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igarette smoking in educational institutes poses significant health and disciplinary 
challenges for university administration despite strict institutional policies. Manual 
surveillance systems are often inefficient in detecting such violations, especially 

within large campuses and indoor areas. To address this issue, this research presents an AI-
based cigarette smoking detection and student identification system that leverages deep 
learning and computer vision for real-time surveillance. The proposed system uses YOLOv8 
for cigarette detection from CCTV feeds. A custom dataset of cigarette-smoking images was 
used to train and validate the model to ensure robustness under diverse lighting and 
background conditions. The system then identifies the student using MTCNN and FaceNet 
for face detection. The system also integrates a web dashboard for an alert mechanism that 
captures screenshots when a cigarette-smoking violation is detected and notifies the 
concerned authorities via email to facilitate immediate action. The YOLOv8s cigarette 
detection module achieved an accuracy of 90.06%, precision of 95.80%, recall of 91.27%, 
F1-score of 93.48%, specificity of 85.71%, false positive rate of 14.29%, and a mAP@0.5 of 
88%, demonstrating strong and reliable detection performance under diverse real-world 
CCTV conditions. The experimental results of the face recognition module have also shown 
satisfactory performance over all evaluation metrics, achieving an overall accuracy of 92.2%, 
precision of 91.8%, recall of 92.2%, and F1-score of 91.9%. The system contributes to 
maintaining smoke-free educational environments by enabling proactive policy enforcement. 
Overall, this research highlights the potential of AI-powered surveillance to reduce smoking 
incidents and foster a healthier academic community. 
Keywords: Cigarette smoking; Computer Vision; Face Detection; Object Detection; Web 
Dashboard 
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Introduction: 
Globally, the use of tobacco and nicotine products is rapidly increasing, particularly 

among the younger generation. There are many reasons for the widespread use of cigarettes 
that includes social environment and pressure, curiosity, lack of knowledge of its adverse 
impacts and ease of cigarette access [1]. Frequent smoking in teenagers causes health issues 
such as frequent respiratory infections, poor lung development, reduced lung capacity, and 
even lung cancer[2][3]. Alhindal et al. reviewed the adverse effects of smoking on 
cardiovascular system and addressed this problem in Adults as Congenital Heart Disease 
(ACHD) [4]. Currently university campuses lack an effective automatic system which detects 
cigarette smoking within their premises. As a result, anti-smoking policies are often violated 
frequently in areas such as corridors, libraries, classrooms, and other indoor spaces where 
smoking is strictly prohibited. These activities not only violate the university rules and 
regulations, but also increase health risks for not only smokers but also for non-smokers. 
This research focuses on the development of an Artificial Intelligence (AI) based surveillance 
system that uses cameras and intelligent detection algorithms to identify and report smoking 
activities in real-time. This system enforces anti-smoking policies more effectively and 
reduces unhealthy practices and promotes a healthier anti-smoking academic environment. 
The objectives of this research are: 
To collect and preprocess datasets for cigarette and face detection. 
To train and evaluate the model for cigarette detection using YOLOv8. 
To enable accurate matching of detected faces against the enrolled student database using 
MTCNN and FaceNet models. 
To design a web application that integrates the trained model. 
Related Work: 

The rise of AI-based surveillance in educational settings has drawn increasing 
attention to implement automated solutions for policy enforcement and safety monitoring. 
In a recent review by [5], the authors highlighted the addictive nature of nicotine from 
smoking or electronic vaping and advocated for AI-based surveillance in educational 
institutions. [6] found that 20.6% of the students were current smokers, with the majority 
being in high school (54.9%) and in university (23.5%). They identified higher smoking 
levels among male students aged 21 years or older in research sample. [7] explored the use of 
Machine Learning (ML) techniques to detect smoking behavior and provides evidence that 
AI-powered vision systems can reliably identify smoking attempts. The study supports 
implementing an AI-based surveillance system for indoor university spaces. [8] reviewed 49 
studies published between 2019 and 2023 from PubMed and ACM Digital Library, focusing 
on technology features, outcomes, and evaluation methods. Machine learning models and 
wireless signal detection techniques yield encouraging results for smoking surveillance but 
require further refinement. The identification of these limitations along with continuous 
research and innovation in this field are crucial for developing reliable, practical solutions 
and integrating these technologies into clinical programs. [9] proposed a smoking detection 
model using the Single Shot Detector (SSD) method with VGG16 as the feature extractor. 
Experimental results demonstrated that at a threshold of 0.5, the model achieved 
outstanding performance, with 97.5% accuracy, 97.4% precision, 100% recall, and a 98.7% 
F1-score. [10]proposed the Context-Aware Small-Item Attention Net (CASIA-Net), a novel 
detection framework to address the issues caused due to the small scale of targets, poor 
visibility, and cluttered environments. CASIA-Net incorporates a Deformable Feature 
Extraction (DFE) module to tackle the non-salient characteristics of smoking targets.  

