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Abstract: Object detection is a crucial problem in computer vision that involves accurately locating objects in images or
videos to identify instances to be detected. It has various applications, including facial detection, intelligent driving
assistance, and satellite remote sensing detection. This review aims to aid researchers in quickly comprehending object
detection. It covers the concept of object detection algorithms, analyzes the development history of object detection
algorithms, and elaborates on the evolution process of object detection algorithms from independent development to
combination with deep learning technology. The article divides object detection based on whether anchor boxes are
generated during the detection process. It discusses the types of anchor boxes and non-anchor boxes and analyzes the
current research status of single-stage and two-stage object detection algorithms. It also summarizes classic model
structures in the development process of object detection algorithms and introduces difficulties in object detection. The
article aims to solve the problem of object detection with a small number of samples and without detailed annotations
during the training process. It summarizes and compares the advantages and disadvantages of various classic models,
mainstream datasets, and evaluation indicators. Additionally, it looks forward to current challenges and future development
directions in the field of object detection.
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PR

WHE, B ARk T RE VAL FR AR 3 A FE A AL
(Accuracy) HIHZ% (Recall). ¥EHfi% (Precision).
AP (Average Precision).mAP(mean Average Precision).
P4 % (mean Average Recall). #ZF:Lb (lou,
Intersection-over Union). FPS (Frames Per Second) %5,

77K A6 W 45 % e O IE B (Positive ) Al 1 7
(Negative) PIFHENL, T AAFAE 5 M aFE LT
DUFF:  IERGIHEAI R EGIR ER TP (True Positive).
AR A IEI 75 FP - (False Positive) . IEAA IR,
R 5 TN (True Negative) DA A4S 5 R i) i 4451
fJIER] FN (False Negative) [38], #1% 4 fli7n.

R4 REHERE

# 2 VOC Hmsekn
Vehicles Animal Indoor Person
Aeroplane Bird Bottle Person
Bicycle Cat Chair
Boat Cow Dining Table
Bus Dog Potted Plant
Car Horse Sofa
Motorbike Sheep TV/Monitor
Train

LA AL SN S G e L E PN LR E
FAEm B SR IR0 TR s — ML 75 (9 B bk il
BURAEICHEEL, AT Y H b I S A i B f AL
TR, PR e 385 > HIREE >
B2 AL o 2 350 IR IR AR AT 1 TR 4G

* 3 WHEGESE
Dataset Categories Train Validation Test
VOC 2007 20 2501 2510 4952
VOC 2012 21 5717 5823 10991
ImageNet 200 456567 | 20121 40152
MS-COCO 80 118287 | 5000 40670

4.2 MREVHNTER
b 7 £ 2 R R 5 R e k.
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; FSEME
A Positive Negative
True TP TN
False FP FN
HERR L, SRARPR I BRI A HArzd, HIE

IIEREA BT 3 R R, RIVAS 0 L R s o G D) IE
HIEesl, M~ AXER:
TP+TN

Accuracy = 1)
TP+ FP+TN + FN

FEHAR, AR ARIN H i H s CRAEIRKED
R R IR, s 2 &

Precision =

+FP @

A, SREGEITA S R, kel R (IFEA 5
ARIEMIEFEA RS, AT AR R

Recall =

TP+FN ®)

AP, FRIR il ok HAE I HER R, i R
RYFE A B — AN 1 H PRI ORS00 5, fEDBROR R
REMAr, WDASRBOEREA R BEE MR, HE
15 PR T 55 B HOAE A HE R 2 P I ME R o, B
TAaR:
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AP:IEP(R)d(R) @)

MAP, &% 25 H bRAS I A () — R R AR E, R
IR 2 R B AE 55 Bt RE, o nT DU
FRALLEASF R A (IR BL, AT 25010 AP [Tk
Fow, BN AR:

1 classes 1

ZLWWW) )

i=1

MAP =

classes

AP 5 mAP AN S IRE IMES, A BRI,
AP TE 8. — 5 B AR S R, SRR R AR A
HAE— N H PRI RSB EE s 1T mAP 782 2851 H
FRETIAT S5 A, SRR B TE 2 2800 H bk AT 55
EHETERE

