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ABSTRACT:

Remote sensing images with clouds, shadows or stripes are usually considered as defective data which limit their application for
change detection. This paper proposes a method to fuse a series of defective images as evidences for change detection. In the
proposed method, post-classification comparison process is firstly performed on multi-source defective images. Then, the
classification results of all the images, together with their corresponding confusion matrixes are used to calculate the Basic Belief
Assignment (BBA) of each pixel. Further, based on the principle of Dempster-Shafer evidence theory, a BBA redistribution process
is introduced to deal with the defective parts of multi-source data. At last, evidential fusion and decision making rules are applied on
the pixel level, and the final map of change detection can be derived. The proposed method can finish change detection with data
fusion and image completion in one integrated process, which makes use of the complementary and redundant information from the
input images. The method is applied to a case study of landslide barrier lake formed in Aug. 3rd, 2014, with a series of multi-
spectral images from different sensors of GF-1 satellite. Result shows that the proposed method can not only complete the defective
parts of the input images, but also provide better change detection accuracy than post-classification comparison method with single
pair of pre- and post-change images. Subsequent analysis indicates that high conflict degree between evidences is the main source of

errors in the result. Finally, some possible reasons that result in evidence conflict on the pixel level are analysed.

1. INTRODUCTION

Change detection with remote sensing techniques are usually
depend on images with precise registration, radiometric and
atmospheric calibration, similar phenological states, similar
spatial and spectral resolution if possible (Coppin P., 2004).
However, the idealized data source is not always available due
to the limitation of satellite revisiting period, the weather
condition and the sensor defects. Applications such as disaster
monitoring cannot wait for the acquisition of high-quality
remote sensing images in a short time. As a matter of fact,
multi-source data and even defective remote sensing images
with thick cloud coverage (but parts of the images are clear),
shadows or stripes (for instance, the ETM+ SLC-off data) are
usually employed for change detection in emergency situation.

Many works devoting to change detection are based on single
pair of pre- and post-change images (or named bi-temporal
change detection), which is the basic model of the technique
(Coppin P., 2004). The result of change detection relies heavily
on the quality of every input image, because any imprecise in
classification, registration or calibration may influence the
change detection accuracy (Lu D., 2004). In order to improve
the detection accuracy, information fusion schemes have been
proposed. The schemes of fusion multi-source data expand the
application of change detection, and make it possible to use
remote sensing images from different sensors (Nichol J., 2005,
Xu M., 2009, Longbotham N., 2012, Liu Z., 2014); The
schemes of combining multi-temporal data demonstrate that
detailed spatial variations of objects can be measured with time
series images; The schemes of fusing different change indexes
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show that the false alarm and miss-detection levels can be
reduced through a fusion of the complementary indices (Li J.,
2003, Le Hégarat-Mascle S., 2004, Lunetta R. S., 2006, Du P.,
2013). Consequently, change detection techniques based on
fusion of multi-source data are very potential to achieve better
detection accuracy, which take the advantages of redundant
information in the input data. However, most of the related
applications are based on the fusion of defect-free images.
Researches about general methods that applicable for non-ideal
data sources are still insufficient.

Image completion methods are commonly introduced to deal
with remote sensing data covered by thick clouds, shadows or
stripes. Defective parts in the images are completed or replaced
by neighbouring pixels or the defect-free parts from other
images (Zeng C., 2013). The failure of scan-line corrector (SLC)
on the Enhanced Thermal Mapper Plus (ETM+) sensor of
Landsat 7 in 2003 aroused the researches of gap filling methods
for the SLC-off images. Subsequently, interpolation methods
such as geostatistical interpolation were developed for gap
filling of the SLC-off images (Pringle M.J., 2009). These
approaches recover the missing pixels without referencing other
data sources. However, they are not always wvalid for
heterogeneous landscapes (Zeng C., 2013). Many researches
demonstrate that the outcomes of image completion with
auxiliary reference data for gap filling are better than non-
referenced approaches if the auxiliary data are available (USGS,
2004). The auxiliary data can be multi-temporal images from
the same sensor (Chen, J., 2011, Zeng C., 2013, Zhu, X., 2012a),
or data from other sensors with similar spectral specifications
(Roy D.P., 2008, Chen F., 2010). Some researches develop the
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gap filling methods for thick cloud removal (Meng, Q., 2009,
Zhu, X., 2012b), which generate the cloud-free composite scene
by fusing multi-source images (Cihlar J., 1994, Le Hegarat-
Mascle S., 1998, Song M., 2002, Luo Y., 2008). Image
completion methods based on multi-source data has become the
mainstream solution for gap filling and thick cloud or shadow
removal, which benefit from the complement information
provided by referencing data.

