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A randomised combined channel approach for the quantification of 
colour and intensity based assays with smartphones
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Italy. ‡ School of Electronics, Electrical Engineering and Computer Science, Queen’s University Belfast, 125 Stranmillis 
Road, Belfast, BT9 5AH, UK. * Corresponding author, email: J.Nelis@qub.ac.uk ; phone: +442890976543. 

ABSTRACT: Quantification of colorimetric assays with smartphones is being increasingly reported. However, a complete 
characterisation of the performance of existing colour spaces and single colour channels for optimum colour/intensity change 
quantification is absent. Moreover, it has not been ascertained if it is necessary to utilize existing colour spaces to reach optimal assay 
quantification. In this study a randomised channel approach was adapted utilizing all single channels from RGB, HSV and CieLab 
colour space and all non-repeating random combinations of 2 and 3 channels of these colour spaces. Assays based on colour or 
intensity change using pH strips and gold or carbon black nanoparticle containing paper strips were optimized using this approach. 
Several novel channel combinations showed great promise in terms of prediction error and inter-phone variation reduction, 
outperforming RGB, HSV and CieLab colour spaces. These novel combinations were used in a custom developed smartphone 
application that performed automated background subtraction and polynomial regression for the quantification of a lateral flow assay 
for the detection of goat milk adulteration with cow milk and for pH prediction in soil. For the lateral flow assay the channel 
combination BSA was found optimum (mean average error 36 ± 6%; linear regression R2=0.97). For the soil pH assay the channel 
combination RLC was found optimum (mean average error 1.31 ± 0.02%; linear regression R2=0.997). The study has shown that 
non-classical channel combinations for colorimetric quantification of specific assays are very promising and should be considered 
for smartphone-based analysis.

The fourth industrial revolution is heralding a paradigm shift 
in diagnostics by combining state-of-the-art biotechnology and 
lab-on-a-chip engineering with cloud computing. Smartphones 
are especially attractive for this application since they combine 
the necessary features for portable sensors (e.g. processing 
power, and connectivity) with simple interfacing through use of 
an app. Moreover, smartphones are ubiquitous and equipped 
with GPS, which facilitates target mapping in remote locations 
1–3. Smartphone-based sensors have been developed for a range 
of applications including disease diagnostics, patient wellbeing, 
environmental monitoring and food contaminant/allergen 
screening 4–8. The large majority of these systems utilize the 
camera for colorimetric sensing. Photometric data needs to be 
extracted from images to correlate a change in assay colour 
change or intensity change to target concentration. 

The colour system used in the CMOS image sensors of 
smartphones is the red green blue (RGB) system. This colour 
system can be converted to other colour systems, the most 
common of which are: hue saturation value (HSV) and CieLAB 
colour spaces. Colour/intensity change can be correlated to one, 
two or three of the channels in these colour spaces. However, 
colour/intensity changes are split between these channels 
differently. In the RGB model a colour is defined by the 
position in a cube with x, z, and y coordinates indicating the red, 
green and blueness of the colour. In the HSV model, hue 
represents pure colours and changes over an angle from 0 to 360 
degrees around a cone. Saturation ranges from 0% to 100% 

(horizontal cone axe) and indicates the range of grey in the 
colour. Value (also called brightness with the abbreviation HSB 
instead of HSV) runs from 0% to 100% along the vertical axe 
of the cone and represents colour brightness. CieLAB (called 
LAC from here on to avoid confusion with the B channel in 
RGB) is based on a spherical model with the vertical axe (L) 
representing lightness (from black (0%) to white (100%)). A 
and C axes (perpendicular axes in the orthodrome of the sphere) 
generally run from -128 to 127 and represent green to red and 
blue to yellow colours respectively. These axes represent the 
existing opposing colours that cannot be combined. Defining 
colour as a combination of these axes allows digitalising all real 
colours perceived by the human eye. Further information about 
colour spaces can be found in 9–11. 

