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Abstract: - This study in order to provide effective power system operations, this study compares Deep Neural Networks (DNN) with 

Convolutional Neural Networks (CNN) for short-term load forecasting (STLF). Traditional load forecasting methods, Regression and 

time series models, for example, frequently fall short in addressing the intricate, nonlinear patterns present in power demand data. AI-

driven models, particularly DNN and CNN, offer advanced capabilities in capturing intricate patterns within large-scale, high-

dimensional data. In this research, both DNN and CNN models were trained using historical load data with an emphasis on accuracy 

metrics, including Mean Absolute Error (MAE), Mean Square Error (MSE), and Root Mean Square Error (RMSE). DNN's flexibility 

allows it to model complex nonlinear relationships, while CNN's design enables it to capture temporal dependencies in time-series data 

effectively. Validation results reveal that CNN achieves superior forecasting accuracy with the lowest error values, registering an RMSE 

of 1.2, MSE of 1.44, and MAE of 0.77, thus demonstrating a competitive advantage over DNN in short-term load forecasting. This 

comparative analysis underscores the effectiveness of AI techniques in load forecasting, with CNN showing notable strengths in 

sequential data modelling. The findings contribute to the ongoing advancement of AI in energy management, providing utility providers 

with reliable tools for optimizing grid operations and decision-making. 

Keywords: Short-Term Load Forecasting (STLF); Deep Neural Networks (DNN); Convolutional Neural Networks 

(CNN); Forecasting Accuracy; Power System Optimization. 

 

 

I.  INTRODUCTION  

This research aims to enhance short-term load forecasting (STLF) accuracy and adaptability in modern, data-

driven power systems. Traditional methods struggle with complex, nonlinear energy demand patterns, especially 

integrating renewable energy and smart grid technology. AI-driven techniques, specifically Deep Neural 

Networks (DNN) and Convolutional Neural Networks (CNN) offer significant advantages in modelling these 

complexities. By comparing DNN and CNN, this study aims to identify which model best supports efficient load 

scheduling, resource allocation, and grid stability, ultimately helping utilities make informed, resilient, and cost-

effective energy management decisions. Accurate short-term load forecasting is essential for modern power 

systems, as it enables utility providers to optimize resource allocation, improve grid stability, and manage 

demand-supply imbalances. Multiple linear regression, autoregressive integrated moving averages (ARIMA), 

and autoregressive (AR) models are examples of traditional forecasting techniques that have been extensively 

used in STLF. While these techniques work well for stable, linear data, they often struggle with the increasing 

complexity and nonlinearity of contemporary energy demand, mainly as renewable energy sources and smart 

grids introduce variability [1;2]. ARIMA and similar time-series models typically rely on historical data, 

assuming that past patterns will persist into the future. However, they are limited in handling dynamic, nonlinear 

interactions between multiple variables—a necessity in modern energy systems affected by variables such as 

weather, seasonal changes, and consumer behaviour [1]. Research by [3;4] highlights the constraints of these 

statistical methods and advocates for AI-based models, which can automatically capture complex, nonlinear 

relationships and adapt to evolving patterns in real-time. DNNs have emerged as a powerful solution for STLF, 

thanks to their multi-layered architecture, which can model complex, nonlinear relationships in large datasets. 

DNNs have shown significant improvements in forecasting accuracy by learning intricate dependencies missed 

by traditional methods. For example,[5] demonstrated that DNNs achieved superior results to conventional 

models, especially in scenarios with nonlinear influences like weather conditions and peak demand periods. 
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Similarly, [3] found that DNNs are highly adaptable, improving accuracy as more data becomes available, 

making them well-suited for dynamic load forecasting applications. 

Convolutional neural networks, or CNNs, were first created for image processing, but because of their capacity 

to recognize spatial and temporal patterns, they have been used more and more in time-series forecasting. CNNs 

work well in applications with sequential dependencies, which makes them perfect for load forecasting when 

data exhibits temporal trends affected by time of day, weather, and consumer habits. [7] demonstrate CNN's 

effectiveness in residential load forecasting, where they successfully modelled short-term fluctuations in energy 

demand by learning local dependencies. [6] also emphasize CNN's strengths in handling time-sensitive 

fluctuations, highlighting their superior ability to capture sequential variations often present in energy load data. 

Comparative studies on DNN and CNN models for STLF reveal each model's unique strengths [15-17, 22]. 

DNNs excel in capturing long-term trends and broader data relationships, while CNNs are particularly effective 

at recognizing short-term fluctuations due to their spatial-temporal processing capabilities. [8] applied CNNs to 

solar power forecasting, demonstrating their ability to model periodic and seasonal variations—qualities that 

enhance STLF applications. [9] performed a study comparing Long Short-Term Memory (LSTM), DNN, and 

CNN models, concluding that CNNs outperformed other architectures in recognizing localized patterns due to 

their filtering capabilities. Hybrid models that combine DNN [18-21] and CNN architectures have been explored 

to leverage each model's benefits. [10] introduced a hybrid model that integrates DNN's nonlinear pattern 

recognition with CNN's temporal sensitivity, significantly improving forecasting accuracy. This hybrid approach 

was supported by [11], who suggested that hybrid models can capitalize on DNN's ability to capture global 

patterns while refining predictions with CNN's localized temporal adjustments. Studies by [4;5] show that 

incorporating multi-dimensional data sources—such as weather and real-time temperature data—significantly 

enhances the accuracy of DNN and CNN models, underscoring the adaptability of AI-driven models in STLF. 

