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Abstract. Although recent robot perception research emphasizes train-
ing on data from diverse environments to improve generalization, most
existing methods still rely on centralized learning, which is inefficient and
difficult to scale across heterogeneous robot platforms. Federated learn-
ing (FL) offers an alternative by enabling distributed training without
raw data transfer, but it suffers from severe performance degradation un-
der domain shifts caused by heterogeneity across clients. In real robotic
deployments, data distributions often overlap across platforms, environ-
ments, and sensing conditions, making it difficult to partition clients
into clearly separated domains. However, this characteristic breaks the
assumption of clearly separable client domains commonly used in clus-
tered FL. To address this gap in robot perception, particularly in depth
estimation, we introduce two realistic and unexplored non-IID scenarios
that reflect heterogeneity in terms of platform, environment, and depth
distribution. We then propose FeDepth, a descriptor-based clustered
FL framework that models client relationships through soft clustering.
Unlike hard clustering methods that assume clearly separated clusters,
FeDepth allows clients to participate in multiple clusters, capturing con-
tinuous and ambiguous domain transitions commonly observed in robotic
environments. Extensive experiments demonstrate that FeDepth con-
sistently improves robustness over standard FL and clustered FL base-
lines across multiple depth estimation architectures, providing a practical
and effective solution for federated robot perception. Our project page
is available at https://vision3d-lab.github.io/fedepth/.
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1 Introduction

Robot perception, including tasks such as depth estimation [3], object recogni-
tion [36], and semantic understanding [8], is fundamental to enabling autonomous
systems to interact safely and intelligently with their surroundings. Recent ad-
vances in deep learning, particularly convolutional neural networks (CNNs) and
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Fig. 1: Illustration of FeDepth. The proposed FeDepth, a soft clustering-based
FL framework that models complex inter-client relationships for robust training and
effective cluster model updates. For example, Clients 3 and 10, which share the same
platform (e.g., UGV), are assigned to two overlapping clusters.

Transformer-based architectures, have notably improved perception performance
across various modalities [13, 32, 45]. In addition, training on datasets collected
from diverse environments [22, 42] has been shown to enhance generalization
beyond controlled laboratory conditions to the complex and variable settings
encountered in real-world robotic applications.

Despite these advances, most perception pipelines still rely on a centralized
learning (CL) paradigm: (i) collecting raw sensory data in the field, (ii) trans-
mitting it to a central server, and (iii) training a single model on the aggregated
dataset. Although this approach has proven effective in controlled benchmarks
with curated data, it becomes impractical when training on data acquired from
real-world robots. Concretely, CL suffers from several limitations, including high
communication overhead incurred by transmitting high-bandwidth sensory data
(e.g., high-resolution images or LiDAR streams) to a central server. Further-
more, CL faces severe scalability bottlenecks, as the computational requirements
of servers scale proportionally with the volume of the aggregated dataset. More-
over, CL is highly vulnerable to increasing privacy concerns when collecting
visual perception data from personal robotic agents.

Federated learning (FL) [31] provides a promising alternative: each robot
trains its model locally and shares only weights rather than raw images. Al-
though FL is widely known to perform well for canonical image classification
benchmarks (e.g., CIFAR-100 [24]), our preliminary experiments reveal that FL
in robot perception scenarios inherently suffers from severe heterogeneity, which
is driven by the diversity of robot platforms (e.g., UGV, UAV, legged robots),
various observation environments (e.g., urban, forest, indoor), and unbalanced
data quantities across clients, thereby raising a significant challenge to deploying
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FL in real-world robots. It should be noted that only a few recent works have
pushed FL to robot perception applications [23, 29, 33]. However, these studies
are confined to a single platform (e.g., manipulator) or a limited environment
(e.g., on-road driving), thus failing to address the substantial domain gaps in-
duced by heterogeneous real-world robots. Moreover, data distributions across
robots are often partially overlapping rather than clearly separable, as robots
may share similar environments, sensing conditions, or platform characteristics,
suggesting the need for soft clustering that allows overlapping client assignments.

In this work, we focus on two real-world scenarios that encompass the domain
shifts frequently encountered in heterogeneous robot data. First, a heterogeneous
platform-environment (HPE) scenario incorporates the heterogeneity originat-
ing from a unique combination of platform and environment for each client’s
trajectory. The combinatorial configurations induce variations in viewpoint, mo-
tion dynamics, and scene layout, thus leading to significant domain gaps that
hinder federated optimization. Second, a bi-modal range (BMR) scenario con-
tains a bi-modal distribution over depth ranges, distinctly separated into indoor
and outdoor domains. Indoor clients observe close-range geometry (under 10
meters), while outdoor clients capture long-range scenes (up to 80 meters), cre-
ating a fundamental mismatch in depth distribution. This divergence, coupled
with differing camera intrinsics, severely limits the performance of unified models
even under centralized training.

