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ABSTRACT: A Fingerprint plays an important role in identifying an individual in forensic and criminal investigations. Fingerprint 
ridge density is considered one of the most important features for sex classification. The present study intends to classify sex using 
fingerprint ridge density through a machine learning model, i.e., Random Forest. A total of 2040 fingerprints of 204 participants 
(102 males and 102 females) were collected from the north Indian population using a standard methodology. Ridge density in the 
three topological areas of fingerprints,i.e., radial, ulnar, and proximal areas, was assessed. Taking all the areas into consideration, 
the data of fingerprint ridge density was used to train the Random forest algorithm. The training and testing of the model data were 
taken in a ratio of 70:30, respectively (training dataset = 1428; testing dataset = 612). Random forest provided an accuracy of 81.53% in 
sex classification using fingerprint ridge density. The paper discusses the evaluation report of the accuracy of the parameters of the 
Random forest in detail. The study concludes that the machine learning models, such as Random forest can be utilized for sex 
classification from fingerprint ridge density. The study proposes its direct application in forensic examinations, especially when 
there is no clue about the perpetrator, and the sex of the perpetrator can be predicted from fingerprints recovered from the crime 
scene using the present customized model. 
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1. Introduction 

There are different types of biometric evidence, such as iris patterns, facial features, voice, gait patterns, etc., that 
form a robust identification system for personal identification [1]. The fingerprint recognition is the most prominent 
parameter for the identification of a human being because of its unique, permanent, and inimitable features. Common 
evidence that one can come across at crime scenes is a fingerprint, which can help to narrow down the investigation. 
Fingerprints may be recovered from numerous objects such as cutlery, window glasses, doorknobs, the steering of a 
vehicle, and even from human skin [2]. In the 21st century, artificial intelligence and machine learning play a very 
important role in forensic science for identification purposes. Because of concern about security, authentication, 
forensic and criminal investigation, fingerprints have gained attention as an essential feature of human beings [3]. So, 
Artificial intelligence is playing a vital role in the recognition and identification of an individual through fingerprints, if 
trained well. Fingerprint patterns and ridge density are very imperative aspects of the fingerprint science, which make 
them biological traits for anthropological and forensic studies [4,5]. Fingerprint ridge density (FPRD) can be defined as 
the number of ridges present per unit area of a fingerprint [6]. FPRD can also be defined as the ridge count present in a 
defined area of a fingerprint, and it can be considered as an important parameter to classify the sex of a person from a 
fingerprint [7]. Females tend to have higher ridge density as compared to males because males have larger body 
proportions with greater surface area than females, which results in the distribution of a similar number of ridges on a 
larger surface area [8]. There are many studies conducted by different researchers on different sets of populations to 
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classify the sex of the fingerprint through the FPRD [9–11]. Ridge density has not only been evaluated on the fingers but 
also on the footprints [12] and palmprints [13] for sex classification of the individuals. These studies have been 
conducted using manual analysis, i.e., calculation of the FPRD by counting the fingerprint ridges manually. 

After going through the literature, it has been observed that no study used artificial intelligence (AI) and machine 
learning (ML) models to classify fingerprints on the basis of fingerprint ridge density, i.e., FPRD. However, there are 
few studies that classified the sex of the person based upon fingerprints, but they used different parameters or features of 
the fingerprints, and research has been done on the other aspects of fingerprint classification algorithms, including 
classification and detection [14,15]. Using a time domain technique and systematic pixel counting, A gender detection 
system was developed for fingerprints that achieved 90.2% accuracy for females and 96.4% for males [16]. The dataset 
used by the researchers was a secondary dataset. However, the method is not appropriate for low-quality latent 
fingerprints. Similarly, for latent fingerprint segmentation, [17] integrated local ridge frequency characteristics with 
fingerprint ridge orientation. The suggested work used small and different datasets, which was the biggest drawback. 
Additionally, the proposal did not include matching algorithms and ridge types, among other aspects. Researchers used 
different classifiers to classify fingerprints with Naïve Bayes, SVM, Logistic Regression, and Random forest, where 
they found Random forest to be the most sensitive for gender segregation [18]. But they worked on fingerprint images 
where they used termination and bifurcation as characters for fingerprint minutiae, not fingerprint ridge density. A 
comparative approach of fingerprint based gender identification was made through different machine learning models 
like Principal Component Analysis (PCA) and fused features for gender classification [19]. He made a comparison for k 
nearest neighbors (KNN) and SVM, where SVM has shown better accuracy, but again, the study was not based on 
FPRD but on other characteristics of fingerprints. The limitation of earlier studies is that the researchers did not use 
population specific data or data of a particular endogamous population group to classify the sex of the fingerprint 
through fingerprint ridge density. The previous studies were also not utilized Random forest for sex classification with 
the features of fingerprint ridge density. 

