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Abstract— In this paper, we present a method for visual loop
closure detection using a compact image descriptor, Gabor-
Gist. In contrast to the Bag-of-Words (BoW) approach, which
is dominant in recent studies of the loop closure detection
problem that derives an image descriptor from locally extracted
keypoint descriptors, our method relies on a single efficient
image descriptor of low dimension to describe and measure
similarities among images. We employ PCA to transform a high
dimensional Gabor-Gist descriptor to a lower dimensional form
to improve both the computational efficiency of our method and
the discriminative power of the image descriptor. In addition,
we use a particle filter to exploit the correlation among images
in a sequence captured by the robot in the process of identifying
loop closure candidates. Our method is highly scalable due to
the compactness of the image descriptor and the simplicity
of particle filtering. To validate our method, we used the
Oxford City dataset. Our experimental results show that for
this dataset, high recall (up to 87%) can be obtained at 100%
precision, with only a few particles.

I. INTRODUCTION

SLAM (Simultaneous Localization and Mapping) asks the

question of whether it is possible for a mobile robot to

start from an unknown place in an unknown environment

and incrementally build a map of the environment while

localizing itself within the map [1]. During the past decades,

numerous solutions have been proposed to deal with the

problem, using different kinds of sensors to build different

types of maps. Of all the interesting issues in SLAM, loop

closure detection is considered a fundamental and important

problem. It requires correct determination of revisits of previ-

ous locations. Correct loop closure detection is a prerequisite

for a consistent map of the environment.

Early approaches to SLAM focused on building a metric

map with range sensors such as laser range finder or sonar. In

the recent development however, visual sensors are becoming

more popular due to their advantages such as low cost, rich

texture, etc. With the aid of visual sensors, there has been

a continuous focus on developing methods to detect loop

closures in appearance space, where the map can be topo-

logically described by a set of distinct images, representing

different locations in the environment. This type of map

representation allows us to achieve loop closure detection

by comparing images [3].

The Bag-of-Words (BoW) based approach [2], originally

developed by the computer vision community for image

search and retrieval applications, has been popular in solving

the problem of visual loop closure detection. A BoW image
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descriptor is a vector quantized representation of all the

local invariant features extracted from the image. This vector

quantization can lead to the perceptual aliasing [5] problem:

images representing totally different locations are considered

correct matches. Although a reliable verification step can

be invoked to check the geometrical consistency between

matched images and overcome the false positives, if the

correct loop closure location is not included in the top

matching candidates, a false negative is generated, leading

to low recall. In addition, a considerable amount of time

is consumed in extracting local features, which has actually

become a bottleneck of real-time implementation of the loop

closure algorithms [8].

In this paper, we present an appearance-based visual loop

closure detection method with a compact image descriptor:

Gabor-Gist. Our method does not use the BoW image de-

scriptor to calculate the similarities between images. There-

fore, neither the offline process of building the vocabulary

nor the online extraction of any local invariant features

(such as SIFT or SURF) is needed. Instead, a global image

descriptor which is a compact representation of an image is

used here. To eliminate the unnecessary comparisons with all

the existing images and reduce the computational cost, we

exploit the temporal coherence in the image sequence with

the particle filter framework to track the matching candidates.

Compared with the existing work, our method uses an

efficient likelihood function in a probabilistic framework and

maintains a fraction of all the hypotheses during the loop

closure detection process. Although we use Gabor-Gist as our

image descriptor here, any other compact image descriptor

can be an alternative. From this point of view, our method can

be also considered as a general framework of loop closure

detection.

The remainder of the paper is organized as follows.

Section II gives a brief introduction to the related work on

visual loop closure detection. A mathematical definition of

the problem and the proposed method are given in Section

III. Experimental results are shown in Section IV. Finally,

the paper is concluded with a brief discussion in Section V.

II. RELATED WORK

Image-based robot localization has been studied exten-

sively. Before the application of BoW to robotics, Ulrich and

Nourbakhsh used color histogram as the features to describe

an image, combined with a voting scheme to perform image

matching [17]. Multi-sensor solution was used in [18], where

visual sensor was only used for detecting loop closures while

mapping was completed by a laser range finder. Angeli et
al. incorporated BoW with Bayesian framework [3], [4] to



ensure the temporal coherence of detection. The authors

set a threshold to exclude the update of hypotheses with

low weights and hence simplify the computation of the full

posterior.

The FAB-MAP developed by Cummins and Newman [5],

[6] is considered an important step in appearance-based

SLAM. A Chow-Liu tree was used to capture the co-

occurrence statistics of the visual words and a sampling pro-

cedure was applied to help calculate the normalizing term in

the recursive Bayes estimation for location likelihood. More

recently, people experimented using binary image descriptors

[7], [8] which are both memory efficient and fast to extract.

