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Abstract

Facial Emotion Recognition (FER) software is an
important part of modern software applications. It
is used for intelligent user interfaces, diagnostics
in psychiatry or psychology, human-computer
interaction, and even in surveillance. The recent
advancements in the use of deep learning, and the
advanced architectures based on them, including
Convolutional Neural Networks (CNNs) and
transformer models have made the development
of FER software much efficient and scalable. This
review paper contributes to the existing literature
by providing a comprehensive synthesis of Facial
Emotion Recognition (FER) systems from a
software engineering perspective spanning the
period from 2015 to the present. Unlike prior
surveys, our analysis emphasizes the software
engineering perspective, covering aspects such
as software architectures, system integration,
deployment on edge devices, and MLOps
practices for continuous testing and monitoring. It
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specifically targets software construction, software
architecture, software systems integration, training
frameworks, datasets employment, and also
deployment challenges. It explores common
datasets like FER2013, RAF-DB and AffectNet
and the prevailing model architectures, which
include CNN, Long-Short-Term Memory (LSTM),
hybrid and transformers. Importantly, over
half of the surveyed studies continue to rely
on demographically narrow datasets (e.g., FER2013,
JAFFE, CK+), which limits generalizability and
raises fairness concerns across ethnicity, age, and
gender. This review contributes by providing
a comprehensive and up-to-date synthesis of
FER systems while providing directions to the
development of fair, lightweight, and robust FER
systems suitable for real-world deployment.

Keywords: convolutional neural network, long-short-term
memory, facial emotion recognition.

1 Introduction

The past few years have seen significant focus on the
development of intelligent systems that can detect
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and interpret human emotions within the software
engineering and artificial intelligence domains [1].
Facial alignment is a crucial step in facial recognition
system as it ensures that the detected faces are correctly
oriented and aligned for accurate feature extraction
and matching [2]. Computerized systems that can
automatically recognize emotions via human facial
expressions at a computational level have made Facial
Emotion Recognition (FER) software an important
part of affective computing [3]. Considering that
facial expressions are a major component of non-verbal
communication, FER systems are being integrated into
software solutions in dynamic areas such as human
computer interaction (HCI), mental health assessment,
autism detection, autonomous systems, intelligent
surveillance, and e-learning [4, 5]. Understanding
non-verbal communication, especially in healthcare
and surveillance, necessitates the use of FER systems.
Observers can detect one’s emotions through facial
expressions, body movements, and the tone of their
voice [6]. However, among these, facial expressions
are the most powerful and universal [7]. Developing
FER systems that can decode such expressions is quite
challenging. The need to capture human emotion
in all its subtleties too frequently poses a challenge
to traditional methods of emotion detection and
classification [8].

This review is organized around five primary pillars
to study the progression of FER systems. First, it
starts with the identification of traditional practices
geared towards FER which, to a large extent,
relied on hand-crafted features like Local Binary
Patterns (LBP), Histogram of Oriented Gradients
(HOG), and Active Appearance Models (AAM).
Though these approaches provided a foundation from
which emotion recognition could emerge, they faced
enormous hurdles, including sensitivity to changes in
illumination, occlusions, changes in the pose of faces,
and a lack of generalizability to real-world settings.
Secondly, this review focuses on contemporary FER
systems that were developed between 2015 and 2025,
paying particular attention to the advancements made
in convolutional neural networks (CNNs), attention
and transformer-based models. These methods
provided support for automatic hierarchical feature
learning, robustness, and real-time deployment in
a multitude of applications. Thirdly, there remain
fundamental shortcomings in deep learning-based
FER systems that include model overfitting, lack of
explainability, biased evaluative outcomes relative
to different social population groups, and high
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computational costs. Fourth, the review explores the
most notable datasets including FER-2013, AffectNet,
CK+, RAF-DB, EmotioNet; with the focus on their
role as benchmarks for model training and evaluation.
Lastly, the review emphasizes the challenges in FER
such as cross-cultural differences, real-world noise,
and social critique. The review suggests the creation of
efficient, lightweight, fair, and explainable FER systems
with the ability to function effectively across different
platforms and settings.

Accordingly, this review focuses on the period from
2015 onward, when convolutional neural networks
and subsequent deep learning approaches began
to dominate FER research, marking a clear shift
away from handcrafted pipelines toward scalable,
data-driven architectures.

This review paper contributes to the existing literature
by providing a comprehensive and up-to-date
synthesis of FER systems from a software engineering
perspective, spanning the period from 2015 to the
present. It critically analyzes the evolution from
traditional handcrafted approaches to modern
deep learning architectures, highlights key datasets
along with benchmarking practices, and examines
current limitations in scalability, generalizability, and
explainability.

