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Abstract
This article proposes a mobile robot localization system developed using Google Indoor Street View (GISV) and Convolutional

Neural Network (CNN)-based visual place recognition. The proposed localization system consists of two main modules. The first
is a place recognition module based on GISV and a net Vector of Locally Aggregated Descriptors (VLAD)-based CNN. The second
is a factor graph-based optimization module. In this work, we show that a CNN-based approach can be utilized to overcome the
lack of visually distinct features in indoor environments and changes in images that can occur when using different cameras
at different points in time for localization. The proposed CNN-based localization system is implemented using reference and
query images obtained from two different sources (GISV and a camera attached to a mobile robot). It has been experimentally
validated using a custom indoor dataset captured at the Memorial University of Newfoundland engineering building basement.
The main results of this paper show that GISV-based place recognition reduces the percentage drift by 4% for the dataset and
achieves a Root Mean Square Error (RMSE) of 2 m for position and 2.5◦ for orientation.

Key words: topological localization, indoor localization, factor graph, place recognition

1. Introduction
Mobile robots are used in many safety-critical applications

involving human operators, and precise localization has be-
come an essential requirement for the autonomy of a mobile
robot. Recent advances in localization use Google Street View
(GSV) to identify the current location of a robot in its environ-
ment. This procedure matches an image corresponding to the
robot’s current position with a database of images represent-
ing its environment using a process known as place recogni-
tion, which can bind the inherent drift in the odometers of
robot platforms.

In literature, place recognition methods using GSV mainly
use conventional feature-based methods or Convolutional
Neural Network (CNN) feature-based methods. Conventional
feature-based methods (Yu et al. 2017; Yan et al. 2018; Zhou
et al. 2021) use conventional feature descriptors encoded as
either a Bag of Words (BoW) or a set of Vector of Locally
Aggregated Descriptors (VLAD). CNN feature-based methods
(Arandjelovic et al. 2016; Maffra et al. 2018; Yin et al. 2019)
use off-the-shelf CNNs customized as dense feature extrac-
tors. The extracted dense features are stored in a data struc-
ture compatible with efficient search. Some studies, such
as the urban localization system proposed in Bresson et al.
(2019), use the depth maps and the absolute positions of the
locations in addition to the respective GSV panoramas. Sev-
eral studies (Agarwal et al. 2015; Yu et al. 2016; Yan et al.
2018) have proposed metric localization methods by mod-

elling the solution as a nonlinear least squares estimation
problem solved using an optimization algorithm.

Google Indoor Street View (GISV) poses a challenge to these
methods. GISV is not widely available compared with outdoor
street view. Thus, there is a lack of indoor street view maps
compared with outdoors. Second, indoor environments are
abundant in repetitive and self-similar structures such as ceil-
ings, flooring, and walls with visual similarity in buildings
compared with outdoors. It can confuse the place recogni-
tion system ending up with incorrect predictions. Third, in-
door environments lack robust and unique features making
it challenging for conventional feature detectors to extract
sufficient key points for image matching. Finally, frequent
changes in an indoor environment can cause significant dif-
ferences among reference and query images of the same lo-
cation, making the matching process difficult.

In addition to the above challenges unique to indoor en-
vironments, GSV images, in general, are an equirectangular
projection of the respective 360◦ images. These equirectan-
gular images contain significant distortions to be handled by
conventional feature descriptors. A study by Morel and Yu
(2009) has shown how significant affine variance among im-
ages can impact the overall matching process.

The lack of indoor place recognition datasets has been ad-
dressed in literature by creating custom datasets to serve
as reference images. One approach is constructing the ref-
erence dataset as an offline step separate from the online
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Fig. 1. 360◦ image corresponding to node1 captured by Samsung Gear 360 camera.

localization process (Taira et al. 2021). The second approach
is constructing the reference dataset online parallel to the lo-
calization process using a visual Simultaneous Localization
And Mapping (SLAM) approach (Tateno et al. 2017; Maffra
et al. 2018, 2019). Common methods used to penalize the
effect of repetitive features and self-similar structures in
these indoor scenes are burstiness weighting (Piasco et al.
2019) and term frequency-inverse document frequency (tf-
idf) scoring (Kejriwal et al. 2016). Burstiness weighting is as-
sessing the importance of a feature based on the number
of times it repeats in an image. Tf-idf scoring prioritizes vi-
sual words that are less common within the entire dataset
and penalizes those that are common among multiple im-
ages of the dataset. The lack of unique features and frequent
changes in an environment are problems that are compar-
atively harder to tackle. However, studies (Tennakoon et al.
2021; Yu et al. 2019) have shown that CNN-based features
are more robust and perform better than conventional hand-
crafted features in these cases. Studies have used two meth-
ods in handling the distortions present in equirectangular
images. One method generates undistorted perspective views
called virtual views from the equirectangular images (Majdik
et al. 2013). The other method directly downloads perspective
images of desired heading and tilt using GSV Application Pro-
gramming Interface (API) (Agarwal et al. 2015; Kejriwal et al.
2016).

