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Abstract Diabetic retinopathy classification using fundus images increasingly relies on deep learning, 
particularly Convolutional Neural Networks (CNNs). However, the use of high-dimensional retinal images 
in the processing pipeline may increase computational requirements. This study proposes a DLSTM-121-
based approach for diabetic retinopathy classification by applying Principal Component Analysis (PCA) to 
augmented retinal images before U-Net-based segmentation. The main methodological contribution is the 
placement of PCA before the segmentation stage, allowing dimensionality reduction to be performed 
before the images are processed by the subsequent segmentation and classification models. DLSTM-121 
combines DenseNet-121 and Long Short-Term Memory (LSTM) to extract spatial features and model 
dependencies among the extracted features. The proposed pipeline consists of data augmentation, PCA, 
U-Net-based retinal image segmentation, and DLSTM-121 classification. Four PCA configurations using 25, 
50, 75, and 100 principal components were evaluated. The results showed that 75 principal components 
retained approximately 99% of the image information and achieved the best classification performance, 
with 96.92% accuracy, 100% sensitivity, 86.67% specificity, 98.18% F1-score, and 99% AUC. This 
configuration required 1,435.59 s of training time and 261.76 MB of peak GPU memory, compared with 
1,456.18 s and 232.41 MB for the configuration without PCA. The inference times were 177.22 and 173.20 
ms/image, respectively, while both configurations required 12.713 GFLOPs. These results demonstrate that 
PCA can reduce the dimensionality of the retinal image representation while maintaining high classification 
performance. The study used 129 retinal images from a single dataset, which limits the generalizability of 
the findings. Future research should evaluate the proposed approach using larger and more diverse retinal 
datasets. 

Keywords: Diabetic Retinopathy; Deep Learning; Health Risk; Innovation, PCA

I. Introduction 

Diabetic retinopathy (DR) is a complication of diabetes 
that causes damage to the retinal blood vessels and is 
one of the major causes of visual impairment 
worldwide. According to the World Health 
Organization, 422 million people have diabetes, and 
approximately 35% develop DR [1][2][3]. Early 
identification of retinal abnormalities is important to 
support timely treatment and prevent disease 
progression. Retinal fundus images provide visual 
information that can be used for automated DR 

detection and classification [4]. With the development 
of deep learning, convolutional neural networks 
(CNNs) have been widely applied to retinal image 
classification because of their ability to automatically 
learn discriminative image features  [5][6][7].  
DenseNet-121 is one CNN architecture that has 
demonstrated effectiveness in medical image 
classification. Its dense connectivity enables feature 
reuse and facilitates the extraction of rich spatial 
representations [8]. 

Several studies have applied DenseNet-121 to 
diabetic retinopathy classification. Mohanty et al. [9] 
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achieved an accuracy of 97.30%, while Das and 
Majumder [10] reported an accuracy above 92%. 
However, these studies reported accuracy but did not 
comprehensively evaluate other metrics, such as 
sensitivity, specificity, and F1-score. Another study 
reported 79% accuracy using DenseNet-121 for 
diabetic retinopathy classification [11]. Although these 
results demonstrate the capability of DenseNet-121 to 
extract spatial features, CNN-based architectures do 
not explicitly model sequential dependencies among 
feature representations [12].  Long Short-Term 
Memory (LSTM) provides a mechanism to model 
sequential dependencies and retain relevant 
information through its memory structure 
[13][14][15][16]. LSTM has also been applied to retinal 
fundus image classification. Rahul [17] reported an 
accuracy of 76% using LSTM for diabetic retinopathy 
classification, whereas Palaniswamy and Vellingiri [18] 
achieved an accuracy of 99%, with sensitivity and 
specificity of 94%, for four-class classification. 
However, LSTM is not specifically designed to extract 
spatial image features as effectively as CNN-based 
architectures. The complementary characteristics of 
DenseNet-121 and LSTM therefore provide a basis for 
combining spatial feature extraction and sequential 
dependency modeling in a hybrid architecture, referred 
to in this study as DLSTM-121. Although combining 
DenseNet-121 and LSTM can provide complementary 
feature learning, processing retinal images with high-
dimensional representations through a hybrid deep 
learning architecture can increase computational 
requirements. The computational burden may be 
reflected in training time, memory consumption, and 
other computational requirements. This issue becomes 
particularly relevant when computational resources are 
limited. Therefore, reducing the dimensionality of the 
retinal image representation is an important 
consideration for controlling the computational burden 
while retaining information relevant to classification. 

Principal Component Analysis (PCA) is a 
dimensionality reduction technique that transforms 
high-dimensional data into a smaller number of 
principal components while retaining the dominant 
variance [19][20]. Previous studies have incorporated 
PCA into diabetic retinopathy classification using 
different approaches, including ResNet [21], VGG-Net 
[22], deep neural networks [23], and SIFT [24]. Saeed 
et al. [21] reported sensitivity and specificity above 90% 
using PCA with ResNet, while Mateen et al. [22] 
achieved 92.21% accuracy using PCA with VGG-Net. 
Gadekallu et al. [23] obtained accuracy, sensitivity, and 
specificity of 90.07%, 87%, and 91%, respectively, 
using PCA with a deep neural network. Mansour [24] 
reported accuracy, sensitivity, and specificity of 
91.03%, 97%, and 89%, respectively, using PCA with 
SIFT. These studies demonstrate the application of 
PCA in retinal image classification; however, they 

employ classification frameworks different from the 
DLSTM-121 approach considered in this study. In 
addition to dimensionality reduction, the representation 
of retinal vascular structures is important for diabetic 
retinopathy analysis. Because DR is associated with 
retinal vascular abnormalities, retinal blood vessel 
segmentation can provide a more focused 
representation of vascular structures in fundus images. 
By separating vascular structures from other retinal 
regions, segmented vessel images can provide a 
targeted representation for subsequent feature 
extraction and classification. However, integrating 
PCA-based dimensionality reduction before retinal 
blood vessel segmentation with a DenseNet-121–
LSTM hybrid architecture has not been sufficiently 
investigated. In particular, the relationship between the 
number of retained principal components, 
computational requirements, and subsequent 
classification performance within this processing 
pipeline remains to be examined. 

Thus, although DenseNet-121–LSTM architectures 
can jointly model spatial and sequential characteristics, 
they do not directly address the computational burden 
associated with processing high-dimensional retinal 
image representations, particularly under limited 
computational resources. In addition, the integration of 
dimensionality reduction before retinal blood vessel 
segmentation with DLSTM-121 classification has not 
been sufficiently investigated. Therefore, to address 
this problem, this study aims to develop a DLSTM-121-
based classifier combined with Principal Component 
Analysis (PCA) for diabetic retinopathy classification 
using segmented retinal blood vessel images. The 
contributions of this study are 1) applying data 
augmentation and PCA before retinal blood vessel 
segmentation to obtain a more compact retinal image 
representation, 2) evaluating 25, 50, 75, and 100 
principal components to investigate their effects on 
classification performance and computational 
requirements, 3) incorporating retinal blood vessel 
segmentation to provide a focused representation of 
retinal vascular structures, and 4) developing DLSTM-
121 by combining DenseNet-121 and LSTM to 
integrate spatial feature extraction and sequential 
dependency modeling for diabetic retinopathy 
classification. To achieve this, the augmented retinal 
images were processed using different PCA 
configurations and subsequently subjected to retinal 
blood vessel segmentation. The resulting segmented 
retinal blood vessel images were then classified using 
DLSTM-121. Classification performance was 
evaluated using accuracy, sensitivity, specificity, F1-
score, and Cohen's kappa, while computational 
requirements were assessed using the corresponding 
computational measures. 
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This study is structured as follows: Section II 
discusses the dataset, preprocessing procedures, 
PCA, retinal blood vessel segmentation, DLSTM-121 
architecture, and experimental procedures. Section III 
presents the results of PCA dimensionality, 
computational requirements, and diabetic retinopathy 
classification performance. Section IV discusses the 
results, compares the proposed approach with 
previous studies, and presents the limitations of the 
study. Section V concludes the study by summarizing 
the main findings and discussing future work. 

