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Abstract

Facial Emotion Recognition enables machines to detect human affect
and react appropriately. Standard transformer FER networks demand
heavy computation - they fail on low power hardware that must work in
real time. We therefore introduce MobileViT-SECA, a small hybrid net-
work that extends the MobileViT backbone with two attention blocks ar-
ranged in series - first a Squeeze-and-Excitation (SE) layer then a Coordi-
nate Attention (CA) layer. The SE—CA stack raises channel selectivity and
sharpens spatial focus but keeps parameter count low. Trained on the eight
class AffectNet corpus, the network reaches an Fl-score of 86.2 % and
retains stable results on further FER test sets. Ablation tests verify that the
ordered attention pair yields clear gains over the standalone backbone.
Gradient based visual inspection reveals that the network locks onto salient
facial areas before it outputs a label. MobileViT-SECA thus trades a minor
accuracy drop for a major cut in compute load - it fits emotion aware soft-
ware that must run on everyday edge hardware.
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1. Introduction

A profound comprehension of people's
emotions is essential when designing cur-
rent Human-Computer Interaction (HCI)
systems. Automatic detection of users'
emotions contributes significantly to im-
proving the adaptiveness of systems in
terms of engagement, quality of service
provided, and building trust between users
and HCI systems [1]. One of the most fea-
sible techniques used in emotion recogni-
tion involves analyzing facial expressions
of users (Facial Expression Recognition or
FER). Facial expressions of individuals are
considered trustworthy indicators of their
emotions and appear to be rather similar
across diverse cultures and ethnic groups
[2]. Conventional approaches to FER in-
volved manual feature extraction followed
by using traditional machine learning algo-
rithms. The use of techniques like Local Bi-
nary Patterns, Histogram of Oriented Gra-
dients, and Support Vector Machines has
been quite widespread in the past [3].
Though these methods demonstrated decent
results in laboratory conditions, in the real
world, their performance was negatively af-
fected by factors like varying illumination,
head pose, and partial occlusions [4]. With
the advent of deep learning methods and in
particular CNN models, there have been
significant advancements achieved in this
sphere. Vision Transformer models gained
popularity because they allowed modeling
long-range dependency and relationships
between features at different levels of ab-
straction. The combination of convolu-
tional neural networks with vision trans-
formers resulted in hybrid architectures,
such as EmoNeXt, which demonstrated an
excellent performance in terms of emotion
detection [5].

Nevertheless, the application of the pro-
posed approaches in real-life situations of-
ten implies high computational complexity,
making the models heavy. Many trans-
former-based FER models are too bulky for
effective usage in real-time applications, so
recently, several lightweight approaches
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have been proposed. Lightweight Vision
Transformer and LiteFER architectures
proved to be highly accurate and effective
for FER tasks [6]. Still, recognizing visu-
ally similar emotions, such as sadness, an-
ger, fear, and surprise, in various challeng-
ing conditions, including low lighting or
partial occlusions, continues to be rather
difficult. One of the reasons for that may lie
in insufficient consideration of channel im-
portance and spatial dependencies by light-
weight models [7].

In this research, a new FER architecture is
suggested, based on embedding SE and CA
modules into the MobileViT backbone. The
sequential SE—CA strategy, termed
SECA, is applied to augment both channel-
wise recalibration and spatial feature en-
coding. The obtained MobileViT-SECA
model is expected to deliver a high recog-
nition accuracy at competitive inference
times. The experiments assess the follow-
ing criteria: recognition accuracy, inference
latency, cross-dataset generalization abil-
ity, and behavioral correlation. Moreover, a
user-friendly GUI tool for the real-time
emotional response detection is imple-
mented. In summary, this paper makes the
following contributions:

* Lightweight dual-attention FER architec-
ture (MobileViT-SECA): The architecture
includes SE and CA modules into the Mo-
bileViT backbone employing the sequential
strategy. This approach enhances both
channel discrimination and spatial aware-
ness with minimal additional complexity.

« Information-theoretic analysis of attention
fusion: The SE—>CA mechanism is ex-
plored from an information-theoretic per-
spective. According to the mutual infor-
mation estimates, computed via the
Kraskov—Stogbauer estimator with boot-
strap-based confidence intervals, the fused
representation is characterized by a higher
informativeness with reduced redundancy.
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» Experimental evaluation of the SECA ar-
chitecture: Several experiments are per-
formed, including multi-seed ablation stud-
ies, comparison of alternative strategies
(CA—SE and parallel configurations), and
attention module benchmarking (CBAM,
ECA, and SFA). The experiments focus on
class-specific metrics, confusion matrices,
calibration, and cross-dataset generaliza-
tion on RAF-DB and FER-Plus.

* Model deployment and interpretability
evaluation: The proposed model is evalu-
ated in real-time CPU-based settings on
various platforms. Additionally, the quanti-
zation analysis, demographic bias assess-
ment, and interpretability metrics (Grad-
CAM loU and attention entropy) are ex-
plored.

In general, these results demonstrate that at-
tention fusion may benefit the performance
of lightweight transformers used for FER
tasks while preserving low computation
costs. Finally, the structure of the remaining
sections of this paper is outlined as follows.
In Section 2, related literature on facial
emotion recognition and lightweight trans-
formers is reviewed. Section 3 elaborates
on the architecture of the proposed Mo-
bileViT-SECA model and attention fusion
strategy. Section 4 provides details about
the experimental setting and evaluation
methodology. In Section 5, experiment re-
sults and ablation studies are discussed.

2. Related Work

Over the years 2022 to 2025, the develop-
ment of FER models became extremely
rapid, mainly due to the introduction of ef-
ficient lightweight hybrid architectures
based on transformers. It is evident that
compact transformer-based architectures
offering a good compromise between effi-
ciency and accuracy are replacing classical
CNN-only pipelines, as confirmed in sev-
eral studies (see also Table 1). The first
study we will consider here is Arslanoglu et
al. [8], where the authors demonstrate high
accuracy (95.13% on CK+, 90.90% on
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KDEF) for the state-of-the-art PiT architec-
ture compared to four other vision trans-
former models. The results confirm that
small-scale vision transformer architectures
show competitive performance in con-
trolled environments. A similar conclusion
is reached by Joshi et al. [5] in their com-
parative study of 13 transformer models in
FER on AffectNet. In both cases, however,
it seems that the experiments are conducted
on well-prepared data, which raises doubts
concerning the generalization power of the
models on more challenging datasets.

A step towards tackling this challenge
comes in the work of Xue et al. [7], which
utilizes an attentive pooling mechanism
(APP and ATP), applied in a Vision Trans-
former setting. Experiments confirm the ef-
fectiveness of their approach, not only in
terms of performance, but also with regard
to robustness against noise. Nonetheless,
while the attentive pooling mechanism im-
proves the spatial selectivity, it is primarily
focused on the improvement of pooling
procedures in terms of their accuracy and
efficiency. Another line of research into
transformer-based FER relies on more ex-
tensive comparative analysis of multiple
models. Thus, in the work of Bobojanov et
al. [9], it is shown that two architectures,
MobileViT and CrossFormer, are superior
in their ability to provide good tradeoff be-
tween the complexity and recognition effi-
ciency (on RAF-DB and FER2013 da-
tasets). Moreover, according to Bobojanov
etal. [9], MobileViT is a good candidate for
FER tasks with time constraints. Unfortu-
nately, the paper focuses mostly on data
balancing techniques and  different
measures of performance, with attention
mechanisms not receiving sufficient atten-
tion. Similar results were obtained by Liang
et al. [10] in another comparative study in-
volving transformer-based FER (Mo-
bileViT). To reduce the inference latency
on the RAF-DB and FERPIus, the authors
augmented their model with three attention
modules (CBAM, ECA and ATS). Despite
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impressive results, it is necessary to men-
tion that the proposed approach does not in-
vestigate the influence of the modules' or-
dering and interactions.

Hybrid approaches offer a different ap-
proach to FER through the combination of
convolutional locality and global attention
[11]. Specifically, EmoNeXt [4], which
fuses ConvNeXt with some transformer
building blocks and SE-based enhance-
ments, illustrates that the fusion of those
two properties can improve performance on
the FER2013 dataset. Nevertheless, there is
no attempt to make the resulting system
particularly lightweight or optimized for
CPU inference. Multimodal transformers
have been explored simultaneously to the
advancements made in the area of unimodal
FER.

