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ARTICLE INFO ABSTRACT

Keywords: As forest is under increasing pressure, the rapid conversion or degradation of forest has attracted strong concern.
Forest Obtaining quantitative information of forest change based on satellite imagery becomes necessary and urgent,
Land cover change especially the detailed “from-to” information. In this study, a semi-automatic method called direction-dominated
Change detection . change vector analysis (DCVA) was proposed to detect “from-to” information of forest change. DCVA is
Change vector analysis . . . s . . .
composed of three steps: (1) determining candidate changed pixels, (2) determining direction ranges for different
forest change types, and (3) determining final changed pixels for each forest change type. Like the classic change
vector analysis (CVA), the magnitude and direction of change vector (CV) are used to detect the changed areas
and types in DCVA, respectively. However, CVA is “magnitude-dominated” by setting only one magnitude
threshold for different change types, while DCVA is “direction-dominated” by determining change types ac-
cording to change direction at first, followed by setting different magnitude threshold for each change type. In
this case, DCVA holds the advantage of accurately detecting changed areas for different change types by
considering the specific characteristics of each change type. Experiments are performed with Sentinel-2A satellite
images to demonstrate the advantages of DCVA for forest change detection. The changed areas with four types of
forest change were successfully extracted by DCVA. The comparison of both geometric and thematic accuracies
between DCVA and CVA further indicates the effectiveness of the proposed method for forest change detection.

1. Introduction

Forest plays a fundamental role in delivering conservation of biodi-
versity and mitigation of climate change (MacDicken, 2015). As the
remaining and accessible forest is under increasing pressure, the rapid
conversion or degradation of forest has attracted strong concern
(Trumbore et al., 2015). Forest change has been the crucial aspect of
change detection using remote sensing technologies (Hussain et al.,
2013).

With the improvement of earth observation technology, many
change detection methods based on satellite imagery have been devel-
oped (Chen et al., 2003, 2012; Hussain et al., 2013; Lu et al., 2004;
Singh, 1989; Zhu, 2017). Change detection methods can be categorized
into two broad groups: methods based on classification results of input
data, such as post-classification comparison (Duveiller et al., 2008),
trajectory classification (Cohen et al., 2018), and direct multi-date
classification (Lunetta et al., 2006), and methods based on radiometric
change between different acquisition dates, such as image algebra
methods (Muchoney and Haack, 1994; Oliveira et al., 2019), principal

component analysis (PCA) (Byrne et al., 1980; Leichtle et al., 2017;
Rokni et al., 2015), Tasseled Cap (TC) transform (Allen et al., 2018;
Collins and Woodcock, 1996), change vector analysis (CVA) (Malila,
1980; Sun et al., 2019), and regression analysis (Vogelmann et al.,
2016). For end-users, selecting a suitable change detection approach, in
practice, often depends on the requirement of application, data avail-
ability and quality, time and cost constraints, and analysis skill and
experience (Johnson and Kasischke, 1998; Tewkesbury et al., 2015).
Due to forest disturbances, such as deforestation (e.g. clear-cutting
and logging) and forest degradation (e.g. fire, disease, and pests)
(Cohen et al., 2018; Healey et al., 2018; Trumbore et al., 2015),
obtaining detailed change information deserves more attention (Mac-
Dicken, 2015). For forest change detection, CVA is an efficient and un-
complicated approach to obtain “from-to” information. Change
detection methods such as image differencing can only provide change/
no-change (binary) information (Hussain et al., 2013). Methods based
on classification can provide “from-to” information, but errors in any of
the input maps are directly translated to the change map (Tewkesbury
et al., 2015). In CVA, the magnitude of change vector (CV) is used to
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discriminate changed pixels whereas the direction of CV depicts change
type. Comparing with other change detection methods, CVA can find
changed pixels straightforwardly using more (even all) spectral bands
and provide detailed “from-to” information avoiding cumulative error in
image classification (Chen et al., 2003).

CVA has been widely applied for forest change detection since its
first application by Malila (1980) to characterize change magnitude and
direction in spectral space. Allen (2000) proposed to form CVs with
different combinations of TC indices (brightness, greenness, and
wetness) to examine spruce-fir ecosystems. Vegetation indices were also
used as features to form CVs (Bayarjargal et al., 2006; Nackaerts et al.,
2005). But if CV is only composed of TC indices or vegetation indices, it
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might lead to a significant loss of information and thus fail to identify
some types of change (Bovolo et al., 2012). To make full use of the in-
formation presented in remotely sensed images, many modified CVA
methods have been proposed for forest change detection. E.g., Zanotta
et al. (2014) employed three features in 3-dimensional spherical domain
to detect deforestation activities; Chen and Chen (2016) and Sun et al.
(2019) utilized both spectral and textural features to extract forest
changes. Marinelli et al. (2020) worked in raster domain to compare two
lidar datasets to produce a map that identifies the major classes of
change occurring in the forest. This is done by analyzing the CVs in
terms of magnitude and direction in polar coordinate to discriminate
different classes of change.
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Fig. 1. Study areas and datasets. (a) Location of the
study areas in east China; (b) Sentinel-2A images in
Chengde acquired on 14 June 2017 (left) and 14
June 2018 (right); (c) Sentinel-2A images in Huang-
shan acquired on 9 October 2017 (left) and 4 October
2018 (right); (d)-(f) are dataset 1-3, respectively,
with image of 2017, image of 2018, and reference of
forest changed pixels presented from top to down.
The Sentinel-2A images are shown with false color
composite (red: near-infrared band; green: red band;

