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Introduction

Hassan Rahman , Tariq Mahmood , Ali Raza1* 1 2

Improving energy efficiency in the petrochemical sector is vital for reducing energy use and mitigating environmental
harm. A reliable model for energy efficiency can provide important guidance for decision-making on operational
process adjustments. In real-world settings, however, the varying sampling frequencies common in petrochemical
facilities make conventional methods for estimating energy efficiency less dependable and more challenging to apply
to multirate datasets. To address this, the present study introduces a multi-channel convolutional neural network
framework that leverages transfer learning of model parameters to enhance energy efficiency forecasting despite
irregular sampling rates. The multi-channel design enables the extraction of distinct temporal patterns by applying
convolutions across the time axis of the data. At the same time, transfer learning enables the model to adapt and
capture novel input behaviors after initial training. The effectiveness of this approach for both predicting energy
efficiency and evaluating potential savings was demonstrated through its implementation in a vinyl chloride monomer
manufacturing scenario. Results indicate that the suggested model surpasses standard benchmark approaches and
conventional CNN architectures in predictive precision and consistency, achieving an R² value of 0.97. Incorporating
transfer learning helps maintain robust performance without major declines and improves the model’s flexibility for
continuous, real-time energy monitoring. In addition, an analysis of energy discrepancies identified substantial
conservation opportunities, resulting in an average annual reduction in energy use of 7.25% and a corresponding
decrease of 5,709 tons in CO₂ emissions.

1

2

Since the 1800s, worldwide energy demand has increased steadily [1], and industrial activities account for 24.2% of total
global greenhouse gas emissions [2]. Data from the Energy Information Administration’s industrial energy overview
highlight that the chemical processing sector ranks among the most energy-demanding fields [3], accounting for 37.77%
of overall energy consumption in 2021 and generating roughly 500 million metric tons of output annually, as illustrated in
Figure 1. Within this sector, expenses related to energy and raw inputs represent about two-thirds of total production
costs [4]. As a key segment of the broader chemical industry, petrochemical operations face increasing requirements to
support sustainable development objectives and move toward net-zero carbon emissions. Consequently, efforts have
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intensified to forecast energy performance at large-scale facilities and identify energy conservation opportunities to cut
operational expenses and reduce ecological footprints [5].

Figure 1. illustrates national, sectoral, and industry-level energy usage patterns.

In recent years, the rapid expansion of knowledge derived from large-scale data has led numerous scholarly efforts to
assess energy use and potential reductions. Traditional mathematical modeling approaches, which depend on clearly
defined variable interdependencies, remain sparsely validated in full [6]. While principal component analysis (PCA) offers
a means to forecast energy performance, it struggles to identify an adequately comprehensive representation space [7].
Data envelopment analysis enables monitoring of energy performance and supports some degree of optimization [8], yet
it faces challenges in managing parameter variability amid uncertain inputs [9]. Certain studies have used artificial neural
networks (ANNs) to handle complex datasets, benefiting from their adaptable training approaches, ease of deployment,
and strong performance in chemical-related applications [10]. Sauer and Walser employed convolutional neural networks
(CNN) for near-term load predictions within industrial settings [11]. Machalek and colleagues introduced a gated recurrent
unit (GRU) framework featuring an encoder-decoder design for horizon-based forecasting of energy in boiler steam
systems [12]. Liu et al. introduced a GRU enhanced with an attention mechanism, allowing the system to emphasize
particular segments of incoming data [13]. Prediction accuracy benefits from residual networks (RESNET), which
incorporate skip connections within residual blocks to enable learning from both raw inputs and mid-level features.
However, they remain susceptible to vanishing gradient difficulties [14]. The long short-term memory (LSTM) architecture,
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thanks to its gating structure, effectively mitigates gradient-related issues [15]. LSTM configurations have proven capable
of modeling dynamic shifts in disturbance patterns [16] and handling parameter variability [17]. Nevertheless, as time
horizons lengthen, LSTM’s capacity to represent extended dependencies weakens, reducing overall model dependability.

Transfer learning has gained substantial traction as a strategy to boost neural network performance in recognition tasks
[18] while decreasing the volume of necessary training examples [19]. This technique facilitates the reuse of pre-trained
models for novel applications or environments by adjusting model weights using limited target data [20], and it enhances
model flexibility when input distributions diverge from those seen during initial training [21]. That said, broad system
scopes frequently introduce high-dimensional challenges stemming from comprehensive plant-level data [22].
Convolutional neural networks (CNNs) excel at processing such multidimensional inputs owing to their robust feature-
extraction capabilities [23]. Convolutional kernels scan different areas of the input, and the network’s localized
connections identify localized structures, which are then integrated into more abstract features [24]. Employing multi-
channel CNN architectures can outperform conventional single-channel versions in pattern detection by leveraging richer
information from diverse input streams [25], though these setups typically lack strong learning adaptability. Furthermore,
artificial intelligence (AI) techniques are widely adopted for constructing energy-related models across diverse
applications, including optimization, policy evaluation, and predictive maintenance to minimize unnecessary energy
expenditure [26]. Still, due to specific data requirements and properties, relatively few instances are suitable for chemical
engineering contexts [27].

Safety protocols, constraints on sensor placement, and inherent process traits often hinder uniform collection of
measurable variables in industrial environments [28]. Data from chemical operations tends to be distinctive, scarce, and
subject to uncertainty [29], rendering conventional machine learning methods less effective in chemical engineering
scenarios [30]. In petrochemical settings, mixtures of qualitative and quantitative factors commonly necessitate offline
evaluations to derive or verify additional metrics. Consequently, recorded variables exhibit uniqueness, and collection
frequencies vary [31]. From the reviewed works, the majority of energy studies rely on consistent sampling cadences and
fully populated datasets, leaving the issue of differing rates largely unaddressed [32]. Application of density-based spatial
clustering of applications with noise (DBSCAN) can convert sparse datasets into evenly spaced ones [33]. However, this
approach substantially diminishes usable data volume, leading to constrained and inadequate sample sizes. Thus, the
actual effectiveness of AI-driven, facility-wide energy performance and conservation evaluations that account for multi-
time-scale data issues has received limited exploration [34], thereby motivating the current investigation.

