‘1 remote sensing

Article

Landslide Detection with MSTA-YOLO in Remote Sensing Images

Bingkun Wang ¥, Jiali Su "?>%, Jiangbo Xi "**({), Yuyang Chen !, Hanyu Cheng !, Honglue Li !, Cheng Chen !,

Haixing Shang 3* and Yun Yang !

check for
updates
Academic Editor: Domenico

Calcaterra

Received: 9 June 2025
Revised: 1 August 2025
Accepted: 11 August 2025
Published: 12 August 2025

Citation: Wang, B.;Su, J.; Xi, J.; Chen,
Y.; Cheng, H.; Li, H.; Chen, C.; Shang,
H.; Yang, Y. Landslide Detection with
MSTA-YOLO in Remote Sensing
Images. Remote Sens. 2025,17,2795.
https:/ /doi.org/10.3390/1rs17162795

Copyright: © 2025 by the authors.
Licensee MDP], Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license

(https:/ /creativecommons.org/
licenses /by /4.0/).

College of Geological Engineering and Geomatics, Chang’an University, Xi’an 710054, China;
2022905552@chd.edu.cn (B.W.); 2024026019@chd.edu.cn (J.S.); 2022906129@chd.edu.cn (Y.C.);
2022906128@chd.edu.cn (H.C.); 2022902224@chd.edu.cn (H.L.); 2022902800@chd.edu.cn (C.C.);
yangyunbox@chd.edu.cn (Y.Y.)

The State Key Laboratory of Loess, Xi’an 710054, China

Power China Group, Northwest Engineering Corporation Limited, Xi’an 710065, China; shang_hx@nwh.cn
The Xi’an Key Laboratory of Clean Energy Digital Technology, Xi’an 710065, China

Correspondence: xijiangbo@chd.edu.cn

These authors contributed equally to this work.

=W N

*

Abstract

Deep learning-based landslide detection in optical remote sensing images has been exten-
sively studied. However, several challenges remain. Over time, factors such as vegetation
cover and surface weathering can weaken the distinct characteristics of landslides, leading
to blurred boundaries and diminished texture features. Furthermore, obtaining landslide
samples is challenging in regions with low landslide frequency. Expanding the acquisition
range introduces greater variability in the optical characteristics of the samples. As a result,
deep learning models often struggle to achieve accurate landslide identification in these
regions. To address these challenges, we propose a multi-scale target attention YOLO
model (MSTA-YOLO). First, we introduced a receptive field attention (RFA) module, which
initially applies channel attention to emphasize the primary features and then simulates
the human visual receptive field using convolutions of varying sizes. This design enhances
the model’s feature extraction capability, particularly for complex and multi-scale features.
Next, we incorporated the normalized Wasserstein distance (NWD) to refine the loss func-
tion, thereby enhancing the model’s learning capacity for detecting small-scale landslides.
Finally, we streamlined the model by removing redundant structures, achieving a more
efficient architecture compared to state-of-the-art YOLO models. Experimental results
demonstrated that our proposed MSTA-YOLO outperformed other compared methods in
landslide detection and is particularly suitable for wide-area landslide monitoring.

Keywords: deep learning; landslide recognition; object detection; remote sensing

1. Introduction

Landslides are one of the important natural geological disasters in the world, which
seriously threatens the safety of human life and property [1,2]. Landslides are triggered
by various factors. In addition to natural factors such as earthquakes and rainfall, human
activities [3—6] may also cause landslides. Landslide detection is of great significance
and requires arduous work. Rapid and accurate landslide detection can provide great
serviceability and help for disaster relief and treatment.

In optical images, landslides typically exhibit the following characteristics due to the
disruption of the original terrain integrity: (1) bare soil partially covered by vegetation;
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(2) fractured ground surfaces; (3) coarse and uneven textures; and (4) discontinuous land-
scape patterns. Over time, the distinctive surface characteristics of landslides gradually
diminish due to factors such as vegetation regrowth and surface weathering. For such
landslides, existing methods have difficulty to meet the requirements of precise detection.

Currently, the extraction of landslide features from optical imagery primarily relies
on the expertise and experience of landslide specialists, who manually analyze remote
sensing images to delineate landslide locations and boundaries. However, this approach is
time-consuming and labor-intensive, and its effectiveness is influenced by the subjective
judgment of individual experts, leading to inconsistencies in landslide interpretation. Au-
tomatic extraction methods aim to translate the visual interpretation expertise into remote
sensing algorithms and rules, enabling computers to automatically identify landslides.
Compared to manual interpretation, automatic extraction is highly sensitive to the qual-
ity of the remote sensing images, often resulting in relatively lower recognition accuracy.
Recently, deep learning methods have been increasingly applied to the field of remote sens-
ing [7-13], including the automatic detection of landslides [14-18]. This process typically
involves two steps: first, landslide regions are annotated based on prior knowledge, and
then the labeled data are used to train deep learning models, enabling the detection of
landslides in other regions.

