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Abstract

With the emergence of smart cities, person re-identification
(re-ID) has become crucial for tracking individuals across
surveillance footage. However, the acquisition of large-
scale datasets with human annotations is not practical for
real-world scenarios. Thus, purely unsupervised learning
methods are widely employed in re-ID application. On
the other hand, handling of sensitive personal data causes
significant privacy concern. Fortunately, federated learn-
ing (FL) has been introduced to address privacy problems
without exchanging data collected by each local client. To
tackle both issues at the same time, previous works integrate
unsupervised learning with FL on numerous re-ID bench-
marks. Nevertheless, these existing methods face the dif-
ficulties due to the variance and complexity of data among
clients, as well as the issue of information imbalance caused
by traditional aggregation strategies such as FedAvg [18].
Therefore, we proposed FedCAPR, a novel federated un-
supervised re-ID framework, which contains four princi-
ple features. First, we introduced a novel camera-aware
contrastive loss to leverage camera information, signifi-
cantly improving re-ID accuracy. Second, we incorporated
a regularization penalty to ensure consistency and stabil-
ity in the local federated optimization. Third, we devel-
oped the identity-distributed equalization (IDE) mechanism
to address data heterogeneity across clients. Last, for FL
aggregation, we introduced the cosine-distance weighted
(CDW) method to guide the global model with a more
effective aggregation during each round. Compared to
state-of-the-art methods, FedCAPR achieves superior per-
formance, up to a 23.4% improvement, on eight bench-
mark datasets. The source code is made publicly available:
https://github.com/maho666/FedCAPR.

1. Introduction

Person re-identification (re-ID) is vital for urban security

and surveillance systems, enabling the identification of in-

dividuals across multiple camera views. Traditional re-ID

methods rely on supervised learning, requiring extensive la-

beled datasets, which are often impractical for large-scale

applications. Unsupervised learning presents a promising

alternative, eliminating the need for ground truth identity

labels. Unsupervised person re-ID models can be divided

into two categories, domain adaptive and purely unsuper-

vised person re-ID. Domain adaptive methods use labeled

data from source domain to train a model capable of align-

ing features from source to unlabeled target domain [1–

5]; purely unsupervised techniques utilize clustering-based

[6, 7, 12–14, 28], graph-based [8, 9] or k-NN [10, 11]

methods to generate pseudo-labels for data and perform su-

pervised training to improve performance. Although un-

supervised person re-ID methods address the challenge of

obtaining annotated datasets and show promising accuracy

improvement, this typical training pipeline, which is con-

ducted by collecting large-scale unsupervised pedestrian

images and optimizing the model in a centralized way,

causes the privacy concern since personal sensitive data are

utilized directly.

Federated learning (FL), a distributed machine learning

framework, has emerged as a promising solution to ad-

dress data privacy concerns. By allowing multiple clients

to train local models on their private data and aggregat-

ing these models into a shared global model without ex-

changing raw data, FL ensures that sensitive information re-

mains localized and secure [18–27, 29–31]. This approach

eliminates the need for direct data sharing among partici-

pants, thereby preserving privacy while enabling collabora-

tive learning through model aggregation.

Hence, the recent works integrate unsupervised and fed-

erated learning to form a robust framework for person re-ID,

effectively tackling challenges related to labeling and pri-

vacy [32, 33]. These works assign eight benchmark datasets

as eight local clients, including DukeMTMC (abbr. Duke)

[43], Market-1501 (abbr. Market) [44], iLIDS-VID (abbr.

iLIDS) [45], CUHK03 [35], PRID2011 (abbr. PRID) [46],

VIPeR [48], CUHK01 [47], and 3DPeS [49], to simulate the

cross-clients person re-ID system (issues related to Duke
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are discussed in Sec. 4.1). Nevertheless, the accuracy of re-

cent federated unsupervised re-ID works suffers from sub-

stantial data variances, such as shooting angle, lighting, oc-

clusion and color, caused by different camera positions and

data distributions across these datasets. These variations

make building the initial clustering in unsupervised learn-

ing more challenging. The error propagation of cluster-

ing results throughout the whole training processing will

significantly degrade the performance of models on each

client. Besides, there are significant disparities in the num-

ber of images and identities between the datasets. The im-

balance sizes of datasets also lead to the reduction of per-

formance of model since larger dataset, like Market, domi-

nates the performance of global model and the clients with

smaller datasets fail to produce valuable updates for the

global model. It leads to the federated process becoming

ineffective and disrupting the learning for all clients.

