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ABSTRACT
Detecting landslides is a critical challenge within the remote sensing fraternity, especially given the need for timely and accurate 
hazard assessment. Traditional methods for identifying landslides from remote sensing data are often manual or partially au-
tomated; however, with the progress of computer vision technology, the automated methods based on deep learning algorithms 
have gained significant attention. Furthermore, attention mechanisms, inspired by human visual structure, have grown remark-
ably in various applications, including hazard studies. In this study, we leverage the capabilities of YOLO models, especially 
YOLOv10 and its variants, to automate the detection of landslides. We applied four prevailing attention mechanisms: CBAM, 
ECA, GAM, and SA. Models are trained using the Bijie landslide detection database. Moreover, the best results are unveiled 
based on the evaluation criteria, that is, precision, recall, f-score, and mAP. The YOLOv10m+CBAM showed the best perfor-
mance with map@50-95 of 78.5%. Our results demonstrate a robust system capable of rapidly identifying and localizing landslide 
events with significant detection speed and accuracy improvements. This advancement augments the process of landslide detec-
tion and supports more effective disaster response and management.

1   |   Introduction

Landslides are pervasive geo-hazards triggered by seismic, 
climatic, and human-induced factors, posing a noteworthy 
risk to society and causing substantial loss of life, property/

infrastructure, and economy (Ma and Mei  2021a; Zhang and 
Wang 2024; Du et al. 2024). The severity and frequency of land-
slide cases are likely to surge due to existing weather scenarios, 
urban growth, and rising population, especially in hilly regions 
globally (Ma and Mei 2021b; Casagli et al. 2023). Accordingly, 
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effective mitigation policies and risk reduction methods are cru-
cial for human safety and infrastructure protection. Landslide 
risk management relies on three procedures (Casagli et al. 2023): 
comprehensive monitoring, prediction, and detection. Constant 
monitoring is crucial for forecasting landslides, while accurate 
detection is essential for post-hazard recovery efforts and main-
taining updated inventories. Additionally, it supports mapping 
vulnerable locations, which is vital for sustainable planning and 
development. Hence, increasing emphasis is on rapidly and pre-
cisely detecting landslide events to enhance preparedness and 
response strategies.

The traditional method of landslide extraction, which depended 
upon on-site visits, was labor-intensive, time-consuming, 
and less efficient in emergency response conditions (Liu, 
Wei, et  al.  2021; Malamud et  al.  2004; Guzzetti et  al.  2012). 
Nevertheless, innovations in remote sensing technology have 
revolutionized and have become essential in landslide investi-
gation. These technological improvements enhance efficiency 
and effectiveness, allowing for quicker and more accurate as-
sessments of landslide-prone areas.

Currently, four methods (Han et  al.  2023) specifically employ 
visual analysis, pixel-based techniques, an object-oriented ap-
proach, and AI to use remote sensing-based data for landslide 
recognition. Visual analysis-based methods depend on expert 
knowledge but are time-consuming and labor-intensive. They 
are often inadequate for rapid response situations and may not 
meet the urgent demands of landslide emergency responses. 
Pixel-based methods address the limitations of the visual ap-
proach by using a binary method (Liu, Wei, et al. 2021) to cate-
gorize pixels within remote sensing imagery, such as landslides 
or backgrounds. However, these methods can struggle to dif-
ferentiate objects that have the same spectral characteristics/
features as landslides accurately, making correct classification 
challenging. Object-oriented techniques use multiscale seg-
mentation, which analyzes many image primitives like shape, 
texture, and spectrum (Lu et al. 2011). These methods need ex-
perimental threshold settings to differentiate between landslide 
and non-landslide locations. While effective, they can struggle 
when exposed high resolution remote sensing data of large topo-
graphical regions, considering prompt segmentation. Keyport 
et  al.  (2018) (Keyport et  al.  2018) proposed a significant work 
to evaluate the strengths and weaknesses of both methods for 
landslide detection.

On the contrary, AI-based models have seen significant devel-
opments across various domains (Hong et al. 2024), including 
hazard analysis (Stephen et  al.  2024). This progress has been 
particularly valuable for landslide investigation, where the inte-
gration of AI with remote sensing data (Zhang et al. 2021; Hong 
et al. 2024) has proven to be transformative. Further, the devel-
opment of remote sensing-based big data (Ma et al. 2015; Hong 
et  al.  2024) has provided substantial help to AI in addressing 
complex challenges in landslide-related studies with greater ac-
curacy and efficiency by offering large volumes of high-quality, 
diverse datasets necessary for training and improving AI mod-
els. Moreover, ML has demonstrated substantial enhancements 
in landslide assessment studies (Ma and Mei 2021b). ML-based 
algorithms provide powerful tools for analyzing large datasets 
and identifying patterns that can predict landslide occurrences 

(Ma and Mei 2021a). The ML-driven models have substantially 
enhanced the accuracy of various landslide mapping methods.

With the advent of powerful computational tools, especially 
GPUs (Iqbal et  al.  2024), DL (Shrestha and Mahmood  2025), 
a subdivision of ML, has excelled in numerous areas such as 
image segmentation (Minaee et al. 2022), object detection (Zhao 
et al. 2019), and scene classification (Zeng et al. 2021). DL has 
also gained remarkable attention in the studies of geohazard 
analysis, especially landslides (Ma and Mei 2021a). In the past, 
different DL algorithms, mainly CNNs, with different architec-
tures have been suggested for landslide event detection (Mohan 
et al. 2021; Chandra and Vaidya 2024b). Notably, U-Net (Devara 
et al. 2024; Chandra et al. 2023; Ghorbanzadeh et al. 2021) and 
Mask-RCNN (Ullo et al. 2021; Liu, Shao, et al. 2021). In recent 
times, YOLO (You Only Look Once) has been very popular in 
object detection tasks due to its speed and accuracy (Diwan 
et  al.  2023). Variants of YOLO models, particularly YOLOv3 
(Han et  al.  2023), YOLOv4 (Li and Li  2022), YOLOv5 (Mo 
et  al.  2023), YOLOv6 Chandra and Vaidya  (2024a), YOLOv7 
(Liu et al. 2023), and YOLOv8 (Mao et al. 2024) have been pro-
posed for landslide detection. Subsequently, attention modules 
(Niu et al. 2021), encouraged by the human visualization pro-
cess, have been assimilated into CNN to boost detection accu-
racy. For example, YOLO-SA (Cheng et al. 2021), 3D-SCAM (Ji 
et al. 2020), SW-MSA (Jia et al. 2024), and LA-YOLO-LLL (Yang 
et al. 2024).

