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ABSTRACT
The goal of reconstruction or tomographic techniques is to solve for
material parameters from boundary information. Linear reconstruction techniques such as ART or SIRT are desirable because of their
efficient performance. The derivation of these methods do not take
into account scattering media, which is non-linear in nature. We
present a summary of linear reconstruction techniques applied to
scattering media. We also evaluate using photon distributions as a
novel algebraic reconstruction technique matrix. We show the clear
benefit of using the randomized reconstruction techniques with
many passes over their non-randomized counterparts. We show a
marginal improvement in all linear reconstruction techniques with
a moderate amount of scattering. We also demonstrate the poor
performance of the linear techniques with scattering media, even
when using known photon distributions.

Figure 1: An example photon distribution for a scattering
medium. The intensity of each pixel in the image is proportional to the fraction of photons passing through that pixel,
which enter and exit in the shown poses (arrows).

CCS CONCEPTS

iteration using the equation

• Computing methodologies → Image-based rendering; Computational photography; Reflectance modeling; Volumetric
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where σt
is the reconstructed image after the (k + 1)th iteration,
oi is the captured attenuation for observation i as defined above, and
ai is the i th row vector from the matrix A. The initial reconstruction
(0)
image σt is set to all zeros.
Given a set of observed intensities o, the equation allows us to
reconstruct a set of attenuation coefficients over the volume σt .
The reconstructed volume σt is solved one path at a time, or in
batches of all paths (with Simultaneous Algebraic Reconstruction
Technique [1]). The drawback of ART is that each light path is
assumed to be a straight line. However, this assumption does not
physically hold true for scattering media, since the contributions
for each observation do not necessarily come from a straight line
path. A more realistic path, or photon distribution, is illustrated in
Figure 1 and will be discussed later in Section 3.
Extending ART to work for non-linear physical models is not
trivial because there is no analytical formulation of light transport
through a non-homogeneous scattering medium. Another linear
method is the SIRT, which utilizes the same matrix as in ART, but
alternates between forward and backward projection at each iteration [11]. We examine the effectiveness of ART, randomized ART,
SIRT, and our proposed distribution-based variants of those techniques in largely scattering media. The distribution-based variants
assume that the light scatters in the same manner throughout the
medium, i.e. σs (x) and д(x) are constant for all x, but σa (x) is not.
The proposed approaches use the same iterative algorithms as the
aforementioned techniques but modify the A matrix to store photon
distributions in place of straight lines.

inverse scattering, tomography, reconstruction, imaging, physics
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INTRODUCTION

In this paper we examine reconstructing a heterogeneous scattering
medium given a set of observations using linear reconstruction
algorithms. Biological tissue consists of scattering media in the
visible spectrum. Using visible light to reconstruct biological tissue
is desirable to prevent usage of X-rays or other radiation that can
damage the tissue.
We focus on extending the well known and commonly used
algebraic reconstruction technique (ART), which tends to be very
efficient in practice. This leads to a closer initial estimate that could
be used in other solvers. ART reconstructs the attenuation coefficients from each observation one at a time [5]. These coefficients
are iteratively computed considering a different ray, i, with each
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sinogram image, SI (i, j), corresponds to a single observation with
an entry pose i and exit pose j.
Examples of sinogram images for different media are illustrated
in Figure 3. In a transmissive medium the sinogram becomes a
diagonal image since the light emitted from an entry pose i travels
directly to the corresponding exit pose i (Figure 33(a)). In contrast,
light in scattering media travels from a single entry pose to many
exit poses. This results in a sinogram image with very few nonzero elements (Figure 33(b)). In a medium with a partially opaque
object in the centre, the light is absorbed by the object and the
sensor image becomes darker (Figure 33(c)). The reduction in flux is
exaggerated with an opaque object in the same place (Figure 33(d)).

BACKGROUND

The most seminal work in reconstructing heterogeneous scattering
media was completed by Gkioulekas et al. [4]. A stochastic gradient
descent algorithm was used to determine the parameters over the
medium. This algorithm would benefit from a closer initial solution. Other recent work involves using time-dependent imaging
setups [10], satellite data [8], and applying tomographic techniques
to cloth [13]. These methods are dependent heavily on the experimental setup, which may be expensive, or make assumptions of the
material being reconstructed. Instead of deriving a specific gradient
for the scattering optimization, we will consider using photon distributions in place of the traditional ART matrix. This has the benefit
of taking into account scattering, without doing a computationally
intensive optimization.
A pose is a tuple of a position and direction. The entry pose is
where the light enters the medium. The exit pose is where the light
exits the medium. A sensor is a one dimensional array of bins that
captures flux at each bin. A bin is a subregion of the sensor that
captures light at a certain position and in a certain direction, i.e.
the exit pose. The radiant flux that each bin collects and its pose is
called an observation. The collection of bin observations is called
the sensor image. The sensor is placed at the flat boundary on the
opposite side of the emitter to measure light leaving the medium.
An example for 10 entry poses and 10 exit poses is illustrated in
Figure 2.
In order to solve Equation 1, we need to capture a sufficiently
large number of observations. For a 256 × 256 resolution material
image, we require at least that many observations. We accomplish
this by varying the input pose position, as well as capturing light
at different exit pose positions. We fix the directions of both the
entry and exit poses perpendicular to the flat boundary, and hence
parallel to each other. The number of input poses is the same as
the number of output poses, in this case 256 to reach the required
number of observations.

(a) Transmissive me- (b) Scattering media (c)
Scattering (d) Scattering media
dia
media with partially with opaque object
opaque object

Figure 3: The input to the reconstruction techniques, sinograms for varying media.
Instead of storing the direct captured flux at each pixel of the
sinogram image, we process the flux to match the observations of
Equation 1. Each captured flux is stored as − log IIout
, where I out is
in
the captured bin flux and I in is the emitter’s input flux. This forms
the left-hand side of the Beer-Lambert law:
N
Õ
Ii
σt (xp )d(xp , xp+1 ),
(2)
− log out
=
i
I in
p=1
where the sum of the attenuation coefficients is equal to − log IIout
.
in
We repeat this process for the four boundary edges of the square
medium to generate four sinogram images. The side used to generate each sinogram image defines a view, i.e. top, bottom, left, or right.
These four sinogram images are the input to each reconstruction
technique. The output of the reconstruction is an image of attenuation coefficients σt (x) for all x in the two-dimensional medium.
Recall that the attenuation coefficient includes the scattering and
absorption coefficient, i.e. σt (x) = σs (x) + σa (x).
Reconstructions of similar heterogeneous media have been studied using the assumption that the light scatters only once in the
medium. This is called a one scattering approximation as described
by Mukaigawa et al., who performed a survey of different similar methods [9]. In the one scattering approximation, light travels
from an entry pose to a given position somewhere in the medium,
changes direction due to a scattering event, then travels to an exit
pose. The position of the scattering event is fixed by the intersection of the lines formed by the two poses. As the light travels, it is
attenuated through a heterogeneous medium. Gu et al. have reconstructed this type of media using structured light patterns projected
onto a volume [6]. In their implementation, they reconstruct a volume density field using an iterative, nonlinear inverse rendering

Figure 2: The experimental setup. The arrows at the top indicate 10 different entry poses. The arrows at the bottom indicate 10 different exit poses at each sensor bin illustrated as
squares. The dashed line indicates the single path a photon
travels in a transmissive medium. The black line represents
the most probable path a photon travels through a uniform
scattering medium.
As we collect sensor images from different entry poses, we construct a two-dimensional image of observations. This two-dimensional
image is a sinogram, SI . A pixel at position (row i, column j) in the
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approach which tends to be computationally expensive. In addition,
the one scattering approximation is not appropriate for dense media
since the probability that the light takes the above path is very low.
Also, for our particular input, the one scattering approximation
does not account for flux from an entry pose arriving at a different
numbered exit pose. This is because the lines formed by the two
poses do not intersect. Thus the above model does not model our
desired media.
Using a similar approximation, Atcheson et al. reconstruct a
volume of refractive indices for a gas medium with great success [2].
They assume the light is emitted from a background into a medium,
refracts once near the middle of the medium, then arrives at an exit
pose. A large set of sparse linear equations is solved to perform the
reconstruction. This approach works well, but does not consider
scattering.

(a)
Truth

(a)

Ground (b) In order (c) In order ART
ART 1 Iteration 100 Iterations

(b)

(d) SIRT 1 Itera- (e) SIRT 100 It- (f) RART 1 Iter- (g) RART 100 Ittion
erations
ation
erations

Figure 5: Convergence rates for different reconstruction
techniques using the Shepp-Logan phantom

Figure 4: Comparison of reconstruction techniques with our
proposed experimental setup and transmissive medium.
Performing ART in order of the observations creates a bias in the
reconstructed image, as shown in Figure 4(b). The bias is shown as
streaks along the initial reconstructed rays through the medium. To
address this bias, instead of performing the reconstruction in order,
we randomly order all observations from all views and perform
the reconstruction in that order. Exhausting all possible observations yields one iteration of randomized ART (RART). Using a
randomized order significantly improves the output as illustrated
in Figure 4(f). Performing more iterations further improves the quality of the reconstructed medium as illustrated in Figures 4(c)4(g).
We also consider the reconstruction from SIRT, which is depicted
in Figures 4(d)4(e). SIRT introduces the issue of ghosting over the
reconstructed medium, likely from being a least squares solution.
Additionally, the convergence for these techniques are depicted
in Figure 5 for a per-pixel intensity difference (the L2 norm) and
a structural similarity metric [12]. The RART yields a marginal
improvement over ART in this experimental setup; in contrast SIRT
does not perform very well.

3

use the photon distribution instead of a straight line. An example
of the photon distribution is shown in Figure 1. Each photon distribution can be measured as described by Cecchetto et al. [3], or
can be computed with a Monte Carlo ray tracing algorithm that
incorporates the scattering parameters of the medium, as will be
discussed later in this section.
The photon distribution at a region in the medium is the flux
passing through that region normalized by the output magnitude
for a given (entry pose, exit pose) pair. We propose to construct A
such that each component of ai is set to the fraction of the total
flux that passes through the corresponding pixel. In classical ART,
this weight is usually the length of the intersection of the photon
path with the pixel. Some implementations may simplify this to
a value that is either 0 or 1, depending upon whether the photon
path intersects the pixel. These weights are summed at each pixel
for all photons, yielding the photon distribution.
In order to generate and use photon distributions, as well as
validate results with a realistic model, we need to use an accurate
simulation. To accomplish this, Monte Carlo sampling is used to
approximate the Radiative Transfer Equation [7]. Photons are emitted from an input pose, travel through the medium in a piecewise
linear path generated by sampling the equation, and are aggregated
at the sensor.

APPROACH

Recall that for ART, the matrix A is constructed such that each row
ai is an encoding of the anti-aliased light path through the medium.
For distribution-based reconstruction techniques, we propose to

3

ICBSP’20, September 27–29, 2020, Kitakyushu, Japan

Benjamin T. Cecchetto and James Stewart

For a given (entry pose i, exit pose j) pair, we store a photon
distribution D i j as illustrated in Figure 6. The array of distributions
D has size n2pixels × n2poses where n pixels is the resolution of the
square reconstruction image and n poses is the number of the entry
poses, which is equal to the number of exit poses. Each photon
distribution D i j is stored in the corresponding reconstruction row,
ai , in Equation 1 similar to Section 2. The distrbution array D is
computed a priori with a known background material.
2

3

4

5

5

4

3

2

1

1

these techniques by ART-D, RART-D, and SIRT-D, respectively. We
validate the six reconstruction techniques by simulating light using
the Radiative Transfer Equation for different test media composed
of many materials. We use three primary test media, and consider
linearly interpolated media between them. Each medium has three
varying optical parameters, σs (x), σa (x), and д(x), as described
earlier. We use the one-channel Shepp-Logan phantom image (illustrated in Figure 4(a)) to construct our primary media. This phantom
has values in [0, 1] and is commonly used as a one-channel image
for σa (x); however, we will use it to construct three-channel media.
We denote the phantom image SLP(x).
The first medium is mostly transmissive. We denote this medium
Mt , where σs (x) = 0.1, σa (x) = SLP(x), and д(x) = 0.99. The
second medium Me is a uniform scattering phantom in a transmissive medium, thus σs (x) = 2 · SLP(x), σa (x) = 0, and д(x) = 0.
The third medium Mi is an inverted phantom to ensure the exterior of the phantom shape has scattering components. We set
σs (x) = 2 · (1 − SLP(x)), σa (x) = 0, д(x) = 0.5.
We blend between the media using linear interpolation with a
parameter α that ranges from 0 to 1. We blend between Mt when
α = 0 and Me when α = 1. Similarly, we blend between Mt and Mi .
The choice of medium for simulating the photon distributions used
in the distribution-based techniques is the interpolated parameters
without the shape of SLP(x), i.e. SLP(x) = 1 for Mt and Me , and
(1 − SLP(x)) = 1 for Mi . We make this substitution to hide the
shape of the ground truth phantom from the distribution-based
techniques.
We simulate the four views described earlier for each interpolated medium in a 10mm × 10mm medium. We compare the reconstructed attenuation coefficients (σt ) with the ground truth (from
the scattering parameters σt = σa + σs ) by using the L2 norm
(for per pixel differences) and a structural similarity metric (for
the overall medium structure) [12]. The similarity metric combines
luminance, contrast, and structural differences into a single metric.
Given two images, the similarity metric returns a value in [−1, 1]
where −1 means a totally dissimilar structure and 1 means the exact
structure.

