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Unsupervised Change Detection With
Expectation-Maximization-Based Level Set
Ming Hao, Wenzhong Shi, Hua Zhang, and Chang Li

Abstract—The level set method, because of its implicit handling
of topological changes and low sensitivity to noise, is one of the
most effective unsupervised change detection techniques for remotely sensed images. In this letter, an expectation-maximizationbased level set method (EMLS) is proposed to detect changes.
First, the distribution of the difference image generated from
multitemporal images is supposed to satisfy Gaussian mixture
model, and expectation-maximization (EM) is then used to
estimate the mean values of changed and unchanged pixels in the
difference image. Second, two new energy terms, based on the
estimated means, are defined and added into the level set method
to detect those changes without initial contours and improve final
accuracy. Finally, the improved level set method is implemented
to partition pixels into changed and unchanged pixels. Landsat
and QuickBird images were tested, and experimental results
confirm the EMLS effectiveness when compared to state-of-theart unsupervised change detection methods.
Index Terms—Expectation-maximization (EM), level set
method, remote sensing, unsupervised change detection.

I. Introduction
HANGE detection, one of the most important research
topics for remote sensing, is generally achieved by
analyzing remotely sensed images acquired from the same
geographical area at different times [1]–[3]. In the past three
decades, a variety of change detection methods have been
developed. Such methods can be grouped into supervised
and unsupervised methods. Although the supervised methods
have the advantages of identifying types of change, robustness to atmospheric and light condition, and also have the
ability to process multisource images over unsupervised ones,
unsupervised change detection techniques are more widely
used because of the absence of ground reference [2]. Widely
used unsupervised methods include image differencing, image
rationing, image regression, change vector analysis (CVA), and
principal component analysis (PCA) [2]–[4].
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An active contour model (snakes) was proposed by
Kass et al. [5], and Chan and Vese [6] improved this model
with level set called the CV model. In recent years, active
contour models based on level set are increasingly popular and
used to process remotely sensed images [7]–[9]. In addition,
the active contour model based on level set has also been used
recently to detect changes for remotely sensed images [10],
[11]. Initial contours, however, are needed to achieve accurate
change-detection maps for the proposed method in [11]. In
[12], the neighborhood distribution and edge information was
derived by two localized region-based operators for each pixel,
and then incorporated into a local binary fitting (LBF) as a
local edge-based level set model. Selection of an initial contour
in this model is not needed. In [13], a variational formulation,
based on gradient, was added to the level set method. This
forced the level set function to have the opposite sign along the
edges at convergence. Hence, the improved level set achieved
segmentation without initial contours.
This letter presents a novel approach to detect changes
with expectation-maximization-based level set (EMLS) without initial contours. Firstly, the difference image distribution
is assumed to satisfy the Gaussian mixture model, and the
Expectation-Maximization (EM) is exploited to estimate the
mean values of changed and unchanged pixels in the difference
image. Two new energy terms are then added into the level
set method, based on the mean values. Finally, the improved
level set method is used to detect changes.
II. Methods
Generally, change detection can be seen as a classification
problem for only two classes. Active contour models based
on level set are widely used to segment images because of
the advantages of implicit handling of topological changes,
extraction of objects without noticeable edges, and low sensitivity to noise [6]. In [11], multiresolution level set (MLS) and
MLS with the Kittler algorithm [14] (MLSK) were proposed
to detect changes, and the results were satisfactory. However,
MLS lacks stability when used for different types of changes
and MLSK needs initial curves. To increase stability and
achieve detection changes without initial contours, the mean
values of changed and unchanged pixels, estimated by EM,
are added into an active contour model.
Let X1 and X2 be two multispectral images acquired from
the same geographical area at two different times. Assuming
images have been co-registered and radiometrically corrected,
the two images have the same size of M × N. The difference
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image X is generated by the magnitude of the CVA method,
and consists of changed pixels W1 and unchanged pixels W2 .
A. Estimation of the Mean Values by EM
In this paper, it is assumed that the difference image X can
be seen as a Gaussian mixture, as follows:


p(X) = p(X W1 )P(W1 ) + p(X W2 )P(W2 )
(1)


where p(X), p(X W1 ) and p(X W2 ) are the probability
density functions of the difference image X, changed pixels
W1 and unchanged pixels W2 , and P(W1 ) and P(W2 ) are the
a priori probabilities of changed pixels and unchanged
 pixels,
respectively.
The
probability
density
functions
p(X
W1 ) and

p(X W2 ) are Gaussian and can be written as


  
1
(X − μk )2
p X Wk = √ exp −
(2)
2σk2
σk 2π
here, k ∈ (1, 2), μk and σk are the respective mean and
variance of the corresponding pixels of class Wk .
Given that, EM can be performed to estimate the mean
values μk by the following three steps [2], [15].
Step 1) : Initialize the means μk , covariances σk and a priori
probability P(Wk ). A threshold d to the difference
image was set to obtain the initial changed pixels
and unchanged pixels. The threshold can be generated
from an empirical equation written as
d = μX + R · σX

(3)

where R is a constant, μX and σX denote the respective mean and standard deviation of the difference
image. The values of μk , σk and P(Wk ) can then be
computed from the classified pixels and regarded as
the initial values to EM.
Step 2) : Expectation step. Equations (1) and (2) are used
to evaluate the a posterior probability P(Wk /X) with
(4), as follows:


P(Wk )p(xi Wk )
P(Wk xi ) =
(4)
P(xi )
here, 1 ≤ i ≤ MN and xi is the ith pixel of the
difference image.
Step 3) : Maximization step. Re-estimate the parameters using the following equations:
MN

i=1

P t+1 (Wk ) =

MN

MN

t+1

μk =


P t (Wk xi )
(5)


P t (Wk xi )xi

i=1
MN



P (Wk xi )

(6)

t

i=1
MN

2

(σk )t+1 =


P t (Wk xi )(xi − μk )2

i=1
MN

i=1


P t (Wk xi )

(7)
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where the superscripts t and t + 1 are the current and
next iterations, respectively.
The parameters are estimated by the steps above, and then
checked for convergence. If the convergence criterion is not
satisfied, repeat steps 2 and 3 until convergence is achieved.
Finally, the mean values are estimated.
B. Change Detection by Level Set
The changed pixels in the difference image can be seen as
the object and extracted by finding an optimal contour C by
the energy functional given as [6], [11]


|xi − c1 |2 dxdy +
|xi − c2 |2 dxdy + v |C| (8)
E(C) =
I(C)

O(C)

where v > 0 is a constant, C is the evolving contour, I(C)
represents the area inside the evolving contour and can be
seen as changed, O(C) denotes the area outside the evolving
contour and can be regarded as unchanged, |C| denotes the
length of the evolving contour, xi is the ith pixel value of the
difference image, c1 and c2 are the respective gray average
of all pixels inside and outside the contour C. The term
|x
|2
I(C) i − c1 dxdy is a sum of the differences between pixel
gray values inside the contour C and the their corresponding
mean value. Similarly, the term O(C) |xi − c2 |2 dxdy is a sum
of the differences between pixel gray values outside the
contour C and their corresponding mean value. The contour
then evolves in order to fit the edges of objects by making (8)
reach a minimum value. Finally, the image is segmented into
changed and unchanged parts, each with homogeneous pixels.
In [12] and [16], EM was embedded directly into the level
set method for segmentation and object extraction. To get out
of the need for initial contours and increase the correctness of
change detections with the level set, two new terms are added
into (8). This denotes the differences between the pixels of the
difference image and the means of changed and unchanged
pixels estimated by EM. The new equation can be written as
[7]
E(C) = I(C) |xi − c1 |2 dxdy + O(C) |xi − c2 |2 dxdy
+v |C| + I(C) |xi − μ1 |2 dxdy + O(C) |xi − μ2 |2 dxdy
(9)
here, μ1 and μ2 are the means of changed and unchanged parts in the difference image, respectively. The term
|x
|2
I(C) i − μ1 dxdy means a sum of the differences between
pixel gray values inside the contour C and the mean value
of changed pixels. Similarly, the term O(C) |xi − μ2 |2 dxdy is
a sum of the differences between pixel gray values outside
the contour C and mean value of unchanged pixels. The two
terms can verify that the changed and unchanged pixels are
detected correctly without initial contours and improve the
distinguishability between changed and unchanged pixels.
To minimize the energy function (9), the level set method is
exploited [17]. In the level set method,  represents the image
domain and the curve C is represented by the zero level set
of Lipchitz function ϕ, such that
⎧
⎨ ϕ(x, y) > 0 (x, y) ∈ I(C)
ϕ(x, y) = 0 (x, y) ∈ C
.
(10)
⎩
ϕ(x, y) < 0 (x, y) ∈ O(C)
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The Heaviside step function H and Dirac delta function δ are
then introduced to describe the functional as follows:
d
1 z≥0
H(z) =
, δ(z) = H(z).
(11)
0 z<0
dz
The energy function can be described using level set function
ϕ instead of unknown variable C, and (9) can be written as