While several prior surveys have catalogued FER
algorithms, datasets, and accuracy benchmarks, they
largely approach the field from a model-centric
perspective. The translation of the advances into
software engineering practices including system
architecture, dataset integration pipelines, deployment
on edge devices, and governance mechanisms such as
MLOps and fairness auditing is still unexplored. This
review addresses that gap by framing FER not only
as a machine learning task but as a broader software
engineering challenge, thereby offering insights that
complement existing algorithm-focused surveys and
guide the design of deployable, trustworthy, and
scalable FER systems. Table 1 compares representative
surveys against our work in terms of timeframe, scope,
and contributions. This comparison highlights how
the present review uniquely emphasizes software
architectures, deployment practices, and MLOps,
thereby extending the scope of prior surveys.

1.1 Review Methodology

This review follows a structured narrative approach
to synthesize research on facial emotion recognition
(FER) from 2015 to the present. Relevant studies were



ICJK

ICCK Journal of Software Engineering

Table 1. Comparative overview of prior FER surveys, highlighting scope, timeframe, and contributions.

Survey g;r;ls Primary Focus Software Engineering Aspects Distinct Contribution
Minimal like applies PRISMA Comprehensive  systematic
2014  Multimodal emotion - bp . review of just multimodel
[9] o guidelines; human-centric ) . .
-2024  recognition erspective perspective;  distinguishes
Persp emotions, provides datasets
Uop to Holistic review of FER Provides a comprehensive
[10] 20%1 using traditional ML Not covered FER survey covering ML and
and DL DL approaches
Facial Emotion 1 .
Recognition (FER) Highlights FER with
2016 , . CNN-based models;
[11] using deep learning Not covered .
-2019 architectures  (CNN benchmarked on multiple
RNN, CNN-LSTM) datasets
This 2015 Models + Datasets -+ Emphasis on  software First survey unifying FER
review —Present Challenees architectures, deployment, research with a software
& MLOps engineering perspective

identified through searches in major digital libraries
including IEEE Xplore, SpringerLink, ScienceDirect,
and Google Scholar, using combinations of keywords
such as “facial emotion recognition,” “deep learning,”
“CNN,” “transformer,” “dataset,” and “software
architecture.”  Articles were screened based on
relevance to FER, novelty, and publication in
peer-reviewed venues. Priority was given to studies
that reported technical contributions (e.g., novel
models, datasets, or deployment frameworks) and
those addressing software engineering aspects such as
system integration or real-time deployment. In total,
58 primary studies were included, spanning journal
articles, conference proceedings, and influential
surveys. The selected literature was then organized
along five thematic pillars traditional techniques,
deep learning advances, datasets, key challenges, and
future directions forming the structure of this review.

An initial search retrieved about 90 publications using
keywords related to facial emotion recognition, deep
learning, datasets, and software engineering. After
removing duplicates and screening titles and abstracts,
58 papers were reviewed in full. Studies lacking peer
review or focusing outside FER were excluded, leaving
80 primary works (2015-Present) that form the basis
of this review.

The research contributions of this review are given as:

traditional
learning

1. Analyzed the transition from
feature-based methods to deep
techniques in FER systems

2. Reviewed recent deep learning architectures
(2015-2025) and their integration into intelligent
applications.

3. Compiled and compared widely used FER
datasets and training practices.

4. Highlighted key limitations in deep learning FER
models, such as bias, generalizability, and lack of
explainability.

5. Proposed future directions for building
lightweight, fair, and robust FER systems
for real-world use.

This review is organized as follows: section 2
reviews traditional feature-based approaches, section
3 examines the emergence of deep learning methods,
section 4 surveys widely used datasets, section 5
analyzes key challenges in FER development and
deployment, and Section 6 outlines future research
directions.

2 Traditional Techniques in Facial Emotion
Recognition

FER systems are typically designed to classify
universal emotional states such as happiness, sadness,
anger, fear, surprise, disgust, and neutrality using
input from static images or video streams [12].
The earlier approaches to FER systems relied upon
feature extraction techniques including local binary
patterns, histogram of oriented gradients, and active
appearance models [4, 13]. These classical approaches
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Figure 1. Timeline illustrating the evolution of FER systems from handcrafted features to deep learning architectures
between 2015 and 2025.

to FER systems suffered from severe problems
concerning environmental factors, such as lighting
and occlusions, head pose, and cluttered backgrounds,
which compromise robustness in practical scenarios
[5,14]. Another technique named Gabor filters capture
spatial frequency and orientation and have been
effectively used to extract facial features. Gabor-based
representations have been shown to improve FER
performance under lighting changes and occlusion
scenarios [15, 16]. The Active Appearance Models
(AAM) are generative models that combine shape
and texture information for face modeling. Though
less common in recent work due to their sensitivity
to variations, they were foundational in early FER
development and were adapted as baselines even
in deep learning comparison studies [17]. These
conventional methods faced difficulties such as
changes in pose, lighting and occlusions, weak
generalization to actual field cases, and reliance on
manual feature design and optimization. The timeline
for FER systems from 2015 to 2025 is shown in Figure 1.

