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Abstract. Automatic pulmonary nodule detection in computed tomog-
raphy (CT) images has been a challenging problem in computer aided di-
agnosis (CAD). Most recent recognition methods based on support vector
machines (SVMs) have shown difficulty in achieving balanced sensitivity
and accuracy. To improve overall performance of SVM based pulmonary
nodule detection, a mixed kernel SVM method is proposed for recogniz-
ing pulmonary nodules in CT images by combining both Gaussian and
polynomial kernel functions. The proposed mixed kernel SVM, together
with a grid search for parameters optimization, can be tuned to seek a
balance between sensitivity and accuracy so as to meet the CADs need,
and eventually to improve learning and generalization ability of the SVM
at the same time. In our experiments, thirteen features were extracted
from the candidate regions of interest (ROIs) preprocessed from a set of
real CT samples, and the mixed kernel SVM was trained to recognize the
nodules in the ROIs. The results show that the proposed method takes
into account both the sensitivity and accuracy compared to single ker-
nel SVMs. The sensitivity and accuracy of the proposed method achieve
92.59% and 92% respectively.

Keywords: image recognition, mixed kernel function, support vector
machine, pulmonary nodule.

1 Introduction

A pulmonary nodule usually refers to intrapulmonary round dense shadow, the
diameter of which is not more than 3 cm, and it is the characterization of lung
cancer in early stage. Computed Tomography (CT) is the most important med-
ical imaging technology for obtaining images of pulmonary nodules, which can
be further used by either doctors or Computer Aided Diagnosis (CAD) systems
for lung cancer early detection and forecast.

A. Petrosino (Ed.): ICIAP 2013, Part II, LNCS 8157, pp. 449–458, 2013.
c© Springer-Verlag Berlin Heidelberg 2013



450 Y. Li et al.

Despite the difficulty of this problem, many methods have been developed
for detection and recognition of pulmonary nodules in CT images for CAD. To
reduce the number of omissions and decrease the examination time in radiologist
scan, Cascio et al. [1] proposed a method for automatic detection of pulmonary
nodules in lung CT scans, by using a 3D MassSpring Model (MSM) for segmen-
tation of sus-pected nodular lesions in CT images, and a neural network clas-
sification for distinguishing between true positive (TP) and false positive (FP)
candidates after a double-threshold cut to reduce FPs. The detection rate of the
system reached 97%. Also, to reduce FPs and increase detection rate, Keserci
et al. [2] combined morphological features with the wavelet snake method for
automated detection of lung nodules in digital chest radiographs. Surez-Cuenca
et al. [3] applied an iris filter and linear discriminate analysis to discriminating
between nodules and FP findings, and their test results yielded a sensitivity of
80% at 7.7 FPs per scan.

As a powerful classification model, Support Vector Machines (SVMs) have
been introduced in pulmonary nodules detection. Zhang et al. [4] combined rule-
based method with SVM for lung nodule identification, and reached an accu-
racy of 84.39%. Aiming to solve the feature extraction problem that the details
of ROI of 3D lung nodule are often ignored with a 2D method, Liu et al. [5]
proposed method that combines KL (Karhunen-Loeve) transform with SVM
for pulmonary nodules identification, achieved a 94.33% identification accuracy.
Considering the low sensitivity caused by the imbalance between positive and
negative samples, Campadelli et al. [6] and Liu et al. [7] used cost-sensitive SVMs
with different penalty coefficients for nodule and non-nodule samples to improve
the detection sensitivity, and they achieved as high as a sensitivity of 90%. Liu
et al. [8] proposed a CAD system for qualitative diagnosis of solitary pulmonary
nodules in chest CT images, which effectively represented the pathological char-
acteristics of solitary pulmonary nodules with image features, and rapidly and
accurately diagnosed solitary pulmonary nodules as benign or malignant. Their
experimental results showed a sensitivity of 73.33%, and an accuracy of 71.67%.

We can see that there are relatively large differences between the experimental
results of the above mentioned methods—some of them emphasized on accuracy,
while the others on sensitivity. Also, some of the aforementioned pulmonary
nodule detection methods adopted SVMs, but all of them used only single kernel
function. The performance of the SVMs, while adopted with different kernel
functions and different parameters, are quite different. Due to the fixed format of
the single kernel function and the relatively small adapting space, the parameter
optimization methods for single-kernel functions have poor generalization ability
and robustness.

As different kernel functions have different strengths and weaknesses, one of
the keys to improving the performance of an SVM is to design a suitable ker-
nel function or a combination of kernel functions specific to the given problem.
In recent years, various forms of mixed kernel functions have been applied to
different areas [9–12]. Though mixed kernel functions have been applied in dif-
ferent areas, they have not yet been taken seriously enough in the detection of
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pulmonary nodules. In this paper, we propose a mixed kernel SVM method for
pulmonary nodule recognition.

