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Abstract—Remote sensing semantic segmentation is an essen-
tial technology in earth observation missions. Due to concerns
over geographic information security, data privacy, storage bot-
tleneck and industry competition, high-quality annotated remote
sensing images are often isolated and distributed across various
institutions. The issue of remote sensing data islands poses
challenges for fully utilizing isolated datasets to train a global
model. Federated learning (FL), a privacy-preserving distributed
collaborative learning technology, offers a potential solution
to leverage large-scale isolated remote sensing data. Typically,
remote sensing images from different institutions exhibit signif-
icant geographic heterogeneity, characterized by coupled class-
distribution heterogeneity and object-appearance heterogeneity.
However, existing FL methods lack consideration of them, leading
to a decline in the performance of the global model when FL
is directly applied to remote sensing semantic segmentation. To
cope with the aforementioned geographic heterogeneity, we pro-
pose a novel Geographic heterogeneity-aware Federated learning
(GeoFed) framework to bridge data islands in remote sensing
semantic segmentation. Our framework consists of three modules,
including the Global Insight Enhancement (GIE) module, the
Essential Feature Mining (EFM) module and the Local-Global
Balance (LoGo) module, which collaboratively optimize the
model in an end-to-end manner. The geographic heterogeneity is
alleviated through the synergies of them. Through the GIE mod-
ule, class distribution heterogeneity is alleviated by introducing
a prior global class distribution vector. Additionally, we design
an EFM module to alleviate object appearance heterogeneity
by constructing essential features, which are further optimized
by intra-institution and inter-institution contrastive constraints.
Furthermore, the LoGo module enables the model to possess both
global generalization capability and local adaptation. Extensive
experiments on three public datasets (i.e., FedFBP, FedCASID,
FedInria) demonstrate that our GeoFed framework consistently
outperforms the current state-of-the-art methods. Specifically, It
achieves improvements in global performance by 2.50%, 2.17%,
and 1.03%, and in average local performance by 1.62%, 2.40%,
and 0.55%, respectively.
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I. INTRODUCTION

LAND use and land cover (LULC) mapping products

can serve as foundational information and support de-

cision making processes in sustainable development goals

(SDGs) [1], [2]. Typically, creating or updating LULC map-

ping products involves collecting data on individual regions

by local authorities and mapping by experts. Remote sensing

stands out for its extensive spatial coverage, frequent updates,

and cost-effectiveness, addressing the challenges associated

with intensive data collection from large-scale areas. Re-

searchers have been devoted to producing and updating LULC

products through remote sensing interpretation [1].

Nowadays, remote sensing semantic segmentation has been

a prevalent solution in automatic LULC mapping tasks [3].

With the rapid development of deep learning, this data-

driven paradigm has demonstrated excellent performance in

remote sensing semantic segmentation. As is well known,

deep learning-based remote sensing semantic segmentation

highly relies on large-scale, high-quality, and fine-grained

remote sensing datasets. However, remote sensing images with

annotations tend to be distributed across institutions. They

are collected, stored, managed and utilized privately because

remote sensing data sharing is still hindered by geospatial

information security, storage bottleneck, and industry compe-

tition [4], [5]. Consequently, the dilemma of remote sensing

data islands emerges.

In the context of data islands, local data on islands face

the challenge of scarcity. In contrast, there is a growing

demand for large-scale remote sensing semantic segmentation

for LULC mapping tasks on a global [6], national [7], and

regional [8] scale. Recently, trustworthy artificial intelligence

in remote sensing interpretation (TRSI) has gained increasing

attention from researchers [9]. Bridging remote sensing data

islands is a crucial challenge in achieving TRSI (Fig. 1(a)).

Despite its significance, there is still a lack of a comprehensive

exploration of the privacy-preserving remote sensing semantic

segmentation. As well known, federated learning (FL) is a

decentralized paradigm that promotes collaborative learning

among clients [10], [11] In FL, each institution only needs

to train locally and exchange models without sharing its

raw data. Hence, FL is promising to address the challenges

of remote sensing data islands but is scarcely explored in

remote sensing semantic segmentation. Fig. 2 illustrates the

differences between the traditional remote sensing semantic

segmentation and the novel FL paradigms.

As the second law of geography says, geographic variables
exhibit uncontrolled variance [12]. The formation of geo-
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(a) (b)
Fig. 1. (a) Illustration of bridging remote sensing data islands. Institutions only transmit model parameters without disclosing their private data,
therefore achieving privacy-preserving collaborative learning. (b) Traditional FL applied in remote sensing semantic segmentation encounters geographic
heterogeneity. The coexistence of class distribution heterogeneity and object appearance heterogeneity limits the model performance.

graphic landscapes is a complex interplay of various factors,

such as climate, geology, hydrology, biodiversity, and human

activities. These factors shape the unique characteristics of

different regions [13], [14]. Firstly, remote sensing data from

various institutions are typically collected from different re-

gions, naturally resulting in geographic heterogeneity among

institutions. Therefore, when optimizing locally, each insti-

tution tends to focus on its own local optimum, which is

inconsistent with the optimum direction of the global model

constructed through FL, making it difficult for the FL model to

converge to the global optimum. Secondly, the global model

often struggles to adapt to local institution’s characteristics,

leading to a discrepancy between global and local perfor-

mance. Recently, many studies [15]–[18] are dedicated to

addressing the issue of heterogeneity in FL. However, the

existing studies on the effective application of FL in remote

sensing semantic segmentation remain insufficient and calls

for further investigation and systematic discussions. Therefore,

the advantages of FL in remote sensing semantic segmentation

are not well demonstrated. Most of the works do not fully

consider the data characteristics in remote sensing. From a

more comprehensive perspective, both class-distribution and

object-appearance heterogeneity exist in the remote sensing

data among the institutions. In Fig. 1(b), we present the chal-

lenges brought about by geographic heterogeneity. A detailed

explanation of the two types of heterogeneity reflected in

remote sensing semantic segmentation is as follows:

(1) Class-Distribution Heterogeneity: As is shown in the

left part of Fig. 1(b), each local dataset grapples with a

class imbalance problem. Moreover, local class distributions

vary and do not align with the global class distribution.

Additionally, class imbalance in remote sensing images typ-

ically presents as a long-tailed distribution [19]. In extreme

cases, data in some institutions may lack certain classes. This

situation intensifies the class imbalance problem, especially

for minority class samples [20], [21]. For example, due to a

combination of various regional factors, the number of com-

mon geographic features significantly outnumbers uncommon

ones. Institutions in tropical regions may have an abundance

of forests but little to no snow. Conversely, polar regions

may have more snow. From a global perspective, snow then

becomes a minority category. The class distributions of each

local institution and the global ones exhibit considerable

heterogeneity.

(2) Object-Appearance Heterogeneity: In the right part of

Fig. 1(b), different regions have different characteristics for

the same land cover category, which becomes more evident in

coarse-grained classification systems [22]–[24]. The objects

exhibit heterogeneous appearances. For example, in rainy

areas, there is a tendency to construct houses with pointed

roofs for better drainage compared to dry areas. As a result,

the overall feature representations of the buildings differ across

different institutions. The global model needs to learn the

essential features (e.g., regular shape of buildings) while also

maintaining robustness to diverse institution-specific features

(e.g., flat or pointed roofs) [25].

