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Abstract:   3D trajectory-based recognition remains a challenging task in public authentication systems. 

Traditional authentication systems rely on memorized credentials, are susceptible to information leakage, 

and often depend on fingerprints, making them vulnerable to security breaches. Its capability to 

categorize attributes such as handedness, gender, and age groups highlights the uniqueness of this 

feature and its potential for further development in emerging applications. This work presents the 

utilization of feature extraction and selection techniques for recognition of online characters through the 

analysis of online data. Recognition has been carried out using various supervised machine learning 

models using Random Forest, Support Vector Machines, Hidden Markov Model (HMM), and deep learning 

models like CNN. 

Experiments are carried out using performance criteria including accuracy and other parameters. This 

study demonstrates that ensemble methods such as Random Forest surpass alternative approaches, for 

early detection and public authentication. 
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Introduction 

These three-dimensional motion trajectories are records of moving objects that are kept in a computer as 

raw coordinate temporal sequence. [1]. 

The ability to recognize 3D motion trajectories involving human-computer interaction, it is crucial this 

includes language recognition, robotics control, gesture recognition, and action comprehension [1, 2, 5, 

10]. The identification of 3D motion trajectories is fraught with difficulties.  

The primary objective of this research is to detect unique characteristics in a person's handwriting and 

develop a text-independent method for nearly flawless user identification to remove the challenges given 

by the conventional approach. Machine learning and deep learning were among the methods employed 

to accomplish this goal. A digital pen tablet sensor's fine-motor numerical properties of human 

handwriting are used for feature extraction, feature selection techniques to extract and choose pertinent 

features, and user classification using those features. 3D motion trajectory recognition is a challenging 

task. These trajectories show how objects move, captured as unprocessed coordinates in computer-

stored temporal sequences [6]. Human beings, robots, pen tip movements, and fingers are examples of 
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moving objects. When describing these 3D trajectories with primitives rather than just raw data, efficiency 

can be greatly increased. [7-18]. 

 

Related work 

Capturing a clear image depends on a number of factors, including lighting, image encoding, brightness, 

and image quality [2]. Additionally, preparation to improve the image increases computing expense and 

complexity. The key elements found in a person's handwriting's numerical values are overlooked by 

image-based models. 

Guo et al. (2017) employed histogram of gradients (HOG) and double level kernel self-similarity matrices 

(DKSM) as features [16]. A user authentication system using digital pen-tablet sensor data is presented by 

Begum et al. [18]. It is observed that there is still a scope to work on using blends of features like slope, 

angular, z score statistical calculations features to maximize the accuracy. 

The proposed framework’s process flow is depicted in Figure 1. 

 

 
Figure 1. Proposed Methodology of framework. 

 

Table 1. Compare the previous research by other researchers 

Author Year Type 

(2D/3D) 

Feature Extraction 

Method 

Classification 

Method 

Dataset / 

Characters 

Output 

Blumenstein 

et al. [19] 

2003 2D Geometric features Neural 

network 

English characters 80% 

Lee et al. 

[20] 

2004 3D Contour-based 

features 

Block-

difference 

method 

English characters 

(1248 samples) 

- 
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Rani et al. 

[21] 

2011 3D Left diagonal line 

crossing and corner 

features 

- English characters 84.52% 

Dinesh et al. 

[22] 

2012 3D Geometric and 

regional features 

Neural 

network 

English characters 

(650 images) 

- 

 

 

 

 

Key Contribution 

To explore and compare the performance of various optimized set of discriminative features It is crucial 

for improving recognition performance while maintaining computational efficiency. 

 

Experiments and Results 

The handwriting data were collected using an external digitizing tablet, along with a cordless digital stylus 

pen. A graphical user interface (GUI)–based acquisition program was used, which displayed a writing box 

and additional control options on the screen. Participants were instructed to write only within the 

designated box. The program recorded the handwriting as a sequence of (X, Y) coordinate points using 

the pen position sensor, along with pen-up and pen-down signals. However, pressure information from 

the stylus was not captured. 

The standard CHAR3D “mixout” character dataset consists of raw samples of 20 English 3D characters 

generated using a pen-tablet–based interface. Each character was repeated more than 100 times, 

resulting in a total of 2,858 recorded character samples. The collected data were processed using Gaussian 

smoothing and numerical differentiation. The character information is represented as sequences of  

(x,y,z) coordinate points. The Random Forest (RF) classifier is a supervised learning algorithm that 

operates using an ensemble of decision trees. 

 
Figure 1. The Impact of RF classification over CHAR3D dataset. 
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Conclusions 

The performance and efficacy of identifying 3D motion trajectories of lowercase alphabetic characters are 

assessed in this work using a ten-fold cross-validation technique, as shown in Figure 2. For the 3D motion 

trajectories of lowercase alphabetic characters, the maximum average recognition accuracy of 89% was 

attained. In order to enhance accuracy, it is noted that there is still room for improvement when utilizing 

a combination of features such as slope, orthocenter, GLCM, angular, and z score calculations. 
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