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Abstract—Fast and robust image processing and matching is a very important task with various applica-
tions in computer vision and robotics. In this paper, we compare the performance of two different image
matching techniques, i.e., by speed up robust features and by rotated robust independent elementary fea-
tures, against different kinds of transformations and deformations such as scaling, rotation, noise, fisheye
distortion, and cropping. For this purpose, we manually apply different types of transformations on orig-
inal images and compute the matching evaluation parameters such as the number of key points in images,
the matching rate, and the execution time required for each algorithm and we will show that which algo-
rithm is the best more robust against each kind of distortion.

Index Terms—Image matching; image feature; robust matching; image distortion.

I. INTRODUCTION

Over the last decades, image feature detectors and
descriptors have become popular tools in the com-
puter vision community and they are being applied
widely in a large number of applications. Image re-
presentation, image classification and retrieval, ob-
ject recognition and matching, 3D scene reconstruc-
tion], motion tracking, texture classification, robot
localization, and biometrics systems, all rely on the
presence of stable and representative features in the
image. Thus, detecting and extracting the image
features are vital steps for these applications.

In image processing and computer vision tasks, we
need to represent the image by features extracted the-
refrom. The raw image is perfect for the human eye to
extract all information from; however, that is not the
case with computer algorithms. There are generally
two methods to represent images, namely, global fea-
tures and local features. In the global feature repre-
sentation, the image is represented by one multidi-
mensional feature vector, describing the information
in the whole image. In other words, the global repre-
sentation method produces a single vector with values
that measure various aspects of the image such as
color, texture or shape. Practically, a single vector
from each image is extracted and then two images can
be compared by comparing their feature vectors. For
example, when one wants to distinguish images of a
sea (blue) and a forest (green), a global descriptor of
color would produce quite different vectors for each
category. In this context, global features can be inter-
preted as a particular property of image involving all

pixels. This property can be color histograms, texture,
edges or even a specific descriptor extracted from
some filters applied to the image. On the other hand,
the main goal of local feature representation is to dis-
tinctively represent the image based on some salient
regions while remaining invariant to viewpoint and
illumination changes.

Feature detection is the process where we auto-
matically examine an image to extract features, that
are unique to the objects in the image, in such a
manner that we are able to detect an object based on
its features in different images. An ideal feature de-
tection technique should be robust to image trans-
formations such as rotation, scale, illumination, noise
and affine transformations. In addition, ideal features
must be highly distinctive, such that a single feature
to be correctly matched with high probability [1], [2].

The image processing processes can be divided in
to 3 overall steps.

Detection

Automatically identify interesting features, inter-
est points this must be done robustly. The same fea-
ture should always be detected irregardless of
viewpoint.

Description

Each interest point should have a unique descrip-
tion that does not depend on the features scale and
rotation.

Matching

Given and input image, determine which objects it
contains, and possibly a transformation of the object,
based on predetermined interest points.

© National Aviation University, 2018
http://ecs.in.ua



12 ISSN 1990-5548 Electronics and Control Systems 2018. N 1(55): 11-16

II. FEATURE DETECTORS CHARACTERISTICS

Tuytelaars and Mikolajczyk [3] define a local
feature as “it is an image pattern which differs from
its immediate neighborhood”. Thus, they consider the
purpose of local invariant features is to provide a
representation that allows to efficiently match local
structures between images. The following properties
are important for utilizing a feature detector in
computer vision applications:

— Robustness, the feature detection algorithm
should be able to detect the same feature locations
independent of scaling, rotation, shifting, photome-
tric deformations, compression artifacts, and noise.

— Repeatability, the feature detection algorithm
should be able to detect the same features of the same
scene or object repeatedly under variety of viewing
conditions.

— Accuracy, the feature detection algorithm
should accurately localize the image features (same
pixel locations), especially for image matching tasks,
where precise correspondences are needed to esti-
mate the epipolar geometry.

— Generality, the feature detection algorithm
should be able to detect features that can be used in
different applications.

— Efficiency, the feature detection algorithm
should be able to detect features in new images
quickly to support real-time applications.

— Quantity, the feature detection algorithm should
be able to detect all or most of the features in the
image. Where, the density of detected features should
reflect the information content of the image for pro-
viding a compact image representation.

III. OVERVIEW OF IMAGE MATCHING TECHNIQUES

A. Speed up robust feature (SURF) detector

In computer vision, SUREF is a local feature detec-
tor and descriptor that can be used for tasks such as
object recognition or registration or classification or
3D reconstruction. It is partly inspired by the
scale-invariant feature transform (SIFT) descriptor.
The standard version of SURF is several times faster
than SIFT and claimed by its authors to be more robust
against different image transformations than SIFT.

