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In unnatural deaths due to injury, the forensic task of 
differentiating the various types of bodily injury leading 
to death can be posed as an image classification problem 
to which artificial intelligence methods can be applied. 
There is a paucity of studies on postmortem external 
injury classification. Among studies conducted on patients 
while alive, many have focused on identifying and/or rat-
ing wounds [12–17], including burns [18–22], often on 
limited datasets [12–16]. Fernandes et al. [23] proposed 
a model that could distinguish between consensual and 
non-consensual relationships for forensic examination of 
sexual assaults. ResNet-50 and Inception-v3 classification 
networks were trained on 394 images of genital injuries 
(78 and 316 images from non-consensual and consensual 
relationships, respectively). The model attained a 91% F1 

Introduction

Forensic experts conduct autopsies to determine the cause 
of death [1–3]. The findings provide pathoanatomical 
insights into unexplained deaths and constitute evidence 
in cases of unnatural deaths [4], which are vital for judi-
cial investigations [5]. During autopsy, external examina-
tion and photographic recordings of observed changes on 
the deceased bodies are routinely performed [6–8]. External 
bodily changes include blunt injuries, wounds caused by 
sharp tools, burns, strangulation marks, etc [9, 10]. Analy-
sis of such changes offers crucial clues about the cause of 
death. However, examining individual changes can be time-
consuming, particularly in multiple injuries [1, 11], which 
may lead to delays in diagnosis [9].
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score and 89% C statistic. Alkaissy et al. [24] proposed 
a machine-learning model for classifying construction 
site accidental injuries based on the body region location. 
On a 16,878-image workplace accident dataset stratified 
by body regions (41.5% upper limbs, 26.5% lower limbs, 
9.4% head and neck, and 22.6% back and trunk), re-sam-
pling techniques were applied to balance the classes. The 
model attained a 78.5% F1 score using a decision tree. 
Among forensic studies, many were based on postmortem 
medical imaging data rather than external body images. 
Garland et al. [25] investigated fatal head injury assess-
ment using postmortem radiological imaging, specifically 
postmortem transverse computed tomography (PMCT) 
slices acquired at the frontal sinus level. Their dataset 
included 25 fatal traumatic brain injury cases and 25 non–
head-injury cases, and they reported classification accu-
racies ranging from 70% to 92.5%. Importantly, this line 
of work should be interpreted as a postmortem CT–based 
imaging problem (i.e., radiological slice analysis), which 
is methodologically different from autopsy image classifi-
cation as addressed in our study. In our setting, “autopsy 
images” refer to external gross photographs captured dur-
ing medico-legal autopsy examinations (surface/body-
region images), not radiological CT volumes or axial slices; 
therefore, the visual evidence, noise sources, and discrimi-
native cues differ substantially between PMCT studies and 
photographic autopsy-image classification. Malviya et al. 
[26] discuss the potential of AI to improve precision, reli-
ability, and efficiency in forensic pathology and autopsy 
analysis. Based on a literature review, they highlight tech-
nologies such as VIRTOPSY and artificial neural networks 
that complement traditional autopsies. The study notes that 
while AI offers significant benefits, its adoption is shaped 
by ethical, legal, and technical constraints, ultimately posi-
tioning it as a powerful tool in modern forensic practice. 
Homma et al. [27] investigated drowning cases using lung 
computed tomography. They studied 3784 and 3863 from 
140 drowning and non-drowning cases, respectively, all 
of whom had undergone autopsy by experienced foren-
sic pathologists. The drowning and non-drowning cases 
were divided into 14 and 10 groups, respectively. Among 
these groups, nine were used for transfer learning using 
pre-trained AlexNet; the remaining group for testing. The 
model attained 88% accuracy for binary classification of 
drowning vs. non-drowning cases.

We aimed to develop a machine learning model for auto-
mated classification of the cause of injury-induced deaths 
based on postmortem images of external body regions, 
which could assist forensic experts during autopsies. 
Toward this end, a multi-class postmortem image dataset of 
various injured body regions was collected to train and test 
our model.

Motivation and our model

For our digital forensic model, we used computer vision 
combined with transfer learning methods. Images from 
a newly acquired forensic dataset were input to a novel 
DRDarkNet architecture, which used three pre-trained con-
volutional neural networks (CNNs) to extract deep features 
in parallel. To reduce data dimensionality, multiple effective 
feature selection functions were deployed. The selected fea-
ture vectors were fed to a standard shallow classifier to gen-
erate prediction results. From these, additional voted results 
were calculated using a modified form of iterative majority 
voting [28], and the overall most accurate result was chosen 
from among all generated results.