To address these heterogeneities, we propose FeDepth, a clustered-FL (CFL)
framework for monocular depth estimation on heterogeneous multi-robot sys-
tems (see Fig. 1). In FeDepth, we effectively tackle heterogeneous data by
grouping clients based on their data distribution and performing intra-group
aggregation. This approach ensures that each cluster consists of clients with rel-
atively homogeneous data, which facilitates robust federated optimization even
under heterogeneity. This principle is rooted in CFL [38], and we observe that a
CFL paradigm can mitigate the challenges of robot-driven heterogeneity. How-
ever, these conventional CFL approaches do not yield stable performance gains
across all baselines. Furthermore, clients in real-world scenarios often share mul-
tiple attributes, making it suboptimal or even infeasible to assign a client to a
single, unique group. In contrast, FeDepth permits a client to be associated
with multiple groups, enabling a single client to contribute to multiple relevant
clusters. To this end, we also propose a client clustering algorithm capable of per-
forming this multi-cluster assignment. We apply FeDepth to depth estimation,
which is a fundamental robot perception task that spans diverse architectures
and representations (e.g., bins [3], frequency [41]). We evaluate FeDepth on the
HPE and BMR scenarios, where FeDepth generalizes across datasets as well
as depth estimation models. Our main contributions are:

– We systematically investigate the impact of robot-driven heterogeneity on
FL, a critical but under-explored challenge in robot perception.

– We design two novel non-IID scenarios (HPE and BMR) derived from robot
perception datasets. These scenarios establish a new realistic testbed for
benchmarking federated depth estimation under robot-driven heterogeneity.
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– We propose FeDepth, a CFL framework that resolves robot-driven het-
erogeneity using soft cluster assignments. We can handle overlapping client
distributions that conventional CFL methods cannot effectively manage.

– We validate that FeDepth is model-agnostic, demonstrating generalization
by integrating it with diverse depth estimation networks and representations.

2 Related Work

2.1 Federated Learning

Federated learning (FL) enables multiple clients to collaboratively train a model
in a distributed environment without sharing raw data. A representative for
FL is FedAvg [31]. Unlike CL, FL typically operates under non-IID data, where
client data follow different distributions, resulting in heterogeneity across clients.
Such heterogeneity often leads to degraded convergence, reduced global model
accuracy, and performance imbalance across clients [28, 47]. To address these
challenges, several methods [1, 21, 27] mitigate client drift through proximity
constraints, control variates, or regularized local objectives. However, these ap-
proaches still assume that a single global model can effectively serve all clients
despite their heterogeneous data distributions [38]. Personalized federated learn-
ing (pFL) methods [10,11,48] alleviate this limitation by learning client-specific
models through local personalization. However, they typically assume a closed-
client setting, where inference data originates from training clients, limiting ap-
plicability to unseen clients or sequences.

In contrast, clustered federated learning (CFL) methods address data het-
erogeneity by grouping clients with similar data distributions and training spe-
cialized models for each cluster. Early studies include CFL [38] and IFCA [16],
which partition clients into clusters and jointly optimize cluster-specific models
to handle heterogeneous data distributions. Building on this idea, several one-
shot clustering approaches have been proposed, including PACFL [40], which
leverages principal angles for clustering, and FedClust [19], which constructs clus-
ters based on model parameters. Beyond clustering-based approaches, HCFL [18]
introduces an integrated framework that combines clustering with hierarchical
model aggregation, while LCFed [46] further extends this direction by jointly
optimizing model partitioning and global–local aggregation.

2.2 Applications in Robot Perception

Recently, FL has been adopted in robot perception [23,29,33]. For instance, using
an exponential moving average (EMA) of global models, FedEMA [23] addresses
temporal catastrophic forgetting in street scene semantic understanding. In ob-
ject detection, FedVision [29] enables collaborative learning by allowing multiple
institutions to perform data annotation and model training locally on their im-
ages without sharing the data. On the other hand, stereo matching leverages FL
to enable models to collaboratively adapt to diverse and challenging environ-
ments in real-time, improving accuracy on resource-constrained devices without
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sharing raw data [33]. These approaches still rely on a single shared model, which
makes it challenging to effectively handle the diverse domains encountered in
robotic settings.

