
Detecting Chronic Vascular Damage with
Attention-Guided Neural System

Muhammad Zubair Khan1, Yugyung Lee2, Arslan Munir3 and Muazzam Ali Khan4

Abstract—The retinal vasculature has a vital role in predicting
chronic diabetic and hypertensive retinopathy. Recently, the
advent of deep learning algorithms has brought a revolution
in ocular disease prediction. The researchers frequently design
complex and intricate techniques to efficiently segment vessels,
micro-vessels and achieve better response on publicly available
benchmark datasets. This article has designed an attention-
guided neural system to extract vascular tree and distinguish
it in arteries and veins. The proposed learning protocol with
a minimalist approach can compete with state-of-the-art work
without a performance compromise. Our method has achieved
a promising response on numerous retinal image datasets. The
pitfall of previously proposed work is also addressed through the
self-defined assessment criteria. The in-depth analysis highlights
that the underlying problem is unsolved for unseen data with dif-
ferent distribution than training. Our method is cross-validated
to report the performance loss by keeping diversity in data
selection. The technique is further applied for the arteries and
veins extraction. Our effort can be adapted as an efficient vision-
critical platform to scan and localize retinal damage and diagnose
the disease symptoms early to prevent vision impairment.

Index Terms—deep learning, diabetic retinopathy, fundus im-
age, hypertensive retinopathy, vessels segmentation.

I. INTRODUCTION

Deep learning has received great appreciation from the AI
community for a diverse range of applications. The main
application includes image segmentation, classification, detec-
tion, restoration, and registration. The appearance of intelli-
gence and efficient deep learning algorithms has revolutionized
healthcare diagnostics. The core idea is to extract valuable
features, anatomical structures, and corresponding regions of
interest for early disease prediction [1]. The underlying article
emphasized the application of deep learning for ocular disease
prediction. It is found that many ocular and systemic diseases
manifest themselves in the retina. The retinal image analysis
can uncover the symptoms of many sight-threatening diseases
like diabetic retinopathy (DR) and hypertensive retinopathy
(HR) for restraining vision loss [2]. The DR is common in peo-
ple facing diabetes. It weakens the inner surface of vessels and
causes vascular occlusion with an excessive amount of blood
sugar. It may transform into neovascularization in an advanced
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stage by producing new fragile micro-vessels that eventually
cuts off the blood supply to nourish the retina. Similarly,
in HR, chronic hypertension causes vessels to become thick
and fragile and prevent blood from reaching the retina. The
condition is referred to as arterial and venous occlusion. The
extended force in arteries and veins produces vessel rupture,
and eventually, blood and other fluids leak into the retina.
The people with HR are potentially at a high risk of stroke
and cardiac arrest. Typically during retinopathy examination,
the subject pupils are dilated with special eye drops followed
by injecting fluorescein into the body to capture DR and HR
symptoms. The process is painful and error-prone, especially
in the early stages. The underlying article has proposed a
method for automated retinopathy (DR, HR) detection to help
ophthalmologists in examining patients facing chronic diabetes
and hypertension. Our method can be deployed as an assistive
tool and play a vital part in preventing vision impairment.

A. Related Work

A dual-residual stream-based semantic model is developed
in [3] for HR and DR diagnosis. It comprises internal and
outer residual skip-paths to assure feature re-use and produce
direct spatial edge information. Pires et al. developed a multi-
scale convolution network with robust feature-extractor and
data augmentation techniques for data-driven DR analysis [4].
[5] used image-level annotations to detect lesions for screening
DR. Shankar et al. performed histogram-based segmentation
with SDL model to extract potential regions [6]. The method
classified mid and small-sized vessels by iteratively traversing
the range of potential solutions. A method proposed in [7] has
developed a bi-modular clinical decision system for vessels
and optic nerve head analysis. The first module used a support
vector machine with RBF kernel for A/V classification and
ratio calculation, whereas, the second module performed anal-
ysis to detect the symptoms of papilledema. A multi-layered
convolutional architecture with deep residual learning network
is developed to detect HR-related ocular disease [8].

