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Abstract—In recent years, Internet of Things (IoT) concept 

has become a promising research topic in many areas including 
industry, commerce and education. Smart cities employ IoT 
based services and applications to create a sustainable urban life. 
By using information and communication technologies, IoT 
enables smart cities to make city stakeholders more aware, 
interactive and efficient. With the increase in number of IoT 
based smart city applications, the amount of data produced by 
these applications is increased tremendously. Governments and 
city stakeholders take early precautions to process these data and 
predict future effects to ensure sustainable development.  In 
prediction context, deep learning techniques have been used for 
several forecasting problems in big data. This inspires us to use 
deep learning methods for prediction of IoT data. Hence, in this 
paper, a novel deep learning model is proposed for analyzing IoT 
smart city data. We propose a novel model based on Long Short 
Term Memory (LSTM) networks to predict future values of air 
quality in a smart city. The evaluation results of the proposed 
model are found to be promising and they show that the model 
can be used in other smart city prediction problems as well. 

Keywords—Deep learning; Internet of things(IoT); Smart city; 
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I. INTRODUCTION  
Internet of Things (IoT) is known as an interconnection of 

everyday objects [1]. It improves the quality of human life by 
connecting an emergent number of objects. It is estimated that 
there will be 50 billion connected devices in IoT by 2020 [2]. 
Devices from different domains are expected to be 
interconnected to provide valuable information to consumers, 
manufacturers and utility providers [3]. Enrichment of these 
devices emerges smart applications that facilitate the quality 
of human life. IoT applications generate vast amount of data 
by monitoring the physical phenomenon surrounding them. 
Generated data are heterogeneous, distributed and 
continuously changing and increasing day by day, hence 
maximizing the data analysis efficiency in such data is 
important [4]. 

Smart Cities (SCs) make the city services and monitoring 
of cities more aware, interactive and efficient [5]. Citizens and 
stakeholders get better interaction with benefit of improving 
quality of urban services and city life [6]. Data, which is 
essential for smart solutions, is the most important aspect of 
SCs. Despite the opportunities of SC data, creating smart 
solutions and applications for the needs of city users is a 

challenging task. This is simply due to volume, variety and 
dynamics of the generated data. Hence, efficient techniques 
must be developed to process and obtain valuable information 
from SC data. 

Due to environmental and climate changes, today, many 
cities are facing air pollution problem [7]. According to a 
recent report exposure to particulate matter which is a type of 
air pollution caused about 4.2 million deaths and it ranks 5th 
worldwide among all risks [8]. This dramatic expansion 
motivates us to focus on air pollution problem and propose a 
solution based on IoT data analysis. Air pollution causes 
various impacts on human health, including respiratory 
problems, hospitalization for heart or lung diseases, and 
premature death [9]. Especially, ozone and nitrogen dioxide 
gases effect people who suffer from lung diseases such as 
asthma, chronic bronchitis and emphysema that worsen their 
diseases. Children and elderly adults are also effected by their 
gases concentration. It depends on air quality that effects how 
you live and breathe. Air Quality Index (AQI) is used for 
understanding local air quality that tell us how clean or 
unhealthy your air is [10]. Therefore, forecasting air pollution 
parameters such as ozone and nitrogen dioxide is important to 
take precautionary measures. These parameters have also 
significant effect on air pollution degree and are measured by 
sensing devices deployed in many SCs. As stated earlier, the 
integration of sensing devices into cities produces a great 
amount of data that are timely annotated. Processing and 
forecasting a great amount of data bring out the Deep 
Learning (DL) concept. Increased chip processing abilities, 
significantly lowered cost of computing hardware and recent 
advances in machine learning and information processing 
studies are the main reasons for popularity of DL [11]. Thus, 
DL has a great attention in academic and industrial areas of 
interest and it has been applied with successfully in many 
domain such as classification tasks, natural language 
processing, dimensionality reduction, object detection, motion 
modeling, and so on [12]. Therefore, monitored gases produce 
temporal data that can be evaluated in early manner to predict 
future value. 

