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ABSTRACT 

Age-related Macular Degeneration (AMD) is a major cause of vision impairment and may progress to 

blindness; thus, accurate differentiation between Dry and Wet AMD is essential for timely clinical 

decision-making. This study proposes a lightweight multi-class AMD classification framework from fundus 

images that combines an anatomically consistent Assisted Region of Interest (Assisted-ROI) protocol with 

a hybrid handcrafted representation. Four public datasets (ODIR, ADAM, FIVES, and RFMiD) were 

merged to construct a curated dataset of 597 images across three classes (Normal, Dry AMD, and Wet 

AMD). AMD cases were re-annotated into Dry and Wet subtypes by three ophthalmologists, while Normal 

labels were retained. The experiments used 5-fold cross-validation under three input scenarios: full-fundus 

(no ROI), Optic Disc (OD)-guided automatic ROI, and the proposed Assisted-ROI. The no-ROI baseline 

achieved 80.91% accuracy, the OD-guided ROI achieved 85.27%, and Assisted-ROI delivered the best 

performance with 90.63% accuracy. Feature ablation under identical controlled settings showed that early 

fusion of LBP-RIU, Haralick/GLCM texture features, and RGB color moments yielded the most 

discriminative representation (90.63% accuracy; 89.06% macro-F1), outperforming the best single 

descriptor (LBP-RIU: 83.09%). Overall, anatomically consistent ROI standardization and complementary 
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handcrafted feature fusion improve robust multi-class AMD recognition on heterogeneous multi-source 

fundus data under reduced computational cost. 

Keywords-AMD classification; assisted ROI; handcrafted features fusion; LBP_RIU; GLCM; color moments; 

SVM 

I. INTRODUCTION  

Age-related Macular Degeneration (AMD) is a 
degenerative retinal disease and a leading cause of irreversible 
vision impairment that may progress to blindness in older 
adults. The global prevalence is projected to increase from 196 
million in 2020 to 288 million by 2040 [1]. Clinically, AMD is 
commonly categorized into non-exudative (Dry) AMD, 
characterized by drusen accumulation in the macular region, 
and exudative (Wet) AMD, which involves choroidal 
neovascularization and retinal hemorrhage [2]. Early detection 
and reliable differentiation between these subtypes are essential 
because Wet AMD often requires urgent intervention (e.g., 
anti-VEGF therapy) to reduce the risk of permanent central 
vision loss [3]. Despite this urgency, routine screening and 
subtype assessment from color fundus images still rely heavily 
on expert visual grading, which is time-consuming and may 
introduce inter-observer variability and subjectivity [4]. In 
large-scale screening programs, manual workload can further 
lead to grader fatigue, while service demand continues to 
exceed the availability of retinal specialists [5]. To mitigate 
these constraints, Computer-Aided Diagnosis (CAD) has been 
extensively explored for retinal screening. Recent surveys 
indicate that deep learning has become the dominant paradigm 
in ophthalmic image classification, among others, due to its 
strong diagnostic performance [6], yet its deployment is still 
challenged by limited labeled data and substantial variability in 
real-world imaging conditions. In fundus imaging, deep 
networks have demonstrated promising results for automated 
retinal disease detection [7], and several studies have reported 
AMD grading and detection using convolutional architectures 
and transfer learning schemes [8, 9]. Beyond CNN-only 
models, hybrid architectures that combine CNN feature 
extraction with recurrent modules (e.g., LSTM) can outperform 
classical pipelines and CNN baselines in comparative 
evaluations [10]. However, CNN-LSTM frameworks are often 
computationally demanding and typically require large, well-
curated labeled datasets, which may limit practicality when 
training data are scarce or heterogeneous. Feature-engineered 
machine-learning pipelines remain relevant as lightweight and 
more transparent alternatives. Nevertheless, handcrafted 
approaches often struggle with robustness and generalization 
on heterogeneous multi-source fundus images, where variations 
in optics, resolution, illumination, and disease presentation can 
alter macula-centered appearance and reduce cross-dataset 
consistency. Regarding descriptor suitability, in [11], shape-
oriented representations (Hu moments) were employed, which 
may be suboptimal for AMD lesions that are largely 
amorphous and texture-dominant (drusen or exudates). 
Similarly, in [12], PHOG with entropy/nonlinear descriptors 
was adopted for AMD versus healthy screening, but such 
features may provide limited separability when the task shifts 
to fine-grained Dry-Wet subtype discrimination due to 
overlapping visual cues. In [13], multiple handcrafted 
descriptors (gradient/texture and histogram-based features) 

