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Abstract
The textural patterns in the lung parenchyma, as visible on computed 
tomography (CT) scans, are essential to make a correct diagnosis in interstitial 
lung disease. We developed one automatic and two interactive protocols for 
classification of normal and seven types of abnormal lung textures. Lungs 
were segmented and subdivided into volumes of interest (VOIs) with 
homogeneous texture using a clustering approach. In the automatic protocol, 
VOIs were classified automatically by an extra-trees classifier that was trained 
using annotations of VOIs from other CT scans. In the interactive protocols, 
an observer iteratively trained an extra-trees classifier to distinguish the 
different textures, by correcting mistakes the classifier makes in a slice-
by-slice manner. The difference between the two interactive methods was 
whether or not training data from previously annotated scans was used in 
classification of the first slice. The protocols were compared in terms of the 
percentages of VOIs that observers needed to relabel. Validation experiments 
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were carried out using software that simulated observer behavior. In the 
automatic classification protocol, observers needed to relabel on average 58% 
of the VOIs. During interactive annotation without the use of previous training 
data, the average percentage of relabeled VOIs decreased from 64% for the 
first slice to 13% for the second half of the scan. Overall, 21% of the VOIs 
were relabeled. When previous training data was available, the average overall 
percentage of VOIs requiring relabeling was 20%, decreasing from 56% in the 
first slice to 13% in the second half of the scan.

Keywords: interactive classification, texture analysis, supervised learning, 
interstitial lung disease

(Some figures may appear in colour only in the online journal)

1. Introduction

Interstitial lung disease (ILD) is a diversity of approximately 200 rare diseases that affect the 
lung tissue around the pulmonary alveoli. With so many different ILDs, each with its own pre-
ferred management, making the correct diagnosis is crucial, but also complicated. Diagnosis 
is usually based on a combination of pulmonary function testing, imaging and lung tissue 
analysis, with a pivotal role for chest CT scans (Aziz et al 2006).

ILDs may present themselves in different ways in chest CT scans. Common signs are 
hyperlucency, fibrosis, honeycombing and ground glass. The nature of the abnormalities pre-
sent in a scan, their quantity and their distribution need to be assessed in order to determine 
the type and severity of the ILD the patient is suffering from. CT scans can also be beneficial 
in later stages of disease, to monitor disease progression or treatment response. However, two 
factors complicate the interpretation of CT scans in ILD patients. First, the imaging features 
of different ILDs are partly overlapping. Second, many of the individual ILDs are rare, and 
therefore not often seen by radiologists, especially in smaller hospitals. Moreover, even for 
experienced radiologists, chest CT analysis in ILD patients is a labor-intensive and complex 
task in large 3D volumes. Automatic and interactive methods to analyze textures in thoracic 
scans may provide means to make this task less complicated and time-consuming.

1.1. Related work

A number of 2D automatic classification methods for pathological textures in the lungs of ILD 
patients have been proposed previously (Uppaluri et al 1999, Park et al 2009, Depeursinge 
et al 2010, 2012, Huber et al 2011, 2012). Much of this work has focused on finding optimal 
features and classifiers for the problem at hand. With the increase of volumetric CT scans being 
made, comparable systems for analysis of 3D volumes of interest (VOIs) have also been pro-
posed. A major advantage of these systems is that they allow quantification of abnormalities. 
Xu and coworkers described a system for classification of emphysema, ground-glass, honey-
combing, normal smokers’ parenchyma and normal non-smokers’ parenchyma. Sensitivity 
ranged from 73% to 93% and specificity from 90% to 99%, depending on the classified tissue 
and the classifier used (Xu et al 2006). Zavaletta et al have used a similar 3D approach for 
classifying VOIs into one of the following classes: honeycombing, reticular, ground glass nor-
mal and emphysema. They also extended their analysis to whole lungs, discriminating normal 
tissue, reticular tissue and honeycombing (Zavaletta et al 2007).

T T J P Kockelkorn et alPhys. Med. Biol. 61 (2016) 5906
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While these previously described approaches indicate that texture analysis in thoracic 
CT scans is possible, two major drawbacks should be noted. First, the definition of the VOIs 
is not trivial. VOIs can be drawn manually by an expert, but this is rather labor-intensive. 
Alternatively, automatically generated cubic regions can be used. Their main disadvantage is 
that they will not follow the boundaries between two different types of texture precisely. As a 
consequence, either some VOIs will contain more than one type of texture or VOIs containing 
multiple textures should be excluded from further processing. Second, suitable training data for 
these systems may not always be available. Manual annotation requires a substantial amount of 
time. In addition, using annotations from other observers and other institutes is not an optimal 
solution. The first reason for this is that in clinical scans, acquisition parameters and the use 
of exogenous contrast may vary. Using training samples from scans which were acquired with 
different parameters may negatively influence classification results. The second reason is that 
low interobserver agreement, which is in this case defined as the percentage of ROIs or VOIs to 
which two observers independently assign the same label, is a known challenge in ILD texture 
analysis. Uppaluri et al used ×31 31 pixel ROIs in lung parenchyma of patients with different 
lung diseases. Experienced observers had to label these ROIs as one of six patterns. In two 
readings, observers were blinded to the diagnosis of the subject. Interobserver agreement was 
49% for the first reading and 52% for the second reading. In the third reading, observers were 
provided with the patient’s diagnosis. Interobserver agreement was 54% (Uppaluri et al 1999). 
Sluimer described experiments in which two observers assigned one of six labels to lung ROIs 
containing homogeneous texture. One observer annotated these ROIs once, the other observer 
twice. Interobserver agreement was 77%. Intra-observer agreement, defined as the percentage 
of ROIs receiving the same label from one observer at two readings, was 89% (Sluimer et al 
2006). In one of our previous studies, two observers annotated 3D lung VOIs with homogene-
ous texture using six labels. They agreed on 51% of the labels (Kockelkorn et al 2010).

