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Abstract: Compared with open-field cultivation, greenhouses can provide favorable conditions for
crops to grow through environmental control. The prediction of greenhouse microclimates is a way
to reduce environmental monitoring costs. This study used several recurrent neural network models,
including long short-term memory (LSTM), gated recurrent unit, and bi-directional LSTM, with
varying numbers of hidden layers and units, to establish a temperature forecasting model for a plastic
greenhouse. To assess the generalizability of the proposed model, the most accurate forecasting
model was used to predict the temperature in a greenhouse with different specifications. During
a test period of four months, the best proposed model’s R2, MAPE, and RMSE values were 0.962,
3.216%, and 1.196 ◦C, respectively. Subsequently, the outputs of the temperature forecasting model
were used to calculate growing degree days (GDDs), and the predicted GDDs were used as an
input variable for the sigmoid growth models to simulate the leaf area index, fresh fruit weight, and
aboveground dry matter of tomatoes. The R2 values of the growth model for the three growth traits
were all higher than 0.80. Moreover, the fitted values and the parameter estimates of the growth
models were similar, irrespective of whether the observed GDD (calculated using the actual observed
data) or the predicted GDD (calculated using the temperature forecasting model output) was used.
These results indicated that the proposed temperature forecasting model could accurately predict the
temperature changes inside a greenhouse and could subsequently be used for the growth prediction
of greenhouse tomatoes.

Keywords: greenhouse; temperature forecasting; recurrent neural network; sigmoid growth model;
tomato

1. Introduction

Tomato (Solanum lycopersicum L.) is a commercial crop widely planted worldwide.
According to the statistics of the Food and Agriculture Organization of the United Nations,
the world’s tomato gross production value was about USD 100 billion in 2021, and the gross
production value was approximately USD 69 billion in tropical and subtropical regions.
Crop growth is considerably affected by the environment. Greenhouses provide the grower
with the ability to control environmental factors that might affect the development of crops.
Plastic greenhouses are efficient and low-cost structures that can enhance tomato yields
and provide other benefits. However, high temperatures and humidity have adverse effects
on crop production [1]. This issue is particularly important in tropical and subtropical
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regions. Thus, in such regions, controlling the greenhouse microclimate to ensure that the
greenhouse environment is maintained under appropriate growth conditions is necessary
for successful crop production.

Microclimate prediction is the basis for greenhouse control that can help growers de-
cide how to design control strategies and environmental control equipment [2]. In general,
temperature, humidity, and light are the most important parameters of the greenhouse
microclimate because they considerably influence the energy and heat change inside the
greenhouse [3,4]. The greenhouse microclimate is a complex, nonlinear, and dynamic
system that is highly dependent on changes in external and internal climate conditions,
greenhouse design, and crop type [5–7]. This complex and nonlinear system can be de-
scribed quantitatively by the mathematical modeling of the greenhouse microclimate.
Moreover, greenhouse microclimate models can be categorized as empirical (also termed
descriptive) or mechanistic (also termed process-based) [8]. A mechanistic model uses
explicit formulas to describe the process of microclimate change based on the flow of
energy and mass. For example, Ali et al. [9] proposed a thermodynamic model to simulate
temperature changes inside the greenhouse based on the concept of energy flow. However,
the development of a good mechanistic model requires adequate domain knowledge, but
it is difficult to derive formulas that represent all the processes involved. Moreover, the
mechanistic model may yield inconsistent results when applied to real-world conditions,
because of the bias in the estimation of unmeasurable parameters such as soil heat flux
density, biological factors, and other environmental changes [10]. By contrast, empirical
models describe systems using equations based on statistics regardless of underlying phys-
ical laws [8]. Today, with the development of deep learning, relevant scholars use various
artificial neural network (ANN) methods to map the input–output relationship of complex
and nonlinear systems [11].

