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Problem Statement 
Agro-industrial activities generate vast volumes of nutrient-rich wastewater, organic 

matter, nitrogen, phosphorus, micronutrients, as well as contaminants such as heavy metals, 

pathogens, and xenobiotics. Inefficient and inadequate management of these streams lead to 

uncontrolled discharge that causes soil and water contamination, greenhouse gas emissions, 

and the dissipation of valuable nutrients 1–3. Circular bioeconomy promotes the recovery and 

reuse of water nutrients. However, due to safety concerns and insufficient process control, the 

implementation stays constrained1,4,5. It is required that treated water be used safely and 

effectively, and for this purpose, consistent and thorough monitoring of pollutants and nutrients 

throughout the entire treatment and reuse system is required3,5,6. 

Conventional methods for wastewater characterization rely on centralized laboratories, 

complex instrumentation, and trained personnel. This makes monitoring costly, time-

consuming, and limited in spatial coverage7,8. These approaches provide low-frequency 

measurements and do not support control of treatment units and real-time certification for 

reuse. As a result, low-resource settings do not operate, and full monitoring capacity 

undermines environmental protection and resource recovery4,7–9.  

There is an urgent need for real-time, decentralized, and sustainable monitoring tools 

that are deployable at the point of waste generation and reuse to support waste management 

approaches. This shall eventually contribute to Sustainable Development Goal 6 on clean water 

and sanitation. Biosensors such as low-cost paper-based, optical, and smartphone-integrated 

systems are promising to bridge the gap between labs and analysis and continuous decision-

making, enabling rapid, on-site quantification2,5,6,8–11. However, biosensors' potential for 

coupling monitoring with active control, optimization, and valorization in wastewater streams 

and agro-industrials is underexplored relative to the urgency and scale of the challenge. 

Addressing these gaps and challenges will operationalize circular economy principles in agro-

industrial systems, transforming wastewater from an environmental liability into a managed 

resource4,7,9,10. 

  

 

 

 



ii 

 

Research Aim 
This PhD research aims to design, develop, and validate a new generation of 

sustainable, paper-based optical biosensing platforms, integrated with smartphones and 

artificial intelligence.  These analytical platforms could enable decentralized environmental 

monitoring and support the valorization of agro-industrial waste and wastewater streams. 

Building on recent advances in bioluminescent smartphone paper biosensors with embedded 

AI-driven image analysis for water toxicity assessment, the aim is to develop origami-inspired 

colorimetric paper devices for instrument-free pollutant detection. These devices provide a 

contribution of bioluminescent sensing to Sustainable Development Goal 6 (Clean Water and 

Sanitation); the project seeks to consolidate these paradigms into modular platforms capable of 

on-site, low-cost, and user-friendly quantification of both contaminants and value-added 

components in complex agro-industrial matrices. 

Within this broader vision, the specific objective is to engineer eco-designed, 

disposable paper and origami-based biosensors. That employs bioluminescent and colorimetric 

transduction, coupled with smartphone imaging and AI algorithms, to transform qualitative 

optical readouts into robust quantitative information in real time, independent of device 

variability or field conditions. By deploying these platforms at points of waste generation and 

reuse, the research aims to advance data-enabled circular-economy interventions, helping to 

manage process control, risk assessment, and decisions on safe reuse, recovery of nutrients, 

and bioactive compounds for the valorization of agro-industrial valorization chains. In doing 

so, the dissertation positions AI-assisted paper biosensors as key digital-analytical interfaces 

that reconcile sustainability, decentralization, and circular resource management in 

environmental and agri-food systems. 

 

 

 

 

 

 

 

 

 

 

 



iii 

 

Abstract 
 

The presence of toxic contaminants is still a large analytical and environmental concern. 

This is especially true in areas with limited resources, like decentralized facilities. Reference 

laboratory analytical methods like chromatography and mass spectrometry provide exceptional 

sensitivity and selectivity for contaminant analysis, but the degree to which they rely on 

sophisticated instrumentation, trained personnel, and centralized infrastructure also limits their 

real-time and/or in situ applicability. The development and analytical validation of two 

sustainable, paper-based biosensing platforms for quantitative measurement of water quality 

are presented in this thesis.  

The first platform (elaborated in Chapter 2) is an integrated bioluminescent toxicity 

biosensor using entrapped Aliivibrio fischeri cells immobilised over a paper matrix. This 

system combines the use of smartphone imaging with an associated artificial intelligence 

application (Scentinel) and an on-board calibration model developed to compensate for 

variability due to different smartphone devices; this allows for model-independent quantitative 

analysis. The biosensor achieved a detection limit of 0.23 ppb for microcystin-LR and 

demonstrated high analytical sensitivity to environmentally relevant toxins. 

The second platform (elaborated in Chapter 3), NitriPad, is a ready-to-use origami 

colorimetric device based on the Griess diazotization reaction for nitrite (NO₂⁻) determination. 

The rationally engineered folding architecture allows for controlled mixing of reagents and 

initiation of reactions without the need for additional equipment or pipetting steps, thereby 

improving the reproducibility and robustness of the operational process. Analytical 

characterization of NitriPad yielded a limit of detection (LOD) of 0.27 mg L⁻¹ and a limit of 

quantification (LOQ) of 1.11 mg L⁻¹ when fortified drinking water samples with recoveries 

ranging from 87% to 110%.  

Furthermore, suitable linearity was established across environmentally relevant 

concentration ranges, and the platform was found to be amenable to smartphone imaging for 

quantification of results. White Analytical Chemistry (WAC) metrics were used to evaluate the 

sustainability of the two methods, confirming that both biosensing platforms were more 

sustainable than reference methods, which provides the potential for developing a scalable 

analytical infrastructure for decentralized environmental monitoring and rapid assessment of 

wastewater and screening. 
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1 Chapter 1 – Introduction 
This chapter introduces the foundational concepts and emerging trends in sustainable 

biosensing platforms for point-of-need applications. Biosensors are classified based on their 

transduction mechanisms, such as optical, electrochemical, and piezoelectric, among others. 

Moreover, the bioreceptor (enzymes, antibodies, nucleic acids, cells, or biomimetic materials) 

based details are included. Optical biosensors enable visual detection and include colorimetric 

systems (chromogenic reactions), chemiluminescent/electrochemiluminescent platforms (light 

emission upon chemical or electrochemical stimulation), fluorescent sensors (fluorophore-

tagged interactions), and bioluminescence approaches (enzymatic light generation). Biosensing 

systems can use different methods, living-cell-based platforms for complex analytes, cell-free 

constructs for enhanced specificity and stability, or hybrid configurations combining both 

modalities for optimization in a monitoring context.  

Integrating biosensors into environmental and waste management facilities offers real-

time data acquisition, sensitive contaminant tracing, affordability through miniaturization, and 

mass production. These features make them aligned with sustainability principles, enabling 

circular economy practices such as waste valorization. Paper-based substrates provide 

biodegradability, low cost, ease of preparation, microfluidic systems, and origami designs, 

allowing multiplexing and minimal reagent consumption, making them sustainable platforms. 

For painting biosensor’s stability and reproducibility, effective immobilization strategies for 

biological and chemical recognition elements in paper are critical.  

Despite these advances and the availability of technological advancements, the 

deployment of biosensors in field applications is challenging. sample matrices, bioreceptor’s 

stability issues in harsh environments, and biosensors’ lifetime are major stumbling blocks that 

hinder deployment outside of the lab. Smartphone availability has catalyzed the development 

of portable analytical detection systems. It allows image-based quantitative analysis through 

cameras and provides computational resources.  Coupling it with artificial intelligence (AI) for 

image interpretation, pattern recognition, and machine learning based estimation has enhanced 

sensitivity and enabled decentralized monitoring.  

Finally, in the transition from environmental monitoring to valorization of agri-food 

and agro-industrial waste streams, biosensors provide not only the contaminant detection but 
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also facilitate resource recovery processes. This holistic approach underscores the convergence 

of smart diagnostics, AI-driven analysis, and circular economy principles within agro-

industrial systems aimed at fostering resilient and sustainable food production networks12–16.  

1.1 Definition and Classification of Biosensors 

A chemical sensor is a device that detects the presence of an analyte and produces a 

quantifiable value. It consists of three main components: the receptor, which interacts with the 

analyte; the transducer, which converts the recognition event into a measurable signal; and the 

readout system, which processes and displays the signal. In the case of a biosensor (Figure 1. 

1), the receptor is a biological component, such as an enzyme, cells, tissue, antibodies, or 

DNA/RNA17,18. The performance of biosensors is evaluated based on biorecognition events 

and the effectiveness of signal transduction 19.  

1.1.1 Classification Based on Transduction Mechanisms 

Biosensors can be classified according to their transduction mechanisms, such as 

electrochemical biosensors (including amperometric, potentiometric, and impedimetric), 

optical biosensors (including fluorescence, surface plasmon resonance, and colorimetric), and 

other types (such as piezoelectric and thermometric)20–22. Schematic of classification of 

biosensors is shown Figure 1.2. Electrochemical biosensors measure the electrical activity of 

chemical change in terms of current (amperometry), potential (potentiometry), or resistance 

(impedimetric)23. Optical biosensors produce measurable light signals to indicate 

biorecognition events by altering the amplitude, polarization, and frequency of light. Common 

Biorecognition Event 

Figure 1. 1 Biosensor: Basic working principle. 
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types include signal forms with labels such as luminescent and colorimetric, as well as label-

free methods like SPR 18. 

1.1.2 Bioreceptors for Biosensing: Types and Key Features and Contrasts 

Selectivity and sensitivity are determined by the bioreceptor. Biosensors based on 

enzymes have high specificity and catalytic activity; however, factors such as temperature, pH, 

and concentration of substrate affect the activity of enzymes. Affinity-based biosensors utilize 

antibodies/antigens and DNA fragments for biochemical processes to form complementary 

complexes. The stability, receptor isolation, and purification are easy. However, 

Figure 1.2 Biosensor and biochip classification20. Reproduced from Huang et al., Journal of 

Materials Research and Technology, Vol. 12, 2021, under CC BY 4.0. 

 



4 

 

reproducibility of results and multi-stage procedures to produce results are common issues. 

Cell/ cell organelles-based biosensors used whole cells (bacteria, yeast) or organelles 

(mitochondria, membranes) as bioreceptors. They provide ease in immobilization; however, 

short shelf life, strict storage conditions, and biosafety are common issues with them. Other 

artificial receptors, such as aptamers and Molecularly Imprinted Polymers (MIPs), are 

chemically and thermally stable, have high shelf life, and are tolerant to environmental 

conditions. However, non-specific adsorption and lower catalysis efficiency are limiting their 

applicability18,21. 

1.2 Optical Biosensors: Colorimetric, Fluorescent, and 

Bioluminescent Approaches 

From a sustainability viewpoint, optical sensors are highly significant. Optical 

biosensors merge biorecognition with optical transduction mechanisms. 

1.2.1 Colorimetric Approaches  

Colorimetric biosensors are based on the visible color change of dyes, nanoparticles, or 

nanozymes when they interact with a specific analyte. These sensors are used in applications 

that require quick detection visible to the naked eye, such as testing for aflatoxin B₁ and atrazine 

in food, as well as for environmental monitoring of toxic gases, heavy metals, and explosives. 

Reports indicate that nanozyme-enhanced colorimetric biosensors have achieved limits of 

detection (LOD) in the picogram to nanomolar range, with results that can be read using a 

smartphone24–26. The intensity of color correlates with the analyte concentration, as calculated 

by the Beer-Lambert Law. The chemical reaction is described in the equation below. 

Substrate( Colorless ) + H2O2 →
 Enzyme 

Product( Colored ) + H2O 

Typically, the (chromogenic) substrate used is 3,3',5,5'-Tetramethylbenzidine (TMB), 

while Horseradish Peroxidase (HRP) serves as the enzyme. Additionally, H2O2 is a byproduct 

of various enzymatic reactions. 

Noble metal nanoparticles, such as silver (Ag NPs) and gold (AuNPs), exhibit color 

changes due to a specific shift in their localized surface plasmon resonance (LSPR). These 

changes can be easily measured using simple spectrophotometry or even smartphones. 

According to Mie theory, when AuNPs transition from a dispersed to an aggregated state, there 

is a red shift in the LSPR peak, typically moving from 520 nm to 600 nm. This shift is visible 
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as a change in color27,28. These biosensors are simpler and give a visual yes/no output with 

quantification.  

Enzymes or nanozymes cause a color change through the oxidation of chromogens like 

TMB, which occurs when hydrogen peroxide is present26. Thin-film interference on silica or 

paper substrates also results in a noticeable change in color25.  

1.2.2 Chemiluminescent / Electrochemiluminescent (ECL) Biosensors 

When a chemical reaction or the excitation of the electrode surface occurs due to the 

application of potential, it can produce light, which is useful for biosensing applications. 

Chemicals such as luminol, peroxyoxalates, dioxetanes, Ru (II) complexes, and nanomaterial 

emitters are combined with biological receptors for this purpose. These substances have been 

applied in immunoassays, pathogen detection, pharmaceuticals, and paper-based devices29–34. 

ECL Biosensors consist of three main components: biorecognition elements, 

electrochemiluminescent (ECL) luminophores, and conductive substrates. According to the 

literature these sensors achieve limits of detection (LOD) ranging from femtomolar to 

picomolar concentrations, with linear measurement ranges spanning 4 to 6 orders of magnitude. 

A study by Meng et al. reported an ECL biosensor for microRNA that achieved sub-femtomolar 

LODs by utilizing hybridization cascades and nanostructured electrodes, making it compatible 

with clinical serum levels35. Novel luminophores integrating porphyrinic-MOF provided LOD 

of 0.35 fM for circulating tumor DNA36. From 2021–2025, different strategies to work with 

luminophores have been developed. For example, aggregation-induced 

electrochemiluminescence (AIECL) was developed, which provided operational stability and 

tolerance to self-quenching. Additional 2D materials, such as MXenes, are utilized for signal 

amplification due to their high surface area and conductivity, which also enhances sensitivity 

and specificity37. These innovations demonstrate that ECL biosensors deliver higher LODs 

with maintained dynamic ranges and offer shorter assay times35,36,38. ECL and 

chemiluminescent provides ultra-low backgrounds, high sensitivity, and compatibility with 

multiplexed and miniaturized formats. However, they require controlled chemical reactions 

and electrochemical instrumentation, which makes them complex to use at the point of need. 

Unlike fluorescence biosensors, these sensors do not experience autofluorescence or 

photobleaching effects. However, their integration with microfluidic systems and low-cost 

electronics can enhance their application in high-performance clinical diagnostics and 

environmental monitoring35–39. 
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1.2.3 Fluorescent Biosensors 

These biosensors detect changes in light intensity, wavelength, Förster resonance 

energy transfer (FRET) efficiency of fluorophores, or lifetime by absorbing shorter 

wavelengths and emitting longer wavelengths, leading to a Stokes shift. An external light 

source is needed to observe the change. Quantum dots, which are nanomaterials with 

fluorescent properties, as well as dyes, are commonly used. These materials have been applied 

in sensing ions and metabolites40–42. These measurements are made in steady-state or time-

resolved modes, and ratiometric or FRET-based readouts, and these types of sensors provide 

improved accuracy and extended dynamic ranges. Their LODs are usually picomolar or even 

subpicomolar ranges (dynamic ranges three or more orders of magnitude), and high temporal 

resolution enables real-time monitoring of biochemical processes43. Hellweg et al. have 

engineered the reversible binding interaction between fluorescent proteins (donor) and 

rhodamine-labeled Halo Tag (acceptor), which made near-perfect FRET efficiency that 

increased unprecedented dynamic ranges for calcium, ATP, and NAD⁺ sensing, allowing 

multiplexed imaging44. Studies from 2023–2025 concluded that fluorescent nanomaterials—

quantum dots, metal nanoclusters, carbon dots, and MOF-based emitters improved quantum 

yields, narrow emission bands, and excellent photostability, enabling sensitive detection of 

small molecules, aptamer-based fluorescent biosensors provide very low LODs, and 

single-molecule fluorescence techniques provide observation of individual biomolecular 

interactions45,46. 

Fluorescent biosensors have several strengths, including high sensitivity, broad 

dynamic ranges, and excellent spatial and temporal resolutions, which make them ideal for 

intracellular imaging, high-content screening, and precise quantification of target analytes. 

However, there are significant challenges, such as photobleaching, background 

autofluorescence, and limited tissue penetration depth, that need to be addressed43,45,46.  

1.2.4 Bioluminescent Biosensors 

The bioluminescent reactions involving the enzyme(luciferase) and substrate(luciferin) 

generate a light-emitting biological system that offers a high signal-to-noise ratio without the 

need for an external excitation source. The various formats include whole-cell reporters, BRET 

sensors, caged luciferin (where analyte-triggered deprotection produces light), engineered 

luciferase mutants, and split luciferase systems47–53. They have been used in vivo imaging, 
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enzyme or small molecule activity test, neurology tests, and for virus detection. The basic 

reaction that produces bioluminescence is below 

Luciferin + ATP + O2 →
 Luciferase, Mg2+

 Oxyluciferin + AMP + PPi + CO2 + ℎ𝜈 

Recently developed CaBLAM Ca²⁺ indicator (from Oplophorus gracilirostris 

luciferase) has shown higher contrast than previous biosensors, with suitable affinity towards 

Ca²⁺, with the ability to detect subcellular level activity of a single cell, along with higher frame 

rates54,55.  Nanoluc-based systems provide very high sensitivity and excellent signal-to-

background ratios, making them suitable for monitoring protein-protein interactions (PPI) and 

protein levels. However, their total photon output is generally lower than that of bright 

fluorescent probes under strong excitation, which makes capturing very fast processes or 

single-molecule events with high temporal and spatial resolution more challenging. Most 

bioluminescence (BL) assays report changes in intensity, and truly ratiometric BL designs tend 

to be more complex than their fluorescent counterparts. BL biosensors should be considered 

complementary technologies rather than competitors, as they excel in live-animal imaging, 

low-background high-throughput screening (HTS), and applications where minimal 

disturbance to the system being studied is crucial54–56.  

Colorimetric biosensors offer low-cost, easy-to-use features that require minimal 

instrumentation. However, subtle changes in intensity, visual thresholds, or matrix effects can 

lead to variability in output, compromising accuracy. Bioluminescence-based biosensors 

provide ultra-high sensitivity and low background signals, but they require the addition of 

luciferin and may face brightness issues. Fluorescence sensors have been tested for 

multiplexing and spatial imaging; however, they rely on external light sources and suffer from 

problems such as photo-bleaching and auto-fluorescence. Chemiluminescence and 

electrogenerated chemiluminescence (ECL) have limits of detection (LOD) in the attomole to 

picomole range, but their instability is a significant drawback. 

1.3 Living, Cell-Free, and Hybrid Biosensing Systems 

Synthetic biology has advanced biosensing technology by evolving living, cell-free, 

and hybrid systems from intact cells to non-living systems with fully intact cellular machinery. 

