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Abstract: To better regulate smoking in no-smoking areas, we present a novel Al-based surveillance
system for smart cities. In this paper, we intend to solve the issue of no-smoking area surveillance
by introducing a framework for an Al-based smoker detection system for no-smoking areas in a
smart city. Moreover, this research will provide a dataset for smoker detection problems in indoor
and outdoor environments to help future research on this Al-based smoker detection system. The
newly curated smoker detection image dataset consists of two classes, Smoking and NotSmoking.
Further, to classify the Smoking and NotSmoking images, we have proposed a transfer learning-
based solution using the pre-trained InceptionResNetV2 model. The performance of the proposed
approach for predicting smokers and not-smokers was evaluated and compared with other CNN
methods on different performance metrics. The proposed approach achieved an accuracy of 96.87%
with 97.32% precision and 96.46% recall in predicting the Smoking and NotSmoking images on a
challenging and diverse newly-created dataset. Although, we trained the proposed method on the
image dataset, we believe the performance of the system will not be affected in real-time.
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1. Introduction

The technological advancements in computing have led to networks of connected
devices and sensors, which are central to the concept of smart cities. Governments all
around the globe are embracing the idea of smart cities to improve the living standards
of their people [1]. Adopting these technologies will enable cities to integrate the learning
principles and requirements of smart city applications to create a smart environment [2,3]
that is characterized by resilience, sustainability, improved quality of life, intelligent man-
agement and governance, etc.

The internet of things (IoT) has become an increasingly popular technology and has
had a vital role in making smart city applications possible [4]. The IoT has played an im-
portant part in transforming various areas of life such as transportation [5], health [6],
energy [7], education [8], surveillance [9], etc. Due to the IoT, where smart devices are
connected to the internet, massive amounts of data are generated from devices such as
computers, smartphones, cameras, sensors, etc. [10]. Artificial intelligence is useful for
processing and analyzing these data, and it has taken the technological world to new
heights. The field of computer vision has emerged because of the enormous amounts of
data generated in IoT.
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Deep learning for detection and recognition has become the backbone of computer
vision technology [11]. The deep neural network (DNN), which uses the deep learning
method [12], is categorized as a non-linear model and can learn the multi-level abstract
representations of raw data. The traditional machine learning algorithms require prior
feature extraction, whereas DNN handles this within the model. DNNs can handle large
high-dimensional datasets such as images, video, voice or text. The convolutional neural
network (CNN) is a category of feedforward DNNSs used for the classification and clus-
tering of images on the basis of similarity and detection of objects within a scene. The
CNN is the reason for the tremendous growth in deep learning because it is powering
significant advances in computer vision, which has many intriguing applications such as
medical diagnosis, surveillance, self-driving cars, security, etc.

In recent years, CNNs have become an area of great interest among researchers.
AlexNet [13], a deep convolutional neural network, was proposed as a strategy for faster
training by using rectified linear units (ReLU) rather than sigmoid activation functions,
which results in time efficiency in training. Moreover, to reduce overfitting, the model
used data augmentation to generate more training samples and used a new regularization
method known as a dropout. This became a focal point in neural networks, so much so
that those techniques have become standard in training deep learning models. After the
success of AlexNet, other CNN models such as VGG [14], Inception [15] and ResNet [16]
etc. have also been proposed.

Smoking is a major global issue, which causes severe health crises and is a burden on
the economy [17]. The World Health Organization (WHO), as of July 2021 [18], estimates
that around 8 million people die every year because of smoking. Out of 8 million, 7 million
deaths are due to direct smoking, while around 1 million deaths are due to passive smok-
ing. The WHO also estimates that the world’s economy has to bear the burden of over
USD 500 billion every year due to smoking. The WHO’s framework convention on smok-
ing control lists the monitoring of smoking and prevention policies as measures that
should be taken. Therefore, Al-based surveillance of no-smoking areas for detecting
smokers as potential violators is vital. In this research, we propose a CNN-based solution
for smoker detection in the no-smoking areas of a smart city. The main contributions of
this work are:

1. Introduces the framework of the Al-based smoker detection system;

2. Provides a dataset for smoker detection problems in indoor and outdoor environ-
ments to help further work on this Al-based smoker detection system;

3. Proposes a transfer learning-based Inception-ResNet-V2 approach for the classifica-
tion of smokers based on smoking and not-smoking people from a new image da-
taset;

4.  Evaluates the proposed approach for in-depth analysis of the newly created smoker
detection dataset for the smoker classification problem, and also compares it with
other CNN models.

