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Abstract: This paper investigated an innovative prediction approach using the bidirectional long short-term memory (BiLSTM) model
for the forecasting of solar radiation in the smart farm in Naju, South Jeolla Province. Accurate solar radiation prediction holds
substantial significance in facilitating efficient solar power generation, significantly impacting agricultural sustainability and resource
utilization. This study rigorously assessed the effectiveness of various predictive models for forecasting solar radiation, a crucial factor
in optimizing solar energy utilization in greenhouse settings. The variety of statistical and machine learning models aims to improve
the accuracy of solar radiation prediction, which is crucial for precise energy management and cultivation practices. An hour-ahead
mean absolute error (MAE) of 13.53 demonstrated the proposed BiLSTM model’s impressive forecasting capabilities. The comparative
analysis among individual models then revealed that the LSTM model achieves an MAE of 15.23, extreme gradient boosting (XGBoost)
at 24.64, and autoregressive integrated moving average (ARIMA) at 28.52. This exploration underscored the important role of accurate
solar radiation forecasting, specifically highlighting the effectiveness of the BILSTM model in optimizing solar power generation within
greenhouse environments. Its importance extended to the promotion of sustainable agricultural practices and the improvement of
resource-efficient energy control strategies.
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1. Introduction

The World Energy Outlook (WEO) 2017 highlights
a projected surge in global energy demand due to the
By 2040, it is expected
to increase by an additional 30% from 2016 levels, with

expanding world population.

a significant portion attributed to the anticipated rise in
consumer electricity usage. Furthermore, the WEO predicts
that around two-thirds of future global investments in new
power plants will be directed toward renewable energy
sources by 2040, with solar energy emerging as the
primary contender (see reference [1]). Many countries are

currently investigating the integration of renewable energy

sources into their power systems, which presents additional
problems due to the fluctuation of resources such as solar
radiation and wind. Therefore, effective prediction of
solar radiation, especially during periods of high-energy
integration (see [2]), is crucial. One of the greatest
challenges for the near future of global energy supply will
be the extensive integration of renewable energy sources,
particularly unpredictable ones such as wind and solar,
into existing or future energy supply structures. Electrical
operators must ensure a precise balance between electricity
production and consumption at all times to ensure seamless
electrical network operation (see Figure 1). However, the

agricultural industry has experienced a notable shift toward
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controlled environment agriculture (CEA) practices, with
greenhouse cultivation emerging as a prominent method
to enhance crop growth and yield. Greenhouses offer
growers the ability to regulate environmental parameters
such as temperature, humidity, and light exposure, creating
optimal conditions for plant growth. Among these
environmental factors, solar radiation plays a pivotal role
in influencing plant photosynthesis, transpiration, and
general physiological processes. These compelling reasons
underscore the critical role of forecasting in both the energy
production and consumption domains. Consequently, the
necessity for effective forecasting models becomes apparent.
Solar photovoltaic projects, which use multiple solar panels
to convert sunlight directly into electricity, highlight the
critical need for precise forecasting approaches to optimize

energy use and ensure grid stability (see [3]).

An energy system is being investigated in this smart farm
environment for its potential to combine a backup wood
pellet boiler with solar photovoltaic (PV)-powered heat
pumps, therefore guaranteeing the total system’s stability.
In both winter and summer, this system maintains the air
quality of the farm to its ideal. The main power source,
a grid-connected solar PV system, allows heat pumps,
water circulation circuits, and fan coil units (FCUs) to
run continuously throughout the year. Without relying on
heat pumps, PV panels run continuously, with the grid
balancing any excess or shortage of solar power. During
the winter months, if solar energy is insufficient to meet
the heat demand, the wood pellet boiler supplements the
heating load. In contrast, during periods of no heating
or cooling demand, surplus solar energy is exported to
the grid, contributing to overall energy sustainability. The
authors recently conducted research on the efficacy of an
integrated renewable energy framework, consisting of PV
solar power plants, air source heat pumps (ASHPs), and a
wood pellet boiler, in meeting the power requirements of
smart farms located in South Korea. [4-6]. This research
serves as foundational motivation for the current study,
with the objective of further optimizing energy efficiency
and sustainability in agricultural operations. Recently,
Figures 2 and 3 illustrated the design and diversity of
the farm in South Korea. This greenhouse grows a

diverse variety of crops, including bell peppers, tomatoes,
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apples, and mangoes, all of which thrive under carefully
controlled conditions. Researchers have focused on the
comprehensive technological and ecological assessment of
hybrid renewable energy systems for smart agriculture in the

Republic of Korea [4].

