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Fig. 8. Examples of lowering the sensitivity of parameter 7 in energy function on cosegmentation accuracy, i.e., precision, recall, and F-score, by giving

the optimal parameter A for each T value. The STD_F is the standard deviation of the F-score values, indicating the fluctuation range of accuracies.
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Influence of misregistration on cosegmentation accuracy F-score. Multitemporal images that have been registered are overlapped, one of which keeps

unmoved and the other of which is shifted manually pixel by pixel along the horizontal and vertical directions, respectively.

it is necessary to analyze the influence of misregistration on
cosegmentation results.

The misregistration analysis results are presented in Fig. 9.
The horizontal axis is the offset distance, representing regis-
tration errors between multitemporal images. When the offset
distance is 0, it is the case where multitemporal images are
geometrically registered. It can be seen that registration errors
have little influence on cosegmentation results for datasets
2 and 4, while have relatively greater influence for datasets
1, 3, and 5, since the F-score decreases slowly as the offset
distance increases. The difference is because there are several
small objects in the references of datasets 1, 3, and 5, as shown
in Fig. 4, which are easier to be affected by registration error
than large objects. However, it can be seen that the registration
error of one pixel has little effect on cosegmentation accuracy
for all the five datasets, through which we conclude that
the proposed cosegmentation-based change detection does not
require very high precision of registration and can accept an
error of at least one pixel.

D. Accuracy Assessment

Multitemporal detection results by conducting fragmen-
tation removal and spatial correspondence establishment
based on cosegmentation results are shown in Fig. 10.
Spatially corresponded changed objects are labeled with the
same color. In addition to showing the thematic changes
of buildings, the cosegmentation-based detection results can
provide more change information, e.g., geometric and numeric
changes of objects. In Fig. 11, local details of multitemporal
detection results are enlarged to show the geometric and
numeric changes clearly. In Fig. 11(a), we can intuitively see
that one object changes into another object. The object in
T2 result has a more regular shape than that in T1 result,
because the newly built building in T2 image has obvious
boundary that can be distinguished from adjacent unchanged
regions. Although the building is internally heterogeneous,
the detection result is absolutely complete. This is because the
cosegmentation comprehensively considers both change and
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Fig. 10. Multitemporal change detection results by conducting fragmenta-
tion removal and establishing spatial correspondence between multitemporal
changed objects based on cosegmentation. The spatially corresponded change
objects between two phases are marked with the same color.

image features, which can not only discover changed regions,
but also make the detected objects complete and significant.
In Fig. 11(b), where there are four newly built buildings in
T2 image, we can see a pattern where one object transforms
to four objects. Regions with large [ 5 in Tl image have
similar image features to adjacent regions, while regions with
large 1 lf in T2 image have quite different image features from
adjacent regions. Therefore, different image features make the
cosegmentation produce different detection results, allowing
the comparison of one object to multiple objects. Fig. 11(c) is
an instance of the demolition and reconstruction of buildings.
Buildings in T1 and T2 image are distinct in size, shape,
and position.

The accuracies of the multitemporal detection results with
and without fragmentation removal procedure are reported
in Table IV. It can be seen that the precision, F-score, and posi-
tion values with fragmentation removal procedure are higher
than those without that procedure, which indicates that the
post-processing removes several false alarms and improve the
position accuracy of changed objects. However, fragmentation
removal may eliminate some small changed objects, which
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Fig. 11. Local details of multitemporal change detection results
in Fig. 10 showing numeric and geometric changes. The presented regions
are from datasets 1, 2, and 4 from top to bottom, respectively.

leads to a small decrease in the recall value. In addition, mor-
phological operations may slightly decrease the edge values
of changed objects. We can also see that precision values
are generally lower than recall values for all datasets, which
shows that most true changes have been detected, and at the
same time, a number of patches are falsely detected. For every
dataset, we can conclude that T1 assessment way results in the
lowest accuracies, and T1 and T2 assessment way leads to the
highest accuracies.

