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Abstract. Co-locating the gross tumour volume (GTV) on cone-beam computed tomog-
raphy (CBCT) of non small cell lung cancer (NSCLC) patients receiving radiotherapy
(RT) is difficult because of the lack of image contrast between the tumour and surround-
ing tissue. This paper presents a new image analysis approach, based on second-order
statistics obtained from gray level co-occurrence matrices (GLCM) combined with level
sets, for assisting clinicians in identifying the GTV on CBCT images. To demonstrate
the potential of the approach planning CT images from 50 NSCLC patients were rigidly
registered with CBCT images from fractions 1 and 10. Image texture analysis was com-
bined with two level set methodologies and used to automatically identify the GTV on
the registered CBCT images. The Dice correlation coefficients (µ± σ) calculated between
the clinician-defined and image analysis defined GTV on the planning CT and the CBCT
for three different parameterisations of the model were: 0.69±0.19, 0.63±0.17, 0.86±0.13
on fraction 1 CBCT images and 0.70± 0.17, 0.62± 0.15, 0.86± 0.12 on fraction 10 CBCT
images. This preliminary data suggests that the image analysis approach presented may
have potential for clinicians in identifying the GTV in low contrast CBCT images of
NSCLC patients. Additional validation and further work, particularly in overcoming the
lack of gold standard reference images, are required to progress this approach.

1 Introduction

In 2014 in the United Kingdom (UK) there were 46,400 new cases of lung cancer and 35,900
deaths were directly attributable to this disease [1]. Treatment options include radiotherapy
(RT) in which a high dose of radiation is delivered to diseased tissue whilst the dose to healthy
tissue is minimised [2]. In RT planning, delineation of the volume of interest is typically based on
a visual assessment of CT. The accuracy of the volume is dependent upon the ability to visualise
the tumour and identify potential areas of tumour involvement based on tumour biology.
At time-of-treatment CBCT images are used for patient alignment by identifying the position
of landmarks such as bone [3]. However, establishing the location of the GTV on CBCT images
is extremely challenging because of the poor soft tissue contrast. Furthermore, it is currently
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not feasible to estimate changes in the GTV on CBCT that are due to disease progression or in
response to radiotherapy. This limits the use of CBCT in NSCLC for adapting, or personalising
treatment, where the planned dose to healthy tissue and the planned dose to the tumour are
preserved.

The use of semi or fully automatic image segmentation approaches can help to increase
accuracy and reduce the time spent defining radiation target volumes and organs at risk (OAR)
of damage from radiation. However, segmenting tumours, and OARs, on CT and CBCT images
is challenging and the aim of this work was to develop a radiomics-based approach for CBCT
image analysis for (1) automatically identifying the GTV on follow-up CBCT images and (2)
detecting significant changes in shape and size indicative of disease progression or response
to radiotherapy. In relation to this a bespoke image segmentation framework was developed
that combined image texture analysis with level set analysis, which is shown in Figure 1. The
framework has the potential to lead to improvements in radiation targeting when the morphology
of the tumour has changed, which could be practice changing. At present changes in tumour
morphology are analysed after specific fractions of RT throughout the course of treatment [4].
Here this was done at fraction 10 (#10), that is the 10th day of treatment, when a volumetric
CBCT image set was acquired and algorithm applied. The central hypothesis proposed here was
that the texture of a cancerous region changes in response to radiation, which can be detected
by texture/radiomics analysis. To ensure that the radiomics analysis was performed only on the
tumour volume a novel level set technique proposed in [5], which combines two or more different
level set methods in parallel, was used.

In this paper, section 2 provides an overview of the proposed methodology and the framework
for monitoring NSCLC cancer. Further on, this section provides a focused literature review
covering the level set and texture analysis methods used. Section 3 provides details of the
dataset, including contouring information, and the registration procedure used. Finally, section
4 presents the results obtained following application of the framework to a large cohort of
patients and ground truth data, which was available for one of the patients.

