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An Adaptive Change Threshold Selection Method
Based on Land Cover Posterior Probability and

Spatial Neighborhood Information
Huaqiao Xing , Linye Zhu , Yongyu Feng, Wei Wang, Dongyang Hou , Fei Meng, and Yuanlong Ni

Abstract—Change threshold selection (CTS) plays an important
role in land cover change detection. The traditional CTS methods
are mainly based on the information contained in grayscale his-
togram distributions or pixel neighborhoods. However, land cover
is highly spatially heterogeneous, and changes in different land
cover types are characterized by different magnitudes. Unfortu-
nately, few CTS studies have considered the effects of both land
cover type and spatial heterogeneity on CTS, potentially leading to
false alarms or missed alarms. To address this challenge, we propose
an adaptive CTS method based on land cover posterior probability
and spatial neighborhood information (LCSN). First, the posterior
probability of the change magnitude in each land cover type is cal-
culated according to a Bayesian criterion to integrate the land cover
type information. Second, the posterior probability is calculated
using a bilateral filtering method to construct the spatial surface
based on the land cover type and spatial neighborhood information.
Finally, the degree of difference between the spatial surface and the
change magnitude map is taken as the final threshold. The proposed
LCSN method is verified with Landsat 8-Operational Land Imager
images and IKONOS images. The experimental results show that
the LCSN method is effective in reducing the pseudo changes and
identifying changes in land cover types with low grayscale values
in the corresponding change magnitude maps.

Index Terms—Bilateral filtering, change detection, class
probability, threshold selection.
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I. INTRODUCTION

MULTITEMPORAL remote sensing change detection has
played an increasingly vital role in the fields of natu-

ral resource management, environmental protection, land cover
dynamic monitoring, etc., [1]–[3]. Change threshold selection
(CTS) is an essential step that directly affects the detection
results [4]–[7].

The selection of change thresholds, as a relatively complex
process, is jointly influenced by multiple factors. Various land
cover types possess different change magnitudes in change de-
tection [8]. For instance, the spectral change values for grassland
and woodland are relatively small, but those for farmland con-
verted to building land are relatively large [9]. In addition, differ-
ent land covers exhibit different spatial heterogeneity depending
on the study area and the resolution of the remote sensing
images considered [10], [11]. For example, spatial heterogeneity
decreases when the study area is filled with farmland. All these
factors contribute to the difficulty of CTS.

Various CTS approaches have emerged in the past three
decades and can be classified into global and local CTS meth-
ods. Global CTS methods are usually based on the grayscale
histogram distribution and divide the corresponding change
magnitude map (CMM) into changed and unchanged areas
based on one or more indicators [12]–[14]. Some classical meth-
ods include the Otsu method [15], Kapur method [16], Kittler
method [17], and expectation maximum (EM) method [18]. As
a recent example, Cui et al. [19] proposed a dual-threshold SAR
change detection method combined with normalized maximum
interclass variance and the generalized Kittler and Illingworth
thresholding method. Although convenient and efficient, global
CTS methods holistically lack consideration of land cover types
and spatial heterogeneity. Local CTS methods generally set a
suitable window size (e.g., 3×3) to divide a CMM into sub-
regions of the same size and perform threshold segmentation
within the subregions [20]–[22]. For example, Yang et al. [23]
proposed a variable class fuzzy threshold optical remote sensing
image segmentation method based on local spatial information,
which is applicable to multi-threshold segmentation of remote
sensing images. This approach considers spatial heterogeneity to
some degree without integrating land cover types. It is worth not-
ing that if the differences in spectral changes among land cover
types are ignored, the determination of thresholds will produce
false alarm and missed alarm problems [24]. In recent years,
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Fig. 1. Flowchart of the LCSN method.

some scholars have introduced land cover type information into
CTS. For example, Xian et al. [25] used the mean and variance of
change vectors and artificially set adjustment coefficients to de-
termine thresholds for different land cover types. Liu and Zhang
[9] proposed using the maximum interclass variance method
to determine change thresholds for different land cover types.
The above-mentioned approaches enhanced the universality and
stability of CTS, yet the consideration of spatial heterogeneity
remains insufficient and cannot effectively address the problem
of CTS for complex land cover types. Consequently, accounting
for land cover types and spatial heterogeneity is necessary for
improving the generality of CTS.

