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Haze image recognition based on multi-scale feature and

multi-adversarial networks

Chen Shuo'*, Zhong Huicai'*, Li Yongzhou', Wang Shizheng', Yang Jiangang'
1. Institute of Microelectronics, Chinese Academy of Sciences, Betjing 100029, China;
2. University of Chinese Academy of Sciences, Beijing 100049, China

Abstract: Objective While dealing with high-resolution remote sensing image scene recognition, classical supervised
machine learning algorithms are considered effective on two conditions, namely, 1) test samples should be in the same fea-
ture space with training samples, and 2) adequate labeled samples should be provided to train the model fully. Deep learn-
ing algorithms, which achieve remarkable results in image classification and object detection for the past few years, gener-
ally require a large number of labeled samples to learn the accurate parameters. The main image classification methods select
raining and test samples randomly from the same dataset, and adopt cross validation to testify the effectiveness of the model.
However, obtaining scene labels is time consuming and expensive for remote sensing images. To deal with the insufficiency
of labeled samples in remote sensing image scene recognition and the problem that labeled samples cannot be shared

between different datasets due to different sensors and complex light conditions, deep learning architecture and adversarial

%5 B #8:2020-08-19 ; & [B] H #1 :2020-12-08 ; TR EN 74~ B #7:2020-12-15
« BIEIEE AL A zhonghuicai@ ime. ac. cn



$26%E /5511872021 F11 B

PRtm, $0iCA, FERE, EIhlE, HER
ETFSREFESHRMENEXEKRIRS!

learning are investigated. A feature transfer method based on adversarial variational autoencoder is proposed. Method Fea-
ture transfer architecture can be divided into three parts. The first part is the pretrain model. Given the limited samples with
scene labels, the unsupervised learning model, variational autoencoder ( VAE), is adopted. The VAE is unsupervised
trained on the source dataset, and the encoder part in the VAE is finetuned together with classifier network using labeled
samples in the source dataset. The second part is adversarial learning module. In most of the research, adversarial learning
is adopted to generate new samples, while the idea is used to transfer the features from source domain to target domain in
this paper. Parameters of the finetuned encoder network for the source dataset are then used to initialize the target encoder.
Using the idea of adversarial training in generative adversarial networks (GAN) , a discrimination network is introduced into
the training of the target encoder. The goal of the target encoder is to extract features in the target domain to have as much
affinity to those of the source domain as possible, such that the discrimination network cannot distinguish the features are
from either the source domain or target domain. The goal of the discrimination network is to optimize the parameters for bet-
ter distinction. It is called adversarial learning because of the contradiction between the purpose of encoder and discrimina-
tion network. The features extracted by the target encoder increasingly resemble those by the source encoder by training and
updating the parameters of the target encoder and the discrimination network alternately. In this manner, by the time the
discrimination network can no longer differentiate between source features and target features, we can assume that the target
encoder can extract similar features to the source samples, and remote sensing feature transfer between the source domain
and target domain is accomplished. The third part is target finetuning and test module. A small number of labeled samples
in target domain is employed to finetune the target encoder and source classifier, and the other samples are used for evalua-
tion. Result Two remote sensing scene recognition datasets, UCMerced-21 and NWPU-RESISC45, are adopted to prove the
effectiveness of the proposed feature transfer method. SUN397, a natural scene recognition dataset is employed as an
attempt for the cross-view feature transfer. Eight common scene types between the three datasets, namely, baseball field,
beach, farmland, forest, harbor, industrial area, overpass, and river/lake, are selected for the feature transfer
task. Correlation alignment ( CORAL) and balanced distribution adaptation (BDA) are used as comparisons. In the experi-
ments of adversarial learning between two remote sensing scene recognition datasets, the proposed method boosts the recog-
nition accuracy by about 10% compared with the network trained only by the samples in the source domain. Results
improve more substantially when few samples in the target domain are involved. Compared with CORAL and BDA, the pro-
posed method improves scene recognition accuracy by more than 3% when using a few samples in the target domain and
between 10% ~ 40% without samples in the target domain. When using the information of a natural scene image, the
improvement is not as much as that of a remote sensing image, but the scene recognition accuracy using the proposed fea-
ture transfer method is still increased by approximately 6% after unsupervised feature transfer and 36% after a small num-
ber of samples in the target domain are involved in finetuning. Conclusion In this paper, an adversarial transfer learning
network is proposed. The experimental results show that the proposed adversarial learning method can make the most of
sample information of other dataset when the labeled samples are insufficient in the target domain. The proposed method can
achieve the feature transfer between different datasets and scene recognition effectively, and remarkably improve the scene
recognition accuracy.

