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Abstract

Blood loss during surgery remains a critical concern, as maintaining appropriate Packed Cell Volume
(PCV) levels is essential for patient safety. However, challenges in blood preparation and compatibility,
due to varying blood types, often complicate timely and effective management. The aim of this study is
to demonstrate the potential of enhancing non-invasive blood loss measurement through real-time video
processing with machine learning integration. This was achieved by developing a non-invasive system
that estimates hemoglobin levels using real-time video recordings of participants' index fingers. The
system employs image processing techniques and machine learning algorithms to analyze color
variations correlated with blood characteristics. This approach effectively bridges a significant gap in
traditional blood loss measurement methods, which often lack accuracy, objectivity, or real-time
capabilities. Using video processing techniques and feature extraction methods, such as the Erythema
Index (EI) and Red Intensity (RI), alongside robust regression models, the system was able to achieved
high predictive accuracy (MAPE: 1.89%, R? 93.35%). The findings demonstrate that reliable
hemoglobin estimation can be achieved using simple video inputs, making this solution especially
valuable for resource-limited healthcare settings. It paves the way for broader clinical adoption of low-
cost, real-time monitoring tools that enhance patient safety during surgical and emergency procedures.

Keywords: Blood Loss Monitoring, Packed Cell Volume, Medical Machine Learning, Video
Processing, Hemoglobin Estimation

INTRODUCTION

Effective blood loss estimation is crucial in surgical and emergency care to maintain patient
safety and guide timely interventions. Precise and reliable assessment of blood volume loss
enables clinicians to initiate appropriate transfusion strategies, stabilize patient vitals, and
prevent complications associated with hypovolemia and hemorrhagic shock. Traditional
blood loss measurement methods, such as visual estimation and gravimetric techniques,
while frequently used, present substantial challenges in terms of accuracy, objectivity, and
feasibility in various clinical environments. Studies underscore the limitations of these
approaches, particularly visual estimation, which is often subjective and prone to significant
underestimation, thus jeopardizing patient safety (Townend and Byers, 2018; Tran et al., 2021).
Similarly, gravimetric methods, although more systematic, can be logistically demanding and
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are susceptible to error under conditions of dynamic fluid management or high-volume
irrigation (Jesus et al., 2015; Collins et al., 2013). In response to these limitations, researchers
have turned to innovative technologies to enhance blood loss measurement accuracy, most
notably computer vision and machine learning techniques. These technologies offer the
potential to automate and optimize blood loss assessment by leveraging advanced algorithms
that can detect and quantify blood volume in real time, providing clinicians with a reliable,
objective tool for patient monitoring (Phillips et al., 2020). For example, Miao et al. (2020)
highlight the application of computer vision in surgical settings, demonstrating its utility in
real-time tracking of blood volume on surgical sponges, gauze, and other materials. This
review positions computer vision as a promising approach to achieving real-time, non-
invasive blood loss measurement, capable of overcoming many of the inherent drawbacks of
traditional methods.

Existing computer vision-based blood loss measurement tools, such as the Triton system,
illustrate the potential benefits of this technology. The Triton system employs image
processing algorithms to estimate blood volume loss from images of blood-soaked surgical
materials, showing promising accuracy and feasibility across various surgical contexts
(Koniget al., 2018). In their study, Koniget al. 2018 evaluated Triton's effectiveness in real-time
intraoperative blood loss measurement, finding it to be a valuable tool for capturing
hemoglobin loss with precision. However, despite the advances these systems represent, they
are often limited by sample size and context-specific parameters, emphasizing the need for
adaptable solutions that are compatible with different clinical environments and patient
populations. Moreover, these systems can be prohibitively expensive, making them less
accessible for widespread use in resource-limited settings, a critical consideration in the
design of more universally applicable blood loss measurement systems (Yaroshenko et al.,
2022).

