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Abstract: Acquiring the spatiotemporal patterns of cropland disturbance is of great significance for
regional sustainable agricultural development and environmental protection. However, effective
monitoring of cropland disturbances remains a challenge owing to the complexity of the terrain
landscape and the reliability of the training samples. This study integrated automatic training sample
generation, random forest classification, and the LandTrendr time-series segmentation algorithm
to propose an efficient and reliable medium-resolution cropland disturbance monitoring scheme.
Taking the Amur state of Russia in the Amur river basin, a transboundary region between Russia and
China in east Asia with rich agriculture resources as research area, this approach was conducted on
the Google Earth Engine cloud-computing platform using extensive remote-sensing image data. A
high-confidence sample dataset was then created and a random forest classification algorithm was
applied to generate the cropland classification probabilities. LandTrendr time-series segmentation
was performed on the interannual cropland classification probabilities. Finally, the identification,
spatial mapping, and analysis of cropland disturbances in Amur state were completed. Further
cross-validation comparisons of the accuracy assessment and spatiotemporal distribution details
demonstrated the high accuracy of the dataset, and the results indicated the applicability of the
method. The study revealed that 2815.52 km2 of cropland was disturbed between 1990 and 2021,
primarily focusing on the southern edge of the Amur state. The most significant disturbance occurred
in 1991, affecting 1431.48 km2 and accounting for 50.84% of the total disturbed area. On average,
87.98 km2 of croplands are disturbed annually. Additionally, 2495.4 km2 of cropland was identified as
having been disturbed at least once during the past 32 years, representing 83% of the total disturbed
area. This study introduced a novel approach for identifying cropland disturbance information from
long time-series probabilistic images. This methodology can also be extended to monitor the spatial
and temporal dynamics of other land disturbances caused by natural and human activities.

Keywords: cropland disturbance; machine learning; LandTrendr; agriculture; Heilongjiang River
basin; Amur state

1. Introduction

Land use and land cover (LULC) is an important field for studying global environmen-
tal change, with far-reaching impacts on ecosystem services, climate change, and human
survival and development [1]. As a major land-use type, cropland dynamics are closely
related to food security, ecological stability, and socio-economic development [2,3]. With
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the acceleration of population growth and urbanization [4], changes in croplands have
become more frequent and drastic worldwide. Therefore, accurate access to information on
cropland changes is important in understanding the driving mechanisms of agricultural
resources [5].

Cropland disturbances involve various forms of influences, such as floods and droughts,
urban expansion or Grain for Green projects [6], illegal reclamation, and so on. Traditional
methods for monitoring croplands mainly rely on ground surveys and statistical data, which
are time-consuming and laborious, despite their high accuracy. Realizing continuous monitor-
ing on a large scale is difficult, leading to inconvenience and poor timeliness of information
updates [7]. As remote-sensing technology advances rapidly, satellite image data have become
pivotal tools for monitoring cropland changes on a large scale [8]. Medium- and high-spatial-
resolution images, which provide finer details and extended observation durations, represent
an effective approach for detecting fragmented croplands and monitoring cropland changes
over many years [9,10]. By analyzing multitemporal remote-sensing images, spatial and
temporal change information on croplands can be efficiently and accurately obtained.

Current research on cropland monitoring using medium- and high-spatial-resolution
imagery has focused on two main approaches. The primary approach incorporates all
the time-series information from remotely sensed images into a change-detection model,
fitting time trajectories using the temporal features of spectral bands or indices to iden-
tify abrupt and continuous trends. Representative methods include the Landsat-based
detection of Trends in Disturbance and Recovery (LandTrendr) [11], Vegetation Change
Tracker (VCT) [12], Breaks For Additive Seasonal and Trend (BFAST) [13], and Continuous
Change Detection and Classification (CCDC) algorithms [14]. LandTrendr was initially
developed for monitoring forest disturbances, tracking changes caused by deforestation,
fires, and other factors, as well as their subsequent recovery processes. Recently, it has
been applied to monitor agricultural land disturbances. The VCT algorithm is primarily
used for forest management and large-scale change monitoring, providing information on
forest dynamics by capturing growth and loss patterns. The BFAST algorithm is employed
to monitor the impacts of various vegetation disturbances, separates trend and seasonal
components through time series decomposition, and identifies the specific points in time
when disturbance events occur. LandTrendr is straightforward to apply on a large scale to
identify both abrupt and gradual changes and demands less computational resources than
alternative algorithms.

