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A B S T R A C T   

In this study, we demonstrate how urban-dwelling bats can be used to reconstruct Urban Heat Islands (UHI). We 
term this approach biologically-assisted sampling (BAS). We used Egyptian fruit bats to map the spatial air 
temperature (Tair) profile. To demonstrate the feasibility of using biologically-assisted sampled data set, we run 
mixed effects and Geographically Weighted Regression (GWR) models to estimate the impact of urban envi
ronment on Tair distribution. Our results suggest that vegetation is a very important mitigating factor in Tair. In 
the winter, we found an average Tair difference of 2–5 ◦C between densely urban and nearby vegetative/open 
areas. A distinct UHI spot was identified in the winter, centered on the Ayalon highway. These differences were 
lower during the summer night, probably due to a pronounced cooling sea breeze effect along the coastline. Our 
preliminary results also indicate that BAS sampling provide a 3D view of the UHI phenomenon: the change in 
Tair above the dense urban area was smaller than above the vegetative area. Since the differences in Tair be
tween densely urban and open/green areas are the largest during the night hours, bats can serve as efficient 
agents to monitor UHI effects, despite the method limitations.   

1. Introduction 

The urban heat island (UHIs) phenomenon is characterized by much 
warmer metropolitan area than the non-urban spaces surrounding it 
(Oke, 1987). UHI with different magnitudes occur worldwide and are 
quite common in urban climates. UHI’s affect citizens’ comfort and have 
been found to be correlated to air pollution, heat stress and health 
(Saaroni et al., 2000; Ulpiani, 2021; Wang et al., 2021), and even 
intensified heat-related mortality (Brauer & Hystad, 2014; Luber & 
McGeehin, 2008; Zanobetti & Schwartz, 2008; Carreras et al., 2015; 
Smargiassi et al., 2009; Hankey and Marshall, 2017; Salvador et al., 
2023). 

Tair refers to the commonly measured air temperature in an 

aspirated shield at a height of 2 m above the ground in meteorological 
stations (WMO, 2018). Due to the nature of Tair measurements in urban 
meteorological stations, which are limited in number, their data are not 
spatially continuous, limiting analyses of spatial variability. Many 
studies have been conducted worldwide, and in the Tel Aviv area in 
particulate, to monitor the variability of Tair in the urban domain. For 
Tel-Aviv, these include: (1) conventional in-situ measurements com
bined with thermal sensors and satellite imagery (Deilami et al., 2018; 
Mandelmilch et al., 2020; Kim & Brown, 2021); (2) diurnal thermal 
variability analyses of different urban surfaces (Chudnovsky et al., 
2004); (3) modeling the correlation between Tair and satellite-based 
surface temperature (Lensky & Dayan, 2015; Pelta & Chudnovsky, 
2017; Pelta et al., 2016; Zhou et al., 2020); (4) estimating the thermal 
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effect of different neighborhoods and locations across the city, including 
land covers, on temperature (Chudnovsky et al., 2004; Rotem-Mindali 
et al., 2015; Saaroni et al., 2000). However, accurate monitoring of Tair 
fields in the city domain at high temporal and spatial resolution remains 
a challenge. More Tair sampling locations are needed in locations that 
currently are restricted by meteorological or environmental limitations 
(only 3–7 sites in Gush Dan area provide temporal data). An important 
additional data source for environmental monitoring is the incorpora
tion of mobile monitors and lightweight sensors on unmanned aerial 
vehicles (UAVs) or any other lightweight moving platform (Burgués & 
Marco, 2020; Kezoudi et al., 2021; Kuantama et al., 2019; Lugassi et al., 
2022; Walendziuk et al., 2018). However, this technology is still limited 
due to regulatory restrictions, which differ for each country, ranging 
from permission to fly above urban areas to limited flight heights which, 
in many cases, is restricted to high altitudes rather than rooftop urban 
conditions (75–150 m) (Lugassi et al., 2022). 

Bio-assisted sampling (BAS) includes the use of organisms to monitor 
the environment (i.e., physical and/or chemical), as well as, ecological 
processes and biodiversity via mounted low-footprint sensors (Greif & 
Yovel, 2019). These organisms can be plants (e.g., Carreras et al., 2005, 
2009; Carreras & Pignata, 2002), humans, fish, insects, diatoms and 
others (Holt & Miller, 2010), and they can be used to estimate a human 
population’s exposure to different environmental stressors in the air, 
water, food, soil, etc. (Hays et al., 2007; Lavi et al., 2016; Pollack et al., 
2017; Santonen et al., 2015). The last decade has witnessed considerable 
advances in biologging, with the development of devices that allow 
tracking small animals for long periods with low-footprint sensors that 
provide information on their internal state and external surroundings 
(Wilmers et al., 2015). Tracking the environmental characteristics 
experienced by the animal (e.g., ambient temperature, humidity, 
pollution, etc.) provides new insight into its external state and enables a 
better understanding of the animals’ behavior and the choices they make 
(Wilmers et al., 2015). Furthermore, monitoring the natural environ
ment of animals that occupy niches that are difficult to access, using the 
animals themselves as data-collecting agents, may yield new insights 
into their habitats and their change with time. For example, recording 
the ambient temperature on-board elephant seals allowed mapping the 
temperature profile of the Western Antarctic Peninsula (Costa et al., 
2010), and measuring the ambient temperature on-board king penguins 
provided information about the circulation patterns of water in the 
upper layers of the Southern Ocean (Charrassin et al., 2002). 

1.1. Study goals 

In this study, for the first time to the best of our knowledge, we 
evaluated the use of a BAS tool for UHI analyses. We attached miniature 
sensors to Egyptian fruit bats (Rousettus aegyptiacus) to monitor the 
spatial profile of Tair across the greater Tel Aviv area. Our aim was to 
generate a better temporal and spatial understanding of the impact of 
different neighborhoods with different urban morphologies on UHI 
development, serving as a complementary Tair to the existing stationary 
network. Two field experiments, performed in the winter and summer, 
were conducted in the greater Tel Aviv area in the evening-early 
morning hours (20:00 - and 02:30). Tair differences between urban 
areas and their rural surroundings are usually largest at night, making 
bats, with their nocturnal habit, ideal BAS agents to monitor the effects 
of UHIs. 

