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Abstract 

Recognition models often experience a drop in performance when applied to new users 

or when users’ physical or behavioral states change, which typically requires 

retraining with more labeled data. Additionally, challenges arise in search domains 

due to object interactions and the difficulty in distinguishing similar actions performed 

by different individuals. To overcome these limitations, a hybrid algorithm for 

improving recognition system in human activities was developed. This solution 

combines the capabilities of Convolutional Neural Networks (CNN) and Fuzzy Logic 

to leverage both deep learning and rule-based reasoning. The algorithm was built using 

a dynamic software development methodology, an agile framework well-suited for 

deep learning projects. The datasets were trained and tested using Google Colab using 

Python, TensorFlow, and Keras libraries. This hybrid model improved the accuracy 

and efficiency of human activity classification and was able to manage vague or 

uncertain data within the data warehouse. It also accurately identified specific actions 

within sequences of video frames. The model achieved an F1-score of 96.83%, a recall 

of 97.14%, and precision of 114.2% and an accuracy of 97.14%, marking a significant 

improvement over previously existing algorithms. 
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1. Introduction 

The advent and integration of computers and related technologies have revolutionized virtually every aspect of human endeavor, 

introducing groundbreaking innovations that have transformed how people live, work, and interact globally [1]. Computers 

devices have played a critical role in shaping modern society across diverse sectors, including healthcare, retail, marketing, 

industry, academia, entertainment, sports, security, and research and development. Although many researchers consider 

recognition of activities in controlled, simplified environments a solved problem, accurately detecting actions in complex, real-

world settings remains a significant challenge due to variations in human posture, viewpoints, and background conditions [2]. 

With the upsurge of artificial intelligence, particularly its subset, machine learning; security and surveillance technologies have 

witnessed notable advancements, leading to heightened societal safety and protection. Developments in computer vision and 

image classification have further enhanced surveillance capabilities, offering improved precision and accuracy [3]. However, 

recognizing events in surveillance video remains difficult due to minimal differences between activity classes and considerable 

variations within certain range. These variations arise from factors such as heavy occlusion, cluttered environments, low-

resolution imagery, and irregular target motion [4]. In smart city contexts, action recognition plays a vital role. Yet, its utilization 

practically is often limited because of the interference caused by complex industrial environments, which hampers recognition 

accuracy [5]. Automating the detection of human physical activity has become essential in pervasive computing, human behavior 

analysis, and interpersonal communication systems [6]. 
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A key capability of intelligent surveillance systems is the 

recognition of activities from video content, enabling them to 

support various applications such as fall detection, health 

monitoring, human-computer interaction, sports analysis, and 

general surveillance [7]. In smart environments, suspicious 

behavior can be flagged and reported to the appropriate 

authorities. Human activity recognition obtained from video 

involves learning meaningful activity representations or 

features, usually used for classification. In essence, activity 

recognition that identifies and analyzes human behavior from 

real-world video data is of great importance [8]. This field 

encompasses several subdomains, including action detection, 

intention inference, and situational understanding. 

Fundamentally, activity recognition in humans focuses on 

detecting and interpreting human movements and 

interactions with the environment, often involving full-body 

or limb motion analysis. In the context of security 

surveillance, interpreting these actions is critical for 

anticipating their outcomes and understanding the actor’s 

intent, goals, or psychological state [9]. 

The primary objective of deploying human activity 

recognition systems across domains such as security, 

healthcare, banking, education, retail, and research, is to 

predict individual or group behavior based on data captured 

by various sensing technologies [10]. This process typically 

involves identifying and labeling activities through sensory 

data analysis, including common actions like walking or 

exercising. However, accurate motion prediction remains 

challenging as a result of the demand for extensive unlabeled 

sensor data and video footage that is often affected by 

features like lighting conditions, background noise, and scale 

variation [11, 12]. Implementing sophisticated machine learning 

methods is essential for overcoming these challenges and 

boosting prediction accuracy 

 

2. Review of related literature 

Activity recognition systems represent a broad and dynamic 

field of research, currently focused on the integration of 

unconventional machine learning techniques, advancements 

in hardware architecture, and reducing monitoring costs 

while enhancing safety [13]. In earlier security, surveillance, 

and patient monitoring systems, human operators were tasked 

with observing and analyzing activities. However, this 

approach is almost becoming impractical and costly, 

particularly with the demand for 24/7 monitoring and the 

growing number of camera feeds and sensor-based 

monitoring devices [14]. 

