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ABSTRACT
The automation of surveillance systems is important to allow
real-time analysis of critical events, crime investigation and prevention. A crucial step in the surveillance systems is the person
re-identification (Re-ID) which aims at maintaining the identity of
agents in non-overlapping camera networks. Most of the works in
literature compare a test sample against the entire gallery, restricting the scalability. We address this problem employing multiple indexing lists obtained by color name descriptors extracted from partbased models using our proposed Predominant Color Name (PCN)
indexing structure. PCN is a flexible indexing structure that relates
features to gallery images without the need of labelled training images and can be integrated with existing supervised and unsupervised person Re-ID frameworks. Experimental results demonstrate
that the proposed approach outperforms indexation based on unsupervised clustering methods such as k-means and c-means. Furthermore, PCN reduces the computational efforts with a minimum performance degradation. For instance, when indexing 50% and 75%
of the gallery images, we observed a reduction in AUC curve of 0.01
and 0.08, respectively, when compared to indexing the entire gallery.
Index Terms— Person re-identification, color names, inverted
lists, visual dictionaries, surveillance scalability
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Introduction

Applied in surveillance [1], sporting events [2] and traffic monitoring [3], the person re-identification (Re-ID) is responsible for maintaining the identity of a large number of people being monitored in
a camera network, in which the cameras not necessarily have superposed viewpoints [4]. Specifically, given the large number of images captured by a camera c1 (gallery samples) and a probe image
captured by camera c2 , the goal of person re-identification is to find
matching candidates to the probe image. In supervised Re-ID, image
pairs captured by distinct cameras are employed to learn machine
learning models and improve the matching results. An extended description and discussion regarding this topic can be found in [4, 5].
Due to the low-resolution images captured by surveillance cameras, biometric cues such as face and iris are unavailable and the
re-identification problem is addressed using individuals appearance
models obtained by color, texture and shape information, which can
be employed separately [6, 7] or as a combination to maximize the
discriminability [8]. In addition, contextual information [9, 10] can
be applied with appearance models to improve the results.
Color information is regard as the most important cue in the
Re-ID problem [11, 12] and is extracted usually by either color histograms [12, 13, 8] or color names [14, 11] from part-based models,

such as horizontal stripes [15]. For instance, Yang et al. [11] improved the state-of-the-art results employing Salient Color Names
based Color Descriptor (SCNCD), which probabilistically relates
RGB color values with 16 color names1 .
In general, after a high-dimensional feature vector is extracted,
the feature importance is computed using some machine learning
technique such as AdaBoost [12], PLS [8], RankBoost [14] and
RankSVM [16]. Distance metric learning based methods have
achieved great success in Re-ID problem, since they learn an affinetransformation that respects a pairwise constraint, keeping closer
pairs belonging to the same person [17, 18, 13].
Once the results obtained in state-of-the-art have considerably
improved over the years, the efficiency needs to be considered for
the Re-ID problem [19, 20]. On this regard, most of the works in
literature require the comparison of each probe image with all possible candidates in gallery, restricting the system scalability. For instance, in a public monitored environment, the gallery set may contain thousands of individuals in a unique day. Camera geometry approaches limit the gallery size using complex probabilistic transition
models learned using spatio-temporal relationship between camera
pairs [21, 22, 23]. The main drawback of these methods is the huge
amount of labelled training image from camera pairs. Differently,
Dutra et al. [19] addressed this problem using inverted lists that relate appearance descriptors to objects and does not require labelled
training images. These lists are learned from gallery samples and are
populated with subsets of gallery ids. Thus, when a probe sample is
presented, just a subset of the gallery images is considered.
In this work, we propose a novel Predominant Color Name indexing structure, referred to as PCN, that similarly to the works presented in [19, 20] is computed using part-based models and multiple
inverted lists. However, our indexing structure explores the SCNCD,
taking advantage of its direct relation with color names. In addition,
we extend the work of Dutra et al. [19] by indexing multiple inverted
lists for each image block, instead of a single list. As a result, it increases the number of lists returned for a given probe image. These
inverted lists are efficiently combined through a ranking aggregation
method and the trade-off between recognition rate and efficiency is
analyzed using a state-of-the-art Re-ID algorithm proposed in Yang
et al. [11]. Experimental results demonstrate improved results when
compared to more complex indexing approaches.
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Proposed Method

