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Facial expressions constitute one of the most important forms of non-verbal
communication, enabling humans to convey emotions and establish effective
interpersonal interactions. In recent years, facial emotion recognition (FER) has
significantly benefited from deep learning techniques, particularly architectures capable
of modeling both spatial and temporal information in video sequences. Motivated by the
dynamic nature of facial expressions, this study proposes and evaluates two hybrid deep
learning frameworks for video-based emotion recognition: GRBM-ConvLSTM2D and
GRBM-3DCNN. In both configurations, a Gaussian Restricted Boltzmann Machine
(GRBM) is employed as a preliminary feature extraction layer to enhance spatiotemporal
representation learning. Implemented in Python, the proposed models are designed to
classify seven emotional categories: surprise, happiness, anger, sadness, fear, disgust,
and contempt. The experimental evaluation was conducted on the benchmark CK+
dataset. The results demonstrate that both proposed architectures achieve strong
recognition performance, with the GRBM-ConvLSTM2D model attaining a validation
accuracy of 91.16% and the GRBM-3DCNN model achieving 88.80%, confirming the
effectiveness and robustness of the proposed hybrid frameworks for video-based facial
emotion recognition.

Keywords: Emotion Recognition; Hybrid Neural Network; Convolutional Neural
Network; Recurrent Neural Network; Gaussian Restricted Boltzman Machine.
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1. Introduction

states through visual analysis, addressing a critical
challenge in machine perception. Beyond enabling

Human  communication is  fundamentally
categorized into verbal and non-verbal modalities.
Within this framework, facial expressions serve as
the most prominent non-verbal indicator of
emotional states. While body language
encompassing postures, gestures, and eye contact
contributes to interpersonal communication, facial
analysis remains the most direct method for
interpreting an individual’s affective state [1,2].
Consequently, Facial Expression Recognition
(FER) aims to automate the detection of emotional

affective computing in robotics, FER holds
significant potential for clinical and assistive
technologies, including depression diagnosis,
social support for autistic individuals, and sensory
substitution devices such as smart glasses to
facilitate communication for the visually impaired.
To address the complexities of video-based
emotion recognition, several deep learning
paradigms are employed. Convolutional Neural
Networks (CNNs) are extensively utilized for
spatial feature extraction, proving effective in
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computer vision tasks such as object classification
and detection [3]. To model temporal dynamics
inherent in video sequences, Recurrent Neural
Networks (RNNs) are adopted; their recurrent
loops leverage internal memory to retain
information from previous frames, thereby
enriching contextual analysis [4]. Finally, the
Gaussian-Bernoulli Restricted Boltzmann
Machine (GRBM), a bipartite Markov random
field, is integrated to facilitate unsupervised feature
extraction. Similar to autoencoders, GRBMs excel
at compressing and reconstructing continuous data,
offering robust capabilities in dimensionality
reduction, noise suppression, and image restoration
[5-8].

2- Related Works

Facial expressions are among the most important
nonverbal cues for revealing emotional states [9].
The automated interpretation of these expressions,
known as Facial Expression Recognition (FER),
has become a significant research area for
estimating human affective and psychological
conditions, with applications spanning behavioral
research and clinical assessment [10]. In addition
to healthcare, FER systems are increasingly used in
human—-computer interaction, social media
analytics, personalized advertising, and counseling
services [11]. A particularly challenging subfield is
micro-expression analysis, where brief and
involuntary facial movements may expose
concealed emotions, making it highly relevant in
forensic interrogation and deception detection [12,
13]. Micro-expressions are involuntary facial
movements that reveal people's hidden feelings in
high-stake situations and have practical importance
in  medical treatment, national security,
interrogations and many  human-computer
interaction systems [14]. For this reason, many
recent studies have adopted hybrid deep-learning
frameworks, including CNN-RNN-based models,
to improve recognition performance in security-
and justice-oriented applications [15].

