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ABSTRACT

Facial Emotion Recognition (FER) is widely used for many applications and Deep Learning (DL) has significantly
advanced performance of FER, yet many models fail to capture temporal coherence and realistic emotional transitions in
visual sequences. This study introduces a hybrid of Residual Network 18-Layer (ResNet-18), Bidirectional Long Short-
Term Memory (BiLSTM) and proposed Weighted Directional Centroid Ranking Function (WDCRF) framework that
integrates spatial feature extraction, sequential dependency modelling, and psychologically guided temporal smoothing
within a unified end-to-end architecture. The proposed WDCREF is a hand-crafted feature alignment and semantic
grounding module that bridges the gap between traditional descriptor-based features (LBP, HOG, Gabor) and deep neural
network representations. Its job is to ensure that what the deep model learns stays anchored to psychologically validated,
human-interpretable facial cues preventing the deep features from drifting toward patterns that are statistically convenient
but emotionally meaningless and integrated in hybrid of ResNet-18 and BiLSTM models to improve overall performance.
An improved pre-processing pipeline enhances FER2013 images through alignment, mask-aware augmentation, and
adaptive histogram equalization to preserve subtle micro-expressions. Experimental results show that the proposed hybrid
model i.e. ResNet-18+BiLSTM+WDCRF achieves 88.85% accuracy, 87.0% precision, 87.0% sensitivity, 97.3%
specificity and F1-score of 87.0%, across all emotion classes followed by hybrid Resnet-18 and BiLSTM, ResNet-18 only
and BiLSTM only. Models were also tested on different types of occlusion and results were found satisfactory. During
ablation study also hybrid of ResNet-18, BILSTM and WDCRF has shown significant performance with F1-Score of 66%.

KEYWORDS: Weighted Directional Centroid Ranking Function (WDCRF), Facial Emotion Recognition (FER),
Residual Network 18-Layer (ResNet-18), Bidirectional Long Short-Term Memory (BiLSTM)

1. INTRODUCTION

Facial Emotion Recognition (FER) is a branch of Artificial Intelligence (AI) and computer vision that aims to
automatically identify and classify human emotions from facial expressions [1]. FER systems analyze facial features such
as eye movements, eyebrow positions, mouth shape, and facial muscle activations to recognize emotional states including
happiness, sadness, anger, fear, surprise, disgust, and neutrality. Modern FER approaches typically employ Deep Learning
(DL) models, particularly Convolutional Neural Networks (CNNs) such as ResNet-18, VGG, and EfficientNet, to learn
discriminative facial representations from large-scale datasets. FER has gained significant attention due to its applications
in Human-Computer Interaction (HCI), healthcare monitoring, intelligent tutoring systems, driver fatigue detection,
surveillance, customer behaviour analysis, and affective computing [5]. Despite achieving high recognition accuracy, FER
systems face challenges such as variations in illumination, head pose, occlusion, cultural differences, and subtle emotional
expressions. To overcome these limitations, this research has increasingly focused on feature extraction and hybrid model
emotion recognition frameworks thereby improving robustness, accuracy, and interpretability in real-world
environments.In computational affective science, it is not enough to merely conceptualize an architecture; the actual test
of theoretical rigor lies in its precise operationalization. Implementation, therefore, is not a peripheral exercise but the
crucible where epistemic hypotheses meet algorithmic constraints [2].

The design of the proposed ResNet-18—BiLSTM—WDCRF framework is not an arbitrary ensemble but a carefully co-
adaptive triad, engineered to circumvent the limitations of isolated DL paradigms. Residual Network 18-Layer (ResNet-
18), which dominate FER due to their spatial abstraction capabilities, inherently fail to encode temporal continuity—a
trait essential for decoding micro-expressions and emotion transitions [3-4]. Conversely, Bidirectional Long Short-Term
Memory (BiLSTM) units are proficient in sequence modeling but lack the spatial sensitivity needed for fine-grained facial
analysis [5]. To reconcile these divergences, this study constructs a bidirectional pipeline in which ResNet-18 serve as
expression localizer [3], BILSTM function as temporal aggregators, and proposed Weighted Directional Centroid Ranking
Function (WDCRF) governs the consistency and alignment of predicted emotional trajectories over time.