The paper is organized as follows: Section 2 details the related work. Section 3 ex-
plains the framework of the Al-based smoker detection system. Section 4 explains the pro-
posed transfer learning-based Inception-ResNet-V2 approach for classification problem.
Section 5 presents the details on the datasets. Section 6 details the performance evaluation
of the proposed approach on the datasets and the comparative analysis with other CNN
models, and the conclusion is given in Section 7.

2. Literature Review

In recent years, the development of surveillance systems has been phenomenal be-
cause of the development in camera lens technology and computer hardware technology.
Since then, this domain has received much attention from researchers for integrating com-
puter vision, deep learning and image processing into surveillance systems for automated
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detection, recognition and prediction of objects, and scenes based on the information gath-
ered from the surveillance camera. Traditional surveillance methods, such as on-location
patrolling or live CCTV, have limitations and are subject to human error as there can be a
moment when the human eye cannot detect the object or scene, leading to major accidents
or mishaps [19].

There have been many studies involving different applications of surveillance using
computer vision technology [20]. These applications include crime prevention [21], hu-
man activity detection [22,23], traffic monitoring [24,25], pedestrian detection [26,27], jay-
walker detection [28] vehicle identification and recognition [29], face recognition [30,31],
motion detection [32], fire detection [33] and so on. These surveillance applications have
led to research in various domains in recent years, focusing on computer vision-based
solutions.

The smoker detection problem can be regarded as a human activity recognition prob-
lem. There have been numerous studies on solving the problem of human activity recog-
nition through computer vision. In [34], the authors proposed a semi-supervised learning
framework for human activity recognition where the distance-based reward rule is intro-
duced as a labelling scheme based on the deep Q-network. The proposed method used
long short-term memory (LSTM) for classification of the feature pattern extracted from
motion data. Another method [35] was proposed for human activity recognition using
channel state information (CSI). In the proposed method, CSI data are converted into im-
ages and these images are used for human activity classification using a 2D-CNN classi-
fier.

There has been some research on smoking detection through different methods. Sev-
eral studies focused on using hand gestures with a wrist inertial measurement unit (IMU)
for smoking event detection. In [36], the authors proposed a smoking gesture detection
method based on two 9-axis IMUs (accelerometer, magnetometer, and gyroscope). The
elbow position relative to the wrist was the primary prediction metric for smoking. The
random forest model used these features for smoking prediction. Tang et al. [37] proposed
a machine learning method for puffing and smoking detection using data from a wrist
accelerometer. Their proposed method consists of a two-layer model that integrates high-
level smoking topography and low-level time domain features to detect puffing and then
smoking.

Shoaib et al. [38] proposed a two-layer hierarchical smoking detection algorithm
(HLSDA) for differentiating smoking behavior from different similar activities such as
eating and drinking. A classifier is used in the first layer in the proposed method, followed
by a context rule-based correction method that uses neighboring segments for accurate
detection. Another method [39] for detecting smoking activity was proposed using IMU
sensors in two levels, namely, puff and cigarette levels. The proposed method used sup-
port vector machine (SVM) and edge detection-based learning for feature detection of arm
movements. In [40], the authors proposed a smoking detection method based on the reg-
ularity score of different hand-to-mouth gestures. The proposed method extracts the fea-
tures from IMU sensors. Further, to quantify the regularity score, the authors proposed
an unbiased autocorrelation approach for processing the temporal sequence of different
hand gestures.

