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Abstract: Land use and land cover changes, especially urbanization, can strongly alter coupled water and energy cycles, intensifying urban
heat island effects, stormwater runoff, and flood risk. Process-based land surface models provide an important tool for quantifying these
interactions in heterogeneous landscapes with mixed urban, grassland, and forest cover where direct observations are limited. However,
few studies have evaluated how models designed for regional-scale applications perform across scales from small watersheds to a broader
urban—rural interface. Here, we diagnostically assessed the upgraded Common Land Model -Urban (CoLM-U) parameterization in the
Nashville metropolitan area in the State of Tennessee, southern United States. We integrated local precipitation observations, streamflow
records from five small watersheds, and remote sensing-derived evapotranspiration (ET) products from 2000 to 2020. CoLM-U reproduced
the broad magnitude of annual ET and runoff but showed substantial watershed-to-watershed and seasonal discrepancies. At the monthly
scale, runoff root mean square error ranged from 14.4 to 27.4 mm month~! and Nash—Sutcliffe Efficiency ranged from 0.3 to 0.6. The
model generally underestimated winter runoff and overestimated summer runoff, reflecting the combined effects of precipitation forcing
uncertainty, growing-season ET underestimation, and limitations in representing soil water storage and runoff generation. Long-term ET
estimated by CoLM-U was broadly consistent with watershed water balance estimates, while remote sensing ET was generally over estimated
ET, especially over forested areas. CoLM-U modeling results indicated that forests exhibited the highest ET and lowest sensible heat fluxes
during the growing season, whereas urban cores showed lower ET and higher sensible heat. This study demonstrates what a regional land
surface model can and cannot capture of ecohydrological processes at local watershed-to-regional scales. Improved local model climate input
data and refined soil parameterizations are essential for accurate application in estimating the environmental effects of land cover change.
DOI: 10.1061/JHYEFF.HEENG-6974. © 2026 American Society of Civil Engineers.
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Introduction

Land use and land cover changes (LULCCs), especially urbaniza-
tion, strongly alter coupled energy and water cycles (Chen et al.
2024; Sun et al. 2026). With urban population continuing to grow
globally (United Nations 2019), urbanization and climate change
together have intensified urban heat island (UHI) and urban dry
island effects (Zhou et al. 2015; Hao et al. 2018; Huang et al.
2022), increased energy use and heat-related human health risks,

and elevated runoff, flooding, and ecosystem degradation (Hao et al.
2015; Li et al. 2020; Chen et al. 2024). By reducing vegetation
and increasing impervious surfaces, urbanization disrupts surface
energy and water balances, suppresses evapotranspiration, and
enhances runoff (Grimm et al. 2008; Willems et al. 2012; Fletcher
et al. 2013). Forests are therefore considered an important nature-
based solution (NbS) through shading, evapotranspiration cooling,
and stormwater retention, yet their benefits and associated coupled
energy—water processes remain insufficiently assessed at large
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scales, particularly in humid regions with heterogeneous land cover
(Nowak et al. 2006; Bowler et al. 2010; Pataki et al. 2011).

Ground observations provide essential data for understanding
the effects of LULCCs, but are limited in spatial and temporal
coverage, making it challenging to assess local impacts accurately
(Arnfield 2003; Grimmond 2006). Remote sensing offers large-
scale, high-resolution surface characteristic data that are useful for
parameterizing energy and water balance models, but these data
are often restricted to certain variables, such as surface temperature
(Voogt and Oke 2003; Weng 2009). Additionally, both types of
observational data are limited to current conditions and cannot
explore changes in the energy and water cycles under different
environmental conditions (Solecki et al. 2005; Coutts et al. 2007).

Process-based land surface models (LSMs) address these limi-
tations by simulating interactions between the land surface and
atmosphere under varying land cover and climate conditions (Fisher
and Koven 2020). The Common Land Model-Urban (CoLM-U)
(Yuan et al. 2026; Dong et al. 2026) offers a framework to represent
urban areas, including subgrid urban forest fractions parameterized
from high-resolution tree cover data, with physical processes dis-
tinct from both impervious surfaces and natural forests. CoOLM-U’s
offline configurations allow for long-term, large-domain simula-
tions with lower computational cost compared to fully coupled
models such as weather research and forecasting—urban canopy
model (WRF-UCM) (Chen et al. 2011b), making it well suited for
hydrological and climate assessments on a large scale.

Despite its potential, no prior studies have systematically eval-
uated the upgraded CoLM-U’s performance for hydrological var-
iables such as runoff and evapotranspiration (ET), especially at
the watershed scale, where streamflow data enable robust runoff
validation. Past evaluations of LSM urban modules have largely
emphasized energy fluxes using eddy flux measurements (Karsisto
etal. 2016). Modeling the water cycle in heterogeneous urban—rural
landscapes remains challenging.

This study provides a watershed-to-regional scale diagnostic eval-
uation of the upgraded CoLM-U in the humid southeastern United
States. Although urban-capable land surface models are increasingly
used in climate and energy studies, few studies have evaluated a
regional model across hydrological and energy-related processes from
small watersheds to broader urban—rural landscapes in a humid,
heterogeneous setting. Compared with traditional watershed models
such as soil and water assessment tool (SWAT), CoLM-U additionally
represents coupled water—energy exchanges and urban surface com-
ponents; compared with conventional large-scale land surface model
applications, this study evaluates watershed runoff, evapotranspira-
tion, and land cover—specific energy partitioning within a single frame-
work. Rather than presenting CoLM-U as a fully calibrated urban
watershed model, this study assesses what a regional land surface
model can and cannot capture at local watershed-to-regional scales.
Specifically, we evaluate key water- and energy-balance components
using in situ observations and remote sensing products, examine
variation across major land cover types, and assess how urban forests
are represented within urban grids and influence modeled water and
energy partitioning.

Methodology

CoLM-U Model and Its Urban Module

The Common Land Model (CoLM) (Dai et al. 2003) is a compre-
hensive land surface model designed to simulate the exchange of
energy, water, carbon, and momentum between the land surface
and the atmosphere. Its modular structure allows for flexibility in
updating and modifying individual components, making it adaptable
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for a wide range of research applications, including climate dynamics,
hydrological cycles, and ecosystem processes. The CoLLM is particu-
larly valuable for its ability to operate across different spatial and
temporal scales, providing insights into environmental changes from
regional to global levels. Its compatibility with observational data
and other models enhances its utility in studying land-atmosphere
interactions and predicting the impacts of land use changes on climate
and ecosystem functions (Li et al. 2017, 2024).

