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Estimating crime scene temperatures from nearby meteorological station data 6 

Abstract 7 

The importance of temperature data in minimum postmortem interval (minPMI) estimations in 8 
criminal investigations is well known. To maximise the accuracy of minPMI estimations, it is 9 
imperative to investigate the different components involved in temperature modelling, such 10 
as the duration of temperature data logger placement at the crime scene and choice of 11 
nearest weather station to compare the crime scene data to. Currently, there is no 12 
standardised practice on how long to leave the temperature data logger at the crime scene 13 
and the effects of varying logger duration are little known. The choice of the nearest weather 14 
station is usually made based on availability and accessibility of data from weather stations 15 
in the crime scene vicinity. However, there are no guidelines on what to look for to maximise 16 
the comparability of weather station and crime scene temperatures.  17 

Linear regression analysis of scene data with data from weather stations with varying time 18 
intervals, distances, altitudes and microclimates showed the greatest goodness of fit (R2), 19 
i.e. the highest compatibility between datasets, after 4-10 days. However, there was no 20 
significant improvement in estimation of crime scene temperatures beyond a 5-day 21 
regression period. The smaller the distance between scene and weather station and the 22 
higher the similarity in environment, such as altitude and geographical area, resulted in 23 
greater compatibility between datasets.  24 

Overall, the study demonstrated the complexity of choosing the most comparable weather 25 
station to the crime scene, especially because of a high variation in seasonal temperature 26 
and numerous influencing factors such as geographical location, urban ‘heat island effect’ 27 
and microclimates. Despite subtle differences, for both urban and rural areas an optimal 28 
data fit was generally reached after about five consecutive days within a radius of up to 29 
30km of the ‘crime scene’. With increasing distance and differing altitudes, a lower overall 30 
data fit was observed, and a diminishing increase in R2 values was reached after 4-10 31 
consecutive days. These results demonstrate the need for caution regarding distances and 32 
climate differences when using weather station data for retrospective regression analyses 33 
for estimating temperatures at crime scenes. However, the estimates of scene temperatures 34 
from regression analysis were better than simply using the temperatures from the nearest 35 
weather station. This study provides recommendations for data logging duration of 36 
operation, and a baseline for further research into producing standard guidelines for 37 
increasing the accuracy of minPMI estimations and, ultimately, greater robustness of forensic 38 
entomology evidence in court. 39 
 40 

Keywords: Temperature modelling; minimum post-mortem interval; micro-climate; forensic 41 
ecology; temperature datalogger 42 

http://dx.doi.org/10.1016/j.forsciint.2019.110028


2 
 

1. Introduction 43 

The potential importance of forensic entomology in criminal investigations of death, to 44 
determine a minimum postmortem interval (minPMI), i.e. the minimum time since death must 45 
have occurred, is undeniable [1, 2, 3, 4, 5, 6]. Insects are poikilothermic and, therefore, the 46 
role of temperature in forensic entomology applications, particularly its effects on rates of 47 
development, have been well emphasised [e.g. 1, 7, 8, 9]. Temperature is a fundamental 48 
influencing factor in body decomposition as well as for estimations of the pre-appearance 49 
interval (PAI) in insect succession patterns [7, 10, 11]. Seasonal temperature variations 50 
can influence body decomposition rates, as reported by a study in 2004, which found that 51 
decomposition rates increased in higher temperatures and with greater rainfall [9]. 52 
Temperature ranges can also show variations between different geographical areas, for 53 
example between urban and rural areas [12, 13, 14, 15]. While urban and rural areas might 54 
not be far apart in terms of distance, the temperatures between those two different 55 
environments can vary greatly within the same period, with urban areas being influenced 56 
by so-called ‘urban heat islands’ [14]. Development rates certainly vary between species, 57 
but they might also vary within the same species in different geographical areas [15]. 58 

Most estimates of minPMI based on insect evidence depend at present on the use of 59 
developmental data of blow flies (Diptera: Calliphoridae), which are frequently the first 60 
insects to colonise cadavers and, therefore, ideal forensic indicators [1, 4]. As mentioned 61 
above, the developmental rates of insects, as poikilothermic organisms, are strongly 62 
correlated to the environmental temperature. Previous studies showed that a variation of 63 
only ±1°C could alter the blow fly development duration by ±5% [15]. This illustrates the 64 
importance of accurate temperature data for estimating minPMI. Accurate temperature data 65 
are not only needed for the reliable application of forensic entomology methods, but also 66 
for other disciplines within forensic biology, such as forensic mycology, forensic botany and 67 
forensic anthropology decomposition studies. For example, temperature is one of the main 68 
factors influencing the growth rates of fungi on dead tissues [16] or the distribution of 69 
particular diatom species [17]. 70 

