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Abstract—Person re-identification is a key technique to match
different persons observed in non-overlapping camera views.
Many researchers treat it as a special object retrieval problem,
where ranking optimization plays an important role. Existing
ranking optimization methods mainly utilize similarity relationship between the probe and gallery images to optimize the original ranking list, but seldom consider the important dissimilarity
relationship. In this paper, we propose to use both similarity
and dissimilarity cues in a ranking optimization framework for
person re-identification. Its core idea is that the true match should
not only be similar to those strongly similar galleries of the probe,
but also be dissimilar to those strongly dissimilar galleries of
the probe. Furthermore, motivated by the philosophy of multiview verification, a ranking aggregation algorithm is proposed
to enhance the detection of similarity and dissimilarity based
on the following assumption: the true match should be similar
to the probe in different baseline methods. In other words, if
a gallery blue image is strongly similar to the probe in one
method, while simultaneously, strongly dissimilar to the probe in
another method, it will probably be a wrong match of the probe.
Extensive experiments conducted on public benchmark datasets
and comparisons with different baseline methods have shown the
great superiority of the proposed ranking optimization method.
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Fig. 1: An illustration of our conductive similarity and insulative
dissimilarity. The preliminary experiment is conducted by KISSME
[19]. 316 image pairs are randomly selected from the VIPeR dataset
[20] for testing. Note that the distances between true matches and
the strongly similar galleries are significantly lower than those of
strongly dissimilar galleries.

Index Terms—Person re-identification, ranking aggregation,
similarity and dissimilarity

I. I NTRODUCTION
In recent years, the person re-identification problem, namely
matching people across disjoint camera views in a multicamera system, has aroused an increasing interest in both
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computer vision and multimedia analysis communities [1, 2].
A direct application of person re-identification is that we can
find out a common person target in various cameras, which is
especially important in criminal investigation. Besides, it also
underpins many advanced multimedia applications, such as
person retrieval [3, 4], movement analysis [5–8], long term
object tracking [9, 10] and personalized applications [11–
13]. The main challenge of person re-identification can be
attributed to the significant visual changes in various pose,
illumination and viewpoint conditions, making intra-personal
variations even larger than inter-personal ones. Moreover,
background clutters and occlusions cause additional difficulties. As traditional biometrics, such as face and gait, are
unreliable or even infeasible to be robustly extracted in the
uncontrolled surveillance environment [14], body appearance
is widely exploited for person re-identification task [15–18].
Generally speaking, person re-identification can be regarded
as an image retrieval problem [21]. The paradigm usually
consists of three stages: feature extraction, distance measure
and final ranking. The feature extraction stage aims to construct discriminative and robust feature descriptions to separate
different persons in various cameras [16, 18, 22–24]. However,
designing a set of features satisfactorily is very difficult,
especially in the presence of significant appearance variations
caused by large view changes. The distance measure stage
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Fig. 2: An illustration of our main idea. The first row is the original
rank list, while the second row denotes some backward requery top-k
results of the new probes. The ones similar to (illustrated by arrow)
the strongly similar galleries are much likely to be the correct match
(illustrated by red arrow) and should be pulled, while the galleries
similar to strongly dissimilar galleries are probably the wrong match
(illustrated by green arrow) and should be pushed.

focuses on seeking a proper measure to reflect the identity
consistency among person images [14, 19, 25–28]. Its main
drawback is that the performance is heavily dependent on
sufficient training samples, which is usually difficult to acquire
in practical surveillance applications. The final ranking stage
pays attention to optimize the original ranking lists by mining
various similarity relationship in the initial ranking results
[29–35]. Since ranking optimization is independent of concrete
feature representation and distance measure methods, it owns
great flexibility in practical applications [36, 37].
Based on the above analysis, we focus on the ranking optimization stage, especially on order-based automatic ranking
optimization method in this paper. Different from previous
automatic ranking optimization methods, which mainly focus
on exploring similarity relationships among galleries [30, 33],
this paper considers both similarity and dissimilarity relationships for ranking optimization in an automatic manner
to further improve person re-identification performance. The
latent assumption is that the true match should not only be
similar to those strongly similar galleries, but also dissimilar
to those strongly dissimilar galleries of the probe person. This
assumption can also be evidenced by the basic principles
in social networks [30, 38]: Two persons who have many
common friends would be much likely to be good friends.
Correspondingly, if a gallery is strongly similar to the friends
(strongly similar galleries) of the probe, it will be much likely
to be a friend of the probe. We name this phenomenon as
conductive similarity. On the other hand, if a gallery is very
similar to the strangers (strongly dissimilar galleries) of the
probe, it is much prone to differ from the probe. We name it
as insulative dissimilarity.
To illustrate the above idea, a preliminary experiment is
conducted to show the existence of conductive similarity and
insulative dissimilarity shown in Fig.1. Given an initial ranking
result, the top-10 results are treated as strongly similar galleries

while the bottom-10 as strongly dissimilar galleries. As a
reference, the neutral galleries are denoted by the middle-10
galleries. For each probe, we compute the pair-wise distance
between the true match (groundtruths) and other gallery images. The average distance between the true match and the
strongly similar galleries (top-10) is reported as ’Avg sim’,
and that between the match and neutral galleries (middle-10)
and strongly dissimilar galleries (bottom-10) are denoted as
’Avg neu’ and ’Avg dis’, respectively. As can be seen from
Fig. 1, true matches are much likely to be similar to strongly
similar galleries and dissimilar to strongly dissimilar galleries.
Therefore, it is reasonable to optimize the original ranking list
based on the conductive similarity and insulative dissimilarity.
An illustrative example is shown in Fig. 2. After the backward
requery, the galleries similar to those strongly similar ones
are pulled, while the galleries similar to strongly dissimilar
galleries are pushed. In this way, the rank of the correct match
is improved.
In addition, considering the unreliable unilateral similarity
as illustrated in [39, 40], a more reasonable assumption is
that the strongly similar galleries should be similar to the
probe person in multiple different ranking results obtained
by different baseline methods [41]. Therefore, we propose a
ranking aggregation method combining two different person
re-identification methods to enhance the conductive similarity
and insulative dissimilarity. A depicted model is illustrated
in Fig.3. The strongly similar galleries are those which are
very similar to the probe person, i.e. being verified by various
baseline methods, e.g., 1+ and 3+ in Fig.3 (b). Thus the
strongly similar galleries are achieved from the intersection set
of the top-k results of the baseline methods. On the contrary,
the strongly dissimilar galleries, e.g., 1− , 2− , 3− , 4− and 5−
in Fig.3 (b), are achieved from the union set of the bottomk results of the baseline methods. After that, we pull the
quasi-similar galleries (which are similar to strongly similar
galleries) and push the quasi-dissimilar galleries (which are
similar to strongly dissimilar galleries) to optimize the ranking
orders. In this way, our proposed approach can be divided
into two steps: similarity ranking aggregation and dissimilarity
ranking aggregation. The former focuses on improving the
ranking orders of quasi-similar galleries, while the latter pays
attention to penalizing the quasi-dissimilar galleries to improve
the ranks indirectly.
The main contributions of this paper are summarized as
follows:
•