To solve the challenges which are mentioned above, we

proposed FedCAPR, a novel federated unsupervised re-

ID framework. In each local re-ID training, in additional

to typical unsupervised loss [33], we leverage the inher-

ent camera information of each image to design a camera-

aware contrastive loss. This loss function enhances the

model’s ability to distinguish instances of the same iden-

tity across different camera views, effectively addressing

the challenge of high variance in data caused by camera dif-

ferences. Meanwhile, to address model divergence in fed-

erated learning, we introduce a regularization loss that con-

strains the deviation between local and aggregated global

models during training. We found that the disparity of

data quantity among clients influence the performance a

lot. Thus, for local training, we proposed a preprocessing

method that based on the number of images per identity

to adjust the dataset size, which can facilitate the pseudo-

labels generation. For the federated framework, instead of

FedAvg [18], we propose a unsupervised cosine-distance

weighted aggregation method that assigns weights based on

the knowledge gained by local models. This approach ad-

dresses the diminished contributions of smaller datasets, en-

suring that smaller datasets contribute meaningfully to the

global model.

In summary, there are four principle contributions of

FedCAPR as follows:

• Camera-Aware Contrastive Learning Loss: We pro-

pose a camera-aware contrastive loss to improve identity

distinction across different cameras in unsupervised re-

ID.

• Cosine Similarity Regularization: We introduce a reg-

ularization penalty to reduce deviation between local and

global models, ensuring consistency during training.

• Identity-Distributed Equalization: Our pre-processing

technique balances the average number of images per

identity to adjust the dataset size, improving clustering

stability and mitigating performance degradation.

• Cosine-Distance Weighted Aggregation: We propose a

cosine-distance weighted aggregation to address the di-

minished contributions of smaller datasets in FedAvg.

2. Related work

2.1. Unsupervised Person Re-ID

Unsupervised Person re-ID includes domain adaptive and

purely unsupervised approaches. The domain adaptive per-

son re-ID methods [1–3] utilize labeled data from a source

domain to train a model that generalize to an unlabeled

target domain. As demonstrated in [4], transfer learn-

ing techniques help mitigate domain gaps by transferring

spatial-temporal features. Purely unsupervised person re-ID

methods [6, 7] rely entirely on unlabeled data, employing

clustering-based, graph-based [8, 9], or k-NN approaches

[10, 11] to generate pseudo-labels. The prevalent clus-

tering methods include Density-Based Spatial Clustering

of Applications with Noise (DBSCAN) [12] and Bottom-

Up Clustering (BUC) [13], which iteratively refine pseudo-

labels through soft multilabel learning [14] to enhance ac-

curacy. Furthermore, CAP [28] incorporates a camera-

aware proxy loss to address intra-camera variance and a

contrastive loss for inter-camera variance, effectively mit-

igating noise from camera variances during training.

2.2. Federated Learning

Federated learning (FL) enables decentralized model train-

ing while preserving data privacy by allowing participants

to train locally and share only model updates. Traditional

federated learning aims to build a global model that gen-

eralizes across different clients, with FedAvg [18] as the

main algorithm for model aggregation. However, statistical

heterogeneity hinder performance, prompting methods like

FedProx [19] to address this issue.

2.3. Unsupervised Federated Person Re-ID.

This approach addresses the challenges of data privacy and

the need for diverse datasets. Recent contributions include

FedUCC(Weng et al., 2023) [32], which utilizes a coarse-

to-fine framework comprising four stages: starting with

broad information, preserving personalized data through

BatchNorm[51], refining features from image patches, and

decomposing features to mitigate cross-camera divergence.

This process demands significant communication, requiring

up to 100 rounds. Another key work is FedUCA [33], which

integrates the CAP [28] method with FL via EasyFL [34]. It

emphasizes the importance of addressing camera variance

in with the unsupervised manner under the federated sce-

nario.
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Figure 1. Overall architecture of FedCAPR. Each client generates pseudo-labels for preprocessing unlabeled data by clustering features

with camera information, storing them in the memory bank that updates to calculate the contrastive loss. The server aggregates the client

models with aggregation weight. In the cluster diagram, each shape represents pid, and each color represents a camera.