The current practice for minPMI estimation calculations based on entomological evidence 71 
requires three essential components: 1) insect evidence collected from the crime 72 
scene/body; 2) temperature data collected at the crime scene after removal of the body; 3) 73 
temperature data from the nearest weather station (NWS) to the crime scene. Linear 74 
regression analysis of the temperature data from the crime scene with the temperature 75 
data from the NWS for a period after body discovery is the key component that enables 76 
temperatures to be estimated for the crime scene prior to body discovery and, using those 77 
temperature data, the age of insect evidence found at the scene to be estimated. 78 
Retrospective estimation of scene temperatures from NWS temperatures is a robust 79 
technique that can provide strong correlations in different case scenarios [18, 19]; on the 80 
other hand, thermal conditions can sometimes differ greatly within short distances in 81 
relation to particular environmental features [7, 20]. Thus, NWS temperature data is an 82 
essential factor in the resulting accuracy of these minPMI estimations, and it is important to 83 
assess the reliability of these data in varying seasonal and geographical conditions [21, 84 
22].  It is important also to consider that the NWS might not provide as good an estimate of 85 
scene temperatures as a more distant weather station [23]. 86 
 87 
In all branches of science, it is important to adhere to a common set of procedures and 88 
standards for commonly applied techniques. This is especially so in forensic sciences, 89 
such as forensic entomology, due to the legal implications in criminal investigations and 90 
the requirement to meet high quality standards with increasing regulation and 91 
accreditation. A number of ‘best practice’ guidelines have already been published, such as 92 
those for insect collection, insect preservation and temperature data measurement at the 93 
crime scene [1, 2, 24]. However, it is also important to establish best practice guidelines 94 
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for choosing the most representative NWS to estimate ambient crime scene temperatures 95 
as accurately as possible. The accuracy of minPMI estimations by forensic entomology 96 
methods is strongly dependent on the quality and representativeness of the NWS 97 
temperature data used for retrospective corrections [25]. Recently, Charabidze & Hedouin 98 
[3] suggested a framework to determine the adequacy of NWS temperature data sets 99 
versus the local temperatures experienced by carrion fauna in any particular case 100 
scenario. They highlighted potential problems with correction of NWS data according to 101 
mathematical models, recommended that forensic entomologists should examine each 102 
situation separately to determine whether using temperature estimates is appropriate and 103 
concluded that a one-size-fits-all solution is difficult to apply to a complex issue such as 104 
forensic meteorology. 105 
 106 
To date, there are no standard practice guidelines on how to select the most 107 
representative NWS, nor on the minimum temperature data collection period needed at the 108 
crime scene in order to achieve optimal linear regression between the crime scene and its 109 
NWS. Therefore, the objectives of this study were to determine the suitability of the NWS 110 
at varying distances and altitudes from a hypothetical crime scene, including variations 111 
between different geographical locations (urban/rural), in estimating actual scene 112 
temperatures, as well as the minimum time needed for recording scene temperatures after 113 
body discovery to achieve a minimum degree of accuracy in reconstructing scene 114 
temperatures prior to discovery. We also looked at the effects of estimating temperatures 115 
for one season based on regressions made in another and demonstrate the subtle 116 
differences in temperatures that can occur over a short distance due to microclimatic 117 
effects. 118 

The results of this study aim to provide guidelines for a standardised minimum duration of 119 
crime scene temperature collection as well as recommendations on how to choose the most 120 
representative NWS for performing linear regression analysis to estimate minPMI. The 121 
objective of optimising these components is to increase the accuracy of minPMI estimations 122 
and, thereby, to increase the reliability of this evidence in legal proceedings [26].  123 

 124 
2.  Material and Methods  125 

2.1 Exploration of temperature differences between closely adjacent sites 126 
 127 
In order to explore the potential for significant differences in temperatures between closely 128 
adjacent environments, ground surface temperatures, air temperatures (at 1.0 m above 129 
ground in a Stevenson Screen or radiation shield, a Datamate ACS-5050 Weather Shield, 130 
Gemini DataLoggers UK Ltd, Chichester West Sussex) and soil temperatures (10 cm depth) 131 
were recorded during September to November of 2016 at two sites in the Wildlife Garden of 132 
the Natural History Museum [27]. One set of temperature loggers was placed in a small 133 
meadow (approximately 15x16 m), labelled ‘Sun’, and the other about 7 m into an area of 134 
dense shrubbery shaded by trees, labelled ‘Shade’. The sites were separated by about 17 m 135 
on an east-west axis. The most obvious difference between the sites was the higher degree 136 
of sunlight in the Sun, although the difference depended on the cloud cover: for example (1) 137 
around midday on a sunny day in September there was about 315 times more light in the 138 
meadow (Sun:Shade = 67,800:215 lux [luminous flux per unit area]); (2) around midday on a 139 
fully overcast day in November there was about 18 times more light in the meadow 140 
(Sun:Shade = 3,500:190.5 lux). Light levels were measured using a Heavy Duty HD450 light 141 
meter with the sensor oriented vertically upwards at the level of the roof of the Stevenson 142 
Screen. It is of significance that the lux levels in the shaded shrubbery on these sunny and 143 
overcast days were almost the same, with a difference of only 25 lux. 144 
 145 
The six temperature loggers used were all Tinytag or Tinytag Plus2 models produced by 146 
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Gemini Data Loggers, two of which were fitted with a thermistor probe. Navarro-Serrano et 147 
al. [28] found that Tinytag Plus2 loggers gave a robust and constant performance in relation 148 
to reference sensors and that the Datamate ACS-5050 weather shield provided good 149 
protection over all radiation, wind and snow conditions in their study in a mountainous, snow 150 
covered area of Spain. At the end of our Wildlife Garden study, all six loggers were placed 151 
into a constant temperature incubator for 10 days. The data for the whole period was 152 
downloaded using Tinytag Explorer 4.9, exported to Excel files and then analysed using 153 
Unistat 6.0. Although there was a statistically significant difference between the mean 154 
temperatures of all of the dataloggers during the incubator trial (p<0.02, 2-tailed t-tests, data 155 
not shown), the maximum difference between means was only 0.13°C (i.e. 19.81°C versus 156 
19.68°C). This was much smaller than the differences recorded in the Wildlife Garden 157 
situations. However, a correction factor was applied to each logger individually so that the 158 
means for all loggers over this 10-day calibration period were equalised at 19.74°C. The 159 
correction factors varied from -0.073°C to +0.066°C. The hourly data points were then 160 
corrected for the Wildlife Garden study and the mean hourly temperatures for 10-day periods 161 
in September, October and November 2016 were calculated, together with Standard 162 
Deviation (S.D.) and +/- 95% confidence intervals (C.I.) (Table 1). 163 