The main contribution of this paper is two-fold: First, we 
present a DL model that can be applied to SC IoT data. 
Second, we design and implement a novel LSTM based 
prediction model that is helpful to solve future air quality 
problems in SCs.  
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The rest of the paper is structured as follows. We first 
introduce the related works in Section II. Then, we give 
essential information about IoT SC and DL in Section III and 
IV, respectively. We present the LSTM based air quality 
prediction model in Section V. The experiments and 
experimental results is given in Section VI. Finally, we 
conclude the paper in Section VII. 

II. RELATED WORK 

The development of SC technologies has favored 
researchers to focus their efforts on improving to manage 
resources of SC. These efforts are made for enhancing quality 
of life in cities via monitoring sensor device deployed in SC. 
So, it is important to predict situations in SCs to take 
precautions before an unpleasant situation occurs. In this 
context, traffic management systems are studied for helping 
drivers and citizens to improve quality of city life [13]. A 
neural network model of parking availability prediction is also 
presented that give information about parking occupancy 
prediction in selected regions [14]. Concentration of air 
pollutants in SC is another problem that affect people’s health. 
Therefore, an air quality monitoring and alarm system could 
hamper the degree of air pollutions when taking precautionary 
measures. There are many studies proposing solutions for the 
prediction problem of AQI in the literature. These methods are 
physical deterministic model, statistical, empirical and neural 
network approach [15] that can be categorized in deterministic 
and statistical methods. Hybrid model uses neural network that 
get higher prediction performance [16-18]. Hybrid approaches 
including fuzzy models [19, 20] are also used to predict AQI. 
In another study, an LSTM based approach is used for 
predicting pollutant gas to warn citizens [21]. 

DL models are regarded as a powerful models for showing 
excellent performance on difficult learning tasks [22]. There 
are many studies proposing solutions for the prediction 
problem of DL in the literature. LSTM which is a special type 
of DL is the state of the art recurrent neural network (RNN) 
for supervised temporal sequence learning [23]. LSTM has a 
structure of loops that memorize previous events to make 
better use of its input [24]. LSTM is used to solve a wide 
range of problems such as speech recognition [36], machine 
translation, traffic flow prediction [25, 26], translation [22], 
 text recognition in videos [27] and acoustic modeling [28] etc. 
It has a great performance in all this wide area that model 
sequential data with mapping input sequence to target 
sequence [22]. 

III. IOT AND  SMART CITY 
City populations are growing much faster than available 

resources. So, cities need sustainable ways to manage 
resources for growing populations. We have to enhance 
quality of life with implementing a SC concept [29]. SC is a 
framework that implements information services to monitor 
public areas and infrastructures [30]. SC has gained an 
importance by using information and communication 
technologies to make city stakeholders more aware, interactive 
and efficient. SC utilizes information and communication 

technologies to improve quality of life [31]. SC produces rich 
sources of information with deployed various sensory devices 
and IoT infrastructures. This information is derived from the 
environments in which enormous amount of data can be 
collected to be harnessed by many smart city applications 
[32]. These applications consist of several SC models but they 
have common characteristic such as smart economy, smart 
mobility, smart governance, smart environment, smart living 
and smart people [6]. 

A large number of research projects are conducted that 
collect data with benefit of IoT. These collected data coming 
from heterogeneous sources are various types such as traffic, 
weather, pollution, noise data [32].The data are low level raw 
sensor data that can be analyzed by analytics for detecting 
important city events. They have been described as a valuable 
source for the deployment of big data businesses [25]. It is 
beneficial for triggering actions to keep from bad situations for 
city citizens. Most SC applications have to deal with huge 
volumes of data, with high velocity, dynamicity and variety 
[33]. Heterogeneity of data is another problem that solved by 
semantic technologies provides interpret and interrelation 
among data [34]. 

IV. DEEP LEARNING  
Natural data that has a raw form that can be processed 

limitedly by conventional machine learning methods. The 
term of Deep Learning (DL) which is a type of machine 
learning [12] has emerged with the advance of representation 
learning. DL methods can automatically discover the 
representations for classification and detection in natural data. 
DL has contributed major advances in solving problems in 
artificial intelligence community for many years with using 
machine learning algorithms [35]. It also provides better 
representation and classification on time series problems 
compared to shallow approaches when configured and trained 
properly. 