Accordingly, the present work seeks to bridge the identified shortfall by creating a real-time predictive system for energy
performance, pinpointing conservation opportunities, and tackling challenges posed by predictors operating across varied
time scales through the development of a multi-channel transfer learning convolutional neural network (TLCNN)
architecture. Conventional energy performance evaluation typically requires synchronized, complete input sets when
sampling rates differ, precluding genuine real-time capability. The TLCNN approach demonstrated herein enables the AI
framework to accommodate shifts in process conditions or data characteristics post-training for petrochemical energy
performance forecasting. Moreover, the method operates effectively without preliminary data treatment and preserves the
full extent of available observations. Validation and reproducibility are demonstrated using the vinyl chloride monomer
(VCM) production process as a representative petrochemical example. In these circumstances, the work provides fresh
insights into forecasting and framework design for AI practitioners aiming to advance energy performance monitoring in
sophisticated petrochemical settings by overcoming inconsistencies in sampling frequencies. The primary advancements
are outlined as follows:

1. Introduce an innovative technique for forecasting energy performance amid varying sampling intervals (such as 1, 5,
and 10 minutes) in a petrochemical application, along with a multi-channel CNN design that allows individual channels to
discern distinct data patterns.

2. Determine key variables driving energy consumption that reflect overall plant energy generation dynamics in the VCM
process. A combined strategy incorporating tree-based selection and forward stepwise procedures is applied to pinpoint
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Framework for Model Construction

highly relevant inputs and eliminate redundant or irrelevant associations during model development.

3. Develop a TLCNN framework that enhances adaptability to post-training alterations in sampling frequency that deviate
markedly from the original training conditions. Findings indicate that transfer learning markedly boosts consistency and
repeatability in multi-scale forecasting contexts.

4. Evaluate discrepancies between predicted and actual energy levels to quantify opportunities for conservation,
supporting more environmentally sustainable and efficient operations.

Figure 2 depicts the overall model construction process, encompassing variable selection, dataset splitting, model
architecture definition, error assessment, and various validation scenarios. Each component is elaborated in the
subsections below.

Figure 2. Overview of the model construction process in this research.

Variable selection
Forecasting energy performance in extensive industrial operations requires sophisticated variable selection strategies to
identify variables with strong correlations and substantial potential for energy conservation [35]. This investigation adopts
a dual-method variable selection strategy. The initial method relies on tree-based models to estimate predictor relevance,
as decision trees—a form of model-dependent selection—excel at pinpointing essential variables [36]. The predictor
importance score reflects the comparative significance of input variables in estimating the target output, namely energy
efficiency here. Feature importance (FI) is determined by aggregating the node improvements from splits for each
predictor, then normalizing by the total number of splits across the trees. Predictors exhibiting negligible importance are
discarded. The computation of feature importance follows Eqs. 1 and 2.

 (1)

 (2)

Where wj denotes the weighted number of samples arriving at node j, ej represents the error at node j, NIj indicates the
importance score for node j, FIi signifies the feature importance score for feature i, and k encompasses all tree nodes. In
essence, a higher FI score signifies a stronger association between the given variable and energy efficiency.

The secondary method employs forward stepwise variable selection, beginning by training the model using the predictor
with the most prominent FI score from the initial phase. Subsequently, the predictor with the next-highest FI score is
incorporated in the following iteration. This process continues iteratively until all ranked predictors have been included.
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Ultimately, the optimal subset of predictors that yields the maximum adjusted R² is selected as the definitive input set for
model comparison. Figure 3 depicts the structure of the variable selection approach implemented in this work.

The secondary method employs forward stepwise variable selection, beginning by training the model using the predictor
with the most prominent FI score from the initial phase. Subsequently, the predictor with the next-highest FI score is
incorporated in the following iteration. This process continues iteratively until all ranked predictors have been included.
Ultimately, the optimal subset of predictors that yields the maximum adjusted R² is selected as the definitive input set for
model comparison. Figure 3 depicts the structure of the variable selection approach implemented in this work.

Figure 3. Structure of the variable selection process along with the elimination standards applied at every stage.

Multi-channel transfer learning convolutional neural network (TLCNN)
In the present research, the TLCNN architecture comprises five primary components: an input layer, a convolutional layer,
a pooling layer, a fully connected layer, and an output layer. The overall configuration of the TLCNN is illustrated in Figure
4, and the trainable parameters of the suggested model are detailed in Table 1. A description of each layer of the
proposed architecture is provided in the following sections.
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Figure 4. TLCNN model structure.

 

Table 1. The characteristics of the TLCNN model.

Name Type Activations Learnable parameters

Input Layer Sequence Input 14 × 1 × 1 –

14 × 1 × 1 with ‘z-score’ normalization

Convolutional Layer_1 Convolution 14 × 1 × N Weights 10 × 10 × 1 × N

50 10 × 10 × 1 convolutions Bias 1 × 1 × N

Max Pooling Layer_1 Max Pooling 14 × 1 × N –

3 × 3 max pooling

Fully Connected Layer_1 Fully Connected 1 × 1 × N Weights N × 700

50 fully connected layers Bias N × 1

Convolutional Layer_2 Convolution 14 × 1 × N Weights 10 × 10 × 1 × N

50 10 × 10 × 1 convolutions Bias 1 × 1 × N

Max Pooling Layer_2 Max Pooling 14 × 1 × N –

3 × 3 max pooling

Fully Connected Layer_2 Fully Connected 1 × 1 × 1 Weights N × 700

1 fully connected layer Bias N × 1

Convolutional Layer_3 Convolution 14 × 1 × N Weights 15 × 15 × 1 × N
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50 15 × 15 × 1 convolutions Bias 1 × 1 × N

Max Pooling Layer_3 Max Pooling 14 × 1 × N –

5 × 5 max pooling

Fully Connected Layer_3 Fully Connected 1 × 1 × N Weights N × 700

40 fully connected layers Bias N × 1

Concatenation Layer Concatenation 1 × 1 × 3 –

Concatenate of 3 channels along dimension t

Fully Connected Layer Fully Connected 1 × 1 × 1 Weights 1 × N

1 fully connected layer Bias 1 × 1

Regression Layer Regression Output 1 × 1 × 1 –

*N is the final hyperparameter.

