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Abstract
Unsupervised person re-identification (Re-ID) has better scalability and usability in real-world deployments due to the lack
of annotations, which is more challenging than supervised methods. State-of-the-art approaches mainly employ clustering
algorithms to generate pseudo-labels for transferring the process into a supervised operation.However, the clustering algorithm
depends on discriminative pedestrian features. Only using the clustering algorithm produces low-quality labels and hinders
the performance of the Re-ID model. In the paper, we propose the hybrid feature constraint network (HFCN) to adequately
restrict the pedestrian feature distribution for unsupervised person Re-ID. Specifically, we first define a feature constraint
loss to restrict the feature distribution so that different pedestrians can be clearly distinguished at the first step. And then, we
design amulti-task operation with the iterative update for clustering algorithm to further implement the feature constraint. This
can adequately utilize predicted label information and identify complex samples. Finally, we integrate the feature constraint
loss and multi-task operation to optimize the Re-ID model, which could promote the clustering to generate high-quality
labels and learn valuable information. Extensive experiments prove that the proposed HFCN is effective and outperforms the
state-of-the-art.
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1 Introduction

Person re-identification (Re-ID) is to search for target
pedestrians according to given query images across non-
overlapping cameras. It has attracted widespread attention
due to its wide applications in cross-camera tracking, video
surveillance, etc [1–3]. Encouraged by deep learning, super-
visedRe-IDhas obtained great success [4–7].However, these
methods will have a significant drop when they face a new
database. In addition, supervised Re-ID requires abundant
labeled pedestrian data, and its cost is expensive. Hence,
supervised Re-ID is difficult to satisfy the requirement of
real-world scenarios.

To alleviate the scalability challenge, researchers attempt
to study unsupervised methods. Most of them utilize the
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labeled source domain and unlabeled target domain to
optimize deep models, treated as unsupervised domain
adaptation (UDA) methods. Some works leverage GAN to
transform the style from the source domain to the target
domain for bridging the domain gap [8,9]. Some other meth-
ods treat each image as an individual identity and learn the
pedestrian invariance [10,11]. In addition, several state-of-
the-art methods employ clustering algorithms to generate
pseudo-labels and translate them into a supervised learn-
ing problem [12,13]. But, UDA requires leveraging the prior
knowledge to optimize Re-ID models and lacks flexibility.
It is closely related to the domain gap and needs to select a
suitable source domain.

Fully unsupervised person Re-ID aims to mine robust fea-
tures by no labeled image data. A few existing methods learn
the softened label distributionor design themulti-label classi-
fication loss to optimize deep models [14,15], which obtains
the significant improvement. But, these methods are diffi-
cult to identify pedestrians with significant variation due to
lack of effective supervision information. Inspired by UDA,
some approaches employ clustering algorithms to produce
pseudo-labels. However, the clustering algorithm depends on
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Fig. 1 a Original feature distribution is represented as different cir-
cles. b The optimization method for example A is presented. The
near-neighbor similar features are obtained inside circle C1, and the
top-n dissimilar features are extracted outside circle C2. The similarity
of these near-neighbor features is further enhanced, and the similarity
of the top-n features is further reduced. c The optimization result is
visualized by our optimization strategy

discriminative pedestrian features. As shown in Fig. 1a, the
initial feature distribution has poor pedestrian information.
Simply utilizing the clustering generates low-quality labels
and cannot learn effective features. They still have a sig-
nificant performance gap with supervised learning or UDA
methods.

In the paper, we propose a novel Hybrid Feature Con-
straint Network (HFCN) to adequately implement the feature
constraint and provide meaningful supervision information
without any labeled identities for the Re-ID model. To this
end, we define the feature constraint loss to force near-
neighbor features to have high similarity and decrease the
similarity among different pedestrian features as shown in
Fig. 1b. As a result, pedestrian features with the same identity
have the similar feature distribution and different pedes-
trians possess large distribution gaps as shown in Fig. 1c.
Afterward, we design the multi-task operation with the iter-
ative update for clustering algorithm to adequately employ
predicted labels and identify complex samples. Finally, we
integrate the feature constraint loss and multi-task operation
to jointly optimize the Re-ID model. This could stimulate
the clustering algorithm to produce high-quality labels, and
in turn, effective labels provide effective supervision signals
for the deep model. The paper has the following contribu-
tions:

(1) We define the feature constraint loss to restrict the
feature distribution so that pedestrian features with the same
identity have the similar distribution anddifferent pedestrians
possess large distribution gaps.

(2) The proposed HFCN successfully integrates the fea-
ture constraint loss and multi-task operation process. This
facilitates the clustering algorithm to generate high-quality
labels and provides effective supervision information for the
Re-ID model.

(3) Extensive experiments prove that our method is
valuable for fully unsupervised Re-ID and exceeds the state-
of-the-art methods on mainstream Re-ID databases.

