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2 

Unsupervised Clustering for Identifying Dusty Days and Their Sources: A Long-Term 28 

Data Study in Sanandaj, Iran 29 

Abstract 30 

Dust storms are a persistent environmental hazard in the Middle East, yet long-term monitoring 31 

remains limited by sparse ground observations and the lack of objective, reproducible event 32 

definitions. This study develops a transferable, data-driven framework for objectively 33 

identifying dusty days in data-scarce regions and explicitly addresses two key issues: defining 34 

dust events using defensible multi-indicator criteria instead of arbitrary thresholds, and linking 35 

objectively detected events to dominant dust source regions. Long-term PM₁ ₀  records were 36 

combined with satellite and reanalysis aerosol indices, including Aerosol Optical Depth at 550 37 

nm (AOD₅ ₅ ₀ ), Dust Optical Depth (DOD), and Dust Aerosol Optical Depth (DUAOD₅ ₅ ₀ ) 38 

from CAMS and MERRA-2. Quantitative thresholds derived using statistical analyses and K-39 

Means clustering produced physically consistent criteria (PM₁ ₀  ≥ 75 μg m⁻ ³; AOD₅ ₅ ₀  ≥ 40 

0.45; DOD ≥ 0.20; DUAOD₅ ₅ ₀  ≥ 0.20), capturing the episodic, right-skewed nature of dust 41 

variability. Among Boolean rules, OR logic provided the most comprehensive detection (616 42 

dusty days) and remained robust under ±2% perturbations, while Meteorological Aerodrome 43 

Reports (METAR) dust and visibility codes confirmed higher recall than restrictive schemes. 44 

Using these objectively identified events, 72-h Hybrid Single-Particle Lagrangian Integrated 45 

Trajectory (HYSPLIT) backward trajectories with resampling, Principal Component Analysis 46 

(PCA), and K-Means clustering revealed two distinct regimes: regional transport from the Iraq-47 

Iran borderlands and southern Mesopotamia, and longer-range intrusions from the Syrian 48 

Desert and northern-western Mesopotamia. Unlike previous single-indicator studies, this work 49 

provides a unified framework integrating objective thresholding, independent validation, and 50 

trajectory source attribution, supporting scalable monitoring, early warning, and risk 51 

management in arid and semi-arid regions. 52 

 53 
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1. Introduction 59 

Dust storms are widely recognized as a major environmental challenge driven by complex 60 

climatic, environmental, and anthropogenic interactions. Their frequency and intensity have 61 

increased in recent decades due to extensive land degradation and desertification in arid and 62 

semi-arid regions, with nearly 46% of the Earth’s surface and more than 500 million people 63 

directly affected (IPCC, 2019). Climate change, through alterations in precipitation, wind 64 

regimes, and soil properties, has further enhanced the potential for dust emissions, making the 65 

Middle East and North Africa among the most vulnerable regions (World Bank, 2019). Beyond 66 

their environmental implications, dust storms significantly deteriorate air quality, elevating 67 

PM₁ ₀  and PM₂ .₅  concentrations to levels associated with increased respiratory and 68 

cardiovascular mortality (Papatheodorou & Achilleos, 2025). According to the World Health 69 

Organization, air pollution contributes to nearly seven million premature deaths annually, with 70 

mineral dust being a major contributor in arid regions (WHO, 2021). Dust also imposes 71 

considerable economic impacts, disrupting transportation, damaging renewable energy 72 

infrastructure, reducing agricultural productivity, and increasing food production costs (UNEP, 73 

2016). Moreover, dust induced radiative perturbations can influence regional climate and 74 

potentially suppress precipitation (Parajuli et al., 2022). These wide ranging impacts have 75 

prompted international organizations such as UNEP and WMO to emphasize the development 76 

of improved monitoring frameworks, early warning systems, and coordinated regional 77 

management strategies. 78 

Sanandaj, located in western Iran and downwind of major dust source regions in Iraq and Syria, 79 

has experienced a marked escalation in dust frequency and severity over the past two decades 80 

(Shahabi et al., 2023). This situation underscores the need for reliable, locally tailored 81 

approaches for dusty day detection and source attribution. However, existing studies reveal 82 

several methodological challenges. A key limitation concerns the absence of a consistent and 83 

objective definition of “dust days.” Many studies rely on simple single threshold surface criteria 84 

such as PM₁ ₀  > 150 µg/m³ (Shahsavani et al., 2020), which, although practical, fail to fully 85 

represent the spatiotemporal variability and atmospheric transport dynamics of dust events. 86 

Alternative indicators (PM₂ .₅ /PM₁ ₀  ratios) and satellite based metrics such as Aerosol 87 

Optical Depth (AOD) have been widely examined, yet their reliability varies across space, time, 88 

and meteorological conditions (Fan et al., 2021; Yang et al., 2019; Labban & Butt, 2023). 89 

Newly developed indices such as Brightness Temperature Difference (BTD  ( and Normalized 90 

Difference Dust Index (NDDI) also remain largely empirical and region dependent (Yang et 91 
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al., 2023). Even in machine learning applications, many approaches continue to rely on health 92 

based thresholds, PM₁ ₀  > 50 µg/m³ (Safarian et al., 2025), which are suitable for risk 93 

communication but not necessarily optimal for objectively identifying dust episodes. Previous 94 

studies have greatly advanced understanding of Middle Eastern dust dynamics, but variations 95 

in event definitions, reliance on single indicators, and heterogeneous datasets complicate 96 

comparison and limit transferability. This highlights the need for a reproducible, data-driven 97 

framework that integrates multiple indicators and objectively links event identification to 98 

sources. 99 

Trajectory modeling provides an essential basis for understanding dust transport mechanisms. 100 

The HYSPLIT model has been widely applied to simulate backward and forward trajectories 101 

and, when combined with satellite products, has proven effective in identifying dominant source 102 

regions over extended spatial domains (Borna et al., 2021). Numerous studies have 103 

demonstrated its robustness (Iraji et al., 2021; White et al., 2023); however, trajectory 104 

interpretation frequently relies on manual or qualitative assessments, introducing subjectivity 105 

and limiting systematic long-term evaluations. Clustering and machine learning techniques 106 

offer an opportunity to extract objective and reproducible structure from complex trajectory 107 

ensembles, yet comprehensive long-term applications at the city scale remain scarce, 108 

particularly for Sanandaj. Most existing works in the region have addressed individual aspects 109 

such as PM health impacts (Ebrahimi et al., 2014), chemical composition (Hosseini et al., 2015), 110 

MODIS AOD assessments (Amanollahi et al., 2011), or microbial air loads (Nourmoradi et al., 111 

2015), without establishing an integrated framework for dust identification and transport 112 

analysis. 113 

Accordingly, this study is designed to address two closely related scientific questions: how 114 

dusty days can be objectively defined using defensible, multi indicator criteria rather than 115 

arbitrary single thresholds, particularly in data scarce environments, and how these objectively 116 

detected events relate to dominant dust source regions and transport regimes. To this end, we 117 

develop a unified and transferable framework that derives quantitative dust event thresholds 118 

from long term, ground-based PM₁ ₀  observations integrated with satellite and reanalysis 119 

aerosol indices through statistical analysis and unsupervised clustering. The identified events 120 

are then rigorously validated against independent METAR dust and visibility observations, 121 

ensuring robustness and reproducibility. Finally, objectively defined dusty days are linked to 122 

physically meaningful source regions using 72-h HYSPLIT backward trajectories combined 123 

with trajectory resampling, principal component analysis, and clustering. Unlike previous 124 
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studies that rely on single indicators, arbitrary cutoffs, or qualitative trajectory interpretation, 125 

this work provides a fully integrated framework that combines objective thresholding, 126 

independent validation, and trajectory source attribution. As such, the proposed approach offers 127 

a scalable and transferable basis for long-term dust monitoring and risk assessment in arid and 128 

semi-arid regions. 129 

2. Methods and Materials 130 

2-1. Study Area 131 

Sanandaj, the capital of Kurdistan Province in western Iran (35.31°N, 46.99°E), is located at 132 

an elevation of 1,521 m above sea level and hosts a population of over 412,000 inhabitants 133 