Blood loss measurement methods can also vary in effectiveness depending on the surgical
setting. In a systematic review of blood loss estimation techniques, Tran et al. (2021) noted that
visual estimation, though commonly practiced, tends to yield significantly lower estimates
than those obtained through formula-based or other objective techniques. This variability can
introduce a considerable margin of error, making visual estimation unreliable for high-stakes
situations where precise volume assessment is essential. Additionally, visual estimation lacks
reproducibility, a fundamental limitation that hinders its utility in complex surgeries or
trauma settings where real-time precision is essential. Yaroshenko et al. (2022) further
underscore the critical need for fast, accurate, and affordable blood loss measurement
methods, noting the technological gap that persists in meeting these demands across different
healthcare systems.

As an alternative, some studies have explored gravimetric techniques, which calculate blood
loss by weighing surgical sponges and gauze before and after use. While theoretically more
accurate than visual estimation, gravimetric techniques are labor-intensive and sensitive to
environmental factors, such as dilution effects from irrigation fluids, which can skew
measurements (Jesus et al., 2015). Collins et al. (2013) add that gravimetric methods can be
impractical in high-intensity surgical settings where quick and consistent data are required
for decision-making. Furthermore, gravimetric methods rely heavily on precise weighing
equipment and careful procedural adherence, constraints that can be difficult to maintain
consistently, particularly in emergency situations or resource-constrained environments.
Against this backdrop, there is a compelling need for advanced, real-time, and non-invasive
blood loss measurement systems that can provide objective, reproducible, and scalable
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solutions for diverse clinical applications. Computer vision and machine learning represent
promising solutions to address these needs. Recent studies have demonstrated the capacity of
machine learning algorithms to automatically identify and quantify blood volume from visual
inputs with high accuracy. For example, Bevilacquaet al. (2016) propose a non-invasive,
computer vision-based approach to assess hemoglobin concentration, showing strong
correlations between algorithm-derived estimates and actual hemoglobin values. This
technology opens new possibilities for automating blood loss estimation and reducing
dependence on manual techniques, which can introduce human error and variability.

Notably, studies by Feng et al. (2019), Poudel andShirvaikar (2010) provide valuable insight
into the optimization of computer vision algorithms for real-time applications on embedded
systems, a crucial consideration for deploying blood loss measurement tools in clinical
settings. Poudel and Shirvaikar (2010) emphasize the importance of benchmarking algorithm
performance on different processors to ensure that computational demands align with real-
time requirements. They also highlight that real-time processing must be optimized for speed
and accuracy, especially in high-stakes scenarios where latency could compromise patient
outcomes. This aspect of computer vision applications, while promising, presents challenges
related to hardware compatibility, algorithm efficiency, and generalizability across different
surgical environments. Moreover, the integration of artificial intelligence (Al) with real-time
image processing enables a higher degree of precision and adaptability in blood loss
measurement. Al algorithms, when trained on large, diverse datasets, can improve the
accuracy of computer vision systems by identifying and learning from patterns in complex
visual data. Miao et al. (2020) emphasize the potential of Al in enhancing blood loss
measurement accuracy, suggesting that machine learning models can distinguish between
different types of fluids (e.g., blood versus irrigation solutions) and accurately calculate blood
volume in various scenarios. Such advancements point to the potential of Al-driven systems
to outperform traditional methods by offering a standardized approach that is not subject to
individual clinician variability or environmental constraints.

The development of an affordable, accessible, and accurate blood loss measurement system is
especially critical in settings with limited resources, where traditional gravimetric or
technologically advanced methods may not be feasible. Systems that utilize readily available
hardware, such as mobile devices with integrated camera functions, could democratize access
to accurate blood loss measurement by reducing reliance on specialized equipment. Daabiss
(2009) demonstrated the feasibility of a visual comparative colorimetry technique, which uses
a colorimetric approach to estimate blood loss in operating rooms. Although simpler than Al-
based systems, this approach exemplifies the potential for cost-effective solutions that align
with universal healthcare needs. This study seeks to advance the field of blood loss
measurement by developing a non-invasive, real-time system that leverages video processing
and machine learning algorithms. By addressing the limitations of current methodologies, this
research aims to create a scalable solution that is adaptable to diverse clinical environments,
offering a reliable alternative to subjective or labor-intensive measurement techniques.
Building upon the foundation laid by previous studies, our system integrates computer vision
and Al to process and analyze real-time video inputs, providing continuous, accurate
estimations of blood volume loss. This approach not only improves the accuracy and
objectivity of blood loss measurement but also has the potential to be applied universally,
meeting the needs of healthcare providers in both high-resource and resource-limited settings.
By reducing dependency on manual or highly specialized techniques, our system seeks to
enhance patient care by enabling rapid, informed clinical decisions based on precise and
timely blood loss data.
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The proposed system contributes to the ongoing evolution of blood loss measurement
methodologies, combining advances in computer vision and machine learning with practical
considerations of clinical applicability. By implementing a real-time, non-invasive approach,
this study aims to bridge the technological gap in current practices, providing a reliable,
accessible solution that can be integrated across various healthcare settings. This research thus
represents a significant step forward in the pursuit of enhanced patient safety and outcome-
driven care in surgical and emergency settings.

