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A B S T R A C T 
 

Air pollution has become a critical issue in environmentally challenged regions 
due to rapid urbanization, especially in countries where forecasting tools 
remain underdeveloped. Despite the success of deep learning approaches in 
predicting air quality, there has been little research on multivariate forecasting 
of particulate matter in Iraqi cities using publicly accessible environmental 
information. This study proposes a CNN-LSTM architecture to predict the 
concentrations of PM₂.₅ and PM₁₀ the following day in Baghdad and Basra. 
Environmental data related to air quality, along with temperature, relative 
humidity, wind speed, and seasonal cyclical features, were used to generate 
multivariate time series with a 14-day lookback window. The proposed model 
was compared with an LSTM model and a conventional autoregressive 
integrated moving average model using 1,249 daily data samples collected from 
August 2022 to December 2025. The results reveal that the deep learning 
models outperformed the statistical baseline, and the LSTM approach exhibited 
the best generalization performance. A threshold-based pollution alert module 
was also implemented to demonstrate how continuous concentration forecasts 
can support operational air quality warning systems. The findings demonstrate 
the applicability of multivariate deep learning for short-term urban air 
pollution forecasting in data-constrained environments and provide a baseline 
framework for future environmental monitoring systems in Iraq. 

1. Introduction 

In recent years, air pollution has become one of the most 

critical environmental problems worldwide, posing severe 

threats to ecosystem sustainability and human health. Fast-

paced urbanization, industrial growth, car emissions, and 

population growth have led to deteriorating air quality in 

many cities [1]. Various atmospheric pollutants have been 

identified as causing respiratory diseases, cardiovascular 

problems, reduced life expectancy, and mortality in people. 

Thus, predicting particulate matter levels, especially PM₂.₅ 

and PM₁₀, has become part of environmental management, 

enabling authorities to take preventive measures to protect 

people from polluted air and issue advance warnings [2,3]. 

Because of artificial intelligence, the process of forecasting air 

quality has become more efficient. Traditional statistical 

methods were replaced by machine learning techniques and 

deep learning models, enabling the identification of nonlinear 

relationships between environmental parameters and 

pollutant levels [4-6]. Comparative analyses have revealed 

that Random Forest, Gradient Boosting, and CatBoost are 

effective at modeling interactions between meteorological 

variables and pollutants, yielding good results for air quality 

forecasting [7,8]. Recently, recurrent neural networks, 

including Long Short-Term Memory (LSTM) architectures 

and their hybrids, have become popular due to their ability to 

learn short- and long-term dependencies in multivariate 

environmental time series. These approaches have greatly 

enhanced air quality forecasting and enabled the use of 

forecasting analytics in practical environmental management 

[9,10]. However, despite numerous achievements, most 

related studies have been conducted in regions with dense 

monitoring networks and stable environmental conditions. In 

contrast, relatively few studies have focused on air pollution 

forecasting in Middle Eastern cities, where particulate matter 
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levels depend on complex interactions among urban 

emissions, industrial activities, and frequent dust storms. Iraq 

is particularly difficult for research because rapid 

urbanization, increased transportation activity, industrial 

activity, and dust storms make the situation highly 

unpredictable. The two largest metropolises in the country, 

Baghdad and Basra, often experience elevated PM₂.₅ and PM₁₀ 

concentrations, which cause serious health problems for their 

inhabitants. However, a forecasting system capable of 

providing reliable short-term predictions for decision-

making remains lacking [10,11]. 

Thus, this study aims to develop a multivariate deep 

learning framework for next-day prediction of particulate 

matter concentrations in Baghdad and Basra, based on 

publicly available air quality and meteorological data. A 

hybrid architecture combining Convolutional Neural 

Networks (CNNs) and Long Short-Term Memory Networks 

(LSTMs) is used to capture local dependencies between 

variables via convolutional layers and long-term 

dependencies via LSTM units. The forecasting capabilities of 

the proposed model are compared to those of a standalone 

LSTM network and a classical ARIMA model, following the 

same chronological validation scheme. The framework uses 

the concentrations of pollutants together with meteorological 

variables, including temperature, humidity, wind speed, and 

cyclic seasonal descriptors based on the calendar 

information, as input. There are four main advantages of this 

study (Figure 1).  

 

 

 

 

 

 

Firstly, a reproducible multivariate forecasting 

framework is proposed to simultaneously predict PM₂.₅ and 

PM₁₀ in Baghdad and Basra, based on publicly available 

environmental data. Secondly, the performance of a hybrid 

CNN-LSTM approach is evaluated against a standalone LSTM 

network and a classical ARIMA model, using the same 

chronological validation scheme. Thirdly, the effect of 

combining convolutional feature extraction with recurrent 

sequence learning on urban air pollution forecasting is 

explored. Finally, a threshold-based pollution alert system is 

designed in order to demonstrate the practical use of 

continuous concentration forecasts. 

2. Related work 

Environmental scientists use Recurrent Neural 

Networks (RNNs) and their advanced variants to create 

models that predict how environmental data will change over 

time. The Long Short-Term Memory (LSTM) network 

architecture enables accurate predictions of particulate 

matter concentrations by capturing long-term temporal 

patterns and mitigating the vanishing gradient problem 

[12,13]. Multiple studies from countries including China, 

India, and Europe found that LSTM-based systems achieved 

higher PM2.5 forecasting accuracy across various 

environmental settings [14,15]. The development of 

Convolutional Neural Networks (CNNs) for image processing 

led to their adaptation to time-series studies, enabling the 

extraction of local feature patterns from sequential 

environmental data.  

