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Abstract: In this paper, a corner detection method based on a new non-cornerness measure is
presented. Rather than evaluating local gradients or surface curvatures, as done in previous
approaches, a non-cornerness function is developed that can identify stable corners by testing an
image region against a set of desirable corner criteria. The non-cornerness function is comprised of
two steps: 1) eliminate any pixel located in a flat region and 2) remove any pixel that is positioned
along an edge in any orientation. A pixel that passes the non-cornerness test is considered a reliable
corner. The proposed method also adopts the idea of non-maximum suppression to remove multiple
corners from the results of the non-cornerness function. The proposed method is compared with
previous popular methods and is tested with an artificial test image covering several corner forms
and three real-world images that are universally used by the community to evaluate the accuracy of
corner detectors. The experimental results show that the proposed method outperforms previous
corner detectors with respect to accuracy, and that it is suitable for real-time processing.
Keywords: Non-cornerness measure, Triple square masks, Non-maximum suppression

1. Introduction
The detection of corners plays an important role in a
variety of computer vision tasks [1-3], including tracking,
image registration, image matching, and determination of
camera pose and position. These applications require
reliable corner detection to provide a sufficient constraint
to establish point correspondence between successive input
images. The associated representation tends to have a
smaller storage cost, which is principally important for
applications that must run in real time.
A corner is defined as a point where a joining lines,
edges, or sides meet, as shown in Fig. 1. Several different
methods have been proposed to detect robust and efficient
corners in sequential multiple views. However, the
apparently simple problem of corner detection is still an
open problem, as no comprehensively good corner detector
exists.
This manuscript is an extended version of an IEEE/IEIE ICCE-Asia paper
published in International Conference on Consumer Electronics (ICCE)
Asia 2016 (July 10-13, 2016).

Fig. 1. Example of synthetic corner types on a 5x5
window (a) arrow structure element, (b) L structure
element, (c) T structure element, (d) X structure
element, (e) Y structure element.

A good corner detector should satisfy the following
criteria: (i) stability—a corner detector should provide high
scores in correct corner detection, and low scores in false
corner detection and multiple corner detection; (ii)
accuracy—detected corners should be well localized, as
close as possible to an accurate position in an input image;
and (iii) efficiency—the corner detection process should be
computationally efficient for real-time processing. A
simple but efficient method that meets the criteria
mentioned above is proposed to detect corners; it is also
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suitable for real-time applications while improving
performance. Instead of computing first- or second-order
derivatives, or measuring contour curvature (as done in
previous approaches), a new non-cornerness function is
developed which identifies corners using the process of
elimination. The non-cornerness function eliminates an
image point from consideration if it violates any property
in a set of corner criteria. The non-cornerness operator
consists of two steps: 1) removing flat regions and 2)
eliminating edges. For step 1, a flat region is defined if a
four-connected neighborhood centered at a reference point
is within a certain tolerance level. The flat regions are
removed in this step. For step 2, a set of square masks is
adopted to eliminate false corners on several edge types in
all possible directions. The proposed corner detector was
tested and evaluated using an artificial test image covering
diverse corner types as well as with three real-world
images taken from indoor and outdoor scenes. It was then
compared with recent, popular existing corner detectors,
namely, contour curvature-based and intensity-based
corner detectors.
In this paper, the contribution to the corner detection
task is twofold. First, a non-cornerness measure is
proposed to detect false corners, which are in flat regions.
Second, a novel approach is introduced using triple square
masks to remove false corners on edges in horizontal,
vertical, and diagonal directions. Experimental results
show that the proposed method can outperform previous
corner detectors in terms of the accuracy considered herein,
and it is also appropriate for real-time processing.
The next section provides a brief review of the
previous corner detector methods, including their
properties. In Section 3, the algorithmic aspects of the
proposed corner detection framework are then specified,
and a theoretical formulation and justification of the
proposed corner detection manner are provided, broadly
consisting of three steps. In Section 4, the performance of
the proposed method, with experimental results, is
demonstrated. Finally, the conclusion is drawn with a
summary in Section 5.

