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Abstract. In recent years, there has been a growing recognition of the significance of Land-Atmosphere (L-A) interactions

in mediating the strength of L-A interactions and js important for understanding the complex and governing processes across ;

this interface. This study aims to identify the significance of soil moisture in identifying L-A coupling strength within the

Convective Triggering Potential (CTP) and Humidity Index (HI) framework. To address this, a consistent and reliable dataset

of atmospheric profiles is created by merging CTP and HI using Triple Collocation (TC) with three reanalysis datasets. The

merged CTP and HI product demonstrates enhanced performance globally as compared to the individual datasets when

validated with radiosonde and satellite observations. This merged product of CTP and HI is then used to compare the L-A

coupling strength based on Soil Moisture Active Passive Level 3 (SMAPL3) and SMAP Level 4 (SMAPL4) over two decades

(2003-2022) where L-A coupling strength is defined as the persistence probability within the dry and wet coupling regimes.
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the difference in sample sizeThe increased coupling strength in
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compared to SMAPL3. While it is not clear which of the two
datasets better represents the “real world coupling”, the difference in
coupling strength based on the same CTP-HI, underscores the
importance of soil moisture data onin estimating coupling strength
within the CTP-HI framework.

Results indicate that the persistency-based coupling strength is related to the ability of soil moisture to predict future

atmospheric humidity and dry vs. wet coupling state. The coupling strength in SMAPL4 is consistently stronger than in

SMAPLS3 and is likely due to its reliance on a land surface model and reduced susceptibility to random noise. The difference

in coupling strength based on the same CTP-HI underscores the importance of soil moisture data in estimating coupling

strength within the CTP-HI framework. ;These findings lay the groundwork for understanding the yole of L-A interactions and
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1 Introduction

Land-atmosphere (L-A) interactions are critical to Earth's complex climate processes and environmental sustainability (Seo

and Dirmeyer, 2022; Seneviratne and Stockli, 2008). These interactions are primarily driven by the two-way energy,

momentum, and mass exchanges between the land surface and the overlying atmosphere (Hsu and Dirmeyer, 2023). Among
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the many components influencing L-A interactions, soil moisture is a critical element (Zhou et al., 2019; Santanello et al.,

: CDeIeted:

2018; Saini et al., 2016; Alexander et al., 2022; Wakefield et al., 2019 ; Findell et al., 2023). Soil moisture is not merely a

passive participant but active modifier of water and heat transfer between the land and the atmosphere (Qi et al., 2023). It
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One way to address the challenge of uncertainties in reanalysis datagsets, is to employ data merging techniques, as suggested
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multiple reanalysis data. Many merging techniques exist, including M-kernel merging (Zhou et al., 2003), optimal interpolation
(Lorenzo et al., 2017), Random Forest algorithms (Nguyen et al., 2021), and approaches rooted in Bayesian analysis (Wilson
and Fronczyk, 2016) to name a few. However, the Triple Collocation (TC) method has emerged as an invaluable technique for

estimating error variances within datasets, as evidenced by research from Gruber et al., (2017), Gruber et al., (2020), Stoffelen,
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the statistical attributes of multiple datasets to reduce the bias and quantify the uncertainties associated with each dataset.

Lonsequently,the TC methods an ideal choice to create a more robust merged CTP and HI metric for analysis of L-A coupling

strength.
This study aims to enhance our understanding of L-A coupling classification by developing and applying a merged CTP and

HI dataset, to isolate, the impact of different soil moisture products on the CTP-HI framework and the associated coupling

strength. Specifically, it focuses on the L-A coupling that results from using either the Soil Moisture Active Passive Level 3 \,\
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framework. The goal of this comparative study is to uncover how soil moisture, as detected through direct satellite observations
(SMAPL3) and assimilated data products (SMAPL4), influences L-A coupling strength across the globe. The anticipated \
insights into how soil moisture variability influences coupling strength will provide critical advancements for assessing
hydrological extremes. The comprehensive analysis of the coupling series, detailed in the results and discussion section,

underscores the contributions of this study towards improving predictive models for weather and climate applications.
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2 Methodology
2.1 L-A Coupling Classification

To quantify the L-A coupling, the observational-based CTP-HI framework developed by Roundy et al. (2013) is used, This,

framework, is similar to fthe Findell and Eltahir (2003) framework in that it utilizes measures of atmospheric stability (CTP),
\

and humidity (HI), but goes a step further by using soil moisture (SM) to classify the CTP-HI into coupling regimes. The use *

of soil moisture to classify the CTP-HI space provides an observationally based approach to L-A classification, which is

different from the Findell and Eltahir (2003) approach that utilized model simulations to classify the CTP-HI space. A brief
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the classification period from April 2015 to 2022.