Conversion to a certain colour space/channel for a specific 
assay seems logical since different colour spaces divide colours 
differently. Thus, picking the right channel can potentially filter 
out noise for a given assay. For instance, if the assay is based 
on colour change then hue seems an appropriate choice. For a 
colour intensity change however, lightness of LAC or value or 
saturation of HSV seem a better choice. Indeed several of the 
citation classics (defined here as >100 citations) treating 
smartphone-based colorimetrics utilize hue to measure colour 
change 12–14. Other studies used V  or S  to measure intensity15,16. 
Another classic reported the combination of chromaticity 
channels A and C for colour change quantification17. Although 
these works have pioneered smartphone colorimetrics several 
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interesting questions remain to be investigated. One such 
question is whether combining the three channels in each colour 
space would be beneficial for the correlation of colour/intensity 
change to target concentration in a given assay. On one hand 
error may be introduced to the measurement if a channel is 
integrated that does not reflect the process measured in the 
assay. On the other hand, valuable information may be lost. 
Moreover, the question could be raised if it is possible to detect 
both colour and colour intensity change with the same system. 
Lastly, colour spaces have been optimized to define the 
expression of real colours. However, they have not been 
optimized to quantify a specific colour/intensity change in a 
specific assay. It is thus possible that other optimum channel 
combinations exist as the combinations possible within each 
colour space for the quantification of a specific assay. 

The literature suggests that combining 3 channels of a colour 
space can deliver good performance 18–22. Overall these studies 
showed that LAC outperforms RGB for colour change 
measurements 19,22. However, no such comparisons were 
identified for colour intensity change even though most 
colorimetric assays (such as lateral flow assays (LFA)) are 
based on that principle. Additionally, no studies were identified 
comparing performance of the individual channels of HSV, 
RGB and LAC and the respective colour spaces combining 
these channels for intensity or colour change based assays. 
However, the performance of individual channels for colour 
quantification clearly differs in RGB, HSVand LAC colour 
space with various channels contributing little to the analytical 
signal in several assays23–27. Thus, it is unclear if combining 
channels is beneficial for colour/intensity change 
quantification. Moreover, to our knowledge, it has not been 
investigated if it is possible to use a specific channel 
combination for the quantification of colour and intensity 
changes simultaneously, nor has there been a study 
investigating if alternative channel combinations using 
combinations of two or three channels from various colour 
spaces can outcompete the use of classical colour spaces for the 
quantification of specific assays. 

Another interesting point is the effect of variation in 
background and source (smartphone flashlight) illumination on 
smartphone-based colour quantification. The spectral profile of 
various flashlights may differ. This can affect the 
absorption/transmission profile of a colorimetric assay. 
Regarding background illumination, a light-shielding box is 
sometimes used to reduce variation in background illumination 
28,29,6,30. However others have shown that a box can be avoided 
through algorithmic corrections 31. Avoiding use of a light-
shielding box would be beneficial in terms of maintaining ease-
of-use and in-the-pocket portability for the end-user. Another 
point is unequal sample illumination for which the use of optical 
diffuser to obtain equal illumination was argued (although not 
tested) to be beneficial14.   Moreover, Kim et al., showed that 
optical diffuser effectively eliminated unequal sample 
illumination32. Equally, background illumination correction 
may avoid the need for such diffusers. 

In the present study a comprehensive characterization of the 
effects that colour channel choices and illumination have on 
smartphone-based colour analyses was conducted. These 
analyses allowed clear conclusions to be reached regarding 
optimum channel choice for smartphone-based image analyses 
as well as shed light on the effects of source/background 
illumination on the measurement error. An application was 

developed for colour/intensity change quantification based on 
the use of a pixel wise background illumination algorithm and 
a prediction algorithm using polynomial regression.  Usefulness 
of a light-shielding box and optical diffuser for colour/intensity 
predictions with this application was tested. The performance 
of individual channels of RGB, HSV and LAC colour space for 
colour (pH strips) and intensity (filter papers with various 
nanoparticles and LFA) quantification was compared with 
random novel combinations of any 2 or 3 of these channels and 
classical LAC, HSV and RGB colour space. Performance of the 
identified optimum spaces was compared between various 
phone models and robustness towards background and source 
illumination variation was investigated. The optimized systems 
were then used for pH determination in soil samples and bovine 
milk quantification in goat milk. 

