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Abstract: For very-high-resolution (VHR) remote sensing images with complex objects and rich
textural information, multi-difference image fusion has been proven as an effective method to
improve the performance of change detection. However, errors are superimposed during this process
and a single spectral feature cannot fully utilize the correlation between pixels, resulting in low
robustness. To overcome these problems and optimize the performance of multi-difference image
fusion in change detection, we propose a novel multi-difference image fusion change detection
method based on a visual attention model (VA-MDCD). First, we construct difference images using
change vector analysis (CVA) and spectral gradient difference (SGD). Second, we use the visual
attention model to calculate multiple color, intensity and orientation features of the difference images
to obtain the difference saliency images. Third, we use the wavelet transform fusion algorithm to
fuse two saliency images. Finally, we execute the OTSU threshold segmentation algorithm (OTSU) to
obtain the final change detection map. To validate the effectiveness of VA-MDCD on VHR images,
two datasets of Jilin 1 and Beijing 2 are selected for experiments. Compared with classical methods,
the proposed method has a better performance with fewer missed alarms (MA) and false alarms (FA),
which proves that the method has a strong robustness and generalization ability. The F-measure of
the two datasets is 0.6671 and 0.7313, respectively. In addition, the results of ablation experiments
confirm that the three feature extraction modules of the model all play a positive role.

Keywords: very high resolution (VHR); change detection; multi-difference image fusion;
visual attention model; feature extraction

1. Introduction

In the rapidly changing modern society, phenomena such as soil erosion, geological
disasters and deforestation occur from time to time [1]. To build a modern smart city [2,3], it
is necessary to monitor information about changes in the land [4,5]. Remote sensing change
detection refers to the analysis and identification of changes between remote sensing images
using statistics and mathematical models [6]. We can obtain a large amount of ground
surface details from very-high-resolution (VHR) remote sensing images, which can be used
to compare geographic objects at different stages [7]. Detecting detailed changes in geo-
graphic objects has important implications for map updating, urban planning, management
and disaster management [8,9].

With the development of satellite technology, the resolution of remote sensing images
also increases [10–12]; the improvement in image resolution facilitates the acquisition of
detailed information regarding ground objects, including their spatial, contrast and mor-
phological relationships [13–15]. It is important to exploit the correlation between these
detailed features. It is easy to describe subject changes in both changing and invariant re-
gions with a single change image, but it is difficult to reveal the details of VHR images. With
the development of computer science, computer vision has been applied to many fields of
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remote sensing [16]. It has become a hot point in remote sensing research of combination
VHR image change detection and computer vision [17], which aims to detect changes
in multidirectional relationships between images using computer vision and change
detection algorithms.

Remote sensing change detection involves primarily two methods: image direct com-
parison and post-classification comparison [18]. The post-classification comparison method
involves the classification of two images of different phases, followed by a comparison of
the resulting ground feature types to obtain change detection results. However, this method
only considers the current image, disregarding the interconnection between different time
phase images, and it is difficult to label samples manually. Consequently, classification
errors tend to accumulate and overlap between different objects, leading to inaccuracies
during the detection process [19]. In contrast, the direct comparison method is a widely
used and straightforward approach for comparing two images [20]. The quality of the
direct comparison method relies on obtaining a difference image between images taken at
two phases [21,22].

There are a variety of ways to produce difference images, such as the method of
taking a logarithmic ratio of remote sensing images [23]. Although the logarithmic method
produces relatively good difference images for dual-temporal images, it has been observed
that the resulting images lack adequate ground information. Therefore, some researchers
have proposed an iterative robust graph-based method for change detection. This method
uses the K-nearest neighbor and image cross-mapping techniques to obtain the forward and
backward difference images [24]; the Markov model is used to detect changes. Although
the robustness is high, the iteration cycles of this method will affect the rate. For classical
change detection methods, numerous scholars have conducted relevant research. Some
researchers have proposed the use of spectral gradient difference (SGD) to describe the
image difference [25]. This method is capable of detecting more prominent feature types.
However, it has a disadvantage in that it only considers the spectral characteristics between
images and does not take other features into account. Some researchers have proposed
an unsupervised change detection method based on the hybrid spectral difference (HSD),
which combines the spectral value and spectral shape by fusing the difference images of
spectral correlation mapper (SCM) and SGD to describe the change in spectral shape [26].
One advantage of this method is that it can combine more change characteristics of the
two images. One disadvantage is that many ground objects cannot be detected using a
single pixel. Change vector analysis (CVA) was first used for change detection and applied
to forest change [27]. This paper introduces a digital method for change detection using
multi-temporal Landsat data. The method calculates the spectral change vectors of two
different dates. This method works well in low-resolution images, but its disadvantage
is that it only considers a single feature. Since ground objects in VHR images are more
complex, applying this method to VHR remote sensing images will result in a lot of noise.
To address this limitation, some researchers have proposed a change detection method
that combines multiple indexes and uses CVA and SGD to construct a change difference
image [28]. However, it has three disadvantages. First, although the two index algorithms
are different, they both judge the changes based on image pixels. Second, although multiple
index fusion can reduce part of salt and pepper noise, it still cannot use advanced features
to express the whole VHR image. Third, multi-index fusion may lead to error superposition
of change detection results.