In this work, we have created our GISV dataset and up-
loaded it to the Google servers. To eliminate the effect of dis-
tortions, we download perspective images of desired heading
and tilt angles corresponding to selected locations. These per-
spective images constitute the reference dataset. To minimize
the effect of repetitive and self-similar structures, we select
locations for the reference dataset such that the selected loca-
tions are visually distinct from one another based on the cri-

teria that a human can easily distinguish the locations from
one another. To overcome the lack of unique features and
frequent changes in the environment, we exploit the bene-
fits of CNN-based features by using a netVLAD CNN for the
place recognition system.

Closely related to place recognition is a process termed
loop closure used in mobile robot navigation. Popular stud-
ies using visual loop closure for robot navigation include Qin
et al. (2018). Loop closure relies on a reference image database
filled while traversing an environment using the onboard
camera of a robot. As a result, a correct match between a
reference and a query image can only be achieved when the
robot revisits a previous location, i.e., during a loop closure.
Once a match occurs, the drift of the robot is corrected in
these studies using a constraint on its trajectory in a factor
graph localization framework (Qin et al. 2018). Although con-
ceptually similar, this drift correction step in loop closure
does not transfer well to indoor street view-based localiza-
tion. The loop closure procedure in Agarwal et al. (2015) and
Qin et al. (2018) captures the reference and query images
from the same camera. If the camera used is calibrated, the
availability of the camera’s intrinsic parameters is an advan-
tage in estimating the relative pose between the query and
the matching reference image. However, in the case of GISV
place recognition, the reference images are perspective im-
ages downloaded using the GSV API. Hence, the intrinsic pa-
rameters of the camera used to capture the original street
view images are no longer valid. The unavailability of depth
information is a disadvantage for indoor street view-based lo-
calization. Even if the relative pose between a query image
and a matching reference image is determined, the relative
translation is only available up to a scale. It makes it more
challenging to exploit all the available information for local-
ization in a factor graph.

D
ro

ne
 S

ys
t. 

A
pp

l. 
D

ow
nl

oa
de

d 
fr

om
 c

dn
sc

ie
nc

ep
ub

.c
om

 b
y 

N
at

io
na

l R
es

ea
rc

h 
C

ou
nc

il 
of

 C
an

ad
a 

on
 0

4/
05

/2
4

http://dx.doi.org/10.1139/dsa-2022-0045


Canadian Science Publishing

Drone Syst. Appl. 11: 1–19 (2023) | dx.doi.org/10.1139/dsa-2022-0045 3

Fig. 2. The node map of the MUN Engineering building basement.

Table 1. Parameter values used in downloading perspec-
tive images from Street View images.

Parameter Value

Image size 640 px × 640 px

Heading angles 0◦, 60◦, 120◦, 180◦, 240◦, 300◦

Pitch angles 0◦

FOV 90◦

In this study, we address the absence of intrinsic param-
eters for the reference images (perspective images down-
loaded from GISV) by deriving an equivalent intrinsic ma-
trix using the metadata of GISV images. We address the is-
sue of relative translation being up to a scale by assigning a
scale factor with a representative noise associated with the
matching performance of the CNN place recognition system.
Combined, these make it possible to impose place recogni-
tion constraints in the factor graph localization framework
to correct the odometry drift of the robot.

The contributions of the proposed indoor localization sys-
tem are as follows.

1. Design of a GISV-based place recognition architecture suit-
able for indoor reference and query images obtained from
two different cameras.

2. A method of incorporating GISV place recognition results
in a robot localization factor graph.

3. Experimental validation of the place recognition module
and the factor graph-based localization module using a
custom dataset.

The paper is organized as follows. Section 1 introduces vi-
sual topological SLAM and the proposed system. Section 2
presents a detailed discussion on state of the art in visual
topological localization. Section 3 provides an overview of
the methodology followed in this study. Section 4 presents
a discussion of the obtained results. Section 5 presents con-
clusions derived from this study. Finally, Section 6 discusses
the future directives in the field of study.

2. Related work
Vision-based topological localization and mapping meth-

ods employ visual place recognition as the mechanism for
loop closure (Valgren and Lilienthal 2007; Ascani et al. 2008).
A camera extracts useful visual information from the envi-
ronment, and then compares it against a known set of infor-
mation belonging to the same environment the robot navi-
gates. Visual topological localization and mapping have ap-
peared in different forms depending on the type of feature
descriptor used, the detector–descriptor combination used,
the search method used, and the type of third-party map em-
ployed.

Yu et al. (2017) propose a Street View-based urban localiza-
tion method. This is a BoW-based approach in which the dic-
tionaries are constructed using Scale Invariant Feature Trans-
form (SIFT) and Maximally Stable Extremal Regions (MSER)
features. Another Street View-based approach is the global lo-
calization method presented in Yan et al. (2018). This method
relies on Oriented FAST and Rotated BRIEF (ORB)-SLAM to es-
timate the 3D positions of the map points. The indoor posi-
tioning by Zhou et al. (2021) proposes using ORB and Locally
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Fig. 3. Perspective images downloaded from a GSV image.

