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Abstract

Existing unsupervised person re-identification (Re-ID) methods have achieved remarkable performance by adopting
an alternate clustering-training manner. However, they still suffer from camera variation, which results in an
inconsistent feature space and unreliable pseudo labels that severely degrade the performance. In this paper, we
propose a cross-camera self-distillation (CCSD) framework for unsupervised person Re-ID to alleviate the effect of

camera variation. Specifically, in the clustering phase, we propose a camera-aware cluster refinement mechanism,
which first splits each cluster into multiple clusters according to the camera views, and then refines them into more
compact clusters. In the training phase, we first obtain the similarity between the samples and the refined clusters
from the same and different cameras, and then transfer the knowledge of similarity distribution from intra-camera to
cross-camera. Since the intra-camera similarity is free from camera variation, our knowledge distillation approach is
able to learn a more consistent feature space across cameras. Extensive experiments demonstrate the superiority of

our proposed CCSD against the state-of-the-art approaches on unsupervised person Re-ID.
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1 Introduction
Person re-identification (Re-ID) aims to identify the same
person in a non-overlapping camera system. Thanks to the
rapid development of fully supervised Re-ID methods [1],
the performance on existing datasets has improved im-
pressively. However, they are heavily dependent on labo-
rious and expensive data annotation, which limit their ap-
plication in the real world. Therefore, researchers recently
begin to focus on the unsupervised person Re-ID study.
Existing state-of-the-art methods for unsupervised Re-
ID mainly apply an alternative two-phase pipeline [2—4],
i.e., a clustering phase and a training phase. In the cluster-
ing phase, pseudo labels for each sample are first generated
by clustering methods. In the training phase, the pseudo
labels are used to train the Re-ID model in a supervised
manner. Clustering and training are performed alternately
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until the model converges. Although these two-phase un-
supervised Re-ID methods have achieved impressive accu-
racy, they still suffer from camera variation, which causes
inconsistency in the feature space. The inconsistent fea-
ture space across cameras leads to unreliable pseudo labels
which further mislead the model to learn a worse feature
embedding space. This error amplification will severely re-
duce the performance of unsupervised Re-ID.

Due to the inconsistent feature space caused by camera
variation, the feature distributions under different cameras
have a large discrepancy, as shown in Fig. 1(a). This makes
unsupervised person Re-ID over all the cameras a diffi-
cult task. In contrast, within a specific camera, it becomes
a much easier task, because it is free from camera varia-
tion. To this end, we split the person Re-ID task into sev-
eral camera-specific sub-tasks and then align them across
cameras, called the split-and-alignment strategy. In this
way, cross-camera alignment is the key issue. We observe
that the similarity between the samples and the clusters
across different cameras is less reliable than that within
the same camera, mainly because of camera variation, as
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Figure 1 lllustration of camera variations in person Re-ID. (a) shows
the t-SNE visualization [5] of feature distribution from Market-1501.
The feature distributions under different cameras, indicated by
different colors, have a large discrepancy. (b) shows the intra-camera
and cross-camera similarities, where samples and clusters from the
same and different cameras, respectively. Due to the inconsistent
feature space, intra-camera similarity is more reliable than
Cross-camera one

illustrated in Fig. 1(b). Based on this observation, we in-
troduce self-distillation to transfer the “dark knowledge”
[6] of the intra-camera similarity distribution to the cross-
camera distribution to align the feature spaces across cam-
eras.

In this paper, a cross-camera self-distillation(CCSD)
framework is proposed to alleviate the effect of camera
variation by performing splitting and alignment in the
clustering and training phases, respectively. In the clus-
tering phase, we design a camera-aware cluster refine-
ment mechanism to obtain reliable camera-aware clus-
ters. Specifically, we first obtain global clusters by camera-
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agnostic clustering [7] and then split them into multiple
camera-aware clusters. Note that camera-aware clusters
are expected to be accurate enough to reduce the damage
from noise pseudo labels. Therefore, we evaluate the com-
pactness of the camera-aware clusters and split the loose
ones. We can obtain the refined camera-aware clusters and
reserve the association across cameras at the same time in
this way. In the training phase, we propose a CCSD module
to align the features from different cameras. We first build
a memory bank for each camera, which is initialized by
the centers of the refined clusters. Then, the intra-camera
or cross-camera similarities can be calculated between the
sample and the clusters from the same or different cam-
eras. Since the intra-camera similarity is more reliable than
the cross-camera similarity, we propagate the knowledge
from the former to the latter. Owing to the generalization
and ensemble abilities of self-distillation, our method is
able to learn a more consistent feature space across cam-
eras. We conduct extensive experiments on three public
datasets, and those experimental results show that the pro-
posed approach performs favorably against the state-of-
the-art unsupervised person Re-ID approaches.

