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ABSTRACT

Facial expressions indicate a person’s affective state and can be a significant determinant of cognitive
performance. This study proposes a Facial Expression Recognition System (FERS) to detect and analyze
students’ real-time emotions, thereby providing teachers with insights. The proposed system was trained
and evaluated using eight pretrained models on the CK+ dataset. A comparative analysis indicates that the
Xception model achieved the highest accuracy in emotion classification. To improve model performance,
the grayscale images in the CK+ dataset were enhanced and used as input to an Xception-based
Convolutional Neural Network (CNN), employing 3x3 Conv2D filters with ReLU activation and same-
padded layer feature extraction. The model demonstrated excellent performance, achieving an accuracy of
99.34%, a precision of 90%, a recall of 87 %, and an F1-score of 88 %, confirming the system's reliability
and efficiency, applying macro averaging. In conclusion, the proposed Xception-based CNN FERS can
accurately recognize students’ emotions, allowing teachers to monitor students' moods in the classroom.
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I.  INTRODUCTION

Nowadays, Deep Learning (DL) plays a significant role in
the integration of technology and education [1]. The human
face is dynamic and expresses a wide range of emotional states,
mental activity, and social messages through facial expressions
[2]. The recognition of these expressions by the computer is
called Facial Expression Recognition (FER) [3], and it plays a
significant role in computer vision, affective computing, and
Human-Computer Interaction (HCI). FER systems are designed
to mimic human facial expression perception and

understanding via a face detection pipeline, feature extraction,
and expression classification [4].

The transformation of the classroom into a dynamic,
technology-driven learning environment is facing significant
challenges, including teachers’ difficulty in understanding and
interpreting real-time non-verbal cues of students [5]. Facial
expressions are indicators of the affective state, which can
often go unnoticed, particularly in large or virtual classes,
resulting in missed pedagogical intervention opportunities [6].
These challenges can be addressed by the effective use of FER,
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which can analyze and recognize various facial expressions
using still images or videos [7].

Human emotions are assumed to be inborn and are not
influenced by extraneous factors, such as culture, race, and
education; that is why they can be interpreted in the purest
emotional sense [8]. With the advancement in video
surveillance, a facial picture or video can be effectively used to
detect facial expressions [9, 16]. However, processing facial
images and videos requires considerable computing resources
[10]. Compared to the offline (conventional) classroom, in the
online classroom, teachers cannot keep track of each student’s
activities or even their activity level during the class [11]. In a
conventional classroom, instructors can observe facial
expressions, body language, and students’ reactions due to
small classroom sizes [12]. These challenges can be addressed
by modern FER systems coupled with a DL-transfer-driven
system [13]. FER systems can process video streams and
recognize basic emotions, thereby identifying educationally
relevant states with high accuracy [14]. In addition, FER
technology offers real-time analytics dashboards, providing
anonymized, class-level comprehension and engagement data
to enable prompt instructional changes [15]. With the
popularity of video surveillance, using facial images or videos
to recognize facial emotions has been proven to be more
accurate [16].

However, existing literature lacks an optimized FER system
that can integrate transfer learning, effective preprocessing, and
custom CNN refinement to ensure credible performance in
real-time classrooms [17]. Moreover, research mainly focuses
on individual-model structures or curated data, with limited
comparative analysis on multi-pretrained DL models in a
realistic learning environment [18]. FER in education remains
experimental, as facial features are complicated and algorithms
are not yet developed to the level of practical use. The
performance of models examining students' expressions in
classrooms 1is still not at the desired level. To address these
challenges, the present study proposes a real-time Facial
Expression Recognition System (FERS) that can accurately
identify students’ emotional state in the classroom. The study
also compares the performance of different pretrained DL
models on the CK+ dataset and identifies the most effective
FER architecture in a learning environment. In addition, the
highest performing model is optimized by employing image
preprocessing techniques and custom CNN layers to boost its
capability in accuracy, precision, recall, and overall robustness
for real-time classroom deployment.

II. METHODOLOGY

A. Data Collection

The current study employed eight CNN models pretrained
on the CK+ dataset [19] for facial emotion recognition. The
dataset contains 981 images belonging to seven emotion
categories collected using a surveillance camera. The class
imbalance in the dataset was addressed by performing data
augmentation to the total of 1,670 images. The augmented
dataset was further divided into training and validation sets
using a 70:30 split, with each emotion class being
proportionately represented in each subset. Authors in [20]
employed the CK+ dataset to identify various facial
expressions with excellent performance in both geometric and
DL methods.

