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ABSTRACT

The substantial volume of continuously gathered remote sens-
ing data can serve as a valuable information source in mitigat-
ing the effects of natural disasters. This involves identifying
changes in the time series of observations. Considering that
the precise location of the changes may not be available in
real-world scenarios, we propose an unsupervised method for
detecting extreme events in multi-temporal satellite images.
Specifically, we learn a basis matrix of each dimension of the
feature space of the images using the tensor decomposition
learning method. Then, each new image is represented in the
feature space by expressing it as a multilinear combination
of the learned tensor decomposition factors. The predicted
changes can be obtained by comparing and thresholding the
distance of the corresponding extracted features of the im-
ages before and after the event. Experimental results on real
Sentinel-2 multi-temporal images demonstrate that the pro-
posed method can efficiently detect the effects of fires and
floods with low complexity.

Index Terms— Unsupervised change detection, Tensor
decomposition learning, Multi-temporal data, Feature space

1. INTRODUCTION

Remotely sensed imagery has been widely used in various
Earth Observation applications, including disaster assess-
ment [1], land cover change detection, and environmental
monitoring [2]. In particular, remote sensing has proven
to be a powerful tool for monitoring and assessing the im-
pacts of extreme events such as floods, droughts, heatwaves,
wildfires, cyclones, and landslides. Satellite data from mul-
tiple sources can contribute to providing timely and accurate
spatio-spectral observations to effectively detect extreme
events by identifying changes in the images, contributing to
a better understanding of their formation, development, and
associated impacts.

Several change detection methods have been developed
and applied to satellite images utilizing observations from
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the same location captured at different time instances. How-
ever, the location of the true changes is not available in prac-
tical applications. Addressing this issue, unsupervised ap-
proaches employ pixel-by-pixel analysis to generate a differ-
ence image. This is based on the assumption that changes
result in noticeable differences in pixels. Specifically, the
distribution of the difference image is used in [3-5], and a
spatio-spectral band expansion technique for the introduction
of more distinct structural information is presented in [6]. A
band-by-band processing approach is proposed in [7], while
the Bayesian framework is used in [8] to remove noise from
changed pixels and minimize the rate of false alarms. An-
other approach proposed in [9] is based on image reconstruc-
tion loss, using the source and the associated photometrically
transformed images.

In recent years, several deep learning-based methods have
been introduced to detect changes in bi-temporal satellite im-
ages. Specifically, a convolutional neural network for seman-
tic segmentation is proposed in [10] to extract compressed
image features and classify the detected changes into the as-
sociated semantic classes. Deep neural networks are also in-
troduced in [11, 12] for feature extraction. Another method
outlined in [13] utilizes a Generative Adversarial Network
to generate additional images, thereby providing more accu-
rate predictions. Finally, [14] introduces a change detection
method that integrates graph-based and deep learning tech-
niques within a multi-temporal context.

At the same time, tensor-based methods have showcased
the capability to aptly represent the structural characteristics
of high-dimensional data, yielding notable results across var-
ious problems [15]. In the context of the change detection
problem, it has been demonstrated that Tucker decomposi-
tion can simultaneously suppress the difference of unchanged
pixel pairs and amplify the difference of changed pixel pairs
[16]. Specifically, the authors in [16] use Tucker decompo-
sition and high-order principal component extraction to miti-
gate the impact of various factors in bi-temporal images. An-
other approach has been introduced in [17] using the tensor
train decomposition to capture global correlations from ten-
sors and extract low-rank discriminative features.

Despite their success, the aforementioned methods focus
on detecting changes in bi-temporal remote sensing imagery,
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Fig. 1: Flowchart of the proposed unsupervised change detection method. During training, available satellite data is utilized
to learn the feature space using the tensor decomposition learning method. In the inference phase, each image is represented
in the feature space by expressing it as a multilinear combination of the acquired basis matrices. Predicted changes are then
determined by comparing and thresholding the distance of the extracted features from the images before and after the event.

underutilizing the wealth of available observations. To our
knowledge, the RaV An method, as introduced in [18], is the
only one applied to multi-temporal data. This method utilizes
a variational autoencoder to generate a latent representation
of incoming sensor data within a specific region.

