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Abstract 
 

We introduce an Augmented Histograms of Oriented 
Gradients (AHOG) feature for human detection from a non-
static camera. We increase the discriminating power of 
original Histograms of Oriented Gradients (HOG) feature by 
adding human shape properties, such as contour distances, 
symmetry, and gradient density. Based on the biological 
structure of human shape, we impose the symmetry property 
on HOG features by computing the similarity between itself 
and its’ symmetric pair to weight HOG features. After that, 
the capability of describing human features is much better 
than the original one, especially when the humans are 
moving across. We also augment the gradient density into 
features to mitigate the influences caused by repetitive 
backgrounds. In the experiments, our method demonstrates 
most reliable performance at any view of targets. 
 
 
1. Introduction 
 

Human detection is the task of finding the presence and 
the location of humans in video. In this paper we employ 
human detection system by a non-stationary camera. The 
human category in object detection is probably one of the 
most difficult cases because it combines the difficulties of a 
moving camera, a broad range of deformable objects 
appearances and poses, various types of human clothes, 
complex backgrounds, and illumination conditions. In recent 
years, many universities and institutes in the world are 
participated in this field. There are various methods based on 
the human appearance and they usually use sets of 
appearance features of static human image to detect the 
existence of the target. In addition, there is an obvious 
property of human silhouette, symmetry has been widely 
used, such as Broggi et al. [1], they use vertical symmetry 
properties of human shape to detect the people. Hayfron et al. 
[2] detect the humans by analyzing the symmetry on spatio-

temporal domain. Another way of appearance-based 
approach detects humans via detecting human parts and 
analyzing the relations between each part. Such as Mohan et 
al. [3], they use an Adaptive Combination of Classifiers 
(ACC) to detect all kinds of body parts and integrate all 
classifiers to classify the humans. Ramanan et al. [4] propose 
a pose model of human body parts to lock and detect humans. 
Leibe et al. [5] propose an Implicit Shape Model (ISM) 
which models the geometric relations among body parts and 
then applying a voting process to determine where the human 
is. In order to tackle the problem of translation, scale, and 
orientation, [6] [7] use the edgelets and shapelets as the local 
features to describe the human shape. Wang et al. [8] develop 
a cascaded human classifier based on the Histograms of 
Oriented Gradients (HOG) proposed by [9, 10], which had 
performed good results in the field of detecting humans. 

Inspiring by these works, we take symmetry and gradient 
density of human shape as the weight of each HOG feature. 
We also encode the distance among features into HOG to 
model the geometrical relations. The contributions of this 
paper are combining the human shape properties with HOG 
to form a more discriminative feature, Augmented HOG to 
represent humans in any viewing angles. 

The rest of this paper is organized as follows: In section 2, 
we talk about the problem of this work. In section 3 gives 
construction of AHOG and Section 4 is the main solution of 
human detection. The experiments and conclusions are 
presented in section 5 and 6 respectively. 

 
2. Approach overview 
 

The problem of human detection using a monocular 
camera can be described as follows. Given the currently 
observed image frame, the objective is to estimate a 
collection of parameters that encode the positions of exactly 
N humans in each image. Here, each human is located by 
rectangular parameters {x, y, w, h}, where (x, y) is its center, 
and w and h are the width and height of the rectangle, 
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Fig. 3. (a): Flow of computing symmetry weighted window. 
(b): The average symmetry weighted values in longitudinal 
and lateral views. 

of pixels in the neighborhood. Thus we express the equation 
of symmetry weighted value another way. 
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In practice, there are many repetitive patterns that may 

cause symmetry to fail. To avoid this, combining symmetry 
with gradient density makes it possible to concentrate on the 
objects with a certain number of gradients. Consequently, the 
gradient density is given by the number of thresholding 
gradients divided by the total number of pixels within a 
block. Thus, combining symmetry with gradient density eases 
off the influence of repetitive background. 

 
3.2 Geometric property 
 

We define the geometric property of human body parts by 
cell distances and then integrate them into HOG to form the 
AHOG. Differs from [8, 10], we describe the structural 
relations among HOGs by adding cell distances into HOG. 
On the other hand, our approach is an implicit way of part-
based detection under ISM [5] framework if we use AHOGs 
to detect separately. For each cell ci, i=1,…,4 in a block, we 
calculate the cell distances Disti by following equation:  
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The Edist(x, y) means the Euclidean distance between (x, 

y) and centroid. Each distance is multiplied by pixel gradient 
magnitude mag(x, y) and normalized to 0~1 by a constant L. 

