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Abstract—To the best of the authors’ knowledge, this
research provides part of the first statistically validated
and comprehensive comparison of multiple normaliza-
tion methods for GLCM-based coral image classification
across different classical classifiers using ANOVA and
Tukey’s HSD tests. The process addresses the lack, of
evidence-based normalization analyses in previous'studies
and offers practical guidance for preprocessing design in
coral reef monitoring systems. The research investigates
the statistical impact of five normalization methods in-
cluding MinMax Scaling, Z-Score Standardization,, Ro-
bust Scaler, Power Transformer, and 1.2 Normalization
on the performance of GLCM-based coral image classifi-
cation using Support Vector Machiney(SYM), K-Nearest
Neighbor (KNN), and Random Forest(RF) classifiers. A
dataset of 2,511 coral images, with healthy, unhealthy,
and dead classes, is analyzed using 8 GLEM texture
features. Five-fold cross-validation is applied, and classi-
fication performaneyis,evaluatedyusing accuracy, preci-
sion, recall, and Fl-score metrics. One-way Analysis of
Variance (ANOVA) and Tukey’s Honestly Significant Dif-
ference (HSD) tests,assess performance differences among
normalization methods. Results show that normalization
significantly impacts ‘¢classification performance across all
classifiers (p < 0.05). "2 Normalization produces the
lowest accuracy and F1-score particularly for SVM (=~
0.397) due to the suppression of essential magnitude
information in GLCM features. Z-Score Standardiza-
tion, Robust Scaler, and Power Transformer achieve
the highest and statistically comparable performance. Z-
Score Standardization has the best results for SVM with
an estimated accuracy of 0.913, and MinMax Scaling
performs competitively for KNN. The results confirm
normalization as a critical preprocessing step in texture-
based coral image classification.
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I. INTRODUCTION

ORAL reef is part of the most essential com-
ponents of marine ecosystems but their health is
inereasingly threatened by climate change and anthro-
pogenic activities [1]. The trend shows the importance
of accurate, consistent, and large-scale monitoring
of coral conditions to support effective conservation
strategies [2]. However, traditional monitoring methods
depend on direct human diver surveys which are often
inefficient in terms of time, cost, and repeatability [3].
The manual surveys are also inherently limited in
spatial coverage, temporal frequency, and consistency,
leading to unsuitability for long-term and large-scale
coral reef monitoring programs. The condition has
led to the introduction of technology-based monitor-
ing systems particularly those utilizing digital image
analysis and Machine Learning (ML) as promising
alternatives in computational oceanography studies [4].
Coral image dataset adopted in this research is cate-
gorized into three health conditions including healthy,
unhealthy, and dead. The dataset also represents sec-
ondary data from a previous coral image classifica-
tion study [5]. Coral health identification primarily
depends on texture-based feature extraction in the
research because the variations in the condition are
often manifested through spatial texture patterns on
the surfaces [6]. Gray Level Co-occurrence Matrix
(GLCM) is identified as highly effective for capturing
the spatial characteristics compared to several other
texture descriptors [5].
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GLCM features used in this dataset are extracted
using specific technical parameters defined in a previ-
ous study [5]. Coral images are subjected to several
preprocessing steps in the original dataset preparation
process which includes object cropping, background
removal, image sharpening, and resizing before conver-
sion into grayscale images for texture analysis. These
preprocessing operations are intended to enhance tex-
ture visibility and standardize the input images before
GLCM computation. GLCM matrices are calculated
using three-pixel distances (d) of 1, 2, and 3 as well
as four angular directions of 0°, 45°, 90°, and 135° to
produce eight representative texture features including
contrast, Angular Second Moment (ASM), energy, ho-
mogeneity, dissimilarity, correlation, entropy, and au-
tocorrelation. These features have previously achieved
a maximum classification accuracy of 91.85% [5].
However, the performance is highly dependent on
preprocessing and feature extraction settings which are
often underreported or selected heuristically in coral
image classification studies.

The analysis from a broader perspective shows that
previous studies on coral image classification have used
a wide range of feature representations and learning
paradigms including handcrafted texture, color, and
shape descriptors combined with classical machine
learning algorithms, as well as deep learning methods
for end-to-end feature learning. Recent studies have
reported the ability of Convolutional NeuralfNetworks
(CNN:Ss), such as MobileNetV2 and othesfmodern deep
architectures, to achieve strong performance forcoral
reef and coral health classification under complex un-
derwater conditions [6, 7]. Deepylearning models,often
achieve high predictive accuracybut typically require
large annotated datasets, substantialiéemputational re-
sources, and provide limited@imodel interpretability.
These constraints pdse significant challenges for un-
derwater monitoring ‘systems< deployed in resource-
limited, real-time, or longsterm“@perational environ-
ments. The trend leads to the:wide adoption of GLCM-
based texture features combined with classical clas-
sifiers due to its interpretability, lower computational
cost, and robustness when training data are limited.

GLCM feature vectors have strong discriminative
capability but often present substantial variability in
scale and value range across feature dimensions. An
example is the possibility of contrast features spanning
orders of magnitude larger than correlation features
as confirmed by the descriptive statistical analysis
conducted in this research. The disparities have the
capacity to introduce bias in classification models
particularly in distance-based or similarity-based al-
gorithms. This further leads to unstable predictions

when applied in real coral monitoring systems under
varying acquisition conditions or sensor configurations.
Therefore, data normalization is considered important
as a preprocessing step to standardize feature ranges
and ensure balanced feature contributions during model
training [8-10].

Previous studies on normalization methods in ma-
chine learning have reported that there is no sin-
gle method considered universally optimal across all
datasets and applications. Comparative analysis shows
the possibility of MinMax Scaling performing effec-
tively under specific conditions [8]. Z-Score Standard-
ization is also effective when features follow approx-
imately normal distributions [6], and Robust Scaler is
advantageous in the presencegof outliers [10]. Nor-
malization is reported to Aave a significant impact on
model reliability and generalizability in other applica-
tion domains such as radiomies[11]. However, normal-
ization strategiesfhave’not been systématically exam-
ined in the context of Gl€M-based coral image clas-
sification. This situation leads to a lack of evidence-
based guidance regarding thé impact on model stability,
robustness, and, interpretability which is the reason for
theeurrent Study.

The reSearch has three main contributions. First, it
1S the prowvision’ of a comprehensive comparison of
five widely“used normalization methods for GLCM-
baséd'coral,image classification. Second, it is to statis-
tically validate the impact of normalization preferences
using one-way Analysis of Variance (ANOVA) and
Tukey’s Honestly Significant Difference (HSD) tests
across multiple performance metrics. Last, the analysis
of model-specific sensitivity to normalization across
Support Vector Machine (SVM), K-Nearest Neighbor
(KNN), and Random Forest (RF) classifiers is con-
ducted to support robust and evidence-based prepro-
cessing design for coral image classification systems.

The results are expected both fundamental and prac-
tically relevant. The fundamental aspect focuses on
advancing applied machine learning studies by quan-
titatively showing the critical role of preprocessing
in texture-based classification models derived from
coral imagery. Practically, the results will reduce the
trial-and-error typically experienced by scholars and
practitioners developing underwater monitoring sys-
tems. The identification of statistically supported nor-
malization strategies allows the research to provide
grounded guidance empirically for designing more
stable, accurate, and reliable coral image classification
models. They are essential for delivering trustworthy
information to marine conservation stakeholders and
policymakers. Therefore, the aim is to rigorously assess
the statistical impact of five normalization methods
on GLCM-based coral image classification perfor-
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Fig. 1. Coral image preprocessing pipeline before Gray Level Co-occurrence Matrix (GLCM) feature extraction

mance. Advanced statistical analyses, such as one-
way ANOVA and Tukey’s HSD tests, are adopted
to evaluate performance differences across the three
classifiers including SVM, KNN, and RF. The anal-
ysis also determines the most suitable normalization
strategy for enhancing classification reliability in coral
reef monitoring applications.

II. RESEARCH METHOD
A. Data Acquisition and Exploration

The dataset used in the research consistshof 2511
coral image samples obtained fromggprevious re-
search [5]. The data are categorized into three classes
(healthy, unhealthy, and dead) todepresent the different
conditions observed in underwater envifonments. The
labeled samples provide the foundation for texture-
based classification usiri@istatistical imageyfeatures.

Several preprocessing steps, are applied to the orig-
inal dataset [5] tepstandardizeicoral images and en-
hance texture information“before)feature extraction.
The pipeline “ineludes eoral object cropping to focus
on the region of imterest and background removal to
eliminate irrelevantienyironmental regions. The others
are image sharpening“to enhance texture details and
resizing to a fixed dimension of 227 x 227 pixels.
The operations ensure that coral region becomes the
dominant information source for subsequent texture
analysis and improves the consistency of the extracted
texture features. The overall preprocessing workflow
used to prepare coral images before feature extraction
is presented in Fig. 1.