Indexing gallery samples by inverted lists aims at attributing gallery
subjects with similar characteristics to the same inverted list. For
1 16-color palette color names are fuchsia, blue, aqua, lime, yellow, red,
purple, navy, teal, green, olive, maroon, black, gray, silver and white.
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novel indexing structure which explores the semantic color information in SCNCD (Section 2.1), while k-means and c-means [25] are
based on bag-of-words [26] and are just modifications of the method
proposed in [20] (Section 2.2). The main difference is in how the
lists are created. While k-means and c-means employ unsupervised
clustering algorithms, PCN determines them directly from the color
names. It is important to emphasize that the focus of the indexing
structure is to reduce the number of potential candidates needed with
a minimum degradation of the performance. Thus, the assignment
of unique id for the probe image can be done using the potential
candidates and a more complex state-of-the-art Re-ID algorithm.
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Fig. 1. Indexing structure overview. In the training stage, the features are extracted and employed in the dictionary creation process.
Then, the similarity between gallery images and inverted list (codewords) is used to populate the inverted list with gallery ids, which
are stored in a database for the testing stage. In testing stage, the
similarity between a probe image and the codewords is used to index the inverted list and obtain the potential candidates. The next
step is the assignment of a id between the potential matches to the
probe sample using a more complex methods (this step, represent by
a dashed-line block, is outside of our scope).

instance, we expect that two gallery persons wearing black shirts
belong to a same list. This direct relation between semantic information, such as “black shirt”, and an inverted list index motivates
us to use SCNCD extracted from part-based models. While the former obtains the color information (“black”), the latter captures its
location in the body (“shirt”).
Our indexing approach is composed of training and testing, as
illustrated in Figure 1. In both stages, the images are divided into
m horizontal non-overlapping blocks that are considered independently. Initially, the features are extracted and a dictionary (a set of
codewords) is created (or learned) for each block. Each codeword
results in an inverted list, which are populated using gallery image
ids. These lists are computed offline and stored in a database.
In the testing stage, the database provides inverted lists for each
image block based on the similarity between feature descriptor and
codewords, these lists contain the local candidates. Multiple local
lists are combined into a unique global list containing the potential
candidates to match the probe sample. Global list has gallery ids
sorted by a ranking aggregation strategy, the Borda’s method [24].
In the method [24], the Borda score for an element c in an inverted list i, represented by Bi (c), is given by the number of elements
Pn above c and the total Borda score B(c) is defined as B(c) =
i=1 Bi (c), where n is the number of inverted lists returned for a
given probe sample. Considering the gallery samples in increasing
order of Borda score, we emphasize the best ranked subjects.
In this section, three indexing structures are considered: Predominant Color Name (PCN), k-means and c-means. The first is a

Predominant Color Names

In this indexing structure, the inverted lists are populated based on
the p predominant color names, where p is a parameter. The main
idea is that clothing characteristics are captured in the p larger values of SCNCD, while the remaining values are related to noise and
background information. For instance, a person wearing blue pants
probably presents the largest value at the histogram position related
to color name “blue” in the block associated with “legs”.
In SCNCD, each pixel is related to a probability distribution over
16 salient color names. These distributions are employed to compute
a histogram of salient color names for each image block. Thus, for
a given image i and block j, this histogram is represented by Dij =
[d1 , d2 , ..., d16 ]. To increase the indexing robustness due to different
camera conditions, instead of using the values in Dij directly, these
values are sorted in descending order and stored in Sij , while the
salient color name positions are represented by Fij . In Sij and Fij
representations, the p predominant color names values and indexes
are located in the initial p positions, respectively.
Figure 2 presents an overview of the proposed PCN. In the training stage, feature vectors are extracted from image blocks and the
p predominant color names are indexes to inverted lists where the
gallery sample id is inserted. Since dictionary creation is costless,
as we will discuss in the forthcoming paragraphs, it is omitted in
Figure 2. These lists are stored for future queries at the testing stage.
For a given probe image, the feature vectors are extracted and
the p predominant color names are used to query the inverted lists
database, obtaining local candidates to match the probe. These candidates are used as input for the ranking aggregation algorithm, returning a unique global list of potential candidates. The following
paragraphs explain how representations Sij and Fij are used to fill
the inverted lists. The problem of obtaining a unique global list from
multiple local lists is also addressed.
Training. In the training stage, we address the problem of constructing dictionaries of k codewords for each block and then mapping
each gallery sample to one or multiple lists based on its feature descriptors. Since the inverted lists are ordered sequence of gallery ids,
the position where the id is included in each list is computed based
on some similarity criterion and using binary search algorithm.
We explore the direct association of feature descriptors and color
names to consider each color name as a codeword, resulting in a
block dictionary of k color names. In Figure 2, for instance, the first
codeword (k1 ) in all m block dictionaries is yellow, since yellow is
the first color name. Each of the m dictionaries and k codewords
will index subsets of gallery individuals, resulting in m × k inverted
lists. The remaining question is how to relate the feature descriptors
extracted from a block i with one or multiple codewords?
For a given gallery sample i, the feature descriptor of the j-th
block, represented by Dij , is extracted and the corresponding repre-
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In this section, we will describe the unsupervised clustering algorithms employed to obtain the codewords from the feature descriptors: k-means and c-means.
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Fig. 2. Overview of the proposed Predominant Color Name (PCN)
Indexing Structure. Initially, the gallery images are divided into
blocks, which have their features are extracted and sorted in descending order. The p most predominant color names are then used
to index and fill inverted lists with gallery ids. Inverted lists stored
in a database are accessed in the testing stage based on the p predominant color names of each block of a probe sample. The local
multiple lists are aggregated in a global list using Borda’s method.
In this Figure, we illustrate the case of p = 3.

