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Abstract

Diagnosis of Tuberculosis (TB) by the analysis of sputum samples is a manual activity that requires the
sputum culture samples to be analysed after a gestation period between 6 to 12 weeks following the
collection of the sample from the patient. The current method of TB diagnosis at the National Heath
Laboratory Service (NHLS) is a manual process that involves photographing the culture samples by the
laboratory technician using a camera phone, among other steps. It is proposed to use these photographs
to automate the process of diagnosis by using Computer Vision and Machine Learning technologies to
detect the presence of Tuberculosis bacteria.

A photograph of a culture sample or plate, consists of 48 unique circular regions or wells, each of
which is classified by the machine learning program as Positive, Negative, Contaminated or Condensa-
tion (indicating presence of water bubbles).

This classification of each well is done using a combination of Image Processing, Computer Vision
and Machine Learning (ML) techniques. Two ML programs, in particular, were used for this task -
Gaussian Mixture Models (GMM) and Random Forest (RF). At the time of writing of this report, a
classification accuracy of 77.6% using 25 training images was obtained. The results from each ML
technique are compared and approaches to further improve the classsification accuracy are discussed.

A data flow and machine learning pipleline was developed in Python 3 and the code has been open-
sourced on GitHub at https://github.com/karthik111/TB-culture-classification-ML allowing future work
to be undertaken. The Image Processing and Computer Vision techniques implemented here are agnostic
of the downstream ML technique allowing other ML approaches to be explored.

This work establishes the feasibility of an automated approach for classification of sputum sam-
ples to aid TB diagnosis and describes approaches that if taken, can further improve the classification
accuracy.


https://github.com/karthik111/TB-culture-classification-ML
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Chapter 1

Introduction

1.1 Tuberculosis

UBERCULOSIS, also known as TB is one of three major diseases, the other two being

Malaria and HIV/AIDS, that causes the most number of fatalities among human beings.

In 2016 alone, 1.2 million deaths were attributed to TB. This disease attacks not just human
beings, but also many species of birds and mammals.

TB is caused by a bacterium from the Mycobacterium tuberculosis complex (WHO 2018).
Only 5 to 15% of people who are infected with this bacteria, eventually exhibit symptoms of
the TB disease. It is estimated by the World Health Organization (WHO) and the Institute for
Health Metric and Evaluation (IHME) that approximately 25% of the world’s population is
infected with the bacterium but does not suffer from the disease. This is known as ‘Latent TB’
(Roser et al. 2018).

Being an airborne disease, TB spreads by exposure to the cough, sneeze or sputum of a per-
son suffering from the disease. A person with latent TB cannot infect other people. However,
the existing large human population with latent TB is a potential source of TB infection, if their
condition changes from latent to active in the future.

People with latent TB and with weak immune systems, smokers or HIV-positive individuals
are at a greater risk of eventually developing ‘Active TB’. Latent TB infections can become
active later in life as the immune system weakens due to advancing age or lifestyle related
causes.

There are two kinds of tests to detect latent TB or the presence of TB bacteria in the body
- the TB skin test (TST) and TB blood tests. When a person with latent TB infection (LTBI)
develops active TB, other kinds of tests such as chest x-rays or sputum culture tests are used to
detect and diagnose the presence of the TB disease.

A person with Active TB exhibits symptoms such as coughing, often with blood in the
sputum, unexplained loss of weight, loss of appetite, night sweats, fever, fatigue and chills.
While TB infects the lungs in the majority of the cases, it can also affect other parts of the body
such as the brain. Left untreated, a person with active TB has a 70% chance of dying, which is
caused by the TB bacteria destroying the patient’s lungs, eventually leading to suffocation.
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The number of deaths from tuberculosis by world region

These include deaths at any age and of both sexes.
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Figure 1.1: The number of deaths from TB by world region

While the number of people with latent or active TB has been increasing with growth of the
human population, the number of deaths caused by the disease has declined since 1990 when
1.8 million people were killed by this disease.

Figure 1.1 shows the number of deaths from TB in different parts of the world between
1990 and 2016. While the overall incidence of deaths worldwide has decreased, it is concerning
to note that in Sub-Saharan Africa, the number of deaths by TB has marginally increased to
406,554 deaths in 2016 from 368,376 deaths in 1990.

TB Meningitis, another form of TB, is caused by the late detection or treatment of the dis-
ease. It can be particularly devastating for children, leading to dealth or permanent disability.
According to Dr. Regan Solomons, paediatric neurologist at the Tygerberg Children’s Hospi-
tal in Cape Town, “It only takes a few droplets of a sneeze or cough for TB to spread from
an adult to a child. TB will first go to the lungs and then spread to the brain, causing TB
meningitis.”(Cloete 2016)

Whilst the currently available means against the disease (with sufficient investment) can
feasibly reduce the number of TB cases and deaths to very low numbers (a 95% reduction from
2015 case numbers is targeted by 2035), the WHO and Stop TB Partnership point out that
adequate means are not yet available to completely eradicate the disease. For complete eradi-
cation, research investment and development would be required for new tools to be developed
to combat the disease.




Therefore, the early, cost-effective and reliable detection of TB is a critical endeavour for
the benefit of humanity at large.

1.2 The TB Culture Classification Process

Mycobacteria is the name of a genus that consists of over 190 species of pathogens known to
cause serious diseases in mammals including Tuberculosis (Mycobacterium tuberculosis) and
Leprosy (Mycobacterium leprae) in humans. The Greek prefix myco- means “fungus”, alluding
to the way mycobacteria have been observed to grow in a mold-like fashion on the surface of
cultures.

Mycobacteria Growth Indicator Tube (MGIT) is the name of a clinical method used in
the detection and recovery of Mycobacteria. The MGIT Mycobacteria Growth Indicator Tube
contains of 4 mL (milliliters) of a chemical compound called modified Middlebrook 7H9 Broth
base to which the sputum sample of the patient is added. This medium is one of the most
commonly used liquid media for the cultivation of Mycobacteria.

At the National Health Laboratory Service (NHLS) in Johannesburg, TB culture samples
are prepared and analysed using a method called Most Probable Number (MPN) Limiting Di-
lution Assays. Earlier, pictures of the culture samples were taken weekly, however due to high
sample numbers, pictures are now taken once in six weeks which is equivalent to a widely used
clinical method called MGIT Culture Incubation.

Approximately 50 samples per week are analysed for results with sample collections num-
bering around 10 samples per day.

All types of clinical specimens, pulmonary as well as extra-pulmonary (except blood and
urine), can be processed for primary isolation in the MGIT tube using conventional methods.
After the processed specimen is inoculated, the MGIT tube must be continuously monitored
either manually or by automated instruments until positive or the end of the testing protocol.

Two plates are prepared for each sample as described below:

1. An RG / BG plate: Certain resuscitation factors (catalyst compounds) are added to the
sample to help the growth of differentially culturable bacteria, if any.

2. A Media plate: No resuscitation factors are added to this plate and this serves as a control
group to assess growth of bacteria without the presence of any resuscitation factors. In the
field (outside the labs), only the media plate is used to assess the growth of Mycobacteria
Tuberculosis in the MGIT culture. This perhaps explains the lower detection rate and the
longer time to MGIT positivity in clinical settings.

Figure 1.2 shows a sample, also called a plate or assay tray. The plate consists of 48 wells
(6 rows by 8 columns) with each well containing an MGIT tube. The six row of wells on a
plate are labeled A through F and the eight columns are labeled 1 through 8.

In the RG/BG plate, the top 3 rows (A, B, C) are given the RV catalyst factor and the bottom
3 rows (D, E, F) are given the BG factor. A volume of 450 micro-litre of each respective liquid
experiment (RV, BG or media) is dispensed into the appropriate wells. A volume of 50 micro-
litre of decontaminated patient sputum is added to the first column (1) and this is adequately
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Figure 1.2: Positive well samples within a plate — notice cloudy formation on many of the wells

mixed by using a multi-channel pipette. A 10-fold serial dilution of the mixed sample is carried
out in subsequent columns by transferring 50 micro-litre of each mixed column to the next
column resulting in one-tenth of the concentration of bacteria from the previous column.

