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Abstract: Accurate and stable power load forecasting is essential for power system operation and planning. However, 
traditional single prediction models often exhibit limited performance when modeling complex load data characterized 
by strong nonlinearity and non-stationarity. To address this issue, this paper proposes a hybrid neural network model that 
combines a Convolutional Neural Network (CNN) with a Long Short-Term Memory (LSTM) network for short-term 
power load forecasting. First, considering the temporal dependency and nonlinear characteristics of power load time-series 
data, both LSTM and CNN–LSTM forecasting models are constructed. Then, the hybrid model is systematically optimized 
by adjusting the number of convolutional layers, the structure of LSTM hidden layers, and different activation function 
configurations. Finally, the forecasting performance of the proposed model is evaluated and compared with that of the 
single LSTM model using root mean square error (RMSE), mean absolute error (MAE), and mean absolute percentage 
error (MAPE). The experimental results indicate that the CNN–LSTM model achieves higher forecasting accuracy and 
better generalization performance, and its predicted load curves show greater consistency with actual load variations. The 
proposed approach provides an effective solution for power load forecasting and offers valuable support for power system 
dispatching and planning.
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1. Introduction
In recent years, with the rapid development of deep learning theory and computing capabilities, neural network 
models have been widely applied in time-series forecasting tasks [1]. Recurrent Neural Networks (RNNs) and their 
improved variant, Long Short-Term Memory (LSTM) networks, introduce gating mechanisms that effectively 
alleviate the problems of gradient vanishing and gradient explosion encountered during long-sequence training. As 
a result, LSTM-based models have achieved promising results in applications such as power load forecasting and 
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wind power prediction [2]. Nevertheless, LSTM networks still exhibit limitations in automatic feature extraction, 
particularly when handling high-dimensional and multi-scale features, and their forecasting performance requires 
further improvement [3].

Convolutional Neural Networks (CNNs) demonstrate significant advantages in feature extraction by 
effectively capturing local patterns through local connectivity and weight-sharing mechanisms. By integrating 
CNNs with LSTM networks, CNNs can be employed to extract local or spatial features from load data, while 
LSTM networks model the temporal dependencies of time-series data. Such a hybrid architecture is expected to 
further enhance the accuracy and stability of power load forecasting [4–5].

Based on the above considerations, this paper systematically analyzes the characteristics of power load data 
and proposes a CNN–LSTM hybrid neural network model [6]. The network structure is optimized, and extensive 
comparative experiments are conducted to verify the effectiveness of the proposed model. The study aims to 
provide a feasible deep learning–based solution for power load forecasting and to support decision-making in 
power system operation and planning.

2. Related work
2.1. Research status of power load forecasting
Power load forecasting is a critical research topic in power system planning and operation, as forecasting accuracy 
directly affects generation scheduling, grid security, and electricity market operation. Early studies on power load 
forecasting were mainly based on statistical theories, including linear regression models and time-series models 
such as autoregressive (AR) and autoregressive integrated moving average (ARIMA) models. These methods 
can achieve satisfactory forecasting performance when load patterns are relatively stable and data volumes are 
limited. However, with the increasing complexity of electricity consumption patterns and the growing penetration 
of renewable energy sources, power load exhibits stronger nonlinearity and volatility, which gradually limits the 
prediction accuracy of traditional statistical models in practical applications.

To improve forecasting performance, machine learning methods such as Support Vector Machines (SVM), 
decision trees, and ensemble learning models have been introduced into power load forecasting. These approaches 
can partially enhance prediction accuracy by modeling nonlinear relationships in the data. Nevertheless, their 
ability to capture long-term temporal dependencies and complex nonlinear patterns remains limited, resulting in 
constrained generalization performance when applied to large-scale or highly dynamic load datasets [7].

In recent years, with the rapid advancement of deep learning technologies, neural network–based load 
forecasting methods have become a major research focus. Deep learning models are capable of automatically 
extracting latent features from power load data through multi-layer network structures, demonstrating strong 
potential in power load forecasting applications.

2.2. LSTM-based power load forecasting methods
Recurrent Neural Networks (RNNs) have been widely applied in power load forecasting due to their inherent 
capability to process time-series data. However, traditional RNNs suffer from gradient vanishing and gradient 
explosion problems when modeling long sequence data, which restricts their practical applicability in load 
forecasting tasks.

Long Short-Term Memory (LSTM) networks address these limitations by introducing input gates, forget 
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gates, and output gates, enabling more effective modeling of long-term dependencies in time-series data. Existing 
studies have demonstrated that LSTM-based models outperform traditional statistical methods and shallow neural 
networks in short-term power load forecasting in terms of prediction accuracy and stability.

Despite their advantages in temporal dependency modeling, LSTM networks exhibit limited capability in 
extracting local and multi-scale features from load data. When load variations become highly volatile or exhibit 
complex patterns, the prediction performance of LSTM models still leaves room for further improvement.

