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Abstract: One of the first methods for analyzing the texture of an image was proposed in 1979 by
Haralick, who introduced the co-occurrence matrix for calculating a set of image statistics. In this
paper we focus on novel texture descriptors extracted from the co-occurrence matrix. It is well
known that scale is important information in texture analysis, since the same texture can be
perceived as different patterns at distinct scales. In this work we present, compare and combine
different strategies for extending the texture descriptors extracted from the co-occurrence matrix at
multiple scales. The texture descriptors are used to train a support vector machine and some
different fusion techniques are compared. Our results are validated using seven image classification
problems (mainly medical image classification problems). Our results shown that we improve the
performance of the standard approaches. The code for the approaches tested in this paper is
available at: http://www.dei.unipd.it/wdyn/?IDsezione=3314&IDgruppo_pass=124&preview=.
Keywords: Texture descriptors, Co-occurrence matrix, Multiple scales strategy, Support vector
machine

1 Introduction
The increase in computational power of commonly available computers enabled research
centers and companies to face the world of computer vision at the beginning of this century. Image
acquisition, storage and fast processing was possible without the need for dedicated hardware and
expensive equipment. This is at the origin of the big boost that computer vision had on a high
number of applications [1-3], ranging from video surveillance for indoor and outdoor environments
to visual inspection of industrial products. Medical imaging is another field that is getting strong
interest by computer vision researchers: over the years, medical search engines and specialized
databases, such as HUGO, Rfam, and Cancer Cell Map were created. Machine vision technology
applied to these databases of images has the potential of rapidly accelerating scientific knowledge.
The development of novel and improved tools for automatic analysis and classification has already
shown its positive effects in clinical practice and in medical and biological research. In [3], for
example, the linear discriminant analysis of wavelet features is demonstrated to be effectively for
the detection of tumors in endoscopic images the linear discriminant analysis of wavelet features is
demonstrated to be effectively for the detection of tumors in endoscopic images. This can be used in
applications that range from traffic accident detection [4] to face identification and verification [5].
In [6], image texture information is used to successfully discriminate polyps in colonoscopy images.
The Local Binary Pattern (LBP) operator [7] is a tool that offers great performance thanks to its
simplicity, effectiveness, and robustness, and was successfully used for detecting a variety of
tumors and masses. In [8], for example, LBP was used to assign a Marsh-like score to endoscopical
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images of pediatric celiac diseases, thus providing concrete help for pathologists. In [9] a Support
Vector Machine (SVM) was coupled with the LBP operator to distinguish real masses from normal
parenchyma in mammographic images, thus reducing the incidence of false positive samples. LBP
can also be combined with other features and descriptors that are useful for data mining purposes.
In [10], for instance, LBP was used to explore brain magnetic resonance data, and in [11] the
authors demonstrated how a combination of LBP with other texture descriptors is effective in
classifying different cell phenotypes using SVM.
Image analysis and classification is often based on the analysis of texture. Texture is a concept
