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Automatic Identification Algorithm of Blood Cell Image Based on Convolutional Neural Network

LI Guo-quan'*,YAO Kai''? and PANG Yu*
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Abstract A complete blood cell count is an important testing technique to evaluate overall health condition in medical diagnosis.
In order to solve the problem that traditional blood cell counters and other devices are cumbersome and time-consuming for the
artificial counting procedure of blood cells,a blood cell recognition algorithm based on convolutional neural networks is proposed,
that is, three types of blood cells are automatically identified and counted based on Res2Net and YOLO object detection algo-
rithm. The performance of the blood cell identification model is enhanced by incorporating Res2Net into the YOLO model to ex-
tract multiscale features represented by fine-grained and increase the range of receptive field in each network layer. After training
and testing on an public blood smear image dataset,it can automatically identify and count red blood cells, white blood cells,and
platelets,and the accuracy of identification reaches 93. 44 % ,96. 09 % ,and 96. 36 % , respectively. Compared with other recognition
models based on convolutional neural networks, the efficiency of blood detection can be significantly improved due to the high re-

cognition accuracy and strong generalization.

Keywords Convolutional neural network,Res2Net, YOLO algorithm, Blood cell identification
1B — PR B 7 LR AN B 1Y S RO R R AR OR W)
=

J5 1 AL G AR Ak B 7 vk FIHL &% 2% > J7 ¥k . Acharya 5848 H

4> [l 40 i ( Complete Blood Cell, CBC) 3% 52 3 4k filt J32 4k
GUR Y — TR A A L I VR A M AL 3 RN S B A i
4350 41 40 Ml (Red Blood Cell, RBC) ., 4 4l }i ( White Blood
Cell, WBC) FlifiL /AR . F T 33 26 i 40 Jifd %0 o B K. fR e i A
T 1t 200 4 2 e 00 P A ofn 40 i Sl R A, i LR 22 AR K
FER Z BN BT o v i 3 AR R B L R I R S5 50 = 4y
NN EZY e A VN (| 37 K AN E i R & NI
N0 240 A6 0 7 2 2 T AN T B0 R R

FfE H 1 :2021-02-09 B4 H I .2021-05-26

TR M A T A TR T K-medoids B M\ B
e f B 20 L O SR UKL B2 43 BT R R 2L AR L S A 0
SR 5 R A5 98 55 3% RO 346 2 K A8 3 (Circular Hough Trans-
form, CHT) % £1 40 fild 1 47 71 50" . Sarrafzadeh 45 #& H 1£ JK
JEE A% F R 3 28 e (Circlet Transform, CT) 2k 3£ 41 41
L, 8K I SR R QA I 5 ok 3k 10 400 i L 3 A B0 5 it
Kaur 5582 1 7 — B0 X7 08 535085 10 40 Je 15145 0 B CHYT AT 52 30
At B/ i 05 kL TR B B R ok A CHT 19

A SCE AT AR 1R COSID) L il E 7 4R 5 B .

eI [ R AR 4 (2019 YFC1511300) 5 PR TT H 28 BH 223 4 (este2019jeyj-msxmX0666 5 cste2019jeyj-xTkxX0002)
This work was supported by the National Key Research and Development Program of China(2019YFC1511300) and Natural Science Foundation

of Chongqing(cstc2019jcyj-msxmX0666,cstc2019jeyj-xfkxX0002).
WAEVEE 2 E A (liggq@cqupt. edu. cn)



248

Computer Science THEHFIZ  Vol. 49, No. 4, Apr. 2022

ML/NR B R ANFIIE AR FEAET . Cruz Z 48 8 T — Fh 330 40
0 PG A 3 AR G SR 0 B LRI (kR o 4 1 4
R 25 %) i 48 M #E AT IR AN TH 4. Acharjee 542 1 T —Fh 2
B 3 Ak B0 k1% 8 I R B R R A I 4T 40 A
B XL AR IR SR T B4 A ™ . Syed 248 H T — BRI
B BR 2% 3 H1 (Extreme Learning Machine, ELM) [ 3l % f1 45
LT AN ik