2. Related Work
Since the first corner detector, the Moravec operator
[4], was developed in the late 1970s, a variety of different
algorithms, as summarized by Tuytelaars and Mikolajczyk
[5], have been proposed to detect robust and efficient
corners in sequential multiple views. The Moravec
operator introduced the concept of a point of interest as a
distinct point where a large intensity variation is detected
by considering a cornerness measure with a local window
over the eight principle directions based on horizontal,
vertical, and both diagonal directions. The major drawback
of this method is that false corners are also detected on
diagonal edges. This problem is caused by searching in
limited directions. To overcome the limitation, Harris and
Stephens [6] proposed a derivatives-based approach using
the second moment matrix, also called the autocorrelation
matrix, which is often used for corner detection and for
describing local image structures. By analyzing the
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eigenvalues of the autocorrelation matrix, they obtained
the preferred corners. Although this method became one of
the most successful corner detection methods, it is
computationally expensive and suffers from poor
localization due to the Gaussian smoothing filters, which
are applied three times. To compensate for the weakness of
the Harris corner detection method, Mikolajczyk and
Schmid [7] proposed the multiple scale–based Harris
corner detector, which is scale and affine invariant. With
the key idea of the multiple scale–based Harris corner
detector, Brown et al. [8] suggested an adaptive nonmaxima suppression method to enhance the accuracy for
multi-image matching.
Ji and Haralick [9] used a statistical method for corner
detection by using chain-encoded digital arcs. Ruzon and
Tomasi [10] proposed a feature detection method based on
color distribution. They suggested using a large
neighborhood, since it is not possible to obtain enough
information using a small one. Kenney et al. [11] used an
axiomatic method to detect stable corners. This method is
readily extended to different intensity dimensions, namely,
color or LADAR images. Weijer et al. [12] suggested a
photometric invariant feature detection method based on
quasi-invariant derivatives.
Alternatively, the curvature scale-space (CSS) corner
detector was developed by Rattarangsi and Chin [13].
They introduced a multiple-scale operator based on CSS.
Contour curvature–based corner detectors [13-17] first
extract contours in input images and then search for local
maxima of absolute curvature. However, it is
computationally intensive, since a tree-parsing method is
applied over several scale spaces. It is also inconsistent
due to false corner detection caused by quantization noise.
Since the first CSS corner detector was introduced,
enhanced CSS corner detectors [14-17] have been
proposed. However, those methods are sensitive, as they
depend on the result of the edge detection process.
Smith and Brady [18] proposed the smallest univalue
segment assimilating nucleus (SUSAN) corner detector
based on efficient morphological operators. Rather than
evaluating local gradients or surface curvatures, a circular
mask, which is taken around the center pixel (referred to as
the nucleus) is used to segment similar or dissimilar
regions by comparing all pixels within the circular
neighborhood to the intensity value of the nucleus. This
operator provides reliable accuracy and fast processing.
But in some cases, this method fails to attain a corner
when it is located on a long thin structure or on a much
smaller structure than the 7x7 or 11x11 window that is
commonly used in the SUSAN operator. Trajkovic and
Hedley [19] suggested a method (based on the SUSAN
corner detector) that estimates the variation in brightness
along lines. This method is one of the fastest corner
detectors. But the accuracy is not as good as SUSAN's,
since it also extracts false corners along diagonal edges.
Shih et al. [20] proposed a morphological corner detector
using adjustable strictness parameters. With decision trees,
Rosten and Drummond [21, 22] developed a corner
detector called features from accelerated segment test
(FAST), which efficiently enhanced the accuracy and
speed of the SUSAN corner detector. Similarly, Mair et al.
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[23] proposed the adaptive and generic accelerated
segment test (AGAST), which improved the performance
of the FAST corner detector with an optimal decision tree.
However, as shown in the section with the experimental
results and discussion, in practice, the FAST corner
detector can be unsuccessful in finding the desired corners
owing to multiple corners being extracted in the area
around the reference corners. Lan and Zhang [24]
proposed a corner detection method based on intensity
variation using double circle masks. This method is similar
to the proposed method in a certain aspect of using
multiple masks.
In the next section, a comprehensive description of the
proposed approach is presented by explaining how the
non-cornerness measure is used to fulfill the criteria of a
good corner detector, as stated in Section 1.