MATERIALS AND METHODS
Materials

A full description of the materials used is given in the 
supplementary information. The mobile phone models used 
were: a Huawei P8 Lite (Huawei), Samsung Galaxy J7 
(Samsung), iPhone 7 (iPhone) and Samsung Galaxy Tab E 
(Tablet). 
Statistical analyses 

Data analyses was performed with GraphPad Prism 6 
Software. Barlett’s and Brown-Forsythe tests were used to test 
if standard deviation (STD) differed between columns in a one-
way ANOVA. For post-hoc analyses, a one-way ANOVA 
Tukey’s multiple comparison test was used. For two-way 
ANOVA Sidak’s multiple comparison test was used. p-values 
were corrected for multiplicity. Mean average error (MAE) was 
calculated on the totality of predictions over the concentration 
ranges mentioned above. 
Nanoparticle synthesis 

Piranha solution and aqua regia were used to remove residues 
from glassware. Gold nanoparticles (GNP) were synthesized 
following 33. Briefly, 500 µL HAuCl4 (100 mM) and 194.5 ml 
H2O was brought to boil in a round bottom flask under stirring. 
Sodium citrate solution (5 ml; 1% (w/v)), was added at boiling 
point and the mixture was left boiling for 30 minutes while 
stirring then left to cool down. GNP concentration (2.8 nM) was 
estimated following 34. UV-VIS measurements and GNP size 
estimations used for the estimation are reported elsewhere 35. 
pH strips

0.1M buffers systems: Citrate-phosphate (pH 5.0, 5.5), 
phosphate (pH 6.5, 7, 7.5) and carbonate/bicarbonate (pH 8.0, 
8.5) were used to train (n=3) the algorithm (pH 5.0, 6, 6.5, 7, 
7.5, 8.0, 8.5) and to predict pH with the trained algorithm (pH 
5.5, 6.25, 6.75, 7.25, 7.75, 8.25). To create soil extracts with 
varying pH, 5 g of soil was mixed with 25 ml of buffer. The pH 
was then adjusted to the same pH as the buffers described above 
for pH predictions. Samples were thoroughly mixed for 1 
minute and left to settle for 30 minutes. 
Nanoparticle suspensions and filter paper preparation

Colloid GNP solution was concentrated 40 times by 
centrifuging (13000 RCF; 30 min; 20 C). Algorithm training 
was performed using a 2/3 times serial dilution and ranged from 
37.5 nM to 2.195 nM. For predictions a 2/3 times serial dilution 
from 31.25 nM to 2.74 nM was used. For CB a 10 mg/mL 
dispersion was made in H2O and sonicated 30 minutes, then 
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diluted to a 2 mg/mL dispersion and sonicated again for 10 
minutes. For the training set a two times serial dilution was 
obtained from 2 mg/ml to 0,03125 mg/mL dispersion. For 
predictions a two times serial dilution was made from a 1.5 
mg/ml CB dispersion up to 0.0117 mg/mL.
Sample preparation and picture capturing 

From GNP and CB dilutions 5 μL was dropped on filter paper 
(n=3), dried and photographed. pH strips (n=3) were immersed 
in buffer/soil extract, dried and photographed after 40 seconds. 
LFA test strips (n=2) were photographed after an exposure of 
10 minutes to 100 μL of extract. Pictures were taken from 5, 7 
and 13 cm distance without digital zoom and from 5 cm with 
full digital zoom. The flashlight was always on as this reduces 
illumination variation 31. Various layers (0-4) of optical diffuser 
were taped in front of the LED light source to investigate if light 
diffusion could improve predictions and background correction. 
Performance of the prediction algorithm under various 
background illuminations was also tested.  Here training was 
done under room light conditions and predictions under room 
light conditions, dark background conditions (in a closed 
windowless laboratory), indirect sunlight conditions (in a 
windowsill on a cloudy day) and direct sunlight conditions (in 
a windowsill under full sunlight). The performance of the 
algorithm under these conditions were compared with the 
performance when the algorithm was trained in a black 
cardboard box (11x11x5 cm) made for the Huawei (Figure S1) 
and used to predict in that same cardboard box. All images were 
acquired with the developed app under a white background (A4 
paper sheet). Background images were taken before capturing a 
sample image to perform background correction on each image 
to reduce illumination variation error. 
Commercial lateral flow assay

Cow milk was spiked into pure home-produced goat milk at 
5, 2.5, 1.25, 0.625, 0.313, 0.156, 0.078, 0.04 and 0.02% and 
used as a training set. For predictions, goat milk was spiked with 
3.75, 1.88, 0.47, 0.23 and 0.12%. The test strips were immersed 
in 2 drops of sample diluted with 3 drops of provided dilution 
solution. 
Algorithm development

Image background correction was performed following 36. 
Briefly, a two-pixel wise system was used which allows pixel 
wise correction of each point in an image by a previously taken 
background image. RGB values of the input image were 
transferred into CieLab and HSV values using OpenCV library 
37. A previously developed algorithm was used as the prediction 
algorithm for colour/intensity quantification with slight 
modifications 38. The algorithm is based on polynomial 
regression:

  (1)hθ(x) = ∑N
i = 0

∑N ― i
j = 0

∑N ― i ― j
k = 0 θijkxi

1xj
2xk

3

Where  is the polynomial parameter vector, N the order θ
number and X1, X2 and X3 the input colour values of the 
channels used for any combination of 3 channels with X1-3 being 
the respective single colour channels of the colour spaces.