Novelties and contributions

Our model featured a novel DRDarkNet feature extraction 
model based on pre-trained CNNs and an original informa-
tion fusion method. Our model was self-organizing: the best 
result was automatically chosen from among classifier-wise 
and voted outputs. A large autopsy image dataset was col-
lected to train and test the model. Our DRDarkNet attained 
excellent 96.47% classification accuracy on the collected 
dataset, demonstrating its feasibility for automated image-
based forensic examination of injury-induced deaths.

Materials and methods

This section describes the materials and methodological 
framework adopted in the present study. It outlines the 
characteristics of the autopsy image dataset, followed by 
detailed descriptions of the deep feature extraction process, 
feature selection strategies, classification methodology, and 
the proposed information fusion approach.

Dataset

The study dataset comprised 4254 RGB autopsy images of 
various body parts that had been retrospectively collected 
from 01/01/2015 to 31/12/2021 and stored as.jpg files. 
Informed consent was not applicable, as this study was 
based on retrospectively collected medico-legal autopsy 
images obtained during routine forensic practice. The use 
of these data was conducted in accordance with national 
legal regulations governing forensic autopsies and medi-
cal research, and all images were fully anonymized prior 
to analysis. All images were labeled by forensics expert 
from Firat University, Turkey, and divided into six classes 
(numbers) according to the cause of death: (i) crushing 
(1808), (ii) choking (327), (iii) stabbing (977), (iv) gunshot 
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(761), (v) burns (254), and (vi) drowning (127) (Fig.  1). 
Only cases in which the cause of death was conclusively 
established through a complete medico-legal autopsy were 
included in the study. Image selection was restricted to 
injuries determined to be causally related to death based on 
the final autopsy conclusions, rather than incidental, super-
ficial, or non-lethal findings. In cases with multiple injuries, 
images corresponding to the lethal mechanism identified in 
the official autopsy report were selected. All class labels 
were assigned and validated by experienced forensic medi-
cine specialists from the Department of Forensic Medicine, 
Faculty of Medicine, Firat University, and the Elazig Coun-
cil of Forensic Medicine. Autopsy images were acquired 
as part of routine forensic documentation under real-world 
conditions rather than a strictly standardized imaging 
protocol; therefore, variations in camera type, resolution, 
illumination, viewing angle, and anatomical field of view 

may exist. Nevertheless, all photographs were obtained by 
trained forensic personnel during external examinations 
and reflect standard medico-legal documentation practices 
at our institution.

DRDarkNet

Our model comprised four phases: deep feature extraction; 
feature selection using three selection functions; classifica-
tion; and information fusion (Fig. 2).

The architecture consists of DenseNet201 [29], ResNet50 
[30], and DarkNet53 [31] pre-trained models trained using 
ImageNet1k dataset, which generated six feature vectors 
(Fs) of different lengths using the fully connected and global 
average pooling layers of the individual networks. Neighbor-
hood component analysis (NCA), Chi2, and ReliefF func-
tions were deployed to create 18 (= 6 × 3) selected feature 

Fig. 2  Schema of the proposed 
model. The DRDarkNet feature-
generating architecture

 

Fig. 1  Example dataset images depicting causes of death and body parts involved (from left to right): crushing, back; choking, neck; stabbing, 
chest; gunshot, head; burns, foot; drowning, foot
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differences in feature values among nearest neighbors to 
distinguish between data points of the same class and those 
from different classes. Feature weights are calculated based 
on these differences: higher weights denote higher dis-
criminative utility of the feature for the classification task. 
ReliefF can handle mixed-type datasets (including categori-
cal and continuous feature spaces) and is computationally 
efficient, making it a popular choice for data mining and 
machine learning applications.

In our model, from the six extracted feature vectors of 
different lengths, the three feature selectors generated 18 
(= 6 × 3) selected feature vectors of identical lengths (512 
features) that each contained the most informative features 
as determined by the respective selection functions. The 
steps are detailed below.

Step 3: Calculate qualified/sorted indexes of the six ex-
tracted feature vectors using NCA, Chi2 and ReliefF 
functions.

indg
r = FeatSelg (Fr, y) , u ∈ {1,2, . . . , 6} ,

g ∈ {1,2, 3} , F eatSel ∈ {NCA, Chi2, ReliefF} � (2)

where ind represents the qualified/sorted indexes; 
FeatSel(.), feature selection function; and y, actual output.

