number seven was holy (there being seven observable objects in the 

solar system). As they had already developed the idea of the month, when requiring a smaller 

subdivision dividing by the holy number was possibly natural. However, there is some 

evidence that the Babylonians were basing their ideas on the Sumerian calendar (dated to the 

21st-century BC), where seven-day arises as the time taken by the moon to transition between 

each phase: full, waning half, new and waxing half [25, 26]. At that time (6th century BC), the 

Babylonians were a dominant culture, thereby allowing more widespread adoption of the idea 

by the Jewish and Persians communities [27, 28]. Eventually the Greeks adopted the concept 

and transmitted the idea to India and hence to China [29, 30]. Around 45BC the Romans 

dropped their eight-day week in favour of the seven. Hence the seven-day period can have 

been said to have stood the test of time and outlived empires. A week also has widespread 

acceptance today. For example, the Bengali calendar, which separates the year into six 
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seasons of two months each, uses a seven-day week and the Bahá’í, who have a nineteen-

month year, also have a seven-day week. 

Thus a seven-day period, rather than any other particular number of days, makes sense for 

presentation and communication. But it is also a period that maps reasonably well to 

heatwaves and therefore could form the basis of a standardised stress test. McCarthy et al. 

[23] found in a study of heatwaves since 1961 in the UK that the majority were less than seven 

days. Again, in Ramallo-González et al. [18] using data [31] for London Heathrow for the period 

1961 to 1990 and using the definition of a heatwave as periods where the temperature is 5K 

above the average maximum summer temperature (averaged from 1960 to 1990) clearly 

shows (Figure 1) that most heatwaves (in the UK) are contained within a seven day-period. 

(Longer length heatwaves are possible in some locations, the Russian 2010 event being an 

example.) 

 

 

Figure 1. Occurrences of heatwaves in London between 1961 and 1990, as reported in 

Ramallo-González et al. [18]. 

 

Using a seven-day hourly weather time series, rather than longer term simple seasonal means, 

to discuss climate change has two fundamental problems: (i) weather is highly localised, 

meaning a representative time series will need to be spatially fine grained, hence it is unlikely 

to be based on observed weather, as this requirement for spatial localisation cannot be met 

from long-term records. This suggests the use of weather generation algorithms; (ii) at the 

daily and hourly resolution required, the time series of predictions will be temporally 

inconsistent. For example, if we try to compare a typical week in August in 1970 with the same 

predicted week in August 2030 we might see a rise in the mean temperature, in line with 

climate change predictions, but visually this will be lost as many other features will be different, 

with some days potentially being cooler in 2030, even though the mean is higher (see Figure 

2). Due to the stochastic nature of weather, it is also possible that even the mean temperature 

of the week might be lower in 2030 than 1970. Hence there is the need to present the future 

weather week as a transformed or morphed [15] version of a base week, where the future 

predictions are used to define the scale of the transformation.  
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Figure 2. Comparison of the same week (the first week of August) in two different years: 1970 

and 2030. Data shown here were generated by the Spatial Urban Weather Generator [32] for 

London. 

 

2. Methodology 

This section details the proposed method for creating current and future Example Extreme 

Weeks (EEWs) as outlined in the flowchart shown in Figure 3. 

 

 

Figure 3. Research methodology flowchart 
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2.1 Extreme weeks from weather generators 

The UKCP09 Weather Generator (WG) [33] provides predictions of current and future 

synthetic weather at a high spatial resolution. It is a stochastic tool that starts by generating 

the precipitation time series using the Neyman-Scott Rectangular Pulses model [34]. From 

this, the time series of the other weather variables (for example temperature and humidity) are 

generated based on inter-variable relationships that have been observed in real historic 

weather over the control period of 1961 to 1990.  

The Spatial Urban Weather Generator (SUWG) [32], is an updated version of the UKCP09 

WG that is better at generating extreme weather and which uses a spatially correlated climate. 

Each run of the SUWG generates future synthetic weather data which incorporate an estimate 

of climate change randomly sampled from 10,000 UKCP09 probabilistic climate change 

projections (PCCP). The PCCP were formed from the outputs of regional and global climate 

models, i.e., multi-model ensembles [35]. The use of probabilistic projections is key, because 

we do not yet know exactly how the climate will change over the next 60 years (the time period 

of this study). Each PCCP represents a different possible future based on a variety of models 

and of the possible values of some of the unknown parameters, for example how cloud cover 

might evolve as the climate warms. The PCCP are also sensitive to the predicted time series 

of anthropogenic emissions, i.e., to what degree we continue business-as-usual with respect 

to emissions, or make major efforts to reduce emissions. In this work we use the medium 

emissions scenario, also termed SRES A1B [36]. 

One of the main differences between the UKCP09 WG and SUWG is that the SUWG includes 

the impact of land use (i.e., the urban fraction) and anthropogenic heat flux on the weather 

time series, by making use of the urban anthropogenic components developed by McCarthy 

et al. [37]. This means that the urban heat island (UHI) is included. (The UHI describes the 

natural uplift in temperatures in urban areas compared to surrounding rural areas.) 