Even though both of the change detection and image
completion can make use of multi-source data, their principles
are different. Completing the defective parts of images is based
on the assumption that the land covers have negligible change
during the period of image acquisition, but the process is not
necessary for change detection. On the contrary, the fusing or
replacing processes may introduce false information to the
original data. It is reasonable to consider if an integrated fusion
method can be introduced for change detection without
modifying the original defective input images. Suppose that the
study area can be covered by defect-free parts of the input
images in both dataset before and after change, on the one hand,
zones with overlapping image parts can be fused to reduce the
imprecision by mutual validation with redundant information,
on the other hand, zones in defective part of images need a
fusion process to obtain the complementary information from
the other data sources, so that the uncertainty can be reduced.
The mathematical theory of evidence introduced and extended
by Dempster and Shafer (Shafer G., 1976), which is called
Dempster-Shafer evidence theory, can combine evidences with
imprecision or uncertainty to obtain a final decision. The
method appears to be a more flexible and general approach than
the Bayesian one (Le Hegarat-Mascle S., 1997). The theory has
been developed as decision level image fusion method and can
be used for change detection as well (Le Hégarat-Mascle S.,
2004, 2006, Poulain V., 2009, Du P., 2013, Liu Z., 2014). Many
researches take the advantage of Dempster-Shafer’s evidence
theory in fusing redundant information, but ignoring the
theory’s another specialty in filling up the missing information
with the complementary part of data. This paper aims at
developing a general change detection method that is feasible
for multi-source images even when they are defective, such as
partially covered by clouds, shadows or stripes.

2. METHODOLOGY
2.1 Calibration of Multi-source Remote Sensing Data

Both image completion and change detection have some basic
requirement for the input data. For instance, image registration,
radiometric and atmospheric calibration are suggested as
accuracy as possible. It is also highly recommended that images
used for change detection are with similar phenological states,
and similar spatial and spectral resolution. If the change
detection algorithm is post-classification comparison, then the
requirement for data calibration can be more flexible than other
methods based on spectral features, because the classification
can be operated independently for every image. This
characteristic makes the post-classification comparison method
a widely used algorithm, which has been successfully applied
for land-cover change detection with heterogeneous data (Lu D.,
2004, Xu M., 2009).

2.2 Post-classification Comparison

If the purpose of change detection is recognizing the land use
and land cover (LULC) conversion from one category to
another, the post-classification comparison is compatible. The

method can minimize the impacts of atmospheric, sensor and
environmental differences between the input images, and the
final accuracy depends on the quality of the classified image of
each date (Coppin P., 2004). Most of the common classification
algorithm is optional for the method.

Denote ® and (2 the set of categories of the classification
result before and after change, respectively. The categories are
denoted as follows:

0= {90,91,92,'”,9,,}
Q={wy, 0,0, ,}
Where p, g =number of categories before and after change;
0., w,=the tag of categories;
6y, @, = the tag of unknown categories that result from

image defects;
The change detection result can be denoted as follows:

Y={<0,w > ,<6,,0,>-,<0,,0,>}

Where x=0,1,2,---,p;
y=0,12,.q;
<0,,w, > = change vector, represents that the land
cover is 6, before change and convert to @, after
change (6, €®,m, €Q);

The change vector will be determined for each pixel in the final
change detection map.

Denote 7; =the classified image after classification;

P, =the corresponding confusion matrix of 7, ;
T, and p, should be kept as intermediate results for further
processes. Where t € {t,, 4}, and ¢, ,t are the time labels
before and after change;

2.3 Dempster-Shafer Evidential Fusion

2.3.1 Representation of Evidence: According to Dempster-
Shafer evidence theory, ¥ can be considered as the frame of
discernment which is a set of hypothesis.

