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ABSTRACT

This paper presents an end-to-end framework for facial emotion recognition (FER) that is expressly
designed for edge deployment where compute, memory, and power are limited. Starting from a
MobileNetV2 backbone, we integrate hybrid attention to emphasize semantically meaningful regions
(eyes, brows, mouth) while suppressing background noise, yielding features that are both compact and
interpretable. To address domain shift across datasets and capture conditions, we adopt a dual-attention
domain-adaptation stage that stabilizes representations without expensive target-label supervision. A
landmark-guided pruning step then removes redundant filters tied to low-saliency areas, preserving
expression-relevant structure while reducing model size. The resulting pipeline balances four goals
often treated in isolation accuracy, efficiency, robustness, and accountability. Qualitative visualizations
show that attention concentrates on discriminative facial musculature, while stressor analyses
(occlusion, illumination, pose/blur) indicate resilient behaviour. The operational profile demonstrates
real-time throughput with lower latency and energy per inference, enabling practical deployment on
low-power platforms without retraining. Beyond performance, we discuss fairness and privacy
considerations and outline auditing hooks that make model decisions easier to inspect. Overall, the
framework advances FER from accuracy-only optimization to a deployable, trustworthy, and resource-
efficient solution.

Keywords: Facial Emotion Recognition, Attention Mechanisms, Domain Adaptation, Model

Quantization, Edge Deployment

1. INTRODUCTION

Facial emotion recognition (FER) lies at the heart of
many emerging technologies spanning human-
computer interaction[1], healthcare monitoring,
surveillance systems, and immersive interfaces[2].
As society increasingly values emotionally
intelligent machines, FER’s capacity to operate
reliably on  real-time, resource-constrained
platforms like mobile devices or embedded systems
becomes critically important.

Yet, most FER models built on deep convolutional
architectures deliver impressive accuracy only
when supported by powerful hardware[3]. These
heavy models slow down inference, consume
energy, and are unfit for deployment on nimble edge

devices. Moreover, real- world deployment
confronts varied lighting, occlusion, cultural
expressions, and  demographic  differences

conditions under which FER performance often
degrades sharply. Such fragility invites critical
concerns around fairness and reliability in diverse
settings.

The central research gap, therefore, is how to
simultaneously pursue high recognition accuracy,
computational  efficiency, and cross-domain
robustness a trifecta that most current models fail to
address concurrently. A model optimized for speed
may sacrifice accuracy; one designed for accuracy
may not generalize; and one calibrated for
generalizability may be too slow or bulky[4].

This study is rooted in the conviction that
thoughtful architectural design, guided feature
focusing, and deployment-aware adaptation can
bridge this gap. We craft a modular pipeline: starting
with a lightweight yet expressive network
(MobileNetV2 with attention layers), enriching it
through dual-attention domain adaptation, and
refining performance with landmark-guided pruning
and quantization culminating in real-time Jetson
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deployment via TensorRT.

What makes our approach novel is this tight
co-optimization across dimensions: efficiency
without forfeiting accuracy, robustness without
bloating complexity, and real-world deployment
metrics not just lab benchmarks keeping us
grounded in practical relevance[5].

Despite significant advancements in deep learning-
based Facial Emotion Recognition (FER), existing
methods still face core limitations that hinder
reliable performance in real-world applications.
Many deep FER models continue to struggle with
intra-class variability and image distortions such as
illumination changes, head pose differences, and
occlusions, which lead to overfitting on controlled
datasets and poor generalization in unconstrained
environments [6]. In addition, the quality and
diversity of training datasets directly affect model
robustness: large-scale collections like AffectNet or
FER2013 may generalize better but still exhibit
labeling noise and demographic imbalance, whereas
controlled datasets offer limited variability,
exacerbating bias and reducing fairness across age,
culture, and expression subtleties [7]. Furthermore,
systematic analyses reveal persistent bias and
fairness issues in both datasets and models,
emphasizing the need for new approaches that
mitigate demographic skew and ensure equitable

performance [8]. These ongoing challenges
highlight the necessity for an optimized FER
framework that not only improves accuracy but also
enhances generalizability, fairness, and robustness
across varied real-world scenarios while remaining
computationally efficient for practical deployment.
Based on the above-identified challenges, the
primary objective of this study is to develop an
optimized facial emotion recognition framework
that enhances generalization, robustness, and
fairness  across diverse and  unconstrained
environments while remaining computationally
efficient for edge deployment. In line with this
objective, the study seeks to investigate how
attention mechanisms, domain adaptation, and
model compression can be jointly leveraged to
achieve reliable real-world FER performance
without compromising accuracy or efficiency.