1.2. Contributions

The goal of our project is to develop a system that facilitates fast annotation of normal and 
abnormal textures in thoracic CT scans. Given that individual observers tend to annotate in 
different ways, and scanning parameters vary, we did not aim for universally accepted clas-
sification results. Instead, we aimed to develop a system that would adapt to the annotation 
preferences of the observer who uses it and to the specifics of the scan under consideration. 
Two aspects make our approach novel. First, we used irregularly shaped VOIs with homo-
geneous texture. Previous work in our group showed that in 2D, irregularly shaped regions 
of interest (ROIs) showed a better resemblance to hand-drawn outlines than square regions 
(Sluimer et al 2006). We extended this approach to 3D volumetric scans (Kockelkorn et al 
2010). Annotation is performed by assigning a texture label to each VOI in the lungs. In this 
way, the disadvantages of manually drawing outlines of textures on the one hand and of using 
VOIs that contain more than one type of texture on the other hand are overcome. Second, the 
annotation environment we developed uses an interactively trained classifier. This means that 
the classifier learns to distinguish the different textures present in a scan from the observer. 
Annotation takes place in a slice-by-slice manner. In the beginning of the annotation process, 
the system is still untrained and proposes classifications that are relatively inaccurate. The 
observer corrects the mistakes, and after each slice, the classifier is retrained using this input, 
thus becoming increasingly capable of recognizing the different textures.

We chose to implement software that simulates interactive annotation sessions, instead of 
having radiologists performing the experiments. In this way, we were able to test different 
classification strategies and repeat experiments if necessary, without having to ask observers 
to invest large amounts of time.

T T J P Kockelkorn et alPhys. Med. Biol. 61 (2016) 5906
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This paper is structured as follows: section 2 describes the materials used. In section 3, the 
preprocessing steps and the annotation protocols are discussed, as well as the experiments and 
their evaluation methods. Section 4 lists the main results, which are further discussed in sec-
tion 5. In section 6, the main conclusion of this study is given.

2. Materials

Ten volumetric thoracic CT scans from ILD patients were collected retrospectively from the 
St. Antonius Hospital (Nieuwegein, the Netherlands). Scans were selected to contain a vari-
ety of texture patterns, which are described below. The diagnoses of the patients in these 
scans were usual interstitial pneumonia (4 cases), non-specific interstitial pneumonia (NSIP, 
2 cases), sarcoidosis, hypersensitivity pneumonitis, pulmonary Langerhans cell histiocytosis 
and pulmonary alveolar proteinosis (all 1 case each). All scans were acquired on a Philips 
Mx8000 IDT scanner (Philips Healthcare, Eindhoven, the Netherlands). Patient and scanning 
protocol parameters are summarized in table 1. Images were acquired at maximal inspiration 
with patients in supine position and reconstructed to ×512 512 matrices. In-plane resolution 
ranged between ×0.57 0.57 and ×0.87 0.87 mm with slice spacings between 0.7 and 1.0 mm. 
The peak tube voltage was 120 kV for all cases; tube current ranged between 90 and 217 mA.

The following definitions were used for the textures (figure 1):

Normal tissue Lung tissue without any abnormalities
Decreased density Decreased density compared with normal lung parenchyma, with or 

without surrounding walls
Consolidation Increased lung density, in which underlying structures are no longer 

visible
Honeycombing Cystic destruction of subpleural lung parenchyma: there are cysts of 

varying diameter (0.3–1.0 cm) in several layers and cysts share rela-
tively thick walls

Ground glass Increased lung density, in which underlying structures are still visible
Crazy paving Regular pattern of ground glass with reticular pattern
NSIP pattern Ground glass with architectural distortion, traction bronchiectasis or 

irregular lines
Nodular pattern Sharply defined nodular densities (1–4 mm) in a random or paralym-

phatic (paraseptal) distribution. Nodules can also have branching struc-
tures (tree-in-bud)

Table 1. Patient and scan characteristics.

Scan 
number

Patient 
age

Patient  
sex

Number 
of VOIs

In-plane 
resolution 
(mm)

Slice 
spacing 
(mm)

Peak 
voltage 
(kV)

Tube 
current 
(mA)

1 67 Female 2021 0.605 0.8 120 120
2 20 Female 2786 0.574 0.8 120 217
3 33 Male 3084 0.688 0.8 120 144
4 45 Male 1647 0.873 0.8 120 144
5 42 Female 2040 0.658 0.8 120 144
6 61 Male 1234 0.781 1.0 120 192
7 73 Male 1947 0.729 0.8 120 144
8 46 Female 1432 0.621 0.8 120 90
9 74 Female 2092 0.586 0.8 120 90
10 24 Male 2818 0.645 0.7 120 206

T T J P Kockelkorn et alPhys. Med. Biol. 61 (2016) 5906
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3. Methods

The (semi-)automatic classification methods described in this paper all have the same start-
ing point. First, the lungs in the CT scans under consideration are automatically divided into 
VOIs (section 3.1). Then, features are calculated to represent each VOI numerically for clas-
sification purposes. Details on the features, classifier and training are given in section 3.2. We 
describe one automatic and two interactive protocols for annotation of the VOIs (section 3.3). 
These different protocols are tested in the experiments listed in section 3.4.