In this work, we propose an unsupervised change detec-
tion method for extreme events in multi-temporal satellite im-
ages using tensor decomposition learning. Specifically, we
learn a basis matrix of each dimension of the feature space
of the images using Tucker decomposition. Given the learned
decomposition matrices, each new image in the time series is
represented in the feature space by expressing it as a multilin-
ear combination of the learned basis matrices. To identify the
changed pixels in the images and detect the effects of extreme
events, we compare the corresponding coefficients of the im-
ages before and after the event. This is done using the Spectral
Angle Mapper as a distance metric, taking the minimum dis-
tance along the coefficients of the images before the event, as
depicted in Fig. 1. The proposed tensor learning model can
simultaneously exploit the spatial and spectral features with
low complexity, and deal with multi-temporal multispectral
images to achieve improved performance, as is demonstrated
in the detection of fires and floods.

Overall, the key contributions of this paper can be sum-
marized as follows:

* A novel unsupervised change detection method is pro-
posed to detect the effects of extreme events in satellite
images based on tensor decomposition learning.

e The proposed method can deal with multi-temporal
multispectral images for change detection.

* The tensor learning model can simultaneously exploit
the spatial and spectral features in the images with low
complexity.

* Experimental results on real satellite images demon-
strate the effectiveness of the proposed method.

2. TENSOR PRELIMINARIES

An N-way or Nth-order tensor X € R11>X12XxIn i defined
as a multidimensional array, whereby the order of a tensor
is the number of its dimensions. Tensors offer a mathemati-
cal way of representing and handling higher-order data using
tensor decomposition techniques. Specifically, the Tucker de-
composition involves expressing a tensor X € RI1>*/2xxIn
as a core tensor G € Rt xF2xxEx myltiplied by a matrix
D, € R»*En along each mode, ie., X = G x; Dy x5
Ds x3--- Xy Dy, where the mode-n product x,, denotes
the tensor-times-matrix operation. This product can also be
expressed in a matrix-format as Y = (G x,, Dy,) & Y(,,) =
D,, - Gy, where G,y € R *¥ILizn i g the mode-n ma-
tricization or unfolding of G and it corresponds to a matrix
with columns being the vectors obtained by fixing all indices
of G except the n-th index. The N-tuple (Ry, Rs, ..., RN)
that corresponds to the dimensions of the core tensor in the
exact Tucker decomposition with orthogonal factor matrices
is called the multi-linear rank of X € RI1*f2>XXIN - Specif-
ically, the multi-linear rank indicates the rank of each mode
matricization X(n) of the tensor, for n=1, .., N with R, <I,,.

3. PROPOSED METHOD

The proposed change detection method which is illustrated
in Fig. 1, consists of the training and the run-time phases,
implemented on small patches of the images.

Training Phase

Given a set of training satellite multispectral image patches
X7 € REXWXB "with two spatial and one spectral dimen-
sion, we can obtain the training tensor X = (X', X% ... X%) €
RIXWXBXS "where S is the number of training samples.

To obtain the feature space of the training samples, we
learn a basis for each dimension, Dy, Dy, Dpg, such that
each sample can be written as a multilinear combination of
them, i.e., X7 = G7 x; Dy xo Dy x3 Dpg,forj=1,.., 5.



To achieve this, we minimize the error between the training
tensor and its Tucker decomposition subject to a low-rank
constraint on the factor matrix of the sample-variable Dg to
extract the correlations in the training data, and an orthogo-
nality constraint on the other factor matrices to obtain an or-
thogonal basis along each mode. Specifically, we solve the
optimization problem

mln%HX —Gx1 Dy xoDw x3Dp x4 DSH%‘ + /\HA”*
subjectto A = Dg, DI -D,, =1z, n=H,W,B

)]

where G € REaxBwxEsxS 7y, ¢ REXEn Dy, €

RWXRW, Dp € RBXRB, with Ry < H, Ry < W, and

Rp < B,Dg,A € RSx5S, I, is the identity matrix with

dimensions R,, X R,, and the parameter A > 0 is used to
control the terms of the optimization problem.