Figure 6: An array of simulated photon distributions D
used in distribution-based reconstruction techniques. Each
(row entry pose i, column exit pose j) pair yields a twodimensional photon distribution, D i j .
Here we discuss our graphics processing unit (GPU) implementation for generating photon distributions. Initially all values in
D are set to zero and the array is shared by all GPU cores. For a
given entry pose i, we simulate a photon bundle using Monte Carlo
sampling. The bundle arrives at an exit pose j with an output flux
I out . The line path generated by the bundle has an intensity I out that
is rasterized and added to the corresponding photon distribution
D i j . We simulate each photon bundle from different entry poses
on different GPU cores, and the addition of the line path is atomically added (i.e. a mutex-locked addition) to the shared array D. We
repeat these simulations on more cores for a fixed number of repetitions per pose. This adds a level of parallelism. After the simulation
is complete, each element of D is normalized by the total number of
photons, giving the fraction of photons passing through each pixel
from each entry to exit pose. We obtain very efficient performance
since all simulations for the entry poses and repetitions are computed simultaneously. Note that the chance of collision (adding to
the same element) in a four-dimensional array is n 2 1n 2 . This

4

RESULTS AND DISCUSSION

Figure 7 depicts the results from blending between Mt and Mi in
the first row, and Mt and Me in the second row. The graphs in
Figure 7 compare the six different techniques ART, RART, SIRT,
ART-D, RART-D, and SIRT-D. The graphs 7(a)7(b) in each figure
show the effect of the blending parameter α. In graphs 7(c)7(d),
α is fixed to 0.33 (taken from a low error region) and shows the
convergence for the different techniques. Finally, the ground truth
and six final reconstruction images for the same fixed α are depicted
in Figure 8.
Overall, all of the techniques achieve a lower amount of error
when there is some degree of scattering. This is shown in Figure 7 first row with α ∈ [0.2, 0.4] and in the second row with
α ∈ [0.1, 0.6]. This is likely since the sinogram has more non-zero
elements compared to a transmissive medium, which provides more
data to the techniques. With excessive scattering, the data becomes
blurry which could account for the increase in error.

pixels poses

becomes quite low with higher resolution distributions.
From the distribution array D, we construct the matrix A which
is then used in ART, RART, and SIRT. We denote the variants of

4
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(a) Effect of α on the L2 norm (lower number (b) Effect of α on the similarity metric (c) L2 norm convergence with α = 0.33
is better)
(higher number is better)

(d) Similarity metric convergence with α =
0.33

(e) Effect of α on the L2 norm (lower number (f) Effect of α on the similarity metric (g) L2 norm convergence with α = 0.33
is better)
(higher number is better)

(h) Similarity metric convergence with α =
0.33

Figure 7: (a)(b) Reconstruction errors for blending between the transmissive phantom (Mt ) to the inverted scattering phantom
(Mi ). 7(c)7(d) Convergence rates for a fixed α = 0.33.
(e)(f) Reconstruction errors for blending between the transmissive phantom (Mt ) to the uniform scattering phantom (Me ).
7(g)7(h) Convergence rates for a fixed α = 0.33.

(a) Ground Truth

(b) ART

(c) RART

(d) SIRT

(e) ART-D

(f) RART-D

(g) SIRT-D

(h) Ground Truth

(i) ART

(j) RART

(k) SIRT

(l) ART-D

(m) RART-D

(n) SIRT-D

Figure 8: (a)-(g) Final reconstruction images for blending between the transmissive phantom (Mt ) to the inverted scattering
phantom (Mi ). (h)-(n) Final reconstruction images for blending between the transmissive phantom (Mt ) to the uniform scattering phantom (Me ). Blending parameter for both reconstruction sets is α = 0.33.
The techniques perform better with the uniform scattering phantom in an empty medium over the inverted scattering phantom.
For higher values of α (and hence higher amounts of scattering)
the performance of the distribution-based techniques appears to be
better in some cases.
All the ART-based techniques seem to converge with more iterations, with the exception of RART in Figure 7(g). Surprisingly, the

SIRT-based techniques tend to increase in error with more iterations. The reconstructions from any technique are not guaranteed
to be meaningful since the errors do not approach zero.

5

CONCLUSION

We have presented an extension to linear reconstruction techniques
to reconstruct a field of attenuation coefficients for heterogeneous
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scattering media. Our proposed techniques yield a marginal improvement over traditional techniques in some scattering media. A
limitation of linear reconstruction techniques is that we can only
reconstruct the attenuation coefficient, σt . The other two scattering
parameters, σs and σa are not considered. There is also no guarantee to obtain a meaningful result since the reconstruction error
does not approach zero.
A major issue with the distribution-based reconstruction techniques is the assumption that the medium does not affect the average photon distribution. Therefore, we cannot use the correct
distribution for arbitrary media without knowing the medium we
wish to reconstruct in advance.
A beneficial result of the above techniques is that they are a fast
way to obtain a coarse reconstruction. This could be used as input
to precondition more intensive algorithms that use accurate physical models. These results could narrow the search space rapidly,
whereas more complex methods tends to take longer to achieve the
same narrowing of the search space. The narrowing of the search
space reduces the overall time of the accurate solution.
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to take preventive measures, engage in taking necessary medicament as well as changing their lifestyles. A considerable number
of researchers have started presenting models to detect AD, MCI,
and Normal Control (NC) using machine learning whose main
advantage is to effectively handle high dimensional multimodal
neuroimaging data. Classification studies using traditional machine
learning generally require four steps: feature extraction, feature
selection, dimensionality reduction, and classification. Different
machine learning techniques, such as linear discriminant analysis
(LDA), principal component analysis (PCA), and support vector
machine (SVM), have been employed to establish an early detection
as well as to find the progression of AD. However, the classification results of the traditional machine learning algorithms were
low and not robust [1]. Nevertheless, without machine learning
techniques all these procedures would have been done manually,
which is expensive, error prone, and requires deep specialization of
the medical doctor. Even though traditional machine learning techniques were not effective, they gave birth to a whole new sphere of
deep learning.
The classification of AD using deep learning can be subdivided
into many types. Even though different modalities or combinations
of modalities can be used (MRI, MRI+ PET, MRI+ PET+CSF, functional MRI) majority of existing approaches have used structural
MRI. Additionally, due to the complexity to differentiate between
AD, MCI, and NC, researchers mostly utilize binary classifiers (AD
vs MCI, AD vs NC, stable MCI vs progressive MCI) but even sometimes AD vs MCI vs NC, however, the performances reported for
classifying these three classes are known to be relatively low. Previous studies using MRI differentiate by magnetic characteristics of
images utilized in their framework. Some use 1.5 Tesla (1.5T) and
some employ 3 Tesla (3T), although 1.5T is mostly preferred as it
contains less noise. Additionally, the dimensionality of the input
space (2D vs 3D) plays a vital role. Frameworks may use a single
view (axial, sagittal, coronal), multiple views (a combination of
them), a specific region of interest (ROI), or full brain scans. Finally,
the frameworks differ by dataset size and whether they account
for subject independence in their analysis. Although Alzheimer’s
Disease Neuroimaging Initiative (ADNI) dataset is used in almost
all research papers, researchers tend not to train and test on the
whole dataset but on a small dataset portion without specifying
how they select their subjects and images. Moreover, due to the
longitudinal data that exists in ADNI, it consists of several considerably similar images belonging to the same subject. A framework
may achieve high classification scores in case they use such images
in both training and test subsets.
This paper presents a deep learning model based on capsule
networks [2] to perform classification between AD and NC using
1.5T MRI received from the ADNI dataset for platforms where the
amount of GPU and the number of MRI images are limited. Capsule

ABSTRACT
Alzheimer’s disease (AD) is the most prevalent cause of dementia
among elderly people. This paper presents a deep learning model
based on capsule networks for the classification of AD and Normal
Control (NC) using MRI images taken from the ADNI dataset. Our
framework introduces several modifications to the original capsule
networks in order to significantly reduce the number of trainable
parameters so that it can be implemented in computers with limited GPU while obtaining comparable results with the literature.
According to the overall results of subject independent and subject
dependent experiments, the proposed framework compares favorably with many existing approaches while having fewer parameters
and/or using a smaller number of MRI images in AD and NC classes.
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INTRODUCTION

Alzheimer’s disease (AD) is the most prevalent cause of dementia
among elderly people after 65. It begins with Mild Cognitive Impairment (MCI) that can involve problems with language, memory,
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networks were introduced before with superior performance on
the MNIST dataset with three layers only. Since their introduction
in 2017, there has been an upsurge in deep learning models employing capsule networks as their core building blocks, e.g., image
classification, object detection, and segmentation. For the subject
independent experiments where MRI images belonging to a single
subject appear in either train or test subsets, our framework outperforms many existing frameworks or achieves almost the same
classification score while using fewer number of subject and MRI
images. The proposed framework has only 8% of the parameters of
the best performing approach with the cost of 8.3% drop in accuracy. For subject dependent experiments, our model achieves the
second-best score while using fewer number of MRI images.
Reviewing the literature on deep learning-based AD vs. NC classification, one notices that the reproducibility of the existing frameworks requires either a large amount of GPU memory or many
hours of training and preparations. In contrast, the proposed approach is easy to reproduce and is of more practical interest because
of its much smaller number of parameters and reasonably small
training size while yielding comparable accuracy with the state of
the art.

2

Jin et. al [9] used the attention network and received 92.1% AD vs.
NC classification performance.
Song et al. [10] utilized a multiclass Graph convolutional neural
network (GCNN) classifier for network-based classification of subjects on the AD spectrum into four categories: cognitively normal,
early mild cognitive impairment, late mild cognitive impairment,
and AD. The authors showed that we the GCNN classifier outperformed a support vector machine classifier by margins that were
reliant on disease category. Liu et. al [11] presented a deep multitask multi-channel learning framework for simultaneous brain disease classification and clinical score regression, using MR imaging
data and demographic information of subjects. The experimental
evaluation of this method on four large multi-center cohorts with
1,984 subjects demonstrated that the proposed framework was superior to several state-of-the-art joint learning methods in both the
tasks of disease classification and clinical score regression. More
recently, Barbaroux et. al [12] studied the analysis of the human
cortex using spherical CNN in an AD classification task, using
morphometric measures derived from T1-weighted structural MRI.
The framework yielded superior performance in classifying AD
versus cognitively normal subjects and in predicting mild cognitive
impairment progression within two years.
To the best of our knowledge, only one existing framework [13]
has used capsule networks for AD vs. NC classification although the
paper has left many questions unanswered. Specifically, Kruthika
et. al [13] describe 2D capsule network but shows the results for 3D
capsule network. More importantly, their results are surprisingly
very similar to that of [3] in all types of classifications up to the
decimal points even in most standard deviations. Particularly, see
the classification scores given in the last rows of tables two and
four in [3] and [13],respectively. Moreover, Kruthika et. al [13]
presents an incorrect lower accuracy for [3] and thus, compares
inaccurate values. In fact, Kruthika et. al achieve the exact same
score as Hosseini-Asl et. al based on their reported performances.
Furthermore, the authors mention that they use 75 subjects in each
of the AD and NC classes with additional health controls without
stating explicitly how much such additional data is used. Since that
paper also claims that they use PET+MRI in their framework, we
will exclude this approach in our experimental comparison section.

