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Research on Small Object Detection of UAV Based on DTA-FSAF

ZHAO Kan,WANG Hui-lan,GUO Jiao-jiao, WANG Gui-li
(School of Physics and Electronic Information, Anhui Normal University , Wuhu 241002 , China)

Abstract; With the increasing application of UAV, the demand for object detection in traffic scenes based on UAV is also increasing.
However, existing algorithms have low detection accuracy and insufficient robustness from the perspective of UAV. In order to effectively
solve the object detection problem of vehicles and pedestrians from the perspective of UAV in traffic scenes, we propose the DTA-FSAF
network for object detection. Firstly ,deformable convolution is integrated into the backbone network ResNet-50 to improve the feature
learning ability of the FSAF ( Feature Selective Anchor—Free) network,and PAFPN (Path Aggregation Feature Pyramid Network) is
used for multi—scale fusion to improve the detection accuracy of small object and the fitting ability of the network. Secondly, task
alignment detection heads are used to reduce the misalignment of classification and positioning tasks in detecting small object, thus further
improving the robustness of the network. Finally,the ToU loss is adjusted to improve the overall detection performance of the network.
Through experiments and analysis on the drone dataset VisDrone, it is known that compared with other networks ,the DTA-FSAF network
can achieve a detection accuracy of 41. 3% in different traffic scenes while meeting real — time requirements. This is a 19. 6%
improvement over the FSAF network. The experimental results demonstrate that the improved algorithm can effectively complete the
object detection of pedestrians and vehicles in various complex traffic scenes.

Key words: object detection ;tiny object detection ;Feature Selective Anchor—Free; UAV ;label assignment

0 35 i RS AR E RS AR 5N A5 T8 AL/ B ARKS:

UTAER , BB T AP S AR R EABUEA: MRS IR, DR, 75— 262 Z g5 th S i R
WP AR A A , JC AL Sl s P VR B R/ H RS S — R H R AP A TR A X
B S5 U A B TR IZ s 2 3R R T 2 BARRIIST AR I T m Bk 1 ST IR )
FBEEE, i EAR /N R BT PR, LA A BARRRIIHESE 3 i L Faster—-RCNN'*/ | Cascade R-

il

s B #9:2023-07-01 &8 B #5:2023-11-02
ES£ME L8 ARFI2EIE 4 (1708085QF133) 5 UM I R A1H 2435 H (2018XIJ100) ; ZHUA H REHLAF N5 B AL A S TR =
% B (IFCIR2020004 )

EEE N HL(1998-) 5 B A SEITRVER W57 T R > TSRS | AR s VR B 22 (1978 ) , 2, BIBUR  BF 5 77 1) R L
E RPN 2l



<102 - HEPLH AR &R

5 34

CNN"! g £% 3 9 — B B Il 199 45 il L) YOLO'™®'
FCOS'" MR BB BEAG I N 45 0 32, B BE I 4%
FAPRE R BB 50 v, LIl B 50, AR X 8 3] S M g
R o BRI B 1o 254G DN S RO B RO N R B
W2 A0AT 35 s 31) i 14 o 00 P 2, BRLBIY B I 4% S 43y
Anchor-Base 2% il Anchor—Free W 2% , HOA 6] 3= B 7E
ToE AR PR AE (105 A TR > 1 H AR
oAl =7 S O i R E R A 0F ol Ry &1 i A I (D)
FIRANA T B/ BT R A AL B R i k20 28
i, Zhan % A" i3 7 YOLOVS HR hii—A~/IN B bz
RGN 22 A B8 e A A 32 (E R e TR ) T 4% J2 B 7
R B O B R, Song 45 M3 i kA A TR IR
YRR JZ A R AIE 4 70 M 56 T 22 RUBE TR B R A1
2 2] I 0 B AR 2%, AR SR AL 1R SUfE B FREAE
HE A RS, E AR TR R, Zhu SN
Vision Transformer %5 14 (144 I 2k )i F 3] YOLOVS >k
P/ HRRMAHOR  BARRCRG 3] T Bt H2
HAEARI SRR (A5 19X 6% 1 A 2o 2 1% | TR B,
T VisDrone Z#i5 thHR o325 A REA LD | LB X
3 /INEEAS Y B AR RN SR I A GE