The SUWG was used to create example weather time series at 11,326 grid locations, thereby 

mapping the UK at a 5km resolution. The SUWG was run 100 times per grid location using 

100 randomly sampled PCCP for the control period centred on the 1970s (1961-1990) and for 

the 2020s (2010-2039), 2030s (2020-2049), the 2050s (2040-2069) and the 2080s (2070-

2099), giving 100 sets of 30-year long weather time series for each period and each grid 

location. More details of the method can be found in [17, 32, 38]. As the sampling is random, 

it is unknown which years of the 100 x 30 = 3,000 weather time series present highly likely 

predictions of climate change (i.e., they are commonly found in many of the models and 

parameter settings that went into the PCCP), and which are unlikely, in that they only occur in 

some models or more extreme settings of the parameters. This problem is normally tackled in 

work on future weather files [16, 17, 38-41] by ranking the weather files in some way and 

choosing to work with a sub set, and a similar approach is used here. 

2.2 Return periods 

Having obtained these predictions of current and future weather, there is the need to draw out 

the extreme, or risk, weeks. The first step is to decide the return period. This describes how 

commonly such a week should occur. The choice of return period is closely related to the 

importance of the risk and what one is trying to communicate. For example, a return period of 

one in ten years, could be considered quite a common occurrence, and not particularly 

extreme, whereas a one in fifty-year event being more representative of the return periods 
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used in emergency planning or resilience research. Truly extreme weather, as represented by 

very long return periods, such as one in two-hundred years are beyond the capabilities of the 

SUWG to produce. Hence here we restrict ourselves to return periods of 10, 20 and 50 years. 

2.3 Temperature distributions 

For each location 𝑗, 3,000 possible times series of hourly annual weather is produced by the 

weather generator (i.e., the SUWG) for the control period (1961-1990). These 3,000 time 

series per location are then ranked by their mean annual temperature 𝑇𝑎𝑛𝑛,𝑗
𝑚𝑒𝑎𝑛 . Here, it is 

assumed that years with very high or very low mean annual temperatures disproportionally 

(but not exclusively) arise from more extreme PCCPs, which whilst possible futures, are less 

likely. For one location (in London) we have Figure 4(a), which is seen to be approximately 

normal. 

For the location shown in Figure 4(b), there is a good observed weather times series 

obtainable from Met Office [31]. The annual mean temperature averaged over the observed 

30 years ( 𝑇𝑎𝑛𝑛,𝑜𝑏𝑠
𝑚𝑒𝑎𝑛̅̅ ̅̅ ̅̅ ̅̅ ̅̅  ) is 10.4°C whereas the one averaged over the 3,000 sample years 

generated by the weather generator (𝑇𝑎𝑛𝑛,𝑊𝐺
𝑚𝑒𝑎𝑛̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ) is 10.5°C, showing that the weather generator 

is producing highly sensible values. We also see that the width of the SUWG distribution is 

smaller than that of the observed data, indicating that any predictions made using the SUWG 

of extremes will be conservative. 

 

 

Figure 4. (a) shows the frequency distribution of the 3,000 years for the period 1961-1990 

based on 𝑇𝑎𝑛𝑛
𝑚𝑒𝑎𝑛 for London; (b) shows normal distributions fitted to the probability density 

distribution of annual mean temperature for the 3,000 sample years and the 30 years observed 

for the same time period by the nearest weather station. 
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From the above it is reasonable to conclude: (a) those years with very high or very low mean 

annual temperatures disproportionally (but not exclusively) arise from more extreme PCCPs, 

which whilst possible futures, are less likely; (b) that the distribution of temperatures produced 

by the SUWG is conservative to such a degree that it probably overrides (a). Although an 

improvement on the UKCP09 WG, the SUWG is already known to underrepresent the size of 

extreme events, and hence has inbuilt conservatism when producing extreme time series [32]. 

Hence we conclude that it would be reasonable and still conservative to use all 3,000 years in 

the production of the extreme weeks.  

The 3,000 years are then ranked based on their hottest week (i.e., descending order of the 

highest mean weekly temperature at a given location 𝑗 (𝑇𝑤,𝑚𝑒𝑎𝑛,𝑗
𝑚𝑎𝑥 ), a week being any seven 

contiguous days, not a calendar week. If we have 3,000 synthetic years of data for the control 

period, then a one in 10-year hot week (or example extreme week, EEW) is reasonably 

represented by the 3000 x 1/10 + 0.5 = 301th year in this ranking. That is, 90% of the remaining 

years show 𝑇𝑤,𝑚𝑒𝑎𝑛,𝑗
𝑚𝑎𝑥  cooler while only 10% show it warmer than the hottest week in the 301th 

year. The calculation of the rank of the year for any return period is shown below. 

 𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑜𝑓 𝑜𝑐𝑐𝑢𝑟𝑟𝑒𝑛𝑐𝑒(%) =  
100 × (2𝑛 − 1)

2𝑁
 (1) 

and 

 𝑅 =  
100

𝑃𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑜𝑓 𝑜𝑐𝑐𝑢𝑟𝑟𝑒𝑛𝑐𝑒(%)
 (2) 

where 𝑛 is the rank of each event, 𝑁 is the total number of events (e.g. 3,000 years) and 𝑅 

is the return period. By rearranging equations (1) and (2), 𝑛 can be obtained given a return 

period 𝑅. For example, when 𝑅 = 10 years and 𝑁 = 3,000 years, 

 𝑛 = 𝑁 ×
1

𝑅
+ 0.5 = 3000 ×  

1

10
+ 0.5 = 300.5 ≈ 301. (3) 

 

2.4 Example Extreme Weeks (EEW) 

The previous provides a framework for defining the temperature time series 𝑋2030
10 (𝑖, 𝑗), where 

𝑖 = 1 to 168 (there being 168 hours in a week) with the 10 identifying the return period (i.e., 

10 years) and 2030 being the centre point year of the period (i.e., 2020-2049) at location 𝑗. 

