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Abstract. Utility-scale photovoltaic (PV) installations are expanding so significantly that they may alter the surface energy

balance and affect the local climate. Yet, simplified or non-coupled PV schemes in regional climate models limit the

understanding of the PV climatic impacts. In this study, we developed a physically based, fully coupled WRF-PV model

based on the Weather Research and Forecasting (WRF) model. WRF-PV maintains surface energy balance closure between15
the PV panels and the ground and enables the PV-induced radiative and thermal effects to feed back to the atmosphere

dynamically. We used this model to perform two regional simulations, WRF_PV (with PV panels) and WRF_CTL (without

PV panels), in northwestern China, a major PV deployment region. Our results indicated that WRF_PV captured observed

spatial and diurnal climate features, and improved the simulation of skin temperature relative to WRF_CTL. PV installations

reduced daytime skin temperature by 0.9 °C but warmed near-surface air by 1.8 °C in summer. Additionally, PV-induced20
enhanced sensible heating, weakened lower-atmospheric stability, and promoted low-level cloud formation, causing a

reduction in downward shortwave radiation by about 1%. Moreover, precipitation shifted toward extremes, accompanied by

minor reductions in moderate rainfall. This study shows that modeling PV-land surface processes is needed for regional

climate models to adequately assess the impacts of utility-scale PV installation.

1 Introduction25

Solar energy has grown rapidly worldwide, motivated by the urgent need to abate greenhouse gas emissions and

promote the sustainable energy transition (Haegel et al., 2019). Photovoltaic (PV) power, in particular, has expanded rapidly,

and utility-scale PV farms have become a major contributor to new renewable energy capacity (IRENA, 2019). By 2022, the

global cumulative PV capacity had reached 1,064 GW, with China alone accounting for 393 GW, corresponding to more

than 3,000 km2 of installed PV area (IRENA, 2023; Lyu et al., 2024a), 4.5 times the area within the Fifth Ring Road of30
Beijing. A considerable portion of these installations is located in semi-arid and arid regions where abundant solar resources
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and land availability support utility-scale PV facilities (Lyu et al., 2024b). The rapid expansion of utility-scale PV

installations raises concerns about potential environmental impacts.

PV installations replace natural land cover with panel arrays and modify surface physical characteristics. Utility-scale

PV installations over barren land reduce surface albedo, leading to greater shortwave absorption and higher daytime net35
radiation (Li et al., 2022; Ying et al., 2023). In addition, the shading effect of the PV panels reduces the downward

shortwave radiation reaching the ground (Armstrong et al., 2016; Fan and Huang, 2020; Yue et al., 2021; Wei et al., 2024;

Zhang et al., 2024). Furthermore, PV panels have a lower heat capacity than natural surfaces, causing rapid thermal

responses and limited heat storage (Hasan et al., 2016). These changes in surface properties suggest that PV installations

could influence regional climate conditions, highlighting the importance of assessing these impacts systematically.40
Observational studies on the microclimatic effects of utility-scale PV deployment include in situ field measurements

and satellite-based remote sensing analyses. Field measurements across multiple PV farms in semi-arid regions revealed

consistent yet site-varying microclimatic responses. During daytime, observed skin temperature changes ranged from almost

0 to cooling of 4 °C, while nighttime responses spanned from a slight warming of 0.1 °C to cooling of 2.3 °C (Yang et al.,

2017; Chang et al., 2018; Jiang et al., 2021). These skin temperatures were retrieved from emitted longwave radiation, and45
uncertainties in surface emissivity contributed to the variability in the estimated temperatures. For near-surface air

temperature, daytime warming ranged from 0.2 to 2.6 °C, whereas nighttime effects ranged from weak warming of 0.1 to

0.7 °C to cooling of 0.2 to 1.8 °C. (Barron-Gafford et al., 2016; Yang et al., 2017; Broadbent et al., 2019; Wu et al., 2020;

Jiang et al., 2021; Li et al., 2023; Zhang et al., 2024). For surface energy fluxes, sensible heat flux increased, with reported

daytime enhancements of 25 to 50 W m-2 and a daily mean rise of about 18 W m-2, while both latent heat flux and ground50
heat flux decreased within PV installations (Broadbent et al., 2019; Jiang et al., 2021). Remote sensing analyses similarly

reported daytime surface cooling of approximately 0.5 to 2 ° C across utility-scale PV farms over broad regions, with

nighttime effects generally weaker and ranging from slight cooling to modest warming (Zhang and Xu, 2020; Fan and

Huang, 2021; Guoqing et al., 2021; Wang et al., 2024; Xu et al., 2024). These field measurements and remote sensing

analyses demonstrated that utility-scale PV installations can systematically alter local energy partitioning and near-surface55
climate.