Regarding ABAWS5 challenges, the authors
of [12] designed a multimodal transformer-
based encoder with integrated cross-modal
attention mechanisms, achieving impres-
sive results in terms of facial expression
and valence-arousal regression. Likewise,
Park et al. [13] proved that multimodal fu-
sion within a ConvViT framework allows a
considerable improvement in the emotion
detection accuracy under clinical condi-
tions. Although such an approach is empha-
sized in both papers for its benefits, the pro-
posed solutions were far from being light-
weight or aimed at developing light interac-
tive systems.

Efficient transformer variants have been
developed more recently. When compared
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against  MobileVIiT  architecture on
ImageNet-sized benchmarks, MicroViT
[12] managed to reduce the number of pa-
rameters up to 40% and speed up inference
up to 3.6x times by using Efficient Single-
Head Attention (ESHA). Moreover, Xu et
al. [7] introduced a Sequential Fusion At-
tention (SFA) mechanism based on chan-
nel-spatial fusion, showing its potential to
improve accuracy while adding a minimal
number of FLOPS. Thus, it becomes evi-
dent that attention mechanisms play an im-
portant role in feature extraction and model
training. Yet, it should be noted that those
advances are primarily evaluated on gen-
eral computer vision tasks. In addition, the
evaluation of CPU-inference time, statisti-
cal significance, and impact of the attention
fusion order (channel-first vs spatial-first)
still remains underexplored.

Analyzing the related works, one can find
three clear trends among them. The first
trend is associated with attention-based
mechanisms utilized to improve feature
representation or refinement without a par-
ticular approach to integrate them into the
system architecture [10, 11]. The second is
concerned with the development of light-
weight transformers, where MobileViT
emerges as a promising baseline for effi-
cient FER because of its good trade-off be-
tween performance and efficiency [6, 9].
Finally, a considerable number of recent ef-
ficient models focus on reducing the num-
ber of parameters and accelerating infer-
ence, neglecting extensive validation in the
context of FER [7, 12].
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Table 1: Summary of Related FER Studies (2022—2025).

Study Model / Mech- | Dataset Accuracy | F1 Params | GFLOPs | Latency /| Edge De-
anism (%) (%) (M) FPS ployment
Arslanoglu Pyramid  Vi- | CK+ 95.13 NR 25.0 NR ~40 ms Yes
etal. [8] sion Trans-
former (PiT)
KDEF 90.90 NR 25.0 NR ~40 ms Yes
Xue et al. | VIiT + | AffectNet 65.23 NR NR NR NR NR
[13] APP/ATP (7-class)
Bobojanov MobileViT RAF-DB 74.28 NR NR NR NR NR
etal. [9] FER2013 62.73 NR NR NR NR NR
CrossFormer RAF-DB 72.47 NR NR NR NR NR
FER2013 59.95 NR NR NR NR NR
LiteFer [10] | MobileViT + | RAF-DB 85.19 NR 0.98 0.218 NR NR
CBAM + ECA | FERPlus 86.64 NR 0.98 0.218 NR NR
Vats & | Swin  Trans- | AffectNet NR 54.20 | NR NR NR NR
Chadha [11] | former + SE
El Boudouri | EmoNeXt FER2013 69.84 NR 3.64 NR NR NR
& Bohi [4] (ConvNeXt
Hybrid)
Setyawan et | MicroViT ImageNet- | 78.40 NR 5.00 0.80 3.6x faster | Yes
al. [12] (ESHA) 1K than Mo-
bileViT
Xuetal. [7] | Sequential Fu- | CIFAR- 83.42 NR NR NR NR NR
sion Attention | 100
(SFA)
However, despite these developments, 3. Methodology

there remains a gap in understanding the
impact of structurally combining channel
attention and spatial attention in an ordered
manner for improving FER performance,
while keeping the computational complex-
ity low. For a more organized presentation,
Table 1 provides a comparative summary of
the architecture, dataset, and deployment-
related features of several selected works
from 2022 to 2025. As can be seen from this
comparison, there is no systematic study
conducted regarding the effect of attention
combination order, nor have any experi-
ments been done on real-time CPU-based
deployment. Hence, driven by such re-
search gaps, the following framework seeks
to incorporate the SE-CA sequential com-
bination approach in the MobileViT back-
bone architecture and examine its efficacy
through deployment-oriented metrics.
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The framework is described comprehen-
sively within this section, which entails the
entire system flow, architecture design, data
preprocessing, training settings, evaluation
process, and deployment study. Everything
concerning experiment setup and imple-
mentation procedures has been clearly
stated to guarantee reproducibility and al-
low for independent validation of all com-
ponents of the architecture.

3.1 System Pipeline

The workflow of the proposed framework
1s demonstrated in Figure 1. The process in-
volves three main stages: face detection and
alignment, pre-processing of the image, and
emotion recognition by applying the pro-
posed MobileViIT-SECA model. Specifi-
cally, face detection and alignment occur
through application of MTCNN for detect-
ing face regions and obtaining five-points
facial landmarks to be robust towards vari-
ous poses. The aligned face area is centered,
cropped and resized to 224 x 224 in order
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to align with the needs of the backbone net-
work. Normalization occurs at this stage
through use of ImageNet statistics of
(mean: 0.485, 0.456, 0.406; std: 0.229,
0.224, 0.225) to make the images consistent
with the pretrained initialization. The pre-
processed facial image is provided to the
proposed MobileViT-SECA for generating
eight-dimensional logit vector based on the
Oe

given emotion categories. The softmax ac-
tivation provides the predicted label. In or-
der to ensure real-time applicability, detec-
tion and inference are performed in parallel
on the same environment. However, imple-
mentation details are not included for sim-
plicity and brevity.

Emotion

Image Acquisition

Face Recognition

Recognition

MobileViT"
SECA

Emoonizes
eonspeception

-

Service Acceptance

Analytics

Figure 1:The MobileViT-SECA emotion-recognition system block diagram (designed by au-

3.2 MobileViT-SECA Architec-
ture

Figure 2 shows the proposed architec-
ture and Table 2 gives a summary of its de-
tailed layer wise configuration and compu-
tational characteristics. Figure 3 also shows
how the dimensions of feature representa-
tions change as they move through the at-
tention pipeline. It does this by explicitly
tracking tensor transformations across the
SE-Transformer—CA sequence. The net-
work takes in a facial image that is 224 x
224 x 3 pixels and starts with a convolu-
tional stem that works as a patch-embed-
ding layer. A 4 x 4 convolution with a stride
of 4 makes a feature map that is 56 x 56 x
96 which lowers the spatial resolution while
raising the channel depth. After that a SE
module improves this representation by re-
calibrating the channels using global aver-
age pooling and then two fully connected
transformations with a reduction ratio of
16. By modeling global contextual depend-
encies, the SE mechanism puts more em-
phasis on informative feature channels.

thors).
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After channel refinement, the feature map
is split into 14 X 14 non-overlapping
patches which makes 196 tokens. The input
sequence for the Transformer encoder is
made up of 128 - dimensional embedding
spaces that each token is projected into.
There are four stacked Transformer blocks
in the encoder. Each block has layer nor-
malization, multi-head self-attention and
feed-forward sublayers. This stage lets you
model the global context across the token
sequence while keeping a dimensional rep-
resentation of 196 x 128. After Trans-
former encoding, the token sequence is re-
shaped back into a spatial feature tensor of
14 x 14 x 128 which brings back the two-
dimensional structure. At this point, the CA
module was used to encode long-range po-
sitional dependencies in both the horizontal
and vertical directions. The CA mechanism
improves spatial awareness while keeping
channel efficiency by breaking down spa-
tial pooling into separate height and width
contexts.
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}Input: 224 x 224 x 3 RGB

|

MobileNetV2-Based
Feature Extraction

Convolutional Stem
(Patch Embedding)

* 4 x 4 Convolution, » Depthwise Convolution

Hybrid MobileVIT
Block with Attention

e Convolutional Layer

Classification
Head

« Fully

Stride 4 (DWConv) « Transformer Encoder « Global Connected

« Batch Normalization  Pointwise Convolution (4 Blocks) Average (FO) Layer
« RelLU Activation « Squeeze-and-Exitation * Coordinate Attention Pooling « Output:

(CA) 8 Classes

(SE) Module

SE: Squeeze-and-Excitation
CA: Coordinate Attention

Figure 2: The overall structure of the suggested MobileViT-SECA model (designed by au-

thors).

