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Object Detection Algorithm for Fish Eye Image Based on Improved YOLOvS

HAN Yanfeng', REN Qi, XIAO Ke
(College of Mechanical and Vehicle Engineering , Chongging University , Chongqging 400044 , China)

Abstract: The images collected by fish eye cameras in autonomous driving scenarios have severe distortion,
complex scenes, drastic scale changes, and many small targets, which lead to low detection accuracy of traditional
object detection models. Therefore, YOLOv5s—R, an improved fish eye image detection model based on YOLOvSs,
is proposed. Firstly, to solve the problem of difficult recognition of minor targets, the RCMS (Random Crop Muti
Scale) data augmentation method is proposed, which performs better than the optimal data augmentation method
obtained from ablation experiments. Secondly, to improve the detection accuracy of the model, SA (Shuffle
Attention) and LDH (Light Decouple Head) modules are added to the network header to enhance the model’ s
feature extraction and recognition capabilities, suppress noise interference. Finally, an additional angle prediction
branch is added to realize the rotating box object detection, a circular label is constructed to solve the PoA

(Periodicity of Angular) problem, and the label is smoothed with the Gaussian function. The RIOU is proposed to

x  WFHEHE:2023-07-23
BELTIE : [ dE G &R (2022YFB4702201) , National Key R&D Program of China (2022YFB4702201)
Ve I k2% (1987—) 3, LG M, B PR 2 R ek, 11
1 EEB R, E-mail ; fyh-0220@163.com



30 PN S QRS )

2024 4F

optimize the loss function by adding an angle penalty term on the basis of CIOU, which improves the regression

accuracy and speeds up the convergence of the model. The experimental results show that the proposed YOLOv5s—R

model achieves good detection performance on the Woodscape dataset. Compared to the original YOLOvSs model,

mAP@0.5 mAP@0.5 is 0.95 increased by 6.8% and 5.6%, respectively, reaching 82.6% and 49.5%.

Key words: YOLOvVS ; autonomous driving;fish eye images ; rotating box object detection
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Tab.1 Results of ablation experiment

AR vk mAP@0.5 mAP@0.5:0.95
HEIE(HSV) 0.687 0.434
ekt 0.712 0.414
e+ T 0.729 0.427
TERG+ - R+ 45 i 0.719 0.405
e+ Fo+ Bl 0.758 0.439
e+ R+ 1l 0.756 0.433
e+ RS+ )+ B4 0.749 0.430
TR+ R+ HR G 0.746 0.431
TERG+ T R+ U1+ S Rl 0.750 0.433
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Tab.2 Comparative experiment of OM and RCMS

Bl gy vk mAP@0.5 mAP@0.5:0.95
I (HSV) 0.687 0.434
oM 0.758 0.439
RCMS 0.761 0.477
OM+RCMS 0.750 0.441
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Tab.3 Comparison of SA module in different positions

x4 AREBAMHIXTLL

Tab.4 Comparison of different attention mechanisms

ik mAP@0.5 mAP@0.5:0.95 ZH/M  aHER/G
T 0.761 0.477 7.03 15.88

SENet 0.773 0.483 7.08 15.89

CBAM 0.769 0.474 7.08 15.89
CA 0.755 0.469 7.07 15.89
SA 0.791 0.483 7.03 15.88

3.42 FINBEAMHEAG K F I
g T g E AR Sk A RO LA SA T AL
il 1 45 SR Sy o i ] D 46 Y A% A8 Sk (Decouple
Head, DH) FIHLALJ5 (4 52 i A0 A4 Sk (LDH) A0 L
S, SR A RN 5 BT
%5 DHELDHZ¥ILE
Tab.5 Comparison of DH and LDH

g mAP@0.5 mAP@0.5:0.95
& 0.761 0.477
C3 0.724 0.440
SPPF 0.738 0.447
Head 0.791 0.483

W23 T LLAE 1, @ 2 L i AE Sk 3
(Head )RR B AT . 43 B S R ZE VN GRS R T8 AL
O, R T HLEIE INAE C3 )2 8% SPPF 2 & k3R
W) 28 24, S EORFR > TN A E ek , mias i
| Head J2 BEMN A 73 WO ZRALE , 7853 F1 ] Je 4%
GIN

R T IRGEAS R B AL ROR A E Y
SENet,CBAM ., CA . SA U i 2 AL ] 75 I 21 3k 4
K LSS, S 45 AR 4 I

i 2% 4 AT LA Al v 2 O ML K e 4 Tt
BTN (R ARG I 5 g, e rp SA VR B I ML ) 2 B AR
HEIA WS Sia 8 850 H SA EZEIIHLH
J&i , mAP@0.5, mAP@0.5: 0.95 %3 % 42 7+ T 3.0%.
0.6%.