These observations highlight the need for physically based PV representations in climate models. Previous studies often

simulated PV impacts by prescribing an effective albedo, which was defined as the sum of panel albedo and the percentage

of solar radiation converted to electricity. Based on this method, simulations with PV deployed across the Sahara showed

global impacts on temperature, precipitation, and cloudiness (Hu et al., 2016; Li et al., 2018; Lu et al., 2021; Long et al.,60
2024). However, the conclusions depended strongly on the assumed efficiency value, and the energy-balance processes of

the panels were not included in their simulations. Several studies incorporated PV effects into the Weather Research and

Forecasting (WRF) model through highly parameterized schemes. These schemes modified radiative and heat flux fields to

represent the influence of PV installations on the atmosphere (Chang et al., 2020, 2022). Yet, these schemes lacked energy

balance closure and physical generality, limiting the understanding of PV climatic impacts. Therefore, a scheme that ensures65
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energy balance closure and explicitly resolves the energy exchanges among PV panels, the land surface, and the atmosphere

is required in climate models.

Heusinger et al. (2020) developed a PV energy balance model, UCRC-Solar, which resolves PV panel surface

temperature and the radiative and thermal exchanges of PV panels. The UCRC-Solar was run offline and driven by external

meteorological data. The rooftop evaluation further showed that UCRC-Solar captured PV surface temperature and power70
production in real conditions (Heusinger et al., 2021). Recent studies advanced UCRC-Solar by introducing a PV canopy

energy-exchange scheme to better represent turbulent exchange processes in PV arrays (Li et al., 2024). Another study then

integrated this scheme into WRF in a one-way coupling framework to simulate the local microclimate effects of PV

deployment (Li et al., 2025b). However, the one-way coupling prevents PV-induced radiative and thermal changes from

feeding back into the boundary layer. Yin et al. (2025) coupled the UCRC-Solar rooftop PV energy-balance model within75
the BEP-BEM scheme in WRF and used this system to investigate the impacts of rooftop PV installations on urban

microclimate. However, fully coupled implementations of UCRC-Solar have not been extended to quantify the climatic

impacts of utility-scale PV farms. Hence, the lack of a fully coupled PV scheme with energy balance closure for utility-scale

farms remains a limitation, as PV installations substantially alter radiative forcing, energy partitioning, and local

meteorological conditions.80
To address these gaps, this study developed a physically based, fully coupled WRF-PV model. This model maintains

surface energy closure between PV panels and the ground and allows the thermal and radiative effects to interact

dynamically with the atmosphere. The coupled model was applied to a major utility-scale PV deployment area in a semi-arid

environment and evaluated against reanalysis data, satellite products, and site observations. By comparing two multi-year

simulations with and without PV panels, we quantified the summer climatic impacts of PV deployment. This study provides85
new insights into these impacts by using a more physically consistent representation than earlier parameterized or offline

approaches.

2 WRF-PV model development

2.1 Energy balance of PV panel

The energy balance of PV panels used in this study follows the formulation of Heusinger et al. (2020), and the surface90

temperature of PV panels (�PV) is governed by the energy balance equation:

�module
��PV

��
= SWtot + LWPV

∗ − ��,PV − �out, (1)

where �module is the effective heat capacity of the PV panel (J K-1 m-2); SWtot is the total absorbed shortwave radiation (W m-

2); LWPV
∗ is the net longwave radiation exchange (W m-2); ��,PV represents the sensible heat flux from the panel to the

ambient air (W m-2); �out denotes the electrical power output (W m-2).

SWtot is calculated as in Heusinger (2021), with the rear-side contribution additionally included (Coimbra, 2025):95
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SWtot = SWdir ⋅
cos�ℎ

cos��ℎ
+ SWdif ⋅

1 + cos�
2

+ SWdown ⋅ �G ⋅
1 − cos�

2
+ SWref ⋅

1 + cos�
2

⋅ (1 − �PV), (2)

where �PV denotes the surface albedo of the PV panel. ��ℎ represents the solar zenith angle (°); �ℎ is the incidence angle on

the tilted panel (°); and � denotes the panel tilt angle (°). SWdir, SWdif, and SWdown are the beam, diffuse, and total incoming

shortwave radiation fluxes (W m-2), respectively; SWref denotes the ground-reflected shortwave radiation (W m-2), which is

parameterized as:

SWref = SWdown ⋅ �G ⋅ (1 − �PV) (3)

�G is the surface albedo of the underlying ground. �PV is the fractional surface coverage of PV panels is used as an100
approximation of the shaded area fraction (Masson et al., 2014).