In [15], a hybrid algorithm incorporating Decision Tree, 

Random Forest and K-Nearest Neighbors (KNN) was 

proposed for classifying 18 different activities using the 

WISDM dataset. By leveraging accelerometer data collected 

from smartphones and smart watches, the study achieved 

improved classification accuracy [16]. Similarly, [17] 

introduced two models: one utilizing velocity sensor data and 

another using spatial data collected from a variety of physical 

exercises rather than structural data alone. 

Further work by [18] introduced a quell network capable of 

learning discriminative spatiotemporal features while 

overcoming the possible drawbacks of models that rely only 

on key frames or key point connections. In the study 

conducted by [19], a deep recurrent neural network model was 

proposed for human activity recognition, aiming to capture 

extended temporal dependencies in embedded data beyond 

the boundaries of kernel-based approaches. Another 

architecture transformed time-series data from digital sensors 

into visual representations, achieving notable recognition 

performance [20]. 

According to [21], a catalog of human activities was compiled 

using data from ten publicly available sensor-based datasets. 

Despite their utility, such architectures face challenges in 

efficiently extracting features from time-series data and often 

entail high computational costs, rendering them less practical 

for widespread application. In contrast, [22] proposed a non-

invasive HAR method using UAV-captured video sequences 

to track human movement. 

In [23], a novel method was proposed for training deep video 

representations tailored to action recognition in compressed 

video streams. Similarly, [24] presented a model designed for 

egocentric recognition of routine activities including 

walking, exercising, and office tasks by integrating 

egocentric video and accelerometer data to enable multi-

modal sensory fusion. 

In [25], spatiotemporal motion features were explored using 

genetic programming (GP) to automatically generate motion-

related scripts from a set of basic 3D operations, avoiding 

hand-crafted feature design. Study [26] used three wearable 

inertial accelerometers placed on different parts of the body 

to collect raw data and extracted features for classifier 

training. Enhanced fuzzy rules were applied in [27] to 

represent transitions between activity states, providing a 

graded assessment of movement from one state to another. 

According to [28], a novel approach was introduced for 

monitoring human behavior through an indoor localization 

system based on stigmergy, with a particular focus on elderly 

care. This system was further refined using real-world 

datasets to enhance its reliability, as demonstrated in [29]. In a 

separate study, [30] utilized deep learning techniques to 

classify human activities using smartphone accelerometer 

data, enabling effective monitoring and timely response to 

potentially suspicious behaviour. 

The study in [31] leveraged height and Doppler radar cross-

section data obtained from multiple-input multiple-output 

radar systems to enhance human activity detection. Similarly 
[32], introduced a multi-class human activity recognition 

framework based on an ensemble of autoencoders, which 

were trained on class-specific data to reconstruct sensor 

signals and accurately assign activity labels. Moreover, the 

accuracy of data collected from wearable sensors is highly 

dependent on their placement on the body. Research indicates 

that the waist, lower back, and sternum are the most effective 

positions, as their proximity to the body’s center of gravity 

improves motion capture fidelity [33, 34]. However, while 

visual sensors offer valuable information, they pose privacy 

concerns and ethical issues, making them unsuitable for 

certain environments or continuous monitoring [35]. In recent 

years, digital sensors have become widely incorporated into 

mobile phones and wearable activity trackers [36]. This 

proliferation has enabled the creation of a diverse range of 

applications, such as human activity recognition for tracking 

daily activities, monitoring military operations, assessing 

physical fitness, and performing gait analysis, which 

examines an individual’s walking and standing patterns for 

medical and wellness purposes [37]  

Building effective movement classification systems in these 

fields presents several challenges and requires adherence to 

standard procedures. Some of the primary obstacles in using 

inertial sensors for motion tracking include selecting 

appropriate features for processing, designing low-cost, 
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portable data collection systems, developing effective feature 

extraction and inference techniques, collecting data in real-

world environments, ensuring adaptability to new users 

without frequent system updates, and deploying these 

systems on mobile devices while addressing processing and 

energy consumption concerns. Fortunately, advancements in 

battery technology and computational power have 

significantly eased the resolution of these issues [38]. 

