
          International Journal of Scientific Research in Engineering and Management (IJSREM) 
                      Volume: 08 Issue: 11 | Nov - 2024                           SJIF Rating: 8.448                                     ISSN: 2582-3930      

  

© 2024, IJSREM      | www.ijsrem.com                                                                                                               |        Page 1 

WEAPON DETECTION USING PYTHON-OPENCV 

 

 

Mr.N.Mohanrajadurai1, 

Arul Immanuel T2, Karthick B 3, 

Sarvesh J A4,Yugapathy R K 5 

Bachelor of Technology – 3rd Year 

Department of Artificial Intelligence and Data Science 

Sri Shakthi Institute of Engineering and Technology (Autonomous) Coimbatore-641062 

 

 

ABSTRACT 

 

 

Computer vision-based gun detection is a crucial tool for improving public safety, particularly in high-risk 

settings like public areas, airports, and schools. The goal of this project is to use Python and well-known machine 

learning frameworks like OpenCV and TensorFlow to create an automated system that can identify the presence 

of firearms in real time. The objective is to develop an effective model that can detect firearms in a variety of 

situations with high accuracy and few false positives. 

 

We used a convolutional neural network (CNN) in conjunction with object identification methods to do this, 

paying special attention to models such as YOLO (You Only Look Once) for quick and precise predictions. In 

order to enhance the model's performance, the project also incorporates a data pretreatment pipeline that 

augments and normalizes images. 
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INTRODUCTION 

 

Concern over gun violence and associated incidents 

has grown globally, highlighting the necessity of 

sophisticated and preventative security measures. 

Ensuring safety is of utmost importance in settings 

like schools, airports, shopping malls, and other 

public venues. Technology's incorporation into 

security systems can significantly contribute to the 

prevention or mitigation of these occurrences. Using 

computer vision, a branch of artificial intelligence 

(AI), to create gun detection systems is one such 

technological approach. 

 

Gun Detection Technology's Significance 

 

By automatically identifying and notifying 

authorities of the presence of firearms, gun detection 

technology seeks to drastically speed up emergency 

response times. Early detection of a possible threat 
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enables speedier intervention and could potentially 

save lives. In contrast to conventional surveillance, 

which calls for Automated systems can continuously 

examine video footage and react in real-time, 

without delays or tiredness, unlike human operators. 

Present Difficulties and RestrictionsCurrent gun 

detection systems have a number of drawbacks 

despite their obvious advantages: 

Complex Environments: Detection is challenging in 

real-world settings because of the wide variations in 

lighting, background noise, and occlusions. 

Variability in Weapon Types: Since firearms vary 

widely in size and design, it is challenging to 

develop a system that can reliably recognize  any 

kind of False Positives and Negatives: It's crucial to 

make sure the system detects firearms accurately 

while reducing missed detections (false negatives) 

and false alarms (false positives). 

These difficulties highlight how crucial it is to create 

reliable and effective models. The goal of this study 

is to overcome these constraints by applying cutting-

edge computer vision techniques. 

Automated systems can continuously examine video 

footage and react in real-time, without delays or 

tiredness, unlike human operators.  

Present Difficulties and RestrictionsCurrent gun 

detection systems have a number of drawbacks 

despite their obvious advantages: 

Complex Environments: Detection is challenging in 

real-world settings because of the wide variations in 

lighting, background noise, and occlusions. 

 

Variability in Weapon Types: 

 

 Since firearms vary widely in size and design, it is 

challenging to develop a system that can reliably 

recognize any kind of 

 

False Positives and Negatives:  

 

It's crucial to make sure the system detects firearms 

accurately while reducing missed detections (false 

negatives) and false alarms (false positives). 

 

These difficulties highlight how crucial it is to create 

reliable and effective models. The goal of this study 

is to overcome these constraints by applying cutting-

edge computer vision techniques. photos of firearms, 

training on a wider range of datasets may be used in 

subsequent iterations to increase robustness. The 

system is adaptable for future expansion because the 

techniques employed can be modified for various 

weapon kinds. 

 

LITERATURE  REVIEW 

 

The necessity for improved public safety and quick 

threat response has led to a major growth in the field 

of firearms detection utilizing Python and associated 

machine learning (ML) technology. The 

fundamental ideas, many methods, and 

developments that have aided in the creation of 

successful firearm detection systems are examined 

in this literature review. It discusses important 

methods, seminal research, and the state of computer 

vision and object detection technology as they relate 

to gun detection. 