An ANN is mainly based on the concept of the biological neuron system and is a
powerful tool for analyzing nonlinear systems. In greenhouse crop production, an ANN has
been applied in various areas such as microclimate prediction, crop yield prediction, water
use management, and energy optimization [12,13]. A recurrent neural network (RNN) is
a class of ANN specifically used for sequential data analysis [14]. However, the gradient
vanishing or exploding problem limits the use of the RNN when the input data sequence is
very long [15]. To overcome this problem, the long short-term memory (LSTM) [16] and
the gated recurrent unit (GRU) [17] have been developed as the derivative model archi-
tectures of the RNN and are commonly used for indoor microclimate prediction [18–20].
Furthermore, Hao et al. [21] used a bi-directional LSTM (BILSTM) to capture the time-series
information in both the forward and the backward directions for atmospheric tempera-
ture prediction, which yielded good prediction results. Therefore, using RNNs, including
the LSTM, GRU, and BILSTM networks, can provide effective solutions for temperature
prediction in various applications.

The temperature has a considerable influence on crops’ development, growth, and
phenology. Crops require sufficient heat units for their growth and development, and
the tomato is one of the most heat-sensitive crops [22]. Growing degree days (GDD) is a
way to accumulate daily heat units and has been applied in many crop growth models
to estimate the growth stages and quantify the growth processes [23]. In most cases,
the growth rate of crops increases sharply during the early stages of development and
reaches a maximum point; then, the growth starts to slow down and approaches zero [24].
The whole process of growth change presents as an S-shape. Therefore, many sigmoid
growth models have been proposed to describe these biological processes. The Logistic
and Gompertz models commonly use S-shaped nonlinear models in growth analysis and
agricultural research [25,26]. The main advantages of the Logistic and Gompertz models
lie in their simplicity and interpretability. These models frequently describe plant height,
biomass accumulation, and leaf area index (LAI) as a function of time or GDD [27–29].
The simulation of crop growth can provide useful information for adjusting management
practices and schedules [27,30].
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A modern greenhouse system can monitor and control the microclimate using a wide
range of sensors and equipment. However, greenhouse owners in developing countries
find microclimate sensors unaffordable because of the comparatively high hardware cost
and maintenance expenditures. Therefore, this study proposes an alternative strategy
that uses external climate data for microclimate prediction to reduce greenhouse owners’
investment in sensors. This study attempted to link greenhouse temperature forecasts
with tomato growth prediction. The aims of this study were as follows: (1) using external
climate variables as input to build an internal temperature forecasting model, (2) using
daily average temperature forecast results to simulate greenhouse tomato growth through
S-shaped nonlinear models, and (3) conceiving a greenhouse tomato production framework,
which consists of a temperature forecasting model and a growth model. The proposed
production framework can help the growers to regulate the greenhouse microclimate and
improve tomato production in greenhouses.

2. Materials and Methods

This study was conducted on two plastic greenhouses at the Taiwan Agricultural
Research Institute (24◦01′47.7′′ N, 120◦41′47.5′′ E). Greenhouse #1 was used to establish
the temperature forecasting model, and Greenhouse #2 was used for model testing. The
previous 24 h external climate variables of Greenhouse #1 including temperature (◦C),
relative humidity (%), photosynthetic photon flux density (PPFD; µmol m−2 s−1), CO2
concentration (ppm), wind speed (m s−1), and wind direction (0–360◦) were utilized as
the input variables to forecast the internal greenhouse temperature for the following 30
min. As climate data are treated as the time series, the LSTM, GRU, and BILSTM were
used to establish the temperature forecasting model. Furthermore, the forecasting models
established in Greenhouse #1 were used to predict the internal temperature of Greenhouse
#2. Finally, the forecasting temperature was applied to calculate GDD and fit a nonlinear
growth model to simulate tomato growth in Greenhouse #2. The conceptual diagram of the
greenhouse production framework is displayed in Figure 1.

2.1. Greenhouse #1 Specification and Measurements

Greenhouse #1 was 12 m in length and 5 m in width, with a ridge height of 4.3 m. It
was covered by a 0.18 mm plastic film with 70% global light transmission and equipped
with an external shade curtain, two rolling plastic film roofs, and four rolling plastic film
walls controlled by independent motors. The cherry tomato cv. “Rosada” was planted in a
6D soil substrate (BVB, De Lier, The Netherlands) at a planting density of 4 plants m−2.