•

•

We proposed a combination method exploring both similarity and dissimilarity relationship, which is seldom investigated in previous work, to optimize original ranking
result for the person re-identification task.
We presented a ranking aggregation framework which is
firstly introduced for the person re-identification task. According to the experiments, this framework is applicable
to combine different baseline methods.
We validated our approach on three public datasets,
VIPeR [20], CUHK01 [42] and PRID450S [43], and confirmed that the proposed method achieves more favorable
performance than state-of-the-art methods.
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Fig. 3: A depicted model of our idea. (a) The quasi-similar galleries are pulled while the quasi-dissimilar galleries are pushed, which can
lead to better results. (b) Our aggregation idea. The first row is two original ranking results achieved by two baseline methods, while the
second row shows our aggregation strategy. Note that numbers denote different gallery images while subscripts “+” and “-” represent similar
and dissimilar, respectively. The strongly similar galleries are achieved from the intersection set of two methods, while strongly dissimilar
galleries are obtained from the union set of dissimilar galleries.

The rest of this paper is organized as follows. In Section
II, a brief review of related work is conducted for person reidentification. After that, we introduce our ranking aggregation
method based on conductive similarity and insulative dissimilarity in Section III. Section IV presents the simplified version
of our method for the optimization with a single input baseline
method. Later, Section V shows the experimental results on
three representative public datasets with some discussions.
Finally, concluding remarks are given in Section VI.
II. R ELATED WORK
According to above analysis, our focus in this paper is
mainly about ranking optimization for person re-identification.
In this section, some prior related works are introduced to
illustrate the two contributions of this paper.
Ranking Optimization, locating in the final stage of person
re-identification task [44, 45], aims to optimize original ranking lists by mining various similarity relationship in initial
ranking results [29–34]. In the person re-identification field,
relevant work can be generally categorized into two kinds:
interactive relevance feedback methods and automatic reranking methods.
The interactive relevance feedback methods revised the
initial re-identification results based on manual interaction to
mine the optimization cues. Ali et al. [46] employed rank
based constraints and convex optimization to efficiently learn
the distance metric during a visual search process. Wang et al.
[32] proposed a local-similarity based ranking optimization
method in an interactive manner. They chose the local-part
similar instead of global similar galleries. Liu et al. [31]
presented a novel one-shot post-rank optimisation method
(POP) at the user end, they manually selected some strongly
and weakly similar samples to mine the negative cues to
optimize the initial ranking results. Indeed, [31] considered
the dissimilar cues, it generates some strong positive samples
and weak negative samples to optimize the ranking results in
an interactive manner by choosing strongly and weakly similar
samples manually. However, this kind of interactive methods
need lots of manpower which is unsuitable for large scale

data scenarios [33, 47]. In contrast, our ranking optimization
method focuses on optimizing the searching results in an
automatic pattern.
The automatic re-ranking methods focused on improving
the searching results automatically [30], which owns more
flexibility. Li et al. [29] analyzed the commonness of the
nearest neighbors to optimize the original ranking list. Le et al.
[48] conducted a re-ranking method based on some soft biometrics(semantic attributes) cues. Andy et al. [33] presented a
query-adaptive re-ranking method (QARR) based on locality
preserving projections to model the query variations across
cameras. Leng et al. [30] proposed an automatic bidirectional
ranking method based on content and context similarity, the
gallery images are treated as new probes to requery in the
original gallery set, namely backward re-query, mining the
similarity relationship between probe and gallery images.
They all focused on revising the original ranking results with
similarity cues among the galleries, while dissimilarity cues
were always neglected.
Moreover, as a special image retrieval problem [49], the
comparison with ranking optimization in general image retrieval is also conducted. Comparing to traditional large scale
image retrieval [50], person re-identification is a fine-grained
distinction problem [51, 52], ranking optimization in image
retrieval is almost impossible to utilize the strongly dissimilar
galleries for the reason that there are large amount of different
type of objects [53], where a gallery image may be a person,
a place or a distracter, which may make it impractical to mine
the dissimilarity cues. In comparison, the gallery images in
person re-identification task are all person images that share
more common characteristics, while the differences among
the gallery images are much smaller, which provides us an
opportunity to use the insulative dissimilarity in a ranking optimization framework. Specifically, we exploited both similarity
and dissimilarity cues in a ranking optimization framework to
refine the searching results.
Apart from utilizing the dissimilarity relationship, another
contribution of this paper is mainly about ranking aggregation.
Ranking aggregation is a branch of ranking optimization,
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Fig. 4: The framework of our aggregation approach. It can be divided into two parts: Similarity ranking aggregation and dissimilarity ranking
aggregation.

