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Abstract 

Bloodstain Pattern Analysis (BPA) is a methodological approach that is used for the interpretation of bloodstains collected from crime scenes to 
deduce the events that have taken place. Traditionally, BPA has been considered a subjective type of forensic evidence owing to its dependence 
on the analyst’s interpretation, lack of repeatability, and the difficulties involved in the interpretation of complex bloodstain patterns. The recent 
development of rapid breakthroughs in Artificial Intelligence (AI), including Machine Learning, Deep Learning, and Computer Vision, has made it 
possible for BPA to utilize AI to automatically detect, segment, classify, and reconstruct bloodstain patterns in three-dimensional space. 

This review aims to explore the use of hybrids of physics-driven models and AI-based models, which can improve the accuracy, reliability, 
and interpretability of BPA. Additionally, it explores the key challenges of AI-assisted BPA, including material properties, data availability, 
generalizability of AI models, decision-making, ethics, validation, and the lack of standardized protocols. The final section concludes that the 
acceptance of AI-assisted BPA results should be based on standardized protocols and reviewed by a few experts to ensure scientific validity.
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Introduction

Artificial intelligence (AI) is at the forefront of a paradigm 
shift in forensic bloodstain pattern analysis (BPA), shifting the fo-
cus from interpretation-driven expert consensus to scientific and 
reproducible analysis [1]. Historically, BPA has been an essential 
component of crime reconstruction, allowing analysts to recon-
struct the chronology of events, the force dynamics of injury, and 
the positional orientation of individuals through the analysis of 
bloodstain patterns and characteristics [1]. On the other hand, 
traditional BPA methods have been susceptible to interpretation 
bias, human error, and a lack of replicability, thus rendering the 
method itself questionable from both scientific and legal perspec-
tives [2]. 

Recently, the application of AI, such as machine learning, deep 
neural networks, and computer vision, has greatly improved BPA, 
allowing forensic analysts to automate the process of bloodstain  
detection and classification, as well as event reconstruction, with  

 
greater efficiency and potentially greater accuracy [3,4]. This is 
revolutionizing BPA from a biased and subjective method of anal-
ysis to a scientific and evidence-based one, reducing error-prone 
aspects and improving inter-laboratory and inter-analyst consis-
tency, allowing for rapid analysis of large and complex data sets 
[5-7]. This review discusses the technological shift in BPA by 
assessing the benefits and limitations of AI-assisted bloodstain 
pattern analysis as shown in Figure 1. Thus, the scope of the dis-
cussion will also include validation, implications, and future ap-
plications of artificial intelligence, paving the way for bloodstain 
pattern analysis from interpretation bias to improved evidentiary 
strength. 

 Background

Bloodstain pattern analysis (BPA) traces its origin in studies 
conducted in the late 19th century and was substantiated by fo-
rensic scientists in some influential legal cases. BPA is a central 
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forensic domain that reconstructs crime scene events based on 
morphological assessment which includes bloodstain size, shape, 
location, and distribution [1,8,9]. It is based on the principles 

of biology, physics, and mathematics, used for inferences about 
mechanisms of injury, movements of the victim and suspect, and 
how events unfolded. 

Figure 1: The evolution of Bloodstain Pattern Analysis.

Investigators have relied on expert opinion to classify stains, 
and make postulations about the event using visual interpreta-
tion, image documentation, and modelling to record and interpret 
blood evidence [1,5,9]. In spite of its contributions, historical BPA 
has consistently encountered challenges related to the inherent 
observer bias in pattern assessment recognition, as well as how in-
dividual experts considered the results. Now, faced with enhanced 
multifaceted nature of crime scenes (especially when stains over-
lap, or mechanisms are mixed, samples are degraded), the limita-
tions of human subjective analysis became evident [4,5,9].

Methodology 

This review highlights how artificial intelligence is currently 
used in bloodstain pattern analysis and adopts a narrative ap-
proach to provide a holistic perspective on the applications of 
AI in BPA, integrating current methodologies, trends, and future 
perspectives, instead of a systematic review or meta-analysis. Us-
ing key databases like PubMed, Scopus, Web of Science, Google 
Scholar, and forensic databases such as the NIST OSAC Registry, 
the search was conducted. Publications between 2010 to 2025 are 
included. The keyword searches used combinations of terms in-
cluding but not limited to “Bloodstain pattern analysis”, “BPA”, “AI”, 
“Machine Learning”, “Computer Vision”, “Deep Learning”, “Foren-
sic Automation”, and specific models (e.g., Convolutional Neural 
Networks, and Segment Anything Models). The review includes 
studies that have implemented AI and machine learning in BPA. 
The grey literature, conference proceedings, and preprints on arX-
iv were also screened for studies that appeared to be emerging in 
this area. 

