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Texture Analysis for Classification of Cervix Lesions

Qiang Ji* Member, IEEEJohn Engel, and Eric Craine

Abstract—This paper presents a generalized statistical texture [2]. For example, two basic types of vascular patterns observable
analysis technique for characterizing and recognizing typical, di- in normal or benign lesions are hairpin and network capillaries.
agnostically most important, vascular patterns relating to cervical On the other hand, different versions of punctation and mosaic

lesions from colposcopic images. The contributions of the research | tt be ob di f dvsplasi d
include: 1) the introduction of a generalized texture analysis tech- vascular patterns may be observed in areas ot dysplasia and car-

nique based on the combination of the conventional statistical and Cinoma in situ. Fig. 1 pictorially shows typical vascular patterns
structural textural analysis approaches by using a statistical de- encountered in cervical lesions.

scription of geometric primitives; 2) the introduction of a set of tex- We propose to recognize different vascular patterns of cer-
tural measures that capture the specific characteristics of cervical vical lesions via a textural analysis. Various texture analysis

textures as perceived by human. Experimental study with real im- thods h b d | dt | d classi )
ages demonstrated the feasibility and promising of the proposed methods have been developed to analyze and classify various

approach in discriminating between cervical texture patterns in- tissue patterns including liver lesions [3], [4], prostrate can-

dicative of different stages of cervical lesions. cerous lesions [5], brain tissue [6], clonic mucosa [7], mammo-
Index Terms—Cervix lesion classification, colposcopic images, graphic tissue [8], and for Se‘gmentat'on qf cardiac 'mag_es [9]-
pattern recognition, texture analysis. Howeverthe use of texture analysis techniques (or other image

processing approaches) for recognizing and classifying cervix
lesions has not been reported in the literature to the best of our
knowledge
HE incidence of cervical cancer mortality has been dra- Further examination of the textural patterns relating to cer-
matically reduced since the introduction of the Papanicgical lesions revealed the following. First, texture patterns for
laou (Pap) smear test. However, the Pap test is unable to acggrvical lesions are primarily due to the vascular patterns. The
rately and consistently identify premalignant and malignant digonvascular structures in the cervical images contribute very
ease of cervix. The incidence of both false-negative and faldigtle to the formation of texture patterns in cervical lesions. Fur-
positive test have become shockingly high [1]. These have ntbermore, the vascular structures are mainly characterized by the
tivated the use of colposcopy as a standard screening progeemetric shape and spatial distribution of capillaries. The gray
dure for precancer examination [1] and for performing accurdgyvels and thickness of capillaries are irrelevant to vascular pat-
punch biopsies for histological analysis. One of the major fatsrns. Thus, cervix texture patterns cannot be characterized by
tors hindering the full utilization of colposcopy is the difficultythe spatial intensity distribution of capillaries. Second, texture
in training physicians in the recognition of pathology. Colpopatterns for cervical lesions do not exhibit regular repetitive or
scopic images contain complex and confusing lesion patterpsriodic structures.
Correctly analyzing and classifying different types of tissues re- Based on the above observations, we proposed a novel gen-
quire substantial training. It is, therefore, necessary to simpligyalized statistical method to characterize textural patterns of
the use of colposcopy and to enhance its capability so that &ervical lesions. Recognizing the fact that cervical textures are
erage physicians can correctly recognize various tissue patteprigarily represented by the vascular structures, we assume that
in a consistent and uniform fashion. For this reason, we devalsignificant proportion of the texture information in cervix le-
oped an image analysis system to help physicians better intgipn is contained in the vascular structures. Our approach first
pret various patterns on colposcopic images. extracts the vascular structures from the original cervical lesion
A careful examination of various cervical images reveals regnages, followed by vectorizing the extracted vascular structure
ular and repeatable vascular patterns, indicating different stage#g line segments. Statistical distributions of the line segments
of dysplasia. In fact, vascular pattern is the mostimportant dia@ terms of length and orientation) are then constructed. First-
nostic criteria used by colposcopists for recognizing pathologyd second-order statistics derived from the joint and/or mar-
ginal distributions are used as textural measures for cervical le-
sions classification. The beauty of such a texture characteriza-
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Il. ALGORITHM DEVELOPMENT

