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Abstract

We present a knowledge-based approach to segmentation and analysis of the lung boundaries in chest X-rays. Image edges are matched t
an anatomical model of the lung boundary using parametric features. A modular system architecture was developed which incorporates the
model, image processing routines, an inference engine and a blackboard. Edges associated with the lung boundary are automatically
identified and abnormal features are reported. In preliminary testing on 14 images for a set of 18 detectable abnormalities, the system
showed a sensitivity of 88% and a specificity of 95% when compared with assessment by an experienced radidegstElsevier
Science Ltd. All rights reserved.
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1. Introduction relevant anatomy (anatomical model). To compare low- and
high-level objects, a common, intermediate representation
Identification of the lung boundaries in chest radiographs is required, for example using parametric features.
is a necessary step for detecting abnormalities such as inter- Numerous systems were reported that use of anatomical
stitial disease [1,2], pneumothorax [3], cardiomegaly [4] knowledge, in the form of constraints on features such as
and pulmonary nodules [5,6]. expected size, shape, texture and relative positions of struc-
The aim of this work is to develop an experimental tures, to perform image interpretation [7—20]. A number of
system which demonstrates a knowledge-based approaclsystems have dealt specifically with segmenting the lung
to segmentation and analysis of the lung boundaries infields in chest X-rays [5,6,21-27]. Typically segmentation
chest X-ray images. is based around thresholding, edge detection and feature-
A clear distinction is made between “high-level” and based pixel classification. Duryea and Boone [21] used a
“low-level” processing. We define low-level processing heuristic edge-tracing approach with validation against
as operating on raw image data. In such algorithms, the hand-drawn lung contours. Armato et al. [27] used a combi-
input is considered simply as an array of pixel values. We nation of gray-level thresholding (both global and local) and
define high-level processing as operating on data which arecontour smoothing. McNitt-Gray et al. [23] developed a
represented in a symbolic, knowledge-based domain. method using feature-based classification of pixels into
If high-level analysis is to be applied to image data, then a regions such as heart, lung and axilla. These systems are
high-level representation must be derived. In our approach, effective and useful but do not provide a high-level repre-
segmentation involves matching low-level image objects to sentation of the image content. Also, domain knowledge is
high-level objects described in a mathematical model of the embedded as heuristics within the segmentation algorithms,
making it difficult to reapply or extend to other problems.
ST — o ' _ Images of abnormal anatomy pose a problem for all auto-
Formerly at CSIRO Telecomm_unlcatlons aqd Ingustrlal Ph_ysmg mated analysis schemes, particularly cases where expected
Qf“;tg'githsvfg?;'Og(;gr':;z”flzsstfﬁgce and Engineering, The University o, tomical structures are missing, or altered to the point
* Corresponding author. Tel.=+ 1-310-267-1820; Fax:+ 1-310-206- where they cannot be detected by the available segmenta-
2967; e-mail: mbrown@endeavour.radsci.ucla.edu tion routines. Most knowledge-based approaches do not
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Fig. 1. System architecture and representational spaces.

represent, or reason with, abnormal variations effectively. In

some systems, fuzzy sets were used to describe possible

ranges of variation in anatomical features, and to quantify
levels of confidence during decision-making [13-19].
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Fuzzy sets also allow transformation of numerical feature
values to symbolic descriptions.

In a knowledge-based approach there is a need for
segmentation algorithms, usually a number of them, to inter-
act with the knowledge base. Many computer vision
systems, both medical [17,18] and non-medical [28-31],
have made use of the blackboard approach to communica-
tion and control between the different system components
(*knowledge sources™), that contribute to the image inter-
pretation. The blackboard is a data structure that stores the
current solution state, and knowledge sources may read
from, and write to, the blackboard in an “opportunistic”
manner.

If a symbolic description of the image content can be
derived, there is the possibility of providing high-level deci-
sion support. Many useful non-image based diagnostic and
treatment planning expert systems were reported [32—34].

In this paper we present a system that contributes to two
main areas of this research:

1. A knowledge-based architecture which combines some
aspects of the systems described earlier: an anatomical
knowledge base (model), image processing routines, an
inference engine for decision-making and control, and a

blackboard for communication. Features are used for

comparison and matching of image and model objects,

and a symbolic description of these features is derived to
allow high-level interpretation.

Modeling of both normal and abnormal feature values

and an inferencing approach which allows segmentation

2.
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(inference engine <€&—blackboard)

Y

While anatomical
structures remain
unidentified on the
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Fig. 2. Overview of system operation, with blackboard interactioritalics.
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2. System overview

The main tasks of the system are to:

e Extract and match image edges to anatomical structures
in the model. A common set of numerical feature values
are derived from both image and model objects, and
comparison and matching occurs in this feature space.