Fig. 4. Pin hole model of the camera. The coordinate system
of the formed image has the x-axis (in red) pointing right and
the y-axis pointing down with the origin located at the top-
left corner of the image.

Sensitive Hashing (LSH). Another application of GSV in local-
ization is the metric localization of a ground robot proposed
in Agarwal et al. (2015).

The navigation system proposed in Shan et al. (2015)
uses Google Maps rather than Street View. This system uses
Histogram of Oriented Gradients (HOG) features. However,
global feature descriptors such as HOG are less robust to view-
point changes, clutter, and occlusion.

Handcrafted feature descriptors such as SIFT, Binary Ro-
bust Invariant Scalable Keypoints (BRISK), Binary Robust In-
dependent Elementary Features (BRIEF), and ORB are invari-
ant to scale, rotation, and a certain degree of an affine trans-
formation. However, they are vulnerable to significant view-
point changes (above 45◦). Due to the significant distortions
in GSV images, these cannot be used directly to create visual
vocabularies. In addition to that, it is known that handcrafted
feature descriptors perform poorly in indoor environments,
especially if the surrounding lacks prominent features and
landmarks. Work in Majdik et al. (2013) has addressed the in-
fluence of distortions by generating virtual views out of the
Street View images. Another author’s observation was the is-
sue of using Random Sample And Consensus (RANSAC) for
outlier rejection. The authors claim that algorithms such as
RANSAC work robustly, only for outlier ratios less than 50%.
However, in the case of GSV, the outlier ratio can be as high as
90%. They concluded that a solution to this is to use modified
versions of RANSAC such as Optimized Random Sampling Al-
gorithm (ORSA) or Virtual Line Descriptors (VLD).

Upon the rapid developments in deep learning during the
past decade, several studies have highlighted the benefits
of using CNN as dense feature detectors. Maffra et al. (2018)
proposes a place recognition system using a combination
of 2D and 3D information. However, this method assumes
that a vision-based SLAM/odometry system using a keyframe
paradigm runs on a separate thread. The Multi-Domain
Feature Learning (MDFL) method by Yin et al. (2019) focuses
mainly on improving the robustness towards changes in
environmental factors such as weather and season. However,
these factors do not impact place recognition in indoor
environments.

The place recognition system proposed in Maffra et al.
(2019) assumes the sparse 3D map of the location corre-
sponding to each image captured is provided by an onboard
visual SLAM system. BDLoc (Li et al. 2021) proposes a global
localization method that depends only on a rough latitude
and longitude from a Global Positioning System (GPS). Thus,
this method, unfortunately, cannot be applied to indoor
scenarios.

Yu et al. (2019) proposes a loop closure detection method
called Dense-Loop. This approach uses DenseNet to extract
dense global features later decoupled by feature maps (de-
coupling by feature maps (DBF)). The authors propose using
an improved version of VLAD called Weighted Vector of Lo-
cally Aggregated Descriptor (WVLAD) to encode the descrip-
tors. WVLAD together with DBF reinforces the resistance to-
wards scale and viewpoint changes. The study experimentally
validates this through a comparison with combinations of
SIFT and ORB with BoW and VLAD. Zhu and Huang (2021)
propose a loop closure detection method using ShuffleNetV2.
The key feature of this work is the exploitation of the compar-
atively low computational complexity of ShuffleNetV2 to im-
prove execution speed. Dai et al. (2021) propose a loop closure
detection method that uses pretrained VGG-16 and Resnet34
models as dense feature extractors. This method uses Kernel
Principal Component Analysis (KPCA) instead of the widely
used Principal Component Analysis (PCA) for dimensional re-
duction. However, these methods have only been evaluated
on outdoor datasets. These datasets’ query and reference im-
ages are also captured from the same camera.

A notable work among the loop closure detection methods
evaluated indoors is LoopNet by Osman et al. (2022). The au-
thors propose using an attention-based Siamese CNN based
on ConvNet. The attention blocks incorporated into the sys-
tem make the network focus more on salient regions deter-
mining key landmarks beneficial for accurate loop closure
detection. The network is trained only using outdoor data.
However, it performs equally in both outdoor and indoor sce-
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Fig. 5. Schematic of the netVLAD CNN-based place recognition system.

Table 2. Thresholds used for RANSAC.

Parameter Value

Confidence threshold (%) 99.9

Maximum reprojection error (pixels) 0.0001

Maximum iterations 2000

narios. However, the datasets used for testing consist of query
and reference images captured from the same camera.

A study that uses query and reference images captured
from two different cameras is the indoor localization system
InLoc proposed in Taira et al. (2021). In this work, the ref-
erence images are synthesized using RGBD panoramas cap-
tured through a 3D scanner, whereas the query images are
from an iPhone camera. This method shows promising re-
sults in terms of localization accuracy. However, the gain in
performance comes at the cost of running time, deemed a
nonnegligible bottleneck by the authors.