To reflect progress in real time, both peer reviewed papers 
and early release findings were included for this review. The stud-

ies included in Table 1 were chosen based on the criteria that they 
represent the most methodologically informative AI-based BPA 
research, particularly those studies that have specified the char-
acteristics of their datasets, stain categories or tasks (e.g., classifi-
cation, segmentation, reconstruction), and have quantifiable per-
formance results such as accuracy or other forms of validation. 
Preference was given to studies that have specified their model-
ling paradigm, number of samples, and validation procedure (e.g., 
train-test split or cross-validation), thus making it possible to 
make comparisons across studies. This allows Table 1 to be used 
as a synthesis of the current state of AI research in BPA, as well as 
providing insight into the trends and challenges in dataset con-
struction and validation.

Fundamentals of Bloodstain Pattern Analysis

BPA is divided into three groups, depending on the mech-
anism of blood deposition: passive (dripping or pooling due to 
gravity), transfer (contact between bloody and clean surfaces), 
and projected (blood spatter due to applied force). Each group 
has distinctive morphological characteristics useful for forensic 
analysis of events [15,16].

BPA is based on the principles of fluid dynamics and the in-
herent physical properties of blood, such as non-Newtonian prop-
erties and surface tension, to interpret stain characteristics. The 
important parameters used in the analysis are:

•	 Impact angle: estimated from the width-to-length ratio 
(sin θ = w/l)

•	 Origin area: established by trajectory analysis (manual 
stringing or computer-aided techniques)
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•	 Pattern distribution: gives information on the mecha-
nism and sequence of events 

These quantifiable characteristics make BPA well suited for 
analysis by AI algorithms, which can identify and categorize mor-

phological details more reliably than human analysts [17-19]. 
However, the conventional BPA technique is prone to problems 
such as overlapping patterns, degradation due to environmental 
factors, and subjective interpretation by the analyst, which AI 
methods aim to overcome [2, 20] (Figure 2).

 Table 1:  Representative Studies of AI in Bloodstain Pattern Analysis

Method Dataset Size Stain Types Accuracy Validation Method

Segment Anything Model 
(SAM): pre-trained SAM vs 
fine-tuned SAM; compared 

with Thresholding and 
Thresholding + Median Filter-

ing [3]

Training (fine-tuning): 
400 images + ground truth 
masks; Testing: 180 images 

(90 RGB + 90 grayscale)

Blood droplet /drip 
bloodstains (single droplet 
segmentation from various 

impact angles)

Pre-trained SAM: 
87.8% (Auto), 97.8% 

(Box/Point); Fine-
tuned SAM: 91.1% 

overall (Auto), 
98.9% (Point Fine-

Tuned best)

Fine-tune on 400-image 
dataset; test on separate 

180-image test set; tested 
across prompt modes 

(Auto/Box/Point) and RGB 
vs grayscale

CNN, Decision Tree, Random 
Forest [4]

277 images total (Swing 84, 
Cessation 88, Impact 105)

14 bloodstain types, tested on 
3 challenging patterns: Swing, 

Cessation, Impact

RF: 80%; DT: 72%; 
CNN: 52%

CNN: 20% test; remaining 
80% split into 65% train + 
15% validation. Decision 
Tree & Random Forest: 

train-test split 8:2

XGBoost, Random Forest [8] 114 independent patterns 
(65 gunshot, 49 impact)

Gunshot back spatter vs 
Impact beating spatter

XGBoost: 92.89% 
average (20000 fits); 
RF: 89.91% average 

(2000 loops); RF 
(zero imputation): 

90.27% average

75% training and 25% test 
split, repeated many runs 
(XGBoost 20000 fits; RF 

2000 loops)

Deep learning + ML frame-
work for bloodstain pattern 

recognition: lightweight CNNs, 
DCNN, ConvLSTM, CNN-Con-

vLSTM + ML models (SVM, 
KNN, RF, DT, MLP, QDA, LR) + 
segmentation using FACM [9]

