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Abstract: The spectral features and differences in bright vegetation area, shaded vegetation area and water area
were investigated by the experimental data from four medium resolution remote sensing images of ALOS AVNIR-
2, CBERS-02B CCD, HJ1A-CCD2 and Landsat 7 ETM. Based on the near-infrared band and normalized differ-
ence vegetation Index (NDVI), Normalized Shaded Vegetation Index ( NSVI) was constructed and the enhance-
ments of spectral differences and classification effect were also evaluated. The results show that NSVI has increased
the relative diferences of the spectra in bright vegetation area, shaded vegetation area and water area, and reduced
probability of misapplication for the spectral data. The NSVI threshold method was employed to classify the four
experimental images. The overall accuracy is over 97% , and the overall Kappa coefficient is above 0. 96. The de-
tection accuracy of the shaded vegetation area is over 94% and the Kappa coefficient is also higher than 0.96. By
using radiation differences of the near-infrared band between the ground objects, NSVI can solve the problem that
NDVI can only partially weaken the topographic effect and enlarge the spectral differences among the ground ob-

«

jects. NSVI enhances the validity of the ground objects especially in the shadow detection and avoids the “satura-

tion” problem of NDVI. It can provide a new solution to remove the shadow in remote sensing images.

Key words: normalized shaded vegetation index( NSVI) , bright vegetation area, shaded vegetation area, water ar-
ea, shadow detection
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Introduction

Due to the mixed effects of solar incident angle, sat-
ellite pendulum, objects height and topography, there
are differences in spectral response to the same objects,
namely “the same object has different spectra”. When
illuminated area is enlarging, it will form bright area
caused by high brightness; when light is blocked, it will
lead to shaded area. Thus, the remote sensing images
display two levels of brightness and shadow which make
more strong sense of three-dimension. Loss of information
on remote sensing images in shaded area seriously inter-
feres with the accurate object recognition and the con-
struction of quantitative algorithm''>'. With persistently
improved spatial resolution of remote sensing images, the
interference of shadow is also intensified. It has become
a consensus to urgently detect and eliminate the influence
of shadow'**'. The previous studies on shadow removal
of remote sensing images are mostly based on the shad-
ows of civic architectures and the data sources with high
spatial resolution. For instance, Li et al. ) came up
with a method for automatic shadow detection and shadow
removal , including shadow stimulation, ray tracing, inte-
grated shadow detection, shadow removal and other pro-
cedures. Yang et al. '®' presented an automatic property-
based approach for shadow removal of color image.
Yamazaki et al. °’ analyzed the radiation effects of archi-
tectural shadows of QuickBird in which the threshold
method was used to extract shadows and the spectral rela-
tionship model of the same object in bright area and sha-
ded area was constructed respectively which was condu-

. . . [10]
cive to spectral correction. Zigh et al. proposed a
method in automatic shadow detection and shadow remov-
al by the virtue of high resolution images of dense urban
area which contains shadow extraction with property
based method and stereo matching. Su et al. '™ pro-
posed a new algorithm for the shadow problem of pan-
chromatic spectral image with high resolution in urban ar-
ea. Combined with the application of a bi-model histo-
gram splitting method and image matting technique, the
algorithm can realize automatic detection of shadows and

remove shadows by the virtue of spatial adaptive non-lo-
cal sparse shadow removal method. Obviously, shadow
detection is an indispensable and fundamental step to re-
move the shadow of remote sensing images and its effec-
tiveness is an important guarantee[é‘lz'm. However,
there are confusing problems between images of shadow
and water and other objects'”’ | namely the phenomena
of “the different objects are in the same spectrum”.

The shadow detection procedure should be further
investigated by enlarging the spectral difference between
different objects, especially the shaded area and other
objects, as well as effectively reducing the spectral con-
fusion probability of different objects. In addition, the
study brings forth some new ideas on data source and sur-
vey regions with medium resolution remote sensing ima-
ges mainly cover non-urban areas, and enhances spectral
recognition of ground objects through the calculation of
bands and the construction of new index model.

