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Abstract. The timely identification of dermatological diseases together with their precise diagnosis enables
proper medical interventions that minimize further disease complications. The authors conduct a performance-
based evaluation of AdaBoost classifier with handcrafted image features for automated skin disease
classification systems. The researchers worked with a specific collection of 38,000 dermatological pictures
which included ten different disease types from Melanoma to Eczema to Psoriasis to Fungal Infections. The
research investigated six image feature extraction methods including Gabor Filter and JPEG Coefficient Filter
(JPEGCF) and Pyramid Histogram of Oriented Gradients Filter (PHOGF) as well as Simple Color Histogram
Filter (SCHF) and Fuzzy Color and T exture Histogram Filter (FCTH) with Fuzzy Opponent Histogram Filter
(FOHF). The research used feature vectors extracted from AdaBoost classifiers in WEKA within 10-fold
cross-validation procedures for training purposes. The evaluation metrics consisted of accuracy, precision,
recall, ROC, PRC as well as training time. Within the examined models Gabor+AdaBoost demonstrated
maximum rates of accuracy (97.78%) alongside precision (0.98) and recall (0.98) but it required the most
execution time at 14.4s. When weighed against each other JPEGCF+AdaBoost maintained equivalent
accuracy at 97.59% but required only 0.21 seconds to complete tasks thus earning status as a balanced choice
for this system. SCHF+AdaBoost proved suitable for real-time operations by delivering 94.11% accuracy
results within 0.06 seconds computing time. The study reveals that Gabor descriptors provide optimal
predictive accuracy but JPEGCF along with SCHF demonstrate the best combination of performance with
computational speed.

1 Introduction with ensemble classifiers based on AdaBoostemerges as
an approach to build small yet interpretable scalable
solutions.

Research examines a hybrid skin disease multi-class
diagnosis system based on AdaBoost (Adaptive
Boosting) with AdaBoosted handcrafted image features.
Researchers examined six alternative feature extraction
approaches that included Gabor Filter alongside JPEG
Coefficient Filter JPEGCF) and Pyramid Histogram of
Oriented Gradients Filter (PHOGF), Simple Color
Histogram Filter (SCHF) as well as Fuzzy Color and
Texture Histogram Filter (FCTH) and Fuzzy Opponent
Histogram Filter (FOHF). The chosen filter selection
aims at extracting significant image characteristics
including frequency content alongside gradient
orientation as well as spatial texture and color
composition which prove essential for dermatological
diagnosis.

The AdaBoost algorithm fostered weak decision
stump classifiers into one powerful ensemble model
allowing it to spot hard-to-identify instances. Research
authors conducted 10-fold cross-validation through
stratification processing on the Skin Diseases Image
Dataset which consists of over 38,000 dermatological
images clearly classified into ten disease categories.
Prior to model operation we implemented three
preprocessing techniques which consisted of image
resizing along with normalization and data augmentation
purposes to enhance model generalizability.

The frequency of skin diseases ranks among the
foremost health conditions worldwide hence they cause
significant numbers of outpatient visits to both primary
care facilities and technical specialist clinics. Proper
clinical diagnosis of conditions including melanoma,
eczema and psoriasis and fungal infections remains
difficult for both general dermatologists and specialized
dermatologists due to their overlapping visual
symptoms. Timely disease treatment together with
proper disease management requires accurate skin
disease identification especially when specialized
dermatological services remain scarce in specific areas.
Visual diagnosis proves difficult to interpret because of
skin variations along with different lesion types and
imaging conditions so there exists an essential
requirement for automatic diagnostic systems.
Machine learning and computer vision have given
rise to potential solutions which effectively solve
diagnostic problems. The handcrafted feature-based
techniques provide clear interpretation abilities together
with efficient operations and flexible use which remains
effective when deep learning technologies prove too
expensive for data processing. The collection of
traditional approaches continues to be essential for
medical imaging situations that need high transparency
and rapid results. Stemming fromsuch conditions the
integration of thoughtfully designed visual descriptors
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The main purpose of this research is to conduct a
systematic assessment ofhandcrafted feature extraction
methods in combination with AdaBoost for improving
classification of skin dis eases. Standard metrics measure
performance outcomes that include accuracy and
precision alongside recall and F1-score for a complete
assessment of real-world clinical imaging conditions of
all classifiers.

