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Highlights

What are the main findings?

e Interpretable machine learning models identify the relative importance and spatial
patterns of environmental and anthropogenic factors affecting elevation change.

What are the implications of the main findings?

e  The transparent analytical framework supports land management and targeted imple-
mentation of erosion control measures on the Loess Plateau.

e  This approach bridges remote sensing analytics and geomorphological processes, fa-
cilitating large-scale environmental monitoring and sustainable erosion management.

Abstract

Understanding the effectiveness of engineering measures in mitigating surface erosion
is crucial for sustainable land management. However, studies explicitly quantifying the
combined effects of large-scale engineering measures and environmental factors remain
limited. In this study, multisource remote sensing data were integrated with interpretable
machine learning to quantify and analyze the regional influence of erosion control measures.
We constructed a comprehensive indicator system encompassing spectral, textural, and
topographic variables derived from high-resolution satellite imagery and DEM data. To
address model transparency and enhance the interpretability of the results, we employed
an interpretable machine learning framework capable of both accurate prediction and
explicit attribution of feature importance. The results indicate that the implementation
of engineering measures substantially reduces erosion intensity across the study area.
Spatial heterogeneity in erosion mitigation effectiveness was closely associated with the
distribution patterns of engineering measures and site-specific environmental conditions.
Basins with a high proportion of check dams showed average elevation gains of up to 2.5 m
compared with those without check dams, and terraces contributed to elevation increases
of ~1.9 m in typical loess hilly regions. The interpretable machine learning model achieved
R? = 0.62 at Basin 1 (average area ~100 km?) and R? = 0.73 at Basin 2 (~600 km?), demon-
strating reliable predictive capability. The findings not only validate the role of engineering
interventions in erosion mitigation but also provide a transparent analytical framework that
connects remote sensing analytics with process-based geomorphological understanding.
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1. Introduction

Earth’s surface is the main area for biological survival and human activities. Among
its components, surface soil forms the foundation of the Earth'’s critical zone and is a crucial
part of the ecosystem. Stable soil conditions are essential for agricultural production and
human habitation. However, global land degradation is often attributed to soil erosion [1,2],
which poses a major threat to environmental stability. Soil erosion caused by water runoff
has become one of the primary drivers of land degradation [2—4]. On the Loess Plateau,
extreme runoff erosion often occurs in the form of gully erosion, leading to severe soil and
water loss and threatening global ecological stability [5-7]. Additionally, runoff erosion re-
moves nutrient-rich topsoil, reducing crop yields and causing further land degradation [8].
Sediment-heavy water flow from erosion also poses significant ecological risks to down-
stream areas [9]. Research suggests that under various future scenarios, the risk of runoff
erosion could increase substantially. Without proper management and mitigation, land
degradation due to runoff erosion is expected to worsen [10]. The Sustainable Development
Goals also set specific targets for land stability, aiming to reduce both the direct and indirect
risks associated with land degradation [11].

Soil and water conservation refers to a series of measures aimed at protecting land
by reducing soil erosion and conserving water [12,13]. Over the past few decades, various
conservation practices have been developed. Among them, engineering measures (EMs) or
mechanical measures are particularly effective. EMs involve the construction of various
structures or projects that alter local terrain conditions to adjust the soil-water—terrain
relationship, thereby controlling runoff and soil erosion, especially gully erosion [13-15].
Terraces and check dams are typical examples of such engineering measures [16-19]. They
address erosion caused by concentrated runoff by reducing slope gradients and reinforcing
gully floors. One of the key reasons terraces and check dams have become the most
widely used soil erosion control measures worldwide is their ability to support agricultural
production. These structures provide leveled land, ensuring a stable supply of nutrients
and water for farming. They play a significant role in promoting agricultural sustainability
and enhancing the economic well-being of society.

Exploring the performance and efficiency of engineering measures is a key research
focus in soil and water conservation efforts. Traditional methods typically rely on field
data collection [19]. In field experiments, corresponding test sites are usually established,
and on-site observations are conducted to determine the efficiency of both individual
and collective engineering measures. Hydrological monitoring stations provide a wealth
of measured data, including sediment content, flow velocity, and other parameters [20].
This type of data is often highly accurate point data collected at high temporal resolution,
facilitating the analysis of continuous time periods. In recent years, the development
of Earth observation systems has provided researchers with abundant remote sensing
data [21]. Surface erosion is closely linked to changes in surface elevation, and satellite
data, particularly digital elevation models (DEMs), can aid in the analysis of elevation
changes. The increasing accuracy of topographic data generated by remote sensing now
supports detailed research on terrain changes, which provides an opportunity to evaluate
the performance of engineering measures in soil and water conservation on a regional
scale. However, differences in elevation between periods reflected in the DEMs may
result from multiple factors, such as surface erosion, land cover changes, and differences
in the reference baselines of the datasets. Therefore, to effectively assess the impacts of
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engineering measures using remote sensing data, comprehensively accounting for various
environmental factors is essential.

We must highlight that although previous studies have analyzed the performance of
engineering measures, several issues still need to be addressed. First, owing to limitations
in foundational data, limited research has been conducted on a regional scale. Site-based
measured data are characterized by spatial discontinuity and sparsity. While these data are
highly accurate at specific measurement locations, they are inadequate for analyzing the
performance of engineering measures across large areas. Furthermore, it is important to
note that differences in geographical environments can significantly influence the outcomes
of such measures. Uncovering these patterns requires macro-level exploration, at least on
a regional scale. Climate conditions, topography, and geology influence the effectiveness
of soil and water conservation measures. Considering the geographical variability and
fundamental characteristics of site data, extending current analytical frameworks to broader-
scale studies remains challenging. Finally, different engineering measures within the same
region may produce cumulative effects, leading to outcomes that differ from those derived
from the analysis of individual measures. Research on this phenomenon requires combined
analyses of individual measures with geographic units to explore the synergistic effects of
engineering interventions.