were fused with an SVM to enhance discrimination, estimating 
the macular ROI via Optic Disc (OD) localization using a fixed 
OD-macula offset with intermediate preprocessing. However, 
this multi-stage pipeline was sensitive to heterogeneous 
acquisition, as OD localization or segmentation errors may 
propagate, leading to inconsistent macular sampling and 
unstable feature representations, and it is primarily tailored to 
binary AMD-healthy classification rather than explicit subtype 
separation. These issues highlight that robustness depends not 
only on the choice of descriptors but also on how reliably the 
macular region and lesion cues are standardized across sources. 
Similarly, in [14], OD-guided ROI cropping/normalization 
with compact descriptors (Mean/Range, GLCM, CHKM) was 
utilized, but still relied on drusen segmentation before feature 
extraction. Although efficient, the segmentation stage was 
sensitive to cross-source variability (illumination, sensor/FOV, 
severity), so thresholding/morphology can miss subtle drusen 
or introduce false positives that propagate into unstable mask-
based features and discard fine macular cues through 
binarization. Moreover, Mean/Range and CHKM mainly 
capture global intensity-color trends, and fixed-setting GLCM 
yields region-aggregated texture, which may under-represent 
localized AMD micro-patterns needed for Dry-Wet subtype 
discrimination.  

Motivated by error propagation from 
landmark/segmentation steps and the limited sensitivity of 
compact descriptors to subtle macular cues, this study proposes 
an anatomically consistent macular standardization and a 
lightweight yet discriminative representation for multi-class 
AMD classification. The proposed Assisted-ROI protocol for 
reproducible macular localization enables controlled 
comparison with full-fundus and OD-guided ROI baselines, 
and employs a hybrid handcrafted fusion of LBP-RIU, 
Haralick/GLCM, and RGB color moments to capture macula-
centered micro-texture and color statistics, thereby improving 
robustness and class separability across heterogeneous sources. 

II. MATERIALS AND METHODΣ 

A. Dataset 

This study compiled a multi-source fundus dataset from 
four public datasets: ODIR [15], ADAM [16], FIVES [17], and 
RFMiD [18]. The merged dataset contains 597 images, 
comprising 287 Normal cases and 310 AMD cases. To 
harmonize ground truth across sources, all AMD images were 
re-annotated by three ophthalmologists and categorized into 
Dry AMD (139 images) and Wet AMD (171 images), where 
the final label was determined using majority voting. 

 

 
Fig. 1.  Sample fundus images from the dataset representing (from left to 
right) Normal, Dry AMD, Wet AMD. 
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B. Proposed Method 

To ensure consistent spatial resolution and illumination 
normalization during preprocessing, each fundus image was 
resized to 512×512 and contrast-enhanced using CLAHE [19]. 
The proposed pipeline applies an Assisted-ROI step after 
preprocessing to standardize macular sampling under 
heterogeneous acquisition conditions. For each preprocessed 
fundus image � ∈ ℝ�����, a fixed-size ROI of 224×224 pixels 
is positioned over the macular region by interactively adjusting 
the top-left coordinate ( �	 , �	� , where �	 denotes the 
horizontal (left-to-right) and �	  the vertical (top-to-bottom) 
position. The adjustment is constrained to �	 ∈ 
0, � � 224� 
and �	 ∈ 
0, � � 224� to keep the ROI fully inside the image. 
The resulting patch �ROI � �
�	: �	 � 224, �	: �	 � 224�  is 
then used for downstream feature extraction, and the ROI 
coordinates (�	 , �	, 224, 224) are recorded for traceability and 
reproducibility. The Assisted-ROI protocol is designed to 
provide anatomically consistent macular sampling for 
controlled evaluation rather than a fully automated screening 
solution. 