The AHOG feature vector is concatenating the 9-bin 
histograms of oriented gradients, cell distances, and gradient 
density of each block. Therefore, there is a 41-dimensional 
feature vector used to represent an AHOG block. 

 
4. Human detection 
 

There are two steps for detecting humans. First is to 
learning a human classifier based on the AHOGs. In order to 
select the discriminative AHOGs and accelerate the speed of 

classifying as well, we adopt the cascaded Adaboost 
algorithm as the classifier training approach. In this work, we 
use a linear SVM provided by libsvm[11] to learn the weak 
classifiers based on AHOG feature vectors. After finishing 
the cascade Adaboost algorithm, we obtain a final classifier 
for classifying the variable detecting windows extracted by 
scanning each input image with small shift intervals. Because 
of the objects have various sizes in different depths after 
perspective transformation, the varied detecting window sizes 
relative with depths are used here. The Shift intervals are 
decided according to the detecting window size and the 
overlapped results produced in different scales are merged by 
the clustering algorithm. 

 
5. Experiments 
 

We present various experiments with our proposed 
approach to evaluate the performance at different 
environments. There are 9 video sequences of different 
scenarios to be evaluated in this work. We use the first half of 
the video sequences for training process and the last half for 
testing. The total number of positive images and negative 
images used for training are 2,390 and 14,496. The resulting 
cascade has 24 stages and about 500 weak classifiers. The 
training process takes a few days using a PC with 3.2 GHz 
and 1GB memory. The details of the cascaded Adaboost 
classifier are shown in the Fig. 4(a). There are about 90% 
detecting windows rejected by the first five stages. With the 
increasing number of stages, more features are added to 
reduce the false positives rate to nearly zero and still maintain 
the high detection rate in the meantime. From the training 
results, we inspect that the number of (2:1) aspect ratio type 
features are selected more times than Zhu’s [10] in the 
previous stages and it is especially in representing the legs. 
Fig. 4(b) gives the visualization of selected features in two 
viewing angles. Therefore, after we encode the symmetry 
weighted window into constructing AHOG features, our 
approach bring each type of feature into full play and 
describe the humans of any view very well. 

The 9 video sequences are chosen according to the some 
criteria: illumination, number of humans, and view angles. 
Table 1 shows the performance and also compares with the 
state of the art human detector, Dalal [9]. In order to test on 
the different database, we slightly modify the Dalal’s method. 
It is obviously to see that our performance is better than 
Dalal’s under the same conditions. The overall detection rate 
is improving about 5% and also reducing the false positive 
rate about 3%, especially when the humans are moving across 
(detection rate increases about 6.378% and false positive rate 
decreases 5.56%). In other words, the AHOG has better 
representing power than HOG, particularly in describing the 
humans at lateral view. Thus, these results substantiate that 
encoding the human shape properties into original HOG 
features has given a most reliable performance. The average 
number of windows for densely scanning a 360×240 image is 
about 20000 and another, there are 10.77 blocks needed to be 



evaluated in each detecting window. It takes about 0.42 
seconds and is faster 16 times compared to the Dalal’s 
algorithm that has to evaluate 105 blocks for each testing 
images. The Fig. 5 shows some detection results of each 
video. 

 
6. Conclusions 
 

In this paper we presented the more powerful features –
AHOG – for human detection. For constructing the AHOG 
features we integrate the human shape properties into HOGs. 
The extra discriminating power lies in describing the 
distances from AHOGs to the shape centroid and replacing 
the fixed Gaussian-weighted window by the symmetry-
weighted window. The augmented symmetry property 
emphasizes the symmetrical parts of human shape and greatly 
improves the reliability of human classifier, especially in the 
lateral views. The gradient density of block is also taken into 
consideration to avoid the objects which have repeatedly 
patterns or complex gradients.  

 

 
Fig. 4. (a): Details of cascaded Adaboost classifier. (b): the 
selected HOGs/AHOGs at the stage 5, 6. 

