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Abstract: This study aims to assess the effectiveness of
various algorithms in the realms of supervised and semi-
supervised learning applied to three multiclass facial image
datasets: JAFFE, Georgia tech, and Yale. The datasets were
partitioned into proportions of 80:20, 75:25, and 50:50 for
supervised learning, while semi-supervised learning was con-
ducted with labelled and unlabeled data ratios of 20:80, 25:75,
and 50:50. The evaluated algorithms include convolutional
neural networks (CNNs), decision tree, long short-term
memory, K-nearest neighbors (K-NNs), multilayer percep-
tron, and support vector classifier (SVC), each with varying
parameters. Experimental outcomes reveal that the perfor-
mance of models depends on the dataset partitioning stra-
tegies and the type of algorithms used. Specifically, linear
and polynomial SVC consistently yield favorable results in
supervised learning, particularly demonstrating efficacy on
the Georgia tech dataset. Conversely, on the JAFFE and Yale
dataset, linear SVC and K-NN emerge as optimal choices. The
inclusion of semi-supervised learning enhances insights,

particularly evident in the Georgia tech dataset, where the
combination of labeled and unlabeled data significantly
improves accuracy, especially when leveraging linear SVC
algorithm. Although there are some instances of sub-optimal
performance in certain algorithms like CNN on specific data-
sets, this research provides comprehensive insights into the
effectiveness of various models in contexts of limited-label
learning. The implications of these findings are crucial in
advancing the development of adaptive and robust facial
recognition systems, especially in navigating datasets char-
acterized by diverse variations and complexities.

Keywords: face expression recognition, face recognition,
multiclass, supervised learning, semi-supervised learning

1 Introduction

In the rapidly evolving landscape of technological advance-
ment, the realms of facial recognition and facial expression
recognition (FER) assumed heightened significance within
human–computer interaction systems and affective com-
puting domains [1,2]. The imperative for robust classification
models, particularly in the multifaceted arena of multiclass
scenarios, becomes increasingly pronounced. Multiclass clas-
sification [3], pivotal in applications such as facial recognition
and emotion analysis, presents intricate challenges necessi-
tating specialized methodologies. Hence, this investigation
endeavors to delve deeper into multiclass classification, elu-
cidating the comparative efficacy of supervised and semi-
supervised learning paradigms [4]. While extant literature
has extensively scrutinized fundamental emotion recognition,
we contend that multi-class FER warrants distinct attention.
The discernment between nuanced and intricate expressions
often poses a formidable hurdle in FER frameworks [5].
Therefore, this inquiry aspires to augment the comprehen-
sion of diverse supervised and semi-supervised learning clas-
sifications, poised to enhance accuracy and reliability in FER
endeavors.

Within the framework of this research endeavor, an
array of models, including decision tree [6,7], K-nearest
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neighbor (K-NN) [8,9], support vector classifier (SVC) [10],
multilayer perceptron (MLP) [11], long short-term memory
(LSTM) [12,13], and CNN [12,14,15] are enlisted to meticulously
assess and compare the efficacy of diverse supervised and
semi-supervised learning paradigms in the domain of multi-
class classification [16,17]. Specifically, our scrutiny extends to
the performance of these models across varying ratios of
labeled to unlabeled data [18], the exploration of the impact
stemming from different classifier types and their parameter
configurations, and an evaluation of their aptitude for gen-
eralization across heterogeneous datasets. This study confines
its investigation to three prominent multiclass datasets: Yale,
JAFFE, and Georgia tech, thereby providing a focused analysis
within a well-defined experimental scope.

The forthcoming outcomes of this scholarly investiga-
tion endeavor to provide nuanced insights into the compara-
tive efficacy of supervised and semi-supervised learning
models within the intricate domain of multi-class classifica-
tion [19,20]. By delineating optimal pre-processing configura-
tions and methodologies, the research aspires to contribute to
the refinement of classifiers characterized by heightened
precision and adaptability, thus pushing the boundaries of
machine learning prowess in multiclass classification con-
texts [21]. Employing a comprehensive suite of training vali-
dation using cross-validation (CV) method and several testing
evaluative metrics, including accuracy, Kullback–Leibler (KL)
divergence, Jaccard index, F1-score, cosine similarity, and
receiver operating characteristic (ROC)–area under the curve
(AUC) [16,18,22], this study encapsulates its rigorous analytical
endeavors within the dynamic and evolving landscape of
multiclass classification research.

While this study harbors optimistic prospects for
unveiling novel insights into multiclass FER [1], it is impera-
tive to acknowledge the potential constraints imposed by the
utilization of solely three datasets. It is recognized that
extrapolating the findings to analogous datasets necessitates
additional inquiry. Therefore, within the confines of these
acknowledged limitations, the scholarly contribution of this
investigation is envisaged to manifest through the meticu-
lous exposition and juxtaposition of diverse classification
methodologies within the milieu of multiclass FER.

In the forthcoming elaboration of this article, a meticulous
exposition of the employed experimentalmethodology, the deli-
neated experimental configuration, the resultant empiricalfind-
ings, and a nuanced analysis elucidating the efficacy of varied
supervised learning classifiers in multiclass FER will be pro-
vided [23]. Through this endeavor, it is anticipated that this
research endeavor will engender a significant stride toward
the development of a more sophisticated and dependable FER
system.

2 Method

This research follows a series of steps to evaluate the per-
formance of various learning algorithms on the prepared
dataset. The first step involves inputting the image dataset.
The dataset then undergoes preprocessing [11], including
resizing to equalize the size, normalization to standardize
the scale, and splitting the data into two parts: labeled and
unlabeled for semi-supervised learning, and training and
testing data for supervised learning with composition [24].
The second step includes the selection of learning algorithms,
encompassing supervised learning for labeled data and semi-
supervised learning that makes use of unlabeled data [23].
In the third step [25], various classification algorithms are
applied, such as decision tree, MLP, SVC (linear Kernel [26],
polynomial, and radial basis function [RBF]), K-NN [27] (dis-
tance: Euclidean, Manhattan, Minkowski, Hamming, Cheby-
shev, Mahalanobis, Correlation, and cosine similarity [28,29]),
LSTM [30], and CNN [13,14]. Before MLP is being applied,
preprocessing using StandardScaler andMinMaxScaler is spe-
cifically used to normalise and transform data features. Step 4
involves model training and evaluation using metrics such as
CV, accuracy, KL, intersection (Jaccard), F1-score, cosine, and
ROC-AUC [18,31]. Other metrics that can be used are shown in
Figure 1.

2.1 Dataset

There are three datasets used: JAFFE, Georgia tech, and
Yale sample in Table 1. The JAFFE dataset consists of
seven classes representing different emotional expressions
on the human face, including happy, sad, angry, fearful,
surprised, disgusted, and neutral [32–34]. The Georgia
tech Dataset [35], with its 50 classes, covers a wider variety,
encompassing variations in facial expressions, poses,
and lighting conditions. Meanwhile, the Yale dataset
has 15 classes [19,31], and like JAFFE, it focuses on
variations in facial expressions and different lighting
conditions.

2.2 Supervised learning and semi-supervised
learning

Supervised learning [11,36], the primary paradigm in
machine learning, focuses on training a model with a
pre-labeled dataset, enabling the model to discern patterns
and make accurate predictions on new data. In this
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research, supervised learning is applied to recognize emo-
tions in human face images, utilizing a dataset labeled
based on emotion categories. Various algorithms, including
decision tree, K-NN, SVC, MLP, LSTM, and CNN, are tested
on this datasets. Dataset partitioning with specific ratios
provides a comprehensive understanding of model perfor-
mance, depending on the allocation of training and test
data. Experiments with dataset sharing ratios – such as
80:20, 75:25, and 50:50 – offer insights into the models’
flexibility in handling data variations [4,10]. The results
demonstrate that the model’s performance in classifying

emotions in images depends on the algorithm type and
dataset sharing ratio. These findings contribute signifi-
cantly to guiding the development of image-based emotion
recognition systems by providing a deeper understanding
of the model’s adaptability to different datasets.

The research also delves into semi-supervised learning
methods [31,37,38], incorporating a combination of pre-
labeled and unlabeled data [39]. These methods aim to
enhance model performance by leveraging additional infor-
mation from unlabeled data. Initially, the dataset is divided
into training and testing sets in an 80:20 ratio. Subsequently, a
semi-supervised learning approach is employed, where the
80% training data are structured into various scenarios of
labeled and unlabeled data compositions with specific dataset
sharing ratios, namely, 20:80, 25:75, and 50:50. The combined
data, consisting of labeled and pseudo-labeled data, is then
utilized as the new training dataset to classify the testing data
reserved for the performance evaluation of the algorithm
as elucidated in Figure 2.

Furthermore, data training partitioning includes CV to
validate training data in both supervised and semi-super-
vised learning analyses as depicted in Figure 2. This valida-
tion ensures the appropriateness of training data for sub-
sequent testing data classification. Due to the limited data
per class in the Yale dataset, CV is restricted to 4 and 5 folds
for each dataset (JAFFE, Georgia tech, and Yale), as using
more than 5 folds is impractical. Given the scenario of
sparse labelled data, semi-supervised learning employs
CV with 80% of training data derived from concatenated
pre-labeled and pseudo-labeled sets, which is subsequently
utilized in the classification process.

Table 1: Dataset information

Dataset Number of
classes

Images Sample data

JAFFE 7 213

Georgia tech 50 750

Yale 15 165

Figure 1: Research design.
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2.3 Classification

Six techniques are employed in classifying the FER data-
sets, specifically decision tree, K-NN with varied k and
distance parameters, SVC (linear, polynomial, and RBF ker-
nels), MLP, LSTM, and CNN.

The decision tree serves as a supervised learning model
[6], delineating a set of decisions and their consequential
outcomes. Through a sequential decision-making process
rooted in data features, this model constructs decision rules
that are straightforward to interpret, proving highly advan-
tageous for comprehending the factors influencing classifi-
cation. The construction of the decision tree involves
utilizing a subset of data that satisfies the criterion where
the value of attribute I in the data is 0. The mathematical
representation can be derived by applying the formula (2).

= ∈ =D a b D x, : 0v i{( ) } (1)

K-NN represents a non-parametric approach that
determines classification outcomes by considering the
majority of labels assigned to the K-nearest neighbors
within the feature space [40,41]. Numerous distance
metrics, including Euclidean, Manhattan, Minkowski with
parameters =p 3 and =p 5, Hamming, Chebyshev,

Mahalanobis, correlation [42–44], and cosine similarity [45],
are applied to gauge the proximity between data points for-
mulated as provided in Table 2.

SVC is a supervised learning model designed to con-
struct an optimal hyperplane for the purpose of delineating
distinct classes within the dataset. Within the framework
of SVC, diverse configurations are employed, encompassing
linear and polynomial with degrees 2, 3, and 4, as well as RBF
with variations in gamma (0.1, 0.01, 0.001, 1, and 10). These
variations are applied to facilitate the fitting of the optimal
separator, tailored to the characteristics inherent in the pro-
vided data

∑= +
=

f x a y K x x b, .

i

n

i i i

1

( ) ( ) (2)

In a machine learning model, the Lagrange coefficient
is denoted as ai, the class label as y

i
, the support vector as

xi, the kernel function as K , and the bias as b. These ele-
ments are used in the formulation of the model’s decision
function.

MLP is a supervised learning model consisting of mul-
tiple layers of neurons. By performing iteration-based
learning to optimize weights and biases, MLP can handle
complex classification tasks.

Figure 2: Data splitting scenarios.
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= ⋅ ⋅ + +y x σ W σ W x b b .
pred

2 1 1 2( ) ( ( ) )( ) ( ) ( ) ( ) (3)

Within this symbolic representation, x denotes the input
vector,W 1( ) andW 2( ) represent the weight matrices, b 1( ) and
b 2( ) signify the bias vectors, and σ denotes the activation
function. This procedural approach enables the MLP to char-
acterize intricate relationships within the data by employing
hidden layers with activation functions, ultimately generating
predictions denoted as y x

pred

( ).
LSTM represents a category of recurrent neural net-

works (RNNs) proficient in addressing issues related to
sequencing or temporal dynamics [46]. LSTMs possess
the capability to retain and recall information from pre-
ceding inputs, rendering them well suited for classification
assignments characterized by sequential data, such as tex-
tual analysis or temporally oriented data sets.

= − −h c x h c, LSTM , , .t t t t t1 1
( ) ( ) (4)

LSTM depicted in formula (3) encapsulates the
mechanism of updating the hidden state ht and cell state
ct at a given time step t. This update integrates the present
input x t( ), the preceding hidden state −h t 1( ), and the prior
cell state −c t 1( ). Employing a gating mechanism, LSTM effec-
tively regulates long- and short-term information, miti-
gating the vanishing gradient challenge inherent in
RNNs. This procedural approach is embedded within the
LSTM architecture to uphold and structure contextual
information from past inputs in the time series [47,48].

CNN, as a deep learning model, proves to be exception-
ally efficient in tasks related to image classification [49].
Leveraging convolution, pooling, and connected layers to
their full potential, CNNs can autonomously derive hier-
archical features from image data, rendering them apt for
multiclass classification scenarios with a visual basis. The

mathematical representation can be computed utilizing
formula (1).

= ⋅ +Y σ X F b .( ) (5)

CNN integrates convolution, activation, and pooling
procedures [11,15]. Let X denote the input, F the filter,
b the bias, σ the activation function, and P the pooling
operation [50].

Among the algorithms discussed, K-NN stands out for its
simplicity and non-parametric nature, making it suitable for
multi-class classification tasks but susceptible to computa-
tional inefficiency with large datasets. SVC exhibits versatility
in high-dimensional spaces, albeit demanding careful kernel
selection and computational resources. LSTM networks excel
in capturing temporal dependencies, although they are com-
plex and require substantial data for training. CNNs excel at
image recognition by extracting hierarchical features but
require large datasets and are sensitive to input variations.
MLP offers flexibility across tasks but are prone to overfitting
and require meticulous hyperparameter tuning. Decision trees
provide interpretability but are susceptible to overfitting and
instability with complex structures, necessitating careful
pruning and parameter adjustment. Overall, understanding
the unique characteristics and trade-offs of each algorithm is
crucial for selecting the most appropriate model for a given
problem domain. The parameter settings used for each clas-
sification method are detailed in Table 3.