RELATED WORK

Despite a rich body of literature on the AD vs. NC classification, we
focus on papers that used deep learning for AD vs. NC classification
on structural MRI images of ADNI using either 2D or 3D. We omit
papers that do not specify in detail their dataset configuration,
make ambiguous statements about subject independence, and do
not present clear AD vs. NC classification results. The mainstream
methods in this domain contain different CNN variations presenting
high accuracy. However, not all papers describe main components
in their classification process such as train/test splitting, proper
pre-processing, and the exact number of images used in train or
test.
Hosseini-Asl et. al [3] used auto-encoders to extract features
from MRI images. These features were then used in another network to perform AD vs. NC classification. Although powerful, this
approach contains many parameters making the overall training
process extensive. In particular, the framework has more than 450
million parameters even excluding the auto-encoder model. Wegmayr et. al [4] assembled a large dataset in their 3D CNN model
proposed for practical applications. Even with 20000 MRI, the model
did not yield a higher accuracy than state of the art due to the
simple network architecture, not generalizing to other datasets.
Ebrahimi-Ghahnavieh et. al [5] used three 2D slices given as input
to SqueezeNet and obtained 90.62% accuracy using 132 subjects in
each class. Backstrom et. al [6] presented a CNN approach obtaining 60% accuracy with 50 and 62 subjects in AD and NC classes,
respectively. However, with increasing the numbers of AD and NC
subjects to 199 and 141, the framework achieved 90% classification
accuracy. Aderghal et. al [7] proposed the FuseMe network that
also took three 2D slices, trained them in a parallel manner and
combined their classification in an additional layer to obtain the
result, yielding 91.41% accuracy. Korolev et. al [8] trained two different networks VoxCNN and ResNet and got 80% accuracy. Moreover,

3

METHODOLOGY

In this section, we present the description of our data processing,
train and test divisions, and the proposed model based on capsule
networks.
We downloaded all ADNI subjects for complete 2 years of 1.5T.
However, we only use 1544 images belonging to 400+ subjects out
of 2042 images since we noticed that some images were corrupted.
The first step of the data processing was to remove both scalp
and skull from the images by FreeSurfer1 . Its output was then fed
into the FLIRT FSL2 toolkit2 in order to make registration with 7
degrees of freedom (3 translations + 3 rotations + 1 scaling), which
made the output comply with the format of Montreal Neurological
Institute(MNI) template with 2mm precision. As a result of these
processes, the size of the input MRI became 91x109x91. In the next
1 http://surfer.nmr.mgh.harvard.edu/

2 https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FLIRT
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Figure 1: Data processing pipeline

Figure 2: Overview of the proposed model
step, we normalized MRI across different subjects by dividing the
values in each subject by its maximum value. Figure 1 presents the
data processing pipeline.
Finally, we randomly selected 89 subjects per class using 70
for training and 19 for testing. Here, we note that in the ADNI
dataset, some subjects have several MRI data taken at different
timestamps (first visit, +6 months, +12-month, +18 month). Moreover, no condition of any subject changes over time, e.g., no subject
has a transition from NC to MCI, or from MCI to AD in the dataset.
Therefore, we made sure that all MRI images belonging to one subject existed only in train or test subsets to make our framework
subject independent.
It is well known that CNNs typically require a large amount of
training data, which is especially problematic for medical imaging
such as AD vs NC classification since the amount of available, labeled MRI images is quite limited. In addition, since CNNs cannot
properly handle input transformations, we utilize capsule networks
[2] proposed to overcome these shortcomings in this paper. Capsule
networks encode the data relationships into an activity vector such
that its orientation represent the object’s pose parameters (e.g., orientation, position, scaling, and skewness) and its length show the
estimated probability that the object is present. Capsule networks
contain an important mechanism called routing by agreement, ensuring a better learning process in comparison with traditional
pooling methods. Capsules in lower levels predict the outcome of
those in higher levels, and capsules in higher levels get activated
only if these predictions agree [2].
In proposed framework, we modified the original capsule network in the following ways:

• We utilized the binary cross entropy loss as opposed to capsule loss since capsule loss is mainly suitable for multi classes.
• We reduced the individual shape of prime capsules from 8D
vector to 5D vector.
• We reduced the individual shape of digit capsules from 16D
vector to 1D vector.
• We removed the decoder part.
Figure 2 illustrates the proposed model. With these modifications
listed above, we were able to reduce the number of trainable parameters in the original capsule networks significantly for 3D inputs.
As a result, the proposed framework is easily implemented on an
ordinary workstation while still achieving AD vs. NC classification
results comparable with the state of the art as elaborated in more
detail next.

4

EXPERIMENTAL EVALUATION

The proposed framework was tested on NVIDIA DGX1 with Tesla
V100 GPUs. This platform made it possible to perform all computations on multiple GPUs at the same time to accelerate the training
time. However, due to the small size of capsule networks used in this
framework, 2 GB GPU memory was sufficient to train the proposed
network with batch size one. According to our observations, each
increment of the batch size requires additional 800 MB memory.
We used the PyTorch library to perform all computations. Each
trial of our experiments included a random selection of 70 and 19
subjects for train and test subsets, respectively to perform a subject
independent analysis.
According to the results shown in Table 1, the proposed framework outperforms those proposed by [4] and [6] (A). Although
Wegmayr et. al [4] had 74K parameters, their dataset size is almost
60 times larger than ours. When Backstrom et. al [6] used a similar dataset size with ours, their accuracy was reported to be 60%.
However, increasing the number of AD and NC subjects to 199
and 141, which are almost 3 times and 7 times larger than ours

• We changed filters from 2D to 3D due to the volumetric
nature of MRI images.
• We changed the number/size/stride of filters in the first convolutional and prime capsule layers to 128/15/1 and 500/7/3,
respectively.
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Table 1: Comparison table of subject independent methods
Author

Accuracy

# of parameters

# AD/NC subjects

Total # Images

[3]
[4]
[5]
[6](A)
[6](B)
Our

97.6
86
90.62
60
90
89.3

457M
74K
421K
155K
155K
37M

70/70
4076/6218
132/132
50/62
199/141
89/89

NA
20060
NA
386
1198
400

Table 2: Comparison table of subject dependent methods
Author

Accuracy

# of parameters

# AD/NC subjects

Total # Images

[6](C)
[7]
[8]
[9]
Our

98.74
91.41
80
92.1
95.7

155K
885M
25.5K
55K
37M

199/141
188/188
50/61
227/305
89/89

1198
NA
NA
NA
400

respectively, their accuracy obtained a slightly better score than the
proposed framework. The same statement is also true for EbrahimiGhahnavieh et. al [5], who obtained a slightly better accuracy but
used almost 2 times and 7 times larger than the number of AD
and NC subjects in the proposed approach. Hosseini-Asl et. al [3]
achieved the state-of-the-art AD vs NC classification performance
of 97.6%. However, the number of parameters of their network is
457M, which is 12 times more than our framework. Although they
used 70 subjects in each of the AD and NC classes, the total number
of images in their approach is not stated, which, in fact, is an important parameter directly affecting the performance. In addition to
the subject independent experiments, we also performed a subject
dependent analysis, in which MRI images belonging to a single
subject may appear in both train and test subsets to fairly compare
our approach against previous approaches, which were evaluated
in this experimental setup. According to the results depicted in
Table 2, our framework achieves 95.7 % accuracy outperforming
[7], [8], and [9]. Even though Aderghal et. al [7] use 2.1 times more
subjects and 2.3 times more parameters, their accuracy is about
4% less than ours. The models in [8], and [9] had much fewer parameters. However, both works along with [7] did not state the
total number of MRI images they used in their experiments, making it hard to draw a general conclusion about their methods. The
model presented in [6] (C) outperforms our score by a 3% margin
while having much fewer parameters. However, they require 2 and
3 times more subjects and images than the proposed framework,
respectively. Note that finding more subjects and MRI images is a
harder problem than increasing number of parameters in an adequate range suitable for small GPUs. In addition, as stated before,
the number of subjects and images in each class are important
parameters as increasing them directly improves the classification
score, e.g., see the performance for [6] (A) and [6] (B) in subject
independent experiments. We believe that the proposed framework
will yield a better performance in case of having more data in each
of the AD and NC classes.

5

CONCLUSIONS AND FUTURE WORK

The detection of Alzheimer’s disease (AD) is an important problem
attracting many researchers in medical imaging. In this paper, we
present a deep learning model based on capsule networks [2] for
the classification of AD and Normal Control (NC) using MRI images
received from the ADNI dataset. For the subject independent experiments where MRI images belonging to a single subject appear in
either train or test subsets, our framework uses only 8% of the best
performing approach [3] with the cost of 8.3% drop in accuracy. For
subject dependent experiments, the proposed framework achieves
the second-best score after [6] (C). While the model in [6] (C) has
much fewer number of parameters, they use a larger set of subjects
in each of the AD and NC classes and as a result, the total number
of MRI images almost three times more than ours. The proposed
framework is of interest to applications especially when the amount
of GPU and the number of MRI images are limited. In the future
we plan to add capsule decoder to enforce the regularization part
to learn more meaningful features. It will allow our network to
reconstruct the input image and see which parts of the brain can
be the most discriminating for AD detection. Additionally, we plan
to extend the proposed framework to perform the classification
among AD, NC, and MCI. This will make the problem much harder
and thus will require additional improvement in the model due to
the highly similar patterns that exist between AD and MCI. Additional work will also be done on ADNI dataset to add diversity to
cases where patients converge from NC to MCI and from MCI to
AD.
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ABSTRACT

Recently, the problem of reconstructing the materials of scattering media is of importance. It can be used for medical imaging, atmospheric physics, or rendering applications. Different approaches
have sought to understand the parameters for a homogeneous
medium [2, 5, 6] as well as heterogeneous [4]. The latter is of particular interest for reconstructing medical imaging or other physical
phenomena. In order to accurately study or reconstruct these phenomena, a suitable SNR (SNR) is required.
To increase the SNR, more light can be added. For scattering
media, however, the amount of light needed with a single, brighter
source could damage or burn the medium.
Multiplexed illumination is a method by which the medium is
illuminated by a large number of laser beams at once. This is repeated many times with different on/off patterns of the lasers [9].
In a standard setup, half of the lasers are on (or active) at a time.
An individual laser’s contribution can be determined by measuring
the output from a sufficient number of these on/off patterns and
solving a linear system.
The measurment corresponding to an individual laser – when
calculated from multiplexed illumination – has a higher SNR than
that corresponding to the same non-multiplexed individual laser.
Hadamard codings are used to generate patterns of multiplexed
illumination, and yield following theoretical improvement to the
SNR with n lights lasers in total [9]:
√
√
n lights + √n 1
n lights
SNRHadamard
lights
=
≈
.
(1)
SNRsingle
2
2

Empirical measurement of the attenuation of a light ray (i.e. a laser
beam) through a scattering medium is challenging because the
radiance of the exiting light is near the noise floor of the detector.
The SNR can be improved with multiplexed illumination, where
several different rays are sent simultaneously resulting in much
higher outgoing radiance. The contribution of an individual ray is
determined by solving a linear system. We perform an experiment
to determine the empirical improvement in SNR using multiplexed
illumination in place of single-ray illumination. The experiment
shows that the empirical improvement does not follow the predicted
theoretical improvement.
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• Computing methodologies → Computational photography;
Volumetric models; Image processing.
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1

INTRODUCTION

When light from a single laser scatters a medium, the individual
photons may reach many boundary positions. With multiplexed
illumination, each boundary position of a medium may receive contributions from many, perhaps all, lasers. By multiplexing 64 light
sources from an 8 × 8 grid, for example, the SNR could theoretically
be improved by a factor of four.
However, this theoretical improvement does not model underexposed regions. In this paper, we address the issue of underexposure
by determining the factor of improvement both for the distances
from the centre of a multiplexed array as well as for the depth of a
scattering medium.
Increasing illumination is important not only for the signal-tonoise ratio, but also for the capture time. If many different photographs are taken, a faster shutter speed should be used, requiring
more light in the scene for constant ISO and aperture. A faster
shutter speed permits the use of video cameras, including high
speed video with alternating images from different polarization
angles [3]. Other applications of multiplexing allow us to capture
multi-spectral images [8] or to recover scenes by separating direct
and global illumination components [7].

The material properties of a scattering medium can be determined
by shining laser beams through the medium and measuring the
light’s attenuation for various entrance and exit positions and orientations.
But a scattering medium attenuates light rapidly, which creates
low-intensity outputs near the noise floor of the detector. This
poor single-to-noise ratio leads to poor estimates of the medium’s
material properties. If the total intensity of photons arriving is
below the noise floor, it is said to be underexposed, creating dark
and noisy regions in the image.
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classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than the
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republish, to post on servers or to redistribute to lists, requires prior specific permission
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Our goal was to measure the signal-to-noise ratio (SNR) for
multiplexed illumination versus single-source illumination over the
whole volume of different scattering media. The SNR(r med , d med )
was measured as a function of the radial distance, r med , from the
centre of the medium, and the depth of the medium, d med . The
media consisted of different milk/water concentrations at different
depths. The SNR was measured for each concentration to see how
scattering (related to concentration) affects the SNR for multiplexed
versus single source illumination.