Several attempts have been made to utilize GSV for local-
ization. However, these are mainly outdoor studies (Agarwal
et al. 2015; Yu et al. 2017). The method proposed in this
paper uses visual place recognition and factor graphs to-
gether with GISV for the indoor localization of a mobile
robot.

3. Methodology

3.1. Problem statement
Over the years, visual place recognition has become fa-

mous for minimizing the drift in odometers in navigation
systems. Recently, with studies (Tennakoon et al. 2021) con-
cluding that CNN-based methods outperform conventional
feature-based methods, CNN-based approaches have become
the popular choice among many researchers as the front
end of localization systems (Arandjelovic et al. 2016). Regard-
ing navigation systems’ back ends, optimization-based meth-
ods have been replacing filter-based approaches due to the
many advantages of optimization methods over filter-based
methods (Chen et al. 2018). With freely available maps such
as GSV becoming globally available, researchers have iden-
tified the benefits of preexisting maps and have conducted
studies featuring GSV-based localization (Yu et al. 2017; Yan
et al. 2018). However, only a few studies have focused on us-
ing CNN-based visual place recognition for indoor environ-
ments, such as Taira et al. (2021) and Osman et al. (2022). Nev-
ertheless, none have attempted using GISV as a preexisting
map. A significant reason for this is GISV not being as widely
available as GSV. Another primary reason is the lack of in-
door datasets. The reference and query images are from two
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Table 3. Noise values used in the factor graph.

Measurement (factor) Noise value

Translation Orientation

x/m y/m z/m θx/deg θ y/deg θ z/deg

Robot’s initial pose (prior factor) 0.001 0.001 0.001 0.006 0.006 0.06

Robot’s camera pose (between factor) 0.001 0.001 0.1 0.001 0.001 0.001

Map camera pose (between factor) 0.001 0.001 0.1 0.001 0.001 0.001

Odometry (between factor) 0.05 0.05 0.05 0.006 0.006 0.6

Visual feedback (between factor) 0.001 0.001 0.1 0.03 0.03 0.03

Note: x, y, and z are the translations along the x, y, and z axes, respectively. θx, θ y, and θ z are rotations about the x, y, and z
axes, respectively.

Fig. 6. The schematic of the factor graph-based localization system.

different cameras, and the unknown intrinsic matrix for ref-
erence images (GISV) makes relative pose estimation between
query images and matching reference images challenging.
According to our knowledge, the indoor localization system,
InLoc, proposed by Taira et al. (2021) is the only study where
the reference and query images captured by different cam-
eras were used for indoor localization. However, this ap-
proach is not based on GISV.

In this work, we attempt to bridge the research gap men-
tioned above by designing a GISV-based place recognition sys-
tem to localize a mobile robot in an indoor environment. We
propose using GISV for several reasons. First, it is freely avail-
able. Second, the proposed place recognition system can be
easily reconfigured to use any map available on GISV. Third,
Google allows users to create custom indoor Street View maps
and upload them to their servers.

The key features of the design are as follows.

� The place recognition system should be able to handle in-
door images with a lack of visually distinct features and
viewpoint and illumination changes between images taken
at the same location.

� The place recognition system should utilize GISV images as
its reference images and use the images from the robot’s
onboard camera as query images, thereby being able to
match images from two dissimilar cameras.

� The place recognition system should have a suitable vir-
tual view generation method to support matching, and an
equivalent camera matrix generation method should be
present to support localization algorithms.

� The resulting image matches from the place recognition
module should be used to correct the drift of the robot in a
consistent way to support the robot’s navigation.

� The developed system should be experimentally verified
and optimized for online use with mobile robots.
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Fig. 7. Calculated inlier ratio, actual inlier ratio, and deviation in up-to-scale relative pose versus the type of features used.

This section details the key components of the proposed lo-
calization system, starting with the custom reference dataset
gathered for the evaluation of the proposed system.

3.2. Map of MUN Engineering building
basement

The site chosen to conduct the experiments was the Memo-
rial University of Newfoundland (MUN) Engineering building
basement. Thus, a GISV map of the basement was necessary

to construct the reference images required for place recogni-
tion. As yet, GSV for building interiors is not readily available
as it is for outdoors. However, Google has provided a plat-
form through which consumers can construct custom indoor
Street View maps and upload them to their servers. Using this
platform, a GISV map of the MUN Engineering basement cor-
ridor was created. It comprises forty-nine 360◦ images (Fig. 1)
that were captured using a Samsung Gear 360 camera. These
images were captured at preselected locations along the MUN
Engineering basement corridor, which are approximately
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Table 4. Values and selection criteria of design parameters.