The overall workflow used to generate GLCM fea-
tures is summarized in Algorithm 1 to provide a clearer
description of the preprocessing and feature extraction
procedure. The algorithm outlines the sequential steps
which start from loading coral images to performing
preprocessing operations and subsequent conversion

Algorithm 1 Image preprocessing,and Gray Level
Co-occurrence Matrix, (GIECM) feature extraction.

Input: Coralgimage dataset
Output:(GLCM texture gdeatur€ vectors

. Load eoralfimages'ftom the dataset

. Crop images to fogus on coral object

. Remove backgre@ind regions

. Apply image sharpening

.Resize image to 227 x 227 pixels

. Convertgdmage to grayscale

. Quantize grayscale levels

. Forfeach distance d = {1, 2, 3}

. For each orientation 6 = {0°,45°,90°,135°}
10:Compute GLCM matrix

11.Extract texture features

12. Store feature vectors

13. Use features as input for classification models

O 00 A\ b W —

into grayscale representations. It also describes the
computation of GLCM matrices using multiple pixel
distances and orientations followed by the extraction
of texture features used for classification.

The preprocessing step is followed by the extraction
of texture features using GLCM method. All coral
images are converted into grayscale format before
GLCM computation to simplify the representation of
pixel intensity values used in texture analysis. The
grayscale images are quantized to a fixed number
of gray levels before constructing the co-occurrence
matrices to standardize the intensity distribution used
in the texture calculation.

GLCM matrices are computed using pixel distances
of d =1, 2, and 3, and 4 directional angles of 0°, 45°,
90°, and 135°. These parameter settings significantly
affect the texture features produced by determining the
spatial relationships between neighboring pixel inten-
sities captured by the co-occurrence matrix. Moreover,
the directional sensitivity is reduced by averaging the
matrices obtained from the four orientations to produce
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rotation-invariant texture representations.

Each averaged GLCM matrix produces eight stan-
dard texture features which included contrast, ASM,
energy, homogeneity, dissimilarity, correlation, en-
tropy, and autocorrelation. These statistical descriptors
represent different characteristics of texture patterns
such as intensity variation, uniformity, and spatial
dependency. The extracted features are subsequently
used as input variables for the classification models
evaluated. The same feature extraction configuration is
adopted to ensure consistency and comparability with
the dataset used in the original study [5].

An in-depth exploratory data analysis is conducted
before normalization to understand the characteristics
of the feature [12]. Descriptive statistical analysis is
subsequently conducted to identify extreme disparities
in feature scales [13], which can lead to bias in
distance-based models such as SVM and KNN. This
process is followed by distribution visualization and
skewness computation to confirm that the features have
highly non-symmetric distributions [14]. The purpose
is to justify the evaluation of both linear and non-
linear normalization methods. Finally, a feature-level
one-way ANOVA is conducted to assess whether sta-
tistically significant mean differences existed between
coral classes. It is applied to validate the significancé
of mean differences across coral classes [15] to ensure
that GLCM features used are discriminatively valid:

B. Data Preprocessing: Normalization Methods

The research comparatively evaluates: fivef differ-
ent normalization methods applied to GLCM feature
matrix. MinMax Scaling in Eqy 1 often transferms
numerical feature values into a fiXed standard range
[0, 1]. The transformationgis,considered important in
preventing distance/gradient-based madel$ from being
biased toward large-magnitudeyfeatures [10].

il'/ _ X Tmin , (l)

Tmazx T hTmin

where x is the original feature value while x,,;, and
Tmax are the minimum and maximum values of the
feature. Z-Score Standardization in Eq. 2 transforms
each feature to have an mean p of zero and a standard
deviation o of one. The transformation is defined as
follows:

T = . 2)

where x represents the original feature value, y is the
mean of the feature across all samples, o is the standard
deviation of the feature, and z’ is the standardized
value (Z-score). Z-score reflects the number of standard
deviations of the original value = from the mean p for

the purpose of comparing the features with different
scales on a common standardized scale. Moreover, the
Robust Scaler in Eq. 3 is designed to address sensitivity
to outliers in conventional scaling methods [10]:

/ x; — Qa2(x)

T @) - @)
Robust Scaler centers the data around the median
Q2(x) and scales it using the Interquartile Range (IQR)
which is defined as the difference between the third
quartile Q3(x) and the first quartile Q1 (x). The process
ensures the scaled output becomes more robust and less
impacted by extreme values.

3)

L2 Normalization in Eq. 4 rescales each feature
vector to ensure L2 norm becemes one. The process is
also referred to as Euclidéan normalization [16] and
the transformation is defined assfollows:

, x

e ¥
1=

where x represents the original feature vector, xz; is
the i-th component of the feature vector, n is the total
numbef of features, and.x’ is the normalized feature
vector. The denominator corresponds to the Ly norm
of the veetor whichdis computed as the square root of
the, sum-of the squared feature values. The aim is to
scale each feature vector towards having a unit length
withgthe aim of preserving the directional information
while suppressing the absolute magnitude differences
among the samples. The Yeo—Johnson Transformation
m'Eq. 5 is a flexible generalization that can be applied
to data containing zero, positive, or negative values
[17]:

nr—1
%, £ 0040
Y= )
_(_ 127)\_1
(x;_)A 2 <O0A£0

The transformation function f(z,A) depends on the
original data and a tuning parameter A which are
estimated from the dataset. This transformation ben-
efits algorithms that assume approximate normality by
improving data validity and predictive performance.

C. Classification Models

SVM is a supervised learning algorithm that deter-
mines an optimal hyperplane with a maximum margin
to separate data into distinct classes [18]. The inclusion
of distance calculations and feature space geometry in
the optimization process leads to the high sensitivity of
the performance to feature scaling. The attribute causes
the status of SVM as a key model, and the objective
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function is presented in the following Eq. 6:

1 2
min o lw]|”. (6)
Then, the linear optimal hyperplane is defined in Eq. 7
as follows:

wlz4+b=0, (7

where w is the weight vector considered orthogonal
or normal to the hyperplane, = is the input feature
vector, and b is the bias term that determines the offset
of the hyperplane from the origin. It describes the
decision boundary that separates the data points into
different classes in the feature space. The sign of the
expression w’ 'z + b shows the side of the hyperplane
on which a given sample lies to form the basis for
linear classification in the SVM models.

Linear Kernel in Eq. 8 is the simplest kernel function
used for linearly separable data or high-dimensional
feature spaces [19]. The kernel function is defined as
follows:

K(z;,zj) = z,T:E] )

where x; and x; represent two feature vectors in th€
input space and the superscript 7 is the transpose. The
kernel value corresponds to the inner (dot) groduct
between the two vectors and quantifies thedsimilarity
in the original feature space. The direct determina=
tion of the similarity without mapping, data jinto a
higher-dimensional space allows the linear, kernel, to
offer computational efficiency. dt is also' considered
effectively suitable for problems whereslasses can be
separated by a linear decision boundary.

Radial Basis Function (RBF) or Gaussian kernel is
particularly effective for medelling nonlinear data pat-
terns [20]. Its formulation is presented in the following
Eq. 9:

1
S L ©

where ||z; — ;|| is the Euclidean distance between
these vectors, and o is the kernel width parameter
controlling the spread of Gaussian function. A small
value of o produces broader decision boundaries and
risks underfitting. Meanwhile, a large value leads to
tighter decision boundaries which can cause overfitting.
The polynomial kernel maps input data into higher-
dimensional feature spaces using polynomial functions
[21]. The formulation is presented in the following
Eq. 10:
(yai @y + )P, (10)
where 27 x; is the inner (dot) product,  is a scaling pa-
rameter controlling the impact of the input features, r is

the kernel coefficient (constant term) that balances the
contribution of lower-order versus higher-order terms,
and p is the degree of the polynomial. A higher value of
p allows the model to capture more complex nonlinear
relationships but increases the risk of overfitting.

KNN is an instance-based non-parametric algorithm
considered highly dependent on Euclidean distance
which leads to high sensitivity to feature scaling [22].
The Euclidean distance is defined through the follow-
ing Eq. 11:

Y

where x and z; represeat,the feature vectors of the test
and training samplés respectively, x; and x;; are the
values of the j-th{featureg@nd i, is the total number of
features. Classificatién is further performed by major-
ity vote befween the k nearestneighbor Ny (x) [23] as
expresséd in Eq.d2:

¥ = mode{y; | z; € Ni(x)}, (12)

where g, représents the predicted class label, y; is the
classflabel of the i-th nearest neighbor, Ny (x) is the
set of the kdiearest neighbors of the sample z, and k is
a user-defined parameter that impacts the classification
performance.

RF is an ensemble algorithm composed of multiple
decision trees [24]. Decision-tree models are generally
insensitive to feature scaling but RF serves as a stable
control model to assess the extent of improvement
contributed by normalization relative to scale-sensitive
classifiers in Eq. 13 [25]:

:l) :mode{hl(aj),hg(x),...,hT(x)}. (13)

The h¢(x) is the prediction of the ¢-th tree, and T is
the total number of trees.