Crucially, the implementation avoids the common trap of pipelined independence, wherein each module operates in
isolation. Instead, the system is trained end-to-end with error propagation across temporal and probabilistic dimensions
[5], allowing BiLSTM outputs to influence ResNet-18 gradient paths during back-propagation. At the same time, WDCRF
regularizes output predictions in a structurally aware fashion [6-7]. This dynamic feedback loop is fundamental: it
discourages temporal dissonance, over fitting to neutral expressions, and abrupt oscillation between emotion classes—
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challenges that are poorly addressed in state-of-the-art ResNet-18-BiLSTM hybrids lacking probabilistic post-processing
layers [8-9].

The preprocessing pipeline, often trivialized in benchmark papers, receives particular architectural attention. In order to
develop hybrid model [12] popular FER data FER2013 is used. Current challenges of this dataset includes limited datasets
and low interpretability, motivating future research on lightweight, explainable hybrids using Principal Component
Analysis (PCA)-based dimensionality reduction and efficient feature fusion [15]. The pre-processing in Sentiment
Emotion Recognition (SER) also important and need to extract features to improve performance [16-20].

A dataset fraught with occlusion, illumination variance, and demographic imbalance is subject to a multi-stage
transformation protocol [14]. Unlike standard data augmentation strategies that prioritize pixel-level randomness, this
protocol incorporates landmark-preserving affine transformations, mask-aware augmentation [15], and expression-
preserving histogram equalization.

In this research 10-fold [22] cross validation was applied to split training and testing sample, 10-fold cross validation is
useful for robust model development which partitions data in dynamic manner. further hybridization of more than
techniques may improve performance of the model. Many authors [21-23] have used hybrid model of Deep Learning and
Principal Component Analysis for FER.

The WDCREF is inspired by Conditional Random Field [24-25] and serves as a learnable temporal alignment layer that
models emotion transition probabilities, enabling cognitively realistic and smooth prediction sequences. By discouraging
abrupt emotional shifts, it improves F1-Score for volatile classes and enhances the realism of output distributions.

The proposed WDCREF is a hand-crafted feature alignment and semantic grounding module that bridges the gap between
traditional descriptor-based features and deep neural network representations. WDCRF operates as a post-hoc fusion
module, hybrid of ResNet-18-BiLSTM produces its temporal embedding [16] which is concatenated with WDCRF-
aligned vector before classification.

The architecture departs from depth-driven FER by emphasizing spatiotemporal fidelity, label coherence, and cognitive
plausibility, using ResNet-18, BiLSTM, and WDCREF to enhance both prediction quality and theoretical insight. The
experimental results revels that proposed model achieves accuracy=88.85%, precision =87.0%, sensitivity=87.0%,
specificity=97.3% and F1-Score= 87.0% which is higher than hybrid ResNet-18 and BiLSTM, ResNet-18 only and
BiLSTM only models. Models were also tested on different types of occlusion and results were found satisfactory. During
ablation study also hybrid of ResNet-18, BILSTM and WDCREF has shown significant performance with F1-Score of 66%.

2. Methodology

Emotion recognition is a computer vision technique that identifies emotion based on facial expressions. It analyzes
emotion such as Happiness, Sadness, or Anger by converting subtel facial texture changes (wrinkles around the lips, eyes
and forehead) into numerical data. The overall process for FER of the proposed model development with different
methods, techniques, and algorithms is shown in Figure 1 through process flow diagram in 10 different blocks. These
blocks can be divided further into five different sections as below:

i. Data Collection and Data preprocessing.

ii. Handcrafted Feature Extraction and WDCREF based feature alignment.

iii. Spatial Feature Extraction trough ResNet-18 and reshape feature map.

iv. Temporal Modelling through BiLSTM.

v. Feature Fusion and Classification.

The detail of each step are as below:
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Fig. 1. Process flow diagram of proposed ResNet-18+BiLSTM+WDCRF Model.
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i. Data collection and Data pre-processing

FER2013 data collected from kaggle [13] [27] provides a large-scale static of 48X48 grayscale images. This dataset
captures real-world variability, which is frequently scarce in laboratory corpora. Due to its significant noise, pronounced
class imbalance, low spatial resolution, and limited annotation depth, it is a demanding yet realistic benchmark for
assessing emotion detection models. Dataset contains 35,887 images of seven emotions: anger, disgust, fear, happiness,
sadness, surprise, and neutrality and consists three directories: Train, Test and Val again consisting 7 subdirectories of 7
emotion classes.

Data preprocessing begins by accepting gray-scale images from the FER2013 dataset. Preprocessing transforms these
noisy, low-resolution inputs into geometrically and contrast-normalized representations. Techniques such as Bicubic
resizing, CLAHE (Contrast Limited Adaptive Histogram Equalization), and landmark-based augmentation (rotation,
translation, scaling) help retain micro-expressions, critical for subtle emotions like fear or disgust [28-29].