Module Parameter Value Selection criteria

Place recognition Reference images – Hand-picked, considering how unique the corresponding physical
location is. Locations such as junctions and lounge areas were
picked as suitable locations. The automatic selection of these
images is not addressed in the scope of this work

Image size 640 × px 640 px The maximum resolution of the images that could be downloaded
from the GISV API

FOV of the images 90◦ Captures a higher visual field without introducing distortions in
the downloaded images

Number of bins in netVLAD 64 Used the default value used by the original authors of
Arandjelovic et al. (2016). The value is high enough to maintain
the accuracy of predictions without increasing computational
cost and prediction time

Number of candidate matches 5 Empirically determined to improve the chances of the correct
match becoming a candidate for the second-stage verification
without compromising the prediction time

Distance threshold 1.275 Empirically determined to reduce the false positive rate to zero. It
requires fine-tuning when new datasets are introduced to the
system

RANSAC algorithm 5-point The 5-point algorithm is faster and more robust than the 8-point
algorithm (Nistér 2004)

Confidence threshold for
RANSAC

0.99 This is the desired probability of successfully detecting inliers.
99% is the most commonly used value in literature and widely
used computer vision libraries

Maximum reprojection error 0.0001 Empirically determined to reduce the number of inliers filtered
out while rejecting outliers

Minimum number of inliers 10 It was noticed during experiments that correct matching
reference and query images contained more than 10 inliers,
whereas incorrect matches had fewer than 10

Similarity threshold 0.02 Empirically determined to filter out any remaining false positive
predictions

Factor graph Minimum translation of the
robot required to add a node
to the factor graph

5 m Empirically determined as a trade-off between the complexity of
the factor graph and the accuracy of the solved path. Lowering
this value increases the number of nodes in the factor graph,
increasing the complexity and computational overhead in
solving the graph but improving the accuracy of the solved
path and vice versa

Minimum rotation of the robot
required to add a node to the
factor graph

45◦ The path the robot traversed during the experiments only had 90◦
bends. When 45◦ is used as the minimum rotation required, a
node is added to the factor graph at every corner. This improves
the factor graph’s resemblance to the robot’s actual trajectory

Noise values of the factors Refer Table 3 Determined empirically. Z-axis in the robot’s coordinate frames
and map cameras corresponded to depth. Hence, the
translation noise in the z-direction of the visual feedback
measurements was tuned to a higher value to overcome the
relative translation being up to a scale

4.5 m (15 feet) from one another. The preselected locations
later become the nodes for the topological map used by the
factor graph implementation. Since the nodes were selected
premeditatively, the approximate positions of the nodes rela-
tive to the map’s origin are known. The map’s first node (node
1) was the origin. For simplicity, the absolute position of the
origin was set to be (0,0,0). Shown in Fig. 2 is an illustration
of the aforementioned topological map.

3.3. Creating the reference image database
Images necessary to construct the reference dataset of the

MUN Engineering basement corridor were extracted using
the GSV API. The API allows the users to download perspec-
tive images 640 px × 640 px in size from a GSV image at the
desired heading, pitch, and Field Of View (FOV). Six perspec-
tive images were downloaded from each Street View image

using the values given in Table 1. Figure 3 shows a few exam-
ples of the perspective images downloaded.

3.4. Determining equivalent intrinsic matrix
The intrinsic parameters of the cameras from which they

were captured are needed to estimate the relative pose be-
tween a query image and a reference image. Since the query
images come from a camera mounted on the robot, its
intrinsic parameters are known using a camera calibration
procedure (Zhang 2000). However, the reference images are
perspective images generated from the Street View images.
Hence, the intrinsic parameters of the 360◦ camera used to
capture the street view images no longer apply to them.
Therefore, equivalent intrinsic parameters are derived for the
reference images.
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Fig. 8. Confusion matrices (48 × 49) at each stage of place recognition.

Assume that the equivalent camera can be modelled as a
pinhole camera as shown in Fig. 4. Here, θW and θH are the
horizontal and vertical FOV, respectively, while f is the fo-
cal length. W and H are the width and height of the image
formed, respectively. (cx, cy) is the coordinates of the image
centre with reference to the image coordinate system shown
(Corke 2017).

Then, the equivalent intrinsic matrix, Keq, can be repre-
sented as shown by eq. 1:

Keq =

⎛
⎜⎜⎝

f 0 cx

0 f cy

0 0 1

⎞
⎟⎟⎠

3×3

(1)

where

cx = W
2

(2)

cy = H
2

(3)

f = H

2 · tan
(

θH
2

) = W

2 · tan
(

θW
2

)(4)

θH and θW are parameters available when downloading the
images using GSV API. For maximum FOV without distor-

D
ro

ne
 S

ys
t. 

