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Highlights

e Smart-phone based diagnostic methods are being developed for disease detection.

e EXxisting assays require external smartphone hardware to obtain quantitative results.
e Development of a new method to record short video followed by feature extraction.
e Developed method enables point-of-care colorimetry with lower limit of detection.

Abstract

Point-of-care (POC) tests often rely on smartphone image methods for colorimetric analysis, but the
results of such methods are frequently difficult to reproduce or standardize. The problem is aggravated
by unpredictable image capture conditions, which pose a significant challenge when low limits of
detection (LOD) are needed. Application-specific smartphone attachments are often used to standardize
imaging conditions, but there has recently been an interest in equipment-free POC colorimetric analysis.
Improved output metrics and preprocessing methods have been developed, but equipment-free
imaging often has a high LOD and is inappropriate for quantitative tasks. Additional work is necessary to
replace external smartphone attachments with algorithms. Towards this end, we have developed a
video processing method that synthesizes many images into a single output metric. We use image
features to select the best inputs from a large set of video frames and demonstrate that the resulting
output values have a stronger correlation with laboratory methods and a lower standard error. The
developed algorithm only requires 20 seconds of video and can easily be integrated with existing
processing methods. We apply our algorithm to the NS1-based sandwich ELISA for Zika detection and

show that the LOD is two times lower when our video-based method is used.
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1. Introduction

A critical component of any point-of-care (POC) diagnostic system is the evaluation stage. Once a test for
an analyte has been developed and can be practically administered under POC conditions, the test must
also be evaluated with the same limitations. Conventional laboratory equipment is usually too
infrastructure-dependent, bulky, or expensive to be well-suited to resource-constrained settings. This
poses challenges for tests that require precise measurements, making the measurement system a

limiting factor for POC detection and quantification.

Smartphones have been identified as a solution to the measurement problem because they are easily
accessible and contain sophisticated sensors that can transmit data in real time from nearly anywhere in
the world [1]. The smartphone camera has found applications in microfluidics [2], microscopy [3], and
the evaluation of paper-based devices [4]. Since many assays produce a colorimetric response, cell
phone imaging has emerged as a common method of smartphone-enabled POC evaluation. Quantitative
colorimetric applications remain difficult to develop, but a wide variety of chemical and biological
analytes can still be detected qualitatively. These include HIV [5] , tuberculosis [6], water-borne
pathogens [7], environmental mercury contaminants [8] [9], chlorine concentrations [10], and trace

guantities of explosive materials [11].

Smartphone cameras capture the image as a set of red, green, and blue (RGB) image channels, which
must be processed to obtain a single output measurement. Regardless of the analyte, most analysis
methods compute the mean pixel intensity (MPI) of the RGB channels within a region of interest (ROI) in
the image. Some processing algorithms use colorspace transformation, while others use the RGB
averages [12] [13] or function of RGB values [14]. In either case, the analysis depends on the existence
of a relationship between RGB values and the concentration of an analyte. The method has shown good

agreement with the absorbance readings from a visible-light spectrophotometer and is therefore useful



for a wide range of bioanalytic applications [15]. Linear regression models have been used to calibrate
the MPI response to an absorbance curve, with acceptable results under controlled conditions [16]. The
regression model must have a sufficiently high correlation and low standard error in the target range for

the MPI method to detect the target [17].

Unfortunately, imaging conditions can dramatically affect the validity of the analysis. If the image is
taken at the wrong angle or the subject is out of focus, the analysis may fail. A variety of factors can
interfere with the relationship between MPI values and the target. In some cases, the relationship may
completely disappear. The readout can be compromised by reflections and glare [18], the separation
distance and angle between the camera and sample, ambient light variations [19], the size of the ROI,
and even the location of the ROl in the image [20]. Since smartphone cameras are optimized for
consumer applications rather than scientific imaging, they apply automatic focusing and white-balance

algorithms that complicate the problem [21].

This issue has already been addressed using smartphone attachments [22]. Such attachments provide
constant illumination [18], standardize image capture conditions, and significantly improve the
characteristics of the image [23] [24]. With high-quality input data, algorithms can achieve repeatable
results and low limits of detection (LOD). Although attachment-free methods are more accessible and
cost-effective, external equipment is often needed to meet performance specifications because
equipment-free methods suffer from repeatability and standardization problems. To contend with
methods that rely on hardware, they require advanced processing methods that are robust to image

capture conditions and can handle low-quality input data.

