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Abstract 

This research develops a predictive AI model to monitor and forecast air quality in Abu Dhabi using publicly 

available, satellite-based environmental datasets. The study uses datasets from NASA's MODIS, Copernicus 

Atmosphere Monitoring Service (CAMS), and OpenAQ, alongside meteorological data from the UAE’s National 

Center of Meteorology. Supervised learning techniques, including Random Forest and LSTM neural networks, 

are applied to analyze PM2.5, PM10, NO₂, and CO concentration trends with temperature, humidity, wind 

patterns, and urban development indices. The impact of seasonal events such as sandstorms and traffic emissions 

on air quality is also discussed in this study. The novelty of this work lies in bridging the gap of sparse sensor 

networks, by adopting a real-time hybrid machine learning model that accurately forecasts Abu Dhabi air quality 

using only satellite and key meteorological data. 
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Introduction 

The decline of air quality in urban centers remains one 

of the most pressing environmental health challenges, 

exacerbated by rapid industrialization and a boom in 

vehicle advancement by the people.[1], [2]. Cities like 

Abu Dhabi, where there is a combination of sea and 

desert in parallel, are particularly vulnerable due to a 

unique combination of desert dust, elevated vehicular 

emissions, and extreme climatic conditions [3]. These 

dynamic pollution sources bring the need of some 

advanced, flexible modeling tools that capture 

temporal and spatial variability in air pollutant 

concentrations.[4]. 

Machine Learning (ML) has lately served as a 

powerful paradigm in environmental modeling, 

particularly for air quality prediction [5]. These 

models are great for capturing nonlinear 

relationships, assimilating heterogeneous data 

sources, and providing accurate short-term 

forecasts. ML models enable high-resolution 

predictions essential for timely interventions 

when provided with data from ground sensors 

[6, 7]. 

The methodological foundation of satellite-ML–

ML fusion for urban air quality forecasting has 

been supported by some recent studies [1], [8], 

[9]. For example, hybrid learning and 

spatiotemporal modeling techniques have 

shown improved accuracy and generalizability 

in arid and semi-arid regions, aligning with Abu 

Dhabi’s atmospheric regime.[5], [10] This 

motivates our choice of integrating 

CAMS/MODIS satellite signals with local 

meteorology and time encodings, and 

benchmarking Random Forest against LSTM on 

four key pollutants (PM2.5, PM10, O3, and 

CO). [11, 12]. 

The Internet of Things (IoT) revolution has 

enabled real- time sensing at scale. [13] 

proposed a distributed IoT framework, 

AirSPEC, coupled with ML models to 

predict geo-spatial air quality using sensor 

net- works. used sensor fusion and Kalman 

filtering for indoor environmental 

monitoring. [2] followed the same strategy 

of adopting satellite data for air quality 

predictions. Similar study was carried out 

for Europe by [14] as well. 

Advanced neural architectures have enabled 

multi-modal learning, combining land 

cover, weather, traffic, and remote sensing 

inputs[15]. [16]. Developed a fusion model, 

AQNet that predicts multiple pollutants 

using a combination of satellite and sensor 

data. [17] built a deep ensemble model to 

forecast indoor PM2.5 using outdoor 

pollution correlations across 91 sensors, 

showing strong predictive power and 

relevance to urban architecture. 

Real-time air quality engines are now deployed 

in several urban areas to guide transportation, 

emergency response, and urban planning [18]. 

For example, [19] presented DeepPlume, a high-

resolution real-time engine for street-level 

pollution forecasting using official data sources, 

land use, and traffic estimates also revealed how 

satellite-only models can scale globally and 

produce pollutant maps at 10-meter resolution 

with high accuracy, a valuable solution for 

regions with no sensors. Similar studies have 

been conducted by [20], [21], [22]. 

This research innovatively uses a hybrid 

machine learning model that combines 

satellite-derived data with local 

meteorological variables to forecast air 

quality in Abu Dhabi without a dense 

network of physical sensors. The model, 

which is fast enough for real-time 

applications, identifies lagged wind speed 

and temperature as the principal predictors. 

  Materials and Methods 

Preprocessing overview. NASA MODIS, 

CAMS and OpenAQ data were harmonized to a 

daily cadence in UTC[23]. CAMS/AOD layers 

were aggregated to ~0.1° grids and matched to 

ground station footprints by nearest-cell mapping. 

Meteorological variables (T2M, WS10M, 

RH2M) were co-registered in time, with quality 

flags propagated.[24], [25] Temporal features 

(day-of-year, week- day/weekend, season 

encoding, storm events) were added to capture 

seasonality and weekly cycles [26]. 

Train/validation/testing protocol. An 80/20 

chronological split was used. Within the training 
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period, 5-fold time-series cross-validation guided 

hyperparameter tuning [10, 27]. 