3. Methodology

This section outlines our unsupervised federated person re-

ID approach, and the overall architecture is shown in Fig. 1.

Our federated learning framework involves a server and K
clients, each corresponding to a distinct dataset k. To en-

hance performance, we will introduce a pre-processing step

to adjust each local dataset for further clustering step. Dur-

ing local training, each client performs unsupervised learn-

ing using pseudo-labels generated via DBSCAN[12] clus-

tering respectively. The training objective combines three

contrastive losses, consisting of inter-camera, intra-camera,

and camera-aware loss terms, designed to enhance unsuper-

vised learning performance. Additionally, a regularization

loss term is incorporated to improve model consistency dur-

ing aggregation. After local model updates, clients upload

their models to the server, where aggregation is performed

using a cosine-distance weighted mechanism. The above

mechanism will be conducted for many rounds until con-

vergence. Algorithms 1 illustrate the overall process of our

proposed approach.

The remainder of this section is organized as follows:

Sec. 3.1, 3.2, and 3.4 focus on improving local unsuper-

vised learning, while Sec. 3.3 and 3.5 targets challenges in

federated learning.

3.1. Proxy Creation and the Memory Bank

In person re-ID, following CAP [28], the training process

alternates between a clustering step and a model updating

step. The clustering step generates pseudo-labels for the un-

labeled data, while the model updating step trains the model

using these pseudo-labels.

For unsupervised training on each local client, we em-

ploy a CNN backbone fwt
k

to extract features from the un-

labeled dataset Dk = {xi}Ni=1, where xi indicates the im-

ages in the dataset and N is the total number of the images.

Note that the local kth dataset won’t be shared with other

clients. We then utilize DBSCAN to assign pseudo-labels

ŷi to each sample xi. Samples identified as outliers by DB-

SCAN are removed from the dataset and do not participate

in subsequent training of the same epoch. Next, we assign

a proxy label ẑi by dividing the pseudo-labels into smaller

clusters based on camera information, which means each

sub-cluster contains only samples from the same camera

with the same pseudo-label (pid). Consequently, we derive

a labeled dataset D′
k = {(xi, ŷi, ẑi)}N ′

i=1, where N ′ repre-

sents the total number of images in the dataset after remov-

ing outliers. ŷi ∈ {1, 2, . . . , Y } represents the generated

pseudo-label and ẑi ∈ {1, 2, . . . , Z} represents the proxy

label. For each sub-cluster ẑ, we calculate the average fea-

ture representation from CNN with d dimension to gener-

ate a proxy stored in the memory bank M ∈ R
d×Z , where

Z =
∑C

c=1 Zc is the total number of proxies across all cam-

eras, which follows the approach in [28], corresponding to

the averaged feature of instances from the same camera and

the same pid. These proxies are then used as samples for

the contrastive learning loss during back-propagation, and

the memory bank is updated as described by the following

1783



equation:

M [ẑi] ← μM [ẑi] + (1− μ)fwk
(xi), (1)

where M [ẑi] represents the memory bank entry for proxy

ẑi, sample xi belongs to ẑi, and μ ∈ [0, 1] is the updat-

ing rate. Dynamic adjustments ensure the memory bank’s

features reflect the current model state.

3.2. Camera-Aware Contrastive Learning Loss

In this section, we present the contrastive losses in our

framework. We utilize three types of contrastive learning

loss: intra-camera loss Lintra, inter-camera loss Linter and

our proposed camera-aware loss LCA, where the intra- and

inter-camera losses are proposed by CAP [28]. The inter-

camera loss explicitly leverages the correlations between

cameras to enhance the model’s ability. On the contrary, an

intra-camera loss reduces the label noise and obtains a better

discrimination ability within a single camera. Nonetheless,

the model with those two losses still suffer from data with

the considerable camera variances between the same iden-

tity. Thus, we propose a novel camera-aware loss to con-

front the significant camera variance. The combined loss

function for the proposed contrastive learning approach is

defined as follows:

LCL = αLinter + βLintra + γLCA, (2)

where α, β, and γ are coefficients that control the relative

contributions of the three losses.

