
1 
 

1 
 

Phone-Based Turbidity Monitoring for Early Detection of Water Contamination  
in Floodplain Communities 

 
Students 

Lindsey Pegram, Gillings School of Global Public Health, University of North Carolina at Chapel Hill, 
lipegram@live.unc.edu 

 
Faculty Advisors 

Michael Fisher, Gillings School of Global Public Health, University of North Carolina at Chapel Hill,  
mischaf2@email.unc.edu 

Amanda Northcross, Gillings School of Global Public Health, University of North Carolina Chapel Hill, 
amandaln@email.unc.edu 

Glenn Walters, Department of Applied Physical Sciences, University of North Carolina at Chapel Hill, 
gwalters@email.unc.edu 

 
Abstract 

Safe water quality is essential to human health. As climate change worsens the frequency and 

magnitude of severe weather events, those who live in floodplains are some of the most vulnerable to 

consequences of extreme precipitation and poor water quality. Turbidity measures the opacity of water 

and can indicate potential microbial contamination in both surface and well water. Severe precipitation 

increases turbidity, rendering it a useful parameter for floodplain management. Current turbidity 

measurement methods are costly, cumbersome, and/or complex to use. A low-cost, user-friendly turbidity 

sensor could provide a useful option for individuals interested in timely and cost-effective data about 

potential microbial contamination in drinking and surface waters. We developed and piloted a low-cost 

(<$5) turbidimeter comprised of a graduated cylinder and water-proof, high-contrast sticker, used in 

conjunction with a mobile phone camera and ImageJ to approximate turbidity. Mean-gray and circularity 

values were quantified, and a standard curve produced including seven points from 0.10 to 100NTU. In 

the field, gray value difference provided more reliable estimates at higher turbidity levels and circularity 

for low turbidity. Currently, neither approach replicates the accuracy of standard equipment, therefore, 

future efforts should seek to advance reliability and usability. The ultimate goal of this project is to help 

individuals, especially those in floodplains, acquire low-cost, real-time data to assess and monitor the 

quality of surface and drinking water sources in response to increasingly severe weather events. 
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Introduction 

 In the U.S, more than 44 million people rely on private wells that can be vulnerable to microbial 

contamination, especially those in floodplains (Gibson & Pieper, 2017). While legislation has been passed 

to improve drinking water in municipal systems, such as the U.S. Safe Drinking Water Act (SDWA), 

there is currently no regulation mandating the routine monitoring of private wells, forcing well users to 

bear the burden and cost of water testing (Salzman, 2024). Climate change exacerbates these problems, 

with flooding and severe storm events further compromising water quality (Hathaway et al., 2024). 

Without routine monitoring, damaged wells can allow polluted surface water to infiltrate drinking water, 

thus increasing the risk of chronic health effects such as severe gastrointestinal illnesses (Mann et al., 

2007).  

 While water quality monitoring is imperative, it can also be costly, complex, and cumbersome, 

especially for those from non-technical backgrounds (Andarge et al., 2024). However, certain water-

quality indicators such as turbidity could offer an early warning sign of potential well damage or 

microbial contamination in drinking water (Mann et al., 2007). Turbidity measures the opacity of water 

due to suspended particles; therefore, serving as an important quality indicator in both drinking and 

surface waters (Anderson, 2005). While turbidity is not a substitute for other water quality indicators, 

high turbidity levels in water samples could signal the need for further testing to determine whether 

discoloration is due to pathogenic presence (Mann et al., 2007). Since contaminants are often invisible to 

the naked eye, turbidity equipment provides a more effective, and objective, early-warning sign for 

contamination (Kitchener et al., 2017). Turbidity is often measured in Nephelometric Turbidity Units 

(NTU), and the visual detection limit, or the level at which changes in water clarity become noticeable to 

the human eye, is typically around 1 NTU (Davies-Colley & Smith, 2001). However, while changes after 

1 NTU may be visually detectable, they cannot be accurately quantified without turbidity measurement 

tools.  