Surveillance cameras are often used to collect data,
reducing costs and restricting the disturbance of/caused by the
students during classroom activities. The present study
employed DL techniques for pre-processing the original data to
extract the students’ facial features. The eight pretrained
models were first evaluated on the original dataset, followed by
further testing on cropped Regions of Interest (ROIs) to focus
on emotion-relevant facial features. Since CK+ is a relatively
small dataset, transformations including rotation, scaling, and
flipping were applied to 30% of the data to enhance
generalization and reduce overfitting. This combination of
transfer learning, ROI-based preprocessing, and augmentation
enabled a more effective performance evaluation. Figure 1
illustrates the model development and FER process.

The CK+ dataset was used to perform various experiments,
as depicted in Table I. The results indicate that the Xception
model achieved the highest validation accuracy of 91.10%,
with a very small train-validation gap of 8.24%. MobileNet
achieved the lowest validation loss of 0.3723% with stable
learning performance. In contrast, EfficientNetB4 and
MobileNetV2 demonstrated a sign of overfitting, with a
performance difference of about 44%. This low performance
can be attributed to poor hyperparameter selection.

B. Xception Pretrained Model

Xception is a deep model, completely composed of
depthwise separable convolutions, thus separating the spatial
and channel correlations and increasing effectiveness. It has
stacked separable modules and residual connections, which
enhance representational power, while the computational cost
is also low [21].

|’ Input CK+ Dataset ) =

Transfer Learning Model (Xception) | |

Training & Validation phase |

(48*48 Grayscale images

Resize to 224%224

* Grayscale to 3-Channel RGB(1*1 Cov) —— raining
* Normalize Pixel values(0,1) Frozen Xception Base B Mt:l(ﬂ_ fit{Adam
+ Data Augmentation (ImageNet Weights) . op mm.al}
(Rotation,Flip,Zoom) Categorical
Crossentropy
Fig. 1. Model development and evaluation framework for FER.
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TABLE L TRAIN-VALIDATION ACCURACY GAP AND LOSS FOR DIFFERENT CNN ARCHITECTURES

Model Best training accuracy (%) Best validation accuracy (%) Training—validation gap (%) Lowest validation loss (%)
AlexNet 32.80 20.54 12.26 1.9446
DenseNet121 95.79 69.86 25.93 0.8059
EfficientNetB4 62.41 18.15 44.26 2.0682
InceptionV3 90.57 81.16 941 0.5282
MobileNet 96.95 86.99 9.96 0.3723
MobileNetV2 81.86 34.93 46.93 1.7290
ResNet50 50.80 25.34 25.46 2.1219
VGG16 25.54 25.34 0.20 1.8153
Proposed Xception 99.34 91.10 8.24 0.3685

The model has standardized input processing, effective
augmentation, and an Xception-based feature extractor to
enhance robustness. A dense layer with dropout facilitates
regularization, while softmax classification and the Adam
optimizer help maintain a stable learning process and consistent
performance.

C. Model Implementation

The model is provided with a single-channel input image
and is run through a convolutional layer with three 3x3 filters
applied with the same padding, followed by ReLU activation
for non-linearity. The model transforms the single-channel
input of original data into three channels that comprise the
feature map needed by the Xception backbone. The
transformed output is then fed into the pre-trained Xception
model, which is utilized without its top layers to obtain high-
level features of the input image:

F=XC)=X (ReLU(z;?'=1 K+ + bi)) )
where I is the input tensor of shape (H,W,1), where H =
IMG_SIZE [0] and W = IMG_SIZE [1]; K; is the i®
convolution kernel of shape 3x3x1; and b; is the bias associated
with the i® kernel. ReLU(:) is the activation function; X (-) is
the transformation performed by the pretrained Xception, and F
is the final feature representation produced by Xception.

D. Feature-Extraction

The input tensor x is subjected to global average pooling,
which is a process of converting each feature map into a single
value by averaging all the spatial locations. The resulting
feature vector is then batch-normalized to stabilize and
accelerate the training process. The normalized feature vector
is sent through a dense layer containing 256 units and a ReLU
activation to add non-linearity. To minimize overfitting, a
dropout layer with a probability of 0.5 is used, as:

y = Dropout(ReLU(BN(GAP(x)) - W + b),0.5) 2)

where x is the Input tensor, shape (H, W, C), GAP(x) is the
Global average pooling, BN(v) is the batch normalization
applied to vector v, and Dropout(v,p) is the dropout function
with probability p.

E. Model Compilation

To prepare the model for training, the model compile step
provides the optimizer and loss function. In multi-class
classification, categorical cross-entropy is used to calculate the
difference between the model-predicted probabilities and the
true one-hot labels. The Adam optimizer is set at a 1x10*

learning rate, which is an effective way to update the model
weights. To minimize loss, this configuration sets up the model
for training using gradient-based learning, as:

¢+ = Adam (H(t), VoL(y, 37))

9 =fo(), Ly, D) = — Xiz1 Vi o) 3)

where 6 is the set of all trainable parameters (weights and
biases) of the model. L(y, V) is the categorical cross-entropy
loss function, where y is the true one-hot encoded label vector,
and 7 is the predicted probability vector, - the learning rate @ =
1x 10™*, Adam(a) is the Adam optimizer with learning rate,
6® is the model parameters at training step f, x is the input
model, fo(x) is the model's predicted probability vector, C is
the number of classes, 8¢*D is updated according to the Adam
optimizer using the gradient of the categorical cross-entropy
loss. Table II presents the hyperparameters used for the
Xception model.