(Statistical Center of Iran, 2018). The city lies on the foothills of the Zagros Mountains within 134 

the Middle East dust belt (Figure 1), where complex topography influences regional airflow 135 

and favors dust intrusions. According to the Köppen climate classification, Sanandaj 136 

experiences a cold semi-arid climate (BSk), characterized by hot, dry summers and cold 137 

winters (Modarres & Sarhadi, 2009). Its environmental setting, including light soils and 138 

sparse steppe vegetation, makes the region highly susceptible to dust activity, the frequency 139 

  140 

Figure 1. Geographical location of the study area (Sanandaj, western Iran). 141 
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and intensity of which have increased markedly over the past two decades (Abadi et al., 142 

2025). 143 

2–2. Computational Environment and Tools 144 

All data processing and analyses were performed using Python-based workflows. Backward 145 

air-mass trajectories were generated using the HYSPLIT model via the NOAA READY system 146 

for all identified dusty days and subsequently processed for statistical analysis and clustering. 147 

The overall computational workflow was designed to ensure full reproducibility of the results. 148 

All datasets and analysis scripts are publicly available through Zenodo (Hajimirzaei, 2025). 149 

2–3. Identification and Classification of Dusty Days 150 

2–3–1. Data 151 

Daily meteorological and aerosol data for Sanandaj (35.31°N, 47.00°E) were obtained from the 152 

CAMS EAC4 reanalysis produced by ECMWF, providing three hourly fields at 0.75° spatial 153 

resolution for the period 2003/01/01 to 2024/07/30. CAMS EAC4 was selected due to its long 154 

term temporal coverage and its consistent representation of aerosol and meteorological 155 

variables relevant to dust studies. From this dataset, aerosol optical depth at 550 nm (AOD550), 156 

dust aerosol optical depth (DUAOD550), and near-surface PM₁ ₀  concentrations were 157 

extracted and aggregated to daily values. 158 

To complement CAMS, daily dust optical depth (DOD) was obtained from the MERRA-2 159 

reanalysis (variable mean_M2T1NXAER_5_12_4_DUEXTTAU). Previous studies have 160 

demonstrated the reliability of MERRA-2 for simulating mineral dust over the Middle East 161 

(Buchard et al., 2017; Randles et al., 2017). Based on their complementary physical meaning, 162 

four core indicators, PM₁ ₀ , AOD550, DUAOD550, and DOD, were selected for the objective 163 

identification of dusty days. PM₁ ₀  represents surface level particulate pollution and is directly 164 

linked to air quality and health impacts (WHO, 2021; USEPA, 2012). AOD550 captures the 165 

total column aerosol burden and is widely used as a proxy for dust activity in arid regions 166 

(Ginoux et al., 2012). DUAOD550 isolates the mineral dust contribution from total aerosols, 167 

allowing separation of natural dust from anthropogenic particles (Inness et al., 2019). DOD 168 

from MERRA-2 exclusively represents mineral dust, independent of other aerosol species, 169 

thereby enhancing detection robustness (Randles et al., 2017). These reanalysis products are 170 

grid‐ based datasets rather than point measurements. For this study, the grid cell containing 171 

Sanandaj (nearest grid point to 35.31°N, 47.00°E) was extracted. CAMS EAC4 provides fields 172 

at 0.75° (~80 km) spatial resolution, while MERRA-2 DOD data were used at 0.5° × 0.625° 173 
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(~50–60 km) resolution, ensuring adequate regional representation of dust conditions over 174 

western Iran. 175 

Independent validation data were derived from surface METAR observations at Sanandaj 176 

Airport (OICS), retrieved from the Iowa Environmental Mesonet for the period 2003/01/01–177 

2024/07/31. Dust related weather codes (DU, DS, SA, and HZ) were used to construct two daily 178 

binary validation datasets: a comprehensive definition including all four codes and a stricter 179 

definition limited to DU, DS, and SA. Daily dust occurrence was defined by the presence of at 180 

least one dust-related report per day, enabling an independent assessment of the dusty day 181 

classification derived from the reanalysis and indicators.  182 

Figure 2 summarizes the overall methodological framework, illustrating the two main 183 

components of the study: (i) the derivation of quantitative thresholds and objective 184 

identification of dusty days using multi-source indicators, and (ii) the subsequent application 185 

of these identified dusty days for trajectory-based transport and source attribution analyses. 186 

Figure 2. Workflow of the methodological framework for dusty-day detection and source attribution. 187 

2–3–2. Data Normalization and Clustering-Based Identification of Dusty Days 188 

Given the episodic and strongly skewed nature of dust variables, the identification of dusty days 189 

was guided by upper-tail statistical behavior rather than central tendency measures, as 190 

commonly reported for environmental datasets (Bakouch et al., 2020). A percentile-based 191 

analysis was therefore applied to distinguish anomalous dusty conditions from background 192 

variability and to characterize the intensity range of events, with particular emphasis on higher 193 
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quantiles that represent rare and extreme dust episodes (Camuffo et al., 2018). In addition, 194 

correlation analysis among PM₁ ₀ , AOD₅ ₅ ₀ , DUAOD₅ ₅ ₀ , and DOD was conducted to 195 

examine their interrelationships and complementarity, supporting their joint use within a 196 

unified dusty-day identification framework (Liao et al., 2006). 197 

To objectively separate dusty from non-dusty conditions, an unsupervised K-Means clustering 198 

scheme was applied to the four indicators after Z-score normalization, ensuring equal 199 

contribution of each variable in Euclidean feature space (Jain, 2010). The number of clusters 200 

was fixed at k = 2, consistent with the binary classification objective of the study. This data-201 

driven classification distinguishes statistically different regimes in the multivariate indicator 202 

space and provides the analytical basis for deriving quantitative thresholds and subsequently 203 

designing Boolean decision rules. 204 

2–3–3. Kernel Density Estimation (KDE) for Data-Driven Threshold Extraction 205 

To complement the clustering results and support objective threshold definition, Kernel Density 206 

Estimation (KDE) was employed as a non-parametric, distribution-based approach. KDE 207 

enables direct estimation of probability density functions without assuming a predefined 208 

distribution, which is appropriate for dust-related variables that commonly exhibit non-normal 209 

and heavy-tailed behavior (Scott, 2015; Pelz et al., 2023). 210 

Following the K-Means classification (k = 2), KDE was applied separately to each cluster for 211 

PM₁ ₀ , AOD₅ ₅ ₀ , DOD, and DUAOD₅ ₅ ₀  in order to compare their distributional 212 

structures. The resulting density curves provided key reference features for threshold selection, 213 

including the intersection point between the clean and dusty clusters as a data-driven separation 214 

boundary, the dominant peak of the dusty cluster, relevant upper-tail percentiles for sensitivity 215 

assessment, and representative central tendency measures. Together, these features offered a 216 

coherent statistical basis for selecting robust and physically meaningful thresholds. By 217 

integrating KDE with the clustering outcomes, threshold determination was directly anchored 218 

to the empirical distributional behavior of the indicators rather than arbitrary fixed values, 219 

thereby strengthening transparency and methodological consistency before implementing the 220 

final Boolean decision logic. 221 

2–3–4. Threshold determination and Boolean logic for dusty day identification 222 

Final thresholds for PM₁ ₀ , AOD550, DUAOD550, and DOD were derived through a data-223 

driven procedure tailored to Sanandaj, integrating clustering, KDE, and percentile analyses. 224 