In [9], the authors designed a method to find the impact of
deep learning in predicting hypertension, hyperglycemia, and
dyslipidemia. The article [10] analyzed graphs extracted from
vascular tree to classify in arteries and veins. The decision is
made through graph nodes and graph links. In [11], a pixel
classification with inter-subject normalization and intra-image
regularization is used for A/V classification. The discrimi-
nating properties are captured using first and second-order
texture features. The authors in [12] developed the topological
graph-theoretic paradigm to discriminate arteries from veins.
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Fig. 1. The proposed attention-guided neural architecture to extract vascular tree, and differentiate retinal arteries from veins.

The U-Net architecture in [13] has used an encoder-decoder
path with data augmentation to helps extract better feature
representations with a limited amount of data. [14] integrated
CRU with U-Net for capturing long dependencies and pre-
vent vanishing gradient problem. [15] presented a context
encoder network to preserve spatial information with dense
atrous convolution and residual multi-kernel pooling. Oktay
et al. introduced attention U-Net with a chain of convolutions
and attention gates for extracting local and global feature
representations [16]. [17] proposed UNet++ for semantic and
instance segmentation. It is a multi-depth U-Net architecture
with a novel pruning method for rapid inferencing. The IterNet
architecture is presented in [18]. It has used a weight-sharing
feature. Li et al. [19] developed SeqNet for segmentation and
classification of vessels into arteries and veins.

B. Motivation and Contributions

The principal motivation behind this effort is to reveal
that the vessel extraction task, even with simple architectural
design, can compete with state-of-the-art work without per-
formance compromise and show that the model experiences
the worst response when tested with unseen data distribution.
These facts forced us to make the following contributions:

1) We have developed a minimalistic attention-guided neu-
ral system for vessels and micro-vessels extraction to
early detect the retinal damage caused by chronic dia-
betic and hypertensive retinopathy.

2) We defined model assessment criteria to overcome the
shortcomings of the work previously proposed and
verified our method with seven distinct fundus image
datasets, publicly available with different resolutions,
capturing angles, and focal points.

3) We conducted a cross-data experiment to prove that the
performance of a model degrades when trained on one
dataset and tested for other with different distribution.

II. PROPOSED METHODOLOGY

In this article, a deep attention guided neural architecture
is designed, shown in Fig. 1. The network is defined in two
halves. The first portion extracts the retinal vessels that are
used by the second part as an input attention map to focus

Algorithm 1 Learning Protocol
Input: Fundus Images (X,Y)
Output: Model (m̂) that produces segmentation maps

Start
l = [ϕ]
X = Array[x1, x2, . . . , xn]
function data train(Irgb)

for (xi in range X) do
di = Invoke weget(xi)
l.append(di)
for (∀d in l) do

Process d to produce file in CSV format
Resize each sample in nxn dimension
Perform image augmentation

foreach (cycle in range 1−k) do
for (∀batch in di) do

Train model(m) for t epochs
Update parameters(Θ) of m
if (loss is constant for η epochs) then

Upgrade learning rate(λ) until 10−8

else
Continue()

return (m̂)

End

more on the local regions of interest. The training protocol
described in Algorithm 1 is identical for all datasets used
in our experiment. The standard data augmentation technique
is applied on resized fundus images for producing additional
synthetic data to avoid data scarcity. The architecture contains
bi-phase encoding decoding structure. The depth increases
through encoding and reduces as it passes through the de-
coding module. In contrast, the input dimension drops in the
contraction path to function around key feature representations
using max-pool operation; however, it gets back to its original
shape with transpose convolution in the expansion path. The
experiment has performed 4000 iterations by adjusting the
number of cycles separately for each dataset. Every cycle is ex-
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Fig. 2. Predictions on benchmark fundus image dataset. (a) STARE, (b) LES-AV, (c) HRF, (d) DRIVE, (e) DR-HAGIS, (f) AV-WIDE, (g) CHASEDB.

ecuted for 50 epochs with a constant batch-size of 4 and ReLU
activation function. The cross-entropy loss function and Adam
optimizer are used to minimize the cost of predictions, given
by ∆θ = −λm̂t/

√
v̂t + ε where, m̂t = mt/ (1− βt

1) and
v̂t = vt/ (1− βt

2) with (β1 = 0.9, β2 = 0.999). The learning
rate (λ) is initialized with λ = 10−2 and gradually changed
using cosine-law until approaches to λ = 10−8. The network is
assessed by excluding insignificant pixels outside the field-of-
view with a negligible likelihood of being a vessel. The exper-
iment made a decision of train/test split based on the presence
of official data partitioning. In datasets without any visible
split, we used previous literature to conduct a least favorable
split in contrast to applying leave-one-out and multi-fold cross-
validation strategies. A cross-data performance is reported
for multiple retinal image datasets without any preprocessing
and hyperparameter tuning. It helped prevent undermining the
service of our approach for extracting retinal vasculature and
differentiating arteries from veins in 2D imaging environment.

