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a b s t r a c t 

Person re-identification (re-id) across cameras remains a very challenging problem, especially when the 

wide range searching exists in a multi-camera surveillance network. Current person re-identification 

methods focus on using visual model to search the specified person. In fact, in practical applications, due 

to the large-scale search range, the searching way only relying on visual model is not efficient. More- 

over, the recall ability of visual model usually is limited in large-scale searching, because it does not 

consider the spatial-temporal information of person. However, the current public re-id datasets only in- 

clude the visual samples. To address this problem, in this work, we collect a large-scale re-id dataset, 

PKU-SVD-B-REID, which includes both visual and spatial-temporal information of over 133 K samples. 

Then, we propose a novel person re-id framework, named Hierarchical Spatial-Temporal Model (HSTM), 

which can effectively predict the person activity path and reduce the search range in the real multiple 

cameras surveillance system. Extensive experiments on PKU-SVD-B-REID validate the superiority of our 

method over conventional re-id methods based on only visual information in terms of both efficiency and 

accuracy. 

© 2017 Elsevier B.V. All rights reserved. 
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1. Introduction 

Visual surveillance systems with multi-cameras network are

used for large public places to extend their coverage area. In prac-

tical application, for maximum efficiency, there is usually very lit-

tle or no overlapping field of view between the multiple cameras.

Thus, in visual surveillance, a key task is to track individuals across

multiple non-overlapping camera views, which is also called per-

son re-identification. The basic task of person re-identification can

be described as matching a probe person by generating a ranked

list of a set of gallery persons according to their matching similar-

ity. 1 

The simplest approach to person re-identification is through

spatial-temporal priors [1–7] , in which suitable assumptions on

the behavior of objects in the blind gaps are made. Then, the re-

identification task is simplified by combining spatial layout models

of cameras with kinematic models to reduce the candidate set of

subjects to be matched. 
∗ Corresponding author. 

E-mail address: minxianli@njust.edu.cn (M. Li). 
1 https://drive.google.com/open?id=0B-ZbsYJxSi2VTFJtZDBLOTg0Wm8 
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In the work [1] , a Bayesian formalization was proposed for re-

onstructing the paths of subjects across multiple cameras. In the

ork [2] , a system consisting of multiple calibrated cameras and a

ite model were proposed. The authors in [3] proposed a two stage

earning algorithm to establish links between camera views associ-

ted with an activity, which was used to automatically determine

he topography of a network of cameras and track objects across

ultiple non-overlapping cameras. The authors in [4] proposed a

imilar method to calibrate the camera network and estimate tra-

ectory of objects in the network using MAP estimation. In [5] , the

uthors developed an unsupervised hypothesis testing method for

earning the features of objects passing unobserved from one ob-

erved location to another. The method in [6] exploited space-time

ues to learn inter-camera relationships that are used to constrain

orrespondences across cameras using a kernel density estimator.

n [7] , the authors used propagation of people trajectories to iden-

ify areas of interest in the unseen regions within cameras. 

Meanwhile, most of existing approaches rely on appearance

ased similarity between images to create correspondences by

esigning discriminative visual descriptors and learning suitable

istance metrics [8–15,30–32] . In [8] , the authors used unsuper-

ised PCA dimensionality reduction and a Local Fisher Discriminant

nalysis to learn a transformation matrix. [9] learnt a mixture of

https://doi.org/10.1016/j.neucom.2017.09.064
http://www.ScienceDirect.com
http://www.elsevier.com/locate/neucom
http://crossmark.crossref.org/dialog/?doi=10.1016/j.neucom.2017.09.064&domain=pdf
mailto:minxianli@njust.edu.cn
https://drive.google.com/open?id=0B-ZbsYJxSi2VTFJtZDBLOTg0Wm8
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Fig. 1. The proposed hierarchical spatial-temporal model (HSTM) combining visual 

features framework. 
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imilarity functions to maximize the difference between the simi-

arity scores of matched and unmatched images for the same per-

on. The authors in [10] presented a deep convolutional architec-

ure with layers for simultaneously learning features and a corre-

ponding similarity metric for person re-identification. The authors

n [11] proposed an effective structured learning approach to the

roblem of person re-identification. The authors in [12] proposed

n effective f eature representation called Local Maximal Occur-

ence (LOMO), and a subspace and metric learning method called

ross-view Quadratic Discriminant Analysis (XQDA). The authors

n [13] proposed a semi-coupled low-rank discriminant dictionary

earning (SLD2L) approach for person re-identification. The authors

n [14] presented a new semantic attribute learning approach for

erson re-identification and search. The authors in [15] proposed

 new approach that takes the video of a walking person as input

nd builds a spatial-temporal appearance representation for pedes-

rian re-identification. In related work of salient object detection,

hang et al. [26] proposed a co-saliency framework by introducing

he deep and wide visual information to represent object feature.