Gálvez-López and Tardós in [8] used the BRIEF descriptor

[19] plus FAST keypoint [20] detection to extract local

invariant features. In [7], a BRIEF descriptor is extracted for

the entire image with the center as the only keypoint. The

BRIEF-Gist is a global image descriptor since it represents an

image without keypoint detection. Although the binary image

descriptors have shown comparable discriminative power

with real-valued descriptors, they have not been exploited

within a probabilistic framework.

Rather than using the BoW representation of an image, an

alternative is to use direct feature matching to compare and

match images. The basis is that feature matching provides

a more reasonable and accurate similarity measurement be-

tween image pairs [13]. Zhang investigated the feasibility

of using scale dependent feature selection [14] to match

raw features. After the selection procedure, only a small

portion of highly discriminative features were used in match-

ing. In their follow-up work [15], [16], Locality Sensitive

Hashing and KD-tree were applied respectively to find the

approximate nearest neighbors of a feature and speed up

the matching. Although the recall is significantly improved

with feature matching, the scalability of the above methods

remains a concern.

Siagian and Itti proposed a biologically-inspired approach

to scene classification [9] using a Gist descriptor [22], which

represents an image in terms of its responses to a filter bank

such as discrete cosine transform or Gabor, and applied it to

robot localization [10], [11]. Principal Component Analysis

(PCA) was performed on the original extracted Gist features

to reduce the dimensionality. In robot localization, a map is

divided into segments - each of multiple locations - and a

segment is described by the Gist descriptors of the images

captured by the robot at the locations in this segment. A

neural network was trained for computing the likelihood

of an image belonging to a segment. Subsequent salient

region matching was employed to refine localization with the

coarse localization hypothesis determined by the Gist-based

segment matching. Singh and Košechá [12] investigated the

possibility of using the original Gabor-Gist descriptor in

visual loop closure detection with panoramas. It is impressive

to see that mapping a large area (more than 12K images

covering a long run of 13 miles in urban area) is possible

with Gist. However, neither PCA was applied for further

processing the descriptors nor was Bayes filtering considered.

III. MONTE CARLO LOOP CLOSURE DETECTION

SLAM has been modeled as a state estimation problem

which can be solved recursively by a Bayes filter:

p(xt|Zt,U t) ∝ p(zt|xt,Zt−1,U t)p(xt|Zt−1,U t)

∝ p(zt|xt)p(xt|ut, xt−1)p(xt−1|Zt−1,U t−1)
(1)

In the above equation, xt includes variables of both the

robot pose and the map to be estimated jointly in traditional

metric SLAM algorithms. In topological SLAM however, the

map is represented by a graph whose nodes are the key

locations of the environment and whose uncertainty is not

explicitly maintained. As a result, xt in topological SLAM

only describes the location of the robot in the graph and is

therefore a 1D random variable whose range is the set of

integer values associated with the nodes of the map graph.

The solution to the SLAM problem is described by the pos-

terior probability density function (pdf, or probability mass

function - pmf - to be exact) p(xt|Zt,U t), incorporting all

the previous observation (Zt) and motion (U t) information of

the robot. p(zt|xt) is the observation likelihood. p(xt|Zt−1)
is the location prior with p(xt|ut, xt−1) as the motion model

from t − 1 to t. The SLAM problem as defined by (1)

has been successfully solved with the Markov Chain Monte

Carlo (MCMC) approach [23] leading to, for example, the

well-known Monte Carlo localization (MCL) algorithm [21].

We adopt the MCMC approach, specifically particle filtering

to solve (1).

In our method, a particle corresponds to a key location

in the map and the particle set χt describes the sampled

representation of p(xt|Zt,U t):

χt = {x[1]
t , x

[2]
t , · · · , x[M ]

t } (2)

x
[i]
t ∈ {1, 2, · · · , N} (3)

where x
[i]
t is a particle at time t and M is the total number

of particles used to approximate the pdf of the robot location

in the map of N key locations. As the robot navigates, each

newly acquired key frame [13] is either determined to be

a loop closure or a new key frame. The former case leads

to adding a link to the map graph and possibly modifying

the representation of the node being closed. The latter case

results in a new node of the map graph, and this is handled

by incrementing N by 1 and recording the image associated

with the node.