[11] developed a face-authentication system by merging the Deep Learning (DL) 
models like MTCNN (Multi-Task Cascade Convolutional Network) for accurate face 
detection and for high precision facial extraction and face embeddings using FaceNet. This 
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paper provides the base for real time monitoring systems, it also discusses the key challenges 
such as variations in pose, lighting, and occlusion that must be kept in mind while designing 
AI-based smoking detection systems for campus use.  

[12] developed a real-time cigarette detection using YOLOv3 object detection 
algorithm that is trained on a dataset of 10.000 images where (5,000 cigarette images vs 5,000 
non-cigarette images) under different variations of lighting conditions, angles and 
backgrounds. [13] evaluated the performance of different YOLO variants on the smoker 
detection problem using small objects such as cigarettes and introduced a new dataset 
(CigDet) published in the Mendeley Data repository, highlighting challenges around dataset 
availability and size for accurate deep learning model training. 

[14] developed an advanced deep-learning based detection algorithm named 
YOLOv8-MNC for identifying smoking behaviors in video frames, specifically, this model 
addresses very small and often occluded cigarette objects in realistic environments. This 
research uses the custom dataset model and achieves a mean average precision of 
(mAP@0.5) of 85.887% which represents a 5.7% improvement over the original YOLOv8 
baseline. The authors also explain key challenges like light variations pose etc. 

Face recognition has become a major research area due to the rapid growth of 
intelligent software applications including person recognition [15][16], healthcare [17][18], 
and e-learning [19], among others. However, reliable face identification remains a challenge 
because human facial features vary significantly under different conditions. [20] presented a 
comprehensive review of facial recognition and surveillance systems, covering underlying 
principles, key application domains, benchmark datasets, and feature extraction methods 
including appearance-based, model-based, and hybrid approaches. It also examines critical 
components such as feature selection, classification techniques, and evaluation protocols, 
while highlighting current challenges and future research directions for building more 
accurate and robust face recognition systems. [21] proposed a web-based application for 
detecting face in real time images and videos streams, comparing them with four pretrained 
algorithms i.e. Haar-Cascade, HOG-based frontal detector, MTCNN, and DNN and 
concluded that DNN and MTCNN performed better under different conditions. [22] 
proposed a fusion-based face recognition framework to improve the performance under 
challenging real-world conditions such as occlusions, pose variations, and lighting changes. 
The system integrated MTCNN for accurate face detection and alignment, FaceNet model 
for extracting discriminative facial embeddings, and an Adaptive Feature Fusion (AFF) 
module that combines identity features with contextual information such as pose, 
illumination, and mask presence. Their results demonstrated that the proposed attention and 
context-aware fusion mechanisms significantly improved the face recognition performance, 
therefore, this study was motivated to use MTCNN and FaceNet for face recognition in our 
research. 

[23] proposed Hawk-Eye that is an AI-powered threat detection for Intelligent 
Surveillance Cameras, to integrate AI with real-time video surveillance to detect potential 
threats and abnormal behavior automatically. Surveillance systems using deep learning and 
computer vision have been widely studied for public safety applications such as violence 
detection, crowd monitoring, and anomaly recognition in video streams [24][25]. There is 
great demand for intelligent systems capable of automatically detecting anomalous events in 
videos, and a wide variety of approaches have been proposed to ensure public security [26]. 
However, despite the growing body of research, very limited work has been focused on 
policy-specific violations within academic institutions, particularly on the detection of 
cigarette smoking in university campuses, which remains a largely unexplored area in the 
surveillance literature. 
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The reviewed literature revealed that cigarette smoking is common among university 
students, even in medical and health-related institutes. It highlights the weak policy 
enforcement by institutes, significant research gap, and the need for real-time monitoring. 
Most of the studies have shown that DL models like YOLO, CNN, and YOLOv8 can 
accurately detect smoking behavior, even in challenging environmental conditions. However, 
the reviewed research strongly supports developing an enhanced AI-based cigarette smoking 
detection system for universities to improve monitoring and policy enforcement. 

