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ABSTRACT

This study describes a system for interactive annotation of thoracic CT scans. Lung volumes in these scans are
segmented and subdivided into roughly spherical volumes of interest (VOIs) with homogeneous texture using a
clustering procedure. For each 3D VOI, 72 features are calculated. The observer inspects the scan to determine
which textures are present and annotates, with mouse clicks, several VOIs of each texture. Based on these
annotations, a k-nearest-neighbor classifier is trained, which classifies all remaining VOIs in the scan. The
algorithm then presents a slice with suggested annotations to the user, in which the user can correct mistakes.
The classifier is retrained, taking into account these new annotations, and the user is presented another slice
for correction. This process continues until at least 50% of all lung voxels in the scan have been classified. The
remaining VOIs are classified automatically. In this way, the entire lung volume is annotated. The system has
been applied to scans of patients with usual and non-specific interstitial pneumonia. The results of interactive
annotation are compared to a setup in which the user annotates all predefined VOIs manually. The interactive
system is 3.7 times as fast as complete manual annotation of VOIs and differences between the methods are similar
to interobserver variability. This is a first step towards precise volumetric quantitation of texture patterns in
thoracic CT in clinical research and in clinical practice.
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1. INTRODUCTION

The term interstitial lung disease (ILD) describes a group of lung disorders that affect the lung parenchyma.
Most forms of ILD cause progressive scarring of lung tissue, which leads to a decreased ability to breathe and
consequently less oxygen in the bloodstream.

Analysis of CT scans plays a major role in clinical decision making in patients with suspected ILD1 and
quantification of the different textures in scans of an ILD patient taken at different time points can shed light on
disease progression and the effect of treatment. For an accurate quantitative analysis, annotation of all present
textures is a prerequisite. However, for both human experts and computer systems, this is a non-trivial task in
3D. On the one hand, manual delineation of textures in complete scans is too laborious to use in clinical practice
or research. On the other hand, a proven fully automatic solution does not exist. Several systems have been
built to classify ILD patterns in 2D.2–5 More recently, 3D approaches have been described.6–10 These volumetric
methods use cubic volumes of interest (VOIs) which are classified. A major disadvantage of this approach is that
it hampers reliable quantification of the different texture types, since the VOIs do not follow texture borders.
Hence, VOIs are likely to contain more than one type of texture. This problem can be overcome by voxel
classification.11 However, without proper post-processing of the classification results, this leads to an extensive
interspersion of textures, which is not likely to correspond to interpretations by physicians.

In 2D, a method to make VOIs with homogeneous texture has been described.3 We extended this method
to 3D and used it to design an interactive quantification system that allows observers to annotate all textures
present in the lungs in a fast and user-friendly way. By using a combination of manual annotation of predefined
VOIs by the observer and machine learning techniques, it combines the reliability of a human observer and the
speed of an automatic system. In this way, human observers validate computer annotations which can then be
used in clinical research.
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2. MATERIALS

For this study, ten clinical dose CT scans of different patients, diagnosed with either usual interstitial pneumonia
(UIP) or non-specific interstitial pneumonia (NSIP), were used. Scans were acquired between December 2004
and October 2006 at the St Antonius Ziekenhuis Nieuwegein, the Netherlands, on a Philips Mx8000 IDT scanner
(Philips Medical Systems, Best, The Netherlands). Scans were taken at full inspiration with patients in supine
position. Data were acquired in spiral mode with 16 × 0.75 mm collimation and reconstructed to 512 × 512
matrices. Section thickness was 0.8mm with no overlap. No contrast material was used.

3. METHODS

Figure 1 gives a schematic overview of the interactive and manual annotation process. Both start with segmen-
tation of the lungs. In all scans, the lungs were segmented using a hybrid segmentation algorithm.12 In seven
cases, lung volumes were determined using a region growing approach. In two cases where region growing failed,
the algorithm resorted to an atlas-based approach. In one case, both methods did not produce entirely correct
results and the outcome of the region growing algorithm was slightly adapted manually.

