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Abstract

In this paper we assess the performance of corner feature deteding dgorithms for feature tracking appi cations.
We andyze four different types of corner extractors, which have been widely used for a variety of apgications.
They are the Kitchen-Rosenfeld, the Harris, the Kanade-Lucas-Tomasi, and the Smith corner detecors. We use
corner stahility and corner localization properties as measures to evaluate the quality of the features extracted
by the 4 detedors. For effedive assessment of the corner detedors, we employed image sequences with no
motion (simply static image sequences), so that the appearance and disappearance of corners in each frame is
purely due to image plane noise and ill umination conditions. Swch a setup is ideal to analyze the stahility and
locali zation properties of the rners. The @rners extracted from the initi al frame are then matched through the
seguence using a corner matching strategy. We employed 2 different types of matchers, namely the GVM
(Gradient Vedor Matcher) andthe Product Moment Coefficient Matcher (PMCM). Each of the mrner detedors
was tested with each of the matching dgorithms to evaluate their performance in tracking (matching) the
features. The experimentswere crried ou on avariety of image sequences.

Key words: Point feaures, Corner detedor, Point feaure trading, Feaure extradion, Corner matching.

1 Introduction

Low-level descriptors may be broadly classified into three main types. region-based, edge-based and pant-
based [21]. Regions (or “blobs’) [27, 21, 22] normally correspond to smocth surface patches. Tradking such
regions is not always easy, since minor differences between frames (due to image noise or image motion) can
lead to very different segmentation in conseautive image frames [21]. Despite recent progress (for example:
Meyer and Bouthemy [16] tracked convex-hull approximations to region boundaries, Etoh and Shirai [10] used
advanced statistical region descriptors), further theoreticd and empiricad work is needed before reliable region
tradking becomes feasible.

Edges are loci of one-dimensional spatial change [21], located where the change in intensity is sgnificant in
one diredion. They are generally deteaed by finding either maxima in the first image derivative [5], or zero-

crossngs in the Lapladan of the Gaussian of theimage [11]. Their usefulness in motion algorithmsis limited by
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the “aperture problem”, which arises from a locdly linear expansion of the spatio-temporal image intensity
function; without assumptions about the nature of the flow, only the component of flow perpendicular to the
edge dement can be found [8]. Unfortunately, these assumptions invariably leal to inacaradesin the estimated
flow, particularly at motion baundaries [21]. The use of higher order derivatives is unsatisfactory since
differentiation acentuates noise. Moreover, until the alvent of snakes [14, 2, 4], arbitrarily curving edges were
difficult to describe and tradk, and simultaneous tracking of multiple open edge contours with automatic snake
initializaion still largely remains an open problem [21, 2]. An additional problem with tradking edges through
image sequences is that edge segments tend to split and merge, which complicaes the tradking process
considerably.

Point features are distinctive image points corresponding to oljedive 3D scene dements that are in most
instances accurately locatable and reaur in successive images, which makes them explicitly trackable over time.
The term “corners’ is used to refer to point fedures that are loci of two-dimensional intensity change, i.e.
semndorder features. This includes paoints of ocdusion (e.g. T, Y and X junctions), structural discontinuities
(e.g. L junctions) and various curvature maxima (e.g. texture fledks or surfacemarkings). Corners impose more
constraint on the motion parameters than edges, therefore the full optic flow field is recoverable & corner
locaions [21]. Corners are also often more aundant than straight edges in the natural world making them ided
feaures to track in an indoor and outdoar environment. To find further details on various corner detedors, the
reader isreferred to [17, 21].

Degspite the large amount of material reported in the literature in the aeaof low level feaure tradking, very
littte has been published in terms of a performance analysis for many of these algorithms. Our primary
contribution in this paper is to evaluate the suitability of corners extraded by 4 dfferent corner detedors for
point tradking purposes. For point (corner) feaure tradkingit is essential that corners extracted in ead frame be
well locdized and temporaly stable throughout the image sequence To test these corner properties it is
preferred to use static image sequences where objed (or camera) motion will not be a @ncern. Usingindoa and
outdoar static image sequences with varied levels of illumination, we assssthe quality of corners extraded by
the Kanade-Lucas-Tomas (KLT) [2€], the Harris [13], the Kitchen-Rosenfeld [15] and the Smith [25] corner
detedorsin the presence of varied noise.

A dired comparison of the performance of corner detedors is difficult because establishing ground truth for
‘corner points' is non-trivial, particularly for complex scenes (as gudied in this paper). Even for human eyes
dedaring the best N corners from a complex scene is very difficult and the choice of seledion can vary from
person to person. Therefore, for ead corner detedor considered in this paper, we provide the dlowance of
seleding ‘their best N corners'. The quality of corners extraded by each detedor is then assessed against the
locdizaion and stabili ty properties (discussed later). The assgnent based on these 2 measures will reved the
number of cornersthat are most resili ent to image plane noise.

This paper is organized as follows. Sedion 2 briefly describes the four corner detedors that we analyze
Sedion 3 provides the performance measures that we employ for our analysis. Sedion 4 gives the inter-frame
corner matching strategies employed. Section 5 derives the tests that are gplied for empiricd evaluation of the
corner detedors. Sedion 6 gives the results, and sedion 7 provides a discussion on the evaluation outcome.

Finally section 8 givesthe anclusion.



2 Corner (Point) Featuresas Tracking Tokens

A number of agorithms for corner detedion have been reported in recent yeas[7, 9, 10, 13, 15, 17, 19, 20, 21,
22, 23, 25, 26]. They can be divided into two groups. Algorithms in the first group involve extrading edges and
then finding the points having maxima curvature or searching for points where alge segments intersed. The
seoond, and largest group, consists of algorithms that seach for corners diredly from the grey-level image. In
this paper we focus on the second group df feaure detedors.

