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Blood cell detection model based on YOLO-BioFusion
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(College of Information Science and Engineering, Shenyang Ligong University, Shenyang 110159, China)

Liu Yang Yang Siyao Guan Yong

Abstract: Blood cell detection is a crucial task in clinical diagnosis. However, due to the diverse cell types. significant
size variations, frequent target overlap, and complex backgrounds, existing detection models still face challenges in
terms of accuracy and robustness. To address these issues, this paper proposes an improved YOLOv8-based object
detection model, YOLO-BioFusion. The model incorporates the ACFN module to enhance the detection of small and
Additionally, the C2{-DPE and SPPF-LSK modules are introduced to strengthen multi-scale

feature fusion and extraction, improving the model’s robustness and generalization ability. Meanwhile, the adoption of

overlapping targets.

the Inner-CloU loss function accelerates model convergence and enhances localization accuracy. Experimental results on
the BCCD dataset demonstrate that YOLO-BioFusion achieves an mAP@0.5 of 94.0% and an mAP@0.5:0. 95 of
65. 2%, outperforming YOLOvS8-n by 1. 9% and 3.2%, respectively. Moreover, with a computational cost of only
6.8 GFLOPs, YOLO-BioFusion exhibits great potential for applications in resource-constrained environments. This
study provides an efficient and accurate solution for blood cell detection in complex backgrounds.

Keywords: blood cell detection;multi-scale feature fusion;optimization of loss function; YOLOv8;overlapping target
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YOLO-BioFusion model architecture
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Fig. 2 Adaptive convolutional fusion network
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Table 1 Performance results for the BCCD dataset
Class Precision Recall mAP@0.5 mAP@0.5:0.9
RBC 78.2 84.6 89.3 63.5
WBC 96. 6 100 98.9 80. 7
Platelets  87.7 88. 2 93.8 51.4
All 87.5 90.9 94.0 65. 2
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Fig. 8 mAP@0. 5 model performance curve
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Fig. 10  Confusion matrix for blood cell detection
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ASCHSE BT Z 0 Se k0 B bR K ALY, 4145 Faster
R-CNN, YOLOv3, YOLOv5, YOLOv8, YOLOv9"",
YOLOv10"™ fl RT-DETR #5, t &b, A% 3C 6 4% B A= 3¢
B 55 1M 240 B AT 45 v R B B9 R O ik AT T X L. 3

Random forests™” . SVM'™ | Fuzzy classifier’®', ISE-

YOLO™ |, DCBC DEEPL™, TE-YOLOF B3"*, YOLOV5-
CW™HI AYOLOVS,

MR 2 WX g R AT L, AR ST Y YOLO-
BioFusion B 78 24~ SV R 8 A LR BLAL 5, 9 Wb ok
TN B AR, T TR RS B R [ R T AR
BBk 8 T 87.5% 1 90.9% ., AHE T YOLOv5 #i
YOLOvS 45 25 S5 7 I 28 52 Tt , 3¢ BH LA 0 ot 180 31 AR o
I 240 Jf T L o S e S T SR T RO D TR K
MM, HW R mAP@O. 5 fl mAP@0.5:0. 9
Ay EUAS 94. 0% AN 65. 2% WU RS R R Z N VB
FA SO HARE S T R B 0 AR I L B e
T A IO of 22 406 A G 0 Bk R P R SR R E R M. 5 2 AH B
R 13 CR R AR E S 6 1. GFLOPs iy 6.8, B #H KT
At X EASE Y, 8 7R H LA i R0 N B R A R
TS AN AT AR Z RS, A BRI S5
AU 2.9 M,im/NF YOLOv3-1(103. 7 M) #l RT-DETR-
r18(19. 8 MD , 75 2 45 = A8 I 14 f8 14 7] sf R R e IR T A 80 &2
R WERF T SR A AT

