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Microaneurysm detection method based on parallel
multi-scale convolution neural network

Yuan Weiqi', Wang An'"?

(1. Computer Vision Group, Shenyang University of Technology, Shenyang 110870, China; 2. College of
Information Science and Electronic Technology, Jiamusi University, Jiamusi 154007, China)

Abstract: Due to the small size and high background interference of microaneurysms in retinal images, traditional methods have low
detection accuracy. Currently, deep learning models mostly focus on detecting large-sized targets, which have complex structures and
poor detection performance for small targets. To address these issues, a micro aneurysm detection method based on parallel multi-scale
convolutional neural networks is proposed. Firstly, a corresponding relationship between the size of microaneurysms and the theoretical
receptive field used for detection is established. Then, a parallel convolutional network consisted of two receptive field scales is
constructed, which is based on the type and size range of microaneurysms. Finally, a training set construction and data augmentation
method based on active learning is proposed to improve the detection performance of the model. The method is compared on two public
datasets and one self-collected fundus dataset. The experimental results show that the method can effectively detect microaneurysms, and
has better detection performance compared to similar methods for small and vascular adherent microaneurysms.
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Fig. 1 Image example of microaneurysm
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Fig.2  Convolutional neural network model for experiment
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Fig.3 Accuracy curves for different k values
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Fig.4 Receptive field range of different sizes targets
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Fig.5 Structured design diagram of detection model
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Fig. 6 Branch Structure of parallel convolution network
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Table 4 Microaneurysm detection results
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TP 363 228 165 756
FN 25 12 7 44
FP 48 25 19 92

0. 883 0.901 0. 897 0. 893

0.935 0. 950 0.958 0.945

F-score 0. 909 0.925 0.926 0.920

2) PG RAG A S E ARSI 15 ol o B

R Bl KR Hh T A2 306 BRI A T I, TR R
HIIE 25 A A i I R A v kD AR SR S RS T
TEARTF IR A B DKORE A SRS B RG AG:, e A e AR
WP 9 (a) B Jie e sk 16 I 2R 4% o xf L A AR T g
MRIZIEWAS A AR o R Ao A8 AT IF 2 (o a6 B 288 ) B9
SERY LA B B, FEAE IR 25 AR ST 1 2 45 & Bl sl o i
REAE AT 7 A2 A, Q18] 9 (b) BT, B iR A AR A
9 SREAS TS BE I 2 4 TR I, B IR 2 B iR A
A o MR A7 AE A RST R T 30 pixels B 5
sl ik , PR 5 2 B AN DL RC ) B TR A, S AR A
B9 () R, %26 BARBCR R A, i/ I 2k Al i 5
B, TESE NN I I 52 B 0 265 A AGr I )19 0 L i LA
AT AR

(a) ISl
(a) Missed detection

(b) RELRB
(b) False detection

(c) SEHEFEAR R

(c) Abnormal samples

Ko It 5 on 1]

Fig.9 Missed and false detection image example

4.6 BEHEMESH

Xf He T A5 M Faster-RCNN 7577 YOLOV3
VOGS (FLOPs ) | 2 5 14 B ] 45 4%, G0
5 i, HEPEEE A IDRID I8 A 1 R 4 B A

[B]ASFH(E . A SO e T3 (FLOPs ) (B8 [ 4%
T3 SNPIRITT II A FT/N DR DR J AS SCT7  feF T PR
AR UM 22 [0 265 235 4, BT A9 2 RS B T R AR T 2L
FEHERRIN (8] b ASCT5 1% 22 T HA P AR 5 3%, IR AR ST
TR IR SEAL B AR i Sy B ABRTCHE N 1 i IR FE

x5 HESEHREXLL

Table 5 Algorithm complexity comparison

7k FLOPs/G ZH /M e PR ]/ s
SCHk8] 295.3 60. 1 0. 415
k[ 10] 343.4 62.0 0.383

A3 196. 8 41.7 0.812

4.7 FEEEMNREE FHEXEERNEE DT

9T GG UE AR A R IDRID B R AT
YIRAMER T AP fE , 550 288 7757 Faster-RCNN A5
T YOLOV3 A5 R GEAT A L SE 8, 4 by g Ae I 4%
S B IRAS FR R IS 0 a1 10 TR B v AR AR T 9 1
BRI 2 5, & 10(a) S A 5t sh ko pr i i S 4 T 4%
B, B 10(b) ~ (e) KR F 432528 F ¥  Faster-RCNN #
A YOLOv3 B FIAS S5 v K D 445 5 v i) T Az R 158
TS, P 10A A7 H A & WA 5 18R 3 A B sl ke, 43
AR N 5 A5 R 3 7™ A B sl Dk RE B T TG, TR
PR B 0 ke 5 1L R 3 R T SR BRI, A Tk
PEERE 5 HAR L A8 1% ; Faster-RCNN BT YOLOV3 #5
RS ke ko 24 10 B T A, R T R T vE I
XFYNGRREA AT 1E 45, 11 25 48 rb 5 10 785 G 342 AN 250 B A
AT 9 T AL 5 A S0 3k %o 0 2 5 1065l 3 R AR 1) 4l
PEGh iR T8 A7 S I 5, A DR T RE AR S 49 A ) [)
L 10B 17625 6 AN s kIR, 43 2888 vk FAR ¢
J7 Bl H ARG I HY K | Faster-RCNN #EUFI YOLOv3 5
T 57 B AR 2854 /N RS A3 2 Bk s A6 T B R 2
T RERREE RIRAS . B 10C 4768 i T4k, 42 e
TrEFN N THRBERIE R REE AR B TR 2R
K oAl 3 Bl A A2 ) BT TS KR B ARRAE k4
TR, ZE AT 78 R B PR g b, A SOy vk A
b LR 5925 %5 T S90S B S8R i i sh kg BEA 2L
RGN 5 %ot 5 10 ARt /N RS B B sh Bk RE , A SO kA
IR T HA LR 7