 

 

 

 Figure 1. Overall framework of the proposed urban air pollution forecasting system for Baghdad and Basra 
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The hybrid CNN–LSTM framework demonstrates 

successful results across multiple environmental monitoring 

functions, which include particulate matter forecasting, 

atmospheric pollution modeling, and climate variability 

analysis [16,17]. Hybrid deep learning techniques have 

achieved better results in air pollution forecasting than 

previous methods used in different urban areas. The hybrid 

architecture, which combines convolutional layers with 

recurrent networks, has been used to forecast PM2.5 levels in 

multiple Asian metropolitan areas, achieving better results 

than its individual components [18,19]. The combination of 

CNN and LSTM with additional attention mechanisms has 

been implemented in frameworks to enhance air quality 

prediction systems, which monitor pollution levels across 

extensive urban areas [20,21]. New methods now use 

sophisticated neural network designs, including graph neural 

networks, attention-based systems, and multimodal 

architectures, to track how monitoring stations interact with 

atmospheric transport patterns [22,23]. 

The latest research shows that environmental 
management systems should use predictive models to 
achieve better results in forecasting future events. Machine 
learning-based systems have been designed to enable cities to 
monitor environmental conditions, assess health hazards, 
and develop pollution control measures [24,25]. The systems 
provide environmental agencies with tools to forecast 
pollution events and take preventive measures, which include 
controlling traffic, managing emissions, and issuing public 
health warnings. The development of dependable short-term 
prediction systems has become an essential element that 
supports sustainable environmental management in cities 
[26,27]. The use of deep learning methods for air quality 
forecasting yields inconsistent results across different 
geographic areas despite recent technological progress. The 
research has primarily focused on three metropolitan areas 
in East Asia, Europe, and North America, which have 
extensive monitoring systems that provide sufficient 
environmental data to train their models [28,29]. Research 
into air pollution forecasting for Middle Eastern cities has not 
yet developed sufficiently, as the region faces growing 
environmental problems from urban development, dust 
storms, and industrial pollution. The development of 
predictive systems that match these particular environments 
will support environmental management needs and public 
health emergency planning requirements [30,31]. Data-
driven forecasting systems, which use current machine 
learning methods, will enable environmental monitoring and 
early warning systems in Iraqi urban areas to function 
effectively [32,33]. The final framework employs a threshold-
based early-warning system to detect high-risk pollution 
events, helping organizations maintain their environmental 
management programs [34-40]. 

3. Materials and methods 

This study developed a multivariate time-series 
forecasting framework for next-day prediction of particulate 
matter concentrations in Baghdad and Basra, Iraq. The 
methodological pipeline combined publicly available air 
quality and meteorological records, chronological 
preprocessing, supervised sequence generation, deep 
learning model development, statistical baseline comparison, 
and a threshold-based early warning module. The overall 
objective was to forecast four pollutant targets for day t+1 
using the preceding 14 days of environmental observations. 

3.1 Study area and data sources 

The study examined two important Iraqi cities, Baghdad 
and Basra, because the two cities serve as urban centers that 
frequently experience particulate matter pollution. Baghdad 
is a densely populated city with three main sources of 
pollution: vehicle emissions, city activities, and seasonal 
weather patterns. Basra experiences pollution from three 
main sources: industrial operations, port activities, and dust 
storms originating from surrounding areas. The paper used 
online databases to gather daily air quality measurements 
and weather data that were publicly available [41-43]. The 
Open-Meteo air quality service provided researchers with 
PM2.5 and PM10 concentration data, while meteorological 
data was accessed through the Open-Meteo historical 
weather archive. The final predictor set included particulate 
matter concentrations, temperature at 2 m, relative humidity 
at 2 m, wind speed at 10 m, and seasonal encodings derived 
from calendar structure. The merged daily dataset from the 
observation period yielded 1,249 records between 1 August 
2022 and 31 December 2025 after aggregation and 
preprocessing. 

3.2 Variables and target definition 

For each city, the retained variables were daily PM2.5, 
PM10, mean temperature, mean relative humidity, and mean 
wind speed. Cyclic temporal descriptors that maintained 
seasonal patterns throughout the study period were created. 
The system used sine and cosine transformations to 
represent both the day of the year and the month. The four 
prediction targets were defined as: 

 𝑦(𝑡 + 1) =

 [𝐵𝑎𝑔𝑑𝑃𝑀2.5(𝑡+1), 𝐵𝑎𝑔𝑑𝑃𝑀10(𝑡+1), 𝐵𝑠𝑎𝑃𝑀2.5(𝑡+1), 𝐵𝑠𝑎𝑃𝑀10(𝑡+1)]

              (1) 

Thus, the framework performed multivariate one-step-ahead 
forecasting for both cities simultaneously. 

3.3 Data aggregation and preprocessing 

The study used timestamp-based merging to achieve 
hourly-resolution alignment of air quality and meteorological 
data that they downloaded. The team used arithmetic 
averaging to convert hourly data into daily data after 
completing synchronization. The daily mean for a variable x, 
which is measured every hour on day d was calculated using: 

𝑥𝑑𝑎𝑖𝑙𝑦(𝑑) =  (
1

𝐻
) ∗  𝑠𝑢𝑚(ℎ = 1 𝑡𝑜 𝐻)𝑥(𝑑, ℎ)          (2) 

where H denotes the number of hourly measurements 
available for that day. 

