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Abstract: The rapid development of photovoltaic (PV) powerplants in the world has drawn attention
on their climate and environmental impacts. In this study, we assessed the effects of PV powerplants
on surface temperature using 23 largest PV powerplants in the world with thermal infrared remote
sensing technique. Our result showed that the installation of the PV powerplants had significantly
reduced the daily mean surface temperature by 0.53 ◦C in the PV powerplant areas. The cooling
effect with the installation of the PV powerplants was much stronger during the daytime than the
nighttime with the surface temperature dropped by 0.81 ◦C and 0.24 ◦C respectively. This cooling
effect was also depended on the capacity of the powerplants with a cooling rate of −0.32, −0.48,
and −0.14 ◦C/TWh, respectively, for daily mean, daytime, and nighttime temperature. We also found
that the construction of the powerplants significantly decreased the surface albedo from 0.22 to
0.184, but significantly increased the effective albedo (surface albedo plus electricity conversion)
from 0.22 to 0.244, suggesting conversion of solar energy to electrical energy is a major contributor
to the observed surface cooling. Our further analyses showed that the nighttime cooling in the
powerplants was significantly correlated with the latitude and elevation of the powerplants as well
as the annual mean temperature, precipitation, solar radiation, and normalized difference vegetation
index (NDVI). This means the temperature effect of the PV powerplants depended on regional
geography, climate and vegetation conditions. This finding can be used to guide the selection of the
sites of PV powerplants in the future.
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1. Introduction

Solar power is the most abundantly available renewable energy source which has a great potential
to substitute fossil-fuel and thus reduces green-house gas (GHG) emissions [1,2]. With the advances
in photovoltaic (PV) technique, solar energy can be directly converted into electrical energy and
solar powerplants have become as economically efficient as traditional fossil-fuel powerplants [3–5].
According to the International Energy Agency (IEA), the global installed PV capacity has increased
from about 100,000 KW in 1992 to more than 500 million KW in 2018. The large-scale installation of
solar PV panels has a direct impact on local and possibly regional climate in addition to its indirect
climate effect by reducing GHG [6,7]. The GHG reduction effects on solar powerplants has been well
studied through life-cycle assessment (LCA) in the past decades [2,8–14]. But few studies have focused
on investigating the direct impact of the PV powerplants on climate, which is important for fully
assessing the impacts of solar powerplants on climate and environment.
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Temperature, as manifestation of thermal energy, is the most important factor to reflect the
variation of energy balance. Due to interactions among energy budget, water cycle and vegetation
growth on the PV powerplant is still unclear over different regions, the PV temperature effect has
become a controversial issue. Some studies have found that rooftop PV panels can reduce daytime air
temperature by 0.2–0.8 ◦C during the summer in urban areas [6,15,16]. However, there is no consistent
conclusion for the large-scale PV powerplants which may have cooling [17] or warming effects [18,19]
according to earlier studies. Nevertheless, recent field observations showed that the PV powerplants in
arid regions could increase daytime air temperature up to 9.7 ◦C [20–23]. Meanwhile, some model-based
simulations have shown that PV powerplants could reduce daytime air temperature considerably [6,17].
In drylands of northwest China and northwest America, the effect of PV powerplants on nighttime
temperature is also uncertain with warming [21,22], cooling [23] or non-significant effects [20] reported
in literature. The air temperature at the PV powerplants is often measured with a standard weather
station where temperature sensors are installed at a height of 1.5 m or 2 m above the ground [20,21,23].
Thus the air temperature measured at different PV powerplants may be affected by the solar panels
installed at different heights. The air temperature measured at PV powerplants may also be biased due
to the small “footprints” of the weather stations and the high heterogeneity of surface conditions.

The land or skin surface temperature is one of the key climate variables determined by the
surface energy balance and closely related to the near surface air temperature [24–29]. Unlike air
temperature measured by weather stations as point samples, surface temperature can be monitored
using satellite remote sensing with a much larger spatial coverage [30]. Previous studies have found
that remote sensing platforms, such as AVHRR, MODIS and Landsat, can be used to map land surface
temperature effectively in various regions [26,31–39]. But this technique has not been attempted to
map the surface temperature in PV powerplants (the surface temperature is the mixture of PV panels
surface temperature and the surface temperature of land between solar panels).

In this study, we used the EOS-MODIS thermal band [40], which had high temporal and spatial
resolution and long term remote sensing observations, to investigate the effects of the PV powerplants
on surface temperature using 23 largest PV powerplants in the world. We processed the remote
sensing images in Google Earth Engine, which is a cloud-based platform with massive computational
capabilities for processing spatial-temporal data [41].

Specifically, the main objectives of this study are to: (1) assess the effects of the installation of the
PV powerplants on daytime, nighttime and daily surface temperature; and (2) further examine if these
effects are related to location, local climate and surface conditions.

2. Materials and Methods

2.1. Study Area and the Photovoltaic (PV) Powerplants Selection

We use the MODIS thermal band to map the surface temperature and thus the minimum size of PV
powerplants should cover at least 9 pixels of the MODIS thermal band which has a spatial resolution of
1000 meters. In addition to the size of the PV powerplants, site conditions, such as homogeneity of land
cover and topography, are also important in selecting the candidates of PV powerplants. Therefore,
we used Landsat 8 data (Tier 1, Collection 1) with a resolution of 30 m to identify and delineate the
PV powerplants in 2018. We mapped the extents of each PV powerplant by visual interpretation
in ArcGIS 10.5. As a result, we selected 23 among the largest PV powerplants in the world with
minimum variation in land cover and topography in their adjacent surroundings (Table 1). Based on
the geo-referenced data, we extracted the basic information, such as located country, powerplant area,
mean altitude above sea level (a.s.l), longitude and latitude, of each PV powerplant (Table 1). The mean
altitude of each PV site was derived from the SRTM-DEM dataset with a 30 m spatial resolution
(Farr et al., 2007). We also extracted the longterm yearly average potential PV electricity production
per unit capacity (KWh/KWp) with 30 arc seconds (about 1 km) resolution from the Global Solar Atlas
dataset [42]. With the installed capacity density (50,000 KW/Km2), we also calculated the potential
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annual electricity production of each PV powerplant [43]. As shown in Table 1, the 23 selected PV
powerplants are mainly distributed in the northern hemisphere with latitudes ranging from 9.32◦

to 43.12◦, areas varying between 5.4 km2 to 91.9 km2 and altitude ranging from 9.6 to 2985.6 m.a.s.l.
Details of the 23 selected PV powerplants are listed in Table 1.