1 Experimental data

To analyze the construction principles and applica-
tion effects of Normalized Shaded Vegetation Index ( NS-
VI) , four multi-spectral images were derived from Japan
ALOS AVNIR-2 (Level 1B2), China CBERS 02B-CCD
(Level 2), China HJ1A-CCD2 ( Level 2) and USA
Landsat 7 ETM. The transiting time and track number of
its corresponding satellite is respectively; November 8,
2010, 25513/3100; November 20, 2009, 371/72; May
25, 2010 449/88; March 10, 2003, 135/41. The ob-
tained images were not involved with preprocessing
steps, such as radiometric correction, geometric correc-
tion, orthorectification and so on. The multi-spectral
bands design parameters of four remote sensing images
are as shown in Table 1. To improve the efficiency of the
experiment, small parts of regions were masked from the
four remote sensing images respectively as the experimen-
tal data. The experimental regions are located in the
south of China, with large topographic relief and high
vegetation coverage (Fig. 1). The experimental data of
ALOS AVNIR-2 is 1012 rows x 571 columns, collected
in Zhangpu County of Fujian Province; the data of

Table 1 Multi-spectral bands design of four remote sensing images

F1 MHERZESERRILT

ALOS AVNIR-2 CBERS-02B CCD HJ1A-CCD2 Landsat 7 ETM

Blue band 0.42 ~0.50 pm 0.45 ~0.52 pm 0.43 ~0.52 pm 0.45~0.52 pm
Green band 0.52 ~0.60 pm 0.52~0.59 pm 0.52 ~0.60 pm 0.52~0.60 pwm
Red band 0.61 ~0.69 um 0.63 ~0.69 pm 0.63 ~0.69 um 0.63 ~0.69 pm
Near-infrared band 0.76 ~0.89 um 0.77 ~0.89 pm 0.76 ~0.90 pm 0.76 ~0.90 um

Short-wave infrared band -

Pixel size 10 m

1.55~1.75 pm (Band 5)
2.08 ~2.35 pm (Band 7)

19.5 m 30 m 30 m
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CBERS 02B-CCD is 520 rows x 294 columns, collected
in Ganzhou City of Jiangxi Province; the data of HJTA-
CCD2 is 964 rows x 525 columns, collected in the cen-
tral area of Taiwan Province; the data of Landsat 7 ETM
is 631 rows x 357 columns, collected in southern Tibet.
By observing the remote sensing images, it can be seen
apparently that the vegetation is the main object in the
image and there are obvious bright and shaded layers in
the vegetation area. The phenomenon of “the same ob-
ject has different spectra” is common. Therefore, it was
selected as experimental data to test the validity of the
constructed index.

80°0’'E 100°0'E 120°0'E 140°0'E

40°0'E 40°0'E jlangxi  CBERS-02B CCD

30°0'E B 0°0'E

Fujian ALOS AVNIR-2

20°0'E h0°0'E

10°0E 10°0'E__ .
Taiwan HJ1A-CCD 2

0 5001000 2 000 km

Landsat 7 ETM

Fig. 1 Experimental remote sensing images (RGB: NIR, R,
B 1 8028 (RGBT LM B LG By (B0t B )

2 Principle and method for construction
of NSVI

2.1 Analysis on spectral features of remote sensing
images

The experimental images contain rich information of
vegetation, followed by water area and a small part of
lands for residence and transportation. Through the con-
struction of NSVI which can enlarge the spectral differ-
ences among bright vegetation area, shaded vegetation
area and water area, the study focuses on the spectral
features of the above three types of objects and other ob-
jects are ignored. In this study, the grey information of
the original pixels was kept and was not stretched and the
data type was unsigned 8-bit with grey value ranges [0,
255]. NDVI is one of the most widely used vegetation
indices in vegetation extraction' """, Therefore , the ND-
VIs of each remote sensing image in the experimental ar-
ea except the original bands were normalized and the val-
ue belonged to the range [0, 1]. 90 coordinates were
generated in each remote sensing image and distributed
uniformly in the bright vegetation area, shaded vegetation
area and water area which helped to read DN value and
NDVI value of each band by providing the coordinate in-
formation.

