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Rotating target detection algorithm in parking images
based on improved YOLOv10n
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2. School of Statistics and Mathematics, Guangdong University of Finance and Economics,Guangzhou 510320, China;
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Abstract: Object detection is one of the key technologies for intelligent perception in autonomous parking systems in
the era of autonomous driving. The perception process of fisheye cameras faces several challenges, including complex
environmental factors, a diverse range of obstacles. and image distortion of detection targets under fisheye lenses.
Conventional algorithms struggle to maintain high detection accuracy for various objects in complex parking scenarios.
To address this, this paper proposes a rotation-based object detection method using an improved YOLOv10n model.
The approach introduces the SPPELAN module into the backbone network, and utilizes DSConv to enhance the C2f
module by improving the convolution fusion of the iRMB. This improves feature extraction capability under fisheye
lenses and enhances the localization ability of small objects. Additionally. an ATFL function is employed to strengthen
the model’s focus on target features. Experimental results demonstrate that the improved algorithm achieves a mAP@
0.5 of 89.89% and a mAP@0. 5:0. 95 of 69.36% on the fisheye camera parking dataset, outperforming the baseline
model by 0.62% and 0.6%, respectively. This provides new insights into the development of parking perception
technologies.

Keywords: rotating target detection; YOLOv10n;parking image;dynamic snake convolution;deep learning
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Table 1 Experimental setup configuration ;gzégf Ijj:jjjaﬁ H0.5~0.95 Z [, K0y 0.05 Y4
-S4 IR
T 305 R \ ﬁlam*l;j
BERS Windows11 : ‘I kj:_ﬂ X ) . .
CPU Intel(R) Core(TM) i7-9700K HBEGE A R TR G YOLOv1On OBB £ HY
Pytorch 1.12.0 R I 36 TE S5 3 AR P A AP L AR SCAE DR R DI 25 7 IR R
CUDA 11.4 YIRS — BRI 42 T . 0 I8 4 5088 4 54T T 9 il 52
Python 3.9.19 i, SEEAR UK DSConv, SPPELAN 1 ATFL A1 iRMB il
R NVIDIA GeForce GTX 1080 Ti AJEE YOLOvIOn OBB % 3t e, iy mh 52 86 45 5 4 3% 2
N AT 96 GB R
T2 HRMIXBLER
Table 2 Ablation experimental results
) Precision/  Recall/ Params/ mAP@0.5/ mAP@0.5:0.95/
DSConv  SPPELAN ATFL iRMB GFLOPs
% % % %
84. 32 83.41 2. 66 8.0 89. 27 68.76
Vv 84. 46 83.42 2.73 8.2 89. 46 69.03
Vv Vv 84. 26 84.02 3.22 8.6 89.61 68.71
Vv Vv Vv 82. 88 84.54 3.22 8.6 89.72 69. 65
Vv Vv Vv Vv 83. 85 84.24 3.24 9.1 89. 89 69. 36

T o/ R A IR fee P

t & 2 T HL A TFEIR R YOLOv1on OBB #5814
C2f 4> & B 45 DSConv J& , 128 8 75 452 B 40 K B
ASHLIN E ARERAE Jr TR B A, BRSO /NME S T 0.2
M.{H mAP@0.5 1 89. 27 % & F+ 3 T 89.46% . &= T
0.19%, [Al i Precison.mAP@50:95 1 Recall 43 53T+ T
0.14%.,0.27% F1 0. 01% ; 7¢ & T &6 43, # SPPF &40k
SPPELAN J&5 , B8 T %f /N B A% 19 A6 0 8 s , A8 (1) mAP

BT 0.15% , H Recall fH# FIRAGBIAIE T T 0.61%;
T ATFL 125 UG , $& T T BERITE 52 = 3 55 T iy A
FE 7 76 AR B8 fin B A0 2 B0 R B B LR L AR SR AT L
AR 0. 11 %1 mAP@0. 5 $#£F. mAP@0.5.0. 95 f J& 3k
) 68. 76 Y42 FHF T 69.65% ., #EFHT 0.89% ,Recall 17
BT 0.52% MR T AETHE M 4 h 5] A iIRMB, mAP@0. 5
BIT 0.17% . /H mAP@0.5:0. 95 FEIX T 0.29% ., Al fig
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Table 3 Per class results of ablation experiments
, AP/% mAP@0. 5/
DSConv SPPELAN ATFL iRMB — - -
slot car cones limit_lane bicycle person  rider lock %
98.03 96.34 95.70 77. 36 82.62  90.89 88.42 84.82 89. 27
Vv 98.01 96.42 96.00 75.49 82.87 91.79 89.15 85.91 89. 46
Vv Vv 98.16 96.35 96.26 77.30 83.69  90.77 89.65 84.70 89.61
Vv Vv Vv 98.19 96.37 95.68 76.92 84.43 90.91 88.75 86.50 89.72
Vv Vv Vv Vv 98.28 96.44 95.52 77.01 84.34  92.11 90.00 85.4 89. 89
TE oV R I Tk S A
3 3 AL C2f TP BRI DSConv Ji L 81 3.5 EEANBIM LSRR