2.3. CNN-based time-series forecasting methods
Convolutional Neural Networks (CNNs) were originally developed for image processing tasks and are well known 
for their ability to efficiently extract local features through local connectivity and weight-sharing mechanisms. 
In recent years, CNNs have been increasingly introduced into time-series analysis and have achieved promising 
results in applications such as financial forecasting, traffic flow prediction, and power load forecasting [8].

In power load forecasting studies, CNNs are typically employed to extract features from load sequences using 
one-dimensional convolution operations, which can effectively capture local variation patterns in the load data. 
Related research indicates that incorporating CNN structures can enhance a model’s sensitivity to load fluctuations 
and periodic characteristics [9–10].

However, when CNN models are used independently for load forecasting, they exhibit limitations in modeling 
long-term temporal dependencies and are therefore insufficient for fully capturing the overall load variation trends [11].

2.4. Research progress on CNN–LSTM hybrid models
To fully exploit the complementary strengths of different deep learning models, researchers have increasingly 
explored hybrid neural network architectures that combine CNNs and LSTM networks. In such models, CNNs are 
generally employed to extract local features from load data, while LSTM networks are responsible for modeling 
long-term temporal dependencies, enabling joint learning of spatial and temporal features.

Previous studies have shown that CNN–LSTM hybrid models achieve higher forecasting accuracy and 
stronger generalization capability in short-term power load forecasting compared with single CNN or LSTM 
models. By appropriately designing convolutional layer structures and LSTM hidden-layer parameters, hybrid 
models can effectively capture load variation patterns and improve forecasting stability.

Nevertheless, existing studies exhibit notable differences in the structural design of CNN–LSTM models. The 
effects of convolutional layer depth, kernel size, and LSTM architecture configurations on forecasting performance 
have not yet been systematically analyzed. Therefore, further optimization and comparative analysis of CNN–
LSTM hybrid models under specific load data scenarios are still required.

2.5. Research content and contributions of this study
Based on the existing literature, this paper focuses on power load forecasting and constructs both LSTM and 
CNN–LSTM hybrid neural network models to comparatively analyze their forecasting performance. Compared 
with previous studies, the main research contributions of this work can be summarized as follows:

(1) LSTM and CNN–LSTM load forecasting models are established according to the temporal and nonlinear 
characteristics of power load data, ensuring the rationality and fairness of experimental comparisons.

(2) A systematic optimization analysis of the CNN–LSTM hybrid model is conducted by adjusting the number 
of convolutional layers, the structure of LSTM hidden layers, and the combinations of activation functions
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(3) Multiple error evaluation metrics are employed to comprehensively assess forecasting performance, and 
both quantitative and qualitative analyses are performed to verify the advantages of the proposed hybrid 
model in power load forecasting tasks.

3. Methodology and experimental design
3.1. Research framework and technical route
Considering that power load data exhibit strong temporal dependency, nonlinearity, and non-stationarity, this study 
adopts deep learning models as the primary research approach and constructs both an LSTM model and a CNN–
LSTM hybrid neural network model for comparative analysis in power load forecasting tasks [12].

The overall research framework is organized as follows. First, the original power load data are preprocessed 
through data cleaning, normalization, and sample reconstruction to ensure data quality and enhance training 
stability. Second, a single LSTM-based load forecasting model and a CNN–LSTM hybrid forecasting model 
are established, and their structural parameters are reasonably configured. Subsequently, the hybrid model is 
systematically optimized by adjusting the number of CNN convolutional layers, the structure of LSTM hidden 
layers, and combinations of activation functions. Finally, multiple evaluation metrics, including Root Mean Square 
Error (RMSE), Mean Absolute Error (MAE), and Mean Absolute Percentage Error (MAPE), are employed to 
compare the forecasting performance of different models, thereby validating the effectiveness of the CNN–LSTM 
hybrid neural network for power load forecasting [13].

3.2. Data source and description
The experimental data used in this study are derived from historical load records of a regional power system. The 
data are sampled at an hourly interval, which can effectively reflect load variation characteristics during typical 
working days and non-working days. The load series exhibits clear periodicity and volatility, making it suitable for 
short-term power load forecasting experiments.

To ensure the generality and reproducibility of the experimental results, only load data from a continuous 
time period are selected for model construction and analysis.

3.3. Data preprocessing methods
3.3.1. Data cleaning
During actual data acquisition, power load data may contain missing values and outliers. To reduce the impact of 
abnormal data on model training and forecasting results, the original load data are first subjected to data cleaning 
procedures. For a small number of missing values, interpolation using adjacent time points is applied for data 
completion. For outliers that significantly deviate from the normal range, mean-value substitution is adopted for 
correction, ensuring the continuity and rationality of the load data sequence [14].

3.3.2. Data normalization
Since power load data typically has a wide numerical range, directly feeding raw data into the model may lead to 
training instability and slow convergence. Therefore, min–max normalization is applied to the load data to map the 
original values into the range of [0,1][0, 1][0,1]. The normalization process is defined as follows:
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where 𝑥𝑥𝑥 denotes the original load value, 𝑥max and 𝑥min represent the maximum and minimum values of 
the sample data, respectively. Through normalization, the influence of different data scales on model training is 
effectively reduced, thereby improving the stability and convergence of the forecasting models.