In order to feed a specific size of image to ResNet-18 an original image need to resize, Bicubic interpolation is used to
enhance image size by preserving quality of image. When an image is enlarge, new pixel values need to be estimated, this
technique estimated these values using 4X4 neighborhood around the target pixel and perform better than nearest neighbor
and bilinear [31]. CLAHE on the other hand, is an advanced digital image enhancing technique specially when images
contains dark, bright or non-uniform illumination used to enhance local contrast and reveal hidden details in both light
and dark areas of an image. Unlike standard global contrast enhancement methods, CLAHE works by dividing the image
into small, overlapping blocks or tiles and equalizing the histogram for each tile separately. It applies contrast limiting
by clipping the histogram at a predefined threshold before equalization. This prevents algorithm from overly amplifying
background noise, which is a common flaw in older adaptive methods and enhances eye regions, nasolabial folds, smile
contours and eyebrows to identify facial emotions in better way [29-30]. Alpha-class augmentation policy is an
augmentation technique which operates on a particular class to resolve class imbalance problems. In FER 2023 dataset
many emotions like fear and disgust have relatively few samples. This techniques generates additional few samples for
classes having less number of samples. In order to address image quality and class imbalance issues, step by step pre-
processing as shown in Figure 2 is applied which includes up scaling of image to 96x96 pixels to improve feature retention
in deeper CNN layers [32] [34] using bicubic interpolation and then CLAHE to enhance micro-expressions around key
regions (eyes, lips) also low-quality images with severe blur, occlusion, or mislabelling were filtered using edge-density
heuristics and feature-space clustering [33]. The enhanced image is then normalized usinf z-score normalization technique
and finally data are augmented to meet out class imbalance problem. The final outcome from this pre-processing block is
pre-processed image I*
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Fig. 2. Data preprocessing pipeline.

ii. Handcrafted Feature Extraction and WDCREF based feature alignment

The pre-processed image I* obtained from data pre-processing block is then feed to next block called handcrafted feature
extraction and WDCREF. This step consist two subparts first handcrafted feature extraction and second, proposed WDCRF
for generating WDCREF aligned vector. Handcrafted features are extracted through Histogram of Oriented Gradient
(HOG), Local Binary Pattern (LBP). The suggested approach uses complementary feature representations to improve
facial emotion identification by integrating HOG and LBP [36-37].

HOG is a powerful feature extractor recognizer used to recognize human facial expressions. This technique is used to
capture edge, shape, and structural information of image as facial geometry changes during various emotions, say for
example in case of happy emotion geometry of mouth become curved and cheek raised.
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The working principle of HOG starts with grayscale input image, compute gradient, divide image into cell (Typically 8X8
pixels each), and create orientation histogram (a-180 degrees), block normalization and finally feature vector generation,
each step having mathematical formula and HOG records global form and contour [39].

The LBP algorithm is a texture descriptor that analyzes facial image through various steps involving mathematical
formulation, in first step image is divided into 3X3 digital image region and comparison with center pixel is performed,
if the neighboring pixels have a value greater than the center pixel, a 1 is recorded, otherwise a 0 and in the second step
for each region, histogram in binary patterns is generated. A histogram is created from all these numbers, which represents
the facial features [38]. Finally classification in the exact sentiment is determined by comparing this histogram data with
a pre-existing sentiment database. LBP encodes local micro-patterns surrounding facial features [40].

Finally features of HOG and LBP are combines and feeded to PCA. PCA is a mathematical and ML technique used in
emotion recognition to simplify data and extract key features [10] [41]. It helps computers quickly and accurately infers
emotion facial expressions or voice. When we analyze facial expressions (such as Happiness, Sadness and Anger) or
speech patterns (voice), the data becomes too vast and complex for a computer to process. For example even a small
picture contains thousands of pixels [29]. PCA reduces the size of this complex data (dimensionality reduction), retaining
only the important parts or patterns that identify the emotion, while removing the rest of the unnecessary information
(noise). It work in emotion recognition when PCA is used to recognize facial expressions, it is often called Eigenfaces. It
extracts mathematical values for key facial features (such as eye distance, lip shape, forechead wrinkles) and creates a
model [42].

