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ABSTRACT

Grey Level Co-occurrence Matrix (GLCM), one of the best

known tool for texture analysis, estimates image proper-

ties related to second-order statistics. These image prop-

erties commonly known as Haralick texture features can be

used for image classification, image segmentation, and re-

mote sensing applications. However, their computations are

highly intensive especially for very large images such as

medical ones. Therefore, methods to accelerate their com-

putations are highly desired. This paper proposes the use

of reconfigurable hardware to accelerate the calculation of

GLCM and Haralick texture features. The performances of

the proposed co-processor are then assessed and compared

against a microprocessor based solution.

1. INTRODUCTION

Image processing applications usually require the process-

ing of large amounts of data, especially after the introduc-

tion of multispectral and scanscope images [1, 2]. In mul-

tispectral images, instead of analysing conventional grey

scale or RGB color images, multiple bands of an object are

created using light from different parts of the spectrum [1].

Figure 1 shows two bands of a textured multispectral med-

ical image. In scanscope images, for a 15mm ∗ 15mm tis-

sue section, approximately 2.5 gigabytes (GB) of data must

be acquired. Much effort has therefore gone into designing

high performance architectures tailored to image processing

applications. This paper describes some results of a research

programme which aims to develop an Field Programmable

Gate Array (FPGA) co-processor for the classification of

tissue patterns in prostatic cancer using multispectral med-

ical images. Figure 2 shows the steps involved for prostate

cancer classification [1]. The first step of the algorithm is to

compute Grey Level Co-occurrence Matrix (GLCM) to ex-

tract Haralick texture features [3, 4, 5]. Step 2 involves the

normalisation of GLCM. The third step of the algorithm is

to compute texture features from normalised GLCM. Since

  

Fig. 1. Two bands of a multispectral image showing pathological

section of a prostate biopsy.
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Fig. 2. Algorithm for the classification of prostate tissue cancer.

different regions in tissue section images can be classified

as cancer or normal using texture features, therefore, these

features are measured in a large number of sub-regions in-

side each band of the multispectral image. Thus, for each

subregion, the computation of GLCM is required along with

the computation of texture features. Step 4 and 5 involve the

use of a classifier for classification [1].

The overall calculations for the computation of GLCM

and texture features are computationally intensive. For an

image of size 5000*5000 with 16 bands, the time required is

350 seconds using Pentium 4 machine running at 2400MHz.

75% of the total time spent is for the calculation of GLCM,

5% for the normalisation, 19% for the calculation of texture

features while 1% is for the classification using linear dis-

crimination. There are different images for each patient and

even the number of patients can vary. Thus, overall timing

requirements for the entire process are computationally in-

tensive. The Von Neumann style of fetch-operate-writeback

computation fails to exploit the inherent parallelism in com-

puting these features. Therefore, a hardware intensive par-

allel implementation is needed.

The aim of this paper is to investigate the use of FP-
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GAs to accelerate the computation of GLCM and texture

features. The target hardware for this work is Celoxica

RC1000-PP PCI based FPGA development board equipped

with a Xilinx XCV2000E Virtex FPGA having 19,200 slices

and 655,360 bits of block RAM, and four banks of static

RAM with 2MB each [6, 7].

The paper is organised as follows. Section 2 reviews

grey level co-occurrence matrix and texture features. Sec-

tion 3 describes the proposed system model. Experiments

and discussion are presented in Section 4. Section 5 con-

cludes the paper.

2. GLCM AND HARALICK TEXTURE FEATURES

GLCM, first introduced by Haralick [3], is a powerful tech-

nique for measuring texture features. The texture-context

information is specified by the matrix of relative frequencies

Pi,j with two neighboring pixels separated by displacement

d and an angle θ. The GLCM is calculated with the follow-

ing equation [5];

P (i, j, d, θ) = #{(x1, y1)(x2, y2)|f(x1, y1) = i,

f(x2, y2) = j, |(x1, y1) − (x2, y2)| = d,

6 ((x1, y1), (x2, y2)) = θ} (1)

where # is the number of occurrences inside the window

sizes where the intensity level of a pixel pair changes from

i to j, the location of the first pixel is (x1, y1) and that

of the second pixel is (x2, y2), d is the distance between

the pixel pair, θ is the angle between the two pixels. The

co-occurrence matrix so defined is not symmetric. If the

GLCM is calculated with symmetry, then only angles up to

1800 need to be considered. A symmetric co-occurrence

matrix can be computed by the expression P (i, j, d, θ)
′

=

(P (i, j, d, θ) + P (i, j, d, θ)T ) / 2 where P (i, j, d, θ)T is the

transpose of P (i, j, d, θ). Probability estimates are obtained

by dividing each entry in P (i, j, d, θ)
′

by the sum of all pos-

sible intensity changes with the distance d and direction θ.

