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Abstract: A noninvasive blood hemoglobin monitoring device was designed specifically for monitoring anemia and
polycythemia. Invasive techniques, which are painful and expensive, are commonly used to estimate blood hemoglobin
concentrations. This paper presents a noninvasive method for monitoring blood hemoglobin values. A photodiode and a
near-infrared (NIR) LED with a wavelength of 940 nm were used to construct a finger probe. At 940 nm wavelength
shows distinct variation between oxygenated and deoxygenated hemoglobin and single-wavelength systems
significantly reduce hardware complexity, cost, power consumption, and size. Use a continuous-wave NIR LED light
through the finger to check the sensitivity of different hemoglobin concentrations. A total of 100 patients participated in
our proposed device for evaluating noninvasive hemoglobin concentration. These participants collected both invasive
and noninvasive hemoglobin concentration values. The correlation coefficient between the predicted (noninvasive)
hemoglobin value and the reference (invasive) hemoglobin value was 0.9496, with a normalized root mean squared
error (NRMSE) of 0.6504 and a mean absolute percentage error (MAPE) of 0.0505. The noninvasive blood hemoglobin
level was classified using the k-nearest neighbour (kNN) classifier, and the proposed device accuracy was calculated at
90%. The Bland-Altman methodology evaluated differences between invasive and noninvasive blood hemoglobin
concentrations. The absolute mean difference was 0.1124 (95% confidence interval [CI] -0.01535 to 0.2401), with an
upper agreement limit of 1.374 (95% CI [1.153 - 1.595]) and a lower agreement limit of -1.149 (95% CI [-1.371 -
0.9282]).

Index Terms: Noninvasive, Bland-Altman method, NIR LED, Photodiode, Anemia, Polycythemia

1. Introduction

Blood hemoglobin (Hb) is frequently measured to diagnose anemia, proceed to more invasive testing, and
determine whether a blood transfusion is required [1, 2]. One of the most common laboratory tests performed after an
injury is hemoglobin measurement [3]. A clinical perspective supported by the measurement of blood hemoglobin level
is a significant assessment of pregnancy-related scenarios [4]. Anemia affects around 1.6 billion people, or about 30%
of the world's population, according to the World Health Organization (WHO) [5]. Anemia occurs when hemoglobin
levels in the blood are below the normal range, whereas polycythemia occurs when hemoglobin levels are above the
normal range [6, 7]. Anemia can be caused by various factors, including iron deficiency, acute and chronic
inflammation, nutritional insufficiencies, and the rate at which red blood cells are produced [8, 9]. Therefore,
hemoglobin (Hb) monitoring is frequently required in critically ill and disabled patients. Commonly, the hemoglobin
level in the blood is measured using invasive techniques such as needles or pricking to obtain blood from the human
body [10].

The invasive procedure is uncomfortable and expensive, with a risk of infection from pricking. Although accurate,
invasive measurement is time-consuming and may cause biohazard exposure [11]. On the other hand, noninvasive
hemoglobin monitoring is a relatively new addition to the significant increase in the number of point-of-care testing
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capabilities that enable real-time, quick, painless, and low-cost hemoglobin concentration monitoring [12, 13].
Frequently, hemoglobin monitoring presents distinct obstacles peculiar to the pediatric population compared to adult
hemoglobin monitoring, including anemia from frequent blood tests [14], difficulties with venous access, and decreased
patient participation with blood testing [15, 16]. Using a noninvasive hemoglobin concentration monitoring device
minimizes the need for additional medical tests [17]. The potential for a noninvasive device for detecting hemoglobin to
improve inpatient care is significant because it provides results faster and reduces exposure to potentially harmful
biohazards [18]. However, the noninvasive method necessitates careful supervision in the Intensive Care Unit (ICU)
and repeated diagnostic testing for hemoglobin measurement to monitor persisting hemorrhage [19]. These monitors
have been reported in detail in various clinical settings, including the intensive care unit and the hospital [20]. The
noninvasive method is still increasing in popularity, and many trauma and intensive care providers are using it.

Moreover, the noninvasive procedure is ideal for regularly monitoring hemoglobin concentration. Furthermore, the
noninvasive methodology has gained acceptance because it does not require blood for hemoglobin testing and poses no
danger of infection [21]. In addition, a noninvasive technique has been developed to measure blood hemoglobin
concentration for anemia and polycythemia patient monitoring [22, 23].

Table 1. The typical blood hemoglobin range for various ages, adolescence, and genders [24].

No. Age Normal range of hemoglobin (g/dL)
01 Newborns 17 to 22

02 One week of age 15t0 20

03 One month of age 11to 15

04 Children 11t013

05 Adult men 141018

06 Adult women 12t0 16

07 Men after middle age 12.4t014.9

08 Women after middle age 11.7t013.8

Table 2. Regulation of blood hemoglobin level.

Anemia The blood hemoglobin level is below the normal range.
Normal The normal hemoglobin range varies for adults, but males generally: 14 to 18 g/dL and
Females: 12 to 16 g/dL [25].
Polycythemia The blood hemoglobin level is above the normal range.

The remainder of the study article is organized as follows. First, the materials and methods are presented in Section
2. Then, in Section 3, 4, and 5, the planned work results, discussion and limitations are presented, respectively. Finally,
Section 6 proposed work has been concluded, including its limitations and future indications.