2.4 Evaluation

The various evaluation metrics in this study include a
number of criteria to measure model performance. CV
helps measure the extent to which the model can be gen-
eralized to new data. In this research, CV is implemented to
validate the training data before being applied to the clas-
sification process. It is conducted by splitting the training
data into CV of 4 and 5, fitting a model, computing the
accuracy for each iteration, and performing the average
accuracy for each CV.

On the other hand, testing data evaluation is per-
formed by calculating accuracy, KL, Intersection, F1-score,
cosine similarity, and ROC-AUC. Accuracy gives an idea of
how accurate the model is in classifying the data. KL eval-
uates the extent to which the model’s predicted probability
distribution is close to the true distribution [51]. Intersec-
tion (Jaccard)measures the similarity between the actual data
set and the predicted results. F1-score provides a balance
between precision and recall, very important in cases of class
imbalance. Cosine similarity measures the extent to which

Table 2: Formula distance of K-NN

Evaluation distance Formula (( ))d x y,

Euclidean ∑ −= x yi

n

i i1

2( )

Manhattan ∑ −= x yi

n

i i1
∣ ∣

Chebyshev −x ymax i i
(∣ ∣)

Hamming ∑ = δ
n i

n

x y

1

1 ,i i
( )

Mahalanobis − −−x y S x yT 1( ) ( )

Minkowski
⎛
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n
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1
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1
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⎛
⎝
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1
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Cosine similarity ⋅
⋅

x y
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Table 3: Parameter settings

Algorithm Distance/layer/function Parameter Value

Decision tree — Random_state 42
K-NN Euclidean k 1, 2, 3

Manhattan
Hamming
Chebyshev
Mahalanobis
Correlation
Cosine Similarity
Minkowski k 1, 2, 3

Power 3,5
SVC Linear Probability True

C 1
RBF Probability True

Gamma 0.001; 0.01; 0.1; 1; 10
Poly Probability True

C 1
Degree 2, 3, 4

MLP — Hidden_layer_sizes (100, 50)
Max_iter 100
Random_state 42

LSTM 1st Layer Units 128
Input_shape (150, 150*3)
Return_sequences True

2nd Layer Units 64
Return_sequences True

3rd Layer Units 32
Dense (Hidden) Units 64

Activation Relu
Dense (Output) Units Number_of_classes

Activation Softmax
Compile Optimizer Adam

Loss Sparse_categorical_crossentropy
Metrics Accuracy

KerasClassifier Build Build_lstm_model
Epochs 10
Batch_size 32
Verbose 0
Random_state 42

CNN Conv2D Filters 32
Kernel_size (3,3)
Activation Relu
Input_shape (150, 150, 3)

MaxPooling2D Pool_size (2,2)
Flatten — —

Dense (hidden) Units 64
Activation Relu

Dense (Output) Units number_of_classes
activation Softmax

Compile Optimizer Adam
loss sparse_categorical_crossentropy
metrics Accuracy

KerasClassifier Build Build_cnn_model
Epochs 10
Batch_size 32
Verbose 0
Random_state 42
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the modelled data representation vector is similar to the
actual data vector. Finally, ROC-AUC assesses the model’s
ability to distinguish between positive and negative classes
based on the ROC curve and area under the curve (AUC) [52].
These metrics provide a holistic picture of the model’s effec-
tiveness in the context of various aspects of evaluation.

In Table 4, we provide the mathematical representa-
tion for each assessment, accompanied by its elucidation.
The accuracy metric gauges the proportion of accurate
predictions relative to the overall evaluated data, where
true positive (TP), true negative (TN), false positive (FP),
and false negative (FN) are defined [8,14]. Here, k repre-
sents the number of folds, Model i signifies the model
trained on the ith fold, and ∕k1 denotes the average of these
models. In addition, P and Q denote two probability dis-
tributions, and i is the index of an element within the
distribution. A and B represent two sets, ⋅J K corresponds
to the dot product between vectors J and K , and ⋅J K‖ ‖ ‖ ‖

denotes the Euclidean norm of vector A. The variable
d typically signifies the decision threshold.

Various evaluation metrics are employed in this
research to assess the performance of models. Accuracy,
a fundamental metric, provides a simple measure of
overall correctness but may overlook class imbalances
and misclassification costs. CV offers robust performance
estimates by averaging over multiple folds, yet its compu-
tational demands can be prohibitive. K-L Divergence mea-
sures dissimilarity between probability distributions, but it
necessitates knowledge of the true underlying distribution.
The Jaccard index is beneficial for imbalanced datasets but
is sensitive to class imbalance and misclassification costs.
F1-score balances precision and recall, yet its efficacy
depends on the chosen threshold [53]. Cosine similarity
captures direction similarity but disregards magnitude

differences, while ROC-AUC provides a comprehensive
measure of classifier performance but may be unsuitable
for imbalanced datasets and fails to encapsulate overall
model performance [54,55].

3 Result and discussion

This study evaluates the performance of 6 classification
algorithms across 18 different scenarios, encompassing
types of learning (supervised and semi-supervised
learning); datasets (JAFFE, Georgia tech, and Yale); and
data splitting for each type of learning as detailed in
Tables 5–22. Overall, the findings indicate that the training
data across all datasets were effectively validated through
the CV results across all 18 scenarios. Furthermore, a com-
parison between the accuracy results of training validation
and testing evaluation in all scenarios revealed that the
differences were not significantly large. Consequently,
there is no indication of potential overfitting.

The performance of several supervised learning models
employing an 80:20 split for training and testing are shown in
Tables 5–7. The experimental results on the JAFFE dataset
reveal that the linear SVC model achieves the highest accu-
racy in Table 5 at 0.84, followed by polynomial SVC models
with degrees of 3 and 4. However, upon evaluation using the
KL divergence metric, LSTM model exhibits a negative score
(−0.25), indicating improved performance with decreasing
scores. This suggests that a lower KL divergence value corre-
sponds to better model performance [51]. On the basis of
research [52], some argue that theoretically and empirically,
ROC-AUC is superior to accuracy metrics for evaluating per-
formance. These findings offer crucial insights into model
selection for emotion recognition tasks on the JAFFE dataset
and highlight the potential of LSTM models in addressing
such issues.

The Georgia tech dataset revealed that SVC linear in
Table 6, polynomial degrees of 3 and 4 have the highest
accuracy of 1.00 (100%). However, evaluation using Kull-
back indicates that the model with RBF kernel and gamma
0.1 has a lower value, specifically 0.0001, showing a signif-
icant improvement in model performance. This suggests
that the decrease in the KL value signifies an enhancement
in the model’s alignment with empirical data. In Table 7,
the Yale dataset (80:20), both linear and polynomial SVC
(degrees of 2, 3, 4), achieved an accuracy of 0.91. However,
assessment using KL divergence revealed that RBF with
gamma 10 had a value of −0.29, indicating better perfor-
mance with a lower value. Consequently, despite the high
accuracy of SVC, RBF is preferred.

Table 4: Formula of each evaluation metric

Evaluation metric Formula

Accuracy +
+ + +

TP TN

TP TN FP FN

Cross validation ∑ = Model

k i

k

i

1

1

KL divergence
= ∑ ⎛

⎝
⎞
⎠D P Q P i logi

P i

Q iKL
( ∣∣ ) ( )

( )

( )

Intersection (Jaccard) similarity = ∩
∪J A B,

A B

A B
( )

∣ ∣

∣ ∣

F1-score ⋅ ⋅

⎛
⎝ + ⎞

⎠

+ +

+ +

2

TP

TP FP

TP

TP FN

TP

TP FP

TP

TP FN

Cosine similarity ⋅
×

J K

J K‖ ‖ ‖ ‖

ROC-AUC
∫ ⎛

⎝
⎞
⎠

⎛
⎝

⎞
⎠+ +d

0

1
TP

TP FN

FP

FP FN
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The results from supervised learning experiments
employing a 75:25 dataset split, as depicted in Tables 8–10,
exhibit varied performance. The JAFFE dataset in Table 8
indicates that linear SVC achieves the highest performance
with an accuracy of 0.85, followed by polynomial SVC with

degrees 3 and 4 at 0.78 and 0.76, respectively. However, when
evaluated with the KL metric, RBF SVC with various gamma
values (0.1, 0.01, 1, and 10) demonstrates the best perfor-
mance. On the Georgia tech dataset in Table 9, the linear
SVC method, polynomial SVC with degrees 2, 3, 4, and K-NN

Table 5: Training validation and testing results of supervised JAFFE (80:20)

Training
validation

Testing evaluation

CV Accuracy K–L I–J F1-score Cosine ROC-AUC

Dataset Algorithm 4 5

JAFFE Decision tree 0.48 0.50 0.42 2.64 0.30 0.43 0.76 0.66
K-NN k 1 Euclidean 0.71 0.72 0.67 2.64 0.52 0.67 0.96 0.81

Manhattan 0.73 0.74 0.67 2.64 0.53 0.67 0.94 0.81
Minkowski =p 3 0.69 0.70 0.72 2.65 0.58 0.72 0.97 0.84
Minkowski =p 5 0.66 0.69 0.70 2.65 0.54 0.69 0.94 0.82
Hamming 0.67 0.67 0.63 2.64 0.46 0.61 0.94 0.78
Chebyshev 0.51 0.50 0.58 2.65 0.46 0.61 0.94 0.76
Mahalanobis 0.75 0.75 0.72 2.65 0.57 0.71 0.96 0.84
Correlation 0.72 0.72 0.70 2.65 0.56 0.69 0.97 0.82
Cosine similarity 0.73 0.72 0.72 2.65 0.58 0.71 0.97 0.84

3 Euclidean 0.44 0.51 0.49 2.07 0.32 0.47 0.87 0.81
Manhattan 0.41 0.50 0.51 2.04 0.34 0.49 0.90 0.82
Minkowski =p 3 0.47 0.52 0.42 2.04 0.28 0.41 0.88 0.78
Minkowski =p 5 0.44 0.47 0.53 2.02 0.37 0.51 0.90 0.82
Hamming 0.35 0.44 0.44 1.96 0.28 0.41 0.83 0.79
Chebyshev 0.40 0.44 0.47 1.92 0.29 0.45 0.81 0.84
Mahalanobis 0.49 0.50 0.47 2.07 0.30 0.45 0.86 0.83
Correlation 0.41 0.51 0.47 2.12 0.31 0.45 0.81 0.82
Cosine similarity 0.41 0.50 0.51 2.15 0.35 0.49 0.89 0.81

5 Euclidean 0.28 0.34 0.21 1.64 0.12 0.20 0.84 0.21
Manhattan 0.26 0.31 0.23 1.63 0.14 0.23 0.82 0.72
Minkowski =p 3 0.29 0.40 0.28 1.57 0.17 0.28 0.86 0.76
Minkowski =p 5 0.30 0.35 0.35 1.54 0.21 0.33 0.85 0.79
Hamming 0.23 0.28 0.23 1.48 0.12 0.20 0.84 0.70
Chebyshev 0.32 0.34 0.42 1.49 0.26 0.40 0.77 0.81
Mahalanobis 0.41 0.44 0.40 1.61 0.25 0.37 0.76 0.83
Correlation 0.24 0.33 0.30 1.62 0.19 0.31 0.82 0.76
Cosine similarity 0.26 0.35 0.26 1.64 0.16 0.26 0.84 0.76

SVC Linear 0.80 0.79 0.84 0.10 0.74 0.83 0.99 0.98
Poly Degree 2 0.68 0.62 0.74 −0.15 0.62 0.74 0.97 0.94

3 0.79 0.77 0.81 −0.12 0.70 0.81 0.99 0.97
4 0.76 0.77 0.74 −0.14 0.60 0.74 0.95 0.97

RBF Gamma 0.1 0.16 0.15 0.14 −0.24 0.02 0.03 0.83 0.23
0.01 0.51 0.47 0.44 −0.24 0.30 0.44 0.89 0.86
0.001 0.55 0.54 0.47 −0.20 0.32 0.45 0.94 0.87
1 0.20 0.32 0.21 −0.24 0.06 0.10 0.81 0.50
10 0.14 0.14 0.14 −0.24 0.01 0.03 0.83 0.50

MLP MLP 0.19 0.19 0.14 0.42 0.01 0.03 0.83 0.53
StandardScaler 0.65 0.70 0.65 2.37 0.53 0.66 0.93 0.89
MinMaxScaler 0.18 0.19 0.16 1.00 0.04 0.06 0.85 0.51

LSTM 0.14 0.16 0.14 −0.25 0.04 0.08 0.77 0.52
CNN 0.30 0.40 0.63 −0.07 0.46 0.60 0.94 0.89

CV: cross validation, K–L: Kullback–Leibler, I–J: intersection (Jaccard).
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with =k 1 using Manhattan and Hamming distances achieve
high accuracies of 0.98. Meanwhile, on the Yale dataset in
Table 10, linear SVC dominates with an accuracy of 0.81,
followed by polynomial SVC with degree 2, and K-NN with

=k 3 and 5 using Manhattan distance, each with an accuracy
of 0.76.