The objective of the research is to classify sex using fingerprint ridge density through Random Forest as a tool of 
machine learning. The Random Forest model was customized to classify the sex of the fingerprint through FPRD. The 
present study may have implications in sex determination from fingerprints recovered from the crime scene and may 
help to reduce the burden of the investigating officer, i.e., after knowing the gender or sex of the criminal, the officer 
may focus the investigation on a particular sex. 

2. Material and Methodology 

Participants and data collection: The fingerprints of the north Indian population aged between 18 to 45 years 
were collected on fingerprint card with the help of a standard and sophisticated inkpad. A total of 2040 fingerprints from 
204 participants (102 males and 102 females) were collected. The standard procedure given was followed for recording 
the fingerprints. Rolled fingerprints, i.e., nail to nail prints, were taken instead of press prints [20]. The most important 
concern of the study is maintaining the privacy and anonymity of the subjects. Ethical clearance was taken for collecting 
the data from the Panjab University Institutional Ethics Committee (PUIEC) vide letter no EC-D-2405-283.  

Inclusion and exclusion criteria: In this study, only healthy individuals in a specific age group, i.e., 18–45, have 
been included. Persons with severe injuries, scars, or disease, deliberate alterations, or incomplete fingerprints were 
excluded from the study. 

Calculation of fingerprint ridge density (FPRD): For the calculation of fingerprint ridge density (FPRD), the 
standard methodology as described was used [7]. The number of ridges that occur in the 5 × 5 mm square in the three 
areas,i.e., Radial, Ulnar, and Proximal area, were calculated (Figure 1). The square of 5 × 5 mm on a transparent film 
was made and placed on the fingerprint above the core of the fingerprint to calculate the ridge density. Six types of 
fingerprint patterns i.e,. Radial Loop, Ulnar Loop, Single Spiral Whorl, Double Spiral Whorl, Simple Arch and Tented 
Arch were taken in the study to calculate the fingerprint ridge density. The procedure of calculating ridge density of the 
fingerprint pattern is shown in Figure 1. After calculating the ridge density of all three areas (radial, ulnar, and proximal 
areas) of the fingerprint, the CSV file was made, and analysis was done by using an RF model. The CSV file consisted 
of the features of ridge density, i.e., radial, ulnar, and proximal ridge density. The customized model has been deployed 
using the Python language. An online platform, i.e., Google Colab has been used for implementing the Python code. 
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Figure 1. Figure showing the ridge density of radial, ulnar, and proximal areas on the fingerprint pattern. 

Steps of utilization of Random forest (RF): A classification algorithm of machine learning was deployed for 
classifying sex using fingerprint ridge density. The key steps of the proposed methodology are depicted in figure Table 
1. This section outlines the details regarding the data preprocessing, training of the RF model, and its testing. The first 
step in the proposed approach is fingerprint data collection. The ridge density information from a sample was computed 
by placing a 5 × 5 mm square of transparent film on the fingerprint core region (Figure 1). It assisted in computing the 
number of ridges in the radial, ulnar, and proximal areas of the fingerprints. The CSV file was prepared, which includes 
the numerical dataset of FPRD. This raw data was further pre-processed by selecting relevant features of FPRD, i.e., 
radial, ulnar, proximal, and normalizing the collected data. The ML model used in the work is RF, which has been coded 
in Python programming language on Google Colab, which is an online platform. 

In general, RF models are sensitive to the scale of the data. Grid search was used because it ensures the best-performing 
hyperparameters are used for final testing. Grid Search also improves model generalization and prevents under/overfitting. 
Table 1 shows the steps and the description for sex classification of the data through fingerprint ridge density. 

Table 1. Steps for using the random forest machine learning tool for sex classification of fingerprints through FPRD. 

Steps Description 
1. Data Collection Gather labeled data with features of fingerprint ridge density and gender labels (0 = Female, 1 = Male). 
2. Preprocessing  Handle missing values, encode categorical features, and normalize/standardize data.  

3. Feature selection 
Identify relevant features (fingerprint ridge density of radial, ulnar, and proximal area in the CSV file) using 
correlation or importance metrics. 