Step 4: Select the most informative 512 features using 
the calculated indexes to generate 18 selected feature 
vectors.

Sq (dim, x) = Fu (dim, indg
u (x)) , q ∈ {1,2, . . . , 18} ,

dim ∈ {1,2, . . . , NoIm} , x ∈ {1,2, . . . , 512} � (3)

where S represents the selected feature vector of length 512; 
and NoIm, the number of features.

Classification

The selected feature vectors were input to a standard shal-
low classifier, cubic SVM [32, 33], to generate 18 classifier-
wise results using a robust 10-fold cross-validation strategy. 
The steps are detailed below.

Step 5: Classify the selected features to generate classi-
fier-wise outputs.

Cq = SV M (Sq, y)� (4)

where C represents classifier-wise output; and SV M (.) ,

cubic SVM classifier.

vectors (Ss) of the same length with reduced dimensional-
ity that contained the most discriminative features, which 
were then fed to support vector machine (SVM) [32, 33] 
classifier to generate 18 classifier-wise outputs (Cs). Novel 
pruning-based iterative majority voting (PIMV) was used 
to aggregate the classifier-wise outputs, from which voted 
outputs were generated. From both classifier-wise and voted 
outputs, the most accurate output was chosen.

Deep feature extraction

We harnessed transfer learning for deep feature extraction 
through the deployment of DenseNet201 [29], ResNet50 
[30], and DarkNet53 [31], which had been pre-trained on 
the ImageNet1K dataset. The fully connected and global 
average pooling layers of each CNN were used to extract 
deep features, yielding six (= 3 × 2) feature vectors per input 
image. The steps are detailed below.

Step 1: Load the three pre-trained deep networks.
Step 2: Generate features using the fully connected layer 
and global average pooling layers to create six feature 
vectors. 

Fu = CNNk (I, layeri) , i ∈ {1,2, 3} , k ∈ {1,2} , u ∈
{1,2, . . . , 6} CNN ∈ {DenseNet201, ResNet50, DarkNet53} ,
layer = {FC, GAP}

� (1)

where FC represents the fully connected layer; GAP , 
the global average pooling layer; and F , extracted feature 
vector.

Feature selection

Three well-known feature selection functions were used. 
Neighborhood component analysis (NCA) [34] calcu-
lates the optimal linear transformation of the features that 
maximize the accuracy of the nearest neighbor classifier. 
Focusing on local neighborhood relationships in the data 
and assessing how effectively each feature discriminates 
between data points belonging to the same class and those 
from different classes, NCA identifies features that best 
contribute to accurate class label predictions. Chi2 [29], a 
statistical measure, is a fast feature selector for classifica-
tion tasks involving categorical data. Assuming data inde-
pendence, the Chi2 statistic is computed from the observed 
and expected frequency distributions of the feature: higher 
Chi2 statistic indicates a stronger dependency between the 
feature and the target variable, signifying feature relevance 
and discriminative utility for class prediction. ReliefF [35], 
a distance-based function, quantifies feature relevance from 
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the aggregated classifier-wise outputs while effectively 
excluding negatively affected classifier-wise outputs. From 
both classifier-wise and voted outputs, the output with max-
imum accuracy was chosen. The pseudocode (Algorithm 1) 
and detailed steps are provided below.

Information fusion

We introduced a novel modification of the iterative major-
ity voting [28], pruning iterative majority voting (PIMV), 
which was able to generated additional voted outputs from 

 Algorithm 1. Pseudocode for pruning iterative majority voting (which was implemented as a MATLAB .m file)

Input: Classifier-wise outputs

Output: Voted outputs

01: Sort classifier-wise results by descending order and obtain the qualified indexes ( ).

02: for h=3 to 18 do // Range of IMV is determined as from 3 to 18.

03:      for i=1 to do
04:           for j=1 to h do

05:                // Create an array. 

06:           end for j

07:           // Herein, is the voted vector.

08:      end for i
09: end for h
10: Calculate classification accuracies of the voted results

// Pruning

11: 

11: ;

12: for i=2 to 16 do

13:      if then // where is accuracy calculation function.

14:           

15:           

16:      end if
17: end for i
18: Select classifier-wise outputs by using a new array. 

19: Apply steps 01-09 to get voted results.
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deploying the maximum (max(.)) function; and FinRes, 
final result.

