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Abstract

The number of senior citizens with large bowel obstruction is steadily growing in Korea. Plain radiography was used to examine

the severity and treatment of this phenomenon. To avoid examiner subjectivity in radiography readings, we propose an automatic

segmentation method to identify fluid-filled areas indicative of large bowel obstruction. Our proposed method applies the Hough

transform to locate suspicious areas successfully and applies the possibilistic fuzzy c-means unsupervised learning algorithm to

form the target area in a noisy environment. In an experiment with 104 real-world large-bowel obstruction radiographs, the

proposed method successfully identified all suspicious areas in 73 of 104 input images and partially identified the target area in

another 21 images. Additionally, the proposed method shows a true-positive rate of over 91% and false-positive rate of less than

3% for pixel-level area formation. These performance evaluation statistics are significantly better than those of the possibilistic

c-means and fuzzy c-means-based strategies; thus, this hybrid strategy of automatic segmentation of large bowel suspicious

areas is successful and might be feasible for real-world use.

Index Terms: Erect Radiography, Hough Transform, Large Bowel Obstruction, Possibilistic FCM

I. INTRODUCTION

Bowel obstruction or intestinal obstruction refers to the

partial or complete blockage of the small or large bowel,

which prevents normal movement as a result of digestion.

Unlike paralytic ileus that involves a functional motor paral-

ysis of the digestive tract, mechanical bowel obstruction

occurs due to adhesions, compression, torsion, or overlap,

and generally requires operational treatment. Thus, it is

important to decide the appropriate time and level of the

treatment [1]. The signs and symptoms of bowel obstruction

include squeezing abdominal pain, vomiting, bloating, nau-

sea, abdominal distension, and constipation [1,2]. In Korea,

approximately 68,000 patients with intestinal obstruction

were reported in 2022, half of which over 60 years old; the

resulting medical expense was over 66 million US dollars

[3]. As per a US report, bowel obstruction was responsible

for 15% of hospital admissions with acute abdominal pain,

and several cases required acute surgical care [4].

Large bowel obstruction (LBO) differs substantially from

small bowel obstruction (SBO) in several aspects. LBO

accounts for 20% of all mechanical obstructions. Its etiology

is age-dependent, with colorectal cancer being the most com-

mon cause in adults [5-7]. Although LBO may develop over
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a protracted period, its clinical presentation is often acute

[8]. If left untreated, blockage cuts off the blood supply to

the colon, causing partial necrosis that can result in high

morbidity and fatality rates [9].

Abdominal radiography is generally the initial diagnostic

imaging tool for patients with suspected LBO. Air-fluid lev-

els can be detected in the dilated colon on erect or supine

radiographs [10]. On radiographs, such an air-fluid area can

be observed in the upper intestinal tract at the site of

obstruction. Air shadows, which are normally be seen below

the blocked area, are difficult to see. If an obstruction occurs

in the upper part of the large intestine, gas is observed in the

small intestine, which is not observed in normal cases. The

cause of obstruction is more acute when air-fluid levels

exist, because the colonic fluid does not remain long enough

to be absorbed.

However, the accuracy of plain radiography for the diag-

nosis of bowel obstruction ranges from 50 to 80%. When the

possibility of perforation is considered, an upright chest

radiograph or lateral decubitus abdominal film should be

obtained to evaluate the pneumoperitoneum [11].

Abdominal radiography can also identify complications of

LBO, such as pneumatosis, portal venous gas, and pneumo-

peritoneum; thus, LBO should be diagnosed with caution.

[12,13].

With such limited diagnostic capabilities, further evalua-

tion with multidetector computed tomography (MDCT) may

be necessary if such complications or relatively severe con-

ditions are expected [14-16]. However, MDCT is expensive

and time consuming, and the radiation exposure is over ten

times higher than that of abdominal radiography; thus, it

should be used with caution [15].

Another limitation of the diagnostic value of simple, inex-

pensive abdominal radiography is operator subjectivity. Less

experienced pathologists may find it difficult to interpret

radiographs of unusual bowel gas patterns [17,18]. To miti-

gate the subjectivity arising from varying experience, the

detection of critical components of related abdominal and

intestinal diseases must be automated [9].

From the perspective of radiomics, computerized (semi-)

automatic diagnostic procedure for a disease is divided into

data acquisition, segmentation, feature extraction, and model

evaluation [19,20]. Radiomics includes the computational

extraction of the shape, intensity, and appearance descriptors

from medical imaging, and when integrated into machine

learning algorithms, it can predict outcomes of interest. For

LBO diagnosis, several results have been obtained under dif-

ferent conditions [9,21].