In recent years, with the rapid development of various disciplines, various com-
puter models have made outstanding progress in image processing, for example, machine
learning models such as support vector machine (SVM) [29], random forest (RF) [30] and
extreme learning machine (ELM) [31]. Visual saliency detection technology has also ad-
vanced in leaps and bounds, such as a spectral residual approach (SRA) [32], context-aware
saliency detection (CASD) [33] and the richer convolutional features method [34]. Convolu-
tional Neural Networks (CNN) for images have been developed in recent years, including
U-Net [35], GoogleNet [36], ResNet [37], etc. These networks show strong effects in various
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fields of remote sensing. VHR image change detection is roughly divided into three cate-
gories. The first category is to extract the image features first and then compare them to get
the change detection results. For example, some researchers have used classification CNNs,
which are the main method for learning deep features from VHR remote sensing images,
to detect building changes from RGB aerial photographs [38]. The second category is to
use samples directly to train the change detection neural network model and then output
the change image directly. For example, some researchers have used pre-trained image
classification CNNs to extract change features [39]. Some researchers have used improved
attention mechanisms for training networks to extract change information [40]. The third
category uses some visual methods for unsupervised change detection based directly on
images. For example, some researchers have proposed a base improved PCA-net model
to implement VHR image change detection [41]. It exhibits an excellent performance in
the field of VHR change detection. As we all know, most VHR images mainly include four
bands. For remote sensing change detection, simply using these visual models to input
RGB band information may cause the loss of spectral bands, thus affecting the change
detection results. Therefore, it is very important to construct the correlation between remote
sensing change detection algorithms and visual models.

From the above analysis, it can be seen that some single feature indexes and their
improved versions have different performance improvements in different aspects, but
cannot express the global features of the image. The combined multi-index method does
not perform well on highly complex VHR images. If a visual model is only used for
VHR image change detection, the band information will be lost. Therefore, in order to
overcome the problems mentioned above, we combine the visual attention model with
difference image fusion and propose a multi-difference image fusion change detection
algorithm based on visual attention (VA-MDCD). First, two difference images are calcu-
lated using CVA and SGD. Secondly, the two difference images are input into an Ltti visual
model to calculate the color, intensity and orientation features of the images [42–44]. These
features are combined to produce two saliency feature maps. Thirdly, a fusion result is
obtained by performing the wavelet fusion algorithm [45] on two saliency feature images.
Finally, the OTSU threshold segmentation algorithm (OTSU) [46] is used to obtain the
change detection result. Notably, the Ltti model utilizes visual attention to enhance the
efficiency and accuracy of the fusion process, providing a more robust solution for image
fusion [42–44]. The VA-MDCD framework is designed to focus visual attention on areas
of significant change. VA-MDCD can effectively combine image correlation to extract
advanced features of images [47,48]. Before fusing the two indexes, VA-MDCD can signifi-
cantly reduce the errors of the two indexes and focus on the real changes.

The highlights of this paper as follows: (1) a visual-attention-model-based change
detection framework is proposed, which has a higher performance than the traditional
multi-difference image fusion change detection method in VHR images with complex
features; (2) the framework can detect changes in VHR images without the need for
samples and can self-adapt to the extraction of change areas; (3) visual attention is added
and a total of 42 change feature maps are computed to accurately capture changes. In
total, the model has three change feature extraction modules, which compute 12 color
feature maps, 6 intensity feature maps and 24 orientation feature maps (see Section 2.2.2 for
specific algorithms).

In the rest of this article, Section 2 describes our proposed VA-MDCD approach and
explains how to implement it. Section 3 presents our analysis of the results obtained in
the two experiments. Section 4 details the design of ablation experiments to discuss the
influence of different model structures on the proposed method, and Section 5 summarizes
our conclusions.

2. Methods

The process of the VA-MDCD method proposed in this paper is shown in Figure 1.
Firstly, we apply the CVA [27] and SGD [25] change detection algorithms to generate
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change amplitude images from VHR remote sensing data collected at identical locations
during two distinct time periods. Secondly, we utilize a computer vision saliency algorithm
to extract the saliency feature of each change amplitude image constructed by CVA and
SGD, respectively. We use the Ltti model [42–44] for feature extraction and the Luminance
Contrast (LC) algorithm [49,50] as a comparison. Thirdly, we use the wavelet transform [51]
to fuse two saliency difference images. Finally, we use the OTSU algorithm to derive the
binarized threshold segmentation outcomes and evaluate the change map [46].
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Figure 1. The flow chart of the proposed VA-MDCD.

The proposed VA-MDCD method utilizes the visual attention model to detect changes
in images by leveraging color, intensity and orientation features. The fusion results repre-
sent the areas where CVA and SGD are salient together. It is also verified that this method
has good detection results for complex backgrounds and complex terrain types. The specific
algorithms are as follows.