2 Overview of the combined texture and level set model

The proposed framework for monitoring lung cancer during RT is shown in Figure 1. The process
begins with the registration of the CBCT acquired at fraction 1, (#1) to the planning CT image
on which the GTV is defined. This provides a set of parameters for starting the combined
texture and level set segmentation on CBCT #1. A Dice similarity coefficient, typically greater
than 90%, is then used to assess the similarity between the GTV on the planning CT and the
CBCT. Such a high value is used because the CBCT #1 images are acquired before RT and
therefore before any change in shape as a result of radiation. A similar approach was used for
the segmentation of the GTV on CBCT #10 and on the planning-CT images, however, because
this CBCT scan takes place at the 10th day of treatment less similarity is expected between
the planning CT and CBCT images and as a result the Dice coefficient value was reduced to
70%. With these settings if the similarity is far more than the chosen threshold RT should be
continued but if far less, it is an indication that there has been a significant change in the GTV
and repositioning, or further investigation, is required.



Radiomics-Led Monitoring of Non-Small Cell Lung Cancer Patients During Radiotherapy 3

Fig. 1: The proposed framework for monitoring lung cancer during RT using a combined texture and
level set model, which can be used for detecting large deviations in the GTV on CBCT images.

There are many different level set techniques each with propagation characteristics that may
be suited to particular applications and there are several review articles covering the use of these
techniques in different imaging applications. These include region based image segmentation in
[6], medical imaging in [7] and [8], inverse problems and optimal design in [9], piecewise constant
applications in [10], deformable models in [11] and [12]. There are also comprehensive reviews
covering more general level set applications in [13], [14], [15] and [16]. What is common in all
of these articles is that each approach is robust to a specific application but not for all types of
images, which is a problem in complex medical images.

In general, a level set defines an evolving boundary as the zero level set of a higher dimension
of function φ, where the height (z axis) corresponds to the minimum distance from each point
in a rectangular coordinate (image plane) from the contour C. To start this evolving function an
initial value (initialization) is required, which can be done automatically or semi-automatically
in two or more phases depending on how many different batches of segmentation are expected in
an image. The two-phase level set method segments the image into two regions. Wherever three
or four-phase level set methods exist, they can divide an image into three or four categories
respectively by applying two separate level set functions at the same time. Re-initialization is
repeated during evolution to prevent the occurrence of sharp corners by calculating new φ values
depending on the specified speed function.

In the 1990s Chan-Vese extended the Osher-Sethian model by applying an energy minimiza-
tion term which allows automatic detection of interior contours [17]. This is performed using the
piecewise constant and piecewise smooth optimal approximations proposed by Mumford-Shah



4 F. Author et al.

[18]. In [17], further modifications resulted in a two-phase level set method without edges that
could segment the image into two regions. This model is based on the mean intensity values
in each region of the level set (inside or outside in two-phase) in an image. In 2000, Chan and
Vese developed their model further to deal with vector-valued images, which performed robustly
in the presence of noise [19]. This model is widely used in colour imaging and video imaging
for detecting motion of objects and texture images. In 2002, they presented a multi-phase level
set method that uses the log numbers of the level set function to separate n phases by using
piecewise constant [20]. Each level set Multi-Phase Chan-Vese function is initialized separately
but the same level set function is applied for both initialisations.

The Li level set model is another popular and robust model, which has developed different
forms based on gradient flow for solving the inhomogeneity in intensity as an edge based level
set model[21,22,23]. This model uses the energy minimization technique, similar to the snake
model, by reducing the fitting energy in image segmentation.

2.1 Parallel Level Sets in Vector-Valued Image Model

We recently proposed a new level set model in [5] which had the least amount of dependency
to the parameter setting. This model is most useful for the type of image where there is a lack
the ground truth information. This model takes advantage of the presence of existing models by
combining them in vector-valued imaging or multi-phase.