To assess the impact of macular localization on handcrafted 
feature learning, three ROI input scenarios were evaluated after 
preprocessing: (i) Full fundus (no ROI), (ii) Assisted-ROI 
(proposed), and (iii) The automatic ROI that localizes the 
macula using an OD-guided mapping. First, a retinal mask is 

generated from the green channel using thresholding (� � 20) 
followed by erosion and dilation; the green channel is used 
because it typically provides higher contrast for retinal 
structures and vessels, facilitating mask formation and OD 
localization. Next, the OD center ��� is estimated as the 
maximum-intensity location in a Gaussian-blurred (15×15) 
green image constrained by the mask. An image-adaptive OD 
scale proxy is defined as ��� � 0.08 � , where �  denotes the 
width of the main retinal contour's bounding box, to normalize 
the search with respect to varying retinal sizes and fields-of-
view. A macula search region is then placed on the temporal 
side relative to the detected OD by shifting the search center 
along the x-axis by !5��� , which heuristically approximates 
the typical OD-fovea separation in disc-diameter units while 
remaining robust to scale variation. The macula center is 
selected as the minimum-intensity point within the masked 
search region (with a fallback when the local mask is empty), 
since the fovea/macula region often appears darker than 
surrounding tissue in the green channel under standard 
imaging. Finally, a fixed 224×224 patch centered at the 
estimated macula location is cropped with boundary checks to 
ensure it remains fully inside the image. For all scenarios, the 
resulting input (full image or ROI patch) was processed using 
the same downstream feature extraction and classifier settings 
to ensure a fair comparison.  

 

 
Fig. 2.  The proposed model for hybrid handcrafted feature extraction for AMD classification. 

Handcrafted features were extracted to integrate texture and 
color features relevant to AMD. Local texture was represented 
by uniform LBP-RIU (P = 16, R = 2), summarized into an 18-
bin normalized histogram [20]. Second-order texture was 
described using five Haralick descriptors: angular second 
moment, contrast, correlation, variance, and inverse difference 
moment computed from GLCM at distance 1 and averaged 
across orientations [21]. Color information was captured by 
RGB color moments (mean, standard deviation, and skewness 
per channel), yielding nine features [22].  

The final representation was formed by early fusion (vector 
concatenation) of #$%& ∈ ℝ'( , #�)* ∈ ℝ+ , and #,-. ∈ ℝ/ . The 
final feature representation was obtained through the vector 
concatenation process using the formula below: 

# � 
#012‖#456‖#789� ∈ ℝ�:    (1) 

Before classification, features were standardized using 
StandardScaler; in each fold, scaling parameters were fitted on 
the training features and then applied to both training and 

validation features. Multiclass classification was performed 
using an SVM with an RBF kernel (C = 10, γ = 0.01) [23]. To 
address class imbalance, SMOTE was applied only to the 
standardized training partition within each cross-validation 
fold, while the validation fold was kept untouched [24]. All 
data-dependent operations were executed within the 5-fold 
stratified cross-validation to minimize information leakage, and 
performance was reported as the mean accuracy and mean 
macro-F1 across folds [25]. For class-wise interpretation, 
confusion matrices were analyzed to identify dominant error 
patterns by contrasting predicted and ground-truth labels, with 
diagonal cells representing correct classifications [26]. In 
addition to classification performance, computational cost was 
evaluated for the proposed handcrafted pipeline and a modern 
CNN baseline in terms of training time, inference latency, and 
total cross-validation time. The CNN baseline adopts an end-
to-end fine-tuned ResNet18 initialized with ImageNet weights 
and executed on a CUDA-enabled GPU (NVIDIA RTX 3050), 
trained under a two-stage protocol (3-epoch classifier-head 
warm-up with Adam, lr = 1×10–3; followed by 7-epoch light 
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fine-tuning with AdamW, lr = 1×10–5) using 224×224 
ImageNet-normalized inputs within a 5-fold stratified cross-
validation framework, whereas the handcrafted pipeline is 
evaluated entirely on a CPU-based setup. 