n [27] , the authors used deep learning models to extract features

nd salient objects in images. Tan et al. [34] fused the dense invari-

nt features to to model the relationship between an person im-

ge pair across different camera views. Han et al. [35,36] leveraged

GB-D Sensor to track persons in a multiple cameras environment.

All above approaches try to capture the most discriminative vi-

ual feature of each person through local or global color, shape

nd texture features. This has been shown to be an effective way.

owever, only relying on visual feature is not suitable because of

he huge searching range in real re-id applications. In other field,

ontext information is important for image and video analyzing

28,29] . In [28] , a unified annotation framework by combining dis-

riminative high-level feature learning and weakly supervised fea-

ure transferring was proposed. Zhang et al. [29] extracted features

rom multiple modalities to represent each shot in video. Inspired

y this, it is desirable to combine spatial-temporal information

rom each person for re-identification in public spaces. Although

patial-temporal features have been used in several work [1–7] , the

ize of database used in these work is small, including few cam-

ras and person samples. And the wide range of persons activities

n the practical application is not considered in these work. 

In this paper, different from existing works, we collect a re-

d dataset called PKU-SVD-B-REID from real scenes and propose a

ierarchical Spatial-Temporal Model (HSTM) combining visual fea-

ures to handle person re-identification task. There are two contri-

utions in our work: 

(1) We collected an image dataset from a real multi-camera net-

work including both visual and spatial-temporal information,

which we named as PKU-SVD-B-REID. 

(2) We proposed a novel hierarchical spatial-temporal model

(HSTM), which can reduce person re-id searching range ef-

fectively and improve person re-id accuracy significantly

with spatial-temporal and visual cues. 

. The proposed method 

To tackle the re-identification challenges, most state-of-the-art

pproaches for person re-identification have explored different

isual features to represent the object [8–24] . However, the

patial-temporal feature corresponding to the object is not used.

o address this problem, we consider both the spatial-temporal

ue and the visual cue as features for re-identification. 

Fig. 1 shows an overview of the proposed HSTM method com-

ining visual features. The key idea is to reduce the size of candi-

ate persons in person re-identification because of the large-scale

earching range in practical application. Towards this purpose,
e first learn the hierarchical spatial-temporal model by spatial-

emporal feature. Then, according to the probe set, we use HSTM

o reduce the gallery set to the candidate set. Meanwhile, we learn

he visual distance metric according to the visual feature from the

raining set. Finally, we adopt the visual distance metric to match

he same person between the probe set and the candidate set. 

.1. Problem formulation 

For the sake of clarity, we briefly explain several basic concepts

oncerned in this paper. When objects move in the camera net-

ork, they usually pass through different paths. These different

ovement paths are called activities. An activity is composed of

everal trajectories, and a trajectory is the movement history of an

bject in a camera view, which records the position of the object

n a frame. A record on trajectories are called an observation. An

bservation includes the visual appearance and the position of an

bject at one time point. 

Let N be the number of observations in the multiple cameras

ystem. Thus, the value of i th (1 ≤ i ≤ N ) observation can be rep-

esented by a vector O i = (c i , t i , x i ) where c i is the camera view

n which i th observation is observed, t i is the time when i th ob-

ervation is observed, x i is the visual appearance feature of i th

bservation. And, observation O i belongs to an identity label l i ∈
 

1 , . . . , L } , which is usually unknown at most time. Our target is to

nd out which identity label observation O i belongs to in multiple

ameras system. 

The spatial-temporal correlation between two observations O i 

nd O j is represented as st ij . st i j = 1 if two observations O i and O

 

are related in space-time, and st i j = 0 , otherwise. The visual sim-

larity between observation O i and observation O j is represented

s sm ij . Therefore, in this work, the relevance r ij between two ob-

ervations O i and O j is defined as: 

 ij = st ij × sm ij (1) 

Given by a query, the re-identification result is ranked by the

elevance. Next, we will introduce how to compute the spatial-

emporal correlation st ij and the visual similarity sm ij . 

