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Abstract. We propose an automatic lung tumour segmentation algorithm for 
dynamic CT images that incorporates the novel use of tumour tissue 
deformations. In contrast to elastography imaging techniques for measuring 
tumour tissue properties - which requires mechanical compression and thereby 
interrupts normal breathing - we completely avoid the use of any external 
physical forces. Instead, we calculate the tissue deformations during normal 
respiration using deformable registration. We investigate machine learning 
methods in order to discover the spatio-temporal dynamics that would help 
distinguish tumour from normal tissue deformation patterns and integrate this 
information into the segmentation process. Our method adapts an ensemble of 
decision trees combined with a 3D graph-based optimization that takes into 
account spatio-temporal consistency. The experimental results on patients with 
large tumours achieved an average F-measure accuracy of 0.79. 
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1 Introduction 

Methods for lung tumour segmentation in non-small-cell lung cancer (NSCLC) 
computed tomographic (CT) images have gained much attention in the past few years 
due to their importance in tumour visualization and quantification. Both qualities are 
vital for diagnosis, radiation and surgical therapy planning, as well as in tracking of 
treatment outcome  [1]. The workload associated with manually contouring  target 
volumes on 4-dimensional CT scans for clinical treatments is considerably 
confounded by intra- and inter-clinician variations. Simply segmenting the tumour 
based on image intensity values (e.g. Hounsfield units) and other regularization or 
shape priors is problematic due to the large variations and complexity of the 
appearance of both the human anatomy and the pathological lesions. It is generally 
agreed that, at the macro level, tissue changes with physiologic and pathologic 



processes can be best captured through elasticity measures [2]. It has been shown that 
changes in soft tissue elasticity are strongly related to abnormal pathological 
processes [19,20]. Differences in the elastic properties of normal and abnormal tissues 
present an alternative, yet effective, strategy for detecting tumours. Accordingly, 
elastography imaging, which is a set of techniques for noninvasive assessment of the 
mechanical properties of tissues, often plays a crucial role. Elastographic techniques 
have proved to be a useful for medical diagnosis purposes and tumour segmentation. 
For example, in  [3], elastography has been used to characterize solid liver tissue, 
while  [4] investigated normal and abnormal breast tissues in ultrasound images based 
on differences in their elasticity values under absence or presence of external stress. 
However, in the aforementioned works and others (e.g. MR elastography (MRE) [5]) 
elastography was only used to measure internal displacement or strain in tissue that 
results from the application of external stress to that tissue, but it has never been 
employed for tumour segmentation. 

In this paper, we propose a framework for lung tumour segmentation. Our work is 
motivated by the successful application of elastography imaging to the evaluation of 
abnormal tissues, such as brain tumours. However, we avoid the application of 
external deformation simulation forces as commonly done in elastography, and 
instead  deduce elasticity related properties without imposing any external stress. To 
this end, we base our work on the fact that lung tumour follows characteristically 
small deformations in response to respiration while normal lung tissue deforms 
considerably during breathing [6]. We test the hypothesis that such tumour 
deformation characteristics can be used to aid the segmentation of lung tumours in 
images acquired during normal respiration conditions.  

Specifically, we propose a method for lung tumour segmentation from dynamic CT 
(4D) exams of the lung at different phases of one breathing cycle during normal 
respiration. Although the apparent intensity changes in the dynamic images cannot 
always be unambiguously related to elasticity  [6], we first estimate tissue 
displacements with deformable image registration and leverage pattern recognition 
and machine learning techniques to discover deformation (spatio-temporal) features 
that best discriminate tumour from normal tissue. To the best of our knowledge, this 
is the first work to propose such a novel learning-based approach for lung tumour 
segmentation that is applicable for images acquired under normal circumstances 
(does not require breadth-hold imaging). It also does not require the application of 
external stress that patients were required to endure in previous studies [1,9]. 

One important issue in machine learning is having a proper class distribution in the 
training set. It has been generally agreed in the literature that the training set sampled 
from the natural distribution of training samples is best for learning, but this situation 
is undesirable in cases where highly unbalanced class distributions are observed [7]. 
In these cases, the classifier usually has a poor performance on the minority class. For 
our problem, where the malicious voxels constitute the minority class, we address this 
class imbalance problem by examining various well-established cost-sensitive re-
sampling methods. 