2. Materials and methods 

2.1. Study area 

We selected the Tel Aviv metropolitan area, known as Gush Dan, for 
our study. Gush Dan, which includes Tel Aviv and adjacent cities, is the 
largest and most populated metropolitan area in Israel. It is located on 
the eastern shoreline of the Mediterranean Sea and is characterized by a 

Mediterranean climate. The climate in Tel Aviv is defined as Csa ac
cording to the Köppen classification (Köppen, 1931; Potchter & Saaroni, 
1998). The climatic conditions are characterized by two main seasons: a 
hot, humid summer (mean temperature 23–30 ◦C, mean relative hu
midity 72–83%) and a mild, wet winter with stable weather episodes 
(average temperature 8–23 ◦C, average relative humidity 55–60%). The 
wind regime during the summer is influenced by the Mediterranean Sea 
breeze, which blows during the day from the west and northwest, and at 
nighttime from the east and southeast. In winter, the wind regime de
pends on the synoptic conditions and is therefore difficult to charac
terize (Bitan & Rubin, 1994). The city of Tel Aviv develops a mild UHI 
with maximum Tair differences on winter nights of up to 5 ◦C (Saaroni 
et al., 2000) and on summer nights and midday of up to 4 ◦C (Man
delmilch et al., 2020). Previous studies in the Tel Aviv metropolitan area 
have reported that urban vegetation can reduce Tair by up to 4 ◦C, 
depending on vegetation type and amount of canopy coverage (Cohen 
et al., 2012; Shashua-Bar et al., 2010; Shashua-Bar & Hoffman, 2000). 

2.2. Data processing, analyses and field experiments: the methodological 
approach 

Our study consisted of several steps as shown in Fig. 1. First, we 
examined the stability and accuracy of the lightweight Vesper air tem
perature sensor (Alexander Schwartz Developments (A.S.D) Inc., Haifa, 
Israel) by comparing its measurements with two well-calibrated ground- 
monitoring measurements for 24 h (step 1; experiment 1, Fig. 1): Tair 
measured at the nearest meteorological site and Tair measured by a Lufft 
XC200 sensor (Lufft, Stuttgart, Germany). The Lufft and Vesper sensors 
were placed next to each other and in the immediate vicinity of the 
ground-based Tair site. The Vesper system consists of a low-footprint 
docking station, a GPS sensor unit that also includes a temperature 
and relative humidity sensor (SHT31), and a 3.7 V LiPO battery. Vesper 
sensors have been previously used on bats to track their GPS locations 
(Egert-Berg et al., 2018; Goldshtein et al., 2021) and on UAVs to track 
temperature and humidity during a large field campaign (Lugassi et al., 
2022). 

In step 2, two BAS field experiments were conducted during winter 
and summer (experiments 2 and 3, Fig. 1). We used Egyptian fruit bats 
equipped with Vesper sensors to record their location and ambient 
temperature and mapped spatial Tair distribution across different land 
uses. These bats are central-place (colony) foragers (Daniel et al., 2008; 
Olsson & Brown, 2006) that forage up to tens of kilometers from their 
roost (cave) and return to their cave at the end of the night. 

In parallel to the BAS campaign, (experiments 2 and 3, Fig. 1), a large 
field experiment was conducted in the Tel Aviv metropolis and served as 
validation (step 3; experiment 4, Fig. 1). These measurements provided 
extended meteorological information. In step 4, we studied the impact of 
different land uses on Tair variability by estimating the total vegetation 
cover and the fraction percentage of building surfaces within a 30 m ×
30 m grid cell. We also visually inspected all locations where Tair was 
measured by the Vesper sensors that was mounted on the bats using high 
resolution (less than 1 m) air photo imagery (within ArcGIS software). 

2.3. Using bats for BAS 

The experiment was performed with capture permits from Israel 
National and Park Authority and was approved by the IACUC committee 
(permit Number L-12-031). The winter experiment was conducted on 
10–11 January 2019 and the summer experiment on 20–21 June 2019 
(20:00–02:30 a.m.). 

During the winter experiment, 10 Egyptian fruit bats were caught 
using hand nets in their cave in Herzliya, a city that is ~10 km to the 
north of Tel Aviv and is considered part of the Tel Aviv metropolis, a few 
hours before sunset. A lightweight and miniature Vesper sensor (4.35 g 
in weight including battery and 16 × 34 × 3.5 mm in size) was mounted 
on the back of the bat using surgical cement (Fig. 1, upper left) and fall- 
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off a few days later (Cvikel et al., 2015; Egert-Berg et al., 2018; Gold
shtein et al., 2021; Harten et al., 2020). 

The Vesper is a multi-sensor, with a built-in GPS sensor, to which 
temperature and relative humidity (SHT31) sensor module was added. A 
telemetry unit was attached to the data logger (Holohil Systems Ltd., 
Carp, Ontario, Canada) to enable locating the GPS device when it fell off 
the bat. The total weight of the tracking device accounted for 6.9 ± 0.9% 
of the bat’s body mass (158.1 ± 12.5 (g), n = 20), a weight that has been 
shown feasible for a bat to carry while commuting and foraging 
(Egert-Berg et al., 2018; Harten et al., 2020; Tsoar et al., 2011). 