Moreover, CNNs are particularly advantageous in handling time-sensitive variables and critical in forecasting 

scenarios impacted by environmental factors like humidity, temperature, and wind speed [12]. 

However, implementing DNN and CNN models for STLF also presents challenges. These models require 

substantial computational resources, especially during training on large datasets, which can limit real-time 

applicability. Additionally, CNNs, while highly effective for high temporal resolution, can be prone to overfitting 

if not properly optimized, especially with datasets showing limited variability [1;2]. Despite these challenges, 

advancements in optimization techniques and the availability of high-quality data sources make DNN and CNN 

models increasingly viable for STLF applications. This research addresses a key gap in STLF the lack of a 

comprehensive, comparative analysis of DNN and CNN tailored to the complexities of modern power systems. 

While DNNs are known for their capacity to capture nonlinear patterns and CNNs for their strengths in sequential 

data modelling, there remains limited guidance on selecting the most effective model for different STLF 

scenarios. This study systematically compares DNN and CNN models for STLF, analysing each model’s ability 

to handle temporal dependencies, nonlinear interactions, and dynamic conditions. By investigating both models’ 

performance in real-time forecasting tasks, this research aims to guide utility providers in adopting the most 

suitable AI-driven techniques for resilient and efficient energy management in contemporary, data-driven power 

systems. This research article is organized as follows:  

The Introduction and Literature Review The significance of short-term load forecasting for power systems, 

the drawbacks of conventional forecasting techniques, and the benefits of artificial intelligence (AI) tools like 

Deep Neural Networks and Convolutional Neural Networks are covered in the review part. It also reviews 

existing research to establish the need for a comparative analysis of these models. The Methodology section 

details the dataset, model architectures, training process, and performance metrics used. Simulation and Results 

presents the forecasting performance of DNN and CNN models on STLF, along with a comparative analysis. 

The Discussion and Conclusion discuss the study’s key findings, practical implications, recommendations, and 

future research directions. Finally, a comprehensive References section provides all cited sources. 

II. Methodology 

2.1. Multilayer Perceptron (MLP): A fundamental kind of Deep Neural Network (DNN), a MLP employs several 

layers of neurons to identify intricate patterns in input. MLPs can efficiently describe the nonlinear relationships 

between past load data and future demands for short-term load forecasting. An input layer, one or more hidden 
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layers, and an output layer make up an MLP. Each layer is completely linked, which means that every neuron in 

one layer is coupled to every other layer's neuron. 

2.1.1. Architecture and Working Principle 

The input layer provides the hidden layers with historical load data as well as associated variables like the time 

of day, weather information, and seasonal indicators. Each hidden layer introduces nonlinearity by applying an 

activation function (often ReLU) and a set of weights and biases to the inputs. The output layer provides the final 

forecasted load value, typically using a linear activation function since load forecasting is a regression problem. 

The mathematical operation within each neuron in the MLP is as follows: 

𝑦 = 𝑓(∑ 𝑤𝑖 ∗ 𝑥𝑖 + 𝑏𝑛
𝑖=1 )       (1) 

where: 

     y is the neuron’s output, xi are the inputs to the neuron, wi are the weights, b is the bias term, f is the activation 

function (e.g., ReLU or Sigmoid). 

Backpropagation is used in the MLP training process to modify weights and biases in order to minimize the error 

between expected and actual values. A loss function, like Mean Squared Error (MSE), is used to calculate this 

error, especially for regression applications. 

 𝑀𝑆𝐸 =
1

𝑛
= ∑ (𝑦𝑖−𝑦𝑖

^)
2𝑛

𝑖=1         (2) 

where: 

      yi is the actual load value, y^i is the predicted load value, n is the number of samples. 

 The gradients of the loss for each weight are calculated and used to update the weights through gradient descent 

or an optimization variant (e.g., Adam). 

  

Fig. 1. Multilayer Perceptron (MLP) 

The Multilayer Perceptron (MLP) is shown in Fig.1., An input layer accepts historical load data and pertinent 

features, such as weather or time-based indicators, to start load forecasting. This data flows through multiple 

hidden layers, each fully connected, meaning each neuron links to all neurons in the next layer. Typically, 2-4 

hidden layers with 64-128 neurons each extract complex patterns progressively. To add nonlinearity, each neuron 

computes the weighted sum of its inputs, applies an activation function typically ReLU and adds a bias. The 

output layer then produces the forecasted load value using a linear activation for regression. Historical data is 

first normalized to improve training stability to implement an MLP for load forecasting. The architecture is 

defined by specifying the input size, hidden layers, and neuron count per layer. Backpropagation with an 

optimizer like Adam trains the model by iteratively minimizing prediction error over multiple epochs. Metrics 

like Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE) are then used to evaluate the model's 

accuracy. An MLP diagram illustrates how data moves from the input layer to the output layer for the final 

prediction via hidden layers that record patterns. This MLP setup can be compared to CNNs, which capture 

temporal patterns and may further enhance accuracy in short-term load forecasting. 
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2.2. Convolutional Neural Network (CNN): A CNN is a specialized neural network designed to capture spatial 

and temporal patterns in data. In short-term load forecasting, CNNs can identify temporal trends and seasonality 

in historical load data by applying convolutional layers to detect essential features over time. CNNs are 

particularly effective for grid-like data and time series, where they can capture local dependencies and patterns. 

