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Abstract

Mobile Augmented Reality (MAR) requires a descriptor that is robust to changes in viewing
conditions in real time application. Many different descriptors had been proposed in the liter-
ature for example floating-point descriptors (SIFT and SURF) and binary descriptors
(BRIEF, ORB, BRISK and FREAK). According to literature, floating-point descriptors are not
suitable for real-time application because its operating speed does not satisfy real-time con-
straints. Binary descriptors have been developed with compact sizes and lower computation
requirements. However, it is unclear which binary descriptors are more appropriate for
MAR. Hence, a distinctive and efficient accuracy measurement of four state-of-the-art
binary descriptors, namely, BRIEF, ORB, BRISK and FREAK were performed using the
Mikolajczyk dataset and ALOI dataset to identify the most appropriate descriptor for MAR in
terms of computation time and robustness to brightness, scale and rotation changes. The
obtained results showed that FREAK is the most appropriate descriptor for MAR application
as it able to produce an application that are efficient (shortest computation time) and robust
towards scale, rotation and brightness changes.

Introduction

Augmented Reality (AR) requires real-time tracking to trace a user’s or device’s position and
register it with respect to the real world [1]. The ultimate goals of AR applications are to pro-
vide better management and ubiquitous access to information using seamless techniques in
which the interactive real world is combined with an interactive computer-generated world,
creating one coherent environment [2]. Briefly, AR involves integrating virtual objects into the
real world. [2] defines an AR system as having three characteristics:

o Combined real and virtual objects in a real environment;
o Executed interactively and in real time; and
« Real and virtual objects registered (aligned) with each other.

Mobile devices such as smart phones have been recognized as one of the potential tools for
AR [3-8]. Most of the smart phones nowadays provide a combination of a camera,
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accelerometer, GPS and other sensors making it as one of the most suitable device to provide
computer vision application such as AR application [9]. Tracking from natural features is a
complex problem and usually demands high computation power [10]. It is therefore difficult
to use AR natural feature tracking in mobile device compared to personal computer (PC) plat-
form because mobile devices have limited processing power, hardware and memory [11,12].
Hence, the selection of tracking algorithms needs to be given high attention in order to achieve
optimum performance of AR in mobile platform.

The process of MAR is to identify and track natural features from the environment where
local features from the scene image were matched with local features from the reference image.
In order to carry out the matching process, the features’ keypoints from both scene and refer-
ence image must be detected and each detected keypoint must be described using the feature
descriptor. Feature descriptors such as SIFT [13], SURF [14], BRIEF [15], ORB [16], BRISK
[17] and FREAK [18] had been proposed as core components in image recognition, computer
vision based tracking (visual tracking) and AR systems. Currently, researchers used these
descriptors to develop the MAR application [19-24] without testing the performance of each
descriptor used in the tracking process. Hence, it remains unclear which descriptors are appro-
priate for MAR application.

Previous researchers had worked to develop an efficient and robust MAR application [25-
28]. Efficiency and robustness are the general performance measures of tracking. Efficiency is
generally defining as the ability to track corresponding keypoints between consecutive frames
in the shortest time possible. It is often interchanged with words such as “speed” and “fast”.
Robustness can be defined as accurate tracking of corresponding keypoints between two
frames in the presence of large changes in scale, rotation and brightness. “Accuracy” is another
term often used to describe robustness of the tracking techniques [29]. Descriptor used in
MAR application is the component that will directly affect the efficiency and robustness of an
application [1,30]. In order to develop an optimum MAR application, a descriptor should able
to act fast and at the same time robust to changes in viewing conditions, as well as tolerant to
rotation and resistant to changes in brightness and uniform scaling.

Most recently some feature descriptors have been compared in PC AR application using Miko-
lajezyk dataset [30,31]. There are five descriptors involved in the comparison which is floating-
point descriptor; SIFT and SURF, binary descriptor; FREAK and ORB and machine-learning
descriptor; Ferns. The evaluation had been carried out to test the accuracy of descriptor in terms
of scale and angle invariance but brightness invariance which is important for MAR application
has not been evaluated. The computation time has also been evaluated but for both detection and
description process without testing on computation time of description process separately. They
conclude that Ferns and ORB yield the best performance in PC AR application [30].

To be precise on the scope of this paper, there is no need to address the floating-point
descriptors, as floating-point descriptors are not suitable for mobile real-time application [32].
Hence, this paper will concentrate on binary descriptors performance for MAR application.
This paper extended the evaluation of [30] by evaluating binary descriptor, namely BRIEF,
ORB, BRISK and FREAK by using the same database [33] in mobile AR application and evalu-
ate the computation time of description process itself without combining it with the detection
process. This paper evaluated the accuracy of descriptor in term of brightness, scale and rota-
tion invariance, which is important for MAR application.

Background

AR requires real-time and accurate six degrees of freedom (6DoF) pose tracking of devices.
Any particular AR application requires tracking technique to track the user’s or device’s
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Fig 1. Tracking process in AR application.
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position in order to register it in respect to the real world [34]. Such a tracking must run effi-
ciently, typically required a total computation time less than 100 milliseconds [35]. Further-
more, it must be robust under many conditions such as varying brightness, scales and
rotations [36-39]. Hence, the use of tracking algorithm in AR application is important in
order to produce a high performance AR application. In AR, tracking is divided into four steps
[40]. Basically, an image will be captured using phone’s camera and the image is converted
into grey scale image. The first step in tracking process is detection, in which keypoint detec-
tors were used to detect the natural features or keypoints of an image. The second step is to
obtain a description of the image. A descriptor is required to describe or extract the keypoints
detected in the detection process. Descriptors can be divided into two categories; floating-
point descriptors and binary descriptors. SIFT and SURF are examples of floating-point
descriptors, while BRIEF, ORB, BRISK and FREAK are examples of binary descriptors. The
next step in the tracking process is matching. The keypoints of reference image should be
stored in the database in advance to allow the system to match the points of an input image
with those of reference image. Pose estimation is the last step in the tracking process. Pose esti-
mation is performed to determine the position of a virtual object on top of the input image.
After this process is completed, a 3D object can be superimposed on top of the detected image
in the correct orientation [41]. Fig 1 shows the tracking process in AR application.

