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Abstract

Summed area table algorithm has been used to accelerate some computer vision and signal
processing algorithms. In this study, the performance of the sequential summed area table al-
gorithms and box filter algorithm with and without summed area table algorithm is examined
by taking account of effect of C/C++ compilers. Three variants of sequential summed area
table algorithm are included into the study. Loop invariant code motion and loop unrolling
optimization techniques are applied to one of them. The performance of GNU Compiler Col-
lection (GCC ) and Intel C/C++ Compiler (ICC ) on both Windows and Ubuntu and Visual
C++ (CL) compiler on Windows by using the summed area table and box filter algorithms
are compared. Result of the study reveals that Intel C/C++ Compiler (ICC ) perform best on
Ubuntu with respect to others for sequential summed area table and box filter algorithm. The
performance of summed area table calculation which utilizes Viola-Jones Equation by using a
scalar accumulator outperforms other summed area table algorithms.

Keywords: Summed Area Table, Integral Image, Box Filter, Optimization, Compiler

1 Introduction

Computer vision algorithms require processing a large amount of input data that is retrieved from
an image. Robust and accurate algorithms impose high computational complexity. However, there
is a trade-off between robustness and efficiency, i.e, the run-time speed of an algorithm. Efficiency
plays an important role in time-critical applications [42] or in real-time applications such as robotics,
surveillance and augmented reality. There has been a huge amount of research activity in the lit-
erature to keep efficiency as high as possible without compromising the robustness and accuracy.
Research activities that are aiming to leverage the efficiency can be divided into two main group [27];
the algorithmic studies and the hardware architectural studies. Using a Monte-Carlo type speed-up
technique to reduce the time-complexity of the least-median-of squares method for regression analysis
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(fitting a model to noisy data) in computer vision [30] and using the summed area table calculation
to reduce the time-complexity of the texture mapping algorithm [8] can be given as examples of the
algorithmic studies. On the other hand, the hardware architectural studies try to harness as much
as possible the power of micro-architecture of modern processors. The objective of these studies is
converting the algorithms to parallel architecture to take advantage of the multi-core architecture
of the processors [13] and mapping the algorithm as suitable as it to fit the underlying memory
hierarchy of the micro-architectures [31, 34, 25].

Summed area table has been widely used to accelerate the processing time of various computer
vision algorithms since it is first introduced by Crow [8] for texture filtering. However, its implemen-
tation in computer vision algorithms was escalated when Viola-Jones [44] used it as an intermediate
transformation within the face detection algorithm. Since then, its most popular implementation is
its utilization within Speeded-Up Robust Features (SURF) extraction [3], which is one of the most
prominent object detection algorithms. On the other hand, we can mention some other studies that
are utilizing the summed area table for reducing the cost of computation of their algorithm. Kasagi
et al [22] used it to accelerate the image classification algorithm which utilizes convolutional neural
networks (CNNs). Lewis [26] benefits from summed area table computation in template matching
algorithm. Yuan [45] proposed an accumulative motion model based on the summed area table for
video smoke detection. Chen and Cheng [6] utilized summed area table to accelerate the computation
of the singularity analysis in characterizing mineralization and predicting mineral deposit. Venter et
al [43] employed summed area table in digital signal processing to detect an object by using electro-
magnetic waves. As it is summarized here, the summed area table has a vast application domain not
only in computer vision but also in signal processing because of its positive effect on the execution
performance of algorithms.

Summed area table reduces computational complexity and provides a considerable speed gain.
However, its calculation still imposes a performance degradation for, especially, large size images [10].
Therefore, there have been also research activities to accelerate or optimize the summed area table
calculation. These studies are focusing on how efficiently the summed area table can be calculated on
multicore processors. Optimal parallel summed area table studies implements two successive prefix-
sum; row-wise prefix sum and column-wise prefix sum [5, 41]. Parallel prefix sum or scan is one of the
most important parallel primitives for parallel algorithms for building data structure, sorting [16] as
well as the summed area table. Parallel algorithm studies for summed area table computation mainly
tries to harness the power of modern GPUs [21, 35]. These studies deal with problems such as shared
memory bank conflicts, cache misses as well as uncoelesced or strided global memory access [37].
Apart from studies, those are utilizing the parallel prefix sum on GPUs, targeting to the real-time
embedded vision system, Ehsan et al [10] proposed a method to calculate summed area table in a
manner of row parallel way by decomposing the recursive equations of Viola-Jones [44]. They also
deal with the storage problem [4] of summed area table in real time embedded vision system.

In the context of obtaining high performance from an algorithm, compiler optimization can also be
considered to be one of the main research streams. Modern programming languages have been increas-
ingly developing towards to more abstract level so that they don’t require to be aware of the details
of the underlying micro-architecture by providing high-level logic and mathematics tools to generate
algorithms [29]. Consequently, an increasing level of abstraction from the micro-architectures puts
an increasing strain on the compiler to generate best assembly code from the high-level code written
by the programmers. However C language still remains one of the closest programming languages
to the machine language whilst C++ has been moving towards to be more abstract level [39].