A
- . . . b s TR RS 43
In this section, we detail our texture analysis technique for an- LR W :us.’ S LIS /;.i}‘
alyzing the textural patterns relating to cervical lesions. We dis- 'v,’;'&;yz{q i \Jf r,“,':;.\'v';",‘}:"' Sond S
cuss three aspects of the algorithm, namely, texture primitives ""‘”'.f“"\\& fnean e
extraction, statistical description of textural primitives, and tex- @ ® ©
tural metrics formulation and computation.
Ao
A. Texture Primitive Extraction ?:E’ ’,\ff::r’,
The proposed approach captures the cervical textural infor- «}i;()},‘,i}fgﬁ'
mation by approximating the vascular structures using a set of ’m

connecting line segments. Texture primitive extraction is there-

_fore concerned with extracting th_e I_me segments that apprqgfg. 1. Typical vascular patterns encountered in cervical lesions. (a) network
imate the vascular structures. This includes three steps: imaggllaries in original squamous epithelium; (b) hairpin capillaries in original
preprocessing, skeletonization, and vectorization as discusggmous epithelium; (c) and (d) punctation vessels in dysplasia and carcinoma
below. in situ; and (e) and (f) mosaic vessels as seen in dysplasia and cardmsitoa

Vascular structures often coexist with other irrelevant artifacts

on the surface of a cervix. Furthermore, the presence of fluids i -
and/or other discharges on cervix surface causes nonuniform = = ket i
luminance and contrast to the underlying vascular structures. . -

Fig. 2(a) shows a colposcopic image of a portion of acervixcon- = 4 =
taining mosaic vascular pattern. The primary purpose of prepro- = = i
cessing is to digitally remove artifacts present on the surface ofa | 4 -_;:T":_ s T
cervix and to compensate the uneven luminance. Artifactsonthe | = & & s e g
surface of a cervix image are identified and separated fromthe =~ ==

underlying vascular structures based on the morphological dif- i /

ferences between artifacts and capillaries. The capillaries usu- ™
ally are much more tortuous than artifacts. Artifacts, on the other

hand, are usually short and straight segments or small dots. The

differences in morphology were exploited in separating them

based on the theory of mathematical morphology. The technique

of morphological opening with a rotating structure creates an

image containing primarily artifacts, which are then subtracted

from the original images, yielding images containing predom-

inantly vascular structures. The rotating structure elements are

necessary due to random orientations of the artifacts. Detailed

description of this algorithm may be found in [11]. Non-uniform ()
illumination is removed through background subtraction using

the morphological rolling ball algorithm [12]. Fig. 2(b) showsxig. 2. (a) original image containing mosaic patterns. (b) Morphologically
an example of a morphologically enhanced image. The radiuseohanced image. (c) Binary image of (a) after adaptive thresholding of (b).
the rolling ball varies depending on the vascular patterns being

studied and image scales. For the examples shown in Fig. 3 &gt of two steps: line segments detection and merging of

radius of three pixels was chosen. . hort line segments. After merging, line segments shorter than

Separgtmg va;cular struct.ures from th? image ba}ckgroun I5respecified threshold are discarded. Fig. 3(b) shows the vec-
acc_ompllsheq Wlth_ an adaptive threghol_dlng opera’uo_n [13], Brized image of the image shown in Fig. 3(a).
sulting in a binary image as shown in Fig. 2(c) containing pri-
marily vascular structures. Adaptive thresholding is chosen d
to variations in local contrasts as shown in Fig. 2(b).

The binary images of vascular structures are subsequentlyVith texture primitives extracted, we have available a list of
skeletonized since we observed that vascular structures carptimiitives (line segments) that model the vascular structures of
fully captured by their skeletons. We employed the thinnintpe original image data. We need to proceed to the next phase
algorithm provided by Zhang [14]. With this algorithm, eaclof texture characterization—texture primitive attributes compu-
capillary is thinned to a skeleton of unitary thickness. Fig. 3(&tion and their statistical distributions construction.
shows the skeletonized image of the image in Fig. 2(c). The finall) Statistical Distributions ConstructionSince a line seg-
step in primitive extraction involves vectorization to approximent can be fully described by its length and orientation, line
mate the thinned vascular structures with connecting line segpgment length and orientation are the natural choice of their
ments via a variant of Hough transform (HT) we developed. Oproperties. The properties of line segments can be treated as
HT differs from the standard in that it can detect line segmentandom variables and follow certain statistical distributions. We