Overall, the complexity increases further as geographic

heterogeneity is often characterized by the coexistence of class

distribution heterogeneity and object appearance heterogeneity

mentioned above. Furthermore, inconsistent class taxonomies

often arise from variations in geographic distribution. Due to

variations in imaging conditions caused by the atmosphere and

the sensitivity of remote sensing data to both temporal and

spatial changes, FL for remote sensing semantic segmenta-

tion encounters additional uncertainties, making the problem

more challenging. From a positive perspective, the geographic

heterogeneity inherent in each institution’s remote sensing

data naturally shapes the mapping zone pattern. It simplifies

complex surface features into several types of homogeneous

regions, significantly compressing the information representa-

tion of surface features. Zone mapping facilitates individual

institutions in exploring local geographic knowledge while

collaborating with others to learn generalized knowledge.

Addressing inconsistency in optimization goals arising from

geographic heterogeneity becomes particularly crucial in this

process.

Considering the aforementioned challenges, we propose

a Geographic heterogeneity-aware Federated Learning (Ge-

oFed) framework to formulate a novel paradigm for privacy-

preserving collaborative remote sensing semantic segmenta-
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Fig. 2. (a) Illustration of the traditional remote sensing semantic segmentation training paradigm. 1© All collaborating institutions upload their private
remote sensing data to the server for centralized storage. 2© The server conducts centralized training. 3© The server distributes the trained models to the
respective institutions. (b) Illustration of the FL paradigm for remote sensing semantic segmentation. 1© Distribution of the global model. 2© Update of
local models. 3© Upload of local models. 4© global models aggregation.

tion. To address the geographic heterogeneity challenges posed

in FL for remote sensing semantic segmentation, the GeoFed

framework is designed with three components. (i) Class-

distribution heterogeneity is alleviated through the Global

Insight Enhancement (GIE) module. (ii) Essential Feature

Mining (EFM) strategy to alleviate object-appearance hetero-

geneity by constructing essential features. (iii) Local-Global

Balance Policy (LoGo) enables the model to possess both

global generalization capability and local data personalization.

The main contributions of this paper can be summarized as

follows:

1) We propose a novel privacy-preserving remote sens-

ing semantic segmentation framework by geographic

heterogeneity-aware federated learning. To the best of

our knowledge, our work is the first comprehensive ex-

ploration of the challenges posed by geographic hetero-

geneity in FL for remote sensing semantic segmentation.

2) This paper comprehensively considers remote sensing

semantic segmentation-oriented geographic heterogene-

ity in privacy-preserving learning. We propose the GIE

module to alleviate class distribution heterogeneity. An

EFM module is proposed to alleviate object appearance

heterogeneity. Lastly, the LoGo module enables the

models to possess both global generalization capability

and local data personalization.

3) Extensive experiments on three public datasets (i.e.,

FedFBP, FedCASID, FedInria) with typical geographic

heterogeneity show our GeoFed framework outperforms

state-of-the-art methods on three datasets simultane-

ously.

The remainder of this paper is organized as follows. Sec-

tion II introduces the related work in heterogeneous FL and

privacy-preserving remote sensing interpretation. Section III

describes the details of our GeoFed framework. The exper-

imental results are analyzed in Section IV, and Section V

concludes this paper.

II. RELATED WORK

This section briefly reviews the most relevant works re-

garding the aforementioned aspects, including heterogeneity in

FL and some other privacy-preserving techniques for remote

sensing interpretation.

A. Heterogeneous FL

The pioneering FedAvg [10] trained a global model by

aggregating local model parameters. In each communication

round, all institutions receive the aggregated model param-

eters and conduct the Local Update procedure in parallel.

Subsequently, the server aggregates the optimized model pa-

rameters from institutions into a single model, which is used

in the next communication round. [26] demonstrated that

the naive FedAvg algorithm converges under non-independent

and identically distributed (non-IID) data scenarios. However,

in scenarios with heterogeneous data, its performance will

significantly decrease [18], [25], [27]–[29].

Recently, many studies have proposed methods to deal with

this challenge mainly from three perspectives: local updates,

global aggregation, and model structure design. FedSeg [17]

proposed a framework to address the class heterogeneity

in federated semantic segmentation, but it focuses more on

addressing the foreground-background inconsistency problem,

which is not a key issue in remote sensing semantic segmen-

tation. FISS [30] studied how to achieve incremental learning

in federated semantic segmentation, with a particular focus

on addressing the catastrophic forgetting issue caused by

heterogeneous data. Some other methods adopted strategies

from domain generalization [31]–[34]. GBME [35] designed
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a proxy as the class prior for re-balancing algorithms with-

out requiring additional private information, but it can not

be applied to the more challenging semantic segmentation

task. Some studies utilized prototype learning to solve the

problem [36], [37]. Some studies investigated the architecture

of federated models, and observed that heterogeneity can be

alleviated by Transformers [38], [39]. Moreover, Some other

works focused on the aggregation procedures. Elastic aggre-

gation [40] reduced the magnitudes of updates to the more

sensitive parameters to prevent the server model from drifting

to any one institution distribution, and conversely boosted

updates to the less sensitive parameters to better explore

different institution distributions. FedKTL [41] leveraged the

knowledge stored in public pre-trained generators to deal with

the knowledge sharing difficulities in heterogeneous FL.

FL for remote sensing semantic segmentation aims to trans-

fer knowledge between different clients to learn models with

superior performance collaboratively. However, the aforemen-

tioned works did not fully consider the data characteristics

(i.e., the combined influence of dual geographic heterogeneity

patterns) in remote sensing semantic segmentation. Class-

distribution and object-appearance heterogeneity cause knowl-

edge transfer barriers.

B. Privacy-Preserving Remote Sensing Interpretation

Remote sensing interpretation requires a large amount of

sensitive remote sensing data. Privacy protection in remote

sensing interpretation has gradually brought attention along

with applying deep learning techniques [4], [42].

In literature, some pioneering studies built FL frameworks

on Unmanned Aerial Vehicle (UAV) swarms, which enables

different devices to collaboratively monitor without sharing

raw data [43]–[45]. SACDF [46] proposed an improved FL

for the hyperspectral classification task, using the multidi-

mensional spatial details of hyperspectral images to perceive

decision boundaries. Some studies explored the application

of FL in remote sensing image classification [47], [48], but

these methods consider classification tasks rather than the

more challenging semantic segmentation tasks. Some recent

studies validated FL on remote sensing semantic segmentation

datasets, but they neglect the geographic heterogeneity of

remote sensing images [49]–[51]. FedPM [49] proposed an FL

method based on prototype matching for object extraction in

remote sensing, but it did not consider the problem of multi-

class segmentation and ignores the class-distribution hetero-

geneity in remote sensing semantic segmentation. FSDCL [52]

focused on-orbit updating and promote on-orbit model perfor-

mance under data-scarcity conditions. MPCL [53] constructed

a regularized strategy based framework which fosters multiple

parties cooperatively process multiple remote sensing tasks.

[54] proposed a diffusion model-driven FL for multi-modal

which is vertical FL. Different from these existing privacy-

preserving remote sensing interpretation works, our GeoFed

framework demonstrates a strong awareness of geographic

heterogeneity, enabling effective improvement in collaborative

remote sensing semantic segmentation performance.

III. METHODOLOGY

In this section, we introduce the proposed GeoFed frame-

work and its main components in sequence, starting with the

problem definition (Section III-A) and an overview of our

GeoFed framework (Section III-B).

