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ABSTRACT

In the case of real-time image processing, it is necessary to determine the computational complexity of the mathematical operations
used. Reduction of computational complexity of 2D discrete convolution can be achieved by using a separable convolution. In this
article, we focus on the application of a canny edge detector for different types of images. The main goal was to speed up the process
of applying the kernel matrix to a given image using a separable convolution. By applying a separable convolution, we compared the
duration of the Gaussian filter application, edges detection and the Hysteresis threshold level. Applying a separable convolution should
speed up the duration of the 2D Gaussian filter as well as the edge detection. The main variable that interested us was time, but an
important factor in the application of the filter and edge detection is the number of operating cycles. The use of a separable convolution
should significantly reduce the number of computational cycles and reduces the duration of filter application and detection.
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1. INTRODUCTION

Edge detection is one of the most fundamental
algorithms in digital image processing. The edge detection
principle is to identify areas which large change in intensity
occurs. It works by detecting discontinuities in brightness.
Common edge detection algorithms include Sobel, Canny,
Prewitt, Roberts, and fuzzy logic methods. Among various
edge detection techniques and methods, Canny edge
detector (CED), is the one of most used.

Canny operator presents three good performance
criteria as Signal to Noise Ratio (SNR), localization
precision and single edge response [1,2,3]. Due to these
characteristics, CED is the most implemented edge
detection algorithm because of its ability to detect edges
even in images that are intensely contaminated by noise.
These properties predetermine its use in areas such as
medical imaging [4-8].

Edge detection in medical imaging is a significant task
for object recognition. Medical diagnostics is one area that
has been significantly advanced by using digital images.
Medical digital images include magnetic resonance
imaging (MRI), positron emission tomography (PET) and
computed tomography (CT). One of the problems with
digital images takes by using one of these technics is that
they typically contain significant speckle noise and other
artifacts which complicate image interpretation and
automatic processing [9,10,11]. This requires some image
enhancement and image segmentation processing in order
to make the image better and clearer for diagnostics
purpose. In such a case, it is possible to use CED and this
is also one of our goals, where we attempt for the best
possible extraction of data from the image with high
accuracy and short evaluation time.

When we talk about time, it is related to the volume of
processed data, but it is also important to deal with the
hardware equipment and the possibility of speeding up the
operation using various sharing technics and parallel
processing [12,13,14,15].

Currently, there is a significant implementation of
automated processes in almost all scientific, industrial and
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medical areas like we mentioned in previous section. The
main goal of our research is the detection of objects
(buildings) using CED. Automatic object identification is a
very complex issue, especially in cases where it is
necessary to detect and recognize various geometrically
complex and very similar objects [16,17].

As already mentioned in the previous sections, in the
case of object detection, noise occurs in the acquired
images. There are three main objectives for CED. The first
is find the intensity gradients of the image. Second is to
apply non-maximum suppression to get rid of spurious
response to edge detection and the last step, apply double
threshold to determine potential edges [18-22]. The
Gaussian reduces the effect of noise present in the image.
In this paper, we have used a separable convolution to
speed up the process of Sobel edge detection. We were
interested in the computation time of applying the Gaussian
filter and edge detection, as well as the number of
operations required by application of the filters and edge
detection.

2. THEORETICAL BACKGROUND

In this part of the work are listed all the theoretical basis
used in the Canny edge detector algorithm. In this section
we will also describe the theory of computational
complexity of Canny edge detection algorithm.
Computational complexity of 2D discrete convolution can
be achieved by using a separable convolution.

