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Introduction: Agrivoltaic (AV) systems combine photovoltaic (PV) power generation
with agriculture to enhance land use and energy production. However, accurately
predicting the microclimate within AV systems remains a challenge, primarily due to
existing models failing to get their inherent temporal and spatial variability.
Methods: To address this, this study used long short-term memory (LSTM) networks
to process time-series data and incorporated an attention mechanism to adjust the
importance of temporal features. The model considered two environmental
parameters, including solar radiation intensity and air temperature. Data collected
from experimental AV systems with different PV panel density in Nanjing, China. The
performance of the LSTM-Attention model was compared with traditional machine
learning methods and standard LSTM models.
Results: The results demonstrated that the LSTM-Attention model outperformed
the other models in predicting both solar radiation intensity and air temperature
within AV systems with different PV panel density. Speci� cally, the Root Mean
Square Error (RMSE) for radiation intensity predictions decreased by 28.0%,
35.7%, and 42.1% at different coverage densities. For air temperature
predictions, the RMSE dropped by 39.0% in summer and 18.1% in winter.
Importantly, the LSTM-Attention model maintained stable prediction
performance even in winter and rainy weather conditions.
Discussion: The results indicated that the LSTM-Attention model could effectively
captured the complex temporal variations in solar radiation and air temperature
within AV systems, especially under varying weather conditions. The study provides
theoretical support for improving crop management strategies within AV systems.
KEYWORDS

agrivoltaics, microclimate prediction, attention mechanism, long short-term memory,
solar radiation, air temperature
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1 Introduction

Agrivoltaics is an emerging agricultural model that combines
photovoltaic (PV) power generation with farming, allowing for
more ef�cient use of land (Brown, 2018; Stid et al., 2025). In recent
years, agrivoltaics (AV) systems have become increasingly popular
as a way to combine renewable energy generation with farming (Li
et al., 2022a). They have been given a lot of attention from
researchers and businesses due to their dual environmental and
economic bene�ts (Chopdar et al., 2024).

In AV systems, microclimate have a direct impact on the
photosynthetic ef�ciency and physiological metabolic processes of
crops, affecting the productivity and bene�ts of the system (Ghosh,
2023; Moon and Ku, 2023). The intensity of solar radiation that
drives the process of photosynthesis is crucial for determining the
rate of dry matter production and the �nal quality parameters of the
crop (Gnayem et al., 2024). Air temperature also affects the activity
of enzymes and respiration in plants, controlling the growth cycle
and stress resistance performance (Gong et al., 2025). It has been
found out that the shading caused by the PV panel results in
signi�cant changes in the radiation intensity both in space and time,
and these changes in the light environment led to complex
temperature �eld changes via alterations in the surface energy
balance. All these together can cause physiological problems such
as photoinhibition or heat stress for crops. As a non-linear system
that is in�uenced by various factors such as the angle of the sun,
clouds, and the shape of the PV array, AV systems display clear
temporal and spatial variations in their microclimatic parameters
(Pandey et al., 2025). To get a good grasp of the coupling among
solar radiation and air temperature and to build up precise
prediction models would offer some help to make decisions
concerning crop cultivation and at the same time it would also
form the basis for designing PV arrays and intelligent control
systems (Zainali et al., 2025). Although environmental prediction
for PV greenhouses is relatively well-established, there is still
limited research on environmental prediction in open-�eld AV
systems. Open-�eld AV systems differ signi�cantly from
greenhouse setups, primarily due to the lack of physical
enclosures and the direct interaction between crops and external
environmental factors such as wind, precipitation, and solar
radiation. Consequently, accurately predicting microclimates in
these systems is critical for optimizing both agricultural
production and energy generation. By improving the prediction
of environmental factors such as solar radiation and air
temperature, it could provide data-driven insights that can assist
in designing more ef�cient PV panel layouts and management
strategies for crop cultivation.

The current methods used for predicting microclimates in AV
systems include three main types of modeling methods: mechanistic
approach, computational �uid dynamics (CFD), and data driven
method (Li et al., 2021; Williams et al., 2023; Yajima et al., 2023). In
practical applications, PV modules block incoming solar radiation
in AV systems, forming moving shadows on the ground surface
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such as farmland, which affects the microclimate. Therefore,
mechanistic models generally use solar radiation theory or
thermodynamics to study the light distribution and dynamic
energy-mass exchange process in these systems. For example, Ma
Lu et al. (2022) developed a photosynthetic active radiation (PAR)
decomposition model according to the Spitters light response curve
theory. By adding cloud cover improvement elements and satellite-
based information, they decreased the prediction mistake of the
diffuse PAR part to 23.75% at a 30-minute time scale in temperate
regions. Zhang et al. (2025) created a spatiotemporal dynamic
model for the PV shading width, allowing for the quantitative
prediction of the shading effect. Peng et al. (2023) created a light-
electricity-heat coupling multi-physics model for PV greenhouses.
They achieved a dynamic match between the coverage of PV panels
and the photosynthetic characteristics of strawberries by optimizing
the PAR and net photosynthetic rate models together. Some
parameters are quite hard to get right, such as convective heat
transfer coef�cients and longwave radiation exchange coef�cients.
Additionally, the effect of crops on the surrounding environment
continues to be a topic of active research, making it challenging to
develop complete mechanistic models for AV systems (Zhang
et al., 2025).