FER approaches are generally divided into
static image-based methods and dynamic video-
based methods. Although much of the existing
literature focuses on still images [16, 17], video
sequences contain richer information about facial
motion and expression evolution over time [18]. A
key limitation of standard Convolutional Neural
Networks (CNNs) is that they are primarily
designed for spatial feature learning and therefore
do not adequately model temporal dependencies
across video frames. To overcome this limitation,
3D CNNs have been introduced to jointly extract

spatial and temporal features by applying
convolution operations across both dimensions
simultaneously [19-21]. Even so, 3D CNNs alone
may still be insufficient for capturing the full
complexity of spatio-temporal facial dynamics
[18]. This has motivated the development of hybrid
architectures that combine CNNs with Recurrent
Neural Networks (RNNSs), which are well suited
for sequential modeling. In particular, Long Short-
Term Memory (LSTM) networks are effective at
learning temporal context in facial expression
sequences. Unlike conventional RNNs, LSTMs use
gating mechanisms that reduce the vanishing-
gradient problem and preserve long-range
dependencies in sequential data [22]. Since the
vanilla fully-connected LSTM unrolls the image
into a one-dimensional vector, it loses crucial
spatial information, whereas Convolutional LSTM
(ConvLSTM) performs LSTM operations directly
through convolutions, thereby preserving spatial
structure while modeling temporal dynamics [23].

Beyond supervised architectures, Restricted
Boltzmann Machines (RBMs) have attracted
considerable attention because of their ability to
discover useful features in an unsupervised
manner. Since standard RBMs are limited to binary
visible units, Gaussian-Bernoulli RBMs (GRBMs)
were developed to handle real-valued inputs such
as images. However, most existing GRBM-based
models rely solely on contrastive divergence to
reconstruct each data point with minimal error,
meaning their feature extraction process remains
undirected and is conducted without any label-
level guidance [24]. Through contrastive
divergence learning, GRBMs transform nonlinear
real-valued data into compact latent
representations, making them effective feature
extractors for FER tasks.

The rest of this paper is organized as follows.
Section 3 describes the dataset, preprocessing
steps, and the proposed hybrid neural architecture.
Section 4 presents the experimental results, and
Section 5 concludes the paper.

3. Materials and Methods
3-1. Dataset

To validate the performance of the proposed hybrid
architecture, the CK+48 dataset was employed
(Figure 1). This dataset serves as a specialized,
cropped, and resized derivative of the Extended
Cohn-Kanade (CK+) dataset, originally developed
by Carnegie Mellon University (CMU) for
advanced image processing and affective
computing tasks [25]. The dataset consists of 981
grayscale images distributed across seven emotion
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classes, where each class is characterized by three
sequential frames at a 48x48 pixel resolution.
While the dataset presents limitations regarding
total sample volume and inherent video diversity,
its structural consistency provides a significant
benefit: the frontal-view captures and clean,
unambiguous facial expression patterns facilitate
the extraction of discriminative features during the
learning process [26, 27].

3-2. Preprocessing

Due to the inherent class imbalance and the limited
number of samples for specific emotional
categories within the dataset, direct training poses
a high risk of overfitting. To mitigate this issue and
enhance the generalization capability of the
network, a class-specific data augmentation
strategy was implemented to balance the dataset.
The primary spatial transformation operations
included random rotations of up to 10°, horizontal
and vertical translations limited to 10% of the
image dimensions, a zoom range of 10% and
horizontal flipping (Figure 2).

To address the severe underrepresentation of
certain classes specifically contempt, fear, and
sadness dynamic class-dependent augmentation
factors were introduced. Rather than applying a
uniform multiplication rate, higher augmentation
coefficients (oversampling ratios) were selectively
applied to these minority classes to bring their
sample sizes on par with the majority classes.
Following this targeted augmentation process, the
dataset was successfully balanced, resulting in a
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total of 4,308 samples, with each emotional
sequence standardized to 3 key temporal frames.

3-3. Proposed Method

The proposed methodology evaluates two distinct,

self-contained hybrid deep learning configurations

designed for spatiotemporal feature extraction and
emotion classification:

1. The GRBM-ConvLSTM2D Framework: This
configuration integrates a Gated Gaussian
Restricted Boltzmann Machine (GRBM) with a
unified Convolutional LSTM (ConvLSTM2D)
network to jointly capture spatial features and
temporal dynamics.

