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ABSTRACT
Accurate predictions of future temperature and humidity in poultry houses are
essential for environmental control strategies. Given the complex dynamics of
environmental changes, a gated feature fusion (GFF) module was developed to
capture multiscale temporal features. This module is integrated with a
transformer model to develop a GFF-transformer model. The GFF-transformer
model leverages environmental data from the past 24 h (temperature,
humidity, CO, and static air pressure) to predict the temperature and humidity
of the next 6, 12, 18 or 24 h. Compared to the long short-term memory
method, gated recurrent unit and transformer models, the GFF-transformer
model exhibits improved performance. For prediction intervals of 6, 12, 18 and
24 h, the model achieves R? values between 0.88 and 0.92 for temperature in
the range of 20.1 and 31.5 °C, with mean absolute error (MAE) ranging from
0.48 to 0.62 °C, and root mean square error (RMSE) ranging from 0.68 to
0.85 °C. For humidity in the range of 18% and 97%, the R? ranges of the model
from 0.86 to 0.94, with MAE between 2.9% and 4.7%, and RMSE between 4.3%
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and 6.4%. Overall, the proposed GFF-transformer model provides a highly
accurate and low-error solution for multistep temperature and humidity
predictions in poultry houses, offering an effective tool for optimizing
environmental control strategies.

© The Author(s) 2025. Published by Higher Education Press. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0)

1 Introduction

The China’s poultry industry is moving toward standardized
and large-scale farming!'l. In large-scale poultry operations,
high-yield breeds are commonly used, which are particularly
sensitive to environmental stressl’). Among the factors that
influence poultry house environments, temperature and
humidity are the most critical. Temperature directly affects
bird health, as both excessive heat and cold can slow growth,
reduce feed efficiency, and lower egg productionl>]. Similarly,
improper humidity levels can deteriorate air quality and
thermal comfort,

increasing the risk of pathogen

transmission[>"). As a result, maintaining an optimal
temperature and humidity environment is essential for
safeguarding poultry health and enhancing production

efficiency.

Advancements in sensor technology now enable real-time
monitoring of environmental factors in poultry houses!’l.
Currently, most environmental control systems in poultry
houses rely on comparing real-time temperature data from
sensors with preset thresholds to determine when to activate
control equipment[’l. However, there is often a delayed
response from the equipment to changes in temperature and
humidity!”l. This delay can negatively impact the microclimate
in the poultry house, potentially affecting chicken growth.
Consequently, feedback-based environmental control methods,
which adjust based on sensor data, may not respond quickly
enough to external environmental changes, leading to
decreased control efficiency. To enhance the accuracy and
responsiveness of environmental control systems, it is crucial
to predict temperature and humidity in advance. This allows
for optimization of control strategies and helps maintain a
stable and suitable microclimate in poultry houses!'"].

Temperature and humidity in poultry houses are influenced by

multiple factors, exhibiting nonlinear and time-delay
characteristics with rich time-series patterns over both short
and long periods. In poultry farming, researchers have
explored time-series predictions of environmental factors. The
research generally can be categorized into two categories:

mathematical models!' '’ and machine learning models!'’l.

Wang et al.l'’»'’] developed a discrete model that integrates a
time period group (TPG), a group buffer rolling mechanism,
and TPG factors to predict future temperatures using limited
data. However, mathematical models are typically used for
sparse data, small samples, and insufficient informationl''],
With advances in sensor technology, collecting large amounts
of time-series data on environmental factors in poultry houses
has become easier, making mathematical models less suitable
for large-scale time-series prediction. Also, machine learning
models can automatically extract and learn complex patterns
from time-series data, enabling accurate predictions of future
conditions!'’], Xu et al.l'’] used an ensemble empirical mode
decomposition-gated recurrent unit model to predict future
ammonia concentrations based on past data of ammonia levels,
temperature and humidity. Current research on predicting
temperature and humidity in poultry houses is relatively
limited. Therefore, developing a multistep prediction model
capable of handling multifeature and large-scale input data for
poultry house temperature and humidity is a critical area of
study.

