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 Smoking is a common habit in Indonesia. The Indonesian government has 

implemented regulations on smoke-free areas, but violations of the smoke-free 

policy still often occur. Previous studies have developed smoking violation detection 

system based on the MQ sensor. However, the smoking violation detection system 

based only on the MQ sensor is less reliable because the detected gas could come 

from other sources. Therefore, this study discusses a smoking violation detection 

system that can automatically verify smoking violation activities using the MQ-7 

sensor, MQ-135 sensor, and the YOLOv5s algorithm. The MQ-7 sensor that has 

been calibrated to detect CO in ppm units achieved an accuracy level of 89.84%. The 

MQ-135 sensor also has successfully detected ammonia and toluene in cigarette 

smoke in ppm units. The trained YOLOv5s algorithm achieved an average Precision 

of 91.9%, Recall 83.7%, F1-Score 87.6%, and mAP50 88.3%. The system is 

equipped with a speaker that will sound automatically after a verified smoking 

violation occurs and Telegram notifications in the form of text messages and images. 
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I. INTRODUCTION 

Smoking is a habit that is often found in society, especially 

in Indonesia. It was recorded in 2023 that Indonesia was 

ranked 15th as the country with the highest smoking rate in 

the world with a total figure of 32.6% [1]. Smoking can 

increase the risk of various diseases such as cancer, heart 

disease, stroke, chronic bronchitis, emphysema, diabetes, 

cataracts, pneumonia, tuberculosis, and other dangerous 

diseases [2]. In fact, as many as 1.3 million people die every 

year due to being passive smokers [3]. To maintain public 

comfort and health from cigarette smoke, the Indonesian 

government has established a law on smoke-free areas. This 

is as regulated in Article 151 Paragraph (1) Law of the 

Republic of Indonesia Number 17 Year 2023 regarding 

Health [4] which reads, “Smoke-free areas consist of: a) 

Health Service Facilities; b) teaching and learning places; c) 

places for children to play; d) places of worship; e) public 

transportation; f) workplaces; and g) public places and other 

designated places.” Campus environment as a place for 

learning process should be included in the category of a 

smoke-free area. However, in reality, there are still many 

smoking violations found in campus areas. Ramachandran et 

al. [5] stated that some of the contributing factors included 

lacks of policy reminders, lacks of support from students and 

campus academics, and lacks of strict enforcement of the 

policy. 

To improve discipline towards smoke-free rules, previous 

studies have created smoking violation detection systems 

based on MQ gas sensors supported by Internet of Things 

(IoT) technology. However, the research results of Buchari et 

al. [6] showed a problem when the system indicated that 

cigarette smoke was detected when actually there was no 

cigarette smoke when the test was carried out. The researchers 

in the study concluded that this happened because the gas 

sensor used not only detected cigarette smoke, but also 

detected gas from other sources. Therefore, it can be 

concluded that the smoking violation detection system based 

only on the MQ sensor is less reliable. 

Other studies were conducted by [7], [8], and [9] who 

created an IoT-based cigarette smoke detection system using 

an MQ gas sensor with output in the form of an audible 

warning. However, the warning is given immediately if the 

MQ sensor detects gas levels exceeding a certain threshold. 
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In fact, just like the previous problem, the gas detected could 

come from another source. The system cannot yet confirm in 

advance whether or not a smoking violation has occurred. 

Based on the problems that have been explained, the 

proposed system in this study will implement object detection 

technology using the YOLOv5s algorithm as an automatic 

verification system that a smoking violation has occurred 

when the MQ sensor detects gas exceeding a certain 

threshold. In addition, the gases detected are carbon 

monoxide, ammonia, and toluene which are adjusted to the 

concentration level of each gas in cigarette smoke with the 

hope that the system can distinguish cigarette smoke from 

other smoke. That way, it is hoped that the reliability of the 

system can increase because the system can automatically 

verify the occurrence of smoking violations. Therefore, this 

study aims to improve the reliability of smoking violation 

detection by combining MQ-7 and MQ-135 gas sensors with 

the YOLOv5s object detection algorithm, compared to 

methods that rely solely on MQ-based sensors. 