%2 REEARR MR AR L

Table 2 Performance comparison of different target detection models

Model Precision Recall mAP@0. 5 mAP@0.5:0.9 parameters GFLOPs
Faster R-CNN 75.5 86. 6 85.7 59. 8 41.5 128.9
RT-DETR 79.0 88.3 88.5 62.0 19. 8 56. 9
YOLOV3-ting 84. 4 89.0 91.1 62.9 18.9 12.1
YOLOv3-1 85. 2 88.9 91.8 63.8 103. 7 282.2
YOLOV3-ting 84.4 89.0 91.1 62.9 18.9 12.1
YOLOv5-n 84.9 91.0 92.3 63.1 2.5 7.1
YOLOvV5-s 85. 8 90. 5 92.0 63. 2 9.1 24.0
YOLOv8-n 84.2 91.6 92.1 62.0 3.0 8.1
YOLOv8-s 86. 0 90.0 92.5 63. 4 11.1 28.7
YOLOv9-n 79.0 82.7 85.9 59.6 2.7 8.4
YOLOv10-n 81.2 86. 7 88.5 62.0 2.2 6.5
YOLO-BioFusion 87.5 90.9 94.0 65.2 2.9 6.8
M 3BT RKAE, A CHE BN YOLO- # (fl #5 Swin Transformer™ . EfficientFormer™"

BioFusion 58 76 1 H Al )57 FH 25 1 200 i G 00 % 452 80 AR L D
o 3R T W 4 O A, AERE B (87.500) A A1 R (90. 9%6)
A mAP@O. 5(94. 0V JE X EHE bR L ¥ A BT, 5
& 45 Ml 2% %% 2 77 B (Random Forests, SVM, Fuzzy
Classifier) # Ft , 7% SCRE 7R AF 0 BE A6 45 Pk L KR 42 7,
M5 5 B 09 IR B 2% 2) J7 % (ISE-YOLO, DCBC DEEPL,
TE-YOLOF B3,AYOLOv5) 4 Lt R AL B 47 a9 £ 3 .

4) EF M

R T LT b R O R T 4 B AN AT AL AR
30K YOLO-BioFusion #4345 5 415 Ji A7 59 3= 1M

efficient ViT™ | LSKNet™ 1 FasterNet™) ¥E47 T %F Ho. M
F4 PRy S5 A LLE . YOLO-BioFusion 5 7 75 A% Ji
(Precision(87. 5) \mAP@O0. 5(94. 0) Fl mAP@0. 5:0. 9(65. 2) 3¢
bR LTI T R AR, RS IR S U] T
PG 04 32T R4 R U B 5 T f) A OCR .

5) T B AL X L

EE LSK {12 S HLH 5 SPPF 45 #4 #H 45 & 7E 1 48
MG AT 55 o B9 A R, AR SC kB T Squeeze-and-
Excitation Attention™" | TripletAttention™ | Efficient Multi-
Scale Attention™* fil Convolutional Block Attention™* #L#i
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Table 3 Comparative analysis of blood cell detection models in different literature
Model st [&] SCHik Precision Recall mAP@0. 5
Random forests 2018 [19] — — 74.3
SVM 2019 [20] — — 79.7
Fuzzy classifier 2020 [21] — — 76.0
ISE-YOLO 2021 [22] — - 85.7
DCBC DEEPL 2022 [23] 79.9 80. 3 82.4
TE-YOLOF B3 2022 [24] — — 91.9
YOLOV5-CW 2023 [25] 84.0 85.7 89.9
AYOLOv5 2023 [13] 86. 2 91.5 93.3
YOLO-BioFusion — — 87.5 90.9 94. 0
x4 ETTMEMUITILE
Table 4 Comparison of backbone network optimization
PR Precision Recall mAP@0. 5 mAP@0. 5:0. 9

Swin Transformer 81.4 90. 4 90.0 62.2

EfficientFormer 82.6 87.8 91.2 63.1

EfficientViT 80. 8 91.3 88.9 63.7

LSKNet 79.1 91.2 90. 3 63.1

FasterNet 75.9 88.8 89. 3 59.1

YOLO-BioFusion 87.5 90.9 94.0 65.2

HEAT X PG S B, BT A T 0 ML B AR AR R 6 A R AT U

pun
L& A% 5 iR . Lk R B, SPPF-LSK 4 A B 1 i

x5

FE mAP@0.5 fl mAP@0.5:0.9, 848" T LSK 5§
SPPF 45 & 7 I 20 A A% 90 M 5 L A% 8 3 A 34

ERE AL XL

Table 5 Contrast of attention mechanisms

T = AL Precision Recall mAP@O0. 5 mAP@0. 5:0. 9
Squeeze-and-Excitation Attention 88.5 88. 4 93. 4 62.0
Triplet Attention 86. 2 91.7 92.8 64.5
Efficient Multi-Scale Attention 86.5 91.5 92.7 64. 8
Convolutional Block Attention 85.2 89.9 93.3 64.8
LSK Attention 87.5 90.9 94.0 65.2