2 Related work

2.1 Supervised person Re-ID

With the renaissance of neural networks [16–21], deep learn-
ing has become the mainstream technology and dominated
the Re-ID community to optimize objective features [22,23].
Most Re-IDmethods mainly focus on supervised learning by
obtaining abundant annotated data [24–29]. For extracting
discriminative features, some methods explore the similar-
ity relationship among pedestrian images and constrain the
spatial distribution of features. For example, Chen et al. [30]
take into account the local similarity and dependencies of
global features to optimize the deep model. Luo et al. [25]
construct sample pairs according to pedestrian identities and
employ the triplet loss and center loss to constrain feature
distributions.

The above methods suffer significant performance degra-
dation while applied to a new domain. In our paper, we
abandon annotated pedestrian labels to focus on unsuper-
vised person Re-ID. We explore the feature distribution
among different pedestrians to mine meaningful pedestrian
information.

2.2 Unsupervised domain adaptation

Unsupervised domain adaptation (UDA) methods leverage
the labeled source domain data and unlabeled target domain
data to optimize deep models [31–33]. Some works imple-
ment the style transformation operation from one scenario to
the other for aligning the feature distribution. Wei et al. [8]
design an adversarial network to transfer the pedestrian style
from one database to the other database so as to decrease the
domain gap. Liu et al. [31] propose the Adaptive Transfer
Network (ATNet) to learn three critical styles (illumination,
resolution, and camera) for addressing the domain discrep-
ancy. Some approaches study the intra-domain invariance to
mine robust features. For example, Zhong et al. [10] con-
sider each image as a class and require the nearest neighbor
of each image to have the same label by assigning weights.
In [34], GAN is utilized to generate positive training pairs
by image-image translation and then employ the triplet loss
to constrain the intra-domain variation. In addition, several
clustering-based methods assign pseudo-labels to pedestrian
images and achieve impressive performance. For instance,
Ge et al. [35] mitigate the effect of predicted false labels
by designing the mutual mean-teaching framework. Zhai et
al. [12] pre-trains several different networks based on clus-
tering algorithms and integrate these models to implement a
mutual learning process.

In addition, Ge et al. [36] propose a self-paced con-
trastive learning strategy by designing a hybrid memory
to encode available information from both source and tar-
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get domains. Differently, the hybrid memory method solves
the inconsistency problem between the source and target
domains and effectively utilizes outliers in the clustering
process. To this end, they design a hybrid memory to encode
available information from training samples for feature learn-
ing. Our method resolves the feature distribution problem,
which stimulates the clustering algorithm to generate effec-
tive labels.We define the feature constraint loss to restrict the
feature distribution and then integrate the multi-task opera-
tion with clustering to jointly optimize the Re-ID model.

In the optimization process, the hybrid memory method
builds the memory to store clustering features and employs
the contrastive loss to learn the identity information, while
our method directly employs the classifier to identify cluste-
ring-based labels and perform the multi-task operation to
mine pedestrian features. In addition, they design a self-
paced contrastive learning strategy to prevent training error
amplification,while ourmethod defines the feature constraint
loss to constrain the feature distribution for promoting the
clustering algorithm. Furthermore, as for all instance fea-
tures, the hybrid memory method minimizes the negative
log-likelihood over feature similarities, while we utilize the
specificity of cosine similarity to maximize the feature simi-
larity. In conclusion, ourmethod is completely different from
the existing hybridmemory [36].Ourmethod and the existing
hybrid memory possess different motivations and implemen-
tation processes.

These methods mentioned above obtain impressive per-
formance in the UDA field. However, they require sufficient
labeled source domain data. Otherwise, these methods will
have significant performance degradation. In contrast, we
explore the fully unsupervised Re-ID method by effectively
constraining the feature distribution, which achieves superior
performance and exceeds many UDA methods.

2.3 Unsupervised person Re-ID

The conventional hand-craft features do not employ any
external information [37–39]. But, they are difficult to extract
robust features, and their performance suffers a significant
degradation when dealing with large databases. Recently,
several deeply learned approaches have been proposed to
stimulate the performance of unsupervised personRe-ID.Lin
et al. [40] utilize a clustering algorithm to predict pedestrian
labels and iteratively train the Re-ID model. Nevertheless,
the clusteringmay generate manywrong labels and affect the
model’s generalization capability. On the other hand, since
the camera-ID can be directly employed, some works utilize
camera-ID to finish unsupervised Re-ID tasks and achieve
impressive performance. For example, Lin et al. [15] propose
the cross-camera encouragement to learn the potential fea-
ture similarity, which has a significant improvement. Wang
et al. [14] apply GAN to generate pedestrian images with

different styles and design multiple labels for each image.
However, the two methods easily cause performance degra-
dation when pedestrian images have large variations due to
lack of effective supervision signals.

In the paper, we define the feature constraint loss to restrict
the feature distribution and then integrate the multi-task
operation with clustering to adequately employ generated
pseudo-labels. The strategy could promote the clustering
algorithm to generate high-quality labels, which provides
effective supervision information for the Re-ID model.