C. Experimental Setup 

Experiments were implemented in Python 3.10.18 (Jupyter 
Notebook environment) and executed on a Windows 11 
workstation equipped with an Intel Core i5 processor and 16 
GB RAM.  

III. RESULTS AND DISCUSSION 

A. Effect of ROI Cropping Strategy 

To isolate the effect of macular localization, ROI input 
strategies were compared under identical downstream settings. 
Table I summarizes the impact of ROI localization by 
comparing three input scenarios: Full Fundus (No ROI), 
Automatic ROI (OD-guided), and the proposed Assisted-ROI. 
In all scenarios, the same downstream pipeline was applied 
(LBP-RIU, Haralick/GLCM, and RGB color moments with 
SVM-RBF) to ensure a controlled comparison. Training on the 
full fundus yielded the lowest performance (Accuracy = 
0.8091; macro-F1 = 0.7729), indicating that non-macular 
regions may dilute the discriminative texture and color 
statistics captured by handcrafted descriptors. The Automatic 
ROI (OD-guided) provided only a modest improvement 
(Accuracy = 0.8527; macro-F1 = 0.8241), which is consistent 
with occasional macular mislocalization under heterogeneous 
illumination and contrast. In contrast, Assisted-ROI achieved 
the best performance (Accuracy = 0.9063; macro-F1 = 0.8906), 
indicating that anatomically consistent macular sampling 
strengthens class separability when the downstream pipeline is 
held constant. 

TABLE I.  AMD'S CLASSIFICATION PERFORMANCE ON 
VARIOUS ROI SCENARIOS 

ROI Scenario Accuracy F1-score 

Full Fundus (No ROI) 0.8091  0.7729 
Automatic ROI (OD-guided) 0.8527 0.8241 

Assisted ROI (Proposed) 0.9063 0.8906 

 
The Assisted-ROI strategy is intended as an upper-bound 

standardization and human-in-the-loop baseline rather than a 
fully automated screening solution. Enabling anatomically 
consistent macular centering, it provides a controlled reference 
for evaluating the impact of ROI quality on downstream 
classification performance, while highlighting the sensitivity of 
handcrafted features to ROI placement. 

B. Hybrid Features Against Model Accuracy 

The ablation results further support the clinical relevance of 
combining complementary handcrafted descriptors for multi-
class AMD detection. From a clinician's perspective, fundus 
assessment relies on identifying localized granular texture 
indicative of drusen deposition, as well as broader intensity and 
chromatic variations associated with exudation, hemorrhage, 
and neovascular activity. Dry AMD is characterized by fine-
grained macular micro-texture effectively captured by LBP-
RIU, which achieves the best single-descriptor performance 
(Accuracy = 0.8309). In contrast, Wet AMD involves 

exudative and neovascular processes that alter intensity, 
contrast, and color distributions, making color moment 
descriptors particularly informative; their fusion with LBP-RIU 
further improves performance (Accuracy = 0.8929). Although 
Haralick features alone are less discriminative (Accuracy = 
0.6299), they contribute complementary second-order texture 
information reflecting macular tissue heterogeneity and 
structural irregularity associated with disease progression, and 
their integration with LBP-RIU and color descriptors yields the 
highest overall accuracy (0.9063), as shown in Figure 3. 

 

 
Fig. 3.  Accuracy comparison based on feature combination type. 