Despite remarkable efforts from researchers, investigating a 
suitable DL-driven algorithm for landslide event detection re-
mains a major challenge due to the complexity of remote sensing 
data and the diverse environmental factors affecting landslide 
appearance. Moreover, while attention mechanisms designed 
to improve model performance by emphasizing important fea-
tures are promising, their integration and evaluation within 
algorithms like YOLO are still in the preliminary stages. This 
gap highlights the need for comprehensive research to assess 
the effectiveness of attention models in landslide detection. To 
address these limitations, this research shifts its focus to the 
latest YOLOv10 model. Therefore, this article aims to develop 
a more efficient and robust landslide detection network based 
on YOLOv10, considering the specific issues of scale variation 
and environmental complexity in remote sensing imagery. 
Addressing this gap is crucial for developing more robust, ac-
curate, and efficient models capable of near real-time landslide 
detection, thereby advancing the field and improving disaster 
response strategies. Therefore, we propose an attention-guided 
YOLOv10 network to infer its capabilities and effectiveness con-
cerning landslide event detection from Earth observational im-
ages. The key contributions of this research work are as follows:

1.	 To develop an improved and optimized YOLOv10 network 
specifically designed for advanced landslide mapping.

2.	 To significantly enhance the network's capability to cap-
ture and represent critical features from input imagery by 
integrating attention modules specifically, CBAM, ECA, 
GAM, and SA discretely within the neck of the YOLOv10 
architecture.

3.	 To conduct a thorough performance evaluation and as-
sessment using a benchmark database to confirm that the 
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results are comparable with other prevailing methods in 
studies of landslide detection.

The remaining sections of the paper are organized as follows: 
Section  2 describes the data set. Section  3 demonstrates the 
methodology. Section 4 presents the results, and Section 5 com-
prises a discussion. Lastly, Section 6 includes the conclusion.

2   |   Data Set Description

For this research work, we employed the Bijie landslide detec-
tion database (Ji et  al.  2020), a popular dataset developed to 
support the research on landslide detection using remote sens-
ing images. It covers the entire Bijie town in Guizhou province 
(China). The total coverage area is 26,853 km2. The images are 
acquired from the TripleSat (between May and August 2018). 
The dataset includes high-resolution imagery with a ground 
resolution of 0.8 m. It features 770 annotated landslide sam-
ples (rock slides, debris slides, and rock fall), and 2003 nega-
tive instances representing various backgrounds to balance 
training and evaluation. The size of landslides in each sample 
is different. Moreover, non-landslide samples comprise moun-
tains, villages, rivers, roads, agricultural land, and forest. The 
dataset also provides references/ground truth images for accu-
rate reference and DEMs with a 2-m accuracy, offering critical 
topographic data like slope, aspect, and elevation. The example 
of the Bijie landslide detection database is shown in Figure 1. 
The Bijie landslide detection dataset, covering an extensive area 
offers a diverse and challenging set of environmental conditions 

ideal for testing the robustness of our model. This large area in-
cludes varied topographies, and other complex landscapes, are 
crucial for landslide detection studies. The dataset's high spatial 
resolution ensures that even small-scale landslide events can be 
accurately detected, making it highly suitable for our research. 
The size of the study area allows the model to learn from a wide 
range of geomorphological features and real-world scenarios, 
which improves the model's generalizability. This dataset not 
only provides ample examples of landslides but also includes 
challenging negative samples, which are necessary for devel-
oping a model that can perform well in different regions. This 
broad geographic coverage ensures that the results from this 
dataset can be extended to other landslide-prone areas, includ-
ing the Himalayan region, making it an appropriate and com-
prehensive dataset for this study.

3   |   Methodology

This section illustrates the YOLOv10 (baseline) model and de-
scribes the proposed method. Moreover, details of the training 
setting and evaluation criteria are provided.

3.1   |   Background of Original YOLOv10 Model

The YOLOv10 (Wang et al. 2024) network builds upon the ro-
bust and efficient architecture of its previous variants while in-
corporating several advanced features to improve performance 
in object detection tasks. The key variants of YOLOv10 include 

FIGURE 1    |    Examples of the Bijie landslide detection data set.
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YOLOv10n (nano), YOLOv10s (small), YOLOv10m (medium), 
YOLOv10b (balanced), YOLOv10l (large), and YOLOv10xl 
(extra-large), each optimized for specific use cases and compu-
tational constraints. The architecture comprises the backbone, 
followed by the Neck, and the head module. Figure 2 represents 
the architecture of the YOLOv10 network. The backbone of 
YOLOv10 extracts the significant features from the input imag-
ery. The backbone is a CNN that processes the image through a 
series of layers to generate feature maps of different resolutions. 
YOLOv10 includes a modified version of the CSPNet Wang, 
Mark Liao, et al. (2020) as its backbone to enhance gradient flow 
and reduce computational complexity. CSPNet splits the feature 
map into two fragments and combines them through a cross-
stage structure, which improves learning and reduces the mod-
el's size. Multiple convolutional layers with varying kernel sizes, 
strides, and padding are used to capture spatial hierarchies and 
patterns within the image. Residual connections help to resolve 
the vanishing gradient problem and facilitate the training of 
deeper architectures.

The Neck module of the YOLOv10 network is created to com-
bine features from different scales and improve the feature 
representation. The feature pyramid network (FPN) merges 
feature maps from different phases of the backbone to gener-
ate a more composite representation Lin et al. (2017). The path 
aggregation network (PAN) further enhances feature maps by 

providing improved information flow between different levels 
of the feature pyramid, refining the localization and classifica-
tion of objects Liu et al. (2018). The FPN and PAN structures are 
important in YOLOv10, as they combine features from different 
layers to produce a multi-scale feature representation. This sup-
ports the detection of small and large objects, improving detec-
tion accuracy.

The Head of YOLOv10 makes the predictions. It takes the com-
bined features from the neck and performs landslide detection, 
which comprises bounding box regression, object classification, 
and confidence scoring.

