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Algorithms for Assistive Technology for Blind Pedestrians to Cross Roads Safely
A Project Conducted in the Electrical and Computer Engineering Department
Directed by: Rashid Ansari
College of Engineering, University of Illinois at Chicago (UIC)
Objectives/Tasks:
The long-term goal of the program is to develop a prototype device which will demonstrate the
feasibility of the assistive technology to help blind pedestrians. In the proposed project, we developed
technology to address two components of the technology needed for the long-term project: (a) Reliable
traffic light detection and (b) Image-based Geo-localization.
Background:
Blind and visually impaired pedestrians are having increasing difficulty knowing when it is safe to cross
streets because, with the advent of hybrid vehicles, cars are becoming quieter. The visually impaired
used to be able to determine when it was safe to cross streets as they could hear cars approaching. Now
there are increasing numbers of hybrid models being purchased by consumers, and this problem is
becoming quite serious. The Department of Electrical and Computer Engineering became aware of this
issue when one of its volunteers met with some visually impaired individuals at Friedman Place, a nonprofit Supportive Living Community for blind and visually impaired adults, and learned they view these
cars as the “silent killer.” In the long term our research group, led by Rashid Ansari, ECE Professor and
Department head, plans to develop a small assistive device, possibly wearable, that will enable blind and
visually disabled pedestrians to safely cross streets. In the proposed project with modest support we
developed technology to address two components of the overall technology needed for the long-term
project: reliable traffic light detection and image-based geo-localization.
Research Accomplishments and Deliverables:
Our deliverables were methods and algorithms with improved performance for the tasks of reliable
traffic light detection and image-based geo-localization. The methods and algorithms ae described in
refereed conference proceedings articles [1,2].
Traffic light detection: In the past few years, several research efforts were undertaken and papers
published on regular traffic light detection. Some attempts have been made to detect traffic light signals
but a comprehensive method was not available. The main goal of our work in this project was to develop
technology to be integrated in a simple wearable device for blind people to help them navigate outdoors
to perform their everyday life activities and, in particular, to cross streets safely [1]. The problem of
automated traffic light in the absence of infrastructure is addressed. Traffic light scenes captured in
camera images are analyzed using a proposed method in which various alternatives were examined and
an algorithm was devised to detect traffic lights by first selecting possible candidates for traffic light
detection by performing traffic light color extraction, pruning the large candidate set using traffic light
properties, carrying out recognition and classification of lights before finally deciding on the traffic light
signal. When tested on a set of image data, the algorithm achieved good results with the estimated
correct detection rate of the prototype determined to be above 90 %. The detection of pedestrian traffic
signals indicating ``walk’’ and ``don’t walk’’ was also considered and the algorithm devised for this
problem also yielded good results, again with an estimated correct detection rate better than 90 %.
Details of the algorithm are described in an MS thesis [3].
1

Image-based geo-localization: Accurate information about the location and orientation of a camera in
mobile devices is central to the utilization of location-based services (LBS). Most of such mobile
devices rely on GPS data but this data is subject to inaccuracy due to imperfections in the quality of the
signal provided by satellites. This shortcoming has spurred the research into improving the accuracy of
localization. Since mobile devices have a camera, a major thrust of this research has been directed at
acquiring the local scene and applying image retrieval techniques by querying a GPS-tagged image
database to find the best match for the acquired scene. The techniques are however computationally
demanding. To overcome the high complexity of those techniques, we investigated the use of inertial
sensors as an aid in image-retrieval-based approach [2]. Armed with information of media other than
images, such as data from the GPS module along with orientation sensors such as accelerometer and
gyro, we sought to limit the number of candidate images that should be considered for finding the best
match. Specifically, data from the orientation sensors (heading) along with Dilution of Precision (DOP)
from GPS are used to find the angle of view and the estimate of location. In [2] we presented the
analysis of the reduction in the image set size for the search as well as simulations to demonstrate the
effectiveness in a fast implementation with acceptable location error.
Student support:
In performing this research, one graduate student in the Department of Electrical and Computer
Engineering was partially supported as a research assistant during the period January 1 – August 15,
2014.
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Abstract—In this article a trafﬁc light recognition with status
detection system is introduced. The system is evaluated from a
generic point of view but the applications range from Intelligent
Transportation System (ITS) to visual impaired and color vision
deﬁciencies aid to safely cross streets. The algorithm is based
on color segmentation in HSV color space. After that candidates
reduction is performed using a pipeline approach to speed up the
algorithm. Resulting candidates are input to feature extraction
and support vector machine is then applied. For the training of
the Support Vector Machine a database with images collected in
Chicago is used. Unlike other works the purpose is to evaluate
different performance according to the feature extraction. In
particular HOG, HAAR and LBP features are compared. The
purpose is also to create a database to be used from other
researchers. The result is accurate and reliable provided that
good quality images are input to the system.
Keywords—Trafﬁc Light Recognition; SVM; Driver Assistance
Systems

I.