4. Train-Test split Split the dataset into training and testing sets (70:30). 

5. Model Training 

Train a Random Forest classifier on the training data. 
Parameters tuned: 
 n_estimators (number of trees) 
 max_depth (tree depth) 
 min_samples_split (split criteria) 
 min_samples_leaf (leaf size) 
 Grid Search with 5-fold cross-validation selected the best combination.) 

6. Predication Use the trained model to predict gender on the test set. 
7. Evaluation Evaluate performance using accuracy, precision, recall, and a confusion matrix. 
8. Deployment Deploy the model into a real-world application or forensic and crime scene investigation. 

There are several metrics, like Accuracy, Confusion Matrix, Area Under the ROC Curve (Receiver operating 
characteristic curve, area under the curve; AUC), Precision, Recall, and F1-score, used for model evaluation, which are 
shown in the results section. The evaluation parameters can be computed using the following formulae: 

Accuracy ൌ
TP ൅ TN

TP ൅ TN ൅ FP ൅ FN
 (1) 

Precision ൌ
TP

TP ൅ FP
 (2) 
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Recall ൌ
TP

TP ൅ FN
 (3) 

F1 score ൌ
2 ∗ Precision ∗ Recall

Precision ൅ Recall
 (4) 

Sensitivity ൌ
TP

TP ൅ FN
 (5) 

Specificity ൌ
TN

TN ൅ FP
 (6) 

where, TP = True positive, TN = True Negative, FP = False positive, and FN = False negative. For binary classification, 
the ROC curve plots the true positive rate against the false positive rate at various thresholds. The area under the curve 
(AUC) gives an overall indication of model performance. 

3. Results and Discussion 

The results achieved from the proposed ML-based approach are analyzed. As described in the methodology, the 
dataset in the CSV file comprised ridge density of 2040 fingerprint samples that include radial, ulnar, and proximal 
ridge density, with 1020 samples each for male and female participants. The dataset of FPRD was pre-processed and 
split into training and testing sets for the implementation of the RF algorithm. The RF model is trained on 70% of the 
dataset (1428 samples) and tested on the remaining 30% (612 samples). The performance of the RF model for 
classifying sex based on fingerprint ridge density is evaluated using standard classification metrics like accuracy, 
precision, recall, F1-score, confusion matrix, and the ROC curve.  

As per the classification, out of 612 fingerprint testing samples, the model is able to recognize 81.53% of the data 
correctly. The highest precision value of 82% is achieved by the model for classifying the female label, and 82% for the 
males. The confusion matrix in Figure 2 indicates that the model correctly classified the majority of the data samples, 
with a balanced classification between both male and female categories. From the test set, the model assigns 251 
samples as true positives and 248 samples as true negatives. 

 

Figure 2.Confusion matrix for sex classification based on FPRD using RF. 

The evaluation, as per the confusion matrix (Figure 2), computed by Random forest (RF) for the ridge density of 
the fingerprint is given below: 
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Accuracy = 251 + 248/(251 + 248 + 55 + 58) = 0.8153 i.e., 81.53% (7) 

Precision = 251/(251 + 55) = 0.82 (8) 

Recall = 251/(251 + 58) = 0.81 (9) 

F1 Score = 2 × 0.82 × 0.81/(0.82 + 0.81) = 0.814 (10) 

where, TP = 251, FN = 58, TN = 248 and FP = 55 
The ROC Curve for the experiment is presented in Figure 3 where the black dashed line depicts the line of random guess. 

Sensitivity = 251/(251 + 58) = 0.81 (11) 

Specificity = 248/(248 + 55) = 0.81 (12) 

The Receiver Operating Characteristic (ROC) curve (Figure 3) is plotted to visualize the trade-off between the true 
positive rate (sensitivity) and the false positive rate (1-specificity), where the black dashed line depicts the line of 
random guess. To further analyze the performance of the binary classifier, the area under the curve (AUC) was also 
computed. The AUC value of 0.90 is obtained across different threshold values, signifying the reliable performance of 
the model. As per the interpretation done by Çorbacıoğlu and Aksel (2023) [21], the AUC value of more than 0.8 is very 
significant, which shows that the model is able to differentiate the given dataset. 

 

Figure 3. The ROC curve depicts the trade-off between sensitivity and specificity. 

