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Abstract

Feature extraction and similarity measurement are
two important operations in content-based image re-
trieval systems. We optimize and vectorize typical feature
extraction algorithms, mean and standard deviation,
and some similarity measurement functions such as the
Sum-of-Squared-Differences (SSD), the Sum-of-Absolute
Differences (SAD), and histogram intersection on a
general-purpose processor enhanced with SIMD ex-
tensions. In the straightforward implementation of the
mean and standard deviation, there are two passes, one
to compute the mean and one to compute the standard
deviation. We use a single-loop approach that computes
both the mean and the standard deviation in a single pass.
This technique yields a speedup of up to 1.85 over the
double-loop implementation. We vectorize the single-loop
implementation using the MMX and SSE2 extensions. The
vectorized versions improve performance by a factor of
up to 14.49. In addition, we vectorize the SSD, SAD, and
histogram intersection similarity measurements using SSE.
The vectorized versions provide a maximum speedup of
1.45, 2.33, and 5.24 for the SSD, the SAD, and histogram
intersection, respectively, over the optimized scalar imple-
mentations.

Keywords: Feature Extraction, Similarity Measurements,
Vectorization, SIMD.

1 Introduction

In a Content-Based Image Retrieval (CBIR) system, an
image is represented as a vector of features and the similar-
ity between images is determined by measuring the similar-
ity between feature vectors. In other words, feature extrac-
tion and similarity measurement are two important stages
in CBIR systems [5]. The mean and standard deviation fea-
tures are the most common features in CBIR systems. For

This research was supported in part by the Netherlands Organization for
Scientific Research (NWO).

example, in [14], it has been shown that the mean and stan-
dard deviation are efficient and effective features in repre-
senting images color distribution.

Among the different similarity measurements, the Eu-
clidean distance or Sum-of-Squared-Differences (SSD) and
the Sum-of-Absolute Differences (SAD) have been found
to be the most useful. For instance, in [16] eight similar-
ity measurements for image retrieval have been evaluated.
In terms of retrieval effectiveness and retrieval efficiency,
the SSD and SAD functions are better than other functions.
Histogram intersection is another similarity measurement
commonly used in CBIR systems [16, 4].

Our objective in this paper is to increase the operating
speed of CBIR systems by optimizing and vectorizing a
set of typical feature extraction algorithms, mean and stan-
dard deviation, and some similarity measurement functions
such as the SSD, the SAD, and histogram intersection. The
main reason for this is that time is critical in on-line CBIR
systems as the response time requires to be low for good
interactivity [3]. Since both feature extraction and simi-
larity measurement algorithms exhibit significant amounts
of data-level parallelism [11, 13], they could be imple-
mented using the Single-Instruction Multiple-Data (SIMD)
instructions supported by most General-Purpose Processors
(GPPs). In this paper we make the following contributions
compared to other works.

• We use a single-loop approach to compute the mean
and standard deviation features. In the straightforward
implementation, there are two passes, one to compute
the mean and the other to compute the standard de-
viation, while in the single-loop approach, there is a
single pass to compute both features. This technique
yields a speedup of up to 1.85 over the straightforward
implementation.

• In order to increase the performance of the single-loop
technique, we vectorize it using the MMX and SSE2
extensions. The vectorized implementations yield a
speedup of up to 14.49.
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• We vectorize the SSD, the SAD, and histogram in-
tersection similarity measurements using SSE. The
SIMD implementations improve performance by up to
1.45, 2.33, and 5.24 for the SSD, the SAD, and his-
togram intersection, respectively, over the optimized
scalar implementations.

This paper is organized as follows. Related work is dis-
cussed in Section 2. Section 3 describes the background
information about feature extraction, similarity measure-
ments, and some SIMD extensions such as MMX [9], SSE,
and SSE2 [10]. Section 4 discusses the single-loop algo-
rithm and its vectorization and Section 5 describes the vec-
torization of similarity measurement functions. Section 6
presents the performance results and, finally, conclusions
are drawn in Section 7.

2 Related Work

In this section, we discuss related work. We first discuss
some work related to accelerating feature extraction algo-
rithms. Then we discuss related acceleration techniques for
similarity measurements.