In supervised learning experiments with a 50:50 dataset
split as shown in Tables 11–13, the results indicate significant
performance variations among algorithms and methods on
each dataset. The JAFFE dataset, as shown in Table 11, the
leading performance is held by Linear SVC, but in terms of
the Kullback metric, the best performance is with RBF SVC

Table 6: Training validation and testing results of supervised Georgia tech (80:20)

Training
validation

Testing evaluation

CV Accuracy K-L I–J F1-score Cosine ROC-AUC

Dataset Algorithm 4 5

Georgia tech Decision tree 0.81 0.81 0.83 0.41 0.73 0.81 0.94 0.91
K-NN k 1 Euclidean 0.99 0.99 0.99 0.002 0.99 0.99 0.99 1.00

Manhattan 0.99 0.99 1.00 3.82 1.00 1.00 1.00 1.00
Minkowski =p 3 0.99 0.99 0.99 0.002 0.99 0.99 0.99 1.00
Minkowski =p 5 0.97 0.97 0.95 0.01 0.92 0.95 0.99 0.98
Hamming 0.99 0.99 0.99 0.002 0.99 0.99 1.00 1.00
Chebyshev 0.90 0.91 0.91 0.40 0.85 0.90 0.98 0.95
Mahalanobis 0.97 0.97 0.97 0.01 0.94 0.97 0.99 0.98
Correlation 0.99 0.99 0.99 0.002 0.99 1.00 0.99 1.00
Cosine similarity 0.99 0.99 0.99 0.002 0.99 0.99 0.99 1.00

3 Euclidean 0.96 0.96 0.97 0.009 0.95 0.97 0.99 1.00
Manhattan 0.97 0.97 0.98 0.006 0.97 0.98 1.00 1.00
Minkowski =p 3 0.96 0.96 0.97 0.02 0.91 0.94 0.99 0.99
Minkowski =p 5 0.96 0.96 0.95 0.02 0.91 0.94 0.99 0.99
Hamming 0.96 0.96 0.97 0.007 0.96 0.97 1.00 1.00
Chebyshev 0.82 0.82 0.85 0.07 0.76 0.84 0.97 0.97
Mahalanobis 0.95 0.95 0.95 0.02 0.91 0.94 1.00 0.99
Correlation 0.96 0.96 0.98 0.01 0.97 0.98 1.00 1.00
Cosine similarity 0.97 0.97 0.97 0.009 0.95 0.97 1.00 1.00

5 Euclidean 0.96 0.96 0.97 0.009 0.95 0.97 1.00 1.00
Manhattan 0.97 0.77 0.98 0.006 0.97 0.98 1.00 1.00
Minkowski 0.96 0.96 0.97 0.009 0.95 0.97 0.99 1.00
Minkowski =p 3 0.91 0.92 0.94 0.02 0.90 0.93 0.98 1.00
Minkowski =p 5 0.90 0.91 0.93 0.03 0.88 0.98 0.99 0.99
Chebyshev 0.82 0.82 0.85 0.07 0.76 0.84 1.00 1.00
Mahalanobis 0.95 0.95 0.95 0.02 0.91 0.94 1.00 0.99
Correlation 0.96 0.96 0.98 0.01 0.97 0.98 0.99 1.00
Cosine similarity 0.97 0.97 0.97 0.009 0.95 0.97 1.00 1.00

SVC Linear 0.99 0.99 1.00 0.03 1.00 1.00 1.00 0.99
Poly Degree 2 0.99 0.99 0.99 0.03 0.98 0.99 0.99 0.99

3 0.99 0.99 1.00 0.04 1.00 1.00 1.00 0.99
4 0.99 0.99 1.00 0.05 1.00 1.00 1.00 0.99

RBF Gamma 0.1 0.27 0.15 0.26 0.0001 0.24 0.32 0.89 0.10
0.01 0.68 0.61 0.63 0.08 0.61 0.69 0.93 0.93
0.001 0.97 0.98 0.98 0.07 0.96 0.98 0.99 0.99
1 0.72 0.36 0.67 0.001 0.64 0.68 0.91 0.48
10 0.07 0.05 0.07 0.0003 0.05 0.07 0.86 0.50

MLP MLP 0.96 0.66 0.89 3.01 0.82 0.88 0.97 0.99
StandardScaler 0.96 0.96 0.95 3.01 0.82 0.88 0.97 1.00
MinMaxScaler 0.98 0.97 0.97 3.47 0.95 0.97 0.99 1.00

LSTM 0.41 0.54 0.59 0.02 0.39 0.46 0.85 0.97
CNN 0.97 0.97 0.99 0.001 0.98 0.99 1.00 1.00
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with gamma and LSTM, which is −0.16. In the Georgia tech
dataset in Table 12, overall good performance and good
results in terms of the Kullback metric are obtained from
SVC RBF with gamma 1, which is 0.004. Meanwhile, in the
Yale dataset in Table 13, good performance is generally
observed in linear SVC, with the use of ROC-AUC in SVC

poly degree 4, and LSTM for the Kullback metric, where all
uses of SVC RBF with gamma yield −0.25.

The outcomes of the semi-supervised learning experi-
ments with a 20:80 ratio in Tables 14–16 reveal noteworthy
variations in the performance of the models. In the JAFFE
dataset, as shown in Table 14, the leading performance is

Table 7: Training validation and testing results of supervised Yale (80:20)

Training
validation

Testing evaluation

CV Accuracy K-L I–J F1-score Cosine ROC-AUC

Dataset Algorithm 4 5

Yale Decision tree 0.56 0.54 0.73 5.97 0.63 0.72 0.89 0.85
K-NN k 1 Euclidean 0.70 0.71 0.78 5.97 0.64 0.77 0.92 0.88

Manhattan 0.71 0.70 0.78 5.97 0.64 0.77 0.93 0.88
Minkowski =p 3 0.69 0.69 0.78 5.97 0.64 0.76 0.92 0.88
Minkowski =p 5 0.66 0.65 0.71 5.97 0.57 0.70 0.87 0.84
Hamming 0.69 0.69 0.80 5.97 0.67 0.80 0.94 0.89
Chebyshev 0.46 0.43 0.53 5.97 0.68 0.80 0.94 0.89
Mahalanobis 0.69 0.69 0.80 5.97 0.67 0.80 0.94 0.89
Correlation 0.74 0.72 0.87 5.97 0.77 0.86 0.95 0.92
Cosine similarity 0.71 0.70 0.80 5.97 0.66 0.79 0.92 0.89

3 Euclidean 0.68 0.68 0.76 5.72 0.63 0.75 0.92 0.93
Manhattan 0.72 0.72 0.78 5.74 0.66 0.78 0.93 0.93
Minkowski =p 3 0.63 0.61 0.78 5.68 0.64 0.77 0.89 0.94
Minkowski =p 5 0.68 0.68 0.79 5.72 0.63 0.75 0.84 0.92
Hamming 0.73 0.71 0.82 5.74 0.71 0.81 0.96 0.93
Chebyshev 0.42 0.39 0.40 5.39 0.25 0.34 0.78 0.81
Mahalanobis 0.73 0.71 0.82 5.74 0.71 0.81 0.96 0.89
Corelation 0.67 0.68 0.77 5.71 0.65 0.34 0.78 0.94
Cosine similarity 0.69 0.68 0.80 5.68 0.68 0.79 0.93 0.93

5 Euclidean 0.66 0.66 0.76 5.45 0.61 0.74 0.91 0.95
Manhattan 0.68 0.67 0.80 5.56 0.68 0.80 0.94 0.95
Minkowski =p 3 0.61 0.60 0.73 5.43 0.58 0.77 0.89 0.94
Minkowski =p 5 0.57 0.55 0.71 5.26 0.55 0.68 0.84 0.95
Hamming 0.67 0.67 0.78 0.53 0.65 0.77 0.96 0.95
Chebyshev 0.37 0.37 0.47 4.93 0.33 0.41 0.75 0.84
Mahalanobis 0.67 0.67 0.78 5.52 0.65 0.77 0.96 0.95
Correlation 0.65 0.67 0.80 5.38 0.68 0.41 0.74 0.94
Cosine similarity 0.65 0.67 0.77 5.36 0.63 0.73 0.92 0.97

SVC Linear 0.81 0.81 0.91 −0.10 0.84 0.91 0.98 0.99
Poly Degree 2 0.77 0.77 0.91 −0.15 0.85 0.91 0.97 0.99

3 0.72 0.73 0.91 −0.14 0.84 0.91 0.78 0.98
4 0.68 0.66 0.91 −0.14 0.85 0.91 0.99 0.97

RBF Gamma 0.1 0.37 0.16 0.29 −0.28 0.23 0.27 0.52 0.46
0.01 0.40 0.16 0.33 −0.28 0.27 0.32 0.52 0.22
0.001 0.71 0.70 0.80 −0.23 0.68 0.80 0.93 0.97
1 0.28 0.15 0.24 −0.28 0.18 0.22 0.84 0.45
10 0.14 0.12 0.11 −0.29 0.05 0.07 0.85 0.43

MLP MLP 0.13 0.12 0.77 5.54 0.67 0.77 0.95 0.82
StandardScaler 0.64 0.65 0.77 5.78 0.67 0.76 0.95 0.78
MinMaxScaler 0.20 0.13 0.22 1.53 0.09 0.13 0.87 0.78

LSTM 0.13 0.12 0.56 5.53 0.67 0.76 0.95 0.82
CNN 0.64 0.65 0.55 5.78 0.67 0.76 0.95 0.78
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held by linear SVC, polynomial degree 3, and K-NN with
=k 1 using Minkowski distance with =p 5, which is 0.38.

However, when viewed in terms of the Kullback metric, the
best performance is seen in RBF SVC with gamma 0.1,
which is −0.16. In the Georgia tech dataset, as shown in
Table 15, overall good performance and favorable results

are obtained from both datasets used, namely, SVC poly-
nomial degree and Manhattan. Meanwhile, in the Yale
dataset, as presented in Table 16, good performance is gen-
erally observed in K-NN with =k 1 and 3 using Minkowski
distance with =p 5 and correlation. However, in the usage
of CV and cosine leading polynomial degree 2 and 3,

Table 8: Training validation and testing results of supervised JAFFE (75:25)

Training
validation

Testing evaluation

CV Accuracy K-L I–J F1-score Cosine ROC-AUC

Dataset Algorithm 4 5

JAFFE Decision tree 0.48 0.47 0.48 2.07 0.32 0.48 0.85 0.70
K-NN k 1 Euclidean 0.74 0.72 0.67 2.07 0.51 0.67 0.95 0.81

Manhattan 0.73 0.71 0.65 2.07 0.50 0.65 0.94 0.79
Minkowski =p 3 0.70 0.68 0.70 2.07 0.56 0.70 0.96 0.83
Minkowski =p 5 0.72 0.70 0.69 2.07 0.54 0.69 0.95 0.82
Hamming 0.67 0.64 0.61 2.07 0.45 0.60 0.94 0.78
Chebyshev 0.51 0.49 0.52 2.07 0.48 0.60 0.94 0.72
Mahalanobis 0.75 0.72 0.72 2.07 0.58 0.72 0.94 0.84
Correlation 0.73 0.71 0.67 2.07 0.52 0.67 0.95 0.81
Cosine similarity 0.74 0.72 0.68 2.07 0.54 0.69 0.95 0.82

3 Euclidean 0.46 0.43 0.41 1.61 0.25 0.39 0.83 0.79
Manhattan 0.43 0.41 0.44 1.59 0.28 0.43 0.86 0.79
Minkowski =p 3 0.45 0.43 0.37 1.60 0.23 0.36 0.84 0.77
Minkowski =p 5 0.40 0.37 0.43 1.54 0.27 0.40 0.86 0.80
Hamming 0.44 0.42 0.43 1.49 0.26 0.38 0.82 0.78
Chebyshev 0.35 0.37 0.46 1.50 0.29 0.45 0.80 0.80
Mahalanobis 0.53 0.52 0.43 1.60 0.26 0.40 0.79 0.82
Correlation 0.47 0.46 0.41 1.63 0.26 0.45 0.80 0.80
Cosine similarity 0.47 0.43 0.44 1.65 0.30 0.44 0.85 0.79

5 Euclidean 0.29 0.29 0.24 1.29 0.14 0.23 0.83 0.73
Manhattan 0.29 0.28 0.24 1.27 0.14 0.25 0.80 0.70
Minkowski =p 3 0.32 0.34 0.28 1.20 0.16 0.27 0.84 0.74
Minkowski =p 5 0.29 0.30 0.35 1.14 0.21 0.35 0.82 0.76
Hamming 0.24 0.20 0.24 1.13 0.14 0.23 0.84 0.69
Chebyshev 0.36 0.34 0.43 1.21 0.26 0.41 0.79 0.81
Mahalanobis 0.37 0.40 0.43 1.21 0.28 0.43 0.79 0.83
Correlation 0.29 0.30 0.30 1.25 0.18 0.30 0.81 0.74
Cosine similarity 0.30 0.30 0.24 1.25 0.14 0.24 0.81 0.73

SVC Linear 0.79 0.75 0.85 −0.13 0.75 0.85 0.97 0.98
Poly Degree 2 0.66 0.65 0.63 −0.17 0.47 0.63 0.90 0.94

3 0.78 0.75 0.78 0.15 0.77 0.77 0.95 0.95
4 0.78 0.73 0.76 −0.15 0.60 0.75 0.93 0.95

RBF Gamma 0.1 0.15 0.14 0.15 −0.23 0.02 0.04 0.84 0.47
0.01 0.50 0.48 0.71 −0.23 0.36 0.48 0.49 0.71
0.001 0.55 0.52 0.43 −0.19 0.28 0.43 0.89 0.85
1 0.18 0.17 0.15 −0.23 0.02 0.04 0.84 0.50
10 0.14 0.14 0.15 −0.23 0.02 0.04 0.84 0.50

MLP MLP 0.19 0.16 0.15 0.24 0.02 0.04 0.84 0.56
StandardScaler 0.66 0.65 0.57 1.71 0.44 0.57 0.91 0.85
MinMaxScaler 0.18 0.18 0.17 0.44 0.04 0.07 0.84 0.53

LSTM 0.14 0.14 0.20 −0.23 0.08 0.14 0.70 0.54
CNN 0.41 0.35 0.74 −0.04 0.60 0.74 0.95 0.93
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Kullback from gamma 0.1, and in ROC-AUC, linear SVC with
0.93 stands out.

