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| ABSTRACT 

 

Industrial Power Load in the United States is rising gradually due to rapid manufacturing facilities enhancement in the recent 

year. Due to this expansion, accurate forecasting of industrial electricity load plays a vital role for power generation, transmission, 

and distribution planning for a specified manufacturing zone. The statistical model of forecasting faces a significant challenge 

due to the nonlinearity and multi scale nature of industrial load data. But recent application of Hybrid Deep Learning and 

Machine Learning models has demonstrated superior performance in industrial power load forecasting over statistical 

forecasting model. This paper presents a structured and comparative review of the recent Hybrid Deep Learning and Machine 

Learning based Data driven approaches for Industrial power load forecasting. The findings of our study highlight the 

effectiveness of the hybrid approach for reliable and high precision industrial power load forecasting which enhances the 

intelligent energy management in modern industrial systems.      
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1. Introduction   

The effective and reliable power generation, transmission and distribution planning depends on the ability to accurately 

forecasting electricity demand. Forecasting is the foundational task for operational planning and strategic financial decision 

making [1]. Forecasting in the industrial sector is challenging and a high impact problem. In 2021, the industrial sector accounted 

for a substantial 33% of total U.S. energy consumption, making it a pivotal segment for grid management [2].  

 

Historically, U.S. electricity consumption remained relatively flat for nearly two decades. Because of a major shift from 

manufacturing to service sectors, demand increases. This manufacturing-to-service trend has been shifted significantly since 

2020. The U.S. Energy Information Administration (EIA) forecasts that total electricity consumption will grow at an average rate of 

1.7% per year through 2026. Compare to the total power laod, the commercial and industrial sectors are growing even faster, at an 

average of 2.6% and 2.1% per year, repectively [3]. Industrial power demand is projected to climb by 43% from 2024 to 2050, fueled 

by automation and robotics in industrial production and manufacturing processes [4]. The dynamic power consumption pattern 

requires the development of more sophisticated and robust forecasting tools. 

 

Electrical power load time series forecasting mostly depends on statistical methods such as ARIMA, Holt-Winters exponential 

smoothing, and regression-based models [5]. The regressive model provides a degree of interpretability but they often struggle to 
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capture the complex, non linear relationship and long term temporal dependencies inherent in real-world energy and power data 

[5]. Various forecasting approches, fuzzy neural networks, gray algorithms, gray markov models and support vector regression 

algorithms [6-9], have been utilized for electricity generation forecasting. However, these approaches demonstrate limited 

efficiency when processing large-scale or highly complex datasets [10-13]. In photovoltaic (PV) forecasting, Artificial Neural 

Netowrks (ANNs) and Support Vector Machines (SVMs) [14-15] are among the most widely utilized machine learning models. 

Numerous studies indicate that, neural network based model outperform traditional time series models on nonlinear datasets, 

nontheless, they encounter difficulties in managing large datasets and intricate data mining tasks [15].       

 

For that reason, the researchers have increasingly adopted deep learing-based approaches, particularly Recurrent Neural 

Networks (RNNs) and their advanced variants such as Long Short-Term Memory (LSTM) networks [16]. LSTM models have 

demonstrated strong potential in energy forecasting because LSTMs are able to handle the long term dependencies within 

sequential data [17]. Traditional LSTM architectures process information in a single (forward) direction, which may limit their 

ability to fully utilize temporal correlations between past and future data points. On the other hand, Bidirectional LSTM (Bi-LSTM) 

networks overcome this limitation by processing sequences in both forward and backward directions, enabling a more 

comprehensive representation of temporal dynamics [18]. Despite the effectiveness, Bi-LSTMs require large datasets and 

intensive computation. 

 

Transformer-based models have also become prominent in time series forecasting, including for electricity load prediction, due 

to their ability to capture long-range temporal dependencies and handle multivariate inputs. A framework integrates Fourier 

Transform-based transformers with an enhanced optimization algorithm to achieve high-resolution energy forecasting, 

addressing the challenges of sequence redundancy and computational efficiency in energy systems [19]. Informer was developed 

precisely for Long Sequence Time-Series Forecasting (LSTF), and in experiments demonstrated strong performance on electricity 

consumption planning tasks [20]. The Autoformer model similarly enhances forecasting accuracy by introducing an auto-

correlation mechanism, which helps identify periodic patterns and reduces the errors associated with long lookback windows 