We dedded to assss the performance of the Kitchen-Rosenfeld [15], the Harris [12, 13], the KLT [26] and
the Smith [25] corner detedors when applied on red data. The choice of these 4 corner detedors was made
becaise, the Kitchen-Rosenfeld method uses sscond and first order derivatives in cdculating the crnerness
value, while Harris method wses only first order derivatives. The Smith method wses a geometricd criteria in
cdculating the mrnerness value (no derivations are required), while KLT detedor uses information from an
inter-frame point displacement technique to dedare wrners. Therefore an assesament in terms of the locdi zaion
and stabil ity properties for these 4 corner detedion methods seemed useful when they are gplied to avariety of

image sequences. The foll owing sub-sedions briefly describe the arner detedors employed.

2.1 TheKitchen-Rosenfeld Corner Detector

Kitchen-Rosenfeld algorithm [15] is one of the ealiest corner detedors reported in the literature, hence it has
been used as a bench mark for future reseachers developing corner detedion algorithms. This agorithm
cdculates the ‘cornerness value C as the produce of the locd gradient magnitude and the rate of change of

gradient diredion. The quantity C is given by,
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where | isthe grey-level value, and I, isthe second derivative of I, etc. Points in an image ae dedared corners
if the ‘cornerness value' meets sme threshold requirement (ie. the lower the value of C, better the corner).
Many well-known corner extradors use this threshold (eg:[9, 19]). The primary reason for considering this
detedor isto use it as a ©bench mark®© to evaluate the performances of théarris, the KLT, and the Smith corner
detedors.

2.2 TheHarrisCorner Detector

This agorithm, known as the Harris corner detecor [13] is based on an urderlying assumption that corners are
asciated with maxima of the locd autocorrelation function. It isless sensitive to noise in the image than most
other algorithms, because the computations are based entirely on first derivatives. The dgorithm has proved
popular due to its high reliability in finding L junctions and its good tempora stability [20], making it an
atradive mrner detedor for tradking. It should be noted that becaise these dgorithms rely on spatia

derivatives, image smoothing is often required to improve their performance. While improving the detedion



reliability, it has been shown that smoothing may result in poar locdization acairacy [18]. The Harris corner
detedor was used successfully to deted feaures for the DROID 3D vision projed [12, 13].

The Harris corner detedor also computes a cornerness value, C, for ead pixel in an image. A pixel is
dedared a corner if the value of C isbelow a cetain threshold. Where Cis cdculated as foll ows:

Calculate the intensity x-gradient, |, and the intensity y-gradients, | y using 3x3 convolution masks.

2 12
Calculatelx,ly,lxly.

Using a Gaussian smoothing kernel of standard deviation s, cdculate the sampled means

<|? >,<|§ >,and<l | >. SeeFig. 1

Calculate the mrnerness value of a pixel, C as follows:

<I§>+<I§>

)
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A good corner is defined as having a small value of C; the best corner thus having the lowest value of C. The
number of surrounding pixels required to cdculate C is determined by the size of the Gaussan smocthing

kernel. A 3x3 pixel smocothing kernel gives a 5x5 pixel computation areg a 5x5 pixel smoothing kernel gives a
7X7 pixel computation areg etc. (Figure 1).

Computation area
P (pixels used)

. P Corner pixd

Figure 1: Pixd area used when calculating the Harris cornernessC, assuming aGaussan smoothing kernel of

3x3 pixds.

2.3 The Smith (SUSAN) Corner Detector

Smith [25] developed a very simple @rner detedor that uses no spatial derivatives at al. The Smith corner
detedtor does not require aty smocthing and so there is no degradation in locdization acaracy due to

smocthing. This detedor has been implemented as part of a scene segmentation algorithm ASSET (A Scene
Segmenter Establishing Tradking) [24].
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Figure 2: Four Smith corner finding masks at different positionsin animage.

The Smith corner detedor [25] is different from the other detedorsin nature. Each pixel inan imageis used as
the center of a small circular mask. The greyscde values of al the pixels within this circular mask are
compared with that of the center pixel (the nucleus). All pixels with similar brightnessto that of the nucleus are

assumed to be part of the same structure in the image.

Figure 2 shows the masks with pixels of similar brightness to the nucleus coloured badk, and pixels with
different brightness coloured white. Smith cdls the bladk image aea the Univalue Segment Asgmilating
Nucleus (USAN). He agues that the USAN corresponding to a corner (case (a) in Figure 3) has an USAN area
of lessthan helf the total mask area It is clea from Figure 3 that alocd minimum in USAN areawill find the
exad point of the corner.

Approximation to the
circular mask

. »  Nucleus

Figure 3: The Smith USAN (SUSAN) corner finding mask.

In pradice, the drcular mask is approximated using a5 x 5 pixel square with 3 pixels added on to the center of
ead edge (Figure 3). Theintensity of the nucleusis then compared with the intensity of every other pixel within

the mask using the foll owing comparison function:
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where r,, is the position of the nucleus, r is the pasition of any other point within the mask, 1(r) is the brightness
of any pixel, and t is the so-call ed brightnessdifference threshold. Eq. (3) is chosen to all ow a pixel’s brightness
to vary dightly without having too large an effect on ¢, even if it is nea the threshold position. The sixth power
is used to olktain the theoreticd optimum, see[25] for details. This comparison is done for eat pixel in the

circular mask, and a running total, n, of the outputs, c, is made:
_ o]
n=q c(r,r,) 4)
r

The total nis 100 times the USAN’s area(the fador of 100 coming from Equation 3). The USAN arean is then
thresholded to extrad the corners. A pixel is dedared a corner if its USAN areg n, is less than haf the
maximum possible USAN area (The maximum USAN areais given by the areaof the circular mask times 100,
which is 3700. The geometric threshald, g, therefore sits at 1850 [(25+12)*100'2]. Smith points out that the
value of g aff ects the shape of the crners deteded, and that reducing the value of g results in only the sharpest
corners being deteded [25]. The brightness difference threshold t, affeds the quantity of corners deteded by
determining the dl owed variation in brightness within the USAN.

