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Abstract

This study aimed to enhance the accuracy and interpretability of erosion gully classification
within black soil regions by focusing on Changxing Township, Xinxing District, Qitaihe City,
Heilongjiang Province as the research site. Utilizing RTK (Real-Time Kinematic) surveying
technology, three-dimensional topographic data were collected for 139 actively developing
erosion gullies. Key morphological parameters—including gully length, depth, gradient,
average top width, average bottom width, and slope gradients on both sides—were ex-
tracted to construct interactive features. The variable set was refined through correlation
analysis and variance inflation factor (VIF) diagnostics to mitigate multicollinearity. A ran-
dom forest model was employed as the primary classification approach and benchmarked
against logistic regression, support vector machines (SVM), decision trees, and backprop-
agation neural networks. To address class imbalance, a combination of class weighting,
Synthetic Minority Over-sampling Technique (SMOTE), and undersampling methods was
implemented. Model tuning and interpretability assessments were performed using cross-
validation, grid search optimization, and SHapley Additive exPlanations (SHAP) analysis.
The findings demonstrate that the random forest model achieved superior overall perfor-
mance, with test set accuracy, macro-averaged F1 score, and balanced accuracy values
of 0.9143, 0.8087, and 0.8427, respectively. Among imbalance handling techniques, class
weighting yielded better results compared to oversampling and undersampling. Feature
importance and SHAP analyses identified gully length, average crest width, and their inter-
action with gully depth as the principal determinants influencing gully grade classification.
These results elucidate the synergistic developmental dynamics of gully longitudinal exten-
sion, vertical deepening, and lateral widening. The proposed methodology offers valuable
technical support for the rapid surveying, classification, and management decision-making
processes related to black soil erosion gullies.

Keywords: erosion gully; random forest; SHAP; interpretable machine learning; classification;
influencing factors

1. Introduction

Erosion gullies represent a significant geomorphological feature indicative of the
progression of slope erosion, transitioning from diffuse surface and minor channel erosion
to concentrated linear erosion. They serve as a critical process unit that integrates slope
runoff generation, soil denudation, sediment transport, and landscape modification [1-3].
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In comparison to sheet erosion or shallow gully erosion, erosion gullies are distinguished
by their high erosion intensity, rapid spatial expansion, pronounced terrain degradation,
and challenges in management. These features not only contribute to the fragmentation of
agricultural land and the depletion of soil fertility but also increase sediment connectivity
within watersheds, thereby influencing downstream river sedimentation patterns, reservoir
longevity, and regional ecological stability [1,4-6]. Because of these combined on-site and
off-site effects, gully erosion is widely regarded as one of the most destructive forms of
water erosion and a major obstacle to sustainable land use in agricultural watersheds [2,5,6].

The policy and environmental significance of this problem is especially evident in
the black soil region of Northeast China, which is one of the country’s most important
grain-producing areas. According to recent official reports and special surveys, the black
soil region contains 667,000 erosion gullies, with a total gully length of 232,400 km and
an affected area of 4029.57 km?; nearly 90% of these gullies are still actively develop-
ing. Erosion gullies in this region have directly occupied or destroyed approximately
4.1772 million mu of cultivated land, thereby threatening farmland continuity, mechanized
farming operations, and regional food security. Since 2017, central government investment
in gully control has reached CNY 13.42 billion. During the 14th Five-Year Plan period,
about 33,000 gullies were treated, protecting and restoring 7.92 million mu of farmland
and increasing annual grain production capacity by about 190 million jin [7]. These figures
indicate that erosion gullies are not merely local geomorphic features, but a major practical
constraint on cultivated-land protection, sediment control, ecological restoration, and rural
development policy in Northeast China. In recent years, under the compounded influences
of global environmental change and intensified anthropogenic activities, erosion gullies
have demonstrated significant spatial heterogeneity and complex developmental dynamics
across various climatic zones and land-use types. The processes governing their formation,
expansion, and stabilization are controlled by an interplay of multiple factors, including
topographic characteristics, rainfall erosivity, soil properties, vegetation cover, and human
disturbances [1,2,5]. Consequently, the precise classification of erosion gully severity and
the identification of their primary controlling factors are essential prerequisites for con-
ducting comprehensive assessments of erosion development, evaluating erosion risk, and
implementing effective soil and water conservation zoning strategies.

The fundamental aspect of gully classification involves delineating the variations in
geometric morphology and erosion intensity across gullies at various stages of develop-
ment. Conventional approaches predominantly categorize and grade gullies based on
morphological metrics such as gully length, depth, width, width-to-depth ratio, or slope,
supplemented by field survey expertise and geomorphological principles [1,3,8]. These
methods are straightforward and user-friendly, providing substantial practical utility for
regional assessments and engineering projects. Nonetheless, the evolution of erosion gul-
lies is characterized by nonlinear and phased dynamics. Consequently, the demarcations
between different classification levels are rarely defined by fixed thresholds of a single
parameter; instead, they emerge from the interactive influence of multiple morphological
factors [1,2,8]. In scenarios where sample variability is high, class distributions are im-
balanced, or strong inter-variable correlations exist, empirical threshold-based techniques
face challenges in accurately capturing complex classification boundaries. Moreover, these
methods are susceptible to subjective interpretation, thereby constraining their effectiveness
in quantitative identification and limiting their generalizability across different regions.

Advancements in UAV photogrammetry, high-resolution digital elevation models
(DEMs), three-dimensional terrain reconstruction, and remote sensing image interpretation
technologies have markedly enhanced the accuracy and efficiency of acquiring morpho-
logical information of gullies. These improvements have established a robust foundation

https:/ /doi.org/10.3390/app16094215


https://doi.org/10.3390/app16094215

Appl. Sci. 2026, 16, 4215

3 0f 30

for data-driven approaches to gully identification and classification [9-12]. In recent years,
machine learning techniques have been extensively employed in the assessment of ero-
sion gully susceptibility, prediction of spatial distribution, and automated identification,
demonstrating the potential to surpass traditional statistical models in performance [13-17].
Comprehensive reviews suggest that algorithms such as random forests, support vector
machines, gradient boosting trees, and deep learning are capable of effectively managing
high-dimensional feature spaces, complex nonlinear relationships, and variable interactions,
thereby exhibiting strong adaptability in gully susceptibility mapping and erosion landform
identification tasks [13,14]. Notably, in erosion-prone regions, including black soil zones,
loess areas, and plateau-hilly terrains, there has been a growing body of research utilizing
machine learning for gully identification. This trend underscores the consistent explanatory
power of topographic factors, surface morphology parameters, and geomorphological
background variables in understanding gully development processes [15-18].