Table 1. The descriptive statistics of the photovoltaic (PV) powerplants. The potential PV electricity
production per unit capacity was obtained from the Global Solar Atlas dataset.

PV
Power
Plant
No.

Area
(km2)

Located
Country

Installation
Year

Longitude
(◦)

Latitude
(◦)

Altitude
(m.a.s.l)

Potential
Electricity
Production

Per Unit
Capacity

(KWh/KWp)

Potential
Annual

Electricity
Production

(TWh)

1 91.9 China 2013 100.54 36.13 2926.4 1788.2 8.22
2 56.6 China 2012 95.15 36.37 2850.0 1778.7 5.03
3 26.3 China 2013 102.12 38.60 1571.7 1650.7 2.17
4 21.4 China 2012 93.63 43.03 1069.4 1652.8 1.77
5 21.4 Mexico 2017 −103.04 25.58 1107.0 1921.9 2.06
6 20.7 China 2013 105.03 37.56 1292.8 1618.9 1.68
7 18.4 India 2017 78.28 15.67 302.9 1551.3 1.43
8 16.9 USA 2013 −120.03 35.37 624.1 1856.2 1.57
9 16.2 USA 2012 −114.96 35.83 550.8 1860.5 1.51

10 16.2 China 2013 98.07 39.73 1872.3 1626.8 1.32
11 15.2 China 2012 102.31 38.10 1733.1 1623.7 1.23
12 15.1 China 2016 106.99 37.98 1428.0 1611.6 1.22
13 15.0 China 2011 97.19 37.36 2985.6 1857.3 1.39
14 13.7 India 2017 71.93 27.49 179.2 1691.4 1.16
15 13.5 China 2016 109.68 38.80 1286.8 1643.1 1.11
16 12.3 India 2016 71.20 23.90 9.6 1654.3 1.02
17 11.3 India 2013 77.47 14.25 583.4 1602.8 0.91
18 10.3 China 2017 90.03 42.96 551.9 1523.4 0.785
19 9.2 India 2013 78.38 9.32 29.1 1501.3 0.69
20 9.1 UAE 2016 55.38 24.75 118.8 1780.6 0.81
21 8.8 China 2016 89.33 43.12 661.4 1495.0 0.66
22 6.7 UAE 2017 55.44 24.54 167.5 1788.5 0.60
23 5.4 India 2013 78.43 14.03 430.5 1560.2 0.42

2.2. Quantifying the Effects of the PV Powerplants on Surface Temperature

The MODIS Land surface temperature (LST), level-3, collection-6 provides products with a global
coverage of 4 times (local passing the equator at 10:30 and 22:30 local time for Terra and 1:30 and 13:30
local time for Aqua) every day since 2002 [30]. The surface temperature was derived from clear-sky
(99% confidence) observations using a generalized split windows algorithm from MODIS channel
31 and channel 32 with a spectral wavelength centering at 11 µm and 12 µm, respectively [44,45].
The noise equivalent temperature difference (NEDT) of MODIS channel 31 and channel 32 is 0.05 K [46].
In the current study, we used the MOD11A2 of Terra and MYD11A2 of Aqua datasets with a 1-km
spatial resolution and 8-day average LST [24,47]. We excluded the data with average emissivity error
larger than 0.02 and average LST error larger than 2 K (provided by the quality control band) from our
analysis. We first calculated the daytime surface temperature by averaging the surface temperatures
measured at 10:30 and 13:30 (satellite passing time) and nighttime surface temperature by averaging
the temperatures measured at 22:30 and 1:30. We further calculated the average surface temperature of
each PV powerplant by averaging the surface temperature of each pixel within the PV powerplant.

We used the temperature difference, the surface temperature after the establishment of the
powerplant minus the temperature before the establishment, as an indicator to quantify the powerplant
effect on surface temperature. It is noted that most of the powerplants started installation and operation
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in different years and some of them took more than a year to establish. The surface temperature
normally saw an abrupt change with installation of PV powerplants as evidenced in our preliminary
study (Figure 1). Therefore, we took advantage of the time series of temperature data and used the
Breaks For Additive Season and Trend (BFAST) method in R language [48] to detect abrupt changes in
the surface temperature (daily mean, daytime and nighttime) for determining the starting and ending
construction time of each PV powerplant (Figure 1).The starting and ending time of each powerplant
was also confirmed by the time series of Landsat images and the Google Earth images. We used the
mean surface temperature of 2018 as the post-construction period temperature because all the selected
powerplants finished their construction before 2018. We used a three-year-averaged (calendar year)
temperature before the construction of each powerplant as our prior reference temperature (Figure 1).
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Figure 1. The time series (gray line) of the difference between the surface temperature in PV powerplant
and the surface temperature in control region (surface temperature in PV powerplant minus surface
temperature in control region, term as ∆surface temperature) during daytime from Zhongwei, China
(105.03◦ E, 37.56◦ N), with 8-day data (gray line), trend (blue line), and abrupt change time (the dash
vertical line) from 2003 to 2018. The PV temperature effect before the installation of the PV powerplants
was calculated from the three years (one year starting with January and end with December) average
surface temperature (green rectangle) before the abrupt change time and the PV temperature effect
after installation of PV powerplants were calculated from the 2018-year average surface temperature.

