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Abstract—In order to make an accurate 3D map in visual
SLAM, it is important to check whether the current place is
already visited or not because we should close the loop at the
correct position. If it is not visited before, it is very hard to
register the 3D map. In this paper, we propose a method for
revisited place detection based on unsupervised learning, and a
method for high-quality 3D map rendering based on root finding
optimization, both of which are faster than previous works.
In order to detect revisited places, we generate local patches
based on the superpixel and learn them using unsupervised
learning based neural networks. Experimental results show that
the superpixel-based feature extraction method detects image
features that cover both textured and texture-less regions, unlike
previous feature extraction methods. Thus, we can utilize the
proposed method not only for outside scenes, but also for
indoor scenes. Moreover, when the place recognition process is
performed using the unsupervised learning and extracted image
features, we can improve the average precision over previous
methods.

I. INTRODUCTION

In recent years, 3D scene reconstruction techniques are
getting more attention as autonomous driving, robotics, aug-
mented reality and virtual reality become more popular. Simul-
taneous localization and mapping (SLAM), mainly studied in
robotics, is used to make 3D indoor or outdoor maps and
their corresponding localization information from the color
image and its depth map as well as camera parameters. In
visual SLAM, we need to identify whether the current frame
captures the place that was visited before. If revisited places
are not recognized correctly, SLAM may produce a skewed
scene reconstruction.

Loop closure is usually detected using the bag of visual
words. In this method, after feature descriptors are extracted
from the input image, an image database is created based on
the descriptors and the input image is classified through a
learning model. Images are commonly classified by category,
and this concept has been applied to recognize whether or not
the site will be revisited. For feature extraction, we can employ
the scale-invariant feature extraction (SIFT) or speeded-up
robust features (SURF) algorithms. However, SIFT and SURF
require enough information for 128-dimensional vectors and
more than 64 bytes for the storage space. In other words, their
computational costs are very high and they are very slow. In
addition, since they extract corner points based on gradient
values, they extract features only for regions of large gradient

values. If feature points are located in areas of texture-less
or small gradient values, such as a flat wall or a ceiling of
a room, they may not exhibit good performance. Since the
bag of visual words goes through a learning process based on
the image database, both the database and the learning method
are important to yield high performance in the recognition and
classification process.

Fig. 1. Flowchart of the proposed feature extraction method

In this paper, we propose a new place recognition method.
We use a newly proposed feature descriptor extraction algo-
rithm, instead of SIFT, SURF, ORB. In the proposed method,
after images are clustered to a similar size of superpixels
through the SLIC method [2], the feature points are detected
at the boundaries of the superpixels since boundaries have
small or large gradient values. Then, using the BRIEF [3]
algorithm through the detected feature points, we generate a
binary descriptor that is stored in the image database and used
in the learning process. The proposed method for learning and
recognition adopts the DCGAN model that performs the learn-
ing through the generator and the discriminator, and finally
uses the learned discriminator in the recognition process.

II. INTEREST POINT DETECTION

In order to get features, we first used a simple linear
iterative clustering (SLIC) superpixel segmentation method
[2]. The SLIC, which has the advantage of less computational
overhead, clusters similar pixels based on 3-channel color
values and 2-dimensional pixel position values. In general, this
method requires the number of superpixels as a parameter. In
our method, we dont set any parameter value to perform the
superpixel segmentation without depending on parameters.
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In SLIC algorithm, they use a CIE-Lab color space because
CIE-Lab color space is not affected by the display device or
printer, unlike an RGB color space. So we have to convert the
RGB color space to the Lab color space. And we can’t use a
general Euclidean distance as a distance measurement method
because we should normalize not only the color features but
also the spatial features. So we use a different way of distance
measure to cover the size of superpixel. SLIC algorithm makes
a similar size of superpixels each other, so it is important to
cover spatial features. When we know the number of pixels
and superpixels, we can estimate the approximated size and a
grid interval of average superpixel using following equations:

A =
N

K
(1)

S =
√
A (2)

where A is the spatial extent of superpixel, S is a grid interval,
and N and K are the number of pixels and superpixels,
respectively. After that, they set m as a perceptual color
distance threshold value. This m utilizes for the weighting
of distance equation. If a spatial pixel distance is bigger than
m, we can gain more weights to the color similarity based on
Eq. 5. And now, we can calculate the distance from the center
Ck = [lk, ak, bk, xk, yk] to targets using following equations:

dlab =
√

(lk − li)2 + (ak − ai)2 + (bk − bi)2 (3)

dxy =
√
(xk − xi)2 + (yk − yi)2 (4)