2

APPROACH

The experiment used a multiplexed system of 64 5mW laser diodes
in an 8 × 8 array. The scene was illuminated with different subsets
of 64 of these lasers and the Hadamard system of equations was
used to determine the contributions of the individual lasers. The
experiment was then repeated using individual lasers at the same
exposure.
The multiplexed laser array was placed under a container filled
with a liquid medium, as shown in Figure 1 and Figure 2. A video
camera recorded the scene while varying Hadamard codes were
used for the multiplexed array. After the codes were exhausted,
individual lasers were illuminated, one at a time. The experiment
was repeated with increasing amounts of liquid in the container
and with different liquids having different scattering properties.

Figure 2: Multiplexed setup. A physical construction of Figure 1, where the medium is a milk/water solution at different volumes. The laser array is in the grey box under the
container.

(a) Captured image of
single light source

(b) Captured image of
multiplexed light source

Figure 3: Raw camera images
of the scene in the vertical z direction with 2.6 mm thickness. Each
slice has a depth d med (in cm).
Sixty-four laser diodes were fixed in an 8 × 8 grid for displaying
programmable patterns, controlled by a Raspberry Pi 3+ and an
8 × 8 laser controller. A 3D-printed chassis embeded the diodes.
The chassis restricted translation and rotation of the lasers, except
rotation about the axis of a laser.
To control the lasers, a sequence of Hadamard coding patterns
was programmed in Python. Between each pattern, no light is
emitted for a second to allow easier separation of different images
in the captured video stream from the camera.
Images were captured as a 30 frame-per-second video with an
Olympus E-M1 camera. The camera lens had 60 mm focal length,

Figure 1: Multiplexed schematic. An 8 × 8 multiplexed laser
array shines a pattern Si onto a medium of thickness d med .

2.1

Capture Setup

A glass container of size 84 × 84 × 45 mm was filled in increments
of 30 ml with a milk/water solution at varying ratios of 3.25%
homogenized milk to water. Each solution increment yields a slice
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threshold to find the off frames. The time between these zero positions is constant (because the laser controlling program made
them constant), so the video frames corresponding to each pattern
of lasers could easily be found. To obtain better data for where
the sequence begins and ends for each configuration in the video
sequence, we considered the sum of intensities over the entire image. This is shown in Figure 5, which in contrast to Figure 4 has
easier-to-identify frames in the single source region. These summed
intensites were used only to determine the different frames and not
calculate the individual light contributions.
In all, 128 laser configurations were tested: 64 for the multiplexed
Hadamard codings and 64 for the single-source illuminations. In
practice, the duration of each configuration differed by up to a
few frames in the video. For the Hadamard configurations, these
durations must be equal if we are to solve the linear system for individual light contributions. We thus found the minimum duration,
and used raw data of this minimum duration from each configuration. The frames captured over this duration were stored in a
constant-size array of n numbers frames for each illumination pattern.
From this, a time-varying signal over the minimum duration for
each configuration could be obtained for each pixel of the image.
The output of this is 64×n numbers ×2 video frames grouped by both
the Hadamard and single source illumination patterns.

Figure 4: Raw data for one pixel with changing illuminations over time. The left half of the chart with the higher values corresponds to the Hadamard-coded illumination patterns and the right half of the chart corresponds to single
sources. The zero values occur at the vertical lines and are
easily detected.

2.2

SNR

For a list of numbers K with length n numbers , we define the SNR as
the ratio of the mean to the standard deviation of those values [1],
mean(K)
(2)
standardDeviation(K)
To compute the SNR, the mean and standard deviation of the
signal were determined for the (stored) video frames of each configuration. Given a pixel (x, y) that is a distance r med from the centre of
the medium, we could obtain the intensities for that pixel over the
whole video sequence. For the single source patterns, each group
of n numbers frames determined a mean and standard deviation for
that illumination pattern at that pixel. This yielded a SNR. All the
64 single-laser signal-to-noise ratios were averaged as well to yield
one for the single source illumination patterns SNRsingle .
The SNR of the Hadamard encoding, SNRHadamard , was calculated similarly, with the exception that each of the n numbers frames
was first processed (by solving a linear system) to determine individual laser contributions.
For a given depth of the medium, d med , and radius from the
centre of the medium, r med , we obtained a SNR for both the single
and Hadamard light sources SNR(r med , d med ). The radius from the
centre was considered an interesting parameter because nothing is
mentioned of this in the theoretical analysis.
SNR =

Figure 5: Sums of intensities over all pixels in the video images per frame. The left half of the chart with the higher values corresponds to the Hadamard-coded illumination patterns and the right half of the chart corresponds to single
sources.

f/2.8 aperture, and the camera used a relatively high 1600 ISO, due
to the darkness of the captured images. The camera was focussed
at the top of the solution’s surface.
The high ISO generates noisier images, so the comparison between different noise amounts is more pronounced. We assumed
that the amount of light arriving at the camera from the medium
that has refraction and reflection events with the glass is minimal.
The program captured raw camera images such as shown in
Figure 3. For a single pixel in the camera image, the raw data over
a whole video sequence is shown in Figure 4.
The camera recorded a video stream as the different patterns
of lasers are illuminated with off frames between each pattern. To
extract frames from the video, the video was processed to find positions at which the total image intensity is below some darkness

3

RESULTS

Let SNRR = SNRHadamard /SNRsingle . In Figure 6, the SNR is shown
as a function of both distance r med from the centre of the array
and depth d med of the milk/water solution. Based on the theoretical
equation described by Schechner et al. [9], using 64 lasers instead
of one, the ratio described in Equation 1 should yield at least a
four-fold improvement. However, the experimental results show
that this is not always the case.
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(a) 100 percent milk

(a) 100 percent milk

(b) 75 percent milk

(b) 75 percent milk

(c) 50 percent milk

(c) 50 percent milk

(d) 25 percent milk

(d) 25 percent milk

Figure 6: Note the different colour scales on the four images.
SNRHadamard /SNRsingle for different ratios of milk/water solutions, as a function of vertical slice depth for the milk
volume as well as sampled points from the centre of the
medium towards the outside. The darkest red colour in the
images represents infinity, where SNRsingle = 0.

Figure 7: Improvements of SNRR for different ratios of
milk/water solutions, as a function of vertical slice depth for
the milk volume as well as sampled points from the centre
of the medium towards the outside. The black regions have
no improvement using multiplexed illumination. the gray
regions have an improvement but not as predicted by previous work (1 < SNRR < 4) and the white regions have a better
improvement than predicted (SNRR > 4).
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Signal-to-Noise Ratio Improvement Using Multiplexed Illumination with Scattering Media

There is an improvement from using multiplexed illumination
(SNRR > 1.0) in most regions as illustrated in Figure 7. The exception occurs with shallower depths and smaller distance from
the centre of the medium. There are not many improvements with
increasingly transmissive media, as expected. The regions with the
most improvement also correspond to the darkest regions of the
image.
The four-fold improvement predicted by previous work does not
always appear, depending on the region. The range of improvements depends on the milk/water ratio in the solution. For pure
milk it ranges from 0 to 600, whereas for milk diluted down to
25% it ranges from 0 to 6. The more transmissive the medium, the
fewer improvements this methodology will yield, as expected. It
is interesting to note that the more transmissive the medium, the
more the depth becomes irrelevant but the distance from the centre
is still important. Also, the improvement ratio SNRR approaches
infinity in some circumstances because the intensity for the single
source image approaches zero, so its signal-to-noise approaches
zero as well. This is because the intensity goes below the noise floor
of the sensor (i.e. the minimum threshold for capturing photons for
this given exposure).
It is also interesting to note that there is a decrease in improvement at the right sides of Figures 6c and 6d. There may be a minimum improvement in terms of depth, where the single source image
starts to lose intensity but photons from nearby lasers have not
scattered enough to reach that pixel in that given amount of depth.
This may be a similar case for the top row in Figure 6a, where there
are more scattering photons exiting the middle of the medium from
multiple sources than the further outward the pixel is. Finally near
the edge, the pixel has almost no light coming from a single source
so the multiplexed SNR performs better.
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A major limitation of our experiment was the lack of dynamic
range on the camera. This limitation could be mitigated by using
more expensive hardware or multiple, separate exposures.
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CONCLUSION

We have presented an experiment to capture the SNR in scattering
media illuminated with single and multiplexed illumination. The
SN R R improves with distance from the centre of the multiplexed
laser array and with medium depth, since the average laser distance
from the corners is larger than the average laser distance from the
centre. This experiment used a liquid medium; however, it could
also have used a solid medium if care were taken to slice the medium
in a perfectly planar fashion.
This work demonstrated an analysis of a multiplexed lighting
setup for variable-depth scattering media. Our analysis shows the
improvement of such a lighting setup over a single-light setup, even
when the single light is limited by the noise floor of the camera.
Without multiplexing, adding more light to a single point would
damage the material in question to yield similar SNRs. Future work
could derive a physical model based on depth, distance from the
centre, number of lights, and distance between lights.
Future experiments could examine how the SNR behaves in
heterogeneous scattering media, where the noise could be modeled
as a function of different material geometries. It would be especially
useful to measure the improvements through biological media,
although this may be extremely difficult to reconstruct in practice.
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CCS CONCEPTS

In recent years, deep learning has attracted attention in the
field of artificial intelligence. Convolutional Neural Network (CNN)
have become the most important technology in the field of image
recognition. The importance is also increasing in the medical image
processing field. A method was proposed that uses CNN to classify
normal and abnormal sounds of recorded heart sound data related
to respiratory sound classification [5].
We had proposed a respiratory sound classification system using
images generated by time-frequency analysis and CNN [6]. Our
method performed as well as or better than other methods using
machine learning that showed good results in ICBHI 2017 Challenge [7]. In our previous our research, it was suggested that better
results could be obtained by using multiple time-frequency analysis
images.
In this paper, we describe a CAD system for the automatic classification of respiratory sounds. Our approach converts respiratory
sound data which are one-dimensional signal into two-dimensional
images and inputs images which show the characteristics of respiratory sound to CNN. Furthermore, we try to develop a CAD
system by inputting multiple images into CNN.
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1

INTRODUCTION

According to the survey of the World Health Organization, respiratory disease occupies four out of the top ten causes of death
in 2016 (3rd: Chronic obstructive pulmonary disease, 4th: Lower
respiratory infections, 6th: Trachea, bronchus, lung cancer, 10th:
Tuberculosis), with more than 8 million deaths [1]. Furthermore,
the COVID-19 is prevalent worldwide [2]. For the above reason
early detection and appropriate treatment of respiratory diseases
are more important.
The auscultation of respiratory sounds with a stethoscope has
been widely used as inexpensive, non-invasive and safe, besides
taking less time method for the diagnosis of respiratory sounds.
However, there is no quantitative evaluation method. Also, auscultation is a subjective process that depend on own hearing of doctor,
experience, and ability to differentiate between different respiratory
sound patterns [3]. Therefore, a reliable and quantitative diagnosis
support method such as Computer-Aided Diagnosis (CAD) system
is necessary. The CAD digitizes medical data, quantifies and analyzes medical data by computer, and presents the output result as a
“second opinion” [4].

2 METHOD
2.1 Signal Conversion
We classified respiratory sounds by converting the input respiratory
sound data into two-dimensional image and using the converted
images to CNN learning and identification. In the dataset we used,
respiratory sounds had different sampling rates. Therefore, each
lung sound segment was resampled to 4000 Hz before signal conversion. We used Matlab R2019b for signal conversion.
Signal conversion was performed on respiratory sound data that
has been preprocessed. In this paper, we generated four images
called spectrogram, scalogram, mel-spectrogram and formant map.
Details of each images are shown below.
2.1.1 Spectrogram. The short-time Fourier transform is one of the
basic signal processing methods that has long been used for timefrequency analysis of acoustic signals. It is a method for finding the
time change of the frequency and frequency component of a local
signals.
Short-time Fourier transform F ω (ω, τ ) is defined by shifting τ
the window function ω(t) with finite time length L to the original
signal f (t) and applying Fourier transform to it.
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+∞

F ω (ω, τ ) = ∫ ω (t − τ ) f (t) e −jωt dt
−∞
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In Eq. 1), t represents time. The window function has the role of
cutting out the original signal [8].
The square of the absolute value of F ω (ω, τ ) is the power spectrum. Expressing the power spectrum on a two-dimensional plane
(τ − ω plane: time-frequency plane), it is possible to visually grasp
how the power spectrum changes with time. Such diagrams are
called spectrogram. Examples of the created spectrogram are shown
in Figure 1

Figure 1: Examples of spectrogram (left: normal, center:
crackle, right: wheeze)

2.1.2 Scalogram. The short-time Fourier transform has a trade-off
between frequency and time due to the uncertainty principle. The
wavelet transform is devised to solve the problem of the uncertainty
principle of the short time Fourier transform. Wavelet transform
uses a short basis for high frequency domain analysis to improve
time resolution, while a long basis is used for low frequency domain
analysis to improve frequency resolution.
Continuous wavelet transform Wψ (a, b) is defined by the inner
product of the wavelet function ψ (t) and the original signal f (t).