 

II. Method 

A. STARE Dataset 

The STARE (Structured Analysis of the Retina) dataset 
was developed as part of a retinal image analysis 
project initiated by Michael Goldbaum, M.D., at the 
University of California, San Diego, and is publicly 
available through the STARE project website. The 
dataset contains retinal fundus images with a 
resolution of 700 × 605 pixels in PPM format [25][26]. 
The STARE dataset contains 400 retinal fundus 
images with various diagnostic conditions, including 
Normal, background diabetic retinopathy (BDR), 
proliferative diabetic retinopathy (PDR), hypertensive 
retinopathy (HR), branch retinal vein occlusion, central 
retinal vein occlusion, arteriosclerotic retinopathy, 
macroaneurysm, and other retinal diseases. In this 
study, 129 original retinal fundus images were selected 
based on the diagnosis-code annotations provided in 
the STARE dataset. The selected images consisted of 
36 Normal images, 70 BDR images, and 23 PDR 
images. For the diabetic retinopathy (DR) classification 
task, BDR and PDR were combined into a single DR 
class, resulting in 93 DR images, while the remaining 
36 images were categorized as Normal. In addition, 20 
images with manually annotated vessel masks were 
used for the vessel segmentation task. Fig. 1 shows 
retinal images from the STARE dataset with the 
segmented vessels of a retinal image. 

B. Affine Scaling 

In the preprocessing stage, retinal images from the 
STARE dataset, originally with a resolution of 700 × 
605 pixels, were resized to meet the model input 
requirement of 336 × 336 pixels. This process was 
initiated by determining the scaling factor using an 
affine scaling approach. The scaling factor was 
computed by comparing the ratio between the target 
input dimensions and the original image dimensions 
along each axis using Eq. (1) [27]: 

𝒔 = 𝐦𝐢𝐧(
𝑯𝒕𝒂𝒓𝒈𝒆𝒕

𝑯𝒊𝒏𝒑𝒖𝒕
,
𝑾𝒕𝒂𝒓𝒈𝒆𝒕

𝑾𝒊𝒏𝒑𝒖𝒕
) (1) 

where 𝐻𝑖𝑛𝑝𝑢𝑡 and 𝑊𝑖𝑛𝑝𝑢𝑡 denote the height and width of 

the original image, while 𝐻𝑡𝑎𝑟𝑔𝑒𝑡  dan 𝑊𝑡𝑎𝑟𝑔𝑒𝑡  represent 

the height and width of the target input. The variable s 

corresponds to the scaling factor applied during 
resizing. The smaller ratio was selected to ensure that 
the entire image fits within the target dimensions 
without cropping. The obtained scaling factor is used to 
resize the original image using Eq. (2) and Eq. (3) [27]: 

𝐻𝑛𝑒𝑤 = 𝐻𝑖𝑛𝑝𝑢𝑡 ∗ 𝑠 (2) 

𝑾𝒏𝒆𝒘 = 𝑾𝒊𝒏𝒑𝒖𝒕 ∗ 𝒔 (3) 

𝐻𝑛𝑒𝑤 and 𝑊𝑛𝑒𝑤  denote the height and width of the 

image after the resizing process, respectively. The 
results of this calculation indicate that the image height 
matches the target size of 336 pixels, while the image 
width remains 290 pixels. Since the scaling process 
preserves the aspect ratio, the shape of the objects in 
the image does not undergo any alteration or distortion, 
such as stretching or compression. To match the 
required input size, padding was applied along the 
width dimension to compensate for the missing pixels 
until it reached 336 pixels. The padding value was 
determined based on the absolute difference between 
the target width and the resized width using Eq. (4) [27]: 

𝑝𝑎𝑑 =
|𝐻𝑛𝑒𝑤 − 𝑊𝑛𝑒𝑤|

2
 (4) 

where 𝑝𝑎𝑑 represents the size of the padding to be 

applied. The size is symmetrically divided into 23 pixels 

  
(a) (b) 

  
(c) (d) 

Fig. 1. Representative STARE retinal images and 
corresponding vessel segmentation masks: (a) 
normal retinal image, (b) abnormal retinal image, 
(c) segmented vessels from a normal image, and 
(d) segmented vessels from an abnormal image 
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on the left side and 23 pixels on the right side. Padding 
is performed using the zero-padding method, which 
involves adding zero-valued pixels to the additional 
regions. Consequently, the final image size becomes 
336 × 336 pixels without altering the essential 
information, while preserving the original aspect ratio of 
the image used as the input. All affine scaling 
processes are shown in Fig. 2. 

C. Enhancement of Image Quality 

Image quality enhancement is needed to increase the 
accuracy of segmentation of the DR classification 
results on retinal images. This study applies the green 
channel of the image and contrast-limited adaptive 
histogram equalization (CLAHE) to enhance image 
contrast. In Fig. 3, the resulting images in each image 
channel have different contrasts. The red channel 
produces images with the brightest contrast. The blue 
channel has the lowest contrast, resulting in darker 
images. The green channel produces images with the 

best contrast. In this study, images from the green 
channel were selected to be contrast-enhanced using 
CLAHE so that the resulting images are expected to 
have good quality with appropriate contrast intensity.  
CLAHE operates on local regions of an image, 
commonly referred to as tiles, by limiting the histogram 
within each region to control excessive contrast 
enhancement. The clip limit is determined based on the 
tile area, the number of gray levels, the clip factor, and 
the maximum allowable slope, as shown in Eq. (5) [28]: 

𝐸 =
𝑀

𝑁
(1 +

𝛼

100
(𝑆𝑚𝑎𝑥 − 1) (5) 

where 𝐸 represents the clip limit, M represents the area 

of the tile, 𝑁 represents the number of gray levels, 𝛼 

represents the clip factor, and 𝑆𝑚𝑎𝑥  represents the 

maximum allowable slope. The histogram values in 
each tile are clipped according to the calculated clip 
limit, and the adjacent tiles are subsequently combined 
using bilinear interpolation. 

D. Dataset Splitting 

After image preprocessing, including affine scaling and 
CLAHE enhancement, the 129 original retinal fundus 
images were divided into training, testing, and 
validation subsets using an 80:10:10 ratio. Accordingly, 
103 images were assigned to the training set, 13 
images to the testing set, and 13 images to the 
validation set. The training set consisted of 29 Normal, 
57 BDR, and 17 PDR images. The testing set consisted 
of 3 Normal, 7 BDR, and 3 PDR images, while the 
validation set consisted of 4 Normal, 6 BDR, and 3 PDR 
images. For the DR classification task, BDR and PDR 
were considered as the DR class. 

E. Data Augmentation 

Implementation of data augmentation can increase the 
amount of data available for the training model without 
requiring new data. Data augmentation can increase 

 
Fig. 2. Affine scaling and zero-padding procedure used to resize retinal fundus images to 336 × 336 pixels 
while preserving the original aspect ratio. 