The model includes an updated urban module (CoLM-U), which
adopts a three-dimensional urban building community framework
instead of the traditional urban canyon assumption (Yuan et al.
2026; Dong et al. 2026). Detailed model formulation and evaluation
are provided by Yuan et al. (2026), while the supporting datasets
and comprehensive evaluation are described by Dong et al. (2026).
This structure allows for more realistic calculation of shortwave
and longwave radiation, turbulent energy exchange, and vegetation
processes within urban grids. The module supports high-resolution
input of urban land cover, vegetation, water bodies, and simulates
anthropogenic heat fluxes, including contributions from buildings,
traffic, and human metabolism. Specifically, building heat is esti-
mated using the Building Energy Model based on the difference
between indoor temperature setpoints and the simulated indoor
temperature; and traffic heat and human metabolic heat are compu-
ted using the large-scale urban consumption of energy (LUCY)
model approach (Allen etal. 2011), based on vehicle and population
data. In CoLM-U, each urban grid cell is represented as a compo-
sition of buildings, impervious surfaces, pervious surfaces, and
urban forests. Urban forests differ from natural vegetation in that
their radiation and turbulent exchange processes follow the urban
parameterization scheme and are influenced by urban morphology.
In contrast, for vegetation-related biological and hydrological pro-
cesses such as photosynthesis, canopy interception, infiltration, and
subsurface flow, urban forests are treated consistently with natural
vegetation and as hydrologically active surfaces.

The turbulent exchange scheme in CoLM-U is adapted from the
three-dimensional vegetation canopy model (Dai et al. 2019), with
modifications to account for urban morphology. The displacement
height and roughness length of the urban canopy are calculated using
the method of Macdonald et al. (1998). Wind speed and exchange
coefficients decay exponentially within the urban canopy, following
a decay function distinct from vegetation canopies (Macdonald
2000). In addition, surface water on building roofs or impervious
surfaces is temporarily stored up to a maximum ponding depth, after
which excess water becomes surface runoff. For pervious surfaces,
the model simulates interception, infiltration, and subsurface flows.
Building walls are assumed to be hydrologically inactive. Surface
moisture exchange occurs only when roofs and impervious surfaces
are wet; for pervious surfaces and urban forests, the model simulates
interception, infiltration, and subsurface flows.

For natural vegetation, most parameters are dynamic [e.g., leaf area
index (LAI) and stem area index (SAI) updated monthly, land cover
types updated annually]. Other properties, such as tree height, soil, and
lake depth, remain static due to data limitations. For urban areas, soil
properties are obtained from the same sources as those used for natural
vegetation and are treated as static over the simulation period, while
land cover types and vegetation-related parameters are time-varying
and updated annually or monthly depending on the dataset. Land
cover is updated at the beginning of each year; if unchanged, state
variables such as soil moisture and snow depth are carried over as
initial conditions, while land cover changes (e.g., forest to urban)
trigger re-initialization. This combination of dynamic and static data
enables CoLM-U to capture seasonal and interannual variability where
possible, while acknowledging that certain urban parameters remain
static due to observational constraints.
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Table 1. Surface datasets for natural vegetation and urban parameters used in CoLM-U, including sources, spatial/temporal resolution, and availability

Category Parameter Data source Spatial resolution Time resolution
Natural vegetation LAI/SAI Reprocessed MODIS (Lin et al. 2023) 500 m 2000-2020, every month
Tree height GLAS (Simard et al. 2011) 1 km N/A
Soil properties GSDE (Shangguan et al. 2014) 1 km N/A
Land cover type MODIS (Sulla-Menashe et al. 2019) 500 m 2000-2020, every year
Lake depth Lake-depth data set V2.0 (Kourzenevaetal. 2012) 1 km N/A
Soil color NCAR (Lawrence and Chase 2007) 1 km N/A
Urban LAI/SAI RF method (Dong et al. 2025) 500 m 2000-2020, every month
Tree coverage GFCC (Sexton et al. 2013) 30 m 2000-2015 every five years
Tree height ETH (Lang et al. 2023) 30 m N/A

Soil properties

Land cover type

Water coverage
Population

Building height
Building fraction
Canyon height-to-width
Pervious surface fraction
Thickness of roof, wall

Albedo of roof/wall/
pervious/impervious

Emissivity of roof/wall/
pervious/impervious

Heat capacity of roof/
wall/impervious

Thermal conductivity of roof/
wall/impervious

Heat capacity of pervious

Thermal conductivity of
pervious surfaces

GSDE (Shangguan et al. 2014) 1 km N/A
MODIS (Sulla-Menashe et al. 2019)
Globeland30 (Chen et al. 2015)

LandScan (Dobson et al. 2000) 1 km
NCAR (Oleson and Feddema 2019)

500 m
30 m

2000-2020, every year
2000, 2010, 2020
2000-2020, every year

Lookup table N/A

Global Soil Data (GSDE) (Shangguan et al. 2014) 1 km N/A

Note: ETH = ETH Zurich (Swiss Federal Institute of Technology Zurich); RF = random forest; and NCAR = National Center for Atmospheric Research.

Model Input Data

The input data required by CoLM-U are divided into two categories:
land surface data and atmospheric forcing data.

Land Surface Data

Land surface data provide the essential land and vegetation char-
acteristics required by CoLM-U. These include LAI/SAI, tree
height, soil properties, land cover type, lake/water coverage, and
soil color for natural vegetation, primarily derived from moderate
resolution imaging spectroradiometer (MODIS), global soil dataset
for earth system modeling (GSDE), geoscience laser altimeter sys-
tem (GLAS), and other global datasets. For urban areas, additional
high-resolution data are used, including global forest cover change
(GFCC) tree cover, Globeland30 water coverage, and LandScan
population data, which capture the spatial heterogeneity of urban
forests and human activities. Building-, impervious- and pervious-
related parameters, such as building fraction, height-to-width ratio,
albedo, and emissivity are specified from static lookup tables con-
sistent with community land model version 5 (CLMS5) conventions.
Thermal property parameters for buildings and impervious surfaces
also come from the lookup table, while parameters for pervious
surfaces come from GSDE.

