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ABSTRACT

Matching specific persons across scenes, known as per-

son re-identification, is an important yet unsolved computer

vision problem. Feature representation and metric learning

are two fundamental factors in person re-identification. How-

ever, current person re-identification methods, which use sin-

gle handcrafted feature with corresponding metric, could be

not powerful enough when facing illumination, viewpoint and

pose variations. Thus it inevitably produces suboptimal rank-

ing lists. In this paper, we propose incorporating multiple

features with metrics to build weak learners, and aggregate

the base ranking lists by AdaBoost Ranking. Experiments

on two commonly used datasets, VIPeR and CUHK01, show

that our proposed approach greatly improves recognition rates

over the state-of-the-art methods.

Index Terms— Person Re-identification, AdaBoost,

Ranking, Base Model.

1. INTRODUCTION

Person re-identification targets at matching pedestrians across

multiple cameras of non-overlapping fields-of-views (FOVs).

With the increasing applications in security assurance and

forensics, the research of person re-identification has been at-

tracting increased attentions [1, 2]. Despite of the progress

made in recent years, ample room for person re-identification

research exists, particularly, in complex real world scenes of

illumination, pose and viewpoint variations.

Feature representation and metric learning are two funda-

mental problems of person re-identification. For better repre-

sentation, researchers have tried various features that are ro-

bust to appearance variations [3, 4, 5, 6]. Yang et al. [6] use a

salient color names based color descriptor (SCNCD), which

consists in a probability distribution over 16 color names.

Kviatkovsky et al. [4] design illumination-invariant features

which keep the relationship of colors in a log color space.

Farenzena et al. [3] exploit the symmetry property of human

body to build a robust description. On the other hand, metric

learning [7, 8, 9] targets at maximizing intra-class distance

and minimizing inter-class distance. For example, Zheng et

al. [8] introduce a Probabilistic Relative Distance Compari-

son (PRDC) model to maximize likelihood of true matches.

Li et al. [9] convert the person re-identification problem to

multiple 0-1 classification problems, and propose the Locally-

Adaptive Decision Function (LADF) to learn a locally adap-

tive threshold as classification criteria.

Considering that different features and metrics could deal

with different challenges, feature/metric ensemble approach-

es including rank voting, probability ensemble [10] and SVM

based ensemble [11, 12] have been investigated. Xiong et al.

[10] propose a probability ensemble approach, which com-

bines seven kinds of metrics on four kinds of features by mul-

tiplying their probabilities. Paisitkriangkrai et al. [12] train a

structural SVM model to weight base metrics. Existing fea-

ture/metric ensemble approaches have reported performance

gains; however, these ensemble approaches haven’t fully ex-

plored the complementarity among features and metrics.

In this paper, we propose a new approach called AdaBoost

ranking, which formalizes the ranking problem as a new ‘clas-

sification’ problem on permutations. Given features and met-

rics, we exhaustively match them to obtain base models. Base

models play the roles of “weak classifiers”, and the ensem-

ble of them is a “strong classifier”. The ensemble training

procedure assigns weights to different base models using Ad-

aBoost Ranking algorithm. It increases the weights of false-

ly matched samples. The two procedures of base model re-

weighting and sample re-weighting alternate in each training

iteration. After training, we first calculate the base ranking

lists using learning based models, by which we calculate the

final person re-identification results by a weighting scheme.

The contributions of the paper are as follows:

1. We propose AdaBoost ranking ensemble for person

re-identification. Benefitting from the richer capacity in fea-

ture representation and metric learning, it can improve the di-

versity, coverage, and accuracy of models. Rather than ex-

tracting different features and concatenating them into a long

vector, or putting empirical weights to metrics, our approach

obtains the final model by a learning algorithm that optimizes

the ranking results. Therefore, it is more adaptive to various

video scenes. Negative feedback scheme puts more weight-

s on the wrongly ranked samples. So samples being poorly

ranked by one weak hypothesis could be compensated by an-



Fig. 1: The flowchart of the proposed approach. (Better Viewed in Color)

other.

2. We propose a cross-training strategy during the learn-

ing stage and adopt top-β threshold as the evaluation crite-

ria of base models. These two strategies ensure the feasibil-

ity and reasonableness of AdaBoost ranking for person re-

identification.

The rest of the paper is organized as follows. We describe

the proposed approach in section 2, and present experimental

results in section 3. We conclude the paper in section 4.