Key words: haze scene; image recognition; multiple features; multiple adversarial; domain shift
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T 25 R 75 57 B 1) A B HA s R 1R A 4 R
(22 5 | ]I, AT SRR 20 AT 22 S ) B A7 A BE R
SRS (domain shift) , 5 FUHR R W 28 Mk L 2= >
FNVHHE A AL YERFAE (Pan 1 Yang,2010) ,

BEXF b3 ), A RIS 7 Al T — e e
FB, BRI WIS, — 7 7R BUA A4S B 22 K
2Ry LA b 255 BE 1 R 0 7 2, ) an ] pMS-
Net ( robust haze removal based on patch map for single
images) ( Chen %% 2019) . DCPDN ( densely connected
pyramid dehazing network ) ( Zhang il Patel 2018 ) 4
— SR E RN 5 REE 225, UUSi/N S IEH 5t
BRI 22 5 . SRR A0 55 kT R A
XF I R AT ISR, th T %5 KRINERYRPR T, Y28
b X 5B L 26 My, RS R B
(Bousmalis 55,2017 ) FIg/N A 2 5 IR HE Pei 45
A (2018a) S5, A1 25 55 500 e AT i 1 o 7E
HYG 5% Ko R PUINE 55 B3 B RS 45
[ sk WA 8 R A B 22 P B8 a2 i R DI s T s
A, BANEA MR R A (He 45,2011) X1
R IEATINZ5 A B, SR, X 7 VA ME DL T
SRS R 5.

T3 —J7 T, T AN R 22 18] 2 A AR AN [ Y 43
A1 2 57, AU S 44 5 R B8 Ao 28 IO 2466 X LA A R AIE
38 (Kouw 25,2016 ) [ 42 HUCRIAAL PERHE , 1M T8 A
16 WA (Pan Al Yang,2010) 7 DL 45 7N 80038 4w 75
AN RVAE AR PERFAE . B Y4BT 3 1
T I AN [R)RFHE XS 55 07 125 00 25 B 228 00 228 412 JBC )
AESEAT XS 55, Horh —Su40Us F 3 1 590 2 i T ok
Y08 22 5 2 9o/ N 9 i B2 , 41 DANN ( domain adap-
tive neural network ) ( Ghifary 55,2014 ) fifi FH & K3
{82 5 3 /D P DA ] Sl B0 40 AR 7 A B
JZ2Z 8] B9 5 4E 43 4 ; DDC ( deep domain confusion )
(Tzeng 45,2014 ) F| FHid I )2 8 P9 A~ F:47 89 CNN
( convolutional neural network ) ¥ 4% 7% 4% 2] —i2 | [R]#£
i1 MMD ( maximum mean discrepancy ) & 412K PR
B, 4 /N U5 SR B Aw B 25 5K 2 5 DeepCORAL
(correlation alignment for deep domain adaptation )
(Sun Fll Saenko,2016) ; 2T CORAL J5 i HAE Ltk
A5 B IR R H BR 8003 A 1) — I e R A T
X3, I — Bl TP A, 40 DANN-A (do-
main-adversarial training of neural networks) ( X5l F*

DANN , iz 528 H T X 1) ( Ganin 45 ,2017) , 8 i

XTI 2% >k ARk B A 0 B A8 M 9 R AR ; MCD
(maximum classifier discrepancy) (Saito 55,2018 ) |
FHPIASAN[R] 3 24545 B AREAS T A 22 S5 ok AG:
XTI SR R HARAEAS, B P 73 2 AR Y T3
D225 1858 o326 A% WIZRRRIE A LA | 1h A2 U 4
MESESEUT IR, PUAG 45U A 3 7 B30 12 R O T4
FEE— R AT G o3 A1, T B — R AR AR
a3 €1 DR (1 S WS N A (B KB 5 E By VA R (N
IR U i #% I ik 25 Y BRI AN E | B M 1
RAERFEDL

FEXTLL b [0 RUE R — A HESE ) 1 5B Cycle-
GAN (unpaired image-to-image translation using cycle-
consistent adversarial networks) ( Zhu %§,2017) #£ 47
Bl slom , —Jr e IR E 5T (IR 24T Bds 1
5, A DUAE i AR A8 OF HUXURS 5 55 K 37 SR I 0 4L
P55 75— 7Tl Cycle-GAN i FH T 8 FLEHE F1 25 K 3%
SRGE (BARED) FEATR BN ZR, BETEAR R b
THENBIR SR, T Cycle-GAN A 75 ZAf
BTG, AN 7 B A B A R b4 1
SR AN ZRAAS . HOCHR H — A R A 38 R K
o A2 RO REE 22 530 W 4% ( multi-scale features
and multi-adversarial network , MFMAN) , A T ZE4¢1E
ST R SRR oA NI R AL, S T TAM
(inception adversarial module ) BRI HLALIR | 7 i i
B2 M FEATRAE SR IBUS |, (] TAM $2 IR A
ANTR) ROBE B AR AE R A A B — R, 58 0 ) 6 AL
2 ZX AR RRIEAR L, 2 S 5 52 U Bt s
RHIE AT 22 5 . RO T M 2 2% 1) Z B2 4
TR A FH 224 H i ke 25 >0 a0 A ) Z2 5 45
F4 (Pei 55 ,2018b) , & Hn T XF 2550 (4 0 51 68 1, AT
B 7 TR i T ROERS  RHIEAS LATE AN 2
BN 2E R 2 ] BN GO A PR