Ds = dlab + (
m

S
)dxy (5)

where k = [1,K] and dlab and dxy are the Euclidean distance
of color features and spatial features, respectively. As a result,
the greater the value of m, the more spatial proximity gets
weight and the more compact the cluster. In [2], they have
chosen m=10. Based on the measured distance, SLIC makes
a similar size of superpixels each other. First, K regularly
spaced cluster centers are set. Second, find the lowest gradient
position into the 3x3 neighbors from the center. Finally, the
gradient is calculated by the L2 Norm.

Given results of superpixel segmentation, we can make
feature descriptors based on the contours of two neighboring
superpixels. In this process, we use the center of superpixel.
We made use of the concepts of image moments to get centers.
The 2-dimensional form of the image moment about the point
(cx, cy) is:

µm,n =
w∑

x=0

h∑
y=0

(x− cx)m(y − cy)nf(x, y), (6)

where f(x, y) is the actual image and w and h is the width
and height of an image, respectively. Using this mathematic
concept, we should calculate the area of a binary image using
0th moment because we want to get the contour of each
superpixel. In this case, x0 and y0 don’t have any effect, so

we can ignore them. Using 0th and 1st image moments, we
can calculate the centroid of each superpixel:

centroid = (
u1,0
u0,0

,
u0,1
u0,0

) (7)

Based on center points, we get the intermediate point of two
neighboring superpixel centers as an interest point. First, the
nearest neighbor of every superpixel is required. Second, two
centroids of the superpixel and its neighbor are connected and
find the intermediate point between two centers based on the
connected straight line. Figure 2 briefly shows the intermediate
point extraction. Superpixel consists of pixels that have a very
similar color and similar position because the segmentation
algorithm is based on the gradient ascent. That is, in the
contour of superpixels, we guarantee there is a big or small
change of color value. So we made use of this change from
the contour. Generally, previous feature extraction algorithm is
only based on the big change. But using the proposed method,
we can extract features both big and small changes.

Fig. 2. Intermediate point extraction from two neighboring superpixels.

In order to store features extracted in the image into the
image database, the descriptor must be created through the
extracted interest point. In this paper, we use the BRIEF
descriptor [3] to create a faster and smaller size descriptor
to compensate for the time consumed by the superpixel based
interest point extraction process as we said above. The BRIEF
descriptor has the advantage that it can create a binary descrip-
tor with a small size of 128 bits or 256 bits, compared to other
descriptor generation methods. The generated descriptors are
stored as a word in an image database consisting of a tree
structure, and each word gets weight based on TF-IDF [8].

III. UNSUPERVISED LEARNING

In our method, deep convolutional generative adversarial
networks (DCGAN) [5] is used for the learning and recog-
nition process of a bag of visual words. Derived from the
generative adversarial networks (GAN), DCGAN is proposed
to stabilize the GAN, which is adapted from the convolutional
structure to the learning model. From that, DCGAN can utilize
the advantage of convolutional networks, which succeeds in
the area of computer vision and image processing.

DCGAN consists of the generator based on a deconvolu-
tional structure and the discriminator based on a convolutional
structure. A role of the generator is to make a random sample,
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that is gradually changed by the form of the image what we
want, based on the probability distribution and adversarial
learning. And the discriminator distinguishes whether the input
image is a real or fake. In this process, this model is trained
to increase the discriminate rate, using the fake image which
is very similar to the real image and made by the generator
model. Note that, the generator should make an image without
any memorization of previous images. If the generator makes
an image based on the memorization, it says that the generator
just learns the one-on-one mapping method due to the over-
fitting, not an image generation method based on features.
Moreover, when we move into the latent space, an input space
of the generator, a smooth transition should be performed,
instead of a sharp transition.

This model uses following activation functions. ReLU func-
tion is used in the generator model excluding the output,
which uses the tanh function as an activation function. And the
discriminator uses the leaky ReLU function, where the slope
is set to 0.2. It shows the difference from the GAN using
the max-out activation function. The entire DCGAN model is
trained by the mini-batch stochastic gradient descent with the
size of a mini-batch is set to 128. All the weights is initialized
by the zero-centered normal distribution with σ = 0.02. And
the training process is accelerated by the Adam optimizer and
a tuned hyper-parameter.