The bats were then translocated to Tel Aviv city center and released 
in five locations (two bats at each location during the winter). As ex
pected, the bats flew back to their cave in Herzliya (Fig. 2). Five data 
loggers were successfully retrieved and used for the statistical analysis. 
Upon translocation (i.e., capture in their cave and release at a distant 
location), these bats usually commute back to a previously visited food 
tree or directly to their cave (Harten et al., 2020; Tsoar et al., 2011). We 
used these long commute flights to measure the UHIs of Tel Aviv at 
different altitudes above the ground (0–30 m) and compared the data to 
control measurements performed on the ground. We released the bats in 
such locations that on their commute back, they would fly above 
different landscapes—dense urban areas, parks and highways—thus 
enabling an assessment of the impact of the landscape on ambient 
temperature. We used the five bats from which the data loggers were 
recovered to monitor the UHIs around the city of Tel Aviv (Fig. 2A). 
Releasing the bats at the city center provided a measurement of Tair in a 
highly populated and densely built-up urban area, and a comparison 
with the largest green area in Tel Aviv (Yarkon Park, which the bats 
cross when flying back to their cave) (Fig. 2A). In addition, because 
these bats often use highways as landmarks when navigating (Harten 
et al., 2020), we were able to examine the influence of road construc
tions on the above-ground environmental temperature. The devices of 
only two bats were retrieved in the summer experiment. 

2.4. Instrumentation: experiment 1 

As we previously stated, different temperature sensors along with the 
Vesper sensor were tested simultaneously in the laboratory and outdoor 
conditions (Lugassi et al. 2022). Here we aimed to investigate how data 
obtained from Vesper differ from very stable and well-established sen
sors. The largest difference was during the midday hours (3.5 ◦C on the 
day of the experiment), when the temperature was at its maximum. 
Moreover, at midday, the sensor was exposed to the sun’s radiation, 

which creates a bias in the temperature reading. The evening and night 
hours showed the closest agreement among all sensors. Therefore, the 
best time to conduct the field experiment was determined to be in the 
evening and through the night, matching the bats’ biological clock and 
the time at which the UHI is at its peak. 

2.5. Experimental set-up and data pre-processing testing bats behavior to 
get likely reliable Tair measurements: experiments 2–4 

BAS of the environmental temperature was based on the bats’ 
behavior. Every GPS point included information on the bat’s location 
(latitude and longitude) and the altitude above the ellipsoid of the earth. 
The bats’ altitude above ground was calculated by subtracting the height 
of the geoid and elevation above ground from the altitude above the 
ellipsoid. The geoid height was estimated using the EGM2008 Geo
potential Model (with an accuracy of 0.001 m and the elevation above 
ground was estimated using SRTM3 (at a resolution of ~90 m). Previous 
estimates showed that this method results in altitude errors of approx
imately 10 m on average (Cvikel et al., 2014). Temperature data were 
assigned to the closest GPS point. 

The bats’ flight was divided into commute and foraging according to 
the straightness index, i.e., the ratio between the flight beeline and the 
path lengths of short flight segments (Benhamou, 2004). This index was 
calculated for each GPS point for segments of 2 min before and after the 
relevant point. Based on past experience (Harten et al., 2020), GPS 
points with a straightness index >0.5 were considered to represent 
commuting behavior, whereas points with lower values were considered 
to represent foraging behavior. However, in cases where the altitude 
above the surface was greater than 20 m and the speed was greater than 
2 m/s, we assumed that the bat was not foraging, regardless of the 
straightness index. A threshold value for the bats speed was 8.3 ± 0.95 
m/s (n = 4 bats). Moreover, by translocating the animals to a particular 
direction relative to their colony, one can achieve some control over 
their trajectory. Feeding the bats, for example, prior to their release will 
likely induce them take a more direct path home. 

Importantly, to avoid temperature artifacts during foraging (e.g., 
influence of canopy temperature or perching near other bats), we 
excluded the foraging data from the analysis. The temperature response 
time for the sensors attached to the bats was set to 30 s based on our 
previous laboratory studies (Harten et al., 2020; Lugassi et al. 2022). 

2.5.1. Meteorological monitoring at ground level as validation against BAS 
The meteorological field survey was conducted during the winter on 

Fig. 1. General concept flow chart.  
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10–11 January 2019 under stable weather conditions, a clear sky and 
calm winds, and during the summer on 20–21 June 2019—the day of the 
summer solstice—under typical summer conditions with clear skies. 
Four mobile Campbell Scientific Inc., (USA) automatic meteorological 
stations were set up in the center of Tel Aviv and used to compare Tair 
measured by bats as well as for general spatial analyses of Tair pattern 
(Fig. 2). An additional station was set up in Palmachim, a rural area on 
the south edge of the metropolis, 1 km from the seashore. Air temper
ature, relative humidity, wind direction and wind velocity were 
measured at a standard height of 2 m, similarly to other field and Tair 
ground monitoring sites that aim to measure Tair at the street level (see 
e.g. Mandelmilch et al., 2020; Saaroni et al., 2000). Readings were taken 
every second and the resulting data were averaged and stored every 5 
min using a Campbell Scientific data logger. 

In addition, data were collected from eight official meteorological 
stations and similarly used as reference stations: two operated by the 
Israeli Meteorological Service: “Tel Aviv Coast” and “Bet Dagan” (htt 

p://www.ims.gov.il), three operated by the Israeli Ministry of Envi
ronmental Protection: “Hakfar Hayarok”, “Petach Tikva” and “Holon” 
(http://www.svivaaqm.net). The data obtained from the meteorological 
stations corresponded to the duration of our experiment (20:00–02:00). 
Further, in Fig. 2 we show the meteorological sites that are located 
within the area of bats flight. 

While meteorological stations continuously measure Tair at sampled 
location, bats related Tair readings changes in space and time. To 
compare between both types of measurements, we first divided our 
entire experiment to five different time intervals: 20–21, 21–22, 
22–23,23-24, 24–02:30. The interval selection was based on the repre
sentative and statistically equal number of Tair bats-related readings for 
each time interval (build-in function in JMP-pro software, ver. 15). 
Readings of all bats were merged to generate the temporal analyses. 