The investigative work supports the creation of
transparent resource-efficient diagnostic tools that can
integrate into teledermatology settings as well as mobile
healthcare applications and primary care centers to
improve dermatological condition early detection and
management practices. The article contains sections 2 for
literature survey and sections 3 implements materials
and methods and section 4 presents results with
discussions before ending with section 5 conclusions.

2 Literature Survey

Medical image analysis is one area that has been
transformed by deep learning, and machine leaming,
especially in the field of dermatology and oncology.
Skin cancerdetection has been proved with the use of
advanced deep machine learning methods that allow it to
be classified and strategies to intervene as early as
possible [1]. In addition to application to human
dermatology, RMSProp- and MobileNetV2-optimized
deep learning models are also transferable, as they were
applied to lumpy skin disease diagnosis in cattle [2]. In a
similar manner, convolutional neural networks, which
were pre-trained: VGG16 and MobileNetV2, have been
used to classify brain tumors using MRI images with
high diagnostic accuracy in the field of medical imaging
[3]- The other trend which is rising is the predictive
modeling and optimization in dermatology where
machine learning models can enhance the accuracy of
the classification and havethe potential to be applied to
support clinical decision making [4].

A systematic review has contributed to the
understanding of how machine learning and deep
learning can be used when diagnosing and prognosing
melanoma using dermoscopic images, and that CNNs
and hybrid techniques are indeed effective in
distinguishing between skin diseases [5]. A fully detailed
consideration of step-based skin cancer detection models
has also been performed, showing insights into pipeline
designs including the integration of preprocessing,
segmentation, and classification [6]. New approaches
have also been introduced to the identification of the
skin diseases, to alternative mechanisms of the dataset
processing, enlargement as well as detecting delegates
within machine learning pipelines [7]. Moreover,
predictive analytics (Random Forest and XGBoost)
performed by an ensemble have been demonstrated to
lead to improved patient outcomes over more traditional
clinical decision-makingunderpinning the relevance of
such progressive classification methods in healthcare
[8,9].

Particular advancements in the detection of
melanoma are hybrid structures that integrate ACCF,
BPPF, and CLF methods and machine-learning
algorithms, resulting in less costly and more accurate
classification[10]. The trend towards the greater reliance

on both machineleaming and deep learning algorithms
in order to enhance the diagnostic sensitivity in
dermatological practice is well-documented in the broad
literature surveys of skin disease classifications [11].
Such models of clinical decision support as Dermcdsm
have been created to incorporate systematic ML and DL
approaches into clinical practice and dermatology
specifically in improving the support of physicians in the
process of dermatosis classification [12]. Moreover, the
hybrid models based ondeep CNN and LSTM networks
complemented with Random Forest or other classifiers
have been proposed in breast cancer prognosis too,
demonstrating that the ensemble deep leam ing systems
can enhance a level of reliability in predicting [13].

New research undertaken has also insisted on the
concept of fairness and inclusiveness in Al-based
diagnostics. A deep learning-based decision support
systems can be developed to classify skin diseases
through various skin tones that specifically include
issues related to bias and faimess of Al in healthcare
applications that matter so much [14]. In general, the
research indicates that incorporation of CNNs, pre-
trained networks, hybrid ensembles and fairess-aware
Al approaches can continue to further improve the
efficiency, scalability, and medical usefulness of skin
disease detection and medical diagnosis technologies
across healthcare field.

3 Materials and Methods
3.1 Dataset Description

Kaggle Skin Diseases Image Dataset [15] feature
comprehensive benchmark in dermatological image
analysis, with 27,153 clinical photography of ten skin
disease types. The fact that it also incorporates the
presence of varied light conditions, skin tones, and
image resolutions furtheradds to its endogeneity to the
real-world clinical environments. Balanced stratification
is a trait that guarantees thetrustworthiness of estimation
because, in training, validation, and test sets, the
assessment is at the constant frequency of classes.
Resizing to 224 x 224 pixels uniformly removes
resolution contradictions, whereas normalizing the data
by mean and standard deviation values uniformizes
intensities ofthe pixels in the whole dataset. This type of
preprocess is important regarding reproducibility and the
stability ofalgorithms. Because ofthat, the dataset offers
a perfect baseline to create the supervised learning
models of skin disease detection and classifications.