III. EXPERIMENTATION AND RESULTS

A. Data and System Configuration

In a designed experiment, we have acquired data from
multiple resources. The network is trained on three publicly
available fundus image datasets DRIVE [20], HRF [21], and
CHASEDB [22]. The DRIVE dataset comes with a standard
train/test split; however, for the other two datasets, we used
the partitioning strategy defined in [23]. In an experiment, 15
images from HRF and 8 images of CHASEDB are used for
model training and validation. The remaining images are kept
for testing. The cross-data examination is performed using four
additional datasets, namely STARE [24], DR-HAGIS [25], AV-
WIDE [26], and LES-AV [27]. The data came in different
resolutions and image quality, captured under diverse lumi-
nance conditions. The system configured an 8th generation
intel processor with 16 GB primary memory and the NVIDIA
1070 GPU operated with 64-bit Windows operating system.

B. Evaluation and Cross-data Analysis

The proposed method performance is primarily evaluated
through DICE and AUC metrics and results are provided in
Table III. It is compared with multiple vessel segmentation
techniques published recently for catering to a similar problem.

When we observed our method, it is found that it surpasses
by a massive margin to most of previously proposed work
with least number of parameters. It is significant to mention
that the proposed method with less complex end-to-end image-
based architecture has achieved promising response for both
vessels and A/V segmentation. The utility of a method can
only be concluded if it is exhaustively tested on data different
from the training resource. In order to justify this element,
we performed a cross-data experiment, shown in Fig. 2. The
model trained on the DRIVE dataset produced segmentations
for six other fundus image datasets discussed in the previous
section, including the unseen DRIVE test-set. Similarly, the
process is repeated for CHASEDB and HRF datasets. The
performance is analyzed and cross-data results are reported
in Table I and Table II. The method is also applied for A/V
segmentation. It classified every image pixel as artery, vein, or
background pixel. The model trained on DRIVE is tested with
DRIVE, HRF, and LES-AV datasets. The results are provided
in Table III and illustrated in Fig. 4. It is found from an
exhaustive analysis that the test sets with similar distribution,
quality, and dimension to the training set have shown excellent
response. Nonetheless, the performance degrades for the data
with a different arrangement, depicted in Fig. 3. The worst
response of HRF and DR-HAGIS is due to the higher image
resolution than DRIVE and CHASEDB. Similarly, AV-WIDE
has ultra-widefield images that capture the retina at a different
angle. Also, the LES-AV images are more focused to the optic-
disc region than a macula. However, the STARE, CHASEDB,
and DRIVE are close in nature and centered across macula,
sustaining excellent response in the cross-validation process.

TABLE I
TRAINING, VALIDATION AND TESTING RESPONSE OF PROPOSED METHOD.

Dataset Accuracy Specificity Sensitivity AUC DICE

DRIVE
0.9579
0.9517
0.9555

0.9759
0.9614
0.9720

0.8339
0.8823
0.8419

0.9829
0.9838
0.9809

0.8337
0.8168
0.8281

CHASEDB
0.9752
0.9675
0.9630

0.9861
0.9848
0.9746

0.8872
0.8300
0.8535

0.9938
0.9877
0.9846

0.8876
0.8514
0.8164

HRF
0.9674
0.9676
0.9650

0.9814
0.9816
0.9808

0.8238
0.8194
0.8103

0.9854
0.9863
0.9828

0.8174
0.8134
0.8116
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Fig. 3. The ROC plots of our method trained on (a) DRIVE, (b) CHASEDB, (c) HRF and evaluated for all acquired benchmark datasets.

Fig. 4. Segmentation of arteries and veins. Top-to-bottom sequence depicts
the prediction results obtained from DRIVE, HRF and LES-AV datasets.

