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Abstract— Human behaviour identification is a 

significant research domain in computer vision 

and deep learning, as it has extensive use in areas 

such as observation, healthcare monitoring, and 

intelligent systems. Nevertheless, precisely 

discerning human actions from visual data 

remains difficult due to fluctuations in mobility, 

diverse camera angles, and evolving settings. 

Numerous current systems employ conventional 

machine learning techniques or rudimentary 

convolutional neural networks, that frequently fail 

to adequately capture both both temporal and 

spatial information. This research presents a 

multi-scale deep learning techniques framework 

for the classification and analysis of human 

behaviour. The system initiates with dataset 

upload, preprocessing, and partitioning to ready 

the data for testing and training purposes. The 

basic CNN2D model is employed to extract spatial 

data from images, whilst a CNN3D model is 

implemented to collect spatial as well as temporal 

characteristics from video sequences. A hybrid 

model integrating CNN, GRU, and bidirectional 

layers is generated to enhance the comprehension 

of sequential patterns and elevate overall 

predictive performance. The system comprises 

modules for showing accuracy and loss graphs, in 

addition to facilitating the comparison of various 

models' performance. Experimental findings 

indicate that the suggested framework attains 

superior accuracy and enhanced performance 

relative to conventional methods. This enhances 

the system's reliability for real-time human 

behaviour identification tasks. 

Keywords— Human Behaviour Recognition, Deep 

Learning, CNN2D, CNN3D, GRU, Bidirectional 

Networks, Multiscale Framework, Activity 

Classification 

I. INTRODUCTION 

Human behavior recognition (HBR) represents a 

significant and expanding domain within computer 

vision. It is extensively utilized in practical 

applications like surveillance systems, healthcare 

observation, human-computer interaction, and 

intelligent settings. The primary objective of HBR 

research is to autonomously recognize and categorize 

human actions using video or data from sensors. 

Nonetheless, this task is challenging due to the 

variability of human movements influenced by 

variances in mobility, angles of camera, background, 

lighting circumstances, and occlusions, as elaborated 

in [1] and [4]. These issues get increasingly intricate 

in real-world contexts, as emphasized in [6]. 

Previous methodologies for behaviour recognition 

predominantly depended on conventional techniques, 

including the extraction of features, feature 

descriptions, and classification. These methodologies 
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employ techniques such as detection of edges, motion 

tracking, and manually built characteristics to 

identify human actions. While they function to a 

degree, they exhibit sluggishness, less adaptability, 

and significant susceptibility to noise and 

environmental fluctuations, hence constraining their 

efficacy in real-world applications as detailed in [2]. 

Comparable challenges have been documented in [8] 

as well as [12], wherein comparable approaches 

exhibit worse performance in intricate situations. 

 

The advancement of deep learning, particularly 

convolutional neural networks (CNNs), has markedly 

enhanced the efficacy of behavior recognition 

systems. These models can autonomously extract 

features from data, diminishing the necessity for 

manual labor. Models are categorized into 2-

dimensional CNN & 3D CNN based on the 

application of convolution. The 2D CNN primarily 

emphasizes spatial characteristics in images, although 

it is unable of capturing temporal motion. 

Conversely, the 3D CNN is capable of processing 

video sequences and assimilating both time and space 

information, rendering it more proficient at 

recognizing dynamic human actions, as demonstrated 

in [5]. An enhanced temporal modeling method has 

been presented in [9], which augments achievements 

in real-time applications. 

In recent years, numerous sophisticated models, 

including C3D, ECO, and TSN, have been created to 

enhance behavior recognition. These models can 

acquire superior feature representations and 

differentiate between various activities with greater 

precision. Researchers have additionally focused on 

enhancing performance using tactics such as attention 

processes and optimization methodologies, as 

outlined in [10]. The significance of deep learning in 

enhancing behavior recognition has been emphasized 

in [13] and [18], resulting in improved accuracy and 

robustness. 

Despite these enhancements, difficulties persist. 

Human behavior is intricate and may vary according 

to differing circumstances. Single-scale models fail to 

capture characteristics at varying levels, hence 

diminishing accuracy. Additionally, issues such as 

occlusion, ambient noise, and minor or sluggish 

movements complicate recognition, as noted in [3], 

along with [7]. Environmental variables and system 

constraints also influence performance, as elaborated 

in [11]. 

This research presents a multi-scale deep learning 

framework that allows the classification and analysis 

of human behavior to overcome these difficulties. 

The proposed system integrates many models, 

including CNN2D for spatial feature extraction, 

CNN3D for spatiotemporal information capture, and 

hybrid models such as CNN , GRU with bidirectional 

layer for sequence learning. This methodology 

enhances feature learning, elevates model 

performance, and attains superior accuracy relative to 

current techniques. 