Another important obstacle towards distinguishing the tumour tissue based on its 
elasticity is that the magnitude and direction of tumour motion may differ between 



different patients due to various factors. In  [8], it was shown that direct relationships 
exist between tumour motion patterns, tumour location, and patients’ breathing 
patterns. However, these observations were based on a limited number of patients and 
have yet to be verified using more 4D data sets. Elasticity properties can aid in 
discriminating the tumour tissue; however, a global (over all voxels) threshold is not a 
viable option given the complex movements of different tissues. Instead, we combine 
our classifier with a 3D graph-based optimization (Markov random field energy 
minimization) to ensure spatio-temporal consistency. 

2 Methods 

At a high level, our method consists of a training (or learning) stage and a test (or 
tumour segmentation) stage. The training stage uses a set of dynamic 4D CT images 
capturing the lung motion in cancer patients during normal respiration, along with 
their corresponding set of ground truth tumour segmentations. For each sequence, the 
image frames captured at the two time points corresponding to the peak-exhale and 
peak-inhale breathing phases (phases in which the most varied lung positions are 
captured) are non-rigidly registered, generating displacement fields of the tissue 
deformations. Features from the displacement vectors at tumourous and normal 
tissues from all training data are used to train a classifier. In the application stage, 
novel 4D data is processed similarly (registration and feature extraction). Using the 
trained classifier and Markov random field (MRF) energy minimization, each voxel in 
the image is then labeled as either normal or tumour, thus giving the desired tumour 
segmentation.  

2.1 Image Registration 

To extract lung and lung tumour tissue motion patterns between two 3D frames of a 
given 4D CT image sequence, we used a diffeomorphic non-rigid intensity-based 
registration scheme [9], which has been reported to result in registration accuracy in 
the order of and below voxel size [10]. The registration searches for a deformation 
that minimizes an energy functional consisting of a dissimilarity cost (that measures 
intensity difference between the registered images) and a regularization cost (that 
ensures regularity of the deformation fields). As in [9], we used a normalized version 
of the sum of squared intensity differences (SSD) and a diffusion regularization term. 
The evaluation of the dissimilarity measure was further restricted to the lungs by 
using expert-segmented binary lung masks. Automatic lung segmentation is not 
related to our core contribution, although several approaches may be applied for that 
purpose (e.g. [11]). The spatial transformation space considered during optimization 
has been restricted to diffeomorphisms by employing diffeomorphic demons (i.e. 
parameterization of the transformation by stationary velocity fields; cf. [12]) in order 
to avoid physically implausible motion patterns like singularities in the estimated 
deformation fields. 



2.2 Feature Extraction 

With the deformation field obtained from Sec. 2.1, we extract at each location a set of 
features that are related to local volume changes. Generally, the evolution of a small 
volume in time between the source and target frames is captured by the Jacobian 
determinant of the deformation field, |J|. Although |J| provides insight about the 
amount of compression and expansion experienced by tissues, it was found 
insufficient for distinguishing normal tissues from tumourous tissues. Thus, in 
addition to |J|, our dynamic features include the x, y, and z components of the 
displacement vectors (denoted as dx, dy, dz), as well as the divergence and the curl of 
the deformation field. This results in a 6-element feature vector at every voxel.  

As effective static features, we also examine intensity-based features like 
geometric features (Hessian eigenvalues, 1st and 2nd principal curvatures, which define 
shape indices) and Haar-like filters. For the Haar-like features, we employed different 
sizes and types of Haar filters and extracted these features within 10×10×10 
neighbourhoods at a subset of locations residing in the lung volumes.  