Compilers are building executable from the source code by implementing some combination of
optimization for the target micro-architecture. Of course, the performance of the compilers varies
from each other. Code developers sometimes choose a compiler only for their convenience without
being aware of the dominant effect of the compilers on software performance. So that, comparison of
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different compilers according to the run-time performance of their executable is important and have
been studied and analyzed in the literature. Machado at al [28] statistically analyzed the level of the
optimization of GCC and ICC with the multithreaded algorithms on two distinct but compatible
processors (Intel Xeon and AMD Opteron). They evaluate the performance with the execution time
of the algorithm which achieves in run-time on Ubuntu operating system. However, their search space
is very large and it is not easy to come up with a conclusion even with using statistical analysis.
Karna at al [20] analyzed the compiler effect on the context of software reliability under UNIX
based Fedora operating system by using some metrics such as time for compilation, generated code
size and so on. The compilers they included in their study are Intel C/C++ Compiler (ICC ), GNU
Compiler Collection (GCC ), Low Level Virtual Machine (LLVM ), Sun Studio, and PGI Workstation.
Algorithms from the SPEC CPU2006 are used for the benchmarking. They concluded that GCC
shows more reliable performance with respect to other compilers and PGI outperforms ICC on
Fedora operating system. Almomany et al [1] evaluated the performance of some algorithms from
the PARSEC benchmark suites according to GCC and ICC on Ubuntu operating system. They
concluded that ICC outperforms GCC in terms of the run-time speed-up of compiler’s executable.
Han [15] evaluated the performance of some algorithms from SPEC CPU2006 benchmark suite
according to different optimization flag of GCC on Windows operating system. The research on
this paper is not enough to provide any conclusive evidence. Fourment and Gillings [12] evaluated
some standard bioinformatics algorithms according to six different programming language on both
Windows and Linux operating system. They observed that the performance of C/C++ is fastest
and there is no clear evidence that distinguishes the performance on Windows and Linux. However,
they do not take account of any possible effect of C/C++ compilers and their optimization option
flags on the performance.

The primary objective of this study is to measure and compare the performance of sequential
summed area table algorithms and box filter calculation with and without using summed area tables.
Three different sequential summed area table algorithms are given; Algorithm 1 is using computa-
tion of Viola-Jones equations, Algorithm 2 is utilizing the reduced form of Viola-Jones equations,
Algorithm 3 is a variant of Algorithm 1, which is utilizing a scalar accumulator with Viola-Jones
equations.. Some classic optimization techniques, loop invariant code motion and loop unrolling,
are applied to one of them. Performance of algorithms is measured and compared. Raw execution
time measurement for each repetitive iteration is filtered by using Singular Spectrum Analysis before
taking the average of each iteration. Measurement are carried out with GNU Compiler Collection
(GCC ), Intel C/C++ Compiler (ICC ) on both Windows and Ubuntu and also Visual C++ Com-
piler (CL) on Windows operating system. So that this study provide an insight into the performance
of three distinct compiler (GCC, ICC, and CL) as well as what makes different about working on
Windows and Ubuntu in terms of the performance. Facciola et al [11] tested the performance of three
different versions of the sequential summed area table algorithms with some C/C++compilers on
various processors. They reported that the algorithm of Viola-Jones Equations using a scalar accu-
mulator outperforms other algorithms for all compilers. However, they did not include the algorithm
of the reduced form of Viola-Jones Equations. Moreover, a cross-comparison of the performance of
the compilers on the algorithms was not reported. As we see some researcher or code developer
refer to different summed area table algorithms, this study also can be a guide for the selection of a
summed area table algorithm in terms of the performance.
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2 Summed Area Table

2.1 Definition

A summed-area table of a gray scale image is an array (or a matrix) in which each entry value
representing the sum of all intensities above and to left of the corresponding pixels of the images
[32, 8, 17] (see Fig. 1 (b)). More formally, a summed area table S of an image I can be expressed
by

S(x, y) =
∑
i≤W

∑
j≤H

I(i, j) (1)

where W and H respectively are width and height of the image. Once the summed area table has
been obtained, sum of all intensities over an arbitrary rectangular region of image can be easily
recovered by taking a sum and two differences with only four memory access from the summed area
table array references [44]. Computational complexity of this calculation is irrelevant to size of the
rectangular region [3, 19] and the calculation can be realized in O(1) time [35]. More specifically,
let I1 is an arbitrary rectangular region of image I, or I1 ⊆ I. And, S1 is the rectangular region of
summed area table S, S1 ⊆ S, which is corresponding to I1 ⊆ I. Then, sum of all intensities over I1
can be calculated by ∑

i,j

I1(i, j) = P1 − P2 − P3 + P4 (2)

where P1, P2, P3 and P4 are the values on the border of S1 (see Fig. 1 (a)).

2.2 Sequential Algorithms and Optimization

Sequential summed area table computation can be formulated with equations of Viola-Jones [44] as
follows;

P (x, y) = P (x, y − 1) + I(x− 1, y − 1) (3)

S(x, y) = S(x− 1, y) + P (x, y) (4)

where I is input image, P is row-wise prefix sum (or scan), S is summed area table. It should also be
noted that P (x, 0) = S(0, y) = 0, x = 1...H, y = 1...W , W and H respectively stand for width and
height of the input image. Equation 3 and equation 4 can be reduced to only one equation [33, 6].
If we input equation 3 into equation 4, we obtain;

S(x, y) = S(x− 1, y) + P (x, y − 1) + I(x− 1, y − 1) (5)

On the other hand, by rearranging equation (4);

P (x, y − 1) = S(x, y − 1)− S(x− 1, y − 1) (6)

Than, if we input equation (6) into equation (5), finally we obtain;

S(x, y) = S(x− 1, y) + S(x, y − 1)− S(x− 1, y − 1) + I(x− 1, y − 1) (7)

where x = 1...H, y = 1...W , W and H respectively stand for width and height of the input image.
Furthermore, width and height of the summed area table are respectively expanded to (W + 1) and
(H + 1). It should also be noted that all entries of summed area table are initialized to the zero so
that entries in first row and the column remain zero after computation. This case can be expressed
as S(0, y) = S(x, 0) = 0.

