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Chapter 11
Image Analyses

Ziyue Xu, Georgios Z. Papadakis, Daniel J. Mollura, and Ulas Bagci

11.1  Introduction

Radiological imaging of infectious lung diseases poses a diagnostic challenge due 
to the multitude of pathological events and the high degree of heterogeneity of 
infections processes. Anatomic/morphologic imaging modalities such as conven-
tional radiography, ultrasound (US), computed tomography (CT), and magnetic 
resonance (MR) imaging, which have been employed in the diagnostic work-up of 
infectious diseases, are based on the identification of infection-induced anatomi-
cal/structural changes. Complementary to structural imaging modalities, nuclear 
medicine imaging techniques such as positron emission tomography (PET), single 
photon emission tomography (SPECT), etc., have also been used for imaging 
infectious lung diseases for decades [1]. Current practice in diagnostic and treat-
ment guidance of infectious lung diseases relies on radiologic image evaluation 
combined with clinical information (Figure  11.1). These tasks are challenging 
because radiologic manifestations of infections are associated with a large spec-
trum of nonspecific abnormal imaging patterns. The qualitative judgments of radi-
ologists can be improved by quantitative image analysis techniques by providing 
reliable markers such as volumetric, density, shape, and pattern-based metrics [2–5]. 
Therefore, automated and computer-aided image analysis tools can make valuable 
contributions to early recognition of parenchymal lesions by increasing sensitivity 
and specificity, as well as by providing quantitative measures of disease severity, 
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and assessing treatment response [6]. We will provide various analysis techniques 
from pulmonary imaging as an example of what may be possible for infectious 
diseases.

11.2  Anatomic Imaging

CT imaging is a common anatomic imaging modality used to assess the pulmonary 
system. Details of the infectious pathologies, such as location, size, and shape of the 
infiltrate, can be qualitatively and quantitatively assessed via CT imaging system. 
Some approaches of image analysis are described: (1) image denoising and enhance-
ment for improved perception and diagnostic workout, (2) segmentation for lung 
and airway capacity measurements, and (3) pathology detection for quantification 
of abnormalities based on their location, type, number of lesions, etc. Figure 11.2 
(upper panel) shows these three approaches and their semantic relationships to radi-
ologists’ final diagnostic decision(s).
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Figure 11.1 Contemporary diagnosis strategies combine clinical and imaging information as a 
routine task

Figure 11.2 Steps for quantifying infectious lung diseases from CT and PET scans are shown
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11.2.1  Denoising and Enhancement

Although more definitive diagnosis of pulmonary diseases can be obtained by thin- 
section high-resolution CT (HRCT) scans, routine clinical assessment is generally 
based on a standard CT scanning procedure where low dose is often used, and sepa-
ration of the regions with pathology from nearby structures can be demanding when 
using non-contrast protocols. In non-contrast CT scans, a priori use of contrast 
enhancement filtering can enhance visual information. However, contrast enhance-
ment amplifies the level of noise; hence, denoising process should be performed 
after contrast enhancement operation. Last, but not least, the criteria for accurately 
denoising CT images is to minimize noise while preserving image structures such 
as edges (i.e., to avoid cross-boundary blurring between different tissues). 
Figure 11.3 illustrates a contrast enhancement procedure for a non-contrast CT scan 
followed by an edge-preserving denoising method. Resulting image can be used for 
qualitative and quantitative evaluation of pulmonary infections.