Missing daily values were handled through linear 
interpolation to preserve continuity of the time series. For a 
missing observation located between two valid points x(t1) 
and x(t2), the interpolated value at time t was estimated as: 

𝑥(𝑡) =  𝑥(𝑡1) +  (
(𝑡 − 𝑡1)

(𝑡2 − 𝑡1)
) ∗  ( 𝑥(𝑡2) −  𝑥(𝑡1))        (3) 

This step avoided sequence fragmentation and allowed 
subsequent window construction. Because seasonal patterns 
in air pollution are periodic rather than linear, temporal 
variables were encoded using trigonometric cyclic 
transformations. For day of year DOY and month M, the 
seasonal features were defined as: 

𝑑𝑎𝑦 𝑜𝑓 𝑦𝑒𝑎𝑟𝑠𝑖𝑛 = sin (
2∗𝑝𝑖∗𝐷𝑂𝑌

365.25
)                           (4) 

𝑑𝑎𝑦 𝑜𝑓 𝑦𝑒𝑎𝑟𝑟𝑐𝑜𝑠  = cos (
2∗𝑝𝑖∗𝐷𝑂𝑌

365.25
)          (5) 
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𝑚𝑜𝑛𝑡ℎsin = sin (
2∗𝑝𝑖∗𝑀

12
)           (6) 

𝑚𝑜𝑛𝑡ℎcos = cos (
2∗𝑝𝑖∗𝑀

12
)           (7) 

These encodings preserve circular continuity, such that the 
transition from the end of one year or month to the beginning 
of the next is represented smoothly. 

3.4 Feature matrix and scaling 

After preprocessing, the input matrix X consisted of 14 
predictor variables, while the output matrix 𝑌 consisted of 
four forecast targets. Standardization was applied separately 
to the input and target variables, using statistics computed 
only from the training subset. For any feature 𝑥, 
standardization was performed as: 

𝑥𝑛𝑜𝑟𝑚 =
(𝑥 − 𝑚𝑢𝑥)

𝑠𝑖𝑔𝑚𝑎𝑥
          (8) 

where 𝑚𝑢𝑥  is the training-set mean and 𝑠𝑖𝑔𝑚𝑎𝑥  is the 
training-set standard deviation. This transformation ensured 
that predictors with different units and numerical ranges 
contributed comparably during optimization. 

3.5 Supervised sequence construction 

The forecasting problem was formulated as sliding-
window supervised learning with a lookback horizon of 14 
days. For each time step 𝑡, the model input consisted of the 
multivariate observations from days 𝑡 − 13 to 𝑡, while the 
target corresponded to the pollutant concentrations on the 
day 𝑡 + 1. Accordingly, each input sample was represented as: 

𝑋𝑡 =  [𝑥(𝑡 − 13), 𝑥(𝑡 − 12), … , 𝑥(𝑡)]         (9) 

and the corresponding target vector was: 

𝑌𝑡 =  𝑦(𝑡 + 1)          (10) 

where 𝑥(𝑡) is the 14-dimensional predictor vector at day 𝑡, 
and 𝑦(𝑡 + 1) is the four-dimensional output vector for the 
next day. 
This transformation produced a three-dimensional tensor 
with the structure: 

𝑋𝑠𝑒𝑞𝑖𝑛 𝑅𝑁 𝑥 𝐿 𝑥 𝐹           (11) 

where N is the number of sequences, 𝐿 =  14 is the lookback 
window length, and 𝐹 =  14 is the number of input features. 
The target matrix had the form: 

𝐼𝑛𝑝𝑢𝑡(14,14) →  𝐶𝑜𝑛𝑣1𝐷 (
64, 𝑘𝑒𝑟𝑛𝑒𝑙𝑠𝑖𝑧𝑒 =  3

, 𝑝𝑎𝑑𝑑𝑖𝑛𝑔 =  𝑠𝑎𝑚𝑒, 𝑅𝑒𝐿𝑈
)  

→  𝐵𝑎𝑡𝑐ℎ𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛   
→  𝑀𝑎𝑥𝑃𝑜𝑜𝑙𝑖𝑛𝑔1𝐷(𝑝𝑜𝑜𝑙𝑠𝑖𝑧𝑒 =  2)  
→  𝐶𝑜𝑛𝑣1𝐷(32, 𝑘𝑒𝑟𝑛𝑒𝑙𝑠𝑖𝑧𝑒 =  3, 𝑝𝑎𝑑𝑑𝑖𝑛𝑔 =  𝑠𝑎𝑚𝑒, 𝑅𝑒𝐿𝑈)  
→  𝐵𝑎𝑡𝑐ℎ𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛  
 →  𝐿𝑆𝑇𝑀(64)  
→  𝐷𝑟𝑜𝑝𝑜𝑢𝑡(0.25)  
→  𝐷𝑒𝑛𝑠𝑒(64, 𝑅𝑒𝐿𝑈)  
→  𝐷𝑒𝑛𝑠𝑒(32, 𝑅𝑒𝐿𝑈)  
→  𝐷𝑒𝑛𝑠𝑒(4)  
𝑌𝑠𝑒𝑞𝑖𝑛 𝑅𝑁 𝑥 4          (12) 

Following chronological splitting, the sequence counts were 

859 for training, 173 for validation, and 174 for testing. 