2.1. Gaussian filter

Gaussian filter also called Gaussian smoothing filter in
digital image processing, is an effective way to reduce
noise and enhance details in an image. Applying a Gauss
filter to the image is the first step in edge detection using a
Canny detector. The main advantage of the Gaussian filter
is its frequency response, which also represents a Gaussian
distribution centered around the zero frequency. Two-
dimensional Gaussian function centered on X=y=0 is
defined by equation [23-26]
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The kernel of the two-dimensional (2D) Gaussian
function is generally given by a matrix with minimum
required dimension (three-sigma rule) nxn, where
n=2x3%c+1 and o is standard deviation. Constructing a 2D
Gaussian kernel can be realized by sampling of the
continuous 2D Gaussian function defined by Eq. (1)
followed by the normalization of all elements. In the case
of 6=1, the minimum required dimension of the matrix G
representing the 2D Gaussian kernel will be 7x7 with the
following normalized elements

0.0000 0.0002 0.0011 0.0018 0.0011 0.0002 0.0000
0.0002 0.0029 0.0131 0.0216 0.0131 0.0029 0.0002
0.0011 0.0131 0.0586 0.0966 0.0586 0.0131 0.0011
0.0018 0.0216 0.0966 0.1592 0.0966 0.0216 0.0018
0.0011 0.0131 0.0586 0.0966 0.0586 0.0131 0.0011
0.0002 0.0029 0.0131 0.0216 0.0131 0.0029 0.0002
0.0000 0.0002 0.0011 0.0018 0.0011 0.0002 0.0000

Since Eq. (2) describes the normalized elements of the
Gaussian kernel, the term 1/(2n6?) in Eq. 1 can be
neglected. The advantage of the 2D Gaussian kernel
defined by matrix G is its separability, so in this case it is
sufficient to generate a one-dimensional (1D) Gaussian
kernel defined by a matrix Gx with dimension 1x7, matrix
G can be then obtained as Gx"™<Gy. 1D Gaussian function
centered on x=0 with the neglected term 1/(2n6?) is defined
by equation

6 =) @)

The 1D Gaussian kernel (o=1) with the normalized
elements is defined by the following vector Gy

0.0044 0.0540 0.2420 0.3911 0.2420 0.0540 0.0044

Another way to construct the Gaussian kernel is for

the use of the SSC, the computational complexity of the 2D
discrete convolution is defined as O(AxBxn). As already
mentioned, the Gaussian kernel is separable, which allows
to reduce the computational complexity using the 2D
discrete spatial separable convolution. 2D discrete spatial
separable convolution of input image and Gaussian kernel
can be write as

H(x,y) = [106,7) * G, ()] * G () = X[, 1(x — i,y —
NGy (N] G (D Q)

where Gy=G,".

2.2. Calculation of the gradient components and their
absolute magnitude and direction

The calculation of the gradient components Da and Dy
is performed as a convolution of the input image I with
matrices ha and hy representing the Sobel operators. The
advantage of the Sobel operators is that it is separable as in
the case of the Gaussian kernel. The calculation of the
gradient component Da using the 2D discrete spatial
separable convolution is defined by equation

Do(x,y) = [1+hy](x,3) = [1G7) * oy ()] +

hy, (1) = %: [210e = 6,y = Dha, (D] ha, () 6)

The gradient component Dy, is calculated in the same
way as Da. The Sobel operators h, and hy are defined as
follows [27]

10-1 1 2 1
h,=(20-2| , h,=|0 0 0
10 -1 -1 -2 -1
wherein the matrices h, and hy can be written as follows

h, = hay Xhg, h,= h,,y X hy, (6)

. : o SRR 1 1
example binomial approximation of Gaussian distribution. _ _ _ _
The smoothing of the input image using the Gaussian filter h,, =[10 -1], hay - i » hy =M121], hby - 01

is realized using 2D discrete convolution of the input image
and the Gaussian kernel. 2D discrete convolution of input
image and Gaussian kernel is defined by equation

H(x,y) = A+ G)(x,y) =X X 1(x =,y — DGGE,j) (3)

where I is the matrix representing input image, G is the
matrix representing Gaussian kernel and H is the resulting
matrix representing filtered image (i and j takes values from
0 ton).

