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Abstract: Comprehensive biochemical analysis is an essential part of clinical diagnostics, 

pharmaceutical development, and biomedical research. The gold-standard technique for such analysis 

is spectrophotometry, which has demonstrated excellent reliability, quantitative accuracy, and broad 

biomolecular sensitivity. Commercial micro-volume spectrophotometers, which are instrumental to 

applications with limited sample volumes, are often restricted to well-equipped laboratories due to the 

high cost and portability limitations especially in resource-limited settings. To address this gap, we 

propose a proof-of-concept, 3D-printed micro-volume spectrophotometer that integrates precision 

optics, microfluidic sample handling (8–15 µL), combined with spectral reconstruction and machine 

learning-based concentration estimation algorithm in a compact and affordable format. Preliminary 

validation of the proposed system based on bovine serum albumin (BSA) protein quantification via 

Biuret assay demonstrates strong agreement with commercial spectrophotometers (R2 > 0.91). With a 

production cost of approximately $36 and rapid measurement, the architecture provides a framework 

that can be extended to other absorbance-based biochemical assays ensuring accessible 

spectrophotometric systems for point-of-care and resource-limited applications, overcoming 

traditional limits of cost, sample volume, and portability. 

Keywords: tiny ML; portable spectrophotometry; regression AI; embedded neural networks; point of 

care devices; optoelectronics 
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1. Introduction 

Spectroscopy is among the most common methods of analysis extensively used by the scientific 

community to measure the quantitative level of light-absorbing substances in a sample. This technique 

is naturally regulated by the Beer-Lambert law, which creates a linear correlation between absorbance, 

solute concentration and optical path lengths. 

The spectrophotometers designed for cuvettes require macro volume samples, as they use the 

standard 10 mm cuvette [1]. Common benchtop instruments (e.g., Thermo Scientific GENESYS 150 

UV-Vis Spectrophotometer and Jenway 73-series) generally use 1–3 mL sample volumes [2] which 

results in significant waste of valuable or scarce biological sample [3]. This aspect makes them unfit 

for use with precious or water-scarce biological samples. 

This has led to the creation of micro-volume spectrophotometers, such as NanoDrop by 

ThermoFisher, which has transformed the way samples are analyzed by utilizing microliter scale 

volumes as small as 0.5–2 µL [4]. These tools have great benefits, such as higher sensitivity, better 

efficiency while handling, and fast, non-destructive measurement, which is essential to the 

preservation of invaluable material in the realms of genomics and forensics [5]. 

The ability to scale downstream applications (such as PCR, quantitative PCR [qPCR] and next-

generation sequencing [NGS]) on minute quantities of DNA and RNA is particularly essential where 

original biological samples are limited, and conventional PCR technology is either prohibitively 

expensive or unavailable [6]. These limitations are typical in pharmaceutical applications, where non-

destructive concentration analysis of drugs may be performed using spectrophotometry, such as 

volume-sensitive assays, pediatric preparations, orphan drugs, and other micro-dose therapies. 

Likewise, micro-volume spectrophotometry is a key component of the current study, and protein 

quantification, a vital application of micro-volume spectrophotometry, required in a variety of 

biochemical and biotechnological research, such as enzyme assays, Western blotting, and drug-protein 

interaction studies [7]. 

In addition to micro-volume assessment, there is an increasing need to have portable and cost-

effective instrumentation that will allow on-site and field testing to be performed alongside real-time 

analysis for instant decision making with minimal logistical hassle and expenses involved in carrying 

samples to centralized labs. Recent improvements in handheld instruments like ThermoScientific 

Eutech and Hach DR1900 Portable Spectrophotometers have shown to be reliable in environmental 

and biochemical analysis in the field with little power consumption and reagent volumes [8]. Another 

example of the tendency of miniaturization is in the new smartphone-based optical systems [9,10]. 

These innovations contribute to the shift to resource-efficient, point-of-care analytical systems that are 

able to expand biochemical quantification beyond traditional, centralized laboratory systems. While 

these systems provide accurate and reproducible measurements, their cost and form factor restrict 

widespread adoption, motivating the development of low-cost alternatives in micro-volume 

spectrophotometry. 

Photodiodes or CMOS sensors are used in the commercially available spectrophotometers. 

