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Application of Bayesian Probability Rule to the Combination of Spectral and
Temporal Contextual Information in Land-cover Classification

Sang-Won Lee and No-Wook Park

Dept. of Geoinformatic Engineering, Inha University

Abstract : A probabilistic classification framework is presented that can combine temporal
contextual information derived from an existing land-cover map in order to improve the classification
accuracy of land-cover classes that can not be discriminated well when using spectral information only.
The transition probability is computed by using the existing land-cover map and training data, and
considered as a priori probability. By combining the a priori probability with conditional probability
computed from spectral information via a Bayesian combination rule, the a posteriori probability is
finally computed and then the final land-cover types are determined. The method presented in this paper
can be adopted to any probabilistic classification algorithms in a simple way, compared with
conventional classification methods that require heavy computational loads to incorporate the temporal
contextual information. A case study for crop classification using time-series MODIS data sets is
carried out to illustrate the applicability of the presented method. The classification accuracies of the
land-cover classes, which showed lower classification accuracies when using only spectral information
due to the low resolution MODIS data, were much improved by combining the temporal contextual
information. It is expected that the presented probabilistic method would be useful both for updating the
existing past land-cover maps, and for improving the classification accuracy.
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Fig. 1. Schematic diagram of the classification methodology
presented in this study.
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Fig. 2. MODIS NDVI data (June 26th, 2009} in the study area. (a) lowa, (b) Kansas.

Table 1. Classification classes considered in the case study and the numbers of training and reference pixels

Corn 1,494 1,494

Iowa
Soybeans 1,184 1,184
Sorghum 534 534
Winter wheat 1424 1,424

Kansas
Fallow/Idle 1,032 1,032
Pasture/Grass 2921 2921
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Hollie 42420} FAR|E F2 Wslslglon FAAE
A& Ao vl AoR ehgh AT Ao
o 7V B AGE sk 24 FELS g 24

FEon fAES I 4 Ark ot 2008
2009 Ato]e] o] BHEL o] F5F Il AR

g2 olgaloi,

4) 25 Zut
of oAM= FAE ERE %6}0:] SVM E2 u
N3} SYMO) AFZE T} A7 BMA B Asksh gy

& 27} A8318iet sVMe “Xﬂ 482 SlsiA
Agt A gt ojof 4eutEls wEn|e o] dAjo] Ba
t}, o] Aol 7P dRka o R o] ARRE[HA A
3 Ado| v AHH R Yol Frn LA
Radial Basis Function(RBF) Hd& AR&st3ict, 0]
RBF #d9] getu]g 2 7H-AlRt Fejo] Ade) &
AAohe yob LRt oW A7) Abold] Fake
AAst= et E(C) 270F A4 slof sl=d], o] A+
oA mhebulE|9] Aol LIBSVM AZESo|9] 1
= 24 BE #8519 tHChang and Lin, 2011),
a2 A e Cof ol WSt 1S AR
T, EH Aol gt v A5 T P £ A"
%7b 2 g E Adske otk o] ad=

] 6‘}01] lowa 7\]@«] Ccet 7%;33 167} 2

rlr
)

ol
=i

0 fU

%2 93] Table 19 A% My} &
2} P 298 Tof| BAX R A

~449-



Korean Journal of Remote Sensing, Vol.27, No.4, 2011

Table 4. Classification accuracy

Accuracy Towa ‘Kansas -
Method Overaltaccuracy | Kappa coefficient | Overall accuracy | Kappa coefficient
Spectral information 76.39% 0.52 75.74% 0.62
Spectral information+Temporal information 82.57% 0.65 81.05% 0.71
Table 5. -Wi i _
able 5. Class-wise accuracy in lowa Hares olaly| 98] Al A Howa uwsielct
Accurac
Method Y| Com Soybeans  Table 59| Towa X|69] ATE LWRu Lol T
Spectral information 7631% | 1641%  FOIA OF 7% EQIES] AE o] Ukttt Ik
Spectral information+Temporal information | 82.09% | 83.24% 3} Table 62 Kansas A9 9] o=, &4 2% 291
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LER9Ith Kansas