3.2 Preprocessing

The dataset separation included training (80%)
validation (10%) and testing (10%) subsets which used
stratified sampling to achieve identical class distribution
between sections. An image normalization procedure
was performed alongside random augmentations which
included both rotations and flips and zooms for purposes
of generalizationand to address class imbalances. The
researchers conducted manual removal of images that
contained noise or corruption issues.
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3.3 Feature Extraction Techniques

The analysis used the following set of six manually
designed filters for feature extraction from images:

e (GaborFilter: Captures frequency and orientation-

based texture information by applying Gabor
wavelets.
For each pixel, the filter computes
G(x, y) = exp(—((x* +y?)/26?)) x cos(2nf(xcosO +
ysinf)),where fis the frequency and 8 is the
orientation.

e JPEG Coefficient Filter (JPEGCF): Extracts
frequency-domain features from image blocks by
analyzing Discrete Cosine Transform (DCT)
coefficients. For an 8x8 block,
F(u, v) = XX f(x, y) x cos[(2x+D)un/16] x
cos[(2y+1)vn/16],where f{x, y) is the pixel
intensity at location (x, y).

e Pyramid Histogram of Oriented Gradients Filter
(PHOGF): Computes gradients and constructs
histograms of edge orientations over multiple
spatial pyramid levels. Gradient orientation is
calculated as 0 = arctangent(G y / G_x),where
G x and G _y are horizontal and vertical image
gradients.

e Simple Color Histogram Filter (SCHF):
Represents global colordistributions by counting
pixel frequencies for each RGB intensity level,
generating a histogramH(c) forevery color bin c.

e Fuzzy Color and Texture Histogram Filter
(FCTH): Combines fuzzy color and texture
analysisinto a hybrid representation. The feature
vector is calculated as
F =a X H _color+f x H_texture, where a and
are empirically tuned weight coefficients.

e Fuzzy Opponent Histogram Filter (FOHF):
Converts RGB to opponent channels
0.=R-G 0.=2B—-R—-G,0:=R+G+B,
and applies fuzzy quantization to produce
illumination-invariant color histograms.

3.4 Classification Using Adaboost

The AdaBoost (Adaptive Boosting) algorithm served to
classify the feature sets obtained fromthe filters. The
ensemble method AdaBoost creates a strong model
throughmultiple weak Decision Stumps after identifying
previous rounds' misclassified samples. The alpha value
for weak classifier h¢(x) equals 0.5 times the natural log
of the ratio between one minus its error rate g over &. A
measurement of prediction from the final regression
model appears as H(x) = sign(Z o X hy(x)).

The implementation of AdaBoost took place within
WEKA version 3.9.5 by converting the datasets into
AREFF files before proceeding. Theclassification process
under WEKA meta classifiers section utilized the
AdaBoostM1 algorithm. The performanceevaluation for
all possible combinations relied on 10-fold cross-
validation to maintain fair assessment.

A set of experiments included Gabor + AdaBoost,
JPEGCF + AdaBoost, PHOGF + AdaBoost, SCHF +
AdaBoost, FCTH+ AdaBoost, and FOHF + AdaBoost.

3.5 Evaluation Metrics

The standard evaluation metrics determined how
each filter-AdaBoost combination performed.

e Accuracy =(TP+TN)/ (TP +FP + FN + TN),

e Precision =TP/ (TP + FP),
Recall=TP/ (TP + FN),
Fl-score=2 x (Precision x Recall) / (Precision +
Recall)

These metrics were used to determine the best-
performing handcrafted feature when paired with the
AdaBoost classifier for automated skin disease
classification.

Problem Statement: Skin Disease Identification by
PHOGF,SCHF,F,FCT HF,FOHF,Gabor , JPEG CF

Image feature extraction and selections: {Mean,
Std, etct

}
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Fig. 1. Proposed System
4 Results and Discussion

A totalanalysis of AdaBoost classifiers' application in
automated skin condition recognition using manually
engineered image features will be discussed in this
section. The analysis of experimental results included
five performance metrics which included Accuracy,
Precision and Recall together with ROC (Receiver
Operating Characteristic) and PRC (Precision-Recall
Curve) in addition to Time (in seconds) needed for
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training and prediction. The cross-validation method
with ten folds evaluated each classifier-feature pair to
test statistical outcomes for performance reliability.