LWPV
∗ is determined by the difference between the incoming and outgoing radiation at the PV panel, following Wallace

and Hobbs (2006). The incoming longwave radiation is calculated by considering the contributions from the sky, ground,

and neighboring PV panels, while the outgoing term consists of radiation emitted from the front and rear surfaces of the PV

panel. LWPV
∗ is given by:105

LWPV
∗ = �top ⋅ SVFPV ⋅ LWdown

+ GVFPV ⋅ �G ⋅ � ⋅ �G
4

+ PVFPV ⋅ �top ⋅ � ⋅ �PV
4 + PVFPV ⋅ �btm ⋅ � ⋅ �PV

4

− �top ⋅ � ⋅ �PV
4 − �btm ⋅ � ⋅ �PV

4 ,

(4)

where � is the Stefan–Boltzmann constant (5.67×10-8 W m-2 K-4); LWdown denotes the total downward longwave radiation

from the atmosphere (W m-2). �G , �top , and �btm denote the emissivities of the ground and the front and rear surfaces of the

PV panel, respectively. �G is the ground surface temperature (K). SVFPV, PVFPV, and GVFPV denote the view factor of sky,

adjacent PV panels, and ground from PV panels, respectively, which can be calculated following the geometric method

described in Heusinger et al. (2020).110
The sensible heat flux is calculated as:

��,PV = 2ℎ� �PV − �A , (5)

where ℎ� (W m-2 K⁻¹) denotes the convective heat transfer coefficient and �A denotes the ambient air temperature (K). The

factor of two accounts for the front and rear surfaces of the panel participating in convective heat exchange with the

atmosphere. The value of ℎ� follows the empirical formulations reviewed by Heusinger et al. (2020).

The electrical power generation is estimated following Heusinger et al. (2020):115

�out = SWcell ⋅ EffPV ⋅ min [ 1, 1 − 0.005(�PV − 298.15)], (6)

where EffPV represents the maximum conversion efficiency under the reference condition (1000 W m-2, 25 °C) and SWcell

represents the shortwave radiation absorbed by the solar cell after transmission through the front glazing layer:

SWcell = � ⋅ (SWdir ⋅ (��)dir ⋅
cos�ℎ

cos��ℎ
+ SWdif ⋅ (��)dif ⋅

1 + cos�
2

+ SWdown ⋅ (��)G ⋅ �G ⋅
1 − cos�

2
), (7)

where the parameters (��)dir , (��)dif , (��)G represent the transmissivity-absorptance products of the glazing for direct,
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diffuse, and ground-reflected shorwave radiation, respectively (Duffie and Beckman, 2013). � accounts for the spectral

attenuation of solar radiation with increasing optical air mass (King et al., 2004). The physical parameter settings of the PV120
model in this study largely followed the measurements reported in Jiang (2021).

2.2 Energy-closed coupling scheme

We proposed a coupling scheme with energy balance closure and integrated the modified PV panel energy balance

model into the WRF land surface module. In this scheme, the combined energy balance of the PV-ground system is

expressed as the sum of the energy budgets of the PV panels and the ground, weighted by their respective coverage fractions.125
The energy balance of PV panels is described above (Eq. 1-7) and the ground energy balance can be written as

SWdown ⋅ (1 − �PV) ⋅ (1 − �G) + LWdown ⋅ �G ⋅ (1 − PVFG)
+ �btm ⋅ � ⋅ �PV

4 ⋅ PVFG − �G ⋅ � ⋅ �G
4 − ��,G − LH − GRDFLX = 0, (8)

where ��,G and LH denote the sensible and latent heat fluxes from the ground surface (W m-2), respectively, and GRDFLX

is the ground heat flux (W m-2). PVFG represents the view factor of PV panels from the ground, which can be calculated as

PVFG = (�PV/cos� ) ⋅ GVFPV (Yin et al., 2025).

The total energy balance of the coupled PV-ground system is obtained from the combined PV panel and ground surface130
energy equation. The thermal capacity of the PV panel is neglected, as Yin et al. (2025) showed that this simplification

increases the root-mean-square error (RMSE) of simulated PV surface temperature by only 0.2 °C. The resulting PV-ground

system energy balance can be written as:

(�PV/cos� ) ⋅ [SWtot ⋅ (1 − �PV) + LWPV
∗ − ��,PV − �out]

+[SWdown ⋅ (1 − �PV) ⋅ (1 − �G) + LWdown ⋅ �G ⋅ (1 − PVFG)
+ �btm ⋅ � ⋅ �PV

4 ⋅ PVFG − �G ⋅ � ⋅ �G
4 − ��,G − LH − GRDFLX] = 0,

(9)

where cos� converts the inclined PV surface area to its horizontal projection, ensuring that energy fluxes are consistently

expressed per unit ground area. After algebraic simplification, the total longwave radiation absorbed by the PV-ground135

system (LWin) is given by:

LWin = LWdown ⋅ [�top ⋅
�PV
cos�

⋅ GVFPV + �G ⋅ (1 −
�PV
cos�

⋅ GVFPV)], (10)

and the total upward longwave radiation of the PV-ground system (LWup) is expressed as