ARICTTRR EZAE T 1) R I H L E Ry 5
i AL B ARZ ARG 5, nsE W S bR
WEBRAZEME, 2) i1 — % K EGRHGIE
28, Hrpffi ] Cycle-GAN 1E b #5414 58 7 %, A &K
W% R AR R BN 5 R o A 2
St AR TS AR 1Y 2 55 R XU a2 | R ARG B T2
A, 3)HR 2 R RRAE 22 6T X 26 £ U 24611
BIRRRAE 75 22 RO R AR A2 00 1 FH 2400
TERLZE X, Wl INECHE o3 A, 4 /N 22 5 ik — 20
P % RIEMG P JEUIRGE . X B4R H 55 K A
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1 HRFE

L1 HiEE

MRS oR 5 B LS 55 K57 00 R AR
EMNIE T T 0 RGN AT YN G A, 24
il — S KB 2 FFEE B, Bl 4N Caltech-256 , PAS-
CALVOC ( pattern analysis, statistical modeling and

computational learning visual object classes) I Ima-

geNet EEURIEH 5 FAYEMER, 1X BLE B IEH 2

S 0 QR 32 Bk Y5 T 30 2 R AR I Y 5040 4
PERCH A 12 251, 4 A% RealClear-12 , 33X Bo 4 i i
HAETARI, TR AnE . 55 KEMR EZAE M -1
IR A AR, 32 R AT 0 e, T3 7 i AT b
B HoAr 4 8 RealHaze-12, % K 14 BIG 504 7 75
THEAFEDTN 2 5, % KRG 55 KR E %S
AR o+ E A& % AP A%, Real-
Clear-12 FA45 4 797 W&, H A 5 HE 3 602 R, Ui
WK AE 1 195 08 ; RealHaze-12 $£45 2 306 HEAE N
B AR, R R TEAI(E BLER 1, B0 45 h s oy
EIG R ILE 1,

%1 RealClear-12 71 RealHaze-12 FJif4H{= 2
Table 1 RealClear-12 and RealHaze-12 datasets specific information

B4 truck tree train streetlamp plane people car  bus  building bridge boat bird  total
RealClear-12 ( train ) 272 304 303 282 336 297 304 282 306 314 300 302 3602
RealClear-12 ( test) 92 101 100 94 112 98 101 93 102 104 100 100 1195
RealHaze-12 171 202 206 171 231 194 205 185 202 213 200 182 2362

(a) RealHaze-12

(b) RealClear-12

K1 #5 RealHaze-12 {441 RealClear-12 &%

Fig. 1
1.2 1EZR4EH
1.2.1  Hgsesg

fEFH Cycle-GAN %35 (Zhu 55 ,2017) WKl 2 Frs
A TEEIG R LR A 4G — X A B Do £ 1 —Xef 1 51
2 i A\ —2H A X 5 B R T 2ok 2 2] i A
G MG () AR 2R G Sgt B B NI R A e
ek BFREE B, BFRREY S — WU G_AB:A—B il
FHHIS 88 D_B it Fake_B 5 B (4347, R BEAE G_
BA:B—A [l D_A $13E Fake_A 5 A B)5 1,

Partial RealHaze-12 images and RealClear-12 images( (a) RealHaze-12 ; (b) RealClear-12)

AT —E R LR HIAT F(G(A) = B2
ZIRER) | TEAH FH Cycle-GAN 47 4k B | Hi i Real -

|—>{ G AB ]—>| Fake B |

[t d Jo{ @81 Jed 5 |

B2 GFRA XL 45 451

Fig.2 Cycle-consistent adversarial network structure

| 4
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Clear-12 1E A7 A, RealHazer-12 YE K Hr3Ek B, i
T IXCRE IR FR XTI 4 25 4 B 7T AR 3] 5 %5 K 55
KA SEBLAA br 2 00l , Wl J& Fake B, [A] AR
BRI B AR NS SRR 0 3 A 25 5
1.2.2 ZRIEFEZ XIS