However, these studies have limited accuracy given the limited variations in the da-
tasets that have been collected and the sensors’ ability to distinguish between similar body
gestures. Few researchers have incorporated computer vision to solve this problem. To
solve the problem of traditional supervision and the low precision of smoke alarms in an
indoor environment, Rentao et al. [41] presented a deep learning-based solution based on
YOLOV3-tiny, named Improved YOLOvV3-tiny. Their proposed method inputs the images
from their own created image dataset in an indoor environment. Another method pro-
posed by Macalisang et al. [42] is based on transfer learning using YOLOV3 as the base
model for detecting smokers. These two studies used YOLO, which promotes fast locali-
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zation ability but lacks high accuracy of the considered problem. For the smoker classifi-
cation problem, false alarms should be minimized for both classes. A large number of
accurate detections in one class and a comparatively larger number of false alarms in an-
other class can provide higher average precision and accuracy, but may not necessarily
solve the desired problem. In [43], Zhang et al. presented a CNN model named Smoking-
Net based on the GoogleNet model for smoker detection. The proposed model inputs the
images from the smoking video feed for detecting the smoker. Their research focused on
accurate classification of smoking and not-smoking images with better consideration of
the results of both the classes with performance metrics such as precision, recall and F1
score. Table 1 presents the comparative analysis of the computer vision-based smoker de-
tection methods in the literature.

Table 1. Comparative analysis of the computer vision-based smoker detection methods.

Dataset
P D Preci- F1
roposed Dataset Availabil- Tasks  Accuracy 1:ec1 Recall AUC AP
Methods Type ity sion score
Improved
YOLOvV3- Images Not open Localization - - - - - 085
. sourced
tiny [40]
YOLOv3 Not open o
I Local . - - - - -
[41] mages o ced L@ ization  0.90
Smoking- Not open Classifica-
I . . . . . -
Net [42] mages o d ton 0.90 090 090 095 0.90

However, these CNN-based smoker detection methods through computer vision
have limitations. The unavailability of the dataset or considering only cigarettes for the
feature, for example, might affect the applicability of these solutions in other environ-
ments. Due to the limitations of the previous work in terms of dataset and prediction ac-
curacy, this research focuses on developing a transfer learning-based solution for effective
surveillance to ensure a healthy and smoke-free environment in a smart city. The main
goal of our research is the accurate classification of Smoking and NotSmoking images with
minimum false alarms, and at the same time, yielding better precision, recall, F1 score,
average precision and AUC. The performance of our approach shows promising results
in terms of prediction accuracy based on our newly curated dataset.

3. Smoker Detection System

Smoker detection in no-smoking areas is inherently difficult due to the highly dy-
namic environment, varying atmospheric conditions, obstacles and seasonal changes.
These factors highly influence the development stage of an automated algorithm for de-
tecting smokers in real-time. Therefore, we propose a novel Al-based surveillance appli-
cation to improve the environment in smart cities by detecting smokers in prohibited areas
and implementing strict measures against them. This work focuses on the implementation
of a CNN-based smoker detection system in prohibited areas. We consider that the mech-
anism for maintaining violator’s records in the SCSS is beyond the scope of the current
work. The overview of the smoker detection system is illustrated in Figure 1.
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Figure 1. Smoker detection system model.

The continuous surveillance of no-smoking areas ensures strict regulation. The work-
ing mechanism of the smoker detection system is depicted in Figure 2. When a person
standing or sitting in an indoor or outdoor public space takes out a cigarette and lights it,
the continuous surveillance will help to detect the no-smoking violation through an auto-
mated detection system based on CNN. The detection system takes the images of the peo-
ple as an input to the CNN model and outputs a prediction of whether the person is smok-
ing or not, and then alerts the concerned department or people to ask the person to extin-
guish it. The images will be taken whenever the surveillance system detects a person in
the no-smoking area to check for potential violators. This can be integrated with the social
credit scoring system (SCSS), where previous violations related to smoking can be
checked. If the person already has smoking violations, then a fine can be imposed on the
smoker in a no-smoking area. On the contrary, if there is no previous record of smoking
violations, a warning would be sent, and the database can be updated accordingly.

Start
Do the
surveillance
Detect No

Smoker?

i Yes

Check record for
smoking violations

.