Input Image
& Squeeze-and-Excitation Transformer Encoder | i Coordinate
(SE) Patch Partition (x L blocks) Reshapeto | Attention (CA)
+ Linear Projection Spatial :
224 % 224 %3 Global Avg Pool l Layer Norm ' H & W Pooling Global
= Multi-Head o | (concat) Average Pooing
l FC (C/r) = RelU ] | Self-Attention ! ’ \?\>>. -~ ‘ J
Conv Stem — . [— | > —>‘J 44t > 1x1Conv—BN l’
(Patch Embedding) |~ FC(Q) . Add & Nom i N bl SRew P 1x1xD
1 : ! S ! (128)
stide =4 Sigmoid — Scale 1a¥1apaiches feac fonvand | 14x14xD | Split — )
l l l' ’l’ H&W Attention Maps = Dropout
{ Add & Norm
E 2 N G — ko ; .
(E=09 (Channel Reweighted) e i 0okl eole 8 Classes
ghte /
Tokens N x D (196 x 128) !
‘ 14 x 14 x D
(Spatially Refined)
Dimensional Evolution
Stage | Output Shape Description Legend
Input | 224 x 224 x 3 RGB Image .
Conv Stem | 56x56x9 Feature Extraction Convolution || Attention Transformer
SE | 56 x 56 x 96 Channel Recalibration N
Patch + Embed ‘ 196 x 128 Token Sequence SE Module | CAModule FC + Classifier
Transformer | 196 x 128 Global Context
Reshape | 14 x 14 x 128 Srretial Tolkens

Figure 3: Tensor Dimensional Flow in the SE-Transformer-CA Pipline of MobileVIT SECA.
The facial image is belonged to the author. The user interface is designed by the authors. The
figure designed by authors).

Lastly, spatial features are combined
into 1 x 1 x 128 representation using global
average pooling. This representation is then
fed through a fully connected classification
layer to produce eight emotion logits that
correspond to the target emotion categories.
According to Table 2, the entire architec-
ture requires about 0.85 GFLOPs for a sin-
gle forward pass at an input resolution of
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224 x 224 and has about 0.75 million pa-
rameters. Because of the efficient convolu-
tional patch embedding and compact Trans-
former embedding dimension, the model is
computationally light even when it incorpo-
rates both SE and CA attention mecha-
nisms.

In contrast to larger hybrid CNN-Trans-
former architectures, the suggested design
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strikes a good balance between computa-
tional efficiency and representational ca-
pacity. The sequential SE—Trans-
former—CA formulation guarantees that
coordinate aware attention refines spatial
relationships after channel attention high-
lights informative channels. Figure 3 ex-
plains how feature tensors change from
convolutional feature maps to token se-
quences and back to spatial representations
before classification. This pipelines explicit
dimensional transitions are depicted. Con-
trolled ablation experiments further vali-
date each attention component's practical
impact (see Table 4).

The most statistically significant per-
formance gain (+1.1% F1 over baseline, p
=0.017) is produced by their structured se-
quential integration, whereas individual
SE-only and CA-only variants offer only
slight improvements over the baseline con-
figuration. Crucially real-time deployment
capability is maintained by the additional
attention mechanisms, which add very little
computational overhead. On CPU-only
hardware, the full inference pipeline in the
implemented system achieves about 45 ms
per frame (=20 FPS), demonstrating that
the suggested architecture maintains effec-
tive real-time operation.

Table 2: Layer-wise configuration of the MobileViT-SECA architecture.
Stage Output Operation | Stride | Pooling Chan- | Module | Params | FLOPs
Size nels ™M) (G)
Input 224 x224 | RGBim- | — — 3 — — —
x 3 age
Conv 56 x56x | 4x4 4 — 96 Patch 0.005 0.015
Stem 96 Conv + Embed-
BN + ding
ReLU
SE Block | 56 x56 x | GAP — 1 — 96 SE 0.001 0.002
96 FC —
ReLU —
FC — Sig-
moid
Patch + 196 x 128 | Linear — — 128 Tokeni- 0.03 0.05
Embed Projection zation
Trans- 196 x 128 | Multi- — — 128 Encoder | 0.52 0.75
former Head Self-
(L=4) Attention
+ FFN
Reshape 14 x 14 x Spatial — — 128 — — —
128 Reshape
CAMod- | 14x 14 x | Coordinate | 1 — 128 CA 0.15 0.08
ule 128 Attention
Classifier | 1 x1x8 Global — Global Avg | 8 Softmax | 0.001 0.005
Avg Pool Pool (14 x
+FC 14)
Total — — — — — — ~0.75M | =0.85G

3.3 Dataset and Preprocessing

The AffectNet dataset has about 450,000
facial images that were manually labeled
and taken in uncontrolled settings. The
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eight-class subset of this dataset is used for
experiments [14]. The dataset is stratified
and divided into 315,000 training samples
(70%), 67,500 validation samples (15%)
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and 67,500 test samples (15%). The de-
tailed class distribution after splitting is re-
ported in Table 3.

To mitigate class imbalance during training,
augmentation is applied exclusively to the
training subset. The applied transfor-
mations include horizontal flipping with
probability 0.5, random rotation within +5°,

brightness scaling in the range 0.8-1.2,
contrast scaling in the range 0.85—1.15, and
CLAHE with clip limit 2.0 and tile grid size
8 x 8. No augmentation is applied to vali-
dation or test subsets to ensure unbiased
evaluation.

Table 3: Distribution of the AffectNet eight-class
subset.

Emotion | Train (70%) | Val (15%) | Test (15%) | Total
Happy 84,000 18,000 18,000 120,000
Neutral | 77,000 16,500 16,500 110,000
Surprise | 31,500 6,750 6,750 45,000
Sad 38,500 8,250 8,250 55,000
Anger 42,000 9,000 9,000 60,000
Fear 21,000 4,500 4,500 30,000
Disgust | 10,500 2,250 2,250 15,000
Contempt | 10,500 2,250 2,250 15,000
Total 315,000 67,500 67,500 450,000

3.4 Training Configuration

All experiments were conducted on a
workstation running Ubuntu 22.04 with Py-
thon 3.10, PyTorch 2.0.1, Torch vision
0.15.2 and CUDA 11.8. Model training was
performed on an NVIDIA T4 GPU
equipped with 16 GB of VRAM. The pro-
posed MobileViT-SECA model was opti-
mized using the AdamW optimizer with an
initial learning rate of 3 X 10 *and a
weight decay of 1 X 10™*. The momentum
parameters were set to f; = 0.9 and f, =
0.999. A cosine annealing learning-rate
scheduler was employed with T, =
30epochs and a minimum learning rate of
1 X 107, Training was conducted for 30
epochs using a batch size of 32. Early stop-
ping with a patience of five epochs was ap-
plied based on the validation loss to prevent
overfitting.

To improve generalization, dropout with a
probability of 0.3 was applied in the classi-
fier stage, and label smoothing with a
smoothing factor of 0.1 was used during

119

training. A fixed random seed of 42 was
adopted across all experiments to ensure re-
producibility. To address class imbalance
during optimization, a class-weighted focal
loss function was employed with a focusing
parameter of y = 2.0. The class weights
were calculated according to

Ntotal
N¢

a:. =

where N_represents the number of samples
belonging to class ¢, and N,t4; denotes the
total number of samples in the training set.
This weighting strategy keeps gradient up-
dates stable during training while making it
less likely that the model will favor the ma-
jority classes.

3.5 Evaluation Protocol

The accuracy, macro F1 score, class-spe-
cific precision and recall measures, as well
as confusion matrices and ECE, are em-
ployed as performance metrics for each
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proposed model. Each experiment is per-
formed five times with distinct initializa-
tion seeds, and the outcome measures are
presented with mean =+ standard deviation
values. In order to test for statistical signif-
icance between models, paired t-tests are
executed on all model variants, utilizing a
p-value cutoff of p < 0.05.

3.6 Ablation Study and Deploy-

ment Analysis

All ablation experiments were conducted
with the same optimization procedure to
identify the role of each structural element.
In particular, four variants of the Mo-
bileViT model were analyzed: (a) the basic
version of MobileViT backbone; (b) the
model enhanced with SE blocks; (c) the
variant with CA blocks; and (d) the combi-
nation of SE and CA blocks in MobileViT.