Denote N = the number of elements in ¥

Where N =(p+1)(g+1)

Elements in ¥ are considered as single hypothesis, and the
union of single hypothesis which belongs to the subset of W are
named compound hypotheses. The empty set , universal set

Y, single hypothesis < &,,®, >, or compound hypotheses
such as < 6,,@, >U < 6,.,,®, > are also subsets of V¥ .

The Basic Belief Assignment (BBA) in Dempster-Shafer
evidence theory measures evidences by assigning its beliefs
over the subsets of V.

Denote E; =[m;(4), m;(4), -, m;(4), m;(¥)]
Where E; = measurement of the j* evidence;
A, =subset of ¥ ; Theoretically, k =1,2,---,2¥
m, () =the BBA of the j* evidence.

There is no general ways for definition of the BBA, but its
value has to be limited to [0, 1] interval (Le Hegarat-Mascle S.,
1997). There are:

A)=1
m: ;m() (N
m(2)=0
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2.3.2 Modelling of Basic Belief Assignment (BBA): The
definition of BBA relates to the application and the character of
data source. In this paper, change detection is considered as a
classification problem of detecting the categories of land-cover
change vectors. The BBA can be calculated based on the
confusion matrixes of every classified image, this approach has
been proved to be feasible for classification (Elouedi Z., 2010).

The classification process provides the classified image 7; ,

which means each pixel in the images gets a detected class, the
detected class before and after change forms a detected change

vector, denoted as (6.,®,) . The unavoidable classification

error makes the detected change vector (6,,®,) imprecise. It is
reasonable to believe that the detected change vector is not
absolutely reliable, and may correspond to other possible real
change vector < 8,,®, > as denoted in section 2.2.

In order to measure the belief value of a detected change vector,
the confusion matrixes p,, and p, (correspond to the pre- and
post-change classified image T,, and 7, ) should be converted to
the prediction positive rates as follows:

Puo(x,a)
PO X9 a e s —
I (9 9 ) zpto(x’a)
P00 = L2020 @
A > Pa(3:)

Where a,x=0,1,2,---,p
b,y=0,1,2,---,q
Po(x,a) , p.(y,b) = elements in the confusion
matrixes p,, and p,;, which represent the amount of
pixels classified as class @, and @, while their ground-

true class are 6, and @, .

Assigning the belief value of a detected change vector (6,,®,)
to all the possible real change vectors < 8,, @, > as follows:

m(< 6,,w, >) =B, (6,,6,) Pi(o,,w,) (3)
Where 6,,6, €0, w,,0,€Q, {<6,,0,>} V.
According to Dempster-Shafer’s theory, the summation of the
BBAs should satisfy equation (1), denoting that:

M= m<6,,a,>) (4)

a b

Then the BBAs should be normalized as follows:
m(< Husa)b >) = Eo(emea)'Bl(a)yaa)b)/M

(a#0,b+0)
m: sm(¥)= Y Py(6,,6,)-Pi(w,0,) /M (5
a=0
or b=0
m(&) =0

2.3.3 Evidential Fusion based on Combination Rules: The
Dempster-Shafer evidence theory has provided the basic
evidence combination rules to combine the BBAs of different
evidences (Shafer G., 1976). As described in the previous
paragraph, each pair of pre- and post-change images provides a
detected change vector for every pixel. If more pairs of images
are introduced to produce evidences for a pixel, there will be a
series of BBAs that can be fused for better estimation of the
change vectors.

Assuming that there are two pairs of pre- and post-change
images, each of them provides the BBAs of a pixel following
equation (5), denote as follows:

E, =[m(4), m(4), -, m(A4), m(¥)]

E, =[my(B,), my(B,), -+, my(By), my (V)]
Where A,B =<0,,w, > is the subset of ¥

a=0,1,2,--,p

b=0,1,2,---,q.

