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Abstract: The large-scale production of edible mushrooms typically requires the use of greenhouses,
as the greenhouse environment significantly affects the growth of edible mushrooms. It is crucial to
effectively predict the temperature, humidity, and carbon dioxide fluctuations within the mushroom
greenhouse for determining the environmental stress and pre-regulation of edible mushrooms.
To address the nonlinearity, temporal dynamics, and strong coupling of the edible mushroom
greenhouse environment, a temperature, humidity, and carbon dioxide prediction model based
on the combination of the attention mechanism, the convolutional neural network, and the long
short-term memory neural network (A-CNN-LSTM) is proposed. Experimental data were collected
from both the inside and outside of the greenhouse, including environmental data and the on–off data
of environmental control devices. After completing missing data using linear interpolation, denoising
with Kalman filtering, and normalization, the recurrent neural network (RNN) model, long short-term
memory (LSTM) model, and A-CNN-LSTM model were trained and tested on the time series data.
These models were used to predict the environmental changes in temperature, humidity, and carbon
dioxide inside the greenhouse. The results indicate that the A-CNN-LSTM model outperforms the
other two models in terms of denoising, non-denoising, and different prediction time steps. The
proposed method accurately predicts temperature, humidity, and carbon dioxide levels with errors
of 0.17 ◦C (R2 = 0.974), 2.06% (R2 = 0.804), and 8.367 ppm (R2 = 0.993), respectively. These results
indicate improved prediction accuracy for temperature, humidity, and carbon dioxide values inside
the edible mushroom greenhouse. The findings provide a decision basis for the precise control of the
greenhouse environment.

Keywords: deep learning; edible mushroom greenhouse; greenhouse environment prediction;
attention mechanism; A-CNN LSTM model

1. Introduction

The main environmental factors that influence the growth of edible mushrooms in-
clude temperature, humidity, and carbon dioxide levels [1–4]. Stable greenhouse conditions
are crucial for the large-scale cultivation of edible mushrooms. However, traditional green-
houses can only monitor the current greenhouse environment, and there is a lag issue in
environmental control devices in terms of environmental regulation [5,6]. Currently, the
mainstream focus of greenhouse environmental control is primarily on temperature and
humidity. Therefore, it is necessary to establish an accurate greenhouse microclimate model
to determine the operating status of environmental control devices in advance.

Traditional physical modeling prediction methods require the collection of multiple
complex data, which often involve calculations and are difficult to estimate. The environ-
mental factors inside the greenhouse exhibit nonlinearity and temporal characteristics, and
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there is coupling between these factors [7–11]. Therefore, traditional physical modeling
encounters certain difficulties. Deep learning methods can address this issue as these
models can accurately predict the internal greenhouse environment for the next few min-
utes based on historical data [12–14]. Better prediction of greenhouse temperature and
humidity was achieved by combining CNN with GRU compared with that achieved with
the BP neural network, LSTM, and GRU. CNN is prone to damaging the integrity of time
series [15]. Jung et al. have solved the issue of gradient explosion in RNN by combining
RNN with LSTM. The RNN-LSTM model performed the best in predicting greenhouse
environments, as determined by comparing the RNN-LSTM model with the ANN and
NARX models. However, the RNN-LSTM model was complex and had poor prediction
performance for humidity [16]. Qi Liu et al. utilized the Elman neural network to predict
the temperature and humidity of different canopies in crops. The predicted RMSE values
of temperature and humidity were less than 0.8 ◦C and 1.5%, respectively. This model
employed the gradient descent method to solve the loss function, which was difficult to
achieve global optimization under [17]. The present study proposes an A-CNN-LSTM
prediction model suitable for greenhouses to address the issues mentioned above. To the
best of our knowledge, there is no study on the establishment of a prediction model that
combines edible mushroom greenhouse environmental data both inside and outside with
on–off data of environmental control equipment.

In this study, a large amount of environmental data from sensors inside and outside the
edible mushroom greenhouse, as well as on–off data from control devices, were collected. The
collected data were processed using linear interpolation for missing data, then denoising with
Kalman filtering, and normalization. Three prediction models, RNN, LSTM, and A-CNN-
LSTM, were established using time series inputs. The models were evaluated by comparing
the prediction results before and after denoising, the different time steps for prediction, the
different sample sizes for prediction, and the different input features for prediction.

