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Abstract. Untangling the role of aerosols in cloud development requires continuous and concurrent measurements of aerosols, 10 

clouds, and meteorological conditions. The intensive operational period (IOP) during the U.S. Department of Energy (DOE) 

Tracking Aerosol Convection Interactions Experiment (TRACER) field campaign provides such datasets. Based on K-means 

clustering analysis of aerosol data during TRACER-IOP, we found four dominant aerosol clusters present in La Porte, Texas: 

Continental (24%), Extreme Pollution (8%), Sea Breeze and Rural (45%), and Sea Breeze and Pollution (23%). The two Sea 

Breeze clusters are characterized by the inclusion of relatively large particles sized around 180 nm, along with the peak 15 

frequency in the afternoon and evening, which are both consistent with the characteristics of sea breeze. These two clusters 

are a mixture of different aerosol types, which confirms the complexity of aerosol characterization in this region. Utilizing the 

representative number concentration and size distribution of these aerosol clusters, large eddy simulations of shallow cumulus 

clouds were performed with the Cloud Model 1. Our comparison of simulated cloud characteristics using a bulk microphysics 

scheme with those using a Lagrangian scheme (the super-droplet method) reveals that the bulk scheme tends to produce too 20 

much precipitation too early, despite the fact that we do not observe surface precipitation from these shallow cumulus clouds 

of interest, also in contrast to the results with the Lagrangian scheme. This discrepancy is due to the underestimation of droplet 

number concentrations and/or the overestimation of collision-coalescence rates in the bulk microphysics scheme. 

1 Introduction 

Over the recent decades, aerosol-cloud interaction (ACI) has been a frequently discussed issue. On the Earth system scale, 25 

ACI contributes to the large uncertainty in the radiative forcing with the potential to partially offset the ongoing warming (e.g., 

Forster et al., 2021; Im et al., 2026). On the weather scale, many observational studies have identified strong controls of 

aerosols on cloud characteristics for a range of cloud types (e.g., Fan et al., 2016; Li et al., 2025). Among the topics of ACI, 

the role of aerosols in invigorating convective clouds has been actively examined through observations and modeling (e.g., 

Rosenfeld et al. 2008; Lebo and Seinfeld, 2011; Fan et al., 2018; Igel and van den Heever, 2021; Öktem et al., 2023; Varble 30 
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et al., 2023; Patil et al., 2025), the conclusion of which is usually confounded by the covariability of aerosol, cloud, and 

meteorological conditions. ACI centers around the fact that aerosols play an important role in cloud formation and development 

by nucleating cloud droplets (i.e., acting as cloud condensation nuclei, CCN) and/or by initiating ice formation (i.e., acting as 

ice-nucleating particles, INPs) before homogeneous freezing of liquid occurs at around −38℃. When aerosols’ role as CCN 

and/or INPs is considered, not only the abundance of aerosols but also the size and chemical composition of aerosols are 35 

important (e.g., Petters and Kreidenweis, 2007; Pöhlker et al., 2023). To clearly disentangle the contribution of aerosols on 

cloud development, concurrent measurement of aerosol, cloud, and dynamical characteristics is critical. However, this is 

challenging and requires a suite of instruments over an extended period of time.  

 To address such a strong need for extensive and concurrent observations of aerosols, clouds, and dynamical 

conditions, the Tracking Aerosol Convection Interactions Experiment (TRACER) field campaign (Jensen et al., 2023; Jensen 40 

et al., 2025) took place in Southeast Texas around Houston, TX, between October 2021 and September 2022. During the 

campaign, measurements of aerosols and clouds were made at multiple sites (two ground sites and one mobile facility) over 

the Greater Houston area, with the overarching aim to deepen our understanding of how background aerosol conditions 

influence the formation and development of convective clouds. Aerosol conditions in this region are unique and complex: 

while surrounded by many anthropogenic aerosol emission sources including the megacity of Houston and several oil 45 

refineries, the region also experiences sea and bay breezes almost daily during summer months (Wang et al., 2024), which 

bring in different types of particles into the region. 

Based on the mobile facility (Rapid Onsite Atmospheric Measurement Van; ROAM-V) during TRACER, Thompson 

et al. (2025a) recently summarized the characteristics of aerosols in the region. Their study identified two main aerosol types: 

polluted maritime and continental aerosols. The former type has a mean concentration of 2500 cm-3, whereas the latter has a 50 

mean concentration of 5208 cm-3. Both types are quite “polluted”, as a typical clean marine air mass is nominally characterized 

by much lower concentrations well below 1000 cm-3 (e.g., Fitzgerald, 1991; Koponen et al., 2002; Flores et al., 2020). They 

concluded that the polluted marine air mass includes ship emissions over the Gulf, which raised the aerosol concentrations but 

not necessarily changed the hygroscopicity of this aerosol mixture. Thompson et al. (2025b) focused on ice nucleation 

temperature of particles in the Greater Houston area during TRACER to examine the ability of those aerosols to serve as INPs 55 

and showed two temperature peaks at T = −24℃ and −15℃, albeit with a large variability in time and space. These studies 

highlight the complexity of aerosol characteristics in the region, and a further need for aerosol characterization to clarify the 

ACI in this region.  

To understand ACI in the region, recent studies have performed statistical analysis on aerosol and convective cloud 

properties using the data acquired during TRACER. Al-Jabri et al. (2025) found negative correlation between aerosol 60 

abundance and convective cell area but no clear relationship between aerosol and cloud echo-top height. In contrast, Wang et 

al. (2025) found an increase in echo-top height by about 1 km when ultra-fine particles were present. Huang et al. (2025) found 

vertical velocity, air temperature, and mass concentration of fine-mode aerosols to be the most important factors to cloud 

properties using a machine-learning approach. To clarify the physical mechanisms behind these covariances, modeling of ACI 
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is necessary. Some numerical simulations have been done to disentangle ACI over the Greater Houston area (e.g., Marinescu 65 

et al., 2021; Zhang et al. 2021; Subba et al., 2026), but not on the large-eddy simulation (LES) scale that can capture fine 

variability of cloud structure and microphysical processes, while integrating TRACER-observed aerosol characteristics into 

simulations.   

