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16 Abstract. In December 2015, Chennai, a coastal megacity in India, faced an extreme precipitation-flooding event
17 (EPF) that triggered a devastating 1-in-100-year flood. Several previous attempts failed to accurately simulate the
18 spatiotemporal variability of this EPF at the urban basin scale. Even though incorporating aerosols into operational
19 weather models can improve the accuracy of EPF simulations, it is often ignored due to its computational cost. To
20 address this, we conducted ensemble experiments to highlight the significance of aerosol-cloud interactions in
21 simulating this EPF. In that regard, we use a computationally intensive, high-resolution WRF model configured in
22 large-eddy simulation (LES) mode to represent the interactions in the complex urban microphysics. The results
23 indicate that explicit aerosol representation significantly influenced the microphysics-dynamics interaction during the
24 2015 EPF and produced rainfall patterns in closer agreement with satellite and rain gauge observations, with basin-
25 scale improvement of ~22%. Further, employing simulated rainfall in a coupled hydrologic-hydraulic modeling
26 framework increased inundation accuracy by ~50%. Thus, this study suggests that explicit aerosol representation can
27 improve the space-time simulation of rainfall and flooding for the EPF in Chennai and potentially for similar coastal

28  megacities.
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1 Introduction

Observations from recent decades reveal a distinct increase in the frequency and magnitude of extreme precipitation
events over India (Goswami et al., 2006; Mishra and Shah, 2018; Pattanaik and Rajeevan, 2010; Roxy et al., 2017).
This has increased concerns about severe urban flooding, which often results in significant loss of life and property.
Hence, accurate numerical simulation and forecasting of extreme precipitation-flooding (EPF) events are essential for

urban flood management using the EPF forecasting frameworks, which couple atmospheric, hydrological, and
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hydraulic models (Ghosh et al., 2019). Nevertheless, considering the complex nonlinear interactions between regional

9  meteorology, cloud microphysics and dynamics, and urban-scale land-atmosphere interactions at different spatio-
10 temporal scales within the atmospheric models makes it challenging. High-resolution cloud-resolving atmospheric
11 models are demonstrating improved accuracy in simulations of heavy precipitation at regional scale (Hazra et al.,
12 2017; Konduru et al., 2023; Barros et al., 2018; Sarangi et al., 2017; Sarangi, et al., 2018). However, accurately
13 capturing the spatiotemporal variability in extreme precipitation over urban basins remains a challenge, so does EPF
14 forecasting. Specifically, the biases in simulated spatiotemporal rainfall patterns over the urban basins propagate into
15 the flood forecasting system and impact the accuracy of runoff streamflow, and flood inundation predictions over
16 megacities (Gomez et al., 2019). This significantly impacts the community's flood preparedness, as the flood hazard

17 and damage assessment depend on the simulated flood depth and inundation extent.

18 Often, extreme precipitation events occur during monsoon season in India. Based on long-term observational and
19 simulation experiments, recent studies have revealed the strong influence of aerosols on extreme rainfall
20 characteristics over India through aerosol-cloud-rain processes (Rai et al., 2023). Delayed collision-coalescence in
21 warm clouds elevates condensate to mixed-phase levels, resulting in the formation of larger hydrometeors. This results
22 in delayed but intensified precipitation over the region (Sarangi et al., 2017; Sarangi, Kanawade, et al., 2018; Sarangi,
23 Tripathi, et al., 2018). However, it is uncertain whether such aerosol-cloud-rain processes play a significant role in
24 rainfall simulation at spatial scales of urban basins (i.e., 5-15 km?). This uncertainty arises partly from the sensitivity
25 of cloud microphysical processes to internal model variability (IMV), with initialization at the onset of convective
26 intensification being critical for accurately capturing extreme event intensity (Tewari et al., 2022). Hence,
27 incorporating urban aerosols into operational numerical weather prediction at the urban basin scale is largely ignored

28 , as coupled microphysics-meteorology forecasting is computationally exhaustive and time-consuming.