The fold-wise results for the best configuration (all 
features) further demonstrate a stable generalization, as shown 
in Table II. The model achieves a mean accuracy of 0.9063 and 
a mean macro F1-score of 0.8906, indicating robust 
generalization and balanced class-wise performance. 

TABLE II.  ACCURACY AND MACRO-AVERAGED F1-
SCORE ACROSS 5-FOLD STRATIFIED CROSS-VALIDATION 

Fold to Accuracy Macro F1-score 

1 0.8917 0.8608 
2 0.8500 0.8209 
3 0.9076 0.8991 
4 0.9412 0.9351 
5 0.9412 0.9371 

Mean 0.9063 0.8906 

 

C. Comparison with State-of-the-Art Methods 

This work reassessed representative handcrafted methods 
under a unified multi-source and multi-class experimental 
setting. Feature extraction schemes from previous studies were 
adopted as originally reported, preserving the original feature 
definitions and parameter configurations, including image re-
annotation by three retinal specialists, preprocessing, Assisted-
ROI localization, feature standardization, 5-fold stratified 
cross-validation, and SVM-RBF classification uniformly 
applied across all methods to ensure a fair comparison.  

As shown in Table III, prior SOTA methods exhibit notable 
performance degradation when re-evaluated on the same 
combined multi-source dataset under an identical unified multi-
class experimental protocol. Hu Moments [11] show limited 
robustness under the unified setting (0.5192 accuracy, 0.4936 
macro F1-score). PHOG and entropy features [12] achieve 
moderate performance (0.6300 accuracy, 0.5944 macro F1-



Engineering, Technology & Applied Science Research Vol. 16, No. 2, 2026, 33722-33727 33726  
 

www.etasr.com Refialy et al.: Hybrid Handcrafted Feature Extraction Combined with an Assisted Region of Interest … 

 

score) but exhibit class imbalance. The hybrid 
Mean+Range+GLCM+CHKM descriptors [14] provide 
improved results (0.6918 accuracy, 0.6200 macro F1-score), 
but remain insufficient for reliable Dry-Wet AMD 
discrimination. The multi-descriptor approach in [13] performs 
better (0.8207 accuracy, 0.7743 macro F1-score). In contrast, 
the proposed approach achieves the highest performance, 
reaching 0.9063 accuracy and 0.8906 macro F1-score. This 
margin substantiates the methodological contribution of 
Assisted-ROI standardization and hybrid handcrafted feature 
fusion for robust multi-class AMD classification under 
heterogeneous multi-source conditions. 

TABLE III.  COMPARISON OF REPRESENTATIVE SOTA 
METHODS AND THE PROPOSED APPROACH 

Feature extraction method Acc Macro F1 

Hu Moments [11] 0.5192 0.4936 
PHOG & Enthropy [12] 0.6300 0.5944 

RLBP + HoG + GMH ++ CDH + SDH [13] 0.8207 0.7743 
Mean+Range + GLCM  + CHKM [14]  0.6918 0.6200 

LBP_RIU + GLCM + Color Moments  

(proposed) 0.9063 0.8906 

 
As shown in the confusion matrix (Figure 4), the proposed 

pipeline (Assisted-ROI + hybrid handcrafted features + SVM-
RBF) achieves 90.63% accuracy, consistent with the cross-
validation summary. Correct predictions dominate the diagonal 
for all classes, with Normal showing the highest separability 
(281/287 correctly classified), which is clinically plausible 
because non-AMD images typically lack macula-centered 
abnormalities that drive discriminative texture and color-
intensity statistics. The remaining errors are mainly 
concentrated in Dry-Wet confusion (Dry→Wet: 12; Wet→Dry: 
17). This pattern is clinically reasonable, as Dry and Wet AMD 
can share overlapping macular appearance in color fundus 
images (e.g., drusen-related changes and pigmentary 
alterations), while neovascular activity may be subtle in a 
single image and further affected by cross-dataset variability in 
illumination and field-of-view. From a methodological 
perspective, Assisted-ROI reduces background-driven feature 
dilution by standardizing macular sampling, and the hybrid 
descriptors LBP-RIU (local texture), RGB color moments 
(color-intensity statistics), and Haralick/GLCM (second-order 
texture) jointly enhance separability; however, borderline 
presentations and acquisition heterogeneity can still lead to 
residual Dry-Wet ambiguity. 

