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Abstract—Graph-based methods are promising approaches for
traditional and modern techniques in change detection appli-
cations. Nonetheless, some graph-based approaches omit the
existence of useful priors, that account for the structure of a
scene, and the inter and intra relationships between the pixels
analyzed. To address this issue, in this paper we propose a
framework for change detection based on graph fusion and
driven by graph signal smoothness representation. In addition
to modifying the graph learning stage, in the proposed model,
we apply a Gaussian mixture model for superpixel segmentation
(GMMSP) as downsampling module to reduce the computational
cost required to learn the graph of the entire images. We
carry out tests on 14 real cases of natural disasters, farming
and construction. The dataset contains homogeneous cases with
multispectral (MS) and synthetic aperture radar (SAR) images,
along with heterogeneous cases that include MS/SAR images.
We compare our approach against probabilistic thresholding,
unsupervised learning, deep learning and graph-based methods.
In terms of Cohen’s kappa coefficient, our proposed model based
on graph signal smoothness representation, outperformed state-
of-the-art approaches in 10 out of 14 datasets.

Index Terms—Change detection, graphs, graph signal process-
ing, smoothness, spectral filtering.

I. INTRODUCTION

Change detection (CD), in the context of remote sensing,
involves analyzing two images of the same land area taken at
different points in time, which are often referred to as pre-event
and post-event satellite images. The aim is to detect patches
where the land-cover type has changed between acquisitions
[1] [2]. Modern satellites are able to capture multispectral
(MS) images (images at different frequency bands), for which
the red and near-infrared (NIR) bands are normally the most
effective at identifying events such as fires and floods [3].
Satellite images may be affected by noise, variations in lu-
minosity, and misalignment. These images thus need to be
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coregistered before carrying out a comparison between them
[4], [5]. CD algorithms can demand high computational cost
due to the size of the image.Therefore, it is important to
develop algorithms that operate efficiently and quickly in order
to assist with prevention and evaluation of the impact of
catastrophes.
Over the years, numerous methods for CD have been devel-
oped, from the most traditional methods based on hypothesis
testing (e.g., KI [6], rR [7], rrR-EM [8]) to the most
recent, based on machine and deep image translation [9] (e.g.,
CAN [10], U-HPT [11], X-Net [12]). Probabilistic methods
often require the definition of a suitable null-hypothesis and a
threshold to detect whether a pixel has changed or not between
acquisitions. Their accuracy is thus determined by the truthful-
ness of the hypothesis, and the estimation of the threshold. In
practice however, obtaining a desirable level of accuracy may
be difficult in heterogeneous settings [11], [12], where both
the pre- and post- event images come from different sensing
mechanisms and are thus affected by different sources of
uncertainty (e.g., speckle noise in SAR images, and brightness
distortion in MS images). Although recent learning-based
methods may be trained to handle heterogeneous settings,
such methods can be limited in their ability to generalize over
different datasets and sensors (i.e. due to the limited number
of training data available). Furthermore, there are also deep
learning (DL) approaches ( [13]–[15]) based on convolutional
neural networks (CNNs) that have demonstrated an excellent
power of feature extraction from remote sensing images. For
instance, in [13] authors extract features at different levels
from a pyramid pooling setup to enhance the landslides
detection. In [14] a difference discrimination network (DDN)
is proposed to fuse features from pre- and post-events to detect
the change map between the images. Here the authors extract
features from images with a shared structure parameter for a
fair comparison in a common space. In addition, authors in
[15] proposed a feature difference network (FD-Net) guided
by a change magnitude as a loss function. The output of
the FD-Net is a change magnitude map where a threshold
is applied to get the final change map. In general, the DL
approaches are highly computational demanding and at some
point, the network is a black box where the uncertainty of
what is happening is high [15].
Recently, a new class of change detection methods based on
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graphs have been proposed. Unlike the aforementioned ap-
proaches, graph-based change detection methods (e.g., GBF-
CD [16], INLPG [17], NPSG [18], and IRGM [19]) require
little supervision and have proven to be robust in handling
data coming from heterogeneous image sources [17], [19],
[20]. Graph-based approaches often find a graph representation
for both the pre- and post-event images. Next, the graphs
generated are fused (or combined) into a single graph, which
encodes the most relevant information from the input images
[16]–[21]. Using this type of graph, it is possible to discover
the intricate clustering structure of the change map, by ex-
amining the eigenvectors of the kernel matrix associated with
the graph. Although not explicitly stated by Jimenez-Sierra
et al. [16], the accuracy of their approach appears to lie in
the fact that the change map belongs within the span of the
most significant eigenvectors, i.e., the ones associated with
the largest eigenvalues of the fused kernel matrix. Despite the
undoubted benefits of graph-based change detection, current
methods [16]–[21] find the graph representation of the input
images by means of Gaussian kernel matrices. However, this
does not necessarily provide the best representation of the
images as stated by [22] [23], because the Gaussian kernel
does not exploit priors or models of the data, which makes it
sensitive to noise and hyper-parameter tuning. It is therefore
reasonable to suggest that if graph representation is enhanced,
then the performance of the method would improve.
Motivated by recent advances in the emerging field of graph
signal processing (GSP) [22], [24], [25], this paper proposes
the application of a graph learning (GL) based on a signal
smoothness representation approach to find the best graph
representation for the pre- and post-event images. In this
context, the obtained graph-based kernels are significantly
sparse, which allows accurate and fast computations of their
eigenvectors [26]. Although, there are efficient GL algorithms
for large-scale learning, they may still struggle with certain
high-resolution remote sensing images. Therefore, to simplify
the GL problem, we introduce a downsampling module based
on superpixels. This module generates superpixels from a
false RGB image from the input images, which preserve fine
geometrical features of the images, and produce the necessary
information to upsample the resulting low-resolution change
map with negligible loss of resolution. At a superficial level,
it may seem as if the downsampling module only plays a role
in computational efficiency, but we notice that it also prevents
GL from over-fitting undesirable artifacts that may be present
in the images, and may affect CD. This is because each graph
node is associated with the average value of a superpixel, and
thus graph learning will not produce graphs that overfit the
images, mitigating the effects of artifacts that might be present
within the superpixel.
The effectiveness of our approach is tested on fourteen real
cases that include a diversity of events such as: earthquakes,
floods, wildfires, melted ice, farming, and constructions (build-
ing, bridges, etc). Due to the comprehensive set of conditions,
these data sets may help to evaluate not only the scala-
bility of CD models to different resolutions, but also their
accuracy accross heterogeneous sources. We also compare
our approach with several state-of-the-art methods such as

rrR-EM [8], U-HPT [11], CAN [10], X-Net [12], GBF-
CD [16], INLPG [17], NPSG [18], and IRGM [19]. Not
only do we demonstrate the importance of graph learning and
the suitability of graphs for change detection task, but we
also provide an efficient and robust graph-based framework.
This framework outperforms the competing approaches in a
variety of scenarios, in terms of false negative, false positive,
precision, recall, Cohen’s kappa coefficient, and overall error.
Our main contributions are summarized as follows:

1) We propose a graph-based framework for CD. The
GL stage is based on a recent graph signal processing
approach based on signal smoothness. The GL is data-
driven and recovers optimal underlying relationships
between pixels. This approach enables better represen-
tations of change than current Gaussian kernel-based
graphs and outperforms state-of-the-art change detection
techniques.

2) We propose an optimization based approach to find the
change map that relies only on the normalized graph
Laplacian of the fused graph. Unlike previously pro-
posed methods, our optimization based approach does
not require spectral decomposition. This leads to a more
efficient and stable method than previous graph-based
approaches (e.g., GFB-CD [16]), which require a com-
putationally expensive grid search over the eigenvectors.