Traditional algorithms for data preprocessing and execution on local servers are time-
consuming. To address this issue, the LandTrendr algorithm based on the Google Earth
Engine (LT-GEE) was developed for broader applications [15]. The LT-GEE algorithm can
quickly process time-series data, which are useful for recognizing cropland disturbances
over extended periods. Zhu et al. [16] utilized the LT-GEE algorithm with Landsat satellite
data to effectively consider changes in cropland in Dongting Lake following the 1998–2018
fallow–return project. Similarly, Li [17] applied the LandTrendr algorithm to Landsat image
data to identify and explore the spatial and temporal distribution changes in loess terraces
in Guyuan City, north-east China. However, because cropland changes exhibit more diverse
spectral characteristics in a time series, the results can exhibit significant variability and are
frequently intermixed with other vegetation types like forests and grasslands.

The second approach considers croplands as a general land cover category and clas-
sifies them separately for each year using supervised classifiers. Gradinaru et al. [18]
studied the abandonment of croplands in Bucharest, Romania using a Classification And
Regression Tree (CART) model and validated it using Google Earth images, achieving an
accuracy of over 80%. Zhang et al. [19] mapped the spatial distribution of abandoned
croplands in China using the high-precision, long-time-series China Land Cover Dataset
(CLCD). Data spanning 1990–2019 were analyzed using the time-sliding window method.
This indicates that a method based on land-use classification can identify the change char-
acteristics of abandoned land within a specific period. However, data quality significantly
affects the accuracy of the classification results, and the final change map combines the
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errors present in each map, potentially impairing its ability to capture real cropland use
transitions [20]. Changes in croplands are usually gradual and occur over a long period.
Therefore, relying solely on overlaying multi-year cropland distribution maps to identify
changes is a challenge. Utilizing both methods could be an effective solution to overcome
these shortcomings. First, cropland maps or cropland probability data at multiple time
points were generated through supervised classification, and these mediated data were
then used as inputs for change detection.

The key challenge in supervised classification is the acquisition of training samples.
Although manual visual interpretation is highly accurate, its quick implementation is
difficult on a large scale. Some researchers have proposed extracting training sample data
from existing land cover datasets. Huang et al. [21] proposed a method to voluntarily
extract land cover samples based on multi-source data to construct an automatic land
cover classification applicable at large scales. It has a higher accuracy for global land cover
products produced by manual sample selection methods. Zhang et al. [22] screened and
incorporated irrigated cropland data from multiple land cover sources to develop a training
sample library. They employed a random forest classifier, along with MODIS-derived
spectral indices, climate data, and topographic variables, to create a map of irrigated
cropland in China for the year 2015.

In summary, systematic monitoring offers a more reliable approach for studying crop-
land changes over time and mitigating the effects of data quality issues, complex spectral
property features, and mixed pixels. This study proposes a cropland disturbance moni-
toring method based on probabilistic trajectories for long-time-series remote-sensing data.
Training samples were automatically generated based on multi-source land cover datasets.
The long-time-series Landsat images incorporating spectral features were then input into a
random forest classifier to generate interannual cropland probabilities. The LandTrendr
algorithm was used to obtain spatiotemporal information on cropland disturbances.

2. Study Area and Data Sources
2.1. Study Area

The Amur state is located in the Amur (Heilongjiang) River Basin, a transboundary
area between China and Russia in Far East Asia. Its geographical position is advantageous,
with the southern part near the Heilongjiang River on the Sino–Russian border, making
it a key hub for border trade and transportation between China and Russia. This region
occupies an area of 361,900 square kilometers; the region consists predominantly of plains
and hills. It experiences a temperate continental climate with an annual precipitation of
800–900 mm, which is characterized by mostly sunny, windless weather throughout the
year. The winters are cold and long, whereas summers are warm and humid. The state of
Amur boasts large amounts of fertile black soil rich in organic matter and good moisture
retention, making it an important agricultural and mineral region in Russia. The plains of
Amur state are suitable for large-scale agricultural production, with the main crops being
wheat, soybeans, corn, and potatoes. An overview of the study area is shown in Figure 1
(The land cover data used in the Figure 1 is the GlobeLand30 for 2020).

2.2. Basic Datasets

Various satellite images and geographical background data in this region were ob-
tained. Detailed information is provided in Table 1.