Among the various machine learning techniques, Random Forest has emerged as a
widely utilized model in geoscientific classification and environmental risk assessment.
This popularity is attributed to its robust resistance to overfitting, insensitivity to outliers
and multicollinearity, and its capacity to effectively manage small sample sizes and nonlin-
ear classification challenges [19-22]. In the context of erosion gully studies, Random Forests
have demonstrated notable robustness and generalization ability in tasks such as suscepti-
bility mapping, identification of contributing factors, and the integration of multi-source
data [15-17,23]. When classifying gully grades, samples often exhibit complex interdepen-
dencies among variables including gully length, depth, slope, and cross-sectional width.
Random Forests address this complexity by learning classification rules through ensemble
learning with multiple decision trees, thereby circumventing the limitations of traditional
single-threshold classification methods that rely heavily on linear boundaries and empirical
criteria [19,21]. Nonetheless, Random Forests remain characteristic “black-box” models.
Although they achieve high predictive accuracy and provide inherent feature importance
measures, these metrics typically represent only the overall contribution of variables and do
not elucidate how specific variable values affect classification outcomes. Consequently, they
fail to answer the critical question of why an individual sample is assigned to a particular
grade [24-26]. This lack of interpretability has, to some extent, constrained the effective
application of model outputs in advancing the understanding of erosion processes and in
informing management decisions.

The advancement of interpretable machine learning methodologies presents a novel
approach to overcoming existing limitations. SHAP (SHapley Additive exPlanations),
grounded in the Shapley value concept from game theory, decomposes model predictions
into additive contributions attributable to individual input features, thereby facilitating
both global and local interpretability [27,28]. In contrast to conventional feature importance
analyses, SHAP not only ranks variable importance but also elucidates the relationship
between feature values and the directionality of predictions, providing detailed explana-
tions for the classification outcomes of individual instances [28-30]. In recent years, SHAP
has been extensively employed across disciplines such as geosciences, environmental sci-
ence, hydrological modeling, and risk assessment to elucidate the underlying mechanisms
and decision-making processes of complex machine learning models [29-33]. Empirical
evidence indicates that SHAP is particularly effective for assessing gully susceptibility,
identifying soil erosion risks, and interpreting environmental drivers, thereby enhancing
model interpretability and bolstering the reliability of results [18,30,34-36]. Recent studies
in adjacent fields of environmental assessment further reinforce the value of explainable
artificial intelligence (XAI). For example, Kwak and Lee [37] demonstrated that explainable
machine learning can reveal how road-transport system characteristics influence ground-
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water quality, thereby identifying nonlinear environmental responses and key exposure
thresholds. Likewise, Maurya et al. [38] showed that XAl-based workflows can improve
water-quality assessment by combining predictive performance with transparent variable-
level interpretation. Although these studies focus on water environments rather than
erosion landforms, they underscore an important methodological principle for the present
study: in environmental risk assessment and geomorphological classification, predictive
accuracy alone is insufficient, and model interpretability is essential for identifying domi-
nant controls, understanding threshold behavior, and enhancing the practical credibility of
model outputs [39-43].

From the standpoint of research objectives, the identification of gully grades and the
assessment of gully susceptibility emphasize distinct aspects. Susceptibility assessment
primarily concerns the likelihood of gully formation within a specific area under defined
environmental conditions. In contrast, grade identification focuses on variations in mor-
phological structure and erosion severity among established gullies, thereby offering more
direct relevance for delineating stages of erosion development, prioritizing management
targets, and optimizing the allocation of conservation measures [1,5,15]. Building upon
existing field-measured morphological parameters, the development of a classification
model that integrates both predictive accuracy and explanatory power would not only
improve the objectivity and precision of erosion gully classification but also elucidate, at
the data level, the driving mechanisms by which different morphological factors influence
classification outcomes. This approach would thus provide a more transparent analytical
framework for research in erosion geomorphology and soil and water conservation.

This study focuses on Changxing Township, located in Xinxing District, Qitaihe City,
Heilongjiang Province, as the research site. A total of 139 actively developing erosion gullies
were selected as the subjects of investigation. High-precision morphological parameters
of these gullies were acquired through Real-Time Kinematic (RTK) dynamic surveying.
Subsequently, a feature system integrating both fundamental and interaction variables
was constructed. Employing the Random Forest model as the primary analytical tool,
this study compares its performance against logistic regression, support vector machines,
decision trees, and backpropagation neural networks. The evaluation centers on the effects
of various balancing strategies on model performance under conditions of class imbalance.
Additionally, the SHapley Additive exPlanations (SHAP) method is utilized to identify key
variables and elucidate their underlying mechanisms. The research seeks to address the
following questions: In the context of limited sample size and class imbalance characteristic
of black soil regions, which model demonstrates superior suitability for erosion gully
classification? Which morphological factors and their interactions constitute the principal
basis for differentiating erosion gullies across varying grades? Moreover, can the Random
Forest-SHAP framework offer methodological support for interpreting the erosion gully
development process and inform management strategies? The findings of this study
aim to provide a theoretical foundation and technical guidance for the rapid surveying,
classification, and refined management of erosion gullies in black soil areas.

2. Data Sources, Variable System, and Research Methods
2.1. Data Sources and Sample Structure

Contemporary investigations of erosion gullies predominantly utilize field surveys,
remote sensing techniques, and unmanned aerial vehicle (UAV) photogrammetry to acquire
sample data. While field surveys provide high precision, their spatial coverage is often
limited. Conversely, remote sensing and UAV methodologies are advantageous for large-
scale mapping but exhibit constraints in accurately extracting parameters such as gully
depth, gradient, and slope. To elucidate the channel characteristics of erosion gullies within
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cold-region black soil environments, this study focused on Changxing Township, located
in Xinxing District, Qitaihe City. Employing the “Erosion Gully Grading and Classification”
criteria established by Heilongjiang Province, erosion gullies were primarily classified
based on their area. The research utilized Real-Time Kinematic (RTK) surveying technology
to capture three-dimensional coordinates of gully cross-sections, enabling the extraction
of parameters including gully length, depth, gradient, average top width, average bottom
width, and slope gradients on both sides. A total of 139 actively developing erosion gullies
were ultimately identified and selected for mapping and analysis through field surveys.

The variables utilized for the classification of erosion gullies are presented in Table 1.

Table 1. Variable system for erosion gully classification and identification.

Variable Name Definition Variable Type
Length Channel Length Continuous
Erosion gully depth Erosion gully depth Continuous
Slope Slope Continuous
Average top width Average top width Continuous
Average bottom width Average bottom width Continuous
Gully slope 1 Gully slope 1 Continuous
Gully slope 2 Gully slope 2 Continuous

Grading Erosion Gully Grade Classification

The seven variables characterize the features of erosion gullies across three dimensions:
planimetric scale, longitudinal incision, and cross-sectional geometry. The dependent
variable corresponds to the classification label. As presented in Table 2, the Small class
constitutes 87.77% of the sample, while the Medium class comprises 12.23%.

Table 2. Distribution of sample categories.

Class Count Percentage/%
Small 122 87.77
Medium 17 12.23

Figure 1 shows a highly imbalanced dataset, with the “Small” class constituting the
overwhelming majority and the “Medium” class having relatively few samples. This
structure explains why, despite the model’s high overall accuracy, special attention must
still be paid to the recall and Macro-F1 performance of the “Medium” class.