Inter-Camera Loss. In contrastive learning, the goal

is to bring positive pairs closer together and push negative

pairs further apart. The inter-camera loss is constructed

based on the generated pseudo-labels (pid). For each an-

chor xi, the proxy stored in the memory bank with the same

pid ŷi are considered as its positive pairs; thus, samples with

the same pid but under different cameras will all be pulled

closed. On the other hand, proxies with ŷ �= ŷi are treated

as negative samples. Note that following [28], we employ

the K-nearest strategy to select only hard negative proxies

for pushing apart. The inter-camera loss, Linter, is defined

as:

Linter = −
N ′∑
i=1

1

|P |
∑
p∈P

log
S(p, xi)

Z(xi)
, (3)

Z(xi) =
∑
u∈P

S(u, xi) +
∑
q∈Q

S(q, xi), (4)

where S(p, xi) = e(M [p]T fwk
(xi)/τ), and the P and Q rep-

resents the sets of the positive and hard negative proxies,

respectively.

Intra-Camera Loss. This loss aims to distinguish

the different identities under the same camera, thereby sig-

nificantly reducing the noise introduced by the variation

Figure 2. Concept of camera-aware loss LCA. Same-shape sam-

ples come from the same camera, and same color represent same

pid. (a) Applying Lintra , clustering results remain suboptimal

due to the significant camera variance (b) From the proxies of each

camera, choose the closest proxies to the green square anchor xi as

the positive, while the negative set consists of the K2-nearest prox-

ies, excluding the positive one, with purple arrows pulling similar

proxies closer and yellow arrows pushing the hard negatives away.

between cameras. To achieve that, we denote a newly

constructed dataset for each camera, for instance, Da
k
′ =

{xi, ŷi, z̃i, a}Na
i=1 indicates the sub-dataset from camera ca,

where Na represents the total number of images captured by

camera a. The variable z̃i indicates the proxy labels derived

from camera a, z̃i ∈ {1, 2, . . . , Za}, where Za represents

the total number of unique proxy labels in camera a. The

formulated loss function is then expressed as follows:

Lintra = −
C∑

j=1

1

Nc

∑
xi∈Da

k
′
log

(
S(m,xi)∑A+Zci

k=A+1 S(k, xi)

)
, (5)

For an image xi labeled with camera cj , let A =∑cj−1

c=1 Zc denote the total number of proxies associated

with camera IDs that are different from cj . The correspond-

ing entry index m in the memory bank is then calculated as

m = A+ z̃i.
Camera-Aware Loss. Within a single camera, we use

Lintra to address the classification problem, but camera vari-

ance between the same identity still poses a challenge, as

shown in Fig. 2 (a). When the same person ID is captured

by different cameras, the anchor may not cluster correctly

due to these variations. For example, if camera ca captures

images in a dimly lit room, while camera cb takes photos in

bright sunlight, the model might rely more on the lighting

conditions rather than learning the distinct features of the

person’s appearance. Images of the same identity from cam-

eras ca and cb are placed far apart in the feature space. Addi-

tionally, when pseudo labels ŷi are split into camera-aware

proxies ẑi, the error is reinforced by assigning them to the

same proxy. To solve this, we propose a new loss function

called camera-aware loss LCA, which significantly improves

the clustering quality by associating a positive sample from

each camera with the anchor xi.

The issue of camera variance arises only when the same

identity appears across multiple cameras. Therefore, we as-
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sume that each camera contains at least one positive proxy.

For each anchor, we locate the nearest proxy from each

camera to form a positive pair, as illustrated in Fig. 2 (b).

Positive proxies are chosen based on the similarity of the

features between different cameras, preventing the model

from mistakenly considering samples from the same cam-

era as positive. Additionally, we select the hard negative

proxies from the remaining ones to push apart. The result-

ing loss function is defined as follows:

LCA = −
B∑
i=1

1

|P |
∑
p∈P

log

(
S(p, xi)

Z(xi)

)
, (6)

Z(xi) =
∑
u∈P

S(u, xi) +
∑
q∈Q

S(q, xi), (7)

where B represents the batch size, while P and Q denote

the positive and hard negative sets, respectively.

In summary, this approach incorporates the inherent

camera information into the training process to enhance

the model’s discriminative performance. Incorporating the

camera ID during proxy selection allows the camera-aware

loss to guide the model in acquiring more refined and gen-

eralized features, which in turn minimizes the noise from

camera variance and boosts clustering performance.

3.3. Cosine Similarity Regularization

During local training, each client’s model is optimized

based on its own dataset, which may cause the trained mod-

els to move in different directions, leading to divergence

from the global model. If this divergence becomes too

large, the global model may struggle to effectively integrate

knowledge from different clients, resulting in suboptimal

performance across the entire federated learning process.