In recent years, deep learning models, including recurrent
neural network (RNN), long short-term memory (LSTM),
gated recurrent unit (GRU) and transformer models, have seen
rapid development and widespread use in multistep time-series
prediction[ "], For example, Dai et al.l'‘l applied an RNN
model to predict future indoor PM; 5 concentrations based on
historical data. Sekertekin et al.l'’l combined an adaptive
neuro-fuzzy inference system with an LSTM model to predict
hourly and daily temperatures using a annual data. Similarly,
He et al.l'"] used a GRU model to predict the minimum future
temperature in a greenhouse based on local weather data.
these methods tend to be
computationally intensive and often fail to capture sufficient

Despite their effectiveness,

global information. In contrast, the self-attention mechanism
of the transformer model allows it to model any part of the
input, regardless of temporal period, giving it greater potential
for handling long-term information and capturing long-term
dependencies!'’]. Wu et al.l”’] introduced a transformer-based
time-series prediction model and compared it with an LSTM
model on an influenza outbreak data set. Their results showed
that while the transformer outperformed the LSTM on
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univariate data sets, the LSTM performed better on
multivariate data sets. This data indicate that the transformer
model may lack the ability to fully capture interactions between

multiple features.

To overcome the limitations of the transformer architecture,
recent research has explored combining transformer with
convolutional neural network (CNN) to handle tasks such as
time-series prediction’']. Chen et al.l’’] developed a CNN-
transformer hybrid model for predicting ozone concentration,
showing that it performs better than LSTM and transformer
models. This hybrid model aims to integrate the strengths of
CNNss in learning local and correlated features with the ability
of the transformer to capture long-term dependencies, thereby
enhancing overall prediction performance. For this study, we
proposed a CNN module specifically designed for multivariate
time-series prediction. This module incorporates multiple
convolutional layers with varying receptive field sizes, allowing
it to capture both short-term and long-term patterns. This
design helps the model to better process the multiscale features
within the data, leading to improved performance in handling

complex time-series data.

The primary objective of this study was to develop and evaluate
a model for multistep prediction of temperature and humidity
in poultry houses. Given the complexity of temperature and
humidity variations, we propose a gated feature fusion (GFF)
module to extract multiscale temporal features and integrate it
with a transformer architecture, resulting in the GFF-
transformer model. This model used the past 24 h of
environmental data (temperature, humidity, CO, and static air
pressure) to predict temperature and humidity for the next 6,
12, 18 or 24 h. When compared to LSTM, GRU and
transformer models, the GFF-transformer demonstrated
improved accuracy in multistep predictions of temperature and
humidity. This study offers a valuable technological foundation
for the precise and intelligent management of poultry house

environments in the future.

2 Methodology

2.1 Data collection

The experiment took place between 20 March and 16
December 2023, in an egg-laying poultry house in Haiyang
City, Shandong Province, China. The house was 86 m long by
12.5 m wide and used a four-tier stacked cage system with four
rows of cages. About 26,000 laying hens, aged 14-22 months,
were housed in the facility during the trial. A conveyor belt

beneath the cages collected manure, which was removed daily.
The hens had unrestricted access to feed and water. The
poultry house was equipped with a cooling and ventilation
system, consisting of 16 fans (127 cm in diameter) on the gable
wall, two cross-flow fans (91 cm in diameter) on each sidewall,
one cooling pad on each sidewall, and 31 side windows.
Environmental conditions were monitored using three
temperature sensors, one humidity sensor, one CO, sensor,
and one static air pressure sensor. shows the locations
of various sensors placed in the chicken house. The
temperature sensors were positioned at the front, middle, and
rear of the house, while the other sensors were placed centrally.
Data from the sensors were recorded every 5 min and uploaded
to a cloud platform using internet of things technology for

storage and analysis.