The aim of this research is to develop a surveillance system for cigarette smoking 
detection and student identification to promote a smoke-free environment on university 
campuses. The system captures visual evidence such as screenshots from CCTV cameras, 
identifies the student and sends quick notification to the authorized personnel. The system 
will keep a record of the number of smoking attempts by an individual and it will generate a 
penalty challan for individuals.  
Novelty of the Study: 

The novelty of this study is the development of integrated AI-powered surveillance 
application that combines cigarette smoking detection with automated student face 
identification and alert generation in a single system. Unlike other existing smoking detection 
systems that only focus on detection of smoking activities, the proposed approach provides 
a web dashboard that not only detects the cigarette smoking activity but also identifies the 
student and generates an email alert. Furthermore, the study introduces a custom cigarette 
smoking dataset collected from six publicly available datasets that improves detection 
accuracy. 
Material and Methods: 

This research aims to develop an AI system for cigarette detection, face recognition 
to recognize the individual’s face and the web Dashboard for interaction. The proposed 
methodology for this system is shown in Figure 1. This section describes each phase of the 
system in detail.  

The flow chart in Figure 2 shows the working of each component of the system. The 
cigarette detection process starts with the live video streams captured from the web camera, 
which is analyzed in real-time using DL, typically YOLOv8. This model is pretrained on 
custom datasets which contain images of both cigarette and non-cigarettes allowing it to 
accurately detect the presence of cigarettes, even when they appear in very small or partially 
obscured objects in a frame. 

 
Figure 1. Methodology of the system 
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Figure 2. Flowchart of the system 

When a cigarette is detected in a video stream, then the system saves the frame as 
evidence and prepares it for the next step in the workflow. Once the video frame with a 
detected cigarette is noticed, the system uses facial recognition techniques to identify the 
individual involved in cigarette smoking. This process starts with face detection, we 
implemented MTCNN, which locates and extracts facial regions from the frame. These 
facial frames are processed further using FaceNet for generating a unique face vector. It is a 
mathematical representation of the face. This vector is then compared against an already 
existing MongoDB database of the students' face vectors. If the face matches, the system 
then identifies the student and records their details along with the captured smoking activity. 
Otherwise, the person is tagged as unknown. The output on the dashboard includes 
evidence frames, identified names, timestamp, and related information. This dashboard 
allows authorized personnel to view activities, export reports, and monitor compliance in 
real-time, ensuring efficient detection and effective implementation of anti-smoke policies.  
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Proposed System Pipeline: 
The proposed system operates as an end-to-end automated pipeline comprising five 

interconnected modules: data preparation, cigarette detection, face recognition, database 
matching, and alert notification. Those five modules are described in the following seven 
steps. 
Step 1: Dataset Acquisition and Model Training: 

The system pipeline starts with the acquisition and annotation of cigarette-smoking 
images collected from seven datasets [27][28][29][30][31][32][33] that are publicly available. 
These images are tagged using bounding box annotations and fed into the YOLOv8 model 
for training. YOLOv8 is chosen for its real-time object detection ability and high precision 
on custom sets of data. The model has been trained and validated repeatedly until sufficient 
performance parameters are achieved. 
Step 2: Live Video Feed Acquisition and Preprocessing: 

Once the system is deployed, it continuously receives video streams from the CCTV 
cameras. Each video frame is extracted and preprocessed by resizing and normalizing it to 
match the input specifications of the YOLOv8 model.  
Step 3: Cigarette Detection (YOLOv8): 

Each preprocessed frame is passed through the YOLOv8 model, which examines 
the frame to detect the presence of a cigarette. If no cigarette is present, the frame is 
disposed, and the system proceeds to scan the next frame in a continuous loop. If a cigarette 
is present and detected with a confidence score that is above the defined threshold (i.e. 
>0.6), the system then annotates the frame as a violation and proceeds to the next module. 
At this stage, a screenshot of the frame is captured with a timestamp to be stored as 
evidence for further processing. 
Step 4: Face Detection and Recognition (MTCNN + FaceNet): 

The captured frame is then passed to the facial recognition module, where MTCNN 
is used to scan and localize the face of the person smoking within the frame. MTCNN runs 
three cascaded stages (proposal, refinement, and output) to precisely detect face bounding 
boxes and facial features and landmarks. The detected and cropped face region is then sent 
over to FaceNet, which converts it into a 128-dimensional embedding vector that represents 
the person’s unique facial features. 
Step 5: Database Matching: 

The produced FaceNet embedding is compared against a student face database that 
contains the facial data for 30 enrolled students. This matching is performed using cosine 
similarity. A similarity score above the threshold (>0.6) is considered as successful 
identification. The system then retrieves the student’s basic information from database to 
send alerts. In case of no match being found, the person is flagged as an unknown 
individual. This may be due to either the person being unregistered or their face not being 
sufficiently clear. The recorded evidence is still saved, and the violation is marked for manual 
verification by relevant campus authorities. 
Step 6: Challan Generation and Alert Notification: 