Yes
Place the fine «  Record Found? — » Give warning

Update the data in the
Credit Scoring System

!

End

Figure 2. Flow diagram of working mechanism.
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4. Proposed Approach

The success of CNNs in computer vision is due to the good results achieved by using
large datasets such as ImageNet [44], MNIST [45], CIFAR [46], etc. Large datasets are crit-
ical for the performance of deep learning models. Neural networks are expected to per-
form better when using a large training dataset. Moreover, a comprehensive input space
is also important as failure in testing may happen when the models are given new inputs.
When working with supervised learning, one should know that CNN models show excel-
lent performance in regard to generalization but are not good at extrapolating data for
which they did not learn to extract representation.

By emphasizing the significance of the size of the dataset, real-world scenarios often
face the problem of the availability of large datasets. Larger datasets take years to develop,
and even a small dataset requires collaboration between different disciplines to acquire
data. Transfer learning offers a promising solution for better results with a limited dataset
to overcome dataset limitations. Figure 3 illustrates the Inception-ResNet-V2 model used
in this study to evaluate the performance of the smoker classification task on a smoker
detection dataset.

Inception-ResNet-A Reduction-A

X Stem (25x25%256) (12x12x896)
N
Input I (25x25x256)
nput Image 2 (5%)
Cor— (Y17 Y
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&
|
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-
=
S
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|
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Inception-ResNet-C Inception-ResNet-B
(5x5x1536) Reduction-B (12x12x896)
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Figure 3. Inception-ResNet-V2 model for smoker classification.

Transfer learning, a deep learning method, uses a pre-trained model to learn a com-
pletely new task with a different dataset. Lately, the transfer learning approach has been
used extensively in solving problems with limited available datasets [47], thus facilitating
unique applications in various fields. Following this technique, our research utilized the
Inception-ResNet-V2 model pre-trained on the ImageNet dataset. We re-trained the
model by modifying the fully connected layers for transfer learning.

4.1. Inception-ResNet-V2 Model

The Inception-ResNet-V2 model [48] is a DNN that is trained on the ImageNet data-
base. It is 164 layers deep and is a hybrid model, which has significantly improved its
performance in terms of recognition tasks compared to its predecessors [49]. The model is
based on combining the Inception structure with the residual connections. The successive
Inception-ResNet blocks in the model comprise many different convolution layers com-
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bined with residual connections, and provide useful features extraction. The residual con-
nections help circumvent the degradation problem caused by the deep structure and re-
duce the training time.

We used the Inception-ResNet-V2 model by freezing the weights and leveraging the
pre-trained convolutional base. Further, we employed our own fully connected and clas-
sification layers to distinguish between the two classes using the transfer learning meth-
odology. The starting layers of the neural network learn the generic features, whereas the
last layers are for more specific features of the problem. So, we added our layer with the
ReLu activation function. As the problem considered in this research is binary, the classi-
fier has a single output of 0 or 1, in our case, NotSmoking or Smoking. The original clas-
sifier in the Inception-ResNet-V2 model consisted of 1000 neurons as it was designed to
distinguish between 1000 different objects using the ImageNet dataset.

4.2. Activation Functions

The weights of the Inception-ResNet-V2 model were frozen, and new fully connected
dense layers were added. An activation function is important for the process of optimiza-
tion. The rectified linear unit (ReLU) and sigmoid activation functions were used for the
proposed method. The ReLU activation function acts as a linear function and learns com-
plex features of the data. As this work focuses on smoker detection, for probability pre-
diction as the output, the sigmoid function (also called logistic function) was used as it is
differentiable, and it has a signal output between 0 and 1. The ReLU and sigmoid func-
tions are given as follows:

ReLU (x) = max (0, x) 1)

1

Sigmoid (x) = m 2)

4.3. Optimization Function

For training the proposed transfer learning-based Inception-ResNet-V2, stochastic
gradient descent (SGD) was used as an optimizer. SGD is the most common optimization
algorithm for training neural networks. It is a first-order optimization method. The SGD
algorithm updates the parameters per iteration, and the update of each parameter is com-
puted based on a few training samples. This reduces variance in the parameter update
and provides stable convergence. The SGD optimizer equation is given as:

0=0-140](6;xV;y?) ®)

where 6 is the model parameters, Ag/(6) is the gradient of the loss function with regard
to parameter 8 and x®, y(® are the training examples.

