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Abstract

This study investigates the effectiveness of a hybrid convolutional neural network (CNN)
and long short-term memory (LSTM) model for predicting the temperature of switchgear
within electrical power systems. Given the critical importance of temperature monitoring
for operational safety and stability, this research integrates CNNs and LSTMs to lever-
age their respective strengths in spatial feature extraction and temporal data processing.
Utilizing a dataset from 2020 comprising hourly data points along with comprehensive
environmental and operational variables, the model aims to deliver precise temperature
predictions. Initial results indicate a high level of accuracy, with the CNN-LSTM model
achieving an R2 score of 0.95 and a mean absolute error of 0.12 ◦C, highlighting its signifi-
cant potential to enhance the monitoring and management of safety in power systems.

Keywords: CNN-LSTM mode; temperature monitoring; power system safety

1. Introduction
The temperature monitoring of switchgear is crucial for ensuring the operational

safety and stability of electrical power systems [1–3]. Switchgear refers to a comprehen-
sive set of power distribution devices, integrating one or more switching mechanisms
along with associated control, measurement, signaling, and protection components, all
connected through electrical and mechanical interconnections within structural units [4].
These assemblies are essential for controlling, distributing, and safeguarding electrical
systems during power generation, transmission, distribution, and transformation. Typical
components within switchgear include circuit breakers, isolators, load switches, operating
mechanisms, transformers, and various protective devices, and their applications span a
range of environments, from power plants and substations to residential complexes and
high-rise buildings [5]. Switchgear plays a critical role in distributing electrical energy
and protecting circuits within the power system [6]. Therefore, malfunctions in switchgear
not only disrupt normal power supply, affecting essential services and daily activities—
particularly in critical facilities such as hospitals, banks, and theaters—but also pose serious
safety risks. Faults can lead to electrical fires, often triggered by overloads, short circuits,
or poor contacts, resulting in overheating of circuits and equipment. Moreover, failures in
switchgear compromise overall system stability and may trigger cascading failures that
extend outages and exacerbate the problem [7]. These malfunctions can also degrade the
quality of electrical energy, leading to increased energy consumption and higher electricity
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costs [8]. In this context, temperature is one of the most critical indicators of switchgear
health, as abnormal temperature rise is closely associated with insulation degradation,
contact resistance increase, and thermal stresses on components. Sustained overheating
can accelerate material aging and eventually lead to catastrophic failures. While direct
temperature measurements can be obtained through sensors such as infrared detectors
or thermocouples, these approaches face limitations in practice: installation of sensors in
high-voltage environments can be costly, intrusive, and sometimes infeasible, particularly
for enclosed or compact switchgear structures. Furthermore, real-time measurement at all
potential hot spots is rarely achievable. Consequently, temperature estimation based on
correlated electrical and environmental parameters provides a more flexible and scalable ap-
proach. Accurate estimation enables continuous monitoring, predictive maintenance, and
early fault detection, thereby enhancing both the stability and operability of power systems.

Accurate temperature prediction of electrical switchgear has been extensively studied
due to its direct implications for operational safety and system reliability [9–11]. Traditional
monitoring approaches, such as threshold alarms, manual inspections, and thermal imag-
ing, have been widely applied in practice [12]. However, these methods are limited in their
ability to process large-scale multivariate time-series data and often fail to capture nonlinear
dependencies that characterize thermal variations in power systems. To address these
challenges, machine learning models including support vector machines (SVMs), random
forests (RFs), and artificial neural networks (ANNs) have been introduced [13]. While these
approaches improve predictive accuracy compared to conventional statistical methods [14],
their effectiveness remains constrained by insufficient feature extraction and difficulty in
modeling long-term temporal dependencies. With the rapid advancement of deep learning,
more powerful architectures have been explored. Convolutional Neural Networks (CNNs)
are particularly effective in extracting hierarchical spatial features and have demonstrated
strong performance in applications such as equipment fault detection and process moni-
toring [15,16]. Conversely, Long Short-Term Memory (LSTM) networks excel in sequence
modeling by capturing both short- and long-term dependencies, overcoming the limitations
of standard recurrent networks [17–19]. Studies in energy forecasting and thermal system
analysis highlight the advantages of LSTMs in time-series prediction tasks. Nonetheless,
CNNs alone often neglect sequential dependencies, while LSTMs alone may underperform
in handling complex spatial correlations, suggesting the need for integrated frameworks.
Recent research has increasingly focused on hybrid CNN-LSTM models, which leverage the
spatial feature extraction of CNNs and the temporal learning capability of LSTMs. These
hybrid approaches have achieved promising results in fields such as renewable energy
forecasting, air quality prediction, and industrial process optimization [20–23].