 

3. Methodology 

This system, a hybrid algorithm for improving recognition 

system in human activities is a deep learning-based approach 

that analyzes and predicts the performance of recognition in 

the activities of human beings. In other to achieve its 

objectives, the development of the systems encompasses data 

collection phase, preprocessing phase, feature extraction 

phase and reduction phase. Also the generated data are 

further subjected augmentation and classification for accurate 

recognition of activities. Convolutional neural networks 

techniques will be utilized to detect suspicious objects, while 

logistic regression will identify suspicious activities. The 

system will process video footage at the initial stage to detect 

movement within the monitored area. Upon identifying 

movement, the system will assess whether the individual is 

engaged in any behavior that could be taken a security threat. 

A Fuzzy model is incorporated to enhance the clarity and 

analysis of the dataset. The application will continuously 

monitor human actions and issue an alert if any suspicious 

activity is detected. 

 

3.1 Analysis of the system 

The system integrates a fuzzy inference system with the 

existing LR-CNN model to improve the accuracy 

classification of the prototype. Additionally, the model will 

be trained using a global surveillance dataset to improve its 

ability to recognize activities beyond those present in the 

locally generated dataset. This will enable the system to 

identify behaviors and activities that may pose security 

threats or concerns in the environment. The LR-CNN model 

will handle the classification and the fuzzy inference system 

will be used to identify unclear or blurred data within the 

region of interest make provision more précised evaluation of 

security and surveillance concerns at any given moment. 

 

 
 

Fig 1: Architecture of the System 

 

The system integrates the capabilities of the LR-CNN and 

fuzzy inference system to enhance the classification of the 

model. As shown in the architecture of the system in figure 

1, the LR-CNN component receives the preprocessed dataset, 

training of the model, classification and passes the results to 

the Fuzzy system. The fuzzy system handles the uncertainty 
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found in real-world data by mimicking human reasoning and 

decision-making processes. It worthy of note that this method 

is one the appropriate methods for handling unclassified, 

vague or ambiguous collection of data such as unclear human 

activities in complex environments, which may be captured 

by surveillance systems like wearable IoT devices, including 

cameras and smartphones. 

Generally, the design and implementation of hybrid 

algorithm for improving recognition system in human 

activities is basically designed in the elimination of the 

outlined drawbacks of using each model independently. The 

following are the advantages of the new system: 

 It has more accurate prediction because of the detailed 

construction and deployment of the system using fuzzy 

TSK (TagagiSugeno Kang) inference mechanism.  

 Early and quick recognition/ detection of threat factors 

within the environment to forestall security breaches 

 It has the ability of detecting and classifying both local 

and global threat activities. 

 Overcoming of noise and imprecision in the prediction 

due to blurriness of dataset. 

 

 
 

Fig 2: The flow diagram of the system 
 

3.2. Method of data collection 

The dataset used in the design of this system are globally 

recognized dataset used for the practical implementation of 

machine learning projects sourced from the Kaggle Machine 

Learning repository. The dataset contains 18,000 samples, 

with 12,600 allocated for training and 5,400 for testing. It is 

further organized into two folders: the human action 

recognition folder, which contains both training and testing 

subfolders. The HAR model is trained by the datasets 

allocated for training, while those kept to test data are 

reserved for model evaluation. The datasets can be accessed 

from the link below; 

https://www.kaggle.com/datasets/odins0n/ucf-crime-dataset 

 