Therefore, when a well flags positive as in Figure 1.2, it gives an indication of the pres-
ence of replicating bacteria in under varying conditions (high to low degrees of presence of
resuscitating factors)

At the end of the 6 week period, the presence of cloudy (Positive) or clear (Negative)
wells are counted within the plate and are entered into a spreadsheet based tool called an MPN
calculator ! which provides an estimate (probabilistic) of the presence or absence of TB in the
samples including confidence intervals. A larger number of cloudy wells reduce the boundaries
of the confidence intervals. Both RG/BG and Media plate observations are used by the MPN
formula in its inference model.

Black or Orange coloration in a well indicate contamination (Figure 1.5) and these are
counted as well. Water bubbles may also form in some wells (Figure 1.4) and lastly wells that
exhibit no change are are considered to be Negative (Figure 1.3)

Identification of each plate or assay tray is done by means of a label that is affixed with a
serial number as shown in Figure 1.6. This serial number links the sample to the patient in the
NHLS’ records.

!depicted in A.1 in the Appendix



Figure 1.3: Negative well samples within a plate — no coloration within any of the wells after 6 weeks

Figure 1.4: Condensation or formation of water bubbles on the wells can sometimes closely resemble
Positive samples. Only upon close examination can a human analyst distinguish them from a Positive
sample.



Figure 1.5: Contaminated samples — Black and Orange colorations within any well indicate contami-
nation of that well

Figure 1.6: Labels that are affixed to each sample to identify patient and sample number. Any one of R#
or #CP may be used to identify the patient



1.3 An automation approach for TB diagnosis

Automated image classification of Mycobacterium tuberculosis culture samples using machine
learning algorithms can potentially complement the current manual diagnostic processes that
are prevalent today. Currently, the process of recording and analysing images of TB samples is
done manually at the NHLS in Johannesburg. The introduction of machine learning and arti-
ficial intelligence techniques can help alleviate the current human workload on the researchers
that work there.

This work provides a quantitative assessment of whether this is indeed possible and whether
machine learning techniques are at a state of readiness where they can be included within a
human diagnostic process such as the one used at the NHLS.

The discussion, analysis and outcome of this work is structured along the following lines:

1. A description of the current process of manual data capture and classification of TB
culture samples into their respective categories.

2. An outline of a proposed mobile application that can be developed using the Computer
Vision and Machine Learning (ML) programs that has been developed to further au-
tomate this process at scale. This proposed mobile application is expected to provide
specific benefits that are also outlined.

3. The Data Gathering method adopted and the associated Feature Extraction techniques
applied on the image of TB cultures. A description of the different Image Processing and
Computer Vision techniques used for Feature Extraction is described.

4. Development of the ML programs that performed the Learning and Classification tasks
using the data gathered in the above step. Two specific ML algorithms were chosen,
namely

(a) Probabilistic classification using Gaussian Mixture Models (GMM)
(b) Random Forest classification

5. The behaviour of these algorithms on the chosen data set provides an in-depth under-
standing of the issues involved and the performance on the TB culture classification task.

6. Full source code, documentation and execution steps have been uploaded to Github to en-
courage further research and application development using the programs provided. The
system is designed in a modular manner allowing any other ML program to be plugged
in. The design of the Machine Learning application that was developed using these algo-
rithms is also described in terms of it’s key system components.

The accompanying implementation in Python 3 provides a complete Data Processing and
Classification Pipeline with the software components listed below.

(a) Image Processing on pictures of TB culture samples taken with a Samsung mobile
phone camera.

(b) Feature Extraction

(c) Model Training on training data set
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(d) Hyperparameter tuning using a validation data set
(e) Inferencing on a test data set
(f) Confusion Matrix for classification accuracy analysis
Github: https://github.com/karthikl111/TB-culture—-classification—-ML

. Analysis of the results obtained by each of the ML learning approaches in terms of clas-
sification accuracy and execution timings for both training and testing along with reasons
behind the same.

. Recommendations on the way forward in terms of usage, further projected improvement
in classification accuracy anticipated by other techniques beyond the ones implemented
are also discussed.


https://github.com/karthik111/TB-culture-classification-ML

Chapter 2

Background and Related Work

2.1 Diagnostic methods for TB

Since the advent of human civilization, the conquest of disease has been a priority across mil-
lenia. While some dreaded diseases such as Smallbox and Rinderpest have been eradicated
or permanently eliminated at a global level, there are others like Tuberculosis, HIV/AIDS and
Malaria that still exist.

The complete eradication of TB is an extremely challenging goal due to the very high preva-
lence of latent TB and growth of human population on the two continents that are most impacted
by this disease (Asia and Africa). In order to effectively control TB and make progress on the
path to eventually eradicating this disease in the future, the following steps are all important:

1. Developing more effective vaccines to prevent TB infection.
2. Developing better drugs to combat multi-drug resistant tuberculosis.
3. Improving diagnostics.

Therefore, the early, cost-effective and reliable diagnosis of TB is vital in the combat of this
dreaded disease.

Chest radiographs (X-rays) are a widely used type of medical imaging and a commonly
used approach for TB detection. Another approach prevalent is the bacteriological diagnosis of
TB or by detecting the presence of the mycobacteria. The following types of pathological tests
are conducted for the diagnosis of TB bacteriologically:

1. Sputum Smear Microscopy: Sputum samples are tested for the presence of bacteria under
a microscope. The images taken under the microscope can then be used for ML based
approaches. A ML approach discussed in Section 2.2.2 used these images.

2. Rapid Molecular Test: This is a molecular test, based on polymerase chain reaction,
which detects the DNA of Mycobacterium tuberculosis within 2 hours.

3. Culture methods: The WHO defines this test as the current reference standard. The
disadvantage of this test lies in duration of evaluation which takes 8 to 12 weeks for
the presence of the bacteria to manifest itself in the sample. In practice, the 48 wells
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in the MPN plate are evaluated or examined upto a maximum of 8 weeks. Thereafter,
the wells start drying up and are not usable for evaluation purposes. This work uses
the photographic images of these culture samples as the data set for training machine
learning algorithms.

2.2 Machine Learning approaches for TB diagnosis

Increased availability of General Processing Unit (GPU) based processing capability at afford-
able price points and the availability of patient data sets has made it possible to use machine
learning for the diagnosis of TB. Detection or diagnosis of Tuberculosis from patient data
has been attempted using a variety of techniques, ranging from conventional machine learing
approaches to Deep Learning methods such as Convolutional Neural Networks (CNN). This
section describes some of the work that has been done in this space.

The data sets used for an ML based approach ultimately depend on the type of TB detection
test that is being conducted.

The most commonly used ML approaches explored in this area appear to be based on use
of images of chest radiographs or images of body fluid samples taken under a microscope. In
these techniques, a CNN is the most common approach for both feature extraction and culture
classification. The related work described below are a representative view of different kinds of
data sets in use by ML based approaches to aid TB diagnosis.

2.2.1 Use of chest radiographs

In the work referred to in (Unger e al. 2017), a CNN was used to extract features from the
radiograph and an SVM is used to perform the classification task. This was based on the idea
that CNNs are good at learning features, while SVMs are good at finding decision surfaces.
Also, lesser data is needed to train a SVM than to train or fine-tune a whole CNN.

2.2.2 Photographic images of sputum samples taken under a microscope

In this approach, the sputum sample is colorized, placed under a microscope and a photograph
taken through the microscope. The feature extraction technique here uses a patch of the image
(e.g. 32*32 pixels) with a stride length of 16. Each patch is classified as Positive or Nega-
tive. Data augmentation techniques used include rotation, mirroring, and position shifting to
eventually obtain a training set of over 3 million samples. Classification is done using a CNN
model based on Google’s CIFAR-10 model which is designed to handle micro-images. Results
indicate a high level of classification accuracy into two categories, Positive and Negative. With
the diagnosis made by pathologists jointly via microscope and digital slides as the reference
standard for classification accuracy, the sensitivity and specificity of TB detection using this
particular ML application (called TB-AI) was 97.94% and 83.65% respectively. These results
were obtained after increasing the precision of the digital slides resulting in an improvment of
the image quality of the microscopic samples used as test data for the classification. Contam-
inated samples were found to introduce errors in the classification, although no separate class
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for Contamimation was labelled which could have allowed the CNN to learn the features of
contaminated patches (Xiong et al. 2018).