A. Problem Definition

Suppose that there are a total of n institutions participating

in FL, and the i-th institution owns its private remote sensing

semantic segmentation dataset Di: {xi
m, yim}|Di|

m=1. Each pixel

xi
m has a corresponding label of category yim. Specifically,

D1, · · · ,Dn are collected and sampled from distinctive ge-

ographic distributions. The entire dataset can be expressed

as D = {D1,D2, · · · ,Dn}. Assume there are a total of C
categories in the dataset, and let f i

c denote the label frequency

of class c in the i-th institution.

In the traditional paradigm, the whole dataset D is used

to conduct centralized training. In the FL paradigm, we aim

for each institution to train a semantic segmentation model

w with good generalization and local personalization without

transferring the local dataset Di. The objective function can

be formulated as follows:

argmin
w

L(w) =
n∑

i=1

|Di|
|D| Li(w), (1)

where |D| denotes the number of samples in D, and Li(w) de-

notes the empirical loss of the i-th institution. It is formulated

as follows:

Li(w) = E(x,y)∈Di�i[(x,y);w], (2)

where �i is the local loss of the model w in the i-th institution

for the remote sensing image x and its corresponding mask y
in the local dataset Di.

The data distribution of the i-th and j-th institution are

denoted as Pi(x, y) and Pi(x, y), respectively, which can be

rewritten as Pi(x|y)Pi(y) and Pj(x|y)Pj(y). For class distri-

bution heterogeneity, Pi(y) �= Pj(y), (i �= j), in extreme cases,

some institutions may lack categories. For object appearance

heterogeneity, Pi(x|y) �= Pj(x|y), (i �= j), this means that

objects of the same category present different appearance in

different institutions.

B. Overview of Our GeoFed Framework

An overview of our GeoFed framework is presented in

Fig 3. To alleviate the issue of class-distribution heterogeneity,

we propose the GIE module (Section III-C), which enables

institutions to learn more diverse features and aligns them with

the global class distribution, thus mitigating class imbalance.

To address the problem of object-appearance heterogeneity,

we propose the EFM module (Section III-B), which utilizes

contrastive loss to facilitate the learning of more compact and

discriminative features by institution models and encourages

the discovery of common essential features across institutions.

The adaptability of a single global model to geographic

heterogeneity data from various institutions is insufficient.
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Fig. 3. An overview of our proposed GeoFed framework. It mainly contains three components. Firstly, (a) class-distribution heterogeneity is alleviated
through the utilization of the GIE module. GIE expands the feature diversity of local models under the global class distribution and injects the global
information. Next, (b) an EFM module containing intra & inter contrastive loss is applied to alleviate object-appearance heterogeneity. Lastly, (c) a LoGo
module with three branches is applied to achieve the balance between local characteristics and global generalization.

Fig. 4. The MPC process schematic diagram. R represents a relatively
large private random number generated by the first institution, and Pi denotes
the local private class distribution vectors of the i-th institution. Institutions
sequentially add their local class distribution vectors in this process and pass
the results to the next institution. The last institution directly transmits the
result to the first institution. After subtracting R, the first institution broadcasts
the global class distribution to all participants.

We propose a LoGo module to enable the model to possess

global generalization capability and local data adaptation (Sec-

tion III-E). These modules will be elaborated in detail in the

following sections.

The total loss function of the i-th institution for the proposed

GeoFed framework is written as follows:

Li = LCE + λ1Linter + λ2Lintra, (3)

where LCE is from the the GIE module. The details of

Linter and Lintra will be elaborated in the EFM module.

The LoGo module plays a role in framework integration and

is not involved in the composition of the total loss function.

Moreover, λ1 and λ2 are hyper-parameters used to control the

inter-contrastive and intra-contrastive loss weights.

In the following sections, the architecture of the GIE module

is first explained in detail. We then describe the EFM module

and LoGo, focusing on how they handle the geographic

heterogeneity issues.

C. Global Insight Enhancement

Classes with fewer labels often lack robust feature represen-

tations due to the insufficient sample size. On the institution’s

side, we propose diversity enhancement for global tail cate-

gories. Firstly, we calculate the class frequency vector of each

institution using the following formula:

fc =

∑N
i=1

∑H×W
j=1 yi,j,c

N ×H ×W
, (4)

where N , W , H denote the number of batches, width, and

height of the image, respectively. The global class frequency

fc can be obtained by calculating the local frequency vectors

of each institution.

Each pixel corresponds to a feature vector qi and a true class

label yci . We assign smaller Gaussian perturbations to head

categories and larger Gaussian perturbations to tail categories.

The formula is as follows:

q
′
i = qi + wc|δ(σ)|, (5)

where δ(σ) follows a Gaussian distribution with mean 0 and

standard deviation σ. We denote fc′ =
1

fc+ε , ε is for ensure not
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Fig. 5. Illustration of Essential Feature Mining.

divided by zero. wc is the perturbation scale, and is normalized

by (6):

Sc =
exp fc′∑C
c=1 exp fc′

. (6)

The loss is computed using the conventional Cross-Entropy

loss on the feature map after applying Gaussian perturbations,

as shown in (7),

LCE = −
C∑

c=1

yic log q
i. (7)

It is worth noting that privacy leakage of local class distri-

bution is not a concern here, as the global frequency vector

can be easily obtained without leaking local frequency vector

information using Secure Multi-party Computation (MPC)

technology [55]. The schematic diagram is shown in Fig 4.

The most extreme manifestation of the long-tail distribution

is the phenomenon of Broken Tail, where some institutions

experience category absence, thereby exacerbating the issue

of class imbalance. For a given institution m, we regard

categories with a total pixel percentage less than τ as Broken

Tail. The number of remaining categories is signified as

Cresidue.

Drawing inspiration from EWF [56], we design a simple

yet efficient Tail Regeneration (TR) strategy analogous to

the anti-forgetting mechanism, which effectively integrates

the knowledge of a more knowledgeable global model and

an institution model, mitigating the performance degradation

of missing classes caused by class distribution heterogeneity.

It further introduces global information to the local update

process of our GeoFed framework.

For every aggregated global model (ωglobal), the model

becomes more experienced via the aggregation process and

generally possesses a better recognition ability for each cate-

gory. The updated model (ωupdate) post-local training at the

institution’s end tends to overfit the remaining categories.

We introduce the parameter α to preserve the original global

model’s insights. The TR strategy can be expressed as

αTR = α� ωupdate + (1− α)� ωglobal, (8)

where � is Hadamard product and α is defined as follows:

α =

√
Cresidue

C + Cresidue
. (9)

D. Essential Feature Mining

The object-appearance heterogeneity leads to inconsisten-

cies in the optimization objectives during the training pro-

cesses across various institutions. The introduction of the

EFM is aimed at fostering FL for remote sensing semantic

segmentation to mine the essential features of land cover

categories. In Fig 5, we provide a more detailed illustration of

the workflow of it.

The essential feature of the category c in the i-th institution

is obtained using masked average pooling [57] based on the

representation of pixel j, denoted as Pi(j).

ptc,i =

∑
j Pi(j) [yi(j) = c]∑

j [yi(j) = c]
, (10)

where is the indicator function, and t is the number of

communication round. The essential features ptc,i are updated

online and initialized as a vector following the Gaussian

distribution of N (0,1). The formula for online updating is as

follows:

ptc,i = γptc,i + (1− γ)pt−1
c,i (11)

Each institution uploads its updated model to the server

along with the essential features extracted locally. Since these

essential features are just a few vectors and do not contain

the raw remote sensing data, there is very low risk of privacy

leakage. To better explore essential features and promote the

model to learn common features, we design intra-contrastive

loss and inter-contrastive loss based on Info-NCE loss [58].

