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Obstacle detection algorithm for unmanned driving in complex scenarios
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Abstract; To solve the problem of low accuracy of existing unmanned target detection algorithm caused by object
occlusion and small-object information loss in complex road scenarios, this paper proposes an enhanced obstacle
detection algorithm based on YOLOv8, named YOLOv8-EA ( effectual accurate). The algorithm incorporates a
lightweight backbone using partial convolution to preserve spatial feature integrity. A large-kernel depthwise
convolutional layer is introduced to reconstruct the pyramid pooling structure, and the multi-scaled self-attention
features are fused through parallel connections, which Enhances the feature extraction ability of the model in
complex scenarios. Additionally, a multi-branch architecture with reparameterization suppresses noise interference
and enhances feature fusion via stacked gradient flow. A small-object detection head based on partial convolution is
also designed to improve pixel-level feature extraction for small targets. Experimental results show that YOLOv8-EA
achieves notable improvement in detection accuracy compared to the original YOLOv8. On the KITTI dataset,
mAP50 and mAP50-95 increased by 2.4% and 4. 7% , respectively, while on the SODA10OM dataset, gains of
1.4% and 1.1% were observed, which demonstrate the strong generalization ability of YOLOv8-EA. The proposed
algorithm shows superior capability in handling occlusion and small-object detection, offering more reliable
perception support for unmanned driving systems.
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Fig. 1  YOLOV8 network architecture
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i 2 BK . mAP50-95 575 ToU M 0. 50 % 0. 95
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Tab.1 Horizontal comparison of backbone networks

FT M % HEWR/ % BIFR/ % mAP50/ % mAP50-95/% W R/10° 4/ 10°
YOLOV8 89.8 75.9 86.7 58.9 8.2 3.1
EfficientViT 90.6 76.7 86.6 58.6 10.1 4.1
RevCol 90.0 75.1 84.3 56.6 6.4 2.2
FasterNet 90. 1 79.2 87.3 61.5 10.7 4.1
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Jo  AHECTRBGHRT, B51 & T RENTHE I8, B
Rl A o B 4%, (H AfE R F R mAPSO Al
mAP50-95 435 #£F+ 0. 9% 5.3% .2.2% F1 4.2% ,
PR 53T,

3.3.3 SPPLA BB [ % b

H T BRI 28 SR T G AR A
4 (FocalModule ) 2 TV & J1 1Y AR RUEE RRAEAC B
R ( AIFT) FIAS SCHE H % SPPLA A58 43 5151 A
YOLOv8 H1, 35 YOLOv8 H1JELA 1) SPPF HEF T4 [i)
X LG SEE AR UL 3, HER 3 AT FEAR R SE 50 A
F, 51 A FocalModul J , 1 545 & vk 3 Ay 482 T
T 1.4% ,mAP50-95 L3k 1 0.9% , VERe R R 47,
FEAE BN TR I RN SRR AR YRR 5T A
ATFI B S AT YOLOVS i35 b ik H. 4% 107k
REFE AR T B, 5 M A TG R A SCR T
SPPLA #idJ5 , $& 7t i o i 25, A 71 % mAP50 Fl
mAP50-95 #HAL T SPPF 43542 T+ 1 3.3% (1.3%
1.9% , BARP“H 450 11. 0% B98P 4, 3R hn 1
9.7% M S i, ARG e T HAMB R, 5
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Tab.2 Horizontal comparison of RCSOSA modules

L H HERIHR/ % BER/% mAP50/ % mAP50-95/% T E/10° ZH/100
caf 89.8 75.9 86.7 58.9 8.2 3.1
EMA_Faster 86.2 79.5 86.5 58.0 7.3 2.4
DCNV2 89.4 78.0 86.5 59.7 8.8 3.1
DCNV3 92.3 78.4 87.6 60. 8 8.1 2.9
RCSOSA 90.7 81.2 88.9 63.1 19.5 6.8

%3 SPPLA fEHEREXIEL
Tab.3 Horizontal comparison of SPPLA modules

[E2R R R/ % B2/ % mAP50/ % mAP50-95/% o/ 10 Sk /106
SPPF 89.8 75.9 86.7 58.9 8.2 3.1
FocalModule 91.2 78.2 86.5 59.8 8.9 3.2
ATFI 88.2 78.3 86. 1 59.0 8.7 3.0
SPPLA 89.0 79.2 88.0 60. 8 9.1 3.4

3.3.4 RSk A X L

R T BB EAE R M 25 A Sk K YOLOVT YA
Dk TR AIE 42 35 9 2% (AFPN ) | Phead 43 5115
A YOLOvS H1, 5 YOLOvS JFAT ARSI Sk #- 4 7% 1,
SRR 4, A& 4 nTAEL EEMIFEZAME T, YOLOVY
RGN Sk 7 A [l 81 45 5 LA AG I 3k | 38 YOLOVS
Kl Sk 42 7+ T 2. 0% , mAP50-95 A I W #2 7}, &
PR HSH0 LK T 29.0% , /=4 T 52. 4%
%0 b 3T B 51 A AFPN K sk 5, MR T
YOLOV8 , NMEXEHN T 13. 4% B4 4T85 &, 1 H A&
TGPk RETE AR AT I B I R AR R B 22 5| AAR 34
Y Phead Ji7 , AHAS T 5 mAPS0 427+ 11.3% ,

mAP50-95 $2T+ T 1. 9% , A 7= R A AR A &
b YOLOV7 kil sk R I 4T, 5 YOLOVS 2% 35
JE i, BARR I RAR
3.3.5 KITTI $ds 45 7 il sL 56