2.2.3 Photographic images of sputum samples as seen through the naked
eye

In comparision to the above methods, there appears to be far less work done, if any, on using
ML approaches to classify cultures of sputum samples. A preliminary literature review done
during the course of this work pointed to ML based classification on other types of diagnostic
images but none for sputum samples.

This highlights a significant opportunity for ML to be used for this particular diagnostic
work, given that the duration of evaluation of sputum samples (8 to 12 weeks), thereby requir-
ing a human analyst to visually inspect the culture growth in the sample at periodic intervals
each week. Clearly, a significant amount of human labour can be saved by developing ML
based techniques to replace or augment this currently manual task of visual inspection and
classification.
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Chapter 3

Methodology

3.1 System Design and Expected Benefits

3.1.1 Key System Components

The three primary components of the proposed system are shown in Figure 3.1. This work
focused on the second and perhaps the most significant aspect of the system which is to use
machine learning techniques to process and classify the image accurately.

/,/Capturex
\ Plate \

\ Image
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[ Proces

“\ Image
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[ Save
results
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¢
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Camera function within an app running on any mobile device like an Android or
iPhone. User enters patient number in a textbox within the mobile application.

Process the image to extract relevant features and apply Ma-
chine Learning algorithms to classify into one of four cate-
gories - Positive, Negative, Condensation/Water, Contamination

Save to a file on the device and optionally email it. This output once received
by the user is then saved to a laptop or desktop where subsequent steps will
be done by the user such as entering the saved values into the existing MPN
program. Automation tools can also be used to enter the machine classified

results directly into the MPN spreadsheet tool to arrive at the final result.

Figure 3.1: Proposed process flow

3.1.2 Expected benefits of the system

1. Avoid variance and errors in human measurements. According to NHLS researchers,
different people analyzing the same plate have been seen to arrive at different results.

2. The task of image classification and counting is mundane. The scarce time of researchers
can be used productively elsewhere. Based on interviews with NHLS staff, approxi-
mately 50 patient sputum samples are received per week. At 2 plate images per patient
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sputum sample and 5 minutes to process each patient sputum sample (scoring, writing
down) and to populate a Microsoft Excel result table, the time taken is 50 * 5 = 250 min-
utes per week = 4 hours per week as a representative measure of effort saved as a result
of machine learning based automation.

3. Design a scalable process that does not increase human effort linearly as the number of
patient sputum samples increases.

3.2 Data Preparation and Feature Extraction

A modular and repeatable data flow pipeline has been developed that allows the training data
features to be used across different types of machine learning models. This allows for signifi-
cant reuse as the data collection and feature extraction steps which form the bulk of a machine
learning project can be easily substituted into a new type of ML model that is different from
the one used in this particular project.

The data flow and machine learning model pipeline developed for this project is shown in
Figure 3.2. Subsequent sections will describe the specific strategies adopted for each stage of
the pipeline, key observations and results in each stage and the interfacing mechanism between
consecutive stages:

Load Training Data

¥

Feature Extraction

}

Model Training

v

Inference Making

¥

Confusion Matrix
(To validate the pipeline)

Figure 3.2: Data flow pipeline developed

The Load Training Data and Feature Extraction steps are a one-time activity. The features
extracted and stored in this step can be used in any of the machine learning models that are
available. For the purposes of this project, the Gaussian Mixture Model (GMM) and Random
Forest classifiers were used as will be outlined in the following sections.
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3.3 [Each well as a training sample

A closer look at each well is helpful to discern image characteristics of the well that can be
used for the classification. Figure 3.3 shows two positive wells. Note the cloudy coloration in
different parts of each well.

Figure 3.3: An enlarged view of two adjacent positive wells. Note the cloudy coloration to varying
degrees within each well

Figure 3.4 shows two negative wells. Note the clear liquid within both wells with no sign of
cloudy formation or coloration. There are two small regions within each well where light is re-
flected from the surface of the liquid. This often leads to the negative wells being misclassified
as will be discussed in the results section.

Figure 3.4: An enlarged view of two adjacent negative wells. No cloudy formation or coloration is
visible. Notice the near symmetrical reflection of light visible in the left and right parts of the upper
region in both wells

Figure 3.5 shows two water wells. Note the presence of water bubbles in both wells. While
the water bubbles in both wells are easily visible, often water bubbles are very small in size
making it difficult to discern their presence. Also note the well labels D4 and D5 which are
visible on the upper left of both wells. These labels are used to identify the well within the
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assay plate as well as within the spreadsheet containing the class labels for each well, as will
be discussed in the next section.

Figure 3.5: An enlarged view of two adjacent wells that have water bubbles or condensation in them.
Note the varying sizes of the water bubbles in each well

Figure 3.6 shows two contaminated wells. Note the different kinds of coloration that indi-
cates contamination within a well. The well on the left has a light orange coloration and the
one on the right is much darker, almost brown in color, indicating severe contamination of the
well.

Figure 3.6: An enlarged view of two adjacent contaminated wells. Note the different kinds of coloration
that indicate contamination

3.4 Obtaining, Processing and Loading Training Data

A total of 659 images of TB sputum assay plates or trays were obtained from the NHLS. Of
these, a small sample of images (25 images) were chosen as Training Data. Emphasis was
laid on selecting a representative set of training images that provided samples for each of the
4 classes of interest described earlier. It must be noted that each image provided 48 training
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samples as each image has 6 rows and 8 columns of samples (or wells) therefore 6 rows * 8
columns contains 48 well samples. So the total training data size was 25 images * 48 wells per
image = 1200 labelled well samples. In practice though, a much smaller sized training set was
used in order to speed up the training time on a developer laptop. The tradeoffs as a result of
this are discussed in this work.

The training label of each well sample within an image was defined in an accompanying
spreadsheet as shown in Figure 3.7. The first row and column of the spreadsheet indicates the
row (labelled A though F) and column (labelled 1 through 8) respectively, which is then used
to identify the well within the assay tray.

SsSsSz=z=z=zwoO
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zzzzzzoumn
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zZzzzz=z~NzIT
zzzzz 2z o —
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PG | DSCOS818.G | DSCOSS19IPG | DSCOSB200G | DSCOS821J9G | DSCOS822I

(a) Training image: DSC05817.JPG (b) Corresponding Training labels in an xIs

Figure 3.7: The 48 wells within a training image are shown on the left. Class labels (training) for each
well are provided in the spreadsheet shown on the right

The labels for each well sample within the spreadsheet are one of - ‘P’ for Positive wells, ‘N’
for Negative wells, ‘W’ for wells which have water bubbles in them (indicating condensation)
and ‘C’ for wells that have been contaminated (as indicated by an orange or black coloration
within the well).

Notice the degree of similarity between the ‘W’ labelled wells (Water or Condensation
wells) and ‘N ’ labelled wells (Negative wells). This close similarity will be an interesting
source of classification errors as we will discuss further in the results section. For the purposes
of illustration, in Figure 3.7, on the plate image shown on the left of the figure, well (E, 1) is
labelled ‘W’ due to water bubbles within the well and the well directly below it, (F, 1) is labelled
‘N’ as it is Negative (no evidence of bacterial growth, water bubbles or contamination).

Figure 3.8 shows an assay tray with Positive, Negative and Contaminated wells. The Posi-
tive samples although identifiable by a small degree of cloudy formations, can be mistaken for
Negative unless closely examined. Well number (B, 8), on row B and column 8, is labelled
Positive, but can also be mistaken for Water or Condensation, if not looked at closely.

3.5 Identifying regions of interest and Feature Extraction

The first task in Feature Extraction was to identify regions of interest within each image.
Clearly, only the wells themselves within each culture image are of interest in the classifi-
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(a) Training image: DSC05822.JPG (b) Corresponding sheet of labelled data for this training
image

Figure 3.8: Another training pair with Positive, Negative and Contaminated samples - Look for any
visible distinguishing features between Positive and Negative wells

cation task. Each well is a circular or near circular region within the image of the assay tray
plate containing 48 wells. That part of the assay tray plate image which falls outside of any
well is not of interest for the learning and classification task. Therefore, the first task in the
Feature Extraction task was to find a way by which all the 48 wells within each image could be
identified.

