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Method of Detecting Slender Object Based on Improved YOLOVS

LI Jiaxing , WEN Feng

( Shengyang Ligong University , Shenyang 110159 , China)

Abstract ; In the field of computer vision, the detection algorithm without anchor frame can be used
for detecting slender objects and better locate objects with any geometric shape. From the perspec-
tive of better retaining the information of elongated objects, preventing the confusion of information
and better expressing the correlation between non-local information, an improved elongated object
detection method of YOLOVS is proposed. In the backbone and head network of YOLOvS, SPD-
Conv building blocks are added to help process elongated objects,and SPD-Conv fully uses spatial
segmentation and non-step-step convolution processing techniques to effectively reduce the loss of
features of elongated objects. The convolution operation in the YOLOv8 backbone network is im-
proved, the problem of parameter sharing is solved,and different importance and meaning are atta-
ched to the features of different positions and channels of the image. In order to better calibrate
slender targets, attention mechanism non_local is used to learn long-distance dependencies and cor-
relations in images. Experimental results show that the average accuracy of the improved algorithm
is increased by 11. 35% compared with the YOLOVS8 prototype,and although the inference speed is
slightly reduced, the inference speed of 20 frame per second is maintained, which basically meets
the real-time requirements.
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Fig.1 YOLOVS8 network structure
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Fig.2 Improved YOLOVS network structure
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Table 1 Results of ablation experiment %

YOLOVS SPD-Conv H/5#:F non_local Precision Recall mAP s

% 61.8 47.9 511
vV v 60.5 53.0 55.8
vV v 59.0 50.0 51.7
vV % 63.6 47.2  52.0
vV vV v VvV 65.5 52.7 56.9

AR SCR R YOLOVS #EAT T He A S, 3
2 7R T UGS 19 YOLOVS Aailiss s 5 5L T4
f By B¢ 341 Faster R-CNN | — B Bt 8.1% FCOS |
YOLOVS AV VL N 22T transformer 1) DETR
APAE COCO Kl R PERE A XT LL 4 SR,
Fe2 w0 AN K HAREE4E T, T Faster R-
CNN S HE T HE 5, A T A3 RE AR
TG, X 240K A (0 RGOS A1, e mAP
{HALA 35. 1% ;—Fr B FCOS %4 1k BRS B (i ik 2]
T 38.6% ;3T transformer /) DETR %3 I AH 4%



18 % M

¥ I XK ¥ F Ik

%43 %

T FCOS Bk f5 4R = T 27.7% , DETR i it
Transformer Zif5 % — fE AR 4 TR 0 A 3 E 1AL
il RERS 7T A 42 )5 b SOfE B, HEWT S H Aw
(O z B IS s B T JCHAE R YOLOVS AT
WS SCHFRORHE | RS U 1 H AR FLE R
TEAL B RUE A A A5 TR 8 0 A F B o RS £k 0 M
HREE WA K H AR Bt 5 B9 YOLOVS A7 24 Tt
T mAP fﬁ,mAPO'S}J\ 51.1% $EF-2] T 56.9% , 42
THT 11.35% AE4 K HARBYRFAESR BORITE SCAF R
MSEREPETT 45T 1 F80r 975 18 X LS 2
RGOS 1Y) YOLOVS S AHE T HoAh S kA
HARTE T RIS B2 F R 45 T — s BB L | 1A
BT A0 K H bR I S5 B 52 A
F2 COCO HiR&EHHREEEN HaE
Table 2 Representation of each model in the
COCO dataset

187 mAP, 5/% AL /s !
Faster R-CNN 35.1 17
FCOS 38.6 22
DETR 49.3 27
YOLOV8 511 41
2l ) YOLOV8 56.9 20

&7 B T Akt YOLOVS Bk fr4a kK
YRR AR T DL S AR R A A b A DU
XTSRRI E HHEEE R 0.78,

B7 BMi#A YOLOVS Bk illsR
Fig.7 Detection result of improved YOLOVS algorithm
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