The main contributions of this work can be summarized

as follows:

1) We propose a cross-camera self-distillation
framework, termed as CCSD, for unsupervised
person re-identification. With a split-and-alignment
strategy, our method can effectively alleviate the
effect of camera variation.

2) We propose applying a self-distillation method to
align the feature space among different cameras. By
transferring the knowledge of similarity distribution
from intra-camera to cross-camera, our method
learns a more consistent feature space.

3) We conduct extensive experiments and component
studies to demonstrate the superiority of the
proposed method for unsupervised person Re-ID.

2 Related work

2.1 Unsupervised person re-identification

Unsupervised Re-ID methods can be grouped into purely
unsupervised or unsupervised domain adaptation (UDA)
based categories according to whether external labeled
datasets are used or not. Our work belongs to the purely
unsupervised category without using any labeled data.

In purely unsupervised Re-ID methods, Fan et al. [8]
attempted to use clustering methods. Song et al. [2] set
up the base framework for clustering-based unsupervised
person Re-ID. It proposed a novel self-training scheme to
iteratively make guesses for unlabeled target data based on
an encoder and train the encoder based on the guessed la-
bels. More importantly, the way they generated pseudo la-
bels that combined the k-reciprocal Jaccard distance [9]
and DBSCAN had been adopted by many later works. Fu
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et al. [10] built multiple clusters from different views to
train the encoder. Ge et al. [3] proposed a novel self-paced
contrastive learning framework with hybrid memory to
make full use of all valuable information. Dai etal. [11] pre-
sented cluster contrast which stored feature vectors and
computes contrast loss at the cluster level. Although these
methods have achieved impressive accuracy, they still suf-
fer from camera variation.

In recent years, some approaches have been proposed
to address the problem of camera variation. Wu et al. [12]
pointed out that the inconsistent pairwise similarity dis-
tributions degraded the matching performance. Xuan &
Zhang [13] and Yang et al. [14] had similar statements.
However, they adopt various specific schemes to solve this
problem. In particular, Wu et al. [12] designed a camera-
aware similarity consistency loss from the feature distri-
bution level; Xuan & Zhang [13] proposed a novel intra-
inter camera similarity for pseudo-label generation from
the metric level; Yang et al. [14] introduced meta-learning
to make the model more generalized to feature distortion
caused by camera variation from the optimization level.
In our work, we try to eliminate the inconsistency across
cameras in a self-distillation manner.

2.2 Self-distillation method

Self-distillation methods have attracted much attention
in recent years by transferring knowledge during a single
network. Hinton et al. [6] proposed the concept of “dark
knowledge” which could be transferred from teacher mod-
els to student models to improve the performance of the
students. In self-distillation, the teacher models and stu-
dent models use the same model. Zhang et al. [15] pro-
posed a new framework to distill knowledge from the
deeper sections of the network into its shallow sections.
Yun et al. [16] applied class-wise self-knowledge distil-
lation to match the output distributions of the training
model between intra-class samples and augmented sam-
ples within the same source with the same model. Ge et al.
[17] presented batch knowledge ensembling to produce re-
fined soft targets for anchor images by propagating and en-
sembling the knowledge of the other samples in the same
mini-batch. In this work, different from the existing self-
distillation, we take account of the camera views of each
class (i.e., identity in Re-ID). We are the first to employ self-
distillation to address the camera variation issue in person
Re-ID to the best of our knowledge.