HIL A5 2% 2T A 1 M & e e A PRLGCRS3 op (1 o7
L TVZ  RE 3 R R U R MR R, B SR T AL
2 ) 1 7 R R FH AR AR [ A A0 o R TR R 2 o D R A R
[ f) B 97 1o T R A5 3 T U2 Ry R S XS R i R
RIS LT L HE MR A 220 % 09 B 343 #5107 ORI R
JEE HER T B PR 5 0 190 05 AR A I, I P 3 TR B 2
B4 7 96 T ML LA m A i Y 40 6 3R AT R0 AN T R TR K
Zhao Z5 2 1 T —F A F 25 Bl 28 W 4% (Convolutional Neural
Network, CNNDXF [ 4 jf il 47 H 2 43 2S00 0 R 500, 1 5k
A S B a4 A R 45 b A D 8 B, AR SR A CNIN G T
HA M2 51 . Habibzadeh 5542 HH T —Fxd 5 B A 7] 25 7
B VA IR EAT A M R G AT T 3 A4 A R A
AR SVM 432 28 il — A~ CNN 4326 2812, Habibzadeh %
i FH T Bl 569 CNN, ResNet!' Fl Inception Net™'* , DL 43
% R A A R TR B € R s [R5
PEAT A EI0Y L X S5 7E 14D B A S b Al B /A — 1k,
SRJ5 LT CNIN DSt 240 i v 28 35 109 0 AR5 LA v X 200 40 Mt
AT 4321, Macawile 25 5538 33 HSV Al Blob 43 47 %+ (H 41
Mt 47 4 ), R CNN 43 25 28 0 (40 i ok 47 49 260,
Acevedo %53 i3 M7 Inception-v3 X} 8 J% Il 40 M #4743 35, 3k
T 90 % R HER R, Wang £ 454 YOLOv3 5% #l SSD
SR SR R M) 4 1 440 B S b i A B, SR BT 9301 06 1Y T
R Togacar %5 2R Fl 5 K AR B R BURTE R¢1F 38 £ 5 105 $2 T
B AR K AR AE , Pl T CNN 2828 E AT AL 40 26, 38 81 T
B iR R R0, Malkawi 2558 5% J] VGGNet 2 B
AN MARFAE o SR Ji K5 7 AE & 3% 25 S 4 1) AL LA SE B A0 4 2
MR EHMER RILF] T 98. 7%, Sahlol 4R I T — il 4
T CNN A9 40 M 43 25 5800, 1 S i VGGNet M 48 Jifd 14
G PR BURRIE SR 5 R ST 158 1Y Salp Swarm $535 %t 2 HL
B RE A HE AT 228 8 LT B3 e B R G R AT A0 I S T 4R e 3 ot
CNIN 4325 28 % (1 40 33F 47 43 25 35, Long 4@ T
BloodCaps , ‘B 42 — it 5+ 5 28 X £ () AL, 15 78 X 2 Ff 1 40
M EAT HERG 02, 5 AlexNet, VGG16, ResNet-18 Fl Incep-
tionv3 #E4T L4 . BloodCaps X il 41 i 3547 43 3% 0 v 1 %45 31
T E M F T, WL BCE B CNIN 4328 28 1T S 9 I
20 B s R A2

SR 5 T I8 200 M T 500 45 3 A I 5T A T T A =K T
R 2 1) A% G0 0LV B TR 5 R 0 T i AR S A
2) DIAEE T CNN IR 50 55 2k 10 25 4 AR 42 2%, R 5 31 8K
B A B 5 3) DA B 5 K 22 FUER o — il ol Vi 40 A ARHE 4 L Bl
DSt WL Z AR IR UE . O T e pe b ) B AR SCHR T —
ol e T R B 2 2T B K G R U 32 Sk ARG W AN [) 2K AR i i v 4
FfL A FH S E ) YOLO X G0 I 533 % 3 Fifr 28 A0 1 1 ¥ 400 il

HEAT B S A AT T 4R TR B R0 R A AR
Tiny YOLOvA™ 5%, 4% Res2Net? Bl A Tiny YOLOv4 #5
R D4R B AR B R 1 22 OB RRAE o (] s 384 1 4 A4 0 4% J2
FA) % 32 B S L DA R T 0009 40 R S B R P e . O T R
e TR BE AR SCH R T — T KNN Al DIOU B 5 3 5
2, F A e i /N B e A TR RO ) B, R I R A
X 55— A BRI AT T I, DAL R 2 . A3
J7 95 AN FEAT A R e e o R Ay ) A R R A A
Bl P ERAY .