2. Materials & Methods

2.1. Principle of blood hemoglobin measurements

The Beer-Lambert Law is a mathematical equation used to calculate a subject's absorbance based on concentration
and tissue thickness. Fig.1 depicts the light absorption in tissue and the intensity of emitted light as a function of blood
hemoglobin concentration [26]. The total absorbance of a homogeneous solution can be described mathematically as
follows Equation (1).
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Fig. 1. Parameter estimation with the Beer-Lambert law [27, 28, 29].
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A=Y A =X xcxd=—log (i) 1
Where A is the total absorbance of the solution; | represent the reflected light intensity; I, denote the incident light
intensity; N is the number of attenuating species; ¢ is the molar concentration of the attenuating species (mol cm™1); €
is the molar absorption coefficient (L mol~*cm™1) and d is the object's distance from a light source to the photodetector.
The primary goal of our research is to determine the hemoglobin concentration without using any invasive
methods. Beyond determining (HbO2) oxygenated hemoglobin, (HHb) reduced hemoglobin and plasma hemoglobin for
obtaining (SvO2) venous blood oxygen saturation and (SaO2) arterial blood oxygen saturation [30]. Mathematical
calculations can be simplified, p,F the absorption coefficient of finger and p, scattering coefficient of a finger, (H)
Hematocrit volume of red blood cells; (v) normalized volume; the measuring volume is considered of tissue; vTissue
the volume of tissue, p,Tssu® absorption coefficient tissue and pgT'ssue scattering coefficient tissue. The measuring
volume is composed of arterial blood, vA8 the volume of arterial blood, 28 absorption coefficient arterial blood, and
usAB scattering coefficient arterial blood. The measuring volume comprises venous blood, vVE the volume of venous
blood, p,YB absorption coefficient venous blood, and p VB scattering coefficient venous blood. Although the
homogenous distribution of absorbers and scatterers is assumed by the Beer Lambert law, we recognize that the human
finger has substantial tissue heterogeneity. When interpreting data or expanding the model, this simplification — which
is typical in noninvasive optical sensing models — should be considered as it may lead to variations in measurement
accuracy [31]. Use the equations (2) to (6) for a human finger model.

HaF Q) = vAB 1 AP ) + vVBL VB () + [1 — (vAB + vVB) ], TS () 2
wAB () = HSa0, p, "2 (1) + H(1 — Sa0,) p, M () + (1 — H) p,Pasmad) ®)
e "B = HSVO, 1,92 (1) + H(1 — Sv0,) M () + (1 — H) p”esma () 4)

") = VBB Q) + vTissuey Tissue(q) ®)
KB Q) = 1B = 1P ) = f(H) ™) (6)

The blood volume shift in the finger tissue assumption that v® = vB(t), follows Equation (7).

AI(t I1(t+At)-I(t Apg(A) dI(t
__()_ (t) _ Apg(d) ()=A‘lla(ﬂ.) (7)

0w 1) I(t) dt

where R is the calculation factors of wavelength, I denote light intensity after interaction with the tissue. The extent of
the hemoglobin concentration in the blood determines the absorption light intensity. The amount of total hemoglobin
concentration in the blood determines the transmitted light intensity. Therefore, the amount of hemoglobin in the blood
affects the wavelength and penetration of light. The intensity of incident and transmitted light from our proposed
noninvasive hemoglobin sensor can be used to assess optical characteristics.

2.2. Dataset description and preprocessing

The acid hematin method quantifies blood hemoglobin invasively, also known as the Sahli's method. First,
hemoglobin is transformed into dark-colored acid hematin after blood is combined with an acid solution. After that, this
solution is diluted with water until the brown color matches Sahli's reference brown glass. The hemoglobin level is then
calculated using the scale on the reference brown glass [32]. Next, the patient's venous blood was taken, and the
hemoglobin value was determined using this blood. Fig. 2 depicts the invasive approach to measuring blood
hemoglobin concentration using Sahli's technique.

The proposed noninvasive hemoglobin testing equipment extracted noninvasive data from the finger. Fig.3 depicts
the noninvasive method for data collection. One hundred participants who had been affected by various diseases or
blood abnormalities took part in this experimental study. The average age of the patients who took part in the survey
was 22.5 #7 years discussed in Table 3. This study was conducted using MATLAB 2020a on a 64-bit Windows
operating system, an Intel Core i5 processor, and 4 GB of RAM. Participants were instructed to sit comfortably with
their hand resting on a stable surface. The NIR LED was positioned above the finger, and the photodiode was aligned
directly below it. Each recording session lasted exactly 10 seconds, controlled by the acquisition software, during which
the participant was asked to remain still to avoid motion-induced artifacts. Two to three repeated trials were conducted
per participant in a very short interval.
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Fig. 2. Hb comparator box with brown glass on either side and a tube with acid hematin solution in the center. The color of the solution is matched
with glass, and the concentration of Hb is read directly [33].

NIR LED
Light path —> | | |
| | | | <—Finger
Photodiode
Fig. 3. Schematic of the cross-section area of skin layers and sensor light path.
Table 3. Participant Demographic and Health Characteristics
Characteristic Value
Sample size 100 participants
Age (years), mean =SD 225+7.0
Gender distribution 52 males (52%), 48 females (48%)
BMI (kg/m3, mean =SD 234 £3.2
Cardiovascular/systemic conditions None reported

Participants exhibited a range of hemoglobin levels, including anemic,

Hematological status (by Hb level) normal, and polycythemia classifications based on clinical thresholds.