4



Cross-comparison of the Performance of Sequential Summed Area Table and Box Filter Algorithms with respect to C/C++ Compilers

∑
P1

P2

P3

P4 S1I1

Image (I) Summed Area Table (S)

∑
i,j

I1(i, j) = P1 − P2 − P3 + P4

(a)

1 3 5

3 1 4

5 6 4

0 0 0 0

0

0

0

1 4 9

4 8 17

9 19 32

Image (I) Summed Area Table (S)

S(4, 4) = I(3, 3) + S(3, 4) + S(4, 3) - S(3, 3)
(b)

Figure 1: (a) Sum of all intensities over an arbitrary rectangular region of the image can be easily
recovered by taking a sum and two differences from the summed area table with only four memory
access [44, 23]. Time requiring for this calculation does not depend on the size of rectangular region
[3] and the calculation can be realized in O(1) time [19]. (b) Each entry of summed area table is
the sum of all intensities above and to the left of the corresponding pixels of the images. This figure
illustrates the sequential summed area table computation according to Equation 7. Green and blue
entries of S count up twice pixels in the green traced area of I, so that green entry of S which
corresponds with the green traced area of I is subtracted according to Equation 7.
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Viola-Jones equations (equation (3) and (4)) and their reduced form , equation (7), produces same
result. However they describe two different algorithm. Their memory access patterns are different.
Equation (7) becomes more easier to illustrate summed area table calculation. Fig. 1 (b) illustrates
summed area table calculation according to equation (7).

Algorithm 1 and Algorithm 2 shows serial summed area table computation according to respec-
tively Viola-Jones equations and their reduced form. Algorithm 1 utilizes an intermediate array to
store the row-wise prefix sum of an input image ( this is denoted by P ). However, this is wasting
memory resources and hinders the performance. Instead of that, a scalar accumulator [11] can be used
to store row-wise prefix sum for the only current iteration. Algorithm 3 utilizes this consideration.

Loop invariant code motion and loop unrolling are commonly employed common sense opti-
mization techniques. Loop invariant code motion or elimination of common sub-expression is an
optimization of that aim is saving time by calculating loop invariant expressions and assigning them
to temporary variables before a piece of code inside a loop that uses those parts is executed [14]. Loop
unrolling is another optimization technique that is attempting to increase the execution performance
by minimizing the cost of loop overhead such as testing the termination conditions, updating loop
counter variables as well as hiding latency of reading data from memory [38]. To overcome this loop
overhead, the necessary code within the loop can be rewritten multiple times, and accordingly, the
counters and conditions can be updated. There is a trade-off between the loop unrolling factor, that
is the number of times the loop is unrolled, and the code size. The best unrolling factor can only be
determined by measurement [24].

Algorithm 4 is optimized version of Algorithm 3 by using loop invariant code motion and loop
unrolling techniques. There are two loops of which outer loop is indexing rows with variable y, and
the inner loop is indexing columns with variable x. In Algorithm 4, outer loop dependent calculations
those are using variable y are moved out from the inner loop. These calculations are assigned to
variables (a, a1, b, b1, c, and c1). So that they are calculated before inner-loop starts. This is
implementation of loop invariant code motion technique. Furthermore, both loops are unrolled two
times. Two scalar accumulator variables (sum and sum0) are defined and are assigned to zero before
the inner loop starts because the inner loop which is indexing columns is unrolled two times. So
that, when the code inside the inner loop is executed, two summed area table variables are calculated
for every two adjacent rows. Therefore, for each iteration, four summed area table variables are
calculated in the total. This loop unrolling procedure is shorten loop iteration number four times.
After these two optimization techniques, we can expect some performance gain from Algorithm 4
with respect to Algorithm 3.

Algorithm 1 Summed Area Table: Vectorized Viola-Jones Equations

Input: I : one dimensional array for input image data with size WxH
Output: S: one dimensional array for summed area table data with size (W + 1)x(H + 1)

1: Initialize all summed area table data to zero
2: Define a one dimensional array for P with size (W + 1)x(H + 1) and initialize to zero.

3: for y = 1; y <= H; y + + do
4: for x = 1; x <= W ; x + + do
5: P [x + y ∗ (W + 1)] ← I[(y − 1) ∗W + x− 1] + P [x− 1 + y ∗ (W + 1)]
6: S[x + y ∗ (W + 1)] ← S[x + (y − 1) ∗ (W + 1)] + P [x + y ∗ (W + 1)]
7:
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Algorithm 2 Summed Area Table: Reduced Form of Viola-Jones Equations

Input: I : one dimensional array for input image data with size WxH
Output: S: one dimensional array for summed area table data with size (W + 1)x(H + 1)

1: Initialize all summed area table data to zero

2: for y = 1; y <= H; y + + do
3: for x = 1; x <= W ; x + + do
4: S[x + y ∗ (W + 1)] ← S[x + (y − 1) ∗ (W + 1)]
5: +S[x− 1 + y ∗ (W + 1)]
6: −S[x− 1 + (y − 1) ∗ (W + 1)]
7: +I[x− 1 + (y − 1) ∗W ]

