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Abstract: In this paper, a new SIFT feature point extraction strategy and a low-

dimensional feature description scheme are proposed. At the same time, the ViBe 

method is used to detect moving targets, which improves the integrity of the detected 

targets. Experiments show that the method proposed in this paper shortens the 

extraction time of SIFT feature points, and at the same time guarantees the number 

of pairs of matching points and the matching accuracy. 
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1. Introduction 

In industrial production, vision is an important source of information for industrial 

robots to perceive the external environment [1]. Vision-guided positioning technology 

offers many advantages such as non-contact, high efficiency and fast dynamic 

response, which greatly improves the flexibility and operational feasibility of industrial 

robots [2,3]. Therefore, the applications of visually-guided robotic system with only 

one eye-in-hand camera are extensive, from pick-and-place and peg-in-hole tasks to 

high precision autonomous assembly systems [4-6]. 

Target detection is one of the core issues of monocular vision positioning [7], and the 

image matching is the key technology to achieve it. Therefore, the final effect of visual 

positioning can be directly affected by the matching algorithm [8]. Matching 

algorithms based on image feature are usually used to achieve image matching. SURF 

[9-10], ORB [11,12], SIFT [13-16] are some widely known methods. Among them, 

SIFT (Scale Invariant Feature Transform) [17-19] is a local feature operator based on 

image scaling, rotation, affine transformation, which can maintain the invariant of 

image and suppress a certain degree of noise and the effect of viewing angle changes. 

The SIFT algorithm is a better solution to image matching in fixed backgrounds or 
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some scenarios with low real-time requirement. However, this algorithm is of high 

computational complexity because of the large amount of convolution calculations in 

the detection process of feature points, which results in a long matching time. 

Therefore, it is not practical in a monocular eye-in-hand system where the real-time 

requirement is very high.  

In response to the above deficiencies, many scholars have invested in research to 

improve the SIFT algorithm. Literature [20,21] employs principal component analysis 

(PCA), which uses low-dimensional subspaces to represent high-dimensional data to 

compress vector dimensions. Literature [22] proposed the gradient location-

orientation histogram (GLOH) algorithm, using concentric circles as feature descriptors, 

and then reducing the dimension by principal component analysis. （It should be noting 

that the above methods）All of the above methods effectively utilize the advantages 

of PCA technology, but increase the workload of training the projection matrix, and 

the universality of the effects of such methods is limited by the type of training pictures. 

In [23], the 96-dimensional descriptor is introduced, and the Canny operator is used 

to eliminate the edge response point, which makes the extreme point more accurate. 

In [24]and [25], the feature descriptor is constructed by using a circle to obtain a 64-

dimensional feature description vector, which enhances the rotation invariance of the 

feature descriptor. Both of the two algorithms improved in real-time performance, but 

owing to the high-demanding environment for acquiring images, it is not suitable for 

the case where the disturbance of working conditions in industrial production is 

uncertain. In [26], a “nested box”-shaped double square neighborhood window is used 

to divide the feature point neighborhood, and the 32-dimensional feature vector is 

established to represent each feature point, which realizes large dimensionality 

reduction and shortens the matching time. Due to the advantages of Harris corner 

detection algorithm, such as simple calculation and unaffected by illumination, rotation 

and noise, the combination of Harris corner detection algorithm and the SIFT feature 

description has been proposed in[26-28]. Fast and robust image registration is 

achieved in these methods, however, when the unknown image rotation changes 

greatly, the matching rate decreases. 

Based on the above discussion, a feature point detection method based on SIFT-harris 

is proposed is proposed In this paper, and the Gaussian circular window is used to 

create a 32-dimensional feature descriptor, the ViBE algorithm is adopted to extract 

moving targets. A fast and accurate recognition of moving targets in dynamic scenes 

is realized.  