To solve the above problems, an adaptive CTS method based
on land cover posterior probability and spatial neighborhood
information (LCSN) is proposed. First, the posterior probability
of the change magnitude in each land cover type is measured
based on a Bayesian criterion to obtain the land cover type
information. Second, the spatial surface based on land cover
type and spatial neighborhood information is constructed by
integrating the associated spatial neighborhood information in
the posterior probability using a bilateral filtering (BF) method.
Finally, the final adaptive threshold for each pixel of the CMM
is determined by the degree of difference between the spatial
surface and the CMM.

The main contribution and innovation of our work is the
integration of land cover type and spatial neighborhood infor-
mation for adaptive CTS, which improves the distinguishability
of changed and unchanged areas. The posterior probability and
BF approach are used to construct spatial surface of change
threshold. The specific threshold could be calculated according
to the feature of land cover type and spatial neighborhood in
each pixel. The proposed LCSN method can effectively reduce
pseudo changes, and identify real changes with lower grayscale
values in the CMM, which minimizes the possibility of missed
and false alarms.

The rest of this article is organized as follows. Section II
introduces the LCSN method. Section III provides a comparative
analysis of the proposed method and traditional methods based

on remote sensing images. Finally, Section IV further discusses
the LCSN method. Section V concludes this article.

II. METHODOLOGY

The framework of the specific change detection process is
given in Fig. 1. First, the CMM is determined from bitemporal
remote sensing images using change vector analysis (CVA).
Second, the posterior probability of the change magnitude in
each land cover type is derived according to a Bayesian criterion.
Then, the BF method is employed to obtain spatial neighborhood
information for the posterior probability and construct an adap-
tive spatial surface based on land cover type and spatial neighbor-
hood information. Finally, the final threshold is obtained from
the difference degree between the spatial surface and the CMM.

A. Calculation of the CMM Based on Change Vector Analysis

In multitemporal change detection, the grayscale level vec-
tors of image pixels at moments T1 and T2 are G =
(g1, g2, . . . , gk)

T and H = (h1, h2, . . . , hk)
T , respectively.

ΔG contains all the change information in both images, and the
change magnitude is determined by ‖ΔG‖. The specific CVA
equations are as follows [26], [27]:

ΔG = G−H =

⎛
⎜⎜⎝

g1 − h1

g2 − h2

. . .
gk − hk

⎞
⎟⎟⎠ (1)

‖ΔG‖ =

√
(g1 − h1)

2 + (g2 − h2)
2 + . . .+ (gk − hk)

2

(2)

wherek denotes thekth band, and gk andhk denote the grayscale
level of each band in time periods T1 and T2, respectively.
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Fig. 2. Theoretical map of the LCSN method. (a) 2-D principle. (b) 3-D principle.

B. Selection of Adaptive Change Thresholds Based on Land
Cover Type and Spatial Neighborhood Information

A three-dimensional (3-D) Cartesian coordinate system is
established to incorporate the CMM into 3-D space with (x, y, z)
coordinates, where x and y represent the horizontal and vertical
coordinates of the pixel points in the CMM and z is the change
magnitude of the pixel points normalized to 0–255. The spatial
surface based on land cover type and spatial neighborhood in-
formation is developed based on a Bayesian criterion and the BF
method, as shown in Fig. 2. Considering the different magnitudes
of land cover type changes when selecting the threshold value,
the posterior probability of the change magnitude in each land
cover type can avoid the omission of land cover type changes
with smaller magnitude. On this basis, the spatial neighborhood
information of the posterior probability is considered to further
increase the spatial surface value of the possible changed areas
and weaken the spatial surface value of the possible unchanged
areas.