Given the fact that temperature changes among years especially under global climate change,
we used a 2 km buffer (control area) around each powerplant as a spatial reference to eliminate surface
temperature changes in time assuming the control area has not been affected by the installation of the
PV powerplant. This assumption is confirmed by the vegetation data and our visualization of the
high-resolution Google Earth images. The control areas were created using R language. The change
of surface temperature (after vs. before the construction of PV powerplant) in the control area was
calculated the same as within the powerplant. Finally, the effect of PV powerplants on surface
temperature was calculated as:

PVPPTE = (Tpa − Tpb) − (Tca − Tcb) (1)

where PVPPTE is PV powerplant temperature effect (◦C), Tpa is the powerplant surface temperature
after its establishment (◦C), Tpb is the powerplant surface temperature before its construction (◦C), Tca is
the control surface temperature after the establishment of the powerplant (◦C), and Tcb is the control
surface temperature before the construction of the powerplant (◦C). To calculate the PVPPTE could
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also minimize the difference in radiative transfer length in the atmospheric profiles, the directional
emissivity of heterogeneous surface, and the pixel size in different viewing angle and time.

2.3. Normalized Difference Vegetation Index (NDVI) and Albedo Data

We used the normalized difference vegetation index (NDVI) and albedo data to examine if the
temperature effect of PV powerplant is related to the pre-construction surface condition. Those data
were also used to assess the impacts of the installation of PV powerplants on vegetation and surface
energy budgets. The NDVI were derived from the MODIS, level-3, collection-6 MOD13A1 product
with a 500 m spatial resolution. As a commonly accepted method, we used the 16-day composite data
in this study to remove the impact of clouds [49,50]. The surface albedo data were derived from the
MODIS, level-3, collection-6 MCD43A3 product with a 500 m spatial resolution and daily temporal
resolution. We used the same approach as in Li et al. [51] to process the albedo data. Similar to surface
temperature, we calculated the PV powerplant effects on NDVI and albedo by using the 3-year average
NDVI and albedo before the construction of the PV powerplant and the post-construction NDVI and
albedo in 2018.

2.4. Climate Factors

In this study, we also investigated if the local climate conditions, such as yearly air temperature,
precipitation, solar radiation, vapor pressure and wind speed, are related to the surface temperature
effect of the PV powerplants (Table 2). We downloaded the 30 arc seconds (about 1 km) climate
data from the WorldClim (version 2.0) dataset which has been widely tested and used in many
studies [52–55]. We also downloaded the latest ERA reanalysis climate data with a spatial resolution of
0.25 arc degrees (about 25 km) [56] to analyze the changes in climate variables before and after the
installation of the PV powerplants.

Table 2. The statistics of climate factors of the PV powerplants. The air temperature (Ta), precipitation (P),
solar radiation (Rs), vapor pressure (Vp) and wind speed (Ws) were from WorldClim (Version 2.0) dataset.

PV Powerplant No. Ta
(◦C)

P
(mm)

Rs
(W/m2)

Vp
(kPa)

Ws
(m/s)

1 3.9 372.6 182.1 0.43 2.5
2 4.8 47.6 198.2 0.31 2.9
3 6.5 157.6 190.0 0.50 2.7
4 8.8 67.7 191.7 0.44 3.3
5 21.6 211.0 192.7 1.25 2.3
6 9.2 192.5 184.5 0.66 2.3
7 28.7 708.3 235.3 2.11 2.0
8 15.0 426.6 209.7 0.91 2.8
9 20.6 126.6 227.2 0.66 3.8
10 6.3 115.2 194.9 0.44 2.9
11 6.8 194.9 188.8 0.53 2.6
12 8.1 268.1 190.4 0.67 2.6
13 4.0 154.4 195.8 0.32 3.0
14 26.9 176.4 239.9 1.70 1.9
15 7.1 381.6 189.8 0.65 2.6
16 27.8 476.4 236.1 1.90 2.2
17 26.7 513.3 231.5 2.08 2.2
18 11.8 40.2 189.3 0.56 3.1
19 29.4 763.5 229.4 2.71 2.8
20 27.6 124.6 256.1 1.77 3.0
21 12.2 62.8 185.9 0.58 3.0
22 27.7 125.5 255.2 1.61 2.9
23 27.8 574.0 234.3 2.27 2.0
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3. Results

3.1. The Effects of Photovoltaic (PV) Powerplants on Surface Temperature

We found that the installation of the PV powerplants significantly (p < 0.0001) reduced the annual
mean surface temperature (average of daytime and nighttime surface temperatures), a cooling effect,
by 0.53 ◦C with the mean surface temperature in the PV powerplants decreasing 0.64 ◦C, from 21.48 to
20.84 ◦C, while the surface temperature in the control zones decreased 0.11 ◦C, from 21.41 to 21.3 ◦C
(Figure 2a) (Table 3). We also found that the mean surface temperature in the control zones was not
statistically different before and after the establishment of the PV powerplants as confirmed by our
paired t-test (p = 0.30) (Figure 2a).
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Figure 2. The yearly average surface temperature changes in the PV powerplants (blue part) and the
2 km buffer zones (red part), separated into (a) daily mean, (b) daytime, and (c) nighttime. The boxplot is
composed of the mean (solid line), the lower and upper standard deviation bounds (box), the maximum
and minimum (whiskers). The Paired t-test was used to determine the difference of the two groups,
the gray line connected the paired points; ns, *, **, *** and ****: statistically significant at p > 0.05,
p < 0.05, p < 0.01, p < 0.001, and p < 0.0001 levels.