6) 45 2% R HO0 L

H T WAL Inner-CloU 1 ratio & $i0X B 7 14 fE Y 5%
Wil A SCHEAT T AR SCXT LE SE 5, SEI R Ik 6 i, F
R, & ratio N 0.7 B INZE 1.1, B FE ratio=
0. 8 R RIMImAL . WLAF . A SRR L T 2 Fh 3 3451 2% R &L
45 EloU. DIoU. SloU, Inner-EloU #l Inner-CloU ., 2 5
GERANE 7 PR, 45K E W, Inner-CloU 78 mAP@0. 5 Al
mAP@0.5:0. 9 FHIUCH R bR F X BUS BRI, #E— 2P
Bk T HAE I 40 AG AT 55 b R sUBPERE . X — R BT
53U Inner-CloU fE 52 T4 I A B2 7 181 (19 A 280t A 34

7 il 52

T VTAL BT i 0 2% v A AP B BOR HEAT T I RS
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Table 6 Comparison of the different Ratio

coefficients of Inner-CloU

Ratio Precision Recall mAP@0.5 mAP®@O0.5:0.9
0.7 86. 2 90. 5 93.3 64.0
0.8 87.5 90. 9 94.0 65.2
0.9 85. 4 90. 2 93.0 64. 6
1.0 86.0 88.9 92.4 63.8

B R A i HE A DO R R B AR R A M . R 8 SRR T
TH LS8 1 45 R W0 35 T bR YOLOV8-n K& H 5 4% ek
Bt (ACFN,C2{-DPE,SPPF-LSK Fl Inner-CIOU) (41 &,
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Table 7 The comparison of the loss functions

WL Precision Recall mAP@0.5 mAP®@0. 5:0.9

S 2k R UA N AR [R) B B b B B 8 S 4R T T AR
B4 RS bR, 91 A ACEN BLH 5 45 BE (M 84. 0% 2
& 852%, mAP@O0.5 M 91.9% FF & 92.5% . mAP@
0.5:0.95 M 62. 0% F] 64. 4%, ACFN BBl T H &

EIOU 84.5 92.4 93.3 65.0
bIOU 866 905 904 66 25 U AR 5 B4 T R/ FLR K WU ) % 4275
SIOU G54 89,9 92,7 62,3 TX#?HJ/J\%HE%E%E‘J’F@W*%TED IE]Ej‘yGFL()PS‘}J\ ?.l
e EIOU 86,2 go.7 03 1 612 BEARE 6. 5, 2 W2 B8 e 75 £ o A6 RS 52 114 [+) I A7 25000
TitHE &R, 51 A C2[-DPE BB )5, # ol R ig 7+ &
Inner-CIOU  87.5 90. 9 94.0 65.2 92. 5% .mAP@0. 5 #H15] 92. 8% . mAP@0. 5.0. 95 & FF
x8 HEXWHER
Table 8 Results of the ablation experiments
Model Percision Recall mAP@0. 5 mAP@0. 5:0. 95 GFLOPs