3) We propose a downsampling stage based on a Gaussian
mixture model for superpixel segmentation (GMMSP),
to reduce the computational cost associated with the
GL stage. The input for this stage is a false RBG
image composed of the pre-event, the post-event, and
the magnitude of the difference image. Apart from
preserving the geometrical structure of the images, this
contribution prevents GL from over-fitting undesirable
artifacts.

4) We extensively evaluate eight state-of-the-art
techniques in fourteen diverse and challenging
scenes that include six MS homogeneous, four SAR
homogeneous, and four MS/SAR heterogeneous
cases. All the datasets and codes are available at:
https://github.com/DavidJimenezS/

This paper is structured as follows. The next section de-
scribes the state-of-the art in change detection. Section III
explains in detail the graph-based framework presented in
[16]. Section IV presents the graph signal processing based
on the smoothness approach for graph learning. Section V
explains each step of the proposed method. Section VI sets
out experimental results that verify the effectiveness of the
proposed method on fourteen datasets. In Section VII we
provide our conclusions.

II. RELATED WORK

In order to position our approach in relation to others, we
will now briefly review a number of existing state-of-the-art
approaches and explain how they relate and differ from the
proposed method.
Homogeneous change detection approaches. In the
state-of-the-art, a homogeneous approach refers to datasets

https://github.com/DavidJimenezS/Graph_Learning_Based_on_Signal_Smoothness_Representation_for_Change_Detection
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acquired from the same sensor for pre- and post-events.
The most common approaches in homogeneous cases are
focused in multispectral (MS) or Synthetic Aperture Radar
(SAR) images. SAR sensor captures information about the
physical characteristics of a surface (such as roughness,
geometric structure, and orientation) while MS sensor
captures reflectances from objects at different wavelengths.
The challenges of these approaches are imposed by raw data
(i.e noise, brightness, and contrast distortions) and the need
for proper modeling methods to capture the change.
For instance, the thresholding method (e.g. rR-EM and rrR-
EM) aims to model the difference image as a distribution
of change/non-change pixels. These methods have proven to
be efficient and useful [27]. However, they are sensitive to
noise and to the initialization of the change-map, making
them prone to artifacts. Moreover, these methods require a
high degree of accuracy in the estimation of the probabilistic
distribution to model the difference image [7], [8], [27], [28].
On the other hand, clustering techniques [29]–[33] aim to
separate the change/non-change pixels in an unsupervised
way. This is a practical solution, since in many CD scenarios,
a reference is not available and it is difficult to extract it
from the raw dataset. Nevertheless, clustering approaches
are affected by parameter initialization (i.e. cluster size,
windows size, stride, etc). This may generate local minima
at the learning stage and the intrinsic data noise may yield
inaccurate change maps [34].
Deep learning (DL) approaches have demonstrated their
ability to capture powerful feature representations with
multiple levels of abstraction directly from data when large
amounts of labeled data are available [35]. Previous DL works
for CD include autoencoders (AEs), convolutional neuronal
networks (CNNs) [36], and generative adversarial networks
(GANs) [35], [37]. Nevertheless, DL approaches exhibit some
common and well-known issues such as the over-fitting of
data when the training dataset is small, the optimization of
hyper-parameters, and the computational training cost if the
network is too large [35], [37].
Heterogeneous change detection approaches. These
approaches refer to images acquired by different sensors for
pre- and post-event images. The heterogeneous methods aim
to project the data that come from different domains into one
common domain to detect the change map.
These domain transformations have been addressed by
techniques such as domain adaptation, data transformation,
transfer learning, image-to-image translation (e.g. U-HPT),
and deep image translation (e.g. CAN and X-Net) [11],
[12], [32], [38]–[40]. These approaches exploit the latent
information in data by embedding all the data into a newer
and higher dimensional space in order to bring the different
domains into one common space for comparison. Nonetheless,
in these methods it is difficult to ensure that the images are
properly projected into the same domain. In addition, the
optimization procedures are sensitive to the initialization of
the parameters, leading to high variability in the results [41].
Furthermore, recent graph approaches such as NPSG [18]
and IRGM [19], rely on a graph representation of the images
extracted from regular overlapped patches and from segmented

superpixels. These methods look for inconsistencies in the
structures captured by the graphs. Instead of relying on the
graph learning stage for the fusion of different image sources,
these methods rely on the fusion of the forward and backward
difference image (DI), given by the graph representation to
detect the change map. For instance both models NPSG
[18] and IRGM [19] learn the graph from the well-known
KNN (K-nearest neighbor) approach. Then, the former NPSG
computes a graph mapping from the pre-event image to the
post-event image (forward DI) and vice versa (backward DI).
As result, the final change map is given by the binarization
of the mean value between the backward and forward DIs.
In IRGM [19], the authors introduce an adaptive step in the
KNN learning of the graph and enhance the final change map
by using Markovian co-segmentation.

Hybrid approaches (Homogeneous/Heterogeneous).
The combination of both homogeneous and heterogeneous
models can be seen as an extension of the heterogeneous
models.
A recent approach based on graphs which is focused on
structural information (GBF-CD) [16], aims to construct
a general model that can be applied to both homogeneous
and heterogeneous datasets [16]. The GBF-CD model was
inspired by graph fusion approaches in classification problems
[20], [42] and the authors in [16] brought it into the CD
problem. This GBF-CD method has three fundamental stages
(graph learning, fusion, and change detection) which are
explained in section III. More recently, a graph based model
proposed by Yuli Sun et al. INLPG [17], similar to the
NPSG [18] and IRGM [19] approaches, aims to search for
structural inconsistency captured by graphs learned by KNN
over regular patches across the images. This inconsistency
is captured through the fusion of the forward and backward
difference image (DI). However, the NPSG model, differs
from the NPSG [18] and IRGM [19] by fusing the DIs
through discrete wavelet transformation (DWT).
As mentioned in the introduction, the authors in [16]–[19]
use the classic graph learning method (Gaussian kernel), to
represent the images by using KNN over regions or patches
[17]–[19] and by using the Nyström extension [16] to reduce
the computational cost associated with graph learning and
spectral decomposition. We extend the framework presented in
[16] by applying a signal smoothness representation model for
the graph learning stage and the GMMSP as downsampling,
to address the computational cost of storing and processing a
complete graph for large images. Furthermore, we enhance
the change map detection by solving an optimization problem
over the normalized graph Laplacian of the fused graph,
which uses the whole spectral basis of the fused graph,
instead of selecting an eigenvector (i.e. as the authors did in
[16]).

III. GRAPH-BASED CHANGE DETECTION

In this section we formally describe the problem of homoge-
neous and heterogeneous change detection and how to address
it using the graph-based change detection framework proposed
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by [16]. This is the method our approach builds upon.
We consider a pair of co-registered (multichannel) images, a
pre-event (before) image Xb,p ∈ Rm×n, p = 1, . . . , Pb and
post-event (after) image Xa,p ∈ Rm×n, p = 1, . . . , Pa, where
Pa and Pb denote the number of channels for each image.
These images may come from different sensors and capture
a certain area of interest at two different points in time. We
then identify where the two images differ and generate a binary
change map C ∈ {0, 1}m×n.
To achieve this, the authors represent the images as graphs.
They then obtain a fused graph that will be used for change
detection [16], where such a graph providesm a common
representation for images from multiple modalities, facilitating
joint processing of heterogeneous images [20].
An undirected graph G is a triple G = (V,E,w), consisting of
a vertex set V , edge set E ⊂ V ×V , and a non-negative weight
function w : V ×V 7→ [0,∞) satisfying w(vi, vj) = w(vj , vi)
for vi, vj ∈ V .
A multichannel image Xp ∈ Rm×n, p = 1, . . . , P can be
represented as a graph G by defining a vertex set V =
{v1, . . . , vmn}, in which each vertex is associated with a pixel
in Xp, an edge set E ⊂ V ×V , in which each edge represents
the relationship between two pixels, and a weight function
w : V × V 7→ [0,∞) that measures the strength of that
relationship. Typically w is defined by:

w(vi, vj) = exp

(
−dist (vi, vj)

