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Abstract  The performance of object detection networks is often limited by the depth of the
feature extraction network. Increasing network parameters may yield limited improvements in the
detection system’s performance. Additional careful designs of network details are necessary, but
they can significantly increase training difficulty. In this paper, generative adversarial networks
are used as a method to further enhance the feature extraction capability of the network. In the
normal architecture, by leveraging generative adversarial networks (GANs), it becomes possible
to approximate the target distribution of a given task. This approach seeks a “near correct answer”
by iteratively optimizing a non-convex game with continuous high-dimensional parameters. The
generator and discriminator within the GAN framework strive to achieve a Nash equilibrium,
resulting in an effective solution for the task at hand. In GANs, gradient descent is commonly
employed to handle losses on both the generator and discriminator sides. In this paper, it is
experimentally demonstrated that feature-highlighted images have similar feature distributions as
unprocessed images, while the evolution of such feature distributions exhibits a continuous and
learnable change as the degree of feature highlighting changes. Therefore, this paper introduces a
new object detection method using generative adversarial training, which utilizes the ability of

generative adversarial networks to fit feature distributions to enhance our object detection network.
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Our approach focuses on minimizing the EM distance (Wasserstein distance) of the feature distri-
bution, using features acquired with technically processed images as a benchmark to create a
target distribution for the generative adversarial network. The features obtained from the original
images will be considered as false information in generative adversarial, and the process of adver-
sarial training will continuously improve the feature extraction capability of the network to obtain
more realistic features, thus improving the target detection capability. Simultaneously, due to
enhanced image features, the training of GAN (Generative Adversarial Network) yields a feature
distribution that exceeds that of the original dataset, which allows additional gains to be obtained
more easily than the usual training methods. A new loss function is also added during adversarial
training to ensure steady improvement of the detector by constantly checking the object detection
performance of the network. A comparative experiment conducted with the original CenterNet
network on MS COCO (Microsoft Common Objects in COntext) 2017 reveals that the generative
adversarial training method significantly improves the average precision for most of the examined
backbone networks, while ensuring that there is no increase in the inference complexity of the
network. Among the four backbone networks employed in the experiments, the mean improvement
in network AP (Average Precision) values ranged from 0. 3 to 0.9, demonstrating their success
with minimal training efforts. Moreover, none of the four backbone networks experienced an
increase in network parameters during inference. Experimental results indicate that the proposed

architecture effectively enhances the network’s feature extraction capability without compromising
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speed during inference.

Keywords

classification prediction

1 3

[

H R A 0 2 T AL B 1 S AR ) —
(AT A2 AT 55 L B AT ARG T T 08 1L 3] A0 A s G
R 52 B ATT B AR 3T AE K BE 5 WL AS TR RE Y
S, I SRR B 3G s AT IR Tz R
SRR AR B2 L LB 5 22 ) 4% X 1R % 4
B ICRE J) . AR X R ARCEE A Ok T E TR
B T RE 1) R, I AR I 2 R B v e LA A T
FRAE B2 00 45 . X X s ) B, A4 T — R 5
B VAT AE B2 = 2% 1 BB 1 [ B o G I 2% 2 5
(10 5 5 T« e B T A R I A AR
B T 0 X H AR d IR #E AT 22 RUEE A I R
B[] 5 5 A A AR R (B 30 3 AN AT 2 2 i R AR
(ELA A0 FE A8 D I 2 45 #1155 0 R R T H AR
R () 43 [0 556 5 % 25 7 B W 4517 R AE 42 7 35 4R
B T AN A2 G 2 1) R 2 il 2 T RRAE AE A s 2ot
R rp A5 L ok B T I 28 S 0 JO ARG . A SR BT
I 2 CGAND 3 3 27 2] AW 78 255 8] 21 352 43 A 1

computer vision; object detection; generate adversarial training; feature extraction;

55y HARK AT 55 3245 1 —Fh 480 19 Oy vk X MR
Jifi1% GAN 8 DLk ¢ 09 75 X b 21 H Fs A I 7]
R, 0 LRI AR A Ay SR R A
e

X T A XL N 2% ( Generative Adversarial Net-
works, GAN) , — BB 15— E 5510 H bR 204 il
AT REE ) BN H R IE A A R L e O X — A
SR B R G i T B — i B 3% 2 4E S A AR
IR B AN AT A PR A TR S B AR A A
oV H A vh 2 2 U5 O S 2R 05 v . GAN 12 B Ax
Ao e AT DA T A CRRAE | R A R A Y TR
R HEAT R E bR A SR AR R M. H T GAN @
o JHA T I 12 Ak T A 0 R O3] 8 Y 02K L X 2
FECE SR N BT 05 2% oK B R AR AR A
A2 JE ™ TR 0 8 A1 . o T X — [B] R
Salimans 8 A" 56 F 3 Fp T 8K $2 8 T T 2R &
F s RGN AT - i 9 4 AE VT BC 7 35 R T B A A
A BN GR07 6. BAE R A HAR R 1 —
AR R R 1 2 TSR B AR A 2% kDU 2%
W IORS BLSEAEAS HEAT 4326, ) IN) 5 AR s 10647 X .



33 ik

W86 . — i 3 T A X HUSRAA Y B bR 00 38 3 5 0 649

B2 — 7 T S 50 4% I L 1/2 9 M 23 R 5 A R A K
TR A - 73— THT » A 0 45 RO B R A )
Yoo BN E LAY b v, Az X T R 2% BT 552 R G IR
] (B A A0 T A 25 AT 55 19 - 487 3 LA D8 X 45
YNGR B A0 . PRI A0 R A S0 A A 55 AR A AE
—ANHEZE N B Xk [l £ Li AN
FEH L MBATR T — Bl 4 0 Triple- GAN” i = J5 1if
FEHESL P AT — DRI SRS =052 58
s R ) i =2 T ) 1 B RV I T 1k x k E U1T
R REIEAT 1A AR B I 25 42 500 A IR 28 0 2 A
A gV Sy [l — T3 YN 2 A= Rt RS 0 28 15 331 51
W o A ) (ELR 568 ) 2 0 T A 00 Xk 052 e e
73 AR T - L L% 7 15 R 1 S B A e
RIS 0 4 ) 500 2 7 — 7 e BE b LA A 00 i 1) 41
AE. D R P 7 TR I B =T A E— A M T
R e N GRI 7 3% FRATTIA N » A8 R A B3 LS4 114
59 R A B RE T 4 5 R AL L 5 AR I AR 2 5 R
IR BE AR I e » AN G0 5 FC 30 2 A 4 5 TR 2 40 BB
P J7 2R — A K