Descriptors of keypoints must be built to identify and match keypoints across images. The
extraction process must be distinctive for each keypoint and need to be consistent under dif-
ferent viewpoints [42]. Existing feature descriptors will be briefly explained in this section,
grouped by two categories; floating-point descriptors and binary descriptor.

Floating-point descriptors

One of the most famous keypoint descriptors is SIFT (Scale Invariant Feature Transform)

[43], which detects keypoints based on the Difference of Gaussians (DoG). Although SIFT was
published in 1999, it still yields results that are competitive with state-of-the-art techniques.
Apart from SIFT itself, several modified SIFT-like descriptors have been published, such as
PCA-SIFT [44]. SUREF (Speeded-Up Robust Feature) almost matched the quality of SIFT but
accelerated the gradient computations using integral images [14]. To date, the SURF descrip-
tor is considered as the most popular replacement for SIFT. Both SIFT and SURF have success-
fully demonstrated their high robustness and distinctiveness in a variety of computer vision
applications [45,46]. However, the computation time required for floating-point descriptors is
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still too high for real-time applications, especially those running on limited computing power
and memory capacity like smart phone [47]. Hence, binary descriptors aim to fill this gap.

Binary descriptors

With the rapid growth of real-time applications, binary descriptors that achieved fast runtime
and compact storage have become increasingly well-known [15]. They show similar quality as
SIFT-like descriptors but at significantly lower computational costs and required small
amounts of memory. The idea behind binary descriptors is that each bit in the descriptor is
independent, and the Hamming distance can be used as a similarity measure instead of Euclid-
ean distance. The four most recent and promising binary feature descriptors are BRIEF
(Binary Robust Independent Elementary Feature) [15], ORB (Oriented Fast and Rotated
BRIEF) [16], BRISK (Binary Robust Invariant Scalable Keypoints) [17] and FREAK (Fast Ret-
ina Keypoint) [18]. Hamming distance can be calculated effectively because the distance
between descriptors were calculated by using XOR operation. Binary strings were generated
by comparing the intensity of each pixel in the image. Binary string represents the area around
the keypoint will be encoded in a string of “0” or “1”. Generally, single bits of a binary descrip-
tor are calculated by comparing the intensity value of point x in a sampling pair with the inten-
sity value of point y in the pair. A single bit of a binary descriptor B on patch p can be
calculated using Eq 1.

B(p;x’y):{ L: I(P,x)<I(P7y)7 )

0: otherwise

where I(p,x) is the pixel intensity at point x of a sampling pair and I(p,y) is the pixel intensity at
point y of the sampling pair. A binary feature descriptor can be formed by concatenating the
bits formed by B, as shown in Eq 2; where the # value for BRIEF and ORB is 256, while for
BRISK and FREAK, it is 512.

Y2 B(psx, ), (2)

Experimental setup

SIFT, SURF, ORB, FREAK and Ferns had been evaluated in a PC-based markerless AR and
the computation times required by the detection, description and matching processes were
compared [30]. However, they presented the computation time used by the detection process
together with the description process and do not mention about number of keypoints involved
in the process. The results showed that ORB required the shortest time to compute both the
detection and description processes. They also tested the robustness of descriptors in terms of
scale invariance, rotation invariance and occlusion. The Ferns descriptor obtained the highest
matching rate compared to the other descriptors in all the robustness tests. Still, in all these
evaluations, the computation times used by the descriptors were combined with the computa-
tion time used by the detector. Evaluating the computing time required by the descriptors
themselves is important for determining the descriptors’ performances in AR applications.
Moreover, they did not test the robustness of the descriptors in terms of brightness invariance
which is important for AR applications [38]. Hence in this work we determined the distinctive
and efficient accuracy measurements for several descriptors and identified which descriptor
can function in the shortest amount of time and is robust to changes in terms of scale, rotation
and brightness in markerless AR applications. This section will discuss the configuration of
each test; computation time, rotation invariance, scale invariance and brightness invariance
test, in an AR application using standard dataset. The testing was implemented on HTC One
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X+ android smart phone. It has built in camera and is able to record video with 1080 pixels at
28 fps or 720 pixels at 30 fps which fulfils the basic requirements for successful implementation
of AR application. The source code for all these descriptors were obtained from OpenCV 2.4.9.

Dataset

Although there are a vast number of datasets used to evaluate the performance of feature
descriptors, the dataset used for this research was the well-known dataset introduced by [33]
which had been used by most researchers [15,18,30]. The dataset consists of eight classes; bark,
boat, bike, graffiti, wall, trees, leuven and ubc. Amsterdam Library of Object Images (ALOI)
dataset [48] also had been used by most researchers [49,50]. The dataset consists of one-thou-
sand small objects classes. This evaluation was carried out on a more specific task framework,
similar to the one proposed by [51] and [18]. The images in this dataset are complement with
extra rotation, scaling and brightness changes in this work to evaluate the performance of
binary descriptors under various transformation and to isolate the effects of each transforma-
tion. The combination of detector and descriptor strongly affects the performances of the
descriptors. Some descriptors are more discriminant for blobs than corners, but [18] noted
that the global ranking of the matching performance remained the same regardless of the
selected detector. Hence, the multi-scale AGAST detector introduced by BRISK was used
throughout the tests [17].

Evaluation metric 1: Efficiency

Efficiency is the ability to track corresponding keypoints between consecutive frames in the
shortest time possible. Descriptor used in an MAR application should able to extract features
in faster speed in order to create a MAR application that can act in real time. Hence, the first
and most important measurement in this work was the computation time obtained by each
descriptor. The detection and matching algorithm used throughout the measurement will be
the same, which is BRISK detector and Brute Force Hamming Distance respectively. Eq 3 is
used to measure the computation time used by descriptor. Let M,,, denote the starting time, M,
denote the ending time, and M; denote the total computation time. If f (x) is the function of
each process (image capture, grey scale converter, keypoint detection, keypoint description,
matching, pose estimation and visualization), then the computation time for each process is
defined as:

flx) = M;(M, — M,,) (3)

Evaluation metric 2: Robustness

Robustness in various changes is the general performance measurement or a requirement for
MAR application. Robustness can be defined as accurate tracking of corresponding keypoints
between reference image and input image in the presence of large changes in scale, rotation
and brightness. The evaluation criterion of robustness is based on the number of correct
matches and the total number of matches obtained from reference image and input image.
Two region A and B from reference image and input image respectively are matched if the dis-
tance d between their descriptor D4 and Dy is below a threshold. Each descriptor from the ref-
erence image is compared with each descriptor from the transformed input image and
obtained the number of correct matches. Hence, accuracy of descriptor is the number of cor-
rectly matched regions with respect to total number of matches between reference image and
input image of the same scene. Eq 4 is used in all the robustness evaluation includes rotation
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invariance, scale invariance and brightness invarjance.