Specifically, in order to improve detection performance, Zhang et al. [19] introduced a
context enhancement module composed of dilated convolutions into the regression branch
of the decoupled head, replacing the coupled head in YOLOv5s with an improved decou-
pled head to boost model effectiveness. Additionally, Gao et al. [20] proposed a multi-scale
attention model (SWIN-MA) based on Swin transformer, capable of comprehensively cap-
turing and learning multi-scale landslide features. Meanwhile, Dong et al. [21] developed
a multi-scale feature fusion lightweight neural network (MFFLnet) and employed a deep
transfer learning (TL) strategy, enabling MFFLnet to leverage prior landslide knowledge
from the source domain and apply fine-grained data augmentation to mitigate overfitting.
However, these models exhibit inconsistent performance when dealing with small targets,
objects with extreme shapes (e.g., slender, narrow, or tall), and datasets containing diverse
target types within the same class.

Therefore, current research has also proposed corresponding methods for specific
landslide challenges. Huang et al. [22] combined morphological edge recognition with Swin
transformer deep learning models to enhance boundary delineation, effectively solving the
problems of boundary irregularity and feature discretization in landslide detection. Due to
the presence of interference factors such as vegetation cover, it is often difficult for models
to fully learn the optical characteristics of landslides. Chen et al. [9] and Xu et al. [23]
utilized the texture features of high-resolution images and combined them with auxiliary
features such as normalized vegetation index (NDVI) and gray level co-occurrence matrix
(GLCM) to improve model performance. However, these studies are only focused on a
specific area, and the performance of large-scale landslide detection has not been fully
validated, resulting in significant limitations.

To explore more effective solutions for landslide detection, Zhao et al. [24] and Gao
et al. [25] integrated the strengths of CNN and transformer models, proposing a network
that simultaneously focuses on both local and global characteristics of landslides. Despite
their advantages, transformer-based models and their improved variants [10,26] generally
require large-scale datasets and prolonged training times to achieve optimal performance.
Consequently, these requirements significantly limit the practical application of such models
in scenarios with constrained computational resources.

To address the aforementioned challenges, we conducted a comprehensive investiga-
tion of mainstream attention mechanisms and modules [27-36], among which the efficient
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channel attention (ECA) [37] and receptive field blocks (RFB) [38] stood out due to their
feature enhancement capabilities. However, these methods exhibit certain limitations
when applied to landslide detection. Specifically, ECA performance is constrained in
complex scenarios involving diverse landslide characteristics, while RFB lacks attention
to channel information during the training process, which limits its ability to effectively
capture landslide features. To overcome these limitations, we propose a novel attention
mechanism called receptive field attention (RFA), designed to enhance landslide detection
accuracy while maintaining computational efficiency. Building on this innovation, we
introduce multi-scale target attention YOLO (MSTA-YOLO), which demonstrates superior
performance in detecting multi-scale landslides, capturing subtle and ambiguous features,
and effectively identifying small landslides in three-channel optical imagery. The main
contributions of this paper are as follows:

(1) A novel attentional mechanism denoted as receptive field attention (RFA) is proposed.
The design of RFA refers to the structure of the human receptive field, allowing the
model to extract more effective features from both channel and space perspectives.

(2) The normalized Wasserstein distance (NWD) [39] is introduced into the loss function
instead of the traditional cross ratio calculation method, which reduces the sensitivity
of the traditional cross ratio and further improves the performance of the model on
small targets.

(3) The MSTA-YOLO model demonstrates significant performance improvements on
both the Bijie and Luding landslide datasets, outperforming existing state-of-the-art
models. Furthermore, its application to the Southwest landslide dataset validates the
enhanced transfer learning capability enabled by our proposed module.

2. Data and Study Areas

To comprehensively evaluate the proposed MSTA-YOLO model, we conducted ex-
periments on three landslide datasets: Bijie, Luding, and Southwest. The Bijie dataset,
widely utilized in current research, provides a benchmark for comparing our method with
state-of-the-art landslide detection models. The Luding dataset, featuring representative
landslide targets, serves as a critical test for evaluating the model’s practical applicability
in real-world disaster prevention scenarios. Furthermore, the Southwest dataset was em-
ployed to verify the enhanced transfer learning capability of our model compared to the
original version.

2.1. Bijie Landslide Dataset

To train and evaluate the proposed model, we utilized the Bijie landslide dataset,
which was published by Wuhan University, China [40]. The study area is located in Bijie
City, Guizhou Province, China, with a total area of 26,853 square kilometers, covering the
entire territory of Bijie City. The region has an average altitude of 1600 m and is surrounded
by mountains and rivers. Due to its steep slopes, fragile ecological environment, and
geological instability, this area is one of the most landslide-prone regions in China.

This dataset comprises 770 optical remote sensing images of landslide samples, ex-
tracted from TripleSat satellite imagery captured between May and August 2018. Each
sample consists of RGB bands with a spatial resolution of 0.8 m. To ensure uniformity, all
images are resized to 320 x 320 pixels using the LetterBox strategy. The dataset is randomly
divided into three groups in an 8:1:1 ratio, which are used for training, validation, and
testing, respectively. The processed data set is shown in Figure 1.
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labels

Figure 1. Bijie landslide dataset. The labels are indicated by green boxes.