2. OUR APPROACH

Ranking is the key point of the person re-identification. That’s

because given a probe image and a gallery set, we need to

rank the correct image before others, even not at 1st rank, but

at least most of others. It is extremely hard to have a criterion

to classify whether it is the corresponding image or not. What

we do is to design a mechanism to make the correct one rank

higher and make wrong images lower. All elaborated hand-

crafted features and metrics are designed to achieve this goal.

We’d like to refer these methods as weak models to person re-

identification, as weak classifiers to AdaBoost. To this end,

we adopt an AdaBoost framework to assemble weak models

effectively and build final ranking list with ”weak lists”.

In this section, we detail the person re-identification ap-

proach demonstrated in Fig.1 by presenting the AdaBoost

ranking method (Section 2.1) and base models (Section 2.2).

2.1. AdaBoost Ranking

We define sample image pairs Pi,g = {pi,j = (xp
i , x

g
j ), j =

1, . . . , n}, where pi,j indicates the i-th person xp
i from the

probe set and xg
j the j-th person from the gallery set. There-

fore, pi,j represents a pair contains the same person from the

two sets when i = j. h(Pi,g) is defined as a weak hypothesis,

calculating base ranking list of the xp
i with the whole gallery

set based on each base model. rank(xg
j , h(Pi,g)) defines the

ranking position of the j-th person xg
j in gallery set in base

ranking list of h(Pi,g). Dt(Pi,g) defines the weight of xp
i

from the probe set, Dt = {Dt(Pi,g), i = 1, . . . , n} means the

distribution of images in the probe set in t-th iteration, which

is updated in every loop. According to this distribution, we

select the best weak hypothesis hk∗ in this iteration.

During the training stage, considering that current well-

designed metric learning methods often overfit the training

set, it is difficult to distinguish which one is the best hypothe-

sis. To address this problem, we partition the training set into

two parts: part A and part B, as shown in Fig. 1. One is used

for training metric matrix M of base models, the other is used

for evaluating such base models. we then alternate these two

parts for training and evaluating in each iteration. Such cross-

training strategy can avoid overfitting caused by training on

the same set in every iteration. Since the state-of-the-art per-

son re-identification usually performs under 50% accuracy for

rank-1, we relax the constraint by forcing the corresponding

image to be at top-β (β = 5 empirically) instead of at top-1.



Algorithm 1 AdaBoost Ranking

Given: P = [P1,g, P2,g, . . . , Pn,g]
Initialize D1(Pi,g) (usually set to 1/n where n is the total

number of samples).

for t=1, . . . ,T do
choose k∗ = argmin

k
εk

where εk =
∑
i

Dt(Pi,g)f(hk(Pi,g))

set base hypothesis ht = hk∗

compute αt =
1
2 ln(

1−ε
ε )

update Dt+1(Pi,g) =
Dt(Pi,g) exp(−αtf(ht(Pi,g)))

Zt

where Zt is a normalization factor (chosen so that

Dt+1 will be a distribution)

end for
Output the final hypothesis H(P ) =

∑
t
αtht(P )

We formulate the classification of the weak hypothesis as

f(h(Pi,g)) =

{
1, rank(xg

i , h(Pi,g)) ≤ β

−1, otherwise.
(1)

Following the procedure of Algorithm 1, each selected

base model has a ranking list in the testing stage. We ag-

gregate the final rank by these ranking lists as

H(P ) =
∑
t

αtht(P ), (2)

where P denotes the samples of probe set, and αt denotes the

weight of weak hypotheses ht at the t-th iteration, as detailed

in Algorithm 1. And ht = hk∗ is selected based on the mini-

mal error rate εk of all base models. In a word, we obtain the

final ranking list by adaptively assembling base ranking lists.

2.2. Base Models

We obtain base models by exhaustively combining the fea-

tures and metrics.

2.2.1. Features

Based on the assumption that richer features can better repre-

sent the persons, we utilize four kinds of off-the-shelf features

to represent the persons in our approach.(Some researchers

adopt single type of features [13, 14]. We don’t follow them

because those one type feature descriptors are too weak to

construct a weak learner, even loosening the rank position to

top-β.) The features include:

1.Background weighted Color naming (CN) and HSV his-

togram. CN [15] project color space into 11 color names. We

assign an empirical weight to integrate foreground and back-

ground information to extract HSV and CN histogram.

2. Local Maximal Occurrence Feature (LOMO). LO-

MO [16] uses multiscale Retinex and Scale Invariant Local

Ternary Pattern (SILTP), which contains vivid color informa-

tion and illumination invariant texture.

3. Ensemble of Localized Features (ELF6). ELF6 [8] is

computed from histograms in six equally divided horizontal

stripes. 8 color channels and 21 texture filters are used for

histogram representation.

