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Abstract: Blood iron levels are related to many health conditions, affecting hundreds of millions of 
individuals worldwide. To aid in the prevention and treatment of iron-related disorders, previous 
research has developed a low-cost, accurate point-of-care method for measuring iron from a single 
finger-prick blood sample. This study builds upon that work by introducing an improved imaging 
method that accurately reads sensor images irrespective of variations in environmental illumination 
and camera quality. Smartphone cameras were used as analytical tools, demonstrating an average 
coefficient of variation of 5.13% across different phone models, and absorbance results were found to 
be improved by 8.80% compared to the method in previous study. The proposed method successfully 
enhances iron detection accuracy under diverse lighting conditions, paving the way for smartphone-
based sensing of other colorimetric reactions involving various analytes. 

Keywords: biosensors; image color analysis; iron detection; chemical sensors; smartphone-based 
detection; vertical flow assay; point-of-care sensor 
 

1. Introduction 

Iron metabolism plays a crucial role in maintaining human health [1]. Abnormal iron levels can 
lead to severe complications, including brain and liver damage [2]. Iron deficiency, the leading 
nutritional disorder globally, results from a lack of or dysfunctional red blood cells, ultimately 
causing anemia [3]. On the other hand, iron overload can lead to hemochromatosis, where excessive 
iron accumulates in body tissues [4]. 

Given that 40% of children and 30% of reproductive-age women suffer from anemia, while 
approximately 16 million Americans experience iron overload [5,6], a cost-effective and rapid iron 
monitoring method is essential. Prior research has introduced a point-of-care sensor capable of 
measuring iron biomarkers from whole blood via colorimetric chemistry [7,8]. However, existing 
methods require a specific phone model and controlled sensing conditions, such as consistent light 
intensity, capturing angle, and distance. These limitations are not unique to iron sensing and are 
commonly encountered in other smartphone-based colorimetric detection platforms. 

Recent advancements in smartphone-based colorimetric detection have significantly enhanced 
point-of-care diagnostics and environmental monitoring. Balbach et al. developed Colourine, a 
smartphone app for urinalysis test strips that converts RGB data to HSV to reduce lighting 
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interference; however, pre-calibration is required to establish baseline colors under specific lighting 
conditions [9]. Krishnan et al. introduced a nanoparticle-based miRNA detection platform with lab-
comparable accuracy, though calibration with lab spectrophotometers is needed for each smartphone 
model [10]. Mutlu et al. explored machine learning for pH detection, requiring multiple pH values to 
be tested under various lighting conditions to train the model [11]. 

Despite these innovations, existing methods still require pre-calibration to address lighting 
variability and device-specific differences. Building on previous work in iron sensing, this study aims 
to overcome these challenges by introducing a more adaptable method that eliminates the need for 
pre-calibration while ensuring accurate colorimetric detection under varying environmental 
conditions. 

2. Materials and Methods 

2.1. Sensor Fabrication 

The proposed design of the iron sensor consists of four different membrane layers designed for 
blood separation, with the fourth layer impregnated with capturing reagents for the iron-based 
chemical reaction. The four membranes used for sensors in previous publication include: general 
nylon membrane, fiberglass membrane, asymmetric polysulfone membrane, and hydrophilic nylon 
membrane [7]. On the side of the sensing area is the reference area which comprises white blotting 
paper, ensuring a stable reference for color analysis. The design of the sensor strip is illustrated in 
Figure 1. 

The top and bottom sensor frames were 3D printed using an Ultimaker3 3D-printer and the 
membrane layers were laser cut using Universal Laser Systems laser cutter in 6 by 6 mm squares [7]. 
All membranes were assembled between the top and bottom sensor frames, the ready-to-run sensors 
were individually packed and sealed with desiccant in aluminized Mylar bags. Calibration was 
conducted using a series of iron standards prepared from iron (III) nitrate nonahydrate (INN) 
crystals. All samples underwent spectrophotometric analysis in triplicates where the apparatus was 
in absorbance mode with an endpoint analysis of 590 nm [7,8]. 

 

Figure 1. Schematic representation of the sensor design, illustrating the top three membrane layers responsible 
for sample preconditioning (e.g., separation of cells from plasma or particles from liquid) and the bottom 
membrane dedicated to colorimetric sensing via embedded chemical reagents. 