2.2. Luding Landslide Dataset

For comprehensive model validation, we incorporated the Luding landslide dataset [41]
to supplement experimental evaluation. Distinct from the Bijie dataset, Luding contains
predominantly newly-formed landslides, providing critical reference values for real-world
landslide disaster identification.

The Luding landslide dataset [41] originates from GF-2 satellite imagery (Orbit 43565)
acquired on 10 September 2022, following the Mw6.8 Luding earthquake on 5 September
2022, in Ganzi Tibetan Autonomous Prefecture, Sichuan Province. This disaster triggered
extensive landslides, providing the raw data for dataset construction. As shown in Figure 2,
the newly generated landslide has a relatively clear boundary, but the size varies greatly.
If there are multiple landslides in the same image, the boundaries between each landslide
are rather difficult to distinguish. Within the county-level administrative region, subject to
the constraints of the study scope, the Luding landslide dataset contains 283 images, each
224 x 224 pixels in size. This poses challenges to the learning and generalization capabilities
of the model. To ensure that the model can receive sufficient learning based on this dataset,
we divided the dataset in an 8:1:1 ratio to guarantee the sufficiency of training samples.

labels

Figure 2. Luding landslide dataset. The labels are indicated by green boxes.



Remote Sens. 2025, 17, 2795

50f21

2.3. Southwest Landslide Dataset

In real-world applications, landslide detection often encounters more complex chal-
lenges. Compared with Bijie City and Luding County, regions with low landslide frequency
usually contain fewer landslide targets and exhibit more distinctive characteristics of these
targets. We refer to such regions as difficult areas. Detecting landslides in these difficult ar-
eas is equally important. However, the dimensional variations and diverse optical features
of landslide targets in these regions, combined with the limited sample size due to the low
frequency of landslides, make accurate detection particularly challenging.

To evaluate the model’s performance in identifying landslides in difficult areas, we use
the Southwest landslide dataset [19]. The landslide dataset has a wide study area covering
five provinces in southwest China, including Gansu, Sichuan, Guizhou, Yunnan, and Tibet.
It is located between 90°23'-106°39'E and 22°27'-33°56'N. These areas are between 500 and
4500 m above sea level, and the terrain is complex. The dataset contains only 500 positive
sample images, each containing one or more landslides. After expert interpretation and
confirmation of the samples in the dataset, we ultimately used it for training and testing. As
shown in Figure 3, the size of landslide targets in this dataset varies greatly, and the number of
landslide targets of different sizes is limited. As shown in Figure 4, the optical characteristics
of landslide in the data set are extremely rich. The model can only learn multiple types of
landslides with very limited samples, and the challenge is extremely difficult.

Figure 3. The shape and size of all landslides in the dataset. (a) The shapes of all target boxes are
displayed (b), and the coordinates of each point represent the sizes of different target box heights and
widths. (¢) Showing landslides of different sizes. The labels are indicated by green boxes.

Figure 4. Individual representation of different landslide samples in the Southwest dataset. The
labels are indicated by green boxes.
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3. Methods
3.1. MSTA-YOLO Network Structure

To address the complex optical characteristics of landslides and improve detection accuracy,
we propose an innovative model called multi-scale target attention YOLO (MSTA-YOLO). The
overall structure diagram of MSTA-YOLO is shown in Figure 5. While retaining the advantages
of YOLOv11, MSTA-YOLO reconstructs its network structure to enhance feature extraction
and small target recognition capabilities. First, we introduced receptive field attention (RFA)
at three positions in the neck of the model, connected to the detection head to detect small,
medium, and large targets. RFA simulates the human visual receptive field by combining
multi-scale convolution operations and channel attention, allowing the model to better capture
multi-scale landslide features and enhance its learning ability. Second, since landslide samples
often contain a large number of small targets, the traditional boundary regression loss in the
detection head is prone to errors when dealing with these targets. To address this, we replaced
the traditional method with normalized Wasserstein distance (NWD) loss, which improves
the model’s ability to distinguish between positive and negative samples and facilitates more
effective model convergence. Finally, we removed the C2PSA block from YOLOv11, which was
found to be redundant and negatively impacted model learning. The removal of this module
simplifies the model structure and improves overall efficiency, as confirmed through detailed
data analysis in our ablation experiments. These improvements enabled MSTA-YOLO to achieve
superior landslide detection performance across diverse scenarios, including multi-scale targets,
complex optical features, and limited sample conditions.