Here texture analysis was used as a pre-segmentation aid to before applying the main seg-
mentation model based on the level set. It has been previously reported that the texture of
healthy tissues is different from cancerous tissues [24] and the texture may also change within
these regions during the course of radiotherapy. There are many different ways of calculating
texture features such as [25], [26], [27] and [28]. In this paper, second-order statistics were ap-
plied using the GLCM approach. First defined by Haralick in 1979 [25], this statistical method
is used to calculate second-order texture features and commonly 14 features are calculated. A
modified GLCM approach proposed by Randen [29], which uses histogram-equalising, was also
used in this work.

3 Tests conducted on NSCLC cohort

Images from 50 lung cancer patients treated with radiotherapy between 2010 and 2011 at the
Edinburgh Cancer Centre, Edinburgh, UK were used in this study. Planning CT images were
available for all patients and CBCT images acquired at #1 and #10. All CT images were
acquired with 512 × 512 pixels and a pixel size of 0.977mm×0.977mm. All CBCT images were
acquired with 384 × 384 pixels and a pixel size of 1.172mm×1.172mm. The number of CT and
CBCT image slices containing the tumour volume varied between different patients. A radiation
oncologist evaluated all images and the outlined the GTV, clinical tumour volume (CTV),
planning tumour volume (PTV) and organs at risk (OAR).

Special attention was given to CBCT #10, which is the point where the patient has received
approximately 30% of their treatment and where an indication of response to treatment would
be extremely valuable. In Figure 2, the planning-CT and relevant CBCT #1 and #10 for one
of the patients in the dataset are shown. In Figure 2 the GTV is shown in red and on CBCT
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images the estimated region of GTV is circled in red highlighting the difference in tumour volume
between these two images being acquired.

Fig. 2: Mapping of the GTV over the course of treatment: a. one slice of the planning-CT with the GTV
contour shown in red, b. CBCT #1 acquired 13 days after the planning CT and before any radiotherapy
is given and c. the CBCT #10, 26 days after the initial planning CT.

3.1 Registration of CT and CBCT

Registration is a necessary step in medical imaging to allow clinicians to compare images from
different time intervals and different modalities. From an image processing point of view, it is
very challenging to find the transformation between different images to align them properly.
In RT, radiographers capture CBCT images and record the change in the position of a patient
compared to the planning-CT images. In other words, radiographers register CBCT to CT when
preparing the patient for treatment. Finding this translation is vital for transferring the tumour
shape defined by the oncologist on CT to CBCT before starting any treatment by making use
of DICOM data.

The CBCT images were registered to CT images by a radiographer resulting in a transfor-
mation matrix, which was considered as the clinical gold standard transform. In this registration
three transformations take place. When CBCT images are transferred to CT coordinates they
need to be transferred to the centre of the CBCT and then transferred based on image, patient
position and patient orientation. Next, the radiology translation file, attached to each CBCT,
can be used to find the changes between CBCT and CT to bring the image into the origin
domain/space of CT. The last translation is based on embedded information in the CT images
which defines the current position of the patient compared to their original position. DICOM
data embedded in CBCT images contains the values of rotation and translation of the patient
body for comparison to CT images.

As shown in Figure 3, three transformation matrices, T1, T2 and T3 (all of them 4 × 4), are
the key elements required to calculate the mapping between the reference and target images. T1
and T2 can be calculated using Equation 1 on DICOM information from the reference and target
images respectively. T3 is based on the information from the reference coordinate system (RCS)
which are the DICOM data embedded in CBCT measured and recorded by the radiographer.
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Fig. 3: Registration of CBCT images to planning-CT images is performed using the RT informa-
tion determined by radiographers at time-of-treatment. The relationship between the reference image
(planning-CT), the target image (CBCT) and their RCS which are embedded in the image meta infor-
mation are all used to find the transformation matrix of image registration. Here T1 is the transformation
matrix from the planning-CT image to the RCS, T2 is the transformation matrix from CBCT image
to the RCS and T3 is the transformation matrix from the RCS of the target image to the RCS of the
reference image.

