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A B S T R A C T   

In forensic medicine, estimating human skeletal remains’ post-mortem interval (PMI) can be 
challenging. Following death, bones undergo a series of chemical and physical transformations 
due to their interactions with the surrounding environment. Post-mortem changes have been 
assessed using various methods, but estimating the PMI of skeletal remains could still be 
improved. We propose a new methodology with handheld hyperspectral imaging (HSI) system 
based on the first results from 104 human skeletal remains with PMIs ranging between 1 day and 
2000 years. To differentiate between forensic and archaeological bone material, the Convolu-
tional Neural Network analyzed 65.000 distinct diagnostic spectra: the classification accuracy 
was 0.58, 0.62, 0.73, 0.81, and 0.98 for PMIs of 0 week–2 weeks, 2 weeks–6 months, 6 months–1 
year, 1 year–10 years, and >100 years, respectively. In conclusion, HSI can be used in forensic 
medicine to distinguish bone materials >100 years old from those <10 years old with an accuracy 
of 98%. The model has adequate predictive performance, and handheld HSI could serve as a novel 
approach to objectively and accurately determine the PMI of human skeletal remains.   

1. Introduction 

Accurately determining the post-mortem interval (PMI) of human remains is critical for efficient identification in medico-legal 
cases. However, estimating the PMI in skeletonized remains after the soft tissue decomposition stage can be challenging. The reli-
ability of such estimations is complex [1,2]. This is mainly due to the complex and varied degradation processes, including 
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environmental factors such as temperature and humidity and biological factors such as invertebrate and vertebrate scavengers. Other 
factors that can impact the accuracy of PMI estimation include fluvial transport, bone weathering, disarticulation, scattering, burial, 
and bone diagenesis [3–15]. Numerous studies have been conducted to estimate human skeletal remains’ PMI. However, several 
methods are costly, require significant time, and are more consistent in estimating PMI for remains with PMIs shorter than five years 
[3,11,16]. Further research is necessary to improve our understanding of bone decomposition during shorter PMI periods. Currently, 
most techniques for estimating the PMI of human skeletal remains are designed for remains that have been decomposing for more 
extended periods (over ten years) or rely on short-term experiments (less than one year post-mortem) involving defleshed bone or 
partial carcasses. New methods based on controlled experiments are required to enhance our ability to estimate the PMI of human 
skeletal remains in a state of early decomposition. Since bones interact with their surroundings after death, various chemical and 
physical processes result [17–19]. Several techniques have been used to estimate the PMI. However, they all have significant flaws in 
reliability and accuracy [20,21] and are an ongoing challenge in forensic medicine. At present, the following methods have been 
proposed in addition to the external physical appearance: histopathological surveys [22–24], reactions with mineral acids, reactions 
with benzidine, nitrogen loss [25], molecular biology [26–31], high-performance liquid chromatography-tandem mass spectrometry 
[32], metabolomics [33], UV–Vis methods [34–38], radioisotope measurements [39–42], luminol chemiluminescent reactions [40, 
43–47], X-ray diffraction [48–50], spectroscopic technology [37,50–63], post-mortem computed tomography (CT) [64], micro-CT 
[18,50], visible and thermal 3D imaging [65], and entomological methods (succession model, carrion insect development) [66]. 
All available information from these techniques can be considered the gold standard, but despite the many different methods, the 
forensic estimation of PMI is still challenging [53]. 

Objective approaches with new techniques like hyperspectral imaging (HSI) may add information for quicker and more precise PMI 
calculations. HSI screens for the spatial organization of chemical compounds based on their distinct spectral signatures, like "fin-
gerprints," which extend the spectrometry information into the third dimension [67]. Compositionally unique substances can be 
recognized and defined by their chemical components by capturing their spectral fingerprints [68–73]. HSI has been widely used in 
different research areas, starting with geological and botanical studies [74–77] introduced in food industry issues and art conservation 
and finally expanded into biomedicine [78–87], including intraoperative visualizations used to solve specific intraoperative problem 
and forensic application [62,88–98]. 