2.3 Monocular Depth Estimation

Monocular depth estimation research has continued to develop since the intro-
duction of CNN-based deep learning approaches. Following the seminal work [12],
which first applies CNNs to monocular depth estimation, early studies primarily
focus on encoder-decoder architectures [25], formulating depth estimation as a
regression problem. Subsequently, CNN-based classification approaches that dis-
cretize depth values into bins [6] and bin-based methods [3,4,26] leveraging CNNs
emerge, improving performance and robustness. Additionally, Transformer-based
approaches [35] achieve notable improvements over CNNs by leveraging the
global attention mechanism of Vision Transformers. Recently, foundation model-
based approaches [42,43] demonstrate strong zero-shot generalization capabilities
across diverse environments.

FedSCDepth [37] represents one of the pioneering efforts to integrate FL with
self-supervised depth estimation for autonomous vehicles. However, evaluations
primarily focus on constrained datasets (e.g., KITTI [14], DDAD [17]), which
provide only limited coverage of diversity encountered in real-world scenarios. In
contrast, our work systematically accounts for the non-IID conditions, including
multi-platform and environmental heterogeneity, as well as bi-modal depth range
spanning indoor and outdoor scenes.

3 Method

In this section, we present the design of FeDepth. Sec. 3.1 formalizes the feder-
ated depth estimation task and outlines the optimization issues under robot data
heterogeneity. Sec. 3.2 introduces two real-world robot heterogeneity scenarios
that encompass depth range, platform, and environment shifts. To address these
challenges, Sec. 3.3 presents FeDepth, a new soft clustering-based FL frame-
work that carefully models the complex relationships between clients, thereby
ensuring robust training and effective cluster model updates.

3.1 Problem Statement

Problem. We address a core challenge in robot perception: training a monoc-
ular depth estimation model across distributed, heterogeneous robots in an FL
setup. In this setting, each client collects and processes data independently under
varying conditions. The goal is to collaboratively learn global depth models that
generalize across diverse robot platforms without centralized data collection.
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Fig. 2: Overview of the two scenarios for robot heterogeneity. (Left) HPE
introduces shifts across platforms and environments (M3ED [7]). (Right) BMR reflects
bi-modal depth distributions between indoor (NYUv2 [39]) and outdoor (KITTI [15]).

Formal Definition. Let X = RH×W×3 denote the space of RGB images and
Y = RH×W the space of depth maps. Given an input image x ∈ X , FL aims to
learn a model fw : X → Y with learnable parameter w. Training is supervised
using a loss function L(y,y∗), such as pixel-wise ℓ1, ℓ2, or scale-invariant loss [12],
where y = fw(x) is the predicted depth map and y∗ is the corresponding ground
truth. In this setting, data is distributed across a set of clients C, where each
client c ∈ C holds its own local dataset Xc. The global training objective is to
minimize the population loss:

min
w

F (w)
△
=
∑
c∈C

pcFc(w),

Fc(w)
△
= E(x,y∗)∼Xc

[
L(y,y∗)

]
.

(1)

Here, Fc(w) is the local objective function for client c, and F (w) is the weighted
average over these with pc =

|Xc|∑
j |Xj | , as formulated in FedAvg [31] algorithm.

Challenges in Federated Depth Estimation. Monocular depth estimation
learns the mapping from RGB images to depth maps by modeling the underlying
depth distribution. Yet its depth distribution depends on the acquisition setup,
including the environment, robot platform, and sensor configuration. Such het-
erogeneity across these setups makes client data increasingly non-IID, leading
to domain shifts. To address these challenges, we pursue an FL strategy that
explicitly models the domain heterogeneity across clients. Rather than assuming
that a single global model can effectively capture all data distributions, we aim
to uncover structure within the client population and group clients with similar
characteristics. This enables the training of specialized models that are better
aligned with each domain.

3.2 Robot Heterogeneity Scenarios

To examine the effects of heterogeneity in federated depth estimation, we in-
troduce two real-world scenarios called HPE and BMR that reflect distinct and
complementary sources of domain shift (see Fig. 2). These settings are designed
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Fig. 3: Data characteristics of two scenarios. Depth distribution and UMAP
visualization [30].

to isolate the impact of (i) differences in platform and environment combina-
tions, and (ii) differences in depth distribution across indoor and outdoor scenes.
Moreover, our scenarios are designed to model a spectrum of inter-client rela-
tionships, ranging from cases where clients are clearly separated into distinct
distributions to cases where clients are difficult to distinguish due to overlap-
ping distributions and multiple attributes. By modeling such realistic variations,
we establish a controlled yet challenging testbed for evaluating the robustness
and adaptability of FL strategies under non-IID conditions. We construct the
proposed two scenarios by curating existing datasets: M3ED [7] for the HPE
scenario, NYUv2 [39] and KITTI [15] for the BMR scenario.