Recent efforts have focused on the measurement challenges associated with equipment-free imaging
[25]. It is desirable to eliminate the lighting box or attachment and replace it with better analysis

methods, if possible. While lighting boxes and smartphone attachments are low-cost, they tend to be



bulky, fragile and difficult to transport. Software, on the other hand, can be duplicated and distributed
instantly at essentially no cost. Therefore, there has been a search for output metrics that are reliable
under a wide variety of image capture conditions. The ROl median has been explored as an alternative
to the MPI, as it is completely immune to limited amounts of discoloration [26]. MPI ratio metrics are
extensively used to achieve a form of standardization between different imaging environments [10], and
colorspace transformation has yielded good results for color-change assays [25]. The CIE 1931
chromaticity space [25], HSV hue channel [26] [27] [28], HSV saturation channel [29] [30] and grayscale
intensity [15] have all been used as alternative metrics. These methods work because they combine the
raw RGB values in ways that decouple the MPI from interfering factors [29]. Preprocessing algorithms
have also been developed to reduce the effect of certain factors. For instance, a Fourier bias correction

algorithm can remove the effect of uneven illumination at the expense of MPI dynamic range [31].

However, performance is still dependent on a variety of factors whose effects cannot be completely
removed from single images using algorithms. Undesirable interference due to experimental conditions
can cause snapshot-based results to be unpredictable. This factor has been identified as one of the most
fundamental challenges for smartphone image-based colorimetric measurements [20]. Lighting boxes
and smartphone attachments are indispensable because they remove detrimental factors from the
algorithm input. However, the fact that specific problematic factors have been identified suggests that it
may be possible to reliably differentiate between images that contain useful data and those that do not,
even when a lighting box is not used. Given a large set of images, a classification algorithm could act as a
virtual light box and select the best inputs for the processing algorithm, improving the quality of results
when specialized equipment is not available. More importantly, this method could reject images with
bad capture conditions. Such an algorithm would also be able to provide users with instant feedback on

the measurement, allowing them to improve conditions if needed.



To the best of our knowledge, smartphone videos have not been considered for this purpose, even
though they offer the ability to collect a large set of high-resolution images. Smartphone videos have
been used to measure the rate of a chemical reaction, but have not been applied to tests that require a
single measurement [32]. However, video data includes temporal information about imaging conditions,
allowing time-dependent variations to be identified even for single endpoint measurements.
Furthermore, analysis of a large collection of images may be more accurate than the unpredictable
results of single image analysis. Here, we investigate the use of smartphone video to obtain the best
possible set of input data. We track the correlation and standard error of a typical calibration dataset
over several thousand video frames and examine the factors that influence performance. In addition, we
develop image features that can identify problematic image capture conditions. We use the features in a
classification algorithm to reject low-quality input frames and we show that the algorithm can halve the

LOD of a smartphone evaluation scheme for the NS1-based Zika sandwich ELISA.

2. Materials and Methods

2.1 Data Collection

Calibration data for modeling and feature engineering was obtained using serial dilutions of an HRP-
antibody conjugate. Specifically, anti-HIV-1 p24 antibody was conjugated with horseradish peroxidase
(HRP) and serially diluted in a standard 96-well plate. Absorbance values were measured using a
spectrophotometer (Molecular Devices) at the 450 nm wavelength to obtain a gold standard

measurement method for data modeling purposes.

We recorded images and videos of the 96 well plate using the iPhone 6S camera and the default camera
app. The resolution of the images and videos were both set to the ultra-high 4K resolution option
(2448x3264). We captured images and videos according to established guidelines for the image capture

conditions [31]. Videos were also recorded under a wide range of conditions. We included frames taken



at angles ranging from 45 degrees to 90 degrees, and we obtained frames at a variety of distances to the
sample. We introduced automatic white-balancing and blur by refocusing the image to an area away
from the 96 well plate. In all, we captured 14 images and 10 videos comprising 7,635 video frames at 60
frames per second (FPS). The videos were processed using a custom video frame classification and

analysis algorithm (Figure 1).