HSI is based on the physical principles of sensing data from both visible (VIS = 400–650 nm) and near-infrared (NIR = 750–1000 
nm) regions of the electromagnetic spectrum. This process has enabled the development of miniaturized HSI devices. Thanks to 
technological advancements, we have seen the emergence of handheld HSI devices over the past decade, which marks a significant 
milestone in the practical application of HSI technology. Modern handheld spectrometers could be a valuable addition to traditional 
methods for PMI research. However, the performance of these new small technologies varies, occasionally with narrower spectrum 
areas or lesser resolution. Thus, data are required for specific requests. This research aimed to evaluate the appropriateness of a 
handheld HSI device. The objective is to determine whether these portable HSI devices help to estimate PMI for forensic purposes. The 
PMI was correlated with the detected properties using handheld HSI measurements and deep learning. 

2. Material and methods 

2.1. Sample collection and ethical considerations 

At the Institute of Forensic Medicine, forensic bone samples (n = 99) – were routinely collected in the course of an autopsy for 
identifying human skeletal remains by molecular genetic analysis, and archaeological bone samples (n = 5) were collected from 
European archaeological sites dating back to medieval times. Before handheld HSI measurements, the PMI was mainly classified based 
on police investigations, including information on the location, time of discovery, environmental conditions and personal items found 
on the corpses, and the morphological structures of the bones. A few samples were categorized as "some weeks," within the error range, 
resulting in the samples’ assignments in two overlapping classes. When conventional PMI estimations were uncertain, the average 

List of abbreviations 

CNN convolutional neural network 
CT computed tomography 
HSI hyperspectral imaging 
NIR near-infrared 
PMI post-mortem interval 
LOOCV leave-one-out cross-validation 
ReLU rectified linear unit 
RGB red-green-blue 
ROI region of interest 
THI tissue haemoglobin index 
TWI tissue water index 
VIS visible  
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result was used. 
Analyses were performed on forensic and archaeological bone samples taken from the diaphysis of the femur. All bones except the 

archaeological bone materials were equally prepared. A 7-mm-thick half-transversal section was cut from each forensic bone using a 
handsaw. The periost and bone marrow were removed from the sectional planes. Subsequently, a transverse section was obtained from 
each archaeological bone using a handsaw. The sections were then air-dried for a few days at room temperature. The time frames used 
in §57 of the Austrian criminal code were used to determine and adjust the class intervals [99]. Sex estimation was routinely performed 
using typical anthropological methods such as pelvic bone and skull characteristics [100,101], 101], as well as DNA typing (data not 
shown). The measured human skeletal remains’ anthropological properties and place of discovery are summarized and described in 
detail in other sources [50,62,102,103]. The ‘Staatssammlung für Anthropologie und Paläoanatomie MUC‘ (SAPM, Munich, Germany) 
granted permission and provided archaeological bone samples for the study. Additionally, handheld near-infrared (NIR) spectroscopy 
and micro-computed tomography (CT) were used for all samples [104,105]. Energy dispersive X-ray mapping as wells as reflection-, 
ATR- and Raman-microscopic imaging was applied to 2 archaeological and 4 forensic bone samples [50,62]. 

Handheld HSI was used before molecular biological examinations. The measurements were performed under controlled envi-
ronmental conditions to ensure accuracy and reliability. The experiments were conducted at a stable temperature of 22 ◦C, and hu-
midity levels were maintained. The room was darkened during the measurements to minimise potential external influences. 

The study was conducted after approval by the Ethikkommission der Medizinischen Universität Innsbruck (EK: 1357/2021). Data 
will be available on request. 