which is usually based on two or more ranking lists [34]. Most
related aggregations in person re-identification are conducted
by combining multiple similarity scores directly [18, 22].
However, ranking aggregation is never investigated for this
task, all current ranking optimization works are conducted
based on one SINGLE baseline input method except for our
previous work in [34]. In general image retrieval, ranking
aggregation is a straightforward solution to fusing different
methods at the rank level. Zhang et al. [39] proposed a graphbased query specific fusion approach where multiple retrieval
sets are merged and reranked by conducting a link analysis
on a fused graph. In comparison, we propose a ranking
aggregation method for person re-identification based on the
conductive similarity and insulative dissimilarity. Specifically,
our ranking aggregation method adopts a cross-view based
backward requery strategy to enhance the complementarity
of the two baseline input methods, and contains two parts:
similarity ranking aggregation, which aims to improve the
ranking orders of quasi-similar galleries that may be positive
ones; dissimilarity ranking aggregation, which penalizes the
quasi-dissimilar galleries that may be negative ones. They are
further combined in a sequential way.
In addition, ranking aggregation can be divided into scorebased re-ranking and order-based re-ranking [54]. The former
associates the objects in input rankings with their original
similarity scores while the latter focuses on the original
ranking orders information. This paper considers order-based
ranking aggregation due to two reasons [37]. First, this kind
of methods are more stable and robust to outliers. Second,
score-based methods can be readily converted to order-based
ones.
III. P ROPOSED A PPROACH
The framework of our aggregation approach is shown in
Fig. 4, with two main parts: similarity and dissimilarity
ranking aggregation. For a specific probe person, two original
ranking lists are firstly obtained by two different baseline
methods, and methods with more complementarities will work
better. Note that any method that generates a ranking list for a
probe can be used here. The similarity ranking aggregation is

conducted for the strongly similar galleries, cross-view based
backward requery is performed for the re-ranking of quasisimilar galleries, and the refined ranking lists are combined
with different weights. The dissimilarity ranking aggregation is
presented for the strongly dissimilar galleries, it targets to the
quasi-dissimilar galleries whose ranks are penalized. Then, the
two parts are combined to generate a final ranking list for the
probe. The details are discussed in the following subsections.
A. Similarity Ranking Aggregation
Similarity ranking aggregation (SRA) is divided into three
steps: first, the strongly similar galleries are obtained from
the intersection set of top-k results achieved by two baseline
methods. Second, the strongly similar galleries are treated
as new probes to requery in the original gallery set, named
backward requery [30]. More specifically, to enhance the complementarity of two methods, the cross-view based backward
requery is conducted [39], i.e., the original ranking list is
achieved by one method, and the other method is adopted
for the requery to refine the original ranking list. And it’s
validated in later experiments as shown in Section V. Third,
graph-based weighted reranking is introduced to generate a
refined ranking list.
For the convenience of the following discussion, we denote the probe person image as p and the gallery set as
G = {gi | i = 1, 2, ...N }, where N is the number of images
in the gallery set. We mark the first method with superscript
“1”, and the second method with “2”. We firstly obtain two
original ranking lists by two baseline methods for a probe p,
denoted as RL1 (p) and RL2 (p). Nk1+ (p) and Nk2+ (p) denote
the top-k+ galleries in RL1 (p) and RL2 (p), respectively. The
set of strongly similar galleries G+ (p) is formulated as:
G+ (p) = Nk1+ (p) ∩ Nk2+ (p).

(1)

Next we use the kc+ = |G+ (p)| strongly similar galleries
in G+ (p) for backward requery. In other words, we treat each
j
g+
∈ G+ (p) as a new probe to search in the original gallery
set. Moreover, to enhance the complementarity of the original
methods, we adopt the crossed-view backward requery. That

Algorithm 1 The SRA algorithm
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Fig. 5: An example of graph construction. p is the probe and g+
is a strongly similar sample. The superscripts denote different two
methods. Note that the method of the second layer is differ to the
first layer.

is to say, we refine the first ranking list RL1 (p) with the other
method “2” for backward requery and vice versa. By backward
requery, a new ranking list for each method is achieved for
j
each g+
.
For a better presentation of our graph-based weighted reranking, we explain it via an example, where the original
ranking list is generated by the first method and the second
method is used for backward requery. We construct a weighted
undirected graph Graph+ =< G, E, w > for each probe and
each strongly similar sample in G+ (p), the center is the probe
while the nodes are the neighbour images. We use g+ as an
j
for better expression as shown in Fig. 5. The
example of g+
green part indicates the neighbours of probe image p in the
original ranking list achieved by the first method, denoted
as Nk1+ (p). The orange part expresses the backward requery
neighbours of g+ , denoted as Nk2+ (g+ ). They are linked by
an edge (p, g+ ) ∈ E. Note that in the second layer of the
graph, a different method other than the one used for the
first layer, is adopted to enhance the complementarity. The
similarity between p and g+ is redefined as the weighted
Jaccard similarity coefficient [55] between the neighborhoods
of p and g+ :
1

Sim (p, g+ ) = w(p, g+ )

Nk1+ (p) ∩ Nk2+ (g+ )
Nk1+ (p) ∪ Nk2+ (g+ )

w(p, g+ ) = w0 rank(g+ ,G+ (p)) ,

Input:
A probe image p and a gallery set G =
{gi | i = 1, 2, ...n}.
Output:
A ranking list for the probe image.
Offline:
1: Querying every gallery image gi in the gallery G with two
different methods.
2: Achieve the top-k galleries of each image gi .
Online:
1: Probe p in the gallery set G.
2: Obtain two original ranking lists RL1 (p) and RL2 (p) by
two different methods for the probe p.
3: Get strongly similar galleries set G+ (p) = Nk1+ (p) ∩
Nk2+ (p)
4: For method 1:
5: for i = 1 to |G+ (p)| do
6:
g+ is the i-th item in G+ (p)
7:
Cross-view based backward requery for g+
8:
Compute weighting coefficient w(p, g+ ) by Eq.(3)
9:
Compute new score Sim1 (p, g+ ) by Eq.(2)
10: end for
11: Repeat step 4 − 10 to get Sim2 (p, g+ )
12: Late fusion of Sim1 (p, g+ ) and Sim2 (p, g+ ) by Eq.(4)
13: Use new scores to re-rank RL(p).
′
14: The final ranking list RL (p) is achieved.