The EFM module is designed to fully utilize existing super-

vision signals in remote sensing objects from various regions,

encouraging institutions’ intra-class compactness and inter-

class separability, leading to better consistent representations.

For intra-contrastive loss, the objective is to promote the

proximity of feature representations belonging to the same

categories within each institution, fostering a cohesive group-

ing. Simultaneously, the loss seeks to maximize the separation
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between feature representations corresponding to distinct cate-

gories, emphasizing distinctiveness. The intra-contrastive loss

can be written as:

Lintra =
∑

−log
exp(pjpc+/τ)

exp(pjpc+/τ) +
∑

pc− exp(pjpc−/τ)
,

(12)

where pij denotes the normalized representation vector of a

sample pixel in the i-th institution. pc+ denotes the essential

feature of the same class, and pc− is of the different classes.

τ is the temperature parameter.
For inter-contrastive loss, we aim to make the pixel fea-

ture representations of a certain category in one institution

close to the essential features of the same category in other

institutions while being far from the essential features of

different categories in other institutions. This enables each

institution to optimize towards the global essential features

and alleviates the issue of object-appearance heterogeneity.

The inter-contrastive loss is formulated as:

Linter =
1

n

n∑
i=1

−log
exp(pijpc+/τ)

exp(pijpc+/τ) +
∑

pc− exp(pijpc−/τ)
,

(13)

where pij denotes the normalized representation vector of a

sample pixel in the i-th institution. pc+ denotes the essential

feature of the same class, and pc− is of the different classes.

τ is the temperature parameter.

E. Local-Global Balance
The adaptability of a single global model to geographic

heterogeneity data from various institutions is insufficient. In

response, we propose a Local-Global Balance (LoGo) module

to enable the model to possess global generalization capability

and local data adaptation. Following local updates to the model

and the global model, we seek a balanced model that fits the

local data distribution. Leveraging a ResNet18 network to train

local data, we map images through the model to a binary

classification problem. Thus, the output logits represent the

weights of the updated and global models. Through continuous

optimization of the network, we obtain the optimal hybrid

model of the local and global models.
LoGO consists of three branches, each serving a distinct

purpose in the process of local training updates across in-

stitutions. The local branch is responsible for mining local

knowledge, while the global branch maintains model general-

ization. The balancing network adopts a lightweight ResNet-

18 to achieve local and global knowledge balancing. The

local branch network is represented as Fl(ωl) = Fl(ω
en
l ) ◦

Fl(ω
de
l ), the global branch network as Fg(ωg) = Fg(ω

en
g ) ◦

Fg(ω
de
g ), and the balancing network as Bθ(ωb). The input

x ∈ R
N×C×H×W , where N denotes the batch size, and

C ×H ×W represent the channels, height, and width of the

image, respectively. We elaborate the details of three branched

as follows:
(1) Local Branch. The remote sensing image is fed into

the local branch. This branch adopts GIE and EFM modules

elaborated above. Through the local branch, the local represen-

tation Rl ∈ R
N×Cl×Hl×Wl is denoted as: Rl = Fl(x;ω

en
l ).

Algorithm 1 Our GeoFed Framework

Require: Total number of institutions n, total communication

rounds T , local learning rate ηl, balancing branch learning

rate ηb, local training epoch E.

Ensure: Global remote sensing semantic segmentation model

Fg(ωg).
1: Initialization: Initialize the global model Fg(ωg) and the

balancing network Bi(ωb).

2: Local Update:
3: for e = 0 to E − 1 do
4: Download global model parameters ωg .

5: Calculate local class frequency. (4)

6: Compute global fc ← MPC().

7: Compute cross-entropy loss LCE with perturbations. (5)

8: Update essential features online. (10), (11)

9: Compute contrastive losses Linter and Lintra. (12),

(13)

10: Combine losses: L = LCE +λ1Linter +λ2Lintra. (3)

11: Perform tail regeneration. (8)

12: end for

13: Server Execution:
14: for t = 0 to T − 1 do
15: Distribute global model ω

(t)
g to each institution.

16: for each institution i = 1 to n in parallel do
17: Update local model ω

(t)
i ← LocalUpdate(i, ω

(t)
g ).

18: Update essential features ← LocalUpdate(i, ω
(t)
g ).

19: Perform Local-Global Balance module. (16)

20: end for
21: Aggregate global model: ω

(t+1)
g =

∑n
i=1

|Di|
|D| ω

(t)
i .

22: end for

(2) Global Branch. The global branch network is updated

by aggregation of local branches in each round of aggregation

and distributed to all institutions. The aggregation update

formula is as follows:

ω(t+1)
g =

n∑
i=1

|Di|
|D| ω

(t)
li

. (14)

The encoder of the global branch is frozen. The image is

fed into the global branch. The representation of the global

branch Rg ∈ R
N×Cl×Hl×Wl is denoted as Rg = Fg(x;ω

en
g ).

(3) Balancing Network. To achieve a balance between

global knowledge and local knowledge. We use a balancing

network to produce the weight between them, resulting in

a two-dimensional balancing coefficient. The representation

of knowledge balance mixing is obtained by inputting the

balanced representation into the decoder, simultaneously opti-

mizing end-to-end losses for the local and balancing branches.

[Kl;Kg] = Bθ(x;ωb),

Rb = Kl ∗ Rl +Kg ∗ Rg

(15)

(4) End-to-End Optimization. The entire framework is

integrated. The models are optimized in an end-to-end as
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TABLE I
DETAILS OF THREE RE-ORGANIZED REMOTE SENSING SEMANTIC SEGMENTATION DATASETS IN THE FL SETTING.

FedFBP FedCASID FedInria

Source Dataset FBP [22] CASID [59] Inria [60]
Released Year 2023 2023 2017
Task land cover mapping land cover mapping building extraction
Heterogeneity Scale of Data Islands region-level climate zone-level city-level
Number of Participants 6 4 5
Number of Annotated Classes 24 4 2
GSD (meter/pixel) 4 1 0.3
Image Size (pixels) 6800 × 7200 5000 × 5000 5000 × 5000
Number of Original Images 150 980 180
Cropped Image Size 512 × 512 512 × 512 512 × 512
Re-organized Data Size Ratio 13:37:10:36:40:14 209:202:284:284 36:36:36:36:36

Fig. 6. Illustration of the geographic heterogeneity in the FedFBP dataset. From the samples of satellite Images in various geographic regions, it is evident
that geographic heterogeneity is common in remote sensing semantic segmentation tasks under distributed FL scenarios and is closely coupled. geographic
heterogeneity manifests as both class-distribution heterogeneity and object-appearance heterogeneity.

follows: {
ω
(t)
l ← ω

(t−1)
l − ηl∇Li

ω
(t)
b ← ω

(t−1)
b − ηb∇Lb,

(16)

where ηl is the learning rate of the local branch, and ηb is the

learning rate of the balancing branch.

To provide a clearer overview of our GeoFed framework,

the overall pipeline of this distributed system is shown in

Algorithm 1.

IV. EXPERIMENTS AND DISCUSSIONS

In this section, we first introduce the dataset, evaluation

metrics and the experiment settings. Afterward, we compare

our GeoFed framework with other state-of-the-art frameworks

on three re-organized public datasets. Finally, we demonstrate

the effectiveness of the geographic heterogeneity-aware design

with qualitative results. In the following subsections, the ex-

perimental settings, comparison methods, experimental results,

and ablation study are described successively.

