%51 5% 70 NGt TR 2022 % 7 A
Vol.51 No.7 Infrared and Laser Engineering Jul. 2022

S PR) T [) B AR A U B 903 B 1E R
A BT, E %

(. RERFE WA AFHNEEEIRSR, KiF 300072;
2. REZZMBAYMEA R, RiZ 300308)

1 E. EFRATRAFINAAEMNEREMNSEA A58 B FABA T 20K
Ao R, o TG Ao X ARG R £ 69 R B, B IL R 09 TR LA 25 5 A B 5 R TF 303 % B
BEABIY R TG, 4T Z P AR B T — AR N 09 AR B 1E 8 5 ok, AR B AR TR R a9
BAL TR PN, B ARBN Y HERIRF ZAREATAIE, RIT @& B AR 094K B E 8, B
18T 23 Btk Ao it AR O T KO Y T AR E ST, B kTS ABANER: F—Hh B A L L EA
Ytk oy X, BRI CATE D 4R 28 &) B AR BAF 453 5 — I BOR A AR T 2T 409 4R B & 5 77 )l
25 B AR M B A | 33 ARG ) RS B AR A RIBEER AR B, AT R R R A w49 B ARIR A
KB & R BT AR GG SRR N AR B 3 B 7 R 4 FPARIR B E AT IR Bk P HE S B —, BAUR R
ey A AR, mAP (AR A T 33.9%.
XKEAE: AR aEE; BAREN,; B,
FESHES: TP391 XEkFRERE: A DOI: 10.3788/IRLA20210638

Domain adaptation for object detection in the frequency domain
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Abstract: Deep learning-based object detection technology has recently made significant progress and has a
wide range of applications in robotics, autonomous driving, traffic surveillance, etc. However, due to the
distribution discrepancy between the training and testing datasets, the off-the-shelf detectors pre-trained using the
data in a specific domain often show apparent performance degradation when applied in wild scenarios. To
address this problem, a domain adaptation method for object detection in the frequency domain is proposed. In
light of the energy concentration property of the discrete cosine transform, the proposed algorithm conducts
domain adaptation for object detection by processing only a few of the most significant frequency coefficients,
which reduces memory and computing resource consumption and alleviates the domain shift problem. The
proposed method consists of two stages. In the first stage, it translates annotated training data from the source
domain to the target domain using unsupervised image-to-image translation. Adversarial domain adaptation is
then applied to the object detection model to align the features of the translated data and the real data in the target
domain. The experimental results of the object detection under different weather conditions show that the

proposed method ranks first among the four testing algorithms. Compared with the object detection model trained
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with only source domain data, it can increase the mAP value by 33.9%.

Key words: domain adaptation;  object detection;

0 35l

H st & AL th ) — A EAE S5, T
Aok, BT ERIMIZ N4 (Convolutional Neural Networks,
CNN) B TAE R W& = 7 B Akl ARG B . H T, 4
K228 B e 5332 DU W 00 Oy <R A 7 25, 558
PriE TAER EARET KA AT . Beah, YR A
e (] 119 22 S M 3 B0 H A R 0 B30 A i 1 3 h (92
FRRE AR o LI IR R AT AR IAT: 55 491, i B
KA RAE W BRI 2 i R A AU 7E 55 38 R <UT 1Y
o DA 3 AR . X ), B A A e i
B3 PR — 2l BRI B e ny 7 XL H 2
AP AR (R e 3 B AR, #4288 n 8o 4
HEAT YN 2R 403 A 35 1 A9 7 =X, R U 3 A E
ol P 500 e B 81 ] — AR 2 ], DAY/ NAS (] S ek 2
B 2200 . SR, X WA 5 2 S AR e — o 1 Jm PR
TR G AN A 23 TR A B T, 115 TG W B e 46
I REHEZ AR HERI A (1 CycleGANM AU4%3Z 256
256 I 512x512 B A KI5, X T 3 B3 04 i A T
18, 38 IR R IR MR R JE i A M 2%, 22
J& FETRRAE 0] J5 46 43 BE AR, X Fh 07 2 B 1 405 N4
A%, E AR e i AT 2 0 1 P ELS R 1 i
KA 55 o 53— 5 T, SR A 365 A PRI AR [ A 37 31
CTUNGIE YNNI A