2.2 Video ROI Extraction and Tracking

The 96 ROIs (one ROI per well) were manually tagged on a computer using a custom cross-platform
analysis program implemented with Python and OpenCV. The program offers a user-friendly GUI, and a
skilled user can mark all 96 ROIs in under a minute. This method can easily be extended to a smartphone
interface that allows the user to tap on ROI centers, with no loss of functionality. Automatic extraction

methods are also possible using colored templates or special markings on the plate.

However, it is impractical to manually extract ROIs from each frame. A 5 second video at 60 FPS will
have 300 frames, requiring over two hours of manual data entry. Likewise, automatic ROl extraction
may be too expensive to compute for each frame on the smartphone. Therefore, we developed an

algorithm to track ROIs from frame to frame throughout the video, given a set of initial coordinates.

We used Shi-Tomasi corner detection to obtain a set of corner points, and we computed the Lucas-
Kanade optical flow for each point. Each frame of the video, we updated the location of the ROI centers
using the ten nearest corner points. Using the sparse optical flow of the image, we found the distance
each corner point had traveled since the previous frame. We moved the ROl center by the mean
displacement of the ten nearest corner points. Although the method worked well for short videos, the
ROI centers began to drift after several hundred frames and for fast-moving video content. Therefore,

we also manually updated the ROI center locations when necessary. Using OpenCV, we overlaid the



video with the ROI boundaries to ensure that there was no drift and that the algorithm correctly

extracted the 96 wells for all video frames.

2.3 Frame Features

We developed a set of image features to identify and reject blurred images, images with excessive
white-balancing, and images that may have other issues including glare and reflection. Features were
designed manually rather than with automatic statistical or machine learning methods. We designed the

features to detect imaging conditions that previous studies have identified as problematic [18] [19] [31].

2.3.1 Laplacian Blur Metric

We rejected images where the ROIs were out of focus because the signals from adjacent ROIs can
overlap in a blurry image. Blurred images also pose problems for ROl extraction and for the ROI tracking
algorithm. Problematic images can be identified using the variance of the Laplacian of the image [33],
which we refer to as the Laplacian blur metric (LBM). If the image has no sharp edges and is out of focus,
then the Laplacian blur metric will be low (LBM < 10). Higher blur metric values indicate a sharper
image. We computed this feature only for the area of the image occupied by the 96 well plate. Other
undesirable parts of the image may be in focus even when the 96 ROIs are not, artificially raising the

variance of the Laplacian.

2.3.2 ROl Variance

To detect images with glare, reflections, or suboptimal ROls, we considered the pixel intensity variance
as a feature. Glare and reflections can cause part of the ROI to be discolored and have abnormally high
intensity, while off-center ROIs contain pixels from regions of the image that should not be measured.
Images taken at an oblique angle often include undesirable refractions from edges of the microfluidic

chip, 96 well plate, or POC device.



When included in a ROI, glare and reflections introduce multimodality, increase the range of pixel
values, and artificially shift the MPI value. These features will therefore increase the variance of the pixel
intensity histogram within the ROI. We computed the maximum variance of all ROls in a frame for the

ROl variance feature.

2.3.3 First Difference of the MPI

Automatic white-balancing causes a vertical shift in pixel intensity values, making it difficult to compare
MPI values from image to image. Images that are improperly white balanced will require bias correction
and the results will suffer from a reduced dynamic range [31]. Image burning effects, where the image
appears washed-out and the dynamic range is affected, have also been reported due to glare and
improper white balance conditions [18]. To detect issues with white balancing, we took the first
difference of the blue MPI over time. If the MPI values in one frame have changed significantly since the

previous frame, then magnitude of the first difference will be large.

2.3.4 ROI Analysis

For the Anti-HIV-1 p24 dataset, we captured images and videos under diffuse indoor lighting provided by
white fluorescent overhead lights. We analyzed the images with the MPI of the RGB blue image channel.
This value is computed as the arithmetic mean of all pixel intensities in the blue channel of the ROI. MPI
and absorbance have an established linear relationship for sufficiently small absorbance values (OD < 1),
which is also the most common absorbance range for bioanalytic applications [16]. Therefore, we
performed linear regression to determine the relationship between the 96 MPI values and the
SpectraMax spectrophotometer (Molecular Devices) output at 450 nm for each image and video frame.
We computed the Pearson product moment correlation coefficient and the standard error of the

regression line for each frame.