.2. HSTM learning 

To compute the spatial-temporal correlation st ij , we use the

ierarchical spatial-temporal model (HSTM). According to the

patial-temporal feature, a hierarchical spatial-temporal model can

e learnt. 

Consider a three cameras network. The spatial and temporal

ransition model can be represented as a directed graph, which is

hown in Fig. 2 . Every camera is viewed as a node in the graph.

ccording to the activity, if an object exit from camera c i and then

nter camera c j directly, there is an edge between node c i and node
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Fig. 2. The spatial and temporal transition model considering three cameras. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

t  

 

 

 

 

 

 

 

 

 

 

 

2

 

v  

a  

P  

d  

n  

L  

c  

m  

A  

l  

s  

p  

L

2

 

w  

h  

t  

t  

c

s  

 

c  

t  

E

s  

w

 

t

 

s  

F  

b

3

 

i  

s  

o  

t  

m  

A  

(  

e  

m

 

c  

e  

D  

r  

n  

t  

i  
c j . The edge indicates the direct spatial transition relation between

camera c i and camera c j . The weight of the edge means the transi-

tion time between two cameras. 

We define a hierarchical accessibility matrix S and a time tran-

sition matrix T to describe the model above. S and T are M × M

matrices, where M is the number of cameras in network. The ele-

ment s ij of matrix S indicate the depth of the connection between

camera c i and camera c j . For instance, in Fig. 2 , s 12 is 1 because an

object can move from camera c 1 to camera c 2 without crossing any

camera, and s 13 is 2 because an object need move from c 1 to cam-

era c 3 by crossing camera c 2 . The element t ij of matrix T indicate

the distribution of transition time between camera c i to camera c j .

In this work, we use multiple clusters to describe the distribution. 

We learn matrix S by traversing the directed graph of every ac-

tivity of training set. First, we build accessibility matrix A accord-

ing to the activities of training set. The element of matrix A is a ij .

a i j = 1 if any object can move from camera c 1 to camera c 2 with-

out crossing any camera, and a i j = 0 otherwise. And then we calcu-

late hierarchical accessibility matrix S according to A and s i j = d,

d > 0 indicates the depth of the connection between camera c i and

c j , otherwise, s i j = 0 if there is no connection between camera c i 
and c j . 

We learn matrix T by analyzing the activities from the training

set. Every activity consists of several trajectories in chronological

order. Suppose T r = { t r 1 , t r 2 , . . . , t r K } is the set of all trajectories,

and K is the number of all trajectories. And the spatial-temporal at-

tribution of trajectory tr k , which is observed in camera c i , is repre-

sented as (enter _ t ime i 
k 
, exit _ t ime i 

k 
) , where enter _ t ime i 

k 
is the time

when trajectory tr k begins, exit _ time i 
k 

is the time when trajectory

tr k ends. 

The time difference between two trajectories indicates the tran-

sition time between two cameras. Assume that tr u and tr v have the

same identity label, i.e., l u = l v . In other words, they belong to the

same object. If tr u exits from camera c i at exit _ time u and then tr v 
enter camera c j at enter _ time v , a transition time record tt ij can be

written as: 

 t i j = enter _ t ime j v − exit _ t ime i u . (2)

Obviously, there are several transition time records between

camera c i and c j . We use k-means method cluster the transition

time records, and the k th cluster can be described as t k 
i j 
(μk 

i j 
, σ k 

i j 
) ,

where μk 
i j 

is the mean value, σ k 
i j 

is the standard deviation. Spe-

cially, according to the different accessibility depth s i j , the number

of k is different. Specially, according to the different accessibility

depth s ij , k is different, which is set to 2 s i j . In other words, the

spatial-temporal model is related to the accessibility depth. There-

fore, we call it as hierarchical spatial-temporal model (HSTM).

In Section 2.4 , we will demonstrate how to use the hierarchical

spatial-temporal model S and T to predict the spatial-temporal

correlation between two observations. 
.3. Visual distance metric learning 

In this work, for verifying the HSTM, we use four representative

isual model respectively: HSV+kLFDA, LOMO+XQDA, LOMO+PSD,

nd LOMO+Null Space. HSV+kLFDA model [8] use unsupervised

CA dimensionality reduction, constrained to maintain the re-

undancy in color-space representation, and then perform a ker-

el Local Fisher Discriminant Analysis defined by a training set.