2.1. Construct the Change Intensity Image
2.1.1. Change Vector Analysis

CVA [27,52] can characterize the changes in images regarding both their intensity and
direction features. Figure 2 illustrates the direction and magnitude of the change vector,
and we have established a separation threshold to delineate the changed and unchanged
areas. Different ground objects have varying change angles, so we can classify change types
according to these angles.
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The principle is as follows: Set remote sensing images of phase T1 and phase T2 as G1
and G2, respectively, and pixel grey values of column j in row i are
G1 = (Xij

1 (T1), Xij
2 (T1), . . . Xij

n(T1))T and G2 = (Xij
1 (T2), Xij

2(T2), . . . Xij
n(T2))T, respectively.

n is the number of selected bands and Xij
k(T1) is the grey value of the pixel in the T phase
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of column j in line i of the k band. By calculating the difference between G1 and G2, the
change vector is obtained as follows:

∆G = G1 −G2 =



Xij
1(T1)− Xij

1(T2)
Xij

2(T1)− Xij
2(T2)

. . . . . . . . . . . . . . . . . . . . . .
Xij

k(T1)− Xij
k(T2)

. . . . . . . . . . . . . . . . . . . . . .
Xij

n(T1)− Xij
n(T2)


(1)

|∆G| is calculated from the following formula which describes information about
changes in the entire image:

|∆G| =
√

n

∑
k=1

(Xij
k(T1)− Xij

k(T2))
2 (2)

2.1.2. Spectral Gradient Difference

SGD [25] is a method that compares the spectral slope of two images captured by
satellites in the same area during different time periods. The spectral slope refers to the
rate at which the spectral response changes with wavelength [28].

The changing intensity of the spectral slope of the same object at the last two times
can be calculated as follows:

Di fK =
N

∑
M=1

∣∣∣∣ (re fi,M+1 − re f j,M+1)− (re fi,M − re f j,M)

ρ
′
M+1 − ρ

′
M

∣∣∣∣ (3)

In this formula, refi,M+1 is the spectral brightness value of the M + 1 band in the T1
phase, refi,M is the spectral brightness value of the M band, refj,M+1 is the spectral brightness
value of the M + 1 band in the T2 phase, and refj,M is the spectral brightness values of the
M band. ρ’

M+1 and ρ’
M are the normalized wavelengths of the corresponding bands and

DifK is the change intensity of the two slope vectors. The larger the value, the more likely
the surface cover will change in the area; otherwise, the probability is lower. Finally, it is
necessary to set a threshold to determine whether there is a change.

2.2. Visual Attention Model

The Ltti model is a computer vision attention model [42–44]. In this model, three kinds of
features are used to represent the image, which are color, intensity and orientation. The model is
shown in Figure 3. Firstly, feature pyramids are constructed. Secondly, feature images are calculated.
Finally, visual saliency images are calculated.Remote Sens. 2023, 15, x FOR PEER REVIEW  6  of  25 
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2.2.1. Feature Extraction

An intensity image I is I = (r + g + b)/3, where r, g and b are the red, green and blue
channels of the input image. I is used to create a Gaussian pyramid I(σ), where σ ∈ [0. . .8]
is the scale. The four color channels are R = r − (g + b)/2 for red, G = g − (r + b)/2 for green,
B = b − (r + g)/2 for blue and Y = (r + g)/2 − |r − g|/2 − b for yellow. Four Gaussian
pyramids, R(σ), G(σ), B(σ) and Y(σ), are created from these color channels [53,54].

2.2.2. Feature Image

All features are calculated using a set of methods called center–surround methods
(Figure 3). The center is c ∈ {2,3,4} and the surround is s = c + d, where d ∈ {3,4}. The center
and surround values are used to derive the feature image:

I(c, s) = |I(c)ΘI(s)|
RG(c, s) = |(R(c)− G(c))Θ(G(s)− R(s))|
BY(c, s) = |(B(c)−Y(c))Θ(Y(s)− B(s))|
O(c, s, θ) = |O(c, θ)ΘO(s, θ)|

(4)

In the above formula, I (c, s) is the intensity feature. Above, Θ represents interpolating
a coarse scale to a fine scale and subtracting matrix elements. RG (c, s) and BY (c, s) are used
to represent color features. O (c, s, θ) is the orientation feature image, which is generated by
comparing the orientation information between the center and surround scales, where the
value range of θ is θ ∈ {0◦, 45◦, 90◦, 135◦}. A total of 6 intensity features, 12 color features
and 24 orientation features were calculated.

2.2.3. Saliency Image

Saliency images are computed on a scale of 4, with I representing intensity, C repre-
senting color and O representing orientation. ⊕ represents cross-scale addition:

I =
4
⊕

c=2

c+4
⊕

s=c+3
N(I(c, s))

C =
4
⊕

c=2

c+4
⊕

s=c+3
[N(RG(c, s)) + N(BY(c, s))]

(5)

The four orientation values are combined together to obtain the following orientation
saliency image:

O = ∑
θ∈{0o,45o,90o,135o}

N(
4
⊕

c=2

c+4
⊕

s=c+3
N(O(c, s, θ))) (6)

The overall saliency image S is:

S =
1
3
(N(I) + N(C) + N(O)) (7)

2.3. LC Saliency Detection Algorithm

Figure 4 shows the steps of the LC algorithm [49,50].
To calculate the distinct value of a pixel in an image, we compute its global contrast in

the entire image. The saliency value of pixels can be obtained using the following formula:

SalS(Ik) = ∑
∀Ii∈I
|Ik − Ii| (8)

In this formula, Ik represents the grey value of pixel k, Ii represents all pixel points,
where the value range of i is [1, N], and SalS(Ik) represents the significant value of pixel k.
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2.4. Difference Feature Fusion and Segmentation