conducted:
′

Sim (p, g+ ) = α · Sim1 (p, g+ ) + (1 − α) · Sim2 (p, g+ ), (4)
where α denotes the weighting parameter of the two baseline
methods. It depends on the original performance of the two
baseline methods, i.e. it’s easy to assume that a higher weight
is assigned to a better baseline method being modified. After
that, the ranking orders of those strongly similar galleries are
revised, other ranking orders are combined with α based on
their original ranking scores in RL1 (p) and RL2 (p). Then, a
′
refined ranking list RL (p) is achieved by SRA. Our SRA is
summarized in Algorithm 1.
B. Dissimilarity Ranking Aggregation

,

(2)
(3)

where | · | denotes the cardinality and w(p, g+ ) is a weighting
coefficient related to the original rank in G+ (p). The decay
factor is defined as w0 and we set w0 = 0.8 the same as
[39] in all experiments. rank(g+ , G+ (p)) represents the rank
of g+ in G+ (p), and expresses the original importance in the
ranking list.
Similarly, Sim2 (p, g+ ) can be achieved by a crossed backward requery, i.e. the first method “1” is adopted for backward
requery to refine the similarity score in RL2 (p). Then, a late
fusion [54] is introduced to combine the similarity scores, i.e.
a weighted combination of the similarity defined in Eq.(2) is

The above SRA does improve the quasi-similar galleries’
ranking orders. Next, we introduce how to further penalize the
quasi-dissimilar galleries via dissimilarity ranking aggregation
(DRA). It can also be divided into three steps: first, the
strongly dissimilar galleries are achieved from the union set of
bottom-k results obtained by two different baseline methods.
Second, the strongly dissimilar galleries are treated as new
probes to requery in the original gallery set with both the two
original methods. Third, a quasi-dissimilar set is achieved by
backward requery of the strongly dissimilar galleries, and the
ranking orders of the quasi-dissimilar galleries are penalized
according to their frequency in the quasi-dissimilar set.
The strongly dissimilar galleries are achieved from the union
set of the bottom-k neighbours. The bottom-k− farthest neighbours of each method are denoted as Nk1− (p) and Nk2− (p).

To get the strongly dissimilar galleries, we define their union
set G− (p) as the strongly dissimilar galleries set of image p,
which is formulated as:
G− (p) = Nk1− (p) ∪ Nk2− (p).

(5)

Then we use the kc− = |G− (p)| strongly dissimilar galleries G− (p) for backward requery. In other words, we treat
j
∈ G− (p) as a new probe to search in the original
each g−
gallery set. After the backward requery, we’ll get 2×kc− backward ranking lists, for each of which top-k can be expressed
j
j
as Nk1+ (g−
) and Nk2+ (g−
). Then, the quasi-dissimilar union
j
1
set of top-k results Mk+ = {Nk1+ (g−
) | j = 1, 2, ...kc− } and
j
Mk2+ = {Nk2+ (g−
) | j = 1, 2, ...kc− } are achieved.
The image frequency of a quasi-dissimilar gallery q− appearing in Mk1+ and Mk2+ is denoted as IF (q− ). Obviously,
ˆ (q− ) < 2 ∗ kc− . Extending to a general case, the image
IF
frequency of all gallery images can be formalized as:
{
IF (gi ), gi ∈ {Mk1+ , Mk2+ }
c (gi ) =
IF
(6)
0,
otherwise.
As the galleries in Q− (p) are much likely to be the wrong
match of the probe, we penalize these quasi-dissimilar galleries
based on the image frequency as follows:
′

Dis∗ (gi , p) = rank (gi ) ∗ exp(
′

1 c
IF (gi )),
k− + 1

(7)

Algorithm 2 The DSRA algorithm
Input:
A probe image p, a gallery set G, and the ranking
′
list RL (p) exported by SRA.
Output:
A new ranking list for the probe image.
Offline:
1: Querying every gallery image gi in the gallery G with two
different methods.
2: Achieve the bottom-k galleries of each image gi .
Online:
1: Query p in the gallery set G = {gi | i = 1, 2, ...n}.
2: Obtain two original ranking lists RL1 (p) and RL2 (p) by
two different methods for the probe p.
3: Get strongly dissimilar galleries G− (p) = Nk1− (p) ∪
Nk2− (p)
4: For method 1,2:
5: for i = 1 to |G− (p)| do
6:
g− is the i-th item in G− (p)
7:
Cross-view based backward requery for g−
8:
Compute Nk1+ (g− ) and Nk2+ (g− )
9: end for
′
10: for i = 1 to |RL (p)| do
′
11:
gi is the ith image in RL (p)
c (gi ) by Eq.(6)
12:
Compute IF
13:
Penalization by Eq.(7)
14: end for
′
15: Use new scores to re-rank RL (p).

′

where rank (gi ) denotes the rank of gi in RL (p) achieved
by SRA, i.e., the original rank orders are treated as the original
distances between gi and p. Meanwhile, RL1 (p) or RL2 (p)
can be treated as the input of the DRA to be optimized. After
the penalization of the quasi-dissimilar galleries, the refined
ranking list is achieved.
C. Combination
The dissimilarity ranking aggregation is conducted together
with the SRA as described in above subsection, in which it
mainly focuses on revising the output ranking list achieved
by SRA as shown in Eq.7 and summarized in Algorithm 2.
Specifically, after getting the ranking list output by SRA, we
do the penalization operation to penalize the quasi-dissimilar
galleries in a sequential way. In addition, as can be seen
from the DSRA algorithm, Step 1-12 can be computed with
the SRA simultaneously, which would help to decrease the
computational cost significantly.
D. Complexity Analysis
As can be seen from Algorithm.1 and Algorithm.2, the
majority of the computation is spent on deriving the backward requery ranking lists, which consists of mass pair-wise
similarity computation between gallery images. Note that both
of the two algorithms adopted backward requery to generate
new ranking lists, thus the time-consuming procedure needs
to be done only once for all gallery images.
A traditional way of mass pair-wise similarity computation
is calculating the distance of every image pairs directly and