To mitigate this issue, we introduce a regularization loss

that constrains the deviation between the global model and

the local model during training, as described in Eq. 8.

Specifically, during local training, we pass a fixed batch of

data Dbatch through the aggregated global model of (t−1)th

round and the current local model in tth round, then com-

pare the resulting feature representations. The regulariza-

tion term is designed to limit excessive feature shifts by pe-

nalizing large cosine distance changes, ensuring that local

updates remain aligned with the global model’s optimiza-

tion trajectory.

Lreg = 1− Similarity
(
fwt−1

g
(xi), fwt

k
(xi)

)
, (8)

In summary, our proposed regularization loss ensures

that local models remain close to the global model during

training, making it more effective in maintaining consis-

tency across clients. This method not only addresses the

challenge of model divergence but also enhances the overall

efficiency and reliability of the federated learning process.

The complete loss function is defined as follows:

Lall = LCL + δLreg, (9)

3.4. Identity-Distributed Equalization

Typically, effective clustering is the critical factor for the

success of unsupervised learning. In person re-ID, clus-

tering algorithms like DBSCAN are widely used to assign

pseudo-labels before training. However, we observed that

for many re-ID datasets, the initial pseudo-labels obtained

from clustering often have a high error rate. This issue pri-

marily stems from the choice of DBSCAN hyperparame-

ters, which are crucial for computing pairwise distances,

reranking [38], and determining the appropriate neighbor-

hood radius for clustering.

Existing works [21, 32, 33, 37] typically adopt a fixed

set of hyperparameters optimized for large-scale datasets

such as Duke [43] and Market [44]. These hyperparame-

ters are dataset-dependent and tuned based on the specific

feature distributions of those two datasets. However, apply-

ing the same parameters to other re-ID datasets often leads

to performance degradation, as different datasets exhibit di-

verse distribution characteristics. On the other hand, manu-

ally tuning hyperparameters for each dataset is prohibitively

time-consuming and impractical.

To address this challenge, we propose an innovative

preprocessing approach, Identity-Distributed Equalization

(IDE), which adjusts the average number of images per per-

son ID to align with large datasets like Duke and Market,

formulated as:

Navg =
Nimg

Npid

, (10)

where Nimg represents the total number of images in the

training set, and Npid denotes the number of person iden-

tities. By ensuring a more consistent distribution across

datasets, IDE improves clustering stability and mitigates the

performance degradation caused by fixed DBSCAN param-

eters. The calculated values of Navg for eight datasets are

presented in Tab. 1.

As mentioned above, IDE enlarges datasets by multi-

plying each image by λ, ensuring the image number per

identity is comparable to datasets like Duke and Market

(approximately 20). For example, when aligning iLIDS

(Navg = 4 images per identity) with Duke, λ is computed

as λ = 20
4 = 5. This adjustment scales iLIDS to align with

large-scale datasets, enabling effective federated training.

Moreover, IDE can easily adapt to various re-ID datasets,

even without ground truth. It is effortless to obtain the num-

ber of images per pid since the timestamp of video, or crop-

ping frequency are known during converting video to im-

age datasets, which is a method commonly used in the Re-

ID field [4]. Therefore, compared to the traditional prepro-
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cesses, the IDE is not only easier to implemented to improve

the quality of data clustering, but also more appropriate to

apply in various datasets.

Algorithm 1 Camera-aware unsupervised person Re-id

Server:
Initialize the server model with wg

for round t = 1, 2, . . . do
Receive local model parameters from each client k ∈ K
Aggregate local models with Eq. 13

Distribute updated global model parameters to each

client wt
k ←wt−1

g

Client:
Initialize memory bank M with size M × d (where d is the

feature dimension)

for each round t = 1, 2, . . . do
for each client k in parallel do

Download global model wt
k

Extract features for dataset Dk using wt
k

Apply DBSCAN to cluster features and assign

pseudo labels ŷi and get ẑi
for epoch e = 1, 2, . . . do

Compute local contrastive loss:

Lcl = αLinter + βLintra + γLCA + δLreg

Update local model using Adam optimizer θtk
Update Memory Bank:

M [ẑi] ← μM [ẑi] + (1− μ)fwt
k
(xi)

Calculate similarity between fwt−1
g

(xi) and fwt
k
(xi)

Upload updated model parameters wt
k to the server

Table 1. Statistic of Datasets.