2.2 Data preprocessing

During data collection and transmission, sensor data losses
occurred, and linear interpolation was used to fill the missing
values. Three temperature sensors were installed in the house,
and their averaged data being the overall temperature of the
facility. Following the preprocessing method used by Wang
et al.l'”], all environmental data were aggregated into hourly
trends of the
environmental variables. Temperature and humidity has

averages. illustrates the four
similar patterns, peaking in the summer and remaining
relatively low during other seasons. In contrast, CO,
concentrations had an opposite trend, decreasing from spring
to summer and then rising from summer to winter. This
inverse relationship is related to the ventilation strategy in the
poultry house, where maximum ventilation during the hot and
humid summer months reduces CO, levels. These findings
show that the variation of a single environmental factor can be
influenced by other factors. A multivariate data set allows the
model to account for the interactions among all environmental
variables, enabling it to capture more complex dynamic
relationships and thereby improve prediction performance. Air
pressure changes were less distinct, with a slight downward

86 m

12.5m
u
=
=
u

B Temperature sensor
CO, sensor

Humidity sensor
B Pressure sensor

Fig. 1 Location of different sensors.
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Fig. 2 The trend of various environmental data (temperature, humidity, CO,, and air pressure).

trend in summer, likely due to increased ventilation. In
October, air pressure fluctuations became more pronounced,
followed by a drop to levels below those observed in summer,
which may be attributed to a decline in sensor accuracy.
However, a rising trend in air pressure was observed in
November, reflecting a gradual decrease in ventilation as
winter approached.

In time-series prediction, a sliding window approach is
typically used to structure sequential data into a usable data set.

illustrates this method, using temperature prediction
as an example. The input and output windows move
synchronously across the entire time series with a fixed step
size, continuing until the output window reaches the end of the
sequence. For this study, we used four variables (temperature,
humidity, CO, and air pressure) collected over the previous

Time‘

Pressure: (OO QOO O0|I0O00...000
Humidity:)O O OO 0O[000...000
co;[00000000....000
Temperature: (O QO O 0[000]....000

=1 =5 T=8
L J\ )

Input Output

Fig. 3
predicting temperature.

Illustration of the sliding window approach for

24 h as input features. The prediction targets were the
temperature and humidity for the next 6, 12, 18 and 24 h. A
sliding window with a step size of 1 h was applied. The data set
was structured into 30-day cycles, with each cycle split
sequentially into a training set and a test set at a 7:3 ratio. For
the final cycle, which contained fewer than 30 days, the same
ratio was maintained.

2.3 GFF-transformer model

2.3.1 Transformer

Unlike the standard RNN, transformer relies entirely on the
attention mechanism to capture global context within input
and output sequences, offering a clear advantage in parallel
processing. The transformer architecture is based on an
encoder-decoder framework. In time-series prediction, the
primary function of the encoder is to recognize and extract
temporal patterns and features from the input sequence.
Therefore, only the encoder is required to process the input,
convert it into a hidden representation (embedding), and
generate predictions. The encoder is composed of several
identical layers, each containing two key components: a multi-
head self-attention (MHSA) mechanism and a feed forward
network (FFN).

MHSA is a key component of the transformer model and
serves as an advanced form of the standard attention

mechanism. shows the architecture of the MHSA.
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Fig. 4 Multi-head self-attention architecture.

MHSA splits the input into multiple segments, enabling the
model to compute attention separately for each segment, thus
identifying diverse relationships within the data. Given a
sequence of input vectors, the attention mechanism produces
three matrices, query (Q), key (K) and value (V), with the
calculation process as follows.

Q=XW2K=XWKV=xw" (1)
where, X is the input matrix and WQ WX and WV are the
weight matrices. The attention weights are derived from the
dot products of the Q, K and V. These weights are then used to
compute a weighted sum of the value vectors, which generates
the output. The attention weights are calculated as:

Attention(Q,K,V) = Softmax( oK ) Vv 2)
Vat

where, dj is the number of columns in the Q and K. Standard

attention mechanisms are limited in their ability to capture

information from different subspaces. To overcome this

, the MHSA mechanism splits the

process into multiple heads. Each head calculates attention

limitation, as shown in

weights independently. The outputs from all heads are then
concatenated and transformed through a linear layer to

produce the final result being calculated ass:

MultiHead (Q, K, V) = Concat (head,, ...... ,head,) W"
Head, = Attention(Q;,K;, V;) 3)

where, WM is the weight matrix and / is the number of heads.