generating the ranking list based on these distances. Suppose
that the gallery contains n images, the( computation
complexity
)
is O(n2 ) for distance measure and O n2 log n for the ranking
operations. In some practical applications, gallery images are
obtained before querying the probe image, e.g. surveillance
video investigation. In such cases, the computation of our
method is divided into two separate phases. In offline phase,
all gallery images are mutually compared with a computation
(
)
complexity O( n(n−1)
) and a ranking complexity O n2 log n .
2
In online phase, it only needs to compute the distance between the probe and every gallery image with a computation
complexity O(n) and ranking complexity is O (n log n). With
the above two-phrase implementation, the whole algorithm’s
complexity can be greatly reduced and its online part is only
proportional to the size of the top-k+ and bottom-k− , which is
especially suited to those real-time-requiring applications, e.g.
video investigation. Specially, the computation complexity also
relies on the original baseline methods.
IV. R E - RANKING FOR A SINGLE METHOD
The above Section III-A and III-B present our aggregation
approach, which requires two baseline methods. When there
is only one method available for optimization, our aggregation
method is degenerated to a re-ranking method via conductive
similarity and insulative dissimilarity. Specifically, the SRA
is degenerated to a re-ranking method via context similarity
similar to [30, 56]. In detail, the strongly similar galleries are
reduced to the top-k+ retrieval results, i.e. Eq. (1) is rewritten
as:

G+ (p) = Nk+ (p).

(8)

The cross-view based backward requery is reduced to a
simple backward requery, and the revised similarity between
p and g+ ∈ G+ (p) shown in Eq. (2) is simplified to:
Sim(p, g+ ) = w(p, g+ )

Nk+ (p) ∩ Nk+ (g+ )
.
Nk+ (p) ∪ Nk+ (g+ )

(9)

Additionally, the DSRA can be deduced similarly. The
strongly dissimilar galleries of the probe shown in Eq. (5)
is simplified as:
G− (p) = Nk− (p).
(10)
Moreover, the penalization procedure can be reproduced as
shown in Section III-B. Thus, the re-ranking via insulative
dissimilarity is realized.
Totally speaking, our aggregation method can also be simplified to conduct a re-ranking for a single method version.
The re-ranking method can be described as an extended reranking method via context similarity [56], which also takes
the dissimilarity cues into account. Furthermore, the reranking
for a single method is a well illustration of our conductive
similarity and insulative dissimilarity.
V. E XPERIMENTAL R ESULTS
In this section, extensive experiments are conducted on
three publicly available datasets: the VIPeR dataset [20], the
CUHK01 dataset [42] and the PRID450S dataset [43]. We
chose these datasets because they provide many challenges
faced in practical surveillance, i.e., viewpoint, pose and illumination changes, different backgrounds, low image resolutions,
occlusions, etc. Also, they provide two labeled image sets of
persons captured by two cameras with non-overlapping fields
of views, in which images of the same person have the same
label, while images of the different persons have different
labels. Fig. 6 shows some example pictures of these three
datasets. All these person re-id datasets are released based
on hand-drawn bounding boxes from practical surveillance
videos, and these datasets are widely adopted in current person
re-identification works [1, 28]. Alternatively, the bounding
boxes can be achieved by an efficient pedestrian detection
method in many practical applications.
A. Datasets and evaluation protocols
The VIPeR is a dataset that mainly considers the influence
of viewpoint change, and is most widely used for evaluating
person re-identification methods. It contains 632 person image
pairs captured from two different static camera views in
outdoor academic environments. The dataset is challenging
due to the intensive viewpoint changes with most of the
matched image pairs containing a viewpoint change of 90◦ .
Other variations are also considered, such as illumination
conditions and the image qualities as shown in Fig. 6(a). All
the images are normalized to 128 × 48 for experiments.
The CUHK01 dataset is also obtained from two disjoint
camera views in an outdoor campus environment. It is the
one that has the highest number of persons collected by a

single camera pair, thus it is the most representative for a real
scenario. It contains 971 persons with 3,884 images, and each
person has two images in each camera. The person images in
camera A are mostly captured by frontal view or back views
while camera B captures the side views as shown in Fig. 6(b).
All the images are normalized to 160 × 60 for experiments.
As a single representative image per camera view for each
person is considered in this paper, we randomly selected one
image from two galleries per camera view for each people in
the same way as done in [28].
The PRID450S is a new and more realistic dataset. It
contains 450 singleshot image pairs captured over two spatially
disjoint camera views. All images are normalized to 168 × 80
pixels. Different from the VIPeR dataset and CUHK01 dataset,
this dataset has significant and consistent lighting changes and
chromatic variation as shown in Fig. 6(c), which is more challenging. With this dataset, we mainly evaluate the extensibility
of the proposed approach for different illumination conditions.
All the quantitative results are exhibited in standard Cumulated Matching Characteristics (CMC) curves [16]. The
CMC curve is a plot of the recognition performance versus
the rank score and represents the expectation of finding the
correct match inside top k matches. On the other hand, nAUC
describes how well a method performs irrespectively of the
dataset size. Following the evaluation protocol described by
many state-of-the-art works, we randomly partition the dataset
into two even parts, 50% for learning and 50% for testing,
without overlap on person identities. All images from Camera
View A are treated as probes and those from Camera View
B as gallery set. For each probe image, there is one person
image matched in the gallery set. Rank-k recognition rate is
the expectation of finding the correct match within the first
k ranks, and the cumulated values of recognition rate at all
ranks is recorded as one-trial CMC result. With two different
methods, we use the same configuration for experiments at
each trial to get the ranking lists. To achieve stable statistics,
we repeated the evaluation procedure for 10 times.
B. Implementation details
To evaluate the effectiveness of our aggregation method, we
adopted KISSME [19] and SDC [22] as the two main baseline
methods. The reason of selecting these two methods is as
follows: KISSME projects the concatenated feature histograms
into subspace by PCA (Principal component analysis) to obtain
their global information for metric learning, which can be
treated as a global feature based method. In comparison, the SDC extracts distinctive features by finding the salience regions
for constructing robust discriminative descriptions, which can
be treated as local feature based method. The complementarity
of global and local feature based methods can help to improve
the effectiveness of our approach. To further evaluate the
flexibility of the aggregation, other baseline methods, such as
L2 distance, LOMO [57] and SCNCD [44] methods, are also
used for experiment on the VIPeR and PRID450S dataset.
Moreover, to evaluate the effectiveness of dissimilarity,
optimization for a single method is tested on the VIPeR
dataset. To better compare with the re-ranking via context