Figure 5 shows the wavelet fusion method. We establish a wavelet pyramid decom-
position of the image by applying the wavelet transform to the saliency image. Then, we
fuse the decomposition layers from high to low by using different fusion rules to combine
different frequency components in each decomposition layer. Finally, we obtain a fused
wavelet pyramid by performing the wavelet inverse transform on the fused pyramid. The
resulting image after reconstruction is the fused image [51]. In addition to this, in the
process of wavelet decomposition, L and H stand for low and high frequencies, respec-
tively. The subscripts 1 and 2 represent the first and second level decompositions, and at
each decomposition level, the image is decomposed into four frequency bands in vertical
and horizontal directions. In addition to this, in the process of wavelet decomposition,
L and H stand for low and high frequencies, respectively. The subscripts 1 and 2 represent
the first and second level decompositions, and at each decomposition level, the image is
decomposed into four frequency bands in the vertical and horizontal directions. In the
wavelet fusion process, low frequencies are directly fused using local variance normaliza-
tion, while high frequencies are first calculated by the Canny operator to compute the edge
information, and then the local variance is computed [55,56].
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2.4.1. Wavelet Decomposition

The basic principle of the wavelet transform is that L layer wavelet decomposition
is carried out to obtain the 3L + 1 layer frequency band, including the low frequency
baseband Cj and the high frequency sub-band Dh, Dv, Dd of layer 3L. The original image
is represented by f (x, y), denoted by C0. If the filter coefficient matrix corresponding
to the scale coefficient and the wavelet coefficient are H and G, respectively, then the
two-dimensional wavelet decomposition algorithm can be described as follows:

Cj+1 = HCj HT

Dh
j+1 = GCjHT

Dv
j+1 = HCjGT

Dd
j+1 = GCjGT

(9)

where j represents the number of decomposition layers; h, v and d represent horizontal,
vertical and diagonal directions, respectively; and HT and GT are conjugate transpose
matrices of H and G, respectively.

2.4.2. Wavelet Fusion

After wavelet decomposition, the low frequency part of the image is the overview and
average characteristics of the image and the high frequency part of the image reflects the
details of the image, such as the edge of the image, and regional boundaries. Assuming
that the low-frequency components are AA and AB, the local variance Var (i, j) AA and
Var (i, j) AB of all pixels of AA and AB is calculated and normalized. Then, the normalized
local variance is used for low-frequency fusion. Assuming that the high-frequency compo-
nents of images A and B are DLA and DLB, the edge of each high-frequency component is
extracted by the Canny operator, then the local variance of each element of the edge image
is calculated. The high-frequency coefficient that represents the lth layer of the source image
processed by the Canny operator is the average value of the lth layer of the source image
extracted by the Canny operator, which is the local variance obtained by edge extraction
of the high-frequency component of the lth layer of the source image. Then, the fused
coefficient is reconstructed by a wavelet to obtain the fused image.

The low frequency fusion adopted in this paper adopts the fusion rule of mean square
deviation normalization, and the high frequency fusion adopts the Canny operator for edge
extraction. The local variance of each pixel is calculated because the high-frequency part is
the edge area of the image, so this method is used. The Canny edge detection algorithm is
a classic edge detection algorithm used to extract the edge of the image to better highlight
high-frequency features.

2.4.3. OTSU Threshold Segmentation Algorithm

After difference image fusion, we use the OTSU [46] segmentation algorithm for image
binarization. C0 and C1 are two classes whose pixel values have intervals of [1, . . ., T] and
[T + 1, . . ., L], respectively, with T being the given critical value. σb

2(T) and σw
2(T) represent

inter-class variance and intra-class variance, respectively, and the threshold of variance is:

T∗ = arg
1≤T<L

max{σ2
b (T)} = arg

1≤T<L
min{σ2

w(T)} (10)

3. Results

To validate the effectiveness of VA-MDCD, we selected two datasets for two experi-
ments. The first dataset was two images taken by the Jilin-1 (JL-1) satellite [57]. The second
dataset was two images taken by the Beijing-2 (BJ-2) satellite [58]. Both datasets include
multispectral and panchromatic imagery. Before executing our algorithm framework, both
datasets underwent precise preprocessing procedures. Firstly, the multispectral imagery
underwent radiometric calibration, atmospheric correction and orthorectification. Secondly,
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the panchromatic imagery was subjected to radiometric calibration and orthorectification.
Radiometric calibration was performed to eliminate interference from the sensor itself,
the atmosphere, the solar zenith angle and terrain effects. Atmospheric correction was
applied to effectively mitigate errors caused by atmospheric scattering, absorption and
reflection. Orthorectification was conducted to bring the two temporal images closer to
the orthorectified angle. Subsequently, the preprocessed multispectral and panchromatic
images were fused using the Gram–Schmidt (G–S) algorithm [59]. Importantly, we finally
performed geometric registration on the processed images at different times to ensure the
correspondence of pixels between the two images. The land cover types of both images in
the JL-1 dataset only included vegetation and impervious surface, while the images in the
BJ-2 dataset only included impervious surface.

3.1. Experiment #1
3.1.1. Experimental Data

We have selected JL-1 VHR images as the data of experiment 1. JL-1 satellite remote
sensing images have been successfully applied in urban streetlight extraction, surface
water resources monitoring, forest ignition recognition, urban real-time traffic monitoring
and others. The resolution of panchromatic images taken by the satellite is 0.72 m, and
the resolution of multispectral images is 2.88 m. The JL-1 image pair was acquired in
October 2018 and November 2019.

