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ABSTRACT

PET-CT is now accepted as the best imaging technique for
non-invasive staging of lung cancers, and a computer-based
abnormality detection is potentially useful to assist the read-
ing physicians in diagnosis. In this paper, we present a new
fully-automatic approach to detect abnormalities in the thorax
based on global context inference. A max-margin learning-
based method is designed to infer the global contexts, which
together with local features are then classified to produce the
detection results adaptively. The proposed method is evalu-
ated on clinical PET-CT images from NSCLC studies, and
high detection precision and recall are demonstrated.

Index Terms— PET-CT, abnormality, global contexts,
max-margin, detection

1. INTRODUCTION

Lung cancer is the most common cause of cancer-related
death in men and women, and in particular, non-small cell
lung cancer (NSCLC) is the most prevalent type of lung can-
cer, accounting for about 80% of all cases. Positron emission
tomography — computed tomography (PET-CT) with '®F-
fluoro-deoxy-glucose (FDG) tracer is now accepted as the
best imaging technique for non-invasive staging of NSCLC.
Abnormalities such as tumors and enlarged lymph nodes in
FDG-PET appear as hot spots due to increased FDG up-
take, and the co-registered CT image provides the anatomical
information helpful for localizing the abnormalities.

Detecting abnormalities is the first step in the image-based
staging, and an automatic computer-based detection system
can potentially improve the clinical efficiency and provide a
second opinion for diagnosis. Although the general idea is to
identify regions with higher uptake in PET, in practice, diffi-
culties arise due to high uptake variations [1].

The standard uptake value (SUV), which is a widely
accepted normalization technique for reducing inter-subject
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variations, is often used instead of the raw FDG uptakes
for tumor detections, such as the very popular thresholds of
SUV-2.5 and SUV 40% or 50% [2], thresholds specific to
anatomical regions [3], and texture-based analysis [4]. How-
ever, since SUV merely reduces the variation problem, by
applying the same detection criteria to all image scans, these
approaches largely neglected the inter-subject variations and
would still result in high false positives or negatives.

The idea is thus to incorporate case-adaptive information
in the detection. As suggested [5], normalizations based on
reference tissues could reduce the deviations of the SUV dis-
tributions; but the normalization model was mainly aimed
at classifying normal organ tissues. A particular interesting
idea was proposed to adaptively compute the threshold based
on a weighted combination of the maximum and background
SUVs for lung tumor delineation [6], which required user
marking of the background. Inspired by this approach, we re-
cently designed a similar thresholding method, but with fully
automatic background/mediastinum estimation [7]. However,
the mediastinum was approximated by taking the central area
of the thorax without considering case-specific characteris-
tics. For example, tumors might invade into the mediastinum
and cause high uptakes in the approximated area, and hence
leading to inaccuracies in the threshold computation.

In this paper, we present a new automatic method for ab-
normality detection in thoracic PET-CT images with NSCLC,
by exploring the global contexts adaptively. The proposed
method has the following main contributions: (i) a max-
margin learning method is designed for automatic global
context inference; (ii) the global contexts are integrated with
local features to describe the contrast information adaptively;
and (iii) abnormalities are detected by classifying the voxels
based on the contrast features. In our study, we limit the re-
gion of interest to the thorax, and aim to detect all suspicious
areas including lung tumors and abnormal lymph nodes. The
characteristics of the thorax are exploited in the detection
algorithm; however, the main idea is also generalizable to
other anatomical regions.
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2. METHODS

2.1. Datasets

40 sets of 3D PET-CT thoracic images from NSCLC patient
studies are used. The images were acquired using a Siemens
TrueV 64-slice PET-CT scanner. The total number of anno-
tated abnormalities is 64. The datasets exhibit a high degree
of inter-subject variations, with the maximum SUVs of abnor-
malities in the range of 2 to 16, while the maximum SUVs of
the mediastinum are in the range of 1.5 to 3. A preprocessing
is performed on each image slice to remove the soft tissues
outside of the lung field and mediastinum using thresholding
and connected component analysis.

2.2. Global Context Inference

Due to the overlapping between the uptake ranges of abnor-
malities and mediastinum, detection based on the absolute
SUYV values would not be sufficient. The intuition is thus to
detect abnormalities based on the contrast information on a
global scale, since within one image case, the abnormal areas
should always depict higher uptakes than the background.
The global contexts of an image I are defined as its aver-
age SUVs of the lung field V7, and the mediastinum V3, and
the maximum SUV Vg, which are the reference values of the
normal and abnormal tissues in the thorax. The methods for
the global context inference are described in the following.

2.2.1. Initial Labeling of Structures

We first cluster each image slice using mean-shift [8], to in-
corporate local spatial information around voxels. A 3D im-
age set I is then represented as a set of regions: I = {r; :
it = 1,..,N,}, and we classify the regions into three cate-
gories: lung field (L), region-of-interest (R), and others (O),
using support vector machine (SVM) [9] with linear kernel
and default parameters. The classification is based on the re-
gional local features f; = {¢;, p; }, which are the average CT
intensity and SUV of ;.