blue: green band).
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Although the advantages of CVA for forest change detection have
been demonstrated in the above-mentioned studies, CVA still has two
problems that need to be further explored: for the direction, the pixels
with different forest change types correspond to different directions of
CVs, and the connections between the direction ranges and the forest
change types should be discovered; and for the magnitude, the classic
CVA uses only one magnitude threshold to distinguish change and no-
change pixels. Even though the multi-threshold CVA determines
magnitude thresholds of CVs depend on different land cover categories
(Xian et al., 2009), the performance of multiple magnitude thresholds
need to be assessed specifically for forest change detection (Bovolo and
Bruzzone, 2011; Solano-Correa et al., 2019).

In order to improve the CVA performance of forest change detection,
a modified CVA method called direction-dominated change vector
analysis (DCVA) is proposed in this study. It is divided into three steps:
determining candidate changed pixels, determining direction ranges for
different forest change types, and determining final changed pixels for
each forest change type.

The main contributions of this study include: identifying the rela-
tionship between CVs’ direction ranges and forest change types to obtain
“from-to” information, applying multiple local magnitude thresholds for
different change types to detect forest changed areas, and the advantage
of the DCVA method on detecting forest changes is demonstrated by
using three datasets of Sentinel-2A images.

The rest of the paper is organized as below. The study areas and
datasets are described in Section 2. The proposed DCVA method is
delineated in Section 3. The experimental results and discussions are
presented in Sections 4 and 5, respectively. Finally, Section 6 draws
conclusions of the study.

2. Study areas and datasets
2.1. Study areas

Two forest regions with high coverage rate are selected as the study
areas, which are located in Huangshan and Chengde of China (Fig. 1).
The study area of Huangshan is in the south of China
(40°33'48"-41°32/53"N, 116°59'43"-118°19'1"E). The annual average
temperature and precipitation are 16 °C and 1670 mm, respectively. Due
to the suitable climate conditions, Huangshan is rich in forest resources,
with a forest coverage rate of 83%. The main tree species are fir and
pine, which are summarized as arbor in this study. The study area of
Chengde is in the north of China (28°50'39"-29°49'15"N
117°0'16"-118°7'53"E). The annual average temperature and precipi-
tation are 9 °C and 512 mm, respectively. Chengde also has abundant
forest resources, with a forest coverage rate of 56%. The tree species in
Chengde are also dominated by arbor, specifically including mites,
aspen, birch, and eucalyptus. Threatened by fast economic development
and urban expansion, the forest resources in the two study areas are
under increasing pressure. There are numerous forest changes in the
study areas caused by human activities.

2.2. Forest change types

Forest changes are generally summarized as forest loss (e.g. defor-
estation and forest degradation) and forest gain (e.g. afforestation and
reforestation). In most cases, forest loss is concentrated and abrupt, and
can be clearly documented with a sequence of remote sensing images.
Forest gain, in contrast, is a highly variable, dispersed, and protracted
process that is challenging to document over short period (Chazdon
et al., 2016). Thus, this study only focuses on detecting abrupt changes
based on remote sensing images, in which clear-cutting and fire are the
main causes.

In terms of deforestation, the forest land will change to cut-over land
or bare/construction land. There will be a large amount of vegetation on
the surface of cut-over land because of natural regeneration or
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replanting after harvesting. There will be no vegetation on the surface of
bare/construction land because the deforested area is going to be or has
been used as an infrastructure.

In terms of forest degradation, only the fire situation appears in the
study areas, in which the forest land is changed to burned land.
Although a fire will degrade the forest, there will still be vegetation on
the surface of burned land because of the natural regeneration.

The change from forest land to cut-over/burned land can be
considered as the fluctuation of forest area because the changed areas
can be restored to forest after regeneration by natural or artificial means.
By contrary, the change from forest to bare/construction land means the
absolute reduction of forest area, because it will not be restored to forest
after constructing infrastructures.

In addition, since the cloud contamination is unavoidable for optical
remote sensing, the change detection result is always influenced by
cloud and its shadow. Taking this into consideration, the influence of
cloud contamination is also viewed as a change type, e.g. from forest to
cloud or to cloud shadow, by which the fake changes caused by cloud
can be removed after being detected.