2.1.1 Classification Input Variables +

The left panel in Fig. 1 shows a conceptual diagram of the input variables required and includes an atmospheric thermodynamic

diagram showing the CTP (atmospheric stability) and HI (atmospheric moisture) as well as a representation of SM (surface

moisture). ,The CTP is the integrated area between the temperature profile and a moist adiabat between 100 and 300 hPa above .
the surface. It quantifies the stability of the atmosphere, where a more negative value indicates,stable conditions, and a more

positive value indicates unstable conditions. The HI quantifies moisture content in the lower atmosphere, explicitly reflecting
the lower tropospheric,dew point depression. The HI is calculated as the sum of the dew point depressions at 50 and 150 hPa
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above the surface. A large value of HI indicates a dry atmosphere as there is a significant difference between the temperature

and the dew point temperature at the specified pressure levels, As the dew point temperature approaches the temperature, the

HI decreases and eventually reaches zero when the atmosphere is saturated. SM is a measure of surface wetness and is usually

taken as the top-level soil moisture, thus making satellite remote sensing estimates an ideal input. Daily values of each of the

three input variables are typically taken before sunrise to capture the state of the land and atmosphere prior to the impact of

solar radiation. It is not always possible to have estimates right before sunrise, especially for remote sensing variables which
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2.1.2 Classification of the CTP-HI Space «

The classification process relies ondaily values of the early morning estimates of CTP, HI and SM over a classification period.

In this work, the classification period was selected as April 2015 to December 2022, to be consistent with the SMAP
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observational record, An example of the joint probability space, with the CTP in the x-axis, the HI in the y-axis, and the SM
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parameters are considered to be in a transitional L-A coupling regime. Lastly, areas in the CTP-HI framework that do not show

a significantly different distribution of soil moisture relative to the climatology are classified as atmospherically controlled.

signifying that the convective processes are predominantly driven by atmospheric factors rather than land surface feedback,

atmospherically controlled and transitional regimes are merged into a single category termed atmospherically controlled for

his analysis. The,cla.
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classification to account for the difference in climatology across datasets and yegions around the globe, overcominga limitation ;

of the original Findell and Eltahir (2003) framework (Ferguson and Wood, 2011).

2:1.3 L-A Coupling Strength

simplify, the analysis and to emphasize the crucial role that soil moisture plays in defining the dry and wet regimes, the /

DOnce the CTP-HI space is classified based on estimates of morning observations of CTP, HI, and SM, a daily coupling, ‘

timeseries can be generated. The daily coupling is determined by mapping the CTP and HI values for a day onto the classified

CTP-HI space (right panel Fig. 1). For example, if the CTP and HI for a particular day map to a wet coupling regime, then that

day is classified as a wet coupling regime day. This process is repeated for every day where there is an estimate of CTP and

HI. Since the process for determining the daily coupling regime does not require the SM variable, the coupling timeseries can
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This study uses the revised CTP-HI framework developed by
Roundy et al. (2013), which incorporates the interplay between soil
moisture and atmospheric conditions to identify four In the revised
CTP-HI framework developed by Roundy et al. (2013), the interplay
between soil moisture and atmospheric conditions is distinguished
into four specific coupling regimes: wet coupling, dry coupling,
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The TC, methodology is employed to create a merged CTP and HI dataset from three reanalysis products: the Modern-Era

("' d:is

Retrospective Analysis for Research and Application, version 2 (MERRA?2), the Climate Forecast System Reanalysis (CFSR),
and European Centre for Medium-Range Weather Forecast (ECMWF) Reanalysis v5 (ERAS). The 1C method requires

(" leted: triple collocation

choosing a reference dataget (used to estimate the true values of the measured physical phenomenon). MERRA? is selected to

be the reference dataset, however, it is worth noting that previous studies have indicated that the choice of reference dataset

does not impact the outcome of TC error variance (Anderson et al., 2012). The first step involves converting the CFSR and

ERAS estimates (0) into the MERRA2 climatology (0') using equations (2) and (3) to establish a common reference framework

for the datasets.

’ —_ OMERRA2
0 crsr = Mmerraz + (Ocrsr = Hersr) (—g )
CFSR
’ —_ OMERRA2
0'cras = HMugrraz + (Opras = Hgras) (—E,ERA5 )

2
3)

In the above step, 11 represents the mean and o is the standard deviation of the respective datasets. The normalized composites
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are linearly scaled and used as input in TC analysis, as described below in equations (4) — (6). Each dataset was rescaled to a

consistent grid resolution of 1°x1° before applying the TC method and was evaluated from 2003 to 2022 to calculate the TC /

error value (£2).
Elrprraz = {(BMERRAZ - SICFSR)(QMERRAZ - 9’ERA5)}
elrsp = {(Bcrsr — 9’MERRA2) (Bcrsr — G’ERAS)}

fras = {(HERAS - GICFSR)(QERAS - H’MERRAZ)}

“)
©®)
©

The above equation brackets indicate the temporal average of differences between two datasets over the study area.