The random forest learns the difference in ridge density between males and females when trained on the dataset. 
RF is able to classify 81.53% of the data correctly. One can estimate the pattern of the fingerprint, but sex estimation 
from the fingerprint on the crime scene remains a challenge for forensic anthropologists. Therefore, the sex 
classification from fingerprint ridge density through a machine learning technique may enhance the functionality of a 
system for sex recognition and human-computer interactions. A gender prediction model using the random forest 
algorithm was built through fingerprints, where they used parameters such as ridge endings, bifurcations, number of 
cores, and deltas, where they found the model reasonably accurate [22]. Further Ref. [23] proposed an efficient tool with 
99% for fingerprint classification as real or altered by combining histogram oriented gradient and Gabor filters with a 
random forest. But the features of the fingerprint were not mentioned for classification purposes.  
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In the previous studies (Table 2), researchers used the images of fingerprints to train the RF model, but did not use 
the ridge density in the numerical value of radial, ulnar, and proximal areas. One reason for the low accuracy can be the 
dataset used by the researchers. In the present study, the data of a particular population has been taken, which can help 
forensic scientists to solve the case based on the geographical location where the particular population is located. The 
major advantage of the RF is that it can potentially be used as the presumptive indicator of the sex classification of any 
unknown fingerprint left at the crime scene. The findings indicate that the RF model can differentiate between male and 
female fingerprint samples using ridge density measurements. The features of FPRD offered a consistent and 
comprehensible depiction of the variations found between male and female fingerprints. 

Table 2. Previous studies of machine learning approaches for sex classification of fingerprints. 

Authors Year Approaches Used Parameters Used Performance 
Narayanan A, Sajith K 

[16] 
2019 Histogram equalization pixel count  Fingerprint images 

90.2% for females 
96.4% for males 

Athiraja A, et al. [17] 2014 Discrete Fourier Transform Fingerprint Ridge orientation 77% 

Tiwari M, Mishra A [18] 2022 
SVM, RF, Naïve Bayes, Logistic 

regression 
Fingerprint Images with minutiae 

characters 
RF was most 

sensitive 
Pisharody AS et al. [22] 2016 Random Forest Minutiae characters Reasonably accurate 

Jasem FM et al. [23] 2014 HOG, Gabor filters with RF Fingerprint images (real or altered) 99% 
Proposed work  Random Forest  Fingerprint Ridge density (FPRD) 81.53% 

4. Limitations and Recommendations 

Forensic crime scenes must be categorized by sex to enable artificial intelligence algorithms to assist in locating the 
culprit as soon as possible. When a forensic examiner finds a fingerprint, he/she can shortlist suspects and victims from 
crime scenes based on sex classification. Therefore, the RF can be used in forensic investigations to classify sex based 
on fingerprint ridge density, thereby saving manpower. The best outcome of RF, with an accuracy of 81.53% has been 
achieved when evaluated using the confusion matrix for the ridge density of fingerprints. However, if the dataset will be 
increased to know the sex of the fingerprint through FPRD, then the accuracy may increase because the model will be 
able to learn more and more about the dataset and give more accurate results. There may be some factors that influence 
fingerprint ridge density, like age, sex, hand dimension etc. For example, when we compare fingerprint ridge density to 
the hand length, there is a strong correlation in both males and females [24]. The major role random forest (RF) can play 
is that it can save the time and energy of the forensic examiner on a particular case by just putting the data of the ridge 
density into the model of random forest (RF), which classifies the given data between male and female. So, more studies 
are suggested with a larger dataset so that RF can give more accuracy. The present study was conducted on a specific 
population; there may a lot of variations among people of different regions and ancestries. Therefore, further studies are 
suggested among diverse populations residing in different areas to validate FPRD further using ML models, to 
determine whether RF holds greater potential to classify sex based on fingerprint ridge density. 

5. Conclusions 

This study concludes that the machine learning models, such as RF, can be utilized for sex classification of 
fingerprints on the basis of FPRD. The results of this study demonstrate that the RF model of machine learning can 
classify sex based on fingerprint ridge density with an accuracy of 81.53%. Moreover, with regard to sex classification, 
variations in fingerprint ridge density through the RF model of AI have not been presented earlier. The present research 
evaluates the variability of fingerprint ridge density in the radial, ulnar, and proximal areas of fingerprints with the help 
of an ML model, i.e., RF. There is direct application of RF, which can be utilized in crime scene investigation and 
forensic examinations, especially when there is no clue criminal or sex of the criminal can be predicted from 
fingerprints recovered from the crime scene using the present customized model. 
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