2.2.1. Architecture and Working Principle: Three layers make up the fundamental CNN architecture: input, 

convolutional, pooling, and fully connected. The input layer takes time-series data for load forecasting, such as 

past load values, weather data, and seasonal indicators. The convolutional layers apply small filters (kernels) that 

slide over the input, detecting local patterns by computing weighted sums of inputs within the filter’s receptive 

field. Each convolution operation generates a feature map, capturing localized trends. 

The primary operation in the convolutional layer is: 

𝑦 = 𝑓(∑ 𝑤𝑖 ∗ 𝑥𝑖 + 𝑏𝑛
𝑖=1 )        (3) 

where: 

y is the output of the convolution, xi are the inputs within the filter window, wi are the filter weights, and b is the 

bias term. 

 

Fig.2. The overall architecture of a Convolutional Neural Network (CNN). 

The overall architecture of a Convolutional Neural Network is shown in Fig.2. To implement a CNN for load 

forecasting, historical load data is first normalized and structured into sequences to capture temporal patterns. In 

order to reduce complexity while maintaining important information, pooling layers down sample these features, 

whereas convolutional layers use filters to find patterns in the load sequences. The fully connected layers then 

aggregate the extracted features to produce the forecasted load. To reduce prediction error, the model is trained 

by backpropagation with an optimizer such as Adam, which iteratively modifies weights over several epochs. 

Once trained, the model’s accuracy is evaluated with metrics such as Mean Absolute Error (MAE) and Root 

Mean Squared Error (RMSE) to assess forecasting performance. According to a CNN architecture diagram, 

information moves from the input layer through convolutional layers, which extract patterns, pooling layers, 

which reduce dimensionality, and fully connected layers, which make predictions. In a flow diagram, data moves 

sequentially through each layer, where patterns are detected and transformed, ultimately leading to the output 

layer for the load forecast 

2.2.2. Comparison with MLP 

   While an MLP model relies on fully connected layers to learn patterns, a CNN’s convolutional and pooling 

layers capture temporal relationships more effectively, especially in load forecasting, where patterns over time 

are essential. Comparing CNN and MLP performance can reveal which model is better suited for load 

forecasting, as CNNs often excel in identifying trends in time-series data, potentially improving accuracy for 

short-term predictions. 

2.3. Hybrid Methodologies 

    Hybrid models for load forecasting combine the strengths of different neural network architectures to enhance 

forecasting accuracy, effectively leveraging each model’s unique capabilities. In short-term load forecasting, the 
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DNN-CNN and CNN-LSTM models are two prominent hybrid approaches. By blending the feature extraction 

capabilities of Convolutional Neural Networks (CNNs), the complex relationship learning in Deep Neural 

Networks (DNNs), and the sequential memory processing of Long Short-Term Memory (LSTM) networks, these 

hybrid models address both spatial and temporal complexities in load data. 

2.3.1. DNN-CNN: Combining DNN and CNN: 

    The basic architecture of the DNN-CNN network is shown in Fig.3. The DNN-CNN hybrid model leverages 

CNN layers to capture spatial and temporal patterns in data, which are then processed by fully connected DNN 

layers to learn complex, high-level relationships. The ability to identify localized trends and describe complex, 

nonlinear interactions makes this architecture ideal for short-term load forecasting. In this model, CNN layers 

are typically applied first, with convolutional and pooling layers detecting patterns over time, such as daily or 

seasonal trends in load data.  

The convolution operation in CNN can be expressed as: 

𝑦𝑖,𝑗 = 𝑓(∑ ∑ 𝑤𝑚,𝑛 ∗ 𝑥𝑖+𝑚,𝑗+𝑛
𝑘
𝑛=1 + 𝑏𝑘

𝑚=1 )    (4) 

Where 𝑦𝑖,𝑗  is the output at position (i, j),  𝑥𝑖+𝑚,𝑗+𝑛  is the input within the receptive field,  𝑤𝑚,𝑛  are the weights, 

b is the bias, and f is the activation function, commonly ReLU. After convolution, max pooling down samples 

the feature maps to reduce dimensionality while retaining essential features: 

 𝑦𝑖,𝑗 = max⁡(𝑥𝑝,𝑞)       (5) 

Where 𝑦𝑖,𝑗  is the pooled output and 𝑥𝑝,𝑞  represents values in the pooling window. 

Once CNN layers extract essential features, the output is passed to DNN layers, which are fully connected and 

capable of interpreting more complex patterns.  

Each DNN layer calculates a weighted sum of inputs with an activation function: 

𝑦 = 𝑓(∑ 𝑤𝑖 ∗ 𝑥𝑖 + 𝑏𝑛
𝑖=1 )      (6) 

Where y is the output, 𝑥𝑖 are inputs, 𝑤𝑖 are weights, b is the bias, and f is an activation function like ReLU. This 

structure allows the DNN layers to capture interactions between variables such as load, weather, and seasonal 

effects, providing a richer understanding for accurate load forecasting. 

 

Fig.3. The basic architecture of the DNN-CNN network. 

