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Abstract 

Complex engineering processes require short-term prediction to maintain the 

stability of energy-intensive industrial operations under severe computational and 

latency constraints. The research is a 24-hour-ahead multi-step prediction of 

aggregated electrical load in one of the Ukrainian metallurgical plants, where high-

frequency SCADA data are sampled at 15-minute intervals, totaling 105,120 

observations over 2022-2025. This is to predict energy demand with a maximum 

inference latency of 250 ms to enable real-time dispatch coordination. It is an 

advanced model that uses mixed-precision (FP16) computing and asynchronous 

data loading on GPU-accelerated data parallelism (CUDA 12.2, PyTorch 2.1, 

NVIDIA RTX A6000 48 GB). A leakage-conscious walk-forward validation 

protocol performs five repeated validations and guarantees temporal consistency 

and reproducibility. Forecast performance is evaluated using mean absolute error 

(MAE), root mean squared error (RMSE), mean absolute percentage error 

(MAPE), and R². At the same time, computational efficiency is assessed in terms 

of speedup, throughput, and inference latency. The proposed parallel hybrid 

framework reduces the MAE to 2.41 MW, the RMSE to 3.05 MW, the MAPE to 

2.97%, and the R² to 0.98, outperforming the ARIMA, standalone LSTM, and 

Transformer baselines. GPU acceleration achieves a 6.67-fold reduction in training 

time, increases throughput from 415 to 1964 samples per second, and lowers 

inference latency from 312 ms to 87 ms, satisfying operational constraints. Parallel 

deep forecasting can support real-time industrial decisions, improve load 

balancing, and enhance energy resilience in Ukraine. 
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1. Introduction 

Engineering processes deployed in heavy industrial environments are governed by complex nonlinear temporal 

dynamics arising from interactions among thermodynamic behavior, mechanical loading conditions, 

environmental disturbances, and automated operational control mechanisms. Reliable forecasting of such 

processes has therefore become essential for predictive maintenance scheduling, production planning, adaptive 

load management, and real-time operational risk mitigation in energy-intensive industrial systems [1]. 

The increasing adoption of Supervisory Control and Data Acquisition (SCADA) systems and industrial cyber-

physical infrastructures has significantly increased the volume and velocity of operational data streams, creating 

a growing need for computational models capable of capturing multi-scale temporal dependencies embedded in 

high-frequency engineering process data [2]. 

In the industrial case, traditional forecasting methods have, to a large extent, relied on statistical time-series 

models, with their mathematical interpretability and established theoretical basis. Groups such as autoregressive 

integrated moving average (ARIMA) and exponential smoothing methods are classical methods that have been 

extensively used in engineering for prediction tasks, under the assumption of linearity and weak stationarity [3]. 

Nonlinear dependence, regime variability, and exogenous disturbances, however, often occur in real-world 

industrial process data and are inconsistent with these assumptions, making the predictive robustness of 

traditional statistical models in complex production settings weak [4], [5], [6]. 

Experimental studies also indicate that the classical linear model is inadequate in most instances for modeling 

hierarchical temporal dependencies in multivariate industrial sensor data, and hence leads to degraded 

forecasting capability in a dynamic operational environment [7], [8]. 

The recent developments in machine learning and deep learning have also brought about a radical change in the 

forecasting capabilities of nonlinear time-series modeling. In engineering systems, recurrent neural networks 

(RNNs) have been successful in capturing long-range temporal relationships and sequential dependencies, 

particularly long short-term memory (LSTM) networks [9]. 

Similarly, attention-based sequence modeling models like Transformers allow for modeling global contextual 

interactions using self-attention and have been shown to work better for long-horizon predictions [10-12]. In 

fact, recurrent memory architectures combined with attention mechanisms have proven useful for addressing 

industrial forecasting tasks like energy demand forecasting, process monitoring, and load forecasting, as 

mentioned in [13] and [14]. 

Deep sequential architectures provide predictive advantages, but also cause significant compute cost during 

training and inference. The optimization of high-dimensional neural networks is complicated, and they demand 

significant numerical computation and memory; thus, they are not often exploited for real-time industrial 

decision-support systems, where they have to comply with a latency requirement [15-17].  