3 Methods

Given a Re-ID dataset D = {(x;, ¢;)}, where x; is the ith sam-
plein D and ¢; is the camera index of x;. Our objective is to
train a Re-ID model f embedding images into feature space
where images of the same identification can be matched.
Our CCSD framework is based on traditional two-phase
unsupervised person Re-ID methods. As Fig. 2 shows, in
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the clustering phase, a camera-aware cluster refinement
mechanism is designed to generate refined clusters; in the
training phase, we train a better intra-camera similarity
distribution and align the similarity distribution from the
intra-camera to cross-camera distribution.

3.1 Camera-aware cluster refinement mechanism

In this section, we first introduce our camera-aware cluster
refinement mechanism which refines camera-aware clus-
ters for computing the accurate similarity distribution. It
contains four steps as demonstrated in Fig. 2.

Global clustering 'We first employ the camera-agnostic
clustering method named DBSCAN [7] on the whole
dataset F = {f(x;)|x; € D}, where f(x;) denotes the feature
of x; extracted by f. All noise samples discovered by the
clustering algorithm are discarded and the reserved sam-
ples form a new dataset D’ = {(x;,y;,¢)|y; € {1,2,...,N,}},
where y; is the global pseudo label of x; and N, is the num-
ber of global clusters.

Split by cameras  Although clustering samples within the
same camera such as in Ref. [13] could avoid camera vari-
ation and generate compact clusters within one camera, it
will lose the cross-camera association, which is indispens-
able in the cross-camera self-distillation module. Hence,
we simply split the global clusters according to cameras
after global clustering. A global cluster {(x;,y;,¢;) € D'|y; =
m} denoted as C,, can be split into a set of camera-aware
clusters {C; |s € S,,,}, where S, is the set of the cameras
in C,,. We use both the camera index s and global pseudo
label m to distinguish different camera-aware clusters.

Compute compactness Naturally, there are still a few
imperfect camera-aware clusters, which are distorted by
noisy samples. The main reason is that the global clus-
ters are produced by the clustering method with hyper-
parameters adapted to discover the cross-camera associa-
tion on the whole dataset. The compactness of the camera-
aware clusters C;, in camera s can be evaluated by mSil(C;,)
which is the average value of Silhouette score [18], which
measures how well a sample belongs to its own cluster.
Note that we only use the sample within the same camera
in the calculation of the Silhouette scores. This means that
mSil(C;,) only indicates the compactness of C;, in camera
s rather than in the whole dataset.

Split by compactness 1f mSil(C;)) is less than a default
threshold X, we employ the hierarchical clustering method
on C;, and split it into two refined camera-aware clus-
ters C3," and C,”. For convenience, we label the sample
x; € C8,' with camera-aware pseudo labels denoted as ¥; €
{1,2,...,N;} in camera s, where Nj is the number of refined
camera-aware clusters in camera s. K, denotes a cluster
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Figure 2 Overview of our CCSD framewaork. In the clustering phase, we first adopt camera-agnostic clustering to generate global clusters and split
them into camera-aware clusters by camera views and compactness successively. In the training phase, a memory bank is built for each camera to
calculate intra-camera and cross-camera similarities. We train the model to learn a reliable intra-camera similarity distribution by L¢e and distill the
knowledge of similarity distribution from intra-camera to cross-camera by Liq

with camera-aware pseudo labels # in camera s. Note that
the former global pseudo labels of K, are still reserved to
indicate the cross-camera relations.

3.2 Cross-camera self-distillation module
With the help of the camera-aware cluster refinement
mechanism, we compute the intra-similarity or cross-
similarity distributions by the similarity between the sam-
ples and refined camera-aware clusters from the same or
different cameras.

Specifically, we construct a memory bank M?* in camera
s. The memory bank is initialized by

sa_ L
M) = K > f@), (1)

S
xE)CI.

where M°*[j] denotes the jth entry of M?* storing the clus-
ter center of K. K} is a refined camera-aware cluster with
camera-aware pseudo labels j in camera s.

The similarity distribution of samples x in camera s is
defined as

P = ———, @

where p*(jlx) is the similarity between x and K7, 7 is a tem-
perature hyper-parameter, (-) denotes the cosine similar-
ity, and N; denotes the number of refined camera-aware
clusters. If x comes from the camera s, p*(x) denotes the
intra-camera similarity distribution of x. Otherwise, p*(x)
is the cross-camera similarity distribution of x.

