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We devised an automated classification scheme by 
using the rule-based method plus artificial neural 
networks (ANN) for distinction between normal and 
abnormal lungs with interstitial disease in digital 
chest radiographs. Four measures used in the classifi- 
cation scheme are determined from the texture and 
geometric-pattern feature analyses. The rms variation 
and the first moment of the power spectrum of lung 
patterns are determined as measures for the texture 
analysis. In addition, the total area of nodular opaci- 
ties and the total length of linear opacities are deter- 
mined as measures for the geometric-pattern feature 
analysis. In our classification scheme with these mea- 
sures, we identify obviously normal and abnormal 
cases first by the rule-based method and then ANN is 
applied for the remaining difficult cases. The rule- 
based plus ANN method provided a sensitivity of 
0.926 at the specificity of 0.900, which was consider- 
ably improved compared to performance of either the 
rule-based method alone or ANNs alone. 
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E VALUATION OF INTERSTITIAL diseases in 
chest radiographs is considered one of the 

most difficult problems in diagnostic radiology, 
probably because of differences among radiologists 
in the terms that they use to identify interstitial 
infiltrates involving numerous patterns and com- 
plex variations. J The great proliferation of descrip- 
tive adjectives used produces considerable varia- 
tions in interpretation among radiologists and 
institutions. 2 Computer-aided diagnosis (CAD), 3-5 
which refers to a diagnosis made by a radiologist 
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taking into consideration the results of an auto- 
mated computer analysis of radiographic images, 
may improve the accuracy and overall reproducibil- 
ity of interpretation of interstitial disease when the 
computer output is used a s a  "second opinion." 
Many investigators have attempted to develop 
CAD schemes for detection and characterization of 
interstitial lung diseases in chest radiographs. 64~ 

We have been developing computerized schemes 
for detection and characterization of interstitial 
disease in digital chest radiographs by using texture 
analysis, 1146 based on the Fourier transform, and by 
geometric-pattern feature analysis,17 based on filter- 
ing techniques. In texture analysis, the mas varia- 
tion and the first moment of the power spectrum of 
lung patterns are determined as texture measures. 
In geometric-pattern feature analysis, the total area 
of nodular opacities and the total length of linear 
opacities are determined as geometric-pattern mea- 
sures. The texture measures can represent overall 
features of lung texture, and they have been very 
useful in distinguishing between normal and abnor- 
mal lungs with interstitial disease, as reported 
previously. ~t On the other hand, the geometric- 
pattern measures can represent features related to 
the shape and size of individual opacities. There- 
fore, the combined analysis of texture and geomet- 
ric-pattern measures has the potential to improve 
the distinction between normal and abnormal lungs 
with interstitial disease. 

We previously reported H on the classification 
performance based on texture analysis with a 
rule-based method, which employs the number of 
abnormal regions of interest (ROIs) with large 
texture measures above a threshold value. Artificial 
neural networks (ANNs) have been used in many 
fields as a powerful classification tool in recent 
years. ~8-21 In this study, we devised ah automated 
classification scheme with the rule-based plus ANN 
method, using the combined analysis of texture 
measures and geometric-pattern measures for dis- 
tinction between normal lungs and abnormal lungs 
with interstitial disease. In addition, we compared 
the classification performance among the rule- 
based method alone, an A N N  method alone, anda 
rule-based plus ANN method. 
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M E T H O D  A N D  M A T E R I A L S  

Database o f  Chest Radiographs 
with lnterstitial Disease 

[n order to establish a classification method, we created a 
database con~isting of 200 conventional posteroanteriur (PA) 
chest radiographs which were exposed witb OC films and Lanex 
medium screens (Eastman Kodak Co, Rochester, NY). Our 
database included 100 normal lungs and 100 abnormal lungs 
with interstitial disease, which were selected based on consen- 
sus of independent review on each radiograph by four experi- 
enced chest radiologists. Normal cases were selected based on 
unequivocally normal radiographs and clinical data showing no 
clinically suspected cardiopulmonary disease. Abnormal cases 
with inlersl]lial disease, which ranged from subt]e to severe, 
were also selected based on radiographic findings, clinical data, 
and follow-up chest radiographs. The seve¡ of interstitial 
infiltrates was subjectively evaluated by consensos of two 
radio[ogists. The number of cases in three catego¡ (subt[e, 
mild, and severe) were 15, 51, and 34, respectively. AII chest 
radiographs included in the database were digitized with a laser 
scanner with a 0.175-mm pixel size and 1,024 gray levels. 