3 Proposedmethod

The study aims to restrict the feature distribution of differ-
ent pedestrians for solving the unsupervised person Re-ID
challenge. Given an unlabeled pedestrian database X = {x1,
x2, x3, . . ., xN}, where N is the total number of samples,
our method could extract robust features to match the same
pedestrian. We first introduce the whole structure in Sect. 3.1
and then explain the feature constraint loss in Sect. 3.2.
Afterward, we illustrate the multi-task operation process in
Sect. 3.3. Finally, we present the final optimization objective
in Sect. 3.4.

3.1 The framework of HFCN

In the paper, we employ the ResNet-50 [41] as the back-
bone to extract image features, and the whole framework is
shown in Fig. 2. After the final pooling operation, we remove
the original fully connected layer and extract correspond-
ing pedestrian features. Afterward, we add two branches to
optimize the deep model. Specifically, we define the fea-
ture constraint loss to restrict the feature distribution for
distinguishing different pedestrians in the first stage in the
upper branch. After m epochs, the multi-task operation is
implemented to further optimize pedestrian features with
clustering algorithm for identifying complex samples in the
below branch. We integrate the two branches to jointly train
the Re-ID model and update pedestrian labels at each epoch.

For producing pedestrian labels, the density-based
DBSCAN [42,43] is utilized to assign pseudo-labels for all
samples. According to predicted labels, we randomly select
P identities, and each identity has K pedestrian images as
the input. So, each batch contains PK pedestrian images. As
for the input, we implement the random horizontal flipping,
random cropping, and random erasing [44] data enhance-
ment methods. Since the camera-ID can be utilized directly,
Camstyle [45] is leveraged to increase the variety of camera
styles.

In the test stage, we employ the trained Re-ID model to
process pedestrian images and obtain corresponding features
behind the pooling layer.We compute the Euclidean distance
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Fig. 2 The whole framework of the proposed HFCN.We extract image
features and calculate the similarity between them. The feature con-
straint loss is defined to restrict the feature distribution. Meanwhile, we
design the multi-task operation with the iterative update for the cluster-
ing algorithm to learn robust features.We integrate the feature constraint

loss and the multi-task operation to jointly optimize the Re-ID model
and update pedestrian labels. The solid line represents the operation
in each iteration, and the dotted line denotes the process on the entire
database

to match the same pedestrian, which obtains a remarkable
improvement.

3.2 Feature constraint loss

Fully unsupervised personRe-ID is a challenging technology
because there are no annotated identities. Several state-
of-the-art methods apply clustering algorithms to produce
pseudo-labels and obtain impressive performance [35,46].
Due to large variances in cameras, poses, backgrounds, etc.,
pedestrian images have a large distribution discrepancy as
shown in Fig. 1a. Since effective clustering depends on dis-
criminative pedestrian features, these existing methods are
easy to produce low-quality labels by directly employing
clustering algorithms and affect the performance of person
Re-ID.

Pedestrian images in the personRe-IDfield generally have
large background changes and relatively small foreground
variations. It means that the foreground region contains the
identifiable semantic feature and the foreground feature has
a strong correlation, which is an essential factor for solving
unsupervised Re-ID. In order to explore the potential correla-
tion, we define the effective feature constraint loss to restrict
the feature distribution without any external information.
The strategy forces image features with the same identity
to possess the similar distribution and different pedestri-
ans to have large distribution gaps. More importantly, the
strategy could stimulate clustering algorithms to generate
high-quality labels by distinguishing various pedestrians and
extract valuable information for unsupervised person Re-ID.

Specifically, we compute the feature similarity and sort
these similarity scores for each pedestrian image. We set
the threshold v to filter high similarity features, treated as
near-neighbor features. To this end, we construct an exem-
plar memory M to store pedestrian features, where M[i]
represents the feature of the i-th pedestrian image. In the
initialization, we assign all values to be 0 in M . During
the iteration, we forward each batch through the Re-ID
model and extract the L2-normalized feature. In the back-
propagation stage, M is updated:

M[i] ← θ fi + (1 − θ) · M[i], (1)

where θε [0, 1] is the updating rate, fi denotes the cur-
rent normalized feature, and M[i] is then L2-normalized via
M[i] ← ||M[i]||2. So, the similarity between fi and M[ j]
is defined as:

si j = f [i] × M[ j]T , (2)

We compute the similarity between the feature fi and all
other features. Afterward, we rank the similarity to get the
corresponding sort score:

Si = arg sort
j

(si j ), jε[1, N ], (3)

where N denotes the total number of pedestrian images.
In the beginning, the initial model has poor identification

capability, and initial features stored inM have poor discrim-
inability. These features have a large distribution gap, so it
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is difficult to search for the same pedestrian properly. Never-
theless, it is easy to search for different pedestrians because
there are many negative samples in M . Therefore, we first
treat each image as an individual identity by constraining the
feature similarity between fi and M[i]. Simultaneously, we
force dissimilar features to have low similarity.As for dissim-
ilar samples, pedestrian features with high similarity scores
are considered hard negative sample features, while pedes-
trian features with low similarity scores are treated as easy
negative sample features. Obviously, when hard negative
sample pairs possess large distribution gaps, easy negative
sample pairs naturally produce a larger difference. Thus, we
select n difficult scores Si for the feature fi and obtain the
similarity score set, i.e., V n

i . As for any two features, their
cosine similarity is the matrix inner product of two features
after L2 normalization. Since pedestrian features stored in
M are L2 normalized, the feature similarity si j is restricted
between [−1, 1]. Therefore, the same pedestrian features
should have high similarity with the highest similarity close
to 1, while different pedestrian features have low similar-
ity with the lowest similarity reaching −1. So, the feature
constraint loss is defined as:

Li
sc = η(1 − sii )

2 + 1

n

∑

sivεV n
i

(1 + siv)
2, (4)

where η controls the importance of reliable features, sii indi-
cates the similarity of current epoch feature and last updated
feature M[i], and siv denotes the similarity score between
the feature fi and fv in V n

i .
After m epochs, pedestrian features achieve a certain dis-

criminant ability. We search for reliable samples and force
them to have the similar feature distribution. Intuitively,
reliable samples have high similarities. Hence, we set the
threshold v to filter low similarity score in Si , and then obtain
a reliable score set U v

i . Hence, the feature constraint loss is
escalated to:

Li
sc = η

T

∑

siuεUv
i

(1 − siu)
2 + 1

n

∑

sivεV n
i

(1 + siv)
2, (5)

where T is the total number of selected reliable samples and
siu denotes the similarity score between the feature fi and fu
in U v

i . So, the loss value within one batch could be written
as:

Lsc = 1

PK

PK∑

i=1

Li
sc. (6)

By implementing the feature constraint, near-neighbor
features generate high similarity; otherwise, they have a low
similarity. Approximatively, image features with the same

identity are forced to have the similar feature distribution, and
different pedestrians possess larger distribution gaps. This
promotes the Re-ID model to distinguish different pedestri-
answithout any external labels and learnmeaningful features.
Furthermore, the strategy could effectively facilitate cluster-
ing algorithms to predict pedestrian identities.

3.3 Multi-task operation

The feature constraint loss encourages pedestrian features
with the same identity to have high similarity and forces dif-
ferent pedestrians to possess low similarity. The effect could
stimulate the deep model to identify different pedestrians.
With the promotion of the feature distribution, the cluster-
ing algorithm can generate valuable label information. To
this end, we design the multi-task operation to adequately
employ generated labels for distinguishing different pedes-
trians. Specifically, the label smoothing regularization loss
is utilized to perform the classification task, while the hard
triplet loss is employed to accomplish the ranking task,which
can improve the generalization ability of the Re-ID model.

Since the number of pedestrian labels is uncertain, we
employ DBSCAN [42,43] to predict pedestrian identities.
In each epoch, the clustering algorithm generates a variable
number of labels. Thus, we create a new classifier depending
on the number of generated identities in each epoch to per-
form the classification task. We calculate the mean feature
of each cluster and implement the normalization operation
to initialize the classifier.

Similarly, we extract pedestrian features behind the pool-
ing operation and then feed them into the classifier. After-
ward, we employ the label smoothing regularization loss to
calculate the loss of feature fi :

Li
id = −(1 − ε) log(q(r | fi )) − ε

Z

Z∑

z = 1
z �= r

log(q(z | fi )),

(7)

where ε is set to 0.1 that denotes the hyperparameter,q(z | fi )
is the predicted probability that the feature fi belongs to the
z-th label, Z is the total number of predicted labels, and r is
the corresponding prediction label. So, the loss value within
one batch is formulated as:

Lid =
PK∑

i=1

Li
id . (8)

In the optimization process, hard samples are difficult to be
effectively distinguished. The hard triplet loss could decrease
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the distance among the same pedestrian features and increase
the distance among different pedestrians. It is widely used in
supervised methods to perform the similarity measurement
learning operation and obtains the stimulative effect [47–
49]. In the paper, we intuitively employ the hard triplet loss
to unsupervised person Re-ID based on generated labels to
implement the ranking task. The loss could further constrict
the feature distribution to identify hard samples and in turn,
it facilitates the clustering to produce effective labels. The
loss value within one batch is written as:

Lt =
PK∑

i=1

[ψ + Dip − Dib]+. (9)

where ψ denotes the margin, Dip represents the maximum
distance between the i-th feature and the hardest positive
sample feature within one batch, Dib is the minimum dis-
tancebetween the i-th feature and thehardest negative sample
feature within one batch, and [w]+ = max(w, 0).