3.5.1 Well detection with Hough Circles

The Hough Circle Detection algorithm was used to detect the shapes of the wells. A heuristic
approach was used to find the right combination of parameters (e.g. number of circles repre-
senting the wells and radius of each circle) for the OpenCV Hough Circle function to detect
the circles representing the wells. Each of the 48 wells were then programmatically provided a
name in a (row, column) format representing the row and the column within the training image
that the well belonged to. This identifier for each well was then used to uniquely identify each
well within all the training images.

Figure 3.9 shows an assay tray plate with each of the 48 wells within the image having first
been identified with an enclosing red circle around each well. Figure 3.9a shows the enclosing
circles around each well and Figure 3.9b depicts an identifying label in (row, column) format
overlaid on top of each well. These are two important steps in identifying all the wells within
an image.

3.5.2 Extracting Pixels within the Well using Masking

A masking appoach was used to extract the pixels within the well. After identifying each
of the wells using Hough Circles, the wells were drawn in White over a Black background
representing the plate image. This resulted in 48 white wells drawn over a black background.
This is shown in the Figure 3.10a below.

The mask was then used to read the pixel values within each of the outlined circles from
the original image. Once a mask was used, the pixels within the well could be identified.
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(a) Enclosing circles on each of the 48 wells (b) Each well identified with a (row, column) format

Figure 3.9: The OpenCV HoughCircles algorithm was used to identify and name the wells within each
training image

Obviously, separate masks are created for each plate image. Using a mask then allowed the
easy reading of each pixel value within the well using the code shown in Listing B.1 resulting
in the pixel values being obtained for each well.

See Figure 3.10b where the pixel values for the well (‘A’, 1) has been isolated.

= € 8 60 B N &

(a) Masks for each well in the image (b) Using the mask to extract pixel data for well
(A1)

Figure 3.10: Use of Masks to obtain pixel values from grayscale representations of a well in an image
of an assay tray or plate

3.5.3 Feature Extraction and Reduction using Histogram based approaches

There are approximately 70,000 pixels within the circular region of each well. Each pixel
contains the grayscale value (between 0 and 255) and each such pixel represents a unique
feature. Initial attempts in using the Expectation Maximization (EM) algorithm to model the
underlying stochastic process in the distribution of each individual pixel value using a GMM
model took an inordinately long time to execute on a personal computing device. Clearly
this approach was untenable for off the shelf hardware devices. Hence, a feature reduction
technique was adopted by using a histogram of pixel values within each well, instead of each
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individual pixel value. This reduced the number of features from 70,000 (approximate number
of pixels in each well) to 25 (the number of bins in the histogram). Each pixel was allocated to

one of the bins based on it’s grayscale pixel value which ranged from 0 to 255. The bins counts
(number of pixels in each bin) were then used as features.

Histograms of the pixel values were then analysed and the following trends in the grayscale
values of the pixels were observed. The hypothesis here was that Positive classes will generally
exhibit a higher proportion of lighter colour pixels, due to the cloudy formations in the wells,

as compared to the other classes. The histograms were initially designed with 25 bins and are
shown from Figures 3.11 to 3.16.

Figures 3.11 and 3.12 show the histograms of pixel grayscale values for two different pos-
itive wells. Note the high proportion of grayscale values between the pixel values of 100 and
150 (the nominal range of grayscale pixel is between 0 and 255) in both these figures
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(a) Histogram representation (b) Line graph representation

Figure 3.11: 25 Bin Histogram of Grayscale Values for a Positive well
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Figure 3.12: 25 Bin Histogram of Grayscale Values for another Positive well

Figures 3.13 and 3.14 show the histograms of pixel grayscale values for two different neg-

ative wells. Note the high proportion of grayscale values between the pixel values of 50 and 70
in both these figures

Figure 3.15 shows the histogram of pixel grayscale values for a well with water bubbles
or signs of condensation. Note the close similarity of it’s pixel value distribution with that

19



25000 1
20000 4
25000
15000 4 20000
15000
10000 4
10000
5000 |
5000
o - ¥ T T T 0
75 10 125 150 175 200 225 R S
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Figure 3.13: 25 Bin Histogram of Grayscale Values for a Negative well
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Figure 3.14: 25 Bin Histogram of Grayscale Values for another Negative well
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of a negative well, which make the class of water wells particularly difficult to separate from
negative wells as will be discussed in the results section. Even so, it can be seen that the water
well has most of it’s pixel grayscale values above a threshold value of 60 while both the negative
wells in Figures 3.13 and 3.14 have a number of pixels with a grayscale value between 50 and
60. This difference, if observed, across several images of both classes could provide a useful
means to discriminate between the Water and Negative class.
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Figure 3.15: 25 Bin Histogram of Grayscale Values for a Water well

Figure 3.16 show the histogram of pixel grayscale values for a well with signs of contami-
nation. Note the large number pixel values between 30 and 60 indicating a number of dark or
nearly black pixels in the contaminated well.
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Figure 3.16: 25 Bin Histogram of Grayscale Values for a Contaminated well

3.5.4 Feature Engineering using LBP to analyze textures of each well

Image textures provide information about the spatial arrangement of color or pixel intensities in
an image or selected areas of an image. In this project, it was hypothesized that image textures
could provide a useful feature to use in the learning and classification process.
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A Local Binary Pattern (LBP) descriptor was used to analyze the texture within the different
class types. The LBP operator returns a discrete value at each pixel that characterizes the local
texture in a way that is partially invariant to luminance changes.

The basic LBP operator compares the eight neighboring pixel intensities to the center pixel
intensity, assigning a 0 or a 1 to each neighbor depending on whether they are less than or
greater than the center value. The neighboring 24 pixels around every pixel were examined
around each point within a well as shown in the Code Listing B.2

Any analysis of the results of the LBP histograms was done to highlight the Edges, Flat
surfaces and Corners of the images, with the hypothesis that a Positive well will have more
edges and corners due to the cloudy formations while Negative images will have a higher
proportion of flat surfaces.

Figures 3.17 and 3.19 indicate the texture characteristics of positive wells and Figure 3.18
shows a line graph representation of the LBP histogram that is used as one of the features to

train an ML program.
corner

edge flat
0 10 20 T 10 20 T 10 20

Figure 3.17: LBP for a Positive well sample: Proportion of Edges and Corners are expected to be higher
than a Negative sample. Notice the presence of edges due to cloudy formations on a positive sample.
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Figures 3.20 and 3.21 indicate the texture characteristics of negative well samples.

Figure 3.22 shows the texture characteristics of a water well sample. The analysis of each
well texture is provided with the description for each figure.

While the LBP does seem to provide useful features that can be used to train the model, it
appears to have the following limitations:

1. The Crop region for each well was a rectangle and not a circle, therefore the outline of
the well boundaries or borders were also included in the LBP region. This can be seen
in Figures 3.24 and 3.25 where the outline of the well border is visible. This introduces
avoidable noise in the LBP analysis as well boundaries do not provide any additional

22



035 |
030 4
025 |
020 |
015 4
010 4
0.05 |
0 5 10 15 2 =

Figure 3.18: LBP Histogram for a Positive well sample: Used as a Feature for training the model
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Figure 3.19: LBP for another Positive well sample: Proportion of Edges and Corners are expected to
be higher than a negative sample. Notice the presence of edges due to cloudy formations on a positive
sample.
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Figure 3.20: LBP for a Negative well sample: Proportion of Flat regions are expected to be higher than
a positive sample. Notice the lack of edges. The crescent shaped edges are due to reflection of light
on this particular negative image sample. Reflection of light can be mistaken for a texture difference

between wells
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Figure 3.21: LBP for another Negative well sample: Proportion of Flat regions are expected to be
higher than a positive sample. Notice the absence of significant edge features
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Figure 3.22: LBP for a Condensation or Water well sample. Notice the close similarity with the texture
of Negative samples. A factor which we will discuss in the results
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information to aid the classification task as they occur across all the 4 classes of wells.
While this is due to the choice of the image processing approach used to extract the
well region, it is a not a limitation of the LBP approach itself. Future image processing
techniques could focus on LBP analysis of the bounding circle region itself.