[21]. SmartFormer (a graph-nested transformer) explicitly models inter-series dependencies for substations and shows improved 

performance over standard transformer baselines in multivariate load forecasting settings [22]. A relevant applied work is Power 

substation load forecasting using interpretable transformer-based temporal fusion neural networks, where the Temporal Fusion 

Transformer (TFT) is used to forecast 24-h and 48-h ahead loads, providing both accuracy and interpretable insights into which 

covariates (e.g. weather, temporal features) are most influential [23]. There is also work on hybrid approaches, fusing traditional 

statistical or machine learning models (e.g. LightGBM or multivariate linear regression) with transformer-based architectures to 

improve load forecasting accuracy, as seen in an "Improved Autoformer" approach [24]. Transformer-based models, while 

powerful, present several well-documented limitations. They typically require large volumes of historical and covariate data to 

effectively capture both periodic and irregular temporal patterns, which can be challenging in industrial contexts with limited or 

proprietary data sources [25]. 

 

With the rapid evolution of these Deep Learning (DL) and Machine Learning (ML) based techniques, it is necessary to compare 

techniques and their effectiveness. This review studies a range of hybrid deep learning and machine learning models proposed for 

industrial power load forecasting using data from multiple industrial load data, highlighting their methodologies, performance and 

real-world applicability.   

 

2. Common DL and ML Methods Used in Power and Energy Forecasting 

Power and energy load forecasting has been extensively studied using a wide range of machine learning (ML) and deep learning 

(DL) techniques to capture the complex, nonliner and time varying characteristics of electrical demand. Traditional ML methods 

have been widely adopted due to their somplicity, interpretability and effectiveness in short and medium term forecasting while 

DL models have gained incresing attention for their ability to automatically learn hierarchical temporal and spatial features from 

large scale time series data. This section will provide an overview of the most commonly used ML and DL approaches applied to 

power and energy load forecasting. 

 

• Auto Regressive Integrated Moving Average (ARIMA) accounts for a changing mean in the dataset. This accounts for 

linear trends over time. 

• SARIMA adds seasonality to the ARIMA technique. [26] 

• Artificial Neural Networks (ANNs) are a class of Machine Learning models that are inspired by biological neural 

networks.[27] 

• Autoencoders (AE) are a type of ANN that compress or encode data on its input to their essential features.[28] 

• Convolutional Neural Networks (CNNs) use convolutional kernels applied to data. These are commonly used in 2D 

images as shown in figure 2 and 3 but can be applied to 1D data to find patterns in the data and for forecasting.[29] 
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Figure 1: Feature detection of 1D CNN and 2D CNN. The shape of a convolutional filter is a vector form in 1D CNN and a Matrix 

in 2D CNN 

 

 

 

Figure 2: Typical building blocks of a CNN Model 

 

• Recurrent Neural Networks (RNNs), shown in Figure 3, are neural networks that can process sequential data by using 

past information as inputs for subsequent outputs.[30] 

 

 

Figure 3. Typical model of a single cell of a generic RNN. 

 

• Long Short-Term Memory (LSTM) models, shown in Figure 4, are a type of RNN that allows for both long-term and 

short-term historical values to affect the output.[31] 

 



Hybrid Deep Learning and Machine Learning Approaches for Industrial Power Load Forecasting: A Review 

Page | 72  

 

Figure 4: A single cell of a typical LSTM. 

 

• Bidirectional LSTM (Bi-LSTM) as shown in figure 5 is a type of RNN that processes data both in forward directions as well 

as backward in the series to build stronger relationships between historical data and the next output. [32] 

 

 

 

 
 

 

Figure 5: A building blocks of a typical BiLSTM. 

 

• Gated Recurrent Units (GRU), shown in Figure 6, are like LSTM models but simpler. They use two “gates” to control the 

flow of data, named “update” and “reset.”[33] 

 

 

 

Figure 6: A single cell of a typical GRU. 
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• Attention-based models utilize a method to determine the importance of different components in a sequence and allow 

models to focus more on those parts.[34] 

• Hybrid Models: While there are many parameters in each of these models that can be adjusted, often they are combined 

in hybrid configurations. For example, a study might compare LSTM with the hybrid model CNN-LSTM where the output 

of one model becomes the input for the next.  This leverages the advantages of each model often creating a more 

accurate result. 