The L regions depict the actual lung field (excluding tu-
mors) closely, because of their clear feature distinctions from
the other categories. Ideally, the R category represents the ab-
normal areas; however, with only the local features f;, the R
labeling would result in a number of false positives and neg-
atives. And due to the limitation of local features, the O cate-
gory is mainly the mediastinum, and possibly with other non-
mediastinal regions including lower-uptake abnormalities and
borders areas of R regions. Examples of the initial labeling
outputs are shown in Fig. lc.

2.2.2. Derivation of V1,

Since the L regions delineate the normal lung field closely, V7,
is simply the average SUV of the L regions in I.
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2.2.3. Derivation of Vs

Due to the presence of non-mediastinal regions in the O cat-
egory, the average SUV of the O regions would be too high
to establish good contrast with the abnormal regions. Fur-
thermore, a CT-based separation between lung field and me-
diastinum would not be reliable either, in cases with tumor
invasions into the mediastinum. The problem is thus how to
derive V), without a precise delineation of the mediastinum.

Here we propose to identify a portion of the image that
best represents the mediastinum, which is then used to com-
pute V. Specifically, given the 3D image set I = {P; : j =
1,..., Np}, which comprises of Np slices, we aim to detect a
bounding box M; = {z,,y,} representing the mediastinum
from each image slice P;, where x; and y; is the coordinate
of the top left corner of M;.

We fix the bounding box as a narrow rectangle with a pre-
set z-span, and y-span of the width of P;, as shown in Fig. 1c.
Such fixed parameters are chosen to cover a large part of the
mediastinum while minimizing the inclusion of other types of
voxels; and the fixed size also facilitates a fast localization of
the bounding box.

To identify this bounding box, we define a score function
S(Mj) as:

S(M;) = W' F(Mj) (1
where F'(M;) is the feature vector of M; and w is the as-
sociated feature weights. This bounding box M7 is to best
represent the mediastinum, hence maximizing the score:

M; = argj\r{r:ax S(M;) (2)

Feature vector. Besides the local features, the spatial dis-
tribution of the voxels in a bounding box is important. For
example, the center area should mostly be the mediastinum,
while the top and bottom ends have higher tendency of de-
picting the lung fields. However, at different z locations in
the thorax, and in tumor cases, the spatial distribution would
vary. Therefore, we require a feature that can accommodate
small variations while describing the spatial distributions ef-
fectively. To do this, M is divided into multi-scale hierar-
chical rectangular regions in the structure of spatial pyramid
matching (SPM) [10]. And for each rectangle, the mean and
standard deviation of its CT intensity and SUV are computed.
The ordered concatenation of these features from all multi-
scale rectangles is then F'(1;).

Weight learning. Since the detected bounding box is ex-
pected to have the highest score, we can use the max-margin
learning method to train for the feature weights w. Assum-
ing the best bounding box for P; is M7, and given another
bounding box M?, the following condition should be met:
S(M}) > S(My3). By scaling the feature weights, we can
ensure that ideally the following inequalities hold:

w'F(M}) > w"F(M)) + 1 3)
= WT(F(M;) - F(M)) > 1 @



Deviations from the above constraint is the empirical loss, and
the optimization goal is to minimize the total empirical loss
of all training samples, with an Lo regularization term:

argmin, ¢ 5o 3 ||w[?+CY, & )
st. Vn: WwTA,>1-§,

where n indexes one training sample, i.e. a pair of bounding
boxes, A, is the feature distance (F'(M}) — F/(M7)), £ is the
slack variable as defined in the standard soft-margin SVM,
and C is the trade-off parameter between the regularization
term and the empirical loss. We then apply the efficient dual-
variable method [11] to solve this optimization for w.

Bounding box localization. With the trained feature
weights w, the best bounding box M is then localized by
searching over P;. Since the width and length of the bound-
ing box are fixed, the search space is quite small and M7
can be quickly localized. Note that although the detected
bounding box best represents the mediastinum, due to its
rectangular shape and fixed size, it would still contain some
L or R areas. They can however, be easily excluded from
the bounding box. Some other O areas would also possibly
remain, especially if the lung tumor invades a large portion of
the mediastinum; but such noises should be minimized in the
detected M comparing to the other regions in the image.

Computation of V). For each slice P;, we exclude those
L and R voxels from M j’-‘, and an average SUV V) ; is com-
puted. Vs is then the mean value of Vi ; over all slices of
the image set I.

2.2.4. Derivation of Vi

The maximum SUV value of an image is useful because re-
gions with much lower SUVs should belong to the normal
tissues. However, since an image can contain multiple tumors
or abnormal lymph nodes, and each can exhibit different SUV
range, a single value would be too global to adapt to individ-
ual abnormality. Therefore, V is defined as a set of values
Ve ={Vg,; : j =1,..., Np}, with V ; associated with each
slice and computed as the maximum SUV in the three adja-
cent slices Pj_1, P; and P;;. Note that for slices without
any abnormalities, Vz ; would represent normal tissues; this
is not a problem though, since the final detection is based on
the collection of features, as described below.