Input layer

The input layer of the network does not incorporate any weighting coefficients or bias terms. Its key benefit lies in
enabling data normalization directly at this stage. In this work, z-score standardization is applied in the input layer to
rescale all features to a consistent range, thereby enhancing training stability. This transformation is performed according
to Eqs. 3–5.

 (3)

 (4)

 (5)

Where x  represents the original value of the i-th observation for the j-th input feature, μj denotes the mean of the j-th
input feature, and σj indicates the standard deviation of the j-th input feature.

Convolutional layer

The convolutional layer contains trainable parameters that extract relevant features by applying convolutional operations
to the incoming data. Convolution, as a mathematical operation, integrates the input with a set of learnable filters (also
called kernels). For one-dimensional time-series inputs, the operation slides along the temporal axis. Here, the primary
regression component employs convolutional filters to generate feature maps that autonomously identify critical patterns
in an unsupervised manner. The resulting convolutional output is computed as shown in Eq. 6.

 (6)

j
i
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Where f represents the chosen activation function, wk denotes the weight coefficients of the filter, and bk is the
corresponding bias term for the convolution kernel.

Pooling layer

Following the convolution step, the pooling layer reduces the spatial (or temporal) dimensionality of the feature maps by
aggregating information from clusters of neurons into a single representative value in the subsequent layer. This layer
operates without any learnable weights or biases. By downsampling each feature map, pooling substantially reduces the
number of parameters to train in later stages, thereby shortening training time and mitigating the risk of overfitting. The
two most widely used pooling operations are max pooling, which retains the maximum value within each defined window,
and average pooling, which computes the mean across the window. The sequential processing flow through the
convolution and pooling stages is depicted in Figure 5.

Figure 5. Illustration of the core principles underlying a convolutional neural network.

Fully connected layer

After downsampling by convolutional and pooling layers, the architecture incorporates one or more fully connected
(dense) layers. These layers perform a linear transformation by multiplying the incoming flattened feature vector with a
learnable weight matrix and then adding a bias vector. Additionally, the fully connected layer reshapes the output to match
the dimensionality required for the final prediction.

Output layer

The output layer generates the final predicted value from the processed inputs and facilitates backward error propagation
through the network during training. This backpropagation adjusts the model’s learnable weights and biases to minimize
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the chosen loss metric for the regression problem. In this work, a half-mean-squared error serves as the objective
function guiding model optimization, computed according to Eq. 7. To identify the most effective hyperparameters for each
layer, a grid search is performed, with validation R² as the performance criterion. The specific ranges and values explored
during hyperparameter tuning are outlined in Table 2.

 (7)

Table 2. Searching domains for hyperparameter tuning.

Layers Hyperparameters Values

Convolutional layer Size of filters [5, 20]

Number of filters [10, 60]

Pooling layer Size of pooling regions [1, 6]

Pooling types [Average, Max]

Fully connected layer Number of nodes [1, 60]

Training options L2 Regularization [0, 1]

Learning rate [0.25, 1]

Learning rate drop period [20, 100]

Learning rate drop factor [0.5, 1]

Max epochs [100, 500]

Validation frequency 10

Mini batch size 120

Wight update optimizer [Adam, SGD]

 

Transfer learning procedure

Transfer learning is an effective strategy to mitigate issues arising from random weight initialization and to enhance the
consistency and reproducibility of model performance, particularly when processing high-dimensional datasets [37]. In
this investigation, the parameter-based form of transfer learning was adopted, as it minimizes the requirement for
extensive additional training data and significantly reduces overall computation time [38].

For the purpose of forecasting energy efficiency, a total of eight modeling approaches were assessed and compared:
regression tree (RT), feed-forward neural network (FFNN), recurrent neural network (RNN), long short-term memory
(LSTM), standard single-channel CNN, two-channel multi-channel CNN (2C-CNN), three-channel multi-channel CNN
without transfer learning (3C-CNN), and the proposed TLCNN architecture. As baseline alternatives, data reconstruction
methods based on linear interpolation and zero-order hold were also examined. Among the simplest reconstruction
approaches, zero-order hold preserves the most recent observed value until a new measurement becomes available. At
the same time, linear interpolation assumes a straight-line relationship between consecutive known points and estimates
intermediate values accordingly. Nevertheless, both techniques extend the preprocessing time and make real-time
application impractical, especially when future neighboring data points are not yet available.
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The 2C-CNN configuration incorporates two parallel input channels, whereas the 3C-CNN employs three. In both cases,
the initial channel mirrors the architecture of the baseline single-channel CNN. The hyperparameters for the second
channel in 2C-CNN and the third channel in 3CCNN were determined through an extended grid search with additional
optimization iterations.

In contrast, the proposed TLCNN leverages the pre-trained weights from the 2CCNN model for its first two channels,
while dedicating a separate training phase to optimizing the third channel independently. This design promotes greater
training stability by distributing the learning burden across multiple channels, enabling each to specialize in capturing
distinct patterns present in the multi-rate input data. To facilitate effective adaptation, partial freezing is applied to the pre-
existing portions of the network, compelling the newly added third channel to extract novel features from the incoming
data. Concurrently, the parameters of the previously trained channels remain frozen to retain the knowledge acquired
under the original sampling regime. At the same time, fine-tuning is restricted to the additional channel to adapt to the
new, differing sampling frequencies. The detailed architecture and the stepwise transfer learning workflow are depicted in
Figure 6.

Figure 6. Architecture of the CNN model along with the transfer learning workflow.

