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Abstract Landslides are among the most severe global geohazards posing a significant threat to human life
and infrastructure. To support landslide detection and prediction, various geohazard monitoring approaches
have been developed, such as optical remote sensing imagery, light detection and ranging, and ground‐based
sensors, generating vast volumes of landslide‐related data. However, these data often involve privacy and
security concerns for data owners. Institutions such as private companies, national space agencies, and
geological survey departments are often reluctant to share geohazard data, which hinders the development of
machine learning‐based technologies for landslide assessment. To address this challenge, this study proposes a
privacy‐preserving framework named Federated Multimodal Landslide Detection (FMLD), based on vertical
federated learning, enabling secure and collaborative model training across multiple institutions. FMLD
integrates complementary multimodal data from different organizations, including optical imagery, digital
elevation models, and hillshade maps, allowing the model to exploit the strengths of each modality while
keeping raw data private. Extensive experiments conducted in three study areas show that FMLD achieves
comparable landslide detection accuracy with its centralized counterpart. The proposed method effectively
protects data privacy and security, thereby enhancing geological data sharing. This study demonstrates a
practical pathway toward secure, collaborative, and knowledge‐complementary artificial intelligence
applications in geoscience.

Plain Language Summary Natural hazards cause significant damage and pose a serious threat to
people around the world. Various sensors have been developed to monitor these events, generating tremendous
data such as satellite images, ground deformation time‐series, rainfall, etc. However, the owners of these data
such as private companies and national space agencies, and geological survey departments are often reluctant to
share sensitive data sets due to privacy and regulatory concerns, which leads to data islands. These islands
significantly hinder the development of machine learning models for natural hazard assessment. Federated
learning, a technique that enables joint model training without sharing raw data, offers a promising way to
overcome this barrier. In this study, we introduce a vertical federated learning framework that combines
complementary multimodal data from multiple organizations, such as optical images and hillshade maps, to
improve landslide detection accuracy while preserving privacy. Experiments on three real‐world regions
confirm that the proposed method protects data privacy while maintaining strong predictive performance. This
approach provides a feasible and effective path to encourage data sharing and advance data‐driven natural
hazard research.

1. Introduction
Landslides are among the most frequent and destructive geological hazards, posing significant threats to human
life, infrastructure, and environmental stability in mountainous, seismic, and rainfall‐prone regions. Rapid and
accurate detection and mapping of landslides are fundamental to hazard assessment and risk mitigation in en-
gineering geology. With the increasing volume and complexity of spatial‐temporal data from remote sensing and
in situ monitoring systems, Artificial Intelligence (AI), especially deep learning‐based methods, has become
instrumental in advancing landslide research (Ghorbanzadeh, Xu, Ghamisi, et al., 2022; Tehrani et al., 2022).
These models have demonstrated strong capabilities in automating the extraction and classification of landslide‐
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related features from various data sources such as optical imagery (Dong et al., 2024; Tang et al., 2025), Light
Detection and Ranging (LiDAR) (Farmakis et al., 2022; D. Li, Tang, et al., 2023), and other geospatial sources.

However, although many landslide inventory maps (i.e., landslide labels) are publicly available (Berti et al., 2025;
Fan et al., 2019), the practical deployment of AI in landslide detection still faces a critical barrier, that is, the
restricted accessibility and privacy sensitivity of high‐resolution multimodal raw data. For example, Unmanned
Aerial Vehicle (UAV) imagery from the public CAS (Xu et al., 2024) and GLGCD (Fang et al., 2024) data sets is
not directly accessible, as it is subject to institutional or licensing restrictions. This raises an important question,
how can we train AI models using data sets that contain only labels without access to the corresponding raw input
data? Actually, landslide‐related data are often generated through costly field instrumentation, proprietary aerial
surveys, or strategic satellite missions. These raw data may include imagery of critical infrastructure, mining
activity, or terrain features with national security implications (Zhu et al., 2023). As a result, the raw data are
typically siloed across governmental agencies, commercial satellite operators, mining enterprises, and academic
institutions. Legal frameworks such as the General Data Protection Regulation (GDPR) further impose strict
constraints on data sharing and cross‐border exchange (D. Li, Xie, et al., 2023). This creates a paradox in landslide
modeling: the most informative raw data are often inaccessible for joint analysis, undermining the generalizability
and robustness of AI‐based hazard models.

The assumption of centralized, shareable landslide data sets that include both labels and raw data is frequently
unrealistic in real‐world applications. Different types of landslides require distinct forms of remote sensing data
for effective detection (Casagli et al., 2023). For normal shallow landslides, publicly available optical satellite
imagery is typically sufficient. However, other types of landslides often necessitate a combination of public and
private remote sensing sources. For instance, in the rapid detection of earthquake‐induced landslides, public
satellite imagery is frequently limited by long revisit intervals and adverse weather conditions, which hinder
timely acquisition of optical images over affected areas. In recent years, UAV imagery and commercial satellite
data have been increasingly used for co‐seismic landslide detection. Nonetheless, such data are not openly shared,
which hinders the development of co‐seismic landslide detection modeling. In the case of deep‐seated landslides,
vegetation cover and human engineering activities frequently obscure landslide boundaries, necessitating the use
of high‐resolution airborne LiDAR data and 3D optical remote sensing imagery. However, due to their high
spatial resolution and the inclusion of sensitive topographic information, the sharing of such data is often con-
strained by legal and regulatory restrictions. These multimodal data are rarely managed by a single entity.
Moreover, the vertical data split, where different institutions hold complementary feature sets for the same
geographic regions, presents a unique challenge to collaborative modeling.

In this context, Federated Learning (FL) has emerged as a promising privacy‐preserving framework, allowing
decentralized model training without exchanging raw data (McMahan et al., 2017). FL operates under three main
paradigms, that is, Horizontal FL (HFL), where different clients share feature space but differ in samples; Vertical
FL (VFL), where clients share samples but differ in features; and Federated Transfer Learning (FTL), where both
sample and feature spaces differ (Yin et al., 2021). Most existing applications of FL in landslide research have
focused on the HFL setting. For example, Tang et al. (2024) proposed a horizontal federated learning model to
identify landslides from remote sensing images. Joshi et al. (2023) applied federated learning for landslide
monitoring and prediction. Yang et al. (2023) introduced an HFL approach to predict landslide displacement
using ground‐based monitoring data. Elmoulat et al. (2021) proposed an HFL framework for training AI models
in a landslide early warning system. X. Zhang et al. (2023) utilized an HFL model for general remote sensing
image segmentation, with application to a landslide data set. By contrast, VFL directly targets the common
feature‐disjoint but sample‐aligned setting in geohazards, where different institutions hold complementary mo-
dalities over the same terrain, making it particularly suitable for privacy‐aware multimodal landslide detection
(Fang et al., 2024; Xu et al., 2024). For instance, high‐resolution optical imagery may be available to a national
space agency, while LiDAR data and geotechnical parameters may be collected by local geological survey de-
partments. These data sets represent distinct feature spaces over the same terrain. A VFL framework enables each
party to contribute to a global landslide detection model without sharing its proprietary data. This approach not
only aligns with privacy regulations but also reflects the operational reality of data acquisition in engineering
geology and remote sensing. In contrast, the VFL framework, which is well‐suited for scenarios where institutions
hold complementary geohazard data for the same geographic regions but are unable to share it directly, remain
largely unexplored in the geohazard domain.
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This study proposes a Federated Multimodal Landslide Detection (FMLD) framework based on vertical federated
learning, aimed at addressing the data‐sharing bottleneck in landslide detection modeling. To the best of our
knowledge, this paper represents one of the first attempts to study the privacy issue in landslide detection using
vertical federated learning. The framework is particularly suited to feature‐disjoint but sample‐aligned data
settings, which are typical in multimodal geohazard data sets managed by different institutions. The proposed
FMLD framework constructs a distributed Client/Server architecture, where each client represents a distinct data
owner managing a unique modality (e.g., optical imagery, Digital Elevation Models (DEMs), hillshade maps).
The server coordinates encrypted feature fusion and model updates while ensuring that raw data remain local. An
incentive mechanism is also designed to quantify each client's contribution to the overall model performance. The
main contributions of this study are as follows: (a) A vertical federated learning strategy is proposed for privacy‐
preserving landslide detection using multimodal data, addressing the feature‐disjoint but sample‐aligned nature of
landslide data sets across institutions. (b) A federated learning architecture with a tailored task initialization
protocol is designed for landslide modeling, incorporating an incentive‐based contribution evaluation algorithm
to promote fair and effective participation among clients. (c) The effectiveness of the proposed framework is
evaluated in three study areas, demonstrating its feasibility in terms of accuracy, privacy preservation, and
scalability.

