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Abstract

Facial expression recognition (FER) serves as a vi-
tal interface for bridging human emotions and ma-
chine understanding, enabling applications across psy-
chology, healthcare, and human-computer interaction.
This study explores the performance of machine learn-
ing classifiers—SVM, Random Forest, KNN, and Deci-
sion Tree—on the CK+ dataset, a benchmark for FER
research. Preprocessing techniques, such as grayscale
conversion and histogram equalization, were employed
to enhance feature clarity. Features extracted via His-
togram of Oriented Gradients (HOG) were evaluated us-
ing k-fold cross-validation. SVM emerged as the most ac-
curate classifier, achieving a 100% recognition rate with
a linear kernel, while Random Forest demonstrated ro-
bust but slightly inferior performance. Decision Tree and
KNN exhibited lower accuracies, highlighting the trade-
offs between interpretability and performance. These
findings underline the potential of SVM for designing
reliable and efficient FER systems suitable for practical
applications.

1. Introduction

Internal emotional states can be communicated
through facial expressions, which are a global language
of emotion that cut beyond linguistic and cultural barri-
ers. In domains such as psychology, healthcare, human-
computer interaction, and entertainment, automating
facial emotion recognition (FER) has attracted a lot
of attention since it allows robots to communicate with
people in a thoughtful and sympathetic way. By replac-
ing manually created feature extraction with data-driven
models, machine learning has revolutionized FER and
greatly increased accuracy and adaptability. FER mod-
els are evaluated against the Cohn-Kanade Plus (CK+)
dataset [1], which is renowned for its high-quality photos
of posed emotions. Applications for FER are numerous

and include everything from mental health monitoring
systems that assist patients and therapists to virtual as-
sistants that streamline encounters. Additional use ex-
amples that demonstrate the technology’s increasing ap-
plicability across industries include smart surveillance,
immersive gaming, and customer sentiment research. In
order to create a reliable FER system, this study investi-
gates how well machine learning models—such as SVM,
Random Forest, KNN, and Decision Tree—perform on
the CK+ dataset. To determine which configuration per-
forms the best, the study also contrasts the linear, RBF,
and polynomial SVM kernels [2]. This research aims to
develop and implement effective facial expression recog-
nition models while comparing the performance of vari-
ous machine learning techniques. It examines the role of
feature selection and preprocessing methods in enhanc-
ing model accuracy and evaluates the impact of dataset
size and quality on performance. These objectives seek
to advance robust and scalable FER systems for practi-
cal applications.

The authors in [3] proposed a deep learning approach
using convolutional neural networks (CNNs) to extract
spatial features from facial images, achieving significant
improvements in accuracy on the FER-2013 dataset.
Their work emphasized the importance of deep archi-
tectures for capturing complex patterns in facial expres-
sions. Similarly, authors in [4] explored hybrid models
that combine handcrafted features like Local Binary Pat-
terns (LBP) with deep learning, demonstrating enhanced
generalization on small datasets such as CK+. This hy-
brid approach effectively addressed challenges posed by
limited training samples.

In another study, Kumar et al. [5] compared tra-
ditional machine learning methods, such as SVM and
Random Forest, with modern deep learning techniques.
While deep learning models performed better overall,
the study highlighted that optimized traditional meth-
ods remain competitive in scenarios with limited com-
putational resources. Furthermore, Wang et al. [6] in-
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vestigated the impact of preprocessing techniques, such
as histogram equalization and geometric alignment, on
FER performance. Their findings underscored the role of
preprocessing in improving feature clarity and reducing
variability across datasets. Researcher in [7] analyzed
the effect of feature extraction methods, including HOG
and Gabor filters, on FER accuracy. They reported that
while HOG features perform well with linear classifiers
like SVM, Gabor features yielded better results with neu-
ral networks. These studies collectively highlight the
evolution of FER research, emphasizing the balance be-
tween traditional machine learning methods and modern
deep learning techniques based on dataset size, computa-
tional constraints, and specific application requirements.
Finally, newly deveolped bone conducted dataset create
an opportunity to extend the research with speech emo-
tion recognition [8].

The rest of the paper is structured as follows: Section
2 provides a detailed description of the study protocol
and evaluation methodology. The comparative findings
and various statistical analyses are presented in Section
3. This section also divides into the corresponding dis-
cussion and limitations. The final conclusions are drawn
in Section 4.

2. Methodology and structure

This section will describe the data collection methods,
data analysis procedures, and data validations employed
in this study.The study adopted a systematic approach
to assess the performance of machine learning models
for facial expression recognition. The CK+ dataset, a
benchmark in FER research, was utilized for training
and evaluation. To enhance the quality of input data,
preprocessing steps were applied, including grayscale
conversion and histogram equalization. These tech-
niques improved image consistency and highlighted criti-
cal facial features. Feature extraction was performed us-
ing the Histogram of Oriented Gradients (HOG) method,
which effectively captures edge and gradient information
crucial for FER tasks.

Four machine learning classifiers—SVM, Random For-
est, KNN, and Decision Tree—were employed for classi-
fication. Each model underwent hyperparameter opti-
mization using a Grid Search approach to identify the
best parameter configurations. Additionally, the per-
formance of SVM was analyzed across different ker-
nels, including linear, polynomial, and radial basis func-
tion (RBF). To ensure robust evaluation, k-fold cross-
validation was used, and metrics such as accuracy, pre-
cision, recall, and F1-score were calculated. Further-
more, the effect of varying train-test ratios on model
performance was studied to evaluate generalization ca-

pabilities. This comprehensive methodology facilitated a
detailed comparison of the models’ effectiveness in FER
tasks. The use of Grid Search significantly improves the
performance of the models by ensuring that the best set
of hyperparameters is selected, leading to higher accu-
racy in facial expression recognition.