2. Design of Data Collection Platform and Data Processing
2.1. Design of Data Collection Platform

The edible mushroom greenhouse used in this experiment was a closed space con-
structed with fully enclosed metal insulation panels, measuring 130 × 60 × 90 cm in length,
width, and height. The top of the greenhouse was equipped with holes connected to a
humidifier, while the side had an air conditioning vent. Additionally, a metal mushroom
placement rack was installed inside the greenhouse. The environmental information inside
and outside the greenhouse was measured using sensors from Shandong Renke Control
Technology Co., Ltd. Jinan, China. These sensors included a temperature and humidity
carbon dioxide multi-sensor (model RS-CO2WS-N01) and an illuminance sensor (model
RS-GZ-N01). These sensors were capable of accurately measuring temperature, humidity,
carbon dioxide levels, and light intensity to provide comprehensive environmental data
for the experiment. All sensors and environmental control actuators were connected to
a smart gateway (STM32F104). The sensors transmitted the environmental information
from inside and outside the greenhouse to the gateway using the Modbus protocol. The
gateway then utilized a 4G signal to transmit the data to the server. The server analyzed
the environmental data and transmitted control signals back to the gateway. This allowed
the gateway to control the humidifier and air conditioning system to keep the greenhouse
environment within the desired threshold. Additionally, the server received status updates
from the environmental control devices through the gateway. This integrated system en-
abled the real-time monitoring and control of the greenhouse environment, ensuring that it
remained within the specified parameters for optimal mushroom cultivation.

2.2. Data Acquisition

The experiment took place in Nanchang, Jiangxi Province. The designed greenhouse
was used for data collection from August 2022 to October 2022. Inside the greenhouse,
there were two sets of environmental data sensors. They collected data on air temperature
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(TEMP1; TEMP2), relative humidity (HUM1; HUM2), and carbon dioxide levels (CO21;
CO22) inside the greenhouse. Outside the greenhouse, there was another set of environ-
mental data sensors that collected data on outside air temperature (TEMP(out)) and outside
air relative humidity (HUM(out)). Additionally, data on the on–off status of the humidifier
(HUMBtn) and air conditioning (TEMPBtn) were also collected. The data collection interval
for all these sensors was 1 min, and the data were collected continuously for 24 h. The
collected data were sent from the gateway to the server. The interior and exterior images
of the data collection platform are shown in Figure 1. The structural diagram of the data
collection system is shown in Figure 2.
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2.3. Data Processing
2.3.1. Processing of Missing Data

Due to the high-humidity environment in the greenhouse, there were issues with data
loss during the data collection process [18]. In addition, the system utilized a 4G signal
to transmit data to the server. However, data may be affected by issues such as network
transmission quality or device malfunctions. To address this problem, linear interpolation
was employed in this study for data imputation [19]. When short-term data gaps occur,
linear interpolation is used to calculate the missing data values. Specifically, for a given
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time point, t, if the temperature data are missing, the following formula can be used to
estimate the temperature data at that time T(t):

T(t) =
T(k) + (T(k + 1)− T(k))
(t(k + 1)− t(k))(t − t(k))

(1)

where (k) represents the position of the timestamp in the temperature data before the
(k) segment; (T(k)) and (T(k + 1)) represent the temperature values in the (t) and (t + 1)
segments, respectively.

Similarly, for a given time point (t), if humidity and carbon dioxide data are missing,
linear interpolation can also be used to estimate the data at that time. The principle of
linear interpolation is based on using the linear relationship between known data points to
estimate the missing values. It is advantageous due to its simplicity and fast computation
speed, but it may introduce errors in cases of signal discontinuities or noise. In the case of
long-term data gaps, another set of sensor data is used as a substitute.

2.3.2. Data Denoising

Noise handling was considered during the design of the system. This involved the use
of appropriate sensors and the incorporation of suitable protective and shielding devices.
Additionally, long-distance transmission from the gateway to the server utilized a 4G
signal and the increase in the system’s data acquisition frequency. However, due to the
high-humidity environment in mushroom greenhouses and the influence of environmental
control equipment, the indoor environment is prone to fluctuations, resulting in some
degree of noise interference. Therefore, in the data processing stage, the Kalman filter can
be employed to reduce the impact of noise on the data [20].