A
pp

l. 
D

ow
nl

oa
de

d 
fr

om
 c

dn
sc

ie
nc

ep
ub

.c
om

 b
y 

N
at

io
na

l R
es

ea
rc

h 
C

ou
nc

il 
of

 C
an

ad
a 

on
 0

4/
05

/2
4

http://dx.doi.org/10.1139/dsa-2022-0045


Canadian Science Publishing

10 Drone Syst. Appl. 11: 1–19 (2023) | dx.doi.org/10.1139/dsa-2022-0045

Fig. 8. (Continued.)

tions
π

3
≤ θH, θW ≤ 2π

3
(5)

3.5. CNN-based place recognition system
The CNN-based place recognition system comprises three

main parts, i.e., the front end, back end, and second-stage ver-
ification (Fig. 5). The front end, which serves as the dense fea-
ture extractor, comprises a base network with the first seven
layers of a VGG-16 off-the-shelf CNN pretrained on an Ima-
geNet dataset, appended at the end with a netVLAD pooling
layer. The base network extracts the normalized dense fea-
tures of the images. The netVLAD layer clusters the features

into 64 bins and computes the centroid of each bin. These
centroids serve as the visual words necessary to derive the
VLAD vector of each image. Then, a VLAD vector is generated
for each image using the computed visual words and dense
features. Each VLAD vector encodes a unique representation
of its corresponding image.

The back end comprises the nearest neighbour (NN) classi-
fier, a data structure and a search and vote mechanism. The
NN classifier was trained offline using the VLAD vectors and
the corresponding labels of the reference dataset. During the
online phase, the VLAD vector of the query image is passed
to an NN classifier, which predicts a set of candidate images
that best matches the query image.
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Fig. 8. (Concluded.)

The system is also composed of a two-step second-stage ver-
ification module. The first step calculates the distances be-
tween the query and candidate reference images. Candidates
with a distance greater than a threshold are filtered out. The
second step is a geometric similarity check. A RANSAC-based
homography check is conducted on each candidate image
that passes the first step and determines the number of in-
liers. If the number of inliers exceeds a minimum thresh-
old, the corresponding candidate image is considered a good
match for the query image. Ten was empirically determined
as a suitable minimum threshold for the number of inliers.

The parameters and values used for RANSAC are presented in
Table 2.

For those candidate images that qualify, a similarity score
is calculated using eq. 6:

Ssimilarity = 2 × Ninliers

Nmatches + Nimages
(6)

where Ssimilarity is the similarity score, Ninliers is the num-
ber of inliers between a candidate image and the query im-
age, Nmatches is the number of feature matches between the
candidate image and the query image, and Nimages is the num-
ber of candidate images.
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The candidate images that score less than a predetermined
threshold are filtered out. Out of the remaining, the node cor-
responding to the candidate reference image, which records
the highest similarity score, is selected as the node closest to
the considered query image.

Key steps of the place recognition module are shown in
Algorithm 1.

The process begins with an offline phase. During this
phase, the weights of the netVLAD CNN model are loaded,
and the model is compiled. In addition, the NN classifier
is trained using the preexisting VLAD vectors of the refer-
ence images and the corresponding labels. During the on-
line phase, the netVLAD CNN generates the VLAD vector for
each query image. The NN classifier takes this VLAD vector
as the input and predicts the five best matching reference
images along with a distance metric of each match. Next,
the predicted matches whose distance metric is lower than
a predetermined threshold are rejected. This threshold is
tuned using the dataset. Then, for each of the remaining pre-
dicted matches, the SIFT feature descriptors are extracted and
matched with the SIFT feature descriptors of the query im-
age. Using the matched SIFT descriptors, the geometric con-
sistency between the query image and each predicted match
is checked using homography and RANSAC-based outlier re-

jection. After that, a similarity score is calculated for the pre-
dicted matches that result in a minimum of 10 inliers. The
predicted matches with a similarity score below a predeter-
mined threshold are rejected. Finally, out of the remaining
predicted matches, the match that records the highest sim-
ilarity score is determined as the reference image that best
matches the query image.

3.6. Factor graph module
The approach assumes a preconstructed map, prior knowl-

edge of the robot’s initial position, and the existence of odom-
etry measurements, either by wheel encoders or a Visual-
Inertial Navigation System (VINS). The robot’s initial position
and the positions of the map nodes contribute to the factor
graph as prior factors. The odometry measurements, on the
other hand, contribute as between factors. The noise model
of each factor (measurement) was chosen to be Gaussian. The
noise values for each factor were determined empirically. The
noise values used for the experiments are listed in Table 3.

Algorithm 2 illustrates the critical processes of the factor
graph module.

While the robot is in motion and sensor information is
available, nodes are frequently added to the factor graph
based on two criteria. Either the robot has to travel a thresh-
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Fig. 9. Prediction results before distance thresholding.

Fig. 10. Prediction results after distance thresholding and before second-stage verification.

old distance or turn by a threshold angle relative to its pre-
ceding node. Consecutive nodes on the factor graph are con-
nected through odometry measurements introduced into the
factor graph as between factors. At predefined intervals, an
image is captured through the robot’s camera and input to

the place recognition system (Section 3.5). If the place recog-
nition system predicts the map node closest to the robot’s
current position, the relative pose between the robot’s cam-
era and the map camera is calculated. It is accomplished by
decomposing the essential matrix between the query image
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Fig. 11. Prediction results after distance thresholding and second-stage verification.