2.3 Addressing the Class Imbalance Problem 

Since the number of samples corresponding to tumourous voxels is small relative to 
the number of samples corresponding to normal voxels, we face what is referred to as 
the class imbalance problem. Therefore, we must use a proper class distribution 
sampling of the training set. We investigated three different sampling methods for 
training cost-sensitive learning problems: (1) under-sampling, which changes the 
distribution by removing lower-cost training examples until the number of different 
training examples is proportional to their costs [7]; (2) over-sampling, which changes 
the training data distribution by duplicating higher-cost training examples until the 
number of different training examples is proportional to their costs [7]; and (3) 
synthetic minority over-sampling, which resamples the small class through taking 
each small class example and introducing synthetic examples along the line segments 
joining its nearest neighbors from the same class [7]. Based on empirical experiments 
(which we have omitted due to space constraints), we chose cost-sensitive under-
sampling, which gave the best segmentation performance.  

2.4 Decision forests for graph-based segmentation 

The balanced data set can now be used to for training our classifier. In this work, we 
chose decision forests (DF) with an ensemble of 50 decision trees as our strong 
classifier. We made this choice because they 1) additionally infer the importance of 
features, 2) remove outliers with high accuracy, 3) are resistant to over-fitting, 4) train 
rapidly, even for a large set of input features, and 5) require minimal feature 
normalization.  

While one could employ DF to perform per-voxel classification, we instead 
employ the DF predictions in an adapted form of an MRF-based segmentation 
framework [13]. In particular, we model the image as a graph G(V,E,W) whose nodes 



correspond to voxel coordinates. The set of edges E encode voxel-connectivity (we 
use 26-connectivity) while the set of weights W ensure that neighboring pixels with 
similar deformation-based and intensity-based features will likely be classified with 
the same class label, thereby ensuring that the overall binary tumour segmentation is 
spatially regular and homogenous. In this work, we compute W as follows: 
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where i and j are the indices of two neighboring voxels, X is the spatial location of the 

voxel; kFi denotes the kth feature value (static or dynamic) at voxel i; the weights δk   

are set based on the feature importance values, which are computed from DF training. 
Finally, the unary data cost at each node, i.e., the cost of assigning class L to the ith 
voxel, is defined as: 
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where G k(L) is the expected value for the kth feature for class L.  

3 Results and Discussion 

Materials. While there exist various public databases for 4D CT images (e.g. 
COPDgene, DIR), these sources do not include NSCL images. Consequently, the 
collection of 4D CT studies involving cancer patients acquired with normal breathing 
condition has been extremely difficult. To this end, nine 4D CT studies with a various 
tumour sizes, locations, radiological appearances and extents of respiratory motion, 
were collected from [8]. The images were acquired from a 16-slice CT scanner. All 
patients were instructed to breathe naturally. Volumes 1-5 were acquired from 
patients with large lung tumours (diameter>3cm; categorization according to  [14]) 
while volumes 6-9 were acquired from patients with small lung tumours. Manual 
delineations of the gross tumour volumes were completed by expert clinicians. Note 
that large variability in the structure and size of tumours yields large variations in the 
observed tumour motion patterns  [8], which is consistent with observations of 
Plathow et al. [14]. Due to this large variability, our evaluation has been separately 
performed on 2 groups: studies involving tumours whose diameter exceeded 3cm and 
those in the remaining set. 
  
Evaluation. We first evaluated our proposed method using BOTH intensity and six 
spatio-temporal features. Figure 1 illustrates an example slice from patient 1, the 
obtained deformation fields in x, y, and z directions, the Jacobian determinant, and the 
final segmentation result. The precision, recall, and F-Measure of the segmentation 
obtained for each case are reported in Table 1 and Table 2 for group 1 and 2, 
respectively. Results were obtained using a leave-one-out cross-validation (LOOCV) 
experiment.  



      
Fig. 1. Sample slices from patient 4 with a tumour delineated by red contours, the deformation 
fields in x, y, and z directions, Jacobian determinant, and segmentation result, respectively. 

Table 1. LOOCV results for studies in group 1. 
Patients with Large 

Tumour 
P1 P2 P3 P4 P5 Median Mean 

Precision 0.56 0.76 0.78 0.93 0.84 0.78 0.77 
Recall 0.88 0.76 0.83 0.83 0.85 0.83 0.83 

F-Measure 0.69 0.76 0.81 0.88 0.84 0.81 0.79 

Table 2.  LOOCV results studies in group 2. 

