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Abstract. In this Letter, an unsupervised algorithm for detecting changes in
multi-spectral and multi-temporal remotely-sensed images is presented. Such an
algorithm makes it possible to reduce the eVects of r̀egistration noise’ on the
accuracy of change detection. In addition, it can be used to reduce the typologies
of detected changes in order to better locate the changes under investigation.

1. Introduction

Detection of land-cover changes, by comparing the images acquired in the same
area at diVerent times, is one of the major applications of remotely-sensed images
acquired by Earth-orbiting satellites (Singh 1989).

One of the most widely used change-detection techniques is univariate image
diVerencing (UID) (Singh 1989, Fung 1990). Two spatially registered images
acquired at two diVerent times are subtracted on a pixel basis to produce a further
image (diVerence image) which represents the changes between the two. Under the
hypothesis of few changes between the two times, changes can be detected in the
tails of the statistical distribution of the pixel values in the diVerence image.

The above technique is usually applied by using a spectral band where the
typologies of investigated changes can be detected. However, other typologies of
non-investigated changes are often detected, too. In particular, a typology of false
changes due to image misalignments is often detected (registration noise) (Gong et al.
1992, Townshend et al. 1992).

In this Letter, we present a new algorithm which allows a selective detection
of land-cover changes by exploiting the information available in multi-spectral
remotely-sensed images. In particular, this algorithm is useful to reduce the eVects
of registration noise.

2. The proposed approach

In remote sensing applications, we are often interested in detecting only a speci® c
kind of land-cover change. Each kind of land-cover change can usually be well
detected only in a subset of multi-temporal spectral bands, while it is not detectable
in other bands. In the proposed algorithm, we utilize not only the bands where the
investigated change is detectable but also other bands where it is not detectable. In
particular, we employ the latter bands to identify pixels aVected by registration noise
and pixels belonging to other non-investigated changes. Then this information is
used to reduce such d̀isturbing eVects’ in the spectral bands where the investigated
change is visible and, consequently, in the ® nal map of changes. In the following,
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this algorithm is indicated by the acronym S̀MI’, which stands for S̀elective use of
Multi-spectral Information’.

2.1. SMI algorithm
Let Bt1={bt1

1 , bt1
2 , ¼ , bt1

N } and Bt2={bt2
1 , bt2

2 , ¼ , bt2
N } be the sets of N spectral

bands of images acquired at time t1 and t2 , respectively. Let Ci be the set of typologies
of changes detectable by comparing bt1

i with bt2
i (i=1, ¼ , N), c* the typology of

the investigated change, and creg the typology related to false changes due to
registration noise.

step 1: select two spectral bands, bh and bk , such that c*×Ch , c*1Ck , creg×Ch ,

and creg×Ck . (It is worth noting that usually creg×Ci , i=1, ¼ , N, as
registration noise is generally visible in all spectral bands.)

step 2: for each pair of pixels with the same co-ordinates (i, j) in the two
multitemporal images, compute the following diVerences:

Dh (i, j )=bt2
h (i, j ) Õ bt1

h (i, j ) (1)

Dk (i, j )=bt2
k (i, j ) Õ bt1

k (i, j ) (2)

The diVerence images Dh and Dk provide information on the sets of
changes Ch and Ck , respectively.

step 3: to make Dh and Dk directly comparable, replace the value of each pixel
with the Mahalanobis distance (Richards 1993) of the value of such a
pixel from the distribution of the related diVerence image, i.e.,

D ¾
h (i, j )= S [Dh (i, j ) Õ D
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h ]2

s2
Dh

D ¾
k (i, j )= S [Dk (i, j ) Õ D
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(3)

where D
±

h , D
±

k , s2
Dh

, and s2
Dk are the averages and the variances of the

distributions of the values of the pixels in Dh and Dk which are considered
to be Gaussian, as in the UID technique for the case of a small number
of changed pixels. D ¾

h and D ¾
k take only positive values.

step 4: for each pair of spatially corresponding pixels compute the following
diVerence:

Dhk (i, j )=D ¾
h (i, j ) Õ D ¾

k (i, j ) (4)

step 5: compute the mean value D
±

hk and the variance s2
Dhk of Dhk . Pixels with

typologies of changes belonging to Ch but not to Ck (i.e., belonging to
[Ch Õ (ChmCk )] ) take on values that are in the positive tail of such a
distribution; no-change pixels and pixels with typologies of changes
belonging to both Ch and Ck ( i.e., belonging to ChmCk ) (including false
changes due to registration noise) are grouped around the mean value;
pixels with typologies of changes belonging to Ck but not to Ch (i.e.,
belonging to [Ck Õ (ChmCk )] ) are in the negative tail of the distribution.
Since c*× [Ch Õ (ChmCk )], then the investigated change can be detected
by the following condition:

Dhk (i, j )>D
±

hk+ tsDhk (5)

where a suitable value of the constant t can be found by experiments.
Also for the SMI algorithm, as for the UID technique, it is necessary to
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® nd a value of t that assures a good trade-oV between the amount of false
detections and missed changes.