Model evaluation
In the final phase, all developed models undergo a comprehensive assessment tailored for real-world deployment. This
includes software-in-the-loop simulation to evaluate real-time performance, a reproducibility assessment to verify model
consistency and compute a reliability metric, and a sliding window evaluation to simulate shifts in time-scale dynamics
after initial training. Model performance is quantified using three key metrics: the coefficient of determination (R²), root
mean squared error (RMSE), and mean absolute percentage error (MAPE), as defined in Eqs. 8–10, respectively. Further
elaboration on the specific testing protocols is provided in the results and discussion section.



Rahman et al. J Smart Grids Energy Anal Optim (2025) 4:102
Page 11 of 33

https://doi.org/10.68159/r715481793

Vinyl Chloride Monomer (VCM) Production Process

 (8)

 (9)

 (10)

where yi denotes the actual value for the i-th sample, ŷi is the corresponding predicted value, and ȳ represents the mean
of the observed outputs. The R² statistic quantifies how well the model fits the data and reflects the fraction of variance in
energy efficiency that can be accounted for by the selected input variables. In addition, RMSE captures the absolute
magnitude of prediction errors and offers a more complete perspective on model accuracy than R² alone. In contrast,
MAPE reports errors as percentages, making it less influenced by outliers than RMSE.

The VCM manufacturing process comprises five primary units: direct chlorination, oxychlorination, ethylene dichloride
(EDC) purification, EDC pyrolysis, and VCM purification. A schematic representation of the complete VCM process and its
individual sections is presented in Figure 7.

The production sequence starts with the introduction of ethylene and chlorine into the direct chlorination unit, where they
undergo an addition reaction to yield EDC. In the oxychlorination unit, ethylene is reacted with oxygen and hydrogen
chloride in the vapor phase to produce additional EDC; the resulting stream is then treated with sodium hydroxide in a
caustic scrubber for neutralization. The treated mixture is then fed to a distillation column that separates EDC from water.

Purified EDC streams from three different origins—direct chlorination, oxychlorination, and recycled unreacted EDC from
the downstream VCM purification—are combined and directed to the EDC purification section. Here, residual impurities
such as water, ethyl chloride, and trichloroethane (TCE) are removed. The first distillation column removes light-end
components, low-boiling impurities, and water, while the second column strips out heavier by-products, such as TCE.

The refined EDC is subsequently fed into a thermal cracking furnace equipped with extended tubular reactors, operating
at temperatures between 480 and 530 °C and pressures ranging from 607.95 kPa to 3546.37 kPa. This high-temperature
pyrolysis converts EDC into VCM along with various by-products. The hot effluent gases are cooled through a series of
heat exchangers and condensers before entering the hydrogen chloride (HCl) separation column, which recovers and
recycles unreacted HCl back to the oxychlorination unit as a feedstock for EDC synthesis. A subsequent distillation step
isolates the VCM product from residual EDC, with the unreacted EDC returned to the purification section for further
processing.

In summary, VCM production involves a series of critical transformations—including chlorination, thermal cracking, and
multi-stage separations—all conducted under elevated temperature and pressure conditions. These operations require
substantial energy input to sustain reaction conditions and support auxiliary utilities, making the VCM industry one of the
most energy-intensive sectors of petrochemical manufacturing.
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Figure 7. Comprehensive schematic of the VCM manufacturing process.

Multi-rate data characteristics
The dataset used in this investigation was generated using a co-simulation framework integrating MATLAB with UniSim
Design Suite, drawing on operating parameters documented in the existing literature [39]. Within the scope of this work,
the ethylene feed rate was varied from 235,000 to 410,000 kg/day (with the direct chlorination section contributing a
minimum of 160,000 kg/day and the oxychlorination section contributing a minimum of 75,000 kg/day). Concurrently, the
fresh EDC input to the pyrolysis unit was adjusted between 750,000 and 1,800,000 kg/day, with a random variation of ±10
% around the specified values. A total of 2000 data points were simulated in the UniSim platform using a uniform 1-minute
sampling frequency. Subsequently, these high-resolution data were resampled in MATLAB to create a multi-time-scale
dataset as specified in Table 3, featuring constant sampling intervals of 1 minute, 5 minutes, and 10 minutes during the
training phase.

The VCM process comprises 97 observable process variables. An illustrative example of the resulting multi-rate data
structure is shown in Figure 8a. Notably, the lower-sampling-frequency variables exhibit gaps between consecutive
measurements, leading to the loss of high-frequency dynamic information and making it difficult to capture and model the
underlying behavioral patterns effectively. To accommodate these differing sampling rates, three distinct alignment
scenarios were constructed from the available measurements: purely 1-minute data, a combination of 1-minute and 5-
minute rates, and a full integration of 1-minute, 5-minute, and 10-minute rates. These alignment configurations are
depicted schematically in Figure 8b.

Table 3. Description of process variables in the VCM process and sampling intervals.

No Process variables Interval No Process variables Interval

1 Temperature of EDC at the bottom of D-101 1 min 50 CW feed rate of E-304 1 min

2 Mass flow rate at the bottom of R-101 1 min 51 CW feed rate of E-301 5 min

3 Mass flow rate at top D-101 5 min 52 CW feed rate of E-306 10 min
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4 Mass flow rate of EDC at bottom D-101 1 min 53 LP steam feed rate of E-303 1 min

