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Abstract:

High spatiotemporal resolution rainfall estimation is closely related to transportation, tourism, agricultural irrigation and

people’s daily travel. However, accurate high-resolution rain/no-rain classification is a very challenging problem. This paper proposes a
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multi-source data based multi-view learning method for rain/no-rain classification. The multiple source data used in this paper include
radar, satellite and ground observation factors and rain/no-rain observation data. This method can be summarized as follows. Firstly,
VisCAPPI view and VisPPl views are constructed according to the radar observation factors. VisSat view is constructed from the
sunflower satellite data. VisGround view is constructed according to the ground observation factors. Secondly, the views of
VisCAPPI_PPI, VisRadar_Sat, VisRadar_Groumd, VisSat_Ground, and VisRadar_Sat_Ground are obtained by combining features from
preconstructed views. Random forest (RF) classification models are trained from these views using RF method. Finally, the rain/no rain
classification results are obtained from the estimated results of these RF classification models. The main contributions of this paper
arelisted as follows: (1) Present a method for constructing VisCAPPI, VisPPI, VisSat and VisGround views and their feature combined
views for radar, satellite and ground observations; (2) A multi-view weight random forest method (MVWRF) is proposed. Multi-source
data of radar, satellite and near surface observations are fused for rain/no-rain classification with temporal resolution of 6-minute and
spatial resolution of 1kmx1km in virtue of the proposed method. The experimental results show that the proposed method in this paper
can obtain high precision of rain/no-rain classification after training and testing on 393 meteorological stations covered by radar in
Quanzhou on October 7 and 8, 2016.

Key words: multi-source data; random forest; multi-view; rain/no-rain classification
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4
4.1
2016 10 7 8 40km~120km
. CINRAD/SA ( ), 31 (A VisCAPPI
VisPPI 40km~120km , 6 1min
6min 393 . 10min
16 , , 31 (B) VisSat
19 , , 3.1 (C)
VisGround 3.1 (D) 1.
Table 1 Data sets
1
CAPPI 144 3472 2521 951 2.65:1
1 PPI 27 3472 2521 951 2.65:1
144 3472 2521 951 2.65:1
171 3472 2521 951 2.65:1
CAPPI 144 62 804 35972 26 832 1.34:1
) PPI 27 62 804 35972 26 832 1.34:1
144 62 804 35972 26 832 1.34:1
171 62 804 35972 26 832 1.34:1
4.2
a) , ,
. [24]
) 100,
b) , CAPPI PPI
. 100, .CAPPI 1.5km,2.5km,
3.5km  4.5km CAPPI ,PPI 3 PPI
c) .KNN SVM 19 ,
KNN 5,SVM
1 2 5 , 4/5 )
1/5 , b
4.3
TP FN
,FP ,TN
1)
P=TP/(TP+FP) ,
2)
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3)
R=TP/(TP+FN)
4) F-score
F=2*P*R/(P+R)
5) TS
TS=TP/(TP+FP+FN) TS
6)
MA=FN/(TP+FN)
7
FA=FP/(TP+FP)
4.4
. 1 2
2 1 1
) KNN , 2.95%,
4.99%, 8.91%), 14.36%); CAPPI
, 15.84%), 34.65%, 53.96%,
76.14%. , CAPPI .
d , CAPPI
, 1.72%, 5.12%, 23.33%, 19.05%.
Table 2 Experimental results of different methods on data Set 1
2 1
F-score TS
0.648 0.802 0.609 0.692 0.458 0.391 0.352
0.909 0.913 0.759 0.829 0.705 0.241 0.091
CAPPI 0.916 0.929 0.820 0.871 0.762 0.180 0.084
PPI 0.647 0.792 0.539 0.641 0.416 0.461 0.353
KNN 0.589 0.779 0.641 0.703 0.442 0.359 0.411
SVM 0.600 0.729 0.016 0.031 0.016 0.984 0.400
MVWRF 0.931 0.945 0.862 0.902 0.811 0.138 0.068
3 2
Table 3 Experimental results of different methods on data Set 2
3 2
F-score TS
0.585 0.653 0.643 0.648 0.442 0.357 0.415
0.864 0.780 0.575 0.662 0.527 0.425 0.136
CAPPI 0.811 0.833 0.793 0.812 0.669 0.208 0.187
PPI 0.587 0.651 0.618 0.634 0.431 0.382 0.423
KNN 0.539 0.604 0.498 0.545 0.349 0.502 0.461
SVM NA NA NA NA NA NA NA
MVWRF 0.829 0.856 0.842 0.849 0.712 0.159 0.171
3 )
KNN , 8.11%, 29.12%, 40.62%, 9.98%);
CAPPI , 19.45%, 23.33%,