 

1. Object Detection Algorithm Overview: 

  

The fundamental function of gun detection systems 

is object detection, which entails locating and 

classifying objects in an image while enclosing 

identified instances with bounding boxes. The 

following are the main algorithms that have 

impacted the creation of gun detection models: 

 

CNNs, or convolutional neural networks: 

 

CNNs have established themselves as a key 

component of object detection and image 

processing. Important CNN-based models that 

provide fundamental frameworks that made feature 

extraction and hierarchical learning easier were 

AlexNet (Krizhevsky et al., 2012), VGGNet 

(Simonyan & Zisserman, 2014), and ResNet (He et 

al., 2016). 

 

Region-Based Convolutional Neural Networks (R-

CNN): First presented by Girshick et al. (2014), R-

CNN and its later variations (Fast R-CNN, Faster R-

CNN) improved detection speed and accuracy by 

introducing techniques for localizing objects within 

pictures using region suggestions. 
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You Only Look Once (YOLO): 

 

 By presenting object detection as a single regression 

problem, YOLO (Redmon et al., 2016) brought 

about a paradigm change and made high-accuracy 

real-time detection possible. YOLO was appropriate 

for real-time applications such as gun detection 

since it could process photos in a single network 

pass. Subsequent versions like YOLOv3 and object 

detection and image processing. Important CNN-

based models that provide fundamental frameworks 

that made feature extraction and hierarchical 

learning easier were AlexNet (Krizhevsky et al., 

2012), VGGNet (Simonyan & Zisserman, 2014), 

and ResNet (He et al., 2016). 

 

Region-Based Convolutional Neural Networks (R-

CNN): First presented by Girshick et al. (2014), R-

CNN and its later variations (Fast R-CNN, Faster R-

CNN) improved detection speed and accuracy by 

introducing techniques for localizing objects within 

pictures using region suggestions. 

 

You Only Look Once (YOLO):  

 

By presenting object detection as a single regression 

problem, YOLO (Redmon et al., 2016) brought 

about a paradigm change and made high-accuracy 

real-time detection possible. YOLO was appropriate 

for real-time applications such as gun detection 

since it could process photos in a single network 

pass. Subsequent versions like YOLOv3 and 

firearms with computer vision and machine learning: 

 

Real-Time Weapon Detection Using YOLOv3: 

 

 Researchers John and Ahmed (2019) showed how 

to use YOLOv3 to identify firearms in live video 

streams. High processing speeds and accuracy were 

attained by the model, making it appropriate for 

public security systems. In order to handle various 

scenarios, including variable angles and occlusions, 

the researchers stressed the significance of training 

the model on a variety of datasets. 

 

CNNs with Automated Surveillance: Lee et al. 

(2020) used CNNs and transfer learning to identify 

firearms in surveillance footage. The team was able 

to balance accuracy and computing economy by 

using pre-trained models and fine-tuning them with 

domain-specific data. 

 

Developments with YOLOv5: More recent 

research has examined how YOLOv5 performs 

better because of its simplified architecture, which, 

in contrast to its predecessors, offers faster and 

better generalization. On a variety of datasets, 

YOLOv5 implementations have demonstrated 

encouraging outcomes in real-time detection with a 

higher mean Average Precision (mAP) score. 

 

4. Issues with Models for Gun Detection 

Researchers and practitioners face a number of 

obstacles in creating a reliable weapons detection 

system: 

 

Limitations of the Dataset: One of the primary 

obstacles is the lack of comprehensive and varied 

datasets that contain pictures of firearms in a range 

of settings (e.g., different lighting, perspectives, and 

backdrops). Models using limited datasets may 

perform poorly in real-world scenarios due to poor 

generalization. 

 

False Positives and False Negatives: It might be 

challenging to differentiate firearms from similar-

looking objects since visual environments are 

complicated. elevated levels of false In crucial 

circumstances, either positives or negatives can 

compromise the dependability of detecting systems. 

 

Real-Time Processing Requirements: Speed-

optimized models are necessary to implement gun 

detection systems that operate in real-time with 

minimal latency. Deployment in edge devices and 

surveillance systems requires lightweight 

architectures and optimized inference procedures. 

 

5. Current Field Tools and Solutions Python-

based gun detection programs frequently use a 

mix of tools and libraries: 
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The development of complex deep learning models 

is made possible by the frameworks TensorFlow and 

Keras. They make it easier to train and implement 

large-scale models for quicker detection thanks to 

integrated GPU support. 

 

OpenCV for Video Analysis: OpenCV is frequently 

used to process frames, display detection findings, 

and integrate trained models with live video streams. 

 

renowned for its dynamic computational 

capabilities, PyTorch, PyTorch has been a popular 

option for creating unique object identification 

models because of its graph and user-friendliness, 

which let researchers to test out novel methods and 

structures. 