Each FFN in the encoder layer comprises two fully connected
layers separated by a rectified linear unit (ReLU) activation
function. The main purpose of FFN is to apply nonlinear
transformations to the features, which increases the expressive

power of the model.

lacks
inherently cannot

Because the transformer model recurrent or

convolutional operations, it capture
positional information within sequences. To overcome this, the
transformer incorporates positional encoding (PE). This is an
additive component that imparts relative or absolute positional
information to the model for each element in the sequence. PEs
are generally precomputed and added directly to the input

embedding, being defined as:

PE i = sin[LSZt) @)
10000 @
[N
PEpo.r,ZiH = COs [p—zt] (5)
10000 @

where, pos is the position of a timestamp within the time series.
Each timestamp is assigned a unique position: 1 for the first
2 for the second and so forth. d is the
dimensionality of PE, i is an index that ranges from 0 to d - 1.

timestamp,

2i is the even dimensions, 2i + 1 is the odd dimensions.

2.3.2 Gated feature fusion module

CNN (1D CNN) have
application in time-series prediction due to their strong feature

One-dimensional gained wide
extraction capabilities and parallel processing advantages.
However, when multiple 1D CNN layers are stacked in
sequence, the model may become prone to overfitting as
network depth increases. Inspired by InceptionNet!>’] and
LSTM[*Y], we propose a new architecture called the GFF
module. This module uses a parallel multi-branch structure to
promote feature sparsity and effectively extract multiscale
features from time series. shows the architecture of the
GFF module. The GFF module extracts features using three 1D
CNN layers, each with a different number of groups (1, 2 and
4). A larger number of groups expands the receptive field,
enabling the capture of broader spatiotemporal information.
To selectively fuse these features, we introduce a gating
mechanism similar to the gated units in LSTM networks. The
gating mechanism operates in two steps: first, a sigmoid
activation function generates weights for the CNN layer
outputs, ranging from 0 to 1. These weights are then multiplied
by the CNN output features. Each branch has its own gating
unit, allowing the model to learn which information to retain
or discard. Finally, the gated features are combined to achieve
effective multiscale feature fusion. GFF module enhances the
ability of the model to process multiscale data, improves
generalization, and reduces the risk of overfitting.

2.3.3 GFF-transformer architecture

For this study, the temperature and humidity prediction model
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Fig. 5 Gated feature fusion module architecture.

for poultry house was a GFF-transformer model, which
integrates the GFF module with the transformer model. The
. Initially, the GFF

module and transformer encoder module independently

architecture of this model is shown in

extract features from the preprocessed time-series data. These
extracted features are then merged and reorganized into new
feature representations, which are passed through a fully
connected layer to generate predictions for future temperature
and humidity. In the transformer encoder, two layers are used,
each with 4 attention heads in the MHSA and a dimensionality
of 128 for both the input and output of the FEN. In the GFF

module, all grouped convolutions have a kernel size of 3, with
32 output channels. By extracting features in parallel, the
model can capture information from various perspectives,
resulting in richer final feature representations.

The GFF-transformer model consists of four main
components: the input layer, the transformer module, the GFF

module and the output layer.

Input layer The model receives a multidimensional time series
consisting of temperature, humidity, CO, and air pressure as
input. This time series is represented as a three-dimensional
matrix with the shape (B, T and F), where B is the number of
samples input into the model, ¢ = {T}, T, ..., To4} (T is the time
steps of the input sequence, with a total of 24 time steps) and
F = {F,, F,, Fs and F4} (F,-F, represent temperature, humidity,
CO; and air pressure, respectively). The shape of the time
series was set to (B, 24 and 4) for this study.