These extracted features are then feed to proposed WDCRF to get WDCREF aligned vector X’h. The working process of
WDCREF is as below:

Step 1: X'}, is projected via a learnable matrix Wy into the alignment space as Xy, _proj =Wh. X;,

Step 2: Cosine similarity to each class centroid ci is computed: Sk = cos (X, _proj, ck)

Step 3: Similarities are ranked and top-m dimensions are selected

Step 4: The output is X'y, the WDCRF-aligned vector which is semantically consistent, emotionally grounded, and stable
across noisy or occluded inputs.

iii. Spatial Feature extraction through ResNet-18 and reshape feature map

ResNet-18 is a CNN architecture in which input to the layer is added to the output before passed it to the future layer. The
CNN encoder uses a modified ResNet-18 adapted for 48x48 FER2013 grayscale images. Inputs are upscaled to 96x96 in
step 1 and replicated across three channels for ImageNet compatibility, forming pseudo-RGB tensors for feature extraction
as input tensor as RN96x96<3

Where:

N is the batch size.

96x96 is the spatial resolution.

3 denotes the RGB color channels.

Each convolutional layer performs localized filtering by sliding a 3D kernel. A convolutional kernel of size 3x3%xCin
operates over a local spatial window of the input tensor [44-45], computing weighted sums over channels and producing

a feature map of shape:
output : RNXHoutXWoutXCout

Hi—K+2P Wi-K+2P Ci—K+2P

where Hoye = ———+1, Woue = ————+1, Cope = "——+1

Where H is hight (The vertical dimension of the image or feature map, measured in rows), W is width (The horizontal
dimension of the image or feature map, measured in columns), C is the channels (The number of channels or feature map
in the input/output Tensor).

0= [I K+2P]_|_1

Where O is the output feature map size, I is the input size, K is the kernel size (typically 3), P is the padding (typically 1),
and S is the stride (typically 1). Table 1 shows the parameters: kernel, stride, output shape and channels of ResNet-18
architecture used in this research.

Table 1. Initial Layers of ResNet-18

Layer Kernel Stride Output Shape Channels
Convl 77 2 48%x48%x64 64
MaxPool 3x3 2 24x24%x64 —
ResBlock1 3x3 1 24x24%x64 64
ResBlock2 3x3 2 12x12x128 128
ResBlock3 3x3 2 6x6x256 256
ResBlock4 3x3 2 3x3x512 512

The final ResNet-18 tensor (RN3*3*312) is flattened into 9 tokens or up sampled to 36 each representing a 512D patch
descriptor. Max Pooling (2x2 or 3x3) reduces spatial size while preserving key activations for FER2013. Pooling layers
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are placed after the first convolution and within residual blocks. They reduce the number of computations in subsequent
layers, Impose translation invariance and avoid over fitting by discarding fine-grained noise [44]. Instead of applying
Global Average Pooling, spatial feature maps are preserved to support temporal modeling, while a parallel LBP stream
[37-38] enhances micro-texture sensitivity for subtle emotions like fear and disgust. This fusion improves fine-grained
facial representation [29].

LBP-enhanced features are then concatenated with the ResNet-18 outputs and passed through a 1x1 convolution fusion
layer:

This low-parameter convolution performs channel mixing and feature compression, yielding a refined tensor RN*6x6xD

where D is the reduced feature dimensionality. The fused feature tensor Fseq]RN X6x6XD g reshaped into a temporal
sequence:

Fseq c RNXSBXD

Where:
36 = 6 x 6 spatial tokens (preserving local emotion encodings).
D = number of channels (e.g., 512 post-fusion).

iv.Temporal Modelling through BiLSTM
ResNet-18 capture local spatial features but lack sequential awareness, limiting modeling of progressive affect. Integrating
a BILSTM [35] over spatially ordered ResNet-18 patches introduces pseudo-temporal context, enabling extraction of
topology-aware emotional patterns. The output tensor from the ResNet-18 + LBP fusion block is reshaped into a sequence
of the form:

X e RN*TXD where T =36 and D = 512

Each of the T=36 tokens corresponds to a flattened patch from the 6x6 spatial grid, and each token is a 512-dimensional
vector encoding the local convolutional and texture-aware features.

The BiLSTM outputs a sequenceRN X36x512
to collapse time steps into a single feature vector R

, which is passed through a self-attention or global average pooling module
Nx512

v.Feature Fusion and Classification

Features from hybrid of ResNet-18 and BiLSTM [11]: h, and WDCRF: X’} are concatenated to produce hcombined these
manually created features offer strong multi-level descriptors that improve emotion classification accuracy, especially for
unclear or poor-quality facial inputs. This handcrafted feature, forwarded to a fully connected classification head for
prediction over the 7 emotion classes of FER2013. Finally the softmax output § € R7 yields class probabilities, p(y) for:
Angry, Disgust, Fear, Happy, Sad, Surprise, Neutral.