The Kalman filter is based on a linear dynamic system model and utilizes state estima-
tion methods. At each time point, it combines the current observation with the previously
estimated state history to make predictions and obtain future state estimates. This approach,
which consists of two main stages, the prediction stage and the update stage, allows for the
estimation of the future state based on the available information. In the prediction stage, a
physical model is used to predict the possible value and variance in the next state. In the
update stage, the Bayesian theorem is utilized to combine the prior estimate with the observed
information, resulting in a merged posterior estimate and its corresponding variance.

Specifically, the state vector prediction formula is as follows:

X(k | k − 1) = AX(k − 1 | k − 1) + BU(k) (2)

The covariance matrix prediction formula is as follows:

P(k | k − 1) = AP(k − 1 | k − 1)AT + Q (3)

The state vector update formula is as follows:

X(k | k) = X(k | k − 1) + K(k)[Z(k)− HX(k | k − 1)] (4)

The covariance matrix update formula is as follows:

P(k | k) = (I − K(k)H)P(k | k − 1) (5)

The Kalman gain formula is as follows:

K(k) = P(k | k − 1)HT
(

HP(k | k − 1)HT + R
)−1

(6)

In the equations above, X(k | k − 1) is the state estimate at time k, A is the state
transition matrix, B is the control matrix, U(k) is the control input at time k, P(k | k − 1) is
the correlation between the state vector and the covariance matrix, Q is the process noise
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covariance matrix, X(k | k) is the updated state estimate at time k, H is the measurement
matrix, Z(k) is the measurement value at time k, P(k | k) is the updated covariance matrix,
and R is the measurement noise covariance matrix.

The Kalman filter method can handle time series temperature and humidity data,
reducing the interference of random noise on data variations, thus improving data quality
and accuracy. When the characteristics of the signal and noise are known, and the system
is linear and stationary, the Kalman filter often performs very well [21]. Figure 3 shows the
comparison graphs of temperature, humidity and CO2 data before and after denoising.
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Figure 3. Comparison of humidity and temperature in greenhouse before and after denoising.
(a) HUM1, HUM2, and filtered HUM3 features. It can be seen that denoising removes the effect of
missing sensor values. (b) TEMP1, TEMP2, and filtered TEMP3 features. It can be seen that denoising
removes the effects of sensor outliers and missing values. (c) CO2_1, CO2_2, and filtered CO2_3
features. Visibly denoised data combine information from multiple sensors for more accurate data.

2.3.3. Data Normalization

Normalization is an important step in data pre-processing that scales data of different
sizes to a range, making the distribution of the data more reasonable and playing an
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important role in data analysis and mining [22]. Min–Max normalization is a method of
scaling data to the interval [0, 1] and is also a common method of data normalization. For
data sets with stable features and no obvious outliers, this method allows the range of
values of different features to be unified on the same scale, while preserving the original
data distribution information [23].

The formula for the min-max normalization is as follows:

xnew =
x − xmin

xmax − xmin
(7)

where x is the original value and xnew is the normalized result. xnew and xmax are the
minimum and maximum values of the range of values taken by the feature, respectively.

3. Neural Network Prediction Models for Greenhouse
3.1. Recurrent Neural Network Model

Recurrent Neural Network is a powerful neural network that is suitable for handling
sequence data. Compared to conventional neural networks and Fully Connected Neural
Networks. RNN can handle sequences of arbitrary lengths and introduces the concept of
recurrence. RNN is primarily used in fields such as time series analysis, speech recognition,
and natural language processing [24]. A recurrent neural network consists of a trainable
feedback loop that passes the current input and the hidden state from the previous time
step to the next time step. This allows the model to selectively retain temporal information
and facilitates learning on large amounts of data. The hidden states store past data that is
necessary for generating sequential signals and can be used to make predictions about the
future based on this information.

Figure 4 illustrates the recurrent principle and unfolded model of an RNN during
computation. In this diagram, U represents the weights from the input layer to the hidden
layer, while V represents the weights from the hidden layer to the output layer. Unlike
conventional neural networks, the values in the hidden layer of an RNN are not only
determined by the current input but also influenced by the hidden state obtained from the
previous computation. In practice, the set weights W use the hidden state obtained from
the previous computation as the input for the current time step, enabling the network to
retain information from the past.
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3.2. LSTM Neural Network Model