Speed up robust feature detector approximates
Laplacian of Gaussian (LoG) with Box Filter. Below
image shows a demonstration of such an approxima-
tion. One big advantage of this approximation is that,
convolution with box filter can be easily calculated
with the help of integral images. And it can be done in
parallel for different scales. Also the SURF relies on
determinant of Hessian matrix for both scale and
location.

For orientation assignment, SURF uses wavelet
responses in horizontal and vertical direction for a

neighbourhood of size 6c. Adequate guassian
weights are also applied to it. Then they are plotted in
a space as given in below image. The dominant
orientation is estimated by calculating the sum of all
responses within a sliding orientation window of
angle 60 degrees. Interesting thing is that, wavelet
response can be found out using integral images very
casily at any scale. For many applications, rotation
invariance is not required, so no need of finding this
orientation, which speeds up the process. SURF
provides such a functionality called Upright-SURF or
U-SUREF. It improves speed and is robust. OpenCV
library supports both, depending upon the flag,
upright. If it is 0, orientation is calculated. If it is 1,
orientation is not calculated and it is faster.

B. Orientated robust binary (ORB) independent
feature detector

Orientated robust binary (ORB) independent
feature detector is a fusion of the fast keypoint de-
tector and robust independent elementary features
(BRIEF) descriptor with some modifications [9].
Initially to determine the key points, it uses FAST.
Then a Harris corner measure is applied to find top N
points. FAST does not compute the orientation and is
rotation variant. It computes the intensity weighted
centroid of the patch with located corner at center.
The direction of the vector from this corner point to
centroid gives the orientation. To improve the rota-
tion invariance, moments are computed with x and y
which should be in a circular region of radius r, where
r is the size of the patch. Moments are computed to
improve the rotation invariance. The descriptor
BRIEF poorly performs if there is an in-plane rota-
tion. In ORB, a rotation matrix is computed using the
orientation of patch and then the BRIEF descriptors
are steered according to the orientation.

Rotated robust independent elementary feature
detector discretizes the angle to increments of 27/30
(12 degrees), and constructs a lookup table of pre-
computed BRIEF patterns. As long as the keypoint
orientation 0 is consistent across views, the correct
set of points SO will be used to compute its descriptor.

BRIEF has an important property that each bit
feature has a large variance and a mean near 0.5. But
once it is oriented along keypoint direction, it loses
this property and become more distributed. High
variance makes a feature more discriminative, since it
responds differentially to inputs. Another desirable
property is to have the tests uncorrelated, since then
each test will contribute to the result. To resolve all
these, ORB runs a greedy search among all possible
binary tests to find the ones that have both high
variance and means close to 0.5, as well as being
uncorrelated.
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IV. EXPERIMENTAL RESULTS

In this Section, we investigate the sensitivity of
SURF, and ORB against each rotation, scaling,
cropping, fish eye distortion, and noise.

We tested ORB and SURF using Python 3.0
package and the set of images with (size 2160x2160
pixels) with different regions from UAV (unmanned
aerial vehicle). These are images of real textured and
structured scenes. Research was done using Python
3.0 package on images with size 2160%x2160 pixels.

A. Rotation

We considered here a rotation of 90 degree to the
image to be matched. The results are given in the
Table 1 and Fig. 1. With rotated image, as one can see
from Table I, SURF provides better match rate
(76.4%), but ORB works faster.

1000 1500 2000 2500 3000 3500 4000

(b)

Fig. 1. The matching of 90 degrees rotated image with
initial image using (a) ORB (b) SURF

TABLE I. RESULTS OF COMPARING THE IMAGE

WITH ITS ROTATED IMAGE
Kpnts | Kpnts | Matc | Time (s) | Match
1 2 hes rate
(%)
ORB | 510 516 314 0.000002 | 61.2
SURF | 8192 | 8151 | 6246 | 0.000003 | 76.4

B. Cropped image

In this case, original image was cropped to see
how part of image will be found in original image.
SURF shows better match rate, but both algorithms
has found a lot of wrong matches (Table Il and Fig. 2).

(b)

Fig. 2. The matching of cropped images using
(a) ORB (b) SURF

TABLE II. RESULTS OF COMPARING THE IMAGE

WITH ITS ROTATED IMAGE
Kpnts | Kpnts | Matc . Mach
1 ) hes Time (s) | rate
(%)
ORB | 510 519 131 0.000002 | 25.5
SURF | 8192 | 2568 | 1588 | 0.000003 | 29.3

C. Noisy images

In this case, noise is added to the original image to
see the effect of noise on the matching rate. From
Table III and Fig. 3, one can see that ORB shows
better matching rates. The added noise is randomly
distributed and hence may be affecting some of the
key points, but both SURF and ORB show almost
equal performance.