A. Motion Model

The motion model has the form:

x
[i]
t ∼ p(xt|ut, x

[i]
t−1) (4)

where ut is the robot control at the current time. A simple

motion model is used in our method: the robot will move

one step forward with a high probability given the current

location [3]. In addition, we wish to account for the motion

uncertainty by allowing larger forward motion with low

probabilities.



B. Update and Resampling

When the measurement zt is obtained, the weights of

the particles wt are calculated according to their likelihoods

given zt:

w
[i]
t = p(zt|x[i]

t ) (5)

After calculating the weights of all particles, we resample

them according to their weights and add noise to the particle

set by randomly generating αM (0 < α < 1) particles to

maintain the diversity of the population.

Unlike the previous work, we only use Gabor-Gist in our

method to calculate the likelihood and do not need to extract

keypoints [3], [4] or match regions [10], [11]. The main

motivation is that the descriptor extraction is fast and the

descriptor is compact, both of which are beneficial to the

computational cost and memory usage. We also use PCA to

enhance the discriminative ability of the original descriptors

and reduce the dimensionality. The implementation used in

our study can be found online1.

C. Monte Carlo Loop Closure Detection Algorithm

Our loop closure detection algorithm is summarized in

Algorithm 1 using notations in [23]. We use χ̄t to denote a

temporary particle set at each step to keep the particles with

their weights before resampling. In line 23, mode(χt) means

the mode of the posterior pdf and it corresponds to the most

likely loop closure candidate. In our method we estimate this

mode by the location with the highest number of particles.

This is just one of the several ways to estimate the mode

and select the loop closure candidate, although we found it

to work well in our experiments. α is set 0.2 here.

IV. EXPERIMENTAL RESULTS

We ran our experiments on the Oxford City dataset that

was published for the evaluation of FAB-MAP [5]. The

dataset contains 1237 pairs of images, taken by the left and

right cameras on the robot as it was driven through the

environment. GPS information and the ground truth were

provided. Fig. 1 shows the ground truth matrix of the dataset

and the visualization of GPS positions. More information

about the dataset can be found online2.
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Fig. 1. (a) Ground truth of the dataset. Bright indicates a match between
two locations. (b) Visualization of GPS positions. Note that the coordinates
are only for visualization purpose and do not reflect any metric information
of the map. There are two loops. The second loop is in red.

1http://people.csail.mit.edu/torralba/code/spatialenvelope/
2http://www.robots.ox.ac.uk/∼mobile/IJRR 2008 Dataset/data.html

Algorithm 1: Loop Closure Detection Algorithm

1 N ← 0, t← 1;

2 while zt exists do
3 if t == 1 then // initialization
4 N ← N + 1;

5 χt = {x[i]
t = N |i = 1, 2, ...,M};

6 else
7 χ̄t = ∅;
8 for i = 1→M do // motion

9 x
[i]
t ∼ p(xt|ut, x

[i]
t−1);

10 w
[i]
t = p(zt|x[i]

t );

11 χ̄t = χ̄t + 〈x[i]
t , w

[i]
t 〉;

12 end
13 for i = 1→M do // resampling

14 draw j with the probability ∝ w
[j]
t ;

15 χt = χt + x
[j]
t ;

16 end
17 for i = 1→ αM do // randomization
18 j ∼ U [1, N ];
19 k ∼ U [1,M ];

20 x
[k]
t = j;

21 end
22 end
23 x̂t = mode(χt);

24 if verify(x̂t) then
25 loop closure detected, update map topology;

26 else
27 N ← N + 1;

28 end
29 t← t+ 1;

30 end

A. Motion Model

Our motion model is described as follows:⎧⎪⎪⎪⎨
⎪⎪⎪⎩

p(x
[i]
t = n+ 1|x[i]

t−1 = n, ut) = p1

p(x
[i]
t = n|x[i]

t−1 = n, ut) = p2

p(x
[i]
t = n+ 2|x[i]

t−1 = n, ut) = p3

p(x
[i]
t = n+ 3|x[i]

t−1 = n, ut) = p4

(6)

n ∈ {1, 2, · · · , N} (7)

In our implementation p1, p2, p3 and p4 are set to be 0.7,

0.1, 0.1 and 0.1, respectively, implying that the robot moves

one step forward at each time with high probability, although

it can move more than one step or stay unchanged with low

probability.

B. Gabor-Gist Image Descriptors

Fig. 2(a) shows the result of the cosine similarity among

all images using original Gabor-Gist descriptors. The left

and right sets of images were processed separately and the

final similarity is the mean value of the two calculations.

Although the secondary diagonal indicating loop closure is

still faintly visible, the differences among all the likelihoods



are not obvious. We took a random image (number 800) to

plot the likelihoods associated with it. The correct matches of

image 800 according to the ground truth are from 257 to 267.

