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Bloodstain in forensics: From visual inspections to Al-assisted pattern analysis
and age estimation

Abstract. Bloodstains have long served as critical evidence in forensic
investigations, providing insights into the timing and nature of violent crimes. This
article traces the historical evolution of bloodstain analysis, from early visual
inspection to the adoption of modern methods and technologies. Blood pattern analysis
has now advanced into a systematic science and incorporated artificial intelligence
technology, offering quantitative insights into the mechanisms of blood spatter. For
age estimation of bloodstains, DNA analysis extracts temporal changes in genetic
materials from degraded bloodstains. High-performance liquid chromatography
further complemented bloodstain investigations by quantifying biochemical markers
indicative of time since deposition. Spectroscopic methods, including Raman and
infrared spectroscopy, have identified specific molecular vibrations associated with
the temporal degradation of blood components, while optical techniques based on
photon reflection, absorption, and fluorescence provide alternative pathways for
estimating bloodstain age. Smartphone-based colorimetry has emerged as a cost-
effective and portable solution, tracking the visible progression of blood color from
bright red to dark brown over time. Moreover, hyperspectral imaging integrates
imaging and spectroscopy, allowing spatially resolved age estimation by analyzing
spectral data at the pixel level. This article highlights the historical progression and
technological advancements that have shaped bloodstain analysis in forensic
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discipline. By integrating modern instrumentation with artificial intelligence
technologies, the field continues to move closer to reliable on-site analysis. However,
challenges such as environmental variability, substrate effects, and standardization
remain. Continued research and validation are imperative to refine these methods and
establish standardized protocols for forensic applications. This historical and
technical overview underscores the transformative impact of interdisciplinary
innovation on the evolution of bloodstain analysis, bridging the gap between
laboratory research and practical forensic settings.

Keywords: bloodstain pattern analysis;, age estimation, spectroscopy,
hyperspectral imaging, smartphone colorimetry

Introduction.

Blood comprises approximately 45% of the solid components, i.e., platelets, white
blood cells, and red blood cells, suspended in plasma. Its physical properties, such as
density, viscosity, and surface tension, are governed by its composition. Upon leaving
the human body, blood notably undergoes coagulation and eventually drying. The
transformation into a dry stain on the substrate is often accompanied by crack
propagation. In forensic investigations, blood has long been regarded as vital evidence,
aiding in crime scene reconstruction and including or excluding suspects or victims
(Brodbeck, 2012; Das, Harshey, Nigam, Yadav, & Srivastava, 2020; Giulietti,
Discepolo, Castellini, & Martarelli, 2023; Seki, Hsiao, Ishizawa, Sugano, & Takahashi,
2024; Stojanovi¢, Stojanovic, Sorgié, & Cipev, 2020; Stotesbury, Cossette, Newell -
Bell, & Shafer, 2021).

The scientific blood detection in Figure 1 dates back to Ludwig Karol
Teichmann’s pioneering hemin crystal test in 1853 (Kerr & Mason 1926). The human
bloodstains were verified by shape of hemin crystals extracted from a specimen under
test. At the beginning of the 20th century, significant breakthroughs for forensic
applications included the discovery of blood groups based on different types of red
blood cells by Landsteiner (1901) and the introduction of the Kastle-Meyer test, which
identifies bloods by the reaction between phenolphthalein hydrogen peroxide in the
presence of hemoglobin (Glaister, 1926).

1853 1901 1903
@ >
Hemin crystal test Discovery of blood groups Kastle-Meyer test
By Ludwig Karol Teichmann By Karl Landsteiner By Joseph Hoeing Kastle and Oliver March

Shedd and modified by Erich Meyer

Figure 1. Significant milestones in the pioneering of blood detection methods
(Authors' source).

The detection of blood initially relied on visual inspection. At crime scenes, the
distinctive bright red blood and reddish-brown bloodstain are often visible, while
residual blood, even when attempts have been made to remove it, can be revealed using
Luminol sprays. Rudimentary chemical tests can distinguish blood from other reddish
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substances, also found at the place of crime (Edelman, Manti, van Ruth,
van Leeuwen, & Aalders, 2012a). In the laboratory, more advanced tests can verify
whether it is human blood and determine the blood group. Blood evidence’s physical
appearance is recorded in images and documents. For subsequent laboratory analysis,
liquid blood is typically collected using a syringe and stored in tubes with
anticoagulants. Alternatively, a fabric may be used to absorb blood. Dried blood
samples are collected using tape, cotton-tipped applicators, or scrape-off blades. To
prevent degradation, blood samples are refrigerated, and stained samples are dried
before storage. After collection and preservation, forensic analysis plays a crucial role
in extracting meaningful evidence. The introduction of forensic DNA analysis in the
1980s revolutionized criminal investigations, enabling precise identification of
individuals. Since the early 2000s, techniques such as Polymerase Chain Reaction
(PCR) and Short Tandem Repeat (STR) analysis have significantly expanded the use
of DNA profiling in forensic science, supported by databases like the UK’s National
DNA Database and the USA’s CODIS. More recently, advancements in artificial
intelligence (AI) have been leveraged to automate forensic DNA profiling, enhancing
efficiency and reducing human error.