There are differences in features between the origi-
nal DN and actual reflectivity before radiometric correc-
tion, atmospheric correction and other preprocessing. It
is mainly manifested in the vegetation area where the

spectral value of blue band is higher than that of green
band, unlike the small peak of reflection which is formed
by the green band. Apart from that the spectral value of
red band is a little higher than that of the green band for
data of CBERS-02B CCD, in the other three remote
sensing images, the vegetation DN value of visible bands
decreases with the increase of wavelength. Nevertheless,
it can sum up several important features (Fig. 2): (1)
In the near-infrared band, the vegetation spectral value is
much greater than that of the visible bands and rises
steeply which correspond to the vegetation spectral fea-
tures. It shows that the rich information of the near-infra-
red band is a significant feature in extracting vegetation
information. (2) Whether in bright vegetation area or in
shaded vegetation area, there are similar features in the
spectral curve of the region between the visible to the
near-infrared bands. The value of shaded vegetation area
is lower than that of the bright vegetation area with differ-
ent descent degree which indicates that more information
of shaded vegetation area is lost. This adds the difficulty
for its precise extraction. (3) In the case of taking only
spectrum average into consideration, the spectral re-
sponse curves of bright vegetation area and shaded vege-
tation area do not cross and their differences in the near-
infrared band are much greater than that in the visible re-
gion. However, if all the DN values of sample points are
taken into account, it will increase the confusion in these
two different vegetation areas. (4) Compared with the
vegetation, it is more complicated to measure spectral re-
sponse of water by the sensors which are related to the
types of water including the quality of water, hydrology
and other conditions'"™®?"). In four experimental areas,
the spectral response curves of water area and vegetation
areas are across and there is less difference between wa-
ter area and shaded vegetation area than bright vegetation
area. This shows that the differences among the bright
vegetation area, shaded vegetation area and water area in
the near-infrared band are greater than that of the visible
bands, but there still is a common phenomenon of confu-
sing spectra.

NDVI is considered as the best indicator for the eco-
logical status and the coverage of vegetation, and it is al-
so one of the most widely used remote sensing indices
which can remove the effects of sun elevation angle, sat-
ellite observation angle, topography, cloud shadows and
other changes in radiation which are related to atmos-
pheric conditions. However, NDVI is not sensitive e-
nough to assess the high vegetation coverage areas and is
easy to be saturated' ', Normally, NDVT is limited to
[0, 1]; in general, the negative value represents that
what covers the ground is cloud, water, snow, etc; O re-
presents the existence of rock or bare soil; the positive
value indicates vegetation cover. In other words, by vir-
tue of positive values and negative values, NDVI can
serve as an empirical criterion to distinguish vegetation
cover from other objects covers. In this study, the range
of NDVIis [0, 1] and it can obtain the similar laws ac-
cording to the reference. We randomly sampled 90 points
in remote sensing images, the average, maximum and
minimum of NDVI were calculated, and results can be
seen in the following Fig. 3. (1) In aggregate, the ND-
VI values of bright vegetation area are the highest, fol-
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lowed by shaded vegetation area, and water area is the
lowest; (2) The difference of NDVI among different
kinds of vegetation is not obvious. NDVI of the bright
vegetation area is about 0.9, except for the shaded vege-
tation area of Landsat 7 ETM NDVI is 0. 54, NDVI val-
ues are all above 0.7 in the other three remote sensing
images; (3) The NDVI values in water area are the low-
est, which is generally between 0.2 10 0.4; (4) By tak-
ing all sample values into account, there are also the
phenomena of crossing in the NDVI of the three typical
objects which are inclined to confuse features of bright
vegelation area, shaded vegetation area and water area.
A number of studies have shown that it is difficult to dis-
tinguish water, vegetation and other objects effectively in
many cases with the only NDVI use'”*). Combining the
above analysis, it is easy to understand that the main
cause of confusion between water and vegetation is that
the phenomena of “ different objects are in the same
spectrum” in water area and shaded vegetation area. The
results may be the increase of water reflectivity and the
decrease of vegetation reflectivity. For instance, when
the flood disaster occurs, it will add sediment, suspen-
sion and impurity which will lead to the rising of reflec-
tivity'*) . The existence of shadows will also result in
the loss of spectral information.