Number of Correct Matches
Accuracy (%) = Number of Matches 100 )

Rotation invariance. Robustness of descriptors in terms of rotation changes are evaluated
using leuven, bot and bark images from Mikolajczyk dataset and christmas bear, lab-keys and
apricot images from ALOI dataset. The rotation invariance test applied affine rotation for both
images around the center. The images were rotated by measuring the angle from the center.
Let I, be the original image and I be the rotated image. A total of 11 rotated images were pro-
duced and each rotated image can be defined using Eqs 5-7. Fig 2 shows the example of rota-
tion transformation using bark image.

I, = 0 degree (5)

I, = (I,, 28 degrees)
(6)

Iy, = (I, , 28 degrees) (7)

Scale invariance. Leuven, bot and bark images from Mikolajczyk dataset and christmas
bear, lab-keys and apricot images from ALOI dataset were used in scale invariance test. The
scaling operation was applied to the original image. Let I, be the original image and Isy; denote
the scaled up or zoomed in images. A total of 12 scaled up images were produced and each
scaling up image was performed based on Eqs 8-10. Fig 3 shows the example of scaled up
transformation using boat image.

Iy, =1,+5% (8)

Iy, = Iy, + 10%

Iy, = sy, +10% (10)

Let Isp denote the scaled down images. A total of 8 scaled down images were produced and
each scaled down or zoomed out image can be defined using Eqs 11-13. Fig 4 shows the exam-
ple of scaled down transformation using boat image.

Iy, =1, — 5% (11)

Iy, = Igp, — 10%

Iy, = Iy, — 10% (13)
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Fig 2. Rotation transformation using bark image.

https:/doi.org/10.1371/journal.pone.0207191.9002

Brightness invariance. Leuven, bot and bark images from Mikolajczyk dataset and christ-
mas bear, lab-keys and apricot images from ALOI dataset were used in brightness invariance
test. The brightness value changes were applied to the original image. Let I, be the original
image and Iy denote the brighter images (higher brightness value). A total of 10 brighter
images were produced and performed based on Eqs 14-16; where R, G and B denote Red,
Green and Blue, respectively, as the brightness value changes was applied to RGB images.
Example of the brightness transformation (higher brightness value) using leuven images are
shown in Fig 5.

Ly, = (I, Rx 15) + (I, @ Gx 15) + (I, e Bx 15) (14)

Ly, = (Ipp, ® Rx 15) + (I, ® Gx 15) + (I, ® Bx 15)
(15)

Lig,, = (Igg, ® Rx 15) + (I, © G x 15) + (I, @ Bx 15) (16)
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Fig 3. Scaled up transformation using boat image.

https://doi.org/10.1371/journal.pone.0207191.9003

Isp, Isp, Isp, Isp,
Fig 4. Scaled down transformation using boat image.

https://doi.org/10.1371/journal.pone.0207191.9004
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Fig 5. Brightness transformation (higher brightness value) using leuven image.

https://doi.org/10.1371/journal.pone.0207191.9005

Similarly, let Ipr denote the darker images (lower brightness value). A total of 10 darker
images were produced and performed based on Eqs 17-19; where R, G and B denote Red,
Green and Blue, respectively, as the brightness value changes was applied to RGB images. Fig 6
shows the example of brightness transformation (lower brightness value) using leuven image.

Ipg, = [, Rx (—15)] + [I, ¢ G x (~15)] + [I, # Bx (~15)] (17)

IDR2 = [IDR1 e Rx (—15)] + [IDR1 e Gx (—15)] + [IDR1 e Bx (—15)]
(18)

IDRm = [IDRg ® Rx (—15)] + [IDR9 e Gx(—15)] + [IDRg ® Bx (—15)] (19)

Fig 6. Brightness transformation (lower brightness value) using leuven image.

https://doi.org/10.1371/journal.pone.0207191.g006
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Results and discussion

This section discussed the experimental results of the evaluation. The performance of every
binary descriptor; BRIEF, ORB, BRISK and FREAK is compared in terms of computation
time, rotation, scale invariance and brightness invariances.

Computation time

In order to measure the computation time of description process, the algorithm used to
perform detection and matching process is the same. BRISK and Hamming Distance were
used as detector and matching algorithm respectively, whereas, the description of each
process is using BRIEF, ORB, BRISK and FREAK to test the exact computation time. The
computation time of each process is calculated by using Eq 3. Computation time used to
carry out keypoint detection, description and matching process is recorded for 50 times
and every 500 keypoints. The results shown in Table 1 are the average computation time
used to perform each process and the total computation time of the entire tracking
process.

The evaluation showed that the total computation time of tracking process using FREAK as
a descriptor obtained the best result; 29.1ms. Conversely, the computation time using ORB
descriptor obtained the longest computation time of 36.7ms. All these evaluations are showing
that the tracking process using binary descriptor can work in real-time in mobile because the
computation time are less than 100ms.

Computation time used for each process; captured image with camera, converted to grey
scale image, keypoint detection, keypoint matching, pose estimation and visualization using
different descriptors are approximately the same. For example, the detection process using
BRISK algorithm to detect 500 keypoints in the tracking process using BRIEF, ORB, BRISK
and FREAK descriptors are 14.1ms, 14.5ms, 14.3ms and 13.8ms, respectively. This is because
the algorithm used for each detection process are the same.

