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Abstract: Skin cancer screening using dermoscopic images
remains challenging because malignant and benign lesions can
share overlapping visual cues, including irregular borders,
heterogeneous pigmentation, and complex textures. In addition,
real clinical datasets often contain ambiguous samples,
acquisition artifacts, and non-uniform illumination, which may
degrade training quality and generalization. Although deep
learning has achieved strong performance in dermoscopic lesion
classification, its dependence on large annotated datasets, limited
interpretability, and computational demands can limit adoption in
resource-constrained clinical settings. This paper presents a
complete classical machine learning framework for four clinically
significant dermoscopic categories: basal cell carcinoma (BCC),
melanoma, nevus, and pigmented benign keratosis (PBK). A
unified hand-crafted feature representation is constructed by
combining texture descriptors (Histogram of Oriented Gradients
and Local Binary Patterns), region geometry and border regularity
measures, Hu moment invariants, lesion intensity statistics, and
multi-space colour descriptors (RGB/HSV statistics and HSV
histograms). To reduce the effect of label noise and hard-to-
separate samples, a margin-based smart cleaning strategy removes
low-reliability instances on a per-class basis using a preliminary
classifier’s confidence margin. Class imbalance is then mitigated
through controlled upsampling to a common class count without
synthesizing new image content. Feature dimensionality is
reduced using minimum-redundancy maximum-relevance
(mRMR) ranking, retaining the top 300 features to balance
accuracy and runtime. We evaluate both flat multi-class
classification and a clinically motivated two-level hierarchical
design that first separates Cancer vs non-Cancer, then performs
subtype classification within each branch (BCC vs melanoma;
nevus vs PBK). Experiments are implemented in MATLAB R2022
using stratified 5-fold cross-validation with strict fold-wise
isolation to prevent information leakage. The best flat model, SVM
with an RBF kernel, achieves a mean accuracy of 82.87%. The
hierarchical system achieves an overall accuracy of 81.80%, with
Level-1 accuracy of 86.54%.
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For Level-1 malignancy detection, ROC AUC = 0.9383 and PR
AUC = 0.9367 (all folds combined), indicating strong
discrimination. Oracle branch evaluations confirm high intra-
branch separability (94.04% for BCC vs melanoma; 94.19% for
nevus vs PBK) and show that residual loss is primarily due to
Level-1 routing errors.

Keywords:  Dermoscopy;  Skin  Lesion  Classification;
Hierarchical Classification; Hand-Crafted Features; Support
Vector Machine.

Nomenclature:

HOG: Histogram of Oriented Gradients
LBP: Local Binary Patterns

mRMR: Minimum-Redundancy Maximum-Relevance
SVM: Support Vector Machine

RBF: Radial Basis Function

ROC: Receiver Operating Characteristic
PR: Precision-Recall

AUC: Area Under Curve

BCC: Basal Cell Carcinoma

PBK: Pigmented Benign Keratosis
ECOC: Error-Correcting Output Codes

I. INTRODUCTION

Dermoscopy is widely used for non-invasive inspection

of subsurface skin structures and can support earlier
identification of suspicious pigmented lesions. Nevertheless,
dermoscopic diagnosis remains difficult because multiple
lesion categories share visually similar patterns, and clinical
datasets may exhibit uncertain boundaries, acquisition
artefacts, and labelling variability. Recent studies emphasise
robust evaluation and pipeline stability for practical
deployment in real workflows; for example, Akram et al. [1]
present an optimised fusion strategy for lesion classification
and discuss performance under modern evaluation settings.

Public dermoscopy resources also enable standardized
benchmarking and reproducible evaluation protocols. The
widely used HAM10000 dataset provides a large multi-
source collection of pigmented lesion images that supports
comparative studies and method validation, as described by
Tschandl et al. [2]. More recent multisource datasets expand
subclass diversity and acquisition variability, supporting
broader generalization analysis, as reported by Yilmaz et al.
[3].

This work presents a comprehensive classical framework
focusing on: (1) a rich hand-crafted feature space (texture,
shape, moments, intensity, and colour); (2) margin-based per-
class sample cleaning to reduce noisy or ambiguous training
samples; (3) controlled upsampling
for class balancing without
generating synthetic images;
(4) mRMR feature selection
to reduce redundancy; and (5)
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Fast Hierarchical and Flat Classification of Dermoscopic Skin Lesions Using Hand-Crafted Features and
Classical Machine Learning

comparison between flat 4-class and two-level hierarchical
classification, motivated by clinical reasoning, including
oracle analysis to isolate routing effects.