To solve this problem, we apply the Alternating Direc-
tion Method of Multipliers, in which we minimize the aug-
mented Lagrangian function £ iteratively for each variable
while keeping the others fixed, where

L£(G,.Dy,Dw,Dp,Ds, A)Y) =
%HX — G x1 Dy x2 Dy x3Dp x4 Dg||% + A||A]l.+
Y- (A —Ds) + §|A - Dsll%,
@)
Y < R%S stands for the Lagrange multiplier matrix, and
p > 0 denotes the step size parameter. Specifically, at each
iteration [, we update the auxiliary variable A as

AeDSfX. 3)
p

and we hold some of its singular values obtained from the
Singular Value Decomposition, depending on the parameter
A (90% of the information of the singular values in our exper-
iments) to impose the nuclear norm constraint on it.
For the basis matrices D,,,n = H, W, B, we update

Dn « (X Cp, ) (Cng, - Cr )™ @4

N (n)
(Q.R) + QR(D,) (5)
D, « Q(,1:R,), 6)

where Cn = Q X1 Xp—_1 Dn—l Xn+1 Dn+1 Xn+2 and
the OR factorization is applied to impose the orthogonality
constraint on them.

The update of the other variables is more straightforward
since there is no constraint on them, i.e., we update

DS — (X(S)~C,§(S) +Y+pA)

(Css) - Chyy T2 1) 7! (7
G + X x;D} x3Df, x3Df x4 Dg' (8)
YO YD 4p.(A-Dg), ©

at each iteration [, where D! = DI and D . D,, = I,
for the orthogonal matrices D,,,n = H, W, B, and p = 0.01.

Note that we first introduced the tensor decomposition
learning method for the compression of high-dimensional sig-
nals [19]. Nevertheless, this tensor learning model can be
effectively employed for the unsupervised change detection
problem. In this task, the objective is to reconstruct the orig-
inal data while simultaneously acquiring a representative fea-
ture space representation. Because the feature space has lower
dimensionality in comparison to the original data, it can be
viewed as a compressed space. This compressed space retains
only the distinguishing features in the representation, offer-
ing robustness to noise and requiring less computational and
memory resources. This aspect is crucial in remote sensing
applications.

Run-time Phase

During inference, a time series of multispectral satellite im-
ages is given that consists of a number F' of history frames
before an extreme event and an image after the event of the
same location. Each patch Xy € REXW*B f—1  F 41
in the image time series is represented in the feature space by
expressing it as a multilinear combination of the learned basis
matrices Dy, Dy, Dp. Specifically, the extracted features
are encoded in the core tensor of coefficients by calculating
the mode-n product of the image patch with the transposed
basis matrices, i.€.,

Qf:)ef X1 DE XQD,IV;/ Xng (10)

To detect the changes in each patch of the images before and
after the event, we compare the corresponding features using
the score function S : RFuxAw xEsx(F+1) _, R defined as

$(G) = min, d(Gy,Gr1)- (11)

Therefore, the predicted scores are obtained as the minimum
value of the distances between the features of the history
frames before the event and the features of the frame after
the event, using as distance metric the Spectral Angle Map-
per (SAM) [20]. As the proposed change detection method
operates on small image patches, a score is extracted for
each patch to determine whether the pixels within that patch
have undergone changes. This is achieved by applying a
threshold. Hence, operating on small patches can reduce the
error in case there are changed and unchanged pixels in a
patch. Moreover, the utilization of the minimum in the score
function allows us to handle multi-temporal data effectively,
aggregating individual distances while disregarding minor
fluctuations.