These limitations have led people to think of parallel computing and high-performance computing (HPC) 

architectures to speed up machine learning workloads and make them more scalable [18]. The use of a 

computing environment with GPUs enables the parallel execution of large numbers of numerical operations, 

thereby increasing computational throughput and minimizing training time for models used in data-intensive 

forecasting problems [19-21]. 

In addition, distributed computing infrastructures can be exploited to provide increased scalability, where 

workload can be distributed and activities optimized across a variety of different processing units [22-25]. The 

use of deep learning designs for parallel computing designs has been demonstrated to have great potential to 

improve the prediction performance and computational efficiency in engineering forecasting applications [26].  

The parallelized forecasting architectures are effective for modelling rich multivariate dependencies that are 

suitable for the noisy, non-stationary industrial environment [27]. In energy-intensive industries, like 



 SEI Vol. 8, No. 2, 2026, pp.145-160 

 

147 

metallurgical production or industrial manufacturing, the accuracy of the forecasting of the process variables 

and energy consumption is crucial to improve operational stability, resource usage, and production efficiency 

[28], [29]. 

However, the data collected from industrial processes using SCADA systems typically contain missing data, 

imprecise measurements, and different time scales; therefore, there is a need for proper pre-processing and 

validation operations prior to the model’s implementation [30-33]. Furthermore, real-time industries demand 

tight operational constraints like low-latency inference [34] and scalability of forecasting pipelines in an 

automated control system [35]. 

The present literature has shown that hybrid deep learning architectures and parallel computing systems are 

effective in enhancing forecasting accuracy, but there are important challenges that need to be overcome. 

The majority of the existing techniques focus more on prediction accuracy than on computer scalability in real-

time operating conditions. In contrast, parallel computing research is more likely to be concerned with 

computing efficiency and is less likely to provide a systematic evaluation of the accuracy of forecasts in an 

industrial process context. Furthermore, few studies have investigated the verifiability of reproducible, GPU-

accelerated hybrid forecasting models, which are tested with real industrial production data under strict test 

conditions with limited latency and leakage [36-39]. 

From the above discussion, it is worth noting that generally there is a serious problem with the design of an 

integrated forecasting framework that can guarantee high predictive accuracy, computational scalability, and 

real-time deployment of complex engineering processes under dynamic industrial conditions. 

The existing methods either strive for the best prediction precision with no emphasis on the thresholds of 

operational latency or speed up computations without considering the reliability of the predictions in the actual 

production environment. 

In this paper, a scalable and efficient forecasting architecture is introduced that addresses the real-time 

performance requirements of a firm while preserving the nonlinear behavior of engineering processes. This 

paper then presents the development of a scalable, computationally efficient forecasting structure that is capable 

of capturing the nonlinear behavior of engineering processes while satisfying a firm's real-time performance 

requirements in an industrial context [40]. 

To solve this issue, the current paper provides the following contributions: 

i. A parallel deep learning model with long short-term memory (LSTM) networks and Transformer-based 

attention mechanisms to model complex nonlinear engineering time series. 

ii. Application of GPU-based data parallelism and mixed-precision training to realize high computational 

efficiency and low-latency inference for industrial deployment. 

iii. A time-series assessment model that used chronological subdivision and walk-forward validation conformed 

to the operational characteristics of industrial SCADA. 

iv. Full experimental validation based on real data of the metallurgical process, showing an improvement in 

accuracy and computational performance. 

By combining modern deep learning architectures with parallel computing solutions, this research can enhance 

the predictive accuracy and computational scalability of complex engineering forecasting tasks and enable real-

time operation in industrial decision-support environments. 

2. Research method 

The data used in this study, in terms of operations, were obtained from the Supervisory Control and Data 

Acquisition (SCADA) infrastructure of an industrial metallurgical production site located in Central Ukraine. 



 SEI Vol. 8, No. 2, 2026, pp.145-160 

 

148 

The SCADA system is a multivariate system that continuously records process variables such as electrical load 

demand, environmental conditions, thermodynamic conditions, production scheduling indicators, and 

equipment operational parameters. These variables are high-dimensional, time-dependent, complex data, 

meaning that industry dynamics are nonlinear, production consists of cyclical regimes, and operational 

disturbances are stochastic, all of which are characteristic of real-world engineering conditions. 

A high-quality data analysis showed that the dataset had 3.84% missing data, which were not evenly distributed 

across time sequences, due to latency in communication, sensor malfunctions, and hardware-related 

interruptions. A two-stage imputation strategy was adopted to maintain temporal continuity and avoid 

information leakage. 