The model was modified into the following forms to be 
compatible with two and single channel colour spaces:

 (2)hθ(x) = ∑N
i = 0

∑N ― i
j = 0 θijxi

1xj
2

 (3)hθ(x) = ∑N
i = 0θixi

1

N was changed from the third up to the sixth order for each 
colour channel combination by running prediction simulations 
(n=3) on captured images in Visual Studio Code. The order 
resulting in the lowest MAE on the prediction set was chosen 
for each channel combination and kept constant thereafter.
Smartphone application workflow

A custom developed smartphone application (Figure 1) was 
used to capture all images and works as follows. Captured 
images are saved in JPEG (750*1000 pixels) and send to a 
server where the background correction is performed and the 
regression function optimized for the set channel combination 
with the training set (Figure 1a). A background image is linked 
to the sample images to allow pixel wise background correction 
and needs to be taken before sample images (Figure 1b). The 
prediction algorithm can be trained for the prediction of various 
assays through labelling by an authorized user (Figure 1c).  
Images were labelled by drawing a box in the relevant region 
(within which pixel values are averaged) and typing in a 
numerical analyte concentration value (Figure 1d). For 
predictions, the user draws a box in the relevant area of the 
image (Figure1e). The average colour channel values of the 
background corrected pixels in the box are then used by the 
trained prediction algorithm to predict the concentration of the 
analyte. 

Figure 1. Development of the application. (a) Overview of the 
process. Pictures are taken without additional equipment. The 
image is autofocused in the app. Data is sent to a server where 
images are stored and where background correction and algorithm 
training/interpolation is performed. (b) Background images are 
taken in the calibration tab and are automatically linked to sample 
images for illumination correction. (c) Various assays can be 
created, trained and used to predict values in the app allowing the 
user to utilize the app for various systems. (d-e) Screengrabs of pH 
strip images used for training (d) and prediction (e). Boxes are 
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drawn manually and used to enter a training value (d) or obtain a 
prediction (e). 

RESULTS AND DISCUSSION
Distance and optical diffuser optimization

Pictures were taken of filter paper with varying 
concentrations of GNP at fixed distances and zoom (13, 7, or 5 
cm without digital zoom or at 5 cm with digital zoom) using 
LAC to optimize the distance between the camera and the assay. 
This experiment showed that prediction errors were similar for 
all distances and all concentrations chosen except for full digital 
zoom were larger errors were observed at lower concentrations 
(Figure 2a). Since different phone models allow autofocus at 
varying distances and to facilitate handheld imaging it was 
decided to take images at a distance between 5 and 13 cm from 
here-on depending on the phone model used. Furthermore, 
underestimation of GNP concentrations above 25 nM was 
observed. This is likely due to saturation at concentrations 
above 25 nM. Thus, concentrations above 25 nM GNP were not 
used further. Usefulness of optical diffuser to improve 
background correction and/or prediction algorithm 
performance was investigated. Predictions of zero points (white 

paper) were obtained with various layers of diffuser plastic 
taped to the LED light to test background correction 
performance. One-way ANOVA showed no significant 
difference in zero predictions. However standard deviations 
(STD) were clearly different (p<0.0001) with low STDs when 
no diffuser was used (Figure 2b). Estimations of the prediction 
set were obtained at 6 varying concentrations (n=3) to compare 
the performance of the prediction algorithm using different 
layers of diffuser. Predictions per diffuser layer were pooled for 
all concentrations tested by deducting the true values from the 
predicted values ([ΔGNP]; Figure 2c). A one-way ANOVA on 
these results showed no significant difference in the prediction 
performance. STDs did also not differ significantly. Thus, no 
optical diffuser was used from here-on. Next performance of the 
prediction algorithm using a Huawei and Tablet in LAC colour 
space was tested for [GNP] prediction. The scatter plot obtained 
(Figure 2d) showed optimal R2 values for the linear regression 
with the Huawei (0.9625) and acceptable for the Tablet 
(0.9090). Thus, the algorithms showed promise in these tests for 
colour intensity measurements.