A. Main Contributions

i. A unified feature vector combining HOG/LBP, region
geometry, Hu moments, intensity statistics, and
RGB/HSV descriptors.

ii. A per-class margin-based smart cleaning mechanism

for removing unreliable samples.

Controlled upsampling to balance classes while

preserving the empirical distribution.

mRMR feature selection to retain the most informative

subset of features.

v. A fair comparison between flat and hierarchical
decision strategies, including oracle analysis to isolate
routing effects.

il

II. RELATED WORK

Early dermoscopic pipelines relied on engineered
descriptors (border irregularity, asymmetry, texture, and
colour variation) combined with classical learners such as
SVM Standardized community
evaluations accelerated progress by providing benchmarks
and shared protocols; for example, Codella et al. [4]

documented the ISIC challenge setting and evaluation

and ensemble trees.

framework that has been widely used for comparative
analysis.

Deep learning subsequently dominated many dermoscopy
benchmarks with strong discriminative performance, and
combined-decision strategies have been investigated to
improve classification, as shown by Imran et al. [5].
Lightweight attention-based architectures have also been
explored; for example, Yadav et al. [6] proposed a cross-
attention transformer design for skin lesion classification.
Transformer-based learning has additionally been used to
improve statistical texture representations for skin lesion
segmentation, as presented by Xu et al. [7].

Medical imaging literature increasingly emphasises
robustness and practical deployment, including calibration,
uncertainty awareness, and generalisation under dataset shift;
Meedeniya et al. [8] provide a focused survey on skin cancer
identification. Zhang and Metaxas [9] discuss broader
perspectives on foundation models and practical deployment
constraints in medical image analysis. Data imbalance
remains a key concern; augmentation methods, including
GAN-based strategies, have been proposed to mitigate multi-
class imbalance (Su et al., [10]). Finally, segmentation
reliability can directly affect mask-dependent feature
pipelines; an efficient, lightweight segmentation approach is
described by Yuan et al. [11].

III. DATASET DESCRIPTION

The dataset contains 1445 dermoscopic images from four
diagnostic categories: BCC (344), melanoma (407), nevus
(309), and PBK (385). The distribution is moderately
imbalanced, which motivates class-aware preprocessing and
balancing.

Retrieval Number: 100.1/ijeat.D474715040426
DOI:_10.35940/ijeat.D4747.15030226
Journal Website: www.ijeat.org

30

A. Class Descriptions (Clinical/Visual Intuition used by
the Pipeline)

i. BCC: Common skin cancer with localised structures;
texture, local colour distribution, and lesion geometry
can be informative.

ii. Melanoma: Malignant lesion often showing irregular
borders and varied pigmentation; asymmetry and
atypical texture cues are important.

Nevus: Benign mole with more uniform structure;
challenging  cases  overlap  visually  with
early/ambiguous melanoma.

PBK: Benign keratosis with patchy pigmentation and
surface texture;, HSV distribution descriptors often
help separate PBK from nevus.

TT11
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[Fig.1: Sample Dermoscopic Images from Each Class
(Intra-Class Variability and Inter-Class Overlap)]

Fig. 1. Sample dermoscopic images for the four studied
classes (basal cell carcinoma, melanoma, nevus, and
pigmented benign keratosis). Each panel should include
multiple examples per class to show intra-class variability
(e.g., border irregularity, pigmentation heterogeneity, texture
patterns) and to illustrate inter-class visual overlap,
particularly between melanoma and nevus.
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[Fig. 2: Original Class Distribution Before Preprocessing
(Total 1445 Images): BCC=344, Melanoma=407,
Nevus=309, PBK=385]

Original  class
distribution before
preprocessing  (total 1445
images). Bar chart showing

Fig. 2.
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counts: BCC=344, Melanoma=407, Nevus=309, PBK=385.
This figure motivates class-aware preprocessing and
balancing.

IV. FEATURE EXTRACTION METHODOLOGY

Each image is mapped to a fixed-length feature vector
integrating complementary descriptors. Feature extraction
captures: (i) local texture and gradient structure; (ii) region
geometry and boundary regularity; (iii) global shape
invariants via Hu moments; (iv) lesion intensity statistics; and
(v) colour distribution in multiple colour spaces. Region-
based features are computed from a lesion mask derived using
adaptive thresholding and largest-blob selection (fallback to
full mask if needed).

A. Texture Descriptors

HOG summarizes gradient orientations over spatial cells
and captures edge density and directional patterns; it is widely
used as an efficient gradient descriptor, as introduced by
Dalal and Triggs [13].