5 Mass flow rate of chlorine feed to R-101 1 min 54 LP steam feed rate of E-305 1 min

6 Mass flow rate of ethylene feed to R-101 1 min 55 Temperature of EDC feed to F-401 (1) 1 min

7 Air feed rate of R-101 5 min 56 Temperature of EDC feed to F-401 (2) 1 min

8 LP steam feed rate of R-101 1 min 57 Temperature at l-403 1 min

9 Temperature of recycled HCl at L-228 5 min 58 Temperature of recycled EDC D-402 1 min

10 Temperature of recycled HCl at L-229 1 min 59 Temperature at D-401 inlet 1 min

11 Temperature at C-201 outlet 10 min 60 Temperature at top D-401 1 min

12 Temperature at P-201 outlet 5 min 61 Temperature of recycled EDC D-403 1 min

13 Temperature at bottom D-201 10 min 62 Temperature at D-402 inlet 1 min

14 Temperature of recycled water at L-223 10 min 63 Temperature of recycled from D-404 1 min

15 Temperature of decanter D-202 1 min 64 Temperature at D-403 inlet 1 min

16 Temperature at top T-201 1 min 65 Temperature at D-404 inlet 1 min

17 Temperature at bottom T-201 1 min 66 Mass flow rate of EDC feed to F-401 1 min

18 Mass flow rate of ethylene feed to M-201 1 min 67 Mass flow rate at top D-401 1 min

19 Mass flow rate of oxygen feed to M-201 1 min 68 Mass rate of drainage at bottom D-401 10 min

20 Mass flow rate of EDC at bottom T-201 1 min 69 Mass flow rate at top D-402 5 min

21 Mass flow rate at L-208 10 min 70 Mass rate of recycling at bottom D-402 5 min

22 Mass flow rate of recycled HCl at L-229 1 min 71 Mass flow rate at top D-403 1 min

23 Mass flow rate at D-202 inlet 5 min 72 Mass flow rate at top D-404 5 min

24 Mass flow rate of NaOH at L-207 1 min 73 Mass rate of recycling at the bottom D-403 5 min

25 Mass flow rate at top D-201 5 min 74 Mass rate of recycled at bottom D-404 1 min

26 Mass flow rate at bottom D-202 5 min 75 Mass flow rate at P-403 outlet 1 min

27 Mass flow rate at P-201 inlet 1 min 76 Mass flow rate at D-402 inlet 5 min

28 Mass flow rate at top T-201 1 min 77 Mass flow rate at D-401 inlet 1 min

29 CW feed rate of E-202 1 min 78 CW feed rate of E-403 10 min

30 CW feed rate of E-203 5 min 79 CW feed rate of E-404 1 min

31 CW feed rate of E-204 1 min 80 Fuel feed rate of F-401 1 min

32 LP steam feed rate of E-205 1 min 81 LP steam feed rate of E-401 1 min

33 MP steam feed rate of E-201 1 min 82 LP steam feed rate of E-402 5 min

34 MP steam feed rate of R-201 5 min 83 Temperature at top T-501 1 min

35 CW feed rate of E-206 1 min 84 Temperature at bottom T-501 1 min

36 Power input of C-202 5 min 85 Temperature at top T-502 1 min
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37 Temperature of EDC feed to E-301 10 min 86 Temperature at bottom T-502 1 min

38 Temperature of EDC feed to T-301 5 min 87 Temperature of recycled EDC at L-517 1 min

39 Temperature at top T-301 1 min 88 Mass flow rate at L-501 1 min

40 Temperature at bottom T-301 1 min 89 Mass flow rate at L-502 1 min

41 Temperature at top T-302 1 min 90 Mass flow rate at T-502 inlet 1 min

42 Temperature at bottom T-302 1 min 91 VCM mass flow rate 1 min

43 Temperature of purified EDC at K-301 10 min 92 Mass rate of recycling at bottom T-502 1 min

44 Mass flow rate of EDC feed to E-301 1 min 93 Mass rate of recycling at top T-501 1 min

45 Mass flow rate at top T-301 1 min 94 CW feed rate of E-503 1 min

46 Mass flow rate at bottom T-301 1 min 95 LP steam feed rate of E-502 1 min

47 Mass flow rate at top T-302 1 min 96 MP steam feed rate of E-504 1 min

48 Mass flow rate at bottom T-302 1 min 97 Refrigerant feed rate of E-501 1 min

49 CW feed rate of E-302 1 min –
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Figure 8. Illustration of multi-rate sampling: a) representative example of the collected data and b) configurations for
combining inputs across different sampling intervals.

To promote both the precision and broad applicability of the deep learning architecture, the complete dataset is partitioned
into two distinct portions: a training subset comprising 80% of the total observations and a validation subset accounting
for the remaining 20%. Throughout the training phase, holdout validation is implemented with a validation check
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Results and Discussion

performed every two training iterations. This mechanism continuously monitors model performance on unseen validation
data throughout the learning process, thereby helping detect and mitigate potential overfitting.

Specific energy consumption
Metrics such as overall energy demand, thermal conversion efficiency, and energy intensity are commonly employed to
characterize energy performance [34]. However, these indicators pose difficulties when comparing energy efficiency
across varying production throughput levels, as they focus solely on total energy use and conversion efficiency without
accounting for output scale [40]. An alternative and particularly useful metric is specific energy consumption (SEC) [41].
SEC quantifies the amount of energy consumed per unit of product generated and is computed as shown in Eq. 11.

 (11)

By definition, the SEC standardizes energy requirements relative to the production output, enabling fair comparisons of
energy performance regardless of differences in plant capacity. Moreover, the SEC serves as a versatile benchmarking
tool applicable at various scales—from individual process units to regional and global assessments—and facilitates cross-
industry evaluations for facilities manufacturing comparable products.

Feature importance ranking
To identify the most influential process variables, the full set of 97 measured parameters was evaluated and ranked by
feature importance (FI) scores. Variables assigned an FI score of zero were immediately excluded, leaving 40 candidates
for subsequent refinement. These remaining variables were then subjected to forward stepwise selection guided by the
initial FI-based ranking. The outcomes of this iterative procedure during model training are presented in Figure 9.
Analysis of the training performance reveals that the highest R² value and the lowest RMSE are achieved when exactly
14 predictor variables are included. The identities of these 14 most impactful variables, together with their corresponding
FI scores, are summarized in Table 4. The forward stepwise results closely align with the original importance ranking,
confirming that the selected subset comprises the variables with the strongest predictive relevance, as determined by the
tree-based FI assessment.
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Figure 9. R2 and RMSE from model training of forward stepwise feature selection.

Table 4. Significant input variables for model development.