This development has expanded the capabilities of biosensing, simplified its operation, and 

enhanced safety for environmental and medical monitoring. 
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1.3.1 Living Cell-Based Biosensors 

In this approach, whole cells (bacteria, yeast, plants, mammalian) act as biorecognition 

elements, and in the presence of the analyte of interest, the stimuli are converted into 

measurable electrical, optical, or mechanical signals. By exploiting metabolic pathways and 

using synthetic gene circuits, they can monitor toxins, bioavailability, heavy metals, pathogens, 

drugs, quorum-sensing molecules, or diseases. However, viability and GMO/biosafety 

concerns limit their usage57–61. Intracellular regulatory networks theoretically function as 

programmable input-output systems, allowing them to be rewired to sense specific molecular 

or physical stimuli with increasing thresholds, gains, and dynamic ranges. Using simple or 

multi-layer gene circuits, genetically coupled sensing elements and reporting elements (e.g., 

fluorescence, pigments) are utilized for environmental monitoring. Furthermore, amplification, 

logic, delay, and memory modules can be incorporated into cells that enables multi-analyte 

detection and temporal integration62,63. Two-component systems (TCSs) can be repurposed 

using new engineering techniques, such as genetic refactoring, DNA-binding domain 

swapping, detection threshold tuning, and insulation of phosphorylation crosstalk, to make 

them sensitive to analytes of interest, including light, metals, nutrients, and host-associated 

signals.64. Their detection time ranges from 1-6 h, and minimum sample preparation is required 

to measure the buffering capacity of the intracellular environment62. 

1.3.2 Cell-Free Biosensing Systems 

In order to minimize the limitations of cell-based biosensors, such as the requirement 

of nutrient media, increased response time (due to the cell wall), biosafety-related issues, and 

long-term storage, the cell-free protein synthesis system has emerged as a potential alternative. 

Extraction of biological machinery (ribosomes, RNA polymerase, tRNAs, and enzymes) using 

platforms (Escherichia coli extract, Saccharomyces cerevisiae extract, Insect cell extract (ICE), 

Wheat germ extract (WEG), Rabbit reticulocyte extract (RRE), etc.) and utilizing it out of the 

cell is a major process in cell-free biosensing platforms65–71.  They are abiotic analogues of 

whole-cell sensors; the open architecture permits direct addition of nucleic acid logic circuits, 

including toehold switches, strand-displacement cascades, and amplification chemistries that 

are difficult to implement in vivo72–74. They even allow logic circuit implementation. Jung et 

al. built hybrid RNA–DNA logic circuits (AND, OR, NAND, etc.) by interfacing a 

small-molecule sensing platform (ROSALIND) with toehold-mediated DNA 

strand-displacement, enabling discrete digital outputs73. Cell-free biosensors can be freeze-
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dried, thus removing cold chain requirements, making them deployable by rehydration at the 

point of need. Wang and Lu (2022) similarly highlight freeze-drying, optimized extract 

preparation, and microfluidic paper analytical devices (µPADs) as key enablers for point-of-

care and environmental monitoring63. Li et al. have provided a strategy for improving 

sensitivity by introducing polymerase strand recycling (PSR), and it yields up to 3.6–4.6-fold 

decreases in EC50 for transcription factor-based biosensors74. Key advantages include 

operational efficiency in matrices, easy integration with the substrate, and improved biosafety. 

However, concerns exist regarding batch-to-batch variability, sample interferences due to the 

lack of a membrane barrier, and the high cost of reagents.63,75,76.  

1.3.3 Hybrid and Artificial-Cell Platforms 

Advancements in biosensors involve integrating synthetic materials, such as carbon 

nanotubes, graphene, and metal-organic frameworks (MOFs), to enhance signal transduction 

and stability. These improvements enable upstream metabolic transducers to feed into 

transcription factor (TF)-based circuits, thereby extending the range of detectable chemistries 

in complex media like urine and beverages through the introduction of hybrid systems.77. 

Another approach involves utilizing cell-free machinery encapsulated in lipid vesicles, which 

serve as membrane gates. This setup mimics the response of living cells, creating artificial cells 

that act as micro-compartments and providing greater reliability and longevity for biosensors. 

78–80. Additionally, there are cell-based hybrid systems that incorporate multiple modes of 

transduction. These systems integrate cell-based strategies with hybrid nanomaterials and 

microelectronics to enhance functionality.81,82. A study by Boyd et al. shared the proof-of-

concept of a hybrid biosensing platform by encapsulating a fluoride-responsive cell-free 

riboswitch in lipid vesicles. The membrane was optimized for permeability and kinetics while 

providing protection against nucleases and inhibitors in a complex matrix. The biosensor 

produced either colorimetric or fluorescent outputs, making the system compatible with both 

simple and advanced systems.83. Mathur et al. used hybrid nucleic acid–quantum dot 

assemblies as modular multiplex reporter in a cell-free system, turning enzyme activities into 

fluorescent outputs (FRET-based QD–DNA–dye constructs)72.  

Collectively, these hybrid systems aim to resolve a central trade-off: whole-cell sensors 

offer protection and long-term function but suffer from viability constraints and regulatory 

barriers, whereas open cell-free systems are programmable and stable when lyophilized but 

vulnerable to interference and lack compartmental control. Artificial cells attempt to 
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combine abiotic programmability and safety with membrane-mediated robustness and tunable 

transport, enabling operation in complex environmental and clinical samples63,78,83. 

1.4 Applications in Environmental and Waste Management 

Biosensors can be transformative for environmental monitoring and waste 

management, while aligning with circular economic frameworks and sustainable development 

goals (SDG 6, 12). They provide the benefits, not limited to: 

1.4.1 Rapid, Real-Time, and Onsite Monitoring 

Real and continuous monitoring quality and pollutants (BOD, COD, heavy metals, 

pathogens, pesticides) allows laboratory-based methods (Culturing, HPLC, etc.) to use 

confirmatory analysis only. Portable monitoring in situ at treatment plants, rivers, or landfills 

allows immediate transfer of information and reduces sample transportation time and costs84–

91. 

1.4.2 High Sensitivity, Selectivity, and Early Warning 

As biosensors have highly specific biorecognition elements, they are highly specific 

towards metals, emerging contaminants, pharmaceuticals, pathogens, and microplastics at trace 

levels. Toxicity monitoring using cell-based biosensors provides early warning systems and 

acts as a filtering instrument for toxic discharges84–86,91–102.  

1.4.3 Cost-Effectiveness and Sustainability 

Conventional analytical systems, such as chromatography and mass spectrometry, 

require sample preparations, reagents, storage conditions, space, and disposability, the issues 

that biosensors can overcome. Smaller carbon footprints are due to miniaturize nature of 

biosensors support white, green, and blue chemistry principles. Modern approaches based on 

biodegradable platforms, such as paper sensors, are eco-friendly, producing low waste, and are 

good options for field deployments. 84,85,87,90,93,96,103–106 

1.4.4 Process Control, Smart Management, and Role in Waste 

Valorization / Circular Economy 

Realtime biosensing operations allow online control of wastewater treatment, limit 

regulatory breaches, and optimize processes. If integrated with IoT and AI, the smart 

bioremediation for solid-waste leachates and industrial effluents, remote monitoring, and 
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predictive maintenance is possible85,88,90,91,93,100,106. Monitoring bio-transformation processes 

turning waste into resources is central to the circular economy, and monitoring can be done 

through biosensors. For example, a volatile fatty acid measurement system (bio‑electrolytic 

VFA sensor) was developed that improved the process of anaerobic digestion and stable biogas 

production. Further monitoring of heavy metals and toxic organics in wastewater and 

agricultural effluents is used to measure the safety threshold of byproducts of sludge and agro-

industrial waste. This maintains quality and safety during valorization and supports the 

recirculation of harmful contaminants86,93,95,105,107–110. 

1.5 Paper as a Sustainable Analytical Substrate 

Paper(cellulose) acts as a green platform for biosensors because of its materialistic and 

life cycle properties and is a leading green platform. Cellulose paper is biodegradable and 

produced from renewable sources, making its production and disposal more sustainable than 

ceramics, polymers, or glass. And disposal of paper is natural, with the generation of low 

volume for proper waste management111–116. Paper substrates offer several advantages, 

including cost-effectiveness, availability, and compatibility with various scalable printing 

methods such as wax, screen, inkjet, or laser printing. This facilitates the mass production of 

biosensors in decentralized locations. Additionally, the internal structure of paper—

characterized by intrinsic porosity and capillary action—allows for passive sample transport 

without the need for external instrumentation. Moreover, the low volume requirements for 

reagents and samples (measured in microliters) minimize chemical use and ultimately reduce 

waste114–122. In terms of functionalization, paper provides a fibrous surface with a high surface-

to-volume structure for immobilization of enzymes, antibodies, nucleic acids, aptamers, and 

cells. Many strategies are available to chemically modify the paper with aldehydes, grafted 

polymers, and amides to make a bioactive paper. These functionalizations and modifications 

allow an increase in the sensitivity and selectivity of the biosensor. The assays that require 

multiple steps, paper provides flexibility and foldability, allowing origami and 3d paper 

fabrication. These eco‑designed biosensors perfectly align with green and white analytical 

chemistry concepts112,115–117,119,120,123,124. 

1.5.1 Paper Microfluidics and Origami-Based Designs 

As previously discussed, the 3D paper-based biosensor concept, known as paper 

microfluidics (µPADs), enables capillary-driven flow in cellulose. The design incorporates 

patterns with hydrophobic regions created through methods like wax printing, inkjet printing, 
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laser printing, or stamping confinement. These patterns allow for the routing of liquids in 

multiple dimensions. The 3D devices feature both vertical and lateral channels, which provide 

precise control over the flow of liquids. These configurations can be achieved by either stacking 

multiple sheets or by using origami techniques to fold a single sheet of paper125–130. Origami 

design utilizes predefined fold lines and tap geometries to regulate the sequence and timing of 

contact between samples and immobilized reagents. This approach includes fold-to-start 

assays, sequential incubation, washing, and detection processes. It allows for the separation of 

incompatible reagents into distinct layers of paper until the step where they are needed. 

Additionally, plasma separation, washing, multiplexing, and reaction zones can be 

incorporated into a compact single piece of paper125,126,128,129,131–133. 

1.5.2 Advances in Paper Microfluidics and Origami Biosensors 

A study has described the 3D capillary-driven sequential devices that combine oPAD 

(origami PAD) and rPAD (movable reagent pad) in two configurations to deliver reagents 

automatically through either flow‑through or stopped‑flow. These strategies eliminated the 

manual multistep and allowed self-calibration plots, electrode modification steps, and label-

free immunosensing133. The origami system overcomes the Lucas–Washburn regime (lateral-

flow length limitation), with vertical transport and stacked layers. Further, it enhances mass 

transport and longer effective path length without sacrificing footprint126. Several paper 

microfluidic-based sensors have been developed to improve performance for different analytes 

along with different transduction mechanisms (Electrochemical, Electrochemiluminescence, 

Chemiluminescence, etc.) those are summarized in Table 1.1. 

Target/application Origami design & 

transduction 

Key performance Citations 

Tumor markers in 

blood 

3D origami CL 

immunodevice 

Multiplex CL, good 

agreement with 

clinical tests 

134 
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Glucose (serum) Cu@CuS@N-C origami 

µPAD 

Range 2–7500 µM; 

LOD 0.16 µM; no 

pretreatment 

135 

Sweat biomarkers Wearable origami paper 

microfluidics 

Multiplex 

colorimetric + 

electrochemical 

sensing on-the body 

136 

Dopamine & NADH 

(neurometabolic 

biomarkers) 

3D origami µPAD on filter 

paper with graphene/Pt 

Nano catalysts; 

smartphone colorimetric 

readout 

18× faster reactions; 

2.48× higher color 

intensity; LOD 0.56 

mM (dopamine), 0.99 

mM (NADH) 

127 

Glucose, lactate, uric 

acid, Mg²⁺, pH, and 

cortisol in sweat 

Wearable 3D origami 

paper microfluidic chips 

with separated colorimetric 

and electrochemical zones 

On-body multiplex 

sweat sensing; thread-

based channels 

control flow and 

reaction sequence; 

validated in human 

tests 

132 

H₂O₂ and glucose in 

saliva 

Origami microfluidic PAD 

integrating SPE 

modification and detection; 

RGO/Au–Pt 

nanocomposite; 

Amperometric 

29.2-fold sensitivity 

gain vs bare SPE; 

H₂O₂ LOD 0.15 µM; 

glucose LOD 1.5 µM; 

ranges cover salivary 

levels 

137 

Glucose in serum Origami µPAD with core–

shell Cu@Cu₂S@N-doped 

Range 2–7500 µM (R 

= 0.996); LOD 0.16 

130 
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carbon hollow nano cubes; 

nonenzymatic 

amperometric 

µM; good selectivity, 

stability; direct serum 

analysis without 

pretreatment 

Zearalenone 

(mycotoxin) in 

cereals/wastewater 

Origami microfluidic paper 

immunosensor; 

carbon-nano horn-

decorated nanoporous Au 

electrode; Amperometric 

Linear 10–1000 µg 

kg⁻¹ (R² = 0.998); 

LOD 4.40 µg kg⁻¹; 

intra/inter-day RSD 

<5%; good selectivity 

vs other mycotoxins 

138 

E. coli (model 

microorganism) 

Colorimetric origami 

µPAD on PVDF/cellulose; 

folding-driven 

immunoassay with HRP–

TMB 

LOD 2 CFU mL⁻¹; 

dynamic range 10²–

10⁶ CFU mL⁻¹; simple 

POC format with 

image-based 

quantification 

139 

Phycocyanin protein 

(environmental/food) 

3D paper@QDs@MIP 

origami chip; fluorescence 

quenching of QDs by 

QDs@MIP–phycocyanin 

complex 

Dynamic range 10–50 

mg L⁻¹; LOD 2 mg 

L⁻¹; reusable 

imprinted layer; 

simple fluorescence 

readout 

140 

Mg²⁺ (animal health) Flexible hydrophobic 

paper microfluidic FET 

biosensor; DNAzyme-

based DNA nanostructure 

(DNA-origami-like) on 

SWNTs 

Linear 1–1000 µM; 

LOD 0.57 µM; high 

stability and 

anti-interference for 

Mg²⁺ monitoring 

141 
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Cortisol in sweat 3D origami microfluidic 

chip with MoS₂-FRET 

aptasensor; smartphone 

fluorescence readout 

Range 10–1000 ng 

mL⁻¹; LOD 6.76 ng 

mL⁻¹; 25 min assay; 

good agreement with 

ELISA (R = 0.988) 

142 

Rabbit IgG; HIV-p24 

in serum 

Origami µPAD with ZnO 

nanowires; label-free EIS 

immunosensor 

LOD 60 fg mL⁻¹ 

(IgG) in buffer; 300 fg 

mL⁻¹ (HIV-p24) in 

serum; assay <25 min 

143,144 

HSA and human IgG Origami electrical 

biosensor array; five paper 

FET/chemiresistor 

channels with SWNT 

networks 

LOD 1.5 pM for 

HSA/HIgG; 

µL-volume samples 

split by paper 

microfluidics; cost-

effective multiplex 

platform 

145 

Enzyme activity & 

organophosphate 

pesticides 

3D origami potentiometric 

µPAD; solid-contact ISE + 

all-solid-state reference 

with enzyme/inhibitor 

chemistry 

Versatile 

potentiometric 

biosensing of BChE 

activity and OP 

pesticides using fold-

controlled reagent 

contact 

128 

Cu²⁺, Cd²⁺, glucose 

(ions + metabolite) 

3D origami ePAD with 

solid-contact ion-selective 

electrodes and MnO₂–CPE 

glucose biosensor 

10 µL sample; high 

sensitivity to 

Cu²⁺/Cd²⁺; 

ultra-sensitive 

potentiometric 

146 
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glucose detection in 

small volumes 

Four tumor markers in 

whole blood 

3D origami microfluidic 

paper immunodevice; 

chemiluminescence 

readout with luminol–

H₂O₂–AgNP system 

Multiplex CL assay 

with built-in plasma 

separation and 

automated rinsing; 

good agreement with 

clinical tests 

129 

 

Table 1. 1  Overview of Microfluidics-Based and origami paper Biosensors: Target 

Applications, Origami Design Strategies, Transduction Mechanisms, and Key Performance 

Metrics. 

 

1.5.3 Alignment with ASSURED and Sustainability Principles 

Paper-based biosensors, µPADs, and origami designs are complaint to WHO’S 

ASSURED criteria, including affordability, sensitivity, specificity, user-friendly, Rapid/robust, 

minimal equipment requirement, and deliverable to users147. These architectures allow 

automating multi‑step protocols, integrating sample pretreatment, storing reagents in dry form 

in different layers, ultra-sensitive detection ranges, and Broad analyte coverage, making them 

complementary to conventional microfluidic chips and bench-top assay equipment.  

1.6 Immobilization of Chemical Reagents and Biological 

Elements on Paper 

The hydrophilic and porous nature of cellulose (paper) allows reagents and 

biomolecules to be stored within fibers and later rehydrated, making them all-in-one or reagent-

free µPADs. The hydroxyl group of cellulose can be chemically modifiable, and hydrogen 

bonding, electrostatic, and hydrophobic interaction allows retention of bioreceptors. Proper 

immobilization controls the orientation, activity, and stability of biomolecules, resultantly 

controlling sensitivity and reproducibility of biosensors126,148–152. Studies have classified 

immobilization into physical, bioaffinity, and chemical approaches (Figure 1.3). 
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1.6.1 Physical Adsorption / Entrapment 

This type of immobilization is based on non-covalent forces (electrostatic, van der 

Waals, hydrogen bonding, hydrophobic) between biomolecules and cellulose. Directly spotting 

or drop-casting the biomolecules or dropping after entrapping them inside bioactive ink (e.g., 

agarose, pullulan, chitosan, alginate, dextran, sol-gels) over paper is a common method. This 

methodology is simple, good for disposable biosensors, and compatible with large-area 

printing. However, leaching during flow, random orientation, and reduced reproducibility in 

microfluidic processes are major drawbacks149,150,153–155.  

1.6.2 Bioaffinity-Based Immobilization 

Bioaffinity is highly specific, relying on interactions such as streptavidin/biotin, 

Ni²⁺/His-tag, and protein G/IgG. It enables precise control over the orientation of antibodies, 

aptamers, or tagged enzymes on surfaces like paper. This method allows for site-specific 

attachment, preserves the activity of the biomolecules, and enhances accessibility to their 

recognition sites. However, it requires engineering of biomolecules and the use of additional 

reagents, which can make the process costly and complex150,153,156–158.  
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1.6.3 Chemical Immobilization (Covalent Bonding to Cellulose or Polymer 

Coatings) 

This methodology begins with the chemical functionalization of cellulose, which can 

involve several techniques such as periodate oxidation to create aldehydes, salinization 

followed by glutaraldehyde treatment, carbodiimide coupling, or the use of epoxides. These 

processes allow for the formation of Schiff base or amide linkages with the amino groups of 

enzymes and proteins. Another approach involves using hydrophilic polymers that have 

reactive groups, such as esters, which are then attached to the paper through photochemical 

crosslinking. After this, enzymes are chemically bonded to these polymers, enhancing their 

resistance to washing steps. These strategies lead to chemically and thermally stable 

attachments, ensuring that the biosensor remains stable and reusable. A P-ELISA study has 

shown that using silane-glutaraldehyde chemistry on paper enhances both the sensitivity and 

reproducibility of the biosensor. But partly damage to biomolecules is a common issue150,153,159.  

Figure 1.3 Illustration of Major Enzyme Immobilization Strategies Including Adsorption, 

Covalent Binding, Entrapment, and Cross-Linking 19. Reproduced from Naresh & Lee, 

Sensors, Vol. 21(4), 2021, under CC BY 4.0. 
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1.6.4 Immobilization of Different Recognition Elements 

Enzymes can be immobilized using various methods, including adsorption, entrapment 

in polymers or sol-gels, and covalent coupling150,152–154,160,161.  Antibodies and ELISA formats 

are typically attached using covalent methods involving aldehyde or silane-glutaraldehyde, or 

through protein A/G or biotin/streptavidin interactions149,150,159. Nucleic acids and aptamers are 

immobilized by adsorbing them to cationic surfaces, creating covalent linkages to modified 

cellulose, or utilizing bioaffinity tags122,149,150,156,157. There is no universal method for 

immobilization; instead, physical, affinity, and other approaches are often combined to enhance 

sensitivity, storage stability, and compatibility with 3D origami structures. 