¢ Derive a symbolic description of the features of matched
edges.

e Perform image analysis and generate a report indicating
suspected abnormalities. High-level rules translate the
symbolic feature descriptions into the natural language
report.

The system architecture is based around the blackboard
approach to problem solving [35]. Since the components
communicate strictly via the blackboard, modularity and
independence of internal data representation are possible.
v Fig. 1 shows the system architecture with the model and

i image domain representations, and the common feature-
DIAPHRAGM space in which they are compared.

In Fig. 2 we outline the control algorithm in terms of
systematic interactions with the blackboard. Anatomical
Fig. 3. Anatomically labeled chest radiograph showing lung surfaces.  structures that are interrelated are grouped for matching,

and identified simultaneously. Opportunistic scheduling
occurs in the step where the next group of anatomical struc-
tures is selected for segmentation (see Section 3.4.1).

and matching, even for highly abnormal lung boundaries.

There is also a strategy for relaxing constraints in cases

where an expected edge cannot be segmented by the low3: System elements

level routines.

3.1. Anatomical model
The knowledge-based method and architecture are the
focus of this paper, with some preliminary results to show 3.1.1. Organization of the knowledge base
the potential value of such an approach. For each anatomical structure to be identified, the system

RIGHT
THORACIC
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Fig. 4. Semantic network for frames involving the right lung.
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D D Table 1
Edges: Relational vocabulary used in the model and associated parameters
A. Costal surfaces Relationship Parameters
B. Hemi-diaphragms A A Part of
C. Mediastinal surfaces cc Right of Distance to the right
Left of Distance to the left
D. Lung apices B B Inferior to Inferior distance
Superior to Superior distance
. . . Near (horizontal) Horizontal distance
Fig. 5. Edges included in the lung boundary model. Near (vertical) Vertical distance
Connected to Distance between endpoints of the edges
. . . Inferior part of Distance below centroid
uses the following knowledge: name, shape information, Superior part of Distance above centroid

structural relationships to other anatomy and imaging char-
acteristics. The model focuses on the lung boundaries,
which are significant because their shape is determined by Relationships between anatomical structures are repre-
the surrounding anatomy: the domes of the diaphragm, sented by links between the frames in the model, as in a
mediastinal (and cardiac) silhouette, lung apices and costalsemantic network [40]. Relational slots store a pointer to the
margins (bounded by the rib cage) are indicated in Fig. 3. related frame and associated parameters. Frame-based

There are a number of ways in which the domain knowl- semantic networks were used previously by a number of
edge can be represented. While the various representationgroups [8,10,15]. Part of our semantic network, dealing
may be capable of encoding the same information, there arewith the right lung, is shown in Fig. 4. The complete
differences in terms of the case with which application network consists of 14 frames and 30 relationships.
systems can be built, as well as the extensibility and main-
tainability of the knowledge base. 3.1.2. Parametric description

A rule-based knowledge representation was used in  Here we describe the parameters used to model shape and
systems for identifying blood vessels in angiograms structural relationships between anatomical structures.
[7,12]. Rules are not a natural representation for many of  The shape description is edge based. Edges are modeled
the declarative facts required in our knowledge base, andas curves with expected length, position, orientation at the
this limits its effectiveness as described earlier. However, endpoints, and edge strength as parameters. Lengths are
we use a rule-based approach for generating reports onmodeled in centimeters, and are later converted to number
abnormalities (see Section 3.4.4). of pixels for a given image. We specify endpoint orientation

Voxel-based models or atlases were used to representelative to an¥, y)-coordinate system, where tkalirection
anatomical information, and deformed to fit individual s to the patient’s left, and thedirection is inferior. Smooth
data from CT and PET images [36]. However, there are curvature is assumed between the endpoints. We define the
difficulties in representing possible anatomical variations edge strength as a percentage of the maximum strength of
and voxel classifications are typically derived from a single any edge which is expected in the image. This makes the
cadaver. Some methods for segmenting brain MR imagesparameter less dependent on the method used to compute
have attempted to overcome this by using multiple subjects edge strength (e.g. image gradient magnitude). Fig. 5 shows
to create probabilistic spatial distributions of normal anat- the edges which are included in the model, and Fig. 6 shows
omy [37,38]. the slots in a model frame.