Ethnicity Not recorded (anonymized collection)
Recruitment method Convenience sampling (university and hospital settings)
Informed consent Obtained from all participants

2.3. Regression Analysis

The intensity of light passing through a finger emitted by a NIR LED is measured using a photodiode. The output
voltage of the photodiode is inversely proportional to the amount of light transmitted. The relationship between
noninvasive blood hemoglobin levels and the photodiode output voltage is shown in Fig.4. The goal was to create
noninvasive blood hemoglobin concentration measuring devices that could be utilized to collect 100 data points and
assess their blood hemoglobin levels. This noninvasive hemoglobin measuring device was used to determine blood
hemoglobin concentrations. Using regression analysis, construct a second-degree polynomial to measure noninvasive
blood hemoglobin concentration. Finally, we have our desired noninvasive hemoglobin level measuring the equation (8).

Curve fitting procedure applied second-degree polynomial for making design of noninvasive hemoglobin
measurement device. Tested both linear and higher order polynomial but second-degree polynomial better fit for higher
R Correlation coefficients) and lower NRMSE (Normalized Root Mean Squared Error).

y = —(4.00 x 1075)x2 — 0.020x + 18 ©)

Volume 17 (2025), Issue 6 63



Noninvasive Hemoglobin Monitoring Device for Disease Detection

Where, x = The output voltage of photodiode (mv) and y = Noninvasive blood hemoglobin concentration (g/dL).
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Fig. 4. The second-degree polynomial regression plot of hemoglobin (Hb) concentrations was measured by analyzing invasive collected blood
hemoglobin level data and noninvasive proposed device output voltage of a photodiode.

High correlation (r = 0.9496) shows strong agreement between the noninvasive prediction and actual (invasive)
measurements. This regression model is central to the device's operation, as it enables conversion from raw sensor data
to medically meaningful hemoglobin values.It justifies the device's 90% classification accuracy later shown in the
confusion matrix (Fig. 5). Figure 4 demonstrates the effectiveness of the noninvasive hemoglobin estimation algorithm,
showing that the photodiode voltage is a reliable predictor of hemoglobin concentration when modeled using a
quadratic equation.

2.4, Classification of Disease

The actual class (invasive method) and predicted class (noninvasive method) data classification of our proposed
device was done using the confusion matrix as shown in Table 4. The kNN is a supervised machine learning algorithm
that applies a nonparametric and basic technique to classify objects in the input space based on the nearest samples [34,
35]. The classification algorithm kNN (k = 3), the confusion matrix, is shown in Fig.5. Selected (k=3) after empirical
evaluation of range k (1 to 10) using measure the accuracy. Result is tuning process included and (k=3) provided the
best accuracy. The classification algorithm that appears to have the best performance is the KNN classifier, which
produces the best-observed result. The participants alarming conditions are based on an evaluation principle: the
patient's condition is classified as anemia, normal, and polycythemia based on hemoglobin concentration.

Table 4. Confusion matrix for Hemoglobin level classification.

Hemoglobin Predicted Class (Noninvasive)
level Anemia Normal Polycythemia
e Anemia a b c
= 8 g q Normal d e f
o= Polycythemia g h i

The equation was used to calculate classifier performance based on the proposed device measured value [36].

a+e+i
Accuracy = 9
y a+b+c+d+e+f+g+h+i ( )

Table 5. Diagnostic performance analysis of noninvasive hemoglobin measurement model.

Performance Measure Anemia (%) Normal (%) Polycythemia (%)
Sensitivity 96.9 75.0 85.7
Specificity 94.3 95.8 94.6

F1-Score 96.9 80.8 66.7
Positive Predictive Value (PPV) 96.9 87.5 54.5
Negative Predictive Value (NPV) 94.3 90.8 98.9
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According to the first column of the confusion matrix Fig.5, the anemia class achieved 96.9 percent precision with
a 3.1 percent false discovery rate shown in Table 5. Moreover, the normal type had an accuracy of 87.5 percent and a
false discovery rate of 12.5 percent. In contrast, the polycythemia class had an accuracy of 54.5 percent and a false
discovery rate of 45.5 percent, as seen in the second and third columns, respectively. On the other hand, the anemia
class obtained 96.9 percent precision with a 3.1 percent false discovery rate, as indicated by the top row of the
confusion matrix. Furthermore, the normal type had an accuracy of 75.0 percent with a false discovery rate of 25.0
percent. In comparison, the polycythemia class had an accuracy of 85.7 percent with a false discovery rate of 14.3
percent, as seen in the second and third rows, respectively. Therefore, the overall accuracy of our proposed noninvasive
blood hemoglobin testing system is 90%. The accuracy of this proposed device was calculated using Equation (9).

Confusion Matrix

63 2 0 96.9%
& 63.0% 2.0% 0.0% 3.1%
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Fig. 5. Confusion matrix of blood hemoglobin level classification using kNN algorithm.

