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Abstract

Point-of-care (PoC) technologies can immensely contribute to the healthcare system for a large
section of the population. These technologies can provide better patient-centric care, and hence
can increase the contribution to healthcare administration and overall economic growth. A
World Health Organization (WHO) report states that out of all member countries, the ratio of
physicians to the human population is 1:1000 in 44% of the countries, and the ratio is even
worse for developing countries like India, wherein, for a population of 10,189, there is only
one physician. In most countries, medical infrastructure is inadequate to cater to the needs of
the vast population. Hence, the need to explore a viable alternative to the central lab facilities
is enormous. PoC diagnostic systems, by virtue of being intelligent, accurate and portable; can
play an important role in making the healthcare system more patient-centric and affordable.

Based upon the technologies involved, sample handling mechanism and the form factor etc.,
PoC systems can be categorized in many groups. Paper-based PoC systems, that employ a
paper-based platform for sample handling, give an advantage over other PoC systems as they
are portable and cost-effective and can truly fulfil ASSURED criteria. However, paper-based
devices usually suffer low specificity and sensitivity at lower concentration values of analyte
due to minute variation in spectral values with changes in concentration. Also, subjective
interpretation of colors, even along with the color chart, differs from individual to individual
and requires perfect color vision. Replacing the visual inspections by a reader or sensor to
quantify these color changes can overcome these biases and may yield a better diagnosis. The
quantification can be performed by capturing the images of the test strips using the camera of
a smartphone which act as an analyzer, suitably integrated with the sensing platform. However,
different factors of ambient illumination conditions (color temperature of ambient light, angle
of incident light with respect to strip, distance of smartphone with respect to strip) and camera

settings (Field-of-view(FOV), Exposure)can change the colorimetric measurement. Camera



settings which are automatically adjusted to give an image with the best appearance can
significantly vary with the external illumination conditions and with smartphone make and
model. Also, even if the illumination conditions are made uniform using the delicate hardware
design; camera settings (Focus, exposure, Field of view (FOV)) of the smartphone; effectively
change the colorimetric values at the test strip. This thesis presents the smartphone-based PoC
system that estimates the concentration of the analytes in the urine sample by quantifying the
colorimetric changes in the test strips when the sample under investigation is introduced on to
it. In the present work, we have developed robust algorithms enabling the colorimetric
measurements independent of the variations in the ambient illumination and camera settings
parameters/conditions.

After image acquisition using a smartphone, the camera sensors of the smartphone can exhibit
different aspect ratios, which produce different resolution images. On the other hand,
smartphone camera settings such as Focus and exposure values can alter colorimetric values.
In smartphone cameras, autofocusing is achieved using contrast detection as a parameter, which
varies with ambient lighting and the background, as it detects the maximum intensity gradient
part of the image. Also, the image acquired using a smartphone can exhibit different brightness
values that correspond to the exposure of the camera and its shutter speed. The exposure value,
which varies from —EVmin (Exposure Value) to +EVmax, also varies with smartphone make and
model. Hence, even though the external hardware can mitigate ambient light conditions,
camera settings can alter colorimetric values and in this thesis, these problems have been
addressed. Further, to achieve the ASSURED criteria, a truly portable device for the low
resource settings, with minimum hardware requirements is very much desirable. Add-on
devices have the limitation of external hardware. Also, as the camera position changes with
smartphone models, the design of the add-on device needs to be changed with every

smartphone model. In this thesis, the limitation of external hardware has been addressed by



realizing an accessory-free, smartphone-based system for the quantification of the
microalbumin for kidney disease diagnosis. The proposed accessory-free system addresses the
parameters associated with the ambient illumination conditions (Color temperature, shadow)
and the smartphone variation, which was otherwise taken care of by the add-on accessory.

This thesis presents the algorithmic solutions for colorimetric measurement in two smartphone-
based settings: 1)add-on device and 2) accessory-free system. In the context of an add-on
device attached to smartphone, the effect of camera settings (FOV, Focus, and Exposure) has
been investigated for colorimetric measurement. A software framework is demonstrated for the
quantification of hormonal lines. After image acquisition using the add-on device, a multi-scale
template matching method has been introduced to acquire fixed resolution images, that
produce a fixed aspect ratio image for further processing. To achieve a fixed focus point on
hormonal lines, an algorithm was designed to achieve fixed focus point. Further, the fixed value
of exposure was achieved by designing an algorithm, where n number of images were captured
with different exposure values ranging from minimum to zero value of exposure and stored in
the database. Further, the strip area was segmented out from the image by localization using
the template matching method, followed by segmentation. A correlation value of 0.99 was
achieved on 300 patient samples using an add-on device. However to achieve the objective of
accessory-free colorimetric measurement, an accessory-free system for quantification of
albumin was designed and developed. A study was conducted to observe the effect of ambient
illumination (Color temperature, shadow, incident angle on strip) conditions and camera
settings (Focus and ISO) in ambient illumination conditions. The effect of the shadow of
smartphone on the strip is studied and a method was devised to compensate for its effect. The
smartphone camera with “Flash On” mode is used and the classification of nine different
concentrations of albumin is performed using machine learning classifiers (Logistic regression,