Texture and Geometric-Pattern Feature Analyses 

The overall scheme of the texture analysis is described later. 
Approximately 200 to 500 ROls with a 32 • 32 matrix size are 
selected automatically in peripheral lung regions for each chest 
image) s The nonuniform background trend in each ROI is 
correcled for fluctuating patterns of the underlying lung tex- 
ture) ~ The power spectrum of the lung texture is then oblained 
from the Fourier transform and in filtered by the visual system 
response of the human ebserver to suppress low frequency 
componen[s caused by residual background [rend and high 
frequency components attributable to radiographic mottle. 72 
Finally, the rms variation in terms of relative exposure (R) and 
the first moment of the power spectrum (M) are determined as 
texture measures representing the magnitude and coarseness (or 
fineness) of the lung texture. R and M ate defined as follows: 

1 ~ / f ~  f - ~  ~q v)lF(u, v)! z dudv 
R G �9 C . (logl0 e) 

J x J x \ u 2  + v2~q v) F(u, v)2 du d,, 
M= 

f[fi v:(., <F<.,,.>!: >.a ,  

where G, C, V(u,v), and F(u,v), correspond to the gradient of the 
film use& the slope of the characteristic curve of the laser 
scanner, ~6 the visual system response of the human observer, 
and the Fourier transform of lung textures, respect~vely. The 
factor lOgl0~ is a conversion factor from the natural logarithm to 
the base 10 logarithm. The distribution of the two texture 
measures obtained for the normal and abnormal lungs included 
in our database is shown in Figure lA. Only about 5% of all data 
were plotted because the total number of ROIs for the 100 
normal and 100 abnormal cases is approximately 75,000. 

In the geometric-pattern feature analysis, approximately forty 
ROIs witb 128 • 128 matrix size are automatica]ly selected in 
pefipherat lung regions in the same method as that used for 
texture anal~r li is known that interstitial infiltrates in chest 
images ate composed basically of nodular and linear opacities. 
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Fig 1. (A) Distribution of texture measures and (B) geomet- 
ric-pattern measures obtained from 100 normal and 100 
abnormal lungs with interstitial disease included in our data- 
base. For simplicity, only about 5% and 50% of all data are 
plotted for the texlure measures and geometric-pattern mea- 
sures, respectively. 

Therefore, nodular and linear opacities of interstitial infiltrates 
are identified independently from two processed images, one of 
which is obtained by use of a multilevel thresholding technique 
and the other by use of a line enhancement filter. Finally, the 
total area of nodular opacities (A) and the total length of linear 
opacities (L) in each ROI are determined as geomet¡ 
measures.17 The distribution of the two geometric-pattern mea- 
sures for normal and abnormal lungs is shown in Figure 1B. For 
simplicity, only about 50% of all data were plotted. 

Normalization of  Texture and Geometric-Pattern 
Measures 

in general, normalization of measures based on the average 
and the standard deviatLon is usefui for quantitative e,~aluation 
of different types of measurea. Therefore, for subsequent 
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computerized classification, the texture and geomet¡ 
measures obtained from a given chest image are normalized by 
means of the average and the standard deviation of these 
measures as determined for normal lungs that are included in the 
database as follows: 

R N = (R - R)/(r e 

M N = (M - M)ICrM 

AN = (A - -A)/o" A 

Lu = (L - L)I~L 

where RN, MN, AN, and L N are the normalized rms variation, the 
normalized first moment of the power spectrum, the norrnalized 
total atea of nodular opacities, and the normalized total length of 
linear opacities, respectively; R, M, A and L are the average 
values of these measures for normal lungs; and ~R, ~M, ~A and 9L 
are the standard standard deviations of these measures for 
normal lungs. 