Histogram features are usually used in CBIR sys-
tems [4]. The vectorization of the histogram computation
is a challenging problem due to memory collisions [1]. Ko-
toulas et al. [7] have proposed a novel parallel hardware
architecture for local histogram comparison. An image is
divided into n subimages and a histogram is computed for
each subimage. A mean value is computed in order to deter-
mine the similarity between subimages. In addition, a par-
allel architecture has been proposed to calculate the features
of subimages independently. Shahbahrami et al. [12] have
proposed two techniques, hierarchical structure and parallel
comparators, to vectorize the histogram calculation using
SIMD instructions. In the hierarchical structure, they either
loaded or stored data from n locations at the same time us-
ing indexed load/store instructions. The parallel compara-
tors have been used to count the number of subwords that
are the same. After counting the number of subwords that
are the same, the results are added to the values in the his-
togram array simultaneously. Chung et al. [2] have focused
on multiple instruction multiple data machines to parallelize
the feature extraction algorithms, while we use SIMD archi-
tectures.

Many processor vendors have designed special-purpose
SIMD instructions to accelerate different similarity mea-
surements. Example is the SSE instruction psadbw [10]
which accelerates motion estimation based on the SAD
function. This instruction has limited usefulness except for
the motion estimation kernel [11]. Shahbahrami et al. [11]
have discussed the limitations of special-purpose instruc-
tions for similarity measurements supported by the SIMD
extensions. They have designed and implemented a few

new SIMD instructions using wider registers to implement
different similarity measurement functions. Recently, the
SSE4 extension supports special-purpose pabsb, pabsw,
and pabsd instructions for 8-, 16-, and 32-bit integers,
respectively, but there are no such instructions for single-
precision floating-point numbers.

3 Background

In this section, we briefly describe the straightforward
implementation of the mean and standard deviation, some
similarity measurement algorithms, and SIMD extensions.

3.1 Straightforward Implementation

The mean and standard deviation features of an N × M
image are computed using the following equations.

x̄ =

∑N−1
i=0

∑M−1
j=0 xij

NM
. (1)

δ =

√√√√ 1
NM

N−1∑
i=0

M−1∑
j=0

(xij − x̄)2. (2)

In these equations, xij represents the pixel value in row
i and column j, x̄ denotes the mean, and δ denotes the
standard deviation. As these equations show, there are two
passes to compute the mean and the standard deviation; one
to compute the mean and the other to compute the standard
deviation.

In a straightforward implementation, it is necessary that
whole images are stored in memory. This is because this
implementation requires two passes through the image pix-
els. It costs memory, bandwidth, and performance. For
example, when the images are large, this implementation
requires a large memory and this reduces performance. In
addition, some embedded devices such as Personal Digi-
tal Assistants (PDAs) do not have a large memory to store
whole images. Additionally, as image pixels already stored
in memory in two pass algorithm, this technique is not ap-
plicable for on-line processing. Consequently, the straight-
forward implementation is not appropriate for applications
such as searching image databases by content using PDA
devices and on-line processing [15]. Therefore, we use a
single-loop implementation to overcome this problem.

3.2 Similarity Measurements

Equations (3), (4), and (5) define the SSD, SAD, and
histogram intersection similarity measurements, respec-
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tively [4].

SSD(fq, ft) =
n−1∑
i=0

(fq[i] − ft[i])2. (3)

SAD(fq, ft) =
n−1∑
i=0

(|fq[i] − ft[i]|). (4)

intersection(fq, ft) =
n−1∑
i=0

min(fq[i] − ft[i]). (5)

Here fq = fq[0], fq[1], ..., fq[n] represents the query fea-
ture vector, ft = ft[0], ft[1], ..., ft[n] denotes the target
feature vector, and n is number of features in each feature
vector.

3.3 SIMD Extensions

In order to increase the performance of multimedia ap-
plications, GPPs vendors have enhanced their Instruction
Set Architectures (ISAs) with SIMD extensions. These ISA
extensions use the Subword Level Parallelism (SLP) con-
cept [8]. A subword is a smaller precision unit of data con-
tained within a word. In SLP, multiple subwords are packed
into a word and then whole the word is processed. In other
words, there are several data elements in a word and all el-
ements in that word can be processed in SIMD style.