NMS-free training in the YOLOv10 algorithm is advantageous be-
cause it removes the need for NMS during inference, which tradi-
tionally filters out redundant predictions but adds computational 
overhead (Wang et al. 2024). YOLOv10 presents dual label assign-
ments, combining one-to-many assignments for rich supervision 
during training and one-to-one matching for efficient inference, 
resulting in faster, end-to-end predictions without performance 
loss. This process enhances real-time object detection capabil-
ities by reducing latency and maintaining accuracy, offering an 
improvement over traditional NMS-based techniques, which are 
slower due to their reliance on post-processing (Wang et al. 2024). 
Additionally, YOLOv10 includes large-kernel convolutions and 
PSA modules to expand performance by capturing broader 

FIGURE 2    |    Architecture of the original YOLOv10 model.
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context and complex patterns within the data, all without increas-
ing computational cost. These improvements make YOLOv10 an 
influential and competent model for real-time object detection in 
complex settings, such as landslide event extraction.

3.2   |   Proposed Multi-Layer Attention Based 
YOLOv10 Network

The proposed YOLOv10 integrates attention modules discretely at 
several locations inside the neck of the network to augment feature 
representation and enhance detection accuracy. The architecture 
of the proposed model is shown in Figure 3. Explicitly, attention 
modules are introduced at four locations: First, between the C2f 
Module (P13th layer) and Up Sample (P15th layer): The C2f mod-
ule is intended to capture features with different receptive fields. 

It sums multi-scale features utilizing a combination of convolu-
tions and feature fusion. The Upsample process surges the spatial 
resolution of the feature map, making it appropriate for detecting 
smaller objects. Integrating an attention module between these 
two components allows the network to refine the feature map be-
fore it is upsampled. This ensures that the upsampling process is 
applied to more relevant features, leading to better preservation of 
critical information needed for detecting landslides.

Second, between the C2F module (P17th layer and the 
Convolution Layer) (P19th layer), by adding an attention mod-
ule here, the network can concentrate on the most relevant fea-
tures learned by the C2f module before further processing them 
through convolutions. This confirms that the subsequent con-
volutions operate on the most important features, boosting the 
detection accuracy for complex backgrounds.

FIGURE 3    |    Structure of the proposed model.
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Third, between the C2f Module (P21th layer and SC Down layer) 
(P23th layer), the C2f module continues to extract and integrate 
multi-scale features. Further, SC Down Layer reduces the spa-
tial dimensions while attempting to maintain as much informa-
tive content as possible.

Inserting an attention module here helps in emphasizing critical 
features before the down-sampling process. This ensures that 
the reduction in spatial dimensions does not lead to the loss of 
important information necessary for landslide detection.

Fourth, after the C2FCIB Layer, at the P26th layer: It combines 
features from different stages and compresses them to enhance 
the representational capacity of the network. By adding an atten-
tion layer after the C2FCIB layer, the network gains the ability to 
further refine these combined features before the final detection 
stage. The C2FCIB layer merges features from different stages, 
which might include some irrelevant or redundant information. 
The architecture of CIB and PSA is shown in Figure 4. The CIB 
in YOLOv10 is proposed to improve feature extraction by enabling 
interactions between different spatial regions in the feature maps, 
while the PSA module augments pixel-level feature refinement by 
fine-tuning attention weights across the spatial domain. The atten-
tion layer helps in filtering out these unnecessary details and high-
lights the most critical aspects of the feature map. Just before the 
detection stage, the feature map must be as relevant and focused as 
possible. The attention mechanism ensures that the final features 
used for detection are precisely those that contribute most to iden-
tifying landslides. By refining the features at this late stage, the 
attention layer improves the network's ability to correctly identify 
and localize landslides, especially in complex and diverse environ-
mental conditions typical of remote sensing images.

3.3   |   Adddition of CBAM Layer

The CBAM (Woo et al. 2018) refines feature maps by applying 
both channel and spatial attention mechanisms. Let F ∈ ℝ

C×H×W 

represent the input feature map, where C is the number of chan-
nels, and H and W  are the spatial dimensions.

The CAM focuses on the importance of different channels. 
Given F, the channel attention Mc is computed through GAP and 
GMP operations.

where both Favg and Fmax are in ℝC×1×1. The pooled features are 
computed by a shared MLP:

where W0 and W1 are the weights of the MLP, and � denotes the 
ReLU activation function.

Moreover, the integration and activation, followed by rescaling, 
result in the channel attention mechanism.

The spatial attention mechanism focuses on the significant spa-
tial regions within the feature map F ′. The spatial attention Ms 
is processed by computing average as well as max pooling along 
the channel axis:

These are concatenated:

further, we apply a 7 × 7 convolution to the concatenated feature 
map before rescaling

3.4   |   Addition of ECA Layer

ECA (Wang, Wu, et  al.  2020) module improves channel-wise 
attention without increasing the computational cost. Below, we 
demonstrate the mathematical operations involved in ECA.

First, we apply global average pooling to the input feature map 
to produce a channel-wise descriptor:

where Favg ∈ ℝ
C×1×1. Instead of employing a multi-layer percep-

tron (MLP), ECA utilizes a 1D convolution to capture channel-
wise dependencies. Let k be the kernel size of the convolution. 
Apply a 1 × 1 × k convolution to Favg:

(1)Favg = GAP(F) and Fmax = GMP(F)

(2)
MLP

(

Favg
)

=W1�
(

W0Favg
)

and MLP
(

Fmax
)

=W1�
(

W0Fmax
)

(3)Mc = �
(

MLP
(

Favg
)

+MLP
(

Fmax
))

(4)F � =Mc ⋅ F

(5)Fcavg = AvgPool
(

F �
)

and Fcmax =MaxPool
(

F �
)

(6)Fconcat =
[

Fcavg;F
c
max

]

(7)Ms = �
(

Conv
(

Fconcat
))

(8)F �� =Ms ⋅ F
�

(9)Favg = GAP(F)

(10)Eca = Conv1D
(

Favg
)

FIGURE 4    |    Description of CIB and PSA module.
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where Eca ∈ ℝ
C×1×1. The outcomes of the convolution is passed 

through a sigmoid activation function to produce the final chan-
nel attention map:

where � corresponds to the sigmoid function. Finally, rescale the 
original feature map F by the channel attention map Mc:

where F � ∈ ℝ
C×H×W

3.5   |   Addition of GAM Layer

It computes both channel and spatial attention mechanisms to 
refine features effectively (Liu, Shao, et  al.  2021). The overall 
process is as follows: initially, we perform the GAP to aggregate 
spatial information into a channel descriptor:

where Favg ∈ ℝ
C×1×1. Further, we generate channel attention 

weights by applying a fully connected layer followed by a sig-
moid activation:

where Wc is the weight matrix of the fully connected layer and � 
denotes the sigmoid function. The result Mc ∈ ℝ