For modeling clouds, mainly three kinds of microphysics schemes are available in LESs (e.g., Grabowski et al., 2019; 

Morrison et al., 2020): bulk, bin, and Lagrangian (i.e., particle-tracking). Many studies have been done to compare bulk and 70 

bin schemes (e.g., Khain et al., 2015; Sato et al., 2015; Stanford et al., 2025), bin and Lagrangian schemes (e.g., Morrison et 

al., 2018; Chandrakar et al., 2022; Witte et al., 2022), and bulk and Lagrangian schemes (e.g., Naumann and Seifert, 2015; 

Sato et al., 2018; Yin et al., 2024). Both bulk and bin schemes suffer from numerical diffusion that potentially leads to 

erroneous calculations of microphysical processes (Grabowski et al., 2019), which can be mitigated by using a Lagrangian 

scheme. In addition to the minimalization of artificial numerical diffusion, the major advantages of Lagrangian schemes  75 

include the capability to explicitly track the growth process of wet aerosols into cloud droplets, exclusion of assumptions for 

hydrometeor size distributions, the use of stochastic drop collision-coalescence based on the kernel function, and the 

elimination of artificial size thresholds for certain cloud processes (Grabowski et al., 2019). On the other hand, simulations 

with Lagrangian schemes are computationally expensive and may not be affordable in operational forecasts or global models.  

It is therefore important to assess the difference in cloud properties simulated by a bulk/bin scheme and a Lagrangian scheme, 80 

when ACI is discussed. 

Over the Greater Houston area, shallow cumulus clouds are the most frequently observed type of cumulus clouds in 

the summer. Based on a cell tracking algorithm used on radar and satellite data between June and September of 2018-2021, 

Tuftedal et al. (2024) found that the number of shallow convection cells was more than four and seven times higher than that 

of the modest and vigorous deep convection, respectively (see their Figure 2 and Table 1).  Even though shallow cumulus 85 

clouds are common in this region and play an important role in pre-moistening the mid troposphere and setting a stage for 

deeper cloud developments, the vast majority of studies have so far focused on deeper convective clouds, except for Mages et 

al. (2025) who performed clustering analysis of satellite and radar data during TRACER and identified four major types of 

diurnal cycles for shallow cumulus clouds over the region. Additionally, summertime shallow cumulus clouds in the area do 

not include any ice processes, which simplifies our interpretation of aerosol influence on cloud development. Given the 90 

prevalence of shallow cumulus and their role in setting the deep convection stage, more studies on those clouds, especially 

with respect to their sensitivity to aerosol perturbations, are highly desired.  

 In response to the above-mentioned points of (1) needs for aerosol characterization over the Greater Houston area, 

(2) importance of LES-scale modeling in understanding the physical mechanisms behind ACI, (3) significance of comparing 

simulations with a bulk/bin scheme and a Lagrangian scheme to assess the potential error in ACI estimated by operational 95 

forecasting and global models, and (4) the relative lack of studies on the sensitivity of shallow cumulus clouds to aerosols in 

spite of their high prevalence over the region, this study achieves the following three objectives: 
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1. Perform unsupervised clustering analysis to characterize and gain insights into the aerosol conditions (abundance, 

size distribution, timing, origin, etc.) at the main TRACER observation site 

2. Run numerical simulations of shallow cumulus clouds on an LES scale while changing available aerosol, based on 100 

the aerosol groups found in 1 above, to identify the sensitivity of shallow cumulus clouds to aerosols and clarify the 

physical mechanisms behind ACI 

3. Compare microphysical properties of shallow cumulus clouds simulated by a bulk and a Lagrangian microphysics 

scheme to assess differences in cloud lifecycle and surface rainfall using bulk schemes 

Thus, this study takes a comprehensive approach to achieve these goals, where observational data from TRACER are integrated 105 

into LES with the aid of a machine-learning clustering technique. 

 The rest of the paper is organized as follows: Section 2 describes the methods of the clustering analysis (2.1) and 

settings of numerical simulations (2.2); Section 3 presents the results of the clustering analysis (3.1), simulations of shallow 

cumulus clouds with different aerosol clusters with a bulk microphysics scheme (3.2), and the comparison of simulations with 

bulk and Lagrangian schemes (3.3); and Sect. 4 summarizes the findings and conclusions from the study. 110 

2 Methods 

The following two subsections introduce the methodology used for aerosol clustering (Sect. 2.1) and for running numerical 

simulations of shallow cumulus clouds (Sect. 2.2). 

2.1 Aerosol clustering 

During the Intensive Operational Period (IOP) of TRACER between June and September 2022, continuous measurements of 115 

meteorological conditions and aerosol characteristics were made at the Atmospheric Radiation Measurement (ARM) Mobile 

Facility 1 (AMF1; longitude: 95.059°W, latitude: 29.67°N) site in La Porte, Texas, at high temporal frequencies (i.e., minutes 

to hours). A variety of instruments, such as cloud radar, precipitation radar, and a suite of aerosol instruments were deployed 

at this ground site, as elaborated in greater detail in Jensen et al., (2019). 

Given the complex nature of aerosols in this region combined with the large amount of data acquired during the 4-120 

month TRACER-IOP, we characterize aerosols by obtaining statistical descriptions of particles with similar properties through 

a clustering method. Our clustering generally follows the methodology in Atwood et al. (2019) that was preceded by Atwood 

et al. (2017), where they used 67 aerosol and meteorological variables obtained from the CalWater-2015 field campaign (Ralph 

et al., 2016). We utilize the Python scikit-learn function of K-means clustering with random initial centroids and 300 maximum 

iterations. The clustering result quickly converged after 34 iterations, and therefore varying the maximum iteration number 125 

does not have impacts on the clustering result. 

As an input of clustering, we use the aerosol data from the ARM Scanning Mobile Particle Spectrometer (SMPS). 

SMPS provides a number concentration and a size distribution of aerosols in logarithmically spaced 192 bins between 1 nm 

and 1 𝜇m diameter at approximately 5-minute intervals. The choice of these variables also follows that in Atwood et al. (2019). 
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We first calculate the normalized size distribution (i.e., number size distribution [cm-3(dlog10D)-1] divided by the total 130 

concentration [cm-3]) and average the distribution every 4 bins between 10.2 nm and 478.3 nm to result in 27 wider bins. This 

re-mapping is done to reduce the number of size-distribution variables for clustering to a similar value as that used in Atwood 

et al. (2019), which was 20. The remapped data is then temporally averaged every 5 minutes for the entire IOP period, which 

results in 35018 total data points (i.e., 12 × 24h × 122 days) for aerosols when missing data are excluded. 