 
Fig. 4.  Confusion matrix of the proposed method for multi-class AMD 
classification. 

These results support a multi-component representation 
(local texture + supporting texture + color) for improving fine-
grained AMD classification on aggregated multi-source fundus 
data. The proposed method demonstrates competitive 
performance against state-of-the-art approaches and exhibits 
consistent class-wise behavior as reflected in the confusion 
matrix analysis, but practical applicability also requires careful 
consideration of computational efficiency. To address this 
aspect, a quantitative comparison of computational cost 
between the proposed handcrafted pipeline and a modern 
CNN-based baseline is summarized in Table IV. 

As summarized in Table IV, the proposed handcrafted 
pipeline achieves an accuracy of 0.9063 and a macro F1-score 
of 0.8906, which are comparable to the end-to-end ResNet18 
baseline (0.9012 accuracy and 0.8750 macro F1-score). 
However, despite GPU acceleration, the ResNet18 baseline 
incurs substantially higher computational cost, requiring 682.54 
s for full cross-validation and 50.81 ms per-image inference. In 
contrast, the CPU-based handcrafted pipeline completes the 
entire end-to-end evaluation, including feature extraction and 
5-fold cross-validation, in 96.57 s, corresponding to an 
approximately ×7 reduction in total cross-validation time and 
over ×1000 faster per-image inference. These results indicate 
that, even when compared with a GPU-accelerated end-to-end 
CNN, the proposed handcrafted framework maintains 
comparable classification performance with a markedly 
reduced computational footprint, supporting its suitability for 
deployment in resource-constrained screening settings. 

TABLE IV.  PERFORMANCE AND COMPUTATIONAL COST COMPARISON BETWEEN THE PROPOSED METHOD AND A RESNET18 
BASED CNN BASELINE EVALUATED UNDER THE SAME 5-FOLD CROSS-VALIDATION PROTOCOL 

Method Hardware Accuracy Macro F1 Training  fold (s) 
Inference time/ 

Image (ms) 
Total CV time (s) 

Handcrafted (Proposed) CPU 0.9063 0.8906 0.02 0.044 96.57 
CNN (ResNet18) GPU (CUDA) 0.9012 0.8750 130.02 50.81 682.54 

 

IV. CONCLUSION 

This study demonstrates that anatomically consistent 
macular sampling is critical for robust handcrafted-feature 
learning on heterogeneous multi-source fundus data. An 
Assisted-ROI protocol was introduced to standardize the 
macular region, and complementary descriptors (LBP-RIU, 

selected Haralick/GLCM features, and RGB color moments) 
were fused at the feature level and classified using an SVM-
RBF. Under 5-fold stratified cross-validation, the proposed 
pipeline achieved an accuracy of 0.9063 and a macro-F1 of 
0.8906, outperforming both full-fundus (No ROI) and 
automatic OD-guided ROI baselines under identical 
downstream settings. Fold-wise stability and confusion matrix 
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analysis indicate strong separability for Normal cases, while 
residual errors are primarily concentrated in Dry-Wet 
confusion, which is clinically plausible given overlapping 
macular appearance in borderline presentations and acquisition 
variability. Although the evaluation was conducted on a 
merged multi-source dataset with re-annotation by three retinal 
specialists to ensure consistent Dry and Wet AMD labeling, the 
absence of external validation on an independent cohort 
remains a limitation. Consequently, future work will prioritize 
validation on fully independent datasets acquired under 
different clinical conditions to further assess generalizability. 
Additionally, compact deep embeddings can be integrated with 
handcrafted features and feature selection strategies as a 
potential future extension to further enhance class-wise 
separability in multi-class AMD classification. 
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