Time series analysis and forecasting have traditionally
relied on autoregressive integrated moving average
(ARIMA) and its variants, such as seasonal ARIMA
(SARIMA) and ARIMA with Explanatory Variables
(ARIMAX) [7].
modeled using these techniques [8—10], but new ways

Several time series issues have been

of evaluating time series data have emerged, based on
deep learning (DL) and machine learning (ML). Various
forecasting models, such as random forests, gradient-
boosted trees, and deep learning, were used to model
the Standard & Poor’s 500 (S&P 500) Index in [11-13].
The authors acknowledged the significant difficulty of
training DL algorithms, including neural networks [11, 14].
According to Lee [15], a method for forecasting stock
returns was presented using recurrent neural networks
(RNNs).
modifying the RNN’s internal layers to vary the threshold

The method involved building portfolios by

levels of returns.

The most appropriate research that contrasts the
capabilities of bidirectional long-short-term memory
(BILSTM) is [16, 17]. Kim and Moon found that the
unidirectional LSTM performs worse than the BiLSTM
model, which is based on multivariate time series data [16].
Bidirectional and unidirectional LSTM networks were
combined into a stacked architecture in [17], which showed
better performance than unidirectional and BiLSTM
networks in predicting network traffic speed. This article
expands on earlier research [18,19] by comparing three-time
series modeling standards, ARIMA, LSTM, and BiLSTM.
The comparison was made to predict economic and financial
time series and parameter tuning. Although bidirectional
training has shown promise for classic prediction tasks
such as building schedulers [20] and anticipating software
vulnerabilities [21], its effectiveness in learning time series
data, particularly financial and economic data, is still up
for debate. In order to fill this research gap, the following
questions will be investigated in this paper: (i) Do learning
time-series data in both directions—from the past to the
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future and from the future to the past—improve prediction
accuracy? (i) How is input data treated differently in
LSTM and BiLSTM architectures? Therefore, the main
goals of our current work are to (1) find out if adding more
training layers to the LSTM design enhances prediction
performance; and (2) research how the LSTM and BiLSTM

architectures handle input data differently.

Based on the preceding ideas, we conduct an analysis of
solar radiation forecasting in a smart farm. Our research
is conducted in the Jeollanamdo Agricultural Research
and Extension Services, 1508 Senam-ro, Sanpo-myeon,
Naju-si, Jeollanam-do, Republic of Korea. In addition,
this study rigorously assesses the effectiveness of various
predictive models in forecasting solar radiation, a crucial
factor in optimizing solar energy utilization in greenhouse
settings. The range of statistical and machine learning (ML)
models aims to improve the accuracy of solar radiation
prediction, which is vital for precise energy management
and cultivation practices. In particular, the proposed
BiLSTM model achieves an hour-ahead mean absolute error
(MAE) of 13.53, showcasing its impressive forecasting
capabilities. Further comparative analysis among individual
models highlights the superiority of the BiLSTM model.
Finally, simulation results are visualized to offer insights
into the effectiveness of each model.