Algorithm 3 Summed Area Table: Viola-Jones Equation Using a Scalar Accumulator

Input: I : one dimensional array for input image data with size WxH
Output: S: one dimensional array for summed area table data with size (W + 1)x(H + 1)

1: Initialize all summed area table data to zero

2: for y = 1; y <= H; y + + do
3: sum ← 0
4: for x = 1; x <= W ; x + + do
5: sum ← I[(y − 1) ∗W + x− 1] + sum
6: S[x + y ∗ (W + 1)] ← S[x + (y − 1) ∗ (W + 1)] + sum
7:

Algorithm 4 Summed Area Table: Optimized Version of Algorithm-3

Input: I : one dimensional array for input image data with size WxH
Output: S: one dimensional array for summed area table data with size (W + 1)x(H + 1)

1: Initialize all summed area table data to zero

2: for y = 1; y <= H; y+ = 2 do
3: sum ← 0
4: sum1 ← 0
5: a ← W ∗ (y − 1)
6: a1 ← W ∗ y
7: b ← (W + 1) ∗ y
8: b1 ← (W + 1) ∗ (y + 1)
9: c ← (W + 1) ∗ (y − 1)

10: c1 ← b
11: for x = 1; x <= W ; x+ = 2 do
12: sum ← I[a + x− 1] + sum
13: S[x + b] ← S[x + c] + sum
14: sum ← I[(a + x] + sum
15: S[x + 1 + b)] ← S[x + 1 + c] + sum
16: sum1 ← I[a1 + x− 1] + sum1
17: S[x + b1] ← S[x + c1] + sum1
18: sum1 ← I[(a1 + x] + sum1
19: S[x + 1 + b1)] ← S[x + 1 + c1] + sum1
20:
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3 Application of Summed Area Table to Box Filter

p11 p12 p13

p21 p22 p23

p31 p32 p33

~ =

p11 p12 p13

p21 pf p23

p31 p32 p33

A B C

D E F

G H L

Raw Image Filtered Image

Convolution Mask

pf = Ap11 + Bp12 + Cp13 + Dp21 + Ep22 + Fp23 + Gp31 + Hp32 + Lp33

Figure 2: Illustration for the convolution operation by using a 3x3 convolution mask. The origin
of the convolution mask is the location of E and the weights A,B, ..., L are the values of h(−k,−l)
where k, l = −1, 0, 1.

Image filtering can be simply defined as preprocessing the image to obtain a more convenient form
for the further image processing operation. Linear filtering is an operation utilizing a local operator
or neighborhood operator [40] in which a pixel value of the output image is calculated by using some
collection of the pixel values in the predetermined vicinity of the corresponding input pixel1.

For such a filter, the output g(x, y) is the convolution of f(x, y), which is the raw entries of
the input image, with the weight kernel or convolution mask h(x, y). This convolution operation is
denoted by the operator ~ and is defined2

g(x, y) = f(x, y) ~ h(x, y)

=
n∑

k=1

m∑
l=1

f(k, l)h(x− k, j − l)
(8)

This convolution operation is illustrated in Figure 2 using a 3x3 kernel or convolution mask.
Box filter which is also called moving average or mean filter is the simplest form of the linear filter

in which a pixel value is substituted with the average value of the pixel values in a KxK window
centering the corresponding pixel location. For the box filter, convolution operation (Equation 8)
can be expressed as follows;

g(x, y) =
1

M

n∑
k=1

m∑
l=1

f(k, l) (9)

where M is the total number of pixels in the window. In case of the box filter, for a KxK window,

1What Is Image Filtering in the Spatial Domain?, https://www.mathworks.com/help/images/

what-is-image-filtering-in-the-spatial-domain.html (14 May 2019)
2Image Filtering, http://www.cse.usf.edu/~r1k/MachineVisionBook/MachineVision.files/MachineVision_

Chapter4.pdf (14 May 2019)
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convolution mask can be expressed as below;

h =
1

K2


1 1 . . . 1
1 1 . . . 1
...

...
. . .

...
1 1 . . . 1

 (10)

where all entries are identical to 1/K2. This convolution mask has an averaging effect on all intensities
over the window.

Noisy Image Filtered with 7x7 mask Filtered with 19x19 mask

Figure 3: Effect of box filter calculation with Lena image. To make the effect of box filter more
apparent, the image of the sub-window surrounding the eyes of Lena image is given below each
image. Noisy image is produced with salt and paper noise from the original Lena image. The size
of the image is 1024x1024. 7x7 and 19x19 window is created with respectively a1 = −3, a2 = 3 and
a1 = −9, a2 = 9 in Algorithm 5 or in Algorithm 6.

Box filter computation can be written as in Algorithm 5. In this algorithm, size of the window is
(a2−a1)x(a2−a1) ; a1, a2 ∈ N+, and a1 = a2. y and x indexes are starting from the minus value of a1,
so that the pixel value which is being processed is centered with convolution mask. Two innermost
loops are acting inside the window where all intensities are accumulated when those two loops are
terminated. When two innermost loops is terminated, the calculated sum is averaged by the size of
the window and written into the location in the array which is allocated for the filtered image data.
One limitation of this algorithm is that it does not calculate convolution on the left and bottom
edge of the image. These calculations3 are ignored at here. Increasing the window size results in a
greater amount of noise elimination, but on the contrary results in reduction on the image details
and features (see Figure 3).