+∞
(2)
Wψ (a, b) = √ 1 ∫ f (t)ψ t −b
a dt

Figure 2: Examples of scalogram (left: normal, center:
crackle, right: wheeze)

|a | −∞

In Eq. 2), t represents time, a represents the scale ratio of the
time axis, and b represents the transition of the time axis.
The square of the absolute value of Wψ (a, b) represents the
energy distribution on the time-scale plane [9]. Such diagrams are
called scalogram. Examples of the created scalogram are shown in
Figure 2
2.1.3 Mel-spectrogram. The mel-spectrogram is the spectrogram
that frequency characteristics are adjusted to match the human
hearing characteristics (mel scale). The general formula for converting the frequency f to the mel scale m is shown in Eq. 3) [10].


f
m = m 0 log f + 1
(3)

Figure 3: Examples of mel-spectrogram (left: normal, center:
crackle, right: wheeze)

0

In Eq. 3), f 0 represents free parameter of frequency, and m 0
represents the dependent parameter derived from the contract that
1000[Hz] is 1000[mel]. m 0 is calculated by Eq. 4).
m0 =

log

 1000

1000Hz
f 0 +1



(4)

Generally, the lower frequency, the narrower interval, and the
higher frequency, the wider the interval.
In the paper, a mel filter bank was applied to the power spectrum
in order to convert the spectrogram into a mel scale [11]. Examples
of the created mel-spectrogram are shown in Figure 3

Figure 4: Examples of formant map (left: normal, center:
crackle, right: wheeze)
Cepstrum is obtained by inverse Fourier transform of log |F (W )|.
A low-pass filter (lifter) is applied to extract the part of the spectral
envelope. This is called liftering. When the lifter is applied, the
formant frequency and its peak value are extracted [12].
When created a time-frequency map by arranging the cepstrum
by time. For convenience, we call this map a formant map. Examples
of the created formant map are shown in Figure 4

2.1.4 Formant map. Cepstrum analysis is to separate the separation of spectral fine structure and spectral envelope, and analyze the
spectral envelop. Spectral fine structure represents the vibrational
characteristics of the vocal cords. Spectral envelope represents the
vibration characteristics of the vocal tract. If the spectral fine structure is X (W ) and the spectral envelop is Y (W ), the speech spectrum
F (W ) is
|F (W )| = |X (W )| · |Y (W )|
(5)
Taking logarithms of both sides of Eq. 5). Gives Eq. 6).
log |F (W )| = log |X (W )| + log |Y (W )| #

2.2

CNN

In this paper, we created a classifier based on the VGG-16 [13]
network structure. The changes form the original VGG-16 were add
a batch normalization layer at the end of each convolution layer,
changing the last max pooling layer and all fully connected layers
to Global Average Pooling (GAP) layer, and change the number of

(6)

Therefore, the speech log spectrum can be separated into the
spectral fine structure and the spectral envelope.
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Table 1: Based CNN structure(GAP: Global Average Pooling layer, FC: Fully Connected layer, BN: Batch Normalization layer)
Layer

Kernel

Stride

Remarks

Input
Conv.
Conv.
Max Pooling
Conv.
Conv.
Max Pooling
Conv.
Conv.
Conv.
Max Pooling
Conv.
Conv.
Conv.
Max Pooling
Conv.
Conv.
Conv.
GAP
FC

224×224×3
3×3×16
3×3×16
2×2×16
3×3×16
3×3×16
2×2×16
3×3×32
3×3×32
3×3×32
2×2×32
3×3×32
3×3×32
3×3×32
2×2×32
3×3×64
3×3×64
3×3×64
64
4

1
1
2
1
1
2
1
1
1
2
1
1
1
2
1
1
1
-

ReLU, BN
ReLU, BN
ReLU, BN
ReLU, BN
ReLU, BN
ReLU, BN
ReLU, BN
ReLU, BN
ReLU, BN
ReLU, BN
ReLU, BN
ReLU, BN
ReLU, BN
Softmax

3 EXPERIMENT
3.1 Detail of dataset
We used a portion of the large-scale respiratory sound dataset used
in ICBHI 2017 Challenge [15]. Among them, we used the respiratory
sound data collected by Respiratory Research and Rehabilitation
Laboratory of the School of Health Sciences, University of Aveiro
(Lab3R). the reason why we didn’t use the respiratory sound data
collected by Aristotle University of Thessaloniki (AUTH) were there
are some silent sections in the data, and these contains extra noise
in auscultation. The respiratory sound data were cut out with a
length of 5 seconds and overlap of 2.5 seconds to create dataset.
The reason why setting the sound length was 5 seconds, because
the typical adult breathing rate is 12 to 20 times per minute [16]. The
ground-truth annotations comprised four classes of 5[s]: containing
crackles, containing wheezes, containing both, or normal (i.e. not
exhibiting crackles or wheezes). We evaluated the performance
based on the 5-fold cross validation. Table 2 shows the number of
each dataset.

Figure 5: network structure of the second pattern

3.2

Evaluation metrics

We computed two performance measures: average score (AS) and
harmonic score (HS). AS is the average of sensitivity (SE) and specificity (SP), while HS is the harmonic mean of SE and SP [7]. Table
3 shows the determination rules employed to calculate SE and SP:

filters to avoid overfitting. We used keras (backend Tensorflow) as
aa framework for deep learning. Table 1 shows the structure of the
based CNN.
We experienced with two patterns. First, only one type of image
created in section 2.1 input CNN. Second, all images input to CNN.
In the second pattern, images were integrated with reference to
the paper in [14]. Overview of the network structure of the second
pattern is shown in Figure 5
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SE = (Cc + Ww + Bb ) /(C + W + B)

(7)

SP = Nn /N

(8)

AS = (SE + SP) /2

(9)

HS = (2∗SE ∗ SP) /(SE + SP)

(10)
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Table 2: summary of the dataset
Dataset

1

2

3

4

5

Normal
Crackle
Wheeze
Both

563
347
125
118

443
382
165
164

455
403
161
136

507
339
174
132

495
385
139
128

Table 3: Determination rules (C: Crackles, W: Wheezes, C+W: Both, N: Normal)

Reference
label

C
Cc
Wc
Bc
Nc

C(C)
W(W )
C+W(B)
N(N )

W
Cw
Ww
Bw
Nw

C+W
Cb
Wb
Bb
Nb

N
Cn
Wn
Bn
Nn

Table 4: Experimental results

Spectrogram
Scalogram
Mel-Spectrogram
Formant map
All images

SE[%]

SP[%]

AS[%]

HS[%]

46.4
44.5
48.0
43.1
47.4

66.2
70.4
66.2
68.5
66.8

56.3
57.4
57.1
55.8
57.1

54.2
54.3
55.5
52.6
55.3

Table 5: The accuracies of the methods using ICBHI 2017 Challenge dataset
Accuracy [%]
Proposed method (All images)
STFT+Wavelet+SVM [17]
VGG16+SVM [18]

3.3

55.6
Train: 57.9, Test 49.9
65.5

Results

When all images input to CNN, AS improved 0.9% and HS improved 1.3% compared to the conventional method. When only
one type of image input to CNN, about 15 % of the data were all
misclassified. However, the accuracy didn’t improve significantly.
Since all images are based on time-frequency analysis, it seems that
the integration didn’t make big difference.
In the future, we need to consider integration with other inputs
not only time-frequency analysis.

Table 4 shows the result of classifier performance and Table 5 shows
the result of comparison with other methods. The values shown in
the table 4 are the average values of each dataset.

4

DISCUSSION

Image conversion was performed on the respiratory sound dataset
and automatic classification of normal and abnormal sounds by
CNN.
When only one type of image input to CNN, the mel-spectrogram
had the best value, and the formant map had the worst in HS. Melspectrogram generally enables accurate time-frequency analysis in
the range of 0 to 1000Hz. Since most of the abnormal sounds exist
in these frequency band, it is considered that the HS was the best.
The formant map may have lost the characteristics of abnormal
sounds during liftering. Figure 6 shows the example of correctly
classified mel-spectrogram and misclassified formant map.

5

CONCLUSION

We developed a CAD system for classification of respiratory sounds
based on convolutional neural network with multi images. As a
result, we achieved SE of 47.4%, SP of 66.8%, AS of 57.1%, and HS of
55.3% respectively. As future works, in order to further improve the
classification accuracy, it is necessary to consider inputting other
information.
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ABSTRACT

1

Automated skin lesion segmentation is an important and challenging task. Due to the fact that the edges of melanomas are
uneven and the color changes constantly, some may have image artifacts. Most of the existing segmentation methods are based on the
encode-decode network, which often cannot effectively combine
low-level simple features with high-level semantic features, thereby
improving the final segmentation results. In this paper, we propose a novel encode-decode network with two asymmetric decoding paths, which can better fuse low-level and high-level features.
In our architecture, multi-scale features can be captured through
our proposed New Dense Atrous Convolution (NDAC) block, and
the re-designed skip pathways can transmit more representative
features from the encoder to the decoder. Experimental results
conducted on ISBI 2017 Skin Lesion Challenge dataset show that
our model outperforms other state-of-the-art deep learning-based
methods.

Skin cancer is one of the wide speared cancers. According to the
Skin Cancer Foundation Statistics, over the past decades, the percentage of melanoma skin cancers increased rapidly. Melanoma is
the most dangerous skin cancer, with a high mortality rate, even
reaching 75% [1]. Hence, early diagnosis and timely treatment are
critical to reduce mortality. The dermoscopy is a non-invasive imaging diagnostic method, which can help physicians check the pigmentation of skin lesions and make a diagnosis of malignant melanoma.
During analysis, segmentation is a key step in detecting skin lesions. Unfortunately, it is a challenging task, due to the fact that
the edges of melanomas are uneven and the color changes constantly, some may exist image artifacts such as skin hairs, clinical
ruler makers, and gel bubbles, as shown in Figure 1. In the face
of these serious problems, dermatologists with limited experience
may be unable to accurately distinguish melanoma from normal
skins with the dermoscopic tool [2]. Inaccurate segmentation will
adversely impact the subsequent steps of an automated computeraided skin cancer diagnosis system and lead to bad user experience. Accordingly, automatic segmentation based on the dermoscopic imaging technique is highly preferred and still a challenging
task.
In the last few decades, numerous automatic algorithms based on
traditional processing technologies, such as histogram thresholding,
unsupervised clustering, and supervised segmentation have been
proposed to solve the aforementioned problems. However, for significant variation in appearances of skin cancer, these approaches
would yield inaccurate segmentation results. In recent years, deep
learning models, as learning methods based on pixel classification,
have been widely applied in medical image processing, showing
better performance than traditional methods.
The state-of-the-art models for medical image segmentation almost are variants of the encode-decode architecture, such as U-Net
[3] or fully convolutional network (FCN) [4]. For example, Yuan et
al. [5] proposed an end to end fully automatic method with 19-layer
DCNN. They proposed using a jaccard distance loss to segment
the skin lesions. It can solve the class imbalance problem between
the lesion and normal skin, but this method achieved poor results
when the images with low contrast. Bi et al. [6] proposed a novel
multi-stage fully convolutional networks (FCNs) which addressed
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information to make an accurate lesion boundary segmentation.
The accurate boundary information is vital for skin lesion segmentation, because dermatologists’ judgment of whether lesions are
melanoma or not, mainly depends on the shape of the lesion, such
as the so-called “ugly duckling” sign.
In this paper, we proposed a novel encode-decode architecture
for skin lesion segmentation based on U-Net. In Figure 2, it is
clear to see that our model can achieve better performance than
U-Net. This paper makes the following three major contributions.
Firstly, the novelty in our work is related to our proposed asymmetric two decoding paths, one decoding path incorporates multiscale features, the other decoding path is used to make full use
of low-level features to detect the melanoma with sharp edges.
Secondly, we proposed a New Dense Atrous Convolution (NDAC)
block to capture multi-scale and deeper features. Thirdly, the redesigned skip pathways use an NDAC block and non-local attention to transmit more representative and deeper features to the
decoder.

