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ABSTRACT
Disease detection in rural areas of low-resource settings is

often hampered by a lack of accurate, convenient and af-

fordable diagnostic tests. This paper presents research fo-

cused on the design and analysis of software used to diag-

nose immunoassay tests on a mobile device. The tests are

paper-based and therefore cheap and appropriate for use in

developing regions. Further, the software is simple and in-

tuitive to use and would not require a health worker to have

prior training. The developed Android application allows a

user to first take a photo of an immunoassay test. The image

of the test results is then processed using computer vision

algorithms run on the mobile device. The mobile applica-

tion then produces an objective and automated diagnosis of

the immunoassay test at the point of care.
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1. INTRODUCTION
Infectious diseases account for more than 50% of deaths in

developing countries worldwide [1] . Detection of these dis-

eases in rural areas, however, is often hampered by a lack

of diagnostics tests that are accurate, a↵ordable and con-

venient [2]. Tests routinely administered in well-equipped

clinical laboratories are often expensive, complicated and

require trained professionals; consequently, these tests are

not appropriate for low-resource settings [3, 4].

The Yager laboratory at the University of Washington has

developed a device to be used at the point of care to diag-

nose infectious diseases. This device is shown in Figure 1.

Termed MAD NAAT, short for multiplexed autonomous dis-

posable nucleic acid amplification test, the device uses a

combination of cell lysis, isothermal amplification and lat-

eral flow to determine the presence of a particular pathogen.

These tests will be paper-based (therefore inexpensive to

produce), portable, and reliable. Further, in developing

countries where clinics often have low patient return rates,

this point-of-care device will provide an immediate diagno-

sis to health workers. The result of a test is indicated by

the presence, absence and intensity of a series of colored

lines. To produce a diagnosis, these lines must be inter-

preted. This critical task, however, requires an evaluation

of the intensity profile, location, and color of numerous lines.

Left to the human eye, a subjective or inaccurate diagnosis

could be developed. Therefore, a health worker should not

visually interpret the test results. Mobile phones can, in this

situation, be appropriate tools to automate the interpreta-

tion of these test results. Phones are portable, durable, and

generally have built-in cameras; as the price of smart phones

continues to decrease, they are increasingly becoming a vi-

able tool in low-resource environments [5].

This paper presents a mobile application as an accurate and

reliable means of disease diagnosis. It describes the devel-

opment process and implementation of the software as well

as its evaluation.

2. PREVIOUS WORK
This research presented in this paper combines image pro-

cessing on mobile devices with the analysis of diagnostics

tests. In the commercial sector, software with a similar di-

agnostic purpose has been developed by FIO Corporation.

The Deki Reader, a solution they have created, interprets

rapid diagnostic tests and manages the data for multiple pa-

tients at a time [6]. The company, however, requires all users

to purchase their Deki Phone, Deki Reader, Deki Tablet or

Spiki (a device similar to a computer) [6]. This would mean

that health workers would be restricted in the devices they

could use. Additionally, the FIO Corporation requires use

of their cloud-based services that have recurring fees; this

model would not be ideal in developing regions. The soft-

ware we are developing works on any device with an Android



Figure 1: Current MAD NAAT prototype of the

point-of-care device.

system. Further, it is open-source, which allows individuals

throughout the world to use the software for free and cus-

tomize it to their specific needs.

Similar research has been conducted within the field of human-

computer interaction in the past. Mudanyali et. al devel-

oped a smartphone-based rapid-diagnostic-test reader plat-

form [7]. The device examines various lateral flow immunoas-

says to examine the presence of a target analyte in a sam-

ple. The researchers plan to use the technology for diag-

nostic purposes. The process of analyzing tests consists of

capturing a raw image, digitally processing it on a phone

and developing a diagnosis based on their algorithms. This

technology, however, in addition to a cell phone requires ex-

ternal devices that include: a plano-convex lens, three LED

arrays, and two AAA batteries [7]. This requirement in-

creases the overall cost of the technology and would require

health workers to purchase addition external hardware for

basic functionality of the software. Additionally, relying on

external hardware is disadvantageous because it increases

the likelihood that a component could be lost or broken.

Over the past decade, a larger focus has been placed on

the development of point of care diagnostics. Microfluidic

disposable tests, such as lateral flow strip and immunochro-

matographic strip (ICS) tests have been among the few diag-

nostic technologies to be successfully used in the developing

regions [8]. This is, in large part, because of their use of

low cost, o↵-the-shelf components and reagents. Most im-

portantly, these tests have proven to be comparable to their

equivalent laboratory methods [4]. The company Skannex

performs similar work to that described in this paper: they

use a cell phone as a device to capture the results of a lateral

flow assay [9]. The image taken is sent to a remove server to

be analyzed and then sent back to the phone. This model

is not, however, appropriate for low resource settings, where

connectively is not always possible.