According to a previous publication, the proposed colorimetric reaction chemistry involves two 
reagents: Reagent A, composed of 200 mM citric acid, 34 mM ascorbic acid, and 100 mM thiourea; 
and Reagent B, containing 6 mM ferene. These reagents are mixed with the iron-containing sample 
in a final volume ratio of 3:1:1 (Reagent A:Reagent B:Sample). Various reagent ratios and base 
chemical concentrations were evaluated in the previous study, and the selected 3:1:1 ratio was found 
to yield the most sensitive, consistent, and accurate results [8]. 
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2.2. Sensor Testing 

For use, the sensor is oriented so the sensor reading side is placed face down on a flat surface, 
then the liquid sample is inserted into the sampling port on the opposite side. After 10 minutes, the 
sensor is flipped with sensor reading side face up and an image of the sensor is taken for colorimetric 
analysis. All RGB analysis is completed though ImageJ (National Institutes of Health, Bethesda, MD, 
USA), an image processing software. The absorbance signals from red, green, and blue (RGB) 
components are calculated by the following equation: 

𝐴𝑏𝑠𝑜𝑙𝑢𝑡𝑒 𝑎𝑏𝑠𝑜𝑟𝑏𝑎𝑛𝑐𝑒 = −𝑙𝑜𝑔 ቆ
𝐼௦௘௡௦௜௡௚ ௖௛௔௡௡௘௟

𝐼௥௘௙௘௥௘௡௖௘ ௖௛௔௡௡௘௟
ቇ (1) 

where I is the intensity returned from RGB component deconvolution of the colors. 

2.3. Sensor’s Reading Correction Method 

As described in previous work, a key limitation was that the white reference area performed 
poorly under varying lighting conditions, necessitating the use of a dedicated detection unit for 
accurate sensor signal assessment. To address this issue, the present study incorporated a three-
reference-cell system into the sensor design, consisting of low, medium, and high blue intensity 
reference cells (as shown in Figure 2a). The RGB values of these cells, captured under controlled 
lighting conditions, serve as reference controls for subsequent image correction. The corrected 
absorbance value for the sensing area is given by the slope of the correlation plot between the 
absorbance of uncontrolled and controlled conditions (illustration of this correlation plot is shown in 
Figure 2b). The corrected absorbance value can be found by the following equation: 

𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 𝑎𝑏𝑠 =  
𝐴𝑏𝑠ௌ௘௡௦௜௡௚ 

𝐶𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 𝑆𝑙𝑜𝑝𝑒 𝐴𝑏𝑠஻௟௨௘ ோ௘௙

 (2) 

where Abssensing is the absorbance value of the sensing area of the sensor (under uncontrolled 
conditions) and “Correlation Slope AbsBlue Ref“ is the slope of the plot of uncontrolled lighting values 
against the previously mentioned controls. The corrected absorbance values were then compared to 
the gold standard laboratory spectrophotometric method for accuracy analysis. 

(a) 

 

(b) 

 

Figure 2. (a) Top view of sensor with 3 reference cells; (b) Illustration of the correlation plot of the uncontrolled 
vs. controlled absorbance from three reference cells. 

Other color palettes including gray, green, and red were also tested for use as reference cells. 
However, after comparing different colors for use in these reference cells, it was found that varying 
intensities of blue had the lowest coefficient of variation and thus gave the most accurate readings. 

2.4. Phone Models Used for Sensor Imaging 

The smartphone models used in this study were: 1- iPhone XR (Apple Inc., Cupertino, CA, USA), 
2- Samsung Galaxy S10+ (Samsung Electronics Co., Ltd., Suwon, South Korea), 3- Samsung Note 8 
(Samsung Electronics Co., Ltd., Suwon, South Korea). The Samsung Galaxy S10+ was used to capture 
images under controlled lighting conditions within a light box, while all three phones were employed 
to capture sensor images under variable lighting conditions in different areas of the laboratory. 
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3. Results and Discussion 

Figure 3 shows the relationship between absorbance values and iron values from the 
spectrophotometer reference method. The measurements were obtained at 590 nm, and each sample 
was replicated 3 times for each iron concentration. 