 

3. Common Performance Evaluation Matrix for Power and Energy Forecasting Model 

3.1 Mean Absolute Error (MAE) 

Mean Absolute Error (MAE) is computed by taking the sum of the absolute difference between each predicted value and its true 

value and then dividing by the total number of data samples [35]. The MAE depicts as:     

𝑀𝐴𝐸 =
1

𝑁
∑ |𝑦𝑖 − 𝑓𝑖|

𝑁

𝑖 = 1

  

where yi is the actual and fi is the forecasted value for the power load and N is the number of data samples. 

 

3.2 Root Mean Squared Error (RMSE) 

Root Mean Squared Error (RMSE) is defined as the square root of the average squared difference of actual value and prediction 

value, in other words, the square root of Mean Squared Error (MSE) [35]. The RMSE is depicted as:  
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1
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where yi is the actual and fi is the forecasted value for the power load and N is the number of data samples. 

3.3 Mean Absolute Percentage Error (MAPE) 

Mean Absolute Percentage Error (MAPE) calculates the average of the absolute percentage errors between actual and predicted 

values. [36] The MAPE is defined as: 
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where yi is the actual value and fi is the forecasted value for the power load, and N is the number of data samples 

3. Review on Industrial Load Forecasting Models 

Over the past decades, various statistical methods have been developed for power and energy forecasting and for the planning of 

energy systems. But from those methods, very few are industrial power load forecasting [5-15]. Due to increase in complexity and 

variability in load patterns has led, researchers to gradually shift focus towards more advanced machine learning techniques like 

hybrid deep learning model [16-18]. Recently, different variants of transformer models were explored for power load forecasting 

and energy forecasting [19-25] [37]. This review studies a range of different models developed for industrial power load forecasting 

using data from multiple sources, highlighting their methodologies, performance, and real-world applicability.           

 

Quanbo Ge et al. developed a hybrid intelligent forecasting model combining reinforcement learning, particle swarm optimization 

(PSO), and least squares support vector machines (LSSVM) for short-term industrial power load forecasting of a single industrial 

power consumer [38]. The author proposed the name of this hybrid model is Q-PSO-LSSVM. The model first applied an improved 

K-means clustering algorithm to classify historical load data into distinct production patterns and eliminate outliers using the 

local outliers factor (LOF) method. Then, a Q-learning enhanced PSO dynamically adjusts particle inertia weights to optimize 
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LSSVM parameters, preventing local minima and improving generalization. The model uses real industrial load data recoded 

every 15 minutes from various industries and regions in China. Experimental results demonstrate that the model Q-PSO-LSSVM 

has achieved significantly lower mean absolute percentage error (MAPE 3-5%) compared to traditional PSO-LSSVM and Prophet 

models, effectively capturing regional and industrial variations in load behavior and providing high-accuracy short-term forecasts 

suitable for industrial energy management applications. 

 

Yuanyuan Wang et al. proposed a hybrid model named TCN-LightGBM [39] combining a temporal convolutional network (TCN) 

and light gradient boosting machine (LightGBM) for accurate short-term industrial power load forecasting. The model used a fixed 

length sliding time window to reconstruct electrical features (load, current, power etc.) along with meteorological and calendar date, 

enabling the TCN to extract long term temporal dependencies and hidden patterns. These extracted features passed through 

LightGBM, which efficiently performs the final load prediction using its gradient boosting and leaf-wise growth mechanisms. The 

study employs real smart meter data from industrial customers across China, Australia, and Ireland, representing sectors like 

medical, plastic, and coal mining industries. Experimental comparisons against models such as LSTM, Bi-GRU, CNN, PCA-LightGBM 

demonstrate that the proposed TCN-LightGBM achieves the lowest MAPE around 2-4%.  

 

Felipe Leite Coelho da Silva et al. have developed a neural network auto regression (NNAR) and multilayer perceptron (MLP) models 

for forecasting monthly industrial electricity consumption in Brazil. A comparison study has been done to compare the developed 

model with traditional statistical models, Holt-winters, SARIMA, and Dynamic Linear Model (DLM). The author used historical data 

from 1979 to 2020, obtained from the central bank of Brazil, divided intro training (1979-2018) and testing (2019-2020) datasets. 