TERX A BT AT — LR 58 5 19 H AR
000 0 2% v i B R A i TR 2 R A 0 R 2% 2 5 M
9 e VR 2 R 265 08 A 5645 DI 2 o A KD BB A A 119
st JOL o DG AR IR 2 B0 2% 19 M BE. 7 58 I 45 s L
AT EE 1] A2 D AR 1 AR AG 0 8 5 O X A 00 A5 e £
T

ME M ERF A BB R S & 7 2 [ A A
AR BRI T A 2o A ] 22 ) i B s oK 41
RIS A ORTEFE R T L SR s i A T —
ol R 12 30 1K 21 94 A 35 4 1 9 N T TR A R A R
A g S il o AT — 20 AR RIS phy R Al il H
P 45 £ 18 9 22 501 T 3 0 ) R AL 4 HOE R A — 2L
LR A RH ALY 23 A 45 SR CIE 20 19 52 56 30E 98 2 B 26
3o 1) AR X A I L AT A B KR A AR A Al
PR 4% [ A J5 1) 1] 50 5 R A — L 1 405 A Fi2 B 0
AR T3 BA F W RIS BB A 3T
B T — A SRS " o A AR  BATT L AR 4 ke
Z A WA 1R B Y RS TR A A A ik 4 I ) 265 AR
 JE T 55— WA AR S AT SRS T AT A T
AE L —Fhn] 42 1 77 A5 2 5 4 B9 R0 23 AL R R
12 FHE AR JOuH T R 45 2k

T B AT A AR FRATT I TG B R T
CenterNet W28 Bt 17— 42 s Y H A s 0
Tk B AL B [ 7 2 R A O i A 2B AT
GAN il %.

XF G A SC AR B 2 ZE STk s T

(D YIZRIE & A A 0 19 26 1776 X DL 4k 25 4
THA TR] A T BB ATT 3 T — b 5 2R B ST 24
9 F RSN J5 3%+ 1% 7 35 R A 18kt B 2R A 1 1 =5
(1] $U0 1 BE 3 34 58 1 I J5 S o 7 45 4 AE 12 BB IR 4% L A
/NEIUITZRA A AR A AT ) 42 T

(2) TATE A R R BT Y B 7 Ak BR324
JICA RS B HCRE 0 b R A 32 0 T RO AR
VR Jo it ATl ak AN W7 45 3 A6 00 g B 1) ) B 2
F T FCAG I 1 fiE

(3) FATT A A A W A8 A H b A 00 R0 4
PASCAL VOC 2007 il MS COCO 2017 #4777
Z RS Y. SERAE R W] L 22 MR i 6 AR S Y I 1)
PARTT TR AR T TE/ N B AR LA S B0 A T
2 BRI O M. 55 A FRATT R 7 3k JLAF < B A B
7 R0 4 53 B 2 B S 2 .

2 MHxXIE

2.1 BifHeNES

HARK AT 55 B A SCTAEM F 2 B bR, BERF
fAEXE T RS8N B3 3 A T A 9 23 RS B2 e JH B 0 114
TR BTIR G 2 O T 3271 H bk I o At o o 3
0 PR S AR o s A ATTREAT T — R B 14 2.

Ui 2 b — SRR P A R R E S RO
PRI BB/  RERE S % AR B 15 L B oA
- R AR SR T 9 2% 11 R S A A R Y A AR I 2 B
HOR BB 24 ) il SO B R PR AL F
T HAR ST S X AR AN T 455 %
JZ AR AR JZ AL ) R AL Bl 5 B R AR A R 5
I FRY I P » — b 24 g Y Rl 8 B A 22 TR R 2% G
IE T o T B W I B S R i
A TTI AHXE B B R B K AN [7) J2 B A 2 531 0
I 255 22 AR 295 2R LS B v T SCAE B A R A
fi B e

FE—TUBE 5 F 58 8 D0 AR 45 7 35 S5 M 1Y
RHEAE T 22 RO R AR fh 45 A0 23 6 AR TR e BT 5
T BB 119 SiSo g 5 4% 10 8F FPN ) MiMo,
PR K 2 ) 4 il 22 RO TR BT L A ARAIE T A JEE
A B R T R

5 X S8 T7 IR AR L BATT Y 7 A S D R E M
2% A SR T A8 TS o TR S 8 1] — ol 2 AL Ak B ) 4
ARBEEAL— AU 2R 58 & 19 R o H AR X {45 & al
DA H s B R AL o B 1 PR A



650 i =

Bl

Eihd 2024 4F

Es

2.2 TSR

JC R ARG T g A A i S AE B A e X i
B4 IR AE &1 rh A T H E B 09 7 B SIS . AR AR S
(9 AR Hb Joak sk I 25l T 4 A ARG B Y R
JUBB RS A S AR 3 N A IO T 2R A AN
BEAT R W IR 00R R 2 B B DR O A SR T A
FRG I8 rh ) CenterNet 04 £ Sy 3 22 A48 75 2.

CenterNet ji b 4 Ji 0 B £ #4¢[&HR IH b o &
AN 2 S 38 2o X A — 5K [ R Al B = A
FEAEHE 4 < 2000 R H FR A7 B R B R IE A He
R H AR 0 FIAE R ST, CenterNet 76X Ir 4§
TEZAS 4 1 L A b S B H AR R X A R B Ik T
BTl B AN Y B 51 & By AT fg ast U I 0. I Ak
CenterNet Jf A 52 ) JE B AR 30 (NMS) 1 52 1,
Ji R TE T L7 AR W R R IR 2N T 2R R
—P X IR AT 4R T B R SRR X R
A o5t i 40 ) 25N BT PL S, CenterNet ASAR 1 E A
FAB A ] 25 R 22 00 Mo 38 300, 30 1T 2 f 1 I H ORI
I3 AT SR, FATTHEAT T 4T CenterNet [
IR FE BT IR R B Y TG i 45 1 R i T A AR ) 2%
73 e A AE H dE A AT HEZE.