Thus, the move towards deep learning with FER
systems alleviated most of these issues by providing
automatic and hierarchical feature learning from raw
images, enhancing robustness and scalability. A
summary of Traditional Techniques in FER is shown
in Table 2.

A graphical comparison of traditional and
deep-learning FER systems is presented in Figure 2.

3 Emergence of Deep Learning in FER

The advancement of deep learning techniques,
especially after the notable success of AlexNet in 2012,
acted as a pivotal moment in the evolution of FER
systems. The application of Convolutional Neural
Networks (CNN) to FER became almost instantaneous
because they could automatically and effortlessly filter
intricate hierarchical spatial patterns from images [18].
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Figure 2. Traditional vs. Deep Learning FER Pipeline.

VGGNet, ResNet, and inception models, with static
image-based FER, have greatly progressed in accuracy
and transfer learning, which has expanded their use
in numerous fields [5, 19].

To manage temporal data such as video sequences or
multi-frame data, recurrent Neural Networks (RNNs),
particularly Long Short Term Memory (LSTM) and
Gated Recurrent Units (GRUs), have been used to
model the dynamics of temporal changes of facial
expressions [20]. These models are capable of learning
sequential dependencies, and this ability is a key
requirement for appreciating emotional expressions
over time in the real world [21]. Also, deep learning
techniques, particularly CNN and DBN models, have
performed well in FER. Researcher compared LECN
and DBN models to analyze their efficacy in emotion
recognition and classification. Deep Convolutional
Neural Networks (DCNN) were the most effective
models as they performed the best using the JAFFE
dataset, achieving an accuracy of 97.01%. Thus, further
confirming the ability of DCNNs for FER systems
[22]. Another study used CNNs in combination
with modified stochastic gradient descent and ELM
classifiers for facial emotion recognition. In this
case, the recognition accuracy and the efficiency of
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Table 2. Traditional techniques in facial emotion recognition.

Advantages Limitations

Technique Description
Captures local texture
Local binary patterns by thresholding
neighboring pixels
Describes object
Histogram of Oriented appearance using
Gradients gradient  orientation
histograms
Capture spatial
Gabor Filters frequency and
orientation information
Combine shape and
Active Appearance texture for face
Models (AAM) modeling using

statistical techniques

Combination of above

Handcrafted Feature techniques used
Pipelines in traditional FER
pipelines

Fast and simple to Sensitive to noise and

implement illumination changes
Good f detecti
o0 or cetecting Struggles with pose and
facial edges and . 7 o
lighting variations
contours
ionall
Robust to lighting and Compu.tatlon.a Yo
) . expensive; fixed filter
partial occlusions .
design
Sensitive to  facial
Incorporates  holistic pose and alignment;
facial info limited real-world
generalization
Poor generalization;
Offers interpretability labor-intensive feature
and control over design; inadequate
features under real-world
variations

the system were improved due to the systematic
pre-processing of data. This study also reported
accuracies of 98.40%, 97.60%, and 96.53% for CK+,
JAFFE, and FER2013 respectively. In addition, the
system performed real-time video analysis at a frame
rate of 25 frames per second, processing each image in
65 milliseconds [23]. In the more recent work, a model
for real-time facial emotion recognition was designed
to identify seven different emotional states based on
user behavior analysis. These strategies proved to
be more effective than the conventional approaches
since they lowered the amount of hardware required,
processing time; while retaining notable precision. The
model achieved an accuracy of 97.7% when tested
on the FER2013 and the Random datasets. This
shows the model’s robustness and effectiveness in
performing real emotion detection [24]. FER enabled
the detection of human emotions via the use of cameras
for applications in the fields of entertainment, security,
and safety [25]. VGG, Inception-V1, ResNet, and
Xception all exhibit critical shortcomings in terms of
high operational costs and suffering from the vanishing
gradients problem.