3.1. VOI creation

In all scans, the lungs were automatically segmented (Hu et al 2001, van Rikxoort et al 2009). 
Subsequently, the lungs were subdivided into roughly spherical VOIs containing voxels with 
similar density values using a clustering approach (Kockelkorn et al 2010, 2014). The process 
of VOI creation is depicted schematically in figure  2. In short, scans are downsampled to 
×256 256 matrices with isotropic voxels and blurred using a Gaussian kernel (σ = 1 voxel). 

Local minima and maxima in the lungs, with a minimal distance of 8 voxels, are selected as 
seeds for the VOIs. Around these seeds, initial VOIs are formed by adding all lung voxels 

within a radius of 1

3
  ×  the minimum seed distance. VOIs are further grown in a competitive 

way. For each voxel neighboring a VOI, a score is calculated. This score D indicates the dis-
similarity between the VOI and the neighboring voxel as follows:

= − + ×D H H C d ,v
2( ) (1)

where Hv is the density of the neighboring voxel in Hounsfield units (HU), H  is the average 
density value in the VOI, and d denotes the distance in mm from the voxel to the center of the 
neighboring VOI. C is the relative weight given to the squared difference in distance. In this 
study, a C of 3 was used. This number was obtained by visual inspection: the resulting VOIs 
are in general roughly spherical, while they contain a limited range of density values. The 

Figure 1. Examples of the different lung textures.

T T J P Kockelkorn et alPhys. Med. Biol. 61 (2016) 5906
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neighbor with the lowest score is added to its neighboring VOI and for all new neighboring 
voxels, dissimilarity scores are calculated. The process of adding voxels to VOIs continues 
until all lung voxels belong to a VOI, after which the scan was resized to its original dimen-
sions. On average, lungs were divided into 2210 VOIs (range: 1234–3084).

3.2. Features, classifier and training

Once the lungs are divided into VOIs, these VOIs can be labeled. This labeling can be done 
manually, by asking an observer to assign a texture category to each VOI, or automatically. For 
automatic labeling, VOIs need to be represented by a set of features. For each VOI, 72 features 
were calculated. Scans were filtered using a Gaussian, a Laplacian, a gradient magnitude, and 
three Hessian eigenanalysis-based filters. These six filters were applied at three scales (σ = 1, 
2 and 4 voxels), which resulted in 18 filtered images per scan. In each of these filtered imaged, 
we calculated average, standard deviation, skew and kurtosis of the densities per VOI. This 
resulted in 72 numbers that were used as features. Rotationally invariant features were chosen, 
since the lung textures that were classified do not have specific orientations. We used the extra-
trees algorithm (Geurts et al 2006) as a classifier in all experiments. This supervised ensemble 
method builds a number of randomized decision trees. In this work, 99 trees were used. Each 
tree is built using all available training samples, in contrast to other tree-based ensemble meth-
ods, which use a bootstrap replica. For each node in a tree, a random subset of features is used. 
In this work we used 10 features per node. For each of these features, a threshold is drawn 
at random. The best of these thresholds is selected as the splitting rule for the corresp onding 
node. The minimum number of samples after a split was set to 1. All parameter choices were 
derived from the values described by Geurts et al (2006). For training the extra-trees classi-
fier, two different training schemes were used in this study. The first scheme uses training data 
from other, previously annotated scans. A leave-one-scan-out setup was used, which means 
that for classification of each annotated dataset, training data was obtained from the other nine 
scans. From all annotated VOIs in these nine scans, 500 VOIs per texture category were ran-
domly selected as training data. If a texture category contained less than 500 training samples, 
all training samples were used. For decreased density, the number of selected training samples 

Figure 2. Schematic overview of the method used to subdivide lungs into VOIs.

T T J P Kockelkorn et alPhys. Med. Biol. 61 (2016) 5906
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was lower than 500 for the classification of two annotated datasets. In those cases, 319 samples 
were used. The number of training samples available for consolidation was on average 338 
(range: 173–386). The classifier trained on these samples is referred to as cprevious. The other 
training scheme uses training data from the scan under consideration. In the beginning, when 
no VOIs are labeled, the training dataset is empty. During interactive annotation, all VOIs that 
have received a label that is approved by the observer are added to the training dataset. The 
extra-trees classifier is then retrained. This extra-trees classifier is referred to as ccurrent.

3.3. Annotation

The software for our experiments was developed by our group and written in C++. A screen-
shot of the annotation software is displayed in figure 3. Annotations can be made in manual 
and in interactive mode. To each mouse button, a texture can be assigned using the radio 
button menu on the left hand side. The user can assign labels to single VOIs by clicking or to 
multiple VOIs by dragging in the axial slices of the CT scan shown in the center panel. Labels 
are shown as a colored semi-transparent overlay on top of the CT scan.