In the proposed method, we use the DCGAN model to the
learning and recognition process of the bag of visual words. In
the learning process, generator and discriminator are trained
simultaneously to make the discriminator more accurate. In the
recognition process, after that, a well-trained discriminator is
used for the place recognition.

IV. EXPERIMENTAL RESULTS

We have used some datasets to get experimental results.
First, in order to train the neural network, we made use of the
New College and City Centre datasets, which are provided by
[9]. These datasets take a lot of scenes for indoor and outdoor
scenes, and also revisit places that have already visited. There-
fore, this dataset is well-suited to the training process for place
recognition. After the training process, testing process for
the recognition is proceeded using well-trained discriminator
model. In this process, we utilize two datasets provided by [7]
and [4]. These two datasets are captured for the 3-dimensional
indoor reconstruction using the SLAM and cover the some
kinds of indoor scenes such as copy room, office, and living
room. So these are good to recognize indoor scenes using the
proposed method.

The descriptor made by the proposed method has two advan-
tages. First, the proposed method can extract rich features from
both textured and texture-less regions. Second, this descriptor
is based on the binary number so it required a low storage
and a low dimension. In order to compare the performance of
the proposed method, we compared the matching accuracy of
the feature extraction algorithm with the previously proposed
SIFT and SURF. The SLIC segmentation process consumes a
lot of time. To mitigate this, we used the BRIEF descriptor. In

TABLE I
COMPARISON OF THE NUMBER OF MATCHING PAIRS USING THREE

DESCRIPTOR GENERATION METHODS

SIFT SURF Proposed Method
livingroom0 51 pairs 48 pairs 55 pairs
livingroom1 53 pairs 47 pairs 61 pairs
copyroom 44 pairs 51 pairs 48 pairs

office1 28 pairs 23 pairs 32 pairs

order to evaluate the matching results, we used the livingroom0
and livingroom1 sequences provided by ICL-NUIM [7] and
the copyroom and office1 sequences used in BundleFusion
[4]. Table I shows the number of matching pairs obtained by
applying SIFT, SURF, and the proposed method for the three
sequences. As shown, the proposed method is able to obtain
less than 4 and more than 8 matching pairs compared to SIFT.

Fig. 3. Matching results between two frames using two extraction methods

Figure 3 shows the feature matching results of SIFT and the
proposed method. We used two different images taken in the
same room to perform the matching process. These two images
have matched parts in some areas. Therefore, it is possible
to determine how distinctive the features extracted from the
proposed method are, through whether the matching of these
matching parts is done correctly. Both methods showed that
some of the results are pairs of an error. However, the proposed
method has matching accuracy similar to that of SIFT, and it
is found that matching can be performed easily even for a wall
with a small texture.

The main problem of the training process is that we don’t
have a ground truth for the actual re-visited place in the
dataset we will use. In order to create a ground truth for the
actual re-visited place, we directly observe the entire frame
of each dataset taken at the same location and store the set
of frame numbers that indicate the same locations. When
the recognition performs using the trained neural networks,
precision and recall can be used to determine how accurate
the recognition is. Following equations mean the precision and
recall:
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Precision =
TruePositives

TruePositives+ FalsePositives
(8)

Recall =
TruePositives

TruePositives+ FalseNegatives
(9)

Here, four cases are classified to define error types. False
positive is defined as a type 1 error and false negative is
defined as a type 2 error. Type 1 error means that the
discriminator says a positive answer by checking the input
image, but actually, this image is a fake. On the other hand,
type 2 error means that the discriminator says a negative
answer by checking the input image, although this image is a
real. So precision is the ratio of finding a real image in any
case where the discriminator says it is a real. And recall is the
ratio of identifying a real image in any case where the input
image is a real. From the proposed method, we try to increase
these two values by improving the accuracy of recognition.
After that, we have compared this with previous methods.

Fig. 4. Loop closure detection results using the proposed method and
livingroom1 (Top), copyroom (Middle), and office1 (Bottom) sequences.

Table. II shows the average precision of the proposed
method and five previous methods. In average, the proposed
method shows approximately 83 percent accuracy and it shows
a better result than other methods, except the SURF-based bag
of visual words. In particular, comparing with the ORB and
BRISK, which make the binary descriptor, proposed method
shows 3 to 7 percent higher precision result. From results, we
can find that the discriminator of proposed method identifies
the real image more accurately.