2 SVMs with Mixed Kernel Functions

2.1 Selection of Kernel Functions

SVMs can be used to effectively solve pattern classification problems with small
samples by a trade-off between complexity and learning ability to obtain better
generalization ability, i.e., the ability to correctly classify unseen samples.

This paper deals with the binary classification problem for pulmonary nod-
ule recognition, with nodules and non-nodules as the two classes. Let T =
{(xi, yi)} (i = 1, 2, · · · , l) be training samples, where xi ∈ RN and yi ∈ {−1,+1}
are the input feature and category/class label of sample input i, respectively. Let
yi = 1 correspond to nodule category and yi = −1 correspond to non-nodule cat-
egory. The binary classification algorithm of single and/or mixed kernel function
SVMs can be expressed as the primal form of SVM:

min
w,b,ξ

1

2
‖w‖2 + C

l∑

i=1

ξi (1)

s.t. yi ((w · Φ (xi)) + b) ≥ 1− ξi, i = 1, 2, . . . , l (2)

ξi ≥ 0, i = 1, 2, . . . , l (3)

where w is a weight vector to be determined, C and ξi are penalty constant and
slack variables respectively.

To achieve nonlinear SVM classification, the input data Xi are mapped to
high dimensional feature space Z by nonlinear transformation functions Φ (X),
and the optimal maximum-margin classification hyperplane is constructed in Z,
and a kernel function K (xi, xj) is introduced to represent the inner product of
Φ (xi) and Φ (xj) after the transformation as follows

K (xi, xj) = Φ (xi) · Φ (xj) (4)

In practice, instead of using Φ (xi) and Φ (xj) separately, the functionK (xi, xj)
is used as a whole.

The problem in primal form can be solved as a convex quadratic programming
optimization problem by introducing Lagrange multiplier {αi} (i = 1, 2, · · · , l),
and can finally be transformed as its dual form as follows

min
α

1

2

l∑

i=1

l∑

j=1

αiαjyiyjK (xi, xj)−
l∑

i=1

αi (5)

s.t.

l∑

i=1

yiαi = 0, 0 ≤ αi ≤ C, i = 1, 2, . . . , l. (6)
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As in (1), C is the penalty parameter. The bias b will be solved by the following
formula,

b = yj −
l∑

i=1

yiαiK (xi, xj) (7)

Construct a decision function

f (x) = sgn (g (x)) (8)

where

g (x) =

l∑

i=1

αiyiK (xi, x) + b (9)

Frequently used kernel functions are polynomial kernel function Kpoly, RBF
(radial basis function) kernel function Krbf as well as linear kernel function
Klinear , as expressed in formula (10) - (12):

Kpoly (x, x
′) = (x · x′ + 1)

d
(10)

Krbf (x, x
′) = exp

(
−‖x− x′‖2/2s2

)
(11)

Klinear = x · x′ (12)

where parameter d is the number of the order of the polynomial kernel and s is
the width of RBF kernel, both of which are given in advance.

2.2 Mixed Kernel Function

Based on the properties of kernel function, we can construct a new kernel func-
tion by using some known kernel functions as the basis. If the basic kernel func-
tions are selected properly, then the new kernel function K can have greater
generalization ability. Moreover, multiple kernel functions can form mixed ker-
nel functions by their weighted sum. The expression of this combination is as
follows:

K (x, x′) =
U∑

p=1
mpKp (x, x

′)

U∑
p=1

mp = 1, p = 1, . . . , U

(13)

where Kp is the p-th base kernel function, mp is the weight for p-th base kernel
function in the mixed kernel function, used to control the proportion of each
kernel function in the mixed kernel. The sum of the weights of all the U base
kernel functions should be 1. It is easy to verify that the kernel function expressed
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by formula (13) satisfies Mercer conditions, and thus can be used in SVM training
and classification.

In this paper, we use mixed kernel functions to perform the non-linear transfor-
mation, train the corresponding mixed kernel SVM classifiers, and to produce
the experimental results for pulmonary nodules recognition. We can see that the
parameters of mixed kernel functions are much more than that of single kernel
functions. Even for the least case that only two kernel functions are considered
(i.e., U = 2), we need an extra set of parameters than the same kind of single
kernel, plus an additional weight coefficient m1 (now the other weight is 1−m1,
according to the sum to 1 condition). Note that, it is precisely by this parameter
that we can freely choose a suitable proportion of the kernels in the mixed kernel
function and balance the ability of learning and generalization.