Researchers proposed customized VGG-19 (CVGG-19)
combines strengths of multiple architectures, boosting
accuracy by 59.29%. It also reduced computational
cost by 89.5% and improved Fl-score over leading
models by 3.86% [26]. An online education platform

with facial expression recognition used an optimized
ResNet-50 and attention mechanism to enhance
learning monitoring. It achieved 87.62% (RAF-DB)
and 88.13% (FER2013), outperforming ResNet-50 and
prior works, showing promise for real-time classroom
adaptation [27]. Recent work explored deep learning
models such as LSTM and GRU, on EEG-based
approaches have gained attention for offering objective
and real-time emotion detection by directly measuring
brain activity. The models achieved accuracies up to
97%, outperforming traditional classifiers like SVM,
Random Forest, and GaussianNB [28].

Facial expression recognition plays a vital role in
computer vision applications such as surveillance,
human-robot interaction, and behavior analysis.
A stacked sparse auto-encoder (SSAE-FER) was
employed for unsupervised feature extraction and
supervised fine-tuning, with a softmax classifier for
seven expression categories. The method addressed
challenges like illumination changes, occlusion, noise,
and overfitting, achieving 92.50% accuracy on JAFFE
and 99.30% on CK+ [29]. Several facial emotion
recognition techniques classify expressions such as
anger, happiness, sadness, contempt, surprise, fear,
disgust, and neutral. However, performance often
drops due to limited facial landmark representation.
Recent landmark-based and region-specific methods
achieved higher accuracy, with advanced zoning
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techniques reaching 97.6% on CK+ and 73.4% on
FER2013, outperforming traditional approaches [30].

In recent years, transformer-based architectures and
attention mechanisms have gained prominence in FER.
Originally developed for natural language processing,
models like the Vision The Swin Transformer
introduces a hierarchical vision architecture using
shifted windows for efficient self-attention. It achieved
87.3% top-1 accuracy on ImageNet-1K, 58.7 box AP /
51.1 mask AP on COCO, and 53.5 mloU on ADE20K,
outperforming previous models. Its scalable design
made it highly effective for classification, detection,
and segmentation tasks [31, 32]. These models also
contributed to greater interpretability and robustness,
particularly when dealing with occlusions, subtle
expressions, and noise.

Generative Adversarial Networks (GANs) have
also been integrated into FER pipelines to augment
datasets with realistic synthetic facial expressions.
This helps mitigate challenges like class imbalance
and data scarcity, improving model generalization
across diverse populations and lighting conditions
[33]. Moreover, to meet the demand for deploying
FER systems on resource-constrained devices,
researchers have developed lightweight deep learning
architectures such as MobileNet, EfficientNet, and
ShuffleNet. These models enabled real-time inference
while minimizing memory and computation costs,
making them suitable for mobile platforms and edge
devices [34, 35]. In addition, multi-task learning
approaches where FER was combined with other tasks
like identity recognition, age, or gender estimation are
increasingly being explored to improve shared feature
learning and system efficiency [36]. FER architecture
taxonomy is expressed in Figure 3.

[FER Architectures l
-
4 (&
Ealﬂ; m Hybrid 1ransformar
CNN
(ves ] (s ) (raltisn [Mob-'eﬂet]
ResNet GRU

Swin

CNN
Transformer

+
Attention

Figure 3. Taxonomy of FER architectures, including CNNs,
RNNSs, hybrid models, and transformers.

ShuffleNet

The summary of deep learning models highlighting
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the datasets, models, and accuracies are shown in
Table 3.

FER research reflects a clear trajectory shaped
by the limitations of earlier methods. = CNNs
drove early breakthroughs by learning spatial
features automatically, but their reliance on local
receptive fields limited their ability to capture global
relationships across the face. To address this, RNNs
and LSTMs were introduced for temporal dynamics
in video-based FER, while transformers later gained
prominence for their ability to model long-range
dependencies through self-attention. At the same time,
GAN-based augmentation emerged to counter dataset
imbalance, and lightweight models such as MobileNet
and EfficientNet responded to the demand for
real-time deployment on edge devices. This evolution
shows that advances in FER are consistently motivated
not only by accuracy, but by the need to overcome
data limitations, improve temporal and contextual
modeling, and enable practical deployment.

Overall, the studies in Table 3 reveal several
overarching trends. First, recognition accuracy has
approached saturation on controlled or constrained
datasets such as CK+ and JAFFE, where many
deep models exceed 95%. In contrast, performance
on "in-the-wild" benchmarks such as FER2013 and
RAF-DB remains considerably lower; underscoring
that generalizability is still a challenge. Second, while
architectural innovations from CNNs to hybrid and
transformer-based designs have driven incremental
gains, improvements are increasingly linked to the
availability of larger and more diverse datasets, as seen
with AffectNet. Finally, recent progress suggests that
scaling data diversity and integrating augmentation or
synthetic data generation may now be more decisive
for real-world performance than further deepening
model complexity. This synthesis highlights that
advances in FER depend on both algorithmic design
and dataset representativeness, with progress uneven
across benchmark types.