TABLE II
CROSS-DATA EXPERIMENT OF AN ARCHITECTURE APPLIED FOR DRIVE,

CHASEDB AND HRF DATASETS.

Training Testing Accuracy Specificity Sensitivity AUC DICE

DRIVE

CHASEDB
HRF
STARE
DR-HAGIS
AV-WIDE
LES-AV

0.9449
0.9312
0.9462
0.9439
0.9482
0.9509

0.9526
0.9391
0.9539
0.9508
0.9716
0.9627

0.8759
0.8528
0.8791
0.8518
0.6095
0.8394

0.9741
0.9603
0.9760
0.9672
0.8624
0.9496

0.7618
0.6937
0.7714
0.6808
0.6038
0.7657

CHASEDB

DRIVE
HRF
STARE
DR-HAGIS
AV-WIDE
LES-AV

0.9435
0.9523
0.9557
0.9015
0.9416
0.9618

0.9880
0.9718
0.9866
0.9109
0.9708
0.9730

0.6359
0.7575
0.6872
0.7774
0.5201
0.8551

0.9586
0.9454
0.9634
0.9048
0.8653
0.9797

0.7401
0.7436
0.7622
0.5259
0.5357
0.8105

HRF

DRIVE
CHASEDB
STARE
DR-HAGIS
AV-WIDE
LES-AV

0.9224
0.9151
0.9354
0.9456
0.9525
0.9531

0.9881
0.9762
0.9767
0.9568
0.9877
0.9770

0.6982
0.6884
0.6023
0.7978
0.6003
0.6371

0.9477
0.8799
0.9350
0.9600
0.8971
0.9538

0.6441
0.6385
0.6626
0.6733
0.6505
0.6863

IV. CONCLUSION AND FUTURE WORKS

The article developed an attention-guided network to extract
vascular tree, arteries, and veins. The idea behind this work
is to promote a system that early examines the variations and
damage in vessels caused by retinopathy. The recent effort
has over-complicated the system architectures by searching
for absolute novelty only to accumulate small performance
growth. It is observed that a simple architecture, if appro-
priately developed, can significantly handle the problems for
which complex solutions are defined. Additionally, considering
inappropriate data distribution can inflate metrics and raise

TABLE III
COMPARISON OF THE PROPOSED METHOD WITH OTHER TECHNIQUES, (∗)

REPRESENTS AV EXTRACTION ONLY.

Dataset DRIVE CHASEDB/LES-AV∗ HRF
Method/Metric DICE AUC DICE AUC DICE AUC
Zhang [28] − 0.9636 − 0.9606 − 0.9608
Liskowski [29] − 0.9790 − 0.9845 − −
Fu [30] 0.7875 0.9404 0.7549 0.9482 − −
Gu [31] 0.7886 − 0.7202 − 0.7749 −
Orlando [32] 0.7857 0.9507 0.7332 0.9524 0.7158 0.9524
Yan [33] 0.8183 0.9752 − 0.9781 0.7814 −
Wang [34] 0.8093 − 0.7809 − 0.7731 −
Alom [35] − 0.9784 − 0.9815 − −
Shin [36] 0.8263 0.9801 0.8034 0.9830 0.8151 0.9838
Zhuang [37] − 0.9793 − 0.9839 − −
Laibacher [23] 0.8091 0.9714 0.8006 0.9703 0.7814 −
Mou [38] − 0.9796 − 0.9812 − −
Zhuo [39] 0.8163 0.9754 − − − −
Zhao [40] 0.8229 − − − 0.7731 −
Liu [41] − 0.9798 − − − −
Galdran [42]∗ 0.9631 − 0.9659 − − −
Hemelings [43]∗ 0.9671 − − − 0.9688 −
AGNA−VT [Ours] 0.8281 0.9809 0.8164 0.9846 0.8116 0.9828
AGNA−AV [Ours]∗ 0.9687 − 0.9665 − 0.9693 −

a wrong impression of a problem being solved. Often, the
performance of a model trained on one dataset quickly dimin-
ishes when tested for distinct data. To analyze this fact, we
have exhaustively evaluated our model on multiple datasets. In
the future, this problem would be enhanced with inter-domain
adaptation and feature ensembling techniques.
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