The distributions of the normalized texture measures for 
normal and abnormal lungs included in the database are shown 
in Figure 2A. The distribution for normal lungs is centered 
around the origin, whereas the distribution for abnormal lungs is 
shifted to the upper left. There is a considerable overlap between 
the two dist¡ however, because lung textures in abnor- 
mal lungs can comprise some normal areas unless interstitial 
infiltrates are spread over the entire lung. 

The distributions of the normalized geometric-pattern mea- 
sures for normal and abnormal lungs are shown in Figure 2B. 
The distribution for normal lungs is also centered around the 
origin, whereas the distribution for abnormal tungs is shifled to 
the upper ¡ There is again a considerable overlap between 
the two distributions. These overlaps indicate that a classifica- 
tion scheme based only on these distributions would not be very 
effective for distinction between normal and abnormal lungs 
with interstitial disease. 

S i n g l e  T e x t u r e  a n d  G e o m e t r i c - P a t t e r n  I n d i e e s  

As shown in Figure 2, the normalized texture and geometric- 
pattern measures for abnormal lungs are dist¡ widely. 
Typical abnormal patterns of interstitial infiltrates such as 
nodular, reticular, and reticulonodular patterns, however, can be 
characterized by distinct features. In the texmre analysis, a 
nodular pattem has a low first moment of the power spectrurn, a 
reticular pattern has a large rms variation, anda  reticulonodular 
pattern has a large rms variation anda  low first moment of the 
power spectrum, 11 In the geomet¡ feature analysis, a 
nodular pattern has a large total area of nodular opacities, a 
reticular pattern has a large total length of linear opacities, anda  
reticulonodular pattern has a large total area of nodular opacities 
anda  large total length of linear opacities. ~7 Therefore, in order 
to facilitate the compute¡ classification, we determine a 
single texture index (T) anda single geometric-pattern index (G) 
from the two normalized texture measures and the two normal- 
ized geomelric-pattern measures, respectively. 

The single texture index (Fig 3) is defined as follows) 9 

T = Ro for MN > 0 and RN > 0 

M 2 R 2 T = \ N _L_ N for M N < 0 and R.,r > 0 
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Fig 2. (A) Distribution of normalized texture measures and 
(B) normalized geometric-pattern measures. For simplicity, 
only about 5% and 50% of all data are plotted for the texture 
measures and geometric-pattern measures, respectively. 

T = -M~. for Mu < 0 and RN < 0 

T = - {Min(M. ,  Rx[)/ for M N ~ 0 and RN ~ 0 

The single geometric-pattern index is alsn defined in a similar 
fashion as follows: 

G = L N f o r  A N < 0 and LN > 0 

G = \A~. + L~. f o r  A N > 0 and L N > 0 

G = - A  N for AN > 0 and LN < 0 

G = Max(Au, LN) for AN <-- O and LN <-- O 

These single texture and geometric-pattern indices basically 
correspond to a distance from the average measures for normal 
lungs, as shown in Figure 3. We applied classification schemes 
with a rule-based method alone, an ANN method alone, anda  
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Single Texture Index SinRle Geometrlc Pattern Index 

Fig 3. Definition of the texture index (left) and the geomet- 
ric-pattern index (right). The texture and geometric-pattern 
indices (arrows) basically correspond to a distance from the 
average measures for normal lunga. 

rule-based plus ANN method'in which single texture indices 
anddor single geometric-pattern indices ase used. 

Rule-Based Method 

For the rule-based method, we determine the number of 
suspicious abnormal ROIs that contain a single index greater 
than a threshold index. Then, if the ratio of the number of 
abnormal ROIs to the total number of ROIs selected in a chest 
image is greater than a threshold ratio, the chest image is 
classified as abnormal with interstitial disease, n In the rule- 
based methods in which either texture measures or geometric- 
pattern measures are used, the texture index or the geometric- 
pattern index is used asa single index. In the rule-based method 
in which the combined analysis of texture and geometric-pattern 
measures is used, an abnormal lung is classified by the logical 
OR operation, ie, if a chest image can be classified as abnormal 
ei ther  by texture measures or  geometric-pattern measures, the 
chest image is finally classified as abnormal. 