Finally, an intermediate image is creaed from the value n cdculated for eat pixel in the image. If nis
greder than the geometric threshold, g, then a zeo is placed in the intermediate image, otherwise the value (g-
n(x,y)) is used. The intermediate image is then seached over a square 5 pixel by 5 pixel region for locd
maxima, and it isthese locd maxima pixelsthat are dedared corners.

2.4 TheKanade-Lucas-Tomasi (KLT) Corner Detector

The KLT corner detedor [26] operates by comparing a patch of image information in 2 conseautive frames of
an image sequence (developed for the KLT tradking algorithm [26, 23]). It assumes that images taken at nea
time instants are usually strongly related to each other, becaise they refer to the same scene taken from only

slightly different view points. This property can be explained by the foll owing equation:
[(X,y,t+t)=1(x- Dx,y- Dy,t)

where | is the image intensity function having 3 parameters (space ad time variables x, y & t). The inter-frame

displacement d = (Dx, Dy) s the displacement of point x = (X, y) between time instants t and (t+t). For the rest

of this ®dion, the notation x, y, t are dropped for convenience.

An important problem in finding the displacement d of a point from one frame to the next is that a single
pixel cannot be reliably tracked, unless it has a very distinct charader with resped to all of its neighbors. Thisis
becauise of image plane noise, clutter etc. Because of these problems, KLT does not track a single pixel, but

windows of pixels, and windows are looked for that contain sufficient texture. Using small window size is



considered important because only small amount of change would have been acmunted for within a small area
Any discrepancy between successve windows that cannot be explained by a translation is considered to be an
error, and the displacement vector is chosen to minimizethis residue eror. Thisis expressd for a given window
sizeWas:

e=cJl(x- d)- 3] wo

where J(x) = I(x - d) +n(x),» with noise n. Assuming the inter-frame displacement vedor is small, using Taylor
series (truncated to linear term) expansion, the following is possble: |(x- d)=1(x)- g.d- Now the residue
equation reduces to,

e=Qh- g.d)*wdx.
w

where h =1(x) - J(x). Differentiating the residue equation with resped to d and setting the result equal to zero
provides the foll owing eesily solvable expresgon:
Gd=e¢

where the 2x2 matrix g = (g wdA and the 2 dmensional vector g — ! - IgwdA With these expressions, d
w w

can be evaluated (see[26] for complete details). For a stable system, the 2x2 coefficient matrix G must be bath
above the image noise level and be well-conditioned. In turn, the noise requirement implies that both

eigenvalues of G must be large, while the conditioning requirement means that they cannot differ by severa

orders of magnitude. If the two eigenvalues of G are / 1and/ 5, then a oorner is accepted in a window if
min(/ ,,/ ,) > 1 , where | isa predefined threshold. The KLT corner detedor and tracker (the process of

corner detedion and trading are interrelated) complement ead other and have been reported to perform well
[26]. In our implementation of KLT, we independently extraded corners from ead frame, thus eliminating any
bias that might be introduced by the KLT tradcker.

3 Performance Measures for Assessing the Quality of Corners for
Tracking

A requirement for point feaure tracing is that, having foundcorners in one frame, the same crners sould be
found and matched in successve frames, thereby constructing a time history of corners and alowing their
motion to be analyzed. The avility to consistently find and match cornersin this way relies on the corners being

temporally stable and well 1 ocalized [18]:

Good temporal stability - corners $ould appea in every frame of a sequence (from the time they are first
detected), and should not flicker (turn on and off) between frames.

Accurate locali zation - the cdculated image-plane position of a @rner, given by the detedor, should be &

close to the actual position of the corner as posshble.



Apart from the éove two properties that are aucial for tracking features, a good corner detecor should also be
robust with resped to noise, and be dficient (computationally cheg to cadculate) to run in red-time (or nea
red-time).

The Kitchen-Rosenfeld, The KLT, the Harris and the Smith corner detedors have been used for trading
applicaions in the past and have been reported to have good corner detedion properties [17]. The Harris
detedor was originaly developed as part of the DROID 3D vision algorithm [12] and was designed to be
temporally stable. The Smith detedor was used in the ASSET series projeds [24]. ASSET used the 2D image-
plane flow of corners to segment a scene into independently moving objeds. The Kitchen-Rosenfeld detedor is
widely reported and has been used in many varied applicdions [19, 9, 6]. The Lucas-Kanade-Tomasi detedor
was employed for the KLT tradker [26] successfully. Cox et al have dso used a variant of this detedor for their
MHT tradker [6]. All four corner detedors were reported to perform well as part of their respedive motion
algorithms.

In this paper, we use the corner locdizaion and corner tempora stability properties to assess the quality of
corner detedors for tradking applicdions (it is worth noting here that the internal parameters of ead corner
detedor were ajusted to give the best possible result). A common ground to assess these @rner detedors was
esential. The best possble scenario was to use static image sequences. By definition, static scenes contain no
moving objeds and therefore no moving corners. If images could be catured with zero noise, al cornersin a
static scene would remain completely stationary in the image and would be seen in every frame. Unfortunately,
thisis not the case, and noise is aways present in an image. A static scene is therefore an ided way to asess the
performance of corner detedors, becaise the motion induced by the movements of the camera ae known to be
zero and any failures of the detedors are due entirely to image-plane (sensor) noise.