No. Process variables Interval FI scores

63 Temperature of recycled EDC from D-404 1 min 15.15%

1 Temperature of EDC at the bottom of D-101 1 min 14.61%

84 Temperature at bottom T-501 1 min 10.15%

23 Mass flow rate at D-202 inlet 5 min 9.51%

9 Temperature of recycled HCl at L-228 5 min 8.31%

47 Mass flow rate at top T-302 1 min 8.29%

46 Mass flow rate at bottom T-301 1 min 7.17%

78 CW feed rate of E-403 10 min 7.03%

31 CW feed rate of E-204 1 min 6.39%

85 Temperature at top T-502 1 min 3.05%

10 Temperature of recycled HCl at L-229 1 min 2.53%

13 Temperature at bottom D-201 10 min 1.94%

39 Temperature at top T-301 1 min 1.78%
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38 Temperature of EDC feed to T-301 5 min 1.04%

– Other variables (total 83 variables) – 3.05%

Hyperparameters and computational performance
Table 5 presents the optimal set of hyperparameters identified via grid search that yields the highest training R² across all
convolutional neural network variants examined in this study. The findings indicate that both the TLCNN and 3C-CNN
architectures require tuning of 14 hyperparameters. The primary distinction between these two models lies in the transfer
mechanism: TLCNN inherits both the learned parameters (weights) and the hyperparameter configuration from the
preceding multi-channel model, whereas 3C-CNN replicates only the hyperparameter settings without transferring the
trained weights.

A comparison of the balance between training duration and predictive accuracy for the various CNN-based models is
illustrated in Figure 10. All evaluated models demonstrate suitability for real-time industrial deployment, as their prediction
times remain below one second—well within the timeframe of the most frequent sampling interval typically encountered in
process measurements. The proposed TLCNN model requires approximately 28 seconds for complete training. Given
that sampling intervals are on the order of minutes, this training duration ensures that model retraining can be completed
before the next data point arrives.

In comparison, the 2C-CNN and 3C-CNN configurations demand longer training times than the standard single-channel
CNN. Although the TLCNN has the highest training time among the tested approaches, it achieves the lowest training
RMSE. Furthermore, despite sharing the same number of channels as the 3C-CNN, the TLCNN delivers faster inference
speeds for new samples, highlighting an advantage in operational efficiency.

Table 5. Optimal hyperparameters for CNN models.

Tuning Hyperparameters CNN 2CCNN 3CCNN TLCNN

1 Size of filters_1 10 10 10 10

Number of filters_1 50 50 50 50

Size of PR_1 3 3 3 3

Number of FC nodes_1 50 50 50 50

2 Size of filters_2 – 10 10 10

Number of filters_2 – 50 50 50

Size of PR_2 – 3 3 3

Number of FC nodes_2 – 1 1 1

3 Size of filters_3 – – 15 15

Number of filters_3 – – 10 50

Size of PR_3 – – 5 5

Number of FC nodes_3 – – 1 40

Global Learning rate 0.75 0.75 0.75 0.75

Note: PR = pooling regions, FC = fully connected.
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Figure 10. Comparison of Training RMSE and Time across Various CNN Models.

Performance of energy efficiency prediction models
This section presents the results of online testing for each model used for energy efficiency prediction. The models were
deployed within the UniSim Design environment to evaluate their real-time performance. Each model underwent 20
iterations, with 400 samples per iteration, to assess the average performance, as summarized in Table 6.

When comparing the performance of CNN, LSTM, RNN, and FFNN models, CNN demonstrated superior accuracy across
multiple time scales. As a result, CNN was chosen as the preferred predictive model for the post-reconstruction data,
employing zero-order hold and interpolation techniques. The baseline CNN model achieved an accuracy of 0.929. By
incorporating zero-order hold and interpolation, the accuracies were slightly reduced to 0.907 and 0.915, respectively.
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Among all the models tested, TLCNN (Transfer Learning CNN) provided the best performance, with an   of 0.970, RMSE
of 232.862, and MAPE of 0.784. The decrease in accuracy relative to the baseline CNN is attributed to the inherent
assumptions of data reconstruction methods, such as zero-order hold and interpolation. The zero-order hold assumes
constant data between samples, whereas interpolation presumes that missing values can be derived using a single
relationship between two data points. These assumptions can lead to information loss and interpolation errors, thereby
negatively affecting neural network prediction accuracy.

The proposed model improved the tracking capability of the SEC (Specific Energy Consumption) by 43.13%, surpassing
the improvements from 2D-CNN (17.06%) and 3D-CNN (19.88%) compared to the simple CNN model. These findings
suggest that increasing the channels in a model leads to diminishing returns in performance and greater susceptibility to
overfitting. Transfer learning addresses this issue by freezing the weights and biases of the pre-trained channels, allowing
the model to focus on learning from the untrained channels. This approach significantly enhances the model’s
performance and generalization capabilities.

Table 6. Software-in-loop testing results.

Dataset Model R RMSE MAPE

Training FFNN 0.741 899.359 2.546

RNN 0.891 433.708 1.392

LSTM 0.904 498.773 1.511

CNN 0.929 437.334 1.482

CNN (Zero-orderhold) 0.851 483.642 1.667

CNN (Interpolation) 0.871 452.174 1.551

2CCNN 0.951 362.702 1.227

3CCNN 0.956 350.351 1.183

TLCNN 0.971 228.738 0.760

Validation FFNN 0.832 848.018 1.846

RNN 0.813 828.486 1.992

LSTM 0.921 457.401 1.538

CNN 0.927 436.898 1.474

CNN (Zero-order hold) 0.868 487.621 1.678

CNN (Interpolation) 0.872 475.678 1.631

2CCNN 0.942 388.743 1.288

3CCNN 0.954 355.058 1.185

TLCNN 0.962 262.518 0.803

Testing FFNN 0.771 869.828 2.315

RNN 0.617 1205.701 3.501

LSTM 0.919 462.329 1.650

2

2
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CNN 0.929 392.484 1.262

CNN (Zero-order hold) 0.907 471.861 1.686

CNN (Interpolation) 0.915 443.578 1.566

2CCNN 0.945 319.277 1.094

3CCNN 0.948 311.666 1.039

TLCNN 0.970 232.862 0.784

Figure 11 compares the true SEC values with those estimated by various CNN-based models in the context of the VCM
process. The findings indicate that TLCNN performs reliably across a broad range of SEC values. In contrast, the
standard CNN, 2C-CNN, and 3C-CNN models produce accurate predictions only when the true SEC lies roughly within
the 22,000–24,000 kJ/kg range. By employing transfer learning, the approach effectively balances bias and variance—a
challenge that conventional models frequently struggle to overcome in real-time applications. In this architecture, the pre-
trained channel functions primarily as a feature extractor, while the subsequent channel is dedicated to task-specific fine-
tuning, thereby significantly expanding the model’s effective operating range.
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Figure 11. An example comparing the actual specific energy consumption (SEC) values against those forecasted by the
various CNN-based models.