4. Weighted Histograms of Overlapping Stripes (WHOS).

WHOS [17] is based on coarse, striped pooling of local fea-

tures.
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Fig. 2: CMC comparison on VIPeR and CUHK01 datasets.

2.2.2. Metrics

Based on the feature representation above, we select three ef-

fective methods to perform metric learning.

1. Kernel Local Fisher Discriminant Classifier (kLFDA)

[10]. It is a nonlinear extension of LFDA [18], which con-

ducts supervised dimensionality reduction on LFDA.

2. Locally-Adaptive Decision Function (LADF) [9].

LADF learns a locally adaptive threshold as classification

criteria.

3. Cross-view Quadratic Discriminant Analysis (XQDA)

[16]. It is an extension of Bayesian face and KISSME [7]

approaches to cross-view metric learning.
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Fig. 3: Evaluation of feature ensembles.

3. EXPERIMENTS

We evaluate our proposed approach on two commonly used

public datasets: VIPeR and CUHK01. To quantitatively eval-

uate the effectiveness of the proposed approach, the cumula-

tive match characteristic (CMC) [19] curve is used for perfor-

mance evaluation. We ran 10 trials and reported the average

performance of experimental results.

3.1. Datasets

VIPeR [14] is a challenging and popular dataset for person

re-identification. There are 632 pedestrians with resolution

128 × 48. Each person has two images from different cam-

eras. In our experiments, we randomly select half of the im-

age pairs (i.e. 316 pairs) for training , and the rest for testing.

CUHK01 [20] is another widely used dataset. There are

971 pedestrians with resolution 160 × 60. Each person has

four images from different views. We adopt single shot exper-

iment setting, to randomly select one image from each view,

and then randomly select half of the image pairs (486 pairs)

for training, and the rest for testing.

Table 1: Top rank comparisons with the state-of-the-arts on

the VIPeR and CUHK01 datasets.

Method
VIPeR(p=316)

r=1 r=5 r=10 r=20 r=50

PRDC [8] 15.66 38.42 53.86 70.09 80.00

LADF [9] 29.11 61.39 75.63 87.66 97.15

PatMatch [5] 26.90 47.47 62.34 75.63 90.51

SalMatch [21] 30.16 52.31 65.54 79.15 91.49

Ensb [10] 36.1 68.7 80.1 85.6 -

LOMO+XQDA [16] 40.00 64.40 80.51 91.08 98.54

CMCtop [12] 45.89 77.5 88.9 95.8 -

Proposed 56.20 80.92 89.65 95.92 98.96

Method
CUHK01(p=486)

r=1 r=5 r=10 r=20 r=50

SDALF [3] 9.90 22.57 30.33 41.03 55.99

PatMatch [5] 20.39 34.12 41.09 51.56 68.42

SalMatch [21] 28.45 45.85 55.68 67.95 83.53

LOMO+XQDA [16] 43.48 66.91 75.11 83.38 91.88

CMCtop [12] 53.68 76.11 84.21 90.53 -

Proposed 55.05 78.35 84.53 91.13 96.49

3.2. Performance and comparison

In Fig. 2 and Table 1, we compare our approach with the

recent representative approaches [8, 9, 5, 21, 10, 12, 16]. A-

mong these methods, [12] is the structural SVM learned en-

semble approach, and [10] is the probability ensemble ap-

proach. The rest of them are simplex. As shown in Table

1, on the VIPeR dataset, our approach results in consistently

better performance than the other approaches. Specifically,

the rank-1 accuracy of our approach (56.20%) is 10% high-

er than [12] and 16% higher than [10]. Our approach also

achieves the state-of-the-art results (55.05%) on CUHK01.

For further validation, we fix single metric and compare

the results of single base models with the ensemble of all fea-

tures by our method on VIPeR. In Fig. 3, it can be seen that

LOMO+XQDA is the best base model (38.67%) which is pro-

posed in [16]. Our final result is over 17% higher than it.

Three subfigures show that using only feature ensembles also

gains performance improvement from base models through

our approach (8.2%, 13.4%, 13.0% respectively). Our final

improvement of recognition accuracy are two stages: the first

stage is the ensemble of features, the second stage is the en-

semble of the results of above stage.

4. CONCLUSION

We have proposed a simple but effective AdaBoost ranking

ensemble approach for person re-identification. Experimen-

tal results with comparisons to other representative methods

are provided, which indicate that the proposed approach out-

performs other ensemble based person re-identification ap-

proaches, and achieves state-of-the-art performance.
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