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Abstract

This study evaluates the performance of eleven Planetary Boundary Layer (PBL) schemes
within the Weather Research and Forecasting (WRF) model over the Central Amazon
Basin, focusing on contrasting wet and dry season conditions observed during the GoAma-
zon2014/5 campaign. High-resolution (1 km) simulations were conducted for representa-
tive periods in each season and validated against in situ observations. Model performance
was assessed using multiple statistical metrics with the explicit separation of daytime
convective and nighttime stable PBL regimes. Results reveal substantial variability among
PBL schemes, strongly modulated by the season and diurnal cycle. Overall performance
was higher during the wet period, whereas dry period simulations exhibited larger uncer-
tainties, particularly under nocturnal conditions. The Shin–Hong (SH) PBL scheme had
the best skill on average to reproduce the observed PBL height (PBLH) during the wet
period, while the University of Washington (UW) PBL scheme was the best during the
dry period. The Mellor–Yamada–Janjic (MYJ) PBL scheme had the best skill for daytime
PBLH in both periods. Spatial analysis demonstrated how PBL schemes impact the PBLH
distribution over the Central Amazon Basin, revealing a river-influenced pattern. These
findings highlight the strong sensitivity of the Amazon PBL depth to PBL schemes and un-
derscore the importance of appropriate PBL parameterizations and the vertical resolution
for tropical applications.

Keywords: NWP; WRF; PBL; Amazon; GoAmazon2014/5

1. Introduction
Numerical Weather Prediction (NWP) models are unable to fully resolve the physical

subgrid-scale processes due to constraints associated with the numerical resolution, for
instance, the feasibility of computing resources and their expensive costs to solve the
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complete physics particularly for operational ends [1]. Therefore, different parameterization
schemes handle these subgrid-scale physical processes during the model run and are a
component of primary importance [2,3]. Vertical turbulent mixing is a source of uncertainty
in NWP models and is parameterized assuming that the Planetary Boundary Layer (PBL)
is horizontally homogeneous [4].

A PBL parameterization scheme determines vertical profiles of subgrid-scale fluxes in
terms of resolved variables, either diagnosing the vertical turbulent mixing or predicting
it by employing different turbulence closure models, a mixing treatment, and PBL height
(PBLH) estimation methods [5,6]. The physical representation and formulation of PBL
schemes have advanced over the last decades covering different stability regimes and
PBL features, such as non-local transport and entrainment processes [7–17]. PBL schemes
are often classified based on the turbulence closure order and mixing treatment: local
PBL schemes are developed to work under stable stratification conditions due to their
small-eddies local mixing, while non-local PBL schemes focus on unstable stratification due
to their ability to account for large-eddy effects [6]. Several studies reported the impacts
of PBL schemes and importance of the accurate prediction of PBL parameters on NWP,
climate modeling, pollutant dispersion simulations, and air quality prediction [18–26].

Many PBL schemes were tested within the Weather Research and Forecasting (WRF)
model [27] under a wide range of model versions, meteorological conditions, atmospheric
processes, and methodologies [21,23,24,28–43]. The fact that the suitability and performance
of PBL schemes are intrinsically related to a particular characteristic, such as weather
conditions, geographical features, and model configurations, generates a wide range of
applicability [21]. Most of these studies focused on inferring the impact of PBL schemes
over Northern Hemisphere regions by evaluating their ability to reproduce surface and
PBL conditions [22]. Although some of them studied the Amazon region [39,44–46], some
questions remain open, especially based on their performance under the pronounced
different seasons (i.e., wet, dry, transition) present in the tropics.