A summary of all input datasets, including their data sources,
references, spatial/temporal resolutions, and periods of availability,
is presented in Table 1, which integrates both natural and urban land
surface information. This table serves as the foundation for param-
eterizing vegetation dynamics, soil conditions, urban morphology,
and surface energy properties in CoLM-U.
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Atmospheric Forcing Data

Atmospheric forcing data include essential meteorological inputs
required for model operation, such as temperature, humidity,
wind speed, atmospheric pressure, precipitation, and radiation.
These variables are typically obtained from reanalysis datasets
(Hersbach et al. 2020), which integrate historical weather observa-
tions with numerical models to produce a consistent record of the
Earth’s atmosphere over time. In this study, we selected ERAS5-Land
atmospheric forcing data (Muiloz-Sabater et al. 2021) as our input.
The ERAS5-Land dataset is a high-resolution reanalysis dataset
produced by the European Centre for Medium-Range Weather
Forecasts (ECMWEF). It provides detailed hourly information on
surface variables, spanning from 1950 to 5 days before the present
date. ERAS5-Land features a finer spatial resolution with approxi-
mately 9-km grid spacing, offering enhanced detail compared to
its predecessor, ERAS. Numerous studies have demonstrated that
ERAS-Land performs effectively as input data for numerical model
simulations (Wang et al. 2022; Xu et al. 2022).

Because the CoLM-U simulations were conducted at 500-m
spatial resolution, the ERAS-Land forcing fields were interpolated
to the 500-m CoLM grid using the built-in CoLM preprocessing
framework. This ensured consistency between the forcing data
and model grid, although it did not add true fine-scale meteoro-
logical variability and thus remained a source of uncertainty in
the heterogeneous urban—rural setting. The model time step was
1,800 s. Hourly ERAS-Land forcing variables were temporally
interpolated within the model: air temperature, specific humidity,
air pressure, wind speed (u/v), and downward longwave radiation
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Fig. 1. The study area (primarily including Nashville city in Tennessee), showing the locations of the five watersheds used for runoff and ET validation.
Numbers in the figure correspond to the watershed IDs (see Table 2). Circles represent the USGS gauge stations for the five watersheds, and the triangle
represents the KBNA station used for precipitation observations. [Map (a) from ArcGIS World Topographic Map, Sources: Esri, HERE, Garmin,
Intermap, INCREMENT P, GEBCO, USGS, FAO, NPS, NRCAN, GeoBase, IGN, Kadaster NL, Ordnance Survey, Esri Japan, METI, Esri China
(Hong Kong), © OpenStreetMap contributors, and the GIS User Community; map (b) by authors using ArcGIS © Esri and land use and land cover
data from the MODIS-IGBP land cover dataset (Sulla-Menashe et al. 2019), watershed boundary data from USGS (2017), and runoff observational

data from USGS (2019).]

were linearly interpolated; downward shortwave radiation was
interpolated using a cosine-based approach; and precipitation was
applied using nearest-neighbor interpolation. No bias correction
was applied to the ERA5-Land precipitation forcing in this study.

Study Area and Simulation Period

The study area is located between latitude 35.9° and 36.5° and
longitude —87.1° and —86.5°, encompassing the entire city of
Nashville, Tennessee, USA (Fig. 1). Nashville is situated on the
Cumberland River in the north-central part of Tennessee and serves
as the hub of an urbanized area that includes parts of seven
surrounding counties. It is one of the fastest-growing cities in the
nation. Nashville has a humid subtropical climate, characterized
by hot, humid summers and generally cool winters. The annual
average rainfall is approximately 1,250 mm, with precipitation
typically higher during the spring (February—April) and summer
(May—July) months, while autumn (August—October) tends to be
the driest season.

In this study, CoLM-U was run in offline mode at a spatial
resolution of 500 m from 1995 to 2020 (Fig. 2). The first five years
(1995-1999) were treated as a spin-up period, and only the 2000-
2020 results were used for analysis. The purpose of the spin-up was
to allow the initial soil moisture and thermal states to adjust to the
prescribed atmospheric forcing. A five-year spin-up was considered
sufficient for stabilizing the near-surface soil moisture and thermal
conditions relevant to this study, given the relatively low-latitude
humid environment of the study region. Monthly outputs reported
in this study were obtained by aggregating model results across all
1,800 s time steps within each month, rather than by running the
model at a monthly time step.
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Model Evaluation Method

Runoff

For the evaluation of the model’s runoff, we selected five watersheds
within the simulation area (Table 2, Fig. 1). Watershed 1 is mainly
urban, while Watersheds 2, 3, and 4 are primarily grass, with Water-
shed 5 blending forest and grass. The land use and land cover data
are derived from the moderate resolution imaging spectroradiome-
ter—international geosphere-biosphere programme (MODIS-IGBP)
land cover dataset. We extracted the model-simulated runoff based
on the watershed boundaries and compared the calculated discharge
data with the USGS measured runoff at the watershed gauge station.
The shapefile for the watershed boundaries was obtained from
the USGS StreamStats application (USGS 2017), and the runoff
observational data were obtained from the USGS 2019).

ET

To evaluate simulated ET, we employed two ET datasets. The first
one is the remote sensing—based SSEBop v6 [Simplified Surface
Energy Balance Operational model, version 6, Senay et al. (2023)],
a high-resolution global product designed to estimate actual evapo-
transpiration. SSEBop v6 integrates inputs from the Visible Infrared
Imaging Radiometer Suite (VIIRS), enabling near-real-time data
availability at a spatial resolution of approximately 1 km. By
combining satellite-derived land surface temperature (LST) with
simplified surface energy balance principles, the framework calcu-
lates the energy available for evaporation and transpiration from
diverse land cover types (including forest, grass, and urban areas).
SSEBop v6 provides daily, monthly, and annual ET estimates,
making it suitable for applications in agriculture, water resource
management, and climate research.
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Fig. 2. (a) The 2020 land use types within the study area; (b) 2020 leaf area index within the study area; (c) the model input forcing with ERAS-Land
precipitation data averaged over 2000-2020; and (d) model input forcing with ERAS-Land 2-m air temperature data averaged over 2000-2020. The
outlines represent the locations of the five watersheds used for runoff and ET validation, numbers correspond to the watershed IDs (see Table 2), and
the circles indicate the locations of USGS gauge stations for each watershed.