3.1.2. Change Detection Results and Statistical Analysis

The images have been cut to 1915 × 2101 pixels in the red, green, blue and near-
infrared regions. The cropped images are shown in Figure 6. A reference change image
was obtained through detailed field investigations and unmanned aerial vehicle (UAV)
measurements, so the visual analysis has some prior knowledge. The black part is the
actual change area.
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In order to evaluate the improvements in the VA-MDCD method on multiple difference
image fusion, five pairs of error-prone ground objects marked with red rectangles in the
original image were selected as samples for analysis (Figure 7). The spectra of zones #1, 2, 6
and 7 changed in the two images, but they cannot be considered changed. Zones #3, 4 and
5 are vulnerable to rain erosion and cause false detections. They were therefore selected as
samples for analysis.
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Figure 7. The selected ground object samples.

All experiments were conducted under the same computer environment. To compare
with this experiment and verify the reliability of this experiment, in addition to the proposed
VA-MDCD method and LC algorithm, another five groups of comparison experiments
were designed: the change results of the combination of CVA [27] and OTSU algorithms
(CVA-OTSU); the change results of the combination of SGD [25] and OTSU (SGD-OTSU);
the change results of CVA-SGD [28] fusion; iterative weighted multivariate [60] change
detection (IRMAD-OTSU); and change detection based on PCA kmeans [61] (PCA kmeans).
Figure 8a–g shows the change amplitude images of CVA, SGD, CVA-SGD, IRMAD, PCA
kmeans, LC algorithm and VA-MDCD, respectively. From VA-MDCD, we can see that our
method can well suppress most of the salt-and-pepper noise and spurious changes in CVA
and SGD. Influenced by visual attention, our method is closer to human vision, and the
magnitude of VA-MDCD changes is closer to the real changes. The change detection results
are shown in Figure 9, where the white area is the changed area and the black area is the
unchanged area.
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3.1.3. Analysis and Discussion

A confusion matrix was introduced here to evaluate the accuracy. The overall accuracy
(OA), false alarm rate (FA), missed alarm rate (MA), Kappa and F-measure were calculated
using the confusion matrix, and the experimental results were quantitatively analyzed and
evaluated by these coefficients [62].

The OA is the ratio of all correctly classified samples to total samples. The formula is
as follows:

OA =
TP + TN

TP + TN + FP + FN
(11)

where TP and TN represent the number of pixels that are actually changed and correctly
detected as changed and the number of pixels that are actually unchanged and correctly
detected as unchanged, respectively. FP and FN represent the number of pixels that are
actually changed but incorrectly detected as unchanged and the number of pixels that are
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actually unchanged but incorrectly detected as changed, respectively. FA represents the
ratio of the unchanged area detected as the changed area to the true unchanged area:

FA =
FP

FP + TN
(12)

MA represents the ratio of the undetected area of change to the actual area of change:

MA =
FN

FN + TP
(13)

Kappa is used to test the consistency of the results. The higher the Kappa value, the
more accurate the result. The formula is as follows:

Kappa =
(OA− PRE)
(1− PRE)

(14)

In this formula, PRE represents the consistent rate of the theoretical test results. The
formula is as follows:

PRE =
(TP + FP)(TP + FN) + (TN + FN)(TN + FP)

(TP + TN + FN + FP)2 (15)

The F-measure coefficient is the arithmetic mean divided by the geometric mean; the
larger the value, the more accurate the final change detection results. The formula is
as follows:

F−measure =
TP2

TP2 + FN + FP
(16)

According to the accuracy evaluation table (Table 1) and the visualization results
in Figure 10, the proposed VA-MDCD had a higher OA, Kappa and F-measure than other
comparison methods. For VA-MDCD, they were 94.50%, 72.28% and 66.71%, respectively,
and for the LC algorithm, they were 91.54%, 58.74% and 60.18%, respectively. The direct
fusion of CVA and SGD could not distinguish spurious changes caused by different sun
angles. It should be noted that there were still some noise and spurious variations in the
proposed VA-MDCD, which slightly affected the accuracy. In general, based on the analysis
of accuracy, we conclude that the VA-MDCD method proposed in this paper is effective and
reliable. Furthermore, the FA of the proposed VA-MDCD was 8.59%, which was reduced
by 8.57% compared to CVA-SGD. Although the proposed method falsely detected some
building shadows, it could reduce the effect of CVA and SGD fusion errors.

Table 1. The accuracy table of different change detection methods.

Methods OA (%) FA (%) MA (%) Kappa F-Measure

CVA-OTSU 83.47 19.53 23.56 0.1055 0.1922
SGD-OTSU 79.55 26.45 20.22 0.1472 0.1460
CVA-SGD 89.36 17.16 22.47 0.4683 0.3645

IRMAD-OTSU 80.41 30.72 35.34 0.0291 0.0842
PCA kmeans 86.25 13.29 25.92 0.3056 0.2336
LC algorithm 91.54 11.74 27.36 0.5874 0.6018

VA-MDCD 94.50 8.59 23.28 0.7228 0.6671

Table 2 counts the pixel number of the selected five pairs of sample areas, and Table 3
details the false detection pixels of five pairs of samples by CVA, SGD, CVA-SGD and
VA-MDCD. In Table 3, the number of false detection pixels of CVA-SGD was higher than
that of CVA and SGD, and some were between CVA and SGD, but none of them had a
reduced number of false detection pixels. Although the results of the VA-MDCD method
also had a lot of pixel misdetection, compared with CVA-SGD, it could effectively improve
the fusion effect of CVA and SGD. Although the FA of CVA-SGD was lower than that of
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both CVA and SGD, the number of misdetected pixels in specific areas was very high. The
proposed VA-MDCD method reduced the total FA and the number of misdetected pixels in
specific areas. The spectra of these features in zones #1, #2, #6 and #7 have changed, and
we cannot actually consider them as changed zones, so there are only very few erroneous
pixels in the VA-MDCD results, which proves that our method is able to remove spurious
changes due to spectral effects very well.
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Table 2. The number of pixels per sample.