Total frames/images = 
36,390 (Train = 22,800; Vali-
dation = 7,680; Test = 5,910) 

across 7 categories

7 Bloodstain Pattern Datasets 
categories: “Plexiglas with 
fingers”, “Plexiglas with a 
finger”, “Plexiglas with a 

finger after 30 s”, “after 90 s”, 
“after 240 s”, “Plexiglas with a 
paper towel”, “Plexiglas with 

a paper towel after 90 s”

99%
80% training and 20% 

testing + validation using 
10-fold CV (k=10)

3-D DWT + Dense CNN (3D 
DWT Dense CNN) for hyper-
spectral image (HSI) blood-

stain classification; compared 
with 2D-CNN, 3D-CNN, Hybrid 

CNN, Dense CNN [10]

Zenodo open-access hyper-
spectral dataset

Blood + 6 visually similar 
substances: artificial blood, 

tomato concentrate, ketchup, 
beetroot juice, poster paint, 

acrylic paint

97%
10% / 90% split where 5% 
train + 5% validation and 

90% blind test

Fast and compact 3D-CNN and 
Hybrid CNN (3D→2D CNN) for 

hyperspectral (HSI) blood-
stain classification [11]

Total samples: 15,844 (train 
792 + validation 792 + blind 

test 14,260)

7 classes: blood + blood-
like compounds (ketchup, 
artificial blood, beetroot 

juice, poster paint, tomato 
concentrate, acrylic paint, 

uncertain blood)

Hybrid CNN OA = 
96%; Fast 3D-CNN 

OA = 95%

Data split: 5% train (792) + 
5% validation (792) + 90% 

blind test (14,260)

Deep learning (CNN Inception 
v3, TensorFlow) [12]

Train: 965 drip stains + 
1595 blood spatters (2560 
images) ; Test: 366 images

2 classes: Drip stains 
(passive) vs Blood spatters 

(active)
99.73%

Train split (internal): 80% 
train, 10% internal test, 
10% internal validation; 

Final test: independent test 
set of 366 images

Hyperspectral images + deep 
neural networks [13]

Zenodo open-access hyper-
spectral dataset comprising 

9 hyperspectral images/
scenes

Six bloodstain substance 
classification: blood, ketchup, 
artificial blood, poster paint, 

tomato concentrate, and 
acrylic paint

HTC (same image 
train-test): OA 98-

100% (easy set), 74-
94% (difficult set). 
HIC (cross-image): 

best OA 57-71% 
(deep models better 

in HIC)

HTC (within-image train/
test) and HIC (cross-im-

age train-test on different 
images).

Machine Learning classifica-
tion using Random Forests 

[14]

94 blood spatter patterns 
(public dataset) + 10 addi-
tional patterns (for muzzle 

gas effect)

Gunshot back spatter vs blunt 
impact spatter

99% (30 cm), 93% 
(60 cm), 86% (120 

cm)

Random split: 75% train 
and 25% test, repeated 

1000 times (Monte Carlo 
simulation); includes OOB 

error
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Figure 2: Schematic workflow of AI-assisted BPA from data acquisition to forensic reporting.

AI Applications in Bloodstain Pattern Analysis

Machine Learning (ML) Approaches

Machine learning radically changed bloodstain pattern analy-
sis through the use of algorithms which includes Random Forests, 
Support Vector Machines (SVM), and k-Nearest Neighbors (k-NN) 
and allowing for the categorization of different types of blood-
stains based on extracted features of digital images. This approach 
requires careful image preprocessing and feature engineering. In 
this approach location of stains and attributes like stain shape, 
major and minor axis lengths, area, solidity, impact and orienta-
tion angles, shade, and space distribution measured and outlined 
per pattern are extracted. Identification of these properties helps 
in making a finer distinction between intricate patterns generat-
ed by different mechanisms. Ensemble learning techniques like 
Random Forest and boosting algorithms (XGBoost) have shown 
notably higher classification accuracy, above 92%, in the classi-
fication of blood patterns. Support Vector Machines (SVMs) and 
k-Nearest Neighbors (k-NN) also perform well but have relative-
ly lower accuracy compared to ensemble learning techniques. 
Furthermore, Convolutional Neural Networks (CNNs), which can 
learn image features automatically without any feature extraction, 
have shown higher classification accuracy for classes like passive, 
projected, and transfer stains [8].