By finding the mean over 𝑖 of 𝑋2030
10 (𝑖, 𝑗), we have the mean temperature of the 1 in 10 EEW, 

𝑇2030(𝑤,𝑚𝑒𝑎𝑛,𝑗)
10  at location 𝑗. 

By repeating the process for all of four future time slices, we will have temperature time series 

𝑋2020
10 (𝑖, 𝑗) , 𝑋2030

10 (𝑖, 𝑗) , 𝑋2050
10 (𝑖, 𝑗)  and 𝑋2080

10 (𝑖, 𝑗) , from which the mean temperatures 



 

 10 

𝑇2020(𝑤,𝑚𝑒𝑎𝑛,𝑗)
10 , 𝑇2030(𝑤,𝑚𝑒𝑎𝑛,𝑗)

10 , 𝑇2050(𝑤,𝑚𝑒𝑎𝑛,𝑗)
10  and 𝑇2080(𝑤,𝑚𝑒𝑎𝑛,𝑗)

10  are derived.  

As mentioned previously, these time series will have different temporal signatures, as 

indicated in Figure 2, making it hard for the users to see the evolution of the EEW due to a 

changing climate. Hence, we require future EEW to have the same temporal signature as the 

control period week, but uplifted by the correct amount. Unlike the future EEW, the control 

period week, labelled 𝑋1970
𝑏𝑎𝑠𝑒(𝑖, 𝑗), i.e., the baseline hottest week, selection does not consider 

return periods (see Figure 2). The mean temperature of the baseline hottest week 

𝑇1970(𝑤, 𝑚𝑒𝑎𝑛,𝑗)
𝑏𝑎𝑠𝑒  is given by: 

 𝑇1970(𝑤, 𝑚𝑒𝑎𝑛,𝑗)
𝑏𝑎𝑠𝑒 ≈ �̅�1970(𝑤, 𝑚𝑒𝑎𝑛,𝑗) =

1

3000
 ( ∑ 𝑇𝑤, 𝑚𝑒𝑎𝑛,𝑗

𝑚𝑎𝑥,𝑦
 

3000

𝑦=1

) (4) 

where �̅�1970(𝑤, 𝑚𝑒𝑎𝑛,𝑗) is the average temperature of all selected 3,000 hottest weeks and 𝑦 

is the sample year number. Thus, the baseline hottest week can represent the selected hottest 

weeks from 3,000 sample years. All the future EEW with different return periods will be created 

based on 𝑋1970
𝑏𝑎𝑠𝑒(𝑖, 𝑗), i.e., the temperature time series of the same baseline week as shown 

below (also illustrated in Figure 5), but uplifted. 

For 2030 and a 10-year return period, this uplift is given by 𝑇2030(𝑤,𝑚𝑒𝑎𝑛,𝑗)
10 − 𝑇1970(𝑤,𝑚𝑒𝑎𝑛,𝑗)

𝑏𝑎𝑠𝑒  

and the temperature time series for a week, for a 10 year return period 𝑋2030
10 (𝑖, 𝑗), is given by: 

 𝑋2030
10 (𝑖, 𝑗) =  𝑋1970

𝑏𝑎𝑠𝑒(𝑖, 𝑗) + [ 𝑇2030(𝑤,𝑚𝑒𝑎𝑛,𝑗)
10 − 𝑇1970(𝑤,𝑚𝑒𝑎𝑛,𝑗)

𝑏𝑎𝑠𝑒  ], (5) 

where the 𝑋1970
𝑏𝑎𝑠𝑒(𝑖, 𝑗) is control period (1970) time series, i.e., the temperature time series of 

the baseline week. 

The 1 in 10 year and 1 in 50 year EEW for 2050, for instance, are then given by  

 𝑋2050
10 (𝑖, 𝑗) =  𝑋1970

𝑏𝑎𝑠𝑒(𝑖, 𝑗) + [ 𝑇2050(𝑤,𝑚𝑒𝑎𝑛,𝑗)
10 − 𝑇1970(𝑤,𝑚𝑒𝑎𝑛,𝑗)

𝑏𝑎𝑠𝑒  ] (6) 

 𝑋2050
50 (𝑖, 𝑗) =  𝑋1970

𝑏𝑎𝑠𝑒(𝑖, 𝑗) + [ 𝑇2050(𝑤,𝑚𝑒𝑎𝑛,𝑗)
50 − 𝑇1970(𝑤,𝑚𝑒𝑎𝑛,𝑗)

𝑏𝑎𝑠𝑒  ], (7) 

and for 2080 by 

 𝑋2080
10 (𝑖, 𝑗) =  𝑋1970

𝑏𝑎𝑠𝑒(𝑖, 𝑗) + [ 𝑇2080(𝑤,𝑚𝑒𝑎𝑛,𝑗)
10 − 𝑇1970(𝑤,𝑚𝑒𝑎𝑛,𝑗)

𝑏𝑎𝑠𝑒  ] (8) 
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 𝑋2080
50 (𝑖, 𝑗) =  𝑋1970