BEXE/IN E ARG, ASASCEE H 1 I 2 565 H B A9 AR
PEHGEL A RE T, R BEEE X AR S IE AN R 2, R
FHAS TR A RE A 73 T 5 W6 R L 422 52 k) X 45 114 2 > AL &
BYRCR . TE/N BARR I b | Hy A 0 s 7 A Y SR RE A
WEIE £ T IEFEAS |, 5T Anchor—Base %514 i) RetinaNet
I 45 {# F] Focal Loss SR 2 =/ H AR KM aE 711" HR
FHTTE A A 0 H B RN AR S BOSCR A, LU
FCOS ( Fully Convolutional One — Stage ) ™ 4% & 3 1)
Anchor-Free 5445 1] LIAG Rkt G iX 4[] #, Anchor—
Free 2546 N 45 N5 Bl 1 — L SE IO AE | 15 42 HLil H Ax
AL BRI RN AT LA R B il HEE RS AS > S B0
o R ARG IA) R, AFRAE AT I /N H AR, BB 2ok 22 /9 17
FEARMIR 25 P BUE SUREAS AP, DT A A6 000 25 2R A
., N T FE—E R Anchor—Free W 4% (1) i £ % Al 1%
KR A6 A9 Anchor—Free P45 K A T A 6] B9 BE AR 43
il /71, ATSS ( Adaptive Training Sample Selection) ¥
28 fofT Y v B 4 S R DR B S YR ) 432 4 B, I A
TV i A P 2 AL 4 i B K B A EE . FoveaBox ¥

focal loss ] :
—:: ToU loss

focal loss
—:: ToU loss

focal loss

! FPN

20 ILKE T s SC PP DI P A B R IR R AR T st
Ja AV IS TR CR B EFE M AR S5 1Y
ST DA K R 5 4 55 T0 G R AR 3 B A A AS I RECRATS
SRAE . TOOD WU TFBIE b feff FHAT: 55 461 28 % 5745 3 2
558 LA R AT A5 2 0 5 ok SF- A 1E BRE AS S SF- A Y
(IR

BT b ) B, % SCR A 3EF Anchor —Free 45 14
i) FSAF ™ #% ( Feature Selective Anchor — Free
Network ) . FSAF [ 4 i [ i B 4Rk 28 95 0 B — 4>
FEA 538 R RFIE SR BUZ AV Zhid B b, R4 ToU
S PCRC Y 7 AN R R B ) AR 3 5 FPN
—JZ IS AR B, O I B AN [ o B R 2 B kAT
ST KRR TE 43 T 0 4% 2 R A2 B R 43 1) 45 L B A
FFE AR/ NBAFESE BUZ b 32 m A R RS B Ak
A AERYE . S 1 8/ B AR RO DS B2, 32 1M 4%
EFEE 1z o B FSAF W 45 1945+ M 45 1 FPN
SERAR B R P Z8 5T X /N AR R RRIE 2= T BB T, IR,
SR AT 55 68 FEAR AR 73T SR A gk 2 LE SRR AR 2Z ) B
FRYAS - Al [

1 FSAF 444

FSAF 451 T+ M 25 2R H ResNet-50, i #5387
KHIT FPN 4544 A6 Sk 0] 73 51 R I T Focal loss Fl
ToU loss " T840 HA0 00 Rl (i 2k

FSAF #55H i) 32 2 R 3% 2 76 B FRAE I b | 3
HEFE A HIRRAAE s, IR B AT 4G il e 2 i s
AR KA G Ak 2 AT DLk S Anchor —Based J5 ik
HRAETE Y O B E R R HE I B AT DA A5 A
B AR, e o 0 o3 FIORS B, &l 1 P, EL Ak
PERRANT  BEASRRAE 2 0H 5 43 242K (classification
loss ) Fl1[A] ) 451 4% ( box regression loss) : 44 i& — 1~ S 1
[, SUAEFFIE S 735 b L2005 P, L i3 258k il
[0 L (1) FOLL (D) il X 5HE X 3 0! 1
Focal loss 11 ToU loss 435 E 47 3 2451 3545«
1

(D =yor (MZEMFLu,i,j) (1)
. S o 1,
loU(l)_N(bi) (WZE[)[)I U(la 9]) (2)

arg min

.
|
|
|
|

e B ——— B I R PP —— e —— P —— 3 |

B 1 FSAF M43 K%M



%4

B 4R BT DTA-FSAF (9 AN/ B ARk a5 - 103 -

TE AT FRAEJZ P B R R S /NI A S b B AT
1] 44

" =arg mlinLIFL(l) + L (D) (3)