E. Comparison With Other Methods

In order to further validate the effectiveness of the proposed
cosegmentation method, we compare the results with those
yielded by several state-of-the-art object-based change vector
analysis (OBCVA) [60], [61] methods by taking different mul-
titemporal segmentation strategies. To make a fair comparison,
the same spectral and MBI features are used. Since both
the proposed method and the comparative OBCVA methods
take change vector to find changes, then the differences
of detection results would mainly due to the multitemporal
segmentation methods. For OBCVA, the image segmentation
is usually performed in the following four ways (see Fig. 12)
to extract multitemporal image objects: 1) segmenting a stack
image consisting of all bands of both images (OBCVA_Com);
2) just segmenting T1 image and then assigning boundaries
to T2 image (OBCVA_TI1); 3) just segmenting T2 image
and then assigning boundaries to T1 image (OBCVA_T2);
and 4) separately segmenting the two images and then using
the raster overlay function [13], [31] to connect and com-
pare image objects (OBCVA_Sep). In order to further show
the difference caused by cosegmentation, we add other two
segmentation strategies for OBCVA. One is to segment a
stack image consisting of T1 image and the change feature
used in cosegmentation (OBCVA_T14-C), and the other is to
segment a stack image consisting of T2 image and the change
feature (OBCVA_T2+C). Then, the inputs of OBCVA_T1+C
and OBCVA_T2+C are exactly the same as that of cosegmen-



1598

IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 55, NO. 3, MARCH 2017

TABLE IV
ACCURACY OF MULTITEMPORAL CHANGE DETECTION RESULTS

Dataset Assessment Fragmentation removal Accuracy
way (with/without) precision recall F-score edge position
Without 0.82 0.94 0.88 0.61 0.86
B With 0.84 0.94 0.89 0.64 0.88
Without 0.90 0.89 0.89 0.84 0.89
! = With 0.92 0.88 0.90 0.84 0.94
T1 & T2 Without 0.90 0.95 0.93 0.84 0.90
With 0.93 0.94 0.94 0.85 0.94
- Without 0.69 0.92 0.79 0.44 0.84
With 0.73 0.93 0.81 0.50 0.86
Without 0.78 0.93 0.85 0.87 0.93
2 2 With 0.83 0.92 0.87 0.85 0.94
T1 & T2 Without 0.87 0.93 0.90 0.87 0.93
With 0.91 0.92 0.92 0.85 0.94
Without 0.59 0.91 0.71 0.67 0.79
E With 0.63 0.90 0.74 0.65 0.82
Without 0.68 0.94 0.79 0.80 0.85
3 2 With 0.79 0.92 0.85 0.82 0.91
T1 & T2 Without 0.75 0.94 0.83 0.86 0.84
With 0.83 0.91 0.87 0.85 0.91
Without 0.65 0.73 0.69 0.51 0.78
B With 0.69 0.73 0.71 0.53 0.86
Without 0.69 0.80 0.74 0.70 0.84
4 2 With 0.72 0.80 0.76 0.71 0.90
T1 & T2 Without 0.72 0.83 0.77 0.70 0.86
With 0.75 0.80 0.78 0.73 0.92
Without 0.41 0.80 0.55 0.67 0.78
B With 0.54 0.77 0.64 0.59 0.79
5 . Without 0.46 0.77 0.58 0.70 0.79
With 0.56 0.74 0.63 0.57 0.76
T1 & T2 Without 0.49 0.81 0.62 0.73 0.80
With 0.62 0.78 0.69 0.64 0.83
T1 T1 Q}'Q 1 T1 Q}Q
L7
T2 T2 T2 Q}Q T2 5}@
(a) (b) (c) (d)
Fig. 12. Multitemporal segmentation strategies for comparison (adapted from [6]). (a) OBCVA_Com. (b) OBCVA_T1. (c) OBCVA_T2. (d) OBCVA_Sep.

tation; the differences between them would clearly show the
effectiveness of cosegmentation. The widely used multires-
olution segmentation technique [62] embedded in the com-
mercial software eCognition is adopted for the comparative
OBCVA methods. The scale and shape parameter are set
as (50, 0.4), (30, 0.3), (30, 0.4), (30, 0.5), and (30, 0.4) for
datasets 1-5, respectively. For comparative methods, change
thresholds are determined by the Bayesian theory based on an
expectation—maximization algorithm [49] and detection results
undergo the same fragmentation removal procedure as the
proposed method.