R T D BER AR R F B R R TR A
SRR, 32 B R B A R R R A, SO S AT
WS PRGNS T X0 g S, 1 3 g A 7 X,
BT — I [ A S 0 A R PN ) S 3
Beo I RWIA-BY B, 55— B i T R S
B4 0 07 2O A bR T R TR RS (i R R ) AR
o2 5 AR (55 K IEMR) A i &, IR 22 5
1 G T e i e SR e, 55 B Bl ad R T
XA > (A 4R 3 N T VAR S s 5 B A
B (A B S0 55 ) BB AR AR E 25 18] A VR A, PR
Wy B R N e 1. T GO Rl ST B AN TR
A0 B, A R B A R AR T R Jm . A
AR B AT LS, BB 5 A v B AN AT AT, Xof 2D
B LA 28 2 B804 Bl AT L S 3906 W 2 460 1 35

il I3

image translation;

frequency domain

LR, FEAR T IR A i A o 31 R B IR A it 2
8] A 2R . LI EE R R, 5 — B BOC B R e
RERS A S AR AT I B v R PR, 58 R Bk T
XL T B R 38 N 7 1 R 0 D A A% SE R A
PRI IR B2, JF B4R H AR AP B o

1 HEFRITHE

1.1 BAr

IRGEP S NE 72 A =R 7y Al (= R7 PRI R - S i 6N
PZE 26 CNN B Z5F9 P, 3088 TAE AT DL o 5L T X
AR R T Y B R R AR AR A 45 SR — B B
Jrik o FEW B BT ik R, R-CNNP i A 3k 6 PR 8 R
(Selective Search) 15 9 1K (1) {5 LE HE, IF 1 FH S 45 1)
2 HL (Support Vector Machine, SVM) Xf # 1iF #f 17 i
I . Fast R-CNNU St 7Rk (4 5000 75 =X, fdf I 28
W28 FEA TR IAE 19 7328 5 815 . Faster R-CNNP! i —
A MHE T Fast R-CNN, i H X 38 A= 1% 9 4% (Region
Proposal Network, RPN) B ACFE R (1) v B8 &%, SE 9L
T BRI . — B Bk i Oy 2k g AR 5
245 SSD. YOLOv3", RetinaNet™® %, 3 3 J7 1 fig
b i — 20 m H AR Y SE PR RE . R R AEFAE AP
SE TR 3 B R, R R AR P2 U /N T
X SSD Uz AL Ak B, AT DLAE RS B i % Las
110 TG N K U G ] —4EARBE ), 45
& S IR AN R A, BEAE AN H 55 /N 3 B AR
e T NN 3 g B B PR v i Sl 2P X, O
FI 3 0 A ST AR A B A S, R TR R
T EARRIASRE . HAb, B — 2L 1 o e
R RN ERT (TR 3751 B =/ S S =l YOS N E R v <h
Ror RS B o A T A R 8 I 2 () AGn  E £8 58
B TR R B, (EU IR R IR AR X I 2R A 5 i
B Z 153 A A — SO R BURR, 78T 5 g iz
TPk REH 2%
1.2 g A& AT B E G R

28 WA W 27 2T AT 55 TR AT BB I 2 A Ak
L5 — B, (R SRR — e 5 B AR N Y
WA R K25, T~ (Transfer Learning) /&

20210638-2



s Gk A2

%74

www.irla.cn

23

%51 %

T X0 3 — 0] R B

A3k A 3% 1 (Domain Adaptation) & i # 2% 2 (1)
— A, H T A R (R AR (AN [R) R AR
180) RS Wl Sk 38 ] — A AR AE 2 (], Ao 2b 4 dul 22 (1]
2200, 38 m BRI A PR e o 0TI 1 3 —
THEBH T EUR S AT 55, SRR HET 3 H bR A i 554 T:
55, AR 19 A N RVA AT LA R BTN T LAY
J5 AN T XTIy 77 2 il i 2o 4 /NS
A 22 1] Y 15 8 i S BV I E B el R A 22 ] 8 %
5, W UL A0 A 2 AR RS Y O R K-
H#E | & KFEH 28 (Maximum Mean Discrepancy,
MMD) %, Ganin %5 A JH 5 T X450 04 7 125 4 pf
28 W 45 A i S 2 S, IR T B B SR )2 (Gradient
Reversal Layer, GRL). #3252 0 HE AU A# 1k 5
S M S 5% 22 (), R 1) A% R A AR PR DR RN R A
J2 i) A 48 et A rh s B2y [ MU, (AR 6% 5 AT
55 M2 RESE X BT AT N SR, S 1 HOE S E A i
a2, e T A BT 2% (Generative Adversarial
Nets, GAN) A4z it 5 25 1l a5 s & I 2R =0 i
Ak, —SupsR I Z B B 2RISR RRAERL G
TER P BG5S ki T 1 il & 3 1 11
ORI,