Standard recurrent neural networks often encounter issues such as vanishing or
exploding gradients when processing long time sequences, particularly in handling de-
pendencies between sequences. To address this problem, Hochreiter and Schmidhuber
proposed the LSTM (Long Short-Term Memory) algorithm in 1997 [25]. LSTM, as a spe-
cialized type of RNN, is designed for handling sequential data and has shown superior
performance in modeling long-term dependencies compared to other RNN architectures.
Due to its excellent performance, LSTM has been widely applied in various fields, including
natural language processing, speech recognition, video analysis and more.
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Unlike standard RNNs, LSTM introduces gate mechanisms that allow cells to selec-
tively receive information from neurons at different time steps, enhancing their ability to
understand and predict long-term sequences. The core idea of LSTM is to weigh the input
using three gate mechanisms: the input gate, forget gate, and output gate. These gate mech-
anisms allow useful information to pass through while blocking irrelevant information.
Therefore, LSTM can retain important information and discard irrelevant information. The
structure of an LSTM memory cell is illustrated in Figure 5.
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The forget gate is responsible for selectively discarding information from the previous
long-term memory cell. It determines how to modify and delete records based on the
network’s input node Xt and the previous hidden state Ht−1. The relevant calculation
formulas are as follows:

ft = σ
(

W f · [Ht−1, Xt] + b f

)
(8)

where, ft denotes the forget gate, σ denotes the sigmoid activation function, Xt denotes the
input at time step t, Ht−1 denotes the output of the short-term memory at time step t − 1, Wf
denotes the weight matrix for the forget gate and b f denotes the bias term for the forget gate.

The input gate determines the new content that needs to be added to the memory based
on the network’s input node Xt and Ht−1. The relevant calculation formulas are as follows:

it = σ(Wi · [Ht−1, Xt] + bi) (9)

∼
Ct = tanh(Wc · [Ht−1, Xt] + bc) (10)

Ct = ft × Ct−1 + it ×
∼
Ct (11)

where, it denotes the input gate,
∼
Ct denotes the candidate vector, tanh denotes the hy-

perbolic tangent activation function, Ct denotes the long-term memory cell at time step
t, Wi and Wc denote the weight parameters for the input gate and the candidate vector,
respectively, and bi and bc denote the corresponding bias terms.

The output gate determines the output value Ht based on the long-term memory cell
Ct and the input nodes Xt and Ht−1. The calculation formula is as follows:

ot = σ(Wo · [Ht − 1, Xt] + bo) (12)

Ht = ot × tanh(Ct) (13)
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where, ot denotes the output gate, Wo denotes the weight matrix for the output gate, bo
denotes the bias term for the output gate, and Ht denotes the output of the model at time
step t.

Overall, LSTM neural networks excel at handling long sequential data compared to
traditional recurrent neural networks [26]. The flexible architecture of LSTM allows them
to effectively address a variety of problems related to processing time series data [27].

3.3. Attention Mechanism-Based CNN-LSTM Model

The attention mechanism-based CNN-LSTM model is essentially an addressing mech-
anism that can extract specific vectors from a set of vectors based on a query vector and
combine them with weights. The scoring function can take various forms, such as additive,
dot-product, and bilinear, while the importance allocation function indicates the attention
level for each piece of information. This reflects the model’s ability to selectively focus on
key information.

In this paper, environmental data such as indoor temperature, indoor humidity, carbon
dioxide level, outdoor temperature, outdoor humidity, humidifier switch state, and air
conditioner switch state are inputted into the model. Firstly, local feature extraction
is performed in the CNN network, and then the local features from the CNN network
are provided to the LSTM network for time series modeling. To better capture long-
term dependencies in the sequence, an attention mechanism is introduced to enhance the
predictive power of the network. Specifically, after calculating the attention weights, they
are applied to the hidden state vectors obtained from the LSTM encoder to focus on the
parts of the hidden state that have stronger connectivity and higher importance. Finally,
the time series features extracted from the CNN network and the LSTM outputs weighted
by attention are concatenated to form the A-CNN-LSTM model, as shown in Figure 6. This
model is able to dynamically adjust the importance of different input signals within the
model, leading to more accurate predictions.
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3.4. Performance Evaluation

In this paper, two evaluation metrics, RMSE (Root Mean Squared Error) and R2 (R-
squared), are selected. These two metrics are commonly used to evaluate time series
prediction models. RMSE is an important statistical measure that quantifies the difference
between actual values and predicted values. It is calculated by taking the square root of the
sum of squared errors for each sample point, divided by the number of samples. A smaller
RMSE value indicates higher prediction accuracy. The formula for RMSE is as follows:

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)
2 (14)

where, n denotes the number of samples, yi denotes the actual value and ŷi denotes the
predicted value.