Detect

3x3CB
3x3 CB
dilation=1 padding=1 3x3CB

Padding=1

I
I
I
I
I
I
I
3x3 CB
dilation=2 FSCB | |
1
1
I
I
I
I
I
I

Padding=2 paddingT

3x3CB
dilation=3
Padding=3

CBS CBS 1 <
1
e T S
e T R | |

Bilinear ) I Stem Block 1
Upsampling ~_~ P = 1 gy l

peampling pLb------o

Concat J J 1 M

_———> 1% 1 L~ | -m
NWDLoss CBS  C3k2  RFA SPPF b e e e Y/ ____

Figure 5. MSTA-YOLO general frame diagram. Compared to the original YOLOv11 in the upper
sampling part, MSTA-YOLO adds the RFA module in the neck, while eliminating the redundant C2PSA
block. In addition, NWD is introduced into the detector to make the loss function more reasonable.
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3.2. YOLOv11 and C2PSA Block

Compared with the previous models of the YOLO series, the YOLOv11 not only
proposes an updated downsampling module and detection head, but also introduces the
C2PSA mechanism. The C2PSA block combines the cross stage partial (CSP) structure
and the pyramid squeeze attention (PSA) block, enhancing the feature extraction ability of
YOLOv11. As shown in Figure 6, after a simple convolution operation, the feature map
is divided into the primary processing branch and the secondary processing branch. The
main branch realizes dynamic feature modulation through multiple PSA blocks to enhance

the model’s perception of the target position. The secondary path retains the original
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Figure 6. The overall structure of YOLOv11. (a) The YOLOv11 network. (b) The structure of C2PSA
block. (c) Structure of the PSA block.

This design is effective, but there is a potential conflict with the RFA we proposed.
First, when C2PSA establishes global dependencies, it does not pay additional attention
to the information at specific important positions, which often easily leads to the loss of
important information. RFA pays more attention to the characteristics of the central area
within the receptive field range, which does not conform to the logic of feature extraction by
C2PSA. Second, the inclusion of ECA in RFA enhances the model’s attention to important
channels. Meanwhile, a richer CSP structure is designed to improve the expression ability
of features. These designs are clearly further improvements over the C2PSA. To sum up,
RFA, with the same CSP structure as C2PSA, has more diverse and rich considerations.
Therefore, there is a potential risk of incompatibility between the two. In the experiment in
Section 4.3, the results prove this point.

3.3. Receptive Field Attention

In remote sensing images, landslides have a variety of optical features and scales,
which makes it difficult for the model to extract the feature information of landslides
effectively. In this paper, we designed an RFA module, which can effectively improve
the adaptability of the model to multi-scale and nonlinear, so as to improve the perfor-
mance of the YOLO model in landslide detection. As shown in Figure 5, the RFA contains
three branches. The first branch obtains the channel attention vector of the original fea-
ture through the sigmoid function and generates the corresponding weight. The second
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branch consists of the ECA and the receptive field module (RFB) to fully extract the feature
information. The third branch is used for weighting and adding features in specific posi-
tions to enrich the semantic information of features and make the expression of features
more accurate.

3.3.1. Receptive Field Block

Inspired by the human receptive field, the RFB utilizes multi-branch pooling, with
different branches using a convolution kernel of different sizes to respond to receptive fields
of different sizes, using extended convolution layers to control eccentricity and reshaping
them to generate the final representation.

As illustrated in Figure 5, the RFB module comprises three distinct processing branches,
each configured with specific padding and dilation parameters to handle feature in-
formation at different scales. The unified configuration of padding and dilation pa-
rameters is briefly referred to as DP in the following text: (1) Small-scale processing
branch—implements a basic dilated convolution (DP = 1) for local feature extraction.
(2) Medium-scale processing branch—extends the first branch by incorporating an ad-
ditional standard convolution layer (pooling coefficient = 1) while increasing the padding
and dilation coefficient to DP = 2. (3) Large-scale processing branch—augments the ar-
chitecture with a 3 x 3 standard convolution layer and further elevates the padding and
dilation coefficient to DP = 3 for global context capture.

The hierarchical design balances feature extraction across different scales. Small-
scale features contain limited but precise information. Therefore, they undergo minimal
processing. This preserves their delicate details. In contrast, large-scale features often
contain irrelevant content. Thus, they require deeper refinement. The system fuses outputs
from multiple branches. This fused output optimizes the receptive field characteristics.
Specifically, it maintains an optimal size—eccentricity relationship. The design emphasizes
central regions in the receptive field. It also enhances spatial robustness. Most importantly,
it prioritizes high-level feature abstraction. This focus helps avoid over-reliance on location-
specific details. Then, the receptive field features and initial features are weighted and
added, and the formula is as follows:

X, = 0.1- Xp + X (1)

where, Xr represents the receptive field feature, Xj, represents the initial feature, and X,
represents the output feature after weighted addition.

3.3.2. Efficient Channel Attention

ECA is an efficient plug and play channel attention mechanism that does not require
a lot of additional computation. ECA consists of a compression module for compressing
global spatial information and an incentive module for implementing channel interaction.

Its structure is shown in Figure 7. Specifically, first perform global average pooling (GAP)

RHXWXC

on the eigenvalue X € , and its calculation formula is as follows:

1
i=1j

M=
1=

Xeij 2)
1

I
-~
I

where C, H, and W, respectively, represent the number of channels, height, and width. ¢
represents the index of the channel, and 7 and j represent the position indexes of height and
width, respectively. GAP(-),. represents the independent calculation of the average value
of all spatial positions for each channel c. The output is X; € RI*1*C,
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Figure 7. ECA structure diagram.