4. EXPERIMENTAL RESULTS

To assess the suggested change detection method, we initially
trained our tensor decomposition learning model using 100
Sentinel-2 multispectral images with dimensions 30 x 30 x 10.
The model utilized the ten highest resolution spectral bands.
Additionally, we implemented the proposed method on spa-
tial patches with dimensions of 3 x 3. We employed a mul-
tilinear rank of 1 for the spatial dimensions to capture spatial



correlations, and a full rank for the spectral dimension allow-
ing us to leverage all available spectral information. In this
context, the multilinear rank corresponds to the size of the
learned feature space.

During inference, we performed experiments on the
RaVAEn dataset [18] for the detection of the effects of fires
and floods in multi-temporal Sentinel-2 images. Specifically,
there are 5 different locations of fires and 4 locations of
floods. Every location comprises a time series containing
five images. The initial four images are captured before the
disaster occurs, while the fifth image is taken afterward. Im-
portantly, each of these images exhibits less than 20% cloud
cover. To mitigate the impact of clouds on the outcomes, we
opted for frames with lower cloud cover in each time series
during our experiments. A change mask representing the
actual differences between the last two images in the time
series is also provided, solely for evaluation purposes.

(e) Prediction -
RaVZAn

(d) Prediction -
_Proposed Method

(c) Change Mask

(h) Change Mask

(i) Prediction - (j) Prediction -
Proposed Method RaVZAn
Fig. 2: The images before and after the fire and flood and
the corresponding predicted scores of the proposed and the
competing method in comparison with the true change mask.

To evaluate the proposed unsupervised change detection
method of multi-temporal satellite images, we compared it
with the RaVZEn method [18]. Specifically, the mean Area
Under Precision-Recall Curve (AUPRC) is reported in Table
1 for both methods on each extreme event, using 1 and 3 his-
tory frames and performing 5 Monte-Carlo simulations. As
observed, the proposed approach consistently surpasses the
competing method in every case, delivering more reliable re-

sults with minimal standard deviation across the randomness
of the simulations. The effectiveness of the proposed method
is further confirmed by examining the images displaying the
predicted scores of both methods, as illustrated in Fig. 2. The
comparison is made with the true change mask, focusing on
the affected area of each event.

Table 1: Comparison of the proposed method with RaV/&En
on each extreme event, using 1 and 3 history frames.

AUPRC History Fires Floods
P d . 0.939 0.764
;,feﬂﬁf)‘; (1.71-10719) | (8.78-1079)
0.937 0.741
3 (1.91-1071% | (5.18-107Y)
| 0.833 0.448
RaVZEn (0.008) 0.011)
5 0.913 0.443
(0.008) (0.009)

We also examined the impact of the number of history
frames on the change detection results in Table 2 on a location
affected by floods. As it was expected, we can obtain more
accurate predictions using more history frames since more in-
formation can be extracted from the images before the event.
Note here that we selected a region without clouds in the im-
ages of the time series. However, many images in the dataset
have cloud cover regions that prevent the appropriate feature
extraction from the history frames. This is the reason that the
results of our method are not improved in the case of 3 history
frames instead of 1, as we can see in Table 1.

Table 2: AUPRC of our method concerning different num-
bers of history frames on a location affected by floods.

Number of history frames
AUPRC T 5 3 i
Proposed 0.8124 0.9327 0.9441 0.9563
Method | (3.56-107%) | (4.54-107°) | (5.34-107%) | (7.89-1079)

Finally, an important characteristic of the proposed model
is the low complexity since it only requires 3-14-3-1+10-10 =
106 parameters (i.e., the number of elements in the 3 basis
matrices) for the representation of the feature space obtained
during tensor decomposition learning. However, the alter-
native method involves approximately a million parameters,
leading to a substantial increase in computational and mem-
ory requirements. This aspect is particularly crucial in remote
sensing scenarios.

5. CONCLUSION

This work introduced an unsupervised method for detecting
changes during extreme events in multi-temporal satellite im-
ages. The approach utilizes tensor decomposition learning
to extract the feature space, effectively incorporating spatial
and spectral features with low complexity. The changed pix-
els are obtained by comparing the extracted features of the
images before and after the event, using the learned factors.
Our future work involves applying the proposed method to
additional extreme events with a greater number of historical
frames.
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