C×1×1 represents 
the channel attention map. Lastly, we rescale the input feature 
map F with the channel attention map Mc:

3.6   |   Addition of SA Layer

The SA (Zhang and Yang  2021) mechanism consists of three 
primary steps: First, spatial attention: To aggregate spatial in-
formation, we perform the GAP operation along the channel 
dimension.

where Favg ∈ ℝ
1×H×W. To aggregate spatial information we con-

duct GAP operation along the channel dimension

where Fmax ∈ ℝ
1×H×W. Now we concatenate the pooled fea-

ture maps

where Fconcat ∈ ℝ
2×H×W. Furthermore, we apply a convolutional 

layer followed by a sigmoid activation to compute spatial atten-
tion weights:

where Conv denotes a convolutional layer with a 7 × 7 kernel, 
and Ms ∈ ℝ

1×H×W is the spatial attention map. Rescale the input 
feature map F with the spatial attention map Ms:

Second, channel attention: We perform GAP along the spatial 
dimensions to aggregate information into a channel descriptor:

where Fcavg ∈ ℝ
C×1×1.

Moreover, implementing GMP along the spatial dimensions to 
aggregate information into a channel descriptor:

where Fcmax ∈ ℝ
C×1×1. Now concatenate and transform the fea-

ture map Concatenate Fcavg and Fcmax and apply a shared 1 × 1 
convolution followed by a sigmoid activation:

where � implies the sigmoid function and Mc ∈ ℝ
C×1×1 is the 

channel attention map. Finally, rescale the spatially attended 
feature map F ′ with the channel attention map Mc:

Third, channel shuffling: Reshape the feature map F ′′ to group 
channels, then shuffle the grouped channels to enhance inter-
channel information flow:

where Fshuffled ∈ ℝ
C×H×W is the outcome of the SA module. It 

is the refined feature map Fshuffled that incorporates both spa-
tial and channel attention mechanisms, with enhanced inter-
channel information flow due to the shuffling operation.

The detection layers predict bounding-boxes, objectness, and 
class objectness scores, and class probabilities for each anchor 
box. The bounding-box coordinates 

(

bm, bn
)

 and dimensions 
(

bw, bh
)

 are predicted as follows:

where tm, tn, tw, th denotes the predicted offsets; cm, cn signifies 
the center coordinates of the anchor box; pw, ph represents the 
prior width and height of the anchor box; and � is the sigmoid 

(11)Mc = �
(

Eca
)

(12)F � =Mc ⋅ F

(13)Favg = GAP(F)

(14)Mc = �
(

WcFavg
)

(15)F � =Mc ⋅ F

(16)Favg = GAP(F)

(17)Fmax = GMP(F)

(18)Fconcat = Concat
(

Favg,Fmax
)

(19)Ms = �
(

Conv
(

Fconcat
))

(20)F � =Ms ⋅ F

(21)Fcavg = GAP
(

F �
)

(22)Fcmax = GMP
(

F �
)

(23)Fccat = Concat
(

Fcavg,F
c
max

)

(24)Mc = �
(

Conv
(

Fccat
))

(25)F �� =Mc ⋅ F
�

(26)Fshuffled = Shuffle
(

F ��
)

(27)bm = �
(

tm
)

+ cm

(28)bn = �
(

tn
)

+ cn

(29)bw = pwe
tw

(30)bh = phe
th
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function. The objectness score Probject indicates the confidence 
that an object is present in the bounding box:

where tobject is the raw objectness score output by the network. 
The class probabilities Prclass for each class are predicted using 
the softmax function:

where tclass is the raw class scores output by the network.

3.7   |   Loss Function Estimation

First, the localization loss (bounding box regression) estimates 
the accuracy of the predicted bounding boxes against the ground 
truth boxes. It comprises coordinates loss and dimensions loss.

In the above equation, �coord is a weight parameter; ⊮obj
ij

 indi-
cates if the j-th bounding box in cell i is responsible for the ob-
ject; and G is the grid size. Second, the confidence loss evaluates 
the model's confidence concerning the existence of target in a 
predicted bounding box.

where, �obj and �noobj are weight parameters for the object and 
no-object confidence loss, respectively; Ci indicates the pre-
dicted confidence score, and Ĉi shows the ground truth confi-
dence score. Third, the classification loss measures the accuracy 
of the predicted class probabilities against the ground truth class 
labels for each cell that contains an object.

where �class represent a weight parameter, pri(c) signifies the 
predicted probability of class c for cell i, and p̂ri(c) denotes the 
ground truth probability. The total loss function in YOLOv10 
encompasses these three components:

3.8   |   Training Settings and Machine Specifications

The proposed model is trained with the following hyperpa-
rameters: image size = 640 × 640, batch size = 16, epochs = 500, 
initial momentum factor = 0.937, initial learning rate = 0.01, 
optimizer = SGD, and initial weight decay = 0.0005. The exper-
iments are conducted on a machine with the following speci-
fications: Python-3.10.12, torch-2.0.1+cu117, CUDA:0 (NVIDIA 

GeForce RTX 4090, 24207MiB), CUDA:1 (NVIDIA GeForce 
RTX 4090, 24210MiB).

3.9   |   Evaluation Criteria

For the quantitative evaluation, four standard metrics are com-
puted: precision, recall, F-score, and mAP (Cheng et  al.  2021; 
Mao et  al.  2024; Liu et  al.  2023). These metrics are estimated 
as follows:

where TP corresponds to the number of true positives, and FP 
signifies the number of false positives.

where FN denotes the number of false negatives.

mAP evaluates the overall performance of the detection model 
across multiple classes and thresholds. It is computed by aver-
aging the average precision (AP) for each class defined below.

where N is the number of classes, and APi is the average preci-
sion for the i-th class.

These metrics ensure that both the correctness and complete-
ness of detections are considered.

4   |   Results

This section contains the quantitative and qualitative findings 
of the proposed study.