2.3 AR XTHTM %

A SC ) B Oy s T AR O BT AR (Gen-
erative Adversarial Networks, GAN) , & 4& —F
RPN R o = e e D N T B = T
155 2Z 18] 9 B K dse /M TR 25 19 B A o 04N R
IR

Loan=V(D.G)=E,_, ,[log(D(x)]+

E._, [log1—D(G()N] (1)
A1) LB, A loxk o 20 W28 P A 2% ek 8L
log(D () Fillog(1—D(G(2))) J& % 51 &% 19 16 £k o5
B log(1—D(G(2))) 2 A B (19 116 Ak bR 8. HAT
—J5 IR BF s o — J7 19 M 2% 2 B0 23 4 1 o AT
GAN 1IN AR E AR TR 22 0] L 9 A1 A
i) AR S RO B R I AN R
T TR N TG 2 ST WOk N I (VAN = R T Rl LR DN
R AT 55 B #0A TR Y & R AR Ay T, —
ZHETF GAN 192245, U0 InterFaceGAN, Image-
2StyleGAN+ + . PGGAN. StyleGAN3 #5857
37 R C0390

FE H AR I 45035 GAN-DO 3 1 F KAk 9 Fl 4
fIE 2Z [ (A FH AP R S B H AR GAN A i 7=
FR VR S5 5t P15 A I AR B 2 A Y 7 L ) D e sy JoT [
PGARFAEH S | 35 TR 5T 2 (R 1 I R AR X i e A

HE LR A5 R N e T BB D5 A AR A SR R
AR AL it J5T PTG AT AR Sy A6 I 45 1) ke s 38 - 185 1
— D TCEETF RS B P 2 2 X R A A B 5] A
RPN G AT B R 40T A3k iE T R AR T
A s B PR RE. AR I AT AR R AEME B
B 1 G AR I B A 1 5 O i BB 5%, 38 i —
BIG AL FREE A AT DL A= ol I 28 A B 3R 45 5T 47 1Y)
Y2k B Ax. Posilovie 258 AW FE b A} i i 46 0 4 A o
LT T A O BE ) 2. R A i s 4 I G A AR LA
P LB 1 7 Bk . J&“ Object Detection+GAN”
X — 2 A A SUTE H bR R I 85 3 ) B AR L T R AT
HURE T LAl B i 4 e AT 0 i i N BT AE 3
Yo I BT F5 22 R AE B EUR 2% i I R AR A A iR
[ . Sultana 58 AW B8 2 XF 2 ) #) Sk A A T
AR BT 2 AT RS B T = A s A e A
i FVRRAE B2 IO 28 . X T 88 2l Xf U1 HIME 55 A e
5T R FSAZR i B A H s o A5 ER 2 i B A i
s A UL/ N B FEAS R R o s ) Y 22 . B OAR AR
RUA — EAREH R T L 113 OB B A5 L AR T X A A
ity 3R IUAK R 52 2 I 46 181 Fr R A0E 43 A1 0 BR A i
TRy J7 P N AR M EE 4R A Bl 1 B AR
75 B BB T L 2B A BE 5 15 S 4R 15 IR A 19 ) H A,

3 ETERMmRARNENTTE

WA 1A ATk, SRy T A B B 2k B AR A
P 45, AN ;P40 P O TR e Sy =y 1 gE. aX AT
A 2 3 SO o AT Al 19 0 X LA S 0 4 35 i Ok
I 245 PN 350 DI 72 5 7 R i) A A X R 2 R .
I, FATTHF 458 2R 11 CenterNet #¢ JURFAE $2
TP 45 1 432 I 45 R 7 2 D L QB NS B it
RVE BGRB8 g — 28 40 3 5 4
IE $52 B[R 4% A6y B 0T BT 465 4. A B A B B 5 4 0 I 2k
SE UG s FATTH CenterNet B4~ &R0 528 41 4 [E]
SE A A I 8 IR 2455 5 o A 00 oA 8% a0 A 5 AR

N 1T s FRATTAE T A5 Ak B 5 AR 6 DB 4
B X U AR S AT R IE R 58 2 = f(2), 2 € X.
FLURT S« = A0 Bl S0 B 50 i . g Ak Ak 1
FHLLZS H 40715 R AE. a0 &) 2 s . B8 0 = i 1
1828 b v TR Ak BN B Ak b B L DA SR A R R
By, T =R RGO R R R B R
ZABAr, BATH: 24 H ARG MR R, 2384 N m
e, FUG H AR Z A 0 DX S A7 AR e A, AT T
— YR BB B il B S 1 B A T 3 R P R O R



34 K OHEE . — Bl T AR O AR B B AR A I iR B 7 651

FAEHR I
WG

............................................................................................

B2 ARTEE SRR R X He Chy T 38 58 2 B3 o 1 1] 1 oD e TR0 2 42 8 6 pixcel s BLARSEB op A 2 fil

X ARMZED

P2 AR Ab B P LA FATT R T P AL —
R ZAEBH Y BB X Bl o e B A B i
Rtk X o AR IR FR R AE R < BL SRR, JRATIA
s MUECT R AR P P15 22 A0 BRAY [T 15 BE A5 42
WH B 22 S AR AR AR R, KRR AL £ S A 22
LA 53] o P ARG ) ).

T3 81 R A O BTN 2RSS S AN R AE
I 245 (9 A ER A R AT L L BRI LSO A Y A
UE 45 35 000 245 A T AS 2 8t S AR B AR 20 A . A 2 5

B | s

..................................................................................

#500,1]

L EEARK

=3 S

. PR T AR O ST IR BE . B RS 3 A 1 D 52
SAUHE o3 A1 T4 2 1 E Y.

HEAS HARG IS4Gy =Rk A T H
PG 0 A F ARG 1 45 C VR AR 42 B 45 G R 3
e 0 M5 A D FEINZRid R v o 8 2 8000 FRAE 32
WL 2% G b BHLORS: I 94 98 1 K500 v X 2 B 5
RCRRAE Y 1R B ARSM A 1 E G R X Sl st 2 5
ZR RS IE AR UM 45 G 7 AR Sl R AR Y. 254 D 1Y
FI B A2 5 8 1 b R I 189 SR T, DA TG S AR5 A B B 1) 45



652 i =

Bl

Eihd 2024 4F

Es

TR fIEAs .