LBP encodes micro-texture by thresholding neighbourhood
intensities, providing robustness to monotonic illumination
changes; texture-driven descriptors are often included in
recent dermoscopic pipelines, such as the stacking approach
reported by Balasundaram et al. [14].

B. Region Geometry and Border Regularity

Region geometry is computed from the lesion mask using
area, perimeter, eccentricity, solidity, extent, and related
measures. Circularity is used as a compact measure of
boundary regularity:

4TA
p2+€ 7
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[Fig.3: Effect of Preprocessing and Feature Extraction
(Pipeline Overview)]

Fig. 3. Preprocessing and feature extraction overview.
Diagram showing: image input — mask/segmentation (or
provided mask) — feature computation blocks (HOG, LBP,
region geometry including circularity, Hu moment invariants,
intensity statistics, RGB/HSV statistics and histograms) —

into a fixed-length feature vector —

concatenation
normalization. Include an annotation that feature extraction is
parallelized in MATLAB for efficiency.
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Mypq = xXY) (2)
The centroid is computed from first-order moments:
X = Mo Y= Doz 3)
Mmoo ’ mgo

Central moments remove translation dependence.

_2xXy (X-X)P(y-7)9
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Normalized central moments provide scale invariance:
— Hpq
Mpa = 0 ()

ptq
Hoo( z

Finally, the seven Hu invariants are computed from
normalized central moments:
(Scale invariance can be obtained by normalization)

@1 =M+ N2 - (6)
B, = (20 — Mo2)? + 4111° ™
¢z = (30 — 3012)% + (3121 — pg3)? )

$s = (M30 +M12)% + (21 + Ho3)?* - (9)

$s = (M30 — 3N12) M30 + M12)[(M30 +M12)°
= 3(M21 +Mo3)?]
+ (3n21 — Noz) (21
+Mo3)[3(M30 +N12)?
— (21 +M03)?] (10)
de = (20 = Mo2) [(M30 + M12)? = (M1 +1Mo3)]
+ 4n11(M30 + N12) (M1 +Mo3) . (11)
$7 = (321 + Noz) (M0 + M12) [(M30 + N12)?
—3(Mz1 +Mo3)?]
— (M30 — 3N12) (21
+Mo3)[3(M30 +M12)?
— (21 + N3)?] (12)

We extract seven features from each image. These input
features helped the classification model to classify the
images. However, after extracting these features, we first
applied the discrete cosine transformation. It is used in lossy
image compression because it exhibits strong energy
compaction, i.e., a large amount of information is stored in
the signal's low-frequency components. The remaining
frequencies have very small amounts of data, which can be
stored using a very small number of bits (typically 2 or 3 bits).
To perform the DCT Transformation on an image, we first
extract the image file information (pixel values in the range
0-255), divide it into 8%8 blocks, and then apply the discrete
cosine transform to each block.

These invariants capture global geometric signatures that
can differentiate lesions with similar colour and texture but
distinct macroscopic geometry.
They are especially useful
when subtle shape differences
drive class boundaries.
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m; =s(i,y;) — max s, k) .. (14)

C. Intensity Statistics

Intensity features computed within the lesion region include
mean, standard deviation, skewness, kurtosis, and entropy.
Beyond classification accuracy, uncertainty-aware analysis in
medical imaging encourages reporting robust summary
statistics that reflect heterogeneity, as discussed by Peeters
et al. [15].

D. Colour Descriptors and Normalization

Colour features are computed in both RGB and HSV spaces
using per-channel mean and standard deviation, plus
normalised HSV histograms. Handling imbalance and
acquisition variability is important for stable colour statistics;
imbalance-aware strategies are discussed in augmentation-
focused work by Su et al. [10].

All features are standardized using z-score normalization:

V. SMART CLEANING AND DATA BALANCING
A. Margin-Based Sample Reliability

A preliminary ECOC classifier provides class scores
(s(i,k)). The margin for sample (i) is:

my=s(,y)— ]r(rlta;g s(i, k) ... (15

Negative margins indicate misclassification, while small
positive margins indicate weak confidence. Samples are

ranked within each class, and removal begins with the sample
with the smallest margin.

B. Per-Class Cleaning

Cleaning is applied independently to each class, with
Nremove = 80 samples per class. After cleaning, counts
become:

BCC (344 = 264), melanoma (407 - 327), nevus (309 >
229), PBK (385 > 305), total (1125).