In our system, anatomical knowledge is stored in a A vocabulary was defined to model relationships between
declarative model. For each anatomical structure, para-anatomical objects. Table 1 shows the relationships and
metric shape and relational attributes are encapsulated in aassociated parameters.
frame [39]. The frames have a predefined set of “slots”,
corresponding to the attributes, in which parameter values 3.1.3. Modeling anatomical variability
are stored. An important requirement of the knowledge

MODEL FRAME

N :
ame Relationship
Edge description: Length: .
Orientation of endpt1: Type:
Orientation of endpt2: Related frame: pointer
Strength: Parameters: dependent
Relationships: listof ——— g on type

Fig. 6. Model frame structure.
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Fig. 7. Modeling anatomical variability using fuzzy sets and deformability limits.

representation is the ability to describe anatomical varia- set theory pertaining to linguistic variables [41] allows
tions between patients. Each parameter in the model definesepresentation of this vagueness in mapping between
a range of numerical values which are considered possiblenumerical parameter values and linguistic descriptions.
(see Section 3.1.3.1), and a fuzzy mapping between numer+or each linguistic expression, a fuzzy set is created
ical values and linguistic (symbolic) descriptions (see which provides compatibility (fuzzy membership) scores
Section 3.1.3.2). for possible parameter values.

Fuzzy sets were used previously to map numerical values
3.1.3.1. Numerical parameter variabilityThe model  to symbolic representations for high-level matching in
describes anatomical variations which can occur owing to medical images [13,17,42]. Typically, the same set of
elastic deformations of the lung. It represents variations |inguistic variables is applied to a given feature for all anato-
such as those caused by structures becoming enlargegnical structures. For example, the linguistic variables,
(e.g. cardiomegaly), reduced (e.g. collapsed lung) or small medium andlarge may be used to represent size
displaced (e.g. by swelling of an adjacent organ). for all organs. In our approach, we redefine linguistic vari-

For each parameter in the model, upper and lower ables for each anatomical structure in the model because, for
“deformability limits” specify the possible range of values  example, amalllung represents different numerical values
under natural deformation. This is, and must be, a coarsefrom those for amallthorax. Further, rather than modeling
description because we are modeling possible, rather thana structure as beingmall or large we believe that a more
normal, variations. If the model was more tightly specified, natural description can be derived relativenrmal with
the system’s ability to recognize unusual anatomy would be structurally unusual variations being modeled as, for exam-
compromised. Because crudely specified deformability ple, abnormally smallor abnormallylarge. Such a repre-
limits are used, they do not have to be redefined for subjectssentation is based on the assumption that a major part of
of different sex or race, and are usable over a wide range ofdiagnosis involves recognizing “normal” anatomy, and
ages. then excluding it from further attention, and therefore

experts are readily able to supply constraints in this form.
3.1.3.2._ Linguistic _imprec_is_ion Anatomical descriptions  Here we are usingbnormalsimply to describe the appear-
are subject to the imprecision of natural-language. Fuzzy gnce of a particular feature, at this level there is no implica-
tion that it is necessarily the result of disease.

Consider as an example, the relationship between the
heights of the right and left hemi-diaphragms. Fig. 7
shows an example of fuzzy compatibility functions for the
height parameter, as well as deformability limits. The
normal compatibility function is relatively narrow, however
the deformability limits are a long way apart because the
diaphragm is flexible, i.e. highly deformable. Thus, the

Table 2

Translation of relational vocabulary to spatial constraints in the imislge.
= set of pixels in image mask for dependent obj&t= set of pixels in
related (parent) objeck = relationship parameter range (see TablePL);
= lower deformability limit;P, = upper deformability limitBymin (y) =
minimumx such thatX, y) € B; Bynax(Y) = maximumx such thatXx, y)
€ B; Bymin () = minimumy such thatX,y) € B; Bynax(X) = maximumy
such thatx, y) € B

Relationship Meaning in image domain model indicates that under normal conditions the relative

Right of M = {(% )| Bun ) — PO) heights of the hemi-diaphragms are quite well-defined, but
< X < Bain(y) — PO} a wide range of abnormal variation is possible.

Left of M = {(X V)| Bmx () + P For this preliminary work, the fuzzy compatibility func-

_ < X < (Bumax(y) + Pu)} tions and deformability were determined empirically with
Inferior to M = {(x )] Bymax () + PL; guidance from an expert radiologist. They were checked and
Superior to M = .{Tx,yy)T(B(y:iy:?;)(X)— ;U) ui refined against measurements made on a training set of 12

<y < Bumn () — P} chest X-rays. We have found trapezoidal (piecewise linear)
Near (horizontal) M = {(X, Y)| Bmin () — Pu) compatibility functions to be sufficiently precise for our

< X < (Bumax(y) + Pu)} current application. In a statistical approach, such functions
Near (vertical) M = {(x )| Bymin ) — Py) could be generated based on measured feature values from a