Furthermore, by decomposing the daily surface temperature into daytime and nighttime, we found
that the installation of the PV powerplants had significantly reduced both daytime and nighttime
temperature in the powerplants (p < 0.01), but a greater reduction was found for the daytime
temperature (Figure 2b,c). The average daytime surface temperature in the PV powerplant areas
decreased by 1.05 ◦C, from 33.9 to 32.85 ◦C, while the average daytime surface temperature in the
control zones decreased by 0.24 ◦C, from 33.69 ◦C to 33.45 ◦C, before and after the installation of
PV powerplants. This means that the actual daytime PV temperature effect was −0.81 ◦C (Table 3).
Meanwhile, the average nighttime surface temperature in the PV powerplant areas decreased by
0.23 ◦C, from 9.04 to 8.81 ◦C, while the average nighttime surface temperature in the control zones
increased by 0.1 ◦C, from 9.12 to 9.13 ◦C. As a result, the PV powerplant effect on the nighttime surface
temperature was −0.24 ◦C (Table 3). Our paired t-test showed that both the daytime and nighttime
cooling effects were statistically significant (p < 0.01) (Figure 2b,c).
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Table 3. Summary of surface temperature in PV powerplants and control zones before and after the installation of PV powerplants and the PV temperature effects of
each PV powerplant.

Daily Mean Temperature (◦C) Daytime Temperature (◦C) Nighttime Temperature (◦C)

PV
Power
Plant
No.

PV Powerplant Control Zone
PV

Temperature
Effect

PV Powerplant Control Zone
PV

Temperature
Effect

PV Powerplant Control Zone
PV

Temperature
Effect

Before After Change Before After Change Before After Change Before After Change Before After Change Before After Change

1 8.98 7.75 −1.23 8.96 8.54 −0.42 −0.81 23.59 20.68 −2.91 23.57 22.01 −1.57 −1.34 −5.64 −5.19 0.45 −5.65 −4.92 0.73 −0.29
2 12.61 12.62 0.01 12.44 12.78 0.33 −0.32 30.40 29.23 −1.18 29.85 29.30 −0.55 −0.63 −5.19 −3.98 1.21 −4.97 −3.75 1.22 −0.01
3 14.70 14.52 −0.18 14.26 14.36 0.11 −0.29 27.65 26.23 −1.41 27.05 26.55 −0.50 −0.91 1.75 2.80 1.04 1.46 2.18 0.71 0.33
4 16.42 16.28 −0.13 16.33 16.51 0.17 −0.31 29.12 28.36 −0.77 28.88 29.00 0.12 −0.89 3.71 4.21 0.50 3.79 4.02 0.22 0.27
5 28.03 27.06 −0.97 27.98 27.78 −0.20 −0.77 41.35 39.99 −1.36 40.80 40.36 −0.44 −0.92 14.72 14.13 −0.59 15.16 15.19 0.04 −0.63
6 14.24 14.44 0.21 14.36 15.10 0.74 −0.54 27.53 27.22 −0.31 27.31 28.00 0.69 −1.01 0.94 1.67 0.73 1.40 2.20 0.79 −0.07
7 32.70 30.58 −2.12 32.35 31.45 −0.91 −1.22 42.42 39.95 −2.47 41.78 40.73 −1.04 −1.43 22.99 21.21 −1.78 22.93 22.16 −0.77 −1.01
8 20.72 20.41 −0.32 21.12 21.55 0.43 −0.75 34.62 34.69 0.07 35.09 36.22 1.12 −1.05 6.83 6.12 −0.71 7.15 6.89 −0.25 −0.45
9 24.71 24.56 −0.15 24.87 25.06 0.19 −0.34 38.18 37.36 −0.82 38.38 38.04 −0.34 −0.48 11.25 11.76 0.51 11.37 12.08 0.72 −0.20
10 12.92 12.16 −0.77 12.90 12.31 −0.59 −0.18 26.50 24.96 −1.54 26.48 25.39 −1.09 −0.45 −0.66 −0.65 0.01 −0.68 −0.76 −0.08 0.09
11 12.52 12.47 −0.05 12.23 12.39 0.16 −0.21 24.65 24.01 −0.65 24.16 24.05 −0.10 −0.55 0.39 0.94 0.55 0.30 0.73 0.43 0.13
12 13.02 11.74 −1.28 12.94 12.52 −0.42 −0.86 26.03 24.11 −1.92 26.00 25.41 −0.58 −1.33 0.01 −0.64 −0.65 −0.11 −0.37 −0.26 −0.39
13 9.97 9.99 0.02 9.24 9.43 0.19 −0.17 23.64 22.76 −0.88 22.62 22.23 −0.38 −0.49 −3.70 −2.78 0.92 −4.14 −3.37 0.77 0.16
14 32.25 30.72 −1.53 32.26 31.49 −0.77 −0.76 44.59 42.53 −2.07 44.43 43.50 −0.93 −1.14 19.91 18.92 −0.99 20.09 19.47 −0.61 −0.37
15 11.10 9.96 −1.14 11.02 10.28 −0.73 −0.40 22.95 21.01 −1.94 22.65 21.04 −1.60 −0.34 −0.75 −1.09 −0.33 −0.61 −0.47 0.14 −0.47
16 30.83 31.38 0.55 31.74 32.81 1.07 −0.52 40.70 42.54 1.84 41.91 44.49 2.58 −0.74 20.96 20.23 −0.73 21.57 21.13 −0.44 −0.30
17 30.48 29.35 −1.13 30.30 30.01 −0.29 −0.84 39.80 39.15 −0.65 39.28 39.57 0.28 −0.93 21.17 19.55 −1.62 21.31 20.45 −0.86 −0.76
18 18.63 18.31 −0.31 18.63 18.46 −0.17 −0.15 32.13 30.99 −1.14 31.89 31.37 −0.51 −0.63 5.12 5.64 0.52 5.37 5.55 0.18 0.34
19 32.13 31.57 −0.56 32.00 32.10 0.11 −0.67 40.27 40.43 0.17 40.01 40.98 0.98 −0.81 23.99 22.70 −1.28 23.98 23.22 −0.76 −0.52
20 32.87 32.09 −0.77 32.87 32.75 −0.12 −0.66 45.63 44.50 −1.13 45.70 45.59 −0.11 −1.02 20.11 19.69 −0.42 20.03 19.91 −0.12 −0.30
21 18.60 18.23 −0.38 18.55 18.38 −0.16 −0.21 30.67 29.97 −0.70 30.61 30.42 −0.19 −0.50 6.54 6.49 −0.05 6.48 6.35 −0.13 0.08
22 34.05 33.02 −1.03 33.80 33.32 −0.48 −0.55 47.41 46.58 −0.83 46.92 46.63 −0.29 −0.54 20.70 19.46 −1.24 20.68 20.01 −0.67 −0.57
23 31.48 30.02 −1.46 31.28 30.41 −0.87 −0.59 40.03 38.41 −1.62 39.68 38.58 −1.10 −0.52 22.92 21.62 −1.30 22.88 22.25 −0.63 −0.67