OMO+XQDA model [12] use an effective f eature representation

alled Local Maximal Occurrence (LOMO), and a subspace and

etric learning method called Cross-view Quadratic Discriminant

nalysis (XQDA). LOMO+PSD model [16] derive a logistic metric

earning approach with the PSD constraint and an asymmetric

ample weighting strategy. LOMO+NullSpace model [25] matches

eople in a discriminative null space of the training data by using

OMO feature. 

.4. Matching 

Given by two observations O i ( c i , t i , x i ) and O j ( c j , t j , x j ), firstly

e calculate the spatial-temporal correlation st ij according to the

ierarchical spatial-temporal model S and T . Let the transition

ime tt i j = t j − t i , assuming that O j appears later than O i (i.e.

 j > t i ). Therefore, the spatial-temporal correlation st ij can be cal-

ulated by: 

t i j = 

{ 

1 , i f max 
k ∈ K 

(
σ k 

i j 
− | tt i j − μk 

i j 
| ) ≥ 0 

0 , else max 
k ∈ K 

(
σ k 

i j 
− | tt i j − μk 

i j 
| ) < 0 . 

(3)

However, by analyzing the real data, we find the different ac-

essibility depth between two cameras will impact the transition

ime. Therefore, we add a coefficient function f ( s ij ) in Eq. (3) . Then,

q. (3) can be rewritten as: 

t i j = 

{ 

1 , i f max 
k ∈ K 

(
f (s i j ) · σ k 

i j 
− | tt i j − μk 

i j 
| ) ≥ 0 

0 , else max 
k ∈ K 

(
f (s i j ) · σ k 

i j 
− | tt i j − μk 

i j 
| ) < 0 

(4)

here f ( s ij ) is defined as: 

f (s i j ) = α · e −β ·s i j . (5)

he coefficient α and β will be discussed in experiment part. 

And then, according to the visual model, the visual similarity

m ij between observation O i and observation O j can be calculated.

inally, the relevance r ij between two observations O i and O j can

e calculated in term of Eq. (1) . 

. Experiments 

To verify the effect of spatial-temporal information in re-

d task, we build a new dataset including visual images and

patial-temporal annotations. To evaluate the effectiveness of

ur approach, we conduct several groups of experiments on

he new dataset, comparing with four representative visual

odels. These models include kernel Local Fisher Discriminant

nalysis (kLFDA) [8] , Cross-view Quadratic Discriminant Analysis

XQDA) [12] , Positive SemiDefinite (PSD) [16] , Null Space[25]. The

xperiment details are described in Section 3.2 , and the experi-

ent results and analysis are described in Section 3.3 . 

We have carried out the experiments on a 2.3 GHz Intel Xeon

omputer, with 64 GB RAM, in Matlab R2013a environment. The

xperiments are carried out in two phases: training and testing.

uring the training phase, from known id i label, the spatiotempo-

al transition matrix is learnt. During the testing phase, for each

ew query observation, similarity between the querying observa-

ion and each of the candidate observations is computed by apply-

ng spatial-temporal cues and visual cues as described in Section 2 .
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Fig. 3. Samples including visual images and spatial-temporal annotations in PKU-SVD-B-REID dataset. 

Table 1 

The mAP(%) performance of the proposed method in three independent sub-networks with HSV+kLFDA visual model. 

Method Size ratio (%) Top@1 Top@100 Top@500 Top@10 0 0 Top@20 0 0 Top@30 0 0 

Sub-network 1 HSV + kLFDA 100 0.06 4.47 14.67 21.26 28.15 30.79 

HSTM + HSV+kLFDA 90 0.06 4.48 14.82 21.56 28.06 30.46 

80 0.06 4.49 14.92 21.72 28.21 30.58 

70 0.06 4.51 15.09 22.00 28.67 31.07 

60 0.06 4.52 15.04 21.69 26.19 28.12 

50 0.06 4.52 14.87 20.44 23.92 25.42 

Sub-network 2 HSV + kLFDA 100 0.09 6.96 22.86 33.22 41.52 45.02 

HSTM + HSV+kLFDA 90 0.09 7.01 22.95 33.15 41.10 44.53 

80 0.09 7.15 23.44 33.80 42.34 46.17 

70 0.09 7.25 23.98 34.75 43.81 47.90 

60 0.09 7.51 25.28 36.54 45.65 49.60 

50 0.09 7.53 25.10 34.17 40.96 43.62 

Sub-network 3 HSV + kLFDA 100 0.03 2.61 8.07 11.51 15.63 18.45 

HSTM + HSV+kLFDA 90 0.03 2.71 8.53 12.05 16.16 18.88 

80 0.03 2.72 8.65 12.18 16.24 18.83 

70 0.03 2.74 8.77 12.34 16.33 18.83 

60 0.03 2.77 9.02 12.62 16.47 18.88 

50 0.03 2.80 9.46 13.25 17.02 19.30 
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1200 s. 
erformance of our approach is analyzed by comparing the results

