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Abstract. Green roofs mitigate urban heat, but to fully as-
sess their impact, green roof models must be integrated into
urban climate models, where they provide critical surface
boundary conditions. Ensuring their reliability requires eval-
uation, yet such efforts remain limited in the literature. This
study addresses that gap by evaluating two configurations
of EcoRoof, the green roof module from EnergyPlus (ERo
for the original version of the model, and ERm for a modi-
fied version), and a multilayer green roof parametrization for
WRF (WRF-MLGR) (Heusinger et al., 2018; Sailor, 2008;
Zonato et al., 2021). These models were tested against field
observations from a monitored green roof in London, On-
tario, focusing on latent heat flux (Qe), surface tempera-
ture (Tsurf), soil heat flux (Qg) and substrate water con-
tent (SWC). Model performance varied by variable. The two
EcoRoof versions showed similar performance, with mean
RMSE across study periods of approximately 56–60 W m−2

for Qe, 3–4 °C for Tsurf, 22 W m−2 for Qg, and 0.03 m3 m−3

for SWC. Performance for Qe was comparable across mod-
els; however, WRF-MLGR exhibited much larger errors for
Qg (with mean RMSE exceeding 100 W m−2) and SWC
(0.06 m3 m−3), along with higher Tsurf deviations (∼ 5 °C).
Overall, EcoRoof provided a more consistent representa-
tion of the daytime energy balance, whereas WRF-MLGR
showed structural biases in surface heating. These findings
highlight the importance of process-level evaluation for ur-
ban climate applications and underscore the need for contin-
ued model development to address the structural limitations
in green roof parametrizations.

1 Introduction

Green roofs have emerged as a promising technology to en-
hance urban resilience. They consist of vegetation on the
rooftops of buildings and offer numerous environmental ben-
efits, such as mitigating urban heat, reducing building energy
use, reducing stormwater runoff and contributing to biodi-
versity and urban livability (Berardi et al., 2014; Oberndor-
fer et al., 2007; Shafique et al., 2018). Their ability to in-
fluence the surface energy balance makes them particularly
valuable as an urban heat adaptation strategy. Vegetation and
moist growing media redirect energy into the latent heat flux
through evapotranspiration, thereby reducing sensible heat
flux to the atmosphere, while the substrate’s thermal mass
dampens diurnal temperature extremes (Li et al., 2014) and
acts as a layer of insulation providing year round benefit to
the host building.

To capture these effects at the city scale, green roofs must
be incorporated into urban canopy models, where reliable pa-
rameterizations can provide critical surface boundary con-
ditions for simulations of urban climate adaptation. Rigor-
ous evaluation of their underlying energy-balance schemes
is essential for reliable integration into city-scale applications
(Krayenhoff et al., 2021). While many studies include green
roofs as an adaptation measure (Berardi, 2016; He et al.,
2020; Heusinger and Weber, 2017; Jaffal et al., 2012; Kim
et al., 2024; Krayenhoff et al., 2003; Liu and Minor, 2005;
Martens et al., 2008; Seo et al., 2023; Silva et al., 2016;
Zheng et al., 2022), most rely on parameterizations with-
out thoroughly assessing model performance. Furthermore,
when evaluation is performed, it usually focuses on outcome
variables such as surface or substrate temperature. Krayen-
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hoff et al. (2021) emphasize that evaluating surface energy
fluxes (i.e., the physical processes) offers a more robust in-
sight and is essential to ensure accurate and dependable re-
sults.

As part of ongoing efforts to improve green-roof repre-
sentation in urban canopy models (Siddiqui et al., 2022), we
evaluate two existing green-roof models: EcoRoof included
in EnergyPlus (Sailor, 2008) and a green roof model coupled
in the multi-layer urban canopy model BEP-BEM (Martilli
et al., 2002) within the Weather and Research Forecasting
model (WRF), hereafter referred to as WRF-MLGR (Zonato
et al., 2021). These models were selected based on their
availability, exportability, and potential integration into the
GEM-TEB urban climate modelling framework. They repre-
sent contrasting levels of structural complexity and are em-
bedded within widely used building and atmospheric mod-
elling systems, making them strong candidates for compara-
tive assessment.

Despite their widespread use, both models have rarely
been subject to comprehensive evaluation. For EcoRoof, the
original development by Sailor (2008) reported validation
against substrate temperatures with RMSE values around
4 °C and a tendency to overestimate substrate temperatures.
Subsequent applications have primarily focused on thermal
behavior, with limited evaluation (e.g. Cascone et al., 2018;
Zheng and Weng, 2020; Costanzo et al., 2016). Studies that
do include some form of evaluation do not explicitly assess
surface energy fluxes. For example, Silva et al. (2016) re-
ported RMSE values below 2 °C for indoor and surface tem-
peratures and noted a positive bias under high radiation con-
ditions, while Karachaliou et al. (2016) found good agree-
ment between modeled and observed surface temperatures
with differences below 1.3 K.

Similarly, WRF-MLGR was first introduced by Zonato et
al. (2021) within the WRF-BEP-BEM framework (Martilli
et al., 2002; Salamanca et al., 2010), and its implementa-
tion rather than evaluation was emphasized. Some subse-
quent studies have applied this framework to urban mitiga-
tion analyses. For instance, Brousse et al. (2024) used WRF-
BEP-BEM with the Zonato et al. (2021) green roof scheme to
simulate the cooling effects of green and cool roofs on urban
air temperatures but did not validate model outputs. Simi-
larly, Chen et al. (2023) applied a WRF configuration based
on Zonato et al. (2021), to study rooftop mitigation strategies
in China and evaluated air temperature, wind speed, and rela-
tive humidity, reporting maximum RMSE values of 4.13 °C,
1.63 m s−1, and 21.69 %, respectively. However, no energy
balance components or surface fluxes were evaluated. Over-
all, while WRF has been widely used to simulate the impacts
of green roofs, rigorous validation – especially of surface en-
ergy balance components and green roof-specific processes
– remains limited. Many applications using alternative WRF
configurations (e.g., SLUCM, BEP-BEM, PUCM) have sim-
ilarly omitted validation or relied primarily on atmospheric
variables without assessing surface fluxes or roof-level tem-

peratures (Imran et al., 2018; Kalogeri et al., 2023; Khan et
al., 2023; Sun et al., 2016).

Taken together, these examples highlight a common trend
in literature: while these models are widely applied to es-
timate cooling potential, energy performance or inform de-
sign and policy decisions, their predictive accuracy is rarely
scrutinized. This underscores the need for systematic eval-
uation of green roof models. To address this gap, we eval-
uate EcoRoof and WRF-MLGR against observations from
a green roof test array. Specifically, we ask: (a) how well
does each model reproduce fluxes (Qe, Qg) and Tsurf dur-
ing multi-month periods? (b) How does model performance
change across different moisture regimes and radiative forc-
ing conditions? and (c) how accurately do they simulate sub-
strate water content dynamics during and after precipitation
events?