We also computed the image features for each frame to investigate relationships between the features
and quality of the calibration data. We rejected frames with a low blur metric (LBM < 10) and high ROI
variance to obtain a high-quality subset of the video frames. The blur threshold was found by noting the
point at which manual ROl identification became difficult. For the variance threshold, we rejected
frames with a value greater than 25% of the maximum variance in the entire video. We found 96 MPI
time averages by computing the mean of the MPI values from all selected frames. Since the sample sizes
of each ROl were the same, the time average is equivalent to the grand mean of all pixel values within
the ROI for every frame. We also found the 96 ROI time averages for the entire video, for comparison

and to determine whether frame averages can improve performance.

2.3.5 Algorithm Validation

To demonstrate the practical applications of our system, we evaluated the standard Zika NS1-based
sandwich ELISA with the smartphone algorithm. The ELISA procedure runs to completion in under 2

hours. The full procedure, including sample preparation, is as follows.

Mouse anti-Zika NS1 monoclonal antibody (BioFront Technologies) was diluted 2 pg/mL concentration in
carbonate/bicarbonate buffer (pH 9.6) and incubate overnight at 4° C after adding on a 100ul on each
well on a 96 well plate (Greiner cellstar). After 3x washing with PBS (pH 7.4) the plate was blocked with
200 ul of SuperBlock™ T20 (TBS) blocking buffer (Thermofisher) on each well and again incubated
overnight at 4 o C. 100 ul of different concentration of ZIKV NS1 antigen (BioFront Technologies) and
control was added after 3x rinsing with PBS (pH 7.4) and incubated at room temperature for 2 hours.
100ul of HRP-labeled Anti-Zika NS1 monoclonal antibody (BioFront Technologies) diluted (1:1000) in
PBST+3% BSA was added on each well, incubated for 1 hour at room temperature followed by 3x
washing with the PBS (pH 7.4). 100 uL TMB (Thermofisher) was added and waited until the blue color

was generated and the reaction was stopped by adding H,SO.. The OD values were obtained using
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SpectraMax microplate readers (Molecular Devices) at a wavelength of 450 nm. Smartphone images and
videos were obtained using the iPhone 6 under a variety of lighting conditions. In addition to the
fluorescent overhead lighting in the lab, images and videos were also captured outdoors under
completely uncontrollable imaging conditions. The limit of detection for the NS1 protein was computed

using the standard deviation of the blanks, with a sufficiently large number of frames (n > 500).

3 Results

We prepared a 96 well plate with multiple dilutions and imaged it using a smartphone. No external
equipment was used, and we captured images and videos under a wide range of image capture
conditions (Figure 1). We found that imaging conditions to analyze the colorimetric assays can vary even
over the course of a few seconds of video, adversely affecting our MPI analysis. We observed an
improvement in performance when we used the average from multiple frames, with an additional

improvement from our frame selection algorithm.

Even when images visually appear similar, MPI analysis can yield substantially different results. Figure 2
illustrates that two images taken under similar conditions can have different MPI analyses. Images A and
B were taken under the same lighting conditions but with different separating distances to the plate.
The standard errors are approximately the same, but the dynamic range and correlation from Image B
are nearly double the range and correlation from Image A (Figure 2). A dynamic view of this behavior
can be found in Supplementary Videos 1 and 2, which overlays the correlation, standard error, and

scatter plot on top of the ROI extraction video.

The Laplacian blur metric (LBM) and peak ROl variance had a clear association with the correlation and
standard error of the regression line for each frame. Figure 3 shows a plot of our image features and the
MPI analysis parameters over time. Video A was taken without interference, while video B was

subjected to white-balancing and blur. We induced these effects by refocusing the camera away from
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the 96 well plate after one, five, and nine seconds of video. For the first 16 seconds of video A, the
camera was moved vertically toward and away from the plate. The remainder of video A was taken

under approximately constant conditions.

In both videos, changes in variance and LBM were associated with changes in the correlation coefficient.
The ROl variance increased within the majority of the 96 wells for substandard imaging conditions
(Figure 4). The first difference also had a relationship with the predicted video characteristic, with peaks
that aligned with the white-balance and blur events in video B (Figure 3). Such events were not present
in video A, where the first difference had a relatively small absolute value. Dynamic range was also an
important difference between video A and video B. The frames with the highest correlation in video A

had an MPI range of 60, while the highest correlated frames from video B had an MPI range of 45.