The remainder of this paper is shown below. Section 2 reviews related work on landslide modeling and federated
learning. Section 3 details the FMLD framework, including model architecture and training protocol. Section 4
presents the experimental results and analysis. Section 5 discusses the broader implications and limitations.
Section 6 concludes the study and describes future research directions.

2. Related Works
2.1. Machine Learning‐Based Landslide Detection

Automatic landslide detection refers to the development of data‐driven models to identify landslides from remote
sensing data. In the following, we provide a brief review of relevant works in landslide detection, comprehensive
surveys can be found in Casagli et al. (2023); Mohan et al. (2021); Tehrani et al. (2022). Machine learning
techniques have been widely used in landslide detection, such as random forest (Chen et al., 2014), convolutional
neural network (Liu et al., 2023; Lu et al., 2023), transformer network (Lv et al., 2023; Tang et al., 2022) and
graph neural network (W. Li et al., 2023; Wei et al., 2023). These models heavily rely on the availability of
landslide‐related geospatial data. The rapid growth of such data, including optical imagery, DEMs, and other
remote sensing sources, provides a promising foundation for the development of machine learning‐based land-
slide detection. Various types of landslide monitoring instruments have generated a large amount of heteroge-
neous data with different spatial, temporal, and spectral resolutions (Casagli et al., 2023). Space‐borne optical
images are widely used in landslide detection. Meena et al. (2023) used Landsat images to build a globally
distributed landslide data set and test the performance of deep learning‐based landslide detection methods.
Airborne optical images have the advantage of high resolution, which has been used in rapid mapping of
earthquake‐triggered landslides (Dai et al., 2023; Tang et al., 2022). LiDAR data has the advantage of removing
vegetation cover, which has been used to identify forested landslides (Fang et al., 2022). Synthetic Aperture Radar
(SAR) is an active remote sensing technology that remains effective even under cloud cover and supports
continuous operation day and night. Multi‐temporal SAR images with image classification and segmentation
methods are proposed for landslide detection (Nava et al., 2022, 2024). InSAR generates time‐series data for
ground deformation, which can be used to measure the movement of landslides. J. Cai et al. (2023) used time‐
series InSAR and Faster RCNN to identify active landslides over wide areas. Multimodal landslide detection
attracts increasing attention (Ghorbanzadeh, Xu, Ghamisi, et al., 2022; Xu et al., 2024). Typically, these data are
collected by different organizations, and the raw data are not allowed to directly share with others. There are
several justifications for refraining from sharing data., for example, industrial competition (Xu et al., 2023),
privacy protection policy and national security (Yang et al., 2023).

Some efforts have been made to promote data sharing in landslide detection. For example, Ghorbanzadeh, Xu,
Zhao, et al. (2022) proposed a Landslide4Sense data set and used it to organize a landslide detection competition
(Ghorbanzadeh, Xu, Zhao, et al., 2022). Landslide4Sense consists of multimodal data, including multispectral
images, digital elevation model (DEM), and slope data. Meena et al. (2023) proposed a landslide detection data set
named HR‐GLDD. It contains Planet images and landslide mapping labels of 10 different study areas. Xu
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et al. (2024) proposed the CAS Landslide Data set. It consists of Sentinel‐2 images and unmanned aerial vehicle
images from nine regions. Fang et al. (2024) introduced a coseismic landslide data set called GDCLD, which
consists of multi‐source high‐resolution remote sensing images. Most of the existing landslide detection data sets
use publicly available monitoring data with some newly annotated landslides. While these data sets can serve as
benchmarks for evaluating various landslide detection models, they are often insufficient to support practical
applications of different regions and scales. Regional‐scale landslide detection depends on the special charac-
teristics of the study area, whereas global‐scale landslide detection models must account for diverse conditions.
Therefore, incorporating confidential landslide monitoring data is essential for developing generalizable landslide
detection models.

Data silos have become a significant bottleneck in landslide detection. How to address the privacy and security
issues associated with landslide detection has become an urgent concern. This paper introduced federated learning
to address this challenge.

2.2. Vertical Federated Learning

Vertical federated learning is a federated learning framework that enables multiple organizations to collabora-
tively train a shared model using complementary features of the same set of samples without exposing their raw
data. This paradigm is well‐suited for integrating multimodal data distributed across institutions, where each
client contributes a distinct feature modality such as optical imagery or elevation data, and the global model is
trained on the aggregated representations without direct data exchange. By preserving data privacy while
leveraging heterogeneous information sources, VFL facilitates the development of more robust machine learning
models and has attracted increasing attention in recent years for privacy‐sensitive applications. Liu et al. (2024)
studied the basic framework, communication efficiency, effectiveness, security, and incentive of FTL. Hardy
et al. (2017) proposed a federated learning method for vertically partitioned data, which is considered to be one of
the earliest works on vertical federated learning (Saadati et al., 2024; Yang et al., 2019). Wang et al. (2024)
proposed an optimization approach for privacy and communication efficiency in VFL. He et al. (2024) proposed a
hybrid self‐supervised learning framework for VFL, which made better use of unaligned and unlabeled samples.
Feature inference (Luo et al., 2021) and label inference (Fu et al., 2022) attacks are proposed against VFL. Lu
et al. (2022) proposed a trustful incentive mechanism for VFL.

VFL has been successfully applied in several domains, such as recommendation systems (Atarashi & Ishi-
hata, 2021), finance (Kang et al., 2022), vehicle (Teimoori et al., 2022), wireless communication (Shi et al., 2023),
and multimodal tasks (Qi et al., 2023; Yan et al., 2024). However, the application of federated learning in the
geosciences remains largely unexplored. A review of security challenges in geoscience and remote sensing,
including adversarial attacks, backdoor attacks, federated learning, uncertainty, and explainability can be found in
Xu et al. (2023). In remote sensing, federated have been applied to remote sensing data collection, fusion,
annotation, image classification and segmentation. Fadlullah and Kato (2021) proposed an asynchronous
federated learning approach for remote sensing over integrated terrestrial‐aerial‐space networks. Gao et al. (2020)
proposed a federated region learning framework for urban environment sensing. Liu et al. (2020) applied
federated learning to for UAV‐based aerial‐ground air quality monitoring. Lee (2022) applied federated rein-
forcement learning for aerial remote sensing. D. Li, Xie, et al. (2023) introduced vertical federated learning for
multi‐satellite and multimodal fusion of remote sensing data. Coca et al. (2020) proposed a federated system for
collaborative labeling of remote sensing data sets. W. Cai et al. (2023) introduced horizontal federated learning
for hyperspectral image classification. Zhu et al. (2023) proposed a federated learning method for remote sensing
image classification with dishonest majority. Tam et al. (2021) applied federated learning to real‐time remote
sensing image classification. X. Zhang et al. (2023) introduced a horizontal federated learning model for general
remote sensing image segmentation. They also applied the proposed method to a landslide data set. Z. Zhang
et al. (2023) introduced differential privacy to address the white‐box membership inference attacks in remote
sensing image recognition.