Steps 1 to 8 above defined our proposed DRDarkNet 
model.

Experimental results

Setup

The images were resized to 224 × 224 before input into the 
model. The model was implemented in MATLAB program-
ming environment on a personal computer with a 3.6 GHz 
central processing unit (without the need for the graphics 
card), 32 GB memory, and Windows 11 operating system. 
The parameters of the DRDarkNet model are summarized 
in Table 1.

Performance evaluation parameters

The model was evaluated using standard performance met-
rics: accuracy, precision, recall, and F1-score. We have used 
these performance evaluation metrics to get comprehensive 
results.

Step 6: Apply PIMV to classifier-wise outputs to gener-
ate the voted outputs.

Step 7: Compute classification accuracies of all outputs.

V = PIMV (C)� (5)

Where V  represents voted output.

at = acc (C) , t ∈ {1,2, . . . , 18} ar+18 = acc (Vr) , r ∈ {1,2, . . . , nv}� (6)

where a represents classification accuracy; and nv, the 
number of voted outputs.

Step 8: Select the final result based on classification 
accuracies. 

inx = max (a)� (7)

FinRes =
{

Cinx, inx ≤ 18
Vinx−18, inx > 18 � (8)

where inx represents the index of the results with maxi-
mum accuracy; inx, the index of the maximum accuracy by 

Table 1  Transition table of the DRDarkNet model
Phase Operation Parameters Output
Deep feature 
extraction

Pre-trained ResNet50, 
DenseNet201, DarkNet53

Feature extraction layers: FC, GAP F1: ResNet50 + FC
F2: ResNet50 + GAP
F3: DenseNet201 + FC
F4: DenseNet201 + GAP
F5: DarkNet53 + FC
F6: DarkNet53 + GAP

Feature 
selection

NCA, Chi2, ReliefF Selected feature vector length: 512 S1: ResNet50 + FC + NCA
S2: ResNet50 + FC+Chi2
S3: ResNet50 + FC+ReliefF
S4: ResNet50 + GAP + NCA
S5: ResNet50 + GAP+Chi2
S6: ResNet50 + GAP+ReliefF
S7: DenseNet201 + FC + NCA
S8: DenseNet201 + FC+Chi2
S9: DenseNet201 + FC +ReliefF
S10: DenseNet201 + GAP + NCA
S11: DenseNet201 + GAP+Chi2
S12: DenseNet201 + GAP+ReliefF
S13: DarkNet53 + FC + NCA
S14: DarkNet53 + FC+Chi2
S15: DarkNet53 + FC+ReliefF
S16: DarkNet53 + GAP + NCA
S17: DarkNet53 + GAP+Chi2
S18: DarkNet53 + GAP+ReliefF

Classification Cubic SVM Kernel: 3rd polynomial; C/box constraint 
value: 1; coding: one-vs-all; validation: 10-fold 
cross-validation

18 classifier-wise results

Information 
fusion

PIMV Range: 3 to 18; function: mode 10 voted results
Best result selection Maximum classification accuracy Best of 28 (= 18 + 10) results

** F feature vector, FC fully connected, GAP global average pooling, NCA neighborhood component analysis, PIMV pruning iterative majority 
voting, S selected feature vector, SVM support vector machine
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Results

Classifier-wise results

The best classifier-wise accuracy of 95.77% accuracy was 
attained with the 10th selected feature vector, which was 
formed using the combination of DenseNet201, global aver-
age pooling layer, and NCA (Table 2).

Voted results

Applying PIMV (Algorithm 1) to the 18 classifier-wise 
results, 10 voted results were obtained after pruning 6 nega-
tively affected classifier-wise outputs. The best-voted accu-
racy was 96.47% (Table 3), which improved upon the best 
classifier-wise results by 0.7%.

Overall result of the proposed DRDarkNet

Our model automatically selected the best result with the 
maximum classification accuracy, rendering DRDarkNet 
a self-organized deep feature engineering architecture. 
The model attained excellent overall 6-class classification 
accuracy of 96.47% on the study dataset with low rates of 
misclassification of the individual classes (Fig. 3), as well 
as excellent class-wise classification performance, with the 
best individual class classification performance seen in the 
crushing class (Table 4).

Analysis of the confusion matrix (Fig. 3) indicates which 
types of misclassification took place. The majority of mis-
classifications happened between injury types which shared 
similar tissue structures or located in adjacent body areas. 