Figure 2 illustrates the frequency distribution characteristics of seven channel param-
eters measured across 139 erosion gullies. Generally, the majority of these parameters
display skewed distributions, reflecting considerable variability among the samples. Gully
lengths predominantly range from 100 to 400 m, with a minority extending beyond 800 m.
Gully depths are mainly distributed between 1 and 3 m, indicating a predominance of
shallow to moderately deep gullies. Gradient values are largely concentrated at the lower
end of the spectrum, with only a few instances of relatively steep slopes, suggesting that
the overall inclination of erosion gullies within the study area is relatively gentle. The top
widths of the gullies are primarily between 3 and 8 m, whereas bottom widths mostly fall
between 0.5 and 1.5 m, implying that the cross-sectional profiles typically exhibit a “wide at
the top and narrow at the bottom” configuration. The slopes of the gully sides approximate
a normal distribution, mainly ranging from 30° to 50°, with the second slope generally
being slightly steeper than the first, indicating a degree of asymmetry in the morphological
development of the gully walls. Collectively, these findings suggest that the erosion gullies
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in the study area are predominantly well-developed, characterized by moderate lengths,
shallow depths, narrow bottoms, and relatively steep side slopes.
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Figure 1. Distribution of erosion gully categories.
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Figure 2. Histograms of various characteristics.
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Figure 3 illustrates a comparative analysis of box-and-whisker plots depicting morpho-
logical parameters between small and medium-sized gullies. The median values for length,
gully depth, top width, and bottom width are markedly greater in medium-sized gullies
compared to small gullies, suggesting that as gully development progresses, the overall di-
mensions of the gully channel expand, with the most notable differences observed in length
and top width. In terms of gradient, both categories of erosion gullies exhibit generally low
values; however, small gullies demonstrate higher variability and a greater number of out-
liers, implying a stronger influence of local topographic conditions on some small gullies.
Differences between Slope 1 and Slope 2 between the two gully types are minimal, with
substantial overlap in the box plots, indicating that slope is a relatively insensitive parame-
ter for differentiating stages of gully development. Nonetheless, the range of slope gradient
variation is marginally broader for small gullies, whereas medium-sized gullies display a
more concentrated distribution, reflecting a tendency toward morphological stabilization.
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Figure 3. Box-and-whisker plots of features grouped by grade.

Figure 4 presents a violin plot to illustrate the differences in the distribution of morpho-
logical parameters between small and medium-sized gullies. This visualization not only
highlights the median and interquartile range but also captures the density characteristics
of the data. Generally, the distributions for medium-sized gullies in terms of length, gully
depth, top width, and bottom width are shifted toward higher values, suggesting that
as gully erosion progresses, the scale of the channels increases markedly. Notably, the
differences are most pronounced in gully length and top width. The gradient values remain
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relatively low for both categories of gullies. Small gullies demonstrate a more dispersed
distribution with a long tail extending toward higher values, implying a stronger influence
of local topographic variability. In contrast, the slope angles of gully sides show minimal
variation between small and medium-sized gullies, predominantly ranging from 30° to
45°. However, the distribution for small gullies is somewhat broader and more variable,
whereas medium-sized gullies exhibit a more concentrated distribution, indicative of a
comparatively stable morphological structure.
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Figure 4. Scatter plots of various characteristics grouped by grade.

Figure 5 shows the clustered scatter plots of various characteristic parameters for ero-
sion gullies of different grades. Overall, the number of small gully samples is significantly
higher than that of medium-sized gullies, and the distribution of various indicators is more
dispersed, indicating greater morphological variation and differing stages of development;
medium-sized gully samples are relatively fewer, but their overall distribution for indica-
tors such as length, gully depth, top width, and bottom width falls within a higher value
range, reflecting that as gully development progresses, trends toward channel extension,
downcutting, and widening become more pronounced. Specifically, the lengths of small
gullies are mostly concentrated between 100 and 400 m, with depths typically ranging from
1 to 3 m; crest widths are primarily distributed between 3 and 8 m, while base widths are
mostly between 0.8 and 1.8 m. In contrast, medium-sized gullies generally exhibit larger
values for these parameters, with some samples reaching lengths close to 1000 m and crest
widths exceeding 15 m, indicating a more advanced stage of erosion development. The
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gradient was generally low in both types of erosion gullies, but it fluctuated more signifi-
cantly in small gullies and exhibited extreme high values, indicating that local topographic
conditions had a more pronounced influence on them.
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Figure 5. Scatter-strip plot of features grouped by grade.

Figure 6 shows a Spearman correlation heatmap for the morphological parameters of
each gully, illustrating the strength and direction of the monotonic correlations between
variables. Overall, the correlation between gully depth and crest width is the strongest
(r = 0.83), indicating that as a gully becomes deeper, its crest tends to widen more signifi-
cantly, suggesting a strong synergistic developmental relationship between the two. Gully
slope 1 and gully slope 2 also exhibit a strong positive correlation (r = 0.69), indicating that
changes in slope on both sides of the gully are highly consistent. Channel length shows a
moderate positive correlation with both channel depth (r = 0.47) and top width (r = 0.45),
indicating that as the channel develops, an increase in length is typically accompanied by a
deepening of the channel body and a widening of the top. A certain positive correlation
is also observed between top width and bottom width (r = 0.58), reflecting an overall
expansion trend in the channel cross-section. In contrast, the gradient showed a negative
correlation with most indicators, particularly with gully length (r = —0.52), top width
(r = —0.31), and bottom width (r = —0.29). This indicates that as the gradient increases, the
overall scale of the gully tends to decrease, suggesting that in steep slope sections, gully
development is still primarily in the initial cutting stage and has not yet fully expanded.
Furthermore, the correlation between gully slope and gully length or width is generally
weak, suggesting that slope gradient has a limited direct influence on gully scale.
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Figure 6. Spearman correlation heatmap.

Figure 7 shows a scatter plot of the morphological parameters of each gully. The
diagonal positions display the distribution characteristics of each indicator, while the off-
diagonal positions reflect the correlations between pairs of parameters. Different colors are
used to distinguish between different grades of erosion gullies. Length, gully depth, average
top width, and average bottom width all exhibit a distinct right-skewed distribution, with
most samples concentrated within a narrow range of values and a few samples exhibiting
larger values. This indicates that erosion gullies in the study area are predominantly
of small to medium scale, though some more extensively developed gullies are present.
The scatter plot reveals a strong positive correlation between gully depth and average
top width, as well as a certain positive correlation between gully length and both gully
depth and top width. This indicates that during their development, erosion gullies tend
to simultaneously increase in length along the channel, deepen downward, and widen
laterally. The average crown width and average base width also exhibit a certain degree of
coordinated variation, indicating that the expansion of the gully cross-section is holistic. In
contrast, the correlation between gradient and gully length, depth, and width is weak or
even shows a certain degree of negative correlation, suggesting that an increase in slope
gradient does not necessarily correspond to larger-scale erosion gullies. The slopes on both
sides of the gullies are primarily concentrated between 30° and 50°, and the distributions
of Slope 1 and Slope 2 are similar, with a strong correlation, indicating a high degree
of consistency in the morphology of both sides of the gully slopes. Although there is
some overlap among samples of different grades, medium-sized gullies are generally more
distributed in the high-value regions, reflecting that their developmental stage is higher
than that of small gullies.
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Figure 7. Feature scatter matrix.