lgo| — Bright vegetation arca 140r  —— Bright vegetation area
o 140! —=-Shaded vegetation area 2 1207 —=-Shaded vegetation area
£ 120 —+ Water area £ 100F - Water area
& 100 s 80 £
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& 60 N A e, St
a 40 A 40
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0 0
Bine Green Red Near-infrared Bine Green Red Near-infrared
band band band band band band band band
Band of image Band of image
ALOS AVNIR-2 CBERS-02B CCD
140[  — Bright vegetation area 1201 . Bright vegetation area
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HJ1A-CCD2 Landsat 7 ETM

Fig.2 Statistics of DN in bright vegetation area, shaded veg-
etation area and water area

P2 BSE XA 5 DR K AR DX DN (B SE T

1.0
0.8
x~ 06
Q
= 0.4
02t FTTTT7 — Bright vegetatioh area
-- Shaded vegetatipn area
0 -~ Water area
ALOS CBERS- HJ1A- Landsat
AVNIR-2 02B CCD CCD2 7ETM

Remote sensing image

Fig.3 Statistics of NDVI in bright vegetation area, sha-
ded vegetation area and water area
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2.2 Constructing algorithm of NSVI

The above analyses show that there is crossing in

each graph of visible band, near-infrared band, NDVI
and the phenomena “different objects are in the same
spectrum” lead to the misclassification. But there is ob-
vious difference in near-infrared band of bright vegetation
area, shaded vegetation area and water area. The DN
value of bright vegetation ranks the first, then shaded
vegetation is the second and the water area is the lowest.
Because NDVI is one of indicators for features, it can
magnify the difference among the three objects and make
easier distinguishing by multiplying the value of NDVI
and the value of near-infrared band. Therefore, it con-
structed a model of Shaded Vegetation Index (SVI) and

its formula is:
(NIR -R) x NIR
SVI =NDVI x NIR = NIR + R , (1)
where SVI is Shaded Vegetation Index; NDVI is Normal-
ized Difference Vegetation Index; NIR is the grey value
of near-infrared band; and R is the gray value of red
band.

The DN of original pixels in remote sensing images
is in [0, 255], while NDVI was normalized in the rage
of [0, 1]. So it is evident that SVI can enlarge the ab-
solute difference between the ground and object which
will be further proved in the following paragraphs. Be-
cause the relative difference is more valuable than abso-
lute difference, the relative difference [ is defined as:

V-V,
I: min (2)

Viin '

where I represents the relative difference between the o-
riginal target ground object and the target ground object
with minimal value of DN or NDVI; V represents the val-
ue of DN or NDVI of the target ground object; V, repre-
sents the minimal value of DN or NDVI.

In order to maintain the same level with NDVI, SVI
was normalized which turned to normalized shaded vege-
tation index and the formula is:

sy 2 SVI-SVL,, G
- SVImax - SVImin ’ )

where NSVI is normalized shaded vegetation index;
SVI, .. is the maximum of SVI and SVI ; is the minimum

max min

of SVI in the corresponding range.

min

3 Application effects of NSVI

3.1 Evaluation of enhancement effect on spectral
difference

As the normalized vegetation index, the calculation
of NSVI needs to use the maximum and minimum of NS-
VI within the range. In our research, NSVI and NS-
VI