The experimental results are presented in Tables 17–19
semi-supervised 25:75. In the JAFFE dataset, as shown in
Table 17, overall good performance is observed with linear
SVC and K-NN =k 1 using Chebyshev distance and cosine

similarity. In the Georgia tech dataset, as shown in Table
18, overall good performance is observed with linear SVC
and polynomial degree, as well as K-NN =k 1 using Man-
hattan distance, particularly in the utilization of ROC and
AUC metrics where the CNN algorithm excels. Meanwhile,
in the Yale dataset as depicted in Table 19, good

Table 9: Training validation and testing results Georgia tech (75:25)

Training
validation

Testing evaluation

CV Accuracy K-L I–J F1-score Cosine ROC-AUC

Dataset Algorithm 4 5

Georgia tech Decision tree 0.80 0.79 0.78 0.45 0.65 0.75 0.96 0.88
K-NN k 1 Euclidean 0.98 0.98 0.97 0.01 0.95 0.97 0.99 0.99

Manhattan 0.99 0.99 0.98 0.01 0.96 0.97 0.99 0.99
Minkowski =p 3 0.98 0.98 0.97 0.02 0.94 0.96 0.99 0.98
Minkowski =p 5 0.97 0.97 0.94 0.03 0.89 0.92 0.99 0.97
Hamming 0.98 0.98 0.98 0.01 0.96 0.97 0.99 0.99
Chebyshev 0.89 0.89 0.89 0.41 0.81 0.87 0.98 0.94
Mahalanobis 0.96 0.97 0.94 0.03 0.90 0.93 0.99 0.97
Correlation 0.98 0.98 0.97 0.01 0.95 0.97 0.99 0.99
Cosine similarity 0.99 0.99 0.97 0.01 0.95 0.97 0.99 0.99

3 Euclidean 0.96 0.97 0.96 0.02 0.93 0.96 0.99 0.99
Manhattan 0.96 0.97 0.97 0.02 0.95 0.97 0.99 0.99
Minkowski =p 3 0.95 0.96 0.94 0.04 0.89 0.93 0.98 0.98
Minkowski =p 5 0.95 0.96 0.97 0.02 0.95 0.97 0.99 0.99
Hamming 0.95 0.96 0.97 0.02 0.95 0.97 0.99 0.99
Chebyshev 0.84 0.83 0.82 0.09 0.72 0.80 0.96 0.96
Mahalanobis 0.94 0.96 0.93 0.04 0.88 0.92 0.98 0.97
Correlation 0.96 0.96 0.97 0.03 0.95 0.97 0.97 0.99
Cosine similarity 0.96 0.97 0.96 0.02 0.96 0.96 0.99 0.99

5 Euclidean 0.90 0.91 0.93 0.04 0.88 0.92 0.98 0.99
Manhattan 0.90 0.92 0.94 0.04 0.90 0.93 0.98 0.99
Minkowski =p 3 0.90 0.91 0.93 0.05 0.88 0.92 0.97 0.99
Minkowski =p 5 0.89 0.90 0.90 0.06 0.83 0.89 0.96 0.98
Hamming 0.77 0.78 0.78 0.10 0.67 0.77 0.95 0.96
Chebyshev 0.91 0.92 0.93 0.03 0.89 0.92 0.98 0.99
Mahalanobis 0.91 0.90 0.90 0.06 0.83 0.89 0.97 0.97
Correlation 0.90 0.91 0.92 0.04 0.87 0.91 0.98 0.99
Cosine similarity 0.90 0.92 0.95 0.04 0.92 0.94 0.98 0.99

SVC Linear 0.98 0.99 0.98 0.05 0.96 0.98 1.00 0.99
Poly Degree 2 0.98 0.99 0.98 0.04 0.96 0.98 1.00 0.99

3 0.98 0.99 0.98 0.05 0.97 0.98 1.00 0.99
4 0.98 0.99 0.98 0.05 0.96 0.98 1.00 0.99

RBF Gamma 0.1 0.06 0.21 0.32 8.04 0.29 0.28 0.89 0.07
0.01 0.52 0.64 0.62 0.06 0.60 0.68 0.93 0.55
0.001 0.97 0.97 0.95 0.07 0.93 0.96 0.99 1.00
1 0.12 0.53 0.68 0.001 0.66 0.69 0.91 0.47
10 0.02 0.06 0.07 9.87 0.05 0.07 0.86 0.49

MLP MLP 0.92 0.96 0.94 2.03 0.89 0.92 0.99 0.99
StandardScaler 0.94 0.95 0.95 4.26 0.91 0.94 0.98 0.99
MinMaxScaler 0.95 0.96 0.94 2.07 0.91 0.94 0.99 0.99

LSTM 0.51 0.54 0.45 0.01 0.32 0.37 0.85 0.96
CNN 0.96 0.97 0.93 0.04 0.87 0.92 0.97 0.99
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performance is generally observed with K-NN =k 1 using
correlation, followed by CNN and SVC polynomial degree 3,
but in terms of ROC-AUC and cosine, linear SVC and K-NN

=k 1 using Hamming distance show superiority.
In this experiment, a study was conducted on the semi-

supervised learning method with a dataset split of 50:50, as

outlined in Tables 20–22. On the JAFFE dataset, as shown in
Table 20, the overall good performance is achieved by
linear SVC, polynomial of degree 3, and K-NN with =k 1

using Minkowski distance with =p 3; the leading metric in
ROC-AUC is CNN. In the Georgia tech dataset in Table 21,
overall good performance and favorable results from both

Table 10: Training validation and testing results of supervised Yale (75:25)

Training
validation

Testing evaluation

CV Accuracy K-L I–J F1-score Cosine ROC-AUC

Dataset Algorithm 4 5

Yale Decision tree 0.60 0.64 0.61 6.40 0.47 0.61 0.89 0.82
K-NN k 1 Euclidean 0.77 0.78 0.69 0.64 0.56 0.69 0.93 0.85

Manhattan 0.77 0.78 0.71 6.40 0.58 0.71 0.93 0.85
Minkowski =p 3 0.76 0.77 0.74 6.40 0.62 0.73 0.95 0.87
Minkowski =p 5 0.74 0.74 0.71 6.40 0.59 0.69 0.92 0.86
Hamming 0.73 0.74 0.69 6.40 0.57 0.70 0.93 0.84
Chebyshev 0.40 0.41 0.55 6.40 0.57 0.70 0.93 0.84
Mahalanobis 0.73 0.74 0.69 6.40 0.57 0.70 0.93 0.84
Correlation 0.80 0.78 0.71 6.40 0.60 0.71 0.95 0.86
Cosine similarity 0.77 0.78 0.69 6.40 0.56 0.69 0.91 0.85

3 Euclidean 0.74 0.75 0.64 6.01 0.52 0.65 0.88 0.89
Manhattan 0.77 0.78 0.76 6.10 0.65 0.76 0.93 0.90
Minkowski =p 3 0.71 0.71 0.64 5.95 0.54 0.66 0.89 0.88
Minkowski =p 5 0.64 0.64 0.60 5.94 0.46 0.60 0.88 0.88
Hamming 0.74 0.75 0.74 6.05 0.61 0.73 0.92 0.90
Chebyshev 0.38 0.38 0.33 5.86 0.22 0.33 0.79 0.83
Mahalanobis 0.74 0.75 0.74 6.05 0.61 0.73 0.92 0.90
Correlation 0.78 0.77 0.69 6.02 0.57 0.33 0.79 0.90
Cosine similarity 0.76 0.76 0.71 6.01 0.61 0.73 0.93 0.89

5 Euclidean 0.70 0.70 0.71 5.71 0.62 0.73 0.93 0.91
Manhattan 0.75 0.75 0.76 5.79 0.70 0.79 0.94 0.92
Minkowski =p 3 0.71 0.71 0.64 5.95 0.54 0.66 0.89 0.88
Minkowski =p 5 0.67 0.65 0.71 5.55 0.43 0.56 0.92 0.89
Hamming 0.70 0.69 0.71 5.83 0.58 0.68 0.94 0.90
Chebyshev 0.40 0.41 0.40 5.47 0.30 0.41 0.84 0.83
Mahalanobis 0.70 0.69 0.71 5.83 0.58 0.68 0.94 0.90
Correlation 0.76 0.75 0.69 5.73 0.57 0.41 0.84 0.89
Cosine similarity 0.74 0.72 0.71 5.61 0.61 0.73 0.93 0.90

SVC Linear 0.83 0.85 0.81 −0.12 0.71 0.80 0.97 0.98
Poly Degree 2 0.80 0.81 0.76 −0.14 0.65 0.75 0.97 0.95

3 0.78 0.79 0.69 −0.15 0.54 0.67 0.93 0.92
4 0.77 0.76 0.69 −0.15 0.54 0.67 0.92 0.90

RBF Gamma 0.1 0.11 0.15 0.14 −0.29 0.11 0.17 0.74 0.38
0.01 0.11 0.14 0.17 −0.29 0.13 0.19 0.73 0.22
0.001 0.73 0.75 0.71 −0.19 0.60 0.72 0.94 0.92
1 0.10 0.10 0.14 −0.29 0.11 0.17 0.74 0.39
10 0.10 0.10 0.14 −0.29 0.11 0.17 0.74 0.39

MLP MLP 0.13 0.08 0.17 1.34 0.02 0.04 0.80 0.78
StandardScaler 0.67 0.69 0.64 6.17 0.49 0.63 0.91 0.71
MinMaxScaler 0.16 0.16 0.05 2.34 0.007 0.01 0.81 0.63

LSTM 0.13 0.08 0.57 2.14 0.007 0.014 0.81 0.63
CNN 0.70 0.71 0.77 0.45 0.65 0.70 0.89 0.88
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datasets are attained by linear SVC, polynomial of degree,
and K-NN with =k 1 using Manhattan distance, with MLP
algorithm excelling in ROC and AUC metrics. Meanwhile, in
the Yale dataset in Table 22, good performance is generally
observed in K-NN with =k 1 using Minkowski distance
with =p 5 and linear SVC, but in the use of Kullback,

F1-score, cosine, and ROC-AUC metrics, the leading algo-
rithm is SVC with polynomial of degree 4.

Examining the accuracy performance depicted in
Figure 3 on the JAFFE dataset yields noteworthy insights,
particularly concerning the application of SVC with a linear
kernel. The experimental outcomes reveal that the optimal

Table 11: Training validation and testing results of supervised JAFFE (50:50)

Training
validation

Testing evaluation

CV Accuracy K-L I–J F1-score Cosine ROC-AUC

4 5

JAFFE Decision tree 0.25 0.32 0.55 1.00 0.38 0.54 0.87 0.74
K-NN k 1 Euclidean 0.55 0.60 0.67 1.00 0.52 0.68 0.94 0.81

Manhattan 0.55 0.59 0.65 1.00 0.49 0.66 0.94 0.80
Minkowski =p 3 0.55 0.59 0.67 1.00 0.52 0.68 0.94 0.81
Minkowski =p 5 0.57 0.61 0.64 1.00 0.47 0.63 0.94 0.79
Hamming 0.49 0.55 0.59 1.00 0.42 0.59 0.93 0.76
Chebyshev 0.43 0.44 0.45 1.00 0.42 0.59 0.93 0.68
Mahalanobis 0.58 0.63 0.63 1.00 0.47 0.63 0.94 0.78
Correlation 0.55 0.60 0.66 1.00 0.51 0.67 0.95 0.80
Cosine similarity 0.55 0.60 0.67 1.00 0.52 0.68 0.95 0.81

3 Euclidean 0.28 0.30 0.40 0.71 0.25 0.40 0.84 0.76
Manhattan 0.26 0.29 0.35 0.72 0.21 0.34 0.84 0.73
Minkowski =p 3 0.30 0.32 0.45 0.72 0.29 0.45 0.85 0.78
Minkowski =p 5 0.24 0.28 0.47 0.71 0.30 0.46 0.87 0.79
Hamming 0.24 0.25 0.30 0.72 0.17 0.29 0.85 0.69
Chebyshev 0.35 0.38 0.42 0.71 0.26 0.40 0.78 0.73
Mahalanobis 0.37 0.38 0.51 0.74 0.35 0.50 0.88 0.79
Correlation 0.27 0.30 0.41 0.70 0.25 0.40 0.78 0.76
Cosine similarity 0.25 0.28 0.40 0.70 0.25 0.39 0.83 0.75

5 Euclidean 0.16 0.18 0.22 0.47 0.12 0.21 0.80 0.69
Manhattan 0.15 0.15 0.19 0.48 0.10 0.17 0.78 0.67
Minkowski =p 3 0.16 0.18 0.24 0.46 0.14 0.23 0.84 0.70
Minkowski =p 5 0.16 0.18 0.34 0.46 0.21 0.34 0.84 0.74
Hamming 0.17 0.18 0.24 0.46 0.14 0.24 0.84 0.63
Chebyshev 0.26 0.23 0.36 0.50 0.22 0.36 0.80 0.73
Mahalanobis 0.34 0.36 0.37 0.54 0.23 0.36 0.83 0.78
Correlation 0.18 0.17 0.23 0.43 0.13 0.22 0.81 0.68
Cosine similarity 0.18 0.16 0.23 0.46 0.13 0.23 0.82 0.67

SVC Linear 0.63 0.66 0.79 −0.14 0.67 0.80 0.96 0.95
Poly Degree 2 0.43 0.48 0.68 −0.15 0.52 0.68 0.93 0.92

3 0.62 0.65 0.77 −0.14 0.63 0.77 0.95 0.94
4 0.60 0.66 0.76 −0.14 0.62 0.76 0.94 0.93

RBF Gamma 0.1 0.13 0.18 0.15 −0.16 0.02 0.04 0.84 0.46
0.01 0.24 0.41 0.43 −0.16 0.31 0.46 0.88 0.62
0.001 0.30 0.38 0.50 −0.16 0.34 0.51 0.91 0.79
1 0.17 0.24 0.15 −0.16 0.02 0.04 0.84 0.50
10 0.11 0.14 0.15 −0.16 0.02 0.04 0.84 0.50

MLP MLP 0.15 0.13 0.24 0.03 0.11 0.15 0.89 0.55
StandardScaler 0.45 0.54 0.67 0.92 0.52 0.68 0.92 0.88
MinMaxScaler 0.13 0.19 0.19 0.09 0.04 0.08 0.81 0.56

LSTM 0.17 0.22 0.15 −0.16 0.03 0.06 0.29 0.52
CNN 0.28 0.26 0.40 −0.14 0.26 0.39 0.88 0.75

14  Purnawansyah et al.



accuracy is attained when employing linear SVC. Intrigu-
ingly, a discernible pattern emerges wherein the reduction
in the parameter k leads to an increase in model accuracy,
underscoring the efficacy of linear SVC in handling the
JAFFE dataset. Furthermore, investigations into SVC with
various kernels yield substantive results. Notably, a lower

RBF parameter gamma corresponds to enhanced accuracy
results, suggesting a direct relationship between decreased
gamma values and improved model performance. These
observations offer valuable perspectives on optimizing
SVC parameters to enhance classification accuracy for JAFFE
datasets (Figure 4).