B FRATT A T X BE U1 5 9 o 1 B Mk L AR A R
TG E RS D00 0 25 B o J5 A5 e T A0 A il BB
75 B9 H AR A IR 55 00 265 19 FRAE 42 U8R, 5 —
e B Y S B R E 0 5K R R I 2% A I 2R A
TR T AN AR
3.1 RIRHISELIEIE

FEANT L FATBE T — AR 4 « = PRk A7 A
LI o0 A3 T8 30 5 ELJS 3 AR ] 199 77 1)z 2 i 4
BN (D IEFH ML (R TR REZ 15
K05 (2) PERERE 55 1Y R AL 42 B 2% MIE 7 18] 7 4145
FHFAE 5 (3) 14 AE 1E # A9 4 Ak 4 UM 45 ISR AL 5 2
B & R 3RO R AL

s BAT R B AL AN Rk RE T R AR 4 IR
25 BRI 3 A D TS T R I A 3 A 2 TR Y
B FATTRE B R AR 9 B — 1R R w N @ LAARAIE
RS B R AR w Sy IEAH -

u<u-+ta (2)

$:45  FAT1°R A box-cox A8 4b BLRRAE 43 i -
w1 a0

u® =< A 3
log(uw), X=0

T H R UL X TR AL box-cox B 5 B u
ST SR AR R w TE SLVR IS A Y S B AR X — R R
w=>0 I} RS 5 AR A5 B 40 (DAY O BE AR T OR BBURE w0 31
u Y AR IR ST ) A SR

FAVEH «¥ =Va+e iR KT HE P 5
mUH ARV ZREE R EX DR, o
TN O RNER I B el A PR AR L Bt 5 R 4 R ) U
KRR S 1 A 0 2 0] = e AR R 22 I AR UE IE
AT R 18 AR 1 A0 AR B AT [ A G AR R SR
HURB A% (3% — 2 M OC R LS 19 (B, 6”) T X B AL fif.
PRSI o FRFFIEE R R RE .V N
Xif R 43 A AR R BE . B =2 G e 0 A 0
AR TR ESHIB MR W« ~NWVR,o'D. HT
A AR T (Bo0” ) o DR TR AT 38 2o 798 A R AL AR Ak
TEI7E 53 SRR 6™ ) FlT A

1
L) =——
B = oy
W Lo (A
oxp{—(” VB; (u V‘B)}J(/\;u) )
o
| du® o
](/\;u):illl Q. :Euﬁl (5)

Hrip JAw 288y Jacobi 1751 2.

A A B EAUES e 45A5 B A RRAE 70 A0 75 5
564 1E A 3IE 1Y .

Wasserstein i 25 [a] B 3 2 5 i B 29 1) = & 4%
PE IR PE R R = AR AR O BT DU AT
P A i BBy (2, 2 IR T3 07 =, FRAT i
HRB TR — B 1 43 A7 B 8 A v 0 o0 A 1Y
Wasserstein #5853 1 & F A% £ 5 box-cox
AR B SRR A R 0T O A Y Wasserstein B B3t

/AW
WiX,Y)=
1/2 1/2 ‘
| m, —m, HZ‘Ftr[E—Q—E*Z(E 2)1/2} (6)
1 2 1 2 1
—1/2 1/2 1/2 . —1/2
B =m A+ [ ISV S =) (D
1 1 2 1 1

Horp oy (O Fm WA X B0 A0 Y 1Y S fl e o3

AT FH N G5 6 301 2 30,6090, 120 I B ¢ ik
BRI 28 il UK AE » {# ] Wasserstein Jf B 7 & 4
1t box-cox 7% 4 5 B FFAE 43 A 18] (Y BB S 40 o) 7R
oL IR AT IR I R 150 B TR 4% 3R 45 1 43 A5 1
HEAL R I LA 2R 1 s T BEE IR EAT R
E 53 A 5 de L 73 A 22 6] 0 22 S T 1A 3 U 2 B 1 A
A T I 5 Jo] 390 v RS A 2 A1 B 15 O

x1 AENGEAPTHESHERRSTANESR
HENGE:] A lpi—piso | 62/1072 WEREB R4 i) /102
30 0. 267 0. 061 3.063 21.017
60 0.253 0.008 1. 638 9.432
90 0.193 0. 007 1. 742 9.316
120 0.185 0. 000 2.161 0. 480
150 0.182 — 2.190 —
A
3'51- — epoch=30
epoch=60
3.0F — epoch=90
— epoch=120
25l — epoch=150
~2.0
il.S
1.0
0.5
% 0z 04 , 06 08  Lo>
B3 RN 2R 01T A R AE 43 A1 [
WG 1 RS P BRES 30 AV 5 JA 0 1) AR Ak

PRI BUAH X SAESD L A R HE 23 I R Be R AR
IIATRITT 25 o MR AR A B Y L IR R T
BRI AR g FbR A1 (4 0T A7 1. B A DI 250 R A
Bt B FEA R B S e 5 BAR 0 A 18] 19 22 52 18



33 ik

W86 . — i 3 T A X HUSRAA Y B bR 00 38 3 5 0 653

g/ 1M I Wasserstein BB I9EAL5 | —pso | 1
Fr—30 RIREGE R R BEE M 2% AL 42 BUGE 7 (1
SR R AIE S0 A 23 1) I 4250 P IR S T 1 — R IR A
sy A

FRATAE 3 UE B8 2o T 2 2 5 An o] 52 me R AE ik
B o 36 T U509 R 30 (1 5 AIF 312 US4, 4 Xt
25 AN TR) 0 R B 1) R AE 28 o TE AT 0. 6 T Be
Gy ATV T R, R R E O 1.0, 1.5,
2.0 F 2.5 18 F. X TR 405, Fo AT A B8 hir i
AP ARG RCR R P A T A E S o H
F B [ R FE M 84k, o« BUME A 0.2.0.4.0.6,
0. 8. SEH 45 RANEK 2 Fios.

R2 TRGEERENBRBHESHSRAIGHES

i 39T IR - N | so— s | W CHE 9 e
Bk b

62 /1072

) /1072
1. 0 pixel + 0. 2 0. 216 0.018 2. 346 3.263
1. 5 pixel + 0. 4 0. 204 0.010 2.514 1.552
2. 0 pixel + 0. 6 0.195 0. 008 2.231 0. 990
2. 5 pixel +- 0. 8 0.199 0. 007 2.061 0. 943

WMELR 2 AL, B G B R IBRENE
AT B o AR 43 A R e A 0 A 1Y) 22 S R B SRR AR
BB A AR T B S B A B p B T LR A A
%75 <8 i a= RO W TR NS B W I B R SO E S
TIE 4 B 24 >f b 3R 26 15 2, A 1) DR I AR IBURR
Ik B2 EATT AR P 4 A D) T AT R e B AR Y 43 A
[