To learn a more reliable intra-camera similarity distri-
bution, we shorten the distance between the samples and
their respective camera-aware clusters by a memory-based
non-parametric cross-entropy loss defined as:

Lce = —lgps(”l|x)» (3)

where x € 3. p*(n|x) denotes the similarity between x and
M?[n] which is the cluster center of ;.
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Additionally, we align the intra-camera and cross-
camera similarity distributions in a self-distillation man-
ner. Given a sample x € K§, we transfer its knowledge of
the intra-camera similarity distribution to another sample
x from the same global cluster but different cameras by
Kullback-Leibler divergence loss defined as

La=- Y. P(®)igpR. @)

je{1,2,...Ns}

In return, the intra-camera similarity distribution of x
in its own camera can be transferred to the cross-camera
similarity distribution of x.

The total loss of our method is:

Ltotal = Lce + :BLkd: (5)

where B is the hyper-parameter to balance L¢. and Lyq.

When we update the model parameters with Ly, by gra-
dient descent during back-propagation, the memory bank
M is updated by

Ml < Ml + (1 = w)f (), (6)
where x; € K, w is the updating rate of the memory banks.

4 Experiments

4.1 Datasets and evaluation metrics

We evaluate our methods on two common person Re-ID
benchmarks, i.e., Market1501 [19] and MSMT17 [20].

Market1501 consists of 12,936 images of 751 identities
for training and 19,732 images of 750 identities for testing.
All images of Market1501 are captured from 6 cameras.

MSMT17 is the largest and most challenging dataset
which contains 4101 identities and 126,441 bounding
boxes, captured by 12 outdoor cameras, 3 indoor cameras,
and during 12 time slots.

In the training phase, we only use images and camera la-
bels without any annotation information about identity. In
testing, performance is evaluated by cumulative matching
characteristics (CMC) Rankl, Rank5, Rank10 accuracies
and mean average precision (mAP).

4.2 Implementation details

Clustering settings To generate global pseudo labels, we
first use the metric method named k-reciprocal Jaccard
distance to calculate the distance matrix on the whole
dataset, and k is set to 30. In the clustering approach DB-
SCAN [7], we set the distance threshold to 0.4 and the
minimum number of neighbors in a core point to 4. In
the camera-aware cluster refinement approach, we set the
threshold of splitting by compactness A = mean(mSil) —
0.5std(mSil), where mean(-) denotes the function to take
the mean and std(-) denotes the function to calculate the
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standard deviation. Therefore, the threshold is adjusted
adaptively according to the statistics of the current clus-
ters. The hyper parameter 8 in Equ. (5) is experimentally
set to 0.8.

General training settings We employ ResNet50 as our
backbone of the encoder with the parameters pre-trained
on ImageNet. All sub-module layers after layer-4 are re-
placed with a series of global average pooling (GAP), batch
normalization layer and L2-normalization layer, which will
produce 2048-dimensional features. We use an Adam op-
timizer with a weight decay of 5 x 10™* to train our Re-ID
model. The learning rate is set as 3.5 x 10~* at the begin-
ning and is reduced to 1/10 of its previous value every 20
epochs for a total of 60 epochs. The updating rate u of the
memory banks is set to 0.1. In the training phase, we sam-
ple 256 images of 16 global pseudo labels (16 instances for
each label). Specially, we sample the instances from at least
2 cameras if it is possible.

Data augmentation All images are uniformly resized to
256 x 128. Following Ref. [11], we adopt random horizon
flipping, random padding with 10 pixels, random crop-
ping, and random erasing for each image for data augmen-
tation.

4.3 Comparison with state-of-the-art methods

The existing state-of-the-art unsupervised Re-ID methods
can also be categorized into purely unsupervised and un-
supervised domain adaptation (UDA) methods. The for-
mer trains a Re-ID model without any annotations, while
the latter transfers the knowledge on a labeled source
dataset to an unlabeled target dataset. For a fair compari-
son, we group them into unsupervised domain adaptation
and fully unsupervised in Table 1. In addition, we also eval-
uate our method on the supervised Re-ID task.