In a word, the label smoothing regularization loss could
make full use of predicted label information, while the hard
triplet loss increases the inter-class variation and decreases
the intra-class variation. The two loss functions enable the
deepmodel to easily identify hard samples, which effectively
improves the performance of the Re-ID model.

3.4 Final objective

On the one hand, we define the feature constraint loss to
learn the potential feature correlation, which enforces pedes-
trian features with the same identity to have high similarity
and different pedestrians to possess low similarity. This not
only promotes the model to learn robust features but also
facilitates the clustering algorithm to generate high-quality
labels. On the other hand, we design the multi-task operation
with the iterative update to make full use of predicted labels
and distinguish hard pedestrian samples. The final objective
function is formulated as:

L = Lsc + αLid + βLt . (10)

where α and β denote the importance of the label smoothing
regularization loss and the hard triplet loss, respectively.

We integrate the feature constraint loss and multi-task
operation to optimize the Re-ID model with iteratively
updated pedestrian labels. The iterative optimization strategy
in each epoch promotes the clustering algorithm to generate
high-quality labels, and in turn, these labels stimulate the
Re-ID model to learn potential valuable information. The
proposed HFCN substantially improves the performance of
the Re-ID model and exceeds the state-of-the-art methods.

4 Experiments

4.1 Databases and implementation details

Our method is evaluated on three mainstream person Re-
ID databases: Market1501 [39], DukeMTMC-reID [2] and
MSMT17 [8]. Two typical assessment criteria, i.e., rank-1
and mAP, are utilized to evaluate the performance of the
algorithm.

In the paper, we employ the ResNet-50 [41] as the back-
bone due to its competitive advantages.We set P to 32 and K
to 4, resulting in 128 pedestrian images within one batch. We
crop each pedestrian image into 256×128. The total number
of epoch is 60. We set the learning rate to 0.1 and change it
to 0.01 after 40 epochs. We employ SGD to optimize the Re-
ID model. The parameter θ in Eq. 1 starts from 0 increases
linearly to 0.5. The threshold ψ in Eq. 9 is set to 0.5. Several
other important parameters are evaluated in Sect. 4.4.

4.2 Ablation study

We systematically assess the effectiveness of each compo-
nent in HFCN by performing the ablation study, and the
results are reported in Table 1.

Direct transfer denotes the deepmodel pre-trained on Ima-
geNet [66] is directly applied to the person Re-ID field. This
has a poor performance and illustrates the pre-trained model

Table 1 Ablation study on three
person Re-ID databases

Methods Market1501 DukeMTMC-reID MSMT17
Rank-1 mAP Rank-1 mAP Rank-1 mAP

Direct transfer 7.8 2.6 6.1 1.9 3.3 0.7

I nvariance 63.5 30.5 48.5 23.8 10.2 3.1

I nvariance + Lid + Lt 74.5 44.1 61.1 35.9 20.6 6.2

Triplet + Lid + Lt 83.4 61.3 72.4 53.1 50.2 18.6

Ours w/Lsc 61.0 30.8 47.9 26.5 8.2 2.0

Ours w/Lid + Lt 74.2 48.5 64.7 42.0 42.1 12.9

Ours w/Lsc + Lid + Lt 88.7 69.3 75.5 56.6 52.3 21.9

Bold values indicate the best results
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contains very little pedestrian information, which can not
provide meaningful features for the clustering algorithm.

Lsc indicates the feature constraint loss is utilized to
explore the potential pedestrian correlation. The strategy sur-
passes direct transfer by 53.2% rank-1, 28.2% mAP on Mar-
ket1501 and 41.8% rank-1, 24.6% mAP on DukeMTMC-
reID. It also surpasses direct transfer by 4.9% rank-1, 1.3%
mAP on MSMT17. This proves the feature constraint loss is
valuable for restricting the feature distribution. More impor-
tantly, themethod could promote the pedestrian features with
the same identity to have the similar distribution and different
pedestrians to possess large distribution gaps.

Lid+Lt represents that the clustering algorithm is directly
applied to predict pedestrian labels. Afterward, the classifica-
tion and ranking tasks are performed, which reveals a certain
performance. Nevertheless, the effect is not satisfying for us.
This is because that simple clustering cannot produce high-
quality label information due to lack of effective constraint,
limiting the effect of unsupervised person Re-ID.

Next, we add Lsc to Lid + Lt to validate the effect of
our final HFCN, i.e, Lsc + Lid + Lt . We can see that rank-1
and mAP are improved by 14.5% and 20.8% onMarket1501
compared with Lid + Lt . Meanwhile, the improvement on
DukeMTMC-reID is 10.8% and 14.6% on rank-1 and mAP,
respectively. The significant advantage proves that predicted
labels possess the high quality. Our feature constraint loss
could provide effective constraint to restrict the feature dis-
tribution. In addition, this also verifies we effectively fuse the
feature constraint loss and the multi-task operation to mine
robust pedestrian features.