29 An EPF event (December 1, 2015) occurred over Chennai, a coastal megacity in India, which is considered as a 1-in-
30 100-year return period flood. The event had reported maximum daily rainfall of ~500 mm over the basin. Hence, it is
31 one of the most catastrophic urban flooding events in over a century, causing an estimated 500 fatalities and a 3 billion
32 USD loss (Nithila Devi et al., 2019). Many modeling studies have simulated this event, but these studies have high
33  biases in the simulated spatiotemporal variability of the storm and resulting rainfall over the basin. While some studies
34 highlighted the influence of synoptic-scale convective systems linked to El Nifio and Rossby wave shifts (Chakraborty,
35 2016), some attributed the warming trend of sea-surface temperature in the Bay of Bengal (Boyaj et al., 2018; Panda
36 and Rath, 2022; van Oldenborgh et al., 2016). Others indicated that the local drivers like orography (Phadtare, 2018),
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improving boundaries (Rath and Panda, 2019; Srinivas et al., 2018), cloud microphysics (Reshmi Mohan et al., 2018)
processes and use of realistic urban land use (Konduru et al., 2023; Panda and Rath, 2022) can improve the
spatiotemporal pattern of rainfall of this event. However, despite these insights, the lack of aerosol-cloud processes in
the aforementioned studies can be one of the reasons for the underestimation of the magnitude of extreme precipitation
in the urban basin. Additionally, previous studies have highlighted how errors in short-range rainfall forecasts affected
the accuracy of 2015 flood inundation predictions for Chennai city in the Adyar basin (Nithila Devi and Kuiry, 2023).

These concerns underscore the importance of having accurate spatial and temporal rainfall simulations for better
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accuracy in urban flood prediction.

9 Overall, despite the growing use of computationally intensive high-resolution WRF and LES simulations to improve
10 flood management, accurate spatiotemporal rainfall prediction at complex urban scales remains challenging.
11 Therefore, this study aims to test a focused hypothesis: Do aerosol concentrations improve the rainfall and urban flood
12 prediction of the Chennai 2015 EPF? To evaluate this hypothesis, we employed a one-way coupled atmospheric-
13 hydrologic-hydraulic modeling framework for the 2015 EPF event in Chennai. We conducted a series of aerosol
14 sensitivity experiments to quantify their effect on simulated rainfall under IMV and how these aerosol-induced

15 changes propagate into flood prediction, as detailed in Sect. 2.

16 2 Models and experiments

17 2.1 Atmospheric simulations using WRF model and sensitivity experiments

18  Weather Research and Forecasting (WRF) (Skamarock et al., 2008) is configured to perform a high-resolution
19 simulation with five interactive nested domains (27, 9, 3, 1, and 0.2 km) and 72 vertical levels (Figs. 1a and 1b). The
20 initial and boundary conditions for these simulations are obtained from the Indian Monsoon Data Assimilation and
21 Analysis (IMDAA) data (Rani et al., 2021), available at a 12 km resolution every 6 hours. The Grell-Freitas ‘scale-
22 aware’ cumulus scheme (Grell and Freitas, 2014) is applied in the 27 km and 9 km domains, while the inner three
23 domains explicitly resolve convection at 3 km, 1 km, and 0.2 km. The Mellor-Yamada Nakanishi and Niino (MYNN)
24 level 2.5 closure scheme (Nakanishi and Niino, 2009) is implemented for the planetary boundary layer (PBL)
25  processes in the outer four domains. However, the innermost domain of 0.2 km is configured in the large-eddy
26 simulation (LES) mode, without any PBL parameterization scheme. Additional model physics includes the RRTMG
27 scheme for both longwave and shortwave radiative transfer (Mlawer et al., 1997) and MMS5 similarity theory for

28  estimating surface heat and moisture fluxes.

29 An updated two-moment Thompson aerosol-aware microphysics scheme (Thompson and Eidhammer, 2014) is
30 employed to incorporate the influence of aerosols via cloud condensation nuclei (CCN) and ice-nucleating (proxy for
31 IN) aerosols into the model. Land surface processes across all domains are represented using Noah-LSM (Chen and
32 Dudhia, 2001) coupled with a single-layer urban canopy model (Kusaka et al., 2001; Kusaka and Kimura, 2004). The
33 CCN concentrations are estimated from the aerosol mixing ratios obtained from Modern-Era Retrospective analysis

34 for Research and Applications (MERRA-2) (Buchard et al., 2017) reanalysis data at a relatively fine resolution of 0.5°
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x 0.625°. The MERRA-2 reanalysis data of mixing ratios for sea salts and dust, along with other hydrophilic and
hydrophobic aerosol components, were converted into number concentrations (Lu et al., 2022) and subsequently into
CCN emission (Thompson and Eidhammer, 2014). In our analysis, we considered 15 years (2003-2017) of
climatological mean CCN concentrations, which provided CCN emissions to the WRF model. To generate spatial
heterogeneity in CCN emissions over Chennai, we integrated MERRA2-derived CCN with a spatial pattern obtained
from mean 1-km Aerosol Optical Depth data from the Multi-Angle Implementation of Atmospheric Correction
(MAIAC) algorithm (Lyapustin et al., 2018). This data, averaged for November-December months of 2014-2016,
undergoes Radial Basis Function interpolation (Zou et al., 2013) using the SciPy package (Virtanen et al., 2020). This
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approach ensures realistic spatial heterogeneity in the magnitude of CCN emissions.