In the case of real-time image processing, it is necessary
to determine the computational complexity of the
mathematical operations used. The computational
complexity of the 2D discrete convolution is defined as
O(AxBxn?), where AxB is the size of the matrix
representing the input image and n? is the size of the matrix
representing the Gaussian kernel. Reduction of
computational complexity of 2D discrete convolution can
be achieved by using a separable convolution. There are
two types of separable convolution, namely spatial (SSC)
and depthwise (DSC) separable convolution. In the case of
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The absolute magnitude D and the direction A of the
gradient components D, and Dy are defined by the
following equations [25-28]

D=

D + D} (M

A =tan! (%)

a

®)
3. RESULTS AND DISCUSSIONS

The results obtained in this paper are mainly focused on
optimizing the computational complexity of the Canny
edge detector. The high computational complexity of the
Canny edge detector lies mainly in the use of several
convolution operations used in the mathematical
computational algorithm. The Canny edge detector
algorithm requires a triple convolution. The first
convolution is used in Gaussian smoothing. The second and
third convolution is used in edge detection in the part
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performing the calculation of the gradient components Da
and Dy. It is the convolutional calculation that represents
the most time-consuming part in the detector. The table 1(a-
b) shows the required number of arithmetic operations
(image with a resolution of 576x720 pixels) using normal
2D convolution.

Table 1(a) Number of arithmetic operations using normal 2D

convolution
o Gaussian smoothing Gradient components
x + x +

1 20321280 19906 560
2 70087680 69 672960
3 149713920 149299200

7464960 6 635 520
4 259200000 258785280
5 398545920 398131200
6 567751680 567336960

Table 1(b) Total arithmetic operations (Gaussian smoothing +
calculation of the gradient components)
o X, +
54328 320
2 153 861 120
3 313 113 600
4 532 085 760
5
6

—

810 777 600
1 149 189 120

One possible way to reduce the computational
complexity of the Canny edge detector algorithm is to use
a 2D spatial separable convolution. The number of required
arithmetic operations (image with a resolution of 576x720
pixels) in the case of 2D spatial separable convolution is
given in table 2(a-b).

Table 2(a) Number of arithmetic operations using 2D spatial
separable convolution

o Gaussian smoothing Gradient components
x + x +
1 5806080 4 976 640
2 10782720 9953 280
3 15759360 14929920 4976 640 3 317 760
4 20736000 19906 560
5 25712640 24883200
6 30689280 29859 840
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Table 2(b) Total arithmetic operations (Gaussian smoothing +
calculation of the gradient components)
c Total
1 19077 120
29 030 400
38 983 680
48 936 960
58 890 240
68 843 520

AN W AW

The measurement of the runtime of the computational
algorithm of the Canny edge detector was performed in the
MATLAB environment (using the “cputime” command).
The parameters of the used computer were as follows:
Intel(R) Core(TM) i5-7500 3.40GHz, 16 GB RAM 2400
MHz. The Canny edge detection durations are listed in the
table 3.

Table 3 Duration of edge detection using a Canny edge detector

s s?ni)li)stshi?r?g Edge detection Total

(ms) (ms) (ms)

A B A B A B

1 625 15.6 1093 624
2 2188 313 265.6  78.1
3 4375 469 4843 937
4 7655 625 1> 8123 1093
5 11563  78.1 1203.1 1249
6 1703.1 93.8 1749.9 104.6