sentations Sij and Fij are obtained. The p predominant color names
are the initial p positions of Fij , represented by l = (f1 , f2 , ..., fp ).
These p indexes in the vector l indicate in which inverted lists of the
block j the id i will be included. The position where the id i will be
included will depend on the corresponding value in Sij . Considering
the example in Figure 2, the gallery sample with id = 2 is inserted
at the yellow inverted list (τyellow ), since yellow is the predominant
color name (f1 = yellow) of the head’s block. The id 2 is inserted at
a position that maintains the yellow inverted list sorted. Notice that
despite each insertion requires the update of Borda scores, it is just
adding one in the pushed back individuals and the position value for
the inserted individual.
Testing. For a given probe sample i, we first extract the feature
descriptor Dij for each block j and obtain the corresponding representation Fij and Sij . As in the training stage, the initial p positions
in Fij are used as inverted lists indexes, so that l = (f1 , f2 , ..., fp ),
and the elements present in the lists, denoted by τ1 , τ2 , ..., τp , are
regarded as local candidates to match the probe image. In Figure 2,
for instance, in block head of the testing stage, we have f3 = red
and the respective local candidates ids are τ3 = (2, 3, 5).
Since we have m blocks in the image, we obtain m × p lists
which are aggregated using Borda’s method into a global candidate
list τ . Depending on the values of m and p, the list τ can contain all the gallery samples. However, since the elements in τ are
sorted using Borda score, it is possible to establish a threshold t,
considering as candidates just the initial t individuals. As we will
demonstrate in the experiments, t determines the trade-off between
efficiency (smaller t) and recognition rate (larger t).

Training. Inspired by the work of Dutra et al. [20], we also learn
a dictionary for each block based on bag-of-words [26]. First, a
given gallery sample i is divided into m horizontal blocks and, for
each block j, a feature descriptor is extracted using SCNCD, represented by Dij . All feature vectors extracted for the same block j
are denoted by D̂j = [D1j , D2j , ..., Dnj ], where n is the number
of gallery samples. For each block j, a dictionary of k codewords
is computed using the k-means or c-means algorithm and as input
the feature vectors extracted specifically from block j (D̂j ). A set
of m × k inverted lists are obtained considering the m blocks and
k codewords. Depending on the chosen algorithm, the codewords
will be different due the distinct objective functions. A drawback
of these algorithms is that initialization conditions lead to different
local optimal values (codewords).
Differently from Dutra et al. [20], for each gallery image i, we
include the index i in all inverted lists of the block j, represented
by τ1 , τ2 , ..., τk but the position in which the index i is inserted
in each of the k lists will depend on the similarity between the feature descriptor Dij and the respective codeword that generates the
list. In c-means, this similarity is computed based on a membership
function, while in k-means we employed the Euclidean distance.
Testing. For a given probe sample i, the feature vector of a block
j (Dij ) is extracted and closest index list (codeword) is computed
using Euclidean distance. The same process is repeated for all m
blocks, and the closest lists, represented by τ = (τ1 , τ2 , ..., τm ), are
aggregated using Borda’s method.
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Experimental Results