which is difficult to define, measure and compare, but provides strong information content: a
number of methods for managing texture have therefore been developed, based on very different
approaches. The most performing methods presented in the literature include the scale-invariant
feature transform (SIFT) [28], speeded up robust feature (SURF) [29], histogram of oriented
gradients (HOG) [30], gradient location and orientation histogram (GLOH) [31], region covariance
matrix (RCM) [32], edgelet [33], gray level co-occurrence matrix (GLCM) [34], local binary
patterns (LBP) [35], non-binary codings [19], color correlogram (CCG) [36], color coherence
vectors (CCV) [37], color indexing [38], steerable ﬁlters [39] and Gabor ﬁlters [40].
In this work we focus on GLCM, which is one of the most general approaches to texture
analysis, and was originally developed in 1979 for analyzing satellite images. This approach is
based on a set of features (descriptors) that are evaluated starting from a histogram, and has been
exploited by several research groups: to increase the discriminability of the descriptors, Gelzinis et
al. [41] consider simultaneously diﬀerent values of the distance parameter that influences the
GLCM. Walker et al. [42] have proposed co-occurrence matrix-based features by weighted
summation of GLCM elements from areas presenting high discrimination. Furthermore, addition of
color information has also been considered for co-occurrence matrices [43]. Multi-scale analysis
has also been performed using the GLCM. Hu [44] and Paciﬁci et al. [45] consider multiple scales
by changing the window size from which the GLCM descriptors are extracted. Rakwatin et al. [46]
propose to rescale the image to diﬀerent sizes, extracting co-occurrence descriptors from each size.
Nguyen-Duc et al. [47] have obtained improved results on content-based image retrieval employing
a combination of contourlet transform and GLCM. First, the contourlet transform is performed for
four subbands of the image, then the GLCM features are extracted from each one.
One of the main difficulties when analyzing texture is that results have a strong dependence on
resolution and scale, an effect that is much stronger with respect to e.g. edge-based approaches. The
aim of this work is to assess the performance improvement obtained using a multi-scale approach.
In the literature several multi-scales approaches are coupled with local binary pattern descriptors
[49,50]. Here our aim is to show that it is possible to improve the performance of the descriptors
extracted from the co-occurrence matrix coupling them with a multi-scale approach.
We extend [17] using very different image classification problems, and combine two different
ways for extracting features from the co-occurrence matrix (CM). Moreover we use a better
performing classifier: the support vector machine (SVM), instead of the weak nearest neighbor used
in [17].
We couple the multi-scale approach both with the standard method based on Haralick’s
features (HAR) for describing the CM and with a very recent method called SHAPE [16,18,27]
where features are extracted considering the co-occurrence matrix as a 3D shape. Two multi-scale
approaches are applied: Gaussian scale-space representation and an image pyramid.
Moreover, we report that the fusion between SHAPE-based features and HAR further boosts
the performance. Our experiments were validated across seven databases of very different
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classification problems (see section 3), our results are also compared with some state-of-the-art
descriptors.
The paper is organized as follows. In section 2 we describe our proposed approaches. In section
3 we describe the benchmark databases used to validate our approach. In section 4, we present our
experimental results, and in section 5 we conclude our paper with a few suggestions for further
research.