Table 2  Classification performance of classifier-wise results calculated by support vector machine
No. Acc (%) UAP (%) UAR (%) F1 (%) No. Acc (%) UAP (%) UAR (%) F1 (%)
1 93.58 92.59 90.20 91.38 10 95.77 95.26 93.37 94.30
2 93.61 92.56 90.22 91.38 11 95.39 94.35 93.26 93.80
3 93.42 92.68 89.72 91.18 12 95.42 94.91 93.33 94.11
4 94.22 93.08 90.92 91.99 13 92.81 91.71 88.37 90
5 94.12 92.68 90.68 91.67 14 92.64 90.91 88.03 89.44
6 93.56 92.94 89.61 91.24 15 92.97 91.95 88.70 90.30
7 93.37 92.22 89.48 90.83 16 93.46 92.50 89.32 90.89
8 93.07 90.83 88.87 89.84 17 93.54 92.73 89.36 91.01
9 93.18 92.37 89.29 90.81 18 93.28 92.48 88.81 90.60
** Acc Accuracy, UAP unweighted average precision, UAR unweighted average recall, F1 F1-score

Table 3  Classification performance of voted results generated by pruning iterative majority voting
No. Acc (%) UAP (%) UAR (%) F1 (%) No. Acc (%) UAP (%) UAR (%) F1 (%)
1 95.79 95.26 93.56 94.40 6 96.29 95.93 93.60 94.75
2 96 95.62 93.40 94.50 7 96.47 96.02 94.16 95.08
3 96.40 96.04 94.20 95.11 8 96.40 95.89 93.76 94.81
4 96.05 95.84 93.48 94.65 9 96.36 95.92 93.87 94.89
5 96.43 96 94.16 95.07 10 96.10 95.76 93.61 94.67

Table 4  Class-wise performance of the DRDarkNet model for autopsy 
image classification
Class Accuracy (%) Precision (%) Recall (%) F1-score (%)
Crushing - 98.20 99.67 98.93
Choking - 95.72 95.72 95.72
Stabbing - 95.35 94.37 94.86
Gunshot - 94.40 95.27 94.83
Burn - 94.98 89.37 92.08
Drowning - 97.46 90.55 93.88
Overall 96.47 96.02 94.16 95.08

Fig. 3  Confusion matrix of the proposed model. Classes 1 to 6 
refer to crushing, choking, stabbing, gunshot, burns, and drowning, 
respectively
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Explainable AI (XAI) analysis

To enhance the transparency and interpretability of the 
proposed DRDarkNet model for forensic practitioners, an 
explainable artificial intelligence (XAI) analysis was per-
formed using Gradient-weighted Class Activation Mapping 
(Grad-CAM) [36]. Grad-CAM is a widely used visualiza-
tion technique for convolutional neural networks that gener-
ates class-discriminative localization maps by exploiting the 
gradients of the predicted class flowing into the final convo-
lutional layers. These maps highlight the image regions that 
contribute most strongly to the model’s classification deci-
sions. The analysis was applied to the DarkNet53 backbone, 
which is one of the core feature extraction networks within 
the proposed DRDarkNet architecture.

Figure 4 presents representative Grad-CAM visualiza-
tions for each of the six cause-of-death categories, with 
the first row showing the original autopsy images and the 
second row displaying the corresponding Grad-CAM heat-
maps overlaid on the images. As illustrated in the figure, the 
model predominantly focuses on anatomically and morpho-
logically relevant injury regions rather than background or 
irrelevant image areas. In crushing cases, activation is con-
centrated over regions exhibiting extensive tissue compres-
sion. In choking cases, the highlighted regions are primarily 
localized around the neck. For stabbing and gunshot inju-
ries, the model attends mainly to wound margins and areas 
of tissue disruption. Burn-related cases emphasize regions 
of charring and discoloration, while drowning cases show 
activation patterns over areas consistent with externally vis-
ible postmortem changes.

Overall, the Grad-CAM visualizations provide intuitive 
visual evidence that the proposed model bases its predic-
tions on forensically meaningful injury characteristics that 

The external appearance of stabbing wounds might lead to 
incorrect classification of stabbing cases as gunshot injuries 
because their external characteristics such as wound shape 
and size and tissue disruption appear similar. The external 
examination results from burn and drowning cases contained 
limited misidentification of cases because the external signs 
were either hard to detect or lacked clear identification.

