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Abstract. Segmentation of anatomical structures from chest x ray has
an increasing importance in the past four decades and researchers have
proposed various techniques and evaluated them using different datasets.
In order to evaluate and compare a proposed technique, it is necessary to
have knowledge about public datasets available. In this survey, properties
and characteristics of different public chest x ray datasets available for
segmentation of anatomical structures are studied. Different approaches
for segmentation of anatomical structures (lung, heart, clavicles) are
summarized. Segmentation techniques for each anatomical structure for
a given dataset are compared and analyzed. The paper outlines the issues
where further research can be focused.

1 Introduction

With the discovery of x ray [15] in 1895, there is a revolution in the field of
diagnostics. With the invention of the modern digital computer in late 1940s,
attempts were made to make computers perform tasks which need human intelli-
gence for the completion. In 1960s researchers published articles about radiology
report analysis using computer [8]. In 1970s, focus was upon the detection of
abnormalities in chest x-ray using a computer.

The traditional chest analysis is the most prevalent radiological procedure,
making up a minimum of a third of all exams in a typical radiology division.
Moreover, Pulmonary diseases like pneumonia, tuberculosis [20,21], emphysema
and lung cancer can be screened based on the chest radiograph [26]. But, com-
puterized interpretation of a chest radiograph is extremely challenging due to
presence of superimposed anatomical structures. The complexity of computer-
ized analysis of chest x-ray along with their prevalence in radiology department
is the main reason for the researchers to concentrate on the development of
computer algorithms to assist radiologists in reading chest images.

Researchers have developed a variety of algorithms for computer aided
analysis of medical images (X-ray, computed tomography, for instance) [17].
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Segmentation of organs (like lung, heart, clavicles) has been regarded as one
of most important problems in computer aided diagnostics applications [18,19].
Higher the accuracy in segmentation of the anatomical structures, higher is the
accuracy in classification and detection of diseases like cardiomegaly, pneumonia
and other lung related diseases.

One of the major problems faced by the researchers was the lack of public
chest x-ray datasets which can act as benchmark for the comparison of per-
formance of different techniques proposed. Performance of an algorithm was
evaluated on customized x-ray data sets for about three decades from 1970s
to late 1990s. In 2000, a public dataset [25] from JSRT was made available to
researchers. A few more public datasets were made available which can act as
benchmark for the evaluation of proposed algorithms.

Although, in recent years, a few more public datasets [7,9,12,27,29] of chest
x-ray are dedicated, the information about the recent datasets is not available
in any of the existing surveys according to our knowledge. Authors in [14] have
focused on different segmentation techniques on chest x-ray datasets but the
recent techniques are not included. Therefore, the focus of this survey is on the
public datasets suited for segmentation of anatomical structures from chest x-
rays. The use of publicly available datasets for evaluation of a given approach
has two main advantages. First advantage is that the time and resources can be
saved as new chest x-ray data set need not be obtained and researchers can spend
their efforts on development of their algorithms and implementations. Second
advantage is the use of common datasets enables comparison of performance of
different approaches proposed for a given task [4].

The scope of the survey is public chest x-ray datasets for segmentation of
anatomical structures. All the techniques that are evaluated using a specific
dataset are compared in terms of corresponding performance metrics. Section 2
gives description about three public datasets available for segmentation of
anatomical structures. Section 3 gives details about commonly used performance
metrics for segmentation of anatomical structures. Section 4 compares different
techniques based on the common data set used for evaluation. Section 5 con-
cludes the paper by outlining some of the observations which are helpful for
future work.

2 Public Datasets of Chest X-Ray for Segmentation
of Anatomical Structures

The following are the public datasets available for segmentation of anatomical
structures (lung, heart and clavicles).

– JSRT/SCR for lung segmentation, heart segmentation and clavicle segmen-
tation [27]

– MC dataset for lung field segmentation [12]
– CRASS dataset for lung field segmentation [9]

Some datasets like Montgomery County (MC) can be use for multiple pur-
poses. It can be used for lung field segmentation and tuberculosis screening.
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2.1 SCR Dataset

JSRT in cooperation with Japanese Radiological Society has developed a Chest
X ray image database of 247 chest radiographs with and without nodule. The
images are collected from thirteen distinct institutions in Japan and 1 in the
USA in 1988 and made it as a public dataset [25]. Out of 247 images, 154 CXR
images have lung nodules, while 93 are actually normal with no nodules. JSRT
is the only public dataset available for lung nodule detection (Figs. 1 and 2).