Mean 21.48 20.84 −0.64 21.41 21.30 −0.11 −0.53 33.90 32.85 −1.05 33.69 33.45 −0.24 −0.81 9.04 8.81 −0.23 9.12 9.13 0.01 −0.24
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3.2. The PV Temperature Effect Varied with Geographical and Climatic Conditions

Given that the PV powerplants are distributed in different geographical and climate regions and
numerous factors could affect the PV temperature effect, we used the conventional meteorological
and geographical factors to examine if the PV temperature effect of the PV powerplants were related
to these factors. For geographical factors, we found that the PV temperature effect of the daily mean
surface temperature was significantly and positively correlated with latitude (p < 0.001) (Figure 3(a2)),
but insignificantly correlated with longitude and altitude (p > 0.05) (Figure 3(a1,3)). We further
examined the PV temperature effect during the daytime and nighttime separately and found that
the positive correlations of PV temperature effect with latitude and altitude were both statistically
significant (p < 0.05) (Figure 3(c2,3)) during the nighttime, but not the daytime (p > 0.05) (Figure 3(b2,3)).
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For climate factors, we found that the PV effect on the daily mean surface temperature was
negatively correlated with local annual mean air temperature, precipitation, and solar radiation
(p < 0.05) (Figure 4(a1–3)). We further examined the PV temperature effect during the daytime and
nighttime separately and found that the above-mentioned correlations were statistically significant
(p < 0.01) only during the nighttime (Figure 4(c1–3)), but not the daytime (p > 0.05) (Figure 4(b1–3)).
In addition, we found some PV powerplants even had warming effects during nighttime in a dry and
cold environment (Figure 4(c1,2)).

3.3. Impacts of Surface Conditions on the PV Temperature Effect

We compared the PV temperature effect with the site surface condition, such as vegetation cover
and surface albedo, and found that the PV temperature effect on daily mean surface temperature
was negatively correlated with vegetation cover (p < 0.01), namely NDVI (Figure 5(a1)), suggesting
the cooling effect was strengthened under a better vegetation cover on the background. Similar to
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the climate variables, we also found that the correlations were statistically significant only during
nighttime (p < 0.001) (Figure 5(c1)), but not the daytime (p > 0.05) (Figure 5(b1)). However, we found
that the albedo had little relationship with the PV temperature effect, regardless of daily mean, daytime,
or nighttime temperature (p > 0.05) (Figure 5(a2,b2,c2)).Remote Sens. 2020, 12, x FOR PEER REVIEW 11 of 21 
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Figure 5. The relationships between annual (a) daily mean, (b) daytime and (c) nighttime PV
temperature effect with (a1,b1,c1) normalized difference vegetation index (NDVI) and (a2,b2,c2) albedo
across the 23 PV powerplants. The solid lines are the linear regression lines; ns, *, **, *** and ****:
statistically significant at p > 0.05, p < 0.05, p < 0.01, p < 0.001, and p < 0.0001 levels.
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3.4. Modelling the PV Temperature Effect

We further built multiple regression models to predict the PV temperature effect. The models
are driven by climate, surface albedo, and scale of the PV powerplants. For the PV temperature
effect we used the average temperature change (difference after and before the installation of the
powerplant, Y1 in Equation (2), ◦C), temperature change per unit land area (Y2 in Equation (3), ◦C/km2),
and temperature change per unit of potential annual electricity production which was calculated by
multiplying the powerplant area, installation capacity per unit land area, and the potential electricity
production per installation capacity (◦C/KWh, Y3 in Equation (4)). We found that the multiple regression
models can be used to predict the PV temperature effect very well with the coefficient of determinant
(R2) of 0.94, 0.96, and 0.96 for models Y1, Y2, and Y3, respectively. The models are listed as:

Y1 = a0 + a1Ta + a2P + a3P2 + a4Rs + a5Rs2 + a6Vp + a7Vp2 + a8Ws + a9Ws2+

a10α1 + a11α2 + a12α2
2 + α13A

(
R2 = 0.94, Adjusted R2 = 0.85, p < 0.001

) (2)

Y2 = b0 + b1Ta + b2P + b3P2 + b4Rs + b5Rs2 + b6Vp + b7Vp2 + b8Ws + b9Ws2+

b10α1 + b11α2 + b12α2
2

(
R2 = 0.96, Adjusted R2 = 0.91, p < 0.001

) (3)

