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Abstract. In this paper, we propose a novel derivative measure based on the
probability of intensity difference that is defined by observed intensities and their
true intensities. Because the true intensity cannot be estimated accurately only
using two observed intensities, the probability is marginalized to consider an en-
tire set of possible true values. The proposed measure not only considers intensity
dependent noise effectively using a distribution of intensity difference, but also
computes the relevant difference of two corresponding pixels that have different
true intensities by extending the same intensity assumption in previous works.
Using the proposed measure, the estimation result of image derivative for syn-
thetic noisy signals is closer to the ground truth than most of previous measures.
We apply the proposed measure for block matching and corner detection that
compute intensity similarity in the temporal domain and image derivative in the
spatial domain, respectively.

1 Introduction

Image derivative is essential for most low-level processing methods, such as feature
detection, feature matching and optical flow. To calculate the image derivative, the con-
ventional approach is filtering intensity difference to suppress the effect of image noise.
Canny derived the optimal filter by using calculus of variation to satisfy three criteria
of edge detection: good detection, good localization and minimal response [1]. The de-
rived optimal function has a complex form, but can be approximated by the first-order
derivative of the Gaussian distribution (FDG). After the Canny’s derivation, the FDG
has been widely used for various low-level processing methods [1–4].

Although a weighted average in the FDG suppresses the image noise well, it gener-
ally assumes that the noise is independent to intensity. Since image intensity is acquired
by measuring gathered photons in each cell and the photons follow a Poisson distri-
bution, however, the image noise has the dependency on the image intensity [5] (it is
called as shot noise). Because some neighbor pixels in filtering process may have differ-
ent noise characteristics, the derivative by the FDG is not enough to consider intensity
dependent noise effectively. Nevertheless, recent approaches in low-level processing do
not mainly focus on the improvement of image derivative, but present learning-based
methods or probabilistic frameworks with conventional derivatives [6, 7].
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There are some related works to present probabilistic similarity measures, which can
deal with intensity dependent noise. Alter et al. presented a similarity measure for low-
light conditions, which uses Maximum Likelihood (ML) estimation to measure the sim-
ilarity between two intensities [8]. Even though it relies on accuracy of estimating the
true intensity, they estimated the true intensity from only two observations. Matsushita
and Lin [9] proposed an intensity similarity measure based on noise distributions. They
defined the similarity of two observed intensities as the marginal likelihood to consider
every possible true intensity. Based on their similarity measure, the accuracy of block
matching is more improved than other basic metrics for various scenes. Since the for-
mulation in similarity measures [8, 9] only considers that two pixels have the same true
intensity, however, their measure is not direct to explain the case that two pixels have
different true intensities, which is more general and essential for image derivative as
well as intensity similarity.

In this paper, we propose a novel derivative measure based on the probability of in-
tensity difference that is defined by observed intensities and their true intensities, which
allows that true intensities of observations can be different to extend the same intensity
formulation in the previous works [8, 9]. The probability is marginalized to consider
an entire set of possible true intensity values. While the conventional FDG assumes
noise levels are similar in the whole image region, the proposed measure can con-
sider intensity dependent noise explicitly using a distribution of intensity difference.
By allowing that two observed intensities have different true intensities, the propose
derivative measure shows improved computation results of image derivative compared
with probabilistic similarity measures [8, 9] as well as the FDG. By applying the pro-
posed derivative measure for block matching and corner detection, we outperform the
previous methods in terms of matching accuracy and repeatability, respectively.

The reminder of this paper is organized as follows. In Section 2, after explaining pre-
vious probabilistic similarity measures briefly, we describe our proposed probabilistic
derivative measure with synthetic tests. Section 3 shows experimental results of block
matching and corner detection by applying the proposed derivative measure. We con-
clude this work in Section 4.

2 Probabilistic Derivative Measure

In this Section, we explain previous probabilistic similarity measures briefly. Then, a
proposed probabilistic derivative measure is derived with describing the main differ-
ence from previous ones. We compare the performance of derivative computation by
synthetic signal tests.