3.3.1. Manual labeling of VOIs. In manual mode, the observer has to assign a label to each 
VOI. In these experiments, four radiology residents, with 2–8 years of experience with chest 
CT reading, were asked to annotate a subset of the ten selected scans as indicated in figure 4. 
Four scans were annotated by one observer, and six scans were independently annotated by 
two observers. The VOIs in the scans that were annotated twice were the same for both observ-
ers. This yielded sixteen annotated datasets. Scans annotated by two observers were treated as 
two different ground truths. For each of these ground truths, separate automatic and interactive 
classification experiments were performed. The radiologists had to distinguish the following 
textures: normal tissue, decreased density, consolidation, honeycombing, ground glass, crazy 
paving, NSIP pattern and nodular pattern. If a VOI contained more than one type of texture, 
observers were asked to label it as heterogeneous. These VOIs were not included in further 
analysis. On average, manual annotation of all VOIs took 62 min per scan.

3.3.2. Automatic labeling of VOIs. The three classification protocols described in this work 
are graphically represented in figure 5. Automatic classification (protocol 1, left hand side in 
figure 5) was performed in a leave-one-scan-out set-up. For annotation of each of the sixteen 
annotated datasets (ten scans, of which six were annotated twice), the extra-trees classifier 
cprevious was trained using the annotations of the nine remaining scans. No user interaction was 
required.

3.3.3. Interactive labeling of VOIs. The interactive annotation procedure (protocols 2 and 3 
in figure 5) is schematically depicted in figure 6. Steps executed by the human observer are 
indicated by green rounded rectangles, steps executed by the computer are indicated by blue 
rounded rectangles. First, the interactive software randomly selects an axial slice to be anno-
tated. If previous training data is available, cprevious is used for classification of the first slice. In 
case no previous training data is used, all VOIs in the first slice are assumed to contain normal 
tissue, since this is the texture with the highest prior probability.

The labels assigned to the VOIs in the selected slice are displayed as a semi-transparent 
overlay. The core of the interactive annotation procedure is a cyclic process. Each cycle con-
sists of the observer correcting classification errors in the selected slice, followed by retraining 
of the classifier ccurrent on all annotated VOIs in the scan so far, and subsequently the selec-
tion and classification of a new axial slice. At any point in the interactive annotation process, 
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observers can scroll through the CT scan. Thus, they can view all slices that the newly labeled 
VOIs span when reviewing an axial slice and take all voxels of the VOIs into consideration 
when deciding on the label. Observers can also scroll through unseen slices and through slices 
they have reviewed already. In the latter case, they can change the labels of VOIs that were 
assigned in previous cycles. If the label of a VOI is adapted, this is also reflected in the train-
ing data for the extra-trees classifier: when retraining the classifier, the updated label is used 

Figure 3. Screenshot of the annotation environment in interactive mode. Several slices 
have been classified by the system and corrected by the user. The axial, coronal and 
sagittal images on the right hand side show the 3D orientation of the slice in the main 
window.

Figure 4. Table indicating which scans have been annotated by which observer. A cross 
in cell (i, j ) indicates that the VOIs in scan i have been labeled by observer j. Scans that 
were annotated by two observers independently, thus yielding two annotated datasets, 
are indicated by i.

T T J P Kockelkorn et alPhys. Med. Biol. 61 (2016) 5906
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instead of the one that was previously assigned. This cyclic process continues until at least 
50% of the VOIs has received a label that is approved by the user. If annotation of 50% is 
reached in a slice, all VOIs in that slice are classified and corrected. Therefore, at the end of 
interactive training, over 50% of the VOIs have received a label. The remaining VOIs are clas-
sified, and all labels are shown. The observer now corrects the last classification errors. After 
correction, all lung voxels have received their definitive label.

From active learning, it is known that the amount of information gained by asking the 
observer to either label unannotated samples or to correct sample labels depends on the selec-
tion of samples that are presented to the observer (Settles 2009). We made the following 
choices in order to optimize this selection and minimize the amount of user effort for annota-
tion of a scan. First, we chose to ask the user to correct classification results of all VOIs inter-
secting with an axial slice before retraining the classifier. This reduces the total time the user 
has to wait for classification results as compared with an approach in which the user corrects 
classification results of individual VOIs, in which case the classifier has to be retrained after 
the review of each VOI. In addition, radiologists are used to interpret CT scans in a slice-based 
manner rather than inspecting individual VOIs. Second, disease processes in ILD can be local-
ized. Therefore, it is important to sample all parts of the lungs when training the interactive 
classifier. We divided the part of the CT scan containing the lungs into 5 areas in axial direc-
tion, each containing an equal number of slices. These parts are numbered 1 through 5 from 
the apex to the base of the lungs. In the first cycle, a slice is chosen at random from the entire 
scan. In the second cycle, a slice from the 3rd area was chosen, then from the 5th area, the 2nd, 
the 4th, the 1st, again from the 3rd area, and so on. This resulted in sampling of different parts 

Figure 5. Schematic overview of the different classification protocols. Three different 
protocols are tested in this paper. One of these protocols is completely automatic 
(protocol 1, left hand side). This protocol is described in section 3.3.2, training data 
from other scans annotated by all observers is used. In the other two protocols, on the 
right hand side, interactive classification is used. These are detailed in section 3.3.3. In 
protocol 2 (top), the classifier is trained using data from the scan that is being annotated 
by the observer. Protocol 3 uses training data from other scans for classification of the 
first slice of the scan under consideration. The remaining slices are classified using 
training data from the current scan.