Despite these technological advances, the use of hybrid models that combine CNNs
and LSTMs for temperature prediction in power system switchgear remains relatively
unexplored [24]. This hybrid model harnesses the spatial feature extraction capabilities
of CNNs and the temporal data processing strengths of LSTMs, offering the potential for
improved accuracy in temperature predictions. This study aims to assess the effectiveness
of CNN-LSTM hybrid models in predicting switchgear temperatures within power sys-
tems, providing robust technical support for enhancing the safety and reliability of power
system operations.

2. Methodology
2.1. Datase and Switchgear

The dataset used in this study comprises hourly data collected throughout 2020,
from 1 January to 31 December, amounting to 8784 data points. Each data point includes
11 features, resulting in a data matrix of dimensions (8784, 11). The recorded features are:
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‘Date’, ‘Time’, ‘Flue Gas Velocity (m/s)’, ‘O2 Content (%)’, ‘Measured SO2 Concentration
(mg/Nm3)’, ‘Standardized SO2 Concentration (mg/Nm3)’, ‘Particulate Matter Concentra-
tion (mg/Nm3)’, ‘Standardized Particulate Matter Concentration (mg/Nm3)’, ‘Flue Gas
Flow (m3/h)’, ‘Inlet Temperature (◦C)’, and ‘Outlet Temperature (◦C)’. The primary variable
of interest, ‘Outlet Temperature (◦C)’, serves as the dependent variable in this tempera-
ture prediction study. This dataset provides a comprehensive view of the environmental
and operational conditions affecting switchgear temperature, enabling the application of
advanced predictive models.

The data was obtained from a 110 kV indoor high-voltage switchgear cabinet operating
in a coal-fired power plant located in eastern China. The switchgear is part of the plant’s
flue gas desulfurization (FGD) system, and it manages the electrical power distribution
for induced draft fans, circulating pumps, and auxiliary equipment. The cabinet model
belongs to a widely used metal-enclosed switchgear series, rated for a nominal current
of 3150 A and a short-time withstand current of 40 kA (3 s). The load profile during the
observation period primarily reflected continuous base-load operation, with average load
utilization around 70–85% of rated capacity. The inlet source refers to the flue gas channel
upstream of the FGD absorber, while the outlet temperature represents the temperature
of flue gas downstream of the absorber section. The cabinet is installed in a controlled
indoor environment with ambient temperatures varying seasonally between 5 and 32 ◦C.
These specifications are critical for interpreting the dataset, as they provide context for the
thermal behavior of the switchgear and the applicability of the predictive models to other
industrial scenarios. The testing process consists of several key steps. First, the dataset was
divided into training (70%), validation (15%), and testing (15%) subsets to ensure that the
models were evaluated on unseen data.

2.2. CNNs

Convolutional Neural Networks (CNNs) are a class of deep learning models specifi-
cally designed to handle high-dimensional data with grid-like topology, such as images,
videos, and increasingly, other structured data types like time-series data and spectro-
grams [25]. The key innovation of CNNs lies in their ability to exploit spatially local
correlations through convolutional operations, significantly reducing the number of train-
able parameters compared to fully connected neural networks while maintaining high
representational power.

The fundamental building block of a CNN is the convolutional layer, which applies a
set of learnable kernels or filters to the input data. Each filter is typically small in spatial
extent but spans the full depth of the input feature maps. Mathematically, for an input
image X ∈ RH×W×D with height H, width W, and depth D, and a filter F ∈ Rk×k×D, the
convolution operation is defined as

S(i, j) = (X ∗ F)(i, j) =
k

∑
m=1

k

∑
n=1

D

∑
d=1

X(i + m, j + n, d) · F(m, n, d)

where S(i,j) denotes the activation at location (i,j) in the resulting feature map, and *
represents the convolution operator. The resulting feature maps highlight salient local
patterns such as edges, textures, or higher-level structures depending on the depth of
the network.