Heterogeneous Platform-Environment (HPE) Scenario. HPE Scenario
contains various platforms (e.g., UGV, UAV, and legged robot) and environ-
ments (e.g., urban day/night, forest, and indoor). Each client is assigned a sin-
gle continuous trajectory to reflect realistic robot deployments. Environmental
variations influence both scene geometry (e.g., planar indoor structures vs. ir-
regular outdoor foliage) and appearance characteristics (e.g., shape and texture
distributions). Furthermore, these platforms and environment attributes are of-
ten combinatorial and overlapping across clients (see the left of Fig. 3). For
instance, Client A (Legged robot) may capture data in a ‘Forest’ environment,
while Client B (UAV) operates in the same ‘Forest’. While both clients share the
‘Forest’ attribute, their data distributions diverge due to platform-specific char-
acteristics like viewpoint and motion dynamics. This combinatorial nature and
the presence of multiple, overlapping attributes make it challenging to assign
a client to a single, unique group. This ambiguity undermines the clear clus-
ter structures assumed by conventional CFL methods and leads to performance
degradation under severe data heterogeneity.

Bi-Modal Range (BMR) Scenario. The BMR scenario models a severe
form of heterogeneity where clients are divided into two fundamentally distinct
groups: indoor and outdoor. Clients consist of indoor images (e.g., residence
interiors and market aisles) and outdoor images (e.g., roads and urban environ-
ments). Indoor clients observe enclosed, close-range scenes (under 10 meters),
while outdoor clients capture open, far-range environments (up to 80 meters).
This difference leads to different depth distributions, which are further amplified
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Fig. 4: Overall framework of FeDepth. (a) The Soft Clustering stage is first per-
formed before the initial round. In this stage, each client utilizes a Descriptor Extractor
to generate a client descriptor summarizing its local data distribution. Then, the server
aggregates these descriptors and performs clustering to determine a cluster map. Sec-
ond, (b) in the Cluster Model Update stage, clients conduct iterative local training in
each round. At the end of each round, the server aggregates the client models, updates
the cluster models, and propagates them according to the cluster map.

by discrepancies in camera parameters such as resolution, focal length, and as-
pect ratio. These combined factors result in fundamentally different supervision
signals across clients (see the right of Fig. 3), allowing for the evaluation of how
range heterogeneity impacts FL.

3.3 Federated Learning for Depth Estimation

Based on the two scenarios, FeDepth presents a novel CFL approach to address
the severe robotic heterogeneity (see Fig. 4). FeDepth first performs the Soft
Clustering stage, which aims to allocate each client into appropriate clusters by
considering its robotic settings. Specifically, we utilize visual descriptors, which
are extracted by a pre-trained encoder to model the data distribution of each
client. Based on the pairwise similarity between these descriptors, FeDepth con-
structs a soft cluster map that captures complex inter-client relationships. This
design allows each client to participate in multiple clusters, thereby modeling
partially overlapping data distributions that frequently arise in heterogeneous
robotic deployments. In the Cluster Model Update stage, clients upload their
locally-trained models, and the server performs cluster-wise model aggregation
for each cluster. Finally, the server sends each client an updated model obtained
by averaging the models of the clusters to which the client belongs. In the In-
ference stage, each unseen sequence is assigned to the relevant cluster models
based on similarity and the clustering threshold.
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Soft Clustering. In robotic settings, clustering based on image distributions
that capture variations in motion or environment is closely related to visual place
recognition [2,34]. Inspired by this, we propose a descriptor-based soft clustering
scheme that leverages the characteristics of feature distribution (see Fig. 4a). To
represent the feature distribution of each client, we employ a descriptor extractor
to obtain a client-level descriptor. For each client c, we randomly sample a subset
X ′

c ⊆ Xc of size nc = min(n, |Xc|) and extract the feature map for each image
xi
c ∈ X ′

c:
zic = fenc(x

i
c) ∈ RH′×W ′×D,

where fenc(·) denotes the pre-trained encoder of the respective baseline mod-
els (e.g., AdaBins [3], NeWCRFs [44], and DCDepth [41]). Then, to effectively
compress this feature, we utilize generalized mean (GeM) pooling [34]:

gic =

(
1

H ′W ′

∑
h

∑
w

(z i
c (h,w))

p

) 1
p

, p > 0. (2)