TG W B PG B 480 5 B E AN BUNT B PG AR 22 [l
2 3] — AW, B — A SR R G B 5 — A~
B 0 M B TR B e i O k] DU T U A
o CycleGAN'"! rf4i iy 1 9 BF — Bk 2%, 45 E11R
FEA5 B g — A>T PH-f P 390 Bl SR 2 4 [ ofe, 20K
2 b A0 AR e 1) PRIAZ 5 i A LR — B8, [ 7 7 1 46
B G IT S 2 XA R B S AT 2, UNIT!
Sk T L EE 25 [H] (Shared latent space) AR,
AN [ 35 %) PR R 6% S 30 ] — s s ), i Pax
AN TR, 2R R EURAE A [ d88 =2 18] 9 728 i R4 40
SRy s 25 18] i A AL P> 73t B, I 51 A2 3 F G b
) 1 A (1] ) i AT 20O 45 5 H B IR ARk R
FHIC W B G Gt i R . T B R S i R A e
g 1 S H AR 2 AR I B, (BAE T BT RS2 R
WIS, BUR AR M 28110 H R 32 AR B R
Ve A . oAb, th T e R AR B e — 4 K
SE ), T vk DR uE AR R 803 A 5 H bR 58 4 Af ]

TEFEAT RS S8 AT 55 B AT SR AFAE AR A 3 A AN
— B B4R % (Domain shift) [A]
1.3 S AMREZIETEBERK

Xu &5 NP E B A AR P I 2 b 28 0 i il
JH B U4y 7% 7% e (Discrete Cosine Transform, DCT) J&
AR R B A, IR T EUR 0 2R 53 BT 55

Yang 55 AP DL—Fhell 2 20 14 75 200 I R H A
B AR A ) AT bR e BE ot AR $ (Fast Fourier
Transform, FFT), & 5 fii F H b gl G i 48 10 A0 (I
ML) DX 3882 46 Y VA 45K L %) i {8 O DR 3 A 6 AR A,
2 J5 >R P e B 0 53 AR # (Inverse Fast Fourier
Transform, IFFT) it J5 th BI% . xBRATTE4, g
TE—E PRI b S B EE R Y s s 46

2 ETHMENSESBENTTIE

AR GE 1 H ARG I 0 U [ 3 R 7 12— R A
AT, LA BUR R AR A, TE— BB SZ BR A 37 5t
T, Bk shie s i ARG, T EGEHEER
R, FEA S AT 2 R B R RTT 8 . O T4
e TS AR | WA E A5 ST AN AT 4, AR 58 R
HO = o BRI 23 3 RGB UG R A AR A HE R 1
PR o 3 5 i 3t 3 1) 4 J2 40 2 X AL s B 9 A 55 1Y)
PEREA W 52

SCH P AR e ) R A TP AR, SRR Y
DR ARSI BE 1 P47, BT S B3k S fan A 81 R AL RGB
23 [ % 4 B YCbCr 25 [H] , #R J5 i HT 25 HL 4% 5% 728 Ht
DCT 7543 BRI SR R . fEICEER b, SOh s 1
e P T [ E A ) R 3 T . AN
7] KA BRI AT 55 A 151, 5 02 I B R R SR AR Y
KR, Hbrteoe s 58 KT REMEG, d TREIIR
MG Z5 58 R MR ZEIRAR K, BHEAE IR IS (s
B R ) UG H ARBT S8k (%5 35 K ) R Z T A 4
W E A& N4 e, A2 3] CycleGANM ()5 &, SCH
6k F TG B AR e e 14 0 =X, R DR BTG e o
B % 5 G (PR s, Ik T8, AR 1 X b
2T BT ARG I #8 S AE 7B AN T 38 2 T A 45 S
L, B AEARHESR AP 1 R

SCHRY R A U H & R H ARSI A Y
TEAUB N S22

20210638-3



ISk A2

%74

www.irla.cn % 51 %

Stage 1: Unsupervised
image translation
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Fig.1 Two-stage domain adaptation process in the frequency domain
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Fig.2 Unsupervised image translation from source domain to intermediate domain
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Fig.3 Domain adaptation for object detection in the frequency domain
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Fig.4 Visual comparison between the unsupervised image translation results in the frequency and spatial domains
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% 1 Cityscapes—Foggy Cityscapes A~ [E] 413 B 1& f H 7% B #rta il 45 R 3 bk
Tab.1 Object detection results of different domain adaptation algorithms on Cityscapes — Foggy Cityscapes