T T J P Kockelkorn et alPhys. Med. Biol. 61 (2016) 5906
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of the lungs, as can be seen in figure 6. Third, to determine which slice was annotated within 
one area, we calculated the cumulative uncertainty of the classifier over all n unassigned VOIs 
in a slice:

∑= −
=

U c1
v

n

1
v( ) (2)

U is the uncertainty score, cv denotes the confidence of the classifier for VOI v, and − c1 v is 
the uncertainty. In each cycle, the slice with the largest uncertainty score was chosen, assum-
ing that this slice contained the most valuable information for the classifier.

We simulated two protocols for interactive annotation. Simulated interactive labeling was 
essentially the same as the process depicted in figure 6. All automatic steps, in the blue rounded 
rectangles, are executed in the same way as in the regular interactive protocols. The two steps 
executed by human observers, in the green rounded rectangles, are changed. Instead of ask-
ing a human observer to review the classification results, classification results are compared 
to the manual annotations of the scan under consideration. If the label of a VOI predicted by 
the classifier is the same as the manually assigned label, the classification is correct. If the 
automatically and the manually assigned label were different, the classification is incorrect. In 
this case, the VOI is relabeled. In both cases, the classified and reviewed VOI is added to the 
training data of ccurrent.

Figure 6. Schematic overview of the interactive VOI-based annotation procedure. 
Green rounded rectangles represent user actions, blue rounded rectangles represent 
computer actions. The images at the bottom of the figure  depict the annotations at 
different time points in the annotation procedure. The left image represents annotations 
after classification of the first axial slice; the right image represents the final annotated 
scan. In the smaller images in the middle, results after each classification and correction 
of five axial slices are drawn. The numbers underneath the images are the percentages 
of VOIs in the scan that have been annotated at each time point.

T T J P Kockelkorn et alPhys. Med. Biol. 61 (2016) 5906
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3.4. Experiments

Three experiments, schematically depicted in figure 5, were performed. Classification of each 
dataset, as described below, was simulated 10 times, to average the effect of random selection 
of the training samples (in protocols 1 and 3) and the effect of randomly selecting the first slice 
for classification (in protocols 2 and 3).

3.4.1. Automatic classification. In the automatic classification protocol (protocol 1), experi-
ments were conducted in a leave-one-scan-out set-up. One annotated dataset was used as test 
data, while training data for each texture category was randomly selected from all other scans, 
annotated by all observers.

3.4.2. Interactive classification without previous training data. In protocol 2, scans were clas-
sified interactively without the use of previous training data for classification of the first ran-
domly chosen slice. Since no training data was available for this slice, we used an heuristic 
approach and all VOIs were assumed to contain normal tissue. The following slices were 
classified using the labeled VOIs in the slices already reviewed by the observer as training 
data. At least 50% of all VOIs in the dataset were classified in this slice-by-slice manner. The 
remaining VOIs were classified all at once, using the classifier that was trained on the first half 
of all VOIs.

3.4.3. Interactive classification with previous training data. In protocol 3, annotated datasets 
were also classified interactively. For classification of the first randomly chosen slice, training 
samples were randomly selected from all other scans using annotations from all observers. 
The experiments in protocol 3 were therefore also conducted in a leave-one-scan-out set-up. 
The slices after the first slice were classified using the classifier trained on the labeled VOIs in 
all previously reviewed slices. After at least 50% of all VOIs had been reviewed in the slice-
by-slice manner, the remaining VOIs were classified simultaneously, using a classifier trained 
on the first 50% of the VOIs in the dataset.

3.5. Evaluation

For all protocols, results were assessed by comparing classification results of all VOIs in a 
scan to manual annotations. For simulated interactive annotation, results were recorded for 
each classified axial slice, for the remaining VOIs after annotation of at least 50% of all VOIs 
and for the entire scan.

The primary outcome measure for this research was the percentage of VOIs that needed 
relabeling after classification by the extra-trees classifier. To this end, we calculated classifier 
accuracy ACC as follows:

= ×
n

n
accuracy 100%correct

total
 (3)

where ncorrect is the number of correctly classified VOIs and ntotal is the total number of clas-
sified VOIs. Inter-observer agreement was calculated by dividing the number of VOIs which 
received the same label from two observers by the total number of VOIs annotated by both 
observers. The percentage of VOIs requiring relabeling was calculated as −100% accuracy. 
Accuracy was calculated for each classified slice in each dataset, for classification of the rest 
of the scan after at least 50% of the VOIs had been annotated interactively and for all VOIs. 
Results were calculated per dataset. To examine the effect of adding more training data from 

T T J P Kockelkorn et alPhys. Med. Biol. 61 (2016) 5906



5917

the scan under consideration on classification accuracy, average accuracy over all datasets was 
also calculated for using 0% (i.e. the first slice), 0–10%, 10–20%, 20–30%, 30–40%, 40–50% 
and  >50% of the VOIs in a scan as training data.

In addition, classification results were expressed in terms of sensitivity and specificity to 
each texture category. Sensitivity was defined as:

= ×
TP

P
sensitivity 100% (4)

where TP stands for the number of true positives and P is the total number of positives per 
texture category.

Specificity was calculated as

= ×
TN

N
specificity 100% (5)

where TN denotes the number of true negatives and N the total number of negatives for each 
texture category. Sensitivity and specificity were calculated over all datasets.