 164 

2.2  Experimental design for weather station study 165 

Hourly temperature data, measured on the hour, from ten UK weather stations (Figure 1), 166 
five in an urban and five in a rural area, were acquired from WeatherNet Ltd. (Bournemouth, 167 
UK) for the months of January, April and July 2014. These months encompassed all 168 
commonly encountered seasonal temperature regimes from winter to summer in the United 169 
Kingdom. 170 

One weather station of each dataset, urban and rural, was taken to represent a hypothetical 171 
‘crime scene’ (CS), and compared to the other four weather stations in the same dataset, 172 
categorised as: (1) closest - 12 to 13 km from the CS, (2a) 20 to 30 km from the CS at 173 
around the same altitude, (2b) 20 to 30 km away from the CS at an altitude >100 m higher 174 
and (3) over 50 km from the CS. 175 

For the urban (U) dataset, the following five weather stations located inside or around 176 
London were chosen (Figure 1): 177 

• UCS: St. James’s Park, urban ‘crime scene’, 5 m above mean sea level (MAMSL) 178 
• U1: Kew Gardens:, 6 MAMSL, nearest  weather station (NWS) 179 
• U2a: Hampton Waterworks, 12 MAMSL 180 
• U2b: Kenly airfield, 170 MAMSL 181 
• U3: South Farnborough, 65 MAMSL 182 

For the rural (R) dataset, the following five weather stations were chosen in rural areas of 183 
the Southeast of England (Figure 1):  184 

• RCS: Goudhurst, rural ‘crime scene’, 85 MAMSL 185 
• R1: Frittenden, 38 MAMSL, nearest weather station (NWS) 186 
• R2a: Herstmonceaux, West End, 52 MAMSL 187 
• R2b: Wych Cross, 200 MAMSL 188 
• R3: Shoreham airport, 2 MAMSL 189 

 190 
2.3  Effect of spatial distance between crime scene and weather station; and of the 191 

number of days of temperature recording on the values of R2 from regression 192 
analysis of scene and weather station data 193 
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This section of the study investigated both the spatial effect, i.e. linear distance, between 194 
the CS and the NWS used for estimating minPMI, as well as the effect of variation in 195 
duration of logger placement at the CS on the accuracy of that estimation. The latter 196 
explored the effect of data richness, i.e. number of data values (hours) collected, on the 197 
values of R2 generated by the linear regressions. 198 

The data were investigated using linear regression analysis to compare temperature data 199 
from the UCS (St. James Park) to the four urban weather stations, as well as the RCS 200 
(Goudhurst) to the four rural weather stations. In regression analysis, the coefficient of 201 
determination R2, a number between 0 and 1, indicates the goodness of fit of one dataset to 202 
another. R2 values were used here as the comparator statistic to indicate the potential 203 
accuracy of temperature estimation. In general, the higher the value of R2 the better the 204 
relationship between two sets of data, but caution is needed in its interpretation. Indeed, 205 
Johnson et al. [18] concluded that “it is not helpful to inspect the R2 value as this had no 206 
relationship with correlation accuracy”. 207 

The analyses were performed over the following consecutive time intervals within each 208 
month for the months of January, April and July 2014 on both the Urban and Rural 209 
datasets using Unistat 6.0 statistical software, JMP Pro 13 and GraphPad Prism 8. 210 

• 1, 2, 4, 6, 8, 10, 12, 14, 16, 18, 20, 25 and 30 days 211 

 212 
2.4  Investigation of the phenomenon of high R2 values for 24-hour periods 213 

In order to investigate the phenomenon of high R2 values generated by regression 214 
analyses of single 24-hour periods, linear regression analysis was used to estimate the 215 
mean hourly temperature at the UCS, St. James Park, from two of the nearby urban 216 
weather stations, one close by (Kew Gardens, U1) and one distant (South Farnborough, 217 
U3). The period estimated was the 10-day period 1st-10th July, i.e. 240 hours. These 218 
stations and period were considered to be representative examples within the UK; other 219 
combinations were not tested. Regressions were performed for six 1-day periods (1, 6, 220 
11, 16, 21 and 26 July) and six 5-day periods (1-5, 6-10, 11-15, 16-20, 21-25 and 26-30 221 
July). 222 