In this study, we utilized various types of data obtained mainly from remote sens-
ing satellites to analyze the influence of check dams and terraces on surface erosion in
the Loess Plateau region of China. In total, the study considered 50,226 check dams and
125,000 square kilometers of terraces within the research area. The analysis was conducted
using Copernicus DEM (COP30) and Shuttle Radar Topography Mission (SRTM) DEMs
after the vertical datum was unified. Considering the data resolution, the basin was taken
as the basic unit in this study, and the elevation changes within the basin were used to
represent surface erosion intensity. Moreover, we examined elevation changes at different
scales and their relationships with the distribution of engineering measures. This study
also explored the performance differences in these measures under varying precipitation
and ecological conditions. Furthermore, interpretable machine learning (IML) models were
employed to quantify the relationships between engineering measures, climate factors,
geological factors, ecological conditions, human activities, and surface elevation changes.
This research contributes to understanding the effectiveness of engineering measures in
mitigating hydraulic erosion on a regional scale from a satellite data view. It is important
to note that the relationships analyzed in this study are correlations rather than definitive
causal links. Establishing causality is inherently difficult because the DEM datasets have
limited temporal resolution, the construction time of engineering measures varies across
the study area, and natural and anthropogenic processes are deeply intertwined. There-
fore, while our framework identifies significant associations, it cannot unambiguously
disentangle cause—effect mechanisms.

2. Materials and Methods
2.1. Data
(1) Terrain data

To investigate surface elevation changes, we utilized two DEMs acquired at different
times: the Shuttle Radar Topography Mission (SRTM) and the Copernicus Digital Elevation
Model with a 30 m resolution (COP30). The SRTM provides elevation data between 60° N
and 56° S, captured by the synthetic aperture radar system onboard the space shuttle. The
base data were collected in 2000, and SRTM has been validated and widely used across
numerous research fields [22]. COP30 [23], provided by the European Union’s Copernicus
Programme, is a global DEM dataset with no latitudinal limitations and a 30 m spatial
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resolution. The base data for generating COP30 were collected after 2010, making it one of
the most up-to-date large-scale DEMs available. Although several corrected DEMs derived
from SRTM have been developed (e.g., the hydrologically conditioned MERIT DEM)), these
products are post-processed and may modify certain original elevation signals during the
correction process, making them less suitable for temporal differencing with COP30. In
contrast, SRTM and COP30 represent two independent datasets collected more than ten
years apart, providing a clearer temporal contrast that is more appropriate for analyzing
long-term elevation changes.

(2) Engineering measurement data

The terracing data were sourced from the study by Cao et al. [24], who extracted time
series spectral and topographic features from Landsat 8 imagery and SRTM DEMs. Using a
random forest classifier, they categorized cultivated land from the global land cover dataset
Globeland30 into terraced land and nonterraced land. This resulted in the creation of the
first 30 m resolution terracing map covering all of China. The accuracy of the map was
evaluated using a large number of test samples. The check dam data were derived from
the study by Zeng et al. [25], who conducted an in-depth investigation and analysis of the
key characteristics of check dams. They obtained Google Earth imagery with a resolution
of 0.3 to 1.0 m from the optimal period and used an object-based classification method to
produce a vectorized dataset of check dams on the Loess Plateau.

(3) Basin data

The HydroBASINS [26] dataset is a vector layer of subbasin boundaries on a global
scale. This product provides a hierarchical and nested subbasin dataset, covering various
basin area scales, and serves as a high-quality, standardized global basin delineation
resource. For this study, we selected level 8 and level 12 basin data, where the average
areas of individual basins are approximately 100 km? and 600 km?, respectively. Multiscale
research allowed us to analyze the impact of engineering measures at different spatial scales.
In this paper, we refer to the level 8 and level 12 data as Basin 1 and Basin 2, respectively.
These two levels were selected because they strike a balance between local detail and
regional coverage. Level 8 basins provide sufficient resolution to capture the spatial
variability of engineering measures, while level 12 basins are suitable for examining broader-
scale erosion patterns and cumulative effects. The nested structure of HydroBASINS also
facilitates consistent multi-scale comparison, making levels 8 and 12 an appropriate choice
for this study.

(4) Environmental data

Changes in surface elevation at the basin scale are influenced not only by engineering
measures but also by other environmental factors. We collected relevant environmental
data as described below.

Geological Data: Rock properties form the foundation for surface changes. Lithology
describes the geochemical, mineralogical, and physical characteristics of rocks, which play
a significant role in basin evolution. Unconsolidated sediments are also important for
many Earth surface processes. Therefore, in this study, we utilized two types of geological
data: the global lithological map (GLiM) [27] and the global unconsolidated sediment map
(GUM) [28].

Geomorphological Data: Landforms are the result of Earth’s dynamic processes and
also influence subsequent surface processes. This study utilized the geomorphological
data published by Iwahashi and Yamazaki [29], which includes a comprehensive range of
landform types and offers high accuracy.

Climatic Data: Climatic factors typically include multiple variables, such as precip-
itation and temperature. Among these, precipitation is a key factor in surface erosion
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and is theoretically closely related to topographic changes in the Loess Plateau region.
The precipitation data used in this study consisted of annual precipitation records for
China from 1982 to 2002 [11]. In addition, to estimate the complex relationships between
various climate factors, we used Képpen climate classification data [30], which provides a
comprehensive climate assessment based on a combination of environmental factors.

Soil Data: The surface of the Loess Plateau is covered by large areas of soil particles,
and the properties and types of soil significantly influence surface erosion. In this study,
we incorporated the Harmonized World Soil Database version 2.0 (HWSD v2.0) [31]. This
dataset, developed by the Food and Agriculture Organization of the United Nations,
provides detailed information on the morphological, chemical, and physical properties of
soils at approximately 1 km resolution. We extracted key content data such as sand, silt,
clay, and organic carbon, all of which play crucial roles in soil erosion, and calculated the
relevant factors for analysis.

Surface Information: Land cover, particularly vegetation cover, has a noticeable effect
on surface erosion on the Loess Plateau. Therefore, we incorporated forest canopy height
data [32] to reflect surface vegetation conditions. Additionally, land use, which is dominated
by anthropogenic activities, also influences surface erosion. We used land use data [33]
to capture this influence. Like climate information, factors related to land cover are often
interrelated in complex ways. To capture the comprehensive influence of surface factors,
we introduced ecological zoning data for the Loess Plateau [34]. This dataset divides the
region into zones on the basis of natural conditions, soil and water conservation techniques,
and ecological restoration efforts tailored to each area’s characteristics.