Value Zone #1 Zone #2 Zone #3 Zone #4 Zone #5 Zone #6 Zone #7

Number of pixels 92,880 61,180 60,532 56,225 6936 40,000 62,500

Table 3. Number of pixels for error detection of each sample by different methods.

Zone CVA SGD CVA-SGD VA-MDCD

Pixel value for error detection

Zone #1 541 977 1291 134
Zone #2 3421 23,823 13,269 0
Zone #3 25,816 51,185 18,571 1323
Zone #4 24,594 41,272 29,533 397
Zone #5 3213 1924 3918 552
Zone #6 17,327 21,928 3635 0
Zone #7 19,483 35,167 41,368 1451

3.2. Experiment #2
3.2.1. Experimental Data

We have selected BJ-2 VHR images as the data for experiment 2. The satellite consists
of three optical remote sensing satellites in the 0.8 m panchromatic band and 3.2 m multi-
spectral band, which can provide high-quality remote sensing images. The BJ-2 image pair
was acquired in October 2018 and September 2021.

3.2.2. Change Detection Results and Statistical Analysis

The images were cut to 1500 × 1500 pixels in the red, green, blue and near-infrared
regions. The cropped image is shown in Figure 11. A reference change detection image
was obtained by visual interpretation and geographic analysis, and the black part is the
actual changed area.
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Figure 11. BJ-2 remote sensing images (a) in 2018; (b) in 2021. (c) Ground truth.

In experiment 2, we used red rectangles to select four pairs of ground objects in the
original image that were easily affected by the shooting angle of the sensor (Figure 12).
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Figure 12. The selected ground object samples.

All experiments were conducted under the same computer environment. To compare
with this experiment and verify the reliability of this experiment, in addition to the proposed
VA-MDCD method and LC algorithm, another five groups of comparison experiments were
designed. The five methods are CVA [27], SGD [25], CVA-SGD [28], IRMAD [60] and PCA
kmeans [61]. Figure 13a–g presents the change amplitude images of CVA, SGD, CVA-SGD,
IRMAD, PCA kmeans, LC algorithm and VA-MDCD, respectively. From VA-MDCD, we
can see that our method effectively suppresses the majority of salt-and-pepper noise and
spurious changes, such as urban rooftops. VA-MDCD efficiently focuses attention on areas
with salient changes. The change detection results are shown in Figure 14; the white area is
the changed area and the black area is the unchanged area.

Remote Sens. 2023, 15, x FOR PEER REVIEW  16  of  25 
 

 

SGD, CVA-SGD, IRMAD, PCA kmeans, LC algorithm and VA-MDCD, respectively. From 

VA-MDCD, we can see that our method effectively suppresses the majority of salt-and-

pepper noise and spurious changes, such as urban rooftops. VA-MDCD efficiently focuses 

attention on areas with salient changes. The change detection results are shown in Figure 

14; the white area is the changed area and the black area is the unchanged area.   

       
(a) CVA  (b) SGD  (c) CVA-SGD  (d) IRMAD 

     

 

(e) PCA kmeans  (f) LC algorithm  (g) VA-MDCD   

Figure 13. Change magnitude images on BJ-2 dataset. 

     

(a) CVA-OTSU  (b) SGD-OTSU  (c) IRMAD-OTSU 

       

(d) PCA kmeans  (e) LC algorithm  (f) VA-MDCD 
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3.2.3. Analysis and Discussion

According to the accuracy evaluation table (Table 4) and the visualization results
in Figure 15, the proposed VA-MDCD had a higher OA, Kappa and F-measure than other
comparison methods. For VA-MDCD, they were 94.74%, 84.22% and 73.13%, respectively,
and for the LC algorithm, they were 91.02%, 59.81% and 54.87%, respectively. In this
verification area, the direct fusion method of CVA and SGD could not distinguish the
errors caused by different sensor tilt angles. It was worth noting that there was still a small
number of false detections in the proposed method, which slightly affected the accuracy
of change detection. Overall, based on a quantitative analysis of the results, the FA of
the proposed method was 6.19%, which was reduced by 9.56% compared to CVA-SGD.
We conclude that the proposed VA-MDCD method is also reliable for quasi-urban area
detection, and the proposed VA-MDCD can reduce the fusion error of CVA and SGD.

Table 4. The accuracy table of different change detection methods.