According to the above analysis, the forest change types in the study
areas are summarized as four categories: arbor land to bare/construction
land (A to BC), arbor land to cut-over/burned land (A to CB), and arbor
land to cloud (A to C) or cloud shadow (A to S). The change types are
marked as different color in Fig. 1 for the delineated changed pixels. It is
noted that there are changes other than forest changes in the study areas,
e.g. the change from bare/construction land to water (BC to W) in Fig. 1
(f), which are needed to be discriminated from forest change by the
proposed method.

2.3. Datasets

Sentinel-2 images were selected to perform experiments, because
they have high-spatial resolution and red-edge bands which are very
useful to discriminate vegetation types. Sentinel-2 MultiSpectral In-
strument (MSI) covers 13 spectral bands (443-2190 nm), with a swath
width of 290 km and a spatial resolution of 10 m (four visible and near-
infrared bands), 20 m (six red-edge and shortwave infrared bands) and
60 m (three atmospheric correction bands). The revisit time at equator
with only Sentinel-2A satellite is 10 days and with identical twin satellite
Sentinel-2B is 5 days from two-satellite constellation.

In order to avoid the influence of vegetation phenology, the selected
image pairs should be close to each other in terms of the month in
different years. Accordingly, four Sentinel-2A MSI images (Level 1C
product) were selected and downloaded from the Sentinels Scientific
Data Hub of European Space Agency (ESA). Two of them are over the
Huangshan area, acquired on 9 October 2017 and 4 October 2018. The
other two images are over the Chengde area, acquired on 14 June 2017
and 14 June 2018. Because the Level 1C product has undergone radio-
metric and geometric corrections with sub-pixel accuracy, we imple-
mented atmospheric, terrain, and cirrus correction using the Sen2Cor
tool (https://step.esa.int/main/snap-plugins/sen2cor/). After that, the
nearest neighbor method was used to resample the images into 20-m
resolution to reduce the spatial complexity for change detection.

Three regions were selected from the Sentinel-2A images to produce
experimental datasets, as shown in Fig. 1. The size of each dataset is 200
x 200 pixels. Dataset 1 is located in Huangshan, whereas dataset 2 and 3
are in Chengde. The forest changed pixels are manually delineated by
specialists in remote sensing with the aid of high-spatial resolution im-
ages in Google Earth and reviewed by others to catch any obvious errors,
which will be used for reference to evaluate the forest change detection
methods. Dataset 1, 2, and 3 have 585, 1607, and 4445 changed pixels,
respectively. Dataset 1 only has one change type, which is A to BC. For
dataset 2, besides A to BC, there is another change type, namely BC to W.
Dataset 3 has three change types, including A to CB, A to C, and A to S.
The number of changed pixels corresponding to different change types
in each dataset is shown in Table 1.


https://step.esa.int/main/snap-plugins/sen2cor/
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Table 1
Number of changed pixels corresponding to different change types in each
dataset.

A to BC A to CB AtoC AtoS BCto W
Dataset 1 585 / / / /
Dataset 2 1000 / / / 607
Dataset 3 / 2314 1747 384 /

3. Method
3.1. Framework of direction-dominated change vector analysis

In CVA, the spectral reflectance values are treated as vectors of
spectral bands and a CV is calculated by subtracting vectors for a pixel at
different dates (Malila, 1980). The magnitude of CV is used to find
changed pixels and the direction of CV depicts change type (Hussain
et al., 2013).

It is assumed that the remote sensing image acquired at date t; is X3,
and the remote sensing image acquired at date t; is X5. Let X;p (b =1, 2,
..., B, where B is the number of participating bands) denote the b-band of
image X; (t = 1, 2). The difference image Xp, is obtained by subtracting
the spectral vectors of each pixel in X; and X. Accordingly, Xp ; denotes
the b-band of Xp:

Xpp = Xop — X1 (@]

CV is then calculated based on Xp_ Let p and 6 denote the magnitude
and direction of CV, respectively, they can be formulated as:

B
P = ZXzD,b =
b=1

B

Z (Xop — Xl.b)2 2

b=1

0= cosflx/ig (Zflxm / \ /Zlexzm, ) .0 € [0,7] 3)

The participated bands for calculating Xp are closely related to the
accuracy of change detection results. The Sentinel-2A image has 12
spectral bands, but not all bands are sensitive to forest change. In this
study, the selected bands include green, red, red-edge 1, and near-
infrared band. The red and near-infrared bands have been widely used
to detect changes in forest (Liu et al., 2018). The red-edge band is
especially useful for vegetation applications, e.g. discriminating vege-
tation burn severity (Fernandez-Manso et al., 2016) and identifying crop
field boundaries (Solano-Correa et al., 2017). In addition, considering
that the changes in the study area involve bare/construction land, the
green band is incorporated for calculating Xp as it is sensitive to these
changes.

