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The commonly used descriptors, such as SIFT [IRBS{[2],

or GLOH [4] use histograms of gradients to desctibe
support region. High dimensional feature vectoes wged to
This paper presents a new approach for feature riftgmn  describe the feature point. SURF uses 64 dimensidrke
used in image processing and robust image recagmitiSIFT uses 128 dimensions. Each dimension is tylgical
algorithms such as 3D camera tracking, view recamgton represented by a floating point number or by a teligteger
or 3D scene analysis. value. This leads to a high memory usage and ¥ fsliow
State of the art feature detectors distinguish rigge point matching process.

detection and description. The former is commoeljggmed Consequently, effort has been spent to reduce the
in scale space, while the latter is used to descrébe dimensionality. PCA-SIFT proposed by [14] and GLOH [
normalized support region using histograms of geats or reduce the dimensions by performing a principal ponent
similar derivatives of the grayscale image patchhisT analysis of the feature vectors. However, the detson
approach has proven to be very successful. Howeher, process is slowed down by this operation. Moreovie,
descriptors are usually of high dimensionality inder to descriptors itself remain floating point numbers ioteger
achieve a high descriptiveness. values which use the relatively slow L2-norm to chatOn
Against this background, we propose a binarized W@sc the other hand, the matching quality in terms chlerate is
which has a low memory usage and good matchiagich higher than simpler interest point detectochsas the
performance. The descriptor is composed of bindrizejarris Corner detector [11] in combination with a0s3-
responses resulting from a set of folding operatiapplied to correlation based matching.

the normalized support region. We demonstrate é-time |, the recent past, research has been conducteubitd
capgbilities of the feature descriptor in a steramtching descriptors consisting of binary elements, denatedinary
environment. strings in order to reduce the bitrate neededaisimit and to
store the descriptors and to reduce the matchimg, tias
matching can then be performed using the Hammistauice
Keywords: Feature Descriptor, Feature Matching, 3D Scemehich can be efficiently computed on modern CPUs.

Abstract

Analysis, Stereo Matching. Different descriptor binarization strategies exissome
approaches first compute a higher dimensional gescy
1 Introduction which will later be binarized by hashing the realued

, ) interest point descriptors [19], by performing ansform
In the past years much attention has been paidhé {oging [20] or by direct binarization of the deptor
development of robust interest point detectorsdestriptors. components [22]. A good overview of state of the ar
SIFT [1] and SURF [2] are two prominent examplesoh  grategies for reducing the descriptor bitrateiien in [21]

combined interested point detectors with ~associalgflere a descriptor designed for efficient comprsis being
descriptors. Moreover a number of dedicated reditectors proposed.

have been proposed [7][8][9][10][23]. In-depth caaripons
of the different detectors and descriptors havenbesried when the description process leads directly to reariied

outin [4] and [,5]' . descriptor. A prominent example for this method te
Usually, the interest point detector searches fareeal pgRIEF descriptor [18]. A number of intensity comparis
values of a defined function (e.g. Laplacian/Diélece of (o g 256 in the case of BRIEF-256) is conductedchhi
Gaussian or Determinant of Hessian functions) &lesspace. yegy|ts in a 256-bit descriptor. This approachearest to the
Later on, a region around this interest point, mated as method proposed in this paper. Our proposed descrill
support region, is described using a specific dgt while  therefore be compared to the BRIEF-256 descriptor.

_the support region mlg_ht be norma.hzed.ln scale m'bly The basic idea of the descriptor proposed in thjgep is that
in orientation (to achieve scale invariance andatiobal a number of convolutions with a set of folding lemis

invariance respectively). An automatic scale saactis erformed on the support region. The kernels consibasic

B e e esson, (o Ubometnc. suctures namely scges, rdges. cortos,
9 " and saddles. As all these kernels have a dedicagdeaing in

computer vision, we call them theref@emantic kernelsAs

On the other hand, an even further speed up cachieved



the filter responses are binarized, we call thenoa$emantic
kernelsbinarized or SKB.

Most of the kernels are computed for different iot@gions. In
total, 16 kernels are evaluated at 16 positionsiratothe
interest point resulting in 256 kernel responses.

The filter response to the kernels is now binarizéde

describe three different binarization strategiesthe easiest
way, we need only 1 bit per filter response, in aren
complex scenario we use 2 bits per filter respoDgpending
on the method chosen, all responses above a cértashold
t are set to 1, all others are set to 0, while thvaber of bits
set to 1 can be normalized. This can be performed

choosing the thresholdsuch that a predefined number of bits

are above the threshold.

