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Abstract

With the continuous advancement of autonomous driving technology, in the face of complex road
conditions with small targets, occluded targets and large changes in target size, the problem of
missed detection and false detection in obstacle detection has become a key problem to be solved
urgently. To this end, an algorithm named OSTD-YOLO (Occlusion and Small Obstacle Detection) is
designed. The algorithm is built with YOLO11n as the basic model, and there are two main improve-
ments. One is to build an Enhanced Micro-Target Feature Pyramid module EMTFP (Enhanced Micro-
Target Feature Pyramid). This module relies on the PAFPN architecture and introduces SPDConv to
refine the P2 feature layer, which effectively improves the feature extraction ability of small targets.
At the same time, inspired by the CSP idea and OmniKernel, the CSP-OmniKernel module is devel-
oped to integrate various features extracted at different levels to make the feature information
more refined. Second, the DyHead attention mechanism detection head is introduced at the output
of the model, which realizes the adaptive feature enhancement of space, scale and task dimensions,
and comprehensively improves the model’s perception accuracy of obstacles under complex road
conditions. After testing on the public dataset BDD 100 K, it is found that compared with the original
YOLO11n model, the mAP50 of the OSTD-YOLO algorithm is improved by nearly 5 percentage points,
and the parameter amount is 3.58 M. It shows the best balance of parameter amount and accuracy
in the comparison test with other similar methods. A series of experiments fully demonstrate that
the OSTD-YOLO algorithm can effectively handle obstacle detection tasks under complex road con-
ditions, providing strong support for the practical application of autonomous driving technology.
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YOLOI11 [15]5&H Ultralytics BIBAFE 2024 ££ 9 A 30 H &K AR, fEZ AT YOLO RRAHUE ) 5 25 3k 5
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Table 1. Comparison of each model of YOLO11 series
1. YOLO11 &5 Z1EExIEE

Model Size Map*? Speed CPU ONNX  Speed T4 TensorRT10  Params Flops
(pixels) 50~95 (ms) (ms) ™) B)
YOLOIl1n 640 395 56.1 £0.8 1.5+0.0 2.6 6.5
YOLOL11s 640 47.0 90.0+1.2 2.5+0.0 9.4 21.5
YOLO11m 640 51.5 183.2+2.0 4.7+0.1 20.1 68.0
YOLOL111 640 53.4 238.6+14 6.2+0.1 253 86.9
YOLOI11x 640 54.7 462.8+6.7 11.3+0.2 56.9 194.9

2.1. YOLO11 [4gi&8Y

YOLOI11 #%% i Input. Backbone. Neck Fl Head PUANE4 4%, Z5MfE 1 Fim. YOLO11 82 Hi
FRAS ) 2 B E T AHEST YOLOVS [16]#78, YOLOI11 1B T 2 77 i 2kt fk . H3E C2F ik
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Figure 1. YOLO11 model structure
1. YOLO11 #&8i%54y
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Figure 2. OSTD-YOLO model structure
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Figure 3. Schematic SPD-Conv layer scale of 2
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Figure 4. CSP-OmniKernel structure diagram
4. CSP-OmniKernel Z544 &
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0a0a0b1a-27d9Fc4d.txt -
[ 7 ~ || M data ~/DATA/12.24/bdd 100k /Izbels/ 100k /train RS | =
{ . © 0.40648350781250003 ©.47743400625000004 0.627274348437499984 0.11611535138888887
"name": "0000T77c-6257be58.jpg", © 0.46354431367187504 ©.4780720013888889 0.0630863078906250063 0.13525524444444445
"attributes": { © 0.5622343859375001 0.45574212430555555 0.025838854687499958 0.11356336527777779
nweather®: "clear" © 0.72647857890625 ©.43532623958333333 0.033734060937500046 0.89314747916666669
“wga = c"ear . ® 0.3671270734375 0.44276952430555555 6.012261682812506603 0.0637063793055555595
timeofday": "daytime", 0 ©.380764246875 0.4414935319444445 0.016508157812500014 0.039555777777777794
"scene": "city street" © 0.499838300390625 0.4772213305555556 0.030145332031250048 0.19395091388888888
} 2 0.21175000546875 0.5729207972222222 0.42347013281249996 0.5512289166666666
. 6 0.70052008359375 0.24477796875 ©.12632329374999998 0.09569946527777778
timestamp": 10000, © 0.5809128671875 ©.49634583888888894 0.03516955312499999 0.19139893333333333
"labels": [ ® 0.766809078125 0.4839658743055556 0.04234701249999997 ©.17863900416666662
{ 6 0.4598131656250001 0.33720800416666663 0.07572718281249999 0.0504847888888889)
"idv: ",
"attributes": {
"occluded": false,
"truncated": false,
"trafficLightColor": "G"
I o
"category": "traffic light",
"hox2d": {
"x1": 1125.902264,
"yl": 133.184488,
"x2": 1156.978645,
"y2": 210.875445
H
{
WA, wim