Mathematical Modelling and Control

(b)

Figure 2.  Visualization of the smart farm

in Naju, South Jeolla province: (a) schematic
representation, (b) photograph of the operational

farm (see reference [4]).
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(b)

Figure 3. Solar-powered energy system for a

smart farm in Naju, South Jeolla province: (a)
paprika and tomato, and (b) apple and mango (see

reference [4]).
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2. Methodology

2.1. ARIMA

ARIMA models are used to examine temporal patterns
in time series data by using a linear regression-based
forecasting technique. Moving average (MA) and
autoregressive (AR) components are combined in these
models. The general term ARIMA(p,d, q) characterizes
this class of ARIMA models. It consists of three terms:
MA, integrated (or differencing), and AR terms. The
corresponding orders of these terms are p,d, and g. The
differencing term converts a nonstationary series into a
stationary one, whereas the AR and MA terms depend
on how strongly the time series correlates over time [23].
According to [24], the ARIMA (p,d, q) model for a time

series is represented as follows:
Vi=+ Ty e+ Ty, H O+ + O +E,

where Tyy/_| + -+ + Tpy;_, is the AR term with T} to 1),
as coefficients at p order, 611 + --- + 0,64 is the MA
term with 51 to 5,, as coefficients at ¢ order, & is an error
term for random background noise at time ¢, and y; is the

differentiating series. For first-order differentiation:
y; =y — Y1 (first-order differencing),

where y; is the observation at time .

2.2. XGBoost

A popular machine learning technique for problems such
as regression and classification, extreme gradient boosting
(XGBoost) is based on the gradient boosting decision tree
(GBDT) method [25, 26]. It incorporates an updated
version of the GBDT approach that is made to prevent
overfitting and strengthen resilience. Using weak learners
(usually classification and regression tree (CART)) and
applying gradient descent to enhance model performance,
XGBoost, which operates as an ensemble tree technique,
takes advantage of the boost principle. Based on a
gradient-boosted tree architecture, XGBoost uses an additive
approach.

Consider a dataset represented as

D = {(xl’yl)}9(|D| =n,x; € Rm,)’i € R)a
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where |D| = n denotes the number of instances, x; € R™
represents the feature vector of length m, and y; € R
is the corresponding target value. XGBoost employs K
regression trees to make predictions. Each regression tree
is constructed iteratively to minimize a loss function. Given

an input feature vector x;, XGBoost computes the prediction

by aggregating the predictions of all K trees. The final
prediction is obtained as follows:
K
5= fix), feeF. @.1)

k=1
According to the XGBoost framework, f is a tree in the F-
space, where K is the number of regression trees and x; is
the ith occurrence. Every node in the regression tree has
a score associated with it. A regularized model is part of
XGBoost to prevent overfitting. The loss function is defined
as follows:

L) = Y 1Guy) + ) Q). 2.2)
i k
In the XGBoost framework, [ represents the loss function
quantifying the disparity between J; and y,. The term
Q(fy) =T + %/lllwll2 serves to penalize the complexity of
regression trees. To illustrate, Q (f;) is defined as T, where
T is the number of tree leaves, and y and A are factors that
control the complexity of the tree. The score vector of the
leaves within 7 is also indicated by w. The main goal of the
regularized objective function is to make it easier to get a

simplified regression model that can still make predictions.

2.3. Long short-term memory

In the year 1997,
Schmidhuber laid the groundwork for the development

Sepp Hochreiter and Jurgen

of LSTM networks. One of the most prevalent challenges
encountered when training classic RNNs is the vanishing
gradient problem. The LSTM was developed with the
intention of resolving this issue. When gradients become
smaller as they propagate back through time during
training, a phenomenon known as the vanishing gradient
problem develops. This phenomenon makes it difficult
for the network to understand long-term relationships.
The mathematical expressions that govern the behavior
of LSTMs are referred to as Eq (2.3) to Eq (2.7), are as

follows:
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Input gate: T; = o(Wy, + Whilu-y + Wi + b)), (2.3)
Forget gate: I'y = oo(#y v + Whrhioy + WesCi + by),(2.4)

CSU: cgt = Ff . %,1 +1I;- tanh(%,cy, + thl’l,,l + bc), (25)
Output gate: T, = o(W5oy: + Wioli—t + Weo'6: +b,),  (2.6)
HSU: h; =T, - tanh(%,), 2.7

where y, indicates the input at time step ¢, i, refers to the
hidden state at time step #, and %; corresponds to the cell
state at time step . The symbols o and - represent the
activation function of the sigmoid and the multiplication by
elements, respectively. W stands for the weight matrices,

and b represents the bias vectors (refer to Figure 4).