3 Detection of Pulmonary Nodules

In general, a CAD system for pulmonary nodules includes several tasks such as
preprocessing of CT images, segmentation of pulmonary parenchyma, segmen-
tation of ROI, extraction of a variety of features, and distinguishing between
benign and malignant nodules [13]. Because of the differences in the shape and
structure of the pulmonary nodules and the gray characteristics of their CT
images, it is easy to cause false and missing detection. Detection of pulmonary
nodules is the key module of a CAD system and the suitability of the recognition
algorithms will directly affect the test results.

3.1 Image Preprocessing and Feature Extraction

In this paper, image preprocessing and feature extraction, including segmenta-
tion of pulmonary parenchyma, segmentation of ROIs and feature extraction
from the ROIs, are the same as that in [13, 14], in which a total of thirteen
features were eventually extracted from an ROI, including seven morphological
features, two gray-scale features as well as four texture features, as did in [4].

3.2 Mixed Kernel SVM for Pulmonary Nodule Detection

Although SVMs has been applied to the detection of pulmonary nodules as
mentioned above, most of the works focused on ROI segmentation and feature
extraction for direct nodule detection by using SVM [4, 8], while a few of them
tried to improve SVM classification by parameters adjustment and optimization.
For instance, [6, 7] increased positive penalty coefficient C for improving sensi-
tivity. Another work combined SVM with other algorithms in order to improve
SVMs performance [8]. As far as we know, however, only single kernel func-
tions have been involved in SVM-based lung nodule recognition despite their
limitations, which makes it hard to simultaneously improve both sensitivity and
accuracy for nodule detection.
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RBF kernel is the most widely used kernel function. It is normalized kernel
and has strong learning ability, and many base kernel functions (e.g., linear
kernel, Sigmoid kernel) have similar nature with it [16, 17]. On the other hand,
low-order polynomial kernel has strong generalization ability relative to other
kernels. When the dimension of the feature space is very high, however, the
amount of computation cost will quickly increase and may exceed the systems
capacity. A better idea is to use the weighted sum of both polynomial and
RBF kernel function to form mixed kernels as mentioned above, so as to keep
their advantages and obtain good generalization ability and learning ability at
the same time, yet at an acceptable computation cost. According to (13), a
mixed kernel function including both polynomial kernel and RBF kernel can be
expressed as follows:

K (x, x′) = mKpoly (x, x
′) + (1−m)Krbf (x, x

′) (14)

which will be used in our SVM classifier in the hope that both the accuracy and
sensitivity will be improved.

There are four parameters to optimize in the mixed kernel function shown
in (14), i.e., the order of the polynomial d, the width of the RBF kernel s, the
weight coefficient m and the penalty parameter C. We restrict each parameter
to a certain range given in advance for simplifying the optimization process.
More specifically, C is selected between 2−9 and 29, and s between 2−7 and
27. When the order d of polynomial kernel function is small, the generalization
ability is relatively strong. Hence we select d as a positive integer between 2
and 3. The weight m of mixed kernel function is a very important parameter as
well, directly affecting the share of each component kernel in the mixed kernel
SVM. We search it between [0, 1], and a search process with a step size 0.01 is
undertaken to find the most appropriate value of it.

We incoporated a grid search algorithm [18] for parameters optimization in
our experiments. Basically, we first fixed the weight m, then chose an arbitrary
integer value for d between 2 and 3 and sought the optimal values for s and C by
the grid search in a progressive way with their value multiplied by 2 each time
within the ranges described above. Then we sought the best m value between
[0, 1] by the grid search with the step size 0.01 for a fixed d. By iterating the
process and comparing the test results for different combination of the four
parameters, we picked out the best parameter set as the search result for final
recognition test.

4 Experimental Results and Analysis

Our experimental data are from a hospital, including 700 CT images from 20
groups of cases, and each group is equipped with doctors diagnosis in standard
text format. The size of each piece of the CT images is 512 × 512 pixels and
the slice thickness of the CT scanning is 5.0 mm. With the image preprocessing
and feature extraction mentioned in Section 3, a total of 270 ROIs including 80
nodules and 190 false positives were segmented and their features extracted, and
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all the ROI samples were randomly divided into two groups, i.e., 170 training
samples and 100 test samples.

The experiments were performed on MATLAB platform, and SVM related
implementation, training and test were based on libsvm toolbox [18]. All the
experimental samples were first normalized to (0, 1). Both accuracy (ACC) and
sensitivity (SEN) were used in the experiments as the evaluation criteria, which
represent overall correct rate and true positive rate of pulmonary nodule recog-
nition respectively, defined as follows,

ACC =
(TP + TN)

TP + TN + FP + FN
(15)

SEN =
TP

(TP + FN)
(16)

where, TP represents true positives, the number of nodules that are correctly
recognized; FP represents false positive, the number of non-nodules that are
falsely recognized as nodules; FN is false negative, the number of nodules that
are incorrectly recognized as non-nodules; and TN is true negative, the number
of non-nodules that are correctly recognized as are. In medical practice, more
emphasis is placed on higher sensitivity, to prevent from missing true nodules so
that patients can get necessary treatment. Therefore, during our model selection
stage for parameter optimization, where a 5-fold cross-validation was used, we
collected possible set(s) of parameters corresponding to highest average ACC,
and whenever more than one such set appeared, we selected the parameter set
that yielded the highest SEN as our optimal parameters.