Fig. 2. Panel A: Commute flight trajectories of five bats during the winter experiment. The locations of temporal field Tair monitoring and the ground-based 
environmental agency monitoring sites are depicted; Panels B and C are for comparison: winter and summer commute flight trajectories (five and two bats 
correspondingly). The different colors represent different individual bats. Tair was measured by the bats’ GPS device. 
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2.6. Modeling the impact of environmental covariates on Tair 

2.6.1. Environmental covariates 
The normalized difference vegetative index (NDVI) is based on red 

and near infrared (NIR) reflectance. In general, the NDVI is a temporal 
indicator of the vegetation cover and its phenological state (Lugassi 
et al., 2019; Tucker, 1979). It is widely used as an objective measure of 
the overall level of vegetation within a pixel (e.g., Sadeh et al., 2021). 
One Landsat 8 satellite image (level 1) from 25 December 2018, row 
number 38, available at a spatial resolution of 30 m × 30 m, was ob
tained for this study (http://earthexplorer.usgs.gov) and pre-processed. 
Pre-processing included radiometric conversion to radiance values for 
removal of atmospheric effects using a MODTRAN model (http://mo 
dtran.spectral.com/). This model estimates reflectance values for each 
pixel, and the latter were used as input for the NDVI calculation. We 
used a cloud-free satellite image overpass. 

For the land cover variable, we estimated building and road per
centages per 30 m × 30 m grid cell using ArcGIS software (described in 
Avisar et al., 2021). The building percentage was estimated using the 
overlay of a vector building layer (derived from aerial photographs or 
satellite images) on the 30 m × 30 m grid cell. Then, we summed the 
total built-up area per cell, and calculated the percentage coverage by 
the buildings out of the total cell area. We merged these values to the 
grid layers. For the road percentage, the following procedure was 
applied: The vector “roads” generally contains the total number of lanes 
for each road as an attribute. We used this attribute to generate a buffer 
around the roads. Then, the total area of the roads per cell was calcu
lated. Finally, we also used population density within a statistical unit 
(MAPI: www.mapi.gov.il). 

2.6.2. Modelling UHI phenomenon 
The major goal of the UHI modelling using bats-based Tair readings 

as the major source of data (complemented by other ground-based 
available Tair measurements), was to study its applicability in future 
experimental work. To that end, first, we applied Inverse Distance 
Weighting (IDW) interpolation (Lyra et al., 2018). Here we compared 
UHI locations that were identified in the previous Saaroni et al., 2000 
study that used the same technique. It was interesting to check whether 
we can identify areas that have undergone reconstruction, or remain the 
same, with a different/similar thermal pattern. Generally, the most 
widely used interpolation techniques (IDW, Spline, and Kriging) are 
governing by relatively high density of measurements and flat terrain. 
IDW utilize mathematical equations to create surfaces from observed 
points. IDW is based on the first law of geography: “everything is related 
to everything else, but near things are more related than distant things” 
(Tobler, 1970). Therefore, observations closer to an unsampled location 
have more influence than those at farther locations (Shepard, 1968). The 
method estimates values at unsampled locations according to the 
weighted average of the surrounding observations. 

Zo=
∑n

i=1
Wi*Zi (1)  

where Zo is the estimated value, i and n are the surrounding observa
tions, and Wi are the inverse distance weights. We compared our results 
with a previously published study (Saaroni et al., 2000) considering that 
areas that have undergone reconstruction may differ from the previous 
estimates. 

Next, we used a generalized linear mixed-effects model (GLMM) to 
account for the effect of multiple measurements per individual. Different 
land-use variables within a 30 m × 30 m grid cell were examined to 
estimate Tair. We combined different sets of predictors, and a model was 
run for each set. Selection of the best model was based on the Akaike 
information criterion (AIC) score, a measure of the relative goodness of 
fit that is asymptotically related to the out-of-sample prediction R2. 
Finally, the combination of predictors with the minimum AIC was 

selected. In adaptation to this work, the model was constructed with the 
following predictors: percent of the grid cell covered by buildings, roads 
(percentage of building surface fraction), NDVI, and time and speed of 
the bats’ flights. Time was grouped in ~2-h intervals and the groups 
were examined during the total run of the experiment in winter, from 
2000 h to 0230 h. The following model with random intercepts was 
used: 

Tair= 1 + time group + NDVI + building percentage + bat speed

+ (1 / bat ID) + error (2)  

where1/bat meaning that bats’ identities that were included in the 
model as a random factor. 

Finally, Geographically weighted regression (GWR) was also esti
mated to investigate the spatial impact of the studied covariates on Tair. 
GWR was constructed in other studies and aimed to address the spatial 
varying effects related to the UHI phenomenon (Gao et al., 2022). GWR 
can be written as following (Fotheringham et al., 2002, 2003): 

yi = βo(ui, vi)+
∑k

j=1
βI (ui, vi) Xij + εi (3)  

where yi is the dependent variable; Xij are the j the explanatory variables 
at location i. β0 and βj are the estimated coefficients at location i; (ui,vi) 
is the coordinates of location i, εi is the random error at location i and 
accounts spatial change of values. We used Ordinary Least Squares 
(OLS) regression to find the most explanatory variables (with the highest 
explained variance) (Gao et al., 2022; Wang & Chen, 2017). Based on 
these analyses the following variables were included in the model: 
NDVI, bats flight speed, time, building percentage and population den
sity over the studied area. We tested for the multicollinearity of the 
studied variables (detected by a Pearson’s correlation coefficient test) 
while excluding highly correlated variables (Gao et al., 2022). 

The central part of GWR model is a weight matrix. The later repre
sents the spatial relationship between kernel function and nearby loca
tions (Gao et al., 2022; Yang et al., 2020). We used Gaussian functions to 
define the spatial weight for each statistical unit. The kernel function is a 
general way to construct a bandwidth. Note that larger bandwidth de
notes greater effect and lower decrease of weight with distance. More 
detail explanation on the use of GWR model in exploring UHI spatial 
phenomenon can be found in Szymanowski & Kryza, 2011; Ivajnšič 
et al., 2014; Kim & Brown, 2021; Gao et al., 2022. 

3. Results 

3.1. Tair distribution: evening–early night 

Fig. 2 shows the general path and flight trajectory of bats during the 
winter and summer experiments. 