@ i
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41.74%, 54.94%. CAPPI
CAPPI , 2.76%, 6.13%,
23.56%, 8.59%.MVWRF ,
3 2 ,
CAPPI ,
CAPPI ,
5
5.1
4 1,
0.76%, 4.86%, 16.28%,
2.44%. 1.62%, 9.52%, 13.30%,
3.69%. 0.12%, 0.15%, 12.44%,
3.33%.
Table 4 Experimental results of spatial information extensionon data Set 1
4
F-score TS
0.918 0.922 0.782 0.848 0.733 0.215 0.082
CAPPI 0.916 0.929 0.820 0.871 0.762 0.180 0.084
0.909 0.913 0.759 0.829 0.705 0.241 0.091
PPI 0.906 0.931 0.834 0.879 0.767 0.166 0.094
0.648 0.802 0.609 0.692 0.458 0.391 0.352
0.663 0.815 0.667 0.729 0.493 0.339 0.339
0.661 0.814 0.661 0.699 0.472 0.386 0.330
0.659 0.813 0.662 0.729 0.492 0.338 0.341
5 2,
Table 5 Experimental results of spatial information extensionon data Set 2
5
F-score TS
0.847 0.806 0.666 0.729 0.595 0.334 0.153
CAPPI 0.827 0.843 0.801 0.821 0.686 0.199 0.173
0.864 0.780 0.575 0.662 0.527 0.425 0.136
PPI 0.826 0.836 0.781 0.807 0.671 0.219 0.174
0.585 0.653 0.643 0.648 0.442 0.357 0.415
0.589 0.656 0.662 0.659 0.451 0.338 0.414
0.574 0.651 0.713 0.681 0.466 0.287 0.426
0.586 0.656 0.666 0.661 0.453 0.334 0.414
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4.59%, 20.27%, 40.42%,
13.07%. 0.46%, 2.95%, 5.32%,
0.24%. 0.12%, 6.59%, 16.38%,
2.82%.
5.2
K adaboost
RBF , K 5 ;
100,
6 KNN adaboost 1
TS ,
, F-score
; 2 ; ;
Table 6 Experimental results of different machine learning methods on data Set 1
6 1
F-score TS
0.905 0.933 0.842 0.885 0.774 0.158 0.095
NA NA NA NA NA NA NA
KNN 0.919 0.928 0.810 0.865 0.756 0.190 0.081
adaboost 0.919 0.927 0.803 0.861 0.750 0.197 0.081
0.800 0.908 0.888 0.898 0.727 0.112 0.201
7 KNN adaboost 2
, 2 ;
Table 7 Experimental results of different machine learning methods on data Set 2
7 2
F-score TS
0.825 0.852 0.828 0.839 0.704 0.172 0.175
NA NA NA NA NA NA NA
KNN 0.823 0.823 0.747 0.783 0.643 0.253 0.178
adaboost 0.825 0.826 0.753 0.788 0.649 0.247 0.175
0.772 0.816 0.808 0.812 0.652 0.193 0.228
8 KNN adaboost 1
6

Table 8 Experimental results ofrain/no rain classification using different machine learning methods
as basic classifiers on data Set 1

8 1
F-score TS
0.931 0.945 0.862 0.902 0.811 0.138 0.068
KNN 0.903 0.932 0.841 0.881 0.772 0.159 0.097
adaboost 0.929 0.938 0.836 0.884 0.786 0.164 0.071
0.827 0.918 0.884 0.900 0.746 0.116 0.173
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9 KNN adaboost 2