4. Results

4.1. Example of manual, automatic and interactive annotation

In this study, six of the ten scans were annotated by two observers independently. On average, 
interobserver agreement was 63%. Figure 7 shows an example slice (a) that was annotated 
by observer A (panel (c)) and observer D (panel (d)). This slice was chosen since it displays 
low inter-observer agreement. If previous training data is used for classification of this slice 
(panel (b)), the classifier predicts the presence of tissue from all 8 texture categories. This slice 
was also classified using the interactive annotation approach. Since both observers annotated 
the slice in a different way, the resulting interactive classifiers also show different behavior. 
Classification results after training on at least 50% of the VOIs in the scan are shown for 
observer A (panel (e)) and for observer D (panel (f )). These last two results indicate that the 
interactive annotation set up adapts well to the specific annotation behavior of the observer 
who trained it.

4.2. Classification accuracy

Figure 8 displays classifier accuracy for interactive classification without (a) and with (b) pre-
vious training data. Accuracy is shown as a function of the percentage VOIs in the scan used as 
training data. Each bubble displays the accuracy of classification of one slice in a dataset, aver-
aged over the ten times each experiment was performed. The area of the bubble is proportional 
to the average number of VOIs that were classified in the slice. Classification accuracy, aver-
aged over all datasets and all repetitions of the experiments, is displayed by the blue bars. The 
thin left bar indicates classifier accuracy of the first slice, when no VOIs in the scan were used 
as training data. The second bar displays the average accuracy if 0–10% of the VOIs were used 
as training data, the third bar shows the accuracy for 10–20% training data and so on. The last 
bar displays the accuracy when at least 50% of the VOIs in a scan were used as training data, 
which corresponds to classification of the rest of the scan after complete interactive training. 
For the interactive annotation approach in which no previous training data was used, 36% of the 
VOIs in the first slice were correctly labeled as normal tissue. When previous training data was 
used for classification of the first slice, average accuracy over all annotated datasets was 44%.  
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For classification of all following slices, training data from already labeled VOIs in the scan 
was used. For both interactive protocols, average classification accuracy increased with an 
increasing number of training samples. Classification of the remaining VOIs after training on 
50% of the VOIs in a scan was done with 87% accuracy for the interactive protocols, both 

Figure 7. Example of an axial slice (a) with (b) automatic classification results (c) 
annotations by observer A (d) annotations by observer D (e) interactive classification 
results after training on at least 50% of all VOIs in the scan annotated by observer A 
and (f) interactive classification results after training on at least 50% of all VOIs in the 
scan annotated by observer D.
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without and with previous training data. The bubbles show that classification accuracy varies 
per slice and per dataset.

Table 2 summarizes the results of the different classification strategies in terms of user 
effort required for complete annotation of the lung tissue in a thoracic CT scan. If the scan 
is automatically classified, the user needs to correct on average 58% of the automatically 
assigned labels. After interactive training on at least 50% of all VOIs in a scan, the user needs 
to correct the label of 13% of the remaining VOIs in the scan. When interactively annotating 
a complete scan in the absence of previous training data, the user needs to correct the label of 
only 21% of all VOIs on average. If previous training data was used for classification of the 
first slice, the user needs to correct on average 20% of the labels of all VOIs.

In the six scans that were annotated by two observers, we were able to divide the VOIs 
into two groups: VOIs that received the same label from both observers (easy VOIs) and VOIs 
that received different labels (hard VOIs). For both groups, we compared the percentages of 
VOIs requiring relabeling in the entire scan, in protocols 1, 2 and 3. Table 3 lists the results for 

Figure 8. Bubble plot charts displaying classifier accuracy per annotated dataset. Left 
panel: results for interactive annotation without previous training data; right panel: 
results for interactive annotation with previous training data. Each data point displays 
the percentage correctly classified VOIs in an axial slice, as a function of the percentage 
of VOIs in a scan used as training data. Results were averaged over the 10 repetitions 
of interactive classification for each scan. The area of the bubbles is proportional to the 
number of VOIs that were classified. The bars indicate classifier accuracy averaged over 
all annotated datasets. The thin left bar is the average accuracy for classification of the 
first slice, where 0% of the VOIs in the dataset were used as training data. The second 
bar displays the average accuracy when 0–10% of the VOIs in the scan were used as 
training data, the third 10%–20% and so on. The last bar is the average accuracy for 
classification of the rest of the scan after training on at least 50% of all VOIs.

Table 2. Table with percentages of classified VOIs of which labels needed to be 
corrected for the different annotation protocols.

Protocol First slice
After training on  
50% of VOIs Overall

Automatic (1) — — 58% (19%)
Interactive (2) 64% (33%) 13% (8%) 21% (11%)
Interactive with training data (3) 56% (21%) 13% (8%) 20% (10%)

Note: In columns, from left to right, are results for classification of the first slice, classification of 
the remaining VOIs after interactive annotation of at least 50% of all VOIs and for classification 
all VOIs in a scan. All percentages for the interactive protocols are averaged over the ten times 
each experiment was performed and over all sixteen annotated datasets. Standard deviations are 
given in parentheses.
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classification of all VOIs. In the six scans considered in this analysis, the overall percentages 
of VOIs that require relabeling are similar to the percentages obtained for classification of 
all sixteen annotated datasets. For all three protocols, the percentages of easy VOIs requiring 
relabeling are lower than the percentages of hard VOIs requiring relabeling. In both interactive 
protocols, the percentage of hard VOIs that is incorrectly classified is twice the percentage of 
easy VOIs that is incorrectly classified.

