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[ Abstract] Aiming at the problems such as small and medium-sized obstacles on the road are prone to miss detection, small target
obstacles are difficult to detect, and the number of model parameters is large in smart driving scenarios, the obstacle target detection al-
gorithm with improved YOLOv8n was proposed. Distribution shifting convolution ( DSConv) was used in the backbone network to re-
place floating point operation with integer operation, reducing the amount of redundant computation, and maintaining the accuracy by
imitating the original convolution layer by quantization and distribution shifting. By adding small target detection layer, the feature in-
formation of small target can be captured better and the scale characteristics of small target can be adapted. Combined with SimAM pa-
rameterless attention mechanism, SPPF-SimAM module was introduced to improve the quality and diversity of feature representation,
and the detection accuracy was improved without increasing the number of parameters. By combining ghost-shuffle convolution
(GSConv) and VoV-GSCSP modules, the neck feature fusion network was lightweight, reducing the number of parameters and calcula-
tion of the model. The experimental results show that the accuracy, recall, and mean average precision of the improved model are im-
proved by 1. 6% , 8. 0% , and 6. 2% , respectively. The number of parameters is reduced by 6. 7% compared with the original model,
and the proposed algorithm effectively improves the detection accuracy of small and medium-sized obstacles in smart driving scenarios,
and achieves a better balance between the detection performance and the model lightweighting.

[ Keywords] obstacle detection; YOLOv8n; intelligent driving; small target detection; attention mechanism
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Fig. 1  Improvement of YOLOv8n network structure
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Fig. 2 DSConv module structure
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Fig. 3 SimAM module structure
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Table 1 Statistics on dataset labels
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H5IERME LT, R SimAM BEAE mAP 5
PRI FEAN IS I3 T A T T A R
F T A RE

x3 SPPF EXREFEENNFISEEHALER
Table 3 Comparison result of SPPF combined with

different attentional mechanisms

. Parameters/ FPS/
Bk mAP/% GFLOPs A
109 (t-s=")
SPPF 84.6 3.0 8.1 60
SPPF-Triplet
. 85.1 3.0 8.1 64
Attention
SPPF-Shuffle
. 84.6 3.0 8.1 67
Attention
SPPF-LSKA 84.6 3.3 8.3 67
SPPF-CoT
. 84.9 5.3 9.9 55
Attention
SPPF-SimAM 85.3 3.0 8.1 66
3.4.3 MRl R

SR 6 UE AT $ HE A R 0N TR R 4 G T AR R A
TR T 550 A 7] 28 1] e A4 100 B 1 8
P W R TR A S A I ARG T 4 SR AT LR
XA RN 4 iR,

J YOLOv8n #5750 X 47 3550 A L 6 A L 7 3 A1
mAP {HAE , 07T 80% LAF , 43 H7 He i i AT 24153 g
FRFEAR YL R R SRR TP A R E /N H AR,
It FLIEAE 2 s AR it 4 5 HE B I O, IR) A L A B
LS AL, 5 KA TRVE . AR OISR A K
A A HR PSRRI mAP 3BT T 9. 0% |
9.9% \13. 1% 18. 5% , iy WA SCHT #2470 % /N H b
FIRINRE 18 B i, H X A B 28 51 B9 mAP
I7E 80% LA I, et Ay J A5 80 () RS I R R an i 7 i
N, AT LA et S (AR B /0N B A e fig 4 2
2 P RFE SR ECRE 7, X TR Y H Bt T UG
B, 5 FHARIA Lb , A IS A A B ik
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T4 AEERYEINFHBEHETLER
Table 4 Comparison result of mAP of different obstacle classes
N HER 5/ % A/ % mAP/%
R3] YOLOV8n AR YOLOV8n IS YOLOV8n AR
BEAHE 88.4 92.5 74.0 77.4 81.0 87.0
ot d 82.5 92.8 70.9 78.2 79.1 88.1
Xl 88.2 95.0 88.4 99.2 94.8 98.2
INB) 95.7 79.8 90.7 84.6 94.7 84.3
BRI 97.1 98.1 72.2 92.6 91.8 97.7
FEA R 97.8 98.2 92.4 95.4 96.9 98.6
K 79.9 77.8 63.1 75.4 74.0 83.9
K5 81.1 81.4 75.2 74.3 80.5 85.9
it TR Ak 90.6 88.7 77.8 82.7 82.7 88.1
iy $8 A7 86.8 91.0 72.8 77.9 82.9 89. 1
it 83.1 89.2 55.3 69.3 71.8 84.9
VAR 88.1 93.0 70.0 94.4 79.2 97.7
/ip R 8.8 91.7 77.8 81.0 85.3 90.4
—ER 95.6 79.8 84.0 84.6 89.0 84.3
SEHE 8.8 90.4 76.0 84.0 84.6 90.8
(b)YOLOvV8n Gl 25 5% (O) A LA 45 51
Bl 7 At SR L
Fig. 7 Comparison plot of the detection results
R T R b AR B AR SRR TR A X AR TR 1 Lop
DAL , K AR 5 A SO R I St 72 HH ) mAP 09r
. R . . 0.8}
fEASAL R EE AT ARAL, AnTAl 8 T, 7T LA Hh M 80 4 ol
FEAAMEA mAP LR TV R, ELBCHE 5 51 7 ol
JEE AR AT S TR P RS R R Em-
3.4.4 ek 04}
BT BAFA N YOLOVSn A5 781 g 33k (4 A7 03
W \ N Ve Job N \ — e 02r
ROME, LA YOLOV8n Sy HE AL B | 36 b AN [] A 468 e 4 ol A