This avoided reliance on generic standards and ensured locally valid, robust cutoffs. A two-225 
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stage Boolean logic framework was then established, distinguishing core parameters (DOD, 226 

DUAOD550) from general indicators (PM₁ ₀ , AOD550). This separation improved 227 

classification accuracy and aligned with methodologies from international studies (Sorek-228 

Hamer et al., 2013). 229 

Eq. 1 {[( 𝑋𝐷𝑂𝐷  ≥  𝑇𝐷𝑂𝐷 )  ∧   ( 𝑋𝐷𝑈𝐴𝑂𝐷550  ≥  𝑇𝐷𝑈𝐴𝑂𝐷550 )]    ∧    [(𝑋𝑃𝑚10  ≥  𝑇𝑃𝑚10 )  ∨   ( 𝑋𝐴𝑂𝐷550  ≥  𝑇𝐴𝑂𝐷550 )]} 

 
Eq. 2 {[( 𝑋𝐷𝑂𝐷  ≥  𝑇𝐷𝑂𝐷 )  ∨   ( 𝑋𝐷𝑈𝐴𝑂𝐷550  ≥  𝑇𝐷𝑈𝐴𝑂𝐷550 )]    ∧    [(𝑋𝑃𝑚10  ≥  𝑇𝑃𝑚10 )  ∨   ( 𝑋𝐴𝑂𝐷550  ≥  𝑇𝐴𝑂𝐷550 )]} 

 
The strict logic (AND), expressed in Equation (1), required both core parameters to exceed their 230 

thresholds and at least one general indicator to surpass its cutoff for a day to be classified as 231 

dusty. Conversely, the flexible logic (OR), defined in Equation (2), labeled a day as dusty if at 232 

least one core parameter and one general indicator exceeded their respective thresholds. This 233 

Boolean framework provided both conservative and sensitive modes of detection, ensuring a 234 

balanced, transparent, and reproducible system for dusty day identification. 235 

2–3–5. Sensitivity analysis with respect to thresholds 236 

To evaluate the robustness of the dusty day identification framework, a numerical sensitivity 237 

analysis was performed by perturbing the final thresholds of PM₁ ₀ , AOD550, DUAOD550, 238 

and DOD. Each threshold was systematically varied by ±2% around its baseline value to 239 

account for measurement uncertainty and natural variability. This resulted in three levels per 240 

parameter (−2%, baseline, +2%) and a total of 81 threshold combinations. For all scenarios, the 241 

Boolean decision structure was held constant and the OR logic was applied. The number of 242 

identified dusty days was computed for each threshold combination, and sensitivity was 243 

assessed by examining the range and relative variation of detected events compared to the 244 

baseline configuration. This analysis quantified the extent to which small perturbations in 245 

threshold values influenced dusty day detection and provided an objective measure of the 246 

stability and reliability of the proposed framework. 247 

2–3–6. Independent Validation Using METAR Ground Observations 248 

To provide an independent out-of-sample validation of the proposed framework, ground 249 

METAR observations from Sanandaj Airport (OICS) were used as an external reference. 250 

METAR reports, combining human observations and automated measurements, are widely 251 

employed for documenting dusty weather phenomena and offer a reliable benchmark for 252 

validation. Two daily reference labels were defined: a comprehensive category (dusty_all), 253 

including DU, DS, SA, and HZ codes, and a stricter category (dusty_strict), limited to DU, DS, 254 

and SA. Model-based dusty day classifications obtained under both AND and OR Boolean 255 
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logics were evaluated against these two reference definitions, resulting in four validation 256 

scenarios. Performance was assessed using confusion matrix metrics, including accuracy, 257 

precision, recall, and F1-score, with particular emphasis on recall to reflect the framework’s 258 

ability to capture observed dust events. This validation step enabled an objective comparison 259 

of decision logics and provided independent evidence of the robustness and practical reliability 260 

of the proposed identification approach. 261 

2-4. Identifying the source of dust storms 262 

2–4–1. HYSPLIT model and backward trajectory data 263 

To identify the potential source regions of dust events affecting Sanandaj, backward trajectories 264 

were computed using the NOAA HYSPLIT model, a widely applied tool for atmospheric 265 

transport and source attribution studies (Stein et al., 2015). 72 hour backward trajectories were 266 

generated for all 616 dusty days identified during the period 2003 to 2024, with Sanandaj 267 

(35.31°N, 46.98°E) specified as the arrival location. Trajectory simulations were performed 268 

using standard HYSPLIT configurations, and the resulting hourly trajectory coordinates were 269 

extracted and compiled into a unified dataset for subsequent statistical processing. This 270 

trajectory dataset formed the basis for dimensionality reduction, clustering, and classification 271 

of dominant dust transport pathways in later stages of the analysis. 272 

2–4–2. Trajectory Preparation, Resampling, and Dimensionality Reduction 273 

To prepare the HYSPLIT back trajectories for clustering and source attribution, all 72-hour 274 

trajectories were first organized in a consistent backward-time order to represent air-mass 275 

transport toward Sanandaj. To reduce data redundancy and ensure comparability among 276 

trajectories, uniform temporal resampling was applied, retaining representative points at fixed 277 

intervals along each trajectory. Multiple resampling resolutions were tested to balance 278 

structural preservation with computational efficiency. 279 

The resampled trajectory coordinates were then arranged into a multivariate feature space for 280 

pattern analysis. Given the high dimensionality of this representation, Principal Component 281 

Analysis (PCA) was employed to reduce dimensionality while preserving the dominant 282 

variance structure of the trajectories (Jolliffe, 2002). The leading principal components, 283 

explaining the vast majority of total variance, were retained to project the trajectories into a 284 

low-dimensional space suitable for visualization and clustering.  285 

This dimensionality reduction step removed redundant spatial correlations, enhanced 286 

interpretability, and enabled efficient identification of dominant transport patterns. The 287 
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resulting reduced trajectory representation provided the analytical foundation for subsequent 288 

clustering and objective classification of dust source regions. 289 

2–4–3. Determining the number of clusters using the silhouette score 290 

Following dimensionality reduction of the back trajectories, the optimal number of clusters 291 

for K-Means was determined using the silhouette score, an internal validity index that 292 

quantifies cluster cohesion and separation (Rousseeuw, 1987). Because K-Means is an 293 

unsupervised method, the silhouette score was employed to objectively evaluate clustering 294 

performance without relying on external labels. 295 

K-Means clustering was performed for a range of cluster numbers (K = 2 to 9), and average 296 

silhouette scores were computed for each configuration. This analysis was repeated for different 297 

trajectory resampling resolutions to assess the sensitivity of cluster structure to data density. 298 

Across all tested configurations, the highest and most stable silhouette scores were consistently 299 

obtained for K = 2, indicating the presence of two dominant and well-separated transport 300 

patterns. The robustness of this result across multiple resampling levels supports the 301 

interpretation that dust transport toward Sanandaj is governed by two primary trajectory 302 

regimes. These clusters form the basis for subsequent physical interpretation and source 303 

attribution of dust events. 304 

2–4–4 Application of the final K-Means model and cluster characteristics 305 

Following dimensionality reduction of the 72-hour backward trajectory dataset using Principal 306 

Component Analysis, K-Means clustering was applied with the number of clusters set to K = 307 

2. The clustering was performed on the PCA reduced trajectory features to group air-mass 308 

pathways with similar transport characteristics. For spatial analysis, the arrival point 309 

coordinates of the clustered trajectories at the receptor location (Sanandaj) were extracted and 310 

analyzed using two dimensional Kernel Density Estimation. This approach was employed to 311 

examine the spatial distribution of trajectory endpoints for each cluster. 312 

Temporal characteristics of the clusters were assessed by evaluating their seasonal and monthly 313 

occurrence. To characterize the atmospheric conditions associated with the transport pathways, 314 

meteorological variables including surface pressure, air temperature, relative humidity, 315 

precipitation, and mixed layer depth were analyzed along the 72-hour trajectories. In addition, 316 

integrated trajectory metrics, including total transport distance and mean transport velocity, 317 

were calculated to support comparative analysis between clusters. 318 
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3. Results and Discussion 319 