WIRES mAP@0.5 mAP@0.5:0.95 ZiuM  BHER/G
SA 0.791 0.483 7.03 15.88

+DH 0.788 0.488 7.77 56.42

+LDH 0.794 0.487 7.19 19.99

25 LLE N, %1 LDH /5 , mAP@0.5 .mAP@
0.5:0.95 53 A4 T+ T 0.3% ,0.4% , 3 UE B T ffeh Sk 1)
AR AH LT DH, LDH /92 40 Az 8 KR
b H R
3.5 SINFEEHAERIEIE
3.5.1 ARAFIR ROBAR A K

R TR B AR AR A A i A 2 BRIE A
HSORN 1 0T R B0 A v 2 X6 ARG 45 SR 1 s ), 7 ik
HEE AR B L Alt b B0 A RE I E, SEER 5 R R 6
B .

x6 AEABHFEBREITLL

Tab.6 Comparison of different Gaussian smoothing labels

2R brifE2E mAP@0.5  mAP@0.5:0.95
180 4 0.804 0.482
180 2 0.795 0.476
90 2 0.800 0.478
36 2 0.798 0.476
36 1 0.810 0.481
18 1 0.801 0.481

&6 LA, M 362K brifizh1
I, 45T R B B, mAP@0.5 .mAP@0.5:0.95 43 51 Hy
0.810.0.481. 730 B Bt A - 1 B 2 5 ik 22, 2 (i 0 =k
JELEE, BETRT AR E S BN RRURR s AR R 2 B 2 U
)y FEEREDRE , FROIIATE i 2 5 b o 25 1 K/ NS 52 i)
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3.5.2 FIARIOU #9 24 1t 52 3

T HAIE RIOU WA 80 , 7R R e ARAR 28 iy
}& 2R, 20 B CTOU A RIOU SO0} e S 56, 56 2%
RNE 7 R

H 6 7 AT LA HY (8 RIOU /A ToU 2K I , 4
It CIOU f mAP@0.5 . mAP@0.5: 0.95 73 42 7+ T
1.6% . 1.4% , X UERH T RIOU 451 5% A A st .

<5 Q] g

(a) J5LA YOLOVSs A il 2 58
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&7 CIOU5RIOURtE
Tab.7 Comparison of CIOU and RIOU

ToU mAP@0.5 mAP@0.5:0.95
CIOU 0.810 0.481
RIOU 0.826 0.495

3.6 FHIEBHIHIRBIRXTEL

T EDUL D R R O JE BT P AR L DL 44K
FHRARHLA L 5 R0 ZE B A0 YA 1A 1) LS
g I3 P 45, X6 SR AR TR Y OLOVSs ik E I B9 7K SFEHE
Kz I A58 YOLOvSs—H | 252 S5 114 T B AL Az i) A 754
YOLOvS5s—R (1) 46 W 45 2 3F 17 %5 L, 20 ) an 1] 12~
E 15 Frs .
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B 12 & ST AL 9 He A R
Fig.12 The detection results of different models on FV images
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Fig.13 The detection results of different models on RV images
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/
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Fig.14 The detection results of different models on MVL images
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Fig.15 The detection results of different models on MVR images
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T TAC Fh HIR P45 0% g A A G U ATE 1 o B2 At mT LA
AR G b3 LA H AR, 5 KEHERH E , 46 0AE 5 52 PR
HAR 10U B/ Kl R R B 4

LI mAP@O.5 R PEANFE bR , 45 A5 B X AN [7) 28 50 46
W2 e n 3 8 iR . vl LLE £, $2 HY B ol afh A 7
YOLOvSs—R X 4% /> 28 BRI RS 3 358 SR i $2 7
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Tab.8 Comparison of detection mAP@0.5 results of
different models
Foi ZEA TN AfTE GBI SRS
YOLOv5s 0.906 0.881 0.757 0.591 0.658
YOLOv5s—-H 0919 0.876 0.771 0.696 0.710
YOLOv5s—-R 0.925 0.895 0.784 0.718 0.727
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