Greenhouse microclimates, including temperature, relative humidity, and PPFD, were
measured using temperature and humidity sensors (HMP60; Vaisala Inc., Vantaa, Finland)
and a quantum meter (SQ-215; Apogee Instrument, Logan, UT, USA). The sensors were
placed at a height of 2 m from the ground in the center of Greenhouse #1. External climate
observations were collected using the same temperature and humidity sensors and the
same quantum meter, along with a 2-meteorological sonic wind sensor (WindSonic 1405-
PK-100; Gill Instruments, Hampshire, UK) and a CO2 sensor (GMP343; Vaisala Inc., Vantaa,
Finland). The climate data of Greenhouse #1 were collected from 6 November 2019 to 8
December 2021. All of the climate data were collected every 10 min by the data logger
(CR300; Campbell Scientific Inc., Logan, UT, USA).
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Figure 1. Conceptual diagram of the proposed greenhouse production framework.

2.2. Greenhouse #2 Specification, Measurements, and Tomato Growth Data Collection

The dimensions of Greenhouse #2 were 29.2 m long and 24 m wide, and the ridge
height was 4.4 m, covered by plastic film (0.15 mm) with 70% global light transmission.
Greenhouse #2 was equipped with four internal shade curtains and four rolling plastic
film walls, which could be controlled independently. The same sensors as those used in
Greenhouse #1 were used and the data were collected every 10 min. The climate data were
collected from 1 October 2021 to 31 January 2022 (for one crop season) in Greenhouse #2.

For this experiment, the beef tomato cv. “993” was planted in a coconut fiber substrate
(Forteco Profit; Van der Knaap Group, Wateringen, The Netherlands) at a planting density
of 2.8 plants m−2. The growth data were collected from 12 October 2021 to 17 January 2022.
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Five plants were randomly chosen each week to measure the growth parameters, including
LAI (cm2 cm−2), fresh fruit weight (g plant−1), and aboveground dry matter (g plant−1).
The plant was separated into three parts: stem, leaves, and fruits. The total leaf area was
measured using a leaf area meter (LI-3000a; LI-COR Biosciences, Lincoln, NE, USA). The
fresh fruit weight was measured using an electronic balance (resolution: ±0.01 g). After
measuring the leaf area and fresh fruit weight, plants were dried in an oven at 80 ◦C for
approximately three days until the weight no longer changed, and then, the aboveground
dry matter was measured using an electronic balance (resolution: ±0.01 g).

2.3. RNN Architectures for the Temperature Forecasting Model
2.3.1. Long Short-Term Memory (LSTM)

LSTM networks are widely used for processing time-series data because of their ability
to capture and model temporal dependencies [31]. The core concept of LSTM is the cell
state, which allows for the selective retention or modification of information through three
gates: input gate (it), forget gate (ft), and output gate (Ot). The model structure of LSTM is
shown in Figure 2, and the following equations can describe the mathematical steps [16]:

it = σ(Wi · [ht−1, xt] + bi) (1)

ft = σ
(
Wf · [ht−1, xt] + bf

)
(2)

∼
Ct = tanh(WC · [ht−1, xt] + bC) (3)

Ct = ft ⊙ Ct−1 + it ⊙
∼
Ct (4)

Ot = σ(Wo · [ht−1, xt] + bo) (5)

ht = Ot ⊙ tanh(Ct) (6)

where
∼
Ct denotes the cell state candidate; Ct indicates the new cell state; ht represents

the hidden state vector; xt refers to the input vector; Wi, Wf, WC, and Wo stand for the
weight matrices; bi, bf, bC, and bo denote the bias vectors; σ(·) indicates the sigmoid
function; tanh(·) represents the hyperbolic tangent function; and ⊙ denotes the element-
wise product.
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2.3.2. Gated Recurrent Unit (GRU)

The GRU is derived from LSTM with fewer parameters and higher computational
efficiency. It has two gates, called update and reset gates, to control the information
transferred in the hidden state. The role of the update gate is to control which parts of
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information can be updated or preserved in the next hidden state. The reset gate controls
which parts of the previous hidden state are used to merge the new input information. The
model structure of GRU is shown in Figure 3, and the mathematical steps can be shown as
the following equations [17]:

zt = σ(Wz · [ht−1, xt] + bz) (7)

rt = σ(Wr · [ht−1, xt] + br) (8)
∼
ht = tanh(Wh · [rt ⊙ ht−1, xt] + bh) (9)

ht = (1 − zt)⊙ ht−1 + zt ⊙
∼
ht (10)

where zt and rt denote the vectors of the update and reset gates of the GRU units;
∼
ht

represents the new hidden state content; ht indicates the hidden state; xt refers to the
input vector; Wz, Wr, and Wh stand for the weight matrices; bz, br, and bh represent the
bias vectors; σ(·) denotes the sigmoid function; tanh(·) indicates the hyperbolic tangent
function, and ⊙ represents the element-wise product.
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2.3.3. Bi-Directional LSTM (BILSTM)