Hyperparameters are optimized within the training
data of each cross-validation fold for each classifier
using a grid-search strategy. The selected hyperparam-
eters correspond to the configuration that maximizes
the mean Fl-score on the training folds. These opti-
mal parameters are subsequently fixed and applied to
the corresponding validation fold to obtain unbiased
performance estimates. The procedure ensures model
selection, and performance evaluation are strictly sep-
arated to prevent information leakage from the valida-
tion data.

D. Evaluation and Statistical Analysis

Feature normalization is conducted independently in
each fold within the five-fold cross-validation frame-
work. Normalization parameters for every fold are
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learned exclusively from the training subset and subse-
quently applied to the corresponding validation subset
using the same parameters. This fold-wise normaliza-
tion strategy is adopted to prevent data leakage and to
ensure an unbiased and fair evaluation of classification
performance.

The model performance was evaluated using four
primary metrics derived from the confusion matrix
under five-fold cross-validation [26] including accu-
racy, precision, recall, and Fl-score. These metrics
are selected to enable a comprehensive comparison
of the classification performance across different nor-
malization methods and classifiers. The use of cross-
validation ensures that the reported results reflect the
generalization ability of the models while the aggrega-
tion of metric values across folds provide a stable basis
for subsequent statistical analysis. Accuracy measures
the proportion of correctly classified samples among
all the samples. Accuracy represents the proportion of
correctly classified samples in Eq. 14 [27]:

(TP+TN)
(TP+TN +FP+ FN)’

where TP (True Positive) represents the number of cor-
rectly classified positive samples, TN (True Negative)
is the number of correctly classified negative samplesy
FP (False Positive) is the number of negative samples
incorrectly classified as positive, and FN (False ‘Neg-
ative) is the number of positive samples ineerrectly
classified as negative.

Meanwhile, precision focuses on thé reliability of
positive predictions by measuring the proporfion of
correctly predicted positive instances in the fest set.
This metric is particularly relevant in situations where
FP errors can lead to misleading eonclusions or in-
creased operational costss, Therefore))precision pro-
vides complementary information téraccuracy by em-
phasizing predictionr guality: rather than overall cor-
rectness. The precision presented,in Eq. 15 evaluates
how often positive predictions are correct [28] and is
considered important when the cost of FP is high.

TP
FP+FP’
Recall presented in Eq. 16 measures the ability of
the model to identify all positive instances [29]. The
emphasis is on the capability of the model to capture all
relevant positive instances in the dataset. The equation
is as follows:

Accuracy = (14)

Precision = (15)

TP
TP+ FN’
A high recall reflects the ability of the model to

effectively minimize missed positive samples. It is
important in applications where overlooking positive

Recall = (16)

cases is undesirable. Moreover, recall complements
precision by showing the trade-off between missed
detections and false alarms.

Fl-score is the harmonic mean of precision and
recall as presented in Eq. 17 [30]. Both metrics are
integrated into a single measure with the aim of
balancing the trade-offs. The specific usefulness of
Fl-score is when the class distribution is uneven or
a single evaluation value is required for comparison
across different models and experimental settings. The
equation is as follows:

2 x (Precision x Recall)
(Precision + Recall)

F1-Score = (17

The statistical assessmentgof performance differ-
ences in terms of accuragy and Fl-score is significant
across the feature normalizationgimethods [31]. There-
fore, one-way ANOVA ‘siconducted independently
for each classifier [32]. The analysis enables the
comparison offthe meangperformance values obtained
from different ‘nermalization methods and determines
the possibility of the variations observed occurring by
chaneé.” ANOVA isClapplied to the averaged results
from the fi¥e-fold cross-validation to ensure a stable
estimatiofi of the afiodel performance. F-statistic used
in this analysisds defined in Eq. 18.

_ MeanSquareBtwGroups(M Sp)
““"MeanSquareBtwGroups (M Syy)’

(18)

where M Sp represents the mean square variance be-
tween normalization method groups, and M Sy is the
mean square variance within the groups. A larger F-
value reflects greater variability between groups rela-
tive to the within-group trend.

A p-value less than the significance level a =
0.05 leads to the rejection of the null hypothesis
(Hp) that there is no statistically significant differ-
ence in the model performance among normalization
methods [33]. It shows that the feature normalization
method selected has a statistically significant impact
on the classification performance of the corresponding
classifier.

The pairs of normalization methods with significant
difference are further identified through the application
of Tukey’s HSD test [34]. HSD value is determined
using Eq. 19:

MS
HSD = Qak,N—k - |/ 7nw7

where Qq .k, n—k is the critical value from the stu-
dentized range distribution, M Syy is the within-group
variance from ANOVA [35], and n is the number
of samples per group. Any absolute mean difference
between the two normalization methods that exceeds

19)
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TABLE 1
DESCRIPTIVE STATISTICS OF GRAY LEVEL CO-OCCURRENCE MATRIX (GLCM) TEXTURE FEATURES EXTRACTED FROM 2,511
CORAL IMAGES PRIOR TO NORMALIZATION.

Feature Mean Std. Min, 25% 50% 75% Max.
Contrast 937.049600  579.310800  41.312530  475.198000  875.644300 1278.779000  4166.432000
Dissimilarity 18.787280 7.073014 4.336873 13.361720 18.839410 23.682050 46.718980
Homogeneity 0.171254 0.140001 0.024541 0.068420 0.105433 0.249898 0.823834
Energy 0.101960 0.147221 0.006369 0.010265 0.015193 0.194289 0.815972
Correlation 0.793194 0.114372 0.294986 0.724641 0.811269 0.881768 0.986745
Entropy 12.407550 1.832318 3.096369 11.495660 12.948540 13.826870 14.801910
Angular Second Moment (ASM) 0.032061 0.069939 4.06E-05 0.000105 0.000231 0.037748 0.665810
Autocorrelation 0.793194 0.114372 0.294986 0.724641 0.811269 0.881768 0.986745

HSD value reflects a significant difference in perfor-
mance at « = 0.05 [36].

Tukey’s HSD analysis is specifically applied to F1-
score metric in the research to provide a more balanced
and informative evaluation of classifier performance
than only accuracy. Fl-score simultaneously incorpo-
rates precision and recall to enable the assessment to
consider both FP and FN in a single unified measure.
The property is particularly important for multiclass
coral classification where class distributions possibly
differ across healthy, unhealthy, and dead categories
and misclassification costs are not inevitably uniform
Accuracy can be misleading in these scenarios due to
the possibility of achieving high values by favoring
majority classes while underperforming onf minority
or ecologically critical categories. However)F1-score
more reliably reflects the ability of the, classifier to
discriminate among all coral conditions and also main-
tains a balanced predictive behayior.

The focus on the post hoc statisticaldanalysis from
F1-score allows the research to ensure that the detected
performance differences@mong normalization methods
are not motivated by only, overall correctness but
rather represent genuine improvements in class-level
discrimination. This method €nsures that Tukey’s HSD
test is able to\identify hormalization method pairs that
significantly enhance thehrobustness and consistency
of the classification‘performance across all the classes.
Therefore, the statistical comparisons provide a more
meaningful and operationally relevant evaluation to
support reliable inferences regarding the effectiveness
of the methods in practical coral reef monitoring.
The experimental pipeline strictly follows a training-
validation separation at every stage including normal-
ization, hyperparameter tuning, and model evaluation
to ensure that no information from the validation folds
affects the training process.

III. RESULTS AND DISCUSSION

A. Initial Data Exploration

Initial exploratory data analysis is conducted to
validate the characteristics of the dataset consisting

of 2,511 coral images which are represented by 8
primary GLCM features and to justify the need for
preprocessing. The descriptive statistics in Table I
show extreme dispdrities in the feature scales and the
presence of serious outliefS."An example shows that
the contrast featurelfeaches values in the thousands
with the ma@ximum ~ 4166.43(while energy and ASM
remain i very small ranges at a maximum ~ 0.82 and
~ 0.67,respectively.'"ASM and homogeneity also show
signs of substantial joutliers as observed in the large
gaps between@qzsfand Max. These scale disparities and
potential extreme values can lead to bias in distance-
based models’ such as SVM and KNN. Therefore,
normalization of the features is important to balance
contributions and ensure model stability.

‘The analysis of the discriminative power of GLCM
features [37] leads to the generation of violin plots
in Fig. 2 to visualize the distribution of each across
the target classes including healthy, unhealthy, and
dead. The violin plots combine boxplots and kernel
density estimates to assess class separability. The vi-
sualization shows that the features with the highest
discriminative ability are contrast, dissimilarity, corre-
lation, autocorrelation, and entropy. The trend shows
that the distributions for the dead class consistently
shift away from the other two classes, contrast and
dissimilarity, to higher values as a reflection of coarser
textures. Meanwhile, correlation, autocorrelation, and
entropy tend to lower values as a sign of weaker pixel
dependency or more uniform texture. Homogeneity
only presents moderate discriminative capability but
energy and ASM show the weakest class distinction
due to highly overlapping distributions concentrated
near small values (< 0.2). The violin plots generally
confirm distinct and consistent textural characteristics
for the dead category compared to the other classes.