If the set of detected changes [Ch Õ (ChmCk)] contains only c*, then the SMI
algorithm allows one to reveal c* alone; otherwise, also the other changes in
[Ch Õ (ChmCk)] (i.e., all the changes that are visible in bh but not in bk ) are revealed
in the ® nal map.

In the latter case, a further focalization of c* can be obtained by further appli-
cations of the SMI algorithm. For example, if there exists a band bj in which all
changes revealed at the ® rst application of the algorithm but c* are detectable, then
c* can be isolated by applying the algorithm again, using bj in place of bk . The AND

of the binary maps resulting from the two applications of the algorithm provides a
® nal map which highlights only pixels belonging to the typology of the investigated
change c* (in a ideal situation with no errors).

3. Experimental results

The study region is a mountainous area in northern Italy, near Lake Garda. A
section of two multi-spectral images (600 pixels by 600 pixels) acquired by the
Thematic Mapper (TM) sensor in February 1992 and March 1993 ( ® gure 1),
respectively, was used. Four forest ® res occurred between the two dates in the selected
area ( ® gure 1). In addition, other changes due to the extension of areas covered with

Figure 1. Section (600 pixels by 600 pixels) of band 4 of a multi-spectral image acquired by
the Landsat TM sensor in March 1993 on a mountainous area in northern Italy
(burned areas are indicated).
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snow occurred. The SMI algorithm was used to detect just burned areas. To validate
the algorithm, the obtained results were compared with the ones provided by the
standard UID technique.

The two multi-spectral images were registered with an accuracy of less than one
pixel. Then they were preprocessed to reduce the diVerences in illumination related
to the two acquisition times by applying a histogram matching technique (Chavez
and Mackinnon 1994). This is a crucial task since diVerences in illumination may
be erroneously interpreted by the change-detection algorithms as land-cover changes
(Olsson 1993).

According to the SMI algorithm, band 4 of the TM sensor was selected as bh ,
as it was the best one to detect burned areas; band 7 was used as bk in order to
reduce the eVects of registration noise, as in our images burned areas were not
detectable in band 7. Furthermore, burned areas were not detectable in band 1,
whereas areas covered with snow were easily detected in it. Therefore, the algorithm
was applied again by using band 1 as bj in order to reduce the eVects of changes in
areas covered with snow. The UID technique was applied by using band 4 of TM.

We selected values of the threshold t in order to obtain an equal number of
missed pixels in burned areas for both the SMI and the UID algorithms; then, we
compared the results on the basis of the false indications of changes they provided.
For this purpose, we selected the pair of values t=1´3 for SMI and t=2 0́ for UID
as a good compromise between false and missed changes since the amount of missed

Figure 2. Map of changes provided by the proposed algorithm: 3710 pixels are missed in
burned areas, 6032 pixels of false changes are detected in other areas.
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pixels (i.e., 3710 for both the algorithms) still allowed the four forest ® res to be
located with reasonable accuracy. In this situation, the performances of SMI were
remarkably higher, since it provided 6032 pixels of false changes ( ® gure 2) with
respect to 13 265 pixels of false changes provided by UID (® gure 3). In particular,
the reduction in false changes due to registration noise is clearly visible, for instance,
on the shores of the lake in the upper left and lower right parts of the image. The
strong reduction in the detection of non-investigated changes due to areas covered
with snow is also visible (see, for example, the upper-left and middle parts of
the image).

Most of the false changes in the map produced by SMI (® gure 2) can be easily
removed by applying image-® ltering algorithms (Richards 1993), since they consist
mainly of isolated points. On the contrary, in the map provided by the UID ( ® gure 3)
there are several false change areas that cannot be removed because they have
features that are similar to those of the areas of investigated changes (i.e., forest ® res).

4. Conclusions

In this Letter, we have proposed a new change-detection algorithm which allows
a selective detection of land-cover changes by exploiting the information available
in multi-spectral remotely-sensed images. In particular, the proposed algorithm also

Figure 3. Map of changes provided by the univariate image diVerencing technique:
3710 pixels are missed in burned areas, 13625 pixels of false changes are detected in
other areas.
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utilizes the spectral bands where investigated changes are not visible in order to
reduce the registration noise and the eVects of non-investigated changes.

An experiment with real data has been presented. The results we obtained and
the favourable comparison with the standard UID technique con® rm the interest of
our algorithm.

It is worth noting that the selected study area, being a mountainous zone, is
quite a complex test region. In fact, illumination and nadir location diVerences
between multitemporal images may produce a higher amount of non-investigated
changes than those produced on ¯ at areas.
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