 

6. Research on Gun Detection's Future Directions A 

number of patterns and potential research topics are 

becoming apparent as technology develops: 

 

Integration with Edge Computing: With 

improvements in hardware acceleration (e.g., GPUs, 

TPUs), it is becoming more and more possible to 

deploy gun detection models on edge devices, such 

security cameras or drones. This trend lowers 

latency and allows for speedier processing. 

 

Hybrid Detection Models: By fusing deep learning 

models with conventional computer vision methods, 

detection accuracy can be improved. For instance, 

CNNs can be used in conjunction with motion 

analysis and background subtraction to enhance item 

localization in dynamic situations. 

 

Utilizing Pre-Trained Models and Transfer 

Learning: Transfer learning keeps going 

to be essential in creating gun detection systems that 

are more flexible with fresh data and faster to train. 

Vision Transformers (ViTs) and EfficientDet are 

two models that have demonstrated promise in 

managing increasingly challenging detection jobs. 

 

METHADOLOGY 

 

The methodology describes how to use Python and 

computer vision techniques to create and implement 

a gun detection system step-by-step. The tools, data 

preparation, model architecture, training procedure, 

and evaluation criteria utilized to construct the 

detection model are all thoroughly examined in this 

section,Utilized Tools and Technologies. 

Choosing the right tools and libraries is essential to 

creating a successful gun detection system. The 

primary frameworks and tools utilized in this project 

are: 

 

Python is the main programming language because 

of its adaptability and the wide variety of library for 

computer vision and machine learning. 

 

OpenCV: Used for features related to image 

processing and video recording. 

 

The neural network model is constructed, trained, 

and deployed using the deep learning frameworks 

TensorFlow and Keras. 

 

Pandas and NumPy are crucial for preprocessing and 

data manipulation. 

 

To comprehend the dataset and track model training, 

Matplotlib and Seaborn are used for data 

visualization. 

 

LabelImg: An image annotation tool that generates 

labeled training datasets. 

 

2. Gathering and Preparing Data 

 

Preparing the data is a fundamental step in creating a 

precise model. The following steps were part of the 

process: 

Data Collection: Photographs of guns were 

collected from publicly accessible datasets and 

hand-picked from a variety of sources. In order to 

enhance the quality, the dataset was diversified to 

include various weapons types, perspectives, 

backgrounds, and lighting conditions the 

generalization of the mode. 

 

Annotation: 

 

To add bounding boxes around firearms, LabelImg 

http://www.ijsrem.com/
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was used to tag each image in the dataset. The 

coordinates and labels needed to train the model 

were generated in an XML or CSV file,Augmenting 

Data. 

In order to expand the range of training images and 

make the model more resilient to changes in input 

data, strategies like flipping, rotation, scaling, and 

brightness adjustments were used. 

Data Differencing with a usual split ratio of 

70:20:10, the dataset was separated into training, 

validation, and test sets. This division keeps unseen 

data for assessment while guaranteeing that the 

model is trained on a varied collection. 

 

3.Preparation-Actions 

 

Preprocessing was used to improve the caliber of the 

data that was entered into the model: 

 

Image Resizing: Every picture was resized to the 

same size dimension (for example, 416x416 pixels 

for YOLO) to ensure uniformity throughout the 

input data. 

 

Normalization: To facilitate quicker and more 

reliable training, pixel values were normalized to a 

range of 0 to 1. 

Data Shuffling: To prevent the model from picking 

up any sequence-specific patterns that would cause 

overfitting, the training data was shuffled. 

 

4.Architecture of Models 

 

The YOLO (You Only Look Once) architecture, 

which is renowned for its real-time detection 

capabilities, served as the foundation for the 

construction of the gun detection model. The 

model's primary features include: 

 

YOLO relies on a deep convolutional neural 

network (CNN) to evaluate incoming photos and 

extract information. The architecture consists of 

several convolutional layers, activation functions, 

and max pooling. 

 

Grid System: The picture is separated into Each cell 

in a S x S grid is in charge of identifying items 

whose centers are inside the cell. Bounding boxes 

and class probabilities are predicted by each grid 

cell. 

 

Bounding Box Prediction: YOLO forecasts a 

predetermined number of bounding boxes together 

with corresponding confidence scores that show the 

model's level of certainty regarding the type of 

object (such as a gun) and its contents. 

 

Loss Function: To properly train the model, a 

specialized loss function that combines mean 

squared error for bounding box regression and cross-

entropy loss for class prediction is employed. 