2 Methods

2.1 Site and experimental setup

The study site for this research is a green roof located on the
rooftop of the Talbot College building, at Western Univer-
sity, London, Ontario, Canada. The green roof plot is com-
posed of individual modules placed side by side, with dimen-
sions of 0.3×0.3 m and depths of 0.10 and 0.15 m. The green
roof does not completely cover the roof area; Fig. 1 shows a
photograph of the green roof setting. It has three different
types of vegetation: Sedum spurium, Aquilegia canadensis,
and Sporobolus heterolepis.

For this study, the observational data comes from a cen-
tral array within the green roof which is elevated from the
roof surface to allow the installation of lysimeters. The array
consists of modules planted exclusively with Sedum spurium.
The growing media was previously characterized by Perelli
(2014) and was constructed as a homogeneous 0.15 m layer,
with no intentional vertical differentiation in material com-
position. For analysis purposes, however, the substrate was
treated analytically as a 2.5 cm surface layer and a 12.5 cm
subsurface layer, reflecting sensor placement and root distri-
bution rather than distinct physical layers within the growing
medium.

2.2 Data collection and observed variables

This research uses observational data from the summer and
fall seasons of 2014, collected from 1 July to 31 October
2014. Details about the measured variables and instrumen-
tation used can be found in Sect. S1 of the Supplement and
on Kurukulaarachchi (2017). The variables analyzed in this
study are Qe, Qg, Tsurf and SWC; while the sensible heat flux
(Qh) was determined as the residual of the surface energy
balance and is therefore not included in the model perfor-
mance evaluation. Energy-balance components and micro-
climate variables were sampled at 1 s intervals and subse-
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Figure 1. The green roof test array on Talbot College at Western University. Photo credit: J. Voogt.

quently averaged and stored at 5 min resolution, lysimeters,
rain gauges and drainage units were averaged (or totaled, as
appropriate) over 1 min intervals. A conceptual diagram of
the green roof instrumentation set up is shown in Fig. 2.

2.3 Selection of study periods and evaluation criteria

2.3.1 Selection of analysis periods

To evaluate model performance, two analysis periods of
62 d were selected, each encompassing multiple precipita-
tion events interspersed with drying intervals. Period selec-
tion was guided by a monthly stratification of the dataset,
for which summary statistics (mean, standard deviation, and
25th, 50th, and 75th percentiles) were computed for net ra-
diation, air temperature, vapor pressure deficit (VPD), and
wind speed. Based on similarities in these environmental
characteristics, July–August was grouped as “summer” and
September–October as “fall”. These labels are used only for
descriptive convenience and do not correspond to full mete-
orological seasons.

Two additional subsets were defined to isolate model per-
formance under contrasting environmental conditions: dry
versus rainy days and low versus high net radiation (Q∗). For
the moisture-based classification, a daily rainfall threshold of
> 5 mm was used to identify rainy days, while dry days were
defined as having < 0.2 mm of rainfall on the target day and
during the preceding 2 d. This classification yielded 15 rainy
days in summer and 11 in fall, and 13 dry days in summer
and 14 in fall.

For the radiation-based classification, high- and low-net
radiation days were identified using percentile thresholds:
days below the 25th percentile of daytime mean net radia-
tion were classified as low-net radiation conditions, and days
above the 75th percentile were classified as high-net radia-
tion conditions. This procedure resulted in 31 low-net radia-
tion days and 31 high-net radiation days across the analysis
periods.

2.3.2 Evaluation criteria and data exclusions

Although the model simulates energy balance continuously,
the focus of the evaluation is not on the accuracy of fluxes
during precipitation itself, but rather on how well the model
responds to rainfall inputs over time. To isolate this response,
time steps with active precipitation (rainfall > 0.2 mm) were
excluded at the analysis stage. This approach is consistent
with the study objectives, as Qe cannot be reliably estimated
from lysimeters measurements during rainfall and moreover,
evapotranspiration is minimal under these conditions due to
high humidity and reduced vapor pressure gradients.

The evaluation was restricted to daytime conditions (Q∗ >

0), when surface energy exchanges are dominated by radia-
tive forcing and turbulent fluxes are most pronounced. In ad-
dition, time steps affected by instrument malfunction, cali-
bration activities, or missing data were removed. All exclu-
sions were applied only to the observed and modeled out-
puts used for evaluation; the simulations themselves were
performed using the complete forcing datasets.

2.4 Observed energy balance: framework and
assumptions

The experimental green roof used in this study occupies
only a portion of the roof surface (Fig. 1), surrounded by
conventional roofing material, introducing potential for ad-
vective effects, as thermal gradients between the vegetated
and bare roof surfaces may influence heat exchange. Ku-
rukulaarachchi (2017) analyzed selected drying periods from
2014 and found that only 2.8 % of the data showed possi-
ble signs of advection, with strong evidence present in just
1.2 % of the cases. Advection in that study was diagnosed us-
ing four separate case definitions based on diagnostic criteria
including periods when Qe exceeded the available energy,
the presence of near-surface temperature inversions over the
green roof, and wind directions and roof-surface tempera-
ture differences consistent with flow across a long, warmer
conventional-roof fetch. These diagnostics were used to flag
periods when warm, dry air was likely being advected over
the vegetated modules and enhancing evaporation.
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Figure 2. Green roof conceptual diagram (Kurukulaarachchi, 2017).

Based on these findings, advective influences were con-
sidered limited, affecting only a small fraction of the present
dataset. Accordingly, the observational surface energy bal-
ance is formulated under the assumption of negligible hori-
zontal energy fluxes, and is expressed as:

Q∗ =Qe+Qh+Qg (1)

Before calculating observed Qe and Qg, the raw data un-
derwent processing steps to ensure physical consistency and
compatibility among variables. These steps included com-
puting lysimeter weight changes, converting precipitation
and drainage data into equivalent depths, deriving substrate

water content from lysimeter measurements, and estimating a
substrate heat capacity that accounts for changes in moisture.
Observed Qe was taken as the average of the two lysimeter-
derived (northeast and southeast) estimates, whereas Qg was
derived from one module only (west module) due to exten-
sive missing data in the other module. In addition, the radia-
tive measurement of Tsurf was corrected using an emissivity
of 0.96 (Kurukulaarachchi, 2017), and the measured incident
longwave radiation to represent kinetic temperature. Detailed
derivations and processing steps for all variables are provided
in Sect. S2 of the Supplement.

Geosci. Model Dev., 19, 9729–9749, 2026 https://doi.org/10.5194/gmd-19-9729-2026



M. Martinez Mendoza et al.: Process-based evaluation of green roof models 9733

2.5 Green Roof Energy Balance Models

2.5.1 Comparison of Model Approaches

The models to be compared are stand-alone versions of ER
– an original version of the model, as found withing Energy-
Plus v8.6.0 (Sailor, 2008), and a modified configuration fol-
lowing Heusinger et al. (2018) – and a stand-alone version
of the green roof parametrization embedded in WRF v.4.3.1
(Zonato et al., 2021). Table 1 provides an overview of each
model.

2.5.2 Model set up

In addition to input parameters, which need to be specified
in the program, the models require an input file with atmo-
spheric forcing data, which is common to both models. It
consists of time series measurements of eight variables: in-
coming solar radiation, incoming longwave radiation, wind
speed, air temperature, humidity, precipitation, air pressure
and irrigation. Most variables were directly measured on site,
except air pressure, which was retrieved from London A
weather station (WMO ID: 71623), located at London In-
ternational Airport.