10  We performed three aerosol sensitivity experiments, with sequentially reducing CCN emission and concentrations
11 (Table S1). The baseline case (CNTRL) was followed by low-CCN case (LCCN10) with reduction factor of 10 and a
12 very-low-CCN (LCCN100) case at one-hundredth with all other model configurations held constant. The motivation
13 for these aerosol sensitivity experiments is that the climatological CCN values used in the CNTRL scenario (Fig. 1d)
14 might not ideally represent conditions prior to the EPF event in Chennai. In multiple studies, the period from
15 November 29 to December 3, 2015, is identified as the precipitation period for the 2015 event (Konduru et al., 2023;
16 Narasimhan et al., 2016). Thus, by 29 November, the influence of the ‘below-cloud scavenging’ (BCS) mechanism
17 must have resulted in relatively cleaner conditions (compared to the climatology mean). Based on the Laakso et al.
18 (2003) scavenging parameterization, continuous rainfall of 2-4 mm hr! over 24 hours is estimated to reduce
19 accumulation-mode aerosol concentrations by factors of ~26-180, corresponding to to 96-99% removal via wet
20 scavenging. Furthermore, several raingauge stations recorded extreme rainfall exceeding 30-40 mm hr™' on December
21 1, 2015, indicating even higher scavenging efficiency. Thus, the LCCN sensitivity experiments were designed to

22 simulate cleaner, more representative pre-event atmospheric conditions.

23 To assess the robustness of the aerosol-sensitivity results and to account for IMV within WRF, an ensemble approach
24 was employed at 1-km resolution (d4). Rainfall was simulated for the period 30 November 00 UTC to 2 December 00
25 UTC, with three ensemble members generated for each aerosol scenario using different lead times of 27, 24, and 21
26 hours, resulting in nine simulations in total. This ensemble framework (CNTRL-Ens, LCCN10-Ens, LCCN100-Ens)

27 enables a more reliable evaluation of how aerosol loading affects rainfall over the urban basin during the EPF event.
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Figure 1 WRF simulation domains, emission distribution, and HEC-HMS, HEC-RAS domain for Flood Analysis. (a)
The nested parent domains used in WRF simulations. (b) The inner domains (d4 and d5) with urban land use and
Adyar basin. (c) The delineated basin and stream network in HEC-HMS, as well as the hydraulic domain and boundary
conditions for HEC-RAS. It also shows the locations where the post-flood survey was conducted to obtain the
maximum inundation depths for the 2015 floods.(d) CCN surface emissions with urban land use for CNTRL in d4.
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2.2 One-way Coupled Atmospheric-Hydrologic-Hydraulic Modeling Framework

9 Chennai city is located in the Adyar basin (Fig. 1c), through which the Adyar River flows and discharges into the Bay
10 of Bengal. The hydrological model, HEC-HMS, is set up for the Adyar basin to simulate inflow for different scenarios
11 into the Chembarambakkam reservoir that is located upstream of the city, and also the upstream boundary condition
12 (marked as ‘hydraulic domain inflow’ in Fig. 1¢) for the hydraulic model, HEC-RAS. The Curve Number (CN) and
13  kinematic wave routing methods are used to estimate the effective runoff from precipitation and to route the riverine

14 flow in the basin. The CN method utilizes soil and land use/land cover data from the National Bureau of Soil Sciences,
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Pune, India, and Landsat 8, respectively. The two-dimensional HEC-RAS model routes the inflow hydrographs from
the HEC-HMS model through the Adyar River and obtains the flood inundation extents in the city limits. To represent
the complex urban terrain of Chennai, the 2 m x 2 m high-resolution LIDAR DEM data for Chennai city is used for
hydraulic modeling. For a better representation of flooding in the urban area of Chennai, the building footprints are

obtained from the Open Street Map (https://www.openstreetmap.org) and according to the Building Block (Brown et

al., 2007; Hunter et al., 2008; Schubert and Sanders, 2012) method, the values of DEM pixels corresponding to the

footprints are increased by 5 m to maintain no-flow condition through the buildings. More details of the hydrological-
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hydraulic model set-up and its calibration for the 2015 EPF can be found in earlier studies (Nithila Devi et al., 2019).