Comparison with UDA methods We first compare our
method with state-of-the-art UDA methods including
AD-Cluster [21], DG-Net++ [22], SpCL [3], GLT [23], and
UMDA [24]. They utilize extra labeled data to boost the
performance and usually have better performance than
purely unsupervised methods. As Table 1 demonstrates,
our method exceeds all the UDA methods, which even uti-
lize extra labeled data.

Comparison with purely unsupervised methods We enu-
merate the performances of eight most recent purely un-
supervised methods including HCT [25], SpCL [3], DSCE
[14], RLCC [26], IICS [13], CAP [4], ICE [27], CCL [11],
ISE [28], PPLR [29] for comparison. As Table 1 indicates,
our method outperforms all of them by a great amount
which proves the superiority of our method. Specifically,
the mAP of our method surpasses ISE by 0.7% on Mar-
ket1501 and PPLR by 0.2% on MSMT17. This demon-
strates the effectiveness of our method.
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Table 1 Comparison with state-of-the-art methods. w\GT denotes performing the unsupervised Re-ID methods with true labels. The

best results are marked in bold

Method References Market1501 MSMT17

mAP Rank1 Rank5 Rank10 mAP Rank1 Rank5 Rank10
Unsupervised domain adaptation
AD-Cluster [21] CVPR20 68.3 86.7 944 96.5 - - - -
DG-Net++ [22] ECCV20 63.8 789 87.8 904 221 488 60.9 65.9
SpCL [3] NeurlPS20 76.7 90.3 96.2 97.7 26.5 53.1 65.8 70.5
GLT [23] CVPR21 795 922 96.5 978 27.7 59.5 70.1 74.2
UMDA [24] CVPR21 815 929 976 984 349 64.7 76.2 80.2
Fully unsupervised
HCT [25] CVPR20 56.4 80.0 916 95.2 - - - -
SpCL 3] NeurlPS20 726 87.7 95.2 96.9 - - - -
DSCE [14] CVPR21 538 738 84.2 - 155 352 483 -
RLCC [26] CVPR21 77.7 90.8 96.3 97.5 279 56.5 684 73.1
IICS [13] CVPR21 729 89.5 95.2 97.0 269 56.4 68.8 734
CAP [4] AAAI21 79.2 914 96.3 97.7 36.9 674 78.0 814
ICE [27] ICCV21 823 938 976 984 389 70.2 80.5 844
CCL[11] Arxiv21 82.1 923 96.7 979 276 56.0 66.8 715
ISE [28] CVPR22 84.7 94.0 97.8 98.8 350 64.7 755 794
PPLR [29] CVPR22 844 94.3 97.8 98.6 42.2 73.3 83.5 86.5
CCSD Ours 85.4 939 98.0 98.7 424 733 82.8 85.8
Supervised
CAP (W\GT) AAAI21 85.1 933 97.5 984 537 77.1 874 90.8
ICE (W\GT) ICCV21 86.6 95.1 983 989 504 764 86.6 90.0
CCSD (WAGT) Ours 87.1 94.9 98.2 99.0 533 78.1 884 914

Table 2 Generalization of CCSD with other modules on
Market1501. IBN denotes that the backbone applies
IBN-ResNet50. GeM represents the GeM pooling layer

Methods Market1501

mAP Rank1 Rank5 Rank10
ResNet-50 854 939 98.0 98.7
ResNet-50+GeM 85.0 94.0 97.3 98.5
IBN-ResNet-50+GeM 86.2 94.2 98.0 98.9

Comparison with supervised methods Most purely un-
supervised methods can be converted to fully supervised
methods by directly training the Re-ID model with ground
truth labels rather than clustering-based pseudo labels.
Compared to other purely unsupervised methods, e.g. ICE
and CAP, our method maintains competitiveness and a
dominant position under the supervised setting.

Generalization of CCSD with other modules To evaluate
the generalization of our method, we also test our method
with other common modules, i.e., instance-batch normal-
ization (IBN) and generalized mean pooling (GeM). As vi-
sualized in Table 2, the performance of our model is fur-
ther improved with an IBN-ResNet50 backbone network
and GeM pooling layer, which shows the good generaliza-

tion ability of our method.