T1 =


Xx∆i Yx∆j 0 Sx

Xy∆i Yy∆j 0 Sy

Xz∆i Yz∆j 0 Sz

0 0 0 1

 (1)

where Sxyz are the three values of the Image Position Patient (DICOM tag), which indicates
the location from the origin of the RCS in mm. Xxyz are the first three values of the Image
Orientation Patient (DICOM tag) and Yxyz are the last three values of the Image Orientation
Patient (DICOM tag). ∆i and ∆j are the pixel size, which can be extracted from Pixel Spacing
(DICOM tag). After reading T3 from an RT registration file generated by the radiographers,
the transformation matrix T, which represents the gold standard in rigid registration, can be
calculated using Equation 2.

T = T−1
1 T3T2 (2)

From the initial planning CT scan to radiotherapy at each fraction patients are positioned
in exactly the same way. Throughout treatment patients are aligned to reference tattoos made
on the skin surface, which make lateral adjustments straightforward through couch shifts. No
rotational adjustment was made for the cohort of patients used here.

4 Results and Discussion

Radiomics provides a nice range of 1st order, 2nd order statistical features (descriptors of the re-
lationships between image voxels (e.g. gray-level co-occurrence matrix (GLCM), run length ma-
trix (RLM), size zone matrix (SZM), and neighborhood gray tone difference matrix (NGTDM)
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derived textures, textures extracted from filtered images), size and shape based–features, im-
age intensity histogram feature and fractal features [30,31,32]. We have selected the 2nd order
Haralick features in 3D lung volumes to calculate feature maps in voxel-based [33,34].

To identify the best texture features the GLCM approach was applied in four symmetric
directions in a 5 × 5 region. Feature values were equalised to enable comparison and CBCT
images were converted to unit8 format. Of the fourteen texture features, several were found to
be highly correlated, which would result in a low-qulaity input for level set convergence. The
best texture feature that could be combined with Chan-Vese method was found to be the sum
variance, which had the best distributed intensity levels among all texture images. Figure 4
illustrates all features followed by their histogram and the equalised histogram image of CBCT
#1 and CBCT #10 respectively. The red contour refers to the GTV on CT. Only F7, sum
variance, has the original smooth histogram and can highlight the tumour more accurately than
other features for all slices of CBCT #1 and CBCT #10.

Besides demonstrating the strength of the sum variance feature, Figure 4 also shows that
many of the features are not suitable for this application. For example, features such as F12 to
F14 may disrupt the performance of other features when combined with them. The main reason
for this is that these texture features have a narrow range of intensity levels as shown in F1,
F3, F5, F8, F9, F11, F12, F13 and F14. On the other hand F7, the sum variance, has sufficient
variation in intensity and preserves more of the dynamic range of the change in intensity as
shown in Figure 4.

Figure 5 shows examples of the CBCT images and the contours produced by Chan-Vese
level set with and without being combined with textured features. Columns b show the results
obtained when level set analysis was applied on the CBCT images and column c when it was
applied on the sum variance of the same image. Of the fourteen features used, the image produced
by the sum variance feature consistently produced the best results as shown in Figure 5. Patient
3 has a small volume of tumour on the left lung which the level set alone was not able to detect,
however, by applying the level set approach to the sum variance image the tumour was detected
up. In general texture images are likely to offer a better start for the level set since the tumour
cells are changing during treatment.
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Fig. 4: Haralick texture results for one of the dataset patient’s CBCT #1, F1: angular second moment,
F2: contrast, F3: correlation, F4: variance, F5: inverse difference moment, F6: sum average, F7: sum
variance, F8: sum Entropy, F9: entropy, F10: difference variance, F11: difference entropy, F12: infor-
mation measures of correlation, F13: information measures of correlation and F14: maximal correlation
coefficient.
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Fig. 5: Level set comparison on registered CBCT images and their textured images for five patients, a.
Level set on registered CBCT image, b. cropped region of interest in each patient of previous part and
c. cropped region of interest when level set on textured images is applied (blue contour is GTV and red
contour is level set).
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4.1 Assessing the clinical performance in the absence of a ground truth