3.6 Chronological dataset partitioning 

The dataset required a chronological division to maintain 
its time-series structure while safeguarding against 
information leakage. Let 𝑁𝑡𝑜𝑡𝑎𝑙 denote the total number of 
usable daily samples after shifting the targets by one day. The 
first 70% of the samples were assigned to the training set, the 

next 15% to the validation set, and the final 15% to the test 
set. Formally, 

𝑁𝑡𝑟𝑎𝑖𝑛 =  𝑓𝑙𝑜𝑜𝑟(0.70 ∗  𝑁𝑡𝑜𝑡𝑎𝑙)        (13) 

𝑁𝑣𝑎𝑙 =  𝑓𝑙𝑜𝑜𝑟(0.15 ∗  𝑁𝑡𝑜𝑡𝑎𝑙)       (14) 

𝑁𝑡𝑒𝑠𝑡 =  𝑁𝑡𝑜𝑡𝑎𝑙 − 𝑁𝑡𝑟𝑎𝑖𝑛 − 𝑁𝑣𝑎𝑙                        (15) 

This strategy ensured that future observations were never 
used to predict past observations and that the final evaluation 
mimicked real forecasting conditions. 

3.7 Standalone LSTM model 

The study developed the initial deep learning 
architecture through the creation of a self-contained Long 
Short-Term Memory network, which solved multivariate 
sequence problems by analyzing time-dependent 
relationships. The model received an input tensor of size 14 x 
14 and processed it through two stacked LSTM layers 
followed by fully connected layers. The architectural design 
of the system has three main components, which can be 
described as follows: 

𝐼𝑛𝑝𝑢𝑡(14,14) →  𝐿𝑆𝑇𝑀(64, 𝑟𝑒𝑡𝑢𝑟𝑛𝑠𝑒𝑞𝑢𝑒𝑛𝑐𝑒𝑠 =  𝑡𝑟𝑢𝑒) →

 𝐷𝑟𝑜𝑝𝑜𝑢𝑡(0.2) →  𝐿𝑆𝑇𝑀(32) →  𝐷𝑟𝑜𝑝𝑜𝑢𝑡(0.2) →
 𝐷𝑒𝑛𝑠𝑒(32, 𝑅𝑒𝐿𝑈) →  𝐷𝑒𝑛𝑠𝑒(4)  

For an LSTM unit, the internal update equations at time step t 
were: 

𝑓𝑡 =  𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑊𝑓𝑥𝑡
+ 𝑈𝑓ℎ𝑡−1

+ 𝑏𝑓)       (16) 

𝑖𝑡 =  𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑊𝑖𝑥𝑡
+ 𝑈𝑖ℎ𝑡−1

+ 𝑏𝑖)        (17) 

𝑔𝑡 = tanh(𝑊𝑔𝑥𝑡
+ 𝑈𝑔ℎ𝑡−1

+ 𝑏𝑔)        (18) 

𝑐𝑡 =  𝑓𝑡 .∗  𝑐𝑡−1 + 𝑖𝑡.∗  𝑔𝑡         (19) 

𝑜𝑡 =  𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑊𝑜𝑥𝑡
+ 𝑈𝑜ℎ𝑡−1

+  𝑏𝑜)       (20) 

ℎ𝑡 =  𝑜𝑡.∗ tanh(𝑐𝑡)         (21) 

where 𝑥𝑡  is the input vector at time 𝑡, ℎ𝑡 is the hidden state, 
c_t is the cell state, and W, U, and b are trainable parameters. 
The forget gate 𝑓𝑡 , input gate 𝑖𝑡, and output gate 𝑜𝑡 regulate 
information flow across time, enabling the network to 

preserve long-range dependencies. 

3.8 Hybrid CNN-LSTM model 

The second system used one-dimensional convolutional 

processing together with recurrent models, which handle 

time-based data. The convolutional layers extracted short-

term local patterns that spread across the entire sequence 

before the system performed LSTM-based time-summary 

processing. The network structure was: 

For a one-dimensional convolution, the k-th feature map 
at temporal location t can be written as: 

𝑧𝑘(𝑡) =  𝑝ℎ𝑖( 𝑠𝑢𝑚(𝑖 = 1 𝑡𝑜 𝐶)𝑠𝑢𝑚(𝑗 = 0 𝑡𝑜 𝐾 − 1)𝑤𝑘(𝑖,𝑗) ∗

 𝑥𝑖(𝑡−𝑗) + 𝑏𝑘)                           (22) 

where 𝐶 is the number of input channels, 𝐾 is the kernel 
length, 𝑤𝑘 are convolution weights, 𝑏𝑘is the bias term, and 
𝑝ℎ𝑖(. ) is the ReLU activation function: 

𝑅𝑒𝐿𝑈(𝑎) = max(0, 𝑎)         (23) 

The max-pooling layer reduced temporal resolution while it 
enhanced the most important local pattern. After that, the 
LSTM layer extracted longer temporal dependencies from the 
reduced sequence representation. 
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3.9 ARIMA baseline model 

To provide a classical statistical reference, 
autoregressive integrated moving average models were fitted 
independently for each target pollutant series. The 
𝐴𝑅𝐼𝑀𝐴(𝑝, 𝑑, 𝑞) model can be defined through the following 
equation: 