Beyond blood detection, bloodstain pattern analysis and age estimation provide
deeper insights into crime scene reconstruction. The shape, size, and distribution of
bloodstains vary based on the nature of the incident, environmental conditions, and the
substrate on which they are found (Das, Harshey, Nigam, Yadav, & Srivastava, 2020).
For instance, analyzing bloodstains on porous fabric can be challenging, while outdoor
stains are often significantly altered by environmental factors. Early investigations
relied on visual inspection, categorizing stains as fresh, dry, or old based on their spatial
distribution. Accurately estimating bloodstain age is crucial for reconstructing crime
scenes (Weber & Lednev 2020). Various methods, including RNA degradation,
electron paramagnetic resonance (EPR), oxygen electrode analysis, and
chromatography, have been employed for precise age determination (Giulietti,
Discepolo, Castellini, & Martarelli, 2023; Seki, Hsiao, Ishizawa, Sugano, & Takahashi,
2024). These techniques reveal that blood undergoes chemical and physical changes
over time (Bremmer, Nadort, van Leeuwen, van Gemert, & Aalders, 2011; Cadd, Li,
Beveridge, O’Hare, & Islam, 2018). However, despite their high accuracy, they require
extensive sample preparation and time-consuming laboratory analysis (Li, Beveridge,
O’Hare, & Islam, 2013). As alternatives, spectroscopic and colorimetric methods have
gained prominence in bloodstain analysis. These non-contact methods allow for rapid,
in-situ examination, making them highly valuable for forensic investigations
(Bremmer, Nadort, van Leeuwen, van Gemert, & Aalders, 2011; Weber & Lednev
2020).

The purpose of this article is to trace the evolution of bloodstain analysis, from its
early foundations to the emergence of artificial intelligence (Al)-assisted techniques
for reliable on-site forensic investigations. By bridging laboratory research with
practical forensic applications, this interdisciplinary review highlights key
advancements shaping the field. The methodology for collecting and reviewing
relevant literature are described in the next section. Section 3 examines the historical
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development and forensic importance of bloodstain pattern analysis. Section 4
examines key advancements in laboratory-based bloodstain age estimation techniques.
Meanwhile, portable spectroscopic and colorimetric methods have emerged as
promising tools for on-site applications. Section 5 focuses on portable optical and
vibrational spectroscopy, colorimetry, and hyperspectral imaging, highlighting their
recent advancements and ongoing developments in on-site bloodstain age estimation
methodologies. Finally, Section 6 summarizes the discussed methodologies and
provides an outlook on Al integration in forensic bloodstain analysis.

Methodology.

To investigate the historical development and current state of bloodstain pattern
analysis and age estimation, a bibliometric analysis was conducted. A search was
performed in the Scopus database using key terms: “bloodstain,” “blood pattern
analysis,” and “blood age estimation.” This search aimed to evaluate the dynamics of
the scientific community’s interest and the evolution of research trends in various
aspects of forensic bloodstain analysis. After excluding irrelevant publications, 64
research articles were categorized into two main groups: bloodstain pattern analysis
(Section 3) and bloodstain age estimation. The latter was further divided into
laboratory-based methods (Section 4) and on-site spectroscopy and colorimetry
(Section 5). Additionally, key references outside the Scopus database (e.g., books,
websites) were cited for their relevance to the Scopus-indexed articles. The literature
review placed particular emphasis on the advancing roles of smartphone colorimetry,
hyperspectral imaging, and emerging Al-assisted methods in forensic investigations.
The integration of these technologies was analyzed to provide a comprehensive
overview of past developments, current challenges, and potential future directions in

the field.

Bloodstain Pattern Analysis.

Bloodstain pattern analysis involves examining the shapes, sizes, orientations,
locations, and distribution of blood residues at a crime investigation to reconstruct the
physical occurrences that could have taken place (Bergman, Kloden, DreBler, &
Labudde, 2022; James, Kish, & Sutton, 2005; Zou & Stern, 2022). As shown in
Figure 2, the first systematic approach was pioneered by Piotrowski (1895), where he
explored the influence of various forces on the formation and distribution of
bloodstains. Another landmark study was bloodstain trajectory analysis by Balthazard,
Piedelievre, DeSoille, & DeRobert (1939). Bloodstain pattern analysis began to gain
prominence in the 1950s, with the expert testimony of Paul L. Kirk on bloodstains
being accepted as evidence in a US court for the first time in 1957
(EngagedScholarship @ Cleveland State University, 2024). The widespread adoption
of these techniques was championed by Herbert Leon MacDonell, who wrote the book
(MacDonell, 1972) and organized the first formal bloodstain training course in 1973.
In 1983, a group of bloodstain analysts established the International Association of
Bloodstain Pattern Analysts to further advance the field (International Association of
Bloodstain Pattern Analysts, 2024). Over time, the technique has evolved into an
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essential forensic tool, though its accuracy and reliability have been under more
scrutiny in the last decade (Smith, 2018).

1895 1939 1957 /\1972-1973 1983
@ >
&
Publication Bloodstain trajectory Expert Textbook and the first Foundation of the
by Eduard analysis testimony of  [formal bloodstain training International Association
Piotrowski by Victor Balthazard Paul L. Kirk in course by Herbert Leon of Bloodstain Pattern
a US court MacDonell Analysts

Figure 2. Significant milestones in the pioneering of bloodstain pattern analysis
(Authors' source).

