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ABSTRACT 

 
In this paper, we propose a part-based topology model and a 
pedestrian detection method, which obviously improve the 
detection accuracy. In Our method, pedestrian is divided into 
several parts. Firstly, histogram of oriented gradients (HOG) 
features and linear support vector machine (SVM) classifier 
are used to detect pedestrian parts. Secondly, a novel binary 
descriptor called log-polar pattern (LPP) is proposed to rep-
resent the spatial relation of a part pair. Then multiple LPPs 
are combined as a log-polar topology pattern (LTP) to model 
the global topology of a pedestrian. Finally, we put the LTP 
into One-Class SVM (OC-SVM) to determine whether the 
detected parts indicate a pedestrian or not. Experiments in 
INRIA dataset show that our method is robust to occlusion 
and multi-postures, which obviously reduces the miss rate. 
 

Index Terms—Pedestrian detection, Support Vector 
Machine, Log-polar Topology Pattern 
 

1. INTRODUCTION 
 
Pedestrian detection has been a very important research topic 
in image analysis with a number of potential applications, 
such as video surveillance robotics and driver assistance.  
Although extensively investigated in recent years, pedestrian 
detection is still a challenging problem due to the complex 
backgrounds, varied illumination conditions and various 
views and postures. 

The existing work of pedestrian detection can be divided 
into two strategies. The first strategy is to define a global 
representation for pedestrians, then use a classification pro-
cedure to perform detection [1, 2, 3, 4]. The global represen-
tation is usually defined as a group of local features (such as 
Haar-like [5], HOG [6] or LBP [7] features) extracted from 
fixed locations. These features from different locations are 
assigned different importance by classifiers in the training 
process. These approaches with global representations report 
a good performance when detecting pedestrians of small 
view/posture variation. However, when facing pedestrians of 
large view/posture variation in images, these approaches 
often fail since the feature locations are fixed and cannot 
adapt to the view changes or deformations of pedestrians. 

The second strategy of pedestrian detection is to use a 
part-based representation, and perform detection by evaluat-
ing both the parts’ responses and the topology of each part 
[8, 9, 10]. In [8], Haar-like features are trained with SVMs to 
detect parts, and then an empirically defined topology is 
used to represent pedestrians. In [9], Wu et al. introduced 
maximum a posterior (MAP) estimation to locate each part 
of pedestrian and model their topology. In [10], a deformable 
part-based model (DPM) is proposed for pedestrian detec-
tion, pedestrian parts and their spatial bias are modeled with 
a structure SVM of latent variables. In the training and de-
tection phase, a local searching operation is applied to opti-
mize the location deformation of each part. In [11], an exten-
sion to the DPM is proposed, which allows for sharing of 
object part models among multiple mixture components as 
well as object classes. This results in more compact models 
and allows training examples to be shared by multiple com-
ponents, ameliorating the effect of a limited size training set. 
DPM methods report the state-of-the-art performance. But 
they suffer from the loss of global topology when performing 
part location, which will bring out false detection results in 
clutter background.  

The work of this paper is inspired by the part-based de-
tection model which is powerful and general for articulated 
body. We segment a pedestrian object into parts, and then 
the HOG feature is adopted to describe each part. We con-
struct a descriptor, called log-polar topology pattern (LTP), 
to represent the topology of a pedestrian. On the extracted 
HOG and LTP descriptors, two kinds of SVMs, linear and 
One-Class SVMs [12], are employed respectively to train 
part models and a global topology model for pedestrians. 
Compared with the DPM methods, our method depends on 
global topology description in spite of deformation or move 
of local parts to deal with the view and posture problem, 
which brings a novel way for pedestrian detection. 
 

2. PEDESTRIAN DETECTION METHOD 
 
2.1 Overview of the method 
 
Our method is based on a Discriminative model. Fig.1 shows 
the flowchart of the proposed method, which includes two 
phases: part detection and topology model. We first perform 
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a local dense search and optimize the locations of each part 
by referencing the method of [10]. On the optimized part 
locations of samples, linear SVM models are trained for 
parts detection, which will be detailed in section 2.2. Since 
the locations of parts are not accurate, we extract a LTP de-
scriptor for each sample according to its topology and a pre-
learned OC-SVM classifier is used to classify pedestrian or 
non-pedestrian, which will be detailed in section 2.3. 