LWup = LWdown ⋅ {1 − [�top ⋅
�PV
cos� ⋅ GVFPV + �G ⋅ (1 −

�PV
cos� ⋅ GVFPV)]}

+ �top ⋅ � ⋅ �PV
4 ⋅

�PV
cos�

⋅ GVFPV + �G ⋅ � ⋅ �G
4 ⋅ (1 −

�PV
cos�

⋅ GVFPV).
(11)

In this study, an effective emissivity (��) is defined for the PV-ground system as
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�� = �top ⋅
�PV
cos�

⋅ GVFPV + �G ⋅ (1 −
�PV
cos�

⋅ GVFPV), (12)

and the skin temperature (TSK) is then diagnosed from the emitted longwave flux and the effective emissivity:

TSK =
�top ⋅ � ⋅ �PV

4 ⋅ �PV
cos� ⋅ GVFPV + �G ⋅ � ⋅ �G

4 ⋅ (1 − �PV
cos� ⋅ GVFPV))

���

1/4

. (13)

The total sensible heat flux emitted by the PV-ground system (SH) is represented by140

SH = ��,PV ⋅
�PV
cos� + ��,G. (14)

The scheme ensures energy balance closure among the panels, the ground, and the atmosphere.

3 Data and method

3.1 Data for evaluation

China Meteorological Forcing Dataset Version 2.0 (CMFD) was adopted to evaluate the simulated 2 m air temperature

and precipitation. CMFD is a gridded product produced by merging in situ observations, satellite retrievals, and reanalysis145
fields (He et al., 2020). The spatial and temporal resolutions of the CMFD are 0.1° and 3 hours, respectively, and the dataset

covers the period from 1951 to 2024. In addition, station-based observations of daily precipitation were obtained from the

National Meteorological Science Data Center of the China Meteorological Administration (CMA), and used to examine the

simulated precipitation frequency distribution. In this study, the data from 42 stations were used. MODIS land surface

temperature products were applied to assess TSK. We employed the 8-day averaged product at 1 km spatial resolution. Prior150
to comparison, MODIS pixels flagged as cloudy were excluded.

3.2 PV panels datasets

Three datasets were used to characterize the spatial distribution of PV installations. The first was the China Photovoltaic

Power Plant Vector Dataset 2024 (Yang et al., 2025). The second was the Global Photovoltaic Solar Panel Dataset (2019–

2022) (Li et al., 2025a). The third was the Photovoltaic Dataset of China (2013–2023), from which the 2018 and 2023 layers155
were used (Lin, 2024). All three datasets were based on high-resolution satellite imagery, generated using machine learning

classification approaches, and validated against manually interpreted samples. To align with the resolution of MODIS land

surface temperature dataset, only PV facilities with areas greater than 1 km² were retained.
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3.3 Model setting160

The WRF model version 4.4.2 (Skamarock et al., 2019) was employed to investigate the effects of utility-scale PV

installations on regional climate. WRF is an advanced non-hydrostatic mesoscale model and is widely used in regional

climate simulations and land-atmosphere interaction studies. In this study, the PV-ground coupling scheme in Section 2.2

was integrated into WRF. WRF was configured for high-resolution simulations using a two-way nested setup comprising

three domains, with horizontal resolutions of 27 km, 9 km, and 3 km, respectively (Fig. 1). All three domains were centered165
at 38°N, 103°E and consisted of 211×196 grids with the Lambert conformal conic projection. The outermost domain (D01)

covered East and Central Asia to capture large-scale circulation features, such as the East Asian summer monsoon, that

influence China's regional climate. The intermediate domain (D02) covered several provinces in western China. The

innermost domain (D03) covered the major PV concentration region in China to simulate the climatic effects induced by

utility-scale PV installations. In the vertical direction, the WRF model was configured with 38 layers, and the top layer was170
set to 50 hPa.

The physical parameterization schemes applied in the WRF simulations included the Dudhia shortwave radiation

scheme (Dudhia, 1989), rapid radiative transfer model (RRTM) longwave radiation scheme (Mlawer et al., 1997), revised

MM5 Monin–Obukhov surface layer scheme (Jiménez et al., 2012), Lin microphysics scheme (Chen and Sun, 2002),

University of Washington (UW) planetary boundary layer (Bretherton and Park, 2009), and Noah land surface model (Chen175
and Dudhia, 2001). The Grell 3D ensemble cumulus scheme (Grell and Dévényi, 2002) was activated in all domains.

The ERA5 reanalysis data (Hersbach et al., 2020) were used to provide initial and lateral boundary conditions for the

WRF simulations. ERA5 provides surface and pressure-level variables at a 0.25° horizontal resolution and a 3-hourly

interval. Additionally, sea surface temperature was obtained from ERA5 and updated daily in the WRF simulations.