orrespondence to the ground truth. 

.1. The PKU-SVD-B-REID dataset 

Current state-of-the-art work usually evaluate their methods on

xisting standard datasets, such as VIPeR, QMUL GRID, CUHK01,

UHK03 and etc. Although these public datasets collected consid-

rable pedestrian images, they lack spatial-temporal information of

ach image in networks. Therefore, based on PKU-SVD-B dataset,

e collected an image dataset including spatial-temporal informa-

ion, from a real multi-cameras network consists of 14 cameras

laced in campus, which we named as PKU-SVD-B-REID in this pa-

er. The differences between PKU-SVD-B-REID dataset and other

atasets are shown in the following two aspects: (1) this dataset

ncludes not only the visual image but also the corresponding spa-

ial and temporal information; (2) the number of samples of each

ndividual in this dataset is far more than other datasets, which

s more challenging for re-id task. For example, the known largest

cale person re-id dataset, PRW [33] , only includes 6 cameras and

bout 30 samples of each individual in average, without spatial and

emporal information. 
Due to the topological relation of cameras, the 14 cameras

etwork of original PKU-SVD-B dataset has been divided into

hree sub-network, including 3, 3, 8 cameras respectively. There

re 25 individuals and their activities in the PKU-SVD-B dataset

ithout spatial and temporal information. On the basis of PKU-

VD-B dataset, we collected 57 individuals and their activities

n the camera network. We decomposed all activities into 309

rajectories, and corresponding 133,506 person images. And then,

e labeled the spatial information of each image according to

amera ID in which the person appear, and the temporal informa-

ion of each image according to the real time when the person ap-

ear. The real time is extracted from the original surveillance video

f PKU-SVD-B dataset. The images and the corresponding spatial

nd temporal information are shown in Fig. 3 . All person images

f this dataset have been normalized to 48 × 128 pixel. 

Besides the spatial-temporal information, the special thing

bout this dataset is that the same individual has many observa-

ion samples, which is close to the practical situation. These image

equences contain varied challenging situations, e.g., an individual

an get occluded by another passing individual, and an individual

ay stop or hover in or between cameras. The transition time

or objects walking at normal speed between two cameras is 2 −
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Table 2 

The mAP(%) performance of the proposed method in three independent sub-networks with LOMO+XQDA visual model. 

Method Size ratio (%) Top@1 Top@100 Top@500 Top@10 0 0 Top@20 0 0 Top@30 0 0 

Sub-network 1 LOMO + XQDA 100 0.05 3.83 13.58 21.23 29.94 32.95 

HSTM + LOMO+XQDA 90 0.05 3.85 13.68 21.39 29.61 32.24 

80 0.05 3.88 13.78 21.49 29.55 32.00 

70 0.06 3.95 14.11 22.02 30.29 32.76 

60 0.06 3.99 14.15 21.86 27.65 29.80 

50 0.06 4.12 14.46 21.39 25.82 27.50 

Sub-network 2 LOMO + XQDA 100 0.09 6.67 23.25 35.31 45.56 49.52 

HSTM + LOMO+XQDA 90 0.09 6.97 24.49 36.87 46.89 50.78 

80 0.09 7.25 25.91 39.19 50.21 54.10 

70 0.09 7.35 26.50 40.39 52.03 56.02 

60 0.09 7.57 27.57 41.94 53.14 56.77 

50 0.09 7.60 26.93 38.50 46.20 48.46 

Sub-network 3 LOMO + XQDA 100 0.03 1.76 6.17 10.00 15.34 19.05 

HSTM + LOMO+XQDA 90 0.03 1.81 6.35 10.22 15.52 19.14 

80 0.03 1.84 6.47 10.35 15.44 18.77 

70 0.03 1.87 6.59 10.49 15.41 18.56 

60 0.03 1.94 6.84 10.78 15.62 18.64 

50 0.03 2.09 7.50 11.65 16.41 19.21 

Table 3 

The mAP(%) performance of the proposed method in three independent sub-networks with LOMO+PSD visual model. 