2.5. Performance Evaluation by Bland-Altman Method

Fig. 6 of the paper presents a Bland—Altman [37, 38] plot to evaluate the agreement between invasive and
noninvasive hemoglobin (Hb) measurements, providing a robust statistical validation of the proposed device. The
methodology involves calculating the mean and difference of 100 paired measurements (invasive and noninvasive),
with the average difference (bias) found to be 0.1124 g/dL—indicating a minimal and clinically acceptable
overestimation by the noninvasive method. The 95% limits of agreement (LOA) [39, 40], ranging from -1.149 (-1.371
to -0.9282 g/dL) to +1.374 g/dL (1.153 to 1.595 g/dL), show that 95.67% of the data points lie within this interval,
affirming strong consistency between both techniques. This analysis demonstrates that the device's noninvasive
readings closely approximate traditional invasive results, with only 4.33% of observations falling outside the LOA. The
narrow confidence intervals for bias and LOA reflect low variability and high reliability, underscoring the sensor's
accuracy in practical use. Overall, the Bland—Altman evaluation strengthens the evidence that the proposed device can
serve as a valid, noninvasive alternative for monitoring hemoglobin levels in clinical and home settings.
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Fig. 6. The Bland Altman analysis for the whole-finger proposed model.
Table 6. Statistical Significance of Hemoglobin Levels Measured via Noninvasive and Invasive Techniques
One-Sample T-Test (Test Value=0)
Significance M 95% Confidence Interval of the difference
ean
Group t df One-Sided p Two-Sided p Difference
Noninvasive 39.15 99 <.001 <.001 11.09 10.53-11.65
Invasive 38.72 99 <.001 <.001 10.97 10.41-11.53

Table 6 in the paper presents the results of a one-sample t-test conducted separately on hemoglobin levels
measured by both the noninvasive and invasive methods, with the test value set to zero. The aim of this analysis was to
statistically verify whether the average hemoglobin concentrations obtained from each method are significantly
different from zero and thus within a physiologically valid range. The results show highly significant t-values for both
methods (noninvasive: t(99) = 39.15; invasive: t(99) = 38.72) with corresponding p-values < .001, indicating that the
measured means (11.09 g/dL for noninvasive and 10.97 g/dL for invasive) are indeed far from zero and statistically
significant. Additionally, the narrow 95% confidence intervals—10.53 to 11.65 g/dL for noninvasive and 10.41 to 11.53
g/dL for invasive demonstrate high precision and internal consistency in the measurements from both approaches.

The results further validate the accuracy and clinical relevance of the noninvasive device by confirming that its
measurements are not only statistically significant but also closely aligned with those of the established invasive method.
The minimal difference between the means (approximately 0.12 g/dL) supports earlier findings from regression and
Bland-Altman analyses, emphasizing the negligible bias and strong agreement between the two techniques. This
statistical evidence, derived from a well-powered sample of 100 participants, strengthens the conclusion that the
proposed noninvasive device provides reliable hemoglobin measurements suitable for diagnostic and monitoring
purposes, particularly in settings where quick, painless, and low-risk assessments are preferred.

2.6. Hardware Design

In typical medical applications, the visible and near-infrared (NIR) light wavelength range is 650 nm to 1350 nm
[41]. The optical tissue window refers to the wavelength range under consideration. The depth of light penetration in the
near-infrared region is greatly influenced by water molecules, which have strong absorption peaks around 940 nm. This
wavelength is used in our proposed device design. These wavelengths are commonly employed in tissue investigations
and have lower absorption and scattering than the visible wavelength [42]. Water cross-sections are well-known and
found in the HITRAN database [43]. From the line strengths provided in the HITRAN database, the absorption cross-
section of this band was calculated for a line width of 0.01 cm™1. Figure 7 in the paper illustrates two critical
components related to the optical behavior of water at the selected wavelength of 940 nm, which underpins the design
of the proposed noninvasive hemoglobin monitoring device. Part (a) presents the absorption cross-section of the 940 nm

66 Volume 17 (2025), Issue 6



Noninvasive Hemoglobin Monitoring Device for Disease Detection

water vapor absorption band, derived from the HITRAN2012 database. This plot highlights that water has a well-
characterized absorption profile in the near-infrared region, with relatively low absorption at 940 nm, making it a
favorable wavelength for penetrating biological tissues without significant signal loss. This absorption behavior is
crucial because human tissue contains a high percentage of water and selecting a wavelength where water absorption is
minimized ensures that the light can travel deeper into tissue, enabling more accurate hemoglobin detection based on its
specific absorption properties. Part (b) of Figure 7 displays the radiance emitted through an atmospheric column after
water absorption, demonstrating the total measured intensity of NIR light centered around 940 nm. This radiance data
provides insight into how much energy from the NIR LED reaches the detector after interacting with tissue components.
The stability and intensity of the transmitted signal at this wavelength confirm its suitability for optical sensing in
medical diagnostics. Together, these subfigures support the rationale behind the device’s hardware choice, particularly
the use of a 940 nm LED and a photodiode optimized for this spectral range. The combined analysis strengthens the
justification that this wavelength lies within the “optical window” of tissue, minimizing both absorption and scattering,
which enhances the signal-to-noise ratio and contributes to the device’s accuracy and sensitivity in noninvasively
estimating hemoglobin concentration.

Figure 8 of the paper provides a detailed visual and functional representation of the hardware architecture used in
the noninvasive hemoglobin measurement device. Subfigure 8(a) presents the block diagram outlining the core
components, including a 940 nm near-infrared (NIR) LED, a monolithic photodiode (OPT101), an Arduino Uno
(ATmega328P) microcontroller, a power supply, and an LCD display. The system is designed to emit NIR light through
a user's finger, where hemoglobin in the blood absorbs a portion of the light. The unabsorbed light is detected by the
photodiode, which converts it into a voltage signal. This signal is then processed by the Arduino to estimate the blood
hemoglobin concentration using a second-degree polynomial regression model. The modular design not only simplifies
the operation but also enables portability, making the device suitable for use in both clinical and remote settings.