ANOVA is conducted to evaluate the statistical sig-
nificance of the differences in the mean values of
GLCM features across the three target classes. The
results in Table II show that all GLCM features are
statistically significant at P-value < 0.05. The results
show that none can be ignored because each con-
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Fig. 2. Violin plots showing the distribution and discriminative power of GLCM texture features across three coral health classes including
healthy, unhealthy, and dead for a dataset of 2,511 images.
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TABLE 11
ONE-WAY ANALYSIS OF VARIANCE (ANOVA) RESULTS FOR
GRAY LEVEL CO-OCCURRENCE MATRIX (GLCM) FEATURES
ACROSS HEALTH CLASSES TO VALIDATE FEATURE
SIGNIFICANCE BEFORE NORMALIZATION.

No Feature F-Value P-Value
3 Energy 2358.311426 0.000000e+00
2 Homogeneity 1750.149146 0.000000e+00
5 Entropy 1152.925560 0.000000e+00
6 Angular Second Moment 787.289733  4.414233e-266

(ASM)
7 Autocorrelation 747.226825 2.751256e-255
4 Correlation 747.226824  2.751258e-255
0 Contrast 123.518041 6.872304e-52
1 Dissimilarity 74.233423 4.775378e-32

tributes relevant information for classification but the
strength of the discriminative ability varies. Features,
such as energy (F = 2358.31), homogeneity (F =
1750.15), and entropy (F = 1152.93), have the highest
contributions followed by ASM, autocorrelation, and
correlation. Meanwhile, contrast (F = 123.52) and dis-
similarity (F = 74.23) have lower F-values as a sign of
supporting rather than dominant role. The observation
leads to the retention and subsequent normalization of,
all GLCM features to balance the scales and maximize
classification performance.

B. Results of Data Normalization

The purpose of data normalizationgis, to ‘evaluate
how different transformation methods impact thescale,
distribution, and statistical stability of GLCM features
and the subsequent effect of the changes on classifier
performance. The substantial differences, in the numer-
ical range and variance‘@mong GLCM features show
the need for normalization to prevent features with
larger magnitudesypftom disproportionately impacting
distance-based and_kernel-baséd learning algorithms.
Table III presents thedescriptive statistics of normal-
ized feature sets'to, reflectyhow each method reshapes
the overall feature distribution. MinMax scaling com-
presses all feature values into the fixed range of [0, 1]
to produce bounded and comparable scales, considered
effectively suitable for distance-based classifiers. Z-
Score Standardization also centers the data around zero
with unit variance in line with its mathematical formu-
lation and provision of standardized input distributions.
The robust Scaler has a similar centering impact while
reducing the effect of extreme values as reflected by
the lower mean of the standard deviation.

L2 Normalization shows a significantly different
distributional pattern characterized by an extremely
narrow range and a very small standard deviation.
This behavior signals normalization of the feature
vectors primarily based on overall magnitude rather

than individual feature distributions. The phenomenon
leads to excessive compression of variability across
features and a potential loss of discriminative texture
information. Meanwhile, Power Transformer produces
distributions, centered near zero with unit variance and
expanded the interquartile range. It shows the effective-
ness in reducing skewness and improving distribution
symmetry. The statistics in Table III generally confirm
that each normalization method induces distinct dis-
tributional characteristics to differentially impact the
learning behavior and performance stability of the
classification models in the subsequent analysis.

The boxplots in Fig. 3 show the impact of each
normalization method on the contrast feature. MinMax
Scaling produces a tight, distribution between O and
1 to reflect stronggrange control. Meanwhile, Z-Score
Standardization has a wider sptead around zero with
several high-end outliers which suggest the significant
deviation®f the contrast feature from the mean. Robust
Scaler shows asimilar pattern but with a narrower
interquartilegfange as a sign of better concentration
déspite persistent outliers.

L2 Normalization records drastically different be-
havier by producing an extremely narrow distribution
where approximately all contrast values cluster be-
tween 042 and 0.18. It is because the method scales
the entire feature vector rather than the individual, lead-
ifigyto inapplicability for GLCM-based texture values.
Meanwhile, Power Transformer designed to reduce
skewness also produces a more symmetric distribution,
centered around zero with fewer extreme values com-
pared to Z-Score Standardization and Robust Scaler.

C. Results of Classification

GLCM feature dataset is normalized in the prepro-
cessing stage using five methods which lead to five
normalized datasets. This normalization step aims to
examine how different feature scaling strategies impact
classification performance. Each normalized dataset is
subsequently classified using three algorithms includ-
ing SVM, KNN, and RF.

The first evaluation phase focuses on independent
subjection of each normalized dataset to hyperparam-
eter optimization using GridSearchCV. This process
aims to identify the best-performing configuration for
each classifier-normalization combination based on
internal validation splits. The optimal configurations
obtained for SVM, KNN, and RF during this tuning
stage are summarized in Tables IV-VI, respectively.
In Table IV, parameter C' acts as the regularization pa-
rameter for the SVM models, which critically controls
the penalty hyperparameter to balance the trade-off
between maximizing the decision boundary margin and

387



Cite this article as: A. P. R. Nababan, S. B. H. Sakur, M. Silangen, T. Haryanto, and S. H. Wijaya, “Statistical
analysis of normalization impact on GLCM-based coral classification”, CommIT Journal 20(2), 379-399,

2026.
TABLE III
DESCRIPTIVE STATISTICAL ANALYSIS OF GRAY LEVEL CO-OCCURRENCE MATRIX (GLCM) FEATURES ACROSS FIVE
NORMALIZATION METHODS TO EVALUATE SCALE AND DISTRIBUTION STABILITY.
Normalization Average Average Average Average Average Average Average
Method Min Max Mean Std. 25% 50% 75%
MinMax Scaling 0.00000 1.00000 0.39295 0.15707 0.29221 0.37389 0.49253
Z-Score Standardization -2.44274 4.09925 -3.68E-17 1.00019 -0.63450 -0.12526 0.60956
Robust Scaler -1.71750 4.47708 0.16112 0.88468 -0.37363 0.00000 0.62636
L2 Normalization 0.12135 0.17728 0.13150 0.00592 0.12844 0.12969 0.13236
Power Transformer -1.92144 2.37593 -2.12E-17 1.00019 -0.75770 -0.12128 0.89027
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Fig. 3. Boxplots showing the distribution of the contrastffeature across five normalization methods with an emphasis on the changes in

scale, variance, and outlier presence (N = 2,511 images).

minimizing the training classification, errors. A larger
C value (e.g., C' = 1000 forplzinear kemnels) enforces
a stricter classification threéshold, while a moderate
value (e.g., C' = 100 fon\RBF kernels) allows smoother
decision surfaces to prevent overfitting. Meanwhile,
in Table V, parameter k denotes the specific number
of nearest neighbors cross-referenced by the KNN al-
gorithm. This parameter determines the neighborhood
size utilized to execute the majority voting mechanism
for identifying the target coral health condition.

The results for SVM in Table IV shows that RBF
kernel consistently achievs the best performance across
most normalization methods. The highest accuracy
is obtained using Z-Score Standardization with an
accuracy of 0.9205 from parameters C' = 100 and
v = 0.01. This result reflects strong compatibility
between variance-based normalization and nonlinear
decision boundaries. Polynomial kernels also show
competitive performance particularly under MinMax

Scaling and Power Transformer with both achieving an
accuracy of 0.9185. Meanwhile, L2 Normalization has
substantially lower results with a maximum accuracy
of only 0.7316. It emphasizes the limited effectiveness
for SVM-based GLCM feature classification.

KNN results in Table V show that the highest accu-
racy of 0.89341 is achieved under MinMax Scaling
and Power Transformer using k¥ = 9 and £ = 7,
respectively with Chebyshev distance metric. The trend
suggests that distance-based classifiers benefit from
bounded or well-distributed feature ranges. In com-
parison, Z-Score Standardization and Robust Scaler
produce marginally lower but competitive accuracies of
0.89241 and 0.89192, respectively. It demonstrates that
while variance-preserving techniques are highly stable,
the strict bounding box of MinMax Scaling provides
a slight advantage in neighborhood consistency for the
KNN distance calculations.

The analysis of RF in Table VI shows that four
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TABLE IV

OPTIMAL HYPERPARAMETER CONFIGURATIONS AND MAXIMUM

ACCURACY FOR SUPPORT VECTOR MACHINE (SVM) MODEL

ACROSS FIVE NORMALIZATION METHODS (N = 2,511 IMAGES).