2 Proposed Approaches
The focus of the paper is on the descriptors based on the co-occurrence matrix (CM). Our goal
is to enhance the performance of the Haralick descriptor and of a set of recently proposed features
based on the analysis of the 3D shape of the co-occurrence matrix. Improvements are achieved by
means of a multi-scale approach that overcomes the main weakness of texture-based features, which
is the dependency on the scale, as previously discussed. Moreover different fusion approaches are
compared for improving the performance.
In the following sub-section 2.1 the texture descriptors are explained, in sub-section 2.2 the
different multi-scales approaches are detailed and in section 2.3 the support vector machine is
briefly explained.
2.1 Descriptors extracted from the co-occurrence matrix
The Gray Level Dependency Matrix (GLDM) [12,34] is a particular type of co-occurrence
matrix (CM) obtained as the histogram on a two-dimensional domain of dimension NGL×NGL, where
NGL is the number of gray levels in the image, usually 256. Such CM records the gray level
transitions between pixels. Each location on the histogram identifies a specific transition between
two values. The algorithm to evaluate the GLDM considers pixel couples in the source image: for
each one, the bin of the histogram whose coordinates are equal to the values of gray levels of the
two pixels is incremented. The way couples are determined depends on two parameters, d and θ,
that represent the distance of the two pixels and the direction on which they are aligned,
respectively.
In this work, four directions are considered: the horizontal (H), the vertical (V), the diagonal
top left-bottom right, or right-down (RD), and the top right-bottom left, or left-down (LD). For
example, values of d=1 and θ=0 cause pixels to be grouped in couples that are adjacent to each
other on the same row. The original image appears on the left-hand side, with the corresponding
GLDM on the right-hand side. It should be noted that the locations placed along the principal
diagonal of the GLMD represent transitions between two pixels of the same color because they
have coordinates with the same value for x and y. Moreover, pixels in the neighborhood of the
diagonal represent transitions between similar gray levels. Since pixel couples with similar color are
much more frequent than strong transitions, the GLDM has a large component on the diagonal and
in the neighboring region.
Since a GLDM records pixel transitions, it contains information about image texture. This
information is however in a raw form, and it is very complex to handle. As a result, the GLDM is
never used directly, but rather, a set of features (or indicators) are exploited to process the content
of the GLDM. The use of indicators was originally introduced together with the GLDM itself in
[43]. The selection of a good set of features that provides optimal information from the matrix for a
particular problem is crucial, because a wrong choice at this stage could lead to information loss or
to redundancy. It is then worth to investigate about novel indicators to describe GLDMs as they can
improve the performance of texture analysis.
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The first approach proposed in this paper, for measuring image texture, exploits some
indicators that were introduced in the original paper by Haralick [12]. This approach is referred to
as HAR. The following 13 features introduced by Haralick are exploited:
1. Energy
2. Correlation
3. Inertia
4. Entropy
5. Inverse difference moment
6. Sum average
7. Sum variance
8. Sum entropy
9. Difference average
10. Difference variance
11. Difference entropy
12. Information measure of correlation 1
13. Information measure of correlation 2
The second approach for measuring image texture is called SHAPE because it explores the
shape of the CM that is considered as a 3D function as illustrated in Figure 1. This approach was
originally proposed for crowd detection in [16]. The main idea is to intersect the GLDM with a set
of horizontal planes at given heights (see Figure 1-a), and develop a set of features based on the
contours obtained in this way. The intersection (see Figure 1-b) defines a complex shape that can
consist of one or more extracted blobs. The main blob, that is, the one with the largest area, is then
selected for extracting features. The main blob is fitted to an ellipse (drawn in red in Figure 1-c) in
order to simplify the analysis. This approximation of the main blob shape using an ellipse results in
some information loss, but it offers the advantage of making the comparison among curves much
easier.
Level curves are considered towards the base of the GLDM, starting at height 1 and going until
height 19, with a distance of 2 between two consecutive planes. They are all at a rather low height
because that region is very stable: it does not change significantly between two similar frames,
while the peaks of the GLDM are much more unstable and can fluctuate because of the image noise.
For this reason the GLDM is not even normalized, since a normalization to the highest bin would
introduce instabilities. Another possible normalization could be performed with respect to the total
volume of the GLDM, which depends mainly on the size of the original image.
For each level, a set of descriptors regarding the ellipses derived from the GLDM are
evaluated. The features describing all levels are then jointly analyzed for deriving another set of
features that describe the evolution of the level curves.
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Figure 1: GLDM processing: the matrix is intersected with a set of planes (a). The intersection
(b) provides multiple contours: the one with the largest area is then selected and described by an
ellipse (c).
A number of features can be obtained from a joint analysis of the ellipses. First, features can
describe how evenly (EV) the minor axis of the ellipses decreases as the height of the level curve is
increased:

where wi represents the minor axis (width) of the i-th layer, N the total number of layers, and
is
the average difference between ellipses at two consecutive layers. The sum is divided by i since in
the general case the distance between two consecutive layers cannot be assumed to be constant.
A second descriptor evaluates the Minor Axis Spread (MAS), which provides information
about the GLDM steepness. MAS is evaluated as the difference between the maximum and
minimum observed for the length of the ellipse minor axis:
A third descriptor is the minimum value (MV) for the minor axis. This provides information
about the upper part of the GLDM: the larger MV, the smoother the upper part of the function:

A fourth descriptor is the mean of the height/width ratio (WHR) of all ellipses. This measures
the relationship between the contrast of the image (the higher the contrast, the longer the major
axis) and the presence of strong variations between pixels (which causes a long minor axis). This
mean is obtained as follows:
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A fifth descriptor is the total volume (TV) under the analyzed level curves, which can be
calculated as follows:

where wi and hi are the minor and major axes, respectively, of the ellipse found on the i-th layer at
height li.
Finally, descriptors can be based on the area of the smallest ellipse, or minimum area (MA), as
well as on the ratio between the smallest and the largest ellipses, or the maximum-minimum area
Ratio (MMAR):

It should be noted that, by construction, the N-th layer is the one with the smallest ellipse,
while the largest one is placed on the first layer considered.
All the descriptors mentioned above measure the characteristics of the ellipses approximating
the main components, or blobs, of the level curves. Two other features are exploited to measure
other characteristics of the co-occurrence matrix: the first is based on the volume of the peak (PV),
or the portion of the GLDM that is above the highest level curve considered:

where

is the height of the highest layer, and M is the number of bins with height Hi>lN.

The second feature that does not rely on the elliptic approximation is the number of blank
locations (BL), i.e., the number of bins with zero occurrences:

where GLDM(i,j) is the value of the GLDM at location (i,j).
It should be noted that all the above features indirectly depend on the parameters used to
evaluate the GLDM. In our case, to achieve a complete characterization of the input image, features
are evaluated at all orientations, i.e. θ={0°, 45°, 90°, 135°}.
The features described so far are used to provide a characterization of the input image, and can
be directly used as input for a classifier: this is the principle exploited in the HAR approach. In the
case of the SHAPE approach, features are evaluated not only on the whole co-occurrence matrix (as
in [16]), but on the following 13 windows 1 (recall that the GLDM has a fixed dimension of
1

We have tested also smaller sub-windows without obtaining any performance improvement.
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256×256 that depends on the number of gray levels of the original image rather than on its
resolution):
1. whole co-occurrence matrix;
2. sub-window of the GLDM, from the coordinates (0, 0) to (127, 127);
3. sub-window of the GLDM, from (128, 128) to (255, 255);
4. sub-window of the GLDM, from (0, 0) to (191, 191);
5. sub-window of the GLDM, from (64, 64) to (255, 255);
6. sub-window of the GLDM, from (0, 0) to (95, 95);
7. sub-window of the GLDM, from (31, 31) to (95, 95);
8. sub-window of the GLDM, from (63, 63) to (127, 127);
9. sub-window of the GLDM, from (95, 95) to (159, 159);
10. sub-window of the GLDM, from (127, 127) to (191, 191);
11. sub-window of the GLDM, from (159, 159) to (223, 223);
12. sub-window of the GLDM, from (191, 191) to (255, 255);
13. sub-window of the GLDM, from (63, 63) to (191, 191).
All windows are placed along the principal diagonal of the GLDM because it is the region
where the main component of the histogram is located; also, windows are different in size to be able
to get a detailed description of given portion of the GLDM. By analyzing small regions of the
GLDM it is possible to better analyze its symmetry.
For each window a different feature vector (called a descriptor) is extracted; the 13 descriptors
are then used to train 13 different SVMs, which are combined by weighted sum rule: a weight of 1
is assigned to the first 5 descriptors; a weight of 0.5 is assigned to the others. Each set of 13
descriptors comes from co-occurrence matrices evaluated at θ={0°, 45°, 90°, 135°}, and at a given
value of d. When multiple values are used for the distance (e.g. d=1 and d=3), the descriptor is
obtained concatenating the features extracted for each value of the distance.
2.2 Multi-scale approaches
We test two multi-scale approaches: image pyramid and Gaussian scale-space representation.
The pyramid multiscale2 representation of an image is a hierarchy of l=(0,...,L) different versions of
the same image, obtained as follows. Let us define the original image as G0(x,y). Each element of
the hierarchy at the l-th level is obtained using a low-pass-filter and by resizing the image of the (l1)-th level of the pyramid:
Gl(x,y) is obtained from Gl-1(x,y) as follows:

2

http://www.mathworks.it/it/help/vision/ref/vision.pyramidclass.html
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Where: w(x,y) is a T×T kernel (here T=5) of a low-pass filter; Rx and Ry (here Rx = Ry = 2) are
the downsampling ratios in x and y directions. An example of the result of the multi-scale pyramid
approach applied to a given image is shown in figure 2.