To further analyze HFCN, we compare the invariance loss
presented in ECN [10], which is expressed as I nvariance.
ECN constructs a memory to save all pedestrian features and
assigns near-neighbor features to have the same identity. The
invariance loss exhibits a certain performance for the Re-
ID model. However, we replace our feature constraint loss
with the invariance loss to integrate the multi-task operation,
i.e., I nvariance + Lid + Lt , which reflects worse perfor-
mance than that of the proposed HFCN. Even the invariance
loss makes the performance of multi-task operation degrade,
especially in the two large-scale person Re-ID databases,
i.e., DukeMTMC-reID and MSMT17. This is because the
invariant loss sets hard labels for each pedestrian, which
is inconsistent with the multi-task operation. Our method
is superior I nvariance + Lid + Lt by 14.2% rank-1,
25.2% mAP on Market1501 and 14.4% rank-1, 20.7%
mAP on DukeMTMC-reID. In addition, HFCN surpasses
I nvariance + Lid + Lt over 31.7% rank-1, 15.7% mAP
onMSMT17. The significant advantage proves the proposed
feature constraint loss can stimulate the clustering algorithm
to generate high-quality labels. The proposed HFCN could
effectively integrate the feature constraint loss and the multi-
task operation to mine potential pedestrian features.

In addition,we also replace our feature constraint losswith
the triplet loss at the first stage to prove its effectiveness, i.e.,
Triplet + Lid + Lt . Obviously, the performance is inferior
to our final results. This is because the triplet loss mainly
employs pseudo-labels to constrain the feature space. The
feature constraint loss only utilizes the feature similarity to
constrain the feature distribution, which stimulates the clus-
tering algorithm to produce high-quality labels. The feature
constraint loss is complementary to the multi-task operation.
This further demonstrates that our feature constraint loss is
valuable for unsupervised person Re-ID.

4.3 Comparison with the state-of-the-art methods

We compare the proposed HFCN with other competitive
unsupervised person Re-ID methods on Market1501 and
DukeMTMC-reID, and the compared results are reported in
Table 2.

We divide these competing approaches into three cate-
gories. The first category employs hand-craft feature meth-
ods. The second category adopts deep learning methods
for unsupervised person Re-ID, and the third type utilizes
the labeled source domain to implement UDA tasks. From
Table 2, deep learning methods obtain higher accuracy than
the two hand-crated features. This is because neural networks
can learn discriminative features by adapting to various sit-
uations.

More importantly, our method obtains the best perfor-
mance and outperforms all other unsupervised methods by
a large margin. The proposed HFCN achieves rank-1 =
88.7%, mAP = 69.3% on Market1501. Meanwhile, it also
obtains rank-1 = 75.5% andmAP = 56.6%onDukeMTMC-
reID. The impressive performance proves that the proposed
HFCN successfully integrates the feature constraint loss
and multi-task operation, which could promote the cluster-
ing algorithm to produce high-quality labels. The method
could adequately utilize predicted labels and identify differ-
ent pedestrians. All results demonstrate that the proposed
HFCN is effective and could extract discriminative features
without any annotated labels.

BUC [40] and HCT [52] apply the clustering method to
fully unsupervised personRe-ID. FromTable 2, the proposed
HFCN outperforms them by a large margin, which proves
our method is valuable. HCT also utilizes the hard triplet
loss to optimize the Re-ID model. Our method is still supe-
rior HCT by 8.7% rank-1, 12.9% mAP on Market1501
and 5.9% rank-1, 5.9% mAP on DukeMTMC-reID. The
distinct advantage demonstrates the proposed HFCN is a
meaningful algorithm.

Furthermore, even though UDA methods leverage the
external source domain data, our method still exceeds them.
This further provesHFCN is an innovative approach for unsu-
pervised Re-ID, which could extract discriminative features
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Table 2 Comparison with other state-of-the-art methods on Market1501 and DukeMTMC-reID. In column “Setting”, “U” denotes fully unsuper-
vised methods and “UDA” indicates utilizing external labeled data

Methods Setting Market1501 DukeMTMC-reID
Rank-1 Rank-5 Rank-10 mAP Rank-1 Rank-5 Rank-10 mAP