4 Datasets for Facial Emotion Recognition in
Deep Learning

The effectiveness of deep learning approaches heavily
depends on the quality, diversity, and size of the
datasets used for training and evaluation [37]. The
description of most widely used datasets in FER is
given below.

FER-2013 was introduced by a Kaggle challenge
and contains 35,887 grayscale images labeled with
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Table 3. Summary of deep learning advances in facial emotion recognition.

Approach Model / Method  Dataset(s) Reported Metrics  Key Contribution
AlexNet CNNs (VGGNet, ) Demonstrated hierarchical spatial feature
breakthrough ResNet, Various Accuracy ~ 72% . .
. : learning; established deep CNNs for FER
in FER Inception)
RNNs  (LSTM, ... o Captured dynamic temporal
Temporal FER GRU) Video sequences  Accuracy 93.2% dependencies in expressions
DCNN-based Deep CNN JAFFE Accuracy 97.0% Outperformed traditional models for static
FER FER
Acc: 98.4%
(CK+), 97.6%
CNN + SGD + Pre-processing + CK+, JAFFE, (JAFFE), 96.5% Efficient real-time processing at 25 fps
ELM ELM classifier FER2013 (FER2013); with high accuracy
Latency: 65
ms/image
Real-time FER . ) FER2013, o Achieved real-time performance on
model Lightweight CNN Random dataset Accuracy 97.7% limited hardware
Customized Hybrid CNN . Accuracy T 59.5%, Balanced accuracy, cost, and robustness
VGG-19 architecture Various Cost 1 89.5%, through hybrid design
(CVGG-19) Fl-score 1 3.9% sy &
Online learning Optimized RAEF-DB, Ace: 87.6% Enabled adaptive monitoring in e-learning
FER ResNet-30  + pppogis (RAF-DB), 88.1% i+ onments
Attention (FER2013)
EEG-based FER  LSTM, GRU EEG signals Acc: 97%,96%  Outperformed classical ML models for
objective emotion recognition
Stacked ~ Sparse Acc: 92.5% Improved robustness against illumination
SSAE-FER Autoencoder + JAFFE, CK+ (JAFFE), 99.3% % , 8
and occlusion
Softmax (CK+)
) Acc: 97.6% i
?ggl?%;%a;)ed VGG-16 + Zoning CK+,FER2013  (CK+),  73.4% ?;irrzg;ir ;223;““1( zoning for better
(FER2013)
Acc: 87.3%
Swin Transformer Hierarchical ImageNet-1K, (ImageNet), Captured global context efficiently with
AnSIOTMeEr o nsformer COCO, ADE20K  mloU 53.5% scalable attention
(ADE20K)
GAN-augmented GAN + FER In-the-wild . Augmented data for underrepresented
datasets Accuracy ~ 46.5% classes; lower accuracy reflects dataset
FER Model : .
(various) difficulty
. . MobileNet, . . . .
Lightweight FER EfficientNet Mobile/Edge MobileNet ~ 34% Enabled FER on constrained devices
models ShuffleNet devices (low-resource) through lightweight architectures
FER * Custom  mixed Improved efficiency via shared feature
Multi-task FER identity/age/gender Accuracy ~ 79% Pre y
" datasets learning
recognition

six basic emotions plus neutral, gathered from
unconstrained sources. This diversity makes it
ideal for evaluating model robustness in real-world
scenarios [38]. Another dataset named JAFFE
Comprised 213 high-resolution images of Japanese
female subjects portraying six emotional expressions
and a neutral face. Its controlled acquisition permits
detailed study, though its narrow demographic limits
generalization [39]. CK+ (Cohn-Kanade Extended)
is a benchmark dataset featuring high-quality facial
image sequences with annotated emotion labels,

widely used for static and dynamic FER research
[40]. Another dataset named AffectNet is the largest
in-the-wild emotion dataset, with over one million
images annotated for both categorical expressions
and continuous valence-arousal values, enabling
richer emotion modeling [5]. Similarly, RAF-DB
dataset contains nearly 30,000 real-world facial images
annotated by multiple labelers, capturing expressions
across diverse demographics, poses, lighting, and
occlusions. SFEW (Static Facial Expressions in
the Wild) dataset is Composed of images extracted
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from films, it challenges models with variations
in lighting, pose, and facial obstructions, better
simulating real-world FER deployment [41]. The
Summary of commonly used datasets in facial emotion
recognition is presented in Table 4.