Both models also require prescribed vegetation and sub-
strate parameters, as well as initialization variables specific
to each model. Key model input parameters and prescribed
values are summarized in Table 2. Additional details are pro-
vided in Sect. S5 of the Supplement. Some parameters such
as LAI, and vegetation height, may vary seasonally; how-
ever, continuous time series measurements were not avail-
able. Therefore, representative values appropriate for each
study period were selected based on available measurements
and previous studies conducted on the green roof. Although
albedo was measured continuously, period-specific values
were used to provide a single representative parameter value
for each simulation period.

The models are initialized (forcing file starts) at 03:00 LT
on the first day of the period and end at 23:00 LT on the last
day of the period. The timesteps are 5 min long and the values
used for the initialization correspond to the value at the 03:00
time step for all variables except albedo, which is an average.

2.6 Evaluation metrics

For the model evaluation a quantitative analysis was per-
formed to compare modeled and observed values. The sta-
tistical metrics calculated are Mean Absolute Error (MAE),
Mean Bias Error (MBE) and Root Mean Square Error
(RMSE); along with the statistical method for model evalu-
ation outlined by Willmott (1982) and Willmott et al. (1985,
2012). This includes the separation of RMSE into its system-
atic (RMSEs), and unsystematic (RMSEu) components, and
the Index of agreement. For this study the refined version of
the Index of agreement (dr) is used (Eqs. 2 and 3), given that

it includes improvements from the original version.
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where n is the number of observations of y, yi is the ith ob-
servation, y is the mean, ŷi represents the modeled value and
C is a constant, equal to 2. The improvements of this version
include an index range that is double of the original (range
from −1 to 1), which provides greater separation when com-
paring models that perform relatively well, and the use of
absolute rather than squared differences, which makes the in-
dex less sensitive to outliers (Willmott et al., 2012). The bet-
ter performing green roof model should have lower values of
RMSE and higher RMSEu relative to RMSEs; and a dr value
closer to 1 (Comer et al., 2000; Willmott et al., 2012).

3 Results

3.1 Weather conditions

During the summer period (DOY 182–243), conditions show
persistently high daytime mean incoming shortwave radia-
tion and relatively stable daily mean incoming longwave ra-
diation. Daily mean air and surface temperatures remain ele-
vated throughout the period, with surface temperatures con-
sistently exceeding air temperatures, and exhibiting a rela-
tively wide daytime temperature range as indicated by the
min–max envelopes. Specific humidity shows moderate vari-
ability, with lower daily mean values generally coinciding
with warmer, clearer days. Daily mean wind speeds remain
low to moderate and vary mainly from day-to-day, indicating
variability driven by changing synoptic conditions. Precipi-
tation occurs on a limited number of days, with most events
near 10 mm (Fig. 3).

During the fall period (DOY 244–304), daytime mean in-
coming shortwave radiation decreases relative to summer
and shows greater day-to-day variability, while daily mean
incoming longwave radiation remains comparatively stable.
Daily mean air and surface temperatures decline over the
period, and the daily temperature range becomes narrower.
Daily mean specific humidity is generally lower than dur-
ing summer, consistent with cooler atmospheric conditions,
while daily mean wind speeds show increased day-to-day
variability. Precipitation occurs on a similar number of days
as in summer, with most events below 10 mm and two signif-
icant larger rainfall events (Fig. 4).
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Table 1. Green roof model overview.

Characteristic Model

ERo (Sailor, 2008) ERm (Heusinger et al., 2018) WRF-MLGR (Zonato et al., 2021)

Dimensionality One dimension (vertical). One dimension (vertical). One dimension (vertical).

Number of Two substrate layers (a surface Two substrate layers (a surface Ten layers (four corresponding to
Layers layer and a subsurface layer). layer and a subsurface layer). the built roof below six corresponding

to the green roof substrate).

Energy balance Separate assessment of energy Separate assessment of energy Lumped energy processes for
calculation balance for the foliage layer balance for the foliage layer foliage and substrate surface with

and for the substrate surface. and for the substrate surface. no explicit separation of canopy.

Radiative Accounts for long-wave and Accounts for long-wave and Calculates net radiation but does not
exchange short-wave radiative exchange short-wave radiative exchange detail intra-canopy or canopy-substrate

between plant canopy and substrate. between plant canopy and substrate. radiative exchanges.

Convective heat Two-layer resistance-based model Two-layer resistance-based model Bulk aerodynamic method without
transfer with explicit canopy air space with explicit canopy air space substrate-vegetation flux partitioning.

Evapo- Accounts for substrate evaporation Accounts for substrate evaporation, Includes only plant transpiration
transpiration and plant transpiration, with plant transpiration (influenced influenced by environmental conditions;

stomatal resistance being influenced by environmental factors), no substrate evaporation.
by environmental factors. and evaporation of intercepted rainfall.

Heat conduction Fourier’s law. Fourier’s law. Fourier’s law.
and storage

Substrate thermal Moisture-dependent. Moisture-dependent. Moisture-dependent.
properties

Runoff/drainage Occurs when rainfall exceeds a Includes canopy interception with Drainage occurs from the bottom layer
fixed infiltration threshold and drip to the substrate and replaces using a moisture-dependent conductivity
when layers exceed saturation; fixed infiltration threshold with function. Does not include explicit
drainage from the subsurface moisture-dependent surface runoff surface runoff or canopy interception.
layer conductivity-based. calculation.

3.2 Observed energy balance

To characterize the surface energy exchange at the study site,
we first examined the observed energy balance (Fig. 5). The
hourly composites show a similar overall structure. In sum-
mer (Fig. 5a) mean Q∗ peaks around ∼ 450 W m−2 and is
partitioned primarily into Qh – approximately 50 %, esti-
mated as the residual of the energy balance, and therefore
potentially including minor contributions from advection and
other unmeasured terms –, while Qe accounts for 46 % of
daytime energy and Qg for roughly 4 %. Tsurf peaks near
∼ 30 °C. In fall (Fig. 5b), all components decrease season-
ally: midday mean Q∗ is ∼ 300 W m−2, Qe represents 41 %
of the energy and Qg contributes 7 % of the energy. Tsurf
peaks around 20 °C. Figure 5 illustrates how the green-roof
energy balance evolves between periods, providing a refer-
ence framework for the subsequent model evaluation.

To assess the influence of the green roof configuration on
the conductive heat flux, one heat flux module (Fig. 2) was
temporarily relocated to a location on the roof where it was
in direct contact with the roof surface, and Qg was then mea-
sured over a short period in October (Fig. 6).

Under these conditions, the daytime mean Qg increased to
a daytime mean of 23 W m−2, compared to 13 W m−2 mea-
sured under the elevated configuration during the same sea-
son. Although this relocation experiment was conducted over
a relatively short period in fall, the results suggest that the el-
evated configuration of our modules reduces conductive heat
transfer.

Observed uncertainties for the surface energy balance
fluxes were quantified using standard error propagation
methods (Taylor, 1997), yielding mean daytime uncertainties
of ±39 W m−2 for Qe and ±14 W m−2 for Qg. This helps
contextualize the significance of the model–observation dif-
ferences discussed below. Further details on the uncertainty
propagation are provided in Sects. S3 and S4 of the Supple-
ment.