Fig. 12. Percentage drift versus distance travelled.

and the best-matching reference image determined through
homography. This relative pose is introduced into the factor
graph as a factor connecting the robot’s pose and the corre-
sponding map node. The relative translation being up to a

scale was overcome by tuning the noise value of visual feed-
back measurements corresponding to the translation. Z-axis
was the coordinate axis corresponding to depth in the co-
ordinate frames of both the robot and map cameras. Thus,
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Table 5. Position and orientation RMSE with and without
visual feedback.

RMSE

Test case Position/m Orientation/deg

Without visual feedback 7.02 3.35

With visual feedback 1.56 2.05

the translation noise in the z-direction of the visual feedback
measurements was tuned to a higher value. After each suc-
cessful integration of a visual feedback constraint, the fac-
tor graph is solved, resulting in the corrected trajectory of
the robot. The cameras’ intrinsic matrices are needed to de-
compose the essential matrix into relative poses. The robot’s
camera’s intrinsic matrix is known from calibration. As the
intrinsic matrix of the map camera, the equivalent intrinsic
matrix derived in Section 3.4 is used.

The system was implemented in Robot Operating System
(ROS) with the help of Georgia Tech Smoothing and Mapping
(GTSAM) and OpenCV libraries. The critical processes in the
factor graph process were implemented as ROS nodes. It en-
abled those processes to operate in parallel, independent of
one another. The ROS nodes were connected through ROS
topics. Important repetitive tasks, such as adding factors and
solving the factor graph, were implemented as ROS services,
which, when necessary, can be triggered via service requests.
Figure 6 illustrates the architecture of the factor graph mod-
ule as implemented in ROS. The system’s modular nature
proved helpful for the development and debugging of the sys-
tem.

3.7. Feature detection and matching
Work in Tennakoon et al. (2021) has compared several con-

ventional feature descriptor types for an indoor dataset to
determine the best feature type for visual place recognition.
The authors have shown that considering both the actual in-
lier ratio and the deviation in the up-to-scale relative pose
with a benchmark as evaluation metrics, the SIFT descriptor
has produced the lowest deviation at the highest actual inlier
ratio. Their main results are summarized in Fig. 7. The results
suggest that among the feature types considered, SIFT reports
the best performance. Hence, in this study, SIFT features were
used for feature detection and matching in the place recog-
nition module.

3.8. Design parameter selection
The overall system results in several design parameters.

The values of the important design parameters and the se-
lection criteria are listed in Table 4.

3.9. Experimental setup
A ROS bag was collected by navigating a Seekur Jr. robot

through the MUN Engineering basement corridor. This ROS
bag was used to conduct experiments offline. The distance
and angle thresholds for the factor graph, i.e., the minimum
distance and angle by which the robot should move relative
to the preceding node for a new node to be added to the fac-

tor graph, were arbitrarily fixed at 5 m and 45◦, respectively.
The ground truth of the robot was estimated using the laser
scan data from the ROS bag and a particle filter from the ROS-
amcl package. The place recognition module and the factor
graph module were tested separately for evaluation purposes.
The relative poses necessary to implement the visual feed-
back constraints were computed separately and integrated
into the factor graph.

4. Results

4.1. CNN-based place recognition system
Figure 8 is the confusion matrices of the place recognition

system for the MUN Engineering basement dataset. The con-
fusion matrices illustrate how the distance thresholding and
geometric similarity check reduce the number of false posi-
tive predictions to zero. False positive predictions introduce
incorrect visual feedback constraints into the factor graph,
resulting in incorrect solutions to the factor graph. A single
false positive prediction can compromise the accuracy of the
solution to the entire factor graph. On the other hand, a sin-
gle correct prediction can significantly improve the overall
accuracy of the solution to the factor graph. Thus, it is cru-
cial to maintain a zero false positive prediction rate.

Figure 8a shows the confusion matrix for the predictions
before distance thresholding or geometric similarity check.
It can be seen that a considerable percentage of predictions
lie on the leading diagonal of the confusion matrix. However,
a substantial percentage of predictions also appear in the off-
diagonal positions. It can be seen that the total percentage of
off-diagonal predictions along each column of the confusion
matrix is higher than the percentage of on-diagonal predic-
tions. It indicates that the place recognition system without
second-stage verification has a higher false positive rate. Pre-
diction results before distance thresholding are shown in
Fig. 9.

Figure 8b shows the confusion matrix after distance thresh-
olding but before the geometric consistency check. It can be
seen that a majority of the off-diagonal predictions have been
categorized as “cannot predict” and moved to the last col-
umn of the confusion matrix. “Cannot predict” means that
the place recognition system cannot make a significantly ac-
curate prediction for a considered query image. Hence, “can-
not predict” does not qualify as an incorrect prediction either.
As a result, the false positive rate of predictions gets signifi-
cantly reduced. However, distance thresholding alone has not
eliminated all the off-diagonal predictions. It means that al-
though the false positive rate is reduced, it still is not zero.
Prediction results after distance thresholding but before the
geometric consistency check are shown in Fig. 10.

