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(Error Estimation Based on the Bhattacharyya Distance
for Classifying Multimodal Data)
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Abstract

In this paper, we propose an error estimation method based on the Bhattacharyya distance for
multimodal data. First, we try to find the empirical relationship between the classification error and
the Bhattacharyya distance. Then, we investigate the possibility to derive the error estimation
equation based on the Bhattacharyya distance for multimodal data. We assume that the distribution
of multimodal data can be approximated as a mixture of several Gaussian distributions.
Experimental results with remotely sensed data showed that there exist strong relationships
between the Bhattacharyya distance and the classification error and that it is possible to predict
the classification error using the Bhattacharyya distance for muitimodal data.
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3 1. FSS 8 AleF
Table 1. Parameters of FSS.

No. bands 60 bands
Spectral Coverage 04 - 24 m
Altitude 60 m
IFOV(ground) 25 m

3 07 a5l 4070 Fel) wlole)e) An
Table 2. Information of remotely sensed 40

classes.

0. Soecies Date (No. Species Date
1| WINTER WHEAT (691)| 770308 || 21 PASTURE (225) | 730921
21 WINTER WHEAT (677)| TR6% || 22| WINTER WHEAT (223} | 780615
3| WINTER WHEAT (660)| 771018 | 23(NATIVE GRASS PAS(208) [ 7801726
4| WINTER WHEAT (667)| TRE03 1) 24 PASTURE (217) | 781026
5 |SUMMER FALLOW (643)| 770626 25| SUMMER FALLOW (216) | 780816
6| SPRING WHEAT (515)| 780726 || 26[NATIVE GRASS PAS(209) | 780602
7| SPRING WHEAT (515)| 780602 27]NATIVE GRASS PAS(212) | 780816
8| SPRING WHEAT (474) 780615 || 28| SUMMER FALLOW (209) | 770503
9| SPRING WHEAT (469){ 780921 || 29| SUMMER FALLOW (200) | 780726
10| SPRING WHEAT (464){ 780816 (| S0NATIVE GRASS PAS(1%6) | 780515
11] SPRING WHEAT (454)] 780709 31| SUMMER FALLOW (190) | 780709
12| SPRING WHEA (441)] 781026 | 32INATIVE GRASS PAS(183) | 771018
13|SUMMER FALLOW (411)| 760928 | 33, OATS (182) | 780921
14| WINTER WHEAT (393)| 781026 || 34, OATS (173) | 78076
15| SPRING WHEAT (313)] 771018 35|NATIVE GRASS PAS(170) 79
16| WINTER WHEAT (202)| 770920 || 361 O0ATS 165) | 780816
17] WINTER WHEAT (292)| 780921 || 37, QATS (163) | 78b15
18( GRAIN SORGHUM (279} 70308 || 38 OATS (159) | 780709
19| GRAIN SORGHUM (277)| 760928 39 OATS {l61) | 771018
20 oS (250)| 0602 40| GRAIN SORGHUM (157) | 770605 |
S 3. A4 ¢ mode g W multimodal

T FHs 23¢EY S
Table 3. Number of class pairs according to the
number of dimensionalities and modes.

No. pairs of two multimodal classes

No. Gaussian components (K)

2 3 4 5 Total
1 300 300 300 300 1200
2 300 300 300 300 1200
3 300 300 300 300 1200
4 100 100 100 100 400
5 100 50 50 48 248
Total 1100 1050 1050 1048 4248
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Table 4. Statistics of the classification errors
according to the ranges of the Bhatta-
charyya distance.
Classification error (%)
b Avg. Std. Max. Min. | No. pairs| Propotion
b <0l 972 30 4937 3023 89 209
01<b<02| 3136 277 4001 234 501 139
02<b<04| 2467 301 UR 17% %1 22
04<b<06{ 1871 259 73 1289 662 156
06<b<08| 1443 25 215 946 407 96
08<b<10| 1073 187 1806 729 6 6.0
10<p<12| 815 153 1667 578 145 34
12<b<14] 623 112 | 1254 | 438 ® 22
14=<b<16] 468 061 628 343 9 21
16<b<18] 36 0% 48 268 B 14
18<b<20| 28 050 390 1.8 23 05
20<b<22| 214 0.33 308 150 23 05
22<b<24| LT 040 218 1.09 21 05
24<b<26| 1B 027 193 088 13 03
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Fig. 5. Relationship between the classification error
and the Bhattacharyya distance. (a) N=1,
K=4 (b) N=2, K=4 (c) N=3, K=4 (d) N=4,
K=4 (e) N=b, K=4
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