2. There does not seem to be any noticeable texture difference between Negative and Con-
densation samples. The presence of a water bubbles on what is inherently a negative well
does not seen to yield any noticeable difference in textures. This could explain some of
the eventual results seen in classifying a well as a Negative or Water (Condensation)

3.5.5 Limitations in the use of contours to extract region of interest
for Texture analysis

This section describes the use of contours to extract the region of interest, specifically
the area within a well for subsequent LBP analysis. While the Hough Circle approach
described earlier allowed for all pixels within the area of interest of a well to be extracted,
texture analysis requires not just the pixel values but the location information to be pre-
served, in order for LBP to infer textures based on difference in intensities of neighboring
pixel for every pixel.

The approach used for this for to identify the enclosing rectangular contours for every
well image as can be seen in Code Listing B.3. As can be seen in Figures 3.24 and 3.25,
this causes additional, non-significant areas of the image to be included for LBP analysis
as well, such as the rim or well borders. This is expected to affect the classification
accuracy. As can be seen in Figure 3.25, both enclosing rectangles and enclosing circles
were attempted which includes all the contour points within the image. This resulted in
the inclusion of extraneous regions within the region of interest such as well borders that
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adversely impacts the classification accuracy.

To overcome this, it is suggested to use an approach that does not depend on contour
analysis, but also preserves the shape and location information of every pixel. An image
that does not include well borders is shown in Figure 3.23. This technique is already used
for the histogram feature extraction discussed earlier and the same cropped region can be
used for LBP as well, without necessitating a bounding rectangle using contour analysis.
This is identified as an area for further work.

Figure 3.23: Circular region of a well extracted using masking and Hough Circle Technique for shape
detection

/

Figure 3.24: Bounding rectangular region extracted with contour analysis and used for LBP. Notice
presence of well borders which can affect the LBP analysis
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Figure 3.25: Other contours are visible as well. The image was thresholded using a pixel value of 90 to
identify contours of light coloured areas or cloudy sections of the pixels. Notice presence of well borders

3.5.6 Feature Engineering Using HSV values of each well

In this approach, the HSV (hue, saturation, value) color model was used to analyse the different
image classes and extract useful features that could be used in the image classification task.

It is often more effective to represent a color in HSV than in BGR color space. The charac-
teristics generally used to distinguish one color from another are Brightness, Hue and Satura-
tion.

Hue is an attribute associated with the dominant wavelength in a mixture of light waves.
Hue represents dominant color as perceived by an observer. Saturation refers to the relative
purity or the amount of white light mixed with the hue. The degree of saturation is inversely
proportional to the amount of white light added (Gonzalez and Woods 2016).

As an example, the histogram of HSV values for a Positive and Negative class are shown
in Figures 3.26 and 3.27. As can be seen in a visual comparison of the HSV histograms of
both classes, there does appear to be distinct differences in HSV across both class types. The
Hue histogram for positive class is shifted to the range of higher Hue values (to the right of
the x-axis) than that of the Negative class which has higher occurrences in the lower range
of Hue values (to the left of the x-axis). The histograms of Saturations values, on the other
hand, exhibit no signficant differences. The histograms of the Values (V) seem to mirror the
differences observed between the grayscale histograms of the Positive and Negative classes.

For the purposes of model training, the V (Values) were selected and the testing results
discussed later in this document are based on the V values. However, the Hue and Saturation
histograms could also be used to train the model. This comparative analysis and contribution
of H, S and V values to the model effectiveness is an area identified for future work.
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Figure 3.26: 100 Bin Histogram of HSV Values for a Positive sample
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Figure 3.27: 100 Bin Histogram of HSV Values for a Negative sample

3.6 Learning, Inferencing and Validation with Machine Learn-
ing Models

Two supervised learning algorithms for the classification task were chosen for the classification
task:

1. Gaussian Mixture Model (GMM) Probabilistic Classifier - A parametric classification
method

2. Random Forest Classifier - A non-parametric classification method

The use of these classification models are described in the following sections

3.7 Gaussian Mixture Model (GMM) Classifier

A Gaussian mixture model (GMM), also referred to as a Mixture of Gaussian (MoG) attempts
to find a mixture of multi-variate Gaussian probability distributions that best model any input
dataset. For the problem at hand, separate GMM models were constructed using the training
data for each of the desired classification types, namely:

1. Positive Class

2. Negative Class
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3. Condensation Class
4. Contamination Class

The data within each of these classes are described as a weighted sum of K class conditional
probability distributions

Kp
Pr(zle = ‘P’,0) = Z A Normy |k, 3] for the Positive (P) class of wells.
k=1
Kn
Pr(z|lc=‘N",0) = Z A Normy [, 3] for the Negative (N) class of wells.
k=1
Kw
Pr(z|lc="W’,0) = Z A Normy [, 2] for the Water (W) class of wells.
k=1
K¢
Pr(z|lec=C",0) = Z A Normy [, 2] for the Contaminated (C) class of wells.
k=1

where (1. x and ;i are the means and covariances of the normal distributions represent-
ing the features for each of the four class of wells and \; g are positive valued weights that
sum to one. The GMM describes complex multi-modal probability distributions densities by
combining simpler constituent distributions.

The GMM function within the scikit-learn package learns the parameters 6 = {10, Xy A}
for each value of k from 1 to K from the training data {x;} for each class of well.

Kp, Ky, Ky, Ko denote the value of K for the Positive, Negative, Water and Contamina-
tion classes of wells.

3.7.1 Training the Gaussian Mixture Models

A separate GMM model was trained for each of the four different classification types. For
example, a GMM model for the Positive class was trained on the well samples of positive
cultures only (those with cloudy formation). Similarly the GMM model for the Negative class
was trained on well samples of negative cultures. This allowed each GMM model to model the
overall distribution of training data in that class.

Different values of K (number of gaussian distributions) for each Mixture of Gaussian per
sample were tested to determine the optimum value for K. Determining the optimum value of
K per class was key to avoid over-fitting.

Analytic criteria such as Akaike Information criterion (AIC) or the Bayesian Information
Criterion (BIC) was also used to determine the value optimum value of K for each class of well.
Scikit-Learn’s GMM estimator includes built-in methods that compute both of AIC and BIC.
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3.7.2 Using the Akaike information criterion and Bayesian information
criterion

The Akaike information criterion (AIC) and Bayesian information criterion (BIC) are two esti-
mators of the relative quality of different statistical models for a given set of data. AIC and BIC
are based on information theory and provide a useful criteria for model selection. The AIC and
BIC scores take into consideration the trade-offs between the goodness of fit of the model on
a given data set, and the simplicity of the model in terms of the number of its parameters, or
in terms of the structure of the model. The goodness of fit refers to the ability of the statistical
model (GMM in this case) to represent the underlying process that generated the data. The
model parameter is the value of K (number of Gaussians in the GMM model for each class).

While AIC rewards the goodness of fit of the model, it also imposes a penalty for increasing
the number of model parameters. Therefore, it discourages model overfitting. The BIC works
similarly but imposes a higher penalty based on the number of samples used to train the model
(i.e. the BIC score is willing to consider more complicated structures if there is ‘enough’
evidence for one)

Given a set of models that fit the data set, the preferred model is the one that has the
minimum AIC or BIC value.
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Figure 3.28: AIC and BIC curves for Positive and Negative classes

The optimal value of K is the one that minimizes the AIC or BIC. The AIC and BIC curves
in Figure 3.28 indicate that a low value of K (number of gaussian components per class or
clusters) is preferable.

It is important to note that this choice of number of components measures how well GMM
works as a density estimator, not how well it works as a clustering algorithm. Literature recom-
mends the use of GMM primarily as a density estimator, and to use it for clustering only when
warranted within simple datasets (VanderPlas 2016).

This could explain why the AIC and BIC curves above are not particularly useful in this
problem which involves complex data sets.

A feature minimization technique like PCA (Principle Components Analysis) could be used
to simplify or reduce the data sets before fitting a GMM model to it. This is identified as a future
area of exploration.
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3.7.3 Training or Fitting the GMM model for each category of well

The fitting of a GMM model to the training data samples for each of the four classes was done
using the Scikit-Learn’s GMM function as shown in Code Listing B.4. Here you see the GMM
model, called clf for classifier, being trained for the positive class training data.