11.2.2  Segmentation

Identification of lung boundaries from CT scans (called delineation/segmentation) 
is a vital first step in pulmonary image analysis [7]. Any errors in this step could 
generate unreliable information such as incorrect lung volume and inaccurate iden-
tification of diseased areas. Hence, precise segmentation is critical for reliable quan-
tification. Literature related to lung segmentation and subsequent pathology 
detection algorithms is rich [6]. However, most lung image segmentation algorithms 
apply well only when the lungs exhibit minimal or no pathologic conditions. 
Moderate to high disease burden often causes these segmentation algorithms to fail 
to depict pathological regions, thus leading to inaccurate image-based quantifica-
tion results. Infected lungs often display moderate to large volumes of abnormal 
imaging patterns but also a wide range of abnormal imaging patterns such as 
ground-glass opacity (GGO), consolidation, tree-in-bud, nodule, pleural effusion, 
etc. (Figure 11.4). Therefore, it is necessary to develop automated computerized 

Figure 11.3 Image enhancements. For a given non-contrast CT image (a), an example contrast 
enhancement procedure is illustrated in (b). Note that noise is amplified with this process. An 
edge-preserving smoothing method is then applied and used to reduce noise (c)
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mathematical methods for identification, classification, and quantification of all 
abnormal imaging patterns along with lung region delineation. There is almost no 
general method for handling detection of all pulmonary abnormalities. In [8], our 
group has proposed a generic lung segmentation algorithm to address this problem, 
called pathological lung segmentation (PLS), considering wide-range abnormalities 
to be detected in parallel to the lung segmentation process (Figure 11.5).

Airways (trachea, bronchi, bronchioles, and alveolar ducts and sacs) are patho-
logically involved in several respiratory infections. Typically, infections cause thick-
ening and irregular (or uniform) narrowing in airways. Measurements of bronchial 

Figure 11.4 Pattern detection. A wide spectrum of abnormal imaging patterns can be observed in 
CT images pertaining to subjects with infectious lung diseases: (a) consolidation, (b) tree-in-bud, 
(c) pleural effusion, (d) mass and cavity, (e) normal lung parenchyma and other common patholo-
gies including fibrosis, ground-glass opacity (GGO), and honeycombing (HC)

Figure 11.5 Lung segmentation algorithm. CT images with commonly used lung segmentation 
algorithm (i.e., region growing) are shown with different type and varying amounts of pathologies 
(normal-no disease, small, medium, and large)
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wall thickening and identification of its position are important markers to be 
extracted for quantitative evaluation of airway diseases. Conventionally, qualitative 
and quantitative assessment of airway structures is manually performed at limited 
locations on the CT images. However, as a treelike structure with complex bifurca-
tion patterns, such characterization, is often labor-intensive and time-consuming for 
practical clinical investigation. Therefore, semi- and fully automatic airway seg-
mentation methods could facilitate understanding of the mechanism of airway- 
related pathologies. Several airway segmentation algorithms have been investigated. 
Among them, region growing (RG) is widely used because of its high efficiency and 
accuracy. Other general methods are the following: rule based [9], morphology 
based [10], and classification based [11]. All these methods are not entirely useful 
for extracting airway structures when a significant amount of pathologies exist on or 
nearby airway structures. It is because irregularities in the appearance of airway 
structure in CT such as broken airway wall boundaries can lead delineation algo-
rithms to leak into non-airway territories. Hence, in the presence of pathologies, an 
intensity-based RG strategy can easily leak into the neighboring lung parenchyma 
through the broken boundaries. To address the difficulty of airway-tree extraction 
when infection presents in the respiratory tract, a method based on fuzzy connected-
ness (FC) was designed in our group’s previous publication [12]. This method incor-
porates both shape and appearance information of airways in order to enhance the 
capability of conventional RG method in segmentation. Specifically, the tubular 
shape of airway branches can be enhanced by vesselness computation based on 
Hessian analysis. Meanwhile, the appearance of airways can be regarded as local 
intensity minima within CT image, which can be recognized by gray-scale morpho-
logical reconstruction. Complementary strengths of the three measurements, i.e., 
intensity, vesselness, and morphological reconstruction, can then be combined 
within the proposed FC framework to delineate airways. Figure 11.6 (left panel) 

Figure 11.6 Segmentation. Airways (green) and airway walls (red) are delineated with the pro-
posed algorithm (left). Reconstructed lumen is illustrated with multiple branches; each branch has 
a different color
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shows an axial slice of a CT image in which both large and small airways and their 
walls are delineated using the proposed approach. Delineation results are shown on 
the right with different colors, indicating different branches of the airway tree. The 
proposed algorithm successfully handles delineation process without leaking into 
non-airway regions.