The quantitative comparison of change detection results pro-
duced by different methods is given in Fig. 13. It is clear that
accuracies yielded by the proposed method (Coseg) are overall
higher than those obtained by other methods for all datasets,
especially for the F-score of Coseg_T2 and Coseg_T1&T2.
The differences between Coseg and OBCVA_Ti+C (i
1, 2) further demonstrate the superiority of cosegmentation,
because the input features are the same for these two strate-
gies. Meanwhile, there are differences among the results
obtained by these comparative OBCVA methods because of
the different multitemporal segmentation strategies. It can
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Fig. 13. Quantitative comparison of change detection accuracies for different
methods on five datasets. (a) Dataset 1. (b) Dataset 2. (c) Dataset 3.
(d) Dataset 4. (e) Dataset 5.

be seen that OBCVA_Com and OBCVA_Sep yield similar
accuracies, which may be due to the image features at dif-
ferent phases that are involved in segmentation for both of
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them. The OBCVA_T2 method also has similar performance
with OBCVA_Com and OBCVA_Sep, while outperforms the
OBCVA_T1 method. This can be explained by the fact
that most changes are newly built buildings contained in
T2 image with obvious boundaries, and then, a segmen-
tation based on this image can generate preferable object
boundaries that are conducive to exact building detection.
Therefore, the single image segmentation strategy needs to
properly select T1 or T2 image for segmentation. By com-
paring OBCVA_Ti with OBCVA_Ti+C, we can see that
OBCVA_T2 and OBCVA_T2+4C have similar performance,
while OBCVA_T1+C outperforms OBCVA_T1 especially for
the edge measure; this is because the addition of change
feature can help to separate the changed regions from the
adjacent unchanged regions in T1 image.

The superiority of the proposed method with respect to other
methods can be assessed also from a qualitative viewpoint
by comparing the building change detection maps shown
in Fig. 14. It can be seen that the maps obtained by the
proposed method show a significantly lower number of false
alarms, such as the region enclosed by the yellow line in
dataset 1. Furthermore, the proposed method obtains a more
complete representation of buildings than other methods, such
as the example enclosed by the red line. This depends on the
capacity of the “soft” threshold parameter and the addition
of image features in cosegmentation. In particular, thresholds
of these comparative methods are “hard” thresholds, and the
detection result is entirely based on the change feature. Nev-
ertheless, the threshold of the proposed method plays the role
of a “soft” threshold and the cosegmentation depends on both
the change feature and image features. That is to say, for the
proposed method, pixels satisfying / 5 < T are still likely to be
detected as change, because image features are considered to
improve the completeness and significance of changed objects.
However, the proposed method tends to expand false alarms
because of the false hints in the difference image, such as
the instance enclosed by a green line in Coseg_T2 result of
dataset 1. As a whole, the qualitative comparison shows that
the proposed method achieved the most similar results to the
reference maps for all datasets.

V. DISCUSSION

In the proposed method, cosegmentation, as defined in the
field of computer vision, is introduced to provide a new
solution to OBCD from multitemporal HR remotely sensed
images. Cosegmentation is performed via graph-based energy
minimization. The min-cut/max-flow algorithm is used to
solve the global energy minimization problem. The energy
is made up of two terms: 1) the change feature represented
by the magnitude of the difference image and 2) the image
features based on original spectral features of each image.
By combining both the change feature and image features,
cosegmentation-based change detection is a “concurrent seg-
mentation and detection” pattern instead of the “sequen-
tial segmentation and detection” pattern used in general
OBCD methods.

The change feature potential in the energy function serves
as the prior information and association for cosegmentation.
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Fig. 14. Qualitative comparison of building change detection maps for different methods and corresponding reference maps on five datasets.

It provides the same clues about building changes during between the changed objects can be naturally yielded. Fur-
cosegmentation for each image in order that the segmentation thermore, the unchanged objects are represented as back-
procedure especially focuses on potential change regions. ground in the cosegmentation results, which addresses
Therefore, cosegmentation can directly generate foreground as the problem of discrepancies between unchanged objects
multitemporal changed objects and the spatial correspondence in OBCD.
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The image features are added to the energy function to
generate complete and significant objects at each phase. Thus,
the cosegmentation-based method can make full use of multi-
temporal information and produce two detection maps closely
related to specific images at different phases, having the ability
to reveal the attribute, geometric, and numeric changes of
objects.

With regard to threshold parameter 7, we determine it by
the Bayesian theory based on an expectation—-maximization
algorithm. The threshold in this study plays the role of a “soft”
threshold, which means that the detection does not entirely
depend on the threshold. That is to say, pixels satisfying
IpC < T are still likely to be detected as change, because
image features are considered to generate complete objects.
Fig. 7 shows the sensitivity of T on cosegmentation results,
which has low sensitivity to certain images. The sensitivity
of T can be further lowered by optimizing the parameter /.