By doing so, it becomes possible to investi-
gate the impact of step-by-step incorpora-
tion of both channel-wise and spatial atten-
tion mechanisms on the efficiency of the
proposed architecture in terms of keeping
the optimization process consistent. Be-
sides, the efficiency and performance of the
model in question were assessed in compar-
ison to popular light-weight frameworks
such as MobileNetV2, ResNet-18, and PiT-
Tiny. Table 4 provides the comparative re-
sults regarding the number of parameters,
number of floating-point operations
(FLOPS), macro F1-score (mean + std), and
speed of inference on CPU. It should be
noted that the proposed model retains its
computational efficiency and requires only
about 0.75 M parameters and 0.85 GFLOPs
(see Section 3.2 for details).

Table 4: Comparative ablation results across detector—backbone variants.
Detector | Backbone/ Variant | Parame- FLOPs F1-score FPS Latency
ters (M) (G) (%) £ SD (CPU) (ms/frame)

MTCNN | MobileViT-SECA 0.75 0.85 86.2 + 0.4 20 45

(Proposed)
MTCNN | MobileViT (Base) 0.60 0.78 85.1+04 21 42
MTCNN | MobileViT + SE only | 0.62 0.80 85.6+0.5 20 44
MTCNN | MobileViT + CA 0.70 0.83 859+04 20 44

only
BlazeFace | MobileViT (Base) 0.60 0.78 85.7+0.5 24 40
MTCNN | MobileNetV2 3.4 0.90 82.1+£0.7 28 52
MTCNN | ResNet-18 11.7 2.10 84.5+0.6 12 63
MTCNN | PiT-Tiny 6.4 1.30 84.7+0.5 18 50

Meanwhile, despite being rather light-
weighted, the MobileViT-SECA reaches the
highest level of macro F1-score among all
examined versions. This suggests that in-
corporating both channel-wise and spatial
attention gradually enhances the represen-
tation of features. To estimate the applica-
tion potential of the model, the inference
speed was tested on a PC with Windows 10,
Intel 15-8265U (1.6 GHz CPU) and 8 GB
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RAM. No GPU acceleration was used dur-
ing the test. The latency of inference over
1,000 frames in a row was calculated. With-
out GPU acceleration, the entire process of
face detection, data preprocessing, infer-
ence, and output visualization takes an av-
erage of 45 milliseconds per frame, which
means 20 FPS. Therefore, the suggested de-
sign can operate in real-time mode and en-
hance the accuracy of classification.
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4. User Interface and Application

Workflow

An easy-to-use GUI application was de-
veloped to incorporate real-time face detec-
tion, emotion recognition, and session-level
statistics. This was done to ensure the ap-
plicability of this solution in practical cases.
The application provides the visualization
of the detected face boundaries, predictions
on the emotions and their confidence
scores, which have been obtained using the
proposed model. In addition, this tool al-
lows collecting session-level statistics such
as emotion distribution and interaction out-

Live Feed Area

=

Start Stop Capture

comes. This lets you analyze behavior dur-
ing short-term user interactions. You can
log and export data to help with offline
evaluation and make sure that experiments
can be done again exactly the same way.
Detection and inference happen at different
times to keep performance steady during
live operations. This interface is only for
showing how to deploy it doesn't change
the algorithms in any way. The main goal is
to make sure that the proposed architecture
can still handle real-time performance
while also allowing for useful emotion-
aware apps to be used in interactive set-
tings.

Detected Emotion: Neutral
Confidence: 91%

Neutral

Surprise >

Happy

Contempt

Disgust
Fear

Figure 4: Snapshot of the user interface showing live video feed, emotion analytics, and con-
trol dashboard. The facial image is belonged to the author. The user interface is designed by
the authors.

5. Results and Evaluation

In this section we analysis the proposed
MobileViT-SECA regarding recognition
accuracy, the speed of computation, user
evaluation and its ability to generalize
across datasets. The results show that the
proposed framework achieves high recog-
nition accuracy while maintaining the abil-
ity to operate in real-time under CPU-only
environments.

5.1 Classification Performance
The testing of the model was performed
using a subset of 15% of the AffectNet da-
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tabase, which was put aside for testing pur-
poses. It contained 67,500 test images,
grouped into eight emotion classes: Happy,
Neutral, Surprise, Sad, Anger, Fear, Dis-
gust, and Contempt. As a part of the pro-
cess, five cross-validation folds were con-
ducted, where all the runs used the same
training parameters. The MobileViT-SECA
model achieved an average macro F1-score
of 84.7 £ 0.5% on the given dataset, demon-
strating consistent training behavior and
performance. From class-wise perspective,
it is evident that more reliable emotion
recognition can be obtained for neutral and
intense emotional expressions like Neutral,
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Happy, and Surprise. However, emotions of
Fear, Disgust, and Contempt still pose dif-
ficulties for detection due to their insuffi-
cient representation in the dataset and low
visual intensity. Overall, ROC-AUC scores
of the proposed model fall within 0.86-0.93
across all eight emotion classes, which
demonstrates its ability to perform well at
discriminating between different facial ex-
pressions, even when they look very similar
visually. Further evidence that MobileViT-
SECA model converges well and does not
overtrain could be observed by monitoring
training metrics: already by epoch 25, there
were no differences between training and
validation metrics. Also, there were only
minor disagreements when examining the
confusion matrix (see Figure 7), meaning
that the classifier was quite accurate, yet it
made errors in distinguishing between dif-
ficult-to-reproduce low-intensity and struc-
turally similar emotions: Neutral vs. Sad

and Disgust vs. Anger. Conducting a paired
t-test confirmed a statistically significant
increase in performance (+1.1%) in com-
parison to MobileViT-S base (t(4) =3.94, p
=0.017).

In order to conduct an additional test of the
robustness, a 5 x 2 cross-validation frame-
work was used. Specifically, the initial split
was divided into two equal parts, each time
one serving as the testing dataset and an-
other one acting as the training/validation
dataset. This was done five times with ran-
domly generated splits, which resulted in
ten runs altogether. Results of each of these
5 x 2 experiments could then be used for
calculating the average Fl-score and its
standard deviation, as shown in Table 5. Us-
ing bootstrapping with a sample size of
1,000, it was possible to calculate the 95%
confidence intervals of Mean F1 Score:
84.2%—85.2% for MobileViT-SECA model
and 83.7%—84.5% for MobileViT-S base.

Table 5. Five-fold Cross-Validation Results (AffectNet, 8
classes).

Fold F1(%) | F195% CI | Precision (%) | Recall (%)
1 84.1 - 84.4 83.9

2 85.0 - 85.3 84.7

3 84.6 - 84.9 84.4

4 85.3 - 85.7 84.9

5 84.5 - 84.8 84.2

Mean + SD | 84.7+0.5 | [84.2, 85.2] | 85.0+0.5 84.4+0.4

To statistically validate the performance
differences across multiple backbone archi-
tectures, a one-way Analysis of Variance
(ANOVA) was conducted on the F1-scores
obtained from five independent training
runs. The compared models included: Mo-
bileViT-SECA (Proposed), MobileViT-S
(Base), MobileViT+SE  only, Mo-
bileViT+CA only, MobileNetV2 and PiT-
Tiny. The ANOVA test revealed a statisti-
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cally significant effect of the model archi-
tecture on the F1-score, F(5, 24) = 18.37, p
< 0.001. Post-hoc Tukey HSD tests con-
firmed that the proposed MobileViT-SECA
significantly outperformed all CNN base-
lines (MobileNetV2, ResNet-18) and the
transformer baseline (PiT-Tiny) at the p <
0.01 level, while its improvement over the
MobileViT-S base model was significant at
p <0.05.
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Figure 7:Confusion matrix of MobileViT-SECA on the eight-class AffectNet subset.
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5.2 Real-Time and Computational
Efficiency

End-to-end inference was tested on Core
15-8265U CPU (8 GB RAM, 1080p
webcam) without GPU acceleration. The
full pipeline achieved 18-22FPS (= 45 ms
per frame latency). Latency breakdown per

module is shown in Table 6. Throughput
tests under multi-stream conditions demon-
strated stable scalability: 19.8 FPS (1 user),
17.2 FPS (2 users), 14.5 FPS (4 users) on
CPU hardware, 18.6 FPS on Jetson Nano,
and 12.3 FPS on Raspberry Pi 5, all with <
2.4 GB memory usage (Figure 8).

Table 6: Latency breakdown per module in the proposed FER system.

