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6.4 THEINHZR K
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R TR IR (AN ARIE S L IEE )
R 22 4 . RN Y B 5 T =22 18] A 1) 24 3% 42
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1 IR A P
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6.5 XM
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Fig. 11 Framework of generative adversarial network
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s (Ma%g, 2019) FIEDGIEEIR 2K (Zhe 55,
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2 07 T PR R R EMR T S (Liu 5%
2019),

FE B 7 BRI GG e, BR T LR LA
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(Boualleg 5, 2019) . # BR %% >J #l (Tang %% ,
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7 ANEIHLAS 38 A Bk S R -
LAY
71 £KEE3
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&, 2018); 7EIE X453 (Zheng 55, 2017) FiliE
i AR 42 (Li%%, 2012; Zhang %, 2011)
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KEo
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PR RIS BOARTE R IR A 5 BB W J5 ik b
B IERT s A8 T B AR S
Bz, BRATE HikZ SRR 225
FEAE RS AN P NG 75 [ 2

BUARYNS T s 2 W B A o] R DA R TR T
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A LUK &S OREIAR AR B 2 2] 5 el
SAERIR, SRS FER A B Y 2% 2 I A
I R VB . 40 PCA A Sy —Fh G W B R AE
MedErvk, FEM TR BUR R E L
HTFEIEIERE R I 52 (Kang 55, 2017) . i
B 2% 38 N [ G B AL 2o T W B T A 2 5 R )
%, SR IRSEARRHIE AR

TR BE 2 2] SR T AP R T AT 1 — R i B v 21
2] ua, a2 R R R BUIE Z R A A G &R
TR, AT 2B RIS
55 MBS o ) RN M B o S T R S S T o AR
Tk AR A APl . RS S . G
Ea [ SN B2 2 L NS S D 7 W L < e

st ATENTEIFRE, BARMRAR
AR S FIRIKBE ), m DL B v 2~ 50
4 HA& A SUE B R & 2 ARE, BB F0 1 Ak
. BA BT T B

B s B2 A BRSSP, R ARL Y ]
BRI MR R Z AR 2 e it W
KA bREEE; WEBAEIRES, 55
IR = ¥ e A0 A i UL R s U GRAEmY, THRE A
K AAAEFH R STIREOR &, W H % GPUY-7;
TR (1) S RO R AR T 2 B NS

SRR TR o B R R G R R
CNNAE N d5c i I —FiR 2 ) vk, B4
TR o PR R AR B AR R
OGS BRI AT 55 o AE i o3 PR 1R IR R R B
P vh TR TSR AL S A H AR R D AE 22
(4N Faster R-CNN (Ren%5, 2017), YOLO (Redmon
45, 2016) 4F) SEAb b, Z5A iR EHR T H AR
A, TR EE M 2R AT Rk, R A 5L B H bR
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Machine learning paradigms in high—resolution remote sensing image
interpretation
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Abstract: High-resolution remote sensing image interpretation is a major topic in remote sensing information processing. It plays a vital
role in the knowledge mining and intelligent analysis of remote sensing big data and has important application values in civil and military
fields. The traditional methods of high-resolution remote sensing image interpretation generally use manual visual interpretation, which is
time consuming and laborious and has low accuracy. Therefore, interpreting high-resolution remote sensing images automatically and
efficiently is an urgent problem to be solved. The rapid development of artificial intelligence technology in recent years has made machine
learning the mainstream research direction of high-resolution remote sensing image interpretation. In this study, we systematically review
five kinds of representative machine learning paradigms on the basis of the typical tasks of high-resolution remote sensing image
interpretation, such as object detection, scene classification, semantic segmentation, and hyperspectral image classification. Specifically, we
introduce their definitions, typical methods, and applications. The representative machine learning paradigms include supervised learning
(e.g., support vector machine, k-nearest neighbor, decision tree, random tree, and probabilistic graph model), semi-supervised learning (e.g.,
pure semi-supervised learning, transductive learning, and active learning), weakly supervised learning (e. g., multiple instance learning),
unsupervised learning (e.g., clustering, principal component analysis, and sparse coding), and deep learning (e.g., stacked auto-encoder, deep
belief network, convolutional neural network, and generative adversarial network). Then, we comprehensively analyze the strengths and
limitations of the five kinds of machine learning paradigms and summarize their typical applications in remote sensing image interpretation.
Finally, we summarize the development direction of high-resolution remote sensing image interpretation, such as few-shot learning,
unsupervised deep learning, and reinforcement learning.

Key words: remote sensing image interpretation, machine learning paradigm, deep learning, weakly supervised learning, few-shot
learning, reinforcement learning
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