3.4 Numerical simulation design180

Two sets of WRF simulations were conducted to assess the climatic response to utility-scale PV installations during

summer. The first experiment (WRF_PV) included the annual evolution of PV distribution, while the second experiment

(WRF_CTL) used the original land-use data without PV installations. In WRF_PV, the PV-ground coupling scheme updated

surface temperature and energy fluxes at PV grid cells and enabled an explicit representation of PV-atmosphere feedback.

Both simulations employed the model configuration described in Section 3.3. Each simulation ran separately for the period185
of 2018 to 2024, with simulations initialized on 1 May and terminated on 31 August. The first month (May) was discarded as

the model spin-up period, while the remaining three months (June–August) were used for analysis.
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Figure 1: (a) Three nested WRF domains with terrain elevation. (b) Land-use type of D03 in WRF_PV for the year 2024.

4 Result190

4.1 Model evaluation

4.1.1 2 m air temperature

The simulated 2 m air temperature (T2) from WRF_PV and WRF_CTL was evaluated against CMFD. CMFD showed

horizontal heterogeneity across the study area, with high temperatures over the northern desert regions and low temperatures

over the southwestern plateau and mountainous areas (Fig. 2a). Both WRF_PV and WRF_CTL successfully reproduced the195
spatial variations of T2 across the study region and captured the influence of elevation and underlying surface conditions on

the temperature pattern (Fig. 2b and 2c). In addition, Fig. 4 indicates that WRF_PV and WRF_CTL yielded very similar T2

statistics, with correlations of 0.98 and normalized standard deviations of 1.1 relative to CMFD. Figure 2d further compares

the diurnal cycle of spatially averaged T2 from CMFD, WRF_PV, and WRF_CTL, showing that both simulations captured

the overall temporal evolution well. These results indicate that both experiments reasonably reproduced the regional spatial200
and temporal characteristics of T2.
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Figure 2: Spatial distribution of mean air temperature at 2 m height (T2, °C) during summer (June, July and August) in D03: (a)
CMFD data, (b) WRF_PV simulation and (c) WRF_CTL simulation. (d) Diurnal cycle of T2 averaged over the study area.

4.1.2 Precipitation205

Precipitation simulated by both WRF_PV and WRF_CTL was also evaluated using CMFD. As shown in Fig. 3a, the

study region exhibited pronounced spatial heterogeneity in precipitation. Daily mean precipitation was below 1 mm in the

northern desert regions, whereas it exceeded 3 mm along the plateau margins. Both WRF_PV and WRF_CTL realistically

reproduced the regional precipitation pattern and captured monsoonal and topographic effects (Fig. 3b and 3c). Both

simulations showed an underestimation of precipitation intensity over the plateau but an overestimation in the southern part210
of the domain. Nevertheless, Fig. 4 indicates that both WRF_PV and WRF_CTL reproduced the spatial characteristics of

precipitation well. WRF_PV yielded a spatial correlation of 0.91 and a normalized standard deviation of 0.91, while

WRF_CTL yielded corresponding values of 0.90 and 0.93. Additionally, Figure 3d presents the probability density

distribution of daily precipitation derived from CMA station observations, WRF_PV, and WRF_CTL. The observed and

simulated precipitation distributions were generally consistent across different intensity ranges. Overall, both experiments215
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reasonably captured the spatial pattern and the frequency distribution of precipitation, demonstrating their reliability for

regional climate.

Figure 3: Spatial distribution of mean precipitation (mm day-1) during summer in D03: (a) CMFD data, (b) WRF_PV simulation
and (c) WRF_CTL simulation. (d) Probability distribution of daily precipitation intensity derived from CMA station observations220
(grey line) and from WRF_PV (blue line) and WRF_CTL (red line). Simulation results were interpolated to station points.
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Figure 4: Taylor diagram of T2 and precipitation for WRF_PV and WRF_CTL relative to CMFD.

4.1.3 Simulated skin temperature (TSK)

The performance of TSK simulation was evaluated using MODIS data over the PV grid cells. As shown in Fig. 5, the225
TSK error distributions of WRF_PV and WRF_CTL were approximately Gaussian and centered around zero, indicating that

both simulations captured the overall variability of TSK. However, WRF_PV showed a slightly higher probability density

near zero, suggesting better agreement with MODIS compared with WRF_CTL. Quantitatively, the RMSE of TSK

decreased from 3.225 °C in WRF_CTL to 3.075 °C in WRF_PV. Therefore, WRF_PV showed improved skill in simulating

TSK over PV farms, providing confidence for the subsequent investigation of PV-induced climatic effects.230
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Figure 5: Probability density distributions of skin temperature (TSK, °C) errors for the WRF_PV (blue shade) and WRF_CTL
(red shade) simulations with respect to MODIS observations.