Figure 2. left: original image; center: first pyramid level image; right: second pyramid level image.
The second approach presented in this paper is the Gaussian scale-space representation. In this
case, different images are generated using a two-dimensional symmetric Gaussian lowpass filter of
size k (here we use k=3 and k=5) with standard deviation 1. The original image is filtered to obtain a
set of smoothed versions of the original image.
An example of the result of the multi-scale Gaussian approach applied to a given image is
shown in figure 3.
The Support Vector Machine (SVM) [13-15] is used as classifier. In this study, both linear and
radial basis function kernels are tested. For each dataset, the best kernel and the best set of
parameters are chosen by 5-fold cross validation using the training data.
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Figure 3. left: original image; center: image filtered by a lowpass filter of size 3; right: image
filtered by a lowpass filter of size 5.

3 Datasets
The approaches proposed in this paper have been tested on several different datasets to assess
the generality of the developed solution. Such datasets belong to different fields, but the main part is
taken from medical imaging, because texture analysis techniques are particularly suited for this kind
of images, as previously pointed out. Among the medical datasets, however, very different kinds of
image can be found, because e.g. cells, viruses and smoke look very differently, as it can be seen in
figure 4.
Datasets used for training and testing the classifier are the following ones:


PAP, the Pap Smear dataset [20] containing images4 representing cells to be automatically
examined to diagnose cervical cancer.



VIR, the virus type classification dataset [23] contains images of virus extracted using
negative stain transmission electron microscopy. The authors proposed a system that
obtains a mean accuracy of ~73.8% using the “object scale dataset” used in this work (the
median accuracy among the classes is of 79.0%, but here we report the average mean
accuracy). We used the 10-fold validation division shared by the authors but we do not
exploit the mask, shared by the authors, for background subtraction, as we used the whole
image for extracting the features (since in this way we obtained better results).



SM, an interesting application of the video surveillance systems is the video-based smoke
detection. We used the same subdivision into training/test set proposed in [22] (in which an
accuracy of 96.6% was achieved), instead of the 10-fold testing protocol.
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HI, the Histopatology dataset [21] is composed of images from different organs that are
representative of the four fundamental tissues.



BC is a dataset [24] that contains 273 malignant and 311 benign breast cancer images;
authors reported an average area under the ROC curve of 0.89.



PR, the dataset built in [25] containing 118 DNA-binding Proteins and 231 Non-DNAbinding proteins. Texture descriptors are extracted from the 2-D distance matrix that
represents each protein, which is obtained from the 3-D tertiary structure of a given protein
(considering only atoms that belong to the protein backbone, see [25] for details).



CHO, a dataset3 [26] that contains 327 fluorescent microscopy images, belonging to 5
different classes, and is taken from Chinese Hamster Ovary cells. Images are 16 bit
grayscale of size 512×382 pixels.

Figure 4. Images of the used datasets.
3

Download from http://ome.grc.nia.nih.gov/iicbu2008/hela/index.html#cho
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A brief description of each dataset is reported in table 1.
Name