A. Dataset Description and Evaluation Metrics

To assess and measure the effectiveness of our GeoFed

framework, We conduct experiments on three public datasets.

They are FBP [22], CASID [59] and Inria [60]. We re-organize

these datasets and construct three datasets (i.e., FedFBP,

FedCASID, FedInria) in remote sensing scenarios under FL

settings. The details of the three datasets are summarized in

Table I for clarity. We randomly separate each institution’s data

with a ratio of 6: 2: 2 into train, validation and test. Thus, each

institution owns a local train, validation, and test dataset. Due

to the complex category system of the FedFBP dataset, we

aim to avoid the scenario where only a few classes dominate

the test set in the distributed training setup. Therefore, we

first cropped the data from each client into patches and then

randomly split them into train, validation, and test sets.

(1) FedFBP Dataset. FedFBP is annotated according to

a 24-category system and contains a total of 150 satellite

images from China with a size of 6800 × 7200 pixels. The

Ground Sampling Distance (GSD) is 4 meters. Based on the

geographic divisions of China, we divide the dataset into six

regions (i.e., Northeast, North, Northwest, Central, East, and

South). In Fig 6, we illustrate the geographic heterogeneity

reflected in the FedFBP dataset. It present the severe class-

distribution heterogeneity. This fine-grained dataset exhibits a

common and pronounced long-tail effect. Some institutions

lack certain categories, resulting in inconsistencies in the
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Fig. 7. Illustration of the geographic heterogeneity in the FedCASID dataset. Samples above are collected from four institutions across climate zones,
respectively.

classification system and exacerbating the issue of category

heterogeneity.

(2) FedCASID Dataset. FedCASID contains a total of 980

images with a size of 5000 × 5000 pixels from four typical

climatic zones (i.e., tropical rainforest, tropical monsoon,

subtropical monsoon and temperate monsoon). Its GSD is 1

meter. Due to climate being an important factor in land cover

features, there is a high geographic heterogeneity among the

four institutions. This dataset is annotated with four categories:

building, water, forest, and road. These categories exhibit

noticeable differences due to variations in geographic regions.

we illustrate the geographic heterogeneity reflected in the

FedCASID dataset in Fig 7.

(3) FedInria Dataset. FedInria is an aerial image dataset

for building extraction with a spatial resolution of 0.3 m. It

contains 180 images of size 5000 × 5000 pixels. The data is

divided into five different cities (i.e., Austin, Chicago, Kitsap,

West Tyrol, and Vienna), with significant heterogeneity in

architectural styles between institutions. The heterogeneity in

class distribution manifests in the building segmentation task

as an imbalance between foreground and background, resulting

from variations in the density of buildings. Because of the

variation in economic development, climate and some other

complex factors, the dataset was partitioned to reflect different

regions, each with varying building densities and architectural

styles. We illustrate the geographic heterogeneity reflected in

the FedInria dataset in Fig 8.

The mean intersection-over-union (mIoU) metric is adopted

to evaluate the segmentation performance on the FedFBP and

FedCASID datasets. Additionally, the IoU metric is utilized to

evaluate the performance on the FedInria dataset.

Local testing performance is assessed across different insti-

tutions to evaluate models’ performance. This metric reflects

the model’s adaptability to local personalized data. By merging

all test sets and conducting a global evaluation, the global test

metric provides insights into the model’s overall generalization

capability. Specifically, for evaluation of local and global

performance, we define as follows:

M local =
1

n

n∑
i=1

(
1

C

∑ TPi

TPi + FPi + FNi

)
, (17)

Mglobal =
1

C

∑ ∑n
i=1 TPi∑n

i=1 TPi +
∑n

i=1 FPi +
∑n

i=1 FNi
.

(18)

Evaluation metrics are calculated by counting the pixels for

false negatives (FN), true positives (TP), and false positives

(FP) in the i-th institution.

B. Implementation Details

The experiments simulate the FL process with PyTorch

using a single NVIDIA RTX Titan GPU with 24-GB GPU

memory in a serial manner. Due to memory limitations, all

images are cropped into patches with a size of 512×512 pixels.

The background pixels of the FedFBP and FedCASID datasets

are ignored during training. Unless otherwise specified, all

experiments use DeepLabv3+ [61] as the segmentation model.

The ResNet-50 [62] pretrained on ImageNet [63] is used as

the backbone. The optimizer is SGD with an initial learning

rate of ηl = 0.001, and the batch size is set to 4. We employ

a poly learning rate scheduler. The server performs T = 100
aggregation operations to ensure convergence, and institutions

update themselves with local training epoch E = 1. The

balancing network adopts the ResNet-18. In the experiments,

we set λ1 = 0.4, λ2 = 0.6, the temperature τ = 0.05, and the

update ratio of essential features γ = 0.8.

C. Comparison Methods

Based on three paradigms of remote sensing semantic seg-

mentation (i.e., Local learning, Centralized learning and our

novel Federated learning), we compare and validate our Ge-

oFed framework for bridging remote sensing data islands. We

also assess the effectiveness of our geographic heterogeneity-

aware design tailored for remote sensing data, which is su-

perior to the existing FL methods. A brief summary of these

three paradigms is provided sequentially below.
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Fig. 8. Illustration of the geographic heterogeneity in the FedInria dataset. The samples above are collected from five institutions across cities, respectively.

1) Local Learning (LL): In the dilemma of remote sens-

ing data islands, institutions focus more on their own data.

Training samples are relatively scarce and homogeneous. LL

refers to each institution solely using its private data for

traditional deep learning training. In this way, each institution

can obtain a model exclusive to its own region. However,

due to the inability to access data from other institutions,

such models lack collaborative learning with external regional

knowledge, making them prone to overfitting and resulting in

relatively poor global generalization. This approach represents

a real scenario where each institution independently trains its

model and produces local LULC mapping products, eventually

merging all results to obtain a large-scale remote sensing

semantic segmentation map.

2) Centralized Learning (CL): In the traditional deep learn-

ing paradigm, to train a well-generalized model, various

remote sensing data are typically aggregated onto the same

device for CL. This approach benefits from the large volume

of data, leading to improved generalization. Meanwhile, it

overlooks the advantages of zoning mapping in remote sensing

interpretation. Within each geographic zone, the characteris-

tics are relatively homogeneous, while there is heterogeneity

between geographic regions. This implies that the same region

may follow relatively consistent geographic patterns. The

optimization goal in centralized training is a global loss,

lacking the exploration of knowledge about the geographic

characteristics within each geographic region. It should be

noted that this approach violates data privacy assumptions.

However, it can be anticipated that this provides a potential

performance upper limit reference for FL. Our goal is to

approach or even surpass this reference as closely as possible.

3) Federated Learning (FL) frameworks: For comparison

with existing state-of-the-art methods, We choose FedAvg,

FedProx, Moon, FedDisco and Elastic. A brief summary of

these FL methods is provided below. Here, FedAvg with a

naive aggregation serves as the baseline method.

• FedAvg [10]: It is a practical method for the federated

learning of deep networks based on iterative model aver-

aging.

• FedProx [16]: It introduces a proximal term loss to

constrain the deviation in local updates. However, this

model parameter-wise constraint does not consider the

heterogeneity characteristics of the data, which may result

in slow convergence speed.

• Moon [64]: Its key idea is to utilize the similarity between

model representations to correct the local training of

individual parties, i.e., conducting contrastive learning at

the model level.