X £ R AR R AR 1Y rider 2809 AP HARFHT 0. 9%, WEW
T DSConv A %P B4 T SPPELAN Z J5 s cones /M H
PR AP 3R Ip R4 F+ T 0. 56 %, ik T SPPELAN
BEY T /N B bR A 8 7 82 T 51 A ATFL, Z )5 s slot,
bicylce Hil lock 241 AP {5, M8 T IR IR B, 43 G2 T
0.16% 1. 8% F 1. 68 % ; ¢ 21 &R W 4% i1y C2f Br ey C2f _
DSConv_iRMB Z J& , slot, car, person Fl rider fJ AP {& i&
i, A R R AR A T 0.25%.0.1%, 1. 22% Fl
1.58% . & brid, 5 IR G A B X b, stk i 455 8 AR Y
ZE BARR AT 55 h R AR A M RE

x4

R iIRMB 2 ) B P BE A SC 5 BT E
#idk (convolutional block attention module, CBAM)™" | J&
4 FIL Rl W 4% ( squeeze-and-excitation networks, SE)FY |
A ¥R VE 2 J7 (coordinate attention, CA)P A 28 B K 4% 1
& 77 (deformable large kernel attention, D-LKA™ | T
SCH S 1 7 /7 (context anchor attention, CAA)™Y T 2L
% R BE 2 )7 Cefficient multi-scale attention, EMA)P 7
BAIBEYCHEAT TR L SE S, BT SE S B 7E S B i DSConv
SPPELAN # ATFL #8e i9 ZE Al b, #0051 A [F] Y 13 5
NREYHAT LU, LI 25 R AR 4 PR .

ERNERI L KWL R

Table 4 Comparison experiment results of attention module

TR SRR Precision/ % Recall/ % Params/M GFLOPs mAP®@0. 5/ % mAP@0. 5.0.95/%

CBAM 82.91 84. 39 3.23 8.6 89.43 68. 50
SE 83. 26 83. 64 3.22 8.6 89. 44 68. 95

CA 84.02 83. 56 3.22 8.6 89. 81 69. 29
D-LKA 82.98 84. 49 3.62 9.8 89. 65 68.78
CAA 83.33 84. 18 3.23 8.6 89. 19 69.07
EMA 84. 21 83.35 3.22 8.6 89. 17 68. 94
iRMB 83. 85 84. 24 3.24 9.1 89. 89 69. 36

Wi S A

M 4 TFTLUE 5 H Al 2 A L, IRMB 3
TIREHAE S 80 F R (I s A I T, iR 8 T i
B mAP@O0. 5(89. 89) Ml mAP@0. 5:0. 95(69. 36) 1, %
W] iRMB fE A R HE A BRIV RE
3.6 iRMB &bz £ 38 HiE

it — 2 B ik IRMB AR B P BE , AR SOR B S 1
YOLOv1On BEAIFE 1 772 kil 4R AT uE, BEA 1
B JE A AR R 22 bR IRMB AR B (YOLOv10n-+ SPPELAN +
DSConv+ATFL) . #1702 itk J5 MR A, BT 3 S ok it
J& WA Neck AbAR I iIRMB A8 . & 13 R #iA 3 HAKMY
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R 45 S, 36 5 RN 1.2 0 3 fE AR RS R B RENT L3,
F 6 B 1.2 13 ANPEREXT L3

H 2 5 IR 6 MY ST R 25 R mT 0, 72 A0 R4 24 14 T
FEAL 2GRN 1 A4 iIRMB R 30 FIAR AL 3CE N 2 4~ iRMB ##
PO PRI 1 HREARA BT IR T . R4 &R H8 45 mAP
@0.5 Jy T B 2 3K 5] 91.59% (40. 44 %) , BRI 3 355
91.85% (+0. 70%) ; 7E B 4% ) mAP@0. 5:0. 95 FEAL A
HET R 2 PR 3 43 B4R T 1. 36 %0 A 1. 710, B UE T
IRMB #5155 70 & e M 14 38 s AE .