Bloodstains are typically classified into three groups, namely passive patterns,
spatter patterns, and altered patterns (Singh, Gupta, & Rathi, 2021). Passive patterns
are created by gravity and include blood pools, drip stains, flow stains, and serum stains
(Singh, Gupta, & Rathi, 2021). Drip stains form as blood falls undisturbed, often taking
a spherical shape unless affected by external forces. Depending on the angle of impact,
these stains may appear as circular drops or elongated marks (SWGSTAIN, 2009).
Spatter patterns consist of small, elliptical, or circular bloodstains created when blood
1s forcefully ejected, such as when a victim is struck by a hard object (James, Kish, &
Sutton, 2005; Rough, Batchelor, Green, & Bainbridge-Smith, 2024). These patterns
provide vital details regarding direction, velocity, and impact’s origin. Altered patterns
arise when bloodstains undergo physical or environmental changes, including
diffusion, dilution, insect activity, or physical actions such as smearing (James, Kish, &
Sutton, 2005). These patterns can obscure or modify the original blood evidence,
complicating forensic interpretation.

Bloodstain patterns dispersed throughout a crime scene can be instrumental in
event reconstruction, providing investigators with a comprehensive understanding of
the events leading to the bloodshed. By systematically distinguishing and analyzing
bloodstain patterns, forensic experts can identify informative features that shed light
on the sequence of events (Comiskey, Yarin, Kim, & Attinger, 2016; James, Kish, &
Sutton, 2005; Latham, 2024). Blood pattern analysis has been extensively applied to
criminal investigations, leveraging common features such as stain morphology and
pattern characteristics to uncover critical insights (Rough, 2024). For instance, a study
of UK case files from 2012 to 2020 revealed prevalent attack techniques, weapons
used, and the frequency of various bloodstain pattern classifications (Home, Norman,
Palmer, Field, & Williams, 2022).

Blood pattern analysis methods commonly rely heavily on practical training
acquired through workshops, trial-and-error approaches, and practitioner experience.
However, empirical research has contributed significantly to refining and
understanding the principles behind bloodstain pattern formation. For example, de
Bruin, Stoel, and Limborgh (201 1) highlighted the importance of larger, elliptical drops
when determining the area of origin of bloodstains. Similarly, Comiskey, Yarin, Kim,
and Attinger (2016) used a blood-soaked sponge to simulate back-spatter formation,
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accounting for factors such as air drag and gravity in their analysis of blood velocities.
In another study, Singh, Gupta, and Rathi, (2021) utilized artificial bloodstains made
with Awlata, an Indian dye, to investigate the correlations between stain properties and
blood drop height. Their findings demonstrated that spine formation was inversely
proportional to the height of the falling blood, while the distance of satellite stains
increased with the drop height.

The classification of bloodstains often relies on grouping samples based on their
morphological features. Statistical approaches, such as the likelihood ratio method,
play a crucial role in quantifying how much more likely observed data is to support
one hypothesis over another. For example, Hook, Fieldhouse, Flatman-Fairs, and
Williams (2024) reviewed ten classification techniques from 14 sources to
systematically classify bloodstain patterns. Zou and Stern (2022) utilized a bivariate
Gaussian model to estimate the feature distributions under particular hypotheses and
applied the likelihood ratio to distinguish between impact and gunshot patterns. In
subsequent research, Zou and Stern (2025) proposed a semi-projected normal
distribution mixture model to describe bloodstain patterns. This model outperformed
the semi-wrapped Gaussian model in clustering synthetic data, highlighting its
potential for more accurate classification.

With emerging Al technologies, machine learning and deep learning can enhance
classification accuracy, decrease human subjectivity in bloodstain analysis, and
minimize computation time, all of which would allow for high-throughput analysis.
For instance, Jung, Jo, Ahn, Jeong, and Lim (2024) explored the use of machine
learning frameworks, such as Convolutional Neural Networks (CNNs), Decision
Trees, and Random Forests, to classify bloodstain patterns. Their findings
demonstrated that the CNN Inception v3 model could automatically classify drip stains
and blood spatters, significantly accelerating investigative processes (Bergman et al.,
2022). Similarly, Rough, Batchelor, Green, and Bainbridge-Smith (2024) employed
computer vision techniques to detect bloodstains in digital images on plain
backgrounds, underscoring the potential of automated approaches in forensic
investigations. This automated bloodstain pattern analysis represents a valuable tool
for analysts and researchers exploring quantitative methods. Furthermore, integrating
blood pattern analysis with the 3D imaging and characterization techniques discussed
in subsequent sections offers immense potential for on-site investigations. Such
interdisciplinary efforts promise to enhance bloodstain analysis’s accuracy, precision,
and interpretability, further advancing its forensic applications.

Laboratory-Based Bloodstain Age Estimation.

After exiting the human body, blood undergoes a series of distinct physical and
chemical transformations over time, driven by the degradation of DNA, RNA, proteins,
and other biomolecules. These temporal changes are critical in forensic investigations,
providing clues about the time since blood deposition. Initially, fresh blood appears
bright red due to the presence of oxygenated hemoglobin (oxy-hemoglobin), which
reflects red light. The oxidation of hemoglobin causes methemoglobin to develop over
time, giving bloodstains a darker brown color. Eventually, hemoglobin is further
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degraded into hemichrome, contributing to a dark brown to black coloration. These
changes are primarily driven by chemical reactions with oxygen in the air and the
breakdown of hemoglobin derivatives.