In natural hazards assessment, federated learning has been applied to landslides, earthquakes, and forest fires.
Tang et al. (2024) proposed a horizontal federated learning method named FedLD for landslide detection. FedLD
was able to accurately identify landslides while protecting data privacy. Yang et al. (2023) applied federated
learning for predicting landslide displacement. Joshi et al. (2023) used federated learning for landslide monitoring
and prediction. Elmoulat et al. (2021) introduced a horizontal federated learning approach for developing
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landslide early warning system. Tehseen et al. (2021) proposed a federated learning method for earthquake
prediction. Fadlullah and Kato (2021) proposed an asynchronous federated learning model for smart remote
sensing with application to forest fire detection. Despite its potential, the integration of federated learning into
landslide detection research remains underexplored. This highlights a gap between current data sharing practices
in landslide studies and the opportunities offered by federated learning frameworks. In this study, we proposed a
vertical federated learning framework for landslide detection that enables the integration of multimodal landslide‐
related data and supports collaborative modeling across institutions.

3. Method
3.1. Problem Definition

Denote the data set as D = {X1,X2,… ,Xp,Y} , where X = {Xi}
p
i=1 represents the landslide‐related data main-

tained by different data owners, Y = {yk}
n
k=1 is handcraft label of landslides, p is the number of modalities, and n

is the number of landslide samples. The landslide data Xi = {xik}nk=1 is a type of multimodal data, such as optical
images, LiDAR‐derived DEM, and Hillshade map. Assume the landslide data are held by different organizations.
The landslide detection problem is how to use the data setD to develop a machine learning model for identifying
landslides automatically.

3.2. Overall Framework

To address the challenges of restricted data sharing and multimodal data integration in landslide detection, this
paper proposes a new landslide detection approach named FMLD. Vertical federated learning is first introduced to
the field of multimodal landslide detection. It enables multiple institutions, each holding complementary types of
landslide‐related remote sensing data, such as optical images, DEM, and hillshade maps to collaboratively train a
landslide detection model without directly sharing their raw data. This is particularly important in engineering
geology, where high‐resolution remote sensing data and field‐based geotechnical information are often confi-
dential, region‐specific, and costly to acquire. As illustrated in Figure 1, the FMLD framework adopts a Client‐
Server (C/S) architecture, consisting of a central server andmultiple clients. Each client represents an organization
that holds a specific modality of landslide data, such as optical images, LiDAR‐derived DEM, and hillshade maps.
The primary function of each client is to extract meaningful landslide features from their local data. The server
aggregates these features and performs the landslide detection task based on the integrated multimodal infor-
mation. This architecture ensures that the computational load is balanced. Clients handle data preprocessing and
local model training using their respective data sets, while the server integrates the intermediate features to update
the global landslide detection model. This approach reduces the volume of intermediate data transmission, pro-
tects data privacy, and improves training efficiency through distributed computing. Additionally, the C/S structure
enhances the scalability of the system, as new data sources or institutions can be incorporated into the system by
adding new clients without requiring changes to the overall framework.

Figure 1. The framework of the federated multimodal landslide detection method.
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The architecture of FMLD is a distributed neural network, also known as split neural network (SplitNN) (Thapa
et al., 2022). SplitNN partitions a neural network into multiple sub‐networks. FMLD adopts this paradigm to
transform the centralized multimodal landslide detection model (D. Li, Tang, et al., 2023) into a decentralized
framework. In this architecture, each client (e.g., imagery provider, LiDAR provider, or DEM holder) holds a
subnetwork of the model that processes its local data modality. Each modality is handled by a dedicated encoder
tailored to its specific data type. This modular design allows for the seamless integration of new clients with
additional modalities without requiring a complete redesign of the system. The server receives intermediate
feature embeddings from all clients and contains its own sub‐network to perform multimodal feature fusion and
landslide prediction. Notably, only compact feature embeddings are transmitted between clients and the server,
rather than raw images or DEM data, thereby enhancing privacy and reducing communication overhead.

Algorithm 1 depicts the clients and server of FMLD. In the rest of this section, we will show the design details of
FMLD.

Algorithm 1. The design details of FMLD.

Input: The client Ci(i = 1,2,3) has a data source Xi. The server S has a set of
landslide labels Y.
Output: A landslide detection model M.
1:// Server
2:Initialize the task using the Task Initialization Protocol
3:Construct a split neural network (Ns,N1,N2,N3)
4: for i = 1 to 3 do
5: Send network Ni to client Ci
6: end for
7: while There exists Ci not finish feature learning do
8: Client Ci send feature map Zij to server S

9: Use landslide lables Y to compute loss Lj
i

10: if |Lj
i − Lj − 1

i |<ε then
11: Terminate the feature learning process of Ci
12: else
13: Send Lij to client Ci
14: end if
15: end while
16: Use the feature fusion sub-network to integrate clients' feature maps
17: Use the landslide detection sub-network to predict landslides
18: // Client
19: Receive feature learning sub-network Ni from the server S

20: while !|Lj
i − LJ − 1

I |<ε do
21: Use local data Xi to train Ni by forward propagation
22: Send feature map Zij to the sever S

23: Receive loss Lj
i from the server

24: Conduct backpropagation to update the parameters of Ni
25: end while
26: Fix the parameters of feature learning sub-network

3.3. The Server of FMLD

A semi‐asynchronous server is proposed to manage the entire lifecycle of FMLD. Its core functions include
implementing the task initialization protocol, constructing the split neural network, coordinating clients in
training modality‐specific feature extraction sub‐networks, and performing landslide prediction based on
multimodal feature fusion.
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3.3.1. Task Initialization Protocol

The task initialization protocol is designed to address quality control, spatial alignment, label trustworthiness, and
data relevance challenges inherent in privacy‐preserving, vertically federated landslide detection.

1. Pre‐Federation Collaboration Agreement. A shared geographic extent and spatial resolution grid are estab-
lished to ensure data alignment across all data modalities. The task scope explicitly defines whether the focus is
on shallow landslides, deep‐seated landslides, or composite events. This ensures each modality used is
appropriate for the landslide detection task. Additionally, the server requests each client to prepare the
necessary software environment and hardware resources to ensure successful participation in the federated
training process.

2. Data Quality Declaration and Verification. Each data owner provides metadata describing their data set,
including: spatial resolution and coverage, acquisition time and revisit rate, and sensor type and calibration (e.
g., orthorectification status, cloud masking procedures, and DEM interpolation methods).

3. Label Source Disclosure and Synchronization. The central server maintains documentation of label prove-
nance, including sources such as public landslide inventories and human‐labeled data sets from domain ex-
perts. The spatial footprint of each landslide label is cross‐checked with available modalities to ensure at least
partial visibility in each.