<y< (Bymax (X) - PU)}

set of training images. This would require a representative
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(b)

Fig. 8. (a) Canny edge detection with = 3; (b) Candidates generated for the right hemi-diaphragm.

training set which is difficult because of variations with age, relationships to previously labeled anatomy are used to
sex and race, as well as the many different abnormalities refine an image mask which specifies the image region

which can occur. where edge extraction should be performed. Table 2 defines
the relational vocabulary in terms of translation to

3.2. Image processing constraints on pixel coordinates (see Section 3.1.2 for coor-
dinate system).

3.2.1. Knowledge guidance When an anatomical structure is scheduled for segmenta-

The anatomy which should be present in most medical tion, knowledge-based constraints are read from the black-
images can be stated a priori and anatomical knowledge carboard and passed to the image processing engine. The
be used to guide segmentation routines to extract specificextracted edges are written back to the blackboard as
structures. Thus, our image processing is primarily model- “candidates” for matching to the anatomical structure.
driven. The following constraint parameters are passed to each

The system uses both a priori (model-derived) and a edge detection algorithm: strength (see Section 3.1.2 for
posteriori (image-derived) knowledge to spatially constrain definition), orientation (gradient direction), position
the segmentation of a given anatomical structure. Structural(image mask), and length (number of pixels). These

BLACKBOARD FRAME Image Candidate
Identifier: link to model Edge features:
I Length: 98

Confidence: 0.95

Edge feature constraints: as in model ) Orientation of endptl: 65
I Confidence: 1.0
Relational features: as in model ! Olée:;*gaz?lgef.elngptzz 87
| 11
Strength: 72
! Confidence: 0.9

Predicted position: image mask Relational features:

rl parameter: 12

Image candidates: list of image structures 2Conﬁdence: 5046
r2 parameter:

Confidence: 0.7

\ r3 parameter: 66

\ Confidence: 0.65
Best candidate: pointer to image candidate \

Overall confidence: 0.6

Fig. 9. Structure of a blackboard frame.
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to blackboard frames. Edges are represented in feature-
space using the same parameters as defined in the model
(see Section 3.1.2). Relational links are created between the
frames as required. Each expected feature value (constraint)
is represented by a “confidence function” (definition and
derivation given in Section 3.4.2.1) and fuzzy sets taken
directly from the model.

3.4. Inference engine

Search order: G;, G, G,

The inference engine performs a number of tasks related

Legend: Frames: A,B,C,D,E,F .. . L.
I:I to decision-making within the system:

O Groups: G;, Gz, G, . . . .
¢ scheduling the order in which anatomical structures are
- g)zggggegnlgr}(;m dependent frame) identif_ied; ) )
«— > Mutual dependency . selectlng the best edge (candidate) for matching to an
anatomical structure;
Fig. 10. Example of the grouped search strategy. e deriving symbolic descriptions of feature values; and
e high-level testing for abnormalities and report
constraints are passed as numerical ranges, corresponding to generation.
the deformability limits, which are read from the appropri-

ate slots in a blackboard frame. 3.4.1. Scheduling

) Since the frames on the blackboard are relationally
3.2.2. Edge detection . constrained (linked), object recognition requires the best
Canny edge detection is performed, but typically the compination of candidates to be determined for matching
expected anatomical structures do not produce a single,i the set of frames on the blackboard, as opposed to finding
continuous edge. Therefore the image processing engine, pest candidate for individual frames independently.
applies the Canny operator at multiple resolutions, with  Gjyen the number of frames and candidates which exist,
standard deviationsr = 3, 7, 9 (the exact choice of values g exhaustive search of all possible combinations is not
is not critical), and uses the following algorithm to generate fo5siple. Alternatively, an ordered search could be applied
candidates by linking different combinations of edge \here an image structure is matched to a frame, and then

fragments: remains fixed and is used to guide the search for other

1. apply gradient magnitude (strength) and phase (orienta-Structures. This is much faster, but may produce sub-optimal
tion) constraints; results.