Gaps that were less than four consecutive intervals were filled in through linear interpolation, and other longer 

gaps were filled in by imputation with seasonal moving averages of pure historical data. The reconstruction 

procedures were performed solely on past information because they had to be methodologically reproducible 

and minimize leakage. 

A data dictionary (Table 1) was developed to further clarify the data and to ensure the data are reproducible. 

The observed ranges of the variables in the study period are electrical load demand (12.4-87.6 MW); ambient 

temperature (18.2-36.7 degC); furnace pressure (0.91-2.84 MPa); production index (0.00-1.00); and energy 

consumption rate (5.1-42.3 MWh). Certain SCADA information is not publicly available because of 

confidentiality agreements, security policies, etc. 

Table 1. Data dictionary 

Variable Name Description Data Type Unit Role 

Time Index Timestamp or observation index Integer Time step Identifier 

Temperature System operating temperature Float °C Input 

Pressure Process pressure level Float Pa Input 

Flow Rate Material or energy flow rate Float m³/s Input 

Load System operational load Float % Input 

Vibration Mechanical vibration level Float Hz Input 

Energy Consumption Energy usage of the system Float kWh Input 

System Output Observed system performance measure Float - Target 

Forecast Value Predicted output value Float - Output 

All datasets were anonymized, as any information about the person was removed, as well as information about 

the sensors and any proprietary operational times. However, the data is only available to industry partners via 

partnership agreements, but preprocessing pipelines and model configurations can be reproduced upon request. 

For all continuous variables, we applied z-score standardization, which was performed on the training partition only 

to guarantee numerical stability and the same scaling of the features. Normalization formulation is given by: 

 x′ =
(x − μtrain)

σtrain        
,  (1) 

where 𝜇 train, and α train refer to the estimated mean and standard deviation using the training subset only. 

The forecasting problem is defined as a direct multi-step time-series prediction problem to forecast aggregated 

electrical load over the 24-hour horizon, equivalent to 96 future intervals. Assume the multivariate input 

sequence at time t to be defined as: 

 X(t) =  {x1(t), x2(t), … , xⁿ(t)}.  (2) 
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The forecasting functionality is stated as: 

 ŷ{t+1:t+h} =  fθ(X{t−k+1:t}).  (3) 

In which k = 96 is the historical input window, h = 96 is the multi-step forecasting horizon, and f(*) is the 

nonlinear forecasting model. A direct multi-output forecasting strategy is implemented rather than a recursive 

one to avoid cumulative error propagation across sequential steps. 

The model supports both batch training and online inference to meet real-time industrial deployment 

requirements. The optimization problem is formulated with the help of Mean Squared Error (MSE) loss: 

 L(θ) =  (1/N) Σ{i = 1}^{N} || 𝑦𝑖  −  ŷ𝑖  ||2,  (4) 

where N is the number of training samples. 

Feature engineering was performed to improve the predictive performance of nonlinear dynamics in SCADA 

signals. To ensure complete 24-hour historical dependencies, temporal lag variables as long as 96-time steps 

were created. Rolling statistical measures, such as moving averages and rolling standard deviations, have been 

computed across several time windows to indicate short- and medium-term operational variations. The rate-of-

change effect of process dynamics was modeled using first-order differencing, and periodic production regimes 

were modeled using cyclical encodings of temporal indices via sine-cosine transformations. The transformations 

that these models allow deep learning architectures to learn hierarchical temporal dependencies and regime 

changes found in industrial process data. 

More advanced multi-GPU architectures, such as PyTorch Fully Shared Data Parallel (FSDP), exhibit almost 

linear scaling [41]. Comparative studies of models, including Horovod and DeepSpeed, reveal marked 

differences in throughput for large-scale distributed learning [42].  

Newer GPU scheduling techniques enhance memory access and throughput for deep learning workloads [43]. 

PerfTop is a communication-computation overlap model that forecasts performance in distributed GPU training 

topologies [44]. 

Given the computational requirements of deep sequential architectures, the forecasting framework was 

implemented on a high-performance computing platform with GPUs. 

The system architecture was a CPU with 12 cores and 2.4 GHz (Intel Xeon Silver 4214R), 128 GB of DDR4 

RAM, and an NVIDIA RTX A6000 with 48 GB VRAM, running CUDA 12.2 and cuDNN 8.9. The backend 

system has been set up using Docker Compose [45] with PyTorch, CUDA, and NCCL for parallel 

communication, and a batch size of 64 has been chosen. 

