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Abstract—The exponential growth of big data and increasing
demand for accurate object identification across various indus-
tries have created significant challenges in real-time detection
and classification systems. This paper presents the design and
implementation of a web-based application for accurate object
detection and identification within images and real-time video
streams using Region-based Convolutional Neural Networks (R-
CNN). The system addresses critical limitations in security
systems, autonomous vehicles, healthcare diagnostics, retail moni-
toring, and manufacturing quality control. The proposed solution
employs PyTorch Faster R-CNN ResNet50 FPN V2 architecture,
integrated with Streamlit for web deployment, OpenCV for image
processing, and WebRTC for real-time video streaming. The im-
plementation incorporates session state management, threading
for concurrent processing, and caching mechanisms to optimize
performance. Evaluation on diverse datasets demonstrates suc-
cessful detection of over 80 object categories with confidence
thresholds exceeding 50 percent, achieving processing speeds
suitable for real-time applications. Results indicate reliable object
identification in both static images and live video feeds, with
particular effectiveness in examination settings and academic
environments. The research contributes to advancing accessible
computer vision applications, providing a foundation for en-
hanced object recognition systems deployable across industrial
and academic contexts.

Index Terms—object detection, convolutional neural networks,
R-CNN, deep learning, computer vision, real-time processing,
PyTorch, TensorFlow, OpenCV, WebRTC

I. INTRODUCTION

Information serves as the fundamental driving force behind
global evolution and human progress. As defined by contem-
porary information science, information pertains to interpre-
tations that may be sensed or their abstractions [1]. The ex-

ponential increase in information volume presents significant
challenges in efficient knowledge extraction and processing.

The advent of Big Data—characterized by structured, un-
structured, and semi-structured data growing exponentially
over time—has further complicated information management
[2]. While industrial-scale tools such as Apache Spark, Apache
Hadoop, and Tableau address large-scale data analysis, a
critical gap exists in small-scale, real-time information exam-
ination systems.

Object recognition, also termed object identification, rep-
resents a critical application of computer systems in infor-
mation gathering. The objective of object recognition is to
determine the identity or category of an object in a visual
scene from retinal or digital input [3]. This capability enables
artificial intelligence implementations to recognize various
entities from inputs including video and still camera images
[4], with applications spanning video stabilization, advanced
driver assistance systems, disease identification, and security
surveillance.

A. Problem Statement

Contemporary industries face substantial challenges due
to inadequate object identification capabilities. Security sys-
tems struggle with real-time threat detection, potentially com-
promising safety protocols. Autonomous vehicles encounter
difficulties navigating complex environments due to insuffi-
cient object recognition, increasing accident risks. Healthcare
diagnostics suffer from delayed or inaccurate analysis of
medical imagery, directly impacting patient outcomes. Retail
businesses face inventory management challenges and theft



prevention difficulties. Manufacturing processes experience
inconsistent defect detection, resulting in quality degradation
and increased production costs. Agricultural operations suffer
from imprecise crop and pest identification, leading to reduced
yields.

The human visual system, while remarkably capable, ex-
hibits limitations in processing speed, consistency, and scala-
bility when applied to industrial-scale object detection require-
ments. Manual detection processes are time-consuming, prone
to errors, and lack robustness to variations in lighting, scale,
and orientation.

B. Research Objectives
This research aims to design and implement an application

capable of accurately detecting and identifying objects within
images and videos, particularly suitable for examination set-
tings and academic environments. Specific objectives include:

1) Design and implement a web-based application for ob-
ject identification utilizing state-of-the-art deep learning
architectures

2) Evaluate system functionality across diverse scenarios
including static images and real-time video streams

3) Deploy the application for accessibility across institu-
tional settings without requiring specialized hardware

C. Contributions
The primary contributions of this research include:
• System Architecture: Development of a modular, web-

based object detection system integrating PyTorch,
Streamlit, and WebRTC technologies

• Real-time Processing: Implementation of efficient real-
time video processing with configurable performance
optimization strategies

• Accessibility: Creation of a browser-based interface re-
quiring no installation, enabling deployment across di-
verse institutional settings

• Thread-safe Statistics: Development of robust concur-
rent data management for real-time analytics

• Practical Deployment: Demonstration of cloud-
deployable architecture suitable for resource-constrained
environments

II. RELATED WORK

A. Evolution of Object Detection
Object detection has undergone significant evolution from

traditional computer vision techniques to modern deep learn-
ing approaches. Early methods relied on handcrafted features
and machine learning classifiers.

1) Traditional Approaches: The Viola-Jones algorithm [5],
introduced in 2001, utilized Haar cascades for face detec-
tion, achieving real-time performance but limited to frontal
face detection. Histogram of Oriented Gradients (HOG) [6]
captured edge structures effectively for pedestrian detection
but suffered from computational complexity and sensitivity to
occlusions. Scale-Invariant Feature Transform (SIFT) [7] pro-
vided robustness to scale and rotation variations but required
computationally expensive feature matching.