 

 

 

II. LITERATURE SURVEY 

The recognition of human behavior through skeletal 

data has garnered considerable interest due to its 

clear and shortened feature representation, which is 

less susceptible to fluctuations in appearance. In the 

research conducted by [M. Z. Sun] et al. in [2022] 

[2], a refined feature extraction technique named 

ExGist was introduced to enhance the representation 

of human bone joint data for action recognition 

purposes. The approach use OpenPose to obtain joint 

coordinates and integrates it into thermodynamic 

mapping to improve feature representation. The 

ExGist Feature feature is intended to encapsulate 

local and global attributes of skeletal information 

while preserving the benefits of the conventional Gist 

feature. Experimental findings indicate that ExGist 

outperforms the conventional Gist feature across 

many classifiers. Moreover, in comparison to 

advanced models like C3D as well as APTNet, the 

proposed approach attained superior accuracy, 

achieving up to 89.2%, hence illustrating its efficacy 

in enhancing human behavior recognition 

performance. 

 

The burgeoning population is amplifying demand for 

effective and high-quality healthcare systems, so 

rendering patient monitoring a crucial component of 

contemporary medical care. The study by Z. He 

(2022) proposes a system based on machine learning 

designed to monitor patient behaviors and identify 

potential health risks through the use of many 

cameras positioned at various angles to record 

extensive behavioral data. The system evaluates 

physiological and behavioral patterns to detect 

potential medical issues, emphasizing high accuracy 

and performance in real time, hence enhancing 
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patient care and alleviating the work load of 

healthcare personnel. Two prominent data set, ETRI-

Activity3D along with NTU-RGB-D, are employed 

for evaluation; the ETRI dataset encapsulates 

everyday patient activities, while the NTU-RGB-D 

dataset emphasizes medical condition identification. 

The data undergoes pre-processing to eliminate 

extraneous information and decrease computational 

complexity, subsequently employing a multi-feature 

descriptor method to extract significant features. The 

features are enhanced with matching features and 

optimization techniques, resulting in a classification 

model that attains an accuracy with 87.5% on the 

ETRI dataset as well 89.5% with the NTU-RGB-D 

dataset, thereby illustrating the efficacy of the 

proposed method in practical healthcare applications. 

Currently, surveillance footage systems are crucial 

for detecting hazardous situations involving 

pedestrians. In the research proposed by [C. Y. 

Zhang] et al. [2022] [4], an approach is established to 

autonomously identify individuals and interpret their 

behavior from video recordings. The system employs 

this YOLO (You Only Look Once) technique to 

identify pedestrians in live video and monitor their 

movements by evaluating both current and prior 

frames. Consequently, it can recognize various 

motions, like ambulation, sprinting, or remaining 

still, and can even discern atypical or dubious 

movement patterns. The findings indicate that the 

system functions efficiently in identifying both 

normal and deviant behaviors. The system processes 

up to 77 pixels per second with YOLOv3-tiny & 21 

frame per second with YOLOv3, rendering it 

appropriate for live monitoring when utilized with a 

graphically supported GPU system.superior diagnosis 

accuracy compared to manual approaches, enhancing 

interpretability and application in healthcare 

environments, signifying improvements in precision 

and decrease of errors. 

In video-based human action detection, two-stream 

networks are extensively utilized due to their capacity 

to independently analyze spatial and temporal 

information; nevertheless, several existing 

methodologies employ identical network 

architectures for both streams, hence constraining 

their efficacy. To address this issue, [X. Ding] et al. 

[2022] [5] introduced a spatiotemporal homogeneous 

two-stream network that employs distinct network 

structures for spatial and temporal extraction of 

features, namely ResNet and BN-Inception, to more 

effectively capture the nuances of human activities. 

The model employs a segment-based methodology to 

comprehend long-term temporal linkages in video 

sequences, facilitating the differentiation of actions 

with analogous sub-actions. Furthermore, data 

augmentation and an enhanced cross-modal pre-

training method are employed to boost performance. 

Experimental findings on benchmark datasets, 

including UCF101 and HMDB51, indicate that 

proposed method outperforms conventional two-

stream structures and other current methodologies. 

The research conducted by S. Huang in 2021[6] 

provides a comprehensive examination of behavior 

detection technology and its potential applications 

within the realm of computer vision. The paper 

elucidates fundamental principles and various 

methodologies employed in behavior recognition, 

encompassing strategies reliant on multimodal 

information, depth images, skeleton key features, and 

RGB data, allowing for precise analysis of human 

motions. This also underscores the extensive 

applications of this type of technology in domains 

like safety and education. In safety-related contexts, 

behavior recognition can identify atypical or 

hazardous activities and enhance security protocols, 

whilst in education, it can aid educators in 

comprehending student performance and refining 

instructional strategies. The device can also discern 

behavioral patterns that signify when a pupil may 

require supplementary assistance. The report 

additionally explores prospective research avenues, 

including the creation of more precise and efficient 

models, as well as tackling significant issues 

pertaining to ethics and privacy. The study highlights 

the significant potential of behavior recognition 

technology and advocates for additional research to 

enhance its applications and efficacy. 