The hyperparameter covariance _type controls the degrees of freedom in the shape of each
cluster or class. The setting covariance_type=‘full’, allows each cluster or class to be modelled
as an ellipse with arbitrary orientation, providing maximum flexibility in the fit. Although
computationally expensive, it was possible to train the models on an Intel i7, 1.9 GHz, 16GB
RAM Windows machine.

3.7.4 Inferencing from the GMM model for each category of well

After training or fitting each of the 4 GMM models to their respective training data sets, the
inferencing process then scores the new sample (from the validation or test data set) to be
classified, with each of the 4 models. The model score represents the Log probability of the
new sample. This is done with the score_samples method as shown in code listing B.5. The
model with the maximum log probability for the new data is selected as the class label.

The GMM model also provides an average log-likelihood of the new sample. Given that
this is a likelihood measure and not a probability measure, an identified future area of work is
to explore how this likelihood measure can be used to improve the classification accuracy.

The code snippet in B.5 shows the scoring process for the new sample using each of the 4
GMM models.

3.8 Random Forest Classifier

Random forests are an example of an ensemble learner built on decision trees. Decision Trees
(DTs) are a non-parametric supervised learning method used for classification and regression.
The goal is to create a model that predicts the value of a target variable by learning simple
decision rules inferred from the data features.

In Python’s Scikit-Learn package, such an optimized ensemble of randomized decision
trees is implemented in the RandomForestClassifier estimator, which takes care of all the ran-
domization automatically.

A Random Forest with 4 decision trees was used for initial testing. Within the sample data
for training, a cross validation set of 80:20 was created i.e. 80% of the sample data was used
for training and 20% for validation.

The results with the validation set were encouraging at 76.19%.

K-fold cross validation was used to analyse the hyper-parameters while retaining general-
ization accuracy. Here, the training set is split into k smaller sets. The following procedure is
followed for each of the k “folds™:

1. A model is trained using k—1 of the folds as training data
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2. The resulting model is validated on the remaining part of the data (i.e., it is used as a
validation set to compute a performance measure such as accuracy). With a K-fold value
of K=5, Table 3.1 shows the validation accuracy levels obtained for each of the five folds.
The results indicate a mean accuracy of 73.87% with a standard deviation of 12.55%

5-Fold Accuracy Score
Cross Fold No.  Accuracy

1 62.50%
2 77.78%
3 90.32%
4 82.26%
5 58.06%

Table 3.1: Accuracy levels observed for each fold within a 5-fold cross validation

A Validation Curve shown in Figure 3.29 was used to plot the influence of a single hyper-
parameter on the training score and the validation score to find out whether the estimator is
overfitting or underfitting for some hyperparameter values. The hyperparameter in this case is
the number of trees in the random forest.

10 Validation Curve With Random Forest

[=1
[=F]

Accuracy Score
[=]
s

training score with a smaller dataset

validation score with a smaller dataset
—— fraining score with a larger dataset
—— vyalidation zcore with a larger dataset

[=1
]

] 20 40 60 an 100
Nurnber Of Trees

Figure 3.29: A learning curve with training and validation accuracy scores on two datasets. The solid
lines show the results with a larger data set (80% of sample data), while the fainter dashed lines show
the results with a smaller data set (20% of sample data).

It must be noted that although the well samples are different between the Training and
Validation sets, they all come from the same set of images. This could possibly explain the
high validation accuracy which was not necessarily the case when the model was run on the
test data which came from a completely different set of images.

Table 3.2 lists the number of training samples within each category that were available and
the numbers that was actually utilized for training purposes.
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Number of training samples used for the different classes

Class Label Number of total training samples available | Number of training samples utilized
Positive 158 100
Negative 929 100
Condensation 97 97
Contamination 16 16
Total 1200 313

Table 3.2: Number of training samples

Unless other specified in the results section that follows, the number of samples used for
training purposes are 100 or less per sample, as shown in the rightmost column of Table 3.2.
This was motivated by the need to keep training times short (typically within 2-3 minutes)
given the constraints of human time available. The implications of this constraint and future
work possible is discussed in the following sections.
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Chapter 4

Results and Discussion

4.1 Classification results on a Test data set

The results discussed in this section were obtained in a test data set comprising of 4 test images
which were neither present in the training data set nor the validation data set. Therefore, these
were completely new or unseen images for the trained classifiers. These 4 test images provided
a total of 4 * 48 = 192 wells, for the trained models predicting a probability of the label for
each well. These predicted labels are discussed in this section.

Results are discussed with the aid of a Confusion Matrix as well as the corresponding Cohen
Kappa score. Cohen’s kappa coefficient is a statistic which measures inter-rater agreement
for qualitative (categorical) items. It is generally thought to be a more robust measure than
simple percent agreement calculation, as it takes into account the possibility of the agreement
occurring by chance as well as changes due to imbalanced data sets.

4.2 Results with GMM

Initial results with the GMM gave the following results:
1. Equal values of K (number of Gaussians) for each of the 4 well classes.

In this test, the K value was set to be the same for each well class as shown in Table 4.1

K Values
GMM for Positive class of wells Kp=8
GMM for Negative class of wells Ky=38
GMM for Water/Condensation class of wells | Ky =8
GMM for Contamination class of wells Ko=8

Table 4.1: Equal number of Gaussians per category

As can be seen in the results in the confusion matrix in Figure 4.1, the accuracy within
the Positive samples was high. Within the Negative class, there were a high number of
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false positives with 47 of them being classified were classified as Positive. Interestingly,
within the Water class too, a significant number of them (8) were classified as Negative.

Positive

Megative

True labe

Water

Contamination

Positive Negative Water Contamination
Predicted labe

Figure 4.1: Confusion Matrix for GMMs with equal values of K (number of Gaussians) for each of the
4 well categories.

Number of observed agreements (diagonal values in the confusion matrix): 104 ( 54.17%
of the observations)

Number of agreements expected by chance: 84.6 ( 44.05% of the observations)
Kappa=0.181

Standard Error (SE) of kappa = 0.052. 95% confidence interval: From 0.079 to 0.283.
The strength of agreement is considered to be ‘poor’.

2. Differing values of K (number of Gaussians) for each of the 4 categories. In this
test, different values of K were used for each category as shown in Table 4.2

K Values
GMM for Positive class of wells Kp=15
GMM for Negative class of wells Ky =30
GMM for Water/Condensation class of wells | Ky =8
GMM for Contamination class of wells Kc=3

Table 4.2: Modified number of Gaussians per category

As can be seen in the confusion matrix in Figure 4.2, there was a very high accuracy in
the classification of the Water samples likely due to the ability of the model to generalize
better due to a lower value of K compared to the higher values of K for the Positive and
Negative classes.

It is interesting to note that higher values of K for the positive GMM did not result in any
increase in classification accuracy for the Positive class. The Negative class on the other
hand yielded a very high error rate with most of the Negatives being classified as Water.
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Therefore a higher value of K for Negative did not yield good results. As noted in the
AIC and BIC curves in Figure 3.28, a lower value of K appears to be more suited to the
classification task.

Positive

Megative

True labe

Water

Contamination

Positive MNegative ‘Water Contamination
Predicted labe

Figure 4.2: Confusion Matrix for GMMs with different values of K (number of Gaussians) for each of
the 4 well categories.

4.3

Number of observed agreements: 58 ( 30.21% of the observations)
Number of agreements expected by chance: 40.5 ( 21.08% of the observations)
Kappa =0.116.

Standard Error (SE) of kappa = 0.029. 95% confidence interval: From 0.058 to 0.173.
The strength of agreement is considered to be ‘poor’.