2.1 Previous Probabilistic Measures

Previously, there are some related works to measure intensity similarity using a proba-
bilistic framework [8, 9]. Given an observed intensity I , we can probabilistically mea-
sure the intensity similarity between two corresponding pixels by assuming that the
intensity follows specific distributions as p(I|I) where I is a true intensity.
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In [8], Alter et al. presented a similarity measure using ML (Maximum Likelihood)
estimation, in which two observed intensities were assumed to result from the same true
intensity. After estimating the true intensity ̂I , the similarity can be calculated by the
product of two distributions as:

̂I =argmax
I

p(I1|I)p(I2|I)

SmaxL(I1, I2) = p(I1|̂I)p(I2|̂I).
(1)

In the Poisson noise case as in [8], the optimal Poisson parameter ̂λ is an average of two
Poisson parameters λ1 and λ2. In the Gaussian noise case, the optimal true intensity ̂I
is also an average of two observed intensities I1 and I2 by putting the first derivative
∂(p(I1|I)p(I2|I))/∂I = 0. Even though the ML similarity gives a practical estimate
for correct true intensity, the estimated true intensity by averaging two observations
cannot be accurate due to noisy imaging conditions and lack of information.

To improve this limitation, Matsushita and Lin [9] proposed a similarity measure
using marginal likelihood estimation that two observed intensities have the same but
unknown true intensity. Since the true intensity is unknown, all possible true intensities
are taken into account as:

SmarL(I1, I2) = p(t(I1) = t(I2))

=

∫

Ω

p(I1|I)p(I2|I)p(I)dI,
(2)

where t(I) is the true intensity of observation I , and p(I) is the prior density of the true
intensity. Instead of estimating the true intensity based on only two noisy observations,
the marginal likelihood measure can consider all possible likelihood functions.

In this paper, our aim is to define a probabilistic derivative measure that computes the
dissimilarity as well as the similarity between two observed intensities. Since the previ-
ous similarity measures [8, 9] are focused only on the similarity, their applications are
limited on comparison whether two intensities are the same or not (e.g, block matching
in the temporal domain). But, the probabilistic derivative measure has broader appli-
cations than previous ones, such as feature detection and optical flow, which requires
to measure how far two intensities are. By expanding previous similarity measures, we
present a probability measure that two observed intensities have two true intensities
without any assumption (they can be the same or different). The true intensities are
unknown that is similar to marginal likelihood estimation [9].

2.2 Proposed Derivative Measure with Two Pixels

We define a derivative measure for a reference pixel, only using two adjacent pixels in
temporal or spatial domain, I1 and I2. Let I1 and I2, true intensities of I1 and I2, be
given. Then, we have four combinations to represent intensity difference between two
pixels as:
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Ω = {Ĩ1 − Ĩ2|Ĩ1 ∈ {I1, I1}, Ĩ2 ∈ {I2, I2}}
= {I1 − I2, I1 − I2, I1 − I2, I1 − I2}.

(3)

If we use the only observation of intensity difference I1 − I2, to represent the probabil-
ity of intensity difference, the number of observations is reduced from two (those are I1
and I2) to one. Consequently, the estimation for image derivative becomes more inac-
curate. To deal with this problem, we exploit all of combinations that can be computed
by observed intensities and true intensities. Given two true intensities, I1 and I2, the
probability of intensity difference is defined as:

p(D(I1, I2))
def
= p(I1− I2|I1, I2)p(I1 − I2|I1, I2)p(I1 − I2|I1, I2)p(I1− I2|I1, I2),

(4)
where D(I1, I2) is true intensity difference between I1 and I2. Since the true inten-
sity is unknown, we take all possible true intensities into account, which is similar to
marginal likelihood in probabilistic similarity measure [9]. Then, the proposed measure
for intensity difference is:

SPDM (I1, I2) =

∫

I1

∫

I2

p(D(I1, I2))dI1dI2

=

∫

I1

∫

I2

p(I1 − I2|I1, I2)p(I1 − I2|I1, I2)p(I1 − I2|I1, I2)

· p(I1 − I2|I1, I2)p(I1, I2)dI1dI2,

(5)

which can measure intensity derivative probabilistically. p(I1, I2) is the prior density
of true intensities, which is uniform as similar to the probabilistic similarity measure
[9]. By using natural image statistics, we can represent the prior density better than the
uniform distribution. However, our formulation is focused on the general comparison
between two pixels either in the temporal domain or in the spatial domain.

Note that each term in (4) indicates the noise distribution based on intensity dif-
ference, which corresponds to different measurement with given observations. p(I1 −
I2|I1, I2) measures intensity difference of two observations given two true intensities.
p(I1 − I2|I1, I2)p(I1 − I2|I1, I2) means likelihood whether both observations, I1 and
I2, are close to their true intensities, which is represented by the distribution of inten-
sity difference. The last term, p(I1 − I2|I1, I2) acts as a constant weight to provide the
probability of difference according to true intensities. In Section 2.3, we show that the
importance of all these terms to improve accuracy of measuring intensity derivatives.