3.1 Statistical Analysis and Relationships among Dust Parameters 320 

The statistical behavior of PM₁ ₀ , AOD550, DOD, and DUAOD550 was examined to support 321 

objective threshold selection and subsequent source interpretation. Mean values of 33.4 μg/m³, 322 

0.225, 0.099, and 0.072, respectively, contrast with systematically lower medians, indicating 323 

right-skewed distributions (Table 1). This skewness reflects the dominance of low background 324 

conditions punctuated by infrequent but intense dust episodes, a well-known characteristic of 325 

dust prone environments, and provides a strong rationale for using data-driven, non-linear 326 

approaches rather than fixed or normal approach assumptions (Bartoletti & Loperfido, 2009). 327 

, AOD550, DOD, and DUAOD550) 10related parameters (PM-Table 1. Descriptive statistics of the dust328 

during the study period (2003–2024) 329 

Parameters PM10 μg m⁻ ³ AOD550 DOD DUAOD550 

Count 7882 7882 7882 7882 

Mean 33.4 0.225 0.099 0.072 

STD 27.21 0.16 0.087 0.081 

Min 0 0.0028 0.002 0 

50% 26.545 0.189 0.077 0.048 

Max 293.60 1.44 0.745 0.785 

To characterize the upper tail, percentiles between the 75th and 99th were evaluated (Table 2). 330 

All parameters show sharp escalation beyond the 90th percentile, particularly between the 90th, 331 

95th, and 99th levels. For example, PM₁ ₀  increases from 64.32 μg/m³ at P90 to 140.3 μg/m³ 332 

at P99, while similar jumps occur in AOD550, DOD, and DUAOD550. These steep gradients 333 

confirm that dust loading is controlled by a relatively small number of severe events, supporting 334 

the use of upper percentiles as meaningful statistical benchmarks for defining dusty conditions 335 

(Adamkiewicz et al., 2021). 336 

Table 2. Upper percentile values (75th to 99th) of dust-related parameters (PM10, AOD550, DOD, and 337 

DUAOD550) 338 

Parameters 75% 80% 85% 90% 95% 99% 

PM10 μg m⁻ ³ 41.65 46.58 53.62 64.32 85.3 140.3 

AOD550 0.29 0.32 0.36 0.43 0.54 0.82 

DOD 0.13 0.15 0.17 0.21 0.27 0.42 

DUAOD550 0.095 0.11 0.13 0.16 0.23 0.38 

Frequency distributions and KDE curves (Figure 3) further confirm strong positive skewness. 339 

DOD and DUAOD550 are highly clustered near zero with long right tails, whereas PM₁ ₀  and 340 

AOD550 exhibit broader spreads but maintain similar asymmetry. As medians are more 341 

representative of central tendency than means, traditional central indices are inadequate for 342 
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discriminating dusty from non-dusty conditions. Instead, emphasis on upper percentiles 343 

(particularly 90th to 95th) is more appropriate for capturing episodic dust behavior within the 344 

methodological framework (Ginoux et al., 2012).  345 

 

 

 
(a)  (b) 

 

 

 
(c)  (d) 

Figure 3. Frequency distributions and Kernel Density Estimates (KDE) plots for parameters: (a) 346 

PM₁ ₀ , (b) AOD550, (c) DOD, and (d) DUAOD550 347 

The Pearson correlation matrix (Figure 4) reveals strong and coherent relationships among 348 

CAMS and MERRA-2 indicators. DUAOD550 shows the highest correlation with surface 349 

PM₁ ₀  (r = 0.89), confirming its reliability as a near-surface dust proxy. AOD550 also 350 

correlates well with PM₁ ₀  (r = 0.84) and DUAOD550 (r = 0.87), indicating that total column 351 

aerosol loading in this region is largely dust-dominated. Likewise, MERRA-2 DOD exhibits 352 

strong agreement with CAMS variables (r = 0.78–0.84), reinforcing its value as a dust-specific 353 
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metric. Collectively, these strong correlations demonstrate that aerosol optical properties in the 354 

study domain are primarily dust-driven, strengthening confidence in the multi-source 355 

framework and providing a solid statistical basis for subsequent thresholding and event 356 

identification. 357 

 358 

 359 

 360 

 361 

 362 

 363 

 364 

 365 

 366 

 367 

 368 

 Figure 4. Pearson correlation matrix among key dust-related parameters: PM₁ ₀ , AOD550, 369 

DOD, and DUAOD550 370 

3.2. Data-Driven Thresholds and Dust Day Labeling 371 

Initial analyses revealed that PM₁ ₀ , AOD550, DOD, and DUAOD550 exhibit positively 372 

skewed, non-Gaussian distributions with strong interdependencies, indicating the coexistence 373 

of frequent background conditions and fewer, yet intense, dust outbreaks. To objectively 374 

distinguish these contrasting regimes, K-Means clustering was first applied after Z-score 375 

normalization. The algorithm naturally converged to two statistically distinct groups, 376 

corresponding to normal and dusty conditions. As summarized in Table 3, Cluster 0 is 377 

characterized by substantially lower mean values, whereas Cluster 1 displays markedly elevated 378 

PM₁ ₀ , AOD550, DOD, and DUAOD550, with differences exceeding a factor of 2–5 379 

depending on the parameter.  380 

Clusters PM₁ ₀  (µg/m³) AOD550 DOD DUAOD550 
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Table 3. Mean values of dust-related parameters for the two K-Means clusters: Cluster 0 (Clean) and 381 

Cluster 1 (Dusty) 382 

These contrasts indicate a clear physical separation between clean-air and dust-dominated 383 

states. Moreover, the mean values of Cluster 1 closely align with the 90th–95th percentiles of 384 

the full dataset, confirming that this cluster represents genuinely severe dust episodes rather  385 

than moderate fluctuations. The pairwise scatter distributions shown in Figure 5 further 386 

highlight this behavior, with Cluster 1 systematically occupying the upper-value domain and 387 

confirming the bimodal and objectively separable nature of the systems. 388 

Figure 5. Pairwise scatter plots (Pair plot) of dust-related parameters (PM₁ ₀ , AOD550, DOD, and 389 

DUAOD550) based on K-Means clustering 390 

Clean 0 23.88 0.167 0.069 0.042 

Dusty 1 74.91 0.476 0.231 0.202 
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While clustering establishes a clear regime distinction, defining meaningful operational 391 

thresholds requires quantifying where dusty conditions become more probable than normal 392 

background variability. To address this, Kernel Density Estimation (KDE) was applied to the 393 

cluster-separated distributions of each parameter.  394 

 

 

 

(a)  (b) 

 

 

 

(c)  (d) 

Figure 6. Kernel Density Estimate (KDE) Plots by K-Means Clusters (2 Clusters) for parameters: (a) 395 

PM₁ ₀ , (b) AOD550, (c) DOD, and (d) DUAOD550 396 

The KDE curves in Figure 6 illustrate the probability structure of normal and dusty conditions, 397 

highlighting the intersection point as the level where the dominance shifts from background to 398 
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dust-driven behavior. This transition point, together with the dusty-mode values and the upper 399 

percentiles, provides an integrated representation of core event intensity, rarity, and regime 400 

separation. These key statistical markers, summarized in Table 4, ensure that threshold selection 401 

is grounded simultaneously in probability structure, clustering behavior, and empirical 402 

distribution characteristics rather than arbitrary assumptions (Lin et al., 2011; Ruckthongsook 403 

et al., 2018). 404 

Table 4. Statistical Summary of Key Distribution Metrics for Each Parameter Used in Dusty Day 405 