Artificial Neural Networks (ANN) Method 

We also applied artificial neural networks (ANNs) for classifi- 
cation of normal and abnormal lungs with interstitial diseases. In 
this study, three-layer, feed-forward networks with a back- 
propagation algo¡ 23 were employed. The structure of the 
ANN includes three hidden units and one output unit, which 
represents the classification result (0 = normal, 1 = abnormal). 
The input data for the ANN ase selected from a histogram of the 
single-texture indices and/or that of the geometric-pattern 
indices. For the ANN with texture measures, the histogram of 
the single-texture indices is determined for each chest image, as 
shown in Figure 4. Then, five input values for the ANN, X1-X5 
in Figure 4, are selected from the corresponding single-texture 
Ÿ at the upper 10%, 30%, 50%, 70%, and 90% areas of the 
histogram. For the ANN with geometric-pattem measures, five 
single geometric-pattern Ÿ are selected as the input data 
for the ANN in a similar way. In addition, for the ANN with the 
combined analysis of texture and geometric-pattem measures, 
four single texture indices (at the upper 20%, 40%, 60%, and 
80% asea of the histogram) and three single geometric-pattern 
indices (at the upper 20%, 50%, and 80%) ase selected as the 
input to the ANN. 

Rule-Based Plus ANN Method 

The overall scheme for classification with the rule-based plus 
ANN method is shown in Figure 5. First, the rule-based method 

30 ~ 1 

25 

5 i 

Xs X4 X3 X2 X1 
Single Texture Index 

Fig 4. Histogram of texture indices obtained from a chest 
radiograph with interstitial infiltrates. Five input data for the 
ANN are texture indices X1, X2, X3, X4, and X5 at upper ten, 
thirty, fifty, seventy, and ninety percent area of the histogram, 
respectively. 

is employed for identification of obviously normal and obvi- 
ously abnormal lungs. Then the ANN is applied for classi¡ 
tion of the remaining chest images, which were not classified as 
obvious cases by the rule-based method. 

For the rule-based plus ANN method based on either texture 
measures or geometric-pattem measures, a chest image is 
classified as "obviously" normal if the ratio of the number of 

I Rule-Based Method I 

~no 
I Artificial Neural Networks I 

L [AbnormalLungl I NormalLung j- 

Fig 5. Overall classification scheme with the rule-based 
plus ANN method. 
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abnormal ROIs to the total number of ROIs in the chest image is 
below the mŸ "abnormal" ratio that can be obtained from 
all abnormal cases in a training data set; however, the chest 
image is classified as "obviously" abnormal if the ratio is above 
the maximum "normal" ratio that can be obtained from all 
normal cases in the training data set. The minimum and 
maximum ratios used for classification of obvious cases are 
determined from a training data set, as will be discussed later. 

For the rule-based plus ANN method with the combined 
analysis of texture and geometric-pattern measures, obvious 
cases are identi¡ by logical AND operation (ie, ir a chest 
image can be classified as normal by the initial rule-based 
method based on both texture measures and geometric-pattern 
measures, the chest image is classified as obviously normal). 
Obviously abnormal cases are classified in a similar way. 

Evaluation of Classification Performance 

For evaluation of the classification performance with various 
methods, the original database including 100 normal and 100 
abnormal cases with interstitial disease was divided into two 
groups by use of random numbers. One is a data set for training, 
which includes 50 normal and 50 abnormal cases. Another is a 
data set for testing, which also includes 50 normal and 50 
abnormal cases. We prepared 10 pairs of different training and 
testing data sets. For each pair of data sets, the normalizations of 
measures were achieved with the average and standard deviation 
of measures for normal lungs in each training data set. 

For classification with the rule-based method, the threshold 
levels of the texture and/or the geometric-pattern indices are 
determined in such a way as to achieve the best classification 
performance for a given training data set. In the rule-based plus 
ANN method, the minimum ratio of the number of abnormal 
ROIs to the total number of ROIs for alI abnormal cases and the 
maximum ratio of abnormal ROIs for all normal cases are also 
determined from a training data set. The internal parameters of 
the ANN are determined from more than 100 iterations of 
learning fora  training data set, after obviously normals and 
obviously abnormals were eliminated by the initial rule-based 
method. These parameters are used fora validation test with a 
testing data set. 