In addition to aerosol data, we utilize meteorological data obtained at the AMF1 site to characterize the air mass 135 

origins. Following Atwood et al. (2019), we utilize the wind direction data measured by the surface meteorological instrument 

(MET) at AMF1 and compute sine and cosine of the data to convert the values ranging from 0 to 360 into two sets of data 

between -1 and 1. Furthermore, we use the NOAA Air Resources Laboratory (ARL) Hybrid Single-Particle Lagrangian 

Integrated Trajectory model (HYSPLIT; available at https://www.ready.noaa.gov; Rolph et al., 2017; Stein et al., 2015) to 

obtain back-trajectories of a surface air mass three and six hours prior to arriving at the AMF1 site. The version of the HYSPLIT 140 

data used here is the archive trajectories from the hourly High Resolution Rapid Refresh (HRRR; Dowell et al., 2022) model 

data with a 3 km horizontal resolution. 

The input variables for our clustering analysis are summarized in Table 1. Note that these variables are all standardized (i.e., 

subtract mean and divide by standard deviation) and weighed differently (see Table 1 for weight values) upon clustering, 

following Atwood et al. (2019). In their study, the weights of most variables were determined such that the total weight from 145 

each data type summed to 1, which is the case in this study as well. In their work and our work, these weight values were 

experimentally determined through trial and error in efforts to minimize the sum of squared errors (SSE). The final number of 

data points is 2917 with all 34 variables available; the major data point reduction is due to the lower temporal resolution of the 

hourly HYSPLIT data. 

 150 

Table 1: List of input variables for clustering 

 Variable Units Weight Data type 
Data 

source 

1 
Total aerosol number 

concentration 
[cm-3] 1 

Aerosol SMPS 

2-28 
Normalized number size 

distribution (size 10.2 - 478.3 nm) 
[(dlog10D)-1] 

1

27
 each 

29 Cosine (wind direction) 
[unitless] 0.5 each 

Meteorology 

MET 
30 Sine (wind direction) 

31 Longitude-3h – LongitudeAMF1 

[degrees] 

0.5 each 

HYSPLIT 
32 Latitude-3h – LatitudeAMF1 

33 Longitude-6h – LongitudeAMF1 
0.5 each 

34 Latitude-6h – LatitudeAMF1 
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2.2 Numerical simulations of shallow cumulus 

Based on the results from the aerosol clustering above, we run LESs of shallow cumulus clouds with different aerosol clusters, 

using the Cloud Model 1 (CM1; Bryan and Fritsch, 2002). The simulation domain is 12.8 km × 12.8 km (double periodic) 155 

with a 50-m horizontal resolution (i.e., 256 points in both x and y directions). The vertical resolution is 30 m with 160 vertical 

levels from the surface to 4.8 km. For representing subgrid-scale turbulence, the prognostic TKE scheme (Deardorff et al., 

1980) is employed. Rayleigh damping is applied to the layer above 4.5 km to avoid the reflection of vertically propagating 

waves. The simulations use the RRTMG radiation scheme (Iacono et al., 2008). The time step for the calculation of physics is 

0.6 s, while that of radiation processes is 10 minutes, and results are output every 5 minutes.We use two microphysics schemes 160 

in this study: the Morrison double-moment bulk microphysics scheme (Morrison et al., 2005; Morrison et al., 2009) and the 

Lagrangian super-droplet method (SDM; Shima et al., 2009). For the comparison of the two schemes, the same observation-

derived aerosol size distributions are used to initialize the simulations. 

In the Morrison scheme, the background aerosols are fixed over time (i.e., the same number and sizes of aerosols are 

continuously available in the grid without being scavenged), as no explicit calculations for aerosols are included in the scheme. 165 

This means that the entrainment process does not impact the interstitial aerosol availability or size distributions. In this scheme, 

aerosol activation is based on Abdul-Razzak and Ghan (2000), and autoconversion and accretion are both based on 

Khairoutdinov and Kogan (2000; see their equations 29 and 33, respectively).  

In SDM, microphysical processes of individual “super-droplets” (SDs), each of which carries a weight factor called 

‘multiplicity’ (i.e., equivalent to the number of physical particles each SD representsin a given location), are calculated in the 170 

Lagrangian framework. Unlike the bulk scheme where unactivated aerosol concentrations are fixed in space and time, the dry 

aerosol abundance varies with space and time in SDM, which allows for more realistic realization of aerosol evolution in the 

model. Aerosol particles go through wet growth based on the environmental humidity and get activated into cloud droplets 

when the environmental supersaturation exceeds aerosols’ critical supersaturation. The collision kernel of Hall (1980) is chosen 

for this study. The SDM calculation is turned on after 30 minutes of turbulence spinup for the sake of computational efficiency. 175 

The timestep for the SDM calculation is 0.15 s, which means that four SDM timesteps are advanced upon one CM1 model 

timestep. Subgrid-scale velocity fluctuation is accounted for in SDM but subgrid-scale supersaturation fluctuation is not. 

We identified a representative shallow cumulus case to simulate during TRACER-IOP, based on our analysis of satellite 

and variational analysis forcing data. Shallow cumulus clouds on 20 July, 2022, developed in a prevalent southeasterly wind 

and showed macrophysical features (cloud-base/cloud-top heights and lifecycle) of shallow cumulus clouds in the region. 180 

Figure 1a-c shows GOES-16 images (Bah et al., 2018; Schmit et al., 2017; NOAA 2025) on that day, which captures the wide 

coverage of shallow cumulus clouds in the region, starting at around 8am Local Time (LT; -5 hours UTC) and continuing into 

the afternoon. A time series of cloud fraction from the hourly ARM Best Estimate (ARMBE, Fig. 1d) for the AMF1 site 

indicates that the shallow cumulus clouds started developing between 8-9 am LT with a cloud base around 600 m and a cloud 
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depth of a few hundred meters. Cloud base, depth, and fraction increased throughout the morning, reaching a maximum cloud 185 

base height of 1.3 km, cloud depth of 1.5 km, and cloud fraction of 35% by 1pm. The cloud height and fraction began 

decreasing after 2 pm.  

 

Figure 1: GOES-16 images over the region of interest at (a) 8 am, (b) 11 am, and (c) 1 pm LT on 20 July, 2022. The yellow and green 

dots on the maps show the locations of the main site (AMF1) in La Porte and the ancillary site (ANC) in Guy, respectively. (d) Time 190 

series of hourly ARMBE cloud fraction [%] observed at AMF1 between 7 am and 3 pm LT on 20 July, 2022. 