The descriptor has consequently a dimension of @82
when using 2 bits per filter response), but a sizenly 32
(64) bytes. As comparison, SIFT uses 128 floatimgntp
numbers, resulting in a descriptor size of 4x1ZB8.2 bytes.

The matching process can now be performed veryiefily.

Indeed only a binanAND operation needs to be performed in

order to calculate the scalar product between temtufe
vectors. Subsequently the population count of ftedet to 1
is evaluated. Modern CPUs support the SSE4.2 irigiruset
[17]. This contains dedicated functions to evaludbe
number of bits set of a 64 bit number, i.e. the yafion
count. Only 4 (8) SSE executions are required auate the
scalar product of two possibly matching interesintso The

2.1 Filter Response Evaluation

The kernel is particularly efficient to evaluate.hifé [13]
showed that a Difference of Gaussians can be ueed t
approximate the Laplacian of Gaussian, SUSure’scga is
based on an even further going simplification. Fégli shows
the kernel used for the convolution. The innernsogtare has
positive weights, surrounded by a square with negat
weights. The black and the white region have thmesa
surface. The outer region (grey) does not need ¢o b
considered any more. The weights have been setto z

b

matching operation only needs to calculate the Himgm Figure 1: Kernel used for searching extremal valuetthe

distance which can be evaluated very efficientlynoodern
CPUs.

The main contribution of this paper is the SKB diggor
which is described in section 3. However, to dertrawes its
capability for real-time applications in a stereatahing
environment, we briefly describe the complete pssio®y
chain which includes a fast interest point deted&scribed in
section 2. Section 4 describes different matchiraegegies. In
section 5 results are presented, i.e. comparisatis other
descriptors and a proof of concept of the real-taapability
of the feature descriptor in combination with at fagerest
point detector in a stereo matching environment.

2 Interest Point Detector

In this section, we briefly describe the interesinp detector
used in our real-time implementation. The interpsint
detector is a variant of SUSuUrE which has beengweg in
[23].

We use a blob detector to detect interest points@te space.
Blobs are regions whose grayscale value near theercen
higher (or lower) than the surrounding pixels. Ttalacian
of Gaussian function, or similar functions such the
Mexican hat function can be used to detect blabshé case
of SUSUrE, a binarized kernel is used to detecteend!
values of the Laplacian of Gaussian function. Tlegector
uses only a single filter operation performed onirgrgral
image in the box filter variant of SUSurE.

Laplacian of Gaussian in scale space.

An integral image is a very efficient way to evakibox filter

responses [15]. Consequently an integral image |leded

as a first pre-processing step. Using integral esagne can
easily evaluate the sum of (rectangular) imageoregiby

simple pixel fetch.

In our case, we need to evaluate only two lobesrder to
evaluate the filter response. We evaluate onlynglsidigital
filter. For each lobe, the four corners need tebaluated. In
total, only eight pixel fetches are needed to eat&luthe
complete filter response.

The filter response of our blob filter is:
r=(e+g+d+b)—(a+c+f+h). (1)

Please note that the convolution operation is eorish time
over all scales.

2.2 Building the Scale Space Pyramid

The filter responses are stored in a filter respomgramid.
The pyramid consists aof octaves. Each octave consistsrof
intervals, i.e.m different scales exist per octave. Within the
first octave, all pixels in the integral image axaluated. For
the subsequent octave, a 1:2 subsampling andy-direction

is applied, in the next octave a 1:4 subsampling €his
saves processing time and memory usage for ther filt
response images. Within an octave, the samplingairesn
constant for all intervals.



2.3 Search for Local Extrema

3 The SKB-Descriptor

After the filter responses have been evaluated,se@eches The major contribution of this paper is a new rdbus

for local extrema in the filter response imaged. piels in
the convoluted images above a thresh@ce examined.

A neighborhood of 26 surrounding pixels is evaluate®
neighbors in the current scale, and 2x9 neighborsthe
adjacent scales.

Figure 2 illustrates this process.
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Figure 2: Non-maximum suppression and local searabr f
extremal values.

The search for local extrema can be efficiently lempented
as proposed in [16].

2.4 Interest Point Localization

The local maxima which are above a thresholgre now
candidates for interest points. In the higher ossavthe
sampling of the filter responses is coarser thathelower
octaves, with respect to the integral image. Timeegfan
additional sampling will be performed in our reiahé¢
implementation for the filter response around cdat# pixels
in higher octaves.

