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Abstract
To further reconstruct the historical process of land use changes before and af-
ter the construction of water storage projects and to better comprehend and
forecast the direction of land use transitions, this study employs support vector
machine theory to investigate the adaptability of land use type interpretation,
and by examining the dynamic changes in land use, analyzes the self-adaptive
regulation capacity and evolution direction of land use structures before and
after the construction of water storage projects. The results indicate that: (1)
Leveraging its advantages in self-learning and self-adaptation, the support vec-
tor machine achieves an overall accuracy of 91.7% and a Kappa coefficient of 0.90
for land use classification interpretation; except for relatively lower producer’s
accuracy for cultivated land, other land types such as water bodies and forest
land exhibit high classification recognition capability. (2) Analyzing the evolu-
tion process of land use types using the Google Earth Engine (GEE) platform
reveals that, influenced by the implementation of projects such as the second
phase of the ‘Three-North Shelter Forest’ program (2001-2020), construction
land and forest land areas have experienced substantial increases, with forest
land area increasing nearly fivefold compared to the initial implementation pe-
riod in 2000. (3) After project construction and operation, nearly two-thirds of
forest land and construction land areas maintained their original state; water
bodies and unused land, affected by water conservancy and urban construction
projects, saw over 65% of their original types transform into other categories;
the ‘Three-North Shelter Forest’ program accelerated the increase in forest land
area and the improvement of grassland vegetation coverage, with net increases of
48.0% and 50.2% in the area of low-coverage grassland transitioning to medium-
and high-coverage grassland, respectively.
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Abstract: To further restore and reconstruct the historical process of land
use change before and after water storage project construction, and to better
grasp and forecast land use transfer directions, this study investigates the ap-
plicability of support vector machine theory for land use type interpretation.
By examining land use dynamic changes, we analyze the adaptive adjustment
capacity and evolution direction of land use structures before and after project
implementation. The results demonstrate that: (1) Relying on its advantages
in self-learning and self-adaptation, the support vector machine achieved an
overall classification accuracy of 91.7% and a Kappa coefficient of 0.90 for land
use interpretation. Except for relatively lower producer accuracy for cultivated
land, other land types such as water bodies and forest land exhibit high clas-
sification recognition capability. (2) Using the Google Earth Engine (GEE)
platform to examine the evolution of land use types, the implementation of the
second phase of the “Three-North Shelterbelt” project (2001–2020) caused sub-
stantial increases in construction land and forest land areas, with forest land
area increasing nearly fivefold compared to the initial implementation stage in
2000. (3) Following project construction and operation, nearly two-thirds of
forest land and construction land areas maintained their original state, while
water bodies and unused land, influenced by water conservancy and urban con-
struction projects, transformed from their original types to other types in over
65% of their area. The Three-North Shelterbelt project accelerated forest area
expansion and improved grassland vegetation coverage, with net increases of
48.0% and 50.2% in the transition from low-coverage grassland to medium- and
high-coverage grassland, respectively.
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1.1 Study Area Overview

The study area encompasses the upstream, midstream, and downstream regions
of the Chaganmuren River system affected by the Derisubaoleng Reservoir, with
the reservoir’s watershed serving as the natural boundary. Considering the
river’s runoff generation and convergence relationships, the study area was com-
prehensively defined covering 1501.35 km2 [Figure 1: see original paper]. The
Derisubaoleng Reservoir is located in Bairin Right Banner, Chifeng City, Inner
Mongolia, with its dam site situated on the Chaganmuren River, a first-order
tributary of the Xilamuren River in the West Liao River mainstream. The reser-
voir has a designed total storage capacity of 98.82 million m3, accounting for
73.3% of the entire watershed area of 8427.4 km2. It is a medium-sized multi-
purpose reservoir primarily for ecological protection, flood control, and indus-
trial water supply, while also serving irrigation, aquaculture, and tourism. The
project commenced water storage in 2010. Field investigations indicate that
reservoir construction significantly reduced flood disaster impacts, effectively
safeguarding downstream lives and property while substantially improving the
surrounding ecology and climate. Additionally, according to surveys, Chifeng
City, where the study area is located, has been included in the Three-North
Shelterbelt System Construction since 1978, undergoing Phase I (1978–2000)
and Phase II (2001–2020), which greatly increased regional forest coverage.