3.3 Comparative model evaluation

3.3.1 Latent heat flux

The hourly composites (Fig. 7) show the two ER configu-
rations (ERo and ERm) exhibiting early-morning underes-
timations and an afternoon positive bias, peaking around
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Table 2. Model input parameters.

Parameter Model Initial Value Source

Vegetation Type of vegetation WRF-MLGR Sedum Spurium –

Leaf area index (LAI) Both 2–3.7 Estimated from Sia (2016)

Albedo Both 0.15–0.25 Measured

Emissivity Both 0.96 Kurukulaarachchi (2017)

Min. stomatal
resistance (MSR)
(s m−1)

Both 500 Calibrated, based on ranges
provided by Piccinini Scolaro
et al. (2024) and
Tabares-Velasco and Srebric
(2012)

Max. stomatal
resistance (s m−1)

WRF-MLGR 1125 Zhao et al. (2014)

Roughness length for
momentum (m)

Both 0.01 de Munck et al. (2013)

Height of plants (m) ER 0.087–0.159 Estimated from Tran et al.
(2019)

substrate
(loam–sandy
loam growth
media)

Number of layers and
thickness (m)

Both ER: Two, top (0.07) and
root layer (0.08) WRF:
detailed on Table S3 of the
Supplement.

–

Dry substrate thermal
conductivity
(W m−1 K−1)

ER 0.194 Perelli (2014)

Porosity (m3 m−3) Both 0.45 Perelli (2014)

Dry bulk density of
the growing media
(kg m−3)

ER 751.80 Measured

Specific heat capacity
(J kg−1 K−1)

ER 1052 Estimated by back-calculation

Saturated hydraulic
conductivity (m s−1)

ER 1.67× 10−4 Perelli (2014)

Substrate suction (m) WRF-MLGR −0.1 Inferred from Perelli (2014)

Dry substrate heat
capacity (J m−3 K−1)

WRF-MLGR 8.03× 105 Perelli (2014)

Field capacity WRF-MLGR 0.193 Sims (2016)

Wilting point WRF 0.05 Software Default value

Absorptance
(thermal/longwave)

WRF-MLGR 0.96 Kurukulaarachchi (2017)

Absorptance
(solar/shortwave)

WRF-MLGR 0.75–0.85 Derived from measured albedo

Absorptance (visible
wavelength)

ER 0.7 Software Default value
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Figure 3. Weather conditions during the summer period. Panels (a) and (b) show daytime mean incoming shortwave (Kdown) and daily
mean longwave (Ldown) radiation, respectively; panel (c) shows daily mean air and surface temperatures with shaded envelopes indicating
the daily minimum–maximum temperature range; panel (d) shows daily mean specific humidity; panel (e) shows daily mean wind speed;
and panel (f) shows daily precipitation totals.

∼ 50 W m−2. In contrast, WRF-MLGR consistently under-
estimates Qe during the morning, and most of the after-
noon, with biases reaching 100 W m−2, later in the after-
noon the model switches to overestimations. The shaded en-
velopes show larger variability for ER than for WRF-MLGR.
In the summer period (Fig. 7a), ERo shows stronger early-
morning underestimations but smaller midday overestima-
tion that ERm, while WRF-MLGR maintains its predomi-
nantly negative bias, particularly in the morning. In the fall
period (Fig. 7b) all models show reduced amplitudes, but

the same general patterns persist: ER transitions from morn-
ing underestimation to afternoon overestimation and WRF-
MLGR remains negatively biased.

Figure 8 presents the composite differences between mod-
eled and observed Qe – during daytime hours without ac-
tive precipitation –, separated into dry days (< 0.2 mm of
rainfall on the target day and during the preceding 2 d; Fig.
8a) and rainy days (daily rainfall > 5 mm; Fig. 8b). On dry
days, model behavior closely resembles that of the full-
period composites and shows relatively small variability. In
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Figure 4. Weather conditions during the fall period. Panels (a) and (b) show daytime mean incoming shortwave (Kdown) and daily mean
longwave (Ldown) radiation, respectively; panel (c) shows daily mean air and surface temperatures with shaded envelopes indicating the
daily minimum–maximum temperature range; panel (d) shows daily mean specific humidity; panel (e) shows daily mean wind speed; and
panel (f) shows daily precipitation totals.

contrast, rainy days exhibit substantially larger variability
across all models. The ER configurations retain the morning-
to-afternoon bias reversal but with less consistent timing
and a wider spread, whereas WRF-MLGR shows strong and
persistent underestimation accompanied by a pronounced
spread. Figure 8 summarizes the hourly mean bias for each
moisture regime, whereas the supplementary scatter plots
(Fig. S6, panels a and b) show all hourly model–observation
pairs and reveal tighter clustering around the 1 : 1 line under
dry conditions and greater dispersion during rainy periods.

Days with high net radiation (Fig. 9a) reproduce the full-
period diurnal pattern, with both ER configurations showing
slightly larger mean differences, and all models exhibiting a
relatively narrow spread. In contrast, low net radiation days
(Fig. 9b) display a markedly different behavior, characterized
by substantially increased variability and much smaller mean
biases across all models.

The statistical metrics (Table 3) are consistent with these
patterns. ER shows slightly superior performance during
the summer period: both ER versions retain positive MBE

https://doi.org/10.5194/gmd-19-9729-2026 Geosci. Model Dev., 19, 9729–9749, 2026



9738 M. Martinez Mendoza et al.: Process-based evaluation of green roof models

Figure 5. (a) Hourly composite diurnal cycle of the observed energy balance components for the summer period (July–August), and (b) the
fall period (September–October), lower panels indicate the number of samples contributing to each hourly mean.

Figure 6. Hourly composite diurnal cycle of the observed soil heat flux (Qg) for the elevated green roof on-deck configurations, data ranges
from 11 to 21 October for both 2014 and 2025. Solid lines show the mean Qg, while the shaded bands indicate ±1 standard deviation.

yet achieve marginally lower MAE than WRF-MLGR and
higher dr values (both ERo and ERm ≈ 0.60 vs. 0.50). For
the fall season MAE and dr are very similar between ERo
and WRF-MLGR, while ERm shows slightly lower MAE
and higher dr. RMSE decomposition shows that ER errors
are dominated by unsystematic errors. WRF-MLGR shows
the opposite behavior, with systematic underestimation dom-
inating.

3.3.2 Surface temperature

Both ER configurations show a persistent warm bias through-
out the day, with the largest differences occurring in the af-
ternoon. In contrast, WRF-MLGR shows a different pattern,
characterized by morning underestimation followed by sub-
stantial afternoon overestimation. During the summer period
both ER configurations maintain this warm bias and exhibit

greater day-to-day variability than WRF-MLGR, particularly
during the warmest hours. In the fall period, bias magnitudes
are reduced for all models and variability decreases for ER,
reflecting the overall weaker radiative forcing and more mod-
erate surface temperatures (see Fig. S2 of the Supplement).