One of the challenges of this work was the lack of ground truth data on the true location of the
GTV on the CBCT images. In other words, how do we know which method for automatically
identifying the GTV is the best? To investigate this further and to investigate the impact
of different parameterisations of the model on the final GTV contour different combinations
were tested and the results presented to an experienced a radiation oncologist. The different
combinations tested were:

1. Sum variance + Parallel level set (Model o)
2. Sum variance + Chan-Vese level set (Model g)
3. Sum variance + Li level set (Model m)

The success of the proposed models, shown in Figure 6, depends on three factors: initialisation
of the GTV, the texture image and the choice of parameters. The level set is very much related to
its parameter tuning, therefore choosing appropriate parameters was important for convergence.
Figure 7 shows the Dice coefficient comparison between the GTV on the planning CT and the
three selected contours presented to the oncologist for all fifty patients on CBCT #10. Model
g has the highest Dice coefficient for all patients which highlights the inability of this method
to move far from the initial point. Model m has the best performance with generally more than
50% similarity to the original GTV.

Fig. 6: Three best selected segmentations by the oncologist. Blue contour is GTV, yellow is Model m,
pink refers to Model o and red is Model g.
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Fig. 7: The strength of proposed models on CBCT #10 by comparing the Dice coefficient for all fifty
patients compared to the relevant GTV. All models were selected by the oncologist. In general, the
performance of Model g is better than Model o and also Model m.

The volume, as well as position of the tumour, can affect the accuracy of the proposed model.
Smaller tumours and more superior tumours in the chest cavity are less affected by breathing,
therefore from an imaging point of view the images are less distorted by breathing motion.
The oncologist noted that the proposed model can be wrong when the Dice coefficient is small
since the GTV itself might not be accurate. To evaluate this further the approach was tested in
non-medical images.

4.2 Accessing performance on non-medical data with a ground truth

The performance of the proposed models was tested on non-medical images for the purpose of
establishing accuracy and overall performance. The non-medical images were chosen from the
level set segmentation literature which have ground truth data. The results are shown in Figure
8 as Cha-Vese, Li and Parallel (combined Chan-Vese and Li) level set models.
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Fig. 8: Non-medical images: a. spiral, b. paper-spiral, c. gourd and d. shapes, used for the segmentation
with different level set methods: Chan-Vese [17], Li [21] and parallel level set [5].
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Fig. 9: Testing proposed texture+level set models (Model g, Model m and Model o) compared to the
level set models without combining them with texture (Chan-Vese [17], Li [21] and parallel level set [5]),
on four non-medical test images with ground truth: a. gourd, b. spiral, c. shapes and d. gradient-ball.

The presence of ground truth on the non-medical dataset provides a better evaluation on a
more comprehensive and quantitative demonstration. The results in Figure 9 show the ability
of the models (Model g, Model m and Model o) in segmentation and the improvement of the
level set methods when combined with texture feature.

5 Conclusion

Assessing lung cancer patients during radiotherapy is very challenging because of the lack of
contrast on CBCT. With further validation the proposed approach for automatically analysing
lung tumours on CBCT images would help clinicians better estimate the size and shape of
tumours during a course of radiotherapy. However, there are multiple factors that must be
considered when combining texture and a level set model. First is the matter of choosing the
appropriate method from each technique that can be practically combined as well as perform
satisfactorily on lung CBCT images. The second challenging issue in the proposed model was
initialisation, which the level set can be very dependent on. The third and most challenging
issue was parameter setting for the level set which can influence its success or failure.
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