2.2. Study Area

The Loess Plateau (Figure 1) is the largest and most concentrated loess deposit region
in the world [35]. In addition to a few rocky mountains, the area is extensively covered by
thick layers of loess, generally ranging from 100 to 200 m in depth. The loess on the surface
is loosely textured and permeable. Coupled with the plateau’s continental monsoon climate—
which is characterized by significant annual temperature fluctuations and concentrated,
intense rainfall during the summer—this makes the loess layers highly susceptible to runoff
erosion. Geological studies indicate that significant tectonic movements (e.g., faulting
and uplift) on the Loess Plateau mainly occurred during the early Cenozoic (Tertiary).
For instance, the late Pliocene uplift of the Ordos Block triggered strong river incision
and the development of piedmont gullies. During the Quaternary, powerful East Asian
monsoons transported large amounts of clastic material, leading to the accumulation of
thick aeolian loess deposits. Under semi-arid climatic conditions, these deposits have since
been continuously reshaped by fluvial and aeolian processes, producing the characteristic
landforms of loess tablelands, ridges, and hills. At the present stage, no significant tectonic
activity is observed in this region, and the surface morphology is predominantly controlled
by exogenic processes such as weathering and water erosion. Vegetation cover in the Loess
Plateau is generally sparse due to long-term soil erosion and water scarcity. Grasslands
are widely distributed, but the grasses are typically short, usually less than 0.5 m in
height, which reduces their influence on surface elevation measurements at 30 m resolution.
In contrast, patches of protected forests are mainly found in the southern and central
parts of the Plateau. While these forests may contribute to localized vertical offsets, their
areal extent is limited relative to the overall study region. Owing to the influence of
natural conditions and anthropogenic activities, the Loess Plateau experiences some of
the most severe soil and water erosion issues in China and globally. It is also a major
source of sediment for the Yellow River. The area affected by soil and water loss on the
Loess Plateau reaches 454,000 km?2, with water erosion alone accounting for 337,000 km?.
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Severe erosion not only leads to environmental degradation but also threatens sustainable
development in terms of the economy, agriculture, and society. To effectively address
soil and water erosion and improve the ecological environment, relevant departments at
all levels have implemented extensive soil and water conservation efforts on the Loess
Plateau. Among these, terrace and check dams are the primary conservation engineering
measures [36]. These interventions have played a significant role in mitigating soil erosion,
controlling the rate of land degradation, and improving the overall ecological conditions of
the Loess Plateau.
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Figure 1. Location and topography of the Loess Plateau.

2.3. Method

In this study, we developed an integrated methodological framework (Figure 2) to
quantify the impacts of engineering measures on surface erosion across the Loess Plateau.
First, multi-source datasets were compiled, including DEMs, detailed engineering measure
inventories, basin boundaries, and environmental covariates such as climate, geology, soils,
land cover, and ecological zoning. Then, a random forest (RF) model was constructed
to explore the relationships between engineering measures, environmental factors, and
elevation change, with Shapley additive explanations (SHAP) applied to interpret feature
contributions and enhance model transparency.
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Figure 2. Flowchart of the proposed method.
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2.3.1. Data Preprocessing

1.  Vertical datum transformation

A flowchart of the proposed method is shown in Figure 2. The vertical datum sig-
nificantly influences the elevation values stored in the DEMs. In extreme cases, elevation
values from the same dataset can differ by several tens of meters depending on the vertical
datum used. Therefore, when surface elevation changes are being calculated, unification
of the vertical datum is crucial. In this study, the vertical datum for SRTM was EGM96,
whereas that for COP30 was EGM2008. Previous research has shown that EGM2008 offers
higher accuracy [37,38]. Consequently, we converted the vertical data of both DEMs to
EGM2008. After the conversion, we applied bilinear interpolation to resample the SRTM
data with 90 m resolution to data with 30 m resolution. The processed SRTM data were then
subtracted from the COP30 data. The resulting difference represents the surface elevation
change between the SRTM acquisition in February 2000 and the 2011-2015 acquisition
period of the COP30 dataset, capturing approximately 15 years of topographic change.

2. Determination of basin units

A basin is widely recognized as a fundamental analysis unit in geomorphological and
hydrological studies because it delineates natural drainage boundaries and slope systems,
even in areas without higher-order streams. Erosion within a basin is a geomorphological
process that is spatially continuous and may be driven by multiple agents, including
hydraulic erosion, wind erosion, and mass movements such as landslides. In the context of
this study, we focus primarily on water-driven erosion processes, where sediment-laden
flow from slopes and upstream areas converges and exits through the basin outlet, but
acknowledge that other exogenic processes may also contribute to elevation change. On a
basin scale, if soil loss in one area is deposited elsewhere within the basin, the soil and water
conditions within the basin are considered to be in balance. This balance results in minimal
mean elevation change within the basin and prevents significant downstream impacts on
other basins. Given that current regional-scale topographic data typically have a resolution
of 30 m, using a basin as the basic research unit allows for more effective data utilization
and avoids inappropriate feature extraction. Therefore, this study conducted an analysis
based on basin units. Owing to the varying basin scales, the effects of engineering measures
may differ accordingly. Analyzing surface changes at different basin scales helps identify
relatively stable patterns in the performance of these measures. Thus, in this study, level 8
and level 12 from the HydroBasins dataset were selected as the research units, referred to
as Basin 1 and Basin 2, respectively. In the Loess Plateau region, the average basin areas of
Basin 1 and Basin 2 are 100 km? and 600 km?, respectively.

On the basis of the above, we defined the mean elevation change of basins (MECB),
which reflects the overall elevation change within the basin and serves as an indicator
of soil and water loss. This metric was defined as the average of all elevation changes
within a basin. A positive value indicates an increase in average elevation (reflecting a
gain in material), and a negative number indicates a net decrease in elevation (reflecting a
loss of material). This indicator was used in the subsequent analysis and modeling of the
relationship between engineering measures and erosion.