CMOS provides compact, fast, and integrated solutions to miniaturized instruments. Light sources may 

be wide-spectrum with high brightness xenon and deuterium lamps that are usually expensive and 

prone to variations [11] or energy-saving, portable, and low-cost LEDs. Although LEDs might have a 

more limited wavelength range than more traditional sources, their intrinsic benefits allow them to be 

used in compact, field-deployable designs [12,13]. 
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This paper presents a proof-of-concept, microcontroller-based micro-volume spectrophotometer, 

which explores a framework to potentially fill the gap of an absolutely portable, inexpensive, and 

intelligent analytical instrument to provide real-time concentration estimates in a wide range of 

resource-limited settings. It is a low-cost, 8–15 µL device inspired by high-precision micro-volume 

spectrophotometers, like ThermoScientific NanoDrop, which are highly regarded in terms of 

functionality, but are prohibitively expensive. 

The SPPM 3.3 is optimized in its functionality by an optoelectronic design which includes a 

multi-wavelength illumination module, with simple light detection and several processing levels.    

It provides a compact, lightweight performance in a streamlined architecture housed in a 3D printed 

body [14,15]. Strong spectral reconstruction is achieved by using advanced interpolation methods like 

piecewise cubic Hermite interpolating polynomial (PCHIP), complemented with a case-specific 

lightweight neural network. These approaches highlight important trade-offs between cost and spectral 

coverage, underscoring the need for system-level optimization. The proposed spectrophotometer’s 

analytical performance is tested against a standard bovine serum albumin (BSA) test via the Biuret 

assay, a well-characterized and widely used protein estimation standard, with a commercial JENWAY 

6305 spectrophotometer, considered an industry standard with high scanning speed and reliable 

performance. The study is a step in democratizing portable analytical instrumentation, providing an 

extendable framework for cost-effective and portable, micro-volume analysis demonstrated with BSA 

protein quantification as a representative case study. 

2. Materials and methods 

This section details the hardware and software considerations in designing the system. The 

hardware consists of light sources, optical pathways, and a measuring platform brought to life with a 

rechargeable battery-operated luminous intensity sensor. The system algorithm is powered by an ARM 

processor with multiple carefully designed processing modes. 

2.1. System design 

The proof-of-concept system consists of a light source assembly including two LEDs for 

measurements in the UV and visible region (375 nm to 700 nm), a precise measurement platform for 

microfluidic handling, and a detection unit employing the TSL 2561 luminous intensity sensor [16,17]. 

A 3.5-inch OLED screen and push buttons allow interactive feedback and data visualization. The 

device is powered by a rechargeable 3.7V LiPo battery [17,18]. The entire system is housed in a 3D-

printed modular body, fabricated using polylactic acid (PLA) via fused deposition modeling (FDM). 

The overall workflow of the proposed micro-volume spectrophotometer (SPPM3.3) is illustrated in 

Figure 1. 
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Figure 1. System workflow diagram. 

The LED is being used as a reliable light source in the portable device [12,13] alongside 

conventional xenon, deuterium, and tungsten lamps due to its effective and consistent long-term light 

while maintaining a short warm-up time [12,19]. Its semi-chromatic character provides a narrow 

spectral range, reducing the need for monochromators; although parasitic spectral emissions are 

commonly observed, they can be reduced via filtration [12,19]. To minimize the influence of power 

supply noise and temperature fluctuations, the LEDs were powered at a constant voltage of 5V and 

switched only during measurement. 

Figure 2 illustrates the optical path for the micro-volume chamber of the device. The source emits 

light which is directed through a beam splitter with two inputs: the UV LED and the RGB module. 

The beam, falling at a 0° incidence angle is directed through a collimating lens, the sample placed 

between two glass slides, and a second collimating lens before reaching the detector. Glass was chosen 

to interact with the light because of its high UV-visible transmittance and good thermal and chemical 

resilience which is well illustrated in microfluidic and bio-sensing systems [20,21]. Collimating lenses 

ensure that focused light reaches the detector after signal losses customary to redirection by the optical 

splitter [20]. 

A meticulously calibrated measurement platform hosts 8–15 μL of sample and forms a sample 

column of approximately 2 mm above the detector to ensure maximum interaction with incident light. 