Deep Learning (DL) and Computer Vision 

Computer vision and deep learning have made great strides in 
BPA, allowing for complex tasks such as stain classification, image 
segmentation, and trajectory analysis to be performed with high 
accuracy. Specifically, Convolutional Neural Networks (CNNs) are 
highly effective at identifying strong spatial features from blood-
stain images, making it possible to classify stains with high accu-

racy into passive, projected, or transfer stains, often beating hu-
man experts in controlled experiments. Some research has found 
a high level of classification accuracy, with an accuracy of 95% and 
an F1-score of 0.95 for a three-class stain classification problem, 
outperforming traditional machine learning approaches in both 
success and precision [8,11, 21-24]. 

A critical step for separating stains from background images 
which is image segmentation, has been improved with threshold-
ing algorithms and CNN-based models, including Otsu’s model, 
allowing for more accurate boundary detection of stains in clut-
tered or dynamic environments. The analysis of image trajectories 
through image processing and deep learning techniques allows 
for the calculation of impact angles, stain centres, and spatial tra-
jectories. Prototype research has found that CNNs and other deep 
learning models can beat human experts in BPA classification 
tasks, especially when large amounts of data and subtle distinc-
tions between stains are involved [11,23,24].

3D Modelling and Simulation 

AI-assisted 3D modelling and simulation have emerged as 
important technologies in contemporary forensic BPA, allowing 
researchers to recreate complex crime scenes with a high degree 
of accuracy and detail. By using computer vision and deep learn-
ing algorithms, researchers can interpret photographic evidence 
of blood spatter patterns and recreate them as highly accurate 3D 
models, which can then be used to estimate the trajectory of blood 
droplets and points of origin in a virtual environment. These 
AI-assisted models can be created using multimodal scene data of 
various types, such as bloodstain patterns, object positioning, and 
spatial relationships, to create scientifically valid visualizations 
[25-27].
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One of the most significant developments in this area is the 
use of these 3D models in virtual reality software for presenta-
tion in court. Immersive presentation allows judges, prosecutors, 
defence attorneys, and jurors to explore the virtual environment 
of the crime scene, view blood spatter patterns from various an-
gles, and better understand the spatial relationships of the crime 
scene. As these technologies continue to evolve, AI-assisted 3D 
modelling combined with virtual reality is on the cusp of revolu-
tionizing the presentation of forensic evidence in court [26-28].

Hybrid AI-Physics Approaches

This is the integration of physics’ rigid and rule-based ap-
proach with the fluidity and data intelligence of AI, particularly 
deep learning [7]. Computational Fluid Dynamics (CFD), a phys-
ics-driven model replicates the fluid motion of droplet creation, 
trajectory, impact dynamics, and spatter pattern formation by 
solving equations for air currents, gravity, viscosity, and surface 
tension. The result is a physically realistic simulation dataset 
characterizing the behaviour of blood under all sorts of conditions 
such as force intensity, angle, and environmental factors [29,30]. 

The integration of AI, and more specifically, deep learning 
models, makes it possible for these datasets to facilitate the de-
velopment of models for identifying subtle correlations between 
physical variables and physical characteristics of stains [7]. The 
incorporation enables AI to interpret physically simulated data 
or real-world image data with greater situational understanding, 
leading to greater precision in classification, source identification, 
and mechanism identification. Hybrid models have the capability 
to distinguish between bloodstain patterns created by different 
ballistic or blunt trauma events by assessing the fluid dynamic 
patterns incorporated within the stains, which could be beyond 
analysis with purely statistical or machine learning approaches 
[31]. 

In real-world applications, this partnership enhances the re-
liability of automated forensic tools by reducing the incidence of 
false positives and false negatives, while also providing forensic 
analysts with products that are explainable and based on physi-
cal principles [32]. Beyond this, these research form the key for 
generating synthetic training data for machine intelligence, thus 
boosting the generalization of the model by providing exposure to 
a broader and physically correct range of bloodstain events than 
might exist in limited experimental or case datasets [31,32]. 

Proposed Framework

We have proposed a framework of nine elements to help re-
duce concerns regarding reproducibility gaps, limited generaliz-
ability, and legality surrounding AI-assisted Bloodstain Pattern 
Analysis.