Transformer encoder module The time series with the shape
(B, 24 and 4) is first passed through an embedding layer,
converting it to a shape of (64, B and 128). After applying PE, it
is reshaped to (24, B and 128) to align with the transformer
architecture. The features extracted by two transformer
encoder layers are then used, with the output being the feature
of the final time step.

GFF module The time series with the shape (B, 24 and 4) is
reshaped to (B, 4 and 24) to facilitate 1D group convolution
operations. After feature extraction through the GFF module,
the features are transformed from (B, 24 and 4) to (B and 96),

Transformer encoder module

Input embedding
Posion encoding
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Fig. 6 GFF-transformer architecture.
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and then passed through a fully connected layer, resulting in an
output shape of (B and 128).

Output layer The two feature matrices with the shape (B and
128) are concatenated along the second dimension and passed
through a fully connected layer to generate predictions for
temperature or humidity. The final output has the shape (B and
P), where P = {Py, P,, .., Pi}, with P; being the predicted
temperature or humidity at the i-th future time step, up to 6,
12, 18 or 24 time steps ahead.

2.4 Model parameters and setting

This study used three popular time-series prediction models
(LSTM, GRU and transformer) as benchmark models for
comparison. Both the LSTM and GRU models consisted of 2
layers with 128 neurons each. The transformer model, like the
GFF-transformer, used only the encoder portion with identical
parameters.

The experiments were conducted on a Windows 10 (64-bit)
system with 16GB of RAM and an NVIDIA RTX 1660 6GB
GPU. The models were developed and evaluated using Python
3.8 and the PyTorch 1.8.1 deep learning framework. All models
were trained with the following hyperparameters: a learning
rate of 0.02, the AdamW optimizer, a batch size of 64, and 500
epochs. The loss function used for training was mean absolute
error (MSE) calculated as:

N
Loss =MSE=N"' )"y’ (6)
i=1
where, N is the total number of samples in the data set, y; is the
predicted value of the i-th sample and y; is the true value of the
i-th sample.

2.5 Models evaluation

The performance of the prediction models was evaluated using
three metrics: mean absolute error (MAE), root mean square
error (RMSE) and the coefficient of determination (R2). Lower
values for all three metrics indicate improved predictive
accuracy. The formulas for these metrics are:

N
MAE=N"'3"(5,-y)* (7)
=1

N
RMSE = | N"1 Y5, -y, (8)
i1

Zﬁl@i _yi)z

where, y is the mean value of all samples.

R=1- ©)

To evaluate the prediction performance of different models
across various predict horizons, this study introduced
temperature prediction error (er) and humidity prediction
error (ey) being defined as:

er () =Pr()—Ar (D) (10)

en() =Py (@) —Ay @) (11)
where, Py and A7 are the predicted and actual temperature at
time 7, and Py and Ap are the predicted and actual humidity at
time i.

3 Results and discussion

3.1 Prediction results of temperature and humidity

shows the temperature prediction results for prediction
horizons of 6, 12, 18 and 24 h using different models. The GFF-
transformer model consistently outperformed others across all
prediction horizons, followed by LSTM, GRU and transformer
models. For predictions within the next 6 h, the GFF-
transformer model achieved an R? values 0.01, 0.02 and 0.07
higher than the LSTM, GRU and transformer models,
respectively. Its MAE was lower by 0.05, 0.15 and 0.24 °C, and
its RMSE was lower by 0.05, 0.17 and 0.27 °C compared to
these models. For predicting temperature over the next 24 h,
the GFF-transformer model had an R? improvement of 0.04,
0.04 and 0.08 over the LSTM, GRU and transformer models. Its
MAE decreases by 0.11, 0.11 and 0.17 °C, and its RMSE
decreased by 0.1, 0.12 and 0.21 °C, respectively. This
the GFF-transformer
advantage in both short-term and long-term predictions. The
transformer model exhibits the highest prediction errors at all

demonstrates model has a clear

prediction horizons, likely due to its reliance on self-attention
mechanisms, which may not capture local and relevant features
as effectively as the GFF-transformer model. Also, all models
show decreased accuracy with longer predict horizons,
highlighting the increased difficulty of long-term predictions.