σ

)
, (1)

where dist(vi, vj) is often given by the Euclidean distance
between the values of the pixels associated with vi and vj ,
and σ > 0 is a scaling parameter. In particular, dist(vi, vj) =√∑P

p=1(X
p(vi)−Xp(vj))2 where Xp(vi) denotes the value

of Xp at the pixel associated with vi.
Given the graph representations Gb = (V,Eb, wb) and Ga =
(V,Ea, wa) of the pre-event and post-event images Xb,p and
Xa,p, a fused graph Gf = (V,Ef , wf ) can be defined by
combining the weight functions of Gb and Ga as follows:

wf (vi, vj) = min(wb(vi, vj), w
a(vi, vj)), (2)

for (vi, vj) ∈ Eb ∩ Ea. To illustrate the above, consider the
following adjacency matrices W b and W a and their fused
matrix W f obtained using (2). Where, W b(v1, v2) = 0.68,
and W a(v1, v2) = 0.2. Hence, W f (v1, v2) = 0.2.

Next, we express wf in matrix form as W f =
(wf (vi, vj))

nm
i,j=1, and compute its most significant eigenvec-

tors ui ∈ Rnm, i = 1, . . . , ns < nm, that is

W fui = λiui, (3)

where λi denotes the eigenvalue associated with ui, which
satisfies λi ≥ λi+1. As a last step, the change map C is defined
by

C = arg max
1≤i≤ns

sim(Cprior, (
√

λiUi)), (4)

where sim(, ) measures the similarity between two images,
Ui ∈ Rm×n is the image representation of the eigenvector
ui ∈ Rnm, and Cprior is an user-defined prior change map,
generated by a computationally inexpensive method. In [16],

the authors define sim(, ) as the mutual information MI given
by:

MI(X,Y ) = EPXY
log

(
PXY

PXPY

)
, (5)

where EPXY
is the expected value of the joint probability

distribution PXY , and PX and PY are the marginal probabili-
ties. As explained in Section V, we propose a new approach to
detect the change map by establishing an optimization problem
rather than computing the similarity metric (MI) for each
eigenvector of the fused graph.
For the prior change map, we used a variation of the commonly
used prior that comes from the difference image proposed in
[16]:

Cprior = T
(
Xb,p −Xa,p

Xb,p +Xa,p

)
+ T

(
Xa,p −Xb,p

Xb,p +Xa,p

)
, (6)

where T is a binarization process, implemented with Otsu’s
thresholding method [43]. All datasets tested in this work have
one channel (p=1). In the case, where there is access to multi-
channel images, they need to be transformed into a grayscale
(i.e. by using the channels Red, Green, and Blue) image so
that the prior change map Cprior can be generated. The rest of
the process, that includes the graph learning and the generation
of the change detection map, deploys all the channels in the
image.
Lastly, since the matrix W f cannot be computed explicitly, the
authors in [16] leveraged the Nyström extension to compute
the eigenvectors of W f without computing the complete
matrix. However, in this work we propose an alternative for
computing W f explicitly. As will be explained shortly, this
is possible due to the fact that our graph learning approach
operates on a downsampled version of the input images,
and generates highly sparse adjacency matrices which can
be efficiently stored. The following section, explains how to
compute graphs Gb and Ga using graph learning based on
signal representation.

IV. GRAPH LEARNING BASED ON SIGNAL SMOOTHNESS
REPRESENTATION

Given a collection of signals, xp ∈ Rd, p = 1, . . . , P
on a vertex set V = {v1, . . . , vd}, graph learning aims at
finding a graph G with desirable structural properties, such
as sparsity and connectivity, in such a way that the subject
signals satisfy desirable properties, such as smoothness or a
pre-specified graph spectrum. In the following subsections, we
briefly explain the two GL approaches used in this work.
GL-algorithms based on smoothness priors intend to learn
a graph on which the signals are smooth, that is, a graph,
where adjacent vertices (or vertices connected by an edge)
have similar signal values. In order to do this, we need to
define the notion of smoothness of a signal with respect to a
graph. The smoothness of the signals {xp}Pp=1 on a graph G
can be measured by [44]:

P∑
p=1

(xp)
TLGxp, (7)
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Fig. 1: Framework of the proposed method for homogeneous and heterogeneous change detection.

where LG is the graph Laplacian of G, that is off-diagonal
and diagonal entries are Lij = −w(vi, vj) and Lii =∑d

j=1 w(vi, vj). Alternatively, (7) can be expressed in terms
of the weights of the graph as follows:

d∑
i=1

d∑
j=1

w(vi, vj)dist(vi, vj)2 = tr(WTZ), (8)

where W is a d × d adjacency matrix with entries Wij =
w(vi, vj) and Z is a d × d pair-wise distance matrix with
entries Zij given by dist(vi, vj)2 =

∑P
p=1(xip−xjp)

2, where
xip denotes the i-th element of the signal xp.
Given Z obtained from the signals {xp}Pp=1, a graph G on
which the signals are smooth can be obtained by minimizing
(8) over a set of admissible adjacency matrices W . In doing
so, we use the approach proposed by Kalofolias et al. [24],
hereafter referred as GL-SMO. In particular, Kalofolias et al.
find W by solving the following optimization problem:

min
W∈Rd×d

tr(WTZ)− α
∑
i

log(
∑
j

Wij)

+
β

2
∥W∥2F +

c

2
∥W −W0∥2F (9)

s.t. Wij = Wji ≥ 0, i ̸= j, Wij = 0, i = j

Wi,j = 0, (i, j) /∈ Eallowed ⊂ V × V

where α is a log prior constant (the larger α, the larger
the weights in W ), β is a regularity constant that controls
the sparisty level of W (the larger β, the denser W ), the
parameter c encourages adjacency matrices close to a pre-
specified adjacency matrix W0, and the edge set Eallowed

is a pre-specified set of edges. Although Eallowed can be
arbitrarily chosen, we propose using the edge set of a KNN
graph, constructed using approximate nearest neighbors (A-
NN) algorithms. This in turn allows us to reduce the time
complexity of solving the problem (9) as demonstrated in
[24]. In this work, we assume α = β = 1, which leads to

a satisfactory performance overall. But, it is important to note
that the overall performance may be affected by the selection
of such parameters. We use the GSPBOX toolbox [45] that
integrates this approach into the optimization.

V. THE PROPOSED METHOD

This section explains the theory behind the proposed
approach. First, in Section V-A, we explain the GMMSP
framework to downsample the images into regions, including
the representation that we use for the downsampled (D) and
upsampled images (C). Finally, in section V-B we explain
the steps involved in the proposed Algorithm 1.