Module Operation(s) Latency (ms/frame)
Face Detection & Preprocessing | MTCNN face detection + alignment + resize | ~12 ms

Emotion Recognition MobileViT-SECA inference (224 x 224 input) | ~20 ms

Statistical Logging SQLite record writes <5 ms

GUI Rendering Live video overlay + chart updates ~8 ms

Total End-to-end latency per frame = 45 ms

5.3 Comparative and Ablation
Analysis

Table 7 summarizes the ablation and
comparative results across backbone and
detector variants. The proposed model
achieves the highest classification perfor-
mance (F1 = 86.2%) while maintaining
real-time inference capability. Despite its
compact architecture (= 0.75 M parameters
and 0.85 GFLOPs), the model outperforms
widely used CNN and transformer base-
lines including MobileNetV2, ResNet-18,
and PiT-Tiny. The ablation results demon-
strate that the sequential integration of SE
and CA improves feature representation by

combining channel-wise recalibration with
coordinate-aware spatial attention. Individ-
ually, SE and CA modules provide modest
improvements over the baseline MobileViT
backbone however, their sequential combi-
nation yields the highest performance gain.
Importantly, this improvement is achieved
with only a minor computational overhead
(= +0.07 GFLOPs) relative to the base Mo-
bileViT configuration. Latency—throughput
behavior under multi-user conditions (Fig-
ure 8) remained below 50 ms per frame for
up to three concurrent users, confirming
that the proposed architecture maintains
stable real-time performance while support-
ing scalable edge deployment.

Table 7: Ablation and comparative study of detectors and backbone variants.
Detector | Backbone / Var- | Parameters | FLOPs | Fl-score | F195% ClI | FPS Latency
iant (M) (G) (%) £ SD (CPU) | (ms/frame)
MTCNN | MobileViT- 0.75 0.85 86.2+0.4 | [85.7,86.7] | 20 45
SECA (Pro-
posed)
MTCNN | MobileViT 0.60 0.78 85.1+0.4 | [84.6,85.6] | 21 42
(Base)
MTCNN | MobileViT + SE | 0.62 0.80 85.6+0.5 | [85.0,86.2] | 20 44
only
MTCNN | MobileViT + CA | 0.70 0.83 859+0.4 | [85.4,86.4] |20 44
only
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BlazeFace | MobileViT 0.60 0.78 85.7+0.5 | [85.1,86.3] | 24 40
(Base)

MTCNN | MobileNetV2 3.4 0.90 82.1+0.7 | [81.3,82.9] |28 52

MTCNN | ResNet-18 11.7 2.10 845+0.6 | [83.8,85.2] |12 63

MTCNN | PiT-Tiny 6.4 1.30 84.7+05 | [84.1,85.3] | 18 50

Confidence intervals (95% CI) were calcu-
lated using t-distribution with appropriate
degrees of freedom (n=5 per model), based

Module-wise Latency Breakdown

on the F1 mean and standard deviation from
multiple training runs (mean £ SD).
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Figure 8: End-to-end latency and throughput diagram under multi user edge deployment
tested on CPU threads simulating multiple concurrent webcam inputs.

5.4 User Study and Behavioral
Analysis

In order to assess the reliability of the
identified emotions and their connection
with the behavior of users, a study involv-
ing 60 individuals aged from 18 to 45 years,
including both genders, was conducted.
Subjects were asked to make faces depict-
ing eight emotional states: happiness, neu-
tral state, surprise, sadness, anger, fear, dis-
gust, and contempt. Each subject recorded
one face for every emotional state men-
tioned above, thus providing 480 face re-
cordings in total. Right after each recorded
face, subjects revealed their current emo-
tions. For testing the prediction accuracy
compared to actual human perception, the
predictions were compared to self-reported
emotions of participants. The agreement
rate of emotions between the predictions by
the suggested MobileViT-SECA model and
self-reports of participants reached 88.4%.
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Furthermore, a Cohen's kappa coefficient
equal to 0.82 was calculated.

Classification Behavior in the

User Study

In Table 8, the results regarding the accu-
racy of per-class classification by the pro-
posed classifier are presented. The maxi-
mum classification accuracy was found in
neutral expressions (88.6%), happy expres-
sions (87.1%), and surprise expressions
(84.4%). After that come fear expressions
(81.2%), disgust expressions (80.3%), and
contempt expressions (79.5%). Poor perfor-
mance on some classes is due to the low fa-
cial expression of such emotions and in-
creased visual similarity among the classes.
The average F1 score in the whole dataset
was 84.9%.
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Behavioral Findings

Participants behaved differently based on
the kind of emotion experienced. Partici-
pants who were happy interacted with the
service for an average of 14.3 = 4.1 sec-
onds, while participants who were sad in-
teracted for 8.5 + 3.6 seconds. Other emo-
tions gave results that were in between
those of happy and sad participants. One-
way ANOVA was used to check the level
of significance of the differences found.
The test showed that emotion played a role
in determining how long users would en-
gage with the service (F(7,472) =4.87,p =
0.0001) with a medium effect size (n* =
0.07). To investigate further, service ac-
ceptance was categorized into yes and no
for all the trials conducted (480), with 138

participants (28.8%) accepting the service.
Table 8 shows the number of accepted ser-
vice responses for different emotions.

Acceptance Probability Analysis

The comparison between the acceptance
rate of positive emotions (Happy and Sur-
prise) and negative emotions (Sad and Fear)
was conducted using a Fisher’s exact test. It
was found that there is a statistically signif-
icant effect (p-value = 0.021), and the odds
ratio is 2.94 [1.19, 7.02]. This means that
individuals who experience positive emo-
tions are about three times more likely to
accept the offer compared to those who ex-
press negative emotions.

Table 8: Classification performance per emo-
tion category.

Emotion | Precision (%) | Recall (%) | Fl1-score (%)
Happy 88.0 86.3 87.1
Neutral 89.7 87.6 88.6
Surprise 85.1 83.8 84.4

Sad 82.9 84.2 83.5
Anger 82.0 81.1 81.5
Fear 80.5 82.0 81.2

Disgust 79.2 81.4 80.3

Contempt 78.4 80.6 79.5
Overall - - 84.9

5.5 Comparison with State-of-the-

Art Methods

Table 9 shows the comparative evaluation
of the suggested MobileViT-SECA against
existing lightweight facial expression
recognition architectures from current re-
search literature. For a valid comparison,
the proposed network was evaluated on the
subset of the AffectNet database containing
eight categories of facial expressions, in ac-
cordance with the procedure described in
Section 3.5. In each trial, five independent
tests were carried out using different ran-
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dom seeds for weight initialization. On av-
erage, the MobileViT-SECA yields a score
of 86.2 + 0.5% in terms of F1-measure, sur-
passing several competitive lightweight
transformer models with similar complex-
ity. As compared to the baseline model
(MobileViT-S, 85.9 + 0.4%, see Table 4),
there is a noticeable performance gain ob-
served in the proposed approach. The t-test
reveals the statistically significant improve-
ment (p =0.017 at a = 0.05), which can be
concluded to be reproducible and non-ran-
dom by nature.
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As a general rule, conducting statistical
analysis between various publications is
hardly feasible since most studies use dis-
tinct training procedures, datasets, or eval-
uation protocols, and rarely do authors pro-
vide multiple independent experimental re-
sults. Therefore, all cross-method compari-
sons shown in Table 9 may be regarded as
reference benchmarking. Statistical signifi-
cance is rigorously verified only through

systematic ablation studies conducted un-
der controlled conditions (see Section 3.6).
Although MobileViT-SECA is character-
ized by a relatively small number of param-
eters (6.0M) and floating point operations
(1.2 GFLOPS), it operates in real-time on
CPUs (at 20 frames per second) and pro-
duces the best F1-score amongst the com-
peting algorithms on AffectNet-8 dataset.