Each term in (4) can be represented by a noise distribution of intensity difference
that is similar to a noise distribution of intensity, p(I|I) in (1) and (2). We assume
that two observed intensities follow the Gaussian distribution as fG(I1;μ1, σ

2
1) and

fG(I2;μ2, σ
2
2), respectively. (fG means a Gaussian distribution where μ and σ2 are its

mean and variance.) Then, the distribution of intensity difference between two Gaus-
sians also follows the Gaussian distribution as:

p(I1 − I2|I1, I2) = fG(I1 − I2;μ1 − μ2, σ
2
1 + σ2

2). (6)
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Fig. 1. Visualization of measures: (a) relationship between intensity and noise variance, (b) condi-
tional pdf, P (I |I), (c) probabilistic similarity [9], (d) proposed derivative measure, (e-f) identity
line and cross section of (c), respectively, (g-h) identity line and cross section of (d), respectively.
Note that the identity line is a line from (I1, I2) = (0, 0) to (I1, I2) = (255, 255) and the cross
section is a line from (I1, I2) = (0, 255) to (I1, I2) = (255, 0)

When two intensities follow the Poisson distribution as fP (I1;λ1) and fP (I2;λ2) (fP
means a Poisson distribution and its parameter is λ), the distribution of intensity differ-
ence between two Poissons follows the Skellam distribution [10] as:

p(I1 − I2|I1, I2) = fS(Id;λ1, λ2) = e−(λ1+λ2)

(

λ1

λ2

)Id/2

I|Id|(2
√

λ1λ2) (7)

where Id(= I1 − I2) is intensity difference and fS represents the Skellam distribution.
λ1 and λ2 can be calculated from I1 and I2. Ik(·) is the modified Bessel function of
the first kind.

Using (5), we compute the derivative measure of a red channel for a PointGrey Scor-
pion camera with 20dB gain. To compute the derivative, we select the conventional
Gaussian distribution to represent conditional pdfs of intensity and intensity difference
using (6) as in previous works [9, 11]. The relationship between intensity and noise pa-
rameters (e.g. variance) as in Figure 1(a) can be obtained by capturing of multiple static
images [5] or a single image of the color chart [12, 13]. Figure 1(b) shows conditional
pdf P (I|I) that is the probability of observed intensity with given true intensity. Along
a line from (I, I) = (0, 0) to (I, I) = (255, 255) (defined as an identity line), the mag-
nitude is decreased monotonically. The computation results of the probability similarity
measure (PSM) [9] and the proposed derivative measure are shown in Figures 1(c) and
1(d), respectively. All values are normalized to [0 1].

Compared with the PSM in Figure 1(c), the proposed measure in Figure 1(d) shows
narrower bands along the identity line. In addition, the decreased magnitude on the
identity line is larger than the PSM. To show these observations more clearly, we draw
identity lines and cross sections (a line from (I1, I2) = (0, 255) to (I1, I2) = (255, 0))
of the PSM and the proposed measure in Figures 1(e-f) and 1(g-h), respectively. From
Figures 1(e) and 1(g), a magnitude of the proposed measure decreased faster than that
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Fig. 2. Derivative computation results for synthetic noisy data (10dB) in 1D: (a) a noisy step
edge (b) ground truth (c) FDG (σ = 1, 4 pixels) (d) FDG (σ = 2, 8 pixels) (e) simple derivatives
[−1 0 1] (f) PSM (marginal) [9] (g) PDM (only difference) (h) PDM (final). Note that only two
pixels are used to compute the derivative in (e-h) compared with more pixels in the FDG.

of the PSM. Because larger intensities are more uncertain than smaller intensities due
to intensity variation by noise as in Figure 1(a), the decreasing carries out a role of
decreasing the weight of larger intensities. Therefore, our measure has more reliable
than the PSM by suppressing image noise effectively. From Figures 1(f) and 1(h), the
proposed measure has sharper peaks as the difference of two pixels becomes smaller,
than the PSM. Thus, our measure has more confident to compute similarity than the
PSM by sharper discrimination between correct and incorrect matches.