4.1   |   Quantitative Results

The quantitative results of the proposed YOLOv10+attention 
and baseline models are given in Table  1. Notably, the 
YOLOv10l+CBAM model shows a remarkable increase in 
mAP@50-95 by 10.3% compared to the original YOLOv10l net-
work. Similarly, adding GAM to YOLOv10l improves perfor-
mance by 9.4%, while the YOLOv10l+SA and YOLOv10l+ECA 
models show improvements of 8.2% and 7.9%, respectively. 
Furthermore, the inclusion of attention layers significantly 
boosts the mAP@50-95 of YOLOv10b, with YOLOv10b+GAM, 
YOLOv10b+SA, and YOLOv10b+CBAM achieving improve-
ments of 4.3%, 4.2%, and 3.4%, respectively, and no improve-
ments in YOLOv10b+ECA. For the YOLOv10x model, the 

(31)Probject = �
(

tobject
)

(32)Prclass = softmax
(

tclass
)

(33)

ℒloc = 𝜆coord

G2
∑

i=0

B
∑

j=0

⊮
obj
ij

[

(

mi− �mi

)2
+
(

ni−�ni
)2

+
(

wi− �wi

)2
+

(

hi−
�hi

)2
]

(34)

ℒconf = 𝜆obj

G2
∑

i=0

B
∑

j=0

⊮
obj
ij

(

Ci− �Ci

)2

+ 𝜆noobj

G2
∑

i=0

B
∑

j=0

⊮
noobj
ij

(

Ci− �Ci

)2

(35)ℒcls = 𝜆class

G2
∑

i=0

⊮
obj
i

∑

c∈ classes

(

pri(c)−�pri(c)
)2

(36)ℒtotal = ℒloc +ℒconf +ℒcls

(37)Precision =
TP

TP + FP

(38)Recall =
TP

TP + FN

(39)F-score = 2 ⋅
Precision ⋅ Recall

Precision + Recall

(40)mAP =
1

N

N
∑

i=1

APi
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enhancements are 4.4% for YOLOv10x+CBAM, 1.4% for 
YOLOv10x+SA, 1.1% for YOLOv10x+GAM, and 2.5% for 
YOLOv10x+ECA. Similarly, the YOLOv10m model shows the 
best performance with CBAM, which improves accuracy by 
3.6%. The performance of YOLOv10m+SA, YOLOv10m+GAM, 
and YOLOv10m+ECA increases by 2.0%, 1.7%, and 1.3%, respec-
tively. Additionally, YOLOv10n+CBAM shows an improvement 
of 1.0%, with marginal gains noted for YOLOv10n+ECA (0.9%), 
YOLOv10n+SA (0.6%), and YOLOv10n+GAM (0.3%). The ob-
served improvements in mAP@50-95 indicate that the attention 
mechanisms significantly upgrade the model's capability to ac-
curately detect landslides, making them valuable additions to 
the YOLOv10 framework.

Furthermore, the highest mAP@50 computed is 99.4% 
(YOLOv10l+ECA), which represents an improvement of 4.1% 
over the baseline model. Following this, YOLOv10x+CBAM 
demonstrated progress of 1.1%, achieving an mAP@50 of 
99.0%. Additionally, YOLOv10m+SA, YOLOv10n+ECA, and 

YOLOv10m+CBAM also estimated high mAP@50 scores of 
99.3%, 99.2%, and 99.1%, respectively. The remaining variants of 
YOLOv10 combined with attention mechanisms (13 models in 
total) also achieved competitive mAP@50 scores of 98%. Even 
the YOLOv10x + GAM and YOLOv10b + ECA models, with 
mAP@50 scores of 97.7% and 97.6%, respectively, demonstrated 
nearly similar performance.

The mAP@50 metric at an IoU threshold of 50% is crucial for 
evaluating the accuracy of the proposed network. It indicates 
the model's ability to identify and localize landslides within 
the images correctly. The high mAP@50 values indicate that 
the models accurately detect objects at a 50% overlap. This 
level of precision is significant as it ensures that the detected 
objects closely match the actual objects, which is essential for 
applications that require high accuracy, such as landslide de-
tection from satellite images. The observed improvements and 
high scores demonstrate the effectiveness of integrating atten-
tion mechanisms with the YOLOv10 models, enhancing their 

TABLE 1    |    Experimental results of the proposed models.

Models GFLOP Params P R mAP@50 mAP@50–95 Time GPU

YOLOv10n 8.2 26.94 95.4 97.1 98.8 75.2 0.359 2.91

YOLOv10n+GAM 9.6 33.76 97.1 90.6 98.5 75.5 2.622 1.77

YOLOv10n+SA 8.2 26.95 96.4 97.2 98.9 75.8 0.421 1.64

YOLOv10n+ECA 8.2 26.95 99.0 97.2 99.2 76.1 0.443 2.90

YOLOv10n+CBAM 8.2 27.97 93.6 96.2 98.7 76.2 0.281 1.69

YOLOv10m 63.4 164.5 95.4 98.8 98.8 74.9 1.027 8.62

YOLOv10m+ECA 8.2 269.5 98.1 96.9 98.9 76.2 1.205 2.93

YOLOv10m+GAM 77.9 219.1 97.1 93.7 98.6 76.6 2.971 5.66

YOLOv10m+SA 80.3 175.1 96.3 97.8 99.3 76.9 0.537 2.94

YOLOv10m+CBAM 66.7 181.7 98.0 94.1 99.1 78.5 0.717 4.67

YOLOv10b 97.9 204.1 91.9 96.0 98.2 73.1 3.01 6.11

YOLOv10b+CBAM 97.9 212.66 94.4 95.0 98.6 76.5 0.778 6.18

YOLOv10b+GAM 127.7 297.3 92.8 97.8 98.4 77.4 3.482 7.62

YOLOv10b+ECA 97.9 204.1 94.0 88.8 97.6 72.9 0.806 11.9

YOLOv10b+SA 109.6 240.8 95.7 95.3 98.7 77.3 0.971 6.23

YOLOv10l 126.3 257.1 83.9 92.5 95.3 67.7 2.392 7.24

YOLOv10l+CBAM 143.8 320.7 92.3 97.2 98.6 78.0 1.030 6.80

YOLOv10l+GAM 161.9 368.7 96.8 94.3 98.8 77.1 3.228 8.68

YOLOv10l+ECA 143.8 312.2 99.0 98.1 99.4 75.6 1.393 12.7

YOLOv10l+SA 143.8 312.2 98.6 89.6 98.5 75.9 0.913 7.0

YOLOv10x 169.8 315.8 93.5 94.9 97.9 72.6 2.928 10.3

YOLOv10x+CBAM 197.2 415.1 94.5 97.3 99.0 77.0 1.775 9.94

YOLOv10x+GAM 225.4 490.1 94.0 89.1 97.7 74.0 3.664 11.04

YOLOv10x+ECA 197.2 401.8 95.3 95.2 98.3 73.7 2.286 18.1

YOLOv10x+SA 197.1 401.8 98.1 95.7 98.4 75.1 1.989 10.4

Note: Bold letter indicates this model performs best.
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FIGURE 5    |    Training loss function.