3. Factor calculation

In addition to the MECB, we computed 25 feature factors (Table 1) on the basis of
topographic data, basin data, environmental data, and engineering measures. These factors
were selected to capture the multidimensional relationships between different variables
and the effectiveness of soil and water conservation measures.
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Table 1. Environmental factors related to surface erosion.

Data Type

Dataset

Factors

Terrain data

COP30 [23] and SRTM DEM [22]

SRTM DEM [22]

MECB
Mean LS factor in the Universal
Soil Loss Equation (USLE) [39]

Variation in check dam volume
Sum of check dam volume

Check dam [25] Number of check dams
Engineering measure data Area proportion of check dams
in basins
Terrace [24] Area Proportlon of terraces
in basins
Basin data HydroBASINS L8 and W-L ratio
L12[29] Basin area
Global Lithological Map &aar}gi}ii?}f\éllzhc;lcc;%ltcaletglpes
(GLiM) [27] in l;asins ® P
Geological data Variety of unconsolidated

Global Unconsolidated Sediment

Map (GUM) [28]

sediment types
Major unconsolidated sediment
type in basins

Climatic data

Precipitation [40]

Koppen climate type [30]

Mean precipitation in 1982-2022
Mean R factor

Major climate types

in basins

Variety of landform types

Geomorphological data Landform type [29] Major landform types
in basins
Mean sand content
Mean silt content

Soil data HWSD 2.0 [31] Mean clay content

Mean organ carbon content
Mean K factor in USLE [39]

Surface information

forest canopy height [32]

Land use data [33]
Ecological type [34]

Mean forest height

Mean P factor in USLE [39]
Major ecological types

in basins

2.3.2. Analysis of EM Shapes and Spatial Distribution

To illustrate the characteristics of check dams and terraces, we developed a feature
set that quantifies the shapes and spatial distribution of these engineering measures. The

descriptions and calculation methods for these indices are shown in Table 2.

Table 2. Metrics for characterizing engineering shapes and spatial distribution.

Type Name Formula Description
PARA = 7L : .
Perimeter-Area Ratio (PARA) Ajj PARA is a commonly used metric for
p; ind'icat'es the unit perimeter; Aj quantifying shape complexity.
indicates the unit area.
Sl is the most basic measure for assessing patch
_ 025+Py shape complexity, addressing numerical scaling
VA issues inherent in perimeter-to-area ratios by
Shape Index (ST) Pjj indicates the unit perimeter; A;; normalization against a square standard. The
indicates the unit area. patch shape is square when SI equals 1; the SI
increases as shape complexity rises.
Shape indices The FRAC is one of the most commonly

Fractal Dimension Index (FRAC)

24n(025+P ;)

. ()

P;j indicates the unit perimeter; A;;
indicates the unit area.

FRAC =

employed metrics, reflecting the complexity of
shapes across a range of spatial scales and
overcoming the issue of nonnormalized values
inherent in perimeter-to-area ratios. For shapes
with extremely simple perimeters, the FRAC
approaches 1, whereas for those with highly
convoluted, plane-filling perimeters, the FRAC
approaches 2. A larger FRAC indicates higher
patch complexity.
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Table 2. Cont.

Type Name Formula Description
PP (x—T) (1T The Global Moran’s I index is used to
iz1j=1 / determine whether a spatial phenomenon exhibits
=550 x represents . 2 spata’p .
8 e 2 spatial autocorrelation within a region. Its value
iz1j=1 iz ranges from —1 to 1. Positive values indicate
the attribute value of the j-th basin; ¥ positive spatial autocorrelation, meaning that
denotes the average attribute value similar attribute values are clustered in space.
Global Moran’s I P

Spatial distribution
indices

Local Moran’s I

across all basins; wj represents the
spatial weight matrix between basins,
where each element defines the spatial
relationship or interaction; s is the sum of
all elements in the spatial weight matrix;
n represents the total number of basins.

x;—%) & —
I = (’b—z Y wii(xj — %) x
j=1

where the notations are the same as for
Global Moran’s I

Negative values indicate negative spatial
autocorrelation, implying that neighboring
locations tend to have dissimilar values. Values
close to 0 suggest the absence of spatial
autocorrelation, meaning the spatial distribution of
the data is random.

The Local Moran’s I is an extension of the
Global Moran'’s I, allowing for the identification of
statistically significant hotspots, cold spots, and
spatial outliers. By conducting spatial clustering
using the Local Moran'’s I, a Local Indicators of
Spatial Association (LISA) cluster map can be
generated. This map categorizes spatial clustering
into five types: high-high (H-H), high-low (H-L),

low-high (L-H), low-low (L-L), and nonsignificant
clusters. Utilizing the Local Moran’s I, we can
effectively display the spatial distribution of the
study objects.

2.3.3. Quantifying Elevation Changes Under the Impact of EMs

In basin-based analysis, we need to consider both the area of EMs and the relative
relationship between the EMs and the scale of the basin. The latter has a more pronounced
effect on soil and water conservation in basins. Therefore, in this section, we use the
proportion of the EM area within each basin as the primary criterion for classification. The
calculation of the EM proportion (EMP) is as follows:

Y Area;

EMP; =
' Areaba sin

1)
i represents the type of EM (e.g., check dams and terraces). In this section, we use the MECB
of all locations within each basin as the quantitative indicator for assessing the elevation
changes in the basin. Using the two-level basins as the fundamental units, we employed a
zonal statistical approach to discuss the elevation changes under varying precipitation and
ecological conditions.

