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Remote sensing image scene recognition based on adversarial learning

Li Tong' *, Zhang Junping'”
1. School of Electronics and Information Engineering , Harbin Institute of Technology, Harbin 150001, China;
2. Shanghai Institute of Satellite Engineering, Shanghai 201109, 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, generally
require a large number of labeled samples to learn the accurate parameters. The main image classification methods select
training 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
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between different datasets due to different sensors and complex light conditions, deep learning architecture and adversarial
learning are investigated. A feature transfer method based on adversarial variational autoencoder ( VAE) is proposed.
Method Feature transfer architecture can be divided into three parts. The first part is the pretrain module. Given the limited
samples with scene labels, the unsupervised learning model, 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 train-
ing 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 better
distinction. It is called adversarial learning because of the contradiction between the purpose of encoder and discrimination
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. Cor-
relation alignment (CORAL) and balanced distribution adaptation (BDA) are used as comparisons. In the experiments of
adversarial learning between two remote sensing scene recognition datasets, the proposed method boosts the recognition
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 proposed 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 feature transfer method is
still increased by approximately 6% after unsupervised feature transfer and 36% after a small number of samples in the tar-
get domain are involved in finetuning. Conclusion In this paper, an adversarial VAE-based transfer learning network is
proposed. The experimental results show that the proposed adversarial learning method can make the most of sample infor-
mation 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: scene recognition; remole sensing image ; adversarial learning; transfer learning; variational autoencoder (VAE)
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Fig.1 The graphical model of variational autoencoders
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Fig.2 The diagram of remote sensing images scene recognition based on adversarial transfer learning
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Table 1 Scene recognition results and Kappa transfering NWPU-RESISC45 to UCMerced-21 dataset

- - H I A 5L
WIRFS 5 10 15

OA/% Kappa OA/% Kappa OA/% Kappa OA/% Kappa 0A/%  Kappa
AE - - - - 40. 00 0.314 47.38 0.399 54.75  0.483
CORAL - - 12.63 0. 001 58.29 0.523 68. 19 0. 637 73.53  0.697
BDA - - 46.25 0. 001 62. 50 0.523 70. 14 0. 637 74.12  0.697
AAET-C 45.75 0.38 57.13 0.51 63. 63 0. 584 72.25 0. 683 75.63  0.721
AAET-E 45.75 0.38 57.13 0.51 63.88 0. 587 73.38 0. 696 77.13  0.739
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Fig.5 The confusion matrix of UCMerced-21
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Table 2 Scene recognition results and Kappa transfering UCMerced-21 to NWPU-RESISC45 dataset

FR SR AS LA
Tk #s Tl
Trik 1% 2% 3%

0A/% Kappa O0A/% Kappa OA/% Kappa OA/% Kappa OA/%  Kappa
AE - - - - 25.29 0. 146 28.46 0.182 31.43 0.216
CORAL - - 12.59 0. 001 42.37 0.341 46. 81 0.392 50. 40 0.433
BDA - - 15. 14 0.03 44.21 0.362 47.08 0.395 49. 56 0. 424
AAET-C 33.75 0.243 42.77 0. 346 45.52 0.377 47. 88 0. 404 51.39 0. 444
AAET-E 33.75 0.243 42.77 0.346 46. 89 0.393 49. 46 0.422 53.07  0.464
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$26F /55118 /2021 F11 B

R, KB / WREINEREGIZRIRG

(R HB AR ZR 53 2 TRk AR 19 S 15 Bl i 't i ) R
U] AN T S (R 9 25 SR, R BRI
TR AR E S8 5, HLWI R i 4 th AR 22 55K
A RE A A B 5 U AT, SE6 B A R R 1
ENERORENRpaioRabill s ARk N
3.4 SUN397 Z UCMerced-21 75T %12 3

S AR 5 518 B B AR R 1T %22
SEFLMIK A 1Y SUN397 $dls 46 21 S i /1 1Y UC-
Merced-21 BHEE R FHIEITRS . T SUN397 HKY;

sSPUIERAE Th i BUG R/ N KR A —30, SOk — & 1)
RS —78 Bl 256 x 256 1R R 5 i AT 5 25256, 3
SOUUIREE N 3 i, BURTETCE R 2% 2] 1
TR ZRE BE L 23% | {H 38 1 o0 M RV A P4 AT
T, KR R UG e LT A o o 2 2R 4
I8 A ARG P B G A e (R AE T B A
XHTEEE 2T %  26 2 B PR X R ol A A il
i TP BARE A 225, LT X A Sh4mintl
AR5 X TR A 2 SR R AT et

%3 SUN397 i¥# %] UCMerced-21 K37 512514 E K Kappa R
Table 3 Scene recognition results and Kappa transfering SUN397 to UCMerced-21 dataset

. EEZCEES '
i e
Jrik 5 10 15
OA/% Kappa OA/% Kappa OA/% Kappa OA/% Kappa OA/% Kappa
AE - - - - 40. 00 0.314 47.38 0.399 54.75 0.483
AAET-E 23.38 0.124 29.63 0. 196 45.13 0.373 54.75 0.483 59.38 0.536
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