I NTRODUCTION

Reliable trafﬁc light recognition has been one of the main
challenging problems since the introduction of autonomous
vehicles. Beside systems for lane and obstacles detection,
pedestrian collision avoidance, cruise control with steering
assist and parking aid system. Trafﬁc light recognition has
become really important for Driver Assistance Systems (DAS).
It provides essential information to the driver on intersections
and crosswalks and it can reduce the number of crashes for
missed trafﬁc light due to distraction. A wearable device
could be designed for the visually impaired and the blind to
help them safely cross streets. The recognition pipeline based
on visual systems can be implemented in several ways but
generally the algorithm can be divided in few main steps that
are described in the following.
A. Candidates Detection
The ﬁrst part is to detect possible candidates for trafﬁc light,
the most used approach is through color extraction ( red and
green ), other algorithms use blobs detection since the lights
can be approximated to blobs [9]. Different color spaces such
as HSV [3], HSI [7], RGB [1], [2] Normalized RGB [4], [5] or
LAB[10], YCbCr [8]) are used for different practical reasons
from simplicity to set a threshold to reduce the sensitivity to
light condition changes. Then based on the used color space a
threshold is set to distinguish between red and green. Detection
is strictly dependent on how the threshold is set. The narrower
the threshold the lower the number of candidates but the higher

the miss rate. The wider the threshold range the higher the
number of candidates but the lower the chance to miss a trafﬁc
light. A robust color segmentation method is required in order
to achieve high detection rate while keeping low the false
detections.
B. Candidates Reduction
Binary images obtained after the threshold has applied contain
noise due to the real environment. A lot of candidates are
present at this point due to the similarity between of the trafﬁc
lights to other objects (car tail lights of lights with red color,
objects or even things worn by people). Morphological ﬁlters
are applied to remove noise [1], [2], [3], [4], [6], [7] and
enhance the shape of the trafﬁc light . Furthermore physical
features such as area, ratio, dimension and shapes are used to
remove false candidates[2], [3], [6], [8], [9], [11], [12]. The
main disadvantage using color segmentation is the high number
of false candidates that have to be removed.
C. Recognition and Classiﬁcation
Part of the remaining candidates that passed the previous step
could still be a false detection. Some of the features of the
trafﬁc light are really hard to ﬁnd due to light variations
and different scene, this step veriﬁes the candidate based on
statistics data. Features are extracted from the original image
( Haar Features [4], Histogram of Oriented Gradient [13]
or Local Binary Patterns [14] ) and input to trained Neural
Networks or Support Vector Machines and the result is yes/no
trafﬁc light present.
D. Decision Algorithm
The ﬁnal decision on the trafﬁc light is made, this ﬁnal step
gives the result to the user (green, red, no trafﬁc light ).
Temporal correlation [10] is one of the most used, the trafﬁc
light will appear in a sequence of frames and its center is
expected to be almost in the same position in sequential
frames. If a trafﬁc light is found for at least few consecutive
frames and its center is within a range then it is considered a
trafﬁc light and the output is set as trafﬁc light found. Further
processing can be done mapping the position of the trafﬁc
lights creating a map and then integrate the system with gps
[15]: If the system detects a trafﬁc light then the algorithm
checks for the presence of the trafﬁc light in that area. The
main disadvantage of this approach is that a map has to be
created and due to the gps uncertainty (even 60 meters or
more in the metro area ) the result is not reliable as expected.
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Fig. 1: Steps used to ﬁnd the thresholds in the color segmentation step

II.

A LGORITHM

A. Color Extraction
After resizing image to 1600 x 1200 pixels in order to reduce
the computation time, all objects with red and green color
should be extracted. In the ﬁrst step, it seems better to go
from RGB (Red, blue, Green) color space to HSV (Hue, n
Saturation, Value). With this method is possible to determine
the color of each pixel using the Hue without having it affected
from the brightness. Setting the threshold for ﬁnding red and
green is a crucial task that has an important role in the next
steps. A statistical approach is used. The procedure for ﬁnding
threshold for a better color segmentation is shown in Fig. 1.
This procedure consist of below steps:
Database creation: A set of images representing the trafﬁc
light (red and green) in different conditions are taken (day,
sunset, rain ). This are then used to extract values of the HSV
parameters in order to have the lowest missing rate in the ﬁrst
step of the Detection. For this work images are taken using
the camera Canon EOS-550D.
Manual ROI selection: The images from the previous step
are opened and Trafﬁc lights are selected manually by user.
Histogram creation: The selected ROI after transferring to
HSV is used to make six different histograms (Hue, Saturation
and value for red and green light).
Threshold computation: Using the Gaussian method an accuracy of 3σ is used to ﬁnd the range for each HSV parameter for
both red and green lights. This guarantees that 99.7 % of pixels
will be selected correctly. The accuracy of this step is highly
depend on the quality of the Database. In the other hands, Red
and Green have a wide range of difference according to the age
and the manufacturer of the trafﬁc light and light condition. In
order to cover most cases data set should contain trafﬁc lights
with as many variations as possible.
Resulting parameters for segmentation are:

Fig. 2: Histogram obtained manually extracting the light ROI
using a database of 100 images with ”stop” and ”go”.