Short Name
4

#Classes

#Samples

Sample size

Histopatology

HI

4

2828

various5

Pap smear

PAP

2

917

various5

Smoke recognition

SM

2

2868

100×100

Virus types classification

VIR

15

1500

41×41

Breast cancer

BC

2

584

various

Protein classification

PR

2

349

various

Chinese Hamster Ovary

CHO

5

327

512×382

Table 1. Brief description of the datasets

4 Experimental Results
We chose a 10-fold cross-validation as an evaluation protocol for testing each texture
descriptor, with the exception of the VIR and SM dataset for which the original testing protocol is
used. Two performance indicators were exploited: accuracy (Acc)6 and area under the ROC curve
(AUC)7, which provides a better overview of the classification results. AUC is a scalar measure that
can be interpreted as the probability that the classifier will assign a higher score to a randomly
picked positive sample than to a randomly picked negative sample [48]. In multi-class problem, the
AUC is calculated using the one-versus-all approach (a given class is considered as “positive” and
all the other classes are considered as “negative”) and the average AUC is reported.
The first experiment was aimed at establishing which is the best parameter set for HAR and
SHAPE. Results in terms of Acc and AUC for the different approaches8 presented in this paper are
reported in tables 2 and 3, respectively. Performance has been measured both on single databases
and in average, which is the last row of the table, Av. Experiments were run considering:


HAR(1), Haralick method using d=1 for extracting the features;



HAR(1,3), the input of SVM is the concatenation of the features obtained with d={1,3};



HAR(1:5), the input of SVM is the concatenation of the features obtained with d={1,2,3,4,5};



HAR(1:3), the input of SVM is the concatenation of the features obtained with d={1,2,3};



HAR2, two SVMs were trained (one with the HAR features extracted with d=1 and the other
with d=3) and combined by sum rule;



SH, the shape-based features extracted from the whole co-occurrence matrix and concatenating
the features extracted for d={1,3};
4

the RGB images are converted in gray level images

The images were of different size, we have resized them for obtaining images of at least 100
pixels for both row/column dimensions
5

6

i.e. the proportion of “true positives + true negatives” in the population

7

EUC is implemented as in dd_tools 0.95 davidt@ph.tn.tudelft.nl

8

We performed several experiments; only the most significant ones are reported here.
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SH5, the shape-based features extracted only from the first five windows (the whole cooccurrence matrix and four sub-windows) reported in section 2.1; each of the five descriptors is
obtained concatenating the features extracted with d={1,3} and used to train a different SVM.
These five SVMs are combined by sum rule;



SH(1), the SHAPE method detailed in section 2.1 where we used d=1 in each of the 13
descriptors;



SH(1,3), the SHAPE method detailed in section 2.1 where we used d={1,3} in each of the 13
descriptors;



SH(1:5), the SHAPE method detailed in section 2.1 where we used d={1,2,3,4,5} in each of the
13 descriptors;
The following conclusion could be drawn from the results:



The best results are obtained by HAR(1,3) and SH(1,3);



Using more sub-windows of the GLDM improves the performance, since SH(1,3) outperforms
SH5 and SH5 outperforms SH.



HAR(1,3) outperforms HAR2, i.e. better results are obtained when a single SVM is trained with
the whole set of features.
Acc HAR(1) HAR(1,3) HAR(1:5) HAR(1:3) HAR2
86.45
85.25
86.78
85.90
PAP 86.67
77.27
77.87
77.07
69.33
VIR 66.67
97.01
96.28
97.07
96.21
96.48
SM
73.06
77.31
77.17
77.27
74.05
HI
85.52
88.45
87.76
88.28
84.31
BC
87.76
85.97
85.07
85.07
87.46
PR
96.31
94.46
96.31
97.23
CHO 95.69
84.62
86.86
86.38
86.71
84.96
Av

SH
84.37
43.27
95.42
66.02
80.86
80.00
95.08
77.86

SH5
87.43
55.13
95.55
70.90
82.59
78.81
95.08
80.78

SH(1) SH(1,3) SH(1:5)
86.12 87.32
85.46
44.73 56.47
54.87
94.88 95.02
95.68
69.81 72.64
72.50
81.72 82.76
80.69
81.19 80.60
80.90
95.69 95.38
92.92
79.16 81.45
80.43

Table 2. Methods compared using the accuracy as performance indicator.

