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automated detection system for 5 DR stages 0-No
DR, 1-Mild, 2-Moderate, 3-Severe,4-Proliferative .

/ Introduction \

_ _ _ _ N xtractmg |mages shape - 5) layers : Generator Evaluating
Diabetic retinopathy is an eye condition that can lead to - E, and checking the Vask): —Y—— [Potting Train Performance This work Is completed with the constant support
o _ _ c © image existence Splitting Dataset A Laver |- Training th curves Test the metrics _ _ _
vision loss and blindness In people who have S E and its information. | {809 Train set - 6726 : ﬁzg{:sg:.ih':qeoudr:: ‘_} mc:d:alﬂ.rithe—l Accuracy, model with [y 214 Plot ROC and gwdance by Dr. Mohammed Aledhari. His
diabetes. The US Center for Disease Control and ¢ 24 | Found 8408 1 \p0% Testset-1687/ i [T |Train dataset| | et | (CLEEE ] cunes Constant feedback to improve the research
. - Images. . . il rrors
Prevention estimates that 29.1 million people in the US Qg (';‘;?:n;‘fDm?ﬁ':g:L X § T \ S'gmmd§ A \/\ \/\ questions and results lead us to achieve the
nave diabetes and WHO estimates that 347 million b |\ path exists) ) ;| Primary [ Capsuleand |1 | Model Fit successful results. His CS7367 class contributes to
people have this disease worldwide. Diagnosis of DR is - ) Capsule Layer]{ dense layers | [ =SSz evolve the thought process of choosing the critical
- - - - . - - m I'f_ ‘.* -------------------------- ‘*. L J L_ J . . -
an intensive process, which involves a lot of clinical 28 | (transform retinal| L . J v TraininTthe odel VI, Testin the odel and need of research question, what is known , gap In
study and requires time, resources and money. g5 -?;g?iergatgeagi’:%s IV. Model Design and Plotting Training curves Evaluation, plotting ROC knowledge, proposal objectives, hypothesis,
S 8 | |andbreadin o480 eurves rationale, goals, outcomes and impact of research in
o~ pixels) -
=2 L\ J : society.
/ Research Question(s) \ frain and fest Plots \
1. In medical field, DR detection Is time consuming, a . 07 -
requires appropriate equipment. o 5 06
0 ’ =
2. The expertise and equipment required are often lacking : - | / . \
w | e— _ od 05 - test accuracy
. . . . . o 05 train_accurac o -
In areas where the rate of diabetes in local populations is % 2 il foss: 2 3 0o — test loss CO ntact |nf0rm ation
. . . g 9 044 — frain’ mea ¥ - Y7 - test_mse
high and DR detection Is most needed. = 2 PSS = test_mae .
3.Pre-processing technigues are heavily dependent on 8 03 i £ N T
' _p 9 _ q_ _ y_ p 3 = B N~ NS — https.//www.linkedin.com/in/suman-bharti/
domain knowledge with high computation time. < 02] < o
4.Early detection of DR through regular screening is a key (7] e ——————————— g SPESREN oo S e spailla@students.kennesaw.edu
to prevent blindness and preserve good vision in diabetes 0oEose om0 e e s R ke https://www.linkedin.com/in/swetha-pailla-a2b486197/
No. of Epochs =
sufferers. \_ -
5. Goal is to develop automated detection system Metrics Train Test
for multistage DR detection without pre-processing stepJ Loss 0.22 0.28
Accuracy 0.79 0.76
Mean Squared Error (MSE) 0.12 0.15 Referen ces
Mean Absolute Error (MAE) 0.31 0.35

1] Kaggle, “Diabetic retinopathy dataset,” 2015.

1
. 2] V. Kurama, “Capsule networks: A quick primer,” 2020.
/ M ate r | a.l S an d M et h O d S \ Res u | tS 3] P. R. Dedhia, “Implementing capsule network in tensorflow,” 2020.

4] R. Rajkumar, T. Jagathishkumar, D. Ragul, and A. G. Selvarani,

A large set of high-resolution retina images are taken Classification Report “Transfer leamning approach for diabetic retinopathy detection using

under a variety of imaging conditions of EyePACS[l] residual n_etwork In 2921 6th International Conference on Inventive

dataset from Kaggle Diabetic Retinopathy Detection - Metrics Precision  Recall F1-Score Support Performance Metrics f;;’mAp“tB"’}fgl’” gngZﬂo%esL(l'CéCTl\)ﬂa'lefa'f 26&2(11’Ap_p'(gllligh;ﬁ’l%%iabeﬂc

Identify signs of diabetic retinopathy in eye images. We Class 0 0.76 0.63 0.84 1223 Metrics Percentage % retinopathy detection and classification using mixed models for a

omitted all the pre-processing techniques as it is Class 1 0.75 0.65 0.75 113 Accurac i Jooase grading database,” [EEE Access, VOl 9, pp. 23 544723 953,

heavily dependent on domain kn(l)wledge IWith higt; Class 2 0.74 0.70 0.77 560 — y 63.35 \ . /
recision .

computation tl_me. We use Capsule Neural Networ Class 3 0.76 0.65 0.8 47

(CapsNet) which adopts the concept of capsules to Recall 75 99

address the weakness in existing algorithms. Capsule Class 4 0.77 0.62 0.74 23

neural network helps to perform the functions of a Accuracy - - 0.76 1682 Fi-score 05.69 KENNESAW STATE

CNN with improved architecture and with for more Macro avg 0.15 0.20 0.17 1682

UNIVERSITY

COLLEGE OF COMPUTING AND
SOFTWARE ENGINEERING

Weighted avg 0.53 0.73 0.62 1682

\jUSt classification. /



mailto:sbharti@students.kennesaw.edu
https://www.linkedin.com/in/suman-bharti/
mailto:spailla@students.kennesaw.edu
https://www.linkedin.com/in/swetha-pailla-a2b486197/