To avoid the problem of multiple textures appearing within one VOI, as would happen when cubes would
be used, roughly spherical VOIs with homogeneous texture were created with a clustering procedure. For this,
images were scaled down by a factor 2 in each dimension and subsequently blurred using a Gaussian kernel with
σ = 1. Local gray value minima and maxima which were at least 6 voxels apart were used as seeds for growing
the VOIs. A distance of 6 voxels was chosen to limit the size of the VOIs and hence decreasing the probalility
of a VOI containing more than one type of texture. To these seeds, all voxels within a radius of 3 voxels were
added, thus forming initial VOIs of 93 voxels. For all 6-neighbors of these initial VOIs, a dissimilarity score was
calculated, based on the distance from the neighboring voxel to the seed and the difference between the voxel
density value and the average density of the initial VOI:

S = C
∣
∣(Hv − H)

∣
∣ + d2, (1)

where Hv is the density of the voxel in Hounsfield units, H the average density value in the initial VOI and d
the distance in voxels from the voxel to the center of the VOI. C denotes the relative weight assigned to the
absolute difference in density. All neighboring voxels were kept in a sorted list L. The voxel with the lowest score
is most similar to its adjacent VOI and was therefore added to it. For all voxels neighboring this newly added
voxel which neither had been assigned to a volume nor were contained in L, dissimilarity scores were calculated

Figure 1. Schematic overview of steps the manual and interactive annotation processes
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Figure 2. Screenshot of the annotation environment in interactive mode. Several slices have been classified by the system
and corrected by the user. With the ’Classify’ button in the left panel, the observer can automatically classify the
remaining VOIs in the scan. The axial, coronal and sagittal images on the right hand side show the 3D orientation of the
slice in the main window.
Table 1. Overview of the annotation protocols for the two observers for all scans. O1 = observer 1, O2 = observer
2, manualall = manual annotation of all VOIs, manualslice = manual annotation of all VOIs in the central axial slice,
interactive = interactive annotation of all VOIs. x denotes that a scan was annotated by the observer indicated in the
first column, according to the protocol in the second column.

Scan number

1 2 3 4 5 6 7 8 9 10

manualall x x

O1 manualslice x x x x x x x x

interactive x x x x

manualall x x

O2 manualslice x x x x x x x x

interactive x x x x

and they were added to L. Again, the voxel with the lowest score was added to its adjacent VOI. This process
continued until all lung voxels had been assigned. The image containing the VOIs was scaled up to the original
scan size and the borders of the VOIs were smoothed afterwards. This procedure resulted in, on average, 1750
VOIs per scan.

For each VOI, 72 features were calculated. Scans were filtered using Gaussian, Laplacian, gradient magnitude
filters and the three eigenvalues of the Hessian.13 Each filter was applied at three scales (σ = 0.5, 1, and 2).
In each filtered image, the mean, standard deviation, kurtosis and skew of the CT densities per VOI were used
as features. Note that the filters, and therefore the features, are rotationally invariant. Rotationally invariant
features were chosen, since the textures that are to be detected do not have a specific orientation.

3.1 Experiments
A screenshot of the annotation environment is depicted in Figure 2. Users could inspect and annotate CT scans
in axial, coronal and sagittal orientation and switching between the orientations was possible at any moment.
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In all protocols, users were allowed to scroll through the scan to inspect the surrounding tissue. They were free
at any time to label VOIs in other slices as well. The overlay with the labels of the VOIs could be switched on
and off.

Two annotation protocols were compared. In each protocol, every VOI had to be assigned to one of the
following categories: normal tissue, hyperlucency, fibrosis, honeycombing, ground glass, solid lesion or focal
lesion. An eighth category, inhomogeneous, was added to label VOIs which contained more than one texture.
These categories were based on the ones used previously in a 2D method which classified homogeneous ROIs,3

except for honeycombing. This category was added since its presence or absence in a scan is of major clinical
relevance.

