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Accurate time series forecasting is crucial for optimizing operations and 
decision-making in dynamic industrial environments. This paper proposes a 
novel hybrid deep learning framework that integrates Long Short-Term 
Memory (LSTM), Gated Recurrent Unit (GRU), and Convolutional Neural 
Network (CNN) architectures to capture both temporal dependencies and local 
patterns within time series data. The framework is designed to adapt to the 
non-stationary nature of industrial processes, incorporating mechanisms for 
anomaly detection and robust performance in the presence of noise and outliers. 
We evaluate the performance of the proposed framework on real-world 
industrial datasets, demonstrating its superior accuracy and robustness 
compared to traditional time series forecasting methods and individual deep 
learning models. Furthermore, we analyze the impact of different 
hyperparameters and architectural configurations on the forecasting 
performance, providing insights into the optimal design of hybrid deep learning 
models for industrial time series data. The results highlight the potential of the 
proposed framework for predictive maintenance, resource optimization, and 
improved operational efficiency in dynamic industrial settings. 

 

1. Introduction: 

With the rise in complexity and speed of technological changes in the contemporary industrial 
environment, precise prediction of time series data is of the highest priority. Time series data, 
which are measurements made successively over a period of time, are prevalent in industrial 
operations, covering variables like equipment performance indicators, energy consumption levels, 
production levels, and demand rates. Precise prediction of these variables facilitates anticipatory 
decision-making, resource planning maximization, and operating efficiency improvement. For 
instance, forecasting of equipment failures facilitates preventive maintenance, minimizing 
downtime and related costs. Proper demand forecasting provides optimal inventory management, 
reducing waste and maximizing profitability. 

Conventional time series methods like ARIMA and exponential smoothing have been extensively 
applied to industrial applications. Nevertheless, the conventional methods tend to fail to model 
the intricate non-linear relationships and long-term dependencies present in many industrial time 
series. Additionally, they tend to be sensitive to outliers and noise, which are prevalent in real 

42 

https://janolijournals.com/index.php/jijaia
mailto:vikalp1077@gmail.com


Volume 2, Issue 4, 2025​      ​ ​        JANOLI International Journals of Artificial Intelligence  

                                                                                                                                           and  its Applications (JIJAIA) 

industrial data. The dynamic and frequently non-stationary character of industrial processes also 
makes it even more challenging to have precise time series forecasting. 

Deep learning methods, especially recurrent neural networks (RNNs) such as LSTMs and GRUs, 
have become effective tools in time series forecasting because they can learn sophisticated 
temporal relationships. Deep learning architectures, including Convolutional Neural Networks 
(CNNs), have also proven to be effective in deriving local features and patterns from time series 
data. None of these deep learning architectures is optimal for every time series forecasting task, 
though. The best architecture varies according to the particular characteristics of the data and the 
forecasting targets. 

This work overcomes the shortcomings of conventional and single deep learning approaches by 
introducing an innovative hybrid deep learning model that combines LSTM, GRU, and CNN 
structures for improved time series prediction in dynamic industrial settings. This model captures 
long-term temporal relationships and local structures within the data, respectively, and adjusts 
according to the non-stationary characteristics of industrial processes while yielding robust 
performance even against noise and outliers. 

The specific aims of this paper are: 

   To create a hybrid deep learning architecture that integrates LSTM, GRU, and CNN models for 
time series prediction. 

   To test the performance of the proposed architecture on real industrial data sets. 

   To compare the performance of the proposed architecture with conventional time series 
prediction techniques and stand-alone deep learning models. 

In order to compare the effect of various hyperparameters and architectural settings on the 
prediction performance. 

To illustrate the prospect of the suggested framework for predictive repair, resource planning, and 
enhanced operational efficiency in changing industrial environments. 

2. Literature Review: 

Time series forecasting has been an area of active research for decades, with its diversity of 
methods and techniques. Classical statistical techniques, including ARIMA and exponential 
smoothing, have been the backbone of time series analysis for a long time. 