𝑏𝑎𝑠𝑒(𝑖, 𝑗) + [ 𝑇2080(𝑤,𝑚𝑒𝑎𝑛,𝑗)
50 − 𝑇1970(𝑤,𝑚𝑒𝑎𝑛,𝑗)

𝑏𝑎𝑠𝑒  ]. (9) 

In addition, equation (5) for example could be expanded as  

 

𝑋2030
10 (𝑖, 𝑗) =  𝑋1970

𝑏𝑎𝑠𝑒(𝑖, 𝑗) + [ 𝑇2030(𝑤,𝑚𝑒𝑎𝑛,𝑗)
10 −  𝑇1970(𝑤,𝑚𝑒𝑎𝑛,𝑗)

𝑏𝑎𝑠𝑒  ] 

=  𝑋1970
𝑏𝑎𝑠𝑒(𝑖, 𝑗) + [ 𝑇2030(𝑤,𝑚𝑒𝑎𝑛,𝑗)

10 −  𝑇1970(𝑤,𝑚𝑒𝑎𝑛,𝑗)
10  ] 

+ [ 𝑇1970(𝑤,𝑚𝑒𝑎𝑛,𝑗)
10 − 𝑇1970(𝑤,𝑚𝑒𝑎𝑛,𝑗)

𝑏𝑎𝑠𝑒  ] 

 

 

 

(10) 

where 𝑇1970(𝑤,𝑚𝑒𝑎𝑛,𝑗)
𝑏𝑎𝑠𝑒   and 𝑇1970(𝑤,𝑚𝑒𝑎𝑛,𝑗)

10   are the mean temperature for the baseline week 

𝑋1970
𝑏𝑎𝑠𝑒(𝑖, 𝑗)  and 1 in 10 EEW 𝑋1970

10 (𝑖, 𝑗)  respectively for the control period 1970s (1961 to 

1990). The uplifts due to climate change of the 1 in 10 EEW, 𝑇2030(𝑤,𝑚𝑒𝑎𝑛,𝑗)
10 −  𝑇1970(𝑤,𝑚𝑒𝑎𝑛,𝑗)

10  

are reported in Table 2 for selected locations. 

The 1 in 10, 1 in 20 and 1 in 50 risk years will be given by the 301st, 151st and 61st years 

respectively. Going beyond the 1 in 50-year event is probably unfounded due to the small 

number of years that would then be in the sample, and because such extremes might not be 

represented in the outputs of the weather generator. 
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Figure 5. Illustration of the method 
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2.5 Temporally and spatially coherent example extreme weeks 

Example extreme weeks produced by the above method have two potential, though rare, 

issues: (i) temporal incoherence, where some example weeks might have days of very 

different intensity (maximum temperature) within the same week, which might lead to the 

heatwave’s mean temperature being dominated by a single day, or atypical results when used 

for modelling, or look strange to the public; (ii) spatial incoherence, where very occasionally 

unrealistic difference exist in the mean weekly temperature from one geographic cell to the 

adjacent cells. 

To solve the issue of temporal incoherence, we slightly adjust the algorithm presented above 

by picking not one example baseline week but a small set of potential candidates. This pool 

contains all weeks with a mean temperature within ±0.01K of that of the initially chosen week. 

One hundredth of a degree is so small it is unlikely to lead to any material difference in any 

subsequent prediction arising from the use of the resultant EEW. Weeks in this pool will all 

have an almost identical weekly average temperature, but potentially different time signatures. 

From this pool, which commonly has around 23 members, we: (i) retain the half of the pool 

with the lowest variance in daily peak temperature. This maximises the chances of selecting 

weeks with a similar maximum daily temperature each day; (ii) from this smaller pool, select 

the week with the highest 7-day average of daily peak temperature, this ensures we do not 

pick a time series that has an uncommonly flat diurnal cycle. 

This leaves the question of small spatial incoherencies. One reason for this incoherence is 

that adjacent cells can be at different elevations and hence we would expect cells at a higher 

elevation to be in general cooler by an amount related to the environmental lapse rate. 

However this rate is not constant and depends on the moisture content of the air. Due to the 

EEW in each cell having been created independently, this moisture content might well have 

been different between adjacent cells and hence we need a way spotting unrealistic 

differences between cells and then very slightly adding/subtracting a small temperature offset 

to the whole example week to align the series with adjacent cells. The method has four steps 

done simultaneously to all cells across the UK:  

1) Normalise the time series in each cell according to its elevation using the dry adiabatic 

environmental lapse rate. Here, the elevation was derived from the Global Land One-

km Base Elevation Project (GLOBE) database, which needed to be re-gridded to the 

same 5 km grid used by UKCP09. 

2) From the normalised weekly mean temperatures of a cell and its nearest 8 neighbours, 

find the difference in weekly mean temperature between the cell and its neighbours. 

Calculate the mean (𝑤) of these eight differences. 

3) Add or subtract a constant, 𝐴 × 𝑤, to the temperature time series of the cell in question, 

where 𝐴 minimises the peak difference in weekly mean temperatures between the 

cell and its neighbours, on average, across the UK (i.e. 𝐴 is a shared constant). 

4) Add the effect of elevation back in by undoing the normalisation of the first step. 