However, in the first part of radiomics, that is, data acqui-

sition and segmentation, many parts of the process can be

automated with high reliability. Image segmentation is

important for disease diagnosis, because it makes digital

images easier to analyze. The image is partitioned into multi-

ple nonoverlapping, significantly homogeneous areas during

the segmentation process. Segmentation is based on unsuper-

vised clustering techniques, because there is no completely

correct ground truth at the pixel level in an image required

for supervised learning techniques. Generally, doctors set the

suspected area based on a bare-eye investigation with experi-

ence, which can cause subjectivity. Automatic segmentation

with pixel-level clustering may be a solution to this human

error. Developing such system has become challenging in the

case of medical imaging owing to poor contrast and noise

during acquisition [22, 23], but has shown positive effects in

many medical image analysis domains [24-29].

In this study, we propose an automatic segmentation

method for identifying air-fluid areas suspicious for LBO

from plain erect radiographs. As observed from similar

research on detecting suspicious regions with various pixel

clustering algorithms [30], erect radiography enables visual-

izing such areas with image processing and fuzzy clustering

algorithms. We also attempted to observe the effect of the

Hough transform [31,32] using a traditional edge detection

method to locate such regions from the LBO area without a

machine learning technique [33]. Based on previous experi-

ence, located gas-filled areas from large-bowel images; how-

ever, the performance of such an algorithm is weak when the

image contains noise. Thus, in this study, we combine a

fuzzy unsupervised learning technique to form a robust LBO

suspicious region detection method along with a Hough

transform that successfully locates the suspicious region.

Among the many fuzzy pixel-clustering algorithms, we

selected the fuzzy possibilistic c-means algorithm [34],

which has recently shown reliable performance in medical

image analysis [35, 36]. Thus, in summary, the method pro-

posed here is a mixture of morphological knowledge of LBO

(edge length) in segmentation and fuzzy unsupervised learn-

ing at the pixel level to form a robust LBO-suspicious area

that can be used to create a reliable set of features for model

evaluation in radiomics studies for LBO diagnosis.

II. PROPOSED AUTOMATIC SEGMENTATION 

METHOD

A. Image Preprocessing

From the input erect radiography, we removed the liver

area located above the area of interest and waist and pelvis

areas located below our target area using the morphological

knowledge that the intestinal region lies within the rib line.

We then applied the Hough transform to locate suspicious

LBO regions using Canny edge processing, as shown in [33].

The Hough transform can be defined as the transformation of

a point in Cartesian space into a parameter space defined by

the shape of the object of interest. We used the technique
323 http://jicce.org
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explained in [33].

Generally, a medical image analysis algorithm provides

auxiliary intensity stretching, that is, a normalization pro-

cess, to magnify the brightness contrast and effectively dif-

ferentiate the target object from the background. From the

given X-ray image, a similar difficulty arises in adopting

fuzzy stretching [25], except that we apply a trapezoid mem-

bership function that frequently yields a more stable mem-

bership representation. Here, the intensity distribution is

irregular compared to that in the usual triangle membership

function [37]. This fuzzy stretching method was also used in

the preprocessing phase to remove the waist and pelvis areas

from the input radiograph in conjunction with Otsu binariza-

tion to form a simple LBO-related region-of-interest image.

Fig. 1 briefly summarizes the preprocessing effect.

B. Possibilistic Fuzzy C-Means Clustering

The most widely used fuzzy clustering algorithm is fuzzy

c-means (FCM) [38], which softly classifies images into a

predefined number of clusters. FCM clusters are formed with

similar data points in the feature space by iteratively mini-

mizing the cost function, which is designed to be propor-

tional to the distance between the pixels and cluster centers

in the feature domain. However, FCM has several problems

in terms of achieving an optimal solution. One of these

drawbacks is that FCM is extremely sensitive to noisy data

or outliers. Unfortunately, plain radiography generally con-

tains several types of noise and has low image quality. Thus,

FCM must be used with many associated image-processing

steps to mitigate the noise effect.

Possibilistic c-means (PCM) [39] was designed to be more

robust than FCM in domain applications. The PCM member-

ship degree refers to the degree of ‘typicality’ between data

and clusters. PCM relaxes the probabilistic constraint to

interpret the membership function or degree of typicality in a

possibilistic sense. In our previous study, we found an air-

fluid area in the SBO images; however, PCM did not exhibit

better performance than FCM [30]. In the previous study,

PCM failed since the membership degree of PCM is defined

as the degree of ‘typicality’ between data and clusters, which

is independent of its relationship to other clusters. The nega-

tive effect of this independence is that the PCM may identify

overlapping clusters.

Possibilistic fuzzy c-means (PFCM) [34] uses the member-

ship degree of FCM and typicality of PCM to overcome

FCM’s noise sensitivity and PCM’s overlapped cluster

search problem.