II. METHODOLOGY  

A. System Design 

Figure 1 shows the block diagram of the system that 

describes the components used and how each component is 

connected. The hardware components used in this study are 

MQ-7 sensor, MQ-135 sensor, ADS1115 ADC module, 

webcam, Raspberry Pi 4 Model B, ISD1820 module, 

PAM8403 module, and 8Ω speaker. The MQ-7 sensor 

functions to detect carbon monoxide, while the MQ-135 

sensor functions to detect ammonia and toluene. In order for 

Raspberry Pi to be able to read analog data from MQ sensors, 

MQ sensors must be connected to the analog-to-digital 

converter (ADS1115) module because all pins on the 

Raspberry Pi are digital pins. Another input device is a 

webcam that functions to capture image data that the 

YOLOv5s algorithm will later use to detect cigarette or vape 

objects. The Raspberry Pi 4 Model B functions as a 

microcontroller that will process input data into output data. 

The output device consists of an 8Ω speaker that is connected 

to an ISD1820 module to record, store, and play warning 

sounds, and a PAM8403 module as an audio amplifier to 

amplify the sound produced by the speaker. In addition, other 

forms of output also exist in the form of Telegram 

notifications in the form of a text message and an image. 

In the developed system, gas sensors (MQ-7 and MQ-135) 

function as the initial detectors by monitoring the 

concentration of gases typically found in cigarette smoke, 

such as carbon monoxide, ammonia, and toluene. If the levels 

of these three gases exceed the preset threshold, the system 

will activate the camera and run the YOLOv5s algorithm for 

visual verification. YOLOv5s will check if there is a cigarette 

or vape object in the captured image. Only if both conditions 

are met—gas detection and object recognition—the system 

will send a notification and activate an audible alarm. Thus, 

the sensor and object detection technologies work 

sequentially and synergistically, enhancing the accuracy of 

the system and reducing the likelihood of false positives. 

 

Figure 1. Block diagram of the system 

To enhance the system's functionality, the notification 

system is designed based on the Telegram Bot API, which 

allows the automatic sending of messages in the form of text 

and images to specified accounts or groups. These 

notifications can be customized for various users, such as 

building managers, security personnel, or campus 

management, by adding the relevant Telegram account or 

group IDs to the system configuration. Additionally, the 

system can be further developed for integration with security 

devices or building management systems, such as alarms, 

CCTV cameras, or building control panels, through the use of 

APIs, webhooks, or protocols like MQTT, enabling a faster 

and more coordinated response to smoking violations. 

Building on the previous explanation, in this system, 

communication between devices uses the HTTP protocol as 

the medium for real-time data transmission between the 

Raspberry Pi and third-party services such as the Telegram 

API. The Raspberry Pi, acting as the main control unit, 

processes data from the sensors and detection results from the 

camera, then sends notifications in the form of images and gas 

concentration information to Telegram via an internet 

connection. The system does not use the MQTT protocol as it 

does not require continuous communication between multiple 

IoT devices, but instead focuses on event-based notifications. 

Although a web-based interface has not been implemented in 

this research, future development could include a web 

dashboard or mobile application connected to the cloud for 

remotely monitoring and managing the system, storing 

violation history, and managing data in a more centralized 

manner. 

Figure 2 shows a flowchart of how the system works. First, 

the system will perform initialization in the form of hardware 

activation, network connection, connection between 

components, import of libraries and modules used, and so on. 

Then, the system will read the input values from the MQ-7 

sensor, MQ-135 sensor, and webcam. If the MQ-7 sensor 

detects a carbon monoxide concentration of ≥12.22 ppm, the 

system will then check whether the MQ-135 sensor detects 

ammonia ≥1.4 ppm. Then, the system will check again 

whether toluene is ≥0.1 ppm. If all three conditions are met, 

the system will verify the occurrence of smoking activity 

through object detection using the YOLOv5s algorithm. If not 

(one of the gas concentrations does not meet the threshold), it 
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will re-read the input value. If the camera detects a cigarette 

or vape object with confidence ≥0.50, the camera will capture 

a frame (image) and the speaker will sound a warning sound 

so that smokers can be warned directly on the spot. If not, it 

will re-read the input value. Next, the system will send a 

notification to Telegram in the form of a frame (image) that 

was captured earlier and a text message containing 

information on the concentration levels of carbon monoxide 

(CO), ammonia, toluene, and the time of the incident so that 

the admin can find out if a smoking violation has occurred 

anywhere and anytime. 