Recently, there has been a larger emphasis on the devel-

opment of paper-based microfluidic devices because of the

extremely low cost of paper. These devices utilize the wick-

ing properties of paper and use the capillary action within

Figure 2: Unprocessed image of test strips

the paper to move fluids that perform the tests. Previous

work in the Yager lab has demonstrated the capabilities of

two-dimensional paper networks to perform a complex se-

quence of chemical processes to detection. Previous work in

the Yager lab has also made use of mobile phones for the

quantification of these tests. Work performed by Stevens

et al. involved the use of an iPhone to capture video of

a time dependent colorimetric IgM immunoassay over time

[10]. Although the video was not analyzed directly on the

phone, but rather in MATLAB, a mobile phone was used to

capture footage of the test over time.

Previous work in the Borriello lab has been conducted from

a computer systems perspective to determine whether cells

phones could be used as a reliable device to analyze im-

munoassay tests. This research examined the speed and

accuracy of cell phones applications to analyze immunoas-

say tests [11]. The processing rate of various Android devices

was examined as well as their analysis capabilities compared

to reliable computer software such as MATLAB [12].

3. DEVELOPMENT PROCESS
The development of the mobile application was an iterative

process and was divided into two main phases: determining

the location of four fiducial markers and using these loca-

tions to orient the image, and honing in on the location of

the test strips. These algorithms were initially developed

in MATLAB, which provided a suite of data visualization

functionality, and then implemented on a mobile device us-

ing OpenCV, an open source computer vision library. Sepa-

rating the development process into two phases allowed for

quick prototyping of the algorithm prior to the implement-



Figure 3: Examples of invalid photos

ing it on a phone.

3.1 Determining locations of fiducial markers
Each immunoassay test has four fiducials markers (one on

each corner), a set of color standards, two test strips, and a

QR code. When an image is taken with a mobile device the

positioning of the camera may fluctuate from one image to

the next. Therefore, the location of the test strips, QR code,

and color standards may not always be at a constant posi-

tion in the photo. The primary purpose of the first phase

was to develop an algorithm to locate the four fiducial mark-

ers so that the image could then be orientated and further

processed.

3.1.1 MATLAB implementation
Given that the MATLAB implementation was done on a

computer, the images of the test strips were captured first

using a mobile device and then downloaded onto the com-

puter to be processed. Using these images as an input to the

program, the first portion of the algorithm roughly cropped

the image. Figure 2 displays the image prior to any pro-

cessing. For an image to be considered valid, the test strips

should be roughly centered. Therefore, the edges of the im-

age were first cropped out. Next, the green color channel of

the image was examined. Given that the four fiducials are a

dark blue, examining the green color channel is the most ap-

propriate. Using this processed image, the MATLAB func-

tion imfindcircles was used to determine the location of

all circles with a radius between 10 to 20 pixels. Based

on the outlines returned from imfindcircles, the function

viscircles was used to create full circles. Often, the func-

tions return false positives; therefore, the circles were then

run through an algorithm that selected the four fiducials

that were most likely to be the fiducials. This is determined

by the intensity of the circle, distances from each other, and

size of the circle. This algorithm is attached in Appendix A.

Once the location of the fiducials were determined, a rect-

Figure 4: Layout of tests

angle was created encompassing the test strips and areas of

interest. Based on the size and shape of this rectangle, the

image was then transformed using imtransform. Since the

test strips at placed on the box on at a 15 degree angle, this

transformation was necessary.

3.1.2 OpenCV implementation
The fiducial finding algorithm was implemented using naive

Android. The image processing components utilized the

C++ capabilities of the OpenCV library. The implemen-

tation outline in OpenCV was extremely similar to the im-

plementation in MATLAB described above. The fiducials

were found using Canny to detect edges and findContours

to find and draw contours around the fiducials.

3.1.3 Limitations
Figure 3 displays images taken with a mobile device that

would be considered invalid. The image in the top right is

blurry. As a result, the camera could not accurately process

the test strips. The image in the top left has a missing

fiducial. This may have been caused by misalignment of the

test strip window. Without all four fiducials in sight, the

fiducials cannot be used to align the image and the image

would be considered invalid. The two images in the bottom

row display conditions in which light glare and shadows hide

one or more fiducials. Although varying light conditions are

controlled for with the color standards, shadows and light

glares that result in a fiducial being hidden cause the image

to be considered invalid.