The proposed DCVA method is designed to detect the changed pixels
and the corresponding change types from Xp. Unlike the classic CVA
method, where a global change magnitude threshold is first applied to
obtain changed pixels, followed by determining change types, DCVA
determines change types at first, and then the threshold of changed
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pixels for each change type is locally determined. Compared to CVA, the
proposed DCVA aims at improving change detection accuracy by
applying multiple local change magnitude thresholds for each change
type, rather than a single global threshold for all change types. However,
directly determining change types from Xp is very difficult because too
many unchanged pixels are involved. Hence, the candidate changed
pixels are firstly roughly estimated for determining change types. The
flow diagram of DCVA is described as Fig. 2, which sequentially includes
three steps: determining candidate changed pixels, determining direc-
tion ranges for different change types, and determining final changed
pixels for each change type.

3.2. Determining candidate changed pixels

The first step is to determine the candidate changed pixels from all
pixels by a global threshold T of the change magnitude p. Since the
candidate changed pixels are only used for determining the change types
for the next step, they are allowed to include unchanged pixels or mixed
changed pixels. Because the change magnitudes of unchanged pixels
tend to be small compared to those of changed pixels, the threshold T of
the change magnitude p is exploited for distinguishing the candidate
changed pixels.

Many thresholding algorithms can be used, such as iterative
thresholding, Ostu’s method, and expectation maximization (EM) al-
gorithm. The EM algorithm is selected because it is an effective and
general approach. It is assumed that both the changed and unchanged
pixels obey the Gaussian distribution. Accordingly, all the pixels can be
viewed as a Gaussian mixture model (GMM) consisting of two Gaussian
models (Bovolo and Bruzzone, 2007). According to the Bayesian deci-
sion theory, the threshold T is calculated by estimating the statistical
parameters of the two models (Moon, 1996). The pixels with p greater
than T are determined as the candidate changed pixels.

3.3. Determining direction ranges for different change types

The second step is to determine the change direction ranges for
different change types based on the candidate changed pixels. The
changed pixels with the same change type are assumed to have similar
change direction 0. Accordingly, each change type corresponds to a
certain range of change direction 6, as shown in Fig. 3.

Many clustering algorithms can be used, such as k-means, ISODATA,
and mean shift. The k-means algorithm is selected because it is simple
and effective (Solano-Correa et al., 2019). It is an iterative algorithm
that assigns data to exactly one of k clusters defined by centroids, where
k should be close to the number of change types in the image, which is
acquired based on a priori knowledge of the study area. Certainly, the
optimal k can be determined by some automatic methods, such as gap
statistic (Tibshirani et al., 2001), elbow method (Thorndike, 1953), and
silhouette coefficient (Rousseeuw, 1987). After k-means clustering, the
labels of change types are manually assigned to the clusters.

a az
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Fig. 2. Flow diagram of the direction-dominated change vector analysis (DCVA) for forest change detection: (a) determining candidate changed pixels (grey area)
based on a global magnitude threshold T, (b) determining change types (different colors) based on direction ranges [0, a;), [a1,a2), [a2,a3), and [a3,180°], and (c)
determining final changed pixels for each change type based on local magnitude threshold T, T, T3, and T4. The feature space is expressed in 2-dimentional space as

an example by using the polar coordinate system.
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Fig. 3. Boxplot of change vectors’ angles corresponding to different change
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orange line goes through the box at the median. The whiskers go from each
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3.4. Determining final changed pixels for each change type

The third step is to determine the final changed pixels for each
change type. It is assumed that the threshold of change magnitude p for
different forest change types are different with each other. In this case,
determining changed pixels with a global threshold would unavoidably
bring unchanged pixels or mixed changed pixels. The idea of deter-
mining changed pixels for each change type is setting different local
thresholds for p to overcome the above-mentioned problem and thus to
improve the accuracy of detected change pixels.

Specifically, for each change direction range obtained by the second
step, the threshold of change magnitude p is re-determined based on EM
algorithm, thereby obtaining the final changed pixels for the corre-
sponding change type. For each change direction range, two GMM
components are used. Generally, the change magnitudes of changed
pixels are greater than that of the unchanged pixels, thus the component
farther from the minimum represents the changed pixels.

Although the direction ranges for A to BC and A to C are partly
overlapped in Fig. 3, so are A to CB, A to S, and BC to W, the thresholds of
change magnitude for each direction range are different after imple-
menting the third step, which reduces the miss-classified pixels between
different changes. This is just the advantage of the direction-dominated
CVA compared to the classic magnitude-dominated CVA. Certainly,
there will not be any miss-classified pixels between A to BC and A to C in
the study areas, because they occur in different datasets, i.e., A to BC in
dataset 1 and 2, but A to C in dataset 3.

3.5. Accuracy assessment

The change detection results are evaluated by comparing with the
reference images. Considering that the number of changed pixels is
generally much smaller than that of unchanged pixels, the measures of
precision (P), recall (R), and Fl-score (F) are selected as quantitative
indicators for evaluating change detection results. P is used to evaluate
the correct rate of the result, i.e. the proportion of true changed pixels in
the detected changed pixels. R is used to evaluate the miss rate of the
result, i.e. the ratio of the detected true changed pixels to all true
changed pixels. F is a combined measure, which is the harmonic mean of
P and R. They are calculated as follows:

P =TP/(TP + FP) )
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R =TP/(TP+FN) ®)
F=2xPxR/(P+R) (6)

where TP is the true positives, i.e. the number of changed pixels
correctly detected; FP is the false positives, i.e. the number of unchanged
pixels incorrectly flagged as changed; and FN is the false negative, i.e.
the number of changed pixels incorrectly flagged as unchanged (Powers,
2011).