ARIMA Models: Box and Jenkins (1976) [1] proposed the ARIMA methodology, representing 
the time series data as a function of the error terms and past values. ARIMA models have found 
extensive application owing to their interpretability and simplicity. They have limitations when it 
comes to handling long-term dependencies and non-linear relationships. 

Exponential Smoothing: Gardner (1985) [2] wrote an extensive overview of exponential 
smoothing techniques, which apply exponentially diminishing weights to previous observations. 
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Exponential smoothing techniques are appropriate for time series forecasts with trends and 
seasonality. They can be poor, though, for intricate non-linear patterns. 

Deep learning has come along, and RNNs, LSTMs, and GRUs have become popular tools for 
time series forecasting. 

Recurrent Neural Networks (RNNs): Rumelhart et al. (1986) [3] proposed the backpropagation 
through time (BPTT) algorithm for training RNNs, allowing them to learn sequential temporal 
dependencies. Although traditional RNNs are plagued by the vanishing gradient problem, 
hindering the learning of long-term dependencies. 

Long Short-Term Memory (LSTM): Hochreiter and Schmidhuber (1997) [4] introduced the 
LSTM architecture, which solves the vanishing gradient issue through memory cells and gating 
units. LSTMs have been implemented successfully in a broad variety of time series forecasting 
problems. Gers et al. (2000) [5] extended the LSTM architecture further by introducing "forget 
gates," enabling the network to "forget" irrelevant information selectively. 

Gated Recurrent Unit (GRU): The GRU architecture was proposed by Cho et al. (2014) [6], a less 
complex version of LSTM requiring fewer parameters. GRUs have proven to be as accurate as 
LSTMs in most time series forecasting tasks, albeit at lesser computational cost. CNNs have also 
been utilized for time series forecasting, due to their local feature and pattern extraction 
capabilities. 

Temporal Convolutional Networks (TCNs): Bai et al. (2018) [7] introduced TCNs, which employ 
dilated convolutions for learning long-range dependencies in time series data. TCNs have 
performed better than RNNs in certain time series forecasting tasks. 

Hybrid deep models, which leverage the strengths of multiple architectures, are found to be a 
promising solution for time series forecasting. 

LSTM-CNN Hybrid Models: There have been a number of investigations into the use of LSTMs 
and CNNs together for time series prediction. For instance, Zheng et al. (2017) [8] developed an 
LSTM-CNN model for traffic flow forecasting with enhanced accuracy compared to single 
LSTM and CNN models. They applied CNN layers for extracting spatial features from traffic 
data, which were then input into LSTM layers to learn temporal dependencies. 

Hybrid LSTM-GRU Models:  Experiments have also been conducted on merging LSTM and 
GRU networks.  For example, Wang et al. (2019) [9] suggested a parallel LSTM-GRU network 
for predicting stock prices. Parallel architecture enables LSTM and GRU to learn temporal 
features separately, which are subsequently fused for prediction. 

Attention Mechanisms: Vaswani et al. (2017) [10] proposed the attention mechanism, enabling 
the model to pay attention to the most informative regions of the input sequence.  Attention 
mechanisms have been combined with LSTM and GRU networks to enhance time series 
forecasting accuracy. 
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Though such hybrid methods have held promise, they lack a systematic methodology for 
choosing and combining various architectures for varying time series features. Most research 
considers particular applications and data sets so that it is challenging to apply the findings to 
other applications. In addition, computational complexity of hybrid models can be prohibitive for 
large industrial applications. 

There is no existing literature with a complete framework for systematically combining LSTM, 
GRU, and CNN architectures for forecasting time series in industrial dynamic conditions. This 
work fills this void by presenting a new hybrid deep learning framework that is tailored to 
accomodate the non-stationarity inherent in industrial processes and deliver stable performance 
with noise and outliers. In addition, the paper will discuss the effect of various hyperparameters 
and architecture setups, providing insight into the best design of hybrid deep learning models for 
industrial time series data. 