The Pseudo code of entire process as proposed algorithm is as below:

Algorithm: Hybrid of ResNet-18, BILSTM and WDCRF model for Facial Emotion Recognition (FER)
1: Input

I: Input grayscale facial image of size 48%x48

Xn: Handcrafted feature vector and

C: Emotion class labels: Angry, Disgust, Fear, Happy, Sad, Surprise, Neutral

2: Output

¥: Predicted emotion label and

p(¥): Class probability vector

3: Step 1: Data Preprocessing

4: Resize image I to 96x96 using bicubic interpolation

5: Apply CLAHE for local contrast enhancement

6: Normalize image intensities using Z-score per batch

7: Augment image if class is underrepresented (a-class policy) using N-class augmentation
8:Get preprocessed image I*

8: Step 2: Handcrafted Feature Extraction
9: Compute HOG and LBP features from preprocessed image I*
10: Reduce dimensionality using PCA — get Xj (low-dimensional handcrafted feature)

11: Step 3: WDCRF-Based Feature Alignment
12: Project handcrafted feature X; using learnable projection, Wi: Xi_proj = Wn.Xh
13: for each class k do
14:Compute cosine similarity Sk= cos (Xi _proj, class centroid c)
Rank features by Sk and select the top-m semantically aligned components
Generate WDCRF-aligned vector X'y,
15: end for
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16: Step 4: Spatial Feature Extraction through ResNet18
17: Feed preprocessed image I* into the ResNet-18 backbone
18:Extract feature map F «— ResNet (I*)

Apply LBP-enhanced convolutional fusion (Fs = Fs || LBP(I*))

19: Step 5: Reshape Feature Map for Sequential Modeling
20:Flatten Fs spatial grid into pseudo-sequence F;= flatten(F;) — shape [T, D]
Where, T = 36 time steps (6x6) and D = 512 channels

21: Step 6: Temporal Modeling using Bi-LSTM
22: Process F, with Bi-LSTM — get temporal embedding h, R0
23: Apply zone out regularization and gradient clipping

24: Step 7: Feature Fusion
Concatenate h; and X’y — h_combined = [he || X 4]

25: Step 8: Classification

26: Feed h combined into:
Dense Layer (1024 — 256) + ReLU + Dropout
Output Layer (256 — 7 classes)
Apply Softmax — get probability vector p(¥)

27: Step 9: Prediction
28: Select the class with the highest probability:

¥ = argmax(p(y))

29: Step 10: Output Result
Return § and p(¥)

3. Performance Measures
In order to measure performance of individual and hybrid models, following performance measures were used:

TP + TN

A = 1
ceuracy TP+ TN +FP +FN @

Precision = TP FP 2

Sensitivity/Recall - 3
ensitivity/Reca = T¥N+ N 3)

Specificity = IN+FP (4)

Fl—§ 5 Precision X Recall .
— = X

core Precision + Recall ®)
Where:

True Positive (TP): Is correctly classified positive sample.

False Positive (FP): Is incorrectly classified positive sample.
True Negative (TN): Is correctly classified negative sample.
False Negative (FN): Is incorrectly classified negative sample.

4. Experimental Setup

The hybrid FER models were developed using Python 3.10. All experiments for training and evaluation were conducted
on a high-performance workstation equipped with an 11th Generation Intel® Core™ i5-11400 processor (2.60 GHz) and
8 GB of RAM. The system operated on Windows 11 Pro, Version 24H2 (OS Build 26100.6899), with Windows feature
experience pack version 1000.26100.253.0. This hardware configuration was selected not merely for speed but also for
memory headroom, which proved critical for sequence unrolling in LSTM layers and for high-resolution intermediate
tensor storage (96x96x512). Additionally, mixed-precision training (FP16 with dynamic loss scaling) was employed to
reduce the memory footprint without degrading convergence. Training parameters used for ResNet-18 and BiLSTM are
shown in Table 2.

Table 2. Training Parameters

Parameter Value
Epochs 120
Batch size 64
Optimizer AdamW
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Initial Learning Rate for ResNet18 | 1e*
Initial Learning Rate for BILSTM | le?