Reproducibility analysis
Beyond mere predictive accuracy, the consistency and repeatability of artificial intelligence models are critical factors in
their application to innovative forecasting tasks. This section outlines the methodology and outcomes of a dedicated
reproducibility evaluation to confirm that the obtained results can be reliably replicated. Each model was retrained 200
times to evaluate its variability. Fresh datasets were created via random sampling and used for training with identical
optimal hyperparameters across varying random seeds.
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Figure 12 displays the outcomes from the testing phase of this reproducibility procedure. In contrast to models trained
only once, adaptive architectures like TLCNN exhibit superior consistency across repetitions. The analysis reveals that
the test R² for TLCNN remains within 0.929 to 0.992, whereas the plain CNN model ranges from 0.874 to 0.933 (after
outlier removal). Notably, incorporating multiple channels into 2CCNN and 3CCNN increases the peak achievable test R²;
however, their lowest performance levels decline markedly to 0.854 and 0.869, respectively. This heightens the risk of
unsuccessful training runs during model development.

Increasing the channel count in the network architecture tends to complicate the optimization process and convergence to
a robust solution. Here, parameter-based transfer learning proves particularly valuable in mitigating challenges
associated with weight initialization. By providing a pre-trained model as a stable initial configuration, it guides
optimization toward appropriate regions of the parameter space, constrains the number of trainable parameters, and
thereby enhances overall training stability and reliability.

Figure 12. Boxplot displaying the R² values obtained during testing of the CNN models.

Sliding window evaluation (or shifting test)
In real-world applications, after completing model training, the system is put into operation to gather live performance
metrics using incoming fresh data. The conventional evaluation approach on the primary test set involves making
predictions using input sequences that match the structure used in training (such as durations of 1, 5, or 10 minutes).
However, in multi-rate forecasting scenarios, it is essential to examine how well the model handles changes in temporal
resolution or sampling intervals, as this reveals its robustness to data patterns that deviate from those seen during
training.

Figure 13 depicts various scenarios in which the time alignment or sampling period shifts in industrial sensor data
collection. Scenarios Testing 1 and 2 demonstrate the influence of system latency or timing offsets, resulting in shifted
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sampling windows—either aligned according to the least common multiple (for example, 1–6–12 minutes) or misaligned
without such synchronization (for example, 1–6–11 minutes). Scenarios Testing 3 and 4 highlight cases where the
sampling frequency of specific variables increases (becoming more frequent) or decreases (potentially interrupted or
halted during periods of equipment servicing or maintenance).

Figure 13. Depiction of the sliding evaluation scenarios.

Table 7 summarizes the performance metrics of multiple models across modified temporal scales, assessed using a
sliding-window test with 400 samples. The outcomes demonstrate that all models maintain robust accuracy only in Testing
1. In this specific scenario, the three sampling configurations present in the test data (1 min, 1–6 min, 1–6–12 min)
precisely correspond to those included in the training data (1 min, 1–5 min, 1–5–10 min). Conversely, as soon as an
unseen sampling combination emerges during the testing phase—one that did not exist in the training phase—the
forecasting accuracy of every model declines substantially.

The application of transfer learning emerges as a key factor in improving resilience under these conditions. By preserving
the trained weights of earlier layers (freezing them) and fine-tuning only the last processing channel, the model gains
markedly better capacity to handle novel situations. The frozen pre-trained sections preserve the valuable feature
representations learned from the original time patterns. At the same time, the adaptable final channel specializes in
capturing the unique properties and variations introduced by the altered sampling rates.

Table 7. Result of the CNN-based model on a sliding test.

Scenario Dataset Model Testing R RMSE MAPE

Sample Shift Test 1 CNN 0.935 334.688 1.152

2CCNN 0.931 344.871 1.187

3CCNN 0.933 340.815 1.181

2
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TLCNN 0.954 271.384 0.919

Test 2 CNN 0.752 820.529 1.652

2CCNN 0.662 918.777 2.091

3CCNN 0.779 653.652 1.779

TLCNN 0.938 337.797 1.071

Variable Shift Test 3 CNN 0.392 2137.721 4.163

2CCNN 0.398 2077.245 4.048

3CCNN 0.464 1767.844 3.755

TLCNN 0.678 985.981 2.671

Test 4 CNN 0.471 2678.653 9.565

2CCNN 0.462 2598.033 9.157

3CCNN 0.505 2257.201 8.161

TLCNN 0.815 595.259 2.024

 

Figure 14 illustrates how each filter in the TLCNN model assigns weight to the input and highlights the importance of
network connections in the final SEC prediction, using the concept of feature attribution from weights [42]. The results
demonstrate that the three channels of the CNN model learn distinct patterns from the input data. The first channel
primarily focuses on inputs with 1- and 10-minute sampling intervals, contributing 53.44% of the total input weight and
explaining approximately 70.32% of the SEC prediction. The second channel captures patterns from inputs with 5- and
10-minute sampling intervals, making up 65.58% of the total input weight. Lastly, the third channel in the TLCNN mainly
processes inputs with a 1-minute sampling interval. Despite this channel handling the highest-frequency input, the
analysis shows that it accounts for only 28.41% of the absolute SEC prediction values.
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Figure 14. Results of the network analysis performed on the TLCNN architecture.