1.7 Current Limitations and Gaps for Field Deployment 

Most of the studies concluded that despite the impressive sensitivity, quantitative 

accuracy, lab-scale performance, and efficiency reproducibility, paper-based biosensors are 

still inefficient for regulated applications. Limited clinical validations on diverse and large 

patient cohorts are major limitations, as most of the paper-based sensors are tested against 

spiked samples or at small pilot studies. Variability in paper substrates, fabrication issues, and 

immobilization chemistry errors are affecting consistency issues in different lots, and shelf-life 

in different environments is also an issue. Also, transportation requires robust biosensors 

towards humidity, temperature fluctuations, and mechanical damage, along with storage at 

field. Most of the paper-based biosensors are in prototype or in translation stages and requires 

figure out issues such as standardization and clinical validation before use in low-resource 

systems117,147,162–169.  

1.8 Smartphones as Analytical Detectors 

 

The most appealing choice for an analytical detector is smartphones. They are equipped 

with sensing hardware, a computational system, and network connectivity, making them low-

cost devices. With over 6 billion subscriptions worldwide, smartphones are ideal for 

democratizing diagnostics, especially when paired with affordable biosensors55,170–173(list of 

smartphone-based sensors along with smart-phone’s component role, and the different analytes 

detection is provided in Table 1.2, and Table 1.3 respectively) They possess several hardware 

and software capabilities that qualify them as a choice for an analytical detector. 
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1.8.1 Hardware Capabilities Relevant to Sensing 

For colorimetric, fluorescence, chemiluminescence, and label-free sensing, high-

resolution CMOS sensors of smartphones act as array detectors. Exploiting cameras (typically 

≥12 MP) with simple optical functionalities, such as lenses, filters, and gratings make them 

sensitive to tabletop instruments170,174,175. A white flashlight of a mobile phone camera and 

display backlit have been used to serve as an excitation or illumination source. For absorbance 

and fluorescence-based sensors, the ambient light sensor serves the functions176. Computation 

and storage capabilities of smartphones (Processors, RAM, and GPUs) enable real-time image 

processing, multiple processing, and quantifications directly on devices177,178. Furthermore, the 

electrical interfaces (such as USB-C, audio jack, Bluetooth, NFC, Wi-Fi) allow display and 

control of potentiostats, and custom circuitry for electrochemical sensing. Many reviews have 

highlighted the USB/Bluetooth/NFC of smartphones as an important tool for electrochemical-

based biosensors55,176,179–181.  

1.8.2 Software Capabilities Relevant to Sensing 

Smartphones enable the use of native and custom-built applications to control camera 

settings such as ISO, exposure time, and focus. They can extract color values (RGB or CIE, 

etc.), perform calibrations, and output concentration levels. AI-based applications help 

overcome the limitations of limits of detection (LOD) for optical detection, allowing 

measurements in the low micromolar (µM) or sub-micromolar range176. Image processing 

steps, such as denoising, flat-field correction, and statistical analysis, such as curve fittings can 

be performed using applications. Advanced applications provide further tools, such as multiple 

fitting options that reduce human intervention and error 177. For remote monitoring or 

diagnostics, cloud storage, AI/ML pattern recognition, calibration transfer, and drift correction, 

smartphones’ network capabilities can be integrated into applications55,175,181,182. Furthermore, 

touchscreen UI can be used for step-by-step guidance to end-users and immediate visualization. 

Additionally, results can be geo-tagged and shared for surveillance and telemedicine 

purposes170,175,181,183. Overall, smartphones are upgradable, modular devices that provide a 

hardware and software ecosystem that can enhance analytical capabilities.  
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Smartphone 

element/role 

Analytical function Typical 

performance/examples 

Citations 

CMOS 

camera + 

optics 

Array detector for 

colorimetric, fluorescence, 

CL, imaging, microscopy, 

spectrometry 

Optical biosensors with 

LODs from fg mL⁻¹–µM; 

sensitivity comparable to 

microplate readers in 

optimized systems 

170,174,184–

186 

LED flash, 

screen, 

ambient 

sensor 

Illumination and controlled 

excitation; 

absorbance/fluorescence 

readout 

Salinity LOD 0.04 ppt; Hg²⁺, 

Pb²⁺, Cu²⁺, F⁻, antibiotics 

down to nM–µM 

176 

CPU/GPU, 

memory 

On-device image/signal 

processing, curve fitting, 

chemometrics 

Multisignal fluorescence 

platform with 99.48% 

localization hit rate: MSE ≈ 

3.16 

175,177 

USB, audio, 

Bluetooth, 

NFC 

Interface to 

electrochemical/ECL 

circuits and readers 

Open-source potentiostats and 

dual-mode EC–colorimetric 

glucose readers with LOD 

down to 0.467 µM 

55,176,179,187 

OS, apps, 

connectivity 

Workflow control, data 

logging, cloud/ML, 

telemedicine 

Remote diagnostics, ML-

enhanced ECL sensing, 

multiplexed POC biosensing 

55,170,175,181–

183 

 

Table 1. 2 Roles of Smartphone Components in Analytical Systems: Functional Integration 

and Representative Performance Metrics 
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Detection 

Mode/Example 

Analytical Figures of 

Merit 

Smartphone Role Citations 

Dual-λ fluorescence, 

17-β-estradiol 

LOD 1 pg mL⁻¹; AUC 

0.922 vs. ELISA 0.956 

Imaging, 

quantification 

188 

CL-LFIA, salivary 

cortisol 

LOD 0.3 ng mL⁻¹; range 

0.3–60 ng mL⁻¹ 

CL imaging, app 

analysis 

189 

Colorimetric aflatoxin 

B₁ on paper 

Range 0.01–1000 ng 

mL⁻¹; LOD 3.9 pg mL⁻¹ 

Image acquisition & 

quantitation 

24 

Lactate in oral fluid 

(paper) 

LOD 0.1 mM; 1 min 

assay 

Reflectance reader, 

dark box 

190 

Lactate in sweat 

(thread CL) 

LOD 0.25 mM; 3 min; 2 

µL sample 

CL detection & 

processing 

191 

TRI-analyzer (multi-

mode) 

LODs <0.5nm Spectrometer, multi-

mode reader 

192 

ECL glucose/lactate 

platform 

LOD 0.04/0.10 mM; 

linear to 1–4 mM 

ECL imaging, app-

based analysis 

193 

cpb2 DNA 

electrochemical sensor 

Linear 10⁻¹⁵–10⁻⁸ M; 

LOD 1.5 fM 

Interface, visualization 194 

Iron colorimetric 

sensor 

CV 5.13% across phones; 

8.8% accuracy gain 

Robust imaging under 

varying light 

173 
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Table 1. 3 Detection Modes in Smartphone-Assisted Analytical Platforms: Performance 

Characteristics and System Roles 

 

1.9 Image-Based Quantitative Analysis 

Smartphones based biosensors assay system provides data as digital images, and the 

pixel values of these data provide the concentrations of analytes. The major steps include 

acquisition of images, preprocessing, feature extraction, and finally calibration.  

Image acquisition is typically performed under dark boxes (in cases of 

bioluminescence, chemiluminescence, or fluorescence systems), with controlled LEDs, and 

fixed geometries to reduce signal variations and phone-to-phone differences. Smartphones also 

provide higher limits of detection (LOD)195. There are several approaches to feature extraction, 

including using the mean pixel intensity in a region of interest (ROI), the RGB ratio, or 

converting signals to HSV, CIE Lab, and CIE xyY color spaces. These methods aim to improve 

robustness against varying ambient lighting conditions and to better align with human 

perception. Research has shown that using HSV saturation is more effective than the ROI and 

RGB ratios method, based on an analysis of over 10,000 images. This improvement leads to 

better limits of detection (LOD) and precision, even under different field conditions196–199. One 

study reported a quantitative accuracy of 94% for lateral-flow assays (LFIA) utilizing a custom 

algorithm that involved denoising, binarization, pixel accumulation, and convolution 

techniques to accurately locate control lines198. Additionally, smartphone imaging for 

microplate and strip assays has achieved a limit of detection for melamine at 0.07 mg/L, and 

for proteins and antibodies at the nanogram per milliliter (ng/mL) level195,199. This suggests 

that quantitative analysis using smartphone-based imaging is a promising tool for real-world 

applications. 

1.10  Role of AI in Smartphone-Based Biosensors 

Artificial Intelligence (AI) is transforming the field of biosensing by replacing manual 

image processing with data-driven feature learning and decision-making. Various approaches 

can be utilized for biosensing purposes, including supervised learning, a method that relies on 

labeled data and is optimized for loss functions to minimize classification errors. It employs 

validation strategies to reduce overfitting and enhance generalizability. In contrast, 

unsupervised methods cluster unlabeled data to identify patterns, which aids in exploratory 
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analysis200–202. Classical machine learning techniques can be applied to regression or 

classification tasks. For example, U-net region of interest (ROI) segmentation combined with 

XGBoost regression achieved a Mean Absolute Percentage Error (MAPE) of approximately 

17%, which improved low-concentration quantification compared to human readings. 

Additionally, machine vision has demonstrated over 97.2% accuracy in sample-type 

classification and over 97.3% accuracy for concentration estimates using edge detection trained 

on 180 images from electrophoresis-titration distance assays203. Deep learning techniques have 

been employed for complex imaging and microfluidics-based imaging tasks. A smartphone-

microfluidic mobile health (mHealth) application utilized convolutional neural networks 

(CNNs) to recognize cells, parasites, and viruses, as well as for image segmentation tasks, 

achieving 98% accuracy with images captured via smartphone microscopes204. Another 

multilingual fluorescence smartphone platform, based on a preprocessing algorithm, produced 

a hit rate of 9.48%, a mean squared error (MSE) of 3.16, and a mean absolute error (MAE) of 

1.36 (in grayscale units) for quantitative biosensing177. Furthermore, a nanozyme colorimetric 

sensor array was developed, with image segmentation and feature extraction conducted using 

deep learning (specifically MobileNetV3, trained on 38,868 images). The R² values from this 

system reached up to 0.997 for fatty acids identified with just one click205. A colorimetric 

pathogen detection biosensor was created that utilized YOLOv5 for the detection of bacteria at 

a concentration of 10 CFU/mL within 60 minutes, successfully distinguishing between Gram-

positive and Gram-negative bacteria. This biosensor achieved 100% sensitivity in clinical 

samples206. Overall, AI-enhanced smartphone-based biosensors have shown a systematic 

increase in detection limits (LOD) by 1 to 2 orders of magnitude, demonstrated robustness 

against varying external lighting conditions, and accounted for user variability and 

heterogeneity. 207–209.  

1.10.1  Challenges and Design Considerations 

Many AI-based platforms rely on synthetic augmentation, transfer learning, or mid-

range datasets (100-200 images) curated for model training. This results in data scarcity and an 

increase in labeling costs that limit the AI models. Furthermore, constraints of light-weight 

models (e.g., MobileNet, quantized CNNs) or cloud implementation raise privacy and latency 

issues over implementation on smartphones. Studies have suggested that the use of 

interpretable and uncertainty-aware AI, along with SHAP/LIME or attention mechanisms are 

needed to meet regulatory requirements and build trust. 197,203,205,208–211 
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AI implementation in smartphone-based sensing has increased from RGB intensity 

measurements to more complex pipelines that combine image processing, optimization of color 

spaces, and finally interpretations. From classical AI implementation to increase LOD and 

accuracy to improved sensitivity, compensate imaging conditions, automated, high-throughput, 

multimodal diagnostics over smartphones is the new norm in research.  

1.11  Monitoring-to-Valorization Framework for Agri-Food and 

Agro-Industrial Waste 

The heterogeneous nature in composition, moisture, and toxicity of Agri-food and agro-

industrial wastes directly determines the valorization options in terms of technicality, 

economics, and environmental feasibility. The physicochemical and biological parameters 

(organic load, nutrient content, water activity, and toxic compounds) decide the specific 

valorization technology (bioactive, bioenergy, biopolymers, animal feed, adsorbents, 

packaging, etc.). And, without robust monitoring of these parameters, the outcome may lead to 

process inhibition, unsafe products, or secondary pollution, undermining circular-economy 

goals. So, monitoring (including water and toxicity monitoring) becomes not an add-on but a 

first decision gate in any valorization strategy212–217.  

1.11.1  Stepwise Framework: From Monitored Waste Stream to 

Valorization Route 

The first stage involves monitoring, which includes characterization and risk screening. 

Low-cost sensors, biosensors, and analytical methods are used to map indicators such as 

moisture levels, Chemical Oxygen Demand (COD), Biological Oxygen Demand (BOD), and 

nutrients (nitrogen, phosphorus, potassium), as well as organic micropollutants, heavy metals, 

and the ecotoxicity of process waters and slurries. Waste is further classified into categories 

such as pre-consumption vs. post-consumption, wet vs. dry, and oily vs. lignocellulosic. This 

classification helps in predicting possible methods for waste valorization. 218–221. At the same 

time, data for pollutant amount and potential for greenhouse emissions are monitored, making 

management options available222,223.  
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Secondly, data from monitoring devices is utilized to make routing decisions among 

major pathways. For streams that are high in moisture, high in organic matter, and low in 

toxicity, biorefineries for energy recovery (such as biogas, bioethanol, bio-oils, and hydrochar) 

are suitable options214,216,217. Extraction of bioactive compounds applies to streams rich in 

polyphenols, carotenoids, fibers, and similar substances; however, it requires careful 

management of contaminants and solvent usage 212,215,224–226. Additionally, these streams can 

also be processed into animal feed and feed additives, though this must be done with rigorous 

monitoring and adherence to safety regulations227.  Lignocellulosic, carbon-rich residues can 

be transformed into bio-based packaging, while hydrochars can be used for water treatment as 

materials and adsorbents, provided that toxicity is monitored closely214,228–230.  

Typically, single-product schemes are not profitable, whereas multi-product, cascading 

schemes (multi-valorization) are more effective. This approach fosters a zero-waste method: 

first, bioactives are extracted from the waste stream; the remaining solid can then be converted 

into bioenergy or other materials, and any residual process water should be re-treated and 

reused. Monitoring all stages of this process ensures safety and efficiency concerning toxicity 

and quality214,216,217,228,229. 

Monitor and 
Classify

Assess 
Suitability and 

Risk

Design 
Cascading, 

Multi-product 
Valorization

Manage 
Dynamically 
with Smart 

Tools

Figure 1. 4 Conceptual Framework Illustrating the Monitoring-to-Valorization 

Logic in Practical Applications 
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Finally, Real-time decisions about optimizing bioprocesses, predicting inhibition or 

toxicity events, and recommending routing of waste streams can be transformed from data 

provided by IoT-enabled biosensors and AI-based continuous monitoring. Multicriteria 

decision frameworks combine technical indicators (yield, toxicity), economic metrics, and 

policy constraints to prioritize smart solutions such as connectivity, real-time sensing, and data 

sharing along the supply chain (Figure 1.4)231,232. 

1.12 Importance of Monitoring Waste Management in Agri-Food 

and Agro-Industrial Systems 

The only possibility to obtain effective valorization is by continuously assessing waste 

and wastewater quality with respect to water use, pollution loads, and toxicity. Agri-food and 

agro-industrial activities can degrade surface and groundwater if not managed properly, as they 

generate nutrient- and organic-rich effluents. Notable issues include salts, metals, pathogens, 

drugs, emerging contaminants, and high COD/BOD. Agro-industrial vinasses and food 

processing effluent-related literature have highlighted the exceedance of discharge limits of 

waste streams. Thus, require treatment before release or reuse, especially when regulations 

require color and toxicity parameters. Monitoring provides data for compliance (see Table 1.4 

for discharge standards, assessing risks of eutrophication, soil degradation, and ecotoxicity, 

and deciding whether a stream can be reused, treated, or valorized94,222,233,234.  

A comprehensive scheme about indicators that should be monitored provides coupling 

of physicochemical and toxicity-based parameters, includes Core water-quality parameters 

( COD/BOD, nutrients (N, P), EC/salinity, pH, turbidity, TDS, temperature)222,234–237 Priority 

pollutants (metals, pesticides, antibiotics, endocrine disruptors, and other emerging 

contaminants) and Ecotoxicological tests (micro biotests with algae and crustaceans). 

Biosensors and portable devices have been proposed to enable in situ and real-time monitoring 

of indicators in complex agro-industrial effluents. They provide multiplexing, low-cost 

screening, and are suitable for decentralized facilities 87,94,97,104,105,235,238.  
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Monitoring target Role in 

management/valorization 

Citations 

COD/BOD, N, P, EC, pH, 

turbidity 

Decide on discharge, reuse, 

or need/type of treatment 

222,234–237 

Metals, antibiotics, 

pesticides, ECs 

Identify toxicity risks; 

constrain reuse, feed, or 

soil application 

94,97,104,235,238 

Whole-effluent toxicity 

(bioassays) 

Integrate mixture effects; 

classify hazard of 

lagoons/outfalls 

235,239 

Continuous 

online/portable sensing 

Enable early warning, 

process control, and 

dynamic routing 

87,90,93,97,104,105,240 

 

Table 1. 4 Key Monitoring Parameters Supporting Waste Management and Circular 

Valorization Approaches 

Smart-phone-based Biosensors/PADs have shifted the paradigm towards decentralized 

waste monitoring, delivering results rapidly at the point of need, reducing technicalities and 

cost associated with conventional laboratory-based assays. This has democratized 

environmental surveillance even in non-expert or low-resource settings241–244. The major 

strengths of this approach are high sensitivity/selectivity through advanced biorecognition 

elements, Real-time data processing/visualization via custom apps, and finally Seamless data 

transfer/sharing through wireless/cloud connectivity245–247. However, there are still challenges, 

like standardization across smartphones, long-term stability of biosensors, adoption barriers 

and training issues, data security issues, and finally scaling up from proof-of-concept to 

commercial deployment104,244,248.  
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2 Chapter 2 
 

An All-in-One Sustainable Smartphone Paper Biosensor for Water 

Toxicity Monitoring Combining Bioluminescence Detection with 

Artificial Intelligence 
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2.1 Introduction 

Water monitoring is crucial for ecosystems and human health. Unsustainable practices 

in industry, agriculture, and urban-ization contribute to surface water pollution, releasing 

harmful chemicals like heavy metals (lead, mercury, cadmium) as well as organic compounds 

such as polychlorinated biphenyls (PCBs) and toxins derived from harmful algal blooms, 

posing continuous challenges to both analytical chemists as well as regulators1,2. In addition to 

agricultural and industrial activities, urban wastewater discharges containing chemicals such 

as pharmaceuticals and microplastics significantly contribute to water contamination3,4. All of 

these pollutants pose significant threats to aquatic ecosystems and human health. Therefore, it 

is of outmost importance to treat these polluted water sources before they are discharged to 

surface water bodies, especially in the case of water reuse that is becoming vital5 Different 

water treatment technologies can be implemented, but to evaluate the degree of performance 

needed and the quality of the final effluent, precise and easy to use measuring instruments are 

required, possibly at the point of need6,7. 

