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Abstract— In this paper, a novel adaptive bandwidth mean shift 
algorithm toward 2D object detection (ABMSOD) is proposed. It 
can not only identify whether an object of certain classes exists or 
not, but also get the scale and orientation besides position very 
fast.  The feature histogram weighted by a kernel with adaptive 
bandwidth is used for representing the target object model and 
the candidate object model. Features such as color, texture, 
gradient and so on can be used. A single piece of image is enough 
to build a model by calculating the weighted feature histogram of 
the object in the image. There is no exhaustive training. The 
similarity of the target model and the candidate model is 
measured by the Bhattacharyya coefficient. After gathering the 
models of targets, the algorithm can be used for object detection.  
In the first step, the algorithm searches the whole image to find 
the rough positions of possible candidate objects. If the 
similarities are all below a certain threshold, it reports no object 
existence. If the similarities are above the threshold, the second 
step or the adaptive bandwidth mean shift search step is executed 
to find the best position, orientation and scale of these objects. 
Experiments show that it successfully detects the position, scale 
and orientation of objects. 

 
Keywords - object detection, ABMSOD, adaptive bandwidth 
mean shift, feature histogram, vision navigation 
 

I.  INTRODUCTION  
Object detection is the process of finding whether there are 

instances in a given image or image sequence which belong to 
certain object class, and if so, return the number of objects and 
their locations in the given image or image sequence [1]. 
Many factors such as intra class variation, changes of 
viewpoint, illumination variation, occlusion, cluttered 
background and so on impact the detection result greatly [2]. 
Despite the great success made by Paul Viola [14], generic 
object detection is still one of the most difficult task in 
computer vision. The choice and representation of common 
features for each object class is the main difficulty. Features 
which are good for a certain object class detection may be 
inefficient for another object class. For example, gradient and 
shape and contour features are only suitable for rigid object 
detection. 

There are many existing algorithms for object detection. 
They vary from different features to different methods for 
classification. Features include color [3], texture [4], shape [5], 
appearance [6], edge or gradient [7], contour [8], wavelet 

feature [9], joint feature [10], local feature [11], scale invariant 
feature [12], context feature [13] and other extracted features. 
Popular methods include boost learning [14], support vector 
machine learning [15], neural network learning [16], genetic 
learning [17], Bayesian learning [18], Component Analysis 
[19], template matching [20], gabor filter feature extracting 
method [21], wavelet feature extracting method [9] and so on. 
Some of them detect only moving objects in image sequences 
[22], and some others detect objects from static images[14]. 
Many of them are task specific, and the rest are generic.  

Most of them use learning, that is to say, the detection 
systems are trained by large exemplars. Machine learning 
approaches, while powerful, need a large number of exemplars 
under various conditions and may not work well for non-rigid 
objects [23]. What’s more, exemplars are not easy to get. And 
the speed is still a bottleneck.  

In this paper, we propose a novel object detection 
algorithm under the adaptive bandwidth mean shift framework 
which is our previous work proposed in [25]. It is very 
effective and efficient, and it has a good balance between 
speed and precision. It is quite suitable for object detection in 
vision navigation. We call it adaptive bandwidth mean shift 
object detection or ABMSOD for short. The ABMSOD 
algorithm is not a task specific but a generic detection 
algorithm. It can not only be used in mobile robot navigation, 
but also be used in other applications. It can detect objects in 
static images and image sequences. We use kernel weighted 
feature histograms to descript models and candidate models. 
Features can be color, texture, gradient magnitude, or even 
haar-like feature, etc. The Bhattacharyya coefficient is used to 
measure the similarity of the model and candidate model.  
There are mainly two steps in the algorithm: in the first step, 
the algorithm search roughly to get the possible positions of 
given object model. If the similarities of the possible target 
model and the given sample are above the threshold, a second 
step is executed to find the best location, orientation and scale 
that best maximize the similarity. The second step can be 
easily integrated with object tracking framework whenever 
needed. It is verified by experiments. 

This paper is organized like this: section II briefly 
introduces the adaptive bandwidth mean shift framework. 
(Details of the framework can be seen in [25]), Section III 
derives a general object detection algorithm under adaptive 
bandwidth mean shift framework. Section IV gives many 
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experiment results. We draws conclusion in Section V.  