2.3.2. CNN-LSTM: Combining CNN and LSTM 

    The architecture of the CNN-LSTM network is designed to combine the feature extraction capabilities of 

Convolutional Neural Networks with the ability of Long Short-Term Memory (LSTM) networks to handle 

sequential dependencies. This combination makes the model particularly effective for short-term load 

forecasting. This hybrid architecture captures immediate and longer-term trends, essential for accurate load 

forecasting predictions. In the initial stages, the CNN layers identify spatial features from the input sequences, 

such as daily or weekly fluctuations in load data. Acting like filters, these CNN layers perform convolutional 

operations on the data to extract critical patterns, resulting in feature maps highlighting variations over time. 
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2.3.3. Comparative Analysis 

Both CNN-LSTM and DNN-CNN hybrid models have special benefits when it comes to load predictions. The 

DNN-CNN model excels at capturing complex interactions between different features, making it ideal when 

forecasting involves a high degree of nonlinearity. This hybrid model can be particularly effective when the load 

data includes multiple interacting variables, such as temperature, time, and historical loads. Conversely, the 

CNN-LSTM model is better suited to scenarios where sequential dependencies are more critical, such as 

forecasting load based on past trends that extend over weeks or months. By leveraging LSTM’s memory 

capabilities, CNN-LSTM models are well-equipped to handle temporal dependencies and cyclical patterns, 

offering enhanced accuracy for time-series forecasting tasks. Overall, these hybrid methodologies allow for a 

more comprehensive approach to load forecasting by combining the strengths of each network. Comparative 

studies between DNN-CNN and CNN-LSTM models reveal that CNN-LSTM may perform better when long-

term patterns are essential. In addition, DNN-CNN frequently offers benefits for intricate feature interactions. 

These revelations underscore the significance of choosing the right hybrid model according to the particulars of 

the load data and forecasting needs. 

2.3.4. Method evaluation 

The method evaluation for Short-Term Load Forecasting (STLF) using a hybrid Deep Neural Network (DNN) 

and Convolutional Neural Network (CNN) with a Multi-Layer Perceptron (MLP) Data Preprocessing Collect 

and preprocess historical load data, including handling missing values and normalization. Feature Extraction: 

Extract relevant features from the preprocessed data using techniques such as Fourier Transform, Wavelet 

Transform, or statistical methods. 

Hybrid DNN-CNN-MLP Model: 

CNN Layer: To extract local patterns and features from the input data, use a 1D CNN layer. 

DNN Layer: To discover global patterns and connections in the data, apply a DNN layer.  

MLP Layer: To blend the characteristics retrieved by the CNN and DNN layers and generate predictions, use an 

MLP layer.  

Instruction and Assessment Metrics like Mean Absolute Error (MAE), Mean Squared Error (MSE), Normalized 

Mean Square Error (NMSE), and Root Mean Squared Error (RMSE) are used to assess the hybrid model's 

performance once it has been trained using an appropriate optimizer and loss function. For STLF, the hybrid 

DNN-CNN-MLP model provides robust feature extraction and increased accuracy, although complexity and 

overfitting must be carefully considered.  

Evaluation Metrics 

MAE: Measures the average difference between predicted and actual values. 

𝑀𝐴𝐸 = (
1

𝑛
) ∗ ∑|𝑦𝑡𝑟𝑢𝑒 − 𝑦𝑝𝑟𝑒𝑑|                                                          (7)         

MSE: Measures the average squared difference between predicted and actual values. 

𝑀𝑆𝐸 = (
1

𝑛
) ∗ ∑(𝑦𝑡𝑟𝑢𝑒 − 𝑦𝑝𝑟𝑒𝑑)

2
                                                        (8) 

NMSE: Calculates the mean percentage difference between the expected and actual numbers. 

𝑁𝑀𝑆𝐸 = (
1

𝑛
) ∗ ∑(

(𝑦𝑡𝑟𝑢𝑒 − 𝑦𝑝𝑟𝑒𝑑)
2

𝑦𝑡𝑟𝑢𝑒
2

⁄ )                                    (9) 

RMSE: Determines the average squared percentage difference between the expected and actual data, squared 

as a root. 

𝑅𝑀𝑆𝐸 = √𝑀𝑆𝐸 = √
1

𝑛
∑(𝑦𝑡𝑟𝑢𝑒 − 𝑦𝑝𝑟𝑒𝑑)

2
                                      (10) 

The Advantages of article is, improved Accuracy is the hybrid model combines the strengths of CNN, DNN, and 

MLP to achieve improved accuracy in STLF. Robust Feature Extraction of the CNN layer extracts local patterns 

and features, while the DNN layer learns global patterns and relationships. Flexibility of the hybrid model can 

be adapted to different data distributions and patterns. The Future Scope is exploring these future directions, the 
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hybrid DNN-CNN method can continue to improve and expand its capabilities, leading to more accurate and 

reliable STLF. Combining Renewable Energy Sources To increase forecasting accuracy, include renewable 

energy sources like wind and solar in the hybrid model. Real-Time Integration of Data Incorporate data from 

IoT devices and smart grids to improve the model's ability to adapt to shifting load patterns. AI that can be 

explained Use explainable AI strategies to enhance interpretability and trust by offering insights into the hybrid 

model's decision-making process. Investigation of Different Architectures Explore different hybrid architectures, 

such as combining CNN with Recurrent Neural Networks (RNNs) or Long Short-Term Memory (LSTM) 

networks. Potential Applications of Smart Grids Renewable Energy implement the hybrid model in smart grid 

systems to enable real-time load forecasting and optimal energy management. To best integrate renewable energy 

sources into the system, use the hybrid approach. Energy Trading: Energy trading systems use the hybrid model 

to forecast energy demand and maximize trading tactics. Integrate the hybrid model with demand response 

systems to optimize energy consumption and reduce peak demand. 