Hred ≥ 0.95 ∪ Hred ≤ 0.1
Sred ≥ 0.6
Vred ≥ 0.5
0.3 ≤ Hgreen ≤ 0.55
Sgreen ≥ 0.3
Vgreen ≤ 0.5
B. Morphological operations
Dilation and Erosion
By applying color segmentation some of pixels belonging to
the trafﬁc light may be removed because the range is outside of
the threshold. This can be due to shadows, structure reﬂection
and also imperfect white balance of the camera (that can
change the color of the object from the original one). An
approach that reduces this effect is the Morphological dilation
with a diamond seed. The size of the seed can vary but the best
performance for 1600x1200 pixels images has been achieved
experimentally using a diamond seed of size = 4 pixels. If an
image contains a lot of red or green small objects (i.e. brick
wall for red and tree leaves for green) it is possible to have
those objects bigger and thus removed in the next steps because
of the properties not similar to trafﬁc light (i.e circularity).
Some false negative can arise using this approach from the
union of a trafﬁc lighta and a near objects with same color.
C. Candidates Reduction
In order to have a fast recognition step, the number of
candidates should be reduced as much as possible. In this
way the Support Vector Machine can be applied on a few
candidates.
Considering some properties of the trafﬁc light, it is possible
to keep the candidates that have such properties while
removing the others, this task requires a ﬁne tuning since

c 2015 IEEE
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Light Area:
The minimum area to be considered can be computed knowing
the maximum distance at which the trafﬁc light must be
detected and the focal length of the camera. Here the minimum
DiameterM in = 15 pixels. This leads to a circular area of:

AreaM in =
Fig. 3: Original Image

Candidates with area less than 176 pixels are removed. A
maximum value for the area cannot be set since the user can
point directly to the trafﬁc light. However the trafﬁc light hangs
on a pole at an height and experimentally we found that we
never have trafﬁc lights greater than DiameterM ax = 60 pixels

AreaM ax =

Fig. 4: Color Segmentation

π ∗ DiameterM in
= 176 pixels
4

π ∗ DiameterM ax
= 11304 pixels
4

However AreaM ax must be tuned based on the application,
for autonomous vehicles this parameter would be lower than
for pedestrian application ( pedestrian can point into a trafﬁc
light while the car keeps always a certain distance from the
trafﬁc light).
Convex Area:
The light of the trafﬁc light must be whole detected, if there are
holes in the light it means that the HSV parameter were much
different from the range selected for the red and green. No
holes are allowed in the light, the convex area is a parameter
that computes the area of the smallest polygon that can contain
the candidate object. If the object contains holes then the
convex area would be much greater than the regular objects
area. Therefore Area and Convex area are compared and if
the absolute difference is outside of the 40 % range then the
object must be removed.

Fig. 5: After Dilation

Fig. 6: After Erosion

wrong setting of the properties can easily create false negative:

Fig. 7: Candidates after basic properties check
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Circularity:
Circularity is one of the most important features of the trafﬁc
light. Assuming that the camera is in the middle of the street
the light appears to be a circle. One of the most accurate way
to detect if an object is circular is using the circular Hough
Transform. It requires that the desired features be speciﬁed in
some parametric form ( in our case the circle equation x2 +
y 2 = r2 ). Since the trafﬁc lights can be taken from different
angles, the shape that is found using Hough Transform is an
ellipse with below equation:
 x 2
a

+

 y 2
b

=1

(1)
Fig. 9: Candidates after background check is performed

Multiple circles can be found starting from one object and
Multicircle removal procedure is needed. Those candidates
have not to be considered because the original object was not
circular. An algorithm detects this condition and remove the
object.