2. form edge fragments from continuous sets of points; Our scheduling strategy is a compromise between the

3. subdivide (split) edge fragments at points of high curva- exhaustive and ordered searches. It is based on the hierarchy
ture; and implied by the relationships in the model. Binary relation-

4. calculate possible linkages of edge fragments to form Ships define ~dependencies, both uni-directional and
candidates: a linkage can occur if the orientation of a “Mutual” (defined later), between frames on the black-
line joining the end points of the fragments is within board. Mutually dependent frames are grouped for search-

the orientation constraint range, and the overall length ing as follows: a frameB, is a member of groupss, if there
constraint is satisfied. is another frameC € Gy, such thaB andC are mutually

) . ] dependent (see Fig. 10). Within a group, an exhaustive
Fig. 8 shows an example of edge detection for the right gearch is carried out to find the best combination of candi-
hemi-diaphragm. There will typically be 5-10 edges (candi- gates (j.e. best group candidate). The match to frames within

dates) generated for an anatomical structure. the group is then fixed and then the next group is processed,
giving an ordered search between groups.
3.3. Blackboard The number of a mutual dependencies determines the size

: of groups and hence the computation time of the exhaustive
The blackboard uses frames to store feature-space infor- . ; L
. . . o search. For the purpose of forming a group, a relationship is
mation. For each anatomical structure to be identified, a

frame is created and posted on the blackboard. Slots existconadered a mutual dependency if two criteria are met:
for storing data derived from both model and image, as well 1. The type of relationship must be defined as a potential
as matching results produced by the inference engine (see mutual dependency in the relational vocabulary. Many
Fig. 9). relationships could sensibly be defined as either a mutual
In mapping the model to feature-space, constraints on or uni-directional dependency. For example, we define
feature parameters are derived from the model and written connected to as a potential mutual dependency.
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4. dealing with the case where no suitable candidates can be

Confidence 1-0
function R found.
0.0 4 . Parameter

value

Compatibility There are four issues to be explored in computing a confi-
Fuzzy o . Normal dence score for a candidate:
membership 1 . . P .
functi . generating confidence scores for individual constraints;
unction 0.0 . Parameter .. . -
LI T value 2. combining these scores into an overall confidence for the
| Deformability ! candidate;
I Limits > 3. selecting the best candidate using the confidence scores;
Confidence | | and
| |
|

Fi L , , . 3.4.2.1. Generating confidence scores: confidence
ig. 11. Initialization of a confidence function using the normal fuzzy set . .
and deformability limits. functions For each feature parameter in the model, a
confidence function is derived which maps parameter
values to confidence scores for matching purpose. It is
Therefore it is appropriate for describing a connection assumed that each model parameter will have a fuzzy set
between structures of similar significance (in terms of defining the linguistic valuenormal and that it will have a
labeling). However, a new uni-directional dependency trapezoidal compatibility function. Further, each parameter
would need to be defined for a connection between a should have deformability limits defined. The derived
major structure and a smaller or more subtle structure. confidence function is also trapezoidal, such that it has
Fig. 4 shows which relationships are defined as poten- value 1 wherever the normal compatibility function is
tially mutual. maximum, and decreases linearly to 0 at the deformability
2. The relationship must have a high degree of “invar- limits as shown in Fig. 11. This gives an a priori
iance”, since these are most important in object recogni- approximation of the range of possible values which a
tion. The amount of variability in a relationship is often parameter can take under natural deformation. Invariant
determined by the flexibility, or rigidity, of the structures parameters (with narrow deformability limits) have tightly
involved. The degree of invariance is quantified, based defined confidence functions, while more variable
on the model parameter associated with the relationship, parameters will have broad confidence functions.
as the ratio of the width (support) of tim@rmal compat-
ibility function to the width of the deformability limits. A 3.4.2.2. Combining confidence score§o generate an
relationship is considered a mutual dependency if this overall confidence score for a candidate, a fuzzy logic
ratio is greater than 0.5. approach is used, i.e. the minimum of the confidence
scores for individual features is taken. This fuzzy logic
method has a potential weakness of being sensitive to the
most poorly satisfied constraint only. Our inferencing

Only uni-directional dependencies exist between frames
in different groups and the dependencies imply a search

order. A uni-directional dependency is “usable”, in terms . ; . :
. : 4 technique addresses this by virtue of the loosely defined
of applying constraints on a frame, if a match was made to . . Y
confidence functions (based on deformability limits), so

its “parent” frame. The next group to be identified 'S that all constraints should be satisfied with high
chosen as the one with the fewest unusable dependencies

. . . . ¢onfidence for a valid candidate. Under these conditions
so that as many constraints as possible are available to guid L s
; . i o uzzy logic is an acceptable means of obtaining an overall
the segmentation. This grouped search, illustrated in Fig. 10, d . )
confidence measure. Loose definition of constraints may

is a compromise between speed and an optimal solution. . S
appear to present a problem in terms of discriminating

The formation of the groups is dependent on the relation- . )
ships stated in the model, and thus has a weakness in that iPetween structures, however this is countered by three facts:

assumes the relationships will naturally define a hierarchy e Many structural relationships are naturally invariant, so
suitable for searching. The advantage is that the method can they do not have to be initialized loosely.
be fully automated, allowing the system to compute a sche- ¢ Relational (spatial) constraints impose tight a posteriori
dule for identifying any subset of anatomical structures  constraints in addition to the loosely defined a priori
described in the model. constraints.