We will now need to interpolate the subpixel looatiof
the interest point in scale and position. The baschanism
is to build a Taylor polynomial of second degre2][1

The interest point candidates are not numerica#ible if
they do not correspond to a well defined blob, toua ridge-
like structure. If the subpixel interpolation pdmit has a
distance of more than % pixel from the originakgdr pixel
position, the interest point candidate is discarded

An explicit edge rejection (as performed within tb®G
search used by SIFT [1]) is not performed here, ibean
easily be introduced if required. However, our eiqrece is
that it is not necessary.

After the subpixel interpolation, the interest gdias now a
scale and position, which can later be used byddseriptor
to define a suitable support region. Please nateviie do not
describe a rotational invariant detector here. Kbetess,
one can easily add support for rotational invarmarzy

extracting the main gradient direction and “turhé tinterest
point (and later the support region) such that divection

points northwards. However, for many applicationshsas
stereo matching with nearly rectified cameras, tional

invariance is not necessary.

descriptor. The basic idea is to perform a setasivolution
operations on the support region of the interesitptn total
16 different kernel responses are evaluated onadsitigns
within the support region. The 16 kernels represessic
geometric structures which correspond to cornedges,
ridges, blobs, and saddles. This explains the ngsgmantic
kernels

This results in 256 dimensions of the descriptamwklver, the
filter responses can be binarized. Consequentlypittethe
high descriptor dimension, only 256 bit, i.e. 32tdsy are
needed. This is particularly important, if an imjaot number
of interest point descriptors needs to be storetlamsmitted
over a network with limited bandwidth.

In addition, the matching can be performed verycitly,

as binary AND operations can be performed in order
evaluate the scalar product of two descriptorsailewill be

provided in section 4.

3.1 Defining the Support Region

A first step of the description process is to iptdate the
support region based on the subpixel position aatbf the
interest point. If required, one can achieve rotsl
invariance by “turning” the support region suchtttiree main
gradient direction points northwards.

We propose two variants of the descriptor:

* Type A: support region of 12x12 pixel and
overlapping kernel set evaluation regions, optimlize
for interest points with complex gradient structimre
the center of the support region (e.g. corner
detectors)

» Type B: support region of 16x16 pixel with
equidistant and non-overlapping kernel set
evaluation regions, optimized for interest pointgw
uniform gradient structure, or (as for blob detesfo
for interest points where most of the gradientsiocc
at the border of the support region.

Type A: Overlapping Kernel Set Evaluation Regions

We will now describe the process of interest pdedcription
in detail. Let us assume, that an interest poirg haen
detected and a normalized support region of 12xik2lp
around the interest point has been computed.



® Kernel set evaluation

H’F#
$Herotee
4 1e

L 4 ‘ L 4

@ Interest Point position

Figure 3: All kernels are evaluateiat the positions arounc
the red circles. The blue circle indicesthe position of
the interest point. Please note that the kernels/ba siz¢
of 4x4 pixels, and that their respective eluation
regions overlay

Around each of the red dots Figure 3, a number of 1i
kernels will be evaluated. An example is showrFigure 4.
All 16 kernels are showin Figure7 to Figure10.

Figure 4: Exampleof a ccrner-like kernel of size 4x:

Apparently, the regions of evaluation overlap as kiernels
have a size of 4x4 and some evaluation points ale tavo
pixels apart. Some pixels contribute to one, two three
evaluation pointsFigure5 illustrates this behavioThe inner
region will be eveuated three times, the outer pixel o
once. This approximates Gaussian giving more statistic
weight to the center gels.

I:I Pixel evaluated 1x

I:I Pixel evaluated 2x

- Pixel evaluated 3x

Figure 5: Overlap of the kernel set aluation regions. The
inner region will be ealuated three times, the outt
pixels only once. Thisapproximate a Gaussian giving
more statistical weight to the center pix.

This tyre of description is suitable when the most impadr
gradients are near the interest point. This isct#se for regiol

detectors or interest point detectors which seéocltorners
saddles, et

Type B: Uniform Kernel Set Evaluation Region:

In the cas of blob detectors, e should use a support regi
of 16x16 pixel. The sampling is now uniform and -
overlapping.Figure 6 illustrates this type of support regic
All 16 kernels are evaluated at the red dot pasitiorhe
kernels have a size of 4x4, thus, the evaluateidmsglo no
overlap. Intotal, 256 filter responses are calcula
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Figure 6: Support region suitable for blob deteus.
Equidistant and non overlapping regics for kernel set
evaluatior.