4. Data Overlap and Alignment Assurance. All clients are required to project their data into a common coordinate
reference system and align to a shared tiling grid. The server verify that at least a defined percentage of labeled
tiles have overlapping features across all required modalities.

5. Initialization Approval and Logging. All parties approve the final protocol checklist via digital signature. The
federated learning process is initiated only after verification of data modality and label overlap, validation of
label relevance. and confirmation of modality appropriateness. All steps are logged and reproducible to
support review and audits.

3.3.2. Constructing Split Neural Network

Firstly, the server S constructs a split network (Ns,N1,N2,N3) , where the sub‐networks N1, N2 and N3 are
allocated to client C1, C2 and C3, respectively, for learning landslide detection features from multimodal data,
such as optical imagery, DEM, and hillshade. Meanwhile, the sub‐network Ns is maintained by the server to
integrate the features from all the clients and to predict the polygon label of landslides.

3.3.3. Coordinating Clients to Train the Feature Learning Sub‐Networks

After assigning sub‐networks to individual clients, the server orchestrates their training through an asynchronous
strategy. Specifically, the server waits to receive feature maps from the clients. Upon receiving a feature map Zij
from client Ci, where j denotes the training iteration number, the server computes the pixel‐wise cross‐entropy
(CE) loss Lij using the landslide labels. This process enables classification at the pixel level. The loss function is
presented in Equation 1, where the superscript l denotes the local loss associated with client. The computed loss
Lij is then return to client Ci. This approach enables clients to train their feature learning sub‐networks in parallel
and asynchronously, thereby improving overall training efficiency.

L(l)
ij = CE( Ŷ(l)

ij ,Y) (1)

3.3.4. Predicting Landslides Using Multimodal Data

Once all the clients have finished the training of their sub‐networks, the server uses its sub‐network Ns to integrate
the feature maps from all the clients and predict the landslide labels.

The network structure of Ns is shown in Figure 1. To enhance multimodal feature fusion, the model incorporates
both channel and spatial attention mechanisms. The channel attention (Tang et al., 2021) layer assigns adaptive
weights to features from different modalities (e.g., optical imagery, DEM, hillshade), enabling the model to
emphasize the most relevant information based on landslide type, for example, prioritizing optical features for
earthquake‐triggered landslides, and DEM or Hillshade features for vegetation‐covered ones. The spatial
attention (D. Li, Tang, et al., 2023) layer further guides the model to focus on geospatial regions more likely to
contain landslides, improving localization and reducing interference from irrelevant terrain or occlusion.
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Feature maps extracted from optical imagery (1024 channels via SegFormer), DEM (720 channels via HRNet),
and hillshade (1170 channels via HRFormer) are concatenated to form a unified tensor with 2914 channels. Prior
to concatenation, DEM and hillshade features are interpolated to align with the spatial resolution of the optical
features. Global average pooling is then applied to aggregate channel‐wise information, serving as input for
subsequent attention mechanisms. A Squeeze‐and‐Excitation module is used to refine the DEM and hillshade
features (1890 channels in total) before fusion. The concatenated tensor subsequently undergoes global average
pooling, followed by a sequence of convolutional layers that first compress the channel dimension to a maximum
of 8, and then expand it back to 1024 and 1890 channels. ReLU and Sigmoid activations are applied sequentially
to compute channel‐wise attention weights, which are used to enhance critical feature representations. To further
capture spatial dependencies, horizontal and vertical attention are applied using adaptive average pooling and
convolutions layers with kernel sizes 7 × 1 and 1 × 7, followed by Sigmoid activation. Their element‐wise
product of these feature maps forms a spatial mask, which highlights landslide‐prone regions. The resulting
fused features are passed through a dropout layer with a rate of 0.1, a linear layer projecting to 1024 channels, and
final 1 convolution layer to perform pixel‐wise landslide classification. Model training of the server is guided by a
cross‐entropy loss function, defined in Equation 2, where the superscript g denotes the global loss of the server.

L(g) = CE( Ŷ(g),Y) (2)

3.4. The Client of FMLD

After receiving feature learning sub‐network Ni from the server, each client performs local training. Specifically,
client Ci uses its local data Xi to train Ni. The training process consists of three stages, including forward
propagation, backward propagation, and fix parameters. In the jth round, client Ci first uses a batch of its data to
perform forward propagation on sub‐network Ni. The output of Ni is a feature map Zij. Then, client Ci sends Zij to
the server and waits for the server to return the lossLij. When clientCi receives loss, it conducts back propagation.
The training process continues for a maximum of N rounds, after which all parameters of sub‐network Ni are
fixed. Finally, while the server trains its sub‐network Ns, all clients only perform forward propagation without
updating their parameters.

The structure of the sub‐networks N1, N2 and N3 are illustrated in Figure 1. Different networks are adopted
because each modality exhibits distinct spatial and spectral properties requiring specialized feature extraction.
Specifically, SegFormer (Tang et al., 2022) is used for optical imagery because of its strong capability in
capturing fine‐scale spatial and semantic features from high‐resolution RGB data. HRNet (J. Wang et al., 2020) is
selected for DEMs since it maintains high‐resolution representations, enabling effective modeling of continuous
terrain structures. HRFormer (Yuan et al., 2021) is adopted for hillshade maps as it efficiently captures
illumination‐dependent topographic textures using transformer‐based global attention. These architectures
complement each other and allow each modality to contribute effectively within the unified FMLD framework.
Furthermore, the integration of heterogeneous deep learning architectures within the FMLD framework dem-
onstrates its flexibility and generality as a federated learning system capable of supporting diverse model types.

3.4.1. SegFormer for Extracting Optical Features of Landslides From Optical Imagery

The SegFormer network is employed to extract optical features of landslides, such as surface textures, edge
patterns, and morphological disruptions, from high‐resolution remote sensing images acquired by satellites or
UAVs. As shown in Figure 1a, SegFormer is a lightweight and scalable vision transformer based on an encoder‐
decoder architecture. Landslides vary significantly in size, shape, and spatial distribution, often occurring in
complex mountainous terrain. Capturing both fine local structure and broader contextual information is crucial for
accurate detection. To this end, the encoder adopts a hierarchical structure composed of four transformer layers,
which progressively downsample the input to generate multi‐scale feature maps. This design allows the model to
simultaneously represent slope‐level and landscape‐level features. Compared to conventional convolutional
neural networks, vision transformers offer enhanced capability in modeling long‐range dependencies. This is
particularly advantageous in landslide detection, where spatially scattered features such as source zones, transport
paths, and accumulation areas must be interpreted as part of a unified geomorphic process. The use of overlapping
patch embedding and depthwise convolutions further preserves spatial detail and positional information relevant
to landslide boundaries.
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The decoder of SegFormer is implemented for high computational efficiency. It fuses the multi‐scale features
extracted by the encoder into a uniform‐resolution representation using MLP layer and upsampling operations. A
final 1 × 1 convolution performs pixel‐wise classification, assigning each pixel to either landslide or non‐
landslide classes. By leveraging transformer‐based modeling in the context of landslide detection, this
approach improves the extraction of complex geomorphic features from optical imagery and enhances detection
performance across varied landslide types and spatial scales.