Table 9: Comparison with representative state-of-the-art FER methods.
Method Backbone / Year | Dataset F1/Accuracy | Params | GFLOPs | FPS
(%) ™M) (CPU)

MobileViT-S (2022) | CNN-Trans- AffectNet- | 83.8 52 1.1 20
former 8

LiteFER (2023) EfficientNet-Lite | FERPlus 84.5 6.3 1.4 18

PiT-Tiny (2022) Transformer RAF-DB 84.7 6.4 1.3 18

CrossFormer-Tiny Hybrid  CNN- | AffectNet- | 85.1 7.2 1.6 15

(2023) ViT 8

MobileViT-SECA MobileViT + SE | AffectNet- | 86.2 +0.5 6.0 1.2 20

(Proposed) +CA 8

The Grad-CAM analysis (Figure 9) reveals
that the MobileViT-SECA network always
focuses on the eye and mouth regions when

expressions like Happiness and Surprise.
Errors mostly happen due to poor illumina-
tion or object occlusions.

making predictions for emotional

Happy (Correct)

Grad-CAM (Happy)
-

Sad - Neutral (Misclassified)

Grad-CAM (Sad)

Surprise + Happy (Misclassified)

Orad-CAM (Surprise)

#
"
£

Figure 9. Grad-CAM visualization of correctly and misclassified samples.
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5.6 Error and Interpretability
Analysis

According to the results shown in Figure
9, the Grad-CAM analysis suggests that
MobileViT-SECA is capable of emphasiz-
ing the most important facial areas in an im-
age, especially those that demonstrate high
arousal levels. The majority of classifica-
tion mistakes are observed among similar
and weakly expressive emotions, including
Sad-Neutral, Fear-Disgust, and Contempt-
Neutral. Based on Table 10, out of 500
wrongly predicted emotions, differences in
illumination accounted for 37%, occlusion
— for 33%, and weak facial expressions —
for 30%. Although the integration of SE
and CA networks decreases error rates in
comparison with base models, difficult vis-
ual circumstances still negatively affect

their recognition performance. In order to
estimate attention behavior quantitatively,
spatial-attention entropy was calculated for
all classes (see Table 11). The lower en-
tropy values represent better spatial atten-
tion. Surprisingly, Surprise and Happy
showed the highest concentrations of acti-
vations, while Neutral and Sad — the lowest.
As a result, SE+CA fusion led to a spatial-
attention entropy reduction of about 6%
compared to MobileViT-S.

In conclusion, MobileViT-SECA model
demonstrated strong recognition capabili-
ties in regard to eight emotion classes, rea-
sonable interpretation of attention maps,
and effective CPU computation (~20
frames/second). These qualities make it ap-
propriate for implementation into real-time
emotion-sensitive interactive systems.

Table 10: Condition-wise distribution of misclassified samples.
Condition Type | Example Scenario Misclassified Samples Mean F1 Loss
(%) (%)
Occlusion Glasses, mask, hand-on-face | 33 -2.5
[llumination Shadows, dim light, back- 37 -3.0
light
Subtle Expres- Weak frown, micro-smile 30 2.2
sion

Table 11: Mean attention-entropy values per emotion category.
Emotion | Mean Entropy (bits) | | Attention Focus Description
Happy 2.31 Strong focus on eyes and mouth corners
Neutral 2.48 Distributed attention due to low intensity
Surprise | 2.26 Localized around widened eyes
Sad 2.53 Diffuse focus due to weak expression cues
Anger 2.42 Concentrated around eyebrows and eyes
Fear 2.45 Mixed focus on eyes and upper face
Disgust 2.47 Focus around nose and upper lip
Contempt | 2.49 Mild asymmetrical attention around one side of the mouth
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A. Root Cause Analysis for Com-

mon Misclassifications
Misclassification analysis was performed
using 200 misclassified images for all
pairs with high confidence:
* Fear and surprise are similar by widening
the eye gaze and raising the eyebrows. Mis-
classifications are frequent when there is
occlusion of the mouth region (when a hand
is placed over the mouth during fear) pre-
venting recognition of the critical mouth
opening required for a surprise expression,
or when illumination conditions do not pro-
vide information about subtle differences
between the features around the eyes. In ad-
dition, sometimes the model is excessively
sensitive to the similarity between the
arches of the eyebrows, which is identical
for both emotions.
» Sad vs. Neutral: This pair represents a
type of misclassification due to the insuffi-
ciently expressed emotion. When a person
has only low-level activation of facial ac-
tion units (e.g., slight raising of the inner
brow) leading to a weak expression of sad-
ness, such a "sad" face may be considered
as a neutral one when viewed from the side
or partially obstructed.
* Anger and disgust are similar by the ap-
pearance of wrinkles on the forehead. A
characteristic feature for disgust is the lift
of the nose, but in some artificial facial ex-
pressions, this feature is either absent or un-
derexpressed. For faces with poor pose
quality, CA may fail to localize the correct
region of interest containing the nose.

B. Pathways for Model Improve-

ment

To improve the understanding of FER
(Facial Expression Recognition) confusion
beyond architectural level enhancements,
we propose three different methods of en-
hancement.

1. Dynamic Multi-Scale Attention: Creating
a mechanism that allows for adaptive
changes in receptive field depending on
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the intensity of each expression would en-
able capture of the subtle AUs (Action
Units) within low-intensity expressions.

2. Auxiliary Geometric Supervision: Train-
ing with auxiliary losses based on facial
landmark  displacement (i.e., brow
raise/lip pull) will provide geometrically
grounded information, which can assist in
finding distinctions between the facial ex-
pressions for "Fear" vs. "Surprise" or
"Disgust” vs. "Anger".

3. Synthetic Hard Example Generation: Uti-

lizing generative models to create syn-
thetic face images with ambiguous ex-
pressions (ex: mild Disgust vs. mild An-
ger) would aid in refining the decision
boundary.

In conclusion, SE (Spatial Embedding) and
CA (Content Attention) improvements help
in discriminating features, but the incorpo-
ration of both explicit structural and dy-
namic features may reduce the amount of
confusion within experiments for FER.

C. Comparative Interpretability
Method Analysis

Validation using other post-hoc methods
of interpretability provided further confir-
mation of the validity of Grad-CAM as a
consistent means of assessing the robust-
ness of our attention analysis. For example,
attention rollout maps were created for Mo-
bileViT-SECA's transformer blocks, and
there was a significant correlation (average
Spearman's p = (0.78) between the high-at-
tention regions identified in attention
rollout maps and those identified by Grad-
CAM heat maps for correct predictions.
However, misclassified instances showed
that attention rollout revealed a more dif-
fuse distribution across the image as a result
of internal errors leading to uncertainty.
Another approach to validating the results
of Grad-CAM against attention rollout was
through the use of LIME (Local Interpreta-
ble Model-Agnostic Explanations). LIME
provided similar information regarding the
main areas of influence for Eyes and Mouth
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for the superpixel segments of the input im-
ages. However, for the FER dataset, the key
regions identified by LIME were less con-
sistent across multiple levels of segmenta-
tion granularity and the computational re-
quirements for real-time analysis were
higher compared to gradient-based meth-
ods.

Overall, when the multiple forms of valida-
tion for Grad-CAM and reduced attention
entropy (Table 11) are combined, there is
strong evidence that Greater Attention from
Grad-CAM and reduced attention entropy
are characteristics of the MobileViT-SECA
architecture and not byproducts of the use
of a single explanatory technique. In addi-
tion, Grad-CAM represents the best com-
promise in terms of stability, computational
effort, and consistency with the model's in-
ternal reasoning for potential deployment.

5.7 Fairness and Demographic

Bias Analysis

To evaluate whether the proposed Mo-
bileViT-SECA framework performs equi-
tably across demographic groups, we con-
ducted a structured fairness analysis using
the Fair Affect subset, which augments Af-
fectNet with demographic annotations. The
analysis was restricted to the held-out test
split to ensure that subgroup performance
was assessed under identical training con-
ditions.

Fairness Evaluation Protocol

The audit considered three demographic
attributes provided by the benchmark an-
notations:

« Gender: Male, Female

o Age Group: <18 (Child/Adolescent),
18-60 (Adult), >60 (Senior)

« Race/Ethnicity: Three annotated
groups, denoted as Group A (majority in
the dataset), Group B, and Group C

Each demographic attribute was evaluated
independently. Subgroup performance was
computed using macro F1-score, chosen to
prevent dominance of majority emotion
classes and to reflect balanced class-level
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performance. Performance disparity across
subgroups was quantified using the maxi-
mum-—minimum gap:

This measure considers the maximum gap
in performance that can be observed
within each demographic axis. In order to
determine whether there was any statistical
significance in the differences between
subgroups, one-way ANOVA analysis was
performed on each attribute, using Tukey’s
HSD test (p<a=0.05).