 

 

 

 
Fig. 3. CLAHE-based contrast enhancement of 
retinal images in the red, green, and blue color 
channels. 
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the number of training samples without losing semantic 
information and allows image data to be free from bias. 

Generally, bias occurs because of the similarity 
between the image data [8]. Bias can be overcome by 
making basic modifications to the image, such as 
random rotation and flipping [5]. Fig. 4 presents an 
illustration of the data augmentation process on retinal 
images, and the image is modified by rotating and 
flipping. Image rotation is performed with random 
clockwise angles. In Fig. 4a, the image rotation results 
are given with angular displacements of 90°, 180°, and 
270°. Image flipping was performed vertically and 
horizontally in Fig. 4b. Data augmentation was 
subsequently applied only to the training set, while the 
validation and testing sets retained the original images 
without augmentation. This procedure was 
implemented after the dataset was divided into training, 
validation, and testing subsets to prevent data leakage 
and ensure that no augmented version of an image in 
the training set was introduced into the validation or 
testing sets. By restricting augmentation to the training 
data, the validation and testing sets remained 
independent and could provide an unbiased evaluation 
of the model's generalization performance. 

F. Dimension Reduction using PCA 

Principal component analysis (PCA) is a multivariate 

analysis method used to reduce data dimensions, 

support big data visualization, image compression, data 

mining, machine learning, and monitoring processes 

[29]. In the PCA process, input image data are converted 

into a high-dimensional feature space [30]. Based on 

mathematical calculations, the PCA process is 

conducted by reducing the number of 𝑛-dimensional 

feature spaces to 𝑘–dimensional (𝑘 < 𝑛). 𝑘-dimensional 

feature space is a new orthogonal feature called a 

principal component (PC) from the reconstruction of the 

𝑛–dimensional feature space [31]. In this study, PCA 

was applied only to the training data after dataset 

splitting and data augmentation to reduce the 

dimensionality of the retinal images before the U-Net 

segmentation process. PCA can be performed using the 

following steps: 

1. Data Standardization  

The data-standardization process can avoid the 
influence of different feature-space dimensions [32]. 
shows the Data standardization Eq. (6) [33]. 

𝑧𝑖𝑗 =
𝑥𝑖𝑗 − 𝑥̅𝑗

𝜎𝑗
 (6) 

where 𝑥𝑖𝑗 is the input image data entry, 𝑥̅𝑗 is the 

average value of the 𝑗-feature space, 𝜎𝑗 is the standard 

deviation of the 𝑗-feature space, and dan 𝑧𝑖𝑗 is new 

entry data. Matrix entries obtained from the 
standardization process are entered into the data 
standardization result matrix (𝑍). 

2. Covariance Matrix 

The covariance matrix is a symmetrical square matrix of 

order 𝑛 × 𝑛. Eq. (7) shows the covariance matrix [34]: 

𝑪 = 

[
 
 
 
 

𝝈𝟏𝟏
𝟐 𝑪𝒐𝒗(𝒁𝟏, 𝒁𝟐) ⋯ 𝑪𝒐𝒗(𝒁𝟏, 𝒁𝒋)

𝑪𝒐𝒗(𝒁𝟐, 𝒁𝟏) 𝝈𝟐𝟐
𝟐 ⋯ 𝑪𝒐𝒗(𝒁𝟐, 𝒁𝒋)

⋮ ⋮ ⋱ ⋮
𝑪𝒐𝒗(𝒁𝒊, 𝒁𝟏) 𝑪𝒐𝒗(𝒁𝒊, 𝒁𝟐) ⋯ 𝝈𝒊𝒋

𝟐
]
 
 
 
 

 
(7) 

3. Eigen Values and Eigenvectors 

Eigenvalues and eigenvectors are important factors in 

determining the number of principal components, which 

can be calculated using Eq. (8) [33].  

𝐶𝑣 = 𝜆𝑣 (8) 

where 𝜆 is the eigenvalue, and 𝒗 is the eigenvector. 

The obtained eigenvalues are sorted from the largest 
eigenvalues [32]. 

4. Principal Component 

The number of principal components (PC) retained in 

the retinal image is determined by calculating the PC 

matrix and cumulative proportion using Eq. (9) and Eq. 

(10) [32]. 

𝑃𝐶 = 𝑍𝑇𝑉 (9) 

𝑃𝑘(𝑃𝐶𝑖) =
𝜆𝑖

∑ 𝜆𝑖
𝑚
𝑖=1

 (10) 

where 𝑖 = 1,2,… ,𝑚, 𝜆𝑖 is the eigenvalue of the 𝑖, 
𝑃𝑘(𝑃𝐶𝑖) is the cumulative proportion of the 𝑖, 𝑍𝑇 is the 

data standardization transpose matrix, 𝑉 is the 

eigenvector matrix, and 𝑃𝐶 is the principal component 

matrix. For the training data, PCA was performed by 
first standardizing the retinal image data using Eq. (6). 
The standardized training data were then used to 
construct the covariance matrix, as shown Eq. (7). 
Based on the covariance matrix, the eigenvalues and 
eigenvectors were calculated using Eq. (8), and the 
number of principal components was determined using 
Eq. (9) and Eq. (10). Finally, the dimensionality of the 
training images was reduced based on the retained 

  
(a) (b) 

Fig. 4. Examples of training-data augmentation: (a) 
retinal image rotation at different angles and (b) 
vertical and horizontal image flipping. 
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principal components. The resulting reduced images 
were subsequently used as input to the U-Net 
segmentation model. Fig. 5 shows a series of image 
dimension reduction processes using PCA. 

G. Image Segmentation using U-Net 

In the segmentation process, the image is divided into 
several regions, such that the pixels contained in one 
region have the same characteristics. In retinal images, 
the image is divided into two regions: retinal blood 
vessels and the background [35]. The retinal image 
segmentation process is conducted by applying a 
modified CNN network that resembles a U-shape, 
namely, U-Net. U-Net can perform end-to-end image 
segmentation through encoder and decoder lines [36]. 
Fig. 6 presents the proposed U-Net architecture for 
image segmentation. The U-Net produces a binary 
segmented image containing retinal blood vessels and 
background. The segmented vessel image is used as 

the input for DR classification. In this study, the retinal 
blood vessel representation refers to the visual 
information contained in the segmented vessel 
structures rather than manually extracted features such 
as vessel diameter, tortuosity, or branching patterns. 
Abnormalities in retinal blood vessel structures can 
provide information related to the presence of diabetic 
retinopathy. Therefore, the proposed method focuses 
on the information contained in retinal blood vessels for 
DR classification. The main operations in the proposed 
U-Net architecture consist of convolution, batch 
normalization (BN), ReLU activation, and pooling. The 
convolution operation extracts spatial features from the 
input feature map and is defined as Eq. (11) [37]: 

𝒀𝒊𝒋 = ∑ ∑ 𝑷(𝒊+𝒎−𝟏)(𝒋+𝒏−𝟏)𝑲𝒎𝒏 + 𝒃

𝑵

𝒏=𝟏

𝑴

𝒎=𝟏

 (11) 

where 𝑃𝑖𝑗 is the input matrix (such as a feature map), K 

is the filter matrix or convolution kernel, 𝑏 is the bias, 

and 𝑌𝑖𝑗 represents the generated feature maps at 

spatial location 𝑖𝑗. BN is applied to normalize the 

feature maps after convolution and improve the stability 
of the training process. The BN operation is formulated 
as Eq. (12), Eq. (13), and Eq. (14) [38]: 

𝜇𝑖𝑗 =
1

|𝐵𝑖𝑗|
∑ 𝑌𝑖𝑗

𝑌𝑖𝑗∈𝐵𝑖𝑗

 (12) 

𝜎𝑖𝑗
2 =

1

|𝐵𝑖𝑗|
∑ (𝑌𝑖𝑗 − 𝜇𝑖𝑗)

2

𝑌𝑖𝑗∈𝐵𝑖𝑗

 (13) 

𝐷𝑖𝑗 = 𝛾𝑖𝑗

𝑌𝑖𝑗 − 𝜇𝑖𝑗

√𝜎𝑖𝑗
2 + 𝜀

+ 𝛽𝑖𝑗 (14) 

where 𝐵𝑖𝑗 denotes the set of input activations 

considered for batch normalization at layer 𝑖𝑗, 𝑌𝑖𝑗 

 
Fig. 5. PCA-based dimensionality-reduction 
workflow for retinal images, including 
standardization, covariance computation, 
eigenvalue–eigenvector decomposition, principal-
component selection, and image reconstruction. 