In the first protocol, depicted in Figure 1, right panel, the observer manually assigned a label to all VOIs in
either an entire scan or in the central axial slice only. In the second protocol, which can be seen in the right
panel of Figure 1, the observer annotated a small number of VOIs, representing all of the textures present in the
scan. The computer used these labels to train a k-nearest neighbor (kNN) classifier (k = 7) and assign labels
to all remaining VOIs. The observer was then presented a slice in which the largest number of lung voxels was
unannotated, together with the labels the algorithm predicted for the VOIs in this slice. The observer checked
the computer-assigned labels and corrected any errors. The kNN classifier was retrained, using both these new
and all previous annotations, and classified all remaining VOIs. The observer was then presented another slice
with classification results, chosen in such a way that another part of the lungs was sampled. Again, the observer
checked and corrected the labels suggested by the algorithm. This process of checking, correction and retraining
was repeated until at least 50% of all lung voxels were annotated. The classifier then assigned labels to all
remaining VOIs to obtain the final annotation.

Annotations were made independently by two radiology residents specializing in thoracic imaging. Both
annotated ten scans according to the protocols indicated in Table 1. They both performed manual annotation
for two complete scans, interactive annotation for all four scans which had been annotated manually by one of
them and manual annotation of the central axial slice for eight scans.

Usability of the system was measured using a questionnaire, which the observers filled out after having
completed all annotation. Scores ranging from 1 (completely disagree) to 5 (completely agree) had to be assigned
to statements on usefulness and usability of the system. Results were averaged for both observers.

Our software recorded and timestamped all user interaction and this was used to measure the time required
by both annotation protocols. Annotation times were averaged per protocol over all scans.

Accuracy was measured by comparing the labels assigned with the manual method to labels assigned by the
interactive method. To address interobserver variability, the manual annotations made independently by the two
observers were compared. The annotated VOIs in the central axial slice of each scan were used for this purpose.
Confusion matrices and Cohen’s κ coefficient were calculated. All evaluations were done at VOI level and results
were summed over all VOIs and scans before calculating the relative confusion matrices and κ coefficients.

4. RESULTS

4.1 Interobserver variability

In Table 2, a confusion matrix indicative of interobserver variability is given. In total, 2046 VOIs were labeled
manually by both observers. In 51% of all VOIs, both observers assigned the same label; Cohen’s κ coefficient
is 0.26. Especially the distinction between normal tissue and ground glass appeared to be difficult. A possible
source of confusion might be presence of more than one texture in a VOI. To assess the homogeneity of the VOIs,
the observers were asked to label inhomogeneous VOIs. One observer labeled 26 VOIs (1.2%) as inhomogeneous,
the other none.

In Table 3, confusion matrices for agreement in VOI labeling between manual and interactive annotation
are given. Table 3(a) compares interactive and manual results of the same observer, table 3(b) compares the
interactive annotation of one observer to the manual annotation of the other observer. On average, the manual
and interactive annotation of VOIs gave the same result in 67% of the cases (64% and 69% for the same observer
and different observers, respectively). The corresponding κ values were 0.50 for both comparisons.
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Table 2. Confusion matrix indicating the interobserver variability in annotation of VOIs. Numbers indicate the percentage
of VOIs in all scans which were assigned the labels displayed vertically and horizontally by the first and the second observer
respectively. The total number of VOIs used for constructing this table is 2046. NT = normal tissue, HL = hyperluceny,
FB = fibrosis, HC = honeycombing, GG = ground glass, SL = solid lesion, IN = inhomogeneous, FL = focal lesion. Focal
lesions were not annotated and were therefore left out of the table.

Observer 2

NT HL FB HC GG SL IN
O

b
se

rv
er

1

NT 39 0.3 0.9 0.2 0.0 0.0 0.0
HL 0.0 0.0 0.0 0.0 0.0 0.0 0.0
FB 5.6 0.1 9.8 1.4 0.0 0.0 0.0
HC 0.0 0.0 1.0 1.6 0.0 0.0 0.0
GG 29 0.1 8.5 0.3 0.0 0.0 0.0
SL 0.1 0.0 0.1 0.0 0.0 0.0 0.0
IN 1.0 0.0 0.0 0.2 0.0 0.0 0.0

Table 3. Confusion matrix indicating the variablity between interactive and manual annotation of VOIs. Numbers indicate
the percentage of VOIs per scan assigned the manual label (in columns) and the interactive label (in rows), averaged over
four scans. The total number of VOIs used for constructing this table is 7414. See table 2 for abbreviations.