' 1 2

Table 9 Experimental results of rain/no rain classificationusing different machine learning methods
as basic classifiers on data Set 2

9 2
F-score TS
0.829 0.856 0.842 0.849 0.712 0.159 0.171
KNN 0.796 0.829 0.800 0.814 0.664 0.201 0.204
adaboost 0.824 0.833 0.767 0.798 0.659 0.233 0.176
0.768 0.818 0.814 0.816 0.654 0.186 0.230
5.3
(1) (2)
A.
100, .
10 : , VisCAPPI ;
CAPPI_PPI ,
Table 10 Experimental results of different factors on data Set 1
10 1
F-score TS
VisCAPPI 0.916 0.929 0.820 0.871 0.762 0.180 0.084
VisPPI 0.647 0.792 0.539 0.641 0.416 0.461 0.353
VisSat 0.648 0.802 0.609 0.692 0.458 0.391 0.352
VisGround 0.661 0.814 0.661 0.699 0.472 0.386 0.330
VisCAPPI_PPI 0.913 0.934 0.839 0.884 0.777 0.161 0.087
VisRadar_Sat 0.905 0.934 0.850 0.890 0.780 0.150 0.095
VisRadar_Ground 0.662 0.813 0.656 0.726 0.490 0.344 0.338
VisSat_Ground 0.915 0.935 0.842 0.886 0.781 0.158 0.085
VisRadar_Sat_Ground 0.905 0.933 0.842 0.885 0.774 0.158 0.095
11 : VisCAPPI ;
; CAPPI_PPI ,
VisCAPPIl  VisPPI CAPPI_PPI . ,
B.
PCA LSL®] GCCA +PCA
(RKRIZ), o
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11 2
F-score TS
VisCAPPI 0.811 0.833 0.793 0.812 0.669 0.208 0.187
VisPPI 0.587 0.651 0.618 0.634 0.431 0.382 0.423
VisSat 0.585 0.653 0.643 0.648 0.442 0.357 0.415
VisGround 0.574 0.651 0.713 0.681 0.466 0.287 0.426
VisCAPPI_PPI 0.829 0.845 0.804 0.824 0.689 0.197 0.171
VisRadar_Sat 0.826 0.851 0.826 0.838 0.703 0.174 0.174
VisRadar_Ground 0.585 0.656 0.668 0.662 0.454 0.332 0.415
VisSat_Ground 0.824 0.851 0.827 0.839 0.703 0.173 0.176
VisRadar_Sat_Ground 0.825 0.852 0.828 0.839 0.704 0.172 0.175
3 )
, 100, 12 13 ,
VisCAPPI  VisPPI VisSat VisGround
Table 12 Experimental results of different multiview methods on data set 1
12 1
F-score TS
Radar_sat_ground 0.905 0.933 0.842 0.885 0.774 0.158 0.095
PCA 0.279 0.657 0.261 0.373 0.178 0.672 0.672
GCCA 0.735 0.772 0.614 0.684 0.433 0.487 0.405
RKR 0.367 0.670 0.480 0.560 0.290 0.418 0.405
MVWRF 0.931 0.945 0.862 0.902 0.811 0.138 0.068
Table 13  Experimental results of different multiview methods on data set 2
13 2
F-score TS
Radar_sat_ground 0.825 0.852 0.828 0.839 0.704 0.172 0.175
PCA 0.472 0.566 0.474 0.516 0.315 0.513 0.514
GCCA 0.705 0.649 0.696 0.671 0.466 0.421 0.415
RKR NA NA NA NA NA NA NA
MVWRF 0.829 0.856 0.842 0.849 0.712 0.159 0.171
6
, VisCAPPI VisPPI VisSat
VisGround 4 2016 10 7
10 8 131 ,
1) 10 7 1 5
1.72%, 5.12%, 23.33%, 19.05%. 10 8 2
, 2.76%, 6.13%,
23.56%, 8.59%.
2)
3) SVM KNN adaboost
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