The experiments were caried out on a variety of image sequences. First, an indoar image sequence of atoy
dog is used with only artificia light interference Secondly, an outdoar sequence of a building is considered
(iluminated only with natural lighting). Then we mnsidered an indoar lab sequence with plenty of identifiable
corners (also contained dred light sources). Finally, we used a cmmputer image sequence with lots of light
refledions and curved oljeds. All four sequences (30 frames in length) were static (with no motion), so that the
appeaance ad disappeaance of corners in each frame was purely due to image plane noise and il lumination
conditions. Such a setup is ided to analyze the stability and locdizaion properties of the crners. Since the
analysis was based on an automated tracking process matching a crner in every frame required a suitable
corner matcher (we avoided manual matching to emulate atrue tradking scenario). In the following sedion we
discuss two corner matchers, and later in the paper we evauate their effectiveness (reliability) for corner

matching.
4 Matching Corners

The feaure tradking processis implemented by first extracting corner feaures from every frame of a static
image sequence using a @rner detedor, and then finding a match between every corner in the initial frame and
the subsequent frames. Therefore, it is important to employ a reliable feaure matching strategy to correlate

feaures between frame (no spedal trading agorithms were required for this experiment).



Feature motion prediction is never completely accurate due to image noise, poar motion prediction o
random motions of the amera. It is therefore very common to seach for a matched fedure in a Region o
Interest (ROI), around the predicted pasition of the feature in the image-plane [21]. The simplest method o
corner matching isto dedare the strongest corner within the ROI as being the same crner feaure & the onein
the previous frame using only corner paositional information (commonly known as the nearest neighbor block
matching technique). Although this is computationally very efficient, it is not very robust due to the presence of
noise, and more significantly due to the presence of other (stronger) corners that may enter the ROI. A more
reliable matching scheme is therefore required to prevent mismatches occurring. In the following sub-sedions
we discuss 2 matching schemes that have been successfully employed in many tracking applications. They are
the Gradient Vedor Matcher [12, 18] and the Product Moment Coefficient Matcher [21].

4.1 Gradient Vedor Matcher (GVM)

The GVM was developed as part of the DROID project [12]. The DROID agorithm generated a match
confidence by comparing the image-plane intensities and spatial gradients of the corner pixels to be matched.
All corners with a low value of C (i.e. strong corners) are mnsidered candidate arners for a match with the
current corner. The philosophy behind this matcher is that as much of the information as possble drealy

avail able via the feaure extraction processshould be used. Three image attributes are compared, these being

| (grey-level intensity), | (average grey-level x-gradient), and |'y (average grey-level y-gradient). I'X and |'y
are cdculated by taking the sguare roots of < | i >and <| i > at each pixel, and by averaging over a3 x 3

neighborhood

Grey level intensities tend to vary from frame to frame, and so diredly comparing | ,1, and | , of the

X
candidate corner’s pixelsis not very robust. Most cameras have an automatic iris which regulates the amount of
light falling on to the CCD, preventing it from becming flooded. The implicaion of thisis that bright objeds

in one part of an image will affed the grey-level values of objeds in other regions of the same image. A vedor

is constructed from the three @mponents, | , I'X and |'y and compared to the equivalent vedor of the current

corner (see Fig. 4). A match confidence value m(v,w) may then be cdculated by comparing the normalised
magnitude of the difference vedors between ead candidate corner vedor (w) and the aurrent corner’s vedor
(v). As shown by Equation (5).

V- w|

m(v, W) = ——— (5)
[vilwl]

Because linear changes in | result in linea changes in both 1, and I'y, this method is invariant to linea

changes in lighting conditions. The candidate mrner which has the minimum value of m(v,w), aslong as it is
below a predefined threshold, is then dedared the matched corner. This threshold therefore sets the qudity of
the match.
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v Candidate crner
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Figure 4: The Gradient Vedor Matcher (GVM) - match vedor

4.2 Product Moment Coefficient Matcher (PMCM)

Shapiro, et al. [21] used a template matching technique to find corner matches. The @nfidence measure used
was the product moment coefficient, given by Equation (6).

At-0p- D)
cor=— = - , -1£corf£l, (6)
\/é - D24 (p- P)?

i=1 i=1

Wheret; and p; are the intensity values of the template and patch respedively (the template is the aeaof
image aout the mrner to be matched, and the patch is the areaof image about the candidate corner pixel in the
subsequent image), t and P are their means. As with the gradient vedtor matcher, this measure is aso
invariant to lighting changes and therefore wmpares the structure of the patches, rather than their absolute
intensities. Only pasitive values of cor are ansidered since anegative value would imply an intensity inversion.

A perfed correlation is obtained when cor = 1. As with the GVM, athreshold is used to set the quality of the

matches. Only matches having a value of cor above this threshold are therefore mnsidered succesful matches.

5 TheLocalization and Stability Tests of Corners

The temporal stabili ty test/comparison was constructed so that a stable corner was defined as a @rner that had
been succesqully tracked throughout the image sequence from the first frame until the arrent frame. The
locdizaion acaracy test differed from the tempora stability test, in that corners that had been successfully
tradked for d frames (d = 3 in the experiments reported in this paper) up to and including the current one were
used to compare the positional acaracy of the arner detedors. The temporal stability (number of stable

corners) and the locdizaion accuracy (corner displacement-CD) measures were defined as foll ows:

1C



Thenumber of stable mrners:

s &
No. of stable wrners= Q Q a(i, t), )

t=1 i=1
where,

i 1lif thei-thcornerhasbeentrackedor tframes

a(i,t) = ,
(0 }Oothervvlse

where N equal s the total number of corners and F the total number of framesin the image sequence

The Corner Displacement-CD (pixels) is given by Eq. (8) for the t-th frame.