Below, we mainly refer to and analyze the differences in Tair be
tween built-up and vegetation areas which were sampled by the bats in 
winter, because the summer experiment yielded too few sampling lo
cations. Note that the summer flight trajectory was mainly along open 
areas which were exposed to the sea breeze in the urban part, lowering 
the measured Tair compared to the inner urban sites. 

In Fig. 3 we show the comparison between field ground-based 
meteorological station Tair measurements that were deployed to vali
date the BAS concept. As can be seen, there is a general decrease in Tair 
(by 2 ◦C on average; maximum difference of 4–5.5 ◦C) from 2000 to 
0230 h (upper panel, Fig. 3). These results were in good agreement with 
the ground-based measurements (Fig. 4, lower panel), which also veri
fied the general decrease in Tair across different parts of the city (urban 
neighborhood, vegetation area, open space and airport). 

3.2. Tair distribution for different land uses 

To qualitatively scrutinize the data, we first presented bats’ flight 
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paths on a background of NDVI values (Fig. 4A) and an aerial photo
graph (Fig. 4B), where each measurement is color-coded according to 
Tair. As can be seen, Tair clearly changed from urban areas (low NDVI) 
to parks and areas with high vegetation coverage (high NDVI, bright- 
whitish shade) but also to open agricultural parcels (low NDVI, darker 
gray shade). These two environmental types are highlighted by black 
boxes in Fig. 4. 

Next, we examined the impact of vegetation on changes in Tair 
(Fig. 5) and found that the higher the vegetation coverage within a pixel 
(high NDVI value), the lower is Tair for all time intervals. Large differ
ences in Tair between different NDVI ranges were observed between 
2100 and 2200 h, with slightly smaller range between 2200 and 2400 h. 
The variation in Tair values within given NDVI ranges can be explained 
by using relatively coarse 30 m × 30 m resolution and by differences in 
the three-dimensional urban form. In particular, this coarse resolution 

limits capture of the high-resolution spatial urban heterogeneity that 
exists within a pixel (Sadeh et al., 2021). For example, small trees and 
urban spaces are only evident when using high-spatial-resolution sour
ces. An additional source of variation is the varying soil color and its 
moisture levels, which might also impact the accuracy of the NDVI 
estimation (Huete, 1988). However, the trend of vegetation’s impact on 
the average lowering Tair is still evident. Furthermore, below, we esti
mate this impact using GLMM model and show that the impact of 
vegetation on lowering of Tair is significant. 

3.3. UHI estimation 

Despite a relatively limited data set during the winter experiment, we 
ran IDW interpolation in the Geographic Information System (GIS) 
(ArcGIS Geostatistical Analyses). Fig. 6 is the iso-thermal map for the 

Fig. 3. A: Distribution of Tair for different time in
tervals as measured by the sensors on the bats. B: Tair 
measurements from the ground-based field experi
ment using mobile meteorological stations for 
different locations across the city (Sde-Dov, Habima, 
Gan-Meir). Ground-based field experiment was used 
for validation of the BAS experiment. Evidently 
similar ranges of Tair measurements were observed in 
each interval on-board bats and in ground-based Is
raeli Meteorological Service and Environmental ser
vice sites.   

Fig. 4. Selected bats’ flight paths colored according to Tair measurements. (A) NDVI image and (B) aerial photograph used as a background. Note that white and 
light-gray shading in panel A represent higher vegetation content whereas dark gray shading indicates lower vegetation content and more soil land coverage. Black 
boxes delineate two examples of changes in Tair when moving from dense urban area to vegetative area, and to open/agricultural areas. 
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central Tel Aviv area generated based on the bats sampling. As can be 
seen, sampling locations where there is a lot of vegetation, as well as 
open vegetated spaces, were characterized by lower Tair. Importantly, 
we had a distinct UHI spot in the winter, centered on the Ayalon high
way, at a location with numerous industrial facilities. Note that the 
interpolation map that we estimated using the bat-based measurements 
in Fig. 6 is quite comparable to previous studies that show the Ayalon 
highway area (highlighted as UHI in Fig. 6) as a hot spot (Pelta & 
Chudnovsky, 2017; Pelta et al., 2016; Saaroni et al., 2000). 

3.4. Tair prediction based on a GLMM model: studying the effect of land 
uses 

We ran a GLMM-effect with fixed effect variables in order to explain 
Tair: NDVI, Time, built %, flight speed and altitude (Methods). Overall 
the model was able to explain 65% of the variance. The fixed effects of 
various spatial predictors were significant proving their effect on Tair. 
Table 1 presents the model coefficients for all the predictors. Here, the 
coefficient for each key predictor shows its average effect (i.e., the 
common slope averaged across the groups). As evident from our results, 
vegetation, not surprisingly, had an average ~2 ◦C cooling effect. Tair 
also decreased by 0.5 ◦C from 2000 h to 0230 h. Importantly, the 

Fig. 5. Distribution of Tair for different time ranges conditioned on different NDVI values.  

Fig. 6. IDW interpolation between different sampled locations during the winter. Overlaid on the map is a bat’s trajectory color-coded according to Tair (◦C). Note 
the Tair decrease from the dense urban area to park area, and a hot spot at the Ayalon highway intersection. 

A. Chudnovsky et al.                                                                                                                                                                                                                           



Applied Geography 155 (2023) 102952

8

average effect of flight speed on Tair was 0.1 ◦C. Moreover, the impact of 
building percentage is 0.01 ◦C ((over a grid cell of 30 m × 30 m). 

Fig. 7 shows the results of GWR modelling. In panel A of Fig. 7 (left) 
we show different variables’ coefficient estimates in the GWR model. For 
NDVI, the coefficient estimates are all negative and statistically signifi
cant (p < 0.01), meaning that higher green areas are associated with 
lower Tair. For the height of flight all estimates were negative, implying 
that generally, the Tair decreases with height. Similar results were found 
for the speed of flight (both statistically significant). The build-up per
centage generally increases Tair, although its relative contribution was 
relatively low. Note that relative contribution of each variable differ for 
each spatial unit in the urban area. We might have positive (increasing) 
effect on some areas and negative for other locations due to differences 
in locations, urban characteristics, etc. Fig. 7A shows Tair estimated vs 
measured Tair values (right) with the overall R2 of 0.79. The spatial 
estimated pattern of Tair is shown in Fig. 7 B. As can be seen, the highest 
Tair is along the Ayalon Highway-the busiest road of the Greater Tel- 
Aviv area. 