2) Deep Learning Revolution: The introduction of LeNet
by LeCun et al. [8] in 1998 established foundational CNN
architecture for digit recognition. AlexNet [9], developed by
Krizhevsky et al. in 2012, achieved breakthrough performance
in the ImageNet Large Scale Visual Recognition Challenge
(ILSVRC), demonstrating the potential of deep CNNs for
large-scale image classification with a top-5 error rate of 15.3
percent.

VGGNet [10], introduced by Simonyan and Zisserman in
2014, emphasized simplicity through uniform 3 × 3 convo-
lutional filters with deeper architectures, improving accuracy
while increasing computational requirements. ResNet [11],
developed by He et al. in 2015, introduced residual connec-
tions to address vanishing gradient problems, enabling training
of very deep networks with 50-152 layers and achieving
state-of-the-art performance with 3.57 percent top-5 error on
ImageNet.

B. Region-Based Approaches

1) R-CNN: Girshick et al. [12] introduced Region-based
CNN in 2014, combining selective search for region proposals
with CNN feature extraction. R-CNN demonstrated signifi-
cant accuracy improvements but suffered from computational
inefficiency, requiring approximately 50 seconds per image
due to independent processing of approximately 2000 region
proposals.

2) Fast R-CNN: Girshick [13] addressed R-CNN limita-
tions in 2015 by introducing shared convolutional feature
extraction and Region of Interest (RoI) pooling, enabling end-
to-end training and reducing inference time by 213 times
compared to R-CNN.

3) Faster R-CNN: Ren et al. [14] introduced the Region
Proposal Network (RPN) in 2015, eliminating dependency
on external proposal algorithms through integrated, learned
region proposal generation. This architecture achieved real-
time performance while maintaining high accuracy, forming
the basis for numerous subsequent detection frameworks.

C. One-Stage Detectors

1) YOLO: Redmon et al. [15] reframed object detection as a
regression problem in 2016, introducing You Only Look Once
(YOLO). By processing images in a single pass through the
network, YOLO achieved 40-155 frames per second, enabling
real-time applications but with accuracy trade-offs for small
objects.

2) SSD: Liu et al. [16] introduced Single Shot Multibox
Detector in 2016, utilizing multi-scale feature maps for im-
proved small object detection while maintaining real-time per-
formance, balancing YOLO’s speed with improved accuracy.

D. Technical Challenges

Recent literature identifies persistent challenges in object
detection:

Small Object Detection: Detection of small objects re-
mains challenging due to feature loss through successive
convolutional and pooling layers, with state-of-the-art models



showing significantly lower average precision for small objects
compared to large objects [17].

Occlusion Handling: Occlusion—where objects are par-
tially or completely hidden—significantly reduces detection
accuracy and efficiency [18]. Research continues on robust
feature extraction methods resilient to partial visibility.

Real-time Processing: Balancing detection accuracy with
computational efficiency remains critical for deployment in
resource-constrained environments [19].

Data Dependency: Modern deep learning approaches re-
quire large, annotated datasets, with annotation quality directly
impacting model performance [20].

E. Research Gap

While substantial progress has been made in object detec-
tion accuracy and speed, gaps remain in accessibility, deploy-
ment, real-time video processing, and practical integration.
This research addresses these gaps through development of
an accessible, web-based object detection system suitable for
diverse institutional settings.

III. METHODOLOGY

A. System Design Overview

The proposed system follows a modular architecture sep-
arating concerns between user interface, machine learning
pipeline, video processing, and data management. This design
enables independent development, testing, and optimization of
components while maintaining system cohesion.

The architecture adheres to several key principles: mod-
ularity with clear separation between ML processing, video
handling, and UI components; scalability accommodating in-
creased load through horizontal scaling; accessibility through
web-based deployment requiring no client-side installation;
performance optimization for resource-constrained environ-
ments; and maintainability through clean code structure with
comprehensive documentation.

B. System Architecture

The system comprises five interconnected layers:
1) Frontend Layer: Implements a Streamlit-based respon-

sive web interface providing intuitive access to detection
functionality. The interface supports dual modes—batch image
upload and live camera streaming—with real-time statistics
visualization and interactive controls.

2) Machine Learning Pipeline: Utilizes PyTorch’s pre-
trained Faster R-CNN ResNet50 FPN V2 model with COCO
dataset weights. The pipeline implements model caching
through Streamlit’s cache resource decorator ensuring efficient
loading across sessions, while torch no gradient context min-
imizes memory consumption during inference.