The fusion of two evidences can be represented by combination
of BBAs as follows:

LS m(4)m(8)

1-K 4NB;=C

m(C)y=m ®m,=y (VCcV¥,C#D,K #1) (6)
0 (C=09)
K= Z my (4;)m,(B;) (7)
4NB;=0

Where m(C) =BBA of fused evidence
K = the conflict degree between different evidences.
There is K € [0, 1] , the larger K value means there

are more conflict between the evidences, and more
difficulty in combining them.
The combination rule can be extended for fusing more
evidences as follows:

m={[(m ®m,)Om;]®--} Dm, ®)

2.3.4 Correcting BBAs for Defective Parts of Input
Images: Equation (5) can be understood as pixels in the
defective part of the input images where a=0 or =0
assigning their belief values to m(‘V) , which represents the
uncertainty of the real land-cover change type on the pixels.
According to the combination rule in equation (6), the value of
m(¥Y) may accumulate in the combination process until
enough evidences with certain information are combined. In
order to reduce the influence of uncertain information and
increase the certainty in the evidence combination process, the
correction of BBAs for pixels in defective parts of images
should be introduced. Assuming that the defective parts in the
images are with equal possibility to be any land-cover category,
their BBA values m(¥) can be redistributed as follows:

m (< 0,,0, >) =m(< 0,0, >)+m(¥)/(p-q)

.. J(@=0,b+0) )
m(W)=0 (a=00rb=0)
m(d)=0

The correction of BBAs redistributes the uncertainty degree to
BBAs of other single hypothesis, eliminating the uncertainty
caused by image defects with speculation, which is based on the
uniform distribution principle. It is easy to prove that m"is a
Basic Belief Assignment (BBA) after a comparison with
equation (5). Consequently, the combination rules expressed by
equation (6), (7) and (8) are still applicable for the corrected
BBAs.

2.4 Decision Making

The decision making process is operated after evidential fusion
to decide which single hypothesis should be supported, and the
criterion is called “decision rule”. The choice of this criterion is
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application dependent, and the three most popular decision rules
are: 1) maximum of plausibility; 2) maximum of belief; 3)
maximum of belief without overlapping of belief intervals (Le
Hegarat-Mascle S., 1997). In this paper, we follow the
“maximum of belief” rule to decide the land-cover change type
for every pixel as follows:

Bel(A,)=max{Bel(A4)} (10)
Where the belief function Bel is defined as:
Bel(A)=Y m(B) (VA<= ©) (11)
BcA

The “maximum of belief” rule indicates that after the
combination of BBAs for a pixel, the land-cover change type
with the maximum belief function value is the final decision.

2.5 Global algorithm of the proposed method

Global algorithm of the proposed method is illustrated in Figure
1. The process can be described as follows:

Step 1: Preparing the input data. Choosing the most suitable
data for the application, defect-free parts of the images should
make a full coverage of the study area in both dataset of before
and after change. Registration of the input images is necessary
for change detection;

Step 2: Classification of the input images. Setting the
classification algorithm, the maximum number of classes, and
the definition of land-cover categories based on the application.
Performing classification process to all the pre- and post-
change images, the classified images can be derived. Using
ground truth data to calculate the confusion matrixes of the
images with post-classification statistic;

Step 3: Evidence construction. Selecting a pair of pre- and post-
change classified images with no repeat, after comparison
between the two images, a change vector can be detected for
every pixel. Repeating the process until all the pair-wises of
images are used, and then the BBAs for each detected change
vectors can be calculated following equations (2)-(5). If a pixel
is located in defective part of any input image go to Setp 4.
Otherwise, directly go to Step 5;

Step 4: Correcting the BBAs for pixels located in the defective
part of any image following equation (9), and then go to Step 5;
Step 5: Operating evidential fusion based on the combination
rules for every pixel following equations (6)-(8), then the fused
BBAs of all the pixels can be derived;

Step 6: Making the final decision of land-cover change type for

every pixel, until all the pixels get the change detection decision.

At last, the final change detection map can be derived.

3. APPLICATION OF THE METHOD FOR CHANGE
DETECTION OF LANDSLIDE BARRIER LAKE

3.1 Data and Study Area

The Ms 6.5 earthquake took place in Ludian county, Yunnan
Province, China, on 3" August, 2014. The disaster triggered a
number of landslides, one of which formed a barrier lake on the
Niulan River. The barrier lake was formed in the afternoon on
31 August, and the flooded area changed little since a spillway
is finished on 17" August, the water level didn’t fell until mid-
September after another spillway is finished.

Images that used for the disaster monitoring at that time are 4
images from the multi-spectral sensors of GF-1. Two of the
images are acquired before disaster on Jun. 25™, Jul. 23", from
PMS2 and WFV1 sensor, respectively. The other two images
are acquired after the disaster on Aug. 5™ and Sep. 11", from

_________________________________________________

,/ Images Before Change /7,' Images After Change /

______________________________________________

S
:/' Confusion Matrixes (After) ,/

| 4. BBA correction |
v

| 5. Evidential fusion
\2

| 6. Decision making |

All the pixels
have the result?