W T A S5 0 A7 6 BECRT DL R B B RRAE
P I 265 11 AN T A AL & 190 445 AR E 41 B RE 7 Bk ki
FEAE 53 A 5 B A 43 A5 1) Wasserstein FH B AS W7 45
AN CERTFEE R 15 B R AE BE J7 T AN X R AE 42 B 4%
HEATFORAR AT A= 2R TR R I RO B 22 an SR T A A
X T I 48 4065 B A R A 20 A 9 U1 25 H AR I8 4 R AE
PRI 25 AR A5 55 A 75 1 I GRp B L A EL A B
IR AR 1 0 T R R R AE o A A RN 2k B A
JERTATIY.
3.2 MEKREH

Do 2 1) 458 K A 455 9 350 4 A BRT B 4R A 4 2k A
ARG T A5 L 45 2

(D) A BT HLINZRA R Loas o A2 BN T4 2R
FEk B R AR B I 45 R 5 S g 1 X B I . O gk
B GAN B I 850K I S A 1 1685 o A6 ) 1) 6% 7= A= 7
TET 5 1) o [1) PR SF A A1 442 B9 286 1 A 1k L FRATTHE
FIRPIMAT AW Leaene s T B 11 B 4540 45
R AL -

Lanton = Loan T alcenternet (8)

Forp Loan B HUI K + Leamerne 278 H AR AR I 4521 119
FR A o & CenterNet W 25451 2% B INAL R XL,

225 K 2. U2 AR T LI SR RE A SR AL A
BLRE T AR ALK X IR B SR A X AR B A
IE 5 2 AN 2 55 U R A AL £ B 265 o ) I LA
3 My BB G I ENTS 2 Mo Z E] A G AR -

5=G* (). P(angzn:J_f;(y)dy

y=G(x), Pa<Y<b) :J fy(ydy

Hrb yela.b], yela.b] €
Horp G COFIOR AR P T I e i 52 JU 2% 1% ) 4%
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O S D A T R
Le=L; 4+ AueLawe T Aot Lo (1)
Horp Ly Lo s Log 73 0] J2 50 B 5319 32 %8 ] 453 2% 30
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CenterNet Ji 3 A (i F A 3 P S ACEE R 4 R 0. 1
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0. 8. PR Ry REAE B IR0 28 () ) 25065 B A% 35 b0 1) 4
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Con Co RN Coe Co) 73 1 F 75 A6 I W0 265 1) B4 7 T Ao
SR BB AR R ST L1 23R Y, R $A 7 B Aot
I AR BRI AR AEAEL - ¢ O FARZEA . R N 4T R K p 0
P 3 3 27 A TR IA B HR D AR AR s, O SRR RS
3.3 BT st py et

A R 1) 285 199 T A A 2 A I R ML S5 1Y
AR L HETRAT A W 2% oA T 5 A e 1 g

A

L= 2 | Cur (G o —
P

14

ZE S BRI S A RS S 4 S AR AR &2 T A2
fi ik ) 3[R Y0 25 (EL I 2% 19 52 2% B2 3G AT BE 2 51 A
WM AL IR A

Z 5 CBNetv2** iy i 2 AT 2B 1 s VI 25
B BErb i SR R AR SR UM 25 G XN 2R H br G
R AT B

WAL 4 Fr s s — A8 09 R 28 o SCRCHS a1 AR
JA BRI R . Sl T PR R T A R A i B 2% 11
M 1E R [ € 2 BN RRAE SR IO 2% G 14 i ol
R T ZMA BN R B AR G . BEAT U 2R 4
2% G PR AR B T B 4 R R A B2
W% G W2 9 2 S 1T T2 3 (AT 4 P 3RoR 2l )
ITE

I+n
o =F (224D ul(x)) (15)
i=1

Horp o AURFHIEIR I 2% G 25 0 RN . n R
B R SRR CO 5 1 R BVER L RS
ERAELFCO B BUE S A R E SR R LR
B E A 0. 05.

B4 St JE i A e I 2R

X G AR T 7 A A R B A B R R A
AN IENIA. 55 8k 3X — M 48 5y SR 225 5 500 2%
a2 an my I Zhoat 72
3.4 BTMEZ

S UE AT 1 75 v R A Al 3 v B &l TR
SR B bR R I A Y A PEBE . FRATTRE R ] Resnet-18,
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GCO L B8 DCoO K38 CCod A B T A
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1. FOR i=1,2,+ 0410 DO
2 YA DCO Bl x

3. END FOR
4

BE

. FOR i=1,2,-+.n DO
5 FOR j=1,2,* s Niaining can DO
6. FOR £=1,2,* s 2ininen DO
Lo o L
7. Dy~ Y, [;Z;DU(Gu))—;;Dg(c,ju))}
8. Os<—04+ Lrgn * Adam(0, D,).
9. END FOR
10.

. 1 ) ,
(117(_ —Vy [;/Z]Da (G()(l)) -
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m
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14. cg«m;;(/gmg(f)).
15. 0.<=0.—lr.» Adam(0,Cy).
16. END FOR

i ARAEAR IR 2% GCo)
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4 £ I

FATFE A T M4 L XF CenterNet 25 317 1
Xf PRS2 56 . ResNet-18, ResNet-101, DLA-34, Hour-
glass-104. X BSCEG S 7E 58 B U 25 17 150 A S 1 Y
Ji 4 CenterNet #2558 5 2647 1 %5 Bt Il 25k 1Y
CenterNet Z [8] #F47 B, 5256 F 2 3 T MS COCO
K SE 9817, 5 CenterNet M F " A F, T 11K
FHBE AL ER % BEPLAE 5 (FE 0. 6 2] 1.3 Z [ (F& 59
P ) B R AT BN 1 5 i Adam™ ffk ik H
bW 2 2 S 4 X107 AR TE] TOU {6 R 1Y
S UHER BE . AP AP, F1 AP /E o 32 509 o BE 35
b o RIS AP AP FT APy R K B i A il 1)
AR RAT i HAR MR DI RE ). 3% 3.6 4 S8
GEARVIE A 4 WHE S 45 8 LUORIE B (1 AT

LT e EHERIEB . PASCAL VOC 2007 Ko 4 Fi1F: It
. 7y <
13 END FOR IS L A T ] B 1 50 A % B
F3I ANREHWEEAETARRS T WKWK NS E 0 E
AP APs, AP35 AP ok APisstdey FPS
BT W 4% epoch
N.A. F MS N.A. F MS N.A. F MS N.A. F MS N.A. N.A. F MS