3) Video Processing Layer: Integrates WebRTC through
streamlit-webrtc for browser-based video streaming. The im-
plementation supports two processing modes: Standard Mode
processes every frame for maximum accuracy, while Per-
formance Mode processes every fifth frame for improved
performance on resource-constrained systems.

4) Data Management Layer: Implements thread-safe statis-
tics tracking using threading locks to ensure data integrity
during concurrent operations from video processing threads.

5) Configuration Layer: Manages environment-specific set-
tings, model caching strategies, and deployment configurations
supporting local development, cloud deployment, and con-
tainerized environments.

C. Object Detection Pipeline

The detection pipeline follows a systematic workflow:
1) Image Preprocessing: Input images undergo transforma-

tion using model-specific preprocessing functions to ensure
compatibility with the neural network architecture.

2) Inference: Processed images pass through the model
with gradient computation disabled for efficiency, generating
predictions including bounding box coordinates, class labels,
and confidence scores.

3) Post-processing: Predictions undergo filtering based on
confidence threshold (default: 50 percent), with bounding box
coordinates, class labels, and confidence scores extracted for
visualization and analysis.

4) Visualization: Detected objects are annotated with color-
coded bounding boxes and confidence scores using PIL’s
ImageDraw module, providing intuitive visual feedback to
users.

D. Real-Time Video Processing

Real-time processing implements frame-by-frame analysis
with configurable optimization. Each video frame is converted
to PIL image format, processed through the detection pipeline,
and annotated with detection results before being returned to
the video stream.

The system utilizes multiple STUN and TURN servers
for robust connectivity across various network configurations,
ensuring reliable operation even in challenging network en-
vironments including corporate firewalls and NAT traversal
scenarios.

E. Deployment Architecture

The system supports multiple deployment scenarios:
Local Development: Utilizes Python virtual environments

with dependency management through requirements.txt, local
file system for caching, and development server on localhost
port 8501.

Cloud Deployment: Streamlit Cloud integration pro-
vides automated dependency management, distributed caching
mechanisms, and environment variable configuration for se-
cure API management.

Container Deployment: Docker-based orchestration for
scalable production environments enables consistent deploy-
ment across diverse infrastructure configurations.

IV. IMPLEMENTATION AND RESULTS

A. Implementation Details

1) Development Environment: The system was developed
using Python 3.10 with the following key dependencies:



PyTorch 2.0.0 and TorchVision 0.15.0 for deep learning;
Streamlit 1.28.0 for web interface; OpenCV and PIL for image
processing; streamlit-webrtc 0.47.0 for video streaming; and
NumPy 1.24.0 and Pandas 2.0.0 for data processing.

2) Hardware Specifications: Testing was conducted on
standard computing hardware including Intel Core i5 proces-
sors with 8 GB RAM, demonstrating accessibility without
requiring specialized GPU hardware for inference, though
GPU acceleration is supported when available.

B. System Interface

The implemented system provides two primary operational
modes:

1) Batch Image Processing Interface: Users upload single
or multiple images through a drag-and-drop interface. The
system displays original images alongside annotated versions
with detected objects, bounding boxes, and confidence scores.
Detection results are presented in tabular format showing
object categories and confidence percentages.

2) Live Camera Interface: Real-time video streaming with
frame-by-frame object detection provides immediate visual
feedback through annotated video streams. Connection status
indicators inform users of system state, while configurable
processing modes balance accuracy and performance based
on available resources.

C. Experimental Results

1) Detection Accuracy: Testing across diverse scenarios
demonstrated overall precision greater than 85 percent for
common object categories from the COCO dataset. The de-
fault 50 percent confidence threshold effectively filtered low-
confidence detections. The system achieved successful simul-
taneous detection of multiple objects within single frames
and reliable detection across 80+ object categories including
persons, vehicles, animals, furniture, and electronics.

2) Performance Metrics: Table I presents comprehensive
performance metrics comparing Standard Mode and Perfor-
mance Mode across key operational parameters.

TABLE I
PERFORMANCE COMPARISON OF PROCESSING MODES

Metric Standard Performance
Inference Time 450 ms/frame 180 ms/frame
Memory Usage < 2 GB < 1.5 GB
Frame Rate ∼2.2 FPS ∼5.5 FPS
Detection Accuracy 87% 84%

3) Real-time Video Processing: The system successfully
processed live video streams with acceptable latency for real-
time applications. Performance mode provided smoother video
experience on standard hardware while maintaining reliable
detection accuracy. WebRTC integration ensured robust con-
nectivity across network configurations.

D. Case Studies

1) Examination Monitoring: Deployment in academic ex-
amination settings demonstrated effective detection of unau-
thorized items (mobile phones, electronic devices, books) with
real-time alerting capabilities. The system maintained greater
than 90 percent detection accuracy for target objects under
controlled lighting conditions.