2.3.4. Determining the Factors Influencing Elevation Changes

Changes in surface elevation at the basin scale are influenced by both environmental
factors and EM attributes. We introduce IML to analyze the driving forces of various factors.
IML goes beyond conventional machine learning by not only making predictions but also
seeking to elucidate the reasoning behind those predictions [41,42]. It has been widely
applied in the geosciences, particularly for predictive modeling [43,44]. The specific steps
are as follows. (1) Data Preparation: We established a dataset containing both environmental
and EM factors. The sources of these foundational data have been previously discussed.
The EM factors include the area of check dams and terraces, the proportion of area occupied
by check dams and terraces, the total volume of check dams within each basin, the total
number of check dams, and the diversity of check dam grades. The areas of check dams and
terraces and the volume of check dams were directly obtained from the dataset, while the
proportions of check dam and terrace areas were calculated using the EMP. Furthermore,
check dams have different grades, and the combination of these grades plays a varied
role in controlling soil and water loss [36]. We calculated the variation in the volume of
check dams within each basin as an indicator of the diversity of check dam grades. All the
factors were stored in the attribute tables of the shapefiles for Basins 1 and 2. (2) Prediction
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Model Construction: We constructed an RF model to explore the relationships between
environmental and EM factors and elevation changes at the basin scale. We selected the
RF model for this study because it is well suited to capture nonlinear relationships and
complex interactions among diverse environmental and engineering variables. Compared
with linear models or single-decision-tree approaches, RF offers higher robustness to noise
and multicollinearity, and performs reliably with mixed data types and large feature sets.
The fitting and training of the RF model was conducted exclusively on basins where soil
and water conservation projects exist. (3) Interpretable Value Calculation: After model
training, we calculated the SHAP value [45] to reflect the impact intensity and influence
pattern of each factor. The SHAP value is a common metric in IML and provides detailed
insight into each feature’s contribution to instance-level model predictions [46], which can
be further aggregated to provide a global perspective of the dataset. This combination
ensures that the model achieves high predictive accuracy while also yielding transparent
and consistent explanations, making it particularly appropriate for geomorphological
applications where both accuracy and interpretability are crucial [47]. SHAP values were
calculated using the TreeSHAP algorithm, which provides consistent and locally accurate
feature attributions for tree-based ensemble models. The method estimates the marginal
contribution of each predictor by averaging its impact across all possible feature coalitions,
thereby assigning a fair contribution score to each feature. In this study, SHAP values
were first computed at the instance level for each basin and then aggregated to obtain
global importance rankings of predictors. These values enabled us not only to identify the
most influential environmental and engineering factors but also to interpret the direction
(positive or negative) and intensity of their impacts on elevation change.

3. Results
3.1. Characteristics of Engineering Measures

The shape characteristics of the EMs are shown in Figure 3. Overall, the shape
indicators of the check dams more closely resemble a normal distribution, indicating higher
homogeneity than that of the terraces. The PARA of check dams is significantly greater
than that of terraces, which suggests that terraces tend to have longer boundaries at similar
scales. However, this does not necessarily imply that the shape of terraces is more complex.
The SI, which addresses the numerical scaling issues of the PARA, reveals that check dams
have greater overall shape complexity, although terraces exhibit greater variability in shape
and are prone to extreme values, as shown in Figure 3e. Additionally, the FRAC value for
check dams is significantly greater than that for terraces. Check dams are typically located
in valley bottom areas and are constrained by the surrounding slopes. Owing to the effects
of hydraulic erosion, the valleys in the Loess Plateau often exhibit distinct fractal patterns,
which may explain the similar fractal characteristics observed in the check dams.
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Figure 3. Characteristics of engineering measures of check dams and terraces, respectively:
(a,d) PARA; (b,e) SI; (c,f) FRAC.
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The spatial distribution characteristics of check dams and terraces are shown in
Figure 4. Overall, at both scales of analysis, check dams and terraces exhibit significant
clustering patterns. Check dams are concentrated in the central region and the left bank of
the Yellow River, which is the core area of the hilly and gully region. This area features fa-
vorable conditions for gully development, including thick loess deposits, steep underlying
topography, and high precipitation. The terraces show two distinct clusters of distribu-
tion, located in the central and southwestern parts of the Loess Plateau. As previously
mentioned, the central region of the Loess Plateau is a key area for hydraulic erosion, and
the construction of terraces serves as a method to mitigate the effects of this erosion. The
southwestern region has a large population, and the terraces provide additional arable
land, which is beneficial for food production.

100°E 104°E 108°F 112°F 100°F 104°F 108°F 112°F

High-High clusfer

>z

Not significant

38°N
38°N
38N
I8N

Z| 0 150  300KM ziZ|| 0 150 300KM z
3 { @iz { z
100°E 104°F 108°E 112°F 100°E 104°E 108°E 112°F
Global Moran’s Index Z score Variance Global Moran’s Index Z score Variance
0.7676 35.5241 0.0005 0.7882 77.5786 0.0001
100° 104°F 108°F 120 100 104°E 108° 12°
i
High-High cluster | N : High-High cluster N
i
B High-Low outlicr A . EE High-Low outlier A
B Low-High outlier : B Low-High outlier
Low-Low cluster : Low-Low cluster
Not significant : Not significant
i
i
2 z\z z
= e S
3 3
i
i
i
i
i
'
i
i
i
i
i
7z 0 150 300 KM z\| 7z 0 150 300 KM Z
S i ~ © {5 5h i @
i ! ' i !
100°E 104°F 108°F 112°F 1 100° 104°F 108°E 112°F
|
Global Moran’s Index Z score Variance i Global Moran’s Index Z score Variance
i
0.7676 35.5241 0.0005 : 0.8575 84.1019 0.0001

Figure 4. Spatial distribution characteristics of check dams and terraces. (a,c) Basin 1-based spatial
clusters on the basis of local Moran’s I values of check dams and terraces, respectively. (b,d) Basin
2-based spatial clusters on the basis of local Moran’s I values for check dams and terraces, respectively.