In essence, this process provides a small amount of smoothing by limiting the dissimilarity in 

mean temperature between cells that cannot be explained by the dry adiabatic lapse rate. For 

most cells this adjustment is close to zero. 
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The limitations of the study can be summarised as follows: 

1) the weather generator is somewhat constrained by historic statistics and may not 

produce extreme extremes; thus our results should be seen as conservative; 

2) the environmental lapse rate is as always an approximation of the atmospheric 

temperature gradient; 

3) heatwaves could be longer than seven days, but the same method could be applied to 

longer periods with no complications; 

4) a medium emission scenario was used when generating future climate data, hence the 

estimates of our results are less extreme but more conservative compared with using 

a high emission scenario - which we hope to do in the future. 
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3. Results and discussion 

Table 2 presents 𝑇𝑦(𝑤,𝑚𝑒𝑎𝑛,𝑗)
𝑅  for 𝑦 = 2020, 2030, 2050 and 2080, and for 𝑅= 10, 20, 50 for 

four example UK locations, together with the difference between the future and control period 

extreme weeks ∆. Figure 6 shows the temperature time series of the example extreme weeks 

(or EEW) 𝑋𝑦
𝑅(𝑖, 𝑗) for the same locations. We see that the uplift in intensity of the heatwaves 

is considerable, with a 1 in 50 year event (𝑅 = 50) potentially being 7~8°C (in 2080s) warmer 

than the equivalent event in the control period. A 1 in 50 year event may seem unlikely, but 

this is for any one location, and whilst heatwaves are correlated across the landscape, they 

are not completely correlated, hence given 11,326 locations, we can expect frequent 

occurrences of 1 in 𝑅-year events, even for 𝑅 being fairly large. It must also be remembered 

that such high external temperatures for such an extended period will, as Paris 2003 

demonstrated, cause wide-scale mortality. Hence there is some sense in considering 

reasonably high return periods in resilience planning. 

These predictions might seem high, but they are highly consistent with estimates from the UK 

Met Office [42] of a peak summertime temperature in 2080 of 41°C in London when using a 

similar emissions scenario and 𝑅 = 50 (see Figure 6). 
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Table 2. The mean temperature (°C) of the example extreme week (EEW) for the control years 

(1970s) and future years in four UK cities. The number in parentheses shows the absolute 

difference between them, i.e., 𝑇𝑦(𝑤,𝑚𝑒𝑎𝑛,𝑗)
𝑅 − 𝑇1970(𝑤,𝑚𝑒𝑎𝑛,𝑗)

𝑅  

 Cities 1970s 2020s 2030s 2050s 2080s 

R=10 Glasgow 18.9 21.2 

(+2.4) 

21.9 

(+3.0) 

23.4 

(+4.5) 

25.6 

(+6.7) 

the 1 in 10 EEW Manchester 20.6 23.0 

(+2.4) 

23.6 

(+3.0) 

25.1 

(+4.5) 

27.3 

(+6.7) 

 London 22.4 24.8 

(+2.4) 

25.5 

(+3.1) 

27.0 

(+4.6) 

29.1 

(+6.7) 

 Plymouth 20.1 22.6 

(+2.5) 

23.3 

(+3.2) 

24.8 

(+4.7) 

27.1 

(+6.9) 

       

R=20 Glasgow 19.4 21.8 

(+2.4) 

22.6 

(+3.2) 

24.3 

(+4.9) 

26.7 

(+7.2) 

the 1 in 20 EEW Manchester 21.2 23.8 

(+2.6) 

24.4 

(+3.2) 

26.1 

(+4.9) 

28.4 

(+7.2) 

 London 23.1 25.6 

(+2.4) 

26.3 

(+3.1) 

28.0 

(+4.9) 

30.2 

(+7.1) 

 Plymouth 20.7 23.3 

(+2.6) 

23.9 

(+3.2) 

25.7 

(+5.0) 

28.2 

(+7.5) 

       

R=50 Glasgow 19.9 22.7 

(+2.8) 

23.3 

(+3.4) 

25.4 

(+5.4) 

28.1 

(+8.2) 

the 1 in 50 EEW Manchester 21.7 24.5 

(+2.8) 

25.3 

(+3.6) 

27.3 

(+5.6) 

30.0 

(+8.2) 

 London 24.0 26.5 

(+2.5) 

27.2 

(+3.2) 

29.1 

(+5.2) 

31.5 

(+7.5) 

 Plymouth 21.3 24.1 

(+2.8) 

24.7 

(+3.4) 

26.8 

(+5.5) 

29.7 

(+8.4) 
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Figure 6. Temperature time series, i.e., 𝑋𝑦
𝑅(𝑖, 𝑗) for the hottest seven consecutive days (i.e., 

EEW) for a given return period (all the solid lines) in different time slices, while the grey dotted 

line presents the control period series, i.e., 𝑋1970
𝑅 (𝑖, 𝑗). Horizontal purple dotted lines show the 

daily maximum temperature averaged over hottest seven consecutive days of the CIBSE Test 

Reference Year for Glasgow, Manchester, London and Plymouth respectively. R denotes the 

return period.  
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Completing this process for all 11,326 locations, gives Figure 7 for 𝑇1970(𝑤,𝑚𝑒𝑎𝑛,𝑗)
20   and 

𝑇2080(𝑤,𝑚𝑒𝑎𝑛,𝑗)
20  (the mean temperature of the EEW), Figure 9 for the averaged daily maximum 

temperature over the EEW and Figure 11 for 𝑀𝑎𝑥[𝑋1970
20 (𝑖, 𝑗)]  and 𝑀𝑎𝑥[𝑋2080

20 (𝑖, 𝑗)]  (the 

highest 1-hour temperature in the EEW), together with the summary statistics of Table 3.  