Analysis of energy savings
A model that lacks sufficient tracking capability and produces inaccurate predictions is not appropriate for reliably
identifying patterns in specific energy consumption (SEC). The residual error is the difference between the observed
(actual) SEC and the predicted SEC, with the predicted SEC serving as the reference point. Consequently, a large
positive residual indicates periods where energy usage is elevated relative to the expected level for the given production
output—in other words, high consumption paired with relatively low production efficiency.

When applying the proposed model, a clear and substantial discrepancy (an energy gap) emerges between the
measured SEC values and the corresponding predictions. As illustrated in Figure 15, some data points exhibit residuals
that exceed the 95th percentile threshold relative to their neighbors. These outlier points can be grouped into two distinct
clusters based on the ethylene plant’s operating load: one cluster corresponds to a production rate of approximately
55,000 kg/h (Cluster 1). At the same time, the other aligns with roughly 52,300 kg/h (Cluster 2).

Figure 15. Plot of residuals between actual specific energy consumption (SEC) and the benchmark SEC values
generated by the models.

Figure 16a delineates the range of energy-efficient operating conditions for Cluster 1, aligned with the key influential
inputs listed in Table 4. For the outlier in Cluster 1 (specifically the 31st sample), the observed SEC reaches 21,413
kJ/kg, whereas the corresponding benchmark under efficient conditions is approximately 20,668 kJ/kg. When this 31st
sample’s operating parameters are compared against nearby data points that fall below the 95th percentile residual
threshold and share the same ethylene production load, it becomes evident that this point exhibits notably higher energy
use relative to its immediate neighbors within the feasible operating region (represented by the shaded area). Within this
solution space, SEC values typically span from 20,184 to 20,764 kJ/kg. By appropriately adjusting or optimizing the
control variables to move toward this efficient zone, it is possible to reduce the SEC by an estimated 649-1,229 kJ/kg.
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A parallel analysis applied to Cluster 2 (represented by the 43rd sample) in Figure 16b yields similar insights. Here, the
SEC for the 43rd sample is approximately 24,063 MJ/ton, while the identified energy-efficient solution space ranges from
22,611 to 23,654 kJ/kg. This indicates a potential SEC reduction from 409 to 1,451 kJ/kg, translating to annual utility
savings of roughly 3.5% to 11%.

By integrating this analytical approach into production scheduling and real-time process optimization, the proposed
framework uncovers a substantial yearly cost-saving potential of approximately 299,614 USD. This figure is derived from
energy price estimates based on the natural gas spot price reported by the U.S. Energy Information Administration [43]. In
environmental terms, realizing these energy reductions would avoid the release of about 5,709.59 tons of carbon dioxide
equivalent (CO₂e) annually. This emission avoidance calculation relies on standard greenhouse gas reporting factors
published by the U.S. Environmental Protection Agency [44], with the following emission factors applied per TJ of energy:
CO₂ (1 GWP) at 50,291.18 kg/TJ, CH₄ (25 GWP) at 947.82 kg/TJ, and N₂O (298 GWP) at 94.78 kg/TJ.
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Conclusion

Figure 16. Benchmarking of energy-efficient operating ranges: (a) for Cluster 1 and (b) for Cluster 2.

In this study, TLCNN models were developed to estimate energy efficiency and support energy-saving assessments for
the vinyl chloride monomer (VCM) production process, particularly under conditions involving multi-rate sampling intervals
in the process measurements. The multi-channel design enhanced the effectiveness of the energy analysis by enabling
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each channel to specialize in learning distinct patterns in the input data, thereby expanding the network’s overall learning
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related to random weight initialization—factors that collectively led to substantially greater reproducibility.

The performance of the proposed model was rigorously validated through real-time evaluations, reproducibility
assessments, and sliding-window (time-shifted) testing scenarios. Subsequently, an energy-saving investigation was
conducted by leveraging the model’s predictions in combination with exploratory data analysis. The main findings can be
summarized as follows:

1.       The TLCNN architecture successfully manages multi-rate data streams and provides accurate real-time tracking of
specific energy consumption (SEC) in the VCM process. Although its training time is approximately 1.25 times longer than
that of the 3CCNN baseline, the TLCNN delivers predictions 1.15 times faster and achieves a 19% improvement in
overall accuracy. Compared with conventional learning approaches, the proposed model exhibits superior performance
across key metrics: R² = 0.97, RMSE = 232.862, and MAPE = 0.784%.

2.       The training process for TLCNN demonstrates notably higher reproducibility and greater robustness against weight
initialization variability. Through a parameter-based transfer learning strategy that transfers all weights and biases from a
pre-trained model, TLCNN consistently attains test-set accuracies between 0.929 and 0.992 across multiple runs, with no
instances of training divergence or failure.

3.       Once trained, the model maintains reliable predictive capability when the combinations of input variables (sampling
patterns) in new data remain identical to those encountered during training. When novel combinations arise, TLCNN
maintains strong performance by freezing the pre-trained core network and fine-tuning only the additional final channel to
capture the characteristics of the new temporal patterns.

4.       Analysis of the energy gaps between actual SEC measurements and the efficient benchmark values predicted by
TLCNN identifies practical opportunities to reduce energy utilization by 3.5% to 11%. This corresponds to an estimated
annual cost saving of approximately 300,000 USD in production management expenses, alongside an environmental
benefit of preventing roughly 5,709 tons of CO₂ equivalent emissions per year.

In summary, the proposed TLCNN model offers excellent predictive accuracy, strong reproducibility, and greater
interpretability than standard machine learning methods. It performs robustly even when input sampling intervals are
inconsistent, although its effectiveness diminishes when entirely new combinations of predictor variables appear during
deployment. Looking ahead, integrating self-adaptive learning mechanisms into the architecture could further enhance
long-term performance. Such an adaptive network would automatically detect declines in prediction quality during online
operation and recalibrate relevant parameters accordingly, ensuring sustained reliability as the distribution of input
variable combinations evolves.
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