C. Controlled Upsampling

Each class is upsampled to the maximum cleaned class
count (327) by controlled replication, producing 1308
samples (327 per class).
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[Fig.4: Dataset Evolution (Original — Cleaned —
Upsampled) with Counts Shown for Each Stage]
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Fig. 4. Dataset evolution through preprocessing. Three
grouped bars (or three panels): (a) Original counts (1445
total), (b) After smart cleaning with Nremove=80 per class
(1125 total; BCC 264, Melanoma 327, Nevus 229, PBK 305),
and (c) After controlled upsampling to maxCount=327 (1308
total; 327 per class).

VI. FEATURE SELECTION USING mRMR

The unified feature vector is high-dimensional and can
contain redundancy. mRMR ranking is used to select the most
informative features by maximising relevance while
minimising redundancy; the mutual-information formulation
was introduced by Peng et al. [12]. A compact objective can

be written as:

1

Rzmzfj.fkes/(fi;fk ) (16)

max ® =D-R (17)

The top 300 features are retained for all comparisons to
balance accuracy and runtime. In high-dimensional settings,
feature selection is commonly used to improve generalization
and reduce redundancy, as illustrated in an applied
classification context by Gudla et al. [18].

VII. CLASSIFICATION MODELS

Four models are evaluated in a flat setting: SVM-RBF,
Random Forest, KNN, and a shallow Neural Network
baseline.

A. SVM with RBF Kernel

llxi= ;1
K(Xi, ) xp (==

) ... (18)

SVM-RBF provides flexible nonlinear separation and
remains competitive in  dermoscopic
comparisons, as shown by Imran et al. [5].

classification

B. Random Forest

Random Forest aggregates multiple decision trees and is
robust to nonlinear feature interactions. Ensemble-based
approaches are widely used in medical prediction settings, as
evidenced by systematic reviews by Wulaningsih et al. [16].

C. k-Nearest Neighbors

KNN performs neighbourhood voting in feature space; it
can be sensitive to residual noise and high dimensionality,
motivating normalisation and feature selection. Multi-site
and distributed learning considerations affecting feature
geometry are summarised by Guan et al. [17].

D. Shallow Neural Network
A shallow NN is used as a lightweight nonlinear baseline;
practical trade-offs between
reliability are discussed more
generally in medical imaging
by Zhang and Metaxas [9].

capacity,

compute, and
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VIII. HIERARCHICAL CLASSIFICATION
FRAMEWORK

We use a clinically motivated two-level hierarchical
decomposition:
=  Level-1: Cancer vs non-Cancer
= Level-2a: BCC vs melanoma
= Level-2b: nevus vs PBK

Level-1 decision:

yl = arg ce {cancer, Non-Cancer} MaX fl(X) (19)
Level-2 decision (branch-dependent):
y = fz(b)(x),b € {Cancer, Non — Cancer} ... (20)

Oracle evaluation supplies true Level-1 labels when testing
Level-2 to isolate subtype separability without routing errors.
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FIG7 - Overall Hierarchical Confusion (ModeI=SVMRBF) OVERALL=
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[Fig.7: Level-2 Non-Cancer Oracle Confusion (Nevus vs
PBK) — 94.19%]

FIG5 - Level-2 Cancer Confusion [Oracle] (SVMRBF)

basal cell carcinoma

True Class

melanoma

basal cell carcinoma melanoma

Predicted Class

[Fig.5: Level-1 Confusion Matrix (Cancer vs Non-
Cancer) — Level-1 Accuracy = 86.54%]

FIG6 - Level-2 Non-Cancer Confusion [Oracle] (SVMRBF)

nevus

True Class

pigmented benign keratosis

pigmented benign keratosis
Predicted Class

nevus

[Fig.6: Level-2 Cancer Oracle Confusion (BCC vs
Melanoma) — 94.04%]
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FIG8 - ROC (L1 Model=SVM_BF), AUC = 0.938295

True Positive Rate

s L L 4
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False Positive Rate

[Fig.8: Overall Hierarchical Confusion (4 classes) —
Overall Accuracy = 81.80%]

IX. EXPERIMENTAL SETUP

A. Cross-Validation Protocol

All experiments use stratified 5-fold cross-validation. In
each fold, the pipeline is applied strictly within the training
split: normalisation parameters are fit on the training data
only, smart cleaning is performed using a preliminary model
trained on the training data only, upsampling is applied to the
training data only, and feature selection is fit on the training
data only. Leakage-avoidance principles are consistent with
challenge-based evaluation practices described by Codella et
al. [4].

B. Metrics

Accuracy is reported as the primary metric, and confusion
matrices provide class-wise insight. For Level-1 malignancy
detection, ROC and PR curves are computed, and AUC
values are reported.