Highly sensitive laboratory-based techniques, including liquid chromatography high-

resolution mass spectrometry (LC-HRMS) and gas chromatography mass (GC-MS), are 

available to detect several analytes, including polar and nonpolar contaminants of emerging 

concern (CEC).8,9 Nevertheless, not all CECs are detected by these techniques, and the 

implementation and harmonization of protocols for nontarget screening is required to support 

regulatory bodies. In addition to conventional screening, biosensors represent a viable solution 

especially for screening purposes and on-site analysis10–12. The implementation of portable 

devices integrating biosensors was reported with applications spanning from toxicity 

monitoring to detection of heavy metals The implementation of portable devices integrating 

biosensors was reported with applications spanning from toxicity monitoring to detection of 

heavy metals13–15. More promising devices rely on the use of a smartphone as a detector, 

avoiding the need for hand-held optical detectors. Despite the development of several 

prototypes, their uptake in the market remains limited16,17 Among the main reasons there are 

regulatory issues connected to i) the on-site use of genetically modified (GM) organisms, ii) 

the sustainability and cost of these analytical devices, iii) the need to perform pipetting or 

dispensing steps and  data elaboration to obtain quantitative results, and iv) the scarce 

robustness of smartphone-based devices, i.e., the quality of results is highly dependent on the 

smartphone camera.  
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To address these issues, we developed a bioluminescence (BL) sustainable paper sensor 

relying on Aliivibrio fischeri bacteria that provides a novel approach for on-site water analysis. 

Although several attempts have been reported to implement bacterial bioreporters on portable 

devices for water monitoring18,19 no complete integration of the entire assay procedure has been 

achieved. A. fischeri strain has the capability of emitting visible light due to the presence of the 

lux operon encoding both the luciferase (luxAB) and proteins needed for synthesis of the 

aldehyde substrate (luxCDE)20. A. fischeri bacteria are widely used for toxicological 

assessment due to their sensitivity to a broad range of toxic compounds, including metals, 

organic pollutants, and pesticides. Their luminescence response is highly reproducible, making 

them ideal for consistent toxicity evaluation. The International Organization for 

Standardization (ISO) has defined the ISO 11348 method 

(https://www.iso.org/standard/40518.html), based on A. fischeri, for water quality monitoring. 

This test requires cell culture facilities, benchtop instrumentations and skilled personnel, 

increasing the cost and time of the analysis. 

To turn this method into a low-cost and user-friendly toxicity biosensor, a bioluminescent 

paper sensor obtained by entrapping A. fischeri has been developed with the goal of 

implementing both analytical steps (one-step assay) and post-analytical steps (data analysis 

performed by the Android app) for providing real-time quantitative user-friendly results, in 

terms of toxicity equivalents, within 15 min. The paper biosensor also integrates a calibration 

curve, which allows, combined with an AI algorithm, to obtain information on the toxicity 

Figure 2. 1 Schematic representation of the paper biosensor 

principle. 
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directly from a smartphone-captured photo of the sample (Figure 2. 1). This algorithm was 

implemented into an Android application, and the assay was validated with tap and wastewater 

samples spiked with different contaminants to simulate different conditions such as the 

presence of disinfectant agent residues, toxins deriving from algae bloom and pesticide 

residues. The app combined with the paper sensor was also tested with different smartphone 

models, showing promising results both in terms of analytical performance and ease of use 

with potential applicability for use by the general population, also in perspective of citizen 

science. 

2.2  Materials and Methods 

2.2.1  Chemicals and Reagents. 

Naturally bioluminescent A. fischeri bacteria were kindly gifted from Prof. Stefano 

Girotti20. NaClO was from commercially available bleach with a declared NaClO percentage 

of 3.5%v/v. Microcystin-LR, 3,5-dichlorophenol, lead nitrate, lysogeny broth (LB) medium and 

all reagents for cell culture were from Merck (St. Louis, MO). Whatman 1 CHR cellulose 

chromatography paper was from GE Healthcare (Chicago, IL, USA) and was used as support 

for the design of the bioluminescent sensing paper. OnePlus 6T (OnePlus, Shenzhen, China), 

Motorola edge 40 neo (Motorola Mobility LLC, Chicago, IL, USA), Huawei P20 (Huawei 

Technologies Co. Ltd, Shenzhen, GD, China), Samsung Galaxy S20 (Samsung Electronics, 

Suwon-si, South Korea), iPhone 12 mini and iPhone 13 mini (Apple Inc., Cupertino, CA, USA) 

were used for bioluminescent signal acquisitions. Wax printer Phaser 8400 office (Xerox, 

Norwalk, CT, USA) was used for wax printing. 

2.2.2  Immobilization of A. fischeri Bacteria. 

A. fischeri strain was cultured in LB medium with high salinity (10 g/L peptone, 30 g/L 

NaCl, 5 g/L yeast extract) at 19 °C and with orbital shaking at 140 rpm. Different experimental 

parameters were evaluated for cell immobilization on paper including volumes and cell 

number. An array of 3x6 circular hydrophilic wells (7 mm diameter) was designed using 

PowerPoint software (Microsoft, Redmond, WA, USA) and printed onto W1 paper as host 

platform to immobilize A. fischeri. The wax printed paper sensor was then heated at 150 °C for 

1 min to allow wax penetration through the paper thickness effectively forming well-defined 



52 

 

hydrophobic boundaries. To prevent leakage during sample addition, the back side of the sensor 

was sealed with adhesive tape.   

Different bacterial concentrations ranging from 1.2 × 107 to 2.0 × 107 cells/well and 

supplements (trehalose and glycerol) were tested for A. fischeri entrapment in agarose-based 

hydrogels (See Supporting Information) 

In optimized conditions, the BL paper sensor was obtained by entrapping A. fischeri (cell 

suspension with OD600 = 5.0 in LB medium) in 0.5%w/v agarose hydrogel matrixA 3% w/v 

agarose hydrogel was first prepared in sterile milliQ water by heating, then, when the agarose 

hydrogel reached a temperature of around 60°C, an 80 µL-volume was added to 420 µL of A. 

fischeri suspension in LB medium (final temperature of about 30°C) (see Heat Conduction 

Calculation in Supporting Information). A volume of 20 µL of the bacterial suspension - 

agarose was deposited immediately into each well. Then, the wells were equilibrated at room 

temperature (25°C) for 30 minutes before performing the analysis. 

2.2.3  Real Samples Analysis.  

The suitability of the BL sensing paper was tested with real water samples, including 

six tap water and six industrial wastewater samples (provided by a carwash activity) spiked 

with different concentrations of the model analytes (NaClO from 0.1 to 4.0 ppm, microcystin-

LR from 1.5 to 40 ppb, 3,5-dichlorophenol from 1.0 to 6.0 ppm and lead nitrate from 5.0 to 

100 ppb) and analyzed following the assay procedure described above. Since their viability is 

affected by toxic agents, the decrease in BL was used to assess the toxicity of samples. BL 

signals were normalized with respect to the control. Each sample was tested in triplicate and 

experiments were repeated with three different paper sensors. 

2.2.4  Design of Toxicity Sensing Paper and NaOCl Toxicity Assay.  

To obtain ready-to-use portable sensing paper for toxicity assessment of water samples, a 

circular flower-like paper (30.0 mm diameter) has been created by wax printing technology 

using a Phaser 8400 office wax printer (Xerox, Norwalk, CT, USA). The toxicity sensing paper 

was designed to contain seven hydrophilic wells (diameter of 5 mm each) to immobilize the 

BL bacteria: six external wells for the calibration curve (S0, S1, S2, S3, S4, S5) and a central 

well for the sample The optimized procedure requires i) dispensing of 30 µL-volume of 

standard solutions and sample, ii) incubation from 1 to 15 min at room temperature, iii) 
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placement of the paper sensor in the cardboard dark box (8.5 x 11.5 x 10.0 cm) to avoid external 

light interference, iv) acquisition with the OnePlus 6 smartphone camera (30-s integration time, 

ISO1600). Images were analyzed in parallel with ImageJ software and the Android-based 

application.  

2.2.5  Android Application Development.  

An Android app, called Scentinel, was developed in Python using the Kivy framework 

library to perform image analysis, within an integrated development environment (IDE), 

focusing on code validation, statistical analysis through curve fitting, and adjustments of AI 

parameters. Then, the program was converted into an Android app by finetuning the probability 

parameter and non-maximum suppression (NMS) for the AI model to 0.67 and 0.01 

respectively to increase confidence level for the prediction of BL signal and filtering low-level 

of signals.  

Figure 2. 2 illustrates the user interface of the Scentinel application and its functionality. 

Initially, the image of the paper sensor was uploaded to the Scentinel app and transferred to the 

Microsoft Azure server. On this server, image processing tasks such as instance segmentation 

and feature extraction were performed. The processed and labeled image along with the 

extracted features were sent back to the Scentinel app (Figure 2. 2a). The OpenCV library was 

used to label each region of interest (ROI) and extract the corresponding BL signal value. All 

details are provided in the Supporting Information section.  

Figure 2. 2 (a) Representation of services handled by smartphone and server. (b) Screenshots of 

application graphical user interphase (GUI) representing buttons, input prompts, image and 

concentration display. 
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2.2.6  Smartphone Acquisitions and Statistical Analysis.  

For optimization, a OnePlus 6 smartphone secondary sensor (20 MP Sony Exmor RS IMX 

376 K, BSI CMOS color sensor with 1.0 μm pixels, ƒ/1.7 aperture) was used with ISO 1600 

and 30 s integration time. All pictures were analyzed with ImageJ (v. 1.53k, National Institutes 

of Health, Bethesda, MD, USA), and the BL signal intensities, expressed as relative light units 

(RLUs), were quantified over the ROI defined in correspondence of the sensor wells. GraphPad 

Prism v.8 software (GraphPad Software, LaJolla, CA, USA) was used for data elaboration. The 

limit of detection (LOD) was calculated as the mean value of the blank minus three times the 

standard deviation. The limit of quantification (LOQ) was calculated as the mean value of the 

blank minus ten times the standard deviation. All measurements were performed in triplicate 

and repeated at least three times.  

2.2.7 Analytical Performance of Different Smartphones and Data 

Elaboration with Scentinel Application.  

To evaluate the analytical performance of different smartphone-integrated CMOS sensors 

and to compare data elaboration obtained with ImageJ software and Scentinel application, BL 

images of toxicity sensing papers (3x6 wells, 7mm diameter) incubated with 50 µL of NaOCl 

(0.0-4.0 ppm) for 1 min at room temperature (25±2°C), were acquired using five different 

smartphones: Motorola edge 40 neo (16 s acquisition time, ISO 1600), Samsung Galaxy S20 

(30 s acquisition time, ISO 1600), Huawei P10 (8 s acquisition time, ISO 1600), iPhone 12 

mini (10 s acquisition time, night mode), and iPhone 13 mini (20 s  acquisition time, night 

mode). 

2.2.8  Stability and Reproducibility Studies.  

Biosensor stability and reproducibility were evaluated over a 14-day period by storing the 

biosensors at 4°C in petri dishes sealed with Parafilm tape. BL intensities were normalized with 

respect to BL signal obtained from freshly immobilized A. fischeri at day 0. At the same time 

reproducibility studies were performed in triplicate by incubating the paper-toxicity biosensor 

with 1 ppm NaOCl for 1-min at room temperature. BL intensities obtained in the sample wells 

were normalized to BL data in control wells. Images were acquired with OnePlus 6 smartphone 

(30 sec, ISO 1600) and analyzed with ImageJ. All measurements were performed in triplicate 

and repeated at least three times with different toxicity paper-based biosensor. 
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2.3  Results and Discussion 

Several biosensors for monitoring water toxicity have been reported; however, none fully 

incorporate all the essential analytical and post-analytical steps typically performed in a 

standard analytical laboratory before delivering results. We addressed all the needs required to 

obtain a robust all-in-one biosensor which only requires sample addition and a photo taken 

with the smartphone. As proof of concept, we applied this workflow to the standard toxicity 

bioassay based on bioluminescent A. fischeri bacteria. Our approach tackles key challenges in 

transforming an analytical method, the ISO 11348 method “Water quality - Determination of 

the inhibitory effect of water samples on the light emission of Vibrio fischeri -Luminescent 

bacteria test”, into a sustainable, all-in-one toxicity biosensor. Since the biosensor is not 

selective we first investigated its suitability for detecting target key contaminants with the 

required sensitivity. In particular we tested toxins produced by cyanobacteria, residues of 

disinfectants, pesticide residues and heavy metals. The frequency of extreme weather events is 

causing concerns about harmful cyanobacterial algal blooms producing highly toxic 

metabolites, including microcystin-LR21. Another target analyte is 3,5-dichlorophenol, a 

metabolite of polychlorinated phenols (i.e., Pestanal®) and benzene hexachloride pesticides22. 

As a model heavy metal, lead (Pb) was chosen due to frequent exposures from lead-containing 

plumbing and severe health effects including high neurotoxicity, especially in children23. 

2.3.1  Optimization of A. Fischeri Immobilization.  

Preliminary experiments were performed to optimize A. fischeri immobilization on paper. 

Agarose-based hydrogels were selected using different cell concentrations as previously 

reported24 with slight modifications. A. fischeri cells with OD600 5.0 were entrapped in 0.25% 

w/v agarose + 10% w/v trehalose hydrogel and deposited on paper. Different bacterial 

concentrations were tested (range 1.2 × 107 - 2.0 × 107 cells/well); a 5.2 % decreased 

bioluminescence signal was obtained using the lowest concentration while the highest number 

of cells resulted in a 26.1 % signal increase compared to the same cell suspension in liquid 

culture.  BL intensities of entrapped A. fischeri cells (OD600 5.0)  were evaluated using different 

hydrogel compositions with 0.5% w/v agarose, 0.25% w/v agarose + 15% w/v glycerol, and 0.25% 

w/v agarose + 10% w/v trehalose(Figure S2. 1), showing increased BL intensities (+ 28.2 %) for 

both 0.5% w/v agarose and 0.25% w/v agarose + 10% w/v trehalose, and a 4.1 % increase for the 

hydrogel composed by 0.25% w/v agarose and 15% w/v glycerol. 
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2.3.2  Toxicity Test optimization with Model Analyte. 

After these preliminary evaluations, the hydrogel composition, incubation times, and 

volume of samples were investigated to identify the suitable combination providing active 

bacterial cells on paper and the highest sensitivity of the toxicity paper sensor. The analytical 

performance of the toxicity paper biosensor was assessed by using four environmental 

contaminants as model analytes: NaClO, microcystin-LR, 3,5-dichlorophenol, and lead nitrate. 

For each analyte, the incubation time (1, 15, and 30 min) and the volume of the sample (30 and 

50 μL) were evaluated with cell suspension (OD600 5.0) in 0.5% w/v agarose and 

0.25% w/v agarose +10% w/v trehalose. As expected, BL signals obtained in the presence of an 

analyte that causes immediate toxicity, such as NaClO, did not significantly differ using the 

two hydrogel compositions (Figure S2. 2). This confirms that for NaClO, both entrapment 

methods represent a viable solution. Incubation times exceeding 15 min result in a complete 

loss of bioluminescence, even at the lowest tested NaClO concentration (Figure S2. 3), 

confirming that for chemicals causing an immediate cell death, images must be acquired 1 min 

after sample addition. 

When bacteria entrapped in the trehalose-containing hydrogel were incubated with 3,5-

DCP (0.0, 2.0, 3.5, and 6.0 ppm), bioluminescence signals acquired at min 1 showed a 

negligible inhibitory effect (0.7% decrease in the presence of 2.0 ppm 3,5-DCP) with no 

concentration-dependent effect (Figure S2. 4). After 30 min of incubation, the decrease in the 

BL signal was not proportional to 3,5-DCP concentration increase with a nonsignificant 

decrease in BL (i.e., 99.0% of the signal with 6.0 ppm 3,5-DCP). This effect could be ascribed 

to the presence of trehalose, which is known to protect bacteria under stress conditions, as 

previously reported for plants and bacteria25. Bacteria entrapped in 0.5% w/v agarose (without 

trehalose) showed a significant decrease in the BL signal when incubated with increasing 

concentrations of 3,5-DCP with a 11.0% decrease in the BL signal after 15 min incubation with 

6.0 ppm 3,5-DCP (Figure 2.4a). A similar behavior was observed with MC-LR, which did not 

produce an immediate toxicity effect on bacteria. In the presence of 40.0 ppb MC-LR, a 16% 

decrease of the BL signal was observed with agarose-entrapped bacteria, while only 4% 

decrease was observed with bacteria entrapped with the 0.25% w/v + trehalose 10% w/v hydrogel 

(Figure S2. 5a,b). We evaluated the hydrogel composition effect in the presence of a heavy 

metal, i.e., lead, which can leach into water from pipes. No concentration-dependent effect was 

observed in both the two hydrogel matrices, with only a 7, 8, and 9% signal decrease obtained 
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with bacteria entrapped in the 0.25% w/v + trehalose 10% w/v hydrogel after 30 min incubation 

time with 5, 15, and 75 ppb of lead nitrate, respectively (Figure S2. 6). For the other incubation 

times, however, the same behavior observed with MC-LR was observed. Consequently, the 

initial hypothesis that trehalose could interfere with the biosensor response due to its nutrient 

and protective action was confirmed. In optimized conditions, the BL paper sensing was 

obtained with cell suspension (OD600 5.0) entrapped in the 3.0% w/v agarose hydrogel (final 

agarose concentration 0.5%w/v). Different sample volumes were tested (30 and 50 μL). BL 

signals were acquired after 1 min for NaClO (Figure S2. 7)and after 15 min for microcystin-

LR (Figure S2. 8), 3,5 dichlorophenol (Figure S2. 9), and lead nitrate (Figure S2. 10). The 50 

μL sample volume was selected because it allowed better discrimination between the blank and 

analyte-containing samples. This volume offered the best compromise to enable BL signal 

detection via the smartphone camera with the required sensitivity. 

2.3.3  Analytical Performance of the Toxicity Sensing Paper.  

In optimized conditions, the toxicity sensing paper is prepared by adding a 20 μL volume 

of the bacterial suspension–agarose to each well; then, the paper sensor is equilibrated at room 

temperature (25 °C) for 10 min. To perform the toxicity test, a volume of 50 μL of either the 

sample or standard analyte is added to the paper sensor and a picture is taken at 1 or 15 min, 

depending on the analyte toxicity. Because no substrates are required, this poses no 

inconvenience to the end-user, who can simply capture images at both time points. With the 

optimized method, toxicity dose–response curves were obtained by using the sensing paper for 

the analysis of NaClO (from 0.1 to 4.0 ppm), microcystin-LR (from 1.5 to 40 ppb), 3,5-

dichlorophenol (from 1.0 to 6.0 ppm), and lead nitrate (from 5.0 to 100 ppb) (Figure 2. 3). 

Calibration curves were obtained with ImageJ software and with the Scentinel app, and a 

coefficient of determination of 0.990 or higher was obtained for all cases. The LODs and LOQs 

for NaClO were 0.11 and 0.15 ppm, respectively, for ImageJ, and 0.17 and 0.58 ppm for 

the Scentinel app (Figure 2. 3a), respectively. These results confirm the suitability of the 

toxicity paper sensor to measure the maximum allowed concentration of free residual chlorine 

in drinking water of 4 and 5 ppm fixed by the U.S. Environmental Protection Agency (EPA) 

and the World Health Organization (WHO), respectively. Concerning microcystin-LR, for 

which the maximum allowed concentration in waters for human consumption is fixed at 1.0 

ppb by the WHO (WHO/HEP/ECH/WSH/2020.6), LODs of 0.65 and 0.23 ppb were obtained 

with ImageJ analysis and Scentinel app, respectively; LOQs were 8.55 and 26.5 ppb, 



58 

 

respectively ( Dose–response curves using BL signals obtained with the OnePlus6 smartphone 

camera (30 s integration time, ISO 1600) and quantified by ImageJ software (colored) and AI-

assisted application (black) for (a) NaClO in distilled H2O (1 min incubation t time), (b) 

microcystin-LR in EtOH 5% v/v (15 min incubation time), (c) lead nitrate distilled H2O (15 

min incubation time), (d) 3,5-dichlorophenol EtOH 5% v/v (15 min incubation time).Figure 2. 