Intel’s MMX [9] was the first SIMD extension to process
at most eight 8-bit data elements simultaneously. This ex-
tension supported only integer data types. It was followed
by Streaming SIMD Extensions (SSE) and SSE2 from In-
tel [10] to support integer as well as floating-point media
instructions. The SSE and SSE2 can process two 128-bit
wide operands in a single instruction.

4 Single-loop Approach to Compute Mean
and Deviation

This section discusses the single-loop approach to com-
pute the mean and the standard deviation and its vectoriza-
tion using the SSE2 extension.

4.1 Single-loop Algorithm

In the single-loop approach both the mean and the stan-
dard deviation features are computed in a single pass. The
following equations illustrate how these features can be

computed in a single pass for an N × M image.

δ2NM =
N−1∑
i=0

M−1∑
j=0

(x2
ij − 2xij x̄ + x̄2)

=
N−1∑
i=0

M−1∑
j=0

x2
ij − 2x̄

N−1∑
i=0

M−1∑
j=0

xij + NMx̄2

=
N−1∑
i=0

M−1∑
j=0

x2
ij − 2x̄NMx̄ + NMx̄2

=
N−1∑
i=0

M−1∑
j=0

x2
ij − NMx̄2

=
N−1∑
i=0

M−1∑
j=0

x2
ij − NM(

∑N−1
i=0

∑M−1
j=0 xij

NM
)2.

δ2 =
1

NM

N−1∑
i=0

M−1∑
j=0

x2
ij − (

∑N−1
i=0

∑M−1
j=0 xij

NM
)2.

δ =

√√√√ 1
NM

N−1∑
i=0

M−1∑
j=0

x2
ij − (

∑N−1
i=0

∑M−1
j=0 xij

NM
)2.(6)

Equation (6) shows that to calculate the standard deviation,
we should compute two values, the sum of squared pixel
values divided by the number of pixels and the square of
the sum of pixel values divided by the number of pixels.

4.2 Vectorization of Single-loop

The single-loop algorithm is mapped onto a GPP en-
hanced with SIMD extension. It loads several pixel values
using a single load instruction and process them simultane-
ously. The appropriate data type for vectorization depends
on the image size. The largest image size that we used in
this paper is 4096 × 4096. Hence, we need a 40-bit data
type for the sum of squared pixel values and a 32-bit data
type for the sum of pixel values as the following equations
show.

4095∑
i=0

4095∑
j=0

(255)2 < (212)2(28)2 = 240. (7)

4095∑
i=0

4095∑
j=0

255 < (212)228 = 232. (8)

We use 64-bit precision instead of 40-bit precision because
the latter precision does not match the available data types.
We implemented the single-loop approach using MMX as
well as SSE2. The MMX implementation uses 4 × 16-bit
SIMD instructions and the SSE implementation uses 8×16-
bit instructions. In the SSE2 implementation, in each iter-
ation of the inner loop, eight pixels are processed. First,
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eight pixel values are loaded into a media register using a
single SIMD instruction. Then, the sum of squared pixel
values and the sum of pixel values are computed by two
pmaddwd instructions. In the inner loop, 32-bit subwords
are employed, while in order to avoid overflow, 64-bit sub-
words are used in the outer loop. In other words, in the
outer loop, four 32-bit subwords are converted to two 64-bit
subwords.

5 Vectorization of Similarity Measurements

In this section, the vectorization of the SAD similarity
measurement is explained. The SIMD implementations of
the other similarity measurements are very similar.

As discussed in Section 2, SSE and SSE4 provide
special-purpose instructions for the SAD function for in-
teger values, but there are no such instructions for floating-
point values. Because the elements of the feature vectors are
floating-point values, we should synthesize the SAD func-
tion by other SIMD instructions such as subtraction, com-
parison, and logical instructions. The SSE implementation
of the SAD similarity measurement has two loops. In the
inner loop, there are two SIMD load instructions, one for
loading four elements of the target feature vector and the
other for loading four elements of the query feature vec-
tor. Then the SAD of these two 4-elements single-precision
floating-point vectors is computed. After finishing the ex-
ecution of the inner loop, the four partial sums in a media
register are summed using six instructions. The final result
is stored in an element of the output vector. This procedure
is repeated for other target feature vectors as well.