The boxplots of Figure 8, Figure 10 and Figure 12 (and Table 4) shows the range of the data 

for the all locations and all three return periods. 

 

Table 3. Summary statistics for the maps shown in Figure 7, Figure 9 and Figure 11 for R=20 

years. 

 
Time 

slices 
Mean 

Std 

Dev 
Max Min 

Mean temperature of the EEW (°C) 1970s 18.1 1.6 23.1 11.4 

2080s 

 

25.2 2.4 31.3 17.1 

Averaged daily maximum 

temperature over the EEW (°C) 

1970s 23.7 2.2 29.4 14.7 

2080s 

 

30.8 3.1 37.5 20.5 

Hottest one hour in the EEW (°C) 1970s 26.3 2.4 32.7 17.0 

 2080s 33.4 3.2 40.8 21.8 
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Figure 7. Maps of the mean temperatures of the example extreme weeks (EEW) with return 

period of 20 years for the 1970s (a) and the 2080s (b).  

 

 

Figure 8. The mean temperatures of the example extreme weeks (EEW) with three return 

periods (i.e., R =10, 20 and 50 years) for the 1970s and the 2080s in the UK.  
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Figure 9. Daily maximum temperature averaged over the example extreme weeks (EEW) for 

a return period of 20 years for the 1970s (a) and the 2080s (b). 

 

 

Figure 10. Averaged daily maximum temperature over the example extreme weeks (EEW) 

with three return periods (i.e., R =10, 20 and 50 years) for the 1970s and the 2080s in the UK.  
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Figure 11. The highest 1-hour temperature of the example extreme weeks (EEW) with return 

period of 20 years for the 1970s (a) and the 2080s (b).  

 

 

Figure 12. The highest temperature of the example extreme weeks (EEW) with three return 

periods (i.e., R =10, 20 and 50 years) for the 1970s and the 2080s in the UK.  
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Table 4. Median values across the UK 

  Return period (years) 

 Time slices R =10 R =20 R =50 

Mean temperature of the example 

extreme week (°C) 

1970s 18.0 18.2 18.3 

2080s 

 

24.1 25.1 26.0 

Averaged daily maximum 

temperature over the example 

extreme week (°C) 

1970s 23.7 23.8 24.0 

2080s 

 

29.8 30.8 31.7 

Hottest one hour in the example 

extreme week (°C) 

1970s 26.4 26.5 26.7 

2080s 32.6 33.6 34.5 

  

4. In use 

The method presented here has links to the morphing method used by Belcher et al. [15], in 

that, it preserves the overall shape of the time series as the decades progress. However, 

Belcher et al. [15] were trying to produce annual typical time series for a small number of 

locations, here we are interested in extreme events, use the concept of return periods and 

complete the work at 11,326 locations. Although typical annual time series are highly useful, 

for example when examining how heating and cooling demand might change as the climate 

changes, people die not from the typical, but from the atypical. Graphs such as those shown 

in Figure 6 and maps such as Figure 7 and Figure 9 are we suggest ideal for communicating 

the potential evolution in heatwave-like events to a multitude of audiences, particularly as they 

can be generated at post (zip)-code resolution, for anywhere in the world (given a calibrated 

weather generator and PCCPs) and hence have a pedogeological role. They can also form 

the basis of stress test experiments in many fields. In locations where heatwaves commonly 

last for longer than a week, an integer multiple of weeks could be used, or the base period for 

the analysis used in Figure 5 could be increased from seven consecutive days to any 

appropriate number. 

Here we give one example application, naturally ventilated buildings. One location and one 

building is considered as we are more interested in demonstrating the approach than making 

far ranging conclusions or mapping difference across the landscape due to different regional 

vernacular architectures and materials, as was done in [38]. The building is a typical UK 

detached house. The property is sited in London. The details are presented in the Appendix 

and in [17]. The temperature time series for the EEW 𝑋𝑦
𝑅(𝑖, 𝑗)  are only 168 hours long, 

however each was extracted from an annual time series, so this provides not only a full year 

of temperature data, but the other main weather variables such as solar radiation and wind 

speed. Hence an annual weather file as used by common building simulation programs such 

as EnergyPlus can easily be created by applying the uplift given by 𝑇𝑦(𝑤,𝑚𝑒𝑎𝑛,𝑗)
𝑅 −
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 𝑇1970(𝑤,𝑚𝑒𝑎𝑛,𝑗)
𝑏𝑎𝑠𝑒   to all temperatures in the file. This is clearly an approximation, in that, it 

assumes the other weather variables do not change as the climate changes. This is probably 

a reasonable approximation to make for building simulation when only considering a single 

week, as the correlations between variables are not precise, but rather somewhat stochastic, 

and many parameters are unknown (for example opening times and angles of windows, build 

quality, surrounding landscape); but it might be less so for other systems, for example crop 

yields. What is more important is to realise that outside of the example extreme week, such a 

file has little meaning and no conclusions should be drawn from results outside this week. The 

rest of the annual file is only required because (a) simulation programs require an annual time 

series to run, and (b) buildings have long response times so need approximately two weeks 

or so to be spun up to temperature within any simulation. One clear source of error is that the 

EEW, although always a summer week, is likely to be a different calendar week in different 

locations, so solar angles and hence solar gains might well be somewhat different. However, 

this would only be pertinent if one was studying the performance of the same building in 

multiple locations. And even then, looking at Figure 2, the error in other approaches where the 

same calendar week is used in different years, but a different time series is resultant, is likely 

to be a far greater source of error.  