A. Gaussian mixture models for superpixel segmentation

In order to select a proper superpixel segmentation algo-
rithm, we conducted two experiments to compare the elapsed
time and performance with respect to the state-of-the art
approaches SLIC [46] and AMR [47]. In the first experiment,
we measure the time elapsed for each algorithm to generate the
superpixels (see Table I in the supplementary material). The
fastest approach is GMMSP [48]. In the second experiment,
we measure the performance of each superpixel method in
the proposed framework in Figure 1, the results demonstrate
that the best performance in terms of κ was achieved by the
GMMSP (see Table II in the supplementary material). There-
fore, we select GMMSP [48] as the superpixel segmentation
algorithm.
The GMMSP [48] approach associates each superpixel with
width vx and height vy to a Gaussian distribution. Then
each pixel is considered as a random variable described by a
weighted sum of several Gaussian functions (Gaussian Mixture
Model (GMM)). To reduce the computational complexity of
knowing all the parameters of the Gaussian models, Ban et al.
model each pixel as a pixel-related GMM. Therefore, a subset
of Gaussian functions is built related to the spatial position
of that pixel. GMMSP solves the Expectation-Maximization
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(EM) problem to tune the parameters of the Gaussian func-
tions.
Since we need to create a graph for each image to later perform
the fusion step, GMMSP algorithm should have the same
regions when applied to the pre- and post-event images. To
achieve this, we generated what we call a false RGB image,
where the channels are the pre-event image, post-event image,
and DI magnitude. Next, GMMSP segments the false RGB
image into q regions, and outputs the label matrix L of size
m×n (same size as the original images). L represents the label
for each pixel related to its corresponding region. Figure 2
shows the results of applying GMMSP on the Sardania dataset.
Using the label matrix L that’s entries take values in
{1, . . . , q}, we represent an image X of size m × n with a
vector D ∈ Rq with entries Di given by:

Di =

∑m
r=1

∑n
s=1 1Bi

(r, s)X(r, s)∑m
r=1

∑n
s=1 1Bi

(r, s)
, i = 1, . . . , q, (10)

where 1Bi
(, ) denotes the indicator function of the set Bi given

by {(r, s) : L(r, s) = i}. That is, if (r, s) ∈ Bi, 1Bi
(r, s) = 1,

but if not, 1Bi
(r, s) = 0. The vector D can be considered a

downsampled version of X , but due to the irregular nature of
the downsampling regions, D does not necessarily form an
image.
We now define vector representations Db, Da, Dprior of the
pre-event, post-event, and prior images Xb,p, Xa,p, Cprior as
in (10).

B. Change Map Estimation

Provided Db, Da, and Dprior, we now describe the proce-
dure to estimate the change map. We first find the graph
representations Gb, and Ga from Db, Da, respectively, and
obtain the fused graph Gf as in (2) and then compute the
normalized graph Laplacian L̃Gf from Gf as follows:

L̃Gf = D
−1/2

Gf LGfD
−1/2

Gf , (11)

where DGf and LGf denote the degree and the graph Lapla-
cian matrices of Gf .
The change map c ∈ Rq is obtained by denoising the prior
change map with respect to L̃Gf as follows:

c = arg min
x∈Rq

x⊤L̃Gfx+ α
∥∥x−Dprior

∥∥2
2
, (12)

where α > 0 is a regularization parameter, controlling the
degree to which the solution of (12) is close to the prior Dprior

and simultaneously smooth on the fused graph Gf . Here, the
smaller α is set, the smoother the solution c on Gf will be. We
note that unlike the previous approach, in which the change
map corresponded to an eigenvector of Wf , the new approach
depends on the whole spectral basis of L̃Gf . To clarify, note
that the solution to problem (12) satisfies:

c = (L̃Gf + αI)−1αDprior. (13)

As a consequence, c is not exactly formed by an eigenvector of
L̃Gf . As will be explained shortly, this leads to more robust
and stable change detection. Since c = (c1, . . . , cq)

T is a q

dimensional vector, we transform it into a change detection
image C of size n×m with entries C(r, s) given by

C(r, s) =

q∑
i=1

ci1Bi
(r, s), (14)

for (r, s) ∈ {1, . . . ,m} × {1, . . . , n}. Finally, we apply the
Otsu’s threhold to binarize the change map C as follows:

C(r, s) =

{
0 C(r, s) < T
1 C(r, s) ≥ T

, (15)

where T is the global threshold that minimize the intra-class
variance:

σ2
b = ω0(T )ω1(T ) [µ0(T )− µ1(T )] , (16)

where ω0 and ω1 are the probabilities of the two classes
separated by a threshold T , and µ0 and µ1 are the class mean
(for further details see [43]).

(a) Pre-event (b) Post-event (c) DI Magnitude

(d) False RGB (e) Downsampled image

Fig. 2: GMMSP applied to Sardania dataset transform into the
false RGB image (d). The channels are: pre-event image (a),
post-event image (b), and the magnitude of the DI (c). The
downsampled output image (e) contains around 2000 regions.

C. Description

Here, we present our proposal for integrating graph learning
based on the signal smoothness representation approach, the
GMMSP as a downsampling module into the graph based
fusion change detection (GBF-CD) model [16], and the esti-
mation of the change map by using Equation (13). Algorithm 1
and Figure 1 show the proposed approach. First, we apply the
GMMSP method [48], which segments a false RGB image
as described in subsection V-A. Then, we use the given local
homogeneous regions from the downsampling process for the
pre- and post-event images, as well as the prior Cprior to

1Available at: SF dataset
2Available at : M3CD
3Available at: california dataset
4Available at: Bastrop dataset

http://earth.esa.int/ers/ers_action/SanFrancisco_SAR_IM_Orbit_47426_20040516.html
http://www-labs.iro.umontreal.ca/~mignotte/ResearchMaterial/index.html#M3CD
https://sites.google.com/view/luppino/data
https://sites.google.com/site/michelevolpiresearch/codes/cross-sensor?authuser=0
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TABLE I: Databases used to evaluate the performance of the proposed method. The date format is dd/mm/yyyy.

Place Event Pre-event
Date

Post-event
Date

Size Pre-event
Band

Post-event
Band

Pre-event
Sensor

Post-event
Sensor

Italy, Mulargia lake Flood 03/09/1995 03/07/1996 479× 573 Nir Nir Landsat-5 TM Landsat-5 TM
Italy, Omodeo lake Fire 25/07/2013 10/08/2013 742× 965 Red Red Landsat-8 Landsat-8
U.S., Alaska Melting Ice 24/07/1985 13/07/2005 443× 642 Nir Nir Landsat-5 TM Landsat-5 TM
Brasil, Madeirinha Farming /

Construction
15/07/2000 16/07/2006 364× 527 Red Red Landsat-5 TM Landsat-5 TM

Canada, Prince
George

Fire 05/07/2017 22/08/2017 2479× 1905 Nir Nir Landsat-8 Landsat-8

U.K., Gloucester-1 Flood 05/09/1999 17/11/2000 4220× 2320 Nir Nir SPOT SPOT
Colombia, Katios
National Park

Fire 10/03/2019 27/04/2019 879× 1319 SAR SAR Sentinel 1 A Sentinel 1 A

Colombia, Atlantico Flood (dam) 28/04/2010 16/03/2011 729× 1056 SAR SAR ALOS/PALSAR ALOS/PALSAR
U.S., San Francisco 1 Flood 10/08/2003 16/05/2004 275× 400 SAR SAR ERS-2 SAR ERS-2 SAR
China, WenChuan Earthquake 03/03/2008 16/06/2008 301× 442 SAR SAR ESA/ASAR ESA/ASAR
France, Toulouse 2 Building 10/02/2009 15/07/2013 2604× 4404 SAR Nir TerraSAR-X Pleiades
U.S., California 3 Flood 11/01/2017 26/02/2017 3500× 2000 Nir SAR Landsat-8 Sentinel 1A
U.S., Bastrop 4 Fire 08/09/2011 22/10/2011 1534× 808 Nir Nir Landsat-5 TM EO-1 ALI
U.K., Gloucester-2 2 Flood 14/06/2006 25/07/2007 4220× 2320 Nir SAR Quickbird 02 TerraSAR-X

Algorithm 1 Graph based fusion for change detection using
the signal smoothness representation approach combined with
GMMSP.
Require: Images pre- and post-event Xb, Xa ∈ Rm×n, vx.

1: GL-SMO: number of edges per node on average K > 0.
Ensure: Change Map C ∈ Rm×n

2: Find the Change Map prior ⇒ Cprior by using (6)
3: GMMSP applied to the false RGB image [48] ⇒

Dprior, Db, Da

4: Fixing vx to group Cprior in q regions (each pixel
value now has a region number) ⇒ L

5: Using L, compute Db, Da, Dprior as in (10), explained
in Sec. V-A.