LR N B bR e B, T IP s e
A7 BIAERR M o FE AR = A T T A 5 iR L Ay 1Y
“EAH R B A, BUETEREA 0 2 1, HEHB KRR
BB, —BeRUL, 3 loU KFHE—B{E (1
0.5), AN IERfHUAS I E] T H b

|ANB|

loU =
|AUB|

(6)

FPS ZRom READ AL PR & A A miKL, 32 2 T e 7
Mt e RE, BOEMOCACRA MR MR, £
oL TR 30 MUl AT LA 2 SE PR ER . FPS 3t

BTN FPS=1 g — MyUAS I Fsf 5] 44— it Kb PR ] )

FPS SEAMMHE A G, — ROk, FIEBE R,
FPS IS, vz, SILHFEH, FPS .

i EPd,  HARK IR (1 A B R LA
FEPITTTH o KRR AN ] 502 e R AR, EATAT
LA B LA AN RIS R R PR RE AT WrASE R 2 75 mT DL A2
Ko mAP (B AT LA B3 PP AR 22 200 7 SR AE
SR RE, e T DUSE A S R B ) BRI, fE
R, RARNE DM . FPS (RIL TRIR ATHERR R, {E
TS i W e 0 3k P R R

5 BE5RE

RIEES, AR IR SBT3 . A3
MHEE A, BB T H ARSI ) — Se PR At 4R AR . #L
Pade. REEBORSE, WBE T H AN H Al i e B
AR IR R TT ). ik, W] LUR BIRE Y 2

CL2 8N B BRAS I AT 1) A T T 1), O T AR
G T F ARSI NLAR 22 21 ik, o H Askail
PRt T AR, MBI RE IR R, RefE LAY
R SE R IN . AN TT DA m AR Y ) A RE Sy, A
TR 6% B G b AT I A 2% 1 b o 3 A e A K
PEm TRV A T B AT R

HoAl, 320 R R ) B B B 4 4%
(CNND. REBRIZ ML (DCNN) 25, Ah, %
P2 ST HOR A A T B ARR I ) — 2 oA 5 i, i E
PRI PT fRRE e . BRI R AR . BRAREIL )L
CENREAS T — L R, (H2 H AT A — Le PR

5.1 BHEEH LA

FIAwA AR 7 o ZEAE A 4R AT R E I 25,
PR aHt s 0 12k R P 118 95 1R KR B 1 B e T M4l 4R o
R UL, T DAE I R K AR AR R B i A A
ZACRE ST, IR ULt i . HA B TR SR
VE IR AE,  F AT SR = 38 AR R 2 R I o £
FHEEH NS A GUL A AT . RN, EEH,
0 22 S5 R TR AU AR M SRAT A T AR b v 109 BT PR
R B 2 et M BRSE B A AR 55 A 2 4%
PR R U SR 2 vl S 8 2 R 00 28R B 48 v I i
H Al

5.2 BRI AEHER

DA R 2%, S, EIERT SRR
RN BB, B — Lo S V2SR EL B s 1 3
SIS R R e e B 2 AR R ) DA A BE PR
IR TRL, AT AL SR PR 2K . H AR 2 SIE H
ARSI F FR) 82 FE AT T s 5 R 24 38 e A i sy (14 1) 7L
A CAPRE IS UE SO R . R, BRI SOTE, $R At
HiRE. PO R BN S I TR

5.3 BEEAIMPREERITE

A RRREVE AR NSRS B AR R R R R . R
T B TR R 5 S BRI O A AT A PR e
{ERERHR 730 0N 53 TE T NS A J5E 5 4 B BILLE (1)
REEME RN . VP2 7 BRI # &
KRl X MRRBUE L Frf AR R AR ik e Al &
Bligkm, BRJ7, ML MR R A .

MAAERE P PR S BT 5 R T AT FEANAT B T e it
B E PR AT R, B R S A HES R R T A
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DIRURE S JETIREES ST H AR I 2R

PRI, 5 B R P P 077 V2 RS 2R ] A A S8 AR R )
WEFUA R AE B ARSI, B 7R A T S ot 40
WL = [39] -

AR H B AT ) 5 F TE o 2 PR BE A IR L 57 2]

MRS AT EE, WA REfs 5 H M BUE 208 =8, K A
S DB A P S P 1 AR5 S AN 2
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