Figure 2. Distance and optical diffuser optimization. (a) Predictions (n=3) of [GNP] at 7 concentrations (range 31.25 -2.75 nM) obtained 
with images taken at various distances and zoom (see legend). Green bars indicate true GNP concentrations on the tested papers. (b) Scatter 
plot of the zero values on white paper at various positions (n=27) with 0, 1 and 4 layers of optical diffuser used.  (c) Scatter plot of [GNP] 
predictions (n=18; range of 25-2.75 nM) with 0, 1 and 4 layers of optical diffuser used. All predictions were scaled around zero by deducting 
the true values from each prediction. (d) Scatter plot of predicted [GNP] concentrations (n=3 per concentration) versus true concentrations 
using no optical diffuser or strict distance (between 5-13 cm) using a Huawei and a Tablet. R2 values of the linear regression functions is 
indicated. Green dashed line indicates the slope of a perfect linear correlation. All predictions were done using LAC colour space. 

Channel combination performance in one smartphone.
Visual studio code was used to calculate MAEs on 
concentration predictions for [GNP], [CB] (n=18) and pH 
(n=15) using all possible single channels of RGB, HSV and 
LAC colour space and all non-repeating combinations of two 
and three of those channels (Figure 3a, c and e). The obtained 
MAEs of the 129 tested combinations clearly show that error is 
largest in predictions done with single channels (red points). 
Which of the single channels has the largest error is colour 
system specific. For instance, for [GNP] prediction R produces 

highest error, for [CB] it is C and for pH S. Moreover, for pH R 
produces the smallest error for all single channels while B and 
G are the best single channels for [CB] and [GNP] prediction 
respectively. MAEs of predictions undertaken with 
combinations of 2 (blue points) and 3 (magenta/green points 
and orange stars) channels vary considerably between channel 
combinations. However, several combinations of 2 and 3 
channels allow for lower MAEs on the predictions as achievable 
by any single channel for all three colour systems tested. 
Interestingly, one such combination of two channels that 
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outcompetes the performance of all single channel tested for pH 
prediction is AC, the combination that was mentioned as 
favourable elsewhere 17. RGB and LAC combinations 
outperformed the best performing single channels for [GNP] 
and pH prediction while HSV showed slightly higher MAEs, 
outperforming the best single channel only slightly for [GNP] 
predictions. Moreover, RGB and LAC showed small difference 
in obtained MAEs in all tested systems and were at least in the 
better performing half of all combinations tested in all cases.  
However, several other channel combinations clearly 
outperformed all single channels and RGB, LAC and HSV for 
each colour system. Next variations in algorithm performance, 
which can occur by overfitting to local optima in the polynomial 
calibration curves, was checked by running the same 
predictions five times for the ten combinations with the lowest 
MAEs and RGB, HSV and LAC (Figure 3 b, d and f). Of the 30 
novel channel combinations chosen only 3 were 2 channels 
combinations while 27 where 3 channel combinations, spanning 
2 and even 3 colour spaces. Of the ten novel combinations for 
[GNP] prediction six (RGS, RGA, GSL, RGV, RSL, GSV) 
outperformed the classics (RGB, LAC and HSV) with MAEs 

between 20.7±1.1 (RGS) and 23.9 ± 4.3% (GSV) versus MAEs 
between 27.8 ± 3.6 (LAC) and 32.6 ± 6.4% (HSV) for the 
classics. Equally, the LOD of the best performing novel 
combination (RGS) was considerably improved (1.76 nM) 
compared with the LOD of the best performing classic (LAC; 
2.34 nM).  For [CB] predictions nine out of the ten novel 
combinations outperformed the classics (MAEs between 19.7 ± 
2.8% (BSC) and 33.9 ±11.0% (RHS) versus 36.3 ± 13.2% 
(HSV) and 55.3 ± 18.7% (RGB)). For pH predictions six out of 
ten novel combinations outperformed the classics (MAEs 
between 0.82 ± 0.02% (RVL) and 1.31 ± 0.86 % (SLA) versus 
1.44 ± 0.22% (LAC) and 2.20 ± 1.21 % (HSV)). Another 
observation is the considerably lower MAEs on pH prediction 
compared to MAEs on [GNP] and [CB] prediction. A reason for 
this may be that the replica variation is most likely considerably 
larger for the handmade paper strips when compared with the 
replica variation of the commercialized pH strips. Another 
reason for this may be a more limited effect of background 
illumination variation on the measurement of colour change 
instead of intensity change.