6: Graph Learning (GL):
7: 1. Learn graph representations W b, W a from the pre-

and post-event vector representations Da and Db by using
GL-SMO.

8: 2. Construct a fused adjacency matrix W f of size
q× q such that W f (i, j) = min(W b(i, j),W a(i, j)), with
(i, j) ∈ {1, .., q} × {1, .., q}.

9: Change Detection:
10: L̃Gf by using (11).
11: Find the downsampled CD vector C by using (13).
12: Image representation for change detection vector:
13: By using the indicator function 1Bi(, ), obtain the

upsampled change detection map C with (14).
14: Apply the Otsu’s threhold for image binarization as

show in (15).

compute the vectorized version of the data by using equation
(10). By doing this, we obtain two vectors that represent the
pre- and post-event images (Db and Da) and another that
represents the prior (Dprior). These vectors have q elements,
where q is the number of regions. It is important to highlight
that we also applied the GMMSP to the prior Cprior because
we need this region-based version to solve the proposed
optimization problem in (12).
After downsampling the images (i.e. by using the GMMSP),

we continue with the GL-stage, using the smoothness ap-
proach, which is the GL-SMO [24]. The integration of the
downsampling module, the GL stage, and the change map
estimation results in the following approach, referred to as G-
SMO-CD. As a result, we obtain the two graphs that represent
the pre- and post-event images as adjacency matrices with
sizes q × q. Next, we apply the fusion stage, by using the
minimization of the similarity as in the GBF-CD method [16]
(see equation (2)).
Then, from the fused graph W f we computed the normal-
ized Laplacian matrix by using equation (11) and obtain the
change map by solving the optimization problem as shown in
Equation (13). Afterwards, we perform the Otsu’s thresholding
technique [43] (T (C) ∈ Rq) to obtain the binary change map.
Lastly, to obtain the original size of the change map, we make
use of the label matrix L and the indicator function 1Bi

(, ) in
equation (14) as explained in subsection V-A.

VI. RESULTS AND DISCUSSION

Databases: We tested our approach on 14 real change
detection scenarios captured by MS and SAR sensors
presented in [16]. In particular, the datasets were acquired by
different satellites such as Landsat, ALOS/PALSAR, ERS-2
SAR, Sentinel 1A, and ESA/ASAR (see Table I). The image
resolutions range from 275 × 400 to 4220 × 2320. These
datasets include events such as earthquakes, floods, wildfires,
melted ice, farming, and building of a construction site.
These datasets incorporate 6 MS homogeneous cases, 4 SAR
homogeneous cases, and 4 heterogeneous cases (Toulouse,
California, Bastrop, Gloucester-2) which combine SAR/MS
images (i.e. respectively positioned in Table I). The metadata
for the datasets is detailed in Table I and the images are
shown in Figure 3. Furthermore, to the best of our knowledge,
we consider that our datasets are large and diverse for CD
benchmark, compared to recent CD datesets. For instance,
previous works [8], [10]–[12], [18], [19] have shown the
application of their approaches in experimental setups that
contain between two and six datasets, and the approach in
[17] uses twelve datasets. By contrast, our approaches are
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tested on 14 datasets. Recently, in [49] the authors proposed a
CD dataset that contains 637 images. However, these images
are RGB (not MS), with a resolution of 1024 × 1024, that
mainly contain building CD scenes.
Experimental Set-Up: We ran all the codes in
MATLAB®2018a using a server with two processors,
Intel(R) Xeon(R) CPU E5-2650 v4 @2.20GHz, with a total
of 24 physical cores, 48 threads, and 252 GB of memory
RAM @2400MHz.
Parameter settings: Firstly, MS images were normalized
according to their maximum value and SAR images were
normalized in logarithmic scale since they are in dB.
Secondly, for the GMMSP5 based downsampling process,
we set vx = vy for the superpixels and then we selected the
values of vx to obtain the desired number of regions (i.e.
from 500 to 2500) over the images. Afterwards, we carried
out a grid-search for the parameter K, for the GL based on
smoothness, with a fixed value of α = 0.5.
We performed a grid search over K from K = 2 to the
maximum number of regions in steps of one. Lastly, once
we find the optimal parameter K, we fine-tune α with a
grid-search from 0.001 to 1 with a step size of 0.001.
To summarize, our experiments consist of: i) Normalization
of the data, ii) Downsampling of the data, iii) Tuning of the
GL parameter, iv) Fine tuning of the penalization parameter,
and v) Change map estimation. In order to evaluate the
influence of the number of regions in the performance of the
proposed framework, we ran 5 experiments from 500 to 2500
regions with a step of 500.
With respect to the state-of-the-art methods used for
comparison (the rrR-EM 6 [8], the U-HPT7 [11], the CAN8

[10], the X-Net9 [12], the GBF-CD10 [16], the INLPG11

[17], the NPSG12 [18], and the IRGM13 [19]), we used the
parameters recommended by these authors.
In the tables II to VI we refer to our method as G-SMO-CD.
Additionally, for CAN and X-Net we performed 20 runs and
reported the mean value and the standard deviation, since
their training varies in each run.

Results: First of all, we show the influence of the regu-
larization parameter α in (12), when we have a noisy prior.
Secondly, we summarized the sensitivity of κ with respect to
parameter K, for the graph learning based on smoothness.
Then, we show the impact of the number of regions in the
downsampling process with respect to the performance of the
change map detection. Afterwards, we analyzed three sce-
narios: MS homogeneous, SAR homogeneous and MS/SAR
heterogeneous. We measure performance based on the metrics:
false negative (FN), false positive (FP), precision (P), recall
(R), Cohen’s kappa coefficient (κκκ), overall error (OE), and

5Available at github.com/ahban/GMMSP-superpixel
6Reproduced by authors in [16] at: github.com/DavidJimenezS/rrR EM
7Available at: github.com/llu025/Image Regression
8Reproduce by authors in [12] at: github.com/llu025/CAN
9Available at: github.com/llu025/Deep Image Translation

10Available at: github.com/DavidJimenezS/GBF-CD
11Available at: github.com/yulisun/INLPG
12Available at: github.com/yulisun/NPSG
13Available at: github.com/yulisun/IRG-McS

TABLE II: Parameters used for evaluation of the datasets.

DATASETS vx = vy REGIONS K ααα
Mulargia 11 2658 1464 0.1
Omodeo 20 1928 174 0.109
Alaska 11 2613 1479 0.013

Madeirinha 10 1953 410 0.2
Prince George 44 2526 2400 0.1
Gloucester-1 144 516 171 0.1

Katios 23 2087 102 0.738
Atlantico 17 2581 2029 0.103

San Francisco 16 510 260 0.215
Wenchuan 8 2309 1740 0.5

Toulouse 86 2017 192 0.002
California 73 1493 291 0.1
Bastrop 23 2435 393 0.1

Gloucester-2 150 518 444 0.042

execution time (ET), in Tables III to V (see Tables I to IV in
the supplementary material for FN, FP, R, and P metrics).
Additionally, to provide a visual comparison between the
methods, we present the change maps for both homogeneous
(Figure 6 to Figure 15) and heterogeneous (Figure 16 to Figure
19) cases. The maps show false negatives (FN), false positives
(FP) and correct pixels (C). Finally, we show and discuss
the ablation results. In the ablation process, we remove the
learning stage, the optimization problem, and estimate the
change map, as authors in [16] (explained in Section III).