presents the humidity prediction results for prediction
horizons of 6, 12, 18 and 24 h using various models. Consistent
with temperature predictions, the accuracy of humidity
predictions ranks from highest to lowest: GFF-transformer,
LSTM, GRU and transformer models. Notably, the GFF-
transformer model outperformed the transformer model with
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Table1 Temperature prediction results using different prediction steps and models

Prediction horizons Metrics LSTM GRU Transformer GFF-transformer
6 R? 0.91 0.90 0.85 0.92
MAE (°C) 0.53 0.63 0.72 0.48
RMSE (°C) 0.73 0.85 0.95 0.68
12 R? 0.88 0.88 0.84 0.89
MAE (°C) 0.59 0.68 0.75 0.57
RMSE (°C) 0.82 0.92 0.98 0.79
18 R? 0.87 0.86 0.81 0.88
MAE (°C) 0.66 0.66 0.77 0.60
RMSE (°C) 0.88 0.90 1.03 0.83
24 R? 0.84 0.84 0.80 0.88
MAE (°C) 0.73 0.73 0.79 0.62
RMSE (°C) 0.95 0.97 1.06 0.85

Note: LSTM is the long short-term memory. GRU is the gated recurrent unit. GFF-Tansformer is the transformer model integrated with the gated feature fusion module. R? is the

coefficient of determination. MAE is the mean absolute error. RMSE is the root mean square error.

Table 2 Humidity prediction results using different prediction steps and models

Prediction horizons Metrics LSTM GRU Transformer GFF-transformer
6 R? 0.92 0.91 0.91 0.94
MAE (%) 3.26 3.79 3.72 291
RMSE (%) 4.80 5.19 5.11 4.25
12 R? 0.88 0.87 0.86 0.90
MAE (%) 4.35 4.50 4.77 3.78
RMSE (%) 6.01 6.31 6.39 5.42
18 R? 0.85 0.83 0.80 0.88
MAE (%) 4.92 5.26 5.73 4.37
RMSE (%) 6.78 7.18 7.77 6.07
24 R? 0.82 0.80 0.78 0.86
MAE (%) 5.21 5.79 6.03 4.70
RMSE (%) 7.29 7.63 8.14 6.40

Note: LSTM is the long short-term memory. GRU is the gated recurrent unit. GFF-transformer is the transformer model integrated with the gated feature fusion module. R? is the

coefficient of determination. MAE is the mean absolute error. RMSE is the root mean square error.

an R? improvement of 0.03, 0.04, 0.08 and 0.08 for the 6, 12, 18
and 24 h predictions, respectively. Its MAE was lower by
0.81%, 0.99%, 1.37% and 1.43%, and its RMSE lower by 0.76%,
0.97%, 1.7% and 1.74%, respectively. These results highlight the
superior performance of GFF-transformer model in both
temperature and humidity predictions. The GRU model shows
higher prediction errors compared to the LSTM model for both
temperature and humidity, likely due to its simpler structure

and fewer parameters. Also, as the prediction horizon

increases, all models show increased prediction errors for
humidity, reflecting a similar trend observed in temperature

predictions.

presents the training and testing runtimes for the
LSTM, GRU, transformer and GFF-transformer models. These
results show that the transformer model took longer to run
than the LSTM and GRU models. The GFF-transformer, which

introduces a new parallel processing module to boost model
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Table 3 Runtimes of proposed and compared models

Time LSTM GRU Transformer GFF-transformer
Training (s) 265 254 410 504
Testing (s) 0.14 0.08 0.21 0.25
performance, had higher computational complexity, leading to ~ GRU, transformer and GFF-transformer models. In and

the longest runtime. Specifically, the GFF-transformer took
504 s (about 8.4 min) for training and 0.25 s for testing. While
the runtime is longer, it is acceptable for high-precision
predictions. Also, for the requirement of hourly updates in
temperature and humidity forecasts, the GFF-transformer
model is capable of meeting real-time operation demands.