2.5  Effect of spatial distance between crime scene and weather station; and of the 223 
number of days of temperature recording on the estimation of crime scene 224 
temperatures from regression analysis of scene and weather station data 225 

The formulae from the linear regression analyses of RCS/UCS versus weather stations, that 226 
generated the R2 values discussed above, were used to estimate scene temperatures and 227 
these estimates were then compared with the actual recorded scene temperatures to 228 
demonstrate how close to the actual temperatures the estimates were. The effect of both 229 
linear spatial distance and temporal distance, i.e. duration of time between body 230 
deposition at the crime scene and initiating crime scene temperature collection once the 231 
body has been discovered, were investigated. 232 

The period 1st-16th January was selected as the time period of interest for a hypothetical 233 
forensic investigation, for example equivalent to a last sighting of the victim on 1st 234 
January and discovery of the body on 16th January, with temperatures from 1st-16th 235 
January being relevant to insect development on the victim. The mean temperatures at 236 
the UCS and the RCS for 1st-16th January were calculated from the data recorded for 237 
those sites for that period. Estimates of the mean temperature from 1st-16th January at 238 
the UCS and RCS were then calculated based on either a 1-, 5-, 10- or 15-day regression 239 
analysis of hourly UCS/RCS versus weather station data for the months of January, April 240 
or July, using 1-, 5-, 10- or 15-day intervals within the periods 15th-30th January, 15th-30th 241 



6 
 

April and 15th-30th July. Selection of the timeframe 1st-16th January enabled the greatest 242 
combination of periods after ‘body discovery’ to be examined, i.e., immediately after 243 
recovery and at 3-month and 6-month intervals. 244 

As before, the ‘data richness effect’ was investigated, here by using regressions of hourly 245 
data for 1-, 5-, 10- and 15-day periods. The resulting R2 values were plotted against the 246 
time intervals to determine the minimum amount of time needed to obtain results with the 247 
greatest fit. 248 
 249 
3. Results and Discussion  250 
 251 

3.1  Investigation of temperature differences between closely adjacent sites 252 

The Wildlife Garden temperatures showed a month-on-month decline from the late summer 253 
warmth of mid-September to the cool of early winter in mid-November (Table 1). The effect of 254 
the location of the loggers, shaded under tree cover versus in full sun in the meadow, was 255 
most pronounced in September, when on some sunny days the temperature of the exposed 256 
ground level logger in the meadow (Sun 1 surface) reached over 44°C, while the partially 257 
sheltered logger in the bushes (Shade 1 surface) always measured below 26°C (Figure 2, 258 
Table 1). However, despite the very clear maxima of the Sun surface logger (Figure 2), 259 
because the effect of solar radiation occurred over a relatively short period of time each day 260 
(Figure 2), there was no statistically significant difference detected between the mean hourly 261 
temperatures of any of the Sun loggers in September (Table 1).  262 

In September, the mean temperatures of the Shade loggers were significantly lower than 263 
those of the Sun loggers, except for the Sun logger in the Stevenson Screen. However, in 264 
the cooler month of October, the ground level and Stevenson Screen temperatures did not 265 
differ significantly between Sun and Shade, with the mean soil temperatures in both sites 266 
being significantly higher than the air temperatures. In November, mean temperatures were 267 
below 10ºC for all loggers. Again, the mean soil temperatures at both sites were significantly 268 
higher than the air temperatures, which were not significantly different from one another 269 
apart from the Shade ground level temperature (Table 1). 270 
 271 
3.2 Effect of spatial distance between crime scene and weather station; and of the 272 

number of days of temperature recording on the values of R2 from regression 273 
analysis of scene and weather station data 274 

The mean hourly temperatures at each weather station in each month, together with 275 
minimum-maximum ranges, show that all weather stations recorded similar values (Table 276 
2), being located in the same part of South-East England (Figure 1). The January means 277 
ranged from 3.0 to 7.3°C, the April means from 10.1 to 12.1°C and the July means from 278 
17.5 to 20.1°C (Table 2). 279 

Our hypothesis was that the closer the weather station was to the crime scene the 280 
greater the goodness of fit between the two sets of data (i.e. higher R2). Similarly, we 281 
expected an increase in R2 with an increased number of data points (hourly 282 
temperatures) used in the linear regression analysis, i.e. the available data would be 283 
richer due to the longer period of data collection covering a greater range of 284 
temperatures.  285 

R2 values were obtained for both the urban and the rural dataset using linear regression 286 
analysis of each of the four weather stations in both datasets against the ‘crime scene’ 287 
stations for thirteen specific time intervals (Figure 3). 288 

The trends of R2 values were complex but, in general, they rose to a plateau after 4-10 289 
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days. The rise either started from an initial low point or from an initial 24-48 hour high point, 290 
that was then followed by a decline in R2 values before the rise to the plateau. This 291 
suggests that for the investigated distances, the minimum amount of time needed to reach 292 
a maximum goodness of data fit between the weather station used for minPMI estimations 293 
and the ‘crime scene’, regardless of distance and altitude differences, would be 4-10 days. 294 
This would fit with the period of 5–10 days suggested by Amendt et al. [2], and this range 295 
would also include the 4–6 days suggested by Haskell et al. [20] and the 8 days suggested 296 
by Matuszewski and Madra [29] in an urban (Poznan suburbs) environment. However, 297 
subsequent comparison of the actual scene temperatures estimated from the models 298 
produced by the regression analyses suggested that a minimum period of temperature 299 
collection of five days is acceptable (see 3.4). 300 