2.3. Abnormality Detection

Recall that a 3D image set I is represented as a set of regions:
I={r;:i=1,..,N,.}. For each region, a feature vector g;
is defined as:

gi = {Ci,pi7pi/VL;pi/V1W7pi/VR7j} (6)

where ¢; and p; are the average CT intensity and SUV of r;,
and r; € P;. A three-class SVM is then trained to classify
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Fig. 1. Example detection outputs using our proposed
method, with each row showing one example. (a) Transax-
ial CT image slices (showing the thorax after preprocessing).
(b) Co-registered PET image slices. (c) The initial labeling
outputs, with dark gray for category L, light gray for category
O and white for category R, and the localized bounding boxes
for calculating V), highlighted in red. (d) The final detection
outputs, with abnormalities in white.

the regions into L, R and O categories based on this new fea-
ture set. The resultant R regions then represent the detected
abnormalities.

3. RESULTS

Fig. 1 shows a couple of examples of the detection process.
After preprocessing (Sec 2.1), the CT and PET images are
cropped to the lung and mediastinum area, as the 2D slices
shown in Fig. 1a and 1b. Each example contains a lung tu-
mor and abnormal lymph nodes, which are easier to see as
hot spots on PET images. During the initial labeling (Sec
2.2.1), the L, R and O regions are differentiated; however,
some abnormalities are mistaken as O category (Fig. 1¢c). By
incorporating the global contexts, the final labeling (Sec 2.3)
manages to identify all abnormalities correctly, as indicated in
Fig. 1d. Note that the bounding boxes of the estimated medi-
astinums (Fig. 1¢) tend to minimize the inclusions of actually
abnormal regions for computing a more accurate V.

Fig. 2 shows several example outputs comparing our pro-
posed method with the the following three approaches: (i)
the adaptive SUV threshold [7]; (ii) threshold of SUV 2.5;
and (iii) threshold as 50% of the maximum SUV. We did not
compare with [3] or [4] because the former focused on organ-
specific thresholds for whole-body and the latter omitted the
mediastinum from the processing. The proposed method de-
tects all abnormalities correctly in all three cases, while (i)
misses the abnormal lymph node due to its relatively low
SUYV, (ii) includes many false positives with the fixed thresh-
old, and (iii) under-estimates the tumor volume and fails to
detect the abnormal lymph nodes.

The quantitative results are summarized in Table 1, and
our proposed method demonstrates the highest detection re-
call, precision and F-score. The previous method [7] has diffi-



(a) (b) (©) (d)

Fig. 2. Comparisons of detection outputs, with each row
showing one example. (a) CT image slices. (b) Co-registered
PET image slices. (c) Detection outputs of our proposed
method, with abnormalities highlighted in red. (d) Compar-
ison outputs, with top row showing the result from [7], and
middle and bottom rows showing the results using SUV 2.5
and 50% maximum SUV as the thresholds respectively.

Table 1. The detection results of various methods.
Propo- | [7] SUV- SUV-
sed 2.5 50%
Recall (%) 98.4 93.8 95.3 84.4
Precision (%) || 92.7 88.2 64.9 81.8
F-score (%) 95.5 90.9 77.2 83.1

culties with small and low SUV abnormalities, which are now
better detected with the contrast information based on global
contexts, and hence the higher detection recall. Furthermore,
because of incorporating the contrast information, we are also
able to restrict the initial labeling of R regions to those with
high SUVs, and postpone the detection of lower SUV abnor-
malities to the final stage. Such an approach effectively im-
proves the detection precision of the proposed method. The
error patterns shown in Fig. 2 of the other two compared ap-
proaches also tend to generalize. With a fixed SUV threshold
of 2.5, which is the most widely used method due to its sim-
plicity, many false positives are obtained, while some low up-
take abnormalities are still undetected. The threshold at 50%
maximum SUV produces reasonable results in most cases;
however, the detection performance depends largely on the
actual value of the maximum SUV, and changing the propor-
tion to others (e.g. 40%) does not improve the overall perfor-
mance much.

4. CONCLUSIONS

In this paper, we present a new method for detecting ab-
normalities from the thoracic PET-CT images automatically
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based on global context inference. We explain that due
to the large inter-subject variations, case-adaptive informa-
tion is necessary for robust detections, and we propose a
classification-based method integrating both regional local
features and the global contexts describing the contrast infor-
mation depicted in an image. We also design a max-margin
learning based method to localize a bounding box that best
represents the mediastinum to derive one of the main global
contexts. Our proposed method is evaluated on a clinical
dataset from 40 NSCLC patients with 64 annotated abnor-
malities, and high detection performance is observed.
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