1.2 Research Methods

Support Vector Machine (SVM) is a binary classification model built upon sta-
tistical learning theory. Its fundamental model defines a linear classifier with
maximum margin in feature space, essentially making it a nonlinear classifier
[15]. The basic approach seeks to find a separating hyperplane that correctly
classifies the training dataset while maximizing the geometric margin [16]. As
illustrated in [Figure 2: see original paper], black solid circles and white hollow
circles represent two classes of training samples. In high-dimensional space, 𝜔・
x + b = 0 (where 𝜔 is the normal vector) represents the separating hyperplane,
while 𝜔・x + b = 1 and 𝜔・x + b = -1 are parallel planes passing through
the points closest to the separating hyperplane from each class. The vertical
distance between these two parallel planes, 2/‖𝜔‖, is called the classification
margin or interval. For linearly separable datasets, infinitely many such hyper-
planes exist (as in perceptron algorithms), but the hyperplane with maximum
geometric margin is unique. Larger margins between parallel hyperplanes result
in smaller total classifier error.

1.3 Data Acquisition and Processing

Land use type data were obtained from Landsat imagery downloaded from the
United States Geological Survey (USGS). Remote sensing interpretation pri-
marily utilized three systems: Landsat, Google Earth Engine (GEE), and Ge-
ographic Information System (ArcGIS). ArcGIS was used to select and create
training samples, while GEE performed image classification processing, includ-
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ing remote sensing spectral index calculation, image composition, and classifica-
tion using the SVM method. To fully compare changes before and after project
construction, the study used 2010 (reservoir operation commencement) as the
分界点, further delineating pre- and post-construction periods with study years
selected as 2000 and 2020 .

1.4 Accuracy Assessment Indices

To evaluate land cover classification results, confusion matrices were employed
to statistically compare predicted and actual results for each class, using overall
accuracy, producer accuracy, user accuracy, and Kappa coefficient as evaluation
metrics. Producer accuracy represents the probability that ground-truth refer-
ence data of a given class are correctly classified, while user accuracy indicates
the proportion of verification points classified as a particular category on the
classification map that are correctly classified.

The Kappa coefficient is calculated as follows:

𝑂𝐴 = 1
𝑁

𝑟
∑
𝑖=1

𝑥𝑖𝑖

𝐾𝑎𝑝𝑝𝑎 = 𝑝𝑜 − 𝑝𝑒
1 − 𝑝𝑒

where 𝑥𝑖𝑖 is the number of correctly classified samples, 𝑁 is the total number of
samples, 𝑝𝑜 is the sum of correctly classified samples for each category divided
by the total number of samples (i.e., overall classification accuracy), and 𝑝𝑒 is
the sum of the product of actual and predicted quantities for each class divided
by the square of the total number of samples.

2.1 Land Use Classification Accuracy Assessment

Overall accuracy and Kappa coefficient were used to evaluate classification ac-
curacy for land use in the study area for 2000 and 2020. For 2000, 89 sample
points were used for accuracy assessment [Figure 3: see original paper], with
80 correctly classified points, yielding an overall accuracy of 89.4% and Kappa
coefficient of 0.88. This accuracy is consistent with results from Han Wenting
et al. [22], indicating reliable classification results. Among different land use
types, forest land and construction land showed high classification accuracy,
while cultivated land had relatively lower accuracy and was easily confused
with grassland.

For 2020 classification, 86 sample points were used for accuracy assessment
[Figure 3: see original paper], with 81 correctly classified points, achieving an
overall accuracy of 94.2% and Kappa coefficient of 0.93, again confirming reliable
classification results. Water bodies, construction land, and unused land showed
high classification accuracy, while cultivated land producer accuracy remained
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relatively low and was easily confused with grassland. Combining accuracy
assessments for both years, 175 of 191 sample points were correctly classified,
with an average overall accuracy of 91.7% and average Kappa coefficient of 0.90
.

2.2 Land Use Type Change Characteristics Based on Support Vector
Machine

Building upon accuracy evaluation and analysis, this study utilized the GEE
platform to examine land use type evolution in the study area using Landsat
imagery, analyzing land use type changes from 2000 to 2020. Due to the imple-
mentation of the Three-North Shelterbelt Project and other initiatives, construc-
tion land and forest land areas showed substantial increases . Construction and
other construction land areas increased nearly fivefold, while forest land area
increased by nearly 23.7 km2 by the end of Phase II (2020) compared to 2000.

Averaging land use type areas before (2000) and after (2020) project construction
revealed that, except for grassland types, other land use categories did not
show large fluctuations [Figure 4: see original paper]. Notably, cultivated land
area did not increase substantially as might be expected, with its maximum
extent occurring in 2010 within 5% variation. Grassland, as the most important
land type in the study area, consistently maintained over 50% area proportion
throughout the study period. Medium-coverage grassland showed an increasing
trend, with more significant growth after reservoir construction, indicating an
objective improvement in ecological vegetation in the Chaganmuren River basin
where the Derisubaoleng Reservoir is located [Figure 5: see original paper].