Figure 3. Prediction performance of random channel combinations. (a) Average MAEs (nM) on [GNP] predictions (n=18 per point) for 
single channels and all possible non-repeating channel combinations. (b) Average MAEs (%) on [GNP] prediction (n=18 per point, 5 
algorithm runs per channel combination) of RGB, LAC, HSV and the 10 best novel combinations identified in (a). (c) Average MAEs 
(mg/ml) on [CB] predictions (n=18 per point) for single channels and all possible non-repeating channel combinations. (d) Average MAEs 
(%) on [CB] prediction (n=18 per point, 5 algorithm runs per channel combination) of RGB, LAC, HSV and the 10 best novel combinations 
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identified in (c). (e) Average MAEs (ΔpH units) on pH predictions (n=15 per point) for single channels and all possible non-repeating channel 
combinations. (f) Average MAEs (%) on pH prediction (n=15 per point, 5 algorithm runs per channel combination) of RGB, LAC, HSV and 
the 10 best novel combinations identified in (e). In (a), (c) and (e) red balls are LAC, red squares RGB and red triangles HSV single channels. 
Best and worst performing single channels for each target are indicated. Blue balls are all non-repeating random combinations of 2 channels. 
Magenta balls are all non-repeating random combinations of 3 channels except HSV RGB and LAC which are green in all figure panels. 
Orange stars indicate novel combinations chosen for further experiments.  

Channel combination performance in various phones
The best novel (orange stars Figure 3) and classic (green balls 
Figure 3) combinations were selected for colour/intensity 
quantification with four phones (Huawei, iPhone, Tablet, and 
Samsung) to test if the performance of novel/classical 
combinations is phone and illumination source dependent 
(Figure 4). Two-way ANOVAs on these MAEs (Table S1) 
show that both smartphone model and channel combination 
cause significant differences in MAEs for [GNP], [CB] and pH 
predictions (p<0.0001) while interactions were significant 
(p<0.0001) for all but [CB] predictions. Thus, for [GNP] and 
pH predictions it depends on the channel combination chosen if 
phone model has an effect on the MAE. Post-hoc analyses show 
many significant differences in MAE between phone models 
within channel combinations for [GNP] prediction. However, 
these differences are most prominent when HSV and LAC are 
used (Table S2). Post-hoc analyses on the pH MAEs between 
phone models within channel combinations showed that there 
were no significant differences for the channels combinations 
LAC, RVL, RLC and RGB. With LAC having the highest p-

values (p> 0.5; Table S3). Thus, the phone model used 
influences the prediction efficiency of a given channel 
combination in many but not all cases. Moreover, choice of 
phone model does not affect MAEs stronger for novel channel 
combinations as classical ones in any of the systems tested. 
Indeed, all novel channel combinations showed less MAE 
variation between phones as HSV for [GNP] prediction (post-
hoc main row effect p<0.0001) and RVL as well as RLC 
showed less MAE variation between phones as HSV and RGB 
for pH prediction (post-hoc main row effect p<0.0001). This 
being said, the inter-phone variation reduction (and thus 
robustness enhancement) for pH prediction was less prominent 
as it did not differ from the inter-phone variation using LAC. 
Overall, variance in MAEs between phone models was limited 
for two ([GNP] and pH prediction) of the three reported colour 
systems for the best functioning channel combinations. 
Measurement error caused by source illumination variation and 
other differences between phone models showed inferior to 
error caused by channel choice and was minimized by 
optimizing the colour channel combination used. 

Figure 4. Prediction performance of classic and novel channel combinations with various phones. Left; MAEs for [GNP] prediction (n=18). 
Middle; MAEs for [CB] prediction (n=18). Right; MAEs for pH prediction (n=15). 