3.2 Prediction error of models

and illustrate the error distributions for

temperature and humidity predictions made by the LSTM,
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, the y-axis is centered at 0, where smaller deviations from this
baseline indicate higher prediction accuracy. The white
symbols indicate the median of the error, the boxes show the
interquartile range, and the whiskers cover 99.3% of the data.

and show that the GFF-transformer model
had a mean prediction error close to 0. For temperature
predictions at prediction horizons of 6, 12, 18 and 24 h, the
error ranges are [-1.28, 1.44], [-1.49, 1.66], [-1.72, 1.72] and
[-1.71,
prediction horizons of 6, 12, 18 and 24 h, the error ranges were
broader at the peaks, with values of [-8, 7.35], [-10.59, 10.42],

1.84], respectively. For humidity predictions at
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Fig. 7 Error (e7) results of temperature prediction by different models of (a) LSTM, (b) GRU, (c) transformer, and (d) GFF-transformer.
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Fig. 8 Error (ey) results of humidity prediction by different models of (a) LSTM, (b) GRU, (c) transformer, and (d) GFF-transformer.

[-12.65, 10.66] and [-14.12, 13.59]. However, within the
interquartile range, the errors were much more confined,
specifically [-2.23, 1.62], [-2.71, 2.52], [-3.91, 1.92] and [-3.73,
3.2]. These results indicate that the GFF-transformer model
achieves a more concentrated and stable error distribution for
both temperature and humidity predictions.

), the
) gave prediction

Compared to the transformer model ( and

GFF-transformer model ( and
errors that were closer to the baseline and more densely
clustered, with lower peak errors. This indicates that the GFF
module enhances the ability of the transformer to capture
multiscale temporal features, leading to reduced prediction
errors. Similarly, the GFF-transformer model demonstrates
lower peak errors and a more concentrated error distribution
compared to the GRU model ( ). When
compared to the LSTM model ( ), the GFF-

transformer model had slightly higher prediction values at the

and
and

6-h temperature and the 24-h humidity prediction horizons.
However, the errors of GFF-transformer model were more

densely clustered near the baseline, resulting in higher overall
accuracy. For other prediction horizons, the GFF-transformer
model consistently exhibits lower peak errors than the LSTM
model. These findings demonstrate the effectiveness GFF-
transformer model in multistep temperature and humidity

predicting in poultry houses.

3.3 Visual analysis of prediction results

Given that multistep prediction results cannot be adequately
visualized in a single plot, we analyzed the prediction results at
the final prediction step of each horizon. compares the
true temperatures from the test set with the prediction results
made by different models. The GFF-transformer and LSTM
models deliver predictions closer to the actual temperature
, the GFF-

transformer and LSTM predictions are nearly identical

than the GRU and transformer models. In

However, in , as the prediction horizon increases, the

prediction error of the LSTM model increases significantly,
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while the GFF-transformer model remains closer to the actual
temperature. The GFF-transformer model fits well during
periods of daily temperature rise and fall, but deviations occur
at temperature turning points. Specifically, it tends to
underpredict peak temperatures and overpredict the lowest
temperatures, indicating that the GFF-transformer model
smooths the prediction trend, which reduces accuracy when
handling temperature peaks or inflection points.

provides a comparison the actual humidity in the test

set with the predictions of different models. Humidity exhibits
more pronounced fluctuations than temperature, making it
harder to predict. Consequently, all models had lower accuracy
in humidity predicting compared to temperature. In
, the GFF-transformer model had significant

deviation between data points 600 and 800, with all predictions
skewing too high. However, in , the model gave a
better fit in that data range, though performance was weaker in
other data range. In , between data points 800 and
1200, the LSTM model provides a better fit than the GFF-
transformer model. However, outside this range, the GFF-
transformer model still outperforms. Despite increasing
prediction errors as the prediction horizon extends, the GFE-
transformer model consistently had improved performance

compared to the baseline models across different time steps.