3.2. Influence of Engineering Measures on Elevation Changes

To assess whether the elevation changes obtained from the SRTM and Copernicus
DEMs were influenced by systematic biases, we conducted an independent validation
using ground-based datasets from four representative catchments on the Loess Plateau
(Suide, Ansai, Changwu, and Wangmaogou). The first-period data for all four sites were
produced by professional surveying departments in 2002, while the second-period data
were obtained through UAV photogrammetry and field measurement conducted in 2020
(Suide and Wangmaogou), 2021 (Ansai), and 2023 (Changwu). Although these datasets do
not perfectly match the acquisition years of the SRTM (2000) and COP30 (2011-2015), their
time spans broadly overlap with the two global DEMs, providing a reasonable basis for
validation. All UAV-derived DEMs were resampled to 30 m resolution to ensure consistency
with the spatial resolution of the global DEMs. Following the same workflow as in the
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main analysis, we calculated the mean elevation change within each basin. The results
show that while the absolute magnitude of elevation change differs by more than 10%
in some cases, the overall trends are consistent in terms of both the direction (positive or
negative change) and the spatial distribution of erosion versus deposition. The largest
discrepancy was found in the Changwu catchment, which experienced substantial human
disturbances after 2020, leading to localized changes not captured in the Copernicus DEM.
These validation results suggest that the elevation changes observed in our analysis are not
artifacts of DEM biases but instead reflect real geomorphic processes at the basin scale. As
shown in Figure 5, the spatial distribution characteristics of the influence of check dams and
terraces on elevation changes at different analytical scales are quite similar. In both Basin 1
and Basin 2, the central region of the Loess Plateau exhibits a high-high clustering pattern.
From the box plots, we observe that an increase in check dam proportion is accompanied
by a positive elevation change, indicating an increase in the average elevation within the
basin. At both analytical scales, when the check dam proportion changed from type 1 to
type 2, the MECB increased by approximately 200%. This suggests a potential threshold
effect where check dams significantly influence elevation changes. However, the results for
terraces are not consistent with those observed for check dams. Overall, when the terrace
proportion ranges from 0.1 to 0.8, there is a noticeable positive elevation effect, contributing
to a height increase of approximately 10% to 50%. However, when the proportion of terraces
continues to increase beyond this range, a negative elevation change occurs, indicating a
decrease in the mean basin elevation. In terms of the spatial distribution, this negative trend
is primarily observed in the southwestern region, where a low-high clustering pattern
is formed.
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Figure 5. The elevation changes and the proportion of engineering measures at the basin scale.
(a,e) Basin 1 results for check dams and terraces, respectively; (b,f) Elevation changes in areas with
different proportions of check dams and terraces in Basin 1; (c,g) Basin 2 results for check dams and
terraces, respectively; (d,h) Elevation changes in areas with different proportions of check dams and
terraces in Basin 2.

In addition, we analyzed the proportions of positive and negative elevation changes
within each basin. As shown in Figure 6, we calculated the ratio of positive elevation
changes within basins and visualized the spatial distribution of this indicator. A higher
value indicates that a greater proportion of the basin area experienced elevation gain. The
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results from both basins exhibited strong consistency. Overall, the proportions of positive
and negative elevation changes within basins displayed a clear spatial clustering pattern.
Regions dominated by positive elevation change (i.e., a positive elevation change ratio
greater than 0.5) are mainly found in the eastern part of the study area, along the lower
reaches of the Yellow River. In these regions, the basins are generally located downstream,
where the density of check dams is also relatively high. This spatial overlap suggests
that engineering measures (EMs) such as check dams can effectively reduce elevation
loss across multiple locations within a basin. Notably, check dams often create large new
depositional areas, resulting in a net increase in elevation. However, in the northwestern
part of the plateau, where EMs are also relatively concentrated, the proportions of positive
and negative elevation changes tend to be more balanced. This may be because these basins
are located in the upper and middle reaches of the Yellow River, where lower-order streams
are less developed and EMs are less effective compared to the downstream regions. In
contrast, regions dominated by negative elevation change (i.e., a positive elevation change
ratio less than 0.5) are mainly distributed in the northwest, which also corresponds to areas
with the lowest density of engineering measures. The spatial distribution of these two
patterns shows a strong correlation.
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Figure 6. The ratio of the positive elevation change. (a,b) Results in Basin 1 and 2.

3.2.1. Role of Engineering Measures Under Different Precipitation Conditions

Typically, an increase in precipitation leads to intensified surface erosion, resulting in
a negative change in average elevation within basins. However, as shown in Figure 7b,c,
we observed that regions 3, 4, 5, and 6, which experience greater precipitation, exhibit
positive changes in the MECB. Region 6 is located on the southern Loess Plateau, where
urban areas and mountains with only minimal loess cover exist. Despite high rainfall, this
region does not exhibit significant decreases in elevation. The changes in regions 3, 4, and
5 highlight the mitigating effects of EMs on surface erosion. From the detailed box plots
(Figure 7d3-d5), it is clear that regions 3, 4, and 5 contain a large number of soil and water
conservation measures, and within these areas, as EMP increases, the MECB increases,
transforming the basin into a depositional mode. As detailed in Figure 7d1-e7, the MECB
tends to increase in both Basins 1 and 2 as the check dam proportion increases. In areas
with check dams, the average elevation gain compared with regions without check dams
can reach 2.5 m. This finding indicates that in basins with a high proportion of check dams,
eroded soil does not leave the basin but accumulates in certain areas, and this accumulation
is strongly correlated with the proportion of check dam coverage. However, the influence
of terraces is more complex. In both Basins 1 and 2, as the proportion of terraced areas
increases, the MECB fluctuates. In areas with lower precipitation (Regions 1-3), terrace
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proportion is positively correlated with elevation change. In Regions 5 and 6, compared
with Region 1, the mean MECB increased by approximately 2 m. In Regions 4-6, the effect

of terraces in mitigating elevation reduction was less pronounced.
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Figure 7. Changes in the mean elevation of basins in regions with different levels of precipitation
influenced by EMs. (a) shows the results of the precipitation partition. (b,c) show the overall elevation
changes at the scale of Basins 1 and 2, respectively. (d1-e6) are the results of elevation changes influ-
enced by the check dam proportion at the scale of Basins 1 and 2, respectively. (f1-g6) are the results
of elevation changes influenced by terrace proportion at the scale of Basins 1 and 2, respectively. In
(b,c), classes 1 to 7 of the x-axis represent the seven regions in a, respectively. For Figures
(d1-e7), the x-axis values from 0 to 7 represent check dam proportion values of 0, 0-0.01, 0.01-
0.02, 0.02-0.03, 0.03-0.04, 0.04-0.05, and 0.05-0.06, respectively. Similarly, for Figures (f1-g6), the
x-axis values from 0 to 10 represent terrace proportion values of 0, 0-0.1, 0.1-0.2, 0.2-0.3, 0.3-0.4,
0.4-0.5, 0.5-0.6, 0.6-0.7, 0.7-0.8, 0.8-0.9, and greater than 0.9, respectively. The dashed lines in Figures
(d1-g6) represent the average values under different conditions.