2.1. Haralick Texture Features

Let P (i, j, d, θ) is a (normalised) frequency of occurrence

of grey level pair (i,j) at distance d and angle θ and Ng be

the number of gray levels.

f1(d, θ) = ASM =

Ng∑

i=1

Ng∑

j=1

P (i, j, d, θ)2 (2)

f2(d, θ) = µ =

Ng∑

i=1

Ng∑

j=1

iP (i, j, d, θ) (3)

f3(d, θ) = σ =

Ng∑

i=1

Ng∑

j=1

((i − µ)2P (i, j, d, θ))1/2 (4)

f4(d,θ) = Corr =

Ng∑

i=1

Ng∑

j=1

(i − µ)(j − µ)P (i, j, d, θ)2

σ2
(5)

f5(d,θ) = Cont =

Ng∑

i=1

Ng∑

j=1

(i − j)2P (i, j, d, θ) (6)

f6(d,θ) = Diss =

Ng∑

i=1

Ng∑

j=1

(i − j)P (i, j, d, θ) (7)

f7(d,θ) = Ent = −

Ng∑

i=1

Ng∑

j=1

P (i, j, d, θ) log P (i, j, d, θ) (8)

where ASM, µ, σ, Corr, Cont, Diss, Ent are angular second

moment, mean, variance, correlation, contrast, dissimilarity,

and entropy respectively.

3. PROPOSED SYSTEM MODEL

F P G AH O S T

HOST (Load Image and divide into

regions)

FPGA (Calculate Normalised Co-occurence

matrices for all regions

 with d={1,2,3,4} and θ =θ =θ =θ = (0, 45, 90, 135))

FPGA(Calculate Haralick Texture Features

for each co-occurence matrix)
 Results of Texture Features at Host

Further Image

Processing

(Classification etc)

Fig. 3. System Model.

The proposed system model for the entire process as

mentioned in Figure 2, is shown in Figure 3. At its most

basic level, the programming model for our image process-

ing machine is a host processor (typically a PC running

at 2.4GHz Pentium 4-based system, programmed in C++).

The host machine is working as a control unit that loads dif-

ferent inputs required for each stage in the external mem-

ory of the FPGA. In the first stage, the input to the FPGA

consists of different bands of multispectral images. Each

band B is divided into regions of size N*N. Experiments

have shown that the choice of N that equals to 128 exhibits

the best trade off in terms of good localization and accurate

measurements of texture features for the application at hand

[1]. The input to the second stage are B*R co-occurrence

matrices of size Ng ∗Ng
1 with distance d = {1, 2, 3, 4} and

θ = {0o, 45o, 90o, 135o} where B is the number of bands

in multispectral image and R is the number of regions for

each band.

3.1. Proposed Architecture for Calculating GLCM

The block diagram for calculating GLCMs on FPGA is shown

in Figure 4. A novel architecture is proposed in which 16

co-occurrence matrices (d = {1,2,3,4} and θ = {0, 45, 90, 135}

1In this case Ng = 32
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8-bit grey scale image of size N*N
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d=1,θθθθ=0
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DISTRIBUTED RAM

More
Pixels Normalisation of GLCMs

Y N

Fig. 4. Block diagram for calculating GLCM on FPGA.

i.e. 4*4 GLCMs) for a band B and region R are calculated

in parallel. The input to the FPGA is the image region of

size N*N loaded into memory bank 0 for band B. The first

pixel i is read from memory bank 0. The same image region

is duplicated into the other 3 banks of SRAM to access 4

neighbor pixels in parallel of pixel i. Thus, all 16 neighbor

pixels are read in 4 clock cycles. The memory addresses for

all 16 GLCMs are calculated in parallel followed by updat-

ing the number of occurrences of pixels in co-occurrence

matrix. The process is repeated for each pixel of the en-

tire image. For the application at hand, the normalisation of

GLCMs is required. The flow diagram for the normalisation

of GLCMs is shown in Figure 5. For simplicity, the normal-

isation of only one GLCM (for d=0 and θ=0) is shown. All

other GLCMs are also normalised simultaneously.

GLCM (i*j matrix)

d=0,θ=0

P(i,,j) =

RAM[i+(j<<5)]

PT (i,,j) =

RAM[ j+(i<<5)]

Adder

Constant Multiplier Normalisation

Load result into

External Memory

More
Elements
in Matrix

RAM

SRAM

Register Register

Result

Yes No
Finish

Fig. 5. Flow Chart for the normalisation of GLCMs on FPGA.

In order to normalize the GLCM, element P (i, j, d, θ)
is first added with PT (i, j, d, θ). The result is then divided

by the expression (two times the sum of all possible inten-

sity changes with distance d and direction θ) to compute the

estimation of probability [5]. Since, the above expression is

constant, a constant multiplier is used instead of divider by

taking the reciprocal of the expression. The final result is

stored in the external memory. If there are more elements in

GLCM, the process is repeated. Other GLCMs are also nor-

malised simultaneously. Thus, all GLCMs are calculated

and normalised in parallel. The process of calculating and

normalising GLCM is then looped for different bands and

regions of a multispectral image.