Recent studies have tested PBL schemes to reproduce the atmospheric conditions
over the Amazon Basin. Wang et al. [44] showed that simulations within the WRF model
with the Yonsei University (YSU) PBL scheme could roughly capture the observed daily
cycles of surface variables and turbulent heat fluxes, while the PBLH is underestimated
especially at night. Wang et al. [45] tested six PBL schemes within the WRF model, such as
Asymmetric Convective Model 2 (ACM2), Grenier-Bretherton-McCaa (GBM), University of
Washington (UW), Mellor–Yamada–Nakanishi–Niino Level 2.5 (MYNN2.5), MYNN Level 3
(MYNN3), and YSU. Their results showed that diurnal PBLH is more accurately predicted
than its underestimated nocturnal counterpart and that the UW PBL scheme performs
better. Prein et al. [46] simulated Mesoscale Convective Systems (MCSs) within the WRF
model by testing three PBL schemes (Mellor–Yamada–Janjic—MYJ, MYNN2.5, and YSU),
for which results revealed that Amazon MCSs are more sensitive to PBL schemes than US
MCSs. Mantovani Júnior et al. [39] tested eight PBL schemes for two dry periods over the
Central Amazon Basin. They demonstrated that WRF predictions are sensitive to the PBL
scheme selection and that the MYNN2.5 PBL scheme best reproduced the observed PBLH.

In this context, the present study focuses on the role of PBL schemes to reproduce the
observed PBL over the Amazon Basin under wet and dry conditions. The study aims to
assess the WRF sensitivity of the PBLH, vertical structure, and turbulent fluxes to different
PBL schemes using 1-km resolution WRF simulations and in situ observations from the
GoAmazon2014/5 campaign [47]. Our main scientific questions are given as follows:
(i) is there a preferred PBL scheme for reproducing the observed PBLH for each period?
(ii) What impact do PBL schemes have on reproducing the observed conditions at the
surface and within the PBL? (iii) How does the PBL scheme impact the distribution of
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PBLH over the Central Amazon Basin? The paper is organized as follows: Section 2 presents
the methodology and datasets; Section 3 presents the results; and Section 4 presents the
discussion and final remarks.

2. Materials and Methods
2.1. Study Area and Observational Data

The observational data used in this work were collected in a pasture site named T3
(3.213◦ S, 60.598◦ W, 50 m; Figure 1a), which is surrounded by native forest in the Brazilian
Central Amazon, situated nearby the intersection of Negro and Solimões rivers in the Man-
acapuru municipality, Amazonas state, Brazil. The T3 site was the most comprehensively
instrumented site of the GoAmazon2014/5 campaign [47]. The facility deployed at the T3
site was composed of the Atmospheric Radiation Measurement (ARM) Mobile Facility One
(AMF-1) and the ARM Mobile Aerosol Observing System (MAOS) [48]. The measurements
analyzed in this research were related in two official Intensive Operating Periods (IOPs),
wet and dry seasons of 2014, respectively, from 15 February to 31 March (IOP1) and from
1 September to 15 October (IOP2) [47].

Figure 1. (a) Study area showing WRF parent (d01–9km) and nested domains (d02–3 km and
d03–1 km) with ETOPO1 terrain height data; and (b) all model vertical levels (y-axis unit is km). The
T3 site is indicated by the red star.

The eddy covariance fluxes such as the sensible heat flux (H) and latent heat flux (LE)
were collected with the Eddy CORrelation Flux (30ECOR) [49] measurement system 3 m
above the ground in 30 min averages. There are no data available for turbulent fluxes
during the IOP1 due to instrumental failures, for which the ARM Variational Analysis
(VARANAL) [50] data were employed to fill this gap. The environmental structures,
i.e., the vertical profiles for the potential temperature (θ), vapor mixing ratio (q), and
horizontal wind speed (U) at 2, 8, 11, 14, and 20 local time (LT = GMT-4h), were obtained
through radiosonde soundings (SONDEWNPN) [51] launched over the T3 site at regular
intervals. The daily cycle of PBLH was estimated using laser ceilometer measurements
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(CEILPBLHT) [52] as described by Carneiro and Fisch [53]. The ceilometer is considered the
best instrument to capture the entire PBLH daily cycle and provides a better comparison
with radiosonde-estimated PBLH in both Stable Boundary Layer (SBL) and Convective
Boundary Layer (CBL) conditions [53,54]. These observed variables are directly compared
to simulations performed within the WRF model using different PBL schemes.