4.2 Impacts on local temperature

We compared the diurnal variation of surface temperatures from WRF_PV and WRF_CTL over all PV grids. In235

WRF_PV, surface temperatures included �PV ,�G , and their integrated skin temperature (TSK_PV) following Eq. (13). In

contrast, WRF_CTL included only the land surface skin temperature (TSK_CTL). As shown in Fig. 6a, �PV rose rapidly

after sunrise and reached its maximum of 48.8°C at 13:00 (times hereafter are all in local standard time, LST), about one

hour earlier than TSK_CTL, which peaked at 14:00. �PV was higher than TSK_CTL during the day and slightly lower after

sunset. The earlier peak and larger amplitude resulted from the lower heat capacity of the PV material, which allowed it to240

warm quickly under solar radiation and cool rapidly after sunset. In contrast, �G exhibited an opposite response (Fig. 6a). �G

remained slightly lower than TSK_CTL after sunrise due to the shading effect of the PV panels, while it became higher at

night as downward longwave radiation from the panels warmed the shaded ground. �G reached a peak of 35.4°C at 14:00,

about 5°C lower than the peak of TSK_CTL.

245
Figure 6: (a) Mean diurnal cycle of skin temperature (TSK_PV), ground surface temperature (TG PV), surface temperature of PV
panels (TPV PV) in WRF_PV and skin temperature in WRF_CTL (TSK_CTL), averaged over all PV grid cells. (b) Diurnal cycle
of differences of TSK and T2 between WRF_PV and WRF_CTL. The shaded areas represent the 95% confidence interval based
on mean ± 1.96 × standard error.

The combined skin temperature TSK_PV exhibited an intermediate thermal behavior. Its peak temperature appeared at250

14:00, consistent with both �G and TSK_CTL, with a maximum of 39.9°C, which was 0.7°C lower than the control peak
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(Fig. 6a). As shown in Fig. 6b, from afternoon to midnight, TSK_PV was significantly lower than TSK_CTL, with the

difference reaching up to -2.2 °C at 18:00. The cooling was dominated by �G , with minor influence from �PV . Between

midnight and sunrise, TSK_PV became significantly higher than TSK_CTL, reaching a maximum difference of +0.6°C at

06:00, driven by the higher �G . Generally, TSK_PV was lower than TSK_CTL during daytime (08:00 – 19:00), with an255
average temperature difference of -0.9 ° C. During nighttime (20:00 – 07:00), the temperature difference was negligible,

averaging -0.07 °C.

The T2 difference between WRF_PV and WRF_CTL showed a significant daytime warming, averaging +1.8 °C and

peaking at +3.5 °C at 13:00 (Fig. 6b). This indicated that the PV panels warmed the near-surface air temperature. At night,

the differences were minor, with an average of -0.1°C. Moreover, the diurnal temperature range of the ambient air increased260
under the PV scenario. Notably, compared with WRF_CTL, WRF_PV exhibited a decrease in TSK but an increase in T2,

implying a redistribution of heat between the surface and the lower atmosphere. This differential response motivates a more

detailed examination of the radiative processes involved and of how surface energy is partitioned at the land surface.

4.3 Impacts on local energy budget

Figure 7a illustrates that the PV deployment notably altered the daytime radiative balance. The most pronounced feature265

was a strong reduction in upward shortwave radiation (SWup), reaching up to -97 W m-2, with a daytime average difference

of -48 W m-2. An exception occurred shortly after sunrise and before sunset, when SWup showed brief positive anomalies

due to specular reflection from the PV panels at large solar zenith angles. Consistent with the differences in SWup , the net

radiation (NetRad) showed a pronounced positive anomaly that peaked at 99 W m-2, with a daytime mean increase of 56 W

m-2. These changes confirmed that more radiative energy was available at the surface during the day under the PV scenario.270

The increase in NetRad was also partly attributed to a reduction in upward longwave radiation (LWup ), which decreased

through most of the day, consistent with the cooler skin temperature and the lower emissivity of the PV panel surface.

Overall, the increase in NetRad provided additional available energy at the surface under the PV scenario, driven by the

reduced upward shortwave reflection and the diminished upward longwave emission.
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275
Figure 7: (a) Diurnal cycle of differences of downward shortwave radiation ( SWdown ), upward shortwave radiation ( SWup ),
downward longwave radiation (LWdown), upward longwave radiation (LWup), and net radiation (NetRad) between WRF_PV and
WRF_CTL, averaged over all PV grid cells. (b) Diurnal cycle of differences of net radiation, sensible heat flux (SH), latent heat
flux (LH), ground heat flux (GRDFLX) and electrical power output (Pout) between W RF_PV and WRF_CTL, averaged over all
PV grid cells. The shaded areas represent the 95% confidence interval based on mean ± 1.96 × standard error.280