Normalization Method Kernel SVM Accuracy C Parameter
Gamma  Degree  CoefO

MinMax Scaling Linear 0.9066 1000 - - -
Radial Basis Function (RBF) 0.9165 100 1 - -
Polynomial A 0.9185 10 1 3 -
Polynomial B 0.9165 10 1 3 1

Z-Score Standardization  Linear 0.9085 1000 - - -
Radial Basis Function (RBF) 0.9205 100 0.01 - -
Polynomial A 0.9125 10 1 3 -
Polynomial B 0.9185 100 0.01 3 1

Robust Scaler Linear 0.9085 1000 - - -
Radial Basis Function (RBF) 0.9205 100 0.01 - -
Polynomial A 0.9026 100 1 2 -
Polynomial B 0.9145 100 0.01 5 1

L2 Normalization Linear 0.6859 1000 - - -
Radial Basis Function (RBF) 0.6203 100 1 - -
Polynomial A 0.6481 100 1 5 -
Polynomial B 0.7316 100 1 5 1

Power Transformer Linear 0.8986 100 - - -
Radial Basis Function (RBF) 0.9205 100 0.01 - -
Polynomial A 0.8986 10 1 2 -
Polynomial B 0.9185 100 0.0L 5 1

TABLE V

OPTIMAL HYPERPARAMETER CONFIGURATIONS AND MAXIMUM ACCURACY FOR K-NEAREST NEIGHBOR (KNN) MODEL ACROSS
FIVE NORMALIZATION METH@DS (N = 2,5 4JIMAGES).

Normalization Method Accuracy Parameter
k Weight Metric
MinMax Scaling 0.89341 9 Uniform  Chebyshev
Z-Score Standardization 0.89241 9 Uniform  Chebyshev
Robust' Scaler 0.89192 11 Uniform  Chebyshev
L2ANormalization 0.79132 5 Uniform  Manhattan
Powen, Transfopmer 0.89341 7 Uniform  Chebyshev
TABLE VI

OPTIMAL HYPERPARAMETER'CONFIGURATIONS AND MAXIMUM ACCURACY FOR RANDOM FOREST (RF) MODEL ACROSS FIVE
NORMALIZATION METHODS (N = 2,511 IMAGES).

Normalization ‘Method Accuracy Parameter

N Estimator ~ Max Depth ~ Max Features ~ Min Samples Leaf =~ Min Samples Split
MinMax Scaling 0.89541 100 None log, 4 2
Z-Score Standardization 0.89541 100 None log, 4 2
Robust Scaler 0.89541 100 None log, 4 2
L2 Normalization 0.86453 300 10 log, 2 5
Power Transformer 0.89541 100 None log, 4 2

normalization methods in the form of MinMax Scaling,
Z-Score Standardization, Robust Scaler, and Power
Transformer produce identical accuracies of 0.89541
with stable hyperparameter settings. They include 100
trees and log, feature selection. However, L2 Normal-
ization repeatedly has significantly lower performance
with an accuracy of 0.86453 as a reflection of its
limitations, extending to tree-based models.

Another important observation is that the optimal
accuracies reported during the hyperparameter tuning

stage in Tables IV-VI are not expected to exactly
match the final cross-validation results in Table VII.
The hyperparameter tuning focuses on identifying
promising model configurations using internal train-
ing splits. Meanwhile, the final evaluation applies
fixed optimal configurations to a full five-fold cross-
validation with different data partitions which reflect
the inevitability of minor numerical differences.

The best models identified after determining the
optimal configurations are reapplied uniformly across
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TABLE VII
DETAILED PERFORMANCE EVALUATION OF ACCURACY AND F1-SCORE ACROSS FIVE-FOLD CROSS-VALIDATION FOR SUPPORT
VECTOR MACHINE (SVM), K-NEAREST NEIGHBOR (KNN), AND RANDOM FOREST (RF) MODELS UNDER DIFFERENT
NORMALIZATION METHODS.

Normalization Method Fold SVM KNN RF
Accuracy  F1-Score  Accuracy  F1-Score  Accuracy = Fl1-Score

MinMax Scaling 1 0.8831 0.8840 0.0955 0.9058 0.9104 0.9109
MinMax Scaling 2 0.8980 0.8980 0.9080 0.9080 0.0930 0.0933
MinMax Scaling 3 0.8905 0.8909 0.8955 0.8957 0.8955 0.8958
MinMax Scaling 4 0.8678 0.8685 0.8678 0.8682 0.8778 0.8780
MinMax Scaling 5 0.8778 0.8786 0.8903 0.8907 0.8903 0.8903
Z-Score Standardization 1 0.9254 0.9257 0.9080 0.9082 0.9104 0.9109
Z-Score Standardization 2 0.9129 0.9130 0.9080 0.9081 0.0930 0.0933
Z-Score Standardization 3 0.9229 0.9231 0.8955 0.8955 0.8955 0.8958
Z-Score Standardization 4 0.9027 0.9030 0.8653 0.8657 0.8778 0.8780
Z-Score Standardization 5 0.9027 0.9029 0.8853 0.8856 0.8903 0.8903
Robust Scaler 1 0.9279 0.9282 0.9104 0.9107 0.9104 0.9109
Robust Scaler 2 0.9129 0.9129 0.8955 0.8957 0.0930 0.0933
Robust Scaler 3 0.9154 0.9156 0.8930 0.8930 0.8955 0.8958
Robust Scaler 4 0.8978 0.8980 0.8653 0.8658 0.8778 0.8780
Robust Scaler 5 0.8978 0.8980 0.8928 0.8931 0.8903 08903
L2 Normalization 1 0.3930 0.2866 0.7015 0.7000 0.8806 0.8809,
L2 Normalization 2 0.3831 0.2673 0.7313 0.7317 0.8706 0.8708
L2 Normalization 3 0.4005 0.2960 0.7239 0{7239 0.8682 0.8683
L2 Normalization 4 0.4015 0.2984 0.6908 0.6923 0.8304 0.8305
L2 Normalization 5 0.4090 0.3105 0.7082 0:7090 0.8653 0.8657
Power Transformer 1 0.9303 0.9307 0.9005 0.9010 0.9104 0.9109
Power Transformer 2 0.9104 0.9105 00030 0.9031 0.0930 0.0933
Power Transformer 3 0.9030 0.9032 09055 0.9058 0.8955 0.8958
Power Transformer 4 0.8953 0.8954 0.8678 0.8682 0.8778 0.8780
Power Transformer 5 0.9002 0.9004 0:8853 0.8855. 0.8903 0.8903

all five normalized datasets to ensure a fair and un-
biased comparison. The performance is subsequently
evaluated using five-fold cross-validation with the'com-
plete results reported in Table VII. Aftotal of/four
normalization methods, including MinMax Sealing,
Z-Score Standardization, Robust Scaler, and. Power
Transformer, generally have stable and consistent, per-
formance across all classifiers as seflected by small
variations in accuracy and,F1-score ‘across folds.

The analysis of SYM shows thatZzScore Standard-
ization and Robust™Sealer achieve the strongest per-
formance in most folds: Meanwhile, MinMax Scaling
and Power Transformer remain competitive alterna-
tives. KNN records the most»stable behavior under
MinMax Scaling with Z-Score Standardization, Robust
Scaler, and Power Transformer producing comparable
but slightly more variable results. RF shows the highest
consistency overall with nearly identical accuracy and
F1-score across the four normalization methods to con-
firming its robustness to feature scaling. Meanwhile,
L2 Normalization consistently produces the weakest
and least stable performance across all classifiers.

The cross-validation results in Table VII show three
distinct performance regimes. First, Z-Score Stan-
dardization, Robust Scaler, and Power Transformer
consistently deliver the highest and most stable F1-
scores for SVM. These results reflect that variance-

pieserving normalization best maintains discriminative
GLCM texture information. Second, KNN achieves
its most stable performance under MinMax Scaling
and suggests that bounded feature ranges improves
neighborhood consistency in high-dimensional texture
spaces. Third, RF records minimal sensitivity to nor-
malization which further confirms the inherent robust-
ness to feature scaling.

The analysis from a domain perspective shows the
ability of GLCM features to encode contrast and spa-
tial variability reflecting coral surface complexity and
health conditions. Normalization methods that preserve
relative variance across features provide more reli-
able classification outcomes. Meanwhile, magnitude-
flattening methods such as L2 Normalization tends
to suppress absolute contrast information, considered
critical for effective coral texture discrimination.

D. Comparative and Statistical Performance Analysis

A comparative evaluation of the three classifiers
shows the critical but different roles of normalization
across algorithms. The magnitude of its impact is
strongly correlated with the dependency of each model
on the distance metrics and geometric relationships
within the feature space. SVM has the strongest depen-
dency on normalization selection compared to the other
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TABLE VIII
FINAL CLASSIFICATION PERFORMANCE OF SUPPORT VECTOR MACHINE (SVM) ACROSS NORMALIZATION METHODS.

Normalization Method Accuracy Precision Recall F1-Score
Mean Std. Mean Std. Mean Std. Mean Std.
L2 Normalization 0.3974  0.0098  0.5456  0.0173 03976  0.0102  0.2918 0.0161
MinMax Scaling 0.8835 0.0116 0.8876  0.0117  0.8835 0.0116  0.8840 0.0113
Power Transformer 0.9079  0.0137 09092  0.0140 09079  0.0137  0.9080 0.0138
Robust Scaler 09103  0.0128 09121 0.0132 09104 0.0128  0.9105 0.0128
Z-Score Standardization 09133  0.0107  0.9146  0.0109 09133  0.0107  0.9135 0.0108

Note: Results are reported as Mean + SD. SD is Standard Deviation. Best values for each metric are presented in bold text.