11.2.3  Detection and Quantification of Imaging Patterns

The development of image analysis systems using CT imaging requires detection 
and identification of a wide spectrum of abnormal imaging patterns pertaining to the 
infectious lung diseases such as GGO, consolidation, tree-in-bud, cavities, etc. 
(Figure 11.4), and a specific algorithm has been published for almost each abnormal 
imaging pattern in the literature. Moreover, it is has been shown that it is quite dif-
ficult to have a universal algorithm for detection and classification of abnormal 
imaging patterns. In general, a typical analysis system includes a machine-learning 
algorithm where imaging features are used to train the classifier, and when a new 
image is tested, similar imaging features are extracted and tested over this classifier. 
Based on similarities of the extracted imaging features, an automatic detection pro-
cess is conducted. Figure 11.7 shows an overview of available analysis systems and 
their characteristics on feature training, selection, and type of learning classifiers. 

Figure 11.7 Computer-assisted detection/diagnosis (CAD) systems for lung diseases. First row 
shows different machine-learning classifiers. Second row indicates how machine-learning classi-
fiers are modeled. Feature selection (supervised) and feature learning (semi-supervised or unsuper-
vised) are two main components of CAD design as shown in third row. Final decision boundary 
for pathology detection may depend on different criteria including thresholding, statistical estima-
tions, and predictions
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Figure 11.8 shows a sample output for a CAD system that our group previously 
developed [8], which is trained to detect wide range of abnormal imaging patterns 
pertaining to pulmonary infections. In terms of imaging features, statistical, tex-
tural, and shape-based features extracted from local windows are used in random 
forest (RF) decision tree-based machine-learning classifier.

11.3  Functional Imaging

PET is a common functional imaging modality used in the clinic and often com-
bined with CT imaging for anatomic reference. PET/CT using 18F-2-fluoro-deoxy-
d- glucose (18F-FDG) (glucose analog) is a common nuclear medicine technique 
used for the management of infections. The list of 18F-FDG PET/CT imaging appli-
cations in the assessment of both acute and chronic disease entities is growing, 
while its main weakness lies on the limited specificity which does not allow confi-
dent differentiation between infection, aseptic inflammation, and malignant pro-
cesses. The development of novel infection-specific PET tracers can however 
overcome this limitation and holds promise for even better diagnostic accuracy.

11.3.1  Denoising and Partial Volume Correction

Normalization of PET images prior to quantitative image analysis mainly includes 
two tasks, denoising and partial volume correction (PVC) [13, 14]. Unlike CT 
images, the noise in PET images follows non-Gaussian distribution that degrades 

