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Construction method of watershed scene pattern library via
spatio-temporal multiple features

WU Yirui, WANG Haohang, WEI Dabao, FENG Jun
( College of Computer and Information, Hohai University, Nanjing 211100, China)

Abstract; By representing hydraulic events via constructing multiple features of the watershed spatio-temporal
scene, this study proposed a construction method of watershed scene pattern library via the spatio-temporal multiple
features. The original hydrological data was firstly divided into events to remove the spatio-temporal redundancy of
scene element data. Based on the analysis of element association relation, the corresponding features of scene
elements were constructed via multiple ways. Afterwards, key features of watershed scene were selected by the
feature selection algorithm to realize the scene initialization. Finally, the initial scene was regarded as the feature
space, where the cluster extraction of scene pattern and scene pattern library construction could be carried out.
Experimental results show that the proposed method can not only extract the key spatio-temporal scene data of
hydrological events, but also mine scene patterns to form a scene pattern library, thus providing accurate and
efficient prediction results for the hydrological event with small dataset.

Key words: watershed spatio-temporal scene; scene pattern library; multivariate time series; feature extraction;
time series clustering
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Fig.1 Technical route of watershed scene pattern library construction via spatio-temporal multiple features
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X= (x5, mm)=| : | (1)
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R L —TCh] PR 1 B 45 R
S(x)={s,, | ke[1,l(x)]} (2)
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Hik— —Iu Il B —Joi P EEE x, BIE : threshold st - S(x,) o PRI .
Result={ |
k=1
for j=1 to len(x;)do
if x; >threshold and x, ;>x, ;| and x, ;>x, ,, do// FHAFAE AL
I(k)=j
Result. append (s, , ) //FAi & FRIE AU 4331 B
k++
end if

end for
S(x;) <« Result

[ Result S(x,) ]
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SegSet = { |
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/R B 3 R U SR P T Z TR AL 1Y) 0 1 B 4
HH fori=1 to len(X) -1 do
/ /o VRS 2 18] JEE i
SegCorr[ i ] = Correlation( SegSet[ i ] ,SegSet[ i+1])
end for
// G IR SBRE T 43 I Y, 20 G Il 2 T0 520 4 B i
F=% fori=1 to len(X) -1 do
MultiseSet = MergeSeg ( MultiSeg , SegCorr[ 7 ] )
eng for
Return MultiSegSet
//FEYE AN 73 BB A A S IBe oy BL
function Correlation( SegSet[i],SegSet[j])
Result={ }
for x in SegSet[ i] do//ii i 85—~ 4y EIRAH 4L
Min=inf;temp=null
for y in SegSet[j]do/ /3 I35 — A~ EI 54
if Uion(x,y)! =null and DTWCorr(x,y)do// FEEEA
/ /RS HRAR LU B e/ N 43 B
Min=DTWCorr(x,y)

temp=y
end if
end for
Result. append( <x,y>) // ¥ FBRAY 7 E B AR AF
end for

return Result
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Result={ |

//threshold = 0.5 G560 P45 BT N
if Union(mx, ,my, ) >threshold do
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end if
return Result
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MultiMixFeatureSet = { MixFeature, , MixFeature, , -, MixFeature,,

/RS REABARAR U 23 F il
STFeatureSet = { STFeature, , STFeature, , -+, STFeature,, |
/75 IR R AN 28 R AR 1 — Ak

FeatureSet = { Feature, , Feature, , -+, Feature,, |
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repeat

% C=0(1<isk)
fort=1,2,---,m do
1/ HSEREAR feature, AR w (10 ) OB (ECICHE D)
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AR B T R 1 RE B feature, HUBERRIC A, =argmin, ., _, d,
4?15;27]:,6 KA KR A5 « C)\ =C, U { feature, |
end for

fori=1,2,-,k do
B o = ‘Cl = e

if u; #u, then
e T E ) w, SRR o]
else
PRI 2 HiT (L 1] B AN
end if
end for
Until >4 {ij 42 L 16] 2 2R S0
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3.3 WMWERIHM F1 3BT F S BT ETE
ARSCHAT TPk FETEh S MRILL R EE T Gath-Geva Table 1 Evaluation results of three different
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