In machine learning, artificial neural networks (ANN) 
consist of neurons which are activated through weighted 
connections from previously active neurons [36]. DL named 
Deep Neural Network (DNN) [37] uses the structure of ANN 
that processes information and signals more efficiently. It uses 
hidden layers which are contained between input and output 
layer that determines weighted layers from input layer to last 
layer [38]. Therefore, it provides a non-linear transformation 
of the deep learning data and can model complex relationships 
with multi-layered structures instead of shallow ones. 

Analysis of time series data has been studied by 
researchers for decades [39]. Traditional shallow models do 
not have the capacity for modeling sequential data with high 
accuracy rate. As time series data are more complex, high-
dimensional and noisy, DL is often associated with complex 
real-world data and have been applied to the problem of time 
series prediction [40]. In the next section, we propose a 
prediction model based on LSTM to predict air quality in a 
SC. 
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V. AIR QUALITY PREDICTION MODEL 
In this section, air pollution, air quality index, LSTM, SVR 

and proposed prediction model are explained in detail. 

A. Air Pollution and Quality Index (AQI) 
Air pollution is an environmental and social problem that 

must be struggled in many ways.  The most important gases 
causing air pollution are ozone ( ), carbon monoxide ( ), 
sulfur dioxide ( ), nitrogen dioxide  and particulate 
matter [41].  

These gases have important effects on climate change, 
ecosystems, human health, cultural heritage and economy 
[42]. Therefore, analysis of pollutant gas concentrations is 
important for the protection of the inhabitants. 

AQI is an index for indicating daily air quality. It is 
calculated from major pollutant gas concentrations and it is 
divided into six levels of health concern [10].  

 
 

 

 
Figure 1. Air Quality Index Levels 

 
Environmental Protection Agency (EPA) defines the value 

of 100 AQI as a critical level for the protection of public 
health [10].  Air quality is considered satisfactory when AQI 
values below 101, but values higher than 101 is considered 
unhealthy. All AQI levels determined by EPA are shown in 
Fig 1. In this study we follow EPA’s AQI index to develop the 
proposed system. 

B. Long Short Term Memory (LSTM) 
LSTM is a special kind of recurrent neural network (RNN) 

and capable of learning long-term dependencies. It was 
introduced by Hochreiter and Schmidhuber in order to 
overcome vanishing gradient problem in 1997 [43]. In this 
neural network model, a memory block takes the place of each 
ordinary neuron in the hidden layer of standard recurrent 
neural network [44].  

The LSTM block shown in Fig. 2 has an input gate, a 
forget gate and an output gate which regulate the flow of 
information into and out of the cell. These gates, block input 
and block output as follows:  

 

 
 

Figure 2. A Long Short-Term Memory Block [45] 
 
block input: 

                (1) 
input gate: 

      (2) 
forget gate: 

    (3) 
cell state: 

                 (4) 
output gate: 

      (5) 
block output: 

                         (6) 
 
where  is input vector at time t, are the 
weights matrices connecting  to the three gates and block 
input, are recurrent weight matrices connecting 

 to the three gates and block input,  are the 
bias vectors.  represents the logistic sigmoid function and h 
represents hyperbolic tangent function.  is used for as 
activation of the gates and   is used as the block input and 
output activation function.  

LSTM has been applied on a large variety of real world 
problems such as machine translation [46], speech recognition 
[47], neural language model [48] and image recognition [49]. 
In this study, a novel prediction model based on LSTM is 
proposed on IoT SC data. 

C. Proposed Prediction Model 
The proposed air quality prediction model consists of three 

parts. In the first part, a deep learning model consisting of 
LSTM neural networks is realized. Numerous experiments 
have been conducted with varying hyper parameters to build 
best LSTM structure. After the experiments, the network 
structure that gives the best result is constructed.  
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This network structure has an input layer, a hidden layer 
with 24 LSTM units, and an output layer. Other hyper 
parameters of the network are denoted in Table I.  

TABLE I. PROPOSED MODEL HYPER PARAMETERS  

Hyperparameters Values 
Input Sequence 8 
Hidden Layer 1 
LSTM Units 24 
Output Layer 1 

Batch Size 50 
Number of Epoch 100 

 
Another prediction method SVR is trained in model for 

evaluating the LSTM success. 
In the second part, a labeling unit is created that labels data 

according to the daily AQI values. In the last part, a decision 
unit is developed which maps according to the observed and 
predicted alarm situations. The complete structure of the 
proposed model is shown in Fig.3.   

