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Abstract—Facial expression recognition has become increas-
ingly relevant in the last few years particularly due to the

abundance of communication is now done online, rather than
in person. Even though many challenges still exist, there are
already a lot of approaches available that perform well in case the
environment is uncontrolled. Things like poor lighting, shadows
and occluded facial region make the results unreliable.

There are five models, which include the traditional model
in this study to determine machine-learning and deep-learning
approaches which are more effective in the real world. The
best model with the best accuracy of 87.9% was ResNet50.
MobileNetV2 was also quite successful and appeared more
efficient. According to the results, deep learning, in particu-
lar, transfer learning, would be better in practical emotion-
recognition systems.

Index Terms—Facial Expression Recognition, Deep Learning,
Real-Time FER, CNN, Emotion Classification, Image Processing

I. INTRODUCTION

The facial expressions are one of the most direct forms
of expressing emotion, which can be more accurate than
even words or actions. As virtual environments have quickly
developed, gadgets with the ability to consistently recognize
emotions have increasingly become important- most notably in
the fields of online classrooms and assistive technology. Earlier
methods were based on the use of handcrafted features, which
only worked in controlled environments but had no generaliza-
tion. Whereas deep-learning models learned the characteristics
themselves, resulting in increased accuracy, but the facial-
emotion data are still problematic in terms of cultural, light,
pose, and individual differences. Therefore, in this paper the
strength of various models is considered to determine which
one is able to cope with the variability in the real life.
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II. LITERATURE SURVEY

Facial Expression Recognition (FER) research has experi-
enced an apparent change in the past few years. Initially, the
bulk of the work was done based on handcrafted features.
Most older systems were based on the Facial Action Coding
System (FACS) of Ekman and Friesen, which is, in essence, a
system that links certain movements of the face muscles to an
emotional state [11]. Such models as SVM, Random Forest,
and k-Nearest Neighbours were all common at that stage. They
worked well, but chiefly in the cases where the pictures were
made when it was light and it was possible to see the face. As
soon as faces did not match perfectly or the light changed, the
level of performance dropped at a rather rapid rate. It can be
observed that most of the earlier approaches were particularly
problematic due to the lack of diversity of the data they worked
on.

The change began with the popularity of deep learning.
Convolutional Neural Networks (CNNs) allowed the training
of models on the actual images instead of the features that were
manually designed. Popular architectures, such as AlexNet
[19], VGGNet [5], and ResNet [6], had contributed towards
strong baselines. Approximately, at the same period, datasets
such as FER-2013 [9], AffectNet [3], and RAF-DB [10]
emerged and provided researchers with a lot more to work
with. The application of deep learning models led to a rapid
development in the field.

The further development of the research involved the exami-
nation of more complicated architectures and methods in order
to achieve better generalization. As an example, Mollahosseini
et al. trained deeper CNN models and demonstrated that their
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training on multiple datasets led to higher robustness [16].
Subsequently, Li and Deng identified a number of obstacles
that remain topical these days, including the demographic
disparity, lighting problems, and the noise in labels [2]. To
address these issues, scholars came up with attention mecha-
nisms, multi-branch CNNs and even Capsule Networks which
attempt to preserve the spatial relationship among features
intact [7]. There were papers that did not agree on the best
model and this was so when it comes to subtle displays such
as fear or disgust.

Generative Adversarial Networks (GANs), as well, started
to be used in FER research. The GANs were used to produce
new samples in order to resolve class imbalance and recreate
conditions such as occlusion or bad lighting [21]. The second
concept that seems interesting to me was soft-label learning,
in which there are no one-to-one labels on emotions, rather
probabilities, and this is reasonable in case some expressions
do not belong to a single emotion [4].

Transformer-based models and CNN-Transformer hybrids
are receiving attention in the past years. Global self-attention is
employed in these models, and appears to perform effectively
on small scale emotional cues [25]. However, simultaneously,
transformers are very computationally heavy and thus, nu-
merous practicable systems continue to depend on transfer
learning as it provides a superior tradeoff amid training and
performance [2]. It is true that the issues of deployment are
as significant as accuracy is.

The issue of efficiency became of interest later when FER
was used in the real-time applications. Lightweight models
such as MobileNetV2 [20] and GhostNet demonstrated that
one can attain a high accuracy with a small model. Zhang et
al. and Xia et al. studies [17] and [23] have demonstrated
these smaller models to be effective on devices such as
smartphones. When FER goes mainstream and can run on
constrained hardware, then it is likely that performance by
running smoothly will be more important than teasing the final
few accuracy bits out of it.

Other researchers have also experimented with hybrid meth-
ods such as, deep learning will extract features, but classifi-
cation will be performed through conventional models. Tang
discovered that a combination of deep features with a linear
SVM could even outperform pure traditional models and the
standalone CNNs [8].

It has also changed to multi-modal strategies, that is the
use of facial expression combined with speech or pose or
even physiological expression [12], [18]. And since FER
is under consideration in such domains as healthcare and
education, explainability has taken a significance. Such tools
as Grad-CAM can be used to reveal the areas of the face
that contributed to a prediction [14], [22].This solution will
help increase model understandability by reducing black-box
properties of emotion recognition systems.