é_.{b(i,t) T - % (- DI+ () - it D1

CD, = 2 . ®
a b1
i=1
where.
b(it) = i1if thei - th cornerhasbeentrackedfor d framesandhasappearedn framest-1 and t

i .
1 0otherwise
The mean corner displacement — m variance of corner displacement - s, the percentage of stable wrners (g

successfully tracked, and the number of corner matches in a frame ae dso useful indicaors of the overall

performance of each of the arner detedors. These measures are defined as given below.

The Mean Corner Displacement (MCD):

.
CD) = 3 CD, €)
") g A
Thevarianceof corner displacement (8?):
s?(CD)=—1t (CD ncD) (10
(F- d)td

Note: The value d (taken to be 3 in this paper, but can be set to any value) appeas because we dedare atrack
valid only if it has been traded for more than d frames.

The percentage of stable cornersat thet-th frame:

a(?\Iumberof stable cornersin framet— 10C (11

§ Total no of cornersin framel g

11



The number of corner matches:
The number of corners found in each frame of a sequence that appeaed in the initial frame (not necessarily
stable crners). The mean matches - nfmat), is sSmply the average of matches acossthe image sequence, and s
(mat), isthe variance for the corner matches.

These overall performance measures are cdculated for ead corner detedor using both matching methods
(GVM and PMCM) for the test image sequences considered.

6 Results

1. Corner stability result: The crner stability result reveds the number of stable crners identified
throughout the sequence In other words, the mrners that appeaed in every frame of the sequence ae
considered stable crners. The result is given as a percentage of the total number of corners extraded in the
initial frame.

2. First frame orner matches result: This quantity indicates the number of corners found in the initial frame
that appeaed in the subsequent frames. These corners might not have appeaed in every frame (appeaed
and dsappeaed throughout the sequence), but might have made their appeaance in most number of
frames. The mean of this quantity will give the average number of corners that were matched throughout
the sequence The first frame rner matches along with corner stabili ty result gives agood indication of the
corner detedor’s gabili ty property.

3. Corner displacement result: The corner displacement result reveds the displacement of a rner in the n-
th frame from its position in the initial frame (assuming that the crner considered appeaed in the n-th
frame). If the corner considered dd not make an appeaance in any one of the subsequent frames, then a
value of CD = 3 pixels (displacal by 3 pixels) are assgned, indicaing poa locdizaion of that corner. The
mean corner displacement value will i ndicate the average displacement of a crner from its initial position.
An important asped to notice for this test is the assumption that the positions of the corners in the first
frame of a sequence ae mnsidered corred. Such an assumption may not be @rred from a theoreticd point
of view, but from a pradicd sense, it is accetable. Thisis becaise one would normally like to tradk objed
feaures from the initial frame that they view, therefore it makes sense to make the positions of the crners

in theinitial frame & the reference positions.

The following experiments are caried out using the above measures to assess the quality of corners extraded by
the 4 corner detedors.

Experiment 1 - General performance The é&ove properties (1-3) are measured for ead of the sequences
considered.

Experiment 2 - Performance under noise: Uncorrelated Gaussian noise is added to each frame of a sequence
at a spedfied level (experiments were caried out with noise variance ranging from 0 — 25). The 4 corner
detedors are gplied on the noisy sequence and the 3 corner properties are observed at ead noise level
considered.

The omplete results for al the experiments carried out are quantitatively and qualitatively displayed in Figures
5-14

12



Dog SequenceResults

" (©) Using Kitchen-Rosenfeld (d) Using LUSAN

Figure 5: The best 100 corners exracted from the indoa static dog sequence. (a) KLT corner detedor. (b)
Harris corner detedor. (c) Kitchen-Rosenfeld corner detedor. (d) SUSAN corner detedor.
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Figure 6: Corner detedor performancetest for the 'static dog sequence (the best 100 corners as sen by each
detedor are exracted from each frame). (a) Percentage stable arners (using GVM). (b) Corner displacement
(GVM). (c) Number of first-frame matches (GVM). (d) Percentage stable corners (using PMCM). (e) Corner
displacement (PMCM). (f) Number of first-frame matches (PMCM).
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Dog Sequence Results (with noise)

Dog

Stable corners (%)
N
[N) 3]
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(d) (e ®
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Figure 7: Performance of the corner detedors when apgied to the ‘static dog sequence at varied noise levds
(noise variance rangng from 0 — 25). (a) Percentage stable wrners (using GVM). (b) Corner displacement

(GVM). (c) Number of first-frame matches (GVM). (d) Percentage stable corners (using PMCM). (e) Corner
displacement (PMCM). (f) Number of first-frame matches (PMCM).

Building Sequence Results

(8) UsingKLT (b) Using Harris

(c) Using Kitchen-Rosenfeld (d) Using SUSAN

Figure 8: The best 150 corners extracted from the outdoar static building sequence. (a) Using KLT corner
detecor. (b) Using Harris corner detedor. (c) Using Kitchen-Rosenfeld corner detedor. (d) Using SUSAN
corner detedor.
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C) (b) (©
Using GVM (Thresh=0.009)

(d) (€ (f)
Using PMCM (Thresh = 0.7)

Figure 9: Performance-test for the ‘static building’ sequence (the best 150 corners as sen by each detector are
exracted from each frame). (a) Percentage stable corners (using GVM). (b) Corner displacement (GVM). (c)
Number of first-frame matches (GVM). (d) Percentage stable wrners (using PMCM). (e) Corner displacement
(PMCM). (f) Number of first-frame matches (PMCM).