5. Dataset

We have considered a binary classification problem in this study, so we collected and
arranged the images related to the classification problem of Smoking and NotSmoking to
facilitate research on new methodologies for the smoker detection domain. We acquired
the images from various online sources and with multiple angles and views for better
training the model to discriminate the smokers from non-smokers. In our dataset, the
Smoking class contains images of a person smoking a cigarette with visible smoke or a
lighted cigarette in their mouth. In contrast, the NotSmoking class contains images of a
person not smoking but who has slightly similar body actions where the hand gestures
and body index are almost the same, such as drinking water, coughing, taking an inhaler,
etc. Our dataset consists of 1120 images, where 560 images belong to the Smoking class
and the remaining 560 belong to the NotSmoking class.
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5.1. Dataset Preprocessing and Partitioning

After curating the dataset, it needs to undergo some cleaning processes to show a
clear representation of the considered problem. The dataset was preprocessed using dif-
ferent methods such as cropping, resizing, etc. The images in the curated dataset have
unwanted backgrounds given the considered problem. Therefore, the images were
cropped to filter out the unwanted backgrounds and obtain only the desired part of the
problem. After cropping, the images in the dataset were resized to a common resolution
of 250 x 250. Figure 4 shows some representative images from the dataset. After this pre-
processing, the dataset was partitioned for training and testing purposes. We considered
80% of the data for training and validation purposes and 20% for the testing. Further, 80%
of the data was split into training and validation data, 716 images for training and 180 for
validation. The testing data consisted of 224 images.

Figure 4. Images of (a) NotSmoking class and (b) Smoking class.

5.2. Data Augmentation

Although using deep learning models substantially improve the results, higher de-
tection accuracy requires a large training dataset. Otherwise, the model is prone to the
issue of over-fitting due to dataset limitations, whereby the trained model does not show
good generalization and cannot perform well on new and unseen data. Therefore, we
adopted a data augmentation strategy on the training dataset to overcome this issue in
this research. We performed various augmentations such as resizing, scaling, flipping,
shifting, etc. as illustrated in Figure 5. Firstly, images in the dataset were resized to a com-
mon resolution of 224 x 224, which is also the accepted input of the Inception-ResNet-
V2 model. Afterwards, random augmentations were performed, including scaling the im-
age up to a factor of 0.2, rotation of the image up to a 50° angle, horizontal or vertical
translation by a factor of 0.2. We also applied shear-based transformation up to a factor of
0.2.
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Figure 5. Images of (a) resized, random augmentations on (b) Smoking and (c) NotSmoking.

6. Performance Evaluation

In our research, the smoker dataset was classified, and results were analyzed for a
transfer learning-based solution using Inception-ResNet-V2 on the smoker detection da-
taset, and we compared the performance with other CNN models. The simulations were
done in Python 3.7 using Tensorflow/Keras libraries. The system configurations for the
simulations were Dell i9-11950H, 64GB DDR4, 4GB NVIDIA T600. The details of the per-
formance analysis are presented in the subsequent subsections.

6.1. Simulation Parameters Selection

We performed empirical testing to select optimal values against each hyper-parame-
ter. The input image size for the simulation was set to be 224 x 224. After comprehensive
testing with different values for the batch size and learning rate, the parameters selected
for training purposes in our simulation were specified as shown in Table 2.

Table 2. Simulation parameters.