According to Bayesian theory, it is assumed that the spectral
change at a given moment isΔx in the bitemporal remote sensing

image, and the corresponding change in land cover type is Δw.
The posterior probability of the change magnitude based on land
cover type information is as follows [28], [29]:

P (Δw|Δx) =
P (Δx|Δw)P (Δw)

P (Δx)
→ P (Δx|Δw)P (Δw)

(3)

P (Δx|Δw) =
∣∣p (wiT2

)− p
(
wiT1

)∣∣ (4)

where P (Δx) is independent of the land cover type and
does not contribute to the determination of the posterior
probability; P (Δw) is the CVA-based CMM, i is the land
cover type at moments T1 and T2, p(wiT1

) and p(wiT2
) are the

class probabilities at moments T1 and T2, respectively, obtained
through a support vector machine [30], [31], and P (Δx|Δw)
is the difference between the class probabilities at moments T1

and T2.
The spatial neighborhood information is obtained using the

BF method for the posterior probability of the change magnitude
in each land cover type. The BF method is a nonlinear filtering
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Fig. 3. Principle of threshold judgment in one row of the CMM.

method that achieves a compromise between spatial proximity
and the similarity of pixel values considering both spatial neigh-
borhood information and grayscale similarity for the purpose of
edge-preserving denoising [32], [33]

X [k] =

∑N
n=−N W [k, n]Y [k − n]∑N

n=−N W [k, n]
(5)

W [k, n] = WS [k, n] ·WR [k, n] (6)

WS [k, n] = exp

{
−d2 {[k] , [k − n]}

2σ2
S

}
= exp

{
− n2

2σ2
S

}
(7)

WR [k, n] = exp

{
−d2 {Y [k] , Y [k − n]}

2σ2
R

}

= exp

{
− [Y [k]− Y [k − n]]2

2σ2
R

}
(8)

where X[k] is the normalized weighted average of the [2N + 1]
sample neighborhood around the kth sample, the weights
W [k, n] are calculated from the information in the neighbor-
hood, X[k] is the central sample, WS [k, n] is the spatial weight
of the image, measuring the Euclidean metric geometric dis-
tance between the central sample [k] and the [k − n] samples,
WR[k, n] is the radiometric weight, measuring the Euclidean
metric radiometric distance between the central sample Y [k]
and the samples Y [k − n], N is the filter support variable, and
σS and σR are parameters that control the attenuation of the
weighting factors.

The adaptive thresholds are mainly determined by the de-
gree of difference between the spatial surface based on land
cover type and spatial neighborhood information and the CMM.
As shown in Fig. 3, in the constructed spatial surface (green

squares), there are larger values for possible changed areas and
relatively smaller values for possible unchanged areas. Because
the CMM is standardized to 0–255, the final threshold value
is equal to 255 minus the spatial surface based on land cover
type and spatial neighborhood information multiplied by the
coefficient n. Higher gray squares indicate a high likelihood of
change, and vice versa. The LCSN method establishes small
thresholds for areas of possible change in the CMM and large
thresholds for areas unlikely to change to reduce the possibility
of detecting pseudo changes. Thus, the LCSN method effec-
tively distinguishes between changed and unchanged areas and
increases the degree of adaptiveness in CTS.

CMM

=

{
change, CMM(x, y) ≥ 255− LCSN(x, y)i × n

no_change, CMM(x, y) < 255− LCSN(x, y)i × n

(9)

whereCMM(x, y) is the pixel value corresponding to the CMM,
i is the land cover type, LCSN(x, y) is the spatial surface
based on land cover type and spatial neighborhood information,
and n is a coefficient used to improve the distinguishability of
thresholds.