FIGURE 6    |    Validation loss function.
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detection capabilities and making them reliable for practical use 
in critical tasks.

Precision is a critical metric for evaluating the model perfor-
mance, reflecting the proportion of true positive detection 
among all positive detection completed by the model. High 
precision shows that the model makes fewer false positive er-
rors, which is essential in applications where the cost of false 
positives is high. In the context of landslide detection from sat-
ellite images, high precision ensures that detected landslides 
are actual landslides, minimizing the risk of false alarms. 
The precision reached 99.0% for both YOLOv10n+ECA and 
YOLOv10l+ECA models. The YOLOv10l+attention mod-
els exhibited the most significant improvement in precision, 
ranging from 8.7% to 15.1%. For YOLOv10x+attention models, 
precision improvements ranged from 0.5% to 4.6%. The pre-
cision of YOLOv10n+attention models increased by 1.0% to 
3.6%. However, improvements for YOLOv10b and YOLOv10m 
models with attention layers ranged from 0.9% to 3.8% and 
0.9% to 2.7%, respectively, with no improvement observed for 
YOLOv10n+CBAM. The improvements in precision with the 
addition of attention mechanisms highlight their significance 

in enhancing the model's reliability and accuracy, making them 
more effective for landslide detection. In the context of landslide 
detection from satellite images, high precision ensures that de-
tected landslides are actual landslides, minimizing the risk of 
false alarms. This is predominantly valued in hazard assess-
ment and disaster management, where false alarms could lead 
to inefficient resource allocation. The improvements in preci-
sion with the addition of attention mechanisms highlight their 
significance in enhancing the model's reliability and accuracy, 
making them more effective and operational for real-world 
applications, especially landslide detection. In addition, recall 
quantifies the model's ability to detect all important instances 
within the dataset. The maximum and minimum recall are 
computed for YOLOv10l+ECA (98.1%), and YOLOv10b+ECA 
(88.8%) respectively. The highest improvement (1.8%–5.6%) is 
observed for the YOLOv10l+attention model, demonstrating 
the effectiveness of incorporating attention mechanisms in en-
hancing the model's sensitivity.

Moreover, we estimated two factors to infer the efficiency and 
performance of the models. The GFLOP metric indicates the 
computational complexity of the model. It is estimated between 

FIGURE 7    |    Results of the detected landslides by the proposed network YOLOv10m+CBAM model.
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8.2 (YOLO10n) and 225.4 (YOLO10x+GAM). A lower GFLOP 
count implies that the model is more efficient and can process 
data faster, which is vital for real-time applications like disas-
ter response where timely detection is crucial. The number 
of parameters in a model reflects its size and complexity. Our 
experiments ranged between 26.94 (YOLOv10n) and 490.1 
(YOLO10x+GAM). Models with fewer parameters require less 
memory and computational resources, making them more ap-
propriate for deployment on systems with limited hardware ca-
pabilities. Additionally, to understand the resource utilization 
capability of the proposed model, we estimated the computational 

time of each model. This measures how long it takes to train and 
infer using the model (0.281 h (YOLOv10n+CBAM) to 3.664 h 
(YOLOv10x+GAM)). Faster models enable quicker iterations and 
experimentation during the development phase. Additionally, 
shorter inference times are essential for real-time monitoring 
and forecasting models. Moreover, GPU Utilization signifies the 
memory used by each model (1.64GBs (YOLOv10n+SA) to 11.04 
GBs (YOLOv10x+GAM)), which can significantly affect train-
ing times and model performance. High-end GPUs can handle 
more complex models and larger datasets, reducing training 
time and enabling more sophisticated models to be used. The 

FIGURE 8    |    Results of the Kodagu district, Western Ghats, India.
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computational complexities of each model are shown in Table 1. 
The estimated training loss and the validation loss functions are 
represented in Figures 5 and 6, respectively.

4.2   |   Qualitative Results

A qualitative assessment of the obtained results is required to 
identify the performance of the model beyond numerical estima-
tion. It provides an understanding of the model's capability in real-
world scenarios and highlights the possibilities for improvement. 
It represents a complete interpretation of model performance and 
ability, including visual and contextual accuracy. The qualitative 
estimation of extracted landslides encompasses a visual analysis 
of the model's output to measure the correctness and reliability of 
the forecasts. This procedure includes investigating the detected 
landslides in the context of the original input images and com-
paring the predicted bounding boxes with the real features in the 
images. We evaluate whether the bounding boxes generated by the 
model correctly enclose the entire landslide area without missing 
substantial features. Figure  7 represents the detected landslides 
by the YOLOv10m + CBAM model. The images involve complex 
environmental features like road networks, water bodies, and 

vegetation, though the model extracts the landslides effectively. 
These elements can obstruct the landslide detection process, as 
they may resemble landslide areas in certain visual characteris-
tics. The qualitative evaluation supports an understanding of how 
the model deals with these complexities and whether it effectively 
distinguishes between landslide-prone areas and other landforms. 
It is seen that our model can detect both large and small landslides 
correctly. This detection ability of our model is a significant advan-
tage, particularly in the context of landslide hazard assessment. In 
real-world scenarios, landslides vary greatly in size, and the conse-
quences of failing to detect smaller landslides can be very critical.