2.3 Quantitative Evaluation with the FDG and Probabilistic Measures for
Synthetic Signals

We compare the proposed derivative measure with the FDG [1] and probabilistic sim-
ilarity measures [8, 9] for the synthetic data in one-dimension. First, we generate a
signal that has step edges. We add a intensity-dependent Gaussian noise using the rela-
tionship between intensity and noise parameters from a PointGrey Flea camera (10dB)
as shown in Figure 2(a). Then, the simple derivative for the signal is as shown in Figure
2(e). Figure 2(b) shows the ground truth of image derivative.

Note that the responses of all measures in Figure 2(b-h) are normalized to have the
value within [0 1]. Figures 2(c-d) show the response by the FDG with the scale σ = 1
and σ = 2. The response in discontinuous parts is maintained well, however, the fluc-
tuation in homogeneous parts are not reduced significantly even though 8 pixels are
aggregated to compute derivatives. That causes the critical false detection because the
magnitude cannot be negligible with respect to actual discontinuity detection. In spite
of using only two pixels the PSM [9] and the proposed measure using only a difference
term p(I1, I2|I1 − I2) in (5) and using a final form of (5) show better results than the
FDG as shown in Figure 2(f-h), because it considers intensity variation by intensity
dependent noise. The proposed measure using only a difference term shows much im-
proved results to suppress noisy responses in the homogeneous regions compared with
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Table 1. Average of PSNR to the ground truth (a value in the parentheses is standard deviation)

measure 0dB 10dB 20dB
simple derivative 25.53 (1.05) 20.34 (1.04) 15.29 (1.30)

FDG (σ = 1) 18.75 (0.37) 17.98 (0.67) 16.04 (0.99)
FDG (σ = 2) 12.52 (0.19) 12.42 (0.35) 12.14 (0.62)

PSM (Likelihood) [8] 28.86 (3.44) 25.33 (2.46) 19.71 (1.44)
PSM (Marginal) [9] 29.20 (3.56) 25.72 (2.64) 20.14 (1.62)

PDM (Diff.) 27.40 (2.84) 21.79 (2.75) 19.01 (1.28)
PDM (Diff.+Likelihood) 29.52 (3.63) 26.03 (2.69) 20.36 (1.71)

PDM (Diff.+Likelihood+Constant) 29.64 (3.62) 26.00 (2.62) 20.26 (1.65)

the PSM and the proposed measure using the final form. However, an estimated value
in the discontinuity region has a significant error compared with the ground truth. Thus,
we cannot use the propose measure using only the difference term to compute image
derivatives.

Even though the derivative computation by the PSM and the proposed measure of
the final form shows similar superior results as shown in Figures 2(f) and 2(h), the
quantitative accuracy to the ground truth is more important in low-level processing and
block matching. To evaluate the accuracy, we generate 100 synthetic noise data for
various noise levels (0dB, 10dB and 20dB) and average the PSNR (Peak Signal-to-
Noise Ratio) in Table 1. The results by the FDG have even lower PSNR than the initial
PSNR in simple derivative, because they have many false alarms in the homogeneous
regions. The results by probabilistic similarity measures [8, 9] show much improved
results than the FDG by modeling intensity dependent noise effectively. The PSM with
marginal likelihood [9] shows better performance then the PSM with likelihood [8]
because the PSM with marginal likelihood considers all possible true intensities instead
of heavily relying on the estimation of true intensity in the PSM with likelihood.

As shown in Figure 2(g), since the probabilistic derivative measure (PDM) with only
the difference term cannot guarantee accurate estimation in the discontinuity regions,
its PSNR is lower than those of the PSMs. When we add the likelihood term of each
intensity to the difference term, the proposed measure outperforms the PSMs for various
noise levels. By adding the constant weight term, the PDM provides more improved
results than the PDM with the difference and likelihood terms when noise levels are
relatively low.

