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Abstract

In this paper, we propose an enhanced detection algorithm, termed YOLOV5, for identifying housefly
targets on sticky fly paper. These targets exhibit characteristics such as small size, variable morphology,
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and complex background. To thoroughly reflect the actual application scenario, a comprehensive data
set was collected, acquired, and labeled. This included 500 images of sticky fly paper, with 400 utilized
for training and 100 for testing purposes. The primary focus of the improvement work is on the detec-
tion head part, which optimizes the feature extraction and localization effect of small targets by intro-
ducing the Zoom_cat module to achieve multi-scale feature alignment and fusion, adopting the ScalSeq
module to enhance the feature serialization processing capability, and combining with the attention
mechanism to enhance the saliency of the target region. The experimental results demonstrate that the
enhanced model significantly outperforms the original YOLOv5m model in terms of key metrics such
as mAP, precision, and recall, thereby validating the efficacy and reliability of the proposed method for
housefly detection. This study proposes an efficient and accurate identification method for the popula-
tion monitoring of houseflies on sticky fly paper and concomitantly offers a novel approach for further
exploration of the small target detection problem.
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AR, BB N TR A GRS IR PGE R, tHENALSELE H bRk ST 1 2 itk .
LR ARz B AEAS A 2RI SR SO P RE, A A SR AR OB I IE E SR A T
AR FIWAE N — P W H A A 350w KBS (1 B o, JORS R DI /E CR IR £ 2 4. I AR DL R,
N FLARRE T TH R A E B . SR, AR S SO M g 2k B AN TS A B T A% G A B L
FB[L], AMUKERART, 1 HAER A 5 o DUR IS A AER 2 . Sharif ¥R T 5T HOMZ R 1)
B EUR A, SKFEH ARG, LG E, RBEREsE 6 Fh I i BRI TR o
o, WA TR AIRCR [2] . Fukatsu 383 G LS TR 2%, BT s E A BRI UG SIS
PLYHH R) 5 ERRE R (e P2 L B T2, PO 2Rk 89.1% [3]. PR A BB A THER LA B B A il 2=
Foby BGEEAT B i 2, TR 2RIk 9206 [4]. BSIE TR TE T R T HLAS AL OE A AR 5 SRR A I R 4,
TR P 4% 3 SRR AR R DL O FhEE HUEAT 4038, WERRFIE 93.5% [5]. Wen BF 5T T - BUG ) SR [l 2
HEEE S 0T, WA RS A RRHE, SERER. Gk, BOROGIRES 5 MR E
BT R, S RUERRZIL 86.6% [6]. WRERISHI AL 1T rHE NI S0 Tk H 3 Bt e, R
FASCRE IR FEARAT IR0, A fG 1 SRR 285 S0t T F U AR B30 AT 5 A s I 31 7 B B, (R
BRI UER 2 R4 87.4%, H ARG ERE[7].

AR, DL YOLO RVINAR TR ST B AmAS I S50y PR HL AT 75 14 R 00 3 5 AR5 v P RS 52 T 52 380 )92 9%
o JUHAE YOLOVS, A AR R 2% 25 M A s A REIE SR IXRE ), CLAAE 2Rl H bRkl 55 H
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G R DA BT BRI T A R R, DGR IE AN Z I R R 414 T [8].
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AbFE 2 R H BRI I A TEARERAL 2 B AR /N HARI ST, Zoom_cat FEHRLIE o fili & /1N R RFAE I 1)
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Figure 1. Network structure of the improved YOLOV5 algorithm
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i 42Tt

Table 1. A comparison of performance metrics for different model training

= 1 NEHEENIZHMEREFRIRRTEL

mAPO.5 (%) mAPO0.5:0.95 (%) Recall (%) Precision (%)
AR 93.3 60.1 94 92
YOLOv5m + Zoom_cat 89.7 53.5 90 90
YOLOvV5m + ScalSeq 90.5 56.8 91 90
YOLOv5m + Attention_model 89.8 55.9 88 90
YOLOvV5m 88.5 52.3 89 90
YOLOvV8m 86.1 48.2 87 86
YOLOv10m 91.1 54.4 90 89
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Figure 2. Detection comparison between the improved algorithm and the original YOLOV5 algorithm
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