e Combination of many constraints for matching allows

3.4.2. Matching them to be more loose than if a small number were used.

The best candidate for matching to a frame is selected on
the basis of confidence scores. For each feature associate8.4.2.3. Selecting the best candidat&he task is, in fact, to
with a candidate, a confidence is calculated which indicates select the best combination of candidates for a group, rather
how well the candidate satisfies the constraint on that than dealing with individual frames independently. A
feature. “group candidate” is formed for each possible
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Table 3

471

The minimum number of frames are labeledfound such

Rules for generating reports of anatomical abnormalities (symbolic feature that there is at least one new group candidate with non-zero

descriptions intalics)

Reported anatomical Feature-based rule

abnormality

Small lung volume
Over-inflated lung
Asymmetric lung volumes
Silhouette sign

Unclear interfaces
Raised hemi-diaphragm

Length of costal edgghort (or long)

Edgeainfound
Edge strengtheak
Height of the right hemi-diaphragm above
the left: low (or high)
Orientation at endpoint of hemi-
diaphragmabnormal

Abnormal lateral portion of
hemi-diaphragm (query
pleural effusion)
Unclear cardiac silhouette Length of mediastinal eddpert or
strength of mediastinal edgenclear
Distance between upper endpoints of the
mediastinal edgesnlarged

High cardiothoracic ratio, i.e. max. width
of mediastinal edges/max. width of costal
edges

High average gray-level of lung region

Abnormal density in single lung

Widening of the upper
mediastinum
Cardiomegaly

Abnormal lung density
Asymmetry of lung density

combination of candidates from member frames. The

confidence.

This constraint relaxation is coarse, in the sense that it
effects all constraints associated with a particular frame,
rather than allowing individual constraints to be relaxed.
This is consistent with the assumption that all constraints
must be satisfied. If any one of the constraint fails, then a
candidate cannot, and should not, be matched to the frame.

3.4.3. Symbolic feature description

Features of recognized anatomical structures are
described symbolically using the fuzzy sets defined in the
model. For each parameter value, the system generates a
linguistic value and a compatibility score indicating how
well the description fits the value.

The symbolic representation provides important comple-
mentary information to the confidence scores generated
during matching. While the confidence scores deal with
loosely defined ranges of possibility, the linguistic values
give an assessment against more strict criteria for normality.

3.4.4. High-level rules for reporting abnormalities
The system uses high-level rules to generate reports on

confidence of a group candidate is computed as the g spected abnormalities based on the symbolic feature

minimum confidence of
the best group candidate is selected.

its member candidates, and gegcriptions. Most of the abnormalities we are concerned

with, can be detected by analyzing the lung boundary. We

Since our matching strategy uses an ordered searchjescripe briefly some examples:

between groups, without backtracking, there may be some

concern regarding cascading of matching-errors. The ® Silhouette sign

system only allows a “good” match to a frame, otherwise

the frame is labelednfoundand does not effect the match-

An increase in density of the lung (e.g. owing to fluid or
calcification) may cause one, or more, of its interfaces to

ing of subsequent groups. The system aims for good bPecome unclear.
matches by using multiple constraints and demanding that® Lobar collapse

they all be satisfied (via fuzzy logic).

3.4.2.4. Constraint relaxation The system is able to relax

Collapse of one of the lobes of the lung can be detected
from the image by the reduction in lung volume and
raised position of the hemi-diaphragm.

constraints under certain conditions to increase robustness® Pleural effusion
for noisy' incomp'ete or unexpected data. If an image edge Fluid in the pleural space often collects at the base of the

predicted by the model cannot be detected by the available
detection algorithms (i.e. the correct edge is not generated),

lung, giving a rounded, rather than sharp, costophrenic
angle (where the costal interface meets the dome of the

some (incorrect) candidate edges may still be produced. diaphragm).
These candidates will typically fail to satisfy at least one ® Cardiomegaly

An enlarged heart, the size of which can be estimated

constraint, and thus will have zero confidence for matching.