If the noise level become higher, the PDM with the difference and likelihood terms
shows better PSNR than the PDM with the final form. The reason for the results is that
the constant weight in high intensities becomes smaller as the gain increases. Then, be-
cause the probability measure is dominant only on low intensity observations, the total
measure becomes even worse than the measure without the constant weight. Therefore,
when a camera captures images only with high gain (e.g., low-lighting conditions), then
using the difference and likelihood terms can be better solution. Note that we use the
PDM with the final form for further applications in Section 3. By considering different
true intensities of two pixels and marginalization of possible true intensities, the pro-
posed measure shows much improved results compared with the conventional FDG and
the probabilistic similarity measures.
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(a) scene1 (b) scene2 (c) scene3 (d) Scene4

Fig. 3. Test images for block matching (scene1 and scene2 by PointGrey Scorpion (800×600),
scene3 by PointGrey Flea (320×240), and scene4 by PointGrey Grasshopper (800×600))

Table 2. Matching accuracy of L2 norms, the PSMs and the proposed method (PDM)

measure
scene1 scene1 scene1 scene2 scene3 scene4
(0dB) (10dB) (20dB) (20dB) (10dB) (5dB)

L2 norm 34.81% 23.13% 13.99% 19.54% 36.46% 26.41%
PSM (Likeli.) [8] 36.15% 23.91% 14.50% 20.52% 36.94% 26.79%
PSM (Margi.) [9] 36.17% 24.02% 14.61% 20.63% 37.01% 26.75%
PDM (final form) 36.20% 24.10% 14.92% 20.83% 37.10% 26.86%

3 Applications with Probabilistic Derivative Measure

The proposed probabilistic measure has been validated by two typical applications:
block matching and corner detection. The experimental results from block matching
have been compared with those of the previous probabilistic similarity measure [8, 9].
For corner detection, the repeatability [3] has been used to measure the performance.

3.1 Block Matching

Block matching is widely used for finding feature correspondences and dense stereo
matching. The SAD (Sum of Absolute Difference) and SSD (Sum of Squared Differ-
ence) are generally used as a similarity measure to select matched blocks. The matched
blocks are determined by WTA (Winner Takes All) strategy. To use probabilistic mea-
sures, the negative log values of the measure is used to avoid numerical miscalculation
of very small probabilities. Since probabilistic measures are defined for two pixels, we
can also use WTA by competing among summations of the similarity between two cor-
responding pixels in two blocks. Note that we use Gaussian distribution as a conditional
pdfs of intensity and intensity difference.

To evaluate the matching accuracy, we capture static scenes with various gains as in
Figure 3. We assume that the relationship between intensity and noise parameters has
already known. If it is possible to capture a color chart, fitting parameters of patches
is used as in previous methods [12, 13]. If it is impossible to capture the color chart or
the sensor is unknown, the probabilistic framework based on color segmentation [11]
can be applicable to estimate noise distributions. For performance evaluation, we use a
3× 3 block size and a 21× 21 search range for all test sets.

Table 2 shows the matching accuracy for each scenes that have various gains. For the
comparison, we use L2 norm that is the same as SSD. Since the SSD cannot consider



A Probabilistic Derivative Measure Based on the Distribution 151

intensity dependent noise, the PSMs and the PDM show better matching accuracy with
explicit consideration of intensity dependent noise. Similar to synthetic data tests in
Section 2.3, the proposed measure outperforms the PSMs for various scenes with vari-
ous gains. Thus, we can utilize the proposed derivative measure as a similarity measure,
and we improve the matching accuracy regardless of scenes and noise levels.

3.2 Corner Detection

Corner detection is a very important application for structure from motion and feature
tracking. Because the proposed measure can replace with image derivative directly, we
use conventional corner measures to show reliability of our method. In recent evalua-
tion [3], the Harris corner [2] is better than or equivalent to those of the other detectors.
The corner detector by Shi and Tomasi (briefly, Shi corner) [4] also shows comparable
performance with the Harris corner as shown in [14]. We substitute image derivatives,
Ix and Iy , in auto-correlation function [2, 4] by the proposed measure. To aggregate
derivatives in auto-correlation function, a smooth circular window like a Gaussian dis-
tribution is used [2, 3] to reduce the effect of noise. Because the FDG and the proposed
measure have already considered noise effects, an uniform weight can be another choice
for aggregation. Corner detection with the proposed measure has two choices for the
corner measure, the Harris measure [2] and the Shi measure [4], and two choices for
the averaging weight, the Gaussian and the uniform.

Proposed Derivative Measure within the Window. In Section 2.2, we use only two
adjacent pixels for computing derivatives. To detect corners, image derivatives are ag-
gregated within the window. Thus, we take more neighboring pixels into account, by
multiplying the pairwise PDM to the reference pixel, xt as:

SPDM (ND(xt)) =
∏

I1,I2∈ND(xt)

SPDM (I1, I2) (8)

where ND(xt) is the set of horizontal neighboring pixels within distance D from the
reference pixel, xt. An adjacent pixel pair, I1 and I2, are located oppositely to the
reference pixel. Then, the vertical aggregation is obtained by multiplying the measure
in (8) along vertical direction:

SPDM (ND(VD′(xt))) =
∏

I1,I2∈ND(VD′ (xt))

SPDM (I1, I2) (9)

where VD′(xt) is the neighborhood pixels of xt in vertical direction within the distance
D′.