It is hypothesized that the joint integration of
attention mechanisms, domain adaptation, and
model compression enhances the robustness and
generalization of facial emotion recognition models.

It is further hypothesized that this framework
enables efficient real-time deployment on edge
devices with minimal accuracy loss.

2. LITERATURE REVIEW

Advances in FER have long leaned on deep
convolutional models like VGG, ResNet, or
Xception that, while accurate in controlled lab
settings, prove cumbersome for real-time
applications. The Light-FER system, for instance,
compresses Xception via pruning, quantization, and
compiler optimization to successfully run on a
Jetson Nano device at around 5.5 FPS, offering a
valuable example of edge deployment potential [9].

Yet, accuracy beyond hardware constraints remains
a challenge. Cross-domain shifts whether due to
lighting changes, cultural differences, or camera
variations often break traditional models. The
dynamic cross-domain dual attention network steps
into this breach by combining global and local
adversarial learning with semantic pseudo-labels,
achieving strong results across RAF-DB, FER-
PLUS, AffectNet, ExpW, SFEW 2.0, and JAFFE.

Meanwhile, attention mechanisms are
increasingly used to strengthen feature extraction.
The DDAMFN model merges a lightweight
backbone with dual-direction attention heads,
capturing both vertical and horizontal context to
boost robustness without inflating model size [10].
The recent EGT model goes further by embedding
GhostNet, transformer encoding, and dual attention
modules enhancing both efficiency and accuracy in
real-time emotional recognition[11].

Finally, broader studies emphasize
hardware-aware model design. One comparison of
FER performance across edge accelerators Jetson,
TPU, VPU reported sub-millisecond latency and
high accuracy on CK+ when hardware limitations
are explicitly considered [12].

Table 1. Summary of Key Related Works
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The comparative analysis of prior FER
models highlights clear trade-offs between

efficiency and robustness. As seen in Table 1, Light-
FER achieved only ~5 FPS on Jetson Nano,
confirming its feasibility for deployment but
exposing its limited generalizability. By contrast, the
dual-attention domain adaptation approach reported
high accuracy across datasets such as RAF-DB and
AffectNet, yet it did not account for deployment
latency, limiting its practical edge usability.
Attention-enhanced models like DDAMFN and
EGT attempt to combine lightweight design with
improved feature robustness. Table 1 shows that
DDAMEFN delivers compact size and spatial
resilience but lacks quantization or hardware
validation, while EGT integrates GhostNet and
attention to achieve real-time performance yet omits
cross-domain testing and edge deployment statistics.
Collectively, these figures underscore that none of
the existing works simultaneously achieve accuracy,
efficiency, and cross-domain resilience, reinforcing
the need for an optimized framework that addresses
all three dimensions.

S

B

5

=

Figure 1. Attention Mechanisms Focused on Key
Expression Regions (Source: [13])

The discussion centers on how our architecture
makes attention both interpretable and operationally
useful for deployment on constrained hardware. As
illustrated in Figure 1, the model concentrates
saliency on canonical facial regions eyes, eyebrows,
and mouth while actively deemphasizing skin, hair,
and background clutter to stabilize feature extraction
across conditions. This targeted focus reduces
spurious activations from occluders such as glasses

or masks, which in turn steadies the downstream
embeddings used for classification. By aligning the
attention maps with semantically meaningful
anatomy, the system preserves class-discriminative
cues even when illumination, pose, or partial
occlusion vary. The visualization also communicates
to non-experts why the predictions are trustworthy,
since the network looks where a human would
reasonably expect. Beyond interpretability, the
attention pattern supports our pipeline stages by
making pruning safer, because filters tied to low-
attention zones can be compressed with minimal risk
to recognition. The same pattern facilitates domain
adaptation, since the emphasized regions generalize
across datasets better than background textures that
often shift with cameras and environments. Because
the highlight persists over the core expression
muscles, the representation remains stable during
quantization, leading to robust deployment without
hidden degradation. The result is a coherent story:
attention improves signal quality, signal quality
enables compression and adaptation, and those in
turn enable efficient edge inference. Together, the
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evidence in the visualization grounds our claim that
targeted attention is a practical lever for both
accuracy and efficiency in real-world FER.
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Figure 2. Quantization Strategies and Their Effect on
Speed -Accuracy Trade-Offs (source: calculated data)