BRI Gk T PERE SR F , BET 3 7 slot (98.17%0) .
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Structure of model 3
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5.4% (185175 FPS) , i1 & 4= JE $& T+ 16. 3%) , I F: bl
TR ARG BE T B (RS 2 R AL 3 /Y Precision 43 B B AIG
0.57%/0.41%) B HAE mAP@0.5:0. 95 #8457 b A5 Y
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Table 5 Performance comparison of enhanced YOLOv10n variants across different object classes

8 AP/ % mAP@0.5/ mAP@0.5:0.95/
slot car cones limit_lane  bicycle person  rider lock % %

B 1 98.16 96. 65 95. 74 79. 85 88. 86 93.79  93.71 82.47 91.15 70. 39

A2 98.10  96.69  95.93 81. 36 88. 26 94.07  92.95 85.34 91.59 71.35

A3 98.17  96.63  95.99 81.72 86. 69 95.11 93.01 87.48 91. 85 72.10

T < I R B AL A

R 6 it YOLOvIOn BT (K 47 & 40 T M BEHE AR X EL R

Table 6 Comparative analysis of comprehensive detection metrics for enhanced YOLOv10n variants

B Precision/ % Recall/ % Params/M ~ GFLOPs mAP®@0.5/%  mAP@0.5:0.95/%  FPS
FRAY 1 86. 00 85. 77 3.22 8.6 91. 15 70. 39 185
FETR 2 85. 43 87.79 3.24 9.1 91. 59 71. 35 177
A3 85.59 87.48 3.50 10.0 91.85 72.10 175

TE L me A
distance, GWD)™ YOLOv11n OBB } KL # E (kullback-
leibler divergence, KILD)"™ 58 g 45 1 JE 47 XF b, 52 36 2% IR
w7 fim,

B3R 7 W, WOH S RSk AR R T I AR kL R slot,
car.bicycle.person Fl rider P45 I B £5 f 4% AL 55, 530 0
98.28% .96. 44 % .84. 32%,92. 11% M 90% , - 4 K5 B ik
BT 89.89% . THANKE, REWHFEHWEELEITHE
O SRR Lo A g . 2 i) Gk B 3024 MO 9.1
GFLOPs AHAEIA Z A AT 55 5 R e 7 vl 42 2 30 [

25 BT, A SO HERY YOLOv1on OBB BRL, 78 1A ZE4F 45
o HA — B S BRN FAAE
3.8 HERWERATHRL

ST B WA 2 YOLOv10n OBB #5585 P i
ASCH YOLOv10n OBB 34 A5 78 55 i i i1 A5 780 78 3 42
L HEA R R AT B X H g B AR 14 R . WTLUE
JEUA R EL X/ B BR cones A7 7E 15 46 0 I A6 14 1% oL 78 &
R R R ARBEIR S limit_lane, MILZ T, dt)5E
B TR TGS X /N E A B RS T IR B B s B BT B T
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Table 7 Comparative experimental results
gk p _ AP/ % | | mAP@0.5/ Params/ GELOPS
slot car cones limit_lane bicycle person rider  lock %

YOLOv5n OBB  98.08 96.13 95.65 74.71 81.31 89.62 85.82 79.69 87.63 2.58 7.3
YOLOv8n OBB  98.17 96.29 95.68 76.74 81.95 90.82 88.33 86.95 89. 37 3.08 8.3

GWD 90.15 88.03 84.59 55.76 64.07 76.66 74.76 56.82 73.85 36. 27 43. 27

KLD 90.07 88.02 82.14 53. 44 65.04 77.24 77.06 59.56 74.07 36. 27 43. 27
YOLOv9t OBB  98.08 96.28 95.34 76.62 82.71 90.17 87.53 83.00 88.72 2.02 7.8
YOLOv10n OBB 98.03 96.34 95.70 77. 36 82.62 90.89 88.42 84.82 89. 27 2.66 8.0
YOLOvlln OBB 98.17 96.25 95.63 77.01 79.46 89.46 88.27 83.86 88.51 2. 66 6.6

AL 98.28 96.44 95.52 77.01 84.34 92.11 90.00 85.4 89. 89 3. 24 9.1

Iy A (E .

(a) JRE

(a) Original image

(b) EAEALA(YOLOVI0n OBB)#: 1l &
(b) Detection images of baseline model (YOLOv10n OBB)
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o

(©) B SR

(¢) Detection images of the proposed algorithm

B 14 A2 H ARk 25 5w Ak
Fig. 14 Visualization of parking target detection results
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