Since a value of SPDM (I1, I2) can be very small when I1 and I2 are significantly
different, we take a negative logarithm to (9) as:

−log{SPDM(·)} =
∑

−log{SPDM(·)}. (10)
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(a) (b) (c) (d)

(e) (f) (g)

Fig. 4. Corner measure between FDG and PDM. (a) Input image (b) Harris measure using FDG
(c) Shi measure using FDG (d) Magnified view of (b) (e) Harris measure using PDM (f) Shi
measure using PDM (g) Magnified view of (e). Note that (d)(g) correspond to the red-boxed
region in (a).

(a) scene5 (b) scene6 (c) scene7 (d) scene8 (e) scene9 (f) scene10 (g) scene11 (h) scene12

Fig. 5. Test set for the repeatability check: (a)(b) illumination variation for static scenes (c)(e-
h) a viewpoint change (d) a viewpoint change with illumination variation (scene5 by PointGrey
Flea (320×240), scene6 to scene8 by PointGrey Scorpion (800×600), and scene9 to scene12 by
PointGrey Grasshopper (800×600))

Experimental Results. Figures 4(b–g) show the normalized corner measure for an
input image in Figure 4(a). The measures using the FDG in Figures 4(b–c) have many
false alarms in homogeneous regions, for example, in the checker pattern. Even though
each pattern is homogeneous, the corner measure is different according to the color of
the pattern, which can be shown detailed in Figure 4(d). It shows that the FDG cannot
handle intensity dependent noise effectively, so that the FDG induces the false corners
even in homogeneous regions. The measures using the PDM in Figures 4(e–f) reduce
the false response outstandingly in the homogeneous regions. Furthermore, there is no
difference according to the color of the pattern, which is validated in Figure 4(g) more
clearly, because our measure models intensity dependent noise explicitly.

To show the performance according to the combination of measures and weights,
we calculate the repeatability [3] for various scenes and imaging condition variations in
Figures 3(a-b) and 5. Figure 6 shows the repeatability of the FDG and the PDM with
the combinations of corner measures and averaging weights. Note that we used 5 × 5
neighborhood pixels to calculate the FDG and the PDM. Between the FDG and the
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Fig. 6. Repeatability for the fixed number of corner points (500 points for scene1 and scene2,
100 points for scene5 and scene6 and 300 points for scene7 and scene8 according to used corner
measure and the shape of a weight)

Fig. 7. Repeatability for the noise variation (scene2)

PDM, there are apparent improvement for all of variation. Especially, the improvement
of repeatability is noticeable in the case of illumination variation for scene5, scene6 and
scene8 as shown in Figure 6. Even though noise levels are changed for the whole image
regions according to illumination changes, the PDM maintains the consistent corner
measure, compared with the FDG. There is no big difference among four combinations
of measures and weights. Therefore, we use the combination of the Harris measure and
the Gaussian averaging weight and the combination of the Shi measure and the uniform
averaging weight for other experiments in this paper.

We compare the proposed corner detector with previous corner methods, such as,
Harris corner [2], Shi corner [4], SUSAN [15], FAST [14] and SIFT [16]. Harris corner
and Shi corner use the FDG for image derivatives. For SUSAN, FAST and SIFT, we use
the original source code provided by authors. FAST9 is used among various verions of
FAST because it shows highest repeatability in [14]. Appropriate thresholds are chosen
to generate the same number of corner points for sets of two images. The window size
of non-max suppression is very critical to repeatability. Therefore, we use 3x3 window
for non-max suppression for all corner detectors. We experiment for three categories of
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Fig. 8. Repeatability for the viewpoint variation (scene7)

Fig. 9. Repeatability for the illumination and viewpoint variation (scene8)

image pairs, which are the change of viewpoints, the change of illumination conditions
and variation only by noise. For the viewpoint case, we calculate a homography be-
tween two images with manually selected points. ε in repeatability [3] is 0.5 for static
scenes, and 1.5 and 2.5 for viewpoint changed scenes by Scorpion and Grasshopper,
respectively.