𝑝ℎ𝑖(𝐵) ∗ (1 −  𝐵)𝑑 ∗ 𝑦𝑡 =  𝑡ℎ𝑒𝑡𝑎(𝐵) ∗  𝑒𝑝𝑠𝑖𝑙𝑜𝑛𝑡                 (24) 

The equation includes 𝐵 as the backshift operator, 𝑑 as 
the differencing order, 𝑝ℎ𝑖(𝐵) as the autoregressive 
polynomial, 𝑡ℎ𝑒𝑡𝑎(𝐵) as the moving-average polynomial, and 
epsilon_t as the white-noise error term. The model can be 
expressed in its full form as: 

𝑦𝑡
′ =  𝑐 +  𝑠𝑢𝑚(𝑖 = 1 𝑡𝑜 𝑝)𝑝ℎ𝑖𝑖 ∗  𝑦𝑡−𝑖

′ +  𝑒𝑝𝑠𝑖𝑙𝑜𝑛𝑡 +
 𝑠𝑢𝑚(𝑗 = 1 𝑡𝑜 𝑞)𝑡ℎ𝑒𝑡𝑎𝑗 ∗  𝑒𝑝𝑠𝑖𝑙𝑜𝑛𝑡−𝑗       (25) 

where 𝑦𝑡
′ denotes the differenced series after applying order 

𝑑. In implementation, ARIMA models were estimated 
separately for Baghdad PM2.5, Baghdad PM10, Basra PM2.5, 
and Basra PM10, and then used to generate forecasts over the 
test horizon. 

3.10 Model training 

The deep learning models were trained using the 
Adam optimizer with an initial learning rate of 0.001. The 
optimization objective was mean squared error. For n 
samples and m output targets, the loss function was: 

𝑀𝑆𝐸 =  (
1

(𝑛∗𝑚)
) ∗  𝑠𝑢𝑚(𝑖 = 1 𝑡𝑜 𝑛)𝑠𝑢𝑚(𝑗 = 1 𝑡𝑜 𝑚)( 𝑦𝑖𝑗 −

 𝑦ℎ𝑎𝑡𝑖𝑗)
2

          (26) 

Mean absolute error was also monitored during training: 

𝑀𝐴𝐸 =  (
1

(𝑛∗𝑚)
) ∗  𝑠𝑢𝑚(𝑖 = 1 𝑡𝑜 𝑛)𝑠𝑢𝑚(𝑗 =

1 𝑡𝑜 𝑚)𝑎𝑏𝑠( 𝑦𝑖𝑗 −  𝑦ℎ𝑎𝑡𝑖𝑗)        (27) 

Training was performed with a batch size of 32 and a 
maximum of 40 epochs. Early stopping was used to terminate 
training when validation loss ceased improving, thereby 
limiting overfitting. In addition, adaptive learning-rate 
reduction was employed, halving the learning rate when the 
validation loss plateaued. The best model weights were 
restored according to the minimum validation loss. 

3.11 Forecast inversion and post-processing 

Because the output targets were standardized prior to 
training, the model predictions were transformed back to the 
original units after inference. For any predicted normalized 
value 𝑦ℎ𝑎𝑡𝑛𝑜𝑟𝑚, the inverse transformation was: 

𝑦ℎ𝑎𝑡 =  𝑦ℎ𝑎𝑡𝑛𝑜𝑟𝑚 ∗  𝑠𝑖𝑔𝑚𝑎𝑦 +  𝑚𝑢𝑦       (28) 

where 𝑚𝑢𝑦 and 𝑠𝑖𝑔𝑚𝑎𝑦 are the mean and standard deviation 

of the corresponding target variable calculated from the 
training data. 

3.12 Evaluation metrics 

Forecasting performance was assessed using root 
mean squared error, mean absolute error, and coefficient of 
determination. For a set of n observations, these metrics were 
defined as: 

𝑅𝑀𝑆𝐸 =  𝑠𝑞𝑟𝑡 ( (
1

𝑛
) ∗  𝑠𝑢𝑚(𝑖 = 1 𝑡𝑜 𝑛)(𝑦𝑖 −  𝑦ℎ𝑎𝑡𝑖)2)     (29) 

𝑀𝐴𝐸 =  (
1

𝑛
) ∗  𝑠𝑢𝑚(𝑖 = 1 𝑡𝑜 𝑛)𝑎𝑏𝑠(𝑦𝑖 −  𝑦ℎ𝑎𝑡𝑖)                 (30) 

𝑅2 =  1 − (
𝑠𝑢𝑚(𝑖=1 𝑡𝑜 𝑛)(𝑦𝑖− 𝑦ℎ𝑎𝑡𝑖)2

𝑠𝑢𝑚(𝑖=1 𝑡𝑜 𝑛)(𝑦𝑖− 𝑦𝑏𝑎𝑟)2
)      (31) 

The equation includes the observed value 𝑦𝑖 , and the 
predicted value 𝑦ℎ𝑎𝑡𝑖  and the mean value ybar of the 
observed values. Better forecasting accuracy is indicated by 
lower RMSE and MAE, while higher R2 values indicate better 
explanatory performance. The team calculated metrics for 
each individual pollutant target before combining results 
from all four targets to create an overall model comparison. 