In general, in both urban and rural settings, and in all seasons, the closest weather station to 301 
the UCS or RCS showed the flattest curvilinear pattern out of all four comparisons in either 302 
geographical area, while the further the weather station was from the ‘crime scene’, the more 303 
pronounced the curvilinearity (Figure 3). This demonstrates that the closer the weather 304 
station used for minPMI estimations is to the crime scene, the higher the R2 values are likely to 305 
be, hence the greater the goodness of fit between both datasets and the potentially greater 306 
accuracy of the resulting minPMI estimations. Within a short distance radius (~15 km), 307 
equivalent to the shortest distance studied here, the accuracy of retrospective temperature 308 
corrections might not be significantly affected by season, length of correlation period or 309 
distance between the crime scene location and the NWS [18]. 310 

There was some evidence that the R2 values of the rural datasets were lower than those of 311 
the urban datasets, especially for the weather stations most distant to the RCS. Rural 312 
landscapes are often heterogeneous due to the co-existence of different land uses and 313 
covers, in contrast to urban areas, which are fairly homogenous other than the contrast 314 
between built-up areas and parkland. Large urban areas such as London (UK), might 315 
possibly have a more stable macroclimate and less environmental differences than in rural 316 
areas, due to the ‘urban heat-island effect’ [30, 31]. Weather stations associated with 317 
predominantly rural land uses or land covers (e.g., farmlands or forests) generally record 318 
wider diurnal temperature ranges than those associated with urban related land use or land 319 
cover [32]. However, microclimates showing subtle changes in temperatures can be found 320 
in all environments (e.g. see 3.1) which could significantly influence the accuracy of minPMI 321 
estimations. 322 

Dabbs [33] investigated the differences between site-specific and retrospectively collected 323 
temperature data from weather stations over periods of one to nine months, approaching a 324 
similar question to that posed in this study but for forensic anthropological purposes. The 325 
data of Dabbs’ study [33] showed that caution should be taken if minPMI needs to be 326 
estimated over extended time periods (months), which would be applicable for forensic 327 
anthropologists, although less relevant to forensic entomologists who generally deal with 328 
shorter time periods (days to weeks). Dabbs [33] recommended using weather station data 329 
in a radius within 15.3km of the crime scene, except if the microclimate between the crime 330 
scene and the weather station differed significantly, in which case the microclimate, not the 331 
distance, should be the determining factor in selecting the most appropriate weather station 332 
for analysis. The distance to the crime scene is unequivocally an important parameter to be 333 
considered in the selection of the weather station, but other parameters such as the elevation 334 
or the main type of surrounding vegetation should also been taken into account [3, 7]. 335 

3.3  Investigation of the phenomenon of high R2 values for 24 hour periods 336 

Undertaking a regression analysis using temperature data of only one day often produced 337 
high R2 values (Figure 3), which indicates a good data fit between the two compared 338 
weather stations within that 24 hour period. This can be a misleading conclusion however, 339 
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as data from 24-48 hours, even though it might show a high R2, is only representative of a 340 
relatively short weather period. A period this short will have generally similar temperatures, 341 
not representative of the total range of temperatures experienced by the immature stages of 342 
flies during their development at a scene.  343 

To explore this further the effect on estimates of mean temperatures from 1-day and 5-day 344 
regressions was examined. The mean R2 values for 1-day regressions were slightly higher 345 
than those for 5-day regressions, both for Kew Garden and South Farnborough (Figure 4A). 346 
However, when the regression formulae were used to estimate the mean temperatures at 347 
St. James Park (actual recorded mean = 17.85ºC), the estimates from the 5-day regressions 348 
were marginally more accurate than those from the 1-day regressions and they also showed 349 
a smaller degree of variation (measured in 95% C.I.) (Figure 4B). The values of the 350 
regression formula constants (c0 and c1) were also less variable in the 5-day regressions 351 
(data not shown). Therefore, despite the seemingly good relationship achieved in a 1-day 352 
regression, because the day in question might not be representative of temperature 353 
variations over longer periods it is better to use a longer interval than 1-day for collecting 354 
scene temperatures for use in retrospective regression analysis for crime scene 355 
temperature estimation. 356 

3.4 Effect of spatial distance between crime scene and weather station and of the 357 
number of days of temperature recording on the estimation of crime scene 358 
temperatures from regression analysis of scene and weather station data 359 