TABLE1. Classification Metrics

Classifier Accuracy Precision Recall ROC PRC Time

Gabort  97.78% 0.98 0.98 098 097 144
Ada Boost
JPEGCF+ 97.59% 0.98 0.98 098 097 0.21
Ada Boost
PHOGF+ 87.43% 0.89 0.87 0.83 0.82 0.11
Ada Boost
SCHF+ 94.11% 0.95 0.95 0.97 097 0.06
Ada Boost
FCTH+ 87.12% 0.91 0.91 093 093 0.1
Ada Boost
FOHF+  93.98% 0.93 0.92 095 0.85 0.06
Ada Boost

The main goal of this study identifies the most
effective and computationally efficient combination
between feature extraction methods and boosting
algorithms for multiclass skin lesion classification. Six
popular handcrafied feature extraction methods
including Gabor Filter along with JPEG Coefficient
Filter (JPEGCF) and Pyramid Histogram of Oriented
Gradients Filter (PHOGF) and Simple Color Histogram
Filter (SCHF) and Fuzzy Color and Texture Histogram
Filter (FCTHF) and Fuzzy Opponent Histogram Filter
(FOHF) were tested with AdaBoost ensemble method.
The comparative analysis yields important information
regarding the discriminating strength together with
execution speedand stability of each model along with
their associated computational expenses. The
examination seeks to identify the best combinations of
features with classification methods which offer highly
accurate predictions at realistic operational deployment
levels for dermatological diagnosis systems.

Model Vs. Accuracy

FOHF+AdaBoost [ 93.98%
FCTH+Ada Boost [N 87.12%

SCHF+Ada Boost 94.11%

Model

PHOGF+Ada Boost R 87.43%
JPEGCF+Ada Boost [ 97.59%
Gabor+Ada Boost [N 97.78%

80.00%  84.00%  88.00%  92.00%  96.00%  100.00%
Accuracy

Fig. 2. Model Vs Accuracy

The above graph 2 sows the Gabor+AdaBoost
showed the highest model performance with 97.78%
accuracy because it efficiently detected relevant skin
disease classification texture information.
JPEGCF+AdaBoost successfully applied frequency-
domain characteristics from Discrete Cosine Transform
toreach an accuracy level of 97.59%. The performance

rate 0f94.11% achieved by SCHF+A daBoost shows that
dermatological class discrimination benefits from
analyzing  global color distributions.  The
FOHF+AdaBoostmethod operating with opponent color
space histograms demonstrated 93.98% accuracy
indicating its efficiency and illumination changes
resistance capabilities. The accuracy rates for
PHOGF+AdaBoostand FCTH+A daBoostfell to 87.43%
and 87.12% respectively. The descriptive features
demonstrate effective gradient-based and fuzzy color-
texture detection but perform poorly when used
independently with AdaBoost in complex dermatology

applications.

Model Vs. Precision

FOHF+Ada Boost [N 0.93
FCTH+Ada Boost [N 0.91

SCHF+Ada Boost 0.95

Model

PHOGF+AdaBoost [ 0.89
JPEGCF-+Ada Boost [ o.08
Gabor+Ada Boost [N 0.98

084 086 0.88 09 092 094 09 098 1
Precision

Fig. 3. Model Vs Precision

The above graph 3 shows the highest precision
measurement value of 0.98 characterizes both
GabortAdaBoost along with JPEGCF+AdaBoost as
methods thatprovide reliable positive identification with
minimal incorrect alarms. The correct identification of
medical conditions depends heavily on precision due to
the potential side effects of incorrect positive
declarations.

Color histogram-based features used in
SCHF+AdaBoost led to high precision of 0.95 which
demonstrates their effectiveness in decreasing
misdiagnosis errors. FOHF+AdaBoost achieved a
precision of 0.93 and FCTH+AdaBoost reached 0.91
which indicates acceptable identification consistency for
affected cases although they lacked precise accuracy to
the same degree.