Threshold Determination 406 

Parameter 

Intersection Point 

of PDFs 

Mode of Dusty 

Cluster 

90th 

Percentile 

95th 

Percentile 

Cluster 0 

Mean 

Cluster 1 

Mean 

PM₁ ₀  

(µg/m³) 41.44 54.96 64.32 85.29 23.88 74.91 

AOD550 0.286 0.375 0.429 0.542 0.17 0.476 

DOD 0.128 0.1812 0.2097 0.27 0.069 0.23 

DUAOD550 0.0998 0.1461 0.17 0.235 0.04 0.202 

Based on this combined evidence, PM₁ ₀  ≥ 75 μg/m³ was adopted as the data-driven cutoff, 407 

as it exceeds the KDE crossover and dusty mode, closely matches the dusty cluster mean, and 408 

lies within the 90th-95th percentile range, thereby capturing genuinely high concentration 409 

events. Similarly, AOD550 ≥ 0.45 was selected because it is higher than both the intersection 410 

and mode, aligns with the dusty cluster mean, and falls within the upper percentile domain, 411 

ensuring sensitivity to substantial aerosol loading. For DOD, a threshold of ≥ 0.20 was 412 

defined, clearly above the crossover and near the 90th percentile, which is consistent with 413 

physically meaningful enhancement of coarse dust contributions. The same value was 414 

assigned to DUAOD550, exceeding the KDE intersection and dusty mode, consistent with the 415 

dusty cluster mean and approaching the 95th percentile, enabling reliable detection of intense 416 

pure dust conditions while avoiding contamination from weaker or mixed aerosol states.  417 

Overall, combining K-Means clustering with KDE analysis provided a coherent and 418 

physically meaningful framework for distinguishing dusty from non-dusty regimes. The 419 

resulting thresholds emerge directly from the statistical behavior of the data, are internally 420 

consistent across multiple independent indicators, and are therefore objective, reproducible, 421 

and operationally robust. These rigorously defined cutoff values constitute the basis for 422 

subsequent dusty day identification and analysis in this study. 423 

3-2-1. Evaluation of Logical Approaches and Sensitivity Analysis 424 
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Once the data-driven thresholds were established, they were applied to the full study period to 425 

identify dusty days and to assess the robustness of the decision framework. Two logical 426 

strategies were evaluated: a strict “AND” configuration, requiring simultaneous exceedance of 427 

all thresholds, and a more flexible “OR” rule, triggered when any single indicator exceeds its 428 

cutoff. Using the adopted limits (PM₁ ₀  ≥ 75 μg/m³, AOD550 ≥ 0.45, DOD ≥ 0.20, 429 

DUAOD550 ≥ 0.20), the AND logic identified 406 dusty days, whereas the OR logic detected 430 

616 events, adding 210 cases and representing nearly a 50% increase. All AND detected days 431 

were captured by OR, showing that AND mainly represents intense, high confidence events, 432 

while OR additionally detects marginal or localized dust conditions and instances of limited 433 

synchronization between surface and satellite signals (Stieb et al., 2008; Kaskaoutis et al., 434 

2008). Thus, the two strategies characterize different segments of the dust continuum rather 435 

than producing conflicting outcomes. 436 

Threshold stability was further examined through sensitivity testing by perturbing each cutoff 437 

by ±2%, generating 81 combinations. This adjustment reflects realistic observational and 438 

retrieval uncertainties (Pisoni et al., 2018). Under the OR rule, detected dusty days ranged from 439 

580 to 644 (≈10.4% variation), while AND varied between 382 and 422 (≈9.9% variation). 440 

These modest fluctuations demonstrate that both approaches remain stable under perturbation, 441 

confirming that the framework is not overly sensitive to small threshold deviations. 442 

Nevertheless, their functional distinction persists: OR consistently offers broader sensitivity 443 

suited to climatological monitoring, whereas AND remains conservative and better aligned with 444 

applications requiring high event certainty.  445 

Independent validation using METAR observations from Sanandaj Airport (2003-2024) 446 

provided an external performance assessment. Two validation references were constructed: a 447 

broader reconstruction including DU, DS, SA, and HZ (301 days) and a stricter one excluding 448 

haze (224 days). Both logics yielded high accuracy (OR: 0.906-0.915; AND: 0.927-0.936), 449 

reflecting the dominance of non-dusty days. However, their precision, recall behaviour 450 

diverged. OR achieved higher recall (0.309-0.393), indicating stronger capability to capture 451 

recorded dust events, though with lower precision (0.151-0.143). Conversely, AND produced 452 

higher precision (0.165-0.158) but lower recall (0.223-0.286), meaning more conservative 453 

detection with some underestimation. These outcomes align with the conceptual design of both 454 

schemes and confirm their complementary strengths: OR minimizes missed events, while AND 455 

reduces false alarms. 456 



19 

3-3. Temporal, Climatic and Synoptic Features of Dusty Days 457 

 

 

 
(a)  (b) 

 

 

 
(c)  (d) 

Figure 7. Wind Rose for (a) Dusty Days, (b) One Day Before Dusty Days, (c) Two Days Before Dusty 458 

Day, and (d) Three Days Before Dusty Days 459 
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Overall, the integration of logical comparison, sensitivity testing, and independent validation 460 

demonstrates that the framework is statistically stable, operationally reliable, and scientifically 461 

interpretable. OR is better suited for comprehensive long-term monitoring, whereas AND 462 

represents a stricter subset of intense, high-confidence events, together offering a flexible and 463 

robust basis for dust climatology and risk assessment. 464 

3-3-1. Wind Rose and Dominant Patterns 465 

Wind rose analysis for the 616 identified dust days and the preceding three days (Figs. 7a-d) 466 

shows a clear dominance of southwesterly (35%) and southwesterly-westerly (18%) flows, with 467 

typical speeds of 2-6 m s⁻ ¹ and occasional intensification beyond 8 m s⁻ ¹. These patterns 468 

indicate cross border transport primarily from the Mesopotamian Plains and Syrian Desert. One 469 

to three days before events, wind speeds are weaker (<5 m s⁻ ¹) and directions more dispersed, 470 

while southwesterly dominance strengthens progressively toward the event day. This transition 471 

from diffuse to intensified directional flow reflects approaching synoptic disturbances that 472 

enhance pressure gradients and exceed the threshold required for dust emission and advection. 473 

Overall, the decisive control of SW and SW-W winds on dust activity is evident and agrees 474 

with regional findings (Bagherabadi & Moeinaddini, 2023; Hamzeh et al., 2021). 475 

3-3-2. Temporal Patterns of Dust Day Occurrence 476 

Annual variability (Fig. 8a) reveals pronounced peaks in 2009 (58 days), 2011 (47), and 2008 477 

(42), contrasted with lower frequencies in 2005 and several recent years. This fluctuation is 478 

consistent with large-scale climate variability, regional drought, and circulation anomalies 479 

(Abadi et al., 2025). Seasonally (Fig. 8b), dust occurrence is strongly concentrated in spring 480 

(66.4%), followed by summer (21.6%), while autumn (5.0%) and winter (7.0%) contribute 481 

marginally. Monthly statistics (Fig. 8c) confirm maximum activity in May (170 days), April 482 

(156), and March (87). This timing coincides with enhanced synoptic activity, stronger 483 

southwesterlies, deeper boundary layers, and reduced soil moisture, all favorable for dust 484 

mobilization, whereas winter and late-autumn stability suppress outbreaks. These temporal 485 

characteristics are consistent with broader Iranian and Middle Eastern climatology (Sari Sarraf 486 

et al., 2016; Baghbanan et al., 2020). This seasonal enhancement is fully consistent with the 487 

well documented spring synoptic circulation over the Middle East, where frequent low pressure 488 

systems over Iraq and the Syrian Desert, together with prevailing southwesterly to westerly 489 

flows, intensify dust uplift and support long range transport toward western Iran 490 