The misclassifications do not prove that the system failed 
to identify visible injuries because they demonstrate how 
difficult it becomes to identify injury causes through visual 
inspection of external photographs. The visual appearance 
of external injuries became less clear because of two factors 
which included body region depiction and anatomical and 
contextual information. The process of determining lethal 
mechanisms in forensic work follows the same method 
which combines internal examination results with com-
plete case information that goes beyond visual inspection of 
external evidence.

The visual distinction of sharp force injuries does not 
explain why the stabbing category shows lower classifica-
tion performance in forensic settings. Real-world situations 
show that sharp injuries tend to appear with multiple wounds 
and combined sharp force mechanisms which create visual 
heterogeneity and label noise during external image-based 
classification. The evaluation of wounds becomes challeng-
ing because different wound characteristics including size 
and direction and depth and blood residue patterns create 
difficulties in identifying distinct tissue structures. The 
images show different injury patterns from sharp objects 
because the anatomical region where the injuries occur cre-
ates additional confusion. Collectively, these factors may 
reduce the model’s ability to consistently discriminate sharp 
force trauma from other injury categories based on external 
appearance alone.

Fig. 4  Representative Grad-CAM visualizations for the six cause-of-death categories

 

1 3

2160



International Journal of Legal Medicine (2026) 140:2153–2167

generated 18 classifier-wise and 10 voted results, from 
among which the best overall final result was chosen in a 
self-organized manner. On the 6-class dataset of autopsy 
images, the combination of DenseNet201, global average 
pooling layer, and NCA yielded the highest SVM-calculated 
accuracy of 95.77%. This combination was corroborated by 
comparisons of the performance of the various components 
of the model (Fig. 5), which showed DenseNet201, global 
average pooling layer, and NCA to be the best performing 
CNN, network layer, and feature selection function, respec-
tively, in terms of attained overall accuracy.

We acknowledge that contextual and anatomical cues, 
such as the body region shown (e.g., neck, head, or extremi-
ties) or background elements, may have contributed to the 
classification performance in addition to the visual character-
istics of the injury itself. This reflects real forensic practice, 

are consistent with medico-legal reasoning. By explicitly 
illustrating the image regions influencing classification 
decisions, this XAI analysis reduces the black-box nature of 
the model and supports the potential use of DRDarkNet as 
a decision-support tool in forensic practice. Such explain-
ability mechanisms are particularly important for potential 
clinical or medico-legal integration, as they support trans-
parency, expert oversight, and compliance with ethical and 
regulatory expectations in forensic practice.

Discussion

The DRDarkNet architecture, which comprised three pre-
trained CNNs, two network layers, three feature selec-
tors, one classifier, and an information fusion algorithm, 

Fig. 5  Comparison of the performance of pre-trained networks (a), network layers (b), and feature selector (c) on the study dataset
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DRDarkNet may have value for preliminary triage or educa-
tional use, but only with cautious interpretation and expert 
supervision.

Ablations

On the SVM classifier, the combination of DenseNet201, 
global average pooling layer, and NCA yielded the selected 
feature vector that produced the best result. This combina-
tion was used in the preliminary testing of various standard 
classifiers in the MATLAB Classification Learner Tool-
box. SVM outperformed the other classes of classifiers for 
testing all datasets by deploying ten-fold cross-validation 
(Fig. 6), which informed our choice of SVM as the classi-
fier for the DRDarkNet model. Further, we compared the 
performance of PIMV against iterative majority voting. The 
former attained 96.47% accuracy employing only nine clas-
sifier-wise outputs, which marginally surpassed the latter, 
which attained 96.45% accuracy using 17 of the 18 avail-
able classifier-wise outputs (Fig. 6).

The MATLAB Classification Learner Toolbox contained 
approximately 30 classifiers, which could be broadly clas-
sified into seven categories: tree-based (Tree); discriminant 
(Disc.); naïve Bayes (NB); support vector machine (SVM), 
(5) k-nearest neighbors (kNN); ensemble (Ens.); and artifi-
cial neural network (ANN).

Figure 7. Comparisons of the IMV and PIMV methods. 
Accuracy of voted results obtained by applying iterative 
majority voting (left, 16 voted results) and pruning itera-
tive majority voting (right, 10 voted results) on all 18 SVM-
calculated classifier-wise results.

We extended the ablation results and we compared fea-
ture sizes and these ablation results are tabulated Table 5.

Table 5 presents an extended ablation analysis. It reports 
the effects of feature size, backbone choice, and fusion on 
classification accuracy.