ht Qutput
(o%} f X i ¥ G
t
Cell state X tanh Next cell state
t
(o) (&) tanh G
t t t t
+ + + +
t t t 1
‘ b b b b |
U —< i i — h,
Hidden state Next hidden state
X Input
Inputs: Outputs: Nonlinearities:  Vector operations:
: i New updated i Scaling of
X, Curentinput G, m;;rf; G  sigmoid layer X information
Memory from ) Adding
Cet fast LSTM unit e Cumentoutputtanh Tanh layer +  information
b, . Outputof last B Bias
8 s

1 LSTM unit

Figure 4. The structure of the LSTM neural
network. Reproduced from Yan [27].

2.4. Bidirectional long short-term memory

The BiLSTM architecture is an expansion of the
conventional LSTM architecture that integrates information
from past and future time steps. Alex Graves and Jurgen
Schmidhuber were the ones that initially presented it to
the public in the year 2005. Through the integration of
information from both previous and subsequent contexts,
the BiLSTM model enhances the LSTM skills. It has
two LSTM layers; one looks at the input sequence
forward, and one looks at it backward. By recording
bidirectional dependencies, more complete input sequence
representations are produced. When processing a sequence,
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forward LSTM layers go from the first time step all the way
to the last, while backward LSTM layers do the opposite. In
the LSTM layer forward, h; represents the hidden states and
%, represents the cell states, where ¢ is the current time step.
In the same way, 7i; and ¢, denote LSTM layers backward.

Using the following Eq (2.8) to Eq (2.10), the forward
LSTM layer updates its 7, and %,.

I7 = o (WX + Whiliy | + W62y + bi). (2.8)
Fy =0 (WapX, + Wight? + Wi 672, + by), (2.9)

€ =F7 06, + 1] @tanh(%cX, + Wil + bc),

(2.10)
07 =0 (WX + Wioliy, + Weo'6] +b,). (2.11)
n; =0; Otanh(%,"). (2.12)

Equations (2.10) to (2.17) are used by the LSTM layer
backward to update both its hidden state and cell state.

I7 =0 (WuX, + Wihiy, + WaC5 + b)), (2.13)
Fy = o (WX, + Wighy + Wef6y +by). (2.14)
¢~ =F~ 0% + 1 otanh (#. X, + Wichiy, +be), (2.15)
O = 0 (WX + Wholis) + Wo€™ +b,), (2.16)
I =0; ©tanh(%,7). 2.17)

By integrating all the hidden states from both the forward
and backward directions, 7;, as shown in Eq (2.18), we can
derive the final hidden state of the BiILSTM network at time

step 7.
= (17507 (2.18)

A concatenation operation is represented by the symbol [-].

Take a look at Figure 5.
Ye-1 Ve Ye+a
a a . a
Hr*l - Ef - HF+1 -
/\'11_1 h! h.t+1
Forward layer LSTM \ LSTM \ LSTM
Backward layer LSTM \ LSTM \ LSTM <—
BDLSTM BDLSTM \/ BDLSTM \/
Hidden layer)  Hidden layer ] Hidden layer
Xp—q 213 Xt+1

Figure 5. Unfolded architecture of BILSTM with
three consecutive steps [28].
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3. Experimenis

3.1. Data collection

The dataset was acquired using a comprehensive

surveillance system at the study site, = which
integrates various sensors to ensure accurate data
collection. It includes real-time greenhouse power

the
smart farm (as shown in Figure 6). The data was
sourced from the Republic of Korea’s JEONNAM
AGRICULTURAL RESEARCH & EXTENSION
SERVICES (https://www.jares.go.kr/main/business) and
covers the period from June 28, 2022, to December 13,
2023.

enables seamless integration of data from multiple sensors,

consumption and solar radiation data within

The use of modern communication technologies

ensuring a robust dataset for thorough research.