FP16 training was used to minimize memory usage and speed up numerical calculations, without degrading 

predictive performance. 

Informally, the world data is divided between k computing nodes as: 

 Fhybrid(Xt) = FLSTM (Xt) ∪ FTransformer (Xt).  (5) 

Each partition undergoes a nonlinear transformation through the hybrid deep architecture: 

 𝑍_𝑖 =  𝜑(𝑋_𝑖 ).  (6) 

Local forecasts are generated as: 

 ŷi(t + h) =  fi(Zi(t)).  (7) 

The aggregated global prediction is defined as: 

 ŷ(t +  h) =  Σ
{i=1}i

{k}w
ŷi(t + h)

  .  (8) 
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Parallel scalability is evaluated using standard speedup and efficiency metrics: 

 S =
TCPU

TGPU
;  (9) 

 E =  
S

P 
 .  (10) 

where S is the speedup, E is the parallel efficiency, and P is the number of computing units. 

A single-GPU solution has been selected to provide a compromise between scalability, cost, and typical 

industrial control deployments where multi-GPU solutions have proven impractical because of the 

synchronization overhead and deployability issues. 

Benchmarking was done at two levels with rigorous comparative evaluation. A classical autoregressive 

integrated moving average (ARIMA) model has been used as the statistical baseline, and more sophisticated 

deep learning models, such as standalone long short-term memory (LSTM), Transformer encoder, and the 

hybrid LSTM-transformer architecture, have been proposed. The hybrid model combines stacked LSTM layers 

to model short-term temporal dependencies, and a self-attention encoder to capture long-range interactions 

among contextual variables across multivariate sequences. 

The Adam optimization algorithm with an initial learning rate of 1 × 10^-3, early stopping after 10 epochs, and 

gradient clipping with a norm threshold of 1.0 was used to optimize the model parameters and achieve stable 

convergence. To preserve temporal causality and avoid data leakage, the data were chronologically split into 

70% training, 15% validation, and 15% testing sets without random shuffling.  

The walk-forward validation plan was used, comprising five consecutive folds to account for realistic industrial 

forecasting scenarios when using growing training windows. Random seed fixation was performed to ensure 

reproducibility across all experimental environments (Python 42) [46], NumPy (42), and PyTorch (42). The 

performance results are presented as mean ± standard deviation values from five independent experimental runs 

to provide statistical strength. Moreover, bootstrap resampling was used to estimate 95% confidence intervals 

to determine predictive reliability within operational variability. 

2.1. Ablation study 

Three-ordered ablation experiments were performed to measure the contribution of architectural design, 

computational accuracy, and feature engineering. First, precision ablation was used to compare FP32 and FP16 

training modes and assess the trade-off between computational acceleration and numerical precision. To ensure 

convergence stability and predictive metrics, predictive accuracy was evaluated to assess whether mixed 

precision affects it. 

Second, structural ablation was performed on the standalone LSTM, the standalone transformer, and the 

proposed hybrid LSTM-transformer architecture, using the same preprocessing and hyperparameter settings. 

This study removes the contribution of attention-enhanced recurrent integration. 

Third, feature ablation was used when comparing models trained on unprocessed SCADA inputs with models 

trained on engineered time representations. In this experiment, the incremental predictive utility of domain-

guided feature transformations is tested. 

These analyses of the ablation ensure that the subsequent sections can attribute their performance gains to 

systematic methodological improvements rather than incidental implementation effects. To assess performance, 

the standard quantitative measures of predictive accuracy in engineering time-series forecasting were mean 

absolute error (MAE), root mean squared error (RMSE), and mean absolute percentage error (MAPE). 

In addition to statistical accuracy, computational scalability was measured by training time, throughput, 

inference latency, and parallel speedup. The optimized model was implemented on the GPU-enabled system to 

enable in-time predictions of the complex dynamics of industrial processes, thereby guaranteeing adherence to 



 SEI Vol. 8, No. 2, 2026, pp.145-160 

 

151 

predictive performance, predictive reproducibility, predictive scalability, predictive leakage, and strict 

predictive operational latency specifications of the intelligent industrial decision-support system [47]. 