PEPRAFAE A 1 R i 1 TR MRIE A S B AR
Z [ AR ARLL P A S B AL E o )RR AIE i 2> i A 5
VeRE . BXARHLEE TR SR T AR PR ERAE SC B, Al LU
TEASERY rp AT v B S ) 2

2 DTA-FSAF M %

T B FSAF W48 X5 R ik 1 27 2 g 77, 1% ST
PIANTTTHIA FSAF [ 46 A A1 BEAT ek, 87 5, ¥ ml 72
J¥ % 2 ( Deformable Convolution v2, DCNv2) i i 7
ResNet—50 45 H UEE i B T 9 45 B E X/ F AR 14
TEFREREE Sy, SR)F , R PAFPN 2RI AR IE 1T £
KRG, LS 22 ROE Bhrr il $2 w570 B s 1
R A B2, 6] B O R 48 4% 1 LG RE T, ik #b
Anchor—-Free W £8FEMIE 2% 2] 58 J1 A & 1B
2.1 AIEEER

DCNV2 J&—Ff I T4 U 28 I 2% 119 465 R A, 7T
PRSI LS Sy AN N STINAL) =B/ SIOE /L% SIATN

(a) B

Fzs () A8 4, B e BB T AR AS AT 55 A o ol 1
HA LA G FURAE , DCNV2 R TE 45 1~ > H AR 9 56 5
YRAE A %35 B Anchor — Free [ 4% $2 iy 450 AU Aty 7 455
e

TR BN 2 (a) BT, BA 3x3 BRI, X
TR y(py) 5 po = (0,0) , #BE MG AFAF A «
TRAE 9 AL X 9 AL EARTE T ALE x(p,)
PR RL, (-1, - 1) AWK x(p,) WZEEAM, (1,1)
RFE x(p) WA T, REXER=1(-1, - 1),
(= 1,0), -, (1, 1) o b, B R i o

y(py) = X w(p,) ®x(p, +p,) (4)

p.eR

Hep p JERERE RIS n A, w(p,) AR AT
GRAE 2%, DCNv2 WE 2 (b) Fizs, t ] 28
BRNG AmA i 2f S BEH RN B A A B He by B, W] AR
T AR A 3 3 6 AR FE b3S e 7% 1 2% ) B
Ap, iEEX T A BRI T ERE R, 1S 8] — AW =
x(Ap,) o XL AT LA B RUAZ P AR 38 WA
[FIJEAR P RFIE

y(po) = 2 w(p,) ® (p, +p, +Ap,) (5)

p.eR

(b) WIAZTEAR

B2 KAt

X A BRI TR A5 S o Y 465 FRARAE 02 3%3
B, IR0 T 2520 A% 1 (offset) , & 55 4h—4~ 3x3
MO AR S At 2 R A R L R AT 1 1
KN ABESE R BT 232 (3R « 5y Jr AR
%3 MEBEHRT) .

1 x164

1 x1256

relu

(a) BREEBURED

L ResNet-50 ISR B AN 3 (a) Fias , Hf
FRH AR =B, 52 1x1 BRZE 3x3 B
JEA X1 BRZ Hp 3x3 HRUZE R %
AEFIESREUZ B DCNV2 7R 1A ResNet-50 JZH, 11l
& 3(b) s, RIS Y 3x3 BRUZ

256-d

3x3 64 DCNv2
1 x 1256

relu

(b) FIIDCNV2AIFE 2R

B3 kARSI



<104 - HEPEAR S % @

fii 1] DCNv2 BT LA 36 U o647 /N ) 7 ¥ B
RVEEE TG b JE /N H RS (7 BT AR , 342/ B A
FRAAE 36 B R 5 S s SR IR AR AL A5 R R (1
PR, T3 = X0 /N B BRRFAE 19 27 2] 68 1 FAS I 2%
I, DCNv2 7EFFAE 4 HCE T M 2% ResNet—50 A9 i H
AT DL AR /N bR R BE 7, 2E T R H AR K
) ERR PR RN
2.2 BHHH IS FIEM L%

PAFPN [1) 45 #4 By P > 3 73 41 1% . PAN #il FPN,
FPN B8 FH T2 O [A] 43 BE R R AR I 1T PAN AR R
DU FH TR 3 S AR A [ 3R A7 22 ROBE Rl G . PAFPN K iy
JERRHIE(S B el bR R O G AT AR R,
T TR BRI A Ty 20 2 O R AE I e 2k
3 AMRHE 2L A 25 5L, BB T2 I RRAE (5 B 5 K2
s s B amat .