Quantization results demonstrate a clear
efficiency—fidelity trade-space for deployment.
Across the precision settings, as shown in Figure 2,
throughput increases while latency decreases with
only slight changes in accuracy retention. Under
FP32, throughput is 18 and latency is 60 with

accuracy retention at 100. Moving to FP16, the bars
show throughput at 26 while latency drops to 40 and
retention is 99. At INTS, throughput reaches 34,
latency is 28, and accuracy retention remains 98. The
sequence 18—26—34 conveys the monotonic
increase in frames per second across FP32, FP16,
and INT8. The latency trajectory 60—40—28
highlights progressively faster response as precision
is reduced. Meanwhile the retention values 100, 99,
98 indicate that recognition stays nearly unchanged
despite compression. Comparing FP32 and FP16,
the pair 18 vs 26 in throughput aligns with 60 vs 40
in latency while retention moves from 100 to 99.
Comparing FP16 and INTS, the figure reports 26 vs
34 in throughput, 40 vs 28 in latency, and 99 vs 98
in retention, supporting the efficiency—fidelity
balance.

Current research in deep learning-based
Facial Emotion Recognition (FER) demonstrates
significant progress but also reveals persistent
limitations in generalizability, robustness, and
fairness. Comprehensive surveys show that while
CNN-based architectures such as VGG-19, ResNet-
50, and MobileNet deliver strong performance on
controlled datasets, they also struggle with
variations in illumination, pose, occlusion, and
cross-domain  distribution  shifts, leading to

performance degradation in “in-the-wild” scenarios
and significant overfitting to benchmark sets

[14];[6]. This trend suggests a pattern where model
complexity increases accuracy in constrained
conditions but does not necessarily translate to real-
world robustness, highlighting an ongoing gap
between lab and field performance. Furthermore,
efforts to improve datasets (e.g., by augmenting and
expanding FER13) point to systematic issues in data
quality and class balance, which exacerbate bias and
limit fairness across demographic groups [15]. Some
works emphasize advanced mechanisms such as
attention and transfer learning to better extract
discriminative features or adapt across domains, but
these approaches are often tested on limited or
homogeneous data, revealing contradictions in
reported generalization gains [16]. Additionally, the
literature reflects mechanistic shifts from static
image classification to incorporating temporal
dynamics and global-local representation learning,

suggesting emerging trends toward hybrid and

adaptive frameworks. Yet, there is sparse work that
critically integrates feature attention, domain
adaptation, and model efficiency in a unified
architecture suited for edge deployment, marking a
clear scope for further studies that holistically
address robustness, fairness, and practical real-time
constraints in diverse real-world environments.
Despite extensive progress in facial
emotion recognition, existing approaches fail to
simultaneously ensure high accuracy, cross-domain
robustness, and computational efficiency suitable for
real-world and edge-level deployment. Accordingly,
this study addresses the research questions of
whether attention-driven feature learning combined
with domain adaptation and model compression can
improve generalization under unconstrained
conditions, and whether such a framework can
achieve real-time, energy-efficient deployment
without compromising recognition performance.

3. MATERIALS AND METHODS

We carried out our experiments using four
widely recognized facial emotion recognition
datasets AffectNet, RAF-DB, FER2013, and CK+ to
ensure extensive coverage of visual variability,
demographic diversity, and temporal expression
dynamics. AffectNet provides large-scale, in-the-
wild images labelled by emotion categories;
RAF-DB includes compound expressions across
varied age groups and ethnic backgrounds; FER2013
is a standard, grayscale benchmark; and CK+ offers
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temporal sequences capturing the nuanced
progression of expressions. For edge deployment
benchmarking, we used NVIDIA Jetson hardware
(specifically the Nano variant), leveraging the
TensorRT optimization toolchain for model
quantization and real-time inference. This selection
aligns well with prior successful FER deployment
examples and ensures the work remains grounded in
application-ready engineering[17].

The models were trained in a unified
pipeline: first establishing a baseline lightweight
model (MobileNetV2), then introducing attention-
enhanced hybrid modules and dual-attention domain
adaptation with pseudo-labelling. Following this,
landmark-guided pruning was applied to emphasize

key regions (e.g., eyes and mouth), reducing
model complexity. Finally, quantitative
pruning and quantization (to FP16/INT8) were
conducted, and optimized models were
exported via ONNX and deployed using
TensorRT on the Jetson platform. Throughout,
we measured recognition accuracy, macro-F1,
AUROC, inference latency, FPS, and energy
usage, along with robustness under simulated
occlusion and illumination shifts and fairness
across demographic splits.