3.5. UHI at three dimensions: the experimental challenge 

In Fig. 8 we show Tair sampling points measured at different heights 
as well as sampling monitoring using bats as BAS agents. Each spatial 
segment location in the city was first sampled during different time in
tervals (Fig. 8A). Then, all intervals were combined to get a spatial view 
of all measurement points. Using the current set of measurements, 
height was not found to be a significant variable by both models that we 
constructed. 

Although it was not possible to generate 3D UHI map on an hourly 
base, for some locations we were able to produce it. In Fig. 8B we show 
that Tair was sampled at varying heights, although most of our mea
surements are within 3.5 m height. In Fig. 8C we show that in a few 
locations we were able to measure 3D plot of Tair change (shown as 
points A and C, open area). Not surprisingly, the change in Tair above 
the dense urban area is smaller than above the vegetative area. Note also 
the decrease in Tair through the night. These analyses need further 
expansion to much larger data sets. 

4. Discussion 

Many animals live among us. Bats and pigeons roam the air above us 
while rats and other mammals dwell beneath us. With the miniaturi
zation of suitable sensors, these animals could allow sampling envi
ronmental parameters at inaccessible locations. Animals have been used 
for years as biomarkers and here, we show that they can be used as 
sampling agents. Our manuscript thus presents a new concept of using 
animal-assisted sensors for urban environmental monitoring. Below, we 
discuss on some key findings, critically evaluating BAS approach. 

4.1. Monitoring of Tair using BAS sampling vs conventional ground-based 
measurements 

In this study, we used Egyptian fruit bats, abundant all over Israel, 
equipped with Vesper sensors recording location and ambient temper
ature logs to map the spatial Tair profile across different land uses. The 
selection of organism chosen for a given BAS study is subject-oriented, 
and in this paper, we demonstrated monitoring of the UHI phenome
non using bats. We showed the feasibility of using BAS techniques that 
complement existing ground-based measurements to monitor Tair in the 
urban environment. Importantly, we compared bats-based BAS mea
surements with conventional, meteorological station-based Tair mea
surements (Fig. 3). Our measurements and statistical analyses indicate a 
good agreement in Tair values for all types of measurements, indicating 
the feasibility and stability of light Tair sensor comparable to the con
ventional well-established ones. 

In Table 2 we compare between bats-based BAS (as demonstrated in 
our paper) and conventional Tair monitoring techniques. In brief, using 
bats allows a faster sampling of a larger area including sampling at 
different heights and in locations that are inaccessible to humans (e.g., 
narrow passages). Bats are specifically advantageous as sensors because 
of their ability to cover large ranges in flight rapidly. Furthermore, the 
use of bats with sensors may provide a cost-effective solution for 
spatiotemporal measurements. In this paper, we started by comparing 
the bat-sourced measurements to those from a meteorological station, 
followed by ground-based experiments in diverse urban locations. We 
showed that our BAS-based measurements are largely expand Tair 
sampling and we were able to produce comparable to ground-based 
measurements results. 

4.2. BAS-based method sampling limitations 

The main limitation of the bat-assisted sampling method is the 
inability to control the bats’ flight direction and height; An additional 
limitation was highlighted by our summer experiment where only 
readings from two bats were available. Specifically, in order to get the 
data, one needs to find the GPS after it falls off the bat. Sometimes it falls 
at the cave and can be found quite easily, but sometimes it falls at the 
foraging site and cannot be retrieved; nevertheless, its benefits are 
considerable, especially in areas with only a few, sparsely located 
ground-based monitoring stations that are costly and expensive to 
operate. Bats can fly at speeds of more than 50 km/h over complex 
terrains, and they can cover distances of hundreds of kilometers per 
night (Egert-Berg et al., 2018), much more than any drone; making them 
super agents in terms of their sampling abilities. However, the ability to 
get to measure Tair at different urban locations in the city that generally 
do not covered sufficiently by monitoring sites, using all available 
platforms (including BAS), is already a step forward. 

It is important to mention that although scanning from the bats’ 
routes involves an element of randomness, in this study we examined the 
contribution of green areas to mitigating the UHI according to the bats’ 
flight behavior. The randomness of the sampling is quite evident, 
however, because the sampled locations in summer, largely consisted of 
open areas and areas with much lower Tair in the city (e.g., open to sea 
breeze effects) compared to the average measured in temporal Tair sites, 
we may suggest studying bats’ seasonal behavior in different urban 
settings. 

Importantly, as we already mentioned, the BAS assisted Tair sam
pling measurements need to be pre-processed to exclude measurements 
related to the bats foraging (e.g. threshold value, Section 2.5). In this 
regard, one need to develop algorithms that test the data representa
tiveness and its comparativeness to the well-established ground-based 
data set. Application of data smoothing techniques can be also useful for 
less accurate Tair sensors. For much larger data sets, a “machine- 
learning” approach will be required for a data quality testing. 

Table 1 
Coefficients of spatial predictors (fixed) for Tair estimation model using bat 
measurements (random effect coefficients were obtained for each bat used in the 
winter experiment).  