. The GRBM-3DCNN Framework: This pipeline
combines a Gated Gaussian Restricted
Boltzmann Machine (GRBM) with a three-
dimensional convolutional neural network (3D-
CNN) to extract spatiotemporal representations
directly from volumetric video frames.

The training pipeline is executed in two primary
phases. In the first phase, unsupervised pre-training
is performed. Each constituent network is trained
independently without their classification heads
using the augmented dataset. Notably, the training
distribution for the GRBM component is
deliberately augmented with a mixture of
synthesized noisy and noise-free images to
enhance the network’s reconstruction robustness
and feature representation. In the final phase, for
each independent framework, the learned latent
features are forwarded to a fully connected layer
coupled with a 7-class Softmax activation function
to perform the final emotion classification.

- - ‘A . \
Fig. 1. Sample images from the CK+48 dataset.

M

surprise

anger

Fig. 2. Sample images after applying data augmentation.
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3-3-1. CNN-LSTM Hybrid Network

employed due to its effectiveness in handling video
data and other temporally ordered inputs, where alleviates the vanishing gradient

both spatial and temporal dependencies must be formulated as follows:
captured simultaneously. This model is particularly e*—e™®

well suited for spatiotemporal feature extraction,
making it an appropriate choice for facial

tanh(x) = m

expression analysis in video sequences. Softmax classification

Within each ConvLSTM2D layer, the hard
sigmoid function was utilized as the gating
activation, while the tanh function was adopted for
generating the layer output (Figure 3). This

combination enables the network to regulate

temporal information flow while preserving

nonlinear representational capacity.

Following each feature

sequence of regularization and stabilization
operations was applied. Specifically, a MaxPooling
layer was included to reduce spatial dimensionality
while retaining the most salient features, a Dropout
layer with a rate of 0.3 was introduced to mitigate
overfitting, and a Batch Normalization layer was
employed to improve training stability and reduce
the risk of vanishing gradients.

The hard sigmoid activation function can be e ReLU is used as the activation function to
regarded as a computationally efficient linear introduce  non-linearity
approximation of the standard sigmoid function. convergence.
Although it offers faster execution and reduced After specific stages:
complexity, it may still be affected by the e A MaxPooling3D layer is applied to down-
vanishing gradient problem. Its mathematical sample spatial dimensions while preserving the

formulation is given below.
Hardsigmoid (x)

= { max_val x > max _val
X otherwise
This is while, the tanh activation function

STAGE 1

((ZEIIES)

ConvLSTM2D (x2)

Batch Normalization

MaxPooling3D

extraction block, a For this part, a customized 3D Convolutional
Neural Network (3D-CNN) was used. Similar to
the ConvLSTM2D, this model is highly suitable
for video data or data with temporal sequences
because it extracts spatiotemporal features by
applying three-dimensional kernels over the input
volume, preserving the relational information
across the third dimension.

In each convolutional layer:

temporal/depth resolution,
e A Dropout layer with rates of 0.3, 0.4, or 0.5 is
min_val * < min_val (1) utilized to prevent overfitting,
e And a BatchNormalization layer is applied to
stabilize the learning process and avoid

vanishing gradients.

STAGE 2 STAGE 3

ConvLSTM2D (x2)
(128 filters)

Batch Normalization

>

MaxPooling3D

projects its input values into the range [—1,+1].
_ _ ) Being symmetric around the origin, it yields zero-
In this section, the ConvLSTM2D architecture was centered outputs, which facilitates smoother

gradient flow during backpropagation and partially

In this configuration, the network excludes a
layer, as the primary
objective is strictly restricted to spatiotemporal
feature extraction. The proposed feature extractor
consists of six ConvLSTM2D layers and was
trained independently using a learning rate of 10,

3-3-2. 3D-CNN Feature Extractor

ConvLSTM2D (x2)

