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Abstract: Person of interest is a term used by law
enforcement when identifying someone involved in a
criminal investigation who has not been arrested or
formally accused of a crime. Person re-identification is
the process of finding a person of interest in a concerned
suspected area of crime bounded by cameras. In this
paper, a new method for person re- identification for the
similarity learning method is proposed. Similarity
learning is closely related to distance metric learning.
Metric learning is the task of learning a distance function
over objects. Already existing metric learning methods are
usually dependent on linear transformation by using
pairwise or triplet sparse constraints. But the
disadvantage of using this method is that since many
negative pairs and triplets with matching conditions are
discarded, the discriminative information is unable to be
retrieved properly. Also, we introduce a nonlinear
transformation function for metric learning to extract the
actual feature space values and judge for internal product
similarity using the structured learning schema. We used
the VIPeR dataset and our proposed method has achieved
quite satisfactory results on these datasets.
Index Terms—Empirical evaluation, metric learning,
person of interest, person re-identification.

I. INTRODUCTION
PERSON re-identification refers to the process of
matching a selected set of image dimensions with a
set of gallery images. It has gained a lot of concern
in recent years ([1]– [8]) as being part of its
applications in video surveillance, e.g. cross-camera
tracking, multi-camera analysis and pedestrian
movement search. Already existing methods used for
person re-identification are broadly categorized into
two types: image descriptor based and
similarity/distance metric learning based. Various
methods in the first type are broadly engaged in
designing or learning image descriptors which are
important for illumination and various viewpoint
changes. Various effective person image descriptor
methods are proposed. However, it is mostly difficult
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to construct descriptors concerning mainly the
criteria of robustness against various changes caused
by lightings effects, body poses, viewpoints, but also
discriminant power against different identities. The
re-identification process is further improved by using
metric learning methods in addition to constructor
descriptors.
Considering the above solutions in mind, another
category is discussed in this paper where metric for
distance calculation is selected to effectively
measure the similarities and differences of person
images. All the metric learning methods used till now
([12]– [15]) are based on a Mahalanobis distance by
employing pairwise or triplet constraints. With the
aim to balance the number of positive and negative
matching pairs, while also trying to control the cost
of computation, only a small number of training pairs
or triplets are used for learning ([13], [14], [16].
Also, the conventional metric learning methods
follow a linear transformation function for the actual
feature space, which most of the times alone may not
be sufficient enough to capture the various nonlinear
values where the person images usually fall [19]. To
fit the data distribution in a better way, some more
methods like local metric learning ([20], [21]) and
multi-task metric learning [7] are also proposed. In
addition to this, some nonlinear embedding
techniques are also proposed for person reidentification ([22], [23]), RGB-D sensor-based
classification [24], saliency detection [25]. In this
paper, the features are explicitly embedded through
a parameterized nonlinear function, and then use the
concept of inner product similarity by optimizing it
with top-heavy ranking loss.
The main contribution of this paper is twofold.
Firstly, a similarity function is proposed by
optimizing the top-heavy ranking loss, which is
actually designed for the re-id task. Secondly, use of
a nonlinear embedding function is proposed to be
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used and to learn its inner product similarity with the
structural learning framework.
II. METHODOLOGY
Here, we first introduce the nonlinear embedding
function as proposed by us and then show the
formulation of the similarity learning problem as an
example case for the structured output learning
problem. The various details are as under:
A. Nonlinear Embedding Function
We use a neural network to map the various metrics
for person images of the actual feature space to the
target feature space, and employ the inner product
values as the similarity measures for the various
values of person image pairs. Specifically, given a
pair
of
person
image
features

causing any confusion. Given the similarity function
and a certain probe image, we expect its relevant
images to be ranked before all irrelevant ones. Thus
the output of the re-id task is a partial order:

(1)
Here
as:

