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Abstract: Cloud detection is a key step in the preprocessing of satellite remote sensing data. This paper proposes a
cloud detection method by combining a multilayer perceptron with a radiative transfer model. The method is to identify
cloud from moderate resolution satellite image using visible and near-infrared band reflectance information. In this method,
firstly, the santa barbara DISORT atmospheric radiative transfer model(SBDART) is used to simulate and obtain datasets of
reflectance values for a variety of complex terrestrial surfaces, which provides training samples for the multilayer percep-
tron. Secondly, the trained network model is used to distinguish cloud pixels from total pixels of the advanced medium Res-
olution Spectral Imager(MERSI II) image in the FengYun3D satellite MERSI II image, and then verified using vertical fea-
ture mask(VFM) product of the cloud-aerosol LIDAR infrared pathfinder satellite observations satellite(CALIPSO) and
compared horizontally with the cloud mask product(tMYD35) of the moderate resolution imaging spectroradiometer(MO-

DIS). The results show that the accuracy of cloud detection for the multilayer perceptron is 76.25%, and especially this
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method works best in summer and low latitudes, achieves an accuracy of 91.74% for surface identification near the equator.

In this paper, the method is more effective in detecting clouds under complex surface type conditions such as urban, farm-
land and bare soil, with accuracies of 83.37%, 84.52% and 73.11% respectively, which are higher than the 83.25%, 83.31%
and 72.66% of the MYD35 product respectively. To further validate the effectiveness of the multilayer perceptron combined

with the radiative transfer model, the training samples obtained from the radiative transfer model simulations are used in the

k-nearest neighbors, Naive Bayesian, and Random Forest algorithms, respectively, and compared with the multilayer percep-

tron algorithm in this paper. The results show that the combination of the multilayer perceptron and the radiative transfer

model has a higher accuracy.
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MODIS 72, U B 2 7 A Gy 0 2 460 1E 5 % Ak 5k
31| 86.8%, MM 7E A 2 (1) = KM % SR fe 22 . X AT g S IA
AT R IKEE S, MK S = 06 RE IR R
FARL, S22 ) H B S AN s 0 () R O . B iR 3
AT RE T LA A A ZR U A5CR 22 R B0 B 52 1R BAR
KARFE 52 F HN0AS S K PHIERE M, 52 2% 1 i e 2

U A5 22 TR AR UL S i R . e A, L 4 (o) el LR
B A ST K Ty 2k AR AR 2R ) 2 G I O A R A
MODIS J7 iy #55 , 76 2% 18 B3 RS BE AT 3k 51 91.7%. 3X 7]
REJE PR A I 2 B 1 IXC, B B 2% , 22 AL RE 8
A MRS 1 A e R =

h Y A ISR A SR T s THIE T AN [ b R
FANN A A IE % [RIRE M K 5 MYD35 7 i
IERRIEATXT L, 25 RNk 4 R . I IR R R
RS AN IE R 5 T MYD35 7 i 1 5

MR AT LI B, 22 2 HHILTE B St ] i Ak il 35
B3t IO vl SR RESS © = T T 3V L o N X o
TR X, 3K E4F 5 ESCESeAHAT . i K2R,
b I, 2 G T 3R R A1 3X AT BB PR A i R A
TNHREAREZ W T A IR 2 RSB 0 2 R
FIHLTE ISR B BOT IR 27 ) BX SRR . 2 2R AL
TEC T L AR 45 52 Z M 3RS I IE B R AH 22 AN K
JF HF¥y T MYD35 7™ (19 I 5, X v] e 3 2 T3 A7
A FH MODIS 77 iy MCDA43C1 5 o B i 3155 1 ik 46 5
Fe i FRIEAUT AR A 1) SV BT . SR, RS ALy
e 5 HE R DN, AR ST 1 2 i Y TE B o B G T
MYD35 7 iy, 3% 0] B8 a2 PR 7 S5 31 12 8 BUARE AR
B, Z R BAWLVEA 562 ) s W A ) Tk
BUR BYRHE
4.4.2 ZERBRANEES k-RIEWB AE UM H B

MR EERIRT EE

k-15% T 4 (K-Nearest Neighbours, KNN) “' FNZ& Il
- #r (Naive Bayesian, NB) Y BE L 7% Mk (Random For-
est, RF) 245l L2 2] s s i o3 ik . AR SCH
3R AR RGBT R TG . X 3 R
2 F s 5 22 )2 N AL R St — 3, B I 2528
I 24 by S S A A R AUL A B A RS

T E BB PR X LA O AR SR IE ) 3
(Accuracy) Fll F1 PEAF X IR P 48 65 . TR AR R 1)
SEIEF U 2= FI 25 AR 2 Ak 5 BB R B Y T
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EM5% | FEARRC | IERS% | FEAKK

HERER AR 82.22 48 575 81.86 26725
RN 87.89 189 812 85.32 119 952
T ARl N 75.14 23 484 76.56 11749
78 IR R 78.14 146 206 79.07 84 908
TRA TR 81.15 300 831 80.28 168 210

e HEAR 77.32 1036 91.76 1141
i BV AR A 79.23 39 085 78.41 43289
FRATA ) i 78.79 465 934 79.78 273 813
FRAT R i 80.35 318 991 80.66 189 121
Bl 71.44 1058 269 75.97 676 581
TR 83.38 10911 83.19 8376
AR 7731 632714 78.69 420 477

I EE T 83.37 21165 83.25 15016
RIRAE A H 84.52 46 529 83.31 32477
VK Hh 75.09 5901 80.54 5606
B SR AR B 73.11 553 863 72.66 369 922

5] . F13E53 4 # 1 % (Precision ) FlIAF 43 % (Recall ) B 45
BV, T TLR6 IWUIR R e bs . Horh , AR ROR
AN R = R R P2 BR R s B R L], A 4%
PRI = G R 5 B B BRER BB .
X AT R AR B (BB, WAL i Mk ey . A
NI

TP+TN

ACCUTacY = o N FP 4+ FN (3)
. TP

Precision = TP EP (4)

Recall= TP (5)

TP+FN

2
Flscore= 1 ] (6)

Recall * Precision

Horr TP R IER PN = R R E G FP AR = 1
2SR R B TN R IE IR0 A S 25458 R 5 PN
Syl FI A5 F R

25 WZ 2L S KNN,NB, RF BT L 4h 5. %
THE SN P bs L B s (B I R . R 5]
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1§ % LR 2 2 BALTNE A RA T ik .
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