Learning Rate Scheduler CosineAnnealingl R
(T _max=60)
Weight Decay (L2 Reg) 0.0005
Gradient Clipping max_norm=5.0
Dropout (BiLSTM) 0.3
DropBlock (CNN encoder) block size=3, drop prob=0.25

12 epochs (based on val F1)
Weighted Cross-Entropy + Focal

Patience (Early Stopping)
Loss Function

5. RESULT ANALYSIS

The models were trained via 10-fold stratified cross-validation using pre-processed data as explained in earlier section.
The experimental results and performance comparisons are presented to evaluate the effectiveness of the proposed model.
Confusion matrices of various models are shown in Figure 3 (a), (b), (c), (d) which clearly shows that per class
classification of sample is highest in case of hybrid ResNet-18+BiLSTM+WDCRF followed by hybrid ResNet-
18+BiLSTM and ResNet-18 only, BILSTM only.

On the basis of mathematical formula of various measures as shown in equations 1-5 and by using confusion matrices as
shown in Figure 3, the performance of the models were calculated and shown class wise in Table 3 for ResNet-18, in z

- SR RN T

(a) (b)

(©) (d)

Fig. 3. Confusion Matrix (a) ResNet-18 (b) BiLSTM, (c) ResNet-18+BiLSTM, (d) Hybrid of ResNet-
18+BiLSTM+WDCREF.

Table 3. Class-wise performance in % of the ResNet-18 model.

Emotion Class | Accuracy | Precision Sensitivity Specificity (%) | F1-Score
(Recall)
Angry 77.6+19 | 74.0+2.0 | 72.0+2.0 91.0+£2.0 73.0+2.0
Disgust 80.5+2.1 | 72.0+3.0 | 70.0+3.0 94.0+1.9 71.0+3.0
Fear 742+20 |70.0+3.0 | 67.0+3.0 89.5+3.0 68.0+3.0
Happy 90.8+1.1 |90.0+1.0 |83.0=+1.0 97.0+1.0 89.0+1.0
Sad 754+18 | 70.0+2.0 | 69.0+2.0 88.8+2.0 69.0+2.0
Surprise 869+14 |850+1.0 |86.0+1.0 95.0+1.0 85.0+1.0
Neutral 78.7+1.6 | 750+£2.0 | 74.0+£2.0 91.0+2.0 74.0+2.0
Table 4. Class-wise performance in % of the BILSTM mode
Angry 65.7+£2.1 |62.0+3.0 | 61.0+3.0 83.6+3.0 61.0+3.0
Disgust 782+28 |64.0+40 | 57.0+3.0 93.6+3.5 60.0 £ 3.0
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Fear 68.9+23 |63.0+3.0 |59.0+£3.0 84.0+3.0 61.0+3.0
Happy 80.3+1.9 |75.0+20 |73.0+20 914+19 74.0+2.0
Sad 642+25 | 60.0+30 |58.0+3.0 83.2+3.0 59.0+3.0
Surprise 81.5+1.7 | 74.0+20 |76.0+20 93.0+2.0 75.0+2.0
Neutral 69.8+20 |650+30 | 64.0+2.0 84.6+2.0 64.0+2.0
Table 5. Class-wise performance in % of the hybrid ResNet-18+BiLSTM model
Emotion Accuracy | Precision | Sensitivity (Recall) | Specificity (%) | F1-Score
Class
Angry 872+1.5 | 850+20 |83.0+1.0 97.8+1.0 86.0+2.0
Disgust 794+22 | 780+4.0 | 76.0+3.0 97.7+3.0 77.0+3.0
Fear 81.6+1.9 | 82.0+30 |78.0+20 96.5+2.0 80.0+2.0
Happy 945+09 |950+1.0 |93.0+£1.0 98.5+1.0 94.0+1.0
Sad 86.1£1.7 | 84.0+20 | 85020 96.5+£2.0 84.0+2.0
Surprise 91.3+12 |90.0+1.0 |93.0+£1.0 98.2+1.2 91.0+1.0
Neutral 899+14 |89.0+20 |83.0+2.0 98.3+2.0 88.0+1.0

Table 6. Class-wise performance in % of the hybrid ResNet-18+BiLSTM+WDCRF model

Emotion Class | Accuracy | Precision Sensitivity (Recall) | Specificity (%) | F1-Score
Angry 89.1+£13 | 87.0+£2.0 |90.0+1.0 98.2+1.3 88.0+ 1.0
Disgust 82.6+18 | 81.0+3.0 |79.0+3.0 98.1+3.0 80.0+2.0
Fear 843+17 |850+20 |82.0+2.0 97.0+2.0 83.0+2.0
Happy 96.1+£0.7 [96.0+1.0 |95.0+1.0 98.8+1.0 95.0+1.0
Sad 88.0+15 | 86.0+20 |87.0+2.0 96.8+£2.0 86.0+2.0
Surprise 93.5+09 [920+1.0 |95.0=+1.0 98.6+1.0 93.0+1.0
Neutral 91.6+12 |91.0£2.0 |90.0+1.0 98.5+1.0 90.0+1.0
Table 7. Comparative Performance in % of all developed models.
Model Accuracy | Precision Sensitivity | Specificity F1-Score
Y%