Figure 7b shows the differences in non-radiative fluxes, averaged over all PV grid cells. Electrical power output peaked

at 36 W m-2, with a daytime mean of 22 W m-2. This energy conversion represented an anthropogenic sink of surface energy

and reduced the fraction of absorbed radiation that can be released as heat. The sensible heat flux (SH) in WRF_PV

increased significantly during daytime, with a maximum difference of 92 W m-2 and a daytime mean of 46 W m-2. This

increase was attributable to higher �PV and the larger surface area provided by the double-sided panels. This enhancement285

indicated intensified upward heat transport from the surface into the atmosphere, which contributed to the daytime warming

of the ambient air (Fig. 6b). At night, however, SH difference became negative, with an average difference of -16 W m-2,

indicating an enhancement of downward sensible heat transfer from the atmosphere to the PV-ground system. When

averaged over the entire diurnal cycle, SH showed a positive mean difference of 15 W m-2. The latent heat flux (LH)

exhibited an overall decrease under the PV scenario, with a daily mean decrease of about 2 W m-2, corresponding to roughly290
8% of total evaporation. This reduction reflected the suppression of surface evaporation caused by panel shading. The

ground heat flux (GRDFLX), defined as positive downward, also showed distinct diurnal changes. It decreased during

daytime by 15.3 W m-2, indicating that less energy penetrated into the soil due to panel shading. During nighttime, by

contrast, GRDFLX became positive by 14.9 W m-2, meaning that the upward release of soil heat toward the surface was

weakened. When averaged over the full diurnal cycle, the net change in GRDFLX was nearly zero, reflecting that the295
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reduced daytime storage was canceled out by the reduced nighttime release. This indicated a decrease in soil heat content

and a weaker diurnal heat exchange (Fig. 8). Overall, the PV installation not only increased the total available surface energy

but also redistributed it. After PV deployment, energy was shifted from the subsurface to the atmosphere, as sensible heat

exchange increased during the day while ground heat storage weakened. This shift reconciled the cooler surface with a

warmer near-surface atmosphere.300

Figure 8: (a) Mean diurnal cycle of the 0-7 cm soil temperature in WRF_PV and WRF_CTL, averaged over all PV grid cells.

Having discussed the surface responses above, we now focus on the atmospheric feedbacks induced by PV installation,

as reflected in the downward longwave and shortwave fluxes (LWdown and SWdown , Fig. 7a). LWdown increased slightly,

while SWdown decreased significantly in the afternoon, with the largest difference of -17 W m-2 occurring at 14:00, and a305
daytime mean difference of -5.2 W m-2. The daytime mean difference accounted for approximately 1% relative to the

daytime mean SWdown in WRF_CTL. This attenuation indicated that PV deployment affected the local solar resource and

surface radiative forcing, with implications for PV yield estimation. The reduction in SWdown was due to an increase in low

cloud fraction (Fig. 9a). The low cloud fraction anomaly remained slightly positive throughout the day with a significant

increase of approximately 1 to 2% in the afternoon, when the decrease in SWdown was most pronounced. This rise in low-310
level clouds was consistent with the changes in vertical velocity and atmospheric stability (Fig. 9b and 9c). The vertical

velocity showed positive anomalies (upward motion) between 600 and 850 hPa during 10:00–16:00, indicating locally

intensified lifting driven by PV-induced enhanced sensible heat flux over the PV-covered area. Consistently, the static

stability difference showed negative anomalies below about 600 hPa during daytime, reflecting reduced stability associated
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with the intensified thermal convection. Therefore, PV deployment not only shifted the surface energy partitioning but also315
changed the radiative energy input through land–atmosphere feedbacks,.

Figure 9: Mean diurnal cycle of the difference of (a) low cloud fraction (below 600 hPa), (b) vertical velocity (cm s-1) and (c) static
stability (10-4 K m-1) between WRF_PV and WRF_CTL, averaged over all PV grid cells. The shaded area in (a) and dotted
portions in (b) and (c) represent the 95% confidence interval based on mean ± 1.96 × standard error.320

4.4 Impacts on precipitation

Figure 10 shows the distribution of quantile-based differences in precipitation between WRF_PV and WRF_CTL over

the PV farms and surrounding areas (D03 in Fig. 1). Overall, the median values remained close to zero below the 60th

percentile, indicating that PV deployment exerted little influence on light rainfall. From the 60th to 95th percentile, the

differences turned negative. In contrast, precipitation above the 95th percentile exhibited a pronounced positive shift, with325
about 64% of grid points showing an increase. This contrasting pattern indicated that PV panels may reduce moderate
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precipitation but intensify extreme precipitation events, although the regional-mean total precipitation showed little change

(not shown). Moreover, the increased share of extreme precipitation occurred across many more grid cells than those

covered by PV. Hence, PV forcing triggered a nonlocal intensification of extreme precipitation.