Blobs do not have a complex gradient structure etcémter

The important gradients lie at the border of thepsut

region. This type of support region is more suialwhen the

destriptor is combined with a bl«-base interest point (o

region) detector. Just like in tlitype # version, 16 kernels a

evaluated at 16 positions resulting in 256 filEesponse

3.2The Kernels

The support regions are convoluted using 16 diffekeinels.
All kernels represent a named geometric structuséfying
the terminology oisemantic kernel. Many kernels exist fc
different orientations. For instance, four mainedtions are
evaluatecamon¢ the edg-like kernels

All kernels are illustrated iFigure7 to Figure1C.

Figure 7: Edge-like kernels. Fourdifferent main directions

are evaluate.

Figure 8: Corner-like kernels



Figure 9: Ridge-like kernels

Figure 1C: Blob-like and saddle-like kernels

3.3Filter response Binarization

The filter responses resulting from the convoluteith the
semantic kernels can be binarized. There are treesons tc
performthis task.

Variant A: 256 bits

In the easiest way only the signum of the filresponse i
uset. In that case, the descriptor has a dimensiorb6fiits.
It is not normalized, i.e. the number of bits whate set ca
differ from descriptor to descriptor. Matching chater be
performed by evaluating ttHamming distance between t
descriptors

Variant B and C: 512 bits

Variant B and C use 2 bits per filter respor to describe i
tri-state situatio. Threecasesare distinguished: positiv
answe of high amplitude positive or negative answ of low
amplitud¢, andnegative answer of high amplitude. 1
resulting bit pailb depends on the filter resporr and the
thresholct:

01: r>t
b=! 00 -t<r<t (2
10: r< —t

In variant B, the threshold is fixed. This makes th
computation faster, but so impairs the robustnesagains
contras changes. The descriptor is not normalized.
matching needs to evaluate Hamming distanc

In variant C, the thresholt is seltnormalized. The aim is i
normalize the number of bits set. We define a lengthu to
normalize the descriptor. The thresht is now chosen suc
that foreact descriptor, exactl'u bits are set. Later matchil
can then be performed by evaluating the scalaryut

As we have 512 bits, representing -state, the unit leng u
is calculated as followir:

u= 2 =171. 3)

4 Matching

4.1Matching Norm

One of the main advantages of the proposed desciipthe
fast matching ability. The descriptors are binagmbers,
Consequently the scalar product which is needer a
correlation matrix can be computed very efficiersgwell as
theHamming distance between two descrip

Scalar Product

To evaluate the scalar prodts, a binary AND is performes
between the feature vect a and b. Subsequently, tr
number olbits set is evaluated, namely the population ci

s = pop_count(a A b). (4)
The scalar product cabe computedif the lengthof the
feature vectois normalized as it is the case for binariza
variant C

Hamming Distance

The Hammincdistanc h between thdeaturevectorsa andb
is calculated using tl binary XOR and subsequent evaluati
of the population cour

h = pop_count(a Vv b). (5)

The Hamming distance can computed when the length
the feature vectois not normalzec as it is the case fi
binarization variant A and E

Modern CPUs support SSE4.2 [17] which has dedic
instruction: to calculate thepopulation cour. The CPLU
instructior pop_cnt6: evaluatesthe population count of a 6
bit number. Only eighiexecution of this instructior are
needed for the 512 dimensional feature vector &maiC) anc
only 4 execution are needed for a 256 dimensional fea
vector (variants A and E

4.2 Additional Matching Constraints

The best matching feature vector (var B anc C: lowest
Hamming Distance, variant A: highest scalar progusi
compared to the second best. To achieve betterhing
results,we demand that scalar product of the best matcs
times higher than the second best match. If the rhigugn
distanceis evaluated, we demand that the lowest distis s
times lower than the second lowest diste

5 Results and Conclusio

We have conducted a set of comparison tests. Irstaste}
we've compared the three variants of the SKB descr
using theevaluation framework and dataset used ii*.

! The data set is available at http://www.robots.oxile@~vggresearch/affin(



Subsequently, we compared the fastest SKB variattit tive
BRIEF-256 descriptor [18] to compare the recall matd the
processing time of the description process.

In a last test we evaluated the runtime of a stemaetching
application and its detection quality in a
environment.