TEFIFH Cycle-GAN #EATR R I 1 4b HL ) |, Real-
Clear-12 WA FRFZHE A L T 55 RealHaze-12 XA 122
TR, PERPIEI B A S I e 0 —
AAERFES A 2 ROZFRAE 2 X i 45 b B, 1)
KA 3 P, B R BRI 2 B (feature exac-
tor) 4= ey 38 K 5l 75 ( global domain discriminator) | J&)
FRIEH 728 (local domain discriminator) FRZEr2E48
(label classier) 280, B 5G4 1 BB AR BEAFAE S I
el 1A 3 ARSI ZE R 25 CNN LUK TAM AR
PR, FAE RS 3 S A 2 P 28 1) 2 T 4 22 | i
2 TAM BEHe 200 0 1 T 22 D R A 74 a2 19 25 [|]
VB AT S AR Y S T R S R SRR
fiE, A TAM A5 ) 2565 B4 4, 2 AN ] RUBE R

INEFFIEEATRE I, 26 2 AR AR S ARk A IR
BB T2 R RE S IER RUARSE . 56 3 &R
SrCH I e O RRIE A TR B AT 00 28R
ATRES AR B RS, pR 4 e B ) o AR g
SIS, He v Jey A B ) el TAM R R IR
Z REFHERE S (K 3 W Feature f) 55—~ 5
FIMZER y ARTRe , MRURE B2 5 2 AR ] 0 31125
I FHEE BA LA 250, W 251 X — A28 5 A 7
BN BRI AE— R R UE TN [ B B 55
PRFEAT X A3, 4 SRy 300 550 245 D) R TAML FRJERHIGT AR
Al 3 BN R AR S B 22 R AL g —
ANFEBRHEA T T A Rl R S R
FIBREE T3 I AR 2 T — 7T LU ) A 4
AR 2R P 268 AP AIE A RO I T e 2 1) 8%, % 40 Js
(RSRIRIEA T, D EE 5 400, [ 33 o X R 45 A TR] ,
V) 308 3t — B 8 S 2 e 4, B ] D i XA B
J2 , SFRE AR S A I R /IS ) S SR
AT A 3 N, e 2R B NS RS A I R S

IAM
A
Sl
| G, I b 4 =IGRL|—
y, \ y,
" 1)
4 D)
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Fig.3 Multi-scale features and multi-adversarial network structure
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Fig.4 The structure of IAM
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Fig.5 After data argument images and original images

K2 EXRHIFEEREEE LT ResNet50 FHINRBEER

Table 2 The results of classification accuracy of haze data on ResNet50 using haze remove algorithms

/%

ik truck tree  train streetlamp plane people car  bus  building bridge boat  bird Tot
ResNet50 58.4 92.0 45.6 9.7 81.3 8.0 51.7 32.9 76.7 97.1 84.0 70.3 72.7
DCP 53.8 98.0 56.3 87.1 79.6  79.3 29.7 32.9 90.5 93.8 80.0 67.5 71.1
DCPDN 53.2 95.5 66.0 90. 6 88.7 69.5 54.6 31.8 88.1 92.4 78.5 74.1 74.2
PMS-Net 54.9 94.5 68.9 93.5 81.8 77.8 40.9 33.5 78.7 93.4 85.0 79.1 73.5
PMHLD 54.9 97.5 71.3 91.2 80.9 71.1 49.7 46.4 90.5 92.0 84.5 78.0 74.6
Cycle-GAN 65.4 94.0 72.3 9.1 91.7 85.0 62.4 49.7 91.5 98.1 90.5 71.4 80.9

TE UL AR BB B AAE, Tot 2278 SRS
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£ 3 £/ Cycle-GAN EiXAIB RIS KB E

Table 3 Classification accuracy after processing with Cycle-GAN algorithms

/%

bieE =Sl
Tk

truck tree  train streetlamp plane people car  bus  building bridge boat bird Tot
ResNet50 65.4 94.0 72.3 94.1 91.7 85.0 62.4 49.7 91.5 98.1 90.5 71.4 80.9
DANN-A 64.9 93.5 78.1 88.3 95.2 89.1 69.2 54.5 90. 5 99.0 89.0 72.5 82.6
DDC 70.7 92.0 81.5 89.4 94.8 86.0 73.6 52.9 91.5 99.5 88.0 72.5 83.3
D-CORAL 69.0 92.5 81.5 89.4 94.8 86.5 68.2 54.5 91.5 99.0 90.0 69.7 82.9
DANN 42.6 87.6 52.4 88.8 8.6 81.9 72.1 46.4 87.1 81.2 73.5 76.9 73.1
MCD 73.0 95.5 81.5 89.4 90.9 855 71.2 51.3 94.0 99.0 90.0 70.3 83.9

MFMAN(N-IAM) (A3C) 65.4 94.5 79.1 91.2 93.9
MFMAN(TAM) (A3C) 70.7 96.0 84.4 865  93.9

89.6 68.7 52.9 92.0 98.1 89.0 75.2 83.1

89.6 85.8 o6l.6 92.0 97.1 90.5 81.3 86.4

E IR B8 e L
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Fig.6  Algorithms accuracy curve
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Fig.7 Training loss curve
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