(a)

(b)

(c)

Fig. 6: Example image pairs captured from three public datasets. Each column shows two images of the same identity from two different
cameras with significant changes on view point and illumination condition. (a) VIPeR dataset; (b) CUHK01 dataset; (c) PRID450S dataset.

similarity [56], three baseline methods, L2 distance, KISSME
and SCNCD are utilized for comparison. And the feature
representation is a combination descriptor consisting of color
and texture features as described in [21].
In addition, the following different terms represent different
configurations. “SRA” denotes the similarity ranking aggregation, “DRA” denotes the dissimilarity ranking aggregation,
“DSRA” denotes the DRA together with the SRA, and
“F usion Baseline” denotes the direct ranking fusion used
as a baseline to verify the superiority of our aggregation over
plain fusion, i.e., two baseline methods are fused based on their
original similarity scores with β as shown in the following
equation:
Sim(p, g) = β · S 1 (p, g) + (1 − β) · S 2 (p, g),

(11)

where S 1 (p, g) and S 2 (p, g) denote the original similarity
scores of two baseline methods, β denotes the weighting
parameter. Compared to α in SRA shown in Eq.(4), α means
the different combining weights of two different baseline
methods after the cross-view based backward requery, while
β is the weighting parameter of two baseline methods.
C. Aggregation Parameters Analysis
The parameters of our method are analyzed in this section.
The baselines methods are set to KISSME [19] and SDC [22],
and both our SRA and DSRA are evaluated for different k+ s
and k− s on the VIPeR and CUHK01 datasets. k+ is shown
in Fig.7(a) while k− is fixed as k− = Nt ∗ 20%, where Nt
is the size of the test dataset, CMC@1 and 5 are reported for
the reason that SRA has more influence on the top ranked
results. For k+ , the peak of CMC@1 is somewhere around
k+ = 40% ∗ Nt . Note that rank-1 matching rate is much
more important than others in real applications. It is evident
from Section III-A that a smaller value of k+ causes fewer
variations in the ranking list, and leads to limited improvement,
i.e. |G+ (p)| is very small, only a few galleries are modified.
On the other hand, when k+ is too large, it may lead to
unreliable strongly similar galleries, thus causing negative
effects. Moreover, the curves drop earlier for CMC@1 than
CMC@5. This further confirms that the conductive similarity
mainly improves the ranking orders of similar galleries.

k− is shown in Fig.7(b) while k+ is fixed as k+ = Nt ∗40%,
CMC@5 and 25 are reported for the reason that DRA has
more influence on the middle ranked galleries rather than the
top ranked results. Using different k− s has slight influence on
CMC@5 for the reason that the insulative dissimilarity mainly
improves the ranking orders of quasi-dissimilar galleries. And
when k− is too large, it may treat lots of quasi-similar
galleries as dissimilar galleries, thus lead to the performance
degradation. The best choice for k− is around 20% ∗ Nt for
CMC@25, because the CMC curves drop quickly when k−
increases further.
The other parameter α is a weighting parameter of two baseline methods similarity scores after cross-view based backward
requery and its impact is shown in Fig 7(c) and (d). It’s easy to
assume that a higher weight is assigned to the better baseline
method. Specially, if the two baseline method achieve the
almost equivalent performance, α is close to 0.5. Meanwhile,
when α = 0 or α = 1 the proposed method is degenerated to
a ranking optimization for a single baseline method. As can
be seen from the experiments, the performance always out
performs the original baseline methods as α changes, which
further which illustrates the effectiveness of the proposed
method. In this paper, α is set to 0.6 for the reason that
KISSME achieves a little higher performance than SDC.
Based on the above experiments, all the parameters are
selected based on the test dataset size, while the k+ is about
35% − 45% of the test dataset size, correspondingly, k− is
about half of k+ . Basically, k+ should be relatively larger
in order to achieve enough strongly similar galleries. On the
contrary, if k− is too large, the correct match may be treated
as false match. For the three datasets, the parameters are set
based on their test dataset size (Nt ) as follows: k+ = Nt ∗40%
and k− = Nt ∗ 20% for the VIPeR and CUHK01 datasets.
Additionally, to illustrate the practicability, we choose k+ and
k− based on this rule, while the test dataset sizes for three
datasets are Nt = 316, 485 and 225, respectively.
D. Aggregation Evaluation
Effectiveness. The results of the experiments conducted on
VIPeR and CUHK01 datasets are shown in Fig. 8. As can be
seen from Fig. 8(a), our approach yields consistent improvement compared with the baseline KISSME [19] and SDC [22].
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Fig. 7: Parameters analysis based on KISSME [19] and SDC [22] on the VIPeR and CUHK01 dataset. (a) k+ is the parameter of the SRA;
(b) k− is the parameter of the DRA; (c) and (d) α is the weighting parameter of two baseline methods.
Specifically, “DSRA” achieves nearly 18% improvement at
rank 1, and 20% at rank 5 on the VIPeR dataset compared with
the original baseline methods. In particular, rank 1 matching
rate is around 35% for “SRA” with merely similarity ranking
aggregation, and 39% for “DSRA” with further dissimilarity
ranking aggregation. Comparing to the direct combination
“F usion Basline”, our method has significant improvement,
both similarity ranking aggregation and dissimilarity ranking
aggregation achieved promising results. In addition, we also evaluate the performance of the DRA conducted on the original
baseline input (RL1 (P ) or RL2 (P )), the experimental results
of “KISSM E + DRA” and “SDC + DRA” are shown in
Fig.8, which verified the effectiveness of the dissimilarity cues
further.
The results of another experiment conducted on the
CUHK01 dataset are shown in Fig. 8(b). The improvement
achieved by “DSRA” is about 10% and 18% at rank 1
and rank 10, respectively, compared to the better original
baseline methods. This further validates the effectiveness of
our aggregation methods, both SRA and DSRA. In a word,
both the conductive similarity and insulative dissimilarity can
help to improve the performance of person re-identification.
Flexibility. To verify the flexibility of our proposed method,
another three experiments are conducted to answer the following three questions:
Does it work with a naive L2 distance? The first experiment
is implemented with a classical L2 distance, two unsupervised
visual descriptors from [17] and [57] are adopted as two
original input baseline methods, the descriptors are measured
with a naive L2 distance. As can be seen from Fig. 9 (a), the
improvement is also quite satisfying, although not as large as
before. The main reason is that the methods used as baselines
do not work well with the L2 distance, which limits the overall
performance.
Does it work with other baseline methods? The second
experiment is conducted with the two baseline methods, LOMO [57] and SCNCD [44] on the VIPeR dataset, verifying
the effectiveness of our aggregation method on other baseline
methods. Note that these two baseline methods are both newly
proposed with high performance and low complexity, and
their parameters are set as described in the previous section.
The experimental results are shown in Fig. 9 (b). As can be