AHREIT TS A ~H 3L 8 4 E s, Su 45
WL s piw,

H R 5 s BT, P20 Y 4 Fielok oy =Xt
FEMERIARY A TOARRCR . nSEse B FoR 4 F 1

MU www.
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Epoch
K8 Bleah i T S R Y i 2k

Fig. 8 Mean average precision curve before and after improvement
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X £ () B o 25 FR R 45 A DSConv 5 FH )5 |, 75 4 £F
R DUPKG 3 5 ) () s B AIG T AR Y 1A L
FPS FFMEF; 13 i, BERH DSConv 3454 A4 11
PEYERE TR A BRI A4  SE56 C 7 JEsi Al
TN BRRREIZ 5 A RE BEAR T T 5. 5% , BRI
H BRI 22 BE A% SCTE B B4 Th o 2 I RRIE R B K
DRSS TH A MR BE A Bk T R 284 80 g 2 B
W YEhn TR T SE 5 D 5] SPPEF-SimAM
B AT SimAM {4 5 7 AL E AN KGN 2 B0 A R
PERARTF TAGIAS B , S20 E i ad 2 A S0 R 45
W2 X 25 T 1) 40 A B S 43 Cf AR B e
GSConv 5 VoV-GSCSP # #t, 7£ mAP, & #{ & .
GFLOPs .FPS VUMM HEbr L3894 AL R, B4
1 GFLOPs Y9 T N R, FEAS RV AR i [R] ief $2 T
T 0. 1% 19 mAP , R0 AL 0050 I 28 e i 7E A A M
[k 2t o i Presl 2y SRR I

FHSEHG F oAl i, 76 32 R 4% o i DSConv A
[l AN B ARG 2 B mAP F1 FPS 155K
IR AL, A L RS RO B, mAP 38K T 6. 1% , FPS
EERPEETE 8 o, R B T DSConv 345 & B /N Ui/
TAUIAIS B ARG JZ A5 5 4l 3 T ARG
fE; L G 7E F LA 5] A SPPF-SimAM £, 71

TR AR B H RGN 5 % . SSD' | CenterNet ™ |
YOLOv3™*' | YOLOv5, YOLOv7'™®'_ YOLOX™',
YOLOvO 7" A7 FU A, 4 HE SR 45 Nk 6 IR,

AT T2 6 v H A FE AR AL, A SO i S 4K
TR A R R /N RS AG A B v T A 4G T
AV AR SR Y P A RS R D BE AR 3T SSD
CenterNet M & A 8 KT, mAP 40 3 H T
31. 4% F135. 0% ,FPS WA KIEERT, S5YOLO
FHH At BUAS RS RIAR L, AR SCREARL G mAP (A 5
hy 25 A T, G R T R R R R R A X T
YOLOX-tiny #& & T 27.5%, {H FPS {H W& i,
YOLOv8s 57 U Y mAP {H fedeif | (H HAE R 2
B AR R R K, R R R T K, AR SO
AU 2 80 i A E 5 & AU{UAR 25 F YOLOv8s 11y
25.2% F1 36. 8% ; X} T YOLOVOs # &I | B SR 574 3¢
FERI mAP (B A 23T, (H 3 52 2% 3 MR A v
SRECR I ARG PRI AR SRR AR B A B AR
BRAS ARG RS ik 2%, T AR I 1 e AL AR
ENE S i