2.2. Descriptive Statistics and Variable Relationships

Table 3, which summarizes the descriptive statistics, reveals substantial variability in
the geometric parameters of the erosion gullies. The maximum recorded Length approaches
1000, indicating the presence of gullies with markedly diverse scales within the sample.
The maximum Average top width is 17.649, considerably exceeding the maximum Average
bottom width of 4.560, implying that the majority of erosion gully cross-sections are
characterized by a wider top and a narrower bottom. Notable differences in both magnitude
and dispersion are observed among the variables. Specifically, Length, erosion gully
depth, and Average top width demonstrate greater variability, suggesting that erosion

gullies at various developmental stages can be effectively differentiated based on their
morphological features.
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Table 3. Descriptive statistics of key variables.
Variable Mean Standard Deviation Minimum Median Maximum

Length 294.78 179.273 49.319 241.482 988.326
Erosion gully depth 1.902 1.004 0.434 1.736 5.457
slope 0.066 0.082 0.005 0.058 0.969

Average top width 6.032 3.168 1.75 5.237 17.649
Average bottom width 1.31 0.617 0.0 1.143 4.56
Gully slope 1 39.313 8.453 15.86 39.93 58.39
Gully slope 2 38.943 8.204 13.92 40.08 56.55

2.3. Technical Approach and Modeling Process

First, the raw data underwent field standardization and missing value checks; since
none of the 139 samples in this batch had missing features, the number of valid samples
remained unchanged. Second, based on the seven basic morphological indicators, a set
of interaction terms with clear geomorphological significance was constructed, including
Length x slope, Length x Erosion gully depth, Erosion gully depth x Average top width,
Erosion gully depth x Average bottom width, Average top width x Slope, and Average
bottom width x Slope, to characterize the combined effects of longitudinal scale, incision
capacity, lateral widening, and slope energy. Next, correlation filtering and VIF (variance
inflation factor) diagnostics were performed on the basic variables and interaction terms.
The final set of 8 retained variables are Length, Average top width, slope, Length x slope,
Length x Erosion gully depth, Erosion gully depth x Average top width, Erosion gully
depth x Average bottom width, and Average bottom width X slope. It should be em-
phasized that this result implies that, under the current sample conditions, retaining only
the original univariate variables might compromise the ability to capture the coupled
mechanisms of gully development.

Figure 8 presents the results of the Variance Inflation Factor (VIF) test for each can-
didate variable, used to identify the degree of multicollinearity among features. Overall,
the VIF values for most interaction terms in the figure are significantly higher than the
commonly used threshold of 5 indicated by the dashed line, indicating strong correlations
among these variables. Among them, Top width X Slope has the highest VIF, approaching
50, indicating the most severe information overlap with other variables; The VIF values
for Bottom width x Slope, Depth x Top width, and Depth x Bottom width are also at
relatively high levels, reflecting significant coupling relationships among slope, gully depth,
and gully rim width. At the same time, although the VIFs for Slope, Bottom width, Length
x Depth, Top width, Gully depth, and Length vary, they are generally still above or close
to the warning threshold, indicating a certain degree of information redundancy between
the original morphological indicators and the structural interaction terms. In contrast, the
VIF for Length x Slope is close to the threshold and on the borderline of acceptability,
while Gully slope 1 and Gully slope 2 are significantly below the threshold, indicating
weak multicollinearity.

This research employed Random Forest (RF) as the primary modeling approach and
conducted comparative analyses against Logistic Regression, Support Vector Machines
(SVM), Decision Trees, and Backpropagation Neural Networks (BPNN) as benchmark
models. Random Forest represents a prototypical ensemble learning technique applicable
to both classification and regression problems. Its core mechanism involves enhancing
predictive accuracy, generalization performance, and mitigating overfitting by aggregating
the classification outcomes of multiple decision trees [19]. Specifically, during the training
phase, Random Forest utilizes the Bootstrap sampling method to generate multiple inde-
pendent training subsets through repeated sampling with replacement from the original
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dataset. Furthermore, at each decision tree node, rather than considering the entire feature
set, a randomly selected subset of features is employed to determine the optimal split.
This strategy increases the heterogeneity among base learners and diminishes the model’s
dependence on any single sample distribution or feature combination. In classification
scenarios, the final class assignment for a given sample is determined via majority voting
across all trees, whereas in regression tasks, the predicted value is derived by averaging the
outputs of the individual trees. Given its robust nonlinear modeling capacity, resilience to
noise, and interpretability, Random Forest was deemed an appropriate primary model for
the classification of erosion gullies in this study.

Top width x Slope
Bottom width x Slope
Depth x Top width
Depth x Bottom width
Slope

Bottom width

Length x Depth

Feature

Top width

Gully depth

Length

Length x Slope

Q Q
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« (¢
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) ..
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Figure 8. Variance Inflation Factor (VIF) analysis of basic variables and interaction terms.

During the modeling phase, this study utilizes a stratified random sampling technique
to partition the entire dataset into training and test subsets at a ratio of 75% to 25%, thereby
preserving the proportional representation of categories in both subsets consistent with the
overall sample distribution (see Figure 9). For the training subset, hyperparameter optimiza-
tion of the Random Forest model was conducted through a grid search procedure, yielding
the optimal parameter set: n_estimators = 400, max_depth = 4, min_samples_split = 14,
min_samples_leaf = 4, and max_features = sqrt. This configuration suggests that by regulat-
ing tree depth and leaf node size while moderately increasing the number of base learners,
the study enhances ensemble performance, achieving an optimal trade-off between model
complexity and generalization capability. Furthermore, to address the issue of class imbal-
ance and its potential adverse effects on classification outcomes, the Random Forest model
incorporated a class weight balancing strategy (class_weight = balanced) during training.
Figure 10 presents a comparative analysis of three class imbalance handling approaches
within the Random Forest framework: ClassWeight RF, SMOTE_RF, and UnderSample_RF.
Overall, ClassWeight_RF exhibits superior comprehensive performance, as evidenced by
its high cross-validation F1-macro score, test set F1-macro score, and test set Balanced
Accuracy. These results indicate that adjusting class weights effectively enhances minority
class recognition while maintaining model stability. SMOTE_RF ranks second in overall
performance, with metrics marginally lower than those of ClassWeight_RF, suggesting
that synthetic minority sample generation positively influences model performance, albeit
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with limited improvement. Conversely, UnderSample_RF demonstrates a substantially
lower cross-validation F1-macro score. Although its test set F1-macro and Balanced Accu-
racy show some gains, its overall stability is compromised, implying that undersampling
may diminish training efficacy due to the loss of information from the majority class. In
summary, given the current context of limited sample size and class imbalance, the class
weighting approach emerges as a more appropriate balancing strategy for Random Forest
models compared to oversampling and undersampling techniques.