After a successful identification, the system automatically generates and issues a 
disciplinary challan containing the student’s registration details, the timestamp of the 
violation, along with the evidence screenshot being attached. This record is saved to the 
backend database and uploaded to the web dashboard at the same time, allowing for campus 
management to review all incidents and violations in real time. In addition, an automated 
email alert is also sent to the relevant disciplinary authority, enabling swift disciplinary action 
without the need for manual monitoring. 
Step 7: Continuous Loop: 
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The system continues to process the live CCTV feed after an alert is generated and 
sent. This chain continues indefinitely and maintains uninterrupted surveillance across all the 
CCTV feeds. The entire cycle from frame capture to alert dispatch functions in real-time, 
which ensures timely detection and immediate action to smoking violations on the campus. 
Datasets: 

During the process of data collection, we initially used dataset from Mendeley Data 
and annotated it by ourselves, but later we went for dataset Cigarette Smoking 
[28][29][30][31][32][33] which we used to train our final model. There are some other 
datasets which we initially annotated and explored were: 
Smokers’ vs Non-Smoker: 

This Dataset [27] contains total no of 24,00 raw images where (1200) images are of 
smoking category, and other (1200) images are of non-smoking category. This dataset 
contains various images such as cigarette smoking, smokers, people, coughing, taking 
inhalers, person on the phone, drinking water and much more. 

The dataset was divided into approx. 84% training set (2016 images), 10% validation 
set (240 images) and 6% for testing (144 images). 
Cigarette Detection: 

This dataset is created from six datasets [28][29][30][31][32][33] that are publicly 
available on Rob flow. This Dataset has total 4,640 annotated images, in which 3,682 images 
are of smoking and remaining 958 are of non-smoking images accordingly. The 958 non-
cigarette images contain similar objects as cigarette like pens, pencil and straws that may be 
considered as cigarette by the model. There was a problem of class imbalance with more 
cigarette images as compared to plain normal background images which help the model to 
focus more on the small object detection. The dataset was divided as approx. 75.2% into 
training set (3492 images), 17.2% validation set (796 images) and 7.6% for testing (352 
images). 
Student Database: 

Generally, at the time of admission, information of each student along with picture is 
stored in the institutional database. That database can be used to match the individual who 
violated the smoking policy at campus. For the prototype, we have created a database of 30 
enrolled students. For each student, basic information including name, roll no, contact 
details and facial images in controlled conditions were recorded. The collected facial images 
were processed through MTCNN for face detection and FaceNet for generating 128-
dimensional embedding vector for each student which were stored in the database and serve 
as reference template for live face recognition during system operation. 
Dataset Preprocessing: 

The images were resized to 640x640 for further processing. This ensures that the 
images fed into the model are of the same size and helps in computational efficiency and 
learning of relevant features. After that, the standardization of orientation was performed to 
ensure all images are correctly oriented such that subjects and objects of interest like 
cigarettes are always presented in the same fashion as the model would see during real-world 
detection. Next is labeling with bounding boxes. Each image of this dataset has been 
annotated by drawing bounding boxes. More precisely, for every image in that dataset, a 
tightly bounding rectangle has been drawn around every cigarette appearing in the scene, 
including information about its location and size. These bounding boxes are highly relevant 
for the labeled data needed by YOLOv8 to learn how to recognize and locate cigarettes in 
new, unseen images. The annotation of the bounding box should be done with great 
precision, since it directly influences the model's detection performance. The careful pre-
processing steps ensure that quality and consistency of data support the effective detection 
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of cigarettes and thereby increase the accuracy and reliability of the model in practical 
deployment. 
Model Training: 

To detect cigarettes, the proposed system was based on the YOLOv8s (You Only 
Look Once, version 8 small) object detection model since it offers an ideal tradeoff between 
speed and accuracy particularly in real-time applications and localization of small objects 
such as cigarettes in diverse campus situations. The reason to choose YOLOv8 over other 
models like Faster R-CNN, RT-DETR, and EfficientDet was that it strikes the right balance 
between speed and accuracy for real-time surveillance. Faster R-CNN was somewhat slow 
for live CCTV processing, while newer models like YOLOv10 and YOLOv12 lacked mature 
tooling for custom dataset training at the time of development. 