Input Image Part Detection

Dense scan Part location

Topology Modeling Detection result

 
Fig.1. Flowchart of the proposed detection method 

The final discriminative functions are shown in Eq.(1-2) 
to determine the detection results: 
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where ,i HOGF  denotes a HOG feature vector extracted from 

part i, while i represents the weight vector of a linear SVM. 

LTPF  denotes a LTP descriptor, and is the weight vector 
for OC-SVM. The first term of Eq.(1) computes the scores 
of part detection. The second term is the score of topology. 
In Eq.(2), ( )f x  denotes the final classifier, when ( ) 1f x  
denotes a pedestrian, and ( ) 0f x  is a negative.  is the 
threshold determined empirically.  

 
2.2 Part detection 
 
In the part detection procedure, HOG features [6] are used to 
represent each pedestrian part. We first calculate the gradient 
orientation of each pixel. In a 8×8 pixels sized cell we calcu-
late a 9-dimensinal HOG features by calculating the 9-bin 
histogram of gradient orientations of all pixels in this cell. 
Each block contains 4 cells, and 36-dimensional features are 
extracted from a cell. Each part is represented by K blocks, 
and 36K-dimensinal HOG features ,i HOGF are extracted.  

In the training phase, we reference to the work in [10] to 
calculate the weight vector i  in Eq.(1) with an iterative 
algorithm, which alternates between fixing latent values for 
positive samples and optimizing the latent SVM objective 
function. Then a total of P parts’ locations can be obtained 
in this stage. At the same time, P linear SVMs are trained 

corresponding to the first term of Eq. (1). The training set we 
adopt is INRIA [6]. 
 
2.3 Topology Modeling with LTP Descriptor  
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Fig.2. LPP and LTP descriptor extraction 

LPP descriptor: As shown in Fig.2, (a) is the training sam-
ple set, and according to (b) a log-polar pattern (LPP) can be 
formed by using a log-polar histogram. The polar radius and 
polar angle between the centers of a part pair are used to 
represent the spatial relation between them. Assuming using 
m bins for log and n bins for , the spatial relation of a 
part pair can be represented as a m n  dimensional vector of 
binary values. We use the Euclidean distance to represent 
the spatial relation between part i and j, and computed as 
Eq.(3). The polar angel can be computed from Eq.(4), and 
the angle scope of each bin is non-uniform in our experiment, 
which can be modulated for proper pedestrian postures. 
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where iX and iY  denote the center point of a part, and the 

parameter  is used to limit the angle scope in [0, 2 ) . 
( )ijmax  denotes the maximum distance of  each pair of 

parts. 
As shown in Fig.2, the relation is denoted by the di-

rected connection between a part pair. Given a pair of rela-
tive parts in topology, such as head and right shoulder 
(shown in Fig.2(b)), we consider head as the pole of the log-
polar coordinate system, so that the right shoulder is project-
ed in a particular bin by computing the parameters  and , 
as shown in Eq.(3-4). By filling in the projected bin with 1 
and others with 0, a m n  dimensional vector of binary val-
ues is constructed as a LPP descriptor. 
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LTP descriptor: After gaining the LPPs of each relative 
pair of parts, a log-polar topology pattern (LTP) is formed to 
represent the part topology of a pedestrian. As shown in 
Fig.2(d), the directly connected parts are empirically consid-
ered as the topology of pedestrians. We extract the LPP de-
scriptors in each pair of parts and combined them together as 
the LTP descriptor for a pedestrian, as shown in Fig.2(c). It 
is known that when a pedestrian part is moving, it leads to 
the movement of the relative part.  Taking left foot and upper 
leg movements for an instance, in log-polar coordinated sys-
tem, upper leg is taken as the origin and left foot will be 
projected in a bin which covers a broader angle scope, so 
that the relative local deformation problem can be well 
solved.  
Topology modeling: After calculating the LTP feature vec-
tor, an OC-SVM is adopted to train the pedestrian topology 
model and distinguish pedestrian from non-pedestrian. OC-
SVM does not require negative samples, which is suit for 
topology relation description because of the difficulties in 
collecting all the possible non-pedestrian relations. The 
training phase is formulated as the following optimization 
problem: 
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Eq.(6) is the constraint to Eq.(5), which ensures that training 
samples should be correctly classified, where lR is the 
weight vector gained from OC-SVM, ,i LTPF  is the LTP fea-

ture vector of the thi sample, and l is the number of training 
samples. After solving Eq.(5-6), we obtain weights and the 
weighted feature vectors of samples.  