e - - N
g. Statistical Description of Textural Primitives
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can construct statistical distributions for each vascular pattern. i :I i
Since line segment length and orientation are of real values, dis- s B i T .
cretization becomes necessary to study the statistical distribu- P81 VU SO bk e SSENPS ON SOE
. . . . . . . 4 1o o0 20 44 50 (349
tions of line segments. Discretization groups line segments into Length
bins, based on their original values. Specifically, the orientations (b)

of line segments are uniformly discretized into 180 bins ranging

from 0° to 179. The line segment length is discretized in a simeig. 4. Marginal probability density functions for orientation (a) and length
ilar fashion intoL bins, wherel. was empirically selected as 50.(b) of the line segments in the vectorized mosaic pattern shown in Fig. 3(b).
After discretization, the length of each line segment is referred

to by the number of the bin it belongs to rather than by its aCtU?égments are referred to by their bin numbers rather than by their
Iengf[h. . . . _ actual lengths, the discretization makes the distribution indepen-
With the atiributes of I|ne_ segme_nts d|s<_:ret|zed, We €an Prant of scale. For orientation distribution, a rotation (which is
ceed to construct the density functions (histograms) of the I'@‘auivalent to adding or subtracting an angle to each line) may
segments in terms of length and orientation. A total of three diﬁ(-)t only cause a linear shift for the interior bins (which may

tributions were constructed for each pattern: one joint d'smbet affect the shape of the distribution) but also cause a circular

tion and two marginal distributions. The joint distribution Ch{_ﬂéhift for the boundary bins (bins close to 0 or 179) as shown in

acterizes the line segment distribution by its length and O”eﬁ‘.’g_ 5(a), where the local peak & fesults from a circular shift

tation. Each point in the joint distribution represents the probgf the corresponding local peak at about 140Fig. 4(a). This
bility of a line segment with a particular length and orientation § :

Th inal distributi he li distri will alter the shape of original distribution, rendering incorrect
‘e margina Istributions rgpresgntt € line sggr_nent |str| ature values. Therefore, it must be normalized. The normal-
tion with respect to length/orientation. Each point in a margin

distributi h bability of the I ¢ ation is carried out as follows. Identify the peak of each dis-
|str| ution representg the probabi ity 0 the line segment OlBhution and shift the peak to the 9@in and perform the same
particular length (or orientation). Since line segments are ofd

f t lenaths. th ientation distributi i ¢ mount of shift for other angles. The choice of peak for normal-
erent lengths, the onentation distribution of iN€ SEGMENLS {3,441, ather than other distribution marks like valley is because
therefore weighted by their lengths. This results in a more r.

- . . A ‘ ~ 'peak is less sensitive to noises. Fig. 5 shows the orientation dis-
alistic orientation distribution. Fig. 4 shows the two margin

AR . X i ibutions image with mosaics at two different orientations be-
distributions of line segment length and orientation for the vegs

torized mosaic pattern shown in Fig. 3(b). re and after normalization.
2) Distribution normalization: Since texture features are
subsequently extracted from the above distributions, we ne%d
to ensure the invariance of the above distributions to affine Most characteristic measurements characterizing the cervical
image transformations, i.e., rotation, translation, and scdéssion patterns are derived from the statistical distributions of
invariant. The normalization approach we followed needs tbe extracted line segments. They characterize the shapes of line
achieve only rotation invariance for orientation distributiosegments distributions. Additional features are derived directly
since it is invariant to translation and scale. Similarly, fofrom the vectorized images to describe the spatial complexity
length distribution, only scale normalization is needed sinceatd density (vascular concentration) of the texture patterns.
is invariant to translation and rotation. Efforts were made during feature extraction to select features
The length distribution is normalized via discretization as dishat can relate to the specific textural characteristics of the cer-
cussed before. Since fixed discretization level (50) is used to digeal texture patterns. For example, some features relate to such
cretize line segment length, scale only affects the discretizatitmxtural characteristics as randomness, contrast, correlation etc.,
intervals. Given the fact that the lengths of the discretized linghile others characterize the spatial complexity of the texture