3 b). For the 3,5-dichlorophenol, LODs of 4.50 and 4.93 ppm and LOQs of 6.76 and 5.12 ppm 

were obtained with ImageJ analysis and the Scentinel app, respectively. In this case, due to a 

lower toxicity of 3,5-DCP, the sensor analytical performance does not fulfill the required 

regulatory limits (e.g., the WHO limit for 3,5-DCP in drinking water is 0.5 ppm); however, the 

toxicity sensor is not specific and is intended for the first screening assay  Figure 2. 3c). When 

a sample contains multiple contaminants, potentially having additive or synergistic effects on 

total toxicity, the sensor would provide the total effect of the sample; therefore, we believe this 

is not a shortcoming of the method. LODs for lead nitrate were 74.5 and 5.0 ppb, and the LOQs 

were 71.4 and 26.2 ppb, obtained with ImageJ analysis and the Scentinel app, respectively 

(Figure 2. 3 d), supporting the potential use of the application for the analysis of lead in drinking 

water (maximum allowed concentration according to the WHO is 10 ppb). According to a 

recent study several commercial kits for lead analysis were not able to detect such levels of 

lead since showed detection limits in the order of 10-20 mg/L26. We compared these results to 

a recently reported biosensor in which a A. fischeri were immobilized on a 96-wells plate with 

two strategies, either agar or graphene oxide, and the bioluminescence signal was read with a 

smartphone27. Despite the promising results obtained by Bergua et al., full integration of the A. 

fischeri in a portable device was not reported, and the limits of detection for the tested 

pesticides (from milligrams per liter to μg per liter) were still not adequate to those requested 

by the regulatory agencies (ng/L range). Our smartphone-based biosensor offers several 

advantages over traditional A. fischeri-based toxicity assays such as Microtox and DeltaTox 

systems, which are either laboratory-based assays or transportable systems requiring power 

supply and pipetting steps with skilled personnel. In contrast to the Microtox assay, which 

requires a temperature of 15 °C to rehydrate freeze-dried bacteria and conduct the analysis, our 

biosensor operates effectively at 25 °C while maintaining satisfactory analytical performance. 

Moreover, in terms of cost-effectiveness, these conventional approaches can be prohibitively 

expensive because of the instrument costs and maintenance, whereas our method is based on a 

low-cost paper sensor and a smartphone, making it accessible to a wider range of customers28. 

Traditional systems often require trained personnel and laboratory facilities, increasing the cost 

and the time of the analysis. Thanks to an analysis via image capture and AI-based processing, 
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our system can perform real-time analysis and provides instant feedback. Besides, AI 

integration ensures automated and consistent data interpretation,29 reducing human error and 

enhancing reproducibility.  

2.3.4  Real Samples and Recovery Studies.  

To evaluate the analytical performance of the paper biosensor and investigate the potential 

matrix effects, real water samples of tap water and wastewaters were spiked with NaClO 

(Figure S2. 11) microcystin-LR, 3,5-dichlorophenol, and lead nitrate at different 

concentrations. Toxicity tests were performed with the optimized assay procedure, and data 

extractions were obtained from the analysis of the bioluminescent signals with both ImageJ 

software and the Scentinel App (Figure 2. 4) The toxicity observed in the presence of the four 

analytes in tap and wastewaters reflects that obtained in dH2O both for ImageJ and the App 

analysis. Differences in the inhibition profile of bacteria are due to the complexity of the 

matrices. Recovery values for microcystin-LR, 3,5-dichlorophenol and lead nitrate were in the 

range 91-120% for drinking waters (Table S2. 1) and 92-128% for wastewaters (Table S2. 2) 

while, as expected, the acute toxicity of NaClO yielded lower recoveries. 

Figure 2. 3 Dose–response curves using BL signals obtained with the OnePlus6 smartphone camera 

(30 s integration time, ISO 1600) and quantified by ImageJ software (colored) and AI-assisted 

application (black) for (a) NaClO in distilled H2O (1 min incubation t time), (b) microcystin-LR in 

EtOH 5% v/v (15 min incubation time), (c) lead nitrate distilled H2O (15 min incubation time), (d) 3,5-

dichlorophenol EtOH 5% v/v (15 min incubation time). 
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2.3.5  Data Elaboration with AI Scentinel App Using Different 

Smartphones.  

One of the main limitations of smartphone-biosensors is the high variability of the response 

due to the different sensitivity of smartphone-integrated CMOS30,31. Image acquisition from 

different mobile phones is affected by different sensitivity of sensors and processing algorithms 

limiting the accuracy of analytical procedures and applicability of Machine Learning (ML) 

algorithms30,31. To address this issue, we designed a BL toxicity paper sensing which includes 

an on-board calibration curve enabling the analysis of standard solutions as well as the 

unknown sample; this strategy avoids artifacts due to signal variations deriving from non-

controlled environmental conditions (e.g., temperature, humidity). We evaluated our approach 

by capturing images of toxicity paper biosensors (three biosensors for each smartphone 

analysis) incubated with different concentrations of NaClO with various mobile phones, from 

Figure 2. 4 Dose–response curves in (a–c) drinking water and (d–f) in wastewaters obtained with the 

paper-based biosensor. BL signals were acquired with a OnePlus6 smartphone camera (30 s 

integration time, ISO 1600) and quantified by ImageJ software (colored) and the AI-assisted 

application (black) for (a,d) microcystin-LR (15 min incubation time), (b,e) 3,5-dichlorophenol (15 

min incubation time), (c,f) lead nitrate (15 min incubation time). 
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flagship to low-tech models. For iOS smartphones, the picture was first taken with the iOS 

smartphones and then transferred to an Android smartphone with the Scentinel app installed. 

Pictures of the paper toxicity biosensor incubated with different concentrations of NaClO 

(range 0.0 - 4.0 ppm) were taken with five smartphones (Motorola edge 40 neo, Samsung 

Galaxy S20, Huawei P10, iPhone 12 mini, and iPhone 13 mini) and compared with those 

obtained with the OnePlus6. All the tested mobile phone cameras successfully allowed us to 

retrieve quantitative information with decent dose-response curves obtained with ImageJ 

analysis (Figure 2. 5a) or the Scentinel App (Figure 2. 5 b). Motorola edge 40 neo provided the 

Figure 2. 5 NaClO toxicity curves obtained in ddH2O, by incubating for 1 min the paper 

toxicity biosensor with NaClO (from 0.0 to 4.0 ppm) and acquiring BL signals with 

different smartphones (OnePlus 6, Motorola edge 40 neo, Samsung S20, HuaweiP10, 

iphone 12 mini and iPhone 13 mini). BL intensities were quantified by using a) ImageJ 

software and the b) Scentinel app. 
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lowest LOD was the with 0.06 ppm for NaClO obtained both with imageJ analysis and the 

Scentinel app (Table S2. 3 shows LODs obtained with different smartphones).  

Furthermore, our application is compatible with all Android-based mobiles, enabling 

quantification even with lower ISO ranges and acquisition times. To the best of our knowledge 

this is the first bioluminescence paper biosensor in which an AI algorithm enables to obtain 

quantitative results by interpolating the bioluminescent signals from an on-board calibration 

curve. Since the biosensor is not selective for specific analytes, the read-out provides both 

Figure 2. 6 Representation of the procedure for toxicity assessment with the sensing paper 

containing six external wells (diameter 0.5 mm) used for calibration curve and one well for sample 

testing. (1) Deposition of 30 µL-volume of standard solutions and sample into the paper-based 

sensor. (2) Setup of the signal acquisition using a dark box and a smartphone. 3) Picture of the 

sensor in the dark box. b) Images of the toxicity sensing paper incubated with 0.05 and 1.0 ppm of 

NaClO for 1 min and acquired with OnePlus 6T smartphone and calibration curves. c) Read-out of 

the Scentinel app providing the “status” of the sample (normal) and interpolated concentration. d) 

Stability of sensing paper stored at +4 °C for 13 days. BL signals are acquired with Oneplus 6 

(30 s at ISO 1600) and analysed with ImageJ. BL images obtained on different days are 

normalized with data on day 0. 
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quantitative and qualitative information, the latter in terms of general warning, for example 

“Toxic”, “Safe”, these parameters have been preliminary set according to a pre-defined level 

of toxicity caused by the sample and can be modified according to the needs. This application 

could have more general use for all optical biosensors, including those with colorimetric and 

fluorescence output, for turning a qualitative response into quantitative information, without 

the need for separate data elaboration.  

2.3.6  Design of Flower-Like Paper Toxicity Biosensor.  

After characterization of the biosensor analytical performance, we designed a circular 

flower-like paper sensor containing five external wells for the calibration curve with standard 

solutions of analyte and a central well for the sample test (Figure 2. 6 a). For easy handling, a 

1.5 cm paper grip has been added to the sensor (Figure S2. 12).  

NaClO was used as model analyte to test drinking water samples, which were spiked with 

three different concentrations (0.05, 1.0, and 4.0 ppm) and analyzed using the toxicity sensing 

paper after 1 min of incubation time at 25°C. As shown in Figure 2. 6 b, the intensity of light 

emitted by the central well containing the sample is compared to the control (0 ppm) and the 

calibration solutions (0.1 - 4.0 ppm). For the sample with 0.05 ppm NaClO, the calibrators 

range from 0.05 to 2.0 ppm. For the samples with 1.0 ppm and 4.0 ppm NaClO, the calibrators 

range from 0.5 to 4.0 ppm. Even a preliminary comparison achieved by the naked eye 

confirmed that all three samples showed intensities similar to the corresponding wells on the 

calibration curve. Figure 2. 6 c shows the corresponding values obtained with the Scentinel app 

and the graphs obtained with the standard ImageJ analysis and the values were interpolated 

using the NaClO calibration curve (Figure S2. 13 and Figure S2. 14, Table S2. 4). 

2.3.7  Stability and Reproducibility Studies.  

The stability and responsiveness of A. fischeri bacteria entrapped on paper with the agarose 

hydrogel and stored at 4 °C was evaluated for a two-week period. As shown in Figure 2. 6 d, 

although we observed a proportional decrease in BL intensities during the days, the toxicity 

sensing paper response was maintained within 13 days (about 48% of the initial response on 

day 6). At the same time, triplicate wells were incubated with 1 ppm NaClO for 1 min and BL 

intensities acquired with the OnePlus 6 camera.  
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2.3.8  Sustainability Assessment.  

Ensuring the sustainability of a biosensor is essential for reducing environmental impact in 

healthcare and environmental monitoring32. The sustainability of the toxicity sensing paper was 

evaluated using the RGB 12 algorithm which incorporates 12 principles of white analytical 

chemistry (WAC)33. The developed toxicity sensor was compared to three previously reported 

laboratory-based standard methods, which utilized freshly prepared, liquid-dried, and freeze-

dried A. fischeri bacteria for assessing the toxicity of water samples. Data shown in Supporting 

Information report the RGB scores of these methods as well as the score assessment criteria. 

In terms of sustainability (Green score), the smartphone-based toxicity sensor ranked first with 

a score of 89.2%, compared to 59.6% for the analogous assay performed with standard methods 

(ISO 11348). Standard methods and test kits involve the use of chemical reagents that require 

careful disposal to avoid secondary contaminations, plastic cuvettes and microtiter plates. To 

reduce the environmental impact, our toxicity sensing paper was designed to be 

environmentally friendly thanks to the green properties of the paper, low sample volumes and 

no additional steps of rehydration.  Considering the feasibility, our method achieved a blue 

score of 100%, as it does not require benchtop or sophisticated instrumentation such as 

luminometers or strict cold chain (Table S2.5, S2.6, and S2.7). Therefore, unlike the standard 

laboratory methods, the developed sensing paper allows for easy and rapid monitoring of water 

toxicity. It is highly suitable for integration with portable detectors for point-of-need analysis. 

Additionally, it offers the advantages of low cost and a low carbon footprint. The blue score 

was notably increased due to the reduced time and cost efficiencies of the developed system. 

The AI Scentinel App, compared to the ImageJ tool analysis, allowed to reduce the total time 

of the analysis from about 1 h to 5 min avoiding the use of a laptop for data elaboration and 

software for graphical elaboration and statistical analysis. 
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2.4  Conclusion 

This work presents a sustainable, paper-based biosensor using bioluminescent marine 

bacteria for rapid water toxicity assessment. This is the first report in which bioluminescence 

detection has been combined with AI algorithms to avoid manual signal elaboration and 

provide a truly user-friendly interface. A flower-like paper sensor configuration was designed 

to integrate an onboard calibration curve with a model toxic analyte, thus enabling the 

evaluation of toxicity of a water sample in terms of toxicity equivalents.  

The analytical performance of the biosensor was assessed with harmful substances like 

disinfectants, toxins, and heavy metals, showing the required sensitivity in tap and wastewater 

samples. While traditional lab methods remain standard, this portable system is ideal for quick 

screenings in diverse settings, especially in low-resource areas. The integrated Android app 

with AI-driven image analysis provides instant results, minimizing the need for technical skills 

and supporting citizen science. Future developments aim to enhance performance with broader 

data sets and expand testing to polluted sources like agricultural runoff. With its affordability 

(about €0.20 per cartridge), ease of use, and remote accessibility, the sensor supports better 

water quality monitoring and environmental health. 
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2.5  Supporting Information 

Experimental Section 

Heat Conduction Calculation  

Heat conduction calculation of the bacterial suspension - agarose was investigated to 

avoid the effect of high temperature of agarose hydrogel on the Aliivibrio fischeri vitality.  By 

applying Richmann’s law34 to solutions of agarose mixed with LB containing bacteria the 

temperature change was approximated using equation:  

𝑇f =
𝑉1 ⋅ 𝑇1 + 𝑉2 ⋅ 𝑇2

𝑉1 + 𝑉2
 

where Tf is final temperature of solution, C1 and C2 are specific heat capacities of 

solutions, V1 and V2 are volumes of solutions and T1and T2 are their respective temperatures 

at the time of mixing. The agarose’s specific heat capacity35 is 2.85 J/g°C and volume and 

temperature are 80 µL and 60°C respectively, while the specific heat capacity of LB is 

considered 4.2 J/g°C, higher near to water. The volume of LB with bacteria is 420 µL, with the 

temperature of 19°C.  The calculated rise in temperature was of about 30°C, not enough to 

destroy bacterial cells.  

 

 

Figure S2. 1 Bioluminescent signal of A. fischeri cells (a) with an OD600 value of 3.0 and 

5.0, and (b)with OD600 of 5.0 entrapped in agarose 0.5%w/v, agarose 0.25%w/v + glycerol 

15%w/v, and agarose0.25%w/v + trehalose 10%w/v. 
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Figure S2. 2 Normalized bioluminescent signal of A. fischeri cells entrapped in a) agarose 

0.5%w/vand in b) agarose 0.25%w/v + trehalose 10%w/v hydrogel incubated with NaClO 

(concentrationrange 0-4 ppm) for 1 min at room temperature. 

Figure S2. 3 Bioluminescence emissions of A. fischeri entrapped in agarose 0.5%w/v 

incubated atroom temperature for 1, 3, 5, 15, and 30 minutes with NaClO 0.0, 0.5, 2.0, and 

4.0 ppm. Images wereacquired with OnePlus 6T smartphone camera with ISO 1600 and 30 s 

of acquisition time. 
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Figure S2. 5 Normalized bioluminescent signal of A. fischeri cells entrapped in a) agarose 0.5%w/v and in 

b) agarose 0.25%w/v + trehalose 10%w/v hydrogel incubated with increasing concentrations of 

Microcystin-LR for 1 min, 15 and 30 min. 

Figure S2. 4 Normalized bioluminescent signal of A. fischeri cells entrapped in a) agarose 0.5%w/v 

and in b) agarose 0.25%w/v + trehalose 10%w/v hydrogel incubated with increasing concentrations 

of 3,5-dichlorophenol for 1 min, 15 and 30 min. 
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Figure S2. 7 Normalized bioluminescent signal of A. fischeri after addition of 30 and 50 μL 

of NaClO solutions and incubation time of 1 min, and images acquired with the OnePlus 6T 

smartphone camera(ISO 1600, integration time of 30 sec). 

Figure S2. 6 Normalized bioluminescent signal of A. fischeri cells entrapped in a) agarose 

0.5%w/vand in b) agarose 0.25%w/v + trehalose 10%w/v hydrogel incubated with increasing 

concentrations of lead nitrate for 1 min, 15 and 30 min. 
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Figure S2. 8 Normalized bioluminescent signal of A. fischeri after addition of 30 and 50 μL of 

Microcystin-LR solutions and incubation time of 15 min, and images acquired with the 

OnePlus 6Tsmartphone camera (ISO 1600, integration time of 30 sec). 

Figure S2. 9  Normalized bioluminescent signal of A. fischeri after addition of 30 and 50 μL of 3,5-

dichlorophenol solutions and incubation time of 15 min, and images acquired with the OnePlus 

6Tsmartphone camera (ISO 1600, integration time of 30 sec). 
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Figure S2. 11 NaClO dose-response curves in (a) drinking water and (b) in wastewaters 

obtainedwith the paper-based biosensor (1-min incubation time). BL signals were acquired with 

OnePlus6smartphone camera (30-sec integration time, ISO 1600) and quantified by ImageJ 

software(colored) and the AI assisted application (black). 

Figure S2. 10 Normalized bioluminescent signal of A. fischeri after addition of 30 and 50 μL 

of 3,5-lead nitrate solutions and incubation time of 15 min, and images acquired with the 

OnePlus 6Tsmartphone camera (ISO 1600, integration time of 30 sec). 
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Recovery % for NaClO 1 ppm   Recovery % for MC-LR 8 ppb  

 ImageJ Scentinel   ImageJ Scentinel 

Tap water 77.7 73.4  Tap water 83.1 116.5 

Wastewaters 59.6 80.3  Wastewaters 91.7 106 

       

Recovery % for DCP 3.5 ppm  

 

Recovery % for Pb 35 ppb  

 ImageJ Scentinel 

 

 ImageJ Scentinel 

Tap water 97.7 90.9 

 

Tap water 110 105 

Wastewaters 97.4 95.7 

 

Wastewaters 103 104 

Table S2. 1 Recovery studies in water samples (tapwater and wastewater samples) spiked 

with NaClO 1ppm, MC-LR8 ppb, DCP 3.5 ppm and Pb 35 ppb. Recovery was calculated as 

follows:  Recovery % =[recovered (measured spiked sample-baseline)/ concentration added] 

x 100 

 

 

NaClO in tap water 

 

MC-LR in tap water 

[NaClO] 

ppm 
ImageJ Scentinel 

 

[MC-LR] 

ppb 
ImageJ Scentinel 



73 

 

0 100 100 

 

0 100 100 

0.1 93.5 79.6 

 

1.5 94.8 117 

0.5 98.4 87.2 

 

5.0 85.6 115 

1.0 77.7 73.4 

 

8.0 83.1 117 

2.0 29.0 12.8 

 

18 87.3 119 

4.0 20.6 n.d. 