Moreover, the McNermar’s test (Agresti, 2019) is used to assess the
levels of statistical significant difference for the forest change detection
accuracy. It is a non-parametric test applied to confusion matrices that
have a 2 x 2 dimension, which is based on the standardized normal
statistic. The test value Z can be calculated as:

7 — [fi2 — farl %)

Viatfu

where f12 and fo; represent the off-diagonal entries in the matrix. The
difference between a pair of classifications was considered statistically
significant at a confidence of 95% if the calculated Z is greater than 1.96.

4. Results
4.1. Parameter impacts of DCVA

4.1.1. Impact of global magnitude threshold

The global threshold T is to determine the candidate changed pixels
from all pixels, which is automatically determined by EM algorithm. It is
necessary to analyze the impact of the threshold T on the change
detection results and to reveal whether the automatically determined
magnitude threshold have a significant impact on the accuracy of the
change detection. Fig. 4 shows the accuracy variation of the final change
detection results with different global magnitude thresholds.

Obviously, different datasets have dissimilar global magnitude
thresholds, but there is a threshold range that the change of accuracy is
minimal for every change type. A small global magnitude threshold may
result in that the angle clustering is affected by too many false changed
pixels, and a large threshold may lead to the absence of many changed
pixels in the clustering set. Both above cases can result in failure to
determine the direction range of the changed pixels, such as the change
of direction range in (b), (c), (e), and (f). Usually, the change of direction
range leads to the change of accuracy. The k-means clustering can
produce reliable direction range only when the global magnitude
threshold is in a certain threshold range, in which the effects of un-
changed pixels are effectively eliminated and more changed pixels are
hold in the clustering set. The threshold automatically obtained by EM
algorithm is in this threshold range as shown in Fig. 4, demonstrating
the effectiveness of the adopted EM method for determining the global
threshold T.

4.1.2. Impact of number of clusters

The k-means algorithm is used to partition 6 of the candidate
changed pixels into several direction ranges. The number of clusters
should be close to the number of change types. If k is far smaller than the
number of change types, the different change types cannot be distin-
guished. On the contrary, if k is far larger than the number of change
types, the changed pixels of a change type may be separated into small
subgroups and too many local thresholds need to be set. Therefore, it is
necessary to analyze the impact of the number of clusters to the accuracy
of change detection results, as shown in Fig. 5, which gives a hint to find
the optimal number of clusters.

Fig. 5 shows that a too small k value would do harm to the change
detection accuracy, but an exceptionally large k value would not lower
the accuracy in most cases. The number of forest change types in dataset
1-3is1, 2, and 3, respectively, while the optimal k for the three datasets
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Fig. 5. Impact of the number of clusters k to the accuracy of change detection results. (a) dataset 1, A to BC; (b) dataset 2, A to BC; (c) dataset 2, BC to W; (d) dataset
3, A to C; (e) dataset 3, A to CB; and (f) dataset 3, A to S.
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are all greater than the number of change types. This is because there are
other change types and false changes in the candidate changed pixels for
clustering. On the contrary, a too large k produces too many clusters.
The change magnitude of each cluster can be rightly segmented in the
successive local thresholding procedure, so that the change detection
accuracy keeps almost flat. However, this would increase the labor for
determining the local thresholds. Thus, the smallest k value that can
achieve high change detection accuracy is viewed as optimal and
preferred. Accordingly, the optimal k value for dataset 1-3 is 3, 6, and 6,
respectively.

From the above analysis, the optimal k would vary for different
datasets. Is there an effective method to automatically determine a
suitable k for each dataset? For k-means clustering, there are several
commonly used methods to automatically determine the optimal k, such
as gap statistic (Tibshirani et al., 2001), elbow method (Thorndike,
1953), and silhouette coefficient (Rousseeuw, 1987). The results of the
three methods are shown in Fig. 6. For gap statistic method, when the
number of clusters is k, G(k) can be regarded as the difference between
the loss of random samples and the loss of actual samples, and Sy is the
simulation error calculated from the standard deviation of B Monte
Carlo replicates. When G(k) — (G(k + 1) — Sk+1) changes from negative to
positive for the first time, the corresponding k is viewed as optimal. In
Fig. 6 (a)-(c), although the number of change types is different, the
automatically obtained k by this method are all equal to 3. For elbow
method, the optimal k is found when the slope of the distortion suddenly
changes (usually increases), which is like the “elbow”. In Fig. 6 (d), the
elbow corresponds to the position where k is equal to 3. But in Fig. 6 (e)
and (f), there is no obvious elbow in the curve of distortion. For
silhouette coefficient method, when silhouette coefficient is close to 1,
the clustering result is more reasonable. Since the optimal k is generally
not equal to 2, the case where k is equal to 2 is excluded for consider-
ation. In Fig. 6 (g)-(i), the maximum silhouette coefficients all corre-
spond to the position where k is equal to 3. But in Fig. 6 (i), the silhouette
coefficient suddenly increases when k is equal to 6, which is similar to