TABLE IX
FINAL CLASSIFICATION PERFORMANCE OF K-NEAREST NEIGHBOR (KNN) ACROSS NORMALIZATION METHODS.

Normalization Method Accuracy Precision Recall F1-Score
Mean Std. Mean Std. Mean Std. Mean Std.
L2 Normalization 0.7111 0.0165 0.7129  0.0153 0.7112  0.0165 4£0.7114 0.0164
MinMax Scaling 0.8934  0.0160  0.8952  0.0154  0.8934  0.0160 | 0.8937 0.0159
Power Transformer 0.8924  0.0158  0.8937  0.0157  0.8924  0.0158 | 0.8927 0.0158
Robust 0.8914  0.0163  0.8929  0.0154  0.8914  0.0163 "0.8916 0.0162
Z-Score 0.8924  0.0179  0.8938  0.0172  0.8924 #0.0178 0.8926 0.0178

Note: Results are reported as Mean + SD. SD is Standard Deviation. Best galues for each metri€ aréfpresented in bold text.

classifiers with the performance differences exceeding
50% between the best and worst methods. It shows the
vulnerability to feature magnitude distortion. SVM also
has the highest sensitivity to normalization. TablegVlII
shows that L2 Normalization produces thedpoorest
performance with an mean accuracy estimated at only
0.3974 £+ 0.0098 and an exceptionally low: El-score
of 0.2918 £ 0.0161. This drastic degradation signals
that the classifier disrupts the magnitude relationships
within texture-based GLCM features, considered im-
portant for SVM kernel mapping.“B2¢ Normalization
forces every feature vector to unit length which leads
to the partial loss of fundamental information in the
feature magnitude and subsequently causes an ineffec-
tive decision boundarys:

The other fidrmalization methods produce significant
performance improvements. Z-Score Standardization
is the best-performing method with an accuracy of
0.9133 £+ 0.0107 and El-score of 0.9135 £ 0.0108.
The relatively small standard deviations, except for
L2 Normalization, reflect high stability across folds
and confirm the suitability of Z-Score Standardization
for kernel-based algorithms. Robust Scaler and Power
Transformer also produce strong and consistent results
which further show the capability of these methods to
stabilize variance or reduce skewness. The process can
provide favorable optimization conditions for SVM.

The behavior is closely related to the physical
texture characteristics of coral surfaces. Dead and
unhealthy corals are typically associated with coarser
textures and higher contrast values in GLCM features.
Meanwhile, the healthy category has more homoge-

neous patterns. Thedsuppression of feature magnitude
through»L.2 Nermalization also removes ecologically
meafiingful texture cues and directly impairs the ability
of the model to discriminate coral health conditions.

KNNhas a narrower performance gap across most
normalization methods compared to SVM. It reflects
that” the preservation of relative distances is more
critical than the enforcement of distributional trans-
formations. The status of KNN as a pure distance-
based classifier shows the natural dependence on the
relative scale of the features. Therefore, normalization
is an important determinant of the model performance.
Table IX shows that L2 Normalization repeatedly
produces the lowest performance with an accuracy of
0.7111 £ 0.0165 and Fl-score of 0.7114 £ 0.0164
despite less severe performance degradation. This mod-
erate degradation suggests that L2 Normalization dis-
rupts magnitude information but the dependence of
KNN on feature-wise distance calculations allows the
retention of a partial discriminative structure.

The remaining normalization methods generates
comparable results with accuracies ranging from 0.89
to 0.894. MinMax Scaling is observed to have the
highest numerical accuracy of 0.8934 £ 0.0160 which
reflects the ability of range-based normalization to
effectively preserve relative distances. The property
is considered favorable for the neighborhood compu-
tations of KNN. Power Transformer, Robust Scaler,
and Z-Score Standardization follow closely with dif-
ferences, perceived as significantly small to show prac-
tical performance gaps.

RF shows near-invariant performance across most
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TABLE X
FINAL CLASSIFICATION PERFORMANCE OF RANDOM FOREST (RF) ACROSS NORMALIZATION METHODS.
Normalization Method Accuracy Precision Recall F1-Score
Mean Std. Mean Std. Mean Std. Mean Std.
L2 Normalization 0.8630  0.0191  0.8641  0.0190  0.8630  0.0191  0.8632 0.0192
MinMax Scaling 0.8954  0.0124  0.8967 0.0121  0.8954  0.0124  0.8957 0.0126
Power Transformer 0.8954  0.0124  0.8967  0.0121  0.8954  0.0124  0.8957 0.0126
Robust 0.8954  0.0124  0.8967  0.0121  0.8954  0.0124  0.8957 0.0126
Z-score 0.8954  0.0124  0.8967 0.0121  0.8954  0.0124  0.8957 0.0126
Note: Results are reported as Mean + SD. SD is Standard Deviation. Best values for each metric are presented in bold text.
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Fig. 4. Mean (& standard deviation) accuracy and F1-score a
Neighbor (KNN), and Random Forest (RF) classifiers.

tical accuracy values of 0.8954 + 0.0124 and Fl1-
scores of 0.8957 £ 0.0126. This high level of consis-
tency emphasizes the scale invariance and insensitivity
of RF to normalization method selected. Meanwhile,
L2 Normalization induces an identifiable performance
reduction in RF with accuracy of 0.8630 £ 0.0191.
However, the decline is considerably smaller than the
trend observed for SVM and KNN classifiers.

The results show that tree-based models are in-
herently more tolerant to feature-scaling variations
because the decision-making process depends on
threshold-based splits rather than distance or kernel
computations. However, the reduced performance sug-
gests that L2 Normalization consistently distorts the

Normalization Method

s for Support Vector Machine (SVM), K-Nearest

dational feature magnitude distributions. It can
impact the placement of optimal split thresholds during
the tree construction. In Table X, the remaining nor-
malization methods (MinMax Scaling, Z-Score Stan-
dardization, Robust Scaler, and Power Transformer)
have identical accuracy and Fl-score values. It con-
firms the relative scale invariance and stability of RF
classifier when appropriate normalization strategies are
applied.

Figure 4 provides a compact visual summary of
the classification performance across normalization
methods for SVM, KNN, and RF. They are reported
as mean =+ standard deviation over five-fold cross-
validation. Panels (a) and (b) respectively present ac-
curacy and Fl-score to enable an efficient comparison
of normalization effects across models. A consistent
trend is observed in which L2 Normalization produces
the lowest performance particularly for SVM with
both accuracy and Fl-score deteriorating sharply. It
confirms that the enforcement of unit-length feature
vectors suppresses important magnitude information in
GLCM features and is detrimental to distance-based
classifiers. Meanwhile, Z-Score Standardization, Ro-
bust Scaler, and Power Transformer achieve the highest
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TABLE XI
ONE-WAY ANALYSIS OF VARIANCE (ANOVA) RESULTS ON THE IMPACT OF NORMALIZATION METHODS ON CLASSIFICATION
PERFORMANCE, INCLUDING ETA-SQUARED (12) EFFECT SIZE ANALYSIS.

Classification Evaluation Source of Variation sum_sq df F P-Value (PR(>F)) n2
SVM Accuracy Normalization 1.028304551 4 1841.196933 233 x 1072° 0.9972917299
Residual (error) 0.002792489 20 - - -
Fl1-Score Normalization 1028304551 4 1841.196933  4.26 x 10726 0.9977148218
Residual (error) 0.002792489 20 - - -
KNN Accuracy Normalization 0.131447523 4 120.4590811 1.07 x 10713 0.9601463684
Residual (error) 0.005456107 20 - - -
F1-Score Normalization 0.131463491 4 121.6187876 9.78 x 10714 0.9605113894
Residual (error) 0.005404736 20 - - -
RF Accuracy Normalization 0.004192378 4 5.319344187 0.004389228 0.5154730853
Residual (error) 0.003940691 20 - - -
F1-Score Normalization 0.004203257 4 5.261054943 0.004624262 0.5127206678
Residual (error) 0.003994691 20 - - -

and most stable performance for SVM with Z-Score
Standardization marginally outperforming the others.
MinMax Scaling performs competitively for KNN
and reflects the suitability of bounded feature ranges
for Euclidean-distance-based classification. RF reports
minimal sensitivity to normalization as observed in the
nearly identical mean values and overlapping error bars
across all methods. This behavior is in line with thé
theoretical property of tree-based models which are
mostly invariant to feature scaling. The visualftrends
in

Figure 4 strongly supports the statisticaliresults<b=
tained from one-way ANOVA and effeet=size ‘analysis.
It shows that normalization has a yery large practical
impact on distance-based classifiérs and is moderate ‘Qn
RF. The observations generally emphasize normaliza-
tion as a critical design process in GLEM-based coral
image classification dueite the direct impact on both
performance and robustnessitather than being only a
preprocessing formality.

E. Comparison of. Analysis of Variance (ANOVA)

One-way ANOVA)is conducted to quantitatively
assess the impact of ‘the five normalization methods
on the classification performance of the three learning
algorithms. It uses both accuracy and Fl-score as de-
pendent variables. The primary objective is to evaluate
the null hypothesis (Hg) that the mean performance
across all normalization methods is equal as a reflec-
tion of no statistically meaningful differences.