 

To simulate these clouds with CM1, we run the simulations for eight hours, starting at 7am LT. The initial atmospheric 

profile comes from the variational analysis data at 1200 UTC (i.e., 7am LT). We vary aerosol concentrations with height 

according to the scaling factor defined in the TRACER Model Intercomparison Project (TRACER-MIP; Saleeby et al., 2025). 195 

In SDM, the average number of SDs at the beginning of the simulation is 128 per grid at surface, and this number is also 

vertically scaled by the same scaling factor from TRACER-MIP. We utilize the hygroscopicity value (Petters and Kreidenweis, 

2007) of 𝜅 = 0.26 for all of our simulations; this is the average 𝜅 value from the ground-based observations during TRACER-

IOP, provided by TRACER-MIP. Generally, 𝜅 values vary across different aerosol sources and even within the same airmass, 

which makes it difficult to identify one representative 𝜅 value. Therefore, in this study we focus on the impacts of variability 200 

in number and size distributions of aerosols over the area, while the chemical composition represented by 𝜅 is set to the mean 

value of 0.26 across all the simulations. Wind fields are nudged to the variational analysis data every hour. Surface fluxes are 

also based on the variational analysis data, even though the values are fixed after 8 am LT to keep the boundary-layer height 

more realistic when compared to observations. We also applied hourly large-scale vertical velocity and heat and moisture 
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advections to the entire domain throughout the 8-hour simulations. The large-scale advections were modified slightly to better 205 

match observations. 

3 Results 

Results from the aerosol clustering and numerical modeling described in Sect. 2 are presented in this section. The modeling 

results are split into two. First, comparisons of simulations with the bulk Morrison microphysics scheme under different aerosol 

conditions (i.e., clusters) are discussed in Sect. 3.2. Next, comparison of two simulation results, one using the bulk scheme and 210 

the other with the SDM, both under the same initial aerosol condition, are shown in Sect. 3.3. 

3.1 Aerosol clustering 

Using the data listed in Table 1, K-means clustering is performed to group the data into K groups. We use the so-called elbow 

method (Thorndike, 1953) and the Silhouette coefficient (Rousseeuw, 1987) to find the optimal K value, which best describes 

the number of clusters that the data can be split into. In the elbow method, SSE is first calculated when K is set to a value 215 

between 1 and 10. SSE is expected to decrease as K increases, since the number of cluster centers increases and therefore the 

distance between each point and its cluster center must decrease. When this reduction of SSE with K slows down, the K shows 

a deflection point where a further increase of cluster number only marginally improves the clustering results. The Silhouette 

coefficient is a measure of how well each data point fits into its assigned cluster, ranging from -1 (closer to another cluster 

center) to 1 (well in the cluster), the higher the better. Based on these two analyses (see Fig. S1 for further details), we found 220 

that the data should be split into either two or four major clusters. Given the strong influence of sea breeze in this region over 

the summer, K = 2 is expected to split the data into sea-breeze-influenced and uninfluenced clusters, which will miss 

influencing factors other than sea breeze circulation. We therefore adopt K = 4 for our analysis and present discussions of the 

results from K-means clustering with K = 4 for the rest of this study. 

  The data in Table 1 are clustered into four groups, each with distinct characteristics of aerosols and dynamical 225 

conditions. Figure 2a shows the frequency of occurrence of each cluster (sum to 100%). Cluster 4 has the highest frequency 

(45 %), while Cluster 3 has the lowest frequency (8 %). The highest number concentrations are associated with Cluster 3, with 

a median number concentration exceeding 16,000 cm-3 (Fig. 2b). Cluster 1 has the second highest median number 

concentration of 6544 cm-3, followed by Cluster 2 (3506 cm-3) and Cluster 4 (2231 cm-3). Figure 2c and 2d further describes 

each cluster’s aerosol characteristics. The most “polluted” Cluster 3 includes a lot of small (< 50 nm) particles, which lower 230 

the geometric mean diameter (GMD) to 32 nm. The second most “polluted” Cluster 1 has the largest GMD of 45 nm and its 

median size distribution in Fig. 2d does not show a particular peak at any size. As for Clusters 2 and 4, their GMDs are similar 

(40 nm and 39 nm, respectively) and they both show a distinct mode of the distribution around 180 nm. Figure 3 shows the 

wind rose for each cluster. Cluster 1 is dominated by northeasterly winds, Cluster 2 by southwesterly winds, and Cluster 4 by 
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southeasterly winds. Cluster 3 is not associated with any particular wind direction and the wind speed is generally low, which 235 

implies the association of this cluster with relatively local air masses.  

 

Figure 2: The results of K-means clustering with K = 4 as follows; (a) Percentages [%] of cluster occurrences, (b) counts of SMPS 

concentrations [cm-3] separated into 100 logarithmic bins between 102 and 105, (c) counts of SMPS geometric mean diameter [nm] 

binned every 2 nm, (d) cluster-median SMPS size distributions [cm-3(dlnD)-1], and (e) hourly counts of cluster occurrences. The 240 

numbers in the brackets within the legend in (b) and (c) are the cluster-median values.  
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Figure 3: Wind roses of (upper left) Cluster 1, (upper right) Cluster 2, (lower left) Cluster 3, and (lower right) Cluster 4. 

 245 

Figure 4 shows the locations of air parcels 3 and 6 hours prior to arriving at the AMF1 site based on the HYSPLIT 

data that was used for the clustering. The majority of air masses in Cluster 1 were over the continent, as expected from the 

cluster’s association with the northeasterly winds (Fig. 3). Therefore, it is appropriate to label this cluster as the continental 

cluster. As for Cluster 3, there is no particular area where air masses originated from, but Houston and other industrial areas 

in vicinity with oil refineries and a power plant (Roberts et al., 2026) are included as the locations of origin. Given the extremely 250 

high aerosol number concentrations (Fig. 2b) and small aerosol sizes (Fig. 2d) associated with Cluster 3, this cluster includes 

freshly emitted aerosol particles from anthropogenic and industrial sources nearby, thereby confirming its association with 

extreme pollution. Compared to Cluster 3, Clusters 2 and 4 both exhibit relatively low aerosol number concentrations (Fig. 

