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Abstract

Object detection is an important part of the environmental perception of autonomous vehicles.
The YOLO series algorithms have outstanding performance in the field of detection performance
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and are of great significance to the research of object detection. The YOLO algorithm is able to
monitor targets in autonomous vehicles in real time, including vehicles, pedestrians, traffic signs,
lights, and lane lines. At the same time, the development of autonomous vehicles is of great signi-
ficance to improve traffic safety, save energy and reduce emissions, and reduce traffic accidents. In
autonomous driving, object detection is a fundamental and critical technology that requires
real-time accurate detection and identification of various types of objects on the road. This paper
first introduces the commonly used evaluation indicators in object detection. Secondly, the ideas
of single-stage and two-stage object detection algorithms and their advantages and disadvantages
are summarized. The application of single-stage object detection algorithm-YOLO algorithm in the
field of autonomous vehicle detection is reviewed, and the research status and application status
are summarized from four aspects: traffic signs, traffic lights, pedestrian recognition and traffic
vehicles. Finally, the current problems and future development directions of object detection are
prospected, and the more challenging research that YOLO algorithm can make in autonomous ve-
hicle detection.
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Je3], MHHTR— G B3 RREAETNN E 2R RASERGUN, F5ENASE R, BT A &
PR SIS 5T DA S T 2R A T S R A P BT o PRAIEVR R 22 4% 1 300 2 T ) OB 2 o) H b )RS
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BRI E B BRI MAP F1 FPS #7845 5 g 8,

2. VHAHERR

2] BARRI AV, B AE A RE 4E AR . B BRI AR A R . A [FI% . AP MAP.
I FPS, o, B 4 ANMHSRETE KR, 22 I (intersection over union, ToU)H K& Ak LS
WL FHEZ M A B R K FR, #ab, FPS (frames per second) SR 81817 E .
2.1. FABEOTRIER

H bR 0 A B A B B AR, TN 43 N BLBH 4 (True Positives, TP). i SH 14 (False Positives, FP).
Y114 (False Negatives, FN)FIE F] {4 (True Positives, TN).
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2013 4 Sermanet 25 A\ [6]#2H T OverFeat 5% . OverFeat 5Ly57E 4B 42, '© T AlexNet [7]
ST AL RIS E AN S AESE . AR BRI S I T, IR L, 4> REREL
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CNN” $EEUII 73 M 28 41 7 AR P T BT THAEZE I ). PR B H bR A B35 ROE A o 12 B AR 5
N B AR 43 A fige e DX HOFD 5 BR 8 4 KR PRI 2 o B LE LR B 2 W T, RESE IR
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3.1.1. R-CNN RIEFERNELRE

Girshick %5 A7E 2014 2 R-CNN [815H%, 1ZEIEAJE IS E T A4, R-CNN 42 H[9)
M TFHRaR AERA—e s, FERIETRA TR R E AR UL X, o T
Bk X IR BE, PR T WM& E. I, KIBEEMTEE T B AmAnl rg#Esf B FiE % . R-CNN Hbrks
MEEAT Lo UL 85 —20, FI 38 4 R 5092: SS (Selective Search) [10]M EIE FHHRELZ) 2100 /M
EAE. B0, IFEGBPRHE, RIS EAER RS E. B0, SFENE, H AlexNet # &R
i R RIEAFA T RISVM), B2 EE TR SE0US, (6 SRR AR 0 ) 595 3 AT 2 FAE ]
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Figure 1. R-CNN network structure diagram
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Figure 2. Overall flow chart of R-CNN
2. R-CNN E (kTR

3.1.2. Faster R-CNN
4% 2014 4F Girshick 28 A 3% R-CNN 2 J5, Ross Girshick 7845 —4F#EH 7 Fast R-CNN, X — &4

FEFZ R R-CNN, BRI YIRS [ B, BT, M\ DN I O U s TN, R
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DUARE [R) B AR T AR 2, iR R LT3 A 5200 . BT L, Faster R-CNN Z5 A FRE TS, iFE o 5%,
THPEH L, Faster R-CNN %A 8 FAE SR 7772, T2 KA RPN B4 A IHE ) 7720 Frid, Al
HEEARA AT, Z MV E R EZE . HAh, Faster R-CNN SR (12 A B I0H 5k, XAy
AT DM EAE . FE BAH LG Z BT RE, B2 SR 1 X b 1 328 DX AN H AR o 5 BT S S
FE—FHEAT, SEIL T I I AR, {H/2 Faster R-CNN 76/ HARKI 77 RS B ARAG, Fx A sh B3R 4
S 5 T AR AR LE ™ A I R