D. Recognition and Classiﬁcation
Features Extraction:
So far only features based on the properties of the trafﬁc
light have been used to reduce the number of candidates. Now
features can be extracted from the remaining candidates: LPB,
HOG and Haar features.
Support Vector Machine
In After the features have been extracted using one of the
above descriptors (Haar, LBP and HOG) they are vectors with
different dimension according to the descriptor selected and
the parameters.
F = d1 , d2 , ..., dM ax (3)

Fig. 8: Candidates after circularity check with Hough transform and Multicircle removal

Given a set of features corresponding to different input conditions (i.e. trafﬁc light vs no trafﬁc light), the support vector
machine should to decide whether the result belongs to the
ﬁrst or the second group. This is performed using Viola-Jones
algorithm as provided by Matlab libraries. Before testing, the
SVM must be trained with the following steps:

Background Checking:

1) Detect Positive Candidates: :Red and green trafﬁc light
are selected from the original images and manually labeled as
trafﬁc lights. These will form the positive training set

Even by applying constraints related to dimensions and shape
of a candidate some false candidates would still appear (a
regular red or green light could pass the test in the dimension
constraints of the previous steps). It is important to add one
step for candidate reduction based on color properties of the
trafﬁc light. A possible solution is to check whether the region
around light is dark enough or not. The algorithm searches for
dark pixels below the light for red trafﬁc light (above for green
ones). The average of the RGB values is computed for a given
number of pixels according to the trafﬁc light size:
Th =

LightDiameter
3

(2)

2) Detect Negative Candidates: : Images with no trafﬁc lights
are selected and labeled as no trafﬁc lights. This will form the
negative training set.
3) Cascade Training: :Features from every image of the
positive set are extracted and classiﬁed as trafﬁc light.
4) Cascade Veriﬁcation: :Negative images from the negative
set are used to verify that no trafﬁc light is detected (this error
is called false negative).
The accuracy of the algorithm strictly depends on the training
set. The higher the number of images with possible orientation
and light conditions in the training the higher detection rate.

According to experimental result best value for the threshold
is T hresholdDark = 100.
c 2015 IEEE
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Fig. 10: The purpose of the SVM is to differentiate trafﬁc
lights from other possible objects using features extraction

images while Training B contains 800 images. Images contain
red, green and no trafﬁc light.

E. Decision Algorithm
After the recognition part has been performed two possible
scenario can be appeared:
•

•

Fig. 12: TRAINING B - Path followed during the second
training performed. It covers a length of 5 km in a high density
area in downtown Chicago.

Multiple Detection: The multiple detection is possible
since several scenes are with 2 trafﬁc lights. If they
have the same color then there are no problem. The
issue is present when the color is different. In this case
the trafﬁc light that is closer must be selected.
Single candidate: If there is only one candidate it
could be either a trafﬁc light a false positive.
III.

R ESULTS

A. Training

B. Test
In Three parameters are used to evaluate the performance:
•

True Positives (TP): Is the number of trafﬁc lights
correctly detected in the image

•

False Positives (FP): Is the number trafﬁc lights
detected but not present in the original image.

•

False Negatives (FN): In the presence of the trafﬁc
lights the algorithm cannot detect them. Miss a red
sign is dangerous so the optimization of the whole
algorithm has been done so that the number of missed
red light is as low as possible.

A global evaluation is done using Precision and Recall parameters. The former accounts for false positives (FP) and the
latter for false negatives (FN).
P =

TP
TP + FP

(4)

R=

TP
TP + FN

(5)

C. Accuracy
Fig. 11: TRAINING A - Path followed during the ﬁrst training
performed. It mainly covers a length of 5 km in a low density
area in Chicago.
In order to see the performance of the algorithm, the Support
vector machine has been trained for sample from different part
of the city where the scene can be really different (skyscrapers
vs trees). In particular two test set of images have been used
taken in different area of the city of Chicago as displayed
in Fig. 11 and 12. Training A contains around 300 sample

In this section the accuracy of the algorithm is computed
using two different training set. The accuracy is compared
for different features extraction, in particular HAAR, HOG
and LBP. The comparison of the results conﬁrms that the
algorithm achieves high accuracy. The highest precision (86.2
%) is for Haar features while the highest Recall (97.4 %) with
LBP features. Although Haar seems to be the best from the
comparison there is not a sharp winner. Indeed, the result are
similar and choosing among the features must be done with
the goal of the project in mind. (i.e timing required by the
training as shown in table V)

c 2015 IEEE
978-1-4673-7606-8/15/$31.00 

751 | P a g e

SAI Intelligent Systems Conference 2015
November 10-11, 2015 | London, UK

TABLE II: Result using LBP features
Training
A
B

TP
150
150

FP
35
27

FN
9
6

Precision
81
84.7 %

Recall
94.3 %
96.15 %

TABLE III: Result using LBP features
Training
A
B

TP
150
150

FP
112
29

FN
5
4

Precision
57.2
83.8 %

Recall
96.7
97.4 %

Fig. 13: Reduction of the candidates according to the
steps: (1)Dilation, (2)Erosion, (3)Properties check, (4)Circularity, (5)Multicircle Removal, (7)Background Check, (8)SVM,
(9)Decision Tree

TABLE I: Result using HAAR features
Training

TP

FP

FN

Precision

Recall

A

150

31

13

82.8 %

92 %

B

150

24

7

86.2 %

95.5 %

D. Accuracy in bad weather conditions
In this section the performance of the algorithm are tested
with images taken in bad weather conditions (rain and snow).
The system has been trained with Training B before the test.
According to the result the highest recall is obtained using
LBP features. Particular attention was given to balance the
white of the camera. Indeed, when it is raining the light color
temperature is higher and the images become more predominant in blue that during sun light. If the colors are changed
by the camera then the thresholds of the color segmentation
step in the trafﬁc light recognition have problems in detecting
the red and green thus causing the number of false negatives
to increase. The camera must be able to represent true color
in any condition to achieve the best performance.