2b), similar GMDs (Fig. 2c), and a distinct mode of aerosols sized around 180 nm (Fig. 2d) that are likely associated with sea 

salt particles from the Gulf. Their distinction mainly lies in the primary wind directions; Figure 4 shows that air masses in 255 

Cluster 2 mainly come from the Gulf and the bay, the latter of which is known for high industrial activities. Therefore, it is 

reasonable to label this cluster as a mixture of sea breeze and pollution particles. Indeed, Cluster 2 has more small (< 50 nm) 
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particles compared to Cluster 4 (Fig. 2d). On the other hand, air parcels in Cluster 4 originate from the Gulf and the southwest 

of AMF1, the latter of which is around TRACER’s secondary ancillary site (ANC) in Guy, TX, with cleaner “rural” aerosol 

conditions. Therefore, this aerosol cluster likely includes a mixture of sea breeze and rural particles.  260 

 

Figure 4: Locations of air masses at 3 hours (×) and 6 hours (▲) prior to their arrivals at the AMF1 site at the ground level (Z = 0 

m), based on HYSPLIT, for (upper left, blue) Cluster 1, (upper right, green) Cluster 2, (lower left, red) Cluster 3, and (lower right, 

orange) Cluster 4. 

 265 

Based on the combined aerosol and wind characteristics in Figs. 2-4, we name these clusters as follows: Cluster 1 as 

Continental, Cluster 2 as a mixture of Sea Breeze and Pollution (or SB+Pollution), Cluster 3 as Extreme Pollution, and Cluster 

4 as a mixture of Sea Breeze and Rural aerosols (or SB+Rural).  

Figure 2e shows the hourly count of four clusters. Although time of day is not an input for the clustering analysis, it 

is interesting that each cluster has a distinct diurnal pattern. For example, Cluster 3 is most frequently observed midday, 270 

whereas the frequency of Cluster 1 peaks in the early morning and Cluster 2 in the early evening. These observations align 

well with our assigned cluster labels.A continental air mass (i.e., Cluster 1) is more likely to reach the AMF1 site during 

nighttime/morning when a land breeze strengthens, a local polluted air (i.e., Cluster 3) may be observed at the AMF1 site 

midday when industrial activities are ongoing and before a sea breeze arrives and brings in a non-local air mass, and a sea-

breeze air mass (i.e., Clusters 2 and 4) in the afternoon/evening when a sea breeze prevails. As discussed in Park et al. (2020), 275 
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sea breezes propagate faster during nighttime due to less turbulence associated with surface heating, which is consistent with 

the prevalence of Clusters 2 and 4 in the late afternoon and evening. The smooth size distribution suggests that aerosols in 

Cluster 1 may be aged and/or from many different sources.  

The difference between Clusters 2 and 4 is also noteworthy in Fig. 2e. Cluster 2 is more prevalent in the afternoon, 

whereas Cluster 4 is more frequently observed in the evening and morning. Higher anthropogenic and industrial activities 280 

during daytime is consistent with the dominance of Cluster 2 in the afternoon over Cluster 4. Wind directions in the region 

also follow the strong diurnal cycle of sea-breeze and land-breeze, albeit their strength varies. It is speculated that Cluster 2 is 

associated with the gulf breeze and the earlier phase of sea breeze where the wind direction is directly from the Gulf (i.e.,  

southeast) and the timing is in the afternoon, whereas Cluster 4 is related to the later phase of the sea breeze circulation where 

the flow is slightly weakened (Fig. 3) and the wind direction is affected by complex local interaction between sea breeze, land 285 

breeze, and potentially larger-scale flows. 

 Using these four identified aerosol clusters from the AMF1 site, we run LESs with the CM1model to assess the 

impacts of different aerosol conditions on cloud microphysical processes and cloud characteristics. 

3.2 Numerical simulations of shallow cumulus: Role of aerosols in bulk microphysics scheme 

The numerical simulations with the Morrison bulk microphysics scheme are performed and compared to assess the sensitivity 290 

of the shallow cumulus clouds to changes in background aerosols. Microphysical properties of the clouds such as cloud mass, 

cloud droplet number concentrations (CDNCs), and process rates are examined. The aerosol size distributions shown in Fig. 

2d are used for our CM1 simulations of shallow cumulus clouds observed on 20 July, 2022. The dominant aerosol cluster for 

this day was Cluster 4 (i.e., SB+Rural), and the observed size distribution (black) resembles the median distribution of Cluster 

4 (orange) in Fig. 5. We perform three CM1 simulations with the median size distributions for Clusters 1-3, and one with the 295 

observed (i.e., “Total Observed”) size distribution (black in Fig. 5) that represents Cluster 4. The detailed properties of these 

3-mode lognormal size distributions adopted in our simulations, along with the CM1 simulations performed with certain 

aerosol clusters, are listed in Table 2.  
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Figure 5: Aerosol size distributions for Clusters 1-4 (blue, green, red, and orange) where three-mode lognormal size distributions 300 

are fitted to the cluster-median size distributions shown in Fig. 2d (plotted in faint lines in this figure). The grey and black lines show 

the SMPS-observed size distribution at 7am LT on 20 July, 2022, and its 3-mode lognormal fit, respectively.  

 

Table 2: Parameters for the three-mode lognormal size distributions shown in Fig. 5. The rightmost column shows the CM1 

simulations performed in this study using the bulk and/or SDM microphysics scheme. All numbers are rounded to two significant 305 

digits. 

Cluster Name 

Concentration [cm-3] GMD [nm] 

Geometric 

standard 

deviation 
CM1 

simulation 

Total 
SMPS range 

(observed) 
Mode 1-3 Mode 1-3 Mode 1-3 

1 Continental 6084.23 
5917.18 

(5917.06) 

3129.59 24.77 1.71 

Bulk scheme 2798.35 74.16 1.81 

156.29 189.59 1.33 

2 
Sea breeze 

+ Pollution 
2852.80 

2728.10 

(2729.05) 

1511.44 21.38 1.68 

Bulk scheme 1027.34 53.89 1.60 

314.02 176.73 1.38 

3 
Extreme 

Pollution 
15946.76 

15476.73 

(15473.17) 

2103.41 18.75 1.36 

Bulk scheme 13381.50 32.65 1.85 

461.85 160.49 1.57 

4 
Sea breeze 

+ Rural 
2151.71 

1939.71 

(1939.30) 