Parameters Value
Input size 224 X 224
Optimizer Stochastic gradient descent
Loss Binary cross-entropy
Learning rate 0.01
Batch Size 64
Epochs 50
Steps per epochs 100

Validation steps 100
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6.2. Performance Metrics

The proposed transfer learning-based Inception-ResNet-V2 model was evaluated for
accurate classification of smoking and not-smoking images in the smoker detection da-
taset. Moreover, it was compared with other CNN models on various performance met-
rics such as prediction accuracy, sensitivity (Recall), specificity, error rate, positive pre-
dictive values (Precision), negative predictive values (PV,), false negative rate (FNR), false
positive rate (FPR), false discovery rate (FDR), and F1 score. The equations for the perfor-
mance metrics are given by:

- = Tt
Prediction Accuracy = Ty Tt Pyt P (4)
. - T
Precision (PV,) = T,,pr ®)
e _ D
Recall (Sensitivity) = Tt Fn (6)
. T,
Specificity = —=
pecificity Tn+Fp @)
Tn
Ph= i ©
FPR =1 — Specificity ©)
FNR = 1 — Sensitivity (10)
FDR =1 — PV, an

Precision*Recall

Flscore =2 (;————"—") (42
= _fpth
E, = Tp+Tn+Fp+Fn 4

T, and T, are true negatives (accurately identified as NotSmoking) and true posi-
tives (accurately identified as Smoking), respectively. False positives F, are those
NotSmoking images labelled as Smoking, while false negatives F, are those Smoking im-
ages that are classified as NotSmoking. Precision represents the ratio of correct positive
results and positive results predicted by the classifier. The Recall is the ratio of correct
positive results and all relevant samples that should have been predicted as positive.
Specificity, also called the true negative rate, is the ratio of correct negative results and
negative results predicted by the classifier. PV, is the negative predictive value. FDR
represents the false discovery rate whereas FPR and FNR represent the false positive
and false negative rates, respectively. E, is the error rate, which is the incorrect predic-
tions for the total test samples. The F1 score is the harmonic mean between precision and
recall, which shows how the classifier predicts correctly.

6.3. Image Processing of the Proposed Approach

In our proposed method, the whole image with an input size of 224 x 224 was fed
to the neural network. The neural network extracted the features based on the smoke and
cigarette along with the hand gesture on the mouth. This can be noted from the results as
well. The false classifications indicated that the images with a similar hand gesture and a
background of similar color to the cigarette with no smoke were misclassified by the pro-
posed method. At the time, the authors considered images with only one person. Having
more than one person in the image will not affect the processing steps as the input is the
image size, which in our proposed method is 224 x 224. Moreover, it will not degrade
the performance as there would be more patches of smoke and cigarette in the image for
feature extraction.
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6.4. Performance Analysis

This subsection presents a detailed performance analysis of the proposed transfer
learning-based Inception-ResNet-V2 approach based on the smoker detection dataset.
Subsequently, a comparative analysis of the performance of Xception [50], Inception [49],
NASNetMobile [51] and VGG19 [14] models was made based on the smoker detection
dataset.

6.4.1. Performance of Proposed Approach on the Smoker Detection Dataset

According to the results, the proposed method shows 0.9687 accuracy with a 0.0312
error rate, 0.0357 FPR, 0.0354 FNR and 0.0268 FDR, which are good results considering
the very new and diverse smoker detection dataset for smoker classification. The perfor-
mance of the rest of the evaluation metrics on the smoker detection dataset is presented
as follows.

Confusion Matrix

The confusion matrix is a tool that provides a predictive analysis of the classification
task. Accuracy alone can sometimes be misleading; however, a confusion matrix can pro-
vide a better idea of the model in regard to what it is classifying correctly and the errors
it is making. Figure 6 shows the confusion matrix of the proposed transfer learning-based
Inception-ResNet-V2 approach. By looking at the larger diagonal values and small values
off the diagonal of the confusion matrix, we can deduce that the proposed approach shows
promising results for the smoker classification problem. It has 109 and 108 true positive
and true negative results, respectively, whereas the false positive and negative results are
4 and 3, respectively.

100

NotSmoking 80

T§ 60
(8]
<

- 40

Smoking 4
20

NotSmoking Smoking
Predicted

Figure 6. Confusion matrix.