The results presented in Table XI show excep-
tionally strong evidence of performance differences
across normalization methods for SVM. F-statistic for
accuracy reaches 1841.19 with an extremely small p-
value of 2.33 x 10725 which is substantially lower
than the conventional significance threshold (a = 0.05).
A similarly strong effect is also observed for F1-score

with p=4.26 x 107 2. Thefesults decisively reject the
null hypothesis andi¥¢onfirm that normalization has a
profound and - statistically sigmificant impact on SVM
performance. Thegmagnitude of F-statistic reflects a
very large efféct size which shows the extreme sensi-
tivfity of the algorithm to variations in feature scaling.

A similargpattérn is identified for KNN where
ANQWA results with an accuracy of p = 1.07 x 10713
and F1-scor€of p = 9.78 x 10714, leading to the
rejeetion®f the null hypothesis. These values show that
normalization significantly shapes the classification
outcome of KNN in line with the dependence of the
algorithm on distance-based operations. F-statistics of
~ 120-121 also reflect substantial differences among
normalization groups even though the magnitude is
significantly smaller than the trend observed in SVM.
This signals the relatively lower sensitivity of KNN to
scaling distortions.

RF is theoretically robust to feature scaling but
ANOVA results show statistically significant differ-
ences across normalization methods. F-statistic for
accuracy is 5.32 (p = 0.0044) and Fl-score is 5.26
(p = 0.0046). The p-values are lower than the a =
0.05 threshold. It reflects the rejection of the null hy-
pothesis. Then, the effect size is considerably smaller
relative to SVM and KNN. It is in line with the
tree-based decision mechanism of RF which does not
depend on geometric distances but can be affected
by transformations altering the relative distributions
among features.

The results of one-way ANOVA in Table XI confirm
that the selection of normalization method has a statis-
tically significant impact on classification performance
across all models (p < 0.01). The effect size analysis
conducted using eta squared (n?) also emphasizes
the practical magnitude of the impact in addition to
the statistical significance. A very large effect size
n? of 0.997 is recorded for SVM which reflects the

393



Cite this article as: A. P. R. Nababan, S. B. H. Sakur,

M. Silangen, T. Haryanto, and S. H. Wijaya, “Statistical

analysis of normalization impact on GLCM-based coral classification”, CommlIT Journal 20(2), 379-399,

2026.

TABLE XII
TUKEY’S HONESTLY SIGNIFICANT DIFFERENCE (HSD) POST HOC PAIRWISE COMPARISONS OF NORMALIZATION METHODS FOR
SUPPORT VECTOR MACHINE (SVM) WITH F1-SCORE.

Groupl Group2 Meandiff P-Adj Lower Upper Reject
L2 Normalization MinMax Scaling 0.5922 0.0000 0.5674 0.6171 TRUE
L2 Normalization Power Transformer 0.6163 0.0000 0.5915 0.6411 TRUE
L2 Normalization Robust Scaler 0.6188 0.0000 0.5940 0.6436 TRUE
L2 Normalization Z-Score Standardization 0.6218 0.0000 0.5970 0.6466 TRUE
MinMax Scaling Power Transformer 0.0240 0.0605  -0.0008  0.0489  FALSE
MinMax Scaling Robust Scaler 0.0266 0.0323 0.0017 0.0514 TRUE
MinMax Scaling Z-Score Standardization 0.0295 0.0149 0.0047 0.0544 TRUE
Power Transformer  Robust Scaler 0.0025 0.9980 -0.0223 0.0273 FALSE
Power Transformer  Z-Score Standardization 0.0055 0.9620 -0.0193 0.0303 FALSE
Robust Scaler Z-Score Standardization 0.0030 0.9961 -0.0218  0.0278  FALSE

majority of the observed variance in Fl-score within
the experimental setting associated with normalization
method selected. Meanwhile, RF has a comparatively
lower but substantial effect size n2 of 0.512. The trend
empirically supports the theoretical understanding that
distance- and margin-based classifiers such as SVM
and KNN are highly sensitive to feature scale dispar-
ities in GLCM features. However, tree-based models
in the form of RF are comparatively more robust to
normalization impacts.

F. Tukey’s Honestly Significant Difference (HSD) Post
Hoc Analysis

Tukey’s HSD test is used for pairwise comparisons
of the five normalization methods to identify.the pairs
with statistically significant differences in classifica-
tion performance. This post hoc analysis is applied
after one-way ANOVA to further examine_thepecific
sources of variation when the null hypothesis of equal
means is rejected. The proceddte,enables a conttelled
comparison between all possible paiis of normalization
methods while maintaining, the general family-wise
error rates. The significancejthresholdiis set at o = 0.05
for the research, and the results are used to determine
the methods with signifieant differences in terms of
classification performance actoss the evaluated models.

The table headers for Tukey’s HSD analysis are de-
fined as follows. The ‘groupl’ and ‘group2’ represent
the pair of normalization methods being compared. The
‘meandiff’ denotes the difference between the mean
F1-scores of the two groups. Then, ‘p-adj’ indicates the
adjusted p-value for multiple comparisons. Meanwhile,
‘lower’ and ‘upper’ specify the bounds of the 95% con-
fidence interval for the mean difference. Last, ‘reject’
states whether the null hypothesis of equal means is
rejected (TRUE) or not (FALSE) at a significance level
of a = 0.05.

The pairwise comparisons for SVM classifier in Ta-
ble XII shows a highly distinct separation between L2
Normalization and the other four methods. The mean

difference ranges from 0.592 to 0.622 with all p-values
< 0.001. These results confirmp that L2 Normaliza-
tion produces significantly lower El-score values than
MinMax Scaling, Power Transformer, \Robust Scaler,
and Z-Score Standardization. The observation is in
line with the seyere performanee degradation of SVM
previously reported undér B2 Normalization.

A contrasting“trend is observed in the comparison
of the four modern normalization methods as reflected
throfigh moré nuanced differences. MinMax Scaling
showsstatistically significant differences when com-
pared to_ Robust#Scaler and Z-Score Standardization
(pi< 0.05) with an estimated mean of 0.026-0.030.
However, the'difference between MinMax Scaling and
Power Transformer is not statistically significant (p
= 0.0605). The pairwise comparisons among Power
Transformer, Robust Scaler, and Z-Score Standardiza-
tion also produce non-significant results (p > 0.05).
These show that the methods perform equivalently in
terms of Fl-score for SVM.

Tukey’s HSD post-hoc results for KNN in Ta-
ble XIII show a clear and consistent pattern where
L2 Normalization performs significantly worse than all
other methods. The pairwise comparisons between L2
Normalization and the remaining methods also reflect
large positive mean differences ranging from 0.1803
to 0.1823 with adjusted p-values equal to 0.000 (p <
0.001), leading to the rejection of the null hypothesis
in all cases. These results show that L2 Normalization
substantially degrades F1-score performance compared
to MinMax Scaling, Power Transformer, Robust Scaler,
and Z-Score Standardization.

A contrasting observation is the absence of any
statistically significant difference between MinMax
Scaling, Power Transformer, Robust Scaler, and Z-
Score standardization. The mean differences between
the methods are extremely small ranging from -0.0021
to 0.0010 with all adjusted p-values greater than 0.99
and confidence intervals at zero. The trend leads to
the consideration of the four methods as statistically
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TUKEY’S HONESTLY SIGNIFICANT DIFFERENCE (HSD) POST HOC PAIRWISE COMPARISONS OF NORMALIZATION METHODS FOR

TUKEY’S HONESTLY SIGNIFICANT DIFFERENCE (HSD) POST HOC PAIRWISE COMPARISONS OF NORMALIZATION METHODS FOR

TABLE XIII

K-NEAREST NEIGHBOR (KNN) WITH F1-SCORE.

Groupl Group2 Meandiff ~ P-Adj Lower Upper Reject
L2 Normalization MinMax Scaling 0.1823 0.0000 0.1512 0.2134 TRUE
L2 Normalization Power Transformer 0.1813 0.0000 0.1502 0.2124 TRUE
L2 Normalization Robust Scaler 0.1803 0.0000 0.1491 0.2114 TRUE
L2 Normalization Z-Score Standardization 0.1812 0.0000 0.1501 0.2123 TRUE
MinMax Scaling Power Transformer -0.0010 1.0000  -0.0321 0.0301  FALSE
MinMax Scaling Robust Scaler -0.0021 0.9996  -0.0332  0.0290 FALSE
MinMax Scaling Z-Score Standardization -0.0011 1.0000  -0.0322  0.0300  FALSE
Power Transformer  Robust Scaler -0.0011 1.0000 -0.0322 0.0300  FALSE
Power Transformer  Z-Score Standardization -0.0001 1.0000 -0.0312 0.0310 FALSE
Robust Scaler Z-Score Standardization 0.0010 1.0000  -0.0301 0.0321 FALSE
TABLE XIV

RANDOM FOREST (RF) WITH F1-SCORE.