2.2. Model Configuration and Experimental Design

Numerical experiments were performed using the WRF model version 4.2.2 [27]. The
model domain consists of three one-way interacting nested grids with a grid spacing of
9 km (d01), 3 km (d02), and 1 km (d03), respectively, centered on the location of the T3 site
(Figure 1a). The vertical grid has 50 hybrid sigma-pressure levels. The first 20 levels are
distributed within the lowest 2 km of the atmosphere to provide high-resolution vertical
grid for PBL processes (Figure 1b), with the first level at 40 m above the surface, and the
model top was set at 50 hPa. The integration time-step was set to six times the horizontal
resolution (∆t = 6 × ∆x), which was 54 s for d01, 18 s for d02, and 6 s for d03. Table 1
summarizes the model configuration.

Table 1. Overall experimental setup and model configuration.

Input Data

IC/LBC 00 UTC NCEP-GFS Forecast
IC/LBC resolution 0.5◦ × 0.5◦ updated at each 3-h

Land-use data MODIS

Integration periods

Wet 00 UTC 2 March 2014–00 UTC 5 March 2014

Dry 00 UTC 30 September 2014–00 UTC
3 October 2014

Model configuration

Dynamics Nonhydrostatic Advanced Research WRF
version 4.2.2

Grid size
d01: 9-km resolution (222 pts. × 111 pts.)
d02: 3-km resolution (208 pts. × 97 pts.)
d03: 1-km resolution (196 pts. × 85 pts.)

Integration time-step d01: 54 s, d02: 18 s, d03: 6 s
Map projection Mercator

Horizontal discretization Arakawa C-projection

Vertical discretization Terrain-following hybrid
sigma-pressure coordinate

Vertical resolution 50 hybrid sigma-pressure levels
Time integration scheme 3th-order Runge Kutta

Spatial discretization scheme 6th-order central differentiation

Physical parameterizations

Land surface Four-layer Unified Noah land surface model
Microphysics Eta-Ferrier

Cumulus New Tiedtke (only active on the d01 domain)
Short- and Long-wave

Radiation Rapid Radiative Transfer Model for GCMs

Surface Layer Revised MM5 *
PBL See Table 2 (11 tested PBL scheme options)

* May vary depending on PBL scheme.

All runs started at 00 UTC and were integrated continuously for 72 h. The first 12 h
are considered the spin-up time and were discarded from the analysis. An output temporal
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resolution of 1 h was chosen for a comparison with the observations. The WRF initial (IC)
and lateral boundary conditions (LBCs) are from the Global Forecast System (GFS) data
from the National Centers for Environmental Prediction (NCEP), which are operational
global forecast data available at a 0.5◦ × 0.5◦ resolution, and were updated every three
hours. The Moderate-resolution Imaging Spectroradiometer (MODIS) [55] land-use and
soil category data were employed for land initialization and boundary conditions. The
physical parameterization schemes include the four-layer Unified Noah land surface (LS)
model [56], the Rapid Radiative Transfer Model for GCMs (RRTMG) [57] to compute both
the longwave and shortwave radiances, the Eta-Ferrier microphysics scheme [58], and the
New Tiedtke cumulus scheme [59] applied only on the parent domain (d01). The Revised
MM5 [60] surface layer (SL) scheme was responsible for calculating the surface fluxes,
except when the MYJ, MYNN3, or QNSE PBL schemes are used, since they are tied to their
own SL schemes. The present study tested eleven PBL schemes, which are indicated below.