The BILSTM network consists of forward and backward LSTM, which can process
sequential data in the forward and backward directions. The above characteristics allow
the network to capture information from past and future contexts, enhancing its ability to
understand the temporal dependencies within the data. The BILSTM network structure is
shown in Figure 4 and was implemented with the following equations [21]:

hf
t = f

(
Wf

xxt + Wf
hhf

t−1 + bf
h

)
(11)

hb
t = f

(
Wb

xxt + Wb
hhb

t+1 + bb
h

)
(12)

yt = g
(

Wf
yhf

t + Wf
yhb

t + by

)
(13)

where hf
t denotes the output of the forward layer; hb

t represents the output of the backward
layer; yt indicates the network output; xt refers to the input vector; Wf

x, Wf
h, Wb

x , Wb
h, Wf

y,

and Wf
y stand for the weight matrices; bf

h, bb
h, and by denote the bias vectors; and f (·) and

g(·) represent the nonlinear activation functions.
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2.3.4. Climate Data Preprocessing and Model Hyperparameter Settings

In all, 109,780 climate data items collected from Greenhouse #1 were split into three
parts for model training (90%), validation (5%), and testing (5%), respectively. There was a
total of 1599 items of missing data in this dataset, and the missing data were imputed by
linear interpolation. Upon the calculation of the value of the function at a known point, the
approximate value of the function at other points can be estimated so that the available
data can be used to estimate the missing data. Next, a Min–Max normalization process
was used to make the input variables fall between 0 and 1 inclusive to ensure an equal
contribution of each feature.

Nine different temperature forecasting models were tested in the study. Three types of
RNN, i.e., LSTM, GRU, and BILSTM, were considered with the number of hidden layers
ranging from 1 to 3 layers. The model structure and the corresponding names are presented
in Table 1. The optimization of the number of hidden units was executed using grid search,
with the number of hidden units set from 10 to 200 with a step size of 10. In addition to
changing the number of hidden layers and neurons, other hyperparameters were fixed
as follows: the number of epochs was 50 and the batch size was 32. The number of the
kernel was initialized to zero. The sigmoid and hyperbolic tangent functions were used as
activation functions. The type of loss function was the mean square error and the Adam
algorithm was used as the optimizer. The learning rate was set to 10−4, and the momentum
of the neural network models was 0.99. In addition, this study chose a 90%–5%–5% split to
allow the models to learn changing patterns well, but this extreme split could bring the
risk of overfitting. Therefore, L2 regularization, dropout rate, and patience value were
considered to prevent overfitting. L2 regularization is a commonly used technique to
prevent overfitting by penalizing the model for having a large weight, which helps the
model to prevent from fitting the noise in the training data [32]. Moreover, overfitting can
be reduced by using dropout procedure [33], and the conventional dropout rate is 0.2 or
0.3. In this study, a higher dropout rate (0.4) was assigned to strengthen the effect. Finally,
a patience value of 5 was set so that if there was no improvement in the validation error
after 5 epochs, the model training process was stopped.
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Table 1. Names and corresponding structures for the proposed temperature forecasting models.