(256 filters)

> Batch Normalization

L Dropout

MaxPooling 3D
s ooling 30 |

Fig. 3. Proposed ConvLSTM network architecture.
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The ReLU activation function is a piecewise
linear function that outputs the input directly if it is
positive, otherwise, it outputs zero. This helps
mitigate the vanishing gradient problem during
backpropagation and allows the network to learn
faster. Its mathematical definition is presented
below:

ReLU(x) = max(0,x) 3)

The proposed network contains six 3D
convolutional layers structured into three feature
extraction stages, followed by global aggregation
(using Global Average Pooling 3D) and a final
dense layer (Figure 4). In this section, the network
does not include a softmax layer because the goal
is solely to extract spatiotemporal features. The
final layer employs a Linear activation function to
output continuous-valued feature embeddings. The
Linear activation function (also known as the
identity function) passes the input signal directly to
the output without any modification:

Linear(x)=x 4)

The model is trained independently with a
learning rate of 0.0001 to generate a representation
vector of size 64, which is prepared for the
subsequent fusion stage.

3-3-3. Gaussian RBM Network

In this study, we employ a Gaussian-Bernoulli
Restricted Boltzmann Machine (GRBM) as an
unsupervised generative model. This framework
operates by reconstructing flattened input images,
thereby enabling the extraction of robust latent
features without the need for label-based guidance

STAGE 1

STAGE 2

B convap(x2) ERE cConva3D (x2)
B (c4titers) gl (128 filters)

T

MaxPooling3D

§ oo
B

MaxPooling3D

(Figure 5). The integration of the GRBM module
with the hybrid CNN-LSTM architecture is
strategically designed to improve classification
accuracy and simultaneously mitigate overfitting.
The choice of the GRBM is justified by its inherent
capacity to model continuous-valued data,
specifically for inputs normalized within the [0,1]
or [-1,1] range. Regarding the architectural
configuration, the network utilizes 6,912 input
neurons mapped to 512 hidden units. Within the
GRBM module, the energy function incorporates
Gaussian noise with a standard deviation of ¢ = 0.1
0=0.1. This parameter plays a pivotal role in
aligning the energy landscape with the normalized
intensity distribution of input features, which
reside in the [0,1] range. Empirical evidence
suggests that 6=0.1 yields an optimal equilibrium
for Contrastive Divergence (CD) training.
Specifically, it prevents energy landscape
saturation, thereby compelling the model to extract
discriminative  latent  representations  while
maintaining stable gradient updates throughout the
independent training phase of this pathway. The
energy function of the GRBM, which extends the
standard RBM framework with a quadratic term to
accommodate continuous inputs, is formulated as
follows:

Ny MNp Nh

v
L
n

S, = (5)

% (v; — by)?
= Db ) S

i=1 i=1 t

STAGE 3

Conv3D (x2) '
(256 filters) gmg MaxPooling3D

|

Dropout (0.3)

Global Average Pooling 3D
A 4
Batch Normalization
4
Dropout (0.5)
\ 4
Dense (Output)

Fig. 4. Proposed CNN3D network architecture.
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In most literature, the energy function of the
Gaussian-Bernoulli RBM is commonly written as:

E(V,hl6) = ZZ Z Gihy

s ©)

Z(vl—b)2

In this formulatlon, the linear term Z?gl b;v; is
implicitly incorporated into the quadratic penalty.
This simplification remains valid under the
assumption that o is treated as a fixed hyper
parameter rather than a learnable variable [28, 29].
In our implementation, we specifically set 6=0.1 to
refine the reconstruction process and enhance the
model’s sensitivity to continuous input variations.
The parameters within these equations are defined
as follows:

e v denotes the vector of visible units (input
layer).

e h denotes the vector of hidden units (latent
representation).

o W represents the shared weight matrix
connecting the visible and hidden layers.

e b and ccc correspond to the bias vectors for the
visible and hidden units, respectively.

e o signifies the standard deviation of the

Gaussian  noise, which regulates the

stochasticity of the visible units.