Mathematically, the ideal merger of a variable from numerous datasets requires information regarding errors, such that a highly

accurate data source receives the larger weight for merging and vice versa (Chen et al., 2022). T,o generate an unbiased merged

data product from the three datasets, the sum of individual weights at each grid cell should be one (Wyzrpas + Wepsg +

Wgras = 1){Gruber et al., 2017). The merged outcome or cost function is calculated using equations (7) to (9), which |

minimizes the error variance in the merged, outcome obtained from the least square approach and highly depends on the TC

error (Lyu et al., 2021).
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The weights remain consistent with the three datasets. The resulting merged CTP and HI, as well as the individual reanalysis

products (MERRA2, CFSR, and ERAS) are evaluated against estimates of CTP and HI from in-situ radiosondes and satellite
remote sensing based on several summary metrics, including the Mean Absolute Error (MAE), bias, and the correlation

coefficient (CC) as discussed in section 4.1.

3. Dataset Description

This, study ptilizes datasets that include soil moisture products derived from satellite remote sensing, as well as atmospheric

Moved up [2]: Additionally, the study comprises a 30-day
centered window (15 days on either side of the compound event)
that removes the effect of seasonality. To reduce complexity due to
the leap year and keep consistency, the analysis only considers 28
days in February for each year.
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profiles for calculating the CTP and HI metrics. The computation of CTP and HI requires surface pressure, 2-meter temperature
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(T2m) and dew point temperature (DP2M), and yertical profiles of humidity (q) and temperature (T), A summary of these

datasets, including their horizontal and temporal resolutions and coverage, is presented in Table 1.

Satellite remote sensing and in-situ data are used to assess the performance of the merged CTP-HI dataset. Specifically, CTP )

CDeIeted: frameworks

and HI are calculated using data from the Atmospheric Infrared Sounder Version 7(AIRSv7)as well as radiosonde observations

from Integrated Global Radiosonde Archive Version 2 (IGRA2). To ensure spatial consistency in the study, all datasets were
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standardized to a uniform spatial resolution of 1°x1°, which aligns the analysis with the spatial and temporal coverage of the
AIRSV7 from 2003 to 2022.

The merged product js validated using the AIRS overpass time (~1:30 AM local time) to leverage the benefits of remote
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sensing data (i.e., global coverage). However, the theoretical basis for the CTP-HI framework relies on early morning
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observations of CTP and HI (Findell and Eltair, 2003; Roundy et al. 2013), which more closely align with the SMAP overpass

time (~6 AM local time). Estimates of CTP and HI calculated from reanalysis at 1:30 AM and 6:30 AM reveal variations that

suggest that the timing of data acquisition may influence these measurements. Therefore, he merged product is created at two

; (Deleted: satellite remote sensing observation and
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different times, the AIRS overpass time (~1:30AM) and at sunrise. The validation of the merged product is,pased on CTP and )
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HI calculated at the AIRS overpass time so that it can be directly compared to AIRS, while the merged sunrise CTP and HI is

O‘ leted: for validation

Deleted: Comparisons between data from AIRS nighttime

used for the analysis on coupling strength to be consistent with previous L-A coupling work,

Table 1: Description of the dataset for Convective Triggering Potential (CTP), Humidity Index (HI), and Soil Moisture (SM) used
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in this study.
Dataset Type Variable Horizontal ~ Vertical Temporal Temporal range
Resolution  Resolution Resolution

MERRA2 Reanalysis CTP, HI 0.5°x0.625° 72 Levels 6 hours 2003 to 2022
CFSR Reanalysis CTP, HI 0.5°x 0.5° 64 Levels 6 hours 2003 to 2022
ERAS Reanalysis CTP, HI 31 km 137 Levels 1 hour 2003 to 2022
IGRA2 In-situ CTP, HI - N/A 6-12 hours 2003 to 2022
AIRSV7 Remote Sensing CTP, HI 1°x1° 24 Levels 12 hours 2003 to 2022

overpasses reanalysis and sunrise reanalysis have revealed variations
in the estimates of CTP and HI, suggesting
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SMAPL3 Remote Sensing SM 9 km N/A 12 hours April 2015 to 2022
SMAPL4 Assimilated Soil Moisture ~ SM 9 km N/A 3 hours April 2015 to 2022