Sometimes it is not possible to record scene temperatures during a period immediately 360 
after discovery of a body and, therefore, scene estimates have to be based on a 361 
relationship with a nearby weather station that might be established in a completely 362 
different season with different temperature ranges. These might be hypothesised to result 363 
in less accurate estimates of scene temperatures. From our estimation of January scene 364 
temperatures based on regressions carried out using data from either January, April and 365 
July this hypothesis is largely proven to be true (Figure 5). In fact, the temporal 366 
separation between the period to be estimated and the period on which the estimation 367 
was made appeared to have a greater and more consistent effect overall than the linear 368 
or vertical (altitude) separation between crime scene and weather station (Figure 5). This 369 
seasonal effect is probably largely due to temperature differences between the months, 370 
which exceeded 5ºC, especially between January and July (Table 2), a critical 371 
temperature difference considered by Johnson et al. [18] to produce poor estimates. 372 

Considering the urban situation first, looking at estimates of the UCS temperature from 373 
the four urban weather stations it is clear that, in general, estimates based on January 374 
regressions were better than those based on April or July regressions, when 375 
temperatures were generally higher. This was especially apparent when considering 376 
estimates based on weather stations U1 and U3. Similarly, the regressions based on 5- 377 
to 15-day periods generally gave better estimates of the actual UCS temperatures than 378 
from 1-day regressions, supporting the results presented in Figure 4. The 5-day 379 
regressions gave an estimate of UCS temperature closer to the actual UCS temperature 380 
than did the 1-day regression for 10 of the 12 urban comparisons (i.e. 4 weather stations 381 
x 3 months); the estimates were approximately equal for one comparison and the 1-day 382 
regression gave a better estimation for one comparison (Figure 5). Overall, there was 383 
little difference between estimates from the 5-, 10- and 15-day regressions, suggesting 384 
that a 5-day regression is adequate for most situations. However, estimation of climate 385 
data is complex and estimations based on a simple linear regression tool do not always 386 
produce results that fit the general expectation, e.g. for U2a and U2b estimates from 5- 387 
and 10-day periods from July regressions were closer to the actual temperature than 388 
estimates from any of the April regressions. 389 

The analysis of the rural sites gives the same general conclusion of improved accuracy of 390 
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estimation by choosing nearby weather stations in the same season as the crime and for 391 
longer than 1-day regression periods but, as with the urban areas, there were exceptions, 392 
e.g. the estimations of April regressions were somewhat better than those from January 393 
for weather stations R2a and R3. In the rural study the benefit of lengthy temperature 394 
data recording periods for regression analysis were less obvious than in the urban setting 395 
as, when compared, the 1-day regression and the 5-day regressions each performed 396 
better than the other in four comparisons and they were approximately equal in the other 397 
four of 12 comparisons (i.e. 4 weather stations x 3 months) (Figure 5). 398 

Of particular interest is that the 5-day regressions provided a mean temperature estimate 399 
that was closer to the crime scene mean temperatures than the temperatures of the 400 
nearby weather stations (Figure 5, MET), especially for the UCS. Considering that the 401 
UCS/RCS and all the weather stations were all standard weather stations with the same 402 
placement of recording devices, this is strong support for using a linear regression 403 
analysis following placement of a temperature logger at a crime scene, rather than relying 404 
on taking the temperatures of the nearest weather station, especially when bodies at 405 
crime scenes are often found at covert locations, with an associated microclimate, rather 406 
than at locations favoured for weather station placements. Indeed, much effort is 407 
expended to ensure that weather stations and their thermometry are placed in standard 408 
exposures because of microclimatic effects such as those we observed (see 3.1). Our 409 
results contrast with those of Dourel et al. [34] who reported no benefit in estimating 410 
scene temperatures following a linear regression analysis of scene and nearby weather 411 
station data, but their regression analyses were based on a less fine temporal resolution 412 
of daily average temperatures rather than the hourly temperatures used here. On the 413 
other hand, our results agree with those of Archer [35] who noted that the accuracy of 414 
temperature data at a scene was usually improved by correction using retrospective 415 
regression analysis as done in this study. Nevertheless, Archer highlighted the need for 416 
caution with using correction factors as the technique did not always improve 417 
temperature estimates, even in analyses generating high R2 values [35]. 418 

 419 

4.  Conclusion 420 

The accuracy of estimating crime scene temperatures decreased with increasing distance of 421 
the NWS to the crime scene (see 3.2). Similarly, the less data available for performing linear 422 
regression analysis to estimate the crime scene temperatures, the poorer was the goodness 423 
of fit (R2) to the crime scene temperatures (‘data richness effect’; see 3.3) and the less 424 
accurate were the estimations of actual recorded crime scene temperatures (Figure 5). 425 
However, regression analysis of just 24-hour periods can generate high R2 values, which we 426 
believe is mainly due to the small variations in temperature over such periods compared to 427 
longer periods. It was demonstrated that longer periods of regression analysis generally 428 
resulted in higher R2 values, following a fall after the initial 24-hour period (Figure 3). 429 
However, there is a diminishing return for long periods of regression. The R2 values did not 430 
increase beyond about 4-10 days for the urban and rural studies (Figure 3). The effect of this 431 
on estimation of crime scene temperatures suggests that there is no gain in data value by 432 
recording scene temperatures for more than about five days (Figure 5). 433 