 

2. Preliminaries and Problem Formulation 

Compared with the target recognition in static scenes, the recognition and positioning 
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process of the workpiece in the motion background contains more information, which 

makes the recognition of the moving target more challenging. For existing 

methods[30,31], the target detection and recognition in a dynamic background usually 

contains the following steps: First, a global motion parameter model is established and 

the model parameters are accurately estimated. At the same time, it is crucial to 

choose a feature point selection and matching method that is easy to identify, easy to 

extract, and insensitive to noise. Then, the background compensation is performed 

based on the estimation of global motion, and the moving target detection problem in 

the motion background is transformed into the moving target detection in the static 

background. Finally, the Temporal Difference method is used to detect the moving 

target. The specific process is shown in Figure 1, and further analysis is given for these 

steps. 

 

 

Fig. 1 Flow chart of general method for target detection and recognition in dynamic 

background  

 

2.1 Global Motion Parameter Model 

The global motion parameter model is usually modeled by a 6-parameter or 8-

parameter affine transformation model. Although the affine model can describe linear 

transformations such as translation, rotation and scaling of planar images, this model 

can only map plane images in parallel, which means that it requires the target scene 

to be far enough away from the camera so that the target scene is considered as a 

plane. Therefore, the utilization of this model may be limited, especially for the 

application of monocular robot workpiece recognition, which forced us to find a more 

suitable method to establish the motion parameter model. 

 

2.2 Extraction of Image Feature Points 

As we all know, because of the good invariance of rotation, scaling, changing 

viewpoint and affine distortion, the SIFT algorithm is widely used for image matching. 

Generally, the SIFT feature extraction consists of four steps: (1) Detection of extreme 
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points in the scale space. (2) Accurate localization of keypoints. (3) Direction 

determination of keypoints. (4) Generation of feature vectors. The general flow chart 

of this algorithm is given as follows. 

 

 

Fig. 2 Flow chart of SIFT Algorithm 

Firstly, in the process of searching for extreme points in the scale space, the Gaussian 

differential function is mainly used to find the points of interest that are not sensitive 

to the scale change, which is the basis for detecting the invariant features. For a two-

dimensional image, different scale spaces can be defined as the convolution of the 

image with the Gaussian kernel. 

Moreover, for the purpose to efficiently detect stable feature points in the scale space, 

Lowe uses the differential Gaussian DoG extremum as the basis for judgment. Let k 

be the scale factor between two adjacent scales, the DoG operator is defined as follows: 

 (x,y, ) ( (x,y,k ) (x,y, ))* ( , ) (x,y,k ) (x,y, )D G G I x y L L    = − = −  (1)  

The extreme point is determined by comparing the DoG value of the detection point 

with that of the pixel within the same scale (adjacent scale). Obviously, multiple 

calculations of the Gaussian kernel function and the image are required by the 

algorithm mentioned above, so the large amount of computation and poor real-time 

performance are the problems we have to face. 

 

2.3 Description of Feature Points 

During the description of the key points, Lowe rotates the coordinate axis to the main 

direction of the feature point to ensure the rotation invariance of the feature point. 

4*4 sub-regions are divided in the neighborhood centered on the feature points, and 

the histogram is used to calculate the gradient value of each sub-region in 8 directions, 

and 16*8=128-dimensional descriptors are obtained. When matching feature points, 

it is necessary to calculate the Euclidean distances of all corresponding dimensions of 

the feature descriptors, and finally the matching degree of the two feature points of 

different image frames is obtained. Although constructing a 128-dimensional feature 

vector guarantees the stability of the algorithm performance, it brings a huge amount 

of computation. Naturally, we consider that whether the computational cost can be 

reduced by decreasing the feature vector dimension directly while ensuring the 
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matching performance. 

 

2.4 Detection of Moving Targets 

When the Temporal Difference method is used to detect a moving target, "holes" may 

appear in the detection result. In this case, when the moving target is small, the 

problem can be solved by simple threshold processing and morphological operations. 

However, when the target is large, the target detected by the method is usually 

incomplete, and sometimes even a ghost phenomenon may occur, in this case, the 

algorithm fails to extract the moving target. Therefore, to improve the accuracy of 

moving target detection, new methods are needed to subtract background.  