 

III. DATASET DESCRIPTION 

In our proposed study, we utilized a Human Activity 

Recognition (HAR) datasets comprising data 

gathered from smartphone sensors to recognize 

various human activities. The dataset include actions 

like ambulation, sitting, standing, reclining, and 

various other quotidian movements. The dataset 

comprises records that include sensor values paired 

with appropriate activity labels, facilitating the 

model's ability to learn and properly categorize 

human behavior. Data is collected by sensors such as 

an accelerometer and the gyroscope, which quantify 

body movement, velocity, and orientation. The sensor 

readings are the primary attributes of a dataset and 

serve as input data for the model. 
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Upon loading the dataset into an application, it is 

presented and analyzed to comprehend the 

distribution of activities. The dataset undergoes 

preparation stages including cleaning, normalization, 

and elimination of extraneous noise. Graphs are 

constructed to illustrate various activities, with the x-

axis denoting activity titles and the y-axis indicating 

the frequency of each action. Subsequent to the 

preprocessing phase, the dataset is partitioned into 

sets for testing and training for model development. 

The organized and refined dataset is subsequently 

utilized to train various models, including CNN2D, 

CNN3D, and CNN integrated with GRU and 

Bidirectional layers, facilitating precise predictions of 

human behaviors. 

 

IV. IMPLEMENTATION DETAILS 

The execution of the suggested system adheres to a 

systematic workflow, commencing with dataset 

loading and culminating in final prediction. The 

Human Activity Recognition (HAR) dataset is 

initially uploaded into the application via the Tkinter-

based interface. Upon loading the dataset, it is 

presented for the user's comprehension of its structure 

as well as contents. The dataset comprises sensor-

derived information obtained from smartphones, 

reflecting various human activities. Prior to utilizing 

the data to training, preprocessing operation is 

conducted to cleanse the dataset by eliminating noise, 

addressing values that are missing, and normalization 

the features to ensure all values reside within a 

comparable range. 

Subsequent to preprocessing, the dataset undergoes 

analysis and visualization to comprehend the 

distribution of various activities. Graphs are 

constructed using activity names displayed on the 

horizontal axis and their respective counts on the y 

axes. This assists in determining the balance of the 

dataset. The dataset is subsequently partitioned into 

two segments: training data as well as testing data, 

respectively. Training dataset is utilized in order to 

develop the models, whereas a testing dataset is 

employed to assess their performance on novel data. 

Initially, a pre-existing CNN2D model is employed 

as a baseline methodology. This model emphasizes 

the extraction of spatial information from the dataset 

& the acquisition of patterns associated with various 

activities. This model necessitates a greater number 

of parameters, hence augmenting computing 

complexity and training duration. Despite attaining 

an accuracy of approximately 92%, it exhibits 

problems in extracting temporally information 

derived from sequential data. 

The proposed CNN3D (MCNN/MDN) architecture is 

provided to enhance performance. This model is 

engineered to encapsulate both temporal and spatial 

characteristics, enhancing its efficacy in human 

activity recognition. In comparison to CNN2D, it 

utilizes less parameters and attains superior accuracy 

of approximately 94%. This model offers a more 

nuanced comprehension of human behavior by 

analyzing motion patterns throughout time. 

An enhanced extension model including CNN, GRU, 

& Bidirectional layer has been designed to 

significantly improve performance. This model 

employs CNN for extracting features, whereas GRU 

& Bidirectional layers facilitate the acquisition of 

sequence and contextual information derived from 

the data. This combination decreases the parameter 

count and enhances efficiency while attaining a 

maximum accuracy of approximately 96%. The 

system incorporates performance assessment through 

accuracy graphs and loss curves, comparative charts, 

& confusion matrices. Furthermore, it facilitates real-

time prediction, allowing new input data to be sent to 

the model for the classification of actions such as 

moving, sitting, and standing. 

 

Figure 1: System Architecture for Proposed 

Multiscale Deep Learning Framework for Human 

Activity Recognition 
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V. RESULT AND DISCUSSION 

The initial phase of our suggested system commences 

with executing the application via the run file, which 

activates the Tkinter-based interface. This interface 

offers several functionalities, including dataset 

submission, preprocessing, model execution, and 

human behavior prediction. Upon pressing given 

“Upload Dataset” button, and the system processes 

the dataset and presents its values, thereby 

confirming the successful upload of the dataset.  