Second, calculate the channel weights based on X7 and multiply them with the input
original features. The calculation process is as follows:

w = Fgca(X1) = ¢(ConvID(X1)) 3)

Y =wX 4)

where ¢ represents the sigmoid function and w represents the channel attention vector. Y
represents the output feature map. Conv1D represents a one-dimensional convolution with
a convolution kernel of size k. The convolution kernel size k is determined from the channel
dimension C. Specifically, k is calculated as follows:

log, (C) 4 b

k=) = |22 42

(5)

odd

where |-1,4; indicates the nearest odd number of | - |, v and b are hyperparameters. Ac-
cording to the conclusion of Wang et al. [37], we set the values of v and b to 2 and
1, respectively.

In RFA, the feature map is first processed by ECA, which has a significant effect and
a small number of parameters. The feature map is then sufficiently reshaped by RFB
to highlight the importance of areas close to the center, allowing the model to focus on
identifying high-level abstract features. It starts from two branches of the input feature
graph. One of the branches fuses the original features with the output features of RFB to
enrich the semantic expression of the features; the other branch is processed through the
sigmoid activation function to generate a weight matrix w; that retains the original feature
information. The calculation formulas are as follow:

w1 = (X) (6)

Xout = w1 - ReLU(X,) (7)

where X, is regarded as the output of RFA. Such a design can ensure the accurate semantic
expression of the feature map and improve the performance of the feature map in detail. A
ReLU activation function is then placed in the stem block to improve the expressiveness of
the model.
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3.4. Normalized Wasserstein Distance

The traditional calculation of regression loss relies on the cross ratio (IoU), and its

calculation formula is as follows:
ANB

AUB ®
where A represents the prediction box and B represents the true box. This simple calculation

IoU =

has high sensitivity when learning and detecting small targets; that is, a small deviation
between the prediction box and the true position will significantly reduce the IoU. Figure 8
shows the most common situations of deviation between the prediction box and the real
box. This will lead to the model’s inability to reasonably distinguish between positive and
negative samples, making it difficult for the network to converge. At the same time, the

smaller the size of the images in the dataset, the worse this phenomenon is.

Figure 8. The distribution of the prediction box and the real box during the training and testing
process. Among them, the prediction box is represented by blue and the true box by green. The color
usage in the following figure is consistent with that of this figure.

Normalized Wasserstein distance (NWD) mainly uses Wasserstein distance to measure
the similarity of bounding boxes, thereby overcoming the difficulties of traditional IoU
and its modifications [42-46] when processing small target scenarios. NWD first models
the bounding box as a two-dimensional Gaussian distribution and then uses normalized
Wasserstein distance to measure the similarity of the derived Gaussian distribution.

Specifically, given two 2D Gaussian distributions iy = N(my, Y1) and u, = N(myp, Y ),
the second-order Wasserstein distance between them is defined as follows:

W3 (i pip) = lmr —mo| 3+ Tr(Y 1+ Y o —2(352 Y1 Y32 )

To convert this distance into a measure of similarity between 0 and 1, NWD normalized
in exponential form is defined as follows:

W2(Ny, Np)

NWD(N3, Np) = exp(— >

(10)

where C, is the constant associated with the dataset and is usually set to the average
absolute size of the target detection dataset [36]. Its calculation formula is the following:

1 n
C==-) P (11)
ni3

where P; represents the pixel value of each target box, and n represents the number of
target boxes.
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3.5. Evaluation Metrics

The main goal of this study was to delineate the landslide area and identify the
candidate box location. The Bijie landslide dataset has different scales of targets, and some
types of landslides are occluded by trees. Therefore, the accuracy of landslide location needs
to be accurately expressed. We improved the model’s expression of the deviation between
the predicted values and the true values by introducing NWD, and based on this, selected
four evaluation metrics to fully measure the performance of the model: precision, recall,
average precision mAP50, and mAP50-95. Precision, recall, and F1-score are calculated
using the following formula:

TP
P=Tp17p (12)
TP
R= TP+ FN (13)
2.P-R
Fl="% 4 (14)

where TP is the number of correct objects detected. FP is the number of incorrectly detected
objects. FN is the number for missing the actual landslides. The AP value is the area
enclosed by the P-R curve, which is calculated as follows:

1
AP = / PdR (15)
0

where P is precision and R is recall.

mAP is the weighted average of the average accuracy AP for all classes including
mAP@50 and mAP@50-95 and represents the mAP calculated for IoU threshold of 0.5 and
the average mAP calculated for IoU threshold of 0.5 to 0.95, with 0.05 as the step size. The
mAP is calculated using the following formula:

mAP = 1:1M (16)
where M is the number of classes.

4. Results

In this section, we verify the feasibility of our approach based on specific research
areas. In Section 4.1, we described the relevant settings we used in our experiment. In
Section 4.2, we verify the feasibility of the proposed approach. In Section 4.3, we perform
ablation experiments to prove the connection between the various modules in MSTA-
YOLO. In Section 4.4, we detail the performance of MSTA-YOLO in detecting landslides in
difficult areas.