Texture Features Extraction
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patterns. We suggest a set of nine features which can be ex- 800 oy
tracted from each of the two marginal distributions, four fea- s00 F
tures from the joint distribution, and two features directly from 400 E
the vectorized images, yielding a total of 24 features @+ 4 % 300
+ 2). For illustrative purpose, we will define four of the 24 fea- % oo E
tures in this section and explain their significance in relating to 10 ‘ ]
the specific characteristics of the cervical textures as perceived I ik ARAL m 3 k~_
byhuman. .1003...- .:-;;.. : Lot ...:
» Peak densityf;): measures the strength of the local dom- 50 o 0 .00 w0 20
inant peak in a marginal distribution, i.e., length or orien-
tation distribution.f; = max(p(i)) fori = 1,2,..., N, (a)
wherep(¢) is the probability of theth bin andV is the o0
discretization level. 500 2
» Entropy (f7): measures the randomness or homogeneity -
of a distribution with respect to length or orientation. 400
 Ratio of the number of intersection points to the number Faoo |
of endpointg f14): measures the spatial complexity of the £ 200 §
textures 100 | j =
» Density (f15): measures the coarseness (or fineness) of a ok ot MJ;.LM ...... _
texture in terms of amount of edgels per unit area. The O SR [ T T
average number of edgels per unit area for all pixels is -50 o 50 [, 4,700 150 200
used as a measure of the density. (b)

During feature design process, every effort was made to de-
vise features that represent the specific characteristics of f¢ 5. The angle distributions of the mosaic image shown in Fig. 3(b) with
cervical textures as perceived by human. Here, we will analyaed without normalization. (a) The angle distribution of the mosaic image with

some of the textural features we proposed and try to relate th@/p-degree rotation (without normalization). (b) The angle distribution of (a)
. . after normalization (its shape is very similar to that of Fig. 4(a)).
to certain textural characteristics.

Peak density i) measures the strength of the dominant TABLE |
length (or orientation) of line segment distribution with respect A SUBSET OF 13 OPTIMAL
to a particular attribute. Take the orientation for example, FEATURES
hairpin texture pattern, with most line segments oriented in Joint Entropy
one direction as shown in Fig. 1, should have the higtfest Angle Entropy
(0.9) values among all cervical textural patterns while mosaics, Angle Peak Ratio
with line segment directions scattering in all directions as Length Peak Density
shown in Fig. 1, should have the lowest (0.3). Similarly, for Angle Peak Density
length distribution, hairpin texture pattern also has the highest Length Entropy
peak density (0.8). Therefore, this feature can discriminate the #Intersections/#Ends
mosaic and hairpin patterns. Info Entropy

Energy
Length Median
Angle Contrast

Length median/range

Entropy (f7) measures the randomness or homogeneity of a
distribution with respect to length or orientation. Entropy takes a
higher value for more random distribution. Take the orientation
for example, Mosaics takes the highest value (1.2) while hairpin
takes the lowest (0.5) value for the same reason as explained be-
fore. Therefore, this feature can discriminate the hairpin patteire highest density (0.8) while punctation has the lowest den-
from other patterns. sity (0.2). Therefore, this feature can discriminate the network

f14, the ratio of number of intersection points to the numbdfom punctation patterns.
of endpoints ;) measures the spatial complexity of a texture. Other features used to describe the distributions include con-
It takes a large value if capillaries interweave each other. For dsast, skewness, kurtosis, mean, median, correlation, and energy.
ample, mosaics has the highégst value (1.3) while punctation A detailed definition of each feature may be found in [1].
takes the lowest (0.1). Furthermore, network pattern also has . ,
much higher value (0.8) than those of hairpin (0.3) and pung: Feature Analysis and Selection
tation. Therefore, this feature can discriminate mosaic and netAn analysis of the extracted 24 features was conducted to
work patterns from others. study the effectiveness of each feature and to remove redundant

Density (f15) measures the coarseness (or fineness) of tdratures. One type of redundant features is features that are lin-
ture in terms of amount of edgels per unit area. Coarse tesarly correlated with each other. The linearly correlated features
tures have a small number of edges per unit area while finan be identified by computing the liner correlation coefficients
texture have a high number of edges per unit area. It measuseswveen any two features. The identified correlated features are
the capillary concentration. For example, network pattern hagbsequently removed via feature pruning. Criterion used for
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TABLE I
CLASSIFICATION RESULTS