2.3. PBL Schemes

PBL schemes are one-dimensional parameterization schemes developed to handle the
vertical subgrid-scale fluxes based on the vertical diffusion equations in the atmospheric
column [5,18,27]. The most widely used PBL parameterizations in atmospheric models fall
into two main categories: local PBL schemes based on 1.5-order TKE (Turbulent Kinect
Energy) closure, which parameterizes turbulence based solely on vertical gradients between
adjacent layers. These PBL schemes assume that small-scale eddies dominate—making
them suitable for SBL conditions. The second category is the non-local PBL schemes
that incorporate transport from distant layers using counter-gradient terms to represent
large eddy effects, better capturing convective mixing under unstable conditions, i.e., the
CBL [5,6,9,17,61,62]. Table 2 summarizes key details from the eleven PBL parameterization
schemes tested in the present study, which are grouped as follows.

Table 2. Details of tested PBL schemes, such as turbulence closure order, mixing approach, method of
PBLH definition, and the threshold value (all taken from their respective references).

PBL Scheme Closure
Order

Mixing
Approach

PBLH
Definition

Method

Threshold
Value

YSU 1st-order Non-local Buoyancy
profile 0.0 (CBL)–0.25 (SBL)

MRF 1st-order Non-local Rib 0.5
ACM2 1st-order Hybrid Rib 0.25

SH 1st-order Non-local Rib 0.0 (CBL)–0.25 (SBL)
QNSE 1.5-order Hybrid TKE 0.005 m2.s−2

BouLac 1.5-order Local TKE 0.005 m2.s−2

GBM 1.5-order Local Explicit -
MYJ 1.5-order Local TKE 0.1 m2.s−2

MYNN2.5 1.5-order Local TKE 0.0001 m2.s−2

MYNN3 2nd-order Local TKE 0.0001 m2.s−2

UW 1.5-order Local Rib 0.0 (CBL)–0.19 (SBL)

Local PBL schemes considered are the Bougeault–Lacarrère (BouLac) [63], GBM [64],
UW [65], MYJ [66–68], MYNN2.5, and MYNN3 [69,70]. Their main differences are the
terms retained in the derivation of TKE equations and the choice of parameter values [71].
Regarding the PBLH definition method, the BouLac, MYJ, and MYNN schemes assume the
PBLH as the level where TKE reaches a predefined threshold. On the other hand, the GBM
PBL scheme predicts the PBLH using an entrainment closure approach [64], while the UW
scheme defines the PBLH as the inversion height between model levels, using a threshold
based on the bulk Richardson number (Rib) [65].
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The non-local and hybrid PBL schemes considered are the Medium Range Forecast
(MRF) [10], YSU [72], Shin and Hong (SH) [15], ACM2 [12,13], and Quasi-Normal-Scale-
Elimination (QNSE) [11,73,74]. Both MRF and YSU PBL schemes are similar non-local
PBL schemes, while the SH considers a non-local scale-aware approach for the convective
PBL [15], the ACM2 uses a hybrid mixing approach that takes a transilient matrix into
account to define the mass flux between model layers [12,13], and the QNSE uses a hybrid
approach through a local closure with fraction-polynomial fits from the analytical QNSE
theory [11,73] and a non-local updraught eddy-mass-flux scheme [74]. In terms of the PBLH
definition, they have particular methods based on the buoyancy profile, bulk Richardson
number, TKE based, etc. (Table 2). These pronounced differences among PBLH definition
methods may introduce uncertainty [22]. One solution to ensure a common PBLH definition
method is using the bulk Richardson method to diagnose the PBLH, as given by the
following equation:

Rib =
(g/θv0)(θvh − θv0)h

u2
h + v2

h
(1)

where g is the acceleration due to gravity; θv0 and θvh are the virtual potential temperatures
at the surface and at the boundary-layer top, respectively; h is the boundary layer depth;
and uh and vh are the wind speed components at the boundary layer top. The PBLH is
defined as the height at which Rib first reaches a critical Richardson number (Ricr) defined
as 0.25 [75]. In the present study, the calculation was performed by using the vertical
profiles of temperature, moisture, and wind speed from WRF output files.