To introduce nonlinearity and enhance representational capacity, CNNs apply acti-
vation functions such as the Rectified Linear Unit (ReLU) after convolutional operations.
In addition, pooling layers (e.g., max pooling or average pooling) are often employed to
down sample feature maps by summarizing activations within a local region. Pooling not
only reduces computational cost and memory footprint but also introduces a degree of
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translation invariance, which is desirable in many computer vision tasks. Deeper CNN
architectures stack multiple convolutional and pooling layers, enabling hierarchical feature
extraction where low-level features are captured in early layers, and high-level semantic
concepts emerge in later layers. This spatial hierarchy learning is one of the most significant
strengths of CNNs, allowing them to outperform traditional feature-engineering-based
methods in visual recognition tasks.

In addition to convolution and pooling, modern CNN architectures incorporate batch
normalization to stabilize training, dropout to prevent overfitting, and residual connections
to enable training of extremely deep networks. Furthermore, CNNs are not limited to
image recognition; they have been successfully applied to natural language processing via
character-level or word-level embeddings, audio processing, medical image diagnosis, and
even time-series forecasting where local temporal correlations can be treated analogously
to spatial correlations.

2.3. LSTMs

Recurrent Neural Networks (RNNs) are designed for sequential data modeling, yet
they often struggle with learning long-term dependencies due to the vanishing and explod-
ing gradient problem [26,27]. Long Short-Term Memory (LSTM) networks were proposed
as a solution to this limitation, introducing a memory cell mechanism that allows informa-
tion to persist across longer time horizons. This architecture has since become a cornerstone
for sequence modeling tasks, including natural language processing, speech recognition,
and time-series forecasting. An LSTM unit consists of a cell state Ct, which acts as the mem-
ory of the network, and three types of gates—forget gate, input gate, and output gate—that
regulate the flow of information [28,29]. Specifically, the forget gate determines how much
of the past memory should be retained or discarded. The input gate controls how much of
the new input information is written to the memory. The output gate decides how much
of the memory is exposed to the next hidden state. Mathematically, the operations of an
LSTM at time step t can be described as

ft = σ
(

W f · [ht−1, xt] + b f

)
it = σ(Wi · [ht−1, xt] + bi)

∼
Ct = tanh(WC · [ht−1, xt] + bC)

Ct = ft ∗ Ct−1 + it ∗
∼
Ct

ot = σ(Wo · [ht−1, xt] + bo)

ht = ot ∗ tanh(Ct)

where xt is the input at time step t, ht is the hidden state, Ct is the cell state, σ is the sigmoid
activation function, and ∗ denotes the Hadamard (element-wise) product.

The gating mechanism ensures that gradients can propagate effectively over long
sequences, thereby mitigating the vanishing gradient problem. By selectively updating and
retaining memory, LSTMs capture both short-term patterns and long-term dependencies
in sequential data. In practice, LSTMs have proven to be highly effective in diverse
applications. In natural language processing, they are widely used for language modeling,
machine translation, and text generation, where the meaning of words depends heavily
on their context in long sequences. In time-series forecasting, LSTMs excel at modeling
temporal dependencies in fields such as financial prediction, climate modeling, and energy
demand forecasting. Additionally, LSTMs are frequently combined with CNNs to leverage
both spatial and temporal features, such as in video classification or sensor-based human
activity recognition.
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Despite their strengths, LSTMs are computationally expensive due to the complex
gating mechanisms and large parameter sets. Recent alternatives such as Gated Recurrent
Units (GRUs) have been proposed to simplify the architecture while retaining comparable
performance. More recently, Transformer-based models have shown superior scalability
and performance in many sequence modeling tasks, though LSTMs remain an indis-
pensable architecture in domains requiring efficient sequence learning with moderate
data scales.

2.4. Model Training

In this study, three predictive models were implemented: a CNN model, an LSTM
model, and a hybrid CNN–LSTM model. The CNN architecture consisted of two convo-
lutional layers with 32 and 64 filters, respectively, each using a kernel size of 3 and ReLU
activation. A max-pooling layer with pool size 2 followed each convolutional layer, and a
dropout rate of 0.2 was applied to mitigate overfitting. The LSTM model comprised two
stacked LSTM layers with 128 and 64 hidden units, respectively, followed by a fully con-
nected dense layer with linear activation to produce the output. For the hybrid CNN–LSTM
architecture, the first stage employed the same convolutional layers as in the standalone
CNN to extract local spatial features from the input data. The resulting feature maps
were then reshaped and fed into the LSTM layers, which modeled temporal dependencies
across sequential inputs. This combination enables the model to capture both short-term
correlations and long-term dependencies, improving overall predictive accuracy.