1238.05 17.15 1.69 

- 619.18 57.39 1.54 

294.47 172.81 1.40 

(Included in 

Cluster 4) 

Total 

Observed 
2226.59 

1908.74 

(1910.73) 

1360.55 14.84 1.63 
Bulk scheme 

SDM 
554.18 54.60 1.42 

311.86 170.72 1.41 
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Simulated domain averaged cloud cover (Fig. 6a-d) for each simulation is generally comparable to the observations 

of cloud fraction at AMF1 (Fig. 1d). This consistency validates our shallow cumulus case selection for a representative cloud 

condition over the entire domain. Comparing Fig. 1d and Fig. 6a-d, the major macrophysical characteristics of observed 310 

shallow cumulus clouds are captured in the bulk simulations: (1) The initial cloud development started at around 8am LT, (2) 

cloud-base height increases with time from ~500 m to 1.5-2 km, (3) cloud depth increases with time, and (4) the maximum 

cloud depth is reached in the early afternoon. Although the maximum cloud top height is overestimated by 500 m in the 

simulations (i.e., ~3.5 km in comparison to ~3 km as observed), the characteristics of the simulated shallow cumulus clouds 

generally correspond well with the observed cloud system. 315 

 

Figure 6: (a-e) Domain-mean cloud fraction [%] and (f-j) in-cloud-mean cloud liquid mass [gm-3] in the CM1 simulations using the 

Morrison bulk microphysics scheme with (a,f) Continental, (b,g) Sea breeze + Pollution, (c,h) Extreme Pollution, (d,i) Total Observed 

aerosols, and using (e,j) the SDM. Here “in-cloud” is defined as grids with cloud liquid mass [gm-3] greater than or equal to 0.01 gm-

3. The orange line in (a)-(e) shows the cloud fraction contour from the observation in Fig. 1d. 320 

 

Following cloud fraction in Fig. 6a-d, we first examine the bulk properties of the simulated clouds. In the bulk 

microphysics simulations (Table 2), in-cloud-mean cloud mass [gm-3] does not vary much among simulations (Fig. 6f-i; see 

Fig. S2 for domain mean). This is an expected outcome from simulations with bulk microphysics schemes that use saturation 
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adjustment, where any water vapor above the saturation level is immediately converted into liquid. On the other hand, variation 325 

of in-cloud-mean CDNC [cm-3] across simulations is evident (Fig. 7a-d; see Fig. S3 for domain mean). The CDNC variation 

can be simply explained by the variation in aerosol number concentration; the more available aerosol particles, the higher the 

domain-mean CDNC (i.e., CDNC increases in the order of SB+Rural and/or Total Observed, SB+Pollution, Continental, and 

Extreme Pollution). Another bulk property that characterizes the simulated clouds is rain mass. Domain mean rain mass, shown 

in Fig. 7f-i, varies substantially across the simulations using the bulk microphysics scheme. Comparing the left and right 330 

columns of Fig. 7, one pattern is evident among the four simulations: the higher the mean CDNC, the lower the rain mass. 

This pattern of suppressed rain formation with increased aerosols is expected as a part of the so-called lifetime effect of aerosols 

(Albrecht et al., 1989). Indeed, autoconversion rates are inversely proportional to CDNC (i.e., ∝  CDNC-1.79) in the 

autoconversion parameterization in Khairoutdinov and Kogan (2000) used in this study. Note here that, while the individual 

cell lifetime may be affected by the loss of water through precipitation, the “system-wide” lifetime of the simulated shallow 335 

cumulus clouds, represented in Fig. 6f-i, seems unaffected. This can be explained by the predominant control of the 

meteorological conditions, including surface fluxes, on the formation and maintenance of these shallow cumulus clouds. 

 

Figure 7: Same as Fig. 6 but for (a-e) in-cloud-mean CDNC [cm-3] and (f-j) domain-mean rain mass [gm-3].  

 340 

We now examine cloud process rates that explain the differences in cloud bulk properties among the simulations. In-

cloud-mean droplet nucleation rates [cm-3s-1] in Fig. 8a-d do not linearly correspond to the overall CDNC patterns in Fig. 7a-
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d, which confirms that it is not only droplet nucleation but also droplet sink terms (i.e., evaporation and conversion into 

raindrops) that determine CDNCs. Droplet nucleation rates are the highest in the Continental case (Fig. 8a), because it has the 

highest number of large (> 100 nm) particles (Fig. 5). Nevertheless, droplet concentrations are the highest in the Extreme 345 

Pollution case (Fig. 7c), suggesting the large loss of droplet number in the Continental case, most likely through droplet-to-

raindrop conversion as evaporation rates are similar in all simulations (Fig. S4). This is supported by Fig. 8f-i that shows 

indeed the droplet-to-raindrop conversion rates in mass [gm-3s-1] are higher for the Continental case (Fig. 8f) compared to the 

Extreme Pollution case (Fig. 8h). This explains why the overall CDNC is higher in the Extreme Pollution case (Fig. 7c) despite 

the lower nucleation rates (Fig. 8ch). Earlier raindrop formation is evident in the two “cleaner” cases with sea breeze aerosols 350 

(Fig. 8g,i). These results are consistent with the patterns of rain mass shown earlier in Fig. 7g,i.  

 

Figure 8: Same as Fig. 6 but for in-cloud-mean (a-e) droplet nucleation rate [cm-3s-1] and (f-j) droplet-to-raindrop conversion rate 

[gm-3s-1]. 

 355 

When the time series of domain-mean surface rainfall rates are examined in Fig. 9, the patterns that we see in Fig. 7f-

i are confirmed, and even the accumulated amount of surface rainfall corresponds inversely with the number of aerosols in the 

simulations; the fewer aerosols, the more surface rainfall. This further confirms the presence of the aerosol lifetime effect on 

the shallow cumulus clouds in our CM1 simulations with the bulk microphysics scheme. 
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 360 

Figure 9: Time series of (a) surface precipitation rate [mmh-1] and (b) accumulated surface precipitation [mm]. The simulation 

results are domain-mean values. The numbers in the brackets within the legends are the rounded maximum and final values in (a) 

and (b), respectively. Observed values are shown in markers; PWD stands for Vaisala Present Weather Detectors data in the MET 

data (every minute), ARMBE (hourly), and OPT for Optical Rain Gauge data and TBRG for Tipping Bucket Rain Gauge data both 

in the MET data (every minute). Note that the two highest precipitation rates of 10.8 mmh-1 and 0.076 mmh-1 recorded by OPT at 365 

1:55pm LT and 7:57am LT, respectively, are out of the y-axis scale here. *The SDM values in (b) are indicated values from (a), as 

accumulated precipitation is not directly available as an output. 