ISI, University Medical Centre Utrecht, The Netherlands has established SCR
dataset [27] in order to promote comparision of techniques proposed for segmen-
tation of lung regions, the heart and the clavicles [27]. For each image from JSRT
dataset, the borders of both lungs, the heart, and both the clavicles were stored
in files with .pfs extension. Individual anatomic structures are stored with .gif
extension [27]. SCR dataset is the most common dataset used in studies related
to segmentation of anatomic structures (lungs, heart, clavicles) in a CXR as
shown in Table 2. Sample masks are shown in the Fig. 3.

Fig. 1. Sample clavicle segmentation masks for images in SCR dataset

Fig. 2. Sample clavicle segmentation masks for images in SCR dataset

2.2 CRASS Dataset

CRASS dataset was collected from African region where tuberculosis is preva-
lent. It contain a set of 548 PA chest radiographs acquired from adults of age
greater than 15 years. Out of 548 images, 333 are abnormal and 225 are normal.
Among 333 abnormal images, 220 are abnormal at upper lung area near the
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Fig. 3. Heart segmentation masks for images in SCR dataset

clavicle. Among 548 images, 299 are marked as training set and the remaining
249 images are considered as test set. The main purpose of CRASS dataset is to
form a benchmark for clavicle segmentation.

Researchers have proposed different techniques for clavicle segmentation and
evaluated on CRASS dataset as shown in the Table 5. Human observers per-
formed better than all other techniques [9]. Better techniques for clavicle seg-
mentation need to be developed.

2.3 Montgomery County Dataset

U.S. National Library of Medicine (USNLM) and the Department of Health
and Human Services, MC, MD, USA has collected Montgomery County (MC)
dataset. There are 138 PA CXRs in this dataset which are collected under TB
control programme. 80 CXRs are considered to be normal and 58 are abnormal
with manifestations of TB [12].

All images are deidentified and are available in DICOM format. The spatial
resolution of the CXR images is either 4020 by 4892 or 4892 by 4020 pixels. All
image file names follow the same pattern: MCUC followed by four digit unique
identifier. For each CXR, corresponding clinical readings are stored in a file with
.txt extension. Clinical reading comprises of age, gender and lung abnormality.
For example, a clinical reading of a CXR in the MC appears in the following
form: Patient’s Sex: M Patient’s Age: 031Y Cavitary nodular infiltrate in RUL;
active TB.

Manual segmentation on images of MC dataset was performed under the
supervision of a radiologist and binary lung masks were generated. Mask images
for left and right lungs are stored separately with .png extension and are included
in seperate folders in the dataset [12]. Montgomery dataset was primarily made
available for tuberculosis screening but it is useful for segmentation of lung
fields. Table 6 gives different techniques and their performance when MC dataset
is used. Lower order region growing technique [5] achieved higher accuracy
96.6 ± 1.8 when compared to other techniques. Segmentation techniques should
be evaluated on multiple datasets (SCR and MC) to achieve better insight about
their performance.
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Table 1. Public datasets for segmentation of anatomical structures

Data Set Purpose Source Available at Cardinality

SCR-JSRT [27] Segmentation of heart,
clavicles and lungs

Image Sciences
Institute

JSRT Website 247

Montgomery [12] Segmentation of lungs USNLM NLM 138

CRASS [9] Segmentation of

clavicles

USNLM Grand challenge 548

3 Performance Metrics for Segmentation of Anatomical
Structures

There are different ways to measure the performance of Segmentation technique
but the final decision whether the segmentation is sufficiently accurate or not is
determined by the requirements of the target application. In general, the problem
of segmentation is considered as a relation between lung and background. Most
of the research papers consider classical accuracy, sensitivity, and specificity as
performance metrics (Table 1).

accuracy =
NTP + NTN

NTP + NTN + NFP + NFN
(1)

sensitivity =
NTP

NTP + NFN
(2)

specificity =
NTN

NTN + NFP
(3)

NTP denotes the true positive portion and it is equivalent to the portion of
image identified correctly as lung region, NTN denotes the true negative portion
of the image which is equivalent to the portion of image correctly identified as
background region, NFPdenotes the false positive portion and it is equivalent to
the part of the image incorrectly classified as lung region, and NFN is the false
negative fraction which is same as the part of the image incorrectly classified as
background region.