The time complexity of the Algorithm 5 is O((KxK)x(WxH)) where WxH is the size of the
image and KxK is the size of the window. Therefore, for a given image at any size, increasing the
window size also increases the time complexity. Here is where the summed area tables come in handy.
The moving average of each window can be calculated with the pre-calculated summed area table
of a given image. Two innermost loops in Algorithm 5 calculates the average value of intensities

3Calculating a convolution of an Image with C++: Image Processing, https://www.programming-techniques.
com/2013/02/calculating-convolution-of-image-with-c_2.html (16 May 2019)
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inside the window. So that these loops can be replaced with the calculation which is expressed in
Equation 2 (consider Figure 1). Box filter computation with the summed area table is given in
Algorithm 6. This algorithm reduces the time complexity from O((KxK)x(WxH)) to O(WxH).

Algorithm 5 Box Filter Computation without Summed Area Table

Input: I : one dimensional array for input image data with size WxH
Output: F : one dimensional array for filtered image data with size WxH

1: for y = −a1; y <= (H − a2); y + + do
2: for x = −a1; x <= (W − a2); x + + do
3: sum ← 0
4: for yy = a1; yy <= a2; yy + + do
5: for xx = a1; xx <= a2; xx + + do
6: i ← x + xx
7: j ← y + yy
8: offset1 ← i + j ∗W
9: sum ← sum+I[offset1]

10: intensity ← sum/((a2− a1) ∗ (a2− a1))
11: offset2 ← x + a1 + (y + a1) ∗W
12: F [offset2] ← intensity

Algorithm 6 Box Filter Computation with Summed Area Table

Input: S : one dimensional array for Summed Area Table with size (W + 1)x((H + 1)
Output: F : one dimensional array for filtered image data with size WxH

1: for y = −a1; y < (H − a2); y + + do
2: for x = −a1; x < (W − a2); x + + do
3: sum ← S[x + a1 + (y + a1) ∗ (W + 1)]
4: −S[x + a1 + (a2− a1) + (y + a1) ∗ (W + 1)]
5: −S[x + a1 + (y + a1 + (a2− a1)) ∗ (W + 1)]
6: +S[x + a1 + (a2− a1) + (y + a1 + (a2− a1)) ∗ (W + 1)]
7: intensity ← sum/((a2− a1) ∗ (a2− a1))
8: offset ← x + a1 + (y + a1) ∗W
9: F [offset] ← intensity

4 Metarial and Methods

The experiments is performed in only one machine: Intel (R) Core(TM) i7-4710HQ CPU with
physical cores at 2.5GHz and 16GB of RAM and its system type is x64. Windows 10 and Ubuntu
16.04.05 LTS are installed on same machine.

Compilers’ name, abbreviation and their version used in this study on both Windows and Ubuntu
are given in Table 1. Compile option -O3 turns on high level optimization for both GCC and ICC.
For Visual C++ (CL) compiler, /O2 flag optimizes code for maximum speed. Performance of the
algorithms are tested with and without these compiler options.
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Table 1: Compilers used in this study.

OS Compiler Abbreviation Version
Windows GNU Compiler Collection GCC 5.1.0
Ubuntu GNU Compiler Collection GCC 5.4.0
Windows Intel C/C++ Compiler ICC 19.0.3.203
Ubuntu Intel C/C++ Compiler ICC 19.0.3.199
Windows Visual C++ CL 19.12.25831

Algorithm execution time is measured by using sys/time.h header file [7] on Ubuntu and by using
Windows.h header file - i.e based on Windows high-performance timers4 on Windows. Execution
time of an algorithm is measured inside a loop that iterates 1000 times and the execution time for
each iteration is saved. Saved data is filtered by using Singular Spectrum Analysis on Matlab. After
filtering, mean value of data is used to show the performance of algorithms.

The superiority of the singular spectrum analysis (SSA) over other filtering algorithms such as
Wigner function, discrete wavelet transform, splines as well as Butterworth filters is reported in
the literature [2]. A short description of the SSA algorithm can be found in this paper [36]. The
output of SSA algorithm relies on two parameters; L: the window length and r: the number of
largest eigenvalues those are explained the greater amount of variation and trend in the raw data
with respect to remaining eigenvalues.

Figure 4 show the raw and filtered execution time for each iteration of integral function of OpenCV
library. For this computation of SSA, L is 100 and r is 1 because first eigenvalue constitutes %99 of
all eigenvalues.
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Figure 4: Raw and filtered execution time of integral function of OpenCV

Only one input data size used in this study. Random double type numbers between the range of
0 − 255 with the size of 1024x1024 are created and used for all algorithms and for all tests in this

4Windows high-performance timers, https://github.com/GiovanniDicanio/StopwatchWin32/blob/master/

Stopwatch/Stopwatch.h (12 June 2019)
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study. For box filter calculation, the window size selected as a1 = −7 and a2 = 7 in Algorithm 5
and Algorithm 6.

Performance result of the compilers are labelled as follows; if none of the optimization flag is
used, then gcc, icc and cl are used to show the results of GCC,ICC and CL. If the optimization flag
is used, then gccO3, iccO3 and clO3 are used to show the results of GCC, ICC and CL.

5 Result

5.1 Performance of Summed Area Table Algorithms

Figure 5 and Figure 6 shows the performance of Summed Area Table Algorithms, those are given
in Sequential Algorithms and Optimization Section, when they are compiled with different compilers
with and without their optimization flags on both Windows and Ubuntu. From the perspective of
these figures, the compilers with their optimization flag produce far better result with respect to
the compilers without optimization flag except Intel Compiler (ICC ). Performance improvement of
ICC with its compile option O3 relative to ICC without any optimization flag is not notable in
these measurements. However, ICC produces approximately close performance to GCC with most
advanced optimization flag (O3 ) even when it compiled without any optimization flag. Microsoft
Visual C++ (CL) compiler with its most advanced optimization flag, O2, produces worst results
with respect to other compilers when they are compiled with their most advanced optimization flag
(O3 ).