Small landslides, though less immediately destructive, can often 
serve as precursors to larger events. Hence, detecting these 
smaller features allows for proactive measures before they in-
tensify into major hazards. Visual inspection of the model's 
predictions represents that, despite varying landslide sizes, 
the model maintains consistent accuracy, identifying landslide 
areas in challenging environments. Moreover, if the bounding 
box does not encompass the entire affected area, it may lead to 
an incorrect assessment of the landslide's extent, which could 
affect critical decision-making in disaster response and man-
agement. In some of our results, the predicted bounding boxes 

FIGURE 9    |    Results of the Nepal Database.
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struggled to enclose the complete landslide region, particularly 
for irregularly shaped landslides. The partial detections can 
have significant implications for hazard analysis, especially in 
terms of accurately estimating the size and impact of a landslide.

5   |   Discussion

The proposed network effectively recognizes landslides, and 
to evaluate its appropriateness, we utilized an auxiliary data-
set. Our results were compared with previous studies based on 
landslide detection. We highlighted the necessity of the patience 
factor in training the model. Lastly, we discussed the potential 
application of this research and the future directions of this re-
search work.

5.1   |   Performance Evaluation Using Benchmark 
Dataset

A comprehensive evaluation of the YOLOv10+attention model 
is also assessed using an additional benchmark dataset. The 
metrics mentioned in section 2.4 provide a comprehensive un-
derstanding of the model's accuracy, reliability, and overall per-
formance in detecting landslides.

First, the prevalent benchmark dataset used for evaluation, HR-
GLDD, comprises high-resolution PlanetScope images (Meena 
et al. 2023). We considered the case study of the Kodagu district, 
Western Ghats, India. Figure 8 shows the results of the perfor-
mance metrics of various YOLOv10 models and their variants 
(integrating attention modules specifically SA, GAM, CBAM, 
and ECA) for landslide detection tasks. Each attention model en-
hances specific aspects of performance by enabling the network 
to focus on more relevant features during training, improving 
detection and localization. The addition of attention mecha-
nisms significantly boosts precision across models. For instance, 
YOLOv10b + ECA shows the highest precision at 79.7% (an im-
provement of +15.80% from the baseline model), indicating 
that ECA effectively captures fine-grained channel dependen-
cies, leading to more accurate detections. YOLOv10n (baseline) 
has a precision of 61.3%, which improves (+9.3%) to 70.6% with 
the SA module, demonstrating better feature refinement. Recall 
improvements (from the baseline models) are also estimated in 
different configurations. For example, YOLOv10l+ECA indi-
cates an enhancement of 14.20%. Moreover, YOLOv10l+GAM 
showed an increase of 8.2%. An equal improvement (+7.0%) is 
calculated in the recall of YOLOv10l+ECA, and the progress 
of +5.0% is estimated for YOLOv10b+SA. Furthermore, adding 
attention mechanisms significantly improves mAP@50 across 
various YOLOv10 configurations. ECA achieves the highest 
improvements, with YOLOv10m+ECA and YOLOv10l+ECA 
recording impressive gains of +6.0% and +6.3% in mAP@50, 
respectively, highlighting ECA's strength in refining channel-
wise features for better detection. CBAM demonstrates 
achieving a notable +5.2% increase in the YOLOv10s+CBAM 
model. Similarly, SA contributes consistently across scales, 
with YOLOv10n+SA, YOLOv10m+SA, and YOLOv10l+SA 
showing gains of +3.3%, +5.2%, and +4.7%, respectively, re-
flecting its ability to enhance spatial feature focus. GAM also 
delivers competitive improvements, particularly in larger 

models, with YOLOv10l+GAM achieving +3.9% followed by 
YOLOv10m+GAM (+3.0%). The attention models consistently 
improve the mAP@50-95 across configurations, suggesting 
they are particularly effective for more challenging IoU thresh-
olds. Second, we considered the popular Nepal landslide detec-
tion database (Grzybowski et  al.  2021). Figure  9 presents the 
overall outcomes of the baseline and attention-induced models. 
The most significant improvement in mAP@50 is observed in 
the YOLOv10m+GAM model, with an increase of +4.3%. Both 
YOLOv10m+CBAM and YOLOv10l+SA show a similar en-
hancement, each improving by +1.3%, while YOLOv10m+SA 
exhibits a+1.1% increase in mAP@50, and YOLOv10n+ECA 
shows a marginal improvement of +0.2%. When the thresh-
old is increased to mAP@50-90, the YOLOv10n+ECA model 
demonstrates an improvement of +2.4%, highlighting its effi-
ciency in correctly detecting and localizing landslides across 
variable surroundings. Similarly, the YOLOv10l+SA model also 
shows significant progress with a+2.1% increase, underscoring 
its capability in handling complex terrain and diverse landslide 
features.

TABLE 2    |    Comparison of our results with previous work.

Reference Model P (%) R (%) F (%)

Our study YOLOv10m+CBAM 98.0 94.1 96.0

Tanatipuknon 
et al. (2021)

R-CNN 85.0 64.0 71.0

Improvement +13.0 +30.1 +25.0

Faster R-CNN 86.0 77.0 79.0

Improvement +12.0 +17.1 +17.0

Han 
et al. (2023)

Dynahead-YOLOv3 87.1 87.5 87.0

Improvement +10.1 +6.6 +9.0

Du 
et al. (2024)

LBE-YOLO 90.6 86.5 88.5

Improvement +7.4 +7.6 +7.5

Qin 
et al. (2023)

Faster 
R-CNN+VGG16

59.1 86.2 70.0

Improvement +38.9 +7.9 +20.0

Faster R-CNN+ 
ResNet50

68.0 95.6 80.0

Improvement +30.0 −1.5 +16.0

Faster R-CNN+ 
DarkNet53

69.5 93.8 80.0

Improvement +28.5 +0.3 +16.0

Yang 
et al. (2024)

YOLOv4+ECA 93.5 91.4 92.4

Improvement +4.5 +2.7 +3.6

YOLOv4+CBAM 94.0 92.2 93.1

Improvement +4.0 +1.9 +2.9

YOLOv4+VGG16 96.1 91.9 94.0

Improvement +1.9 +2.2 +2.0

YOLOv4+LPFRF 95.5 94.2 94.9

Improvement +2.5 −0.1 +1.1
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Additionally, the mAP@50-90 of YOLOv10m+GAM and 
YOLOv10m+SA improved by +1.7% and +1.0%, respectively, 
demonstrating their robustness in performance. Furthermore, 
while YOLOv10m+CBAM shows a smaller improvement of 
+0.6%, it still indicates that despite this relatively lower en-
hancement, it maintains competitiveness in precise landslide 
detection. These improvements in mAP@50-90 are crucial as 
they demonstrate the models' abilities to detect landslides and 
enhance the precision of localization, which is vital for practical 
applications in landslide hazard mapping.