Building Sequence Results (with noise)

(@ (b) (©)
Using GVM (Thresh=0.004)

(d) (e) ®
Using PMCM (Thresh = 0.8)

Figure 10: Performancefor the static building sequenceat varied ndse levds (noise \variancerangng from 0 —
25). (a) Percentage stable crners using GVM. (b) Corner displacement using the GVM. (c) Number of first
frame orner matches using GVM. (d) Percentage stable wrners using PMCM matcher. () Corner
displacement using the PMCM. (f) Number of first frame corner matches using PMCM.
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Lab SequenceResults

(a) UsingKLT (b) Using Harris

(c) Using Kitchen-Rosenfeld (b) Using SUSAN

Figure 11. The best 200 corners extracted from the static lab sequence (a) Using KLT corner detedor. (b)
Using Harris corner detedor. (c) Using Kitchen-Rosenfeld corner detecor. (d) Using SJSAN corner detedor.

(@ (b) (©)
Using GVM (Thresh=0.004)

(d) ® ®
Using PMCM (Thresh = 0.8)

Figure 12. Corner detedor performance-test for the 'static lab' sequence (the best 200 corners as ®en by each
detedor are exracted from each frame). (a) Percentage stable arners (using GVM). (b) Corner displacement
(GVM). (c) Number of first-frame matches (GVM). (d) Percentage stable corners (using PMCM). (e) Corner
displacement (PMCM). (f) Number of first-frame matches (PMCM).
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Computer Sequence Results

(a) UsingKLT (b) Using Harris

(c) Using Kitchen-Rosenfeld (d) Using SJSAN

Figure 13. The best 250 corners extracted from the static computer sequence. (a) Using KLT corner detedor.
(b) Using Harris corner detedor. (c) Using Kitchen-Rosenfeld corner detedor. (d) Using SJSAN corner

detedor.

(@ (b) (©)
Using GVM (Thresh=0.004)

(d) ® ®
Using PMCM (Thresh = 0.8)

Figure 14: Corner detedor performancetest for the 'static computer' sequence (the best 250 corners as e by
each detedor are exracted from each frame). (a) Percentage stable wrners (using GVM). (b) Corner
displacement (GVM). (c) Number of first-frame matches (GVM). (d) Percentage stable corners (using PMCM).
(e) Corner displacement (PMCM). (f) Number of first-frame matches (PMCM).
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7 Discussion

The following sub-sedions give detail results on the empiricd evaluations carried on the four image sequences

considered.
7.1 Test Resultsfor Indoor Dog Sequence

A 30 frame static dog sequence was considered. The 100 best corners as sen by each of the crner detedors
were extraded. Fig. (5) shows the qualitative results obtained by applying the 4 corner detectors with the 100

corners superimpased on the first frame.

7.1.1 General Performance

From the results reported in Fig. 6, it can be seen that the KLT detedor provided the largest number of stable
corners using the GVM matcher with a 0.009 threshold (93% stable crners) and usingthe PMCM matcher with
a 0.7 threshold (88% stable @rners). The number of first-frame corner matches also indicaes that KLT
provided the best result. About 97% of matches are reported using GVM matcher and about 95% matches are
reported employing the PMCM matcher. The mean corner displacement result indicaes that the KLT provided
about 0.3 pixel displacament using bath matchers. Both matchers were dso tested with more stringent threshold
values (0.0007for GVM and 0.9 for PMCM), which provided finer results, but the trend in performance for the
4 corner detedors were similar to that of Fig. 6. Simulations were dso performed by considering two different
patch sizes for the matchers (5x5 and 7x7), but no significant diff erences were observed.

The Harris corner detedor also provided equally good results. Fig. 6 indicates that 86% stable @rners are
deteded using GVM matcher (with 0.009 threshold) and about 87% stable arners are reported using the
PMCM matcher (with 0.7 threshold). The first-frame corner matches also shows that about 90% matches are
found using GVM and PMCM matchers for the same threshold values. The mean corner displacement result
suggest that the Harris detedor is as good as the KLT detedor in providing around 0.3 pixel displacement for
both matchers, which indicate good corner locali zaion property. Tests carried out using tighter threshold values
(GVM wit 0.0007 and PMCM with 0.9, not shown) reveds that Harris detector performed dightly better than
the KLT detedor. As before, the differencein patch sizes did not result in significant diff erence for each of the
tests carried out.

Kitchen-Rosenfeld detedor resulted with about 82% stable crners using GVM with a threshold of 0.009 and
about 84% using PMCM with a 0.7 threshold. The number of first-frame matches and mean corner displacement
are & good as for the Harris detedor (Fig. 6). Again with tighter thresholds, the performance results are refined
as one might exped.