Performance of Microsoft Visual C++ (CL) compiler with compile option O2 approximates the
performance of other compilers only in Algorithm 4 which is optimized version of Algorithm 3. The
optimization techniques applied in Algorithm 4, loop invariant code motion and loop unrolling tech-
niques, play a prominent role in Microsoft Visual C++ (CL) compiler. In GCC and ICC with
compile option of O3, the effect of optimization on Algorithm 4 is not notable. The effect of op-
timization techniques is also notable in GCC when it is compiled without any optimization flag.
However, the performance of GCC and ICC with optimization flag O3 in Algorithm 3 is close to
their performance in Algorithm 4, slightly better than the performance of Microsoft Visual C++
(CL) in Algorithm 4, and far better than the performance of GCC without any optimization flag in
Algorithm 3 and Algorithm 4. This indicates that GCC and ICC compiler intrinsically include the
optimization techniques applied in Algorithm 4, and it is unnecessary to apply these optimization
techniques by utilizing these compilers.

Acoording to Figure 7, which is the reduced form of Figure 5 and Figure 6 by omitting result of
GCC without optimization flag on both Windows and Ubuntu and also results of Microsoft Visual
C++ (CL) compiler, it can be said that the compilers, GCC and ICC, produce better result on
Ubuntu with respect to Windows. However the performance differences is very small between Ubuntu
and Windows.

Figure 8 shows the relative performance of Algorithm 1, Algorithm 2, Algorithm 3, and Algo-
rithm 4. Algorithm 1 is using computation of Viola-Jones equations (Equation 3 and Equation 4
). Algorithm 2 is utilizing the reduced form of Viola-Jones equations (Equation 7). Algorithm 3 is
a variant of Algorithm 1, which is utilizing a scalar accumulator with Viola-Jones equations. Al-
gorithm 4 is optimized version of Algorithm 3 with loop invariant code motion and loop unrolling
techniques. From the figure, it is clear that Algorithm 3, which is using a scalar accumulator with
Viola-Jones equations, produces a better result with respect to its vectorized version (Algorithm 1)
and the algorithm which is using the reduced form of Viola-Jones equations (Algorithm 2).
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Figure 5: Result of Summed Area Table Calculation with Algorithm 1 and Algorithm 2. The
performance of GCC and ICC with and without their optimization flag (O3 ) on both Ubuntu and
Windows and result of CL with and without its optimization flag (O2 ) on windows are given.
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Figure 6: Result of Summed Area Table Calculation with Algorithm 3 and Algorithm 4. The
performance of GCC and ICC with and without their optimization flag (O3 ) on both Ubuntu and
Windows and result of CL with and without its optimization flag (O2 ) on windows are given
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Ubuntu are given.
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Figure 8: Result of Summed Area Table Calculation of Algorithm 1 to Algorithm 4. Only the
performance of GCC with its optimization flag (O2 ) on Ubuntu and the performance of ICC with
and without its optimization flag on Ubuntu are given.

5.2 Box Filter Computation

Figure 9 shows the performance of box filter algorithms; Algorithm 5: box filter computation without
the summed area table, Algorithm 6: box filter computation with the summed area table. From the
figures it is again obvious that all compilers with their most advanced optimization flag produce
a considerable amount of speed-up except Intel Compiler (ICC). However, ICC with or without
optimization flag can reach, even outperform the performance of GCC with optimization flag O3.

From the Figure 10, which is the reduced form of Figure 9 by omitting results of GCC and CL
without their optimization flag, it is understood that the performance of the compilers with respect
to each other differs for Algorithm 5 and Algorithm 6. On Algorithm 5, CL shows close performance
to GCC. At this point, we recall that the time complexity of Algorithm 5 is O((KxK)x(WxH)) and
the time complexity of the Algorithm 6 is O(WxH). Hence there are considerable differences in the
performance of Algorithm 5 and Algorithm 6. On Algorithm 5 where the mean execution time is
high, it is more clear (because it is less affected from the measurement noise) that ICC produces
approximately two times better result on both Windows and Linux with respect to GCC and CL.
For Algorithm 6, where the time complexity is reduced, the pattern of the figure is changed. CL
produces the worst results with respect to others for this algorithm. ICC produces approximately
same result with GCC on Windows, however on Ubuntu produces 1.6 times better result with respect
to GCC.

Speed-up obtained with Algorithm 6 with respect to Algorithm 5 reaches up to 477 times accord-
ing to compiler , compiler option and operating system (see Figure 9 and see Figure 10). Table 2
shows the performance of Algorithm 3 and Algorithm 6 with respect to CL with compile option O2
and GCC and ICC with compile option O3 on both Windows and Ubuntu. It is clear that ICC
with compile option O3 on Ubuntu produces best result in total. Its performance is %25 better than
ICC with compile option O3 on Windows and GCC with compile option O3 on both Ubuntu and
Windows, and %100 better than CL with compile option O2 on Windows.