Random Forest configuration. Grid search 

varied n_es- timators {200, 400, 800}, max_depth 

{None, 12, 24}, and min_samples_leaf {1, 2, 4}. 

The selected model used 400 trees, no depth limit, 

and min_samples_leaf=2 [28]. 

LSTM architecture and validation. The LSTM 

con- sumed a 7-day lookback window of 

multivariate features (duaod550, aod550, T2M, 

WS10M, RH2M, and time en- codings) [29, 30]. 

Architecture: LSTM (64) , Dropout(0.2), 

Dense(32, ReLU) , Dense(1). Optimized with 

Adam (lr=1e-3), early stopping patience=10.[31]. 

Evaluation metrics. We compute RMSE [32], 

MAE, R² [33], SMAPE and additionally report 

K‑fold cross‑validated errors on training folds to 

assess robustness [27] [34]. Equations (i) to (iv) 

are provided below, which were used to get the 

results. 

i. RMSE = √(Σ (yᵢ−ŷᵢ)² / n) 

ii. MAE = Σ |yᵢ−ŷᵢ| / n 

iii. R² = 1 − (Σ (yᵢ−ŷᵢ)² / Σ (yᵢ−ȳ)²) 

iv. SMAPE = (100/n) Σ (|yᵢ−ŷᵢ| / ((|yᵢ|+|ŷᵢ|)/2)) 

 

Results 

Figure 1 presents the feature importance 

ranking for PM2.5 and PM10 prediction, based 
on a machine learning model that separates 

Aerosol Optical Depth (AOD) features from 

meteorological inputs. 

 

 
 

Figure 1: Feature importance scores for PM2.5 and 

PM10 pre- diction using the Random Forest model. 

The y-axis represents normalized feature importance 

values while the x-axis lists in- put variables. 

The analysis shows the contributions of multiple 

lagged variables and remote sensing-derived 

metrics to the predictive accuracy of the model. 

Overall, the results underline the dominant role of 

short- term meteorological factors, especially 

wind speed and near-surface temperature, in air 

quality forecasting. Meanwhile, AOD features, 

while not leading individually, remain valuable as 

auxiliary predictors, especially in enhancing 

model generalizability in data-sparse regions. 

Table 1 lists the exact feature importance values 

derived from the predictive model for PM2.5 and 

PM10 concentrations to support the graphical 

trends in figure 1. 

Table 1: Ranked feature importance for PM2.5 and 

PM10 prediction 

Feature Importance 

T2M_lag1 0.009354 

T2M_lag2 0.001151 

T2M_lag3 0.005127 

WS10M_lag2 0.010172 

duaod550_lag2 0.002796 

duaod550_lag3 0.002795 

aod_wind_power 0.002867 

These important scores provide a clearer 

understanding of how each variable contributes to 

the overall predictive capacity of the model. 

Consistent with the visual insights from the 

feature importance plot, WS10M_lag2 (10- meter 

wind speed, lagged by 2 days) emerges as the 

most significant predictor with a normalized 

importance of 0.0102, reinforcing the critical role 

of wind in modulating aerosol concentrations. 

This finding supports the already established 

meteorological principles, which tell that an 

increase in wind speeds enhances pollutant 

dispersion and reduces stagnation, which leads to 

influence the surface-level PM concentrations. 

T2M_lag1 (2-meter air temperature, 1-day lag), 

having a 0.0094 score, shows to be the second 

most dominating factor, which suggests the 

substantial influence of recent temperature 

conditions on air pollutant dynamics. As 

temperature fluctuations impact the atmospheric 

boundary layer and the chemical transformation 

rates of aerosols, their influence is particularly 

pronounced in arid environments like Abu Dhabi, 

where diurnal thermal cycles are extreme. 

 

https://doi.org/10.x/journal.x.x.x
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T2M_lag3 has a score of (0.0051) suggests that 

historical temperature effects still impart a 

residual influence up to three days post-

observation, though with diminishing predictive 

power. 

 

T2M_lag2, in contrast, with a low importance of 

0.0012 offers minimal additional explanatory 

power. This may attributed to redundancy or 

collinearity with the adjacent temporal lags, 

indicating a non-linear decay in temporal 

relevance for various features in temperature. 

 

The AOD-derived features, including 

duaod550_lag2(0.0028), duaod550_lag3 

(0.0028), and aod_wind_power (0.0029), They all 

show lesser but nearly the same important values. 

Although not dominant, their persistent inclusion 

among the top predictors underscores the 

auxiliary role of satellite-derived aerosol optical 

depth in increasing spatial generalizability, 

especially in situations when ground sensor 

coverage is intermittent or rare. 