Datasets
Cam

Nimg Npid
Nimg
Npid

λ
IDs

Duke [43] 8 16522 702 23 1

Market [44] 6 12936 751 18 1

iLIDS [45] 2 248 59 4 5

CUHK03 [35] 2 7365 767 10 2

PRID [46] 2 3744 285 13 2

VIPeR [47] 2 632 316 2 10

CUHK01 [48] 2 1940 485 4 5

3DPeS [49] 2 450 93 5 4

3.5. Cosine-Distance Weighted Aggregation

During the aggregation stage, FedAvg [18] is the com-

monly used aggregation method in most existing studies,

especially those focusing on unsupervised federated person

re-ID [21, 32, 33, 37]. This approach determines the ag-

gregation weights for merging local models into a global

model by accounting for the relative sizes of the individual

datasets. The parameters of the global model can be formu-

lated as follows:

wt =
1

K

K∑
k=1

nk

n
wt

k, (11)

where, wt
k represents the model parameters from the k-th

client at the t-th round. The term nk indicates the size of

the dataset belonging to the k-th client, while n denotes the

total data size.

We observed that the eight benchmark datasets utilized

in our study exhibit significant variability in size. Con-

sequently, the application of FedAvg results in dimin-

ished contributions from smaller datasets to the global

model, especially with significant size discrepancies be-

tween datasets. Such outcomes do not align with the in-

tended objectives of FL.

To address this issue, we propose Cosine-Distance

Weighted Aggregation as an alternative method for calculat-

ing aggregation weight, leveraging cosine distance to mea-

sure the extent of knowledge gained by a local model in a

training round. Specifically, before the local training be-

gins, we pass a batch of data Dbatch through the untrained

local model, which is the aggregated global model of the

last round, and store its output features (fwt−1
g

(Dbatch)). Af-

ter the training process is completed within this round, we

obtain a new set of output features by passing the same

Dbatch through the updated local model (fwt
k
(Dbatch). The

aggregation weight is then determined by computing the

cosine distance between them, where a larger distance in-

dicates that the model has acquired more new knowledge

during this round, justifying a higher aggregation weight in

the overall global model.It can be expressed mathematically

as follows:

mt
k = 1− 1

S

S∑
i=1

Similarity
(
fwt−1

g
(xi), fwt

k
(xi)

)
, (12)

where mt
k denotes the aggregation weight for the k-th client

during round t. The variable S denotes the number of im-

ages in Dbatch, and Dbatch is randomly selected from the

training dataset at the start of each round. Ultimately, the

aggregation equation for local models can be formulated the

as follows:

wt =

K∑
k=1

mt
k

mt
wt

k, (13)

where mt =
∑K

k=1 m
t
k. Utilizing this approach guarantees

that all clients contribute fairly, regardless of the size of their

datasets, ultimately resulting in a more efficient FL system.
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Table 2. Comparison of the accuracy(%) with Existed Unsupervised Federated Person Re-ID.

Methods
Duke Market iLIDS CUHK03 PRID VIPeR CUHK01 3DPeS

R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP R1 mAP

FedUReID [21] 51.0 - 65.2 - 73.5 - 8.9 - 38.0 - 26.6 - 43.6 - 65.5 -

FedUCC [37] 78.8 60.5 86.5 65.5 74.7 59.7 9.6 9.7 58.9 63.1 31.3 36.7 78.3 75.3 68.9 50.9

FedUCC [32] - - 90.3 75.2 82.8 72.0 38.7 35.5 69.0 72.0 43.0 48.6 80.1 76.6 73.2 57.8

FedUCA [33] 81.0 66.5 92.5 79.4 80.5 - 50.0 - 75.0 - 51.0 - 86.0 - 85.0 -

FedCAPR(Ours) 83.6 69.6 92.7 82.5 81.6 77.8 73.4 69.7 85.0 88.4 68.7 75.6 95.6 95.1 87.4 79.2

Table 3. Comparison of accuracy(%) to the approaches of domain

adaptation and purely unsupervised methods.