Methods OA (%) FA (%) MA (%) Kappa F-Measure

CVA-OTSU 85.24 21.36 24.75 0.2258 0.1226
SGD-OTSU 86.58 18.94 17.39 0.1326 0.1865
CVA-SGD 90.21 15.75 22.65 0.5758 0.4903

IRMAD-OTSU 84.92 24.13 21.87 0.3714 0.2642
PCA kmeans 88.76 14.92 26.17 0.3940 0.2036
LC algorithm 91.02 12.76 25.63 0.5981 0.5487

VA-MDCD 94.74 6.19 18.94 0.8422 0.7313
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Tables 5 and 6, respectively, show the total pixel values of the four pairs of samples
and the number of misdetected pixels of CVA, SGD, CVA-SGD and VA-MDCD. Table 6
shows that the proposed VA-MDCD can effectively improve the fusion result of CVA and
SGD. Among the four samples, the VA-MDCD method produced a low number of false
detection pixels, and one sample even had 0. Although the overall effect CVA-SGD was
better than CVA and SGD, it was less effective in some details. Therefore, we conclude
that CVA-SGD can remove a lot of noise on the whole. However, because CVA-SGD only
calculates spectral features, it could not represent the information of the whole image,
so it was not effective to apply it to the VHR image. The proposed VA-MDCD could
combine multiple features to effectively improve the performance of CVA-SGD applied to
VHR images. It is worth noting that in zones #1 and 5 there is no change in the building
morphology. Due to the spectral changes on the roofs, CVA, SGD and CVA-SGD would
have detected them as areas of change, which is incorrect. However, VA-MDCD avoids
this spurious change by integrating spatial correlation. Therefore, VA-MDCD has a strong
performance in solving the problem of spurious changes due to spectral effects.

Table 5. The number of pixels per sample.

Value Zone #1 Zone #2 Zone #3 Zone #4 Zone #5

Number of pixels 80,089 26,070 21,879 22,194 32,400

Table 6. Number of pixels for error detection of each sample by different methods.

Zone CVA SGD CVA-SGD VA-MDCD

Pixel value for error detection

Zone #1 26,323 34,674 27,338 0
Zone #2 9821 7334 14,935 652
Zone #3 10,372 16,038 15,973 243
Zone #4 3679 5614 6385 465
Zone #5 8154 6012 7305 0

In general, both CVA and SGD could cause false detections on VHR images. CVA-SGD
exhibited a slightly better performance compared to CVA and SGD, with a higher OA.
However, noise remained present, and CVA-SGD did not eliminate the error accumulation
of CVA and SGD in certain regions. In the results of IRMAD, both FA and MA were
very high, with numerous errors and significant salt-and-pepper noise. This phenomenon
shows that it is not feasible to use spectral features only in VHR images. Due to the
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consideration of contextual information in the image, PCA kmeans reduced the noise to
some extent, but the performance was not efficient. Although the method combined with
the LC algorithm eliminated some noise, the overall effect was not good. The reason was
that the LC algorithm only calculated the contrast features of the image, which could not
fully express the relationship between the pixels of the entire image. VA-MDCD not only
had a good detection effect on VHR images, but also eliminated a lot of noise and low
building shadows and could reduce the error superposition after the fusion of CVA and
SGD, which was especially obvious. It was worth noting that the proposed VA-MDCD
did not eliminate the shadows caused by tall buildings. The most important point is that
the algorithm framework we designed is unsupervised, which can achieve good change
detection results without any samples. Traditional algorithms are mostly unsupervised
algorithms. Our algorithm performs better than traditional unsupervised algorithms, and
it can be applied to VHR images. Therefore, the novelty of our algorithm is reflected here.

4. Discussion
4.1. Effect of Different Model Structures

As we all know, the combination of a computer vision algorithm and a change de-
tection algorithm involves multiple processes, and each stage has uncertainty. We need
to design experiments to justify the use of different modules to highlight the benefits of
using different modules in the proposed method. We divided the model structure of the
proposed method and designed ablation experiments to verify the influence of the color,
intensity and orientation modules on the change detection results.

In addition to the proposed methods, the ablation experiments also include meth-
ods without color modules, methods without intensity modules and methods without
orientation modules. The specific experimental results are summarized in Section 4.2.

4.2. Ablation Experiments

The change detection results of the designed experiment on the two datasets are
shown in Figure 16. Here, the two datasets are named A and B. As can be seen from the
results figure, the results of VA-MDCD show a good detection effect compared with the
results with any of the three modules missing, and the textural structure is clear and the
fragmented noise processing is better.
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Figure 16. The change detection results of different model structures. (a–d) are the four results of
dataset A, namely the model without a color module, the model without an intensity module, the
model without an orientation module and the proposed VA-MDCD method; (e–h) are the four results
of dataset B, namely the model without a color module, the model without an intensity module, the
model without an orientation module and the proposed VA-MDCD method.



Remote Sens. 2023, 15, 3799 18 of 23

In addition, we also counted the F-measure values of the results generated by all model
structures. The statistical figure is shown in Figure 17. It can be seen that the F-measure
value and performance of the proposed VA-MDCD were higher than those produced by
the other three model structures regardless of dataset. In dataset A, VA-MDCD improved
by 6.33%, 1.18% and 4.41% compared to not using a color module, intensity module or
orientation module, respectively. In dataset B, VAMDCD improved by 15.89%, 7.34% and
4.09% compared to not using a color module, intensity module or orientation module,
respectively. The color module had the greatest impact on both datasets, since color plays
the most important role in the magnitude image. VA-MDCD was affected by the lack of
any kind of module, which indicates that the three feature extraction modules introduced
can help improve the performance of VHR image change detection.
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Figure 17. The F-measure value of model change detection for different structures used in
ablation experiments.