 

 

 

 

 

 
Fig. 6. Proposed U-Net architecture for retinal blood-vessel segmentation, showing the encoder, decoder, 
skip connections, and segmentation output. 
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represents an input activation, and |𝐵𝑖𝑗| denotes the 

number of activations used to calculate the batch 
statistics. The variables 𝜇𝑖𝑗 and 𝜎𝑖𝑗

2 denote the mean 

and variance of the input activations, respectively. The 
parameter 𝜀 is a small constant introduced to prevent 
numerical instability, while 𝛾𝑖𝑗 and 𝛽𝑖𝑗 are learnable 

scale and shift parameters, respectively.  Following 

batch normalization, the feature maps pass through the 
ReLU activation function to introduce non-linearity into 
the network. The ReLU activation function is defined as 
Eq. (15) [37]: 

𝑅𝑖𝑗 = 𝑅𝐸𝐿𝑈(𝐷𝑖𝑗) = max(0, 𝐷𝑖𝑗) (15) 

where 𝑌𝑖𝑗 denotes the BN output at spatial position 𝑖, 𝑗, 

and 𝑅𝑖𝑗 represents the activated feature map. The 

activated feature maps are subsequently processed 
using max pooling to reduce their spatial dimensions 
while retaining the most prominent features. The max 
pooling operation is defined as Eq. (16) [37]: 

𝐹𝑖𝑗 = max
(𝑚,𝑛)∈𝑊

𝑅(𝑖+𝑚,𝑗+𝑛) (16) 

where 𝑅 denotes the feature map obtained after ReLU 

activation, 𝐹𝑖𝑗 represents the max-pooled feature at 

spatial position 𝑖𝑗, and 𝑊 denotes the pooling window. 

The segmentation performance is evaluated using Dice 
Loss, which measures the overlap between the 
predicted retinal vessel segmentation and the ground-
truth mask. The Dice Loss is formulated as Eq. (17) 
[39]: 

ℒ𝐷𝐼𝐶𝐸 = 1 −
2 ∑ 𝐺𝑖𝑃𝑖

𝑁
𝑖=1

∑ 𝐺𝑖
𝑁
𝑖=1 + ∑ 𝑃𝑖

𝑁
𝑖=1

 (17) 

where 𝐺𝑖 represents the ground-truth value of pixel 𝑖, 
𝑃𝑖denotes the predicted segmentation value at pixel 𝑖, 
and 𝑁 is the total number of pixels. Binary Cross-

Entropy (BCE) also measures the pixel-wise difference 
between the predicted segmentation and the ground 
truth. The BCE loss is defined as Eq. (18) [39]: 

ℒ𝐵𝐶𝐸 = −
1

𝑁
∑ [𝐺𝑖 ln(𝑃𝑖) + (1 − 𝐺𝑖) ln(1 − 𝑃𝑖)]

𝑁

𝑖=1
 (18) 

where 𝐺𝑖 is represents the ground-truth label and 𝑃𝑖 

denotes the predicted probability for pixel 𝑖. 

H. Classification with DLSTM-121 

At the classification stage, the segmented retinal blood 
vessel image is the input to DenseNet-121, which 
extracts deep spatial feature maps; the resulting 
feature representation is then transformed into a 
feature vector and processed by the LSTM component. 
Therefore, the features modeled by LSTM are deep 
features extracted from the segmented vessel 
representation, rather than manually extracted 
vascular descriptors. Preprocessing was applied to the 
retinal images to maximize the performance of the 
proposed method for classification. A series of 
preprocessing stages has been conducted, including 
image quality enhancement, data augmentation, 
dimension reduction using PCA, and image 
segmentation using U-Net. The proposed DR 
classification method was designed using CNN and 
RNN architectures. For the CNN, the proposed method 
used DenseNet-121. For the RNN, the proposed 
method used an LSTM architecture. The data training 

 
Fig. 7. Proposed DLSTM-121 architecture for diabetic retinopathy classification using DenseNet-121 
feature extraction and LSTM-based dependency modeling. 
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process began with training the DenseNet-121 
architecture, which had three main blocks. The dense 
block had four parts; each part was repeated 6, 12, 24, 
and 16 times, and each dense block was connected by 
a transition block. After training the DenseNet-121 
architecture, the training process continued on the 
LSTM architecture. The feature map generated by 
DenseNet-121 was reorganized into an ordered spatial 
sequence before being provided as input to the LSTM 
architecture. The output of the LSTM architecture can 
be transformed into a 1×1 matrix using global average 
pooling. The final stage of classification was performed 
in the fully connected layer by applying the sigmoid 
activation function to determine the state of the retinal 
image. DR classification is performed by determining 
the state of the retinal image based on two classes, 

namely, retinal images that are in the normal class and 
retinal images that are classified as having DR 
disorders. Fig. 7 shows all steps of the proposed 
method for DR classification. Fig. 7 has three main 
blocks in DenseNet-121: the initial, dense, and 
transition blocks. 

Fig. 8 presents a series of DenseNet-121 
operations performed on each block for DR 
classification. In Fig. 8, the DenseNet-121 architecture 
begins with the initial block, which first performs the 
zero-padding technique. The zero-padding technique 
can equalize image size by adding zero entries around 
the input matrix [40]. After equalizing the image size, a 
two-dimensional convolution operation was performed 
with a 7×7 input. The results of Conv2D can be 
normalized using batch normalization (BN) data, 
followed by the application of the ReLU activation 
function to eliminate negative values in the input matrix 
entries [40]. The pooling operation was performed to 
maintain the highest matrix entry via MaxPooling2D 
with a 3×3 input. In a dense block, two-dimensional 
convolution operations are performed with a 3×3 input 

to extract image features and a 1×1 input to change the 
filter size [41]. BN, ReLU, and Conv2D were performed 
sequentially and were repeated twice. Merging of 
image features uses the concatenation of a series of 
operations on dense blocks and can be passed into the 
transition block. Inside the transition block, a two-
dimensional convolution operation was performed with 
only a 1×1 input. The same operation on the dense 
block is performed on the transition block, but only 
once. A pooling operation retrieved the average matrix 
entry via AveragePooling2D with a 2×2 input at the end 
of the transition block.  

After performing a series of operations on the dense 
blocks and transition blocks, the feature map 
generated by DenseNet-121 was reorganized into an 
ordered spatial sequence before being provided as 
input to the LSTM architecture. The resulting feature 
map is 10 × 10 × 1024, where 10 × 10 represents the 
spatial locations, and 1024 represents the feature 
dimension at each location. Instead of converting the 

 
 

(a) (b) 

 
(c) 

Fig. 8. Main operations in the DenseNet-121 
architecture: (a) initial block, (b) dense block, and (c) 
transition block. 