Although the four fiducials may have been accurately lo-

cated, often the imtransform function in MATLAB would

not properly transform the image. This is most visible in

Figure 4, where the image is warped because of the angle

that the image was taken at. Since the image is angled, the

processing and analysis may be inaccurate. Therefore, ad-

ditional work may be required to ensure that the image is

always su�ciently warped.

3.2 Processing test strips
The second phase of this research was to determine the lo-

cation of the test strips and process the test strips to de-



Figure 5: Plot profile of a test strip. Demonstrating

need for background subtraction.

veloping and analyze their intensity curve. To account for

changes in lighting, the intensity of the test strips was nor-

malized by using the color standards. Visible in the top left

corner of Figure 4, four color standards were used for each

image to normalize the intensity of the test strips. The four

color standards represented 100%, 66%, 33%, and 0% of the

darkest intensity of the visible red capture line. The anal-

ysis of the test strip intensity on the phone was required

to provide users of the mobile application with an accurate

diagnosis.

3.2.1 MATLAB implementation
The MATLAB implementation in phase 2 built onto the

functionality developed in the first phase. Once the locations

of the four fiducials makers were determined, the locations

of the test strips and color standards were found in reference

to the fiducials. Once the locations of the test strips were

determined, areas of interest similar to those shown in Figure

3 were displayed onto the image for the user. The intensity of

the test strip was then examined. Specifically, the intensity

in the green color channel was first normalized using the

color standards; the average normalized intensity in the x-

axis was plotted along the y-axis to generate intensity curves

for each test strip.

The intensity curve was further processed by using back-

ground subtraction. This was done using polyfit and sub-

tracting the values returned from the function with the orig-

inal plot profile. The intensity curve was then processed to

determine metrics to quantify the curve. These quantifica-

tion metrics are further described in the discussion section

of this paper.

3.2.2 OpenCV implementation
As with the previous section, the algorithm to process the

test strips was implemented using native Android and the

OpenCV library. The locations of the intensity strips were

determined using their relative locations to the four fidu-

cials using rectangle. The values of the test strip along

the y-axis and averaged in the x-axis in the red, green, and

blue color channels were saved to an output text file. The

normalized and raw values into a comma separated list on

the device.

3.2.3 Limitations
When normalizing the test strips, the following equation was

used:

RawIntensity � LightColorStandard

DarkColorStandard� LightColorStandard

This equation, however, only utilized two out of the four

color standards. This method therefore assumed a linear

relationship and could be ameliorated by including all four

color standards to generate a more accurate normalization

curve.

The intensity curve in Figure 5 depicts the intensity in the

green color channel of a strip averaged in the x-axis and plot-

ted along the y. The need for background subtraction is clear

since the intensity progressively increases as the y-position

does. This may likely be due to lighting conditions because

of the flash as well as the 15 degree angle the box is tilted

at. These may cause light to reflect of the box in a way that

results in di↵ering intensities of the background. For this

reason, background subtraction is important to eliminate

the changing background and develop an accurate intensity

profile of the test strip.

Figure 6: A screenshot of the mobile application

3.3 User Interface
The user interface for the application was simple: there were

two main screens. The first was the home screen for the ap-

plication and allowed the user to either select an image from

either their gallery or take a new image using the phone’s

built-in camera. Based on their selection, the gallery or cam-

era were opened for the user to select or choose an image.

Once this image was chosen, it was processed using the algo-

rithms described above and the processed image was shown

to the user. Although this model may not be suitable for

the final software, this version, which is showed in Figure 6,

allowed the user to determine whether the image had prop-

erly being processed. In the final version, it may be suitable

to simply tell the user whether their image was valid or not

- rather than show them details about the processed image.



4. EVALUATION
4.1 Procedure
After developing and processing the intensity profile for each

test strip, the curves were analyzed. To develop the intensity

curve, the average intensity in the x-axis was calculated and

plotted along with the y-location at which it was averaged.