3. Methodology: 

The proposed hybrid deep learning framework consists of three main components: a 
Convolutional Neural Network (CNN) layer for feature extraction, an LSTM layer for capturing 
long-term temporal dependencies, and a GRU layer for learning short-term patterns. These 
components are integrated sequentially to leverage the strengths of each architecture. 
Additionally, an anomaly detection module is incorporated to identify and mitigate the impact of 
outliers on the forecasting performance. 

3.1 Framework Architecture 

The architecture of the proposed hybrid deep learning framework is illustrated below: 

1.  Input Layer: The input to the framework is a time series dataset, represented as a sequence of 
values X = (x<sub>1</sub>, x<sub>2</sub>, ..., x<sub>t</sub>), where x<sub>i</sub> is the 
value at time step i, and t is the length of the time series. 

2.  Convolutional Neural Network (CNN) Layer: The CNN layer is used to extract local features 
and patterns from the input time series. It consists of multiple convolutional filters that slide over 
the input sequence, convolving with the data and generating feature maps. The CNN layer can be 
defined as: 

h<sub>c</sub> = f(W<sub>c</sub>  X + b<sub>c</sub>) 

where h<sub>c</sub> is the output of the CNN layer, W<sub>c</sub> is the weight matrix of the 
convolutional filters, b<sub>c</sub> is the bias vector, and f is an activation function (e.g., 
ReLU). Multiple filters of different sizes are used to capture features at different scales. 

3.  Long Short-Term Memory (LSTM) Layer: The LSTM layer is used to capture long-term 
temporal dependencies in the feature maps extracted by the CNN layer. The LSTM layer consists 
of memory cells and gating mechanisms that allow it to selectively remember or forget 
information over time. The LSTM layer can be defined as: 
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4.  Gated Recurrent Unit (GRU) Layer: The GRU layer is used to learn short-term patterns in the 
output of the LSTM layer. The GRU layer is a simplified version of LSTM with fewer 
parameters, making it computationally more efficient. The GRU layer can be defined as: 

5.  Anomaly Detection Module: The anomaly detection module is used to identify and mitigate 
the impact of outliers on the forecasting performance. This module employs a simple moving 
average (SMA) filter to smooth the input time series and identify data points that deviate 
significantly from the moving average.  Data points exceeding a predefined threshold (e.g., 3 
standard deviations from the SMA) are flagged as anomalies.  These anomalies are then either 
removed or replaced with imputed values (e.g., using linear interpolation) before being fed into 
the CNN layer. 

6.  Output Layer: The output layer is a fully connected layer that maps the output of the GRU 
layer to the predicted values. The output layer can be defined as: 

3.2 Training Procedure 

The hybrid deep learning framework is trained using the backpropagation through time (BPTT) 
algorithm. The training process involves minimizing a loss function that measures the difference 
between the predicted values and the actual values. The mean squared error (MSE) is used as the 
loss function: 

The Adam optimizer is used to update the weights and biases of the network.  Hyperparameter 
tuning is performed using a grid search approach, exploring different values for the learning rate, 
batch size, number of layers, and number of neurons per layer.  Early stopping is employed to 
prevent overfitting, monitoring the performance on a validation set and stopping the training 
when the validation loss starts to increase. 

3.3 Evaluation Metrics 

The performance of the proposed framework is evaluated using the following metrics: 

   Mean Absolute Error (MAE): MAE measures the average absolute difference between the 
predicted values and the actual values. 

   Root Mean Squared Error (RMSE): RMSE measures the square root of the average squared 
difference between the predicted values and the actual values. 

   Mean Absolute Percentage Error (MAPE): MAPE measures the average percentage difference 
between the predicted values and the actual values. 

4. Results: 

The proposed hybrid deep learning framework was evaluated on two real-world industrial 
datasets: 
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   Dataset 1: Manufacturing Process Data: This dataset contains hourly measurements of various 
parameters in a manufacturing process, including temperature, pressure, flow rate, and production 
rate. The objective is to forecast the production rate based on the historical data. 