(Mohammadpour et al., 2021). 491 
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3-3-3. Analysis of Meteorological Variables Related to Dust Days 492 

Temperature distributions (Fig. 9a) indicate that dusty days predominantly occur between 10-493 

30 °C, with a clear concentration around 15-20 °C. Such moderately warm conditions 494 

correspond to drier soils, enhanced turbulence, and deeper mixing layers that facilitate dust 495 

entrainment (UNEP, 2016; Middleton et al., 2019).  496 

 

 

 
(a)  (b) 

 

(c) 

Figure 8. Temporal Distribution of Dusty Days in the Study Area: (a) Annual distribution (2003–497 

2024), (b) Seasonal share, and (c) Monthly variation. 498 
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(c) 

Figure 9. Density Distributions of Meteorological Parameters for Dusty and Non-Dusty Days: (a) Air 499 

Temperature, (b) 2-meter Dew Point Temperature, and (c) Surface Pressure. 500 

Dew point distributions (Fig. 9b) cluster around 0-5 °C, slightly higher than climatology, 501 

implying modest absolute humidity but still relatively dry boundary layer conditions, consistent 502 

with springtime synoptic patterns across the Middle East (Rashki et al., 2021; Miri et al., 2021). 503 

Surface pressure (Fig. 9c) shows left-skewed distributions with peaks around 815-820 hPa, 504 

indicating the predominance of low-pressure systems that intensify horizontal gradients, 505 

strengthen southwesterly flow, and promote long-range transport. These meteorological 506 



23 

signatures reinforce the wind-rose results and agree with previous synoptic analyses in the 507 

region (Barati et al., 2020; Bagherabadi & Moeinaddini, 2023; Hamzeh et al., 2021). 508 

3-4. Analysis of Backward Trajectories 509 

3-4-1. Definition of Backward Trajectories and Data Preparation 510 

For each of the 616 dust days, 72-h back trajectories were simulated with HYSPLIT, 511 

initialized at 12:00 UTC and receptor fixed at Sanandaj. Starting altitudes were automatically 512 

set based on boundary layer height. Outputs provided sequential latitude-longitude positions 513 

of air parcels, along with variable trajectory lengths despite the fixed 72-h window. To 514 

standardize inputs for clustering, all trajectories were resampled to equal point counts (24, 12, 515 

and 6) to test robustness and sensitivity. Each trajectory was then flattened into a vector of 516 

sequential latitude-longitude pairs, creating high dimensional feature spaces (e.g., 48 features 517 

for 24 points). 518 

3-4-2. Dimensionality Reduction and Clustering 519 

To manage data complexity and improve clustering, PCA was applied, reducing high-520 

dimensional trajectories to two principal components capturing most variance. The reduced 521 

data were then clustered with K-Means, an unsupervised algorithm that groups samples by 522 

intrinsic similarity without prior labels. The optimal number of clusters (K) was determined 523 

using the Silhouette Score, which measures intra-cluster cohesion and inter-cluster separation. 524 

Scores were computed for K = 2-9, with higher values indicating better structure. Results are 525 

shown in Table 5. 526 

Table 5. Comparison of Silhouette Scores Across Varying Numbers of Resampled Trajectory Points 527 

and Clusters (K) 528 

Number of clusters (K) Silhouette Score for 24pts Silhouette Score for 12pts Silhouette Score for 6pts 

2 0.4282 0.4296 0.4277 

3 0.3593 0.3582 0.36 

4 0.3838 0.3826 0.3838 

5 0.3675 0.3636 0.3656 

6 0.3499 0.3513 0.3813 

7 0.3773 0.3747 0.3498 

8 0.346 0.346 0.3486 

9 0.3452 0.3621 0.3414 



24 

As shown in Table 5, the optimal number of clusters (Best K) was consistently 2 across all 529 

resampling scenarios (24, 12, and 6 points). This stability indicates the presence of two 530 

dominant and distinct transport patterns, corresponding to major dust sources affecting 531 

Sanandaj. For K = 2, silhouette scores of ~0.42–0.43 confirm meaningful and reliable 532 

separation between clusters. To balance detail preservation and computational efficiency, 533 

subsequent analyses adopt the two-cluster solution based on 12-point resampling. These 534 

clusters, labeled Cluster 0 and Cluster 1, are examined in the following sections to interpret 535 

their spatial and meteorological characteristics. 536 

3-4-3. Spatial, Statistical, and Geographical Analysis of Backward Trajectory Clusters: 537 

Identifying Source Regions 538 

Undrestanding the spatial behaviour of dust carrying air masses is essential for interpreting the  539 

Figure 10. Clustered HYSPLIT back-trajectories (12 resampled points per trajectory), overlaid with 540 

the study area (Sanandaj) and known regional dust source regions 541 
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physical origin of dusty days in Sanandaj. After grouping the 72-h HYSPLIT backward 542 

trajectories into two clusters, their geographic patterns and transport characteristics were 543 

examined to identify dominant source regions. Figure 10 illustrates the clustered trajectories 544 

along with the location of Sanandaj and major recognized Middle Eastern dust reservoirs, 545 

including the Syrian Desert, Mesopotamian plains, the Iran-Iraq border region, Khuzestan, and 546 

the northern An-Nafud Desert (Givehchi et al., 2013; Moridnejad et al., 2015; World Bank, 547 

2019; Lian et al., 2022(. 548 

Two clearly distinct advection regimes emerge. The first group (Cluster 0) consists of longer, 549 

west-northwesterly pathways originating mainly over the Syrian Desert and extending across 550 

northern and western Mesopotamia toward western Iran. These trajectories represent long range 551 

transport driven largely by westerly circulation, consistent with the synoptic systems reported 552 

for the region (UNEP, 2016; Salmabadi et al., 2023). The second group (Cluster 1) forms a 553 

denser and more frequent pattern, dominated by southern and south-westerly inflow from the 554 

southern Mesopotamian basin, the Iran-Iraq borderlands, Khuzestan, and, in some cases, the 555 

northern Arabian Peninsula. The high prevalence of this cluster indicates that regional to near 556 

regional transport plays the primary role in dust intrusions over Sanandaj. 557 

Of the 616 dusty days, Cluster 1 accounts for 415 trajectories (67%), whereas Cluster 0 558 

represents 201 cases (33%), demonstrating the predominance of southern and south-westerly 559 

sources. Spatial analysis further shows that Cluster 0 generally occupies more distant locations 560 

to the west and northwest of the study area, whereas Cluster 1 remains geographically closer 561 

and more confined to the Iraq-Iran corridor and adjacent Mesopotamian lowlands. To further 562 

substantiate these interpretations, the great circle distances between the centroid of each cluster 563 

and the major dust source regions were calculated (Table 6). These values quantitatively 564 

confirm that Cluster 0 is most closely associated with the Syrian Desert and western 565 

Mesopotamia, while Cluster 1 is strongly linked to nearby sources such as the Iran-Iraq border 566 

and southern mesopotamia. 567 

Of the 616 dust days, Cluster 1 dominates with 415 trajectories (67%), compared to Cluster 0 568 

with 201 (33%). This predominance shows that most dust events in Sanandaj are driven by 569 

southern transport pathways, underscoring the importance of southern Mesopotamia and 570 

southwestern Iran in mitigation strategies. Cluster 0, with a mean origin of 33.78°N, 33.98°E, 571 

corresponds mainly to the Syrian Desert and north/west Mesopotamia, reflecting more westerly 572 

pathways (Moridnejad et al., 2015; UNEP, 2016; Kutiel, 2003). Cluster 1, centered at 32.35°N, 573 