MATERIALS AND METHODS

The proposed non-invasive blood loss measurement model utilizes the Object-Oriented
System Development Methodology (OOSDM), chosen for its strengths in modularity,
adaptability, and iterative development. Each component of the system functions as an
independent object, allowing focused development and testing of specific functionalities
before integration. The OOSDM phases —analysis, design, implementation, and testing—
provide a clear, structured approach, ensuring that each module reaches full functionality
before the next is activated. This modular and iterative design enables easier updates,
refinements, and adaptability to technological advancements, making it ideal for creating a
reliable and maintainable real-time measurement system.

Data Source

Data collection for this study involved digital video recordings of 15 participants, each with
recent, verified blood analysis results to allow comparison of hemoglobin concentration with
image-based indices. Participants represented diverse demographics, including varied ages,
sexes, and Fitzpatrick skin types, providing a comprehensive data set for training and
validating the blood loss estimation algorithm. All recordings were made using an Infinix Hot
10T mobile phone to ensure uniform quality, with the device’s flash set to "on" for consistent
illumination. A method similar to techniques employed in other optical health monitoring
studies (Bevilacqua et al., 2016). Each participant placed their right index finger over the
camera lens, and 30-second videos were recorded under controlled conditions. Informed
consent was obtained from all participants, ensuring confidentiality and ethical compliance.

Data Processing and Annotation

Post-recording, frames were systematically extracted from each video at regular intervals.
These frames underwent advanced image processing, incorporating color analysis to derive
indirect blood loss metrics like the Erythema Index (EI) and Red Index (RI). The methodology
builds on established color-based estimation techniques in clinical imaging (Bevilacqua et al.,
2016; Daabiss, 2009). Furthermore, each video frame was annotated with physiological data
(measured hemoglobin levels) to create a labeled dataset for algorithm training and
validation. This structured data collection and processing approach provided a solid
foundation for developing an accurate and robust blood loss estimation model.

System Analysis

In order to develop the System, it was crucial to conduct a detailed analysis of the existing
systems for postpartum hemorrhage (PPH) prediction and management. The current system
proposed by Ruphithaa and Kumarb (2021), employs deep learning techniques specifically a
convolutional neural network (CNN), to predict and manage PPH with an impressive 92%
accuracy. This system is built around several key components, beginning with the collection
and preprocessing of patient data to ensure consistency and reliability. The dataset is then
split into training and testing sets, enabling the CNN to learn PPH patterns effectively through
features such as confusion matrices, activation layers (e.g., ReLU, Tanh, Sigmoid), and
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performance metrics. The deep learning model's ability to distinguish between true positive,
true negative, false positive, and false negative outcomes ensures accurate predictions. Upon
identifying a potential case of PPH, the system immediately notifies healthcare providers for
prompt intervention, thereby reducing the risk of severe complications. While this system
marks a significant advancement in maternal healthcare, it remains limited by its reliance on
complex architectures and data-driven approaches that may not address the broader issue of
non-invasive and real-time blood loss measurement. The proposed system on the other hand,
aims to address these limitations by leveraging computer vision techniques and integrating
clinical correlations. It utilizes the relationship between hemoglobin concentration (Hb) and
packed cell volume (PCV), or hematocrit, as a basis for estimating blood loss. By adopting a
standard clinical conversion factor—wherein 1 g/dL of hemoglobin corresponds to
approximately 3% of packed cell volume in healthy adults, a factor accepted in hematological
studies (Daabiss, 2009). The system facilitates an efficient and straightforward method for
estimating PCV percentage from hemoglobin concentration. This innovation reduces the
dependency on specific materials and mitigates the subjectivity inherent in traditional blood
loss measurement methods. This analysis highlights the limitations of existing deep learning-
based systems while demonstrating the potential of integrating computer vision techniques
and clinical insights into a scalable, non-invasive, and real-time solution. It forms the basis for
the proposed system’s design, emphasizing accuracy, practicality, and user accessibility in
addressing maternal health challenges effectively.