6 Performance Evaluation

In this section, the performance improvement of the
single-loop approach and the SIMD implementations over
the straightforward and scalar implementations is evaluated.

6.1 Experimental Environments

We assume that features of the target images are stored as
a two-dimensional array of single-precision floating-point
elements. In other words, a feature database is considered as
a two-dimensional array. Each row of this array corresponds
to a target image feature vector. The number of rows is the
same as the number of target images. In addition, a separate
feature vector for the query image is considered. All feature
vectors have 512 data elements.

Two versions of each function were implemented: one
in C and one in assembly using SIMD extensions. The
different versions of each function employ the same algo-
rithm and data types. Each program consists of three parts,
for reading the input data, for performing the computation,
and for storing the calculated data. Only the computation

Processor Intel Pentium 4

CPU Clock Speed 3.0GHz
L1 Data Cache 8 KBytes, 4-way set associative,

64 Bytes line size
L2 Cache 512 KBytes, 8-way set associative,

64 Bytes line size, On Chip

Table 1. Parameters of the experimental plat-
form.

Figure 1. Speedup of the single-loop imple-
mentation over the double-pass implementa-
tion on the Pentium 4 processor for various
image sizes.

part was implemented in MMX, SSE2, and SSE and only
the time taken by this part is reported. The single-loop al-
gorithm has been implemented using 4- and 8-way paral-
lel SIMD instructions by the MMX and SSE2 extensions,
respectively. The similarity measurement algorithms have
been implemented using the 4-way parallelism supported
by the SSE extension. In addition, we have used the same
input data for all C and SIMD implementations.

All C programs were compiled using gcc with optimiza-
tion level -O2. As experimental platform a 3.0GHz Pen-
tium 4 processor was employed. The main architectural pa-
rameters of this system are summarized in Table 1.

All programs were executed on a lightly loaded sys-
tem. Performance was measured using the IA-32 cycle
counter [6]. In order to eliminate the effects of context
switching and compulsory cache misses, the K-best mea-
surement scheme and a warmed up cache were used.

6.2 Performance Evaluation Results

Figure 1 depicts the speedup of the single-loop imple-
mentation over the double-pass implementation on the Pen-
tium 4 processor for various image sizes. The average
speedup is 1.78. As the figure shows, the image size does
not significantly impact the performance.

Figure 2 depicts the speedup of the 8-way parallel SSE2
implementation of the single-loop approach over the scalar
version. The speedup ranges from 6.21 to 14.49. The fol-
lowing observations can be drawn from this figure. First,
the speedups are higher for small images (N ≤ 512) than
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Figure 2. Speedup of the 8-way parallel imple-
mentation of the single-loop algorithm over
the scalar version.

for larger images. Second, since the SIMD implementation
performs eight operations in one instruction, the expected
maximum speedup is 8. However, the attained speedups for
small images (N ≤ 512) are larger than 8 and for other im-
age sizes they are smaller than 8. These behaviors can be
explained as follows. When N ≤ 512, all reads almost hit
either the L1 or the L2 data caches. Hence the speedups ob-
tained for these image sizes are the speedups resulting from
SIMD vectorization. SIMD instructions reduce the number
of memory accesses, ALU instructions, and instruction de-
coding compared to the scalar implementation. In addition,
SIMD instructions eliminate a significant number of loop
overhead instructions, which increment or decrement index
and address values. Additionally, this implementation uses
short vector load and store instructions (16 bytes) while the
C implementation loads two bytes in each load instruction.
When N > 512 the speedup decreases because the SIMD
implementation has become memory-bound. This means
that the SIMD implementation incurs more memory stall
cycles than the scalar implementation. This is because the
SIMD implementation performs more ALU and multiplica-
tion operations in a single instruction and this significantly
reduces the CPU component of the execution time. In other
words, due to the SIMD implementation, the time spent in
the computation part is relatively lower than the time spent
in memory accesses.