Method Size ratio (%) Top@1 Top@100 Top@500 Top@10 0 0 Top@20 0 0 Top@30 0 0 

Sub-network 1 LOMO + PSD 100 0.05 3.53 12.26 19.12 26.98 29.79 

HSTM + LOMO+PSD 90 0.05 3.56 12.39 19.32 26.76 29.25 

80 0.05 3.59 12.52 19.50 26.89 29.29 

70 0.05 3.67 12.84 20.04 27.65 30.09 

60 0.05 3.71 12.89 19.86 25.23 27.38 

50 0.05 3.85 13.25 19.58 23.75 25.45 

Sub-network 2 LOMO + PSD 100 0.09 6.26 21.54 32.51 42.25 46.24 

HSTM + LOMO+PSD 90 0.09 6.57 22.76 34.02 43.65 47.60 

80 0.09 6.88 24.21 36.30 46.86 50.92 

70 0.09 6.98 24.85 37.54 48.79 52.96 

60 0.09 7.20 25.81 38.91 49.83 53.64 

50 0.09 7.25 25.10 35.64 43.17 45.58 

Sub-network 3 LOMO + PSD 100 0.03 1.51 5.34 8.78 13.70 17.23 

HSTM + LOMO+PSD 90 0.03 1.52 5.38 8.80 13.62 17.02 

80 0.03 1.55 5.52 8.96 13.63 16.79 

70 0.03 1.58 5.63 9.10 13.65 16.64 

60 0.03 1.64 5.82 9.34 13.83 16.69 

50 0.03 1.81 6.45 10.19 14.63 17.25 

Table 4 

The mAP(%) performance of the proposed method in three independent sub-networks with LOMO+NullSpace visual model. 

Method Size ratio (%) Top@1 Top@100 Top@500 Top@10 0 0 Top@20 0 0 Top@30 0 0 

Sub-network 1 LOMO + NullSpace 100 0.06 4.12 14.71 23.04 32.34 35.50 

HSTM + LOMO+NullSpace 90 0.06 4.14 14.79 23.14 31.87 34.61 

80 0.06 4.16 14.89 23.23 31.75 34.29 

70 0.06 4.24 15.21 23.74 32.40 32.94 

60 0.06 4.27 15.21 23.53 29.49 31.63 

50 0.06 4.36 15.44 22.91 27.47 29.11 

Sub-network 2 LOMO + NullSpace 100 0.09 6.86 23.49 35.36 45.28 49.07 

HSTM + LOMO+NullSpace 90 0.09 7.13 24.74 36.83 46.56 50.32 

80 0.09 7.31 25.79 38.49 49.03 52.85 

70 0.09 7.38 26.30 39.51 50.67 54.76 

60 0.09 7.59 27.41 41.12 51.94 55.66 

50 0.09 7.62 26.68 37.61 45.19 47.54 

Sub-network 3 LOMO + NullSpace 100 0.03 1.79 6.22 10.10 15.59 19.46 

HSTM + LOMO+NullSpace 90 0.03 1.80 6.25 10.08 15.43 19.14 

80 0.03 1.83 6.36 10.19 15.30 18.69 

70 0.03 1.84 6.44 10.28 15.21 18.41 

60 0.03 1.90 6.63 10.48 15.31 18.35 

50 0.03 2.04 7.17 11.19 15.95 18.81 
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3.2. Experiment settings 

In feature extraction stage, we extract two type features:

spatial-temporal feature and visual feature. First, we use a 4

dimensional vector to describe the spatial-temporal feature of
ach sample, indicating camera, hour, minute, second respectively.

econd, we extract two features for two different visual models.

he one is HSV histogram feature which is used in kLFDA model

8] . The other one is LOMO feature which is used in XQDA model

12] . In detail, when extracting HSV feature, a set of visual feature
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Fig. 4. The mAP curve of the proposed method in three independent sub-networks with (a)HSTM+kLFDA (b)HSTM+XQDA (c)HSTM+PSD (d)HSTM+NullSpace. 
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ectors consisting of 8 bins histograms from 3 color channels

HSV) over a set of 341 dense overlapping 8 × 8 pixel regions,

efined every 4 pixels in both the horizontal and vertical direc-

ions, resulting in 8,184 dimensional vectors. And when extracting

OMO feature, we use a sub-window size of 10 × 10 pixels, with
n overlapping step of 5 pixels to locate local patches in 48 × 128

mages. Within each sub-window, we extract two scales of SILTP

istograms and an 8 × 8 × 8-bin joint HSV histogram. 