Discussion: On the one hand, Figure 4 (b) in blue shows
the tuning of GL parameter K (i.e. the number of neighbors
or edges per node) by using grid search. The parameter K
ranges from 2 to the maximum number of regions. For this
GL tuning we fixed the regularization parameter α to 0.5.
On the other hand, Figure 4 (c) shows the fine-tuning of the
α parameter that ranges from 0.001 to 1 with a step size of
0.001. For the tuning of α, the learning parameter for the
graph is set as the one that achieves the best κ during the
learning stage (i.e. in this case K = 174 shown in red in
4 (b)). Then, if the Cprior is noisy (see Figure 4 (a)) then a
higher penalization of the Cprior (i.e. a low value of α) avoids
a misleading result given by such a noisy prior (Cprior) in the
final change map. In consequence, the proposed optimization
approach presented in (12) proves to be robust against noisy
priors when the penalization parameter α has low values
(α ≤ 0.15).
We carried out a sensitivity analysis of the GL process by
analyzing the impact on the change map estimation caused
by the tuning of the parameter K. For instance, Figure 5(a)
shows the sensitivity for the GL process for the heterogeneous
datasets (please refer to the supplementary material to see the
Figures 1 to 3 related to the sensitivity in the homogeneous
cases).
Figure 5(a) shows that for low values of K, the model
presents a moderate variability in the κκκ metric. This is
because, the lower the value of K, the denser, or less sparse
the graph is. Hence, the disconnections of the regions related
to the real change are more likely to be affected by regions
that are not related to the change. Moreover, as shown in
Figure 5(a) with a value of K > 10% of the total regions
(around of 2000 regions in these cases), the performance

https://github.com/ahban/GMMSP-superpixel
https://github.com/DavidJimenezS/GBF-CD/blob/master/rrR_EM.m
https://github.com/llu025/Heterogeneous_CD/tree/master/legacy/Image_Regression
https://github.com/llu025/Heterogeneous_CD/blob/master/legacy/Deep_Image_Translation/CAN.py
https://github.com/llu025/Heterogeneous_CD/tree/master/legacy/Deep_Image_Translation
https://github.com/DavidJimenezS/GBF-CD
https://github.com/yulisun/INLPG
https://github.com/yulisun/NPSG
https://github.com/yulisun/IRG-McS
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Before After

(a) Mulargia
Before After

(b) Omodeo

(c) Alaska

(d) Madeirinha

(j) Prince George

(l) Gloucester-1

Fig. 3: Continued.

of the change map detected is less sensitive, or shows low
variability to the changes presented in the parameter K. In
general, the proposed framework in the learning stage presents
low variability with respect to changes in the parameters.
Nevertheless, tuning is needed in the learning stage, as shown

(e) Katios National Park

(f) Atlantico

(g) San Francisco

(h) WenChuan

(i) Toulouse

(k) California

Fig. 3: Continued.

in Figure 5(a), to achieve adequate performance in the change
map detection.
Figure 5(b) shows the box plots of the region sensitivity
analysis for the heterogeneous cases (please refer to the
supplementary material to see the Figures 1 to 3 related
to the homogeneous cases). The regions range from 500
to 2500 with a step of 500 for a total of 5 scenarios with
a different number of regions. In Figure 5(b), we can see
that the proposed G-SMO-CD method presents the lowest
deviation of 0.025 with a mean value of 0.93 for the Bastrop
dataset, and the highest deviation of 0.05 with a mean value
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TABLE III: Models performance in terms of κκκ.

Dataset rrR-EM U-HPT CAN X-Net GBF-CD INLPG NPSG IRGM G-SMO-CD
Mulargia 0.7929 0.6984 0.1564± 0.0124 0.7395± 0.0161 0.9043 0.8906 0.6431 0.8431 0.9165
Omodeo 0.8112 0.6414 0.7388± 0.0029 0.7219± 0.0068 0.2873 0.1058 0.1386 0.1661 0.6032
Alaska 0.7368 0.8565 0.8815± 0.0037 0.8707± 0.0036 0.8917 0.6963 0.5320 0.8388 0.9106
Madeirinha 0.6727 0.5048 0.1122± 0.0287 0.3900± 0.0218 0.8046 0.4138 0.1440 0.4446 0.8303
Prince
George

0.5322 0.4742 0.2434± 0.0116 0.3020± 0.0171 0.5442 0.2906 0.2921 0.2018 0.8319

Gloucester-1 0.1724 0.5794 0.1534± 0.0043 0.5102± 0.0123 0.2286 0.3717 0.1283 0.5259 0.7033

Katios −0.1790 0.2882 0.1503± 0.0973 0.1045± 0.0001 0.3196 0 0.0794 0.4208 0.7103
Atlantico −0.0040 0.0970 0.2315± 0.0142 0.1861± 0.0202 0.4726 0.2759 0.4474 0.4496 0.2901
San Franciso 0.1311 0.3143 0.4775± 0.0089 0.4107± 0.0142 0.4285 0.6767 −0.0246 −0.0235 0.6947
Wenchuan 0.2380 −0.2730 −0.0790± 0.0028 −0.0693± 0.0014 0.3239 −0.2134 −0.1789 −0.0463 0.7991

Toulouse 0.1329 0.1200 −0.0266± 0.0151 0.2085± 0.0205 0.1702 0.3118 0.0029 0.2688 0.2287
California −0.1430 0.3845 0.3646± 0.0282 0.3764± 0.0046 0.3507 −0.0617 0.1015 0.3288 0.3850
Bastrop 0.000 0.8884 0.1392± 0.0115 0.8541± 0.0127 0.8875 0.7618 0.2727 0.0791 0.9566
Gloucester-2 0.1693 0.0080 0.0041± 0.0058 0.1972± 0.0390 0.1562 0.3436 −0.0176 0.1629 0.1685

(m) Bastrop

(n) Gloucester-2

Fig. 3: Datasets used in this study to test the proposed
framework for change detection. From left to right: pre-event,
post-event, and the reference change map.

of 0.18. These results show that the G-SMO-CD is robust to
the number of regions. In addition, the learning stage and the
optimization process are the greatest influence in the change
map detection.
With regard to MS homogeneous cases given in Figures 6
to 11, our proposed G-SMO-CD method surpasses the 8
comparison methods in 5 out of the 6 datasets (see Table
III). G-SMO-CD achieves the highest performance in the
Mulargia dataset with a κ = 0.9165, and the lowest in

TABLE IV: Models performance in terms of OE (units in %).

Dataset rrR-EM U-HPT CAN X-Net GBF-CD INLPG NPSG IRGM G-SMO-CD
Mulargia 1.33 2.20 5.05 1.78 0.53 0.61 2.98 0.90 0.49
Omodeo 2.04 2.68 2.32 2.33 4.83 4.47 4.53 3.72 2.83
Alaska 5.64 2.49 2.17 2.30 2.02 6.90 11.36 2.95 1.77
Madeirinha 8.81 11.81 21.72 14.76 5.60 16.90 16.32 12.95 5.25
Prince George 15.79 17.12 26.22 23.20 15.27 24.82 24.40 24.30 7.13
Gloucester-1 40.47 6.05 13.96 7.87 26.33 16.53 22.89 6.95 4.97

Katios 11.69 10.90 15.77 43.17 15.00 89.44 11.90 11.93 4.48
Atlantico 15.49 15.53 15.89 15.97 26.17 15.63 31.97 14.47 23.11
San Franciso 53.73 10.92 9.68 10.84 12.87 5.94 23.91 9.57 7.87
Wenchuan 51.83 18.88 22.74 22.58 24.81 48.73 37.55 21.60 5.89

Toulouse 24.47 8.72 12.84 14.11 20.27 9.51 90.33 9.92 7.67
California 94.36 5.21 7.90 11.85 11.80 73.71 36.63 8.51 4.35
Bastrop 10.63 2.00 12.37 2.92 1.99 4.14 11.48 10.62 0.83
Gloucester-2 21.29 7.78 15.38 12.64 27.82 13.16 77.3 9.15 31.61