This column is created with the aid of springs on either side of the stage that recoil after glass slides 

make contact with the sample upon closure. The liquid’s surface tension ensures a stable meniscus 

between the slides that keeps the optical path intact and holds the volume of the sample in place during 

measurement. The optical setup and component placement is fixed with the enclosure geometry to 

maintain consistent alignment between the light source, sample region and detector. 

Technological advancements [12,19] have made CCDs and photodiodes a reliable choice for low-

cost analytical systems. These detectors are small, efficient, and offer a large linear range of response 

with low noise. The TSL 2561 sensor used in this system is based on two photodiodes and a 16-bit 

ADC offering a wide, non-selective, near-phototropic response in the 300 to 700 nm range [16]. The 

sensor, powered by a rechargeable 3.7 V LiPo battery, measures the intensity of incoming light and 

sends the data to an ARM processor for further processing. Similar to most available designs [18,22], 

the system algorithm assesses the absorbance of selected wavelengths and outputs their value based 

on the transmittance of light. 
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Figure 2. Optical Path assembly with light sources, beam splitter, lenses, sample chamber 

and detector. The glass slides maintain a 2 mm sample column via spring-loaded 

compression. 

2.2. System algorithms 

The system’s algorithm implements three distinct processing modes illustrated in Figure 3. The 

user may choose to obtain the absorbance value of any one of 4 available wavelengths in the direct 

absorbance mode or generate an absorbance spectrum using interpolation or a case-specific neural 

network, both based on measurements from four data points. Once selected, the algorithm generates 

appropriate prompts guiding the user through each step. 
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Figure 3. System algorithm detailing three distinct processing modes. 

In the direct absorbance mode, light intensity readings for each sample are used to calculate 

absorbance based on the Beer-Lambert law [23]. The relationship between absorbance, concentration 

and measured intensities is expressed by the following equation. 

A=ɛcl=log
10
(
P0

P
) (1) 

Here, A is the absorbance of the solution, ɛ is the molecular absorptivity, c is the concentration, 

and l is the path length, which is set to 2 mm in this device, otherwise 10mm in standard cuvette-based 

operations [24]. This device calculates absorbance using measured light intensities, where P0, is the 

magnitude of transmitted light through the reference, a blank consisting of distilled water, and P is the 

magnitude of transmitted light through the sample. 

The interpolated spectrum mode implements a PCHIP to reconstruct a continuous absorbance 

spectrum using absorbance at 4 known points computed using equation 1. A smooth, shape-preserving 
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curve is produced by calculating localized cubic Hermite polynomials that pass through each known 

pair of points while preserving monotonicity and controlling overshoots [25]. 13 absorbance values 

are obtained in the wavelength range 375 to 700 nm based on the algorithm proposed by Fritsch and 

Carlson (1980) [26], where interval slopes are computed by: 

δi=
y

i+1
-y

i

xi+1-xi

 (2) 

Where known absorbance values yi, yi+1 at wavelengths xi, xi+1 

Monotonicity-preserving formulas are used to derive pointwise derivatives, mi which are then used to 

interpolate absorbance at target wavelengths  x ∈ [xi,xi+1] using the Hermite cubic formula: 

H (t)= h00(t)yi
+h10(t)himi+h01(t)yi+1

+h11(t)himi+1 (3) 

Where t=
x-xi

xi+1-xi
 and h00, h01, h10, and h11 are Hermite basis functions. (4) 

Unlike traditional cubic spline or linear interpolation, PCHIP is specifically designed to preserve 

the shape and monotonicity of complex data, avoiding overshoots and unrealistic oscillations, resulting 

in smooth output curves close to reference curves [25]. 

A continuous absorbance spectrum is obtained using an embedded neural network, designed using 

tiny ML techniques [27,28]. Feedforward neural networks, particularly when trained using the 

Levenberg–Marquardt algorithm [29], have demonstrated strong capability in modeling nonlinear 

systems with high efficiency and precision. Small-scale NN architectures have proven their 

effectiveness in low-power, embedded TinyML implementations. In recent times, an increase in 

exploration of NN has been observed in spectrum prediction for spectroscopy [30,31]. 