 

Figure 3. Spectrophotometric calibration curve for iron (III) nitrate nonahydrate (INN) at concentrations of 0, 50, 
100, 150, 300, and 500 μg/dL. The coefficients of variation for these concentrations were 1.4%, 2.9%, 1.0%, 1.8%, 
1.0%, 2.9%, and 1.4%, respectively. Error bars are included but not visible due to their minimal size. 

Five sensors were tested using iron standards at concentrations of 0, 50, 100, 150, and 300 μg/dL. 
As shown in Figures 4a–e, the absorbance correlation plots illustrate varying slopes, which reflect 
differences in ambient lighting conditions during image capture. These slopes were used in Equation 
2 to correct for lighting variability and obtain normalized absorbance values. The corrected values 
were subsequently compared to the known concentrations of the iron standards, as shown in Figures 
5a-b. Intercept corrections were applied to account for systematic offsets observed between different 
phone models. After applying these corrections, the sensor readings across different phone models 
demonstrated strong agreement with the spectrophotometric reference, yielding an average 
coefficient of variation of 5.13%, indicating good reproducibility despite the variation in hardware 
and environmental lighting. 
  

y = 0.0014 
R2 = 1.0 
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(a) 

 

(b) 

 
(c) 

 

(d) 

 
 

(e) 

 

Figure 4. Absorbance correlation plots between sensors under uncontrolled and controlled conditions for iron 
concentrations: (a) 0 μg/dL; (b) 50 μg/dL; (c) 100 μg/dL; (d) 150 μg/dL; and (e) 300 μg/dL. 

Figure 5a showcases sensor images captured under both controlled and uncontrolled lighting 
conditions using three different smartphone models (iPhone XR, Samsung Galaxy S10+, and 
Samsung Note 8). The pictures indicate significant variations in color perception due to 
environmental lighting and device-specific image processing. However, applying the correction 
method using the three-reference-cell system significantly improves the accuracy of iron 
concentration readings. 
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(a) 

 

(b) 

 
(c) 

 

Figure 5. (a) Sensor images taken under controlled and uncontrolled lighting conditions using iPhone XR, 
Samsung Galaxy S10+, and Samsung Note 8 cameras, respectively. Left to right iron concentrations: 0, 50, 100, 
150, and 300 μg/dL; (b) Concentration correlation plot of sensor against the reference iron concentration 
(spectrophotometry results); (c) Concentration correlation plot of sensor against the reference iron concentration, 
the uncontrolled values are obtained by taking the means of the corrected measurements of uncontrolled data 
of three phone models. The normal clinical range of iron levels found in human blood is also displayed. 

As seen in Figures 5b and 5c, the concentrations suggested from the sensor correlate well with 
the spectrophotometer data. Sensor measurements for normal clinical blood iron range (60 – 170 
μg/dL) display a good match of the uncontrolled compared to the controlled sensors. With the 
absorbance correction method, the results were found to be improved by 8.80% compared to the old 
method that did not apply the three-reference-cell correction system. 

(a) 

 

(b) 

 

(c) 

 

Figure 6. Iron concentration correlation plot between controlled and uncontrolled lighting conditions using: (a) 
iPhone XR; (b) Samsung Galaxy S10+; and (c) Samsung Note 8 cameras. 
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 Figure 6 presents correlation plots of predicted iron concentrations under controlled and 
uncontrolled lighting conditions for three different smartphone models. The iPhone XR and Samsung 
Galaxy S10+ slightly overestimated iron concentrations by 8% and 5%, respectively, while the 
Samsung Note 8 underestimated concentrations by 9%. Despite these variations, the proposed 
correction method effectively normalizes the results, bringing them within an acceptable margin of 
error (±10% as user reference). 

These findings underscore the robustness of the correction method, demonstrating its ability to 
standardize measurements across different phone models and lighting conditions. The improved 
accuracy of iron detection using a smartphone-based system presents significant implications for 
point-of-care diagnostics, particularly in low-resource settings where laboratory spectrophotometers 
may not be readily available. 

4. Conclusions 

This study successfully developed and validated an enhanced color detection method for 
smartphone-based colorimetric iron sensors. The incorporation of three reference cells for RGB color 
analysis significantly improved the reliability of the sensor readings, making them less dependent on 
environmental lighting conditions and phone model variations. This approach holds promise for 
future applications in colorimetric sensing for various analytes, broadening the potential of 
smartphone-based diagnostic tools. 
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