4. Experimental results and analysis
4.1. Overall analysis of forecasting results
Based on the experimental design and parameter settings described in Chapter 3, both the LSTM-based load 
forecasting model and the CNN–LSTM hybrid neural network model were constructed to perform load forecasting 
experiments on the same test dataset. To ensure the comparability of experimental results, the two models were 
trained and tested under identical datasets and experimental environments.

From the overall forecasting results, both models are able to effectively capture the general variation trends 
of power load, and their predicted curves maintain a high degree of consistency with the actual load curves over 
most time periods. However, during periods with relatively large load fluctuations—particularly during rapid load 
increases or decreases—the single LSTM model exhibits a certain degree of prediction lag. In contrast, the CNN–
LSTM hybrid model demonstrates greater stability in capturing load variation trends [15].

4.2. Comparative analysis of forecasting curves
To visually compare the forecasting performance of different models, the actual load values and predicted values 
on the test dataset were plotted for curve comparison. The results indicate that during relatively stable load periods, 
both the LSTM and CNN–LSTM models can accurately fit the actual load variations. However, during periods 
with significant load changes—such as the onset of the morning electricity consumption peak—the forecasting 
curve produced by the CNN–LSTM model shows closer alignment with the actual load curve.

In particular, around the 30th to 45th sampling points, corresponding to the transition period from load valley 
to peak, the CNN–LSTM model more accurately captures the upward trend of the load. Its predicted values 
remain highly consistent with the actual load changes. This observation suggests that the introduction of the CNN 
structure enhances the model’s ability to extract local features from the load sequence, thereby improving overall 
forecasting performance.

4.3. Comparative analysis of error evaluation metrics
To further quantitatively evaluate the forecasting performance of different models, Root Mean Square Error 
(RMSE), Mean Absolute Error (MAE), and Mean Absolute Percentage Error (MAPE) were employed to assess 
the prediction results of the LSTM and CNN–LSTM models. 

The CNN–LSTM hybrid model outperforms the single LSTM model across all three evaluation metrics. 
Specifically, the CNN–LSTM model achieves significantly lower RMSE and MAE values, indicating superior 
performance in terms of overall prediction stability and error control. The reduction in MAPE further demonstrates 
that the CNN–LSTM model also achieves improved performance in controlling relative prediction errors.

Overall, these results confirm that the incorporation of CNN structures enables more comprehensive feature 
extraction from load sequences, providing more informative input representations for the LSTM layers and thereby 
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enhancing forecasting accuracy.

4.4. Impact of model structure on forecasting performance
During the construction of the CNN–LSTM hybrid model, the design of the convolutional layer structure plays 
a crucial role in forecasting performance. Experimental results indicate that when the convolutional structure is 
overly simple, the model’s ability to extract local load features is limited, and the improvement in forecasting 
performance is not significant. As the number of convolutional layers is appropriately increased, forecasting 
accuracy gradually improves.

However, it is also observed that increasing the number of convolutional layers does not always lead to better 
performance. When too many convolutional layers are introduced, the model complexity and parameter scale 
increase substantially, resulting in higher training difficulty and a greater risk of overfitting. This can ultimately 
lead to degraded forecasting performance. Therefore, in practical applications, the number of convolutional layers 
and related parameters should be carefully selected according to the characteristics of specific load datasets.

4.5. Discussion of results
Based on the comprehensive analysis of forecasting curves and error evaluation metrics, it can be concluded that 
the CNN–LSTM hybrid neural network exhibits clear advantages over the single LSTM model in power load 
forecasting tasks. The primary reason for this improvement lies in the CNN’s ability to effectively extract local 
features and variation patterns from load sequences, thereby providing richer feature representations for the LSTM 
layers to model long-term temporal dependencies.

In addition, the CNN–LSTM model demonstrates greater stability during periods of large load fluctuations, 
indicating stronger adaptability when dealing with complex load variation scenarios. This characteristic is of 
significant practical value for power system operation and dispatching, where accurate and stable load forecasting 
is essential for reliable decision-making.

5. Conclusion
This study conducted a comparative experimental analysis of an LSTM-based model and a CNN–LSTM hybrid 
neural network model for power load forecasting. The experimental results demonstrate that although both models 
are capable of capturing the overall load variation trends, the CNN–LSTM model outperforms the single LSTM 
model in terms of forecasting accuracy, stability, and generalization capability.

The findings further confirm the effectiveness of incorporating convolutional neural network structures into 
power load forecasting models. By enhancing local feature extraction from load sequences, the CNN–LSTM 
hybrid model provides more informative representations for temporal modeling, thereby improving overall 
forecasting performance. These results offer experimental support for subsequent model optimization and practical 
applications in power system operation and planning.
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