The training of YOLOv8 was performed on a dataset that has been carefully 
constructed, 75.2% of the pictures in total were used as training data (3492). In this process, 
the model was trained to localize and classify unseen images of cigarettes which form the 
essence of the detection of the surveillance solution.  
Experimental Setup and Hyperparameters: 

The model training was done on Google Colab’s free tier, which provided access to 
NVIDIA Tesla K80 GPU with 12GB VRAM and 12 GB RAM, subject to session 
availability. The training was conducted using Python 3.10 with the Ultralytics YOLOv8 
framework. The model was trained for 50 epochs with batch size 16, an initial learning rate 
of 0.01 and an early stopping patience of 10 epochs to prevent overfitting. Diverse values of 
augmentation (flipping, scaling, mosaic, and mixup) were used to ensure that the model 
would be adapted to the real-life conditions. The total training time was approximately 3 
hours on free tier cloud GPU.  Following the training the model achieved an inference speed 
of approximately 38ms per frame, equivalent to roughly 26 frames per second (FPS), which 
is sufficient for real-time CCTV based surveillance. After the model training, the YOLOv8s 
was then subjected to the validation process, and the final model performance is measured 
on the unseen test set.  
Predictions on Live Video: 

The trained YOLOv8s model can process live camera feeds in real-time, and the 
incoming image is checked against the potential cigarettes, which demonstrates that the 
performance was rather strong and can be used for the implementation of the system. The 
model gives confidence score of each cigarette denoted in the frame that is the probability of 
the object that is depicted in the frame to be a cigarette. Such real-time feedback will help 
the administrators to get the performance of the detection and respond to it in a timely and 
evidence-based manner. It allows the system to monitor the development of campus in a 
precise and transparent manner since it provides reports on the position, as well as the 
confidence of each prediction. 
Face Recognition Module: 

When a cigarette is detected in one of the video frames, it is said to trigger the face 
recognition feature of the system. Multi-task cascaded convolutional neural network 
(MTCNN) is a popular deep learning framework for face recognition. 
MTCNN: 

MTCNN operates in three stages. Initially, the photo is scanned to propose possible 
face areas; secondly, the proposals are narrowed down to eliminate false positives, as well as 
to better define the facial area; third, it searches the face to detect significant facial features, 
such as eyes, nose and mouth. This ensures that the cropped and oriented face is identified 
that will go for the next step.  
FaceNet: 
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FaceNet is an opensource facial recognition system developed by Google. Once 
MTCNN isolates and aligns the face, our system uses FaceNet for feature extraction and 
recognition. It processes the detected face and converts it into a unique numerical 
representation known as face embedding. This embedding captures the distinctive features 
of a person’s face in a way that remains consistent even under different lighting conditions, 
angles, or expressions. When a smoking violation is detected, the system compares this 
embedding against the stored face vectors of enrolled students in the MongoDB database. If 
a close match is found, the student is identified and their information is retrieved. If no 
match is found, the individual is logged as unknown and flagged for manual review. 
Web Dashboard: 

NoSmoke web dashboard was developed for real-time monitoring and enforcing the 
no-smoking policies on the campus. Manual surveillance is not always fair and takes a lot of 
time and efforts. It is prone to error, hence does not suit large or open areas. The overall 
objective of the dashboard design was to provide campus authorities with centralized access 
which would be convenient in tracking the cases of smoking, the case perpetrators, 
documentation and appropriate time management of their activities. To carry out database 
operations, the dashboard was developed using Fast API as the frontend and backend and 
connected to MongoDB database. The system leverages modern technology stack with 
React.js for building a dynamic, component-based dashboard enhanced by Tailwind CSS for 
efficient styling and WebSocket for real-time two-way communication to stream live video 
and detection updates. On backend, python provides a versatile foundation for data 
processing, machine learning, image manipulation using libraries such as OpenCV, while 
FastAPI serves as a high-performance web framework to seamlessly integrate the frontend 
with the backend’s detection and recognition services. All communications are secured, and 
only the administrators can access the account. Everything including record keeping, 
enforcement and generation of reports is automated that enables the administration of no-
smoking policies to be done in real-time on campuses. The dashboard is provided with 
simple functions including:  
Home Page Navigation:  

It has two main buttons, Live Detection and logs, one can instantly choose to enable 
live monitoring or to review past detections. It also provides a menu bar through which one 
can move to other pages such as History, Database, Challan and Admin.  
Live Detection:  

It allows the user to do real time cigarette detection and built-in face recognition with 
the use of the web camera. Once one frame is captured, the system scans that frame. If 
cigarette is detected it tries to identify the person. On detecting students, a challan is drawn 
(fine notification) and an email dispatched to the concerned student. Figure 3 shows the Live 
Detection interface of the NoSmoke dashboard, where real-time cigarette detection alerts 
and video feed are displayed. 
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Figure 3. Live Detection for NoSmoke Dashboard 
Historical logs (History):  

Displays a historical list of all the previous instances of detection with screen shots 
of the live feed of the camera. All the information regarding each smoking violation is 
presented with the identity of the detected person, the moment of the accident, and the 
confidence rating along with an alert button for notifying the administration. It assists 
administrators in sorting the logs, exporting evidence and survey system activity.  
Database: 

This interface allows student information to be entered into and updated in the 
database to be used for face recognition. Once the cigarette is detected, the face recognition 
system matches the person's face with the student database. Figure 4 shows the Student 
Database section of the NoSmoke Dashboard, where student information is manually 
inserted, updated, or deleted, and used for identification during detection events. 