Subset
B Train_Count
- Test_Count
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40
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Figure 9. Category distribution of training and test sets.
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Figure 10. Comparison of random forest classification performance under different sample balancing
strategies.

To strengthen the reliability of the findings, this study refrained from assessing model
performance based solely on a single training—test split. Instead, a consistent application of
grid search and hierarchical cross-validation was employed across all candidate models
during the training phase, with the F1-macro score designated as the principal evaluation
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metric. The choice of F1-macro was motivated by the presence of class imbalance within
the dataset, as this metric equally weights all classes, thereby providing a more balanced
assessment of the model’s overall recognition performance across both minority and major-
ity classes. Ultimately, the Random Forest model was determined to be the most effective
for this study, upon which subsequent analyses—including threshold optimization, error
diagnosis, and interpretability evaluation—were conducted.

2.4. SHAP Explanation Framework

The ‘shap.TreeExplainer’ is a specialized interpretability tool within the SHAP frame-
work, explicitly developed for tree-based models such as Random Forest, XGBoost, Light-
GBM, and CatBoost [36]. Grounded in Shapley value theory, it decomposes the prediction
of a model for an individual instance into additive contributions from each feature, thereby
quantifying the extent to which each variable positively or negatively influences the predic-
tion. Unlike general SHAP approaches, TreeExplainer exploits the inherent structural prop-
erties of tree models, ensuring both consistency and local accuracy in its explanations while
substantially enhancing computational efficiency. This makes it particularly well-suited for
interpreting complex tree-based algorithms. In practical applications, ‘shap.TreeExplainer’
facilitates the computation of SHAP values for individual features at the single-sample
level, enabling detailed explanations of why a model assigns a particular classification
to that instance. Additionally, it can calculate the mean absolute SHAP values across the
dataset to evaluate the overall importance of each feature. At the global interpretability
level, visualization techniques such as summary plots, beeswarm plots, and bar charts are
commonly employed to depict feature importance and illustrate the relationship between
feature values and their directional contributions. At the local level, waterfall and force
plots are utilized to elucidate the specific predictive rationale for representative samples.
Consequently, ‘shap.TreeExplainer” effectively transforms opaque tree-based models into
transparent frameworks of feature contributions, offering essential insights for understand-
ing variable mechanisms, validating model reliability, and supporting the interpretation of
predictive outcomes.

3. Result Analysis
3.1. Model Selection Results and Overall Performance

An integrated analysis of Table 4 and Figure 11 elucidates distinct hierarchical distinc-
tions among the five candidate models with respect to cross-validation outcomes, test set
performance, and aggregate scoring metrics. The Random Forest model exhibits superior
overall performance, evidenced by a mean cross-validation F1 score of 0.8105, a test F1-
macro score of 0.8087, a test Balanced Accuracy of 0.8427, and a test Accuracy of 0.9143.
Additionally, it attains the highest composite score of 0.7953. These results suggest that the
Random Forest model not only demonstrates robust multi-class classification capabilities
but also maintains stability in the presence of class distribution imbalances. Logistic Regres-
sion and Support Vector Machine (SVM) models constitute the second tier of performance.
Both models achieve a test F1-macro score of 0.6983, a Balanced Accuracy of 0.7944, and
a test Accuracy of 0.8286. However, Logistic Regression slightly outperforms SVM, with
a mean cross-validation F1 score of 0.7908 and a composite score of 0.7289, compared
to SVM’s 0.7679 and 0.7176, respectively. This indicates a marginally superior overall
performance for Logistic Regression. It is noteworthy that although the generalization
gaps for these models are relatively small (0.0596 for Logistic Regression and 0.0681 for
SVM), indicating acceptable generalization capabilities, their cross-validation standard
deviations are comparatively high (0.2126 and 0.2152, respectively). This suggests sensi-
tivity to variations in sample partitioning across different folds. The Decision Tree model
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presents a mean cross-validation F1 score of 0.7601, which is moderate; however, it exhibits
a substantial generalization gap of 0.1992. Correspondingly, its test F1-macro and Balanced
Accuracy scores decline to 0.5766, indicative of pronounced overfitting. Conversely, the
Backpropagation Neural Network (BPNN) demonstrates markedly inferior performance
across all metrics, with a composite score of merely 0.2678. This outcome implies that,
given the limited dataset size of 139 samples, the model’s complex nonlinear architecture
does not confer a significant advantage. In summary, the Random Forest model achieves
the most favorable balance among accuracy, robustness, and generalization ability, and is
therefore recommended as the optimal model for the present study.

Table 4. Comparison results of candidate models.

CVF1 .. Test
Model CV F1 Mean Standard Generalization Test Balanced Test Overall

‘- Gap F1-Macro Accuracy Score

Deviation Acc.
RandomForest 0.8105 0.1088 0.1004 0.8087 0.8427 0.9143 0.7953
LogisticRegression 0.7908 0.2126 0.0596 0.6983 0.7944 0.8286 0.7289
SVM 0.7679 0.2152 0.0681 0.6983 0.7944 0.8286 0.7176
DecisionTree 0.7601 0.1439 0.1992 0.5766 0.5766 0.8286 0.6260
BPNN 0.2785 0.0841 —0.0106 0.3000 0.2419 0.4286 0.2678

Metric

0.8 BN CV_Fl _macro_mean

w Test F1_macro
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Figure 11. Comparison of overall performance among candidate models.

Figure 12 depicts the relationship between the number of trees in the Random For-
est model and the corresponding out-of-bag (OOB) score. According to the results ob-
tained from the single-factor variation analysis, increasing the number of trees from 100 to
200 leads to an improvement in the OOB score from approximately 0.904 to 0.923, reach-
ing a local optimum. However, further increases in the number of trees to 300, 400, 600,
and 800 result in the OOB score stabilizing around 0.904, suggesting that, based solely
on the OOB curve, 200 trees provide the best out-of-bag performance, with additional
trees offering negligible improvement. Nevertheless, the present study did not rely ex-
clusively on OOB score variations of a single parameter for model selection. Instead, a
grid search was conducted on the training dataset to jointly optimize multiple hyper-
parameters, including n_estimators, max_depth, min_samples_split, min_samples_leaf,
and max_features. The optimal parameter set identified comprises n_estimators = 400,
max_depth = 4, min_samples_split = 14, min_samples_leaf = 4, and max_features = sqrt.
This finding indicates that although 200 trees yielded a higher OOB score when consid-
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ered in isolation, the configuration with 400 trees—combined with constraints on tree
depth and node splitting criteria—achieves a superior balance among model complexity,
generalization capability, and stability.