i were adopted from two perspectives. First, the rel-

ative values of difference Iy, of bright vegetation area,

"
shaded vegetation area and water area were calculated
respectively, based on 90 random sample points. Sec-
ond, it calculated the relative difference Iy, on the ba-
sis of whole experimental remote sensing images. The
results in Table 2 are as follows: (1) The features of
the normalized mean value of NIR is that the bright veg-
etation is on the top, then followed by shaded vegetation
area and the last is water area. But, the relative differ-
ence between shaded vegetation area and water area is
not significant according to the data from HJ1A-CCD2
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and Landsat 7 ETM. (2) The means of NDVI have the
same features, but the relative difference of NDVI is
higher than the normalized NIR. The relative difference
between shaded vegetation area and water area is en-
larged, but there is a declining trend of the relative
difference between bright vegetation area and shaded
vegetation area which is related to the * saturation”
problem of NDVI. (3) It shows a clear rank of the NS-
VI means of three ground objects which enlarges the
difference between bright vegetation area and shaded
vegetation area as well as shaded vegetation area and
water area, and it can also provide an important refer-
ence for solving the “saturation” problem of NDVI. Ob-
viously, NSVI has enlarged the difference among bright
vegetation area, shaded vegetation area and water area
which can provide a new method for the effective shadow
detection of remote sensing images.
3.2 Analysis on classification effect

Through the above analyses, it can be drawn that
NSVI can not only ensure the absolute difference among
bright vegetation area, shaded vegetation area and water
area, but also substantially enlarge the relative differ-
ence. Due to the magnified difference, it helps to get a
better classification effect. With the reference to princi-
ple of object recognition, the thresholds of NSVI were
determined combined with the accuracy of random verifi-
cation point and the visual effect. The setting of thresh-
old has direct influence on the image classification.
Therefore, it took 0. 01 as step to calculate the classifica-
tion accuracy successively on the basis of ascertained
threshold intervals, and the highest one is the setting
threshold. NSVI thresholds of four remote sensing images
are shown in Table 3, and the classification results in
Fig. 4. Accuracy assessment method was adopted in the
classification. In each image, 300 verification points
were generated randomly. Table 4 indicates that overall
classification accuracy is over 97% , and the overall Kap-
pa coefficient is above 0. 96. The detection accuracy of
shaded vegetation area is above 94% and the Kappa co-
efficient is higher than 0. 96 which correspond to the pre-
vious point. Likewise, three vegetation indices of NDVI,
normalized difference umbra index (NDUT) '**! and shad-
ow index (SI)"*) were introduced to evaluate the classi-
fication accuracy. Table 5 shows that NDVI is able to
distinguish vegetation and water information but fails to

Table 2 Enhancement effect on spectral difference in NSVI

FR2 NSVI itz Rigmy R

distinguish bright vegetation area and shadow vegetation
area effectively. The classification effect of SI is better
than NDUI but neither can be compared with that of NS-
VL

Table 3 Threshold setting of bright vegetation area, shaded
vegetation area and water area

®3 HEREH PRRER KEXBEIRE

N ALOS AVNIR-2 CBERS02B CCD  HJIA-CCD2  Landsat 7 ETM
jec

Bright  vegeta- B

i NSVI=0.46  NSVI=0.58  NSVI=0.60  NSVI=0.50
tion area

Shaded vegeta-  0.09 <NSVI  0.23 <NSVI  0.31 <NSVI  0.11 <NSVI
tion area <0.46 <0.58 <0.60 <0.50
Water area NSVI<0.09  NSVI<0.23  NSVI<0.31  NSVI<O. 11

"“ 3 4 e <
LOS AVNIR-2 CBERS-02B CCD HJ1A-CCD2

Landsat 7 ETM

Bright vegetation area

B4 RIRRA KL

Fig.4 Classification results of experimental images

| Shaded vegetation area Water area

There may be a misclassification among bright vege-
tation area, shaded vegetation area and water area, for
example, the shaded vegetation area may be classified by
mistake as water area and vice versa. According to the
construction principle of NSVI and the classification of
sample points, the spectral features of several sample
points which are still misclassified were analyzed emphat-
ically, then it can be seen that for the sample points
which are close to the threshold of NSVI classification, if
the value of near-infrared band is higher and NDVI is
lower or NDVI is higher and near-infrared band is lower
in one of two ground objects, there still is the possibility
of misclassification. Of course, the probability will de-
crease substantially in contrast to NDVI.