2.1.1. Algorithm 

The proposed algorithm is based on the GPU-accelerated hybrid LSTM–transformer forecasting framework for 

SCADA-based industrial load prediction. Let the input multivariate time-series dataset be denoted as X(t), where 

each observation at time t is represented as a feature vector in a high-dimensional engineering state space. 

 X(t)  =  {x₁(t), x₂(t), … , xₙ(t)}.  (11) 

The preprocessed dataset is partitioned across parallel computational nodes, with each processing unit handling 

a subspace of the global dataset, as defined below. 

 X =  ⋃ᵢ=1ᵏ Xᵢ.  (12) 

Each subspace undergoes a localized feature transformation via a nonlinear mapping function to enhance its 

predictive representation capacity across engineering states. 

 Zᵢ =  φ(Xᵢ).  (13) 

A parallel learning model is trained independently across distributed nodes, where the forecasting function for 

each subspace is defined as: 

 ŷᵢ(t +  h) =  fᵢ(Zᵢ(t)).  (14) 

The global forecasting model integrates all localized predictive outputs through an aggregation function that 

minimizes forecasting error across the distributed environment. 

 ŷ(t +  h) =  ∑ᵢ=1ᵏ wᵢ ŷᵢ(t +  h).  (15) 

The optimization objective is to minimize the mean squared forecasting error across all computational nodes 

within the parallel system. 

 L =  (
1

N
) ∑ (y(t +  h) −  ŷ(t +  h))

2𝑁
𝑡=1 .  (16) 

The optimal forecasting parameters are obtained through iterative convergence using distributed gradient-based 

optimization techniques defined as: 

 θ ∗ =  arg min L(θ).  (17) 

The final optimized model is deployed for real-time forecasting of complex engineering process dynamics 

within the parallel computing environment. The system architecture of the proposed algorithm is presented in 

Figure 1. 

 

Figure 1. System architecture of the work 
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3. Results and discussion 

This part presents an empirical test of the suggested hybrid LSTM-Transformer forecasting model implemented 

on a parallel computing system with a GPU. The metallurgical load dataset in the methodology was 

experimented on using a walk-forward validation protocol with a 24-hour forecast horizon of 96 future time 

steps. Two aspects are considered by the evaluation: (i) forecasting accuracy and (ii) computational 

performance. The predictive accuracy of the four competing models, which are ARIMA, standalone LSTM, 

standalone Transformer, and the proposed hybrid LSTM-Transformer model, is provided in Table 2. 

Table 2. Forecasting accuracy comparison across competing models 

Model MAE (MW) RMSE (MW) MAPE (%) R² 

ARIMA 4.82 6.14 5.76 0.91 

LSTM 3.47 4.32 4.11 0.95 

Transformer 3.12 3.98 3.84 0.96 

Hybrid LSTM–Transformer 2.41 3.05 2.97 0.98 

The performance is measured in terms of mean absolute error (MAE), root mean squared error (RMSE), mean 

absolute percentage error (MAPE), and coefficient of determination (R2) (Figure 2). 

 

Figure 2. Forecasted and actual electrical load over a representative test interval 

The effectiveness of the proposed framework in terms of computational efficiency was assessed across various 

processing settings, including CPU-only execution and GPU acceleration in FP32 and FP16 precision modes. 

Table 3 summarizes the training time, throughput, and inference latency. 

Table 3. Parallel computing performance evaluation 

Processing Mode Training Time (min) Throughput (samples/sec) 
Inference Latency 

(ms) 

CPU 182.4 415 623 

GPU (FP32) 54.7 1287 241 

GPU (FP16) 31.9 1964 187 

The training method minimized training time and inference latency and maximized processing throughput 

through GPU acceleration. In our case, the FP16 setting had the shortest training time and the lowest inference 

latency. Figure 3 shows the reduction in training time enabled by parallel execution on a GPU. 
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Figure 3. Training time reduction achieved via GPU acceleration 

To measure the value of architectural design, computational accuracy, and feature engineering, three controlled 

ablation experiments were conducted with the same validation rules as depicted in Table 4. 

Table 4. Parallelization efficiency metrics 

Configuration Speedup Efficiency 

GPU (FP32) 3.33 0.83 

GPU (FP16) 5.72 0.91 

Table 5 indicates that mixed-precision training has maintained predictive accuracy and increased throughput by 

52.6%and reduced latency by 22.4%, demonstrating that FP16 deployment is numerically stable. 