4. Early warning system 

The system combined its ongoing forecasting work with 
a threshold-based early warning system, which detected days 
of increased particulate pollution. The warning rule used the 
WHO daily guideline thresholds to establish its criteria. A day 
was labeled high-risk if at least one of the following 
conditions was satisfied: 

𝐵𝑎𝑔ℎ𝑑𝑎𝑑𝑃𝑀2.5 >  15 𝑜𝑟 𝐵𝑎𝑠𝑟𝑎𝑃𝑀2.5 >
 15 𝑜𝑟 𝐵𝑎𝑔ℎ𝑑𝑎𝑑𝑃𝑀10 >  45 𝑜𝑟 𝐵𝑎𝑠𝑟𝑎𝑃𝑀10 >  45.  

Thus, the binary warning label for day t+1 was defined as: 

𝑟𝑖𝑠𝑘(𝑡 + 1) =  1, 𝑖𝑓 𝑎𝑛𝑦 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 𝑒𝑥𝑐𝑒𝑒𝑑𝑎𝑛𝑐𝑒  

𝑟𝑖𝑠𝑘(𝑡 + 1)  =  0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒        (32) 

Predicted pollutant concentrations from each model 
were converted into predicted warning labels using the same 
threshold logic. The resulting classification outputs were 
evaluated by precision, recall, and F1-score: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

(𝑇𝑃 + 𝐹𝑃)
                          (33) 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

(𝑇𝑃 + 𝐹𝑁)
         (34) 

𝐹1 =  
2 ∗ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙

(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙)
         (35) 

where TP, FP, and FN denote true positives, false positives, 
and false negatives, respectively. 

The complete pipeline was created in Python, 
encompassing data acquisition, preprocessing, statistical 
analysis, and deep learning models/frameworks. The 
workflow included automated downloading of Baghdad and 
Basra data through daily data aggregation, data interpolation, 
data standardization, sequence creation, the training of LSTM 
and CNN-LSTM models, ARIMA forecasting, inverse scaling, 
and the computation of both regression and warning-based 
classification metrics. The final structure was designed to be 
reproducible and directly extensible to additional cities or 
pollutant variables. 

5. Results and discussions  

The final integrated dataset comprised 1,249 daily 
observations collected in Baghdad and Basra, merging air 
quality measurements with meteorological variables. The 
predictor matrix included PM₂.₅, PM₁₀, temperature, relative 
humidity, wind speed, and cyclic temporal descriptors 
derived from the day of the year and month. Following 
chronological preprocessing and supervised sequence 
generation with a 14-day lookback window, the dataset was 
partitioned into 859 training, 173 validation, and 174 test 
sequences (Table 1). Each training sample consisted of an 
input tensor of dimensions 859 × 14 × 14, representing 14 
consecutive days of observations with 14 predictor variables, 
and a corresponding output tensor of dimensions 859 × 4, 
representing next-day forecasts for Baghdad PM₂.₅, Baghdad 
PM₁₀, Basra PM₂.₅, and Basra PM₁₀. 
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Table 1. Dataset structure and chronological split used for next-day 

forecasting 

Item Value 

Total daily records after preprocessing 1,249 

Total variables in merged dataset 15 

Forecast targets 4 

Lookback window 14 days 

Training sequences 859 

Validation sequences 173 

Test sequences 174 

Input tensor shape (train) 859 × 14 × 14 

Output tensor shape (train) 859 × 4 

 

The learning behavior of both deep learning models is 

shown in Table 2 and illustrated in Figure 2. The independent 

LSTM model demonstrated consistent convergence 

throughout the learning process, with the training loss 

decreasing from 1.0104 to 0.6091, and a minimum validation 

loss of 1.0560 recorded at epoch 12 before early stopping was 

triggered due to overfitting. On the other hand, the CNN-LSTM 

model was faster at reducing training loss, with the loss falling 

to 0.3180 within 16 epochs. However, a minimum validation 

loss of 1.0753 was recorded at an earlier epoch (8), after 

which the validation performance degraded despite further 

decreases in training loss. This difference between training 

and validation loss indicates that the CNN-LSTM model 

performed better on the training data but showed poorer 

generalization compared to the LSTM. Therefore, although 

the convolutional layer made learning more efficient, it did 

not improve predictive performance. 

Figure 2 shows the distinct convergence properties of 
the two architectures. Although the CNN-LSTM is 
characterized by fast training, the widening gap between 
training and validation losses starting around epoch 8 
indicates increasing overfitting. Conversely, the standalone 
LSTM model converges much more slowly while maintaining 
stable performance on the validation set, suggesting better 
generalization given the dataset's size. Table 3 presents the 
model's forecasting performance for each pollutant. Given the 
different numerical ranges of the prediction targets, the 
model evaluation will be based on RMSE, MAE, and R² 
calculated separately for each target. No model can be singled 
out as performing better than others for each forecast. 
Generally, the standalone LSTM demonstrated the most 
consistent behavior on all four targets, while the CNN-LSTM 
performed better for Basra PM₂.₅ and PM₁₀ but worse for the 
Baghdad datasets. Although the average performance 
indicates overall model performance, the main point of 
interest lies in the target-specific results, as the four 
pollutants span significantly different numerical ranges. For 
Baghdad PM₂.₅, the ARIMA showed the smallest MAE (7.13), 
followed by the LSTM (7.77) and CNN-LSTM (8.13). For 
Baghdad PM₁₀, the ARIMA model also had the smallest MAE, 
whereas the CNN-LSTM had the largest prediction error. On 
the other hand, for Basra PM₂.₅ and Basra PM₁₀, the CNN-
LSTM performed better than the standalone LSTM, although 
the difference was rather marginal.  