3.1 CTP and HI Datasets

The CTP and HI is calculated using three reanalysis datasets (MERRA2, CFSR and ERAS), satellite estimates, and in-situ

observations. When performing [J'C analysis, it is crucial to consider the presence of biases and errors in the datasets across

different variables and applications. For instance, Park et al. (2020), Dong et al. (2020), Arshad et al. (2021), and Kozubek
(2020) have observed variations among these reanalysis datasets in their respective studies. Yingshan et al. (2022) found
seasonal trend variations in all three datasets and concluded that ERA5 demonstrated superior performance in short-wave and
long-wave radiation compared to MERRA?2. Zhang et al. (2021) evaluated the surface air temperature in China and reported
significant interannual variability in the MERRA2, CFSR, and ERAS datasets. Hassler and Lauer (2021) noted that
performance in tropical areas varies depending on the subset of data used, such as land-only, ocean-only, or land-atmosphere-
ocean. Santanello et al. (2015) reported a dry bias in CFSR and a wet bias in MERRA in the overall surface planetary boundary
layer (PBL) based on local land-atmosphere coupling (LoCo) analyses over the U.S. Southern Great Plains. A description of
each of the CTP-HI, datasets is given below.

(l‘ leted: triple collocation

3.1.1 The Modern-Era Retrospective Analysis for Research and Application, version 2 (MERRA2)

NASA's Global Modelling and Assimilation Office (GMAO) developed MERRA2 as an atmospheric reanalysis dataset,
employing the Goddard Earth Observing System (GEOS) Atmospheric General Circulation Model (AGCM). The AGCM is a

sophisticated numerical model that simulates the Earth's atmospheric processes, providing a comprehensive framework for

understanding climate dynamics and variability, MERRA2 provides 6-hourly observations with an approximate spatial

(" leted: Catchment Land Surface model.

resolution of 0.5°x0.625° and includes 72 hybrid pressure levels ranging from the surface to 0.01hPa (Gelaro et al. 2017), The
data assimilation system of MERRAZ2 utilizes the 3D-var algorithm and spans from 1980 to the present. Gelaro et al. (2017)

describe how the dataset incorporates observation-based precipitation to force the land model, ensuring realistic precipitation

inputs, along with advancements and improvements made in the system.

(" leted: (Ochege et al., 2021)

(" leted: the assimilation process of MERRA2

3.1.2 The Climate Forecast System Reanalysis (CFSR)

The Climate Forecast System Reanalysis (CFSR) is developed by the National Center for Environmental Prediction (NCEP).

It covers the period from 1979 to the present. It provides six-hourly variable,estimations, including 64 atmospheric levels at a

(pstss

0.5° x 0.5° horizontal resolution, (Saha et al. 2010), Operating as a global coupled atmosphere-ocean-land surface-sea ice

=

system, CFSR incorporates satellite radiance data and employs the Integrated Forecasting System (IFS) Cycle 41r2 with the
3D-var data assimilation system. Observations are carefully considered for each component during the assimilation process of

the CFSR dataset, however CFSR uses observation-based precipitation to force the land model, enhancing precipitation
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3.1.3 European Centre for Medium-Range Weather Forecast (ECMWF) Reanalysis v5 (ERAS)

ERAS, the fifth ECMWEF reanalysis data of global climate, is accessible from January 1959 to the present and produced by the
Copernicus Climate Change Service (C3S). ERAS provides hourly land and atmospheric climate variable estimations at

approximately a 31 km spatial resolution and 137 levels from the surface to 80 km (Bell et al., 2021), It employs the Integrated

(os

Forecasting System (IFS) Cycle 41r2 and assimilates satellite and in-situ observations. ERAS includes advanced screen-level
assimilation for 2m temperature and relative humidity components, where the soil moisture is nudged to better match the 2-

meter observations. ERAS5 assimilates soil moisture from spaceborne scatterometers and integrates various precipitation data

sources, improving soil moisture and precipitation estimates. Hersbach et al. (2020) compared ERA5 with radiosonde data and

showed temperature, wind, and humidity improvements in the troposphere for the latest version.

Differences in land surface observations among these datasets can impact atmospheric variables and introduce biases. Soil

moisture influences evaporation and humidity, while observation-based precipitation enhances land model accuracy,

influencing atmospheric moisture and stability. ERAS benefits from direct soil moisture assimilation, which potentially reduces

bias. In contrast, MERRA2 and CFSR use observation-based precipitation to force their land models and rely on model-

generated soil moisture. This approach can introduce bias in temperature and humidity profiles due to uncertainties in the

modeled soil moisture. .

(Centella-Artola et al., 2020).
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3.1.4 The Integrated Global Radiosonde Archive (IGRA) Version 2

The Integrated Global Radiosonde Archive Version 2 (IGRA2) is a comprehensive dataset provided by the National Center
for Environmental Information (NCEI) of the National Oceanic and Atmospheric Administration (NOAA) in the United States.

It offers access to high-quality radiosonde observations, over 1500 stations worldwide from 1905 to the present (Durre and

Understanding these differences is essential for

Del
[intcrprcting reanalysis data.