ROC Curve

The receiver operative characteristic (ROC) curve is another performance metric for
the classification task at different settings of the threshold. ROC curve is plotted with the
true positive rate, also called recall or sensitivity, against the false positive rate (FPR). The
area under the curve (AUC) represents the degree or measure of separability of the classes,
that is, it reveals how well the model can distinguish between the classes. The higher the
value of AUC, the better the performance of the model in predicting the classes correctly.
Figure 7 shows the ROC curve of the proposed approach on the newly created dataset.
The AUC value of 0.9855 means that there is a 98.55% chance that the model will distin-
guish correctly between positive and negative classes.
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Receiver Operating Characteristic curve

ROC curve (zoomed in at top left)
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Figure 7. (a) Receiver operative characteristic curve (ROC), (b) ROC curve with zoomed represen-
tation.
Precision—Recall Curve
The precision-recall curve (PR curve) is a graphical representation of the recall on
the x-axis and precision on the y-axis. The closer the curve is to the upper right corner, the
better the performance of the model in terms of prediction. Figure 8 illustrates the PR
curve for the proposed approach on the newly created dataset. The AP is 0.9848 for the
classification of the smoker detection dataset evaluated in the proposed approach.
o5 PR curve o PR curve (scaled presentation)
~—Precision-Recall curve (AP = 0.9848) '
0.8 - 0.9 1
0.8 1
c 0.6 1 c
o o
3 G 0.7 4
£ 041 ¢
0.6
0.2 1
0.5 1
~ Precision-Recall curve (AP = 0.9848)
0.0 T T 04 T T T T T T T
0.5 0.7 0.8 0.9 1.0 0.800 0.825 0.850 0.875 0.900 0.925 0.950 0.975 1.000
Recall Recall
(a) (b)

Figure 8. (a) Precision-recall curve, (b) scaled representation of Precision-recall curve.

True Predictions

This presents the images correctly predicted for both positive and negative classes.
Figure 9 shows some of the true positive and negative classifications. The proposed ap-
proach performed better for the newly-created smoker detection dataset with 217 true
predictions out of 224.
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N Predicted: Smoking (Prediction Score= 1.0000) DPredlcted: NotSmoking (Prediction Score= 0.2744) Predicted: NotSmoking (Prediction Score= 0.0000)
== = 0

o 0 25 50 75 100 125 150 175 200

Predicted: Smoking (Prediction Score= 1.0000) Predicted: Notsmoking (Prediction Score= 0.0005)
0 _ - ——

0 25 50 75 100 125 150 175 200 50 75 100 125 150 175 200

Figure 9. True prediction (a) positives and (b) negatives.

False Negatives

For smoker detection, the number of false negatives should be very minimal. False
negatives are depicted in Figure 10. The false negative results show that images with a
background (i.e., a crowd or other objects) are falsely classified. The false classification of
Smoking images as NotSmoking is due to the spatial resolution, which plays a vital role
in computer vision. Images with better and clearer resolution make it easier for the model
to generalize better. During the selection of hyperparameters, it was noticed that changing
the image size significantly affected the accuracy.

oPredicted: NotSmoking (Prediction Score= 0.0654) 0Predicted: NotSmoking (Prediction Score= 0.0000)
— \!!-,1 7 —

100 125 150 175 200 75 100 125 150 175 200

Figure 10. False negatives (ground truth = Smoking).

Moreover, there were some images where the background was out of focus, resulting
in confusion for the neural network and the inability to differentiate between the cigarette
and background pixels. Another reason for the falsely classified Smoking images might
be due to the lack of a considerable number of varying images in the dataset. Neural net-
works are poor at generalizing situations for which they are not trained, so this might be
another reason as some images in the test dataset were new to the model, that is, they
lacked representation of like images in the training data.
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False Positives

Subsequently, the same issue was noticed for false positive outcomes. The percentage
of false alarms is vital for smoker detection as it impacts on the reliability and applicability
of the classifier in real-life applications. The false positive images are depicted in Figure
11. Some of the NotSmoking images might have been labeled as Smoking because of the
diversity in the dataset and a lack of similar images in the training dataset.

o Predicted: Smoking (Prediction Score= 1.0000) Predicted: Smoking (Prediction Score= 0.9975)
o A

[ 25 50 75 100 125 150 175 200 0 25 50 75 100 125 150 175 200

Figure 11. False positives (ground truth = NotSmoking).