In this section, we describe the experiments executed to validate the
proposed method using the widely employed VIPeR Dataset [27].
The results will be shown using the recognition rate as a function
of the rank, a common approach to validate person re-identification
approaches [5]. We also report the results using the Area Under
the Curve (AUC), that despite being unusual, it is a good way of
comparing different results using a unique measure. The AUC values
are computed in the range [1:160] and are normalized to [0,1].
The experiments are divided in two parts. First, we analyze the
indexing scheme using the training set considering different aspects,
such as the indexing structure, the influence of aggregation strategy
(Borda’s method) and the choice of feature descriptors. Then, we apply the indexing scheme in the testing set and present a quantitative
analysis of the performance degradation considering a state-of-theart Re-ID algorithm proposed by Yang et al. [11].
Indexing Structure. Figure 3 presents the evaluation of different
indexing structures employed: Predominant Color Name (PCN),
c-means, k-means and random. The random strategy just selects
randomly the codewords and is included in the experiments due the
superior results reported in Dutra et al. [20]. The results reported
with c-means and k-means use 10 and 15 clusters, respectively,
which were the best estimated parameters. For the PCN, we present
three curves, each considering different number of predominant
color names, represented by the parameter p. According to the results, we conclude that the PCN with p equals 3 presented the best
performance, retaining 90% of probe samples when 140 potential
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Color Models. The salient color names employed for SCNCD are
defined as 16 RGB values. Then, to represent other color models
using the SCNCD, first the color representation must be transformed
into RGB values, which are then related to color names. In this experiment, we evaluate four different color models: RGB, normalized
RGB (rgb), HSV and l1 l3 l3 [28]. Figure 5 presents the obtained results and confirms the best performance of RGB color model, which
was employed in our experiments.
Performance Degradation. We evaluate the influence of our PCN
indexing structure using a state-of-the-art Re-ID method proposed
in [11]. We use our implementation of their method as we could not
obtain the entire implementation from the authors.
Figure 6 categorizes the results in two types: indexing and no indexing. The No Indexing @1.0 curve represents an upper-bound of
performance, but a lower bound of scalability, since each probe sample is compared with all samples in the gallery, as proposed in [11].
Differently, in No indexing @0.5, only 50% of randomly selected
gallery individuals are regarded as candidates, obtaining an better
efficiency at the cost of a drastically drop in recognition rate. The
results show improvements in the recognition rate when our indexing structure is employed, dropping a quarter of the gallery images,
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Aggregation Strategy. This experiment evaluates the Borda’s
method. Figure 4 presents the results obtained using six parts in our
part-based models: head, upper and lower torso, upper and lower
legs, and feet. As expected, the best performing parts are the upper
and lower torso and the worst are the feet, which can be attributed
to dressing styles and background influence. These different parts
are aggregated in a unique list which increases the performance
exploring the best characteristics of each part, as presented in curve
Aggregated (Figure 4). Thus, in next experiments we will employ
the Borda’s method to aggregate the multiple inverted lists.
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candidates are returned. Therefore, the remaining experiments will
apply this indexing structure.
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Fig. 6. Performance Degradation.

our results remain almost equal the upper bound. In addition, considering 50% of the candidates in the indexing scheme, shows an
improvement of 0.37 in AUC when compared to randomly selected.

4

Conclusions and Future Works

In this work, we tackled the person re-identification problem using
a novel Predominant Color Name indexing structure. The proposed
method is composed by multiple inverted lists computed using partbased models and SCNCD descriptors and employs a classic ranking aggregation method (Borda’s method) to combine multiple local
lists in a unique global list. The obtained results demonstrated that
our method needs to consider a small subset of potential candidates
when compared to others common indexing scheme based on unsupervised clustering algorithms. In addition, a minimum performance
degradation was achieved when only 75% and 50% of the images
gallery were considered as potential candidates. As future directions, we intend to investigate techniques to reduce the numbers of
potential candidates investigated and analyze how the information
obtained in the indexing can be employed in the further stages to
increase not just the efficiency, but also the recognition rate.
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