Tmage type Object Normalized NIR mean NDVI mean NSVI mean Ivir Ixpwvi Insvip Insyn

Bright vegetation area 0.55 0.90 0.83 2.93 2.77 11.12 12.40

ALOS AVNIR-2 Shaded vegetation area 0.32 0.72 0.39 1.29 2.02 4.81 5.36
Water area 0.14 0.24 0.06 - - - -

Bright vegetation area 0.48 0.87 0.85 1.22 2.51 6.08 7.92

CBERS-02B CCD Shaded vegetation area 0.36 0.71 0.51 0.66 1.87 3.39 4.41
Water area 0.22 0.25 0.09 - - - -

Bright vegetation area 0.42 0.92 0.85 0.72 1.54 3.29 5.12

HJ1A-CCD2 Shaded vegetation area 0.29 0.82 0.49 0.17 1.26 1.61 2.51
Water area 0.25 0.36 0.14 - - - -

Bright vegetation area 0.31 0.85 0.72 1.06 2.52 5.82 6.97

Landsat 7 ETM Shaded vegetation area 0.15 0.54 0.22 0 1.23 1.19 1.42
Water area 0.15 0.24 0.09 - - - -
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Table 4 Accuracy assessment of classification results based on NSVI

=4
ALOS AVNIR-2

ETF NSVI 45 RGBT,

Class name

Reference totals Classified totals Number correct

Producers accuracy/ %

Users accuracy/ %

Kappa coefficient

Bright vegetation area
Shaded vegetation area

Water area

100 103 100
100 96 95
100 103 99

100 99.01
95.00 98.96
99.00 96.12

0.9851
0.9844
0.9417

Overall classification accuracy =98.00%

Overall Kappa coefficient = 0.9700

CBERS-02B CCD

Class name

Reference totals Classified totals Number correct

Producers accuracy/ %

Users accuracy/ %

Kappa coefficient

Bright vegetation area
Shaded vegetation area

Water area

100 101 100
100 96 94
100 103 98

100 99.01
94.00 97.92
98.00 95.15

0.9851
0.968 8
0.9272

Overall classification accuracy =97.33%

Overall Kappa coefficient =0.9600

HJIA-CCD2

Class name

Reference totals Classified totals Number correct

Producers accuracy/ %

Users accuracy/ %

Kappa coefficient

Bright vegetation area
Shaded vegetation area

Water area

100 100 100
100 103 98
100 97 95

100 100
98.00 95.15
95.00 97.94

1
0.969 1
0.9272

Overall classification accuracy =97.67%

Overall Kappa coefficient =0.9650

Landsat 7 ETM

Class name

Reference totals Classified totals Number correct

Producers accuracy/ %

Users accuracy/ %

Kappa coefficient

Bright vegetation area 100 100 100 100 100 1
Shaded vegetation area 100 101 99 99.00 98.02 0.9703
Water area 100 99 98 98.00 98.99 0.9848
Overall classification accuracy =99.00%  Overall Kappa coefficient =0.9850
Table 5 Accuracy assessment of classification results based on NDVI, NDUI, SI
%5 ETF NDVINDUIL SI 4245 RIEE T
ALOS AVNIR-2
Vegetation index Class name Reference totals Classified totals Number correct Producers Users Kappa coefficient
accuracy/ % accuracy/ %
Bright vegetation area 100 97 54 54.00 55.67 0.3267
NDVI Shaded vegetation area 100 100 53 53.00 53.00 0.3003
Water area 100 102 98 98.00 96. 08 0.9483
Overall classification accuracy =68.33%  Overall Kappa coefficient =0. 528 4
Bright vegetation area 100 88 60 60. 00 68.18 0.4742
NDUI Shaded vegetation area 100 93 59 59.00 63.44 0.4275
Water area 100 119 89 89.00 74.79 0.7064
Overall classification accuracy =69.33%  Overall Kappa coefficient =0. 5400
Bright vegetation area 100 112 89 89.00 79.46 0.7082
ST Shaded vegetation area 100 87 71 71.00 81.61 0.6512
Water area 100 101 81 81.00 80.20 0.7524

Overall classification accuracy = 80.33% Overall Kappa coefficient = 0.7050

CBERS-02B CCD

Vegetation index Class name Reference totals Classified totals Number correct Producers Users Kappa coefficient
accuracy/ % accuracy/ %