Overall, this study demonstrated that an appropriate minimum period of data logger 434 
placement at the scene of about five days in either urban or rural areas is needed to 435 
generate results with a minimum amount of accuracy needed to produce minPMI estimations 436 
for forensic entomology casework. Although the R2 values in some areas (Figure 3) 437 
suggest that up to a ten-day recording period is required to maximize R2, the differences in 438 
R2 and regression constants (slope, intercept) between five and ten day regressions were 439 
not pronounced. Therefore using an additional five days of limited policing and science 440 
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resources to maintain the scene for temperature collection is probably not justified. As well 441 
as the additional cost, longer recording periods at the scene can result in problems such as 442 
the loss of dataloggers through theft or animal interference, and this would lead to a loss in 443 
the ability to generate optimal temperature estimates. These results are in good general 444 
agreement with those of Johnson et al. [18], but our study also covered longer periods of 445 
correlation and greater scene to weather station distances.  Johnson et al. [18] 446 
recommended the collection of 10 days’ worth of correlation data wherever possible, 447 
although they showed little difference between 2, 5 and 10 days correlation. Our results 448 
(Figure 5) and those of Archer et al. [35] and Johnson et al. [18] provide strong support for 449 
the use of a regression analysis of scene and NWS temperature data as a method of 450 
temperature correction, in contrast to the concerns of Charabidze & Hedouin [3] regarding 451 
such methods. 452 
We also demonstrated that mean air and soil temperatures can differ significantly over 453 
relatively small distances (17 m in our Wildlife Garden study), and that these differences 454 
can vary with seasonal changes. Therefore, determining the placement location of 455 
dataloggers at a scene to take account of such microclimates is important. This importance 456 
is emphasised by the finding that regression analyses with scene datalogger temperatures 457 
generally produced better estimates of scene temperatures than simply taking the 458 
temperatures from the nearest weather station as a representative of the crime scene. 459 
However, as noted by Charabidze and Hedouin [3], forensic entomologists need to 460 
examine each situation individually to determine whether or not the use of an estimated 461 
temperature is truly appropriate. For example, if bodies are discovered in the particular 462 
microhabitat of containers such as wheeled rubbish bins or suitcases, simple linear 463 
regression analysis might not be appropriate [36]. In addition, datalogger placement needs 464 
to be considered with care. Weatherbee et al. [37] found that accumulated degree hour 465 
(ADH) data calculated from nearby weather station temperatures actually fitted better with 466 
the observed development of larvae at an experimental scene than ADH data from the 467 
microhabitat of the scene did, which was calculated from the temperatures of scene 468 
temperature dataloggers, although there was considerable overlap of these ADH ranges. 469 
They considered this was due to the dataloggers being placed near to the ground, thereby 470 
being exposed to increased radiant and reflective heat and, therefore, higher temperatures 471 
than at the weather stations. 472 
 473 
A case study previously described by Hofer et al. [38] showed that a deviation of estimated 474 
crime scene temperatures from the actual crime scene temperatures by only ±0.5°C can 475 
alter the minPMI estimation by ±1 day, which can be forensically significant in criminal 476 
investigations. Those authors also described the difficulty of measuring scene temperatures 477 
post-body removal due to a variety of influencing factors, such as direct sunlight, differences 478 
between body discovery position and temperature measuring device as well as seasonal 479 
differences between winter and summer. Their study recommended that data loggers should 480 
be placed at the scene as close to and in as similar conditions as possible to where the body 481 
was found.  However, they did not consider the optimal period for retrospective temperature 482 
data collection at the scene. 483 

Therefore, the results of this study provide an important addition to methods that will increase 484 
the reliability not only of forensic entomology applications, but of other branches of forensic 485 
ecology that require retrospective estimation of scene temperatures. The study also showed 486 
that it is necessary to be cautious with small temperature datasets due to the ’24-hour 487 
phenomenon’,  and to be careful of using crime scene temperature data for linear regression 488 
analysis from one season to estimate temperatures in another season; high temperature 489 
variation might potentially result in increasingly skewed minPMI estimations. 490 
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Table 1:   Mean Wildlife Garden temperatures (°C ±95% CI from t-intervals) during the 

periods indicated to show the seasonal decline from September through October 
to November 2016. Location (Shade or Sun) and type of temperature datalogger 
(ground level, Stevenson screen or 10 cm deep soil probe) is indicated. Mean 
temperatures with a different letter within a month (September, October or 
November) are statistically significantly different, those with the same letter are 
not significantly different (p-value<0.05). 

 
Datalogger Mean 

temp [°C] 
SD 
±°C 

95% CI Range [°C] 
Lower Upper Minimum Maximum 

05-14 September       
Shade ground level 18.78   A 2.6827 18.44 19.12 11.65 25.52 
Shade St-Screen 19.47 AC 3.3115 19.05 19.90 11.15 29.02 
Shade soil probe 17.37   B 0.8579 17.26 17.48 15.67 18.98 
Sun ground level 19.90   C 4.7052 19.30 20.50 12.14 44.81 
Sun St-Screen 20.10   C 3.9227 19.60 20.60 10.80 32.87 
Sun soil probe 19.82   C 0.9269 19.71 19.94 18.09 22.47 
       
05-14 October       
Shade ground level 11.96   A 1.2625 11.80 12.12 8.80 14.27 
Shade St-Screen 12.24   A 1.8042 12.01 12.47 7.95 15.64 
Shade soil probe 13.00   B 0.6078 12.92 13.08 11.79 14.26 
Sun ground level 12.43   A 2.5017 12.11 12.75 7.83 25.62 
Sun St-Screen 12.36   A 2.0735 12.09 12.62 7.25 17.47 
Sun soil probe 14.54   C 0.5116 14.47 14.60 13.46 15.73 
       