ResNet-18 29.6 31.8 34.1 45.6 47.9 52.9 30.6 33.1 36.6 26.1 26.9 28.5 30.0 144 72.0 12.0 13
ResNet-101 35.6 36.9 40.0 53.5 55.2 58.4 37.6 39.4 42.6 31.7 33.2 35.9 36. 4 46 27.0 4.0 23
Hourglass-104 41.1 43.2 45.7 59.8 60.9 63.8 43.9 45.4 49.8 35.8 37.7 40.1 41.6 14 7.7 1.6 30

DLA-34 37.9 40.1 42.8 55.3 57.2 59.8 41.6 43.3 45.9 33.2 36.6 37.8 38.5 52 27.0 4.0 26

R4 AXEHMEFERBMEHKNFEEXT L
FHT M4 FPS AP APs, APz; APs APy AP, APEHY B
CenterNet Res-18 144  28.0/30.2/33.5 47.2/51.3 31.0/35. 4 10.1/14.5 30.2/31.6 47.5/48. 1 28.2 13.2M
C-Net+GAN Res-18 144  29.6/31.8/34.1 47.9/52.9 33.1/36.6 12.7/15.9 31.1/33.6 48.5/49.5 30.1 34.2M
CenterNet Res-101 46 34.2/36.1/39.3 54.6/58.5 38.7/42.1 17.7/20.1 41.5/43.2 50.2/52.9 35.0 49.2M
C-Net+GAN  Res-101 46 35.6/37.2/40.5 55.6/58.5 39.7/42.4 19.5/22.6 42.6/44.6 50.3/53.8 36.4 121.8M
CenterNet H-104 14 40.3/42.2/44.5 61.3/63.2 46.0/49. 1 24.0/26. 2 45.1/47.0 52.3/56.8 40. 8 109. 2M
C-Net+GAN H-104 14  41.1/43.0/46.2 61.2/63.6 45.9/49.5 24.9/27.0 46.3/47.6 53.1/56.9 41.6 262. 1M
CenterNet DLA-34 52 37.2/39.0/41.6 56.5/59. 4 42.5/45.0 19.9/21.0 42.5/43.7 51.8/54.9 37.7 50.5M
C-Net+GAN DLA-34 52 37.9/40.3/42.5 57.4/59.8 43.6/45.9 21.6/22.8 43.4/44.3 52.8/55.3 38.5 126.3M
SEH (T 1 % 45 S AMD Ryzen 7 5800X. 145 4.1 RBHELL1E4E

{#i F 8 & GeForce RTX 3090, Mi®f#i 1 & GeForce
RTX 3080. #4335 3L F PyTorch 1. 10. 2. PyTorch-
Lightning 1. 5. 10 #1 CUDA 11. 3. {i f & J5 ¥ i)l| &
HLH.

3R T AL T5 A8 COCO Kt 4 1y
HOR. SR AR s AL R 48 7E AN F] TOU {5 19 F 2 3
B B2 S 249 4 BRI ] R A A BE A R R (FPS) LA
L3k B B P RE BT 5 19 3 AR B Cepoch) . FATE X
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5 AT T I I B 2 % 4 YR A S I U
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104 & T WA g Y CenterNet £ £ (1 P 68 &5 1L
5 JUHOEEMH T 2 REW SR (MS) 2 )5 . BT
PRI VR R (AP) 35 B 45. 7%, [A] e 9 HE B
JE AR, HA 1. 6 FPS, 1 # 1] ResNet-18 4 # (4 £
0 o 265 D) 5L 2% f e ) AR R0, 36 8] 12 FPS fH &,
B APMSHN 34.1%. 75 4h,ResNet-101 & DLA-
34 Jr ALY s A A I g A P 8 R A T o Al R b AR AL F
R P R DL 2 R AL T AE B 2 DLA-
34 WFEIME L ResNet-101 5 — . 140, M4
A T A9 5 R AR /N T8 L R ¢ 22 B4 I 4% B % T PR
Ik B A T BN 2 e L v RE . ik — R E O
ARG S 9 B B P i D B Ay TR M

4 RPN 2R IS B AR R T
AR T W% I0U 3545 F 0906 H 45 5. 3L
H1,Res, C-Net fil H 43 548 3 ResNet, CenterNet
Fl Hourglass 455 s FPS KR 76 & A 17 295 1
e S 4 R 0 SR A B B I 2 vk R Y 2
FTRWZ G R Z BN BUT 1T 208 B2 #6153
TR FEUGE. URA &P WS 81 ResNet-18 2
Bl B AP HRE T 1.9%. E THAEFELZSHM
ResNet-101, Hourglass-104 f1 DLA-34, {18 AP
fEr MR T 1.4%.,0. 8% A1 0. 8%. it a] WL, &f

6 Convergence on GAN

— Train
— Validate

. . a2
Wasserstein estimate/10
Do w = wl

—_

(=)

5 10 15 20 25 30

Generator epochs

=

Average precision

AR LA B /NS B £ T M 4%, &b 51 A A R
XTI 25 e A A5 b 1 9 L SE PR R B, B Ah L R
SHEBR, ASE TR E) AP SE#3E 258 0. 73%/
0. 7% (F/MS) K F/NR~F B 1. 75% /1. 63%.
AR FRATT A BT AR b /NS H B R0 /N P 24 B4
TR I R 58 AR XS T S50 2 1 3 2 45 Fl R
UL B AR A o B I k07 AR TH BB 98 77 A — 2 1
BT IR R AT 78 5 A1 B2 HC I 45 0 G I 3k 174) 3 fil
R HEINT S 0 2 R BB T 4% 2% 1 I R S 5k
SN AH AR R I B R R A G i E A A
&I ER NS SR, PR D 5% ) A8 kT A )
A T M E R, FPS 18 TG —BGEM T
B 5 IR T AR A ORI 2 B B AR i #5 U1 25
I TR] A 2 1 i ) DI 25 R 5 T M 4R S AR A 2
[a] ff] Wasserstein ff 2. Wasserstein 3+ 2 75
55 3.1 AR EL. FRATT HAE R I g 08 I 25 B B 5 5
UEES i 4 HEAT 38 UE B DA FRATTAS £ I 2R 4 % R
TR 2. A . MR 9 AH SE I 58 . Wasserstein i 2
0 AT RLIEAL A B 40 99 45 Al SSCIR A A2 2 49 < Bl
EXF A R AT AT AT S B o A Z T Y
Wasserstein BB Hrim/IN. 4721 F8 55 < 46 00 245 BE 6 P
B E A M ERE S GAN #2r. f de Sth £k mr
TEIMA T A O U A4 I o A 8 7T LAFE 15 43I 25
FEUR P PR G B S, X GE B T R AR 1 AT A .
box AP for Detector
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a
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w
a
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w
>
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34.6 |