YOLOv8-n 84.0 91.9 92.4 62.0 8.1

YOLOv8+ ACFN 85.2 90. 7 92.5 64. 4 6.5

YOLOv8+ C2{-DPE 86. 3 92.5 92.8 62.6 8.0

YOLOv8+ SPPF-LSK 82.5 91.9 92.7 62.8 8.4

YOLOv8+Inner-CIOU 85.3 90. 8 92.9 63.0 8.1

YOLOv8+ ACFN+C2{-DPE 83.9 91.1 92.3 63.6 6.3

YOLOv8+ ACFN+ SPPF-LSK 84.1 91.6 92.6 63.4 6.9

YOLOv8+ C2{-DPE+ SPPF-LSK 83.4 90. 5 93.0 64.5 8.3

YOLO-BioFusion 87.5 90.9 94. 0 65.2 6.8

% 62.6% ., C2{-DPE fHui i 2 R B2 B 9 e, 1 ok
TXRIARE R ST B b 938 B, 45 50 X5 F 1l 40 i 515k £
REER H bR, 3 FF 7 8B R 6] RBE B AE 1Y Bl & B8 1.
GFLOPs B30T B, 1lE— 25 30F B iZ AR B 7 S2 B o7 HOR A 42
FT R e ST, i@ Ak T IR0 %, 25] A SPPEF-LSK #
Hert, 5SRO BE BT R (H mAP@0.5 K8 T 92.7%,
mAP@0. 5:0. 95 2T+ = 62. 8%, SPPF-LSK #5i it il &
25 ) & 3 b AR R R R BE B B B AL R etk T £
ROBERAE A8 , DU A 5 275 5 b, B8 0% 48 TS0 78 X 40
A R0 B I, e LR of b AL B bR R A B 4 X S
44 ACFN Al C2f-DPE J& , B SR A% FE W A % 30, {5 mAP@
0.5:0.95 #2£TFF & 63. 6%, GFLOPs % £ 6. 3, 3 I X P A&
B 20 A TR T O 6P 0 [R) B A7) RE PR R e v R R
B i — 2R T T B AE B A AT S P iz AR

B4, 4 ACFN,C2{-DPE, SPPF-LSK #l Inner-CIOU
DU AN 25 A A L AR T ) mAP@0. 5 355 T 94. 0%,

x9

mAP@0.5:0. 95 $TF &= 65. 2%, /R H X SR e (1) 28 &
PR BT g e T /N B AR 22 ROBEARAE Bl & A2 235
ST HARRI A P E TR B AR A AT 55 P
SRRAUR .

8) VA I W 75 1A (] e FB %o A58 TR (4 5 i

AR SO B AR TP ARG AT T R ST R R A B, AR AL
FPRIGIRIABE Pl e b A BAR T4, MR EE SR
GRS ALY S B R R S R R . AT A
R R RGP I A S I 75 B8 A8 17 il A5 8 7 I8 A5 T 40
THREEN:, SR (R 9 £, BRI A S5
BRAE mAP@O. 5 b LA 6T [, (H5] A ACFN, C2f-
DPE.SPPF-LSK Fl Inner-CIOU J5 , B 51 () mAP@0. 5 #H
BFR YOLOvS-n BERUA BT 42 71 , 3= 90 1 T 58 (4 i 1 5k
R ES /NS B, XEP, ACFN,C2{-DPE, SPPF-
LSK F1 Inner-CIOU RE 545 R HE o B 0 A5 B 7 3R 455 v 1) 6
TUAS B R0 H

AN RS SRR B M RE X L

Table 9 Compares the model performance table after adding noise

Model g 75 Percision Recall mAP@0. 5 mAP@0. 5:0. 95
YOLOv8-n " 84.4 91.6 91.9 61.7
YOLO-BioFusion " 86.5 90. 6 93.5 63.8
YOLO-BioFusion TG 87.5 90.9 94.0 65.2
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Table 10 Performance table of the model under different illumination and contrast

it g Xt e B Percision Recall mAP@0. 5 mAP@0. 5:0. 95
0.2 0.2 86. 4 90. 7 93.4 65.0
0.3 0.3 85.8 90. 8 93.1 64.9
0.4 0.4 85.5 89. 8 92.9 64. 2
NIZ AT L B 1 440 5K B, S8 0 A BAR o R

T B IE AR SCH 0 A M, fE TXL-PBC 84 5
5 YOLOvV8-n #47 T X Lk 52 5% . TXL-PBC 4% 45 2
— AN TR R G T bR TE Y A8 R I 4 M A 4R
(R A By R TN ) R S O (1 S 12 N W 1213 TN
MR A5 B A P R ok AR R AT T T 40 2 R R SR
35 F T MO A M 0 4 28 SR DA 5% . i B AR BT

640 pixel X 640 pixel, SLEEER ML 11 P, MNFE 11
a] PUE W, ek 5 ) 35 7E Precision 1 Recall | 43 51 ik
BT 95.1%M 95. 7% . B m FHLEEM, mAP@O.5
BIE 97.9% . mAP@0. 5:0. 95 4 83. 6% , 4% Wil 15 b5
ISt T AT, X R AR SRR R AR P
ZALPEREL 5 .

x11 ZHZBELER
Table 11 Results of the generalization experiments
Model Percision Recall mAP@0. 5 mAP@0. 5:0. 95 GFLOPs
YOLOv8-n 93.8 94. 8 97.4 82.2 8.1
YOLO-BioFusion 95.1 95.7 97.9 83.6 6.8
A NICKFARJAM A M. White blood cell detection and
RO P

A BF 5T 4R I YOLO-BioFusion & % 5@ i 51 A
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TR Sy %5 A2 V) T S 21 200 R B A7 A S A T R0 e R R A R
TR A BRI a H ffkas |, BRI . YOLO-
BioFusion A Ifil 48 JLAS DU A1 /N B A5 ke DA 55 $2 45 T 45 800
fift o7 2, F R B SR 2 AR AR 1. R R W BIF 9T 4k 2
P A 1 T 53 00% DL 0 SRR 2 i 4 sl A U ER
WM.