Computation time used to describe 500 keypoints using different feature descriptors has a
huge difference between each other. Computation time used by FREAK descriptor has secured
the shortest time of 4.3ms, while the computation time used by BRISK and BRIEF are 5.2ms
and 7.5ms, respectively. Computation time used by ORB descriptor to describe 500 keypoints
are the longest; 9.4ms. Hence, FREAK descriptor is the most efficient descriptor as it can func-
tion in shortest computation time for mobile AR application compared to other binary
descriptors.

Table 1. Comparison of computation time for each process.

Descriptor

Capture Image
Convert to Grey Scale Image

Detection
(500 keypoints)

Description
(500 keypoints)

Matching
(500 keypoints)

Pose Estimation
Visualization

Total Computation Time

https://doi.org/10.1371/journal.pone.0207191.t001

BRIEF ORB BRISK FREAK
Time (ms) Time (ms) Time (ms) Time (ms)
1.3 1.3 1.3 1.3
2.4 2.3 2.3 2.3
14.1 14.5 14.3 13.8
7.5 9.4 5.2 4.3
1.9 2.3 2.2 1.9
4.5 4.9 4.6 4.1
1.9 2.0 1.7 14
33.6 36.7 31.6 29.1
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Rotation invariance

A total of 52 testing were carried out to evaluate the robustness of descriptor in rotation, which
is 4 descriptors x 13 sequence images. The images were rotated at 28 degrees at the center
sequentially. The number of correct matches and the number of matches were recorded in
order to calculate the percentage of accuracy. This testing uses six images; leuven, boat and
bark from Mikolajczyk dataset and christmas bear, lab-keys and apricot from ALOI dataset,
therefore, each image that have the same rotation conditions were repeated 150 times (6
images x 25 times). For example, the boat image with I condition was tested repeatedly for 25
times and the rest of the images; leuven, bark, lab-keys and apricot with I  condition was also
tested repeatedly for 25 times each. Fig 7 summarize the robustness of each descriptor in vari-
ous rotated images.

The results clearly showed that all the descriptors were most accurate at condition I, as the
image is the original image without any rotation changes. The highest percentage of accuracy
at condition I, was obtained by FREAK descriptor, 97.54% and followed by BRIEF descriptor,
95.22%, BRISK descriptor, 91.23% and ORB descriptor, 87.40%. Throughout the complete
sequence of rotated images, from I, to I, , the accuracy did not change abruptly when using
FREAK, ORB and BRISK, but the accuracy percentage of BRIEF dropped dramatically after
Iy, The accuracy percentage of BRIEF descriptor drops to 0% after the image rotated at condi-
tion I . Therefore, BRIEF descriptor is not suitable for mobile AR application because BRIEF
descriptor is not designed to extract features that have high rotation variation. This work also
analysed the result using One Way Anova and mean. The results show that FREAK achieved
the highest mean percentage of accuracy (88.135%) followed by BRISK (85.705%) and ORB

Rotation Invariance
100

|

10 IR10 IR11 IRI12

[N
(=

Accuracy, %
S
(=]

[N}
(=}

Rotation Condition

mFREAK m®mBRISK ®=mORB = BRIEF

Fig 7. Accuracy obtained by each descriptor in different rotation conditions.

https://doi.org/10.1371/journal.pone.0207191.9g007
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(84.299%) while BRIEF obtained the lowest percentage of accuracy (14.211%). BRIEF descrip-
tor also showed a significant difference compared to other descriptors in One Way Anova test.
FREAK, BRISK and ORB are robust to rotation invariance and obtained a high mean percent-
age of accuracy in rotation variation test, but referring to Fig 7 and the mean test, FREAK
slightly outperformed the other descriptors.

Scale invariance

Robustness of descriptors in terms of scale invariance were tested using leuven, boat and bark
images from Mikolajczyk dataset and and christmas bear, lab-keys and apricot images from
ALOI dataset. The configuration of the testing is similar to the testing in rotation invariance. A
total of 80 testing were carried out to evaluate the robustness of descriptor in scale variation,
which is 4 descriptors x 20 sequence images. This testing uses six images, therefore each image
that have the same rotation conditions were repeated 150 times (6 images x 25 times). Fig 8
showed the robustness of each descriptor in various scale images.

The results show that the descriptors obtain their highest accuracy percentage at scale con-
ditions Iy, , Iy, and Iy, . This is because the three images had undergone a minimum scale
changes and most of the descriptors able to function accurately. As the camera starts to zoom
out (I, — Isp,) or moving away from the input image, the accuracy percentage of each
descriptors began to decline. FREAK, BRISK and ORB descriptor are still able to function by
extracting features and continuing the matching process. Percentage of accuracy obtained by
FREAK, BRISK and ORB at scale condition Iy, are 83.20%, 81.21% and 65.33%, respectively.
However, BRIEF descriptor obtained 0% accuracy because there are insufficient features to
perform the matching process. Hence, BRIEF descriptor is not suitable for mobile AR
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Fig 8. Accuracy obtained by each descriptor in different scale conditions.
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application because BRIEF is not robust to scale invariance. Percentage of accuracy of each
descriptor was analysed using One Way Anova and mean to identify the most robust descrip-
tor in scale variation. The results here shown that FREAK obtained the highest mean percent-
age of accuracy (90.156%) followed by BRISK (86.246%), ORB (82.986%) and BRIEF
(78.391%). Therefore, researchers concluded that FREAK, BRISK and ORB are descriptors
that function robustly for scale variation in mobile AR application compared to BRIEF
descriptor. However, FREAK again achieved the highest accuracy percentage among the oth-
ers and hence indicated as the most robust descriptor in scale variation test.

Brightness invariance

Robustness of descriptors in terms of brightness invariance were tested using leuven, bot and
bark images from Mikolajczyk dataset and and christmas bear, lab-keys and apricot images
from ALOI dataset. A total of 84 testing (4 descriptors x 21 sequence images) were carried out
to evaluate the robustness of descriptor in different brightness condition. The number of cor-
rect matches and the number of matches obtained from each test were recorded in order to
calculate the percentage of accuracy. Each image that have the same brightness conditions
were tested repeated 150 times (6 images x 25 times). For example, the chrismas bear image
with I, condition was tested repeatedly for 25 times and the rest of the image; leuven, boat,
bark, lab-keys and apricot with I,;  conditions was also tested repeatedly for 25 times each. Fig
9 shows the accuracy percentage obtained by each descriptor in the presence of brightness
changes.