 
Figure4. Student Database for NoSmoke Dashboard 

Challan Information:  
This page shows the list of all challans generated for smoking violations. It tracks the 

status of all the challans that indicate whether they have been paid. It also provides 
actionable options to the admins to update the payment status and manage the enforcement 
process. Figure 5 shows the Challan History page of the Dashboard, displaying all issued 
fines along with their payment status and options to mark them as paid or download the 
details.  
Admin Access and Security:  

Limits access of the system to authorized users using administrator credentials which 
enhances the level of data security and governance. Administrators are allowed to add new 
students, look at detection logs, manage the challans and control the system settings to 
ensure that the sensitive information and administrative controls are secure. 

 
Figure 5. Challan History for NoSmoke Dashboard 

Result and Discussion: 
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Cigarette Detection: 
The evaluation of the cigarette smoking detection modelis performed using two 

datasets. In this section, we have presented key metrics like confusion matrices, precision, 
recall, F1 score and accuracy to evaluate the model's performance on the two datasets in 
comparison with each other. 
Dataset 1 (Smoker Vs Non-Smoker): 

The Dataset contains 2400 images consisting of both smoking and non-smoking 
categories. This dataset contains many different actions performed by people such as 
coughing and drinking, allowing the model to learn to distinguish cigarettes from similar 
objects. The confusion matrix in Figure 6 shows the model predictions for each class. The 
diagonal elements represent the number of correctly predicted cases for each class, whereas 
off-diagonal elements represent misclassified instances. Thus, the higher values on the 
diagonal represents better model performance as it indicates the number of correctly 
classified samples. The model performs well in detecting cigarettes, but there are still a large 
number of false positives which need to be reduced. The model has accuracy of 85.0%. 

  
Figure 6. Confusion and Normalized Confusion matrix of Dataset 1 

Figure 7 shows training graphs of the performance of model during training. 
Visualizations support the tracking of metrics for box loss, classification loss and precision 
recall in graph form by epoch, showing how these things improved over time. 

 
Figure 7. Training and validation curves of Dataset 1 (Smoker vs Non-Smoker) 

Dataset 2 (Cigarette Smoking): 
This dataset contains images of both smoking and non-smoking categories, including 

many similar objects that look like cigarettes, such as straws, pens, and pencils.This enables 
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the model to more accurately distinguish cigarettes from similar objects. This dataset was 
used for model training on two different YOLO versions, i.e. YOLOv8s and YOLO11s. 
The YOLOv8s model, with an accuracy of 90.0%, was selected as the final detection model 
to be integrated into the No Smoke AI system due to its higher accuracy than the other 
trained models. YOLOv11 model had 88.6% accuracy for this dataset. Despite the faster 
inference of newer versions of YOLO, YOLOv8 is still preferred for its accuracy on smaller 
objects. Confusion matrix in Figure 8 shows the model predictions for each class. 

 
Figure 8. Confusion matrix of Dataset 2 using YOLOv8 

 
Figure 9. Training and validation curves of Dataset 2 using YOLOv8 

The plots in Figure 9 indicate that YOLOv8 training is performing well in general, 
with some room to work on stability in validation. The first row shows that the train box 
loss, classification loss, and Distribution Focal Loss (DFL) loss decrease steadily with the 
number of epochs, indicating that the model is becoming more accurate in enclosing tight 
boxes around cigarettes, labeling them correctly, and estimating accurate box boundaries. 
Meanwhile, training precision and recall curves continue to increase, and thus the model not 
only is generating fewer false positives (precision up) but also is detecting more true objects 
(recall up) as it continues to train. The validation box and classification losses in the second 
row are sharp at the beginning and then becomes flat and slightly spiky, indicating that the 
model is quickly learning the major patterns but there is no serious upward trend in 
validation performance, likely because there were relatively few or highly diverse validation 
samples; yet, they continue to decrease, so there is no evidence of overfitting in these 50 
epochs. The validation DFL loss also reduces initially and then swings around a relatively 
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stable value which indicates that the quality of box boundaries on unknown images is not 
worsening. These two graphs, validation mAP@0.5 and mAP@0.5:0.95 are the most 
important, as they both increase consistently with epochs, i.e. the detector is achieving 
progressively higher accuracy on average across the Intersection over Union (IoU) 
thresholds, and they are also increasing steadily, i.e. training can possibly be continued a little 
longer or you can save a late-epoch checkpoint in case your model has reached the best 
possible performance. Generally, the overall trends of these curves indicate that your 
training configuration (learning rate, augmentations, batch size) works, the model is learning 
meaningful features, and the most obvious next steps would be to reduce validation noise 
(e.g. more data or better balance) and maybe run a few extra epochs with early stopping on 
the best mAP. 