Forensic scientists leverage these biochemical changes to approximate the time
since blood deposition, a key factor in reconstructing timelines, identifying suspects,
or ruling out individuals in violent crimes. Achieving precise measurements of
bloodstain age in real-world scenarios is challenging due to the influence of numerous
environmental variables, including light exposure, temperature, humidity, microbial
activity, contamination, the kind of substrate the blood is deposited, and the
bloodstain’s thickness. These factors can accelerate or delay the degradation processes,
introducing variability in the interpretation of results. Bloodstain age estimation has
been the subject of significant research since 1907 (Das, Harshey, Nigam, Yadav, &
Srivastava, 2020). Since the beginning of the last decade of the twentieth century,
several researchers have been studying the effects of time on the aging of different
pieces of evidence to ascertain the exact or relative time of their occurrence. Despite
the importance of bloodstain age estimation, due to these complexities, no single
method has been universally adopted for routine use in crime scene investigations.

Since 2020, forensic analyses of bloodstains have increasingly focused on
molecular biology techniques, with DNA and RNA analysis at the forefront. DNA -
based methods have been used to examine changes in specific sequences (He et al.,
2022; Yang et al., 2023), while RN A-based approaches have explored messenger RNA
(mRNA) and microRNA (miRNA) degradation as indicators of bloodstain age. For
example, RNA degradation rates can ascertain the estimated period since deposition,
as RNA is less stable than DNA and degrades at a predictable rate under specific
conditions (Elliott, Stotesbury, & Shafer, 2022; Fang et al., 2020; Heneghan, Fu,
Pritchard, Payton, & Allen, 2021; Manasatienkij & Nimnual, 2021; Wei, Wang, Wang,
Cong, & Li, 2022).

Other biochemical techniques focus on studying hemoglobin and protein
modifications. High-performance liquid chromatography (HPLC) has been used to
measure levels of hemoglobin Alc, a form of hemoglobin that undergoes glycation, as
a function of time (Acar et al.,, 2020). Liquid chromatography-tandem mass
spectrometry (LC-MS/MS) has made it possible to identify specific protein
modifications, such as oxidation, deamidation, and glycation, which provide valuable
indicators for bloodstain age estimation (Heo et al., 2022; Kim et al., 2022; Lee, Lee,
Kwon, Lee, & Kang, 2022; Schneider, Roschitzki, Grossmann, Kraemer, & Steuer,
2022; Schneider, Kraemer, & Steuer, 2023).

Morphological and mechanical changes in red blood cells over time have also
been investigated using advanced imaging techniques. Atomic Force Microscopy
(AFM) has been employed to monitor the elasticity and surface morphology of red
blood cells as they age, revealing distinct degradation patterns (Cavalcanti & Silva,
2019; Strasser et al., 2007). Scanning Electrochemical Microscopy (SECM), a
technique that maps the electrochemical activity of bloodstains, was employed by Tian,
Chen, Ma, and Zhang (2022) to track changes in cell membranes and protein
interactions over time.
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While these laboratory-based methods provide high precision and detailed
insights, they are often impractical for on-site forensic investigations. The reliance on
sophisticated instruments, chemical reagents, and trained specialists makes these
methods  time-intensive  and  resource-heavy  (Seki, Hsiao, Ishizawa,
Sugano, &Takahashi, 2024). Furthermore, the need for controlled conditions in
laboratory environments limits their applicability in real-world crime scenes. Mobile
DNA labs have been developed since the 2010s to enable rapid on-site analysis,
particularly in mass disaster scenarios. However, high equipment maintenance and
operational costs remain significant drawbacks. Concerns also persist regarding their
accuracy and the risk of contamination compared to traditional lab-based methods,
raising questions about their scientific rigor and reliability for use in court. As a result,
the field has seen a growing interest in portable spectroscopic and colorimetric
techniques to close the gap between laboratory precision and practical usability in on-
site investigations.

On-Site Bloodstain Age Estimation.

Modern spectroscopic and colorimetric techniques offer the capability to estimate
bloodstain age with compact instrumentation (Figure 3). The absorption and reflection
of electromagnetic waves at specific wavelengths by the hemoglobin derivatives
provide the basis for spectroscopic and colorimetric analyses of bloodstains (Bremmer,
Nadort, van Leeuwen, van Gemert, & Aalders, 2011; Bremmer, de Bruin, van Gemert,
van Leeuwen, & Aalders, 2012). By measuring the spectral properties of bloodstains
in the laboratory, researchers can estimate their age, as the progression of hemoglobin
degradation follows a predictable timeline under controlled conditions. However, the
practical application of such methods is often limited due to the variability introduced
by external factors. Despite challenges posed by environmental factors, substrate
variability, and measurement conditions (Zadora & Menzyk, 2018), substantial
progress in on-site analysis has been made to mitigate these limitations.

1960s 1970s 1990s 2010s 2020s
o >
Establishment Ayssltiseiiion 6 Introduction of On-site bloodstain Advancements in
of reflectance absorbance Vibratior}al analysis by hyperspectral machine learning models
spectroscopy for Spectroscopy spectroscopies for imaging and smartphone for bloodstain age
bloodstain aging bloodstain age colorimetry prediction

estimation

Figure 3. Evolution of on-site bloodstain age estimation (Authors' source).