(1)

In Equation (1), a and b are the weight constants for mem-

bership and typicality in respectively; η and m are constants

representing the same degree of fuzzification satisfying the

condition (m = n) ∈ (1, ∞) . dik is the Euclidean distance

between the k-th data point and i-th central vector, as shown

in Equation (2).

(2)

where p is the number of dimensions, and the centroid  is

computed using Equation (3).

(3)

The membership degree uik and degree of typicality tik are

computed using Equations (4) and (5) as follows:

(4)

(5)

In Equation (5), the volume δi is computed as 

Fig. 1. Effect of Image Preprocessing
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(6)

where K is a positive constant and we set K = 1.

The flow of the PFCM algorithm applied in this study is

illustrated in Fig. 2.

After the PFCM application, we applied the corrosion oper-

ation and other image smoothing algorithms to obtain the

resultant air-fluid area, as shown in Fig. 3.

III. RESULTS

The proposed method is implemented using C# under

Visual Studio 2019 environment on an IBM PC with Intel(R)

Core(TM) i7-8700HQ CPU @ 3.60GHz and 16 GB RAM. In

total, 104 X-ray images containing LBO with a size of 1208

× 1502 pixels were used in this experiment. All 104 images

were obtained from Gupo Sungsim Hospital, Busan, Korea.

The performance of the proposed PFCM-based method

was compared with that of the FCM- and PCM-based meth-

ods, as shown in Table 1, for the LBO suspicious area

extraction rate.

Multiple radiologists verified the performance evaluation.

In Table 1, ‘success’ indicates that all LBO contained areas

were extracted. ‘Partial’ means not all LBO contained area

are extracted. The measure ‘fullrate’ means the number of

‘success’ images divided by all 104 input images.

Only the proposed PFCM-based method fully detected the

LBO suspicious region per image over 70%; thus, we can

conclude that this PFCM, which compensates for FCM and

PCM, is feasible for real-world use in suspicious area detec-

tion.

We also evaluated all three candidate algorithms to accu-

rately identify suspicious regions at the pixel level. To com-

pute this, we quantified the areas of TP (true positive), FP

(false positive), true negatives (TNs), and FN (false nega-

tive) for every successfully detected suspicious LBO region.

The performance measures were as follows:

(7)

(8)

(9)

(10)

Again, the proposed PFCM-based method is superior to

the FCM and PCM-based methods. Fig. 4 shows the perfor-

mance of the three algorithms.

Fig. 2. Flow of the PFCM algorithm

Fig. 3. PFCM result

Table 1. Suspicious area extraction rate

Evaluation FCM PCM PFCM

Success 61 67 73

Partial 28 26 21

Fail 15 11 10

FullRate 58.7% 64.4% 70.2%

Table 2. Pixel level region area detection performance

Measure FCM PCM PFCM

TPR 76.25% 79.27% 91.34%

FPR 3.04% 3.04% 2.87%

Precision 91.52% 90.52% 96.17%

Accuracy 96.05% 95.85% 97.47%
325 http://jicce.org
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IV. DISCUSSION AND CONCLUSIONS

In this paper, we propose an automatic segmentation

method to extract the LBO-suspicious air-fluid area from

plain radiographic images. The proposed method combines

the Hough transform-based edge-linking method and PFCM

pixel clustering method to form the target area from a noisy

environment. The Hough transform was used to effectively

locate the target area, because the lower part of the intestinal

contents formed a straight horizontal line. PFCM is a hybrid

unsupervised learning method that combines the cost func-

tions of FCM and PCM to mitigate the drawbacks of noise

sensitivity and overlapping cluster searches.

In the experiment with 104 real-world LBO containing

radiographs, the proposed PFCM-based method automati-

cally identified the target area fully successfully in 73

images and partially extracted it in another 21 images. This

performance is significantly better than those of the PCM-

and FCM-based methods. The proposed method, however,

failed to find the target area in 10 images because of the

extremely low brightness contrast of the input images or

because too few clusters were designated in the initialization

of PFCM learning. Static initialization of the number of clus-

ters was common to the three clustering strategies used in

this experiment.

The proposed method also showed better results than PCM

and FCM in pixel-level target object formation. The pro-

posed PFCM-based method demonstrated statistically signif-

icant results for all four statistical measures: TPR, FPR,

accuracy, and precision.

To improve the performance of the automatic segmenta-

tion of LBO, dynamic initialization of the number of clusters

for PFCM may be applied. Moreover, a variation of PFCM

may be implemented that uses different distance measures in

the cluster centroid movement, such as using a Gaussian dis-

tribution or other statistical intelligence to guide the search

of the target area.
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