Figure ?? shows results of loop closure detection using
our method. In this figure, the black line represents a normal
trajectory and the red line represents the area where loop
closure is detected. In the livingroom1 sequence, the camera
tried to re-visit the scene in some place while it was moving
around the room, and the proposed method could successfully
detect these places. In other sequences, such as copyroom,
office1, the detection of the starting point in the first iteration
of the indoor space was not successful and showed a deviation
of the path. However, in the second iteration, re-visited places
were successfully detected and the loop was successfully
closed.

V. CONCLUSION

In this paper, we have proposed more accurate place recog-
nition method. Based on the bag of visual words, this method
should extract features first. In this paper, we have combined
a simple linear iterative clustering (SLIC) and the BRIEF

TABLE II
AVERAGE PRECISION COMPARISON OF SIX METHODS

Method livingroom0 livingroom1 copyroom office1
SIFT + BoVW 0.811 0.783 0.727 0.731
SURF + BoVW 0.816 0.809 0.735 0.726
ORB + BoVW 0.783 0.771 0.708 0.712

BRISK + BoVW 0.767 0.752 0.701 0.692
Proposed Method 0.822 0.801 0.741 0.766

descriptor to extract features. First, we have detected feature
points from the contour of each neighboring superpixels be-
cause the contour has a small or large gradient. After that,
256 bits of the binary descriptor has been extracted from
feature points, then saved to the image database. The generated
image database has made use of training a DCGAN model. In
experimental results, we could obtain more than 4-8 matching
pairs in our feature extraction method while extracting the
feature even in the area with less texture compared to SIFT
or SURF. In place recognition, we could obtain the average
precision values about 10-30 percent higher than the DBoW2
with SURF.

ACKNOWLEDGMENT

This work was supported by the ’Civil-Military Technology
Cooperation Program’ grant funded by the Korea government

REFERENCES

[1] D. Galvez-Lopez and J. D. Tardos, Bags of Binary Words for Fast Place
Recognition in Image Sequences, IEEE Transactions on Robotics, Vol.
28, No. 5, pp. 1188-1197, Sep. 2011.

[2] R. Achanta, A. Shaji, K. Smith, A. Lucchi, P. Fua, and S. Susstrunk,
SLIC Superpixels Compared to State-of-the-art Superpixel Methods, IEEE
Transactions on Pattern Analysis and Machine Intelligence, Vol. 34, No.
11, pp. 2274-2282, Nov. 2012.

[3] M. Calonder, V. Lepetit, C. Strecha, and P. Fua, BRIEF: Binary Robust
Independent Elementary Features, In Proc. European Conference on
Computer Vision, pp. 778-792, Sep. 2010.

[4] A. Dai, M. Niessner, M. Zollhofer, S. Izadi, and C. Theobalt, Bundlefu-
sion: Real-time Globally Consistent 3D Reconstruction using On-the-fly
Surface Reintegration, IEEE Transactions on Robotics, Vol. 36, Issue. 3,
No. 24, Jun. 2017.

[5] A. Radford, L. Metz, and S. Chintala, Unsupervised Representation
Learning with Deep Convolutional Generative Adversarial Networks,
arXiv preprint arXiv:1511.06434, Nov. 2015.

[6] B. Zhou, A. Lapedriza, A. Khosla, A. Oliva, and A. Torralba, Places:
A 10 Million Image Database for Scene Recognition, IEEE Transactions
on Pattern Analysis and Machine Intelligence, Vol. PP, No. 99, pp. 1-14,
Jul. 2017.

[7] A. Handa, T. Whelan, J.B. McDonald, and A.J. Davison, A Benchmark for
RGB-D Visual Odometry, 3D Reconstruction and SLAM, In Proc. IEEE
International Conference on Robotics and Automation, pp. 1524-1531,
May. 2014.

[8] J. Sivic and A. Zisserman, Video Google: a Text Retrieval Approach to
Object Matching in Videos, In Proc. IEEE International Conference on
Computer Vision, pp. 1470-1477, Oct. 2004.

[9] M. Cummins and P. Newman, FAB-MAP: Probabilistic localization
and mapping in the space of appearance, The International Journal of
Robotics Research, Vol. 27, No. 6, pp. 647-665, June 2008.

Proceedings of TENCON 2018 - 2018 IEEE Region 10 Conference (Jeju, Korea, 28-31 October 2018)

1278