SBR[ 12])% %) Faster R-CNN #E47 1 ek, 45 scSE VER 1140l # A % FPN 4%, RPN 4% A K ROI
head M&% 1, FHEEHIAS &L, 5T M4 %I{# ] Mobilenet V2 + FPN, 74 78 J5 i TT100K ##E 4 1R
RIRNBL B . 454 iR s 5124 B KB-Faster-RCNN, H: map 53] 1 91.8%, M HAEGHAIRE T
21.3%.
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3.2.1. YOLO 2% B #5#&M% %
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YOLO M YOLOv1 R4 C& kA2 H AT &# 1) YOLOV8. ASCK#4IHE YOLOv3. YOLOv7 Al
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Figure 3. History of YOLO series
[ 3. YOLO RINLRSE

YOLOVI 5%/ #i78 (f) By By HARR I B3 14] 0 B2 BB BOR I Sy i o, X — R A SLEM T
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YOLOV3 [15]/&H Joseph Redmon. Ali Farhadi ~ A#&H, MET YOLO ZAifI£%1[16], YOLOv3
BT 5T 2%, R AT DU I o ABE 2R (1) 5 A6 R R /INEAT et s AT IS 14 T R0V RS R R BE 1) H T

IE4h, YOLOV3 fE/N Hbrksill 7y th A ok, 188 17) 3 250 Darknet-53 Z5 R4 28 0 25 RRAE 12
EOMVREAE BP0 R0 9 DR 0, i 8 PR SR IR Hh B (0 35 1) 2 SRR, REMS AR bl TH4E, RIS 5
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YEPE, ZBIAPRAFFEYE. BB TH4ER H . YOLOV3 Sy R A B 1o+ 1 G AL B R 92.2%
ff) map. Vehicle-YOLO [ 1845 TLAh A RIS (45 AE B3 (R0 4T B AR TN, it L AR 958 2 miT 488 JnqR
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[19]#5F T YOLOV3 [f] head #4), ME—RIXAmt/e YOLOvV4 K 1 £t PANet W48 hinsmAbHE 5 fO4FE
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Figure 4. YOLOV7 network structure
[ 4. YOLOV7 WZELEME

FAAR[21125%F KITTI B8 -7 8600, 32 8 EIOU #5126 B e CIOU 451 2% fai R 70 S ot 6 WA i $2 7
0.4%. M4k, BAdH] SPPFCSPC fbk # il SPPCSPC M (i 4 R s ad 46 kS FEFR T 2.2%. 1641 T BRA
WIS . 256 T A SOl B s, SEUS R RS 2 IR 2% b g R it e v, S B Al
FEEEA RN 94.7%, M T E MG YOLOVT HiER T 3.1%.

YOLOV8 HiEMR% O FES: T YOLOVS, XM 1[22] N. S. M. L. X ZEANE R AR, Af DL
FEANE ARG sh, HERE DR AIMEEE T KIEERF, mH 2B MG, I ERS.
e T HITH A YOLOvV7 A1 YOLOVS, YOLOv8 A B /NURE S, (UXRA 6 MB, Frll, wfPAdE 75 f#
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YOLOVS F3k 5 4 o bfs P 0 5 3 1) C2f 4544, 1S T ImIE A, MR MEREA e T, o, sshik
()53 & Head #55, #eml 1 MRSk 194549 2 Anchor-Free, 73553k 5rFF, KA TaskAlignedAssigner
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Figure 5. YOLOv8n model structure diagram
[ 5. YOLOv8n #RAIEEH[E

Concat

RERLAS[23]%F 42 H Ghost-YOLOVS Hik, X TT100K HHaEdt47 1 B ARSI o 2EARAT R S23 b 1
/N BRI 2 (AR AR LG 5 46 7 YOLOV8n #5%2, Precision. Recalls mAP@O.5 737l $¢ 1 1 7.4%- 2.2%:;
WY GAM % B UL Al AR R

3.2.2. SSD ® 3k

Wei Liu Z57E 2016 FE42H 7 SSD XA H At &y, B SSD # A —ik E1%, wI LUA R4 2 /M
BE BAZEHME BIRUR, ZAA N K& 3L SSD 5, Mgt — A2 e, XX 22 4 156 R ik
TR R E B AL BE RS, — B AR OB F0 ) Ab R A 7 v X 40 Bt 47 AL BE
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4.1. ZEFRERHRT

TE H 2 B )5S @G e b, I8 bR 8 U0 R MR B 25 0k 03 K B 2 3G o oS E AR A

G TR 24] [ H b [ 2 2R 8@ AR S S CMTSD, 2 H 2 Yolovs 5. il il Mobilenetv3 H
Ik 72 SE A I P-4 FE X BR PR S8R, B N e 6] — 3@ 7 B B AR L IR URHE, B &g b
KEEAE T, FBIEERK, RGMEERT, BERNEERAT 2.58%, SMEERA 7.41 i,

KUFRREE 25 4R T — ik 773, i H YOLOVS-S JFikcidk, xfSemf a8 @br SHEATIG I, it #y 7
AR KO BRI B, R RIE R T E ARHE, EMNS SR 2R BB GSConv, PFEKEIALN
THHEE . BIH /N BARIE, 3TN RS AR SRR . % mAP@O.5 #2715 88.1%, Kl ik
F| 83FPS.