3.2.2. Roles of Engineering Measures Under Different Ecological Conditions

In different ecological regions, varying influences of the EMs on elevation changes can
be observed. In Al and A2 (ecological regions 1 and 2), the relationship between elevation
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change and the EMP is unstable, with the mean trendline fluctuating. However, in Bl
and B2 (ecological regions 3 and 4), which are the most typical loess hilly regions, the
influence of EMs on increasing elevation is more evident. Specifically, in Region 4 (B2 in
Figure 8), at the Basin 2 scale, areas with check dams and terraces showed MECB increases
of approximately 2.2 m and 1.9 m, respectively, compared with regions without EMs. In
contrast, in ecological regions 5 and 6, the relationship between EMs and elevation change
is negative, a phenomenon similar to the results of the precipitation analysis.
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Figure 8. Changes in the mean elevation of basins in regions with different ecological conditions
influenced by EMs. (a) is the result of ecological partitioning. (b,c) show the overall elevation changes
at the scale of Basins 1 and 2, respectively. (d1-e6) are the results of elevation changes influenced
by the check dam proportion at the scale of Basins 1 and 2, respectively. (f1-g6) are the results of
elevation changes influenced by terrace proportion at the scale of Basins 1 and 2, respectively. In
(b,c), labels 1-6 of the x-axis represent A1, A2, B1, B2, C and D, respectively. For Figures (d1-e7), the
x-axis values from 0 to 7 represent check dam proportion values of 0, 0-0.01, 0.01-0.02, 0.02-0.03,
0.03-0.04, 0.04-0.05, and 0.05-0.06, respectively. Similarly, for Figures (f1-g6), the x-axis values from 0
to 10 represent terrace proportion values of 0, 0-0.1, 0.1-0.2, 0.2-0.3, 0.3-0.4, 0.4-0.5, 0.5-0.6, 0.6-0.7,
0.7-0.8, 0.8-0.9, and greater than 0.9, respectively. The dashed lines in Figures (d1-g6) represent the
average values under different conditions.
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3.3. Driving Factors of Elevation Changes

The results are presented as normalized values. As shown in Figure 9, the R-square
values for the model reached 0.62 and 0.73 at the Basin 1 and Basin 2 scales, respectively.
Considering the complexity of the relationship between surface change and environmental
influences, we believe that the results at both scales are reliable.
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Figure 9. Comparison of predicted results and reference data. (a,b) Results at the scale of Basin 1 and

Basin 2, respectively.

The importance of the top 20 factors in Basins 1 and 2 is shown in Figure 10a,b,
respectively. At the Basin 1 scale, forest canopy height emerged as the top predictor,
highlighting the substantial role of afforestation projects on the Loess Plateau. Taller forests
enhance rainfall interception, reduce the kinetic energy of raindrops, and strengthen root
cohesion, thereby mitigating surface erosion. At the same time, seasonal differences in
canopy density may lead to variations in DEM elevation retrieval, partially amplifying the
importance of this factor. Other natural factors also played important roles. The rainfall
erosivity factor (R) and soil erodibility factor (K) consistently contributed to elevation
change predictions, confirming their expected roles in driving hydraulic erosion. Lithology
and landform types influenced the spatial heterogeneity of erosion responses, as basins
underlain by loose sediments or steep terrain were more sensitive to erosion processes.
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Figure 10. SHAP-based feature importance analysis. (a,b) Influence patterns and importance of
different factors at the Basin 1 and Basin 2 scales. The black boxes highlight the number and proportion
of check dams with significant changes in importance. The arrows indicate that the ranking of these
two factors changes with the variation in watershed scale. (¢,d) Importance of different factors under

varying elevation change conditions.
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Check dam indicators, particularly the diversity of check dam volumes, were ranked
highly at the Basin 1 scale. This result suggests that a system composed of multiple check
dams with varying sediment-retention capacities is more effective in controlling erosion
than a uniform system, as it promotes both localized sediment deposition and broader-scale
erosion reduction. At the Basin 2 scale, however, the absolute number of check dams became
more important than their diversity, reflecting the fact that at larger catchment extents,
the cumulative quantity of structures dominates over fine-scale heterogeneity. Terrace
proportion also showed significant contributions in both scales, but with nonlinear effects.
Moderate terrace coverage (0.1-0.8 of basin area) was associated with positive elevation
changes, supporting slope stabilization and reduced soil loss. Beyond this threshold, SHAP
values indicated a negative effect, likely because over-terracing can destabilize slopes,
increase maintenance burdens, and lead to reduced effectiveness in controlling erosion.
This finding underscores the need to optimize terrace coverage rather than maximize it.

Collectively, these SHAP-derived insights highlight that engineering measures exert
significant but context-dependent influences on elevation change. Their effectiveness is
strongly moderated by vegetation cover, precipitation regimes, and geomorphic settings.
At finer spatial scales, the structure and diversity of engineering interventions (e.g., check
dam systems) are critical, whereas at broader scales, overall abundance and distribution
patterns dominate.