However, it can be seen that there is no obvious difference

in measurement for all the images. We have observed in our

experiments this likelihood provides little help to the particle

filter since it is too poor to correctly denote the temporal

coherence in the image sequence, as discussed in the previous

section.
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Fig. 2. (a) Similarity matrix built with the original Gabor-Gist descriptors.
The loop closure events can be visible. However, the discriminative power
is limited. (b) A detailed plot of the likelihoods associated with image 800.
No significant difference on likelihood exists among images.

Nonetheless, the faint secondary diagonal corresponding

to the loop closure images encourages us to optimize the

result. The similarity matrix after applying PCA to the

original descriptors is shown in Fig. 3(a). We reduced the

original dimension of 960 to only 60, preserving 90% of

the information according to the eigenvalues of the principal

components. The similarity matrix is discriminative now and

the loop closure is clearly visible as the secondary diagonal.

To better understand the difference, we took the same image

800 to see the detail. Apparently, the temporal coherence in

the image sequence is better reflected by the gradual and

obvious change on likelihood around the maximum value.

Fig. 5(a) further describes this change in a zoomed-in view,

focusing on the neighboring images around the one with the

highest value of likelihood. For the online implementation,

we can sample images from the same or similar environment

to obtain the principal components. Fig. 4 and Fig. 5(b) show

the results of using the principal components trained from the

first 100 images of the dataset.
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Fig. 3. (a) Similarity matrix built with the descriptors after applying PCA
to the original ones. The loop closure events can be clearly visible. The
dimensionality of the new descriptors is 60. (b) A detailed plot of the
likelihoods associated with image 800. The difference is obvious among
images.
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Fig. 4. (a) Similarity matrix built with the descriptors after applying PCA
to the original ones. The principal components are trained from the first 100
images of the dataset. The loop closure events can still be clearly visible.
(b) A detailed plot of the likelihoods associated with image 800. As can be
seen, there is obviously better performance compared with Fig. 2
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Fig. 5. (a) A zoomed-in part of Fig. 3 (b). (b) A zoomed-in part of Fig. 4
(b). The likelihood of nearby locations around the one with the highest value
(image 262) are shown. The smooth change reflects the temporal coherence
in the image sequence.

C. Loop Closure Detection Performance

We ran the experiments with different number of particles

for repeated times to gather the performance. With the same

parameter settings, the performance of all the runs (we tried

up to 50 times) are almost the same. The tiny difference

can be due to the random factors such as the resampling of

particles. Therefore, we report the result from one of these

repeated runs here for each type of parameter settings. For

the verification of the loop closure candidate, we introduced

three constraints to avoid excessive and unnecessary trials.

1) The location must have sufficient number of particles.

The threshold here is 20% of the total. 2) The similarity

measurement based on Gist descriptor with the current robot

view should be higher than 0.3 and 3) the candidate should

be “far enough” from the current one. These are all adjustable

parameters and the purpose of using these constrains is to

keep the true loop closure locations as many as possible

for the further verification while excluding incorrect ones.

One can of course ignore these constraints (i.e. verification is

applied at every step) to obtain a higher recall, at the expense

of spending more time on verification. We emphasize that the

verification does not have significant impact on the run time

of the algorithm since only one candidate is verified at most.

Fig. 6 shows the precision-recall curves with respect to the

verification threshold (i.e. the number of matched features

between two images) with different number of particles.

Generally, the performance becomes better with the increase

of particles. The best recall obtained at 100% precision with



50, 100, 150 and 200 particles are respectively 0.83, 0.87,

0.85 and 0.87. It seems that 100 particles provides slightly

better performance than 150 particles here. We interpret this

as the convergence of the performance with the increase of

particles.

The visualization of loop closure detection at 100% pre-

cision is shown in Fig. 7. Note that 100% precision is

achieved by using a strict verification step such as multi-

view geometry as in the previous work [3], [4]. We can see

that most locations in the second loop are verified. However,

the verification may reject some true positives. An example

is given in Fig. 8. Our result shows that many rejected true

hypotheses do not share a common view with the current

one. The algorithm also fails to detect loop closures for the

last few locations. The reason is that the robot traverses in

an opposite direction. Therefore, the motion and observation

are both inconsistent with our assumptions. An example of

a positive loop closure detection is given in Fig. 9. Fig.