S % ik

[1] KHODASHENAS M., EBRAHIMPOUR K H,

+ 186 -

counting based on genetic algorithm [ C]. 2019
Advances in Science and Engineering Technology
International Conferences(ASET). IEEE, 2019. 1-4.

[2] ACHARYA V, PRAKASHA K. Computer aided
technique to separate the red blood cells, categorize
them and diagnose sickle cell anemia[]J]. Journal of
Engineering Science & Technology Review, 2019,
12(2), DOI: 10. 25103 /jestr. 122. 10.

[3] BISWAS S, GHOSHAL D. Blood cell detection using
thresholding estimation based watershed transformation
with Sobel filter in frequency domain [ J]. Procedia
Computer Science, 2016, 89: 651-657.

[4] REDMON J, DIVVALA S, GIRSHICK R, et al.

Unified,

IEEE Conference on Computer Vision

You only look real-time object
detection[ CJ.
and Pattern Recognition, 2016 779-788.

[5] LIU W. ANGUELOV D, ERHAN D, et al. SSD:
Single shot MultiBox detector[ C]. Computer Vision-
ECCV, 2016. 21-37.

[6] RENSH Q. HE K M, GIRSHICK R, et al. Faster

R-CNN: Towards real-time object detection with

once:

regionproposal networks [J]. IEEE Transactions on

Pattern Analysis and Machine Intelligence, 2017,



O EF LT YOLO-BioFusion 64 £ fm Ae, 4 ) A A

18

7]

(8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

39(6): 1137-1149.
DAIJF, L1Y, HE KM, et al. R-FCN: Object detection
via region-based fully convolutional networks [ CJ. 30th
International Conference on Neural Information
Processing Systems, 2016 379-387.

TIAN ZH, SHEN CH H, CHEN H, et al.

Fully convolutional one-stage object detection [ CJ.

Fcos:

IEEE/CVF International Conference on Computer
Vision, 2019: 9627-9636.

YANG Z, LIU SH H, HU H, et al
Point set representation for object detection [ C].
IEEE/CVF
Vision, 2019: 9657-9666.

ZHAO Y., LYU W Y, XU SH L, et al.
yolos on real-time object detection[ CJ. IEEE/CVF

Conference on

Reppoints:

International Conference on Computer

Detrs beat

Computer Vision and Pattern
Recognition, 2024 16965-16974.

JEJREE . AT, HARE, A BT EE YOLOVT #
RUAY ML A0 B A I R PR LT ], B AR TR,
2024, 43(4) . 1-9.

ZHOU Y T, YU H P, XIAO L J, et al. Research on
blood cell detection algorithm based on improved
YOLOv7 model[J]. Foreign Electronic Measurement
Technology, 2024, 43(4) . 1-9.

GUO Y C, ZHANG M Y. Blood cell
method based on improved YOLOv5 [ ] .
Access, 2023, 11:67987-67995.

GU W C, SUN K X. AYOLOv5: Improved YOLOv5

based on attention mechanism for blood cell detection[]].

2024,

detection

IEEE

Biomedical Signal Processing and Control,
88: 105034.

ROHAZIAT N, TOMARI M R M, ZAKARIA W N W.
White blood cells type detection using YOLOv5[C]J. 2022
IEEE 5th International Symposium in Robotics and
Manufacturing Automation(ROMA). IEEE, 2022: 1-
6.

GAO J. CHEN Y, WEI Y, et al. Detection of specific
building in remote sensing using
YOLO-S-CIOU Gas
identification[ J]. Sensors, 2021, 21(4): 1375.
SULSC. WOR R, B, 4. BT EGER YOLOX il
S A W AR A gE [T]. A i R, 2022,
45(22) :177-184.

YIJ B, HUANG S Q. CAO F. et al.
blood cell detection algorithm based on improved
YOLOX[J]. Electronic Measurement Technology,
2022, 45(22) . 177-184.