05-14 November       
Shade ground level 7.51   A 1.3905 7.33 7.68 4.28 11.23 
Shade St-Screen 6.77   B 2.1113 6.50 7.04 1.48 12.00 
Shade soil probe 9.25   C 0.5775 9.17 9.32 8.24 10.74 
Sun ground level 7.05   B 1.7491 6.83 7.27 3.20 11.22 
Sun St-Screen 7.00   B    2.3273 6.71 7.30 1.17 12.64 
Sun soil probe 9.45   D 0.6117 9.37 9.53 8.59 11.26 
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Table 2: Mean hourly temperatures (with minimum to maximum range in brackets) during 
the months of January (n = 744 hours), April (n = 720) and July (n = 744) 2014, 
for the hypothetical urban (UCS) and rural (RCS) crime scenes and for each of 
the four urban (U1-3) and rural (R1-3) weather stations.   

 
 
 

Location January [°C] April [°C] July [°C] 
UCS 

(St James Park) 
7.3 (1.2 - 12.7) 12.1 (5.4 - 19.9) 20.1 (11.5 - 31.7) 

U1 
(Kew Gardens) 

6.5 (-2.5 – 12.5) 11.2 (1.0 – 19.4) 19.8 (8.6 – 29.7) 

U2a 
(Hampton 

Waterworks) 

7.0 ( -0.9 – 12.3) 11.4 (3.5 - 18.8) 19.6 (10.9 - 29.1) 

U2b 
(Kenley Airfield) 

5.9 (-0.8 – 12.0) 10.2 ( 1.6 – 18.5) 18.0 ( 8.5 – 27.0) 

U3 
(South Farnborough) 

3.0 (-3.6 – 12.3) 10.4 (-0.1 – 18.4) 18.6 (7.5 - 27.7) 

RCS 
(Goudhurst) 

6.4 (-2.4 – 12.2) 10.5 (-0.2 – 19.3) 18.0 ( 6.5 – 28.3) 

R1 
(Frittenden) 

6.6 (-3.2 – 12.6) 10.7 (0.6 – 20.5) 18.3 (6.5 – 30.2) 

R2a 
(Herstmonceaux) 

6.9 (-0.3 – 12.4) 10.7 (2.1 – 19.7) 18.2 (8.9-27.8) 

R2b 
(Wych Cross) 

6.0 (-0.2 – 11.3) 10.1 (2.9 - 17.9) 17.5 (9.9 – 26.4) 

R3 
(Shoreham Airport) 

7.2 (-1.2 – 11.7) 10.4 (0.3 – 18.2) 18.2 (8.4 – 28.2) 
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Figure Legends 

 

Figure 1:  Location of urban and rural WeatherNet weather stations in the southeast of 
England, United Kingdom. 

 

Figure 2: Hourly temperatures (°C) for the six temperature loggers placed in the Wildlife 
Garden at the Natural History Museum from 05-14 September 2016. Dates on 
the x-axis are placed at midday, 12:00 hours BST. The darker colour lines are 
data from loggers in the shade, the lighter colour lines from loggers in the sun: 
soil surface (blue); Stevenson Screen (green); 10cm deep soil probe (brown). 

 

Figure 3: Plotted graphs of obtained R2 values of the urban (upper) and rural (lower) 
datasets using linear regression analysis, against the following chosen time 
intervals in the months of January (A), April (B) and July (C) 2014: 1, 2, 4, 6, 8, 
10, 12, 14, 16, 18, 20, 25 and 30 days. 

 
Figure 4: Data from linear regression analysis of St. James Park (urban crime scene, 

UCS) temperature data against either Kew Gardens (U1) or South Farnborough 
(U3) temperatures in July, showing: A) values of R2 from either 1-day or 5-day 
regressions; B) estimates of St James temperatures from either 1-day or 5-day 
regressions (n=6 in all analyses, mean of means ±95% CI plotted). 

 
Figure 5: Estimations of Urban Crime Scene (UCS, left column) and Rural Crime Scene 

(RCS, right column) temperatures from Urban and Rural weather stations, 
respectively. Each of the eight graphs shows on the left-hand side the mean 
hourly temperature for the period 1st-16th January for the UCS or RCS together 
with the mean hourly temperature for the nearby weather station (indicated as 
MET), either Urban or Rural 1, 2a, 2b or 3.  Each graph also shows three sets of 
four points representing the estimate of the mean temperature for the UCS or 
RCS for the period 1st-16th January based on either a 1, 5, 10 or 15-day 
regression analysis of UCS or RCS versus weather station data for the months 
of January, April or July using 1, 5, 10 or 15-days within the periods 15-30 
January, 15-30 April and 15-30 July. Bars indicate ±95% CI and the two 
horizontal lines show those limits for the actual UCS or RCS data for the period 
1st-16th January. 
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Figure 1:   
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Figure 3A: 
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Figure 3B:  
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Figure 3C: 
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Figure 4:    
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Figure 5:  
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