 

Figure 2. Flowchart of the system 

B. MQ-7 Sensor Calibration 

To be able to read carbon monoxide content in parts per 

million (ppm), the MQ-7 sensor must first be calibrated using 

a simple linear regression formula. Figure 3 shows a graph of 

the relationship between carbon monoxide gas concentration 

(ppm) and the voltage output by the MQ-7 sensor (V). 

According to Muqita et al. [10], the voltage output by the 

MQ-7 sensor is directly proportional to the concentration of 

carbon monoxide gas. This means that the higher the carbon 

monoxide gas content, the higher the voltage output by the 

MQ-7 sensor. 

Some of the tools needed to carry out this calibration 

process are the EZREN DT-9205A digital multimeter to 

measure the output voltage of the MQ-7 sensor (V) and the 

AS8700A CO Meter to measure the concentration of CO gas. 

The MQ-7 sensor and AS8700A CO Meter are placed in a 

closed glass container, then cigarette smoke is inserted into 

the container. After that, it will be left until the value read by 

the CO Meter is stable. Once it is considered stable, the output 

voltage value of the MQ-7 sensor (V) and the concentration 

of carbon monoxide gas (ppm) will be recorded. Cigarette 

smoke will then be added slowly into the container, and the 

same steps will be repeated. 

 

Figure 3. Graph of the relationship between CO gas concentration (ppm) and 

the output voltage of the MQ-7 sensor (V) 

Table I shows the measurement results of the MQ-7 sensor 

output voltage (V) and carbon monoxide concentration 

(ppm). The values will be used to calculate the constants a and 

b as in formulas (1) and (2). 

𝑎 =
(∑𝑌)(∑𝑋

2
)−(∑𝑋)(∑𝑋𝑌)

𝑛∑𝑋2−(∑𝑋)2
 … (1) 

𝑏 =
𝑛(∑𝑋𝑌)−(∑𝑋)(∑𝑌)

𝑛 ∑𝑋2−(∑𝑋)2
 … (2) 

After the constant a and constant b values are obtained, the 

simple linear regression equation formed is 𝑌 = 0,959419 +
0,0037301𝑋. This formula will later be implemented in the 

program code to read the concentration of carbon monoxide 

gas in ppm units. 

TABLE I 

MEASUREMENT RESULTS OF MQ-7 SENSOR OUTPUT VOLTAGE (V) AND CO 

CONCENTRATION (PPM) 

No. 

Average CO 

Concentration 

(ppm) 

Average Output Voltage 

of MQ-7 Sensor (V) 

1. 0 0,93479 

2. 10,4 0,97187 

3. 12,6 1,01083 

4. 15,1 1,03934 

5. 26,3 1,05366 

6. 29,5 1,10361 

7. 45,2 1,14366 

8. 57,5 1,17894 

9. 73,5 1,20016 

10. 77,4 1,2535 
 

C. MQ-135 Sensor Calibration 

The implementation of the MQ-135 sensor to detect 

ammonia and toluene refers to the MQSensorsLib library 

developed by [11] in research entitled “Calibration and 

Standardization of Air Quality Measurements using MQ 

Sensors”. This library uses a power regression-based formula 

as in formula (3). 

𝑝𝑝𝑚 = 𝑎 ×
𝑅𝑠

𝑅𝑜

𝑏
 … (3) 
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Rs is the sensor resistance to a particular gas, while Ro is 

the sensor resistance to clean air. 

 

Figure 4. Rs/Ro ratio graph of MQ-135 sensor in clean air based on datasheet 

The Rs/Ro ratio of the MQ-135 sensor in clean air is 3,6. This 

value can be seen in the graph available in the datasheet as 

shown in Figure 4. 