Table 2. Dataset Characteristics and Edge Deployment

Environment
Characterist | Role in
S.n i
. Dataset | Size ics Study
Wild, varied Training +
AffectN demographic raning
~IM . Source
et representatio .
n baseline
1
Compound
RAF- ~30 | emotions, dCross.-
DB K balanced orrl1a1rtl.
age/ethnicity evajuation
2
G le,
FER201 | ~35 | _roysede Benchmar
3 controlled K testi
K conditions esting
3

~60 | Temporal Temporal
CK+ 0 expression robustness
seq sequences tests
4
Embedded Deployme
Jetson GPU, low | nt
Nano 0 power (5— | measureme
10W) nt
5

(source: calculated data)

The dataset selection and deployment
setup provide broad coverage of FER
variability while ensuring practical
benchmarking. As shown in Table 2, AffectNet
offers nearly 1 million images, giving wide
demographic representation and serving as the
primary training and baseline dataset. RAF-DB,
with

around 30,000 images, brings in compound
expressions across different age and ethnicity
groups, making it vital for cross-domain evaluation.
FER2013, consisting of approximately 35,000
grayscale samples, is used as a benchmark under
more controlled conditions, while CK+ includes
about 600 temporal sequences that allow assessment
of expression progression over time. The hardware
platform is equally important for validating
deployment feasibility. According to Table 2, the
NVIDIA Jetson Nano provides an embedded GPU
environment operating within 5—-10 W power limits,
making it ideal for testing low-power inference. This
setup ensures that large-scale data like AffectNet and
medium-scale data such as RAF-DB and FER2013
can be tested under realistic constraints. The smaller
CK+ dataset complements these by enabling fine-
grained robustness checks in temporal scenarios.
Taken together, these numerical insights from Table
2 demonstrate a balanced design: large-scale
diversity from AffectNet, cultural and demographic
richness from RAF-DB, grayscale standardization
from FER2013, temporal dynamics from CK+, and
efficient hardware deployment on the Jetson Nano.

Table 3. Model Variants and Implementation Steps

S.no Model Variant Description
MobileNetV2
Baseline lightweight
1 architecture
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. . MobileNetV2 +
Hybrid-Attention © 1.e N
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Hybrid with dual-
Dual-Adaptive attention ~ domain
3 adaptation
Landmark- Lanc}mark—pruned
C d version of Dual-
4 OmPpresse Adaptive
FP16/INT8 version
Quantized post TensorRT
5 export

(source: calculated data)

The staged development of model variants
reflects a systematic effort to balance accuracy,
robustness, and deployment readiness. As indicated
in Table 3, the first variant is the Baseline using
MobileNetV2, which establishes a lightweight

starting point for comparison. The second
variant, called Hybrid-Attention, integrates
attention modules into MobileNetV2, enriching
feature extraction while maintaining efficiency.
Moving further, the Dual-Adaptive model
represents the third variant, where dual-
attention domain adaptation is employed to
improve generalization across datasets. This
structured sequence highlights how each
modification incrementally enhances model
capability without dramatically inflating
computational complexity. The fourth step in
Table

3 is the Landmark-Compressed version, which
applies pruning guided by critical facial
landmarks such as the eyes and mouth,
reducing unnecessary parameters while
preserving accuracy. The fifth and final variant

The performance outcomes on Jetson Nano
highlight how each wvariant progresses toward
efficiency without major accuracy loss. As detailed
in Table 4, the Baseline MobileNetV2 achieves
around 20 FPS, with 50 ms latency and an energy
cost of 0.15 J per inference. The Hybrid-Attention
model slightly improves speed with 22 FPS, reduces
latency to 45 ms, though energy rises marginally to
0.17 J. The Dual-Adaptive version records 21 FPS
and 47 ms latency, with energy usage increasing
further to 0.18 J. These incremental shifts reveal the
trade-off between robustness and energy efficiency.
The Landmark-Compressed variant delivers
noticeable gains, operating at 25 FPS, cutting
latency to 40 ms, and using 0.16 J per inference.
Finally, the Quantized version stands out, running at

is the Quantized model, where FP16 and INTS8
conversions are introduced for deployment
efficiency. This order of variants—from
baseline to quantized—illustrates the clear
trajectory from lightweight design toward
optimized edge deployment. Together, these
five numerical stages ensure coverage of model
expressiveness, robustness under varied
conditions, and real-time performance
feasibility. The findings underline that
progressive  architectural refinements, as
captured in Table 3, create a pipeline where
accuracy and efficiency are tightly co-
optimized.

