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Sub-pixel mapping based on BP neural network with multiple
shifted remote sensing images
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Abstract: A new sub-pixel mapping method is presented in this paper, which makes use of multiple shifted remote sens-
ing images to enhance the back-propagation neural network ( BPNN)-based sub-pixel mapping method. Different from
the original BPNN method that uses a single observed coarse spatial resolution image, the new method integrates multiple
coarse spatial resolution images that are shifted from each other to determine the probability of a sub-pixel belonging to
each class. The probabilities and land cover fractions are then used to allocate classes for sub-pixels. The proposed meth-
od can decrease the uncertainty and errors in BPNN-based sub-pixel mapping. Experimental results show that with both
visual and quantitative evaluation, the proposed method can obtain more accurate sub-pixel mapping results.

Key words: remote sensing images, sub-pixel mapping, back-propagation neural network (BPNN) , multiple shifted
images
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Fig.1  Sub-pixel mapping results for test site 1. (a) Refer-
ence. (b) BPNN result. (c¢)Result of the proposed method
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Fig.2 Fraction images for test site 1. From left to right; road,
tree, building and grass. (a) Fraction images of the coarse reso-
lution image without sub-pixel shift. (b) Fraction images of the
coarse resolution image with shift of (0.5, 0.5) coarse pixels



530 405 2 K ¥ 3%

(a) (b) (©)

| EIS EiS BTG

K3 52 WERITEMEER (a) ZHE (b) BPNN £5R
() B kgt

Fig.3 Sub-pixel mapping results for test site 2. (a) Refer-
ence. (b) BPNN result. (c)Result of the proposed method
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Table 1 Confusion matrix of two methods for test site 1
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Table 2 Confusion matrix of two methods for test site 2
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Table 3 Sub-pixel mapping accuracy assessment

Y1 i 2
BPNN Bk BPNN RS
Kappa 0.9590 0.9770 0.8611 0.918 8
PCC 97.74% 98.73% 90.04% 94.18%
Kappa’ 0.9001 0.943 8 0.7067 0.8287
PCC’ 93.40% 96.29% 79.83% 88.21%
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Fig.4  Sub-pixel mapping accuracy assessment for
test site 2 with various zoom scale. (a) Kappa and
Kappa’. (b) PCC and PCC’

ftstk: 1=0.1.2.3.4 F15.¢=0 SLFR_EX PR
T BREELL. B 5 i T AR RS T 4 T
. ATLAWRZE R 1) £ 1 20 A% 1B 15 BE 3 50 s (o0
JBE52) AN TR i % i 275 B AS [ ) S AR T R 60 B2 5
3) FEAw RS M FRERAG T RE ARG B fe -

1.00
0.99

0.98 /&"

0.96

d

0.95
0.94 +
0.93 = Kappa
092 - == PCC
weifen K ’
091 | appa
—&= PCC’
090 1 i 1 i 1
0 1 2 3 4 5

BS Gl mBERIHE(S=6)
Fig.5 Analysis of sub-pixel shifts for test site 1(S=6)
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