4. Discussion
4.1. EM Efficiency from the Remote Sensing Perspective

Satellite remote sensing offers a new perspective for regional soil and water conser-
vation research. With the support of abundant data and advanced algorithmes, it enables
in-depth studies of surface processes at the regional scale. The results indicate that while
EMs clearly inhibit erosion, their influence remains lower than that of natural environ-
mental factors. These findings affirm the positive role of EMs, demonstrating that their
construction helps mitigate land degradation. However, it is important to recognize that
building EMs involves significant costs, and the appropriate scale must be clearly identified
before construction. For example, a check dam system, which involves the combination
of multiple dams with varying sediment-trapping capacities, has been proven effective at
significantly reducing surface erosion [20]. In our Basin 1 analysis, we also found that the
diversity of check dam capacity (which can be seen as the complexity of the dam system
within a basin) had a significant influence. These results suggest that when addressing land
degradation caused by surface erosion, it is crucial to consider the rational construction of
check dam systems. At relatively smaller scales (such as Basin 2), however, the proportion
of EMs or the number of structures tends to have a more pronounced effect on reducing soil
erosion. EMs need to be combined with geographic scale analysis to ensure more reason-
able and effective EM construction. This approach would not only increase the efficiency of
reducing soil erosion but also allow for better cost management. In this process, satellite
remote sensing holds vast potential for application.

Moreover, it should be noted that the relationships identified between elevation
changes and influencing factors are correlations and not definitive causal relationships.
For example, many check dams were constructed before the 21st century, and these dams
are responsible for reduced elevation loss. However, in some basins with numerous check
dams, significant elevation loss still occurs, possibly because the dams were constructed in
recent years, and their impact is not yet reflected in the DEM data. In such cases, elevation
loss may actually be the reason for the construction of additional dams. In future research,
incorporating more detailed information (such as the year of check dam construction) could
lead to deeper and more comprehensive analyses.
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4.2. Limitations and Future Work

In most cases, studies on the influence of EMs are conducted on a small scale. These
studies typically rely on site-specific observational data, making it difficult to carry out
research on a larger scale. However, the quality of remote sensing data, in terms of accuracy
and resolution, has significantly improved over the past few decades. In this study, satellite
remote sensing data were used to perform research that traditionally could be conducted
only over small areas, offering a viable analytical approach for investigating surface erosion
and land degradation. It is important to note, however, that there are uncertainties when
satellite-based DEMs are used. First, satellite-acquired DEMs are typically collected over
a specific time period (such as several months for global coverage), which means that
elevation differences across regions may be influenced by seasonal vegetation changes.
Additionally, while we standardized the elevation references of the two DEMs, the inherent
errors in the data still introduce limitations in the precision of the elevation changes derived
from the DEMs. Nevertheless, since the two datasets used in this study were collected
more than a decade apart, these errors are likely to have a minimal effect compared with
the observed elevation changes. Meanwhile, the elevation change analysis relies on DEMs
collected about a decade apart, which means that very recently constructed engineering
measures are not yet reflected in the datasets. This indicates that the elevation loss might
be the reason for dam construction in some cases, rather than the result of a lack of dams.
For instance, in some sub-basins where erosion has historically been extremely severe,
rapid elevation loss may have prompted the urgent construction of multiple check dams in
recent decades. In such cases, the elevation decrease recorded in the DEM data predates the
dam construction, meaning that the correlation we observe reflects a response to erosion
rather than the preventive effect of the dams themselves. While this limits our ability to
evaluate the most recent interventions, it should be noted that large-scale engineering
projects constructed in the most recent years account for only a small proportion of the total.
For studies focusing on short-term elevation changes, however, more detailed validation
should be conducted when satellite-derived DEMs are used.

This study is subject to several limitations primarily related to the use of global DEM
products and the inherent uncertainties in multi-temporal elevation change detection.
Although we unified the vertical and horizontal reference systems of SRTM and Copernicus
DEM, we did not perform further vertical registration or correction using ground control
points due to the absence of high-density, region-wide, and temporally consistent GCP
data. As a result, residual errors—such as small vertical biases, co-registration inaccuracies,
and the effects of vegetation and surface changes unrelated to geomorphic processes—may
remain. These uncertainties could introduce noise into the elevation change estimates,
especially at fine spatial scales or in densely vegetated areas.

Additionally, this study focuses on changes over a period of approximately ten years,
which is suitable for long-term research on hydraulic erosion. With respect to short-term
changes, several potentially useful data sources have emerged, such as InNSAR or the DCM
released by the DLR. In any case, the combination of remote sensing data with surface
erosion and land degradation research presents a vast field of potential applications and
deserves increased attention from researchers. Another source of uncertainty arises from
vegetation dynamics. While trees generally do not cause rapid vertical changes, grasses and
shrubs can grow quickly and colonize disturbed surfaces within a few years, potentially
leading to vertical offsets of up to &2 m in DEM differencing. In the Loess Plateau, however,
vegetation is mostly sparse, and grass height is relatively low (<0.5 m), so the aggregate
impact on basin-scale elevation change is minor. Nevertheless, in the southern and central
regions where patches of protected forest are present, vegetation growth may introduce
localized offsetting effects that partially mask true erosion signals. This limitation highlights
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the need for more detailed vegetation-structure data (e.g., LIDAR or multi-temporal high-
resolution UAV surveys) in future studies to better constrain the role of vegetation in
elevation change analyses.

5. Conclusions

This study highlights the potential of integrating multisource remote sensing data
with interpretable machine learning to quantitatively assess the impacts of engineering
measures on surface erosion mitigation across the Loess Plateau. By combining spec-
tral, textural, and topographic indicators, the proposed framework effectively captured
erosion-related surface features and revealed the contributions of engineering measures
relative to environmental drivers. The results demonstrate that engineering interventions
substantially decrease erosion intensity. In basins with a high proportion of check dams, the
mean elevation increased by approximately 2.5 m compared with basins without such mea-
sures, whereas terraces in loess hilly regions produced mean elevation gains of ~1.9 m. At
smaller scales, the number and proportion of engineering measures were more influential,
while at medium scales, the systematic construction and diversity of check dam systems
became more critical. These findings provide quantitative evidence for the effectiveness
of engineering measures and emphasize the importance of considering spatial scale and
ecological context in land management strategies. The interpretable modeling approach
(R? = 0.62 at Basin 1 and R? = 0.73 at Basin 2) enhances transparency and reliability, offering
a valuable reference for large-scale environmental monitoring and sustainable erosion con-
trol planning. This work highlights the importance of fusing remote sensing observations
with domain-specific knowledge to support large-scale environmental monitoring, land
management, and sustainable erosion control strategies.
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