Figure 5 shows the results of our classification algorithm with video A (top), video B (middle), and a third
video taken with an off-center 96 well plate (bottom). Although some frames were improperly classified,
the algorithm typically selected frames with the highest correlation and lowest standard error. In video
A, accepted frames (n = 1225) had an average R? of 0.92 (s = 0.02) while rejected frames (n = 1038) had
an average R? of 0.85 (s = 0.03). For video B, acceptances (n = 50) had an average R? of 0.87 (s = 0.05)

while the rejections (n = 623) had an average R? of 0.31 (s = 0.26).

The set of 96 time-averaged ROIs had a higher correlation than the set of 96 ROIs from most of the
individual video frames (Figure 5). Two sets of frames were used to compute the time-averaged MPIs:
the entire set of frames and the set of selections from the classification algorithm. Although the selected
frame set did perform better in all tests, the difference was small for videos without white balance or
blur issues. However, videos with blurry conditions benefitted significantly from the classification

algorithm. The correlations of the time-averaged MPIs are shown as dashed red lines in Figure 5.
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Because the time-averaged MPIs outperformed most of the individual frames in terms of standard error,
we investigated the distribution of MPI values over time. We found that MPI values were not constant
throughout the video, even for constant imaging conditions. Instead, the MPI values from each frame
form a distribution with a central tendency, offering one possible explanation for the performance

improvement when using time-averaged MPI values.

The frame selection step also improved performance, particularly for unpredictable image capture
conditions (Figure 6). The MPI value from a single well of the 96-well plate can change dramatically over
the course of an entire video, resulting in a relatively high LOD of 35.5 ng/ml for the NS1-based
sandwich ELISA. When the frame selection algorithm is used, the LOD drops to 16 ng/ml. The MPI values
from each video frame do exhibit a central tendency, but variable image capture conditions introduce
outliers, resulting in a high interquartile range (IQR) when the classification algorithm is not used. The
IQR of the classifier output is nearly four times lower for unpredictable conditions but remains the same
under constant fluorescent indoor lighting. The IQR is represented as the height of the shaded box, and
the decrease in variance can be seen directly from the boxplots in Figure 6. It is important to note that
the error bars in Figure 6 represent the 2" and 98" percentile of the data and that 50% of the results lie

within the box.

4 Discussion

We found that the correlation, standard error, and range of the response are directly affected by factors
during image capture, even for images that are taken under similar conditions and look the same. Since
these parameters are directly related to the LOD and quantification performance, MPI analysis suffers
from repeatability and standardization issues. In some cases, the correlation between OD and MPI can
drop to minimal levels and the range of the response can vary by a factor of two (Figure 2). Performance

problems can be caused by changes in experimental conditions, such as background light intensity,
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distance from the phone to the sample (Figure 4), position of the camera (Figure 5C), and camera
settings such as white balance and blur (Figure 3B). It is particularly important to center the image on
the sample and the ROIs on the wells of the 96 well plate (Figure 5C). However, we found that single
snapshot images can be unreliable even when taken under the same environmental conditions with

conditions such as camera position, settings, and angle held constant (Figure 2).

We found that problematic input data can be detected using features of the image. Our blur metric,
based on the Laplacian of the image, successfully rejects frames where the 96 well plate is out of focus.
The first difference of MPI values over time can identify time instances in the video when white
balancing occurs or when illumination conditions change. The peak ROl variance is an indicator of
measurement quality, since low-variance ROIs tend to produce calibration results with high correlation

and low standard error.

Using these features, the classification algorithm can detect and reject conditions that interfere with the
optical density measurement. The feature-based algorithm is attractive because it does not require prior
knowledge of the calibration result or spectrophotometer readout. The method enables image capture
apps that provide immediate user feedback during data collection and apps that automatically detect
when a good measurement can be made. The use of high-quality input data results in an increase in the

correlation of the calibration curve and a reduction in standard error.