Generated Data

To ensure the experiment's validity, a random sample of participants with valid analyses was
selected, enabling a comparison between recorded hemoglobin levels and erythema index
values derived from video processing. Video recordings were conducted using a consistent
protocol: the recording application was launched, the mobile phone flash was set to "on"
mode, and participants placed their right index finger fully over the camera lens. Each
recording lasted 30 seconds, and all videos were captured using the same device, the Infinix
Hot 10T.

Table 1: represent the sample analysis of recorded hemogblobin level of participants.
Table 1: Sample Analysis of Recorded Hemoglobin Level

S/n Individual Sex  Age Fitzpatrick Scale Hemoglobin Level
1 Person 1 M 25 Type Il 14,5
2 Person 2 F 24 Type III 12,5
3 Person 3 M 24 Type Il 14,9
4 Person 4 F 62 Type Il 12,6
5 Person 5 M 64 Type I 14,1
6 Person 6 F 61 Type III 13,6
7 Person 7 F 16 Type III 12,7
8 Person 8 F 96 Type III 11,7
9 Person 9 F 47 Type III 13,0
10 Person 10 M 26 Type Il 15,2
11 Person 11 M 30 Type III 12,6
12 Person 12 F 24 Type Il 12,4
13 Person 13 M 24 Type 111 16,1
14 Person 14 F 59 Type Il 14,5
15 Person 15 M 22 Type 111 15.7

The videos collected during the experiment were processed into individual frames, resized to
a maximum of 800 frames per video to minimize errors during data collection. This precaution
ensured consistency in calculated values, as even minor timing discrepancies could alter the
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results. Each frame was separated into its Red, Green, and Blue (RGB) channels, based on the
additive RGB model, which combines these primary colors to cover the visible spectrum.
Through this breakdown, the average red and green values were extracted to calculate the
Erythema Index (EI) using the formula:

ElI=(R-G)

This index was computed for each frame and linked to the participant's corresponding
hemoglobin level, where R and G are the average red and green channel intensities per frame,
respectively. This technique has been previously employed for quantifying skin redness or
vascularity in dermatological imaging (Bevilacqua et al., 2016)

A linear regression model was developed to explore the relationship between the EI
(independent variable) and hemoglobin levels (dependent variable). Given two statistical
variables X and Y, the Pearson correlation index is defined as their covariance divided by the
product of the standard deviations of the two variables, that is:

oxy
pxy =

oxay

Where oxy is the covariance and ox, oy are the two standard deviations.

The coefficient always takes values between -1 and 1:

In practice, various "types" of correlation are distinguished:

If pxy>0, the variables X and Y are said to be directly correlated, or positively correlated;
ifpxy =0, the variables X and Y are said to be uncorrelated;

ifpxy< 0, the variables X and Y are said to be inversely correlated, or negatively correlated.
Furthermore, for the direct correlation (and similarly for the inverse one) we distinguish:
ifpxy<0.3 there is weak correlation;

ifpxy<0.7 there is moderate correlation;

ifpxy>0.7 there is a strong correlation.

The coefficient of determination (R?) was computed to quantify the proportion of variance in
the dependent variable (hemoglobin levels) explained by the independent variable (EI). This
step, along with additional regression metrics, assessed model strength and predictive
validity, aligning with established bioinformatics and physiological signal analysis methods
(Poudel & Shirvaikar, 2010; Phillips et al., 2020). Regression analysis formalized the
relationship between EI and hemoglobin, while supplementary models such as Random
Forest Regression and Local Linear Regression —enhanced generalization and captured non-
linear trends. A scatter plot with the regression line was generated, and slope/intercept values
were extracted. The resulting model was then applied to estimate hemoglobin levels from new
video data, providing a robust linkage between video-derived indices and physiological
parameters.