Groupl

Group2

L2 Normalization
L2 Normalization
L2 Normalization
L2 Normalization
MinMax Scaling
MinMax Scaling
MinMax Scaling
Power Transformer
Power Transformer
Robust Scaler

MinMax Scaling

Power Transformer
Robust Scaler

Z-Score Standardization
Power Transformer
Robust Scaler

Z-Score Standardization
Robust Scaler

Z-Score Standardization
Z-Score Standardization

Meandiff ~ P-Adj Lower Uppér Reject
0.0324 0.0129  0.0057°°70.0592  TRUE
0.0324 0.0129° = 30057  0.0592 4TRUE
0.0324 00129  0.0057  000592¢¢ "TRUE
0.0324 0.0129  0.0057w, 0.0592° TRUE
0.0000 1.0000 _=0.0267 1,0.0267  FALSE
0.0000 1.0000°-0.0267 © 0.0267  FALSE
0.0000 1.0000  -0.02674 0.0267  FALSE
0:0000 1.0000 4-0.0267" 0.0267  FALSE
0.0000 1,0000 “-0.0267 0.0267 FALSE
0.0000 1.0000  -0.0267  0.0267  FALSE

equivalent in terms of Fl-score performance for KNN
classifier.

Tukey’s HSD post-hoc analysis for Rbin Table XIV
provides a more moderate pattern than KNNand SVM.
Statistically significant differences are observed only‘in
comparisons including L2 Normalizatiofi. It is specifi-
cally observed from the fact that L2 Normalization per-
forms significantly worse than MinMax Sealing, Power
Transformer, Robust Scaler, and Z-Score Standardiza-
tion with a consistent,mean difference of 0.0324, an
adjusted p-value of 0.0129%(pI< 0.05), and rejection
of the null hypethesis across all corresponding pairs.
The results signal that RE is relatively robust to feature
scaling but L2 Normalization has a negative impact on
its F1-score performance.

The other four methods do not show any statistically
significant differences. All pairwise comparisons pro-
duce mean differences equal to zero, adjusted p-values
of 1.000, and confidence intervals with zero. It shows
that the methods have statistically indistinguishable
impacts on Fl-score of RF.

G. Key Findings and Scientific Interpretation

The results show a clear and statistically validate
impact of normalization methods on the classification
performance of GLCM-based coral image features. An
example of the most striking and scientifically signifi-
cant results, supported by Tukey’s HSD test (p < 0.05)

is theicomplete failure of L2 Normalization particularly
inpSVM model where accuracy reduces drastically
to approximately 0.397. This outcome is theoretically
rooted in the principle of L2 Normalization which
constrains every feature vector to have a unit norm.
The transformation removes the magnitude information
contained in GLCM features (contrast, energy, homo-
geneity, and correlation), which are attributes required
for the absolute numerical ranges to carry important
textural information. The elimination of the relative
magnitude variations across these features allows L2
Normalization to fundamentally disrupt its discrimi-
native power. The phenomenon causes difficulty for
distance-based and kernel-dependent algorithms to ef-
fectively separate complex coral textures.

The condition emphasizes the increased sensitivity
of distance-based models such as KNN and kernel-
based algorithms in the form of SVM to transforma-
tions that distort feature magnitude relationships. The
Euclidean distance computations in KNN significantly
depend on the absolute scale of features, and distortion
of magnitude weakens the ability of the model to
identify meaningful neighbors. SVM similarly depends
on the feature distribution and variance to construct
optimal hyperplanes through its kernel functions. The
suppression of the magnitude information in L2 Nor-
malization allows the feature space produced to be-
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come less conducive to accurate boundary formation.
Meanwhile, RF shows significantly greater robustness
across normalization methods. The status as a tree-
based model reflects non-dependence on distance com-
putations, allowing maintenance of relatively stable
performance despite variations in feature scaling. RF
also shows a statistically significant decline when L2
Normalization is applied. It reflects that overly aggres-
sive normalization can interfere with the ability of the
model to determine effective feature split points even
though the impact is significantly less severe than in
SVM and KNN.

MinMax Scaling remains competitive particularly
for KNN by achieving accuracy values of approxi-
mately 0.893. The transformation of all features into
a consistent range of [0, 1] allows the method to
effectively prevent any single feature from dominating
distance calculations. The aim is to ensure more stable
and reliable neighbor comparisons for models depen-
dent on Euclidean distance. Furthermore, a significant
and compelling aspect of the results is the strong con-
sistency observed between the accuracy and F1-score
across experiments as confirmed by Tukey’s HSD anal-
ysis. The consistency observed in F1-score considering
both precision and recall shows that the most effective
normalization methods increase the overall number
of correct predictions and also maintain a balanéed
classification performance across all coral categories.
Therefore, methods, such as Z-Score Standasdization,
Robust Scaler, and Power Transformer, enliance global
model accuracy and promote fairnessdand predictive
stability across both minority and majorityyclasses. It
is a sign that the observed performance improvements
are robust and not an artefact 0f¢lass imbalance?

The evidence summarily refleets, the critical role
of normalization in the glassification“of GLCM-based
coral images. The selectionyof the“apptopriate normal-
ization method is impostant pasticularly for algorithms
such as SVM and KNN that significantly depend
on distance and variance telationships. Meanwhile,
L2 Normalization needs to“be avoided due to its
detrimental impact on the feature magnitude which
leads to substantial performance degradation. Z-Score
Standardization is generally proven to be the most
effective method particularly for highly scale-sensitive
models. The strong performance confirms that the
transformation of GLCM features into a standardized
distribution is key to maximizing the separability of de-
cision boundaries and achieving optimal classification
performance.

IV. CONCLUSION

In conclusion, the research provides a comprehen-
sive evaluation of how different data normalization

methods impact the performance of GLCM-based coral
image classification using SVM, KNN, and RF. The
results show that normalization is not only a sup-
porting preprocessing step but also a decisive factor
directly determining the effectiveness of texture-based
classification models. Statistical analysis conducted
using one-way ANOVA and Tukey’s HSD consistently
confirms that normalization method selected leads to
significant differences in performance across all clas-
sifiers (p < 0.05).

Then, L2 Normalization has the worst performance
compared to the other methods by causing substantial
degradation in classification accuracy and F1-score par-
ticularly in SVM and KNN. The failure is theoretically
grounded in the suppressionsoefythe feature magnitude
which is an important cemponent of GLCM texture
descriptors. This result [emphasiZes the vulnerability
of distance- and kernel-based algorithms to normal-
ization methodsgthat‘can distort thef magnitude rela-
tionships withi featuressgHowever, Z-Score Standard-
ization, Robust Scalér, and Power Transformer are the
most efféctive normalization’ strategies by frequently
achie¥ing statisticallygindistinguishable performance.
The_highestfaccuracy is consistently delivered by Z-
Score‘Standardization in SVM at ~0.913 £0.0107. It
shows thatithe eéntering and scaling of features into a
standardized distribution maximize kernel separability.
RobustiSealer further proves effective by mitigating the
impact of outliers, and Power Transformer enhances
the performance through the reduction of skewness
and improvement of feature distribution symmetry.
Moreover, MinMax Scaling remains competitive par-
ticularly for KNN to reflect the sufficiency of bounding
features within a fixed range for stabilizing distance-
based computations.

The results practically translate into a clear guide-
line where Z-Score Standardization should be used
as the default normalization method for GLCM-based
coral image classification. Robust Scaler or Power
Transformer is also preferable when strong outliers
or distribution skewness dominate. Meanwhile, L2
Normalization should be avoided for GLCM texture
features. The quantitative analysis shows the possibility
of normalization method selected leading to perfor-
mance differences exceeding 0.60 in F1-score for SVM
when comparing the best (Z-Score Standardization)
and worst (L2 Normalization). This result reflects the
substantial practical impact of preprocessing decisions.

The critical role of data normalization in determining
the effectiveness of GLCM-based coral image classifi-
cation models is emphasized. The results show that
the optimal normalization strategy depends both on
the characteristics of the dataset and the sensitivity of
the classification algorithm. Z-Score Standardization
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provides the most reliable performance across SVM,
KNN, and RF while L2 Normalization consistently
degrades feature discrimination. The trend establishes
a clear methodological reference for selecting normal-
ization methods in texture-based coral classification
and supports the development of more accurate and
scalable machine-learning-driven coral monitoring sys-
tems.

However, several limitations should be acknowl-
edged. The analysis is conducted using a single coral
image dataset and focuses exclusively on GLCM tex-
ture features which can restrict the generalizability of
the results to different datasets, imaging conditions, or
feature representations. The evaluation is also limited
to classical machine learning classifiers while alterna-
tive learning paradigms, such as deep learning, can
have different interactions with normalization methods.
It shows the need for future studies to consider multi-
dataset validation, the integration of complementary
features such as color and shape descriptors, and a
systematic investigation of normalization impacts in
deep neural network frameworks. Adaptive or hybrid
normalization strategies should also be assessed to
further improve robustness in real-world coral rect
monitoring applications.
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