R2 is a measure that represents the proportion of the variance in the dependent variable
that can be explained by the independent variables. It is an important metric to assess
the goodness-of-fit of a model. R2 ranges from 0 to 1, where 1 indicates the best fit and 0
indicates no predictability or a horizontal line. A value closer to 1 indicates a better fit of
the model. The formula for R2 is as follows:

R2 = 1 − SSresidual
SStotal

(15)

where, SSresidual represents the sum of squared residuals, which is the total sum of squares
of the differences between the actual values and predicted values for all samples. SStotal
represents the total sum of squares, which is the total sum of squares of the differences
between the actual values and the mean value for all samples. R2 ranges from 0 to 1, where
a value closer to 1 indicates a better fit of the model to unknown data. When R2 equals 0, it
means the model cannot explain any variation in the data, and when R2 is less than 0, it
indicates a very poor fit of the model.

4. Experimentation and Analysis

The computer configuration for this experiment was an Intel® Core™ i7-10700 CPU @
2.9 GHz processor, 16 GB of RAM, and the Windows 10 (64-bit) operating system. The GPU
used was the NVIDIA GeForce RTX 3060 Laptop. For deep learning tasks, TensorFlow 2.8.0
was employed as the deep learning framework. The integrated development environment
(IDE) used was PyCharm Community Edition 2022.1.3. The programming language utilized
for building the temperature and humidity prediction models was Python 3.10.

The experiment employed indoor temperature, indoor humidity, outdoor temperature,
outdoor humidity, and the switch status of the air conditioner and humidifier as the dataset.
The input feature vectors were normalized using Min-Max Normalization and the dataset
was split into training and testing sets in a 9:1 ratio for training and testing purposes. The
experiment was trained and tested with 100 epochs and a batch size of 64. Separate output
layers were used to predict temperature, humidity, and CO2, respectively.

4.1. The Effect of Denoising on Prediction Results

To compare the impact of denoising techniques on the prediction results, the data
processed with the Kalman filter and the original data were separately input into three
neural network models: RNN, LSTM, and A-CNN-LSTM. For each model, the same
training and testing dataset were used, and a unified evaluation metric, namely RMSE (root
mean squared error) and R2 (R-squared), was employed.

The experimental results are presented in Table 1. Across all model types and data
preprocessing methods, the denoised data preprocessing method outperformed the non-
denoised method. This indicates that removing noise from the data can improve the
prediction performance of greenhouse environmental data. Before denoising, the RNN
model had an RMSE of 10.251 (R2 = 0.901), which improved to 6.719 (R2 = 0.903) after
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denoising. The LSTM model outperformed the RNN model before denoising, with an
RMSE of 6.568 (R2 = 0.874), and this improved to 5.596 (R2 = 0.883) after denoising. Similarly,
the CNN-LSTM model exhibited an RMSE of 7.868 (R2 = 0.837) before denoising, which
dropped to 5.05 (R2 = 0.907) after denoising. Compared to the other two models, the
A-CNN-LSTM model showed more significant improvement after denoising.

Table 1. Performance comparison of RNN, LSTM, and A-CNN-LSTM models before and after denoising.

RNN
Network Temp. Humidity CO2

RMSE R2 RMSE R2 RMSE R2 RMSE R2

non-denoised 10.251 0.901 0.196 0.964 2.308 0.754 17.607 0.968
denoised 6.719 0.903 0.174 0.973 2.278 0.761 11.406 0.987

LSTM
Network Temp. Humidity CO2

RMSE R2 RMSE R2 RMSE R2 RMSE R2

non-denoised 6.568 0.874 0.232 0.952 2.661 0.673 14.715 0.978
denoised 5.596 0.883 0.22 0.957 2.535 0.704 9.416 0.991

A-CNN-LSTM
Network Temp. Humidity CO2

RMSE R2 RMSE R2 RMSE R2 RMSE R2

non-denoised 7.868 0.837 0.192 0.967 2.293 0.757 9.219 0.991
denoised 5.05 0.907 0.17 0.974 2.06 0.804 8.367 0.993

Compared to the case without denoising, it is evident that models after denoising can
significantly reduce the RMSE and increase the R2 value. Particularly, the A-CNN-LSTM
model exhibits remarkably improved prediction performance after undergoing denoising.