Table 12: Training validation and testing results of supervised Georgia tech (50:50)

Training
validation

Testing evaluation

CV Accuracy K-L I–J F1-score Cosine ROC-AUC

Dataset Algorithm 4 5

Georgia tech Decision tree 0.74 0.70 0.76 0.06 0.63 0.75 0.94 0.88
K-NN k 1 Euclidean 0.96 0.94 0.97 0.01 0.95 0.97 0.99 0.99

Manhattan 0.96 0.96 0.98 0.01 0.96 0.98 1.00 0.99
Minkowski =p 3 0.95 0.92 0.97 0.01 0.94 0.96 0.99 0.98
Minkowski =p 5 0.94 0.93 0.95 0.02 0.91 0.95 0.99 0.97
Hamming 0.95 0.95 0.96 0.01 0.94 0.96 0.99 0.98
Chebyshev 0.84 0.82 0.88 0.04 0.80 0.88 0.98 0.94
Mahalanobis 0.94 0.93 0.96 0.01 0.93 0.96 0.99 0.98
Correlation 0.96 0.94 0.97 0.01 0.95 0.97 0.99 0.99
Cosine similarity 0.96 0.95 0.97 0.01 0.96 0.97 0.99 0.99

3 Euclidean 0.87 0.88 0.93 0.03 0.87 0.92 0.98 0.99
Manhattan 0.89 0.89 0.92 0.03 0.86 0.91 0.98 0.99
Minkowski =p 3 0.85 0.87 0.93 0.03 0.88 0.93 0.97 0.99
Minkowski =p 5 0.85 0.86 0.91 0.03 0.85 0.91 0.97 0.98
Hamming 0.88 0.89 0.93 0.02 0.88 0.92 0.98 0.98
Chebyshev 0.73 0.75 0.80 0.07 0.70 0.79 0.95 0.95
Mahalanobis 0.86 0.87 0.91 0.04 0.85 0.91 0.98 0.98
Correlation 0.87 0.88 0.93 0.03 0.88 0.93 0.98 0.99
Cosine similarity 0.87 0.88 0.93 0.03 0.88 0.93 0.97 0.99

5 Euclidean 0.77 0.79 0.85 0.05 0.76 0.84 0.96 0.99
Manhattan 0.78 0.80 0.86 0.05 0.77 0.84 0.96 0.99
Minkowski =p 3 0.76 0.78 0.85 0.06 0.76 0.84 0.96 0.99
Minkowski =p 5 0.74 0.76 0.83 0.06 0.73 0.82 0.96 0.98
Hamming 0.77 0.80 0.85 0.04 0.77 0.85 0.96 0.99
Chebyshev 0.64 0.66 0.73 0.11 0.60 0.72 0.95 0.96
Mahalanobis 0.81 0.80 0.88 0.10 0.81 0.88 0.95 0.98
Correlation 0.77 0.79 0.84 0.04 0.75 0.83 0.95 0.99
Cosine similarity 0.77 0.79 0.85 0.05 0.76 0.84 0.96 0.99

SVC Linear 0.96 0.95 0.97 0.05 0.96 0.97 1.00 0.99
Poly Degree 2 0.96 0.95 0.97 0.05 0.96 0.97 1.00 0.99

3 0.96 0.95 0.98 0.05 0.96 0.97 1.00 0.99
4 0.96 0.95 0.97 0.06 0.95 0.97 1.00 1.00

RBF Gamma 0.1 0.07 0.16 0.33 8.17 0.31 0.43 0.69 0.08
0.01 0.37 0.46 0.66 0.07 0.64 0.75 0.86 0.88
0.001 0.94 0.93 0.97 0.08 0.95 0.97 1.00 1.00
1 0.11 0.33 0.72 0.004 0.71 0.76 0.92 0.50
10 0.02 0.03 0.06 5.86 0.04 0.05 0.86 0.50

MLP MLP 0.93 0.91 0.94 0.79 0.90 0.94 0.99 0.99
StandardScaler 0.90 0.90 0.94 2.05 0.89 0.94 0.98 0.99
MinMaxScaler 0.93 0.91 0.95 0.68 0.92 0.95 0.99 0.99

LSTM 0.29 0.36 0.26 0.06 0.14 0.18 0.83 0.91
CNN 0.91 0.93 0.96 0.02 0.93 0.96 0.99 1.00
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In general, the preeminent dataset employed in
this study is the Georgia tech dataset as in Figure 5, sur-
passing the other two datasets in terms of relevance and
significance. Nevertheless, a noteworthy observation
emerges concerning the application of SVM with a RBF
kernel and a gamma parameter set to 10, as the model’s

accuracy exhibits a markedly low level in this specific
configuration.

In the context of the experimental analysis depicted,
the application of linear SVC to the Yale dataset manifests
the highest level of accuracy. It is discerned that with each
augmentation in the degree of polynomial usage, there

Table 13: Training validation and testing results of supervised Yale (50:50)

Training
validation

Testing evaluation

CV Accuracy K-L I–J F1-score Cosine ROC-AUC

Dataset Algorithm 4 5

Yale Decision tree 0.62 0.57 0.47 3.12 0.33 0.43 0.83 0.75
K-NN k 1 Euclidean 0.75 0.75 0.73 3.12 0.60 0.74 0.93 0.88

Manhattan 0.76 0.76 0.73 3.12 0.61 0.75 0.92 0.87
Minkowski =p 3 0.76 0.75 0.71 3.13 0.57 0.71 0.93 0.87
Minkowski =p 5 0.74 0.70 0.71 3.12 0.57 0.71 0.92 0.87
Hamming 0.74 0.74 0.76 3.12 0.63 0.76 0.93 0.87
Chebyshev 0.45 0.46 0.40 3.12 0.63 0.75 0.93 0.87
Mahalanobis 0.74 0.74 0.76 3.12 0.63 0.76 0.93 0.87
Correlation 0.74 0.75 0.77 3.12 0.65 0.78 0.94 0.89
Cosine similarity 0.75 0.76 0.73 3.12 0.63 0.78 0.94 0.89

3 Euclidean 0.68 0.66 0.70 2.90 0.55 0.70 0.88 0.89
Manhattan 0.70 0.68 0.72 2.90 0.59 0.73 0.90 0.91
Minkowski =p 3 0.63 0.65 0.61 2.80 0.45 0.59 0.87 0.90
Minkowski =p 5 0.54 0.58 0.58 2.80 0.41 0.56 0.86 0.89
Hamming 0.73 0.74 0.67 2.90 0.54 0.68 0.92 0.87
Chebyshev 0.41 0.40 0.33 2.80 0.21 0.30 0.78 0.76
Mahalanobis 0.73 0.74 0.67 2.90 0.54 0.68 0.92 0.87
Correlation 0.69 0.68 0.76 2.90 0.64 0.30 0.78 0.89
Cosine similarity 0.65 0.69 0.66 2.80 0.52 0.67 0.89 0.90

5 Euclidean 0.58 0.59 0.57 2.60 0.43 0.56 0.86 0.88
Manhattan 0.68 0.64 0.70 2.60 0.57 0.70 0.91 0.90
Minkowski =p 3 0.63 0.65 0.61 2.80 0.45 0.59 0.87 0.90
Minkowski =p 5 0.54 0.58 0.71 2.60 0.57 0.71 0.92 0.90
Hamming 0.70 0.70 0.69 2.56 0.55 0.69 0.93 0.90
Chebyshev 0.34 0.40 0.37 2.57 0.26 0.36 0.84 0.81
Mahalanobis 0.70 0.70 0.69 2.56 0.55 0.69 0.93 0.90
Correlation 0.58 0.62 0.76 2.63 0.64 0.36 0.84 0.91
Cosine similarity 0.59 0.64 0.66 2.63 0.52 0.67 0.89 0.90

SVC Linear 0.79 0.80 0.81 −0.20 0.70 0.81 0.96 0.95
Poly Degree 2 0.77 0.79 0.75 −0.21 0.61 0.74 0.94 0.93

3 0.75 0.75 0.71 −0.21 0.56 0.70 0.91 0.90
4 0.73 0.75 0.69 −0.21 0.53 0.67 0.91 0.98

RBF Gamma 0.1 0.13 0.12 0.08 −0.25 0.06 0.10 0.86 0.41
0.01 0.14 0.12 0.08 −0.25 0.06 0.10 0.86 0.08
0.001 0.64 0.64 0.57 −0.25 0.46 0.59 0.87 0.86
1 0.13 0.13 0.08 −0.25 0.06 0.10 0.86 0.42
10 0.13 0.13 0.08 −0.25 0.06 0.10 0.86 0.42

MLP MLP 0.14 0.16 0.11 1.05 0.03 0.04 0.66 0.66
StandardScaler 0.68 0.68 0.59 3.00 0.42 0.57 0.87 0.71
MinMaxScaler 0.13 0.13 0.16 1.42 0.05 0.07 0.86 0.74

LSTM 0.62 0.63 0.65 6.10 0.51 0.31 0.98 0.88
CNN 0.74 0.72 0.70 5.61 0.61 0.73 0.93 0.90
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is a corresponding decrease in accuracy. Conversely, a
lower value of RBF gamma yields superior accuracy.
These empirical observations underscore the nuanced
influence of polynomial degree and RBF gamma values
on the accuracy of the linear SVC algorithm when applied
to the specified Yale dataset, as evidenced by the graphical
representation in Figure 5.

Within the scope of this study, the primary datasets
under scrutiny comprise JAFFE, Georgia tech, and Yale.
Among these datasets, notable variations in performance
are evident, with the Georgia tech dataset notably exhi-
biting the highest average performance. A thorough exam-
ination of data originating from these three sources
facilitates a more comprehensive comprehension of each

Table 14: Training validation and testing results of semi-supervised JAFFE (20:80)

Training
validation

Testing evaluation

CV Accuracy K-L I–J F1-score Cosine ROC-AUC

Dataset Algorithm 4 5

JAFFE Decision tree 0.89 0.90 0.27 2.52 0.14 0.23 0.75 0.57
K-NN k 1 Euclidean 0.87 0.86 0.36 2.52 0.23 0.37 0.74 0.62

Manhattan 0.86 0.86 0.36 2.52 0.24 0.37 0.70 0.62
Minkowski =p 3 0.80 0.81 0.36 2.52 0.22 0.36 0.77 0.62
Minkowski =p 5 0.77 0.78 0.38 2.52 0.25 0.39 0.79 0.64
Hamming 0.84 0.84 0.29 2.52 0.16 0.27 0.72 0.59
Chebyshev 0.58 0.62 0.31 2.52 0.18 0.30 0.82 0.60
Mahalanobis 0.88 0.86 0.36 2.52 0.24 0.37 0.71 0.62
Correlation 0.83 0.80 0.33 2.52 0.21 0.34 0.74 0.61
Cosine similarity 0.83 0.80 0.35 2.52 0.22 0.36 0.76 0.62

3 Euclidean 0.73 0.71 0.16 2.07 0.05 0.10 0.64 0.59
Manhattan 0.75 0.75 0.20 2.13 0.09 0.15 0.59 0.59
Minkowski =p 3 0.67 0.65 0.18 2.06 0.07 0.11 0.75 0.59
Minkowski =p 5 0.62 0.62 0.22 2.13 0.09 0.17 0.79 0.60
Hamming 0.69 0.69 0.18 2.04 0.09 0.15 0.46 0.59
Chebyshev 0.43 0.43 0.40 1.93 0.09 0.15 0.46 0.63
Mahalanobis 0.77 0.77 0.20 2.28 0.10 0.18 0.73 0.58
Correlation 0.72 0.70 0.16 2.10 0.06 0.10 0.74 0.57
Cosine similarity 0.70 0.72 0.18 2.06 0.07 0.12 0.66 0.57

5 Euclidean 0.63 0.65 0.16 1.84 0.06 0.10 0.66 0.59
Manhattan 0.74 0.74 0.18 1.88 0.07 0.13 0.62 0.58
Minkowski =p 3 0.56 0.56 0.18 1.81 0.07 0.13 0.66 0.58
Minkowski =p 5 0.52 0.53 0.22 1.65 0.09 0.16 0.75 0.58
Hamming 0.68 0.65 0.13 1.67 0.07 0.12 0.55 0.56
Chebyshev 0.39 0.43 0.18 1.43 0.21 0.15 0.72 0.57
Mahalanobis 0.58 0.58 0.20 1.83 0.09 0.16 0.77 0.57
Correlation 0.64 0.64 0.13 1.78 0.04 0.08 0.67 0.54
Cosine similarity 0.73 0.75 0.13 1.83 0.04 0.08 0.63 0.54

SVC Linear 0.85 0.86 0.38 −0.02 0.24 0.38 0.74 0.61
Poly Degree 2 0.73 0.77 0.31 −0.04 0.18 0.29 0.79 0.59

3 0.84 0.87 0.38 −0.03 0.24 0.38 0.74 0.58
4 0.82 0.85 0.36 −0.01 0.22 0.36 0.74 0.59

RBF Gamma 0.1 0.38 0.38 0.13 −0.16 0.02 0.03 0.84 0.48
0.01 0.41 0.40 0.20 −0.14 0.07 0.12 0.78 0.54
0.001 0.83 0.79 0.31 −0.09 0.17 0.27 0.72 0.54
1 0.56 0.56 0.13 −0.15 0.02 0.03 0.84 0.49
10 0.83 0.83 0.13 −0.04 0.01 0.03 0.84 0.50

MLP MLP 0.62 0.83 0.13 1.41 0.02 0.03 0.84 0.52
StandardScaler 0.71 0.73 0.29 2.39 0.16 0.25 0.72 0.62
MinMaxScaler 0.71 0.68 0.13 2.10 0.03 0.05 0.83 0.51

LSTM 0.83 0.83 0.13 −0.08 0.01 0.03 0.84 0.49
CNN 0.76 0.77 0.36 0.35 0.21 0.34 0.74 0.65
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dataset’s characteristics, thereby elucidating the specific
advantages inherent to the Georgia tech dataset within
the context of this research. These findings constitute a
significant contribution to the judicious selection of data-
sets for the analytical and model development aspects deli-
neated in this article.