 

40 105 142 

 

 

  

    

DCP in tap water 

 

Pb in tap water 

[DCP] ppm ImageJ Scentinel 

 

[Pb] ppb ImageJ Scentinel 

0 100 100 

 

0 100 100 

1.0 103 98.5 

 

5.00 106 98.3 

2.0 98.0 91.7 

 

15.0 111 102 

3.5 97.7 90.9 

 

35.0 110 105 

5.0 98.7 107 

 

75.0 120 116 
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6.0 112 117 

 

100 120 120 

Table S2. 2 Recovery studies in tap water samples spiked with different concentrations of 

NaClO , MC-LR, DCP and Pb. Recovery was calculated as follows:  

Recovery % =[recovered (measured spiked sample-baseline)/ concentration added] x 100 

 

 

Smartphone model 
LOD (ppm) obtained with 

ImageJ-based analysis 

LOD (ppm) obtained with 

the Scentinel app 

OnePlus6  0.10 0.21 

Motorola edge 40 neo 0.06 0.06 

SamsungS20 0.06 0.06 

HuaweiP10 0.29 0.31 

iPhone12mini 0.40 0.46 

iPhone13mini 0.43 0.59 

Table S2. 3 Limits of detections for NaClO obtained by analysing the pictures of different 

smartphone models either with ImageJ and the Scentinel app. The procedure is described in 

Materials and Methods section. 
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Scentinel App Development and Guide for Users  

The Scentinel application provides a simple graphical user interface (GUI) (basic flow 

of work is described in Figure S2. 14, written using Kivy36 framework of python, to upload the 

captured images from the smartphone gallery. The image processing functionality is deployed 

on Microsoft Azure37, utilizing Flask's API38, a server-side web framework for managing 

HTTP requests and responses. The quantification of sample concentration is performed on the 

smartphone. 

In the first phase, a Python39 program was developed within an integrated development 

environment (IDE), focusing on code validation, statistical analysis through curve fitting, and 

adjustments of AI parameters. In the second phase, a program to application transition was 

performed. The probability parameter and non-maximum suppression (NMS) for the AI model 

were fine-tuned to 0.67 and 0.01 respectively to increase confidence level for prediction of 

bioluminescence signal and filtering low level of signals. 

Pre-Processing of Image 

In this step, the input image is pre-processed for faster segmentation aiming to utilize 

fewer computing resources such as bandwidth and storage, while aligning with the AI model. 

First, the image decimation is performed preserving the aspect ratio, followed by converting 

to grayscale by applying Eq. (1) to each pixel40.Click or tap here to enter text. In the equation 

Figure S2. 12 The paper sensor printed with an office wax printer onto 

chromatography paper. Thepaper biosensor includes 6 wells for the 

calibration curve and a central well for the sample. 
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R, G and B are integers representing red (R), green (G) and blue (B) with values from 0 to 

255. Finally, the pixel values of the image are normalized before being fed to the AI model.  

Y = 0.299 R + 0.587 G + 0.114 B   (1) 

Image Segmentation and Extraction of Properties 

In the application, StarDist42 library was utilized, commonly applied for cell detection 

and segmentation in microscopy images. StarDist predicts star-convex polygons rather than 

traditional axis-aligned bounding boxes by regressing radial distances from each pixel to object 

boundaries. Object probabilities are derived from the Euclidean distance to background pixels, 

with non-maximum suppression (NMS) refining the final object instances43. The pre-trained 

model ‘Versatile (fluorescent nuclei)’ of StarDist was employed to segment each well, 

representing bioluminescence signal, on the sensor image. Subsequently, measuring properties 

(area, bounding box) of detected well was performed by scikit-image algorithms44. The 

bioluminescence value of each well was calculated by dividing its total pixel values to the total 

number of pixels of control. Then OpenCV45 library was used to draw circles around segmented 

wells and to label them with numbers. Coding files are freely available in GITHUB repository 

(https://github.com/faisalnazir1213/Scentinel Regression curve fitting and interpolation of the 

sample value 

In this phase, based on user input, the bioluminescence signal value assigned to the 

sample well (unknown) is extracted, separating it from the known wells (calibration solutions). 

The application then prompts the user to input the concentration values of the calibration 

solutions. This is necessary to provide actual values to the corresponding captured signal values 

in order to perform statistical analysis. If the user submits without entering values, the relative 

toxicity is calculated using the default NaOCl calibration values (0.0 ppm, 0.1 ppm, 0.5 ppm, 

1.0 ppm, 2.0 ppm, 4.0 ppm). Alternatively, the user can manually enter the concentration 

values. 

Then a 4-parametric regression model is implemented using SciPy library on 

calibration solution correlating each concentration to its corresponding signal value using Eq. 

(2). Then, the app computes the final measurement by interpolating the sample concentration 

with respect to the calibration curve using Eq. (3). Where x is the independent variable 

(concentration values of calibration solutions), y is the dependent variable (bioluminescence 

https://github.com/faisalnazir1213/Scentinel
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values of calibration solutions), A is the minimum value that can be obtained, B is the Hill’s 

slope of the curve, C is the point of inflection, and D is the maximum value that can be obtained.  

y =
A − D

1 + (
x
C)

B + D                             (2) 

x = C (
A − D

y − D
− 1)

1
B

                       (3) 

 

Step By Step Guide for Scentinel App Use  

Step 1: Open The App and Load Your Image 

A. Start by launching the application on your android device. 

B. Click on the ‘LOAD IMAGE’ button here you can upload/select an image of biosensor. 

Choose the image you wish to analyze. 

C. The processed image will be displayed assigning all wells with numbers (the sample well 

number will be used for further analysis) 

Step 2: View Relative Changes (Optional) 

D. Once the image is loaded, locate and click the ‘SHOW RELATIVE CHANGE’ button. 

This button is found under the ‘LOAD IMAGE’ button. 

E. After clicking, the app will display the relative changes/signal values of each well on the 

new prompt. These values represent the intensities of wells. 

Step 3: Enter Sample Well Number 

F. To proceed with the analysis, you need to specify the sample well number. This is done by 

entering the number into a designated input box under text ‘ENTER LABEL NUMBER OF 

SAMPLE’. 
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G. Ensure you enter the correct number corresponding to your sample (central well). This step 

is crucial for the app to associate the correct data with your sample. 

H. After entering the sample well number, click the ‘SUBMIT’ button to finalize this step.  

Step 4: Enter Calibration Solution Concentrations 

I. In a new prompt of the app, you will be asked to enter the calibration solution concentrations. 

These concentrations must be numbers (e.g., 0, 1, 2, 3, 4...). 

J. Input the calibration solution concentrations in the increasing order (4, 3,2,1,0…) 

K. After entering all the required concentrations, press the ‘SUBMIT’ button. The app will then 

process this data to estimate the tentative concentration of the sample. 

Step 5: Review Tentative Concentration 

L. Once the app has processed the calibration solution concentrations, it will display the 

tentative concentration of the sample on the screen under the labeled image. This value is an 

estimate based on the data entered and the calibration solutions used. 

Comparison Between Manual and AI Based Analysis 

Before developing the android based Smartphone application, a comparative analysis 

was conducted between the results of AI-based analysis procedures (Figure S2. 13a) and with 

manual ImageJ software (Figure S2. 13b). The paper sensor, printed with 4 x 4 arrays of wells, 

immobilized with Aliivibrio fischeri was prepared and concentrations of NaClO (0, 0.01, 0.05, 

0.1, 0.5, 1, 2, 4 ppm) were introduced to it. After the proposed duration images were acquired 

under dark box and analyzed to obtain values of bioluminescence signal. The curve was fitted 

(Figure S2. 13c) on the values using GraphPad Prism 8 to determine the limit of detections 

(LOD) those were 0.039 ppm for manual and 0.044 ppm for AI-based approach, validating the 

model's suitability for detection and quantification. However, it is noteworthy to mention that 

due to the absence of zone boundaries in higher concentrations 4ppm (wells below 13 and 14) 

due to no bioluminescence signal as displayed in the last row of Figure S2. 13a. the AI model 

could not segment and detect anything. 
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Figure S2. 13 Regions of interest (ROIs) of the toxicity paper sensor with NaClO 

concentrations inppm, measured with AI based analysis (a) and with manual segmentation 

with Image J software (b).The lower panel shows the calibration curves obtained with either 

Image or the Scentinel App (c). 

 

Disposable Flower-Like Paper Toxicity Biosensor Evaluation 

To enable users to quantify samples on-site using the Scentinel Application, a 

disposable flower-likepaper toxicity biosensor was developed, with a calibration curve 

established around the central sample well (Figure 2.6c). Different concentrations of NaClO 

(0.05, 1.0 ppm, and 4.0 ppm) were testedin the central well, the interpolated values from both 

methods, ImageJ and AI-based, were compared as shown in Table S2.4. The introduction of 

toxicity curve provides the solution to quantify relative toxicity according to calibration 

solutions of known concentrations. Both the Scentinel application and manual approach 

(computer-based opensource software ImageJ) produced similar results (Table S2.4), unlike 

manual approach Scentinel application requires no effort from the user side except image 

acquisition 
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Manual 

Interpolation 

(ppm) 

App-based 

Interpolation (ppm) 

Standard 

Deviation(σ) 

0.079 0.081 0.001 

0.35 0.40 0.02 

1.47 1.41 0.03 

Table S2. 4 Comparison of manually interpolated values and the application interpolated 

values along with the standard deviation. 

 

Practical Application of Biosensor (stability, reproducibility, technological 

improvement AI) 

Technological Improvement by AI-Based Detection 

Manual image processing and quantitative analysis require technical expertise, time, 

and access to hardware (e.g., personal computers) and software (e.g., image processing, 

statistical tools, spreadsheets), making participation in citizen science challenging. In contrast, 

our Android-based Scentinel application automates all steps previously performed manually, 

streamlining image analysis and quantification, and eliminating the need for bulky hardware, 

software and manual effort. The blue principles of the RGB 12 algorithm46 discussed in a later 

section, further support the effectiveness of this smartphone-based approach, streamlining the 

process and enhancing accessibility for users without technical expertise. 
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Assessment of Sustainability 

The RGB algorithm includes three components: red for analytical efficiency, green for 

adherence to green analytical chemistry (GAC) principles, and blue for practical/economic 

efficiency and productivity, and is used for the assessment of the “whiteness” of the method. 

After evaluation, the method is assigned a color based on the proportions of each primary color. 

An optimal, comprehensive, and consistent analytical procedure is represented by a white 

method, indicating high saturation for each primary color. Conversely, a darker final color 

stands for a lower sustainability of the method. 

Figure S2. 14 Right panel shows the Scentinel application operational 

process in smartphone (a)Flowchart illustrating the operational process of 

the Scentinel application, detailing the steps fromapplication loading and 

image selection to the final statistical analysis and results 

presentation,including server interaction and user input. (b) operational 

process of manual interpolation of resultsrequiring different software along 

with smartphone 
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Red principles 

R1: Scope of application. Any given analytical method should be capable of being applied to 

a multitude of different situations and samples, as well as being able to determine a wide range 

of different analytes. It is crucial that it can be applied over a vast range of concentrations, and 

that it be compatible with a diverse range of sample types. Additionally, the method must 

demonstrate resilience to potential interferences. 

R3: Precision. Precision is a fundamental aspect of analytical methods, and it is essential that 

the precision of these methods be characterized by the best possible repeatability and 

reproducibility of the results. 

Score 
R1. Scope of 

Application 

R3. Precision 

RSD 

(Reproducibility) 

100 0 < pictograms ≤ 1 0 < % ≤ 5 

100 -75 1 < pictograms ≤ 2 5 < % ≤ 10 

75 - 50 2 < pictograms ≤ 5 10 < % ≤ 20 

50 - 25 5 < pictograms < 10 20 < % ≤ 40 

25 - 0 ≥ 10 pictograms ≥ 40 

Table S2. 5 Criteria assignment of red principles scores according to Nowak et al. for the 

efficiency assessment of bioluminescent cell-based methods relying on paper-based or 

standard approaches. For comparison we are using standard ISO methods, and we compared 

only the precision of the methods. Other analytical parameters are not provided by ISO. 
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Green principles 

G1: Toxicity of reagents. It is of utmost importance that reagents exhibit minimal toxicity. 

When feasible, it is advisable to select biodegradable, renewable, or naturally occurring 

reagents and materials. In order to assess the safety of the reagents, the safety data sheets were 

evaluated, taking into account the quantity of pictograms for each reagent utilized in the cell-

based method. 

G2: Amount of reagents and waste. It is recommended that the use of reduced volumes be 

employed in order to minimize the waste.   

G3. Energy and other media. In the development of an analytical method, it is essential to 

consider the lowest possible electricity consumption. Therefore, our assessment focused on the 

energy consumption required for the maintenance of cell cultures (incubators, safety cabinets, 

optical density meters, refrigerators, centrifuges, etc.) and for light detection (the use of 

benchtop luminometers, spectrophotometers, smartphones, and other portable detectors) 

without considering the storage conditions. 

G4. Direct impacts. It is important to make sure that the deployment of an analytical method 

does not affect humans or animals. In this case, we focused on the impact on humans and the 

environment related to the reagents used for the cell-based assays. 

 

Score G1. Toxicity of 

reagents 

G2. Amount of 

reagents and 

waste 

G3. Energy 

consumption 

G4. Direct impact 

100 0 < pictograms ≤ 1 0 < ml ≤ 0.5 Exceptionally low or 

non-consuming 

No hazardous activity 

100 -75 1 < pictograms ≤ 2 0.5 < ml ≤ 1 < 0.1 kWh Exceptionally low 

hazardous activity 

75 - 50 2 < pictograms ≤ 5 1 < ml ≤  2.5 0.1 - 1.5 kWh low hazardous activities 
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50 - 25 5 < pictograms < 10 2.5 < ml ≤ 5 > 1.5 kWh medium hazardous 

activities 

25 - 0 ≥ 10 pictograms > 5 ml + tools > 1.5 kWh Dangerous activities 

Table S2. 6 Criteria assignment of green principles scores according to Nowak et al. for the 

sustainability assessment of cell-based methods. Pictograms of the 'Globally Harmonized 

System of Classification and Labelling of Chemicals”, for energy consumption kWh are 

considered. 

 

Blue principles 

B1. Cost-efficiency. It is important to minimize the total cost as much as possible. In this 

context, the cost of all necessary reagents, materials, equipment, and personnel was taken into 

consideration in order to calculate the total analysis cost. 

B2. Time-efficiency. A reduction in analysis time is a desirable outcome, encompassing 

method development and all steps of the workflow. In this context, the time required for 

preparation of the experimental set-up and incubation time with the sample were considered. 

B3. Requirements. It is recommended to minimize the use of equipment, sample quantity, and 

skilled personnel. In this context, the necessity for incubators, luminometers, 

spectrophotometers, image analysis software, and statistical analysis software for the assay was 

considered.   

B4. Operational simplicity. In the optimal scenario, an analytical method should be fully 

automated, employ artificial intelligence techniques, and should be miniaturized and portable, 

thus enabling on-site measurements.  
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Score  B1. Cost 

Efficiency 

B2. Time 

efficiency 

B3. Requirements B4. Operational Simplicity 

B3.1 Sample 

consumption 

B3.2 Other needs* B4.1 

Portability 

B4.2 

Integration 

automation 

B4.3 

Miniaturization 

100 Very low-

cost 

1 < min ≤ 

30 

0 < ml ≤ 0.1 Simple Accessories & tools 

(mobile, pipette, dark box, 

etc.) 

Online 

analysis 

High 

automation 

or simple, 

online data 

Handheld 

100 - 

75 

Low-cost 30 < min 

≤ 60 

0.1 < ml ≤ 1 Simple Equipment 

(glassware, dark box, basic 

equipment for manual 

preparation, 

mobile/camera/ccd, image 

processing, statistical 

software) 

At line 

analysis, camp 

laboratory 

High 

automation 

or simple 

Portable 

75 - 

50 

Medium 

cost 

1 < hrs. ≤ 

2 

1 < ml ≤ 2.5 Medium complexity 

instrumentation 

(spectrophotometer), 

statistical analysis, 

equipment for basic 

preparation 

In lab analysis Partially 

automation 

Transportable 

50 - 

25 

Expensive 2 < hrs. ≤ 

4 

2.5 < ml ≤ 5 Complex instrumentation, 

equipment for preparation 

(Luminometer, statistical 

analysis, Incubator, 

Biological safety cabinet, 

Refrigerator) 

In lab analysis 

with sample 

storing, batch 

working, 

results 

obtained the 

same day of 

analysis 

No 

automation 

Bench 

25 - 0 Extremely 

expensive 

≥ 1 Day > 5 ml High complexity 

instrumentation 

(luminometer, cell culturing 

equipment (centrifugation, 

storage, etc.), optical density 

meter, Statistical analysis 

software, other complex 

equipment 

In lab analysis 

with sample 

storing, 

planned batch 

working, 

results obtain, 

days after the 

analysis 

No 

automation 

Complex 

facilities 
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Table S2. 7 Criteria assignment of blue principles scores according to Nowak et al. for the 

economic assessment of bioluminescent cell-based methods relying on paper-based or 

standard approaches. 
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3 Chapter 3 
 

 

An Origami Colorimetric Paper-Based Sensor for Sustainable On-

Site and Instrument-Free Analysis of Nitrite 
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3.1 Introduction 

Water quality is of paramount importance, and since the primary strategy for water 

quality management is contamination prevention, it is essential to monitor the presence of 

contaminants. 

Nitrite (𝑁𝑂2
−) and nitrate (𝑁𝑂3

−) represent the most common nitrogen-containing 

compounds, posing a significant environmental and health challenge due to increased natural 

and anthropogenic activities. Nitrite, well known inorganic contaminant, naturally occurs in 

plants, food and water. However, it is also widely present in foodstuffs because of the use of 

nitrogen-based compounds as food preservatives, especially in meat and meat products. The 

use of nitrogen-based fertilizers contributes significantly to increasing nitrite levels in water 

bodies 1,2 by converting urea or ammonia through the microbial nitrification process. Similarly, 

animal and human waste, known to be rich in organic nitrogen, releases nitrite and nitrate into 

the surrounding environment after their decomposition, leaching beyond the soil-plant system 

and reaching water bodies3. High levels of nitrite can be detected in drinking water sources, 

posing serious health risks, including methemoglobinemia in infants. The World Health 

Organization (WHO) set the maximum allowable concentration of nitrite in drinking water at 

3 mg/L, based on assessments of health risks associated with agricultural activities4,5. A limit 

of 1 mg/L for nitrite in drinking water has been established  by the Environmental Protection 

Agency (EPA) https://www.epa.gov/ground-water-and-drinking-water/national-primary-

drinking-water-regulations. 

Nitrite ions are monitored in drinking waters, surface and underground waters, as well as 

in industrial and municipal water wastes and different analytical methods have been 

developed,4 including spectrophotometric and electrochemical techniques, chromatography6 

and capillary electrophoresis analysis7,8. The most used method is the International 

Organization for Standardization (ISO)15923-1:2013 method, which relies on 

spectrophotometric and turbidimetric analysis of different ions, including nitrite, for water 

quality. The method is based on the colorimetric Griess reaction,9–12 that follows an azo 

coupling mechanism, where an aromatic amine (e.g. sulfanilamide - SulfAA), in the presence 

of nitrite and an acidic catalyst, undergoes diazotization to form a reactive diazonium salt, 

through an electrophilic aromatic substitution. When this diazonium salt is combined with an 

electron-rich coupling agent (e.g. N-(1-naphthyl)ethylenediamine - NED), it reacts to produce 

a highly-colored azo dye. The diazo dye absorbs visible light at a wavelength of 540 nm, 

https://www.epa.gov/ground-water-and-drinking-water/national-primary-drinking-water-regulations
https://www.epa.gov/ground-water-and-drinking-water/national-primary-drinking-water-regulations
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resulting in a pink/purple color, with an absorption intensity that is directly proportional to the 

concentration of nitrites.  