Figure 11.8 Detection and quantification of imaging patterns. An example of CAD system is 
shown where pathology regions are detected automatically (left, green boundaries). The resulting 
pathology distribution within the lung volume is visualized for qualitative evaluation (right)
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the sensitivity of image-based quantitative metrics due to distorting structural integ-
rity of tissue appearances. Despite this fact, most approaches in the literature still 
assume the presence of Gaussian noise. In [13], it was shown by our group both in 
phantom and real clinical images that the nature of the noise in PET images follows 
a mixed Poisson-Gaussian distribution. It should be noted that inaccurately denois-
ing PET images could lead to misdiagnosis or misinterpretation of the lesions or 
erroneous severity assessment. The straightforward approach for enhancing PET 
images is to gaussianize the images followed by an edge-preserving denoising, fil-
tering, and transforming the image back into its original image domain. Further 
technical details and mathematics behind this approach can be found in [13, 15]. 
Partial volume effect is the apparent loss of activity in small objects or regions 
because of the limited resolution of the imaging systems. Specifically, if the object 
or region to be imaged is less than twice the full width at half maximum (FWHM) 
resolution in any dimension, the resultant activity in the object or region is underes-
timated. Measurements of activity, i.e., standardized uptake value (SUV)-based 
metrics (SUVmax, SUVmean, etc.), are vital for quantitative analysis of lesions and 
directly affected by partial volume effects. Common techniques for partial volume 
correction are based on deconvolution strategies from a signal-processing field 
where point spread function of the imaging device is assumed to be known a priori. 
This information is used to estimate original signal from its degraded counterpart in 
an iterative fashion such that degraded signal is enhanced in each iteration. As long 
as edge-preserving denoising and precise partial volume correction methods are 
used, resulting enhanced PET images can be used for quantification in (near) opti-
mal settings. Since PET images pertaining to infectious lung diseases may include 
highly multifocal and varying sizes of lesions spread over the lungs (Figure 11.9), 
it is necessary to conduct partial volume correction prior to lesion quantification 
because small lesions are affected most from partial volume effects. This procedure 
should be followed by a denoising algorithm as partial volume correction amplifies 
the noise artificially.

Figure 11.9 Quantification. Sagittal (a) and coronal (b) PET slices pertaining to a rabbit infected 
with Mycobacterium tuberculosis are shown. Delineation of the uptake regions due to the infection 
within the lung is visualized in (c)
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11.3.2  Quantification

Once PET images are denoised and partial volume correction has been applied, 
quantification and visual evaluation can be performed. Lesions (significant uptake 
regions) in PET images can be quantified in the following manner: (1) metabolic 
lesion volume, (2) texture analysis of the lesions, (3) signal strengths of the lesion 
(i.e., SUVmax, SUVmean, etc.), and (4) number and spreadness of lesions. Larger 
metabolic lesion volumes and higher SUVs are considered to be associated with 
higher (disease) severity [16]. Similarly, heterogeneous textures are considered to 
be highly likely more severe than the homogeneous regions [17]. Lastly, it has been 
recently shown that number and spreadness of the multifocal lesions are predictive 
of severity better than volume or any other quantitative metrics [18, 19]. All the 
markers defined in (1)–(4) require precise delineation of lesions in PET images. 
Although numerous methods have been proposed for PET image segmentation [20], 
most of them are designed for (focal) solid tumor analysis. However, in pulmonary 
infections, it is common to see multifocal and widely spread lesions in lung regions 
(Figure 11.9a, b). Therefore, conventional methods do not optimally segment these 
lesions. Specific to PET image analysis in pulmonary infections, a clustering-based 
image segmentation algorithm has been developed by our group handling multifo-
cal and wide spreadness nature of infectious lesions [1]. A sample result for the 
proposed algorithm is illustrated in Figure 11.9c. Our proposed delineation method 
utilized an unsupervised clustering algorithm in order to determine high- and low- 
uptake regions precisely using a novel similarity metric between clustered objects. 
The proposed method is superior to other PET image segmentation methods such as 
thresholding, fuzzy locally Bayesian, region growing, and others. It is worth noting 
that integrated information from high-uptake regions and nearby regions with less 
activities can give further insights on the severity and morphological evolution of 
lesions over time.