Interestingly, the combined importance of AOD-

based features (∑ ≈ 0.0085) shows that one of the 

top meteorological features, suggesting that while 

no individual satellite feature outperforms the 

meteorological inputs, their average value is 

significant for robust model performance. 

Figure 2 shows the time-series comparison 

between the actual observed PM2.5 values and the 

values predicted by our Random Forest model for 

over five months from August 2024 to January 

2025. The model shows a strong alignment with 

the observed values, specifically in capturing the 

general trend and seasonal patterns associated 

with PM2.5 fluctuations. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. PM2.5 actual vs. predicted (RF and LR) on the test 

period. Y-axis: PM2.5 (µg/m³); X-axis: date. 

 

During periods of low to moderate pollution, such as 

in early September and late October, the predicted 

values closely follow the observed concentrations with 

minimal lag or deviation. The model effectively tracks 

gradual in-creases and decreases, indicating its 

sensitivity to under- lying meteorological and aerosol 

features. 

 

However, discrepancies become more pronounced 

during spikes in pollution, particularly in November 

and December, where the observed PM2.5 values 

exhibit sharp peaks not fully captured by the model. 

These deviations may stem from unmodeled episodic 

events such as dust storms, localized construction 

activities, or temporary traffic surges, which were not 

directly accounted for in the input features or may lack 

adequate real-time representation in the dataset. 

 

The Random Forest model shows a sound predictive 

stability, providing smooth forecasts That tackle the 

issue of overfitting to noise while still reflecting the 

underlying pollution dynamics. The mean trend 

alignment between predicted and actual values 

validates the model's utility for short-term forecasting 

in urban environments. 

 

The close coupling between the actual and predicted 

curves show that the selected features, including wind 

speed, temperature, and satellite-based aerosol 

indicators, have a sufficient explanation to declare a 

range of atmospheric conditions. This performance by 

the model declares that the earlier findings on feature 

importance, the meteorological lags, and AOD based 

on variables jointly provides robust forecasting 

frameworks for the mentioned matter concentrations. 

 

To quantitatively assess model performance, four 

standard evaluation metrics were computed for 

the Random Forest regression model predicting 

PM2.5 concentrations. The results are 

summarized in the table 2 and 3: 

 

Table 2: Random Forest vs Linear Regression 

across for PM2.5. RF consistently outperforms 

LR, with higher R² and lower RMSE/MAE. 

 

Metric RF LR 

RMSE (Root Mean Squared Er- 
ror) 

5.59 7.44 

MAE (Mean Absolute Error) 3.96 5.48 

R² (Coefficient of Determination) 
0.59 0.42 

https://doi.org/10.x/journal.x.x.x
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SMAPE (Symmetric Mean Ab- 
solute Percentage Error) 

14.82 18.36 

 

 

Table 3: Sensitivity Analysis for PM2.5 

 

Metric 
All fea- 

tures 

Without 

AOD 

RMSE (Root Mean 

Squared Error) 
5.59 6.37 

MAE (Mean Absolute Er- 

ror) 
3.96 4.55 

R² (Coefficient of Deter- 

mination) 
0.59 0.51 

SMAPE (Symmetric 

Mean Absolute Percentage 

Error) 

 

14.82 

 

17.26 

 

These performance metrics align closely with 

earlier-mentioned observations from the time-

series plot in Figure 2. The low values of RMSE 

and MAE show that the model's forecasts are not 

only accurate but also closely follow the actual 

concentration levels, especially during moderate 

pollution conditions. 

 

The R² value of 0.59 shows a robust modeling 

capability in an area where environmental noise, 

unmeasured transient events, and sensor 

inconsistencies often limit predictive strength. 

This is quite enough given that only a limited set 

of online available meteorological variables were 

used as input, underscoring the efficiency of the 

selected feature set. 

 

This study has SMAPE values of 14.82 for Random 

Forest and 18.36 for Linear Regression, which 

shows a moderate relative error in predicting 

PM2.5 concentrations. Although these values 

initially appear reasonable, their interpretation in an 

environmental context requires some thought, as 

for SMAPE, air quality data often exhibit nonlinear 

fluctuations and variability for various 

concentration ranges. This means percentage-

based error measures can sometimes over- or 

under-emphasize deviations depending on the 

baseline concentration levels. In particular, higher 

baseline PM2.5 levels (frequently ex- ceeding 20–

30 µg/m³ in the dataset) compress the relative 

magnitude of percentage errors, making SMAPE 

appear more favorable than absolute metrics such 

as RMSE or MAE. Therefore, while SMAPE 

provides useful comple- mentary insights, it 

should not be considered in isolation and must be 

interpreted alongside absolute error measures for 

robust evaluation. 