The results showed that the highest accuracy percentages were obtained when the bright-
ness conditions are at I,; and Iy, . This is because of these two brightness conditions had
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Fig 9. Accuracy obtained by each descriptor in different brightness conditions.
https://doi.org/10.1371/journal.pone.0207191.9g009
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undergone a minimum change in brightness value which allows the descriptors to function
robustly. When the brightness value decreases (condition I, = — Iy ) or increases (condition

IBRIO
cally. For example, accuracy of FREAK descriptor obtained at brightness condition I, is

— Igg, ), the number of correct matches obtained by all the descriptors decreases dramati-

94.95% but when the brightness value decreases to condition I, , the accuracy obtained by
FREAK descriptor is also decreased to 44.33%. Similarly, at the brightness condition Iy ,

FREAK descriptor obtained 96.23% accuracy, but when the brightness value increases to con-
dition I, , the accuracy decreased to 65.90%. However, the matching process does not fail in
any of the conditions although the accuracy percentage decreased when brightness value
increases or decreases. The percentage of accuracy of each descriptor was analysed using One
Way Anova and mean to identify the most robust descriptor in brightness variation. The
results showed that FREAK obtained the highest mean percentage of accuracy (84.041%) fol-
lowed by BRIEF (79.410%), ORB (75.195%) and BRISK (74.057%). FREAK descriptor yields to
be the most robust descriptor in brightness invariance test because the accuracy decline rate is
less compared to other descriptors.

Overall performance

Performance ranking for FREAK, BRISK, ORB and BRIEF in computation time, scale invari-
ance, rotation invariance and brightness invariance are summarized in Table 2. The value of
performance ranking is given based on the mean of each testing. The descriptor that obtained
the lowest mean in computation time test was labelled as “1” (best) and the descriptor that
obtained the highest mean was labelled as “4” (worst) in the performance ranking. Whereas in
the robustness testing, the descriptor that obtained the highest mean was labelled as “1” (best)
and the descriptor that obtained the lowest mean was labelled as “4” (worst).

Based on Table 2, FREAK descriptor obtained the highest position in the performance
ranking followed by BRISK descriptor (second position), ORB and BRIEF descriptor were
both at 3.5 position, FREAK descriptor achieved the best performance compared to others
descriptor in all the testing include efficiency and robustness test. Therefore, FREAK descrip-
tor had been identified as the most appropriate descriptor for mobile AR application.

FREAK descriptors able to perform efficiently (low computation time) due to the sampling
pairs structure of FREAK descriptor is using a coarse-to-fine apporach which matches with
the model of human retina. FREAK takes advantage of this coarse-to-fine structure to further
speed up the extraction using a cascade approach. FREAK descriptor first compare only the
first 128 bits which representing coarse information during matching the two features. If the
distance of the two features is smaller than a threshold, FREAK descriptor only further con-
tinue the comparison with the next 128 bits to analize finer information. As a result, a cascade
of comparisons is performed accelerating even further the matching as more than 90% of the
features are discarded with the first 128 bits of FREAK descriptor.

Table 2. Performance ranking for each descriptor.

FREAK
BRISK
ORB
BRIEF

https://doi.org/10.1371/journal.pone.0207191.t1002

Computation
Time

1.0
2.0
4.0
3.0

Scale Rotation Brightness Overall Performance Performance Ranking
1.0 1.0 1.0 1.0 1
2.0 2.0 4.0 2.5 2
3.0 3.0 3.0 3.25 3.5
4.0 4.0 2.0 3.25 3.5
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FREAK is a binary descriptor that is similar to BRIEF, ORB and BRISK, but with the added
advantages of ratation invariance and learned sampling pairs which biologically inspired by
the retinal pattern in the eye. FREAK descriptor suggests to use the retinal sampling grid
which is also circular with the difference of having higher density of points near the center.
The density of points drops exponentially. Each sampling point is smoothed with a Gaussian
kernel where the radius of the circle illustrates the size of the standard deviation of the kernel.
FREAK improves upon the sampling pattern and method of pair selection that BRISK descrip-
tor uses. BRISK select pairs according to their spatial distance, however the selected pair can
be highly correlated and not discriminat. Consequently, FREAK learn the pairs by maximizing
variance of the pairs and taking pairs that are not correlated. This had lead to a more accurate
description of the keypoints and make FREAK descriptor able to perform robustly under vari-
ous changes.

Conclusion

This research paper presents a distinctive and efficient method for measuring the accuracy of
binary descriptors for mobile AR applications using Mikolajczyk dataset and ALOI dataset.
Comparative accuracy tests were performed for FREAK, BRISK, ORB and BRIEF descriptors
to determine the most appropriate descriptor (efficiency and robustness) in mobile AR appli-
cations. Based on the accuracy measurement results, FREAK is recommended as the best
binary descriptor for mobile AR applications, yielding the fastest computation time of all the
descriptors. Furthermore, FREAK achieved good results in rotation invariance, scale invari-
ance and brightness invariance. In comparison, BRISK yielded an average result in all tests
while BRIEF yielded a good result in the efficiency and brightness invariance test but has the
worst results on scale invariance and rotation invariance tests. Therefore, FREAK achieved the
best overall results for mobile AR application using the Mikolajczyk dataset and ALOI dataset,
followed by BRISK in 2nd place and ORB and BRIEF in 3™ place respectively.

Supporting information

S1 File. Laboratory Protocol DOI.docx.
(DOCX)

Acknowledgments

The authors would like to thank Mixed Reality and Pervasive Computing Lab (MyXLab)
members for the support.

Author Contributions
Conceptualization: Siok Yee Tan.
Data curation: Siok Yee Tan.
Formal analysis: Siok Yee Tan.
Investigation: Siok Yee Tan.
Methodology: Siok Yee Tan.
Resources: Siok Yee Tan.
Software: Siok Yee Tan.