Model Name Structure

LSTM1 One-layer LSTM and one dense layer
LSTM2 Two-layer LSTM and one dense layer
LSTM3 Three-layer LSTM and one dense layer

GRU1 One-layer GRU and one dense layer
GRU2 Two-layer GRU and one dense layer
GRU3 Three-layer GRU and one dense layer

BILSTM1 One-layer BILSTM and one dense layer
BILSTM2 Two-layer BILSTM and one dense layer
BILSTM3 Three-layer BILSTM and one dense layer

2.3.5. Evaluation Metrics of Temperature Forecasting Model

The forecasting models established with Greenhouse #1 data were subsequently eval-
uated in Greenhouse #2 to assess the generalizability of the proposed models and reduce
the possibility of overfitting. The statistical indicators used to evaluate the temperature
forecasting model’s performance were the coefficient of determination (R2), mean absolute
percentage error (MAPE), and root mean square error (RMSE) [34]. The corresponding
equations are as follows:

R2 = 1 − SSE
SSTO

= 1 − ∑N
i=1(Yobs,i − Ymodel,i)

2

∑N
i=1

(
Yobs,i − Yobs,i

)2 . (14)

MAPE =
∑N

i=1

∣∣∣Yobs,i−Ymodel,i
Yobs,i

∣∣∣
N

× 100% (15)

RMSE =

√
1
N ∑N

i=1(Yobs,i − Ymodel,i)
2 (16)

where N denotes the total number of data items, SSE indicates the sum of the squared error,
SSTO represents the total sum of the squares, Yobs,i stands for the actual observations, Ymodel,i
refers to the model output, and Yobs,i denotes the mean value of the actual observations.

The value of R2 was between 0 and 1 inclusive, which was an indicator to evaluate
the linear relationship between the predicted and the observed values. RMSE was used
to measure the deviation between the predicted value and the observed value, with a
value from 0 to infinity. MAPE was applied to quantify and evaluate the accuracy of the
predicted value.

2.4. Sigmoid Model for Predicting Greenhouse Tomato Growth

For establishing the growth model, GDD (Equation (17)) [27] was used as the input
variable; LAI, fresh fruit weight, and aboveground dry matter were utilized as the output
variables. Two sigmoid models, namely the Logistic (Equation (18)) [35] and Gompertz
(Equation (19)) [36], were used to fit the growth data and both require three parameters to
characterize tomato growth:

GDD = ∑day
i=1(Ti − Tbase) (17)

where Ti denotes the daily mean temperature (◦C), Tbase represents the base temperature
(Tbase = 10 ◦C in this study), and day indicates the days after the transplantation.

yi =
β1

1 + e(β2−β3xi)
+ εi (18)

yi = β1e(−eβ2−β3xi ) + εi (19)
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where β1 denotes the asymptotic value of the dependent variable, β2 indicates the location
parameter related to the initial value of the model, β3 represents the parameter that affects
the growth rate in the curve, e refers to the base of the natural logarithm, and εi stands for
the error term.

In this study, growth models were constructed to link greenhouse temperature fore-
casts with tomato growth prediction using the GDD predicted from the proposed tempera-
ture forecasting model. Additionally, the percentage error (Equation (20)) was calculated to
evaluate the difference in the parameter estimates between the growth models built using
the predicted or the actual GDD as the input variable:

% error =
|E − A|

A
× 100% (20)

where E and A denote the parameter estimates of the growth model, which were calculated
using the predicted and the actual GDD, respectively.

2.5. Data Analysis Software

The microclimate prediction models were developed using Tensorflow2.6 based on
Python (version 3.7), and the tomato growth data were analyzed using R software (version
4.0.5), with the “drc” (version 3.0-1) package [37] for the growth model fitting.

3. Results and Discussion

This study focused on utilizing various RNN structures and hidden units to identify
the optimal structure for microclimate temperature forecasting in greenhouse tomato
production. The goal was to integrate the improved prediction results with the sigmoid
growth models to manage greenhouse tomato production. This would be capable of
forecasting changes in the greenhouse temperature for the following 30 min and providing
a prediction indicator for tomato growth.

3.1. Performance Evaluation of Temperature Forecasting Model

Greenhouse #1 data were divided into 90% training data, 5% validation data, and 5%
testing data to allow the proposed models to learn the changing patterns. However, this
scheme might be too constrictive to allow for unbiased error estimations in the independent
testing set, so it was difficult to determine whether the testing performance was due to
overfitting. Therefore, a total of 17,843 climate data collected from Greenhouse #2 were
utilized as another testing set to evaluate the generalizability of the proposed forecasting
models established using the Greenhouse #1 data and reduce the possibility of overfitting.
As mentioned previously, Greenhouse #2 had different specifications (29.2 m long, 24 m
wide, and 4.4 m ridge height; covered by a 0.15 mm plastic film) and tomato variety (beef
tomato cv. “993”) from Greenhouse #1 (12 m long, 5 m wide, and 4.3 m ridge height;
covered by a 0.18 mm plastic film and planted cherry tomato cv. “Rosada”). The boxplots
also show that the distributions of external and internal climate data collected from the two
greenhouses are slightly different (Figure 5). Therefore, Greenhouse #2 can be regarded as
a different condition to test the forecasting models established in Greenhouse #1.