The performance was evaluated using mean absolute percentage error (MAPE) to assess short-term predictive accuracy. Results 

showed that while all models effectively captured seasonal and crisis related variations in industrial electricity use, the MLP model 

outperformed than the other models, achieving the lowest MAPE is 3.4% [40] 

 

Sravani Parvathareddy et al. proposed a novel Fourier transform (FT) transformer and genetic algorithm (GA) hybrid model for 

accurate energy forecasting and load optimization has been developed in industrial and commercial energy systems [41]. The FT-

transformer leverages self-attention mechanisms and Fourier based seasonality encoding to capture long term dependencies and 

temporal patterns in large-scale energy demand data, while the enhanced covariance matrix adaptation evolution strategy (CMA-

ES) GA module optimizes load scheduling by minimizing costs, emissions, and peak demand fluctuations. The model was trained 

and validated using real industrial energy consumption data from facilities such as the Jwaneng Mine in Botswana, encompassing 

multiple years of monthly energy records. Experimental results demonstrate that the FT-Transformer achieved a mean absolute 

error (MAE) of 3.03×10⁵ kWh and Root Mean Square Error (RMSE) of 3.31×10⁵ kWh, outperforming RNN, PSO, and tree-based 

models by up to 48% in accuracy and reducing computational time by 38%. 

 

Haoyu Jiang et al. established a hybrid forecasting model [42] that integrates a data completion network (DCN) with an enhanced 

temporal convolutional network (E-TCN) for ultra-short-term industrial load prediction. The model first employs the DCN to handle 

missing and incomplete industrial load data, ensuring data continuity and quality, and then uses the E-TCN to capture complex 

temporal dependencies and nonlinear variations in high frequency load patterns. The study utilizes real-time load data collected at 

15 second intervals from multiple industrial enterprises in China, including sectors with irregular load fluctuations due to production 

dynamics. Results show that the DCN-E-TCN model significantly outperforms conventional TCN, Gru, and LSTM models, achieving 

up to 35% lower RMSE and 30% higher R², leading to highly stable and precise forecasts suitable for industrial demand response, 

production scheduling, and grid stability applications. 

 

Mao Tan et al. developed a hybrid ensemble forecasting model [43] that combines long short-term memory (LSTM) networks with 

multiple machine learning algorithms, support vector regression (SVR), extreme gradient boosting (XGBoost), and Random Forest 

(RF) to enhance the accuracy and robustness of industrial power demand forecasting. The model used Bayesian optimization for 

parameter tuning and a stacking strategy to fuse the predictions from base learners, enabling effective capture of both liner and 

nonlinear temporal dependencies. The model is trained and tested on real industrial power load data collected a minute-level 

intervals from a steel manufacturing plant in China, characterized by high volatility and abrupt changes due to production dynamics. 

Experimental results showed that the proposed LSTM based hybrid ensemble achieved superior performance with a mean absolute 

percentage error (MAPE) below 1.5%, outperforming standalone deep learning and traditional models such as GRU, CNN and 

ARIMA.    
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Nam Nguyen Vu Nhat et al. a case study of Vietnam, introduced a hybrid forecasting model that combines ensemble empirical 

mode decomposition (EEMD) with a long-short term memory (LSTM) [44] network to improve the accuracy of short term industrial 

load prediction. The model first decomposes the complex and non-stationary load data into a set of simpler intrinsic mode 

functions (IMFs) using EEMD. These components are then individually predicted by the LSTM network before being aggregated into 

a final forecasting, a method that allows for more effective capture of intricate and nonlinear patterns across different time scales. 

The model is validated using hourly power load data from a Vietnamese industrial manufacturing plant, collected over 

approximately 18 months, and characterized by its nonlinear and highly fluctuating nature. Experimental results demonstrate that 

the proposed EEMD-LSTM model achieves superior performance with a mean absolute percentage error (MAPE) of approximately 

1.3% for 1-step forecasting, significantly outperforming standalone models like linear regression (LR), artificial neural networks 

(ANN) and a standard LSTM. 