The CFD model is a special type of mechanistic models (Bellone
et al., 2024). Recently, CFD modeling approaches have been
extensively employed in studies of AV systems. A representative
study by Joseph et al. (2025) implemented coupled multi-physics
simulations incorporating source-sink terms within a CFD
framework to analyze microclimates in AV systems. The study
reduced numerical diffusion artefacts in shaded obstacle
simulations through the re�nement of the discrete ordinates
radiation method. Williams et al. (2023) conducted a
comprehensive CFD-based microclimate analysis examining the
coupled effects of panel elevation, surface re�ectivity, and plant
water loss in AV systems. Gong et al. (2025) applied a CFD thermal
environment model to explore the thermal regulation in AV
systems with different panel heights. While these established CFD
models can accurately simulate microclimate distribution within
AV systems, they require substantial computational resources. In
conclusion, CFD models are better suited for applications that do
not have high real-time computation requirements such as
agricultural buildings’ structural optimization and energy
consumption simulation, rather than real-time environmental
control in AV systems (Zainali et al., 2025).

The rapid development of arti�cial intelligence and computing
technologies has prompted increasing adoption of data-driven
models for microclimate prediction (Li et al., 2022b; Huang et al.,
2024; Li et al., 2025). Although the training process demands
considerable computational resources, these models achieve rapid
prediction speeds post-training, with their accuracy being highly
contingent upon both dataset quality and algorithmic design.
Commonly employed machine learning approaches include
regression models and convolutional neural networks (Giudici
et al., 2023). Among these, the long short-term memory (LSTM)
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have emerged as a prevalent algorithm for time-series processing
(Wu et al., 2024), �nding particular application in agricultural
building microclimate prediction due to their superior capability
in handling sequential data (Geng et al., 2024). However, as the
forecasting horizon extends, there is a signi�cant decline in
prediction accuracy, making the achievement of precise
microclimate predictions under complex scenarios a key
research challenge.

As a major innovation for processing sequence data, attention
mechanisms dynamically allocate focus among inputs to enhance
the model’s capability to recognize and leverage important
information (Guo and Feng, 2024). Recent advances have
demonstrated its effectiveness in enhancing model predictive
performance. Mao et al. (2024) integrated attention mechanisms
into BiGRU networks; the computed attention weights for hidden
state vectors greatly enhanced the extraction of temporal features in
greenhouse environments. Jiang et al. (2022) introduced an
Attention-LSTM architecture which yielded impressive results in
predicting indoor temperature 90 minutes ahead. They used a four-
head attention mechanism to dynamically weight important
features such as past temperatures, exterior wall temperatures,
and predicted outdoor temperatures, resulting in a coef�cient of
determination of 0.9, which is a 26.1% improvement over
traditional LSTM methods. However, research on applying
attention mechanisms to enhance model predictive performance
in AV systems remains relatively unexplored.

PV panel coverage density, which is an important structural
parameter affecting the microclimate of AV systems, directly affects
the spatial distribution patterns and dynamic changes of
photothermal resources. The shading effect of PV panels with
different coverage densities greatly changes the surface energy
balance, causing spatiotemporal differences in the radiation
intensity and temperature �eld, thereby affecting the
photosynthesis ef�ciency and physiological metabolic process of
crops (Tan et al., 2025). To conduct microclimate parameter
prediction research on multiple density scenarios can not only
clarify the quantitative response relationship between the coverage
of PV panels and the microenvironmental factors, but also provide
data support for optimizing the con�guration of PV arrays, so as to
achieve the goal of improving the ef�ciency of power generation and
agricultural production at the system level.