Subfigure 8(b) focuses on the monolithic photodiode (OPT101), a critical component in the device’s sensing
mechanism. This integrated sensor includes both the photodiode and a trans-impedance amplifier on a single chip,
allowing it to produce a stable and amplified voltage output in response to light intensity. Its spectral sensitivity from
400 nm to 1100 nm ensures efficient detection of the 940 nm NIR light, which is specifically chosen for its deeper
tissue penetration and low interference from water absorption. This design decision is supported by the earlier Figure 7,
which establishes 940 nm as a biologically suitable wavelength for noninvasive sensing. Moreover, the photodiode is
enclosed in a black casing to minimize ambient light interference, enhancing signal accuracy and system robustness.

The overall hardware design depicted in Figure 8 demonstrates a well-integrated and thoughtfully engineered
system optimized for cost-efficiency, accuracy, and real-time application. Each component is carefully selected to fulfill
a specific function in the measurement pipeline—ensuring that the emitted NIR light interacts optimally with the tissue,
and that the resulting signal is reliably captured and processed. By using an Arduino microcontroller, the system allows
easy calibration, digital signal processing, and display of results, which is especially advantageous in low-resource
environments. The clarity and simplicity of this block diagram reinforce the practicality of the proposed solution and
highlight its potential for widespread adoption in point-of-care diagnostics, particularly for monitoring anemia and
polycythemia in both clinical and home-based settings.

Atmospheric HZO Column

0 25
3 1
=
E 20}
ke ® 08}
=45 -
§ 508/
g i
2 10| 2o04;
S ©
‘:’ ‘ ©
S 5¢ x 021
a
2 ‘ ‘
20 :
880 900 920 940 960 980 1000 920 930 940 950 960
Wavelength [nm] Wavelength [nm)]
(a) (b)

Fig. 7. (a) Absorption cross-section of the 940 nm water vapor absorption band The HITRAN2012 database provided the line strength data. (b) The
radiance is obtained in a conventional atmospheric column following absorption by water. The total measured intensity is provided by the integral of
the plot [45, 46].
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Fig. 8. (a) Block diagram of hardware components; (b) Monolithic photodiode 8-pin (OPT1010 Texas instruments).

2.7. Software Design

Fig. 9 of the paper presents a block diagram of the noninvasive hemoglobin concentration measurement system,
emphasizing the integration between hardware and software processes. This diagram outlines the logical sequence that
governs how raw optical signals are transformed into clinically meaningful hemoglobin values. The process begins with
the power supply activating the device, which then prompts the user to place their finger on the sensor. The near-
infrared (NIR) LED emits light that penetrates the fingertip, and the photodiode detects the transmitted light intensity,
which is affected by the concentration of hemoglobin in the blood. This intensity is converted into a voltage signal and
passed to the Arduino Uno microcontroller, where the processing and analysis begin.

The Arduino platform performs regression analysis using a second-degree polynomial model, previously calibrated
using paired invasive and noninvasive data. This mathematical model converts the photodiode’s output voltage into an
estimated hemoglobin concentration (g/dL). The software also includes a filtering stage to remove signal noise,
improving the accuracy and consistency of the results. After the hemoglobin value is computed, the system enters a
decision-making phase where it classifies the result into one of three categories: anemia, normal, or polycythemia,
based on standard clinical thresholds for males and females. This logical classification is essential for users to interpret
results quickly without needing further medical analysis.

Initialization

v

Photodiode measure the intensity of emitted light

Light intensity has an inverse relationship with output
voltage.

\ 4
Voltage to hemoglobin conversion

v

ADC sampling
v g Normal
Output (Blood :
hemoglobin level) > Anemia

| .

» Polycythemia

Fig. 9. Block diagram of noninvasive hemoglobin concentration measurement system.
Finally, the processed hemoglobin value and its corresponding diagnostic classification are displayed on an LCD

screen, completing the measurement cycle. The structure illustrated in Fig. 9 reflects a real-time, closed-loop
measurement and feedback system, where the output is immediately available to the user. This flow ensures that the
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entire process—from signal acquisition to diagnostic interpretation—is automated, fast, and noninvasive. The
thoughtful integration of sensor data processing, regression-based estimation, classification logic, and user interface
demonstrates the system’s robustness and usability, particularly for point-of-care and home-based monitoring. The
figure effectively communicates how software intelligence enhances the functionality of the hardware to deliver reliable,
user-friendly hemoglobin assessments.

Fig. 10 in the paper illustrates the software flow diagram of the proposed noninvasive hemoglobin concentration
measurement technique, providing a step-by-step overview of the system's internal logic and operation. The process
begins with powering on the device, at which point the system initializes and prompts the user to place their finger on
the sensor. Once the finger is properly positioned, the near-infrared (NIR) LED emits light, which passes through the
finger and is partially absorbed by hemoglobin in the blood. The photodiode then detects the transmitted light, and this
raw optical signal is converted into an analog voltage, which is passed to the Arduino microcontroller for processing.