Reflectance, Absorbance, and Fluorescence Spectroscopies.

In 1960, Patterson proposed that temporal changes in molecular and structural
characteristics of the bloodstain can be detected in reflectance spectra and correlated
with the bloodstain age (Patterson, 1960). Reflectance spectroscopy measures the
sample’s reflection of IR or visible light to gather information about its composition.
By illuminating the sample’s surface, the spectrometer collects the reflected light
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intensity in relation to wavelength, creating a reflectance spectrum. Alternatively, an
early work by Kind, Patterson, and Owen (1972) suggested that the absorbance spectra
could be used in estimating the age of bloodstains.

Subsequent studies in the 2010s sought to enhance the accuracy of these methods.
To manage complex spectral datasets, chemometric methods, including partial least
squares regression (PLSR) and principal component analysis (PCA), have been used
in bloodstain analysis to derive valuable data and facilitate more accurate
interpretations with statistical confidence (Sharma & Kumar, 2018). Bremmer et al.
(2011; 2012) used reflectance spectroscopy to identify the hemoglobin derivatives and
determine the age of blood stains. Li, Beveridge, O’Hare and Islam (2011) employed
spectral pre-processing and linear discriminant analysis to develop a predictive model
for age estimation up to 37 days based on spectral properties of equine blood on a
glazed white tile. Sun et al. (2017) applied 3 chemometric methods to develop a
prediction model for bloodstained aged 224 h, 1-7 days, and 7—45 days based on
reflectance spectroscopy. The least-squares-support vector machines (LS-SVM)
outperformed the PLSR and PCA.

Hanson and Ballantyne (2010) demonstrated the use of a Ultraviolet-visible (UV-
vis) spectrophotometer to monitor the blue shift attributed to the modifications of
hemoglobin and its derivatives in bloodstains aged up to 1 year. The effects of
temperature and humidity were also investigated. Bergmann, Heinke and
Labudde (2017) studied bloodstain ageing for up to 3 weeks on different substances
and subsequently studied the effect of the coagulation agent from UV -vis absorbance
spectra of bloodstains (Bergmann, Leberecht, & Labudde, 2021).

On the contrary, fluorescence spectroscopy measures the amount of fluorescent
light that is emitted from a sample after it has been energized by a light source. As a
result of photon absorption, a molecule can enter an excited state and subsequently
emit fluorescence as it returns to its ground state. The technique, therefore, provides
details regarding the molecule structure, energy levels, and chemical environment of
the fluorescent molecules in the sample. In the context of bloodstain age estimation,
fluorescence spectroscopy is employed to examine the temporal changes of
fluorophores in blood, especially tryptophan. Weber, Wojtowicz, and Lednev (2021)
found that the fluorescence intensity significantly decreases within 24 hours, and the
emission spectra exhibit shifts in peak positions. To determine the age of bloodstains,
mathematical models were created using the fluorescence data obtained from blood
samples with known ages.

Vibrational Spectroscopy.

Since 1990s, Fourier Transform Infrared (FTIR) and Raman spectroscopies have
been developed to provide more accurate and detailed analysis of bloodstains. Both
spectra are derived from characteristic vibrational modes and frequencies within
molecules. Because each sample has a unique set of molecular bond vibrations, these
two vibrational spectroscopies can be complemented to characterize different
functional groups (Das, Harshey, Nigam, Yadav, & Srivastava, 2020). The effects of
interfering substances and substrates may also be discriminated (Kistenev, Borisov,
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Samarinova,  Colon-Rodriguez, &  Lednev, 2023; Sharma, Chophi,
Jossan, & Singh, 2021). For FTIR spectroscopy, the frequency of absorbed IR light
equal to the vibration frequency of the functional groups in bloodstains was identified,
and PLSR was often used in the analysis. The linear correlation between FTIR
parameters from characteristic vibration bands and the blood deposition time could be
established and further developed for forensic investigation. Edelman, van Leeuwen,
and Aalders (2012b) compared ageing bloodstains with non-blood controls on cotton
fabrics of different colors. From the Near Infrared (NIR) spectra, the time since
deposition up to 1 month was correctly predicted but the uncertainty was significantly
increased after 10 days. The Attenuated Total Reflection Fourier Transform Infrared
(ATR-FTIR) enhances the sensitivity in determining the functional groups by
incorporating a reflective crystal in the set-up (Alkhuder, 2022). ATR-FTIR with PLSR
was used to compare indoor and outdoor bloodstains ranging in age from 1 to 85 days
(Lin et al.,, 2017). From ATR-FTIR spectroscopy coupled with chemometric
techniques, Kumar, Sharma, and Sharma (2020) obtained the estimation model for up
to 175 days.