Results with Random Forest Classifier

. Model trained with a smaller training data set

In this test, the number of training samples utilized were as shown in the rightmost col-
umn in Table 4.2 in the previous section. It comprised of a total of 313 training samples
with 100, 100, 97 and 16 well samples for Positive, Negative, Condensation and Con-
tamination classes respectively. The results are shown in the confusion matrix in Figure
4.3

Number of observed agreements: 102 ( 53.13% of the observations)
Number of agreements expected by chance: 73.4 ( 38.22% of the observations)
Kappa=0.241

SE of kappa = 0.048. 95% confidence interval: From 0.147 to 0.336. The strength of
agreement is considered to be ‘fair’.
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Figure 4.3:

Positive
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True labe

Water
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Pasitive Negative ‘Water Contamination
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Confusion Matrix for Random Forest classifier with a training data set size of 313 wells

across all 4 well categories.

(a)

(b)

©)

(d)

Positive Class A high degree of accuracy was seen for positive classes. Of 26 test
samples, 23 were classified correctly.

Negative Class Negative classes continue to suffer from mis-classification into
nearly equal number of positive and water classes.

Condensation Class Just over 50% of the samples with water or condensation in
them were classified correctly. This is similar to the results of the Negative class.
It is possible that the causes of missclassification of Negative into Water samples
is related to the causes of mis-classification of Water into Negative. Therefore,
an improvement in the accuracy of Negative or Water classification will contribute
significantly to the overall improvement of accuracy.

Contamination Class No classes of Contamination were available in the test sam-
ple.

2. Model trained with a larger training data set Here the random forest classifier was
trained with a larger training data set, 1.8 times the training data as in the previous test.
It comprised of a total of 571 training samples with 158, 300, 97 and 16 well samples for
Positive, Negative, Condensation and Contamination classes respectively.

It must be noted that the number of Negative class training samples were 3 times the
number used in the previous test. The results shown in the confusion matrix in Figure
4.4 indicate how the classifier has used the additional training samples with a significant
increase in the accuracy of the Negative class.

This was the best test result obtained with an accuracy score of 77.6%. The Cohen-Kappa
score was (0.349.

SE of kappa = 0.075. 95% confidence interval: From 0.202 to 0.496. The strength of
agreement is considered to be ‘fair’.
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Figure 4.4: Confusion Matrix for Random Forest classifier with a training data set size of 571 wells
across all 4 well categories.
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Chapter 5

Conclusions and Future Work

5.1 Conclusions

In order for the machine learning based TB classifier to be useful in practice, we would like
it’s accuracy to be at least 90%. This is based on the False Discovery Rate (FDR) or Q-values
of the current MPN calculator which is normally set at 0.05 (5%) or 0.01 (1%) depending on
how relaxed or how stringent one desires the diagnostic criteria to be. This requires 9 out of
10 wells need to be classified correctly, which extrapolates to at least 43 out of 48 wells to be
classified correctly for a 1% FDR.

As discussed in the previous Results section, the Random Forest approach with limited
amount of training data resulted in a classification accuracy of 77.6%. While this level of
accuracy is not yet sufficient to match human accuracy levels, it must be noted that the human
classification is limited to identifying the Positive class as can be seen in the inputs provided the
MPN calculator tool shown in Appendix A.1, while the ML based classification performs two
additional classifications, Water/Condensation and Contamination. If the Water/Condensation
class is also considered as Negative, then the ML classification accuracy improves significantly
to 84.56%.

At this point, it must be noted that the primary purpose of this research report was to es-
tablish a working foundation of data and machine learning model pipeline that can be easily
reused and extended with a specific focus to improve the classification accuracy levels to the
desired levels of 95%.

Having discussed the image processing and classification capabilities of the overall solu-
tion, this section discusses ways in which the classification accuracy can be further improved,
in particular for the Negative and Water (condensation) classes which saw the highest number
of classification errors.

It is reasonable to expect that the classification accuracy can be improved from current
levels because the extent of model optimization done till this point was fairly minimal due to a
greater emphasis laid on deeply understanding the problem domain; then identifying, selecting
and extracting a number of features relevant to the learning task and finally comparing two
different types of machine learning models with respect to their classification accuracy,
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The task remaining then is to further explore a set of choices in training data sizes, feature
selection, feature extraction and model hyper-parameter optimization techniques that yield a
much higher level of classification accuracy.

The choice of an accuracy improvement approach will clearly need to be specific to the ML
algorithm. For example, in the GMM model, it is felt that testing multiple combinations of
feature selection techniques (histogram of grayscale, histogram of LBP and histogram of HSV)
and feature extraction techniques (circular versus rectangular regions) could yield better results
than just hyper-parameter optimization as was discussed in the results section using different
values of K (number of gaussians per well class). This is borne out by the fact that changes in
the values of K did not result in a significant improvement in accuracy. In fact, higher values
of K caused a deterioration in classification accuracy of the GMM model. The non-parametric
Random Forest model yielded better classification accuracy than GMM for the scenarios tested
in this work.

This work has demonstrated the feasibility of applying image processing, computer vision
and machine learning techniques to classify sputum culture samples of TB patients. The tech-
niques described in this work can be used to augment the current manual process to classify
these culture samples. Machine learning based classification techniques can allow the culture
samples to be processed and classified at the points of collection which are closer to the pa-
tients location, instead of requiring them to be sent to a centralized processing center such as the
NHLS. This can significantly reduce the time and cost to process TB culture samples, thereby
improving the overall efficiency and effectiveness of diagnosis of Tuberculosis.

Further, the machine learning based classification techniques discussed in this work need
a relatively small sample size of labelled training data unlike other deep learning techniques
like CNN that require a much larger corpus of labelled training data samples. The approach
described in this work can be used by TB diagnostic laboratories who do not have sufficient
human resources to allocate to the task of labelling training data, but still wish to benefit from
machine learning and Al based techniques to improve their operational effectiveness. These
techniques can also be applied to other disease diagnostics use cases that are based on sputum
culture samples, beyond TB.

5.2 Future Work

This section describes future work that can be undertaken to further improve classification
accuracy using feature selection and model tuning.

1. Texture analysis over a circular region of interest instead of nearest enclosing rect-
angular boundary

Reuse the pre-extracted circular region of the image for texture analysis (as is done cur-
rently using Hough Circles) instead of re-extracting the bounding rectangular region us-
ing contour analysis. This will prevent the well borders from being included and could
improve the classification accuracy.

2. Use of number of contours as an additional feature

The number of contours itself within a particular image could be a useful feature for
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classification. For example, a positive well image will have more contour shapes than
other classes. This is a feature that can be used in training the model.

3. Use of Hue and Saturation as feature descriptors for brightness of a well

A combination of H, S and V histogram values could be used to improve the classification
accuracy. Using all the 3 channels could result in an improvement in testing results
instead of just the V (Value) channel used to train the current model. In fact, the V
values closely mirror the grayscale values of the pixel and do not seem to add additional
information about the well image as was seen in Figure 3.27.

4. Use of a Feature Minimization technique

A Feature Minimization technique like PCA (Principle Components Analysis) can be
used to simplify the data sets. The impact of this on the performance of the learning
models is identified as a further area of work.

5. Larger training and testing data sizes

Of more than 600 images available at this point, only 25 images were used for training
which represents just 4.1% of the overall data set. It is possible that a larger training
data set allows for a more generalized model to be trained. For testing, only 4 images
were randomly selected outside of the 25 training images. This is a very small portion
of the overall data available and the classification accuracy discussed above may not be
sufficiently representative of the full data set.

Learning Curves (Random Forest Classifier) Learning Curves (Random Forest Classifier)
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Figure 5.1: Learning curves with training and validation accuracy scores with different training data
sizes. 20% of the training data was held-out as a validation test for cross-validation

The learning curve in Figure 5.1 shows an increase in cross-validation scores with in-
creasing amounts of training data. Even at the maximum training data sizes shown in
both the learning curves above, the validation accuracy approached a maximum of 85%

One of the constraints encountered in this project was the manual effort needed to update
the training data spreadsheet with the training labels for each of the 48 labels in each well.
This time spent on this was limited by the capacity of one individual, i.e. the author. The
size of the training data available could be dramatically enlarged by enlisting additional
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resources to label the training data. Effort can also be directed towards labelling more
training samples for very low occurrence categories like Contaminated wells.

. Training Gaussian Models for each of the different feature categories per class

As was discussed in the the exploration and visualizations of the each of the three key
feature categories per class - Histogram of Grayscale values, Histogram of Textures and
Histogram of Brightness (using HSV values), the shapes of the histogram distributions of
each of these feature categories differ significantly from each other. Therefore, a better
fitting GMM can be obtained by using a separate GMM for each feature category instead
of a single GMM model for all three feature categories.