6.4.2. Comparison with Other Models

We have evaluated the smoker detection dataset on different CNN models such as
InceptionV3 [49], Xception [50], NASNetMobile [51], VGG19 [14]. Table 3 shows that the
proposed transfer learning-based Inception-ResNet-V2 has better performance in terms
of prediction accuracy, precision, recall, AUC and AP in regard to our newly created
smoker detection dataset. The InceptionV3 showed better results for the smoker detection
dataset than the other models, followed by Xception. VGG19 performed worse as com-
pared to the other models but still has considerable accuracy, precision, AUC and AP for
a unique problem with a new and diverse dataset.

Table 3. Performance analysis.

Proposed Ap- Xception InceptionV3 NASNetMobile VGG19

Metrics proach [50] [49] [51] [14]

T, 109 98 105 95 91

T, 108 104 104 103 96

E, 4 8 8 9 16

E, 3 14 7 17 21
Precision 0.9732 0.9245 0.9292 0.9135 0.8505
Recall 0.9646 0.8750 0.9375 0.8482 0.8125
PV, 0.9729 0.8813 0.9369 0.8583 0.8205
Specificity 0.9643 0.9286 0.9286 0.9196 0.8571
FPR 0.0357 0.0714 0.0714 0.0804 0.1429
FNR 0.0354 0.1250 0.0625 0.1518 0.1875
FDR 0.0268 0.0755 0.0708 0.0865 0.4950
F1 score 0.9688 0.8990 0.9333 0.8796 0.8311
Prediction Acc 0.9687 0.9018 0.9330 0.8839 0.8348
E, 0.0312 0.0982 0.0669 0.1161 0.1651
AUC 0.9859 0.9675 0.9776 0.9558 0.9208

AP 0.9848 0.9656 0.9762 0.9494 0.9221
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6.4.3. Comparison with Other Smoker Classification Approaches

The metrics considered by the authors for SmokingNet [43] were prediction accuracy,
precision, recall, F1 score and AUC. Their proposed method was applied to the local da-
taset and showed an accuracy of 0.90 with 0.90 precision and recall while AUC is 0.95. In
contrast to this, our proposed approach on the smoker detection dataset showed a 0.9687
accuracy. Table 4 shows the comparative analysis of the proposed approach on the smoker
detection dataset with SmokingNet. As depicted in Table 3, the accuracy of the proposed
approach on our dataset shows better results compared to the other smoker classification
approach, SmokingNet.

Table 4. Comparative analysis with another smoker classification approach.

Metrics SmokingNet [42] Proposed Approach
Prediction Accuracy 0.90 0.9687
Precision 0.90 0.9732
Recall 0.90 0.9646
F1 score 0.90 0.9688
AUC 0.95 0.9859

7. Conclusions

In this research work, to better regulate the ban on smoking in outdoor no-smoking
areas, we presented a novel idea for an Al-based surveillance system for smart cities. We
intended to solve the issue of no-smoking area surveillance by introducing a framework
for an Al-based detection system of smokers in no-smoking areas. Moreover, this research
has provided a dataset for the smoker detection problem in indoor and outdoor environ-
ments to help future research on this Al-based smoker detection system. The newly cu-
rated smoker detection image dataset consists of two classes, Smoking and NotSmoking.
Further, to classify the Smoking and NotSmoking images, we proposed a transfer learn-
ing-based solution using the pre-trained InceptionResNetV2 model. The performance of
the proposed approach for predicting smokers and not-smokers has been evaluated and
compared with other CNN methods using different performance metrics. The proposed
transfer learning-based InceptionResNetV2 achieved an accuracy of 96.87% with 97.32%
precision and 96.46% recall in predicting the Smoking and NotSmoking images using a
challenging and diverse dataset. Although, we trained the proposed method on an image
dataset, we believe the performance of the system will not be affected in real-time.
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