(Formatted: Font: 10 pt

N N

(os

Yin, 2008). The dataset has undergone quality control and adjustments to correct instrument biases across various regions.
These procedures ensure that the IGRA records are homogeneous and robust, making them valuable for long-term climate
studies.

Despite its comprehensive coverage, the IGRA2 dataset presents challenges, including non-uniform data distribution across

the world due to variable observation frequencies. Although radiosonde observations are typically recorded twice daily at

(oa

00:00 and 12:00 Coordinated Universal Time (UTC), in some regions, additional observations are taken at 06:00 and 18:00

Globe
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UTC. Therefore, the frequency and timing of these observations differ among stations and locations. In this study, calculations

for CTP and HI are performed using radiosonde data that fall within a £3-hour window of the night-time AIRS overpass

(~01:30 AM local time). This targeted approach aligns CTP and HI calculations with the same observation time during the
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merging and validation process. Also, when multiple observations are available for a single grid cell, the selection criteria,
prioritizes the station offering the most frequent data. A map of the geographic location of the IGRA2 radiosonde observation

sites, along with regional totals in North America (NAM), South America (SAM), Africa (AFR), Europe (EUR), Asia (ASA),

c

UTC

(Deleted:

01

=1

(oa

10

es across the Globe

/ AN ANANAANANA




and Australia (AUS) is given in Fig. 2. Across the world, 534 locations have data available from 2003 to 2022. Most

observations are in Asia, followed by North America and Europe.

Regions: 5 0
IGRA2 ob: ti tati bar of atat
observation stations Number of Stations

1155 Figure 2: IGRA2 observation stations across the Globe, along with regions selected for further analysis and the number of

observation stations in each region.

3.1.5 Atmospheric Infrared Sounder Version 7 (AIRSv7)

| AIRS was launched in 2002 on NASA's Aqua satellite. AIRS retrieved thermodynamic profiles (temperature and humidity) (l‘ leted: Working with AMSU-A,

using passive radiance observations. This study focuses on the descending orbit, covering Northern to Southern Hemisphere
1160 movement with an equator crossing at ~1:30 am local time. Data has a 2x/daily temporal resolution, capturing half of the 8-

day Aqua orbit repeat cycle. Level 3 files contain averaged quality and geophysical parameters in 1°x1° grid cells, including

| humidity, and temperature profiles at 24 pressure levels from 1 to 1000 hPa (AIRS Project, 2020). In Version 7, short-wave (l‘ leted: , geopotential height,

exclusion in the retrieval algorithm reduces bias, and targeted channel selection focused on water vapor retrieval improves
temperature/water vapor profile performance (Zhang et al., 2023a). It should be noted that for the processing and analysis of

1165 the AIRSv7 data, no alterations were made to the predefined quality control (QC) flags.
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NASA's Soil Moisture Active Passive (SMAP) mission provides global monitoring of soil moisture content. The Enhanced .~ (r leted: (O'Neill et al. 2021)

SMAP Level 3 (SMAPL3) product, derived from the foundational Level 1 and 2 data, provide standardized, gridded global - (Deleted: ~30

soil moisture at 9 km resolution with the capability to observe the entirety of the Earth’s surface every 2-3 days (O'Neill et al. - (Deleted: 9
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and forcing inputs from, the Catchment Land Surface Model (CLSM) (Reichle et al. 2017), thus producing 3-hourly,
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comprehensive estimates of surface and root-zone soil moisture at a 9 km spatial resolution (Qiu et al., 2021). SMAPL3

provides direct satellite remote sensing retrievals of surface soil moisture, while SMAPL4 uses a sophisticated data

assimilation system within a modelling framework to create a more comprehensive (i.e., in time and space) soil moisture

record. This differentiation is the basis of the analysis, providing a contrasting comparison of the jmpact of different gstimates

of soil moisture pn the L-A coupling framework and the resulting impact on L-A coupling strength. The morning overpass is

used for SMAPL3, while the sunrise soil moisture is estimated through linear interpolation from the 3-hour data for SMAPLA4.
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the temporal coverage of SMAPL3 data, ensuring a comparison with equal samples of soil moisture estimates. ,
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4. Results
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4.1 Evaluation of Merged CTP-HI

The foundational concept of the TC method emphasizes that inaccuracies in individual datasets should remain uncorrelated to

avoid grrors jn the merged product. However, in practice, it is likely that the, three reanalysis datasets will exhibit correlated
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errors._In Fig. 3(a), the scatterplots show the correlated errors between different reanalysis datasets (MERRA2, CFSR, and