Figure 11 shows that raw and filtered execution time data for each iteration of summed area table
calculation (Algorithm 3) and box filter calculation by using summed area table (Algorithm 6) when
the algorithms are compiled by ICC with O3 compile option on both Windows and Ubuntu. From
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the raw and filtered data, it is clear that ICC on Ubuntu not only produces better performance but
also less fluctuates with respect to all data of Windows.

Table 2: Performance of Summed Area Table and Box Filter

OS Compiler Algorithm 3 Algorithm 6 Total
Windows clO2 2.2 3.8 6
Ubuntu iccO3 1.4 1.5 2.9
Windows iccO3 1.5 2.5 4
Ubuntu gcc03 1.4 2.5 3.9
Windows gccO3 1.5 2.5 4

6 Discussion and Conclusion

Efficiency, i.e, the run time speed of the computer vision algorithms is very important for real-time
applications such as robotics, surveillance and augmented reality. The algorithmic and hardware
architectural studies have been conducted to leverage the performance of computer vision algorithms.
Summed area table which can be categorized into the algorithmic studies has been used to accelerate
some computer vision and also signal processing algorithms in the literature. Some researchers also
conducted research into the hardware architectural studies to further accelerate the summed area
table algorithm. In this paper, the performance of the sequential summed area table algorithms and
box filter algorithm with and without summed area table algorithm is examined by taking account
of the effect of C/C++ compilers. So, this paper is also be considered to be a comparative study
of C/C++ compilers. The performance of GNU Compiler Collection (GCC ) and Intel C/C++
Compiler (ICC ) on both Windows and Ubuntu and Visual C++ (CL) compiler on Windows by
using the summed area table and box filter algorithms are compared.

The result of the present paper demonstrated that: (i) The performance of summed area table
calculation which utilizes Viola-Jones Equation by using a scalar accumulator (Algorithm 3) outper-
forms other algorithms of summed area table algorithms. (ii) Intel C/C++ Compiler (ICC ) with (or
without) its compile option O3 outperforms other compilers in total of the performance of summed
area table algorithm (Algorithm 3) and box filter algorithm (Algorithm 6). (iii) Performance of Intel
C/C++ Compiler (ICC ) on Ubuntu is better than the performence of it on Ubuntu with respect to
total performance of summed area table algorithm (Algorithm 3) and box filter algorithm (Algorithm
6) (iv) Loop invariant code motion and loop unrolling optimization techniques are not necessary to
accelerate algorithms if the GCC and ICC used with O3 compile option.

Summed area table provides a considerable speed gain in box filter calculation. However appli-
cation of summed area table to the linear filters are limited to box filters. Using non-uniform filters
such as the filter with Gaussian weighting can enhance the object detection algorithms [9]. Hussein
at al [18] extended the summed area table calculation so that a wide class of non-uniform filters can
be computed with it. In the future, we will examine performance of such studies in the context of
object detection.
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the evaluation of different high-performance computing platforms for hyperspectral imaging: An
opencl-based approach, IEEE Journal of Selected Topics in Applied Earth Observations and
Remote Sensing, 10 (2017), pp. 4879–4897.

[14] G. Hager and G. Wellein, Introduction to high performance computing for scientists and
engineers, CRC Press, 2010. ISBN 978-1-4398-1192-4.

[15] Y. Han, Application performance evaluation on different compiler optimizations, (ACSA) 410.
Vol. 2, No. 3, ISSN 2166–2924, (2013).

[16] M. Harris, S. Sengupta, and J.D. Owens, Parallel prefix sum (scan) with cuda, GPU
gems, 3 (2007), pp. 851–876.

[17] J. Hensley, T. Scheuermann, G. Coombe, M. Singh, and A. Lastra, Fast summed
area table generation and its applications, Computer Graphics Forum, 24 (2005), pp. 547–555.

[18] M. Hussein, F. Porikli, and L. Davis, Kernel integral images: A framework for fast non-
uniform filtering, in 2008 IEEE Conference on Computer Vision and Pattern Recognition, IEEE,
2008, pp. 1–8.

[19] J. Jiang, C. Liu, and S. Ling, An fpga implementation for real-time edge detection, Journal
of Real-Time Image Processing, 15 (2018), pp. 787–797.

[20] A.K. Karna and H. Zou, Cross comparison on c compilers’ reliability impact on unix based
fedora os, in 2010 10th IEEE International Conference on Computer and Information Technology,
IEEE, 2010, pp. 2952–2957.

[21] A. Kasagi, K. Nakano, and Y. Ito, Parallel algorithms for the summed area table on the
asynchronous hierarchical memory machine, with gpu implementations, in 2014 43rd Interna-
tional Conference on Parallel Processing, IEEE, 2014, pp. 251–260. http://dx.doi.org/10.

1109/ICPP.2014.34.

[22] A. Kasagi, T. Tabaru, and H. Tamura, Fast algorithm using summed area tables with uni-
fied layer performing convolution and average pooling, in 2017 IEEE 27th International Workshop
on Machine Learning for Signal Processing (MLSP), 2017, pp. 1–6. http://dx.doi.org/10.

1109/MLSP.2017.8168154.

21

http://dx.doi.org/10.1109/ICPP.2014.34
http://dx.doi.org/10.1109/ICPP.2014.34
http://dx.doi.org/10.1109/MLSP.2017.8168154
http://dx.doi.org/10.1109/MLSP.2017.8168154


Ali OZTURK, Ibrahim Cayiroglu

[23] G. Knittel, A. Schilling, A. Kugler, and W. Straßer, Hardware for superior texture
performance, Computers & Graphics, 20 (1996), pp. 475–581.