This mode is specific to the quantification of BSA, with a feedforward neural network trained on 

a limited dataset of BSA concentration [32,33] measured via the biuret assay. This compact model was 

trained via the Marquardt algorithm [29,34] and exported to the ARM processor with its weights and 

biases. The neural network implementation is application-specific, and does not generalize beyond 

BSA quantification without re-training under assay-specific protocols. 

2.3. Machine learning model 

2.3.1. Dataset acquisition 

A stock solution of BSA protein was prepared at 1% (w/v), and serial dilutions were made using 

distilled water to obtain concentrations of 0.8%, 0.6%, 0.4%, 0.2%, and 0%. Each 2 mL sample was 

combined with 1 mL of Biuret reagent and mixed thoroughly to ensure homogeneity. Absorbance 

readings were recorded at multiple wavelengths across the UV-VIS range (375–700 nm, in 25 nm 

increments) using the JENWAY 6305 spectrophotometer, referred to as the Lab spectrophotometer in 

the coming sections. The resulting dataset comprised absorbance spectra for each concentration, 

forming a basis for supervised learning. 
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2.3.2. Neural network training 

This system employs a feedforward neural network to predict the full absorbance spectrum and 

estimate protein concentration from four key wavelength measurements. The network consisted of a 

single hidden layer with six neurons using the hyperbolic tangent sigmoid activation function, enabling 

efficient modeling of complex spectral patterns. The architecture of the proposed neural network is 

shown in Figure 4.The input includes absorbance values at 375 nm (UV), 475 nm (blue), 525 nm 

(green), and 625 nm (red). The network was trained to output 15 values: absorbance at 14 wavelengths 

(375–700 nm, in 25 nm steps) and the corresponding BSA concentration. 

Training was performed using the Levenberg–Marquardt algorithm [29,34] with a fixed random 

seed to ensure reproducibility [35]. To mitigate the risk of overfitting common to models trained on 

small datasets, a 5-fold cross-validation strategy was employed during development. After iterative 

training with subsets the average root mean square error (RMSE) across validation folds was found to 

be 0.028 indicating consistent predictive performance within the measured concentration range. 

Following cross-validation, the final deployed model was retrained using the full dataset to maximize 

performance within the defined domain. 

The deployed model contained 135 parameters with 24 input weights (4 inputs × 6 hidden 

neurons), 6 hidden biases, 90 output weights (15 outputs × 6 hidden neurons), and 15 output biases. 

Once trained, these parameters were extracted and converted into microcontroller-compatible arrays. 

The complete neural network was embedded as a lightweight function, enabling real time spectrum 

reconstruction and BSA concentration prediction directly on the microcontroller, facilitated by a  

mere 2KB of RAM. 

 

Figure 4. Structure of a single layer feed-forward neural network. 

3. Results and discussion 

The meticulous component selection ensured that only widely available, off the shelf components 

are used, along with additively manufactured structural parts for ease of replication in resource-

constrained areas. The total cost of all components comes to $35.79. This cost reflects prototype level 

procurement, summarized in Table 1. Compared to low-cost solutions in cuvette-based spectroscopy 

coming up to $50 [18,22] and above, with commercial micro-volume alternatives costing between 

$2000 to $10,000, the SPPM3.3 establishes itself as a cost-effective design. The fully assembled 

SPPM3.3 prototype is shown in Figure 5. 
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Table 1. Summarized bill of materials. 

Component Cost (USD) 

Light sources 0.25 

Optical path assembly 11.29 

TSL2561 luminous intensity sensor 2.14 

Microcontroller unit 2.32 

Power supply and regulation 2.21 

OLED display 1.25 

3D printing – enclosure 12.50 

Miscellaneous electronics 3.83 

Total 35.79 

 

Figure 5. Labelled diagram of fully assembled SPPM3.3 prototype. 