 Deleted: an

Y
[SUAREN
N\ _/ /' —__/

ERAS5) with respect to the IGRA2 observations at a location in Kansas, United States (coordinates 39.96, -95.26). For instance
MERRA?2 vs CFSR represents the errors in MERRA?2 plotted against the errors in CFSR, both with respect to the IGRA2

observations. ;These errors are, analysed at the AIRS overpass (~1:30 AM local time), The analysis indicates a significant

correlation of errors, with a correlation coefficient of ~0.85 when assessed against IGRA2 data. This correlation appears more

pronounced for the CTP than the HI, suggesting a stronger association of errors within the stability metric (CTP). JThis is

further seen at the global scale in Fig. 3(b) showing boxplots for observed error correlation across the 534 IGRA2 locations.
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Most locations have, a correlation exceeding 0.7. This high correlation points to similar error sources in the datasets for CTP
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datasets employ diverse methods of Data Assimilation (DA) and feature, distinct physics, parameters, etc., the common input

of in-situ and satellite data likely contributes to this correlation. JThese correlated errors may affect the accuracy of the resulting

Deleted: were...analysed across the datasets MERRA2, CFSR,
and ERAS ...t the AIRS overpass time ...~1:30 AM local time),
using observational data from IGRA?2 at a location in Kansa(™_ [52]

merged dataset, which is validated against observations in section 4.1.2.
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a) Correlated errors between datasets at 39.96,-95.26 for CTP (J/Kg) b) Correlated Errors between Dataset for CTP
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Figure 3: (a) Observed errors between IGRA2 and reanalysis datasets at a location in Kansas, United States (Latitude: 39.96,
Longitude: -95.26) for CTP and HI from 2003 to 2022, along with the Pearson correlation displayed in the upper left corner. (b)

Observed error correlation between reanalysis data sets at IGRA2 stations across the Globe (529 sites).

The triple collocation-based error (TC error) using equations (4)-(6) given in the supplementary material (Fig. S1) reveals a

remarkably high TC error for the CTP within the MERRA?2 and CFSR datasets, most notably over the northern hemisphere
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merging process.

and South America. [Jhe merged product is constructed, based on the weights derived from the error variance calculated by (l‘ leted: For )

equations (7)-(9). Locations with a higher error variance are assigned lower weights, reflecting their reduced reliability. (Deleted:t )

Conversely, Jocations with lower error variance are deemed more reliable and thus are given greater weights in the grid level ) (Deleted: fon )

o (Deleted: , grid cells are weighted according to )

o . ) . ‘ " (Deleted: Those )

Table 2 demonstrates the distribution of TC-based weights for CTP and HI across various global regions for the three datasets. - (Delete ds grid cells )

The spatial maps in the supplementary material (Fig. S2) detail the weights for each reanalysis product for CTP and HI globally. (r leted: s )
These weights are directly proportional to the relative error variance; areas where MERRA?2 and CFSR show larger variances

(Fig. S3), especially in the northern hemisphere and South America, tend to favour ERAS for, the weighting of, the merged Cl‘ leted: regarding )

(Deleted: for )

CTP. Based on Table 2, ERAS emerges as the leading dataset for CTP, being allocated the highest weight in most regions.
However, in Europe and Africa, the weight distribution for CTP is almost similar among the three datasets, indicating a

balanced reliance on each dataset within these continents.
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Table 2: Average weight across North America (NAM), South America (SAM), Africa (AFR), Europe (EUR), Asia (ASA), and
Australia (AUS). The color gradient is applied based on the minimum value (yellow color) to the maximum value (green color) for

CTP and HI for AIRS overpass.

Weight distribution across the region for CTP (J/Kg)

Region NAM SAM AFR EUR ASA AUS
MERRA2  0.27 0.27 0.32 0.35 0.28 0.30
CFSR 0.30 0.30 0.32 0.34 0.30 0.30
ERAS 0.35 0.31 0.40
Weight distribution across the region for HI (°C) -
Region NAM SAM AFR EUR ASA AUS
MERRA2  0.33 0.29 0.35 0.37 0.35 0.31
CFSR 0.31 0.31 0.33 0.34 0.30 0.34
ERAS 0.36 - 0.32 0.29 0.35 0.36

The weight allocation for the HI shows considerable regional variation. In South America, the MERRA2 dataset is assigned
the lowest weight, implying that it contributes less to the combined HI product. Conversely, in Europe, it is the ERAS dataset
that receives the lowest weight, signifying its reduced contribution to the HI variable in this region. These regional differences
in the weighting of datasets underscore the merging process, allowing for a location-specific approach to creating a merged

product.