330
Figure 10: Quantile-based differences in total precipitation between WRF_PV and WRF_CTL in D03. For each grid point,
precipitation amounts within the 10th, 20th, …, and 95th quantile intervals were summed and expressed as fractions of the 7 year
cumulative precipitation. The differences in these fractions (WRF_PV minus WRF_CTL) were then computed for each grid point
and summarized across all grid points to obtain the distribution of changes in precipitation contribution for different intensity
categories.335

5 Conclusions and Discussion

In this study, we developed a coupled WRF-PV model and applied it to summer conditions in northwestern China to

assess the regional climatic impacts of utility-scale PV installations. The coupling maintains surface energy balance closure

between PV arrays and the underlying ground. This model provides a unified, physically consistent land–atmosphere

framework for resolving PV-induced changes in surface energy balance and atmospheric response.340
Evaluations showed that our model captured the spatial patterns of temperature and precipitation, the diurnal

temperature cycle, and the precipitation frequency distribution. Moreover, the inclusion of the PV model improved the

simulation of the skin temperature over PV farms, yielding a lower RMSE than WRF_CTL. During daytime, PV

installations cooled the skin temperature (mean 0.9°C, maximum 2.2 °C). This cooling is consistent with multiple remote

sensing analyses of PV farms, which reported surface cooling of about 0.5 to 2 °C (Zhang and Xu, 2020; Fan and Huang,345
2021; Guoqing et al., 2021; Wang et al., 2024; Xu et al., 2024). Furthermore, PV deployment increased sensible heat flux

while reducing latent heat and ground heat fluxes in the daytime, in good agreement with site measurements (Broadbent et

al., 2019; Jiang et al., 2021). The enhanced sensible heating arose from increased net radiation and reduced latent and ground

heat fluxes. Consequently, daytime 2 m air temperature increased (mean 1.8 °C, maximum 3.5 °C). This result is

comparable to the near-surface warming of about 0.2 to 2.6 °C reported in previous site measurements (Barron-Gafford et al.,350
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2016; Yang et al., 2017; Broadbent et al., 2019; Wu et al., 2020; Jiang et al., 2021; Li et al., 2023; Zhang et al., 2024).

Additionally, enhanced sensible heating reduced lower atmospheric stability and promoted upward motion, increasing low-

level cloud fraction and thereby weakening incoming shortwave radiation. PV installations also affected regional

precipitation, reducing moderate rainfall and increasing extreme events.

Several previous numerical studies reported similar PV-induced effects, including higher air temperature and increased355
cloud fraction (Li et al., 2018; Lu et al., 2021; Long et al., 2024). Yet the magnitudes of these changes were much larger than

those in our simulations. A key reason is that these simulations assigned an effective albedo to the entire grid cell to

represent PV installations. In reality, PV panels occupy only part of the grid cell, so the panel effective albedo should be

area-weighted with the albedo of the exposed ground between the rows. By neglecting the space between PV rows, the

approach exaggerated the albedo contrast and the resulting radiative forcing. In addition, these studies neglected the low heat360
capacity of PV panels and the removal of energy from the subsurface, even though both mechanisms would induce a

pronounced diurnal cycle in PV thermal effects and limit the persistence of warming. As a result, these simulations yielded

stronger atmospheric responses. By contrast, our WRF-PV model explicitly represented panel coverage fraction, panel

thermal properties and shading effects, leading to results closer to observations. As for precipitation, previous experiments

using the effective albedo method generally reported increases in total precipitation (Li et al., 2018; Lu et al., 2021), whereas365
our simulation showed little change in total precipitation but a redistribution toward extreme precipitation.

However, this study considered only the evaporation change, without examining other hydrological processes including

soil moisture variability and vegetation changes, and the potential effect of the panel cleaning process was not included

(Yavari et al., 2022). In the future, a coupled land–atmosphere–ecosystem model should be developed to evaluate the

impacts of utility-scale PV development on ecosystem processes, including agricultural responses (Weselek et al., 2019).370
Despite these limitations, this study provided a framework to assess how utility-scale PV installations influence surface

energy balance, land–atmosphere interactions, and regional climate.

Code, data, or code and data availability

The WRF-PV model code, configuration files, and processed datasets used in this study are archived at Zenodo and are

publicly available at: https://doi.org/10.5281/zenodo.18919333 (Chen, 2026). The PV module was implemented based on375
version 4.4.2 of the WRF (Skamarock et al., 2019), which is publicly available from the WRF official repository:

https://github.com/wrf-model/WRF/tree/release-v4.4.2. The MODIS land surface temperature data used for model evaluation

are available from the NASA Earthdata archive (https://earthdata.nasa.gov). The China Meteorological Forcing Dataset (He

et al., 2020) is publicly available from the National Tibetan Plateau Data Center (https://data.tpdc.ac.cn).
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