A2D normal convolution
B2D spatial separable convolution

Fig. 1-3 show images representing the steps in the
Canny edge detector. As mentioned above, the first step of
edge detection is smoothing the image using the Gaussian
filter, which aims to remove noise and unnecessary
backgrounds from the image. In this case, a compromise
needs to be found between the computational complexity
and the required output. Based on the results shown in Fig.
3, Fig. 3(b) can be considered as an acceptable output. Fig.
3(b) represents the smoothing of image using the Gaussian
filter with the parameter 6=3, in this case it is necessary to
use a matrix (2D Gaussian kernel) with a dimension of
19x19. In the case of a Gaussian filter with a 19x19 core,
the number of required arithmetic operations is
38 983 680and the computation time is 46.9ms. The
computation time 46.9 ms and the number of arithmetic
operations 38 983 680 are valid under the assumption of
using 2D spatial separable convolution. The second step in
the presented edge detection algorithm is the calculation of
gradient components D, and Dy and absolute magnitude D.
In the second step, it is necessary to perform 8 294 400
arithmetic operations in the calculation of the gradient
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components, assuming the use of the 2D separable
convolution. The absolute magnitude D of the images with
different ¢ is shown in Fig. 2. The third step is the hysteresis
threshold and is shown in Fig.3. The fourth step is a non-
maximum suppression, which however was not performed
in the case of Fig. 1 due to unfavorable results.

Fig. 1(d) ITmage smoothing using the Gaussian filter: 6=3

Fig. 1(a) Original image

ma@ml

Fig. 1(e) Image smoothing using the Gaussian filter: 6=5

@i

Fig. 1(b) Image converted to grayscale format

Fig. 2(a) Edge detection of smoothed image: =1

Fig. 1(¢) Image smoothing using the Gaussian filter: c=1 Fig. 2(b) Edge detection of smoothed image: 6=3
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Fig. 2(c) Edge detection of smoothed image: 6=5

Fig. 3(c) Hysteresis thresholds after edge detection: 6=5
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Fig. 4-7 show the detection of edges using the Canny
edge detector as in the case of Fig. 1-3, but with the
difference that the non-maximum suppression algorithm
has been supplemented. The calculation of the non-
maximum suppression was performed on the basis of the
results given in [26,28]. Non-maximum suppression in the
case of edge detection of Fig. 1(a) did not achieve
satisfactory results. Fig. 5(a) was originally captured at a
resolution of 3000x4000 pixels and subsequently converted
to a resolution of 576x720 pixels. The Gaussian smoothing
and gradient components calculation time was the same as
in the case of Fig. 1(a). Sufficient background suppression
with preservation of object contours was achieved in the
case of Fig. 5(b) at the value 0=2. The time required to
apply Gaussian smoothing (6=2) was 31.3 ms, assuming
the use of 2D spatial separable convolution.

Fig. 4(a) Original image

Fig. 4(c) Image smoothing using the Gaussian filter: =1
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Fig. 4(d) Image smoothing using the Gaussian filter: c=2
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Fig. 5(b) Edge detection of smoothed image: 6=2
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Fig. 5(c) Edge detection of smoothed image: 6=5

Fig. 6(c) Hysteresis thresholds after edge detection: 6=5
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Fig. 7(a) Invert colors of image after the non-maximum
suppression and hysteresis thresholds: o=1

Fig. 7(b) Invert colors of image after the non-maximum
suppression and hysteresis thresholds: 6=2

Fig. 7(c¢) Invert colors of image after the non-maximum
suppression and hysteresis thresholds: 6=5

4. CONCLUSIONS

This work dealt with the analysis of the possibilities of
optimization of computational complexity and related
optimization of computation time of Canny edge detector.
Since the Canny edge detection algorithm requires the use
of several 2D convolutions, the optimization was focused
on the computational complexity of the 2D convolution, as
convolution is the most time-consuming operation. There
are several ways to optimize the computational complexity
of'a 2D convolution, such as using a fast Fourier transform
or using a 2D separable convolution. In this paper, the 2D
spatial separable convolution method was analyzed. The
most computationally complex part of the Canny edge
detector was the first part performing Gaussian smoothing.
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Using the value ¢ =3 in Gaussian smoothing, a saving of
268 323 840 arithmetic operations was achieved when
using a 2D spatial separable convolution compared to using
anormal 2D convolution. The time required to calculate the
Gaussian smoothing algorithm was 390.6 ms less when
using a separable convolution.
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