Figure 7 provides a comparison of the prediction results for greenhouse meteorolog-
ical data with denoising and without. (a) represents the results before denoising, while
(b) represents the results after denoising. The results clearly show that the prediction results
after denoising have better prediction accuracy compared to those without denoising.

Agronomy 2024, 14, 473 11 of 16 
 

 

represents the results after denoising. The results clearly show that the prediction results 
after denoising have better prediction accuracy compared to those without denoising. 

The results demonstrate that in the processing of greenhouse meteorological data, 
various neural network models, when subjected to denoising, can significantly enhance 
prediction performance. Particularly, the A-CNN-LSTM model exhibited a remarkable 
improvement in performance. 

 
(a) Prediction results for raw data input. 

 
(b) Predicted results for denoised data inputs. 

Figure 7. A comparison of temperature, humidity, and carbon dioxide prediction results before and 
after denoising. (a) The prediction results before denoising; (b) the prediction results after denoising. 
It can be seen that using the denoised data for the prediction brings the prediction closer to the true 
value. 

4.2. Prediction Results at Different Time Steps 
During the experiment comparing different time steps for prediction, the three mod-

els mentioned above were denoised using the same dataset. The results for predicting  the 
time steps of 1 min, 5 min, 15 min, and 30 min were compared, and the performance of 
the models in terms of RMSE and R2 was evaluated. 

The experimental results are presented in Table 2. As the prediction cycle increases, 
the prediction errors of the models also increase. For a time step of 1 min, the A-CNN-
LSTM model performs the best with an RMSE of 5.050 (R2 = 0.907). For the time steps of 5 
min, 15 min, and 30 min, the A-CNN-LSTM model still performs the best with the follow-
ing RMSE and R2 values: 9.639 (R2 = 0.887), 10.33 (R2 = 0.883), and 10.76 (R2 = 0.886), re-
spectively. Smaller time steps can capture more instantaneous changes, but they may also 
introduce more noise and unnecessary details. On the other hand, larger time steps can 
reduce noise and details but may result in the loss of important instantaneous information. 
This experiment was conducted in a relatively small greenhouse, where instantaneous in-
formation was crucial and the data had been denoised. Therefore, it is necessary to select 
smaller time steps to ensure accuracy. The performance of neural network predictions 
tends to decline as the prediction time horizon increases. If long-term predictions are re-
quired, it is important to strike a balance between prediction accuracy and the desired 

Figure 7. A comparison of temperature, humidity, and carbon dioxide prediction results before and
after denoising. (a) The prediction results before denoising; (b) the prediction results after denoising. It
can be seen that using the denoised data for the prediction brings the prediction closer to the true value.



Agronomy 2024, 14, 473 11 of 15

The results demonstrate that in the processing of greenhouse meteorological data,
various neural network models, when subjected to denoising, can significantly enhance
prediction performance. Particularly, the A-CNN-LSTM model exhibited a remarkable
improvement in performance.

4.2. Prediction Results at Different Time Steps

During the experiment comparing different time steps for prediction, the three models
mentioned above were denoised using the same dataset. The results for predicting the
time steps of 1 min, 5 min, 15 min, and 30 min were compared, and the performance of the
models in terms of RMSE and R2 was evaluated.

The experimental results are presented in Table 2. As the prediction cycle increases,
the prediction errors of the models also increase. For a time step of 1 min, the A-CNN-
LSTM model performs the best with an RMSE of 5.050 (R2 = 0.907). For the time steps
of 5 min, 15 min, and 30 min, the A-CNN-LSTM model still performs the best with the
following RMSE and R2 values: 9.639 (R2 = 0.887), 10.33 (R2 = 0.883), and 10.76 (R2 = 0.886),
respectively. Smaller time steps can capture more instantaneous changes, but they may also
introduce more noise and unnecessary details. On the other hand, larger time steps can
reduce noise and details but may result in the loss of important instantaneous information.
This experiment was conducted in a relatively small greenhouse, where instantaneous
information was crucial and the data had been denoised. Therefore, it is necessary to select
smaller time steps to ensure accuracy. The performance of neural network predictions tends
to decline as the prediction time horizon increases. If long-term predictions are required, it
is important to strike a balance between prediction accuracy and the desired prediction
interval by selecting an appropriate time step. In this regard, the A-CNN-LSTM neural
network generally exhibits better prediction performance.