II. ADAPTIVE BANDWIDTH MEAN SHIFT 
A general kernel for multivariate kernel density estimator 

is                      
1

T 12( ) ( )K K− −=H x H x H x                            (1) 
Where is a symmetric matrix. Profile H ( ) :[0, ]K x R∞ →  
satisfies these conditions: nonnegative, nonincreasing and 
piecewise continuous [24]. 

The weighted density estimate using d-variate general 
kernel is defined like this: 

( ) ( ) ( )
S

q K w
∈

= −∑ H
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x x s s

)

                       (2) 

Where  is a finite set that represents the search space, 
is a weight function. The sample mean shift 

kernel is defined: 

S X⊂
: (0,w S → ∞

1
T 12( ) ( )G G− −=H x H x H x                          (3) 

where                                                             (4) ( ) ( )G x K x′= −
The mean shift vector is defined: 
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Paper [25] proved that when the symmetric bandwidth matrix 
is definite positive, the inner product between the mean 

shift vector and the gradient of  is absolutely positive, 
which means that the mean shift vector points to the direction 
for local maximum. 
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second derivative is less than zero, the solution of H  or 
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{ T 1( ) ( ) dS −= − − <s x s H x s }r defines a super elliptic ball 

in d-variate space centered at point x where to search the 
samples. 

 
When it is in 2D case, as  is symmetric definite positive, 

it can be rewritten as  
H

Tˆ ˆˆ ˆ( ) ( , ) ( , ) ( )a b a bφ φ=H R Diag Diag R                    (7) 

And         { T 1 2
2 ( ) ( )DS }σ−= − − <s x s H x s                         (8) 

defines an ellipse centered at whose two half axes length are x
âσ  and b̂σ
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Where 4eλ = for Epanechnikov profile and 1gλ = for 
Gaussian profile. 

Then we can draw the adaptive bandwidth mean shift 
algorithm for seeking the mode of (2). 
1) Initialize the position and bandwidth matrix 0x 0H , and 
then the initial search space  is calculated according to (8). 0S
2) Use (5) to shift the position  to (0x 1x 1 ( )0=x m x ), the 

search space would be updated as  according to updated 
center point . 

0S ′

1x
3) Search the maximum of 1H  according to (6) or  (9)  in 2D 

case in 0S ′ ,  the search space would be updated as  
according to updated bandwidth matrix 

1S

1H . 
4) If 0 1 ε− <x x  and 0S S1= , stop. Else 0 1←x x , 0 1S S← , 

0 1←H H , goto 2). 

III. DETECTION USING ADAPTIVE BANDWIDTH MEAN SHIFT  
In order to detect an object or an object class, features that 

are insensitive to scale and orientation changes for 
representing the object model must be selected.  Object model 
should be able to fuse features as many as possible and very 
easy to extend. What’s more, the representation can be used 
further for localization of objects.  

We used the adaptive bandwidth mean shift framework 
from our pervious work in paper [25] for object detection. 
Previously it was used for object tracking. However, it is also 
suitable for object detection from object representation to 
object identification and localization. It is called adaptive 
bandwidth mean shift object detection (ABMSOD). The 
details of the algorithm  is given below. 

A. Features for Object Model Representation 
Some related work called histogram matching method 

should be mentioned. Color histogram was first used for object 
detection and object recognition in 1991 [3]. Schiele et al. [26] 
generalized this idea to histograms of receptive fields. In [27], 
Linde et al. evaluated more complex descriptor combinations, 
forming histograms of up to 14 dimensions. Mel [28] also 
developed a histogram based object recognition system that 
uses multiple low-level attributes such as color, local shape 
and texture. In [10], Chang et al. show how color cooccurrence 
histograms can be used for object detection, performing better 
than regular color histograms.  

However, we found that these histograms are suitable for 
object identification, but have a poor performance on 
localization. Kernel weighted feature histogram, or kernel 
weighted feature probability distribution, instead, can not only 
take the benefit of histograms’ simplicity, speed and 
robustness, but also take the benefit of localization ability 
under adaptive bandwidth mean shift framework. Many 
features including color, gradient magnitude, texture, shape or 

and whose rotate angle is φ . When Ep echnikov 
profile is used, we set 

an
σ  to 1; when Gaussian profile is used, 

we set σ  to 2.5. When σ  i idts set, the bandw h matrix H  
decides the elliptical search space. It is furthrer proved in 
paper [25] that the optimal bandwidth matrix for ( )q x  is  

         



even haar-like feature can be integrated as a feature vector. 