34.24
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0 5 25

B 5 T YIZR B B A i s A G T 8 1 RE ith £&

4.2 ST TR B XTI RE AR AE

MR SR 3. 1 9 ) S 8 Rl FRATT AT LAGIESK < J
1o I A TR B 5 B A 1 KT AT LA A i B
R B IR 245 1 5 BBORR AL+ 2 T 92 22 A BOGH BE DI 2.
DR T S U 88K R 5 Ak BT 9 X R 4% SR RE 1Y
HARZ 0 FAI7EL L 3 VB A L 0.5 R NP Kk
BT A R AEL0. 2.1 O RERI NI 0. 2 2P
KB E BT AR L SR AR AR 5 FIEL 6

JIr 7R . X 4 52 #R T ResNet-101 94 5Tl 5 »
I HLBEA {03 ik H R

RS BHEMARZIE

T AP/ %
Lo +0.4
1.5 +1.1
2.0 +0.9
2.5 +0.2
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B F KL AP/ %
0.2 +0.5
0.4 +0.6
0.6 +0.6
0.8 +0.6
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FERS L AT E T AR E M & BB
2 4345 1.0.1.5.2. 0 Fl 2. 5. 45 5 B 7E Xk
grrh, Joie i AT Al AR AR RE S b B bR A D ) 2%
WIS MR8 N 15 MR E R R BIBUR
hy S AR TR SR v S R 10 17 100 R AR 1t R
PTTT 1100 LR 3.0 K5 .l FEsH
(BRI T SCAE R T 4G 7 AR TR L R TR
B AR R Y I ) VR B0 5 PR RE Y R B GE
PR 2 MO  BEOAR I R ST RO 1 2 A2 e 4 S5
B B4 3 e 0 731 AE IR AN BE Sy X e I R 1) s
e BE ST T 45 2 2] H bR IE BT .

6 SR TN IR 300 S A R Ah X I 4% 1 B 3
FE B AN K R EAE 0. 5% % 0. 6% 2 [a]. R 2 4
K 0. 2 BiAL R, hRe ™ E B AR kR MY
(UNEIRTR
4.3 MMIlGHRER

FATH X BTN G LA — & AR H
PRSI ) 2 Bl b 5 BRAZ e g DN 2505 125, — DIl 4k
50 1) IO 285 AR M AE & A1 19 1 25 4R A5 W] 00 A 2 £
g 7R FATR B By ISRy ik AT A RL SN A 2
FIRT XML P RE AT &0 150 I 2R
A CenterNet 2% 73 511 2R I FR E Ul 25 S A 42 3|
X PTG T X . 32 7 JBR T X9l 25 1 ik
EESLI T, RAIEH T —4 GeForce RTX 3080
FHLIEFT T ResNet-101 5 Hr Il 2k . 56 A A
IR Ty k.

R T CEAINGEF RS G SR A0 R LR H R E AL IR

iR S POE/N

i [A] / min AP/ % i [A] / min AP/ %
0 34.2 0 34.2

480 34.3 60 34. 8
960 34.0 120 35.3
1440 34.2 180 35.6
1920 34. 3 240 35.5
2400 34. 2 360 35.6
2880 34.3 420 35.6
480 35.6

FEZ T L AT 2ad 580 IR R 28 R 1 T
AR BN T5 s AT i — 2 2. AT i AL S

WIZRD5 0 76 48 /NN FE B T 12 IR IR, -3
RS REAE 34. 202 34. 3% 2 el P 8l . fe S G HEAR T T
0. 1%. FE4H F A LR Bt 19 1 25 07 Xt 6 A4 /NI (1
I G5k 8 75 190 245 1 1 Rk 31 T RS . SR E I L, TR AT
(14 424 BE 6 DL 1T A b 3 T — A 2t T I 4R
I A RS 0 3 2% 1) 1
4.4 Mn=xig

H T BAERAL ) PERE . AT T PASCAL VOC
2007 Fdm AT LT 2 AT B 4 FhB T R AE
N R A B 384 X384 FI 512 X 512 Wy
T f#iH IOU=50 % I 1 mAP AF Jg 3745 b5 . 525
ZERNFE 8 PR, B 5 41 TR AR —
.

% 8 ETF PASCAL VOC 2007 ##E &£ 1)l 4R

Backbone Resolution APsq

CenterNet ResNet-18 384 X384 72.4
Our method ResNet-18 384 X384 74. 1
CenterNet ResNet-18 512X512 75.8
Our method ResNet-18 512X512 77.2
CenterNet ResNet-101 384 X384 77.4
Our method ResNet-101 384 X384 78.5
CenterNet ResNet-101 512X512 78.6
Our method ResNet-101 512X512 79.7
CenterNet DLA-34 384 X384 79.7
Our method DLA-34 384 X384 80. 6
CenterNet DLA-34 512X512 80. 8
Our method DLA-34 512X512 81. 4

FEATIFAE A A LA 7 B AR I 2244 1
77525 4% YOLOvA™™ [ YOLOV7" L J fi
Swin Transformer " #4 & )] Cascade Mask R-CNNLU
IR EFER T B 1 58 0 i RATE KR T
AutoAugment 3K W% ) RetinaNet ¥ il #3499 A T X%}
5250, 52505 SN O~ 11 B

X YOLOv4 224, F T8 M 2% AN Neck ¥4y
ARSI Sk 358 20 St 1 % 53 o AV g R A i I 4 ARG
M #%. 55 CenterNet Ktk , YOLOvA By S EI 5 2
BOE Ry E L H AT T8 2 0 U5 XTI 2k
AR R i) Fe il 32 1, 9257 COCO %dfa 4 k-
AT AE R YOLOVT B3 v s FATT A R ik 44 5
FORNEH T mosaic {38 Z J5 » 75 W] mosaic 3 55 /)
B ML 2 i 0 BB P AR F AT A R i 1 2 S B
F AR R 2 £k