9(a) shows the likelihoods (upper) of all the hypotheses and

the corresponding pdf (lower) of the robot location which

is consistent to the likelihood. Fig. 9(b) and Fig. 9(c) are

respectively the current robot view and the retrieved location,

taken from the left and right cameras.
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Fig. 6. Precision-recall curves with different number of particles. Generally,
the performance goes up with the increase of particles.
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Fig. 7. Visualization of loop closure detection at 100% precision with
100 particles. Red shows the detected loop closures (true positives). Green
indicates the locations that do not pass the verification (false negatives if in
the second loop). Blue illustrates the missing locations in the second loop
that are not verified (also false negatives).

(a) The current robot view. (b) The retrieved candidate.

Fig. 8. An example of non-verified true positive (left view of the robot).
According to the ground truth, the loop closure candidate is a true match
of the current view. However, the verification declines the hypothesis. It is
understandable since the two views do not look similar.
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(a) The pdf of the robot location and the likelihood.

(b) The current robot view. Two images are taken from the
left and right cameras.

(c) The matched loop closure image with the highest number
of particles.

Fig. 9. An example of loop closure detection. The likelihood is relatively
strong around image 406. As can be seen, the likelihood and the pdf are
consistent. Here 100 particles are used.



D. Processing Time

For online implementation, the processing time mainly

comes from three aspects: the time of extracting the Gabor-

Gist descriptor, the time of running a particle filter and the

time of verification. Feature extraction is always an inevitable

process in every algorithm. Compared with local invariant

features such as SIFT, Gabor-Gist is faster to extract, taking

only 160 ms for an image with a MATLAB implementation

on a 2.40GHz lab computer. The time of running a particle

filter, including the particle resampling and the motion,

depends on the number of particles used in the algorithm.

Our experiments show that by using 50 particles it takes

only around 2 ms to run the filtering at each step. Even

if 10000 particles are used, the implementation could still

be real-time since the filtering takes up to 0.8 seconds due

to the 1D nature of Equation (1). Regarding the likelihood

calculation, the dot product used to compute the similarity

measurement between the current view and a hypothesis (two

60 dimensional vectors in our case) takes negligible time.

The verification can be time-consuming, depending on the

number of local features extracted from the images. However,

as mentioned above, this does not happen at every step, and

it is a standard procedure that is used in most algorithms

[3], [4]. Based on the above performance on loop closure

detection with 50 particles in a map with 1000 locations, it is

reasonable to believe that the proposed method scales easily

to large maps, consisting of many thousands of locations.

V. DISCUSSION AND CONCLUSION

We have presented in this paper a visual loop closure

detection method that uses (but is not limited to) Gabor-Gist

as the image descriptor to obtain the likelihood. A particle

filter framework is applied to exploit the temporal correlation

in the image sequence. The method proposed in this paper is

not the first one that incorporates a probabilistic framework

in visual navigation. However, the previous work [3], [5]

used the BoW image descriptor and an inverted index to

compute the likelihood, and was therefore unable to exploit

the MCMC approach, while in our method we use a compact

global image descriptor to directly compute the likelihood for

only the samples of the robot location. Our main purpose is

to show that as long as this likelihood is able to capture

the spatial correlation among neighboring locations in an

image sequence, it can be used in loop closure detection

with a particle filter in an efficient and effective way. From

this point of view, our contribution is to provide a novel

algorithm of using a good image descriptor in visual loop

closure detection. Although it is not our intention to optimize

the parameter settings, we believe that the dimensionality

of the descriptor can be even lower to work on the dataset

that was used in our experiments to validate the method.

However, with the increase of the map size, more principal

components may be needed to build the descriptor.

Our results also show that the feature matching based

verification can be reliable in most cases, although some true

positives could also be rejected to ensure no false positives.

We intend to apply our algorithm in larger maps in future.
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[8] D. Gálvez-López and J. D. Tardós, “Real-Time Loop Detection
with Bags of Binary Words”, IEEE/RSJ International Conference on
Intelligent Robots and Systems, San Francisco, USA, pp. 51-58, 2011.

[9] C. Siagian and L. Itti, “Rapid Biologically-Inspired Scene Classifica-
tion Using Features Shared with Visual Attention”, IEEE Transactions
on Pattern Analysis and Machine Intelligence, 29(2), pp. 300-312,
2007.

[10] C. Siagian and L. Itti, “Biologically-Inspired Robotics Vision Monte-
Carlo Localization in the Outdoor Environment”, IEEE/RSJ Interna-
tional Conference on Intelligent Robots and Systems, San Diego, USA,
pp. 1723-1730, 2007.

[11] C. Siagian and L. Itti, “Biologically Inspired Mobile Robot Vision
Localization”, IEEE Transactions on Robotics, 25(4), pp. 861-873,
2009.
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