Even small improvements in correlation and standard error can have a significant impact on LOD and
guantification performance of any diagnostic assay. MPI analysis is usually studied as an alternative to
conventional spectrophotometric or colorimetric methods. The relationship between MPI and
absorbance is important for later clinical studies [34]. When the analysis is finally tested for a particular
application, statistical tools such as Bland-Altman plots or residual plots will likely be used to determine

the agreement between MPI analysis and accepted methods. High correlation and low standard error
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are a necessary but insufficient condition for good agreement between measures. Low standard error is
also important for the calibration of quantitative applications. If inferior input data weakens the

relationship MPI and absorbance, practical applications may encounter measurement problems.

The MPI time-averages perform very well, with correlation and standard error parameters that are
better than most individual video frames and images. When the classification algorithm is used, the
correlation of the MPI time-average is among the highest of the component video frames and the
standard error is minimized (Figure 5). Interestingly, the classification algorithm may not be needed to
improve the results when lighting conditions are constant. For videos without serious blur or white
balance issues, the MPI time-average of all frames had a satisfactory performance (Figure 5C). This can
be explained because the MPI values exhibit random time variations with a central tendency. By
computing the time-average of MPIs from many frames, we obtain an output that is close to this central
tendency. A sufficiently large number of frames can, in many cases, be gathered by the smartphone

camera in under 20 seconds.

However, the classification algorithm substantially improves performance for unpredictable capture
conditions. The method works by selecting images that have similar capture conditions, which reduces
the variance at each concentration. When the method was applied to a standard sandwich ELISA for the
Zika virus, the algorithm substantially improved the LOD over existing single-image methods (Figure 6).
Single-image analysis would produce results analogous to the results from all frames in Figure 6, since
this plot shows the response for many single video frames. The classifier improves the measurement
process because it rejects snapshots that are likely to produce outliers. When the input was filtered by
the classification algorithm, the LOD dropped from 35.5 ng/ml to 16 ng/ml (Figure 6). It is important to
note that there are bias and dynamic range differences between the indoor and outdoor environments
in Figure 6. Although the algorithm does not standardize measurements from different imaging

environments, it does reduce the variance of multiple measurements taken under the same conditions.

15



To standardize measurements between environments, existing calibration strips [4] [19] or white

balance correction algorithms may be used [31] [32].

Another important consideration is the sensitivity and selectivity of the Zika NS1-based sandwich ELISA
when evaluated using MPI values. The sensitivity and selectivity are provided by BioFront Technologies
for the case when the assay is evaluated by absorbance measurements from a plate reader.
Unfortunately, it is only possible to approximate absorbance using MPI values. Therefore, the sensitivity
and selectivity will necessarily be lower when the assay is evaluated using our method. The analytic
sensitivity, defined in terms of the smallest detectable concentration of NS1, increases when the
algorithm is used because the variance of the measurement decreases (Figure 6). In this context, the
selectivity of our method is its ability to determine Zika NS1 protein concentrations without interference
from environmental conditions, lighting noise, and other factors. Since concentration can be predicted
by absorbance using the standard curve and there is high selectivity of the Zika assay when evaluated
with absorbance, we may approximate the selectivity of our method as the amount of variation in MPI
that is due to changes in absorbance. The interpretation of the R? value is the percentage of the MPI
response that can be explained by changes in absorbance. Therefore, the selectivity of our method is
approximately the R? value of the absorbance-MPI curve. For the indoor Zika assay this value was 0.75
and for the outdoor assay the R? value was 0.69. Therefore, our algorithm improves selectivity by
improving the R? correlation between MPI and absorbance and it improves sensitivity by reducing the

standard error of the estimate, which decreases the LOD.

Video methods are not currently prevalent in the literature, but they merit further exploration for
bioanalytical applications because they offer a wealth of information about imaging conditions. Our
classification method exploits this information to filter out variations in image capture conditions from
the input data. Since the frame selection method acts as a preprocessing technique, it can be used with

any existing processing algorithm. Although we used the most common form of MPI analysis, the
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classifier output could have been fed into systems that perform colorspace transformation, correct
white balance, standardize ambient lighting variations, or use calibration strips. Regardless of the
processing technique, high-quality inputs will improve the characteristics of the output. By imposing
restrictions on video frame quality, our algorithm selects the best possible set of input images and acts

as the software equivalent of a smartphone attachment.

