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A failure enhancement and improvement of YOLOVS for target detection

CHU Wenjuan, LI Zhen, HUANG Weijia, WANG Yuxuan
(Ocean College, Jiangsu University of Science and Technology, Zhenjiang 212003, China)

Abstract: To address the issues of low detection performance and weak generalization ability in target detection under
complex background conditions such as illumination, weather, and occlusion, this paper proposes an improved object
detection algorithm based on failure augmentation and enhanced YOLOVS (AS_YOLO). First, a variety of target unit
datasets were constructed based on complex military scenarios, and an image failure augmentation technique tailored to
the application environment was developed. Second, a channel-spatial parallel attention mechanism was introduced to
simultaneously focus on feature and position information of targets in complex environments. Then, the AFPN structure
was used to enhance feature fusion of non-adjacent hierarchical layers. Finally, the Inner IoU loss function was adopted
to address the generalization limitations of existing IoU loss functions in different detection tasks. Transfer experiments
were conducted on the WSODD multi-target dataset. The experimental results show that the improved algorithm
achieves an mAP, s of 94.0%, a 12.5 percentage point improvement over the baseline YOLOv8n model, and an mAP, s
of 72.5%, a 15.7 percentage point improvement, indicating superior detection performance.

Keywords: computer vision; complex environment; object detection; YOLO; image enhancement; attention mechanism,;
feature fusion; loss function
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P = Conv (P})
P3" = Conv (PP +Resize (P3"))

P = Conv (P;"'+ Resize (P3"))
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Fig. 5 Layers 3-6 use different feature fusion network
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Fig. 6 Structure of the adaptive spatial network
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H, JF 7T 5 GloU(generalized intersection over union).

DIoU (distance intersection over union) %545 IoU
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3.1 XBRESSHILE

SCUG S 5 i 4B AT DESKTOP-7ANF55M Hi fig
FHL, BT I IR G 64 i Windows11 #:4E &
45, NVIDIA GeForce RTX 4080 GPU, #{: ¥F 55
4 Python3.9 4a f2 M 45, fifi H PyTorch 2% S HESE,
CUDA ity 11.6.
3.2 FHrigtR

TE S5 5 vf R V- 24085 B2 9 {6 (mean average
precision, mAP) #l it % & ( floating point opera-
tions, FLOPs) . .11, mAP [ i T # A 7E 2 5]
BT B RS T ORS B, 2 A e S TR o B M Y B AR
Pro mAP B, U] AY A A I A% R A
FLOPs HI T 14t 155 784 7 b 38 sk R ) i 11530 52
ZRJE, FLOPs # I, 25K 5 8 A 1138 3¢ I 75 SR B
Do X BEFEARIL[RIRA B T PEAS H bR AR 7 B
() EARKYE, 2 A % TR ERPE SRS
SEBRI AT AT . mAP HHREA

Mpp = % ZAveragePrecision(c)

s e NEF BRI E PR —2851; N B
P 42 v i A7 28 51 4l i 5 AveragePrecision() 71
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B, ¥ T BRI EY s AHEEZ T, AFPN
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i TG R RREAE Rl SR W E — 2D AR T TR A
B, JF HAE PR AR BAR T 55 5 ) [A] s S8 B T B s 1Y)
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Table 1 Comparison experiment of feature fusion methods

ik mAP, /% mAP,,5/% FLOPs/10°

FPN 81.0 56.3 8.0
PAFPN 81.5 56.8 8.1
BiFPN 81.8 56.2 8.4
AFPN 82.1 56.9 7.2
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T A A AS-YOLO J5 B 1E B 24 3R 55 F
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1t 5 477 7 5 YOLOvSn, YOLOv6n™!, YOLOv7n®™"
A YOLOv8n HFpA: Il Bk AT PEREXT . 2
WY S 45 SR B R, AS-YOLO 7E mAP, 5 Al mAP o
P FE bR L4 3k 21 T 83.0% Al 56.9%, % T
Faster-RCNN 235 #& 7+ T 11.4 B 53581 5.4 H 4>
R, AEST YOLOVS 43l #8717 1.8 T 43 s Fl 2.7
A3, AHET YOLOVG 27 1 2.8 H 4T A5 il 1.1
H 4% 5, AHF T YOLOv8n, mAP,, ¥ 7+ T 1.4 H 4%
S, mAP s $RTF T 0.6 H 4. X g R E,
AS-YOLO & Bl H 5w () R RS 32 o 7 3103 & 7
1A, A T HERERE A, AS-YOLO #2711 0.4%., %4
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KB BT YOLO R % iy oAb 36 aith 3 9 4472, ()
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Table 2 Comparative experiments with popular algorithms