Box Plot of Solar Radiation by Month
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Figure 6. Solar radiation analysis by month.
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3.2. Data preprocessing

Solar radiation data collected in real-time from PV plants
in greenhouses is the dataset used in this research. A number
of preprocessing processes are carried out to improve the
quality of the data and maximize the performance of the
model before training the hybrid model to forecast solar
radiation. Table 1 summarizes the features of the dataset and
uses a forward fill method to fill missing values within the
dataset to ensure the continuity of the dataset. Additionally,
monthly variations in solar radiation are analyzed using box

plots, providing insights into seasonal trends (Figure 6). The
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multivariate time series data includes attributes alongside
solar radiation measurements, enabling a comprehensive
understanding of environmental factors influencing solar
radiation patterns. BiLSTM is employed to forecast solar
radiation, leveraging its ability to capture complex temporal
patterns. BiLSTM decomposes the time series, enhancing
the extraction of the patterns. The data is then segmented
To

evaluate performance, the dataset is split into training (80%)

into equal-length sequences for the BiLSTM input.

and testing (20%) sets for each year, enabling comparison
with established techniques like XGBoost, ARIMA, and
LSTM. This approach ensures a comprehensive assessment

of the forecast’s performance.

Table 1. Dataset features.

Attribute Description

1 Solar-radiation(kWh/m?2) Energy emitted
by the Sun (kWh/m2)
2 outside-windspeed(WS) Average

outside-(WS) (Km/h)

3 outside-temperature The Noon
temperature (C)
4 Dew-point Dew point
temperature (C)
5 Absolute-humidity Air humidity (%)
6 Outside-rain Precipitation

4. Experimental results and discussion

The effectiveness of the designed deep learning models
is evaluated through precision metrics and a range of error
indicators, which are thoroughly discussed in Sections 2
and 3. Real-world data samples are utilized to guarantee
The Adam

optimizer and mean squared error (MSE) loss function are

consistent evaluation across all experiments.

used, with early stopping configured after 500 iterations.
Running on a Windows 10 system with 32.00 GB RAM
and an Intel(R) Core(TM) i7-6700 CPU @ 3.40 GHz, the
LSTM model predicts one-hour-ahead power consumption
in greenhouses. The evaluation metrics include MAE, MSE,
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coefficient of determination (R?), and root mean squared
error (RMSE). These metrics highlight the model’s accuracy
and reliability, such as MAE = 137 |y, - |, MSE =
LS =902, B = 1= 0T and R = 1 - 200
In this context, where y; denotes the actual solar radiation
value, y; represents the predicted solar radiation value, ¥ is
the average of the observed solar radiation values, and n
stands for the total count of samples. These metrics provide
insight into the accuracy and effectiveness of our model in

predicting solar radiation.

4.1. Solar radiation forecast: one hour ahead

One of the most important parts of energy management
is solar radiation forecasting, especially when it comes
to using solar power and other renewable resources.
Several meteorological factors, including cloud cover and
atmospheric conditions, are taken into account by hour-
ahead forecasts to estimate the amount of solar radiation
that will reach solar panels in the next hour. In order to
maximize energy efficiency, we provide a BiLSTM model
for real-time prediction of solar radiation in this research.
Organizing data on past solar radiation is the first step in
making predictions. The results are shown in Table 2,
which contrasts the performance of BiILSTM with that of
the XGBoost, LSTM, and ARIMA models. By comparing
the R2 values of each model at respective time steps, we
can see that BILSTM performs better. Table 1 shows that
compared to the other models, BiLSTM has significantly
lower MAE, MSE, and RMSE, indicating that it is the most
predictively powerful. Furthermore, BiLSTM’s constantly
high R2 values highlight the great quality of fit it achieves.
Figure 7 shows side-by-side bar graphs that compare MAE
and MSE on several forecast horizons and models to make
visual comparisons easier. We will describe the most
effective experimental outcomes after running the BILSTM
model independently many times. With the help of Figure 8,
we can see how well BiILSTM predicts solar radiation. To
further illustrate their prediction accuracy across the given
time range, Figure 7 provides a detailed comparison of the
hour-ahead performance of the BiLSTM, XGBoost, LSTM,
and ARIMA models.
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Table 2. Comparison of different models based on various error indicators.