International Journal of Applied Earth Observation and Geoinformation 103 (2021) 102492

the change in Fig. 5 (e). In summary, it is difficult to determine the
optimal number of clusters with these automatic methods when
extracting changed pixels and their change types from remotely sensed
images. The silhouette coefficient method may be the most promising
method to determining the optimal k in forest change detection.

4.1.3. Impact of local magnitude threshold

The final changed pixels for each change type are determined by
setting different local thresholds for each direction range. Therefore, it is
necessary to analyze the impact of the local magnitude thresholds on the
accuracy of change detection results. The accuracy curves of the three
datasets are shown in Fig. 7, in which the local magnitude thresholds
automatically determined by EM algorithm are flagged as vertical black
dotted lines. The comparison of the change detection results based on
the automatic local magnitude threshold and the optimal local magni-
tude threshold is shown in Fig. 8.

As shown in Fig. 7, the accuracy corresponding to all change types
satisfies the trend of first increasing and then decreasing as the local
threshold increases. But for different change types, there are differences
in the shape of the accuracy curve. The optimal local magnitude
threshold is closely related to the change type, which is different for
different change types. In Fig. 7 (a) and (b), because the change types are
both A to BC, the optimal local threshold is similar, which is 1022 and
1192, respectively. In Fig. 7 (c)-(f), which respectively correspond to BC
to W, Ato C, Ato CB, and A to S, the optimal local threshold is different,
which is 1769, 1694, 899, and 1224, respectively. Moreover, the change
types related to cloud, like A to C and A to S, are relatively insensitive to
the change of local threshold, which are shown in Fig. 7 (d) and (f). The
above results further demonstrate the necessity of determining different
local thresholds for different forest change types.

Also as shown in Fig. 7, the automatic local magnitude thresholds are
usually smaller than the optimal local magnitude thresholds, which re-
sults in lower P value and thus lower F value. However, as compared in
Fig. 8, the general pattern of the results between the automatic
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thresholds and the optimal thresholds are similar, the difference mainly post-processing, the accuracy of the automatic threshold for all change
comes from the meaningless small changed areas caused by the salt and types has been improved, as can be seen from Table 2. Specifically, for A
pepper noise. In this case, we proposed to add a post-processing step on to BCin dataset 1, Fis increased by 23%, and for A to BC in dataset 2, Fis
the result produced by the automatic thresholds by removing the increased by 7%. For BC to W, A to C, A to CB, and A to S, F is increased
meaningless small changed areas, and the result is shown in Fig. 9. After by 12%, 2%, 6%, and 5%, respectively. In addition, the accuracy of the
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Fig. 9. Comparison of the post-processing results based on the automatic and the optimal local magnitude threshold. (a) dataset 1, A to BC, automatic; (b) dataset 1,
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S, optimal.
Table 2
Accuracy comparison of the forest change detection results before and after post-processing.
Dataset 1 2 3
Change type Ato BC Ato BC BCto W AtoC Ato CB AtoS
Before T automatic optimal automatic optimal automatic optimal automatic optimal automatic optimal automatic optimal
P 0.53 0.89 0.71 0.89 0.66 0.85 0.85 0.99 0.65 0.78 0.88 0.97
R 0.74 0.68 0.70 0.65 0.95 0.88 0.96 0.95 0.97 0.90 0.83 0.82
F 0.61 0.77 0.70 0.75 0.78 0.87 0.90 0.97 0.78 0.84 0.85 0.89
After T automatic optimal automatic optimal automatic optimal automatic optimal automatic optimal automatic optimal
P 0.75 0.91 0.82 0.93 0.81 0.94 0.88 0.99 0.72 0.80 0.97 0.98
R 0.74 0.67 0.69 0.64 0.95 0.85 0.96 0.95 0.97 0.90 0.82 0.82
F 0.75 0.77 0.75 0.75 0.87 0.89 0.92 0.97 0.83 0.84 0.89 0.89

Note: T refers to local magnitude threshold.

optimal threshold has also improved slightly. In summary, the accuracy
of the automatic thresholds is similar with that of the optimal thresh-
olds, and the difference of accuracy between them is mainly caused by
some scattered pixels in the result of the automatic thresholds.