To deal with the considerable temporal variation and spatial
disparity of microclimate parameters in AV systems, and the
reduced predictive precision with longer forecasting intervals, this
research created an LSTM-Attention based multi-parameter
microclimate prediction model. The model used a multi-
dimensional environmental parameter combination such as the
PV panel coverage density and photothermal environment and
adopted an attention mechanism to dynamically weight important
temporal factors. This method was able to make highly accurate
forecasts of the microclimate in AV systems during different
seasons and weather conditions, which provided a theoretical
basis for optimizing the allocation of light and thermal resources
and managing crops.
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2 Materials and methods

2.1 Experimental AV systems

The experimental AV park located in Nanjing, China (31.6°N,
119.2°E). This park covered a total area of 47 hectares at an altitude
of 360 meters, which was constructed in 2016 by Shenzhen Energy
Group. Operating under an AV model, it comprised eight array
units (Figure 1a). The park was estimated to reduce CO2 emissions
by 19,800 t per year, which is equivalent to saving 7,900 t of
standard coal. estimated to reduce CO2 emissions by 19,800 t per
year, equivalent to saving 7,900 t of standard coal. The experimental
area has a subtropical monsoon climate with obvious
seasonal changes.

The AV system adopted a south-facing array con�guration with
a total span of 6.8 m. Under full-density coverage, the PV modules
were arranged in four tightly packed horizontal rows (Figure 1b).
The modules were mounted at a 24° tilt angle on F300 concrete
piles, with the lower edge positioned 2.5 m above ground level. The
polycrystalline silicon PV modules had a rated power output of 265
Wp, with a dimension of 1640 × 992 × 35 mm (L × W × H).
Considering that low PV array coverage would result in impractical
investment recovery periods while accounting for retro�tting costs,
the study established two typical PV coverage densities of the
moderate-density (MD) and the high-density (HD), based on a
tightly packed con�guration of 4 horizontal rows representing the
full-density (FD) (Figure 1c). The vertical projection ratios of these
coverage levels (the total vertical projection area of the modules on
the farmland/the area of the farmland where the photovoltaic
modules are installed) are 53.3%, 40.0% and 26.7% respectively.
2.2 Data acquisition

To investigate the shading effects of PV arrays, varying PV
panel deployment densities (full-density, FD; high-density, HD; and
moderate-density, MD) were employed to establish quantitative
relationships between shading ratios and microenvironmental
parameters, thereby comprehensively covering typical operational
scenarios. The monitored AV system in this study comprised four
distinct sensor monitoring zones: three inter-panel areas within AV
systems with different panel coverage densities and an open-�eld
area without PV panels. The environmental parameters monitored
included global solar radiation, temperature, relative humidity, soil
moisture, precipitation, wind speed and direction, both within and
outside the AV systems. Detailed speci�cations of the sensor models
and their parameters are provided in Table 1. The data recording
system integrated a compact weather station recorder, equipped
with solar radiation sensors, temperature sensors and
other instruments.

As shown in Figure 2a, all sensors were placed for long-term,
continuous monitoring at intervals of 10 min. The sensor layout
followed the following principles: Under the condition of meeting
the information collection requirements, reduce the redundancy of
frontiersin.org

https://doi.org/10.3389/fpls.2026.1755040
https://www.frontiersin.org/journals/plant-science
https://www.frontiersin.org


Zhang et al. 10.3389/fpls.2026.1755040
sensor con�guration; Taking into full account factors such as
shading of PV modules, plant height, and root length of plants,
the expected test results can fully re�ect objective laws. The spatial
distribution of sensor locations was presented in Figure 2b. The data
collection period spanned from June 15, 2023, to June 15, 2024,
which covered an entire year, including all four seasons. Speci�cally,
the data collection included critical periods such as the summer
solstice, with the training set from June 15, 2023, to July 5, 2023, and
the validation set from July 16, 2024, to July 24, 2023, representing
high-temperature and high-radiation conditions. The winter
solstice, with the training set from December 8, 2023, to
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December 28, 2023, and the validation set from December 29,
2023, to January 6, 2024, representing low-temperature and low-
radiation conditions. In addition, we selected data from various
weather conditions to enhance the model’s robustness. The sensors
operated continuously with 10-minute intervals to monitor
parameters. The experimental protocol set daytime as 06:00-18:00
and nighttime as 18:00-06:00+1 (Zhang et al., 2023). According to
the observation of cloudiness, precipitation record and sunshine
duration measurement, the weather condition during the study
period was divided into three types, clear sky, overcast and rainy
condition (Zhang et al., 2025).
TABLE 1 Details of speci�cations of sensors for environmental data collection.