III. EXPERIMENTAL RESULTS AND ANALYSIS

To demonstrate the effectiveness of the LCSN method, a
comparative analysis was conducted with seven CTS methods
based on Landsat 8-Operational Land Imager (OLI) images
and IKONOS high-resolution images. These methods include
global CTS methods (the Otsu method, Kittler method, and EM
method), local CTS methods (the active contour method [34],
Bernsen method [35], and Niblack method [36]), and the LCT
method. The LCT method uses the posterior probability of the
change magnitude in each land cover type as the CMM, and
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Fig. 4. (a) and (b) Remote sensing images of study area A in 2013 and 2018, respectively. (c) Reference map for study area A. (d) and (e) Remote sensing images
of study area B in 2013 and 2018, respectively. (f) Reference map for study area B.

selects the threshold value using the EM method. The overall
accuracy (OA), kappa coefficient (κ), omission rate (OR), com-
mission rate (CR), and F1-score were used to evaluate the change
detection results.

A. Experiments in Study Area A and Study Area B Using
Landsat 8 Data

The study areas were photographed on May 21, 2013, and
May 3, 2018, as Landsat 8-OLI images at a 30-m resolution with
coastal, red, green, blue, near-infrared, SWIR 1, and SWIR 2
bands. Study area A is located in Jinan City, Shandong Province,
China, with an image size of 467×434 pixels. The image size of
study area B is 376×350 pixels, and this area covers Leling City,
Shandong Province, China. The study areas are characterized by
varying degrees of surface variability (see Fig. 4). The study ar-
eas were preprocessed with radiometric calibration, atmospheric
correction and geometric correction [37], [38]. The land types in
the study area were classified as farmland, water bodies, building
land, etc. Training samples corresponding to the land cover types
in the bitemporal remote sensing images were chosen to compute
the class probabilities for the study area [39], [40].

The expansion of roads and building land and shrinkage of
water bodies occurred in study area A from 2013 to 2018, and
study area B experienced growth in roads and building land.
The black area in the change detection results is the unchanged
area, and the white area is the changed area. We selected 1181
samples of pixels with change and 3326 samples of pixels
without change from study area A, as well as 1471 and 1145
corresponding samples from study area B, respectively, for
accuracy assessment, as shown in Tables I and II.

The results of the quantitative accuracy assessment indicate
that the global CTS methods (e.g., OTSU, Kittler, and EM)
yield notable false alarms. The local CTS methods reduce false
alarms to some extent but also produce missed alarms, which
was particularly evident for the Bernsen method. The LCT
method mainly suffers from false alarm issues. Based on OA, κ,
and F1-score, the LCSN method achieves the highest accuracy
in both study areas with the OA greater than 90%. Compared to
other CTS methods, the LCSN method is closest to simulating
the real change results (see Figs. 5 and 6).

The LCSN method is compared with the unsupervised CTS
method and the supervised CTS method. The unsupervised
CTS method is based on global and spatial neighborhood
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TABLE I
COMPARISON OF THE ACCURACY OF THE EIGHT CTS METHODS FOR STUDY AREA A

TABLE II
COMPARISON OF THE ACCURACY OF THE EIGHT CTS METHODS FOR STUDY AREA B

Fig. 5. Change result maps for study area A. (a) OTSU. (b) Kittler. (c) EM. (d) LCT. (e) Active contour. (f) Bernsen. (g) Niblack. (h) LCSN.

information, and the supervised CTS method is based on land
cover type information.

1) The LCSN method outperforms the unsupervised CTS
method, and the spatial neighborhood information-based
local CTS method is superior to the global CTS method.

The study area is prone to pseudo changes arising from
crop harvesting and phenological differences. As shown
in Fig. 7, the unsupervised CTS methods all produce false
alarms in red areas, and which the Otsu method, Kittler
method, and EM method have higher false alarm rates
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Fig. 6. Change result maps for study area B. (a) OTSU. (b) Kittler. (c) EM. (d) LCT. (e) Active contour. (f) Bernsen. (g) Niblack. (h) LCSN.