The classification performance is evaluated by receiver 
operating characteristic (ROC) analysis. 24 For classification 
with the rule-based method, ROC curves are obtained by 
changing the threshold level in terms of the ratio of the number 
of abnormal ROIs to the total number of ROIs. For classification 
with the ANN method, ROC curves are obtained by changing 
the threshold level in terms of the ANN output. Finally, the 
average classification performance for each method is deter- 
mined by use of 10 different training-testing data sets. The 
statistical significance of differences between ROC curves is 
determined by application of a two-tailed paired t test to the Az 
value (the area under ROC curves) of each testing data set. 

RESULTS AND DISCUSSION 

Figure  6A shows  R O C  cu rves  ob t a ined  for  

c lass i f ica t ion  m e t h o d s  w i th  t ex ture  m e a s u r e s  wi th  

the r u l e - b a s e d  m e t h o d  a lone ,  the  A N N  m e t h o d  

alone,  and  the  r u l e - b a s e d  plus  A N N  method .  The  

Az  va lue  of  0 .958 for  the  ru l e -based  plus  A N N  

m e t h o d  is la rger  than  that  of  0 .947 for  the  rule-  

b a s e d  m e t h o d  a lone  (P < .05) and  0 .957 for  the 

A N N  m e t h o d  a lone  (P < .20). R O C  curves  ob-  
t a ined  for  va r ious  c l a s s i ¡  m e t h o d s  based  on  

g e o m e t r i c  pa t t e rn  measu re s  are s h o w n  in F igure  

6B. The  Az  va lue  of  0 .943 for  the  ru l e -based  plus 

A N N  m e t h o d  is la rger  than  that  o f  0 .937 for  the 
ru l e -based  m e t h o d  a lone  (P < .05) and  0.941 for  

the  A N N  m e t h o d  a lone  (P < .50). In addi t ion ,  R O C  

curves  for  the  c o m b i n e d  ana lys i s  o f  tex ture  and  

g e o m e t r i c - p a t t e r n  m e a s u r e s  are s h o w n  in F igure  

6C. The  A z  va lue  of  0 .966 for  the  ru l e -based  plus 

A N N  m e t h o d  is la rger  than  that  of  0 .959 for  the 

ru l e -based  m e t h o d  a lone  (P < .05) and  0.965 for  

the  A N N  m e t h o d  a lone  (P < .  10). 

It shou ld  be  n o t e d  tha t  the  ru l e -based  plus  A N N  

m e t h o d  a lways  i m p r o v e s  the  c lass i f ica t ion  perfor-  

m a n c e  c o m p a r e d  wi th  e i the r  the  ru le -based  m e t h o d  

a lone  or the  A N N  m e t h o d  a lone  and  that  the 

c lass i f ica t ion  p e r f o r m a n c e  ob t a ined  wi th  the  A N N  

m e t h o d  a lone  is super io r  to tha t  wi th  the ru le -based  

m e t h o d  alone.  T h e s e  resul t s  ind ica te  tha t  the over-  

all c lass i f ica t ion  p e r f o r m a n c e  is i m p r o v e d  if  the  

o b v i o u s  (easy)  cases  are e l imina t ed  ini t ia l ly  by  the  

r u l e - b a s e d  m e t h o d  and  on ly  the  r e m a i n i n g  uncer-  

ta in  (diff icult)  cases  are c lass i f ied  by  the A N N  

method .  Th i s  is p r o b a b l y  because  diff icult  cases 

a lone  can  be  used  more  e f fec t ive ly  in t ra in ing  o f  the 

A N N  than  all cases  i nc lud ing  easy cases,  and  thus  

this  m e t h o d  y ie lds  i m p r o v e d  pe r fo rmance .  

Table  1 is a s u m m a r y  of  the c lass i f ica t ion  

p e r f o r m a n c e  exp re s sed  by  the sens i t iv i ty  at the  
specificity of  0.900. Al though the sensitivity obtained 

with the use of  texture measures is higher  ',han that for 

g e o m e t r i c - p a t t e r n  measu res ,  the  c o m b i n e d  ana lys i s  

can  i m p r o v e  the sens i t iv i ty  in c o m p a r i s o n  wi th  

ind iv idua l  ana lyses  for  all "classif ication me thods .  

