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Abstract. This paper proposes a novel visual loop-closure method us-
ing average feature descriptors. The average feature descriptors are com-
puted by averaging the descriptors of feature points at each frame. Through
GPGPU (General-Purpose computing on Graphics Processing Units)
technique, the proposed method selects a frame having a minimum dis-
tance with the current average feature descriptor from the average feature
descriptor history. After the minimum distance calculation, loop-closure
is determined by matching feature points between the selected frame
and current frame. Experiments results demonstrate that the proposed
method successfully detects the visual loop-closure and is much faster
than the conventional visual loop-closure method in detecting the visual
loop-closure.

1 Introduction

Visual simultaneous localization and mapping (SLAM) [1][2][3][4] systems are
widely used by robots and autonomous vehicles to build up a map within an
unknown environment using a vision sensor. In applications of the visual SLAM,
loop-closure detection is a issue that require the capacity to recognize a previ-
ously visited place from current vision sensor measurements. In a graph-based
visual SLAM system, once a loop closure is detected, an additional constraint
between data frames is added to optimize poses and the map.

In the field of computer vision, many researchers have conducted research
to detect loop-closure using vision sensors. In 2006, Newman et al. presented
outdoor SLAM system using a visual appearance and laser ranging [5]. This
research detected the loop-closure in an image classification scheme. In 2008,
Angeli et al. proposed a real-time visual loop-closure method using a concept of
visual words to recognize a previously visited place. This research relied on the
Bayesian filter to estimate the loop-closure probability [6]. In 2012, Henry et al.
presented a keyframe-based loop-closure method [3]. They defined the keyframes
that are a subset of the aligned frames to save unnecessary time. Once the loop
closure is detected, the new correspondence between data frames can be used as
an additional constraint in the graph-based SLAM [7] consisting a pose-graph.
Because of the new correspondence, the pose-graph is dynamically optimized by
graph optimization techniques [8][9][10].
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Although the previous research have been applied to detect loop-closure and
achived successful results, they have not taken computation time increasing lin-
early as time goes by. To detect the loop-closure, measurements of a current
frame are matched with all of measurements of previously visited places. As the
map size is increased, the computation time to recognize a previously visited
place is increased.

In this paper, a visual loop-closure detection method using average feature
descriptors is proposed. The average feature descriptors are computed by av-
eraging the descriptors of feature points at each frame. Through the concept
of average feature descriptors, parallel processing for the GPGPU is maximized
and a memory efficiency is increased.

This paper is organized as follows. Section 2 proposes the novel visual loop-
closure detection method using the average feature descriptors. In Section 3,
experimental environment and scenarios are presented and the experimental re-
sults to detect the loop-closure in a real-time are discussed. Finally, concluding
remarks follow in Section 4.
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Fig. 1. A diagram of the proposed visual loop-closure detection method
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The proposed visual loop-closure detection method is shown in Fig. 1. This
proposed method is based on descriptors of feature points. The descriptors of
the feature points are obtained by various feature point detection algorithm,
such as SIFT, SURF and ORB [11][12][13]. The average feature descriptors are
generated using the feature descriptors at each frame. Through the GPGPU, the
proposed method selects the frame having a minimum distance with the current
average feature descriptor from the average feature descriptor history. After the
minimum distance calculation, the loop-closure is determined by matching the
feature points between the selected frame and current frame.

2.1 Average Feature Descriptor

The usage of the feature points in all previous image frames is too slow and
too large data to recognize the previously visited place. Therefore, the proposed
visual loop-closure method uses the average feature descriptors to maximize
the parallel processing and increase the memory efficiency. The average feature
descriptors at the i-th is calculated from

mi,j =
1

N

N
∑

k=1

fi,j,k (1)

where j is an index of the feature descriptor element; k is an index of the feature
points; N is a number of the feature points; mi,j is an average feature descriptor
of j-th element at i-th frame; fi,j,k is a k-th feature descriptor of j-th element
at i-th frame. In this paper, the average feature descriptor is used as a frame
identification at each frame. Fig. 2 shows an example of the average feature
descriptor.
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Fig. 2. An average feature descriptor of each image frame

2.2 Minimum Distance Calculation Using GPGPU

The GPGPU is the technique of using a GPU to perform computations that are
usually handled by the CPU. Usually, the GPGPU is used to processing parallel
tasks at high speed in the field of computer vision. Therefore, in this paper,
parallel processing to detect the visual loop-closure is maximized through the
concept of the average feature descriptors.