 

Figure [2] illustrates that the interface enables users 

to do additional tasks such as preprocessing, training 

models, and visualization. This screen serves as the 

first interface of the system, enabling user interaction 

with the application as well as management of the 

entire workflow. 

Figure 2: User Interface for Dataset Upload and 

Model Execution 

Upon training the current CNN2D model, the system 

presents its performance metrics & confusion matrix. 

Figure [3] illustrates that the model attains 

approximately 92% accuracy, alongside precision, 

recall, & F1-score. The confusion matrix displays 

expected labels along the x-axis & actual labels along 

the y-axis, facilitating the identification of accurate 

and erroneous predictions. The model demonstrates 

commendable performance; yet, it exhibits several 

limits when juxtaposed with more advanced versions. 

 

 

Figure 3: Performance Evaluation and Confusion  

Matrix of Existing CNN2D Model 

Upon training the recommended CNN3D (MDN) 

method, the platform presents metrics for 

performance and confusion matrix. Figure [4] 

illustrates that the model attains superior accuracy 

compared to the CNN2D model, along with enhanced 

precision, recall, as well as F1-score. The confusion 

matrix displays anticipated labels along the x-axis 

along with actual labels along the y-axis, with the 

majority of values positioned on the diagonal, 

signifying accurate predictions. The CNN3D model 

demonstrates superior efficacy in capturing all spatial 

and temporal data. 

 

Figure 4: Performance Evaluation and Confusion 

Matrix of Proposed CNN3D (MDN) Model 

Upon training an extension model, the model 

presents its metrics for performance and confusion 

matrix. Figure [5] illustrates that the model attains 

superior accuracy, alongside enhanced precision, 

recall, and F1-score, in comparison to other models. 

The confusion matrix displays anticipated labels on 

the axis of x and genuine labels over the y-axis, with 

the majority of values positioned along the diagonal, 

signifying accurate predictions. The extension model 

demonstrates superior effectiveness in the 

classification of human activities. 
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Figure 5: Performance Evaluation and Confusion 

Matrix of Extension Model  

Upon completion of model training, the system 

presents a comparative graph illustrating the 

performance for each algorithm. Figure [6] illustrates 

a comparison of metrics including precision, recall, 

accuracy, and F1-score across various models. The x-

axis denotes the algorithms, and the y-axis indicates 

the performance numbers. The graph demonstrates 

that an extension model outperforms the other 

models, signifying its superior efficacy in human 

behavior classification. 

 

Figure 6: Comparison Graph of All Models 

Performance 

DISCUSSION 

In a recent period, human behaviour recognition has 

emerged as a significant study domain owing to its 

extensive applications in the healthcare sector, 

surveillance, and intelligent systems. The primary 

objective of this study was to create an efficient and 

precise model for identifying human activities via 

deep learning methodologies. Conventional 

techniques and simplistic models often fail to 

accurately represent intricate movement patterns, 

particularly in the context of temporal data. This 

work employed the Human Activity Recognition 

(HAR) dataset of sensor-based features to train and 

assess various models. The CNN2D model was 

initially employed, yielding satisfactory performance 

but exhibiting constraints in managing temporal 

dependencies. A CNN3D architecture was 

implemented in order to enhance performance by 

effectively capturing both both temporal and spatial 

data, resulting in improved accuracy. An advanced 

model integrating CNN, GRU, with Bidirectional 

layers was created to improve sequential learning and 

contextual comprehension. This hybrid methodology 

enhanced the model's performance by enabling the 

acquisition of more intricate patterns within the data. 

The findings indicate the extension model surpasses 

other models regarding accuracy and reliability. The 

implementation of multiscale deep learning methods 

enhances the system's robustness, rendering it 

appropriate for real-world human behavior 

identification applications. 

 

VI. CONCLUSION 

This project aims to enhance human behavior 

recognition through deep learning methodologies. 

The suggested system illustrates how the integration 

of several models can improve classification efficacy 

and address the shortcomings of conventional 

methods. This study implemented and compared 

various models, including CNN2D, CNN3D, as well 

as a hybrid model utilizing CNN, GRU, with 

Bidirectional layers. The findings indicate that the 

enhanced model delivers superior accuracy and more 

dependable predictions by adeptly capturing 

combined spatial and temporal characteristics. The 

system enhances learning efficiency with model 

performance through the utilization of a structured 

dataset and the implementation of appropriate 

preprocessing procedures. This methodology 

underscores the significance of integrating various 

deep learning techniques to develop a robust and 

precise predictive system. The proposed model 

enhances the advancement of effective human 

behavior detection systems and is applicable in real-

world contexts including healthcare monitoring, 

surveillance, even intelligent surroundings. 
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