4.4 Ablation study

In this section, we study the components of CCSD to val-
idate their effectiveness, i.e., split by camera (SCam), split
by compactness (SCom) and cross-camera self-distillation
mechanism (Liq). The baseline of our method is set to an
ordinary clustering-based method with a memory-based
non-parametric softmax loss, that is, our method with-
out SCam, SCom and Lyq. The comparison results are re-
ported in Table 3, and some visualization results are dis-
played in Fig. 3. We analyze them in detail as follows.

Evaluation of SCam  We evaluate the SCam by adding it
to baseline, denoted as CCSD_1 in Table 3. We can see that
CCSD_1 without cross-camera alignment performs much
worse than the baseline. The reason is that, without con-
sidering the cross-camera constraint, the model has dif-
ficulty in matching the images across cameras. In Fig. 3,
we can also observe that the samples of CCSD_1 with the
same ID are more dispersive than those of the baseline.
This means cross-camera alignment is necessary for our
method.

The effectiveness of Lyg We add Liq to CCSD_1, termed
CCSD_2, to verify the effectiveness of the cross-camera
self-distillation mechanism. The performance will sharply
rebound and surpass the baseline, as presented in Table 3.
It demonstrates that the cross-camera self-distillation can
distill the dark knowledge within one camera to each other
adequately. From Fig. 3, we can observe that the samples of
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Table 3 Evaluation of the components of CCSD. SCam and SCom denote the procedures of splitting by cameras and splitting by
compactness in the camera-aware cluster refinement mechanism, respectively. [1q denotes the cross-camera self-distillation module

Methods Components Market1501 MSMT17
SCam SCom Lid mAP Rank1 Ranks Rank10 mAP Rank1 Ranks Rank10
Baseline 80.6 913 9.4 976 199 433 533 585
CCSD_1 v 54.1 74.0 873 913 208 453 579 634
CCSD_2 v v 833 92.8 97.1 983 40.6 722 82.1 853
Ccsb_3 v v v 854 939 98.0 98.7 424 733 828 85.8
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the same person in different cameras become more com-
pact. We believe the reason is that the interaction between
L. and Ly offers a better direction for optimization than
the baseline in the training progress. Figure 4(b) demon-
strates that the model converges faster and better under
supervision by Li4 and L. than baseline.

The effectiveness of SCom We evaluate the SCom by
adding it to CCSD_2, termed CCSD_3. Table 3 shows that
SCom can further improve the performance. This means
that refining camera-aware clusters by compactness can
reduce the damage from noise labels. In Fig. 4(a), we can
see that the number of global clusters increases in the
training phase after splitting by compactness. This shows

that split by compactness is complementary to camera-
aware methods.

Influence of B B is the import hyper-parameter that de-
termines the balance between L. and Lyq. As Fig. 4(c)
shows, the performance improves as the importance of Liq
increases, but it will decline slightly at last. this is because
Lyq offers cross-camera knowledge to the model by align-
ing the intra-camera similarity across cameras. Howerver,
there is still discrepancy in different cameras, which harms
the performance if it forces them to be overly consistent.
A suitable B-value can yield the optimum result.

Analysis of the time-consuming of each stage in clustering
By counting the average of the time-consuming of each
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Table 4 Time-consuming of each stage in clustering

Stage Time/s

Distance calculation 2842028
Global clustering 1.714848
Cluster refinement 2022478

clustering stage in all training epochs, we can see that time
is mainly consumed in the distance calculation. As Table 4
presents, cluster refinement is slightly less than global clus-
tering but much less than distance calculation. Hence, the
computational burden imposed by cluster refinement is
slight.

5 Conclusion

In this paper, we propose a new approach to solve the
purely unsupervised Re-ID problem. It is impressive that
the main obstacle in unsupervised Re-ID is the incon-
sistent feature space and unreliable pseudo labels caused
by camera variation. To eliminate the discrepancy in fea-
ture space across cameras, we creatively propose a cross-
camera self-distillation framework, which employs knowl-
edge distillation to align the similarity distribution from
intra-camera to cross-camera. The experimental results
on benchmarks testify the effectiveness of our method.
There is still some room for improvement in our method.
The hyper-parameter 8 needs to be manually adjusted to
maximize the performance of the model, because CCSD
can only align the the feature distributions under different
cameras in a global way. We will continue to investigate
how to more adaptively and accurately align the distribu-
tions of different cameras.
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