Yes

/ Change Detection Map /

Figure 1. Workflow of the proposed method for change
detection

Specification Parameter
Data Tag (a) (b) (c) (d)
Acquisition Date |2014-06-25 [ 2014-07-23 | 2014-08-05 | 2014-09-11
Sensor PMS2 WFV1 PMS2 WFV3
Resolution(m) 8 16 8 16
Number of band 4 4 4 4
Image Defect Cloud Cloud Cloud Cloud
(8.8%) (6.8%) (28.4%) (5.5%)

Table 1. Basic specifications of the multi-source data

PMS2 and WFV3 sensor, respectively. Every image was
partially covered by thick cloud over the Niulan River but
located in different zones (see in Figure 2). All of the related 3
sensors have 4 bands, the resolution of the PMS2 is 8 meters
and the resolution of WFV1 and WFV3 are both 16 meters.
Some basic specifications of the data are listed in Table 1.

3.2 Data Processing

The main data processing of detecting the landslide barrier lake
include image pre-processing, supervised classification,
evidential fusion, and decision making.

3.2.1 Image pre-processing: The main pre-processing of the
image are registration and resampling. The ground control
points (GCPs) are manually selected and distributed evenly in
the images for registration, including corners of buildings and
cropland, road intersections, and so on. All the images are
resampled to 5 meters to facilitate the geometric registration.
The polynomial algorithm is chosen as the warp method for
registration. Restricted by the image resolution, the mean
absolute error of registration is 9.78 meters.
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3.2.2  Supervised classification and class combination: In
order to guarantee good classification accuracy, every input
image is classified independently to 7 classes, namely: water,
watercourse, vegetation, bared land, built-up land, clouds and
shadows, and then combined to 3 classes: (1) Water (rivers and
watercourse); (2) Land (vegetation, bared land and built-up
land); (3) Unknown (clouds and shadows). The categories of
the classification can be defined as:

0=0= {Water, Land, Unknown}

A supervised classification algorithm, Maximum Likelihood
Classification (MLC), is chosen as the classification method.
The samples per class used for training and constructing the
confusion matrix are chosen based on visual interpretation, and
the datasets of training and testing samples are with no overlap.
The classification results are shown in Figure 2 and the
evaluation of classification accuracy is listed in Table2.

3.2.3 Evidential fusion on the pixel level: Using image
pairs (a) and (c), (a) and (d), (b) and (c), (b) and (d) for post-
classification comparison (see in Figure 3). Denoting the classes
in the classification results are as follows: &, @, = Water ,
6,,w, =Land , 6,, ®, = Unknown .
the class in pre-disaster image; and @ represents the class in
post-disaster image.

Every image pair can provide a change detection map. There
are 9 types of land-cover change vectors in the map, 4 of them

Where, 6 represents

are certain change vectors: <6&,,®, > corresponds to

“Flooded”; < 6,,@, > corresponds to “Blocked”; <&, @ >

and < 6,, @, > correspond to “Unchanged”. While the other 5
vectors which include Unknown class in the vector (for
example < 8, @, >), are corresponding to “Unknown” change

type. Then the frame of discernment in this application can be
defined as:

¥ = {Flooded, Blocked,Unchanged}

The Unknown type means the real land-cover change is one of
the elements in the frame of discernment, denoted by W . The
detected change vectors in the map will assign their belief
values to the frame of discernment, which are represented by a
row vector of BBAs. For pixels in no-defective parts, the BBAs
can be calculated following equations (2)-(5):

E =[m(Flooded), m(Blocked), m(Unchanged), m(¥)]

For pixels in defective parts, the BBAs should be corrected
following equation (9):
E =[m*(Flooded), m* (Blocked), m*(Unchanged), m* (\¥)]

The evidential fusion for each pixel based on m(:) or

m* (+) follows the equation (6)-(8).

3.2.4 Decision making on the pixel level: Determining the
land-cover change type for every pixel based on the “maximum
of belief” rule following (10)-(11). After the decision making
process the final change detection map can be derived.