Despite all these developments, there are still a number
of challenges that have not been addressed. The cultural
variations, noisy data, imbalance in the dataset and the real-
life variability continue to be big challenges. It is actually

not clear what approach is certainly the best one - and the
sphere is still dynamic and developing. These shortcomings
and advancements observed in prior research were used to
influence the rationale behind this research: the construction
of a system not only accurate under ideal test conditions but
also functional under realistic conditions.

III. METHODOLOGY
A. Dataset Selection

This study was conducted using three sets of data:
o FER-2013: A noisy dataset having a large amount of real-
world variations.
o CK+: A significantly cleaner dataset which is well-
articulated.
e RAF-DB: A variety of data containing realistic facial
expressions.
The fact that more than one dataset was used assisted the
model in learning both regulated and natural facial differences.

B. Preprocessing

Prior to training, every image underwent a number of
processes. The face was identified and cut off. Then, the
image was scaled, normalized, grayed out where necessary.
Information addition, including rotations and horizontal flips,
was included to assist the model in handling variations. This
step was noteworthy since certain emotions (such as fear or
disgust) did not appear as often as others.

C. Model Design

Both classical models and deep-learning were considered in
the study ones:
e SVM and Random Forest are considered classical
o Deep learning: A benchmark CNN, MobileNetV2, and
ResNet50
Transfer-learning models would have done better since they
begin with pretrained knowledge.

IV. EXPERIMENTS AND RESULTS

The four standard measures that were used to assess the
performance of the proposed models were accuracy, precision,
recall, and Fl-score. Classical machine-learning solutions, as
well as deep-learning models, were experimented, to discuss
their performance in the realistic environment.

TABLE I
PERFORMANCE COMPARISON OF DIFFERENT MODELS

Model Accuracy | Precision | Recall | Fl-score
SVM 58.2% 56.9% 54.3% 55.5%
Random Forest 62.4% 60.2% 59.7% 60.1%
Custom CNN 74.8% 73.3% 72.4% 73.0%
MobileNetV2 85.4% 84.8% 83.9% 84.3%
ResNet50 87.9% 87.2% 86.8% | 87.0%
Deep-learning models beat traditional ML, and

transfer-learning architectures outshine the custom CNN.
Visual graphs made metric comparisons straightforward.
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A. Accuracy

Model Comparison: Accuracy
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Fig. 1. Comparison of all of the assessed models in terms of accuracy.

The graph indicates an increase in the accuracy with the
increase in model complexity. MobileNetV2 and ResNet50
were far more successful compared to traditional methods with
SVM and Random Forest lagging well behind.

Among them is the high improvement in the performance
of the transfer-learning models. The transition between the
traditional CNN and MobileNetV2 and ResNet50 is rather
evident, and it can indicate that pretrained features become
extremely useful when it comes to performing the task of
emotion recognition.

B. Precision

Model Comparison: Precision
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Fig. 2. Precision of various machine-learning and deep-learning models.
Precision is also similar to the accuracy results. The models

that are most difficult to reach the traditional ones, and the
highest value of precision is obtained by ResNet50.
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Precision informs us on the rate with which the predicted
emotion was true. Again, the leader is ResNet50, and Mo-
bileNetV2 follows it by a narrow margin. This implies that
the number of false positives is lower than in the previous
models.

C. Recall
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Fig. 3. Compare between all models.

The more in-depth models have an advantage here too,
which is that they were more efficient at recognizing emotions
without false cases.

Fear and disgust were more difficult to discern. Even
stronger models did not pass without difficulties, which is also
characteristic of other FER research.

D. FI-Score

Model Comparison: F1-Score
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Fig. 4. Values of Fl-scores of all tested models.

Fl1-score is a combination of recall and precision and thus
it provides a well-rounded view of performance. In this case,
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once again we see transfer-learning models lead the pack in
terms of results.

The pattern of the Fl-score agrees with the earlier graphs.
It is possible to note that ResNet50 is the highest-performing,
and MobileNetV2 comes close to it. It is evident that the
classical models do not perform well in face recognition task
in the real world.

V. DISCUSSION

Upon a closer examination of the results, one can notice the
difference between classical models and deep-learning models
becomes very apparent. The classic models were not working
well, particularly when faces were faint or shadows were
unearthed. The custom CNN did get the better of things, but
the greatest leap occurred with transfer-learning models.

ResNet50 did the most generally, which is likely due to
the reason that it achieves greater patterns by its structure.
MobileNetV2 was also remarkable, particularly in view of
its lightness and speed it is. In case a person wanted to
process real-time emotion recognition MobileNetV2 would be
the most used on a phone or an embedded system likely be
the better choice.

One of the things that left an impression was that certain
feelings were constantly more difficult to categorize, partic-
ularly fear and disgust. Even during labeling, the following
categories appeared too often similar.

VI. CONCLUSION

According to the findings, it is evident that deep learning,
especially when it is used in conjunction with transfer learning,
is much better than any classical machine-learning approach
based on facial emotion recognition. ResNet50 was the most
precise, and MobileNetV2 is simpler to implement in real-
time. Overall, the approach investigated in this paper may be
used as a starting point in building efficient and deployment-
ready FER systems.

VII. FUTURE WORK

There are certain ways in which it might be improved.
One of them is to express facial expression in line with the
voice or text to be more accurate. The other would be testing
models that use transformers, because these have worked well
in vision tasks in recent times. It also possesses room to
optimize model size, which allows it to be used on low-power
machines. Lastly, the investigation must be carried out in more
depth in order to make sure that the system is fair to different
age brackets and cultures.
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