Background illumination and light-shielding box 
GNPs were chosen as the better assay for intensity 

quantification since less inter-phone variance in MAEs was 
observed for [GNP] as for [CB] prediction. Moreover, MAEs 
on [CB] prediction were quite high (in some cases >100%) 
which might indicate issues with replicate variance due to the 
manual dropping process. Thus, [CB] prediction was not used 
for further experiments. MAEs of predictions with the classic 
and previously selected novel channel combinations for [GNP] 
and pH prediction under various illumination conditions was 
determined (Figure 5). The two-way ANOVAs (Table S4) on 
these MAEs were both highly significant (p<0.0001) for phone 
model, channel combination and interaction. For pH predictions 
(Figure 5; top) the smallest effect of illumination variation on 
the MAEs was observed when RVL or RLC was used with the 
only significant differences in the post-hoc simple effects 
within colour spaces analyses for RVL being box versus direct 
sunlight and for RLC box and room light versus direct sunlight 
(p<0.05; Table S5). MAEs for predictions with classic channel 

combinations for pH showed higher variations caused by 
illumination variation with HSV showing the most prominent 
variation (Figure 5; Table S5).  Moreover, STDs appear lower 
for RVL and RLC compared to the classics for MAEs on pH 
prediction. Equally, STDs are mostly lower on MAEs obtained 
with RSL and RGS compared to the classics for [GNP] 
prediction. However, this effect is less prominent for RGA. 
Interestingly, the smallest effect of illumination variation on the 
MAEs for [GNP] prediction was observed when RGB was used 
(albeit with slightly higher STDs) instead of the novel 
combinations. This can indicate that the novel combinations 
used were highly sensitive for assay specific variations (colour 
change or intensity change). Thus, changes effecting the 
illumination caused little difference in MAEs for the assay 
optimized for colour change (pH) but large difference in MAEs 
for intensity change ([GNP] prediction) when background 
illumination was varied and no light-shielding box was used. 
These observations support the assumption made that 
unintended background illumination variation may have a more 
substantial effect on intensity measurement as on colour 
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change, thus causing higher MAEs for [GNP] compared to pH 
prediction. For pH predictions the light-shielding box was 
found of little use for the better functioning channels (LAC, 
RVL and RLC) with only significant effect found being box 
versus direct sunlight (p<0.05). Interestingly, the MAEs 
obtained for [GNP] predictions using a box were higher than 
MAEs obtained in room light for LAC and RSL (p<0.01) and 
in the dark for LAC (p<0.01) (Table S6). This can be caused by 
unequal light distribution in the box effecting the background 
illumination correction. However, when background 
illumination increases (indirect sunlight) the box allows for 
significantly lower MAEs when RGS or RGL are used (p< 
0.01) while no significant difference is found with other channel 
combinations (likely due to higher STDs on the MAEs for these 
other channels). For direct sunlight versus box there is a 
significant difference when HSV, RSL, RGS or RGA is used 
(p<0.0001; Table S6).

Figure 5. The effects of a light-shielding box and illumination 
variations on [GNP] and pH prediction using classic and novel 
channel combinations. Top; MAEs on pH prediction (n=15). 
Bottom; MAEs on [GNP] prediction

Quantification of a commercial lateral flow assay and pH 
prediction of soil samples 

A lateral flow assay that uses red latex beads for colorimetric 
detection of cow milk protein was used to quantify cow milk in 
goat milk with the classic and novel channel combinations 
identified for red colour (GNP) quantification while the pH of 
buffered soil samples was predicted using classic and novel 
channel combinations identified for colour change (Figure 6). 
R2 values and 95% slope confidence intervals for the linear 
regressions using these channel combinations (Figure 6a, c) as 
well as LODs are shown in Table S7. For cow milk 
quantification good R2 values, 95% slope confidence intervals 
and LOD were obtained for RGA (confidence interval 0.71 to 
1.06; R2=0.96; LOD 0.16% cow milk). All other channel 
combinations had large slope confidence intervals with HSV 
performing the poorest in terms of slope interval (0.19-1.68) 
with a LOD of 0.25% cow milk. LAC performed poorest in 
terms of R2 (0.756) and LOD (0.51% cow milk) but had a 
slightly better slope confidence interval (0.32 to 1.17). Next 
BSA channel combination (which equally showed low MAEs 