Figure 1: Skin lesion with different sizes and varied artifacts
within ISBI 2017 skin images. (a) gel bubbles, (b)gel bubbles,
(c)ruler makers, (d)hairs.
the issue of producing coarse boundaries for skin lesions segmentation. This method obtained high-level semantic features through
multi-stage learning. In the earlier stage, it can learn local coarse
features, and in the later stage, it would capture detailed boundaries
features. Furthermore, in order to get the boundary of skin lesions
accurately, they also designed a parallel integration approach to
combine the complementary information derived from individual
segmentation stages. Sarker et al. [7] proposed a SLSdeep model
without any pre- and post-processing for skin lesion segmentation.
They used Pyramid Pooling Network with different pooling kernel
and dilated residual to capture contextual information. Furthermore, they proposed a new loss function that combines Negative
Log-Likelihood and End Point Error, which can capture accurate
boundaries of skin lesion.
Although these methods have outstanding performance in the
skin lesion image process, they are still unable to fuse the low-level
and high-level features effectively and capture global multi-scale

2

METHODOLOGY

In Figure 1, it is clear to see there are many problems in skin lesion
segmentation, such as fuzzy lesion boundary, various sizes, low
contrast between lesions and normal skin. It requires our proposed
model to be able to process these problems. If the contrast between
skin lesions and normal tissues is very low, the model will be confused and unable to segment the accurate boundaries of lesions.
Moreover, the size of the lesion is various, and the multi-scale features cannot be extracted from the context information of a single
scale. Accordingly, it is necessary to capture the global multi-scale
features for skin lesion segmentation. The shallow network can
capture simple features of an image, such as shape, color, and therefore our model requires further integration of these simple features
with abstract semantic information effectively to obtain the accurate boundary. This section discusses the implementation of the
proposed model.

Figure 2: Comparison of skin lesion segmentation result of our model and U-Net. (a) input image, (b) ground truth, (c) segmentation result of U-Net, (d) segmentation result of our model.
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Feature Encoder Module

As shown in Figure 4, the architecture proposed in this paper is an
encode-decode structure, the encoder aims to capture more highlevel semantic features by increasing network depth and extract
multi-scale features through enlarging the receptive field. The size
of the receptive field roughly determines how much context information we can capture. In the past decades, numerous methods of
enlarging the receptive field have been proposed, such as adding
pooling layers, increasing the kernel size, and multiplying convolutional layers. However, these methods may cause some problems.
For example, the pooling process may lead to information loss, increasing the size of the core will increase the number of parameters,
and the multiplied convolutional layer may face the problem of
gradient disappearance or explosion. In the original U-Net [3], each
encoding block is comprised of two sequences 3 × 3 convolutional
layers followed by one 2×2 max pooling layer. However, continuous
convolution and pooling operations would lose some context and
spatial details, and its receptive field is limited. Moreover, during
the experiment, the accuracy of the training set decreased with the
deeper network. In order to solve these problems, we replace the
encoding path with ResNet-50 [8] which has the first four convolution blocks to extract features and without pooling layers avoiding
more spatial information lost. The bottleneck structure and residual design can increase network depth to have a large receptive
field and avoid the gradient vanishing or exploding problem and
accelerate the network convergence.
Gu et al [9] proposed a context extractor consisted of (dense
atrous convolution) DAC block and (residual multi-kernel pooling)
RMP block, which can encode global context information and capture multi-scale features effectively. The RMP block which uses four
different sizes of the receptive field to capture global information.
The DAC block adds atrous convolution into the Inception-ResNetV2 block proposed in [10] and has four branches with different
numbers of atrous convolution. However, these four branches are
independent of each other, which may cause them to receive inconsistent local information. Mehta et al. [11] proposed using the idea
of feature stratification directly, it adds the output stratification of
dilated convolution with different rates together, which is actually
the summing up of different receptive fields to make up for the
mesh effect brought by the dilated convolution.
Inspired by the success of the previously mentioned semantic
segmentation models, we proposed a New Dense Atrous Convolution (NDAC) block which combines advantages of DAC block
and ESPNet [11]. In Figure 3, the NDAC block has four cascade
branches with different numbers of atrous convolutional blocks.
The receptive fields of each branch are different. At the end of each
atrous branch, we applied one 1×1 convolution block to reduce the
number of channels to 1/4, by adding the outputs of each branch
hierarchically and splicing them together, the information of different sensory fields is fused to prevent the loss of local information.
Finally, we add the original features with the connection of different branches, like a shortcut in ResNet. The NDAC block captures
higher-level semantic features of various sizes.
As proposed in [9], we make the NDAC block and RMP block
form a feature extractor, and put this extractor at the end of the
encoder to capture more abstract features, and retain more spatial
details information.

Figure 3: The illustrations of new dense atrous convolution
block which extracts multi-scale features.

2.2

Feature Decoder Module

According to the study [12] claiming that the geometry of lesions
has beneficial information in the classification of lesions. Dermatologists determine whether lesions are melanoma or not, mainly
depends on the shape of the lesion, such as the so-called “ugly
duckling” sign. A large number of context and spatial details would
be lost due to the continuous convolution and pooling operation,
which makes it impossible to make an accurate judgment on the
detailed information, such as the structure edge of the object. In
order to alleviate the influence of information loss, we need to combine low-level feature maps with high-level feature maps between
the same layers through skip connection at the same time. The
framework needs to fuse these features effectively to achieve better
performance.
As illustrated in Figure 4, we proposed a novel decoder with two
decoding paths. In one decoding path, skip pathways are redesigned
rather than connecting directly together. Multi-scale features and
global details information are important for skin lesion segmentation, the more information is captured, the better the network
performance. And there may be a semantic gap between the encoding and decoding block at the same level, especially as the network
deepens and the gap between them becomes greater [16]. NDAC
block transmits deeper and multi-scale features from the encoder
to the decoder. Therefore, we add the NDAC block between the
encoding and decoding blocks of layer 3 and layer 4 to alleviate the
disparity and extract multi-scale features.
Despite shallow encoding block that can often retain more details,
such as spatial and shape information, directly merging features
of the encoder with the decoder will lead to the unrecognized
key information. Therefore, the module of the non-local attention
mechanism proposed in [17] is used to capture global information
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Figure 4: Overview of our proposed asymmetric dual decoder network for skin lesion segmentation.
and enhance representative features while suppressing noise. As
Figure 4 shows, the non-local attention mechanism is employed
between the encoding and decoding blocks of layer 1 and layer 2
to deliver representative features from encoder to decoder.
The low-level information and high-level are spliced together in
the step of the skipping connection. In the process of decoding, a
convolution block is needed to reduce the dimension and extract
useful information. In order to obtain a more accurate segment
result, we use the Res2Net block proposed in [13] as the convolution
block of the decoder. It analyzes a new dimension, namely “scale”,
and divides traditional 3 × 3 filters of n channels into a set of smaller
filter groups with w channels. This block can be plugged into many
CNN networks to enlarge the receptive field and capture multi-scale
features.
Furthermore, another decoding is mainly used to supplement
low-level features. The shallow layer network of the encoder can
retain a lot of colors, shapes, and other low-level features. Without
many convolutions and pooling operation, the encoder block 1 can
retain more details. As illustrated in Figure 4, a 1 × 1 convolution
block is firstly used to reduce the dimension of the final output of
the encoder, then upsampled by a factor of 16 to have the same size
as feature maps of encoding block1. The segmentation result of the
second decoding path can be obtained by adding the features of
these two blocks. Finally, we join the results of the two decoding
paths to get the final segmentation result.

we use the focal loss function which focuses more on hard examples. The focal loss makes some improvement on cross-entropy
loss, adding a modulating factor (1 − Pt )γ .The loss will be reduced
for samples with high prediction probability, while the loss will be
larger for samples with low prediction probability, thus enhancing
the attention to positive samples, defined as:

2.3

3.2

F L (pt ) = −α t (1 − Pt )γ log (Pt )

(1)

where Pt is the probability that the sample is true class, γ is a
focusing parameter. In this paper, we set α = 1 and = 2 . This loss
function can alleviate the class imbalance problem. And achieve
good performance in skin lesion segmentation.

3 EXPERIMENTS AND RESULTS
3.1 Dataset
In order to verify the robustness of our proposed method, we conducted extensive experiments on the International Symposium on
Biomedical Imaging (ISBI) 2017 dataset [18]. The ISBI 2017 dataset
contains 2000 training samples, 150 validation samples, and 600
testing samples. These samples all have the corresponding ground
truth masks annotated by expert dermatologists. We trained our
model with ISBI 2017 training set and evaluated our model on the
testing set. None of the testing set images was used in the training
or validation phase.

Loss Function

Cross entropy loss is a commonly employed loss function for traditional image segmentation tasks. It examines each pixel separately
and evaluates the class prediction of each pixel, and then takes the
average value for all pixels. In this way, the pixels in the image
are learned equally. However, the cross-entropy loss may make the
training dominated by the class with more pixels, which would lead
to the problem of class imbalance. In order to solve this problem,

Evaluation Metrics

We use several performance metrics to make a quantitative analysis
of experimental results. These evaluation metrics from the ISBI 2017
challenge to estimate the proposed method, including accuracy
(AC), sensitivity (SE), specificity (SP), Dice coefficient (DC), and
Jaccard similarity (JS). To do this we also use the variables True
Positive (TP), True Negative (TN), False Positive (FP), and False
Negative (FN). The criteria for evaluating segmentation results are
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Figure 5: Visualization of the segmentation results of skin lesions. (a) input image, (b) ground truth, (c) predict result of one
decoding path, (d) predict result of two decoding paths.
defined as:

3.3

TP
SE =
TP + FN
TN
SP =
FP + T N
TP +TN
AC =
TP + FP + T N + FN
TP
JS =
(T P + F P + F N )
2 ∗TP
DC =
(2 ∗ T P + F P + F N )

Qualitative results of four examples of the ISBI 2017 testing set
are shown in Figure 5, it shows the segmentation result of two
decoding paths has a more accurate boundary. It means the second
decoding path captures more context information and complement
more simple features to help the model correctly identify skin
lesions and obtain accurate segmentation results.
On the ISBI 2017 dataset, we make a comparison with the Top
3 Challenge Participants of Leaderboard, such as Yuan et al. [5]
proposed CDNN model, Berseth et al. [14] proposed U-Net model,
and MResNet-Seg. [6] proposed the FCN framework, and other thestate-of-art approaches, such as the SLSDeep framework proposed
in [7], and Li et al. [15] proposed a cascaded DNN method. From
Table 1, our model outperforms all methods in AC and SE. It shows
our proposed one decoding path and two decoding paths methods
achieved AC of 0.940 and 0.942, respectively, which are higher than
other methods demonstrating that our method can correctly predict
more samples. The SE values of our model are increased at least 0.5,
it means the prediction rate of the positive samples of our model is
very high. The values of the two metrics show our proposed can
obtain more accurate segmentation results.

(2)
(3)
(4)
(5)
(6)

Implementation

The model is implemented on PyTorch deep learning library, and
we chose Adam as an optimizer with β1 = 0.5 and β2 = 0.999 to
achieve excellent segmentation performance. The size of images
ranges from 540×722 to 4499×6748 pixels, it is too large to train. We
resize the input image to 384 × 384 pixels. Images are preprocessed
with mean subtraction and normalized according to the standard
deviation.

3.4

Results

4

To evaluate the robustness of the model, experiments were conducted on ISBI 2017 dataset. We first compare the performance
of the model with two decoding paths and one decoding path, to
analyze the effect of two decoding paths. As shown in Table 1, it
is clear to see our proposed two decoding paths achieved better
performance in most of the evaluating metrics.

CONCLUSION

We proposed a novel asymmetric encode-decode network with two
decoding paths, which can fuse low-level and high-level semantic
information effectively, to segment skin lesions. To obtain multiscale features, we also propose an NDAC block, and use it with
non-local attention mechanism to redesign the skip path. In order
to solve the class imbalance problem in the medical image process,
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Table 1: Comparison with other methods on the ISBI 2017 testing set. The bold number indicates the best performance in each
column.
Method

AC

DC

JA

SE

SP

Yuan et al. [5]
Berseth et al. [14]
MResNet-Seg. [6]
SLSDeep. [7]
Li H et al. [15]
One decoding path(ours)
Two decoding paths(ours)

0. 934
0. 932
0. 934
0. 936
0. 939
0. 940
0. 942

0.849
0.847
0.844
0.878
0.866
0.853
0.857

0.765
0.762
0.760
0.782
0.765
0.771
0.775

0. 825
0. 820
0. 802
0. 816
0. 825
0. 863
0. 864

0. 975
0. 978
0. 985
0. 983
0. 984
0. 967
0. 970

we proposed to use the focal loss as the loss function. In this paper,
the model is trained on the ISBI 2017 training set and tested on the
testing set. The experimental results demonstrate that our proposed
model achieves a promising segmentation result. In future work,
we will evaluate our model on other large-scale skin datasets.
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ABSTRACT

accuracy if some factors has been changed. The factors that may
affect the accuracy of the face recognition system contains the light,
the quality of the picture, the facial expressions and so on [2-3],
and the changes in these aspects may lead to the low-revolution
problem, leading to a possible decrease in the efficiency of the
system. Thus, in order to improve this technology, it is essential to
solve these problems in the future, and this is also the problem that
many scientists are studying about.
So far, scientists have suggested a few kinds of methods to develop the face recognition system:
• The face recognition system based on the Hidden Markov
Model (HMM)
The computer can distinguish people by extracting the features
on the face of people and calculating the rate of the similarity
with the model in the database, and it is influenced little from the
different facial expressions or different the positions of the face.
However, this method may need a large storage space for building
models [4].
• The face recognition system based on the geometrical features
This method aims to distinguish people by measuring the geometrical distances between the facial features as the variations.
Since this method is just about the distances, the changes of light
have little impacts on the accuracy, but it still contains the problem
about the poor accuracy.
• The face recognition system based on the template matching
[5]
This method compares the template collected in the database
with the face of the person in the picture to recognize the person.
This method also contains the failure in accuracy, but the accuracy
of the template matching will not be influenced by the quality of
the picture.