The probabilistic distributions inherent to the
GRBM model facilitate effective conditional
inference, allowing the network to perform
stochastic sampling. Given the energy function
defined above, the conditional probability
distributions for the hidden and visible units are
derived as follows:

1. Conditional probability of hidden units given
visible units:
The hidden wunits (h) follow a Bernoulli
distribution, where the probability of activation is
computed using the sigmoid function:

p(h; = 1|v) = s(W/v +¢;) (7

— represents the sigmoid activation

1
where ¢ =

) 1+e
function.

2. Conditional probability of visible units given
hidden units:

The visible units (vi) follow a Gaussian
distribution, centered around the reconstruction
mean:
p(V|h) = N(v|Wh + b, a?I) (8)
Here, N(u, 62) denotes the Gaussian (normal)
distribution, with the mean defined as the linear
combination of the weighted hidden activations
plus the bias bi. In our model, i is set to the fixed
value of 0.1, ensuring consistent variance across
the reconstruction process.

Visible Layer
6912 Gaussian Units

Model Specs:

Visible (6912 Gaussian)

o bl Bl B

Hidden (512 Bernoulli)
Weights (3,538,944)

Energy Function:

t'l} s12 12 512

(-‘-;‘ DXUED) z:;Wh

=1 i J=1 =1 f=1

E(vh) =

.

Hidden Layer
512 Bernoulli Units

Fig. 5. Proposed GRBM network architecture.
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3-3-4. Final Networks

The overall architecture of the proposed
framework is presented in Figure 3. At the final
stage, two separate fusion-based classification
pipelines are investigated. In the first pipeline, the
feature  representation  learned by  the
ConvLSTM2D network is fused with the
representation generated by the GRBM, and the
fused feature vector is then provided to the final
classifier. In the second pipeline, the output of the
CNN-3D network is independently fused with the
GRBM representation, and the resulting combined
feature vector is similarly passed to the same
classification layer. In this way, the effectiveness
of the proposed method is assessed in two different
configurations, namely GRBM + ConvLSTM2D
(Figure 6) and GRBM + CNN-3D (Figure 7).

For both configurations, the final classification
stage is implemented using a single Softmax layer.
This layer converts the fused input features into
posterior probabilities over the seven target
categories. By construction, the Softmax output
forms a valid probability distribution, in which all
components are non-negative and their sum equals
1. The class associated with the maximum
probability is selected as the final prediction.

Mathematically, the Softmax function is
expressed as:

t

i _ e
p(y =jlx) = SELoxtw @

where x is the fused input feature vector, w; is the
weight vector corresponding to class j, and K
denotes the number of output classes. In the present
study, K=7. The quantity x'w; represents the inner
product between the input vector and the weight
vector of class j [30,31].

4. Simulation Results

e Hardware and Software Environment

The implementation and evaluation of the
proposed hybrid architectures were conducted on a
workstation featuring an Intel Core i7 processor, 16
GB of DDR4 RAM, and an NVIDIA GeForce
MX350 GPU with 2 GB of dedicated memory. The
software environment was built using Python,
leveraging high-level deep learning libraries for the
construction and optimization of the neural
networks.

e Training Protocol for Hybrid Architectures

To ensure a rigorous comparative analysis, both
proposed hybrid models GRBM-ConvLSTM2D and
GRBM-3DCNN were trained and evaluated

independently under identical experimental
conditions.

input (video/frames)

ConvLSTM Layer 1

RBM Layer
hidden neurons

ConvLSTM Layer 2

6 ConvLSTM
Layers

ConvLSTM Layer 6

Dense(128)

exactly 128 neurons MaxPooling3D(1)

Dropout(1)

ConvLSTM output

Concatenate/Add

v

SoftMax (7 classes)
7-class classification

Fig. 6. Flowchart of the first model structure

(ConvLstm2D+GRBM).
CNN-3D
Input (Video)

A

GRBM 3D-Convolution

Layer

layers  (x6)

—
,

Global Avarage

FI
aten Pooling

Dense (128)

Dense (128)

/IIHIFI

Feature Fusion
(Concatienate)

'

SoftMax (7 classes)
Fig. 7. Flowchart of the second model structure
(CNN3D + GRBM).