R T B UE T AR R () A R B S I 1
B TEAR R SEE0 2500 B A RIBEHUI A YOLOVS %]
P AT ARSI SR WAL 5, RS AT A
B 4 MEALELES |, A3 F YOLOVS 3145 i
PETt HSHCR O R A Lk 7R3 25 m
A RCSOSA FRHei 8 AR5 i o0 42 2%, 5 [R] it 3k
TS mAP A I R SR e 4F 5 B FasterNet 7E R &
T4 | Phead 7E R0 3k J5 , AR # F oA BC itk B A9
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YOLOv8 ,mAP50 il mAP50-95 43542 T+ T 1. 0% Al
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SSghe, Bon it T SPPLA BEHpg i s &5,
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Tab.4 Horizontal comparison of detection heads
Far ) Sk HER R/ % AR/ % mAP50/ % mAP50-95/% PR /10° BHE/10°
YOLOV8 89.8 75.9 86.7 58.9 8.2 3.1
YOLOv? 87.3 77.9 85.6 59.2 12.5 4.0
AFPN 88.7 74.6 84.1 57.7 9.3 2.7
Phead 88.9 77.5 86.9 59.5 8.2 3.8
RS KITTI iR EaEe
Tab.5 Ablation experiments on the KITTI dataset
FasterNet SPPLA RCSOSA Phead WK /% BRI/ %  mAP50/% mAP5095/% it+ER/10° S8/ 100
x x x x 89.8 75.9 86.7 58.9 8.2 3.1
vV x x x 90. 1 79.2 87.3 61.5 10.7 4.1
x vV x x 89.0 79.2 88.0 60.8 9.1 3.4
x x vV x 90.7 81.2 88.9 63.1 19.5 6.8
x x x 4 88.9 77.5 86.9 59.5 8.2 3.8
Y% x x vV 89.0 80.5 87.7 61.5 10.7 5.0
Vv vV x vV 89.5 80.7 88.1 61.6 1.1 5.0
Vv Vv vV vV 93.6 81.0 89.1 63.6 23.0 9.4
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Fig.7  Visualization comparison of mAP50 results in the ablation experiment
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Fig.8 Visualization comparison of mAP50-95 results in the ablation experiment
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Tab.6 Comparative experiments of object detection algorithms
s HER 3/ % %% mAP50/% mAP50-95/% /10 ZHfit/10°
SSD 89.3 29.0 58.0 24.1 269.3 23.9
Faster R-CNN 46.7 85.8 81.0 57.4 369.7 29.2
YOLOv3 61.8 54.8 73.1 33.5 152.8 61.5
YOLOvS 89.1 76.2 86.2 57.5 15.8 7.0
YOLOv6 85.4 74.1 81.5 55.3 13.1 4.5
YOLOv8 89.8 75.9 86.7 58.9 8.2 3.1
YOLOvS-L 91.0 80.5 88.3 63.3 28.7 11.0
YOLOvS-EA 93.6 81.0 89.1 63.6 23.0 9.4
3.5 SODA10OM ##E&EH KK fli B4 A SPPLA I RCSOSA Jii , A5 1 vfi g % 1F
M\ SODATOM £#54E L 10 000 5K E/NEH — 2242 FH  AHEL T YOLOVS, YOLOV8-EA A4 i 5 A1l

P SRS B AR R AR ST ORI, S5 SR LR T, BRI HEEF T 2.1% F11.5% ,mAP50 F mAP50-95
FE 7 P14 At S M FRSGE 0T T 1. 4% A1 1. 1% , FUIEBT T YOLOVS-EA 114
B, AR 45 7 T YA /DR IR T 7F FasterNet 9 2 ke

&7 SODAIOM #iESE AR SIL
Tab.7  Ablation experiments on the SODA10M dataset

FasterNet SPPLA RCSOSA Phead WEWH/%  HAFE/%  mAPS0/% mAP5095/% & 8/10° ZS%E/10°
x x x x 70.0 55.6 61.5 38.3 8.2 3.1
vV x x x 71.3 55.4 62.0 38.7 10.7 4.1
x v x x 71.7 54.4 62.2 38.2 9.1 3.4
x x vV x 70.8 56. 1 62.3 38.8 19.5 6.8
x x x Vv 70.3 55.9 61.9 38.0 8.2 3.8
v v vV x 73.7 55.4 62.7 38.9 11.1 5.0
vV vV vV vV 72.1 57.1 62.9 39.4 23.0 9.4
B VEIRTE YOLOVS JRBEAL Y SER [ A BB, x FARAMA
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FRICR B U T 3R> S st A T nT AL s &l 9 B REAGIN I 5 17 beith I, 65 s B 0% A 20 v o A
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Fig.9 Comparison of model performance before and after improvement
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Fig. 10 PConV restoration effect display
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