 

Table 1. Configuration for Converting DenseNet-
121 Feature Maps into LSTM Input Sequences. 

Parameter Configuration 

DenseNet-121 
feature map 

10 × 10 × 1024 

Spatial locations 10 × 10 = 100 

Sequence 
representation 

100 × 1024 

Sequence length 100 

Feature dimension 1024 

Spatial ordering 
Row-major: left-to-right, top-
to-bottom 

LSTM layers 1 

LSTM units 128 

Dropout 0.5 

Sequence 
interpretation 

Ordered spatial regions, not 
temporal observations 
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feature map into a single 102400-dimensional vector, 
the 10 × 10 spatial locations were arranged into 100 
sequence elements, resulting in a representation of 
100 × 1024. The spatial locations were ordered using a 
row-major arrangement, in which the features were 
read from left to right within each row and then 
continued from the top row to the bottom row. 
Therefore, the sequence length provided to the LSTM 
was 100, with 1024 features for each sequence 
element. The sequence does not represent temporal 
observations but an ordered arrangement of spatial 
regions extracted from the feature map. This 
arrangement allows the LSTM to process the spatial 
feature representations sequentially and retain 
information from previously processed regions through 
its hidden and cell states. The resulting feature-map 
conversion and LSTM input configuration are 
summarized in Table 1.  

As shown in Table 1, the 10 × 10 × 1024 feature 
map is converted into a sequence of 100 spatial 
regions, with 1024 features for each region. The 
sequence is arranged using row-major ordering and is 
processed by one LSTM layer with 128 units and a 
dropout rate of 0.5. Thus, the table specifies the 
configuration used to transform the spatial features 
generated by DenseNet-121 into the LSTM input 
representation. Based on this configuration, the LSTM 
receives a sequence with 100 elements, where each 
element contains 1024 features. The LSTM consists of 
one layer with 128 units and a dropout rate of 0.5. At 
each sequence step, the LSTM receives the feature 
representation of one spatial region and updates its 
hidden and cell states. This enables information from 
previously processed spatial regions to be retained 
when processing subsequent regions. Therefore, the 
LSTM is used to model dependencies among the 
spatial feature representations extracted by DenseNet-
121 rather than temporal dependencies. The LSTM 
architecture has three main gates: the forget gate, the 
input gate, and the output gate. The LSTM layer is 
given input in the form of a feature vector that has a 
hidden state vector and a cell state vector. The LSTM 
unit is implemented in hardware; therefore, the LSTM 
is made up of four gates, which are added to a 
computation gate. Each gate has a matrix and vector 
multiplication, followed by the addition of a bias vector 
and the application of the sigmoid and tanh functions. 

The LSTM computation starts by initializing the 
weight matrix of the input state and the weight matrix of 
the hidden state, where each weight matrix has a 
dimension of and the entries are randomly generated 
by the computer. The forget gate is calculated using the 
sigmoid activation function as defined in Eq. (19) [42]. 

𝑓𝑡 = 𝜎(𝑊𝑥𝑖𝑥𝑡 + 𝑊ℎ𝑓ℎ0 + 𝑏𝑓) (19) 

The weight matrix of the input state (𝑊𝑥𝑖) and the 

weight matrix of the hidden state (𝑊ℎ𝑖) are initialized 

with the same matrix. The input gate (𝒊𝒕) is calculated 

using the sigmoid function as shown in Eq. (20) [42].  

𝒊𝒕 = 𝝈(𝑾𝒙𝒄𝒙𝒕 + 𝑾𝒉𝒄𝒉𝟎 + 𝒃𝒊) (20) 

After that, the weight matrix of the input state (𝑊𝑥𝑐) and 

that of the hidden state (𝑊ℎ𝑐) are initialized to calculate 

the candidate cell state. The candidate cell state vector 
(𝒄̃𝒕) is obtained using the hyperbolic tangent function as 

formulated in Eq. (21) [42]. 
𝑐̃𝑡 = tanh(𝑊𝑥𝑐𝑥𝑡 + 𝑊ℎ𝑐ℎ0 + 𝑏𝑐) (21) 

The candidate cell state vector (𝑐̃𝑡) updated by 

combining the forget gate and the input gate. This 
process allows the model to retain relevant information 
as defined in Eq. (22) [42].  

𝑐𝑡 = 𝑓𝑡 ⊙ 𝑐0 + 𝑖𝑡 ⊙ 𝑐̃𝑡 (22) 

The weight matrix of the input state (𝑊𝑥𝑜) and the 

weight matrix of the hidden state (𝑊ℎ𝑜) are initialized to 
compute the output gate (𝒐𝒕) where is calculated using 

the sigmoid activation function as given in Eq. (23) [42]. 

𝑜𝑡 = 𝜎(𝑊𝑥𝑜𝑥𝑡 + 𝑊ℎ𝑜ℎ0 + 𝑏𝑜) (23) 

Finally, the hidden state vector (ℎ𝑡) is updated based 

on the output gate and the updated cell state. The 
hidden state update is expressed using the hyperbolic 
tangent function as shown in Eq. (24) [42]. 

ℎ𝑡 = 𝑜𝑡 ⊙ tanh(𝑐𝑡) (24) 

The hidden state vector obtained from the LSTM is 

passed to the fully connected layer to generate the 

classification score. The output of the fully connected 

layer is then transformed into a probability using the 

sigmoid activation function for binary DR classification. 

The fully connected operation is defined as Eq. (25)  

[43]: 

𝑧 = 𝑊𝑓𝑐ℎ𝑡 + 𝑏𝑓𝑐 (25) 

where ℎ𝑡 denotes the hidden state vector generated by 

the LSTM, 𝑊𝑓𝑐 represents the weight matrix, 𝑏𝑓𝑐 denotes 

the bias vector, and 𝑧 represents the classification score. 

The sigmoid function is subsequently applied to obtain 

the probability of the input retinal image belonging to the 

DR class using Eq. (26) [44]: 

𝑝̂ =
1

1 + 𝑒−𝑧
 (26) 

where 𝑝̂ is the predicted probability of the DR class. 

I. Evaluation 

The performance of the proposed method was 

evaluated using Accuracy, Precision, Sensitivity, 

Specificity, Dice coefficient, Intersection over Union 

(IoU), F1-score, and Area Under the Curve (AUC). For 

binary classification, the evaluation metrics were 

calculated based on the numbers of true positive (TP), 

true negative (TN), false positive (FP), and false 

negative (FN). Accuracy measures the proportion of 

correctly classified samples among all evaluated 

samples and is defined as Eq. (27) [45]: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (27) 

https://jeeemi.org/index.php/jeeemi
https://portal.issn.org/resource/ISSN-L/2656-8632
https://doi.org/10.35882/jeeemi.v8i4.1889
https://creativecommons.org/licenses/by-sa/4.0/


Journal of Electronics, Electromedical Engineering, and Medical Informatics  
Homepage: jeeemi.org; Vol. 8, No. 4, October 2026, pp: 1644-1664           e-ISSN: 2656-8632 

 

Manuscript received 1 July 2026; Revised 5 September 2026; Accepted 30 September 2026; Published online 25 October 2026 
Digital Object Identifier (DOI): https://doi.org/10.35882/jeeemi.v8i4.1889 
Copyright © 2026 by the authors. This work is an open-access article and licensed under a Creative Commons Attribution-ShareAlike 4.0 
International License (CC BY-SA 4.0).  