 

 
 

Figure 3. Proposed Prediction Model 
 

In the proposed model, a certain number of past sequential 
values are taken into account and predictions are made for the 
next step, denoted by Eq. (7). 

 

 
         (7) 

 
where  are the observed 
values (input sequence) and   is the predicted value.  

Then, the network loss is calculated by comparing the 
observed values with the predicted values at time t + 1. The 
overall network performance was evaluated using 
performance metrics given in Eq. (11) and (12). 

D. Support Vector Regressor (SVR) 
Support Vector Machine (SVM) is a method used for 

classifying linear and non-linear data [50]. It can easily solve 
problems such as small sample size, high dimension. It can be 
used for numeric prediction as well as classification. For this 
purpose, a model called Support Vector Regression (SVR) is 
used to solve the regression problems. SVR can also achieve 
both linear and nonlinear regression case [51]. For nonlinear 
regression cases, a kernel function is used for mapping, 
whereby the equation is defined as follows. 
 

 (8) 

 
where  is the kernel function,  is input vector and n 
is the number of samples. 

VI. EXPERIMENTS 

A. Dataset:  
CityPulse EU FP7 Project [52] involves several SC 

applications based on IoT. Within the scope of the project, 
road traffic, pollution, weather, cultural, library and parking 
data were collected from the cities of Aarhus and Brasov in 
Denmark and Romania respectively between 2013 and 2015.  

In this study, pollution dataset of CityPulse EU FP7 
Project is used to realize the proposed system. The dataset 
contains 8 features including ozone, particulate matter, carbon 
monoxide, sulfur dioxide, nitrogen dioxide, longitude, latitude 
and timestamp was used for experiment.  The dataset has 
17568 samples that are collected at five-minute intervals. Each 
sample value is given in the form of EPA’s AQI standard. In 
this study, ozone and nitrogen dioxide pollutants are selected 
for air quality prediction. 

B. Model Training 
The proposed model is trained on the Python platform by 

using TensorFlow and Keras DL framework. Primarily, ozone 
and nitrogen dioxide data are divided into two parts as 
follows: training set % 69.5 and test set % 30.5.  Then, the 
network is configured according to the hyper parameters 
shown in Table I. Training are carried out by SVR and using 
separate LSTM models for each type of gas. In the process of 
LSTM training, Adaptive Moment Estimation (Adam) 
optimizer which computes individual adaptive learning rate 
for different parameters, is used to minimize the loss function 
[53]. 
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C. Thresholds 
In this section, AQI levels are divided into three threshold 

values by considering AQI critical level (100). These 
threshold values are defined as alarm color and shown in 
Table II. 

TABLE II. THRESHOLD AIR QUALITY INDEX 

AQI Values Level of Health Concern Alarm Color 
0 – 50 Good Green 

51 – 100 Moderate Yellow 
101 – 500 Unhealthy– Hazardous Red 

 
Ozone and nitrogen dioxide test datasets are separately 

labeled as Good, Modarate and Unhealty-Hazardous according 
to these threshold values as listed in Table III. 

TABLE III. ALARM DECISION TABLE 

Ozone Nitrogen Dioxide Alarm Color 
Good Good Green 
Good Moderate Green 
Good Unhealthy-Hazardous Yellow 

Moderate Good Green 
Moderate Moderate Yellow 
Moderate Unhealthy-Hazardous Red 

Unhealthy-Hazardous Good Yellow 
Unhealthy-Hazardous Moderate Red 
Unhealthy-Hazardous Unhealthy-Hazardous Red 

 
According to Table III, the final alarm colors are labeled 

by evaluating observed values and predicted values of both 
pollutant concentrations. Eq. 9 and 10 were applied separately 
for labeling. Then, the correct matching performance of the 
prediction model is calculated by comparing the observed 

 and predicted  alarm color state Eq. 
(11). The classification performance is calculated by using 
final alarm situations via the equations below. 

 
 -    (9) 

 

 -   (10) 
 

                  (11) 
 

D. Model Performance Metrics 
The proposed model’s performance is assessed by MAE 

(Mean Absolute Error) and RMSE (Root Mean Squared Error) 
error criteria. These are defined by Eq. (12) and (13); 

 

 

 

(12) 

 (13) 

 
where α represents the actual observed data and ά represents 
the predicted data and  is the number of prediction. 