4.1. Experimental Setup

To ensure the reliability of the experiment, we maintained a consistent hardware and
software configuration across all experiments. The hardware configuration includes a
12th Gen Intel(R) Core(TM) i7-12700H CPU, 32 GB of RAM and a Windows operating
system. The batch size is set to 1, with each training session running for 200 epochs. The
learning rate is set to 0.01, and the number of workers is set to 8. Due to the small sample
size of the Luding landslide dataset, in order to prevent overfitting, our model sets the
batch size to 8 when training the Luding landslide dataset.
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4.2. Accuracy Verification of MSTA-YOLO on Bijie Landslide Dataset

As shown in Table 1, the proposed MSTA-YOLO has the best comprehensive perfor-
mance. Specifically, in terms of precision, our method improved by 6.1% compared to
the original YOLOv11. Although our method was lower than the 96.17% of LA-YOLO-
LLL model in precision, our method took into account the precision and recall rates of F1
and mAP50 parameters which are 3.17% and 3.7% higher than the LA-YOLO-LLL model,
respectively. In terms of recall rate, our method outperformed the second best perform-
ing YOLOVS by 3.4%, up to 99.5%, which is significantly higher than all other models.
Moreover, our mAP50 reached 99.1%, 3.4%, and 3% higher than YOLOvS8 and YOLOv11,
respectively, and mAP@50-95 was 3.2% and 3.8% higher than YOLOvS8 and YOLOv11,
respectively. At the same time, our method was still 3.1% higher in F1 scores than the
existing best-performing model proposed by Jiang et al.

Table 1. Comparison of results of landslide recognition accuracy of each model.

Method P R F1 mAP50 mAP@50-95
YOLOv10 69.2% 75.3% 72.1% 80.7% 50.8%
YOLOV9 79.8% 80.5% 80.1% 86.4% 52.5%

Re-Net [47] 83.88%
TCNet [48] 84.19% 89.2% 85.12%
DBSANet [41] 87.08%
ShapeFormer [49] 86.74% 89.52% 88.11%
LBE-YOLO [50] 90.6% 86.5% 88.5% 91.0%
ETGC2-net [51] 90.11% 89.98% 90.04%
Jiang et al. [52] 92.3% 96.0% 94.1%

YOLOVS 86.7% 96.1% 91.2% 95.7% 66.7%

YOLOv11 88.9% 93.4% 91.1% 96.1% 66.1%
LA-YOLO-LLL [53] 96.17% 91.98% 94.03% 95.4%
MSTA-YOLO (ours) 95% 99.5% 97.2% 99.1% 69.9%

In Figure 9, we can see that MSTA-YOLO has good stability in performance against
a variety of challenging types of landslide images. First, we defined targets smaller than
32 pixels by 32 pixels as small targets, which are difficult for the model to learn due to
the limited features; however, these targets are still accurately and stably detected by our
method. Secondly, the shape and size of the object were different, and there may even
have been some very small, very large or extreme shapes (such as slender, narrow, and
tall, etc.) of the object, which bring great difficulties to the accurate identification and
accurate positioning of the target. Our model still showed excellent stability in this type of
detection. Finally, due to the influence of vegetation occlusion, surface differentiation, and
other factors, the boundary between some targets and the background was not clear, and
the overall feature expression of the targets very weak, which often readily causes missed
detection and misdetection of the model. However, our method still performed well under
such circumstances.

4.3. Ablation Experiment

In order to fully analyze the effectiveness of the above strategies, we conducted
ablation experiments on the Bijie landslide dataset and selected YOLOV11 as the baseline.
The experimental results are shown in Table 2.

Adding RFA to the neck of YOLOV11 increases the average accuracy of mAP50 and
mAP50-95 by 0.9% and 1%, respectively. This proves that the designed RFA effectively
improves the performance of YOLOv11 in landslide detection on the basis of the original.
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Figure 9. Detection results of MSTA-YOLO. Among them, we kept the original size of the image.

Table 2. Ablation based on Bijie landslide dataset. Among them, * represents that the C2PSA block

has been removed from the model.

Method P R mAP50 mAP@50-95
YOLOv11 88.9% 93.4% 96.1% 66.1%
YOLOv11 + RFA 91% 93.5% 97% 67.1%
YOLOv11 + NWD 88.4% 89.6% 94.6% 65.2%
YOLOv11 + RFA + NWD 91.4% 96.5% 97.8% 60.6%
YOLOv11 * 89.1% 97.4% 95.3% 70.3%
YOLOv11 * + RFA 93.7% 96.2% 98% 70.9%
YOLOv11 * + NWD 90.5% 99.4% 98.2% 68.3%
MSTA-YOLO (ours) 95% 99.5% 99.1% 69.9%