Figure 7. Label format conversion
7. FRERRENL
3.2. LWIFBRITMIRHR

ASZIGHT Ubuntu 22.04 #R1E RS RE, L4 T B NVIDIA GeForce 3090 24G ] GPU. SEZI6IfES
FEE I, SR Python 3.8 A, 454 PyTorch 2.0.0 LLJ% cuda 11.8. FEIZE RS, EH AdamW 1
thgs, AR, ZRiHESHRIER 2 PRt iT&E .

Table 2. Model training parameter settings
= 2. WENIZGBHIE

Parameters Settings
Epochs 300.0
batch size 64.0
Workers 8.0
image size 640.0
Lr0 0.001
patience 10.0

A FRATT 35 FE ARG 2% (Precision, P). 7 [B]1 2 (Recall, R)« “T-3J4# B 1 (Map) « & FP i % (Frames Per Second,
FPS) LA B0+ 12 VK 7% 5538 57.(Giga Floating-Point Operations Per Second, Gflops){E NiFM 3k, *Hib)a
() BV AE AR I B T T F T 42 7 L vP Al o RSB 3R RS HE AR I 1 B ki 7 R s g, R S, RAEFTE
SRR B, RN B I A R R TR A T B AR Ak RE, i Ik
R 1 E AR BCE S RAE AR S B EL IO R . ~FIRE R mAPso 5 mAPsoos IX AN E R
bR, HH, mAPso 2 FRTE R I LL(IoU)BIE B E N 0.50 B, BT BAREAIF I AT IIRE s mAPso.os R
FELL 0.05 b4, THE ToU BIME 0.50 Z 521 2 0.95 (143 10 NAE ToU BIME R R IREE, JEk
HUOHAPIME, XA 77 BT AE AN ] ToU ZERIGEE N A B AR PERER . B4, GFLOPs R &
FARFEMIIT R, ROREPATERARS, Pl Lz fuis B R EE, XM O A il A B8 U5 ) oK B
w1, AN G
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3.3. jHRESELE

N T BAIE EMTFP L DyHead X} yolol1 Sykcsdt A 2t #EATIHRLSELS, sk 3 fox, MSRL
B a[LLEH, i B 7E EMTFP, BEAFES TR ) E3FF, KHhZRign 2.8 a4 A, HEE
BN 3.7 ANE SR, mAPso H9I0 3.4 NE AL mAPsoos 1 2.2 NE AL, SEEMIGN 0.48 M, S5
SERFORWE T AVINERA S LI C AHEL LR NSLE N DyHead, SIERIEAATERE
AR B 7RI, HAoRERESE S 1.9 ANAS A, HBEEE 1.8 NME AL, mAPs Em 1.8 MEH A,
mAPsos #2157 1.2 ML BIRHEL EMTFP X3R4 SR e IR THERAIK, {H GFLOPs A3 0 1.2G;
S5 D 2% EMTFP L2 DyHead [RIN S IN AR L 50E, Seia g BRI, FER A Re st m, E0UE
KZHE IMPEOT, FWEES T 3.0 NEs A, BRZERES 4 N2 8, mAPsfEm 7T S ME 5
& mAPsoos B 1 3.1 NES AL BERE S AF 0 58 R A BR LT XS BEAS A AR AT 55

Table 3. Analysis of ablation experimental results of different improved point combinations

3. FRIMERAESHHR NSRS

Experiment Number EMTFP  DyHead P/% R/% mAPs0/%  mAPso9s/% Params/M  GFLOPs/G

- - 67.5 40.9 452 25.6 2.58 6.3
B y - 70.3 44.1 48.6 278 3.06 123
C - v 69.4 42.7 47 26.8 3.10 7.5
D v \ 70.6 449 50 28.7 3.58 13.4

3.4. XFEESCLE

TG IR AR TR M R AR R, BRATF R T — RA™ERIIA SIS, RS YOLO R51H
ML HATIRART L o FERLIRATEE T, GBI SRR T IZ LA B YOLO “n” #2751, RN
TAERMERERRAT ) YOLOVSs LLACHT 1) Yolollse P FEFR ISR AT mAP (CFIIH5 E151E) 5 Params (&
Ky, DUCATHT & & S R R RS FE 5 S 5 T R R I, TIASs RS M RT3 4 b Bds
KW, 5 YOLO “n” RHNEIEMLIL, AFICEIEETHRE FRIH BERSE. TARERE, £33
AL YOLOVSs —FIENL T, AP EIEE S TPERedE b LIy se k. BEE S5O
Yololls =432 — M= 54+, AFFREIEKIRIER TS Yololls MM HIMEREK . FAPAHIE FPS
ik 211.7 fis 47 LATR, AW A EEAEMRE S HOR DR SERT PR b, RS TR IR B, R A
R 0T B A A I A 55 3 5 v e 00 LR A0 s ) S AR 5 B R A4