The SUSAN detedor isthe least impressive of the 4 detedors. Only around 624 stable corners are reported
using GVM (with 0.009 threshold) and about 50% using PMCM matcher (with 0.7 threshold). The mean first
frame corner matches also indicate that on average only about 80% corners are matched throughout the
sequence using GVM, and about 75% using PMCM matcher. The mean corner displacement result shows that
about 1.2 pixel displacament is observed using GVM, and about 1.35 pxels using PMCM. This siggests poa

locdizaion of corners for the sequence mnsidered. Tighter matching constraints resulted in 0% stable corners
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deteded (for both matchers) and a poa mean corner displacement. A value of 3 pixelsis assigned (indicating

poar locdization property) for corner displacement if there was no valid match of a wrner isreported.
7.1.2 Performanceunder Noise

We observed the results of the 4 corner detedion agorithms on the same sequence, after adding Gaussian noise
to ead frame (apart from frame 1) at varied noise levels (with noise variance ranging from O - 25) prior to
applying the detedors. The quantitative results are reported in Fig. 7. As expeded the quality of result deaeeses
rapidly with added noise. The stable mrners using KLT dropped from 90% (at s2 = 0) to about 40% (at s2 = 25)
using GVM (at threshold 0.004), while Harris performance dropped from around 83% to 1%%, Kitchen-
Rosenfeld dropped from about 80% to 8%, and SUSAN dropped from 60% to 0 %. Added noise has more effed
using the PMCM matcher (0.8 threshold), because it uses an image patch correlation technique to match corners
in consecutive frames, thus the result can be somewhat inaccurate (SeeFig. 7). The number of first frame crner
matches also follows $milar trend as the stable mrners. The mean corner displacement also deteriorates rapidly
with noise. KLT provided arourd 0.3 pixelsat s® = 0, which increased to nealy 2 pixels at s? =25, while Harris
result jumped from around 0.3 pixel to 25 pixels for the same range of noise variation. Kitchen-Rosenfeld
detedor reported similar corner displacanent values to Harris method, while using SUSAN, the displacement
incressed from 1.2 pixelsto nealy 3 pixels. Similar trends are dso reported using the PMCM matcher (Fig. 7).
The overal experiments suggest that KLT and Harris corner detedors gill outperform the Kitchen-Rosenfeld
and SUSAN detedors under noise.

7.2 Test Resultsfor Outdoor Building Sequence

A 30 frame ‘static outdoar building’ sequence with only natural lighting was considered. The 150 hkest corners
as ®en by each of the crner detedors were extraded. Fig. 8 shows the qualitative results obtained by applying

the 4 corner detedors.
7.2.1 General Performance

From results reported in Fig. 9, it is clea, that in general the number of percentage stable corners tracked by all
4 detedors are lessthan for the dog sequence The KLT provided the best result using GVM matcher (with
0.009 threshold) with about 85% stable wrners, followed by Harris detedor with around 80%, Kitchen-
Rosenfeld with 55%, and SUSAN with only 50% stable @rners. Using PMCM matcher (with 0.7 threshold),
KLT and Harris provided around 70% stable arners, followed by Kitchen Rosenfeld (50%) and SUSAN (40%)
detedors. The arerage number of first frame crner matches using GVM is sgnificantly higher for KLT (with
around 140 corner matches), followed by Harris (with 130), then Kitchen-Rosenfeld and SUSAN with eat
around 117matches. Using PMCM matcher, the KLT and Harris provide aound equal number of match (130),
followed by Kitchen-Rosenfeld (110) and SUSAN (100) detedors. The crner displacanent test again reveds
that KLT provides the best locdizaion property with around 0.25 pxel displacement, which is followed by
Harris (0.4 pixels), Kitchen-Rosenfeld (1 pixel), and SUSAN (1.5 pixels) detedors. Corner displacement test
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using PMCM (with 0.7 threshold) reveded that, KLT and Harris provide aound 0.4 pixel displacement,
followed by Kitchen-Rosenfeld (0.8 pixel), and SUSAN (1.4 pixels) detedors.

7.2.2 Performanceunder Noise

All 4 corner detedors were employed to extrad corners from noisy frames of the building sequence (Gausdan
noise isadded at different variances ranging from 0 — 25). The results observed are given in Figure 10. KLT till
provided the best result for the most number of stable arnersusing GVM (at 0.004 threshald), providing around
20% stable mrners at noise variance s? = 25, whil e the other 3 detedors provided only around 5% at s = 25.
With PMCM (at 0.8 threshold), all four corner detectors resulted with 0% stable crners at s? = 25. This is
expeded, as outdoar sequences arealy have image plane noise, and by adding extra noise, causes the PMCM
correlation matcher to result in very low match coefficient. The number of first frame corner matches using
GVM resulted with KLT having around 80 matches at noise variance a s = 25, followed by Harris (40
matches), Kitchen-Rosenfeld (40 matches), and SUSAN (with O matches). Using PMCM (with 0.8 threshold)
provided around 10matches for al 4 detedors at s = 25. The mean corner displacement for KLT at s?= 25 is
around 2.1 pixels, which is followed by the other 3 detecors providing around 3 fixels displacement. The same
experiment using PMCM results with al 4 detedors providing 3 pixels displacement, indicaing poar quality

corner locdi zation under considerable noise.

7.3 Test Resultsfor the Static Lab Sequence

A 30 frame lab sequence with dired light interference was considered. The 200 hest corners as sen by each of

the detedors are extraded, and are qualitatively displayed in Fig. (11).
7.3.1 General Performance

The results reported in Figure 12 indicate that Harris detedor provided the best result for this sguence Harris
provided nealy 90% stable arners while KLT provided about 82% stable crners. Kitchen-Rosenfeld and
SUSAN detedors resulted with 80% and 6% stable crners respedively using the GVM matcher (with 0.004
threshold). The number of first-frame corner matches also indicaes that Harris gives the highest number of
matches than the other detedors (amean of 192for Harris, 185 for KLT, 177 for Kitchen-Rosenfeld and 173for
SUSAN) using the GVM matcher. The mean corner displacement result also shows that Harris provides the best
result with around 0.25 pxel displacement, followed by KLT with 0.3 pixel, Kitchen-Rosenfeld with 0.5 pixel,
and SUSAN with 0.7 pixel displacement using GVM matcher. The trends in olservations are consistent when
employing the PMCM matcher with a 0.8 threshold.