PA B A R

Fo(x)= Y aF (x) (6)

(i=1)

Holr, B, 2 PA BEHI I BURFAER, F(x) RHARY
ARSI AFAE P, m S5 B BB, o, SO
AT, Frh PA BSR4

e

o =— (7)

S e

j=1

%34 %
ot o, SEARSEREAE 0 RN B B A
REL
45 H PAFPN 45 R A 3K
FPAFPN(x):FPA(ZFPi(x)) (8)

Hrr ) F,(x) J& FPN BLHC 09 28 0 )2 R AR A,
F (%) 72 PAFPN A H B RRAE ]

PAFPN 45 R4 T2 1 R AE 15 B 5 K2 18 U AH
BFEAT RGOSR I 45 B RRAE 2 2] R 1 FRRAE A Ak
F1. HARXE T FPN 407 A = 43 38 2R (0 FRAE )2 [+
EHAS I 2 M A Ak e T A RFERIE BRI,
2.3 ESEXIFHRNL

45 % ¢ 46300 3k ( Task—Aligned Head , TAH) ¥4 46
Sk 43 A A RS Sk 43 S T 55 %6 5543 32, i 0 H
PR OL AN, J5 5 AR R AT 55 2RO AG I 25 SR kA7
P2 Xt FE AL IORE RE 3 9 43 25 5 A =2 (8] Y A B AR
JH, 7% % Anchor—Free P4% %5 5 Hi BRAR BHPE A Bl i, 2
TH I 25 B 1) B

R LSRG Sk AN ] 4 i, S AT 45 FE AT
55 Z Bl HAHBNST , ASF T R 286 BRI

TAH W25 E 5 s, XA T
155 38 L, T H R 3 PG AT 55 B2 41E T 22 2 K 0 R AE
T2 RO B 3z B

[;I Classification
W  supervision
X

H -
H |ConvxN . P _Task
- w alignment
w x
o @
c H
< Localization
TAP > ZV supervision
4
B
B4 wHAEm sk
H {:I Classification
Convx4 x Conv_ supervision
VZ Sigmoid é
C
H
X P
/4
x
C
H H . .
Convx4 « Conv < LOCﬁllZ.aIEIOH
"""""" w W supervision
x X
@ @
B

B 5 TAH #n k



%4

B 4R BT DTA-FSAF (9 AN/ B ARk a5 - 105 -

X b FPN 45HE X™ e R™™C Hroh g, wHlc
O3 FR B SE A TR, R R IR T VA
A W R R L B R R AR 55 SE AL «

X 5(convk(;(t"") ), k=1 (9)

8(conv, (X(37))) k> 1
Hi, Vke {1,2,--,N} , conv, F18 53 HIF85E k &
TUZH ReLU e %L, I, Fl FH head A9 5443 32 A
FPN FRAEH S I 5 10 2 RO ARE . SRS R
M55 38 BARFAEIE A TAP JE4T 7025 A,
2.4 DTA-FSAF W%

DTA-FSAF( Deformable and Task Aligned—FSAF)
K28 anIEl 6 firzs , T2 2555 N RYTE AHLH Bk,
B, £ % FSAF 98+ M 45 478 2, i Jl DCNv2
Bt ResNet—50 ok 2181 3x3 HAUZ , IF4% FPN
BAfi ) PAFPN , TE 58 [ 26 % B A5 19 R AE H AR 58 1 1Y
[ 2% B& T AR AE R IR o SCRVRFAE A 8 AT Rl
BG4 3 A [ DR /N A O, e FHAE 55 % 5 8

ResNet-50 (DCNv2) !
L

R TAH VR R 43 2 F0E S A Sk 4 0 28 7 )1 2k b 15
BB AGE— 53 FE RN AL T AE | £ 5 1 00 2% 114 o f i
FVE I AT/ 1 S5 AG 3 FI AR B PR AR