Supervision: Haslina Arshad, Azizi Abdullah.

PLOS ONE | https://doi.org/10.1371/journal.pone.0207191 January 3, 2019 15/18


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0207191.s001
https://doi.org/10.1371/journal.pone.0207191

®PLOS | one

Measurement of binary descriptors in mobile augmented reality

Validation: Siok Yee Tan.

Visualization: Siok Yee Tan.

Writing - original draft: Siok Yee Tan.

Writing - review & editing: Siok Yee Tan.

References

1.

10.

11.

12

13.

14.

15.

16.

17.

18.

Obeidy WK, Arshad H, Tan SY, Rahman H. Developmental Analysis of a Markerless Hybrid Tracking
Technique for Mobile Augmented Reality Systems. Advances in Visual Informatics, 4th International
Visual Informatics Conference, IVIC 2015. 2015. pp. 99—110.

Azuma R, Baillot Y, Behringer R, Feiner S, Julier S, MacIntyre B. Recent advances in augmented real-
ity. IEEE Comput Graph Appl. 2001; 21: 34—47. hitps://doi.org/10.1109/38.963459

Henrysson A, Marshall J, Billinghurst M. Experiments in 3D interaction for mobile phone AR. Proceed-
ings of the 5th international conference on Computer graphics and interactive techniques in Australia
and Southeast Asia. 2007. pp. 187-194. https://doi.org/10.1145/1321261.1321295

Pu M, Majid NAA, Idrus B. Framework based on Mobile Augmented Reality for Translating Food Menu
in Thai Language to Malay Language. Int J Adv Sci Eng Inf Technol. 2017; 7: 153—159.

Arshad H, Lam MC, Obeidy WK, Tan SY. An Efficient Cloud based Image Target Recognition SDK for
Mobile Applications. Int J Adv Sci Eng Inf Technol. 2017; 7: 496-502.

Sadik MJ, Lam MC. Stereoscopic Vision Mobile Augmented Reality System Architecture in Assembly
Tasks. J Eng Appl Sci. 2017; 12: 2098-2105.

Hou Y, MaL, Zhu R, Chen X, Zhang J. A low-cost iPhone-assisted augmented reality solution for the
localization of intracranial lesions. PLoS One. 2016; https://doi.org/10.1371/journal.pone.0159185
PMID: 27454518

Muhammad Nizam SS, Lam MC, Arshad H, Suwadi NA. A Scoping Review on Tangible and Spatial
Awareness Interaction Technique in Mobile Augmented Reality-Authoring Tool in Kitchen. Advances in
Multimedia. 2018. https://doi.org/10.1155/2018/5320984

Tan SY, Arshad H, Abdullah A. A new illumination invariant feature based on freak descriptor in RGB
color space. d Theor Appl Inf Technol. 2016; 93.

Wagner D, Reitmayr G, Mulloni A, Drummond T, Schmalstieg D. Pose tracking from natural features on
mobile phones. Proceedings - 7th IEEE International Symposium on Mixed and Augmented Reality
2008, ISMAR 2008. 2008. pp. 125—134. https://doi.org/10.1109/ISMAR.2008.4637338

Shang LW, Zakaria MH, Ahmad |. Mobile phone augmented reality postcard. J Telecommun Electron
Comput Eng. 2016; 8: 135—139. Available: https://www.scopus.com/inward/record.uri?eid=2-s2.0-
849847848218&partnerlD=40&md5=98ba90492f719d1685bc621699064b8c

Kolivand H, Sunar MS, Dobashi Y, Kaneda K, Yamashita H, Nishita T. Realistic Real-Time Outdoor
Rendering in Augmented Reality. PLoS One. 2014; https://doi.org/10.1371/journal.pone.0108334
PMID: 25268480

Lowe DG. Object recognition from local scale-invariant features. Proceedings of the Seventh IEEE
International Conference on Computer Vision. 1999. pp. 1150-1157 vol.2. https://doi.org/10.1109/
ICCV.1999.790410

Bay H, Ess A, Tuytelaars T, Van Gool L. Speeded-Up Robust Features (SURF). Comput Vis Image
Underst. 2008; 110: 346-359. https://doi.org/10.1016/j.cviu.2007.09.014

Calonder M, Lepetit V, Strecha C, Fua P. BRIEF: Binary robust independent elementary features. Lec-
ture Notes in Computer Science (including subseries Lecture Notes in Artificial Intelligence and Lecture
Notes in Bioinformatics). 2010. pp. 778—792. https://doi.org/10.1007/978-3-642-15561-1_56

Rublee E, Rabaud V, Konolige K, Bradski G. ORB: An efficient alternative to SIFT or SURF. Proceed-
ings of the IEEE International Conference on Computer Vision. 2011. pp. 2564—2571. https://doi.org/
10.1109/ICCV.2011.6126544

Leutenegger S, Chli M, Siegwart RY. BRISK: Binary Robust invariant scalable keypoints. Proceedings
of the IEEE International Conference on Computer Vision. 2011. pp. 2548—2555. https://doi.org/10.
1109/1ICCV.2011.6126542

Alahi A, Ortiz R, Vandergheynst P. FREAK: Fast retina keypoint. Proceedings of the IEEE Computer
Society Conference on Computer Vision and Pattern Recognition. 2012. pp. 510-517. https://doi.org/
10.1109/CVPR.2012.6247715

PLOS ONE | https://doi.org/10.1371/journal.pone.0207191 January 3, 2019 16/18


https://doi.org/10.1109/38.963459
https://doi.org/10.1145/1321261.1321295
https://doi.org/10.1371/journal.pone.0159185
http://www.ncbi.nlm.nih.gov/pubmed/27454518
https://doi.org/10.1155/2018/5320984
https://doi.org/10.1109/ISMAR.2008.4637338
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84984784821&partnerID=40&md5=98ba90492f719d1685bc621699064b8c
https://www.scopus.com/inward/record.uri?eid=2-s2.0-84984784821&partnerID=40&md5=98ba90492f719d1685bc621699064b8c
https://doi.org/10.1371/journal.pone.0108334
http://www.ncbi.nlm.nih.gov/pubmed/25268480
https://doi.org/10.1109/ICCV.1999.790410
https://doi.org/10.1109/ICCV.1999.790410
https://doi.org/10.1016/j.cviu.2007.09.014
https://doi.org/10.1007/978-3-642-15561-1_56
https://doi.org/10.1109/ICCV.2011.6126544
https://doi.org/10.1109/ICCV.2011.6126544
https://doi.org/10.1109/ICCV.2011.6126542
https://doi.org/10.1109/ICCV.2011.6126542
https://doi.org/10.1109/CVPR.2012.6247715
https://doi.org/10.1109/CVPR.2012.6247715
https://doi.org/10.1371/journal.pone.0207191

®PLOS | one

Measurement of binary descriptors in mobile augmented reality

19.