4.1.2 Performance of Merged CTP-HI

‘Weight distribution across the regic

Region NAM SAM AFR EUR
MERRA2 02724 02745 03241 035
CFSR 0.2964 02992 03241 033
ERAS 0.3496  0.30
‘Weight distribution across the reg

Region NAM SAM AFR EUR
MERRA2 0.3289  0.2883  0.3471  0.36
CFSR 0.3125 03124 03318 0.33
ERAS 0.3584 0.321 0.29
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The data are merged following equations,l0(a) and 10(b), and the resultant spatial distribution of average CTP and HI during (l‘ leted: getis
the summer season (June, July, and August of JJA) for the year 2012 is portrayed in supplementary material (Fig S3 and S4). (Deleted: (
These, figures compare, the CTP and HI values derived from the MERRA2, CFSR, and ERAS alongside the merged product. (l‘ leted: is
The accuracy of the merged data, along the individual reanalysis datasets MERRA2, CFSR, and ERAS, is evaluated through ) (Deleted: S

the Mean Absolute Error (MAE), bias, and Correlation Coefficient (CC) across major global regions. The results indicate that

the merged dataset consistently achieves the lowest MAE for CTP and HI variables, outperforming the individual reanalysis

datasets, This improvement in accuracy suggests that the merging process effectively consolidates the strengths of the
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: (Deleted: alongside
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individual datasets while mitigating their respective biases despite the correlated errors seen in Fig. 3.
The merged product compensates for these inaccuracies in regions where the MERRA2 dataset exhibits substantial

discrepancies with observational data, demonstrating a practical, approach that improves the overall metric, Furthermore, the
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(Deleted: performance metrics such as

that perform best independently

integration

merged dataset shows a considerable reduction in positive bias for CTP across South America, Europe, and Asia, as well as a

=
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decrease in negative bias for HI in most regions, except for Asia. These improvements highlight the efficacy of the merging
process in yielding a more reliable dataset, which is especially beneficial for L-A coupling studies in regions challenged by

less accurate reanalysis data.
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Figure 4: Bar plot of performance metric and intercomparison of merged data and reanalysis with radiosonde observation from
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Fig. 5 presents the same set of performance metrics as in Fig. 4 but compared against the AIRSv7 data. The result,indicates a

general trend of overestimation for CTP and HI by the reanalysis and merged datasets across all regions as compared to
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AIRSV7. It is essential to acknowledge, the limitations in measurement capabilities and inherent biases of AIRSv7, particularly
450  in terms of lower troposphere retrieval due to limited vertical resolution in AIRS, which,s different from those in theyeanalysis

datasets, Specifically, the limited sensitivity and vertical resolution of AIRSv7 in the PBL might lead to positive biases,

resulting in discrepancies with the reanalysis datasets vs. that observed with radiosonde data as the reference.
Regarding temporal correlation, the merged dataset and the ERAS reanalysis score the highest values, reflecting a consistent
signal with observations from IGRA2 and AIRSv7 (as shown in Fig. 4 and 5). When evaluated against both ground-based
observations and satellite remote sensing, there is a noticeable improvement in the performance of the merged product

compared to the individual reanalysis datasets. The merged product demonstrates a closer alignment with the ground truth, as

represented by IGRA2, capturing the observed signal with greater accuracy. Overall, the outcome remains consistent across
the globe when validating the merged product and individual reanalysis datasets with respect to IGRA2 and AIRSv7 for CTP

and HI.,
460 The previous evaluation of the CTP and HI products were done at the AIRS overpass time (~1:30AM local time), however,

the theory of the CTP-HI framework for classifying coupling relies on early morning observations of the CTP and HI (Findell

and Eltair, 2003) which also aligns with the SMAP overpass time (~6AM local time). Table S5 gives the weights for the

merged product at sunrise. As compared to the AIRS overpass weights (Table 2), the sunrise weights show similar spatial
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product's value as a reliable and comprehensive dataset, which is
especially beneficial for future research on L-A coupling.
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on early morning observations of the CTP and HI (Findell and Eltair,
2003) which also aligns with the SMAP overpass time (~6AM local
time). Table S5 gives the weights for the merged product at sunrise.
As compared to the AIRS overpass weights (Table 2Fig. 4), the

sunrise weights show similar spatial patterns with marginal
variations. This is consistent with previous research by Roundy and

Santanello (2017) that demonstrated some differences between the
AIRS and sunrise overpasses estimates of CTP and HI, yet

acknowledged the overarching similarity in their patterns. Thus, the
remainder of the analysis will use a merged product of sunrise CTP

and HI to classify the L-A coupling.?
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patterns with marginal variations. This is consistent with previous research by Roundy and Santanello (2017) that demonstrated
the application of CTP-HI framework with AIRS estimates and demonstrated similarity in the overarching pattern of L-A

coupling classification. Thus, the remainder of the analysis will use the sunrise merged LTP and HI products to classify and
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a more persistent,pattern under dry and wetegimes. This indicates a stronger,representation of L-A coupling in SMAPLA4 that
may be due to the strong vertical coupling of soil moisture in the catchment assimilation processes. On the other hand,
SMAPL4_L3 data shows less persistence than SMAPL4, suggesting that part of observed difference between SMAPL3 and