TABLE II 

CONSTANT VALUES OF A AND B MQ-135 SENSOR FOR AMMONIA AND 

TOLUENE BASED ON MQSENSORSLIB LIBRARY 

Gas a b 

Ammonia 102,2 -2,473 

Toluene 44,947 -3,445 
 

Based on the MQSensorsLib library, the a and b values of 

the MQ-135 sensor for ammonia and toluene are shown in 

Table II, respectively. The MQ-135 sensor must be calibrated 

in clean air first to determine the Ro value (sensor resistance 

in clean air). However, to determine the Ro value, the Rs 

value (sensor resistance in a particular gas) is required, which 

is searched based on Ohm's law and the voltage division 

principle as shown in formula (4). 

𝑅𝑠 = (
𝑉𝐶×𝑅𝐿

𝑉𝑅𝐿
) − 𝑅𝐿 … (4) 

with 

VC = input voltage (5V) 

RL= load resistance (1 kΩ) 

VRL= MQ-135 sensor output voltage 

Once the Rs value is known, the Ro value can be found 

using the formula (5). 

𝑅𝑜 =
𝑅𝑠

3,6
 … (5) 

Finally, the Rs/Ro ratio value is obtained. This value will 

be used to detect ammonia and toluene gases in parts per 

million (ppm) using formula (3) which has been explained 

previously. 

D. YOLOv5s Algorithm Implementation 

The implementation of the YOLOv5s algorithm consists of 

dataset creation and model training. The dataset creation stage 

consists of data acquisition, data preprocessing, data 

annotation, and data augmentation. The image data collected 

came from various sources on the internet with details of 

3,054 images containing only cigarette objects, 2,685 images 

containing only vape objects, and 32 images containing both 

objects (cigarettes and vapes). Thus, the total number of 

dataset used to train the YOLOv5s model consists of 5,774 

images collected from various online sources. These images 

include cigarette objects, vape devices, and combinations of 

both, but do not explicitly depict people smoking. The 

primary focus of the dataset is on the physical appearance of 

smoking devices, allowing the model to recognize smoking 

tools in general without relying on human context. The main 

challenge in training the model lies in handling real-world 

variations, such as differences in lighting conditions (bright, 

dim, dark), object distance, viewing angles, and the visual 

similarity between certain types of vapes and traditional 

cigarettes. For example, cigalike vapes are difficult to 

distinguish due to their strong resemblance to regular 

cigarettes. To address this issue, data augmentation 

techniques such as adjustments in brightness, exposure, and 

saturation were applied to improve the model’s robustness 

under varying lighting conditions. In the future, incorporating 

images of people smoking in real-world contexts could 

enhance the model's ability to detect smoking violations more 

contextually and accurately. 

 

 
(a) Images containing cigarette 

objects 

 
(b) Images containing vape 

objects 

Figure 5. Examples of images in the dataset 

Figure 5 shows examples of images for the dataset that 

were successfully collected from various sources on the 

internet. The images are divided into training, validation, and 

test categories with a ratio of 70% training, 20% validation, 

and 10% test, respectively. The stages of data preprocessing, 

data annotation, and data augmentation are carried out using 

Roboflow. The data preprocessing techniques used are auto-

orient and resize 640 x 640 (fit black edges in). Auto-orient 

will maintain the image orientation by ignoring EXIF 

metadata, thus preventing the image from being displayed 

upside down, while resize 640 x 640 (fit black edges in) is 

used to align all images to the same size (640 x 640) by 

providing black edges so that the image size can be aligned 

without distorting or changing the aspect ratio. Image 
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alignment aims to maintain the consistency of the image size 

used for model training. 

TABLE III 
EXPERIMENTAL RESULTS OF DIFFERENT AUGMENTATION TECHNIQUES 

APPLICATION ON THE DATASET 

Augmentation Technique mAP50 

Without Augmentation 0,848 

Saturation (-25% to +25%) 

Brightness (-15% to +15%) 

Exposure (-10% to +10%) 

0,881 

Saturation (-25% to +25%) 

Brightness (-15% to +15%) 

Exposure (-10% to +10%) 

Noise (0.5% of pixels) 

0,874 

Saturation (-25% to +25%) 

Brightness (-15% to +15%) 

Exposure (-10% to +10%) 

Noise (0.5% of pixels) 

Shear (±15° Horizontal, ±15° Vertical) 

0,864 

 

To find out the best augmentation technique that can be 

applied to the dataset, an experiment was conducted as shown 

in Table III. Based on the results of the experiment, the data 

augmentation techniques used were saturation (-25% to 

+25%), brightness (-15% to +15%), and exposure (-10% to 

+10%) because they achieved the highest mAP50 values. 