3.4.2. HRNet for Extracting Geomorphological Features of Landslides From DEM

A DEM provides critical information about landslide's surface by representing terrain elevation. It provide
complementary information for identifying geomorphological changes that are not always visible in optical
imagery. Topographic features derived from DEM, such as slope, aspect, and curvature, are well‐known in-
dicators for detecting geomorphic anomalies associated with landslides. These include features such as scarps,
ridge lines, tension cracks, and accumulation zones, which are often precursors or consequences of slope failure.
To effectively extract these subtle topographic features, the High‐Resolution Network (HRNet) is employed for
extracting landslide‐related features from DEM. Unlike traditional CNN‐based approaches that repeatedly
downsample feature maps, HRNet is particularly well‐suited for DEM analysis because it maintains high‐
resolution representations throughout the network.

As illustrated in Figure 1b, HRNet takes the rawDEM as a single‐channel grayscale input and processes it through
parallel branches, each built upon four sequential connected convolutional layers. Convolutional operations
provide a sufficient receptive field to capture landslide topographic features, while being more computationally
efficient than Transformer‐based architectures. By retaining high‐resolution features throughout the network,
HRNet preserves detailed topographic variations such as landslide scarps and sudden slope changes. This ability
offers a approach for terrain‐driven landslide detection, which is particularly suitable for scenarios where spectral
information is limited or unavailable.

3.4.3. HRFormer for Extracting Surface Cues of Vegetation‐Covered Landslides From Hillshade

Hillshade is a terrain visualization technique derived from DEM that simulates terrain illumination based on a
hypothetical light source. By enhancing terrain morphology through shading and contrast, hillshade maps are
particularly effective for identifying landslides in densely vegetated areas where optical imagery is limited.
Compared to optical images, high‐resolution hillshade maps contain less landscape information but preserve
critical surface cues under forest cover, such as texture, shadow, and edge features. Meanwhile, LiDAR point
clouds tend to be sparse in regions with dense vegetation, making it essential to retain high spatial resolution
during feature extraction.

To address these challenges, HRFormer is employed for feature extraction from hillshade maps, which is shown
in Figure 1b. While its overall structure resembles HRNet, HRFormer replaces convolutional layers with vision
transformer blocks, enabling more effective modeling of long‐term spatial relationships. Hillshade maps are
treated as three‐channel inputs, similar to optical images, facilitating integration into the network. The multi‐
resolution transformer branches in HRFormer allow for the simultaneous capture of fine‐scale shading varia-
tions and broader terrain patterns. Through cross‐scale feature fusion, HRFormer integrates detailed local
morphological features with the global geomorphological context, enhancing the discrimination of landslide
features. Moreover, its high‐resolution representation throughout the network preserves pixel‐level contrast,
which is crucial for detecting small or subtle landslides, particularly in areas obscured by vegetation.

Notably, the FMLD framework provides a flexible and architecture‐independent solution for landslide detection
using heterogeneous geospatial data. Instead of enforcing a uniform model across all clients, FMLD allows each
client to adopt the deep learning architecture best suited to its specific data modality, considering differences in
spatial, spectral, and geometric properties. This is particularly important in practical scenarios where data such as
optical imagery, DEMs, and hillshade maps vary widely in structure. Through a split neural network design,
FMLD enables intermediate features from diverse architectures to be projected into a shared latent space. This
design ensures compatibility across models and supports the integration of multiple data views, scales, and
sources, which is crucial for accurate landslide detection in complex and vegetated environments. Demonstrated
with models including SegFormer, HRNet, and HRFormer, FMLD is also extensible to Synthetic Aperture Radar
(SAR) data using appropriate deep neural networks.
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3.5. Incentive Mechanism

Evaluating the contribution of each data owner is crucial for understanding the utility of their landslide data. In
vertical federated learning, different parties contribute distinct groups of features to the learning task. These
features often have complex interactions. The joint mutual information (JMI) (Tang et al., 2018) is introduced to
measure the dependency between a set of features and the landslide label. Equation 3 provide the definition
of JMI,

I(X1,X2,… ,Xk; Y) = ∑
X∈X

I(S; Y) (3)

where I(S; Y) is the interaction information between Y and all the features in S. The contribution of a feature Xi is
quantified by the marginal loss of its JMI, as shown in Equation 4.

Ci = I(X1,X2,… ,Xk;Y) − I(X1,… ,Xi− 1,… ,Xi+1,… ,Xk; Y) (4)

However, accurately computing multivariate information measures can be challenging. The marginal loss of the
trained neural network is introduced to estimate JMI. Algorithm 2 shows the process of using a neural network to
calculate the marginal loss. The search strategy is known as Sequential Backward Search (SBS). Firstly, compute
the overall F1 score using all types of data, denoted as I0. Secondly, remove Xi from the input data sets and
compute the F1 score using the remaining data sets. Finally, the contribution of the jth type of landslide data is
given by Cj = I0 − Ij, and the contribution ratio is Rj = C(Xi)

C1 +C2 +C3
.

Algorithm 2. An incentive algorithm for federated landslide detection.

Input: A trained neural network of FMLD, that is, {Ns,N1,N2,N3}; the optical images
(X1), DEM (X2) and hillshade maps (X3); and the input landslide labels Y.

Output: The contributions of the participants {C(X1),C(X2),C(X3)}.
1: Use the original trained network to compute the total F1 score of multimodal

landslide prediction accuracy, which is denoted as I0
2: for j = 1 to 3 do
3: Fix the feature map of Nj as 0
4: Input the test data of D into sub-networks N1, N2, and N3
5: Feed the feature maps of N1, N2, and N3 into Ns
6: Compute the predict label Ŷ
7: Use Y and Ŷ to compute F1 score Ij
8: The contribution of Xj is Cj = I0 − Ij

9: The contribution ratio of Xj is Rj =
C(Xj)

C1 +C2 +C3

10: end for

4. Experiments
4.1. Data Sets

The proposed method was evaluated in three study areas (Figure 2). Detailed data preprocessing procedures are
provided in Text S1 of Supporting Information S1.

The first study area is located in Jiuzhaigou County, China. Jiuzhai Valley National Park, a famous World
Heritage site, is well‐preserved with abundant vegetation. Situated in the transition zone between the Tibetan
Plateau and the Sichuan Basin, the region is characterized by extremely complex geological conditions. Intense
neotectonic movements and significant crustal uplift have resulted in diverse landforms and extensive tufa
deposition due to karstification (Lei et al., 2018). On 8 August 2017, a Ms 7.0 earthquake occurred in Jiuzhaigou
County (33.20°N, 103.82°E), triggering approximately 2,000 landslides (Fan et al., 2018). We developed a
Jiuzhaigou landslide data set using multimodal data, including post‐event airborne optical imagery, LiDAR‐
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derived DEM and hillshade maps. The training set comprises 2,524 image patches and 2,524 landslides, while the
test set contains 670 image patches and 727 landslides.

The second study area is Luding County, China. In September 2022, a magnitude 6.8 earthquake occurred in
Luding County (39.25°N, 102.08°E) (Huang et al., 2023), triggering over 5,000 landslides. The Luding earth-
quake struck the southeastern margin of the Qinghai‐Tibet Plateau, an area known for its typical alpine canyon
landforms. The Dadu River flows through this region from north to south, with significant elevation changes
along its path. The predominant lithologies in this area include acidic plutonic rocks and mixed sedimentary
rocks. Long‐term intense tectonic activity and weathering have resulted in highly fragmented rock and soil
masses, creating conditions conducive to geological hazards (Dai et al., 2023). We developed a Luding landslide
data set using multimodal data, including post‐event PlanetScope satellite optical imagery, LiDAR‐derived
DEMs, and hillshade maps. The training set contains 1,721 image patches and 1,721 landslides, while the test
set includes 972 image patches and 417 landslides.