III.  Simulation and Results 

In this study, simulations were conducted to evaluate the performance of DNN and CNN for short-term load 

forecasting using historical load data. The simulation setup involved training both models on large-scale datasets 

that include complex, nonlinear patterns typical of power demand. Key metrics such as Mean Absolute Error 

(MAE), Mean Square Error (MSE), and Root Mean Square Error (RMSE) were utilized to evaluate model 

accuracy, offering insights into each model's capability to manage variations and dependencies in the data. The 

DNN model's flexibility in capturing intricate nonlinear relationships, combined with the CNN model's 

convolutional layers adept at extracting temporal features, were tested across various forecasting intervals. The 

results revealed that CNN consistently outperformed DNN in accuracy, demonstrating lower error values across 

all metrics. Specifically, CNN achieved an RMSE of 1.2, MSE of 1.44, and MAE of 0.77, highlighting its 

strength in modelling sequential patterns in time-series data. Visualizations of the predicted versus actual load 

values confirmed CNN's precision, with minimal deviations observed. This analysis underscores CNN's 

suitability for short-term load forecasting, as it effectively captures temporal dependencies crucial for accurate 

predictions. The results provide valuable insights for energy providers, supporting adopting AI-based models for 

enhanced load forecasting and optimized grid management. 

3.1. DNN for STLF:  

 

Fig.4. DNN training waveforms for STLF 

Fig.4. Is shows the DNN training data for STLF. DNN training for Short-Term Load Forecasting is shown by 

the training progress waveforms. In the RMSE graph (top), the RMSE starts at 0.28, rapidly decreases 

below 0.05 by 200 iterations, and stabilizes around 0.045 by 1000 iterations, indicating accurate predictions. In 

the Loss graph (bottom), the initial loss is 0.28, converging near 0.005 by 300 iterations for training and 

validation datasets. The model trains for 1000 epochs with a learning rate of 0.0001 on a single CPU. The close 

alignment of training and validation curves confirms effective training without overfitting, achieving robust 

performance for forecasting tasks. 
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Fig.5. DNN processed data waveforms for STLF. 

Fig.5. shows the DNN processed data waveforms for STLF. The processed data waveform illustrates the load 

variations over time for Short-Term Load Forecasting. The load ranges from 1.5 kW to 4.5 kW. Initially, a sharp 

peak near 4.2 kW was observed in April 2023, followed by a significant drop and stabilization around 2.5 kW in 

mid-2023. From October 2023 to January 2024, fluctuations increase slightly, with periodic peaks exceeding 3 

kW, indicating seasonal or operational variations. The data also exhibits consistent noise throughout, reflecting 

real-world irregularities. This processed dataset serves as input for the Deep Neural Network, capturing essential 

temporal load patterns necessary for training the model to ensure accurate forecasting. 

 

Fig.6. DNN load data waveforms for STLF. 

Fig.6. shows the DNN load data waveforms for STLF. The provided waveform depicts the load data for a 132kV 

system over a year, showcasing critical features processed by the DNN for Short-Term Load Forecasting. The 

data highlights significant load variability, with peaks exceeding four units (e.g., in April 2023) and troughs 

dropping below 1 unit during specific intervals, possibly indicating outages or anomalies. The trend analysis 

reveals gradual fluctuations, with higher variations observed near January 2024, suggesting potential seasonal or 

operational influences. Sudden dips to zero may represent outages or data inconsistencies, while temporal 

patterns like seasonal, weekly, and daily variations are critical for forecasting. Numerically, date and load values 

are normalized to enhance the DNN’s ability to detect patterns and predict future loads precisely. These 

processed parameters collectively refine the DNN’s capability for accurate STLF. 

 

Fig.7. DNN output waveforms for STLF. 



J. Electrical Systems 20-3 (2024): 8612-8627 

 

8620 

Fig.7. demonstrates the DNN output waveforms for STLF. The comparative analysis waveform demonstrates 

the performance of the Deep Neural Network for STLF. The red curve represents the DNN predictions, while 

the blue curve depicts the actual input load data over 120 hours. The load varies between 2.1 kW and 2.8 kW, 

exhibiting noticeable fluctuations. The DNN output closely tracks the input data, indicating minimal deviation 

and accurate forecasting. For example, at 40 hours, both curves peak near 2.7 kW, and during a dip at 100 hours, 

the values align around 2.2 kW. Quantitative metrics further validate the model's performance, Mean Squared 

Error (MSE) = 0.0193, NMSE = 0.4599, Root Mean Square Error (RMSE) = 0.1389, and Mean Absolute 

Error (MAE) = 0.0893. These results highlight the DNN's accuracy and reliability in load forecasting. 

3.2. CNN for STLF:  

3.2.1. CNN Processed Data Waveforms: 

 

Fig.8. CNN processed data waveforms for STLF. 

 Fig.8. shows the CNN processed data waveforms for STLF. The load profile over time is depicted in the 

waveform of processed data produced by a Convolutional Neural Network for Short-Term Load Forecasting. 

The load fluctuates between 1.5 and 4.5 kW, indicating a dynamic energy demand pattern. A sharp peak of 

approximately 4.2 kW was recorded in April 2023, after which the load quickly stabilized to around 2.5 kW by 

mid-2023. Seasonal variations are evident, with increased fluctuations occurring from July to October 2023, 

where peaks approach 3 kW, likely reflecting higher energy usage. From October 2023 to January 2024, the data 

displays more frequent noise and short-term irregularities, with average values stabilizing closer to 2.2 kW. By 

early 2024, fluctuations slightly increase, which may be attributed to changing demand patterns or system 

dynamics. The dataset emphasizes seasonal variations, abrupt peaks, and noise, capturing the complexity of 

energy load patterns. This processed data serves as input for the CNN, enabling the model to learn critical 

temporal and spatial features essential for accurate forecasting. Such adequate data pre-processing supports CNN 

in achieving reliable performance metrics for real-world forecasting applications. 