We aggregate gic into an aggregated descriptor Gc, and compute its mean µc

and variance σ2
c to represent the feature distribution of each client. The pair

(µc, σ
2
c ) defines the client descriptor vc, capturing both the central tendency and

variability of client features, enabling robust comparison between heterogeneous
clients. The resulting descriptor is then transmitted to the server. On the server
side, all aggregated client descriptors V = {vc}Nc=1 are utilized to perform clus-
tering suitable for the robotic setting. To assess the similarity between client
domains, we approximate each descriptor with a Gaussian distribution with di-
agonal covariance for computational efficiency and perform feature distribution
matching. Although the discrepancy between two Gaussian distributions can be
measured using the KL divergence, it is directional and depends on the order
of the two distributions. To obtain an order-invariant measure, we employ the
Jeffreys divergence [20], a symmetric bidirectional form of the KL divergence,
which is defined as follows:

Ai,j = DKL
(
N (µi, σ

2
i ) ∥N (µj , σ

2
j )
)
+DKL

(
N (µj , σ

2
j ) ∥N (µi, σ

2
i )
)
, (3)

where N (·, ·) denotes the Gaussian distribution of each client, and DKL(·||·) is
the KL divergence. Using Eq. (3), we construct the similarity map A ∈ RN×N ,
where N denotes the number of clients, and each entry Ai,j represents the pair-
wise similarity between clients. However, due to robot heterogeneity, the domains
of clients are intricately mixed, making it difficult to clearly separate clusters us-
ing this naive similarity map with simple criteria.

To handle this complexity, we employ a soft clustering strategy, which allows
a client to belong to multiple clusters. Concretely, we first generate a binary
initial cluster map M ∈ {0, 1}N×N to group clients with high similarity based
on a clustering threshold τ . This thresholding step effectively identifies strongly
related clients while still allowing overlapping memberships across clusters. Here,
each row Mk,: corresponds to the set of clients assigned to cluster k. By adjusting
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the threshold τ , the clustering behavior can be dynamically controlled, ranging
from highly overlapping soft clusters to strictly disjoint hard clusters.

Given the initial cluster map M, we perform a soft cluster merging step
to resolve redundant partitions, as several preliminary clusters exhibit highly
correlated feature distributions. For any pair of clusters Mi,: and Mj,:, if one
cluster is a subset of the other, the subset cluster is merged into the dominant
cluster. The merging step iterates until convergence, resulting in the final merged
cluster map M∗ ∈ {0, 1}K×N , where K denotes the number of clusters, each
row M∗

k,: encodes the client IDs belonging to cluster k, while each column M∗
:,c

encodes the cluster IDs associated with client c (see Fig. 6).

Cluster Model Update. As shown in Fig. 4b, built upon the FL formulation
in Eq. (1), FeDepth runs repetitive rounds of local training and aggregation.
For the cluster-wise aggregation, each cluster k aggregates the locally trained
models from its component clients by client IDs M∗

k,: to compute the model for
cluster k at round t, i.e., wt

k. On the client side, each client c downloads the
associated cluster models by cluster IDs M∗

:,c and takes the average of them to
initialize the local training of the next round, i.e., wt+1

c :

wt
k ←

∑
c∈M∗

k,:

pkcw
t
c, wt+1

c ← 1

|M∗
:,c|

∑
k∈M∗

:,c

wt
k, (4)

where pkc = |Xc|∑
j∈M∗

k,:
|Xj | is the data-size weight in cluster k, as in FedAvg [31].

Inference. At inference time, we extract the descriptor vtest of a test sequence
using the same frozen encoder as in the clustering stage. The similarity between
the test descriptor and cluster k is computed as

Sk
test =

1

|M∗
k,:|

∑
c∈M∗

k,:

Atest,c, (5)

where Ai,j denotes the Jeffreys divergence defined in Eq. (3). Following the soft
clustering step, we apply the same threshold τ and define the candidate cluster
set as Ktest = {k | Sk

test ≤ τ}. The prediction model is obtained by averaging
the selected cluster models, consistent with Eq. (4). If no cluster satisfies the
threshold, the test sequence is assigned to argmink S

k
test. Cluster selection is

performed once per sequence, after which the selected cluster model is used to
perform depth estimation for the remaining frames of the sequence. The full
FeDepth procedure is summarized in the supplementary material.