 

3.3 Numerical simulations of shallow cumulus: Role of aerosols in bulk vs. Lagrangian microphysics schemes 

We now focus on assessing the difference in cloud properties simulated with the bulk microphysics scheme and SDM, both 370 

with the same aerosol properties of the Total Observed aerosol size distribution and number concentration. Given the major 

advantages of using SDM over bulk schemes as outlined in Sect. 1, we aim to assess the shallow cumulus cloud features and 

processes in the bulk simulation where the scheme includes limited details but is more widely used for research and forecasting.  

 The bottom panels of Figs. 6-8 show the results from the SDM simulation with the Total Observed aerosol size 

distribution (i.e., black in Fig. 5). Cloud fraction in the SDM run, shown in Fig. 6e, is similar to that in the bulk runs (Fig. 6a-375 

d), which signifies the primary control of dynamical conditions on the cloud macrophysical features for the simulated shallow 
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cumulus clouds, as opposed to the strong influence from microphysics. While the macrophysical features of the clouds are 

relatively unimpacted by the choice of microphysics schemes, their microphysical characteristics are strongly impacted as 

evident in Fig. 6i-j. In-cloud-mean cloud mass is 29% higher on average in the SDM run throughout the simulation, which 

suggests “thicker” clouds therein and is somewhat counterintuitive given the use of saturation adjustments in the bulk scheme 380 

that convert all supersaturated water vapor into liquid. This tendency of lower cloud mass in the bulk run, alternatively, can be 

a result of numerical diffusion. A similar result of lower cloud mass in the Eulerian bin microphysics scheme, compared to 

SDM, was reported in Chandrakar et al. (2022) and attributed to numerical diffusion in the Eulerian scheme.  

As in Sect. 3.2, we first focus our comparison on the bulk cloud properties. In-cloud CDNCs are very different 

between the bulk run (Fig. 7d) and the SDM simulation (Fig. 7e). The SDM run has more than five times higher in-cloud 385 

CDNCs on average throughout the eight-hour simulation. This difference is another counterintuitive discrepancy between the 

two simulations given that the bulk simulation gets an infinite supply of aerosols while the availability of aerosols is limited 

in the SDM run (i.e., Sect. 2.2). An even larger difference between the bulk and SDM simulations is evident in rain mass, as 

shown in Fig. 7i-j. In the SDM run, non-zero rain mass is present in the atmosphere, yet its amount is orders of magnitude less 

than that in the bulk and the rain does not reach the ground (Fig. 9). In contrast, all the bulk runs seem to have surface rainfall, 390 

while the amount varies. These bulk properties of the clouds in the SDM run still technically follow the pattern of “more 

aerosols, less rain” found in the bulk simulations (Sect. 3.1), but the rain mass difference between the bulk and SDM is 

substantially larger than those among the bulk simulations. Observed values of surface rainfall rates [mm h-1] and accumulated 

precipitation [mm] are also shown in Fig. 9. These values come from the hourly ARMBE and the Vaisala Present Weather 

Detectors (PWD), the Optical Rain Gauge (OPT), and the Tipping Bucket Rain Gauge (TBRG) data in the MET data (every 395 

minute). The observed precipitation rates and accumulated precipitation rates are mostly zero, which further confirms the 

reliability of the SDM simulation results. However, a single pulse of surface rainfall was recorded by the OPT (light blue in 

Fig. 9a) at around 8 am and 1:55 pm LT, which are considered outliers. 

Now we compare cloud process rates to explain the differences in the cloud properties above. Interestingly, Fig. 8e 

shows a few orders of magnitude lower in-cloud droplet nucleation rates in the SDM run in comparison to the bulk run (Fig. 400 

8d). This tendency is seen throughout the simulation period, which is probably due to the continuous supply of aerosols in the 

bulk run. It also signifies that the activated droplets continuously get “lost” in the bulk runs after getting activated, either by 

evaporation or conversion into raindrops, and this is why the activation rate in the bulk simulation remains much higher than 

that in the SDM run for eight hours, rather than showing the difference only at the initial cloud formation. Consistent with this 

expectation, in-cloud-mean droplet-to-raindrop mass conversion rates in the SDM run shown in Fig. 8j are much lower than 405 

that in any of the bulk runs (Fig. 8f-i) throughout the simulations. Though bulk scheme does not output droplet number loss 

directly, additional analysis suggests that droplet loss through both evaporation and autoconversion play a role here.    

Figure 10 compares aerosol concentrations in the bulk simulation using the Total Observed aerosol input (orange; unchanged 

throughout the simulation) and those in the CM1-SDM run (black box-and-whisker plots). The figure clearly presents the 

lower aerosol concentrations in CM1-SDM near the cloud base (< ~1.5 km) compared to the bulk run. Interestingly, however, 410 
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aerosol concentrations are higher in CM1-SDM above ~2 km, especially later in the simulation. This tendency is more 

pronounced in the updraft (blue in Fig. 10) where cloud developments are likely. It is likely that these are unactivated aerosol 

particles lifted from below cloud base and may play a role if these clouds were to develop further into cumulus congestus and 

deep convection. This topic of aerosol recirculation within the vertically developing cumulus clouds will be addressed in our 

forthcoming work. 415 

 

Figure 10: Vertical profile of aerosol concentration [cm-3] in the CM1 bulk-microphysics simulation with the Total Observed aerosols 

(orange; unchanged throughout the simulation), along with the box-and-whisker plots of in-cloud (Qc > 0.0) aerosol concentrations 

from the CM1-SDM simulation (black; all domain) binned every 200 m in altitude at (a) 9am, (b) 12pm, and (c) 3pm LT. The blue 

box-and-whisker plots show the statistics from grid points with updrafts (> 0.1 ms-1) and non-zero cloud mass (i.e., Qc > 0.0) to 420 

represent aerosols in areas with a potential cloud development. 