Figure 1: Emotion detected by SVM

Figure 2: Emotion detected by KNN

Figure 3: Emotion detected by decision tree

3. Experimental results

The results of this study reveal significant differences
in the performance of the machine learning models eval-
uated. Support Vector Machines (SVM) outperformed
other classifiers, achieving 100% accuracy with a linear
kernel. This performance highlights the effectiveness of
SVM in leveraging the HOG features and its robustness
across varying train-test ratios. SVM’s accuracy slightly
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Figure 4: Emotion detected by random forest

Figure 5: Accuracy for different kernel train-test ratio.

declined with polynomial and RBF kernels, particularly
when larger portions of the data were used for testing.
Random Forest also demonstrated strong performance,
achieving an accuracy of 97%, making it a competitive
alternative to SVM. However, it exhibited slightly lower
consistency in comparison to SVM. Figure 1 to Figure
4 show the emotions detected by four model simultane-
ously. The details values for these four model are pre-
sented in Table 1 to Table 5.

The k-Nearest Neighbors (KNN) classifier achieved an
accuracy of 92%, showcasing its strength in handling
smaller datasets but its limitations in computational ef-
ficiency and scalability. The Decision Tree model, while
interpretable, demonstrated the lowest accuracy at 79%,
reflecting its tendency to overfit on small datasets. The
analysis of train-test ratios further emphasized the supe-
riority of SVM, which maintained high accuracy across
varying splits. These results underscore the importance
of appropriate model selection and hyperparameter tun-
ing in FER tasks, with SVM emerging as the most reli-
able and effective method for facial expression recogni-
tion. Figure 5 shows the different kernel train-test ratio.
Comparative model test accuracy is depicted by Figure
6.

The Random Forest model also showed improved

Table 1: Classification report for SVM
Label Precision (%) Recall (%) F1-score (%) Support
Anger 100 100 100 27
Contempt 100 100 100 11
Disgust 100 100 100 35
Fear 100 100 100 15
Happy 100 100 100 42
Sadness 100 100 100 17
Surprise 100 100 100 50
Accuracy 100% (197)
Macro avg 100 100 100 197
Weighted avg 100 100 100 197

Table 2: Accuracy results for SVM with different kernels
Train-Test Ratio (%) Linear Kernel Poly Kernel RBF Kernel
10% Test Set 100 81.81 90.90
20% Test Set 100 77.15 85.27
30% Test Set 98.98 72.20 87.79
40% Test Set 96.18 71.24 85.24
50% Test Set 92.87 69.24 83.50

Table 3: Classification report for Decision Tree
Label Precision (%) Recall (%) F1-score (%) Support
Anger 75 78 76 27
Contempt 86 55 67 11
Disgust 71 86 78 35
Fear 91 67 77 15
Happy 73 79 76 42
Sadness 83 59 69 17
Surprise 87 90 88 50
Accuracy 79% (197)
Macro avg 81 73 76 197
Weighted avg 79 79 78 197

Table 4: Classification report for KNN
Label Precision (%) Recall (%) F1-score (%) Support
Anger 100 89 94 27
Contempt 92 100 96 11
Disgust 83 86 85 35
Fear 100 93 97 15
Happy 91 93 92 42
Sadness 94 94 94 17
Surprise 94 96 95 50
Accuracy 92% (197)
Macro avg 93 93 93 197
Weighted avg 93 92 92 197

Table 5: Classification report for Random Forest
Label Precision (%) Recall (%) F1-score (%) Support
Anger 100 96 98 27
Contempt 100 100 100 11
Disgust 100 91 96 35
Fear 100 100 100 15
Happy 93 100 97 42
Sadness 94 94 94 17
Surprise 98 100 99 50
Accuracy 97% (197)
Macro avg 98 97 98 197
Weighted avg 98 97 97 197

423

 

NCSP'25 
RISP International Workshop on Nonlinear Circuits, Communications and Signal Processing 2025 
February 27 - March 2, 2025, Pulau Pinang, Malaysia 

 



Figure 6: Model Test Accuracy Comparison among
SVM, KNN, Decision Tree, and Random Forest.

results with hyperparameter optimization, though it
slightly lagged behind SVM in terms of accuracy. KNN
and Decision Tree models, while still performing well,
showed lower accuracy compared to SVM and Random
Forest. These results indicate that the systematic hy-
perparameter tuning through Grid Search was crucial
in optimizing the performance of each model, leading
to better recognition accuracy for all facial expressions
in the CK+ dataset [2]. Our proposed method outper-
forms state-of-the-art systems, achieving better recogni-
tion rates in facial expression recognition.

4. Conclusions

This study demonstrates the critical role of hyperpa-
rameter optimization through Grid Search in advancing
facial expression recognition systems. Among the models
evaluated, SVM emerged as the most effective, achiev-
ing superior accuracy and reliability, particularly with a
linear kernel. Random Forest provided competitive per-
formance but slightly lagged behind SVM, while KNN
and Decision Tree demonstrated lower accuracies but re-
mained viable for simpler use cases. These results high-
light the transformative potential of the hyperparam-
eter tuning in enhancing machine learning model per-
formance. By achieving state-of-the-art results, this re-
search lays the foundation for more robust and accurate
FER systems, with significant implications for diverse
real-world applications, including healthcare, emotional
analytics, and smart surveillance.
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