TABLE I: Runtime comparative results of offline and online phases
on the VIPeR dataset. Note that off-line processing contains the training time and the backward requery time. “+” means the additional
backward requery time. The results are reported in seconds (s).

Time (s)

Offline
LOMO
SCNCD
5.09+1.02 0.64 + 0.06

Query
1.22

Online
Aggregation
2.04

seen from the figure, our aggregation method can be well
applied to other baseline methods. Moreover, by aggregating
these two methods, our aggregation method achieved the best
performance on the VIPeR dataset.
Does it work on other datasets? The third experiment is
presented to illustrate the availability of our method to other
datasets. The LOMO [57] and SCNCD [44] are adopted as the
baseline methods and our aggregation method is evaluated on
the PRID 450S dataset. As shown in Fig. 9 (c), the matching
rate at rank 1 rises form 59.2% to 64.4%, while the relatively
improvement is about 9%. In a conclusion, our aggregation
method and the proposed parameter selection can be easily
applied to other datasets.
Efficiency. In this part, we test the runtime of off-line
and on-line processes of our aggregation method to illustrates
the efficiency. The experimental environment is a desktop
PC with an Intel i7-5500U @2.40GHz CPU. All algorithms
are implemented in MATLAB. And the time reported mainly
focuses on off-line backward requery and on-line ranking
aggregation. Specially, the off-line processing contains LOMO
training and SCNCD training, and backward requery. And
the on-line processing mainly contains the probe and the
ranking aggregation. All the reported time is averaged over
10 random trials on the VIPeR dataset. To speed up our
algorithm, we implemented that similarity and dissimilarity
part in a simultaneous way, i.e., we compute the step 1-13
in Algorithm 2 parallelly with the SRA. As can be seen in
Table I, online processing is less time-consuming than offline processing. Although the ranking aggregation leads to a
little increase in computation time, it still satisfies some realtime-requirement applications. In addition, the computation
time can be further reduced by implementing the algorithm
via other efficient languages instead of Matlab.
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Fig. 9: Flexibility of our proposed method. (a) Experiment on the VIPeR dataset based L2 distance with two visual features on [17] and
[57]; (b) Experiment on the VIPeR dataset based on LOMO [57] and SCNCD [44]; (c) Experiment on the PRID 450S dataset based on
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E. Aggregation of other baseline methods
Table II shows the performance achieved by aggregating
other baseline methods to show the universality of our DSRA.
Totally, six baseline methods (including a naive L2 distance
based method, three classical person re-id methods, i.e.,
SDALF [18], KISSME [19] and SDC [22], two state-of-theart baseline methods, i.e., LOMO [57] and SCNCD [44])
are implemented to evaluate the superiority of our ranking
aggregation further. They are aggregated in pairs as shown in
Table II. As can be seen from this table, the proposed DSRA
has achieved consistent improvements compared with the original baseline methods, though at different degrees. This result
shows the effectiveness of the proposed algorithm. Particularly,
if the two baseline methods have strong complementarity, the
improvement would be quite obvious. For example, LOMO is
a local descriptor generated by local maximum processing caring more about local information, and SCNCD is an integrated
descriptor extracted by PCA focusing on the global miniature.
The improvement of their aggregation is about 30% over the
better LOMO algorithm due to the strong complementarity of
global and local features. On the contrary, the aggregation of
SDALF and SCNCD does not perform as well as others. This
is because SDALF is also an integrated descriptor which can
also be treated as a global-feature based method. Their weak

complementarity leads to the limited improvements. On the
other hand, if the original baseline methods do not work well,
i.e., a naive L2 distance based method, the overall performance
will also be limited. It can be seen from the aggregation results
between L2 and SDALF, L2 and KISSME. It is concluded that
the proposed method can be well applied to combine other
baseline methods.
F. Optimization for a single method
In this section, we’ll present our optimization for a single
baseline method. Especially, multi-feature matching based on
a classic metric method L2 distance and KISSME [19] are
adopted for comparison because their higher speeds facilitate
fast testing.
Parameter Analysis. Two important parameters k+ and
k− are analyzed for the optimization of a single baseline
method. Note that the baseline method is the original KISSME
[19]. And CMC@1, CMC@5 and CMC@15 on the VIPeR
dataset are reported for different k+ s and k− s as shown
in Fig 10. Similar conclusions to previous sections can be
made here. The conductive similarity mainly improves the
ranking orders of quasi-similar galleries, while the insulative
dissimilarity mainly penalizes the ranking orders of quasidissimilar galleries.

TABLE II: Different baseline methods aggregated in pairs on the
VIPeR dataset. The results are conducted by “DSRA”. “↑ @1” indicates the improvement ratio compared to the better original baseline
method at rank 1. The matching rates are reported in percentage (%).