T h e s e  resul t s  sugges t  tha t  texture  analys is  and  

g e o m e t r i c - p a t t e r n  fea ture  ana lys i s  can  c o m p l e m e n t  

each  other.  It shou ld  be  no t ed  that  c lass i f ica t ion  

wi th  the  ru l e -based  plus  A N N  m e t h o d  by  use  of  the 

c o m b i n e d  ana lys i s  of  tex ture  and  geome t r i c -pa t t e rn  

m e a s u r e s  p rov ides  the  bes t  pe r fo rmance .  

W h e n  the  c o m b i n e d  ana lys i s  o f  texture  and  

g e o m e t r i c - p a t t e r n  m e a s u r e s  is used  for  classif ica-  

t ion  wi th  the  ru l e -based  me thods ,  ano the r  logical  

ope ra t ion  can  be  appl ied.  We t r ied us ing  the  logical  

A N D  ope ra t ion  in the  ru l e -based  m e t h o d  a lone  (le, 

i f  a ches t  i m a g e  cou ld  be  c lass i f ied as a b n o r m a l  by  

the  ru l e -based  m e t h o d  wi th  the  use  o f  both tex ture  

measu res  and geome t r i c -pa t t e rn  measures ,  the ches t  
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Fig  6. ROC c u r v e s  o b t a i n e d  f r o m  v a r i o u s  classif icat ion 
m e t h o d s  w i t h  u s e  o f  (A )  t e x t u r e  m e a s u r e s ,  (B) geometr ic -  
pat tern m e a s u r e s ,  a n d  (C) a c o m b i n a t i o n  o f  t e x t u r e  a n d  

g e o m e t r i c - p a t t e r n  m e a s u r e s .  

image was then classified as abnormal). The Az 
value obtained from the ROC curve was 0.947, and 
the sensitivity at the specificity of 0.900 was 0.865. 
This result indicates that the logical AND operation 
for combined analysis of measures in the rule- 
based method alone did not improve the classifica- 
tion performance, because the sensitivity obtained 

T a b l e  1. S e n s i t i v i t y  a t  t h e  S p e c i f i c i t y  of 0.900 f o r  V a r i o u s  
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from geometric-pattern measures is considerably 
lower than that obtained from texture measures. In 
addition, we examined the logical OR operation for 
classification of obvious cases in the rule-based 
plus ANN method. Ir a chest image could be 
classified as obviously normal by the rule-based 
method with the use of either texture measures o f  

geometric-pattern measures, the chest image was 
classified as obviously normal. A lung was also 
classified as obviously abnormal by the logical OR 
operation. The Az value was 0.954, and the sensitiv- 
ity was 0.907. This result indicates that the logical 
OR operation for identification of obvious cases did 
not improve the overall classification performance 
in the rule-based plus ANN method. This is because 
the overall classification performance is affected by 
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some false-positives and false-negatives which 
may be classified incorrectly as obvious tases 
because of the logical OR operation in the rule- 
based method. Therefore, it is very important to 
identify obvious cases conservatively and correctly 
in the initial rule-based method and then to classify 
the remaining difficult cases with the ANN method, 
when the mle-based plus ANN method is employed. 

CONCLUSION 

In summary, we devised a computerized classifi- 
cation scheme with the rule-based plus ANN method 
by using the combined analysis of texture measures 
and geometric-pattern measures for distinction be- 
tween normal and abnormal lungs with interstitial 
disease. Because obvious cases are eliminated by 
the rule-based method, and uncertain difficult cases 
can be effectively classified by the ANN method, 
the overall classification performance can be im- 

proved. Therefore, the classification performance 
with the rule-based plus ANN method is superior to 
either that with the rule-based method alone or that 
with the ANN method alone. In addition, the 
combined analysis of  texture measures and geomet- 
ric-pattern measures can improve the classification 
performance in comparison with individual analy- 
sis. We believe that this computerized classification 
method can assist radiologists in the diagnosis of 
interstitial diseases in digital chest radiographs. 
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