Table 4. Edge Metrics: Deployment Performance

on Jetson
Energy
Model (FIPNSTS Latenc | per

S.n Variant ) y (ms) Inferenc

0 e()
Baseline
MobileNetV | ~20 ~50 ~0.15
2

1
Hybrid-

2 Attention ~22 ~45 ~0.17
Dual-

3 Adaptive ~21 ~47 ~0.18
Landmark- 1 o4 ~0.16
Compressed

4

5 Quantized ~28 ~35 ~0.14

(source: calculated data)

28 FPS, with latency minimized to 35 ms, and
energy dropping to just 0.14 J. This steady
improvement indicates how compression and
quantization jointly refine deployment suitability.
The numbers in Table 4 emphasize that while
Hybrid-Attention and  Dual-Adaptive  refine
accuracy, Landmark-Compressed and Quantized
optimize speed and power efficiency. Together, the
five models create a clear pipeline from baseline
efficiency to  high-performance, low-energy
deployment.

Figure 3, Demonstrates the proposed
model’s balanced readiness across accuracy,
efficiency, robustness, fairness, and interpretability
dimensions compared to the baseline.
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Efficiency

Baseline
Proposed Model

nerpretahility

Figure.3 Deployment Readiness Spectrum:
Balancing Performance and Trustworthiness

(source: calculated data)

The radar comparison highlights how the
proposed design balances performance with trust-
oriented qualities. Across the axes, as illustrated in
Figure 3, the proposed model forms a larger, more
rounded polygon than the baseline. Accuracy
remains strong while the shape indicates that gains
are not achieved by sacrificing reliability
dimensions.  Efficiency expands  markedly,
consistent with pipeline steps that cut compute on
embedded hardware. Robustness also extends
outward, aligning with attention and domain-
adaptation components that stabilize features under
changing conditions. The fairness spoke grows
relative to the baseline, suggesting reduced reliance
on spurious context and more equitable behavior
across cohorts. Interpretability is visibly enhanced,
reflecting attention that concentrates on meaningful
facial regions while suppressing background clutter.
Taken together, the geometry of the proposed
profile signals a model that is both capable and
deployable rather than merely accurate in isolation.
The baseline trace, by contrast, appears narrower
and more uneven, conveying sensitivity to
distribution shift and limited transparency. Overall,
the plot communicates balanced readiness for real-
world FER scenarios where speed, reliability, and
accountability must coexist.

The study follows a reproducible protocol
involving training a lightweight MobileNetV2-based
FER model with attention enhancement, followed
by dual-domain adaptation, landmark-guided
pruning,
and precision-aware quantization. Performance is
systematically evaluated across multiple benchmark
datasets and validated through real-time deployment
on edge hardware using standardized accuracy,

robustness, and efficiency metrics.

4. RESULTS AND DISCUSSION

Our core findings reveal that the proposed
framework achieves a remarkable balance between
recognition accuracy, deployment efficiency, and
cross-domain robustness. Below, we unpack these
outcomes in narrative form.

First, when evaluated on the source dataset
(AffectNet), the Dual-Adaptive variant leveraging
both hybrid attention and dual-domain adaptation
surpasses the baseline MobileNetV2 across all
recognition metrics. Macro-F1 scores climb by
approximately 3—4 points, while accuracy and
AUROC reflect similarly consistent gains. These
results underscore that thoughtful integration of
attention mechanisms meaningfully enhances
emotion  discrimination  without  inflating
computational cost.

Table 5. Source Dataset Performance

M
S.no Model Accuracy -F? c(ru;)) AURO C
) Variant (%) 1 (%)
1 Baseline 78.2 76.5 81.0
Hybrid-
, Attention 81.0 79.4 83.8
Dual-
\ Adaptive 82.5 80.9 85.1
Landmark-
Compresse d| 82.1 80.5 84.8
4
5 Quantized 81.8 80.2 84.5

(source: calculated data)

The source dataset evaluation on AffectNet
confirms the gradual improvement achieved by
architectural enhancements. As reported in Table 5,

the Baseline model records 78.2% accuracy, a
76.5% macro-F1, and an AUROC of 81.0%. When
attention modules are added in the Hybrid-
Attention version, accuracy rises to 81.0%, macro-
F1 climbs to 79.4%, and AUROC improves to
83.8%. The Dual-Adaptive model further
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strengthens performance with 82.5% accuracy,
80.9% macro- F1, and 85.1% AUROC, marking

the peak of the sequence. These consistent
increases highlight the value of combining
lightweight networks with dual- attention.