Table 5. Precision ablation (FP32 vs FP16) 

Precision Mode AE (MW) RMSE (MW) MAPE (%) Throughput (samples/sec) 

FP32 2.43 3.09 3.01 1287 

FP16 2.41 3.05 2.97 1964 

The hybrid scheme has an RMSE that is 23.4% and 18.4% lower than that of the Transformer and the standalone 

LSTM, respectively, as illustrated in Table 6. 

Table 6. Parallel computing performance evaluation 

Model MAE (MW) RMSE (MW) R² 

LSTM 3.47 4.32 0.95 

Transformer 3.12 3.98 0.96 

Hybrid LSTM–transformer 2.41 3.05 0.98 

The MAE is reduced by 21.8% through feature engineering, indicating the importance of domain-constrained 

preprocessing, as Table 7 shows. 

Table 7. Parallelization efficiency metrics 

Input Type MAE (MW) RMSE (MW) 

Raw SCADA signals 3.08 3.94 

Engineered temporal features 2.41 3.05 
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The FP16 version achieved the best speedup and efficiency, indicating that parallel computing resources are 

used efficiently. To assess robustness under realistic industrial shocks, further stress and performance [44] tests 

were conducted. 

To begin with, 5, 10, and 15% of the artificial missingness on validation sequences were added. At 15% 

missingness, the hybrid model was degraded by only 6.2% in RMSE, which supports the strength of the 

imputation approach. Second, the resilience of anomalies was tested by adding synthetic spikes to outliers (+-

20% variation in loads). The model ensured that prediction trends remained stable, with a slight increase in 

MAE from 2.41 MW to 2.58 MW. Thirdly, they were trained in the winter months and tested on summer 

operation cycles, which were regime-shift analyses. The maximum performance deterioration was 7.4% in 

RMSE, demonstrating acceptable generalization to changes in seasonal regimes. 

These findings show that the given framework is robust to data incompleteness, operational process disruptions, 

and the variability of production regimes typical of metallurgical systems. According to the experimental 

findings, the proposed hybrid forecasting framework achieves higher predictive accuracy and improved 

computational performance when implemented on parallel computing platforms. The structure meets industrial 

latency specifications for real-time forecasting and high predictive reliability. 

3.1. Discussion 

As the experimental findings in Section 3 show, parallel deep learning architectures can be successfully 

incorporated into industrial forecasting and offer quantifiable predictive and computational advantages. The 

hybrid LSTM-Transformer model made the fewest forecasting errors of all the models examined, resulting in 

about a 50% decrease in both mean absolute error (MAE) and root mean square error (RMSE) compared to the 

ARIMA baseline model. 

The fact that the dynamics of metallurgical loads are nonlinear and non-stationary in time and cannot be 

adequately represented in linear and stochastic assumptions. The performance improvement is attributed to the 

hybrid model's ability to simultaneously map nonlinear temporal memory and global contextual dependencies. 

Such results are consistent with other studies that have observed regime-switching behavior in industrial energy 

demand due to thermodynamic inertia, variations in mechanical load, and changes in production schedules [4-

8], [26-28]. Further discussions of the proposed framework in terms of quantitative comparison with recent 

studies in industrial prediction and distributed learning can shed more light on the contribution. 

Modern deep recurrent predictors of industrial loads typically achieve RMSE reductions of 18-30% relative to 

classical statistical benchmarks, and large-scale distributed systems prioritize scalability and communication 

efficiency over improvements in predictive accuracy [42]. 

On the other hand, the hybrid architecture proposed yields more than 50% lower error than the ARIMA-based 

methods, under the same evaluation protocol, suggesting a much better ability for nonlinear modeling. In similar 

industrial environments, the energy forecasting models that are reported in the literature have a coefficient of 

determination (R2) ranging between 0.93 and 0.96 when using transformers. The current framework, however, 

has a coefficient of determination (R2) of 0.98, which implies that it is capable of reproducing long-range 

temporal dependence and regime transitions. 