Fig. 7. Comparison of local change detection results. (a) Image at 2013. (b) Image at 2018. (c) Niblack. (d) Bernsen. (e) OTSU. (f) Kittler. (g) EM. (h) LCSN.

than the Niblack method and Bernsen method; false alarms
have less frequency with the LCSN method.

2) The detection effect of the LCSN method is better than that
of the supervised CTS method. The yellow area in Fig. 8
is the real area of change, and the red area is the pseudo

change area. The LCT method and the LCSN method
can fully detect the real changes in the yellow area, but
the LCT method clearly produces false alarms in the red
area. Therefore, the LCSN method is more universal and
accurate than the other methods.
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Fig. 8. Comparison of local change detection results. (a) Image at 2013. (b) Image at 2018. (c) LCT. (d) LCSN.

Fig. 9. (a) and (b) Remote sensing images of study area C in 2002 and 2009, respectively. (c) Reference map for study area C.

B. Experiments in Study Area C Using IKONOS Data

Study area C was identified in four bands (red, green, blue,
and near-infrared) of IKONOS images with a resolution of 1 m
taken on February 11, 2002, and June 24, 2009 [41]. Study area C
is located in Hanyang, Wuhan City, China, and the image size is
1000×1000 pixels. Basic image preprocessing (e.g., radiometric
calibration, atmospheric correction, and geometric correction)
was performed for study area C [42]. As shown in Fig. 9, the
types of land cover included in the study area were farmland,
water bodies, grassland, woodland, and artificial surfaces.

Study area C underwent changes over the studied period,
mainly shifting from agricultural land to building land (e.g.,
factory sheds), grassland, and woodland. The 48 374 pixel sam-
ples that changed and 21 139 pixel samples that did not change
were selected for accuracy analysis. The LCSN method yielded
the highest OA and F1-score and relatively low CR and OR
values, as shown in Table III. The results in Fig. 10 indicated
that both the global CTS method and the spatial neighborhood

information-based local CTS method yield unsatisfactory detec-
tion results, with obvious misses. The LCT method utilizes land
cover type information and provides higher detection accuracy
than these two types of CTS methods. The LCSN method,
simultaneously accounting for land cover type information and
spatial neighborhood information, is excellent in identifying
areas of small-magnitude changes in land cover type.

IV. DISCUSSION

A. Accuracy Analysis of the LCSN Method

The LCSN method minimizes the pseudo changes in farm-
land caused by external factors and detects changes of small
magnitude, such as the conversion of farmland to grassland
and woodland. To further demonstrate the generality of the
LCSN method, a comparative analysis was performed with the
global CTS method (the EM method), the spatial neighborhood
information-based local CTS method (the Bernsen method), and
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TABLE III
COMPARISON OF THE ACCURACY OF THE EIGHT CTS METHODS FOR STUDY AREA C

Fig. 10. Change result maps for study area C. (a) OTSU. (b) Kittler. (c) EM. (d) LCT. (e) Active contour. (f) Bernsen. (g) Niblack. (h) LCSN.

the land cover type information-based CTS method (the LTC
method).

The results indicate that although floating weeds were present
on the water surface, pixel A did not change in 2009 with a
grayscale value of 76. Pixel B underwent a change from farmland
to grassland with a grayscale value of 23. Pixel C changed from
farmland to a factory shed with a grayscale value of 116 (see
Fig. 11). The threshold value of 77 determined according to the
EM method can be used to detect changes in pixel C, but changes
in pixel B are not detected; additionally, no false alarms occur
for pixel A. Hence, the global CTS method is likely to miss the
detection of changes in different land cover types. This issue
is because global CTS is based on the histogram distribution
of the corresponding CMM, which only considers grayscale
value information and neglects the areas of change with small
grayscale values.