 

Chaodong Fan et al. developed a novel deep learning model that leveraged a hybrid ensemble strategy and an error correction 

mechanism to accurately forecast industrial power demand. The model first employs an ensemble of gated recurrent unit (GRU) 

networks, where base learners are generated by perturbing GRU parameters using a novel Multi-Objective Molecular Dynamics 

Theory Optimization Algorithm (MMDTOA) and then integrated via kernel ridge regression stacking. Subsequently, a combined 

error correction strategy, utilizing both a dynamic Gaussian function and a separate GRU model, is applied to the residuals to further 

refine the prediction accuracy. The model is trained and evaluated on real 15-minute interval load data from a steel plant in South 

Korea, which includes multiple features and exhibits strong fluctuations. Experimental results demonstrate that the proposed model 

achieves superior performance with a Normalized Mean Absolute Error (NMAE) as low as 3.684%, outperforming eight other models 

including CNN and LSTM, thereby highlighting its effectiveness and robustness for complex industrial forecasting tasks [45]. 

 

Ziwei Zhu et al. a hybrid machine learning model designed for day-ahead industrial load forecasting utilizes an extreme learning 

machine (ELM) as its base predictor, with its initial weights and biases optimized by a firefly algorithm (FA) to enhance accuracy. This 

optimized FA-ELM is then integrated into an ensemble framework using the AdaBoost algorithm, which combines multiple weak 

learners to create a single strong predictor and correct for errors. A key innovation is the introduction of a "load change rate" (LCR) 

feature, which is calculated from historical load data to better capture nonlinear patterns, and feature selection is performed using 

the Spearman correlation coefficient to reduce input dimensionality. The model is applied to hourly electricity demand data from a 

furniture factory in China, including date, meteorological, and operational features. The results show that the proposed LCR-

AdaBoost-FA-ELM model achieves a Mean Absolute Percentage Error (MAPE) of 3.01%, significantly outperforming standalone ELM 

and SVR models [46].  

 

Thilo Walser et al. a Typical Load Profile (TLP)-supported convolutional neural network (CNN) framework [47] designed to improve 

short-term industrial load forecasting accuracy by incorporating typical daily and weekly load patterns into the learning process. The 

model first applies K-means clustering to historical industrial load data to generate representative TLPs, which are then fused with 

real-time load and meteorological features as multi-channel CNN inputs. This structure enables the CNN to extract both spatial and 

temporal correlations while maintaining sensitivity to periodic industrial operations. The study utilizes high-resolution industrial load 

data from multiple manufacturing enterprises in China, collected at 30-minute intervals over several months. Results demonstrate 

that the proposed TLP-CNN model outperforms baseline models such as LSTM, GRU, and SVR, achieving a mean absolute 

percentage error (MAPE) of 2.17%, thereby enhancing forecasting stability and adaptability across varying industrial processes. 

 

4. Comparative Result Analysis of Industrial Power Forecasting Models 

Direct comparison across these studies is challenging due to the variations in their input variables and evaluation criteria, which are 

compounded by inconsistent performance metrics. Table 1 outlines each study’s input variables, models tested, and the best-

performing model of each study using the metrics of that study. From this table, the recent studies on industrial load forecasting 

[38-47] consistently demonstrated a shift toward hybrid machine learning and deep learning models that integrate advanced 

feature extraction, optimization, and ensemble learning. Hybrid approaches such as Q-PSO-LSSVM [38], TCN-LightGBM [39], FT-

Transformer with GA [41], and DCN-E-TCN [42] are designed to capture nonlinear, non-stationary and multi-scale temporal 

characteristics of industrial load data. Ensemble and decomposition-based model, including LSTM-SVR-XGBoost-RF [43], EEMD-

LSTM [44], MMDTOA-GRU ensemble [45], and LCR-AdaBoost-FA-ELM [46], further enhance forecasting robustness and accuracy. 

Overall, these methods report consistently low forecasting errors across diverse industrial application, confirming the effectiveness 

of hybrid DL-ML frameworks for short-term and ultra-short-term industrial power load forecasting [38-47].  
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5. Conclusion 

The United States Energy is undergoing an unprecedented transformation because of rapidly increasing power demand in 

manufacturing sector and the integration of renewable energy resources. In this environment, accurate and reliable prediction of 

energy needs is crucial for maintaining the generation planning, grid stability and optimizing resources. This paper has provided a 

structured and comparative review of recent Hybrid AI and ML approaches to forecast the industrial power load and highlighted 

their benefits over traditional statistical methods, which struggle with the non-liner and highly variable nature of modern power 
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systems. This review also highlights the benefits of utilizing hybrid architectures such as a combination of CNN, LSTM, Transformer, 

and others to attain the closest predictions.    
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