The forecasting ability of the temperature inside the greenhouse based on different
forecasting models was evaluated using R2, MAPE, and RMSE, respectively. When the
MAPE value is less than 10%, it indicates an accurate prediction. R2 was closer to 1, and
RMSE was closer to 0, suggesting a more accurate predicted result. Figure 6 shows the
R2 tendencies for the LSTM, GRU, and BILSTM models with different numbers of hidden
layers and hidden units when forecasting the 30-min-ahead temperature inside Greenhouse
#2. The following characteristics were observed: (1) the best accuracy in each model with
the number of hidden units was not very low or high, (2) the accuracy was not always
better for the three-layer-type models than that for the single-layer-type or two-layer-type
models, and (3) the accuracy of the GRU had a large degree of variability.
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Figure 5. Box plots of the external and internal climate data of different datasets.

The best performance and the corresponding number of hidden units for each temper-
ature forecasting model are listed in Table 2. The GRU2 model with 60 hidden units and the
LSTM2 model with 190 hidden units obtained better R2 values and lower MAPE and RMSE
values among the nine models. With an accurate temperature forecast model, growers
can make early decisions based on the forecast results to control the temperature in the
greenhouse within a suitable range. Previous research has demonstrated that ANNs have
significant advantages in their flexibility to adapt to nonlinear and non-physical data—this
characteristic provides ANNs with considerable potential for application to the environ-
mental control of greenhouses [38]. ANNs on greenhouse microclimate prediction, such as
multilayer perceptron [7,39], radial basis function [40], and RNN based on LSTM, GRU, or
BILSTM [18,19,21], have exhibited satisfactory performances on temperature prediction.
Considering the performance of each model, the LSTM2 with 190 hidden units was chosen
as the best temperature forecasting model and had an R2 of 0.962, MAPE of 3.2%, and
RMSE of 1.2 ◦C (Table 2); its forecasting results were subsequently used to calculate the
predicted GDD.
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Table 2. Best performance and number of hidden units for nine temperature forecasting models. The
temperature data used for evaluation were collected from Greenhouse #2.

Model Number of
Hidden Units R2 MAPE (%) RMSE (◦C)

LSTM1 170 0.961 3.429 1.210
LSTM2 190 0.962 3.216 1.196
LSTM3 190 0.958 3.403 1.254
GRU1 20 0.961 3.490 1.215
GRU2 60 0.964 3.279 1.157
GRU3 160 0.958 3.676 1.249

BILSTM1 180 0.960 3.383 1.227
BILSTM2 170 0.954 3.596 1.316
BILSTM3 110 0.958 3.382 1.259

3.2. Comparison of Daily Mean Temperature and GDD between Predicted and Observed Values

As the calculation of GDD required the daily mean temperature, the predicted temper-
atures of the LSTM2 model were applied to calculate the daily mean temperature. Figure 7
presents the comparison results of the predicted daily mean temperature and the observed
daily mean temperature during the period from October 2021 to January 2022 inside Green-
house #2. During the four months of the test period, the daily mean temperatures predicted
by the forecasting model were very close to the actual values. Furthermore, the fitted
regression line for the predicted and the observed values almost overlapped with a straight
line with a slope of 1 and its R2 was 0.981 (Figure 8). These results show that the LSTM2
model is accurate in predicting internal temperature and has no tendency of overestimation
or underestimation, even when applied to a greenhouse that was not used in the modeling.
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LSTM2 (the best model) and BILSTM2 (the worst model with a lower R2 and higher
MAPE and RMSE) were compared to demonstrate the benefits of accurate temperature
forecasting models. The GDD values were calculated using the observed and predicted
mean temperatures from the two temperature forecasting models. Figure 9 shows the
observed and predicted GDD values for the 94-day investigation period. For the last day
of investigation, the predicted GDD calculated using the results of the LSTM2 model was
16.28 ◦C higher than the observed GDD. However, the predicted GDD calculated using
the BILSTM2 model results was 65.47 ◦C higher than the observed GDD. The comparison
results indicated that if the temperature forecasting model had a better performance, the
value of the predicted GDD would be closer to the actual value. As the prediction error of
the forecasting model increased over time, the difference between the predicted and the
observed GDD values increased. When the crop growth days were longer, the gap between
the actual and the predicted values would be wider. Therefore, an accurate temperature
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forecasting model would be beneficial for monitoring the changes in the microclimate
conditions inside the greenhouse.
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3.3. Sigmoid Growth Model for Greenhouse Tomato Production