4.3. Sensitivity and specificity

Figure 9 shows the average sensitivities and specificities for all texture categories in the auto-
matic and both interactive protocols. Results are split in results for the first slice, the rest 
of the scan after training on at least 50% of the VOIs in a scan and for all VOIs. In the 
automatic protocol, sensitivity ranges from 3% for nodular pattern to 66% for normal tissue. 
Specificity was lowest for normal tissue (76%). Specificity for all other textures was between 
86% (ground glass) and 97% (decreased density). Comparable percentages can be seen after 
interactive classification of the first slice with previous training data. After interactive train-
ing on at least 50% of the VOIs in the interactive protocol without training data (protocol 2), 
sensitivities ranged between 43% for consolidation and 94% for nodular pattern. Specificity 
ranged between 94% for normal tissue and 100% for consolidation. Average percentages for 

Table 3. Table with average percentages of all classified VOIs of which labels needed 
to be corrected for the different annotation protocols.

Overall

Protocol Easy VOIs Hard VOIs All VOIs

Automatic (1) 55% 68% 60%
Interactive (2) 16% 31% 21%
Interactive with training data (3) 15% 28% 20%

Note: In columns, from left to right, are results for easy VOIs, for which the observers agree on 
the label, hard VOIs, for which both observers did not agree on the label, and hard and easy VOIs 
taken together. All percentages for the interactive protocols are averaged over the ten times each 
experiment was performed and over all sixteen annotated datasets.

Figure 9. Sensitivities and specificities in % per texture for the different annotation 
protocols. For the two interactive protocols, sensitivity and specificity are indicated 
for classification of the first slice, for classification of all remaining VOIs after training 
on at least 50% of all VOIs and for all VOIs. For the automatic protocol, overall 
sensitivity and specificity are given. Percentages are averaged over all ten repetitions 
per experiment and over all annotated datasets. NT  =  normal tissue; DD  =  decreased 
density; CO  =  consolidation; HC  =  honeycombing; GG  =  ground glass; CP  =  crazy 
paving; NS  =  NSIP pattern; NO  =  nodular pattern.

T T J P Kockelkorn et alPhys. Med. Biol. 61 (2016) 5906



5921

classification of the rest of the scan in protocol 3 were similar. Results for all VOIs are similar 
to the results for the rest of the scan.

5. Discussion

In this study, we investigated different methods of automatic and interactive classification of 
VOIs containing normal lung tissue, decreased density, consolidation, honeycombing, ground 
glass, crazy paving, NSIP pattern and nodular pattern in thoracic CT scans of ILD patients. We 
compared interactive with automatic annotation, and we investigated the use of training data 
from previously annotated scans for classification of the first slice. The different protocols 
were tested using software we developed for simulation of interactive annotation. In previous 
work, we reported that interactive annotation of all VOIs in a limited number of scans was on 
average 3.7 times as fast as manual annotation of all VOIs (Kockelkorn et al 2010). In this 
work, we evaluate three different (semi-)automatic classification approaches in terms of user 
interaction required to obtain completely annotate scans. These annotations can then be used 
to quantify the spread and the nature of disease processes.

For all annotation strategies, we assessed classification accuracy for all texture classes 
taken together. Higher annotation accuracy means that less user interaction is required in 
order to obtain a complete annotation of the lung tissue. When considering annotation of 
a complete scan, interactive annotation yielded on average a higher classification accuracy 
(79%–80%) than automatic classification (42%). A drawback in using an automatic classifi-
cation approach is that thoracic CT scans are made using a variety of scanning parameters. 
In addition, different observers each have their own way of annotating scans, which results 
in high inter-observer variability (Uppaluri et al 1999, Sluimer et al 2006). In this study, 
we found an interobserver agreement of 63%, which supports the claim that annotation of 
lung textures is not trivial. VOIs for which the observers did not agree on the label were 
more likely to be classified incorrectly in all three protocols. Using training data from dif-
ferent observers and from CT scans obtained with different scanning parameters leads to 
an automatic classification system that is not able to classify VOIs with high accuracy. In 
addition, high inter-observer variability makes it difficult to define a gold standard for VOI 
classification.

In this study, we did not aim for obtaining consensus ground truth annotations, or for 
selecting scans with similar acquisition parameters. Instead, we approached the problem of 
computer-aided annotation from the other side. We considered both the presence of interob-
server variability and the lack of a uniform scanning protocol as facts we have to accept when 
working with clinical data. And whereas these facts may pose problems in automatic classifi-
cation methods, our interactive method is able to overcome both. By using observer input -in 
this case corrections and approvals of automatically assigned labels- as training data for clas-
sification of unseen VOIs in the scan, interactive annotation is able to adapt to the annotation 
style of the observer. Since the pool of training VOIs and classified VOIs are derived from the 
same scan, acquisition parameters are always the same. The success of this approach can be 
seen in figure 7. Panels (c) and (d) confirm that different observers may disagree on the way 
textures should be annotated. When using training data from observers with different opin-
ions, the resulting classifier will be unable to classify VOIs in a new scan with high accuracy 
(panel (b)). However, the interactive classification system learns the specifics of the annota-
tion task from its observer and can therefore adapt to individual annotation requirements. This 
makes it a versatile system: It can adapt to different definitions of texture categories. In addi-
tion, each observer can define her or his own texture categories, if desired.
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For any interactive system, user-friendliness is of pivotal importance. We have taken sev-
eral measures to increase the user-friendliness of our interactive approach. First, we chose to 
divide the lungs into VOIs to simplify the task of delineating normal and abnormal areas in 
the lungs. These VOIs are constructed to capture one type of texture. In this way, the labor-
intensive 3D annotation task is simplified to a number labeling of predefined VOIs.