Ik mAP,/%  mAP,,/%  FLOPs/10°
Faster-RCNN 77.6 46.0 —
YOLOV5 81.2 54.7 7.1
YOLOV6 80.2 56.3 11.8
YOLOV7? 80.7 56.6 20.3
YOLOVS 81.5 56.8 8.1
AS_YOLO 83.0 57.4 7.7

O I EE IR ZIE R R RS R, «—FR TR AR A
ZIRPREE

ZEAKFE, AS-YOLO AMUEE 2« F Ry H
FRAG MRS BE F AL T YOLO 90 i oA 35 Al 3 37
I, MR T D A E A R AS-
YOLO £ Tl 48 b5 - 1% 2 LI UE B 7 . o 8 7y 4
BRI V2 W R 77 o
333 RFOFEATIL KIS

R T B AIE 2 A 5 T H AR A AT 55 1A R
PR, SCEE e B REAE A YOLOvS g i A5 7Y
AS_YOLO #EA7R R4 5 g N 2 . HRAE &/ 24
PR A b AR AL YOLOVS . 38 i 45 450384 48 %)
FERHAL YOLOVS , i AS_ YOLO . ¥4 fin 2k
BRI AS YOLO S T, SEEGZE SR 3 iR .

F3 KB LER

Table 3 Comparative experiment of failure enhancement

ik mAP,5/% mAP),5/% mAP, /%
YOLOvVSn 77.6 66.0 58.9
YOLOv8n+5 &4 5 92.4 78.2 70.6
AS_YOLO 81.6 68.3 61.6
AS_YOLO+RAIEIR 94,0 80.1 72.5

TE: IRLBE R AR I R AR

D3 25 SR R, S N AR I i 11 i ik A5 A
YOLOVS 7E mAP0.5 275 T 14.8 H 73 45, 7 mAP,
RS T 12.2 B4, £ mAP s FEEE T 117
HAT o BN AS YOLO FERIZE mAPs
ST 12,4 B4, £ mAP s FHE T 11.8
ﬁﬁ')ﬁ, 7{ mAP, o L%%T 10.9 Eﬁ]\'ﬁ o
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TR | AR R, AR T B B
HYYs, W T HERE R 5T, £ 57T
PG R 407y SO BRNE M5 B, TRl T 1 k¢
AR, Al H bR A R N AF A 2 e T
T 3 5 W R I 5 5K, B LA R

34 HRLLIE

S8 LA YOLOV8n iy FEZRBI R, 58 3k 3 A0 s
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S REAE PRI AORG BE s B2, UN N AFPN T ERRAE 4
FIE A B, DR AR 2GR A B Bl e
)5, 51 A Inner 10U #12 pREL, it — 20 18 =t
T H AR B RGO B . BT A SE I A AE A R S 1
T AT, DA PEAR AN RIS R X 6 0 45 58 19 DK o

TESELR AR F A c2f CBAM Fib 5, B
FEE 22BN /N B AR DS B A T4 T, HLA
SIS HE R N 4, mAP, s Fl mAP, o5 X BN BT
FRar il T 0.4 H 3 S 0.3 Ay, X —42
T2 B c2f CBAM 5 He 7 14 5 AR AU X /)N H bk e H
JE T S B RR AR SCTERE I r R B T B AR,
M 3 T AR A PR RE o L AR, B AFPN Bibles|
A S JG, mAPy s Fl mAP, o5 73 51 38
0.6 H 73 #L A1 0.9 A 43 s, i — 24T T B A Y
PRSI PR fiE o X SE 2 SR, BT N FH ) R AR B
FESR T A RS B 5 & HE T BURE R, LR
B2 0/ BARKEINAT 55 v, e alE 3R TGk
WE, AFPN A LBk BEA & iln
FLOPs &% I 1) T4 1iF 4k B f FR A, 00 T HiAE
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Table 4 Comparison of ablation experiments

I7ik mAP,s/% mAP,/% FLOPs/10°
YOLOvVSn 81.5 56.8 8.1
+CBAM 81.0 56.6 8.2
+c2f CBAM 81.9 57.1 8.1
+AFPN 82.1 57.7 7.2
+c2f CBAM AFPN 82.4 56.9 7.7
AS_YOLO 83.0 57.4 7.7
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NEBREYIESE o i i 51 A S 18] 3 T L
BB, TH R 1R A D (R, 7Y AL R A8 il 4t
PN Z R/ B bR, BE LRI R A ),
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Fig. 8 Test results of each module
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Table 5 Compare the results of different ratios %

10U mAP s mAP, s
CIOU 81.5 56.8
Inner_IOU (ratio=1.10) 82.1 57.1
Inner IOU (ratio=1.13) 81.9 57.1
Inner IOU (ratio=1.15) 83.1 57.4

3.6 AL S HR
I A B AT 28 3800 B 45 ( gradient-weighted
class activation mapping, Grad-CAM ) 1 X A [d] 49
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Fig. 10 Visualization heat maps of different models
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Fig. 11 Image comparison in complex environments
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