LU D, WANG Y X. MAR-YOLOv9: A multi-dataset

images a novel

model. Case: station

Research on

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

(28]

object detection method for agricultural fields based on
YOLOvI[J]. Plos One, 2024, 19(10): €0307643.
MEI ] H, ZHU W Q. BGF-YOLOv10: Small object
detection algorithm from unmanned aerial vehicle
perspective improved YOLOv10 [ ] ].
Sensors, 2024, 24(21): 6911.

LI'Y X, CHEN Z X. Performance evaluation of machine
learning methods for breast cancer prediction[J]. Applied
Computational Mathematics, 2018, 7(4) . 212-216.
SINGH B K.

based on

Determining relevant biomarkers for
prediction of breast cancer using anthropometric and
clinical features: A comparative investigation in
machine learning paradigm [ J]. Biocybernetics and
Biomedical Engineering, 2019, 39(2): 393-409.
ONTIVEROS-ROBLES E, MELIN P. Toward a
development of general type-2 fuzzy classifiers applied
in diagnosis problems through embedded type-1 fuzzy
classifiers[J]. Soft Computing, 2020, 24(1): 83-99.
LIU C, LI D W, HUANG P. ISE-YOLO: Improved
squeeze-and-excitation attention module based YOLO
for blood cells detection[ C]. 2021 IEEE International
Conference on Big Data, Orlando, FL, USA, 2021:
3911-3916.

RAHAMAN M A, ALIM M, HOSSEN M N, et al.
DCBC_Deepl.: Detection and counting of blood cells
employing deep learning and YOLOv5 model [ C].
Artificial Intelligence Data Science, vol. 1673, Cham,
Switzerland: Springer, 2022: 203-214.,

XU F, LI X K, YANG H, et al. TE-YOLOF: Tiny
and efficient YOLOF for blood cell detection [ ]].
Biomedical Signal Processing and Control, 2022,
73: 103416.

HUANG M G, WANG B J, WAN ] CH, et al
Improved blood cell detection method based on
YOLOvVS5 algorithm [ C ]. IEEE 6th Information
Technology, Networking, Electronic and Automation
Control Conference, Chongqging, China: IEEE, 2023.
992-996.

LIUZ, LIN Y T, CAO Y, et al
Hierarchical vision transformer using shifted windows[ C].
IEEE/CVF International
Vision, 2021: 10012-10022.
LIYY, YUAN G, WEN Y, et al.

Vision transformers at mobilenet speed[ J]. Advances

Swin transformer:
Conference on Computer
Efficientformer:
in Neural Information Processing Systems, 2022, 35:
12934-12949.

LIU X Y, PENG H W, N X, et al

Efficientvit: Memory efficient vision transformer with

ZHENG

« 187 -



448 % v 7o ¥ o3 A

cascaded group attention[ C]. IEEE/CVF Conference 13(5): 3180.
on Computer Vision and Pattern Recognition, 2023: [33] OUYANG D L, HE S, ZHANG G ZH, et al
14420-14430. Efficient multi-scale attention module with cross-

[29] LIUJ, CAIZL, HEKF, et al. An efficient printing spatial learning [ C ]. ICASSP 2023-2023 IEEE
defect detection based on YOLOv5-DCN-LSK [ ] ]. International Conference on Acoustics, Speech and
Sensors, 2024, 24(23): 7429. Signal Processing. IEEE, 2023. 1-5.

[30] QIN C X, ZHOU Z Y. YOLO-FGD: A fast [34] WOO S, PARK J, LEE J Y, et al. CBAM:
lightweight PCB defect method based on fastnet and Convolutional block attention module[ C]. European
the gather-and-distribute mechanism [ J]. Journal of Conference on Computer Vision(ECCV),2018: 3-19.
Real-Time Image Processing, 2024, 21(4). 122, 1EE® N

[31] HU J, SHEN L, SUN G. Squeeze-and-excitation WA, W B ST A, ST O 1A B 2 A 5 B
networks[ C]. IEEE Conference on Computer Vision Kb,
and Pattern Recognition,2018; 7132-7141. E-mail:1797718602@ qq. com

[32] HUANG ZH H. SUL M. WU J J. et al. Rock image B G 1) WL S, 395 97 0 0 40 B
classification based on EfficientNet and triplet vk K N .
attention mechanism [ J]. Applied Sciences, 2023, E-mail: LiuWeil9781020@126. com

188 -