Coefficients of spatial predictors Estimate (◦C) P-value 

Intercept 13.5 <0.0001 
Time − 0.47 <0.0001 
Bats’ flight speed 0.10 <0.005 
NDVI − 1.97 <0.005 
Building percentage 0.01 <0.005 
Flight height 0.11 0.08 

Note that flight altitude was not found to be a significant variable in GLMM 
model. This was probably because our measurements indicated a relatively 
homogeneous flight height between all sampling locations with an average 
altitude of 3.5 m (see further analyses using GWR and Section 3.5). 
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Fig. 7. The results of GWR modelling: estimated Tair using BAS and ground-based Tair monitors. Panel A: Contribution of distribution of different variables to Tair 
for each spatial parcel; Panel B: GWR resulted Tair estimated values. 
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Fig. 8. Panel A: Bats spatial segment scans in the city sampled during different time; Panel B: Tair vs fight height conditioned on time (the same ranges as in Panel A). 
The majority of measurements are at the lower 3 m height; Panel C: Tair sampled at different heights either by bats overlap or by the same bat within 30 m distance. 
Right: Tair change with the height at different locations and times. T1-T5 stands for different time intervals as defined in Panel A. 
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4.3. UHI night-time monitoring 

UHI effects are often highly localized and largely governed by local 
climate and proximity to the sea. It was found that at the street level, 
during the night in the Tel Aviv area, the UHI is more pronounced than 
during the daytime hours, making bats, with their nocturnal habit, ideal 
agents to monitor UHI effects. This result is of particular importance 
because not many biological species are suitable as successful BAS-based 
studies for UHI monitoring (Zanobetti & Schwartz, 2008; He et al., 
2022). Night-time monitoring of UHI has high importance for epide
miological studies. For example, health effect studies investigating the 
relationship between weather and mortality, propose that a major pre
dictor is the night-time temperature. Another study showed that night
time temperatures contribute to mortality risk in people below the age of 
65 years and are crucially important to consider while developing 
heat–health warning systems (Murage et al., 2017). In this regard, 
nighttime temperature monitoring by BAS means can be further trans
formed to be more autonomous and robust, to map in a routine way all 
urban areas susceptible to the heat. 

4.4. Spatial modelling and a 3D component 

It is of high importance to have information on the spatial variability 

of UHIs across the city. This information can be used as an input in 
establishing of surface UHI network (Yu, Zhang, Yang, et al., 2021). 
Numerous studies have shown that the UHI effect varies greatly within a 
city, with the time of day and under different climatic conditions 
(Chapman et al., 2018; Cohen et al., 2012; Oke, 1987; Oliveira et al., 
2011; Yu et al., 2020). Not surprisingly, our results using BAS as well as 
ground based Tair monitoring sites, showed a higher nighttime Tair in 
dense, built-up areas compared to open and highly vegetated areas 
(Figs. 3–5). Note that the decreasing trend of Tair with increasing 
vegetation appeared within every grid cell. Importantly, we have shown 
a larger UHI in winter than in summer, even though our summer data set 
was quite small. In this regard, our results agree with other studies 
conducted in Tel Aviv that have found UHI values at night of up to 5 ◦C 
higher temperature during the winter season compared to up to 0.8 ◦C 
temperature difference in the summer (Bitan et al., 1992; Cohen et al., 
2012; Saaroni et al., 2000). Furthermore, although Tair values of urban 
vegetation were lower than those of built-up areas, the magnitude in 
Tair values varied spatially and temporally across the city and its 
different neighborhoods. A good example of this is the densely popu
lated neighborhood Florentine, which showed larger Tair than any other 
location due to decreased air flow and convection. Another example is 
Tair measured in the summer along the coast, which was probably 
largely impacted by the sea breeze effect regardless of city location, 
causing a general decrease in Tair between built-up and vegetative 
areas. Our statistical estimation of the impact of vegetation on Tair is in 
good agreement with Cohen et al. (2012), who examined the diurnal and 
seasonal climatic behavior of green and bare urban spaces. Those au
thors found that in the winter, the vegetation reduces temperatures by 
up to 2 ◦C, similar to our results. 

To map the UHI phenomenon, many studies apply diverse statistical 
models by incorporating different explanatory variables, as reviewed by 
Kim and Brown (Kim & Brown, 2021). Examples include linear, 
geographically weighted (GWR) regressions, mixed effects model, 
random forest, artificial neural network, deep learning (Pelta & Chud
novsky, 2017; Noi et al., 2017; Shen et al., 2022; Hrisko et al. 2020) and 
most recently Spatially Varying Coefficient Models with Sign Preserva
tion (SVCM-SP) (Kim et al., 2021; Zhang et al. 2022). In the current 
study, several models were tested to estimate the impact of several 
explanatory variables on Tair. However, only during the winter exper
iment we have a representative data set to estimate the impact of 
different covariates on Tair by running the interpolation or by using 
mixed effects, or GWR models. In contrast, in summer, due to the small 
number of measurements, the model was not applicable. We showed 
that using both interpolation and GWR estimation, The Ayalon highway 
was found as a hot spot. This result is in a good agreement with previous 
studies conducted in our area (e.g. Pelta & Chudnovsky, 2017; Pelta 
et al., 2016; Saaroni et al., 2000). 

Our constructed Tair model can further be enhanced to include 
additional covariates. Examples of such covariates include population 
and traffic data, atmospheric vertical parameters (boundary layer 
height, total water column), land cover (e.g. fractional asphalt cover, 
roof cover, water and soil cover), and different satellite-derived indexes 
(e.g. Normalized difference built-up index (NDBI)) (Oukawa et al., 2022; 
Zhou et al., 2020). However, a careful analysis will be required to 
exclude multicollinearity problem. 

An additional point that needs to be generally considered in future 
studies is the 3D nature of the UHI phenomenon that is also governed by 
different urban morphology and weather conditions. This knowledge 
can effectively improve the interpretation of UHI as evident from recent 
studies (Yu, Zhang, Yang, et al., 2021; Wan-Ben et al., 2022). Using BAS 
method, ideally, 3D maps can be generated. Unfortunately, our study 
dataset did not contain enough sample points to generate such a product 
as most sampled points were within 3.5 m height. In spite of this limi
tation, we were still able to plot 3D change of Tair at several locations 
and these results are encouraging, showing the difference between 
warmer urban dense areas and cooler vegetative areas, as well as the 

Table 2 
Comparison between Tair measurement platforms: BAS-based using flying or
ganisms (bats as an example) and conventional meteorological ground-based 
stations.  