• FedDisco [65]: Its aggregation weights not only involve

both the dataset size and the discrepancy value but also

contribute to a tighter theoretical upper bound of the

optimization error.

• Elastic [40]: Elastic reduces the magnitudes of updates

to the more sensitive parameters to prevent the server

model from drifting to local distribution and, conversely,

boosts updates to the less sensitive parameters to explore

different local distributions better.
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TABLE II
COMPARISONS WITH PREVIOUS STATE-OF-THE-ART METHODS UNDER THE MIOU (%) METRIC ON FEDFBP DATASETS. EACH ROW REPRESENTS

THE PERFORMANCE OF VARIOUS METHODS IN THE CORRESPONDING INSTITUTION TEST SET OF THAT ROW. THE BEST RESULTS ARE MARKED IN BOLD.
† DENOTES CENTRALIZED LEARNING, WHICH SERVES AS AN UPPER BOUND BUT CAN NOT BE REALIZED BECAUSE OF DATA ISLANDS ACTUALLY. THE

SAME APPLIES TO THE SUBSEQUENT TABLES.

CL† LL FedAvg [10] FedProx [16] Moon [64] FedDisco [65] Elastic [40] GeoFed (Ours)

FedFBP

Northeast 55.34 44.39 49.89 47.82 49.71 50.17 50.08 52.41
North 64.93 57.59 61.32 60.42 61.47 61.39 61.65 63.52

Northwest 49.13 40.68 46.28 45.70 45.35 46.80 46.80 48.54
East 64.13 56.38 60.50 60.29 60.22 59.66 60.74 61.62

Central 65.34 56.88 60.38 59.82 60.70 59.65 61.43 62.41
South 63.73 55.38 60.40 59.28 60.72 59.67 60.45 62.37

Average 60.43 51.88 56.46 55.55 56.36 56.22 56.86 58.48
Global 68.76 59.83 63.13 62.92 63.23 63.31 64.20 66.70

TABLE III
COMPARISONS FOR EACH CATEGORY’S IOU (%) SCORES ON THE FEDFBP DATASET. NOTES: INDU (INDUSTRIAL AREA), URBA (URBAN

RESIDENTIAL), RURA (RURAL RESIDENTIAL), STAD (STADIUM), SQUA (SQUARE), OVER (OVERPASS), RAIL (RAILWAY STATION), AIRP (AIRPORT),
PADD (PADDY FIELD), IRRI (IRRIGATED FIELD), DRYC (DRY CROPLAND), GARD (GARDEN LAND), ARBO (ARBOR FOREST), SHRU (SHRUB FOREST),

NATU (NATURAL MEADOW), ARTI (ARTIFICIAL MEADOW), RIVE (RIVER), FISH (FISH POND), BARE (BARE LAND).

mIoU IoU: Indu Padd Irri Dryc Grad Arbo Shru Park Natu Arti Rive

CL† 68.76 74.46 67.28 94.45 82.48 50.96 95.26 89.66 47.25 77.94 56.68 83.42

LL 59.83 70.47 46.71 89.85 75.70 48.10 91.55 86.94 34.48 68.99 53.37 73.73
FedAvg [10] 63.13 71.01 53.24 90.87 79.28 47.63 91.96 87.35 34.89 74.12 52.05 78.12
FedProx [16] 62.92 71.18 56.31 90.39 78.33 47.49 91.48 86.98 38.27 73.18 52.22 78.68
Moon [64] 63.23 70.92 54.34 90.64 78.61 47.88 91.95 87.03 35.61 72.93 51.55 78.70
FedDisco [65] 63.31 71.08 55.62 90.43 78.66 45.91 91.56 87.02 37.99 73.06 50.81 76.47
Elastic [40] 64.20 71.27 61.80 90.84 79.64 47.01 92.05 87.35 37.92 73.60 52.35 79.24
GeoFed (Ours) 66.70 73.12 65.09 93.15 82.45 49.08 94.05 89.39 40.34 76.86 54.72 81.69

Urba Lake Pond Fish Snow Bare Rura Stad Squa Road Over Rail Airp

CL† 79.90 91.69 43.44 55.98 57.09 83.71 81.24 65.08 26.26 69.56 68.36 43.28 64.91

LL 76.15 86.39 36.06 36.53 42.89 80.22 77.35 47.63 5.95 63.28 58.69 32.84 51.96
FedAvg [10] 76.66 87.70 36.09 44.65 45.31 84.16 77.73 57.02 16.55 65.31 62.92 38.56 61.94
FedProx [16] 76.61 87.61 35.50 45.24 47.74 81.86 77.48 55.79 12.99 64.79 61.85 37.02 60.96
Moon [64] 76.60 87.99 36.07 45.03 47.04 83.49 77.70 58.48 17.77 65.24 62.15 36.93 62.92
FedDisco [65] 76.52 86.90 34.56 47.51 47.82 82.95 77.68 57.32 19.18 65.22 62.28 39.17 60.70
Elastic [40] 76.83 88.10 36.42 51.26 47.80 83.33 77.79 58.55 18.16 65.51 62.86 38.19 62.00
GeoFed (Ours) 78.82 90.47 38.71 54.79 48.81 86.13 79.94 61.29 23.14 67.93 65.92 41.55 63.27

TABLE IV
CROSS-INSTITUTION TEST RESULTS FOR THE PERFORMANCE OF THE SIX REGIONS IN THE FEDFBP DATASET. NOTE THAT THE UNDERLINED

RESULTS CORRESPOND TO THE LL METHOD IN TAB.II

.

Train
Test

Northeast North Northwest East Central South Average

Northeast 44.39 33.45 42.84 46.56 43.50 34.44 41.26
North 39.54 57.59 32.01 35.89 40.77 35.82 40.21
Northwest 40.18 38.77 40.68 41.36 40.56 40.25 40.78
East 46.32 35.62 43.79 56.38 42.18 37.46 43.74
Central 43.76 39.98 36.08 40.40 56.88 32.57 41.72
South 37.51 37.54 41.22 42.80 37.84 55.38 42.22
GeoFed (Ours) 52.41 63.52 48.54 61.62 62.41 62.37 58.48

D. Comparison with State-of-the-Arts

In this section, we sequentially compare our GeoFed frame-

work with previous state-of-the-art methods on three datasets.

We report the region-wise performance of our method and

other methods in Table II, V and VII. To provide a clearer

comparison of the experiments, we present the mIoU results

of all comparison methods on the local test sets of each institu-

tion. The ”Average” is calculated by (17), which indicates the

mean result of each method across all local test sets, while

”Global” is calculated by (18), which represents the global

mIoU result after merging the test sets.

1) Experiments on the FedFBP Dataset: Six institutions

from different regions of China participate in the FedFBP

dataset setting. From the mIoU comparison shown in Table II,

We observe that our proposed GeoFed framework achieves

state-of-the-art performance on three datasets and is very close

to the results of centralized training. Our method surpasses the

LL method by 6.87%, demonstrating the advantages of FL and

the effective aggregation of knowledge from different regions.

Additionally, the gap between our method and the CL method

is 2.06% from the global test. In addition, our GeoFed attains

an improvement of 1.62% and 2.5% on the local test and
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TABLE V
COMPARISONS WITH PREVIOUS STATE-OF-THE-ART METHODS UNDER THE MIOU (%) METRIC ON THE FEDCASID DATASETS. EACH ROW

REPRESENTS THE TEST RESULTS OF VARIOUS METHODS IN THE CORRESPONDING INSTITUTION TEST DATASET OF THAT ROW. THE ABBREVIATIONS FOR

REGIONS ARE DEFINED AS: (TRORF: TROPICAL RAINFOREST, TROMS: TROPICAL MONSOON, SUBMS: SUBTROPICAL MONSOON, TEMMS: TEMPERATE

MONSOON).