Y3 = c0 + c1Ta + c2P + c3P2 + c4Rs + c5Rs2 + c6Vp + c7Vp2 + c8Ws + c9Ws2+

c10α1 + c11α2 + c12α2
2

(
R2 = 0.96, Adjusted R2 = 0.91, p < 0.001

) (4)

where Y1, Y2, and Y3 are PVPPTE (◦C), PVPPTE/A (◦C/km2), and PVPPTE/(A·PVOUT·D) (◦C/KWh),
respectively; Ta is air temperature (◦C), P is precipitation (mm), Rs is solar radiation (W/m2), Vp is
vapor pressure (kPa), Ws is wind speed (m/s), A is area of PV powerplant (km2), α1 is albedo before PV
installation, α2 is albedo after PV installation and PVOUT is potential PV electricity production per
unit capacity (KWh/KWp per year); D is the installed capacity density, which is 50,000 KW/km2 [43].
The parameters of the three models are listed in the Table 4, where ai, bi, and ci are the parameters for
Equations (1)–(3), respectively.

Table 4. Parameters of the three models.

Subscript No. Equation (1) (a) Equation (2) (b) Equation (3) (c)

0 1.239 × 101 6.225 × 10−1 6.402 × 10−9

1 1.001 × 10−1 1.061 ×10−2 1.385 × 10−10

2 1.659 × 10−3 3.975 ×10−6 2.645 × 10−13

3 −2.865 × 10−6 9.671 × 10−8 1.013 × 10−15

4 −1.726 × 10−1
−1.212 ×10−2

−1.428 × 10−10

5 4.143 × 10−4 2.817 × 10−5 3.322 × 10−13

6 −4.463 −3.158 × 10−1
−3.955 × 10−9

7 1.077 5.161 × 10−2 6.173 × 10−10

8 3.184 2.785 × 10−1 3.729 × 10−9

9 −6.294 × 10−1
−5.492 × 10−2

−7.287 × 10−10

10 −4.381 −1.303 × 10−1
−1.289 × 10−9

11 3.369 × 101 3.997 4.922 × 10−8

12 −8.060 × 101 −9.889 −1.211 × 10−7

13 −8.405 × 10−3

4. Discussion

4.1. Uncertainties in MODIS Surface Temperature and Emissivity

The MODIS is equipped with a cross-track scanning and covers a vast swath of 2330 km in
width in the east–west direction, yielding view angle of up to ±65 degrees (a negative value means
viewing the grid from east) and a view time (local time) difference of up to about two hours in one
scene [57]. Different viewing angle and time could cause the difference in radiative transfer length in
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the atmospheric profiles, the directional emissivity of heterogeneous surface, and even the pixel size,
which could compromise the accuracy of the derived LST [45,58–60]. In this study, the method we used
could minimize the viewing angle and time effects. First, we used the MOD11/MYD11 LST products to
calculate the relative surface temperature (∆surface temperature) between the PV powerplant and its
control area (buffer area) and the temperature before and after the installation of each PV powerplant
to quantify the PV temperature effect. The atmospheric condition, view time, and view angle over the
PV powerplant and its control area should be the same or almost the same because the powerplant
and its control area are adjacent to each other and normally within a few kilometers in the east–west
direction. Second, though the view times and view angles of different pixels in the east–west direction
could be quite different on the same MODIS LST scene, the annual mean view angles and view times
(local time) of different locations are quite similar because the MODIS orbits shift to minimize the view
angle and view time effects (Figures S1 and S2). In the current study we used the annual mean surface
temperature which was calculated based on hundreds of clear-sky observations in one year. We found
that the annual mean view angles in non-polar regions were very similar with a difference of merely a
few degrees (Figure S1). In the middle and low latitudes of the northern hemisphere (0–45◦) where
most of our PV power stations are located, the difference of annual mean view time from Terra is within
30 min (Figure S2). Finally, in case of view angle and view time biases, our normalization approach by
using a surrounding buffer as reference for each powerplant will eliminate the associated errors.

It is well known that the satellite measured surface temperature is very sensitive to surface
emissivity [61]. In the current study we are more concerned about the change of emissivity with the
construction of the PV powerplants because a fixed emissivity value was used for each landcover type
in the MODIS algorithm (Table S1). The MODIS surface temperature was computed based on the
constant emissivity value for each of the 18 landcover type [62,63]. Apparently, there is no such a
landcover type of “PV powerplant” in the MODIS emissivity classification. The change of emissivity
mainly comes from the difference of emissivity between the background soil and the PV panel because
the vegetation cover is very low in most of the PV powerplants. The PV panels are usually coated
with a glass layer and thus the emissivity of the PV panels is mostly determined by this glass layer.
We find that the emissivity of the PV panels with glass coating is very close to or, in some cases, slightly
lower than those of sandy soils and dry vegetations which are commonly seen in the PV powerplant
areas [64–67] (Table S2). It is noted that the collective emissivity of the PV panels in a powerplant
should be greater than that of individual PV panels because of the cavity effect [68–70]. Using a
method recently published in the literature [68], we calculated the cavity effect on emissivity in the PV
powerplants (Appendix A) and found the cavity effect would increase the emissivity of the PV panels
with an average increase of 0.005 (Table S3). By including the cavity effect, the collective emissivity
of the PV panels almost perfectly matched those of the background sandy soils. The construction of
the PV powerplant is detrimental to vegetation in the first few years but then beneficial to vegetation
growth because the panel shading suppresses evaporation and thus improves soil moisture which
further promotes vegetation growth [71]. As a result, the construction of PV powerplants had little
impact on vegetation which usually covered a small portion of the land surface. Our results also
confirmed that the average NDVI over the 23 PV powerplants had barely changed after the installation
of the powerplants (Figure 6b). Therefore, it is reasonable to believe that the emissivity did not
significantly change with the construction of the PV powerplants. At present, direct measurements
of emissivity over the PV powerplants are lacking but are timely needed to improve the accuracy of
remote sensing-based measurements of surface temperature.
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4.2. Effects of Albedo and Electrical Energy Conversion on Surface Temperature