|xi −c1 |2 H(ϕ)dxdy+ |xi − c2 |2 (1 − H(ϕ))dxdy+
E(ϕ) =





|xi −μ1 |2 H(ϕ)dxdy+ |xi − μ2 |
v δ(ϕ) |∇ϕ| dxdy +

2





(1 − H(ϕ))dxdy

(12)

here, ∇ϕ means the gradient of ϕ. To obtain a global minimizer, the functions H and δ are replaced by the regularized
versions as

 z 
2
1
1 ε
1 + arctan
Hε (z) =
. (13)
, δε (z) =
2
π
π ε2 + z 2
ε
Based on the above, the next steps are implemented iteratively
until the optimal ϕ is obtained [6].
Keeping ϕ fixed, the energy functional is minimized with
respect to c1 and c2 , and they can be obtained by
xi H(ϕ)dxdy
 H(ϕ)dxdy

(14)

xi (1 − H(ϕ))dxdy
.
 (1 − H(ϕ))dxdy

(15)



c1 =
c2 =



Keeping c1 and c2 fixed, the energy functional is minimized
with respect to ϕ. The associated Euler–Lagrange equation
parameterizing the descent direction by an artificial time t (t ≥
0) is given as

 

∂ϕ
= δε (ϕ) v div ∇ϕ |∇ϕ| − |xi − c1 |2 
∂t
.
(16)
+ |xi − c2 |2 − |xi − μ1 |2 + |xi − μ2 |2
A finite differences implicit scheme is then used to discretize the equation and achieve the solution of the evolution
equation in ϕ. More details about numerical approximation are
given in [6].

III. Experimental Results
To evaluate the EMLS performance for change detection,
two remotely sensed image data sets were tested. Three
indexes are used to assess the results [18]: 1) miss detection
(MD): the number of unchanged pixels in the changed detection map, incorrectly classified when compared to the ground
reference map. The miss detection rate Pm is calculated by
the ratio Pm = MD N0 × 100%, here, N0 is the total number
of changed pixels counted in the ground reference map, 2)
false alarm (FA): the number of changed pixels in the change
detection map incorrectly classified when compared to the
ground reference.The false detection rate Pf is described by
the ratio Pf = FA N1 × 100%, where N1 is the total number
of unchanged pixels counted in the ground reference map,
and 3) total error (TE): the total number of detection errors,
including both miss and false detections, which is the sum of

Fig. 1. Data set 1 acquired by ETM+ sensor in (a) August 2001 and
(b) August 2002. (c) Difference image with initial curves. (d) Histogram of
the unchanged pixels. (e) Histogram of the changed pixels.