The System

The proposed Blood Loss Evaluation and Post-Results System leverages computer vision to
address inaccuracies in traditional methods. As shown in Figure 3.2, it estimates Packed Cell
Volume (PCV) from hemoglobin concentration (Hb) using a clinical factor (1 g/dLHb ~ 3%
PCV).
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Key Components:

1. Video Capture Module: Records 30-second videos using an Infinix Hot 10T camera
to ensure consistent, high-quality data.

2. User Interface: Provides tools for video upload, visualization, and result display,
including hemoglobin and PCV estimates.

3. Preprocessing Module: Enhances video frames through noise reduction, contrast
adjustment, and feature extraction, focusing on Erythema Index (EI) and Red
Intensity (RI).

4. Predictive Models: Includes Linear Regression, Random Forest, and local regression
techniques to predict hemoglobin levels.

5. Evaluation: Validates models using metrics like R?, Mean Squared Error (MSE), and
Pearson Correlation.

Integration: Using Flask, the system ensures seamless interaction and accurate hemoglobin-
level predictions. This innovative system streamlines blood loss measurement, enhancing
accuracy and healthcare efficiency.

- B

Frontend
User Interface for video upload,

data visualization, and result display
- i

A

Video processinmq‘arocess_videos),

statistical modeling (linear regression,
random forest), and prediction algorithms (preditction_emo)

Figure 1: The Design Blue Print of the Proposed System

RESULTS AND DISCUSSION

Despite limited sample size, the proposed system demonstrated promising accuracy in
estimating hemoglobin levels from video-derived color features. Table 2 shows the calculated
Erythema Index (EI) values alongside corresponding hemoglobin levels for each participant,
excluding an outlier (Person 8) due to their advanced age, which could affect skin colorimetric
response.
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Table 2:Calculated Erythema index and Hemoglobin Value

S/N Individual Erythema Index Hemoglobin Value
1 Personl 196.10117389322875 14.5
2 Person2 180.02372418619768 125
3 Person3 176.52849576822894 14.9
4 Person4 131.76943532986118 12.6
5 Person5 157.72034331597223 14.1
6 Person6 132.84356701388893 13.6
7 Person?7 147.5868474361795 12.7
9 Person9 155.80778801716556 13.0
10 Person10 148.1133696614583 15.2
11 Person11 143.8177319824218 12.6
12 Person12 141.4577162873642 124
13 Person13 193.26621455078129 16.1
14 Personl4 153.16638746178648 14.5

Correlation Between Erythema Index and Hemoglobin Level

A moderate positive correlation was observed between EI and hemoglobin levels (r = 0.546).
The corresponding regression model yielded a slope of 0.031, implying that hemoglobin
increases by approximately 0.031 g/dL for every unit rise in EI. However, the coefficient of
determination (R? = 0.29) suggests that only 29% of the variability in hemoglobin can be
explained by EI alone, indicating room for improvement through additional features or more
sophisticated modeling. This finding aligns with studies such as Bevilacqua et al. (2016), who
also reported positive correlations between skin coloration features and blood parameters
using computer vision. The observed relationship supports the feasibility of using color-based
video inputs as a proxy for non-invasive hemoglobin estimation, especially in resource-
limited clinical settings.

Red Channel Intensity Model (One-Dimensional)

In order to refine prediction accuracy, a one-dimensional model using only the red color
channel was tested. The resulting correlation (r = 0.555) showed slight improvement over EI,
with an R? value of 0.31. This suggests the red channel may better capture physiological
variations related to hemoglobin, possibly due to hemoglobin's light absorption
characteristics in the red spectrum, as noted in Daabiss (2009). Still, the relatively low R? values
in both models highlight the limitation of relying solely on colorimetric features. Variability
introduced by lighting, skin pigmentation, and camera quality may partially account for this,
as Poudel and Shirvaikar (2010) emphasized the need for real-time optimization and
consistent imaging environments when using vision-based systems.
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Multidimensional Analysis