ResNet-18 Only 79.1+16 |760+2.0 | 75.0+2.0 224)1 +2.0 75.0+2.0

BiLSTM Only 71.8+2.0 | 650+3.0 |63.0+3.0 |87.2+3.0 64.0+3.0

ResNet-18+BiLSTM | 843+14 | 83.0+2.0 |83.0+£2.0 |959+2.0 83.0+2.0

ResNet-18 +BiLSTM | 88.5+1.2 | 87.0+1.0 |87.0+1.0 |97.3+1.2 87.0+1.0

+ WDCRF

(Proposed)

As per the comparative results presented in Table 7, hybrid ResNet-18 + BiLSTM + WDCRF model outperforms the
others with the highest accuracy 88.5 + 1.2, precision 87.0 + 1.0, sensitivity 87.0 = 1.0, specificity 97.3 £ 1.2, and F1-
Score 87.0 = 1.0. By contrast, the ResNet-18-only and ResNet-18 + BiLSTM models perform moderately, with ResNet-
18 + BILSTM accuracy 84.3 + 1.4 outperforming ResNet-18-only 79.1 £ 1.6, while the BILSTM-only model performs
the worst accuracy 71.8 £ 2.0 and F1-Score 64.0 £ 3.0.

The comparative bar chart of all the develop models is also shown in Figure 4. On the other hand class wise, performance
of all the develop models in terms of ROC-AUC (Receiver Operating Characteristics -Area Under Curve) score is also
shown in Table 8, which also justify ResNet-18 + BILSTM + WDCRF achieved ROC-AUC score more 90% across all
classes. ROC-AUC curve for all classes of hybrid ResNet-18 + BiLSTM + WDCRF is shown in Figure 5. ROC-AUC
evaluates classification performance across thresholds, measuring discriminative ability, and is especially useful for
imbalanced datasets like FER2013, with scores near 100% indicating strong class separation.
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Fig. 4. Comparative performance measures across all models.

Table 8. ROC-AUC scores in % for each emotion class across models
Emotion ResNet-18 BiLSTM ResNet-18 + Hybrid ResNet-18 +
Class Only Only BIiLSTM BiLSTM + WDCRF
Angry 72 66 84 93
Disgust 68 64 81 91
Fear 69 65 83 92
Happy 75 70 86 94
Sad 71 66 82 90
Surprise 73 69 85 92
Neutral 70 67 83 91

On the basis of above comparative results analysis, following are the emotion specific observation:

1. Happy consistently receives the highest ROC-AUC across all models, likely due to its high intra-class consistency and
distinct visual markers (e.g., lip curvature, cheek elevation) [30][43].

2. Disgust and fear benefit most from the WDCRF layer, which compensates for low baseline signal quality by leveraging
contextual boundary reinforcement [29-30].

3. Neutral sees a significant jump from 70% (ResNet-18) and 67% (BIiLSTM) to 91% in the hybrid model [29-30],
suggesting improved modeling of low-activation, ambiguous facial states—historically the hardest to classify due to weak
signal contrast.

P M NS Caarve Absgry R L R Hyhwnl Mtet | W Carem: Paar

/
us as us
g § oo
- - —
= ) = .
= - - e — P — - oennn
e ——— L —— B 11 S ———
. ) we we aa s . 15 a we wn e - ") . > we va
boms Mosisve Reas Foia Poaraes Rate Voton Masstaes Mate
S MOde! RO Curew Pty St Modet - ROC Cutes S P tarnd Moaet - OC Cutve Surpties
1 ( ‘
/f J ,f
. / .
/ " / . /
. /’ s / ? /
- -’/ /'/
us i » - <
e . o R— N - 030 B i
. — 20 ——— = S———
e o e . 0 - . " . an . n . u u w .
[ S e Prealis Rase - Poatitia Rase
(IR T SR ——
i — -

o) we ue
T Pt e Mt

Fig. 5. ROC curves for ResNet-18+BiLSTM+WDCREF for 7 emotion classes.

The hybrid model improves recognition of confusing classes like Disgust and Fear by combining handcrafted and learned
features. ROC-AUC curves show higher true positive rates and fewer false positives across emotions.