7.4 Test Resultsfor the Static Computer Sequence

A 30 frame mmputer sequence with light refledions was considered. This squence had plenty of curved
objeds, with ‘less easily definable’ corners, thus presenting a challenge for ead of the corner detedors. The

250 lest corners extraded using each corner detedor is displayed in Fig. 13.
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7.4.1 General Performance

Figure 14 shows that Harris detedor provided the best result for the most number of stable wrners (85%),
followed by KLT (75%), which is followed by Kitchen-Rosenfeld (65%) and SUSAN (45%) detedors using the
GVM matcher (0.004 threshold). The observations are similar for PMCM (0.8 threshold) except Kitchen-
Rosenfeld performed better than KLT detedor (seeFig. 17). The number of first-frame matches also shows that
Harris with around 240matches on average outperformed the KLT (220 matches), the Kitchen-Rosenfeld (210
and the SUSAN (195 detedors for bath matchers. The mean corner displacement result also suggest that Harris
provides the lowest displacement with 0.4 pixel, followed by KLT with 0.6 pixel, followed by Kitchen-
Rosenfeld (0.9 pixel) and SUSAN (1.4 pixel) detedors for the GVM matcher. The results are consistent when
using the PMCM matcher.

7.5 Overall Observation of Results

The overal observation of the results suggest that the KLT and Harris corner detedors are more suitable for
tracking fedaures in long sequences, while Kitchen-Rosenfeld and SUSAN are less reliable for long term corner
tradking.

Further tests carried out (not reported in this paper due to spacelimitations) also suggest that for tradking
large number of corner points, Harris provides dightly better result than KLT, while for tradking small humber
of corners, KLT provides better quality results. It is also cbserved that for sequences with varying light sources,
Harris detedor provides better quality results than KLT. The qualitative results also show (Figs. 5, 8, 11, 13)
that KLT picks the best N corners from all parts of the image frame (which is highly desirable for multiple
objed tracing) whil e the other detedors tend to pick corners from objeds where there is sgnificant difference
in contrast. Kitchen-Rosenfeld and SUSAN detedors also tend to pick several corners from edges (despite ‘edge
suppresson’ applied to the detedors), which is undesirable for point feaure tradking appli cations.

The empiricd evaluations also shed some insight into the matcher©s abili ty to corredly associate wrners. The
overall results suggest that for an indoar sequence GVM or PMCM give eually good results, but for an
outdoar sequence the GVM provides better quality result. This is expeded, becaise the PMCM matcher
compares a patch of image information surrounding the corner in two frames. With image plane noise (generally
the cae for outdoar images) one would exped a reduced correlation coefficient, which in turn leals to less
reliable results. The two patch sizes examined did not make a significant difference, which indicatesthat a5 x 5
image patch size is adequate for most applicaions. Setting matcher threshold is more of a design issue. It is
important that threshold chosen should impose restraints for disall owing false corners being accepted as corred
match.

These results pose the question; which is best, a matcher that produces a few good matches per frame ?, or a
dightly less acarrate matcher that produces more matches, but aso produces a few bad matches ?. It is the
opinion of the authors that a matcher that produces a high number of matches (also with high percentage of
stable wrners) is preferable, even if the data generated contained bad matches. A good tradking a gorithm will

be aleto discard bad matches over aperiod df time.
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From the results reported in this paper, it is reassonably clea that the KLT and Harris detedors are
appropriate rner extradors to tradk point feaures in long image sequences, with GVM as the preferred

matcher particularly for outdoar sequences, and PMCM for indoar sequences (easier to implement than GVM).

8 Conclusion

The results are interesting because unlike the Harris and Kitchen-Rosenfeld detedor, the Smith detedor uses no
spatia derivatives. Spatial derivatives are normally assciated with poa performance in the presence of noise
since they magnify its effed, and henceit would be expeded that the Smith detecor would perform better than
the Harris and the Kitchen-Rosenfeld detedors in the presence of noise (assuming that both deteaors perform
equally as well when there is no noise present). This is clealy not the case. A posshle explanation for these
resultsisthat the Harris detector has a built-in smoaothing function as part of its formulation. The products of the
intensity gradients used to cdculate the cornerness C are first Gaussian smoothed over a 3x3 pixel image patch.
It is this smoothing that makes the Harris detecor more robust to noise than the Smith detedor even though it
uses noise sensitive first derivatives (see &so [19]).

Because of its poa performancein the presence of image-plane noise and henceits very temporally unstable
corners, the Smith corner detedor is not an appropriate feaure detedor for tradking in long sequences. It
performed well in the ASSET projed because there, segmentation was performed using two frame matching,
which was good enough to produce good number of matches in conseautive frames.

The Kitchen-Rosenfeld method daes not use a built-in smoothing function and also has soond order
derivatives, and as a result its' performance is poarer than the Harris method (K-R was used only as a bench-
mark). The KLT detedor on the other hand is aided by its tracking framework (the trading process cannot be
eally dewupled from the corner detedion procesy. The KLT tracker and corner detedors work together to
provide high quality corners as indicated by the results. The overal empiricd results revealed that the KLT and
Harris detedors provided the best quality corners (qualitatively and quantitatively). The corners extradted by the
Kitchen-Rosenfeld and the Smith (SUSAN) detedtors are less desirable for paint feaure tracking in long image
sequences.

Further feaure tradking examples with considerable motion in image sequences were dso considered
employing the KLT and Harris corner detedors giving good tradking performances [28, 30]. In cases where
there was significant motion present (or multiple motions present) spedalised tracking algorithms were

employed to predict the likely positions of the feauresin subsequent frames (see[28, 29, 30)).
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