the FA and the MD.Hence, the total error rate Pt is described
by Pt = (FA + MD) (N0 + N1 ) × 100%.
In addition, to avoid being trapped into a local minimum,
the multiresolution analysis in [11] is also employed in EMLS.
The multiresolution images are generated by resizing the
difference image with a factor 0.25, 0.5, and 1. The proposed
method is then utilized from the coarse to fine resolution
image. Referencing literature dealing with level set change
detection [11] and segmentation and considering the data sets
used in our experiments, v = 0.1 is a relatively reasonable
empirical value for change detection. In addition, the time
step t is set to 0.1 as used in [5] and [11]. The proposed
EMLS is compared with robust level set methods LSII [19],
MRSFE [20], DRLSE [21], CV, MLS, and MLSK to prove the
effectiveness of EMLS. All the experiments were implemented
on a personal computer with a 2.0 GHz CPU and 4.00 GB
RAM.
A. Experiments on the Data Set 1
The first data set used in the experiments includes two
multispectral images of size 400×400 pixels acquired by the
Landsat-7 enhanced thematic mapper plus (ETM+) sensor
in August 2001 (t1) and August 2002 (t2) in the Liaoning
Province of China. Fig. 1(a) and (b) shows the band 4 of t1
and t2 images, respectively. The t1 image was registered to t2
image and the histogram matching method was used to both
images for the relative radiometric correction. A mean filtering
(3×3 window size) was applied to both images. The difference
image was then generated by the CVA method.
Based on the above, EM was utilized to evaluate the means
μ1 and μ2 of changed and unchanged pixels. The value of
R is used ranging from −1 to 1 with 0.5 steps to discuss
the effects of different initialization on the estimated mean
values. The estimated mean values are presented in Table I.
It is indicated that the mean values were accurately estimated
by comparison with the histograms of changed and unchanged
pixels in Fig. 1. In addition, it is important to point out that
the stability of the estimation versus the various values of the
initialization parameter d.
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TABLE I
Estimated Mean Values of the Changed and Unchanged
Pixels for Different Initialization of Data Set 1

R

d

−1
−0.5
0
0.5
1

−0.8
10.1
21.0
31.9
42.9

Initialization
μ1
μ2
–
–
32.2
4.4
45.3
8.8
56.7
11.5
65.2
13.3

Estimation
μ1
μ2
–
–
46.2
13.5
46.2
13.5
46.3
13.5
46.3
13.5

Fig. 3. Data set 2 acquired by the QuickBird sensor in (a) May 2005 and
(b) March 2007, (c) difference image with initial curves, (d) histogram of the
unchanged pixels, and (e) histogram of the changed pixels.
TABLE III
Estimated Mean Values of the Changed and Unchanged
Pixels for Different Initialization of Data Set 2

Fig. 2. Change detection results of data set 1 obtained by (a) LSII, (b)
MRSFE, (c) DRLSE, (d) CV model, (e) MLS, (f) MLSK, (g) proposed EMLS,
and (h) reference map.
TABLE II
Accuracy Indexes (Pm , Pf and Pt ) and Computation
Time (Second) for Data Set 1
Method
LSII
MRSFE
DRLSE
CV
MLS
MLSK
EMLS

Pm (%)
19.1
24.5
30.2
20.8
26.0
24.7
25.1

Pf (%)
24.9
5.0
3.1
7.6
3.8
3.9
3.2

Pt (%)
23.8
8.7
8.4
10.1
8.0
7.8
7.3

T (s)
102.5
23.2
66.4
25.3
9.7
8.3
8.3

The level set added the both mean values was applied to the
difference image, where the initial curves were circles evenly
covering the image shown in Fig. 1(c). From the conducted
experiments, it is indicated that the number of initial curves
does not affect the accuracy and computation time of the
proposed method. Finally, four initial circles were adopted in
this experiment.
Fig. 2 shows the best change detection results generated by
LSII, MRSFE, and DRLSE. In addition, CV model, MLS,
MLSK, and the proposed EMLS were implemented with
the same parameters v=0.1 and t = 0.1. To assess the
effectiveness of EMLS quantificationally, the three indexes,
miss detection rate Pm , false detection rate Pf , and total error
rate Pt , were computed based on change detection results and
reference data, as depicted in Table II. The values of Pm ,
Pf , and Pt in EMLS were equal to 25.1%, 3.2%, and 7.3%,
respectively. Compared to other methods, the proposed EMLS
is more accurate in this experiment. It is worth noting that
there is no need for the initial contours, indicating EMLS