In Raman spectroscopy, photons are inelastically scattered by molecules in a
sample. When a laser beam is directed at a bloodstain, the interaction between photons
and the molecules found in the sample causes a shift in the energy levels of the photons,
resulting in scattered light with different wavelengths. This scattered light contains
information on the molecular composition and structure of the sample. Raman
spectroscopy is at the forefront of research and allows for single-point observations.
However, its practical application is currently limited by several factors, including the
high cost of equipment, variability in results depending on the substrate, and the need
for specialized expertise to ensure consistent and reliable measurements (Doty,
McLaughlin, & Lednev, 2016; Seki, Hsiao, Ishizawa, Sugano, & Takahashi, 2024). In
the context of bloodstain age estimation, Raman spectroscopy analyzes the changes in
the molecular components of blood over time. As blood ages, the transformation of
hemoglobin molecules alters their Raman spectra. By comparing the Raman spectra of
bloodstains with known ages to those of unknown stains, the age of the bloodstains can
be estimated based on the degree of spectral similarity or dissimilarity. Various Raman
spectroscopic parameters, such as the intensity ratios of specific Raman bands or the
presence of characteristic peaks, have been explored to develop models for estimating
bloodstain age. These models are typically created using multivariate analysis or
machine learning algorithms to correlate the Raman spectral data with the known ages
of bloodstains. Doty, McLaughlin, and Lednev (2016) used PLSR calibration curves
to predict the bloodstains aged up to 1 week and, in a subsequent work, estimated the
bloodstain age of up to 2 years based on Raman spectra (Doty, Muro, & Lednev, 2017).
More recently, datasets from Raman spectra of bloodstains under varying temperatures
and humidity levels were used to build prediction models using Support Vector
Machine Regression (SVR), Kernel Ridge Regression (KRR), and CNN (Zhang,
Wang, Chen, Tian, & Gao, 2023).

35


https://www.hst-journal.com/

https://www.hst-journal.com Icmopist Hayku | mexHiku, 2025, mom 15, sunyck 1
History of science and technology, 2025, vol. 15, issue 1

Colorimetry.

Fresh bloodstains typically exhibit a bright red color, while older stains appear
darker and brownish. This color change is attributed to iron oxidation and hemoglobin
breakdown after leaving the blood vessel. Accurately determining the time since
deposition based solely on color remains challenging due to its sensitivity to
aforementioned environmental factors and lighting conditions during measurement.
However, significant progress in estimating bloodstain age based on color has been
achieved over the past decade. For instance, Thanakiatkrai, Yaodam, and Kitpipit
(2013) captured digital images of bloodstains under controlled lighting conditions
using a light box and analyzed the images with the ImageJ program on a personal
computer. They examined time-dependent colorimetric characteristics in CMYK,
HSV, HSL, and RGB color spaces and recommended monitoring the M value, which
exhibits a logarithmic decrease over time with the highest R? for estimating bloodstain
age. Several parameters, including anticoagulants, humidity, light exposure,
temperature, and substrate type, which significantly affect the rate of color change in
bloodstains, were also explored in this study (Thanakiatkrai, Yaodam, & Kitpipit,
2013).

A spectrophotometric colorimeter can measure the transmittance and reflectance
of the continuous spectrum to determine the color tone, enabling the explicit estimation
of bloodstain color changes over time (Seki, Hsiao, Ishizawa, Sugano, & Takahashi,
2024). In the 1950s, when spectrophotometry was the primary method of study,
obtaining the reflectance spectrum of the visible light region took almost an hour,
making the process time-consuming (van Kampen & Zijlstra, 1961). Despite its
simplicity and relatively low cost (Kind, Patterson, & Owen, 1972), spectrophotometry
holds high accuracy potential but faces reproducibility challenges, particularly due to
its reliance on broad spectra within the visible light range (Sun et al., 2017). Marrone
et al. (2021) employed a spectrophotometric colorimeter to capture CIELAB/CIELCh
color values over time as blood transitioned from bright red to dark brown. By
correlating these color values with bloodstain aging, they developed predictive models
to estimate the time since deposition. With advancing Al technology, Seki, Hsiao,
Ishizawa, Sugano, and Takahashi (2024) applied machine learning techniques to
estimate bloodstain age by analyzing time-dependent color changes using a
spectrophotometric colorimeter. They quantified the color tone of each bloodstain in
the CIELAB color space and developed a predictive model for bloodstain age using a
random forest regression approach.

The emerging field of smartphone colorimetry harnesses the power of both
smartphone cameras and colorimetric applications (apps) to quantify colors. The
“Smart Forensic Phone,” an Android-based smartphone app developed by researchers
at Yonsei University, was a significant advancement in crime scene analysis
(Shin et al., 2017). This app utilized colorimetric analysis in the HSV color space of
the V value to rapidly determine the time since blood deposition on five different
substrates. However, it should be noted that the colorimetry approach may not be as
effective beyond 42 hours, as bloodstain colors tend to exhibit minimal changes after
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this time. Furthermore, the Yonsei research group has expanded their work by
incorporating classification and pattern recognition capabilities for cracks and blood
pools in smartphone images to determine bloodstain age while still relying on the V
value from the colorimetric study (Choi, Shin, Hyun, Song, & Jung, 2019). Dinmeung,
Sirisathitkul, and Sirisathitkul (2023) used the iPhone application called “Colorimeter
X to analyze the bloodstains left on tissue papers and cotton fabrics over one to eleven
days, corresponding to the CMYK, HSV, and RGB color schemes. They observed
linear decreases in R, G, B, and V values as the temporal transitions from bright red to
dark brown. The V value has the highest R2 based on linear least square fitting. The
increase in the K value during the blood aging process was identified as an additional
effective metric to support the B, R, and V values in estimating the bloodstain age.
Besides the colorimetry, Li et al. (2023) demonstrated that images of bloodstains could
be analyzed by deep learning-based BloodNet and correlated their pattern to the time
since deposition.