2.4. Model Evaluation

The observational datasets described in Section 2.1 were employed to assess the per-
formance of numerical experiments. All simulated variables considered in the evaluation
were extracted from the T3 site location on the d03 1-km domain and directly compared
with in situ observations [49–52]. The daily cycle variations over the Central Amazon Basin
are significant; then, the performance of the simulated nocturnal SBL and diurnal CBL
must be evaluated separately [39,53]. The model evaluation begins by the identification of
the best PBL scheme to reproduce the hourly PBLH during both nighttime (19-5 LT) and
daytime (6-18 LT) periods. Taylor diagrams were employed for the PBLH analysis, which
simultaneously displays three statistical parameters: the Pearson correlation coefficient
(R), the standard deviation (σ), and the Centered Root Mean Square Error (CRMSE), which
are displayed along with Taylor Skill Score (TSS) [76]. A detailed description of each
statistical metric can be found in Table A1 (see Appendix A). The vertical PBL structure is
evaluated using radiosonde soundings, and turbulent heat fluxes are compared to PBLH
to investigate energy partitioning and surface–atmosphere coupling. The spatial distri-
butions of PBLH during daytime and nighttime are investigated qualitatively to identify
the impact of different PBL schemes over the Central Amazon Basin heterogeneities (i.e.,
rivers and water bodies, forecast canopy, and urban areas). It is important to note that, at
the 1-km grid spacing, boundary-layer eddies are partially resolved while parameterized
turbulence remains active. This scale interaction may influence the relative performance of
PBL schemes.

3. Results
3.1. Performance Evaluation Outcomes

The PBLH is critical for many applications in atmospheric science [22,77], in which
PBL schemes are responsible for estimating this key variable within NWP models. Figure 2
shows the observed and diagnosed PBLH from PBL schemes during both periods. The
observed PBLH over the T3 site (pasture) shows a characteristic of a deeper PBL during
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the day and shallower at night, which is related to the daily cycle conditions [53]. The
comparison between the observed PBLH during wet (Figure 2a) and dry (Figure 2b) periods
reveals that a deeper PBL is formed during the daytime in the dry period with the PBLH
reaching ~2500 m, while a maximum PBLH is around 1500 m during the wet period. The
fact that a lower PBLH is observed during the wet period is associated with the combination
of a weak stable nocturnal PBL and lower H flux, which causes a slow erosion of the SBL
and consequently impacts PBL growth. On the other hand, the greater stability of the
nocturnal PBL and the earlier occurrence of positive radiation balance and H flux result
in the earlier erosion of the SBL during the dry period. This generates rapid PBL growth,
a prolonged CBL phase, and consequently a higher PBLH [53]. The PBL schemes were
unable to reproduce the PBLH daily cycle on March 2 (Figure 2a). This behavior may
indicate that the 12 h spin-up period is insufficient for the wet period, and/or reflect
sensitivity to initial conditions and land-atmosphere adjustment processes under moist
convective environments.

Figure 2. Comparison between observed and diagnosed PBLH at T3 site during (a) wet and
(b) dry periods.