(1)	 Quality Verification of the Dataset: Concerns having the 
appropriately sized and diverse dataset for a study. This consists 
of all the possible volume blood, substrates, lighting, and impact 
parameters. We also recommend minimum threshold sample siz-

es and acceptable levels of reliability for the annotation (e.g., κ ≥ 
0.80) to minimize bias and risk of overfitting.

(2)	 Transparency of Algorithms: Requires the user to pro-
vide full disclosure regarding the model, its configuration, and 
training parameters, as well as explain the techniques used to cre-
ate it (i.e., Grad-CAM). Further, the user must be able to offer their 
outputs in terms of probabilities, auditable codes, and all relevant 
output files so that the results can be replicated by others for re-
view in judicial setting if necessary.

(3)	 Laboratory Performance Testing: Recommends a pro-
gressive validation strategy that begins with standardized syn-
thetic stains, progresses to simulated casework with mock crime 
scenes, and also includes analysis of previously solved cases. The 
objective is to enhance the accuracy of AI in actual scenarios.

(4)	 Inter-rater Reliability Assessments: Recommended to 
establish whether AI systems are equivalent to or better than hu-
man performance and must be measured by concordance assess-
ment conducted by qualified BPA examiners. Acceptable levels of 
agreement are κ ≥ 0.80, with acceptable error rates of ≤5% in each 
category is advised.

(5)	 Thoroughly Documenting System: It is essential to docu-
ment the system comprehensively, including unaltered probabilis-
tic results, decision-making rationale, and maintaining electronic 
records amenable to audit. This is helpful for quality assurance 
and provides sound, admissible evidence for court.

(6)	 Admissibility Evaluation: Validation must be Daubert/
Frye compliant. This involves the publication of peer-reviewed 
research studies that have known error rates (preferably <8%), 
use standardized testing protocols, and gain acceptance among 
several laboratories.

(7)	 Training and Qualification: Define the areas in which 
operators must be qualified, which include basic AI knowledge, 
interpretation skills, hands-on training, and education.

(8)	 Error Rate Monitoring: This guideline stresses the im-
portance of monitoring performance over the long term by main-
taining quality control and monitoring for drift. This is necessary 
for ensuring that AI and BPA system continue to function correctly 
over time.

(9)	 Deployment Guidelines: It is recommended to deploy 
the AI-assisted BPA system in stages. The stages include Parallel 
Testing, Consultative Use, and Primary Classification of the sys-
tem, with human oversight in all stages.

This approach mitigates risk while still enabling the develop-
ment of Institutional Trust and Competency. To guarantee utility, 
the proposed framework must be validated empirically by: 

(1) developing consensus among experts (such as the Del-
phi technique among BPA practitioners, AI researchers, and legal 
scholars), 
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(2) pilot testing in various forensic labs, 

(3) evaluating outcomes to compare framework-assisted 
adoption with ad hoc adoption, and 

(4) refining based on feedback. A limitation of the proposed 
framework is that since this framework is a conceptual integra-
tion based on the existing literature and known forensic practices; 
the proposed thresholds and criteria must be validated empirical-
ly before they can be formally standardized.

 Advantages of AI-Assisted BPA over Traditional 
Methodologies

Reliability: AI systems, particularly deep learning architec-
tures such as CNNs, attain greater levels of classification accuracy 
(e.g., >90%) for difficult bloodstain patterns [4,14]. Human pro-
fessionals are subject to variation with experience and are sus-
ceptible to inferential errors, exhaustion, or personal interpreta-
tion at times giving rise to discrepancies as well as invalid results 
[33]. Promptness and Efficacy: AI has the ability to analyse large 
amounts of data or images in a reduced timeframe, which is more 

effective than human analysts who take longer to analyse data 
[34]. The application of AI has made possible routine identifica-
tion, division, and interpretation of blood spots allowing forensic 
investigator to address analytically challenging cases and stream-
line repetitive workflows [24].

Advanced Data Management: AI does best at interpreting 
high-level, high-dimensional image features like stain morpholo-
gy, distribution of stains across the image, and fine gradations of 
colour. Human professionals depend greatly on visual evaluation, 
whereby their capabilities could be restricted from integrating 
multidimensional data holistically [3,4]. Integration Potential: AI 
systems integrate seamlessly with additional forensic software, 
3D modelling, as well as distributed legal frameworks, enabling 
safe, combined, and transparent evidence management for the 
purpose of investigations [27]. AI tools function as decision-mak-
ing systems, aiding human experts by delivering swift preliminary 
assessments, identifying critical evidence points for comprehen-
sive examination, and acting as an additional consultation in un-
certain situations [34]. A comparison between traditional BPA 
and AI-assisted BPA is summarized in Table 2.