4.3. Comparison with Other Visual Saliency Models

To prove the effectiveness of the proposed method, we compared our method with
two other commonly used visual saliency models. They are the Luminance Contrast [63,64]
(LC) method and Spectral Residual (SR) method [32,65]. The LC algorithm is an effective
method to calculate a spatial saliency map using image color statistics. The algorithm
takes into account the computational linear complexity in the number of image pixels.
A saliency map of an image is built on the grayscale contrast between image pixels. That
is, the sum of the gray value distances between the pixel and all the pixels in the image is
taken as the significance value of the pixel. The SR algorithm extracts and emphasizes high-
frequency information by transforming the image in the frequency domain and calculating
the spectral residue and regards it as salient information.

Figure 18 shows the change detection results of different selected visual saliency
models, and Table 7 shows the F-measure accuracy and running time of these models.
From this, we can see that both LC algorithm and SR algorithm, although their running
time is very short, can quickly detect the target area, but they have not eliminated the
impact of noise and there are still many false changes. The LC algorithm only includes the
relationship between the contrast of each pixel. Although the SR algorithm can be used
to quickly calculate the significant region in the image, it may have some limitations in
complex scenes, such as an insensitivity to color information and a limited ability to process
images with complex backgrounds. Therefore, in relatively complex scenes, our method
mimics human vision and combines multi-scale visual features to achieve more effective
change detection results.
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Figure 18. Change detection results based on different visual saliency models. (a,d) are the change
detection results of the LC algorithm for datasets A and B, respectively; (b,e) are the change detection
results of the SR algorithm for datasets A and B, respectively; (c,f) are the change detection results of
the VA-MDCD method for datasets A and B, respectively.

Table 7. F-measure values and running times of different visual saliency models.

Dataset Model F-Measure Running Time (s)

A LC algorithm 0.6018 73.14
SR algorithm 0.6114 83.12

Proposed VA-MDCD 0.6671 135.24
B LC algorithm 0.5487 54.28

SR algorithm 0.6003 71.06
Proposed VA-MDCD 0.7313 103.48

4.4. Model Complexity

In order to comprehensively evaluate the performance of the proposed framework, we
need to compute statistics on the hardware facilities and computing time of the computer.
In addition, we also need to evaluate the number of parameters of the whole model. Here,
all experiments were conducted on all datasets and all experiments were conducted on an
Intel Core i7-11800H CPU @ 2.3 GHz (16 GB RAM) with a NVIDIA GeForce Experience
3060 GPU. The model we developed was mainly implemented in matlab2019b and all the
parameters and variables can be debugged on matlab2019b. Table 8 shows the running
time and parameter number statistics of the different structural models. In addition, the
algorithm running times of the comparison experiment in Section 3 are also listed. It can
be seen from the table that the proposed VA-MDCD has more running parameters and
takes more time than other models, but this increase can be ignored, which is worthwhile
compared with the improvement in the performance of change detection.

Table 8. The number of running parameters of different model structures and the running time of all
methods on the two datasets A and B.

Dataset Model Structure Number of Running
Parameters (k) Running Time (s)

A CVA - 3.21
SGD - 2.94

CVA-SGD - 6.53
IRMAD - 1.79

LC algorithm - 73.14
PCA kmeans - 49.25
without color 25.11 126.91
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Table 8. Cont.

Dataset Model Structure Number of Running
Parameters (k) Running Time (s)

without intensity 23.45 127.25
without orientation 20.74 113.93

VA-MDCD 26.32 135.24
B CVA - 2.67

SGD - 2.14
CVA-SGD - 5.33
IRMAD - 1.74

LC algorithm - 54.28
PCA kmeans - 39.58
without color 25.11 88.72

without intensity 23.45 97.86
without orientation 20.74 87.25

VA-MDCD 26.32 103.48

5. Conclusions

The introduction of this paper summarized the limitations of conventional techniques
while suggesting new approaches to overcome these shortcomings. We proposed a novel
approach to detect changes in remote sensing images using an attention model in computer
vision, which has been called VA-MDCD.

The experimental results obtained from two sets of VHR images validate the efficacy
of the proposed VA-MDCD. First, our proposed VA-MDCD method can be used on VHR
images and it can effectively identify the changes in VHR images. The experimental results
show that this method not only has a higher F-measure and Kappa compared with other
methods, but it can also reduce the FA of CVA-SGD. Second, the addition of a visual
attention model helps to utilize the overall information of VHR images. Compared with
the method using only spectral features, the proposed method can be applied to a wide
range of VHR images. It not only contains the spectral information of the image, but also
highlights the color, intensity and orientation information of the image. Third, after a
statistical analysis of multiple pairs of samples that are easily affected by shooting angles,
we conclude that the proposed VA-MDCD can reduce the error caused by the direct fusion
of multiple difference images. In addition, we also designed an ablation experiment, and
the model included four structures. Four groups of experiments were conducted on two
datasets, respectively, and the F-measure value was calculated. The experimental results
show that the proposed method has a higher F-measure, and the change detection effect of
VA-MDCD proposed in this paper is better for both dataset compared to not using a color
module, intensity module or orientation module.

The method in this paper is based on an improvement of unsupervised algorithms.
Due to the lack of training samples, the method does not perform well when applied to
extremely complex scenes. Therefore, in future studies, we will consider combining a visual
attention model with deep learning and taking the visual attention model as the method of
sample generation. This will not only reduce the complexity of manual sample labeling,
but also generate reliable training samples.
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