4 Experiments

4.1 Experimental Setup

To validate the proposed method, we apply CL, FL, CFL, and FeDepth to
various monocular depth estimation baselines under the HPE and BMR sce-
narios. Due to the high computational cost of federated depth estimation (2–4
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days per experiment using four RTX 4090 GPUs), we follow standard practice
in monocular depth estimation [3,41,44]. Results are reported as the mean over
the last five rounds for stability, with standard deviations provided in the sup-
plementary material. In HPE, the clustering threshold τ is selected to yield an
overlap ratio of 20%. For the BMR scenario, we set τ such that the resulting
cluster assignments closely approximate those of the hard clustering method to
explicitly verify the effectiveness of the clustering.

Datasets. In the HPE scenario, we employ M3ED [7] and construct a train/test
split that maximizes coverage of platform-environment combinations. Specifi-
cally, we split 41 sequences for training and include 11 unseen sequences in the
test set to ensure evaluation under diverse conditions. Each sequence is treated
as a separate client (41 clients total) and is annotated by environment type: In-
door, Urban-Day, Urban-Night, or Forest. Full details of the split and annotation
are provided in the supplementary material.

In the BMR scenario, we use NYUv2 [39] and KITTI [15] as two distinct data
distributions. We construct 32 clients, including 15 clients from NYUv2 and 17
clients from KITTI. Each client performs training on a single dataset. We follow
the official NYUv2 train/test split and adopt the KITTI split proposed by [12].

Baselines. The choice of model architecture can influence the performance
of FL. Thus, we provide a comprehensive evaluation by benchmarking combi-
nations of various depth estimation models and representative FL algorithms.
Specifically, we cover diverse depth estimation baseline architectures, such as
AdaBins [3], NeWCRFs [44], DCDepth [41], and follow the standard robotics
protocol of testing generalization on unseen clients (i.e., data from clients not
encountered during training). For FL algorithms, we benchmark FedAvg [31],
as well as methods designed to mitigate heterogeneity, including FedProx [27],
FedDyn [1], SCAFFOLD [21], in addition to representative CFLs [19,40]. Given
the focus on generalization to unseen clients in robotic settings, we include repre-
sentative CFL methods designed for such scenarios. In particular, FedClust [19]
performs hard clustering based on model parameters, and PACFL [40] applies
hard clustering using image representations. To accommodate high-resolution
robotic data, we modify PACFL by replacing raw images with our descriptor
extractor, and use this adapted version as PACFL†. As pFL methods [10,11,48]
typically involve client-side adaptation at inference time, which differs from our
evaluation protocol without test-time updates, we report additional comparisons
in the supplementary material.

4.2 Evaluations

HPE Scenario. Due to the robot-driven heterogeneity in the HPE scenario,
FL algorithms exhibit performance degradation compared to CL, even those
explicitly designed to handle non-IID data (e.g., FedProx, FedDyn, and SCAF-
FOLD), as shown in Tab. 1. While feature-based CFL methods like PACFL†

form reasonable clusters and thereby show improvements over standard FL,
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Table 1: Quantitative evaluation on the HPE scenario. Methods are categorized
into CL, FL methods (FedAvg [31], FedProx [27], FedDyn [1], SCAFFOLD [21]), CFL
approaches (FedClust [19], PACFL [40]), and the proposed framework (Ours). PACFL†

denotes the modified version of PACFL that uses our descriptor extractor. The best
result per metric for each baseline is bold, and the second best is underlined.

Baseline Method Abs Rel ↓ Sq Rel ↓ RMSE ↓ RMSElog ↓ δ < 1.25 ↑ δ < 1.252 ↑ δ < 1.253 ↑

AdaBins [3]

CL 0.222 1.477 3.552 0.254 0.733 0.887 0.941

FedAvg 0.434 2.990 6.959 0.542 0.369 0.580 0.729
FedProx 0.439 3.029 6.933 0.533 0.369 0.585 0.737
FedDyn 0.440 3.063 7.027 0.551 0.367 0.573 0.721

SCAFFOLD 0.631 6.009 9.664 0.749 0.225 0.432 0.603

FedClust 0.444 3.263 7.521 0.566 0.277 0.550 0.733
PACFL† 0.602 6.447 7.348 0.509 0.372 0.605 0.768

Ours 0.318 2.127 5.354 0.364 0.515 0.770 0.897

NeWCRFs [44]