TABLE V: Models performance in terms of ET (units in s).
Dataset rrR-EM U-HPT CAN X-Net GBF-CD INLPG NPSG IRGM G-SMO-CD
Mulargia 13.90 107.98 941.70 611.71 19.21 65.45 112.92 45.89 127.54
Omodeo 9.93 294.32 2330.25 1623.01 91.62 412.88 394.22 50.30 95.03
Alaska 8.32 123.21 911.47 602.99 3.62 67.89 117.14 45.44 133.57
Madeirinha 16.32 77.37 584.55 474.47 4.10 15.57 42.02 46.32 61.07
Prince George 723.78 2045.13 3861.93 3619.16 240.74 1831.71 2454.10 61.54 133.91
Gloucester-1 24.54 3808.46 8666.61 14105.61 94.46 8448.30 5234.0 71.63 31.69

Katios 4.08 427.53 3871.94 3620.19 34.48 365.19 304.18 48.0 131.36
Atlantico 5.49 333.74 2472.46 1926.65 103.91 38.70 77.08 46.34 136.82
San Franciso 3.81 64.90 322.49 399.45 3.21 949.19 500.89 51.49 3.21
Wenchuan 3.68 65.03 441.33 419.70 6.24 23.86 53.0 53.94 81.35

Toulouse 3.68 4449.60 4434.27 15250.43 839.94 11958.0 5940.10 74.05 100.26
California 25.52 2955.94 5865.05 7378.58 921.62 3344.30 3713.20 64.90 59.49
Bastrop 3.68 365.30 4111.59 4088.67 109.35 1074.30 561.69 51.93 117.40
Gloucester-2 3.68 3767.05 9172.24 13079.53 543.65 8328.90 5084.30 72.94 27.59

the Omodeo dataset with a κ = 0.6032. In the Omodeo
dataset, the rrR-EM method achieved the best performance
with κ = 0.8112. We believe, that the performance of the
Omodeo dataset could improve with a better prior (see
Figure 4 (a)). Additionally, the G-SMO-CD demonstrates a
balance between the FN and FP (see Tables III and IV in
the supplementary material respectively). The G-SMO-CD
has the lowest FN and highest P in Alaska, Madeirinha, and
Prince George datasets (see Table III in the supplementary
material). G-SMO-CD presents the lowest OE in 5 out of the
6 datasets (see Table IV).
For the second scenario of SAR homogeneous cases presented
in Figures 12 to 15. The G-SMO-CD method achieved the
best overall performance in three out of the four datasets (see
Table III). The highest value was achieved in the Wenchuan
dataset with a κ = 0.7991 and the lowest in Atlantico dataset
with a κ = 0.2901. One of the most challenging datasets
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(a) Omodeo Cprior
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(c) α tuning with K = 174

Fig. 4: Parameter α penalization over a noisy prior map (Cprior).
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Fig. 5: Sensitivity test in the proposed framework for the GL stage and the downsampling module. For the Heterogeneous
cases.

(a) rrR-EM (b) U-HPT (c) CAN (d) X-Net

(e) GBF-CD (f) INLPG (g) NPSG (h) IRGM

(i) G-SMO-CD (j) Ablation (k) Cprior (l) Ground truth

Fig. 6: Change maps for Mulargia. The maps shows false
negatives (FN), false positives (FP) and correct pixels (C).

presented in the three scenarios is the Wenchuan dataset.
In that dataset, six of the comparison methods achieved a
negative κ (meaning that the performance of the method is

(a) rrR-EM (b) U-HPT (c) CAN (d) X-Net

(e) GBF-CD (f) INLPG (g) NPSG (h) IRGM

(i) G-SMO-CD (j) Ablation (k) Cprior (l) Ground truth

Fig. 7: Change maps for Omodeo. The maps shows false
negatives (FN), false positives (FP) and correct pixels (C).

even worse than the one obtained by random selection) and
only the rrR-EM and GBF-CD achieved a positive value of
κ = 0.2380 and κ = 0.3239 respectively. Furthermore, the
G-SMO-CD obtained the highest R of 98.63% and 80.66%
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(a) rrR-EM (b) U-HPT (c) CAN (d) X-Net

(e) GBF-CD (f) INLPG (g) NPSG (h) IRGM

(i) G-SMO-CD (j) Ablation (k) Cprior (l) Ground truth

Fig. 8: Change maps for Alaska. The maps shows false
negatives (FN), false positives (FP) and correct pixels (C).

(a) rrR-EM (b) U-HPT (c) CAN (d) X-Net

(e) GBF-CD (f) INLPG (g) NPSG (h) IRGM

(i) G-SMO-CD (j) Ablation (k) Cprior (l) Ground truth

Fig. 9: Change maps for Madeirinha. The maps shows false
negatives (FN), false positives (FP) and correct pixels (C).

(see Table VI in the supplementary material), the lowest OE
4.48 and 5.89 (see Table IV) for Katios and the Wenchuan
datasets respectively, and the highest P of 86.53 in Wenchuan
dataset. The G-SMO-CD also presented the lowest FP and
FN rate of 0.095 in the Katios and 13.46 in the Wenchuan
datasets respectively.
Lastly for the third scenario of the heterogeneous cases,
the G-SMO-CD outperformed all the competing methods
in 2 out of the 4 datasets. The G-SMO-CD achieved the
highest κ of all the comparison methods in the Bastrop
dataset with a value of κ = 0.9566. Here, the G-SMO-CD
obtained the lowest FN and the highest P in Bastrop and
Gloucester-2 datasets (see Tables III and V respectively in
the supplementary material).
With respect to the execution times, presented in Table V, the
methods rrR-EM and IRGM are the fastest in the change map
estimation. However, the best overall results are achieved by

(a) rrR-EM (b) U-HPT (c) CAN (d) X-Net

(e) GBF-CD (f) INLPG (g) NPSG (h) IRGM

(i) G-SMO-CD (j) Ablation (k) Cprior (l) Ground truth

Fig. 10: Change maps for Canada. The maps shows false
negatives (FN), false positives (FP) and correct pixels (C).

the proposed method G-SMO-CD, that’s execution times for
large datasets (i.e. the homogeneous cases) does not take more
than approximately two minutes to compute. Meanwhile, the
competing methods (with the exception of the rrR-EM and
IRGM) take more than ten times longer than our proposal, to
achieve results that in general are not better than ours (see
Tables III and V).
In addition, Figure 20 shows that the G-SMO-CD method
outperformed the competing approaches in all of the metrics
except for false positive (FP). On the one hand, the smoothness
approach (G-SMO-CD) outperformed the competing models
(rrR-EM [8], U-HPT [11], CAN [10], X-Net [12], GBF-CD
[16], INLPG [17], NPSG [18], and IRGM [19]) in terms of
Cohen’s Kappa coefficient (κκκ) and overall error (OE) in 10 out
of the 14 datasets. For the metrics false negatives (FN) and
precision (P), G-SMO-CD surpasses the comparison models
in 6 out of 14 datasets. In the case of the Recall (R) metric,
G-SMO-CD achieved the best value in 5 out of 14 datasets.
And for the false positive metric (FP), G-SMO-CD achieved
the best values for 2 out of 14 datasets. It is important
to point out, that the rrR-EM, GBF-CD, and INLPG
approaches achieved the best κκκ in the remaining 4 datasets
for a total of 14, which includes the Omodeo, Atlantico,
and Toulouse/Gloucester-2 datasets respectively. The machine
learning method (U-HPT), deep learning approaches (CAN
and X-Net), and the graph-based methods (NPSG and
IRGM) did not outperform the competing methods in any
of the 14 datasets with respect to the κ metric. X-Net is
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(a) rrR-EM (b) U-HPT (c) CAN (d) X-Net

(e) GBF-CD (f) INLPG (g) NPSG (h) IRGM

(i) G-SMO-CD (j) Ablation (k) Cprior (l) Ground truth

Fig. 11: Change maps for Gloucester-1. The maps shows false
negatives (FN), false positives (FP) and correct pixels (C).