3.1. Absorbance trends and calibration 

The absorbance spectrum comparison between the reference (LAB) and prototype (SPPM 3.3) 

(Figure 6) shows that SPPM 3.3 closely follows the lab instrument’s trend, matching best in the blue 

range (475 nm). Minor deviations at 525 nm and 625 nm appear as expected artifacts, such as the lack 

of true monochromaticity, causing the occasional stray light effect in prototype optical        

systems [12,19,35]. The comparative analysis between the Lab and SPPM readings of BSA indicates 

good overall agreement on the basis of RMSE and R2 score discussed in the sections below. Potential 

causes of minor systematic bias observed in Bland-Altman analysis can be explained by signal losses 

in optical splitting, commonly noted in similar redirection efforts [20,21]. All comparisons illustrated 

in plots are performed against the JENWAY 6305, a cuvette-based laboratory spectrophotometer at 

representative BSA concentrations to evaluate overall trend fidelity. 
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Figure 6. Comparative absorbance spectrum between the reference (LAB) and SPPM3.3 

for a representative BSA sample. Absorbance values correspond to discrete wavelength 

measurements in the 375–700nm range, illustrating spectral trend agreement rather than 

absolute analytical equivalence. The numerical dataset used to generate this figure is 

provided in the Supplementary Material (Table S1). 

3.2. Interpolation accuracy 

The PCHIP-based spectral reconstruction follows the general reference spectrum, illustrating its 

shape-preserving characteristics, as illustrated in Figure 7. Overshoots are significantly mitigated while 

preserving the shape more closely in comparison to cubic spline interpolation [25]. It must be noted 

that the severe deflection towards the end of the graph, while significantly reduced by the PCHIP 

technique, influences overall results. This is due to the PCHIP technique’s reliance on gradients 

between data points for accurate calculations, as detailed in the system algorithm [26]. The boundary 

past 625 nm is left undefined, and therefore, values calculated in that range (650–700 nm) contain 

discrepancies. 

 

Figure 7. Comparison of cubic spline and PCHIP interpolation methods for spectral 

reconstruction using four discrete absorbance measurements (375, 475, 525, 625 nm) 

against reference spectrum. PCHIP interpolation demonstrates reduced overshoot behavior 

in unbounded conditions (>625 nm) compared to cubic spline interpolation. 
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The reconstructed absorbance spectrum generated using PCHIP interpolation and its comparison 

with the laboratory reference spectrum are illustrated in Figure 8. Error and R2 score calculations 

further fortify this observation. Deflection from the reference in Figure 8 was studied, and the last two 

readings at wavelengths 675 and 700nm were excluded from quantitative error metrics, as they lie 

outside the bounded interpolation region defined by the measured data points. This resulted in a 

decrease in RMSE from 0.087 to 0.032 AU with a significant increase in R2 score from 0.517 to 0.908 

for the lab readings, proving the reliability of the PCHIP interpolation technique within a bounded 

range. Similarly, for SPPM3.3 readings, the RMSE decreased from 0.077 to 0.037 AU while the R2 

score improves from 0.592 to 0.792. 

 

Figure 8. Reconstructed absorbance spectrum using PCHIP interpolation compared to the 

reference spectrum (LAB [measured]) for a representative BSA sample. Interpolated 

values spanning 375–625 nm using 4 discrete measurements (375, 475, 525, 625 nm). 

Deviation observed beyond 625 nm reflects unbounded extrapolation. The numerical 

dataset used to generate this figure is provided in the Supplementary Material (Table S2). 

Figure 9 presents an overlay Bland–Altman plot [36,37] comparing the calculated SPPM3.3 and 

laboratory absorbance values against the reference spectrum. The analysis shows an expected minor 

systematic bias of 0.0300 and 0.0156, respectively. While most points occur well within the limits of 

agreement (LOA) region, one point from the SPPM3.3 appears outside the 95% confidence interval. 

Together with the R2 score, the technique demonstrates acceptable agreement. A minor systematic 

over-estimation is observed, which is consistent with other LED-based spectrophotometers, [18,22] 

discussed previously. 
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Figure 9. Bland-Altman analysis comparing PCHIP-interpolated absorbance values from 

reference (Lab) and SPPM3.3 measurements. Dashed lines indicate 95% limits of 

agreement with data points within bounded interpolation range (375–650 nm). The 

numerical dataset used to generate this figure is provided in the Supplementary Material 

(Table S2). 