1. Feature Integration: In both frameworks, the
spatiotemporal features extracted by the
recurrent (ConvLSTM2D) and volumetric
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(3DCNN) components, in conjunction with the
GRBM-refined representations, were fed into
the final classification stage.

2. Classification Layer: The final layer of each
model utilized a Softmax activation function to
categorize the input video sequences into seven
emotional classes: happiness, sadness, disgust,
excitement, contempt, fear, and anger.

3. Hyperparameters: The classification heads
were optimized over 35 training epochs with a
consistent mini-batch size of 16. This
configuration was selected to ensure stable
convergence and to prevent overfitting,
particularly given the balanced dataset provided
by the augmentation process.

4-1. ConvLSTM2D Network Results

Following the application of the proposed
ConvLSTM framework to the dataset, the network
operated strictly as a feature extractor without an
active classification layer. Consequently, the Mean
Squared Error (MSE) loss function was adopted to
evaluate the optimization process. The model was
trained for 60 epochs, yielding a final training loss
of 0.0080 and a validation loss of 0.0038. These
training dynamics demonstrate stable convergence
and the model’s capacity to extract robust
spatiotemporal representations. The corresponding
training performance and optimization curves are
illustrated in Figure 8.

— train
valid
0.4

03

MSE

0.2

0.0 —
0 10 20 3 s 50 60
cpoches
Fig. 8. Train and validation loss curve of the Conv-
LSTM network.

4-2. CNN3D Network Results

The proposed CNN-3D network, trained
independently as a feature extractor prior to GRBM
integration, did not include a classification layer.
Therefore, the MSE loss was adopted to monitor the
learning process. After 60 epochs of training with a
learning rate of 0.001, the model achieved a final
training loss of 0.0023 and a validation loss of
0.0093, demonstrating stable convergence and
effective learning of spatiotemporal feature

representations. The corresponding training curve
is presented in Figure 9.

Mean Squared Error

0.10
= Train MSE
Validation MSE

0.08

0.06

MSE

0.02

0.00
0 10 20 30 40 50 60
Epoch

Fig. 9. Train and validation loss curve of the
CNN3D network.

4-3. Gaussian RBM Network Results

Consistent with the objective of extracting latent
feature representations, the GRBM module was
implemented without a classification layer. The
input data were reshaped into a flattened format
before being fed into the network for unsupervised
feature learning. The model was trained for 100
epochs, achieving a final training loss of 0.0530 and
a validation loss of 0.0550. These metrics signify
stable learning performance and the model’s
efficacy in reconstructing latent features from the
input data. The detailed optimization profile and
training curves are depicted in Figure 10.

RBM: Train vs Validation Reconstruction Loss

Fig. 10. Training and validation loss curve of the
GRBM network.

4-4-1. Final Networks

Ultimately, the feature representations extracted
from the individual sub-networks were fused and
directed to the classification stage. The
fundamental objective of integrating these distinct
architectures is to synergize the latent
representations from the GRBM with the
spatiotemporal features learned by the deep
sequential/volumetric blocks, thereby establishing
a highly discriminative feature space.
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Table 1. performance comparison between the two proposed hybrid networks.

Hybrid architecture Training Accuracy Validation accuracy Training loss Validation loss
GRBM+ConvLSTM2D 99.26% 91.16% 0.03 0.2
GRBM+CNN3D 100% 88.89% 0.02 0.54
The classification head consists of a dense layer classification rates and inter-class

coupled with a Softmax activation function,

mapping the aggregated feature vectors into the

seven target emotional classes. To evaluate the
efficacy of the proposed fusion strategies, both
hybrid networks were trained and validated under

a batch size of 8 for 70 epochs.