(a) rrR-EM (b) U-HPT (c) CAN (d) X-Net

(e) GBF-CD (f) INLPG (g) NPSG (h) IRGM

(i) G-SMO-CD (j) Ablation (k) Cprior (l) Ground truth

Fig. 12: Change maps for Katios. The maps shows false
negatives (FN), false positives (FP) and correct pixels (C).

(a) rrR-EM (b) U-HPT (c) CAN (d) X-Net

(e) GBF-CD (f) INLPG (g) NPSG (h) IRGM

(i) G-SMO-CD (j) Ablation (k) Cprior (l) Ground truth

Fig. 13: Change maps for Atlantico. The maps shows false
negatives (FN), false positives (FP) and correct pixels (C).

(a) rrR-EM (b) U-HPT (c) CAN (d) X-Net

(e) GBF-CD (f) INLPG (g) NPSG (h) IRGM

(i) G-SMO-CD (j) Ablation (k) Cprior (l) Ground truth

Fig. 14: Change maps for San Francisco. The maps shows
false negatives (FN), false positives (FP) and correct pixels
(C).

the method that showed the poorest performance, which did
not surpass in any metric the competing methods for the
14 datasets. In this benchmark, CAN came after X-Net in
terms of performance. CAN only did better, with respect
to the P metric in the Omodeo dataset (see Table V in the
supplementary material). Furthermore, we note that even
though the learning-based models such as U-HTP are trained
on samples labeled using the ground truth, such models
seem unable to generalize well over the entire dataset. This
can be a consequence of not using a large enough set of
training examples, which is unrealistic in practice because
we do not know the ground truth. Unlike this approach, our
method produces notably better results even though there is
no training with clean labels except for the selection of a
regularization parameter that controls the amount of filtering
applied to a noisy prior change map on the proposed fused
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(a) rrR-EM (b) U-HPT (c) CAN (d) X-Net

(e) GBF-CD (f) INLPG (g) NPSG (h) IRGM

(i) G-SMO-CD (j) Ablation (k) Cprior (l) Ground truth

Fig. 15: Change maps for Wenchuan. The maps shows false
negatives (FN), false positives (FP) and correct pixels (C).

(a) rrR-EM (b) U-HPT (c) CAN (d) X-Net

(e) GBF-CD (f) INLPG (g) NPSG (h) IRGM

(i) G-SMO-CD (j) Ablation (k) Cprior (l) Ground truth

Fig. 16: Change maps for Toulouse. The maps shows false
negatives (FN), false positives (FP) and correct pixels (C).

graph. Similar to our approach, X-Net based on CAN also
relies on a noisy prior change map, which is used to generate
noisy training examples for a change detection framework
based on image translation. This approach, X-Net, however,
exhibits poorer performance than our graph-based method
as shown by our results. The poor performance of X-Net
appears to be due to the image translation process that fails to
transform the pre- and post-event images into the same feature
domain, particularly in the case of heterogeneous datasets
such as Toulouse, California, Bastrop, and Gloucester-2.

Lastly, in Table VI we present the performance of our
proposed method with respect to the ablation approach.
In the ablation process, we remove the GL based on GSP
from the proposed framework and the proposed optimization
based approach to find the change map. Instead, we use the
classical approach explained in Section III, which learns
the graph by using the Gaussian kernel with a a value of

(a) rrR-EM (b) U-HPT (c) CAN (d) X-Net

(e) GBF-CD (f) INLPG (g) NPSG (h) IRGM

(i) G-SMO-CD (j) Ablation (k) Cprior (l) Ground truth

Fig. 17: Change maps for California. The maps shows false
negatives (FN), false positives (FP) and correct pixels (C).

σ = mean(∥vi − vj∥2). The results shown in Table VI,
confirm that the GL and the optimization stages improve the
results for the proposed graph-based approach.
These results, demonstrate that our proposal is useful for
creating generic models of signal structure that enhance
change detection even for heterogeneous datasets.

TABLE VI: Ablation test in terms of κκκ.

Dataset G-SMO-CD Ablation
Mulargia 0.9165 −0.0182
Omodeo 0.6029 −0.0343
Alaska 0.9106 0.4822

Madeirinha 0.8303 0.1115
Prince George 0.8319 −0.1293
Gloucester-1 0.7033 −0.0388

Katios 0.7103 0.0316
Atlantico 0.2901 0.0465

San Franciso 0.6947 0.0810
Wenchuan 0.7991 −0.2010

Toulouse 0.2287 −0.0570
California 0.3850 −0.0208
Bastrop 0.9566 −0.0929

Gloucester-2 0.1685 −0.0422
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(a) rrR-EM (b) U-HPT (c) CAN (d) X-Net

(e) GBF-CD (f) INLPG (g) NPSG (h) IRGM

(i) G-SMO-CD (j) Ablation (k) Cprior (l) Ground truth

Fig. 18: Change maps for Bastrop. The maps shows false
negatives (FN), false positives (FP) and correct pixels (C).

VII. CONCLUSIONS

We have proposed a graph-based change detection (CD)
framework, which builds on state-of-the-art graph learning
methods (GL) based on signal smoothness priors. Unlike some
early works on graph-based change detection, our method does
not rely on eigendecomposition for change detection. Since
the GL problem may demand high computational complexity,
a downsampling module based on GMMSP was leveraged to
alleviate such requirements.
The proposed optimization based approach reduces the exe-
cution time necessary to build the change map. As shown by
our results, the optimization based approach helps to cope with
noisy prior change maps, preventing errors in the final change
map detection. Particularly, when the prior change map is very
noisy, the value of the regularization parameter α needs to be
set small enough, so that we mostly rely on the fused graph for
change detection, leading to accurate change map estimates,
which are highly smooth on the graph. Here an important
question to ask is: under what conditions on input images we
can assume that the original change map is sufficiently smooth
on the fused graph.

(a) rrR-EM (b) U-HPT (c) CAN (d) X-Net

(e) GBF-CD (f) INLPG (g) NPSG (h) IRGM

(i) G-SMO-CD (j) Ablation (k) Cprior (l) Ground truth

Fig. 19: Change maps for Gloucester-2. The maps shows false
negatives (FN), false positives (FP) and correct pixels (C).

This is however a more fundamental issue that is currently
under investigation.
Our experimental results show that the smoothness assumption
on the fused graph leads to remarkable results in change
detection. We showed that our approach outperforms existing
state-of-the-art methods such as probabilistic thresholding [8],
machine learning [11], deep learning approaches [10], [12],
and other graph-based frameworks [16]–[19] in 10 out of 14
datasets.
Lastly, our findings prove the effectiveness of incorporating
GSP models for graph learning in the context of change
detection from remote sensing images. Furthermore, the pro-
posed optimization approach improved change detection per-
formance over different cases (i.e. MS homogeneous, SAR
homogeneous, and MS/SAR heterogeneous cases). In future
work, we intend to develop specialized methods to learn
graphs from remote sensing data, which exploit domain
knowledge. In doing so, we can explore methods based on
semi-supervised learning [50], learning graphs from sets [51],
adaptive graph learning [52], or discriminative learning [53].
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(a) rrR-EM (b) U-HPT (c) CAN (d) X-Net (e) GBF-CD

(f) INLPG (g) NPSG (h) IRGM (i) G-SMO-CD

Fig. 20: Overall performance of the models. Bar charts that evaluate the performance of each method over all metrics and
datasets. The count for each method in one of the six possible metrics means that in one dataset, the model outperformed all
the competing methods in that metric.
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