Landsat 5/7/8 TM/ETM+/OLI Surface Reflectance (SR) multispectral imagery datasets
from the U.S. Geological Survey (USGS) underwent basic preprocessing, including geomet-
ric, radiometric, and atmospheric corrections. All the Landsat image data were directly
accessed on the Google Earth Engine cloud platform and were used to map the annual land
cover probabilities. The Shuttle Radar Topographic Mission 3 (SRTM3) dataset provided
by the Jet Propulsion Laboratory (JPL) was used in this study. The SRTM3 product was
designed to minimize the impact of mountainous terrain on the classification of vegetation
features [23]. The GlobeLand30 datasets were obtained from the China National Basic
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Geographic Information Center. The FROM-GLC datasets were obtained from Tsinghua
University. The GLC-FCS datasets were obtained from Zenodo. The land cover datasets
were used to build the training sample set.
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Figure 1. Situation of Amur state.

Table 1. Datasets used for this study.

Date Year(s) Temporal
Resolution

Spatial
Resolution Data Sources

Landsat5-SR 1990–2012 16 d 30 m http://landsat.usgs.gov/ (Accessed on 28
March 2024)

Landsat7-SR 1999–2021 16 d 30 m http://landsat.usgs.gov/ (Accessed on 28
March 2024)

Landsat8-SR 2013–2021 16 d 30 m http://landsat.usgs.gov/ (Accessed on 28
March 2024)

SRTM3 2000 - 30 m http://www2.jpl.nasa.gov/srtm (Accessed
on 28 March 2024)

GlobeLand30 2000, 2010, and
2020 - 30 m http://www.globeland30.com (Accessed on

28 March 2024)

FROM-GLC 2015 - 30 m
http://data.ess.tsinghua.edu.cn

/data/Simulation/ (Accessed on 28 March
2024)

GLC-FCS 1990 and 2015 - 30 m https://zenodo.org/records/8239305
(Accessed on 28 March 2024)

3. Methods

This study proposes a probabilistic trajectory-based method for monitoring cropland
disturbances. The method combines machine learning and change detection techniques,
leveraging land cover probabilities derived from random forest classifiers to characterize

http://landsat.usgs.gov/
http://landsat.usgs.gov/
http://landsat.usgs.gov/
http://www2.jpl.nasa.gov/srtm
http://www.globeland30.com
http://data.ess.tsinghua.edu.cn
https://zenodo.org/records/8239305
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the year-to-year transitions between croplands and non-croplands. Change-detection
algorithms were employed to capture both rapid and gradual changes, ultimately resulting
in the mapping of annual cropland disturbances. The overall technical route is shown in
Figure 2 and can be summarized in the following five parts:

1. Applying the optimal pixel synthesis method and constructing cloud-free and shadow-
free Landsat SR synthetic images from 1990 to 2021;

2. Fusing multi-source land cover data products and automatically acquiring the training
samples;

3. Generating year-by-year probabilistic maps of croplands using a random forest classi-
fication method on Landsat SR imagery from to 1990–2021;

4. Using the LandTrendr algorithm to segment the cropland probabilities to map the
cropland disturbances annually;

5. Calculate the confusion matrix based on the validation samples and assess the accu-
racy of the maps in conjunction with the evaluation metrics.
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3.1. Data Preprocessing

This study employed annual synthetic data derived from Landsat as the principal
satellite data for the time-series analysis. To reduce the annual differences associated with
seasonal shifts, Landsat images from June to September of each year were used to establish
the Landsat time series. A total of 8427 remote-sensing images were used in this study.
Compared to the Landsat 7 ETM+, the Landsat 8 OLI has a higher spectral and radiometric
resolution. To minimize the variability in the reflected wavelengths between different
sensors, the data were processed for consistency by requesting the harmonic function from
OLI to ETM+ using a code [24]. Clouds, snow, water, and shadows were removed using
Landsat QA and CFMask bands for quality assessment. It utilized Landsat data from the
target year, as well as the preceding and following years, to fill in any missing areas within
the imagery. Annual synthetic images of the study area without clouds or shadows were
obtained using the median synthesis method [25]. The number of available Landsat images
from 1991 to 2020 for Amur state is shown in Figure 3.
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3.2. Training Samples Generation

By fusing multi-source land cover product in accordance with the principle of complete
consistency in land cover categories and spatiotemporal alignment, training samples can
be automatically generated with high accuracy and efficiency. The detailed steps are as
follows: First, the classification systems of different land cover products were unified, and
the land cover types were categorized into two groups: cropland and non-cropland. Next,
the GlobeLand30 datasets for 2000, 2010, and 2020 were merged with FROM-GLC for 2015
and GLC-FCS for 1990 and 2015, based on the criteria described above, to identify regions
where no changes occurred across the multi-source land cover products. Training samples
were randomly generated from these stable regions and the sample size was determined
by repeating the experiment. After manual visual interpretation of historical images from
Google Earth Pro, 899 training samples were selected, including 209 stable cropland and
690 stable non-cropland samples.