The third study area is located in the central region of Emilia‐Romagna, Italy (44.50°N, 11.35°E). In May 2023,
this region experienced multiple extreme rainfall events, triggering more than 80,000 landslides, primarily
consisting of shallow soil slides and debris flows (Berti et al., 2025). These landslides were widely distributed
across slopes that had previously been considered stable. A total of 6,962 landslides were mapped in the selected
study area. Given the dominance of shallow landslide types in this region, we utilized multimodal remote sensing
data, including post‐event PlanetScope satellite optical imagery, DEM, and hillshade maps. The training set
consists of 6,343 image patches and 6,343 landslides, while the test set contains 681 image patches and 619
landslides.

4.2. Experimental Results

This section presents the experimental results obtained from three study areas. The experiments are designed to
evaluate the accuracy, efficiency, and generalizability of the proposed FMLD framework. Six widely used
quantitative metrics are adopted to assess the landslide detection results: IoU, mIoU, Precision, Recall, Accuracy,
and F1 score. The definitions and computational formulas of these evaluation metrics are provided in the Ap-
pendix. Detailed experimental configurations are presented in Text S2 of Supporting Information S1.

4.2.1. Overall Performance Evaluation

Table 1 compares the overall performance of landslide detection on the Jiuzhaigou data set using single‐modal
data and multimodal data. “Centralized” refers to the model trained when all multimodal data are stored

Figure 2. Study areas including Luding, Jiuzhaigou, and Emilia‐Romagna, with separated training and testing regions and
associated multimodal data (optical imagery, DEM, and hillshade map).
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together on a single server, representing the ideal case of centralized learning without privacy or data‐sharing
constraints. In contrast, FMLD operates under a federated learning setting, where different data modalities are
held by separate organizations and collaboratively trained without sharing raw data. For single‐modal data, the
SegFormer, HRNet and HRFormer models are used to detect landslides in optical images, DEM and hillshade,
respectively. For multimodal data, both centralized and FMLD are used to detect landslides using all three data
sources. The results show that the multimodal landslide detection methods (Centralized and FMLD) outperform
single‐modal landslide detection methods (SegFormer, HRNet and HRFormer). The performance of the
centralized method and FMLD are quite close. Because FMLD is a split neural network, which divides a neural
network into sub‐networks. The forward and backward flows between the server and clients are transmitted via a
reliable network connection. This setup ensures that all the transmitted data, including feature maps and gradients,
are well protected. In contrast, the model aggregation algorithm in horizontal federated learning can lead to a
reduction in prediction accuracy.

Table 2 compares the overall landslide detection performance on the Luding data set. The results indicate that
multimodal methods, specifically FMLD and Centralized, outperform single‐modal methods including “Opti-
cal+ SegFormer,” “DEM+HRNet,” and “Hillshade+HRFormer.” Additionally, the performance of FMLD and
Centralized is very similar. These findings are consistent with the results obtained from the Jiuzhaigou data set.
This suggests that FMLD is a robust, privacy‐preserving landslide detection method with strong generalizability,
as it performs well across different data sets and does not depend on specific landslide data set.

Table 3 presents the overall landslide detection performance on the Emilia‐Romagna data set using both single‐
modal and multimodal approaches. For single‐modal detection, the SegFormer model is used on optical imagery,
HRNet on DEM, and HRFormer on hillshade data. The results indicate that among single‐modal methods, the
optical‐based SegFormer model achieves the best performance, while DEM and hillshade modalities yield
relatively lower scores across all metrics. When using multimodal data, both the centralized model and the
proposed FMLD method demonstrate significantly better performance than single‐modal models, with im-
provements particularly evident in mIoU and F1‐score. The centralized and FMLD methods exhibit similar
overall performance, with FMLD achieving slightly higher precision and accuracy. These results further support
the effectiveness and generalizability of the FMLD framework in handling diverse landslide data sets while
preserving data privacy.

In addition, FMLD achieves high prediction accuracy across three study areas located on different continents,
including China and Italy, and involving two distinct triggering factors, namely earthquakes and rainfall. This
demonstrates its generalizability across diverse geological settings. It also successfully integrates three different

Table 1
The Overall Performance Comparison of Different Landslide Detection Methods on the Jiuzhaigou Data Set

Model Data source Precision Recall Accuracy mIoU F1

SegFormer Optical 0.6583 0.6378 0.9501 0.5701 0.6472

HRNet DEM 0.6444 0.6914 0.9408 0.5793 0.6640

HRFormer Hillshade 0.7043 0.7628 0.9532 0.6353 0.7293

Centralized Optical + DEM + Hillshade 0.7395 0.7595 0.9604 0.6549 0.7490

FMLD Optical + DEM + Hillshade 0.7484 0.7454 0.9619 0.6533 0.7469

Table 2
The Overall Performance Comparison of Different Landslide Detection Methods on the Luding Data Set

Model Data source Precision Recall Accuracy mIoU F1

SegFormer Optical 0.7769 0.7988 0.9659 0.6930 0.7874

HRNet DEM 0.5330 0.5214 0.9395 0.4909 0.5251

HRFormer Hillshade 0.8096 0.7421 0.9685 0.6778 0.7713

Centralized Optical + DEM + Hillshade 0.8234 0.8051 0.9721 0.7223 0.8140

FMLD Optical + DEM + Hillshade 0.8135 0.8251 0.9716 0.7279 0.8192
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types of deep neural networks, including the lightweight transformer‐based SegFormer, the convolutional neural
network‐based HRNet, and the transformer‐based HRFormer. This highlights its generalizability with respect to
different of neural network architectures.

4.2.2. Individual Class Comparison

Table S1 in Supporting Information S1 compares the performance of the landslide and background classes on the
Jiuzhaigou data set. For the landslide class, the multimodal methods FMLD and Centralized outperform the
single‐modal approaches, including “SegFormer + Optical”, “HRNet + DEM” and “HRFormer + Hillshade.”
The complementary information provided by multimodal data enhances landslide detection performance, which
is learned by the feature fusion sub‐network of the multimodal landslide methods. FMLD achieves performance
close to that of the centralized method, with a 0.46% and 0.5% difference in IoU and F1 for the landslide class,
respectively. This small gap indicates that FMLD provides an effective implementation of the centralized
approach while preserving data privacy. For the background class, performance across all methods is similar. This
is because the number of pixels classified as background significantly exceeds the number of pixels classified as
landslides, leading to less variation in performance for this class.

Table S2 in Supporting Information S1 compares the performance of the individual classes on the Luding data set.
Both the landslide and background classes perform better with multimodal methods compared to single‐modal
methods. The performance of the Centralized method and FMLD are similar. These individual class compari-
son results of the Luding data set are consistent with that of the Jiuzhaigou data set, showing that FMLD is a
general framework for privacy‐preserving landslide detection.

Table S3 in Supporting Information S1 presents the per‐class performance on the Emilia‐Romagna data set. For
both the landslide and background classes, multimodal methods consistently outperform single‐modal ap-
proaches. Notably, the performance of the Centralized method and FMLD is comparable. These results align with
the findings from the Jiuzhaigou and Luding data sets, further demonstrating that FMLD serves as a robust and
generalizable framework for privacy‐preserving landslide detection.