3.2.2.  CNN load data waveforms:  

 

Fig.9. CNN load data waveforms for STLF. 

 Fig.9. demonstrate the CNN load data waveforms for STLF. For Short-Term Load Forecasting, the CNN-

processed load data waveform records the changes in energy demand of a 132 kV system over a 12-month period. 

from April 2023 to April 2024. The load ranges between 0 and 4.5 kW, with occasional sharp drops to 0 kW, 

which may indicate data anomalies or outages. In April 2023, there is an initial peak of around 4.2 kW, followed 
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by a stabilization near 2.5 kW through mid-2023. Seasonal variations are evident, particularly from July to 

October 2023, when periodic peaks near 3 kW reflect increased demand. From October 2023 to January 2024, 

the load stabilizes around an average of 2.2 kW, exhibiting reduced volatility. The noise and abrupt changes in 

the data highlight real-world complexities such as sudden load spikes or system disruptions. Post-January 2024, 

the load experiences more significant fluctuations, approaching 3 kW at times, indicating potential seasonal 

effects. This pre-processed dataset emphasizes key temporal features critical for CNN training, enabling the 

model to effectively capture patterns, anomalies, and trends for accurate forecasting. By including realistic 

irregularities, CNN can learn robust features suitable for deployment in real-world scenarios. 

 

Fig.10. CNN output waveforms for STLF. 

The CNN output waveforms for STLF are shown in Fig.10. The comparison analysis waveform displays the 

Convolutional Neural Network's performance in short-term load forecasting. The actual input load data over 120 

hours is depicted by the blue curve, while the CNN predictions are represented by the green curve. The load 

fluctuates between 2.1MW and 2.7MW, with the CNN closely tracking the input data and slightly surpassing the 

accuracy. For example, at the 40-hour mark, the peak prediction of the CNN aligns closely with the input load, 

reaching nearly 2.7 MW, At the 60-hour point, the CNN also captures the peaks and troughs more effectively, 

accurately reflecting the input's dip to 2.3 MW. Performance metrics further reinforce the CNN's effectiveness, 

Mean Squared Error (MSE) = 0.0153, Normalized Mean Squared Error (NMSE) = 0.3869, Root Mean 

Squared Error (RMSE) = 0.1158, and Mean Absolute Error (MAE) = 0.0476. These values indicate lower 

error rates. The close alignment of the CNN predictions with the input data validates its capacity to learn temporal 

patterns and manage fluctuations effectively, making it well-suited for accurate load forecasting in dynamic 

systems.  

3.3. Hybrid model of DNN-CNN for STLF: 

3.3.1. Comparative Analysis of DNN and CNN for STLF:  

The predictive powers of both Convolutional Neural Networks and Deep Neural Networks have been thoroughly 

investigated in the field of STLF. CNNs frequently perform better than DNNs at capturing the temporal 

dependencies present in load data, according to recent study. For instance, a study published in the Journal of 

Intelligent & Fuzzy Systems demonstrated that CNNs achieved lower error metrics compared to DNNs, 

highlighting their effectiveness in modelling complex, nonlinear, and sequential patterns in power demand [14]. 

The superior performance of CNNs can be attributed to their convolutional layers, which adeptly detect local 

and temporal patterns within time-series data—a critical advantage for accurately forecasting fluctuations in 

power demand. In contrast, while DNNs offer flexibility in modelling nonlinear relationships, they cannot often 

effectively capture sequential dependencies, limiting their accuracy for time-dependent tasks like load 

forecasting. These findings underscore the potential of AI-driven models, particularly CNNs, as valuable tools 

in power system management, enhancing grid reliability and operational efficiency. Looking forward, hybrid 

models that combine CNNs with Long Short-Term Memory networks could extend CNNs' ability to capture 

even longer-term dependencies, potentially improving forecast accuracy. Additionally, incorporating real-time 

inputs like weather and economic indicators may further refine forecasting. As the energy sector moves towards 
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renewable integration and responsive demand forecasting, CNN and hybrid AI models could be pivotal in 

advancing sustainable, adaptive grid systems. 

3.3.2.  DNN CNN training waves 1 

 

Fig.11. Hybrid model of DNN-CNN training waveforms for STLF. 

3.3.3. DNN CNN training wave 2  

 

Fig.12. Hybrid model of DNN-CNN training waveforms for STLF. 

Fig.11, 12 is the hybrid model of DNN-CNN training waveforms for STLF. The Hybrid DNN-CNN model for 

STLF is trained, as seen by the training progress waveform. The top graph displays the RMSE, which begins at 

0.28, decreases rapidly to below 0.05 within the first 200 iterations, and stabilizes around 0.045 after 1000 

iterations. This trend indicates improved prediction accuracy as training progresses. The bottom graph shows the 

loss function, which starts at 0.28 and converges to nearly 0.005 by 300 iterations, remaining steady after that. 

This behaviour reflects effective model learning. The training ran for 1000 epochs with a learning rate of 0.0001, 

allowing for gradual updates to the model weights and precise optimization. The validation RMSE closely 

follows the training RMSE, indicating robust generalization and minimizing the risk of overfitting. The model 

was trained on a single CPU, achieving maximum epochs efficiently. The Hybrid DNN-CNN architecture 

capitalizes on DNNs' strengths in learning long-term dependencies and CNNs' feature extraction capabilities. 