Our research is inspired by the discussion of four aspects mentioned above. A dynamic 

target recognition method based on the improved SIFT method for monocular 

manipulators is proposed in this paper.  

 

3. Design and Implementation of New Methods 

3.1 Establishment of Global Parameter Model 

A planar homography transformation is used to establish a parametric model to 

accurately describe the motion of the camera. The planar homography transformation 

is used to establish a parametric model to accurately describe the motion of the 

camera, which can correlate the position of the feature point set in the previous image 

frame to be matched with that of the current image frame. The homography matrix is 

defined as: 
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Let 33 =1h ，the planar homography matrix has only 8 degrees of freedom. Supposing 

(x, ,1)Ty =  and (u, ,1)Tv =  are the homogeneous coordinates corresponding to the 

matching points, then   can be transformed to   by the homography matrix:  

 H =  (3)  

The matrix H  includes transformations such as translation, rotation, and scaling 

between two adjacent frames. Expand (3), we get: 
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Substituting 1 2 3( , , )T T

i i i ih h h h=  into the above equation, we obtain the eight-element 

one-time equation w.r.t. jih : 

 
11 12 13 31 32

21 22 23 31 32

h x h y h uh uh y u

h x h y h vh vh y v

+ + − − =


+ + − − =  
(6)  

Theoretically, a plane homography matrix of 8 degrees of freedom can be calculated 

by four pairs of matching points. In fact, the affine transformation can be understood 

as a special case when the homography matrix element 31 32= =0h h  in the planar 

homography transformation. 

A homography transformation is used to map the previous frame image to the current 

frame, and the gray value of the pixel at the non-integer position is obtained by bilinear 

interpolation, which is used for global motion compensation. The homography 

transformation model can be employed to describe the mapping relationship between 

plane and plane in 3D space. It is more general than the affine model, and can 

accurately describe the motion of the camera while reducing the computational 

complexity. 

 

3.2 Extraction and Description of the Feature Point 

The extraction of corner spots of the Harris operator[32] is determined by equations 

(7) and (8). 

 
2det ( )R M k traceM= −  (7)  

 

2

2

x x y

x y y

I I I
M

I I I

 
=  
    

(8)  

Where xI  is the derivative of the point ( , )x y  in the x  direction in the image; yI is the 

derivative of the point ( , )x y  in the y  direction in the image, a and b are the two 

eigenvalues of M . In the formula (1), det M represents the determinant of M , which 

is equal to the sum of a and b. traceM represents the trace of M , which is equal to 

the product of a and b. k  is a constant (typically 0.04-0.06). When the value of R  is 

greater than a certain threshold value and a local extremum is obtained within a 

certain neighborhood, it is marked as a corner point. 

In this paper, a Gaussian circular window is used to establish a 32-dimensional feature 

description vector for selected feature points. Figure 3 is a schematic diagram of 

establishing the neighborhood of feature points. In the algorithm, the feature point is 

used as the origin,  is the polar angle to construct a two-dimensional coordinate 

system, which is divided into 32 sub-regions by the feature point neighborhood, and 

the feature vectors 1 2 32( , ) ( , ... )TH x y HR HR HR=  are standardized, then the 32-

dimensional feature descriptor is created for each feature point. Moreover, after being 

normalized, the feature descriptor has good adaptability to the unknown image that 
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has been fuzzy transformed. 

 
( , )

1
( , )

i

i

x y Ri

HR trace x y
NR 

= 
 

(9)  

Where iNR  represents the sum of the pixel points contained in each sub-area, and 

( , )x y  is the two-dimensional coordinates of the pixel points. 

 

Fig. 3 Schematic Diagram of Establishing a Feature Point Neighborhood 

For the purpose to make the feature descriptors be invariance to small angle, a 

principal orientation, also known as a reference orientation, must be determined for 

the feature points according to the local image features of the feature point 

neighborhood. The formula for calculating the polar angle is as follows: 

 tan c

c

y y
a

x x


 −
=  

−   
(10)  

Where cx  and cy  are the coordinates of the feature points. 