3.3. Cropland Probability Estimation

The random forest algorithm improves the accuracy of a single decision tree by
constructing multiple voting decision trees to determine the outcome [26]. Thus, multiple
independent and unrelated decision trees form the decision forests. When a new sample is
inputted, each decision tree votes separately to estimate the category to which it belongs.
After tallying the outputs of all the decision trees, the classification probability that a
particular sample belongs to a particular category can be obtained. Random forest classifiers
are less prone to overfitting or overtraining than individual classification trees [27] and
are particularly effective at modeling nonlinearities and interactions between predictor
variables [28].

In this study, the number of decision trees was determined to be 1000, the number of
variables selected for each split was calculated as the square root of the number of decision
trees, and the minimum number of end nodes was set to 10. The class probability was
defined as the ratio of the number of votes for a specific class to the total number of trees,
estimating single pixel probability for cropland and non-cropland based on the proportion
of tree voting for a given class. The image data input into the model included the bands
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B1–B7 for Landsat5/7/8-SR. The training parameters were then applied to the SR images
from the corresponding years for classification. Finally, annual cropland probability maps
were obtained for the period of 1990–2021 [29].

3.4. LandTrendr Temporal Segmentation

Cropland disturbance is a complex long-term process. In the study for cropland
disturbances, noise owing to image quality must be eliminated to accurately detect subtle
changes. This is compatible with the advantages of traditional change detection methods
that reduce interannual signal noise and can capture short-term dramatic changes by
fitting the trend of the change to the long-time series [30]. The line segments in the
LandTrendr fitting results consist of a series of breakpoints that represent the spectral
trajectory of an image element. These segments were depicted as straight lines with
a series of vertex divisions. Long- or short-term changes in features within an image
can be inferred from these straight-line segments and breakpoints. The progressive and
restoring trends are observed in an exponential sequence. The algorithm comprises the
following processes: removal of noise-induced peaks, identification of potential vertices
based on regression methods, fitting using point-to-point connections between vertices,
and regression between two segments. The model was then simplified, the best model was
selected by removing anomalous breakpoints, and the average probability value within
each segment was calculated to obtain the modified probability, as shown in Figure 4.
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Figure 4. LandTrendr time-series segmentation of a cropland disturbance pixel. A: disturbance start
cropland probability. B: disturbance stop cropland probability. C: C = A-B, disturbance magnitude of
the cropland. E: disturbance start year. F: disturbance end year. D: D = F-E, disturbance time duration.

LandTrendr can only segment a single band or spectral index at a time, which limits
its effectiveness in land-cover change detection [31]. Unlike most studies, this study did
not use common vegetation indices, such as the normalized difference vegetation index
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(NDVI) or normalized burn ratio (NBR). Instead, it utilizes land cover probability to
describe the likelihood that a pixel belongs to a particular land cover class to represent
actual changes in features, as demonstrated by Yin et al. [32]. Some studies have shown
that probabilities can reflect the relationship between changes in different land cover
categories more directly than spectral values or vegetation indices [33]. Treating land cover
as a continuous process of change, rather than as a discrete single category, can better
differentiate between interannual changes and those caused by classification uncertainty.
The land cover probability also captures sub-pixel dissimilarities and the mixing of different
types of low-resolution imagery more effectively than discrete classification [34].

The LT-GEE algorithm was applied to annual cropland probability maps to determine
the year of occurrence and duration of disturbances, thereby obtaining information on
cropland disturbances from 1990 to 2021. As the model parameter settings directly influence
the accuracy of cropland disturbance detection, the most suitable LandTrendr parameters
for the study area were identified through an experimental comparative analysis. Table 2
presents the parameters used in the study.

Table 2. Definition of LandTrendr algorithm parameters. In this study, the Max Segments parameter
was set to eight to better identify cropland disturbances in the study, and the other parameters were
adopted from the scheme used by Kennedy et al. [11].

Parameters Type This Work Definition

Max Segments Integer 8 Maximum number of segments to be used for
time-series fitting

Spike Threshold Float 0.9 Threshold for curbing peaks (1.0 means no
curbing)

Vertex Count Overshoot Integer 3
If the number of vertices in the initial model

exceeds maxSegments + 1, change it to
maxSegments + 1.