0.9225
0.9200
0.9175

0.9150

OOB score

0.9125

0.9100

0.9075

0.9050

100 200 300 400 500 600 700 800
Number of trees

Figure 12. Random Forest OOB convergence curve.

3.2. Classification Performance

As presented in Table 5, which summarizes the classification results on the comprehen-
sive test set, and illustrated by the confusion matrix in Figure 13, the Random Forest model
exhibits robust overall recognition ability and relatively balanced discrimination across
classes in the current gully classification task. The test set comprises 35 samples, of which
32 were accurately classified, yielding an overall accuracy of 0.9143. The macro-averaged
Precision, Recall, and F1-score were 0.7833, 0.8427, and 0.8087, respectively, indicating that
the model sustained strong performance despite the presence of class imbalance. Examina-
tion of the confusion matrix reveals that 3 out of 4 Medium class samples were correctly
identified, with one misclassified as Small, resulting in a Recall of 0.7500 for the Medium
class. Concurrently, the model accurately classified 29 out of 31 Small class samples, with
only 2 misclassified as Medium, corresponding to Precision, Recall, and F1-score values of
0.9667, 0.9355, and 0.9508, respectively, for the Small class, thereby demonstrating highly
consistent performance. For the Medium class, the Precision and F1-score were 0.6000 and
0.6667, respectively. Although these metrics are lower than those observed for the Small
class, the model successfully identified the majority of Medium samples despite the limited
sample size in this category, suggesting that the model possesses a notable capacity for
detecting critical target classes.

Table 5. Classification results on the test set.

Category Precision Recall F1-Score Support
Medium 0.6000 0.7500 0.6667 4.0
Small 0.9667 0.9355 0.9508 31.0
accuracy 0.9143 0.9143 0.9143 0.9
macro avg 0.7833 0.8427 0.8087 35.0
weighted average 0.9248 0.9143 0.9183 35.0
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Figure 13. Confusion matrix for the Random Forest training and test sets.

Figure 14 provides a comprehensive evaluation of the Random Forest model’s per-
formance on both the training and test datasets, comprising four distinct subplots: the
Receiver Operating Characteristic (ROC) curve, the Precision—Recall curve, the variation
of Precision, Recall, and F1-score with respect to the classification threshold, and the as-
sociation between predicted probabilities and the proportion of positive instances. The
ROC curve (top left) depicts the model’s discriminative ability on the training and test
sets. The curve corresponding to the training data (blue) closely parallels that of the test
data (orange), with both curves substantially exceeding the diagonal baseline indicative
of random classification. This suggests that the model exhibits robust classification per-
formance. The Precision—-Recall curve (top right) further highlights the model’s capacity
to maintain high recall for the Medium class. Notably, on the test set, precision decreases
at elevated recall levels, implying that the model adopts a conservative approach when
identifying minority class instances, thereby accommodating the inherent class imbalance.
The third subplot illustrates how Precision, Recall, and F1-score for the Medium class vary
as the decision threshold changes. At a threshold value of 0.6, the model attains an optimal
balance between precision and recall, with the Fl-score approaching its peak, indicating
that this threshold effectively mediates the trade-off between these metrics. Lastly, the
bottom right graph examines the relationship between the predicted probabilities and
the observed proportion of positive examples. The distribution of predicted probabilities
on the test set deviates markedly from the idealized linear relationship, suggesting that
positive predictions are dispersed, with some positive samples assigned relatively low
probabilities. Nevertheless, an increasing trend is observed whereby higher predicted
probabilities correspond to a greater proportion of positive instances.

3.3. Algorithm Stability Analysis

Figure 15 illustrates the outcomes of a single three-fold cross-validation procedure.
The F1-macro scores obtained from the validation sets of the Random Forest model across
the three folds were 0.9206, 0.7030, and 0.8079, respectively. The average F1-macro score
was 0.8105, with a standard deviation of 0.1088. A marked discrepancy between the second
and third folds is evident, suggesting that the model’s performance varies when samples
from minority classes are allocated differently among the folds.
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Figure 14. ROC, Precision—Recall, and Threshold Optimization analysis of the Random Forest model.
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Figure 15. Comparison of F1-macro scores for training and validation in each fold of the Random Forest.

Figure 16 illustrates the distribution of F1-macro scores obtained from the Random
Forest model over multiple iterations of cross-validation, thereby highlighting the consis-

tency of the model’s performance across various validation folds. The histogram and the

superimposed density curve reveal that the majority of F1-macro scores are concentrated

within the range of 0.7 to 0.85, approximating a normal distribution. Performance metrics

predominantly cluster in the higher score interval, with the most frequent scores falling
between 0.75 and 0.8, suggesting that the model maintains a stable level of performance
throughout repeated cross-validation. The blue dashed line denotes the mean F1-macro
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score, positioned near 0.80, which indicates a relatively balanced and robust classification
performance across the validation process. Given that this average exceeds 0.7, it signifies
strong predictive capability. Although certain validation folds yielded lower F1-macro
scores, approaching 0.6, the overall pattern underscores the Random Forest model’s ro-
bustness and reproducibility, demonstrating its effective generalization across different
data partitions.
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Figure 16. F1 distribution of the validation set under repeated hierarchical cross-validation.

4. Feature Importance and Interpretability Analysis
4.1. Comparison of Three Types of Importance Metrics

Based on the comprehensive results of various feature importance metrics (Figures 17-19),
Length, Length x Erosion Gully Depth, Average Top Width, and Erosion Gully Depth
x Average Top Width are the core variables influencing model classification. Among
these, Length performs exceptionally well across all three metrics—native importance,
replacement importance, and Mean | SHAP | —indicating that gully length is a key scale
factor for distinguishing erosion gully development levels. Although the replacement
importance of Length x Erosion gully depth is negative, its native importance and SHAP
values are high, indicating that this variable plays a strong explanatory role in the tree
model structure, though its stability is slightly weaker under sample perturbation. Average
top width and its interaction term with gully depth also make significant contributions,
indicating that lateral widening and its coupling with the downcutting process are crucial
for classification results. In contrast, the contributions of Erosion gully depth x Average
bottom width, slope, Average bottom width x slope, and Length x slope are relatively
low; these are auxiliary variables primarily used to supplement the combined information
between slope energy and gully morphology.

https:/ /doi.org/10.3390/app16094215


https://doi.org/10.3390/app16094215

Appl. Sci. 2026, 16, 4215

21 of 30

Length

Length x Depth

Top width

Depth x Top width

Feature

Depth x Bottom width

Slope

Bottom width x Slope

Length x Slope

=)

0.10 0.15 0.20 0.25
Importance

Figure 17. Importance of native features in Random Forest.