Table 2. Summary of watershed characteristics, including USGS Station ID, drainage area, dominant land use composition, and measured annual runoff

and precipitation from ERAS5-Land dataset

Watershed USGS gaging station ID Drainage area (km?) Forest (%) Grass (%) Urban (%) Mean runoff (mm/year) Mean precipitation (mm/year)

1 03431300 30.6 1.4
2 03431700 62.9 8.9
3 03431060 241.9 2.7
4 03426470 19.8 20

5 03431800 251.7 32.1

36.8
54.7
69.7
60.7
62.8

61.7 584 1,307
36.4 494 1,299
26.3 569 1,324
19.3 515 1,337

0 540 1,271

In addition to the SSEBop dataset, we used a watershed
water balance approach to estimate annual ET in five small
watersheds with long-term streamflow records (Table 1). Specifi-
cally, annual precipitation and observed runoff data were used to
derive ET via the equation ET = Precipitation (P) — Runoff (R).
It should be noted that the watershed water balance estimate of
ET (ET = P — R) is only applied at the long-term (multiyear) scale
in this study. Changes in terrestrial water storage (AS), including
soil moisture and shallow groundwater, can be substantial at
monthly and annual timescales and cannot be reliably quantified
with the available observations. As a result, the water balance
approach is not suitable for validating monthly or annual ET
variability. In this study, P —R is therefore used solely as an
approximate constraint on long-term mean ET. We then compared
these water balance—based ET estimates with both the CoLM-U-
simulated ET and the SSEBop-derived ET for the period in which
all datasets are available. This multipronged evaluation provides a
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more comprehensive assessment of the CoLM-U model’s ability to
capture ET processes.

Precipitation

The local weather station, KBNA (Nashville International Airport),
located within the simulation domain, was selected from the Synop-
tic Data Repository (Synoptic Data, n.d.) to evaluate the accuracy
of ERAS-Land precipitation data, which served as the forcing input
for the CoLM-U model. Additionally, the KBNA precipitation data
were incorporated as the precipitation component in the water
balance approach to estimate ET. The geographical location of the
validation site is illustrated in Fig. 1. KBNA is the only high-quality,
long-term precipitation station available within the study region for
the 2000-2020 period. Therefore, it is used as a practical reference
for evaluating the general consistency of ERAS-Land precipitation
forcing, rather than as a complete representation of precipitation
variability across the entire domain.

J. Hydrol. Eng.

J. Hydrol. Eng., 2026, 31(6): 04026060



ary.org by North Carolina State University on 09/22/26.

Downloaded from ascelibr

Copyright ASCE; all rights reserved, including rights for text and data mining and training of artificial intelligence or similar technologies.

B Precipitatinn
- 1500 B Runott
~
g 1000
E i
0
Obscrvation ERA Observation Col.M
(a)
2000

§.

1500
. BB
0

Obscervation Observation Col.M

(C)

*

==t

000
N H e
L]

Observation ERA Observation ColM

(e)

mm/'yr

mm/yr

1500

1000

" .
0

Observation Observation Col. M

(b)

1500
t
§ [ -
0

Observation Observation Col. M

(d)

§.

Fig. 3. Comparison of annual observed and simulated precipitation and runoff in the five small watersheds from 2000 to 2020: (a) Watershed 1;
(b) Watershed 2; (c) Watershed 3; (d) Watershed 4; and (e) Watershed 5. Within each watershed, the four bars represent observed precipitation,
ERAS-Land precipitation, USGS-observed runoff, and CoLM-U-simulated runoff, respectively. The bar values represent the multiyear averages,
and the vertical lines indicate the standard deviations. Asterisks indicate that the differences between the two compared data groups exceed the 95%
confidence interval. For Watershed 5, because observed runoft data are available only from 2013 onward, both observed and model-simulated runoff

averages are calculated for 2013-2020.

Statistical Analysis

To quantitatively assess the agreement between observed and simu-
lated time series of precipitation and runoff, we used three statistical
metrics: the root mean square error (RMSE), the coefficient of
determination (R?), and the Nash—Sutcliffe Efficiency (NSE). The
RMSE is defined as:

RMSE = (D

where S; and O; = simulated and observed values at time step i,
respectively; and n = number of valid observations. RMSE meas-
ures the average magnitude of the simulation error, with lower val-
ues indicating better performance.

The NSE is calculated as

2i=1(0 =5

NSE = 1 — £ ik
2.i=100;—0)

2

where 0 = mean of the observed values. NSE values range from
— oo to 1, with 1 indicating a perfect match between simulations
and observations, 0 indicating performance equivalent to the mean
of the observations, and negative values indicating performance
worse than the mean.

We also used scatterplots to compare observed and simulated
values and performed linear regression analysis. The fitted regres-
sion equation and R? were reported to quantify the overall relation-
ship between simulations and observations. For these regression
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analyses, data from all five watersheds were pooled to provide an
overall evaluation of model behavior across the full set of available
validation basins, rather than to emphasize basin-specific differen-
ces. Accordingly, the sample size for each regression corresponded
to the total number of annual or monthly data points included
in the pooled comparison. In figures showing multiyear mean
comparisons, black asterisks indicate that the difference between
the two compared groups exceeds the 95% confidence interval. The
confidence intervals were calculated from the interannual variability
of the compared data groups, and the corresponding sample sizes are
given by the number of years included in each comparison period.

Results

Runoff Simulation Evaluation

To diagnostically evaluate how the CoLM-U model represents
runoff processes under real-world conditions, we conducted a
comprehensive assessment of simulated runoff across five selected
watersheds. Given that runoff simulations are highly sensitive to
precipitation inputs, we systematically analyzed both the precipita-
tion forcing data and the model-generated runoff estimates.

We first conducted a multiyear average comparison (Fig. 3).
ERAS5-Land precipitation, which serves as the precipitation input
for CoLM-U, exhibits strong agreement with weather station observa-
tions on a long-term basis, indicating no substantial systematic bias.
However, notable discrepancies arise in runoff simulations. While
CoLM-U reproduces the broad magnitude of runoff in Watersheds
1-3, aligning more closely with USGS observations, significant biases
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Fig. 4. Annual time series comparison of observed and simulated precipitation and runoff in five watersheds from 2000 to 2020: (a) Watershed 1;
(b) Watershed 2; (c) Watershed 3; (d) Watershed 4; and (e) Watershed 5. Weather station precipitation is represented by dashed lines with circles,
ERAS-Land precipitation by dotted lines with squares, USGS-observed runoft by solid lines with triangles, and CoLM-U-simulated runoff by
dash-dotted lines with diamonds. Precipitation RMSE and NSE quantify the agreement between weather station and ERAS5-Land precipitation,
whereas runoff RMSE and NSE quantify the agreement between USGS-observed and CoLM-U-simulated runoff.

are observed in Watersheds 4 and 5. Specifically, the model overesti-
mates runoff in Watershed 4 and underestimates it in Watershed 5.