 

5.ModelTraining 

 

Several crucial phases were involved in training the 

model: 

Hyperparameter Tuning: Various learning rates, 

batch sizes, and epoch numbers were used in the 

preliminary tests. For this project, a batch size of 

0.001 and an ideal learning rate 50 and 16 epochs 

were selected according to the validation 

performance. 

Optimizer: The Adam optimizer was chosen for 

training because it can adjust learning rates in real 

time, striking a balance between stability and speed. 

Training Strategy: To expedite the training 

process, the model was run on a powerful GPU. By 

ending training after a predetermined number of 

epochs, when the validation loss ceased improving, 

early stopping was used to avoid overfitting. 

 

6. Assessment of the Model 

 

A number of evaluation metrics were used to gauge 

the model's performance: 

 

Precision: Calculates the percentage of accurate gun 

detection predictions among all positive predictions. 

 

Recall: Assesses the model's capacity to locate 

every real gun instance in the dataset. 

 

F1 Score: An overall indicator of the model's 

accuracy that strikes a balance between recall and 

http://www.ijsrem.com/
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precision. 

 

A popular metric for object identification models 

that takes into account the intersection over union 

(IoU) between the ground truth and predicted 

bounding boxes is mean average precision, or mAP. 

Confusion Matrix: Provides information about the 

model's performance by visualizing true positives, 

false positives, true negatives, and false negatives. 

 

7.Difficulties Encountered 

 

A number of difficulties arose throughout the 

implementation and training: 

Variability in Image Quality: The model's learning 

was impacted by variations in image resolution and 

quality, necessitating extra preprocessing and 

augmentation procedures. 

False Positives: By improving the training data and 

adjusting the confidence threshold, the model's high 

false positive rate from its early iterations was 

reduced,large amounts of computing power. Making 

use of a Training times were shortened by using a 

GPU and improving the code. 

 

8. Considerations for Deployment 

 

Following satisfactory testing and training, the 

model was ready for use. Among the crucial 

deployment tactics were: 

Model Conversion: Preparing the learned model for 

possible embedded system application by converting 

it to forms that work with lightweight runtime 

environments like ONNX or TensorFlow Lite. 

Real-Time Implementation: To enable live video 

analysis and identification, the trained model is 

integrated with an OpenCV video processing 

pipeline. 

Alert System Integration: Including a system that 

will sound an alarm in the event that a gun is found, 

allowing for quick action. 

 

 

 

 

 

 

OUTCOME AND RESULT 

 

Metrics for Model Performance: 

Accuracy: When evaluated on validation datasets, 

the model consistently identified firearms in a 

variety of situations, demonstrating a high accuracy 

rate. 

Precision and Recall: Approximately 94% 

precision was noted things. 

 

Error Analysis: 

 

False Positives: Because of their similar designs, 

several items, including long umbrellas or dark-

colored tools, were sometimes mistaken for 

weapons. 

 

False Negatives: Missed detections were caused by 

dim lighting or obscured views of them weapon. 

 

Visual-Display: 

 

The produced photographs show instances where the 

system successfully identified firearms in various 

environments (such as a shopping center and an 

outdoor park). 

 

Results with annotations: 

 

'Gun Detected' detection boxes were used to 

annotate the images, and confidence values (e.g., 

'Confidence: 94%') were included to provide 

information about the degree of certainty of each 

detection. 

 

Analysis of Quantitative Data 

 

Model Loss: The training and validation loss graphs 

show that the model successfully converged, 

indicating that there were no significant overfitting 

problems and that the training process was stable. 

 

Execution Duration: The mean The potential for 

real-time deployment was demonstrated by the 

processing time of a single frame, which was 

roughly 0.2 seconds. 
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OUTPUT 

 
 

CONCLUSION: 

 

The "Gun Detection Using Python" project 

effectively illustrates how computer vision methods, 

especially those utilizing deep learning models and 

frameworks like OpenCV, can be used to recognize 

firearms in visual data. An effective and efficient 

detection system can be created by combining 

machine learning techniques like TensorFlow or 

PyTorch with the power of object detection methods 

like YOLO. This method has a lot of potential to 

improve security applications and help surveillance 

systems identify threats in real time.  

 

The creation of a model that can recognize firearms 

with a respectable degree of accuracy and 

performance optimization for real-time application 

are among the project's major accomplishments. 

Although the outcomes have been encouraging, 

future developments might concentrate on 

enhancing the model's precision, adding more and 

more varied datasets, and using cutting-edge 

methods, including model compression, to improve 

deployment on edge devices. 

In order to facilitate smooth communication with 

warning and response systems, future development 

might possibly investigate integration with larger 

security ecosystems. By doing this, the technology 

would be positioned as a powerful instrument to aid 

law enforcement and improve public safety. 
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