To validate this claim, Figure 3 depicts the speedup of the
8-way parallel implementation of the single-loop approach
over the 4-way parallel implementation. The speedup for
small images (N < 512) is larger than 1.5, while for larger
image sizes the average speedup is 1.11. This means that
the performance does not scale very well for large image
sizes compared to small image sizes.

In general, the straightforward and single-loop imple-
mentations need 28.17 and 16.01 cycles, respectively, to
process one image pixel, while the 4- and 8-way SIMD im-
plementations require 2.34 and 1.87 cycles, respectively.

Figure 4 depicts the speedups of the 4-way SIMD im-
plementations of the different similarity measurements over
the corresponding scalar versions for various number of fea-

Figure 3. Speedup of the 8-way parallel imple-
mentation of the single-loop approach over
the 4-way parallel implementation.

Figure 4. Speedup of the SIMD implemen-
tations of the different similarity measure-
ments over the corresponding scalar imple-
mentations for different number of feature
vectors. Each feature vector has 512 data el-
ements.

ture vectors. The speedups range from 1.25 to 1.45 for the
SSD, from 5.54 to 6.20 for SAD, and from 5.71 to 7.08
for histogram intersection. The speedups of the two lat-
ter implementations are larger than the former implemen-
tation. This is because there are conditional instructions in
the scalar implementations of the SAD and histogram in-
tersection functions, while in the C implementation of the
SSD function, there are no such instructions. Conditional
instructions can reduce the number of instructions per cy-
cle (IPC) and this limits performance. Our results show that
the C implementation of the SSD function is on average
5.53 and 4.59 times faster than the C implementations of the
SAD and histogram intersection functions, respectively. In
addition, the SIMD implementation of histogram intersec-
tion is on average 1.35 and 1.05 times faster than the SIMD
implementation of SAD and SSD functions, respectively.

The SIMD implementation of the histogram intersection
has four SIMD instructions in the inner loop, two SIMD
load instructions and two SIMD ALU instructions, while
the SIMD implementation of the SAD uses 13 instructions.
This is the main reason why the speedups for the histogram
intersection function are larger than the SAD. The speedups
for the SSD are less than the other functions because it is
memory-bound as has been discussed.

We have optimized the C implementations of the SAD
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Figure 5. Speedup of the SIMD implemen-
tations of different similarity measurements
over corresponding optimized scalar ver-
sions for different feature vectors that each
of them has 512 data elements.

and histogram intersection functions. The conditional in-
structions have been replaced by unconditional instructions.
The optimized C versions of the SAD and histogram inter-
section are 2.53 and 1.34 times faster than the correspond-
ing unoptimized versions. Figure 5 depicts the speedups of
the SIMD implementations of different similarity measure-
ments over the corresponding optimized scalar versions.
For the SAD function, the speedup ranges from 2.21 to 2.33,
while the speedups for histogram intersection range from
4.27 to 5.24. The speedups of the SSD function are the
same as the previous figure. As can be seen the speedups
of the SAD and histogram intersection reduced compared
to Figure 4.

In general, vectorized versions of the similarity measure-
ment functions are memory intensive because they require
two feature vectors: one for query image and the other for
the target images.

7 Conclusions

We optimized and vectorized typical feature extrac-
tion algorithms, the mean and standard deviation, and
some similarity measurement functions such as Sum-of-
Squared-Differences (SSD), the Sum-of-Absolute Differ-
ences (SAD) and histogram intersection in this paper. Fea-
ture extraction and similarity measurement are two impor-
tant functions in content-based image retrieval systems. We
used the single-loop approach that has one pass to compute
both mean and standard deviation features together. This
technique yields a speedup of up to 1.85 over the straightfor-
ward implementation. The straightforward implementation
has two passes, one to compute the mean and the other to
compute the standard deviation. We vectorized the single-
loop algorithm using the MMX and SSE2 extensions. The
vectorized versions improve performance by a factor of up
to 14.49. In addition, we vectorized the SSD, SAD, and
histogram intersection functions. The vectorized versions
provide a maximum speedup of 1.45, 2.33, and 5.24 for the
SSD, SAD, and histogram intersection, respectively, over

the optimized scalar implementations.
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