B. Model Representation 
The object model is represented by its kernel weighted 

probability distribution function or kernel weighted feature 
histogram  in the feature space, the same as the definition 
given in [29]. Given an image containing the object with initial 
region (ellipse) centered at position , the initial 

bandwidth matrix can be calculated according to (7), 

where 

q

0Ŝ 0x̂

0Ĥ

0
_ _ˆ x axis lena

σ
= , 0

_ _ˆ y axis lenb
σ

= , 0̂φ is the 

rotating angle of the ellipse .Usually . The feature 
histogram is weighted according to the Mahalanobis distance 
from point s to the region center  by matrix , The 
function associates to the pixel at location 

of its bin in the feature space [29]. The probability of the 
feature index of the target model is then computed 
as  
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Where ( )K i is an Epanechnikov profile or a Gaussian profile. 

As 
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is the normalization constant. Once we have selected the 
features and build the weighted histogram according to (11), 
the target model can be used for object identification and 
localization. If there are many different appearances of the 
same object or object class, models of all the appearances are 
saved. If there are many object classes or objects to be 
detected, a database is built. Each record in the database 
represents an appearance model, one model or many models 
belong to an object or an object class.  

Given a candidate sample in position y with bandwidth 
matrix , the point set S  is defined by (8), its probability 
distribution is  

H

1
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 is the normalizeation constant which is not depend on .  y

C. Object Identification and Localization 
Object identification and localization is to find the 

maximum similarity between the target model and candidate 

object model. The similarity is measured by the Bhattacharyya 
coefficient  

1

ˆ ˆ ˆ ˆ( ( ), ) ( )
M

u
u

p q p qρ
=

= ∑y uy                                               (15) 

Paper [25] proved that seeking the maximum of (15) is the 
same as seeking the maximum of  

1
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As the form of (16) is the same as (2), the adaptive bandwidth 
mean shift algorithm mentioned in section II can be applied 
for searching the local maximum of (16).  

The identification and localization for a single appearance 
model can be done in the following steps.  
1) Given an input image, randomly scatter enough ellipse 
regions whose initial center points are within the image size, 
so that all the ellipses cover the whole image. The size and 
angle of these ellipses are loaded from the target models. 
2) Calculate the kernel weighted feature histograms in these 
ellipses and calculate the corresponding similarities with target 
models according to (15). Regions with similarities above the 
threshold are stored, and the left regions are discarded. The 
rough positions of detected objects are obtained.  

For each region with rough sizes and positions calculated 
in step 2), do the following steps to find the best position, 
scale and orientation.  
3) Calculate the bandwidth matrix 0H  according to (7), with 
center position  obtained in step 2), the point set is 
calculated according to (8). 

0y 0S

4) Derive the weights 
0

{ ( )}s Sw ∈s according to (17). 

5) Find the next location of the candidate model according 
to  in (5) : 
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the factor 
1
2

0
−H is eliminated in both denominator and 

numerator of (18) as it does not depend on . s
6) While 1 0ˆ ˆ ˆ[ ( ), ] [ ( ), ]p q p q̂ρ ρ<y y  

   do 1 0
1 2

+
=

y y
y  recalculate 1 ˆ[ ( ), ]p qρ y  

7) Move the window center to , update  recalculate 1y 0S

0
{ ( )}s Sw ∈s . 

8) Update the bandwidth matrix 1H  according to (9).  
9) Recalculate point region according to (8).  1S
10) If the points in  and are the same, goto 11); Else   1S 0S

0 1 0 1 0, ,S S 1← ← ←y y H H , goto 5. 
11) Calculate the kernel weighted feature histograms in these 
ellipses and calculate the corresponding similarities according 

         



to (15). Regions with similarities above the threshold are 
stored, and the left regions are discarded. The possible 
candidate objects and their positions, scales and orientations 
are calculated. If only one object is needed to detect, just 
choose the one that has the maximum similarity among these 
detected objects. 

If there are many appearance models to detect, run the first 
two steps for each appearance to get rough positions and sizes. 
And then runs the remaining steps to find the optimal positions, 
scales and orientations.    

If tracking has to be executed after detection, run steps 
3~10 with slight modification of step 3 in the initial values. 
For tracking utilities, the initial values are the results of 
previous frame. 