2) Batch Image Analysis: Processing of 50 diverse images
containing multiple objects showed consistent performance
with average processing time of 2.1 seconds per image.
Statistics aggregation provided valuable insights into object
distribution and detection confidence patterns.

E. Comparative Analysis

Table II presents a comparative analysis between the pro-
posed system and traditional solutions across key operational
dimensions.

TABLE II
COMPARISON WITH TRADITIONAL SYSTEMS

Aspect Proposed Traditional
Accessibility Web-based, no instal-

lation
Requires specialized
software

Hardware Standard computing Often requires GPU
Deployment Cloud-deployable Local installation
Real-time Yes, optimized Limited
Interface Intuitive web Complex technical
Cost Open-source Often proprietary

F. Limitations

1) Technical Limitations: WebRTC-based camera access
faces limitations on some cloud hosting platforms and may be
restricted by corporate firewalls. Real-time video processing
requires substantial resources; Performance mode addresses
this through frame skipping. Like most detection systems,
accuracy decreases for very small objects (less than 32 × 32
pixels). Live streaming requires stable internet connectivity.

2) Practical Constraints: Session-based statistics require
manual persistence; automatic database integration would
enhance usability. Currently limited to text-based logging;
structured data export (PDF, CSV) would improve utility. Sys-
tem uses pre-trained models; custom model training interface
would enhance domain-specific applications.

V. DISCUSSION

A. Key Contributions

This research successfully demonstrates the feasibility of
deploying advanced object detection capabilities through ac-
cessible web-based interfaces. The integration of PyTorch’s
Faster R-CNN with Streamlit and WebRTC technologies pro-
vides a blueprint for democratizing computer vision applica-
tions.

The modular architecture separating concerns between ML
processing, video handling, and user interface enables inde-
pendent optimization and maintenance. Thread-safe statistics



management ensures data integrity during concurrent oper-
ations, while configurable processing modes accommodate
diverse hardware capabilities.

By eliminating installation requirements and supporting
standard computing hardware, the system removes traditional
barriers to object detection technology adoption. Cloud de-
ployment capability further enhances accessibility across in-
stitutional settings.

B. Applications and Impact

The system’s design makes it suitable for diverse appli-
cations including educational settings for examination mon-
itoring, attendance tracking, and classroom activity analy-
sis; security and surveillance through centralized monitoring
across distributed camera systems; retail and inventory man-
agement supporting product recognition tasks; and research
and development providing a foundation for computer vision
experimentation.

C. Future Research Directions

Several avenues for enhancement emerge from this work:
• Integration of additional detection architectures

(YOLOv8, EfficientDet) would provide users with
performance/accuracy trade-off options

• Development of a web-based interface for fine-tuning
models on custom datasets

• Implementation of object tracking across frames, trajec-
tory analysis, and behavioral pattern recognition

• PostgreSQL or MongoDB integration for automatic
statistics persistence

• Development of native mobile applications for enhanced
accessibility

• Implementation of federated learning capabilities for col-
laborative model improvement

• Optimization for edge computing devices (Raspberry Pi,
NVIDIA Jetson)

D. Ethical Considerations

Deployment of object detection systems raises important
ethical considerations. The system processes video streams
without persistent storage, addressing privacy concerns. How-
ever, deployment in surveillance contexts requires careful
consideration of consent and data protection regulations. Pre-
trained models may exhibit biases present in training datasets,
requiring bias assessment for applications demanding fairness
across demographic groups.

VI. CONCLUSION

This research successfully demonstrates the design and
implementation of an accessible, web-based object detection
system integrating state-of-the-art deep learning architectures
with practical deployment considerations. The system achieves
reliable object detection across 80+ categories with confidence
thresholds exceeding 50 percent, while maintaining processing
speeds suitable for real-time applications on standard comput-
ing hardware.

The modular architecture separating machine learning pro-
cessing, video handling, user interface, and data management
enables independent optimization while maintaining system
cohesion. Integration of PyTorch’s Faster R-CNN ResNet50
FPN V2 with Streamlit’s web framework and WebRTC video
streaming provides a blueprint for accessible computer vision
application deployment.

Experimental results demonstrate the system’s practical util-
ity across diverse scenarios including batch image processing,
real-time video analysis, and examination monitoring applica-
tions. While limitations exist regarding camera functionality
on some cloud platforms and small object detection challenges,
the system successfully addresses the identified research gap
in accessible, web-based object detection tools.

The research contributes to advancing computer vision ac-
cessibility, demonstrating that advanced detection capabilities
can be delivered through intuitive web interfaces without
requiring specialized hardware or technical expertise. The
open-source implementation provides a foundation for future
enhancements including custom model training interfaces,
advanced analytics capabilities, and mobile platform optimiza-
tion.
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