Mean surface temperature biases are generally amplified
under dry conditions and reduced on rainy days. This con-
trast is modest for the ER configurations, which maintain
a similar warm bias across both moisture regimes, but is
much more pronounced for WRF-MLGR. Under wetter con-
ditions, bias magnitudes and diurnal range are dampened,
and variability decreases (see Fig. S3 of the Supplement).
The supplementary scatter plots reinforce this pattern at the
point scale, showing a narrower spread under rainy condi-
tions and a somewhat broader dispersion under dry condi-
tions, together with slightly larger bias magnitudes (Fig. S6,
panels c and d of the Supplement).
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Figure 7. Hourly composite of the difference between modeled and observed Qe for (a) the summer period and (b) the fall period.

Figure 8. Hourly composite of the difference between modeled and observed Qe for (a) dry days and (b) rainy days.

High net radiation conditions (Fig. 10a) accentuate both
diurnal temperature biases and variability. Under these con-
ditions, ER exhibits increased daytime variability, while
WRF-MLGR shows a comparatively narrower spread. Mean
bias magnitudes remain comparable to those of the full eval-
uation periods, although morning underestimation in WRF-
MLGR is slightly enhanced under strong radiative forcing.
In contrast, low net-radiation conditions (Fig. 10b) are char-
acterized by substantially reduced mean temperature differ-
ences for all models, most notably for WRF-MLGR. While
variability in WRF-MLGR increases slightly under low net
radiation conditions, the ER configurations show more sta-
ble behavior.

Table 4 summarizes the statistical metrics for Tsurf and re-
inforces the patterns seen in the diurnal composites. All mod-
els exhibit positive MBE, confirming Tsurf warm biases. ER
shows lower MAE values and higher dr than WRF-MLGR
in both periods, indicating smaller overall deviations from

observations. The RMSE decomposition shows that ER’s er-
rors are dominated by their systematic component, consistent
with the stable warm bias seen in the diurnal plots. WRF-
MLGR, in contrast, exhibits a greater contribution from the
unsystematic component. However, this statistical partition-
ing should not be interpreted as random variability. Rather,
it reflects the consistent shift from morning underestimation
to afternoon overestimation within the daytime period. These
opposing biases partly offset each other in the MBE but re-
main large in magnitude, leading to elevated RMSE. There-
fore, the large error components in WRF-MLGR indicate
a structural timing and magnitude error in surface heating
rather than random variability.

3.3.3 Soil Heat Flux

Qg exhibits the largest model–observation discrepancies for
WRF-MLGR in both evaluation periods. Bias magnitudes
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Figure 9. Hourly composite of the difference between modeled and observed Qe for (a) high net radiation days and (b) low net radiation
days.

Table 3. Statistical evaluation metrics for the Qe for ERo, ERm, and WRF-MLGR models. Metrics include the Mean Absolute Error (MAE),
Mean Bias Error (MBE), Root Mean Squared Error (RMSE), its unsystematic (RMSEu) and systematic (RMSEs) components, all in W m−2

and refined index of agreement (dr).

ER-original ER-modified WRF-MLGR

Summer Fall Summer Fall Summer Fall

MAE 47.0 46.2 46.9 41.0 58.8 44.1
MBE 2.8 13.2 20.5 22.7 −48.8 −35.7
dr 0.60 0.50 0.60 0.56 0.50 0.52
RMSE 60.7 60.0 59.3 53.0 77.6 61.6
RMSEu 60.5 58.2 55.4 47.8 47.4 38.6
RMSEs 4.6 14.5 21.2 22.8 61.4 48.0

are substantially larger than for the ER configurations, with
peak overestimations exceeding 200 W m−2, followed by a
reversal to substantial underestimation in the late afternoon.
In contrast, both ER configurations remain close to observa-
tions, with small consistently positive biases and low vari-
ability. Seasonal differences are modest: WRF-MLGR errors
are larger in summer, while ER shows similarly stable behav-
ior across both seasons, with reduced variability during fall
(see Fig. S4 of the Supplement).

Mean Qg differences are generally reduced during rainy
days relative to dry conditions. Under rainy conditions, the
ER configurations remain close to zero throughout the day,
while WRF-MLGR shows a marked reduction in bias mag-
nitude but a substantially wider spread, indicating increased
variability and less consistent timing (see Fig. S5 of the Sup-
plement). The supplementary scatter plots (Fig. S6, panels e
and f) further illustrate these differences, with ER configu-
rations clustered close to the 1 : 1 line and WRF-MLGR ex-
hibiting a much larger vertical spread and weaker correspon-
dence with observations.

High net-radiation conditions (Fig. 11a) strongly amplify
Qg biases, particularly for WRF-MLGR, which exhibits
large midday overestimations that peak near ∼ 250 W m−2

and a relatively narrow spread. In contrast, the ER config-
urations remain close to observations with limited variabil-
ity. Under low net radiation conditions (Fig. 11b) the mag-
nitude of Qg biases decreases for all models. For WRF-
MLGR, mean differences are substantially reduced, however,
the spread widens substantially, reflecting increased day-to-
day variability under weaker radiative forcing.

Table 5 reinforces these contrasts. ER performs well, with
both configurations showing nearly the same performance
during both seasons, in the fall they show modest MAE val-
ues (∼ 7 W m−2), relatively high RMSE (∼ 35 W m−2) and
high index of agreement (dr = 0.77 for ERo and 0.78 for
ERm). The summer period shows a small MAE for both
configurations (∼ 7 W m−2) and relatively low RMSE (∼
9 W m−2), these errors were dominated by the systematic
component during the fall period, and by the unsystematic
component during the summer period.
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Figure 10. Hourly composite of the difference between modeled and observed Tsurf for (a) high net radiation days and (b) low net radiation
days.

Table 4. Statistical evaluation metrics for Tsurf for ERo, ERm, and WRF-MLGR models. Metrics include the Mean Absolute Error (MAE),
Mean Bias Error (MBE), Root Mean Squared Error (RMSE), its unsystematic (RMSEu) and systematic (RMSEs) components, all in °C, and
refined index of agreement (dr).

ER-original ER-modified WRF-MLGR

Summer Fall Summer Fall Summer Fall

MAE 3.3 2.1 2.8 2.2 4.4 3.6
MBE 3.2 2.0 2.7 2.1 2.9 2.6
dr 0.66 0.82 0.71 0.81 0.54 0.68
RMSE 4.4 2.6 3.6 2.7 5.4 4.6
RMSEu 2.9 1.5 2.3 1.6 4.2 3.7
RMSEs 3.3 2.1 2.8 2.2 3.3 2.7

In contrast, WRF-MLGR performs very poorly, showing
very large MAE (83 W m−2 for the fall and 103 W m−2 for
the summer), RMSE (110 and 128 W m−2), and strongly
negative dr values (−0.64 and −0.75), indicating poor tem-
poral agreement. As observed for Tsurf, the RMSE decom-
position attributes a large portion of the error to the unsys-
tematic component; however, the diurnal composites display
a consistent phase pattern. The large error magnitudes in
WRF-MLGR therefore reflect a systematic mismatch in the
timing and magnitude of Qg rather than random variability.

3.3.4 Moisture content

Figure 12 shows the evolution of observed and modeled wa-
ter content throughout summer (Fig. 12a) and fall (Fig. 12b).
All models reproduce the timing of rainfall events, show-
ing sharp increases in SWC after precipitation. However,
the magnitude of these responses differs substantially across
models.