Even though previous research has used deep learning models to predict greenhouse
crop yields based on historical yields and greenhouse internal environment variables [41,42],
the major drawback of these models is that they cannot clearly describe the relationship
between input and output due to their black-box nature [43]. On the contrary, the advantage
of using the sigmoid model to fit growth characteristics is that the parameters can be related
to the biological meaning of the processes [25,27], which implies that researchers can apply
the sigmoid model to relate the environmental condition to crop growth and development.
Furthermore, the phenology model based on the GDD could be used to predict tomato
growth stages and guide adaptive management decisions, particularly in response to
climate or planting environment changes [44].

For the establishment of the tomato growth model, two sigmoid models, namely
Logistic and Gompertz, were used to relate the three important growth traits (i.e., LAI,
fresh fruit weight, and aboveground dry matter) to the GDD. Tables 3 and 4 present the
parameter estimation results obtained by fitting the Logistic and Gompertz models using
the observed GDD and the LSTM2-predicted GDD values, respectively. The parameter
estimation results were very close, irrespective of whether the observed or the predicted
GDD values were used for the input variables. While exploring the scatter plots of the
different growth traits against the GDD, it could be observed that the relationships between
the three growth traits and the GDD closely resemble an S-shaped curve (Figures 10 and 11).
For each trait, both the Logistic and Gompertz models provided a good description of the
relationship between the traits and the GDD and exhibited a similar performance, with
R2 values ranging between 0.80 and 0.91. This indicated that the predicted temperature
results obtained from the temperature forecasting model were highly effective in fitting
the growth models and accurately predicting various important traits of tomatoes. As a
common crop growth index, LAI is closely related to photosynthesis, evapotranspiration,
dry matter accumulation, and the aboveground productivity of crops. The general method
of measuring LAI is mainly through destructive sampling or by using canopy analyzers and
spectral telemetry. These methods are time-consuming or have high instrument costs [45].
Therefore, the establishment of the LAI model is helpful to track the growth status of crops.
High yield is one of the most important objects of greenhouse cultivation. With the yield



Horticulturae 2024, 10, 230 14 of 19

prediction model, relevant information can be obtained before crop harvesting, which can
be used as the base for subsequent harvesting, storage, and other planning.
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Figure 10. Scatter plots of the actual growth trait observations versus the observed growing degree
days and the predicted growing degree days, respectively. The solid point (•) denotes the observed
trait values and the growing degree days, and the blue curves represent the predicted value using
the Logistic growth model. (a) Leaf area index, (b) fresh fruit weight, and (c) dry matter fitted with
the growing degree days calculated using the observed daily mean temperature. (d) Leaf area index,
(e) fresh fruit weight, and (f) dry matter fitted with the growing degree days calculated using the
LSTM2-predicted daily mean temperature.
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Figure 11. Scatter plots of the actual growth trait observations versus the observed growing degree
days and the predicted growing degree days. The solid point (•) denotes the observed trait values
and the growing degree days, and the blue curves represent the predicted value obtained using the
Gompertz growth model. (a) Leaf area index, (b) fresh fruit weight, and (c) dry matter fitted with
the growing degree days calculated using the observed daily mean temperature. (d) Leaf area index,
(e) fresh fruit weight, and (f) dry matter fitted with the growing degree days calculated using the
LSTM2-predicted daily mean temperature.
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Table 3. Parameters of the Logistic model estimated for three growth traits. The values in parentheses
represent the percentage error between two sets of model parameter estimates.