Prevent One Year
Recovery Boolean true Avoiding the appearance of segments

representing one year of recovery

Recovery Threshold Float 0.25 Eliminate segments with an annual recovery rate
greater than 1

Pval Threshold Float 0.05
If the p-value of the fitted model surpasses this

threshold, the current model is rejected and
another model is fitted using the optimizer

Best Model Proportion Float 0.75

Take the model with the largest number of
vertices if the p value of the model differs from

the model with the smallest p value by up to this
proportion

Min Observations Needed Integer 6 Minimum number of observations to conduct
the output fitting

Minimum Mapping Unit (MMU) filtering [35] was applied to eliminate potentially mixed
pixels and enhance image quality, with the minimum unit set to 11 pixels (0.99 hectares) to
filter preliminary cropland disturbances identified by LandTrendr. Croplands categories
from GlobeLand30 for 2000, 2010, and 2020 were selected and merged to identify areas with
potential cropland change. This merged area was then used to mask non-cropland regions in
the LandTrendr results.

3.5. Accuracy Evaluation

This study evaluates the accuracy of the LandTrendr algorithm in recognizing cropland
disturbances based on a confusion matrix. The evaluation metrics included user (UA),
producer (PA), overall accuracies (OA), the kappa coefficient, and the F1 Score. The
confusion matrix was calculated by comparing the position of each measured image
element with that of the classified image. The overall accuracy was calculated based on the
percentage of properly classified pixels relative to the total number of pixels. The kappa
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coefficient is an evaluation metric of the classification results used for consistency testing
and usually lies between 0 and 1, with higher values indicating higher accuracy. The F1
score serves as the primary metric for evaluating accuracy, balancing precision and recall
effectively. Two hundred sample points were selected from the study area, of which 100
were sample points with disturbances and the remaining 100 were sample points without
disturbances. Combined with high-spatial-resolution Google Earth imagery, each sample
point was manually visually interpreted to record the sample point change and time of
change. A total of 200 validation samples were used to generate a confusion matrix to
assess the accuracy of the study.

PA =
xii
x+i

× 100% (1)

UA =
xii
xi+

× 100% (2)

OA =

r
∑

i=1
xii

N
× 100% (3)

Kappa =

N ·
r
∑

i=1
xii −

r
∑

i=1
(xi+ · x+i)

N2 −
r
∑

i=1
(xi+ · x+i)

(4)

F1 = 2 ×
(

PA × UA
PA + UA

)
(5)

where xii is the number of correctly classified pixels, x + i is the total number of pixels of type i
in the reference data, xi+ is the total number of pixels of type i in the cropland disturbance
product to be verified, r is the number of types, and N is the total number of pixels.

4. Results
4.1. Spatiotemporal Patterns of Cropland Disturbance

Figure 5 illustrates the annual trajectory of cropland disturbance in Amur state from
1990 to 2021. Considering the initial year of cropland disturbance, the spatial and temporal
distributions of cropland disturbances over the 32-year period were determined using a
gradient. Cropland disturbances of varying degrees occurred during the past three decades,
and disturbance events were frequent, mainly in the southern part of Amur state, with
a relatively concentrated spatial distribution and a high degree of patch fragmentation.
Table 3 shows that the total area of disturbed cropland during 1990–2021 was 2815.52 km2,
with an average area of 87.98 km2 per year, of which the cropland was disturbed the most
in 1991, with an area of 1431.48 km2, accounting for 50.84% of the total disturbance area.
The disturbed cropland areas showed a fluctuating downward trend, with 2002, 2004,
and 2017 being the main years of disturbance. The disturbed cropland areas were 85.41,
96.71, and 225.66 km2, respectively. 2011 had the least disturbed area of cropland, with
8.14 km2, which only accounted for 0.29% of the total disturbance area. Analysis of the
time scale showed that the disturbance area of croplands exhibited an overall decreasing
trend. The average annual disturbance area of cropland was 128.65 km2 during the period
of 1991–2006, and the average annual disturbance area of cropland was 50.47 km2 during
the period of 2007–2021. This indicates that the disturbance events in croplands in the area
have gradually decreased.

The distribution of the duration of cropland disturbance between 1990 and 2021 is
shown in Figure 6, and the area of cropland subjected to a disturbance duration between
1 and 31 years is illustrated in Figure 7. The duration of cropland disturbance events in
the Amur state was dominated by 1–2 years, and the area of cropland with a disturbance
duration was the highest, at 2072.60 km2, accounting for 83% of the total area. The areas
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with two and three years of disturbance duration were 120.95 and 15.84 km2, accounting for
5% and 1% of the total area, respectively. The area of disturbance with a duration greater
than three years was 541.26 km2, accounting for 11% of the total area.
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Table 3. Area of cropland disturbance during 1990–2021 for each year.