During the summer period (Fig. 12a), ERm shows the clos-
est agreement with the observed peaks and subsequent dry-
down trajectories. ERo responds well to rainfall but generally

produces larger peak values and drains more rapidly, lead-
ing to underestimation between events. WRF-MLGR con-
sistently underpredicts SWC, with peak magnitudes consis-
tently lower than observed and with faster post-rainfall de-
clines.

In the fall period (Fig. 12b), the two ER configura-
tions converge, producing very similar dynamics, with ERo
slightly closer to observations, particularly during the later
part of the dry-downs. WRF-MLGR continues to reproduce
the correct timing of wetting and drying but maintains well
below observed magnitude.

Table 6 highlights the contrast in model performance for
water content. All models show negative MBE, confirming
overall underestimation. The MAE values for the ER con-
figurations are relatively small (0.030 m3 m−3 in the sum-
mer and 0.022 m3 m−3 in the fall for ERo; 0.021 m3 m−3 in
the summer and 0.035 m3 m−3 in the fall for ERm), when
compared with WRF-MLGR, which shows larger errors,
with MAE reaching 0.045 m3 m−3 in the summer and 0.070
in the fall. Model agreement follows the same trend: ER
achieves moderate dr values, with the original configura-
tion performing more consistently. In contrast, WRF-MLGR
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Figure 11. Hourly composite of the difference between modeled and observed Qg for (a) high net radiation days and (b) low net radiation
days.

Table 5. Statistical evaluation metrics for the Qg for ERo, ERm, and WRF-MLGR models. Metrics include the Mean Absolute Error (MAE),
Mean Bias Error (MBE), Root Mean Squared Error (RMSE), its unsystematic (RMSEu) and systematic (RMSEs) components all in W m−2,
and refined index of agreement (dr).

ER-original ER-modified WRF-MLGR

Summer Fall Summer Fall Summer Fall

MAE 7.0 6.9 7.3 6.7 103.3 82.9
MBE 4.2 3.8 4.3 3.6 63.9 46.6
dr 0.73 0.77 0.72 0.78 −0.75 −0.64
RMSE 8.7 34.6 8.9 34.6 127.6 109.5
RMSEu 7.3 16.2 7.4 15.9 97.6 99.0
RMSEs 4.7 30.6 5.0 30.8 82.3 46.9

yields dr values near zero (or negative), indicating poor
agreement in magnitude despite reproducing event timing;
its strong systematic dry bias (relatively large negative MBE)
and damped storage response dominate the agreement score.
RMSE values also favor ER (0.038 m3 m−3 and 0.029 for
ERo; 0.025 m3 m−3 and 0.039 for ERm) over WRF-MLGR
(0.048 and 0.073 m3 m−3). For ERo, RMSE reflects a bal-
ance of systematic and unsystematic components, while ERm
shows larger unsystematic errors during summer but larger
systematic errors in the fall. WRF-MLGR errors are domi-
nated by systematic underestimation, consistent with its low
storage representation.

4 Discussion

4.1 Green roof observed energy balance

Relatively few studies report all surface energy balance com-
ponents for green roofs simultaneously; however, many re-
port individual components. As a result, reported observa-
tional energy balance values span a wide range, reflecting

differences in climate, vegetation type, substrate moisture
conditions, roof configuration, and measurement approach.

Qe and/or evapotranspiration rate, is the most frequently
evaluated component in the green-roof literature, given it
plays an important role in the cooling potential and hydrol-
ogy of green roofs. At our study site, Qe represents approx-
imately 46 % of the net radiation during the summer period
and 41 % during fall. These fractions correspond to a daily
mean of 71 W m−2 for the summer, and 36 W m−2 in the fall.
These values are comparable in magnitude to those reported
by in other green roof studies. Marasco et al. (2015), for ex-
ample, observed daily mean Qe values of approximately 44–
55 W m−2 for two full-scale extensive Sedum roofs in New
York City, averaged over multiple years. Gößner et al. (2025)
similarly reported daily mean evapotranspiration rates equiv-
alent to a Qe of approximately 49 W m−2 for ground-level
extensive green roof systems in southern Germany, based on
two years of observations. Despite differences in climate and
experimental setup, the similarity in daily mean Qe magni-
tudes across studies indicates that the observed fluxes at our
site are consistent with those reported for green roofs else-
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Figure 12. Time series of observed and modeled water content, with precipitation for (a) the summer period and (b) the fall period. Model
simulations are shown as solid (ERo), dashed (ERm), and dash-dotted (WRF-MLGR) lines, while observations are shown as a dotted line,
and blue bars indicate precipitation.

Table 6. Statistical evaluation metrics for the moisture content for ERo, ERm, and WRF-MLGR models. Metrics include the Mean Absolute
Error (MAE), Mean Bias Error (MBE), Root Mean Squared Error (RMSE), its unsystematic (RMSEu) and systematic (RMSEs) components
all in m3 m−3 and refined index of agreement (dr).

ER-original ER-modified WRF-MLGR

Summer Fall Summer Fall Summer Fall

MAE 0.030 0.022 0.021 0.035 0.045 0.070
MBE −0.024 −0.018 −0.012 −0.032 −0.039 −0.070
dr 0.601 0.514 0.719 0.234 0.397 −0.356
RMSE 0.038 0.029 0.025 0.039 0.048 0.073
RMSEu 0.029 0.020 0.021 0.023 0.017 0.018
RMSEs 0.025 0.021 0.013 0.032 0.045 0.071
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where. The seasonal separation applied in the present study
likely explains the higher summer and lower fall daily means
relative to the multi-year averages reported in these stud-
ies. In contrast, other studies report higher Qe for systems
with denser vegetation or garden-style rooftops, such as the
rooftop garden examined by Dong et al. (2025) where daily
mean Qe reached approximately 209 W m−2.

Observational estimates of Qg for green roof surfaces
are less commonly reported. Heusinger and Weber (2017),
who evaluated the surface energy balance of a full-scale
extensive Sedum roof, reported a daytime mean Qg val-
ues of 36 W m−2 during June–August and 19 W m−2 dur-
ing September–November. In contrast, our measurements in-
dicate lower daytime mean Qg – 12 W m−2 in the sum-
mer (July–August) and 13 W m−2 in the fall (September–
October). This difference is likely related to the configuration
of our green roof system, which is elevated above the rooftop
surface, creating an air gap between the module and the roof
deck that acts as an additional insulating layer (Fig. 6).

4.2 Physical behavior of the models

Because the two ER configurations (ERo and ERm) produced
very similar results, the discussion focuses on the general
physical behavior of the ER model rather than on version-
specific differences. The refinements introduced in the mod-
ified version did not fundamentally alter the model’s energy-
partitioning behavior. As a result, the dominant contrasts in
model performance arise not between the ER versions but be-
tween ER and WRF-MLGR, which differ structurally in veg-
etation representation, stomatal and aerodynamic resistance
formulations, and substrate hydrology. Thus, the discussion
refers to “ER” generically when examining the physical basis
of model behavior.