By comparing the surface temperature changes of the 23 largest PV powerplants in the world,
we found that the installation of the PV powerplants significantly reduced the surface temperature in
the powerplants. It is commonly believed that installation of PV panels will change surface reflectance
of solar radiation and thus change the surface energy budgets, which could result in surface cooling.
In the current study we found that the average albedo significantly decreased from 0.22 to 0.184
with the installation of the PV powerplants (Figure 6a). The albedo may be affected by two factors.
Disturbances of vegetation and soils, such as soil compactness, due to the construction and operation
of the powerplants will often increase surface albedo. In contrast, the installation of solar panels will
decrease surface albedo because the albedo of PV panels typically ranges from 0.06 to 0.1 with an
average of about 0.08 which is much lower than the background albedo of about 0.22 [6]. Our result
that albedo decreased with the installation of powerplants suggests that the solar panel effect exceeds
the disturbance effect. However, albedo alone cannot explain the decrease of surface temperature
because lowering albedo means the surface will receive more solar energy and thus increase surface
temperature if the incoming solar radiation does not change. Indeed, we found that the incoming
solar radiation barely changed before and after the installation of the PV powerplants using the
high-resolution ERA reanalysis climate data (Figure 7a).

PV panels can normally convert 10% to 15% of the absorbed solar energy to electricity exported
to the grid, which tends to make the surface cooler [6]. The effective albedo, albedo corrected with
electricity conversion [6], should be much higher. We obtained an average effective albedo of 0.244
with PV powerplants albedo of 0.184 and assuming an electricity conversion efficiency of 0.12 [6] and
a spacing factor of 0.5 [72,73]. This effective albedo is significantly greater than the pre-construction
albedo of 0.22 (p < 0.01). Therefore, we conclude that the electricity conversion effect has contributed
the most to the observed surface cooling. However, the albedo and electricity conversion effects cannot
explain the observed surface cooling during nighttime because solar radiation, albedo, and electricity
generation do not exist at all during the nighttime.

4.3. Solar Panel Shading and Evapotranspiration Cooling Effects on Surface Temperature

In addition to albedo, evapotranspiration (ET) could also change surface temperature through
the partition of surface energy balance. Precipitation and vegetation conditions are the key factors in
determining local ET. In many ecosystems ET is dominated by plant transpiration even in the areas
with low vegetation cover [74]. Most of the PV powerplants are located in arid and semi-arid areas as
evidenced by the precipitation data in Table 2. Previous studies have shown that PV powerplants may
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have enhanced or little impact on the plant growth due mainly to the shading effect where the shades
of the PV panels cool the vegetation and soils during the daytime [71,75]. Our results confirmed that
the PV powerplants had little impact on vegetation as evidenced by the minimal reduction in NDVI
after the construction of the powerplants (Figure 6b). Furthermore, we found that the precipitation and
ET over the powerplants and their surroundings rarely changed with the construction of powerplants
(Figure 7b,c). Therefore, we think that ET had little contribution to the observed surface cooling
while the solar panels might have cooled the soil and vegetation surfaces through the shading effect
(Figure S3, Table S4). Again, this shading effect cannot explain the observed nighttime surface cooling
in the PV powerplants.
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4.4. Convective Cooling Effect on Surface Temperature of Solar Panels

Most of the PV powerplants had low vegetation, usually covered by grasses or short shrubs.
The installation of the powerplants will increase the surface roughness and change the wind profile [20].
The low heat capacity and high thermal conductivity of the PV panels as compared with those of soils
make their temperature change more rapidly. The PV panels often stand about 1–2 m above the ground
and act as a “heater” in the air during the daytime by absorbing solar radiation [20–23]. Solar panels
are more effective in heating the air than the normal ground surfaces (soils and vegetation) for two
reasons. First, solar panels can exchange heat with the air on both upper and lower surfaces. Second,
stronger turbulence around the solar panels can also promote heat exchange with the air due to a
greater wind speed in the air than at the ground surface. It is through this convection process that
more heat is transferred from the panels to the air, making the solar panels relatively cooler and the
ambient air warmer. We think that this convective cooling also made a considerable contribution to the
observed surface cooling in the PV powerplants. Previous studies have reported that PV powerplants
have increased air temperature in various regions [20–22], and a recent study also declared that PV
powerplant could decrease the land surface temperature [43].

The nighttime cooling effect of the PV powerplants is not independent of its daytime cooling.
Each solar panel in the powerplants plays a role as electricity convertor and convective heater during
the daytime by transferring energy into electricity and sensible heat into the air. As a result, less solar
energy can reach the ground. The reduction of ground energy input will further reduce the nighttime
surface temperature. Additionally, the night surface temperature in PV modules decrease faster
than the natural surface by radiation and thermal diffusion with the lower heat capacity and higher
thermal conduction of the PV modules than those of the natural surface [20,76]. Our findings that
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PV powerplants can reduce the surface temperature in both daytime and nighttime are important for
better understanding the climate and environmental impacts of PV powerplants which are under rapid
construction worldwide.

4.5. Association of the PV Temperature Effect with Geographic, Climatic, and Vegetation Factors

In addition to reporting the surface cooling phenomena of the PV powerplants, we further
examined if the surface cooling effect varies with geographic, climatic, and vegetation factors. Firstly,
we found that the PV temperature effect was significantly correlated with latitude but not longitude
and altitude (Figure 3), suggesting the PV temperature effect was different in different geographic
regions. This finding is useful for site selection of new PV powerplants by including the direct climate
effect, the cooling effect on surface temperature, of the PV powerplants. Currently, most of the PV
powerplants are located in the mid- and high-latitude regions due partly to maximizing electricity
production. In the future, more PV powerplants may be constructed in the lower latitudes, such as the
semi-arid regions in the tropics and subtropics, to achieve the goal of clean electricity as well as direct
climate benefits. However, the geographic variables are insufficient to explain the mechanism of the
observed latitudinal gradient of the PV temperature effect. It is well known that latitude is a composite
indicator of soil, vegetation, and climate, such as solar radiation, temperature, and precipitation.