Bright vegetation area 100 104 61 61.00 58.65 0.3911

NDVI Shaded vegetation area 100 94 53 53.00 56.38 0.3300
Water area 100 102 98 98.00 96.08 0.9552

Overall classification accuracy =70.67%  Overall Kappa coefficient =0. 560 0

Bright vegetation area 100 95 68 68.00 71.58 0.5519

NDUI Shaded vegetation area 100 85 59 59.00 69.41 0.4779
Water area 100 120 90 90. 00 75.00 0.7143

Overall classification accuracy =72.33%

Overall Kappa coefficient =0. 5850
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Vegetation index Class name Reference totals Classified totals Number correct Producers Users Kappa coefficient
accuracy/ % accuracy/ %

Bright vegetation area 100 99 78 78.00 78.79 0.6767
ST Shaded vegetation area 100 93 70 70.00 75.27 0.5954
Water area 100 108 88 88.00 81.48 0.7647

Overall classification accuracy =78.67%  Overall Kappa coefficient =0. 6800

HJ1A-CCD2
Vegetation index Class name Reference totals Classified totals Number correct Producers Users Kappa coefficient
accuracy/ % accuracy/ %

Bright vegetation area 100 104 60 60.00 57.69 0.3762
NDVI Shaded vegetation area 100 94 52 52.00 55.32 0.3147
Water area 100 102 98 98.00 96. 08 0.9552

Overall classification accuracy = 70.00% Overall Kappa coefficient = 0.5500
Bright vegetation area 100 118 81 81.00 68. 64 0.5981
NDUI Shaded vegetation area 100 80 60 60.00 75.00 0.5263
Water area 100 102 78 78.00 76.47 0.6567

Overall classification accuracy =73.00%  Overall Kappa coefficient =0.5950
Bright vegetation area 100 111 88 88.00 79.28 0.7445
SI Shaded vegetation area 100 91 75 75.00 79.28 0.6854
Water area 100 98 80 80.00 81.63 0.7136

Overall classification accuracy =81.00%

Overall Kappa coefficient =0.7150

Landsat 7 ETM

Vegetation index Class name Reference totals Classified totals Number correct Producers Users Kappa coefficient
accuracy/ % accuracy/ %
Bright vegetation area 100 103 66 66. 00 64.08 0.4715
NDVI Shaded vegetation area 100 97 60 60.00 61.86 0.4181
Water area 100 100 97 97.00 97.00 0.9550
Overall classification accuracy =74.33%  Overall Kappa coefficient =0. 6150
Bright vegetation area 100 101 80 80.00 79.21 0.6933
NDUI Shaded vegetation area 100 101 78 78.00 77.23 0.6633
Water area 100 98 77 77.00 78.57 0.6682
Overall classification accuracy =78.33%  Overall Kappa coefficient =0. 6750
Bright vegetation area 100 102 84 84.00 82.35 0.7463
ST Shaded vegetation area 100 100 79 79.00 79.00 0.6850
Water area 100 98 82 82.00 83.67 0.7437

Overall classification accuracy =81.67%

Overall Kappa coefficient =0. 7250

4 Discussion

4.1 Physical significance of NSVI and applicability
The construction of NSVI is based on NDVI with the
use of radiation difference of near-infrared band. It not
only solves the problem that NDVI can only weaken part
of topographic influence, but also enlarges the spectral
difference between ground objects, so as to particularly
improve the validity of shadow detection. From the
process of the index construction, this index model is
suitable for the near-infrared band where there is a signif-
icant difference, but its application is far from limited in
these three objects in this study. The experimental ima-
ges are from different sensors under different space, time
and spectral resolution. The results show that NSVI is u-
niversal to optical images. With the development of re-
mote sensing technology and the constant improvement of
each quality indicators, the spectral enhancement effect
and mechanism of NSVI can still be applied into further
exploration and research.
4.2 Analysis on image histogram features

According to the respective statistical histograms of
NDVI and NSVI which are based on the data of ALOS
AVNIR-2, CBERS-02B CCD, HJ1A-CCD2 and Landsat
7 ETM, four remote sensing images (Fig. 5), it can be
seen that there is an obvious distribution deflecting to left
in each NDVI histogram, while NSVI histograms can bet-
ter solve the problem of the skewed distribution and make
the image histograms closer to the normal distribution
which is more accordant with practical circumstances and
provides convenience for the interpretation of remote
sensing images. All of mean values of NDVI that are a-
bove 0. 65, the large ratio of high value and the right
skewed peak of frequency distribution are the compelling
evidences for the “saturation” problem of NDVI, while
NSVI can overcome the above problems by the virtue of
enlarging spectral difference.