¢ GRBM+ConvLSTM2D Model: This
configuration converged efficiently, achieving
an outstanding training accuracy of 99.06% and
a validation accuracy of 91.16%. The
corresponding optimization process yielded a
training loss of 0.03 and a validation loss of 0.2.
The training convergence and loss progression
curves are illustrated in Figures 11 and 12.

e GRBM+3DCNN Model: The volumetric hybrid
model demonstrated competitive training
characteristics, achieving a training accuracy of
100% and a validation accuracy of 88.8%. The
final training loss converged to 0.002, while the
validation loss reached 0.54. The optimization
trajectories and classification performance
curves for this architecture are provided in
Figures 13 and 14.

Table 1 summarizes the performance
comparison between the two proposed hybrid
networks.

Ensemble Accuracy

—— Train Acc
val AW__R
08 K

W

06

accuracy

04
02

o 10 20 0 40 50 60 70
epoches

Fig. 11. Training and validation accuracy of the
GRBM+ConvLSTM2D network.

To provide a granular and comprehensive
diagnostic  evaluation of the classification
performance, Figures 15 and 16 illustrate the
confusion matrices obtained during the testing
phase for the two proposed hybrid architectures:
GRBM-ConvLSTM2D and GRBM-3DCNN,
respectively. These matrices elucidate the class-
wise predictive dynamics, mapping out the precise

misclassifications (leakages) across all seven
emotional categories.

Ensemble Loss

= Train Loss
1 Val Loss

loss
=

o 0 20 0 40 50 60 T0
epoches

Fig. 12. Training and validation loss of the
GRBM+ConvLSTM2D network.

Ensemble Accuracy
1.0

0.9

0.8

accuracy

0.7

0.6
— Train Acc
0.5 Val Acc
0 10 20 30 40 50

epocches

Fig. 13. Training and validation accuracy of the
GRBM+3DCNN network.

Ensemble Loss

175 —— Train Loss
Val Loss

loss

0 10 20 30 40 50
epoches

Fig. 14. Training and validation loss of the
GRBM+3DCNN network.

A comparative analysis of the confusion
matrices reveals that both models demonstrated
relatively lower classification performance on
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minority classes—specifically Contempt, Fear, and

Angry—which were inherently constrained by a

smaller volume of training samples. Conversely,

dominant  emotional  categories  exhibited
significantly higher recognition accuracy. This
discrepancy highlights the persistent challenges
posed by class imbalance in facial emotion
recognition (FER). Nevertheless, the overall
classification performance across all emotional
categories remains highly robust. This success is
primarily attributed to the hybrid integration of the

Gaussian-Bernoulli Restricted Boltzmann

Machine (GRBM), which effectively extracted

low-level facial representations before temporal-

spatial feature extraction.

To further validate and quantify the models’
effectiveness, class-specific evaluation metrics,
including precision, Accuracy, recall, F1-score and
Kappa, were computed and are illustrated in Figure
17 (for the GRBM-ConvLSTM2D) and Figure 18
(for the GRBM-3DCNN).

A critical examination of the tabulated data
yields the following insights:

e GRBM-ConvLSTM2D  Performance:  This
configuration exhibited superior performance
stability, achieving an F1-score of 95.24% for
Surprise and 93.18% for Happy. Crucially,
even for the highly challenging class of Fear
(often characterized by high inter-class
similarity with surprise and sadness), the model
achieved a notable recall of 93.75%. The
precision of 100% for the Contempt class
further underscores the model’s reliability in
eliminating false positives for minority
expressions.

e GRBM-3DCNN Performance: While the
GRBM-3DCNN architecture maintained strong
performance on prominent classes (such as a
100% precision for Happy and a 93.45% F1-
score for Surprise), its capacity to generalize on
minority classes was noticeably weaker.
Specifically, the F1-scores for Angry (65.21%)
and Fear (68.57%) indicate a higher
susceptibility to classification degradation
under data scarcity, compared to its
ConvLSTM2D counterpart.