Commercially available assays based on the Griess reaction and methods based on redox 

reactions in acidic condition13 rely heavily on either complex sample pretreatment or laboratory 

instrumentation for absorbance measurements (i.e. benchtop spectrophotometers), making on-

site and real-time measurements challenging14.  

Sensors, enabling on-site and low-cost analysis, appear as highly appealing alternatives. 

The use of sensors in routine agricultural practices would allow a more sustainable 

management, implementing real-time decision-making, reducing the need for complex 

laboratory procedures and trained personnel. As an alternative, sensing approaches have been 

proposed for the detection of nitrite in different matrices, including microfluidic paper-based 

systems based on the Griess reaction,15–19 exploiting reflectance detection19. Reflectance 

detection, i.e., the measure of the fraction of light reflected by a material, is widely used in 

user-friendly portable paper sensors with colorimetric detection. Paper-based sensors provide 

the potential to create simple, low-cost, and disposable analytical devices, making them 

particularly suitable for environmental monitoring. A few paper-based devices for the detection 

of nitrite and nitrate have been reported20. Recently a hydrogel chemosensor was developed by 

Tai et al.,21 whereas Li et al. used a paper strip and a triple-mode sensing method to detect 

nitrites ions22. Another study presented a paper-based device and a microanalysis cassette for 

detecting nitrite levels in food samples using LED lights and a smartphone for images 

acquisition23.  Smartphone-based sensors are receiving significant attention since they replace 

optical detectors avoiding the use of further instrumentation24–32. 

However, most of these devices still require expensive instrumentation for fabrication 

(i.e., pattering, cutting), pre-concentration of the sample and, most importantly, they are not 

sustainable considering the full life cycle of a disposable sensing device. 

This work aims to develop a ready-to-use reflectance origami paper sensor based on the 

Griess reaction, to detect low concentrations of nitrite without the need for manual handling 

liquid reagents. To ensure the portability and the simplicity of the system, without loss of 

sensitivity, smartphone-based detection was introduced. This approach emphasizes the use of 

eco-friendly materials, allowing the monitoring of environmental samples, like water sources, 

in a sustainable way. By exploiting these principles, our sensor addresses the need for effective 
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environmental monitoring, playing a role in promoting the reuse of resources and contributing 

to more sustainable and responsible water management. 

3.2 Experimental 

3.2.1 Chemicals, Reagents and Instrumentation 

Sodium nitrite, NaCl, MgSO4, K2HPO4, K2CO3, KNO3, MgCl2, CaCl2, FeCl3 

,FeCl2,urea, glucose and bovine serum albumin (BSA) were from Sigma-Aldrich (St. Louis, 

MO). Sulfanilamide (SulfAA), and N-(1-Naphthyl)-Ethylenediamine (NED) were from the 

“Nitrite/Nitrate Colorimetric Test” (Roche) kit from Sigma-Aldrich (St. Louis, MO). Whatman 

1 CHR cellulose chromatography paper was from GE Healthcare (Chicago, IL, USA) and was 

used as support for the design of the colorimetric sensing paper. A Phaser 8400 office wax 

printer (Xerox, Norwalk, CT, USA) was used for wax printing. OnePlus 6T (OnePlus, 

Shenzhen, China) was used for colorimetric signal acquisitions. A Varioskan LUX Multimode 

Microplate Reader (Thermo Fisher Scientific Inc., Waltham, MA, USA) was used for 

absorbance measurements. 

3.2.2 Design and Method Optimization of Nitripad Paper Sensor 

A preliminary design of the NitriPad, comprising 18 circular areas (a 6 x 3 array of 7 

mm-diameter wells) was created using PowerPoint (Microsoft, Redmond, WA, USA), and 

printed on Whatman 1 CHR chromatography paper using an office wax printer. The 

hydrophobic areas were created by heating the NitriPad for 2 min at 100°C to allow wax to 

spread through the cellulose fibers. This configuration was used to create a calibration curve 

for NaNO2 (concentration range 0.05 – 5.0 mg/L in ddH2O) using the Griess reagents. Thus, 

maintaining the same ratio suggested for the standard 96-well assay, 10 mL of SulfAA + NED 

solution and 15 mL of NaNO2 standard solutions and a control (0.0 mg/L of NaNO2 in ddH2O) 

were dispensed into each well. Images were acquired every 5 minutes up to 15 minutes, and 

then every 15 minutes up to 2 hours of incubation at room temperature (RT ~ 22 °C) using a 

smartphone CMOS sensor and a dark box to avoid light interferences during the incubation of 

the analyte with SulfAA and NED. SulfAA and NED are light-sensitive reagents due to their 

aromatic amine and conjugated structures, which can degrade or oxidize under light exposure, 

causing background interference in the colorimetric measurement.  
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To create a ready-to-use paper sensor, the adsorption of the Griess reagents on paper 

was evaluated and the origami configuration was explored. In particular, the volumes of Griess 

reactant and analyte, their ratio, and the paper folding process were investigated. For each 

experiment, the incubation time for the colorimetric reaction was monitored by acquiring 

images of the PAD with a smartphone camera. The final configuration of the NitriPad was 

designed to include a 3x2 wells array on one side (bottom) and a 3x2 well array on the opposite 

side (top) (Figure S3. 1). Three configurations (A, B, and C) were tested by adsorbing NED 

and SulfAA reagents on different sides of the PAD and changing the order in the procedure of 

sample addition and paper folding. For each PAD, 3 wells were used for the control (ddH2O) 

and 3 wells for a standard solution of NaNO2 5.0 mg/L). Volumes were optimized by increasing 

the reagents and analyte total volume (25 and 50 mL) onto the PAD, and changing the Griess 

reagents/analyte ratio, testing 20 and 30 mL of analyte volume. The adsorption of both NED 

and SulfAA in the same well was also evaluated, confirming the need to keep the two Griess 

reagents separate to avoid their competitive reaction during the drying process.  

The optimized configuration involves the adsorption of 10 mL of SulfAA to the top 

side of the NitriPad, and 10 mL of NED to the bottom one for 3 h at room temperature (22°C) 

in the dark box to avoid the degradation (oxidation) of SulfAA and NED, due to the light-

sensitive nature. Then, the NED part of the PAD is sealed with adhesive tape to prevent sample 

leakage, the SulfAA part is folded over the NED part and 30 mL of samples are added to the 

reverse SulfAA part. In this way, sample addition causes wetting of the two layers of the PAD, 

thus triggering the chemical reaction (Figure S3. 1).  

3.2.3 Nitripad Assay Optimization and Data Analysis 

Once the procedure has been optimized, a calibration curve was obtained for NaNO2 

using the configuration of the NitriPad with an array of 7 x 3 wells for each part of the PAD 

and the optimized volume for NaNO2 (0.05 - 5.0 mg/L), standard solutions and control. Images 

were acquired after 0, 5, 10, 15, 20, and 30 minutes of incubation in a dark box at room 

temperature with a OnePlus 6T smartphone, equipped with a dual integrated camera, composed 

of a primary sensor (16 MP Sony Exmor RS IMX 519, BSI CMOS ½.600 color sensor with 

1.22 μm pixels, ƒ/1.7 aperture) and a secondary sensor (20 MP Sony Exmor RS IMX 376 K, 

BSI CMOS ½.800 color sensor with 1.0 μm pixels, ƒ/1.7 aperture). The native camera app of 

the smartphone was used to acquire the images with the automatic exposure mode, without any 

zoom, filter or other tools. The smartphone was placed at a distance (20 cm) from the plane of 
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the sensing paper to ensure reproducibility of the measurements. To minimize reflectance 

variations and reduce user input, no other light source apart from the standard room lighting 

was used uniformly across all sessions, avoiding shadows. Reflectance measurements were 

analyzed with ImageJ software (v. 1.53t), National Institutes of Health, Bethesda, MD, USA) 

in the form of colorimetric signals. A circular region of interest (ROI) was defined 

corresponding to the circular wells. The ROI had a diameter of 70 pixels, corresponding to an 

area of 3852 pixels. The field of view (FoV) of the image was 418.91 x 192.00 mm, 

corresponding to the full resolution of 4608 x 2112 pixels, allowing for accurate spatial 

reference of the selected ROI. The pixel size was calibrated based on the known scale of 7 mm 

= 77 pixels, resulting in a pixel size of 11.0 pixels/mm. Pixel brightness was calculated as the 

mean value within the defined ROI using the grayscale, ranging from 0 (black) to 255 (white). 

The intensity values were evaluated to assess the colorimetric signals associated with the 

reflectance of the sample. Data were fitted with the second-order polynomial (quadratic) non-

linear regression on GraphPad Prism v.8 software (GraphPad Software, LaJolla, CA, USA). 

The limit of detection (LOD) was calculated as the mean value of the blank (ddH2O) minus 

three times the standard deviation of the control (ddH2O). The limit of quantification (LOQ) 

was calculated as the mean value of the blank (ddH2O) minus ten times the standard deviation 

of the control (ddH2O). All measurements were performed in triplicate and repeated at least 

three times.  

3.2.4 Real Sample Analysis and Recovery Studies 

The applicability of the origami colorimetric paper-based sensor to the analysis of 

complex samples was also evaluated. Bottled water samples (Vera San Giorgio in Bosco, Vera 

S.p.a., Milano, Italy) with a declared nitrite concentration < 0.002 mg/L were spiked with 

NaNO2 by adding known concentration (0.5, 1.0 and 2.5 mg/L) of NaNO2 in the samples. The 

assay procedure was the same as described previously using 30 μL of water sample in triplicate. 

The % recovery was then calculated using the equation: 

 

%𝑅 =  
𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 𝑐𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛

𝑠𝑝𝑖𝑘𝑒𝑑 𝑐𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛
× 100  
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3.2.5 Selectivity, pH Effect and Storage Stability Studies 

Selectivity studies were performed to evaluate the specificity of the Nitri-Pad sensor in 

presence of potential interferents. NaCl, MgSO4, K2HPO4, K2CO3, KNO3, MgCl2, CaCl2, 

FeCl3, FeCl2,urea, glucose and BSA solutions (2.0 mM) were prepared in ddH2O and evaluated 

individually using the optimized procedure described in section “3.2.3 NitrI-Pad assay 

optimization and data analysis”. Results were compared to that obtained with the NitriPad 

tested with NaNO2 2.5 mg/mL (CTR+) and with ddH2O (CTR-) solutions. In addition, pH 

effect on the NitrI-Pad was also evaluated testing NaNO2 sample (1.75 mg/L) solutions at pH 

5.0, 7.0 and 9.0. 

Sensor stability was investigated by measuring the colorimetric signals of the NO2
− (or 

NaNO2) sensing papers stored at +4 °C in Petri dishes and sealed with Parafilm tape for 28 

days. The sensor response was assessed by the addition of 30 μL of NaNO2 (1.0 mg/L) (or NO2
− 

0.667 mg/L) with an incubation period of 15 min at room temperature (~ 22 °C). Colorimetric 

signals were acquired with a smartphone camera (OnePlus 6T) and analyzed with ImageJ 

software. The colorimetric signals obtained at day 0 were normalized as 100% of the signal. 

3.3 Results and Discussion 

In this work, a foldable colorimetric smartphone paper sensor for monitoring nitrite ions 

was developed. Exploiting the modified Griess reaction, an azo coupling mechanism, in the 

Figure 3. 1 Schematic mechanism of Griess reaction and the NitriPad assay 

principle with the optimized configuration. 
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presence of nitrite and an acidic catalyst, an aromatic amine (e.g. sulfanilamide - SA), 

undergoes in diazotization to form a reactive diazonium salt through an electrophilic aromatic 

substitution that, combined with an electron-rich coupling agent (e.g. N-(1-

naphthyl)ethylenediamine - NED), produces a highly-colored azo dye with a pink color (Figure 

3. 1). Sulfanilic acid was replaced by sulfanilamide in hydrochloric acid since it yields higher 

color stability and faster reaction kinetics using a commercially available reagent33. 

3.3.1 Experimental Design and Method Optimization on Paper 

Different optimizations were performed to implement the Griess reaction on a user-

friendly paper sensor for NO2
− detection. Firstly, the method was scaled for the paper format 

by sequentially adding in each well of the paper sensor a 10 mL-volume of SulfAA/NED 

solution in a ratio 1:1 and 15 mL of NaNO2 (concentration range from 0.05 to 5.0 mg/L), and 

15 mL of ddH2O for the control. The colorimetric reaction was monitored by incubating the 

analyte with the colorimetric reagents, SulfAA and NED, in a dark box at room temperature 

and by acquiring reflectance images with a OnePlus6T smartphone camera every 5 min for the 

first 30 min, and every 15 min up to 2 h. The smartphone was used for reflectance 

measurements to implement the Griess reaction onto a paper-based sensing platform. As shown 

in Figure S3. 2, the presence of NaNO2 produced a color change from colorless (white on 

paper) to pink visible by the naked eye, even immediately after the addition of the standard 

analyte solutions to the Griess reagents on paper. Images were analyzed in terms of brightness 

intensity  with ImageJ software using the grayscale as a combination of the R (red), G (green), 

and B (blue) channels of the RGB system. To avoid differences in the signals due to 

background light interferences, a control sample was tested for each experiment and data were 

used to normalize the signal of each analyte concentration tested. The normalized brightness 

intensity was used as an analytical signal, which decreases as the concentration of the analyte 

increases, as the reflectance signals are calculated in terms of brightness in the grayscale. This 

signal normalization allowed to improve the robustness of the reflectance data which 

reproducibility and precision are generally affected by light sources having different spectral 

characteristics. A first calibration curve for NaNO2 on paper was obtained after 15 min of 

incubation time with a LOD of 0.16 mg/L (corresponding to 0.11 mg/L of NO2
−). 
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3.3.2 Optimization of The Origami Design and Experimental Procedure 

To obtain a ready-to-use sensor, physical adsorption was evaluated to immobilize the 

Griess reagents on paper and the origami technique for the design of the device. Firstly, we 

immobilized the Griess reagents, SulfAA and NED, into the same well by creating a solution 

of SulfAA and NED with a 1:1 ratio and dispensing 10 mL of mix in each well of the PAD. 

After 1 h incubation at room temperature and in the dark, a color change was observed also by 

the naked eye in all the wells. Data analysis was performed by comparing the reflectance 

signals obtained in the wells in which the Griess reactants were immobilized together and the 

control wells with significant differences (from 8 to 22%) in decrease of reflectance signal 

(Figure 3. 3). This is in accordance with previous studies, in which one of the main limitations 

of the Griess reagents is the poor stability when single components are mixed34–36. To minimize 

the Griess reagents degradation upon storage SulfAA and NED were immobilized on separate 

wells. To avoid pipetting and handling toxic solutions and simplify the user procedure, we 

implemented the origami approach, in which folding the paper sensor allows reagents’ mixing 

and triggering of chemical reactions37. By implementing the origami approach, the user needs 

only to add the sample, also with a disposable dropper to simplify the procedure. PADs were 

designed to contain a bottom and a top part, each consisting of an array of 3 x 2 wells for the 

immobilization of SulfAA and for NED. Three configurations A, B, and C, in which a 5 mL-

volume of SulfAA and 5 mL of NED, previously absorbed on paper for 1 h at room temperature 

in the dark, were first explored and tested for nitrite detection.  Configuration A was designed 

for the PAD A to include the SulfAA in the bottom wells and the NED in the top ones. The 

optimized procedure involved sample addition (15 µL NaNO2 5.0 mg/L) to the SulfAA wells, 

then the folding of the NED part and the acquisition of the reflectance signals after 0, 5, 10, 15, 

20, and 30 min of incubation time at room temperature and in the dark with the OnePlus 6 

smartphone. The same configuration was chosen for PAD B, except that the NED part was first 

folded over the SulfAA one, and then the sample was added to the reverse NED wells. No color 

changes were observed up to a period of 4 hours (Figure S3. 4). PAD C followed the same 

procedure used for PAD B, but with SulfAA immobilized onto the top wells, and NED onto 

the bottom ones. A change in the color of the sample wells was visible immediately after 

sample addition (15 µL NaNO2 5.0 mg/L), and pictures were taken after 0, 5, 10, 15, 20, and 

30 minutes of incubation at room temperature (22°C) and in the dark.  
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According to the reaction mechanism, the sequential reaction of SulfAA with nitrites 

ions led to the formation of the diazonium intermediate, which spontaneously reacts with the 

NED coupling reagent to form a diazo colored compound34,36. Therefore, the configuration C 

was chosen since it provided the highest color variation for the wells containing 5.0 mg/L 

NaNO2 (about 38% decrease in reflectance signal vs a 24% decrease obtained with the 

configuration A) and the experimental procedure was very easy, making it an accessible tool 

for any user (Figure S3. 5). Since the sample volume is a critical aspect of the origami 

technique, acting not only as analyte but also as a carrier fluid with the task of wetting all the 

paper layers and allowing mixing of the reagents, the total volume and the ratio between Griess 

reagents and analyte were also studied. We evaluated different reagents:analyte ratios (i.e., 2:3 

and 1:1 ratios).  

We tested the ratio 2:3 using 5 mL of SulfAA, 5 mL of NED and 15 mL of analyte, and 

10 mL of SulfAA, 10 mL of NED and 30 mL of analyte.  We also evaluated the 1:1 ratio by 

adding 10 mL of SulfAA, 10 mL of NED and 20 mL of analyte. Quantitative elaboration of 

the obtained data (Figure S3.6 and Figure S3.7) confirmed that the optimal ratio Griess 

reactants/sample to ensure wettability of the paper layers and provide higher sensibility was 

2:3 and the total volume was 50 mL.  

3.3.3 Analytical Performance of The Nitripad 

After optimizing the design and the optimal conditions for the colorimetric reaction on 

paper, the sensitivity of the method was assessed by creating a calibration curve for NaNO2 

using the NitriPad composed of a 7 x 3 wells array for the NED part and the SulfAA part. After 

the adsorption of the Griess reactants, adhesive tape was applied to the back side of the NED 

part, then the SulfAA part was folded over the NED part. 30 µL of NaNO2 standard solutions 

(0.05, 0.50, 1.00, 1.75, 2.50, 3.75, 5.00 mg/L) and control were added to the wells and 

incubated in the dark at room temperature (22°C). After 0, 5, 10, 15, 20, and 30 minutes, images 

were acquired with the smartphone, and reflectance signals were extracted and analyzed as 

described in the Materials and Methods section. The colorimetric reaction started immediately 

after the addition of the standard solutions, and no significant difference was observed after 10, 

15, 20, and 30 minutes of incubation (Figure 3. 2). Therefore 15 minutes of incubation time 

was chosen as the best compromise to achieve the best sensitivity with a rapid procedure (Table 

S 3.1).  
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A LOD of 0.40 mg/L of NaNO2 (corresponding to 0.27 mg/L of NO2
−) and a LOQ of 

1.67 of NaNO2 (corresponding to 1.11 mg/L of NO2
−) were obtained using the optimized 

conditions. 

Compared to other paper-based methods,32,34,35,38,39 the NitriPad is simple and cost-

effective, the preparation of the device does not require any complex apparatus, and no 

instrumentation is needed for signal detection. This is particularly beneficial for field 

applications where advanced equipment may not be available. This is a crucial feature for early 

detection and prevention of nitrite-related issues in environmental monitoring and clinical 

diagnostics. Klasner et al39. developed a mPAD for detecting nitrite in saliva samples with a 

LOD of 5 mM, which is comparable to our sensor. Whereas the mPAD presented by 

Jayawardane et al. lowered the LOD for nitrites to 1.0 mM20. However, their method includes 

the manual addition of fresh Griess reagents to the paper PAD, therefore the end-user should 

handle chemicals, thus complicating the workflow for non-skilled personnel. In addition, most 

of reported sensors40 do not include a calibration curve, therefore, despite having promising 

analytical performance, separate sensors should be used to construct the calibration curve for 

achieving quantitative results.  Conversely, the proposed paper sensor can be intended for 

widespread applications in the environmental and agro-food fields, as well as for the analysis 

of biological fluids. 