4.2.1 Latent heat flux

ER consistently overestimated Qe, whereas WRF-MLGR
produced negative deviations. The ER bias can be traced to
the model’s simplified representation of vegetation controls
on transpiration. Because ER computes latent heat flux as the
sum of substrate evaporation, transpiration – and evaporation
of intercepted water, in the case of ERm – transpiration dom-
inates under vegetated conditions and is strongly scaled by
LAI. The relatively high LAI observed led ER to treat Se-
dum as fully active, despite the fact that CAM species typ-
ically maintain low transpiration rates through conservative
stomatal regulation even under favorable environmental con-
ditions (Gravatt and Martin, 1992; Huang et al., 2024).

The ER model’s stomatal resistance formulation does not
capture this conservative behavior. In ER, minimum stom-
atal resistance is adjusted only by radiation-, moisture-, and
VPD-based stress functions, which allows stomata to remain
relatively open until VPD becomes high. CAM plants, how-
ever, exhibit earlier stomatal closure, responding directly to

atmospheric demand through a “feed-forward” mechanism
that is not represented in the model (Males and Griffiths,
2017). As a result, ER overestimates transpiration during
conditions under which Sedum would physiologically restrict
water loss.

Overall, the results of this study suggest that vegetation
physiological parameterization plays an important role in
representing latent heat flux in Sedum-based green roofs
within the ER model framework. In this model, calibration
of MSR improved performance (see Sect. S5 of the Sup-
plement), highlighting the sensitivity of Qe to transpiration-
related parameters. Additional one-at-a-time sensitivity anal-
yses further support this (see Sect. S6 of the Supplement),
indicating a strong influence of vegetation parameters on ER
performance. To our knowledge, CAM-specific parameter-
izations have not yet been implemented in green roof sur-
face energy balance models. Given the distinctive physiolog-
ical characteristics of CAM vegetation, incorporating CAM-
specific formulations could potentially improve the represen-
tation of transpiration dynamics and surface energy partition-
ing, particularly in models where vegetation controls play a
dominant role, such as ER.

WRF-MLGR represents latent heat flux solely through
transpiration, as the current version does not include a sub-
strate evaporation term. This structural limitation causes sys-
tematic underestimation of Qe. In addition, WRF-MLGR
places greater emphasis on aerodynamic resistance and ap-
plies strong atmospheric controls on stomatal resistance, in-
cluding air temperature. While this yields behavior more
consistent with the conservative water-use strategy of CAM
vegetation, it can also amplify the underestimations by sup-
pressing transpiration prematurely under rising temperature
and VPD, reinforcing the negative biases seen in the statis-
tical evaluation. Thus, although WRF-MLGR represents Se-
dum’s conservative stomatal behavior more realistically than
ER, the absence of a substrate evaporation component and
the strong atmospheric regulation of stomatal resistance con-
tribute to underestimations over the diurnal cycle.

4.2.2 Surface temperature and soil heat flux

Both models overestimate daytime Tsurf and Qg, though for
different reasons and with different magnitudes. ER shows
a modest but systematic warm bias (≈ 1–3 °C), possibly be-
cause the model lacks vegetation heat capacity and therefore
cannot buffer short-term fluctuations in net radiation. Com-
bined with small energy misallocations among Qe, Qh, and
Qg, this causes excess energy to accumulate at the surface,
producing a consistent warm bias despite the model’s ten-
dency to overestimate latent heat flux. Correspondingly, ER
produces small but systematic overestimations of Qg, which
primarily stem from biases in the near-surface temperature
gradient. Although the model includes a moisture-dependent
conductivity formulation, this representation does not fully
capture the observed variation in k for the studied substrate
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(Perelli, 2014). Nevertheless, retaining the original formula-
tion results in realistic Qg magnitudes because the smaller
conductivity partially offsets the warm bias in the simulated
surface and shallow substrate temperatures. As a result, the
residual errors in Qg remain modest and consistent through-
out the day, as reflected in the small RMSE values and the
relatively flat diurnal difference curves for both ER versions.

In contrast, WRF-MLGR exhibits a much larger positive
bias in Tsurf, particularly during the afternoon, along with
very large Qg errors, and failure to reproduce the observed
Qg diurnal cycle. The most likely reason for this bias is the
lack of vegetation radiative representation, meaning all short-
wave and longwave radiation is absorbed at the “combined
substrate-vegetation” surface, with effectively no shading of
the substrate surface, canopy heat storage, or radiative inter-
actions to moderate surface warming. As a result, incoming
radiation is applied directly to the substrate rather than to the
vegetation that shades the substrate. Because the substrate
has a much higher thermal admittance than foliage, a large
fraction of the radiative forcing is initially stored as ground
heat, leading to elevated morning values of Qg as the energy
accumulates in the upper substrate layers. This stored energy
governs the subsequent evolution of Tsurf and delays the de-
velopment of Qh and Qe, causing Qg to dominate the diurnal
partitioning of surface fluxes. This behavior contrasts with
real vegetated surfaces, where the vegetation enables rapid
adjustment of sensible and latent heat fluxes under increasing
radiative forcing (Curtis, 1936; Tadeu et al., 2021). As part
of the experimental green roof system tests, an unvegetated
module was also instrumented and installed to monitor Qg.
Figure 13 illustrates how, as a consequence of this substrate-
dominated energy storage, the modeled Qg presents a diurnal
pattern that is more consistent with that of a bare substrate
than with observations from the vegetated module.

4.2.3 Moisture Content

ERo captures the timing of rainfall inputs but often produces
larger post-rain increases in water content and a faster early
decline than observed. This reflects the model structure in
which precipitation is applied directly to the surface layer,
producing an immediate increase in SWC in the upper layer.
These peaks are followed by a rapid initial decline driven as
internal redistribution transfers water from the surface layer
to the subsurface layer, where it becomes available for grav-
itational drainage and transpiration. Redistribution also con-
tributes directly to an early decrease in the depth-averaged
water content by relaxing the unrealistically high surface-
layer moisture. Although evapotranspiration is overestimated
by the model, the early post-rain decrease is dominated by re-
distribution and drainage rather than an immediate enhance-
ment of Qe. Once substrate moisture decreases, modeled and
observed drying rates become more similar, however ERo re-
mains persistently drier because early post-rain redistribution

and drainage reduce stored water more rapidly than in the ob-
served system.

ERm alters the water balance primarily through canopy in-
terception and a moisture-dependent runoff formulation. A
fraction of rainfall is temporarily stored on the foliage and
evaporated directly, so only the remaining drip reaches the
substrate. This dampens the sharp post-rain increases in sub-
strate water content seen in ERo and, for many events, brings
the modeled peaks closer to observations. The new runoff pa-
rameterization also removes water from the surface layer as
a function of saturation, providing an explicit drainage path-
way when the substrate is wet. Together, these changes re-
duce the magnitude of storage peaks and promote faster loss
of excess water, so ERm tracks the observed dry-down more
closely but often remains slightly drier than ERo between
rainfall events.