Overall, this proves that supervised learning is a pre-
valent machine learning technique effective for tasks
requiring labeled data. However, its reliance on abundant
labeled data poses challenges due to the associated costs
and difficulty in acquisition. In contrast, semi-supervised
learning integrates both labeled and unlabeled data,

Table 15: Training validation and testing results of semi-supervised Georgia tech (20:80)

Training
validation

Testing evaluation

CV Accuracy K-L I–J F1-score Cosine ROC-AUC

Dataset Algorithm 4 5

Georgia tech Decision tree 0.63 0.61 0.51 2.37 0.39 0.47 0.90 0.75
K-NN k 1 Euclidean 0.98 0.98 0.91 0.35 0.85 0.90 0.96 0.95

Manhattan 0.99 0.98 0.92 0.35 0.87 0.91 0.96 0.96
Minkowski =p 3 0.97 0.97 0.91 0.35 0.86 0.90 0.96 0.95
Minkowski =p 5 0.89 0.97 0.89 0.36 0.83 0.88 0.96 0.94
Hamming 0.98 0.97 0.91 0.06 0.87 0.91 0.97 0.95
Chebyshev 0.90 0.89 0.74 1.03 0.62 0.71 0.90 0.87
Mahalanobis 0.98 0.98 0.89 0.39 0.84 0.88 0.94 0.94
Correlation 0.98 0.99 0.91 0.36 0.86 0.90 0.96 0.95
Cosine similarity 0.99 0.99 0.91 0.36 0.86 0.90 0.96 0.95

3 Euclidean 0.93 0.94 0.67 0.56 0.54 0.62 0.90 0.90
Manhattan 0.92 0.92 0.68 0.54 0.57 0.64 0.89 0.90
Minkowski =p 3 0.92 0.92 0.67 0.55 0.54 0.62 0.89 0.90
Minkowski =p 5 0.92 0.92 0.67 1.12 0.52 0.62 0.91 0.89
Hamming 0.90 0.91 0.69 0.50 0.57 0.64 0.91 0.90
Chebyshev 0.74 0.74 0.53 1.53 0.39 0.48 0.88 0.84
Mahalanobis 0.91 0.91 0.63 1.22 0.54 0.61 0.87 0.87
Correlation 0.93 0.93 0.67 0.56 0.55 0.63 0.90 0.90
Cosine similarity 0.92 0.91 0.67 0.84 0.54 0.62 0.90 0.90

5 Euclidean 0.85 0.84 0.43 0.47 0.26 0.33 0.84 0.92
Manhattan 0.83 0.83 0.42 0.75 0.25 0.32 0.86 0.92
Minkowski =p 3 0.84 0.84 0.39 0.78 0.23 0.29 0.83 0.91
Minkowski =p 5 0.81 0.82 0.37 0.82 0.20 0.26 0.84 0.91
Hamming 0.81 0.81 0.41 0.71 0.25 0.32 0.87 0.89
Chebyshev 0.65 0.63 0.42 1.55 0.25 0.33 0.86 0.85
Mahalanobis 0.74 0.74 0.41 1.23 0.30 0.36 0.84 0.88
Correlation 0.84 0.84 0.45 0.49 0.28 0.34 0.85 0.92
Cosine similarity 0.85 0.83 0.40 0.50 0.24 0.30 0.83 0.91

SVC Linear 0.98 0.99 0.92 0.05 0.87 0.91 0.97 0.95
Poly Degree 2 0.99 0.99 0.90 0.05 0.85 0.88 0.95 0.96

3 0.99 0.99 0.92 0.06 0.87 0.91 0.96 0.96
4 0.98 0.98 0.92 0.07 0.87 0.91 0.96 0.96

RBF Gamma 0.1 0.30 0.30 0.02 0.99 0.0004 0.001 0.84 0.44
0.01 0.62 0.63 0.13 0.64 0.91 0.11 0.14 0.87
0.001 0.95 0.95 0.87 0.12 0.84 0.88 0.96 0.92
1 0.57 0.57 0.02 0.96 0.0003 0.001 0.86 0.50
10 0.80 0.80 0.02 1.52 0.0003 0.001 0.86 0.50

MLP MLP 0.69 0.72 0.16 1.22 0.09 0.12 0.79 0.94
StandardScaler 0.88 0.90 0.83 0.24 0.73 0.81 0.95 0.96
MinMaxScaler 0.69 0.69 0.17 1.38 0.10 0.12 0.82 0.95

LSTM 0.46 0.53 0.06 0.02 0.09 0.12 0.85 0.89
CNN 0.86 0.89 0.65 2.69 0.52 0.58 0.92 0.95
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aiming to enhance model performance. While this
approach offers cost-effectiveness and flexibility, handling
noise in unlabeled data presents ongoing challenges
ending up in less performance. Nonetheless, semi-super-
vised learning presents a promising alternative for various
machine learning applications, particularly for certain
selected and deep-based algorithms [56,57].

3.1 Statistical test results

Table 23 evaluates various metrics used to assess model
performance in supervised learning and semi-supervised
learning tasks, aiming to understand the effectiveness of
each metric in distinguishing model performance [58]. The
null hypothesis established for the Friedman test asserts

Table 16: Training validation and testing results of semi-supervised Yale (20:80)

Training
validation

Testing evaluation

CV Accuracy K-L I–J F1-score Cosine ROC-AUC

Dataset Algorithm 4 5

Yale Decision tree 0.53 0.53 0.16 5.97 0.11 0.15 0.84 0.55
K-NN k 1 Euclidean 0.79 0.80 0.62 5.97 0.45 0.58 0.87 0.80

Manhattan 0.82 0.81 0.62 5.97 0.45 0.58 0.87 0.80
Minkowski =p 3 0.78 0.78 0.58 5.97 0.39 0.51 0.88 0.77
Minkowski =p 5 0.78 0.78 0.76 5.97 0.33 0.40 0.89 0.80
Hamming 0.82 0.82 0.62 5.97 0.48 0.59 0.89 0.80
Chebyshev 0.65 0.64 0.27 5.97 0.17 0.26 0.77 0.61
Mahalanobis 0.82 0.82 0.62 5.97 0.48 0.59 0.89 0.80
Correlation 0.81 0.81 0.64 5.97 0.49 0.58 0.88 0.81
Cosine similarity 0.79 0.79 0.62 5.97 0.44 0.55 0.89 0.80

3 Euclidean 0.67 0.67 0.31 5.52 0.17 0.24 0.76 0.77
Manhattan 0.70 0.69 0.38 5.56 0.27 0.33 0.75 0.76
Minkowski =p 3 0.63 0.64 0.31 5.55 0.20 0.27 0.74 0.77
Minkowski =p 5 0.67 0.69 0.65 5.57 0.20 0.27 0.74 0.73
Hamming 0.56 0.57 0.36 5.48 0.25 0.31 0.79 0.73
Chebyshev 0.51 0.50 0.20 5.40 0.10 0.15 0.68 0.72
Mahalanobis 0.56 0.57 0.36 5.48 0.25 0.31 0.79 0.73
Correlation 0.68 0.67 0.40 5.59 0.27 0.37 0.76 0.77
Cosine similarity 0.71 0.72 0.47 5.57 0.31 0.40 0.78 0.81

5 Euclidean 0.67 0.67 0.31 5.52 0.17 0.24 0.76 0.77
Manhattan 0.62 0.60 0.29 5.38 0.19 0.26 0.66 0.82
Minkowski =p 3 0.63 0.61 0.24 5.36 0.11 0.15 0.76 0.76
Minkowski =p 5 0.63 0.62 0.27 5.27 0.12 0.18 0.75 0.74
Hamming 0.67 0.69 0.33 5.35 0.22 0.26 0.77 0.83
Chebyshev 0.45 0.46 0.13 5.04 0.03 0.06 0.39 0.73
Mahalanobis 0.67 0.69 0.33 5.35 0.22 0.26 0.77 0.83
Correlation 0.73 0.76 0.29 5.39 0.17 0.22 0.66 0.80
Cosine similarity 0.72 0.73 0.29 5.35 0.13 0.18 0.68 0.82

SVC Linear 0.77 0.79 0.62 −0.08 0.45 0.58 0.89 0.93
Poly Degree 2 0.81 0.83 0.60 −0.10 0.44 0.56 0.89 0.90

3 0.74 0.83 0.62 −0.09 0.47 0.60 0.93 0.89
4 0.77 0.80 0.53 −0.09 0.39 0.53 0.91 0.86

RBF Gamma 0.1 0.23 0.25 0.09 −0.12 0.03 0.04 0.85 0.52
0.01 0.30 0.30 0.09 −0.09 0.03 0.04 0.85 0.49
0.001 0.76 0.76 0.40 −0.01 0.23 0.30 0.90 0.74
1 0.79 0.79 0.09 0.11 0.03 0.04 0.85 0.48
10 0.82 0.82 0.07 0.12 0.004 0.008 0.85 0.50

MLP MLP 0.20 0.17 0.13 1.79 0.06 0.06 0.76 0.66
StandardScaler 0.66 0.67 0.60 1.89 0.01 0.32 0.66 0.77
MinMaxScaler 0.21 0.23 0.20 2.30 0.21 0.32 0.77 0.87

LSTM 0.33 0.31 0.32 5.97 0.56 0.11 0.88 0.32
CNN 0.56 0.57 0.55 5.97 0.10 0.16 0.77 0.50
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that all classification models exhibit equivalent perfor-
mance. Rejecting this null hypothesis indicates that there
is a significant performance difference in one or more of
the models with a significance level at =α 0.05 and a total
of 42 models compared. In each test, the p-value indicates
the probability that observed differences arose by chance

where the p-values in all dataset scenarios are less than
0.05 in both supervised and semi-supervised learning, and
this suggests that the difference is significant, justifying the
rejection of the null hypothesis.

Following the Friedman test’s identification of statisti-
cally significant performance differences across multiple

Table 17: Training validation and testing results of semi-supervised JAFFE (25:75)

Training
validation

Testing evaluation

CV Accuracy K-L I–J F1-score Cosine ROC-AUC

Dataset Algorithm 4 5

JAFFE Decision tree 0.77 0.82 0.20 2.52 0.11 0.20 0.77 0.53
K-NN k 1 Euclidean 0.80 0.81 0.38 2.52 0.26 0.40 0.76 0.64

Manhattan 0.77 0.78 0.36 2.52 0.24 0.37 0.72 0.62
Minkowski =p 3 0.80 0.81 0.36 2.52 0.22 0.36 0.77 0.62
Minkowski =p 5 0.77 0.78 0.38 2.52 0.25 0.39 0.79 0.64
Hamming 0.77 0.80 0.29 2.52 0.17 0.29 0.73 0.59
Chebyshev 0.65 0.68 0.40 2.52 0.26 0.41 0.89 0.65
Mahalanobis 0.77 0.79 0.33 2.52 0.27 0.36 0.78 0.61
Correlation 0.81 0.80 0.38 2.52 0.25 0.39 0.78 0.64
Cosine similarity 0.79 0.82 0.40 2.52 0.28 0.42 0.80 0.65

3 Euclidean 0.64 0.67 0.16 2.04 0.06 0.12 0.70 0.60
Manhattan 0.71 0.73 0.18 2.06 0.08 0.13 0.59 0.61
Minkowski =p 3 0.73 0.71 0.16 2.07 0.06 0.10 0.64 0.59
Minkowski =p 5 0.75 0.75 0.20 2.13 0.09 0.15 0.60 0.59
Hamming 0.65 0.65 0.18 2.17 0.07 0.13 0.58 0.61
Chebyshev 0.43 0.38 0.33 1.00 0.19 0.31 0.74 0.67
Mahalanobis 0.62 0.61 0.27 2.13 0.14 0.24 0.78 0.60
Correlation 0.67 0.68 0.18 2.08 0.08 0.14 0.76 0.59
Cosine similarity 0.66 0.64 0.27 2.04 0.14 0.23 0.73 0.62

5 Euclidean 0.64 0.67 0.16 2.04 0.12 0.69 0.69 0.60
Manhattan 0.62 0.62 0.18 1.81 0.07 0.13 0.72 0.57
Minkowski =p 3 0.67 0.65 0.18 2.06 0.07 0.11 0.75 0.59
Minkowski =p 5 0.62 0.62 0.22 2.13 0.10 0.17 0.79 0.60
Hamming 0.58 0.63 0.18 1.71 0.08 0.15 0.64 0.60
Chebyshev 0.39 0.38 0.24 1.43 0.13 0.22 0.76 0.65
Mahalanobis 0.58 0.62 0.18 1.86 0.06 0.10 0.76 0.58
Correlation 0.64 0.65 0.13 1.82 0.05 0.09 0.73 0.54
Cosine similarity 0.65 0.67 0.16 1.80 0.05 0.08 0.71 0.58

SVC Linear 0.78 0.80 0.40 −0.01 0.28 0.42 0.77 0.68
Poly Degree 2 0.65 0.70 0.31 −0.08 0.18 0.30 0.81 0.64

3 0.75 0.77 0.38 −0.04 0.26 0.40 0.76 0.65
4 0.77 0.80 0.38 −0.03 0.25 0.40 0.74 0.65

RBF Gamma 0.1 0.69 0.69 0.16 −0.13 0.02 0.04 0.84 0.50
0.01 0.69 0.69 0.16 −0.13 0.02 0.04 0.84 0.50
0.001 0.69 0.68 0.38 −0.11 0.24 0.38 0.78 0.58
1 0.45 0.45 0.13 −0.21 0.02 0.03 0.84 0.51
10 0.69 0.69 0.16 −0.13 0.02 0.04 0.84 0.51

MLP MLP 0.56 0.58 0.18 1.68 0.04 0.08 0.86 0.52
StandardScaler 0.74 0.75 0.38 2.41 0.26 0.40 0.80 0.65
MinMaxScaler 0.47 0.64 0.18 1.36 0.06 0.10 0.80 0.51

LSTM 0.69 0.67 0.20 −0.15 0.05 0.09 0.83 0.54
CNN 0.69 0.74 0.33 0.16 0.21 0.33 0.78 0.68
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datasets, the Nemenyi post hoc test is employed to detect
specific differences between each pair of models. With 42
models under evaluation, this leads to × =42 42 1,764 pair-
wise comparison models. The Nemenyi post hoc test
assesses each model pair to ascertain whether their

performance ranks differ significantly, thereby offering a
more detailed insight into which models perform better or
worse relative to others across the datasets. This thorough
comparison enables precise conclusions regarding the
comparative effectiveness of individual models.