AUC
PAP
VIR
SM
HI
BC
PR
CHO
Av

HAR(1) HAR(1,3) HAR(1:5) HAR(1:3)
88.66
89.23
89.42
91.33
94.28
96.10
96.18
96.36
99.50
99.43
99.40
99.59
87.65
89.70
89.11
89.71
93.90
94.05
93.84
94.06
91.41
87.86
89.02
90.10
99.46
99.43
99.55
99.71
93.55
94.08
93.65
94.15

HAR2
88.58
94.88
99.41
88.13
90.71
90.88
99.72

SH
82.46
84.59
99.08
83.23
88.76
84.85
99.48

SH5
86.14
89.23
99.25
86.74
91.00
84.70
99.57

93.18

88.92

90.94

SH(1)
87.17
85.56
98.91
86.52
91.33
85.44
99.70
90.66

SH(1,3) SH(1:5)
86.63
86.01
89.76
89.88
99.36
99.41
87.59
88.37
90.98
91.85
84.71
84.18
99.57
99.04
91.37

91.10

Table 3. Methods compared using the error under the ROC curve as performance indicator.
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Since the best results are obtained by HAR(1:3) and SH(1,3) we tested the multi-scale
approaches using these two methods as a benchmark. In tables 4 and 5 the following approaches are
compared:


HARg, fusion by mean rule among the HAR(1,3) descriptors extracted using the two filtered
images (k=3 and k=5);



HARp, fusion by mean rule among the descriptors extracted using the two images obtained by
the pyramidal approach (using l=1 and l=2);



HARf, fusion by weighted sum rule between HAR(1:3) and HARg, the weight of HAR(1:3) is 2
while the weight of HARg is 1;



SHg, fusion by mean rule among the SH(1,3) descriptors extracted using the two filtered images
(k=3 and k=5);



SHp, fusion by mean rule among the SH(1,3) descriptors extracted using the two images
obtained by the pyramidal approach (with l=1 and l=2);



SHf, fusion by sum rule between SH(1,3) and SHg;



F9, fusion by weighted sum rule between HAR(1:3) and SH(1,3), the weight of HAR(1:3) is 2
while the weight of SH(1,3) is 1;



FUS9, fusion by weighted sum rule between HARf and SHf, the weight of HARf is 2 while the
weight of SHf is 1;
Accuracy HAR(1:3) HARg
86.78
85.14
PAP
77.07
64.93
VIR
96.21
96.15
SM
77.27
74.97
HI
88.28
83.45
BC
85.07
86.57
PR
96.31
95.08
CHO
86.71
83.75
Average

HARp
83.17
58.60
96.48
72.32
77.24
82.09
95.38
80.75

HARf
88.42
78.07
96.68
78.02
88.62
86.27
96.00
87.44

SH(1,3)
87.32
56.47
95.02
72.64
82.76
80.60
95.38
81.45

SHg
84.37
57.67
94.95
72.21
78.79
84.48
97.85
81.47

SHp
SHf
85.25 86.34
30.40
61.20
92.36
95.35
64.11
74.41
72.24
83.10
78.21
83.58
95.38
97.23
73.99
83.03

F
89.18
77.93
96.68
78.02
89.33
84.78
98.15
87.72

FUS
89.62
78.33
97.08
77.98
89.83
85.67
99.08
88.22

Table 4. Fusion approaches, accuracy

AUC
PAP
VIR
SM
HI
BC
PR
CHO
Average

HAR(1:3)
91.33
96.18
99.40
89.71
93.84
89.02
99.55
94.15

HARg
88.15
92.30
99.29
88.48
89.39
86.39
99.28
91.89

HARp
83.51
91.12
99.40
87.18
83.98
85.45
99.47
90.01

HARf
91.72
96.23
99.50
90.10
93.77
88.25
99.62
94.17

SH(1,3)
86.63
89.88
99.36
87.59
91.85
84.71
99.57
91.37

SHg
82.86
90.94
99.01
88.29
86.99
89.34
99.76
91.02

SHp
84.86
75.35
98.33
83.74
80.14
83.27
99.59
86.46

SHf
86.55
92.15
99.34
89.60
92.35
87.56
99.81
92.48

F
92.26
96.34
99.54
90.20
95.25
88.62
99.87
94.58

FUS
92.49
96.41
99.58
90.68
94.93
89.10
99.87
94.72

Table 5. Fusion approaches, area under the ROC curve
It is interesting to point out that even though the HAR approach offers better performance than
its HARg and HARp variants, the fusion of the 3 provides higher performance both in average and
9