Mosaic 1 | Mosaic 2 | Puctation 1 | Puctation 2 | Network | Hairpin % Correct

Mosaic 1 38 (31) 7(6) 0 (0) 0 (0) 0(8) 0 (0) 84.44 (68.88)
Mosaic 2 9(9) 36 (36) 0 (0) 0 (0) 0 (0) 0(0) 80.00 (80.00)
Puctation 1 0 (0) 0(0) 35 (32) 10 (7) 0 (0) 0 (6) 77.77 (71.11)
Punctation 2 0 (0) 0(0) 3(0) 36 (38) 0(0) 6 (7) 80.00 (84.44)
Network 0 (0) 0 (0) 0 (0) 0 (10) 45 (35) 0 100.00 (77.77)
Hairpin 0 (0) 0 (0) 0 (0) 0 (0) 0 (0) 45 (45) | 100.00 (100.00)
Total - - - - - - 87.03 (80.36)

feature pruning include consistency, invariance, and discrimirtae 30 (five for each class) left-out were used as the testing data.
tory power. Consistency is measured by the within group vaiihis process iterated nine times so that every sample image had
ance, invariance measures features invariance to transformattbe,chance to be the left out and to be in the training set. The
and discriminatory power determines a feature’s discriminatorgtal number of correct classification over the nine iterations
capability. Feature ranking rates the discriminatory power ofas used to evaluate the classification performance. For each
each feature based on its capability in discriminating all class#éssting, the minimum distance decision rule was used to classify
The ratio of between-class variance to the within group varianttee left-out image into one of six vascular pattern classes.

was used as a criterion. Analysis of the interclass and intraclas§wo experiments were conducted. First, classification was
variance revealed some of the features to be ineffective, yieldipgrformed using all 24 features. Second, the 13 optimal features

a feature vector of reduced dimensionality. defined in Table | were computed and used for classification.
The performance of the classifier was recorded in the confusion
ll. EXPERIMENTAL EVALUATION matrix as shown in Table II.

The left most column of Table Il is labeled with the actual
asses, the top row shows the classified classes. The classifi-
Rlion results using all 24 features are represented by the num-
"W&rs outside parentheses while the numbers enclosed in paren-
theses represent the resultant output, using the optimal 13 fea-
tures. In summary, we obtained the best discrimination perfor-
mance (87.03%) by using all 24 features as shown in Table II.
The experiment started with cervical image acquisition andowever, by using only the 13 optimal features resulting from
preparation. The images to be prepared should contain feature ranking, our technique experiences a loss in classifica-
typical vascular pattern classes characterizing different stagies accuracy (80.36%). The loss in accuracy seems to be min-
of dysplasia. Typical vascular patterns to be recognized in thigsal compared to the computational saving (almost 40%). Fur-
project include six vascular pattern classes as shown in Fig. ther experiments are needed to validate this.
To characterize each vascular pattern class accurately, 50 im-
ages were collected for each vascular pattern class, resulting in IV. CONCLUSION
a total of 300 images. These images represent six classes. Fq_rh. . . vsi hni ;
each acquired image, we identified and marked a rectangular re- IS paper describes a te_x_ture Image analysis t_ec nique for
gion corresponding to a known vascular pattern. The identifiéi aracterizing and recognizing typ|cal, dlag_nostlca_lly most
regions of interest were preprocessed. The preprocessed ima ggrtant, vasculgr patterns relatlng 0 cer_\ncal lesions. We
were subsequently skeletonized and vectorized. The statistitg]Pos€ & generalged textur(_a qnaIyS|s technique based on com-
distributions of line segments were then constructed, foIIowgéP'ng the conventional statistical and structural approaches

by the extraction of the 24 texture features. To perform featu éing a statistical description of geometric textural primitives.

selection, five images were randomly selected for each patter liminary experimental study demonstrated the feasibility

class from the 300 images. Feature selection and analysis ond %he prot;?[osed_ t((ej(_:hrl!que f'g_ f(?|scrn:1|tnat|ng ?etwe_enl (I:erylcal
selected images yields 13 optimal features as shown in Tabl&ture patterns indicative of different stages of cervical lesions.

In this section, we present the preliminary results of ouy
studies on the usefulness of the proposed texture features
categorizing a series of typical vascular patterns as show
Fig. 1.
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