We then carried out a temporal evaluation (Fig. 4). For precipita-
tion, the overall trends between ERAS5-Land and station observations
are generally aligned, but notable deviations occur during years
with extreme rainfall events. For example, in 2010, ERA5-Land
significantly underestimates precipitation relative to observations,
leading to a pronounced underestimation of modeled runoff. Across
the five watersheds, precipitation RMSE values range from 160 mm
to 180.2 mm, with corresponding NSE values between 0.1 and
0.3, indicating limitations of ERA5-Land in reproducing local pre-
cipitation variability at the watershed scale. This highlights the
limitations of reanalysis datasets in capturing precipitation extremes,
which can propagate into errors in simulated hydrological responses,
particularly when combined with structural simplifications in urban
hydrological representation. For runoff, Fig. 4 also illustrates substan-
tial interannual variability between modeled and observed values.
Runoff RMSE values span 100.4 mm to 182.2 mm, while NSE
ranges from —0.2 to 0.5, showing strong watershed-to-watershed
differences in model performance. The larger runoff discrepancies
observed in Watersheds 4 and 5 likely reflect watershed-specific
hydrogeological and drainage network complexities that are not
represented in the current model configuration.

Fig. 5 provides a regression analysis of observed versus modeled
annual precipitation and runoff, serving as a diagnostic tool to char-
acterize systematic differences between CoLM-U simulations and
observations rather than as a measure of predictive capacity. Fig. 5(a)
illustrates the relationship between ERAS-Land precipitation inputs
and station observations. The regression equation, y = 0.98x + 79,
suggests that ERA5-Land precipitation closely tracks observational
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data, with a minor overestimation at lower precipitation values. The
regression equation indicates an underestimation of high runoff but
overestimation of low flows, suggesting that the model does not
adequately capture annual flow in some years [Fig. 5(b)].

Fig. 6 provides a seasonal diagnostic of precipitation and runoff
differences between the ERAS-Land forcing, in situ observations,
and CoLM-U simulations. RMSE and NSE are reported to facil-
itate comparison across variables, but they are interpreted here
as descriptive indicators of seasonal mismatch rather than as a
strict measure of predictive performance. For precipitation, RMSE
values range from 10.3 mm/month to 16.4 mm/month, with NSE
values between 0.3 and 0.6, suggesting that ERA5-Land broadly
captures the seasonal cycle but deviates from station observations in
certain months. For runoff, RMSE values vary from 14.4 mm/month
to 27.4 mm/month, and NSE ranges from 0.3 to 0.6, indicating
notable seasonal discrepancies. CoLM-U tends to underestimate
runoff from January to May and overestimate runoff from June
to November, indicating a systematic seasonal mismatch. This
suggests that precipitation forcing uncertainty is important, but not
the only source of runoff error. In particular, higher ERAS5-Land
precipitation in winter does not necessarily lead to proportionally
higher simulated runoff, because runoff is also influenced by evap-
otranspiration, infiltration, soil water storage, and the partitioning
between surface and subsurface flow pathways.

The monthly scale analysis reveals additional discrepancies
in CoLM-U’s simulations (Fig. 7). The regression equation for
precipitation, y = 0.68x + 39, indicates that ERAS5-Land tends
to underestimate precipitation during wetter months, particularly
when precipitation levels are high. Similarly, the regression for
modeled versus observed runoff, y = 0.29x + 33, highlights an even
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displayed in each subplot.
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Fig. 6. Average monthly precipitation and runoff for the five watersheds: (a) Watershed 1; (b) Watershed 2; (c) Watershed 3; (d) Watershed 4; and
(e) Watershed 5. Weather station precipitation is represented by dashed lines with circles, ERA5-Land precipitation by dotted lines with squares,
USGS-observed runoff by solid lines with triangles, and CoLM-U-simulated runoff by dashed lines with diamonds. Precipitation RMSE and NSE
quantify the agreement between weather station and ERAS-Land precipitation, whereas runoff RMSE and NSE quantify the agreement between
USGS-observed and CoLM-U-simulated runoff. For Watersheds 14, monthly values are averaged over 2003—2020; for Watershed 5, monthly values
are averaged over 2013-2020.
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greater underestimation of runoff at the monthly scale, reinforcing
the challenges CoLM-U faces in representing short-term hydrolog-
ical dynamics. These results suggest that while CoLM-U captures
general runoff trends, it underrepresents rapid runoff responses to
precipitation events, likely due to limitations in soil moisture reten-
tion, infiltration processes, and evapotranspiration simulations.

Modeled ET Evaluation

To assess CoLM-U’s ability to simulate ET, we compared model-
simulated ET against two independent ET estimates: SSEBop-
derived ET and a long-term water balance constraint. Here, the water
balance estimate follows ET = P — R — AS; because AS (changes
in soil and groundwater storage) cannot be quantified reliably at
subannual timescales with the available data, we only use multiyear
means where AS can be reasonably assumed to approach zero,
such that P — R provides an approximate constraint on mean ET.
Fig. 8 compares multiyear mean ET across the five watersheds and
shows that CoLM-U and the long-term water balance constraint are
broadly consistent in magnitude, whereas SSEBop yields higher ET
in several watersheds, especially over forested areas. This compari-
son is designed as a diagnostic consistency check among methods,
not as a strict validation against a single ground truth ET product.
The differences reflect methodological assumptions and structural
uncertainties inherent in each approach. In all five watersheds, both
datasets show a similar seasonal pattern, with higher ET in summer
and lower ET in winter, while SSEBop remains consistently higher
than CoLM-U, especially during the growing season (Fig. 9).

At the regional scale, we further compared SSEBop ET with
CoLM-U-simulated ET across the entire simulation area. Temporal
trends in ET further illustrate model discrepancies. For annual
average ET values [Fig. 10(a)], SSEBop estimates are significantly
higher than CoLM-U simulations. Over the multiyear average from
2013 t0 2020, the mean ET in the simulation area is 927 mm year‘1
for SSEBop and 715 mm year~! for CoLM-U. At the monthly
scale [Fig. 10(b)], CoLM-U and SSEBop ET estimates follow a
similar seasonal pattern, peaking in summer, but SSEBop remains
consistently higher, with the largest differences occurring during the
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growing season. Differences across land cover types are also evident
[Fig. 10(c)]: the ET difference is largest for forest land cover (SSE-
Bop mean: 1.021 mm year™!; CoLM-U mean: 789 mm year™ 1),
followed by grassland (933 versus 714 mm year™!), and smallest
for urban land cover (739 versus 600 mm year™!). Here, SSEBop
is not treated as a ground truth ET product, but as a spatially
continuous reference that enables diagnosis of systematic differen-
ces in ET magnitude and seasonality between satellite-based and
process-based approaches.