Xt T % H Swin Transformer #4 &t % Cascade Mask
R-CNN Z544, FATTHY M 2 St 2 RO I 25, OF H.
X UG A 58 R 04T T 2950, J 3 7E 480 %1 800 &
FZZ, KA 10004 %, BAHH AdamWH™
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* 9 ET YOLO RFIFLH COCO HBEM %4 KR
Resolution FPS AP APs AP7s APs APy APy
YOLOv4 320 X320 89 39.2 58.6 40.9 16.9 44. 1 59.2
YOLOv4+GAN 320 X320 89 40.6 58.5 41.3 19. 4 45. 6 58.8
YOLOv4 416 X416 84 41.7 61.4 42.1 22.0 46. 6 57.5
YOLOv4+GAN 416 X416 83 42. 4 61.5 42.7 24.9 48. 6 57.7
YOLOv7 640 X640 157 50. 8 69. 4 55.3 35.1 56.0 66. 7
YOLOv7 +GAN 640 X 640 157 51.1 69. 3 55.5 35.8 56.2 67.1
YOLOv7-X 640 X 640 112 52.8 71.0 57.2 36.5 57.6 68.7
YOLOv7-X+GAN 640 X640 112 53.0 70.9 57. 4 37.0 57.9 68.8
& 10 E F Swin Transformer fJ Cascade Mask R-CNN Z2#3F1 COCO #IEEM I &R
AP APs APss Apmask APt Apmsk BH
Cascade Mask R-CNN 47. 8 66. 2 52.5 41. 4 63.6 45.1 80M
Cascade Mask R-CNN-+GAN 48.3 66. 4 52.4 41.9 63.5 45.5 194 M
S-T+Cascade Mask R-CNN 50.5 69. 3 54. 6 43. 8 66.5 47.2 82M
S-T+ Cascade Mask R-CNN-+GAN 50. 8 69.5 54.7 44.1 66.9 47. 8 201 M

¥ :S-T & Swin Transformer 455 .

& 11  E TF ResNetl01 & F M 48 F0 RetinaNet # il 28 Y
HIEEE A AR
Backbone AP AP;, APi;

RetinaNet 39.2 57.0 42.7
RetinaNet+ AutoAugment 40.6 58.9 43.4

i ResNet101 _
RetinaNet+GAN 40.8 58.6 43.9
RetinaNet+ AutoAugment+GAN 41.4 59.6 44.3

YER AL TR A i 5 ResNet101 BRI JEAT T L 42
S X HUINGR S oy RN R i 3 PRAT Ry 42 1.
T AE COCO Hidla 4k E#E1T. £ AutoAugment J5
L JATER A RN Sk COCO Y ZRAEH#E IR
AR TSRS . B A W 455 R Yl B
AL &Y il B0

MR 9 B T LU M (8 A 00 1 2k
TR B YOLOv4, HR 5l 68 ) A B B 3 5. 51 %)
320 X320 B 416 X416 WP S HE 19 B R AR 51K
JE R IMEER T B 1.4% 5 0. 7%. & 10 TR0
R T Cascade Mask R-CNN M %% 7E ResNet-101 #lI
Swin Transformer H [ 34 v Bl 28 0 3 IS 25 Vi Aff
F(mask AP). BAREEHN G INATFECT W24 250
YIZHR R[] (8 3G 0 {FL 33 I AN 253 M Az 00 D 286 17 4 24
). ARG 3R 11 A8 FoATTHY J7 176 RetinaNet 461
#r L3RR T 5 AutoAugment ALY 45 . H il T
FATH 7 2 n] LU T B #2205 A
ol J vk 45 G R AT LA E— BB THRCR.

5 & ®

TEASCH  BoA Tl S e ] 7 BA LT 5 Bk
IE B PR i A 412 BB 285 v RE 6 3R A% B 47 A R AIE

i 50 TR T — 057 69 FL A K 0 AE 42
GAN 6 45 4 X115 B 01455 906 B
0 44— 4 12 5 I RE. 76 L2 RS B 45 7 o 3
L — 0 {0 TR AR 02 R 25 55 19 A 2
23 bR 81« 4 X BT 26 A A B
B T 9 SR RUE P SRS T = B 0 S
.

ST UE Y T A1 FF F 2 9 HE 08 T € 2252 AR )
40509 F 74 0 2 L TR 0 3 PR I 4506 7
ELIHEH) TS VR B LB 10 B IR T8 K
SN 3. R A B 88 0 o
S K1) 5 TR+ JLT T LA 5 — B 7
Yy . AT P 38 4 1 4 o 5
Ja U B AC R B o B K B 2 0 24 4
e/ A1« o TR AT 2 G ST 24 3
T U RS X T 9892 S PR O BCHRAE
FE RS 3 DI T S I . XE b3k R  F
SR T LA WA A Ty A T (1) 6 7 6 3
50 P D0 FE 64 PR S8 58 00 4
g Jr e 5 (2) BSB89 00 B 0 91 25
7 52 5 R 4 10
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Background

Object detection is one of the fundamental problems in
computer vision, but with the increasing application areas and
the improvement of computer performance, a large number of
deep and complex convolutional layers are used to enhance
the feature extraction capability of the network for dense
details of images. It directly leads to a dramatic increase in
computational resource consumption and difficulties in control-
ling the feature extraction network during training. The poor
detection ability of object detection may be caused by the
network’s insufficient ability to extract local details or global
features, or it may be due to unbalanced datasets and uneven
positive and negative samples, but ultimately it is the perform-
ance of the feature extraction network that is the problem.
How to improve the feature extraction ability of the network
effectively and without losing efficiency is the main concern
of the researchers.

For a well-trained object detection network, using con-
ventional training methods to further improve the network
capability is exponentially more expensive in terms of compu-
tational resources and time consumption. It is common to use
architectures with higher utilization of network layers, use
multi-scale features in classification, and avoid information
loss in gradient transfer during conventional training. These

approaches inevitably lead to more complex network structures

and difficult to control training processes. Due to the learning
ability of generative adversarial networks for potential spatial
distributions. researchers have thought of using generative
adversarial networks to enhance datasets or discriminators to
strengthen target detectors, both of which create new problems
of inefficient training and pattern collapse in object detection,
respectively.

In this paper. we use a generative adversarial architecture
to efficiently improve the feature extraction capability of the
object detector. using intensively characterized pictures to
consistently provide a better distribution for the generator.
This approach is similar to a plug-and-play network optimizer,
which effectively and efficiently improves network performance
without changing the network architecture, i. e., without
affecting the detection speed. Experiments on multiple target
detection datasets, backbone networks, and target detection
architectures show that our approach is outstanding for
detection optimization of small networks, small datasets, and
small targets. For other types of networks and detections.
our enhanced approach can also improve to the limits of the
network architecture with shorter training time compared to
normal training.
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