 

Considering SDM represents microphysical processes in significant detail, and likely more realistically than the bulk 

scheme, it is fair to conclude that the surface rainfalls seen in some of the bulk simulations are overestimations, caused by the 

overestimated autoconversion/collision-coalescence (droplet-and-droplet collision) and/or accretion (droplet-and-raindrop 425 

collision) rates in the bulk scheme. From our results, it is unclear whether the overestimation of droplet-to-raindrop conversion 

in the bulk scheme occurs due to (1) a deficiency in the representation of droplet activation rates and CDNC (Fig. 7a-d), which 

leads to higher collision-coalescence rates, (2) structural limitation and parametric uncertainties in the parameterizations of 

autoconversion and accretion, or (3) both (1) and (2). Since observations provide bulk cloud properties but not process rates, 

we cannot obtain confirmation of (1), (2), or (3) from observations. Nevertheless, our comparison of the results from the bulk 430 
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runs and the SDM run provides an example of a bulk microphysics scheme, often used in larger-scale models and for 

operational forecasting, erroneously producing rainfalls from shallow cumulus clouds, especially in relatively polluted 

conditions (e.g., Thompson et al., 2025a).  

Overestimation of surface rainfall in an Eulerian scheme in comparison to a simulation with the SDM, along with the 

earlier onset of precipitation, was previously reported by Chandrakar et al. (2022), although their work assessed a bin scheme 435 

rather than a bulk. They attributed the overestimation of rain in the bin scheme to a wider droplet size distribution therein, 

caused by numerical diffusion. Morrison et al. (2018) also reported such size-distribution broadening by numerical diffusion 

in a bin scheme. It is therefore critical to assess the validity of bulk simulation results and identify the reason for their 

discrepancy from the observation-constrained (Sect. 2.2) Lagrangian simulations. Based on our study, along with a recent 

study by Allwayin et al. (2024) who presented observational evidence of locally much narrower droplet size distributions than 440 

a wider gamma-like size distribution when averaged over time, we conclude our simulation results are likely due to any/all of 

(1)-(3) stated above. To resolve this issue, we need (a) an assessment of the validity of structural choices in bulk microphysics 

schemes, including a droplet activation parameterization and a gamma size distribution for droplets, through comparisons with 

in-situ data as in Allwayin et al. (2024), and (b) a rigorous evaluation of assumptions embedded in autoconversion/collision-

coalescence and/or accretion parameterizations in bulk microphysics schemes through comparisons with high-resolution in-445 

situ observations under different cloud conditions, controlled laboratory experiments such as cloud-chamber experiments, 

and/or with observationally constrained detailed microphysics schemes/models, such as high-resolution LES with a 

Lagrangian microphysics scheme, in the future. 

4 Conclusions 

This study utilizes the four-month-long observational data from the TRACER field campaign IOP to classify air masses 450 

arriving at the AMF1 observation site near Houston, TX, into groups with similar wind and aerosol characteristics. Using a K-

means clustering approach, we identify four dominant aerosol clusters. The four clusters are named after their characteristics 

as follows; (1) Continental: mostly coming from the land region to the northeast of AMF1 commonly in the early morning, 

the aerosols in this cluster show moderately high concentrations with generally large sizes, (2) Sea breeze + Pollution: brough 

to the AMF1 site by strong southeasterly winds from the Gulf, this cluster includes both large marine particles and freshly 455 

emitted small aerosols from the industrial bay area in the late afternoon, (3) Extreme Pollution: with the most notable 

characteristics of having extremely high aerosol concentrations and generally small aerosol sizes, particles in this cluster come 

from the polluted regions in the vicinity in all directions during the daytime when the industrial activity heightens, and (4) Sea 

breeze + Rural: this most commonly observed cluster is characterized by strong southerly/south-southwesterly winds that 

bring large marine particles from the Gulf and smaller aerosols in the rural area to the southwest of AMF1 (i.e., around 460 

TRACER’s ancillary site ANC in Guy, TX) in the evening/morning.  
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Using the distinct aerosol concentrations and aerosol size distributions for these clusters, four CM1 simulations with 

a bulk microphysics scheme are run and compared to each other for a shallow cumulus clouds case. Our comparison shows a 

strong impact of aerosol abundance on the raindrop formation processes, where higher aerosol concentrations reduce 

autoconversion and accretion rates and hence raindrop/rainfall formation as well, as expected from the classic aerosol lifetime 465 

effect. On the other hand, comparison with the run with the Lagrangian microphysics scheme (SDM) and the lack of observed 

rainfall indicates that the simulated droplets-to-raindrop conversion rates in the bulk runs are too high, and therefore, the 

surface rainfall from these simulated shallow cumulus clouds are likely unrealistic. The most probable reasons for the 

overestimated raindrop formation rates in the bulk runs are (1) underestimated CDNCs, which leads to higher 

autoconversion/collision-coalescence rates, and (2) erroneous calculations/parameterizations of autoconversion/collision-470 

coalescence and/or accretion process.  

 This study demonstrates the applicability of the K-means clustering method to continuous observations of aerosols 

and clouds in characterizing air masses arriving at a particular point. Even under the complex environment where multiple 

aerosol sources coexist in the vicinity, such as the AMF1 site near Houston, the patterns of air masses are successfully identified 

through clustering, where two out of the four clusters are likely a mixture of multiple aerosol types (i.e., Sea breeze + Pollution, 475 

Sea breeze + Rural). Another highlight of this work is the strong impact of aerosol characteristics and choice of microphysics 

scheme on precipitation formation in shallow cumulus clouds. A re-evaluation of some assumptions related to aerosols and 

clouds in microphysics schemes is needed to faithfully represent cloud and precipitation in models. Furthermore, using a 

horizontally variable aerosol composition to represent spatially inhomogeneous aerosol sources in future work may reveal 

more complex aerosol-cloud interactions in the region. 480 

Code and data availability 

All the TRACER observational datasets analyzed in this study are publicly available at 

https://www.arm.gov/research/campaigns/amf2021tracer. The GOES-16 images can be made with the data available at 

https://registry.opendata.aws/noaa-goes, using the example code available at https://unidata.github.io/python-

gallery/examples/mapping_GOES16_TrueColor.html. The HYSPLIT data can be obtained at https://www.ready.noaa.gov. 485 

The CM1 model is also publicly available for download at https://github.com/NCAR/CM1. The vertical distribution of aerosols 

for TRACER-MIP, used in this study, is described in detailed at https://arm-synergy.github.io/tracer-mip/Roadmap.html. The 

simulation data are available at https://www.doi.org/10.5281/zenodo.20348438. 

Supplement link 

Supplementary figures are available in a separate file. 490 
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