TE X B BRI HE B 5 20 S FRE L B4R ToU loss
AT ELSAEFNSOIAE A4 22 5F 1L, 30 % 1 BARE 2
] A PR 2R o /Iy b A I B A 52 e v 2 B A
20— B ToU loss, #2155 25 78 & 23 5 T X/
E AR B9 K 0 %% 3. GIoU J& XF ToU Y 2k #F, GIoU
(Generalized ToU) AN Y % J& T A2 & FI I AL A TR, 38
8T PANHEZ [ AR 25 TH B IRHFE ToU (Y 2l Lo
U 1L SICHE F) oo g5 B I S B e R ok Al i
AL E R 2 . XAE, GIoU st REWS T M4 IH0 by 34k 5000 A
FIELSHE Z [ A DCECRR EE ™, CloU X GloU 3 — b
0 T Bk, CloU ( Complete ToU ) 5 H FRAE A HHCs 1
P S v bl 22 SRS N 3 ToU JH53 b B 4 g M A
P B BRAE Z ] A AR

1;] Classification
'J:_‘_, W supervision
x »
10 AN
\

H \
1;[ ConvxN x P 'Task-
W V)I(f all/gpmem
X
©
© H »
% Localization
TAP » " supervision
4
4
]
| B
]
TAH
arg
»_TAH » min -
> » TAH

B 6 DTA-FSAF M %44

OO T Bk =P ToU &0 5 35, sk 1, &
SR FERG ff 5 08 e, PP A BE A T 1Y CloU AR 2y I 2% 1Y) 72
PEAR PR
%1 RE IoU 3t M %5 %

Model APy, AP
DTA-FSAF+IoU 40.6 13.8
DTA-FSAF+GoU 40.9 14.1
DTA-FSAF+CoU 41.3 14.5

3 XLWERSHH
S SR K K B 2 T E T & (K

VisDrone %458 | i B P8 45 & — AN A TF B RFUBL |
F R JC AMLEEESE , B 7 019 Tk R4 AL, f0
LR WN IR I DSk I P N7 = S NP S |
TR T ISR 1 25 AT A4 4807 91 a4 3l 43
6 471 SR IE R A B I ZR AR T 548 18] R 21 Y 50
TEAE , B Ry AN AT N VA g A
PRVE(ONS N/ 5 § /N € K OISO
AT NFRGEREAR R R 2, 53 91140 79 937 Fil 144 866
AFEAR, SR W =5 AR AR = e b (A
4 81213 246 PMREAR

SEHTCE L S % Y &R S8 Ubuntu 20. 4, 58
35 38 45 - PyTorch ¥R B 2% >J 4 42 1 4 5K NVIDIA
3080TITAN &,



- 106 - HEPLH AR &R

5 34

3.1 API¥E#R

AP FEFRTE 1Y S F- Y85 B2 ( Average Precision) , &
SR i E bR R D 2% P RE Y — Fh bR . AP (H R, 3R
SR ARAGHIN H A ) PR AR B, AP B AT 7R
B ACAEAN R 0 B A T F 5 RS % ( Precision )
FI 0152 (Recall ), P 550KS i 56 1A 101 23 iy ] 8
LS B AP, Hrp AP 85 T8 M 28t
ToU ( Intersection over Union) KX T % F 0.5 At AY AP
B AR FRIE H T PEAL B AR I e 3 AR
I ARG B2
3.2 TLELIEFNE R SEI

B AE DTA-FSAF 45 (145 5501 38 o 7 fil 5 56
%} DTA-FSAF [ 4% H 8 Jin () BB B A T 9, AT
i 2 AN [T HRs Sk (9 R [R) 52 I, 38 2ok ) BE 52565 [) s
%f Ht RetinaNet , FCOS % 22 it % 4% 1}z YOLOX'™' |
FoveaBox ,TPH - YOLO . MSF- YOLO . YOLOVS8 4 %
PERIZ8AE VisDrone BH54E i,

%2 DTA-FSAF W %7K @k 52 I

Model AP/ % FPS/s
FSAF Base line 17.6 28.5
+TAH 20.4(+2.8) 27.7
+PAFPN 22.6(+2.2) 26.6
+DCNv2 23.9(+1.3) 25.5
+CIoU 24.2(+0.3) 25.1

MF2 ATLAFE Y FSAF MZERIN T TAH Z2)5
AP 158 T B EHT, su R TR M 4522 2T g ) AR
BB , 418 B A 43 IO 5 WAl 1Y) 2% BE 7R &2 A% 19 28
W SRR B R RS L A SR AL
ResNet—50 #1148 58 45 FRUZ B fie v B I8 B B2 &
it FPN & PAFPN , 5 b [ 4% (1) 4 1F 2 2] E 1 R 22 R
Al RE T, R R R BT 1 UM B RVRRIE A B it