The dataset 2 was also trained using YOLO11.  Confusion matrix in Figure 10 shows 
the model predictions for each class. 

 
Figure 10. Confusion and Normalized Confusion matrix of Dataset 2 for YOLO11 

Figure 11 shows summary of the performance of model during training. 
Visualizations support the tracking of metrics for box loss, classification loss and precision 
recall in graph form by epoch, showing how these things improved over time. Both the 
graphs of Figure 9 and Figure 11 indicate that the proposed model trains in a stable and 
effective manner, but its eventual performance remains slightly lower than the result of 
YOLOv8 on the same dataset. Trends of the training box, classification, and DFL losses 
reduce gradually, and accuracy and recall grow in a steady fashion, which proves that the 
model is learning to draw right boxes, select the correct class, and can see the majority of 
target objects. On the validation side, the losses decrease rapidly and after that show some 
minor fluctuations and this is a good sign that there is good generalization and no evident 
overfitting. But a direct comparison with the best YOLOv8s run shows that the eventual 
validation mAP at 0.5, and mAP at 0.5:0.95 here are slightly lower, and the validation losses 
are not such low values that means that YOLOv8 can still be expected to reach slightly 
higher overall detection accuracy on this dataset. Simply stated, this version is good and well-
trained, although YOLOv8s is the stronger one in this particular task. 
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Figure 11. Training and validation curves of Dataset 2 (Cigarette Smoking) using YOLO11 

To develop a final model, we chose the Cigarette Smoking dataset collected by 
various open sources and narrowed down with the help of Roboflow. The choice was made 
because it is a very specific dataset that directly dealt with cigarette-related images and had 
both smoking and non-smoking scenes that were well-annotated. Notably, the non-smoking 
pictures purposely used objects like pens, pencils, and straws that can easily be mistaken with 
cigarettes to condition the model to distinguish cigarettes with other objects that appear in a 
similar manner. Its annotated images were selected in a more realistic set of surveillance 
situations with a mixture of angles, distances and the type of visual clutter experienced in real 
CCTV surveillance. This had the benefit of making the trained model reliable in detecting 
cigarette smoking in the real world. Moreover, the increased amount of cigarette images in 
this data set made sure that the model focuses on the detection task. The Cigarette Smoking 
dataset therefore offered a far more promising platform to precise, real-time cigarette 
identification and more closely match the goals and requirements of our campus surveillance 
initiative. Figure 12 shows the screenshot captured when the cigarette was detected in the 
live camera feed of the NoSmoke dashboard. 

 
Figure 12. Screenshot captured after Cigarette Detection 

Face Recognition: 
The results of the face recognition module are presented in this section. The face 

recognition module employs pretrained MTCNN and FaceNet models rather than a trained-
from-scratch classifier, and its role in the system is to match the detected face against a pre-
built student database of 30 enrolled students using cosine similarity. For the experimental 
results, 6 images per 30-student database have been taken, out of which 14 were 
misclassified. The experimental results have shown satisfactory performance over all 
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evaluation metrics, achieving an overall accuracy of 92.2%, precision of 91.8%, recall of 
92.2%, and F1-score of 91.9%. The false acceptance rate was recorded at 3.1%, means the 
system rarely misidentified one student as another. The false rejection rate stood at 7.8%, 
that is primarily because of poor lighting or partial face occlusion reduced the quality of the 
captured face. 

Figure 13 shows the results for the person identified if the information of student is 
available in the database. Figure. 14 shows the result for an unknown person considering 
that the person’s information is not available in the database. 

 
Figure 13. Student Identified in NoSmoke system 

 
Figure 14. Unknown person not identified in NoSmoke system 

Email Alerts and Challan Generation: 
The NoSmoke system is intended to react in real time and automatically when any 

case of violation of smoking regulations is observed using the live camera image. Upon 
occurrence of such an incident, such as when a student is found smoking cigarettes, the 
system immediately creates an email notification that will include the message to the 
individual notifying them of the violation that was detected and providing details associated 
with it, including time, date, location, etc. The automated email notification sent to a student 
after a system violation has been recorded is shown in Figure 15.  
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Figure 15. Email alert sent upon violation 

Besides email alerts, the system generates a challan (fine) per confirmed smoking 
case. A student on recognition is added to the database, which connects the violation and 
the record of the student, and the information is marked as to be reviewed by an 
administration. The information about the challan (paid/unpaid) can also be found on a 
challan page on the web dashboard where its status can be updated and controlled by the 
authorities.  
Comparative Analysis: 

The proposed system is compared with existing literature on cigarette detection as 
shown in Table 1. The comparison is based on method used, dataset, detection accuracy, and 
features.  Although we acknowledge that the performance of the proposed system is 
somewhat lower, but it provides an end-to-end pipeline of cigarette detection, face 
recognition and alert system, significantly designed for the academic institution setting. 