Year Area (km2) Proportion

1991 1431.48 50.84%
1992 1.49 0.05%
1993 8.17 0.29%
1994 17.14 0.61%
1995 59.88 2.13%
1996 32.72 1.16%
1997 24.91 0.88%
1998 51.48 1.83%
1999 74.17 2.63%
2000 31.99 1.14%
2001 38.87 1.38%
2002 85.51 3.04%
2003 70.37 2.50%
2004 96.71 3.43%
2005 12.82 0.46%
2006 20.72 0.74%
2007 23.17 0.82%
2008 8.28 0.29%
2009 23.14 0.82%
2010 17.21 0.61%
2011 8.14 0.29%
2012 32.37 1.15%
2013 70.99 2.52%
2014 32.19 1.14%
2015 40.89 1.45%
2016 71.76 2.55%
2017 225.66 8.01%
2018 24.57 0.87%
2019 25.78 0.92%
2020 77.21 2.74%
2021 75.71 2.69%
Total 2815.52 100%
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4.2. Accuracy Evaluation of Cropland Disturbance Maps

Table 4 shows the 91% overall accuracy of the LandTrendr algorithm in recognizing
cropland disturbances and a kappa coefficient of 0.82. The F1 scores for cropland disturbance
and no disturbance were 0.90 and 0.92, respectively. The producer and user accuracies of the
cropland disturbance monitoring were 96.59% and 85%, respectively. This indicates that the
LandTrendr algorithm, in combination with the machine-learning method, can effectively
monitor cropland disturbances in Amur state.
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Table 4. Accuracy assessment for cropland disturbance.

Disturbance No Disturbance Total User Accuracy

Disturbance 85 15 100 85%
No Disturbance 3 97 100 97%

Total 88 112 200
Producer Accuracy 96.59% 86.61%
Overall Accuracy 91%
Kappa Coefficient 0.82

F1 Scores 0.90 0.92

The results of this study show that the LandTrendr algorithm combined with a machine-
learning method is effective for detecting disturbances and capturing their occurrences and
trajectories of disturbance events. To validate the recognition results of the temporal trajectory
segmentation algorithm more intuitively and clearly from temporal and spatial perspectives,
five typical sample areas were selected for validation. Figure 8 shows, from left to right,
the Google satellite image before the disturbance, the Google satellite image monitoring in
the year of the disturbance, the cropland disturbance monitoring results, and the cropland
disturbance trajectory fitted by the LandTrendr algorithm. This demonstrates the changes in
Google images before and after the disturbance and the matching degree of the monitored
cropland disturbance information in this study. As shown in Figure 8, the LandTrendr algorithm
could better monitor the years of sudden changes in cropland disturbance events and match the
actual years of disturbance occurrence. The monitoring results showed good spatial consistency
with the disturbance events. The results showed that the disturbance trajectories fitted by the
LandTrendr algorithm could better monitor cropland disturbances in the study area.

Remote Sens. 2024, 16, x FOR PEER REVIEW  13  of  17 
 

 

occurrences and trajectories of disturbance events. To validate the recognition results of 

the  temporal  trajectory segmentation algorithm more  intuitively and clearly  from  tem-

poral and spatial perspectives, five typical sample areas were selected for validation. Fig-

ure  8  shows,  from  left  to  right,  the Google  satellite  image before  the disturbance,  the 

Google satellite image monitoring in the year of the disturbance, the cropland disturbance 

monitoring results, and the cropland disturbance trajectory fitted by the LandTrendr al-

gorithm. This demonstrates the changes in Google images before and after the disturbance 

and the matching degree of the monitored cropland disturbance information in this study. 

As shown in Figure 8, the LandTrendr algorithm could better monitor the years of sudden 

changes in cropland disturbance events and match the actual years of disturbance occur-

rence.  The monitoring  results  showed  good  spatial  consistency with  the  disturbance 

events. The results showed that the disturbance trajectories fitted by the LandTrendr al-

gorithm could better monitor cropland disturbances in the study area. 

 

Figure 8. Comparison between cropland disturbance monitoring results with Google satellite im-

ages. (A,B) Google satellite images, (C) cropland disturbance monitoring results, and (D) disturbed 

trajectories of cropland based on LandTrendr algorithm fitting. The color gradient of the disturbance 

monitoring results represents different disturbance years. 