TABLE IV 

YOLOV5S MODEL TRAINING PARAMETERS 

imgsz batch epochs model 

640 32 500 yolov5s.yaml 
 

YOLOv5s model training was performed on Google Colab. 

The type of GPU used for model training was NVIDIA 

GeForce RTX 3090. The model training parameters used are 

shown in Table IV. Imgsz is a parameter used to determine 

the size of the image used during model training. The purpose 

of resizing the image to 640 x 640 is to reduce computational 

complexity during training. Batch is a parameter that indicates 

how many images are used during training in one forward 

pass and backward pass [12]. The selection of the batch size 

parameter 32 is based on experimental results. 

TABLE V 

EXPERIMENTAL RESULTS OF DIFFERENT BATCH SIZE PARAMETERS 

Batch Size mAP50 Training Time 

16 0,881 
7,852 hours 

(7h, 51m, 7s) 

32 0,882 
6,672 hours 

(6h, 40m, 19s) 
 

Table V shows the experimental results of applying 

different batch size parameters to determine the best batch 

size parameters to use. Based on the experimental results, the 

batch size parameter 32 produces a model with a mAP50 

value 0.113% better than the model trained with the batch size 

parameter 16. In addition, training the model with a batch size 

of 32 also has a training time of around 1 hour 10 minutes 48 

seconds or 15.03% faster than training using the batch size 

parameter 16. Therefore, the batch parameters for training the 

YOLOv5s model in this study use a batch size of 32. 

Epochs are parameters used to determine how much the 

model is trained. One epoch indicates one time the model is 

trained on all images in the dataset. When the model was 

trained, the model experienced early stopping at the 433rd 

epoch because the model did not show any improvement 

during the last 100 epochs. This means that the model has 

been trained to its maximum point and if training is continued 

it will only make the model overfitting. The YOLOv5s model 

training that has been carried out took 19.874 hours or 

approximately 19 hours 52 minutes 26 seconds. The training 

results produce last.pt and best.pt files, each of which is 18.6 

MB. The file best.pt will be used in the system. 

III. RESULTS AND DISCUSSION 

A. MQ-7 Sensor Accuracy Test Results 

To determine the error rate and accuracy of MQ-7 sensor 

in detecting carbon monoxide in parts per million (ppm), 

testing was carried out to then calculate the Mean Average 

Percentage Error (MAPE) using formula (6) and accuracy 

using formula (7). MAPE is a testing parameter used to 

calculate the level of prediction error against actual data and 

then multiplied by 100% so that the data can be represented 

in percentage form [13]. 

𝑀𝐴𝑃𝐸 =
1

𝑛
∑

|𝑓𝑖−𝑦𝑖|

𝑦𝑖

𝑛
𝑖=1 × 100% … (6) 

with 

f = MQ-7 sensor reading value 

y = AS8700A CO Meter reading value 

n = total data 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 100% −𝑀𝐴𝑃𝐸 … (7) 

TABLE VI 

MQ-7 SENSOR ACCURACY AND ERROR RATE TEST RESULTS 

Average CO 

Reading by 

MQ-7 Sensor 

(ppm) 

Average CO 

Reading by 

AS8700A CO 

Meter (ppm) 

MAPE 
Accu- 

racy 

10,543 10,7 1,47% 98,53% 

13,813 14,8 6,67% 93,33% 

17,492 20,7 15,5% 84,5% 

18,71 22,1 15,34% 84,66% 

22,039 25 11,84% 88,16% 

Average 10,16% 89,84% 
 

Table VI shows the test results of accuracy and error rate 

of the MQ-7 sensor to detect CO in ppm units. Based on the 

test results, the calibrated MQ-7 sensor in this study has an 

average error rate of 10.16% and an average accuracy rate of 

89.84%. This means that the MQ-7 sensor can detect carbon 

monoxide (CO) levels with a fairly good level of accuracy. 