Table 2. The performance comparison of RNN, LSTM, and A-CNN-LSTM models for predicting
different time steps.

Predicted
Time Step

RNN LSTM A-CNN-LSTM

RMSE R2 RMSE R2 RMSE R2

1 min 6.719 0.903 5.596 0.883 5.050 0.907
5 min 12.565 0.863 11.364 0.857 9.639 0.887

15 min 13.879 0.847 12.890 0.849 10.33 0.883
30 min 17.146 0.794 15.981 0.817 10.76 0.886

4.3. Prediction Results with Different Sample Sizes

During the comparative experiment with different training sample sizes, the three
models were applied to the greenhouse dataset. The sample size gradually increased from
25,000 to 100,000, and predictions were made using a time step of 1 min. The experimental
results are presented in Table 3, showing that as the training sample size increased, the
prediction performance of all models significantly improved.

Table 3. Prediction results of A-CNN-LSTM with different training sample sizes.

Group
Number

Sample
Size

Training
Time (s)

A-CNN-LSTM HUM TEMP CO2

RMSE R2 RMSE R2 RMSE R2 RMSE R2

Group 1 25,000 732 7.038 0.881 2.647 0.683 0.195 0.956 10.75 0.976
Group 2 50,000 1426 5.376 0.897 2.231 0.776 0.184 0.969 8.639 0.982
Group 3 75,000 2079 5.162 0.904 2.113 0.797 0.175 0.972 8.437 0.988
Group 4 100,000 2798 5.050 0.907 2.060 0.804 0.170 0.974 8.367 0.993

Taking the A-CNN-LSTM model as an example, when the training sample size is
25,000, the RMSE is 7.038 and the R2 is 0.881. However, when the training sample size
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is increased to 100,000, the RMSE decreases to 5.050 and the R2 increases to 0.907. This
clearly demonstrates that the sample size is crucial for the accuracy of the prediction
model during the training phase. Therefore, in order to achieve the desired accuracy, it is
important to collect as large an amount of high-quality training data as possible. Figure 8
shows the relationship between the R2 values of various predicted values and time for the
A-CNN-LSTM neural network under different training sample sizes. It can be observed
that as the training sample size increases, the required training time significantly increases.
However, except for humidity data, the R2 values for the remaining data show slow growth.
When the sample size increased from 50,000 to 75,000, the model’s RMSE only decreased
by 3.98%, while the R2 increased by 0.7%. However, the training time increased by 353 s.
Compared with the improvement in RMSE and R2, the decrease in training efficiency is
more significant. Therefore, in this study, the B dataset was selected as a representative for
model training to enhance operational efficiency.

Agronomy 2024, 14, 473 13 of 16 
 

 

 
Figure 8. R2 values and time for various predicted values of the A-CNN-LSTM neural network under 
different training sample sizes. 

4.4. Prediction Results with Different Input Features 
The small climatic environment changes in edible mushroom greenhouses are easily 

influenced by various factors. In order to optimize the greenhouse climate model, the 
Pearson correlation analysis method (p < 0.05) was used to determine the relevant influ-
encing factors of temperature and humidity changes in edible mushroom greenhouses. 
Based on this, further optimization was conducted [28]. The analysis heatmap is shown in 
Figure 9. Based on the Pearson correlation analysis, the experiments were divided into 
three groups. The group 1 includes three features: indoor temperature, indoor humidity, 
and indoor CO2 concentration. The group 2 includes five features: indoor temperature, 
indoor humidity, indoor CO2 concentration, humidifier switch status, and air conditioner 
switch status. The group 3 includes seven features: indoor temperature, indoor humidity, 
indoor CO2 concentration, outdoor temperature, outdoor humidity, humidifier switch sta-
tus, and air conditioner switch status. To compare the impact of these three groups of 
feature combinations on predictive performance, we conducted experiments using the 
same dataset and inputted the respective feature combinations into the A-CNN-LSTM 
model. We then calculated the RMSE and R2 values for each experiment, as well as the 
training time required for the models. 

 
Figure 9. Pearson correlation analysis. 

Figure 8. R2 values and time for various predicted values of the A-CNN-LSTM neural network under
different training sample sizes.