2 MIRAE

AR SCHY B AR Bk 59 Tiny YOLOv4 4 K I Fn
FEE H B I R G R U A 3 R A . 7
BRI bR 2 0y I W 40 AR B4R U 2 4R Sk Il 2k Bk T Tiny
YOLOv4 I8 48 B iR 5 #5788 1 2 3 F Tiny YOLOv4
FA) I8 48 L AR B A B R G R A

| &7, -‘ .
€ 9‘:&?}(3‘(, ﬁﬁ’é‘RésZNet
e * 4= L] e
Rt A Al YOLOVA %
e ) 20 Jfo A U B
9145 88 —
) w " >
'**a 48 AR )

PR E A

DIOUHy %3

T TN B o

I IRGE Y NS RER S RN g G Wiy S
Fig. 1 System flow diagram for automatic identification and counting

of blood cells
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Fig. 4  Yolovd-tiny object detection and recognition algorithm based on Res2Net

2.2 RIS

Tiny YOLOv4 Bt & (9 Ji5 4 2 B2 X 2 A A [\] 28 #E 17 9
Yo TR T 8 A R B AR SO LSS R R AT T B R
DI N 40 0 40 B R I /N AR S 3 288 I VA0 S A A . il
FHBWR TR EE. NI FH T X WA Yolovd-tiny AY yolo
S22 A AR Y 5 B R R A /N AT R, G R
BEASERETIOM 5 A8 DL R A %, X 88 {8 4 IR AE — A
& B0 RS DU KT G 0 E 3 o Bl A A Ly Bl AR bR LR RE L TR BE
FEAR SO 7 S8 B HE A B 3, IR g e B AR A X S ) K T
FU B A B 4 i R0 P OF B BAERT , yolo J2 Y classes 1
BN 3.5 yolo EAHAB I FZ U 45 9 K/ No o T LLH
FHERC Na AR08 Ne 0D RIFE. h T8 Ny
S 3.Ne 2y 3, b5 3 Ny o 24,

Nt=Na X (N¢+5) b

AR S 300 i AR ZS B9 TR B R G AT U 2k £
60 T AT MR, 7EMEA SRS i B R ME 5 T3
e, I T 1800 AN 45 Bk 09 B HiE , -1 A W AR OR [R) (1 2 3] %
XFFAER 1— 58 1000, AT E 5 2 %K 107° 5 % F 25 5&
1001 — 3R 1800, M2+ &y 1077, Al LIK I, 76 )5 TH 1
AR AR B2 o B a DL S AT gl 8. BERE 125 S4B
BRIG il — R AU, JF XA AL HE AT IT AN . Bl 5 Ak T 3T
Tiny YOLOv4 f il 8 20 M6 ) 3503 76 B 2% 1T 09 2% > it 2 .
BRIAE LA RBL R 3h P BOR R R . W 5 Al LR
L FES 3] 107 S BLT IR AR FE 2B B 1375 LR
F/NB TR HAE N 8. 2366, A SOl X — 25 AU AL
B A A 0 4 A AR



250

Computer Science TEHMEL2:  Vol. 49,No. 4, Apr. 2022

I |—Loss

N MovingAverageLoss
100 ! ®  Checkpoint

]
(13758236 6) |
]

Learning rated X107

Learning ratel x10°°

Loss value

40

H
1000 1250 1500 1750
Steps

0 250 500 750

5 T YOLO HEZR iy i 20 I 50 453 2 2% 57 il £k 4]
Fig.5 Loss learning curve diagram of blood cells identification

based on YOLO framework
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Table 1

confidence thresholds

Confidence Threshold RBCs WBCs Platelets
25% 4.42 0.05 0.08
30% 3.35 0.03 0.08
35% 2.75 0.02 0.08
10% 2.50 0.05 0.08
15% 2.18 0.10 0.10
50 % 2.13 0.15 0.10
55% 2.08 0.20 0.12
60 % 2.10 0.33 0.15

D BCCD: https://github. com/Shenggan/BCCD_Dataset
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Table 2 Accuracy of counting RBC, WBC and platelets using

the proposed method

RBCs WBCs Platelets
Ground Truths 792 61 55
estimated 823 57 53
Accuracy/ % 96.09 93. 44 96. 36
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Table 3 Accuracy of detecting different blood cells using different
CNN architecture with Tiny YOLOv4 algorithm

Ground RBCs/ % WBCs/ % Platelets/ % Execution
Model mAP .
Truths 792 61 55 time/ ms
Estimated 823 57 53 0.7387 61
Our method
Accuracy 96.09  93.44 96. 36
Tiny Estimated 802 53 50 0.6572 70
YOLOv4 Accuracy  90.28  86.89 90. 91
. Estimated 1006 57 60 0.7132 106
VGG-16
Accuracy  72.98  93.44 90. 91
Estimated 952 61 48 0.7437 118
ResNet-50
Accuracy  88.80  100.00 87.27
X Estimated 889 61 57 0.6826 130
Inceptionv3
Accuracy 87.75 100.00 96. 36
Estimated 588 55 46 0.5207 80

MobileNet
Accuracy  74.24  90.16 83. 64
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Fig. 8 Detection of a blood cell image in the dataset of literature
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