However, the calibrated MQ-7 sensor is only effective for 

detecting carbon monoxide (CO) levels below 15 ppm. This 

is because when the carbon monoxide (CO) level exceeds 15 

ppm, the error rate of the MQ-7 sensor also increases, making 
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it less effective for use. This can be seen in Figure 6, which 

shows that after exceeding the carbon monoxide 

concentration above 15 ppm, the gap in the difference in 

values read by the MQ-7 sensor and the AS8700A CO Meter 

increases (indicating an increasing error rate). 

 

Figure 6. Comparison graph of CO detection results by MQ-7 sensor and CO 

Meter 

B. MQ-7 and MQ-135 Sensor Functionality Test Results in 

Detecting CO, Ammonia, and Toluene 

The functional testing of the MQ-7 and MQ-135 sensors 

aims to determine whether the two sensors can function to 

detect carbon monoxide, ammonia, and toluene in parts per 

million (ppm) or not. In addition, by testing various different 

gases, it can determine the carbon monoxide, ammonia, and 

toluene content of each type of gas for a concentration of 30 

seconds. 

TABLE VII 

MQ-7 AND MQ-135 FUNCTIONALITY TEST RESULTS IN DETECTING CO, 

AMMONIA, AND TOLUENE IN PPM UNITS 

Types of Smoke 
Gas Concentration (ppm) 

CO Ammonia Toluene 

Cigarette Smoke 139,93 1,42 0,12 

Vape Smoke 

(Aerosol) 
3,86 0,24 0,01 

Smoke from Burning 

Paper 
188,54 0,82 0,05 

Mosquito Repellent 

Smoke 
179,78 1,03 0,07 

 

Table VII shows the test results of the MQ-7 and MQ-135 

sensor functionality in detecting CO, ammonia, and toluene 

in ppm units. Based on the test results, the MQ-7 sensor and 

the MQ-135 sensor have successfully functioned to detect 

carbon monoxide, ammonia, and toluene gases in parts per 

million (ppm) units in various types or sources of different 

smoke. Paper-burning smoke has the highest carbon 

monoxide content, while the highest ammonia and toluene 

content is achieved by cigarette smoke. On the other hand, 

vape smoke or commonly referred to as aerosol contains very 

little carbon monoxide, ammonia, and toluene. This is 

because the aerosol produced from heating e-liquid tends to 

contain more propylene glycol and glycerol particles [14].  

C. Precision, Recall, F1-Score, and mAP50 of YOLOv5s 

Algorithm 

The evaluation metrics of the YOLOv5s algorithm consist 

of Precision, Recall, F1-Score, and mAP50. Precision is a 

metric that shows how many model predictions are actually 

positive samples. Recall is a metric that shows how many 

samples are true positive and may be predicted by the model 

correctly [15]. F1-Score is a metric that shows the harmonic 

mean between Precision and Recall [16]. Mean Average 

Precision (mAP) is a metric used to measure or show the 

accuracy performance of an object detection model on all 

object classes [17]. 

TABLE VIII 

PRECISION, RECALL, F1-SCORE, AND MAP50 RESULTS OF YOLOV5S 

ALGORITHM 

Precision Recall F1-Score mAP50 

0,919 0,837 0,876 0,883 
 

The results of the YOLOv5s algorithm evaluation metrics 

are shown in Table VIII. Overall, the trained YOLOv5s model 

has quite good performance as evidenced by the fairly high 

Precision, Recall, F1-Score, and mAP50 figures. A high 

Precision value indicates that the model has been quite 

accurate in detecting positive objects correctly. A fairly high 

Recall value indicates that the model has been able to detect 

most of the positive objects. A fairly high F1-Score value 

indicates that the model has a fairly good balance between 

Precision and Recall. Finally, a high mAP50 value indicates 

that the model has high accuracy and precision in predicting 

the location and position of objects.  

D. YOLOv5s Algorithm Performance Test Results on 

Distance Variations 

E.  
F. Figure 7. Graph of YOLOv5s algorithm test results on distance 

variations (correct detection) 

Figure 7 shows the correct detection results of the 

YOLOv5s algorithm in detecting objects for different 

distance variations. The cigarette object can still be detected 

correctly up to the furthest distance, which is 5 meters. 