4.4. Prediction Results with Different Input Features

The small climatic environment changes in edible mushroom greenhouses are easily
influenced by various factors. In order to optimize the greenhouse climate model, the
Pearson correlation analysis method (p < 0.05) was used to determine the relevant influ-
encing factors of temperature and humidity changes in edible mushroom greenhouses.
Based on this, further optimization was conducted [28]. The analysis heatmap is shown
in Figure 9. Based on the Pearson correlation analysis, the experiments were divided into
three groups. The group 1 includes three features: indoor temperature, indoor humidity,
and indoor CO2 concentration. The group 2 includes five features: indoor temperature,
indoor humidity, indoor CO2 concentration, humidifier switch status, and air conditioner
switch status. The group 3 includes seven features: indoor temperature, indoor humidity,
indoor CO2 concentration, outdoor temperature, outdoor humidity, humidifier switch
status, and air conditioner switch status. To compare the impact of these three groups
of feature combinations on predictive performance, we conducted experiments using the
same dataset and inputted the respective feature combinations into the A-CNN-LSTM
model. We then calculated the RMSE and R2 values for each experiment, as well as the
training time required for the models.
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The experimental results are shown in Table 4, and indicate that the three different
feature combinations have varying degrees of impact on predictive performance. For
temperature prediction, the first group achieved an RMSE of 0.51 (R2 = 0.87), the second
group achieved an RMSE of 0.55 (R2 = 0.85), and the third group achieved an RMSE of 0.68
(R2 = 0.79). This indicates that considering more input features improves the accuracy of
the prediction model when considering temperature variations.

Table 4. Effect of three different combinations of features on prediction performance.

Input
Features

Training
Time

Temp. Humidity CO2

RMSE R2 RMSE R2 RMSE R2

Group 1 2749.741 s 0.510 0.870 2.450 0.810 8.375 0.993
Group 2 2431.537 s 0.550 0.850 2.500 0.800 8.465 0.992
Group 3 2107.421 s 0.680 0.790 3.080 0.740 8.752 0.989

In terms of humidity prediction, the first group achieved an RMSE of 2.450 (R2 = 0.810),
the second group achieved an RMSE of 2.500 (R2 = 0.800), and the third group achieved
an RMSE of 3.080 (R2 = 0.740). It can be observed that incorporating outdoor temperature
and humidity, as well as variables such as humidifier and air conditioner switch status,
significantly improves the performance of the humidity prediction model compared with
that of a model that only considers indoor temperature and humidity.

In terms of CO2 prediction, the impact of different input features on the model’s
predictive performance is limited. The maximum difference in R2 among the three groups
is only 0.004, which is consistent with the results obtained from Pearson correlation analysis.

This experiment explored the impact of different feature combinations on temperature
and humidity prediction in a greenhouse. It was found that incorporating more input
features can improve predictive performance but may also increase the training time and
instability of the model. Additionally, different feature combinations may have different
effects on the performance of different types of models. Therefore, it is necessary to design
the optimal feature combination based on the specific problem at hand.

5. Conclusions

A temperature, humidity, and carbon dioxide prediction model based on the combi-
nation of A-CNN-LSTM is proposed to address the nonlinearity, temporal dynamics, and
strong coupling of the greenhouse environment for edible mushrooms. The experimental
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results indicate that the neural network model’s prediction accuracy and robustness for
greenhouse temperature, humidity, and carbon dioxide can be improved by using a de-
noising process on the dataset. Among the different models, the dataset processed with
denoising performs better and can improve the RMSE and R2 metrics. As the prediction
horizon increases, the prediction error of the models also increases, but the A–CNN–LSTM
neural network still outperforms others. The training sample size is crucial for the accuracy
of the model, requiring a large amount of high-quality training data. Different input fea-
tures have varying impacts on the prediction performance, with more input features that
are highly correlated leading to improved prediction accuracy.

Although this study achieved certain results in the prediction of microclimate in
greenhouses, there are still several directions for further exploration and improvement.
These include, for instance, obtaining greenhouse data from all four seasons and optimizing
the model accordingly; conducting multi-objective optimization research by integrating the
prediction of temperature and humidity in the greenhouse with energy optimization and
crop growth objectives; addressing the real-time requirements of greenhouse environment
control by studying how to combine the prediction model with actual control systems to
achieve real-time greenhouse environment control.
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