SKB vs. GLOH, SIFT and Cross Correlation

In a first test we compared the three variantshef EKB
descriptor with GLOH, SIFT, and Cross Correlatiomgshe
test framework provided in [4].

As region detector we chose the Hessian-Laplacectist
which is part of the region detectors provided fire test
framework. We chose four images from the data $éttwdo

not require rotational invariance as we intendeduse the
descriptor for matching feature points in nearlytifeed

stereo images. Figures 11 to 14 show the resultshisf
performance evaluation. For all test images, imbabas been

illumination change, Jpeg compression) increas#smeach
set. Consequently, the recall rate for the comparisiween
image 1 and 2 is higher than the comparison betweage 1
and 6. The result is illustrated in figure 16. Aseccan see,

realgimthe recall rate is higher for SKB in all cases.

We compared the runtime of SKB-A, SIFT, SURF, and
BRIEF-256 descriptors when describing 8372 featuiatpo
For SIFT, SURF and BRIEF the OpenCV 2.2 implementation
was used using a single CPU at 3.33 GHz. The majchin
process was not compared, as it is identical betvigRIEF-
256 and SKB-A.

Descriptor Runtime in ms

SIFT 2959
SURF 457
BRIEF-256 42
SKB-A (incl. Integral Image) 24
SKB-A 17

matched with the respective image 6, which showe th

strongest artifacts, i.e. Blur for thHgikesand Treesimages,
Jpeg compression for th&lBC image, and illumination
change for théeuvenimage.

Table 1: Runtime of different descriptors. 8375 faat
points needed to be described. SKB-A performs the
fastest even when the calculation of the integradage is

The descriptor shows a very high precision when the included. Without counting the time for the integra

threshold is chosen to reproduce a recall raterak@0% of
the maximum recall rate. For applications such t&ses
matching and calibration purposes, it is importanbave a
low outlier rate while a reasonable number of fempoints is
sufficient for this task. In other words, our aim mot to
maximize the recall for high 1-precision values,t ko

maximize the precision at a given recall rate. diartests, we
chose 50% of the maximum recall rate as targetevalu

One can observe that the three variants A, B, argh@v
strong results at low thresholds for the nearesghi®ur

matching. In that scenario, the precision is higmpared to

image, it runs around 2.5 times faster than BRIEF-256.
Table 1 shows the result of the runtime compari€iB-A
performs the fastest with 24 ms for 8372 featuréntgp
including the time required for the computatiortiué integral
image. If the integral image is already availaldday( already
computed by the interest point detector) SKB-A meedly
17 ms.

Real-Time Stereo Matching

In a third test, we used the SKB descriptor for al-tiene
stereo matching application. The video resolutiomsw

other descriptorsBikes, UBC, Tregs However, in the test 960x540 pixels, the frame-rate was 25 Hz, i.e. 4)were

image Leuven which tests for strong illumination changesavailable for the complete detection,

other descriptors show a better performance.

SKB vs. BRIEF

descripticemd
matching process.

A single screenshot is shown in Figure 15. The ¥idleo
sequence is available as supplementary data. ArGo0@

We compared the fastest SKB variant (SKB-A) witle thinterest points were described per frame and camesalting
OpenCV 2.2 implementation of BRIEF-256 as described iim 600 consistent matches in average. The matchiag
[18]. Both descriptors use 256 Bit and can be matcisaty a performed using a left-right consistency check (m@tching
Hamming distance matcher. We performed a test wthere twice). Afterwards, a RANSAC algorithm was used to
recall rate was calculated for both descriptorsigismages estimate the fundamental matrix and to subsequently
provided in [4]. For different image pairs, the SUB#tector eliminate outliers according to [3]. Table 1 shoths time

[2] was used to detect interest points for thet firsage. consumption of the real-time matching applicationning on
Subsequently, this interest point was transferrsthgu a an Intel Xeon X5680 CPU at 3.33 GHz. The CPU hasrésco
ground truth homography into the second image. Thilus 6 cores via hyper threading. The matching was

approach is also performed in [18]. The homograplsied
images are part of the test framework providedi]n [

In the next step, the interest points were desdribsing
SKB-A and BRIEF-256. In a last step, the feature {soivere
matched using a nearest neighbor matcher. Duestgritund
truth homography, one can examine the rate of cbaad
false matches.

For each image set, image 1 is subsequently matataidst
the images 2, 3, 4, 5, and 6. The image degraddkitum,

performed using all CPUs, while the interest poietedtion
and description was performed on 2 cores (one perer).
The interest point description was performed omegecond
pixel, but the full resolution was used for the gdiposition
interpolation.