Meanwhile, the “mod” vape type can only be detected 

correctly up to 1 meter. The “vape pen” and “pod” types can 

only be detected correctly at the closest distance, which is 50 

cm. Just like cigarettes, the “cigalikes” type of vape can 
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actually be detected up to 5 meters. However, because the 

shape and color are very similar to traditional cigarettes, the 

model incorrectly classifies it as a “cigarette”, not a “vape”. 

 

Figure 8. Graph of YOLOv5s algorithm test results on distance variations 

(confidence) 

Figure 8 shows the average confidence results of the 

YOLOv5s algorithm in detecting objects for different 

distance variations. It can be seen that the highest confidence 

for each type of object is achieved at the closest distance, 

which is 50 cm. This confidence decreases slowly as the 

distance increases. This is because the closer the object is, the 

more object details can be captured and processed by the 

model. The model is also more confident in detecting the 

object correctly. Conversely, the further the object is, the 

smaller the resolution produced, and the fewer details can be 

captured and processed by the model. This can allow 

important information related to the object to be unreadable, 

causing the model to be less confident in detecting the object 

correctly (confidence decreases). 

G. YOLOv5s Algorithm Performance Test Results on Light 

Variations 

The performance testing of the YOLOv5s algorithm on 

light variations was carried out in three different light 

conditions, namely bright, dim, and dark. Bright lighting 

conditions are when the lights are on and the window curtains 

are open, dim lighting conditions are when the lights are off 

and the window curtains are open, and dark lighting 

conditions are when the lights are off and the window curtains 

are closed. It should be noted that the testing was carried out 

during the day around 12.00-01.00 PM so that even though 

the lights are turned off, the sunlight source can still enter 

through the window. 

Figure 9 shows the correct detection results of the 

YOLOv5s algorithm in detecting objects under various 

lighting conditions. Based on the test results, the trained 

YOLOv5s algorithm can detect cigarette objects correctly 

under various lighting conditions, both bright, dim, and dark 

lighting. However, the model still cannot detect vape objects 

correctly under dim lighting conditions, let alone dark. The 

“vape pen” and “mod” vape types can still be detected 

correctly under dim lighting conditions, but cannot be 

detected at all under dark lighting conditions. The “pod” vape 

type can only be detected under bright lighting conditions. 

Meanwhile, the “cigalikes” vape type cannot be detected 

correctly at all under various lighting conditions because the 

model incorrectly recognizes “cigalikes” as traditional 

cigarettes. 

 

Figure 9. Graph of YOLOv5s algorithm test results on light variations 

(correct detection) 

 

Figure 10. Graph of YOLOv5s algorithm test results on light variations 

(confidence) 

Figure 10 shows the average confidence of the YOLOv5s 

algorithm in detecting objects under various lighting 

conditions. In bright lighting conditions, all objects (except 

cigalikes) can be detected correctly with a relatively high 

average confidence. However, the average confidence 

decreases as the light source decreases. This is because in 

bright lighting conditions, the resulting image has clearer 

contrast and detail than in dim and dark lighting conditions. 

The model also finds it easier to recognize important features 

of the object so that the average confidence can increase. In 

dim and dark conditions, the light distribution is reduced, 

causing the resulting image to be blurry, have high noise, or 

low contrast. This can interfere with the model in detecting 

objects so that the average confidence produced is lower. 

H. Speaker Functionality and Response Time Test Results 

Table IX shows the test results of the speaker's 

functionality and response time. Based on the test results, the 

speaker has been able to function properly with a 100% 

success rate. The average speaker response time is in the 

range of 0.00256 seconds, indicating that the speaker can 
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sound a warning audio very quickly when smoking activity is 

detected. 

TABLE IX 

SPEAKER FUNCTIONALITY AND RESPONSE TIME TEST RESULTS 

No. Status Response Time (s) 

1. Sounded 0,0025 

2. Sounded 0,0024 

3. Sounded 0,0023 

4. Sounded 0,003 

5. Sounded 0,0025 

6. Sounded 0,0025 

7. Sounded 0,0024 

8. Sounded 0,0024 

9. Sounded 0,0029 

10. Sounded 0,0027 

Average 0,00256 
 

I. Telegram Notification Functionality and Delivery Time 

Test Results 

Table X and Figure 11 show the Telegram notification test 

results. Based on the test results, the system has successfully 

sent Telegram notifications in the form of text messages and 

images with a success rate of 100% and an average of around 

3.531 seconds. This indicates that Telegram notifications 

were successfully sent with a very low delay. These results 

were obtained from testing using a Wi-Fi connection that has 

a download speed of 19.57 Mbps and an upload speed of 6.79 

Mbps. 