3.3. Datasets 

These hybrid algorithm models play a crucial role in 

surveillance operations, enabling the exploration of human 

actions and intentions. These models help predict the next 

move of a subject and can mitigate potential risks, such as 

criminal activity or violence. As datasets obtained from 

Kaggle Machine Learning repository, they are basically the 

UCF-Crime dataset. This large-scale dataset consists of 

several hours of video, comprising 1,900 long, real-world 

monitoring clips. It includes one normal activity and several 

security threats, like burglary, vandalism, explosions, 

shoplifting etc. The dataset contains 1,377,653 images, with 

1,266,345 designated for training the datasets while for 

testing exercises, 111,308 datasets where used, totaling 11.57 

GB in size. Seven classes dataset were extracted, totaling 

3,500 images sourced from the surveillance videos. Of these, 

2,450 images (approximately 70%) were used for training, 

while the remaining 1,050 images (30%) were used for 

testing. 
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3.4. Preprocessing 

The preprocessing stage involves several steps to organize 

the dataset for use, address any missing or incorrect data, and 

augment the dataset to enhance both its quality and quantity 

during the model’s training and testing. 

a. Data Collection: Camera-provided images may suffer 

from reduced quality, so it is crucial to train the model to 

adapt to these conditions effectively. 

b. Formatting: After cleaning the dataset, it must be 

formatted appropriately for further processing. 

 

Data preprocessing is a critical practice in data mining that 

transforms raw, unstructured data into a structured and 

optimized format. Key tasks in data preprocessing include: 

 Data Cleaning: This involves identifying and fixing 

errors, inconsistencies, and missing values within the 

dataset to enhance the data quality. 

 Techniques used: Regression is used to track and fix 

values that are missing. 

 Data Integration: Merging data from various sources into 

a single, cohesive dataset for analysis 

 Techniques used: Schema integration. 

 Data Reduction: Reducing the volume of data and still 

retains vital information to enhance efficiency. 

 Techniques used: Data compression. 

 Data Transformation: Modifying the structure so that it 

will be suitable and easy to analysis. 

 

4. Results and Discussion 

The model was trained and tested using the UCF Crime 

dataset, which is designed for real-world crime detection 

through surveillance videos. This dataset includes images 

extracted from each video, covering fourteen distinct 

categories of criminal activities: like burglary, vandalism, 

explosions, shoplifting etc. The data is organized into 

separate folders that are used for training and testing purposes 

and every 10th frame from each full-length video is extracted, 

compiled dataset for each activity category.  

The dataset, sourced from the Kaggle repository, totals 

11.57GB of video streams, which were converted into image 

datasets for the model's training and testing purposes. 

Because of the enormous size of the dataset, we narrowed the 

focus to seven categories that will be used to train and test 

datasets of the model. Additionally, the total dataset from 

these selected classes was reduced to 3,500 images, with a 

70:30 ratio split between training and testing. It’s important 

to highlight that the datasets are divided into seven classes, 

allows the model to carry out multiclass classification, 

accurately assigning images to the appropriate security threat 

category or identifying them as normal activities. 

 

4.1. Loading Datasets 

To load the dataset into the deep neuro-fuzzy model, first 

downloaded the datasets and narrowed down from 14 

categories to 7 classes, which were then placed in separate 

folders for the purpose of training and testing. As a result of 

the original datasets, it was compressed into a zip file and 

uploaded to the Google Colab file menu. Afterward, the file 

was unzipped and loaded into the model. This step was 

necessary because the full dataset, which contained over a 

million data points, was too large for direct uploading. The 

size of the datasets was reduced to 3,500 images, which 

makes it more manageable for training and testing purposes. 

 

4.2. Model Outputs 

The deep neuro-fuzzy model consists of the following layers; 

input layer, three hidden layers, and output layer. The hybrid 

algorithm for improving recognition system in human 

activities is built to predict and classify potential security 

threats by analyzing human activities in surveillance video 

frames. The images obtained from the datasets were used for 

the model’s training, testing, and validation phases. The 

datasets used was extracted from Kaggle’s UCF Crime 

dataset, which focuses on real-world crime detection from 

surveillance footage. The original dataset includes images 

from videos associated with 13 different criminal activities 

paired with a single normal event. However, the datasets was 

filtered to include six criminal activities and one normal 

class, resulting in seven classes in total. The multiclass 

classification performance of the hybrid algorithm for 

improving recognition system in human activities is attained 

by these various adjustments.  