3.2. Proposed Architecture for Haralick Texture Fea-

tures Computation

SRAM

GLCM for θθθθ = 0 GLCM for θ =45 θ =45 θ =45 θ =45 GLCM for θθθθ =90
GLCM for θθθθ

=135

Bank0 Bank2Bank1 Bank3

FPGA

Processing Unit 1 Processing Unit 2 Processing Unit 3 Processing Unit 4

Processing Unit

R
C

 1
0
0
0
- P

P

Loop Y times

HOST

SRAM (BANK 0)

f1,f2,...f7

Fig. 6. Block diagram for extracting Haralick features in FPGA.

The block diagram of the proposed architecture for ex-

tracting texture features on FPGA is shown in Figure 6.

Each processing unit consists of adders and multipliers as

shown in Figure 7 and is used to calculate the features de-

scribed in equations 2-8 for a particular angle θ. Each pro-

cessing unit operate in parallel. The final processing unit,

which consists of adders and shift registers, is used to cal-

culate the average of each feature computed at distance d

for different θ. This will result in 7 features mentioned in

section 2 at distance d for region R and band B. These fea-

tures are stored in SRAM (Bank 0). This process is looped

Y times where Y = 4 ∗ R ∗ B.

Figure 7 shows the block diagram of the processing unit

indicated in Figure 6. There are two stages in this block di-

agram. Mean, contrast, dissimilarity, and entropy are calcu-

lated in the first stage. Four Processing Elements (PEs) are

used for the calculation. These PEs, consisting of parallel

multipliers and adders, operate simultaneously. In order to

speed up the computation, the constants (i− j) and (i− j)2

of equations 6 and 7 are pre-computed and stored in ROMS.
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Log tables, which are stored in Block RAMS, are used for

the calculation of log function involved in the entropy com-

putation. Angular second moment, variance and correlation

are calculated in the second stage as variance and correla-

tion depend upon the mean value.

ROM

PE 
mean

ROM

PE 
diss

ROM

PE 
ent

ROM

PE 
con

PE 
var(1)

PE 
cor(1)

PE 
asm

PE 
var(2)

PE 
cor(2)

Divider

f
1

f
3

f
4

f
5

f
6

f
7

f
2

SRAM (Bank 0)

-
X +

X

Fig. 7. Block diagram of Processing Unit 1 as shown in Figure 6.

The other processing units 2-4 have the same architecture and are

executed in parallel.

The proposed architecture has been implemented by us-

ing Handel-C [6]. Handel-C is a truly innovative C-like lan-

guage for implementing algorithms in hardware.The output

from Handel-C is a file that is used to create the configura-

tion data for the FPGA.

4. EXPERIMENTS AND DISCUSSION

The original testing material consists of textured multispec-

tral images taken at 16 spectral channels (from 500nm to

650nm) [1]. Each of the original images is divided into a

region of size N ∗ N . Fixed point number representation is

used for the implementation.

Table 1 shows the execution time comparison between

µP-based and FPGA-based implementation for various im-

age sizes for the calculation of GLCM. The clock speed of

the FPGA architecture for calculating GLCM is 50MHz and

the area used (% of slices) is 59% while the clock speed for

Pentium 4 is 2400MHz. The result shows that the perfor-

mance of FPGA is approximately 5 times faster than that

of Pentium 4 PC even though the PC platform has a clock

speed which is 45 times faster. This performance improve-

ment is mainly due to the calculation of different GLCMs

in parallel.

Table 2 shows the execution time comparison between

µP-based and FPGA-based implementation for various im-

age sizes for the calculation of Haralick features. The result

shows that the performance of FPGA is approximately 7

Table 1. Execution Time in sec between µ-P and FPGA imple-

mentation for calculating GLCM.

Image Size (16 Bands) µ-P FPGA Speed-Up

512*512 3.0 0.63 4.75

1024*1024 11.9 2.5 4.75

2048*2048 47.6 10.0 4.75

times faster than Pentium 4 PC. This is mainly due to the

parallel architecture of FPGA that results in more multipli-

cations and additions on every clock cycle than Pentium 4.

The clock speed of this FPGA architecture is 45MHz and

the area used (% of slices) is 85%.

Table 2. Execution Time in sec between µ-P and FPGA imple-

mentation for calculating Haralick Texture Features.

Image Size µ-P based FPGA based Speed-Up

512*512 0.710 0.097 7.3

1024*1024 2.840 0.388 7.3

2048*2048 11.360 1.550 7.3

5. CONCLUSION

Reconfigurable devices are useful in many application in-
tensive problems such as image processing applications. This
paper has described the use of FPGA as a co-processor to
accelerate the computation of GLCMs and Haralick texture
features. Efficient architecture is proposed for their imple-
mentation. Results show that the FPGA has superior speed
performances when compared with a general-purpose pro-
cessor for the computation of GLCM and Haralick texture
features.
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