Processing Step Runtime in ms [8] J. Matas, O. Chum, M. Urban, and T. Pajdla, Rbbuide
Integral Image 2 baseline stereo from maximally stable extremal aegi In
Binarized LoG 12 BMVC,p. 384-393, 2002.

SKB Descriptors 3 [9] T. Tuytelaars and L. Van Gool, Matching widesgparated
Matching 12 views based on affine invariant regions 1J&V, 59(1):61-85,
RANSAC 8 2004.

Total 37 [10] T. Kadir, A. Zisserman, and M. Brady, An affinevariant

salient region detector. BCCV,p. 404-416, 2004.
Table 2: Runtime of the different image processingss. At

25 Hz, an image pair needs to be processed withim&0 [11] C. Harris and M. _Stephens. A com_bi_ned corned amlge
Table 2 shows that the real-time requirement waswitain detector. InProceedings of the Alvey Vision Conferengages
the stereo matching application. The descripticocess and 147-151, 1988.
the matching needed 12 ms each. The descriptiold dmi [12] M. Brown and D. Lowe. Invariant features fronterest point
speeded up when using more than 2 CPUs for the ggoce groups. IRBMVC, 2002.

How'eve.r, even in this configuration, the stereo iy [13] D. Lowe. Object recognition from local scatesariant features.
application ran fast enough for 25 fps. InICCV. 1999.

Conclusion [14] Y. Ke and R. Sukthankar. PCA-SIFT: A more distive

. . representation for local image descriptorsCMPR (2), pages
We have proposed a new feature descriptor whichvetio 50%_513 2004. g P (2). pag

strong results at low outlier rates. Its suitapilibt terms of _ _ _ o
robustness and speed were demonstrated in a cempavith [15] P.A. Viola and M.J. Jones. Rapid object detgttusing a
the BRIEF descriptor as well as the SIFT and GLOH boosted cascade of simple featuresCMPR (1), pages 511 -
descriptor. Moreover the SKB was successfully usihinva 518, 2001.

real-time stereo matching environment, underlying i16]A. Neubeck and L. Van Gool. Efficient non-maxim
suitability for real-time image processing applicas. suppression. IICPR, 2006.

[17] Intel Corporation, Intel SSE4 Programming Refes
Reference Number: D91561-001, April 2007.
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Figure 11: Bikes (Blur). The three variants SKB-A, SKB-Bnd SKB-C have a similar performance. They show a

particularly good performance at low thresholds coarpd to SIFT, GLOH, and Cross Correlation. At a recalite of
46% which is half of the maximum recall rate, SKB-Bah the highest precision, i.e. the fewest outliers.
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Figure 12: Trees (Blur). The three variants SKB-A, SKB-Bnd SKB-C have a similar performance. They show a

particularly good performance at low thresholds coarpd to SIFT, GLOH, and Cross Correlation. At a recalite of
21% which is half of the maximum recall rate, SKB-Gak the highest precision, i.e. the fewest outliers.
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Figure 13: UBC (Jpeg compression artifacts). The threariants SKB-A, SKB-B, and SKB-C have a similar penfeance.
They show a particularly good performance at low tehelds compared to SIFT, GLOH, and Cross Correlatigkt.a
recall rate of 46% which is half of the maximum reltaate, SKB-A has the highest precision, i.e. theafest outliers.
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Figure 14: Leuven (lllumination change). The threeaviants SKB-A, SKB-B, and SKB-C have a similar perfoamce.
They perform better than Cross Correlation, but woitken SIFT and GLOH. At a recall rate of 43% which Izalf of

the maximum recall rate, SIFT has the highest preiois, i.e. the fewest outliers. GLOH and SKB-C havetsame
precision at that recall rate.



Figure 15: Screenshot of the rertime stereo matching application. One can see ttis scene contains objects in differe
distances to the stereo camera. The matched feapaiats are coloured according to thehorizental disparity, brown

for near objects, blue for far objects in blue. Apgantly, no outliers are visile. The full sequence is avable as
supplementary dat The original resolution used for the matching wa$@54C pixel.
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Figure 16: The SKE-A descriptor is compared the BRIEF-256 descriptor using four imag series Each of theimage
series consiss of 6 images, resulting in 5 pairs, i.e. image Inmatched against the images 2 to 6. S-A shaws a higher

recall rate for all images