Table 4. Detection accuracy and parameter quantities of different algorithms on BDD 100 k dataset

52 4. NEEEEBDD 100 k HIBE FMRNBESSHE

Models mAPs0/% mAPs0:95/% Params/M GFLOPs/G
YOLOVS5s 49.5 28.5 7.81 18.8
YOLOv8n 45.1 25.7 2.69 6.8
YOLOv10n 455 25.6 227 6.5
YOLOl1n 452 25.6 2.58 6.3
YOLOLl1s 50.5 29.8 9.42 213

Ours 50.0 29.0 3.58 134
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3.5. ATLLECEE

D) S B A 7 i T SE bRz s A R B (28, ATTT BDD 100 k (3R 4 H RS O id 3 7 i a5
WP B, WA, HERESZME Ry SMER, DUEIF AT BRI TAE, Mg R Eu
SEITE 8 2. ENRERET, BATVERS TR WIrE B b LRI B ARt B g, JFxnn
R CATIME RS ERE RS . Al 8 P, B —AT45 R 278 YOLO!1 In AHX &Gk 5 1 59% OSTD-YOLO
BT =R, — 3@, I B — A SRR A B AT R R YOLOL In AEX B0t f5
[f5% OSTD-YOLO it 1 45 I BEFE 4 LA RS AT BEFE R N 35 AT S5 278 YOLO1 In ARX dduidk e
(11535 OSTD-YOLO Jks T 383845 54T I HAGBR AT M 1 SRAE A N 420 . 8 P28 0 W LU G R, AR
T4 YOLOIn By, AHEFREIEE R R 5IRR X IR R b, MBS TN &Mk
Tt NHRIENEARIIRANTES , AR T EE T R BN, HRIUERR R, R e M
. X— RAVE R IR, AW FURIRIE N R 2 2 M SR, DA A E W H bR
TEPSIX BT 0] J,  JRILH T F RS B G, [FILESE BRI Hr S AR B T R IR, fE
8 N SIS 5 T 1 H SRS AT S5 SR B O AT S AR T &R

2 JEIaEG b.YOLO! Int&iIEESRE] c.OSTD-YOLO#& M5 R E

Figure 8. Visual comparison of effects before and after model improvement

Bl 8. #REBUARTEMR AL

4. &g

TEH BV BB EAENARAI T, SIREROL N B IR Ao R A ) )8k 5 o o AT LT otk
), $2th 7 OSTD-YOLO 5%, AR 7 BAE L 2 BRIL T4/ H AR A 44 H AR pORr kg . s
XA G I T V5 AN TR LA SIS I T i 0 M, I T YOLO AR AHIALE H AR I sk, JCH-Z A 3)
BRI SRS . AT YOLOL In (5AE EREAT QB ot , SR 7 — RGNS . 5 S EMI 2%
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BRI T, 3T PAFPN $2H EMTFP B3, 5|\ SPDConv 4bFE P2 FHEJZE, M5/ HFRFHIERIL,
[l G T A Geds N P2 RSl E A SR I K . SR 52 A CSP S AEA OmniKernel ctidkf5 2
CSP-OmniKernel i, #t—DRAFFIERES, AN ESNERE. fa, ERAH H 5 5] N DyHead
TR IRk, 2 4 BEVE R UL Y sk D S P e, PR A RGP . SEER 45 A 4 Bk 1 A
AR HRELSLIR R B, EMTFP il DyHead A 2 HBURFF & &0, 485 i ERIEESHEIE N 1M
MR, FEHRIEEE 3.1 NE S5, BREZRIEE 4 NES A, mAPsees IR 5 NE A . XSk B
N, 5 YOLO RFIHAMEIEMLL, AP EIELE PR FALH IR, H FPS ik 211.7 f/s, i & SCif 1
TR FTRALSEIGUE B, AHE T BETE B R ne T IR A R AR 3 B PR, 7R/ H AR IR T R I
i, SR

2% LATR, OSTD-YOLO SVETE SR Z% % L B g MR AT 55 h R B0 HE v s FH AR AR FANE, S B B0
R R IR L T H 13k KRR — DR B, DOE RN 2 B R 5T 5% F oK .
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