Fig. 15: Example of false positive

Fig. 16: Example of false negative

The time required by the training depends on the number of
images in it. In general LBP is the faster, then HOG and Haar.
IV.

Fig. 14: Example of good result in bad weather condition
One of the important fact to be considered is the training time.

C ONCLUSION

In this research the steps for a powerful framework for trafﬁc
light recognition and status detection is discussed. Segmentation and morphological operations have been used to remove as
many false candidates as possible to reduce the execution time
of the SVM. In regular conditions none of feature extraction
method are much superior to others in terms of precision. The
situation is different in low quality images where the highest
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TABLE IV: Accuracy comparison in adverse weather conditions
Training
HOG
HAAR
LBP

TP
56
56
56

FP
44
49
52

FN
14
15
11

Precision
56 %
53.3 %
51.5 %

Recall
80 %
78.8 %
83.5 % %

TABLE V: Time required to train the SVM
Training
A
B

HOG
900 s (15 m)
8856 s (2.46 h)

LBP
1320 s (22 m)
4940 s (4.15 h)

HAAR
2100 s (35 m)
38160 s (10.6 h)

recall (83.5 %) is achieved using LBP features extraction.
Despite similar performance can be found in other researches,
the focus of this research was to make a wide database of trafﬁc
light images able to cover most conditions. Our database will
be shared so other researchers can use it.
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Abstract—Accurate information about the location and
orientation of a camera in mobile devices is central to the
utilization of location-based services (LBS). Most of such mobile
devices rely on GPS data but this data is subject to inaccuracy
due to imperfections in the quality of the signal provided by
satellites. This shortcoming has spurred the research into
improving the accuracy of localization. Since mobile devices have
a camera, a major thrust of this research has been directed at
acquiring the local scene and applying image retrieval techniques
by querying a GPS-tagged image database to find the best match
for the acquired scene. The techniques are however
computationally demanding. To overcome the high complexity of
those techniques, we investigated the use of inertial sensors as an
aid in image-retrieval-based approach. Armed with information
of media other than images, such as data from the GPS module
along with orientation sensors such as accelerometer and gyro,
we sought to limit the number of candidate images that should be
considered for finding the best match. Specifically, data from the
orientation sensors (heading) along with Dilution of Precision
(DOP) from GPS are used to find the angle of view and the
estimate of location. We present analysis of the reduction in the
image set size for the search as well as simulations to
demonstrate the effectiveness in a fast implementation with
acceptable location error.
Keywords—mobile device; LBS; Geotagged-images; TF-IDF;
GSV

I.

INTRODUCTION

The problem of finding the accurate location of a mobile
device has attracted extensive attention recently. Most of the
current approaches find the device location by using a GPS
module or by estimating its distance from cellular towers.
Although GPS accuracy may be adequate for many
applications, its performance is variable and often falls short
due to its dependence on the satellite navigation system.
Accuracy is crucial for some applications that rely on LBS
technologies such as those needed by blind and visually
impaired people. Although GPS may work well in vehicles, its
performance is unsatisfactory in mobile devices carried by
pedestrians who usually move at speeds less than 8 km/hr.
This is especially so when pedestrians are close to tall walls or
buildings. The inaccuracy therefor is more pronounced in
dense parts of cities like the downtown locations.
It has been observed that the average localization errors of
mobile phone GPS are in the range of 50-100 meters [1]. This

has led some researchers to investigate the use of inertial
sensors or cameras to improve GPS-based location accuracy.
Using images captured with cameras they examined whether it
is possible to get accurate positions of a query image using
computer vision techniques. They used approaches that are
based on searching the best match for a query image in a
database of Geo-referenced images with accurate GPS
coordinates. One of these databases is a suitable set of Google
Street View (GSV) images. GSV images are acquired with
high-precision measurement and mapping devices. The
images and the associated data can be used as a reference
database [2]. By obtaining the best match for an image in the
database to a query image it is feasible to estimate the
coordinates of a query acquired with a hand-held or wearable
device.
The key idea underlying this approach is scene recognition
using feature extraction and matching techniques. There are a
number of existing successful methods of effectively
accomplishing this and these are categorized as image
retrieval methods. To carry out this task, a variety of
techniques that rely on scale invariant feature such as SIFT
[3], SURF [4] or Dense SIFT are used. These feature
extraction techniques have been shown to give better
performance than prior algorithms such as MSER [9]. The
large number of images typically stored in the database result
in a very large number of features which need to be searched
many times for each query. To reduce complexity, prior
knowledge of location has been used to narrow down the
search space. For example in [5] a city scale dataset is
partitioned into smaller datasets that are searched close to
coarse location of user. Some researchers have created their
own datasets and made them available for study and
comparison of results. The databases contain images captured
with their devices or downloaded from websites such as
Flicker or services like GSV. In our research we downloaded
GSV images directly to populate our database. Because our
goal is finding more accurate device location to help
pedestrians, especially those who are visually impaired, we
confined our database to images viewed from the perspective
of a person walking on a sidewalk. The rest of the paper is
organized as follows. After describing related work in section
II, the method for generating our dataset is presented in
section III. Section IV describes our proposed method of local
search and Homography verification. Experimental results and
conclusion are presented in Section V.
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(b)