4.3 Verification for shadow removal feasibility

Although the spectral response of shaded vegetation
is weaker than that of bright vegetation area, it still has
the basic spectral features of vegetation. Assuming that
there are two pixels of which elevation, slope, position,
aspect and other topographic factors are all similar and
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Fig.5 NDVI and NSVI histograms of experimental images
K5 k58 NDVINSVI 5K

the types of aboveground vegetation is close to coverage,
then the spectral values of these two pixels are approxi-
mately equal in theory. If the slope aspect of one pixel is
different, the spectral value in shaded vegetation area
will decrease. Therefore, the pixel value of shaded vege-
tation area will be corrected as bright vegetation area
which is the main work on shadow removal and informa-
tion restoration. Many methods for shadow removal of re-
mote sensing images have been proposed in previous
studies. This study only demonstrates the feasibility of ef-
fective shadow detection, shadow removal and the spec-
tral information restoration in shaded vegetation area with
NSVI. The typical spectral matching method was adopted
in this study. Took the image of ALOS AVNIR-2 as an
example, and 80 pixels (40 pairs) with similar proper-
ties on both sides of the same ridge and valley were se-
lected to record the band values of bight vegetation area
and shaded vegetation area (Fig. 6). After the undeter-
mined coefficients were calculated, the obtained formula
is as follows:

B, =aB, +b , (4)
where B, is the grayscale of band in bright area; B, is the
grayscale of band in shaded area; a and b are undeter-
mined coefficients.

Figure 7 shows that in four bands of ALOS AVNIR-2
image , R” in spectral matching model of bright vegetation
area and shaded vegetation area is above 0.5, P =
0.0000, reaching an extremely significant level which
forms a good match. It proves the feasibility of converting
the spectrum of shaded vegetation area to that of bright
vegetation area through the model and also further con-
firms the ability of constructed normalized shaded vegeta-
tion index (NSVI) on shadow detection of remote sensing
images.

5 Conclusions

Shadow is the vital cause of the phenomena that
“the same object has different spectra” and “the differ-
ent objects are in the same spectrum” in remote sensing
images, resulting in serious loss of ground object infor-
mation and greatly affecting target object recognition and
image segmentation which restrict the application of re-
mote sensing technique in resource, environment, socie-

Fig.6 Sketches of the bright vegetation and shaded vegeta-
tion pixels on both sides of terrain line
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Fig. 7 Relationships of spectral matching between bright
vegetation area and shaded vegetation area of ALOS AVNIR-
2 image
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ty, economy and other fields. The purpose of this re-
search is to explore an effective shadow detection method
for images and evaluate its application effects by con-
structing the model of Normalized Shaded Vegetation In-
dex (NSVI).

(1) By comparing the mean values of near-infrared
band, NDVI and NSVI in bright vegetation area, shaded
vegetation area, water area, it can be concluded that NS-
VI has substantially enlarged the spectral difference a-
mong three objects and takes on a clear relationship of
their values.

(2) NSVI threshold method was adopted to classify
the experimental images. The results show that the over-
all classification accuracy of each image is above 97%
and overall Kappa coefficient is above 0.96. It also has
an excellent accuracy in shaded vegetation area.

(3) NSVI histogram is close to the normal distribu-
tion which is more appropriate for objects without “satu-
ration” problem of NDVI. In this study, NSVI is con-
structed with intuitive physical meaning whose good shad-
ow detection ability will provide a feasible approach to
shadow removal and information restoration in remote
sensing images.
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