4.2.3. Visualization Analysis

Figures 3–5 presents the visualization results of the proposed FMLD method on the Jiuzhaigou, Luding and
Emilia‐Romagna data sets. The results demonstrate that FMLD successfully identifies the majority of the
landslides, confirming its effectiveness as a privacy‐preserving landslide detection framework. Many landslides
scattered along the river are accurately detected by FMLD, indicating its strong capability to capture geomorphic
signatures associated with slope failures. Notably, FMLD also identifies landslides located in the shadow regions
of the remote sensing image. The hillshade map, unaffected by shadows, provides complementary information to
the optical remote‐sensing images. FMLD successfully leverages multimodal landslide data to mitigate the
impact of shadowing, enhancing detection accuracy.

However, several false positives are also observed, particularly in regions adjacent to rivers and water bodies.
These areas often coincide with geomorphological features such as alluvial fans and river channel changes, which
share similar spectral and topographic patterns with actual landslides. In addition, some agricultural areas,
particularly cultivated farmland such as wheat fields, exhibit repetitive crop texture patterns that resemble the
tonal and structural characteristics of landslides in optical imagery. These similarities in surface texture and
brightness gradients may cause the model to misclassify such areas as potential landslides. This analysis

Table 3
The Overall Performance Comparison of Different Landslide Detection Methods on the Emilia‐Romagna Data Set

Model Data source Precision Recall Accuracy mIoU F1

SegFormer Optical 0.7253 0.7495 0.9126 0.6303 0.7365

HRNet DEM 0.5682 0.5601 0.8708 0.4892 0.5637

HRFormer Hillshade 0.5847 0.5570 0.8855 0.4957 0.5663

Centralized Optical + DEM + Hillshade 0.7660 0.7516 0.9261 0.6544 0.7585

FMLD Optical + DEM + Hillshade 0.7723 0.7424 0.9275 0.6526 0.7563
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highlights the importance of integrating additional contextual or temporal features in future work to further reduce
false detections.

4.2.4. Ablation Study

To further evaluate the contribution of key components in the proposed FMLD framework, we conducted two
ablation experiments: (a) removing the dual‐attention module in the server‐side decoder, and (b) removing the
DEM modality while keeping the optical imagery and hillshade data. The results across the Jiuzhaigou, Luding,
and Emilia‐Romagna data sets are summarized in Table 4.

Removing the attention module leads to a substantial performance drop across all three regions, with decreases of
12.7%, 7.9%, and 9.0% in F1‐score for Jiuzhaigou, Luding, and Emilia‐Romagna, respectively. This confirms that
the dual‐attention mechanism plays a crucial role in enhancing multimodal feature fusion and improving spatial
consistency. In contrast, removing the DEM modality results in only slight performance reductions compared
with the baseline model. The F1‐score decreases by 1.16% in Jiuzhaigou, 0.97% in Luding, and 0.75% in Emilia‐
Romagna, indicating that the DEM contributes relatively little to the overall prediction performance. This
observation aligns with the contribution analysis, suggesting feature redundancy between DEM and hillshade
data, which are derived from the same elevation source. Overall, the ablation results demonstrate that the dual‐
attention module is essential for effective multimodal fusion, while the DEMmodality provides limited additional
benefit under the current feature extraction setting.

4.2.5. Communication Overhead and Training Efficiency

To further evaluate the system performance of the proposed FMLD framework, we analyzed the communication
overhead and total training time across three representative study areas, including Jiuzhaigou, Luding, and
Emilia–Romagna. In Jiuzhaigou, the total transmitted feature size per training round was 1119.50 MB, and the
total training time was approximately 12.9 hr. In Luding, a similar transmission size of 1119.50 MB was

Figure 3. Visualizing the landslides identified by FMLD on the Jiuzhaigou data set. (a) Overall prediction results across the
jiuzhaigou study area. (b) Enlarged view showing successful detection in shadowed regions. (c) Enlarged view highlighting
accurate identification around water bodies and complex terrain.
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Figure 4. Visualizing the landslides identified by FMLD on the Luding data set. (a) Overall prediction results across the
Luding study area. (b) Enlarged view showing accurate detection of small‐scale landslides in steep terrain. (c) Enlarged view
illustrating successful identification of shadowed and vegetation‐covered landslides.

Figure 5. Visualizing the landslides identified by FMLD on the Italy data set. (a) Overall prediction results across the Emilia‐
Romagna study area. (b, c) Enlarged views showing scattered small‐scale landslides accurately detected in hilly terrain.
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observed, with a total training time of about 5.0 hr. In Emilia‐Romagna, the transmitted feature size was
91.06 MB, and the total training time was around 3.1 hr. These results demonstrate that the proposed FMLD
framework maintains efficient communication and scalable training performance across diverse regional con-
ditions, effectively balancing model accuracy and system efficiency in federated multimodal landslide detection.

5. Discussion
High‐quality, large‐scale landslide data sets are critical for advancing machine learning‐based landslide detection
models. Rapid global landslide detection demands cross‐institutional collaboration and data sharing. However,
concerns regarding data privacy, proprietary rights, and regulatory compliance often hinder such efforts. To
address these challenges, this study proposes FMLD, a federated machine learning framework for landslide
detection based on vertical federated learning. FMLD enables collaborative model training across institutions
while protecting sensitive data, facilitating secure knowledge integration without raw data exchange. This section
discusses the advantages of vertical over horizontal federated learning, strategies for decentralized data and label
quality control, and insights from experimental results and multimodal data analysis.

5.1. Comparing Vertical With Horizontal Federated Learning for Landslide Detection

FMLD offers two primary advantages. First, geohazard research institutions typically hold diverse comple-
mentary data types, such as satellite‐based optical imagery, airborne LiDAR point clouds, and ground‐based
deformation measurements. Traditional centralized approaches require pooling such heterogeneous data,
which is often impractical due to privacy regulations or institutional policies. FMLD provides a privacy‐
preserving alternative, enabling multi‐source, multimodal data to contribute to model training without the need
for raw data exchange. Second, FMLD maintains performance comparable to centralized models. Unlike HFL
approaches (Y. Yang et al., 2023; Tang et al., 2024), which often suffer from accuracy degradation due to non‐IID
data distributions and model aggregation issues, FMLD partitions the neural network into modality‐specific sub‐
networks. By protecting both forward and backward propagation flows between clients and server, FMLD
minimizes information leakage while maintaining model accuracy.

The distinction between VFL and HFL lies in their underlying data distribution assumptions and use cases. HFL is
suited for scenarios where clients hold homogeneous data features from different geographic regions, for instance,
optical satellite imagery across different administrative zones. In such cases, each client trains a local model on
indetical input features, enabling collaborative learning across regions without centralizing data. In contrast, VFL
is designed for scenarios in which institutions hold different but complementary modalities for the same region.
This reflects real‐world landslide detection constraints where institutions hold non‐overlapping features
(e.g., optical imagery, DEMs, or LiDAR‐derived hillshade maps) for the same geographic region. VFL allows
such features to be integrated securely without sharing raw data. For example, in forested mountainous terrains
where canopy cover obscures landslides in optical imagery, hillshade maps can uncover hidden scarps and terrain
changes (D. Li, Tang, et al., 2023). VFL enables feature‐level fusion across modalities while safeguarding data
privacy and ownership.