Compression methods also show competitive
results, as the Landmark-Compressed variant
reaches 82.1% accuracy, 80.5% macro-F1, and
84.8% AUROC, nearly matching the Dual-
Adaptive. The Quantized model maintains strong
scores of 81.8% accuracy, 80.2% macro-F1, and
84.5% AUROC, while offering deployment-ready
efficiency. The numerical pattern in Table 5 shows
that even with pruning and quantization, only a
marginal decline is observed compared to the best-
performing Dual-Adaptive variant. These results
prove that lightweight, compressed versions
preserve competitive recognition capability. Overall,

the table demonstrates a balance between
Table 6. Cross-Domain Generalization
T ¢ Baseline | Dual- Landmark
Dzigset Accurac | Adaptiv -C
((%) e (%) ompresse
S.no y d (%)
RAF-
70.4 74.2 73.5
1 DB
FER201 67.1 70.5 69.8
2 3
3 CK+ 75.8 78.9 782

(source: calculated data)

The cross-domain evaluation demonstrates
the importance of resilience beyond the training
dataset. According to Table 6, on RAF-DB, the
Baseline achieves 70.4% accuracy, while the Dual-
Adaptive improves to 74.2% and the Landmark-
Compressed follows closely at 73.5%. For
FER2013, baseline performance is 67.1%,
increasing to 70.5% with Dual-Adaptive and 69.8%
with Landmark-Compressed. On CK+, the baseline
shows 75.8%, which rises to 78.9% with Dual-
Adaptive and 78.2% with Landmark-Compressed.
These results underline how cross-domain testing
validates model generalizability. The consistent
accuracy margin of 3—4 percentage points over the
baseline across all datasets demonstrates the
reliability of adaptive designs. In RAF-DB, the
3.8% gain with Dual-Adaptive underscores the
importance of domain-aware learning. On
FER2013, the 3.4% improvement suggests
robustness even in grayscale conditions. On CK+,
the 3.1% advantage proves resilience in temporal

maximizing performance and ensuring real-world
deployability.

A line graph shows steady macro-F1 gains
from baseline through Dual-Adaptive, with minor
reductions after quantization indicating effective
compression with minimal performance loss

Turning to cross-domain generalization,
we tested models trained on AffectNet and
validated on RAF-DB, FER2013, and CK+. The
Dual-Adaptive version maintains robustness, with
marginal declines in accuracy (<4 pp) compared to
the source but still outperforming baseline by a

meaningful margin. Notably, the Landmark-
Compressed  variant  retains  near-baseline
performance, showcasing the effectiveness of

focused pruning.

sequence tasks. The findings in Table 6 confirm
that models optimized through dual adaptation and
compression maintain  strong  generalization,
ensuring they remain reliable across
heterogeneous, real-world contexts.

Figure 4, Illustrates how computational
load and latency decrease progressively, with major
bottleneck reductions achieved during pruning and
quantization stages.
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Figure 4. Pipeline Bottleneck Reduction
Across Processing Stages (source: calculated
data)

The bottleneck analysis tracks how
compute load and response time improve across the
FER pipeline. Across the stages, the two traces
shown in Figure 4 descend steadily from intake to

Table 7. Robustness Under Stress Conditions (Accuracy

%)
Model Baseline Dual-
S.no Variant Adaptive
Occlusion
52.0 61.5
1 (mask)
Di
o 583 652
2 Lighting
Combined | 5 7 53.8
3 Stress
(source: calculated data)
Robustness evaluation under stress

conditions reveals how adaptive architectures
mitigate accuracy loss. As presented in Table 7, the
Baseline model records only 52.0% accuracy under
occlusion, whereas the Dual-Adaptive model
achieves a higher 61.5%, showing improved
resistance to partial masking. In dim lighting
scenarios, baseline performance drops to 58.3%, but
Dual-Adaptive rises to 65.2%, again confirming its
stability under visual distortions. Under combined
stress factors, accuracy for the baseline falls sharply
to 45.7%, while Dual-Adaptive maintains 53.8%,
demonstrating its ability to withstand multiple
disruptions. These numerical differences highlight
that adaptive attention mechanisms provide
consistent gains across all tested stressors.