The Jaccard similarity coefficient is the overlap measure. It is the measured as
the coincidence between the ground truth (GT) and the estimated segmentation
mask (S) over all pixels in the image.

Ω =
|S ∩ GT |
|S ∪ GT | =

|TP |
|FP | + |TP | + |FN | (4)

where TP (true positives) is the count of pixels which are classified correctly, FP
(false positives) is the number of pixels which are identified as part of the object
but they belong to background in reality, and FN (false negatives) are the pixels
which are identified as background but are in actually part of the object.

Dice coefficient is the metric to measure intersection between the GT and S
as given below.
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DSC =
|S ∩ GT |

|S| + |GT | =
2|TP |

2|TP | + |FP | + |FN | (5)

Average contour distance (ACD) is the average distance between the seg-
mentation boundary S and the ground truth boundary GT [3].

4 Comparitive Study of Segmentation Techniques for
Each Dataset

4.1 Comparision of Performance of Lung Field Segmentation
Techniques on JSRT SCR Dataset

SCR dataset was used to evaluate the performance of different lung segmenta-
tion techniques as shown in Table 2. Highest accuracy is 96.3 ± 1.2 when lower
order adaptive region growing technique [5] is used. Human observer accuracy
is calculated as 94.6 ± 1.8 and more than half of the segmentation techniques
generated an accuracy more than human observer. Accuracy could be improved
further and execution time could be decreased.

Table 2. Comparision of performance of lung field segmentation techniques on JSRT
SCR dataset

Method Jaccard overlap DSC Time in sec

Lower order adaptive region growing [5] 96.3 ± 1.2 98.3 ± 0.7 3–20

Multitask FCN [28] 95.9 ± 1.7 - -

Structured edge detector UCM [30] 95.2 ± 1.8 97.5 ± 1.0 <0.1

SIFT flow [3] 95.4 ± 1.5 96.7 ± 0.8 20–25

Landmark based segmentation [10] 95.3 ± 2.0 - 5.3

MISCP [22] 93.0 ± 4.5 - 13–28

Hybrid voting [27] 94.9 ± 2.0 - >34

Hierarchical lung segmentation [23] 94.6 ± 1.9 97.2 ± 1.0 35.2

SCAN [6] 94.7 ± 0.4 - 0.84

Human observer [27] 94.6 ± 1.8 - -

Game theoritic framework [11] 94.6 ± 2.2 - 38

InvertedNet [16] 94.6 97.2 7.7

Pixel classification post processed [27] 94.5 ± 2.2 - 30

SSM and SAM [13] 93.09 ± 2.1 - 40–80

MSCCP [22] 93.0 - -

ASM tuned [27] 92.7 ± 3.2 - 1

ASM-SIFT [24] 92.0 ± 3.1 - 75

AAM whiskers [27] 91.3 ± 3.2 - 3

Graph cut [2] 91.0 ± 3.7 - -
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4.2 Comparision of Performance of Heart Segmentation Techniques
on JSRT SCR Dataset

Segmentation of heart from a given chest x-ray is a challenging task as it is
difficult to extract the heart region exactly. In spite of the complexity, various
techniques were proposed and evaluated on JSRT SCR dataset. Most of them
have low accuracy when compared to human observer as shown in Table 3. High-
est accuracy 89.9±4.4 was achieved by using Fully Convolutional Networks [28].

Table 3. Comparision of performance of heart segmentation techniques on JSRT SCR
dataset

Method Jaccard overlap DSC Time in sec

Multitask FCN [28] 89.9 ± 4.4 - -

InvertedNet with ELU [16] 88.2 93.7 -

SIFT Flow [3] 95.4 ± 1.5 96.7 ± 0.8

Human observer [27] 87.8 ± 5.4 - -

Hybrid voting [27] 86.0 ± 5.6 - -

SCAN [6] 86.6 ± 1.2 - -

Hybrid ASM/PC [27] 83.6 ± 8.2 - -

Hybrid AAM/PC [27] 82.7 ± 8.4 - -

AAM whiskers BFGS [27] 81.4 ± 7.0 - -

Pixel classification postprocessed [27] 82.4.5 ± 7.7 - -

Sparse shape composition [23] 94.6 ± 1.9 97.2 ± 1.0 35.2

Pixel Classification [27] 81.1 ± 7.7 - -

ASM tuned [27] 81.4 ± 7.6 - -

ASM default [27] 77.5 ± 13.5 - -

Mean shape [27] 64.3 ± 14.7 - -

4.3 Comparision of Performance of Clavicle Segmentation
Techniques on JSRT SCR Dataset

Clavicle segmentation is the most challenging task as it is very difficult to seper-
ate the clavicles from a given chest x-ray. Even though automated techniques
were proposed, none of them performed better than human observer as shown
in Table 4. Maximum accuracy achieved was 89.6 ± 3.7 by the human observer.