(a) Same observer

Manual

NT HL FB HC GG SL IN

In
te

ra
ct

iv
e

NT 30 0.2 0.4 0.4 0.3 0.0 0.0
HL 0.7 0.1 0.0 0.1 0.0 0.0 0.0
FB 7.1 0.1 19 0.4 5.7 0.1 0.0
HC 3.4 0.0 0.5 7.8 0.0 0.0 0.0
GG 14 0.0 2.5 0.1 7.4 0.0 0.0
SL 0.0 0.0 0.0 0.0 0.0 0.0 0.0
IN 0.0 0.0 0.0 0.0 0.0 0.0 0.0

(b) Different observers

Manual

NT HL FB HC GG SL IN

In
te

ra
ct

iv
e

NT 44 0.3 1.9 0.5 5.8 0.0 0.0
HL 0.0 0.0 0.0 0.0 0.0 0.0 0.0
FB 9.0 0.1 19 3.4 6.7 0.1 0.0
HC 0.7 0.0 0.3 4.8 0.0 0.0 0.0
GG 1.2 0.0 0.6 0.0 0.9 0.0 0.0
SL 0.0 0.0 0.0 0.0 0.0 0.0 0.0
IN 0.3 0.0 0.0 0.0 0.0 0.0 0.0
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Table 4. Sensitivity and specificity in percentages for the classification of the different textures. All numbers are per-
centages, indicating the sensitivity (top row) and specificity (bottom row) of observer 1 with observer 2 as ground truth
(a), observer 2 with observer 1 as ground truth (b) and the interactive system with both observers as ground truth (c).
In the last case, results were based on the confusion matrix of the interactive versus the manual method, summed over
both observers. Since the two observers did not use all texture categories in their annotations, not all values could be
calculated. These values are indicated by N/A. Please note that all percentages are rounded to integers. See table 2 for
abbreviations.

(a) Performance observer 1

NT HL FI HC GG SL

sensitivity 52 0 48 42 N/A N/A

specificity 89 100 79 97 89 100

(b) Performance observer 2

NT HL FI HC GG SL

sensitivity 96 N/A 58 60 0 0

specificity 39 99 87 98 100 100

(c) Performance interactive system

NT HL FI HC GG SL

sensitivity 67 7 86 72 31 6

specificity 89 100 79 97 89 100

Table 4 gives the sensitivity and specificity per texture for observer 1 (4(a)), observer 2 (4(b)) and the
interactive system (4(c)). In the first two cases, the manual annotations made by the other observer were taken
as the ground truth. In the third case, the manual annotations of both observers were taken as the ground truth.
Sensitivities and specificities of the interactive system are in general higher than the corresponding values for
the individual observers.

4.2 Usability

Interactive annotation was considerably faster than manual annotation of all VOIs. On average, manual anno-
tation of all VOIs in the lung volume took 55 minutes (range: 42 to 64 minutes), whereas interactive annotation
only took on average 15 minutes per scan (range: 6 to 43 minutes), making interactive annotation 3.7 times as
fast. As a comparison, manual annotation of all VOIs in an axial slice took on average 7 minutes, so interactive
annotation of the entire lung volume took only as long as manually annotating all VOIs in two axial slices.

Results of the usability questionnaire can be found in Table 5. The observers indicated that the interactive
annotation system was easy to use (average score: 4.5). They felt that the majority of the annotations suggested
by the system were correct (average score 4.5) and that enough correct annotations were provided by the system
for the tool to be useful (average score: 5.0). Users were equally satisfied with the result of the manual and
the interactive VOI annotation (both average scores of 4.5), but found the manual method somewhat more
troublesome (average scores of 3.5 versus 2 for the interactive system). Users are more likely to use the interactive
method in clinical or research practice (average score 3.5, versus 1.0 for the manual annotation of VOIs). One
observers noted that the system could be especially useful in clinical reseach.