LOMO [38] U 27.2 41.6 49.1 8.0 12.3 21.3 26.6 4.8

BOW [39] U 35.8 52.4 60.3 14.8 17.1 28.8 34.9 8.3

FedUReID [50] U 65.2 77.8 82.2 34.2 51.0 62.4 67.6 29.5

BUC [40] U 66.2 79.6 84.5 38.3 47.4 62.6 68.4 27.5

JVTC+ [51] U 79.5 89.2 91.9 47.5 74.6 82.9 85.3 50.7

HCT [52] U 80.0 91.6 95.2 56.4 69.6 83.4 87.4 50.7

MMCL [14] U 80.3 89.4 92.3 45.5 65.2 75.9 80.0 40.2

STAR-DAC [53] U 67.0 80.6 84.9 33.9 56.4 72.1 76.5 31.6

SCL [54] U 82.2 89.9 92.6 54.4 69.9 79.7 82.2 47.2

KNNL [55] U 82.6 91.3 94.5 54.1 68.5 79.0 82.8 45.1

MPRD [56] U 83.0 91.3 93.6 51.1 67.4 78.7 81.8 43.7

DSCE [57] U 83.9 84.2 – 53.8 73.8 84.2 – 53.8

MLC [58] U 86.7 93.5 95.6 66.2 73.6 82.3 85.5 52.3

HFCN (Ours) U 88.7 94.7 96.4 69.3 75.5 85.6 89.0 56.6

ECN [10] UDA 75.1 87.6 91.6 43.0 63.3 75.8 80.4 40.4

D-MMD [59] UDA 70.6 87.0 91.5 48.8 63.4 78.8 83.9 46.0

ADTC [60] UDA 79.3 90.8 94.1 59.7 71.9 84.1 87.5 52.5

ACT [61] UDA 80.5 – – 60.6 72.4 – – 54.5

GDS-H [62] UDA 81.1 – – 61.2 73.1 – – 55.1

pMR-SADA [63] UDA 83.0 91.8 94.1 59.8 74.5 85.3 88.7 55.8

MMCL [14] UDA 84.4 92.8 95.0 60.4 72.4 82.9 85.0 51.4

AD-Cluster [46] UDA 86.7 94.4 96.5 68.3 72.6 82.5 85.5 54.1

TAL-MIRN [64] UDA 73.1 86.3 – 40.0 63.5 76.6 – 41.3

PREST [65] UDA 81.1 – – 60.5 72.7 – – 54.1

MLC [58] UDA 85.6 93.9 96.0 65.9 74.1 83.8 86.3 55.0

Bold values indicate the best results

and markedly boost the generalization ability of the Re-ID
model.

MSMT17 is the most challenging database in the person
Re-ID field. We also verify our method on MSMT17, and
the results are listed in Table 3. From the Table, the pro-
posed HFCN achieves rank-1 = 52.3% and mAP = 21.9%,
which outstands others competitive approaches. Although
UDA methods employ different external data, our method
still has a competitive advantage. This proves HFCN can
generate high-quality labels to learn discriminative features
once again.

4.4 Parameter analysis

We investigate six hyperparameters and analyze their effect
on Market1501, i.e., the weight η in Eq. 4, the candidate
number n in Eq. 5, the threshold v in Eq. 5, the parameter α,
β in Eq. 10, and m.

The weight η. Figure 3a investigates the effect of the
weight η in Eq. 4. The parameter η controls the importance

of reliable samples. We verify the parameter value from 2 to
7, and the performance is best when η is 5. When η gradually
increases, the accuracy is not significantly changed, which
means that appropriate similar feature constraints can pro-
mote the deep model to identify different pedestrians.

The candidate number n. We employ parameter n in Eq. 4
to control the candidate number of pedestrian features that are
different from feature fi . The evaluation results are shown in
Fig. 3b. We rank the feature similarity and select n similar-
ity scores after one hundred. From the figure, the proposed
HFCN achieves the best performance when n is equal to 30.
When n is too small, the feature constraint loss is difficult
to stimulate the Re-ID model to distinguish different pedes-
trians, resulting in performance degradation. So, n = 30 is
utilized in our experiments.

The threshold v. We evaluate the threshold v in Eq. 5,
and the results are listed in Fig. 3c. The parameter is uti-
lized to select reliable pedestrian features. A higher threshold
selects fewer andmore similar features, and the lower thresh-
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Table 3 Performance comparison with the state-of-the-art methods on
MSMT17. The column “Source” denotes external data utilized, where
“None” stands for fully unsupervised methods

Methods Source MSMT17
Rank-1 Rank-5 Rank-10 mAP

MMCT [14] None 35.4 44.8 49.8 11.2

JVTC+ [51] None 43.1 53.8 59.4 17.3

STAR-DAC [53] None 41.5 – 64.9 17.7

DSCE [57] None 35.2 48.3 – 15.5

MLC [58] None 37.1 47.5 52.4 12.0

KNNL [55] None 37.5 48.5 52.0 13.4

MPRD [56] None 37.7 51.3 57.1 146

SCL [54] None 41.4 53.6 58.7 13.3

HFCN (Ours) None 52.3 63.0 68.0 21.9

D-MMD [59] Market 29.1 46.3 54.1 13.5

SILC [67] Market 27.8 38.1 45.8 10.9

TAL-MIRN [64] Market 30.9 43.5 – 11.2

PREST [65] Market 37.8 51.8 57.8 15.9

MLC [58] Market 43.9 55.3 60.4 16.5

MLOL [68] Market 46.9 59.4 64.7 21.7

D-MMD [59] Duke 34.4 51.1 58.5 15.3

SILC [67] Duke 33.1 45.2 48.0 12.6

TAL-MIRN [64] Duke 39.0 51.5 – 14.2

PREST [65] Duke 43.8 57.5 63.6 18.5

MLC [58] Duke 46.4 57.9 62.7 18.0

MLOL [68] Duke 48.3 60.7 66.1 22.4

Bold values indicate the best results

old selects more features for optimization. The results show
that the threshold of 0.8 drives this model to achieve the best
accuracy.