Face detection is one of the most relevant applications of image
processing and biometric systems. In this paper, we summarized
the procedure of face recognition and some common methods,
including the face recognition based on Hidden Markov Model, geometrical features, and template matching. Hidden Markov Model
mainly helps to discover the statistic relationship between each
state to help with the face recognition; geometric feature of face
images provides the information of the different parts on faces to
help the identification process; and the face recognition based on
template matching uses templates of different face regions to help
with the face matching process.
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1

INTRODUCTION

Face recognition system is a tool for recognizing and distinguishing
the identity of people by comparing the facial features extracted
from the pictures with the data collected in the database. This
technology becomes more complete along with the continuous
development, and the great assistance that it has on the work efficiency and the safety of information allows people to apply it
effectively in a large range of fields, such as the public security, the
businesses and trades, the confirmation of credentials and so on.
The effective use of face recognition system will be able to help
to solve many problems that we are facing today, leading to the
development in many aspects in modern society [1].
Since the facial information of every person is unique, it is able
and suitable to be a source of identity recognition. Nevertheless,
the computer is not able to do the recognition work as flexible as
human do, so the system is not able to correspond the feature of a
person’s face in a picture to the data in the database with a high

2

BASIC PROCEDURE OF FACE
RECOGNITION

The face recognition system mainly contains the image collection
of the faces, pre-processing of the images, extraction of the face
features, and the pattern matching and recognition of faces. The
construction of face image database is a major part in the face detection process. The faces can be located and measured precisely by
collecting the information of the face images, such as static images,
dynamic images, information of the face expressions, and so on. The
feature patterns that faces contain are various, including histogram
features, color features, template features, structural features, etc.
Also, the image database can also be structured through the use
of data acquisition equipment and the automatic recognition and
collection of face images in a certain range [6].
After acquiring data of face images, the pre-processing step of
the image information is also required. Since the initial image data
collected by the system contains various disturbances and cannot be
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Figure 1: Face Recognition Flowchart
used directly, it needs to be processed in advance and goes through
steps like gray-level correction, noise filtering, etc. The procedures
of pre-processing usually contain light compensation, gray-level
transformation, histogram equalization, normalization, geometrical
correction, filtering, sharpen, and so on. Through this part, the
feature set of face images can be constructed in a more accurate
way.
The extraction of the face features is mainly referring to the
collection of the visual features, pixel-statistics features, imagetransformation coefficient features, and algebraic features of face
images, aiming to build the feature model of faces through two
main methods: knowledge representation and statistics-learning
representation of human faces. The knowledge representation is
mainly for constructing the feature set of faces by using the semantic description of the face’s shape and the characteristics of the
distance between each organ.
During the processes of matching and detecting, the information
of face images acquired by the camera will be searched and matched
with the feature set in the database, and the person’s identity will be
identified by checking and searching for the result with the highest
similarity, as shown in Fig. 1.

3

Figure 2: States of HMM

The sequence of HMM model shown as Fig. 2 contains three parts
which are the state S, the observation number of each state P11, and
the possibility matrix during the transition like P12 between the
states S1 and S2. The chain works with a pattern of the probability
density function (pdf) model.
Markov model can be seen as a stochastic finite state automaton,
and HMM is composed by two random procedures based on the
Markov model: the Markov chain with the state transition and the
random process that can describe the relationship between observe
vector and states.The composition of HMM:
The state number of the Markov chain in N:HMM. Assuming S
as the set of states, S = {S1 , S 2 , ..., S N }, the state of the this model
at t is qt .Π:Primary state vector, Π = {πi }, π i = p(q 1 = Si )
A:State transition probability, A
=
{ai j }, ai j
=
p(qt = Si |qt −1 = Si )
M:The number of possible observed valueV1 , V2 ....Vm , the observed value of t is Ot
B:Probability matrix of observe vector, B = {b jk }, and b jk =
p(O t = Vk |S t = qi )
By applying the Hidden Markov Model to the face recognition,
it will be able for people to create a system based on HMM to
recognize human’s face. Through ordering the parts on human’s

THE HIDDEN MARKOV MODEL (HMM)
BASED FACE RECOGNITION METHODS

The Hidden Markov Model is a kind of statistical model that is used
to describe a Hidden Markov process contained the implied coefficients, and it also can help to examine the statistical relationship
appeared between each state contained in the sequence. By using
HMM model, people will be able to recognize the possibility of the
transition between states in the chain [7].
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Figure 3: The process of face recognition based on HMM
face in a sequence (including eyes, nose, mouth, and so on), the
computer will be able to record the fixed data of the sequence of a
person’s face parts and calculate the probabilities of the transitions
of the face parts. Thus, the computer will be able to recognize this
person by comparing the data collected and the data in the database.
The main problem of this class of HMM-based approaches is that the
scanning methodology is fixed (typically a raster scan is employed),
and the importance (saliency) of facial parts is ignored [8].
During the process of face recognition, HMM extracts the observe vector in the images firstly, then calculates the possibilities
that the image belongs to each person, and selects the one with
the largest possibility as the result. HMM mainly contains steps
mentioned below:

angulus oris points. These seven points form 10 distance feature
values with the invariance of size, rotation, and displacement, and
they are the width of left eye, the vertical distance of the tip of
the nose to the line drawn between two eyes, the distance of the
face from the left to the right border, the width of mouth, the
horizontal distance of the center of two eyes to the left corner of
the mouth, the horizontal distance of the outsides of two eyes, the
horizontal distance of the outside of the right eye to the apex nasi,
the horizontal distance of the outside of the left eye to the apex
nasi, the vertical distance of the midpoint of the mouth to the apex
nasi, and the distance from apex nasi to the angulus oris [9].
Since the position of the parts on human face is approximately
stable, scientists may extract the points on the human face to make
sure the unique position of the face parts of a person. Since more
points may result in a more accurate result and increase the rate
for the correct recognition, scientists usually choose to extract 30
to 40 points [4] during the experiment. By calculating the distances
and areas between each facial part on a person’s face, the computer
will be able to construct a geometrical structure which can be used
to recognize the identity of person in the future. The feature set
optimization is an important step for getting a reliable and precise
result, and the formula is shown below:
v
u
t Ík
2
M Di − Di
F = Í i=1
(1)
2
k
i=1 M M i − Mi

(1) Extract the image observe vector sequence O r eд .
(2) Calculate the matching degree of HMM and each person by
using the observe vector. Assuming there are M person, calculate p(O r eд |λk ), 1 ≤ k ≤ M. In the actual calculation, we
usually use the largest matching possibility gained by applying the Viterbi algorithm as the substitute of the algorithm
mentioned above.
(3) Select the value with the largest possibility as the result,
or choose the face when the maximum value cannot meet
the recognition threshold.The recognition process of people
whose images are not in the database is shown as Fig. 3.

4

THE FACE RECOGNITION SYSTEM BASED
ON THE GEOMETRICAL FEATURES

In this function, Mi and D i are the mean value of the feature
and the difference of the values for the k images of the i-th person,
and M Mi and M D i are the means of Mi and D i . According to the
function, the lowest value of F will be the better feature set. [5]
By applying the upper steps, the use of geometrical features can
allow a basic operation in the face recognition system, but it still
contains some problems and some limitations. For example, the
rotation angle of the person’s head cannot be too much, or the
computer will not be able to recognize the identity of the person.

Face is basically composed by parts like eyes, nose, mouth, etc.
The slight individual differences of the shape, size, or structure of
the organs are the reason why everyone’s face is unique, so the
geometric features formed by the shape and size of the organs can
be the essential characteristics for the face recognition. During the
process of face recognition, we mainly consider seven feature points
on face, including four canthus points, an apex nasi point, and two
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6

[5] Therefore, other methods may be also needed to offset these
problems.

5

CONCLUSION

This paper mainly discussed three different types of algorithm used
to support face recognition, including the face recognition based
on the Hidden Markov Model, geometrical features, and template
matching. These methods are described in detail, containing the
procedures of each method, the possible effect of these methods,
and their advantages and disadvantages. Nowadays, along with the
development of the modern society, the face recognition technology
is essential and needed in a lot of areas. In the coming years, face
recognition may become one of the technologies that can benefit
people a lot in a large-scale.

THE FACE RECOGNITION SYSTEM BASED
ON THE TEMPLATE MATCHING

The face recognition technology based on the template matching is
one of the methods used in the earlier days, and it is also one of the
methods that are used commonly now, since it is relatively direct
and easy for the model matching and construction [10].
The template matching can also be a way to achieve the goal
of constructing a face recognition system. In order to recognizing
a person’s identity, it is essential to have a template prototype
stored in the data base first, and then compare the picture of the
person’s face captured by the monitors with the prototype. The
accuracy is a key point in the whole face recognition system, so
the scientists usually use four different masks [4] to divide human
face into four sections that have the same scale with the real facial
parts to eliminate as many errors as possible made because of the
light, rotation and so on. In this case, the computer will be able to
recognize a person by comparing his facial parts with the prototype
stored in the data base.
Sako and others used the color histogram to divide the regions
of face and mouth, constructed the eye template by using the eye’s
structure and image gradation, and searched and determined the
location features of eyes through the use of the template. However,
the method of template matching needs to consider the size and
the direction of rotating, leading to a massive calculation required
and a low identification accuracy in an environment with a varied
lighting level direction. Therefore, face recognition based on the
template matching is more suitable to the situations that contain
certain restricted conditions like face size, direction, lighting, etc.
Although this method is relatively slow under such situations, the
accuracy remains at a high level.

REFERENCES
[1] Wright J , Ganesh A , Zhou Z , et al. Demo: Robust face recognition via sparse
representation[C]// 2008 8th IEEE International Conference on Automatic Face
& Gesture Recognition. IEEE, 2009.
[2] Wright, John, Yang, Allen Y., Ganesh, & Arvind等. (2009). Robust face recognition
via sparse representation. IEEE Transactions on Pattern Analysis & Machine
Intelligence.
[3] Ahonen T , Hadid A , Pietikinen M . Face Description with Local Binary Patterns:
Application to Face Recognition[J]. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2006.
[4] Phillips, P Jonathon , et al. "The FERET Evaluation Methodology for Face Recognition Algorithm." Computer Vision and Pattern Recognition, 1997. Proceedings.
1997 IEEE Computer Society Conference on IEEE, 1997..
[5] Tan X , Triggs B . Enhanced Local Texture Feature Sets for Face Recognition
Under Difficult Lighting Conditions[J]. Amfg, 2007, 4778(6):1635-1650.
[6] Blanz, V., Vetter, & T. (2003). Face recognition based on fitting a 3d morphable
model. Pattern Analysis and Machine Intelligence, IEEE Transactions on..
[7] A S. Georghiades et al. From few to many: Illumination cone models for face
recognition under variable lighting and pose[C]// 2001.
[8] Lawrence S , Giles C L . Face recognition: a convolutional neural-network approach[J]. IEEE Transactions on Neural Networks, 1997, 8(1):98-113.
[9] Brunelli R , Poggio T . Face recognition: features versus templates[J]. IEEE
Trans.pattern Anal. & Mach.intell, 1993, 15(10):1042-1052.
[10] Cheung K H , Kong A , You J , et al. A new approach to appearance-based
face recognition[C]// Systems, Man and Cybernetics, 2005 IEEE International
Conference on. IEEE, 2005..