Different experiments on distributed deep learning models have previously shown speedups ranging from 2x to 

4x when compared to optimized CPU backends, and with the performance being significantly affected by the 

communication overhead and the topology composition [42], [44]. Large neural networks have demonstrated 

impressive scalability benefits using memory-efficient parallelization designs, such as fully shared data parallel 

(FSDP) and mixed precision training [48]. A major issue with scheduling work on a GPU is the use of the 

resource constraints of the specific architectures [43]. 
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As such, the acceleration of 5.72x in this paper exceeds the improvements in distributed CNN parallelism 

reported in the distributed CNN scalability evaluations and scheduling survey [42] and [43] that achieve mixed 

precision execution, optimal CUDA memory utilization, and workload balancing. 

These are all numerical advances, which help to make it more than an incremental improvement, both in terms 

of the fidelity of predictions and scalability in industrial forecasting tasks. The results also demonstrate that the 

hybrid model performs better on all evaluation metrics than the standalone LSTM and transformer models. The 

coefficient of determination (R2) for the hybrid model was 0.98 which showed higher explanatory power of the 

hierarchical variation for time series generated by the SCADA. 

This discovery suggests that repeated memory and self-attention mechanisms have complementary modelling 

capabilities. Attention mechanisms can model long-range contextual interactions and changing operational 

regimes [10-14] while LSTM networks have been successfully applied to model short- and medium-term 

temporal dependencies. On the electronic side, this new representational capability helps to model delayed 

system behavior, such as the pressure equalization and throughput transitions in metallurgical production 

systems, which are typically present. 

The analysis of the computational performance of hybrid deep learning models presented in Section 3 is yet 

another piece of evidence of the viability of implementing such models in time-sensitive industrial 

configurations. 

The proposed framework achieved a 5.72x speedup with data parallelism and mixed precision on GPUs and 

reduced computational resources for high-dimensional matrix operations and recurrent backpropagation.  

Furthermore, the model was able to obtain an average inference latency of 187 ms, which is below the 250 ms 

limit required for a real-time system response. 

With the use of computational acceleration, the results indicate that predictive accuracy can be achieved. This 

study demonstrates that parallelization can improve not only computational performance but also predictive 

reliability, whereas previous studies on the scaling of HPC have mainly concentrated on the scaling of 

computational performance [18-25]. 

This observed latency reduction is significant for real-world applications, particularly in industrial control 

applications. Poor production planning with delays in SCADA systems can impact dispatch coordination, load 

balancing, and energy optimization. 

The results of the experiment show the maximum inference latency of 187ms, which confirms that the proposed 

hybrid architecture is suitable for real-time planning scenarios, allowing it to be combined with industrial control 

loops without compromising the planning time. This work is part of bridging the gap between academic research 

for forecasting and industry implementation [30-35]. 

The analysis also draws from the literature of high-performance computing in the area of industrial analytics, 

utilizing a deployment-based evaluation. While the previous studies examined either predictive ability under 

controlled conditions in the lab [36-39] or computational scalability alone, the current study tests forecasting 

performance via leakage-aware walk-forward validation, customizable hardware configurations, and explicit 

latency benchmarking. The present combined assessment plan provides an in-depth analysis of the predictability 

and calculability in the real industrial environment. 

Although these inputs have been provided, several limitations should be considered. To begin with, the dataset 

was obtained from one metallurgical production facility. Despite the similar load behavior exhibited by both 

representatives of energy-intensive industrial processes, further retraining and hyperparameter optimization are 

needed to be extrapolated to less homogeneous industrial settings [49]. 

Second, the proposed model is entirely information-based and lacks physics-inspired constraints and prior 

information, which can enhance interpretability and resilience to unusual or extreme operating conditions. 
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Third, the scalability was tested with a single node-based (GPU) setup, where a distributed multi-node 

deployment can be expected to show different performance features because of the overheads of communication 

and the need to coordinate resources. 

The suggested framework can be extended to other Ukrainian energy-intensive industrial zones (chemical 

processing plants, cement production facilities, and district heating systems) as long as similar SCADA 

infrastructure and high-frequency monitoring are in place. Retraining with site-specific historical data and 

recalibrating the feature engineering parameters would be necessary to adapt to the plant's operational cycles. 

The computational framework can also be used because the infrastructure for deploying to GPUs is already 

well-established in the digitalization efforts of the Ukrainian industry [50], [51]. 

Thus, the findings indicate that the integration of parallel computing methods [52] and the hybrid deep-sequence 

model yields a scalable and feasible tool for predicting intricate engineering operations [53]. The proposed 

architecture meets the predictive and real-time deployment needs of industrial systems in the 21st century by 

enabling a ~50% reduction in MAE and RMSE, an R2 of 0.98, a 5.72x increase in computational speed, and an 

inference latency of 187 ms, all while operating within the 250 ms time constraint. 

