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Aiming at the problems of less research on the detection of pathogenic microorganisms, large differences in target size

and complex background, a multi-scale detection method of pathogenic microorganisms fused with recursive feature pyramid was

proposed. Considering that the characteristics of some pathogenic microorganisms are similar to normal cells, introducing the mixed

attention module CBAM in the feature extraction stage of YOLOvS can enhance the significance of pathogenic microorganisms and

reduce the misdiagnosis rate of pathogenic microorganisms. Since the pathogenic microorganisms with small size will lose important

features in the downsampling process, the recursive feature pyramid RFP is used in the feature fusion stage and the detection layer of

the small target is added. The detection rate of the target is improved, and the depthwise separable convolution DSConv is used in the

secondary feature extraction module to replace the ordinary convolution Conv, which reduces the number of parameters of the model and

improves the performance. Experiments show that the mAP of the algorithm in this paper on the pathogenic microorganism dataset has

reached 74. 9% , which is 4. 9% higher than the baseline network YOLOvVS5, and the mAP of the small target Trichomonas has also
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increased by 6.2%. At the same time, the public datasets of PascalVOC2007, PascalVOC2012 and CDetector are improved by 1. 9% ,

3.1% and 8% respectively compared with the baseline network YOLOVS.

Keywords : pathogenic microorganisms; object detection; recursive feature pyramid; small objects; multiscale detection
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25 YOLOvS 8 hin—~/N B bR ik 2 J5 mAP $27t
T 0.9% ., 5l A RFP W 4 &5 ¥ J5 mAP & T+ T
2.3% ,Utl] RFP REXG R FRAE 1Y 3H L 3RiE ., Bl & A
Py B  BIR mAP (HARA — & 3T, g
SRR A SO 8 A 18 A g I A A A e A 55 1
PEBE T 4, RFP-YOLOvS 5 ZLZ 17 YOLOVS 4T
S, mAP 25T 4.9% ,P R /3y WRTF T 7.5%
3. 7% , Ua A T A9 288 550 R S o7 B 42 30T L S A, e
SRR A 5 Ak A DSConv 452 FR i F5 46 1 1) 2
B A, AEHER AR T 0.5 ms/ 5K,

2.5 FEXWERS AW

9 T BRIE RFP-YOLOVS 783 B A= A6 L i
AR A SGA S FE R B An il Bk T IR, &
FA YOLOVS faster R-CNN' SSDM! YOLOV3"™! |
YOLOX'"' | Fcos'” | Cascade R-CNN'*'  PP-YO-
LO™ B8 L mAP A B 18] 75 N PEA F6 A, 25
RN s Uron, R ATAL, BIR RFP-YOLOVS fY#f
PRI ) K (EAE R mAP e HAth [ FRAS I 2 750 45

A BERIAETE, A REP-YOLOVS (A5 M RE B 4T
T WA B A A AR A ARG I AR, S g v
RFP-YOLOv5, YOLOv5, SSD, YOLOv3, YOLOX,
Fcos .Cascade R-CNN £ PP-YOLO 2= £ ] A ) 24 5
o B ), R O AN R 8 I

x5 SUEEBE

Tab.5 Comparison with existing models

L mAP/ % st
(ms/7K)

faster R-CNN 62.5 25.35
SSD 64.5 20. 05
YOLOv3 62.2 12.79
YOLOX 72.6 21.90
fcos 48.7 8.79
Cascade R-CNN 59.9 11.88
Yolov5 70.0 10.6
PP-YOLO 72.8 14.23
RFP-YOLOvS 74.9 10. 1
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Fig.8 Comparison diagram of model detection

&l 8 HARIEHERFREE A R TH B Fn 4
W L.CFREERI H 2RI T R, g
th YOLOvS X T+ HUik 28 1/ B An 47 78 s K A9 1%
#t, YOLOx fig K il Hy 4% 2 51 {0 E 4 2 Ik T RFP-
YOLOv5, PP-YOLO F1 YOLO3 #4778 X%F /)N H br
R AIRAG , SSD X T4k T A TR ) A R A L (H
SR AR IE RN AR, Feos PERER 22, ¥ F—18&
HPREE R B AN AR I 4 1% . Cascade R-CNN £#
EHEE RIS BN ER R BAR, T,
RFP-YOLOVS 742 51 B ) v ff R 4R bb Al
RUAE TR, RFP-YOLOvS BERE tH YOLOVS T A% % B
ANEE7
2.6 PascalVOC BIEESLRER S N4

ARSI T A B S0 SR A B R B 56 E
RIS RFP-YOLOvS B9PLE i 7E B A H 09 B br

2 FF B AR £E PascalVOC2007 Fl PascalVOC2012
AT TSRS, PR SR A i IR 8 .2 il Rl 4k
LR AR a3k 6 iR,

x6 HIEEXSER
Tab.6 Distribution of datasets
UlIE T V) SN Eo V) S SE Y ) S
Pascal VOC2007 8823 1140 9963
PascalVOC2012 9821 1719 11540

SRJ5 , FH RFP-YOLOVS 5 2/~ H F5 A I A5 78 1|
YR BAIEEE I 2 25 28 ) 1 S 24 v A 23 24 {3
TR B R 5N 7 38 8 s, [ XT H A4
B E BRI kAT TR mAP B A, 45
wnE9 PR,

&7 PascalVOC2007 BR4&M mAP tLE;
Tab.7 PascalVOC2007 target detection mAP comparison

Hom aero  bike  bird  boat bottle bus car cat chair cow mAP/
- table dog horse mbike person plant sheep sofa train v %