5. Discussion 

This  study  used  the  LandTrendr  algorithm  with  machine  learning  to  monitor 

cropland disturbances annually at a spatial resolution of 30 m. First, training samples were 

automatically generated based on multi-source land cover datasets. This saves time and 

effort compared with traditional methods for acquiring training samples, demonstrating 

significant  cost-effectiveness  in  the  large-scale mapping of  cropland disturbances. Sec-

ondly, annual cropland probability estimations were performed using a random  forest 

classifier. The time series of these probabilities were then integrated into the LandTrendr 

algorithm  as  input  data  for  cropland  trajectory  fitting.  The  combination  of  change 

Figure 8. Comparison between cropland disturbance monitoring results with Google satellite images.
(A,B) Google satellite images, (C) cropland disturbance monitoring results, and (D) disturbed tra-
jectories of cropland based on LandTrendr algorithm fitting. The color gradient of the disturbance
monitoring results represents different disturbance years.
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5. Discussion

This study used the LandTrendr algorithm with machine learning to monitor crop-
land disturbances annually at a spatial resolution of 30 m. First, training samples were
automatically generated based on multi-source land cover datasets. This saves time and
effort compared with traditional methods for acquiring training samples, demonstrating
significant cost-effectiveness in the large-scale mapping of cropland disturbances. Secondly,
annual cropland probability estimations were performed using a random forest classifier.
The time series of these probabilities were then integrated into the LandTrendr algorithm as
input data for cropland trajectory fitting. The combination of change detection techniques
and machine learning not only improved the accuracy of the disturbance results but also
enhanced their spatiotemporal consistency. This study demonstrates that the probabilistic
time series of croplands obtained from Landsat data can be used to map annual changes in
croplands. The trajectory-based change-detection algorithm, LandTrendr, has been widely
applied to discern forest disturbance and restoration. The algorithm was applied to map
multiple LULC changes, followed by the masking of non-cropland areas in Amur state,
resulting in an overall accuracy of 91.0%. The probability more effectively differentiates
between cropland and non-cropland conversions compared to the results reported by Zhu
et al. [16]. The boundary between croplands and non-croplands can be distinguished better
from disturbance events. Navin et al. [36] extracted cropland in South America using multi-
temporal Landsat images and a semi-automated field extraction method but were unable
to capture dynamic change information. The method proposed in this study demonstrates
significant advantages in processing long-term time-series data and in capturing cropland
disturbances. In this study, it was found that cropland disturbance in the first year was
significantly higher than that in subsequent years. LandTrendr usually performs poorly
when detecting changes in the first and last years because of a lack of Landsat imagery data
before the first year and after the last year [11]. Therefore, the confidence levels of the first
and last years of the monitoring results in this study were lower than those of other years.

Cropland disturbances can be caused by a combination of factors. The driving factors
of cropland disturbance are not identical in different countries. Prishchepov et al. [37]
studied and summarized the reasons for cropland disturbances in Russia from to 1990–2000.
It was agreed that the main factors were low food production and labor shortages due
to low population density. Based on the results of this study, Benayas [38] concluded
that the main factors affecting the occurrence of disturbances in croplands were related
to socioeconomic development. A sharp decrease in the population of urban and rural
migrants has led to the abandonment of large quantities of cropland. Urbanization and
economic development have led to an increase in the employment transfer of rural labor.
This may lead to labor shortages and an increase in the cost of rural labor, resulting in an
annual decrease in cropland. Urban expansion and land degradation may also lead to the
conversion of croplands to non-croplands [39]. Flooding in the state of Amur is primarily
influenced by climate change and seasonal precipitation [40]. For example, the major floods
of 2013 were due to extreme rainfall and increased river flow, which had a significant
impact on agriculture, infrastructure, and the lives of the population. As documented by
the Russian Federal State Statistics Service, cropland areas began to decrease rapidly in the
early 1990s because of the economic turmoil and shifts in agricultural policies associated
with the dissolution of the Soviet Union [41]. The rate of cropland decrease was lower in
the period up to 2005 than in the period 2005–2015, which is largely in line with the findings
of this study. Russia has undergone an economic transition with the dissolution of many
collective farms and a decrease in agricultural inputs. Aging agricultural infrastructure
in Amur state, along with the lack of modern technology and financial support, has
prevented many farmers from continuing their agricultural practices on cropland. In
addition, international market fluctuations and unstable prices of agricultural products
have made it difficult for farmers to maintain their livelihoods, resulting in some croplands
being abandoned or converted for other uses. Gellrich et al. [42] found that mountainous
areas in Switzerland are disturbed by insufficient effective soil thickness, sloping terrain,
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and inaccessible mountain roads. In addition, there are countries that have been forced to
abandon croplands due to wars, such as Iraq, Colombia, and Yugoslavia, where portions
of cropland were destroyed and could not be cultivated [43]. Disturbance duration can
indicate varying levels of stress within cropland ecosystems. Short disturbances may
suggest temporary disruptions due to factors such as seasonal weather patterns or pest
outbreaks, while prolonged disturbances could signal more severe issues, including soil
degradation or economic challenges faced by farmers. By examining these durations, we
can gain insights into the adaptive capacity of agricultural practices and inform strategies
for sustainable land management.