Coefficient parameter A in the energy function measures the
relative importance of the change feature and image features.
If 1 is large, the change feature plays a relatively important
role in cosegmentation and detected change information tends
to be fragmented. On the contrary, if 1 is small, image features
play a dominant role, which results in change regions that
are too large. Hence, 4 should not be set too large or too
small. Ideally, it should be set according to specific images
and main change types. If the main changes come from newly
built buildings, we recommend setting A for T1 and T2 images
in the [0.3, 0.4] and [0.1, 0.2] ranges, respectively.

The proposed cosegmentation-based change detection does
not require highly precise registration between multitemporal
images and can accept a registration error of at least one pixel.
The low requirements of image registration can be attributed to
the performance of the graph cut algorithm. We also found that
small objects are more sensitive to misregistration than large
objects, as shown in Fig. 9. It would be interesting to do a
specific analysis on evaluating the influences of misregistration
to objects of different sizes in the future.

In Figs. 13 and 14, cosegmentation shows better perfor-
mance than other multitemporal segmentation strategies for
OBCD. This may be because cosegmentation limits the scope
to only those potentially changed areas to directly produce
changed and unchanged objects. While other multitemporal
segmentation strategies has the scope to the full image to
generate image objects for further change analysis, this could
increase the introduction of new errors compared with the
limited scope of cosegmentation. A similar idea can be found
in [32] by updating and backdating an existing land cover map
with the scope of changed regions.

A significant advantage of cosegmentation is to provide two
spatially corresponded changed maps to reflect the geomet-
ric and numeric changes of objects, which are justified by
both theoretical analysis in Fig. 3 and real detection results
in Figs. 10 and 11. As a future work, we can exploit
the geometric and numeric changes to verify the spatially
corresponded changed objects, which could further improve
the detection accuracies. For the numeric change of objects,
there may be a special case of multiple-to-multiple change of
buildings. In this case, the proposed method of establishing

1601

T

Label
assignment

T2
]

Fig. 15. Example of establishing the spatial correspondence between
multiple-to-multiple changed objects.

spatial correspondence can also work by taking the multiple
objects as a whole, as shown in Fig. 15. But it needs future
work to distinguish the one-to-one correspondence within this
multiple-to-multiple case.

The disadvantage is that the proposed method tends to
expand false alarms because of the false hints in the difference
image. Therefore, it is important to acquire correct change
feature in order to provide accurate clues as to what the
user intends to segment. Moreover, we focus on the change
detection of buildings and obtain satisfactory results in this
study. We consider that the cosegmentation method can be
applied to change detection of other land cover types by
inputting the specific change feature and then substituted for
that of buildings.

VI. CONCLUSION

A novel method for building change detection from multi-
temporal HR remotely sensed images has been proposed based
on the concept of cosegmentation. Five datasets, including a
pair of IKONOS images, three pairs of aerial photographs,
and a pair of GF-1 images, were used to verify the effective-
ness and show the superiority of the proposed method.

In contrast to the conventional change detection methods,
the proposed method results in two change detection maps
with both connection and difference. The connection between
the two maps results from the guidance of the same change
feature in the cosegmentation process and the difference is due
to specific image features at each phase added to the energy
function. Comprehensive change information, i.e., attribute,
geometric, and numeric changes of objects, can be exploited
by the proposed method.

The proposed method achieves more satisfactory results
than the state-of-the-art OBCD methods with respect to both
quantitative accuracy measures of precision, recall, F-score,
edge, position, and qualitative analysis in the experiment. This
could be owing to that cosegmentation limits the scope to
potentially changed areas to directly generate changed objects,
while other multitemporal segmentation methods has the scope
of the whole image to generate image objects for change
analysis, which would increase the introduction of new errors.

As future developments of this study, we are consider-
ing the following: 1) attempting to detect changes of other
land cover types (e.g., road, lake, and vegetation) using
the cosegmentation-based method; 2) developing a robust
algorithm to better delineate the change feature in order that
the difference image can provide accurate hints for cosegmen-
tation; and 3) exploiting the geometric and numeric changes
to further verify the spatially corresponded changed objects.
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