®15% £7H 2 B it E M5 M A
Vol.15 No.7

2025578

Intelligent Computer and Applications Jul. 2025

SEARE, Bt HETEGE YOLOVT B HIUR 5/ B AR A I 53k [T ). & GETHRIHL 5 A, 2025, 15 (7) : 99-103. DOI: 10.
20169/j. issn. 2095-2163. 250714

E F it YOLOv7 B93MER Bl &/ B #rte M & &

F#&iE, K
(A% BSTRSAHLER, @M 350000)

O BT R TR N EER A A AE IR RGHINS BE (R A5 PR, AR SCHR Y — Bl T2kt YOLOVT /I H ks
MEE:, 78 YOLOVT BEARFERLG #8735 | A SASHFig 2 L ( BiFormer ) , A RGEANEHAS /N HARYIRRA0T (5 L., $ETH 4%
BRI RIS R s PERG IR 735 | A RAE 6 PR BU (REP) RERHIE G I At ORFAE S A R T LA B ARZ R &, SEs0ss
R, UGS YOLOVT SERIMERETGEI 1 — 7 Tt ARSI B B2 1 3. 6 11 70t 0 T/ H AR BRI S A

KA NHBRKRIN ;. YOLOVT s ShaSHBiiE AL s B IR4e Ik & 7

FESES . TP389.1 XEkERERE: A XEHS: 2095-2163(2025)07-0099-05

Small target detection algorithm based on improved YOLOv7
in grasping environment
YANG Miaohai, CHEN Dan

(College of Electrical Engineering and Automation, Fuzhou University, Fuzhou 350000, China)

Abstract: Aiming at the problems of difficult recognition and low detection accuracy for small target objects in grasping tasks under
industrial environments, this paper proposes an improved YOLOv7-based small target detection algorithm. The BiFormer dynamic
sparse attention mechanism is introduced into the feature fusion part of the YOLOvV7 model to effectively enhance the detail
information of small target objects and improve the detection accuracy. Additionally, a recursive feature pyramid module is
incorporated into the detection section to fuse the output features from the feature pyramid structure with the bottom—up backbone
layers. Experimental results demonstrate that the enhanced YOLOv7 model achieves improved performance, showing a 3. 6

percentage point increase in detection precision and superior detection performance for small target objects.
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Fig. 1 YOLOV7 algorithm structure diagram
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Fig. 5 Improved recursive feature pyramid structure
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Table 1 Comparison of experimental results of multiple target
detection algorithms
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Fig. 6 Detection results of YOLOV7
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