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Dear editor,
Person re-identification (re-ID) aims to recognize
or associate a person and time at non-overlapping
physical locations after the person had been pre-
viously observed visually elsewhere. This technol-
ogy is considered increasingly important in sus-
taining social security for smart cities [1]. The
performance of re-ID has recently been signifi-
cantly enhanced through deep learning algorithms
and they have now dominated the re-ID applica-
tions [2]. However, despite their great potentials
in daily social security tasks, mobile re-ID applica-
tions are still rare because the optimization of such
deep neural network demands huge computing re-
sources [2,3]. Its real-time operation will certainly
encounter performance bottleneck on mobile de-
vices.

In this study, we develop a lightweight solution
using a “trident” convolutional neural network (T-
CNN) that comprises three branches, each con-
forming to the following CNN architecture: (1)
the semantic network branch (s-Net) captures the
“semantic” features of an image by mimicking the
visual processing mechanism of humans and (2)
color network (c-Net) and body network (b-Net)
branches strengthen the low-level visual features
(e.g., color and body parts). These features are
then passed through the l2-normalization layer to

construct a coarse-to-fine descriptor together that
serves as the key to mobile re-ID applications.

The proposed framework. Figure 1 shows the ar-
chitecture of T-CNN, and the backbone network is
CaffeNet [4], well-known for its good performance
with small datasets. It comprises three branches,
namely, s-Net, c-Net, and b-Net for learning dif-
ferent types of features defined as follows:

• The s-Net comprises seven convolutional lay-
ers and five max-pooling layers to capture the se-
mantic features for each person, and the semantic
information may be hair, clothing, trousers, shoes.

• The c-Net structure includes four convolu-
tional layers and three max-pooling layers that are
used for the low-level visual feature learning (i.e.,
color information).

• Information on different regions of the human
body is obtained via the b-Net that is formed using
five convolutional layers, three max-pooling layers,
and a spatial pyramid pooling layer.

It should be noted that the outputs of the last
two full connected layers of each branch are both
regarded as the person descriptors.

The s-Net excavates the “semantic” informa-
tion of an image inspired by the neural perception
mechanism of human brain. It first extracts the
convolutional feature map X ∈ R

H×W×C , where
H ×W define the size of the map and C denotes
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Figure 1 (Color online) The solution of T-CNN architecture for person re-identification. The input images include the
triplet samples denoted by 〈I, I+, I−〉; the T-CNN comprises the s-Net, c-Net, and b-Net; person feature (R) is formed via
cascade learning and l2-normalization; metric learning applies to the final results of person re-identification.

the channel. Then, the body part detector [5] di-
vides X into four horizontal parts, defined as the
regions of interests (ROIs) for each person as de-
scribed in (1), via the peak activation (Xi(h,w)),
for each location (h,w) on the i-th feature channel.

(hi,wi) = argmin
i

Xi(h,w). (1)

A global average pooling is then performed on
the feature maps of the four ROIs similar to
AFN [5] to support recognition of the semantic
attributes.

The c-Net extracts the low-level color informa-
tion that should be consistent for each person. It
yields a 1028-dimensional feature vector from each
image that is calculated by subtracting the mean
of the image and performing a forward propaga-
tion.

Then, the raw image is divided into three chan-
nels (RGB) to extract the features of three color
components. We apply cascade learning to inte-
grate the components to maintain the consistency
of the color information for each person.

The b-Net is designed to capture the body in-
formation. Its pooling layer comprises three kinds
of pooling maps (256-dimensional) organized in a
“spatial pyramid” form, and the samples are set
as 16, 4, and 1, corresponding to enable down-
sampling. Then, the hierarchical sampling fea-
tures are joined together to represent the body in-
formation that includes three regions: head, torso,
and legs.

The traditional CNNs fix the size of input of the
full connection layer (e.g., 224× 224 for AlexNet).
However, the spatial pyramid design can adapt
to inputs of various sizes and scales for body
representation. The three kinds of spatial pool-
ing operations are implemented on previously di-
vided regions. The “multi-region” descriptors, i.e.,

the body features, are then obtained using down-
sampling feature learning.

We performed the network optimization via the
triplet loss. In the training phase, the triplet im-
ages (i.e., anchor, positive, and negative samples,
written as I, I+, and I−, respectively) are fed into
the T-CNN to obtain the person features (written
as Rw, R

+
w , R

−
w , and W , denoting the parameter

set). The learned features of the positive samples
R+

w should have a higher similarity with Rw. As
shown in (2), the distance between Rw and R+

w

should be shorter than that between R and R−
w .

This study only calculates the overall loss of the
T-CNN for simplification. In (2), given the train-
ing set I, the triplet constraints are converted to
the minimization problem of minimizing the dis-
tance between the same class and maximizing the
different ones. N is the number of the training
triplets, and the formula is given as

d(W, I) =
N
∑

1

max
(∥

∥RW (I)−RW (I+)
∥

∥

2

−‖RW (I)−RW (I−)‖
2
, ε
)

,

(2)

where ε = 1 similar to that in hinge-loss functions.
Deep hierarchical feature learning. The T-CNN

is designed to ensure the richness and integrity of
the person features. To quickly converge T-CNN,
the l2-normalization layer is exploited to normalize
the features:

y =
f

√

∑k

p=1 f
2
p

, (3)

where f = [f1, f2, . . . , fp] is the output of the con-
catenation layer with the dimension k.

In the testing phase, a triplet unit is fed forward
into the trained model and exports the triplet fea-
tures (f , i.e., the person descriptor). The ranking



Xiong M F, et al. Sci China Inf Sci November 2020 Vol. 63 219102:3

units can then be obtained according to the simi-
larities between fs, and entries on the top can be
referenced to match the correct person pairs.

Efficient person re-identification upon mobile

devices. This study develops a lightweight solu-
tion toward mobile person re-identification. In this
model, the efficiency of feature extraction is very
important [6,7]. We reduce the number of network
parameters significantly, unlike the ResNet, and
still maintain the accuracy. The time complexity
of optimizing T-CNN is as low as O(n) for person
feature extraction. It is ideal for applications on
mobile devices that require a limited amount of
computing resources [8,9]. For example, on top of
the MagicBook Pro series smart Tablet PC1), this
proposed model can match more than 5000 special
instances in 3 s. More importantly, we perform
experiments on the public datasets (Market-1501
and VIPeR), and the results demonstrate that the
proposed method outperforms the current cutting-
edge counterparts (e.g., the performance improve-
ment of nearly 10% at rank@1 on Market-1501 and
2% for VIPeR in contrast to MVLDML+). More-
over, we have provided a more detailed comparison
with the state-of-the-art methods in Appendix A.
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