Tl B P& IR IE AR . U T 23.9 19
AP, fJa B ToU loss, R H] CloU 1E A 1FHr 4845 , fig
AT M PPN A A T BRI AR, XN H ARG
DGR PPl AR B IR B, B 2 UAS T 24.2 (1 AP, [F]
B FPS 35 % 25. 1 Wi/, 80U 15 M A4,

£ 3 KRR R %3 EE A A A 2R

H A WM =5/ % —5%E/%  SEE/M
MSF-YOLO!! 9.8 13.6 16
TPH-YOLO!!!) 11.8 15.1 22

YOLOv8 11.1 17.5 14

FSAF 9.3 12.8 13

DTA-FSAF 14.1 19.3 15

23 af LLE 1, MSF-YOLO #1 TPH-YOLO 7E
FEAKS R e /D B TR =48 4R =58 2 2 1) iy
KRR AE, CHORIEAE A SR D T =48 4= I,
MSF-YOLO 45 HA 10. 8, 1 TPH-YOLO A4H;
BARAT 11,8 B 3k Ry 2 B vl /b 1 99 25 1 4 2
JE ARMEIR B 52 Y 225K . YOLOVS AR IR
G ToU AEATEER A AR G i e /N A A G I 00AR A 1Y
[P A 0 T = % 4 R0 = % A4S 0 RS R (AT
11.1 F117.5, DTA-FSAF [ 475K T 4% 55 % 55 46
Mk (TAP) J& , £ XE/INREAS B A 0 25 R R R 8 v, 7
FEA S/ B2 E s e 28 55 v ARG B A ik B T
14.1 1193 (75 X 28 X /DN AR 23 1) G T 170 2 S 4
MSF-YOLO FE/NEAK M 42T+ T 28% . I H I
YOLOW8 #&7F1 22% .,

3 4 25 DTA-FSAF M %% 5 A [\] 5 B Be W 2% 7
VisDrone2021 BriE4E AR INEE S, £S5 T A
B A bR , A4 1 A T I 2% ST 35008 B2 (AP) il
AN ToU BI{H T A IRS BE (AP, (AP, ) DL R AR R
JE S FE PN K BE (AP (AP, (AP, )

% 4 VisDrone Bt F AR &L %

Method Backbone AP APy, AP AP APy, AP
RetinaNet' ') ResNet-50 17.8 31.9 17.6 8.8 28.5 36.1
YOLOV5 CSPDarknet-53 19.1 33.9 18.7 \ \ \
FCos!"! ResNet—50 17.6 31.4 17.4 8.6 28.1 35.7
CenterNet 2] ResNet-50 20.4 34.3 21.7 12.6 30.6 38.1
YOLOX % CSPDarknet—53 21.6 35.7 22.4 12.8 31.9 38.8
FoveaBox ' ResNet-50 18.2 32.0 18.2 8.9 29.7 36.3
ATSS! 2] ResNet-50 20.7 36.1 20.9 10.9 33.3 41.2
FSAF!'3) ResNet-50 17.6 33.2 16.6 9.9 27.0 34.1
DTA-FSAF ResNet-50+DCNv2 24.2 41.3 24.6 14.5 36.2 45.1




%4

B 4R BT DTA-FSAF (9 AN/ B ARk a5 - 107 -

3R 4 B A I 7RI JC AP TS AT AR
B4Rt 2 F Anchor —Base 11 RetinaNet W 2% % H T
Focal loss , 75 il 3 38 K /N H ARBRCR AT, AP, 35
B 7 28,5 {HJE TR H BB AE A DU, 7E AN B
WREPRSG A VA 8.8, FCOS #1 CenterNet #f5 /2 3t
T Anchor—Free [ 4% | {HJ& FCOS 7% /£ B S HE 0> —
JE L 22 N B R TEREAS B R AR 3 B 5 8 (A5 AR A
/NEARANE ZR A 5 H A B ROR R 2% AP UA 8. 6,
AP\ Ry 28. 1, W LA 45 248841 . CenterNet SR T
[ O R s AR (o =121 R R B S
e AL SR O S A AR AR 18] b RS TR
BORPY AP AR T 20. 4, 76 AR SE R H AR A
YIBUS 8 4 85 ¥ . FoveaBox Fll ATSS Y3 b #E #E AR
Srlid Bk AR Blodk g Anchor—Free W 4% {H ATSS fig
3 AR X R A G TR A sh B IR AUREAS TR
/N HFRFISE 2235 5ot B RAF 0 & 1, AP ik 3|
T10.9,AP, 155 33.3, APL i5% 41.2, iEM T &A1&
BIAREAS 3 T 7 s A A s /N B A AR RGOS B2 R A 4%
£575 A I EHE ¥ = e