PHOGF+AdaBoost demonstrated the smallest
precision scoreof0.89 indicating potential drawbacks of
its gradient-based features inside the AdaBoost
framework. Overall structural edge information
acquisition by PHOGF produces less success at
distinguishing visual lesion similarities that results in
increased false positives.
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Model Vs. Recall

FOHF+Ada Boost [N 0.92
FCTH+Ada Boost [ 091

SCHF+Ada Boost 0.95

Model

PHOGF+Ada Boost [N 0.87
JPEGCF+Ada Boost [ o098
Gabor+Ada Boost [ 0.98

08 082 084 086 0.88 09 0.92 094 096 098 1
Recall

Fig. 4. Model Vs Recall

The above graph4 shows the Gabor+AdaBoost and
JPEGCF+AdaBoost models deliverthebest recall value
0f 0.98 becausethey demonstrate superior performance
in disease detectionby precisely detecting almost every
diseased case.

The recall value of 0.95 demonstrated by
SCHF+AdaBoostindicates it has excellent capability for
identifying actual positives thus making it suitable for
screening tools. The recall performance of
FOHF+AdaBoostand FCTH+AdaBoostmatches due to
theirscores 0f0.92 and 0.91. This model group succeeds
at detectingthemajority of disease-positive ratings yet
they cannot track downevery instance as effectively as
the leading techniques.

Among the models PHOGF+AdaBoostproduces the
least accurate result since it achieves only a 0.87 recall
rate. The combination of PHOG-based features with
AdaBoostpresents inadequate discrimination ability in
detecting specific skin diseases because this pair of
methods may not be appropriate for high-risk diagnostic
settings.

Model Vs. ROC

FOHF+Ada Boost | o095
FCTH+Ada Boost | 093

SCHF+Ada Boost 0.97

Model

PHOGF+AdaBoost [ 0.83
JPEGCF-+Ada Boost [ 0.8
Gabor+Ada Boost [N 0.98

0.75 0.8 0.85 0.9 0.95 1
ROC

Fig. 5. Model Vs ROC

The above graph 5 shows the highest ROC 0f 0.98 was
achieved by Gabor+AdaBoost and JPEGCF+AdaBoost
indicating their exceptional discrimination between
diseased and non-diseased images at all classification
points. The models demonstrate optimal suitability for
clinical use since they provide minimum errors for both
false positive and negative cases.

SCHF+AdaBoostdemonstrates powerful classification
boundaries through its ROC value of 0.97 which

indicates  consistent generalization ability in
identification tasks. FOHF+AdaBoost and
FCTH+AdaBoost demonstrate fair performance

strengths at 0.95 and 0.93 respectively because they
successfully handle true and false positive detection.

PHOGF+AdaBoostdemonstrates the lowest ROC value
at 0.83 which indicates poor discrimination capabilities
for class separation. Phogf features together with
AdaBoost seem to underperform because they fail to
extract key characteristics in skin lesions.

The ROC analysis demonstrates that the combination of
Gabor and JPEGCF feature extractors with AdaBoost
produces the most dependable and accurate predictions
for skin diseases which qualifies them as excellent
choices for automated dermatological diagnostic
systems.

Model Vs PRC

FOHF-+Ada Boost | 085
FCTH+Ada Boost [ 0.93

SCHF+Ada Boost 0.97

Model

PHOGF+AdaBoost [ 0.82
JPEGCF-+Ada Boost [ 097
Gabor+Ada Boost [N 0.97

0.7 0.75 0.8 0.85 0.9 0.95 1
PRC

Fig. 6. Model Vs PRC

The graph 6 shows the the PRC scores of 0.97
indicate perfect synergy between precisionand recall for
GabortAdaBoost and JPEGCF+AdaBoost and
SCHF+AdaBoost. The diagnostic models achieve
optimal results by minimizing false detections and
maintaining high accuracy in identifying genuine skin
diseasecases because medical diagnosis demands zero
false negatives and false positives.

FCTH+AdaBoostprovides reliable classification but

its prediction output possesses slightly lower confidence
when compared to top performer results.
The combination of FOHF+AdaBoost together with
PHOGF+AdaBoost delivered the most limited PRC
scores of 0.85 and 0.82 respectively. The evaluation
values indicate either numerous incorrect positive
detections or reduced detection rates because the
underlying patterns in the dataset may not align well
with the classifier and feature representation.

Model Vs. Time(In Sec.)