Hyperspectral Imaging.

Since 2012, hyperspectral imaging has been utilized to assess the age of
bloodstains, offering a cutting-edge approach to forensic analysis. This technique
captures images across multiple electromagnetic spectrum wavelengths, typically
spanning visible and nearinfrared regions, using advanced portable devices. The
resulting data, known as a hypercube, gives a spectrum for each pixel (x, y) and an
image for each wavelength, enabling detailed characterization of the reflectance or
absorption of various substances within the samples (de Cassia Mariotti, Ortiz, &
Ferrao, 2023). Edelman, van Leeuwen, and Aalders (2012b) correlated the spectral
characteristics with the relative amount of hemichrome, methemoglobin, and
oxyhemoglobin in bloodstains, leading to a non-destructive approach for estimating
age up to 200 days. Li, Beveridge, O’Hare, and Islam (2013) investigated spectral
variations in bloodstains over time and developed a model for estimating age up to 30
days based on the collected hyperspectral images and linear discriminant analysis.
Their model was particularly accurate within the first 7 days but had a higher error rate,
particularly after 14 days. Cadd, Li, Beveridge, O’Hare, and Islam (2018) focused on
the bloodstained fingerprints and observed the variation in visible light absorption by
hemoglobin derivatives with bloodstain age. With Forenscope-Mobile Multispectral
UV-VIS-IR Imaging Systems, Kaya, Karadayi, Karadayi, and Cetin (2023) studied
bloodstains of varying ages on textiles under various washing circumstances. Giulietti,
Discepolo, Castellini, and Martarelli (2023) utilized hyperspectral images of
bloodstains deposited on nine different substrates, varying in color and composition,
to estimate the age of bloodstains using a multilayer perceptron regression model.
Unlike other methods based on hemoglobin kinetics, this approach overcomes the
limitations posed by environmental factors such as temperature, humidity, and others.

Conclusions and Outlook.
Since its inception, the forensic science of bloodstain analysis has undergone
significant evolution, with its roots tracing back to early visual approximations of
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bloodstain characteristics. The pattern of bloodstains has always been crucial in
forensic investigations. Moreover, blood pattern analysis provides valuable insights
into the mechanics of bloodshed at crime locations. By examining the size, shape, and
distribution of bloodstains, investigators can infer key details, including the angle of
impact, the velocity of blood spatter, and the nature of the force involved. Historical
advancements in this field, from early qualitative assessments to modern computational
modeling, have transformed it into a powerful tool for reconstructing events.

Over time, advancements in technology have expanded the scope of bloodstain
analysis to include age estimation alongside blood pattern analysis, providing critical
insights into the timing of criminal events. In its earliest days, investigators relied on
simple observations of color changes in drying bloodstains, which could only offer
rudimentary estimations. Integrating spectroscopy and colorimetric techniques has
significantly improved the accuracy and applicability of bloodstain age estimation.
Raman Scattering and FTIR spectroscopy have emerged as non-destructive methods
for characterizing molecular vibrations in blood components, allowing for detailed
assessments of chemical changes that occur as bloodstains age. Similarly, UV -visible
spectroscopies, including reflectance, absorbance, and fluorescence, exploit the
interaction of light with blood to extract valuable information about hemoglobin
degradation and other biochemical markers over time. These advancements in optical
methods have moved forensic science closer to reliable, on-site applications for age
determination.

Alongside spectroscopy, hyperspectral imaging has proven particularly promising
by combining imaging with spectral analysis to comprehensively assess bloodstains
across a wide range of wavelengths. This approach not only aids in age estimation but
can also offer spatial context for interpreting bloodstain patterns, bridging the gap
between quantitative analysis and visual interpretation. Additionally, smartphone-
based colorimetry has emerged as a cost-effective and portable alternative, enabling
investigators to track colorimetric changes in bloodstains over time with high precision.
However, environmental factors such as temperature, humidity, substrates, and stain
thickness remain challenges, potentially influencing the accuracy of these methods.

Integrating Al technologies into bloodstain pattern analysis and age estimation
represents a transformative advancement in forensic science, offering a more precise,
objective, and high-throughput approach to interpreting bloodstains. Machine learning
and deep learning frameworks, such as CNNs, decision trees, random forests, support
vector machines, and multilayer perceptron models, have demonstrated remarkable
potential in classifying bloodstain patterns, estimating bloodstain age, and minimizing
the impact of environmental variables. The combination of spectroscopy, hyperspectral
imaging, and colorimetric analysis with Al-assisted predictive modeling is enhancing
the accuracy and applicability of bloodstain analysis across forensic investigations.

Despite these advancements, several challenges remain. The lack of standardized
protocols and the influence of external factors such as temperature, humidity, and
substrate properties continue to affect model generalizability. Future research must
prioritize the expansion of large-scale, high-quality datasets encompassing a wider
range of conditions to improve model robustness. The development of more adaptive
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and interpretable Al models, capable of integrating multimodal data sources, including
spectral, colorimetric, and spatial pattern information, could significantly enhance
forensic reliability.