Spatial variability in ET estimates is further analyzed in Fig. 11,
which compares the spatial distribution of annual ET from SSEBop
and CoLM-U. It is clear that SSEBop produces higher values
compared to CoLM-U. Since CoLM-U is based on land use types,
the simulation results can clearly distinguish between forests,
grasslands, and urban areas. Moreover, two rivers are clearly visible,
exhibiting the highest ET values. On the other hand, SSEBop is
based on remote sensing observations and does not show distinct
differences between forest and grassland land use types, nor does it
highlight the high ET values along the two rivers. However, it does
clearly show very low ET values in urban areas. The watershed-
scale ET comparisons presented above are primarily intended for
model evaluation using available observational constraints, whereas
the influence of land cover type on water and energy partitioning is
examined more explicitly at the broader simulation-domain scale in
the section “Simulated Energy and Water Cycles for Different Land
Use and Land Cover Types.”

Simulated Energy and Water Cycles for Different Land
Use and Land Cover Types

Because independent observations of energy fluxes are not availa-
ble, this section is not intended as an independent validation of mod-
eled energy balance components. Instead, it provides a diagnostic
comparison of how CoLM-U partitions energy (Fig. 12) and water
(Fig. 13) balance components across forest, grassland, and urban
land cover types over the broader simulation domain. For forest
and grassland land use and land cover types, the energy balance
equation is Net Radiation = Latent Heat + Sensible Heat + Heat

200
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Fig. 7. Scatterplots and regression formula of (a) monthly observed versus simulated precipitation data; and (b) monthly observed versus simulated
runoff data. The monthly values for the five watersheds are plotted on a single chart, with the shading of the scatter points representing different
watersheds. Dashed lines represent the 1:1 reference line, while solid lines show linear regression fits. The fitted regression equation and R? are

displayed in each subplot.
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Fig. 8. Comparison of annual average ET estimated using three different methods across the five small watersheds: (a) Watershed 1; (b) Watershed
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standard deviations.

Storage. For urban areas, an additional term, anthropogenic heat
(such as traffic heat, building heat, and others), is included, making
the energy balance equation Net Radiation + Anthropogenic
Heat = Latent Heat + Sensible Heat + Heat Storage.

In terms of net radiation, the highest values are found in forest
areas, followed by grasslands, with the lowest values in urban areas.
Net radiation is highest in summer and lowest in winter. For latent
heat, forests have the highest values, followed by grasslands, with
the lowest in urban areas. Moreover, the reduction in latent heat
in urban areas is much more significant compared to grasslands
and forests. This corresponds to lower ET in urban land use
types compared to forests and grasslands. For sensible heat, the
average values between forests, grasslands, and urban areas are not
significantly different. However, both forests and grasslands show
lower sensible heat in summer (June, July, and August; JJA), while
urban areas experience higher sensible heat in summer and lower in
winter. Regarding anthropogenic heat in urban areas, including heat
from traffic and buildings, the values are higher in winter compared
to summer. Moreover, the Bowen Ratio (sensible heat flux/ latent
heat flux), is commonly used to describe the partitioning of energy
in surface energy balance. We found that urban areas had the highest
Bowen Ratio values (> 1), indicating sensible heat dominates over
latent heat, with lower evaporation. Forest areas had the lowest
Bowen Ratio values (<1), indicating latent heat dominates the
energy balance, accompanied by higher evaporation rates.

The water balance equation is Precipitation = ET + Runoff +
A Soil water + A Groundwater. For the three different land use
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and land cover types, the precipitation values are essentially con-
sistent. In terms of ET, forests have the highest values, followed
by grasslands, with urban areas having the lowest. Moreover, the
reduction in ET for urban areas is greater than that for forests and
grasslands. Runoff is highly correlated with precipitation, meaning
that when precipitation is high, runoff values also increase. For
runoff, due to the larger impervious surface areas in urban areas,
the runoff in urban areas is higher than in forests and grasslands.
Regarding soil water, its changes are inversely proportional to ET.
When ET is high in the growing season, water uptake from the
soil results in reduced soil moisture. Therefore, similar to ET,
the seasonal variations in soil moisture are greater in forests and
grasslands than in urban areas. As for groundwater, the changes
across the three land use types are relatively small.

Discussion

Diagnostic Assessment of Runoff Simulation and
Model Applicability

Our results provide a diagnostic assessment of how CoLM-U
represents annual runoff across multiple watersheds, with clear
watershed-to-watershed differences that reflect both forcing uncer-
tainties and structural limitations when applying a regional land
surface model at small watershed scales. The simulations capture
the broad magnitude in some watersheds, but exhibit pronounced
seasonal biases, systematically underestimating winter runoff and
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Fig. 13. Monthly variation of water cycle variables across three land cover types from 2000 to 2020: (a) forest; (b) grassland; (c) urban; and (d) different
land cover types. Precipitation, evapotranspiration (ET), runoff, changes in soil water, and changes in groundwater are distinguished by different
line styles and markers. Panel (d) compares annual mean precipitation, ET, and runoft among the three land cover types, with white, light-gray, and
dark-gray bars representing forest, grassland, and urban, respectively. Error bars indicate standard deviations.

overestimating summer runoff. For winter runoff simulation uncer-
tainties, since winter ET values are relatively low, the primary cause
of these discrepancies is likely due to inaccuracies in the impervious
surfaces and the simulation of soil water storage (Brocca et al. 2008;
Chen et al. 2011a). In CoLM-U, the current threshold-based pond-
ing approach for impervious grids may fail to represent delayed
drainage or snowmelt contributions, further amplifying winter
runoff errors.

Conversely, summer runoff overestimation may stem from
underestimations of ET, implying a need for improved parameteri-
zation of vegetation dynamics under high-temperature conditions
(Allen et al. 1998; Du et al. 2017). Given that ET is relatively high
in summer, inaccuracies in runoff simulations are likely due to a
combination of errors in ET modeling and the representation of
impervious surfaces and soil water storage (Li and Bou-Zeid 2014;
Yang et al. 2015).

Extreme precipitation events pose an additional challenge for
CoLM-U, as evidenced by its inability to capture the 2010 flood
event in Nashville. This limitation highlights the sensitivity of land
surface models to reanalysis-based precipitation inputs, which often
underestimate extreme rainfall intensities (Huffman et al. 2007).
Our findings suggest that such errors propagate strongly into urban
runoff estimates due to the rapid hydrological response of impervious
surfaces. Notably, two watersheds (Watersheds 4 and 5) exhibit
persistently larger runoff discrepancies that cannot be fully explained
by precipitation forcing uncertainty alone. These watersheds are
characterized by hydrogeological and hydraulic conditions, such
as karst drainage and downstream backwater effects that are not
explicitly represented in a general regional land surface model.
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Consequently, the runoff behavior in these watersheds is interpreted
as reflecting limitations in model applicability under complex local
conditions, rather than as evidence of overall model failure.