As shown in Table 2, although the performance of the model decreases to a certain
extent when the C2PSA block is added separately compared to YOLOv11, the performance
of the model is greatly improved when RFA or NWD is added separately again. Specifically,
when the model without C2PSA module is added with RFA, compared with the model
with only RFA, the average accuracy of mAP50 and mAP@50-95 is improved by 1% and
3.8%, respectively, and compared with YOLOv11, the average accuracy is improved by
1.9% and 4.8%, respectively. If NWD is introduced alone, the model performance will
slightly decrease compared with YOLOv11. However, when the C2PSA block is removed,
the model performance is improved compared with YOLOv11, and the average accuracies
of mAP50 and mAP@50-95 are improved by 2.1% and 2.2%, respectively. If RFA is further
introduced, the comprehensive performance of the model will achieve the optimum. In
general, by removing redundant modules and removing C2PSA blocks, the performance of
the model can be effectively released, while NWD can have a positive effect.
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Ablation experiments show that the proposed RFA and the introduced NWD can
optimize the performance of the model, and the redundant modules removed also have
positive significance.

4.4. Performance Test Based on the Luding Landslide Dataset

Compared with mAP50, this experiment mainly referred to the more rigorous
mAP@50-95 metric. As shown in Table 3, compared with other models, the MSTA-YOLO
we proposed has outstanding comprehensive performance. Specifically, in the precision
parameter, although the 89.7% and 92.1% of YOLOvV9 and YOLOv11, respectively, are
higher than our 86%, their poor recall leads to the performance of YOLOv9 and YOLOv11
not being sufficiently satisfactory. In terms of F1 scores, MSTA-YOLO was 2.5% and
8.5% higher than YOLOV9 and YOLOV11, respectively. This indicates that during training,
YOLOV9 and YOLOV11 often tend to miss many targets that must be detected in order
to improve accuracy. Although YOLOV10 strikes a good balance between precision and
recall, its various performances are not outstanding, and it still fails to meet the application
requirements. The MSTA-YOLO we proposed strikes a good balance between precision and
recall. Therefore, in mAP@50-95, our method outperformed YOLOvV9 by 6.2%, YOLOv10
by 10.6%, and YOLOv11 by 18.2%, respectively. Meanwhile, it can also be seen from the
simple ablation experiments based on Luding landslide dataset in Table 4 that the module
we proposed can effectively improve the performance of the model.

Table 3. Comparative experiments based on the Luding landslide dataset.

Method P R F1 mAP@50-95
YOLOV9 89.7% 68.3% 77.6% 49.2%
YOLOv10 77.0% 68.3% 72.4% 44.8%
YOLOv11 92.1% 58.5% 71.6% 37.2%
MSTA-YOLO (ours) 87.1% 79.5% 83.1% 56.3%

Table 4. Ablation based on Luding landslide dataset. Among them, * represents that the C2PSA block
has been removed from the model.

Method P R F1 mAP@50-95
YOLOv11 92.1% 58.5% 71.6% 37.2%
YOLOvV11 + RFA 84.7% 74.4% 79.2% 54.5%
YOLOv11 + NWD 90.5% 73.1% 80.8% 55.9%
YOLOv11 * + RFA 86.0% 75.0% 80.1% 55.4%
YOLOv11 * + NWD 92.6% 69.2% 79.2% 51.2%
MSTA-YOLO (ours) 87.1% 79.5% 83.1% 56.3%

To visually demonstrate the advantages of our approach, we present the performance
of three of the best-performing models in the Luding landslide dataset. In Figure 10a, due
to the overly long and narrow shape of the target, YOLOv11 missed the target in the image.
In Figure 10b, the three models have deviated from the real labels to varying degrees,
respectively. Specifically, YOLOV9 accurately identified individual landslides in the images.
YOLOV11 not only missed a large number of landslide targets but also failed to precisely
locate the identified targets. The performance of MSTA-YOLO was completely better than
these. In Figure 10c, the ability of the three models to precisely locate the target is further
demonstrated. In Figure 10d,e, we find that when facing landslide targets with relatively
complex optical features, YOLOV9 cannot define well the boundary of the landslide, while
YOLOV11 cannot determine whether there is a single landslide or multiple landslides in
this area. It can be seen from Figure 10f that MSTA-YOLO can better define the boundary
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of the landslide. Overall, MSTA-YOLO has sufficient capabilities to deal with the rapid
detection of newly formed landslides in specific areas.
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Figure 10. Detection results based on the Luding landslide dataset. (1) Original image. (2) The test

results of YOLOV9. (3) The test result of YOLOv11. (4) The test results of MSTA-YOLO. (5) Ground
truth. Columns (a—f) show representative detection cases on different test images.

4.5. Verification of Difficult Areas Based on the Southwest Landslide Dataset

In this section, we mainly demonstrate the improvement effect of the modules we
designed and introduced on the learning ability in difficult areas. Due to the significant
differences between the Southwest landslide dataset and the two datasets in the previous
experimental section, we adopted a transfer learning strategy to fine-tune the model on
this dataset. MSTA-YOLO utilizes the weights pre-trained on the Bijie landslide dataset as
the initial model and fine-tunes the parameters on the Southwest landslide dataset. The
Southwest landslide dataset is randomly divided into training, validation, and test sets in a
ratio of 8:1:1. The number of training iterations is set to 100, with a batch size of 8, and the
remaining hyperparameters remain consistent with the training configuration of the Bijie
landslide dataset. The test results of the fine-tuned MSTA-YOLO model on the Southwest
landslide dataset are presented in Figure 11.
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Figure 11. Detection results of MSTA-YOLO in Southwest landslide dataset.