3. The Proposed Method
Before beginning with a more detailed description, an
algorithmic overview of the proposed operator is first
highlighted. Then, the three stages of the proposed corner
detection are described in more detail.
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Input: image I, parameters α and β; Output: I2
Initialization: I2 I1 ← zeros (size (I)), BCs ← 0, rp← (0, 0)
Step 1:
do Searching for flat regions in I.
Compute BCs by (1).
Inspect 4 neighbor pixels using (2) and (3)
if (3) = 1, then continue;
otherwise, I1(rp) ← 1; rp ← shifting the local window
end do
Step 2:
do Searching for edges in I
if I1(rp) = zero, then continue;
// For stage 1, checking pairs of both diagonal directions
if (4) = 1, then continue;
// For stage 2, the 5x5 inner mask
if (5) (6) is true, then continue;
// For stage 3, the 7x7 outer mask
if (5) (6) is true, then continue;
I2(rp) ← 1; rp ← shifting the local window
end do
Fig. 2. Algorithm of non-cornerness measurement
where α and β are threshold parameters, BCs are
boundary conditions used to decide the ranges of low
intensity variation, rp is a reference pixel, and m is
I(rp), denoted as the intensity value of the rp.

3.1 Overview
Previous methods of corner detection have generally
considered a corner as a pixel that has a large intensity
variation compared to a center pixel in a search window or
a high curvature on chaining edges. In other words, those
methods employed local properties to identify corners.
Alternatively, a new approach is suggested to detect stable
and robust corners by utilizing a non-cornerness measure
that identifies and eliminates pixels that violate a set of
predefined corner properties. The non-cornerness measure
is composed of two steps, which test different corner
criteria on all pixels in an image. The function of each step
is algorithmically explained in Fig. 2. Image points that
pass all non-cornerness tests are considered corners.
Finally, the proposed algorithm suppresses false
corners with non-maximum variation in a 7x7 window
applied to the output of the non-cornerness process.

Fig. 3. Triple square mask for the non-cornerness
function. The yellow square is the center pixel of the
mask. The orange squares indicate four neighbors
used to decide a flat region, or two pairs of pixels in
horizontal and vertical directions used to search for
fine edges. The light blue and the dark blue squares
look for fine edges over diagonal directions. The light
and dark gray squares are intended to seek coarse
edges in all possible directions.

3.2 Non-cornerness Measure
The key idea behind the non-cornerness function is that
a pixel in a flat region or on an edge is disqualified from
being considered a corner. If a four-connected
neighborhood centered at a reference pixel is within a
certain tolerance level, the proposed method considers the
reference pixel a flat region. As illustrated in Fig. 1, most
corner types can be categorized into five classes. By
analyzing some properties in common among those
synthetic corner types, the proposed method for detecting
corners in an image derives three explicit principles
governing a corner as follows:
1. A corner is not on a flat region.
2. A corner is not on a horizontal, vertical, or diagonal
edge.
3. A corner has at least one neighbor with a different

intensity value when it is compared with four
neighbors located in four principle directions, such
as pairs of horizontal and vertical directions.
To deal with these conditions to determine corners, a
new mask consisting of three squares is introduced, as
depicted in Fig. 3.
The yellow point is the center pixel of a triple square
mask, where its intensity value is used as a reference. The
light and dark orange squares indicate four neighbors used
to determine a flat region in the first step, and two pairs of
pixels in horizontal and vertical directions used to check
for fine edges in the second step. The light and dark blue
squares search for fine edges over diagonal directions. The
light and dark gray squares to seek coarse edges in all
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examined:
4

Sumnei _ 4 = ∑ f sim ( i )
i =1

⎧0 if 0 < Sumnei _ 4 < 3
f flat ( rp ) = ⎨
otherwise
⎩1

Fig. 4. Examples for each step of non-cornerness
measures in a synthetic image (a) The result after step
1, where pixels shown in pink remain as possible
corners after eliminating pixels in flat regions, (b)
Results of step 2, composed of three stages using
three different masks. In each stage, the purple, blue,
and green pixels indicate they are being removed by
each mask. Three different masks are used for a fineto-coarse search that can detect false corners in
several edge types in all possible directions. Note that
in step 2, the proposed method does not search the
entire image again, but directly inspects false corners
from the results of previous steps. Input and output
images, respectively, are shown in the top left and the
top right of the figure.

feasible directions. The triple square mask provides the
structure for applying the non-cornerness operator to each
image point. The non-cornerness function is composed of
two steps: 1) remove flat regions and 2) eliminate false
corners on edges. Fig. 4 describes how each step operates
in order to eliminate false corners.
The first step identifies flat regions based on four
neighbors centered at a reference pixel. Note that this
method is related to the labeling or merging task, which is
applied to pixels with similar intensity values in the field
of image segmentation [25].
To determine whether a reference pixel is in a flat
region or not, the proposed method first defines boundary
conditions (BCs), in order to choose a range of similar
intensity values, as follows:
⎧ BCL = m − α
BCs = ⎨
, for m = I ( rp ) , ∀x, y ∈ I
⎩ BCU = m + α