IV. EXPERIMENTS  
Performance evaluation of an object detection algorithm 

usually includes three aspects: correct object identification rate, 
object localization precision and average time consumed. The 
ideal way is to test all the algorithms on the same test dataset 
using the same metrics. Paper [30] presented many metrics for 
measuring the precision of object detection algorithms. Some 
of the useful metrics are “Area Based Precision for Frame”, 
“Average Object Area Recall” and “Localized Object Count 
Recall”. They are easy to understand but are not easy for 
implementation. Receiver Operating Curve (ROC) [31] is used 
for expressing the trade-off between the correct identification 
rate and false identification rate in object detection algorithms. 
Paper [32] proposed recall- precision rate instead of ROC for 
expressing the trade-off for evaluating the identification 
performance of object detection algorithms. 

Most object detection algorithms give emphasis on object 
identification ability, and most existing datasets are used for 
test correct identification rate. However, ABMSOD gives 
more emphasis on the localization abilities, and so comparison 
among algorithms is not presented in this paper. The detection 
results are only compared with the ground truth, which is 
labeled manually using the tools from 
http://homepages.inf.ed.ac.uk/rbf/CAVIAR/. We use datasets 
of our own for testing the localization abilities. The first is 
doorplate image dataset, and the second is a box image dataset. 
Our precision error measurements are derived from [25]. The 
errors and mean errors of position, scale and orientation are 
defined like this: 
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In order to verify the effectiveness and efficiency of the 
ABMSOD algorithm, it is implemented on on a PC which has 
a Intel R4 3.0GHz CPU and a memory of 512MB. The feature 
used now is HSV color feature of 32 * 32 * 4.  The results are 
shown from figure 1 to 5. 

  

 
Figure. 1 Doorplates detected by ABMSOD algorithm 

 

 
gt

gt

                                              (19) 

Figure. 2 Box detected in images 0, 95, 190, 285 
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Figure. 3 Detected position and errors 
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Figure. 4 Detected orientation and consumed time 
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Figure. 5 Detected two axes of ellipse region and their errors 

Figure 1 and 2 show the detected image results. The 
ellipses are located on the objects. Figure 3, 4 and 5 show the 
statistical detection results of the second dataset. The mean 
detection errors of x , , , ,  in the second dataset are 
0.3150, 2.4016, -8.3858, 16.83%, 27.35%. The mean time 

consumed for each image is 345.6667ms. The blue lines are 
the actual detected data and the green lines are the ground 
truth labeled manually. In figure 3, the detected center 
positions are much close to its ground truth, with mean error 
0.3150 and 2.4016 in pixel. In the left side of figure 4, the 
orientation tracking trajectory and corresponding error are 
drawn. The mean error is -8.3858 in degrees. The time 
consumed for each image is not the same. The details can be 
seen in the upper-right side of figure 4. The mean time is 
345.6667 ms. The two axes of each ellipse describe the scale 
of object in two orthogonal directions. The detection results 
are shown in figure 5. If you look at the figure carefully, you 
would find that in some place both values of the two axes is 
zero. This is a signal of detection failure. The figures and the 
mean data show the detection and localization ability of 
ABMSOD. In all, the ABMSOD algorithm is fast and 
effective. 

y o a b

V. CONCLUSION  
In this paper, we presented ABMSOD algorithm for object 

detection using kernel weighted feature histogram for object 
model representation. There are two key contributions in this 
paper. The first is the usage of kernel weighted feature 
histogram instead of histogram for object model representation. 
The kernel weighted feature histogram can not only take the 
benefit of histograms’ simplicity, speed and robustness, but 
also take the benefit of localization ability under mean shift 
framework. It is easy to get the object model without 
exhaustive training, a single image is enough. Many features 
can be used without modification of the framework.  The 
second is the ABMSOD algorithm. Besides object 
identification ability, the algorithm has the ability of 
simultaneously detecting the position, scale and orientation 
very fast. What’s more, it can be easily used together with 
object tracking. 

Experiments show that the algorithm is effective and 
efficient. ABMSOD is good for object detection and is 
insensitive to scale and orientation changes. It is especially 
suitable for landmark detection for mobile robot navigation.  

Our work is at the beginning and so only color features 
are used in the ABMSOD algorithm. Color features may be 
individually different among objects of the same class. It 
needs improvement for generic object detection. For example, 
if the background has similar color distributions, the algorithm 
would report false positive results.  The choice of similarity 
threshold is also vital for correct identification rate versus false 
identification rate. Although a single image containing target 
object is enough for model representation, we suggest using 
more images in different situations for robustness. 

As the ABMSOD algorithm is suitable for fusing many 
features, adding new features of the same object class to the 
ABMSOD algorithm is our future work for improvement.  
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