For the inferencing step, a mean of the log probabilities from each of the three GMMs
can be taken instead of the single log probability score per category that is used in the
current approach.

. Use of the trained GMM as a generative model to generate additional training sam-
ples

As the GMM is primarily a generative model, it can be used to generate additional train-
ing samples per category. The generated or synthetic training data can then be further
transformed using transformations like scaling, rotations or affine transformations to in-
crease the variety within the generated training samples. This will mitigate the need for
manual labelling of the training samples.

. Use of GridSearch to find optimum values for the model hyper-parameters

Hyper-parameters are parameters of the model whose values are set before the training
process begins. They are not directly learnt within the estimators (i.e. the specific scikit-
learn implementation of a machine learning algorithm). In scikit-learn, they are passed
as arguments to the constructor of the estimator classes (Scikit-learn 2018a).

For example, in the RandomForestClassifier estimator, the main hyper-parameters are the
following:

(a) max _features: This is the number of trees in the forest. The larger the better, but
also the longer it will take to compute. In addition, note that results will stop getting
significantly better beyond a critical number of trees.

(b) max_features: This is the size of the random subset of features to consider when
splitting a node. The lower the greater the reduction of variance, but also the greater
the increase in bias.

For instance, an initial tuning of the hyper-parameters values shown in Table 5.1 resulted
in an increase in the accuracy scores as shown in Figure 5.2.

. Use of Bayesian Gaussian Mixture approach

As a future extension, it is also proposed to use the Bayesian Gaussian Mixture approach
which implements a variant of the Gaussian mixture model with variational inference
algorithms.
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Changes in hyper-parameters with resulting increase in accuracy
Hyper-parameter | Previous value Modified value
n_estimators 15 150
max_features 4 30
max_depth 100 None
min_samples_split 8 2

Table 5.1: Changes to select hyper-parameter values in the Random Forest Classifier
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Figure 5.2: Confusion Matrix for Random Forest classifier with two different sets of hyper-parameter
values shown in Table 5.1
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10.

Variational inference extends the Expectation-Maximization (EM) by maximizing a lower
bound on model evidence (which includes priors) instead of data likelihood. Variational
methods are based on the same principle as expectation-maximization but also add regu-
larization by integrating information from prior distributions (Scikit-learn 2018b) (Tzikas
et al. 2008).

The variational algorithm needs more hyper-parameters than EM due to it’s bayesian
nature. The most important hyper-parameter is the concentration parameter. Specifying a
low value for the concentration parameter will make the model put most of the weight on
a few components and set the remaining components weights close to zero, while setting
higher values for the concentration parameter will allow a larger number of components
to be active in the mixture.

The key benefits of the variational inference approach are an automatic selection of the
number of gaussian components and lesser sensitivity to the number of hyper-parameters.

Use of Convolution Neural Networks

Convolution Neural Networks (CNN) have been used to successfully classify other forms
of TB diagnostic data sets such as chest radiographs (Stirenko et al. 2018). They were
not explored in this work primarily due to the much smaller training data size that was
used for classification. However, if additional effort can be directed to labelling the TB
culture assay plate images that are available with the NHLS, then CNNs can also be used
for the classification exercise.
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Appendix A

MPN Calculator

Figure A.1 shows the spreadsheet based MPN calculator that is used by the NHLS. Note that
only the number of Positive tubes or wells is used an an input to the calculator.

A | B | Cc | D E | G H J | K | L | M N | (0] |
MPN calculation program
This Excel program is free software. It is distributed in the hope that .
it wil be useful, but without any warranty. Results of MPN calculation program

1 For assistance, contact wilrichi@wiwiss fu-berlin.de

| No. Name sSD 95%
2 | How to use this program: ofcase| of case logio MPN | logi MPN |  Confidence Limits | Ronty Index
3_ Enter the required data in the yellow cells and start computation i case,
4_ by pressing "Ctrl+m". The results will be shown in the green cells 1

—| (and are repeated to the right of each yellow input-table).
5 You can recalculate at any time by pressing "Ctrl+m" again. 2
6 ] You can enter data for up to 10 different cases with up to 10 3
7 | different dilution factors. 4
3 The results shown in the green cells are based on the equations ]
g | shown inthe sheet "Equations” for information. 6
15 Please note that an MPN that falls into rarity category 3 is 7
1 1* unreliable and should not be used. P

| Examples corresponding to the first three lines of the three tables
12 in1s0 7218 are given in the sheet "Examples”. 9
13 10
14|
15 |[Name of experiment: Sample 17 RV
16 |Date of experiment: No. Name sD 95%
17 |Target organism: of case of case MPM logy MPN | log,q MPN Confidence Limits Rarity Index | Category
18 |Name of matrix: i case;
19 |No. of case: 1 1
20 |Name of case:
21 | dilution volume no. of no. of
22 factor inmlorg tubes positive tubes * dis the dilution ratio used for inoculating that series of tubes: i.e. 1.0 (undiluted). 0.1 (diluted 1 in 10), 0.01 (diluted 1 in 100), etc...
23 d* W n X = W, is the volume of the dilution added to each tube in that series
24 0.1 05 3 3
25 0,01 0.5 3 3
26 0.001 0.5 B 3

| Program dated 2010-07-14 | Fguations | Fxamples | (@ il

Figure A.1: Spreadsheet based MPN Calculator tool
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Appendix B

Relevant Code Listings

Each of the code listings here demonstrate a specific technique used within the machine learn-
ing pipeline developed for this TB culture classification application.

B.1 Feature extraction from well regions within an image of
a sputum culture assay plate

# apply the OR operator to get the white pixels using the mask
circle_image = rect_.image | rect_-mask

# get all pixel coordinates where value is 255
ind = np.where(circle_image==255)

# get the pixel values for those coordinates from the original
image — full 3 col or grayscale only?
sample = gray[ind]

Listing B.1: Use of masks to extract pixels within a well region

B.2 Extraction of image texture information within a well

radius = 3
o|# Number of points to be considered as neighbourers

no_points = 8 * radius

# Uniform LBP is used

lbp = local_binary_pattern (crop, no_points, radius, method=uniform’)

Listing B.2: OpenCV'’s LBP algorithm to obtain a comparison of pixel intensities of each pixel to it’s 24
neighboring pixels

B.3 Use of contours to create a rectangular region around a
well
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| def get_lbp (gray, ind):

hsv_mask = np.zeros(gray.shape, np.uint8)
hsv_mask[ind] = gray[ind]

_,thresh cv2.threshold (hsv_mask,1,255,cv2.THRESH BINARY)

contours = cv2.findContours (thresh ,cv2.RETR.EXTERNAL, cv2.
CHAIN_APPROX_SIMPLE)
X,y,w,h = cv2.boundingRect(contours [0])

crop = gray[y:y+h,x:x+w]

radius = 3

# Number of points to be considered as neighbourers

no_points = 8 % radius

# Uniform LBP is used

lbp = local_binary_pattern(crop, no_points, radius, method="uniform )
return lbp

Listing B.3: Use of contours to extract the bounding rectangle of a well on which texture analysis using

LBP is performed

B.4 Training the GMM classifier

clf = mixture.GaussianMixture (n_components=int (NNCOMP), covariance_type=’
full ', verbose=1)
g_pos = clf.fit(x_train)

Listing B.4: Use of the scikit-learn’s GMM classifier function to train the classifier for each class of

well, in this case for the positive class represented by g_pos

B.5 Inferencing using the results returned by the GMM clas-
sifier

# collect the features in a list
data = (sample, Ibp, hsv)

x_reduced = get_feature_array (np.array(data)[np.newaxis])
d = dict()

d[’P’] = g_pos.score_samples(x_reduced)

d[’N’] = g_neg.score_samples(x_reduced)

d['W’] = g_conden.score_samples (x_reduced)

d[’C’] = g_contam.score_samples (x_reduced)

label = str(keywithmaxval(d))
y_hat[key] = label
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Listing B.5: Scoring a test well with each of the 4 GMM models to select the class represented by the
model returning the maximum score
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