Within the microcontroller, the software executes a regression analysis using a pre-calibrated second-degree
polynomial model to convert the photodiode voltage into an estimated hemoglobin concentration. To ensure data
integrity, a noise filtering algorithm is applied to eliminate motion artifacts or environmental interference. Following
this, the hemoglobin value is assessed through a conditional decision structure, where it is compared against clinical
reference thresholds for males and females. The software classifies the reading into one of three diagnostic categories:
anemia, normal, or polycythemia, based on gender-specific cutoff values (e.g., <14 g/dL for males or <12 g/dL for

females indicating anemia).

| Power supply connect to the device |

v
| Touch participant finger on the photodiode |

v
Photodiode measure the intensity of emitted
light
v
Photodiode convert light intensity to
voltage level

v
Remove noise
v
Used the equation convert voltage to
hemoglobin level

Male: Hb<14 No

Female: Hb<12

Male:14<Hb<18

Yes emale:12<Hb<16

No

Male: Hb>18
emale: Hb>16

Yes

Polycythemia
]

v
Display on LCD

Fig. 10. Software flow diagram of noninvasive hemoglobin concentration measurement technique.
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Once the classification is determined, the final hemoglobin value and its diagnostic category are displayed on the
LCD screen, providing the user with immediate and interpretable results. This streamlined software workflow, as
depicted in Figure 10, highlights the system’s ability to deliver real-time, automated, and clinically relevant feedback
without the need for invasive procedures. The clarity of the flow diagram emphasizes the device’s ease of use, low
operational complexity, and suitability for frequent self-monitoring, especially for patients managing chronic blood
disorders such as anemia or polycythemia. The well-structured logic ensures that the device not only measures
accurately but also assists in early detection and intervention.

3. Results

One hundred paired samples data from 100 patients were analyzed. Table 5 summarizes noninvasive and invasive
data (including mean, the standard deviation of the mean, median, mode, standard deviation, variance, Skewness,
standard deviation error of Skewness, Kurtosis, and standard deviation error of kurtosis, range, minimum, and
maximum). All parameter values are equal or relatively close to invasive and noninvasive methods hemoglobin
concentration.

The normalized root mean squared error (NRMSE), mean absolute percentage error (MAPE), and correlation
coefficient (R?) are calculated using invasive and noninvasive blood hemoglobin features [47].

N _ 2
NRMSE = /—Zm{““(z He(®) (10)

_ 1N |HRO-Hp(®
MAPE = -3, o (11)
RZ = 1 — SiziHRO-Hp(0)? 12

N {HR(O-Hrm(D)}?

Where MAPE = Mean Absolute Percentage Error; R? = Correlation coefficients; NRMSE = Normalized Root
Mean Squared Error; Hg(t) means as real hemoglobin value; Hp(t) represents the predicted hemoglobin value;
Hym(t) stands for the real mean hemoglobin value, and N represents the total sample number. Invasive blood
hemoglobin is expressed by the real hemoglobin value, while the predicted hemoglobin indicates noninvasive blood
hemoglobin. Using equations (10), (11), and (12), the noninvasive blood hemoglobin sensor calculated normalized root
mean squared error (NRMSE), MAPE, and correlation coefficient value are shown in Table 7.

Table 7. Modeling effect of noninvasive human hemoglobin concentration measuring.

Correlation coefficients (R?) NRMSE MAPE
0.9496 0.6504 0.0505

Table 8. Summary characteristics of the study participants.

Parameter Noninvasive Invasive

Number of Participants 100 100
Mean 11.12 11.01

SEM 0.28 0.29
Median 10.54 10.93

Mode 6.95 9.01

SD 2.84 291

Variance 8.08 8.47
Skewness 0.48 0.42

SES .24 .24

Kurtosis 2.14 2.19

SEK 48 48
Range 9.75 10.93
Minimum 6.95 6.45
Maximum 16.71 17.38

Abbreviations: SEM, Standard Error of Mean; SD, Standard Deviation; SES, Standard Error of
Skewness; SEK, Standard Error of Kurtosis.
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Table 9. Factors Influencing Noninvasive Hemoglobin Measurement Accuracy

Factor Condition Impact Observed Suggested Action
Finger Width Small, Medium, Large fingertip 42.1% variation in accuracy Consider tissue thickness;
widths calibrate across groups
Nail Polish (Red/Dark) Painted vs. Unpainted nails Mean error increased by 0.6 Avoid nail bed placement
g/dL
Dust/Contamination Dust applied to sensor SNR dropped ~12%,; error Clean sensor regularly
increased by 0.4 g/dL

Table 6 presents the results of a one-sample t-test performed on hemoglobin (Hb) levels measured by both the
invasive and noninvasive methods, with the test value set at zero. This statistical test was conducted to validate whether
the mean Hb values from each method are significantly different from zero and thereby confirm their physiological
relevance. The results show highly significant t-values for both methods (honinvasive: t(99) = 39.15; invasive: t(99) =
38.72), with p-values < 0.001 for both one-sided and two-sided tests. The mean difference for the noninvasive group
was 11.09 g/dL, and for the invasive group, 10.97 g/dL, indicating a very close approximation between the two
techniques. The narrow 95% confidence intervals (10.53-11.65 for noninvasive and 10.41-11.53 for invasive) confirm
strong internal consistency, further validating the accuracy and reliability of the noninvasive approach in estimating
hemoglobin levels.