A. Performance Disparity Across
Demographics

Table 12 illustrates F1-score values ob-
tained on subgroups with respect to macros
level. As for gender, it is worth noting that
there was not a huge discrepancy in perfor-
mance as F1-scores amounted to 85.8% for
males and 87.9% for females, providing
AF1=2.1%. As per statistical analysis re-
sults (ANOVA test), gender differences did
not have statistical significance and thus did
not impact model performance negatively.
When it comes to evaluation results con-
cerning age categories, greater variations
are evident. Thus, an Adult category (18-60
years) provides the highest results
(F1=86.1%), while Seniors (>60 years)
have the lowest performance (F1=81.7%).
In addition, there is 82.9% of F1-score re-
lated to a <18 category of users. All in all,
this translates into AF1=4.4%, and statisti-
cal tests prove that age variations were in-
deed significant (p<0.05), which suggests
lack of model robustness with regard to ex-
treme age categories (seniors). Race/Eth-
nicity subgroup analysis indicates the great-
est discrepancy with AF1=5.2%. Group A
(with F1=87.5%) outperformed Group B
(F1=85.1%) and Group C (F1=82.3%).
Post-hoc analysis shows that Group A and
Group C have statistically significant dif-
ferences with regard to performance. Error
analysis highlights that groups with poorer
performance show a tendency to confuse
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weak intensity emotions such as Fear, Dis-
gust, and Contempt with Neutral and Sad
expressions.

Table 12. Fairness evaluation across demographic subgroups
(F1-score %).
Demographic Factor Subgroup F1 (%) | AF1 (Max-Min)
Gender Male 85.8 2.1
Female 87.9
Age Group <18 82.9 4.4
18-60 86.1
>60 81.7
Race/Ethnicity Group A (Majority) | 87.5 5.2
Group B 85.1
Group C 82.3

B. Potential Sources of Bias and

Mitigation Strategies
The noted discrepancies are probably
caused by imbalanced datasets and distribu-
tion differences. The under-representation
of certain subgroups in the population, es-
pecially the elderly and minority races, to-
gether with imbalance in rare classes in
emotions, can be responsible for poor gen-
eralization. In addition, cultural differences
in emotional display rules and slight differ-
ences in facial features could influence the
ability to recognize fine-grained expres-
sions. As remedies for the future, we rec-
ommend:
1.Stratified Demographic Data Augmenta-
tion: Improving the representation of cer-
tain subgroups through data acquisition
and augmentation.
2.Bias-Aware Training: Adding fairness-
aware loss functions that prevent extreme
disparity among subgroups in training.
3.Subgroup Calibration: Using demo-
graphic-specific temperature scaling to
alleviate mis-calibrated probabilities
among subgroups.
Notably, the compact nature of MobileViT-
SECA permits re-training and adaptation
with balanced datasets without additional
computation cost.
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5.8 Cross-Dataset Generalization

and Fairness Audit

In addition to the aforementioned experi-
ments, there were several tests done to de-
termine the generalization capability and
fairness of the model. Firstly, the perfor-
mance of the model outside of the training
dataset was assessed through testing on
benchmark datasets not used during train-
ing. Controlled laboratory settings required
assessment of performance with the help of
CK+ and KDEF datasets. In such settings,
the model showed accuracy equal to 96.8%
on CK+ and 92.4% on KDEF. The obtained
results proved the significant generalization
capabilities of the model since it showed
high performance in learning discrimina-
tive facial expression features in well-con-
trolled conditions, proving that the underly-
ing architecture can learn meaningful emo-
tional representation, which is not based
only on the large number of uncontrolled
pictures.
Moreover, another evaluation regarding the
demographic robustness and fairness of the
model was conducted with the use of the
subset of the FairFace dataset, which con-
tains annotations regarding emotions as
well as demographic attributes. The com-
parison of performance in different demo-
graphic subgroups helped to detect some
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possible biases in the results. The AF1 be-
tween the best and worst subgroup was
3.9%, which shows relatively consistent
performance in different demographics. At
the same time, a slightly worse recall was
shown by the model when detecting Fear
and Disgust expressions in the subgroup of
older people and some ethnic minorities.

5.9 Heterogeneous Edge Device

Benchmark

In order to verify that the proposed frame-
work of MobileViT-SECA is suitable for
practical application, we performed bench-
marking tests on its performance in differ-
ent edge devices settings in order to simu-
late actual application situations, as indi-
cated in Table 8 below. Mobile Devices:
On Google Pixel 6 (Android) using an inte-

grated TensorFlow Lite with FP16 quan-
tized model, the end-to-end pipeline should
yield 14 frames per second (FPS). The iPh-
one 13 (i0S) utilizing Core ML yielded 16
FPS. Multi-task Cascaded Convolutions
was the primary contributor to latency,
however, by replacing the Multi-task Cas-
caded Convolutions with an Ultra-Light-
Fast-Face-Detector the FPS increases to
over 22 FPS in both environments. Embed-
ded Al Platforms: MobileViT-SECA was
able to keep an average of 18.6 FPS on the
NVIDIA Jetson Nano (4GB) in Max-N
power mode. The Raspberry Pi 5 (4GB) us-
ing the ONNX Runtime engine had an av-
erage performance of 12.3 FPS. The model
can work well in low-resource settings be-
cause it only used 1.2 GB of memory or
less.

Table 13. Checking the performance standards of different edge devices.
Device OS / Framework Avg. FPS | Peak Memory (MB) | Power (W)
Intel i5-8265U (Laptop) | Windows / PyTorch CPU 20 850 15
Google Pixel 6 Android / TFLite (FP16) 14 310 3.5
iPhone 13 iOS / CoreML 16 280 3.8
NVIDIA Jetson Nano Linux / PyTorch 18.6 1200 10
Raspberry Pi 5 Linux / ONNX Runtime 12.3 980 7

These results demonstrate that MobileViT-
SECA maintains functional real-time per-
formance across a wide range of consumer
and embedded hardware, fulfilling a key re-
quirement for ubiquitous emotion-aware in-
teraction.

6. Discussion

The experimental results show that the
proposed MobileViT-SECA strikes a good
balance between accuracy and speed when
it comes to recognizing facial emotions in
real time. The design captures different fea-
ture representations that work well together
by slowly combining SE and CA into the
MobileViT backbone. The SE module
changes each channel on its own, and the
CA module finds the connections between
different parts of the data. The final design
is still lightweight, with about 6.0 million
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parameters and 1.2 GFLOPs, as shown in
Table 2. It can also still make predictions in
real time at about 20 frames per second on
a regular CPU.

Controlled experiments in Table 4 also
prove the effectiveness of the proposed at-
tention integration method. When using ei-
ther SE-only or CA-only module as sepa-
rate attention layers, performance improve-
ments were minimal when compared to
baseline MobileViT-S architecture. Yet,
when applied sequentially, classification
performance was consistently improved to
86.2% on average Fl-score on AffectNet
eight-class benchmark set. Performance
gains achieved are statistically significant
(p =0.017) according to paired t-test, there-
fore proving the proposed architectural
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changes as the reason behind the perfor-
mance improvement and not random
changes that might happen during the train-
ing process.

Furthermore, the impact of using different
backbones on recognition performance was
explored. According to the results of one-
way ANOVA test, backbone architecture
has a significant effect on recognition per-
formance (F(5,24) = 18.37, p < 0.001).
Therefore, MobileViT-SECA performed
significantly better than other model archi-
tectures such as two lightweight convolu-
tional networks (MobileNetV2 and ResNet-
18), as well as two transformer-based neu-
ral networks (PiT-Tiny and ConvNeXt-
Tiny). Moreover, experiments proved sta-
bility of model performance, as demon-
strated by relatively small confidence inter-
vals. Thus, the suggested framework is ex-
pected to generalize well on similar data
and under similar training conditions.

In addition to the increased recognition per-
formance, the suggested framework re-
mains computationally efficient. On a sin-
gle CPU core, the pipeline including face
detection, preprocessing, model inference,
and visualizations consumes around 45 ms
per frame on average. In such case, it can
achieve up to 18-22 frames per second in
terms of computational power required. Us-
ing SE and CA attention modules as part of
the network increases computational load
only minimally, yet improving classifica-
tion accuracy. Scalability tests also con-
firmed that the suggested system is capable
of maintaining consistent output while
dealing with multiple active users.