(a)

Fig. 1. Corresponding images from camera and Google Street view when GPS can see clear sky a: image by camera b: Image from Google street view

II.

RELATED WORK

Recent advances in computer vision capabilities have
made it possible to reliably recognize many natural objects in
outdoor environment. One of the applications of this
capability is in the search of a massive collection of Geotagged images on the internet to find the best match to a query
image [6] and then infer the location from the data associated
with the geo-tagged image. There are a variety of methods to
accomplish this. For instance Reitmayr and Drummond [7]
utilized an edge-based method to get street facades based on a
three-dimensional model. Other efforts sought to improve on
this method and modify it by using an initializing step based
on an accurate GPS antenna [8]. The most commonly
employed efficient approach with sufficient accuracy for
many applications is based on features that can be used for
robust matching under changes in scale and the presence of
noise. This approach is the basis of the popular Scale-invariant
feature transform (SIFT) algorithm and its variations. Use of
such features allows the algorithm to reach to satisfactory
results even when the query image is acquired from different
viewpoints and illumination conditions. Besides these widely
used and reliable feature extraction methods, MSER [9] and
the compressed histogram of gradient method have been used
in some studies [10].
After feature extraction step for images in database, the
features of query are searched among all features of database
using Content-Based Image Retrieval (CBIR) approaches to
recognize the best matching reference image in the database.
One of the effective approaches which is widely used is the
Bag of Features (BOF) approach whose underlying ideas are
borrowed from text retrieval techniques. In this method, which
was proposed by Zisserman and Sivic [11], the feature
descriptions are quantized to create visual words with a
clustering algorithm like k-means. As a result, an image is
represented by a histogram of a number of visual words. Each
image in database has a unique histogram associated with it.
In order to find the best match, the histogram of a query image
is compared with all histograms in database to infer which
member of the Bag of Words (BOW) database is most similar
to query. There are different measures for determine similarity
such as the inner product of two BOW vectors. Some of the
similarity measures can be calculated such as the computation
of the L1 distance. In practice however the inverted file [12]
method is commonly used in view of its better performance.

Some research effort has focused on the clustering step to find
an efficient quantization technique to assign each feature
descriptor to a visual word. For example Hierarchical k-means
and approximate k-means are more appropriate when we are
dealing with very large amounts of data since regular k-means
is unsuitable for use with a huge number of features. Some
modifications like soft assignment instead of hard assignment
was proposed to compensate for possible incorrectly
assignment for a sample feature vector. For instance Philbin
[13] used soft assignment for each descriptor. In other
methods this usually is not the last step.
Most of the image retrieval techniques perform an
additional step in which several candidate images with the
closest match are processed further. The number of candidates
for each application is different and varies usually from 10 to
100. For making the final selection for the best match an
additional task called Homography verification is performed.
This step usually utilizes the popular iterative algorithm of
Random Sample Consensus or RANSAC [14] to find the best
geometric match between query and candidates. In fact this
step compensates for the weakness in image retrieval schemes
based on BOF due to neglecting geometric information in
images.
The approaches mentioned so far do not exploit any
knowledge of the approximate GPS coordinates and the
camera orientation or heading. To exploit such available
knowledge the research reported in [15, 19] proposed a
method for using the inertial sensor and BOF to get more
accurate result. Recognizing that most of mobile devices like
smartphones and even cameras are equipped with inertial GPS
and even Inertial Measurement Unit (IMU), we surmised that
a search among all reference images in the database is not
necessary when rough location and heading in acquiring a
query image are available.
We seek to exploit the knowledge of the coarse location
and Dilution of Precision (DOP) along with camera heading
when the query image is acquired. The query is then directly
processed using Homography verification to find best match.
We find that we have variable number of plausible candidates
and often more than 20 images to be processed with
RANSAC. However the search is substantially reduced and
serves as the basis of a practical approach suitable for a realworld application.
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Fig. 2. Some candidates for a sample query

III.