Length

Top width

Depth x Bottom width

Depth x Top width

Feature

Slope

Length x Slope

Bottom width x Slope

Length x Depth

Figure 18. Substitution importance results.

w“

T
I

0.00 0.02 0.04 0.06 0.08
Mean importance decrease

https:/ /doi.org/10.3390/app16094215


https://doi.org/10.3390/app16094215

Appl. Sci. 2026, 16, 4215

22 of 30

Length

Length x Depth

Top width

Depth x Top width
Slope

Depth x Bottom width

Bottom width x Slope

Length x Slope

1 1 1 1 I 1 I I
0.00 0.01 0.02 0.03 0.04 0.05 0.06 0.07
mean(|SHAP value|) (average impact on model output magnitude)

Figure 19. SHAP global importance bar chart.

4.2. SHAP Global Interpretation

Figure 20 shows the SHAP swarm plot for the Random Forest model, illustrating
the direction, strength, and inter-sample variation of each feature’s contribution to the
classification results. Overall, Length, Length x Depth, Top width, and Depth x Top width
rank highest, indicating that the longitudinal scale of the channel and its coupling with
downward incision and lateral widening are the dominant factors influencing classification.
The SHAP values on the horizontal axis represent the direction and magnitude of influence
on the model’s output; the larger the absolute value, the stronger the feature’s contribution
to sample discrimination. The color gradient from blue to red represents feature values
ranging from low to high. It can be observed that for variables such as Length, Length
x Depth, and Top width, samples with high values are predominantly distributed in the
negative SHAP region, while those with low values appear more frequently in the positive
region. This indicates that larger scale combinations tend to reduce the output of the
current class, whereas smaller values are more likely to shift samples toward a different
classification result. In contrast, the distributions for Slope, Bottom width x Slope, and
Length x Slope are more concentrated, suggesting that their overall influence is relatively
weaker and that they primarily serve a supplementary corrective role.

Figure 21 presents the average bias-dependence curves for the four key features,
providing a more intuitive illustration of their marginal impact on the model’s output. It
can be seen that Bottom width x Slope shows a clear positive correlation with the model
output; after the feature value increases from a low level to approximately 0.08, the bias
dependence rises from about 0.77 to around 0.83 and tends to stabilize, indicating that the
promotional effect of this interaction term on class discrimination gradually saturates once
it reaches a certain level. In contrast, Top width, Depth x Bottom width, and Depth x Top
width all exhibit negative effects, meaning that as these variables increase, the model output
continues to decrease. Among them, Top width shows the most pronounced decrease in the
range of approximately 6.5 to 10, while Depth x Top width exhibits a sharp drop around
15 to 20, indicating that the model exhibits a clear threshold response to these features.
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Figure 22 illustrates the two-dimensional partial dependence relationships for four

sets of key feature combinations. Overall, all four figures exhibit distinct partitioning
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structures, indicating that the model’s response to feature combinations exhibits signif-
icant nonlinearity and threshold effects. Taking the combination of Length with other
variables as an example, when Length is below approximately 380430, the model output
remains generally high; however, once this range is exceeded, the contour lines rapidly
contract and the predicted values drop significantly, indicating that gully length is the
primary controlling scale influencing classification. At the same time, increases in the
combinations of Length x Erosion gully depth, Average top width, and Erosion gully
depth x Average top width typically further drive the output downward, suggesting a
synergistic inhibitory effect between gully length and gully depth or top width. In contrast,
changes in the combination of slope and Length are more concentrated as a step change
along the Length direction.
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Figure 22. Two-dimensional partial dependence plot.

4.3. Local Explanatory Analysis

SHAP waterfall plots (Figures 23 and 24) illustrate the local decision-making processes
of the Random Forest model for two individual samples, indicating that the model primarily
makes classification judgments by “accumulating evidence” from core-scale variables and
their interaction terms. Overall, the final output values for the two samples were —0.558
and —0.523, respectively, both indicating that multiple features collectively pushed the
prediction results in the same direction. Among these, Length and Length x Erosion Gully
Depth were the primary negative drivers in both figures, contributing the most significantly,
suggesting that gully length and its coupling with gully depth are the core determinants
of the model’s classification; Average top width and Erosion gully depth x Average top
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width also consistently provide negative contributions, indicating that the lateral widening
of the gully and its interaction with the downcutting process are equally important. In
contrast, variables such as slope and Length x slope have weaker influences and primarily
serve a supplementary corrective role.

fix) = —0.558
1

1798.883 ~ Length_x_Erosion gully depth
24.068 — Erosion gully depth_x_Average top width -0.07
0.037 = slope -0.04 '
7.971 = Average top width —0.04 '

0.039 =~ Average bottom width_x_slope =0:03 .
21.753 ~ Length_x_slope 0.01 '
3.214 ~ Erosion gully depth_x_Average bottom width l +0
l i i i l i i
-0.6 -0.5 -0.4 -0.3 -0.2 -0.1 0.0
E[f(X)] =0
Figure 23. SHAP waterfall explanation for typical sample 1.
flx) = —-0.523
|
3473.728 = Length_x_Erosion gully depth
14.034 = Average top width -0.1
69.119 — Erosion gully depth_x_Average top width
0.089 — Average bottom width_x_slope
9.613 — Erosion gully depth_x_Average bottom width

32.314 ~ Length_x_slope *0-()7’|
0.046 = slope —nm.

-0.6 -0.5 -0.4 -0.3 -0.2 -0.1 0.0
E[f(X)] =0

Figure 24. SHAP waterfall explanation for typical sample 2.

Figure 25 shows the SHAP decision tree for the Random Forest model, illustrating
how the prediction path changes across multiple samples as key features are progressively
applied. The horizontal axis represents the model output, the vertical axis lists features
sorted by importance, and the line segments depict the process by which different samples
start from a baseline value, pass through the sequential application of each feature, and
ultimately reach the predicted result. Overall, Length and Length x Depth are located at
the bottom of the decision path and exert the greatest influence on the majority of samples,
indicating that channel length and its interaction with channel depth are the core factors
influencing the model’s classification. Subsequently, features such as Depth x Top width,
Top width, and Length x Slope continue to adjust the prediction direction, causing the
samples to gradually diverge.

https:/ /doi.org/10.3390/app16094215


https://doi.org/10.3390/app16094215

Appl. Sci. 2026, 16, 4215

26 of 30

-0.6 -0.4 -0.2 0.0 0.2
1

” W

A
U

Bottom width x Slope

Slope

Depth x Bottom width

Length x Slope
Top width

Depth x Top width
Length x Depth

Length

-0.6 -0.4 -0.2 0.0 0.2
Model output value

Figure 25. SHAP Decision Path Diagram of the Random Forest Model.