To evaluate the effect of the proposed mixed kernel SVM method on pul-
monary nodules detection, four kinds of kernels, i.e., linear kernel, RBF kernel,
polynomial kernel and a mixture of RBF and polynomial kernel, were tested in
our pulmonary nodule detection experiments. Table 1 shows the trained param-
eters through the grid search method validated by the 5-fold cross-validation,
and test results on test samples using the trained (optimal) parameters.

From the final test results under the optimal parameters, we can see that
the mixed kernel SVM yields a 92.59% SEN, the highest value among all kernel
modes under test, also 3.7% higher than the SEN of RBF kernel. Moreover,
it yields a 92% ACC at the same time—although just lower than the best one
produced by RBF kernel by 1%, in return it obtains high SEN. This demonstrates
that the mixed kernel SVM has better overall performance and stronger learning
and generalization ability compared to other single kernel modes.

Table 1 also shows the optimal parameters obtained by the grid search method.
As the mixed kernel function has more parameters than a single kernel functions,
to reduce the computation cost caused by more parameters, the constant term
of polynomial in the mixed kernel is set to 1. On the one hand, parameters
of mixed kernel function are harder to be optimized; on the other hand, they
make the mixed kernel SVM more flexible for producing ideal results—there is
a trade-off between computation cost and performance. A suitable balance can
be sought, depending on the need of an application domain. In our pulmonary
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Table 1. Comparison between different kernels

Kernal Mode Optimal Parameters SEN ACC

Linear C = 28 0.8889 0.91
RBF C = 29, s = 2−3 0.8889 0.91

Polynomial C = 29, d = 2 0.8519 0.89
Mixed Kernel C = 24, s = 2−8, d = 3, m = 0.57 0.9259 0.92

nodule detection, the need for a relatively high sensitivity and the search for bal-
anced learning and generation ability has led us to choose and construct suitable
mixed kernel SVMs for better recognition performance.

To further investigate the performance, the receiver operating curve (ROC)
were depicted in Fig. 1 based on our test results by the trained linear, RBF,
polynomial and mixed kernel SVMs. The area under curve (AUC) for each case
were calculated and presented in Table 2.
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Fig. 1. ROC Curve of the SVMs with different kernels

The model whose ROC curve has bigger AUC value is considered to be more
accurate. As shown in Table 2, the proposed mixed kernel method has the biggest
value (0.9756). This can also be seen from Fig. 1, where the curve of mixed kernel
SVM is closer to (0, 1) point than the other curves. Both of them demonstrate
that the proposed mixed kernel SVM is superior to the other three methods.
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Table 2. Area under the ROC curves

Mode of kernel Linear RBF Polynomial Mixed kernel

AUC 0.9680 0.9625 0.9518 0.9756

To sum up, by using the multiple kernel functions and the grid-search based
parameter optimization (including both the kernel function parameters and
weight coefficients), the most suitable parameter set can be found. This way,
the mixed kernel SVM gains the advantages from both RBF kernel and poly-
nomial kernel functions, and the weight coefficients can be used to adjust the
proportion of RBF kernel to polynomial kernel in the mixed kernel, so as to bal-
ance the sensitivity and accuracy of the trained SVM for obtaining acceptable
detection performance and meeting the need of certain applications. The test
results can verify that the obtained mixed kernel SVM has balanced sensitivity
and accuracy, and good generalization and learning ability at the same time.

5 Conclusions

In this paper, we have proposed a mixed kernel SVM based recognition method
for pulmonary nodule detection. The experimental results of the mixed kernel
SVM, whose optimal parameters are trained by 5-fold cross-validation, show that
the method yields 92.59% sensitivity and 92% accuracy. Compared with other
single kernel SVMs, it can better balance between these two evaluation criteria.
While our experiments present its strength to recognize pulmonary nodules,
there are issues to be resolved:

– Parameter optimization: Grid search algorithm is workable for only small
size problems. Some simplification and automation of parameter optimiza-
tion process are expected to speed up training and ease optimal parameter
seeking.

– Sensitivity: There is still much room to further improve sensitivity; cost-
sensitive SVMs may be helpful on this regard.

– Mixed kernel: It can certainly be extended to other forms of mixed kernels by
incorporating different components and combinations of the existing basic
kernel functions.

The above issues will also serve as our future research focuses.
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