Table 8 provides a detailed descriptive statistical comparison of hemoglobin concentration values obtained through
the two methods across 100 participants. Key parameters such as mean, standard deviation (SD), median, mode,
skewness, kurtosis, range, and standard error are reported for both datasets. The mean hemoglobin levels were 11.12
g/dL (noninvasive) and 11.01 g/dL (invasive), showing only a minor difference of 0.11 g/dL, which is well within
acceptable clinical limits. The standard deviations were also similar (2.84 for noninvasive vs. 2.91 for invasive),
indicating comparable data spread and variability. Other statistical parameters such as skewness (~0.4-0.48) and
kurtosis (~2.1) indicate that both distributions approximate a normal curve, further supporting the assumption of
normality required for the t-test. Overall, this table reinforces the finding that the noninvasive measurement technique
delivers results that are statistically and clinically consistent with the invasive gold standard.

Table 9 shifts focus to practical factors affecting the accuracy of noninvasive hemoglobin measurement. It
identifies and quantifies the impact of real-world variables such as finger width, nail polish, and dust/contamination on
the sensor's performance. For example, variations in finger width led to an accuracy deviation of #2.1%, indicating that
tissue thickness influences optical absorption and scattering. The presence of red or dark nail polish caused the mean
error to increase by 0.6 g/dL, likely due to interference with light transmission at the sensor site. Similarly, dust on the
sensor reduced the signal-to-noise ratio by 12%, increasing measurement error by 0.4 g/dL. These insights are crucial
because they highlight the environmental and user-related conditions that can degrade measurement reliability. The
table also provides corrective suggestions, such as calibrating for finger size and avoiding nail bed placement, which are
vital for improving device robustness in diverse user populations.

Together, these three tables provide a comprehensive view of the device's analytical performance, statistical
validity, and operational considerations. Table 7 establishes the statistical significance of measurements, Table 8
confirms the strong agreement between the two techniques through descriptive statistics, and Table 9 offers actionable
insights into minimizing user-induced variability. Collectively, they not only validate the clinical feasibility of the
proposed noninvasive hemoglobin monitoring system but also pave the way for real-world implementation by
addressing practical usage challenges. These findings strengthen the case for using the device in both healthcare settings
and home-based monitoring environments, especially for populations requiring frequent hemoglobin assessments.

4. Discussion

This research has the potential to create a noninvasive and quick method for detecting hemoglobin concentration
levels. The proposed method is mainly utilized for quick screening and frequent monitoring in the home of high-risk
patients with anemia and polycythemia. The complete measurement model developed to evaluate noninvasive
hemoglobin concentration utilizing single wavelength NIR LED was safe because of the low power emitted. In addition,
the finger was exposed for less than a minute when placed within the finger probe.

Anemia, standard, and polycythemia are the three classifications for blood hemoglobin concentration. Therefore,
the clinical adoption of noninvasive blood hemoglobin levels requires performance analysis. The characterization of
invasive and noninvasive blood hemoglobin levels generated the normalized root mean square, mean absolute
percentage error, and correlation coefficient values. In addition, the Bland-Altman method is used to calculate the
standard deviation and relative prediction error. The intensity of the light transmitted by NIR LEDs varies from person
to person. Therefore, there are some variances between the reference and the predicted hemoglobin concentration values.
In addition, there are some differences in hemoglobin concentration between the invasive and noninvasive methods.

Volume 17 (2025), Issue 6 71



Noninvasive Hemoglobin Monitoring Device for Disease Detection

18 T T

—O— Invasive method

—O—— Noninvasive method

>
T

—_
&~

Blood hemglobin level (g/dL)
S ¥

6 I | ! | | ! | \ |
0 10 20 30 40 50 60 70 80 90 100
Number of participants

Fig. 11. Variation in blood hemoglobin levels between invasive and noninvasive methods.

Figure 11 illustrates the variation in blood hemoglobin levels measured by invasive and noninvasive methods for
the same group of participants. This comparative line graph visually demonstrates how closely the noninvasive device
replicates the reference (invasive) measurements. Most of the plotted points exhibit near-parallel alignment, indicating
that the noninvasive method changes in hemoglobin concentration accurately and consistently across a broad range of
values. The differences between the two methods are minimal and do not show any systematic bias or skew across the
dataset, which further supports the device’s precision and reliability.

The visual trend in Figure 11 complements the quantitative findings from the Bland—Altman plot and regression
analysis presented earlier in the paper. It provides a clear and immediate understanding that the noninvasive method
neither consistently overestimates nor underestimates hemoglobin levels, which is crucial for clinical decision-making.
For example, if a noninvasive system consistently underestimated hemoglobin, it could lead to false diagnoses of
anemia; however, the parallel trends in Figure 11 confirm that such systematic error is not present in the proposed
design. This figure thus reinforces the credibility of the device and assures end users—whether clinicians or patients—
of its suitability for routine hemoglobin screening.

Table 10. Comparisons between this research work and other previous articles.

Reference Wavelength (nm) Body part Participants Performance
Nirupa et al [48] 624, 850 Finger 69 R? =0.866
Jeon et al [49] 600-1000 Finger 129 R? =0.804
Nguyen et al [50] 940 Finger 41 R? =0.27
Yietal [51] 600-1100 Finger 220 R? =0.8645 and RMSE= 8.48
Timm et al [52] 600-1400 Finger 1008 RMSE=0.95 and Precision=0.90
Ding et al [53] 600-1050 Finger 119 R? =0.94
Wang et al [54] 500-700, 1300 Fingertip 32 R? =0.62 and RMSE= 1.27
This research work 940 Finger 100 R? = 0.9496 and NRMSE= 0.6504

Table 10 offers a comparative performance analysis between the proposed noninvasive system and several
previously published studies in the field of noninvasive hemoglobin measurement. The table includes critical details
such as the wavelength range, body part used, sample size, and performance metrics (e.g., correlation coefficient,
RMSE) for each referenced study. The proposed system uses a single 940 nm NIR wavelength, a finger-based probe,
and a sample size of 100, yielding a correlation coefficient of 0.9496 and a normalized root mean square error (NRMSE)
of 0.6504. These metrics place it among the top-performing methods in comparison, outperforming or matching many
multi-wavelength and more complex systems.