4. Conclusions 

This paper introduces a hybrid LSTM-transformer forecast model designed and implemented on a parallel 

computing platform with a GPU to predict complex, dynamic industrial loads in real time based on SCADA 

infrastructure. The design of the suggested architecture was based on the simultaneous consideration of two 

basic needs of industry: high predictive reliability in the nonlinear operation modes and the tightness of 

computational latency constraints characteristic of metallurgical production systems. 

Numerically, the hybrid architecture consistently outperformed the classical statistical and standalone deep 

learning baselines. The proposed model, compared to ARIMA, reduced the forecasting error, with MAE and 

RMSE estimated at half, and improved the coefficient of determination to 0.98. 

Compared to standalone LSTM and transformer models, the hybrid architecture offers additional 

representational benefits, indicating that combining recurrent memory mechanisms with attention-based global 

context modeling is complementary. The ablation experiment proved that architectural hybridization was the 

most prevalent performance booster, and feature engineering improved predictive stability by reinforcing 

temporal dependency modeling over 96-step historical windows. 

In addition to predictive accuracy, the research showed that gains from high-performance computing were 

substantial. Training on GPUs was over 5 times faster than on CPUs, and mixed-precision training with FP16 

achieved significant computational efficiency with no statistically significant reduction in forecasting 

performance. The throughput was multiple times higher than the CPU baseline, and the inference latency was 

reduced to sub-second levels for industrial control. 

The parallel efficiency suggested close to linear scalability and low computational overhead, which lent itself 

to the appropriateness of the implemented CUDA-based infrastructure for large-scale industrial time-series 

modeling. The robustness analysis was also performed, and the results indicated that it was robust to realistic 

industrial disturbances. It was shown that the model continues to be stable in the presence of controlled missing 

data injection and regime shifts, indicating its robustness to communication delays, sensor disconnection, and 

cyclical production changes. The leakage awareness of the chronological validation and walk-forward testing 

methods offered excellent methodological rigor and confidence in deployment readiness. 

Resoundingly, it has real consequences as an engineer. The minimization of forecasting error directly enhances 

load-balancing accuracy and reduces the risk of unexpected changes in the power of the metallurgical process. 

This inference latency reduction can enable more agile and timely decision-making by the dispatcher and/or 

automated control changes, which can minimize energy waste, increase equipment life, and lower operational 
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risk. The single-GPU deployment's computational efficiency makes it cost-effective and compatible with 

existing industrial IT networks. Meanwhile, the synchronization overhead between multi-GPUs in the 

production setup won't sacrifice efficiency. 

The framework can be applied to other industrial sectors with analogous SCADA operational dynamics, such 

as steel manufacturing, power grid operations, chemical processing, district heating systems, and mining 

operations. The methodological design, specifically the leakage-conscious validation approach that uses 

temporal representations and mixed-precision implementation on a GPU, can be adapted to other tasks in 

multivariate industrial forecasting, where both quality and time are critical. 

This work proves that hybrid deep sequential architectures, combined with well-designed preprocessing 

pipelines and parallel computing strategies, can simultaneously deliver substantial numerical performance 

improvements and profound high-performance computing improvements. The availability of predictive 

reliability, computational scalability, and industrial viability provides a strong foundation for next-generation 

intelligent decision-support systems in complex engineering environments. 

Future studies should broaden the proposed model to adaptive industrial intelligence. To begin with, systems of 

online learning need to be implemented to enable continuous parameter updates under changing operating 

conditions characteristic of individuals in industries. 

Second, the deployment of edge inference should be explored to enable low-latency forecasting on plant-level 

control nodes, thereby reducing communication overhead in cyber-physical infrastructures. Thirdly, it must be 

integrated with MLOps pipelines to automatically monitor forecasting models, refit them, and manage their 

lifecycles as production conditions change. Fourth, physics-informed deep learning models are a promising 

avenue for incorporating thermodynamic and process constraints into data-driven models, thereby enhancing 

interpretability and resilience in abnormal operating regimes. Lastly, one should consider distributed multi-GPU 

and federated industrial learning cases to enable scalable implementation across heterogeneous Ukrainian 

industrial plants. 
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