Table 4
Ablation Study Results of the FMLD Framework Across Three Study Areas

Component Study area mIoU Precision Recall Accuracy F1

Baseline Jiuzhaigou 0.6533 0.7484 0.7454 0.9619 0.7469

Luding 0.7279 0.8135 0.8251 0.9716 0.8192

Emilia‐Romagna 0.6526 0.7723 0.7424 0.9275 0.7563

Without Attention Module Jiuzhaigou 0.5430 0.5987 0.6607 0.9242 0.6201

Luding 0.6449 0.7120 0.7787 0.9535 0.7401

Emilia‐Romagna 0.5696 0.6872 0.6501 0.9052 0.6658

Without DEM Data Jiuzhaigou 0.6415 0.7185 0.7554 0.9566 0.7353

Luding 0.7168 0.7983 0.8215 0.9694 0.8095

Emilia‐Romagna 0.6447 0.7591 0.7395 0.9239 0.7488
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Furthermore, VFL supports modality‐specific modeling, which is crucial given that different landslide types
manifest uniquely across data sources. Rapid, shallow landslides are often visible in optical imagery, whereas
deep‐seated or slow‐moving landslides require elevation‐based analysis using DEMs or LiDAR. FMLD employs
tailored sub‐networks optimized for each modality (e.g., SegFormer for optical imagery, HRNet for DEM, and
HRFormer for hillshade map) and followed by server‐side feature fusion. Such modular and flexible architecture
is not feasible under HFL, which requires consistent input structures and feature spaces across clients.

FMLD demonstrates how federated learning can be applied to balance data privacy and prediction accuracy in
landslide detection. Its prediction accuracy is comparable to that of the corresponding centralized model, indi-
cating that FMLD can preserve data privacy without sacrificing landslide prediction performance. Compared to
HFL (Tang et al., 2024), the VFL paradigm adopted by FMLD enables a more effective trade‐off between privacy
protection andmodel accuracy.More broadly, federated learning holds significant promise for privacy‐preserving
modeling across a range of natural hazards, including earthquakes, debris flows, wildfires, floods, and tsunamis.
These fields often involve sensitive data such as seismographs, rainfall records, remote sensing imagery, and
water level measurements across research institutions, commercial entities, and government agencies. By
enabling secure collaboration without raw data exchange, federated learning can alleviate privacy concerns and
promote inclusive, large‐scale geoscientific research. Future work could further explore the use of federated
learning to integrate additional geoscience data types, such as displacement time series, GNSSmeasurements, and
seismic waveforms, to enhance robust, privacy‐aware natural hazard modeling.

5.2. Decentralized Data and Label Quality Control

A core challenge in federated learning is ensuring high data and label quality when the data are distributed and not
directly accessible. To address this, FMLD incorporates a Task Initialization Protocol that coordinates the server
and clients before training begins. This protocol covers several key aspects: declaration and verification of data
quality, disclosure and synchronization of label sources, checks for data overlap and alignment, and formal
approval and logging of initialization records. These mechanisms help ensure consistency and traceability across
clients, reducing the risk of degraded model performance due to noisy or misaligned data.

In cases where a client temporarily disconnects or withdraws during training, the system maintains training
stability by substituting the missing modality with placeholder feature embeddings and recording the dropout
event. This ensures that model updates remain synchronized across participating clients, although a minor
decrease in accuracy may occur due to incomplete multimodal information. Improving the robustness of FMLD
remains an open challenge. Future work will explore adaptive aggregation strategies and dynamic reinitialization
mechanisms that allow the model to automatically adjust to client dropout events, thereby enhancing the resil-
ience and scalability of the framework under real‐world federated learning environments.

5.3. Experimental Insights and Multimodal Contribution Analysis

Experimental results across three geographically and causally diverse regions, including two earthquake‐
triggered and one rainfall‐induced landslide cases, demonstrate that FMLD achieves performance comparable
to centralized models in both IoU and F1 score. These findings highlight the generalizability of the FMLD
framework across different landslide types and terrain conditions while preserving the privacy of distributed data
owners. In addition, the multimodal fusion strategy in FMLD significantly enhances detection accuracy. Models
trained with combined optical, DEM, and hillshade inputs outperform those trained on single modalities. The
modality contribution analysis shows that hillshade maps contribute the most, followed by optical imagery, while
DEMs contribute the least. Quantitatively, the contributions of optical imagery, DEM, and hillshade are 17.6%,
3.2%, and 79.2% in Jiuzhaigou; 17.5%, 0.1%, and 82.4% in Luding; and 18.9%, 2.4%, and 78.7% in Emilia‐
Romagna.

The higher contribution of hillshade can be attributed to its ability to enhance topographic contrast and highlight
geomorphological structures such as scarps, gullies, and slope breaks, which are key features for identifying
landslides. Unlike optical imagery, which is affected by vegetation, lighting, and atmospheric conditions, hill-
shade maps emphasize intrinsic surface morphology and effectively reveal landslide traces even in shadowed or
vegetated areas. Consequently, hillshade provides clearer and more stable indicators of landslide activity in
mountainous terrain. In contrast, the relatively low contribution of DEMs, which is below five percent across all
data sets, indicates feature redundancy between DEM and hillshade data because both represent elevation‐derived
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terrain morphology. To verify this, an ablation experiment was conducted by removing the DEM modality. The
results showed only minor decreases in F1 score: 1.16% in Jiuzhaigou, 0.97% in Luding, and 0.75% in Emilia‐
Romagna. These results confirm that the DEM provides limited additional information under the current
feature extraction scheme. Nevertheless, DEM data remain valuable for providing precise elevation information
and can be utilized more effectively through advanced feature extraction. Future research should explore
incorporating DEM‐derived topographic factors such as slope, curvature, and terrain roughness to better exploit
the geomorphological relevance of DEM data. These improvements could enhance both interpretability and
computational efficiency in federated multimodal landslide detection.

6. Conclusions
This study proposed a new multimodal deep learning model called FMLD for landslide detection, which
leveraged vertical federated learning to protect data privacy while enabling effective collaborative modeling.
FMLD achieves comparable detection accuracy across diverse geographic and causal scenarios, without
requiring raw data exchange between participating institutions. In this approach, the centralized landslide
detection model is divided into two sub‐networks: a client‐side data processing sub‐network, and a server‐side
feature fusion network. These sub‐networks are organized under a Client/Server structure. Each client utilizes a
specific type of landslide data to train a data processing sub‐network (e.g., optical imagery, DEMs, hillshade
maps). The server then uses the feature fusion network to aggregate the feature maps of all the clients.
Communication between the server and clients is limited to the exchange of neural network parameters and
gradients, ensuring that the original landslide data of each data owner are never transmitted to others.
Consequently, the privacy of all data owners is effectively protected. FMLD was evaluated in three distinct
study areas, namely Jiuzhaigou and Luding County in China, and Emilia‐Romagna in Italy. Experimental
results demonstrate that FMLD achieves performance comparable to centralized models and consistently
outperforms single‐modality baselines. The results further confirm that FMLD successfully exploits the
complementary information among different modalities, particularly between optical and topographic data,
leading to improved detection accuracy in complex terrain conditions. Visualization analysis further confirms
that FMLD effectively detects landslide occurrences across varied terrains and data types. Future work will
focus on extending this framework to incorporate additional hazard‐related modalities, enhancing robustness
under real‐world deployment conditions, and reducing communication overhead to further improve system
efficiency. In addition, future studies will explore the integration of multi‐temporal optical imagery and
ancillary geospatial data sets, such as land use and vegetation maps, to better distinguish between actual
landslides and visually similar non‐landslide features, as well as improving DEM utilization through derived
topographic factors and optimized feature extraction.
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