C. Implementation Details

Experiments are implemented in MATLAB R2022. Feature
extraction is parallelized to reduce runtime. Flat and
hierarchical models are
compared using the same
best-performing model
configuration for fairness.
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X. RESULTS AND ANALYSIS

A. Dataset Processing Summary

Original dataset: 1445 images (BCC 344, melanoma 407,
nevus 309, PBK 385).

After smart cleaning (Nremove=80 per class): 1125 total
(BCC 264, melanoma 327, nevus 229, PBK 305).

After controlled upsampling: 1308 total (327 per class).

Feature selection retained the top 300 features.

B. Flat 4-Class Model Comparison

Best model: SVM-RBF, mean accuracy 82.87%.
Other models: RF 81.65%, NN 80.97%, KNN 60.24%.

Table 1: Flat 4-Class Accuracy Comparison Across
Models (5-fold Mean Accuracy)

Model Mean Accuracy (%) Evaluation
SVM-RBF 82.87 Stratified 5-fold CV
Random Forest 81.65 Stratified 5-fold CV
Shallow NN 80.97 Stratified 5-fold CV
KNN 60.24 Stratified 5-fold CV
FIG9 - PR (L1 ModeI=SVMRBF), PR-AUC = 0.936672
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[Fig.9: Confusion Matrix of Best Flat Model (SVM-RBF)]

FIG10 - Flat 4-class Confusion (Best=SVMRBF, 82.87%)

basal cell carcinoma

melanoma

True Class

nevus

pigmented benign keratosis
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[Fig.10: Fold-wise Accuracy for SVM-RBF Across 5 Folds]

C. Hierarchical Results and Oracle Analysis

Using SVM-RBF for both levels:
i Level-1 accuracy = 86.54%

ii. L2 Cancer oracle accuracy = 94.04%
iii. L2 Non-Cancer oracle accuracy = 94.19%
iv. Overall hierarchical accuracy = 81.80%
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The gap between Oracle Level-2 performance and final
hierarchical accuracy indicates that the dominant source of
degradation is Level-1 misrouting.

D. ROC and PR Analysis for Level-1 Malignancy
Detection
i ROC AUC (overall) = 0.938295
ii. PR AUC (overall) = 0.936672
iii. ROC AUC (mean =+ std across folds) = 0.938533 +

0.014707
iv. PR AUC (mean =+ std across folds) = 0.930521 +
0.014528
2 FIG11 - Flat Accuracy by Fold (Best=SVMRBF, mean=82.87%)

Accuracy (%)
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[Fig. 11: ROC Curve for Level-1 Malignancy Detection
Showing AUC]

XI. DISCUSSION

The results show that a carefully engineered classical
pipeline can perform strongly on dermoscopic lesion
classification when supported by robust preprocessing and
feature selection. The best flat model achieves 82.87%
accuracy, while the hierarchical approach achieves 81.80%
and provides a clinically interpretable decision structure.

The hierarchical model is primarily constrained by error
propagation, since Level-1 errors cannot be corrected at
Level-2. Oracle results (=approximately 94% in both
branches) confirm strong intra-branch separability and
indicate that improving routing reliability is the most
promising path forward. Practical directions include
confidence-aware routing thresholds, calibration, and
uncertainty handling, as emphasized in skin cancer surveys
by Meedeniya et al. [8] and broader medical imaging
perspectives by Zhang and Metaxas [9].

Recent trends also include optimised feature-fusion systems
(e.g., Akram et al. [1]) and lightweight attention-based
transformers (e.g., Yadav et al. [6]), suggesting that classical
and deep approaches can be complementary depending on
deployment constraints. Finally, because mask quality affects
shape and moment descriptors, efficient segmentation
improvements—such as the lightweight approach by Yuan et
al. [11]—can further stabilize region-based features.
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XII. CONCLUSION AND FUTURE WORK

This paper presents a classical machine learning framework
for four-class dermoscopic lesion classification that employs
a unified handcrafted feature set, margin-based per-class
smart cleaning, controlled upsampling, and mRMR feature
selection. Under stratified 5-fold cross-validation, the best
flat model (SVM-RBF) achieved an accuracy of 82.87%.
The hierarchical system achieved an overall accuracy of
81.80%, with Level-1 accuracy of 86.54%. Oracle Level-2
accuracies above 94% confirmed strong subtype separability
and identified Level-1 routing errors as the primary
bottleneck. Level-1 malignancy detection showed strong
discrimination with ROC AUC = 0.9383 and PR AUC =
0.9367.

Future work will focus on improving Level-1 routing
reliability through calibration and thresholding, confidence-
aware deferral, and cost-sensitive learning. Extending to
more lesion categories and validating on additional multi-
source datasets will further assess generalization.
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