Since the colors of the test strips were known to be vary-

ing intensities of red, the green color channel was examined

when processing the images. Examples of intensity curves

are shown in Figure 5 and 7. To develop a quantification

curve, 20 images were taken of test strips with 0, 0.1, 0.5

and 1.0 µL of gold nanoparticles. These images were taken

using a Samsung Galaxy Nexus that was running Android

4.2.1. The phone had a dual core 1.2 GHz CPU, 1GB RAM,

16GB SD card and a 5 MegaPixel camera. To create these

test strips, varying amounts of streptavidin-gold nanopar-

ticle beads were flowed across a biotin control line. Equal

amount of capture probe (biotin), which bonded with the

nanoparticles, was used for each experiment. Five images

were taken of each test under both light and dark lighting

conditions for a total of 20 images. These images were then

processed by the algorithm which located the fiducials, color

standards, and test strips. Out of the 20 images, the algo-

rithm correctly processed 18 of the images. In the two cases

in which the algorithm was not able to accurately do so,

it incorrectly categorized a square within the QR Code as

a fiducial; this resulted in the algorithm not being able to

locate the test strips.

4.2 Quantification Methods
The intensity curve for each of the images that was suc-

cessfully processed was saved onto the mobile device. To

examine quantification metrics, the data was then analyzed

in Excel. While the intensity curve of strip with 1.0L of gold

nanoparticles, as shown in Figure 5, was noticeably di↵er-

ent than that of a strip with 0.1L of gold nanoparticles, as

shown in Figure 7, a consist metric to determine the limit of

detection and a quantification standard for both was impor-

tant. Three methods to quantify the curve were analyzed:

the minimum value of the curve, the area under the curve

using a pre-defined value, and the area under the curve using

the minimum value of the curve.

4.2.1 Minimum value of the curve
The first quantification method that was analyzed was using

the the minimum value of an intensity curve. Although a

simple parameter, when an intensity curve was created plot-

ting the amount of gold particle to minimum value, it gener-

ated a linear quantification curve with an R

2 value of 0.962.

While this implies a correlation between the minimum value

of the curve and the amount of gold nanoparticles, the im-

ages that were used to gather the data are considered “idea”

images. If the image contained significant noise that resulted

in a sharp peak elsewhere in the curve, this could have re-

sulted in an inaccurate quantification using this method. A

Figure 7: Intensity profile of a test with a small

amount of gold nanoparticles.

limitation of this technique is that minimum value of the

curve of one image may change from one image to another.

This can be seen in Figure 8 which plots the intensity curves

of multiple images of the same test strip. The variation in

the curves may be as a result of a few di↵erent factors. The

first may be changes in the background of the test strip;

this error could be reduced by background subtraction. The

second, may be because of non uniformity in the test strip

intensity because of the nature of lateral flow tests.

4.2.2 Area under the curve using a pre-defined value
The second quantification method that was analyzed was

the area under the curve using a predefined value as the

limit of detection. This quantification method is ideal when

working with tests that have a known limit of detection. As

can be seen in Figure 7, for curves at the lower end of the

intensity spectrum, recognizing the presence of the curve

may be more challenging.

4.2.3 Area under the curve using the minimum value
The last method of quantification that was examined was the

area under the curve using the minimum value of the curve

to determine the limit of detection. To define the region of

interest, the minimum point on the curve was found; the

area ten pixels to the left and ten pixels to the right were

then used as boundaries to calculate the area under the curve

in that region. This method would eliminate sharp peaks in

the curve that could have been created by either noise or

error because of shadows or dust in the image.

5. FUTURE WORK
Although the algorithm works well when given a “good” im-

age, there is still work to be done to improve it’s robustness.

To reduce the chance of a false-positive fiducal in the QR

Code, the background color of the QR code could be changed

to blue. When the algorithm then searches for the blue fidu-

cials in the red color channel, the entire QR code to turn

dark when examined in the red color channel as shown in

Figure 9. To see solely the QR, the blue color channel could

then be examined. While this may increase the accuracy of

the algorithm, it may cause the QR Code to be unreadable



Figure 8: Variation in the intensity curve of an in-

dividual test strip with multiple images.

Figure 9: Future work to eliminate errors in the

fiducial finding algorithm.

at times. Future work should be done to determine whether

this is a viable model.

Additionally, it is known that the test strip line may not

always be symmetrical. For this reason, a average of the

intensity in the x-direction is not ideal. To develop a more

realistic intensity curve of the line, future work could exam-

ine the raw intensity data before the averaging is done.

6. CONCLUSIONS
The primary purpose of this research was to develop and

analyze an Android application that enables the diagnosis

of paper-based tests on a mobile device. The software took

an image of a test result, found the locations of interest

and determine the intensity curve of the test strip. This re-

search examined a variety of quantification algorithms. Of

the quantification methods analyzed, integration of the area

under the curve using the minimum value of the curve to

determine the limit of detection was discussed as a robust

method that could be used to determine an automated di-

agnosis of the immunoassay test at the point of care.
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