=

FCOS

YOLOX

(a) FER

(b)) HK

DTA-FSAF [ 2% AP J5 T B %8 /s B A5 Fi 52 %
Yk BEAT el o B S e T A X RRIE 9 2% 2] g
77, Hkeltk 1T AEA SR BL SR B, 1k DTA-FSAF [ 25 g
T R 2 2 /N B bR AR AE L REYE E A R R
FE IR, DTA-FSAF Xf L FSAF, AP 7+ T 27% ,
KET 242, E/NERRRET ESETET 31% , AP ik #|
T 4.5, B2 5 T 0 AR IR B AP, ik 5
36.2,AP, i5F]45.1, F4riE T DTA-FSAF W 4% H
7 e (AR G R R R A R 1
3.3 XBRERFTVHAKETR

T R R AR R A s R /N H
PRI BE T, TEROR , % 4R DG, il Bk DU AR
PR Ze s N IRRIGREE 3, i 7 Fos . AR
E R LI Btk )n ) DTA-FSAF W45 76 % 5 FE £
IS N MORAT AR RSB 5 FLAEASTR | o B 55 A
Ui R BE N LU H AN X 25 6 & T /D g AG (K, DTA-
FSAF [ £ 76 308 B b 0 ke P e 0 ] s 5 4 1 s
BT 35, Lk 4R B TE A W A5 TP R 42 5

(d) JFmg

(¢) I

B7 BRMBERRGZTHL

4 ZRIEFE

1% CHEH A DTA-FSAF M %% | L FSAF [ 4% Sy 5k
filh %t /N H AR FIE 2437 50T 1 H bros A8 i
T Se Al AT AR T 45 BRI PAFPN , 32 755 I 2% (4 3 1iF 2% >
AE ST ERIE R A e SRRk RE 01 . Hak (T 55
X S AGHI S X 5543 2 A AV 4853 2 B LB A T B+ B2
45N, e, i F CloU AE R PFAk ks v, B8 4217 5
YA Bt X G I S5 SR A TRAR

%, DTA - FSAF A 7% K U OKS B8 b X)L
YOLOX 45 W 26 4 $2: T}, [a] ik 75 /NRE ARG I _E %) Fb e

flb et M2 AT —E B4R T, SRAD T/ B AR I b £
X /INREA KIS BE AN EER R, $ e 1 28R TE AL
HUFTT /N FUBRAS I 4 5 1R 0K 8 32, O Tl 7 T 4
T RS HIEAYUERBEN, B XN B AR
I IB TR BOR AR AN BE— AT 78 S 45 v A A
JEE 114 [R) I i 2 1 2% 114 2 Bk DL KR o 1 2% 114 #fE B
B,

SE LK
(1] ZERRA, THeam, A W, 45 B 2R 2T P S BN B
K R giaRk [ 1], IR F 5852 ,2022,16 (1) 41 -



- 108 - HHEHLHAR S &R 5 34
58. based object detection[ J . IEEE Transactions on Image Pro-
(2] ¥, BEAEn, AR 4R, 4. JTC AP A T 1Y B Akl cessing,2020,29 :7389-7398.

(5]

(6]

[7]

[9]

[11]

[12]

[13]

WRoE it e (], [ B 4 I 22 4, 2023, 28 (9) : 2563 -
2586.

KISANTAL M, WOIJNA Z ,MURAWSKI J et al. Augmenta-
tion for small object detection[ J]. arXiv:1902.07296,2019.
REN S Q,HE K M, GIRSHICK R, et al. Faster RCNN; to-
wards real —time object detection with region proposal net-
works[ J]. IEEE Transactions on Pattern Analysis and Ma-
chine Intelligence ,2017,39(6) :1137-1149.

CAI Z,VASCONCELOS N. Cascade R—CNN; delving into
high quality object detection| C ]//Proceedings of the IEEE
conference on computer vision and pattern recognition. Salt
Lake City :IEEE,2018.:6154-6162.