76.5 79.0 70.9 65.5 52.1 83.1 84.7 86.4 52.0 81.9

faster R-CNN 73.2
65.7 84.8 84.6 77.5 76.7 38.8 73.6 73.9 83.0 72.6
76.3 84.6 79.3 64.6 47.2 854 84.0 88.8 60.1 82.6

SSD 77.1
76.9 86.7 87.2 85.4 79.1 50.8 77.2 82.6 87.3 76.6
91.5 85.6 80.6 68.3 73.0 87.8 88.8 90.5 73.3 77.9

YOLOvS 80.5
69.8 84.2 89.5 85.6 85.8 55.8 83.7 66.8 90.4 80.5
93.8 85.8 84.1 68.5 75.7 85.8 89.3 93.6 72.6 83.3

RFP-YOLOv5 82.4
68.2 85.9 93.1 87.5 88.4 58.8 85.4 74.3 91.6 82.3
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Tab.8 PascalVOC2012 target detection mAP comparison

Hm aero  bike bird  boat bottle bus  car cat  chair cow mAP/
- table dog horse mbike person plant sheep sofa  train tv %

86.5 81.6 77.2 58.0 51.0 78.6 76.6 93.2 48.6 80.4

faster R-CNN 73.8
59.0 92.1 85.3 84.8 80.7 48.1 77.3 66.5 84.7 65.6
87.9 82.8 73.8 61.5 45.3 81.4 75.6 92.6 57.4 78.3

SSD 75.4
65.0 90.8 86.8 84.2 81.5 50.3 78.1 75.3 85.2 72.5
84.1 79.2 71.8 53.6 57.1 89.8 84.7 89.4 62.4 77.4

YOLOvS 74.6
59.2 79.1 80.0 80.2 86.1 55.7 82.6 559 79.4 82.4
88.2 83.3 76.0 59.1 57.9 92.5 86.1 91.2 63.9 81.3

RFP-YOLOv5 77.7
68.5 84.6 79.3 85.6 86.5 57.2 82.8 66.9 82.3 80.8

3R 7 3% 8 4T vl 1, WUk J5 /) RFP-YOLOVS
LU L B B A A 0 A5E R R AT B U ) BB . 7E Pas-
calVOC2007 i £E 20 251, RFP-YOLOVS #ailll
16 A28 5] mAP #R & T H A AR i H A 7
mAP 328 YOLOVS & T 1.9% , 7 Pascal-
VOC2012 g S b, th T8 4R i 75 50 5 A T 3
1, T LATEUA) 2k B 200 mAP FEAR AR T Pascal-
VOC2007, 5 k% 19 H Fr & I 8 8 AH [, RFP-
YOLOVS 1 mAP it J& f i, L IR AR YOLOVS &
BT 3.1% o L5 AE B BUS ) REP-YOLOVS
R TR B8 4 5 RRAE 018 R, B2 H AR 4 R
RETT.

9 BRRNELEBIEENNRITL
Tab.9 Effect comparison of target detection

in public dataset

Pascal VOC Pascal VOC
Bk 2007 2012
StairNet ™’ 78.8 76. 4
CollaborativeR-CNN" 77.5 75.7
MFCN 80. 1 77. 4
Tiny RetinaNet'™’ 71.4 73.8
RFP-YOLOv5 82.4 77.7

H126 9 2Bl 0, A SCER H 9 3308 S i i H
Aok U 55 92 A LG 4K, FE PascalVOC2007 5 Pascal-
VOC2012 WASEHR S i 3 E AR
2.7 CDetector HIBEEXLWERESH

AR SCEVEBR THE Pascal VOC B4 500k Bt

AL RFP-YOLOvS 1914 B8, i 7E ik 38 2 JF $5  4E
CDetectorBﬂﬁﬁTXﬂ' [t CDetector 2LIBEERH 7410 7§
B AR %, 40 & T ASC-US, ASC-H ., Lsil , Hsil |
SCC AGC it Bk A1 8 w4t 11
AN, HBARE S M ZRAE6 6665K FIKHIELE 744
SRPEAT LI, IR &5 SR Ak 10 Fiow, i 45 ) RFP-
YOLOvS #55Y Hexf LAY (1) 1 BE AR 4T

10 HBHIFHEANFE CDetector 2B ERI IR L
Tab.10 Effect comparison of target detection

in CDetector dataset

TR mAP/ %

YOLOV5 51.9

YOLOx 49.4

PP-YOLO 45. 4

YOLOV3 26.1
Comparison detector**! 48.8
RFP-YOLOvS 59.9

3 & it

S A MY A A 23 5 | R A% Ao SRR e
PIR , I UGS S W A U B AT IS (L, H
BRI R A B )32 B HI 2SS4 1 1 48 REAS:
I AEEXE T TCT A 8 I AR 0 e AR X —AT:
FFWFILT- %, [R5 B A 90 ) RS RS
— RIS 2R N BUA A H AR KIS B XS/ H
PREGIEIGEA TR EE T, B AASSCER 1 5638 4
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0 BN BAR IR B 48 &% 7E YOLOVS Higl A
RFP 282854 % EUR 5 B AT — I, T 4
TERYIE SCERGE . B IR R W A A — € 1A
I, B LAFE Backbone FERE [ A CBAM 2 AR
RIESRAS HARRFAE ) 52 B, IF 51 A DSConv 451
et 38 A B AR T SR AR T MERE, &
SEUS IR , A SC T VA TR U Y0 8 e 45 AN Pascal-
VOC2007 S5 A Pascal VOC2012 Bdfi4E b 44
g, e R YOLOVS AR HU, AR SO R 760 I B3l
A W B AR £E | PascalVOC2007 . PascalvVOC2007 Fil
CDetector 4 MG L0 mAP 2y T T 4.9% |
1.9% 3.1% F1 8% ,
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