First, the feature size analysis is performed with 
DenseNet201. Accuracy increases from 93.98% at 128 fea-
tures to 94.55% at 256 features. The best result is obtained 

where injury patterns are interpreted in conjunction with 
anatomical localization. Nevertheless, the potential influ-
ence of such contextual information represents a limitation 
of the current study and may introduce bias if images dis-
proportionately emphasize injury-prone regions associated 
with specific causes of death. Future studies will address 
this issue by incorporating stricter image standardization, 
region-of-interest isolation, and multi-center datasets to 
reduce context-driven bias and improve generalizability.

In real-world practice, DRDarkNet is a decision-support 
tool for forensic medicine specialists. It is not a standalone 
system for determining the cause of death. Its role is to sup-
port autopsy image documentation and to support consis-
tent interpretation across cases. The explainable artificial 
intelligence module provides transparency by indicating the 
image regions associated with the final decision.

Use by non-specialist personnel without full medico-
legal context is not appropriate. In forensic medicine, cause-
of-death decisions require a complete evaluation beyond 
external images. In settings with limited forensic resources, 

Fig. 7  clearly demonstrates that 
the best classifier among the 
tested classifiers is SVM

 

Fig. 6  Accuracies obtained with various classifiers on the selected fea-
ture vector obtained using the DenseNet201, global average pooling 
layer, and NCA combination
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Table 5 highlights that feature size matters, 512 features 
are the best option, DenseNet201 is the best single back-
bone, and fusion improves accuracy.

Comparative results

In this study, we propose DRDarkNet, a deep feature engi-
neering framework designed to improve the classification 
performance of three CNN backbones. To evaluate its effec-
tiveness, we compare DRDarkNet with representative state-
of-the-art models. Since the dataset size is relatively small, 
fully end-to-end training may not produce stable or optimal 
results. Therefore, we adopt a deep feature extraction strat-
egy to provide a fair comparison. For this purpose, Efficient-
NetB0, ViT B-16, and Swin-T are used as baseline models, 
and their classification accuracies are reported in Fig. 8.

Figure  8 compares the classification accuracy of 
DRDarkNet with three common state-of-the-art baselines 
(EfficientNetB0 [37], ViT-B/16 [38], and Swin-T [39]) 
under the same evaluation setting. The results are clear: 
DRDarkNet achieves the highest accuracy (96.47%), while 
EfficientNetB0 reaches 94.88%, Swin-T reaches 94.32%, 
and ViT B-16 reaches 91.49%. In absolute terms, DRDark-
Net increases accuracy by + 1.59% over EfficientNetB0, 
+ 2.16% over Swin-T, and + 4.98% over ViT B-16. This 
consistent improvement indicates that DRDarkNet pro-
vides a more reliable decision output for multiclass forensic 
image classification.

The baseline ranking is also meaningful. EfficientNetB0 
is a strong CNN baseline and performs well on medium-
sized datasets because it captures texture and local patterns 

with 512 features (95.77%). When the feature size is 
increased to 768, accuracy slightly decreases to 95.39%. 
These results indicate that 512 selected features are suf-
ficient for this dataset and that larger feature vectors add 
limited benefit.

Second, the single-backbone results are compared at 512 
features. DenseNet201 gives the highest accuracy (95.77%). 
ResNet50 reaches 94.22%, and DarkNet53 reaches 93.54%. 
This ranking indicates that DenseNet201 produces more 
informative features for external autopsy photographs in 
this study.

Third, the fusion results are reported. The two-backbone 
setting (DenseNet201 + ResNet50) reaches 96.12%. The full 
DRDarkNet configuration reaches 96.47%. These results 
support the use of multi-backbone fusion and indicate that 
combining backbones improves overall accuracy.

Finally, an additional test is performed without the FC 
layer. In this case, the DRDarkNet accuracy decreases by 
about 0.8% points. This result indicates that FC-based fea-
tures contribute useful information and improve the final 
classification.

Table 5  Ablation results
Configuration Selected feature Accuracy (%)
DenseNet201 128 93.98
DenseNet201 256 94.55
DenseNet201 512 95.77
DenseNet201 768 95.39
ResNet50 512 94.22
DarkNet53 512 93.54
DenseNet201 + ResNet50 512 96.12
DRDarkNet 512 96.47

Fig. 8  Comparative results 
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angle, background, and documentation routines. These dif-
ferences may cause domain shift and reduce performance 
on external datasets. Future work will include multi-center 
data collection, external validation, and controlled robust-
ness tests under systematic variations such as illumination 
change, blur, compression, scale, rotation, and partial occlu-
sion. We will also study domain adaptation and standard-
ization strategies, including color normalization, exposure 
correction, and test-time adaptation, to improve transfer 
across centers.