In such cases, all group candidates (for the group to which ~ from the image.

the frame belongs) have zero confidence, even though other \ye are also interested in detecting abnormalities in lung

frames in the group may have good (correct) candidates.density, either asymmetry between the lungs or inhomo-

Constraints on the group must be relaxed if a match is to geneity within one of the lungs. The rules used to detect

be made. _ _ . specific abnormalities are shown in Table 3. The compat-
The inference engine relaxes constraints by adding thepjity scores for the linguistic values are used to calculate a

unfound candidate to one or more frames in the group, confidence score, again by fuzzy logic, for each abnormality
thereby creating some new group candidates. Uifeund reported via the rules.

candidate has the property that for any constraint in which it
is involved (including relational), it yields a confidence 3 g Implementation
score of 1 (i.e.complete confidence). Thus, if a frame is

labeledunfound it imposes no constraints on related frames.  The system was implemented on a Silicon Graphics
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Table 4
Comparison of system output against a radiologist’s assessment (for limited set of abnorm@litig®)rted by both (true-positive]) reported by radiologist
only (false-negative)x reported by system only (false-positive)

Image identifier A B C D E F G H | J K L M N

Lung volume
Small right [ ]
Small left X [ ] [ ]
Asymmetric X [ ] ° )
Lung density
High right
High left o
Asymmetric [ ]
Unclear silhouette
Right costal
Right mediastinal X
Right hemi-diaphragm @)
Left costal
Left mediastinal (]
Left hemi-diaphragm X [ ]
Cardiac [ ] X
Raised hemi-diaphragm
Right (]
Left
Abnormal lateral hemi-diaphragm
Right [ ]
Left [ ] X (@] X [ ] [ ]
[ ]

[ N ]
® O

o000
X 00

X
[
[ ]

Cardiomegaly

Indigo 2 workstation. Common LISP (with Object System image primitives, however, the low-level computation of
extension) was found to be convenient for creating frames the edge images is slower.

and performing inferencing and control. Therefore, most of  The test images were not chosen randomly. They were
the system architecture is coded in LISP, with the image selected with the aim of having 50% normal and 50% abnor-
processing routines being implemented in C. mal images such that most of the detectable abnormalities
were covered. Five of the images were from our training set
and nine were previously unseen test images.

For each setimage, an experienced radiologist was asked
to identify abnormalities from the set of 18 specified in
Table 4. These abnormalities were compared against those
reported automatically by the system.

4. Experimental results
4.1. Experiments

Some preliminary experiments were performed to gauge
the potential of the approach. A set of 14 images was used
for testing, acquired by computed radiography (CR) or from 4.2. Results

films scanned on a laser digitizer. All images were - ]
subsampled to dimensions of approximately 35856 to Table 4 shows the abnormalities which were reported by

allow fast image processing. This resolution was adequateth€ radiologist and the system for each image. For the total
given that we are currently only analyzing large-scale anat- ©f 252 tests for abnormalities, the system performance is
omy. Total processing time was approximately 2 min on the Summarized in Table 5, where an abnormal finding is
Indigo 2. The use of higher-resolution images does not considered a positive result. o

effect the speed of matching and analysis, since these We identify two main factors contributing to the small

processes deal with parametric feature descriptions of Number of false positive and false negative test results: (a)
for a low-contrast edge, the edge detection is often inaccu-

Table 5 rate; (b) the inference engine produces a confidence score
Summary of test results, where an abnormal finding is considered a positivefor each reporting decision, and Table 4 includes all non-

test result zero confidences as positive, therefore some reported
True False abnormalities with very low confidences are false positives.
Five of the false positives were reported with a confidence
Negative 208 4 less than 0.4.
Positive 30 10 ; ;
Total 238 14 Fig. 12 shows the system output for two images or normal

anatomy, with the detected lung boundary and reports
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Cardiothoracic ratio: 45%

Cardiothoracic ratio: 41%

(b)

Fig. 12. System output for test images of normal anatomy.

showing no detected abnormalities. Figs. 13 and 14 showlateral portion. A more detailed anatomical model may
labeled edges and automatically generated reports for fourhave prevented this false negative. The right hemi-
of the test images of abnormal anatomy. Most of the diaphragm has a clearer silhouette (edge) and was correctly
reported abnormalities agree with the radiologist's assess-identified by the system as exhibiting an abnormality caused
ment (see Table 4). However, we now examine in detail the by pleural effusion.
causes of a small number of false positive and negative In Fig. 14b, the left lung field is totally opaque, and none
reports from Fig. 14. of its interfaces are visible. However, the system has
In Fig. 14a, most of the left diaphragmatic silhouette wrongly identified a rib-edge as the left hemi-diaphragm.
cannot be seen. Therefore the system was unable to identifyThis is because the matching strategy is to find the best
it and has correctly reported it as “unclear”. However, a candidate which meets the model constraints, even if they
small amount of the lateral portion of the hemi-diaphragm is are satisfied with low confidence. The reason for this
visible, and the radiologist was able to conclude that this approach is to allow the system to recognize highly abnor-
portion is abnormal and indicative of pleural effusion. Since mal (unexpected) anatomy. The mis-identification of the left
the model described only the diaphragm as a whole, the hemi-diaphragm has led to false positive reports regarding
system was unable to recognize and report on the smallthe lung size and raised position of the hemi-diaphragm. The
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Left Tateral hemi-diaphragm appears s
abnormal {(query pleural effusion)
Left hemi-diaphragm is unclear [ —)
Cardiothoracic ratio: 43%
(a)
- : o
Left costal surface is unclear s