47.07°E, points to southern Mesopotamia, the Iran-Iraq border, and northern Khuzestan, 574 
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representing easterly and southerly sources. These results align with regional studies identifying 575 

the same areas as the principal dust sources for western Iran (Sotoudeheian et al., 2016; 576 

Beyranvand et al., 2023). 577 

Overall, the trajectory analysis demonstrates a dual source framework for Sanandaj: a near 578 

regional, high frequency pathway from southern Mesopotamia and neighbouring border 579 

regions, and a secondary but climatologically important long range pathway from the Syrian 580 

Desert and western Middle East. This clear separation strengthens the physical interpretation 581 

of the clustering results and provides a robust basis for subsequent synoptic and seasonal source 582 

attribution. The distinction between these two regimes is physically meaningful, reflecting the 583 

coexistence of near source dust outbreaks governed by boundary layer processes and long range 584 

elevated transport controlled by synoptic-scale systems, a mechanism frequently reported for 585 

the Middle East (Mohammadpour et al., 2021). 586 

Table 6. Distance (in km) from Known Dust Sources and the Study Area to the Center of Each Cluster 587 

Cluster Dust Source Distance(km) Cluster Dust Source Distance(km) 

0 Syrian Desert 433.6 1 Iraq-Iran Border 72 

0 Mesopotamia 945.4 1  Mesopotamia 288.8 

0 An Nafud Desert 998.7 1 Sanandaj 326.9 

0 Sanandaj  1206.4 1 An Nafud Desert 686 

0 Iraq-Iran Border 1213.9 1 Syrian Desert 828.6 

 588 

3-4-4. Analysis of Trajectory-averaged Meteorology Features per Clusters 589 

Violin plots and mean values (Table 7) show clear meteorological contrasts between clusters. 590 

Pressure is systematically lower in Cluster 0 (815.02 hPa) than in Cluster 1 (859.19 hPa), 591 

indicating higher altitude transport (Mashat et al., 2020). In Fig. 11a, Cluster 0 displays a 592 

narrow, symmetric violin, reflecting a homogeneous pressure regime. In contrast, Cluster 1 593 

shows broader variability with mild skewness, consistent with more heterogeneous regional-594 

scale flows (Karami et al., 2021). 595 

Table 7. Average Values of Key Meteorological Parameters, Pressure, Rainfall, Relative Humidity, 596 

and Potential Temperature, for Each Identified Cluster 597 

Cluster Pressure (hPa) Rainfall (mm) Relative Humidity (%) Potential Temperature (C) 

0 815.02 0.01 32.97 33.34 

1 859.19 0.02 32.63 32.42 

Rainfall is negligible for both clusters (medians: 0.01 vs. 0.02 mm). However, Cluster 1 shows 598 

an elongated upper tail (Fig. 11b), indicating occasional encounters with weak precipitation 599 

systems and modest wet removal (Niu et al., 2023).  600 
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(c)  (d) 

Figure 11. Violin plots of meteorological parameters (a) pressure (b) rainfall (c) relative humidity and 601 

(d) potential temperature per cluster. 602 

The absence of such a tail in Cluster 0 highlights its dominance by dry, long range transport 603 

with minimal scavenging. Relative humidity (RH) has nearly identical means (~33%), but 604 

distributions differ (Fig. 11c). Cluster 1 displays a wider IQR and a secondary bulge, suggesting 605 

multimodal regimes shaped by boundary layer interactions and surface variability. Cluster 0, in 606 
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contrast, is compact and skewed toward lower RH, confirming drier elevated transport (Ma et 607 

al., 2023). 608 

The strongest contrast appears in potential temperature (θ), a thermodynamic indicator of 609 

stability (Fig. 11d). Cluster 0 shows systematically higher θ (33.34 °C) than Cluster 1 (32.42 610 

°C), with a broad unimodal distribution centered at warmer, stable layers that favor long range 611 

advection and dust preservation. Cluster 1 has lower, narrower θ with occasional downward 612 

skewness, reflecting episodic mixing with cooler near surface air. This thermodynamic contrast 613 

substantiates the physical dichotomy, Cluster 0 represents long-range, elevated, stable 614 

transport, associated with dry conditions and efficient dust preservation, and Cluster 1 reflects 615 

regional, boundary layer influenced pathways, shaped by surface variability, weak 616 

precipitation, and moderate humidity (Fix et al., 2024). 617 

3-5. General Discussion and Comprehensive Interpretation 618 

This study proposed a data-driven framework for identifying dusty days and interpreting their 619 

transport behaviour in regions with limited ground observations. Integrating statistically 620 

derived thresholds with backward trajectory clustering provided a physically consistent 621 

characterization of dust occurrence and source attribution for Sanandaj, offering insights highly 622 

relevant for early warning and management strategies in western iran. 623 

Statistical analyses of PM₁ ₀ , AOD₅ ₅ ₀ , DUAOD₅ ₅ ₀ , and DOD revealed strongly skewed, 624 

non-normal distributions, emphasizing the dominance of episodic extreme events (Al-Dousari 625 

et al., 2021; Cugerone et al., 2018) and highlighting the limitations of fixed thresholds in dust 626 

prone environments (Alexis et al., 2022). Upper tail behaviour corresponded to synoptic dust 627 

episodes (Yang et al., 2024). Strong agreement between surface and satellite indicators 628 

confirmed the surface atmosphere coupling of dust (Tu et al., 2021), while multi source 629 

reanalysis products enhanced reliability in data scarce conditions (Sarafian et al., 2025). 630 

Data-driven thresholds showed lower cutoffs for PM₁ ₀  and AOD₅ ₅ ₀  compared with dust 631 

indices, reflecting Sanandaj’s semi-arid background (Bahadar Zeb et al., 2022; Hamzeh et al., 632 

2021) and the physical selectivity of DOD and DUAOD₅ ₅ ₀  (Mousavi et al., 2024). 633 

Consistency between K-Means classification and KDE bimodality confirmed methodological 634 

robustness (Zeinali et al., 2023; Nissenbaum et al., 2023). Boolean assessment indicated that 635 

while AND logic increases precision, OR logic better captures events and was preferred due to 636 

regional priorities, with acceptable sensitivity behaviour and supportive validation against 637 

METAR observations (Tong et al., 2022; Xi et al., 2021). 638 
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Backward trajectory clustering revealed a dual transport regime (Bayat et al., 2024). Cluster 0 639 

represents long range advection from the Syrian Desert and northern-western Mesopotamia, 640 

characterized by longer pathways, elevated and stable air masses, and synoptic scale control. 641 

Cluster 1 reflects shorter range regional transport from the Iraq-Iran borderlands and southern 642 

Mesopotamia, influenced more strongly by boundary layer dynamics, consistent with 643 

associated thermodynamic contrasts (Mashat et al., 2020; Karami et al., 2021; Niu et al., 644 

2023; Ma et al., 2023; Fix et al., 2024; Salmabadi et al., 2025; Fattahi Masrour & Rezazadeh, 645 

2022). 646 

From a management perspective, Cluster 0 implies the need for cross border cooperation, 647 

whereas Cluster 1 allows more targeted and timely national action. Overall, the integration of 648 

multi-indicator statistics, thresholding, and trajectory clustering forms a coherent and 649 

transferable framework for diagnosing dust dynamics, supporting more reliable forecasting, 650 

early warning, and mitigation under increasing climatic aridity.  651 

4. Conclusion 652 

This study developed and rigorously validated a reproducible, multi-source, data-driven 653 

framework for the objective identification of dusty days in a data scarce region of western 654 