Figure 3. 2 Calibration curve for NaNO2 obtained at 0, 5 and 10 min of incubation time in 

the dark, at RT and b) at 15, 20 and 30 min acquiring the reflectance signals with the 

OnePlus 6 smartphone. 
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3.3.4 Real Samples and Recovery Studies 

The performance of the NitriPad was evaluated with real samples of drinking water 

including commercial bottled water in which the declared nitrite ions content was <0.002 

(Figure 3. 3).  

Samples were spiked by adding three different concentrations (0.5, 1.0, and 2.5 mg/L) 

of NaNO2 and recoveries, calculated as described in the Materials and Methods Section, were 

110, 87 and 102% respectively, thus demonstrating the applicability of the sensor for drinking 

water (Table 3. 1). 

Added 

(mg/L) 

Found  

(mg/L) 

Recovery 

 (%) 

RSD 

 (%) 

0.50 0.60 110 5 

1.00 0.87 87 9 

Figure 3. 3 Calibration curves for NaNO2 obtained with the NitriPad at 15 

min and bottled water samples spiked with different NaNO2 (0.5, 1, 2.5 

mg/L) 
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3.3.5 Selectivity and Stability Studies  

Selectivity studies were performed to evaluate the specificity of the NitriPad sensor. As 

shown in Figure 3. 4a. the effect of potential interferents including ions (NaCl, MgSO4, 

K2HPO4, K2CO3, KNO3, MgCl2, CaCl2, FeCl3, FeCl2) and compounds present in 

environmental or clinical matrices (urea, glucose and BSA) was compared to NaNO2 (2.5 

mg/L) used as CTR(+) and results normalized respect to the ddH2O solution (CTR-). Only Fe3+ 

was shown to be a potential interferent with a decreased reflectance signal of about 20 ± 4%. 

This result is in line with tolerance ions studies41. The effect of pH was also evaluated with 

NaNO2 solutions (1.75 mg/L) at pH 5.0, 7.0 and 9.0 (Figure 3. 4b). Decreased reflectance 

signals of about 5.7 ±1.3 %  and of 2.7 ±1.5 %  were observed at pH 7.0 and 5.0, respectively,  

confirming that nitrous acid is the predominant species at pH 5.0 41. 

NitriPad storage stability was evaluated during storage at +4°C. The analytical 

performance of the NitriPad method for the detection of NaNO2 was assessed by performing 

2.50 2.60 102 7 

Table 3. 1 Recovery of NaNO2 in commercial bottled water (n=3) 

 

Figure 3. 4 a) Selectivity studies of the NitriPad with different interferents (2mM) compared to the 

NaNO2 2.50 mg/L (CTR+). Reflectance signals are normalized to the CTR (-); b)  pH effects on 

the NitriPad and c) Stability of the NitriPad stored at +4°C. Reflectance signals are normalized to 

day 0. 
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the assay after 1, 3, 5, 7, 14, 21, and 28 days of storage, acquiring the colorimetric images, and 

normalizing the reflectance signals to the values obtained for the freshly prepared sensing 

PADs (day 0). As shown in Figure 3. 4, the assay provided excellent results also after 28 days 

of storage, with a responsiveness of 98 ± 3.3% compared to the test performed on day 0. This 

level of stability is notably superior to other paper-based sensors, which often exhibit a 

significant decrease in sensitivity over shorter time frames20. This result supports the future 

applicability of the sensor even when shipping to remote locations is required. 

Additionally, the NitriPad demonstrated excellent reproducibility with a relative 

standard deviation (RSD%) of about 1.6%, which has been investigated using paper PADs 

produced on the same day and kept at +4°C using an intermediate concentration of NaNO2 (1.0 

mg/L). The repeatability was evaluated using PADs fabricated the same day, obtaining an 

impressive RSD% of about 0.2%. 

The results of the paper sensor were compared with those obtained with a commercial 

kit (Nitrite/Nitrate Colorimetric Test, Roche) performed with 96 well-plates and benchtop 

spectrophotometer and, according to the F-Test, the variances were not significantly different 

at a 95% confidence level (Table S3 .2). We also performed a paired t-test showing an 

agreement between the results at a 95% confidence level.  

3.3.6 Sustainability Assessment 

A fundamental aspect to consider in the development of a new analytical method is 

sustainability since it ensures that a new analytical method is not only effective but also 

environmentally friendly, economically feasible, and aligned with broader societal goals. We 

evaluated the sustainability of the NitriPad through the 12 principles of white analytical 

chemistry (WAC) using the RGB 12 algorithm42. The algorithm analyzes the analytical 

efficiency, the compliance with the green analytical chemistry, and the productivity, together 

with the practical/economic efficiency. These parameters are represented as the primary colors 

red, green, and blue components, respectively, in the algorithm, and they assess the overall 

whiteness of the method. The more saturation in each primary color, the higher the whiteness 

of the methods, which means an optimal and consistent analytical method.  A darker final color 

reflects the lower sustainability of the method. The NitriPad method was compared to 5 

previously reported microfluidic PADs, all relying on colorimetric detection of nitrites using 

the Griess reactants using a scanner for the acquisition of the colorimetric signals. Data (Table 

S3, S4, S5) and explanation of the RGB score assessment criteria are presented in the 
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Supplementary Materials. The sustainability of the NitriPad showed a total Whiteness score of 

71.1% (Table S3.5) The highest score is reached during the blue principles analysis, which 

considers the feasibility of the method. This method only requires an office wax printer for the 

preparation of the NitriPad and a smartphone for the detection of the colorimetric signal and 

achieved a blue score of 93.8%. Additionally, the NitriPads are stable at +4°C and are safe for 

the user since all the reagents are immobilized on paper and only the sample is added by the 

end-user. 

3.4 Conclusions 

In this work, an origami paper-based sensor for the quantitative detection of nitrite has 

been developed using a modified version of the Griess reaction. It is based on a colorimetric 

reaction, which produces a colored compound visible to the naked eye, and the intensity of the 

color is proportional to the presence of nitrite ions. The origami technique was chosen to 

separate the two Griess reagents before performing the test. This technique enhances the 

portability of the sensor, the sensitivity of the system, and the efficiency of the interaction 

between the reactant species and the target analyte.  The use of a smartphone camera for the 

acquisition of reflectance signals creates a portable and easy-to-use system that can be used by 

non-skilled personnel and on-site analysis.  

An important key strength of this work is the stability. The performance of our sensor is 

maintained at the 98% for at least 1 month when stored at +4°C. To the best of our knowledge, 

this is the first prototype of a paper-based sensor interfaced with a smartphone camera for the 

detection of nitrite with a limit of detection suitable for analysis of drinking water and storage 

stability exceeding 1 month. These findings underscore the NitriPad's potential for long-term 

storage without significant loss of sensitivity, making it a promising tool for practical nitrite 

detection applications. 

The NitriPad represents a valuable tool for the rapid and reliable monitoring of nitrites 

across a range of applications, including water quality assessment in agricultural runoff, 

wastewater treatment, surface and drinking water. Additionally, it represents a versatile nitrite 

detection tool, since its applicability can be extended to the analysis of biological fluids, such 

as urine, saliva, and sweat for point-of-care diagnostic, highlighting its potential impact in both 

environmental and health-related contexts.  
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3.5  Supporting Information 

 Figure S3. 1 General design of the NitriPad and schematic procedure for nitrites colorimetric 

detection on paper. 

 

Figure S3. 2 a) Image of NaNO2 calibration curve on paper after 15 minutes of incubation in 

the dark, at RT and b) graphical elaboration of the colorimetric signals acquired with the 

OnePlus 6 smartphone 
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Figure S3. 3 Reflectance signal of four paper sensors in which the 

mixed solution of SulfAA and NED is adsorbed into each well. 
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Figure S3. 4 Schematic procedure for the creation of the three configurations A, B, 

and C, and relative images of the image of PADs acquired with a OnePlus6T 

smartphone camera after 15 minutes of incubation in the dark, at RT with 5.0 mg/L 

of NaNO2 
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Figure S3. 5 Reflectance signals obtained using the Configuration A and C of the origami 

colorimetric paper-based sensor and incubation with 5.0 mg/L of NaNO2 for 0, 5, 10, 15, 20 

and 30 min. 

 

 

Figure S3. 6 Optimization studies of the volumes of the Griess reagents and analyte (ratio 

2:3) and the image of the NitriPad obtained after 15 minutes of incubation with NaNO2 0.0 
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and 5.0 mg/L and the normalized reflectance signal obtained after 0, 5, 10, 15, 20, and 30 

minutes of incubation time. 

 

Figure S3. 7 Optimization study of the ratio 1:1 of the Griess reagents:analyte and the image 

of the NitriPad after 15 minutes of incubation with NaNO2 0.0 and 5.0 mg/L and the 

normalized reflectance signal obtained after 0, 5, 10, 15, 20, and 30 minutes of incubation 

time. 

. 

Figure S3. 8 Image of the NaNO2 calibration curve obtained with the NitriPad sensor after 15 

min of incubation time 
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Incubation time 

(min) 

LOD 

NaNO2 mg/L 

LOQ 

NaNO2 mg/L 

0 / 0.73 

5 0.09 0.43 

10 0.53 1.82 

15 0.40 1.67 

20 0.79 3.76 

30 0.39 1.22 

 

Table S3. 1 Limit of detection (LOD) and limit of quantification (LOQ) obtained with the 

NitriPad sensor at different incubation times 

 

 

 

 

 

Sample Nitrite (mg/L)  

NitriPad   Nitrite/Nitrate Colorimetric Test kit 

Mean 

Standard deviation 

Number of measurements (n) 

 

0.60  

0.03 

10 

0.58  

0.02 

8 
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Table S3. 2 Nitrite concentrations in water sample obtained with the NitriPad and the 

commercial Nitrite/Nitrate Colorimetric Test (Roche) kit performed in 96-well microtiter 

plates and benchtop spectrophotometer. 

 

SUSTAINABILITY ASSESSMENT 

Red principles 

R1: Scope of application 

An analytical method should be versatile, adaptable to various applications, and able to 

detect different types of analytes, and/or the same analyte in different samples. It needs to be 

robust against potential interferences, and it should be applied over a broad concentration 

spectrum. 

R2: Limit Of Detection (LOD) 

A suitable analytical method should have a high sensitivity, enabling the detection of 

trace amounts of a substance. The limit of detection represents the smallest quantity of analyte 

that can be reliably distinguished from the background noise. Thus, ensuring a low LOD is 

essential for the identification of analytes at minimal concentrations, and enhancing the overall 

reliability and applicability of the method across various sample types. 

 

Score 
R1. Scope of 

Application 
R2. LOD 

100 sample type ≥ 7 mM ≤ 1 

100 -75 7 < sample type ≤ 5 1 < mM ≤ 5 
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75 - 50 5 < sample type ≤ 3 5 < mM ≤ 10 

50 - 25 3 < sample type < 1 10 < mM ≤ 20 

25 - 0 ≤ 1 sample type mM ≥ 20 

Table S3. 3 Criteria for the assignment of the Red Principles scores according to Novak et al. 

for the efficiency of the NitriPad sensor for detecting nitrite ions. We compared our assay to 

previously published methods for the detection of nitrites, relying on paper-based devices. 

We reported here only the common parameters reported in all the compared methods. 

 

Green Principles 

G1: Toxicity of reagents 

A crucial aspect of the development of an analytical method is the toxicity of reagents. 

They must exhibit minimal toxicity, and it is advisable to select biodegradable, renewable, or 

natural reagents and materials. In this work, the safety data sheets of the reagents were 

evaluated to assess the safety of the materials that have been used. 

G2: Amount of reagents and waste 

In terms of sustainability, it is of utmost importance to reduce waste. Thus, the use of 

reduced volumes is preferable for the preparation of the devices and the use of samples. 

G4: Direct impacts 

The direct impacts parameter is aimed at studying the impact of the reagents used for 

the analysis on humans, animals, and the environment. 
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Score 
G1. Toxicity of 

reagents 

G2. Amount of 

reagents and 

waste 

G4. Direct impact 

100 
0 < pictograms ≤ 

1 
0 < ml ≤ 0.5 

No hazardous 

activity 

100 -

75 

1 < pictograms ≤ 

2 
0.5 < ml ≤ 1 

Exceptionally low 

hazardous activity 

75 - 50 
2 < pictograms ≤ 

5 
1 < ml ≤  2.5 

low hazardous 

activities 

50 - 25 
5 < pictograms < 

10 
2.5 < ml ≤ 5 

medium hazardous 

activities 

25 - 0 ≥ 10 pictograms > 5 ml Dangerous activities 

Table S3. 4 Criteria for the assignment of green principle scores according to Novak et al.43 

for the assessment of sustainability of the NitriPad system. We used pictograms of the 

“Globally Harmonized System of Classification and Labelling of Chemicals”, and mL as a 

unit of quantification of the volumes used for the analysis. 

 

Blue principles 

B1: Cost-efficiency 

The total analysis cost is an important parameter for the economic assessment of an 

analytical method. The aim is to minimize the cost of the analysis as much as possible by 

evaluating the cost of all materials, equipment, and reagents. Also, the qualification of the 

personnel is to be taken into account for these considerations. 
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B2: Time-efficiency 

A desirable result is a short-time analysis, together with a reduction in the time of 

preparation of the experimental set-up and the reaction time. These parameters were taken into 

account for the evaluation of the time efficiency of the methods. 

B3: Requirements 

Requirements for the economic assessment of the method include the reduction of 

sample volumes, equipment, and trained personnel. We evaluated the detection systems, image 

and statistical analysis software used for each assay, and the need for any laboratory equipment. 

B4: Operational simplicity 

Ideally, an analytical method should be fully automated, miniaturized, and portable, 

enabling on-site usage for any user. 

 

Sco

re 

B1 

Cost 

Efficie

ncy 

B2 

Time 

efficie

ncy 

B3. Requirements B4. Operational Simplicity 

B3.1 

Sample 

consumpt

ion 

B3.2 

Other needs 

B4.1 

Portabil

ity 

B4.2 

Integrat

ion 

automat

ion 

B4.3 

Miniaturiza

tion 

100 

Very 

low-

cost 

1 < 

min ≤ 

5 

0 < ml ≤ 

0.05 

Simple 

Accessories & 

tools (mobile, 

pipette, dark 

box, etc.) 

Online 

analysis 

High 

automati

on or 

simple, 

online 

data 

Handheld 
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100

-75 

Low-

cost 

5 < 

min ≤ 

15 

0.05 < ml 

≤ 0.1 

Simple 

Equipment 

(glassware, 

dark box, basic 

equipment for 

manual 

preparation, 

mobile/camera

/ccd, image 

processing, 

statistical 

software) 

At line 

analysis, 

camp 

laborato

ry 

High 

automati

on or 

simple 

Portable 

75-

50 

Mediu

m cost 

15 < 

min ≤ 

30 

0.1 < ml ≤ 

1 

Medium 

complexity 

instrumentatio

n (scanner), 

statistical 

analysis, 

equipment for 

basic 

preparation 

In lab 

analysis 

Partially 

automati

on 

Transportabl

e 

50-

25 

Expensi

ve 

30 < 

min ≤ 

60 

1 < ml ≤ 5 

Complex 

instrumentatio

n, equipment 

for preparation 

(spectrophoto

meter, 

statistical 

analysis, 

Refrigerator) 

In lab 

analysis 

with 

sample 

storing, 

batch 

working

, results 

obtained 

No 

automati

on 

Bench 
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the 

same 

day of 

analysis 

25 - 

0 

Extrem

ely 

expensi

ve 

≥ 60 

min 
> 5 ml 

High 

complexity 

instrumentatio

n 

(luminometer, 

Statistical 

analysis 

software, other 

complex 

equipment 

In lab 

analysis 

with 

sample 

storing, 

planned 

batch 

working

, results 

obtain, 

days 

after the 

analysis 

No 

automati

on 

Complex 

facilities 

 

Table S3. 5 Criteria for assigning the blue principles scores according to Nowak et al. for the 

economic assessment of the NitriPad system. 

 

Method number R (%) G (%) B (%) Whiteness (%) Reference 

1 47.5 73.8 93.8 71.7 This work 

2 33.8 54.2 56.9 48.3 2 

3 37.5 66.7 78.8 61.0 3 

4 36.3 65.4 68.8 56.8 4 
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5 43.8 25.0 54.7 41.1 5 

6 50.0 65.4 85.0 66.8 6 

 

Table S3. 6 Results from whiteness evaluation for our method and five NitriPad sensors for 

the detection of nitrites. The average values in percentage for the Red, Green, and Blue 

parameters of each method are reported. 
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4 Conclusion and Future Perspectives 
This doctoral research addressed the critical need for sustainable, field-deployable 

analytical tools for water quality monitoring, in direct support of United Nations Sustainable 

Development Goal 6 and within the framework of the Italian PNRR Agritech National 

Research Center and the EU Horizon FARMWISE project. 

Two paper-based biosensors have been designed and validated for use in real-world 

situations. The first is a bioluminescent biosensor that utilizes the organism Aliivibrio fischeri, 

which was immobilized in agarose hydrogels and adhered to wax printed cellulose paper. This 

biosensor provides portable, single-use cartridges capable of replacing ISO 11348 toxicity 

assays and can be used in the absence of laboratory infrastructure. The dual sensor was also 

developed using the Griess reaction to measure nitrites using paper as a substrate. The sensor 

achieved a limit of detection of 0.27 mg L-1 and produced recovery percentages between 87 

and 110% for real-world drinking water samples. Additionally, the nitrite paper biosensor has 

an instrument-free operation and demonstrated no loss in analytical response over a 28-day 

period. The work described herein demonstrates the potential of both of these systems to 

provide rapid and accurate analysis of chemical contaminants in real-world situations. Major 

limitation was the inability to assign compound specificity due to the non-specific nature of 

bioluminescence inhibition.  

Future work will build directly on complementary research conducted at the College of 

Chemical and Biological Engineering, Zhejiang University. The biosensors recently developed 

were to detect copper, lead, and cadmium in both live (whole-cell) and in vitro (cell-free) 

systems utilize a combination of plasmid construction, cell-based assays, and cell-free 

fluorescence detection platforms. These systems will be integrated into multiplexed test 

cartridges which will convert multiple toxicity signals to quantitative concentrations of 

contaminants. Furthermore, the cell-free biosensor systems provide a regulatory compliant, 

genetically modified organism (GMO) free alternative for jurisdictions that have restrictions 

on deploying microbes in the environment.  

The new ASSESSOR Android application will be a continuation of the Scentinel ability 

to embed geolocation into data storage, allow for data retrieval and historical results, and 

provide data sharing, will naturally evolve into a networked environmental monitoring system; 

future development will integrate the ASSESSOR and Scentinel into a single, multi-modal 
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platform for processing bioluminescent and colorimetric signals acquired during the same field 

session. Continuing expansion to include agro-industrial analytes (e.g., pesticide metabolites, 

mycotoxins, and antibiotic residues). Together, these advances establish a coherent, field-ready 

analytical ecosystem for sustainable water quality monitoring in direct service of 

environmental stewardship and global health security. 
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