Before the fusion the scores of the two methods are normalized to mean 0 and standard deviation 1
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in all single datasets but one. This indicates that HARg and HARp variants provide information that
cannot be found in HAR.
As it can be seen from the tables, the multi-scale approach outperforms HAR on accuracy
(table 2), but does not improve the area under the ROC curve (table 3). Instead the shape-based
method has better performance on both indicators when the multi-scale approach is adopted (see
SHf vs SH(1,3)). Moreover, the novel approach FUS, based on weighted sum rule, outperforms the
fusion F based on SHAPE and HAR extracted only from the original image.
The Gaussian approach outperforms the pyramidal approach. It should be noted that pyramidal
decomposition was not included in the Gaussian approach because it did not provide any
performance improvement.
The proposed approach provides strong performance with respect to others described in the
literature. This is the case, for example, of the virus type classification dataset: authors proposed a
system that obtains an accuracy of ~73.8%. In the video-based smoke detection authors proposed a
system that achieves an accuracy of 96.6%; in breast cancer dataset authors reported an average
area under the ROC curve of 89%.
Finally, we report the comparison, see Table 6, between our best method named FUS with one
of the best performing variants of local binary pattern: the multi-threshold local quinary coding
(MT) [59]. Our results show that the method proposed in this paper outperforms also MT.

Accuracy

FUS

MT

PAP

89.62

86.89

VIR

78.33

70.00

SM

97.08

96.53

HI

77.98

80.92

BC

89.83

85.00

PR

85.67

81.19

CHO

99.08

99.08

Average

88.22

85.65

Table 6. Comparison between FUS and MT
The main drawback of methods that fuse together several approaches is the required
computational time, which makes them unsuitable for real-time applications. The computational
time needed to extract HAR(1:3) and SH(1,3) in the HeLa dataset was measured. The computation
is quite heavy, because five images are needed (original, the two images obtained by the Gaussian
based approach, and the two images obtained by the pyramidal approach). The computational time
needed to process 10 images was:


19.98 s (i.e. ~2 sec/image) on an Intel i5-2500 processor (4 cores) using Matlab parallel toolbox
to exploit the multi-core architecture.



15.44 s on an Intel i5-3470 processor (4 cores) using Matlab parallel toolbox to exploit the
multi-core architecture.
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5 Discussion and Conclusion
In this work we extended the work presented in previous papers on texture analysis techniques
based on the co-occurrence matrix and introduced a study on multi-scale approach for Haralickbased features. The two multi-scale approaches applied are a) Gaussian scale-space representation
and b) image pyramid decomposition. The best results were obtained using the Gaussian scalespace representation.
We showed that our approach improves the performance of SHAPE by coupling it with a
multi-scale approach, moreover also the fusion with standard Haralick-based features has been
improved thanks to the introduction of a weighted average over the contributions of the different
features. For assessing the results we tested our systems over seven different classification
problems, which demonstrated the generality of the approach described in this paper. For all the
experiments a SVM classifier was employed. Our results were also compared with some state-ofthe-art descriptors.
In our opinion the most valuable result of this paper is that we have shown that it is possible to
extract more information from the co-occurrence matrix. As future works we would test different
methods for processing the image before extracting the co-occurrence matrix, e.g. Gabor filters or
wavelet decomposition. Moreover, we want to test different trained fusion rule [51] as stacking,
discriminative accumulation scheme (DAS); Multiclass Multi Kernel Learning (MK).
The code of the methods tested in this paper will be available at
http://www.dei.unipd.it/wdyn/?IDsezione=3314&IDgruppo_pass=124&preview=.
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