(1)

where I is an input image, and x and y are each coordinate
in two-dimensions, rp is a reference pixel, α is a threshold
value, and BCL and BCU are lower and upper boundary
conditions, respectively. I(x,y) denotes an intensity value
of a pixel located at (x,y). With the boundary conditions,
the similarity is evaluated as follows:
⎧1 if BCL ≤ I (ξ ) < BCU
f sim (ξ ) = ⎨
otherwise
⎩0

(2)

where ξ represents the coordinates of a pixel. Then, the
distribution of similar intensity pixels within the local
neighborhood of a reference pixel based on (3) is

(3)

where index number i is assigned, as shown in Fig. 3. Each
index number indicates a pixel in the north, west, south, or
east direction of the neighborhood of the pixel of interest.
In (3), if Sumnei_4 is zero, assume that the reference pixel is
noise, and if Sumnei_4 is greater than or equal to 3, the
reference pixel is viewed as part of a flat region. These
assumptions are founded upon (1) and (3) in the corner
properties defined formerly.
If a pixel passes the flat region test in step 1, it is
examined more carefully in step 2. This step is composed
of three stages: 1) examine four pairs of pixels, 2) inspect
border pixels in a 5x5 mask, and 3) investigate boundary
pixels in a 7x7 mask, as seen in Fig. 3. It is worth
mentioning that these stages are based on the second
corner property, which disqualifies edges from being
considered corners. The multiple-stage examination
ensures a fine-to-coarse search, which can detect false
corners on several edge types in all possible directions.
Sumhor = f sim (1) + f sim (3), Sumver = f sim (2) + f sim (4)
Sumdia1 = f sim (5) + f sim (6), Sumdia 2 = f sim (7) + f sim (8)
⎧1 if Sumhor = 2 ∨ Sumver = 2
(4)
Checkcross = ⎨
,
otherwise
⎩0
⎧1 Sumdia1 = 2 ∨ Sumdia 2 = 2
Checkdiagonal = ⎨
otherwise
⎩0
⎧1 if Checkcross = 1 ∨ Checkdiagonal = 1
f finer _ edge (rp) = ⎨
otherwise
⎩0

The first stage is used to remove undesired corners
placed on finer edges by examining four pairs of pixels in
the horizontal direction, the vertical direction, and two
diagonal directions, as expressed in (4), where the index
numbers are as indicated in Fig. 3. If either Checkcross or
Checkdiagonal equals 1, the algorithm disallows the reference
pixel as a true corner.
If a reference pixel passes the flat-region and fine-edge
tests, the algorithm further checks for whether it is a part
of a coarse edge or whether it is positioned in the area
around a preferred corner. So after stage 1, the proposed
method uses a bigger threshold value for β than the initial
threshold value α, and extends the size of the 3x3 initial
patch to 5x5 and 7x7 patches. By increasing the mask size,
the algorithm can handle diverse corner structures on
sharper edges or coarser edges. For the 5x5 patch, the
algorithm first checks all the boundary pixels using (5):
⎧1 if I (κ ) − m < β
, for m = I (ip ),
f sim 2 (κ ) = ⎨
otherwise
⎩0

(5)
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where κ represents the coordinates of a pixel, |·| means the
absolute value or modulus operator, and β is the threshold
parameter. If there exists a pixel among all the border
pixels in the 5x5 patch where fboundary is true, as defined as
in (6), the algorithm examines a pixel exactly on the
opposite boundary pixel using (5). If the boundary pixel on
the opposite side also satisfies the condition fsim2(κ)=1, the
reference pixel is removed from the list of possible
corners:
f boundary (δ , ρ ) = {δ , ρ | ∃δ ∈ ρ : f sim 2 (δ ) = 1} ,

(6)

where δ is a coordinate of each of the boundary pixels, and
ρ is a set of pixels assigned for each of the masks.
Finally, for the 7x7 patch, the proposed method first
follows the same procedure as the 5x5 patch. But rather
than looking at only one pixel on the opposite border pixel,
the pixels located in a four-connected neighborhood are
also inspected. With this extra process, the proposed
method can reject false corners on rough edges that were
undiscovered in the previous stage using the 5x5 patch.
Therefore, any pixel that passes all stages of the noncornerness measure is labeled a corner.