20.

21.

22,

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

Lorenz Wendt F, Bres S, Tellez B, Laurini R. Markerless outdoor localisation based on SIFT descriptors
for mobile applications. Lecture Notes in Computer Science (including subseries Lecture Notes in Artifi-
cial Intelligence and Lecture Notes in Bioinformatics). 2008. pp. 439-446. https://doi.org/10.1007/978-
3-540-69905-7_50

Yu F. Real Time Augmented Reality on Mobile Phone [Internet]. Electrical Engineering and Computer
Science, University of Michigan. 2010. Available: http://web.eecs.umich.edu/~silvio/teaching/
EECS598_2010/final_report/Fisher.pdf

Tournier T, Bres S, Egyed-Zsigmond E. Insertion of tags in urban scenes in real time on smartphone.
Proceedings—International Workshop on Content-Based Multimedia Indexing. 2012. pp. 43—-48.
https://doi.org/10.1109/CBMI.2012.ext6269847

Yunchao Z, Jing C, Yongtian W, Zhiwei X. Outdoor Guide System Based on the Mobile Augmented
Reality Technology. High Technol Lett. 2014; 20: 301-307.

Martin P, Marchand E, Houlier P, Marchal I. Mapping and re-localization for mobile augmented reality.
2014 |IEEE International Conference on Image Processing, ICIP 2014. 2014. pp. 3352—-3356. hitps://
doi.org/10.1109/ICIP.2014.7025678

Yutao N, Huang H. Implementation of mobile augmented reality system based on ORB-FREAK Algo-
rithm. 3rd International Conference on Machinery, Materials and Information Technology Applications
(ICMMITA 2015). 2015. pp. 153—-159.

Molla E, Lepetit V. Augmented reality for board games. 2010 IEEE Int Symp Mix Augment Real. 2010;
253-254. https://doi.org/10.1109/ISMAR.2010.5643593

Van Wyk C. Markerless Augmented Reality on Ubiquitous Mobile Devices with Integrated Sensors.
University of Stellenbosch. 2011.

Utkes A, Fiala M. A markerless augmented reality system for mobile devices. Proceedings—2013 Inter-
national Conference on Computer and Robot Vision, CRV 2013. 2013. pp. 226-233. https://doi.org/10.
1109/CRV.2013.51

Calle-Bustos A, Juan M, Garcia-Garcia |, Abad F. An augmented reality game to support therapeutic
education for children with diabetes. PLoS One. 2017; 12: e0184645. https://doi.org/10.1371/journal.
pone.0184645 PMID: 28957355

Obeidy WK. A Markerless Hybrid Tracking Technique To Improve The Efficiency And Robustness Of
Mobile Augmented Reality. Universiti Kebangsaan Malaysia. 2014.

Koyasu H, Nozaki K, Maekawa H. Evaluation of Image Feature Descriptors for Marker-Less AR Appli-
cations. Adv Vis Comput. 2014; Available: http:/link.springer.com/chapter/10.1007/978-3-319-14364-
4_30

Tan SY, Arshad H, Azizi A. Evaluation on Binary Descriptor in Markerless Augmented Reality. The 3rd
National Doctoral Seminar on Atrtificial Intelligence Technology. 2014. pp. 1-6.

Rusinol M, Chazalon J, Ogier JM, Llados J. A comparative study of local detectors and descriptors for
mobile document classification. Proceedings of the International Conference on Document Analysis
and Recognition, ICDAR. 2015. pp. 596—600. https://doi.org/10.1109/ICDAR.2015.7333831

Mikolajczyk K.Schmid C. A performance evaluation of local descriptors. IEEE Trans Pattern Anal Mach
Intell. 2005; 27: 1615—1630. https://doi.org/10.1109/TPAMI.2005.188 PMID: 16237996

Wagner D. Handheld Augmented Reality. Graz Univ Technol. 2006;PhD: 2008—-2008. https://doi.org/
10.1109/ISMAR.2007.4538819

Wagner D, Langlotz T, Schmalstieg D. Robust and unobtrusive marker tracking on mobile phones. Pro-
ceedings - 7th IEEE International Symposium on Mixed and Augmented Reality 2008, ISMAR 2008.
2008. pp. 121-124. https://doi.org/10.1109/ISMAR.2008.4637337

Azuma RTA. Survey of Augmented Reality. Presence: Teleoperators and Virtual Environments.
1997. pp. 355-385. https://doi.org/10.1162/pres.1997.6.4.355

Satoh K, Anabuki M, Yamamoto H, Tamura H. A hybrid registration method for outdoor augmented real-
ity. Proc IEEE ACM Int Symp Augment Real. 2001; 67-76. https://doi.org/10.1109/ISAR.2001.970516

Bleser G. Towards Visual-Inertial Slam for Mobile Augmented Reality. The Technical University Kai-
serslautern. 2009.