Table 2: Traditional BPA vs AI-assisted BPA.

Aspect              Traditional BPA                    AI-assisted BPA

Approach            Expert interpretation              Data-driven + automated  

Objectivity          Subjective, bias-prone             More objective (dataset bias possible)   

Repeatability       Variable between examiners         High (consistent outputs)

Complexity handling  Limited in overlaps/complex scenes Better via segmentation & learning models

Time efficiency     Slow, manual          Faster processing                         

Validation          Often limited                      Measurable performance metrics

Courtroom strength  Challenged for subjectivity        Stronger if validated and explainable

Limitations         Human error, inconsistency         Needs quality data and standardization

 Current Research Trends

A strong trend toward digitalization, and automation has been 
seen in recent studies from 2024-2025 within AI-assisted BPA re-
search. Supervised and unsupervised machine learning classifi-
ers, such as XGBoost, Random Forest, and Convolutional Neural 
Networks (CNNs), distinguish patterns like impact spatter, swing, 
and cessation with accuracies between 80% to 99% [4,8,12,13]. 
Segmentation models, specifically fine-tuned SAM, achieve an 
accuracy between 97% to 99% in demarcating bloodstains on a 
complex background based on prompts, and allowing automated 
calculation of metrics for trajectory analysis [3]. 

Current BPA research is being conducted by cross-disciplinary 
teams consisting of BPA practitioners and other disciplines to cre-
ate comprehensive, annotated databases of bloodstain images 
with the goal of optimizing the training of algorithms and improv-
ing the ability of those algorithms to discriminate between blood-
stains based on patterns [3]. Innovative approaches to utilize mul-

tispectral and hyperspectral imaging, 3D scanning technologies 
for bloodstain analysis have greatly improved the sensitivity and 
specificity of bloodstain detection. As a result, efforts are ongo-
ing to create an automated process for identifying the substances 
that comprise bloodstains and distinguishing blood from contam-
inants [13].

Critical Research Gaps and Future Directions

Key shortcomings still block real world use of AI in BPA. Chal-
lenges appear across methods, technicalities, and everyday appli-
cations which are outlined in Table 3. The coming innovations in 
AI-assisted BPA will be mainly directed towards three significant 
points; firstly, the enhancement of courtroom admissibility and 
the building of stakeholder trust through explainable AI meth-
ods [35], secondly, the consolidation with cutting-edge imaging 
technologies (3D scanning, hyperspectral, thermal) for thorough 
multi-modal assessment [13], and finally, the development of in-
teractive visualization systems that facilitate spatial relationship 
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comprehension among forensic scientists, legal professionals, and 
jurors [35]. The primary goal of these developments is to achieve 

higher precision, fewer mistakes, and to upgrade BPA as a field in 
which objective and reproducible results are obtained.

Table 3: Critical research gaps and future directions in AI-assisted BPA.

Research Gap Evidence from Review Priority future direction

Limited laboratory-to-field 
generalizability

Most studies have been carried out in controlled set-
tings, with little assessment of crime scene data, with 
a decline in performance when applied to a field-like 

setting.

Domain adaptation and transfer learning strategies have 
been proposed, as well as field-condition benchmark 

datasets, and the application of uncertainty estimation to 
indicate outputs of low confidence.

Lack of standardized valida-
tion protocols

There is considerable methodological variability across 
the studies, and it makes it difficult to compare results 

across studies.

There is no consensus on forensic validation procedures, 
and there is a need for multi-laboratory comparisons, 
reference datasets with validated ground truth, and 

reporting guidelines.

Insufficient explainability 
for courtroom use

Deep learning models are mostly opaque or ‘black box-
es,’ with very few studies focusing on explainability, and 

legal defensibility is still not adequately supported.

Forensic-friendly explainability techniques, juror and 
judicial understanding studies, hybrid models for inter-
pretability, and case- based reasoning results are some 

promising areas for improvement.

Lack of multi-modal inte-
gration

Almost all existing research has been based solely on 
RGB imagery, while only a few isolated attempts have 

been made to address hyperspectral or 3D data.