Selecting the right dataset or combining multiple
benchmarks is essential for developing FER systems
that perform reliably across cultural, environmental,
and demographic variations.

5 Key Challenges in FER Development and
Deployment

5.1 Dataset heterogeneity and standardization

Despite the technical advancements, the development
of FER systems is still confronted with many
unresolved issues. A key concern is the lack of
availability of benchmark dataset standardization.
Commonly used datasets such as FER2013, AffectNet,
CK+, RAF-DB, and JAFFE; differ in emotion label
categories. Diversity in the demographics of the
people, resolution and the standards of annotation,
add variability within the training and evaluation
procedures [4, 42]. These inconsistencies undermine
reproducibility, scalability, and integration of FER
models into software systems. Another important
concern is the generalizability and robustness of the
system. FER models which have been trained with
only controlled datasets typically suffer from severe
performance degradation when operating in real-time,
unconstrained, "in-the-wild" deployment scenarios.
These challenges are further compounded by the
age, gender, and ethnocultural variability in occluded
facial features due to glasses and masks, especially
in the post-pandemic era [43]. Bias and fairness
issues are increasing significantly with FER systems,
driven by evidence of performance gaps aligned
with ethnicity and gender resulting from skewed
training datasets [44]. Addressing these problems
requires fairness-aware training, diverse datasets, and
frameworks to evaluate bias, especially in critical fields
like healthcare and law enforcement. Also, the lack of
transparency in deep learning algorithms undermines
confidence in FER systems. To enhance transparency
and accountability, the application of Explainable Al
(XAI) methods to FER systems is receiving increased
attention [45].

5.2 Bias and fairness across demographics

Beyond technical limitations, demographic biases
in FER systems can have tangible consequences
when deployed in sensitive domains. For instance,
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in healthcare, biased recognition accuracy across
age or ethnicity may lead to misinterpretation
of emotional cues in mental health diagnostics,
particularly for underrepresented groups, thereby
reducing the reliability of clinical decision support
tools. Similarly, in law enforcement or security settings,
unequal performance across gender or skin tone
categories may reinforce existing societal inequities by
disproportionately misclassifying emotions of certain
populations. These risks highlight that addressing
dataset imbalance is not only a matter of improving
accuracy but also of ensuring ethical and socially
responsible deployment of FER technologies.

5.3 Explainability and transparency in fer systems

Recent work in explainable Al has demonstrated
practical pathways for embedding interpretability
directly into FER pipelines. Techniques such as
saliency and attention maps allow practitioners
to visualize which facial regions most strongly
influence model predictions, making it easier to detect
reliance on spurious features (e.g., teeth visibility).
Concept-based explanations can link model decisions
to higher-level semantic features, such as "eyebrow
raise" or "lip curvature," which align more closely with
human understanding of emotional cues. In addition,
counterfactual explanations can help stakeholders
explore "what-if" scenarios by identifying minimal
changes to an input image that would alter the
predicted emotion class. Integrating such techniques is
particularly important in high-stakes applications such
as healthcare or law enforcement, where transparency
is essential for building trust, enabling auditing, and
ensuring accountability of FER systems.

5.4 Resource  Constraints and
Architectures

Lightweight

Moreover, to address these deployment limitations,
recent studies have explored lightweight deep learning
architectures specifically optimized for mobile
and edge devices. Models such as MobileNetV3
and EfficientNet achieve a favorable trade-off
between accuracy and computational efficiency
by employing depthwise separable convolutions
and compound scaling strategies, respectively.
For example, MobileNetV3 has been successfully
applied to FER tasks with competitive accuracy
while reducing parameter counts by nearly 90%
compared to conventional CNNs, enabling inference
on mobile CPUs in real time. Similarly, EfficientNet
has demonstrated state-of-the-art accuracy with
significantly fewer FLOPs, making it suitable for
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Table 4. Summary of commonly used datasets in facial emotion recognition.