REDMON J, DIVVALA S, GIRSHICK R, et al. You only
look once ;unified , real-time object detection| C ]//Proceed-
ings of the IEEE conference on computer vision and pattern
recognition. Las Vegas:IEEE,2016.779-788.

TIAN Z,SHEN C,CHEN H, et al. Fcos: fully convolutional
one-stage object detection[ C]//Proceedings of the IEEE/
CVF international conference on computer vision. Kunming ;
IEEE, 2019 :9627-9636.

ZHAN W ,SUN C,WANG M, et al. An improved Yolov5 re-
al—time detection method for small objects captured by UAV
[J]. Soft Computing,2022,26(1) :361-373.

SONG Z,ZHANG Y,LIU Y,et al. MSFYOLO feature fu-
sion—based detection for small objects[ J]. IEEE Latin A-
merica Transactions,2022,20(5) :823-830.

ZHU X,LYU S, WANG X, et al. TPH-YOLOVS ; improved
YOLOVS5 based on transformer prediction head for object de-
tection on drone—captured scenarios| C |//Proceedings of the
IEEE/CVF international conference on computer vision.
Montreal ; IEEE ,2021 ;2778 -2788.

LIN T Y, GOYAL P, GIRSHICK R, et al. Focal loss for
dense object detection[ C]//Proceedings of the IEEE inter-
national conference on computer vision. Venice:IEEE 2017 .
2980-2988.

ZHANG S,CHI C,YAO Y,et al. Bridging the gap between
anchor-based and anchor—free detection via adaptive training
sample selection [ C |//Proceedings of the IEEE/CVF con-
ference on computer vision and pattern recognition. Seattle :
IEEE,2020:9759-9768.

KONG T,SUN F,LIU H,et al. Foveabox ; beyound anchor—

[14] FENG C,ZHONG Y,GAO Y et al. Tood ; task—aligned one-

[16]

[17]

[18]

[20]

[21]

[22]

[23]

[24]

stage object detection [ C ]//2021 TEEE/CVF international
conference on computer vision ( ICCV ). Montreal; IEEE,
2021 :3490-3499.

ZHU C,HE Y,SAVVIDES M. Feature selective anchor—free
module for single—shot object detection[ C]//Proceedings of
the IEEE/CVF conference on computer vision and pattern
recognition. Long Beach:IEEE,2019 ;840-849.

YU J,JIANG Y,WANG Z,et al. Unitbox ; an advanced ob-
ject detection network [ C ]//Proceedings of the 24th ACM
international conference on multimedia. Ottawa ; ACM,2016.
516-520.

ZHU X ,HU H,LIN S, et al. Deformable convnets v2: more
deformable, better results [ C |//Proceedings of the IEEE/
CVF conference on computer vision and pattern recognition.
Long Beach:IEEE,2019:9308-9316.

HE K,ZHANG X,REN S, et al. Deep residual learning for
image recognition[ C]//Proceedings of the IEEE conference
on computer vision and pattern recognition. Las Vegas:
IEEE,2016:770-778.

LIU S,QI L,QIN H,et al. Path aggregation network for in-
stance segmentation [ C ]//Proceedings of the IEEE confer-
ence on computer vision and pattern recognition. Salt Lake
City . IEEE,2018 :8759-8768.

REZATOFIGHI H, TSOI N,GWAK J Y,et al. Generalized
intersection over union: A metric and a loss for bounding
box regression| C |//Proceedings of the IEEE/CVF confer-
ence on computer vision and pattern recognition. Long
Beach:IEEE,2019 :658-666.

ZHENG Z ,WANG P,LIU W et al. Distance—IoU loss : faster
and better learning for bounding box regression [ C |//Pro-
ceedings of the AAAI conference on artificial intelligence.
New York:AAAI,2020:12993-13000.

LIU Z,HE Z,WANG L, et al. VisDrone—-CC2021 ; the vision
meets drone crowd counting challenge results[ C]//Proceed-
ings of the IEEE/CVF international conference on computer
vision. Montreal ; IEEE ,2021 ;2830-2838.

GE Z,LIU S, WANG F,et al. Yolox:exceeding yolo series
in 2021[J]. arXiv.:2107.08430,2021.

ZHOU X, WANG D, KRAHENBUHL P. Objects as points
[J]. arXiv:1904.07850,2019.



	
	页 1
	页 2

	
	页 1
	页 2