Studies on multi-modal fusion (RGB + spectral + geomet-
ric data) should measure the value for money in terms of 

the cost of implementation.

No temporal analysis (age 
estimation)

There appears to be a significant gap in the literature 
with respect to bloodstain aging.

Future studies could focus on longitudinal data and 
models that take into account environmental factors 

(humidity, temperature) and substrate effects, such as 
regression models for modelling time-since-deposition 

and comparison with existing methods.

Limitations and Ethical Concerns of AI-assisted 
Blood Pattern Analysis

Limitations

These AI models need extensive high-quality annotated data-
sets for training; their quality may decline when challenged with 
novel or original data [3]. At times when AI behaves like a “black 
box” with lower explanations than human reasoning, problems 
are created for courtroom acceptability [36]. Forensic results are 
often more appropriate when artificial intelligence assists human 
experts by enhancing the efficiency of routine analysis and deliv-
ering evidence-based suggestions, while experts analyse results 
by combining contextual understanding and expertise [7]. In gen-
eral, AI offers optimized performance, objectivity, and reliability 
with improved precision. On the other hand, meticulous analysis, 
holistic case assessment, and monitoring are critical properties of 
human expertise [7]. The combination of both aspects is essential 
to the development of forensic bloodstain analysis.

Ethical Concerns

The ethics of applying AI to BPA revolve around issues of fair-
ness in algorithms, the explainability of models, accountability for 
regulations, and the management of data. If the data that the AI 
algorithms are trained and tested on is not diverse or representa-
tive, they can perpetuate biases and come to wrong conclusions, 
which can have severe legal implications [34]. The “black box” 

nature of various AI systems, particularly deep learning systems, 
makes it difficult to explain how an AI system arrives at its con-
clusions. This can create challenges for forensic experts, lawyers, 
and courts who must be able to understand, and even verify, how 
an AI system arrived at its conclusions [36]. When AI-generated 
evidence is at issue, the challenge of establishing transparency 
becomes even more difficult to achieve in a manner that is admis-
sible in court. 

If a problem arises, it is often difficult to determine whether it 
is the fault of the individuals who developed the algorithm or the 
forensic experts who employed it. In addition, the data that un-
derlies the forensic analysis is often sensitive, such that there are 
significant requirements to avoid disclosing private information 
and to maintain data security [36-38]. There are also more gener-
al risks associated with the use of AI technology that can be used 
to produce or forge evidence, whether intentionally or inadver-
tently [19]. To address these ethical issues, it is necessary to insist 
on high levels of validation, bias removal, complete transparency, 
accountability for evidence use, and strict data protection mea-
sures [37]. It is only when a sound ethical foundation such as this 
is established that the integration of AI technology into BPA can be 
considered socially responsible.

 Conclusion

This review compiled the findings from research on the use of 
Artificial Intelligence in Bloodstain Pattern Analysis. It has espe-
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cially focused on the classification approaches, the nature of the 
datasets, the validation methods, and the performance evaluation. 
The papers studied show that different AI-assisted frameworks, 
matured from simple to complex models of machine learning (like 
Random Forest and XGBoost) to deep learning methods (such as 
CNNs and hyperspectral neural networks), have very high classi-
fication accuracy if used under proper experimental conditions. 

These results affirm the scientific worth of AI-assisted BPA 
as a means of making bloodstain evidence interpretation more 
objective, faster, and repeatable since it will no longer be totally 
reliant on the skill of the examiner and will provide uniformity 
throughout the evaluations. The fact that models are subjected to 
different scenarios, such as different capture settings, distances, 
and methods of assessing images, will result in a degradation of 
performance. This points to the fact that many current AI models, 
which are trained on lab settings with controlled data, may not be 
able to generalize the variability that is seen in real-world crime 
scenes. 

This is further exacerbated by real-world problems such as 
small, non-standardized datasets, lack of standardization in val-
idation procedures, and a lack of standardization in the reporting 
of evaluation metrics. Scientifically speaking, this review would 
like to stress that the future application of AI-assisted BPA in the 
forensic field should be carried out in conjunction with standard-
ized and diverse datasets, validation processes including external 
and cross-laboratory validation, and the use of explainable AI 
models that can help facilitate transparency and admissibility. In 
general, the role of AI-assisted BPA should be that of an empiri-
cally validated decision-support system functioning as a comple-
ment, not a replacement, for forensic experts.
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