Methods Types
Duke Market

R1 mAP R1 mAP

NRMT [40] Domain adaptation 77.8 62.2 87.8 71.7

MMT [3] Domain adaptation 78.0 65.1 87.7 71.2

IICS [7] Purely unsupervised 80.0 64.4 89.5 72.9

JVTC+ [41] Purely unsupervised 80.4 66.5 86.8 67.2

MMCL [42] Purely unsupervised 65.2 40.2 80.3 45.5

FedCAPR(Ours) Federated purely unsupervised 83.6 69.6 92.7 82.5

Figure 3. Sample images of eight datasets. Example images

were randomly selected from eight benchmark datasets.

4. Experiments
4.1. Setup

Datasets and Models. We follow [39] to utilize eight

person re-ID benchmark datasets, each is treated as a dis-

tinct client, to evaluate the performance of our FedCAPR,

where ResNet-50 [54] is the backbone architecture. Among

these datasets, the two large-scale datasets, Duke [43] and

Market[44], were captured with eight and six cameras, re-

spectively. The remaining datasets, iLIDS [45], CUHK03

[35], PRID [46], VIPeR [48], CUHK01 [47], and 3DPeS

[49], were recorded with only two cameras. Tab. 1 provides

detailed statistics for these datasets. Notably, the datasets

vary significantly in terms of location, image count, identi-

ties, and appearance diversity, as illustrated in Fig. 3. This

diversity reflects real-world conditions, simulating the het-

erogeneity and imbalance inherent in federated learning.

Duke Issues. Although the Duke dataset was widely

used in re-ID tasks, including supervised, unsupervised,

video-based, occluded-based, and so on, it has been shut

down due to privacy and human rights concerns. Despite

this, most state-of-the-art methods [21, 32, 33, 37] rely on

Duke for superior results. To ensure fair comparison, we

temporarily adopt Duke in FedCAPR. We have replaced

Duke with MSMT17 [52], a large-scale but noisier dataset,

with results shown in the supplementary Tab. 9.

Evaluation Metrics. Re-identification (re-ID) retrieves

images with the same ID from a gallery. Performance is

evaluated using two metrics: Cumulative Matching Curve

(CMC), measuring the likelihood of finding the correct

match within the top k results, and Rank-1 accuracy, indi-

cating if the first match is correct. Mean Average Precision

(mAP) averages precision across queries, rewarding correct

matches at various ranks even if the top result is incorrect.

Both metrics assess immediate and overall retrieval quality.

Implementation Details. Our framework was imple-

mented using EasyFL [34] and PyTorch [53], with training

on NVIDIA GeForce RTX 3090 GPUs. We used ResNet-

50 [54] (ImageNet pre-trained) as the backbone, omitting

the fully connected layer to enhance clustering and con-

trastive learning. Feature representations were refined with

L2 regularization to improve camera-specific clusters. The

federated setup included eight clients (one per dataset), with

20 communication rounds of five local epochs each. In the

final round, local epochs increased to 50 for better person-

alization. Hyperparameters were set as follows: α = 0.6
and β = 0.7 from FedUCA [33], and γ = 0.7 and δ = 0.25
empirically tuned for optimal performance.

4.2. Comparisons with the State-of-the-Arts

In this section, we present a performance comparison be-

tween our FedCAPR and several state-of-the-art techniques,

which are shown in Tab. 2 and Tab. 3.

The comparison with state-of-the-art works that com-

bine unsupervised and federated learning shows that the

results on eight benchmark datasets, as shown in Tab. 2,

demonstrate that our method achieves superior performance

across nearly all datasets. Notably, significant improve-

ments are observed on smaller datasets. In comparison

to FedUCC(Weng et al., 2023) [32], FedCAPR improves

Rank-1 accuracy by 34.7%, 16%, and 15.5%, and mAP

by 34.2%, 16.4%, and 18.5% on the CUHK03, PRID, and

CUHK01 datasets, respectively.Moreover, FedCAPR out-

performs FedUCA [33] on eight benchmark datasets, with

improvements of 23.4%, 10%, 17%, and 9% in Rank-1 on

CUHK03, PRID, VIPeR, and CUHK01, respectively.
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Table 4. Ablation study of our proposed methods. The value in the table is Rank-1 accuracy (%).

