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ABSTRACT
The clinical use of computer-aided diagnosis (CAD) systems is increasing. A possible limitation of CAD systems is that
they are typically trained on data from a small number of sources and as a result, they may not perform optimally on
data from different sources. In particular for chest radiographs, it is known that acquisition settings, detector technology,
proprietary post-processing and, in the case of analog images, digitization, can all influence the appearance and statistical
properties of the image. In this work we investigate if a simple energy normalization procedure is sufficient to increase
the robustness of CAD in chest radiography. We evaluate the performance of a supervised lung segmentation algorithm,
trained with data from one type of machine, on twenty images each from five different sources. The results, expressed in
terms of Jaccard index, increase from 0.530 ± 0.290 to 0.914 ± 0.041 when energy normalization is omitted or applied,
respectively. We conclude that energy normalization is an effective way to make the performance of lung segmentation
satisfactory on data from different sources.
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1. PURPOSE
Computer-aided diagnosis (CAD) in chest radiography has attracted a lot of research attention.1, 2 Most, if not all, CAD
systems follow the paradigm of supervised learning.3 They require an initial training phase in which manually annotated
data is used to train classifiers that operate on features extracted from the input data or to adapt internal parameters system
to the input data. Often when the system is applied to data from a different source than included in the training database, a
decrease in performance is observed. In particular for chest radiographs it is well-known that acquisition settings, detector
technology, proprietary post-processing techniques applied by the manufacturer4, 5 and, in the case of analog images,
digitization, can all influence the appearance and statistical properties of the chest images.

There are several possible remedies for this undesirable situation. A powerful but very time-consuming and laborious
solution is to retrain the system for each test data source or use a training database that is so large that it includes examples
from all possible types of images the CAD system could encounter in practice. A second possibility is to rely on image
features that are invariant to changes in data sources.6 It is generally difficult to ensure this, but for example features derived
from image gradient orientations are known to be invariant to monotonic gray level transformations and thus quite stable.
A third approach would be to apply appropriate transformations to the feature vectors using machine learning methods
such as transfer learning.7 Finally, one could attempt to normalize or standardize the images prior to image analysis. Such
an approach was successfully used to apply a mammography CAD system trained on digitized films to full-field digital
mammography data.8

In this work, we use the last approach and apply an energy normalization technique to chest radiographs prior to training
and testing of a CAD system. We evaluate the effect of normalization in the first step of a chest radiography CAD pipeline:
the segmentation of the lungs.
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2. METHODS
2.1 Data
One hundred chest X-rays (CXRs) from five different scanners/sources (twenty images each) were used: 1. Images from
a digital Odelca-DR system with a slotscan detector (Delft Imaging Systems, The Netherlands) collected in an African
country with a high incidence of tuberculosis (TB); 2. Images from a digital Atomed mobile X-ray system (Delft Imaging
Systems, The Netherlands) with a Canon CXDI detector, collected in an African country with a high TB incidence; 3.
Images from a THORAX/MULTIX FD (Siemens, Germany) with a Siemens FD-X detector, collected from clinical practice
in Radboud University Nijmegen Medical Centre, The Netherlands; 4. Images from a DigitalDiagnost unit (Philips Medical
Systems, The Netherlands) with a Pixium 4600 detector, acquired in a TB screening program in the United Kingdom; 5.
Digitized analog film CXRs from the JSRT database.9 The films in this database were collected from 13 medical centers
in Japan and one institution in the United States an were digitized with an LD-4500 or an LD-5500 laser film digitizer
(Konica, Tokyo, Japan). All images were resized to a width of 1024 pixels. The unobscured lung fields in all images were
manually outlined. In addition to this test data, a training data set of 300 images from data source 1, different from the 20
cases used for testing, with manually outlined lung fields was also available.

2.2 Image normalization
The images in the different sets have a very different range of gray values. To standardize at least the brightness and
contrast, the gray values in all images were first linearly rescaled to zero mean and unit standard deviation.

The energy normalization we apply is inspired by a paper by Stahl et al.5 aimed at radiograph enhancement and starts
by dividing the image into frequency bands. Starting with the original image, a blurred version of the original image is
subtracted from it which results in a high frequency image I1. Convolution with a Gaussian kernel with standard deviation
σ1 is used for blurring. Repeating this step with σ2, σ3, . . . leads to lower frequency bands I2, I3, . . .. The lowest frequency
band is not blurred further. This process is depicted in Figure 1 and the subbands and an original image are shown in Figure
2. We can now construct a new image

I =

n∑
i=1

λiIi. (1)

Note that by setting all scaling factors λi to 1, we recover the original image. The general idea behind the normalization
method is that each frequency band Ii gets the same energy in all images and it is therefore multiplied by a factor λi to
scale it to a reference energy.