Mahieu R, Tilak H. Real-Time Mobile Augmented Reality Using Markerless Subject Tracking [Internet].
2015. Available: https://www.semanticscholar.org/paper/Real-Time-Mobile-Augmented-Reality-Using-
Markerles-Mahieu-Tilak/2e5f0b8863f23652e6e3553055ab6d6b9efca823?tab=abstract

Obeidy WK, Arshad H, Chowdhury SA, Parhizkar B, Huang J. Increasing the Tracking Efficiency of
Mobile Augmented Reality. International Visual Informatics Conference. 2013. pp. 447—-457. https://doi.
org/10.1007/978-3-642-41939-3

PLOS ONE | https://doi.org/10.1371/journal.pone.0207191 January 3, 2019 17/18


https://doi.org/10.1007/978-3-540-69905-7_50
https://doi.org/10.1007/978-3-540-69905-7_50
http://web.eecs.umich.edu/~silvio/teaching/EECS598_2010/final_report/Fisher.pdf
http://web.eecs.umich.edu/~silvio/teaching/EECS598_2010/final_report/Fisher.pdf
https://doi.org/10.1109/CBMI.2012.ext6269847
https://doi.org/10.1109/ICIP.2014.7025678
https://doi.org/10.1109/ICIP.2014.7025678
https://doi.org/10.1109/ISMAR.2010.5643593
https://doi.org/10.1109/CRV.2013.51
https://doi.org/10.1109/CRV.2013.51
https://doi.org/10.1371/journal.pone.0184645
https://doi.org/10.1371/journal.pone.0184645
http://www.ncbi.nlm.nih.gov/pubmed/28957355
http://link.springer.com/chapter/10.1007/978-3-319-14364-4_30
http://link.springer.com/chapter/10.1007/978-3-319-14364-4_30
https://doi.org/10.1109/ICDAR.2015.7333831
https://doi.org/10.1109/TPAMI.2005.188
http://www.ncbi.nlm.nih.gov/pubmed/16237996
https://doi.org/10.1109/ISMAR.2007.4538819
https://doi.org/10.1109/ISMAR.2007.4538819
https://doi.org/10.1109/ISMAR.2008.4637337
https://doi.org/10.1162/pres.1997.6.4.355
https://doi.org/10.1109/ISAR.2001.970516
https://www.semanticscholar.org/paper/Real-Time-Mobile-Augmented-Reality-Using-Markerles-Mahieu-Tilak/2e5f0b8863f23652e6e3553055ab6d6b9efca823?tab=abstract
https://www.semanticscholar.org/paper/Real-Time-Mobile-Augmented-Reality-Using-Markerles-Mahieu-Tilak/2e5f0b8863f23652e6e3553055ab6d6b9efca823?tab=abstract
https://doi.org/10.1007/978-3-642-41939-3
https://doi.org/10.1007/978-3-642-41939-3
https://doi.org/10.1371/journal.pone.0207191

®PLOS | one

Measurement of binary descriptors in mobile augmented reality

41.

42,

43.

44,

45.

46.

47.

48.

49.

50.

51.

Uchiyama H, Marchand E. Object Detection and Pose Tracking for Augmented Reality: Recent
Approaches. Found Comput Vis. 2012; 1-8. Available: http://119.245.146.123/uchiyama/me/papers/
fev_2012.pdf

Isik $. A Comparative Evaluation of Well-known Feature Detectors and Descriptors. Int J Appl Math
Electron Comput. 2014; 3: 1. https://doi.org/10.18100/ijamec.60004

Lowe G. SIFT—The Scale Invariant Feature Transform. Int J. 2004; 2: 91-110.

Ke YKY, Sukthankar R. PCA-SIFT: a more distinctive representation for local image descriptors. Proc
2004 IEEE Comput Soc Conf Comput Vis Pattern Recognition, 2004 CVPR 2004. 2004;2: 2-9. https://
doi.org/10.1109/CVPR.2004.1315206

Mikolajczyk K, Zisserman A, Schmid C. Shape recognition with edge-based features. Procedings of the
British Machine Vision Conference 2003. 2003. p. 79.1-79.10. https://doi.org/10.5244/C.17.79

Quack T, Bay H, Van Gool L. Object Recognition for the Internet of Things. First Int Conf Internet Things
(loT 2008). 2008; 4952: 230—-246. https://doi.org/10.1007/978-3-540-78731-0_15

Naimark L, Foxlin E. Circular data matrix fiducial system and robust image processing for a wearable
vision-inertial self-tracker. Proceedings—International Symposium on Mixed and Augmented Reality,
ISMAR 2002. 2002. pp. 27—-36. https://doi.org/10.1109/ISMAR.2002.1115065

Geusebroek JM, Burghouts GJ, Smeulders AWM. The Amsterdam library of object images. Int J Com-
put Vis. 2005; https://doi.org/10.1007/s11263-005-3849-9

Kanan C, Flores A, Cottrell GW. Color constancy algorithms for object and face recognition. Lecture
Notes in Computer Science (including subseries Lecture Notes in Artificial Intelligence and Lecture
Notes in Bioinformatics). 2010. https://doi.org/10.1007/978-3-642-17289-2_20

Van De Sande K, Gevers T, Snoek C. Evaluating color descriptors for object and scene recognition.
IEEE Trans Pattern Anal Mach Intell. 2010; https://doi.org/10.1109/TPAMI.2009.154 PMID: 20634554

Khvedchenia |. Feature descriptor comparison report. In: http://computer-vision-talks.com [Internet].
2011 pp. 1-7. Available: http://computer-vision-talks.com/2011/08/feature-descriptor-comparison-
report/

PLOS ONE | https://doi.org/10.1371/journal.pone.0207191 January 3, 2019 18/18


http://119.245.146.123/uchiyama/me/papers/fcv_2012.pdf
http://119.245.146.123/uchiyama/me/papers/fcv_2012.pdf
https://doi.org/10.18100/ijamec.60004
https://doi.org/10.1109/CVPR.2004.1315206
https://doi.org/10.1109/CVPR.2004.1315206
https://doi.org/10.5244/C.17.79
https://doi.org/10.1007/978-3-540-78731-0_15
https://doi.org/10.1109/ISMAR.2002.1115065
https://doi.org/10.1007/s11263-005-3849-9
https://doi.org/10.1007/978-3-642-17289-2_20
https://doi.org/10.1109/TPAMI.2009.154
http://www.ncbi.nlm.nih.gov/pubmed/20634554
http://computer-vision-talks.com
http://computer-vision-talks.com/2011/08/feature-descriptor-comparison-report/
http://computer-vision-talks.com/2011/08/feature-descriptor-comparison-report/
https://doi.org/10.1371/journal.pone.0207191