The parameter α. Table 4 shows the effect of parameter α

in Eq. 10. The performance achieves the best result when α =
1.2. This proves the generated label information is important.
Since the accuracy is relatively stable, the parameter is not
sensitive to the optimization process. So, we set α to be 1.2
in our experiments.

The parameter β. The parameter β denotes the impor-
tance of the hard triplet loss, and the assessment is shown in

Table 4 Evaluation of parameter α in Eq. 10

α Market1501
Rank-1 Rank-5 Rank-10 mAP

0.8 87.6 94.0 96.1 68.3

1.0 88.4 94.2 96.1 68.5

1.2 88.7 94.7 96.4 69.3

1.4 88.6 94.5 96.2 68.8

1.6 84.5 93.8 95.4 61.9

Bold values indicate the best results

Table 5 Evaluation of parameter β in Eq. 10

β Market1501
Rank-1 Rank-5 Rank-10 mAP

0.8 87.8 94.5 96.3 67.4

1.0 88.0 94.5 96.2 68.1

1.2 88.2 94.6 96.3 68.9

1.4 88.7 94.7 96.4 69.3

1.6 88.5 94.5 96.2 69.2

Bold values indicate the best results

Table 6 Evaluation of parameter m

m Market1501
Rank-1 Rank-5 Rank-10 mAP

1 74.6 87.7 91.3 47.9

2 87.0 94.4 96.1 67.4

3 87.9 94.2 96.0 68.0

4 87.6 94.2 96.3 67.9

5 88.7 94.7 96.4 69.3

6 88.3 94.5 96.1 68.1

7 88.7 94.6 96.3 68.6

8 88.2 94.6 96.4 68.5

Bold values indicate the best results

Table 5. The proposed HFCN obtains the highest accuracy
when β = 1.4. This illustrates that the hard triplet loss is vital
for identifying hard samples and further stimulates the deep
model to distinguish different pedestrians.
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Fig. 4 Visualization of twenty randomly selected identities from the test set on Market1501. a Denotes the initial distribution, b represents the
optimized result by performing the multi-task operation, and c indicates the final feature distribution by HFCN

The parameter m. Table 6 reveals the effect of the parame-
term. The parameter expresses we start to search for reliable
features after m epochs. The results illustrate that we obtain
the best performance when m is equal to 5. This reason
may be pedestrian features have certain discrimination after
proper constraints, which is more conducive to the clustering
algorithm to produce effective labels.

4.5 Visualization analysis

We visualize the feature distribution as shown in Fig. 4,
where the same color indicates the same identity. Fig-
ure 4a is the initialized feature extracted by a pre-trained
model on ImageNet. It hardly distinguishes any pedestri-
ans, reflecting the poor performance. By performing the
clustering algorithm and implementing the multi-task oper-
ation, Fig. 4b reveals certain performance with its ability
to distinguish different pedestrians. The proposed HFCN
achieves superior performance as shown in Fig. 4c, which
significantly identifies pedestrian images. This further proves
that our feature constraint loss effectively encourages the
same pedestrian to have the similar distribution and different
pedestrians to generate the large discrepancy. More impor-
tantly, we successfully integrate the feature constraint loss
and the multi-task operation, which stimulates the clustering
algorithm to generate high-quality labels for learning dis-
criminative features.

5 Conclusion

In the paper, we propose HFCN to restrict potential pedes-
trian features and mine effective information with no labeled
data for fully unsupervised person Re-ID. Specifically, we
define the feature constraint loss to restrict the feature distri-
bution. As a result, pedestrian features with the same identity
are facilitated to have the similar distribution and different
pedestrians possess large distribution gaps. Hence, the oper-
ation could promote the deep model to distinguish different
pedestrians,which further stimulates the clustering algorithm

to generate high-quality labels. Afterward, we design the
multi-task operation to sufficiently utilize predicted labels
and identify hard samples. Finally, the feature constraint loss
andmulti-task operation are integrated to jointly optimize the
Re-ID model, improving the Re-ID model’s generalization
ability. Numerous experiments demonstrate the effectiveness
of the proposed HFCN that surpasses the state-of-the-art for
fully unsupervised Re-ID.

The proposed HFCN possesses six hyperparameters that
have been analyzed in Sect. 4.4. Although the six parame-
ters are easy to determine, their choice still requires some
experience when expanding to other fields. In the future, we
will extend the idea to unsupervised cross-modality person
ReID to solve the cross-modality problem and further verify
its effectiveness and stability [69].
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