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Abstract. Object recognition and detection play important roles in various computer vi-
sion applications. When images contain different types of objects, detection of an object-
of-interest (OOI) from multiple stacking objects becomes a difficult task to be handled
using a monocular camera. In this paper, a novel automatic target selection and tracking
algorithm is proposed to address this issue efficiently. The proposed method first uses key-
point correspondences to compute control points of targets appearing in incoming images.
Next, each OOI in captured images is separated from multiple stacking objects randomly
placed in a box using mean shift clustering approach. Finally, a template-based visual
tracking method is used to locate and track center position of the top OOI in the box.
When implemented on an Intel Core i5-4440 3.1GHz platform, the proposed algorithm
achieves real-time performance about 30 frames per second at 640 × 480 image resolution
in the experiments.
Keywords: Keypoint matching, Object detection, Mean shift clustering, Visual track-
ing, Random bin picking

1. Introduction. Among a variety of robotic random bin picking approaches, computer
vision techniques have been widely used in development of vision-based object detection
and tracking systems to help robots be more effective in processing target selection and
manipulation tasks. Many vision-based object detection and recognition algorithms are
presented in the literature; however, only little attention is paid on development of a visual
sensing system for detecting an object-of-interest (OOI) from multiple stacking objects
randomly placed in a box.

To detect an OOI appearing in the image, various keypoint-based object detection ap-
proaches have been proposed to detect the OOI in a query image. Keypoints are image
features that can be repeatedly detected in images robust to translation, scaling, and ro-
tation transformations. Several keypoint description methods have been reported in the
literature, such as Scale-Invariant Feature Transform (SIFT) [1], Principal Components
Analysis-based SIFT (PCA-SIFT) [2] and Speeded-Up Robust Features (SURF) [3] algo-
rithms. Using one of the existing keypoint description methods, the keypoint-based object
detection method first extracts a reference keypoint set from a given reference image of
the OOI. Next, an object detection module extracts a query keypoint set from incoming
images captured from the visual sensing system. The OOI then can be found according to
the number of keypoint matches between the query and reference keypoint sets. Finally,
a RANdom Sample Consensus (RANSAC) algorithm [4] is applied to removing outliers
in the keypoint matches for improving the accuracy rate of object detection.

Traditional keypoint-based object detection methods are useful to detect a single OOI
in a complex environment; however, they may fail to detect multiple objects randomly
placed in a box, as shown in Figure 1. This problem motivates us to design an automatic
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Figure 1. Target selection problem considered in this study: multiple
stacking objects are randomly placed in a box, and a vision system has to
decide which one should be taken from the box first

target selection and tracking system based on keypoint matches to efficiently detect and
track the top OOI from the multiple stacking objects randomly placed in the box. This
paper, therefore, presents our proposed design to deal with tasks of multiple object sep-
aration, target selection, and target tracking efficiently. Moreover, the proposed method
is computationally efficient. When implemented on an Intel Core i5-4440 3.1GHz plat-
form, the frame rate of the proposed method achieves about 30 frames per second (fps)
for a video stream with size 640 × 480 pixels. Thus, the applicability of the proposed
target selection and tracking system is greatly improved in automatic robotic manipula-
tion. Experiment results validate the detection robustness and tracking performance of
the proposed method applied in the scenario of random bin picking.

In the remainder of the paper, Section 2 introduces the proposed target selection and
tracking method. Section 3 presents the experimental results to evaluate the performance
of the proposed method. Section 4 concludes the contributions of this work.

2. Proposed Design. Figure 2 shows the flowchart of the proposed automatic target
selection and tracking system, which consists of three stages: object detection, object clus-
tering, and object tracking. In object detection stage, the keypoint-based object detection
method is used to detect all possible objects in the image based on keypoint matches be-
tween a given object reference image and an input query image. In our implementation,

Figure 2. Flowchart of the proposed automatic target selection and track-
ing system to deal with the random bin picking problem shown in Figure
1
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Figure 3. Results of keypoint extraction from an object reference image
(left) and an input query image (right)

the SURF algorithm was employed as the keypoint description method to extract key-
point descriptors of the input image. Figure 3 shows the SURF keypoints extracted from
the reference and query images. Next, a fast keypoint descriptor matching algorithm [5]
is applied on the SURF keypoints to search keypoint matches between the reference and
query keypoint sets.