FOHF+Ada Boost  0.06

FCTH+Ada Boost

0.1
B Gabor+Ada Boost

SCHF+Ada Boost  0.06 uJPEGCF+Ada Boost

Model

PHOGF+Ada Boost | 0.11 “PHOGF+Ada Boost

SCHF+Ada Boost
JPEGCF+Ada Boost | 0.21 uFCTH+Ada Boost

uFOHF+Ada Boost

Gabor+Ada Boost [N 14.4

Time
Fig. 7. Model Vs Time
The above graph 7 shows that the Gabor+AdaBoost

requires the longest computation time of 14.4 seconds
when compared to other models. The exceptional



ITM Web of Conferences 82, 03015 (2026)
ICNEXTS'25

https://doi.org/10.1051/itmconf/20268203015

accuracy and predictive power of Gabor filters might
create a processing bottleneck within real-time systems
since Gabor filtering and AdaBoost interaction appears
complex to the system.

The combination of FOHF+AdaBoost and
SCHF+AdaBoost presents the shortest execution
duration at 0.06 seconds thus they emerge as the fastest
classifiers within this research. These model systems
prove exceptional for diagnostic purposes which need
fast detection capabilities because they work well with
mobile health technology and point-of-care diagnostics.
FCTH+AdaBoost and PHOGF+AdaBoost offer
combined performance and speed at moderate time
levels of 0.10 and 0.11 seconds respectively.
JPEGCF+A daBoost demonstrates acceptable operational
speed 0f0.21 seconds yetmaintains a faster runtime than
the other methods except Gabor while meeting practical
user requirements.

The integration of Gabor Filterand AdaBoostcaused
an accuracyrate of 97.78% while maintaining precision
and recall values at 0.98 each and reaching excellent
ROC and PRC scores 0f0.98 and 0.97 respectively. The
highest computation time of 14.4 seconds belonged to
this model which outpaced all other methods in
processing duration. The combination shows excellent
results in the classification field but its time requirements
make real-time deployment challenging.

When combined with AdaBoost the JPEG
Coefficient Filter delivered a precision rate 0f0.98 along
with a recall of 0.98 which resulted in similar accuracy
(97.59%) as Gabor filters. The model demonstrates the
perfect combination of high accuracy performance while
efficiently executing tasks at 0.21 seconds thus
establishing itself as the optimal selection for real-time
systemapplication.

During evaluation the Simple Color Histogram Filter
(SCHF) + AdaBoost produced 94.11% accuracy with
0.95 precision and recall and achieved 0.97 ROC and
PRC results. The model completes its process within
0.06 seconds whichallows efficient fast inference when
moderate accuracy stands as acceptable.

The Fuzzy Color and Texture Histogram Filter
(FCTHF) together with Pyramid Histogram of Oriented
Gradients Filter (PHOGF) delivered inferior results.
FCTHF produced a 87.12% accuracy score in addition to
precision and recall values between 0.91 to 0.93 and
ROC results from 0.91 to 0.93 during 0.10 seconds of
operation. The PHOGF delivered an accuracy rate of
87.43% but its precision fellto 0.89 while recall reached
0.87 and both ROC and PRC scored the lowest at 0.83
and 0.82 respectively. However, running time remained
at a favorable 0.11 seconds.

The Fuzzy Opponent Histogram Filter (FOHF)
together with AdaBoost produced high-quality results in
terms of 93.98% accuracy and 0.93 precision/0.92
recall/0.95 ROC, yet its PRC fell to 0.85. The detection
capabilities ofthis model reach 0.06 seconds execution
time which makes it another excellent choice for fast
lightweight classification tasks.

5 Conclusion

The study shows that handcrafted image descriptors
succeed when combined with AdaBoost classification

techniques for skin disease recognition assessment.
Gabor+AdaBoost proved to be the most successful
model yet required exceptionally long computational
time at 14.4 seconds for completion. JPEGCF+A daBoost
attained equivalent classifying results at a high
computational speed 0f0.21 seconds so it works best for
applications that need scalability in diagnosis.
SCHF+AdaBoostoffered real-time suitability because it
achieved 94.11% accuracy while completing the
computation in just 0.06 seconds. FCTH and PHOGF
models achieved loweraccuracyrates yet they operated
with higher speed when compared to other approaches.
The research results demonstrate why organizations
should strike a proper balance between diagnostic
precision and computation speed in clinical AI
implementations.
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