Left hemi-diaphragm appears raised s
relative to the right

Could not accurately identify e

cardiac silhouette

Reduced Left Tung volume s
: Lung volumes are asymmetric =

| Left 1ateral hemi-diaphragm appears s
abnormal {query pleural effision)

| Lung densities are asymmetric [
Left hemi-diaphragm is unclear —

| Left mediastinal surface is [ —
unclear

(b)

Fig. 13. System output for test images of abnormal anatomy. The bars indicate confidence levels (fully blackemedidence= 1.0).

system has reported that the labeled edge is both unclear andnethodology. Given the simplicity of the current model, the

malpositioned (raised) with respect to its expectations
the left hemi-diaphragm.

5. Discussion

for number of abnormalities that could be identified was
encouraging. However, to be clinically useful the system
would need to be expanded to include more subtle struc-
tures, for example, pulmonary nodules, also much more
extensive validation would be required. Nevertheless the
current system could be combined with algorithms which

The experimental testing is not intended to be a validation specifically detect nodules [5,6] or perform texture analysis
of the system. There are too few subjects, and the test imagd6,26]. Our system could identify the lung boundary and
set was not to a random sample. However, the resultsreport on whether it was normal and well-defined and thus
illustrate the potential of the system and knowledge-based suitable for further low-level processing.
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Left hemi-diaphragm is unclear =
(query silhouette sign)

Uuery cardiomegaly L ae)

Right 1ateral hemi-diaphragm s
appears abnormal {query pleural
effusion)

: Cardiothoracic ratio: 65%

(a)

Left costal surface is unclear
{query silhouette sign)

Left mediastinal surface is unclear =
| {(query silhouette sign)

Left mediastinal surface is unclear S

Left hemi-diaphragm appears raised mm
relative to the right

Could not accurately identify
cardiac silhouette

Reduced left 1ung volume
Lung volumes are asymmetric

Left Tung density appears
abnormally high

Lung densities are asymmetric

(b}
Fig. 14. System output for test images of abnormal anatomy. The bars indicate confidence levels (fully blaskemedidence= 1.0).

The difficulty of the object recognition problem is largely reported on the application of this methodology to segment-
determined by the accuracy of the low-level segmentation ing thoracic CT images [43]. However, application to other
routines and the ability of selected features to reliably problems will be needed before we can conclude that the
distinguish the anatomical structures. These factors will architecture is generic.
influence the amount of knowledge that is required, the The mapping of the model and image to a common
number of image candidates, and the level of uncertainty feature space was emphasized because of its importance
in matching. in giving modularity, and independence of data representa-

The design of the system was motivated by a desire to tions. In this experimental system, the parameters used in
develop a general-purpose framework for knowledge-basedthe model were chosen to be similar to those in the feature
medical image interpretation. The aspects cited as contribu-space for simplicity. However, the model could be extended
tions in Section 1 are potentially useful in other applica- by adding data slots and/or frames. A goal of future work is
tions. The edge detection algorithms and feature-spaceto develop a more complete and general 3D model [44], but
representation (choice of features used for matching) arefor the chest X-ray application, transformation of the 3D
specific to projection X-ray images. Elsewhere we have model into the 2D feature-space is a difficult problem.
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6. Conclusion

We have developed a knowledge-based approach to lung [l
boundary interpretation in chest X-rays. Within a modular
system architecture, an explicit anatomical model is
matched to image data by mapping both to a common [g]
feature space for comparison. The knowledge-based
approach augments low-level segmentation techniques by
allowing high-level image interpretation.

In our approach, domain knowledge provides guidance
for object recognition. Using the hierarchy implied by rela-
tionships in the model, the inferencing and control system
automatically schedules the identification of anatomical
structures. Both a priori and a posteriori information are
combined to constrain segmentation of expected anatomy.

We have developed methods for modeling normal and
pathological variations in anatomy. Fuzzy sets provide an [12]
intuitive representation and allow symbolic description of
image feature values, so that high-level rules can be used to[13]
generate reports on suspected abnormalities.

Preliminary experimental results are encouraging but
further validation is required.
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