 

 

Table 2. Training and validation loss progression for the two deep 
learning models 

Model 
First epoch 

training 
loss 

Final 
training 

loss 

Best 
validation 

loss 

Epoch of 
best 

validation 
loss 

LSTM 1.0104 0.6091 1.0560 12 

CNN-
LSTM 

1.0178 0.3180 1.0753 8 

 

 
Figure 2. Training and validation loss curves for the standalone LSTM 
and the hybrid CNN-LSTM 

The above shows that the hybrid architecture captures 
some specific aspects of Basra pollutant dynamics but cannot 
be regarded as consistently superior to the standalone LSTM 
for forecasting. The coefficient of determination (R²) further 
highlights the limitations of the forecasting models. Negative 
R² values were obtained for Baghdad PM₂.₅, Baghdad PM₁₀, 
and Basra PM₂.₅ for all models, which means that the 
predictions were inferior to a simple mean value estimator 
for these variables. However, Basra PM₁₀ was the only 
pollutant to yield positive R² values: 0.3356 for the 
standalone LSTM and 0.3295 for the CNN-LSTM. Thus, the 
temporal dynamics of this pollutant were comparatively easy 
to model. Low values of R² indicate that daily particulate 
matter concentrations vary widely and depend on many 
factors not included in the predictor set, such as dust storms, 
emissions, and weather conditions. The behavior of 
qualitative forecasts is shown in Figure 3 for the case of next-
day prediction of Baghdad PM₂.₅. LSTM and CNN-LSTM 
successfully reproduced the temporal trend but produced 
smoother forecasts than the actual values. Smoothing is 
inherent in models trained with mean squared error, as they 
place less weight on outliers during training. Hence, while 
both models could replicate the medium-term variability in 
pollution levels, they were unable to reproduce the largest 
peaks in pollution recorded in the test dataset. 

Table 4 provides an overview of model performance 

using regression statistics, aggregated across all pollutants. 

The values given are for comparison purposes only, since 

aggregating regression errors across variables with different 

scales can obscure target-specific information. Thus, the 

results obtained in this study are discussed primarily using 

the data in Table 3. In this paper, the ability of deep learning 

models to predict the following day's particulate matter 

concentration in Baghdad and Basra, based on multivariate 

time series of environmental data, has been studied.  
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Figure 3. Next-day forecasting results for Baghdad PM2.5  

The comparative analysis revealed several important 

conclusions regarding the applicability of recurrent and 

hybrid deep learning algorithms to air pollution forecasting 

when data are limited. Although the deep learning models had 

advantages over the classical statistical model on certain 

performance metrics, the expected advantages of the CNN-

LSTM model were not observed. Based on the experiments, 

the LSTM model alone showed the best stability of forecasting 

performance among all three tested algorithms. In spite of the 

simpler structure of the network compared to CNN-LSTM, it 

always had a lower average prediction error than the latter 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 and showed better generalization on the testing dataset. This 

conclusion is supported by existing literature describing the 

successful use of LSTM networks to model nonlinear 

environmental time series, owing to their long-term memory 

capabilities [5,32]. Air pollutant concentrations depend on 

the accumulation of meteorological factors and their delayed 

interactions over several days. Thus, recurrent memory 

seems to be more significant in this task than local feature 

extraction. On the other hand, the hybrid CNN-LSTM design 

achieved a much lower training loss but showed no 

improvement in validation or testing performance. Such an 

Table 3. Regression performance for pollutant forecasting 

 Target RMSE MAE R² 
ARIMA Baghdad PM2.5 79.9689 7.1288 -0.0092 

ARIMA Baghdad PM10 360.6260 14.7804 -0.0129 

ARIMA Basra PM2.5 306.9074 13.4431 -0.3311 

ARIMA Basra PM10 22469.4783 110.3830 -0.1349 

ARIMA Average 5804.2451 36.4338 -0.1220 
LSTM Baghdad PM2.5 104.7549 7.7688 -0.3221 

LSTM Baghdad PM10 498.8855 17.6676 -0.4012 

LSTM Basra PM2.5 306.2708 13.5722 -0.3283 

LSTM Basra PM10 13154.3711 94.1899 0.3356 

LSTM Average 3516.0706 33.2996 -0.1790 
CNN-LSTM Baghdad PM2.5 107.0793 8.1316 -0.3514 

CNN-LSTM Baghdad PM10 628.6547 20.5754 -0.7657 

CNN-LSTM Basra PM2.5 282.6543 13.3766 -0.2259 

CNN-LSTM Basra PM10 13274.0576 93.2020 0.3295 

CNN-LSTM Average 3573.1115 33.8214 -0.2534 

 

Table 4. Overall model ranking based on average regression performance 

Rank Model Avg_RMSE Avg_MAE Avg_R² Precision Recall F1 
1 LSTM 3516.0706 33.2996 -0.1790 1.0000 1.0000 1.0000 

2 CNN-LSTM 3573.1115 33.8214 -0.2534 1.0000 1.0000 1.0000 

3 ARIMA 5804.2451 36.4338 -0.1220 1.0000 1.0000 1.0000 
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observation implies that the convolutional part made the 

model more complex without delivering any extra 

information. Previous studies have found better forecasting 

results when employing CNN-LSTM architectures, as 

convolutional layers enable efficient extraction of temporal 

and spatial features prior to recurrent learning [20,26]. 