Iran during 2003 to 2024. By integrating long-term PM₁ ₀  observations with satellite, and 655 

reanalysis aerosol indices (AOD₅ ₅ ₀ , DOD, DUAOD₅ ₅ ₀ ), the framework establishes 656 

defensible quantitative thresholds that overcome the subjectivity of single indicator or 657 

empirically tuned approaches. Independent validation using METAR dust and visibility 658 

reports confirms the reliability of the identified events and demonstrates the capability of 659 

satellite-based proxies to support long term monitoring where surface observations are sparse. 660 

The comparative assessment of Boolean rules further demonstrates methodological flexibility, 661 

with OR logic favoring comprehensive climatological detection and AND logic providing 662 

higher specificity for health applications. 663 

Building upon these objectively detected events, 72-h HYSPLIT backward trajectories 664 

combined with resampling, PCA, and clustering revealed two physically distinct transport 665 

regimes: (i) proximal sources linked to the Iraq-Iran borderlands and southern Mesopotamia, 666 

and (ii) longer range intrusions from the Syrian Desert and northern-western Mesopotamia. 667 

These regimes differ systematically in transport distance, speed, and synoptic context, 668 
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highlighting the coexistence of rapid regional influences and slower large scale advection, with 669 

clear implications for both early warning and transboundary mitigation strategies. 670 

The key advancement of this research is the introduction of a unified and transferable 671 

framework that, for the first time, integrates objective multi indicator thresholding, independent 672 

validation, and trajectory source attribution within a single consistent structure. While 673 

demonstrated for Sanandaj, the approach is broadly applicable to other dust-prone regions with 674 

observational constraints and provides a scalable foundation for operational monitoring, risk 675 

management, and climate related dust assessments. Future work should extend this framework 676 

using higher-resolution datasets and coupled dust-meteorology modeling to further enhance 677 

predictive capability. 678 

Glossary 679 

Acronym / Term Definition 

AOD (Aerosol Optical Depth at 550 nm) Measure of solar radiation extinction by 

aerosols in the atmospheric column; higher 

values indicate more dust. 

AND Logic Boolean rule requiring all thresholds (PM₁ ₀ , 

AOD, DOD, DUAOD) to be exceeded; 

maximizes specificity. 

ARIMA (Autoregressive Integrated 

Moving Average) 

Time-series model combining autoregression, 

differencing, and moving averages to forecast 

dust variables. 

BSk (Cold Semi-Arid Climate, Köppen 

classification) 

Köppen type with hot, dry summers and cold 

winters; characteristic of Sanandaj. 

BTD (Brightness Temperature Difference) Thermal infrared channel difference used to 

detect dust; empirical and region-specific. 

CAMS (Copernicus Atmosphere 

Monitoring Service) 

European reanalysis providing global aerosol 

and meteorological fields; used in dust 

monitoring. 

Cluster 0 (Long-range transport cluster) Trajectory group with long paths and remote 

origins (Syrian Desert, western Mesopotamia); 

~33% of events. 

Cluster 1 (Regional transport cluster) Trajectory group from nearby sources (Iraq–

Iran border, Mesopotamia, Khuzestan); ~67% 

of events. 

CMIP6 (Coupled Model Intercomparison 

Project Phase 6) 

Framework coordinating global climate model 

experiments. 

DOD (Dust Optical Depth) MERRA-2 parameter representing mineral 

dust contribution to total AOD. 

DS (Dust Storm) METAR code for intense dust storms with 

visibility reduction. 

DU (Dust) METAR code for dust in suspension, used for 

validation. 
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DUAOD (Dust Absorbing Aerosol Optical 

Depth at 550 nm) 

CAMS product isolating absorbing mineral 

dust at 550 nm. 

dusty_all Daily label for dust defined by any positive 

code (DU, DS, SA, or HZ). 

dusty_strict Daily label for dust defined only by DU, DS, 

or SA codes. 

EAC4 (ECMWF Atmospheric 

Composition Reanalysis 4) 

Global reanalysis of atmospheric composition 

from ECMWF. 

ECMWF (European Centre for Medium-

Range Weather Forecasts) 

European center producing forecasts and 

reanalysis. 

ERA5 (ECMWF Reanalysis v5) Latest ECMWF reanalysis with hourly global 

data. 

EWS (Early Warning System) Framework combining ground, satellite, and 

trajectories for real-time dust alerts. 

FLEXPART (Flexible Particle dispersion 

model) 

Lagrangian model for atmospheric transport 

and source attribution. 

HFMETAR (High-Frequency METAR) Enhanced METAR dataset with 5-min 

reporting intervals. 

HZ (Haze) METAR code for reduced visibility due to fine 

particles or moisture. 

HYSPLIT (Hybrid Single-Particle 

Lagrangian Integrated Trajectory model) 

NOAA model for transport and dispersion; 

used for 72-h back-trajectories. 

ICAO (International Civil Aviation 

Organization) 

UN agency setting aviation codes, e.g., OICS 

for Sanandaj. 

IEM (Iowa Environmental Mesonet) U.S. portal providing archived meteorological 

reports, including METAR. 

KDE (Kernel Density Estimation) Method for estimating probability density; 

used in thresholds and source mapping. 

K-Means Clustering Unsupervised algorithm partitioning data into 

K groups. 

MADIS (Meteorological Assimilation Data 

Ingest System) 

NOAA system integrating and distributing 

meteorological observations. 

METAR (Meteorological Aerodrome 

Report) 

Coded aviation weather reports with visibility 

and dust codes. 

MERRA-2 (Modern-Era Retrospective 

Analysis for Research and Applications, 

Version 2) 

NASA reanalysis providing dust parameters 

(e.g., DOD). 

MODIS (Moderate Resolution Imaging 

Spectroradiometer) 

NASA satellite sensor producing aerosol and 

dust indices (e.g., NDDI). 

NDDI (Normalized Difference Dust Index) MODIS spectral index for detecting dust 

outbreaks. 

NOAA (National Oceanic and 

Atmospheric Administration) 

U.S. agency providing datasets, reanalysis, and 

HYSPLIT. 

OICS (Sanandaj Airport ICAO code) Four-letter ICAO code for Sanandaj Airport, 

source of METAR. 

OR Logic Boolean rule classifying a day as dusty if any 

threshold is exceeded; maximizes sensitivity. 

PCA (Principal Component Analysis) Method reducing high-dimensional data to 

main components for clustering. 
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PM₁ ₀  (Particulate Matter ≤10 µm) Inhalable particles ≤10 µm; standard air-

quality metric and dust indicator. 

READY (Real-time Environmental 

Applications and Display system) 

NOAA platform for running HYSPLIT 

trajectories and accessing meteorology. 

SA (Sand) METAR code for airborne sand, often linked 

to dust storms. 

Silhouette Score Clustering index (−1 to +1) measuring 

cohesion and separation. 

SP (Surface Pressure) Atmospheric pressure at the surface (hPa); 

affects dust mobilization. 

SSP245 (Shared Socioeconomic Pathway 

2–4.5 W m⁻ ²) 

Intermediate scenario with moderate warming 

(~2.5 °C by 2100). 

SSP585 (Shared Socioeconomic Pathway 

5–8.5 W m⁻ ²) 

High-emission scenario with stronger warming 

(~4.5 °C by 2100). 

T2M (2-meter Air Temperature) Air temperature at 2 m height (°C). 

Trajectory Resampling (12-point method) Interpolation of 72-h trajectories into 12 

uniform points for PCA and clustering. 

U10, V10 (10-meter Wind Components) Zonal (U10) and meridional (V10) winds at 10 

m. 

UTC (Coordinated Universal Time) Global time standard for meteorology and 

aviation. 

Watch (Dust Watch) Alert level triggered by OR logic, signaling 

possible dust. 

Warning (Dust Warning) Alert level triggered by AND logic, signaling 

confirmed dust. 

WMO (World Meteorological 

Organization) 

UN agency coordinating meteorology, climate, 

and coding systems. 

Z-score Normalization Method converting variables to zero mean and 

unit variance. 
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