CL† LL FedAvg [10] FedProx [16] Moon [64] FedDisco [65] Elastic [40] GeoFed (Ours)

FedCASID

TroRf 70.78 60.88 63.42 63.37 58.96 61.30 64.93 66.21
TroMs 78.01 65.52 74.96 74.17 72.16 75.41 75.15 78.90
SubMs 79.16 76.35 76.06 77.08 74.62 76.05 77.06 79.39
TemMs 69.15 58.01 65.03 65.63 63.25 66.91 66.56 68.82
Average 74.28 64.19 69.87 70.06 67.25 69.92 70.93 73.33
Global 75.40 61.31 71.18 71.30 68.80 70.95 72.17 74.34

TABLE VI
COMPARISON OF THE IOU (%) PERFORMANCE OF CLASSES ON THE FEDCASID DATASET.

Method
Local Global

building Road Forest Water mIoU Building Road Forest Water mIoU

CL† 83.93 46.18 95.95 71.05 74.28 85.61 47.69 95.96 72.35 75.40

LL 76.60 45.65 91.50 43.01 64.19 76.24 37.89 91.34 39.78 61.31
FedAvg [10] 80.61 42.57 94.22 62.08 69.87 82.63 43.47 94.17 64.44 71.18
FedProx [16] 79.26 43.50 94.06 63.42 70.06 78.44 36.09 93.05 45.60 63.30
Moon [64] 79.56 40.36 94.49 54.59 67.25 81.77 41.56 94.41 57.44 68.80
FedDisco [65] 81.99 42.35 94.92 60.42 69.92 83.90 43.59 94.83 61.50 70.95
Elastic [40] 82.01 43.49 95.33 66.87 70.93 83.86 45.01 95.32 68.51 72.17
GeoFed (Ours) 84.70 45.87 95.34 67.41 73.33 84.68 47.42 95.44 69.80 74.34

global test, respectively, compared to state-of-the-art methods

that are not designed for geographic heterogeneity.

Subsequently, we illustrate the IoU of all methods to com-

pare the class-wise performance in Table III. In comparison,

we illustrate the IoU performance of classes for several

methods in Table III. Our approach achieves performance

improvements in almost every class, especially some tail

classes (e.g., stadium, square and natural meadow).

In Fig 9, we present two patch results for the test set of each

regional institution. Large-size image results are not shown

since we adopted the strategy of patching the data before

splitting it into datasets, as mentioned before. From the vi-

sualization results, it is clear that our GeoFed is more capable

of interpreting the land cover categories. Competitor methods

are affected more by geographic heterogeneity, resulting in

poor performance relatively.

We further implement cross-institution tests on the FedFBP

dataset to verify the superiority of our GeoFed in bridging data

islands. Table IV presents the results of different institutions

using private datasets for local model training and testing on

other test sets. It can be seen that the geographic heterogeneity

of different institutions leads to a severe institution gap,

resulting in poor generalization performance of the models.

However, our GeoFed framework effectively enables commu-

nication among individual models and balances erudite and

expertise well. Compared to each locally trained model, which

performs well in its own region, overall performance is im-

proved by an average of about 15%. Our GeoFed successfully

alleviates overfitting in each local model.

2) Experiments on the FedCASID Dataset: Table V illus-

trates the comparisons with previous state-of-the-art methods

on the FedCASID datasets. The models trained using CL, LL,

and FL methods were locally tested on the test sets from

tropical rainforest, tropical monsoon, subtropical monsoon,

and temperate monsoon regions, and globally tested on the

merged dataset. From the local test results across different

regions, it is evident that the tropical monsoon and subtropical

monsoon regions achieved relatively higher mIoU results,

approximately 10% higher on average compared to the other

two regions. The superior local test mIoU performance in

these two regions is primarily attributed to the higher IoU

for buildings, roads, and water bodies. We consider that in

the tropical rainforest region, the dense forest coverage causes

buildings, roads, and water bodies to be frequently obscured by

the forest, leading to challenges in accurately identifying their

boundaries. In the temperate monsoon region, water bodies are

fewer and more fragmented. These potential factors contribute

to the increased difficulty of local recognition in these areas,

resulting in overall lower mIoU performance.

It is clearly observed that the CL method, due to its access

to all institutions’ data (though impractical in real-world sce-

narios), achieves relatively higher performance across all test

sets. In the FedCASID dataset, the local testing performance

of the LL method shows relatively smaller gaps compared

to other methods. This is primarily because the FedCASID

dataset is large, and each institution possesses a relatively

substantial amount of data. Therefore, each institution can

achieve relatively high performance by overfitting to their

local private data. This overfitting leads to the similar low

generalization performance presented in Table IV.

The geographic heterogeneity brought about by different

climates, such as the completely different types of forests

in tropical rainforest and temperate monsoon regions, results

in biases during the local update process of models at each

institution. The dual impact of heterogeneous class distribution

and target appearance leads to performance degradation of
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Fig. 9. Visualization of the comparison among state-of-the-art methods on FedFBP. The samples from the first to the last rows are collected from the
Northeast, North, Northwest, Central, East, and South regions, respectively. It is best viewed in colors.
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Fig. 10. The Grad-CAM visualization. The first row is calculated with Elastic and the second row is calculated with our GeoFed framework.

TABLE VII
COMPARISONS WITH PREVIOUS STATE-OF-THE-ART METHODS UNDER THE MIOU (%) METRIC ON FEDINRIA DATASETS. EACH ROW REPRESENTS

THE PERFORMANCE OF VARIOUS METHODS IN THE CORRESPONDING INSTITUTION TEST SET OF THAT ROW.

CL† LL FedAvg [10] FedProx [16] Moon [64] FedDisco [65] Elastic [40] GeoFed (Ours)

FedInria

Austin 68.32 63.12 65.27 64.35 66.71 66.41 65.21 67.16
Chicago 65.87 62.17 63.56 63.41 64.02 64.93 63.37 64.84
Kitsap 57.24 55.42 54.42 54.02 55.31 56.58 55.51 56.31

West Tyrol 68.56 65.34 64.76 64.92 65.23 65.67 65.34 67.97
Vienna 74.33 71.27 72.88 73.47 73.22 73.91 73.70 73.99
Average 66.86 63.46 64.18 64.03 64.90 65.50 64.63 66.05
Global 69.07 43.10 65.27 65.11 64.53 65.76 64.89 65.92

FedAvg, FedProx, Moon, FedDisco, and Elastic to varying

degrees. FedProx, in particular, suffers a performance decline

because it only regularizes parameters at the model parameter

level without feature-level constraints. Moon improves model

performance relative to the previous round of updates, but the

local performance of some clients remains insufficient due to

the lack of methods balancing global and local updates.

Our GeoFed method consistently exhibits optimal perfor-

mance in both local and global tests. By extending global

information, it prevents each institution from overly focusing

on local information during training, introducing global class

information in the process. Simultaneously, through intrinsic

feature mining, different target appearances, such as forests,

water bodies, buildings and roads, are subject to consistency

constraints during local training, enabling the model to learn

intrinsic rather than biased local features. Finally, the global-

local balance module effectively combines global and local

information during the training process.