 

 
 

Fig 3: The system’s output model 
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Fig 4: Training/ Validation Accuracy and loss graph 
 

 
 

Fig 5: Performance evaluation of the system 
 

In order to determine and analyze the performance of the 

hybrid algorithm for improving recognition system in human 

activities, key evaluation metrics which includes accuracy, 

precision, recall, and f1-score were used. The algorithm was 



International Journal of Multidisciplinary Research and Growth Evaluation www.allmultidisciplinaryjournal.com  

 
    590 | P a g e  

 

tested on data obtained from the UCF Crime Dataset 

repository, yielding results accuracy of 97.14%, a recall of 

97.14%, an F1-Score of 96.83%, and a precision of 114.2%. 

From these metrics, it has shown that the hybrid algorithms 

presented a better performance than a single algorithm.  

 

 
Table 1: Model cumulative evaluation table 

 

SN Evaluation Metrics Score (%) 

1 Accuracy 0.09714 97.14 

2 Precision 0.1142 114.2 

3 Recall 0.09714 97.14 

4 F1-Score 0.09683 96.83 

 

4.3. System Requirements 
A system is fundamentally a collection of interrelated and 

interdependent components that operate collectively to 

accomplish specific goals. Identifying these essential 

components is crucial as they directly impact the 

performance and functionality of the new system. The 

components required for the system to operate effectively are 

referred to as system requirements. These requirements must 

be specified with precision to ensure this hybrid algorithm 

does not only meet the required standards but also has the 

capacity to process the relevant data. System requirements 

can be categorized into the following: 

A. Hardware requirement 

 The basic requirement for this component should be Intel 

Core i7 10th generation processor with a minimum 3.3 

GHz speed or higher with advanced micro devices 

processor AMD FX-4300 with 4.7 GHz can also suffice.  

 The minimum requirement is between 4GB to 8GB 

RAM or higher, (HDD/ SSD) a minimum of 320GB to 

500GB and display/monitor should be Intel(R) HD 

Graphics 3000 or higher.  

B. Software requirement: The recommended operating 

environment for this hybrid algorithm includes Windows 

10 or later, along with the Anaconda Python integrated 

development environment, and tools such as 

TensorFlow, Keras, and Jupyter Notebook. 

 

5. Summary and Conclusion 
With the rapid advancement of computer technologies, 

machine learning and AI, the landscape of security and 

surveillance has seen transformative improvements, making 

the protection of society more critical than ever. The 

integration of computer vision and image classification 

technologies has notably enhanced surveillance systems, 

offering higher accuracy and precision in detecting potential 

security threats. In today’s world, security issues should not 

be the responsibility of governments alone but also of every 

member of society, as it plays a crucial role in sustainable 

development. A secure environment is foundational for 

growth, as insecurity can severely hinder progress. Therefore, 

it is of great importance to develop improved algorithms and 

models systems that can bolster security surveillance and 

provide early warning mechanisms to mitigate threats and 

alert law enforcement agencies are paramount. 

The advancement of deep learning technologies has opened 

up new frontiers in crime detection and mitigation, 

particularly through computer vision and image recognition 

techniques. This system is a hybrid algorithm that combines 

convolutional neural networks with fuzzy logic algorithms, 

designed for human activity recognition. The model utilizes 

datasets extracted from the UCF crime dataset and 

incorporates a pre-trained VGG16 CNN model integrated 

with a support vector machine for optimal activity 

classification. It had a remarkable performance metrics as 

follows; an accuracy of 97.14%, a recall of 97.14%, an F1-

Score of 96.83%, and a precision of 114.2%. Furthermore, 

when compared with existing models, the hybrid algorithm 

outperformed them, demonstrating a better output in the early 

detection of security threats within environments monitored 

by CCTV video streams. 
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