The alarm color matching performance of the proposed 
prediction model is measured by well known Precision, 
Recall, F1-Score and Accuracy metrics.  

E. Experimental Results 
In this section, we introduced the results of evaluation of 

our air quality prediction model and the forecasting results of 
the two air pollutant concentrations. We compared the 
proposed model with Support Vector Regressor (SVR) 
technique to verify the prediction ability. To evaluate the 
prediction performance from multiple perspectives, we used 
two error criteria (RMSE, MAE) and Confusion Matrix (CM), 
Precision, Recall and F1-Score metrics.  

TABLE IV. PREDıCTION RESULTS 

 
Train Test 

RMSE MAE RMSE MAE 
Our model-  3,22 2,77 3,26 2,81 

SVR-  6,48 4,97 6,79 5,15 
Our model-  5,49 4,49 3,76 3,11 

SVR-  6,91 4,94 4,91 3,79 
 

For both prediction methods, we obtained the prediction 
results which are shown in Table IV.  It seems that the 
proposed model provides a considerable improvement in terms 
of error criteria. According to these results, we were obtained 
following Confusion Matrix (CM), Precision, Recall and F1-
Score values from the classification which made by using the 
threshold values in Table II and the decision table in Table III. 

TABLE V. CONFUSION MATRIX FOR OUR MODEL 

Alarm Color Red Yellow Green 
Red 1821 73 3 

Yellow 42 1639 74 
Green 0 81 1617 

 

TABLE VI. CONFUSION MATRIX FOR SVR 

Alarm Color Red Yellow Green 
Red 1851 53 0 

Yellow 101 1630 24 
Green 3 198 1497 

 
From the comparison of two CMs in Table V and VI, we 

can see that our proposed model have the lowest error rates in 
Yellow and Green alarms. In red alarms, it has a bit higher 
error rates than SVR. According to CMs, we calculated the 
precision, recall and F1-Score values are presented in Table 
VII.   
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TABLE VII. PRECıSıON, RECALL AND F1-MEASURE 

  Precision Recall F1-Score 

  LSTM SVR LSTM SVR LSTM SVR 

Red 0.98 0.95 0.96 0.97 0.97 0.96 
Yellow 0.91 0.87 0.93 0.93 0.92 0.90 
Green 0.95 0.98 0.95 0.88 0.95 0.93 

 

Please note that if the model falsely predicts green and 
yellow alarm colors as red, it is tolerable, but the opposite is 
not acceptable. This means that the red alarm prediction 
values is more important than the others. If we evaluate in this 
context, the best Precision (% 98) and F1-Score (% 97) results 
were achieved on red alarms with our model. Regarding F1-
Score, it performed better performance in all alarm colors than 
SVR. Accordingly, F1-scores were obtained as % 97, % 92 
and % 95 per alarm color. In SVR these score were seen as 
%96, % 90 and % 93. 

On the other hand, the prediction accuracy of the LSTM 
and SVR based model were calculated as % 95 and % 92.9, 
respectively. These scores have shown that LSTM based 
model outputs has a very good performance. The overall 
results indicate that LSTM based prediction model takes its 
advantages of memorizing of long historical data and achieve 
higher prediction accuracy even if it has a simple network 
structure.  

VII. CONCLUSION 
IoT paradigm brings new heterogeneous data particularly 

collected from sensor devices. Extracting and retrieving the 
hidden knowledge from this type of IoT data is a challenging 
task. It also needs robust models that perform these tasks fast 
and efficiently.   

In this paper, we propose a DL model to overcome air 
pollution problems in SC.  We firstly configured the network 
with the best hyper parameters according to the results 
obtained from the experiments. Then, the proposed model is 
trained, and evaluated with widely used RMSE and MAE 
metrics. 

Later, labeling and decision units are designed and the 
prediction performance of model is calculated with the 
Precision, Recall, F1-measure and accuracy metrics. The 
overall results verify that our LSTM based model has a better 
performance than SVR based model.  

Consequently, the obtained results show that the 
employment of the LSTM based prediction model to the IoT 
data is effective and promising.  In the future, we focus on 
more advanced models that include different DL methods for 
IOT data analytics. 
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