In addition, several urban-specific model limitations are critical
for advancing urban land surface modeling: (1) The lack of explicit
urban drainage systems in CoLM-U-U likely contributes to exces-
sive surface runoff during storms. Current runoff treatment assumes
simplified threshold-based surface storage without engineered
drainage representation. (2) Urban vegetation (e.g., street trees,
lawns, green roofs) is treated in a highly simplified manner, poten-
tially underestimating local ET and evaporative cooling in semi-
pervious grids. (3) Anthropogenic heat fluxes are parameterized
using globally uniform values. Incorporating region-specific data
(e.g., local energy consumption, traffic intensity) could improve
energy flux simulations in urban areas.

Importantly, our methodology that integrates in situ runoff
data and satellite-based ET estimates at the small watershed scale
demonstrates how multisource validation can uncover model weak-
nesses that are often obscured in large-scale, energy-only assess-
ments. These insights point toward specific model development
needs and can guide future efforts to enhance urban hydrology
modeling in process-based LSMs.

This study also represents one of the first systematic hydrolog-
ical evaluations of the recently updated CoLM-U model, comple-
menting recent model development and comprehensive evaluation
studies (Yuan et al. 2026; Dong et al. 2026). While previous
evaluations of LSM urban modules have focused predominantly on
energy-related variables due to the scarcity of long-term hydrolog-
ical observations in urban areas, our work explicitly incorporates in

J. Hydrol. Eng.

J. Hydrol. Eng., 2026, 31(6): 04026060



ary.org by North Carolina State University on 09/22/26.

Downloaded from ascelibr

Copyright ASCE; all rights reserved, including rights for text and data mining and training of artificial intelligence or similar technologies.

situ runoff measurements from five small watersheds in the humid
southeastern United States. This multiscale validation framework,
from watershed-to-regional scale, provides unique insights into
how a regional-scale land surface model performs at fine hydro-
logical scales. The primary objective of this evaluation was not
to maximize statistical performance, but to conduct a diagnostic
assessment under real-world urban—rural transitional conditions,
thereby identifying process-level strengths and weaknesses. By
revealing process-level biases and their potential causes, this
evaluation offers both empirical benchmarks for future CoLM-U
development and a foundation for scenario-based studies of urban
hydrology and climate adaptation.

Comparison of ET Estimates at the Regional Scale:
CoLM-U versus SSEBop

Our comparison of CoLM-U-simulated ET with SSEBop-derived
ET reveals systematic differences between these two approaches.
These differences may be linked to assumptions embedded in
the remote sensing retrieval (e.g., reliance on potential ET and
surface temperature) and to structural choices in the process-based
model (e.g., soil moisture and canopy interception representation),
as well as differences in spatial resolution (CoLM-U ~500 m
versus SSEBop ~1 km) in heterogeneous urban—rural landscapes.
Importantly, SSEBop is not treated here as an objective ground
truth; rather, it is used as a widely adopted, spatially continuous
reference that enables diagnosis of systematic discrepancies in
ET magnitude and seasonality between satellite-based and process-
based approaches.

Differences in spatial resolution, CoLM-U (~500 m) versus
SSEBop (~1 km), may also contribute to discrepancies, especially
in heterogeneous urban—rural transitional areas (Fisher et al. 2020).
Prior studies have emphasized that finer resolutions improve the
ability to capture localized ET variations, particularly where mixed
land covers exist (Zhu et al. 2022). Our results suggest that CoLM-U
better resolves land use—specific ET differences, further supporting
the utility of high-resolution, process-based models for urban cli-
mate applications.

Nevertheless, spatial biases remain in the CoLM-U-simulated
ET, especially in urban areas where LULCC input resolution and
representation of urban vegetation are critical. These limitations
underscore the importance of using more detailed land cover
datasets and dynamic vegetation modeling to improve ET spatial
estimates. Future research could explore hybrid approaches that
integrate remote sensing products with physically based models,
particularly in complex urban environments where microclimatic
effects are pronounced (Jalilvand et al. 2019; Wu et al. 2020).

Energy and Water Balance Variations across Land
Cover Types

The analysis of energy and water balances across forests, grass-
lands, and urban areas highlights distinct land cover-driven differ-
ences. Forests exhibit the highest net radiation and latent heat fluxes,
leading to enhanced ET and lower surface temperatures. In contrast,
urban areas, with impervious surfaces and reduced vegetation cover,
experience suppressed latent heat fluxes and elevated sensible heat,
contributing to the UHI effect (Li et al. 2019). These results align
with prior studies on urban climate dynamics but further quantify
the extent of these differences using process-based modeling (Zhao
et al. 2021; Liu et al. 2025).

Our findings are consistent with studies conducted in other
humid regions. Studies in the southeastern US show that urban
areas consistently exhibit higher surface temperatures and reduced
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ET and higher runoff (Boggs and Sun 2011; Li et al. 2020) due
to extensive impervious surfaces (Niyogi et al. 2017; Diem et al.
2018, 2021, 2023). Similarly, studies in southeastern China cities
reveal that forests and urban green spaces significantly mitigate
heat accumulation and improve moisture retention (Wu et al. 2024;
Zhang et al. 2024). These parallels reinforce the importance of
vegetation in regulating urban climates under humid conditions.

Our study results show that runoff dynamics exhibit strong land
cover dependencies in addition to climate. Urban areas generate
significantly more runoff than other land uses due to reduced
ET and infiltration, whereas forests promote ET, infiltration, and
groundwater recharge. Our simulations show urbanized basins have
both higher runoff ratios and flashier hydrographs. Studies in humid
coastal cities, such as Shanghai, southern China, highlight the role
of urbanization in exacerbating stormwater runoff, particularly dur-
ing extreme precipitation events (Wang et al. 2012). Additionally,
research has shown that urban forests can significantly reduce
stormwater runoff and delay peak flows (Kuehler et al. 2017;
Dowtin et al. 2023) by enhancing infiltration. Our simulation study
also suggests that vegetation ET is important in affecting water
balances at both monthly and annual scales.