Dataset Year  Size (#samples) Modality Key Pros Key Cons
~593 video High-quality, . .
Video well-annotated, Limited size, mostly

CK+ 2010  sequences (123 o

. frames benchmark for posed posed, low diversity
subjects) .
expressions
. Clear, controlled )
JAFFE 1998 213 images (10 Images conditions; widely used Very sma'll, . last
Japanese females) , demographic diversity
baseline
Large-scale,
. "in-the-wild" Labels noisy,

FER2013 2013 ~35,887 images Images conditions; Kaggle unbalanced classes
benchmark
Rich annotations,

RAE-DB 2017 ~30,000 images Tmages diverse demographics, Smauer than AffectNet;
spontaneous class imbalance remains
expressions

~1M images Largest FER dataset, Labor-intensive labelin
AffectNet 2017 (400K manually Images covers wide range of : &
. — noisy samples
labeled) expressions

EmoReact / 2015/ ~2,000-5,000 Video S)?p:;ieiZnS' ?Xgigz(s: Smaller scale than

Oulu-CASIA 2009  video clips . p L AffectNet; limited labels
illumination variation
Multimodal (EEG +

DEAP 2012 32 participants x EEG 4+ physiology + video); Limited sample size;

40 trials Video valuable for affective high collection cost
computing
deployment in latency-sensitive environments The key challenges faced by FER systems are

such as classroom monitoring systems or wearable
healthcare devices. These benchmarks illustrate
that resource-aware design is no longer a secondary
concern but a central criterion for building FER
systems that can operate reliably in the wild.

5.5 Privacy, Consent, and Legal Compliance

The ethical implications of FER extend to privacy,
consent, and data governance. Facial data can
reveal not only emotions but also identity and health
cues, making it highly sensitive under regulations
such as the GDPR, which treats biometric data as
requiring strict safeguards. To address these risks,
recent work has explored federated learning to avoid
centralized data storage, alongside differential privacy
and de-identification techniques that obscure identity
while retaining affective features. Embedding such
measures is critical for ensuring FER systems remain
both legally compliant and socially responsible. The
key challenges in FER development and deployment
are summarized in Table 5.

graphically presented in Figure 4.

5.6 Software Architecture Patterns for FER Systems

Beyond model design, the deployment of FER
within larger software systems often follows distinct
architectural patterns. Cloud-based inference
frameworks allow centralized training and scalable
emotion recognition services via APIs, though they
raise latency and privacy concerns. By contrast,
edge deployment enables real-time processing on
mobile or embedded devices, trading off model
complexity for responsiveness and user privacy.
Increasingly, FER systems are being deployed as
microservices, where preprocessing, model inference,
and post-processing are encapsulated into modular
components that can be independently scaled and
maintained. Data preprocessing pipelines including
face detection, alignment, and augmentation are
also critical architectural layers that determine
downstream model robustness. Discussing FER
through this lens highlights that software architecture
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Table 5. Key challenges in facial emotion recognition development.

Challenge Description References
Common datasets (FER2013, AffectNet, CK+, RAF-DB, JAFFE)
Dataset availability & vary in emotion labels, demographic diversity, resolution, (4, 38]
standardization and annotation standards, causing inconsistencies in training,
evaluation, and reproducibility.
Models trained on controlled datasets often fail in real-time
Generalizability & or "in-the-wild" envirots due to differences in age, gender, [39]
robustness ethnicity, and occlusions (e.g., glasses, masks). Performance drops
significantly in unconstrained conditions.
Imbalanced datasets lead to accuracy disparities across ethnicity
Bias & fairness and gender. This raises fairness concerns in sensitive applications [41]
like healthcare and law enforcement.
Lack of Deep learning models in FER are often black-box systems, limiting
Explainability trust. Explainable AI (XAI) is increasingly integrated to improve [42]

transparency and accountability.

Dataset Model Ethical Transparency
Issues Issues Issues Issues

Diversity, Efficiency, Bias, AccT{:LLuli;h -
Quality, Robustness, Equity, lity

Standardi- Adaptabili- Fairness Inter pre:t abi-

zation

U \ / w
2o 8

Figure 4. Categorization of Key Challenges in FER
Development and Deployment.

choices are as consequential as model accuracy,
shaping scalability, integration, and trustworthiness
in real-world applications.

Overcoming this issue will demand robust training
strategies such as augmentation, adversarial learning,
and domain adaptation, highlighted in the ML
engineering directions of Section 6.1.
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6 Challenges involved developing robust FER
systems