Method Resoloution Hidden Layer Epoch MAE (|) MSE () RMSE() | R2(])
ARIMA 1Hr 32 500 28.0930  5458.3886  73.8809  0.92086
XGBoost 1Hr 32 500 24.8190  5001.7666  70.7231 0.9274
LSTM 1Hr 32 500 15.2394  2571.2052  50.7070 0.9624
BiLSTM 1Hr 32 500 13.5327  2564.4634  50.6405 0.9625
MSE Comparison forecasting methods. It achieves the lowest MAE of
5000 = xSBoost 13.53 and MSE of 2564.46 while maintaining a high
mmm LSTM
4000 = BiLSTM R-squared (R?) value of 0.96. The RMSE of 50.64
w 3000 further confirms the model’s accuracy in predicting
=
2000 solar radiation one hour ahead.
Ll The consistent ability of the BiLSTM model to forecast
RIA S s e solar radiation accurately, even over short-term intervals, is

Figure 7. Comparison graph of MAE and MSE

for all models.

Hour-Ahead Predictions vs. Actual Values

ooooo

Solar Radiation

Time Step

Figure 8. Comparison analysis of ARIMA,
XGBoost, LSTM, and BiLSTM models

4.2. Results and discussion

Accurate forecasting of solar radiation, particularly for
short time intervals, is essential for effective energy
consumption management. This study presents a BILSTM
model designed to predict solar radiation one hour into the
future, utilizing preprocessing techniques on historical data.
Table 2 summarizes the performance of various forecasting

models based on several error metrics.

Our BiLSTM model
demonstrates superior performance compared to other

e Hour-ahead predictions:
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evident from these results. Using its bidirectional nature, the
BiLSTM model effectively captures patterns and temporal
relationships in solar radiation data, leading to improved
prediction accuracy. Compared to ARIMA, XGBoost, and
standard LSTM models, the BiILSTM shows reduced error
metrics (RMSE, MAE, and MSE) and a higher R? value,
making it the most accurate for short-term predictions.
Although the BiLSTM model performs exceptionally well
for one-hour forecasts, the ARIMA model exhibits slightly
higher errors for longer forecast horizons. This suggests
that forecasting solar radiation beyond one hour remains a
challenge. Future research could focus on enhancing the
BiLSTM model by incorporating additional meteorological
variables or exploring alternative modeling approaches
to address the complexities of long-term solar radiation
forecasting. Such advances could significantly improve the
accuracy of renewable energy predictions and improve long-

term solar radiation forecasts.

5. Conclusions

The study rigorously assessed the effectiveness of
various predictive models for forecasting solar radiation,
a critical factor in optimizing solar energy utilization
in greenhouse settings. By employing a range of
statistical and machine learning models, the goal was to
improve the accuracy of solar radiation predictions, thereby

Volume 6, Issue 2, 205-215.
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supporting precise energy management and cultivation
practices within greenhouses in Naju, South Jeolla Province.
The BiLSTM model proposed in this study demonstrated
strong forecasting abilities, with an MAE of 1 hour. A
comparative analysis revealed that the LSTM model had
an MAE of 15.23, while XGBoost and ARIMA recorded
MAEs of 24.64 and 28.52, respectively.

highlight the crucial importance of accurate solar radiation

These results

forecasting, particularly emphasizing the effectiveness of
the BiLSTM model in enhancing solar power generation
within greenhouse settings. In future research efforts, there
is an opportunity to explore the potential of hybrid deep
learning models, such as combining LSTM with other neural
network architectures or statistical methods, to enhance
prediction accuracy further. Investigating the adaptability
of the BiLSTM model to larger greenhouse setups, along
with expanding the forecast horizon beyond short-term
predictions, could provide crucial insights for developing
more effective long-term energy management approaches in

greenhouse agriculture.
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