BAS (bats) Meteorological net-stations Monitoring 
methodologies 

Measurement routine  
- Measures a limited range of 

meteorological variables, governed by 
the devices that can be transported by 
bats.the GPS is collected after it falls 
off the bat  

- Measures a high range of 
meteorological variables  

- Sensor can be lost if it falls at the 
foraging site  

- Provides dense measurements in areas 
with only a few, sparsely located 
ground-based monitoring stations, that 
are costly and expensive to operate  

- Devices are low-cost, available in large 
quantities, lightweight and mobile  

- Devices are expensive. Generally, the 
same type of device is used at different 
sites based on local regulation rules of 
the environmental agency  

- Rechargeable and operating on 
batteries (e.g. power source required)  

- Power source required  

- Spatially and vertically varies 
measures from “one point to another” 
allowing generation of 3D view map of 
UHI  

- Measures continuously (24/7) and 
automatically over the same location 
at the same height  

- Random measurements, dependent on 
biological variables (time of activity)  

- Controlled by the user  

- Relatively easy to operate  - Needs regular maintenance 
Data analyses  
- Able to cover spatiotemporal 

phenomena in space and at different 
heights  

- Each station covers a small and limited 
area at a fixed height  

- Sample distribution, which is based on 
animals’ behavior and flight paths, 
cannot be precisely defined in advance  

- Represents the sampled location point  - Represents the meteorological 
conditions of the monitoring site 
environment  

- Data need to be pre-processed to 
exclude measurements from when the 
bats are foraging and considered for 
comparative representation and sam
pling size. For larger sample set “ma
chine-learning” approaches would be 
needed for further data quality testing  

- Data must be analyzed for possible 
outliers—“site measurement error”  
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nocturnal temporal Tair decrease. 

5. Conclusions 

In this paper, we demonstrated bat bio-assisted sampling (BAS) for 
monitoring of the Urban Heat Island (UHI) phenomenon. We used 
Egyptian fruit bats equipped with low footprint sensors that record 
location and ambient temperature to map the Tair profiles. Our aim was 
to generate a better temporal and spatial understanding of the impact of 
different neighborhoods with different urban morphologies as a com
plementary data source to the existing Tair stationary network. Our 
results indicate the feasibility of this approach. In particular, because the 
differences in Tair between dense urban and open/green areas are 
largest during the night hours in the Mediterranean climate zone, 
nocturnally active bats can serve as excellent agents to monitor UHI 
effects. 
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… Sciare, J. (2021). The unmanned systems research laboratory (USRL): A new 
facility for UAV-based atmospheric observations. Atmosphere, 12(8), 1042. https:// 
doi.org/10.3390/atmos12081042. https://www.mdpi.com/2073-4433/12/8/1042 

A. Chudnovsky et al.                                                                                                                                                                                                                           

https://doi.org/10.1029/2020JD033691
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref2
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref2
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref2
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref3
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref3
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref3
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref3
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref4
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref4
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref5
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref5
https://doi.org/10.1016/j.scitotenv.2020.141172
https://doi.org/10.1016/j.scitotenv.2020.141172
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref7
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref7
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref7
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref8
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref8
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref8
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref9
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref9
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref9
https://doi.org/10.1016/j.envpol.2015.06.037
https://doi.org/10.1016/j.envpol.2015.06.037
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref10
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref10
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref10
https://doi.org/10.1046/j.1461-0248.2002.00341.x
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref12
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref12
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref12
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref13
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref13
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref13
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref14
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref14
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref14
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref14
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref15
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref15
https://doi.org/10.1080/00253359.2014.962265
https://doi.org/10.1139/Z08-041
https://doi.org/10.1139/Z08-041
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref18
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref18
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref18
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref19
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref19
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref19
https://www.researchgate.net/publication/27246972_Geographically_Weighted_Regression_The_Analysis_of_Spatially_Varying_Relationships
https://www.researchgate.net/publication/27246972_Geographically_Weighted_Regression_The_Analysis_of_Spatially_Varying_Relationships
http://refhub.elsevier.com/S0143-6228(23)00083-8/optKzha2vu43u
http://refhub.elsevier.com/S0143-6228(23)00083-8/optKzha2vu43u
http://refhub.elsevier.com/S0143-6228(23)00083-8/optKzha2vu43u
https://doi.org/10.1016/j.scs.2021.103431
https://doi.org/10.1016/j.cub.2021.11.010
https://doi.org/10.1016/j.cub.2021.11.010
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref23
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref23
https://doi.org/10.1007/s40572-017-0167-7
https://doi.org/10.1007/s40572-017-0167-7
https://doi.org/10.1126/science.aay3354
https://doi.org/10.1126/science.aay3354
https://doi.org/10.1016/j.yrtph.2006.08.004
https://doi.org/10.1016/S2542-5196(22)00139-5
https://doi.org/10.1016/S2542-5196(22)00139-5
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref29
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref29
https://doi.org/10.1016/j.rse.2019.111495
https://doi.org/10.1016/j.rse.2019.111495
https://doi.org/10.1016/0034-4257(88)90106-X
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref31
http://refhub.elsevier.com/S0143-6228(23)00083-8/sref31
https://doi.org/10.3390/atmos12081042
https://doi.org/10.3390/atmos12081042
https://www.mdpi.com/2073-4433/12/8/1042


Applied Geography 155 (2023) 102952

13

Kim, M., Wang, L., & Zhou, Y. (2021). Spatially varying coefficient models with sign 
preservation of the coefficient functions. JABES, 26, 367–386. https://doi.org/ 
10.1007/s13253-021-00443-5 

Kim, S. W., & Brown, R. D. (2021). Urban heat island (UHI) intensity and magnitude 
estimations: A systematic literature review. The Science of the Total Environment, 779, 
Article 146389. 
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