There are many tools and technologies that are used to measure turbidity in both drinking water 

and surface water systems. While this equipment is appropriate for laboratory settings and for use by 
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experienced professionals, it is not accessible for low-income and/or low-resource communities, 

especially following devastation from extreme flooding (Kitchener et al., 2017).  

Goal 

The goal of this research is to develop a low-cost and user-friendly, miniaturized turbidity tube 

that can provide real-time and cost-effective data about potential microbial contamination in drinking 

water and surface water samples, especially following extreme precipitation and severe weather events. 

Methods 

An iPhone 12 was used to capture images of 100 mL 

samples in a plastic graduated cylinder with a high-contrast, water-

proof sticker featuring nine, equidistant 0.06-inch diameter dots 

placed on a washer at the bottom of the cylinder. The sticker was 

designed to minimize shadow interference on the side of the 

graduated cylinder and to assess how increased turbidity affects 

both pixel color difference and circularity. A serial dilution of 

Formazin was prepared from a 4000 NTU stock across seven 

concentrations ranging from 0.1 to 100 NTU. Triplicate images and 

measurements were taken at each dilution point. Triplicate images 

were taken and imported into ImageJ, where they were cropped to 

focus solely on the sticker region of interest, thus minimizing 

outside light interference. The images were analyzed in ImageJ to 

generate lists of pixel gray values and calculate the average 

circularity across the nine dots. Data was then compiled in Excel, where gray value difference was 

computed by subtracting the minimum gray value from the maximum gray value for each image. Gray 

value difference and circularity for each turbidity value were then graphed in Excel and regression 

trendlines and equations were generated to model the effect of increasing turbidity on pixel data.  

Figure 1. Low-cost turbidimeter model 
comprised of a graduated cylinder, high-

contrast waterproof sticker and ImageJ 
software 
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Field samples were collected from four diverse North Carolina water sources, including 

freshwater lakes, creeks, and private wells, and 

photographed on-site with the same setup in ambient 

outdoor light instead of controlled lab lighting. 

Turbidity estimates derived from the standard curve 

equations were compared to actual HANNA 

turbidimeter readings to evaluate the low-cost 

model’s effectiveness in real-world water quality 

monitoring across the entire range of interest: 0.10 – 100 NTU. 

Results 

 
Figure 3. Logistic relationship between gray value difference (left),circularity (right) and known turbidity 

(measured by the HANNA turbidimeter)  

The logistic line of best fit describes the relationship between the gray value difference and the 

actual turbidity concentration (left) in lab lighting with the equation: 

y = -6.948ln(x)+34.319 

where y represents the gray value difference and x the turbidity concentration (NTU). The R2 value for 

this standard curve is 0.9504, which indicates strong positive correlation between turbidity and gray value 

difference. This equation was later used to predict turbidity measurements for field samples based on their 

mean gray value difference from ImageJ. 

Figure 2. Map of field sampling locations and types 
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The logistic line of best fit equation for the circularity standard curve in lab lighting (right) was: 

y = -0.01ln(x)+0.9099 

where y represents the mean circularity value and x the turbidity concentration (NTU). The R2 value for 

this curve is 0.775, which indicates a moderate positive correlation between turbidity and circularity. This 

equation was later used to predict turbidity measurements for field samples based on their mean 

circularity values from ImageJ. 

 
Figure 4. Predicted vs actual turbidity values in field samples 

 At Jordan Lake, actual turbidity values were 6.41 NTU (Site 1), 7.04 NTU (Site 2), and 6.67 

NTU (Site 3). Circularity predictions consistently underestimated turbidity, reporting 1.42 NTU (Site 1), 

2.21 NTU (Site 2), and 2.82 NTU (Site 3). Conversely, gray value difference predictions overestimated 

turbidity, with values of 13.3 NTU (Site 1), 12.9 NTU (Site 2), and 12.3 NTU (Site 3). 