 

3.3 Estimation of Motion Parameters 

The accuracy of the estimation of the global motion parameters determines the effect 

of the background compensation, which in turn affects the accuracy of the target 

detection. After the matching feature point pairs are obtained, the matching SIFT 

feature point pairs are substituted into equation (9) to estimate the motion parameters 

of the background model. That is to say, when using the planar homography 

transformation to establish the global parameter model, 8 motion parameters can be 

obtained based on only 4 pairs of matched SIFT feature points. Generally, the number 

of matching feature point pairs is often much larger than 4, so the least square method 

is used, and the optimal function matching of the data is obtained by minimizing the 

sum of the squares of the errors. Thereby, the optimal value of the objective function 

is obtained, and the optimal solution of the matrix vector and the motion parameters 

of the camera are obtained.  

 

3.3 Moving Target Detection Based on ViBE Method 

The moving target detection in the dynamic scene is performed after the matching 
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SIFT feature point pairs are found. Since the 8-parameter planar homography 

transformation is used, the homography matrix needs to be solved to obtain the values 

of  h11, h12, h13, h21, h22, h23, h31 and h32. Where h13 and h23 represent 

translation vectors, and h11, h12, h21, h22 are synthetic matrix representations of 

rotation, scaling, and shear. 

 

4. Experimental Comparison and Analysis 

The experimental environment is Intel (R) Core (TM) i5 -2450M CPU@2.5GHZ2.50GHZ 

processor with 4.00GB memory, the simulation platform is Matlab2010b, and the 

operating system is Windows7. Several template images are collected from an 

experimental platform that simulates an industrial production environment. 

Subsequently, these template images are rotated, scaled and fuzzy transformed, and 

the processed images are used for simulation experiments to evaluate the 

performance of the proposed algorithm. 

 

4.1 Matching Rate 

The template images acquired by the monocular vision are rotated, blurred, and scaled 

to obtain a series of images for matching tests. The SIFT method and the improved 

SIFT method proposed in this paper are used to obtain the feature matching results. 

The number of feature points extracted on the image to be matched and the number 

of feature points that can match the template image are counted in the matching 

result. Then, according to the definition of the matching rate in [33], the 

corresponding matching rate is obtained, the performance of the two image matching 

algorithms is compared. The experimental results are shown in Figures 4-5 below.  

 

Fig. 4 Comparsion of Rotation Transformation 

 



Volume 6 Issue 8 2019 

   73 

 

Fig. 5 Comparsion of Pixel Transformation 

It can be seen from Figure 4 that the matching rate obtained by the two methods 

does not change greatly with the angle, and it can remain stable. This means that the 

proposed method inherits the characteristics of the SIFT operator for angle invariance. 

Figure 5 shows that the matching rate of this method is higher than that of the sift 

method under different pixels. However, the method proposed in this paper reduces 

the calculation amount of the whole process, ensures the matching rate, improves the 

efficiency of the algorithm, and is more in line with the requirements of workpiece 

recognition under dynamic background. 

 

4.2 Establishment of Motion Model 

 

Fig. 6 Two Frames Captured by the Camera During the Movement of the Workpiece 

 

After the feature extraction is performed by using the SIFT algorithm and the improved 

SIFT algorithm proposed in this paper respectively, the eight motion parameters of 

the test video in Figure 7 are calculated, and the values obtained are shown in Table 

1.  
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Table 1 Transformation Model Parameters Obtained Before and After Algorithm 

Improvement 

 

 

5. Conclusion 

This paper presents a dynamic target recognition method for monocular manipulators 

based on improved sift method. Through the analysis of the traditional SIFT algorithm, 

it is found that there are some problems such as large amount of computation and 

slow speed in the extraction of feature points and the generation of feature descriptors. 

Therefore, in this paper, a new SIFT feature point extraction strategy and a low-

dimensional feature description scheme are proposed. At the same time, the ViBe 

method is used to detect moving targets, which improves the integrity of the detected 

targets. Experiments show that the method proposed in this paper shortens the 

extraction time of SIFT feature points, and at the same time guarantees the number 

of pairs of matching points and the matching accuracy. 
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