datasets
Method Bus Bicycle Car Motor Person Rider Train Truck mAP(@.5)
Cityscapes only 31.3% 33.8% 47.7% 20.2% 34.9% 40.5% 12.5% 17.8% 29.8%
MDAL! 41.8% 36.5% 44.8% 30.5% 33.2% 44.2% 28.7% 28.2% 36.0%
PDA 44.4% 35.9% 54.4% 29.1% 36.0% 45.5% 25.8% 24.3% 36.9%
CFE!'" 43.2% 37.4% 52.1% 34.7% 34.0% 46.9% 29.9% 30.8% 38.6%
Proposed algorithms 48.1% 42.7% 61.9% 32.1% 43.1% 49.1% 17.7% 25.4% 39.9%

A 45 25 5k 8 F Foggy Cityscapes 42 {1t (1) 56 JIE
£ (FHEKS). # 17, MDA (Multi-level Domain
Adaptation), PDA!®(Progressive Domain Adaptation),
CFF!""((Coarse-to-Fine Feature adaptation) J& X} [ Y 3 Ff
U E S, B G| A 2% SCHR [17]. “Cityscapes
Only” 27~ A% FH I8k B 4% PR 81 2, A7 55 1 T X 4
AT I A 4 R, A I A S an 1 S B, AT R
PRI Zxfe LIRS I H 25 55 0 i) H AR, mAP AU 29.8%,

ESE TR BAnik Z | iy 22 5% . SAUHARER
o235 FIVIZRAR H, SO 48 H 505 o TR F T W B B
4 8T8, 1 35 I 3, R P A SR A o A P A R B
TR AFERAE BRI R, o T R R IE R
B2, F mAP {EH 29.8% $#2 T+ 5] 39.9%, mAP {E =
T 33.9% 7247, 16 4 Pt Bk HEA S — . WEA T
K T SR I REAT AR PR R I F) 25 5, 42 H Ak
AT 55 2 kg
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(a) {X Cityscapes YIZRITHAGN 2556 i1 B AR

(a) Detection result of "Cityscapes Only", which fails to detect objects in haze

(b) SCHITERST I A H AR AG I P E

(b) Detection result of the proposed algorithm

& 5 U Cityscapes |25 SCHE: HARGIN 25 546

Fig.5 Comparison of detection results between "Cityscapes Only"and the proposed algorithm

R T VAR SO R R R A B B A Rk, S
SR T R 52 56 1) 7 =X, 70 ol B o 4R 9 3 17 9 BERT TG
B R 3 B B, ST PPAN T 54N Bir B H AR A il Ay &4
A AR 2 o, WNERPATLIE L, 51U Cityscapes

YNGR EE, o B e 4t T X AT 3 iz J7 X mAP
YA R e, (RN T 58 B i I B B Gk, Ui S
SENE P O BB A RO R L, REAS Ik 25 4 i A 1Y
TETCHR I S A2 AL RE )

R 2 XHEERI MR ERSEE

Tab.2 Results of the ablation experiments corresponding to the two stages of the proposed algorithm

Algorithm Bus Bicycle Car Motor Person Rider Train Truck mAP(@.5)
Cityscapes only 31.3% 33.8% 47.7% 20.2% 34.9% 40.5% 12.5% 17.8% 29.8%
Ours w/o stage 2 39.3% 38.5% 63.3% 28.0% 39.6% 42.4% 15.7% 23.6% 36.3%
Ours w/o stage 1 41.3% 39.0% 58.4% 28.6% 42.4% 44.7% 10.7% 23.6% 36.1%
Full model 48.1% 42.7% 61.9% 32.1% 43.1% 49.1% 17.7% 25.4% 39.9%
4 2= B SR A O 2 [T 4T 2 5, S 4% SR e

S e HAR G iz AL PERE, B XA 2R
B I3 A A —E DL, SO R T — Bl g i ) H
A 0 ) AR S T 9 o T e A ) T e
TRF L W S FE AR R, o DR P £ 1) Sl A 2t
PIE . T[RRI X e A 40T A 5 R vk, F
— 2L X S T BB A I A B B R, b T

5233 B A, B 38 I A MG T W B e e TR AL L, SC
B Y 1 A UG B 4 o R B A A L TR BB EE R
Gy HERT A R o TR, R R A S8R 0 R AR
P, eI B T 2 1 RIS R B, 18D T R R AR A
PR ST 22 5, X A3 W A I B e ) 4
W R A ROR o 5 AT R G 1 A6 T A5
RUA M, 4000 B 38 1 AT mAP {E42 7} 33.9%.
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