FEEZ26] 4 H— PP T S LR A8 @ AR BRI YOLOVT7-PC. it K-means++3 53
o A AR RN BRI T RS, SR FH T I A2 S A 7 PR B ; L B I N AR R L e E
N 25 (B 4 E 3 A, BRORIE T /N AR 73938, SO — 308 KB RARRSZ BT o« e 405 3 mAP 127 5.22%.
H IR 9.01% MR .

TEAFFH YOLO Bk A8 i@ br E AT H AR AL AR o, SO R E S HIRZ, BN WA N
UM TR 1) VREREE A CHERIEE. 2) SRR ESE M THEE LR RRSEE, SCHkR24]
+4 Mobilenetv3 H 1315k 22 45 W I FH4E P L BR RIS HE . 3) IINVER UL, SCER[26] 5] NABARTE R )
MUl 4) WD WLAOREEe, tn. SPP ik, s dnhib 25, 4627 #iih, e KiEF
13 B e R AFAE o

4.2. 3ZEATROR M

ST AR R EA B R R 5 B R RS R, X I TR U 1) B ARSI AR U N E

BALSE[27)4 H 7 — ol YOLOVS BIASIBAT Rl 75 i, 18 F B A B0s X A8 38 KT i N AL k47 3 5
B, W2 ROERE e RENS, @2 RERNEZE. i, SHEskEReEE e, Z7iERh
H AR RE A, B0 R mAP 3G T 6.5%.

VTR A (280 KAV AR £ 2 0k GIAR L 0 1) AT T AL, MR T — P E R G, ZRFLET
YOLO G, F-FSemh M A8 @475 B4, 7R T YOLO V3 [Fsg il kT R A ) 3 ali - N IF R
THT YOLO Lite MR AR, ZER T USRS HIZE 4T T CPUIS-750 2 1, FEUERH T J7 Rt )
BT,

FNBFEE 291 H T —FhdE T YOLOV3 [AS@AT AT,  Be b8 Ak Pz 2 AE A I I JRaar (1 il 8, 38
T K-means H AR ST BRALFE, R4k T YOLOV3 [IRIZE &5k, fifuk 1 43 B3R IH) 3, i
TEA R SR )P 1 307 20 A R M PP A a2 AR (e A 1, 50t J5 ) YOL O3 Kl 25 SR 1 fps 7T IA 30 frame/s,
FEEEWRIET T 9%,

4.3. T AIRFESHET

75 H B2 BT SR, AT N VU I 02 — TR R FATSS . AT A E R A R
AT NEAEFFRIETOR FAT NN RS AR ) 17
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Xu Z5[30)&#: 7 YOLOvS Hf) C3 #idh, IINT Grey-C3 #ik, FFHEIN T HERMkL, KT
YOLOVSs AU IAT N IHERR 219 0 1 2.6%.

Hsu Z5[31142 H HeI AR ) YOLO Sk, fidk VAT NP Eel/s, RSP/ el i, thAhag 5|
AT ratio-aware {555 SIMLE, A5 T MZSLEH, 5IN SPP BT 2 RERHIERLS . R T AR
FHAT N BRG] HE T A0 P ) A

Li 25324t —Fhis i B YU SR B 48 6 YOLOVT Sk AT etk (773, 1R IRA 11 YOLOVT
HFER L%, PRkt MobileNet IXFh L% 25 VE 5T, FERTE S 70 FR SRR & 755 45 M A L T8
B ANLEIR Ik, H mAP i5%] 89.75%, R YOLOV7 HikR—E T 9.5%.

XIWHEF[33]H 5] N SPP M4 58 2 R EERFERL G, (HR2 W2 T YOLOV3 M4y it i), ook
Je P8 R TN B, AT NS DU PR o i

Li ZF[34]00T T —Fp a2 (A & F IS BRG] DASR B RS ) R v] WAL 3% R RS 4045 1270 A 1%
B YOLO Ao 25 7£ 547 NI DU A vEE A 28 15008 94.11 %

4.4. ZTBEWEHEM

BEA& A E T HEBRER 2 R, SR 15 HERE, AR A0 T BAT B RE B AT 1 RS, 7k
THUB AR B R T8 B, I 75 ZERAT TN G2 B R R

JA B4 [351LL YOLOVS HARKrlgs ARFE, XHE KA @Iz 5T M E W4T B bRk i se 424518 51,
[F] B H DeepSORT H A R i3 S 0 Kr il 1) (1) H AR A0 A7 PR IR, 30 I R AR R 0l ) 2% S B ER R H AR 1% 1D
PREAE, DABG IR ARE . S, (R A RIS AT TR, R ER R IA B 78.4%.

MEELE36]HE U R YOLOVA-Tiny A2 22450 EHE SEm A AR AL o B SE SOdE 3! CSPResNet 17
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