5 Conclusion

Smartphone algorithms for diagnostic assays frequently suffer from variable lighting and image
conditions. The variability can be introduced by environmental factors or by user error during assay
imaging and analysis. We developed a video processing method to improve the repeatability of POC MPI
analysis. We demonstrated that it is possible to reject low-quality input data using image features. Using
these features in a classification algorithm, we selected high-quality frames and achieved an
improvement in correlation and standard error for the MPl-absorbance relationship. When the method
was applied to an ELISA assay for Zika, it substantially reduced the limit of detection under realistic POC
imaging conditions. The method is generally applicable to any smartphone imaging method that uses an
output parameter to estimate a colorimetric change. The developed video method is easy to integrate
with other processing techniques, since it acts as a preprocessing and post-processing step. Existing
algorithms can be applied to each frame and used to obtain the output value without any modification.
We believe that video analysis can improve measurement performance for a wide range of POC tests

and lead to more user-friendly measurement applications.
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Figure 1: Schematic of our equipment-free video algorithm. Video frames are (1) captured by a
smartphone above the 96 well plate, (2) input to the ROI tracking algorithm to follow the wells
throughout the video, (3) classified using the image features, (4) input to the MPI method. The time

averages of the MPIs from the selected frames are correlated with the absorbance measured via

spectrophotometer.
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Figure 2: MPI analysis of two images taken under the same lighting conditions, with similar camera
settings and position. Image A has R? = 0.60, standard error = 10, and a range of 36 MPI units. Image B

has R? = 0.95, standard error = 8, and a range of 61 MPI units.
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Frame Features
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Figure 3: Image features over time for two smartphone videos. Video A was imaged at a variable
distance to the liquid sample. The minimum separation distance was reached at 00:09 and 00:27, while
the maximum distance was reached at 00:18. Video B was subjected to automatic white balance and

blur at 00:01, 00:05, and 00:09.
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Variance of ROls per Frame
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Figure 4: Relationship between ROI variance (bottom) and correlation (top). The bottom image shows
the variances of the intensity histograms for the blue channel of the 96 ROls. Variances are shown by
pixel, where the row in the image corresponds to the well of the 96 well plate and the column

corresponds to the video frame. Bright regions of the image indicate high variance histograms. In this

video, the distance to the sample changed near t = 500 frames and t = 1750 frames.

27



Frame Classification

1.00 20
0.95
0.90
<
0.85
0.80
00:00 00:08 00:16 00:25 00:33
c 1.00 205
o 2
© 075 L
—_— 15
() ©
& m 050 =
@] 10T
@) 0.25 %
o~
-
X 0.0 50
00:00 00:01 00:03 00:05 00:06 00:08 00:10
1.00 o0
0.95 H
0.90
@]
0.85
0.80
T T T T T T T
00:00 00:03 00:06 00:10 00:13 00:16 00:20 00:23
Time (mm:ss) — RZ2 e R?: All Frames
—— Standard Error - == R?Z: Selected Frames

Figure 5: Frame classification results. Video A (top) was imaged with a variable distance to the sample.
Video B (middle) was subjected to blur and white balance modifications. Video C (bottom) introduced a
horizontal displacement at 00:10 and 00:21, causing the 96 well plate to be off center. Shaded regions of
the plot indicate frames that were selected by the algorithm. The dashed red line indicates the R? of the
time-averaged MPI from the selected frames. The dotted red line indicates the R? of all frames in the

entire video. Note that all scales are standardized, except the R? scale for Video B.
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A: Outdoor Lighting Conditions B: Diffuse Fluorescent Light
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Figure 6: Standard MPI-concentration curve for (A) unpredictable outdoor lighting conditions and (B)
diffuse indoor fluorescent lighting. Unpredictable lighting conditions result in a reduction in dynamic
range and an increase in variance for each concentration value. For videos taken outdoors (A), the limit
of detection was 35.5 ng/ml for all frames, 32.5 ng/ml for rejected frames, and 16 ng/ml for selected
frames. For videos taken indoors (B), the limit of detection was 12.75 ng/ml for all frames, 13 ng/ml for
rejected frames, and 10.5 ng/ml for selected frames. Absorbance values were also measured to estimate

the selectivity of the method. In (A), the MPIl-absorbance curve had R? = 0.69 and for (B) R? = 0.75.
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