For Morgan Creek, actual turbidity measurements were 13.0 NTU (Site 1), 13.4 NTU (Site 2), 

and 13.5 NTU (Site 3). Circularity predictions once again underestimated turbidity, reporting 8.99 NTU 

(Site 1), 6.72 NTU (Site 2), and 7.93 NTU (Site 3). Gray value difference predictions again overestimated 

turbidity, with values of 15.0 NTU (Site 1), 18.4 NTU (Site 2), and 17.0 NTU (Site 3). 
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In the stormwater retention pond, actual turbidity measurements were 3.38 NTU (Site 1), 3.39 

NTU (Site 2), and 3.40 NTU (Site 3). Circularity predictions underestimated turbidity, reporting 0.222 

NTU (Site 1), 1.20 NTU (Site 2), and 0.302 NTU (Site 3). Gray value difference predictions also 

underestimated turbidity, with values of 0.0613 NTU (Site 1), 0.0821 NTU (Site 2), and 0.0208 NTU 

(Site 3). 

At the private well, actual turbidity measurements were 0.71 NTU (Site 1), 0.77 NTU (Site 2), 

and 0.65 NTU (Site 3). Circularity predictions varied, underestimating turbidity at Site 1 (0.336 NTU) 

and Site 3 (0.279 NTU), while overestimating at Site 2 (0.909 NTU). Gray value difference predictions 

consistently underestimated turbidity, with values of 0.236 NTU (Site 1), 0.047 NTU (Site 2), and 0.0804 

NTU (Site 3). 

Discussion 

This study evaluated the accuracy and reliability of low-cost turbidimeter that utilized image-

based turbidity prediction models: gray value difference and circularity, under various lighting conditions. 

The research aimed to assess the performance of this prototype by comparing its turbidity predictions 

against measurements obtained using a standard laboratory-grade turbidimeter in both controlled and field 

settings. 

Under controlled lighting conditions in the lab, gray value difference demonstrated a strong 

correlation (R² = 0.9504) with turbidity levels, outperforming circularity (R² = 0.775). This indicates that 

gray value difference may be more reliable for turbidity estimation across a wide range of concentrations. 

In field settings, gray value difference tended to overestimate turbidity in high-turbidity 

environments and underestimate it in low-turbidity settings. Circularity generally underestimated turbidity 

across all sites, but in some low-turbidity scenarios, it provided estimates more comparable to actual 

values than those generated by gray value difference. Both models showed similar predictive utility, with 

R² values of 0.6005 for gray value difference and 0.6078 for circularity. However, due to variability 
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across sites and inconsistencies at lower turbidity levels, neither model offers the accuracy or reliability 

necessary to replace standard laboratory instrumentation at this time. 

An important limitation of this research design is that the image capture process is sensitive to 

external factors such as lighting conditions and manual image capture, which may influence results. 

Excess shadows or blurry images could be regarded as effects of increased turbidity instead of imperfect 

image capture, which can lead to inaccurate turbidity predictions in subsequent samples.  

Thus, further research is necessary to improve the accuracy and reproducibility of these methods 

before supporting their use in real-world monitoring applications. Future efforts should focus on 

standardizing imaging conditions, refining calibration procedures with more representative turbidity 

standards, and automating image analysis. Ultimately, integration into a free, open-source, mobile 

application could significantly enhance accessibility and accuracy of these methods, especially in flood-

prone areas with limited resources. 

Conclusion 

This pilot method for measuring turbidity presents a promising proof-of-concept for a low-cost 

and user-friendly, water-testing technology. Quantifying turbidity over the 0-100 NTU range and beyond 

could potentially help inform actions to protect human health and the environment in a range of 

applications and settings. This research specifically aims to make water testing technology accessible to 

low-resource and non-technical audiences, equipping individuals with the knowledge and resources to 

better advocate for safer water in their respective communities. By leveraging these technologies, 

communities can gain timely, cost-effective insights into water quality and early warning signs about 

potential contamination, thus enhancing their resilience to flooding events and other natural hazards. 
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