36 NAR IOy ¥ A4 2548 I 1) | Faster-RCNN A5
TS YOLOV3 AR 7 ] el J2 045 56 v i A 4G T 225
BRI, A3IEE8 71522 N Tk ) 43 2R AE BR 4
eE AR B B IRAG , 5 B0 B0 R AR AT 52 W F-score
F8%5 . Faster-RCNN #% YOLOv3 B AU A L EA
R YRR IE 2 ) B ) K 25 SR AL G 0 2 3m B A
{EAS R AS B AR A B0 R 3 5, {H Faster-RCNN & A1 |
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(c) Faster-RCNN
(a) The original image (b) The classifier method (c) Faster-RCNN

(d) YOLOV3
(d) YOLOV3

(e) AXHER

(e) The result in this paper
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Fig. 10 Missed and false detection results of different methods in the same dataset testing experiment

*o6 RIEEMNRERESER
Table 6 Quantitative indicators of testing results

in the same library

Ik TP FN FP P R

F-score

XHk[5] 721 79 315 0.696 0.901  0.785
k(8] 679 121 158 0.811 0.848  0.829
k[ 10] 680 120 176 0.794 0.850  0.821

A3 756 44 92 0.893  0.945  0.920

YOLOv3 55U 5245 4 55 44 F I ZR 5 52 ), % /N RS 3
kIR AFAE R A, (AT I AIC T o0 2 0 ik, AR SCO7 vk
P ENER, il - O o L1 . (AR S 984 NP
Bt Peim 7oA R A SO A AR R M e
4.8 XL RHEXEXRRNEE 3T

R T A R UE AR TR ()2 AR, A SO R Y
IDRiD N ZRAEFEA S AT I LR, i H] e_ophtha_MA %4l 4
A SRR RS B0 A R AT K, 5 0 28 88 kD) | Faster-
RCNN #R1™ YOLOv3 #8110 47 L 4 f i i 4 A, 45
Rz 7 Fros . PR AR SO AN R B 1R
Kegm AT F-score fa b5 L0 F HAh 3 Fom ik,
AH EE TR 1) — P 2 i A7 U1 e AT R, 0 28488 7 i A
A TN 2R B0 H 42 BURFAIE | 6 48 bR 28 AL /N ; Faster-
RCNN 578 YOLOv3 #E7 FIAR 3¢5 3k 6 46 I e 038 42
R T IR P R R A R s OB TR S N S T
PIE, 35 BG5S v s A 50 R G 5 1 o, 5 SO
TR A H MR TR, F-score T8FRMEZ TR, XF L [E— A

PR 5, A 375 1 P T2 S 1 S R A B0, 145 7
b L BT /MR e, EL T 2 4 50 o 4 94
592 BLIE B ), ELYEAE W) S 0E F Faster-RONN HEAI
YOLOV3 HEAIAE [ — P 0 1 52 5 o 9 2 B, 45 L 60
RSy TR IR R 5 A ek (0 A B T, % )
R F R R 1 T LA AR

F7 ZXNGHERESER
Table 7 Quantitative indicators of cross training results
bIEIES J¥ TP FN FP P R
SCHR[S] 622 69 296 0.678 0.900 0.797
CHk[8] 574 117 180 0.761 0.831 0.79%

F-score

e_ophtha_MA ‘
SCHk[10] 563 128 197 0.741 0.825 0.776

A3 624 67 126 0.831 0.903 0.864

CHR[5] 411 66 213 0.658 0.862 0.746

] CHA[8] 373 104 142 0.722 0.782 0.751
[Efie €T

XHK[10] 368 109 156 0.702 0.771 0.735

ES'S 417 60 103 0.802 0.874 0.836

AR T —Fh R T IRHR 22 RO A R 28 09 2% 7 £
Sl ke s 75, 78 [ PR/ FF % e _ophtha_MA F1 IDRiD
BRAEF BRI EAR AR PRI 2R 550 0E, 45 3C
P I I 22 R 46 B 28 I 45 A AR | BB A5 v /IR
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