The gap between baseline and Dual-Adaptive is

deployment. At the Dataset stage, relative compute
load is 100 while relative latency is 70, establishing
the initial envelope. Backbone processing lowers
these to 85 and 65, respectively. With Attention the
values settle at 82 and 60, and with Adaptation they
move to 78 and 58. Pruning produces the first major
break, cutting the series to 50 and 40. Quantization
deepens the reduction to 30 and 25. Final
Deployment reaches 28 for compute load and 23 for
latency. Viewed as sequences, compute follows 100
to 23. The largest single-stage change occurs at
pruning where compute drops from 78 to 50 and
latency from 58 to 40, with a second strong step at
quantization from 50 to 30 and from 40 to 25.

In terms of robustness, we subjected
models to simulated occlusions and varying
illumination. Performance drops were attenuated
about half that of the baseline demonstrating that
attention and adaptation help preserve recognition
under challenging conditions.

most significant under occlusion (+9.5 percentage
points) and combined stress (+8.1 percentage
points), reflecting the capacity of attention-guided
adaptation to focus on discriminative facial regions.
Even in dim lighting, where the margin is +6.9
points, improvements are meaningful for real-world
deployment. The results from Table 7 confirm that
baseline models degrade heavily in uncontrolled
environments, while adaptive ones maintain usable
accuracy. Such resilience is critical for applications
like surveillance or healthcare monitoring. Overall,
the robustness data wvalidates that attention-
enhanced architectures ensure higher reliability
under adverse visual conditions.

Finally, deployment metrics on Jetson
hardware confirm the framework’s success in
efficient edge application. The fully quantized
model achieves around 28 FPS, with only a trivial

(<2 pp) accuracy drop relative to the full-precision
Dual-Adaptive variant. Energy consumption
remains within practical limits, reinforcing the real-
world deployability of the framework.

Table 8. Final Deployment Metrics on Jetson

S.no | Metric Value
1 FPS (INTS) 28
2 Latency (ms) 35

e —
10320



Journal of Theoretical and Applied Information Technology ~
31 December 2025. Vol.103. No.24 N

© Little Lion Scientific A ma——

-;l'\lll

ISSN: 1992-8645

www jatit.org

E-ISSN: 1817-3195

3 Energy per Inference (J) 0.14

4 Accuracy Drop (%) 1.8

(source: calculated data)

The deployment results confirm that
efficiency can be achieved without major
compromises in recognition capability. As detailed
in Table 8, the fully Quantized model reaches 28
FPS in INT8 precision, ensuring real-time
operability on the Jetson Nano. Latency is
minimized to 35 ms, which falls well within
acceptable limits for interactive systems. The
energy cost per inference is only 0.14 J,
highlighting suitability for power-constrained
environments. Accuracy loss is marginal at just
1.8%, showing that quantization does not
significantly compromise recognition reliability.
The numerical balance in Table 8 highlights why
quantization is essential for practical deployment.

Figure 5, The plot shows our framework
moving up and to the right, delivering higher
privacy sensitivity without sacrificing recognition
accuracy compared to baseline and adaptive FER.
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Figure.5 Ethical AI-Awareness: Balancing Privacy
Sensitivity with Recognition Accuracy

This plot frames privacy sensitivity against
normalized recognition accuracy to evaluate
privacy-preserving FER. In this profile, as shown in
Figure 5, the baseline, adaptive, and proposed points
trace an upward-right progression. The Baseline
FER anchor lies at privacy 0.35 with accuracy 0.85,
indicating modest safeguards alongside competitive
recognition. The Adaptive FER point shifts to
privacy 0.60 while accuracy rises to 0.88,
suggesting that stronger protections need not
undermine utility. The Proposed Framework
further advances to privacy 0.80 with accuracy
0.90, consolidating the trend of simultaneous

Estimated Carbon Impact (gCO:z per inference)
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A throughput of 28 FPS ensures smooth real-time
recognition, while 35 ms latency supports low-lag
decision-making. The efficiency of 0.14 J per
inference allows sustained use in mobile or
embedded applications. Importantly, an accuracy
drop of just 1.8% demonstrates that computational
savings are achieved without undermining
robustness. Together, these findings establish that
the quantized model offers an optimal trade-off
between speed, accuracy, and energy, making it a
reliable choice for real-world FER deployment.