3.3 Non-maximum Suppression
Although most false corners are excluded by the noncornerness operator quite well, undesired corners may still
be left. In order to deal with this problem, the idea of nonmaximum suppression [22] to remove false corners is
considered. Note that the denoted corners were found by
the non-cornerness function as initial corners.
The total sum of the variation of the neighborhood is
first estimated as an initial corner pixel defined with (7):
n

f var (ic) = ∑ I ( ic + l ) − m , for m = I ( ic ) ,

(7)

l =1

where n is the number of pixels in the neighborhood of an
initial corner pixel, ic, and |·| designates the absolute value.
In this paper, a 7x7 window for this function is used. In the
final step, multiple corners are suppressed using the nonmaximum variation in the 7x7 window from the list of the
initial corners based on (8):
f nms = max ( f var ( q ) )
q∈n

(8)

where q is an initial corner pixel within the patch. Utilizing
non-maximum suppression as a complementary function to
the proposed method reduces the problem of multiple
corner detection.
In the next section, the performance of the proposed
method is described by evaluating stability, accuracy, and
efficiency based on the criteria of a good corner detector.
The proposed method is validated with one synthetic and
three real images that are commonly tested in this field,
and is compared with four popular corner detectors.

Fig. 5. Four test images including reference solutions
(a) this artificial image (272x272) obtained by Smith
and Brady [18] tests the response to each corner type,
and it has 78 corners, (b) the block image (256x256)
used to evaluate how a corner detector works on
uniform-colored textures, and it contains 60 corners,
(c) the house image (256x256) is used to examine the
operation of a corner detector on complex textures,
and it is comprised of 106 corners, (d) the lab image
(512x512) used to test rotation invariance of a corner
detection method, and it has 130 corners. The real test
images were taken from Mokhtarian and Suomela [17].

4. Experimental Results
In this section, experimental evaluations of the
proposed corner detection method, compared with
previous methods, are shown.

4.1 Test Images
Before demonstrating how to evaluate the performance
of the proposed method, four test images used by
Mokhtarian and Suomela [17] were first analyzed to
determine the main purpose of each image in the
experiments. The images include one artificial image and
three real images taken from indoor and outdoor scenes, as
shown in Fig. 5.
The purpose-built artificial image was specially
designed by Smith and Brady [18] for investigating how a
corner detector reacts to each general corner type (arrow, L,
T, X, and Y junctions), as depicted in Fig. 1, over a range
of different intensity values. The indoor block image is
used for testing the response of corner detection operators
on even-colored textures. The indoor lab image is intended
to evaluate rotation invariance of a corner detection
method usually used in motion tracking. The outdoor
house image presents a more difficult challenge due to
complex textures on the side and the roof. Note that the
three real images were obtained from Mokhtarian and
Suomela [17].
To compare the performance of corner detection
methods, this paper first generates the reference solutions
manually to identify corners for each of the test images
shown in Fig. 5. In Fig. 5, the synthetic image has 78
corners in total, the block image is comprised of 65 corners,
the house contains 97 corners (excluding some corners on
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the boundary of the image which are ignored by most of
the corner detectors), and the lab image has 130 corners,
where the proposed method mostly collects corners in
quadrangular objects.

4.2 Parameters and Implementations
To validate the performance of the proposed method,
four recent previous corner detectors are employed: Harris
[6], improved CSS (iCSS) [16], SUSAN [18], and FAST
[21], [22], which were chosen to provide an objective
comparison between different types of approaches. For the
FAST operator, the FAST-9 method was chosen, which
provides the most stable and efficient results [21, 22].
In this paper, original software provided by each of the
authors (except for the Harris corner detector) is used.
Note that the parameters for each corner detector are tuned
to yield the best results from each image. The two
threshold parameters, α and β, are set to 6 and 7,
respectively, over all the test images. A Gaussian low-pass
filter for the 7x7 window, with standard deviation σ = 1.2
to remove natural noises in the image, is applied to the
three real images.

Fig. 6. Results of each of the corner detectors on the
artificial image.