Model Uncertainties and Future Improvements

One important source of uncertainty in our CoLM-U simulations
lies in the quality and resolution of the atmospheric forcing
data. Among the available products, ERA5-Land stands out as
the most suitable option, providing relatively high spatial resolu-
tion (~9 km), hourly temporal coverage, and extensive validation
across diverse climates (Dee et al. 2011; Mufioz-Sabater et al.
2021). However, the spatial resolution of ERAS5-Land is still insuf-
ficient to fully resolve fine-scale landscape heterogeneity in urban
areas, especially in regions with a mix of impervious surfaces and
urban vegetation. This limitation likely contributes to some of the
mismatches we observed between modeled and observed runoff
and evapotranspiration, particularly at the watershed scale. Future
improvements could involve bias-correcting ERA5-Land data using
local weather station observations.

In addition to atmospheric forcing, land cover representation
remains a critical challenge. This study relies on MODIS-IGBP
land cover data with 500-m resolution, which are widely used
but may not adequately resolve urban spatial heterogeneity such
as small green patches, narrow water channels, or mixed surface
types (Weng 2012). Employing higher-resolution land use products
(e.g., Landsat-derived or local cadastral data) and incorporating
urban vegetation structures, such as distinguishing between trees,
shrubs, lawns, and green roofs, could improve the realism of
CoLM-U’s surface characterization (Chen et al. 2018).

Uncertainties arise from the model structure itself, especially in
representing hydrological and energy exchange processes. While
CoLM-U provides a comprehensive framework, several key urban-
specific processes are simplified or omitted. One notable limitation
is that CoLM-U does not explicitly simulate urban drainage infra-
structure, such as stormwater pipes, retention ponds, or combined
sewer systems. Instead, it assumes a uniform maximum water pond-
ing depth (1 kg/m?) for impervious surfaces, beyond which excess
water becomes immediate surface runoff. This simplification likely
leads to overestimation of runoff timing and magnitude, especially
during short-duration high-intensity storms. This perhaps explains
some of the runoff biases observed in urbanized watersheds when
compared with USGS streamflow data. Incorporating simplified
urban drainage schemes could improve model realism.

Additionally, CoLM-U assumes homogeneous impervious sur-
face properties within urban grids, neglecting the diversity of
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infiltration capacities and thermal behaviors across different surface
materials. The anthropogenic heat flux parameterization also uses
generalized global values and does not account for region-specific
energy use or urban morphology, which can substantially alter the
local energy balance. Refining these structural elements, particu-
larly for urban land surface processes, is essential for improving
CoLM-U’s application in urban climate and hydrology studies
(Fletcher et al. 2013).

Uncertainties in model parameters present a significant chal-
lenge. The sensitivity of CoLM-U to key hydrological and thermal
parameters, such as soil hydraulic conductivity, canopy resistance,
and land surface albedo, influences simulation accuracy. Variations
in soil infiltration rates and plant transpiration coefficients can lead
to discrepancies in simulated runoff and evapotranspiration. Future
work should include parameter calibration and sensitivity analysis
to better constrain key hydrological and thermal parameters (Wang
et al. 2014, 2016, 2020, 2021).

Implications for Water Management and Climate
Adaptation and Research Limitations

This study provides new insights into how land cover types, partic-
ularly urban vegetation and impervious surfaces, affect the spatial
and temporal dynamics of water and energy balances. Our findings
highlight the importance of urban forests as green infrastructure
in mitigating UHI effects and improving stormwater management.
These results reinforce the value of integrating NbS into urban
planning to enhance sustainability and resilience in the city (Roy
et al. 2012; Di Leo et al. 2016).

This study demonstrates that land surface models such as CoLM-
U can be useful tools for simulating the hydrological and thermal
impacts of urbanization. By validating CoLM-U against both in
situ runoff observations and remote sensing—based ET estimates,
we show that process-based models can capture key urban hydro-
climatic dynamics even though model performance is strongly
influenced by data resolution and structural assumptions, especially
in highly developed or semipervious urban areas.

In the context of environmental adaptation to land use change,
our approach also provides a modeling framework that can support
scenario-based assessments of future urban growth, land use tran-
sitions, and changing climatic conditions (Mees et al. 2012). For
example, simulations that test varying levels of urban vegetation,
impervious surfaces, or anthropogenic heat emissions can inform
design thresholds and infrastructure priorities under climate stress.
Future work could couple CoLM-U with urban growth and climate
scenarios to evaluate adaptation strategies.

While this study offers valuable contributions, several research
limitations remain. First, our simulations are limited to the Nash-
ville region, which may limit generalizability to other climatic or
geographic contexts. Second, although the study covers a 21-year
period (2000-2020), longer-term simulations incorporating future
climate scenarios would be beneficial for adaptation planning
(IPCC 2021). Third, while this study focuses on CoLM-U and
validates ET against SSEBop, comparative evaluations with other
urban-capable models (e.g., WRF-Urban, Noah-MP) would pro-
vide a more comprehensive understanding of model uncertainties
and performance differences (Li et al. 2013). Expanding such inter-
model comparisons is an important direction for future research.

Finally, the limitations identified in this study, particularly the
lack of explicit urban drainage modeling and simplified represen-
tation of urban vegetation, offer clear directions for future model
development. Improving the representation of these processes and
integrating locally calibrated anthropogenic heat and land cover
inputs could substantially enhance the usefulness of land surface
models for urban sustainability applications.
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Conclusions

This study conducted a diagnostic and applicability assessment
of the regional land surface model CoLM-U in representing local
energy and water balance dynamics across different land cover
types in a humid southeastern region of the United States. The
model reproduced the broad magnitude and spatial contrasts of
ET, runoff, and energy fluxes. However, important seasonal mis-
matches and watershed-to-watershed modeling bias revealed both
atmospheric forcing uncertainties and structural limitations when
a regional land surface model is applied at small watershed scales.
Our study suggests that forests can reduce stormwater runoff and
sensible heat through elevated ET and infiltration in the growing
season compared to grass and urban land uses. By contrast, urban
land covers dominated by impervious surfaces with sparse veg-
etation led to lower ET and higher sensible heat, exacerbating
UHI effects.

This study suggests that land surface models like CoLM-U could
be valuable tools for understanding water and energy balances
in a mixed land use setting and thus provide useful information
guiding future climate-resilient urban planning. However, further
model development, such as integrating high-resolution data and
improving representations of extreme events and urban vegetation
covers, is needed to enhance predictive accuracy and applicability.
Implementing these improvements will enable CoLM-U to more
reliably capture urban water and energy balance processes, thereby
strengthening its role in supporting sustainable urban planning and
effective climate adaptation strategies.
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