All models were trained using the Adam optimizer with an initial learning rate of
0.001 and mean squared error (MSE) as the loss function. The batch size was set to 64,
and the maximum number of epochs was 200, with early stopping applied if validation
loss did not improve for 20 consecutive epochs. Data were normalized using min–max
scaling prior to training, and performance evaluation was carried out on an independent
test set using R2, Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and
Mean Absolute Percentage Error (MAPE) metrics. These implementation details ensure
transparency and reproducibility of the experiments. All experiments were conducted
on a workstation equipped with an NVIDIA RTX 3090 GPU and 64 GB RAM, ensuring
efficient model training. Performance evaluation was carried out using four commonly
adopted metrics: coefficient of determination (R2), mean absolute error (MAE), root mean
square error (RMSE), and mean absolute percentage error (MAPE). This systematic process
ensures that the testing framework is both rigorous and reproducible.

2.5. Presentation of the Testing Problem

The primary testing problem addressed in this study is the accurate prediction of
switchgear outlet temperature under varying operational and environmental conditions.
The challenge arises from the complex nonlinear relationships and strong temporal depen-
dencies inherent in the data, as temperature dynamics are jointly influenced by multiple
correlated factors such as inlet temperature, flue gas flow, and pollutant concentrations. Tra-
ditional approaches and single-model deep learning methods are insufficient for capturing
both spatial correlations among input variables and long-term dependencies across time.
Therefore, this study specifically designs a CNN-LSTM hybrid framework and evaluates
its predictive performance against baseline CNN and LSTM models. The testing problem
can thus be formally defined as a supervised regression task, where the goal is to minimize
predictive error in outlet temperature forecasting while maintaining robust generalization
ability across unseen data.
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3. Results and Discussion
3.1. Correlation Analysis

Figure 1 illustrates the outlet temperature throughout 2020, indicating that the outlet
temperature predominantly remains stable, fluctuating around 50 ◦C for much of the
year. This stability suggests a consistent operational environment under normal working
conditions. Notably, a significant temperature drop occurs between late April and early
June, where temperatures decrease to nearly 15 ◦C. This sharp decline is attributed to a
planned operational intervention and thus was excluded from the primary stability analysis
to avoid skewing the results. Following this period, temperatures rapidly recover to normal
levels, suggesting a possible correction or adjustment in the system, whether automated
or manual. The rapid recovery implies that robust control mechanisms are in place to
maintain the temperature within the desired range.

 
Figure 1. Outlet temperature during 2020.

Figure 2 presents a comprehensive view of the linear relationships among several
variables pertinent to the operational conditions of electrical equipment [30]. A robust
positive correlation of 0.95 exists between inlet and outlet temperatures. This strong corre-
lation indicates that thermal conditions at the inlet significantly influence the temperatures
observed at the outlet, reflecting a relatively stable thermal process within the system. Fur-
thermore, the concentrations of particulate matter and sulfur dioxide exhibit a substantial
correlation of 0.87. This relationship implies that conditions conducive to high particulate
emissions are also favorable for increased sulfur dioxide concentrations, potentially due to
common sources or environmental conditions affecting both parameters simultaneously.
Conversely, the correlation matrix reveals strong negative correlations involving oxygen
content. Specifically, oxygen content exhibits a strong inverse relationship with both inlet
and outlet temperatures, with coefficients of −0.91 and −0.88, respectively. These findings
suggest that increased oxygen content is associated with lower temperatures at both the
inlet and outlet, potentially attributable to the cooling effects or dilution of inlet gases.
The correlation between oxygen content and the concentrations of sulfur dioxide and
particulate matter, both at −0.79, further supports the hypothesis that higher oxygen levels
may enhance combustion completeness, thereby reducing these pollutants. Additionally,
outlet temperature demonstrates strong positive correlations of 0.95 with flue gas flow and
0.87 with inlet temperature, reinforcing the notion that higher gas flows and elevated inlet
temperatures predictably lead to higher outlet temperatures. This relationship underscores
the thermodynamic consistency within the system, wherein input energy and mass flow
significantly influence thermal output.
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Figure 2. Pearson correlation coefficient matrix.