For instance, while Nirupa et al. [48] and Yi et al. [51] used broader spectral ranges (600-1100 nm), their
correlation coefficients were lower (0.866 and 0.8645, respectively), and other studies like Nguyen et al. reported a
correlation as low as 0.27. Some methods achieved slightly higher precision, such as Timm et al., who reported a
precision of 0.90, but often with a much larger sample size (1008) or more complex hardware configurations. The
results in Table 9 emphasize that the proposed device offers an optimal trade-off between hardware simplicity, accuracy,
and cost-effectiveness, making it a strong candidate for deployment in low-resource settings or personal health
monitoring.

Taken together, Figure 11 and Table 9 provide both empirical and comparative validation of the proposed device.
Figure 11 confirms that the noninvasive measurements closely track the invasive reference values across a real-world
sample, while Table 10 positions the device favorably against existing state-of-the-art solutions. These elements
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collectively strengthen the argument that the proposed system is not only scientifically robust but also practically
superior in terms of accessibility, affordability, and ease of use. They highlight the device’s potential for widespread
adoption in public health screening, rural healthcare, and home-based diagnostics, especially for conditions like anemia
and polycythemia that require continuous monitoring.

5. Key Limitations

Some key limitations of these devices are explained below:

Physiological Variability: The accuracy of noninvasive hemoglobin measurement is affected by individual
anatomical differences, particularly finger width and tissue composition. Variability in tissue thickness alters light
absorption and scattering, potentially introducing systematic error in hemoglobin estimation.

External Interference: The presence of nail polish—especially dark or red shades—and environmental
contaminants such as dust can significantly distort optical measurements. These factors reduce signal quality by either
absorbing or scattering the emitted NIR light, thus compromising measurement accuracy.

Motion Artifacts and Finger Placement:

User-induced motion during data acquisition and improper finger alignment on the sensor can cause measurement
inconsistencies. Such disturbances interfere with stable light transmission and affect the reliability of the photodiode’s
voltage readings.

Assumption of Tissue Homogeneity: The system applies the Beer—Lambert law assuming uniform tissue optical
properties. However, the human finger exhibits inherent heterogeneity in tissue structure, blood distribution, and
scattering characteristics. This oversimplification may limit the model's generalizability across different user
populations.

Demographic and Physiological Scope: The study did not stratify results based on variables such as age, ethnicity,
hydration status, or skin pigmentation—all of which influence optical signal behavior. This restricts the device’s current
applicability across broader and more diverse populations.

Environmental Sensitivity: Variations in ambient lighting conditions were not comprehensively addressed.
Although the photodiode was shielded, future versions must further minimize ambient light interference to enhance
signal-to-noise ratio and stability under varied usage conditions.

Limited Biomarker Scope: The device focuses solely on total hemoglobin concentration. It does not currently
account for clinically relevant hemoglobin derivatives such as carboxyhemoglobin, methemoglobin, or glycated
hemoglobin (HbALc), limiting its diagnostic versatility.

6. Conclusion and Future Work

This study proposed and validated a cost-effective, noninvasive hemoglobin monitoring device based on a single-
wavelength near-infrared (NIR) LED (940 nm) and a photodiode sensor. The system demonstrated a strong correlation
(r = 0.9496) between noninvasive and invasive hemoglobin values, with a normalized root mean squared error (NRMSE)
of 0.6504 and a mean absolute percentage error (MAPE) of 0.0505. Classification using a k-nearest neighbor (KNN)
algorithm achieved an overall accuracy of 90%, while Bland—Altman analysis confirmed a narrow agreement interval
and minimal systematic bias. These findings establish the clinical relevance of the device for anemia and polycythemia
screening, particularly in resource-limited or home-based settings. The simplicity of the hardware design, leveraging the
optical window of biological tissue at 940nm, and the use of a second-degree polynomial regression model for
hemoglobin estimation further support the feasibility of real-time, noninvasive monitoring. Statistical validation and
comparative analysis with existing systems demonstrate the proposed device’s superior trade-off between accuracy,
usability, and affordability.

Despite its promising performance, several avenues exist for improvement. Future research will focus on
enhancing the system’s robustness across varying skin pigmentation, finger size, and age groups by developing adaptive
calibration algorithms. Additional work is needed to mitigate errors due to environmental contamination (e.g., dust, nail
polish) and motion artifacts through signal filtering and real-time feedback mechanisms. Furthermore, expanding the
system's capabilities to measure additional hemoglobin-related biomarkers—such as carboxyhemoglobin,
methemoglobin, and glycated hemoglobin (HbAlc)—is a key future direction. Integration with mobile health platforms
and cloud-based analytics may also enable longitudinal tracking and personalized diagnostics, making the device more
versatile for clinical and telehealth applications. Large-scale clinical trials across diverse demographic populations will
be necessary to generalize the findings and secure regulatory approval for widespread deployment.
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