Table 18: Training validation and testing results of semi-supervised Georgia tech (25:75)

Training
validation

Testing evaluation

CV Accuracy K-L I–J F1-score Cosine ROC-AUC

Dataset Algorithm 4 5

Georgia tech Decision tree 0.62 0.65 0.53 1.58 0.39 0.49 0.87 0.76
K-NN k 1 Euclidean 0.99 0.99 0.91 0.76 0.86 0.90 0.96 0.95

Manhattan 1.00 1.00 0.92 0.76 0.87 0.90 0.97 0.96
Minkowski =p 3 0.98 0.98 0.91 0.76 0.85 0.89 0.96 0.95
Minkowski =p 5 0.98 0.98 0.88 0.78 0.81 0.86 0.96 0.94
Hamming 0.97 0.97 0.91 0.41 0.87 0.90 0.98 0.95
Chebyshev 0.90 0.90 0.77 1.56 0.67 0.75 0.94 0.88
Mahalanobis 0.98 0.98 0.89 1.13 0.83 0.87 0.95 0.94
Correlation 0.99 0.99 0.91 0.76 0.86 0.90 0.96 0.95
Cosine similarity 0.99 0.99 0.91 0.76 0.86 0.90 0.96 0.95

3 Euclidean 0.94 0.94 0.73 0.52 0.64 0.71 0.92 0.93
Manhattan 0.93 0.94 0.77 0.83 0.67 0.75 0.93 0.94
Minkowski =p 3 0.93 0.92 0.72 0.85 0.62 0.71 0.92 0.92
Minkowski =p 5 0.94 0.93 0.72 0.88 0.62 0.71 0.93 0.92
Hamming 0.92 0.93 0.75 0.46 0.66 0.73 0.93 0.93
Chebyshev 0.79 0.78 0.63 0.95 0.50 0.58 0.90 0.89
Mahalanobis 0.90 0.90 0.72 0.92 0.62 0.70 0.91 0.89
Correlation 0.92 0.93 0.75 0.45 0.66 0.74 0.90 0.94
Cosine similarity 0.93 0.93 0.73 0.50 0.64 0.72 0.92 0.93

5 Euclidean 0.90 0.90 0.61 0.63 0.48 0.55 0.90 0.95
Manhattan 0.88 0.89 0.65 0.57 0.54 0.61 0.90 0.96
Minkowski =p 3 0.88 0.89 0.61 0.64 0.47 0.55 0.90 0.95
Minkowski =p 5 0.87 0.88 0.60 1.00 0.46 0.54 0.90 0.94
Hamming 0.88 0.86 0.61 0.57 0.48 0.56 0.90 0.94
Chebyshev 0.74 0.75 0.53 0.99 0.40 0.48 0.88 0.89
Mahalanobis 0.83 0.82 0.66 0.97 0.57 0.64 0.89 0.93
Correlation 0.99 0.99 0.91 0.76 0.86 0.90 0.96 0.95
Cosine similarity 0.91 0.91 0.64 0.59 0.52 0.60 0.90 0.95

SVC Linear 0.99 0.99 0.92 0.06 0.87 0.90 0.96 0.96
Poly Degree 2 0.99 0.99 0.91 0.07 0.85 0.88 0.96 0.96

3 1.00 1.00 0.92 0.72 0.87 0.90 0.97 0.96
4 0.99 0.99 0.91 0.08 0.87 0.90 0.97 0.96

RBF Gamma 0.1 0.11 0.11 0.03 0.27 0.01 0.01 0.86 0.28
0.01 0.33 0.34 0.19 0.31 0.17 0.22 0.87 0.74
0.001 0.97 0.96 0.86 0.15 0.82 0.86 0.94 0.93
1 0.19 0.19 0.03 0.18 0.01 0.02 0.86 0.50
10 0.74 0.74 0.02 1.25 0.0003 0.0007 0.86 0.50

MLP MLP 0.64 0.64 0.08 1.82 0.57 0.08 0.87 0.95
StandardScaler 0.92 0.93 0.80 0.55 0.70 0.77 0.92 0.96
MinMaxScaler 0.63 0.65 0.21 1.02 0.14 0.18 0.76 0.95

LSTM 0.53 0.56 0.02 0.03 0.13 0.17 0.86 0.89
CNN 0.95 0.95 0.85 3.45 0.76 0.82 0.95 0.97
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In the context of supervised learning, metrics like CV 5
and accuracy exhibit high test statistics and a large
number of significant combinations (e.g., 274 and 192
model pairs, out of 1,764, respectively) obtained from
Nemenyi post hoc test, demonstrating their strength in
identifying performance differences among models.

In semi-supervised learning analysis, there is a slight
variation in metrics’ ability to differentiate performance.
CV 4, accuracy, and F1-score continue to demonstrate
strong statistical power, with CV 4 achieving 236 significant
combinations and a high test statistic, while accuracy and
F1-score show similarly robust results. These metrics, with

Table 19: Training validation and testing results of semi-supervised Yale (25:75)

Training
validation

Testing evaluation

CV Accuracy K-L I–J F1-score Cosine ROC-AUC

Dataset Algorithm 4 5

Yale Decision tree 0.56 0.60 0.40 5.97 0.33 0.41 0.85 0.68
K-NN k 1 Euclidean 0.87 0.92 0.71 5.71 0.58 0.72 0.87 0.85

Manhattan 0.91 0.92 0.73 5.97 0.60 0.73 0.87 0.86
Minkowski =p 3 0.86 0.86 0.69 5.97 0.55 0.69 0.89 0.83
Minkowski =p 5 0.86 0.86 0.60 5.97 0.45 0.58 0.89 0.78
Hamming 0.83 0.86 0.71 5.97 0.62 0.72 0.90 0.85
Chebyshev 0.57 0.62 0.40 5.97 0.28 0.39 0.82 0.68
Mahalanobis 0.83 0.86 0.71 5.97 0.62 0.72 0.90 0.85
Correlation 0.87 0.85 0.78 5.97 0.67 0.78 0.87 0.88
Cosine similarity 0.88 0.87 0.71 5.97 0.58 0.71 0.86 0.85

3 Euclidean 0.75 0.76 0.62 5.64 0.46 0.58 0.83 0.87
Manhattan 0.82 0.82 0.67 5.66 0.53 0.64 0.85 0.89
Minkowski =p 3 0.70 0.67 0.60 5.65 0.44 0.55 0.80 0.87
Minkowski =p 5 0.62 0.64 0.47 5.52 0.31 0.42 0.73 0.82
Hamming 0.73 0.72 0.49 5.65 0.38 0.45 0.78 0.81
Chebyshev 0.47 0.49 0.24 5.35 0.15 0.22 0.66 0.73
Mahalanobis 0.73 0.72 0.49 5.65 0.38 0.45 0.78 0.81
Correlation 0.70 0.72 0.64 5.61 0.50 0.62 0.81 0.90
Cosine similarity 0.69 0.70 0.67 5.60 0.52 0.65 0.86 0.90

5 Euclidean 0.75 0.76 0.62 0.64 0.46 0.58 0.83 0.87
Manhattan 0.59 0.61 0.60 5.30 0.50 0.59 0.83 0.92
Minkowski =p 3 0.64 0.66 0.60 5.19 0.41 0.53 0.75 0.90
Minkowski =p 5 0.52 0.55 0.53 5.13 0.37 0.46 0.76 0.88
Hamming 0.55 0.57 0.31 5.33 0.21 0.26 0.80 0.85
Chebyshev 0.41 0.46 0.67 4.88 0.30 0.76 0.78 0.78
Mahalanobis 0.55 0.57 0.31 5.33 0.21 0.26 0.80 0.85
Correlation 0.62 0.59 0.56 5.28 0.38 0.48 0.78 0.90
Cosine similarity 0.66 0.63 0.58 5.41 0.43 0.51 0.80 0.94

SVC Linear 0.94 0.93 0.73 −0.11 0.62 0.72 0.83 0.98
Poly Degree 2 0.91 0.90 0.71 −0.11 0.61 0.70 0.83 0.95

3 0.88 0.89 0.76 −0.10 0.64 0.74 0.87 0.94
4 0.82 0.81 0.71 −0.11 0.61 0.71 0.85 0.92

RBF Gamma 0.1 0.21 0.19 0.13 −0.24 0.07 0.11 0.84 0.46
0.01 0.21 0.19 0.13 −0.24 0.07 0.11 0.84 0.46
0.001 0.80 0.82 0.71 −0.12 0.57 0.68 0.83 0.92
1 0.67 0.67 0.11 0.001 0.05 0.07 0.84 0.47
10 0.78 0.78 0.07 0.05 0.004 0.08 0.85 0.51

MLP MLP 0.35 0.34 0.07 3.66 0.005 0.009 0.86 0.71
StandardScaler 0.57 0.45 0.42 1.20 0.30 0.57 0.72 0.71
MinMaxScaler 0.38 0.30 0.42 0.89 0.23 0.34 0.86 0.61

LSTM 0.37 0.37 0.36 5.71 0.22 0.45 0.75 0.66
CNN 0.78 0.76 0.77 5.70 0.22 0.40 0.77 0.66
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high counts of significant combinations and large test
statistics, are particularly suitable for discerning model
performance differences in semi-supervised contexts. In
contrast, metrics like K-L divergence and cosine simi-
larity consistently yield fewer significant combinations
in both learning types, suggesting they may be less

sensitive for comparing models within this framework.
Overall, the table indicates that CV, accuracy, and
F1-score are effective metrics for distinguishing models
regardless of task type, with a clear conclusion that
p-values below 0.05 signal a significant difference among
the models.

Table 20: Training validation and testing results of semi-supervised JAFFE (50:50)

Training
validation

Testing evaluation

CV Accuracy K-L I–J F1-score Cosine ROC-AUC

Dataset Algorithm 4 5

JAFFE Decision tree 0.59 0.63 0.51 2.52 0.35 0.49 0.88 0.71
K-NN k 1 Euclidean 0.78 0.74 0.64 2.52 0.47 0.63 0.91 0.79

Manhattan 0.78 0.80 0.62 2.52 0.46 0.62 0.89 0.78
Minkowski =p 3 0.74 0.76 0.69 2.52 0.53 0.68 0.91 0.82
Minkowski =p 5 0.75 0.74 0.64 2.52 0.47 0.63 0.93 0.79
Hamming 0.77 0.79 0.51 2.52 0.36 0.51 0.92 0.71
Chebyshev 0.68 0.69 0.53 2.52 0.37 0.53 0.90 0.73
Mahalanobis 0.74 0.74 0.62 2.52 0.45 0.60 0.89 0.78
Correlation 0.78 0.75 0.67 2.52 0.50 0.66 0.93 0.81
Cosine similarity 0.80 0.77 0.64 2.52 0.47 0.63 0.94 0.79

3 Euclidean 0.65 0.68 0.31 1.95 0.16 0.25 0.79 0.77
Manhattan 0.65 0.64 0.29 1.99 0.15 0.25 0.77 0.75
Minkowski =p 3 0.61 0.65 0.33 1.92 0.20 0.31 0.82 0.74
Minkowski =p 5 0.54 0.55 0.36 1.96 0.21 0.33 0.79 0.80
Hamming 0.62 0.63 0.27 2.13 0.13 0.22 0.79 0.69
Chebyshev 0.53 0.55 0.40 1.95 0.24 0.38 0.72 0.72
Mahalanobis 0.58 0.61 0.33 1.98 0.18 0.29 0.73 0.75
Correlation 0.62 0.60 0.29 1.90 0.14 0.23 0.79 0.75
Cosine similarity 0.64 0.68 0.33 1.90 0.18 0.29 0.81 0.77

5 Euclidean 0.65 0.68 0.31 1.95 0.16 0.25 0.79 0.77
Manhattan 0.53 0.55 0.24 1.60 0.12 0.19 0.80 0.69
Minkowski =p 3 0.56 0.54 0.22 1.45 0.10 0.17 0.80 0.71
Minkowski =p 5 0.53 0.54 0.31 1.52 0.19 0.30 0.77 0.75
Hamming 0.59 0.61 0.24 1.66 0.12 0.21 0.84 0.66
Chebyshev 0.43 0.46 0.33 1.46 0.21 0.34 0.77 0.75
Mahalanobis 0.52 0.54 0.29 1.57 0.15 0.24 0.79 0.71
Correlation 0.52 0.53 0.20 1.55 0.08 0.14 0.69 0.69
Cosine similarity 0.48 0.51 0.27 1.50 0.14 0.23 0.79 0.69

SVC Linear 0.81 0.84 0.73 −0.09 0.59 0.74 0.95 0.85
Poly Degree 2 0.72 0.74 0.64 −0.13 0.52 0.67 0.92 0.85

3 0.81 0.80 0.69 −0.09 0.54 0.69 0.92 0.83
4 0.83 0.82 0.67 −0.10 0.52 0.68 0.92 0.84

RBF Gamma 0.1 0.50 0.51 0.13 −0.19 0.01 0.03 0.84 0.48
0.01 0.42 0.42 0.13 −0.20 0.02 0.03 0.84 0.60
0.001 0.67 0.69 0.44 −0.17 0.33 0.48 0.89 0.78
1 0.29 0.29 0.13 −0.23 0.01 0.03 0.84 0.50
10 0.57 0.57 0.13 −0.18 0.02 0.03 0.84 0.49

MLP MLP 0.45 0.27 0.13 1.45 0.01 0.03 0.84 0.51
StandardScaler 0.62 0.61 0.53 2.32 0.38 0.54 0.87 0.77
MinMaxScaler 0.34 0.32 0.20 0.06 0.08 0.13 0.80 0.54

LSTM 0.42 0.37 0.18 −0.18 0.05 0.08 0.51 0.55
CNN 0.70 0.69 0.58 −0.003 0.44 0.58 0.91 0.88
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In addition to Nemenyi post hoc test, each model is
ranked based on its performance in each dataset, and
then these ranks are averaged across all datasets to obtain
the model mean rank. This gives an overall ranking that
reflects the model’s performance on all datasets. The cri-
tical difference (CD) is determined using formula (6) to

determine whether the performance differences between
pairs of models are statistically significant. CD takes into
the number of models =k 42( ), the total number of dataset
scenarios =n 9( ), and the critical value ( =q 1.64899

α
)

involved using the studentized range distribution, which
is obtained by using formula degree of freedom

Table 21: Training validation and testing results of semi-supervised Georgia tech (50:50)