 

Operational Implications: 
The model can back a city‑level dashboard with 

near‑real‑time updates. Given RF inference latency is 

sub‑100 ms per prediction on commodity CPUs and 

data latency is governed by feed refresh (CAMS daily 

to hourly), the system is suitable for early‑warning and 

public health messaging. Batch scoring enables rapid 

what‑if analyses for planners. 

 

Limitations and Episodic Events: While dust storms 

and construction plumes remain difficult to capture 

with lagged features alone, we partially mitigate via 

AOD signals and wind encodings. Future work will 

incorporate explicit dust‑event flags sourced from 

reanalysis and satellite dust indices to improve spike 

capture. 

 

Future Work: We plan to fuse mobility proxies (e.g., 

traffic intensity) and land‑use attributes (road density, 

built‑up fraction), and to validate the pipeline in addi- 

tional MENA cities (e.g., Dubai, Riyadh, Doha) to as- 

sess transferability under diverse desert‑urban 

regimes. 

 

Discussion 

 
The results confirm that meteorological features, 

especially lagged wind speed at 10 meters 

(WS10M_lag2, 0.0102) and temperature at 2 

meters with a 1-day lag (T2M_lag1, 0.0094), are 

the most dominant predictors. These variables 

reflect short-term atmospheric dynamics that 

influence pollutant dispersion, accumulation, and 

chemical transformation. While AOD-derived 

features such as duaod550_lag2, duaod550_lag3, 

and aod_wind_power had lower individual 

importance scores (~0.0028–0.0029), their 

collective contribution suggests a meaningful 

auxiliary role. They help the model generalize 

beyond ground-level observations and are particu- 

larly valuable in areas with limited sensor 

coverage, which is often the case in developing or 

rapidly urbanizing regions. The drop in 

importance of intermediate lags (e.g., T2M_lag2 

at 0.0012) points to a non-linear temporal 

relevance decay, indicating that the immediate 

past (lag-1) and longer-term past (lag-3) data may 

capture different but critical pollution-generating 

patterns. 
 
The time-series comparison of actual vs. predicted 

PM2.5 values over five months shows that the 

https://doi.org/10.x/journal.x.x.x
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Random Forest model is capable of tracking broad 

trends and seasonal variation in air pollution. The 

model performs particularly well during periods of 

stable or moderately changing PM2.5 levels, 

where the prediction line closely follows the 

observed data. Nevertheless, there are prominent 

discrepancies during pollution spikes, especially 

in late November and December, where observed 

values deviate sharply from predicted ones. These 

may be attractive to unmeasured events, such as 

dust storms or construction activities, that may be 

either poorly represented in the input data or 

inherently difficult to capture using lagged 

features. Despite these challenges, the model 

maintains temporal consistency and avoids over- 

fitting, which is essential for real-world 

deployments in air quality forecasting. 

 

Lastly, the values from the quantitative evaluation 

matrix support our earlier findings, supporting 

that this model has strong predictive capabilities 

with acceptable range of uncertainty, especially 

when used in operational or early-warning 

systems for urban air quality management. 

 

Conclusions 

The results confirm that the developed modelling 

framework is effective and scalable for air quality 

forecasting. The meteorological features ensure 

temporal accuracy, while satellite data enhances 

spatial generalization. 

For Abu Dhabi like urban cities having complex 

factors like dust, heavy traffic, and extreme 

climate, this approach offers a balanced strategy 

for air quality management. The framework can 

be extended to support policymaking, and can be 

used for citizen alerts and urban planning by 

integrating it with real-time data pipelines. 

Future work will focus on incorporating 

additional data sources, such as mobility data 

(traffic, congestion) and land-use indicators (road 

density). The model will also be tested in other 

cities in the MENA region (Dubai, Riyadh, Doha) 

to confirm its transferability and robustness across 

different urban-desert environments. 

This research innovatively combines open-access 

satellite data with local meteorological data and 

machine learning to forecast air quality in Abu 

Dhabi without dense physi- cal sensor networks. 

The novelty rests in hybrid modeling with 

satellite-derived Aerosol Optical Depth AOD and 

meteorological variables, cross-benchmarked 

with Ran- dom Forest and LSTM architectures 

and measured accuracy improvements in data-

sparse environments. Unlike previous global or 

generic urban studies, this work focuses on Abu 

Dhabi's unique desert dust, traffic emission, and 

extreme climate conditions. The model's sub-100 

ms inference speed permits its use in real-time 

smart city dashboards, policy instruments, and 

citizen alert systems. Deliberate feature 

importance modeling indicates lagged wind speed 

and temperature to be the principal predictors, 

with AOD augmenting the model. The study 

offers a sustainable, scalable, and transferable 

solution to operational air quality management. 
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