TABLE II. XCEPTION HYPERPARAMETERS
Category Hyperparameter
Input size 224 x 224 pixels
Batch size 32

Epochs 40
Train/validation split 70:30
Dense layer 256 neurons, ReLLU activation
Dropout 0.5
Output layer Softmax, neurons = number of classes
Loss function Categorical cross-entropy
Optimizer Adam, learning rate = 1x10*

II. RESULTS

The model exhibits a steady and efficient learning process
with training and validation accuracies of 0.99 and 0.90,
respectively, as illustrated in Figure 2. The loss during training
approaches zero, and validation loss declines to 0.35-0.55,
which is a strong indication of network optimization with first-
order overfit. In general, the learning rate confirms that the
network gains strong, discriminative features, necessary to
make reliable facial-emotion recognition. The results indicate
that the model attains promising overall performance with a
validation accuracy of 0.85-0.90, with good recognition of
happy and surprise, and moderate recognition of disgust and
anger. Misclassifications occur mostly in subtle emotions, such
as fear and sadness, but high true negative values suggest
sound generalization, as displayed in Figure 3. Overall, the
model is stable but can be improved to better reflect ambiguous
expressions.
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The Xception emotion classification model demonstrated
excellent discriminatory abilities, evidenced by the ROC curves
of the seven emotion classes shown in Figure 4. The loss
during training approaches zero and validation loss declines
0.35-0.55, which can be seen as a strong indication of network
optimization with a first-order overfit. In general, the curves
confirm that the network gains strong, discriminative features
necessary to make reliable facial-emotion recognition. The
model achieved AUC scores of 0.95 and 1.00, significantly
higher than the 0.50 mark of random performance. The curves
close to the upper-left corner indicate that there is an optimal
trade-off between false positives and true positives, which
demonstrates that the model is both highly accurate and has
low error rates in recognizing emotions. Overall, these findings
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suggest that the Xception model provides a promising visual
emotion recognition solution.

Table III presents the classification performance of
Xception for various emotions. As observed, the Xception
model outperformed eight models (Table I), with an overall
accuracy of 0.90 on 292 samples. The model achieved high F1-
scores for the 'happy' (0.90), 'surprise’ (0.97), and 'disgust'
(0.94) classes, indicating a strong balance between precision
and recall for these categories. Lower recall values for fear and
sadness indicate that the model faced difficulty in identifying
these emotions. In addition, the model achieved a macro F1-
score of 0.88 and a weighted Fl-score of 0.90, indicating a
reliable and well-generalized emotion classification when class
imbalance is present.
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TABLE IIl CLASSIFICATION PERFORMANCE OF THE datasets such as FER-2013. In addition, the employed dataset
XCEPTION MODEL contains surveillance camera images, which may not reflect
— real-world conditions. Future studies should collect facial
Class Precision Recall F1-Score Support expressions in an actual classroom
Anger 0.94 0.82 0.88 40 P :
Contempt 0.84 1.00 0.91 16
Disgust 091 0.96 0.94 53 COMPETING INTERESTS
Fear 0.88 0.68 0.77 22 The authors declare no competing interests.
Happy 0.83 0.97 0.90 62
Sadness 0.89 0.68 0.77 25 ACKNOWLEDGEMENT
S i 0.97 0.97 0.97 74 . . .
A:crggsci, — — 0.90 200 The authors would like to express their gratitude to
Macro Avg 0.90 087 0.88 200 Universiti Kuala Lumpur Malaysia (UNIKL) for providing
i funding for the publication of this study.
Wigvged 0.91 0.90 0.90 202 & P y

IV. CONCLUSION

This study proposed a Facial Expression Recognition
System (FERS) for real-time identification of the facial
emotions of students in classrooms. The study employed Deep
Learning (DL) to reliably classify seven emotions of students
in order to provide academic support and early intervention.
The results indicate that the Xception model outperformed the
other eight pretrained models with a training accuracy of
99.34%, and excellent class-wise precision and recalls.

The novelty of this work lies in the systematic assessment
and optimization of various trained models for educational
emotion recognition. The study also provides an application-
oriented design of practical use in classrooms. Despite the
favorable results, the study has some limitations, including the
smaller sample size of the CK+ dataset.  For better
generalization and stability, future studies should use bigger
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