2.2. Hyperspectral imaging 

Holmer et al. recently described the handheld HSI system in detail [106]. In this study, HSI data was acquired using a contactless 
and non-ionizing radiation handheld imaging system called TIVITA® Mobile System (Diaspective Vision GmbH, Am Salzhaff, Ger-
many) in reflectance at room temperature (Fig. 1 (A)). All ambient light was switched off to avoid artefacts while acquiring HSI data. 
The illumination was performed by six integrated halogen spots, which enabled spectral data acquisition in the visible and 
near-infrared range from 500 to 1000 nm. The effective pixels of the system were 640 x 480 (x-axis, y-axis), and an electro-optical 
distance measurement system was included for accurate positioning, 50 cm above the sample. The specific wavelength spikes cor-
responded to biological and molecular conditions at defined tissue spots and depths, and information on the respective tissue could be 
obtained. Given its contactless and rapid applicability (about 10 s for recording), handheld HSI measurements did not interfere with 
routine forensic work. Three handheld HSI measurements were performed on each sample (Fig. 1 (B)). Acquired red green blue (RGB), 
and HSI data were collected and stored for further analysis. Mean spectra were calculated for the 5 PMI classes, and a confusion matrix 
was generated using a CNN classification method (Fig. 1 (C)). The handheld HSI measurements and data analysis process are presented 
in Fig. 1. 

2.3. Statistical analysis and machine learning 

Convolutional Neural Network 
A convolutional neural network (CNN) was implemented to analyze and categorize the HSI data. Convolutional networks allow the 

extraction of non-local features and operations, such as differentiation and summation of the data. In order to achieve that, the kernels 
of the CNN are trained based on the data at hand. This data corresponds to spectral data with a target data vector indicating a PMI class 

Fig. 1. Handheld HSI measurements and data analysis process. (A) Handheld HSI measurement setup. (B) Data acquisition process. (C) Mean 
spectra for five different age classes and the confusion matrix of CNN classification. 
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in the presented case. The network is trained to recognize the members of the individual data sets to the corresponding classes. The 
present data consists of about 6.000 single spectra per bone sample or 65.000 spectra. The neural network’s architecture is based on a 
ResNet architecture, with three convolutional layers and over 1.500 trainable parameters. The architecture of the neural network is 
shown in Fig. 2. The network training was performed on an Nvidia GTX 1080 and took 15 min per training. Due to the limited number 
of samples, a Leave-One-Out Cross-Validation (LOOCV) approach was implemented in training. LOOCV refers to a method where one 
sample is left out of the training process. In this case, one sample refers to the entirety of all spectra of one bone sample. After the 
training, the left-out sample is used to evaluate the network. Training a new network from scratch and evaluating its performance on 
the left-out data set is repeated until every sample has been used as an evaluation sample. A visual representation of the study 
methodology and CNN architecture is presented in Figs. 2 and 3. 

3. Results 

The study collected 104 samples from human bones, including 16 from females and 88 from males. The PMIs of the samples were 
classified into five classes: 0–2 weeks (class 1, n = 32), 2 weeks to 6 months (class 2, n = 46), 6 months to 1 year (class 3, n = 11), 1 year 
to 10 years (class 4, n = 10), and over 100 years (class 5, n = 5). Prior literature has extensively documented the anthropological 
characteristics and unearthing of the quantified human skeletal remains [104]. The TIVITA Suite Tissue software provides several 
images that showcase different physiological parameters of the scanned tissue area. The visual representations utilize a colour gradient 
to depict the measured quantities, with blue indicating lower values and red indicating higher values. One image shows the tissue’s 
relative blood oxygenation, with an approximate depth of 1 mm. Another image, using the near-infrared (NIR) perfusion index, shows 
tissue layers at a penetration depth of 4–6 mm. Two additional images display the relative distribution of haemoglobin (Tissue He-
moglobin Index = THI) and water (Tissue Water Index = TWI) in the scanned tissue area, respectively (see Fig. 4) [107,108]. 

3.1. Convolutional neural network (CNN): prediction of PMI classes 

The neural network was trained by feeding with the spectra of the five PMI classes. Fig. 5 shows the mean spectra with standard 
deviations of all five classes. It is possible to identify the mean of the five sets of spectra displayed in Fig. 5. Nevertheless, it is clear from 
the standard deviation that the five groups of spectra significantly overlap. 