In summary, while both hybrid networks prove
to be highly effective frameworks for FER, the
GRBM-ConvLSTM2D exhibits greater resilience to
class imbalance. This suggests that the sequential-
temporal modeling of ConvLSTM2D, combined
with the generative feature extraction of the
GRBM, provides a more robust representation of
subtle dynamic micro-expressions compared to the
purely volumetric convolutions of the 3SDCNN.
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Fig. 15. Confusion matrices for the proposed hybrid
model (GRBM-ConvLSTM2D).
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Fig. 16. Confusion matrices for the proposed hybrid
model (GRBM-3DCNN).
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Fig. 17. Radar chart of different scores for the
GRBM-ConvLSTM2D network.
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Fig. 18. Radar chart of different scores for the
GRBM-3DCNN network.

To contextualize the performance of the
proposed hybrid frameworks, Table 2 presents a
comparative analysis between our models and
several state-of-the-art methodologies evaluated on
similar benchmark datasets.

As indicated in the comparative data, our
proposed GRBM-ConvLSTM2D  architecture
achieves a superior validation accuracy of 91.16%
on the CK+ dataset, significantly outperforming
recent deep learning approaches, including the
EfficientNetB7-CNN cascade (78.72%) and
traditional DBN fusion architectures (73.73%).
Furthermore, our volumetric hybrid variant, the
GRBM-3DCNN, demonstrates a highly competitive
accuracy of 88.80%.

Crucially, while single-stage transfer learning
models or standard CNN-RNN architectures often
suffer from performance degradation when
subjected to the inherent class imbalances of
datasets like CK+, both of our proposed hybrid
models exhibit remarkable robustness. This
stability is attributed to the initial unsupervised
feature reconstruction phase performed by the

GRBM, which effectively preserves critical facial
topology before temporal and spatial feature
extraction.

5. Conclusion

Facial Emotion Recognition (FER) remains a
pivotal area of research within computer vision and
human-computer interaction. In this study, we
introduced and evaluated two novel hybrid deep
learning architectures GRBM-ConvLSTM2D and
GRBM-3DCNN designed to classify seven distinct
facial expressions (Surprise, Happiness, Anger,
Sadness, Fear, Disgust, and Contempt) from video
sequences. The core paradigm of our approach
relies on utilizing a Gaussian-Bernoulli Restricted
Boltzmann Machine (GRBM) as a generative
front-end to reconstruct and extract low-level
spatial facial features, which are subsequently
processed by temporal-spatial classifiers. The
experimental simulations, implemented in Python,
demonstrated the outstanding efficacy of the
proposed hybrid systems on the benchmark CK+
dataset: 1-The GRBM-ConvLSTM2D network
emerged as the top-performing configuration,
achieving a peak validation accuracy of 91.16%,
with a highly stabilized training loss curve. This
model proved highly resilient to the challenges of
class imbalance, vyielding balanced precision,
recall, and F1-scores across both majority and
minority emotional classes. 2- The GRBM-3DCNN
configuration achieved a competitive validation
accuracy of 88.80%, proving its capability to
capture volumetric spatial-temporal patterns, albeit
with slightly higher sensitivity to classes
constrained by data scarcity. Overall, the empirical
findings confirm that coupling generative energy-
based models (GRBM) with sequential deep
networks (ConvLSTM2D/3DCNN) vyields a
synergistic  effect that enhances feature
discrimination in dynamic FER. Future research
will focus on optimizing these hybrid pipelines for
real-time edge-computing applications and
validating their generalization capability on highly
unconstrained, in-the-wild facial expression
databases.

Table 2. Performance comparison of the proposed hybrid models against state-of-the-art methods.

Models Datasets Refs. Network Accuracy
EfficientNetB7CNN CK+ +FER24 Nursel Yalcin 2, Muthana Alisawi [30] EfficientNetB7+CNN 78.72%
Fusion DBN RML SHIQING ZHANG, XIAN ZHANG CNN+CNN+DBN  73.73%

[17]

Emotional Wearable

Transfer learning 202 Haposan Manalu, Achmad Rifai [21] CNN+RNN 61.43%
This study CK+ Ours CNN3D+RBM 88.8%
This study CK+ Ours CNNLSTM+RBM  91.16%
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