In training stage, we train the hierarchical spatial-temporal

odel and the visual model, respectively. The spatial-temporal in-
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formation of 140 trajectories from 27 individuals are used for train-

ing spatial-temporal model. And the 27 × 100 images are used of

training visual model. In test stage, we use the remaining 30 in-

dividuals to test the performance of the proposed method. All the

experiments repeat 10 times by using independent training sam-

ples and test samples. The effect of coefficient α and β in Eq. (5) is

to control the size of gallery set. In this experiment, α is set as 300

in all sub-networks, in sub-network 1 β is set as [1.5, 4.0] between

50 and 90% size of gallery set, in sub-network 2 β is set as [0.5,

2.5] between 50 and 90% size of gallery set, in sub-network 3 β is

set as [0.4,1.2] between 50 and 90% size of gallery set. 

Current state-of-the-art methods typically use the Cumulated

Matching Characteristics (CMC) curve to evaluate the performance

on existing datasets. The CMC curve shows the probability that

a query person identity appears in different-sized candidate lists,

however, if multiple ground truths exist, the CMC curve is biased

without considering the recall. In fact, the recall is more important

than the precision in a practical person re-identification applica-

tion. Therefore, in this paper, we adopted mean Average Precision

(mAP) to evaluate the overall performance, which provides a more

comprehensive evaluation, because it considers both recall and

precision. 

3.3. Results and analysis 

We evaluated four representative pure visual re-id model on the

PKU-SVD-B-REID dataset, e.g., kLFDA, XQDA, PSD, and NullSpace

models. The results are shown in Tables 1 –4 and Fig. 4 . Note that,

because the 14 cameras network is divided into three independent

sub-network, the performance of the proposed method is demon-

strated as follow in three independent sub-networks. Meanwhile,

because there are average 2340 samples from the same person in

PKU-SVD-B-REID dataset, we choose the top 30 0 0 results as the

final matching results. 

We observe that combining HSTM and the visual model outper-

forms any independent visual model. After HSTM method reduces

the size of gallery set significantly, the visual model can match

the more accuracy samples. Contrast with the full size of gallery

set, the reduced gallery set from 50 to 90% can provide more ef-

fective candidate samples. Compared with four independent visual

models, the proposed method achieves better performance in re-

duced 70%, 60%, 50% size of gallery size in sub-network 1, 2, 3 re-

spectively. The reduced size is related to the number of cameras

and persons in different sub-networks. The more number of cam-

eras and persons, the lower ratio of gallery size can achieve bet-

ter performance. Additionally, from Fig. 4 , the improvement on the

top 30 0 0 results is more significant than others. This is because

that the number of the ground truth is large. The more results

are returned, the more significant the recall ability of the proposed

method is. However, with the Nullspace model, the HSTM only im-

prove the top@1–top@20 0 0 results. The possible reason is that the

independent Nullspace model can find enough positive samples in

the top 30 0 0 results. 

4. Conclusion 

In this paper, we collected a large-scale re-id dataset, PKU-

SVD-B-REID (133K+), which included both visual information and

spatial-temporal information of individuals. And, we proposed a

novel framework for person re-identification, called Hierarchical

Spatial-Temporal Model (HSTM) that effectively predict the per-

son activity path and efficiently reduce the search range in a

real multiple cameras surveillance system. Compared with the

re-id method that only based on visual information, the pro-

posed framework can improve the re-identification performance,

while reduce the gallery set significantly. Experiment on the
ew dataset, PKU-SVD-B-REID, show that combining the proposed

ethod (HSTM) and visual model outperforms any independent vi-

ual model. 

However, with the size growth of camera network, the distribu-

ion of human activities may be not stable. This may result in the

rong exclusion of the true targets in the process of activity pre-

iction. Therefore, in future work, we tend to combine the spatial-

emporal correlation and visual correlation between the samples

nto a unified learning framework. Also, we can further use recur-

ent neural networks to capture the feature of pedestrians in the

mage sequences. 
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