Fig 10 illustrates the Gradient-weighted Class Activation

Mapping (Grad CAM) [66]. Our GeoFed focuses more accu-

rately on the corresponding land cover category, which shows

superior feature learning capabilities.

In Table VI, we report the class-wise metric performance

of each method in both global and local tests. It is evident

that roads, which are relatively sparse and typically exhibit a

narrow, elongated structure, are more challenging to segment,

resulting in lower IoU scores. In both local and global tests,

TABLE VIII
ABLATION STUDY RESULTS OF THE PROPOSED COMPONENTS.

Method GIE EFM LoGo mIoU(%) Δ(%)

Baseline 63.13
I � 65.10 +1.97
II � 64.57 +1.44
III � 64.87 +1.74
IV � � 65.15 +2.02
V � � 65.67 +2.54
VI � � 66.14 +3.01
VII � � � 66.70 +3.57

our GeoFed framework achieves higher IoU scores across

all four categories. This indicates that GeoFed can more

effectively aggregate knowledge from various institutions,

mitigating the impact of geographic heterogeneity. Notably,

it achieved a 2.38% and 2.41% improvement compared to the

second-best Elastic method in IoU for the road category in

local and global tests, respectively.

3) Experiments on the FedInria Dataset: In the experiment

with the FedInria dataset, our GeoFed attains an improvement

of 1.03% under the IoU metric compared with the second-

best model, Elastic. The comparison with the state-of-the-art

methods is shown in Table VII. Note that the FedIniria dataset

is a building extraction task that only involves the building

and background classes. Due to the geographic heterogeneity

issues in the FedFBP datasets, which involve multi-class
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Fig. 11. Visualization of the comparison among state-of-the-art methods on FedCASID. The samples from the first to the last rows are collected from
the tropical rainforest, tropical monsoon, subtropical monsoon and temperate monsoon regions, respectively.

semantic segmentation, the challenge posed is more severe

than FedInria, resulting in larger gaps. As a dataset with a

single target category, the impact of geographic heterogeneity

on FL is relatively minor in this context. Nevertheless, our

method still achieved a slight performance improvement. We

observe that our method achieves stable performance improve-

ments in almost every city. Some cities (e.g., Austin) with

poor performance in LL achieve a significant performance

improvement of 4.04% through our method.

The semantic segmentation results are shown in Fig 12.

Overall, our proposed GeoFed can extract building objects

with much fewer commission errors (false positive) and omis-

sion errors (false negative). From the zoomed-in regions that

are presented in the white boxes, it is apparent that our

GeoFed preserves the edge more and can extract more accurate

buildings.

E. Ablation Study

1) Effectiveness of Our Proposed Components: In Ta-

ble VIII, we conduct ablation experiments on the FedFBP

dataset. We use FedAvg as the baseline method, where the
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Fig. 12. Visualization of the comparison among state-of-the-art methods on FedInria. The samples from the first to the last rows are collected from the
Austin, Chicago, Kitsap, West Tyrol, and Vienna regions, respectively.
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TABLE IX
SCALING-UP CAPABILITY WITH THE INCREASING OF PARTICIPANTING INSTITUTIONS.

Northeast North Northwest East South Central Local ΔL Global ΔG

� 43.64 46.74
� � 47.53 +3.89 57.33 +10.59
� � � 49.25 +5.61 58.14 +11.40
� � � � 52.21 +8.57 61.41 +14.67
� � � � � 56.32 +12.68 65.34 +18.60
� � � � � � 58.48 +14.84 66.70 +19.96

GIE, EFM, and LoGo modules are used individually, resulting

in mIoU improvements of 1.97%, 1.44%, and 1.74%, respec-

tively. This demonstrates the effectiveness of our proposed

method in addressing heterogeneity issues. To alleviate class-

distribution heterogeneity, the GIE module, and to mitigate

object-appearance heterogeneity, the EFM module can achieve

a performance improvement of 2.02% when incorporated

together. This demonstrates that these two issues need to be

addressed collaboratively in the context of mixed geographic

heterogeneity. The introduction of the LoGo module further

enhances performance by balancing global and local knowl-

edge, thereby complementing the other two modules. When

all the modules we proposed are added to the baseline, our

GeoFed achieves a performance improvement of 3.57%.

2) Comparison of Semantic Segmentation Models: Our pro-

posed method is applicable to mainstream semantic segmenta-

tion models. To further validate the robustness of our proposed

GeoFed, we conducted experiments using different models

(i.e., OCRNet with a HRNet-W48 backbone and SegFormer

with a MiT-B2 backbone) in the context of FL in Table X.

Between the HRNet-W48 and SegFormer-B2 models, our

method benefits from stronger feature extraction backbones,

resulting in performance improvements of 1.87% and 2.94%,

respectively.

TABLE X
RESULTS OF IMPLEMENTING OTHER SEMANTIC SEGMENTATION

MODELS.

Method HRNet-W48 + OCRNet MiT-B2 + SegFormer

FedAvg 67.01 67.24
FedProx 67.12 67.90

Moon 67.77 68.55
FedDisco 67.94 67.01

Elastic 67.01 68.11
GeoFed (Ours) 68.57 69.64

3) Scaling-up Capability with More Institutions: To ver-

ify the effectiveness of the proposed GeoFed framework in

facilitating collaboration among institutions and to evaluate

the performance variation of the collaborative training model

as more institutions join, we gradually introduce additional

collaborating institutions into the GeoFed training process. The

experimental results are shown in Table IX. This experiment

hints at the unseen institution’s generalization ability of our

GeoFed framework. The experimental results show that as

more institutions, especially those with large data volumes,

join the GeoFed distributed framework, significant improve-

ments are achieved in both global and local performance.

This indicates that our framework effectively helps bridge

remote sensing data islands and fosters collaborative, mutually

beneficial relationships among institutions.
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V. CONCLUSION AND FUTURE WORK

This paper proposes a novel remote sensing semantic

segmentation-oriented GeoFed framework to bridge these data

islands and enable collaborative training of isolated data,

considering the unique characteristics of remote sensing data.

It includes multiple meticulously designed modules to address

geographic heterogeneity. These modules are interconnected

and optimized together under an overall loss function. More

specifically, GIE aligns the local class distribution with the

global class distribution and restores the recognition ability of

tail classes; thus, class-distribution heterogeneity is alleviated.

The EFM strategy alleviates object-appearance heterogeneity

by using inter and intra-contrastive loss. Additionally, LoGo

is a balancing module to preserve local personality and global

generalization during the collaboration. Extensive experiments

on three datasets show that our GeoFed consistently out-

performs the current state-of-the-art methods. Overall, the

analyses and comparisons provided in this paper show that the

proposed GeoFed framework effectively promotes institutions’

cooperation. Meanwhile, geographic heterogeneity is a com-

mon issue in various FL tasks for remote sensing. This bodes

well for GeoFed’s broad applicability across other remote

sensing interpretation tasks (e.g., Change Detection, Object

Detection and Scene Classification).

In the future, we hope our framework will inspire further

research on privacy-preserving collaborative learning in re-

mote sensing. Due to diverse computational resources and

variations in data volume among institutions, a well-designed

scheduling strategy is essential to avoid resource wastage.

In addition, our GeoFed framework focuses on geographic

heterogeneity from the data perspective. Thus, it is currently

tailored for homogeneous model settings. It can be extended

to accommodate heterogeneous model scenarios with some

delicate design, such as knowledge distillation. Our future

work will handle the above challenges and consider the real

application of GeoFed to global-scale remote sensing data.
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