In this study we also examined the correlation between the PV temperature effect and climate and
found that the temperature effect was highly and negatively correlated with temperature, precipitation,
and solar radiation. The lower latitudes generally have greater annual mean temperature, precipitation,
and solar radiation which favor plant growth (Tables 1 and 2). This is confirmed by the greater
NDVI values in the lower latitudes before the construction of the PV powerplants (Figure 8a). Thus,
the lower latitudes also saw a greater reduction in vegetation cover due to the construction of the
PV powerplants (Figure 8b). The reduction of vegetation cover rendered the surface cooling during
night because vegetation had a greater water content than the dry soils and thus vegetation acted
as thermal inertia. The lack of correlation between the PV daytime temperature effect and latitude,
climate, and NDVI (Figures 3–5) can also be explained by the greater reduction of vegetation cover
in the lower latitudes (Figure 8b). This is because the transpiration cooling effect was weakened
relatively more in the warmer, wetter, and sunnier areas in the lower latitudes. In addition, the greater
PV nighttime cooling effect with increasing precipitation (Figure 3(c2)) suggests that the PV modules
which have a high thermal conductivity and act as a radiator during nighttime are more effective
in dissipating the thermal energy stored in the wetter soils. To our surprise, we did not find any
correlation between the PV temperature effect and surface albedo which is critical to surface energy
balance (Figure 5(a2,b2,c2)). This is because albedo is determined by many factors, such as soil,
vegetation, color, roughness, and moisture content, and its effect on temperature might be cancelled
out by other processes. For instance, increasing soil moisture will decrease albedo and thus make the
surface warmer. Meanwhile, increasing soil moisture will also enhance evapotranspiration which
makes the surface cooler. In addition, we found that the scale and capacity of the PV powerplants could
also affect the PV temperature effect with greater cooling in larger powerplants in terms of area and
potential capacity (Equations (2)–(4), Tables 1 and 3). In summary, the PV powerplants took their effect
on local surface temperature mainly through their impacts on surface energy budgets and water cycle
through vegetation which is also determined by the regional climate. Our regression analyses provide
some preliminary insights on the complex interactions among the PV panel, soil, and vegetation
through energy flow, water cycle, and climate regulation. We think remote sensing alone is insufficient
to elucidate this complex issue. More studies are needed to reveal the mechanisms of the impacts
of various PV powerplants on the local and regional climate through experimental and modeling
approaches. Nevertheless, the PV temperature effect can be well predicted by climate, surface albedo,
and scale of the powerplants, such as area and potential electricity production, with more than 94% of
the variance of the PV temperature effect explained by those variables (Equations (2)–(4)). The area
and capacity-based PV cooling effects can be modeled even better with those variables. These results
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can be used to estimate the direct climate effect of the PV powerplants with smaller scales (area or
capacity), a useful information guiding the planning, designing, and site selecting for constructing
new PV powerplants.
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5. Conclusions

In this study, we assessed the effects of PV powerplants on surface temperature with 23 largest PV
powerplants in the world based on the MODIS thermal band dataset. We found that the installation of
PV powerplants had reduced the daily mean surface temperature at a statistically significant level in
the PV powerplant areas. We also found that the powerplant cooling effect was evidenced in both
daytime and nighttime, but the daytime cooing was much stronger than the nighttime. This cooling
effect was also depended on the capacity of the powerplants with a cooling rate of −0.32, −0.48,
and −0.14 ◦C/TWh, respectively, for daily mean, daytime, and nighttime temperature. Unexpectedly,
the PV powerplants had little effect on vegetation growth as indicated by the slightly decrease in NDVI.
Our further analyses showed that the cooling effect of the powerplants was mainly attributed to the
enhanced effective albedo, solar panel shading, and convection cooling of the solar panels.

Our results highlight the effect of PV powerplants on surface temperature, which will not only
improve our understanding on the climate effects of PV powerplants but also provide important
information in guiding the selection of PV powerplant sites in different geographical and climate
regions. For example, constructing more PV powerplants in the lower latitudes may have a greater
cooling effect on surface temperature. The current study also provides an effective method to further
investigate the effect of the PV powerplants on temperature with the increasing installation of large-scale
PV powerplants and rapid development in thermal remote sensing techniques.
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Appendix A. Cavity Effect of the PV Powerplants

The cavity effect of PV panels is the internal reflections of electromagnetic waves among the
PV panels at each PV powerplant. In this study, we used the same model as in Yamamoto and
Ishikawa (2018) by treating the PV panels as an infinitely Lambertian box in the east–west direction [68],
which means no cavity effect in the east–west direction because all the PV panels were installed facing
the south. In the north–south direction along the satellite flight path the satellite view angle θ is
assumed about zero because the satellite is passing the PV powerplant overhead. The cavity effect dε
of the PV panels was estimated as:

dε =
(
1− εg

)
εs

[
(1 + H/S) −

√
1 + (H/S)2

]
Pg (A1)

where H is the average height of PV panels, S is the distance of ground, L is the projection distance of
PV panels in north–south direction, εg is the emissivity of ground, εs is emissivity of PV panels and Pg

is the ground proportion observed by the sensor. In our study, the S is equal to L, the H is equal to
0.5·tanα·L, where α is tilt angle of PV panels, and Pg is equal to 0.5 (Figure S3). The result of the cavity
effect of the PV powerplants is shown in Table S3.
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