Is the nonlinear embedding function and is defined

the similarity between them is defined as:
(2)
where
Vector and

Is a projection matrix,

Is a bias

Are dimensions of original feature space and

the target space respectively.
can be viewed as a
single layer neural network followed by a L2normalization layer. This normalization operation is
important since it makes the similarity score to be
irrelevant with magnitudes of embedded features.
For the activation function, we have tested relu, tanh
and sigmoid, and found tanh demonstrated better
performance.
B. Similarity Learning with Structured Loss
Notations. The probe and gallery set are denoted
as and respectively.
s the -th image, is its identity and is the total number
of images in . Similar notations apply for variables of
gallery set. Given a probe image , the gallery set is
divided into its
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III. EXPERIMENTS
A. Experimental Settings
To evaluate the effectiveness of the proposed
SLTRL1method, we perform extensive experiments
on VIPeR [29], The newly proposed LOMO [3]
feature is used for all the following experiments and
the dimensionality of LOMO feature is reduced to
600 by PCA. For our SLTRL method, we fix
and . The learning rate and the
regularization parameter are set as and respectively.
These hyper-parameters are selected by using crossvalidation. The bias is initialized as and the weight
matrix is initialized with 1 in diagonal and 0
otherwise. Both datasets are randomly divided into
two subsets, one for training and the other for testing.
Specifically, there are 316, the training sets for the
VIPeR, dataset respectively. This partition is
repeated 10 times to report the average result.
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B. Experiments on VIPeR
VIPeR [29] is a challenging person re-identification
dataset which was widely used for performance
evaluation. It contains 632 individuals captured in
outdoor scenarios, and each person has two images
observed from different camera views. All images
are normalized to
for experiments.
Comparison with Metric Learning Algorithms.
We first compare the proposed SLTRL algorithm
with several conventional metric learning
algorithms. Those methods include ITML [32],
PCCA [13], LMNN [12], LFDA [20] and KISSME
[14]. To make a fair comparison, we use the same
LOMO feature and the same train/test split for each
of the algorithms. The final results are listed in Table
I. The CMC curves are shown in Fig. 2(a). It can be
seen the SLTRL method performs better than the
compared metric learning algorithms, especially at
the top few ranks. Particularly, PCCA learns a linear
transformation by optimizing the pairwise loss and
LMNN optimizes the triplet loss. From the table we
can see that our SLTRL method, which learns a
nonlinear transformation and optimizes the topheavy
listwise loss, consistently performs better than PCCA
and LMNN.
Comparison with Different Losses. To verify the
effectiveness of the proposed top-heavy ranking
loss, we conduct experiments on VIPeR dataset
with different loss functions.
TABLE I
COMPARISON WITH DIFFERENT METRIC
LEARNING ALGORITHMS WITH THE
SAME FEATURE SET ON VIPER DATASET

TABLE II
COMPARISON WITH THE STATE-OF-THEART METHODS ON VIPER DATASET

,
,
And triplet loss(see Section III in the supAnd all
plementary material). Loss is set

equal to 0. Fig. 2(b) shows the experimental results.
It can be
seen that among the four types of losses, learning
with
achieves the best results which is in
accordance with our expectation.
is the extreme
case of the top-heavy loss with all weights
concentrated on rank 1, however, it has the worst
performance among the four loss functions possibly
because it treats false ranks occurred from position 2
to N with no difference.
Comparison with the State of the Art. Finally, we
compare the performance of the proposed SLTRL
method with the state of-the-art results reported on
the VIPeR dataset. The results are summarized in
Table II. The CMC matching rates of ImpDLA are
read from figures in [26]. From Table II we can see
that the best performance is achieved by the CBRA
[27] method, in which several complementary
ranking lists are combined using ranking aggregation
method. The proposed SLTRL method is
complementary to CBRA because SLTRL can be
used as a weak ranker to generate the original
ranking list. Furthermore, our model is very flexible
and can be easily integrated with feature learning
methods like CNN [28] in a single framework to
learn feature representation and similarity metric
jointly.
IV. CONCLUSION
In this paper, we are able to propose an efficient
nonlinear similarity learning method for person reidentification which is different from the already
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existing metric learning algorithms which can only
optimize the pairwise, triplet or linear structured loss.
We are able to optimize a top-heavy list wise loss
also. Detailed experiments are conducted on VIPeR
using the same set of features to show the better
results with the adoption of the SLTRL method.
Promising results are thus obtained on the
challenging VIPeR datasets.
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