The Bernsen method is a local CTS method based on spatial
neighborhood information that discovers more areas of change

than the EM method. This method only selects the most ap-
propriate threshold within the selected window; although taking
this method considers spatial neighborhood information, it still
calculates the grayscale value rather than using land cover type
information. As shown in Fig. 12, when handling regions with
monotonic brightness, the Bernsen method generates strong
error noise, resulting in false alarms and missed alarms in some
cases [13].

The LCT method is a CTS method based on land cover type
information. This method, like the LCSN method, integrates the
land cover type information, and the detection result is favorable;
however, subtle errors are still found in some areas due to the lack
of spatial neighborhood information considered in this method
(see Fig. 13). According to the above results, the LCSN method
is well suited for detecting the presence of real changes in areas
with small grayscale values (e.g., conversion of farmland to
grassland) or avoiding pseudo changes with large grayscale val-
ues (e.g., presence of floating weeds in water) in the study area.
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Fig. 11. CTS with the EM method. (a) Image at 2002. (b) Image at 2009. (c) CVA. (d) Grayscale histogram distribution. (e) Global method. (f) EM. (g) LCSN.

Fig. 12. CTS with the Bernsen method. (a) Image at 2002. (b) Image at 2009. (c) CVA. (d) LCSN. (e) Spatial neighborhood information based local method. (f)
Bernsen. (g) Red study area and detection result of image at 2002, image at 2009, CVA, Bernsen, and LCSN.
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Fig. 13. CTS with the LCT method. (a) Image at 2002. (b) Image at 2009. (c) CVA. (d) LCSN. (e) Land cover type information based method. (f) LCT.
(g) Red study area and detection result of image at 2002, image at 2009, CVA, LCT, and LCSN.

Fig. 14. (a)–(d) CMMs in study area A. (e)–(h) Change result maps for study area A. (a) SAM. (b) SCM. (c) AD. (d) SFA. (e) SAM-LCSN. (f) SCM-LCSN.
(g) AD-LCSN. (h) SFA-LCSN.
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The LCSN method uses land cover type information to reduce
the misclassification of real changes and the identification of
pseudo changes. Moreover, spatial neighborhood information is
considered to reduce the fine-grained detection results, thereby
increasing the accuracy of the detection results.

B. Robustness Analysis of the LCSN Method

To investigate the robustness of the LCSN method, the detec-
tion results of different CMMs were investigated. In this article,
experiments were conducted using the spectral angle mapper
method [43], the spectral correlation mapper method [44], the
absolute distance method [18], and the slow feature analysis
method [45] for study area A. The detection results are shown in
Fig. 14. Notably, the real changes in the yellow areas are obtained
with different grayscale values by different CMM methods, but
the LCSN method is capable of detecting all these real changes
and identifies relatively few pseudo changes. Thus, the LCSN
method is robust for use with various CMMs.

V. CONCLUSION

The LCSN method is an adaptive CTS method based on
LCSN. This method adopts a Bayesian criterion to gain land
cover type information and the BF method to acquire spatial
neighborhood information. The LCSN method offers higher
accuracy and stability than the traditional CTS method. De-
termining thresholds based on land cover type information and
spatial neighborhood information eliminates the influence of dif-
ferent spectral value ranges due to different land cover types and
compensates for the shortcomings of single and local thresholds.

The feasibility of the LCSN method was demonstrated by
conducting experiments on remote sensing images from two dif-
ferent sensors; specifically, Landsat 8-OLI images and IKONOS
images were used, and this approach provided a new conceptual
application for the CTS method. Compared with those of the
other CTS methods, the OA of the LCSN method in study area
A improved by 2.13%, that in study area B improved by 2.14%,
and that in study area C improved by 7.33%. The excellent
performance of the LCSN method is mainly attributed to the
dual consideration of land cover type and spatial heterogeneity.

Although the results of the LCSN method are highly satisfac-
tory, this method still has limitations. The detection results of
the LCSN method are, to some extent, influenced by the selected
training samples when considering land cover type information.
A possible future research direction is to weaken the dependence
on the training samples and further improve the accuracy of the
LCSN method.
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