5.2   |   Comparative Analysis

First, we compared our outcomes with five previous research 
works that proposed 11 different methods for object detection 
models using the Bijie dataset. Table 2 lists these methods, show-
casing the results. Our proposed methods demonstrated an im-
provement in calculated F-score, ranging from +1.1% to +25.0%. 
Precision also showed substantial progress, with improve-
ments between +1.9% and +38.9%, indicating highly competi-
tive results. Similarly, recall improved by +0.3% to +30.1%. An 
equivalent recall was noted in the case of YOLOv10m+CBAM 
(94.1%) and YOLOv4+LPFRF (94.2%), with no progress com-
pared to Faster R-CNN+ResNet50 (95.6%). Nevertheless, the 

overall comparative results highlight the model's capability and 
effectiveness.

Second, we compared the outcomes of YOLOv10 with nine 
state-of-the-art algorithms specifically used for landslide de-
tection: Faster R-CNN, SSD, YOLOv3 tiny, YOLOv5, YOLOv6n, 
YOLOv6t, YOLOv6s, YOLOv7, and YOLOv8. Figure 10 presents 
the overall comparison of these models based on the F-score. 
The YOLOv10m model demonstrated the maximum improve-
ment, ranging from +9.17% to 18.57%. YOLOv10s showed an 
enhancement of +8.68% to 18.04%. Following closely, the 
YOLOv10n model also exhibited significant progress, with im-
provements between +8.34% and 17.74%. Similar advancements 
were observed for YOLOv10x (+6.3% to 15.7%) and YOLOv10l 
(+6.0% to 15.4%). However, the improvement for YOLOv10l was 
comparatively lower, ranging from +0.09% to 9.49%.

Comparing the performance of the proposed method with pre-
vious studies and state-of-the-art models is significant for sev-
eral reasons. Firstly, it provides a benchmark to evaluate the 
effectiveness and efficiency of the new models. By demonstrat-
ing improvements over existing algorithms, we can validate the 
advancements in detection capabilities. Secondly, it highlights 
the robustness and adaptability of the YOLOv10 models, con-
firming their potential for real-world applications. Lastly, such 

FIGURE 10    |    Comparison of YOLOv10 variants with state-of-the-art models.
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comparisons foster innovation and encourage the continuous 
development of more accurate and reliable models for critical 
tasks like landslide detection, ultimately contributing to better 
disaster management and mitigation strategies.

5.3   |   Early Stopping Settings

Early stopping is a technique used in DL to prevent overfitting 
and enhance model generalization. It operates by monitoring the 
model's performance on a validation set during training and stop-
ping the training process when the performance on this set starts 
to decrease, indicating that the model is beginning to overfit the 
training dataset. The early stopping parameter (termed patience) 
for our proposed YOLOv10+attention network is set to 100 (Kim 
et al. 2023; Dai and Fan 2022). This implies that during training, if 

the validation performance does not improve for 100 consecutive 
epochs, the training process will stop. The default patience value 
of 100 ensures an optimal approach for training YOLOv10 for our 
study. The total number of epochs computed for each model is 
shown in Figure 11. It is noted that, except for YOLOv10n+GAM, 
all the models stopped early. The patience parameter is flexible 
and can be easily adjusted according to the specific requirements 
of the training process. Setting patience to zero (0) effectively 
disables the early stopping mechanism. Disabling patience (pa-
tience = 0) can be useful in scenarios where the model needs to be 
trained for a fixed number of epochs regardless of the validation 
performance. When enabled, the patience parameter helps pre-
vent overfitting by stopping the training once the model starts to 
overfit the training data, as indicated by a lack of improvement 
on the validation set. This is significant for the large volume of 
datasets, where the risk of overfitting is likely high.

FIGURE 11    |    Results of Early Stopping Criteria.
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5.4   |   Potential Application and Future Directions

The proposed study has applications in real-world scenarios, par-
ticularly for mountain regions exposed to landslides, such as the 
northern part of India, especially Uttarakhand. The attention-
integrated YOLO networks support the model in distinguishing 
landslide features from composite and mixed backgrounds. By 
refining the network's capacity to emphasize pertinent features, 
the model can detect small and large landslides, providing broad 
monitoring across the area. The suggested study holds signif-
icant potential for prompt and correct mapping of landslide 
scenes. This ability is vital for effective rescue and recovery 
operations during landslide events, where timely data can save 
lives and reduce damage. The results of our work can be import-
ant in time-restricted landslide mapping efforts, helping to gen-
erate up-to-date inventories of landslide occurrences. Correctly 
identifying and localizing the landslides is crucial for develop-
ing robust forecasting systems. This information can benefit in 
understanding the factors contributing to landslide occurrences 
and predicting future events, thus enhancing early warning sys-
tems. Exploiting UAVs equipped with high-resolution cameras 
and the attention-based YOLOv10 model can be deployed for 
real-time landslide monitoring. Furthermore, one of the main 
aims for future study is to enlarge the dataset size providing 
an additional comprehensive illustration of diverse landslides 
and their changing appearances, refining the model's accuracy 
and robustness. Besides, access to high-performance GPUs can 
suggestively accelerate the training method, allowing for more 
extensive experimentation with varying network arrangements 
and hyperparameters. Ablation experiments should explore and 
verify the effect of individual attention mechanisms in each po-
sition to evaluate the model's performance. Using distributed 
computing methods can further boost the training procedure, 
allowing the handling of big datasets and complex networks 
more efficiently.

6   |   Conclusion

The addition of the attention layers within the YOLOv10 sig-
nificantly improves the model's performance, particularly for 
landslide detection. By incorporating an attention mechanism, 
the model effectively captures relevant features and suppresses 
irrelevant ones, even in complex and diverse environmental 
conditions. The attention-augmented YOLOv10 outperforms 
traditional models, providing a robust solution for real-time and 
precise landslide hazard assessment. This approach demon-
strates the potential for rapid and reliable mapping of landslide-
prone regions, crucial for timely disaster response and mitigation 
efforts, particularly in vulnerable regions like the Himalayas. 
Future research can further refine these models and expand 
their applicability by leveraging larger datasets and advanced 
computational resources, ultimately enhancing the resilience of 
communities against landslide hazards.
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