 1653               

Precision measures the proportion of correctly predicted 

positive samples among all samples predicted as 

positive using Eq. (28) [45]: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (28) 

Sensitivity measures the ability of the model to correctly 

identify positive samples using Eq. (29) [46]: 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (29) 

Specificity measures the ability of the model to correctly 

identify negative samples using Eq. (30) [45]: 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
 (30) 

The Dice coefficient measures the degree of overlap 

between the predicted segmentation mask and the 

ground-truth mask and is defined as Eq. (31) [47]: 

𝐷𝑖𝑐𝑒 =
2𝑇𝑃

2𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁
 (31) 

IoU measures the ratio between the intersection and 
union of the predicted and ground-truth regions using 
Eq. (32) [47]: 

𝐼𝑜𝑈 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁
 (32) 

The F1-score represents the harmonic mean of 

Precision and Sensitivity and is calculated as in Eq. (33) 

[45]: 

𝐹1 =
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦
 (33) 

The AUC represents the area under the Receiver 

Operating Characteristic (ROC) curve and summarizes 

the discriminative ability of the classifier across different 

classification thresholds. The ROC curve is defined by 

the relationship between the true positive rate (TPR) and 

false positive rate (FPR) using Eq. (34) and Eq. (35) [46]: 

𝑇𝑃𝑅 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (34) 

𝐹𝑃𝑅 =
𝐹𝑃

𝐹𝑃 + 𝑇𝑁
 (35) 

The AUC is then calculated as the area under the ROC 

curve using Eq. (36) [46]: 

𝐴𝑈𝐶 = ∫ 𝑇𝑃𝑅(𝐹𝑃𝑅)𝑑(𝐹𝑃𝑅)
1

0

 (36) 

where 𝑇𝑃, 𝑇𝑁, 𝐹𝑃, and 𝐹𝑁 denote true positive, true 

negative, false positive, and false negative, respectively.  

Fig. 9 shows the proposed method flowchart in the 

study. The proposed method consists of image quality 

enhancement, data augmentation, dimension reduction 

using PCA, image segmentation using U-Net, and image 

classification using DLSTM-121 architecture.  

 

III. Result 

A. Experimental Setup 

1. Segmentation Training Configuration 

The retinal vessel segmentation model was trained 

using the Adam optimizer with a learning rate of 

1 × 10−4 and a batch size of 4 for a maximum of 60 

epochs. The loss function combined Binary Cross-

Entropy and Dice Loss to improve segmentation 

performance. Model weights were initialized using the 

Normal initialization method. The segmentation model 

was trained using 20 manually annotated vessel masks 

from the STARE dataset, and training augmentation was 

applied with an augmentation factor of eight on the 

training segmentation data. Early stopping with a 

 
Fig. 9. Overall workflow of the proposed diabetic retinopathy classification framework, including 
preprocessing, PCA-based dimensionality reduction, U-Net vessel segmentation, and DLSTM-121 
classification. 
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patience of 8 epochs and the ReduceLROnPlateau 

learning-rate scheduler were employed to improve 

training stability. Model checkpointing was based on the 

minimum validation loss criterion. Performance 

evaluation was conducted using a 5-fold out-of-fold 

validation strategy, and the reported metrics included 

Dice coefficient, Intersection over Union (IoU), 

sensitivity, specificity, and 95% confidence intervals. 

2. Classification Training Configuration 

The classification model was trained using the Adam 

optimizer with an initial learning rate of 1 × 10−3, which 

was reduced to 1 × 10−5 during the fine-tuning stage. 

The model was trained with a batch size of 16 for a 

maximum of 100 epochs using the Binary Cross-Entropy 

loss function. DenseNet121 was initialized with 

ImageNet pre-trained weights and combined with a 

single LSTM layer consisting of 128 units and a dropout 

rate of 0.5. The training process used 15,000 

augmented training images, resulting in 938 steps per 

epoch. Early stopping was applied with a patience of 10 

epochs by monitoring the validation AUC, while the best 

model was selected using the maximum validation AUC 

criterion. The transfer-learning strategy consisted of an 

initial training phase with the DenseNet121 backbone 

frozen, followed by fine-tuning of the last 40 layers using 

a lower learning rate. No augmentation was applied to 

the validation and testing datasets. 

B. Data Augmentation 

This study applied augmentation techniques to increase 

the amount of image data, and PCA methods were used 

to reduce image data dimensions. Augmentation was 

performed on the STARE dataset using image flipping 

and image rotation between 0 and 360° randomly. An 

augmentation application increases the amount of data. 

Augmentation techniques can produce images different 

from those of the original image. Table 2 presents image 

augmentation results. The augmentation technique was 

then applied to the training data, increasing the number 

of training images to 15,000, while the validation and 

testing data remained unchanged. These data were 

subsequently used for retinal vessel segmentation using 

U-Net and diabetic retinopathy classification using 

DenseNet121-LSTM. 

C. Dimension Reduction and Segmentation 

Dimension reduction was performed using Principal 

Component Analysis (PCA) to obtain a more compact 

representation of the retinal images while retaining the 

main information in the data. Five configurations were 

considered, namely NoPCA, PCA25, PCA50, PCA75, 

and PCA100. NoPCA represents the original retinal 

Table 3. Examples of Retinal Images and Vessel Masks Before and After Enhancement and Data 
Augmentation. 

No. 
Original 
Image 

Image 
Enhancement 

Image 
Augmentation 

Original Mask 
Mask 

Enhacement 
Mask 

Augmentation 

1. 

      

2. 

      

3. 

      
  
 

 

 

 

 

 

Table 2. Computational Complexity and Training Configuration of the Evaluated Classification 
Architectures. 

PCA Trainable (M) Total Params (M) 
Inference 

(ms/Image) 
FLOPs (G) PCA Fit (s) PCA Size (MB) 

PCA25 1.518 7.752 194.70 13.642 0.6158 0.1265 

PCA50 1.467 7.694 185.93 13.199 0.5472 0.1128 

PCA75 1.405 7.627 177.22 12.712 0.4813 0.1003 

PCA100 1.498 7.723 188.45 13.476 0.5669 0.1169 

NoPCA 1.624 7895 205.77 14.598 0.7842 0.1548 
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images without dimensionality reduction, while the PCA 

configurations represent images reduced to 25, 50, 75, 

and 100 principal components, respectively. The results 

showed that increasing the number of principal 

components increased the amount of information 

retained in the retinal images. PCA25 retained 94.26% 

of the variance, while PCA50, PCA75, and PCA100 

retained 97.21%, 98.41%, and 99.03%, respectively. 

However, using more components also increased the 

representation size and PCA fitting time. The 

computational complexity and training configurations of 

the evaluated architectures are summarized in Table 3. 

The results show that PCA75 retained 98.41% of the 

variance with a representation size of 0.1003 MB and a 

fitting time of 0.4813 s. Compared with PCA100, which 

retained 99.03% of the variance, PCA75 lost only 0.62 

percentage points of variance while requiring a smaller 

representation size and shorter fitting time. PCA75 was 

selected for the subsequent U-Net segmentation stage. 

The segmented retinal images obtained from this stage 

were then used as input for the DLSTM-121 

classification process. The explained-variance pattern is 

also visible in Fig. 10. The curve rises sharply at the 

beginning: the first component explains about 52% of 

the variance, around 75% is reached with five 

components, and approximately 85-90% is reached 

within the first 10-15 components. After about 20 

components, the increase becomes more gradual, and 

the curve starts to level off after around 30 components. 