Rank →
L2
SDALF[18]
KISSME[19]
SDC [22]
SCNCD[44]
LOMO[57]
L2+SDALF
L2+KISSME
SDALF+KISSME
SDALF+SDC
SDALF+SCNCD
SDALF+LOMO
KISSME+SDC
KISSME+SCNCD
KISSME+LOMO
SDC+SCNCD
SDC+LOMO
SCNCD+LOMO

r=1
10.70
19.87
22.63
23.32
37.09
40.00
19.92
22.98
25.42
27.56
37.32
42.37
39.07
37.85
45.60
43.58
43.32
52.37

r=5
19.78
38.89
50.13
43.73
64.21
64.40
39.03
50.32
53.02
59.52
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68.86
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68.80
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Fig. 10: Different k+ s and k− s based on KISSME [19] on VIPeR.
k+ and k− are the parameters of the similarity ranking optimization
and the dissimilarity ranking optimization, respectively.

Effectiveness. To verify the effectiveness of our proposed
method, experiments with other three baseline methods are
conducted on the VIPeR dataset and the results are shown
in Fig.11 (a-c) and the results of another experiment on the
CUHK01 dataset are shown in Fig.11 (d). The parameters are
set as k+ = 60 and k− = 60 in all the experiments. Several
conclusions can be drawn from these figures: (1) Conductive
similarity can truly improve matching results by pulling the
quasi-similar galleries. As shown in Fig.11, our “SRA” has
5-10% improvements compared to the baseline methods. (2)
Insulative dissimilarity ameliorates the results by pushing the
quasi-dissimilar galleries. Specially, according to the growth
rate of the CMC curves, the “SRA” mainly improves the top
part of the ranking list which corresponds to the quasi-similar
galleries, while the “DRA” improves the middle part with
a higher increasing speed which corresponds to the quasidissimilar galleries. (3) Combination (DSRA) of the two cues
truly improves the matching results further.

G. Comparison with other ranking optimization methods.
Firstly, the comparison of our DSRA with other ranking optimization methods is shown in Table III, including
some ad hoc re-ranking methods in person re-identification
and some general re-ranking algorithms in general object
retrieval.It expresses the improvement magnitude. Our ranking
aggregation method can categorized into two versions: ranking aggregation for two input baseline methods (Section.III,
termed as DSRA2 ) and ranking optimization for a single input
baseline method (Section.IV, termed as DSRA1 ). Therefore,
the comparison are conducted in two folds: (1) Two ranking
fusion methods in general image retrieval, graph fusion [39]
and random walk [58] are compared. For a fair comparison, we
implemented all methods under the same baseline (KISSME
[19] and SDC [22] are treated as two input baseline methods)
and report the matching rates after re-ranking directly. For
the “RW PRA”, one of the input baseline method is utilized
as prior information which is similar to [58]; (2) We also
compared our results with the other two ad hoc ranking
optimization methods, which are SB [48] and Bi-ranking [30].
Considering [48] and [30] conduct ranking optimization based
on a single input baseline method rather than two methods, we
adopt the single input version as described in Section.IV for
a fair comparison. As their common input, KISSME [19] is
used in all these methods as shown in Table III.
As can be seen from Table III, the re-ranking methods in
general information retrieval usually do not work well in the
person re-identification task. The reason can be ascribed as
follows. In general image retrieval, a core assumption is that
the expected groundtruths of the query image always appear
in the top k, but it differs for current person re-identification
task, where the top k results contain too many false matchings
because the number of ground-truth is much less than general
image retrieval [50], making the general algorithm difficult
to converge and easily to generate false matching due to the
introduction of sample noises. In addition, by introducing the
dissimilarity cues, our DSRA has consistent improvements for
the re-identification task.
VI. C ONCLUSION AND F UTURE WORK
In this paper, we investigated ranking optimization approaches for the person re-identification problem, and suggested a novel and efficient ranking aggregation method
considering both similarity and dissimilarity. Specifically, a
combination of similarity and dissimilarity relationships is
innovatively utilized for person re-identification task, although
dissimilarity relationship is seldom investigated in pervious
works. The main idea is that the correct match should be similar to the probe’s strongly similar galleries and dissimilar to the
strongly dissimilar galleries. In addition, ranking aggregation
is firstly introduced in person re-identification task, which is
applicable to combine different baseline methods to achieve
better results. Extensive experiments on three public datasets
with multiple different baseline methods input have validated
the effectiveness of our proposed method.
In the list below we outline a number of ideas for future
work,
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Fig. 11: Effectiveness of our method for a single baseline method. (a) L2 distance based method on VIPeR; (b) Original KISSME [19] on
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TABLE III: A comparison on improvement magnitude of different
ranking optimization methods (%). “RW PR” represents random
walk with partial ranking, while “RW PRA” is partial ranking with
additional information [58]. “ DSRA2 ” represents our DSRA for two
input baseline methods while “DSRA1 ” is for a single input baseline
method version. The matching rates are reported in percentage (%).

Rank
r=1
Method
KISSME [19]
22.63
SDC [22]
23.32
Fusion Baseline
31.23
Graph fusion [39]
29.13
RW PRA [58]
34.18
DSRA2
39.07
KISSME + RW [58]
23.56
KISSME + Bi-ranking [30] 24.56
23.75
KISSME + SB [48]
KISSME + DSRA1
25.32

•

•

•

r = 5 r = 10 r = 25
50.13
43.73
58.54
58.51
62.71
68.29
53.24
54.46
52.47
56.78

63.40
54.32
69.03
74.15
74.02
79.82
67.05
68.67
66.73
70.03

82.12
68.45
82.34
84.52
85.13
90.82
84.23
85.34
83.84
86.40

Our proposed aggregation method chooses k+ and k−
based on the dataset size, it may produce two problems
when conducted in a practical dataset with millions of
items, the computational cost will be increased and many
not-so-similar items will be regarded as similar. To this
end, we will further refine the parameter adjustment in
the future. We may choose a small proportion of the
original results to conduct the ranking aggregation for
the reason that most of the wrong results can be filtered
by the original baseline methods. Only a small subset is
filtered out for optimization, this strategy will reduce the
computational cost significantly.
Currently, the proposed method is evaluated on public
datasets which are achieved by hand-drawn bounding
boxes. We will further investigate this problem under a
more open environment (in real applications) to test the
effectiveness of the proposed method.
We infer that this principle (conductive similarity and
insulative dissimilarity) can also be a generalized to other
fine-grained problems, for instance, face recognition. We
will further investigate the idea in other applications in
the future.
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