31

A Novel Public Health Intervention Strategy for the Control of
Infectious Disease Outbreaks Among Dynamic Metapopulation
Networks
Stephanie Wang
Seven Lakes High School, USA

ABSTRACT

1

Abstract. With the onset of various pandemics in the past few centuries, and most recently the COVID-19 pandemic, the importance
of properly allocating resources to at-risk populations is increasing.
In seasonal and commonly mutating strains of infectious diseases,
public health officials aim to promote vaccination among at-risk
communities to uphold the herd immunity phenomenon. However,
there is often a lack of vaccine availability to provide to the majority
of the population. The efficiency of current vaccination strategies
utilized by public health officials in the face of limited resources
has not been a topic of thorough study and can thus be improved
in the parameters of percentage of people saved versus resources
expended. In this study, a combination of contact network epidemiology and a mass action compartmental model were used to devise
a simulated environment with a theoretical outbreak. Data from
the Songliao Basin in China was compiled to emulate a bustling
urban environment where outbreaks have the greatest capacity
to propagate. Then, an evaluation of the effectiveness of a novel
vaccination strategy based on the Greedy Algorithm in comparison
to commonly used strategies for outbreak control is produced.

The emergence of infectious disease epidemics has long been a
primary focus of public health epidemiology and has always been
a situation where timeliness and resource allocation are highly
significant[1]. However, in the real world, the implementation of
control and prevention strategies can seldom arrest an outbreak
due to the lack of time and resources.
Evidence of a lack of preparedness and its subsequent adversities
among the well-being of a population is exhibited by examining
occurrences of previous epidemics such as SARS, AIDS, and the
H1N1 Avian Influenza in recent years[1]. These outbreaks, albeit
lacking in a highly reproductive nature, still had the potential to
diverge into globally and affect millions of people worldwide. A
significant reason should be attributed to a lack of knowledge and
preparedness for such disease outbreaks.
As a result of a lack of ability to implement epidemic intervention
measures in a timely and effective basis, there is a high risk of a
localized outbreak to spread into a global pandemic. Here, a more
effective epidemic intervention strategy is proposed, then used to
test the effectiveness of multiple targeted vaccination strategies and
design an optimal vaccination algorithm against realistic population
data.
Various models were used, each with advantages and disadvantages, to realistically represent the occurrence and transmission
of disease in a population. To explore the makeup of a population,
a mass action assumption was combined with contact network
epidemiology, in which graph theory concepts were used to illustrate the nature of disease propagation throughout a heterogeneous
population.
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• Mathematics of computing; • Mathematical analysis; •
Mathematical optimization; • Discrete optimization; • Network optimization;
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INTRODUCTION

2 BACKGROUND
2.1 Basic Reproduction Number
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The basic reproduction number, also called the reproductive rate,
denoted R0 , of a disease is a measure of how transmissible a disease
is. It is defined as the average number of secondary cases generated
by a single primary case. The basic reproduction number has the
ability to predict the fate of a disease outbreak in a population[2].
If R0 < 1, then the disease will eventually "die out" in the long run
without the risk of propagating into an epidemic. However, if R0
> 1, then there is a serious concern for the risk of an outbreak to
propagate into a widespread epidemic if control and prevention
measures are not implemented[3]. The R0 value can be calculated
as
βS
R0 =
(1)
γ
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where is the transmission rate, is the recovery rate, and S is the
proportion of the population that is susceptible to the disease. In
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a fully susceptible population as seen in the first stages of an outbreak, R0 becomes, two values that are inherent to the disease in
question[2].
This study is interested in exploring the fate of outbreaks with
R0 values greater than 1, as those are the outbreaks that have a
high risk of propagation.

2.2

Compartmental Model

A traditional SIR model is a compartmental model that groups individuals in a population in the flexible compartments of either
susceptible (S), infected (I), or recovered (R). Susceptible individuals
become infected upon contact with the pathogen, infected individuals possibly infect others, and they become recovered upon
recovery to a normal state of health or death. This model follows
two main assumptions:
1. An "all or nothing" approach; risk of infection is the same
for all individuals and the popu-lation is homogeneously
distributed.
2. All infected person transmit disease to susceptible people
with the same probability.
The SIR model acts as a simulation for a hypothetical outbreak.
It utilizes three dependent equations to characterize the population
changes among susceptible, infected, and recovered individuals.
Given a dynamic meta-population partitioned into i distinctive locations of relatively high inter-connectivity, we can devise a mathematical model showing the real-time exchange of people between
each of the S, I, and R compartments. Setting S(i) to be the proportion of the population consisting of susceptible individuals, I(i)
to be the proportion of the population consisting of infected individuals, and R(i) to be the proportion of the population consisting
of recovered individuals, we can take the derivative of each with
respect to the time, t, to monitor instantaneous exchanges between
the compartments. Note that assuming the existence of only one
pathogen, the only flows allowed between compartments are from
S to I, and from I to R.
dS (i)
= −βI (i) S (i)
(2)
dt
dI (i)
= βI (i) S (i) − γ I (i)
(3)
dt
dR (i)
= γ I (i)
(4)
dt

2.3

METHODOLOGY

Previous research suggests that infectious disease propagation is
likely to follow periodic movement patterns in dynamic metapopulation networks, especially in urban environments [4][5]. To examine the impact of mobility on the spread of infectious diseases and
propagation, realistic mobility data on cellular network tracking
in Songliao Basin, Northeast China was used. The Songliao Basin
spans three cities with a total population of about 8 million people
and 167 administrative districts [6]. Furthermore, there are 70 million movements of 3 million cellular devices. Cellular network data
for one week was obtained, and the data was split for each day into
three 8-hour time blocks [6]. To organize the heavy flow rate data,
a flow matrix was used. Define flow matrix F as F t = [Fi,t j ]ni, j=1 ,
where entry Fi,t j represents the number of people traveling from
node i to j within a given time period, t. The entire week is divided
into 21 8-hour blocks for t.
A modified version of the SIR model was used, employing discrete time steps instead of continuous time periods and taking into
account both the internal changes in compartmental structure as
well as the external flow and the changes that it brings about in a
population. By combining techniques from both the mass action
SIR model and contact network epidemiology, a modified SIR model
was deduced with equations shown below.
Si′ (t + 1) − Si (t) = −

βSi (t) Ii (t)
Ni (t)

(5)

L F t (mod P ) S ′ (t) Õ
L F t (mod P ) S ′ (t)
Õ
j
i
j,i
i, j
−
(t)
(t)
N
N
j
i
j=1
j=1
(6)
βSi (t) Ii (t)
′
Ii (t + 1) − Ii (t) =
− γ Ii (t)
(7)
Ni

Si (t + 1) − Si′ (t + 1) =

Ii (t

+ 1) − Ii′ (t

+ 1) =

L F t (mod P ) I ′ (t)
Õ
j
j,i
j=1

N j (t)

L F t (mod P ) I ′ (t)
Õ
i
i, j
−
(t)
N
i
j=1

Ri′ (t + 1) − Ri (t) = γ Ii (t)
Ri (t + 1) − Ri′ (t + 1) =

L F t (mod P ) R ′ (t)
L F t (mod P ) R ′ (t) Õ
Õ
j
i
i, j
j,i
−
(t)
(t)
N
N
j
i
j=1
j=1

Ni (t) = Si (t) + Ii (t) + Ri (t)

Contact Network Epidemiology

(8)
(9)

(10)
(11)

In each equation, the first step was to examine the internal epidemiological dynamics, and then account for the external changes
based on mobility patterns. For example, in (1), it is shown that
the internal changes in the original susceptible population can be
modeled by a formula very similar to the original SIR model, except
without differentiation. In (5), the flow is accounted for by summing
susceptible populations entering location i across all stations, j.
Next, the data was run for two weeks and the effects of varying
vaccine rates and strategies versus disease propagation throughout the population were examined. If a person is vaccinated, the
assumption is that they move directly from the susceptible to the
recovered compartment because after vaccination, a person cannot
be infected, nor can they be reinfected with the particular disease.
To amplify the impact potential, the simulation utilized an R 0 value

The assumptions surrounding the compartmental model have decreased the validity of the ability of this mass action model to
predict the fate of a disease in a population. As a result, a combination of the traditional SIR model with concepts in graph theory, an
approach known as contact network epidemiology, is used. This
model uses a graph to represent a population and contacts within it.
A node of the graph represents individuals who come into contact
with other individuals, by which an edge represents a contact [2].
The degree of a node is the number of contacts that the represented
individual had [2]. This contact network model is able to provide
insight on disease dynamics in heterogeneous population structures
and varying levels of disease transmission, providing an advantage
over the traditional mass action SIR model.
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Table 1: Simulation Parameters
Parameter
T
P
L
β
γ
R0
N

Description

Value

Length of simulation in 8-hour time steps
Total number of time steps in data
Total number of locations
Transmission rate
Recovery rate
Basic reproduction number
Total population in all locations

42
21
167
1.55
0.19
7.8
8,000,000

of 7.8, characteristic of the Varicella zoster virus. Table 1 exhibits
the model parameters that were utilized in our research.
Two different vaccination strategies were determined and the effectiveness of each was put under a simulation. Note that strategies
1 is a common, real-world vaccination strategies, while strategy
3 is the novel vaccination approach that proposed. The following
strategies are listed:

to vaccinate the first person, then decide it for the second
person, etc. until the vaccine availability is depleted.

4

RESULTS

Running each strategy on the cellular network data obtained from
Songliao Basin, the programming language C++ was used to write
and run the code and the statistical computation and graphics
language R was used to generate the result graphs.
The results of both the blanket and the greedy algorithm strategy
were plotted in R, with the number of people vaccinated on the
x-axis and the remaining people uninfected after running the simulation for two weeks on the y-axis. It is clear that the red line, which
represents the results of the greedy algorithm strategy, consistently
out-performed the blanket strategy. To more clearly visualize the
efficiency of the greedy algorithm strategy compared to the blanket
strategy, a delta value was plotted. This value was obtained by
subtracting the number of people that remained uninfected by the

• Blanket: This strategy takes a classical approach towards the
targeted vaccination populations by considering the vaccine
availability. If the vaccine availability is x% of the population,
then x% of the population in each location is vaccinated.
• Greedy Algorithm: This novel vaccination strategy is based
on the greedy optimization heuristic. It is an algorithmic
paradigm that follows the problem solving heuristic of making the locally optimal choice at each stage with the intent
of finding a global optimum[7]. Applied on a population,
the initial step is to determine the most optimal location

Figure 1: Vaccination Results on Original Dataset
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Figure 2: Excess Cases Saved by Greedy on Original Dataset

Figure 3: Vaccination Results on Perturbed Dataset
blanket strategy from the number that remained uninfected by the
greedy algorithm strategy. Figure 1 shows the results comparing
the number of people that remain uninfected using the blanket
and Greedy Algorithm strategies, and figure 2 plots a delta value

showing the excess number of people remaining uninfected by the
Greedy Algorithm strategy.
It can thus be seen that the novel greedy algorithm strategy is
able to save over 250,000 people more at its peak efficiency of around
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Figure 4: Excess Cases Saved by Greedy on Perturbed Dataset
700,000 vaccines administered. In the absence of unlimited vaccine
availability, as is the case in the real world, the herd immunity
phenomenon is exhibited the most clearly with the use of this novel
strategy, except nullifying the need to vaccinate the majority of the
population.
To verify that the novel strategy is not hyper-sensitive to the
original Songliao Basin dataset, the data was perturbed to perform
a sensitivity test. By adding statistical noise to the population data,
a resulting shift within the normal distribution was applied. Define
the transformation as follows, where rnorm is a random number
generator with a Normal, or Gaussian, distribution.


′
Fi,tj = rnorm µ = Fi,t j , σ = Fi,t j /6

transform the theoretical results of this study into a real-world vaccination campaign. There are various other variables, such as time,
patient cooperation, and vaccine efficacy that must be incorporated
into the real world. Finally, the public health agencies of various
cities, states, and countries must come to recognize the novel proposed vaccination strategy as potentially effective to implement its
benefits in real-world infectious disease epidemics.

6

By combining concepts from two widely used epidemiological models, the mass action SIR model and contact network model, a simulated outbreak environment with realistic population data organized into a flow matrix was devised. Then, in order to examine
the effectiveness of various proposed vaccine strategies, both novel
and widespread, this research was able to devise an vaccination
algorithm based on the greedy algorithm. In this novel vaccination strategy, each successive individual targeted for vaccination is
selected based on the locally optimum location, and this process
is repeated iteratively until the vaccine reservoir is depleted. Our
simulation showed that the novel greedy algorithm strategy consistently performs better than widespread vaccination strategies
used by public health officials. In the event of the re-emergence of
a seasonal or mutant pathogen, this strategy has the potential to
optimize the principles of herd immunity.

(12)

Plotting the perturbed dataset results, the following graphs were
produced. Figure 3 shows the results comparing the number of people that remain uninfected using the blanket and Greedy Algorithm
strategies on the perturbed dataset, and figure 2 plots a delta value
showing the excess number of people remaining uninfected by the
Greedy Algorithm strategy on the perturbed dataset.
The perturbed dataset also consistently shows the novel greedy
algorithm strategy performing better in the simulated vaccination
environment.

5

CONCLUSIONS

FUTURE IMPLICATIONS
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