Type Manufacturer Model Measured variable Accuracy

Air temperature and humidity sensor

Onset Co., Ltd., USA

HOBO
UX100-011A

Air temperature
Relative humidity

– 0.2°C
– 2.5%

Total solar radiation intensity sensor
HOBO
S-LIB-M003

Solar radiation intensity – 10 W/m2

Temperature sensor
HOBO
S-TMB-M006

Soil temperature and PV panels
temperature

– 0.2°C

Soil moisture sensor
HOBO
S-SMC-M005

Soil moisture – 3.1%

Small weather station data recorder
HOBO
H21-USB

— —

Rain gauge cylinder Shandong Jianda Renke
Electronic Technology Co., LTD.,
China

RS-YL-6 Precipitation 0.5 mm

Wind speed and direction sensor
RS-FSJT-N01
RS-FXJT-360

Wind speed and direction
0.1 m/s
360°
FIGURE 1

Location of the AV systems and different structure with 3 coverage densities: (a) Experimental AV base; (b) PV array structure; (c) Arrays with 3
different coverage densities of the moderate-density (MD), the high-density (HD) and the full-density (FD).
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2.3 Data preprocessing

2.3.1 Missing values
In order to make sure that data imputation can be feasible and

to prevent long-distance false interpolation due to too much
missing data, this study used box plots to remove outliers from
the collected data. Then, the missing values were �lled with mean
imputation, linear interpolation, and data from the closest position
with similar weather conditions (Ritter, 2023).

2.3.2 Normalization
To ensure data consistency and improve processing ef�ciency,

the study normalized all the input environmental elements to the
interval [0, 1]. Normalization of the input data X1, X2, X3… XN was
performed by Equation 1 (Singh and Singh, 2020; Yang et al., 2023).

X = �
Xi � Xmin

Xmax � Xmin
(1)

Where, Xi is the original data, Xmin is the minimum values of
the original dataset, Xmax is the maximum values of the original
dataset, and X is the normalized value after transformation.

2.3.3 Correlation analysis
The collected environmental data were analyzed by the Pearson

correlation coef�cient (PCC) method. The PCC measured the linear
correlation of two continuous random variables, as shown in Equation
2. The PCC ranges from -1 to 1, where values approaching 1 indicate
stronger correlations between variables (Jiang et al., 2025).

R = op
k=1(Xk � �X)(Yk � �Y)

�����������������������������
op

k=1(Xk � �X)2
q �����������������������������

op
k=1(Yk � �Y)2

q (2)

Where, Xk and Yk are the k-th feature variable and
environmental sample data, p is the number of samples, �X and �Y
are the mean values of the feature variables and the environmental
data from the AV systems.
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2.3.4 Data preparation
To rigorously evaluate model robustness under extreme

climatic conditions, we speci�cally selected data from 30-day
periods centered around the summer solstice (representing high-
temperature, high-radiation conditions) and winter solstice
(representing low-temperature, low-radiation conditions) for
model training and validation. The dataset was partitioned such
that each seasonal subset contained 21 consecutive days (70% of
data) for training and 9 consecutive days (30%) for validation. The
sensor records every 10 minutes, and a single environmental
parameter generates 1,008 measurements per day. For a single
environmental parameter, the training set for each season
contained 3,024 environmental data points (21 days), and the
validation set contains 1,296 data points (9 days). The whole
process of data processing and microclimate prediction of AV
systems in this study was shown in Figure 3.
3 Models for solar radiation and air
temperature prediction

3.1 Long short-term memory

Microclimate variables in agrivoltaic systems exhibit strong
temporal dependence, long-range dependencies, and nonlinear
�uctuations due to moving shadows, cloud dynamics, and
seasonal changes, which calls for a time-series model that can
robustly learn long sequences. LSTM, with its gated architecture,
effectively mitigates vanishing/exploding gradients in long-
sequence modeling and is therefore well-suited for capturing
long-term temporal patterns (Hochreiter and Schmidhuber, 1997;
Landi et al., 2021). The LSTM architecture has a complex gate
mechanism for controlling the �ow of information and updating
cell states, thus controlling both information storage and
transmission. As shown in Figure 4, the LSTM gating system
comprises four fundamental units. At each timestep t, the model
FIGURE 2

Monitoring scene and experimental measuring point: (a) Monitoring scene; (b) Arrangement of the experimental measurement points.
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processes 3 inputs: (i) the external input at t, (ii) the LSTM unit
output at t-1, and (iii) the cell state at t-1. These inputs undergo
transformation through the gating units to produce updated
outputs and cell states (Fang et al., 2021). The mathematical
formulations governing these operations were provided in
Equations 3–8.
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ft = s(Wf · ‰ht � 1, � xt � + bf ) (3)

it = s (Wm · ‰ht � 1, � xt � + bm) (4)

~ct = tanh (Wc · ‰ht � 1, � xt � + bc) (5)
FIGURE 3

Microclimate prediction process.
FIGURE 4

Door structure of long short-term memory. Ct-1 is cell state at time t-1, Ct is cell state at time t, ht-1 is output at t-1, ht is output at t, ft is forget gate,
mt is update gate, ot is output gate, ect is cell state, s is activation equation and tanh is hyperbolic tangent function.
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