3.2. Classification of the post-mortem interval 

HSI is a technique that can provide detailed chemical information about a sample by analyzing its molecular fingerprint and 
observing various structures or mechanisms related to PMI. Fig. 6a displays the average spectra of five different age categories of PMI, 
exhibiting class-specific profiles between 500 and 1000 nm. The spectrum showcases distinct peaks at 600 nm, 650 nm, 725 nm and 
850 nm. 

3.3. Confusion matrix of classification results 

In Fig. 6b–a confusion matrix displays how accurately the samples were classified. The diagonal elements correspond to the 
percentage of correctly classified samples. As per the matrix, the bright diagonal elements represent the percentage of correctly 
classified samples, which ranges from 98% for archaeological samples (fifth class) to 58% for samples with a PMI between 0 week and 2 
weeks (first class). In addition, forensic pathologists estimated the PMI of 13 samples to be "some weeks," due to less information, nine 
samples had estimated PMIs of "less than 6 weeks." Two samples had estimated PMIs of "less than 10 years." The samples were found in 
different spots (forest, flat, buried, water) and were subjected to various thermal alterations (plane crash n = 3 and apartment fire n =
1). 

Fig. 2. Schematic representation of the study approach: the procedure was based on extracting handheld HSI information by utilizing a deep 
learning-based model applying CNN. The data splitting followed the LOOCV approach. I.e., the spectra of one dataset have been used as a test set. 
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3.4. The Practicability of handheld HSI 

HSI is a technique that can be utilized to determine the composition of a sample by measuring the vibrational transitions in its 
covalent bonds that absorb infrared radiation. This method is rapid and non-contact, and it does not require extensive prior prepa-
ration or extraction of samples. With the handheld HSI system and a mobile software application that uses Convolutional Neural 
Networks (CNN), it is possible to estimate the PMI of human skeletal remains in seconds (Fig. 7). 

4. Discussion 

The initial findings of a handheld HSI tool for evaluating the PMI in human skeletal remains are presented in this study. Forensic 
anthropologists and pathologists are keen to develop an accurate technique [56]. A CNN has been effectively trained using a handheld 
HSI device to predict the PMI of human bones, which will assist authorities in determining whether the bones should be treated as 
forensic or anthropological samples of interest. Moreover, the classification performance of the CNN can distinguish between forensic 
and archaeological samples, as Fig. 6b demonstrates variations within the forensic bone sample categories. With 98% accuracy, the 
fifth class (archaeological samples) is classified ideally, compared to a 58% accuracy in the first class. These findings are new and can 
provide additional information in estimating PMIs. 

The HSI method offers the unique advantage of preserving the sample’s integrity before conducting subsequent tests. In 

Fig. 3. Schematic representation of the CNN. The network consists of three convolutional (blue) and two dense layers (grey). Both types of layers 
use a rectified linear unit (ReLU) activation function. Pooling (yellow) and dropout layers (red) have prevented overfitting. The output of the CNN 
consists of five neurons employing a softmax activation function (green). (For interpretation of the references to color in this figure legend, the 
reader is referred to the Web version of this article.) 

Fig. 4. TIVITA Suite Tissue software results: (A) Samples. (B) RGB-images. (C)–(F) Results for NIR perfusion index (penetration depth of 4–6 mm), 
the relative distribution of haemoglobin (THI), blood oxigenation and water (TWI) as indicated. 
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comparison, most other approaches are more costly and time-consuming [109]. HSI has already been proven to offer valuable 
diagnostic information for identifying the grades of anaemia and hypoxia, detecting cancer, distinguishing between amalgam tattoos 
and other dark-pigmented intraoral lesions, and analyzing urinary stones [110–124]. Thus, HSI already provides data for endoscopy 
[125,126], dermatology [127], macroscopic investigations [128–130], histology [116,117,131–133] and organ viability assessment in 

Fig. 5. Mean HSI spectra (colored line) with standard deviations (colored region around the lines) shown for all 5 PMI classes. (A) Class 1 (n = 32) 
ranging between 0 week and 2 weeks. (B) Class 2 (n = 46) ranging between 2 weeks and 6 months. (C) Class 3 (n = 11) ranging between 6 months 
and 1 year. (D) Class 4 (n = 10) ranging between 1 year and 10 years. (E) Class 5 (n = 5) over 100 years. (F) Histogram plot shows the number of 
samples within each class. 