3.3. Neural network performance 

Figure 10 shows the reconstructed absorbance spectrum predicted by the neural network model 

compared with the laboratory-measured reference spectrum for a representative BSA sample. The 

neural network establishes its reliability with R2 scores of 0.982 and 0.909 for the Lab 

spectrophotometer and SPPM3.3, respectively. This shows a close reconstruction of the spectrum, 

which is predicted adequately by the SPPM curve in Figure 10. The network models longer 

wavelengths more smoothly, while hiccups are observed among shorter ones. The model has learnt the 

data considerably well, as demonstrated by the Lab curve with a small RMSE of 0.016 absorbance 

units. The SPPM3.3 curve, however, requires improvement. While the R2 score proves a general 

reliability, over and underestimates can be seen in the shorter wavelength region with an RMSE     

of 0.036 absorbance units. The curve modelling remains imperfect; however, the network successfully 

predicts accurate concentration values within the trained concentration range. 
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Figure 10. Reconstructed absorbance spectrum using feedforward neural network (6 

hidden neurons, hyperbolic tangent activation) trained on BSA calibration dataset is 

compared to reference spectrum (LAB [measured]) for a representative BSA sample. 

Predicted values span 375–700 nm using 4 discrete measurements (375, 475, 525, 625 nm) 

as input. The numerical dataset and machine learning specifications for this figure are 

provided in the Supplementary Material (Table S3 and S4). 

Figure 11 presents an overlay Bland-Altman [36,37] plot comparing neural network–predicted 

absorbance values from SPPM3.3 and laboratory measurements against the reference spectrum. The 

analysis shows a minor systematic bias of 0.0206 and 0.0004, respectively. While most points occur well 

within the LOA region, two points from the SPPM appear close to the LOA, with one outside of the 95% 

confidence interval, primarily at shorter wavelengths where LED spectral bandwidth and detector 

sensitivity impose higher uncertainty The points are spread on either side of the bias, not indicative of 

clear overfitting, the risk of which was mitigated by cross-fold validation during training (discussed 

previously in section 2.3.2). Overall, the technique demonstrates stable agreement within the evaluated 

operating range, in comparison with R2 scores and RMSE of neural network-based studies [30,31]. 
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Figure 11. Bland-Altman analysis comparing neural network-predicted absorbance values 

from reference (Lab) and SPPM3.3 measurements. Dashed lines indicate 95% limits of 

agreement across full reconstruction range (375–700 nm). The numerical dataset used to 

generate this figure is provided in the Supplementary Material (Table S3). 

3.4. Comparative analysis of processing techniques 

A quantitative comparison based on Table 2 concludes that the neural network achieves lower 

RMSE and higher R2 score than PCHIP based reconstruction for the evaluated dataset. This numerical 

difference is not interpreted as inherent superiority of one technique over the other due to fundamental 

differences in their sources of information and computational formulation. The two approaches are 

therefore considered complementary perspectives as their trade-offs are discussed further. 

The PCHIP interpolation method enforces local shape preservation and monotonicity between 

measured data points, resulting in smoother reconstructions within the bounded wavelength range 

defined by the inputs. In contrast, the neural network uses learned relationships from intermediate 

spectral values present in the training data, enabling reconstruction based on nonlinear trends which 

are not explicitly encoded in gradient-based interpolation. This distinction is particularly relevant near 

spectral boundaries and unbounded domains where interpolation is more sensitive to gradient behavior, 

while a data-driven approach depends on training data representativeness. 

Direct performance comparison with caution; however, a key takeaway is that both techniques 

would benefit from increased input data density through additional wavelength sampling or expanded 

training datasets while adhering to hardware and software limitations of portable low-cost devices, 

such as storage space and component restrictions [28]. The minor systematic bias that is observed in 

both techniques is common to LED-based spectrophotometers [18,22] and optical redirection   

setups [20] and therefore remain acceptable in light of comparable RMSE and R2 scores in studies 

involving more complex techniques and computation, such as recurrent and convolutional neural 

networks (RNN and CNN), [30,31] and cuvette-based LED spectrophotometers [18,22]. Future work 

will focus on extending this analysis across additional analytes and operating conditions to further 

characterize these trade-offs. 
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Table 2. RMSE and R2 values comparing PCHIP interpolation and neural network based 

spectral reconstruction of lab data vs SPPM for representative BSA samples. 