The evidential fusion and decision making process can be
integrated on the pixel level. What’s more, on the image level
the process can be further accelerated through simply assigning
the same BBAs and determined land-cover change type to
pixels with the same classification result in every image. The
reason lies in the fact that pixels with the same class in every
input image will produce the same detected change vectors,
BBAs, and determined land-cover change type based on the
same evidential fusion rule and the decision making rule.

103°24'0"E

—n

(d) (h)

= \Water “JLand #z Unknown
Figure 2. Remote sensing images of the study area (by false
colour composition) and their corresponding classification
result. (a) Pre-disaster image of 2014-06-25. (b)Pre-disaster
image of 2014-07-23. (c) Post-disaster image of 2014-08-05.
(d) Post-disaster image of 2014-09-11. (e), (f), (g), (h)
classification result of (a), (b), (c), (d), respectively.

Image User accuracy (%) Overall Kappa
accuracy ;
tag Water Land Unknown (%) coefficient
(a) 96.50 96.71 71.18 84.77 0.7385
(b) 91.48 99.51 90.98 95.96 0.9276
(c) 94.45 99.78 82.85 92.45 0.8821
(d) 97.73 99.96 66.89 92.55 0.8712

*The image tags are corresponding to Figure 2.

Table 2. Accuracy evaluation result of the Maximum Likelihood
Classification
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Il Flooded

Il Blocked
Unchanged
Unknown
Origional river

[Landslide

(d)
Il Flooded Il Blocked Unchanged
Unknown [ Origional river [ Landslide

Figure 3. Post-classification comparison result with single pair

of pre- and post-disaster images. (a) Detection result with (a) -

(c) in Figure 2; (b) Detection result with (a) - (d in Figure 2; (c)
Detection result with (b) - (c) in Figure 2; (d) Detection result

with (b) - (d) in Figure 2.The original river (blue) and landslide
area (yellow) are added manually based on the ground truth.

3.3 Results and Discussion

Change detection result of the proposed method is illustrated in
Figure 4-(a), the ground truth is shown in Figure 4-(b) for
comparison. The Ground truth is manually interpreted based on
parts of all the four images where there is no cloud coverage. In
Figure 3 and Figure 4, the Original river (blue) and Landslide
area (yellow) are added manually based on the ground truth in
order to show the relative position of the detected flooded and
blocked areas. Comparing the result of the proposed method in
Figure 4-(a) and post-classification comparison result with 4
different pairs of pre- and post-disaster images in Figure 3,
there is no Unknown pixel in Figure (4), which means that all
the pixels have got a certain decision of the land-cover change
type. While in Figure 3 the percentage of Unknown area in
post-classification comparison results of (a)-(c), (a)-(d), (b)-(c),
(b)-(d) are 39.91%, 16.06%, 37.47%, and 13.74%, respectively.
Without counting the Unknown parts in the images, we use the
user’s accuracy of each land-cover change type, overall
accuracy, and kappa coefficient as indexes to compare the
performance of the proposed method and post-classification
comparison method, the results are listed in Table 3. The user’s
accuracy of Flooded and Blocked change type provided by the
proposed method are better than the other 4 results. What’s
more, the overall accuracy and kappa coefficient of the result
by the proposed method is the second best among all the results.
Table 3 indicates that the proposed method can not only
complement the detective parts of remote sensing images, but
also fuse the redundant parts of the images to promote change
detection accuracy.

Through comparing the change detection result in Figure 4-(a)
and the ground truth in in Figure 4-(b), the location of miss-
detected (false negative error) and false-detected (false positive
error) pixels are shown in Figure 5. Only 0.07% of the non-

(b)

Figure 4. Change detection result of the proposed method and
the ground truth. (a) Detection result of the proposed method
(The original river (blue) and landslide area (yellow) are added
manually based on the ground truth); (b) The ground truth
provided by manual interpretation.

103°24'0"E

103°24'0"E

Figure 5. Location of change detection errors in the result of the
proposed method.