11.3.3  Co-Registration for Longitudinal Evaluation

Image registration is the process of transforming two different images into the same 
image space by considering the spatial image correspondences and is needed in 
many medical image processing tasks [21]. Two types of registration are often 
required for quantitative analysis. First, an alignment is necessary to bring the two 
different modalities into the same image domain in order to correlate anatomical 
information from CT and functional information from PET. Second, longitudinal 
registration is needed to correlate image findings at same anatomical locations from 
different time points in order to track the progression of infection over time 
(Figure  11.10). Different challenges posed by both imaging characteristics and 
infection pathologies need to be addressed in designing proper registration strate-
gies. Two major components are critical for registration algorithms: similarity mea-
surement and transformation model. Similarity measurement determines the degree 
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of agreement between the two images to be registered, which further drives the 
convergence of registration. Similarity measurement is the essential driving force of 
registration algorithms; hence, it is crucial for the performance. Several measure-
ments have been proposed to tackle challenges under various scenarios. The most 
basic measurement is the sum of squared difference between intensity values. The 
assumption behind the use of this metric is that two images have approximately the 
same intensities at the corresponding locations. Therefore, it is often suitable for 
registrations between two CT images. If intensities are different but can be related 
by a linear transformation, normalized correlation could be used. For two binary 
images, Kappa statistic is often utilized for its effectiveness in the same exact value. 
If two sets of landmarks can be identified, the Euclidean distance can be included in 
the evaluation. For multimodal image registration, since the intensities are different 
at the corresponding locations, mutual information is often the metric of choice 
[22]. For imaging applications in infectious lung diseases, mutual information is 
used to align PET into CT image, and squared difference can be used for longitudi-
nal studies for registering CT images at different time points. The transformation 
model, as the other critical component of image registration, determines how one 
image space is related to the other space. It controls the degree of freedom for the 
space warping. For different applications, commonly used models include two 
types: linear and deformable transformations. Linear deformation covers rotation, 
translation, scaling, shearing, and other affine transformations. Since it is global, 
i.e., all voxels are transformed in the same manner, it is not capable of modeling the 
local geometric deformations. On the other hand, deformable transformations allow 
each individual voxel to move on its own and thus can model the local changes. 
Both models are needed in infectious disease-imaging applications. Since PET and 
CT images are acquired either simultaneously or sequentially, the local discrepancy 
is negligible; linear transformation is a common choice for this purpose.

For a longitudinal study, it is often necessary to register CT images at different 
time points. In this case, we could have significant local deformations between the 
two, especially for pulmonary images. Thus, a deformable transformation model 

Figure 11.10 Co-registration for longitudinal evaluation. The temporal evolution of cavitary dis-
ease in an animal model is illustrated (from left to right). Cavity, airways, and CT images should 
be in alignment for precise longitudinal evaluation. Similar steps are necessary when PET images 
are involved in the longitudinal evaluations
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should be employed [23]. Not only does a lung have significant local deformation 
during scanning, but also the presence of abnormal imaging patterns pertaining to 
the infectious lung diseases increases the level of variation. At different time points, 
the breathing motion and different breathing functionalities lead to two changes in the 
image: a local shape difference and intensity difference within lung regions. 
Therefore, to properly model the change within the lung region longitudinally, a 
deformable image registration method should preferably be used to find the corre-
spondence between images. A relevant preclinical study shows plausible results on 
longitudinal evaluation of infectious lung disease progression [24].

11.4  Other Developments in Image Analyses

Several different groups have utilized methods for longitudinal assessments. A novel 
diffeomorphic image registration method was used to monitor the spatial evolution 
of individual pulmonary lesions in a cohort of infected mice that were serially 
imaged through pretreatment, TB treatment, and subsequent development of relapse 
[25]. To accurately follow the evolution of lesions across time points, all imaging 
sets were co-registered, such that voxels from each image set matched the imaging 
sets from all other time points using the Large Deformation Diffeomorphic Metric 
Matching (LDDMM) algorithm [26, 27]. This allowed for accurate monitoring of 
the temporal evolution of each lesion by accounting for any morphometric differ-
ences, e.g., due to positioning or other anatomical changes, such as aging [28]. In 
another study to monitor TB treatments in adults with multidrug-resistant TB, a 
quantitative software algorithm was developed to computationally extract the vol-
ume of a diseased lung from CT images. Lung regions were segmented by sequen-
tial removal of external contiguous structures (bone, soft tissues, etc.). Quantitative 
changes in lesion volumes on CT imaging were predictive of treatment responses 
[29]. More recently, a similar approach was used to quantify changes in low- 
radiation exposure pulmonary CT imaging and to guide an individualized drug regi-
men in a 2-year-old child with extensively drug-resistant TB [30].