4.1.4. Summary of parameter impacts

The key parameters of each step of DCVA have been carefully
analyzed. The first step is to determine the candidate changed pixels
from all pixels by a global threshold T. The second step is to determine
the change types based on the directions of the candidate changed
pixels. Finally, the changed pixels for each change type are determined
for each direction range. The global magnitude threshold affects the
directions of the candidate changed pixels, and the EM method is vali-
dated to be effective to determine the global magnitude threshold. The

number of clusters k determines the effectiveness of direction ranges and
thus influences the final change detection results. A too small k value is
harmful to accuracy and thus not suggested. An exceptionally large k
value would not do harm to accuracy but increase the labor of deter-
mining local thresholds in the last step. A relatively large k value is
preferred, and how to automatically determine a suitable k value re-
mains dissolved. At last, the local magnitude threshold directly affects
the accuracy of the final change detection results, where the automati-
cally determined local thresholds are validated to be effective combined
with the post-processing by removing meaningless small changed areas.

4.2. Comparison between CVA and DCVA

The performance of CVA and DCVA is compared. CVA is a common
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method of change detection. The magnitude of CV is first used to detect
change area, followed by detecting change type with the direction of CV.
By contrary, in DCVA, the change type is first determined, followed by
detecting change area for each change type, with the aim of eliminating
false changes by clarifying the magnitude threshold in each direction
range. In order to fairly compare the performance of CVA and DCVA, the
direction range of CVA was set as same as that in DCVA, and the
magnitude threshold of CVA was set optimal, which was determined by
the accuracy curve of the global magnitude threshold.

The results obtained by CVA and DCVA are shown in Fig. 10. For
dataset 1, CVA and DCVA results are similar, where the main forest
change area is detected, but it can be found that the changed area by
CVA in the black dotted circle is thinner than that by DCVA, which
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the forest changed pixels, and in the lower part of the black dotted circle,
some forest changed pixels were not detected. In the red dotted circle,
DCVA obtains a more accurate forest change area than CVA. In sum-
mary, the change detection results obtained by CVA may miss some
change areas, and DCVA presents advantages by setting different
magnitude thresholds in different direction ranges.

The change detection accuracies of CVA and DCVA are shown in
Table 3. Comparing with CVA, DCVA has an improvement in the

Table 3
Accuracy comparison and statistical significance of the difference between the
forest change detection results produced by CVA and DCVA.

means that the forest changed pixels located at the boundary of the Dataset ! 2 8
forest changed area cannot be detected by CVA. For dataset 2, compared Change type AtoBC AtoBC BCtoW AtoC AtoCB AtoS
with CVA, DCVA can detect the real forest changed pixels in the yellow CVA P 0.97 0.96 0.80 0.96 0.84 0.96
dotted circle while effectively removing the false changes in the black R 0.55 0.50 0.91 0.95 0.78 0.82
dotted circle, and the result is more similar to the reference in the red F 0.70 0.65 0.85 0.96 0.81 0.89
dotted circle with complex spectral information. For dataset 3, in the beva P 0.91 0.93 0.94 0.99 0.80 0.98
. . R 0.67 0.64 0.85 0.95 0.90 0.82
black dotted circle, the results obtained by CVA and DCVA are compa- F 0.77 0.75 0.89 0.97 0.84 0.89
rable with the real forest changed pixels. In the middle part of the black CVAvs.DCVA  4.20% 8.29* 5.65% 4.09*  4.13% 2.12*
dotted circle, DCVA and CVA both determine the unchanged pixels as - e -
Note: * indicates significant difference.
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accuracy. Let F corresponding to DCVA be Fp, F corresponding to CVA be
Fc. For dataset 1, the change type is A to BC, and Fp is 10% higher than
Fc. For dataset 2, the change types are A to BC and BC to W. For A to BC,
Fp is 15% higher than F¢, and for BC to W, Fp is 5% higher than F¢. For
dataset 3, the change types are A to C, A to CB, and A to S. For A to C and
A to S, Fp is similar with F, and for A to CB, Fp is 4% higher than Fc. In
summary, For A to BC, the accuracy of DCVA is apparently better than
that of CVA. For BC to W and A to CB, the accuracies of DCVA are slightly
better than those of CVA. Besides, for A to C and A to S, DCVA and CVA
have almost the same accuracies because of the apparent differences
between the two images. The differences between CVA and DCVA for all
the change types and datasets are statistically significant as shown in
Table 3.

The running time of CVA and DCVA is also compared based on the
optimal magnitude thresholds and direction ranges. The processing of
forest change detection was based on a computer with Intel core i9-
10900 (2.8 GHz), RAM of 64 GB, hard disk of 500 GB, and graphics
card of NVIDIA GeForce RTX 2060. The operating system is Window 10,
and the development environment is Python IDLE. In order to avoid the
random error of computing, the running time of the experiment is
averaged ten times.

Overall, the running time of the CVA and DCVA are similar for all
datasets, as shown in Table 4. For dataset 2 and dataset 3, the running
time of DCVA is slightly superior to CVA. Moreover, detecting the
change types A to BC and BC to W of dataset 2 takes the longest time
when compared to the change types of dataset 1 and dataset 3.