Iorig

Gaussian blurring
σ1 = 1 I1

I2

Ii

Ii+1

Gaussian blurring
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Figure 1. Energy band separation of image Iorig .
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To calculate λi, we first have to computed the average energy ri, expressed as standard deviation, in each subband Ii
for all images in the second set of CXRs, obtained from the Atomed mobile X-ray unit which we set as reference data
set in this work. To gather statistics primarily from the lung fields, which is the region we are interested in for analysis,
we restrict ourselves to the central 70% of the images. We used 6 energy bands with σi = 2i−1 pixels. The computed
reference energy levels per band were ri = 0.09, 0.06, 0.10, 0.15, 0.22, and 1.00, respectively. Each new image can now
be normalized by taking the energy ei for each subband and then compute the appropriate values λi as λi = ri/ei and
reconstruct a standardized image by applying Equation 1.

Iorig I3I1 I2

I3I1 I2

Figure 2. The original image Iorig is separated into frequency bands I1, ..., I6. I1 contains high frequency information and I6 contains
low frequency information.

2.3 Lung segmentation
To evaluate the effect of the normalization process, we investigated the performance of a previously published state-
of-the-art lung field segmentation technique.10 This system uses a kNN pixel classifier (k = 15) with features based on
Gaussian derivatives through second order calculated at 5 different scales up to 16 pixels and the x, y position of each pixel.
Postprocessing of the resulting posterior probability images is applied using smoothing and a mathematical morphology
sequence. Before feature calculation is done, images are re-scaled to a width of 256 pixels. The segmentation system is
trained with the 300 manually annotated CXRs from the Odelca-DR system.
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3. RESULTS
The results for each data set are summarized in Table 1 and Figure 3 shows the corresponding boxplots. It can be seen
that the lung segmentation trained and tested on normalized images is performing almost equally well for data from all five
sources of CXRs, which all had a Jaccard index of above 0.90 except for the JSRT database which still had a reasonable
index of 0.87. Without normalization, the results are still good for images from source 1, which is not surprizing as data
from the same source was used to train the system, but substantially worse results are obtained for data from different
sources with average Jaccard indices between 0.26 and 0.63. The average Jaccard index for all unprocessed images is
0.530 ± 0.290 and 0.914 ± 0.041 for the normalized images.

Table 1. Jaccard indices of lung segmentation for unprocessed and normalized data.
Dataset Unprocessed

(Jaccard index ± SD)
Normalized

(Jaccard index ± SD)
1 0.941 ± 0.019 0.932 ± 0.027
2 0.402 ± 0.243 0.932 ± 0.028
3 0.412 ± 0.192 0.917 ± 0.031
4 0.263 ± 0.146 0.921 ± 0.027
5 0.632 ± 0.156 0.871 ± 0.051

Figure 4 provides a few illustrative results. The first and second column show the unprocessed and normalized images
respectively where all images from one column are depicted with the same window level and window width. The unpro-
cessed images show some variation among the data sets: lung parenchyma and other tissue show brightness and contrast
variations among the images which are smaller in the normalized images in column 2, though not completely gone. The
lung segmentations of the unprocessed images in column 3 are poor in contrast to the lung segmentations computed with
the normalized images in the fourth column, which look similar to the corresponding manual outlines in the last column.
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Figure 3. Boxplots for the different data sets for both the unprocessed and normalized data. Outliers are denoted by o and ∗, where ∗
denotes far outliers.

4. DISCUSSION AND FUTURE WORK
The method described in this work can be further extended once the location of the lung fields are known. It seems
worthwhile to attempt a second stage of energy normalization that takes specifically the statistics of the pixels data within
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Figure 4. Each row shows one case from one of the data sets. Column 1: Unprocessed images with same window level and window width
(after linear re-scaling of the pixel values to zero mean and unit standard deviation) , Column 2: Energy normalized images with same
window level and window width, Column 3: Lung segmentations of unprocessed images, Column 4: Lung segmentations of normalized
images, Column 5: Manual annotations.
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the lung fields into account. Another improvement can possibly be achieved by setting lung parenchyma and mediastinum
(and other body tissue) to a predefined intensity which also makes the images visually more similar. Furthermore, it is
important to evaluate the increase in robustness of computer analysis of normalized images on more components of a CAD
pipeline, on more images in each of the data sets and on more different data sets. In future work, we intend to apply
the normalization procedure in a CAD system aimed at the detection of tuberculosis in chest radiographs.11 The method
described in this work can be further extended once the location of the lung fields are known.

5. CONCLUSIONS
The proposed energy normalization technique is simple but effective in standardizing the performance of a state-of-the-art
lung segmentation technique. Without normalization, lung segmentation failed for all data test sets, except for the test
data from the same source as the training data, as was expected. After normalization, performance of the system on test
data from four different sources, including digital machines from three different manufacturers and a database of digitized
analog films, was similar to performance on the test data from the same source that was used to train the pixel classifier in
the segmentation system.
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