However, such an advantage can be observed in datasets that 

contain rich spatial data, multiple monitoring stations, or 

larger training samples. In the current study, the predictor 

dataset included measurements from only two cities, along 

with meteorological data, indicating little spatial diversity in 

the data. Therefore, under such circumstances, a 

convolutional layer may extract redundant information and 

increase the number of trainable parameters, thereby 

encouraging overfitting. The regression analysis results 

presented illustrate the problem of forecasting particulate 

matter concentrations in urban areas of Iraq. Negative R² 

values indicate that daily pollution is very difficult to forecast 

using the predictor variables in the study. It is wrong to 

conclude that the neural networks did not work properly. The 

point is that particulate matter concentration exhibits high 

dynamics driven by dust storms, local emissions, traffic 

pollution, industrial activities, and rapid changes in 

meteorological conditions that cannot be accounted for by the 

predictor dataset used. Thus, the comparatively better results 

for Basra PM₁₀ indicate that this particulate matter 

concentration exhibits more stable dynamics. 

One further benefit of this research is the development of 
an early-warning module based on thresholds that converts 
pollutant concentration forecasts into binary pollution 
warnings. While all models achieved perfect precision, recall, 
and F1-score with the adopted thresholding technique, this 
success cannot be directly attributed to their performance, as 
it depends on the chosen threshold and the distribution of 
pollution events, rather than on the regression models' 
forecasting capabilities. Operational early warning systems 
usually employ probabilistic forecasts, uncertainty 
quantification, and event-based validation [13,37], and 
therefore, the proposed warning module should be viewed as 
an initial attempt to develop such a system. 

In practical terms, the research results show that deep 
learning approaches are a viable method for short-term urban 
air quality forecasting in areas where traditional prediction 
systems are unavailable. Accurate forecasts would help 
environmental agencies issue warnings about polluted air 
and optimize both monitoring and preventive actions in the 
event of increased particulate matter concentrations. In 
addition, the developed forecasting systems could help 
protect public health by predicting pollution episodes in 
advance and issuing warnings to people with cardiovascular 
and respiratory problems [24,35]. 

A few more shortcomings are also worth mentioning. 
Firstly, the dataset was based on publicly accessible 
atmospheric products and included only two urban areas, 
resulting in limited spatial variability for model training. 
Secondly, several key features, such as traffic density, 
industrial emissions inventory, aerosol optical depth, land-
use characteristics, and atmospheric transport indicators, 
were not included in the predictive algorithm. Thirdly, while 
a hybrid CNN-LSTM model was compared to both LSTM and 
ARIMA algorithms, other deep learning architectures, 
including transformers, graph neural networks, temporal 
convolutional networks, and attention-based recurrent 
models, were not examined within this project. The inclusion 

of the data sources and models mentioned above can 
significantly improve prediction accuracy, especially for 
extreme pollution events that remain difficult to predict with 
the currently considered features [33,40].  

Some limitations should be pointed out. Firstly, this 
project is limited to two cities, and the analysis was conducted 
solely using publicly available atmospheric and 
meteorological datasets. Important predictor variables such 
as traffic density, industrial emissions, aerosol optical depth, 
and atmospheric transport indicators were excluded from the 
predictive algorithm. Besides, only ARIMA, LSTM, and CNN-
LSTM models were considered, while more recent models, 
including attention-based models, temporal convolutional 
networks, graph neural networks, and transformer-based 
approaches, were beyond the scope of this study. Further 
research can focus on incorporating additional 
environmental predictor variables, high-resolution 
monitoring data, satellite data, and spatial information from 
various monitoring stations. It may result in improved 
prediction of extreme pollution events and allow for creating 
better operational air quality forecasting and warning 
systems in Iraq and regions with a similar environment. 

6. Conclusion 

This research designed and implemented a multi-
variable deep learning framework for predicting the daily 
concentration levels of PM₂.₅ and PM₁₀ in Baghdad and Basra 
based on publicly accessible air quality and weather datasets. 
Two types of deep learning models – CNN-LSTM and LSTM 
were assessed together with an ARIMA baseline predictor 
using a 14-day historical window and a chronological test 
strategy. Both deep learning methods have proven to be 
better than ARIMA in the majority of forecasting tasks; 
however, the standalone LSTM model performed more 
consistently overall, whereas the CNN-LSTM was more prone 
to overfitting with a lower training loss value. The results 
show that more complex models do not necessarily yield 
higher forecasting quality when the environmental dataset is 
relatively small and unstable. The suggested warning system 
demonstrates how the pollutant forecasts can be applied to 
air quality monitoring. Nevertheless, further validation and 
uncertainty analysis are required for practical application 
and large-scale testing. Even though this study was restricted 
to only two cities in Iraq and a limited number of 
environmental variables, it offers a reproducible baseline for 
air pollution forecasting in Iraq. Future research should focus 
on using additional predictive variables, satellite imagery, 
and advanced deep learning models. 
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PM Particulate Matter 
PM2.5 Particulate Matter with diameter less than 2.5 µm 
PM10 Particulate Matter with diameter less than 10 µm 
CNN Convolutional Neural Network 
LSTM Long Short-Term Memory 
ARIMA Autoregressive Integrated Moving Average 
RNN Recurrent Neural Network 
RMSE Root Mean Squared Error 
MAE Mean Absolute Error 
R² Coefficient of Determination 
WHO World Health Organization 
API Application Programming Interface 
DOY Day of Year 
TP True Positive 
FP False Positive 
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