In object clustering stage, a center-point voting algorithm [6] is firstly used to estimate
the position of center point of each object in the image. Then, the number of objects
is determined using a data clustering algorithm, such as K-means [7] or mean shift [8]
techniques, to classify all detected objects into different data clusters. In this study, we
used mean shift algorithm for data clustering as it is suitable to classify multiple classes
without an initial guess of the number of classes. Let mq and mr respectively denote the
matched SURF keypoints in the query and reference images. Then, the center point cq of
a corresponding object in the query image is estimated by

cq = mq + r ·Mori(φ) · vr, (1)

where r is a scale ratio defined as

r =
σq

σr

, (2)

where σq and σr denote the scale of the keypoints mq and mr, respectively. The symbol
vr denotes a reference central vector from the center point of the reference object to the
matched reference keypoint mr such that

vr = mr − cr, (3)

where cr is the center point of the reference object. The symbol Mori(φ) denotes an
orientation rotation matrix associated with the difference between the orientation angle
of the two matched keypoints mq and mr such that

Mori(φ) =

[

cos φ sin φ

− sin φ cos φ

]

, (4)

φ = θq − θr, (5)

where θq and θr are the orientation angles of the keypoints mq and mr, respectively.
Figure 4(a) shows the center-point voting result obtained from Equation (1). It is clear
from Figure 4(a) that Equation (1) efficiently maps each matched query keypoint to the
location near the center point of a corresponding OOI. Next, the mean shift clustering
algorithm is used to classify the center-point voting result into multiple object clusters by
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(a) (b)

Figure 4. Results of object clustering process: (a) center-point voting
result obtained using Equation (1); (b) data clustering result obtained using
mean shift algorithm, in which the black points indicate the estimation of
center point of each OOI in the image

Figure 5. Template patch used in the test of object tracking stage

iteratively searching the densest places of the voted center points. By doing so, the number
of objects and the center point position of each object can be simultaneously estimated.
Figure 4(b) shows the object clustering result obtained from the mean shift clustering
algorithm. It is clear from Figure 4(b) that the voted center points are classified into
three data classes, which is the correct number of objects appearing in the query image.
Moreover, the black points indicate the estimated center point of each detected object,
which is close to the real center point of each object in the image.

In object tracking stage, a template-based visual tracking method [9] is employed to
track the top OOI in real-time. Object tracking is an important function in vision systems
to handle object picking tasks as it provides an efficient way to continuously locate the
center point of the OOI in the image with real-time performance. Thus, a visual tracking
algorithm is adopted in the proposed system to track the top OOI after clustering and
locating each OOI in the query image. Here, the object cluster having maximum voted
center points is determined as the top OOI. Moreover, a template-based visual tracking
algorithm is employed in our design because a part of the reference image around the
center point of the OOI can be used as the template patch for template matching. Figure 5
shows the template patch used in the experiments. The detection robustness and tracking
performance of the proposed automatic target selection and tracking algorithm is validated
in the next section.
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Figure 6. Experimental results of the proposed automatic target selection
and tracking algorithm to consecutively detect and track one of multiple
targets randomly placed in a box

3. Experimental Results. The proposed algorithm was implemented in C++ with
OpenCV 2.4.3 library running on a Windows 7 platform with 3.1GHz Intel Core i5-4440
processor. Three objects randomly placed in a box were used as the targets to test
detection robustness and tracking performance of the proposed system in the application
of real-time target selection and tracking. Figure 6 presents the experimental results,
in which the proposed algorithm aims to consecutively detect and track one of multiple
targets placed in the box. In Figure 6(a), the three objects in the box are detected
successfully. In Figure 6(b), the top object is selected as the OOI to be tracked and picked
up from the box, as shown in Figure 6(c). In Figures 6(d), 6(e) and 6(f), the second largest
object cluster is then chosen as the OOI to be taken out from the box. Finally, the last
object is detected as the OOI to be picked up, as shown in Figures 6(g)-6(i). Therefore,
these experimental results validate the detection robustness and tracking performance
of the proposed algorithm. Note that, the proposed algorithm is also computationally
efficient because the frame rate of the entire system is about 30 fps when processing a
standard VGA (640 × 480 image resolution) video stream. This advantage improves the
usability of the proposed algorithm in practical applications.

4. Conclusions. In this paper, a novel automatic target selection and tracking algo-
rithm is proposed based on keypoint matches. The proposed algorithm consists of object
detection, object clustering, and object tracking processes. Any SIFT-like keypoint de-
tector can be used in the object detection process of the proposed algorithm. Next, the
object clustering process estimates the number of objects and the center point position of
each object using a center-point voting process combined with the mean shift clustering
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algorithm. Moreover, the top object also can be determined according to the number
of voted center points in the classified object clusters. Finally, a template-based visual
tracking algorithm is used to track the top OOI in real-time. Experimental results vali-
date the performance of the proposed algorithm, in terms of detection accuracy, usability,
and computational efficiency. In future work, the proposed algorithm will be integrated
into a robot manipulator system to show the performance of the proposed method in
applications of random bin picking.
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[6] Z. Haladova and E. Šikudo, Multiple instances detection in rgbd images, Lecture Notes in Computer
Science, vol.8671, pp.246-253, 2014.

[7] J. MacQueen, Some methods for classification and analysis of multivariate observations, Proc. of the
5th Berkeley Symposium on Mathematicial Statistics and Probability, vol.1, pp.281-297, 1967.

[8] Y. Cheng, Mean shift, mode seeking, and clustering, IEEE Trans. Pattern Analysis and Machine
Intelligence, vol.17, no.8, pp.790-799, 1995.

[9] R. Brunelli, Template Matching Techniques in Computer Vision: Theory and Practice, John Wiley
& Sons, 2009.