With 75 components, the explained variance reaches 

98.41%, indicating that most of the variation in the 

original data is already retained. Overall, the results 

show that PCA can reduce the dimensionality of the 

retinal image data while preserving most of the 

information. However, the optimal configuration should 

not be selected based solely on explained variance. 

Each PCA configuration was therefore evaluated as 

input to U-Net. The resulting segmentation performance 

is shown in Table 4. 

Table 4 shows that segmentation performance varies 

across the PCA configurations. Compared with PCA25, 

increasing the number of components to PCA50 

improves the Dice score and IoU, indicating that more 

components preserve useful vessel information. PCA75 

provides the best overall segmentation performance, 

with an accuracy of 96.92%, sensitivity of 100%, Dice of 

69.75%, and IoU of 53.72%. Compared with NoPCA, 

PCA75 improves both accuracy and Dice score. This 

improvement may reflect PCA retaining sufficient vessel 

information while removing redundant variations in the 

image representation. In contrast, PCA25 and PCA50 

may discard useful vessel-related information, while the 

additional components in PCA100 do not provide further 

segmentation benefits. PCA75 provides the most 

suitable representation for the U-Net segmentation 

stage. The training behavior of U-Net is presented in Fig. 

11.  Training and validation accuracy increase rapidly 

during the early epochs and then remain relatively stable 

at around 0.93–0.95. The training accuracy stays slightly 

above the validation accuracy, but the gap remains 

relatively small. The training and validation losses 

generally decrease over the course of training, although 

some fluctuations can be seen in the validation loss 

toward the later epochs. Overall, the similar training and 

validation curves indicate that the model maintains 

consistent segmentation performance across the two 

datasets. Precision and recall during U-Net training are 

shown in Fig. 12. Training precision reaches 

approximately 0.98, while validation precision remains 

around 0.96. Training recall is also around 0.98, with 

validation recall around 0.97. The relatively small 

 
Fig. 10. Cumulative explained variance as a 
function of the number of retained principal 
components for PCA-based dimensionality 
reduction. 

 

 Table 4. Segmentation and Classification Performance for Different Numbers of PCA Components 

PCA Accuracy (%) Sensitivity (%) Specificity (%) F1-Score (%) AUC (%) Dice (%) IoU (%) 

NoPCA 84.62 80 100 88.89 93 62.71 49.42 

PCA25 69.23 70 66.67 77.78 70 38.54 24.00 

PCA50 76.92 80 66.67 84.21 80 55.11 38.23 

PCA75 96.92 100 86.67 98.18 99 69.75 53.72 

PCA100 84.62 90 66.67 88.89 93 66 45.84 
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differences between the training and validation curves 

indicate that the model maintains similar performance 

when applied to the validation data. 

The segmentation results generally follow the main 

blood vessel patterns visible in the ground truth. The 

main vessel structures can be identified in the predicted 

masks and are also visible in the overlay images. These 

visual results support the quantitative findings in Table 

4, particularly the strong performance obtained with the 

PCA75 configuration. The results from Table 3, Fig. 11, 

Fig. 12, and Table 4 indicate that PCA75 combined with 

U-Net provides the most suitable segmentation 

configuration among those evaluated. PCA75 retains 

most of the image information while producing the 

highest segmentation performance, and the training 

curves and visual examples show that U-Net can extract 

the main retinal blood vessel structures consistently.  

D. Classification Result 

The DR classification process was performed using the 

DLSTM-121 architecture with segmented retinal images 

obtained from U-Net. Before segmentation, PCA was 

applied to the retinal images, with 75 principal 

components selected based on the previous results. The 

resulting images were processed using U-Net, and the 

segmented images were then used as input for DLSTM-

121 classification. The classification process begins with 

a 336 × 336 pixel image. Zero-padding was applied, 

followed by feature extraction using Conv2D, as shown 

in Fig. 13. The extracted features were normalized using 

batch normalization (BN) and ReLU activation, followed 

by processing through dense blocks and feature 

concatenation. Fig. 13a shows the first convolution layer 

results, while Fig. 13b shows the concatenated layer 

result in the first dense block for DR classification. The 

resulting features were then used as input to the LSTM 

layer. The combination of DenseNet-121 and LSTM 

forms the DLSTM-121 architecture. The model was 

trained for 100 epochs with 938 iterations per epoch, and 

the optimal weights were used for testing. Fig. 14 

presents the training process results. Based on Fig. 14a, 

the training accuracy increased rapidly during the early 

epochs and stabilized at approximately 0.98, while the 

  
(a) (b) 

Fig. 12. Training performance of the U-Net retinal vessel segmentation model: (a) training and validation 
accuracy and (b) training and validation loss. 

 

 

  
(a) (b) 

Fig. 11. Training performance of the U-Net retinal vessel segmentation model: (a) training and validation 
precision and (b) training and validation recall. 
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validation accuracy stabilized at approximately 0.97. 

The gap between the two curves was about 0.01, 

indicating consistent learning between the training and 

validation data. As shown in Fig. 14b, the training loss 

decreased to below 0.05 within the first 10 epochs and 

remained close to zero, while the validation loss also 

decreased and remained low with minor fluctuations. 

The relatively small difference between the training and 

validation curves suggests that no substantial overfitting 

was observed during training. 

After training, the best weights from each run were 

used to evaluate the proposed DLSTM-121 model on 13 

original retinal images, consisting of 10 DR and 3 Normal 

images, across five independent runs. The model 

correctly classified all DR images in every run, resulting 

in TP of 10.00 ± 0.00 and FN of 0.00 ± 0.00. For Normal 

images, the mean TN and FP were 2.60 ± 0.89 and 0.40 

± 0.89, respectively. These decimal values represent the 

average results across the five runs. Overall, the model 

achieved an accuracy of 96.92% ± 6.88%, sensitivity of 

100.00% ± 0.00%, specificity of 86.67% ± 29.81%, 

precision of 96.67% ± 7.45%, F1-score of 98.18% ± 

4.07%, and AUC of 99.33% ± 1.49%. The ROC curve 

moves up until it approaches 1; thus, the area under the 

ROC curve (AUC) increases and reaches 0,99, as 

shown in Fig. 15. 

 

IV. Discussion  

An ablation study was conducted to evaluate the effect 

of the classification model and PCA-based 

dimensionality reduction before U-Net segmentation. 

Five configurations were evaluated under the same 

experimental settings: LSTM with U-Net, DenseNet-

121 with U-Net, DLSTM-121 with U-Net, DenseNet-

121 with U-Net using PCA75 images, and DLSTM-121 

with U-Net using PCA75 images.  

Table 5 shows that the LSTM with U-Net 

configuration achieved the lowest overall classification 

performance, whereas DenseNet-121 and DLSTM-121 

with U-Net achieved higher performance. The Applying 

PCA75 before U-Net segmentation further improved 

classification performance. DLSTM-121 with PCA75 

achieved the highest accuracy (96.92%) and 100% 

sensitivity. Although DenseNet-121 with U-Net without 

PCA achieved the highest specificity (100%), its 

sensitivity was lower. DLSTM-121 with PCA75 also 

achieved a higher specificity than DenseNet-121 with 

PCA75 and a higher F1-score, indicating a better 

balance between DR detection and Normal-image 

classification. For AUC, DenseNet-121 with PCA75 

achieved 100%, slightly higher than the 99.33% 

  
(a) (b) 

Fig. 14. Training performance of the DLSTM-121 diabetic retinopathy classification model: (a) training and 
validation accuracy and (b) training and validation loss. 