Facial emotion recognition systems face multiple
challenges spanning data, model performance, ethics,
and software engineering. First, heterogeneous
benchmark datasets and annotation inconsistencies
across popular corpora such as FER2013, AffectNet,
CK+, RAF-DB, and JAFFE lead to mismatches
in emotion labels, demographic coverage, image
quality, annotation protocols, and emotion modeling
approaches (categorical vs. dimensional), hindering
cross-dataset comparison and reproducibility [5, 46].
Generalization is another major hurdle, as models
trained on lab-controlled datasets often degrade
sharply under diverse conditions with variations
in pose, lighting, resolution, occlusion (masks,
glasses), and spontaneous or compound expressions
[47]. Bias and fairness issues persist, with accuracy
gaps across skin tones, genders, and age groups
due to imbalanced datasets and reliance on proxy
cues problems especially concerning in high-stakes
domains such as healthcare and law enforcement
[48,49]. The lack of explainability further undermines
trust, since deep neural networks operate as black
boxes; without integrated explanation modules, it is
difficult to audit decisions, detect spurious correlations
(e.g., reliance on teeth visibility), or provide recourse
[50]. Privacy and legal compliance pose additional
barriers, as centralized collection of sensitive facial
data can have conflict with regulations and erode
user acceptance [51, 52]. Deployment constraints
compound these issues such as achieving low-latency,
low-power inference on mobile or embedded devices
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Figure 5. Conceptual overview of a multimodal FER system architecture integrating facial, audio, and contextual cues.

staying challenging. Many state-of-the-art models
require compression or architectural redesign for
edge environments [53]. Finally, the absence of
standardized cross-dataset benchmarks, fairness and
robustness metrics, and reproducible engineering
pipelines including preprocessing, face alignment,
augmentation strategies, and fixed training seeds
impedes credible evaluation and large-scale software
integration [54].

6.1 Future directions

Future progress in FER requires coordinated efforts
across data engineers, ML engineers, and system
architects.

1) Data Engineers: Develop standardized,
demographically balanced benchmarks with
categorical and dimensional labels, including
occlusions and spontaneous expressions [3, 34].
Incorporate  fairness-aware  pipelines  with
demographic auditing, sampling, and domain
adaptation to reduce disparities [36, 37]. Explore
privacy-first datasets and de-identification initiatives
(e.g., DEEMO) to ensure compliance while retaining
affective cues [44].

2) ML Engineers: Design explainable and lightweight
models by embedding saliency maps, concept-based
explanations, and counterfactuals [38], combined
with pruning, quantization, and distillation for
edge deployment [41, 42]. Strengthen robustness
with augmentation, adversarial and occlusion-aware
training, uncertainty-aware outputs, and domain
adaptation [35, 43].

3) System Architects: Embed FER into
privacy-preserving frameworks such as federated
learning, multimodal de-identified pipelines, and
differential privacy [39, 40]. Apply MLOps practices
tailored for FER, including fairness and regression

testing, drift monitoring, and model cards [36].
Finally, pursue multimodal integration that fuses
facial cues with audio, body language, and contextual
metadata to improve reliability [45].

A conceptual overview of multi-model system
architecture is expressed in Figure 5.

The year-wise distribution of targeted studies is
provided in Table 6.

Table 6. The year-wise distribution of targeted studies.

Year References

2015 [21]

2016 [17]

2017 [20][46]

2018 [33][48]

2019 [5][8][22][34][42][54]

2020 [11][35][45]

2021 [31][32][36][43][44][51]

2022 [4][10][52]

2023 [7][14][23][27][29][30][40][41]

2024 [2][6][9][12][13][19][24][26][28][38][47][53]
2025 [1][3][15][16][18][25][37][39][49][50][55][56][57]

A visual summary of the year-wise distribution of
selected studies is provided in Figure 6.
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Figure 6. Year wise distribution of selected studies.
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7 Conclusion

This review contributes a distinct software engineering
perspective to facial emotion recognition, going
beyond prior surveys that emphasize algorithms
alone. It examines facial emotion recognition
systems, offering an integrated perspective on their
architectures, model frameworks, datasets, and
deployment practices from 2015 to present. While
deep learning advances particularly in CNNs, LSTMs,
hybrid models, and transformers have significantly
improved accuracy and scalability, FER systems
still face notable challenges in dataset heterogeneity,
demographic imbalance, generalization to real-world
conditions, interpretability, privacy, and efficient edge
deployment. The synthesis underscores the need for
standardized and diverse datasets, fairness-aware
training protocols, explainable Al integration, and
privacy-preserving design to ensure trustworthy
and socially responsible applications. Future FER
systems should adopt lightweight, resource-efficient
architectures capable of real-time inference, embrace
multimodal inputs for robustness, and leverage
modern MLOps pipelines for continuous testing,
monitoring, and governance. By uniting algorithmic
innovation with rigorous software engineering
principles, the FER field can progress toward building
scalable, ethical, and high-performance systems that
operate reliably across diverse, real-world contexts.
In future, we aim to design a reliable and robust
FER framework while employing benchmark dataset
and lightweight transfer learning model that can be
integrated in mobile applications.
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