Growth Trait Temperature Data β1 β2 β3

LAI
Observed GDDs 1.5345 2.9658 0.0039
Predicted GDDs 1.5229 2.9487 0.0038

(0.76%) (0.58%) (2.56%)

Fresh fruit weight
Observed GDDs 1006.0000 13.0300 0.0148
Predicted GDDs 1005.0000 12.9100 0.0145

(0.10%) (0.92%) (2.03%)

Dry matter
Observed GDDs 134.7000 5.3270 0.0064
Predicted GDDs 134.7000 5.2650 0.0062

(0) (1.16%) (3.13%)
LAI: leaf area index; GDDs: growing degree days.

Table 4. Parameters of the Gompertz model determined for three growth traits. The values in
parentheses represent the percentage error between two sets of model parameter estimates.

Growth Trait Temperature Data β1 β2 β3

LAI
Observed GDDs 1.9248 4.1142 0.0020
Predicted GDDs 1.8968 4.0918 0.0020

(1.45%) (0.54%) (0)

Fresh fruit weight
Observed GDDs 1039.0000 2814.0000 0.0095
Predicted GDDs 1039.0000 2618.0000 0.0093

(0) (6.97%) (2.11%)

Dry matter
Observed GDDs 164.2000 12.7900 0.0032
Predicted GDDs 164.7000 12.3200 0.0031

(0.30%) (3.67%) (3.13%)
LAI: leaf area index; GDDs: growing degree days.

3.4. Limitations of Present Study and Suggestions for Future Works

The best temperature forecasting model proposed in this study has an R2 of 0.962,
MAPE of 3.2%, and RMSE of 1.2 ◦C, but the performance can be further improved by
increasing the data collection period, or by grouping the data into different seasons to
establish a model which is suitable for each season [34]. Although the proposed model has
been evaluated using another different-sized plastic greenhouse, the model’s performance
may be reduced when applied in different regions or climate conditions. Therefore, the
generalizability of the proposed forecasting model needs to be tested in various conditions.
Furthermore, to the best of our knowledge, the most suitable deep learning model for
modeling time series data is the RNN and its derived models, so three types of RNN (i.e.,
LSTM, GRU, and BILSTM) were used to build a temperature forecasting model. However,
for 30-min-ahead temperature forecasting, it is possible to achieve acceptable accuracy using
simpler models; therefore, simpler models should be considered for building microclimate
forecasting models to reduce training time and computing costs.

Furthermore, light, humidity, and CO2 concentrations are also important microclimate
factors related to crop production and environmental control in greenhouses [19,46,47].
Therefore, forecasting models for these microclimate factors could also be developed.
Finally, this study only utilized GDD as the input to simulate tomato growth. In the future,
different environmental data could be considered to improve the accuracy of growth
simulations for a more comprehensive greenhouse production framework.

4. Conclusions

Greenhouse production needs to consider various factors such as greenhouse type,
environmental control, crop physiology, efficient resource utilization, and production costs.
This study collected two-year climate data to develop a temperature forecasting model



Horticulturae 2024, 10, 230 17 of 19

to predict the greenhouse temperature. The proposed LSTM2 model demonstrated that
the temperature trends could be forecasted accurately, and the model could be used in
plastic greenhouses, irrespective of the differences in the greenhouse size or tomato variety.
Furthermore, the predicted temperature was used to calculate the GDD and establish
different tomato growth models. Similar model parameter estimates of the tomato growth
model were obtained when using the predicted GDD or the observed GDD. These findings
reveal the potential of utilizing microclimate forecasting to manage greenhouse production
and optimize crop production processes. When greenhouses are densely distributed in
an agricultural production area, the weather stations nearby can be utilized to collect
the external climate data for the greenhouses. These data can then be used to predict
the microclimate changes inside the greenhouses by utilizing a temperature forecasting
model. In addition, it can potentially reduce the need for expensive sensor installations
and make greenhouse management more accessible and cost-effective. Furthermore, the
forecasted microclimate data can be applied to predict the growth of tomatoes, and the
prediction results can provide feedback to farmers or a reference for the decision-making
and optimization of greenhouse production conditions.
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