Performance of the proposed model is also compared with current state-of-the-art work as shown in Table 9 which clearly
reflects that proposed hybrid model is performing well as compared to the current research.
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Table 9. Comparison of proposed model with existing FER Methods

Author (Year) | Dataset Method / Reported Metric(s) Remarks
Architecture

Lee & Yoo FER2013 | CNN with ResNet-18 Accuracy = 77.83 % Baseline deep CNN without
(2023)[49] backbone temporal modelling
Zhao et al. FER2013 | Pertained with Accuracy = 60.29 % Incorporates channel
(2021)[50] + FER2013 and trained attention for local features

AffectNe | with AffectNet datasets

t using multi scale and

attention network.

Kopalidis et al. | AffectNe | Residual Masking Accuracy = 76.82% A comparative performance
(2024)[27] t Network of various models for FER
Ming et al. FER2013 | ACNN+ALSTM Accuracy =78.2 % Attention based mechanism
(2022)[11] hybrid model
Chaudhari et al. | FER2013 | Vision Transformer Accuracy = 56.94% Transformer backbone with
(2022)[26] (ViT) heavy parameters
Yang et al. FER Plus | MGAM and LiteViT Accuracy = 86.64% Optimized lightweight
(2024)[51] blocks F1-Score= 85.19% model for mobile FER
Hybrid deep FER2013 | ResNet-18 + BILSTM | Accuracy = 88.5 % F1- | Improved generalization;
learning model + WDCRF Score = 87% best class-wise balance
(Proposed) across seven emotions

6. Error Analysis

6.1 Occlusion Study

Occlusion study is used in computer vision and FER for checking robustness of the model by hiding different parts of
image systematically covered using mask and the effect of the model’s prediction are measured. The region of image
masked may be mouth, eye, eyebrows etc. which play important rule in process of emotion prediction. Table 9 shows
emotion detection accuracy under various occlusion conditions across all emotion classes [28-29]. This table clearly
reflects that mouth and eyes are the important parts for FER and hence decreasing accuracy about 9-25%

Table 10. Emotion detection accuracyy under occlusion conditions

Occlusion Type | Angr Disgust Fear | Happy Sad Surprise Neutral
Yy

No Occlusion 89.1 82.6 84.3 96.1 88.0 93.5 91.6

Masked Mouth 79.2 72.1 75.6 82.3 80.1 85.4 88.9

Covered Eyes 70.3 64.2 69.5 74.0 72.2 78.5 81.0

6.2 Ablation Study

Ablation study is systematic approach to check performance of models by removing different components of model one
by one and measure the contribution of each component. In this study F1-Score is used to check the performance. Table
10 shows the performance in terms of F1-Score by removing component one by one. Contribution of ResNet-18 is more
in proposed hybrid model as compared to BILSTM with F1-Score 75%. On the other hand F1-Score of hybrid of ResNet-
18 and BiLSTM is higher than individual model with 83% and finally proposed model outperforms with F1-Score =
87% and Table 11. shows the performance in ablation configuration for validation [52-53] .

Table 11. Ablation Configuration for Validation (In %)

Model Variant ResNet-18 | BIiLSTM | WDCRF F1-Score
ResNet-18 Only v X X 75
BiLSTM Only X v X 64
ResNet-18 + BILSTM | v v X 83
ResNet-18 + BiLSTM | v v 87
+ WDCRF

This paper presents the design, implementation, and performance evaluation of a deep hybrid architecture for facial
emotion recognition using the FER2013 dataset. Beginning with the CNN model, the study incrementally enhanced the
learning framework by introducing BiLSTM layers for temporal modeling and finally integrating handcrafted features
through the WDCRF. The proposed model, ResNet-18+BiLSTM+WDCRF, demonstrated clear superiority across all
evaluated metrics including accuracy= 88.85%, precision=87.0%, sensitivity=87.0%, specificity=97.3% and F1-score of
87.0%, across all emotion classes followed by hybrid Resnet-18 and BiLSTM, ResNet-18 only and BiLSTM only. The
ROC-AUC analysis provided a class-wise breakdown of discriminative capability, confirming substantial improvements
in challenging emotion categories such as disgust, fear, and sadness. Use of WDCRF proved especially effective in
semantically aligning handcrafted descriptors with deep features, resulting in enhanced representation power and
improved generalization. The final hybrid model consistently achieved ROC-AUC values above 0.90 across all emotions,
and F1-Scores significantly higher than those of baseline methods. Finally this research establishes that a carefully
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engineered hybrid approach combining spatial and temporal deep features with aligned handcrafted descriptors can
significantly advance the state of facial emotion recognition.
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