DATASET CREATION

Since the introduction of GSV, some researchers have
used its images to create datasets for studies. The GSV service
covers most of US cities and more than 10 countries in 4
continents. Although it is available free for access, the
creation of a dataset that contains a large collection, for
example thousands, of images requires that permission be
sought from Google for downloading images. With approval
for such access and by utilizing the GSV API, the images can
be downloaded directly from a URL. In past image dataset
creation, Panorama images were usually downloaded and split
into 10 or more parts. In our dataset, we downloaded images
for each coordinate for which a GSV Panorama image exists.
A JavaScript program was used to find all coordinates in a
region specified by a center and radius that have a unique
Panorama image. Then a URL request containing latitude,
longitude, pitch, yaw, heading and FOV such as that shown in
(1) below for MATLAB use, is sent to get images for creating
the dataset:
http://maps.googleapis.com/maps/api/streetview?size=
1400x1200&location=',lat,long,&fov=60&heading=10&pit
ch=10&sensor=true&key=AIzaSrAXLYIw71e1c4e4F9pgTT93OxhI_Qa_WQ
(1)
Sample URL request for downloading image from Google street view

Since the aim of this research is localization by a
pedestrian, pitch and FOV are assigned to 10 and zero to get
images similar to what a pedestrian would observe. For each
coordinate we extracted 12 images to cover every 30 degree
by changing the heading. The dataset contains the coordinates
and heading of all images. The coordinates are sufficiently
accurate because Google vehicles are equipped by accurate
measurement units. We visually verified that, for the choice of
the pitch and yaw parameters, the corresponding images from
the camera and GSV were similar.

This was done by acquiring parameters from our hand-held
device including camera, GPS and IMU, and sending those
parameter to our MATLAB code in (1). The results were
visually evaluated. Figure 1 shows a sample result when we
have highly accurate coordinates. It is clear that image of GSV
is from the same scene with a different viewpoint. For this
research more than 24000 images corresponding to more than
2000 locations were downloaded. For each image the SIFT
descriptor is calculated by using the Vlfeat library [17].
IV.

PROPOSED METHOD

Our proposed method consists of two steps.
Step 1 – Query Image and Sensor Data Acquisition: The first
step consists of acquiring the query image along with the
associated coordinate and heading data to be obtained with the
combination of a cell phone and hardware consisting of the
GPS module, a camera, and an IMU. For each video frame we
save the coordinates and heading data. Our experiments
showed that the heading acquired from IMU is usually
accurate enough while the coordinate may not be adequately
accurate for the pedestrian use. The estimate of the inaccuracy
is inferred from the Dilution of Precision (DOP) taken from
GPS module and then calculating the Estimated Position Error
(EPE). This value is actually the radius of the light blue circle
around estimated coordinates as seen on Google map,
illustrated in Figure 6.b. We therefore chose to consider EPE
as parameter to narrow down the search area. The EPE is
computed as follows:
(ܧܲܧ98% accuracy)=ʹ ൈ  ܱܲܦܪൈ ܷܧܴܧ
(2)
where the Horizontal DOP (HDOP) is directly extracted from
GPS module and User Equivalent Range Error (UERE) is
computed in the standard error model tables for GPS [18].
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Fig. 3. Sample query

Fig. 4. (a) Result for= ܧܲܧ40 and ߠ=60

(b) Result for = ܧܲܧ40 and ߠ = 15

Knowledge of uncertainty in the locations enables us to
infer how many images should be searched. So in locations
with a wide view of the sky we do not need to use localization
based on image search since data from GPS has sufficient
accuracy and is reliable for navigation. Images to be searched
in the database near given coordinates are determined using
the criterion of distance computed using (3).
݁ܿ݊ܽݐݏ݅ܦሺͳܫǡ ʹܫሻ ൌ
ିଵ ሺሺ݈ܽͳݐሻ ሺ݈ܽʹݐሻ  ሺ݈ܽͳݐሻ ሺ݈ܽʹݐሻ ሺ݈ ʹ݃݊െ
݈ͳ݃݊ሻሻ ൈ ܴ
(3)

In (3) R is the average earth radius of 6371 kilometers. The
number of resulting coordinates are directly associated with
EPE that represents GPS uncertainty. Another parameter used
here is query’s heading. Only the images with camera heading
in the range of േߠ degree are selected in the next step. The
candidates for 8 closest images are shown in Figure 2 for the
query image of Figure 3.
Step 2 – Procedure for selecting the best candidate:
In next step all of those candidate images are fed to a
Homography verification algorithm. Before applying
RANSAC, the best match features are found with the
criterion:
݀ሺܨ ǡ ܩଵ ሻ
൏ ܶ
݀ሺܨ ǡ ܩଶ ሻ