©

For the hydrological and hydraulic analyses, which are highly sensitive to rainfall magnitude, a single ensemble

-
o

member was selected based on its spatio-temporal performance. LES simulations (d5) for rainfall were then conducted
for all aerosol scenarios (CNTRL-LES, LCCN10-LES, LCCN100-LES) and were one-way coupled to the hydrologic-
hydraulic setup (i.e., HEC-HMS and HEC-RAS). The detailed description of all simulations is provided in Table S1.

-
N =

13 3 Results
14 3.1 Evaluation of Ensemble mean Rainfall Simulations

15 Figures 2a-d present the spatiotemporal distribution of ensemble-mean accumulated precipitation for the sensitivity
16 experiments, and its corresponding evaluation against IMERG satellite observations. IMERG revealed that this heavy
17 rainfall was mostly centered over the southern half of the Adyar basin, extending to regions further south (Fig. 2a).
18 The Adyar basin experienced significant rainfall on December 1, with in situ rain gauge data recorded precipitation

19 of 494 mm at Kattupakkam (ka) and 427 mm at Chembarambakkam (cb), respectively (Fig. 2).

20 In the CNTRL-Ens case, the maximum accumulated precipitation over the basin is approximately 270 mm, with a
21 significant fraction falling outside the basin boundary in the north near 13.5° N (Fig. 2b). In comparison, LCCN10-
22 Ens simulation demonstrates improvement in spatial distribution, with an increased Adyar basin-maximum of ~295
23 mm (Fig. 2c). LCCN100-Ens exhibits further enhancement of the ensemble-mean rainfall, producing a maximum
24 precipitation of ~370 mm within the basin (Fig. 2d). The latitudinal rainfall distribution (Fig. 2¢) captures this gradual
25 improvement, with the peak rainfall region strengthening over the south of Adyar basin as we move from CNTRL-
26 Ens to LCCN10-Ens to LCCN100-Ens, and the northern peak weakens correspondingly. Figure 2f presents the basin-
27 averaged accumulated precipitation from IMERG along with the ensemble-mean values and associated ensemble
28 spread for all the sensitivity experiments. IMERG indicates a basin-mean accumulation of 334 mm. The ensemble-
29 mean basin-averaged precipitation is 242 mm for CNTRL-Ens, 260 mm for LCCN10-Ens, and 297 mm for LCCN100-
30 Ens. The maximum basin-averaged totals within the ensemble members are 289 mm, 352 mm, and 370 mm for
31 CNTRL-Ens, LCCN10-Ens, and LCCN100-Ens, respectively, demonstrating a systematic enhancement in the

32 representation of rainfall over the Adyar basin across the three scenarios.
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2 Figure 2 Spatio-temporal distribution of rainfall across sensitivity experiments (dotted lines indicate basin extent).
3 Panels show: (a) IMERG-derived accumulated rainfall, (b-d) Accumulated rainfall from CNTRL-Ens, LCCN10-Ens,
4 and LCCNI100-Ens, respectively, with rain gauge locations and observed totals at Kattupakkam (ka),
5  Chembarambakkam (cb), Meenambakkam (mb), and Anna University (au) within the basin. (¢) Latitudinal
6 distribution of accumulated rainfall. (f) Basin-averaged accumulated rainfall from IMERG and sensitivity
7 experiments (error bars showcasing variation in ensemble members) (g) 3-hourly temporal rainfall patterns with mean
8  biases at Adyar basin. An average of four rain gauges have been used for temporal comparison.
9 At the same time, the temporal variability of precipitation within the Adyar basin is also validated using in situ rain