Since multi-detector row CT imaging remains the gold standard for diagnosis 
and interpretation of the general lung diseases, the most of the current automated 
image analysis efforts focus on developing new, fast, and accurate computerized 
algorithms for characterizing the imaging patterns pertaining to pathological forma-
tions observed in CT scans [31]. Such efforts can be categorized under two groups: 
radiomics and deep-learning-based approaches. In radiomics approaches [32], first, 
second, and higher-order image-derived statistics are used to extract high- throughput 
low-level quantitative features (edge, texture, shape, density, etc.) from CT scans, 
and these features are combined with other patient data to improve diagnostic, prog-
nostic, and predictive accuracy. Radiomics features often include handcrafted, 
 carefully designed markers to conduct aforementioned tasks; therefore, it has a 
natural limitation that there may be a high-level relationship, which is not easily 
captured by radiomics approaches. Noticeable studies include radiomics-based 
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 differentiations of tuberculosis, cystic fibrosis, and lung carcinomas [33] and 
radiomics-based outcome prediction of multidrug-resistant tuberculosis using PET/
CT images [29]. Alternative to the radiomics approaches, there has been a tremen-
dous increase in the use of deep-learning-based approaches almost in every subfield 
of quantitative radiology, including infectious lung disease analysis [34]. In deep-
learning strategies [35], the main premise comes from several layers of the neural 
network classifiers that provide both low and high level of feature representation 
(i.e., hierarchical representation), which was not possible to learn with the conven-
tional approaches before. With deep representation of CT images, dramatic improve-
ments have been obtained compared to the state-of-the-art image analysis techniques 
[36]. Although deep-learning strategies are shown to be promising, the lack of big 
data in radiology and nuclear medicine leads to logistic difficulties such as data 
collection, annotation of those big data by multiple users, and their ground-truth 
correlations. Some studies in this group include automated classification and quan-
tification of CT imaging patterns pertaining to tuberculosis and interstitial lung dis-
eases [37].

Molecular-imaging methodologies, particularly PET and SPECT, have been 
proven “useful” for diagnostic imaging modality for infection and inflammation. In 
2013, a guideline on the use of 18F-FDG in infection and inflammation was 
announced jointly by the Society of Nuclear Medicine and Molecular Imaging and 
the European Association of Nuclear Medicine [38]. However, there is still not 
enough evidence-based data available to draw a conclusion whether 18F-FDG PET/
CT provides a significant advantage over other imaging modalities [39]. One reason 
is that imaging patterns of infection (and inflammation) are not substantially differ-
ent than imaging biomarkers of cancer [40]. Therefore, several groups in imaging 
infection field aim at exploring molecular-imaging biomarkers that can differentiate 
patterns of infectious diseases from other diseases. Noteworthy studies include the 
development of novel imaging systems or imaging tracers (for PET/SPECT) for 
rapid assessment of bacterial infections [41–45] and development of post- processing 
methods utilizing texture, shape, density, intensity, and location-based unique sig-
natures both for bacterial and viral infections in the lungs [16, 46–48].

11.5  Summary

Technological advancements in imaging have revolutionized noninvasive imaging, 
enabling improvements in diagnosis and prognosis of lung diseases in general and 
infectious lung diseases in particular. In parallel to these imaging developments, 
there have been important improvements in radiological image analysis techniques 
that provide accurate quantifiable information to help clinicians in their diagnostic 
decisions. Current quantitative image analysis approaches have some limitations, 
and novel image analysis techniques could provide automated and quantitative 
information that could be even more beneficial for the clinicians.
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