with little variation for [GNP] quantification in Figure 3) was 
added to the analyses. BSA (confidence interval 0.81 to 1.17; 
R2=0.97; LOD 0.15% cow milk) outperformed the classic 
channel combinations (Table S7) and RGA. Moreover, MAEs 
on BSA and RGA (Figure 6b) were significantly lower in post-
hoc analyses (p<0.05) on the one-way ANOVA (p<0.0001) 
compared to MAEs obtained with the classic (except for the 
RGA-HSV comparison) while no significant difference was 
observed between RGA and BSA MAEs (Table S8). Linear 
regressions for pH prediction in soil extracts (Figure 6c) showed 
excellent slope confidence intervals, R2 values and LODs for 
the novel channel combinations (RVL 1.01 to 1.10 confidence 
interval, R2=0.997, LOD pH 5.15; RLC 1.04 to 1.12 confidence 
interval,R2=0.997, LOD pH 5.12) shortly followed by LAC 
(confidence interval 0.99 to1.21, R2=0.980, LOD 5.17). HSV 
and RGB showed poorer performance with HSV preforming 
poorest (Table S7). The one-way ANOVA on MAEs obtained 
for pH prediction was highly significant (p<0.0001). Post-hoc 
analyses showed that RVL and RLC obtained MAEs that did 
not significantly differ. However, both novel channel 
combinations outperformed all classic combinations (p<0.001; 
Table S9). Moreover, all channel combinations clearly 
outperformed HSV in terms of MAEs on the predictions 
(p<0.0001). Interestingly, the absolute difference in MAEs 
between the channel combinations is smaller for pH prediction 
as for cow milk quantification but the relative difference in error 
reduction is similar. The MAE with the best classic colour space 
for cow milk quantification was HSV (MAE is 58%). The MAE 
of the best functioning novel channel combination (BSA) was 
36%. Thus, a 38% reduction in MAE was observed by using 
this combination instead of HSV. For pH prediction in soil the 
best functioning classic colour space was RGB (MAE 2.08%).  
For the best functioning specific channel combination (RLC) 
the MAE was 1.31%. Thus a 37% reduction in MAE was 
observed by using this combination instead of RGB.

CONCLUSION

Combining multiple channels for the prediction of colour and 
intensity change based assays reduced mean average prediction 
errors. Perhaps most interestingly it was discovered that 
effective assay quantification is not dependent of how a channel 
combination allows a correct description of true colours but 
rather if a channel combination allows description of assay 
specific changes. Thus, smartphone-based colorimetrics can be 
optimized by combining channels from various colour spaces 
for a specific assay. Moreover, some of these combinations 
allow reduction of inter-phone variance when compared with 
the classic channel combinations HSV, RGB and LAC 
(CieLAB) and clearly outperformed the classics and single 
channels in terms of prediction error for all tested colour 
systems. Additionally, it was shown that the optimum channel 
combinations were similar for assays with similar red intensity 
colour changes ([GNP] quantification and LFA quantification). 
Thus, other assays with red intensity-based colour changes such 
as plasmonic ELISAs may equally perform well with these 
channel combinations.  However, optimum combinations for 
assays based on colour change are different from combinations 
for colour intensity change. Moreover, various intensity change 
assays have different optimum channel combinations (although 
CieLab and RGB outperformed HSV in both systems). Thus, it 
is recommended to optimize the channel combinations used for 
the development of specific assays with a different colour base 
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as the colour bases discussed here. No improvements in 
performance were found in the case of optical diffusers. 
Equally, use of a light-shielding box can be avoided if 
measurements are not taken in direct sunlight and pixel wise 
background illumination correction is used for assays based on 
colour change. For intensity prediction, the lowest MAEs are 
found when images are taken under room light or in the dark 
without using a box. However, to allow measurements in direct 
or indirect sunlight a box is required to reduce error. Finally, 
these findings were used to optimise the prediction algorithm of 
the smartphone application for the quantification of a lateral 

flow assay for milk adulteration and for pH prediction in soil 
with pH strips. Once the colour channel combination was 
optimized the algorithmic computation was fixed for these 
assays. Thus, pH or LFA assay quantification by the end-user 
can simply be performed by selecting the assay in the app.  This 
will load the correct algorithm automatically. The assay is then 
quantified by taking a background and assay image and drawing 
a box around the test area in the assay image.  Thus, the 
procedure can be performed by users without analytical 
expertise.
 

Figure 6. Cow milk quantification in goat milk and pH prediction of soil samples. (a) Scatter plot for the quantification of cow milk spiked 
into goat milk (n=2) using previously identified novel channel combinations for [GNP] prediction and classic channel combinations. (b) 
MAE % (n=8) on the predictions shown in (a). (c) Scatter plot for the prediction of pH values in soil (n=3) using previously identified novel 
channel combinations for pH prediction in buffer and classic channel combinations. (d) MAE % (n=8) on the predictions shown in (c)
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