4

A distance of the average feature descriptors between the i-th frame and cur-
rent frame is calculated by the Euclidean distance. A frame having the minimum
distance of the average feature descriptor among the previous frames is decided
by

imin,cur = arg min
i







√

√

√

√

O
∑

j=1

(mi,j −mcur,j)2







(2)

where imin,cur is a frame index having the minimum distance of the average
feature descriptors; O is a size of the feature descriptor elements; mcur,j is an
average feature descriptor of j-th element at the the current frame.

After the minimum distance calculation, the proposed method conducts match-
ing the feature points between the selected frame and the current frame. The
matching process of the feature points is performed by the Brute-force matcher.
If the number of matched feature points exceeds a threshold, which is assigned
heuristically, then the proposed method considers that the loop-closure is de-
tected.

3 Experiment

The proposed visual loop-closure method was tested using an RGB-D sensor,
known as the Kinect sensor. The experimental setup was composed of Gen-
too OS, Intel i5 3.3GHz dual-core processor, NVIDIA GTX 560 GPU and 6GB
RAM. The proposed visual odometry algorithm was tested in the Robot Intelli-
gence Technology laboratory at KAIST. To test the proposed visual loop-closure
method, Euclidean error RANSAC (EE-RANSAC) algorithm was used to esti-
mate visual odometry of the RGB-D sensor [3]. The EE-RANSAC algorithm
computed the visual odometry recursively through minimizing the Euclidean er-
ror between the two consecutive frames. Once a loop closure was detected, a pose-
graph of the RGB-D sensor was optimized by iSAM algorithm [8]. Keyframe-
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Fig. 3. Computation time results of the visual SLAM. (a) Using the keyframe-based
visual loop-closure method (b) Using the proposed visual loop-closure method
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based visual loop-closure method [3] was used for comparison purpose. This
paper defined the keyframes based on visual overlap.

The experiment results of the computation time are shown in Fig. 3. As a
result, the keyframe-based visual loop-closure method was much slow than the
proposed visual loop-closure method. As time went by, while the computation
time of the keyframe-based method linearly increased, the computation time of
the proposed method was steady.
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Fig. 4. The loop-closure optimization results with the proposed visual loop-closure
method. (a) Before the loop-closure optimization. (b) After the loop-closure optimiza-
tion

After the loop-closure was detected, the pose-graph of the RGB-D sensor
was optimized by the iSAM algorithm as shown in Fig. 4. Through the loop-
closure optimization technique, an accurate pose of the RGB-D sensor could be
obtained.

4 Conclusion

In this paper, a novel visual loop-closure method using average feature descrip-
tors was proposed. The usage of feature points in all previous image frames
was too slow to recognize the previously visited place. Therefore, the proposed
visual loop-closure method used the average feature descriptors to maximize par-
allel processing and increase memory efficiency. The average feature descriptors
were computed by averaging the descriptors of the feature points at each frame.
Through the GPGPU technique, the proposed method selected a frame having
a minimum distance with the current average feature descriptor from the aver-
age feature descriptor history. Finally, after the minimum distance calculation,
loop-closure was determined by matching feature points between the selected
frame and current frame. To verify the effectiveness of the proposed method,
a visual SLAM experiment was conducted. Through the comparison with the
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conventional visual loop-closure method, our proposed method was verified to
be much faster in detecting the visual loop-closure.
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