CL 0.166 0.994 2.987 0.190 0.827 0.935 0.968

FedAvg 0.366 1.994 4.475 0.406 0.504 0.717 0.834
FedProx 0.364 1.983 4.479 0.405 0.504 0.718 0.834
FedDyn 0.363 1.957 4.473 0.404 0.505 0.719 0.834

SCAFFOLD 0.356 2.060 4.569 0.376 0.498 0.726 0.864

FedClust 0.487 4.325 7.760 0.615 0.241 0.507 0.701
PACFL† 0.318 1.934 4.265 0.327 0.540 0.791 0.928

Ours 0.249 1.750 3.838 0.261 0.703 0.892 0.954

DCDepth [41]

CL 0.159 0.962 2.916 0.183 0.835 0.939 0.971

FedAvg 0.351 2.077 4.640 0.348 0.493 0.766 0.902
FedProx 0.354 2.152 4.641 0.348 0.492 0.769 0.902
FedDyn 0.352 2.109 4.699 0.349 0.491 0.767 0.903

SCAFFOLD 0.329 2.050 4.880 0.350 0.472 0.759 0.914

FedClust 0.349 3.132 6.423 0.434 0.498 0.712 0.815
PACFL† 0.321 1.976 4.338 0.325 0.537 0.796 0.924

Ours 0.293 1.872 4.469 0.310 0.547 0.840 0.941

their performance is inherently limited by the hard clustering representation
when dealing with complex, overlapping distributions. Moreover, this limitation
becomes more pronounced under inaccurate cluster assignments, as observed
with AdaBins trained via FedClust. In contrast, FeDepth effectively represents
the complex and overlapping data distributions inherent in robotic perception by
utilizing soft cluster assignments. Consequently, as shown in Tab. 1, and Fig. 5,
FeDepth consistently outperforms all other FL baselines across all evaluated
depth estimation architectures. The convergence curves in Fig. 6 show faster and
more stable convergence. This demonstrates that FeDepth provides an effective
and model-agnostic framework for FL under complex robot-driven heterogeneity.

BMR Scenario. The BMR scenario consists of two clearly separated and non-
overlapping domains (indoor/outdoor), providing an ideal setting for conven-
tional hard clustering methods such as PACFL†. As shown in Tab. 2, FedAvg
still suffers severe performance degradation, confirming that even simple domain
heterogeneity is a challenge. In particular, as reported in prior work [5], bin-based
methods such as AdaBins may struggle even under CL. Training a depth dis-
tribution (bins) with a single model on a mixed dataset with clearly distinct
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Table 2: Quantitative evaluation on the BMR scenario. Additional quantitative
results are available in the supplementary material.

Baseline Method Abs Rel ↓ Sq Rel ↓ RMSE ↓ RMSElog ↓ δ < 1.25 ↑ δ < 1.252 ↑ δ < 1.253 ↑

AdaBins [3]

CL 0.166 0.369 2.073 0.191 0.768 0.945 0.984

FedAvg 0.357 1.153 3.329 0.409 0.211 0.673 0.913
PACFL† 0.124 0.263 2.022 0.164 0.831 0.970 0.994

Ours 0.126 0.283 2.150 0.167 0.827 0.968 0.994

NeWCRFs [44]

CL 0.077 0.100 1.209 0.100 0.950 0.994 0.998

FedAvg 0.323 1.048 3.094 0.344 0.191 0.833 0.983
PACFL† 0.087 0.145 1.501 0.117 0.921 0.991 0.999

Ours 0.089 0.145 1.499 0.118 0.921 0.991 0.999

DCDepth [41]

CL 0.074 0.101 1.246 0.099 0.952 0.994 0.998

FedAvg 0.158 0.265 1.789 0.183 0.801 0.969 0.996
PACFL† 0.082 0.130 1.428 0.109 0.933 0.993 0.999

Ours 0.082 0.127 1.430 0.108 0.933 0.993 0.999
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Fig. 5: Qualitative results for DCDepth on the HPE scenario. (Left) Input
image and Ground Truth (GT). (Right) Prediction maps (1st row) and error (RMSE)
maps (2nd row) for our method (Ours) and the baselines (FedAvg, FedClust, PACFL†).

depth ranges (e.g., 10m vs 80m) disrupts the learned bin distribution. In con-
trast, CFL mitigates this issue by grouping similar clients. Our results show that
FeDepth is not limited to overlapping domains and can naturally form well-
defined clusters when data distributions are clearly separated. For NeWCRFs
and DCDepth, near-binary cluster maps are formed (see Fig. 6), achieving per-
formance comparable to PACFL†. For AdaBins, feature representations are less
sharply separable, preventing a perfectly binary split. Consequently, although
FeDepth still outperforms CL, a minor performance gap remains compared to
PACFL†. Additional results and cluster visualizations are provided in the sup-
plementary material.