Second, interactive classification starts with an untrained classifier. We compared two labe-
ling methods for the first slice of a scan, both of which do not require any user interaction. If 
training data from previously annotated scans is available, this can be used for classification of 
the first slice. If no previous training data is present, a heuristic approach is to label all VOIs 
in that slice as normal tissue, yielding an average accuracy of 36%. A set up in which only 
training data from the same observer was used, could possibly yield even better predictions 
in classification of the first axial slice. However, more annotations per observer are needed to 
test this hypothesis.

Third, annotation takes place in a slice-based manner. The observer is shown axial slices 
with classification results, which he or she has to correct. Slices are chosen in such a way that 
all areas of the scan are visited during the training process. Within each area, the slice from 
which the classifier can learn most from the corrections of the observer is chosen.

The current experiment has some limitations. First, scans were selected in such a way that 
each texture that had to be discriminated was present in multiple scans. However, this did not 
result in a balanced dataset. Therefore, we balanced the previously obtained dataset by using 
500 random samples per category for training. The interactively obtained datasets remain 
unbalanced. This should be taken into account when analyzing the overall classification accu-
racies. If a texture with a low number of instances, such as honeycombing, is not detected, this 
has a low impact on overall accuracy, while the presence of honeycombing is highly relevant 
in clinical practice. Normal tissue is the largest category. Hypothetically, we could devise a 
classifier that classifies all VOIs as normal tissue. This would result in an overall accuracy of 
36%. Given that interactive classification yielded a considerably higher accuracy and that the 
distribution of texture in an unseen scan will very likely also be imbalanced as well, we do 
not consider this imbalance to be a major problem. In addition, the dataset that was used for 
the experiments contained a small number of scans, which may lead to a bias in the results. 
Therefore, repetition of the experiments using a larger dataset is desirable.

Second, all experiments involving interactive annotation in this research were simulated, 
instead of performed by human observers. Given the high inter-observer variability measured 
in this and other works, it is conceivable that repeating these experiments with human observ-
ers would lead to different results. We nevertheless chose to follow this simulation approach 
because it allowed us to repeat each experiment ten times, using different parameters, without 
requiring annotation effort from radiologists.

Third, we have only performed a limited search to find the optimal feature set for our 
(semi-)automatic classification protocols. We looked into the use of Haralick features in the 
automatic classification experiments, to see whether these performed better than the set used 
in this work. This led to an average accuracy of 38%. In addition, we investigated the rela-
tive feature importance, as reported by the extra-trees classifier, averaged over all annotated 
datasets and all 10 repetitions of experiments, of the original feature set used in this study for 
all three protocols. We compared the fifteen most important features in each protocol, and 
twelve of these were selected in all three scenarios. These were: mean, skew, and kurtosis after 
Gaussian filtering at scale σ = 1, mean and skew after Gaussian filtering at scale σ = 2, mean 
after Gaussian filtering at scale σ = 4, mean and standard deviation of the second Hessian 
eigenvalue at scale σ = 2, mean, standard deviation, and kurtosis of the third Hessian eigen-
value at scale σ = 1 and standard deviation of the third Hessian eigenvalue at scale σ = 2.  
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We used this selected feature set to determine the overall percentage of label changes needed 
for complete annotation in scenarios 1, 2 and 3. Automatic classification required changing 
the labels of 59% of the VOIs (versus 58% using the original feature set). The overall percent-
ages of the interactive protocols without and with previous data were 21%, versus 21% and 
20% respectively. While these limited sets of experiments did not result in higher classifica-
tion accuracy, a more elaborate comparison of feature sets and also classifiers may be benefi-
cial for further development of the proposed methods.

Finally, we have shown that interactive annotation results converge to the preferences of 
the observer. The resulting annotations may not be universally accepted, for example if the 
method is used by an inexperienced observer. In this respect, results should be treated as 
manual annotations: the reliability depends on the person performing the labeling.

In the future, we plan to test this interactive annotation tool more extensively with live 
observers. With the resulting annotations, an annotated ILD texture dataset can be built with a 
relatively small effort. This dataset can then be used for the training of radiologists, as a refer-
ence standard in clinical practice or for developing an automated classification tool. As a next 
step, interactive or automatic classification results may be beneficial in disease progression 
monitoring and for making the right diagnosis within the ILD spectrum.

6. Conclusion

We have presented one automatic and two interactive protocols for classification of VOIs in 
the lungs in thoracic CT scans of ILD patients. These protocols were compared in terms of 
user actions required to obtain complete and verified annotations. In both interactive proto-
cols, VOIs were annotated in a slice-wise manner. For classification of the first slice, the 
interactive system benefited from the addition of training data from other scans, since the 
interactive classifier was then still untrained. In classification of the following slices, the inter-
active classifier learned to discern the different texture categories by asking the observer to 
correct misclassifications. By choosing the slices that were shown to the observer based on 
cumulative classifier uncertainty, annotation effort could be minimized. Using the optimal 
settings, the average accuracy for classification of the first slice was 44%. After interactive 
training on 50% of the VOIs in a scan, the remaining VOIs are classified with an average 
accuracy of 87%. Therefore, the interactive approach we describe is a promising tool to make 
annotation of complete scans practically feasible.
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