 
 

  
(a) (b) 

Fig. 13. Examples of intermediate feature representations in the DR classification process (a) convolution 
first-layer output and (b) concatenation layer output in the first dense block. 
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obtained by DLSTM-121. This difference indicates that 

DenseNet-121 provided slightly better class 

separability across thresholds, whereas DLSTM-121 

provided better performance at the selected 

classification threshold based on accuracy, sensitivity, 

specificity, and F1-score. Overall, using PCA75 before 

U-Net segmentation followed by DLSTM-121 

classification provided the best overall performance 

among the evaluated configurations. To compare the 

proposed approach with previous studies, Table 6 

presents accuracy (Acc), sensitivity (Sn), specificity 

(Sp), and F1-score. The compared studies used 

different datasets, disease class definitions, sample 

sizes, image distributions, preprocessing procedures, 

sample independence, classification tasks, and test 

protocols. The proposed method was evaluated for 

binary classification of DR and Non-DR using the 

STARE dataset, with 15,000 augmented samples 

generated from 103 original training images. PCA-

DLSTM121 achieved an accuracy of 96.92%, 

sensitivity of 100%, specificity of 86.67%, and F1-score 

of 98.18%. The sensitivity of PCA-DLSTM121 was the 

highest reported among the methods presented in 

Table 6, indicating that all DR cases in the evaluated 

test set were correctly identified. In comparison, PCA-

HOG-ELM [48] achieved the lowest sensitivity of 

75.95% on IDRiD. The substantial variation in 

sensitivity across studies indicates that DR detection 

performance depends not only on the classification 

model but also on dataset characteristics and 

experimental conditions. The 100% sensitivity obtained 

by PCA-DLSTM121 therefore demonstrates strong DR 

detection performance on the evaluated STARE test 

set, which is particularly relevant to automated DR 

screening. PCA-DLSTM121 also achieved the highest 

reported F1-score among the methods with available 

F1-score results, at 98.18%, reflecting a favorable 

balance between precision and sensitivity. In contrast, 

PCA-ResNet152 [49] reported the lowest F1-score of 

72.87%. The variation in F1-score further indicates that 

differences in datasets, class definitions, and 

evaluation procedures contribute to the differences in 

reported classification performance. In terms of 

accuracy, PCA-DLSTM121 achieved 96.92%, while 

the highest accuracy was reported by PCA-BoV SVM 

[50] at 99.40%. Although the proposed method did not 

achieve the highest accuracy, its 96.92% accuracy was 

accompanied by a sensitivity of 100%, indicating that 

the model achieved particularly strong detection of DR 

cases. The specificity of 86.67% indicates that the 

model was also able to identify Non-DR cases, 

although its performance in this class was 

comparatively lower than its DR detection 

performance. This performance profile shows that 

PCA-DLSTM121 achieved strong DR detection while 

maintaining high accuracy and F1-score.  

The comparison further demonstrates that the same 

classification method can produce substantially 

different results across datasets. For example, PCA-

HOG-ELM [48] achieved 92.21% accuracy and 93.42% 

sensitivity on APTOS, but these values decreased to 

72.12% and 75.95%, respectively, on IDRiD. The 

substantial decline in both accuracy and sensitivity for 

the same method across these datasets demonstrates 

that the reported performance is strongly dependent on 

the dataset on which the model is evaluated, rather 

than being determined by the model architecture alone. 

Differences in image distributions, disease 

Table 5. Ablation Study of DenseNet-121, LSTM, and PCA Components for Diabetic Retinopathy 
Classification.  

Model 
Classification 

Reduction and 
Segmentation 

Accuracy 
(%) 

Sensitivity 
(%) 

Specificity 
(%) 

F1-Score 
(%) 

AUC 
(%) 

LSTM U-Net 61.54 66 46.67 70.47 62 

DenseNet-121 U-Net 83.08 78 100 87.58 95.33 

DLSTM-121 U-Net 81.54 80 86.67 87.02 86 

DenseNet-121 PCA75-UNet 92.31 100 66.67 95.24 100 

DLSTM-121 PCA75-UNet 96.92 100 86.67 98.18 99.33 

 

 
Fig. 15. Receiver operating characteristic (ROC) 
curve of the proposed PCA75-DLSTM-121 model 
for diabetic retinopathy classification. 
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protocols may contribute to the observed variation. 

Therefore, the performance differences reported in 

Table 6 reflect not only differences in model 

architecture but also differences in the data and 

experimental conditions under which each model was 

evaluated. Regarding sample size, PCA-DLSTM121 

used 15,000 augmented samples, which was larger 

than several studies but smaller than the 35,126 

samples used by PCA-VGG19 [22]. However, these 

15,000 samples were generated from 103 original 

training images and therefore do not represent an 

equivalent number of independent retinal images. This 

distinction is important because the number of 

augmented samples reflects the amount of data 

available for model training, whereas the number of 

original images reflects the diversity and independence 

of the underlying retinal data. 

Another important aspect of the proposed method is 

that PCA was fitted only on the training data, and the 

resulting parameters were subsequently applied to the 

validation and testing data. This procedure prevents 

evaluation data from contributing to the determination 

of the principal components, thereby reducing the risk 

of data leakage. Although previous studies also applied 

PCA, their methodological descriptions do not always 

clearly specify whether PCA was fitted exclusively on 

the training data. Thus, differences in PCA processing 

procedures represent another methodological factor 

that may contribute to variation in the reported results. 

Evidence of the model’s generalization capability is 

currently limited to the STARE dataset. Although the 

training and validation curves did not show an obvious 

indication of overfitting, these results do not establish 

how the model would perform on independent retinal 

datasets. The observed performance therefore 

primarily reflects the characteristics of STARE, while 

robustness across different datasets remains 

unassessed. External validation using independent 

datasets would provide stronger evidence of the 

robustness of the retinal model's generalization 

capability across different datasets. 

Several limitations should also be noted. The limited 

number of original and independent test images may 

affect the stability of performance estimates, while the 

use of a single dataset limits assessment across 

different retinal image distributions. In addition, 

although augmentation increased the training data to 

15,000 samples, the underlying data remained derived 

from a limited number of original images and did not 

represent 15,000 independent retinal images. Future 

studies should evaluate the proposed method using 

larger and more diverse datasets, independent 

external test sets, and subject-level validation to further 

assess its robustness and generalization. 

V. Conclusion 

This study aimed to develop a PCA-DLSTM-121-based 

method for diabetic retinopathy (DR) classification using 

retinal fundus images from the STARE dataset. The 

proposed method combined data augmentation, PCA, 

and the DLSTM-121 architecture. Data augmentation 

was applied to increase training data diversity, while 

PCA was fitted only on the training data, and the 

resulting transformation was applied to the validation 

and test data to reduce potential data leakage. The 

proposed PCA-DLSTM-121 achieved an accuracy of 

96.92%, sensitivity of 100%, specificity of 86.67%, and 

F1-score of 98.18%, indicating promising performance 

in identifying DR cases. However, the specificity of 

86.67% indicates that the identification of Non-DR cases 

remains an area for improvement. The training and 

validation curves did not show an obvious indication of 

overfitting on the evaluated dataset. These results 

should be interpreted with caution because the test set 

consisted of only 13 original images. In addition, external 

validation was not performed, so the current findings do 

not establish the generalization capability of the 

proposed method to other retinal datasets or 

populations. Future studies should perform external 

validation using independent retinal datasets or subject-

level cross-validation to further assess the robustness 

and generalizability of the proposed method. Further 

evaluation using retinal images with different image 

qualities, illumination conditions, and population 

characteristics is also needed. Improving the 

identification of Non-DR cases while maintaining high 

sensitivity remains an important direction for future 

research.  
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