2.3 Transfer Direction of Different Land Use Types Before and After
Water Storage Project Construction

To further clarify land use structure transfer directions before and after reser-
voir construction, this study employed a state transfer matrix model to analyze
spatial changes in land use types from 2000 to 2020 [Figure 6: see original pa-
per]. Analysis of spatial transfer results shows that nearly two-thirds of forest
land and construction land areas maintained their original state after project
construction. With reservoir development, water bodies and unused land expe-
rienced substantial transformations, with over 65% of water bodies converting
to other land use types. In the upstream area of the Derisubaoleng Reservoir
dam site, grassland rapidly transformed into reservoir water bodies after dam
construction, while downstream river channels narrowed, water area decreased,
and some areas converted to cultivated land and grassland.

Furthermore, the Three-North Shelterbelt ecological restoration project accel-
erated forest area expansion and grassland vegetation coverage improvement,
with more cultivated land and grassland converting to forest land. Low-coverage
grassland transformed into medium- and high-coverage grassland, with net in-
creases of 232.3 km2 and 64.9 km2, respectively . Among all land types, forest
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land showed the highest average annual increase rate at 23.2%, followed by con-
struction land at 10.8%. Water bodies and unused land decreased to varying
degrees, with average annual reductions not exceeding 3%. Although grassland
area decreased, aggregating high-, medium-, and low-coverage grassland areas
showed annual variation not exceeding 1%. Compared with Li Zhenzhen’s [25]
research on land use change dynamics in Northeast China, this study area shows
consistent conclusions: cultivated land, forest land, and construction land had
positive dynamic degrees, while grassland and water bodies had negative dy-
namic degrees. The study also analyzed temporal evolution of land use transfer
in Northeast China from 2000–2020, finding that the most intense and frequent
transfers occurred among cultivated land, forest land, and grassland, which
aligns with the results in .

3 Discussion

From 2000 to 2020, cultivated land, forest land, and construction land areas in
the study area showed increases of varying degrees, while grassland, water body,
and unused land areas decreased. Specifically, nearly two-thirds of forest land
and construction land maintained their original appearance, while water bod-
ies and unused land, influenced by water conservancy and urban construction
projects, transformed from original types to other types in over 65% of their
area. Additionally, the Three-North Shelterbelt Project and other initiatives
accelerated forest area expansion and grassland vegetation coverage improve-
ment, with net increases of 48.0% and 50.2% in transitions from low-coverage
grassland to medium- and high-coverage grassland, respectively.

The study also found that forest land area showed substantial increases from
2000–2020, with an average annual growth rate of 23.2%. This period coincides
with the second phase (Phase IV and V) of China’s Three-North Shelterbelt Sys-
tem Construction Project [27], aligning with construction priorities in Northeast
China’s western region within the shelterbelt system—namely, building farm-
land shelterbelts as the basic framework, combining multiple forest types and
tree species, integrating networks, belts, and patches with trees, shrubs, and
grasses, and creating a regional shelterbelt system that integrates agriculture,
forestry, and animal husbandry across connected counties. The land use change
monitoring results based on support vector machines can provide data support
for evaluating the construction effectiveness of the Three-North Shelterbelt Sys-
tem Construction Project.

4 Conclusions

This study conducted adaptive research on land use type interpretation based
on support vector machines, objectively examining dynamic land use changes
before and after water storage project construction, and further analyzing the
adaptive adjustment capacity and evolution direction of land use structures
using state transfer matrices. The main conclusions are as follows:
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(1) Leveraging its self-learning and self-adaptation advantages, this study per-
formed adaptive research on interpreting land use types before and after
Derisubaoleng Reservoir construction in the typical Chaganmuren River
basin. Through comparative analysis with sample data, 175 of 191 sample
points were correctly classified, with an average overall accuracy of 91.7%
and average Kappa coefficient of 0.90. Except for relatively low producer
accuracy for cultivated land, other land types such as water bodies and
forest land demonstrated high classification recognition capability.

(2) The GEE platform was used to examine land use type evolution pro-
cesses and differences before and after project construction. Over the past
20 years, influenced by the second phase of the Three-North Shelterbelt
Project (2001–2020), construction land and forest land areas increased sub-
stantially, with construction and other construction land areas increasing
nearly fivefold and forest land area increasing nearly five times compared
to the initial implementation stage in 2000.

(3) State transfer matrix model analysis of land use type spatial transfer direc-
tions before and after water storage project construction revealed that over
two-thirds of forest land and construction land areas maintained their origi-
nal state after project construction, while water bodies and unused land, af-
fected by water conservancy and urban construction projects, transformed
from original types to other types in over 65% of their area. The Three-
North Shelterbelt Project accelerated forest area expansion and grassland
vegetation coverage improvement, with net increases of 48.0% and 50.2%
in transitions from low-coverage grassland to medium- and high-coverage
grassland, respectively.
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