This enables the model to manage temporal patterns and spatial correlations in load data effectively. The model's 

capacity to incorporate complimentary learning techniques from both architectures is demonstrated by the 

convergence of RMSE and loss values, which makes it an effective tool for precise STLF in actual energy 

systems. 
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Fig.13. The hybrid model of DNN-CNN’s comparative analysis MAE values for STLF. 

The Mean Absolute Error of the CNN and DNN models used for STLF is compared in the bar chart in Fig.13. 

The accuracy of each model is indicated by the MAE, which measures the average size of prediction errors. The 

chart shows that the CNN model achieves an MAE of 0.0893 MW, demonstrating its effectiveness in minimizing 

prediction errors. This lower MAE highlights CNN's strength in capturing spatial features and handling dynamic 

patterns in load data. In contrast, the DNN model has a higher MAE of 0.1625 MW, indicating more significant 

deviations from the actual load values. While the DNN excels at learning temporal dependencies, it seems less 

capable of addressing short-term variations or noisy data than the CNN. The significant reduction in MAE by 

the CNN—approximately 45% lower than that of the DNN—underscores its superior performance in forecasting 

tasks where short-term accuracy is critical. These results support the hybrid approach, which combines CNN's 

spatial feature extraction with DNN's temporal learning capabilities to enhance STLF accuracy. The lower MAE 

of CNN emphasizes its role in improving predictive reliability in energy demand forecasting.  

 

Fig.14. The hybrid model of DNN-CNN’s comparative analysis RMSE values for STLF. 

The RMSE for CNN and DNN models in STLF is compared in the bar chart in Fig.14. The RMSE is an essential 

statistic for assessing model accuracy since it calculates the standard deviation of prediction errors and, because 

it is quadratic, highlights more severe deviations. From the chart, the CNN model achieves a significantly lower 

RMSE of 0.1158 MW, indicating minimal prediction errors and firm performance in capturing load variations. 

In contrast, the DNN model records an RMSE of 1.0357 KW, reflecting its comparatively lower forecasting load 

accuracy, likely due to its limited capacity to effectively handle spatial complexities and noisy data. The CNN's 

RMSE is approximately 88.8% lower than the DNN's, emphasizing the CNN's superior ability to minimize 

significant prediction errors. This substantial reduction underscores CNN's effectiveness in analysing spatial and 

temporal load patterns more precisely. These results validate the design of the Hybrid DNN-CNN model, as the 

CNN component significantly enhances forecasting accuracy. By leveraging CNN's lower RMSE alongside the 

DNN's capability to manage temporal dependencies, the hybrid approach ensures reliable and accurate load 

forecasting for dynamic energy systems. 



J. Electrical Systems 20-3 (2024): 8612-8627 

 

8624 

 

Fig.15. The hybrid model of DNN-CNN’s comparative analysis NMSE values for STLF. 

The bar chart is in Fig.15. compares the NMSE values for CNN and DNN models in STLF. The NMSE provides 

a normalized measure of prediction accuracy relative to the variance of the actual data, making it useful for 

consistently assessing model performance. According to the chart, the CNN model achieves an NMSE of 0.3869, 

demonstrating its strong ability to minimize errors about the actual load variance. This low NMSE indicates the 

CNN's effectiveness in learning complex load patterns. In contrast, the DNN model records a significantly higher 

NMSE of 1.1627, suggesting more significant errors and reduced efficiency in capturing dynamic load variations. 

The NMSE of the CNN is approximately 66.7% lower than that of the DNN, showcasing superior performance 

in precision and generalization. This substantial improvement highlights CNN's ability to effectively address 

noisy data and spatial dependencies, which the DNN struggles to manage. The hybrid DNN-CNN model 

capitalizes on the CNN's strong performance by combining it with the DNN's temporal capabilities for further 

optimization. The lower NMSE achieved by CNN underscores its critical role in enhancing the overall 

forecasting accuracy of the hybrid architecture, making it well-suited for real-world energy systems. 

 

Fig.16. The hybrid model of DNN-CNN’s comparative analysis MSE values for STLF. 

Fig.16 shows a bar chart that contrasts the Mean Square Error (MSE) values for the CNN and DNN models in 

STLF. Model performance can be systematically evaluated with the use of the MSE, which gives a measure of 

prediction accuracy in relation to the variance of the actual data. According to the chart, the CNN model achieves 

an MSE of 0.0127, demonstrating its strong ability to minimize errors about the actual load variance. The Mean 

Squared Error (MSE) values for STLF using the Hybrid DNN-CNN model are impressive. One study reported 

an MSE value of 0.0123 for a 24-hour forecasting horizon. 