4.3 Evaluative Methods and Results
To evaluate fulfillment of the criteria for good corner
detection, we first set the maximal allowable distance
between the detected corners from each of the corner
detectors and the reference solutions, as mentioned before.
In this paper, the maximum distance is defined as four
pixels. Then, the performance of each of the corner
detectors is examined during the following procedures: (1)
computing correct detections, (2) calculating total error
rates, and (3) computing total processing time [8].
First, the number of corners admitted by the maximal
allowable distance is counted. This task is denoted as
correct detection in this paper. After inspecting the correct
detection, total errors are computed, including missed
corners, multiple corners, and false corners. The missed
corners are computed by subtracting the results of correct
detection from the total of the true corners in each
reference solution. Multiple corners are observed by
looking near the corners over all directions within the
maximal admissible distance around each corner of the
reference solutions. A false corner refers to a corner that
was not found in the reference solution. Note that if the
detected corners are located on ambiguous corner points
that are not defined by the reference solution, the
algorithm does not count these corners as false corners.
Next, the total error rate (Tr) is calculated as follows:
Tr = ε / ω

Fig. 7. Results of each of the corner detectors on the
block image.

(9)

where ε is total errors, and ω is the number of aggregate
true corners in each reference solution. A total error rate
that is close to zero indicates good accuracy. Finally, the
total processing time in seconds is determined for each
corner detector, as executed in a standard desktop
environment.
The experimental results are summarized in Table 1

Fig. 8. Results of each of the corner detectors on the
house image.

and Figs. 6-9, where the proposed corner detector is
denoted as the non-cornerness measure-based corner
detector (NCM).
Figs. 6-9 and Table 1, show the results of each corner
operator based on the procedures stated above, as well as
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Table 1. Evaluation results of each corner detector
across the four test images: the artificial image, the
block image, the house image, and the lab image. The
proposed method is denoted as NCM.
Artificial
Correct Cor.

Harris

iCSS

SUSAN

FAST

NCM

45

37

78

78

78

Missed Cor.

33

41

0

Multiple Cor.

1

0

0

False Cor.

0
14

0
113

Total Errors

47

0
42

0

0
113

0

Total Err. Rate

Fig. 9. Results of each of the corner detectors on the
lab image.

0

0
0

0.6

0.54

0

1.45

Speed (Sec.)

0.3186

0.1735

0.1546

0.3281

0
0.2939

Block

Harris

iCSS

SUSAN

FAST

NCM

Correct Cor.
Missed Cor.

57
8

50
15

45
20

53
12

Multiple Cor.

4

9

16

False Cor.

2
20

62
3
10

4

93

Total Errors

30

23

122

3
31

20

7

the corresponding scores across the artificial image, the
block image, the house image, and the lab image,
respectively. The Harris operator performs moderately
well with respect to correct detections for the block image
and average processing time. The Harris detector finds
many false corners on diagonal edges as well. The iCSS
operator is one of the fastest corner detectors in the
experimental results. For correct detection, the iCSS
detector attained high scores except with the artificial
image, since its performance strongly depends on the
results of a contour detection process, as mentioned before.
Although the SUSAN corner detector provides efficient
computation times for all test images, the accuracy is
lower than other methods. However, for the artificial
image, the SUSAN detector executed perfectly. FAST can
correctly detect corners. On further inspection of the FAST
corner detector, multiple corners were simultaneously
detected in the area around the reference corners. As
shown in Table 2 and Figs. 6-9, for all the test images, the
proposed method outperforms previous corner detectors in
terms of accuracy, as examined using Eq. (9). Furthermore,
compared to previous corner detectors, the processing time
of the proposed method is appropriate for real-time
processing.

blur, not established herein. Open problems with respect to
the robustness of corner detection in noisy and blurred
images will be considered a goal of future research.

5. Conclusion
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Total Err. Rate

0.46

0.35

1.88

0.48

Speed (Sec.)

0.3941

0.1735

0.1787

0.3281

0.31
0.2933

House

Harris

iCSS

SUSAN

FAST

NCM

Correct Cor.
Missed Cor.

51
46

68
29

67
30

83
14

Multiple Cor.

4

False Cor.

0
26

0
101

85
12
8

28

7

Total Errors

72

131

54

27

Total Err. Rate

5
38

12

0.74

0.39

1.35

0.56

Speed (Sec.)

0.3627

0.1849

0.2421

0.2874

0.28
0.2982

Lab

Harris

iCSS

SUSAN

FAST

NCM

Correct Cor.
Missed Cor.

126
4

123
7

103
27

117
15

113
17

Multiple Cor.

0
54

8

12

7

0

30

304

98

16

False Cor.
Total Errors
Total Err. Rate
Speed (Sec.)

58

45

343

120

33

0.45

0.35

2.64

0.92

1.1128

1.2004

0.2427

3.6720

0.25
1.2441
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