As shown in Figure 11, the performance of MSTA-YOLO is very stable when faced
with multi-scale landslide targets with different optical characteristics. However, in the
face of individual landslide targets with blurred boundaries, the accurate positioning of
MSTA-YOLO is challenged. In order to accurately evaluate its advancements compared to
traditional methods, we compared MSTA-YOLO with its corresponding YOLOv11. The
comparison results are shown in Table 5.

Table 5. Detection performance of YOLOv11 and MSTA-YOLO in Southwest landslide dataset.

Method P R mAP50 mAP@50-95 GFLOPs FPS
YOLOv11 69.8% 48.5% 57.6% 26.5% 6.4 29.77
MSTA-YOLO 72.1% 49.9% 59.1% 30.5% 7.0 29.31

Overall, MSTA-YOLO has a stronger transfer learning ability and a stronger ability to
extract complex features, which is conducive to the accurate identification of landslides
in difficult areas. Specifically, MSTA-YOLO outperformed YOLOv11 on the mAP@50-95
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metric by as much as 4%. Among other accuracy indicators, MSTA-YOLO had an equally
excellent performance. Meanwhile, we introduced GFLOPs and FPS to measure the com-
plexity and detection speed of the model. GFLOPs represent the number of floating-point
operations required for one forward inference (unit: 10° times). FPS represents the number
of image frames that the model can process per second. Experiments prove that the model
we proposed, compared with the original YOLOvV11, only slightly increases the model
complexity while ensuring a significant improvement in accuracy, and it has no obvious
impact on the real-time performance of model checking.

5. Discussion

In the actual detection of landslides, the optical characteristics of landslide samples are
complex, and the acquisition of landslide samples is difficult. This makes it very complex
for the existing methods to achieve precise detection in specific areas. This paper proposes
the MSTA-YOLO model. First, it took the Bijie landslide dataset as the baseline and proved
that its performance had reached the best level among existing models. Second, we verified
the practicability of MSTA-YOLO based on the Luding landslide dataset. Finally, based
on the Southwest landslide dataset, we verified that our method can achieve stronger
detection capabilities in some difficult areas through transfer learning. The experimental
results not only demonstrate the superiority of our method, but also show that when a
sudden landslide disaster occurs in a specific area, even if the local landslide samples are
limited and the optical characteristics of the samples are complex, MSTA-YOLO can still
achieve precise detection of landslides.

The F1-confidence curve in Figure 12 shows the performance of MSTA-YOLO during
training under different confidence thresholds in different datasets: In the Bijie landslide
dataset, when the threshold is set to 0.389, the F1 score will reach the highest of 0.95.
In the Luding landslide dataset, the F1 score of the model reaches the best when the
threshold is 0.20. When the threshold of the model was set at 0.412, the F1 score reached the
highest of 0.58 in the Southwest landslide dataset. This surface model is more strategically
inclined towards a higher recall rate to ensure the detection of potential landslide risks. In
subsequent tests, using the corresponding optimal threshold can achieve a good balance
between accuracy and recall, thereby enhancing the overall ability of the model to detect
landslide targets.
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Figure 12. The Fl-confidence curve of the MSTA-YOLO experimental results. (a) Experiments based
on the Bijie landslide dataset. (b) Experiments based on the Luding landslide dataset. (c) Experiments
based on the Southwest landslide dataset.
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As shown in Table 5, in this paper, RFA is used to replace the traditional C2PSA of
YOLOv11. While ensuring the improvement of model performance, it does not bring
excessive computational costs. This inexpensive design means that this block has broad
application prospects. Meanwhile, experiments proved that the design based on the
receptive fields has broad potential in landslide detection. NWD enhanced the model’s
performance in detecting landslides, demonstrating that small-sized landslides play a
significant role in landslide detection. In future work, we will continue to develop blocks
with more outstanding performance based on receptive fields and will propose lightweight
models with better performance.

6. Conclusions

In order to realize the accurate detection of multi-scale landslides under complex
conditions, we propose the MSTA-YOLO landslide detection model. By designing RFA and
introducing NWD loss function, the structure of the model was reconstructed, which made
the model more suitable for accurate landslide detection in local low resolution remote
sensing images. This study conducted experiments using the landslide datasets of Bijie City,
Guizhou Province and Luding County, Sichuan Province. Experimental results showed
that MSTA-YOLO had a better performance than other single-stage rapid detection models,
and could meet the task requirements of accurately identifying landslides in local low-
resolution three-channel remote sensing images. Meanwhile, based on transfer learning
of the Southwest landslide dataset, we demonstrated that MSTA-YOLO can effectively
learn and extract landslides with multiple characteristics in difficult areas, which indirectly
proved the feasibility of the module we designed and the recommended method.
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