[24] J. Kukunas, Power and Performance: Software Analysis and Optimization, Morgan Kauf-
mann, 1th ed., 2015. ISBN 978-0-12-800726-6.

[25] M.S. Lam, E.E. Rothberg, and M.E. Wolf, The cache performance and optimizations
of blocked algorithms, in ACM SIGARCH Computer Architecture News, vol. 19, ACM, 1991,
pp. 63–74.

[26] J.P. Lewis, Fast template matching, Vision interface, 95 (1995), pp. 15–19.

[27] H. Liu, T. Hong, M. Herman, T. Camus, and R. Chellappa, Accuracy vs efficiency
trade-offs in optical flow algorithms, Computer vision and image understanding, 72 (1998),
pp. 271–286.

[28] R.S. Machado, R.B. Almeida, A.D. Jardim, A.M. Pernas, A.C. Yamin, and G.G.H.
Cavalheiro, Comparing performance of c compilers optimizations on different multicore ar-
chitectures, in 2017 International Symposium on Computer Architecture and High Performance
Computing Workshops (SBAC-PADW), IEEE, 2017, pp. 25–30.

[29] F. Mathieu and M.R. Gillings, A comparison of common programming languages used in
bioinformatics, BMC bioinformatics, 9 (2008), p. 82.

[30] P. Meer, D. Mintz, A. Rosenfeld, and D.Y Kim, Robust regression methods for computer
vision: A review, International journal of computer vision, 6 (1991), pp. 59–70.

[31] X. Mei and X. Chu, Dissecting gpu memory hierarchy through microbenchmarking, IEEE
Transactions on Parallel and Distributed Systems, 28 (2016), pp. 72–86.

[32] C. Messom and A. Barczak, Stream processing of integral images for real-time object de-
tection, in Parallel and Distributed Computing, Applications and Technologies (PDCAT), 2008,
pp. 405–412. http://dx.doi.org/10.1109/PDCAT.2008.46.

[33] T. Miftahushudur, D. Kurniawan, and A.B. Putra, Summed area table for optimiz-
ing of processing time on ca cfar algorithm, in 2015 International Conference on Radar, An-
tenna, Microwave, Electronics and Telecommunications (ICRAMET). IEEE,, 2015, pp. 109–113.
https://doi.org/10.1109/ICRAMET.2015.7380784.

[34] S. Mittal, A survey of recent prefetching techniques for processor caches, ACM Computing
Surveys (CSUR), 49 (2016), p. 35.

[35] K. Nakano, Optimal parallel algorithms for computing the sum, the prefix-sums, and the
summed area table on the memory machine models, IEICE TRANSACTIONS on Information
and Systems, 110 (2008), pp. 346–359.

[36] A. Ozturk, A. Tartar, B.E. Huseyinsinoglu, and A.H. Ertas, A clinically feasible
kinematic assessment method of upper extremity motor function impairment after stroke, Mea-
surement, 80 (2016), pp. 207–216.

[37] A. Papatriantafyllou and D. Sacharidis, High performance parallel summed-area table
kernels for multi-core and many-core systems, in European Conference on Parallel Processing,
Springer, 2016, pp. 306–318. https://doi.org/10.1007/978-3-319-43659-3_23.

22

http://dx.doi.org/10.1109/PDCAT.2008.46
https://doi.org/10.1109/ICRAMET.2015.7380784
https://doi.org/10.1007/978-3-319-43659-3_23


Cross-comparison of the Performance of Sequential Summed Area Table and Box Filter Algorithms with respect to C/C++ Compilers

[38] W.P. Peterson and P. Arbez, Introduction to parallel computing, Oxford University Press,
1th ed., 2004. ISBN 0198515766.

[39] A.D. Robison and P.F. Dubois, C++ gets faster for scientific computing, Computers in
Physics, 10 (1996), pp. 458–462.

[40] R. Szeliski, Computer Vision Algorithms and Applications, Springer, 2011. ISBN 978-1-84882-
934-3.

[41] H. Tokura, T. Fujita, K. Nakano, Y.Ito, and J.L. Bordim, Almost optimal column-wise
prefix-sum computation on the gpu, The Journal of Supercomputing, 74 (2018), pp. 1510–1521.

[42] T. Tuytelaars and K. Mikolajczyk, Local invariant feature detectors: a survey, Founda-
tions and trends R© in computer graphics and vision, 3 (2008), pp. 177–280.

[43] CJ. Venter, H. Grobler, and K.A. AlMalki, Implementation of the ca-cfar algorithm
for pulsed-doppler radar on a gpu architecture, in 2011 IEEE Jordan Conference on Applied
Electrical Engineering and Computing Technologies (AEECT), IEEE, 2011, pp. 1–6. http:

//dx.doi.org/10.1109/AEECT.2011.6132514.

[44] P. Viola and M.J. Jones, Robust real-time face detection, International journal of computer
vision, 57 (2004), pp. 137–154.

[45] F. Yuan, A fast accumulative motion orientation model based on integral image for video smoke
detection, Pattern Recognition Letters, 29 (2008), pp. 925–932.

23

http://dx.doi.org/10.1109/AEECT.2011.6132514
http://dx.doi.org/10.1109/AEECT.2011.6132514

	Introduction
	Summed Area Table
	Definition
	Sequential Algorithms and Optimization

	Application of Summed Area Table to Box Filter 
	Metarial and Methods
	Result
	Performance of Summed Area Table Algorithms
	Box Filter Computation

	Discussion and Conclusion