Training
validation

Testing evaluation

CV Accuracy K-L I–J F1-score Cosine ROC-AUC

Dataset Algorithm 4 5

Georgia tech Decision tree 0.75 0.74 0.71 0.46 0.59 0.70 0.93 0.85
K-NN k 1 Euclidean 0.99 0.99 0.97 0.02 0.95 0.97 0.99 0.99

Manhattan 1.00 0.99 0.98 0.01 0.97 0.97 1.00 0.99
Minkowski =p 3 0.99 0.99 0.97 0.02 0.94 0.96 0.99 0.98
Minkowski =p 5 0.98 0.98 0.92 0.40 0.87 0.91 0.98 0.96
Hamming 1.00 0.38 0.95 0.38 0.93 0.94 0.98 0.98
Chebyshev 0.94 0.94 0.88 0.05 0.82 0.88 0.86 0.94
Mahalanobis 0.98 0.98 0.95 0.03 0.92 0.95 0.99 0.98
Correlation 1.00 0.99 0.97 0.02 0.95 0.97 0.99 0.99
Cosine similarity 1.00 0.99 0.97 0.01 0.95 0.97 0.99 0.99

3 Euclidean 0.96 0.96 0.89 0.08 0.82 0.97 0.94 0.97
Manhattan 0.96 0.98 0.89 0.41 0.83 0.87 0.95 0.97
Minkowski =p 3 0.95 0.96 0.88 0.07 0.82 0.86 0.93 0.97
Minkowski =p 5 0.96 0.97 0.88 0.81 0.87 0.95 0.96 0.96
Hamming 0.97 0.97 0.89 0.06 0.83 0.88 0.96 0.98
Chebyshev 0.86 0.84 0.76 0.14 0.65 0.74 0.92 0.95
Mahalanobis 0.94 0.93 0.87 0.43 0.81 0.86 0.94 0.97
Correlation 0.97 0.96 0.90 0.06 0.85 0.89 0.94 0.97
Cosine similarity 0.97 0.97 0.88 0.08 0.82 0.86 0.93 0.97

5 Euclidean 0.91 0.92 0.80 0.10 0.70 0.76 0.93 0.99
Manhattan 0.92 0.93 0.82 0.10 0.73 0.78 0.94 0.99
Minkowski =p 3 0.90 0.92 0.77 0.11 0.67 0.47 0.92 0.99
Minkowski =p 5 0.88 0.88 0.77 0.09 0.67 0.75 0.94 0.98
Hamming 0.92 0.93 0.81 0.07 0.73 0.78 0.94 0.99
Chebyshev 0.80 0.15 0.70 0.14 0.59 0.67 0.91 0.95
Mahalanobis 0.91 0.90 0.85 0.10 0.78 0.83 0.93 0.98
Correlation 0.91 0.91 0.79 0.08 0.70 0.76 0.92 0.98
Cosine similarity 0.90 0.91 0.79 0.10 0.69 0.75 0.92 0.99

SVC Linear 0.99 0.99 0.98 0.04 0.97 0.98 0.98 0.99
Poly Degree 2 1.00 0.99 0.98 0.04 0.97 0.98 0.99 0.99

3 1.00 1.00 0.98 0.04 0.97 0.98 1.00 0.99
4 1.00 1.00 0.98 0.05 0.97 0.98 1.00 0.99

RBF Gamma 0.1 0.32 0.32 0.03 0.35 0.01 0.01 0.86 0.42
0.01 0.30 0.30 0.19 0.24 0.17 0.22 0.88 0.76
0.001 0.96 0.97 0.92 0.11 0.88 0.91 0.96 0.99
1 0.10 0.10 0.03 0.07 0.01 0.86 0.48 0.48
10 0.49 0.49 0.02 0.75 0.0003 0.001 0.60 0.50

MLP MLP 0.93 0.93 0.87 0.07 0.80 0.85 0.97 0.99
StandardScaler 0.95 0.95 0.91 0.10 0.85 0.89 0.95 1.00
MinMaxScaler 0.97 0.93 0.91 0.07 0.86 0.89 0.95 1.00

LSTM 0.42 0.60 0.65 0.03 0.20 0.24 0.87 0.91
CNN 0.99 0.95 0.95 3.65 0.91 0.94 0.99 0.99
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= × − =n kdf 1 369( ) . If the difference in mean ranks
between two models is greater than the CD, those models
are considered to perform significantly differently. These
calculations help identify which models show significant
performance differences, providing insights into which
models are more effective.

= ×
+

q
k k

n
CD

1

6

.
α

( ) (6)

Figures 6 and 7 elucidate the pairwise comparison
results of 42 models, showing significant differences in
supervised and semi-supervised learning, respectively.

Table 22: Training validation and testing results of semi-supervised Yale (50:50)

Training
validation

Testing evaluation

CV Accuracy K-L I–J F1-score Cosine ROC-AUC

Dataset Algorithm 4 5

Yale Decision tree 0.54 0.50 0.44 5.97 0.31 0.42 0.76 0.70
K-NN k 1 Euclidean 0.90 0.88 0.73 5.97 0.59 0.73 0.90 0.86

Manhattan 0.87 0.89 0.73 5.97 0.59 0.73 0.88 0.86
Minkowski =p 3 0.86 0.84 0.71 5.97 0.56 0.71 0.91 0.85
Minkowski =p 5 0.84 0.84 0.86 5.97 0.56 0.71 0.91 0.85
Hamming 0.82 0.82 0.78 5.97 0.69 0.79 0.96 0.88
Chebyshev 0.67 0.67 0.53 5.97 0.38 0.52 0.87 0.75
Mahalanobis 0.82 0.82 0.78 5.97 0.69 0.79 0.96 0.88
Correlation 0.86 0.87 0.80 5.97 0.69 0.79 0.91 0.89
Cosine similarity 0.83 0.83 0.76 5.97 0.62 0.75 0.90 0.87

3 Euclidean 0.83 0.83 0.73 5.73 0.60 0.71 0.91 0.90
Manhattan 0.79 0.82 0.76 5.74 0.64 0.76 0.92 0.93
Minkowski =p 3 0.78 0.74 0.73 5.76 0.59 0.71 0.94 0.89
Minkowski =p 5 0.67 0.67 0.66 5.57 0.59 0.71 0.94 0.86
Hamming 0.77 0.76 0.78 5.66 0.66 0.78 0.91 0.93
Chebyshev 0.67 0.67 0.22 5.35 0.14 0.19 0.61 0.76
Mahalanobis 0.77 0.76 0.78 5.66 0.66 0.78 0.91 0.93
Correlation 0.82 0.80 0.73 5.69 0.59 0.71 0.90 0.91
Cosine similarity 0.83 0.83 0.76 5.97 0.62 0.75 0.90 0.87

5 Euclidean 0.83 0.83 0.73 5.73 0.60 0.71 0.91 0.90
Manhattan 0.79 0.82 0.76 5.74 0.64 0.76 0.92 0.93
Minkowski =p 3 0.78 0.74 0.73 5.76 0.59 0.71 0.94 0.89
Minkowski =p 5 0.67 0.67 0.66 5.57 0.59 0.71 0.94 0.86
Hamming 0.77 0.76 0.78 5.66 0.66 0.78 0.91 0.93
Chebyshev 0.66 0.67 0.22 5.35 0.14 0.19 0.61 0.76
Mahalanobis 0.77 0.76 0.78 5.66 0.66 0.78 0.91 0.93
Correlation 0.82 0.80 0.73 5.69 0.59 0.71 0.90 0.92
Cosine similarity 0.75 0.77 0.76 5.66 0.63 0.74 0.90 0.91

SVC Linear 0.92 0.89 0.84 −0.12 0.75 0.84 0.95 0.99
Poly Degree 2 0.88 0.88 0.78 −0.12 0.66 0.78 0.94 0.99

3 0.87 0.87 0.73 −0.12 0.60 0.72 0.88 0.97
4 0.87 0.87 0.67 −0.80 0.78 0.88 0.99 0.99

RBF Gamma 0.1 0.24 0.24 0.20 −0.23 0.05 0.07 0.85 0.42
0.01 0.38 0.38 0.13 −0.19 0.07 0.11 0.84 0.37
0.001 0.74 0.76 0.69 −0.15 0.63 0.70 0.90 0.96
1 0.51 0.51 0.11 −0.16 0.05 0.07 0.84 0.47
10 0.57 0.57 0.09 −0.13 0.03 0.04 0.85 0.48

MLP MLP 0.37 0.42 0.07 4.17 0.004 0.008 0.22 0.68
StandardScaler 0.38 0.30 0.42 0.89 0.23 0.34 0.86 0.61
MinMaxScaler 0.38 0.30 0.42 0.89 0.23 0.34 0.86 0.61

LSTM 0.65 0.63 0.64 5.97 0.11 0.55 0.60 0.55
CNN 0.78 0.77 0.81 5.97 0.42 0.55 0.88 0.77
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Overall, it is evident that all 42 models differ significantly, as
indicated by lines connecting the mean ranks of eachmodel.
Pairs with a mean rank difference smaller than the CD are

significantly different from one another. The SVC method
with linear and polynomial kernels is identified as the most
significantly different methods. In addition, K-NN and CNN

Figure 3: Visualization of accuracy performance on JAFFE dataset.

Figure 4: Visualization of accuracy performance on Georgia tech dataset.

26  Purnawansyah et al.



emerge as two algorithms with considerable significance in
both supervised and semi-supervised learning analyses.

3.2 Limitations

This research investigates FER using multiple datasets, spe-
cifically the JAFFE, Georgia tech, and Yale datasets, to

evaluate a comprehensive assessment of algorithmic per-
formance across diverse scenarios with distinct data splits
for both supervised and semi-supervised learning. The
datasets are partitioned to create different training and
testing ratios for each learning type. For supervised
learning, the training-to-testing splits are set at 80:20,
75:25, and 50:50, while semi-supervised learning scenarios
apply 20:80, 25:75, and 50:50 ratios. These splits reflect

Figure 5: Visualization of accuracy performance on Yale dataset.

Table 23: Friedman and Nemenyi post hoc test result

Scenario Metric Statistic p-value Significant Pairwise comparison models

Supervised learning CV 4 292.090217 × −
1.287475 10

39 272

5 293.421785 × −
7.224596 10

40 274
Accuracy 253.620640 × −

1.894047 10

32 192

K-L 117.661067 × −
2.479582 10

09 40

I–J 242.619677 × −
1.968756 10

30 182

F1-score 256.289117 × −
6.106232 10

33 196
Cosine 208.886027 × −

2.316541 10

24 136
ROC-AUC 201.071482 × −

5.528787 10

23 130

Semi-supervised learning CV 4 277.750176 × −
6.320082 10

37 236

5 265.451821 × −
1.233029 10

34 228
Accuracy 275.992608 × −

1.346039 10

36 212
K-L 170.975094 × −

8.375519 10

18 78

I–J 276.032267 × −
1.323284 10

36 208

F1-score 275.444938 × −
1.703337 10

36 202
Cosine 145.266994 × −

1.405621 10

13 48
ROC-AUC 210.804752 × −

1.058638 10

24 140
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Figure 6: Pairwise comparison models of supervised learning: mean ranks vs critical difference.

Figure 7: Pairwise comparison models of semi-supervised learning: mean ranks vs critical difference.
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typical preferences in supervised learning, where the
training dataset is typically equal to or larger than the
testing dataset, as opposed to semi-supervised learning,
where the training set is often smaller. This setup results
in nine distinct scenarios for each learning approach,
establishing a robust framework for model evaluation.
Six classification algorithms with various parameter set-
tings are applied across these scenarios, yielding a total of
42 models for each learning type. To rigorously assess
performance, diverse evaluation metrics are employed:
accuracy with 4 and 5-fold CV for training validation,
and multiple metrics for testing evaluation, including
accuracy, K-L divergence, I–J, F1-score, cosine similarity,
and ROC-AUC. Statistical tests validate these findings,
underscoring the superior performance of SVC with
linear and polynomial kernels, which emerges as the
most effective algorithm across both supervised and
semi-supervised learning tasks within this facial recogni-
tion context.

While this study offers a comprehensive analysis, sev-
eral limitations are acknowledged, highlighting avenues
for future research. No specific feature extraction techni-
ques were employed, which may limit the study’s ability to
capture critical features unique to facial expressions.
Future studies could incorporate specialized feature
extraction methods to enhance model sensitivity and per-
formance. In addition, ensemble methods were not imple-
mented, which could otherwise improve classification
accuracy through model combination. Future research
aims to address this gap by investigating the impact of
ensemble methods on performance outcomes. The deep
learning architectures utilized in this study – CNN, LSTM,
and MLP – were relatively simple, which may account
for the modest performance variation observed across
deep learning models. Incorporating more complex archi-
tectures in subsequent research could provide greater
insight into the effectiveness of advanced deep learning
approaches in FER. In addition, with a substantial number
of pairwise combinations – totaling 1,764 pairwise models
– this study does not delve into the detailed significance of
each model pair. Instead, the findings are limited to high-
lighting the most significant models in both supervised and
semi-supervised analyses, specifically the linear SVC and
polynomial SVC, followed by the remaining 40 models.

4 Conclusion

This study aims to evaluate various algorithms in super-
vised and semi-supervised learning applied to three

multiclass facial image datasets: JAFFE, Georgia tech, and
Yale. The datasets were divided into proportions of 80:20,
75:25, and 50:50 for supervised learning, and ratios of 20:80,
25:75, and 50:50 for semi-supervised learning. Evaluated
algorithms include decision tree, K-NN, SVC, MLP, LSTM,
and CNN, each with varying parameters. The research find-
ings indicate that the model’s performance depends on the
dataset partitioning strategy and the choice of algorithms.
SVC, especially linear SVC, and K-NN consistently yield
favorable results in both supervised and semi-supervised
learning, predominantly on the Georgia tech dataset. The
integration of semi-supervised learning enhances accu-
racy, particularly noticeable on the Georgia tech dataset,
where combining labeled and unlabeled data significantly
improves accuracy, especially when using K-NN and linear
SVC. Despite some algorithms, such as decision trees and
CNN, showing suboptimal performance on certain data-
sets, this study provides comprehensive insights into the
effectiveness of various models in limited-label learning
scenarios. These findings are crucial for advancing the
development of adaptive and robust facial recognition sys-
tems, especially when dealing with datasets characterized
by diverse variations and complexities.
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