10 gauges (Fig. 2g). Rainfall records averaged across four gauge stations (ka, cb, mb, and au; locations shown in Fig. 2)
11 indicate that the most intense rainfall phase in the basin occurred between 09 UTC and 21 UTC. The ensemble-mean
12 temporal profiles from all sensitivity experiments show a distinct bimodal distribution during this period, consistent
13 with the IMERG observations within the basin (Fig. 3a). LCCN100-Ens exhibits the lowest temporal bias (-8.25 mm),
14 followed by LCCN10-Ens (-10.51 mm) and CNTRL-Ens (-11.67 mm) (Fig. 2f). Although all simulations show a
15 bimodal structure, the enhanced performance of LCCN10-Ens and LCCN100-Ens arises from their improved
16 representation of the temporal peaks, particularly the second peak during the period of intense rainfall. The first peak
17 at 09 UTC is comparable across simulations, with 3-hourly rainfall values of ~57 mm (CNTRL-Ens), ~46 mm
18 (LCCN10-Ens), and ~42 mm (LCCN100-Ens). However, a clear distinction appears at the second peak around 18
19  UTC, where LCCN10-Ens and LCCN100-Ens (~53 mm) outperform CNTRL-Ens (~38 mm). This advantage persists
20 and increases during later hours, resulting in accumulated ensemble-mean rainfall differences of ~18 mm for
21 LCCN10-Ens and ~55 mm for LCCN100-Ens relative to CNTRL-Ens. Figs. S1 and S2 show that these rainfall

22 differences are consistent across all ensemble members. To better understand the spatiotemporal rainfall improvement
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1 in LCCN100-Ens over the Adyar Basin, we analyze the aerosol-induced changes in simulated storm morphology and

2 cloud microphysical characteristics relative to CNTRL-Ens during the entire rainfall spell on December 1 (Fig. 3).

IMERG surface rainfall observations on a latitudinal-temporal axes highlights a northward propagation of
the storm during this event, with peak precipitation over the Adyar basin at 06 UTC and 15 UTC on December 1 (Fig.
3a). Both CNTRL-Ens (Fig. 3b) and LCCN100-Ens (Fig. 3c) successfully capture this northward shift. However,

3
4
5
6 LCCN100-Ens better represents the rainfall magnitudes in and around the basin with peak rainfall observed during
7 09-12 UTC and 18-21 UTC, contributing to relatively improved simulation of the observed bimodal temporal pattern
8 in IMERG. In contrast, CNTRL-Ens simulates rainfall more to the north of the basin, with maxima near 13.5° N at
9

12 UTC and 21 UTC, consistent with the accumulated pattern shown in Figs. 2b and 2e.

10 Comparison of altitude-averaged (surface-500 hPa) cloud water content (CWC) over the basin is consistently higher
11 in CNTRL-Ens than in LCCN100-Ens throughout the event (Figs. 3d and 3f). During 00-06 UTC on 1 December,
12  CNTRL-Ens simulates CWC values of ~0.12-0.15 g kg™!, nearly twice that in LCCN100-Ens (~0.06-0.09 g kg™'). This
13 contrast continues as the storm enters the basin during 06-09 UTC and continues through the later stages of the event
14 (18-21 UTC). The enhanced CWC in CNTRL-Ens relative to LCCN100-Ens is accompanied by comparatively lower
15 rainwater content (RWC), which remains around 0.3 g kg™! with localized higher values in the basin at 6 UTC and 15
16 UTC (Fig. 3e). In contrast, LCCN100-Ens exhibits values exceeding 0.4 g kg™! gradually propagating into the southern
17  part of the basin by 09 UTC. A similar evolution was observed in later hours, with higher RWC south of the basin at
18 15 UTC and subsequent expansion into the basin between 15-18 UTC (Fig. 3g).
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11
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As expected, lower CCN concentrations in LCCN100-Ens simulates larger droplets and enhance collision-coalescence
(Sarangi and Tripathi, 2018). This accelerates raindrop growth and supports the early RWC enhancement observed
during 06-09 UTC as the storm approaches the southern basin boundary. In contrast, CNTRL-Ens exhibits a larger
CWC to RWC ratio under higher aerosol loading, favoring northward propagation of convection during the same
period. In LCCN100-Ens, the southward enhancement of RWC during 06-09 UTC intensifies cold-pool activity

around the basin, strengthening cold-pool-driven updrafts and moisture content (Fig. S3). These processes collectively

N O b WON -

maintain peak rainfall within and near the basin through 12 UTC without any northward movement.