User’s accuracy (%) Overall
Method  |Input data accuracy| Kfaf? pa
Flooded | Blocked |Unchanged| (%) coefticient
(@)-(c) | 74.99 | 67.28 99.05 98.24 | 0.7275
s @@ | 8168 | 7586 | 9937 | 98.86 | 0.7952
comparison (b)-(c) | 86.67 | 66.29 99.33 98.85 | 0.8172
(b)-(d) | 92.97 | 70.87 99.51 99.26 | 0.8764
Evidential | (@), (), | 9976 | 77.76 | 9928 | 99.22 | 0.8528
usion (¢), (d)

Table 3. Performances of the landslide barrier lake detection
with different methods and input data.

disaster areas are false-detected as disasters; 21.30% of the
flooded area and 2.07% of the blocked area are miss-detected.
Detailed observation find that there are some massive areas of
miss-detection in the change detection result such as the miss-
detected area marked in zone I and II in Figure 5. The miss-
detected part in zone I is classified as land in both of the post-
disaster images, results from the false classification of floating
objects that stacked in the downstream of the barrier lake; The
miss-detected part in zone II is bare soil before disaster but
misclassified as watercourse in image (a) (see in Figure 2-(e)),
even though this part is correctly classified in image (b) (see in
Figure 2-(f)). The proposed method fail to distinguish the
conflicting change detection results provided by (a)-(c) and (b)-
(d), as shown in Figure 3-(a) and Figure 3-(c).

Based on the Dempster-Shafer evidence theory, high conflict
between the evidences may lead to unreasonable decision. In
order to analyse the distribution of errors in the result, the
conflict degree values K of all the pixels are calculated
following equation (7) and illustrated in Figure 6.
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Figure 6. Spatial distribution of conflict degrees between the
input images.

Statistic of the conflict degree values in Figure 6 shows that
85.07% of the pixels in the entire image are with low conflict
degree (K <£0.3), 14.93% of the pixels are with high conflict
degree ( K >0.5). Among all the pixels with low conflict
degree values, 99.75% are correctly detected, only 0.23% of
them are miss-detected, and 0.02% of them are false-alarmed;
among all the pixels with high conflict degree values, 96.21%
are correctly detected, the miss-detection rate is 3.42%, and the
false-alarm rate is 0.37%. The low conflict pixels are mostly
located on the original river course and unchanged areas, while
high conflict pixels are mainly located at the edge of the barrier
lake and the border of land and water. Pixels with high conflict
degrees are more likely to result in miss-detection and false-
alarm.

Some possible reasons may lead to high evidence conflict
degree on a pixel:

(1) High registration error will result in conflict at the interface
areas of different land cover class;

(2) The resolution difference of multi-source images can cause
conflict at the edge of ground objects;

(3) Misclassification may lead to inconsistency between the
evidences of a pixel. For example, if a pixel is misclassified, but
the classification accuracy of the incorrect class is high in that
image (the dominant image), the land cover change type of that
pixel will be incorrectly discriminated;

(4) Land cover change during the acquisition time of pre- or
post-change images may lead to conflict at the edge of the
changed area. For example, the water level changed slightly
from Aug. 5" to Sep. 11" and results in the difference of
flooded area in image (c) and (d), the land cover difference
between post-disaster images will lead to evidence conflict on
pixels around the flooded area.

4. CONCLUSION

Change detection based on remote sensing images relies heavily
on the quality of input data. However, satellite revisiting period,
weather conditions and sensor defects usually limit the
application of remote sensing images. Multi-source remote
sensing data provide the second choice to remedy the defects of

images for change detection, especially in emergency situations.

This paper proposes a method that can finish data fusion and
image completion in one integrated process with multi-source
defective images. On the one hand, land-cover change types in
defective parts of the input images are complemented through
the BBA correction process. On the other hand, redundant parts
of the input images are fused through the evidence combination

process. Application on a study case of barrier lake monitoring
indicates the effectiveness and flexibility of the proposed
method. The method can not only complement the detective
parts of multi-source images but also fuse the redundant parts of
images to promote change detection accuracy.

Good performance of the proposed method benefits from the
Dempster-Shafer evidential fusion framework which can
properly deal with the imprecise and uncertain information
from multi-source data. Subsequent analysis shows that high
conflict between evidences is the main source of miss-detection
and false-alarm. Further, many reasons lead to high conflict
degrees on the pixel level, including high registration error,
resolution difference of multi-source images, classification error
in the dominant image, and land cover change during the
acquisition time of the fused data. Specific ways to reduce the
conflict degree between evidences and to improve the
performance of the proposed method deserve further study in
the future.
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