Figure 8c shows the confusion matrix after both distance
thresholding and geometric similarity check. It can be seen
that almost all the off-diagonal predictions have been catego-
rized as “cannot predict”. It ensures that the false positive
rate of predictions has been reduced to almost zero. How-
ever, few off-diagonal predictions remain without being fil-
tered out. Some of the off-diagonal predictions are adjacent to
on-diagonal predictions. These correspond to locations that
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Fig. 13. Solution to the factor graph with and without visual feedback.

are physically only a couple of metres apart and look visually
similar. Other off-diagonal predictions correspond to physical
locations that are a few more metres apart and look visually
similar (true labels 1 and 46 correspond to the start of the

loop and a few metres before the end of the loop, which is
the same as the starting point). Both are cases of perceptual
aliasing, physically distant locations appearing visually sim-
ilar. It is an inherent challenge experienced in place recog-
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nition. However, this can be solved to a certain extent when
selecting reference images by eliminating visually similar im-
ages corresponding to physically distant locations. Prediction
results after both distance thresholding and geometric simi-
larity are shown in Fig. 11.

4.2. Factor graph module
Figure 12 shows the drift in position as a percentage of

the total distance travelled against the distance travelled by
the robot. In the absence of visual feedback, the percentage
drift starts high, increases, and then drops to a steady value
of about 5.5%. On the other hand, in the presence of visual
feedback, the percentage drift starts high but decreases at a
steady rate with each visual feedback constraint introduced
into the factor graph. Even towards the end of the loop, the
percentage drift in the presence of visual feedback shows a
noticeable downwards trend.

As seen in Table 5, while having visual feedback, the Root
Mean Square Error (RMSE) in position has experienced a sig-
nificant reduction compared with not having visual feedback.
The RMSE in orientation in the presence of visual feedback
too is lesser than in the absence of it, although the reduction
is not very pronounced as in the case with the position.

The improvement in the optimized trajectory in the pres-
ence of visual feedback constraints can be seen in Fig. 13. As
seen in Fig. 13a, the optimized trajectory (shown in green)
is well off from the ground truth (shown in blue). On the
other hand, in Fig. 13b, the optimized trajectory with visual
feedback constraints is much closer to the ground truth. It
suggests that the factor graph-based localization system, to-
gether with the CNN-based place recognition, is effective in
improving the localization accuracy of a mobile robot plat-
form.

5. Conclusions
This paper proposes a mobile robot localization system de-

veloped by employing GISV and a CNN-based place recog-
nition system. The proposed localization system comprises
two main modules: a place recognition module based on a
netVLAD-based CNN and a factor graph-based optimization
module.

This study developed and tested the CNN-based place recog-
nition and factor graph modules. A custom Indoor Street
View map of the MUN Engineering building basement was
created and uploaded to the GSV servers. The reference im-
ages for the place recognition module were downloaded from
this GISV map using an API. The reference images were hand-
picked, considering the physical locations. Unique locations
such as junctions were chosen as landmarks to be included
in the reference image set, reducing the possibility of percep-
tual aliasing. The performance of the place recognition sys-
tem is presented using confusion matrices. The results indi-
cated that reliable indoor visual place recognition using GISV
is possible. The results also show how the two-step second-
stage verification module composed of distance thresholding
and geometric consistency check can improve prediction ac-
curacy by driving the false positive rate to zero.

The factor graph was experimentally validated using a cus-
tom dataset captured at the MUN Engineering building base-
ment using a Seekur Jr. robot. The factor graph exhibited
nondrifting performance. The solution to the factor graph
with visual feedback constraints was in close agreement with
the ground truth. The results presented were generated us-
ing only six visual feedback constraints. The visual feedback
constraints reduce the localization error in both position and
orientation with RMSE in position and orientation less than
2 m and 2.5◦, respectively. In addition to the above, the re-
sults also showed that visual loop closure using reference
and query images obtained from dissimilar sources could im-
prove the localization accuracy of a factor graph-based local-
ization system.

6. Future work
Incorporating the CNN-based place recognition module

and the factor graph module into a single unified system is
a potential improvement towards a fully automated naviga-
tion system. In addition, introducing a landmark identifica-
tion module to the overall system would further improve the
system’s autonomy.

Furthermore, applications of the localization system in au-
tomating tasks such as indoor patrol and creating indoor
street view maps are some other areas that are worth inves-
tigating. Additionally, applications involving aerial imagery
are another promising area for future research.

Nevertheless, there are several possible future challenges.
Automatically selecting suitable images for the reference im-
age dataset and determining effective means of handling
false positive matches entering the localization module are
some challenges that need consideration.

Ultimately, developing a GISV and factor graph-based fully
autonomous indoor localization system would open numer-
ous avenues in the future, such as building-wide localiza-
tion, indoor mapping, indoor patrolling, security, and surveil-
lance. The ease of extending to use of a multitude of sensors,
efficient use of hardware, reduced requirement for tuning,
ability to easily migrate between indoor and outdoor envi-
ronments, and ability to effectively utilize sensor informa-
tion available at any given time can be seen as advantages
of using such a system for indoor localization.
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