 Interpolation via PCHIP Prediction via neural network 

RMSE (LAB) (AU) 0.0322 0.0160 

RMSE (SPPM) (AU) 0.0484 0.0364 

R2 score (LAB) 0.9075 0.9823 

R2 score (SPPM) 0.7916 0.9089 

3.5. System level interpretation and validation scope 

The results presented in the previous sections reflect the performance of the SPPM 3.3 as an 

integrated spectrophotometric system, where optical configuration, enclosure geometry, sensing 

hardware, and signal processing jointly influence measurement outcomes. Reconstruction accuracy 

and observed biases are therefore interpreted in the context of the complete measurement pipeline 

instead of isolated properties of the processing algorithms. Measurement uncertainty arises from 

multiple optical and electronic sources, including LED spectral bandwidth [8], optical splitting  

losses [20,21], and detector sensitivity, which contribute to systematic bias and variance especially at 

shorter wavelengths where low photodiode efficiency results in lower signal to noise ratio. 

The optical layout and enclosure ensure fixed alignment between the light source, sample region, 

and detector while prioritizing controlled optical pathways within a compact form factor. The 

measurement chamber is enclosed for minimal ambient light interference, and the fixed optical 

assembly reduces alignment variability due to repeated handling. These design choices, inspired by 

other 3D-printed micro-fluidic devices [12,19,35] do not imply quantified repeatability or long-term 

robustness testing, but rather provide a framework for a structurally stable platform suitable for 

controlled, proof-of-concept evaluation. Minor systematic deviations observed in interpolation and 

neural network reconstruction are consistent with expected behavior in LED-based systems and light 

redirection systems, as reported in related low-cost spectrophotometric designs. 

Experimental evaluation was conducted using a well-established standard for protein 

quantification, BSA in the Biuret assay with standard calibration and control protocols, such as blank 

measurements with distilled water, controlled laboratory settings, and triplicate readings. The use of 

BSA provides a representative and interpretable test case for assessing absorbance trends, spectral 

reconstruction behavior, and concentration estimation in a micro-volume context. Furthermore, the test 

case allowed algorithm stability evaluation sufficient for preliminary validation of a proof-of-concept 

setup without exhaustive analytical characterization. Within this defined scope, performance metrics, 

including limit of detection and quantification, linear dynamic range and formal repeatability tests 

were not systematically characterized. However, the proposed system demonstrates meaningful 

agreement with reference cuvette-based spectrophotometer (JENWAY 6305). For a proof-of-concept 

device intended for preliminary screening and point-of-care applications in resource-limited settings, 

the observed agreement (R2 >0.9, systematic bias <0.03 AU) represents acceptable initial performance 

within the prototype scope. This supports its role as an extendable functional framework through 

appropriate calibration, assay-specific protocols, and model retraining. 



111 

AIMS Bioengineering  Volume 13, Issue 1, 96–114. 

Collectively, the presented results establish preliminary system-level validation of the proposed 

architecture. Direct comparative evaluation with commercial micro-volume systems, such as the 

ThermoScientific NanoDrop, represents the next step alongside pathways for extension, including 

increased wavelength sampling density, and robust, long-term stability and performance assessment 

under varied operating conditions. 

4. Conclusion 

This work presents a proof-of-concept, low-cost, micro-volume spectrophotometer exploring 

compact optical measurement and embedded spectral reconstruction under resource constraints. Using 

the BSA quantified via the Biuret assay as a representative standard for protein quantification, the 

system demonstrates consistent absorbance trend agreement with a laboratory cuvette-based 

spectrophotometer. Two complementary processing approaches were studied, a shape preserving 

PCHIP interpolation and a case-specific, lightweight neural network for reconstruction of absorbance 

spectra using limited absorbance measurements. This study focuses on highlighting the trade-offs 

between gradient based interpolation and data-driven, learning based predictions to provide an 

extendable framework for low-cost, micro-volume spectrophotometric systems prioritizing replication 

feasibility, efficiency, and portability. 

The validation results are modestly scoped to representative concentrations and a single assay 

reflecting the exploratory nature of the study. Future work will focus on extending wavelength 

sampling density, handling of viscous and more concentrated samples and direct comparison with 

established micro-volume spectrophotometers alongside expanded analyte studies and robust, long-

term validation. Collectively, this work establishes a flexible framework for portable, low-cost, micro-

volume spectroscopy that can be systematically extended and refined to improve accessibility to 

analytical instrumentation in resource-constrained environments. 
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