4.4 Comparision of Performance of Clavicle Segmentation
Techniques on CRASS Dataset

Clavicle segmentation is quite challenging but researchers have addressed the
problem by adopting pixel classification based methods, HDAP, Fully Convolu-
tion Networks and Active Shape Model. None of the techniques have resulted in
better accuracy than human observer as shown in Table 5.
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Table 4. Comparision of performance of clavicle segmentation techniques on JSRT
SCR Dataset

Method Jaccard overlap DSC Time in sec

Human observer [27] 89.6 ± 3.7 - -

InvertedNet with ELU [16] 86.8 92.9 -

Multitask FCN [28] 86.3 ± 4.5 - -

ASM tuned [27] 73.4 ± 13.7 - -

Hybrid voting [27] 73.6 ± 10.6 - -

ASM default [27] 69.0 ± 14.3 - -

Hybrid AAM/PC [27] 66.3 ± 15.7 - -

AAM whiskers BFGS [27] 62.5 ± 17.1 - -

Hybrid ASM/PC [27] 61.3 ± 20.6 - -

Pixel classification postprocessed [27] 61.5 ± 12.3 - -

Pixel classification [27] 61.8 ± 10.0 - -

AAM default [27] 50.5 ± 23.4 - -

Mean Shape [27] 30.3 ± 21.4 - -

4.5 Comparision of Performance of Lung Field Segmentation
Techniques on Montgomery County Dataset

Only a few segmentation techniques are evaluated using Montgomery County
Dataset [3,5,6]. Lower order region growing approach has reported high accuracy
of 96.6 ± 1.8 as shown in Table 6. SCAN Technique has recorded an accuracy of
91.4 ± 0.61 with MC data set against 94.7 ± 0.4 using JSRT SCR dataset.

5 Conclusion and Future Scope

Lung field segmentation has attracted attention from most of the researchers
and some of the techniques have attained an accuracy more than the accuracy of
human observer. Segmentation of other anatomical structures heart and clavicles
was not focused much during the last four decades. The accuracies reported in the
automatic segmentation of heart and clavicles were not encouraging due to the
reason that medical applications demand an accuracy more than the accuracy
of human observer.

Another observation results from the fact that most of the researchers have
used JSRT SCR dataset alone for the evaluation of the performance of the tech-
nique proposed. It is advisable to evaluate the performance of the proposed
technique using all the available datasets to have a better insight.

Eventhough CRASS and JSRT datasets are available for clavicle segmenta-
tion, segmentation of clavicle remains as a challenging task. Better techniques
should be proposed to increase the accuracy of clavicle segmentation.
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Table 5. Comparision of performance of clavicle segmentation techniques on CRASS
dataset

Method Jaccard overlap DSC Time in sec

Third observer [9] 93.0 ± 4.0 - -

Second observer [9] 93.0 ± 4.0 - -

HDAP No shape [9] 86.0 ± 1.0 - -

HDAP [9] 85.0 ± 1.0 - -

HDAP No borde [9] 80.0 ± 1.0 - -

HAP [9] 77.0 ± 1.0 - -

PC postprocessed [9] 73.0 ± 1.1 - -

SFCN-ML [1] 70.47 81.40 -

ASM default [9] 69.0 ± 1.9 - -

Table 6. Comparision of performance of lung field segmentation techniques on Mont-
gomery County Dataset

Method Jaccard overlap DSC Time in sec

Lower order region growing [5] 96.6 ± 1.8 97.8 ± 0.5 -

SIFT flow [3] 94.1 ± 3.4 96.0 ± 1.8

SCAN [6] 91.4 ± 0.61 - 0.84

As massive datasets of chest x-rays are available, deep learning techniques
could play a major role in automatic multiple disease detection.

Paediatric chest x-ray datasets are needed to analyze and process the chest
diseases related to children. Hence more paediatric pubic datasets are needed for
evaluation of segmentation and disease detection techniques.
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