5. Discussion
5.1. Relationship between direction range and change type

For both CVA and DCVA, the change type is determined by the CVs’
direction range. Thus, exploring the relation between direction range
and change type is important and inevitable. Several studies have
illustrated this relation in two ways. The first way is to associate the
direction ranges to different change types extracted from a two- or multi-
dimensional space, where the number of change types is usually ob-
tained by a priori knowledge (Bovolo and Bruzzone, 2007; Malila, 1980;
Solano-Correa et al., 2019). The other way is to establish a lookup table
of change types according to the difference of CVs between any two
types of land cover in the samples or classification result (Allen, 2000;
Chen et al., 2003; Cohen and Fiorella, 1998). Although these studies
have expressed the relation between direction range and change type,
due to the influence of the location of study area, phenology, and
participating features (e.g. spectral bands, TC indices, vegetation
indices), there is no universal quantitative relation between them.

For the forest changes in this study, the involved change types are
caused by deforestation, degradation, and image conditions (mainly
cloud and cloud shadow), thus the first way is chosen to describe the
relationship between direction range and change type. In a polar coor-
dinate space, each change type corresponds to a direction range. These
direction ranges may be far apart without overlap at all, thus their
corresponding change types can be distinguished easily, such as A to BC
and BC to W. However, when the direction ranges are very close or even
overlapping with each other, the change types will be difficult to be
distinguished, such as A to BC and A to S. The key to deal with this
situation is to divide into more direction ranges by setting a relatively
large k value, and then to merge the direction ranges with the same

Table 4
Comparison of the running time (millisecond) of CVA and DCVA for forest
change detection.

Dataset 1 2 3
CVA 469 496 489
DCVA 469 495 486
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change type after determining the local threshold for each direction
range.

5.2. Direction-dominated versus magnitude-dominated

DCVA is “direction-dominated”, while CVA is “magnitude-domi-
nated”. The comparative analysis in Table 3 is used to show the theo-
retical upper limit of CVA and DCVA. Specifically, comparing with CVA,
DCVA has a certain improvement in accuracy for A to BC, A to CB, and
BC to W. Nevertheless, when dealing with cloud-related changes, like A
to S and A to C, the two strategies perform very closely.

CVA is “magnitude-dominated” by setting only one global magnitude
threshold at first for different change types, while DCVA is “direction-
dominated” by determining change types according to change direction
at first, followed by setting different magnitude threshold for each
change type. For CVA, the global magnitude threshold would under-
estimate or over-estimate changed pixels, and thus the accuracy will
be significantly reduced. For DCVA, the use of direction range can
effectively distinguish change types, and the local magnitude threshold
in each direction range makes it possible to obtain a more accurate
change area. Comparing with CVA, DCVA holds the advantage of
accurately detecting change areas for different change types by
considering the specific characteristic for each change type.

Certainly, when using DCVA for change detection, “direction-domi-
nated” also has its shortage. If there are no real changed pixels in a di-
rection range, but the candidate changed pixels cover this direction
range, then the obtained change detection result will inevitably include
pseudo-changed pixels in this direction range after setting local
thresholds. In this case, it is found that the changed pixels in some di-
rection range are randomly and uniformly distributed in the image,
which should be judged as pseudo-changed pixels and be removed from
the change detection result.

6. Conclusion

A semi-automatic DCVA method was proposed for detecting forest
changes in this study. It is composed of three steps: determining
candidate changed pixels, determining direction ranges for different
forest change types, and determining final changed pixels for each forest
change type. Validated by experiments on Sentinel-2A images, DCVA
can achieve high accuracies in terms of both change area and change
type by clarifying the magnitude threshold in each direction range.

By analyzing parameter impacts of DCVA and comparing the per-
formance of DCVA and CVA, we found that: The global magnitude
threshold affects the directions of the candidate changed pixels, the
number of clusters determines the effectiveness of direction ranges, and
the local magnitude threshold directly affects the accuracy of the final
change detection result; and CVA is “magnitude-dominated” by setting
only one magnitude threshold for different change types, while DCVA is
“direction-dominated” by determining change types according to
change direction at first, followed by setting different magnitude
threshold for each change type. In this case, DCVA holds the advantage
of accurately detecting change areas for different change types by
considering the specific characteristic for each change type.

Future developments of this work include: The types of forest
changes in the study are limited and are only for the Sentinel-2A image
in summer. Later, more spectral samples can be collected from images to
expand the seasonal coverage, number of types, etc., and verify its
portability and scalability on other remote sensing data; The direction
ranges in the study are obtained by k-means clustering, which makes the
number of cluster k still need to be manually assigned according to the
number of change types. Therefore, the spatial context information of
the change direction map can be combined to construct a strategy that
can automatically determine the change types and its angle ranges in the
future; and For the change magnitude distribution, Zanetti et al. (2015)
demonstrated the Rayleigh-Rice model is the one that better fits the
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distribution, among other statistical models proposed in literature. We
expect to achieve higher accuracy using Rayleigh-Rice distribution than
Gaussian-Gaussian distribution in modeling the change magnitude in
the EM algorithm in the future.
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