Figure 7 shows the repeatability for the noise variation by applying to scene2. The
proposed PDM corners show best performance for nearly all the number of corner
points because the PDM effectively suppresses the false response by image noise. Har-
ris corner and Shi corner show good results compared with SIFT, FAST and SUSAN.
In the case of SIFT, their localization is not consistent because of scale selection. Since
the effect of the noise is not so weak, FAST cannot show the high performance as in
[14]. SUSAN shows the worst result because its rule for suppressing the false response
is crude. Figures 8 and 9 show the repeatability for the viewpoint variation and illumi-
nation and viewpoint variations by applying to scene7 and scene8, respectively. When
the number of corner points is not large, the PDM corners shows best results. Espe-
cially, when the number is less than 500 and 400 for Figures 8 and 9, respectively, the
PDM corners outperform other corner detectors certainly, because distinctive corners
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Table 3. Repeatability

Scene S1 S2 S5 S6 S7 S8 S9 S10 S11 S12
No. of points 500 500 100 100 300 300 300 300 300 300

PDM Harris Corner 0.856 0.846 0.307 0.505 0.425 0.406 0.255 0.274 0.239 0.219
PDM Shi Corner 0.878 0.868 0.277 0.465 0.447 0.404 0.428 0.267 0.290 0.262

Harris Corner 0.818 0.751 0.148 0.178 0.383 0.204 0.312 0.250 0.263 0.223
Shi Corner 0.800 0.743 0.168 0.198 0.356 0.229 0.282 0.240 0.237 0.260

FAST 0.612 0.623 0.100 0.186 0.240 0.313 0.299 0.204 0.268 0.217
SUSAN 0.488 0.517 0.090 0.257 0.278 0.233 0.283 0.228 0.249 0.187

SIFT 0.682 0.695 0.170 0.231 0.386 0.223 0.207 0.091 0.224 0.104

Table 4. The processing time

Detection methods Processing time
Harris corner 167.88ms

FAST 7.71ms

SUSAN 49.60ms

PDM corner 130.27ms

CUDA PDM corner 6.25ms

are robustly repeated. When the number become larger, the PDM corners shows simi-
lar results to Harris corner, Shi corner and FAST, because there is no more distinctive
features in the scene.

In table 3, we show repeatability of various corner detectors for 10 scenes in Fig-
ure 5. The number of corner points are determined to include distinctive features in
the scene. For all scenes, the proposed corner detectors, PDM Harris corner and PDM
Shi corner, outperform other corner detectors. Especially, for the scenes with illumi-
nation changes such as scene5, scene6 and scene8, the proposed corners show much
improvement because intensity variation by noise is severely changed due to illumina-
tion changes. Therefore, our proposed corners can be suitable for the environment with
frequent illumination changes like outdoors.

From experimental results, we show that previous corner detectors can be much im-
proved by simple replacement of image derivative that considers different true intensi-
ties of two pixels and intensity dependent noise explicitly. The proposed probabilistic
derivative measure can be applied to other applications that compute image derivatives,
such as optical flow and feature description.

Table 4 shows the processing time to detect corners for a 800× 600 image. The used
system is Intel Core2 Quad CPU 2.40GHz, 3.25GB RAM. By making look-up table for
the pairwise PDM as shown in Figure 1, the computation time of our method is only
for memory seeking and aggregation. For fast operation, we implement PDM corner
with CUDA (GPU library supported by nVidia). The processing time of normal version
of PDM corner is similar to Harris corner and the time of CUDA version is similar to
FAST. With CUDA version, we can apply our corner detector to real-time system.



156 Y. Hwang and I.-S. Kweon

4 Conclusion

In this paper, we have presented a probabilistic derivative measure based on the proba-
bility that is derived by observed intensities and their true intensities, which allows that
the true intensities of observed pixels are different. For the synthetic noisy signals, the
proposed derivative measure effectively computes derivatives closer to the ground truth
than the first derivative of a Gaussian and probabilistic similarity measures by deal-
ing with intensity dependent noise explicitly. Block matching by the proposed measure
shows more improved results than the conventional L2 norm and the probabilistic sim-
ilarity measures because of marginalization of different true intensities. We apply our
proposed measure to corner detection by replacing only image derivative. The resulting
corners based on our derivative measure become more stable with a better repeatability
under various kinds of scene conditions.
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