 

Criteria # 
humans 

Dalal [9] Our 

Detection 
rate (%) 

FP 
rate 
(%) 

Detection 
rate (%) 

FP 
rate 
(%) 

H-S-L 909 94.28 1.95 99.66 1.41 
H-S-C 204 80.39 13.66 93.62 8.6 
L-S-C 118 88.98 12.50 99.15 0.8 

L-S-C-brick 
ground 73 93.15 11.25 97.26 10.12 

L-S-C-repetitive 
background 212 86.79 18.75 89.62 11.21 

L-S-L-under trees 110 83.58 22.22 89.09 16.94 
L-S-L-wet ground 244 81.96 8.55 88.93 5.65 
L-M-C- repetitive 

background 83 97.59 3.57 98.79 1.2 

L-M-L-under trees 229 92.57 11.02 90.82 3.7 
Overall 2182 90.52 7.9 95.33 4.85 

Table 1. Criteria format: Illumination – # human – View 
angles – Special environment. Two labels for each criterion, 
Illumination: High (H), Low (L); # human: Single (S), 
Multiple (M); View angles: Longitude (L), Cross (C). Special 
environment denotes other surroundings conditions. 

 

        

       

         
Fig. 5. Detection results of 9 video sequences. 

 
References 
 
[1] A. Broggi, M. Bertozzi, A. Fascioli, and M. Sechi, 

"Shape-based pedestrian detection," in Proceedings of the 
IEEE Intelligent Vehicles Symposium, 2000, pp. 215-220. 

[2] J. B. Hayfron, M. S. Nixon, and J. N. Carter, "Human 
Identification by Spatio-Temporal Symmetry," in IEEE 
International Conference on Pattern Recognition, 2002, 
pp. 11-15. 

[3] A. Mohan, C. Papageorgiou, and T. Poggio, "Example-
based object detection in images by components," IEEE 
Transactions on Pattern Analysis and Machine 
Intelligence, vol. 23, pp. 349-361, 2001. 

[4] D. Ramanan, D. A. Forsyth, and A. Zisserman, "Tracking 
People by Learning Their Appearance," IEEE 
Transactions on Pattern Analysis and Machine 
Intelligence, vol. 29, pp. 65-81, 2007. 

[5] B. Leibe, E. Seemann, and B. Schiele, "Pedestrian 
detection in crowded scenes," in IEEE Computer Society 
Conference on Computer Vision and Pattern Recognition, 
2005, pp. 878-885 vol. 1. 

[6] B. Wu and R. Nevatia, "Simultaneous Object Detection 
and Segmentation by Boosting Local Shape Feature based 
Classifier," in IEEE Conference on Computer Vision and 
Pattern Recognition, 2007, pp. 1-8. 

[7] P. Sabzmeydani and G. Mori, "Detecting Pedestrians by 
Learning Shapelet Features," in IEEE Computer Society 
Conference on Computer Vision and Pattern Recognition, 
2007. 

[8] C.-C. R. Wang and J.-J. J. Lien, "AdaBoost Learning for 
Human Detection Based on Histograms of Oriented 
Gradients," in Proceedings of the Asian Conference on 
Computer Vision, 2007. 

[9] N. Dalal and B. Triggs, "Histograms of oriented gradients 
for human detection," in IEEE Computer Society 
Conference on Computer Vision and Pattern Recognition, 
2005, pp. 886-893 vol. 1. 

[10] Qiang Zhu, Shai Avidan, Mei-Chen Yeh, and K.-T. 
Cheng, "Fast Human Detection Using a Cascade of 
Histograms of Oriented Gradients," in IEEE Computer 
Society Conference on Computer Vision and Pattern 
Recognition, 2006. 

[11] C.-C. Chang and C.-J. Lin, "LIBSVM : a library for 
support vector machines.,"  Software available at 
http://www.csie.ntu.edu.tw/~cjlin/libsvm, 2001. 

0

5

10

15

20

25

30

35

40

45

1 3 5 7 9 11 13 15 17 19 21 23

c a sc a de d sta ge

w
e

a
k

c
la

ss
if

ie
r 

n
u

m
b

e
r

0.57

0.72

0.83

0.89
0.92

0.99966230.98342
0.951 0.9712

1

rejected rate

HOG AHOG(b) (a) 