TABLE X 

TELEGRAM NOTIFICATION FUNCTIONALITY AND DELIVERY TIME TEST 

RESULTS 

No. Text 

Message 

Image Delivery Time (s) 

1. Sent Sent 3,38 

2. Sent Sent 3,5 

3. Sent Sent 3,41 

4. Sent Sent 3,54 

5. Sent Sent 3,74 

6. Sent Sent 3,39 

7. Sent Sent 3,5 

8. Sent Sent 3,44 

9. Sent Sent 3,71 

10. Sent Sent 3,7 

Average 3,531 
 

 

Figure 11. Telegram Notification 

IV. CONCLUSION 

To assess the practicality and reliability of the proposed 

system, it is important to critically evaluate whether the 

achieved results are sufficient for real-world deployment. The 

test results show that the MQ-7 sensor achieved an average 

accuracy of 89.84%, which is considered good for detecting 

carbon monoxide in controlled conditions. However, for more 

complex real-world environments—such as areas with active 

ventilation or other sources of pollution—this accuracy may 

still result in detection errors, especially when CO levels 

exceed 15 ppm, where the error rate increases significantly. 

To address this limitation, the system integrates the 

YOLOv5s algorithm as a visual verifier, which demonstrates 

strong performance metrics (Precision 91.9%, Recall 83.7%, 

F1-Score 87.6%, and mAP50 88.3%). This layered detection 

approach allows the system to minimize false positives from 

the gas sensors and false negatives from visual detection. The 

synergy between these technologies makes the system more 

reliable and closer to being viable for real-world 

implementation, although further improvements are still 

needed, particularly for dynamic and uncontrolled 

environments. 

Although the smoking violation detection system 

developed in this study demonstrates good performance, there 

are several limitations that need to be considered, particularly 

related to environmental conditions. One major challenge is 

the presence of strong ventilation systems in the monitored 

area. Active ventilation can disperse or dilute the 

concentration of gases such as carbon monoxide, ammonia, 

and toluene, causing the readings from the MQ-7 and MQ135 

sensors to become inconsistent or too low to reach the 

detection threshold. This may lead to the system failing to 

detect cigarette smoke, especially if the smoke source is 

shortlived or occurs in open areas with high air circulation. 
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In addition, the system is vulnerable to smoke from other 

sources such as kitchen fumes, vehicle exhaust, or burning 

paper, which may contain gases similar to those found in 

cigarette smoke. Although the use of YOLOv5s as a visual 

verifier helps to filter out false positives, camera-based object 

detection still has its limitations. For instance, in low-light 

conditions, thick smoke haze, or other visually challenging 

scenarios, the YOLOv5s algorithm may fail to accurately 

recognize cigarette or vape objects. Detection can also be 

hindered if the object (cigarette/vape) is partially hidden or if 

the user is using a smoking device with an uncommon 

appearance that was not included in the training dataset. 

Therefore, the combination of environmental gas factors and 

object visualization plays a critical role in the system's 

effectiveness and must be carefully considered when 

implementing the system in real-world environments. 

For future development, it is important to explore the 

scalability of the system and identify potential challenges 

when implemented in larger or more crowded environments, 

such as multi-floor buildings or public transportation hubs. 

This includes addressing network latency, hardware 

distribution, and the coordination of multiple detection nodes. 

Future work should also focus on optimizing response time 

and notification delivery, particularly in scenarios where real 

time decisions are critical, such as in educational institutions 

or healthcare facilities. 

In addition, field testing in more realistic environments is 

essential to evaluate the system's robustness. This includes 

outdoor or semi-outdoor areas with varying environmental 

conditions such as wind, temperature fluctuations, humidity, 

and the presence of other interfering gases. These factors may 

affect sensor accuracy and object detection performance. 

Comprehensive field trials would provide deeper insights into 

system performance, user acceptance, and integration with 

existing building management or security systems. 
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