Fig. 6. HSI classification of the PMI: a) Mean spectra for five different age classes are represented. Class 1 includes PMI between 0 weeks and 2 
weeks (blue line; n = 32), class 2 includes PMI between 2 weeks and 6 months (red line; n = 46), class 3 includes PMI between 6 months and 1 year 
(orange line; n = 11), class 4 includes PMI between 1 year and 10 years (green line; n = 10), and class 5 includes PMI >100 years (black line; n = 5). 
b) The classification accuracy ranges between 0.58 and 0.98, as per the confusion matrix of CNN classification. (For interpretation of the references 
to color in this figure legend, the reader is referred to the Web version of this article.) 
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the course of ex-situ machine perfusion [107]. 
The outcomes of PMI classification are intricate and indicate significant fluctuations in the chemical makeup of bones. Especially 

the local environment of human skeletal remains triggers particular PMI-related deterioration processes. Thus, HSI results depend on 
the location of discovery (such as a forest, flat, buried, or body of water), and thermal modifications (apartment fire n = 1 and plane 
crash n = 3) were also included. Unfortunately, the set of samples is too small to analyze these aspects further. In addition, the 
premortem bone loss could produce inaccurate findings (as shown, e.g., by earlier CT [105]). More extensive studies are needed to 
include the locations and prior thermal modifications as independent factors to improve discriminating accuracy between the lower 
classes 1–4. A combination of non-invasive methods like HSI and CT may solve this problem, but it has not been performed yet. 

This HSI study’s main limitation is that first-class age uncertainty blurs the distinction between first and second-class [105]. For 
example, a PMI of 14 days qualifies the sample for the first and second classes. Compared to the age uncertainty in this range (0–7 
days), the time window of the first class (0–14 days) amplifies this effect. In samples of the second class with a PMI close to the first 
class, the same problem occurs. There is a similar effect in all classes except the fifth with PMI of more than 100 years, but not to the 
same extent. This effect can be explained by the relatively small sample size, with the highest age uncertainty in the first class of PMI 
lower than 14 days. As the definition of forensic cases widely varies between different countries, with a PMI limited to 15 years in one 
country and 50 years in another, this study only suggests HSI to distinguish bone materials >100 years from those <10 years with an 
accuracy of 98%. This limitation could be overcome by a higher number of bone materials with a PMI <10 years. 

Another limitation of HSI relates to the chemical composition of bones, depending on the local environment of the skeletal remains. 
These factors include the discovery location (like forest, flat, buried, or body of water) and thermal modifications. In this study, only a 
few samples with thermal modifications from incidents like plane crashes and apartment fires further limit the generalizability of the 
findings. As this is the first study on HSI to determine the PMI of human remains, a sample size calculation was not performed before 
the study. A more extensive study is warranted to allow a more in-depth analysis of these environmental factors. 

Overall, it will be essential to conduct more extensive and multicentric studies with clearly defined PMIs to increase handheld HSI 
accuracy and improve the performance of the implemented CNN. Comparing these results with NIR spectroscopic analyses, micro-CT 
of bones, taxonomic identification, preservation processes, diagenetic and thermal alteration pathways, and chemical composition can 
improve the accuracy of PMI estimation. 

5. Conclusions 

The handheld HSI tool is an innovative, non-destructive technique that accurately distinguishes between forensic bones and 
archaeological bone material over 100 years old. This technique is rapid and non-contact, requiring no additional preparation or 
extraction of samples. By integrating with a mobile software application using Convolutional Neural Networks (CNN), the imaging 
process takes only a few seconds to complete. 
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