5. Discussion
5.1. Geomorphological Implications of the Controlling Factors for Erosion Gully Grades

The findings of this study suggest that variations in erosion gully classifications cannot
be attributed to a single morphological parameter; rather, they represent an integrated
outcome of the combined influences of longitudinal extension, vertical deepening, and
lateral widening of the gullies. Analyses employing Random Forest feature importance,
permutation importance, and SHAP values consistently highlight that gully length, av-
erage top width, and their interaction terms with gully depth contribute substantially to
classification performance. This implies that gully length and top width serve not only as
critical metrics for differentiating between Small and Medium gully types but also partially
embody the geomorphological progression of gully evolution from initial incision through
subsequent development stages. Notably, the pronounced significance of the interaction
terms Length x Erosion Gully Depth and Erosion Gully Depth x Average Top Width under-
scores a distinct synergistic interplay among gully elongation, vertical incision, and lateral
erosion processes. Conversely, slope gradient and certain slope-related variables exhibit
a comparatively limited discriminatory capacity within the present dataset, potentially
due to the relatively homogeneous distribution of slope gradients across the study area.
Consequently, the results are best interpreted as a characterization of the morphological
determinants governing erosion gully grading. It is important to acknowledge that, as
environmental background factors such as precipitation, soil characteristics, land use, and
vegetation cover have not yet been incorporated, the geomorphological interpretations of
controlling factors currently rest primarily on morphological statistical associations. Future
integrative analyses incorporating these environmental drivers are anticipated to enhance
the mechanistic understanding of erosion gully development processes.

5.2. Methodological Advantages and Limitations

The principal methodological advantage of this study resides in the integration of the
robust nonlinear classification capabilities of the Random Forest algorithm with the inter-
pretability afforded by SHAP (SHapley Additive exPlanations). This combination facilitates
not only the accurate classification of erosion gully grades but also the elucidation of the key
variables driving the model’s discriminative performance, including the directionality of
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their effects. In contrast to opaque “black-box” models that prioritize classification accuracy
alone, the proposed framework is particularly well-suited for geomorphological investiga-
tions that require a balance between predictive performance and process interpretability.
Furthermore, the study systematically assessed model performance through the applica-
tion of cross-validation, grid search optimization, comparative analyses across multiple
modeling approaches, and evaluation of different strategies for addressing class imbalance.
The findings demonstrate that, given the current sample conditions, the Random Forest
model outperforms logistic regression, support vector machines (SVM), decision trees, and
backpropagation neural networks (BPNN) in overall performance. Additionally, the class
weighting technique employed exhibits favorable comprehensive results.

Nonetheless, it is important to acknowledge that the methodological framework
presented herein remains amenable to further refinement. First, limitations related to
field survey conditions and the costs associated with sample collection have resulted
in a relatively small sample size with an imbalanced distribution across erosion gully
grades. Consequently, the model’s capacity to accurately identify minority classes and its
stability across different data partitions warrant further validation using larger and more
balanced datasets. Second, although the incorporation of interaction terms enhances the
representation of the coupled developmental characteristics of erosion gullies, this approach
may inadvertently increase feature collinearity, particularly under conditions of limited
sample size. Future research could therefore benefit from the application of advanced
feature selection and dimensionality reduction techniques to optimize the variable set.
Finally, as the study’s samples are predominantly drawn from a single geographic region,
the generalizability of the findings is primarily confined to hierarchical classification within
this specific context. Extending the applicability of the results to other black soil regions
or diverse topographic settings will require progressive validation through cross-regional
data integration and external sample testing.

5.3. Implications for Future Research and Management Practices

The findings of this study suggest that the classification of erosion gullies is anticipated
to transition from conventional empirical assessments toward a more analytical framework
characterized by “multi-factor coupling and interpretable modeling.” Current investiga-
tions reveal that classification approaches relying solely on morphological parameters
can achieve a considerable level of accuracy in determining erosion gully grades, while
also identifying critical features such as gully length, crest width, and their interactions.
This establishes a robust foundation for advancing future research from “morphological
classification” to “mechanism interpretation.” Looking ahead, the integration of environ-
mental variables—including rainfall erosive force, soil properties, land use, vegetation
cover, and runoff conditions—into existing models, alongside the continuous augmenta-
tion of sample data across different grades, particularly medium- and high-grade erosion
gullies, is expected to enhance model stability, interpretive depth, and regional appli-
cability. Furthermore, the incorporation of diverse unbalanced learning strategies and
cross-regional validation techniques will facilitate a more comprehensive evaluation of the
model’s generalizability.

From a practical management perspective, the identification framework developed
in this study offers a valuable reference for the rapid surveying and graded management
of erosion gullies. By employing technical methodologies such as Real-Time Kinematic
(RTK) positioning, unmanned aerial vehicle (UAV) mapping, and remote sensing interpre-
tation, key parameters—including gully length, depth, and crown width—can be efficiently
extracted, enabling preliminary classification and risk assessment. This approach holds
significant practical implications for monitoring erosion gullies within the Black Soil Re-
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gion, prioritizing remediation efforts, and optimizing the allocation of inspection resources.
Nonetheless, under current research conditions, this method is best utilized as a com-
plementary tool to field surveys and existing classification standards, primarily serving
preliminary screening and auxiliary decision-making purposes. With future expansions in
sample size, refinement of variable systems, and advancements in external validation, this
framework is anticipated to assume a more prominent role in the precise monitoring and
management of erosion gullies.

6. Conclusions

(1) The morphological parameters of erosion gullies within the study area serve as effec-
tive indicators of gully characteristics across varying developmental stages. Notably,
gully length, depth, and average crest width exhibit significant variation among differ-
ent developmental levels, suggesting that alterations in erosion gully grading are pre-
dominantly reflected in scale-related attributes such as longitudinal extension, vertical
incision and deepening, as well as lateral expansion. These morphological features
offer a robust foundation for the classification and identification of erosion gullies.

(2) Among the five evaluated models—logistic regression, support vector machines,
decision trees, backpropagation neural networks, and random forests—the random
forest model demonstrated superior overall performance. Specifically, its accuracy on
the test set, F1-macro score, and balanced accuracy were 0.9143, 0.8087, and 0.8427,
respectively. These results indicate strong classification accuracy, generalizability, and
stability, rendering the random forest model particularly suitable for classifying black
soil erosion gully grades.

(3) In addressing challenges related to limited sample size and class imbalance, the
class weight balancing strategy outperformed both SMOTE-based oversampling and
undersampling techniques. This approach effectively enhanced the recognition of
minority classes while preserving model stability, thereby suggesting that a random
forest model incorporating class weight adjustments is better aligned with the data
characteristics of this study.

(4) Analyses of feature importance, permutation importance, and SHAP (SHapley Addi-
tive exPlanations) values reveal that gully length, average crest width, and interaction
terms such as gully length x gully depth and gully depth x average crest width
constitute the principal factors influencing gully grade classification. These findings
imply that variations in gully grades are chiefly governed by the synergistic processes
of gully elongation, vertical incision, and lateral widening. The integration of the
Random Forest model with SHAP interpretation not only achieves high-precision
grade classification but also provides an interpretable methodological framework for
elucidating erosion gully development mechanisms and facilitating targeted, graded
management strategies.
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