Second, the current study uses pre-trained CNNs mainly 
as fixed feature extractors. Fine-tuning may improve perfor-
mance, but it can increase training cost and overfitting risk. 
In future work, we will evaluate several training strategies, 
including partial fine-tuning, progressive unfreezing, and 
lightweight adaptation methods. We will report accuracy 
together with compute cost and training time to provide a 
clear complexity–performance profile. In addition, we will 
expand comparative experiments with new-generation mod-
els, including recent CNN families and transformer-based 
architectures, under the same evaluation protocol and with 
macro-level metrics for imbalanced data.

Third, the feature selection stage uses a limited set of 
selectors and mainly fixed feature lengths. Future work will 
expand ablations to include wider feature lengths, stability 
analysis across folds, and iterative feature selection strate-
gies [40]. We will also analyze the sensitivity of the pipeline 
to the selected feature size and decision thresholds, and we 
will report confidence intervals to improve statistical reli-
ability. Moreover, we will study alternative fusion strategies 
and reliability-weighted voting to strengthen the self-orga-
nized decision mechanism.

Fourth, we will develop new deep learning models that 
perform feature engineering inside the network. In this 
direction, feature selection, feature fusion, and decision 
fusion will be implemented as trainable, self-organized 
modules. The goal is to build new-generation deep feature 
engineering networks that maintain high accuracy on small 
forensic datasets by enforcing structured representation 
learning, redundancy control, and stability constraints. We 
will also design compact versions of these models for low-
resource environments, and we will investigate knowledge 
distillation so that a smaller model can retain the accuracy 
of the full pipeline.

Fifth, we will extend the method to address practical 
forensic needs. A single external image may not capture the 
full context of a case. Therefore, future work will include 
case-level modeling with multi-view photographs, and we 
will integrate structured autopsy findings and metadata 
when available. We will also evaluate open-set behavior 
and unknown-class detection, since real-world cases may 
include injury types outside the training set. In addition, we 

effectively. Swin-T is a modern transformer model and 
performs close to EfficientNetB0, but it does not surpass 
DRDarkNet in this experiment. ViT B-16 shows the lowest 
accuracy, which is expected because standard ViTs usually 
need larger datasets and stronger training strategies to reach 
CNN-level performance in domain-specific image tasks.

Figure 8 highlights the main contribution of the proposed 
method. DRDarkNet benefits from combining multiple deep 
feature extractors, reducing noise with feature selection, and 
improving stability with decision fusion. This hybrid struc-
ture is important for forensic images where visual evidence 
can be complex and variable. Therefore, the results in Fig. 8 
demonstrate that DRDarkNet is competitive with strong 
CNN and transformer baselines and achieves the best accu-
racy in this comparison.

Highlights

We trained and tested the DRDarkNet model on a new 
autopsy image dataset, which to our knowledge, was 
the most extensive. Our model attained excellent overall 
6-class and as well individual class classification perfor-
mance, which attested to the ability of the pre-trained CNNs 
to extract relevant deep features from the forensic images. 
Among the model components, DenseNet201, global aver-
age pooling layer, and NCA were demonstrated to be the 
best performing CNN, network layer, and feature selection 
function, respectively, in terms of overall accuracy. For 
individual classes, the best classification performance was 
observed for the crush class. The addition of novel PIMV-
based information fusion conferred incremental accuracy 
using fewer classifier-wise outputs. Further, by incorporat-
ing an algorithm that selected the best overall result, the 
model became fully self-organized, and therefore more 
suited for automated diagnostic applications. Through the 
use of transfer learning, training times were reduced com-
pared with training deep models from scratch. Overall, 
the components of our model were computationally light-
weight, which enhanced the ease of implementation.

Limitations and future works

The presented DRDarkNet is a self-organized deep feature 
engineering model. In this aspect, it contributes to both 
feature engineering and deep learning, but it has a few 
limitations.

First, although the dataset is relatively large, it was col-
lected from a single medical center. This limits cross-center 
generalizability. In real practice, imaging conditions dif-
fer across institutions due to camera type, sensor quality, 
lens properties, resolution, illumination, shooting distance, 
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