Support vector machine, Random forest). Here, certain color features were observed to be less
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invariant with ambient light conditions and smartphone models. An accuracy of 82% was
achieved in variable lighting conditions with three different smartphone models. Further, as
deep learning models have become more powerful in recent years, in this thesis, a customized
CNN model has been developed with few layers along with different color spaces to classify
all nine concentration values to get better accuracy. An accuracy of 88% was acquired in

different illumination conditions with three different smartphones.
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‘9’, 2 elements of class ‘0’ and 1 element of class ‘4’ were predicted
correctly.(b) shows confusion matrix for “Flash ON” data, where 7 out
of 10 classes; 2°, 3°, 4’, ‘5, “7’, *‘8” and ‘9’ were predicted correctly with
maximum class support size, also 2 elements of each class ‘0’ and ‘1’ and 1
element of class ‘6’ were predicted correctly.

Training and testing accuracy achieved using two smartphones; S1
and S2, and testing accuracy achieved using third smartphone S3 on
different feature sets.

Variation of intensity with albumin concentration ranges from C1 to
C10, “Flash ON” and “Without Flash ” condition. Images were
captured at 6 different incident angle to observe the effect of angle
variation on intensity values.

Variation in intensity values with different color channels in different
color temperature, (a) Without Flash, (b) With Flash.

Training and testing accuracy achieved using different classification

models; Support vector machine (SVM), and Random forest (RF) in
“Flash ON” and “Without Flash” lighting conditions.
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3.19

4.1

4.2

4.3

4.4

4.5

Multiclass classification confusion matrix along with the class support
size (colormap)obtained using Random forest classifier having true
label along y-axis and predicted label along x-axis labelled ‘0’ to “9°.
(a) shows the confusion matrix for “Without Flash” data, where 3
classes ; ‘3°, ‘5’,and ‘7’ were predicted correctly with class support
size greater than 20. (b) shows confusion matrix for “Flash ON” data,
where 4 out of 10 classes; ‘3°, ‘4’, °5°, and ‘8” were predicted correctly
with class support size greater than 20.

Training and testing accuracy (70-30 train-test split) achieved in color
temperature (6500K), and accuracy achieved in different color
temperature (3500K) using different feature sets.

Illustration of pipeline for quantification of albumin concentration.
Starting with an imaging acquisition setup to capture images of urine
dipstick, images acquired in “Without Flash” and “Flash ON”
condition. Further, RGB to different color space conversion and
implementation of CNN model, and classification of nine different
concentration value.

Image acquisition strategy in various exerimental conditions; Images
were acquired using all three smartphones in two lighting
conditions(6500K and 3500K) in “Flash ON ” and “Without Flash”
condition for all nine concentration values(4000mg/dL to 15 mg/dL).
Individual concentration values were imaged at different incident
angles having lux values ranges from 50 to 500.

Response of variable lighting conditions(3500K,6500K color
temperature and at five incident angles) captured in “Without Flash”
and “Flash ON” conditions on albumin sensor pad using three
different smartphone models.

Proposed method with customised CNN model for feature extraction
and classification of nine concentration values.

Classification accuracy achieved on nine different concentrations of
albumin using CNN model in with “Flash ON” and “Without Flash”
lighting conditions in individual color spaces; RGB,HSV,LAB and
YUV
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Classification accuracy achieved using CNN model in with “Flash
ON” and “Without Flash” lighting conditions in three different
combinations of color spaces on nine different concentrations of
albumin

Confusion matrix for multiclass classification using CNN model. “0”
to “9” values are showing the concentration values ranges from 4000
mg/dL to 15 mg/dL. Maximum class support size was achieved by
only concebtration value belongs to 1000 mg/dl.
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Evaluation results for the classification of albumin concentration using all
classifiers on “flash on” dataset in constant illumination condition.

Multiclass classification evaluation metrics using random forest classifier on
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Multiclass classification evaluation metrics using random forest classifier on
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CNN classification accurcay in variable incident angles with single
illumination source(6500K),and single sensor(S1).

CNN classification accurcay in variable incident angles with variable
illumination source(3500K and 6500K),and single sensor(S3).

Evaluation results for all nine concentrations using CNN model in variable
lighting conditions and with different smartphones
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LED
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ROI
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ANN
CNN
LR
SVM
RF
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World health Organisation
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Affordable, Sensitive, Specific, User
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