A series of multidimensional models were explored to understand how additional participant
features (age, sex, and skin tone) impacted prediction: Age showed no significant correlation
with hemoglobin levels in this dataset, though larger studies suggest age-related vascular
changes may eventually play a role. Sex showed a moderate distinction, with sex-specific
prediction models yielding improved performance — this is consistent with known clinical
ranges of PCV and hemoglobin across sexes (Daabiss, 2009). Skin tone (Fitzpatrick scale) did
not yield significant impact, possibly due to limited sample diversity. Bevilacqua et al. (2016)
and Miao et al. (2020) stress that skin pigmentation is a critical factor in optical diagnostics,
suggesting this warrants further study with a larger and more varied dataset.

Hemoglobin to PCV Conversion

The system applied a standard hematological conversion factor of 1 g/dL hemoglobin ~ 3%
PCV to estimate packed cell volume. This simplification is supported by clinical norms and
has been used in similar vision-based hemoglobin estimation models (Daabiss, 2009; Collins
et al., 2013). While this conversion is generally valid for healthy adults, individual variability
in hydration, disease states, or altitude may affect this relationship. Future iterations of the
system should consider integrating user-specific modifiers or calibration protocols to improve
accuracy.

3.5 Model Performance

As shown in Table 3, four regression models were evaluated:

Linear Regression: Achieved high R? (0.859) and low MSE (0.872), indicating strong data
fit. Parametric
Linear Regression: Moderate performance with lower R? (0.694) and higher MSE (1.110).
Local Linear Regression (k=3): Moderate R? (0.609) but higher MSE (1.330), better for
localized data. Random
Forest Regression: Balanced performance with R? = 0.725 and MSE = 1.012, capturing
complex data relationships effectively.

These results align with Miao et al. (2020), who reported that machine learning models,
particularly ensemble methods like Random Forests, perform well in clinical imaging

applications where complex interactions exist between visual and physiological data.

Table 3: Performance of the Output from different Models

S/N Model R2 Score MSE Hemoglobin Predicted PCV
Level (for EI=130)

1 Linear 0.859 0.872 13.159 39.478
Regression

2 Parametric 0.694 1.110 13.550 43.962
Linear
Regression

3 Local 0.609 1.330 14.567 43.700
Linear
Regression

4 Random 0.725 1.012 13.502 40.505
Forest
Regression

M. U. Osagie, M. Omoraro , DUJOPAS 11 (3a): 32-42, 2025 40



Enhancing Non-Invasive Blood Loss Measurement Through Real-Time Video Processing

Implications and Limitations

The findings validate the fact that hemoglobin can be estimated from smartphone video using
image-based indices and regression models. However, the small sample size, lack of external
validation, and limited demographic diversity restrict generalizability. Additionally, lighting
conditions, finger placement, and skin texture can introduce variance, as noted by Yaroshenko
et al. (2022). Despite these limitations, the study demonstrates the feasibility of low-cost, real-
time, non-invasive blood loss monitoring, especially in emergency or under-resourced
medical environments where traditional equipment is unavailable.

CONCLUSION

This study has successfully demonstrated the potential of enhancing non-invasive blood loss
measurement through real-time video processing and machine learning integration. By
developing a system capable of estimating hemoglobin levels from video recordings of
participants' index fingers, this research bridges significant gaps in traditional methods of
blood loss measurement. Using video processing techniques and feature extraction methods,
such as the Erythema Index (EI) and Red Intensity (RI), alongside robust regression models,
the system achieved high predictive accuracy (MAPE: 1.89%, R?: 93.35%). The integration of
machine learning techniques, including Linear Regression and Random Forest Regression,
established strong correlations between video-derived indices and hemoglobin
concentrations. The system's implementation as a user-friendly web application ensures real-
time processing and seamless integration into clinical settings. This innovation offers
healthcare professionals an accurate, reliable, and non-invasive tool for real-time hemoglobin
estimation, significantly improving diagnostic capabilities and patient outcomes. In
conclusion, this research highlights the transformative potential of combining video
processing and machine learning for blood loss measurement, paving the way for improved
clinical diagnostics and non-invasive healthcare solutions.
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