5. DISCUSSION

Annotation of different lung textures in thoracic CT scans is a first step to quantifying the spread of ILD. It can
also be used as an aid to differentiate between the different types of ILD when diagnosing a patient.
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Table 5. Average scores in response to statements regarding the usability of the systems for interactive and manual
annotation of predefined VOIs with homogeneous texture. Scores were assigned by the two observers on a scale from 1
(completely disagree) to 5 (completely agree).

Statement Average score

1 The manual annotation system is easy to use 4.5

2 The interactive annotation system is easy to use 4.5

3 The majority of the annotations suggested by the interactive system are correct 4.5

4 The amount of correct annotations provided by the interactive annotation system is large
enough for the tool to be useful

5.0

5 I am satisfied with the final annotation result of the manual system 4.5

6 I am satisfied with the final annotation result of the interactive system 4.5

7 Annotating an entire scan with the manual system is troublesome 3.5

8 Annotating an entire scan with the interactive system is troublesome 2.0

9 Manual annotation can be done in a reasonable amount of time 3.0

10 Interactive annotation can be done in a reasonable amount of time 4.0

11 I would like to use a fully developed version of the manual annotation system in clinical
practice (for example for quantifying disease progression)

1.0

12 I would like to use a fully developed version of the interactive annotation system in clinical
practice (for example for quantifying disease progression)

3.5

For a system to be used in clinical or research practice, it should not only be reliable, but also user-friendly and
fast. Our interactive annotation tool meets the latter requirement by being 3.7 times as fast as manual annotation
of all VOIs in thoracic CT scans of ILD patients. Users are equally satisfied with the final annotation result
in both cases, but find the interactive method less troublesome. This method can be used to obtain complete
annotations for large amounts of CT scans in a relatively short period of time, which makes quantification of
signs of ILD feasible in clinical research and clinical practice. It should be noted that manual annotation of
predefined VOIs is already an improvement compared to complete manual annotation, in which textures need
to be delineated by drawing. In 3D, this task is practically infeasible.

Interobserver and intraobserver variability are well known issues in lung texture analysis.3, 14 Also in our
experiments, interobserver variability in manually annotated VOIs is high. The low number of VOIs labeled as
inhomogeneous indicates that the clustering procedure to create the VOIs worked well and suggests inhomogeneity
was not a source of confusion. It is therefore difficult to set a gold standard for the automated classification
system and we decided not to treat the manual annotations of one of the observers as such, but compared the
results of the automated classification to the manual annotations of both users. The variability between the
interactive system and both observers is lower than interobserver variability (67% versus 51%), indicating that
the classification of our system is accurate enough to use in clinical research. This result even suggests that
partially automated annotation may be used to lower interobserver and intraobserver variability, since it may
result in more objective labeling. The reported sensitivity and specificity, which were in general higher for the
interactive system as compared to either observer, also support this conclusion. However, further investigations
are necessary to test this hypothesis.

The interactive texture annotation system thus offers a user-friendly and possibly more reliable way to
annotate textures in thoracic CT scans of ILD patients.

Clearly the fact that only two observers and a small number of scans were used is a limitation of this study.
In further studies, we plan to increase these numbers.

Interobserver variability remains a problem. If no consensus among experts exist regarding the labeling
of different textures, no (semi-)automatic classification system will yield results that are universally accepted.
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One way to overcome this problem in practice is by training a separate annotation system for each user, as
the interactive system presented in this paper does. This system learns from only one user and adapts to his
interpretations. An additional advantage of such a system would be that it makes the user more aware of
inconsistencies in his annotations, which in turn may lead to more consistent labeling of textures. A useful
extension of the presented system would then be to use annotation data obtained from previous scans in new,
unseen cases. This would speed up the annotation process and make it more consistent between different scans.
In this way, an efficient and reliable quantification of pathological textures in baseline and follow-up scans would
become possible, thereby paving the way for quantitatively measuring disease progression.
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