SMAPLA4 is due to sample size. Despite these differences, the overarching spatial pattern remains consistent across all datasets,
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except over the northern Great Lakes for SMAPL4 were it shows a persistent,wet coupling regime.
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To delve deeper into the noted differences in coupling strength, the lagged correlation between the three sets of soil moisture
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and the CTP and HI over 2015-2022 are analysed. Lag correlation is employed to identify the relationship between soil o

moisture and future CTP and HI and vice versa. While previous work has discussed the potential for soil moisture predictability

out to 60 days (Dirmeyer et al., 2018), this analysis jises a 10-day lag to capture the role of soil moisture jn predicting the
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atmospheric state (CTP and HI) and the atmospheric state inpredicting soil moisture on time scales relative to typical weather ]
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predictability. Within this setup, the ability of soil moisture to predict future CTP and HIjs given as a positive lag,correlation

and the ability of the LTP and HI to predict future soil moisture is given as a jegative lag, For both the CTP and HI, the
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correlation with soil moisture is negative due to the relationship between SM-CTP and SM-HI. Wet soil typically results in

surface cooling when solar radiation is limited, leading to a more stable temperature profile in the lower atmosphere. This

stability restricts vertical movement and consequently leads to a lower CTP, thus creating a negative correlation. HI, on the

other hand, measures atmospheric moisture content. Higher HI values signify drier air, while lower values indicate moisture-

rich air closer to saturation. High soil moisture enhances evaporation, which adds water vapor to the atmosphere, reducing the

gap between temperature and dew point and thus lowering the HI, resulting in a negative correlation.
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Figure 6: Comparative analysis of L-A coupling strength using SMAPL3, SMAPL4 L3, and SMAPL4 data (a) coupling strength*: i

for the dry and wet coupling regime and (b and c) lag- correlation between soil moisture and CTP and HI averaged over the
contiguous United States,

Fig. 6(b) and 6(c)

a stronger predictive influence on CTP and HI as shown by the larger magnitudes of correlations over positive lags, which

show ghe average lag correlation out to 10 days over the contiguous US and indicate that soil moisture has /

suggest that while CTP and HI are not as strong in predicting soil moisture (lower magnitude of correlations over negative

. (Deleted:
 (Deleted: predictability
;(Deleted: soil moisture informed by

5 CDeIeted: for the three data sets

E "‘[Deleted: The reason behind the lag-correlation study is to identify
the

)
)
)
)
)
“(" leted: only extends to )
)
)
J
|

( Deleted: driving factors behind the observed differences in

coupling strength. By analysing the lagged correlation between soil
moisture and the CTP and HI metrics, we aim to understand the
variable-dependent predictability of

| i ‘(Deleted: and HI from soil moisture (

(Deleted:

(Deleted:

(Deleted: (Dirmeyer et al., 2018) (Santanello et al., 2018)

,(Formatted: Caption

i (Formatted: Font color: Black

(Deleted: is shown in

: r,(DeIeted: .

Deleted: ¢

'| Reliable weather predictability is generally limited to 10 days

Because reliable weather predictability is generally limited to 10
days (Krishnamurthy, 2019). Therefore,

,(Deleted: 10-day

)

' [ Deleted: is analysed to identify variable-dependent predictability
* | of CTP and HI from soil moisture (positive lag) and the ... [67]

(Deleted: for shorter lag periods,

) (Deleted: e higher correlation

lags), soil moisture is more effective in predicting changes in CTP and HI. This is particularly noticeable for shorter lags

)

- )
(Deleted: s )
J

- :(" d up [8]: and HI, the correlation with soil moisture is

suggesting, a more immediate impact of soil moisture on atmospheric stability and humidity. Conversely, the decrease in

correlation magnitude with longer lags highlights the diminishing influence of L-A interaction over time. For the different

(Deleted: q

(Moved (insertion) [8] )
)

datasets, SMAPL4 consistently shows higher correlations at all lag intervals for both CTP and HI. However, the sample size

.Cl‘ leted: . the 10-day average lag correlation over the con{”__ [68] }

- (Deleted: For both the and HI, the correlation with soil mo{”T69]

17

. ‘CDeleted: soil moisture is a more reliable predictor of CTP(" | 170] }




725

730

735

740

745

does play a role in this assessment as noticed by a decrease in the magnitude of correlation for the SMAPL4_L3. Despite this

the SMAPL4 L3 dataset still shows a higher magnitude in lag correlation as compared SMAPL3, particularly for CTP. This
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Figure 8: Comparative analysis of average dry and wet coupling strength and 10-day lag correlation using SMAPL3, SMAPL4_L3,

and SMAPL4 soil moisture datasets for (a) CTP and (b) HI.
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