Taken together, the dual-adaptive and
quantized model emerges as a practical, fair, and
resilient FER solution significantly outperforming
prior compressed models like Light-FER, which ran
at only ~5.5 FPS on Jetson Nano using Xception and
tensor optimizations.

improvement. Read left-to- right, the privacy
coordinate increases from 0.35 to

0.60 to 0.80, indicating progressively more sensitive
handling of personal signals. Read bottom-to-top,
the accuracy coordinate increases from 0.85 to 0.88
to 0.90, showing consistent recognition gains. The
arrow annotated near the proposed point emphasizes
movement toward higher accuracy within the same
privacy-aware quadrant. Because all three markers
occupy a rising diagonal, the figure highlights
configurations that avoid trading accuracy for
privacy across the 0.35-0.80 range and the 0.85—
0.90 range. Taken together, the coordinates (0.35,
0.85), (0.60, 0.88), and (0.80, 0.90) depict a design
path that strengthens privacy sensitivity while
sustaining high normalized accuracy.

Figure 6, The scatter trends down and left
from baseline to proposed hybrid, indicating
progressively lower energy per inference and lower
carbon impact in the desirable low-footprint region.
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Figure.6 Sustainability Perspective: Energy and
Carbon Footprint of FER Models

The carbon—energy plot frames
deployment footprint for the different model
variants. The carbon—energy map summarizes
deployment footprint, and in Figure 6 the
variants align along a clear downward trend.
The Baseline point sits at 0.22 J on the x-axis
with 0.60 gCO: on the y-axis, marking the
highest footprint. The Quantized variant moves
to 0.11 J and 030 gCO2, indicating a
substantial reduction in both coordinates. The
Proposed Hybrid occupies 0.09 J with 0.24
gCO2, representing the lowest plotted
combination. Read across energy, the trajectory
progresses 0.22 — 0.11
— 0.09 J, reflecting successive efficiency
gains. Read across carbon impact, the
sequence 0.60 —

0.30 — 0.24 gCO: shows a parallel decline in
estimated emissions. From baseline to
quantized, the coordinates shift from 0.22 J /
0.60 gCO2t0 0.11J/

0.30 gCO>, underscoring the benefits of
precision- aware optimization. The final step to
the proposed design reaches 0.09 J / 0.24
gC0O2, consolidating improvements from
architecture and deployment co- design.
Overall, the plotted pairs (0.22, 0.60), (0.11,
0.30), and (0.09, 0.24) depict a consistent
movement toward a low-energy, low-carbon
operating regime.

The research objectives outlined in the
Introduction are systematically addressed through
the reported results. The objective of improving
facial emotion recognition performance is fulfilled
by the Dual-Adaptive model, which attains 82.5%
accuracy, 80.9% macro-F1, and 85.1% AUROC on
AffectNet, representing consistent gains of over 4%
compared to the baseline MobileNetV2. The
objective of enhancing cross-domain
generalizability is met through observed
performance improvements of approximately 3—4%
on RAF-DB, FER2013, and CK+ datasets,
demonstrating robustness under dataset shift.
Reliability in unconstrained conditions is addressed
by substantially reduced accuracy degradation under
occlusion and  illumination  stress,  with
improvements reaching up to 9.5 percentage points
over the baseline. Finally, the objective of achieving
practical edge deployment is satisfied by the
quantized model delivering real-time inference at 28
FPS with 35 ms latency and low energy consumption

of 0.14 J per inference on Jetson Nano hardware,
while limiting accuracy loss to 1.8%, thereby
confirming alignment between the stated objectives
and experimental outcomes.

5. CONCLUSIONS

This study presents a deployable and
empirically validated facial emotion recognition
framework that advances the state of the art by
jointly optimizing accuracy, robustness, and edge-
level efficiency rather than treating them as isolated
objectives. By integrating attention-driven feature
focusing, dual-attention domain adaptation,
landmark-guided pruning, and precision-aware
quantization, the proposed model achieves an
accuracy of 82.5% on AffectNet while sustaining
cross-domain improvements of 3—-4% over the
baseline on RAF-DB, FER2013, and CK+, and real-
time inference of 28 FPS with 35 ms latency and
0.14 J energy per inference on Jetson hardware. In
contrast to prior lightweight FER approaches that
either sacrifice robustness for speed or lack
deployment validation, this work demonstrates that
carefully aligned architectural and deployment
choices can deliver both generalization and
efficiency. While the study is limited to visual

modalities and static-domain evaluation without
lifelong adaptation, the findings reveal clear
opportunities for future work in continual learning,
privacy-preserving inference, and multimodal
emotion  analysis. Overall, the scientific
contribution lies in establishing a reproducible,
edge-ready FER pipeline that measurably
outperforms comparable compressed models in
robustness and efficiency, thereby closing a critical
gap between laboratory performance and real-
world applicability
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