Furthermore, the fairness analysis high-
lights possible limitations associated with
model utilization by diverse users. Alt-
hough the disparities in performance re-
main relatively low between males and fe-
males, age and race discrepancies become
particularly pronounced. For subtle emo-
tional states such as fear and contempt,
which rarely occur in extensive emotion
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recognition datasets, these inconsistencies
are especially apparent. Although the ob-
served performance gaps do not pose a sub-
stantial threat to overall accuracy, they
highlight the importance of using balanced
datasets and incorporating bias-aware train-
ing approaches for future research. As
demonstrated by the error analysis, several
challenging scenarios negatively impact
classification quality. Namely, in cases
where there are partial occlusions, drastic
variations in illumination, and/or poorly de-
fined facial gestures, it becomes difficult to
achieve accurate outcomes. When mouth-
related information is missing, distinguish-
ing between fear and surprise poses a con-
siderable challenge. When facial motions
are subtle, neutral and sadness states be-
come indistinguishable. Grad-CAM and sa-
liency map visualizations reveal that the
model primarily focuses on eyes and
mouths. Therefore, the attention modules
are effective in directing the neural network
towards relevant facial areas. Lastly, the
conducted user study provides further evi-
dence of the potential utility of the pro-
posed system in practice. Overall predic-
tions of emotional states align with partici-
pants' experiences, as 88.4% of emotions
predicted by the model matched self-re-
ports provided by individuals (k = 0.82).
Moreover, behavioral observation indicates
a direct correlation between the established
emotional states and user engagement. In
particular, participants who reported feel-
ing joy spent significantly longer periods
using the software and were more likely to
agree to the service compared to their peers
who experienced anger.

These results are consistent with previous
studies such as [10], which proved that at-
tention mechanisms improve FER perfor-
mance. Also, the improvement of our
model is in accordance with the results of
[7] that sequential attention mechanisms
improved feature representation. But, in
contrast to [9], which did not explore atten-
tion ordering, our work demonstrates that
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SE—CA ordering provides statistically sig-
nificant improvements.

Finally, the proposed system architecture
design is mainly focused on ensuring pri-
vacy-preserving deployment during infer-
ence. In particular, there is no storage of
any original facial data since all computa-
tions take place locally and logs of the pre-
diction only remain anonymous. Testing
the system architecture on multiple edge
platforms including embedded devices (Jet-
son Nano, Raspberry Pi) proves its effec-
tiveness in terms of adaptation to varying
edge hardware architectures which makes it
suitable for application in various real-
world settings (education, healthcare, cus-
tomer service). It is shown that the incorpo-
ration of attention-based modules into
lightweight transformers improves perfor-
mance in a controlled manner and does not
increase the computational cost exces-
sively. The MobileViT-SECA model
demonstrates that channel and spatially
aware attention modules can effectively co-
operate with each other and provide mean-
ingful feature representations which can be
used further for recognition of facial emo-
tions. The principles of this architecture de-
sign can potentially find applications in
solving other computer vision problems
where lightweight yet highly efficient mod-
els are required.

7. Conclusion & Future Work

The work proposes a unique MobileViT-
SECA model that incorporates the SE and
CA components of current hybrid trans-
former models and is able to classify facial
emotions using light computational re-
sources. The application of a sequential
model for SE & CA modules integration
has led to the formation of a highly efficient
mechanism that is based on channel recali-
bration and spatial feature modulation, thus
producing a highly efficient system capable
of delivering a mean F1 score of 86.2%
when used in eight-class emotion recogni-
tion tasks using the AffectNet database.
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Furthermore, a broad range of experiments,
including the use of confidence intervals
and ANOVA test for statistical evaluation,
cross-dataset validation, and model fairness
assessment, confirm the reliability, general-
ity, and applicability of the system in prac-
tice, including deployment on different
hardware devices (e.g., embedded comput-
ers, tablets, smartphones).

Even when you look at the model’s specific
strengths, however, it is still at risk for
problems that typically exist when models
are used in real-life situations, such as very
low or very high levels of light, partial
blockage of the face from view, or very
small movements of the face indicative of a
very subtle emotion. Through a detailed
analysis of the model's errors, we have
identified many areas for future research. In
the future we will be focusing on develop-
ing new methodologies to mitigate incor-
rect model predictions caused by bias and
to design-by-fairness to resolve gaps be-
tween ethnicities that we have identified in
this research. Architectural advancements
will be made to improve the overall
strength of a model's performance in subop-
timal real-world settings by utilizing novel
pathways through the usage of dynamic
neural connections/FNNs/flooded control
gates, as well as the possibility of training
the model using auxiliary tasks from the fa-
cial action unit representation of emotions.
In addition, we will extend the framework
to allow for efficient two-modal fusion with
audio and contextual cues and begin to ex-
plore the possibility of on-device personal-
ization models that adapt to specific users
without violating privacy rights. We envi-
sion MobileViT-SECA transforming into
an adaptive, equitable, and transparent
framework for affective computing and be-
coming a foundation for next generation
empathetic man-machine interaction sys-
tems.



Journal of Kerbala University, Vol. 23, Issue 2, June , 2026

9. References

[1] R. W. Picard, Affective Computing.
Cambridge, MA, USA: MIT Press,
1997.

[2] P. Ekman and W. V Friesen, “Constants
across cultures in the face and emo-
tion,” J Pers Soc Psychol, vol. 17, no. 2,
pp- 124-129, 1971, doi:
10.1037/h0030377.

[3] MarketsandMarkets, “Emotion Detec-
tion and Recognition Market—Global
Forecast to 2024,” 2020. [Online].
Available: https://www.mar-
ketsandmarkets.com/Market-Re-
ports/emotion-detection-recognition-
market-23376176.html

[4] Y. El Boudouri and A. Bohi, “EmoN-
eXt: an Adapted ConvNeXt for Facial
Emotion Recognition,” arXiv preprint
arXiv:2501.08199, 2025, [Online].
Available:
https://arxiv.org/abs/2501.08199

[5] Z. Zhang et al., “Facial Affect Recogni-
tion Based on Transformer Encoder and
Audiovisual Fusion for the ABAWS

Challenge,” arXiv preprint
arXiv:2303.09158, 2023, [Online].
Available:

https://arxiv.org/abs/2303.09158

[6] S. Mehta, M. Rastegari, E. Horvitz, and
A. Fiker, “MobileViT: Light-weight,
general-purpose, and mobile-friendly
vision transformer,” arXiv preprint
arXiv:2110.02178, 2021, [Online].
Available:
https://arxiv.org/abs/2110.02178

[7] W. Xu, Y. Wan, and D. Zhao, “SFA: Ef-
ficient attention mechanism for superior
CNN performance,” Neural Process
Lett, vol. 57, p. 38, 2025, doi:
10.1007/s11063-025-11748-8.

[8] A. Arslanoglu, H. Yildirim, and M. D.
Sahin, “A comparative analysis of light-
weight vision transformer models for
real-time facial expression recogni-
tion,” [EEE Access, vol. 12, pp.
102345-102360, 2024, doi:
10.1109/ACCESS.2024.3414471.

[9] S. Bobojanov, B.-M. Kim, M. Arab-
boev, and S. Begmatov, “Comparative

135

Analysis of Vision Transformer Models
for Facial Emotion Recognition Using
Augmented Balanced Datasets,” Ap-
plied Sciences, vol. 13, n0. 22, p. 12271,
2023, doi: 10.3390/app132212271.

[10] X. Yang, Z. Lan, N. Wang, J. Li, Y.
Wang, and Y. Meng, “LiteFer: An Ap-
proach Based on MobileViT Expres-
sion Recognition,” Sensors, vol. 24,
no. 18, p. 5868, 2024, doi:
10.3390/524185868.

[11]1H. Vats and A. Chadha, “Improving
FER with Swin transformers and
squeeze-and-excitation attention,” in
CVPR Workshops (ABAW), 2023.
[Online]. Available: https://openac-
cess.thecvf.com/con-
tent/CVPR2023W/ABAW/html/Vats
Improving FER With Swin_Trans-
formers_and Squeeze-And-Excita-
tion_Attention CVPRW 2023 pa-
per.html

[12] N. Setyawan, C.-C. Sun, M.-H. Hsu,
W.-K. Kuo, and J.-W. Hsieh, “Mi-
croViT: A Vision Transformer with
Low-Complexity Self-Attention for
Edge Device,” in Proc. IEEE Int.
Symp. Circuits Syst. (ISCAS), 2025.
doi: 10.1109/1IS-
CAS56072.2025.11043206.

[13] T. Xue, Y. Liu, X. Feng, and L. Lin,
“Attentive pooling vision transformers
for facial expression recognition in the
wild,” Pattern Recognit Lett, vol. 165,
pp- 3542, 2022, doi:
10.1016/j.patrec.2022.01.003.

[14] A. Mollahosseini, B. Hasani, and M.
H. Mahoor, “AffectNet: A database for
facial expression, valence, and arousal
computing in the wild,” IEEE Trans
Affect Comput, vol. 10, no. 1, pp. 18—
31, 2017, doi:
10.1109/TAFFC.2017.2737981.