Fig. 3. The matching of image with the image added with
noise using (a) ORB and (b) SURF
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(b)
Fig. 3. Ending. (See also p. 13)

TABLE III. RESULTS OF IMAGE MATCHING WITH NOISE

Kpnt | Kpnts2 | Matc | Time (s) | Match
sl hes rate
(%)
ORB | 510 518 127 | 0.000003 | 24,7
SURF | 8192 [ 32998 | 3899 | 0.000003 | 18.9

D. Fisheye distortion

The results are presented in Table IV and Fig. 4.
From Table IV, one can see that the highest matching
rate is obtained from ORB. And comparing to other
scenarios SURF found less matches.

1500 [

(b)

Fig. 4. The matching of an image with its fisheye distorted
image using: (a) ORB (b) SURF

TABLEIV. RESULTS OF COMPARING THE IMAGE
WITH ITS FISHEYE DISTORTED IMAGE

Kpnts | Kpnts | Matc | Time (s) | Match
1 2 hes rate
(%)
ORB | 510 507 127 |1 0.000002 | 24.9
9
SURF | 637 8192 304 | 0.000003 | 6.8
E. Scaling

In this scenario, the image was scaled by 2 times
to see the effect of matching with respect to scaling.
Results are shown in Table V and Fig. 5. The highest
matching rate is for SURF.
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Fig. 5. The matching of an image with its 50% scaled
image using: (a) ORB (b) SURF

TABLE V. RESULTS OF COMPARING THE IMAGE
WITH ITS 50% SCALED IMAGE

Kpnt | Kpnts | Matc | Time (s) | Match
sl 2 hes rate
(%)
ORB | 510 512 115 | 0.000002 | 22.5
SURF | 8192 | 2710 | 1425 | 0.000004 | 26.1
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M. II. Myxina, T. A. €pemeeBa. IlopiBHsIHHSI epeKTHMBHOCTI Ta MIBUAKOAII AeTEKTOPIiB XapaKTepHHUX 03HAK
SURF 1a ORB

VY po6oTi MOPIBHIOEMO e€(EKTHBHICTh JBOX Pi3HUX METOJIB 3icTaBjieHHS 300pakeHb, T00To SURF Ta ORB, Ha pi3Horo
POy MepeTBOpeHHsX Ta JAedopMallisX, TAKUX SK MacIITa0yBaHHs, 0OEpTaHHsI, ITYyM, BUKPHUBJICHHS TUITY “‘pul'stue 0Ko”
Ta KajapyBaHHs. [ bOro MU BpY4YHY 3aCTOCOBYEMO Pi3HI THITH MEPETBOPEHb Ha OPUTIHAIBHHUX 300pa)KeHHAX Ta 00-
YHCIIOEMO BIATIOBIHI MTapaMeTPH OILIHKH, TaKi K KiJIbKICTh KIIFOYOBHX TOYOK Y 300pa)KeHHSX, IIBUIKICTH CITiBCTaB-
JICHHSI Ta Yac BUKOHAHHs, HEOOXI/HI JUIs KO)KHOTO aJITOPUTMY, 3'SICOBYIOUH, SIKUH aJlTOPUTM HaMIHHIIINI JJ1s1 KOYKHOTO
BUY CLIOTBOPEHb.

Karwu4oBi ciioBa: 3icraBieHHS 300pa)KeHb; XapaKTEPHI OCOOJMBOCTI 300pakeHb; poOacHe 3iCTaBIEHHS 300paKeHb;
CIIOTBOPEHHS 300paKeHb.
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M. II. Myxuna, T. A. EpemeeBa. CpaBHeHne 3¢ (peKTUBHOCTH M OBICTPOAEHCTBHA ACTEKTOPOB XapaKTepPHBIX
npusnakos SURF u ORB

B pabore cpaBHMBaeM 3((EKTUBHOCTB IBYX Pa3IMYHBIX METO/IOB CONOCTaBJIeHMs n3o0paxkenni, To ectb SURF u ORB,
Ha pa3HOro poja mpeodpa3oBaHUX U JedopManusixX, TAKHX KaK MacliTabupoBaHKe, BpalleHHue, IyM, NCKa)KeHHs THIIa
"pbIOmii rnaz" u kaapupoBaHue. it 3TOro Mbl BpYYHYIO NPUMEHSEM Pa3U4YHbIE TUIBI IpeoOpa3oBaHUil HA OpUTH-
HAJIbHBIX H300pa)KEHUSIX U BHIYMCIISIEM COOTBETCTBYIOIIHE TAPaMETPhl OLIEHKH, TAKHE KaK KOJIMYECTBO KITIOUEBBIX TOUEK
B M300pak€HMX, CKOPOCTh CONOCTABJICHHS W BpeMs BBINOJIHEHUS, HEOOXOAMMBIE ISl KaXKAOTO ajlTOPUTMa, BBISICHSS,
KaKoOl aJropuTM HaJexHee AJs KaKJ0ro BUa UCKaKeHUH.
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