8 The intensified rainfall at 12 UTC further amplifies cold-pool strength and moisture-updraft interactions around the

9 basin. At 12 UTC, the spatial distribution of cold-pool intensity (Fig. 3h) shows a domain-wide band of strong cold-
10 pool signatures between 79.6-79.8°E in LCCN100-Ens, whereas CNTRL-Ens concentrates stronger cold pools farther
11 north. Consequently, LCCN100-Ens produces greater moisture-flux convergence in and around the basin at 12 UTC
12 (Fig. 3j), while CNTRL-Ens exhibits higher convergence primarily north of the basin (Fig. 3k). This setting facilitates
13  RWC and surface rainfall south of the basin at 15 UTC in LCCN100-Ens, followed by northward progression into the
14 basin by 18 UTC as cold-pool strength remains elevated (Fig. 3i). Moisture convergence correspondingly intensifies
15 around the basin at 18 UTC (Fig. 3m), in contrast to the more scattered and weaker signals in CNTRL-Ens (Fig. 31).
16 These processes collectively explain the stronger rainfall during 18-21 UTC in LCCN100-Ens. Overall, the reduced
17 CCN concentrations in LCCN100-Ens enhances microphysics-dynamics interaction in the region, improving the

18  basin’s rainfall representation.

19 3.2 Evaluation of Rainfall simulations in simulating flood discharges, depths, and extents

20 Hydrological and hydraulic simulations are carried out to determine whether the improved spatio-temporal rainfall
21 distribution from the aerosol-sensitivity experiments are reflected into corresponding changes in reservoir inflow and
22 flood simulations. Since the Adyar basin is ungauged, hydrological simulation errors are evaluated by comparing
23 simulated inflows into the Chembarambakkam (cb) reservoir (Fig. 1¢) and the Chennai city (marked as ‘hydraulic
24 domain inflow” in Fig. 1c¢) with observed inflows during the 2015 EPF (details in Nithila and Kuiry, 2025). Among
25 the WRF ensemble simulations, the 24-hour lead-time member (CNTRL-24h, LCCN100-24h, LCCN10-24h) is
26 selected based on the best spatio-temporal performance in 1-km runs (Figs. S1-S2; Table S2). Aerosol-sensitivity LES
27 simulations are then conducted using the same model configuration. These simulations improve both the basin-wide
28 cumulative rainfall on 1 December and the temporal evolution of rainfall for LCCN10-LES and LCCN100-LES
29 relative to the corresponding 1-km simulations (LCCN10-24h and LCCN100-24h), with LCCN100-LES showing the

30 closest alignment with rain gauge observations (Fig. 4a).

31 The improved rainfall representation influences the cumulative inflow volume into the cb reservoir (Fig. 4b) and
32 Chennai city (Fig. 4c). For the cb reservoir, cumulative inflow errors decreased to 14.8% and 13.8% in the LCCN10-
33 LES and LCCN100-LES, respectively, while errors for Chennai city reduced to 20.8% and 9.4%. These improvements
34 are substantial compared with errors of 30.1% and 24.9% obtained in the CNTRL-LES. The timing of peak inflows

35 is also more accurately captured in the LCCN experiments during the EPF event (Fig. S4). Such improvements in

10
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1 inflow prediction had an influence in the downstream flooding during the event. The inundation simulated based on
2 IMERG rainfall is closer to that from the rain gauge data (Nithila Devi et al., 2020) and is considered as the reference
3 for evaluating the inundation extents from CNTRL-LES, LCCN10-LES and LCCN10-LES rainfall inputs till 2
4 December 00 UTC. Although we were unable to secure satellite-derived inundation extents, the hydraulic simulation
5 was validated using post-flood survey depths collected closer to the Adyar River. Therefore, it can be used as a
6 reference for accuracy assessment (Nithila Devi et al., 2020). Figure 4d showcases the confusion matrix of the area
7 and depth distribution for the experiments. It categorizes the simulated results as correctly simulated (wet in both
8 observed and simulated), underpredicted (wet in observed but dry in simulated), and overpredicted (dry in observed
9 but wet in simulated) relative to the reference in the corresponding computational cells. LCCN10-LES and LCCN100-
10  LES exhibit flood extents of 10.33 km? and 12.07 km? respectively demonstrating the closest alignment with the
11 reference maximum inundation area of 15.37 km?. These represent ~29% and ~51% improvements over the CNTRL-
12 LES's 8.01 km? simulated flood extent. We have quantified the accuracy of predicted flood inundation extent using
13 fitness index scores (Kuiry et al., 2010). It reported values of 0.52 for CNTRL-LES, 0.67 for LCCN10-LES, and 0.78
14 for LCCN100-LES. These results emphasize the enhanced accuracy of LCCN experiments in simulating flood
15  inundation depth and extent.