3.2. CNN Model Regression Results

Figure 3 depicting the performance of the CNN in predicting temperatures over time
illustrates the model’s robust capability to accurately replicate actual temperature fluctua-
tions. This accuracy is reflected in the R2 score of 0.81, indicating a strong linear correlation
between predicted and actual temperatures. Such a score suggests that approximately 81%
of the variance in the actual temperature data is explained by the predictions from the CNN
model. Furthermore, the MAE of 0.22 ◦C indicates that the predictions deviate from the
actual values by an average of only two-tenths of 1 ◦C, underscoring the model’s precision.

 

Figure 3. CNN model predicted outlet temperature.

3.3. LSTM Model Regression Results

Figure 4 presents the results from a Long Short-Term Memory (LSTM) network tasked
with predicting temperatures, visualized by comparing actual and predicted values over a
series of hours. The LSTM model achieves a commendable R2 score of 0.92, indicating a
high degree of linear correlation between the observed and predicted temperature values.
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This score implies that 92% of the variance in the actual temperature is explained by the
model’s predictions. Furthermore, the Mean Absolute Error (MAE) of 0.15 ◦C highlights
the model’s precision, with an average prediction error of only 0.15 ◦C, demonstrating
its efficacy in closely matching the actual temperature data points. The LSTM’s ability to
capture complex dependencies in temperature fluctuations over time is evident. The close
alignment of the LSTM-predicted temperature (represented by the dotted red line) with
the actual temperature (indicated by the solid blue line) across the graph indicates that the
model effectively learns and replicates the temporal dynamics inherent in the dataset.

 

Figure 4. LSTM model predicted outlet temperature.

3.4. CNN-LSTM Regression Results

The combined CNN-LSTM model, as illustrated in the graph, demonstrates excep-
tional capability in predicting temperature variations over time, evidenced by a high R2

score of 0.95 and a Mean Absolute Error (MAE) of 0.12 ◦C. The R2 value indicates that
95% of the variance in the actual temperature readings is accounted for by the model’s
predictions, signifying strong predictive accuracy. The low MAE further reinforces the
model’s precision, suggesting that the average deviation of the predicted temperatures
from the actual temperatures is minimal, at slightly greater than a tenth of 1 ◦C.

3.5. Presentation of the Testing Results and a Summary

Table 1 presents a comprehensive comparison of the three models. The CNN model
achieved an R2 of 0.81 with an MAE of 0.22 ◦C, while the LSTM model outperformed
CNN with an R2 of 0.92 and an MAE of 0.15 ◦C. The proposed CNN-LSTM hybrid model
delivered the highest accuracy, achieving an R2 of 0.95 and an MAE of 0.12 ◦C. Similar
improvements were observed for RMSE and MAPE values, highlighting the robustness
of the hybrid approach. Figure 5 further illustrates the residual distributions of the three
models, where the CNN-LSTM shows the narrowest spread, indicating more reliable
predictions. These findings confirm that the hybrid model successfully leverages the
complementary strengths of CNNs in feature extraction and LSTMs in temporal modeling.
In summary, the testing results demonstrate that the CNN-LSTM model provides best
performance in temperature prediction for switchgear systems among three models, with
potential for integration into real-time monitoring platforms to improve fault prevention
and operational safety.
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Table 1. The regression model and performance.

Model R2 MAE

CNN 0.81 0.22
LSTM 0.92 0.15

CNN-LSTM 0.95 0.12

 
Figure 5. CNN-LSTM model predicted outlet temperature.

4. Conclusions
This study investigated the application of hybrid CNN and LSTM models for the pre-

diction of temperature fluctuations within switchgear systems. The findings demonstrate
that the hybrid model exhibits a high R2 score and a low mean absolute error, indicating
its efficacy in accurately forecasting temperature variations. Such predictive accuracy is
essential for enhancing the operational safety and efficiency of power systems. This hybrid
methodology effectively captures the complex spatial and temporal patterns inherent in
the temperature data, while also dynamically adjusting its predictive capability through an
error-inverse weighting mechanism. The precision in temperature forecasting afforded by
this model could significantly contribute to the prevention of system malfunctions and the
maintenance of stable operations in critical infrastructure. Future research endeavors may
aim to refine the model’s architecture further, explore advanced techniques such as transfer
learning, and evaluate its applicability in other domains of predictive maintenance within
industrial contexts.
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