Table 1. comparison of the proposed system with existing studies on cigarette detection. 

Study Method Dataset Accuracy/mAP Face 
Recognition 

Alert 
System 

Student 
Identification  

[7] CNN, 
SVM, 
KNN, 
Decision 
Tree, 
Gradient 
Boosting 

Binary 
smoking 
classification 
dataset 

CNN performed 
100% 

No No No 

[9] Single Shot 
Detector 
(SSD) 

Custom no 
smoking 
images in 
public area 

97.5% No Yes No 

[10] Lightweight 
custom 
CNN 

ICSSD 
indoor 
worksite 

mAP50 0.917 No Yes No 
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dataset 

[12] YOLOv3 Custom 
cigarette 
images 

92.5% No No No 

Proposed 
System 

Yolov8, 
MTCNN, 
FaceNet 

Custom 
cigarette 
dataset 

90% Yes  Yes Yes 

System Evaluation: 
A controlled test was conducted to evaluate the email alert mechanism, in which 50 

simulated smoking violation events were recorded across different network conditions. For 
each event the system was expected to generate an email alert to the university authorities 
and student. 

Table 2. Notification delivery evaluation 

Test Scenario Events Triggered Email Delivered Delivery Rate 

Normal network condition 20 20 100% 

Moderate network load 15 14 93.3% 

High network load 10 9 90.0% 

Multiple simultaneous alerts 5 4 80% 

Total 50 47 94.0% 

The web dashboard, automated challan generation, email notification modules were 
evaluated for the practical reliability of  the proposed system. Table 2 shows that an overall 
94% success rate was achieved for email delivery across all test conditions. The 6% failure 
rate was due to multiple simultaneous alerts and network congestion. Table 3 shows the web 
dashboard functionality evaluation on four functional criteria through structured testing. 
Each criterion was tested across 20 sessions and rated on successful execution. The results 
showed all the dashboard features performed reliably. The success rate of  challan generation 
was 90% due to rendering delays when multiple challans were generated. 

Table 3. Dashboard functionality evaluation 

Dashboard Feature Tests 
Conducted  

Successful 
Execution  

Success Rate 

Real-time violation log 
display 

20 19 95% 

Evidence screenshot 
rendering 

20 20 100% 

Student record retrieval 20 20 100% 

Challan PDF generation 20 18 90% 

To validate the robustness of  the reported results, the experiments were repeated 
five times on the same test set and key performance metrics were recorded for each run. The 
system was able to detect cigarettes most of  the time and the detection accuracy was around 
90.1%± 0.23% across all runs. The face recognition accuracy was around 92.2%±0.3% for 
each run, with a 95% confidence interval of  [91.83%, 92.57%]. The narrow standard 
deviation was observed across all metrics. This validates that the results of  the proposed 
system are stable and reproducible and can be used for real-time surveillance of  academic 
environment.  
Conclusion: 

This research proposed an end-to-end AI-based system that monitors cigarette 
smoking on campus and identifies students using computer vision and DL. The YOLOv8 is 
used to precisely identify cigarettes from live video frames, in even challenging conditions of  
surveillance cameras. To enhance the detection accuracy of  the model, the dataset is first 
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preprocessed using image resizing, correcting image orientation, and robust annotation. 
Once the cigarette is detected, the system then uses MTCNN and FaceNet to identify the 
face of  student. Moreover, the system includes a web dashboard to monitor live, review 
historical records, and generate automated email and challan (fine). This research proposes 
that AI and ML can significantly boost campus safety programs and offer a platform of  
scalable intelligent surveillance in the community or institutional environment. This saves 
manual labor of  campus staff  and offers an efficient problem-free solution to maintaining a 
smoke-free campus. 

Despite the promising results of the proposed system, there are still some limitations 
that must be acknowledged. Although the face recognition module performs well, in some 
scenarios where face is partially occluded with bag, hands or face mask, the detection 
accuracy may decrease. In crowded areas such as canteen, corridors, and campus entrances 
where multiple individuals may appear in a frame, the proposed system can detect only one 
individual in a frame and does not support tracking multiple persons smoking in one frame. 
The deployment of AI powered surveillance in campus often raises privacy and ethical 
concerns, that require informed consent and secure storage protocols for the storage of 
facial embeddings.   
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