F6 ETHERLIBRER

Table 6 Results of the mainstream model

comparison experiments

3 RAEE B TGN SRS B B EH #2717 ik wApyg, | Tamameters L fPS/
BRI TR . 52 H R A SOBIR 75 G i) SR — e
LA, mAP AT AR T 6. 2% CenterNet S 2.7 1097 33
ZREEEIR T 6. 7% ,[HJE GFLOPs RiAT $27F ., Tl YOLOV3-tiny 66.6 8.7 12.9 63
SEYGZE SR M I AR Y RE A% T A I A /) YOLOVSs 74.2 7.1 16.0 56
HPRBSY) , B0 T 1R A AN e A1 0, 1 HL AR YOLOV 80.2 36.5 103.4 46
R YOLOV7-tiny 70.6 6.0 13.1 64
) YOLOX-s 68.9 8.9 26.8 69
3.4.5 ALK YOLOX-tiny 63.3 5.0 15.3 70
R T PG ) YOLOVSn 7 BERS 445 I YOLOWSs 89.5 1.1 28.5 55
W B, 25 RN 2 Bl Aot B bRk kS YOLOWs 89.3 9.6 38.8 19
ERNSIE G P A R o, (S04 R AR 5 Ry 08 28 105 09
x5 HMIXELER

Table 5 Results of ablation experiments

/NEFR GSConv + VoV-

45 DSConv Kol SPPF-SimAM GSCSP WK/ % BRIE/%  mAP/%  Parameters/10®  GFLOPs  FPS/(fi-s~')
A x x x x 88.8 76.0 84.6 3.0 8.1 60

B Vv x x x 89.3 75.0 84.8 3.0 7.1 73

C x VvV x x 90.2 84.7 90. 1 3.0 12.5 68

D x x Vv x 91.6 75.1 85.3 3.0 8.1 66

E X X x Vv 88.9 74.3 84.7 2.8 7.5 62

F VvV vV x x 91.7 82.8 90.7 3.0 11.5 68

G VvV vV VvV x 92.7 84.2 90.9 3.0 11.5 51

H vV Vv vV vV 90.4 84.0 90.8 2.8 10.5 53
VO FORBIARIT M, x P FRRBIAETT Ik,
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3.4.6 ZALMAE L SRATFOREAI e e THECHE B Bt Hh A, T SE B i)

R T SRR A AR R 3z AR RE T, B E B AR
K A4 PASCAL VOC 2012580 F1 [ 3725 b 451 3
Bedade KITTI™ i frsei 5007, AR SE ol
FHEY PASCAL VOC 2012 F:4u55 17 125 3k A, H
FRYIZRAE TN AL 43 1A & 13 870 5K FN 3 255 5K ;
KITTI 6435 7 481 5k K A, Y ZRaEe At 4L 7 51 42
6058 TAN1 423 5K, SLEASRANIER T K8 FUR,

f 267 38 HgE T et Je AR R (1) mAP 7E
PASCAL VOC2012 F1 KITTI |43 IR 48 T 5 dh 45 15
PTHT 0.6% M 1. 3% , 3 BE A R SL PR K,
16 [ 30728 W4T I 09 KITTT %54 55 b kAR %k 4 v
P AT B A OB B 5L A 3 0 192 AL RE T, ik
TR SO RN AT Rk
R7T HFHHIGHEBAE PASCAL VOC 2012 ByXTLESRIG 4 R

Table 7 Comparison result of the model before and after
improvement on PASCAL VOC 2012

. Parameters/ FPS/
Bk mAP/ % GFLOPs 1
109 (i-s=")
YOLOv8n 56.4 3.0 8.1 88
ARSI 57.0 2.8 10.5 61

F*8 HUABIEEEIZE KITTI BT LLSEIR 4R
Table 8 Comparison result of the model before and after

improvement on KITTI

. Parameters/ FPS/
Ak mAP/ % GFLOPs
10° (i-s=")
YOLOv8n 76.9 3.0 8.1 75
ARICE 78.2 2.8 10.5 53
A
4 Z5it

T HR R R R I R X T v /N TR R A
BRI | $2 S —Fh ket YOLOvSn A9 H A S il 55
. 7F Backbone W& HEl A DSConv 1 /0 T TUAYTT
G E R A T A AR R /N bR B A X —
[RJE, TR0 160 x 160 FEAF B4 71y H ARSI 2 g %
/NEFRAFRE SR ICEE T, 32 —F SPPF-SimAM £
PO oG B Ar i 8 ZRRE, 55 R GSConv 5
VoV-GSCSP W A48 b Neck M4, S 4,
W R SO ) mAP A% F L YOLOv8n FE 7Y
BAT 6.2% , ZHEMEM T 6.7% , fER MG S
B2 e Ak 2 () 3K B 5847 i P, T R A /)N
HARBRAF) | AR SCASE R BE 0% 2 B0 O B f18) G Y00 38 23
HEAELGWIZLEE

X HEH: Ath 32 G AR R T AR A Y 25 A 1 g
s, AER AR R B A 3 TS ), B TSR
Yo iy Bbr S22 Mk E N B A2 4F K

FERNECHE, i PR AS AN 2 ), 48 TR 2 N Y
ZALREST 5 A,
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