The internal temperatures driven by these EEW are shown in Figure 13. As expected, the 

longer the return periods, the warmer the internal operative temperatures for the living room 

and the main bedroom. The increases in temperature by the 2080s compared to the control 

period 1970s (of the same return period) are material (approximately 5.0℃) and at a peak of 

night time temperature of 36.3℃ in the bedroom, life threatening. 

 

 

Figure 13. Operative temperatures for the living room (white bands, 07:00-22:00) and the main 

bedroom (grey bands, 22:00-07:00) in London, UK during the baseline hottest week (grey 

solid line) for the control period (1970s) and the example extreme weeks (EEW) for the 1970s 

(blue) and the 2080s (red) with three return periods: 10, 20 and 50 years. 
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Figure 14 shows the internal temperature within the dwelling during the baseline hottest week 

and the EEW for the 1970s and the 2080s with R = 10, 20 and 50 years. Also plotted are the 

upper (red) and lower (blue) adaptive comfort model given in the BS EN 15251 [43]. Category 

I buildings are those containing vulnerable populations, or who have high levels of thermal 

expectation; Category II non-vulnerable occupants in pre-existing buildings; and Category III 

new buildings containing non-vulnerable populations. These are respectively 2K, 3K and 4K 

above the adaptive comfort temperature.  

The adaptive comfort temperature 𝑇𝑐𝑜𝑚𝑓 is based on the running mean outdoor temperature 

𝑇𝑟𝑚: 

 

 𝑇𝑐𝑜𝑚𝑓 = 0.33𝑇𝑟𝑚 + 18.8 (11) 

and 

 𝑇𝑟𝑚 = (1 −  𝛼)𝑇𝑜𝑑−1 + 𝛼𝑇𝑟𝑚−1 (12) 

 

where 𝛼 = 0.8  and 𝑇𝑜𝑑−1  and 𝑇𝑟𝑚−1  are the mean outdoor temperature and the running 

mean outdoor temperature for the previous day. We used the last seven consecutive daily 

mean outdoor temperatures to calculate 𝑇𝑟𝑚 for the initial day as presented in CIBSE TM52 

[44]: 

 

 

𝑇𝑟𝑚 = (𝑇𝑜𝑑−1 + 0.8𝑇𝑜𝑑−2 + 0.6𝑇𝑜𝑑−3 + 0.5𝑇𝑜𝑑−4 

+0.4𝑇𝑜𝑑−5  + 0.3𝑇𝑜𝑑−6 + 0.2𝑇𝑜𝑑−7) ÷ 3.8  

 

(13) 

More details on 𝑇𝑐𝑜𝑚𝑓 as well as the approximation calculation method for 𝑇𝑟𝑚 can be found 

in CIBSE TM52 [44]. Above the upper limits (red line shown in Figure 14) occupants will likely 

to have failed to adapt and will be at stress. Summary values are given in Table 5. We see 

that for much of each day the occupants will be exposed to temperature above the upper 

comfort limits, again worrying, particularly for vulnerable occupants. As there are 168 hours in 

a week, we can see that the occupants will be beyond the upper comfort limits for much of the 

week, potentially without the ability to reset their core body temperatures. Because the EEW 

are temporally consistent, we see that there is an easy-to-understand progression in the 

conditions within the dwelling, and because we have adopted the use of a return period, this 

has visceral meaning, with hopefully designer and client being able to discuss the implications 

and potentially adjust the design to provide thermal comfort and reduce the chance of excess 

morbidity or mortality during hot events. 
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Figure 14. The living room (07:00 – 22:00) and the bedroom (22:00 – 07:0) operative 

temperatures during the baseline hottest week and example extreme weeks with return 

periods of 10, 20 and 50 years for the 1970s and the 2080s. The bands show the adaptive 

comfort limits (based on the outdoor running mean temperature over the previous seven days). 

Each day appears as a vertical stripe of data.   
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Table 5. The hours above the upper acceptable band of each category of the BS EN 15251 

adaptive comfort model, i.e., uncomfortable hours during the hottest week for the 1970s and 

the 2080s with three return periods: 10, 20 and 50 years. Note there are 168 hours in a week. 

  1970s (i.e., Control period)  2080s (2069 - 2099) 

  Baseline R=10 R=20 R=50  R=10 R=20 R=50 

Living 

room 

Category I 51 55 59 64  95 105 105 

Category II 15 24 36 47  87 99 104 

Category III 5 10 13 15  76 93 102 

          

Bedroom Category I 3 6 10 21  63 63 63 

Category II 0 0 1 5  56 62 63 

Category III 0 0 0 0  43 55 61 

Note: the upper acceptable temperatures for Category I, II and III are i) 𝑇𝑐𝑜𝑚𝑓 + 2𝐾 , ii) 

𝑇𝑐𝑜𝑚𝑓 + 3𝐾, and iii) 𝑇𝑐𝑜𝑚𝑓 + 4𝐾 respectively. 