29] A9 Towa AT oFA AL A9k 7lHe) o HEY T TE o] B YR Y
o) oF 5.5% EQlEo] WA ehme] g 0009 7F B ACE \;Lgc}
o} A20] B 9. 2= glelet Fig, 3% Fig. 4= T A7 A9 24 A7un
A Afwd} o] 7k Ajele) By guy e & Ol8% R Adeb ARt 7MoR A £R A%
Table 6. Class-wise accuracy in Kansas
A
Metiod coutacy Sorghum Winter wheat Fallow/Idle Pasture/Grass
Spectral information 65.63% 70.92% 68.51% 81.19%
Spectral information+Temporal information 71.49% 76.15% 7040% 88.54%
iy
Com
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@

!:..tm s RS 5 e
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Fig. 3. Classification results in the IOWA area. (a) and (b) are based on only spectral information and the combination of spectral and
temporal contextual information, respectively. White pixels are masked ones.
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Fig. 4. Classification results in the Kansas area. {a) and (b) are based on only speciral information and the combination of spectral
and temporal contextual information, respectively. White pixels are masked ones.

T UEHIL Ank 27 Aol s AAY B Ao AL FESEE Qv
BAEEE o8 72, lowa AFoM = T &5 Zk A4 o A EEGLE Fig. 500 AAISHT,
] (o]

59 985 Po] HUHOE To REFS BT T X BEH AR BY JuE AYFORH BT
Folom YR nT Yo k) e ysta gl 3RS 243 Al AF B8] 452 deg
o} Kansas AGoIAE oA AolA] A1EE A7) oh W GAHRTE o[ §3S B9, AR T
SHe B §EE0] Al Uehtm gtk B9 F Aol 2o Holrt FEAAA G AeelM HE £5 US
BEGN B GPARDS oSG Aol AT o] ARELAL AT TEY K Ao|2 0T}
Moz 798 A2 A YeS FEIY VST W AR 4 Qe W, A B 3RS WA 2UE 7
WA B NS A%E Ao ) B AW 9, BX) 53 Y8 TR Aojsh HolAuA g
Fee] e YU WA WG 5 ) o) T Bl HF EF YRl BAHAL, 01T U P
sh B% A7 9 5 At & o] e FEOR B8 980 23H R0
o LR Aokt B e 7|2 B wued = uuE
B Auoh o] AT 3ES W AT 4 9l olFt QPAE F H Asny] Sl8), B JAEn
Wehd AT A AS B8-S Bo olelt BR AT 9 0§ B AN AR B 4N W AP
SO A P RIS AAAOR BAR £ Qe ER A0S rusle] £5 24} iR saE vl
Hol gtk o] ATolAE ALE B0 WS HES B S ANSAT lowa 2] 5, A7 B 4uE A
A 5% T 5E AR A7) O A MES A4 RN MY GPHENS olgd 2R A% of
A Hh A B A o] ol g3} 2 202 kgt Kansas

o VRS T2 T} SAA Aol
S, V(EA 9% 8 AN] THISS 2 YT 02 s £F Ak uil Ao ehid, w3

1o
=
N
18
ki
‘11'1"
iy
R
oX,
H
1o

—451-



Korean Journal of Remote Sensing, Vol.27, No.4, 2011

08-10

08-08
Edlo7-08
| {06-07
el 05.08

0-05

(@

Fig. 5. Maximum posteriori probabiliies. (a) and (c) show the maximum posteriori probabilities computed from spectral information
only in lowa and Kansas, respectively. The maximum posteriori probabilities by combining spectral and temporal information
in lowa and Kansas are shown in (b) and (d), respectively. White pixels are masked ones.
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Fig. 6. Box-plots of maximum posteriori probabilities at the label-changed pixels by combining temporal contextual information. Five

vertical lines are the 0.1 quantile, lower quartile, median, upper quartile, and 0.9 quantile. Two black dots denote 0.05 and
0.95 quantiles, respectively.
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