Errors in cropland disturbance maps may be related to poor estimates of cropland
probability or some uncertainty in the LandTrendr fitting. This study set a relatively high
change magnitude threshold to identify each transition between cropland and non-cropland
to balance misclassification and omission errors. However, a reduction in false positives
may result in an inability to monitor subtle categories of change, such as urban sprawl
adjacent to croplands. Testing the sensitivity of the method in areas where these pixels are
mixed relies heavily on high-quality imagery and requires more accurate reference data
obtained from Landsat and Google. At the same time, LandTrendr is based on image-level
algorithms that treat each image as a spatially isolated entity and does not utilize spatial in-
formation of neighboring images to improve the accuracy of cropland disturbance detection.
This can lead to weak cropland disturbance signals received by images located at the edges
of cropland disturbance events. Although the use of a filter function with the potential
cropland extent eliminates the Pretzel noise present in the maps with some unreasonable
results, it is also possible that the normal values in the results will be eliminated. The
method proposed in this study demonstrates the potential of the LandTrendr algorithm
for identifying dynamic changes across various land cover. It leverages the robust data
storage and computational capabilities of the GEE platform, facilitating rapid and large-
scale disturbance mapping. Furthermore, by adjusting parameters and developing tailored
classification systems based on specific geographic environments, this approach can be
adapted for monitoring other land types. In the future, with the continued advancement
of deep learning technology, combining LandTrendr with high-resolution remote-sensing
data will further enhance the accuracy and real-time performance of disturbance detection.

Varying the parameters of the LandTrendr algorithm altered the results [44]. Fixed
parameters do not yield optimal results and must be combined with official verification
procedures and field-collected samples. This study adopted an information extraction
method that was able to obtain the spatial and temporal distribution of the disturbance
tracks of croplands in Amur state. However, this approach cannot explore the causes
of disturbance events, such as urban expansion, climate change, and geohazards. Only
information such as the year of disturbance occurrence and duration can be detected.
However, no information on the specific type of disturbance can be obtained. Therefore, in
future studies, specific driver types will be identified in combination with spatiotemporal
information on the identified disturbances in croplands.

6. Conclusions

This study developed a novel and cost-effective scheme for cropland disturbance
monitoring that integrates Landsat time-series datasets, automated training of sample data
generation, machine learning, and change-detection techniques. This approach supports
the automatic generation of training data in stable and invariant regions while simplifying
the cropland category and change analysis. This effectively demonstrates the combination
of machine learning and change-detection methods for accurately identifying cropland
disturbance information. Utilizing comprehensive Landsat data and GEE, this study
mapped the distribution and duration of cropland disturbances at a 30-m resolution from
1990 to 2021 in Amur state. The results show the following: (1) The overall accuracy
of the LandTrendr algorithm, based on probabilistic trajectories, in identifying cropland
disturbances was 91% with a kappa coefficient of 0.82. (2) Cropland disturbances between
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1990 and 2021 are primarily concentrated in the southern region of Amur state. Spatially,
the distribution was relatively localized, with a total area of 2815.52 km2 and an annual
average of 87.98 km2 of disturbed cropland. Temporally, the overall area of disturbed
croplands showed a gradual decreasing trend over time. (3) The proportion of cropland
disturbances lasting 1–2 years was higher from 1990 to 2021, with the largest area of
disturbance occurring in those lasting one year, totaling 2072.60 km2. In summary, this
study presents a novel approach for extracting cropland disturbance information from
long-term probabilistic time-series images. This aids decision-makers in improving their
understanding of temporal and spatial variations in cropland disturbance. In addition, the
proposed framework can be extended to monitor spatial and temporal information of other
land disturbances caused by natural or human activities.
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