11
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Figure 4 Composite analysis of LES simulations, inflows and inundation depths for all the aerosol-sensitivity
experiments. (a) Cumulative rainfall over the Adyar Basin from the LES runs compared with the best ensemble
member. The cumulative inflow volume from IMERG and simulated inflows (b) into cb reservoir and (c) into Chennai
city. (d) The inundation depth for these simulations alongside a confusion matrix depicting the pixel count and depth
distribution with the reference values from IMERG data till 2 December 00 UTC.
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1 4 Discussion and Implications

Ensemble experiments with varying CCN emissions and concentrations were conducted for the 2015 EPF event. The
results illustrate that inclusion of realistic aerosol conditions (less aerosols due to scavenging effect of ongoing rainy

conditions) improved the microphysics-dynamics interaction and improved the basin-scale rainfall patterns as

2

3

4

5 simulation biases reduced against IMERG and rain gauge observations. Lower CCN concentrations led to more RWC

6 to CWC ratio at lower atmospheric levels. This shift enhanced warm-rain processes, improving the rainfall magnitude

7 and timing into the basin. Further, rain evaporation processes supported long-term intense cold-pool activity near the

8  basin (Mallinson and Lasher-Trapp, 2019). The persistent cold-pools intensify low-level moisture convergence

9  through thermodynamic forcing, establishing favourable conditions for secondary convection (Schlemmer and
10 Hohenegger, 2014; Schlemmer and Hohenegger, 2016), simulating the bimodal rainfall peaks observed in the basin.
11 In contrast, the simulations with climatological CCN produced an excessive CWC to RWC ratio, causing a premature
12 northward shift of convection and reduced basin accumulated rainfall. Further, LES experiments further demonstrated
13 that under low-CCN conditions, rainfall magnitude and timing improved within the basin, inflow biases were reduced,
14 and inundation extent estimates were enhanced. To summarize, using coupled atmospheric-hydrologic-hydraulic
15 simulations of an EPF event over Chennai on December 1, 2015, the study shows evidence that representation of

16 aerosols at the basin scale can affect the accuracy of EPF prediction and, consequently, urban flooding.

17 From a water resources management perspective, the coupled modeling framework used in this study is required
18  during EPF events. During the 2015 Chennai flood, about one-third of the peak inflow resulted from
19  Chembarambakkam reservoir releases (Nithila Devi et al., 2019; Nithila Devi and Kuiry, 2024). Reducing initial
20 reservoir storage prior to the event could have mitigated the flood impact by 30% and delayed the peak by 12 hours
21 (Panchanthan et al., 2020). Balancing flood mitigation with maintaining adequate reservoir storage during monsoons
22 is crucial. Accurate rainfall prediction, which is the focus of this study, is key to making timely decisions for the

23 reservoirs about water storage or release.

24 While this investigation elucidates the pivotal influence of urban-scale CCN heterogeneity on EPF during the 2015
25 Chennai event, these findings pertain to a single case. This is mainly due to the formidable computational and time
26  requirements of EPF modeling as high-resolution WRF simulations, comprehensive 9-member physics-aerosol
27 ensembles, and computationally exhaustive LES simulations, requiring 100s of core-days per event including regional
28 physics parameterization optima and nested domain configuration. Nevertheless, our rigorous methodological
29 framework establishes quantitative aerosol microphysical plausibility (14-28% rainfall response to coastal CCN
30  gradients) at urban scales. Subsequent investigations should systematically extend this protocol across
31 climatologically diverse EPF archetypes (e.g., Mumbai 2005, Kochi 2018 etc) to rigorously understand aerosol’s role

32 on EPF modeling at urban scales which may vary across events and regions.

33
34
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Data Availability

The three-hourly aerosol mixing ratio data for the period 2003-2017 were obtained from the Global Modeling and
Assimilation Office (GMAO) through the MERRA-2 dataset (inst3_3d aer Nv;
https://doi.org/10.5067/LTVB4GPCOTK?2, last access: 30 November 2025). Rainfall data were obtained from the
IMERG satellite data (Huffman et al., 2023; https://doi.org/10.5067/GPM/IMERG/3B-HH/07, last access: 30

November 2025). The accumulated rainfall data used in this study are publicly available on Zenodo

https://doi.org/10.5281/zenodo.17897013 (Paul, 2026).
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