3.3.4. The hybrid model of DNN-CNN and Input data comparative analysis waves: 

 

Fig.17. The hybrid model of DNN-CNN and Input data comparative analysis values for STLF 
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Fig.17. are the CNN output waveforms for STLF. The CNN's performance in STLF is shown by the comparative 

analysis waveform. The CNN predictions are shown by the green curve, the DNN predictions by the red curve, 

and the actual input load data during a 120-hour period is shown by the blue curve. The load fluctuates between 

2.1 MW and 2.7 MW, with the CNN closely tracking the input data and slightly surpassing the DNN in accuracy. 

For example, at the 40-hour mark, the peak prediction of the CNN aligns closely with the input load, reaching 

nearly 2.7 MW, whereas the DNN shows a noticeable deviation. At the 60-hour point, the CNN also captures 

the peaks and troughs more effectively, accurately reflecting the input's dip to 2.3 MW. Performance metrics 

further reinforce the CNN's effectiveness: Mean Squared Error (MSE) = 0.0153, Normalized Mean Squared 

Error (NMSE) = 0.3869, Root Mean Squared Error (RMSE) = 0.1158, and Mean Absolute Error (MAE) = 

0.0476. These values indicate lower error rates compared to the DNN. The close alignment of the CNN 

predictions with the input data validates its capacity to learn temporal patterns and manage fluctuations 

effectively, The hybrid DNN-CNN Model MSE (0.0127 MW), NMSE (0.3256 MW), RMSE (0.0856 MW), 

MAE (0.0213 MW), The hybrid DNN-CNN model achieves the highest accuracy for STLF , and very closely 

followed by the CNN model then compare two these the DNN model, while robust may not capture local patterns 

as effectively, so the Morden hybrid DNN-CNN model is very accurate values and making it well-suited for 

accurate load forecasting in dynamic systems.  

Table 1: Comparison of Performance Metrics for Deep Neural Networks (DNN) and Convolutional Neural 

Networks (CNN) in Short-Term Load Forecasting 

 METRIC DNN CNN DNN-CNN PERFORMANCE DIFFERENCE 

Mean 

Absolute 

Error (MAE) 

0.0898 

MW 
0.0476 MW 0.0213MW CNN achieves ~45% lower MAE. 

Root Mean 

Square Error 

(RMSE) 

0.1387 

MW 
0.1158 MW 0.0856MW CNN achieves ~88.8% lower RMSE. 

Normalized 

Mean Square 

Error 

(NMSE) 

0.4588 

MW 
0.3869 MW 0.3256 MW CNN achieves ~66.7% lower NMSE. 

Mean Square 

Error (MSE) 

0.0192 

MW 
0.0153 MW 0.0127 MW CNN achieves ~44.6% lower MSE. 

Prediction 

Accuracy 

Moderate 

(less 

aligned 

with data 

trends) 

High 

(closely 

tracks input 

fluctuations) 

Accurate 

values 

DNN-CNN outperforms in tracking 

temporal data. 

Temporal 

Pattern 

Capture 

Limited Effective Assessable 
DNN-CNN excels in modelling time-

series trends. 

 

The comparative analysis highlights CNN's superior performance in short-term load forecasting over DNN, as 

evidenced by significantly lower error metrics: MAE (0.0893 MW vs. 0.0476 MW), RMSE (0.1387 MW vs. 

0.1158 MW), and NMSE (0.3869 vs. 0.4588MW), MSE (0.0153MW VS 0.0192MW). And the hybrid DNN-

CNN Model MSE (0.0127 MW), NMSE (0.3256 MW), RMSE (0.0856 MW), MAE (0.0213 MW), Time-series 

data is more precise and dependable for dynamic energy systems since the DNN-CNN is excellent at identifying 

spatial patterns and temporal dependencies. In contrast, DNN-CNN is not shows limitations in handling 

sequential variations. These findings underscore DNN-CNN's suitability for load forecasting tasks, offering 
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enhanced precision and efficiency, which are critical for optimizing energy grid operations and supporting 

sustainable power management strategies. 

The hybrid DNN CNN Values difference and accurate values This are great achievement for further development 

of power system  

3.3.5. The Differentiation between DNN and CNN waveforms 

 

Fig.18. The hybrid model of DNN-CNN’s difference waveforms for STLF. 

The difference between the actual load and the predicted load produced by the hybrid Deep Neural Network-

Convolutional Neural Network (DNN-CNN) model for STLF is shown by the waveform in Fig.18. This 

discrepancy, which is commonly referred to as the residual error, provides important information about the 

accuracy and predictive power of the model. The residual error values fluctuate between -0.35 MW and 0.2 MW, 

with an average close to 0 kW, indicating that the model does not exhibit significant bias in its predictions. 

Notable peaks in the residual error, such as the drop to -0.35 MW around the 40-hour mark, may point to sudden 

load changes or the model's limitations in capturing particular patterns. Nevertheless, most residuals fall within 

the range of ±0.1 MW, which highlights the robustness of the hybrid model. The model demonstrates consistent 

accuracy throughout the 120 hours analysed, showing no discernible trend in the residuals. This implies stability 

in predictive performance without any signs of drift or degradation. The small magnitude and uniform 

distribution of errors further validate the hybrid model's capacity to minimize forecasting deviations effectively. 

By leveraging the strengths of the DNN for temporal learning and the CNN for feature extraction, the model 

achieves reliable STLF results in dynamic scenarios.  

IV. Conclusion 

This comparison of CNN and DNN for short-term load forecasting demonstrates CNN's superiority in capturing 

temporal dependencies and producing more accurate power demand forecasts. With CNN achieving lower error 

metrics, particularly an RMSE of 1.2, MSE of 1.44, and MAE of 0.77, it outperforms DNN in handling load 

data's complex, nonlinear, and sequential nature. These results underscore the potential of AI-driven models, 

especially CNN, as valuable tools for power system management, enabling utility providers to enhance grid 

reliability and optimize operational efficiency. Looking ahead, future work could explore hybrid models that 

integrate CNN with LSTM networks to capture even longer-term dependencies, potentially increasing forecast 

accuracy. The incorporation of renewable energy sources and demand response forecasts could be added to these 

models to improve their use in sustainable energy management and aid in the shift to more intelligent and 

responsive grid systems. 
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