   Dataset 2: Energy Consumption Data: This dataset contains hourly measurements of energy 
consumption in a factory. The objective is to forecast the energy consumption based on historical 
data, considering factors like time of day, day of the week, and weather conditions. 

The datasets were split into training (70%), validation (15%), and testing (15%) sets. The 
proposed framework was compared with the following baseline methods: 

   ARIMA: Autoregressive Integrated Moving Average model. 

   LSTM: Long Short-Term Memory network. 

   GRU: Gated Recurrent Unit network. 

The hyperparameters of all models were optimized using a grid search approach. 

The following table summarizes the performance of the proposed framework and the baseline 
methods on the two datasets: 

 

As shown in the table, the proposed hybrid deep learning framework consistently outperformed 
the baseline methods on both datasets, achieving lower MAE, RMSE, and MAPE values. This 
indicates that the hybrid framework is better able to capture the complex non-linear relationships 
and long-term dependencies in the industrial time series data. 
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Furthermore, the anomaly detection module in the hybrid framework significantly improved the 
forecasting accuracy by mitigating the impact of outliers. The removal or imputation of 
anomalous data points resulted in more robust and reliable forecasts. 

5. Discussion: 

The results demonstrate the effectiveness of the proposed hybrid deep learning framework for 
time series forecasting in dynamic industrial environments. The framework's superior 
performance compared to traditional methods and individual deep learning models can be 
attributed to its ability to leverage the strengths of different architectures. 

The CNN layer effectively extracts local features and patterns from the time series data, capturing 
information about short-term fluctuations and trends. The LSTM layer captures long-term 
temporal dependencies, allowing the model to learn the overall dynamics of the industrial 
process. The GRU layer further refines the temporal modeling by focusing on more recent 
patterns and adapting quickly to changes. The integration of these three components creates a 
powerful and versatile forecasting model. 

The anomaly detection module plays a crucial role in improving the robustness of the framework. 
Outliers are common in industrial data due to sensor errors, equipment malfunctions, or 
unexpected events. The anomaly detection module identifies and mitigates the impact of these 
outliers, preventing them from distorting the forecasting results. 

The performance of the proposed framework is consistent with previous research on hybrid deep 
learning models for time series forecasting [8, 9]. However, this paper extends the existing 
literature by proposing a novel framework that integrates CNN, LSTM, and GRU architectures in 
a systematic manner, and by evaluating the framework on real-world industrial datasets. 

The findings of this study have significant implications for industrial applications. Accurate time 
series forecasting can enable predictive maintenance, resource optimization, and improved 
operational efficiency. For example, the proposed framework can be used to predict equipment 
failures, allowing for preventative maintenance and reducing downtime. It can also be used to 
forecast energy consumption, enabling optimized energy management and reducing costs. 

6. Conclusion: 

This paper presented a novel hybrid deep learning framework for enhanced time series 
forecasting in dynamic industrial environments. The framework integrates CNN, LSTM, and 
GRU architectures to capture both temporal dependencies and local patterns within time series 
data. The results of the experiments on real-world industrial datasets demonstrate that the 
proposed framework outperforms traditional time series forecasting methods and individual deep 
learning models. The anomaly detection module further improves the robustness of the 
framework by mitigating the impact of outliers. 

Future work will focus on extending the proposed framework to handle multivariate time series 
data and incorporating external factors such as weather conditions and market trends. Further 
research will also explore the use of attention mechanisms to improve the interpretability of the 
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model and identify the most relevant features for forecasting. The development of automated 
hyperparameter tuning techniques will also be explored to simplify the deployment of the 
framework in real-world industrial settings. Furthermore, investigating the framework's 
performance on different types of industrial data, such as sensor data from IoT devices and 
financial data, will be a valuable avenue for future research. Finally, exploring the application of 
the framework to specific industrial use cases, such as predictive maintenance for manufacturing 
equipment and energy consumption optimization in smart buildings, will provide valuable 
insights into its practical applicability. 
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