Algorithm 1 Topology modeling procedure 

 

The topology modeling procedure is summarized as Al-
gorithm 1. Here we provide an example of training topology 
model. Given M training samples each of which contains P 
parts. 

ijLPP is the LPP feature represent the relation between 

part i and j. i
LTPF is the LTP feature of the thi  sample. 

 
3. EXPERIMENTAL RESULTS 

 
The INRIA pedestrian dataset [6] is used to train models and 
evaluate the proposed detection approach. In the dataset, 
there are 2416 samples for training and 288 images for test-
ing. Testing images cover pedestrians of diverse postures and 
complex backgrounds. 

While extracting the LPP descriptor, we define the log-
polar histogram as 5 8  dimensions, and formulate the LTP 
descriptor as a 320 dimensional vector. The angle scope of 
each bin is non-uniform. Especially, the widest pace covers 
90 degrees and the narrowest covers 30 degrees in our exper-
iment. For the final classifier, we adjust the threshold  in 
Eq.(2) to pursuit a better tradeoff between miss rate and 
False Positive Per-Image (FPPI). We define a correct detec-
tion as the overlapping between the predicted region and the 
ground-truth region is more than 50 percent [6]. The non-
maximum suppression value is set as 0.5. 

 
Fig.3 Performance and comparisons on INRIA dataset. 

In Fig.3, we plot miss rate versus false positives per im-
age (FPPI) as a common reference value and use log-average 
miss rate as a common reference for summarizing perfor-
mance. We compare LTP method with some global represen-
tation method [6,8,15] and part-based method [11,14]. It is 
obvious that the LTP method performs better than others 
with a log-average miss rate of only 22%, while others 
achieve miss rate around 25-46% (the lower curves indicate 
better performance). Since restraining the parts combination 
in a trained topology model, some false detection without a 
regular topology can be rejected, our proposed method thus 
is more robust in reducing the false alarm rate. In particular, 

1. Input Data: 
Pedestrian samples with part locations; 

2. For j=0 to M 
For 1i to P 

Extract LPP descriptor ijLPP ; 

        End for 
Construct topology descriptor, 

0 ,...,
Tj j j

LTP PF LPP LPP ; 

      End for 
Construct feature matrix: 0 0{ , ,..., }M

LTP LTP LTPF F F ; 
3. Training model by solving optimization in Eq.(5-6); 
4. Output: 

Weight vector  and the topology model for the se-
cond part of Eq.1: LTPF . 
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when FPPI is larger than 0.1, the miss rate is visibly reduced 
to less than 20%. 

Table.1 reports the classifier and miss rate comparison of 
the methods mentioned above, ordered by descending log-
average miss rate in INRIA dataset. LTP descriptor well rep-
resents the topology of pedestrian, and OC-SVM is more 
suitable for modeling with less false classification. It shows 
that the part-based LTP method performs at least 0.03 lower 
in Log-average miss rate than global-based method, and even 
0.09 lower than other part-based method. 
 

Method Part 
based Classifier Log-average 

miss rate 

HOG[6] -- Linear 
SVM 0.459788 

LatSVM-
v1[11] √ Latent 

SVM 0.438304 

HOGLBP[8] -- Linear 
SVM 0.390968 

FeatSynth[14] √ Linear 
SVM 0.308773 

MultiFtr 
+CSS[15] -- Linear 

SVM 0.247449 

LTP Method √ OC-SVM 0.216689 

Table.1. Comparison of pedestrian detectors 

Some detection results are shown in Fig.4. It can be seen 
that in (a) and (b) all pedestrians are correctly located in 
spite of the crowd scene and variety views with occlusions. 
In (c) and (d), humans of unusual postures (bending down or 
riding a bicycle) are also correctly detected, showing the 
effectiveness of the proposed topology model when facing 
posture variations. 
 

  
  

(a)                                             (b)  

    

(c)                                      (d)  

Fig.4. Detection results 

4. CONCLUSIONS 
 

In this paper, we proposed a part based pedestrian detection 
method, in which a novel topology descriptor LTP is applied 
to model the relationship between each part of pedestrian. 
Compared with existing global representation and deforma-
ble part-based models, experiments show that the proposed 
LTP descriptor is simpler but more effective. The perfor-
mance of LTP method reaches state-of-the-art with even 
more robustness to view and posture variation, which reduc-
es the miss rate to 22% in INRIA dataset. In the future, we 
will extend our topology model to detect human body with 
more complex postures. 
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