Moreover, interdisciplinary collaboration between forensic scientists, Al
researchers, and law enforcement agencies will be critical in translating these Al-driven
methodologies into practical forensic applications. Efforts to validate Al models
through repeated experiments, cross-laboratory testing, and calibration refinements
will be essential to ensure their credibility in judicial proceedings. Additionally, the
integration of automated 3D imaging, real-time computer vision systems, and
explainable Al could further refine the forensic workflow, making on-site bloodstain
analysis more accessible and interpretable for investigators. By addressing these
challenges, the integration of Al in forensic bloodstain analysis will continue to push
the boundaries of forensic science, enabling more reliable, rapid, and scientifically
rigorous bloodstain interpretation that withstands scrutiny in legal contexts.
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Ilnsimu KpoBi B cy10BO-MeAUYHIN ekcnepTusi: Bix BiyaJjbsHoro orasiay 1o
aHaJIi3y 3pa3KiB Ta OMIHKHU 4Yacy 3a qonomoror I

Anomauia. Kpog’sani nisimu 0aGHO Cydcamv BANCIUBUM OOKA30M ) CYO0B80-
MeOUUHUX PO3CAIOYBAHHSAX, HAOAIOYU 8I00MOCMI NPO YaC MA NPUPOOY HACUTbHUYLKUX
3104uHie. Y cmammi npociioko8yeEmMvbCs iICMOPUUHULL PO3BUMOK AHANI3Y KPO8 SIHUX
NJISIM, 8I0 NOYAMKOBOI 8I3YANbHOI IHCNEKYil 00 8NPOBAOINCEHHS CYUACHUX MemOodi8 ma
MexHoN02TU. AHANi3 KpO8 sIHUX NIAM menep Cmas CUCMEMHOI0 HAYKOO 1 IHmezpysas
MEexXHON02ll WMYYHO20 IHMEeNeKmy, HAOArYU KiIbKICHI 8100MOCMI NpO MeXaHizmu
PO30pU3Ky8anHs Kpoei. /[nsi OYinKy 4acy Kpos sHUX NJAM 8UKOPUCTNOBYEMbC AHANI3
JIHK, saxuii 0036015€ SUABUMU MUMYACOBL 3MIHU 8 2eHeMUYHUX Mmamepianax i3
Odecpadosanux niam Kposi. Bucokonpodykxmusna piounna xpomamozpagis 0onosHuia
00CNIOJHCEHHS KPOB8 SHUX NISAM, KIIbKICHO 6U3HauYaiouu OIOXIMIUHI MapKkepu, wo
8KA3VIOMb HA YAC 3 MOMeHmY ix 8ioxknadeHHs. CneKmpoCKoniuHi mMemoou, 30Kpema
Ppamaniecoka ma iH@pavepeoHa CHeKMpOCKONIs, SUABUNU CHEYUDIUHI MOAEKVIAPHI
8ibpayii, noe’s3ami 3 MUMYACOB0IO 0e2padayiclo KOMNOHEHMI8 Kposi, Mmool K
ONMUYHI Memoou Ha OCHO8I 8i0bumms Gomonis, abcopoyii ma gayopecyenyii
NPONOHYIOMb ANbMEPHAMUBHT ULTAXU OJI51 OYIHKU 8IKY Kpo8 anux nisam. Koropumempis
Ha 6a3i cmapm@oHie cmana eKOHOMIYHO eheKmusHUM | NOPMAMUBHUM PILUEHHSM,
giocmedcyouu UOUMY 3MIHY KOAbOPY KpPOBi 8i0 ACKPABO YEPBOHO20 00 MEMHO-
KOpuuHeso20 3 uyacom. binbuwe moeo, cinepcnekmpanvHa 8i3yanizayisi noEoHye
gizyanizayito i CHEeKMpPOCKONIlo, 00360JI0UU OYIHIO8AMU BIK 3 NPOCHOPOBOIO
PO30INbHOI 30AMHICINIO, AHATI3VIOYU CHEKMPATIbHI OaHl HA pieHi nikcenig. Y cmammi
NIOKPeCcIoeEMbCsl  ICMOPUYHULL  PO3BUMOK  MA  MEXHON02IYHI  OOCACHEHHs,  SIKI
chopmysanu ananiz Kpog sHux nisam y cy0080-meOuyHiu oucyuniiui. [nmeepyrouu
cyyache obnaonanna 3 mexronoziamu LI, ys canyse Habaudxcacmvcs 00 HAIUHO20
ananizy Ha micyi. [lpome icnytoms npobiemu, maxi K 6apiamusHicms cepedosulya,
enaue cyocmpamise ma cmanoapmu3sayis. [Ipoooesacenns oocniodicenb ma eanioayis €
HeoOXIOHUMU Ol BOOCKOHALEHHS YUX Memo0di8 I 6CIMAHOGIEHH CINAHOAPMU308AHUX
NPOMOKONI8 0 Ccy0osux 3acmocyeans. llen icmopuunuti ma mexHiYHUL 020
NIOKpecnoe mpancGopmyouutl 6naue MidCOUCYUNTIHAPHUX THHOBAYIN HA PO3BUMOK
AHanizy KpPo8 saHUX NsAM, W0 NOEOHYE OOCNIONCEHHS 8 1abopamopii ma npakmuine
3acmocy8anHts 8 Cy0080-MeOUYHUX YMOBAX.

Knwuosi cnoea: awmaniz naam Kpogi, OyiHKa 4acy, CNeKmpOCKONis;
2inepcnekmpanivbHa 8i3yanizayis, KoJIopuUMempis Ha cMapmeoHi
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