Patients with Small 
Tumour 

P6 P7 P8 P9 Median Mean 

Precision 0.24 0.08 0.11 0.09 0.1 0.13 
Recall 0.76 0.82 0.7 0.45 0.73 0.68 

F-Measure 0.37 0.16 0.2 0.15 0.18 0.22 
 
We notice that the method is very effective for detecting tumours in group 1. The 

average F-Score of 0.79 is promising for such a method that neither requires any 
external force nor any prior information. The overall tumour tissue classification also 
has both high recall (0.83) and good precision (0.78) and our segmentation results did 
not contain spatial irregularities, as were found in [15]. However, the performance of 
the proposed method was inferior for images in group 2 (0.18 median). Upon 
inspection, we identified various explanations for the inferior performance. First, the 
tumour volumes in these images were smaller than those in group 1. Second, unusual 
patient conditions played another role. For instance, an abnormal breathing pattern 
was imaged for patient 8 who suffers from Emphysema (a long-term lung disease that 
damages some of the tissues supporting the physical shape and functionality of the 
lungs). As another example, the tumour in patient 9 is attached to the chest wall, 
which hindered movement of the tumour, thus rendering its segmentation 
problematic. 

Note that the results reported in Table 1 were derived using the cost-sensitivity 
under-sampling method. When we did not use the cost-sensitivity under-sampling, the 
F-measure significantly dropped on average to 0.20. As a side note, an interesting 
property of the cost-sensitive-sampling method is that we were able to obtain results 
with different sensitivities by varying the cost associated to the tumourous class. 
Lastly, we examined the effect of using only the static features on overall 
segmentation accuracy. Results are shown in Tables 3 and 4. Comparing them with 
Tables 1 and 2, we can see that employing hundreds of static features, even at the 
expense of much higher computation time, did not improve segmentation 
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performance. This confirms the value of incorporating spatio-temporal features into 
the proposed tumour segmentation algorithm. 

Table 3. LOOCV results for studies in images in group 1, when only static features were used. 

Patients With Large 
Tumour 

P1 P2 P3 P4 P5 Median Mean 

Precision 0.63 0.33 0.18 0.63 0.11 0.33 0.37 
Recall 0.56 0.73 0.76 0.77 0.84 0.76 0.73 

F-Measure 0.59 0.45 0.3 0.69 0.2 0.45 0.44 

Table 4.  LOOCV results for studies in images in group 2, when only static features were used. 

Patients With Small 
Tumour 

P6 P7 P8 P9 Median Mean 

Precision 0.51 0.09 0.34 0.24 0.29 0.29 
Recall 0.37 0.45 0.73 0.76 0.59 0.57 

F-Measure 0.42 0.15 0.46 0.37 0.39 0.35 
 

Note that comparing our automatic method to previous methods, such as  [1] or the 
very recent work reported in [17], is unfair because they either require the application 
of external stress forces on patients or interruption of the normal breathing cycle. 
Furthermore, some, e.g. [17], also require user interaction, such as identification of 
segmentation seed points. All of these were not required by our method.  

4 Conclusions 

Motivated by the successful application of MRE to the evaluation of brain tumours, 
and promising results observed in previous studies relating to analysis of lung tissue 
deformations, we sought to evaluate the utility of the stiffness property of the tissues 
in characterizing lung tumours. The importance of our work is that, in contrast to all 
other similar works that evaluated tissue elasticity under external force, we showed 
that tissue displacements obtained during a normal breathing cycle (i.e. without the 
calculation of external forces) provided the necessary information  to segment the 
tumour. An investigation of tumour patterns was performed via pixel-wise spatio-
temporal features and image-based features, both of which were used to train a set of 
decision forests. The class probability and feature importance from the decision 
forests were then incorporated into a graph cut segmentation method. To extend our 
evaluation, we are currently in active pursuit of acquiring more 4D data containing 
lung tumours. A future research direction is to examine the additional use of in-
between motion dynamics and extraction of “local velocity curves”, which have been 
successfully used in heart disease discrimination [18]. 
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