3.4 Shapley additive explanations analysis

The data presented above have established the performance of
the GFF-transformer model in forecasting temperature and
humidity. However, the black-box nature of deep learning
models complicates the direct understanding of the internal
processes and prediction mechanisms. To address this, we used
Shapley additive explanations (SHAP), a method grounded in
Shapley value theory from game theoryl*"], to enhance model
transparency. shows the importance ranking of
different features in temperature and humidity prediction. For
SHAP that

temperature data are the most significant influencing factor, as

temperature  prediction, analysis revealed

historical temperature data often provide an effective
prediction of future temperature changes. Other variables,
including CO,, humidity and air pressure, were also important,
indicating complex interactions between these factors and
temperature. Similarly, for humidity predictions, humidity data
are the dominant feature, with its SHAP value notably higher
than others. CO; is again a key factor, reinforcing its indirect
influence on the temperature and humidity conditions within

poultry houses.

3.5 Limitations

The GFF-transformer model presented in this study performed
effectively in predicting future temperature and humidity
within poultry houses. However, certain limitations remain.
The data set used comprised hourly averages from identical
sensors. In practice, temperature and humidity in poultry
houses are not uniformly distributed. For example, under high
ventilation, asymmetric external wind pressure can disrupt
internal airflow circulation, resulting in significant differences
in thermal and humidity conditions between the front and rear
of the housel”’l. Relying solely on averages will not fully
capture the actual environmental complexities. Future research
should focus on developing predictive models that incorporate
environmental data from various points within the house. In
this study, predictions for future temperature and humidity
were made using only past 24-h data on temperature,
humidity, CO, and air pressure. However, several factors
influence temperature and humidity in poultry houses. For
example, increasing airflow is a crucial strategy for alleviating
heat stress in chickens, and many researchers are investigating
how to resolve issues such as uneven airflow and low wind
speeds to maintain a comfortable thermal environment!”’>*"],
Environmental control strategies in enclosed poultry houses
often aim to counteract external challenges, but energy
constraints may prevent maintaining a consistently
comfortable thermal environment. In colder regions, poultry
houses tend to have lower internal temperatures!”’], while in
hotter regions, internal temperatures are normally higher. To
should

incorporate more environmental variables and install a wider

improve prediction accuracy, future research
variety of sensors inside and outside the poultry house. This
will enable more precise predicting of temperature and

humidity.

4 Conclusions

This study introduces a GFF-transformer model for multistep
prediction of temperature and humidity in poultry houses,
demonstrating good performance. From this work we draw
three main conclusions. Firstly, the GFF module improves the
ability of the transformer to capture multiscale features and
process time-series data, which reduces prediction errors.
Secondly, when compared to LSTM, GRU, and transformer
models, the GFF-transformer outperforms them in both
temperature and humidity predictions. For prediction horizons
of 6, 12, 18 and 24 h of the test set, the model achieved a
temperature prediction R? between 0.88 and 0.92, with a MAE
of 0.48 to 0.62 °C and a RMSE of 0.68 to 0.85 °C. For humidity
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Fig. 11 Importance of input features for temperature and humidity prediction of (a) Temperature and (b) humidity predictions.

prediction, the R? ranged from 0.94 to 0.86, with an MAE of
2.9% to 4.7% and an RMSE of 4.3% to 6.4%. Thirdly, the GFF-
transformer model also provided a more favorable error
distribution across different prediction horizons compared to
other models on the test set. In summary, the proposed GFF-

transformer model achieved high accuracy in multistep
temperature and humidity predictions in poultry houses. This
model offers a theoretical foundation for precise environmental
control and early warning systems, contributing to enhanced
poultry production efficiency.
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