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Fig.2 Algorithm flowchart of cloud,

snow , fog classification
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Fig.3 Land feature contrast with cloud, snow, fog

(e) ¥ 2

3 LR

3.1 SCIOHUE

AR FE 7RG TR IR SR SAR B R F 5T %
SR 023 IRBEIE =5 (Z2Y -3) 5 BEA
ORGSR, 554 TREIH—5 02C(ZY1 -02C) 5 1
BemiEsgg,832 W —5(CGF-1) 5 AR
2SR GG 317 TF K% —% 01 5 (THOL -
01) TR Z ik B AR VE R S0 50 (B kIR .
http: //sjfw. sasmac. en/)

SRR 32 x 32 (R R IR HAE N S il
WEPERTT, 2 TE R R 16 x 16 R R4
B, ArRIBERC1 500 MHBIFEAS )1 000 A~ = AEA,
1 000 PEFEA, 1 000 455 REAAE R Ul ZhBE AR %
P, FOFEAS 500 a5 E S5 S5
WIREARSEAT Z R A7, A7 SE 50 ¥ 7E Inteli7
3960X WA 64 GB [ tERETT AN 5 58,
3.2 EREER.E ENEK

AR R AR JT At | 20 i R AR A

BRI A 25 5 A AREAS | TR REAR RS B A
FHBES AR A X SE IR A T2,
S| Rt/ 21U S AN N B S g R el 1
FERAEDL, 14 T (a)—(d) 2 HPEBENLERAT ZY -
3B .02C 2EFMA . GF -1 2GR,
THO1 —01 ZIEIEFAR I — RS IR,
Hrpar @ X FRR o, A X IRFIR S, SR X
FRE,

(d) TH -1 2oL R R —H a5
B4 AERIER T ZHERNER

Fig.4 Cloud, snow, fog classification

results of each satellite
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Tab.1 Confusion matrix of the first detection results
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Classification and detection of cloud, snow and fog in
remote sensing images based on random forest

XU Yun', XU Aiwen’
(1. Hangzhou Transportation Planning and Design Institute , Hangzhou 310003, China; 2. Zhejiang
Academy of Land and Space Planning, Hangzhou 310012, China)

Abstract: Cloud, snow and fog are important factors affecting the quality of optics remote sensing images , and

hence researchers should detect the range of cloud , snow, fog in remote sensing images and remove unwanted

images so as to improve the utilization of remote sensing images. In this paper, the authors studied the method

based on Random Forest to detect cloud , snow, fog and tried to reduce the error detection rate by means of adding

a “second detection”.

Experiments show that this method has high detection accuracy and efficiency .

Keywords: random forest ; classification detection of cloud , snow, fog; second detection
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