R

d

−1
−0.5
0
0.5
1

15.0
39.3
63.5
87.8
112.0

Initialized
μ1
μ2
68.4
9.2
87.9
24.5
112.8
34.6
138.5
42.2
160.5
47.4

Estimated
μ1
μ2
114.9
40.7
115.0
40.7
115.0
40.8
115.5
40.8
115.5
40.8

correctness. In terms of the computation times, the EMLS
is similar to MLS and MLSK, but much faster than other
methods, as shown in Table II.
B. Experiments on the Data Set 2
The second data set consisted of QuickBird sensor images
of size 512×512 pixels acquired in May 2005 (t1) and March
2007 (t2) in the Xuzhou Province of China. Fig. 3(a) and
(b) shows t1 and t2 images, respectively. Both images were
registered and the histogram matching method was used for
the relative radiometric correction. Also, a mean filtering (3×3
window size) was implemented to both images. The difference
image was then generated by the CVA method.
The EM method was applied to evaluate the means μ1 and
μ2 of changed and unchanged pixels. The mean values were
calculated with the various values of R ranging from −1 to 1
with the 0.5 steps and are presented in Table III. It can be seen
that the mean values were accurately estimated when linked
to the histograms of changed and unchanged pixels in Fig. 3.
Additionally, the estimated mean values were still stable versus
the various initializations.
The means μ1 and μ2 were added into the level set and it
was used to detect changes in the difference image with the
parameters v=0.1 and t = 0.1. The CV, MLS, and MLSK
were also implemented to generate change detection maps with
the same parameters in EMLS. In addition, LSII, MRSFE, and
DRLS were performed to obtain best change detection maps
and all changed maps are displayed in Fig. 4.

214

IEEE GEOSCIENCE AND REMOTE SENSING LETTERS, VOL. 11, NO. 1, JANUARY 2014

Acknowledgment
The authors would like to thank the Editor and the four
anonymous reviewers whose insightful suggestions have significantly improved this letter.

References

Fig. 4. Change detection results of data set 2 obtained by (a) LSII,
(b) MRSFE, (c) DRLSE, (d) CV, (e) MLS, (f) MLSK, (g) proposed EMLS,
and (h) reference map.
TABLE IV
Accuracy Indexes (Pm , Pf , and Pt ) and Computation
Time (Second) for Data Set 2
Method
LSII
MRSFE
DRLSE
CV
MLS
MLSK
EMLS

Pm (%)
31.1
49.5
30.9
34.5
41.5
40.7
48.2

Pf (%)
24.9
23.3
18.1
18.6
14.7
15.0
9.3

Pt (%)
25.7
26.4
19.6
20.5
17.8
18.0
14.1

T (s)
175.7
46.2
67.8
46.2
14.6
17.0
13.9

As shown in Fig. 4, it can be seen that the EMLS change
map is the closest to the reference changes. The accuracy
indexes were calculated based on the various change maps
and the reference map shown in Table IV. The values of Pm ,
Pf , and Pt of EMLS are equal to 48.2%, 9.3%, and 14.1%. The
accuracy of the proposed method is much more accurate than
other methods. In terms of computation times, EMLS is the
fastest in the seven methods. In addition, the proposed method
can also detect changes accurately without initial curves.

IV. Conclusion
In this letter, an EMLS method was proposed to detect
changes with remotely sensed images. Two new energy terms,
denoting differences between pixels and the means of changed
and unchanged pixels, were added into the initial level set
to strengthen the correctness of the produced change maps.
The main contribution of the proposed method was that initial
contours were not needed. The effectiveness of the proposed
EMLS was performed by Landsat and QuickBird images and
the results showed that EMLS produces the most accurate
change maps compared with those of LSII, MRSFE, DRLSE,
CV, MLS, and MLSK.
As only the difference image was used in this letter, the
errors caused by the difference image cannot be avoided.
Hence, more information, such as correlation and texture
information, may be fused by the level set method to improve
the accuracy. This is worth further development.
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