Where ݀ሺܨ ǡ ܩଵ ሻ is distance between feature ݅ of dataset
image  ܨand closest feature in the query image ܩ, and
݀ሺܨ ǡ ܩଶ ሻ is second closest feature in the image ܩ. The choice
of ܶ=1.8 was found to work well and is close to values used in
other implementations. Next we consider the task of
initialization.
Initialization:
Result: How to acquire the best candidates
for all the images si in ܵ ൌ ሼݏଵ ݏଶ ǡ ǥ ǡ ݏௗ ሽ
where d=number of images in the dataset
find ݏ ݊ ൌ ͳǡ Ǥ Ǥ ݈ if ݁ܿ݊ܽݐݏ݅ܦሺݕݎ݁ݑݍǡ ݏ ሻ  ൏ ݄ܶ ൈ ܧܲܧ
find ݏ௫  ݔൌ ͳǡ Ǥ Ǥ ݉ when
ܾܽݏሺ݂݂݄݀݅݁݃݊݅݀ܽ݁݊݅݁ܿ݊݁ݎሺݕݎ݁ݑݍǡ ݏ௫ ሻሻ  ൏ ߠ
end
Send selected ݉ image to the Homography verification step
(RANSAC) to find the best match.
In our method ݄ܶ is set to 1.2 to cover a bigger region of
search to reduce the error due to 98% accuracy of ܧܲܧ. The
results of implementing the algorithm for two different values
of ߠ are shown in Figure 4. We investigated the performance
for different values of ߠ. Figure 5 shows relationship between
number of candidate images and ߠ for both a dense and sparse
urban area of Chicago. It can be inferred that the number of
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images is almost the same for these two regions. If the
approximate heading data is available, ߠ ൌ ͳͷ is selected for
limiting number of images fed to Homography verification.
Although the quality of images in our database is not really
high as in other databases but it is adequate for the purpose of
this work. To generate features we used Vlfeat library and
DSIFT as a descriptors. Before applying feature extraction all
images are resized to 300×400 pixel. To speed up our
algorithm parallel processing is used to accelerate the feature
extraction procedure. By using our proposed method, the
procedure for finding the best match is essentially the same for
selected smaller region and city-scale problem.
The proposed method can be applied to a database with
thousands of images. The only difference for a city-scale
dataset and limited area dataset is the search for closest
coordinate with available GSV image. This step, described
earlier, executes fast and can be used in real-time applications.
Experimental results show that in a location with a clear view
of the sky, the GPS inaccuracy is low so none of the images
in dataset will be selected in phase1, meaning that our
localization system no longer needs refinement. In this
situation GPS data is reliable and the error is acceptable for
our application. Refining coordinates in such a situation is not
reasonable because GSV images are available once almost
every 12 meters while GPS uncertainty may be less than that
value. Even if the image density is higher, for example 4
images per meter, it will not provide better result for outdoor
localization. To evaluate effectiveness of our method some
sample images with different cameras were taken in a dense
area of Chicago where there was a train track overhead. The
heading data and camera coordinates were saved
simultaneously. Consider the image in Figure 6(a). There are
53 candidate images for this query. Feeding those candidates
to Homography verification step gives us the result in Figure
6(c). If we use directly coordinate of the best match, we have
the position in Figure 6(d) that is really close to our real
position. Another refinement step can be applied by
considering the use of the affine fundamental matrix.
V.

in a challenging situation illustrated in the sample image
shown in Figure 6. Although our proposed method seems to
be successful in most of the cases, it was found to fail in some
of the samples especially when the quality of images are not
good in the dataset. In future we plan to use improved feature
extraction methods, for example ASIFT, to evaluate
associated performance. Also, we will use regular methods
like TF-IDF and inverted file techniques to evaluate results. It
is clear that performance of our method is high in terms of
accuracy. Here not only the number of candidate images are
limited but also the same Homography verification step that is
common in the most retrieval approaches has been considered
as a last step. Refining coordinates by considering the affine
fundamental matrix between query and best match is another
step that is worth exploring. The ultimate goal of our research
is to develop a more accurate device for localization. This
research is a primary step toward our goal and could benefit
from other techniques such as visual odometry as a
complementary method.

Fig. 5. a A sample for average number of candidate images versus radius
in dense area of Chicago for = ܭ15Û (Orange) and 30Û (Blue)

CONCLUSION AND FURTHER WORK

In this paper a method for better localization based on
image retrieval is proposed. We considered the fact that
nowadays most of mobile devices such as smartphones are
equipped with different inertial sensors which were not
available until recently. So for accurate localization instead of
searching among a city-scale dataset it is significantly more
efficient to limit the search space. Our ultimate purpose is to
design a system to help pedestrians who are visually impaired
to navigate conveniently even in dense area of cities.
Use of data from GPS along with heading data from
sensors makes it possible to improve location coordinates even

Fig. 5. b A sample for average number of candidate images versus radius in
urban area of Chicago for = ܭ15Û (Orange) and 30Û (Blue)
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Fig. 6. (a) query
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