Ablation Study. We conduct ablation experiments to evaluate the proposed
clustering strategy (Tab. 3). In Tab. 3a, we replace our soft clustering with the
hard clustering [9] used in PACFL†, resulting in a hard clustering setting under
the same threshold τ . Under the same setup, soft clustering performs better than
hard clustering. This suggests that data distributions in robotic environments
are continuous and overlapping, making flexible clustering more suitable than
hard partitioning.
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Table 3: Ablation study. All results are reported using the Abs Rel ↓ metric based
on NeWCRFs [44] under the HPE scenario. (a) compares hard and soft clustering under
the same threshold τ , (b) evaluates sensitivity to overlap ratios, and (c) reports results
across train–test domain splits based on ground-truth labels.

(a) Hard vs. Soft clustering

Cluster type Hard Soft

Abs Rel ↓ 0.264 0.249

(b) Overlap sensitivity

Overlap (%) 0 10 20 30 40 50 100 FedAvg

Abs Rel ↓ 0.335 0.253 0.249 0.257 0.295 0.300 0.365 0.366

(c) Domain heterogeneity

Type Method Train set Test set
UGV UAV Legged Forest Urban-day Urban-night Indoor All

All

CL All 0.122 0.158 0.261 0.091 0.112 0.280 0.284 0.167

FedAvg All 0.166 0.372 0.700 0.298 0.358 0.356 0.659 0.366
PACFL† All 0.174 0.305 0.580 0.236 0.338 0.414 0.309 0.318

Ours All 0.148 0.262 0.411 0.203 0.185 0.420 0.275 0.249

Plat.
FedAvg UGV 0.139 0.514 0.996 0.493 0.366 0.318 0.663 0.471
FedAvg UAV 0.295 0.640 1.358 0.790 0.549 0.471 0.610 0.662
FedAvg Legged 0.458 0.645 0.265 0.407 0.413 0.483 0.782 0.484

Env.

FedAvg Forest 0.269 0.383 0.530 0.246 0.351 0.381 0.764 0.370
FedAvg Urban-day 0.191 0.432 0.696 0.415 0.292 0.301 0.680 0.394
FedAvg Urban-night 0.204 0.502 0.943 0.527 0.393 0.330 0.657 0.481
FedAvg Indoor 0.709 0.823 2.012 1.297 1.237 0.764 0.279 1.069
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Fig. 6: Cluster map and convergence graph. Results for NeWCRFs [44] in the
HPE and BMR scenarios. Colors indicate cluster assignments, with each column repre-
senting a client. The convergence graphs report RMSElog over communication rounds.

Tab. 3b reports a sensitivity study on the overlap ratio in soft clustering,
defined as the fraction of clients assigned to multiple clusters. As shown in the
table, a small overlap limits knowledge sharing among related domains, whereas
a large overlap increases intra-cluster heterogeneity. In the extreme case of 100%
overlap, all clients collapse into a single cluster, making the setting equivalent
to FedAvg. As a result, we adopt an overlap ratio of 20%, which yields the best
performance in our experiments.
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Tab. 3c compares our approach with clustering based on ground-truth labels,
where clients are grouped by platform or environment and trained separately be-
fore evaluation on the same test set. Although grouping with known labels rep-
resents a well defined cluster, unstable performance is observed. This indicates
that grouping clients solely by known labels does not necessarily yield optimal
performance. In contrast, FeDepth performs distribution-aware clustering that
captures finer-grained similarities between clients, leading to consistently better
results. Additional results and cluster visualizations are provided in the supple-
mentary material.

5 Conclusion

We have proposed FeDepth, a clustered federated learning (CFL) framework
that addresses the non-IID challenges of depth estimation for robots in the real
world. By utilizing soft cluster assignments, FeDepth alleviates the performance
degradation of FL that is commonly observed under robot-driven heterogeneity.
To enable systematic analysis, we design and construct two realistic and previ-
ously unexplored robot heterogeneity scenarios that highlight the impact of plat-
form, environment, and depth range variations. These scenarios, together with
our framework, serve as a practical benchmark and foundation for applying FL
in diverse real-world robotic systems. We believe that FeDepth represents an
important step toward scalable perception across heterogeneous robots, bringing
FL closer to practical deployment.
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