In WRF-MLGR, the substrate hydraulic parameters and
free-drain bottom boundary allow water to percolate out of
the substrate column very efficiently when the profile is
wet. Hydraulic conductivity in the deeper substrate exhibits
a strong nonlinear dependence on substrate moisture, and
the multilayer diffusion scheme rapidly transfers infiltrated
water downward toward this drainage sink. As a result, the
deeper layers tend to dry quickly following precipitation. Be-
cause these lower layers represent a substantial fraction of the
total substrate depth and the simulated bulk water content is
computed as a depth-weighted average across all layers, their
rapid drying strongly influences the overall column moisture.
Consequently, the model exhibits a persistent dry bias rela-
tive to the lysimeter-derived bulk water content.

4.3 Model performance under different moisture
regimes and radiative forcing conditions

4.3.1 Influence of moisture regime

Model performance exhibits a clear sensitivity to moisture
regime across all evaluated variables. Under dry conditions,
model behavior is generally more stable, with limited vari-
ability in all variables and more consistent biases in Tsurf
and Qg. These conditions correspond to a moisture-limited
regime in which surface energy partitioning is more pre-
dictable. In contrast, during the dry daytime hours of rainy
days, mean differences are reduced for some variables, but
variability increases markedly, particularly for Qe and Qg;
Tsurf shows a smaller but still evident change in spread and
bias magnitude. The scatter plots (Fig. S6) further demon-
strate this effect, showing broader model–observation dis-
persion under rainy conditions, especially for Qe, indicating
less consistent model performance following rainfall events.
This indicates that elevated substrate moisture and residual
surface wetness likely increase the complexity of surface–
atmosphere exchanges and introduce greater uncertainty in
modeled fluxes and temperatures.
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Figure 13. Hourly composite of the observed bare (non-vegetated) module (blue), observed vegetated module (yellow) and modeled veg-
etated module from WRF-MLGR (gray) Qg. Solid lines represent the mean value and the shaded areas represent ±1 standard deviation.
Legend also includes the plotted dates.

4.3.2 Influence of radiative forcing

Separating days by net radiation shows that radiative forc-
ing primarily scales existing model biases rather than altering
their structure. Under high net radiation, biases in Qe, Tsurf
and Qg are amplified, as greater available energy intensifies
the expression of errors associated with each model’s rep-
resentation of vegetation and substrate processes, leading to
more consistent error patterns. Under low net radiation, error
magnitudes are reduced but become more variable, as limited
energy availability constrains fluxes and increases sensitivity
to day-to-day atmospheric variability. These results indicate
that radiative forcing does not introduce new sources of error
but instead governs how strongly underlying model assump-
tions are expressed.

4.4 Implications for modeling and research

The findings of this study suggest that past applications of ER
and WRF-MLGR should be interpreted with some caution.
For ER, the systematic overestimation of Qe implies that ear-
lier studies may have overstated the evaporative cooling po-
tential of green roofs, especially under high radiation and low
moisture availability. Nevertheless, ER performed compara-
tively well in simulating Qg and Tsurf, indicating that it may
be more reliable for studies focused on subsurface thermal
dynamics or building-energy performance.

In contrast, WRF-MLGR exhibits structural limitations
across all major components of the surface energy balance.
Although the model shows an overall moderate agreement
for Qe, the lack of a substrate evaporation term, means Qe
is represented solely through transpiration, leading to per-
sistent underestimations. The absence of an explicit vege-
tation canopy also allows incoming radiation to interact di-

rectly with the substrate, increasing the radiative load on this
(relatively) high thermal admittance surface (instead of the
low thermal admittance vegetation) and amplifying surface
heat storage and release. Tsurf, which is tightly coupled to
Qg, consequently exhibits pronounced daytime warm biases.
Taken together, these highlight areas where WRF-MLGR
would benefit from further refinement to improve its suit-
ability for green roof applications. Our team has further de-
veloped this model to address these main limitations and its
performance against observations is much improved, partic-
ularly for Qg (Saeedi et al., 2026).

More broadly, this study underscores the importance of
rigorous, process-level evaluation in modeling of green
roofs and of urban heat adaptation strategies more gener-
ally (Krayenhoff et al., 2021). Users of ER or WRF-MLGR
should be aware of each model’s structural assumptions and
characteristic biases and should evaluate outputs against lo-
cal green roof energy balance observations whenever possi-
ble. Accurate representation of the surface energy balance is
essential for credible assessments of green roof performance.
Ultimately, selecting an appropriate model – and clearly ac-
knowledging its limitations – will be key to producing robust,
policy-relevant assessments of green roof performance in ur-
ban environments.

5 Conclusion

This research presented a detailed evaluation of two green
roof energy balance models – EcoRoof (EnergyPlus) and
WRF-MLGR – using observational data collected from a
Sedum-covered green roof test array. By comparing simu-
lated and observed values of Qe, Qg, and Tsurf across mul-
tiple environmental conditions, this study provided insights
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into model behavior, limitations, and applicability. The re-
sults revealed that both models exhibit biases, though for dif-
ferent reasons rooted in their structure and assumptions. Eco-
Roof consistently and modestly overestimated Qe and Tsurf,
partly due to vegetation parameter sensitivity and simplified
representations of surface–atmosphere exchanges. In con-
trast, WRF-MLGR underestimated Qe, and strongly over-
estimated Tsurf and Qg, likely due to its lack of an explicit
vegetation layer and consequent primary site of radiation ex-
change being a hybrid “substrate-vegetation” layer with sub-
stantial thermal admittance.

Beyond reporting performance metrics, this study high-
lights the importance of comprehensive, process-level model
evaluation – an aspect often lacking in prior green roof mod-
eling studies – and underscores the need for future model
developments that ensure physically consistent flux formu-
lations. In particular, vegetation-specific physiology, canopy
and substrate heat storage, radiative absorption, and the dis-
tinct evaporation and transpiration pathways. These find-
ings are particularly relevant for the integration of green
roof schemes into urban canopy and building energy models,
where accurate representation of surface energy partitioning
is critical for assessing heat mitigation potential and inform-
ing strategies to improve urban climate resilience.

Code and data availability. The exact stand-alone versions of the
green roof model configurations used to produce the results pre-
sented in this study are archived in a persistent public repository at
Zenodo: https://doi.org/10.5281/zenodo.18688590 (Martinez Men-
doza et al., 2026). The archived release corresponds to the precise
versions of the codes, input forcing data, observational datasets and
post processing scripts used in this research, ensuring reproducibil-
ity of the results.

The stand-alone WRF-MLGR implementations are derived from
the WRF source code and are distributed under the GNU Gen-
eral Public License v2.0 or later (GPL v2+). The stand-alone Eco-
Roof implementations (original configuration ERo and modified
configuration ERm), derived from EnergyPlus, are distributed un-
der the BSD 3-Clause License. The observational datasets and post-
processing scripts are distributed under the Creative Commons At-
tribution 4.0 International (CC BY 4.0) license.

The ER model is based on the green roof module originally de-
scribed by Sailor (2008) and implemented within EnergyPlus; the
modified ER configuration follows the developments described by
Heusinger et al. (2018) and the WRF-MLGR green roof parameter-
ization is based on the scheme described by Zonato et al. (2021).
The observed data used for the evaluation were collected as part of
a long-term field experiment conducted at Western University, Lon-
don, ON, Canada.

Supplement. The supplement related to this article is available on-
line at https://doi.org/10.5194/gmd-19-9729-2026-supplement.
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