Methods Duke Market iLIDS CUHK03 PRID VIPeR CUHK01 3DPeS

Baseline 81.0 92.5 77.6 50.0 75.0 50.3 86.2 82.3
+LCL 83.1 92.6 78.6 63.7 77.0 50.0 88.3 82.9

+ CDW + +Lreg 83.4 92.7 80.6 66.9 86.0 53.8 89.2 86.5
+ IDE 83.6 92.7 81.6 73.4 85.0 68.7 95.6 87.4

Table 5. Comparison of V-measure (V) and Silhouette (S) scores with and without IDE.

Methods
DukeMTMC Market-1501 iLIDS-VID CUHK03 Prid2011 VIPeR CUHK01 3DPeS

V S V S V S V S V S V S V S V S

w/o IDE 0.369 0.021 0.218 -0.074 0.266 0.054 0.297 -0.094 0.865 0.548 0.385 0.022 0.234 -0.144 0.456 0.041

w/ IDE 0.369 0.021 0.218 -0.074 0.848 0.881 0.71 0.312 0.865 0.548 0.929 0.957 0.912 0.878 0.83 0.863

However, FedUCC (Weng et al., 2023) outperforms on

iLIDS, the smallest dataset, by leveraging extensive inter-

client information sharing (see Sec. 2.3). While our method

shows slightly lower accuracy on iLIDS, it significantly re-

duces computational costs, offering a more efficient and

practical alternative.

Also, Tab. 3 provides a performance comparison be-

tween our method and other existing unsupervised re-ID

approaches, including domain adaptation and purely un-

supervised methods [3, 7, 40–42], and demonstrates our

method consistently achieves the best results. Compared

to the works with domain adaption, FedCAPR improves

Rank-1 accuracy by 5.6% and 5%, and mAP by 4.5% and

11.3% on the DukeMTMC and Market-1501 datasets, re-

spectively.Moreover, FedCAPR outperforms purely unsu-

pervised methods with improvements of 3.2% and 3% in

Rank-1, and 3.1% and 9.6% in mAP on the DukeMTMC

and Market-1501 datasets, respectively.

The superior performance of our method stems from the

federated learning framework, which enables knowledge

sharing across clients (i.e., datasets), enriching the train-

ing process. We focus on Duke and Market datasets, as

smaller datasets are challenging to train without federated

learning, and most unsupervised methods do not report re-

sults on them.

4.3. Ablation Study

In this section, we conduct an ablation study across eight

datasets to assess the impact of our proposed methods:

camera-aware loss, cosine similarity regularization, CDW

aggregation, and IDE techniques, as presented in Tab. 4. In

Tab. 4, camera-aware loss significantly improves accuracy

on datasets like Duke and CUHK03, where camera vari-

ance is substantial, increasing Rank-1 accuracy from 50%

to 63.7% on CUHK03. This demonstrates its effectiveness

in mitigating the noise introduced by camera discrepancies.

Moreover, the improvements brought by the proposed

methods in the federated learning framework are especially

evident on smaller datasets, such as iLIDS and 3DPeS, or

inherently challenging datasets like PRID. These datasets

benefit from the novel techniques we introduced, such as

CDW aggregation, which enables more effective informa-

tion exchange between clients. Regularization loss, Lreg ,

further reduces the disparity among local models, ensuring

that the aggregated model maintains robust and consistent

performance. This allows for more effective training out-

comes compared to standalone training, overcoming chal-

lenges posed by limited data.

Finally, IDE proves particularly beneficial for datasets

like VIPeR, which have distributions differing from large-

scale datasets. Tab. 5 shows initial clustering performance

using V-measure (0 to 1, higher is better) and Silhouette

score (-1 to 1, higher is better). IDE significantly improves

clustering quality, reducing errors in the initial phase and

ensuring reliable pseudo-labels for subsequent training. By

aligning data distribution with DBSCAN parameters tuned

on large datasets, IDE mitigates distribution differences, en-

hancing training outcomes.

5. Conclusion

In this paper, we introduced FedCAPR, a novel decentral-

ized camera-aware unsupervised learning method within

the federated learning (FL) framework. FedCAPR inte-

grates a camera-aware loss function to address noise caused

by camera variance; cosine-distance weighted aggregation

enables to mitigate the information imbalance between

large and small datasets; identity-distributed equalization

ensures that each dataset can facilitate more effective and

consistent training across heterogeneous datasets. Our Fed-

CAPR achieves superior performance to state-of-the-art re-

sults, particularly up to 23.4% on smaller datasets. Hence,

FedCAPR offers a highly secure, accurate and efficient so-

lution for smart city surveillance systems.
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