 

No temperature record exists of the internal conditions within the buildings in which the 14,000 

deaths occurred in Paris in 2003, however the external temperature record is shown in Figure 

15, together with the 2080 one in fifty-year extreme week from Figure 6 for London. It is clear 

that although there are temporal differences, the predicted situation in London is similar to that 

found in Paris, but with the peak temperature being higher in London and the night-time 

temperature in London being considerably higher. It would therefore not be unreasonable to 

conclude that in the future the UK can expect events with moralities of similar number as Paris 

suffered. Further evidence that the predicted temperatures are material to mortality comes 

from the work of Mora et al. [45], who show that by the end of the century, three-quarters of 

humanity may be subjected to temperatures capable of elevating mortality rates. 
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Figure 15. Comparison of external temperature record in Paris during the 2003 European 

heatwave and the 2080 one in fifty-year example extreme week from Figure 6 for London. The 

Paris data was obtained from the Paris-Montsouris weather station, USAF code: 071560, 

except for the first day (when there was a data outage) which was created from interpolation 

from the MERRA-2 satellite data [46]. 

 

5. Summary and Conclusion 

In order to make substantial reductions in carbon emissions, society-wide transformation of 

our economies is required. This is likely to only occur with strong buy-in from the public and 

those designing and commissioning energy using infrastructure such as buildings. The 

resilience agenda equally needs buy-in to be progressed. This is likely to be aided by all 

stakeholders, including the public, having a full understanding of the implications of climate 

change. With respect to increases in morbidity and mortality one key driver will be increases 

in the intensity of heatwaves.  

As the 2003 European heatwave showed, in many settings it is any potential increases in the 

extremes of weather, not the mean climate, where risk lies. This is an understudied area and 

both the public and those engaged in resilience planning not have not been well supported by 

tools or results. To many, predictions of a 2 or even 4°C rise in mean temperature by the end 

of the century will seem modest and hence fail to convey the scale of the issue, thereby 

creating a gap between reality and expectation. Here we use the idea of presenting an 

audience with a week-long time series of future local extreme weather as a way of bridging 

this gap. A week has both vernacular currency and covers the length of many heatwaves in 

much of the world.  

Due to the need for such example extreme weeks (EEW) to be highly localised, a weather 

generator was used to create 3000 years of weather, from which the weeks of high mean 

temperature were picked. Due to the need for the time series to be consistent at future dates 

and possible return periods, uplifting from the historic position was used. The result being 

maps of the UK with a 5km resolution of the likely situation in the future, together with example 

EEW (in the epw format) for public download. These show large areas of southern England 
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with a mean temperature over the one-in-twenty-year example extreme week of 28°C, mean 

maximum daily temperatures above 30.8°C and maximum temperatures above 37.5°C. The 

highest one-hour temperature being 40.8°C during the one-in-twenty-year EEW across the 

UK. These values might seem high but are in line with the most recent Met Office results [47] 

of a peak summertime temperature in 2080 of 41°C in London when using a similar emissions 

scenario and R = 20. 

In addition, the EEW are naturally contained within a year of synthetic data of all weather 

variables and hence ideal for use in simulation environments. As an illustration of the utility of 

the EEW within engineering, we applied the approach to the conditions within a UK home 

under future heatwaves with return periods of 10 to 50 years. The results show conditions far 

outside thermal comfort and markedly different to the historic situation.  

Finally, a comparison with the time series of temperatures in Paris during the 2003 European 

heatwave (where 14,000 died in Paris alone), indicates that the UK can expect events leading 

to similar mortality as the climate changes. 

Weather files containing the example extreme weeks (for 1970s and 2080s with three return 

periods: 10, 20 and 50 years) for 11,326 locations have been prepared and are made available 

(see Acknowledgments and Data Access). These will be of use to those trying to explain the 

likely impacts of climate change, governments setting resilience policy and those using 

simulation, for example the construction industry. 
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Appendix: Details of the example building 

The construction details shown in Table A1 and the window opening strategy presented in 

Table A2 were adapted from the work of Liu et al. [17]. Further building information such as 

building geometry can be found in the same work.  

 

Table A1. Construction details 

 Materials Thickness(mm) U-value (W/m2K) 

External wall brickwork outer leaf 

cavity ventilated 

brick, inner leaf 

plaster 

105 

100 

105 

13 

 

1.5 

Ground floor clay underfloor 

concrete roof/floor slab 

flooring screed 

 

500 

150 

50 

 

1.1 

Pitched roof concrete roof tiles 

roof space 

plasterboard (ceiling) 

10 

- 

12.5 

 

2.0 

Window generic clear glass 6 

 

4.8 (SHGC=0.85) 

Door painted oak 35 2.8 

Note: more details about the building materials can be found in CIBSE Guide A[48]. 
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Table B2. Window opening strategy 

 Opening window Ventilation type and rate  

Living room 𝑇𝑖𝑛 >  𝑇𝑒𝑥 and 𝑇𝑖𝑛 > 28℃  

during occupied hours between 

07: 00 and 22:00 

 

cross ventilation :4.0 ac/h 

Bedrooms 𝑇𝑖𝑛 >  𝑇𝑒𝑥 and 𝑇𝑖𝑛 > 26℃ 

during occupied hours between 

22:00 and 07:00 

night-time ventilation :2.5 ac/h 

Note: the air infiltration rate (including modest window opening) was set to 0.5 ac/h. 
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