We start our evaluation by considering the performance of the eleven PBL parameteri-
zation schemes in terms of reproducing the observed ceilometer-estimated PBLH [52].
This is demonstrated through the Taylor Skill Score (TSS) bar charts and Taylor dia-
grams presented in Figure 3 that summarizes how well the PBL schemes reproduced
the observed PBLH during daytime and nighttime and under wet and dry conditions,
respectively. The analysis reveals substantial variability among the PBL schemes, strongly
modulated by both the season (wet vs. dry period) and diurnal cycle (daytime vs. night-
time). In general, PBL schemes performed better during the wet period (Figure 3a,b),
whereas nighttime conditions—particularly during the dry period (Figure 3d)—posed
the greatest challenge. Regarding the performance of PBL schemes by category—local,
non-local, and hybrid—all of them performed similarly during the daytime PBLH for
both wet and dry periods, while non-local (local) PBL schemes were better at night in
the wet (dry) period. During the wet period (Figure 3a,b), daytime simulations exhib-
ited a lower CRMSE (≈300 m; Figure 3a), while nighttime variability was significantly
lower (CRMSE ≈ 80–160 m; Figure 3b). Daytime TSS values ranged from 0.66 (MYNN3)
to 0.81 (MYJ), with the MYJ scheme showing the highest skill.
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Figure 3. Taylor Skill Score bar chart (left) and Taylor diagram (right) for hourly PBLH during the
(a) daytime and (b) nighttime in the wet period and during the (c) daytime and (d) nighttime in the
dry period. Standard deviation (dashed black line) and CRMSE (filled grey lines) are given in meters.
The ordinate axis of the Taylor diagram shares its identity with the abscissa. Local PBL schemes are
indicated by circles, non-local ones by squares, and hybrid ones by stars in the Taylor diagrams.
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At night, the SH scheme had the best skill (TSS = 0.73). SH had the highest TSS based
on the daily average (=0.74), followed by MYJ (TSS = 0.73), YSU, and QNSE (TSS = 0.70).
Overall model performance worsened during the dry period (Figure 3c,d)—especially at
night (Figure 3d). Most PBL schemes exhibited higher standard deviation (σ ≈ 500–800 m)
during the daytime conditions (Figure 3c) compared to the wet period. MYJ achieved
the highest daytime TSS (=0.81), while UW exhibited the best nighttime performance
(TSS = 0.59). UW had the highest TSS based on the daily average (=0.66). The lower skill at
night during the dry period is possibly associated with the greater stability of the observed
SBL and coarser model vertical resolution.

Figure 4 shows the bias vertical profiles of averaged θ, q, and U at daytime and
nighttime during wet and dry periods. Nighttime profiles of θ show a cold bias during
both periods with greater variability among them during the dry period (Figure 4a,d). The
opposite is seen when comparing q profiles from wet (dry bias) and dry (wet bias) periods
(Figure 4b,e). Also, greater variability and opposite behavior are observed among PBL
schemes for U profiles during the nighttime (Figure 4c,f). The greater variability observed
in the nighttime profiles during the dry period helps explain the lower performance of
PBLH associated with struggle to simulate the high stability and nocturnal low-level jet
characteristic of the Amazonian nocturnal boundary layer. This suggests that the vertical
grid resolution used may be insufficient to adequately resolving the strong gradients
characteristic of the SBL. In addition to vertical resolution, known deficiencies in turbulence
parametrizations under stable conditions such as the representation of intermittency and
weak mixing likely contribute to the reduced performance during night. Greater differences
arise from 20 LT profiles (not shown), possibly due to model difficulties in reproducing the
complex transition from day to night [53].

During the daytime, PBL schemes exhibit a consistent cold bias in the lower 1000 m
in the wet case (Figure 4g). This cold bias indicates that the PBL schemes struggle to
maintain the observed lapse rate, effectively trapping energy near the surface or diluting
it through an incorrectly mixed volume. On the other hand, most PBL schemes show
near-zero bias at daytime during the dry period (Figure 4j), suggesting that they can
better reproduce it compared to the wet period. The greatest differences are observed
in the θ bias profiles at 11 LT (not shown), which indicates that the model has difficulty
eroding the nocturnal SBL, thus presenting differences in the morning transition stage.
The q profiles show a slight wet bias during the daytime in the wet period. This suggests
that several schemes may be overestimating vertical moisture transport (Figure 4h). This
behavior is more pronounced in the dry period, when PBL schemes clearly show a wet bias
(Figure 4k). Wind speed profiles show an underestimation during the wet period (Figure 4i).
In contrast, they underestimated near the surface and overestimated aloft during the dry
period (Figure 4l). MYJ shows the lowest bias at mid-levels, which support its better
performance for daytime PBLH. The use of a standardized bulk Richardson diagnosis
for PBLH across all PBL schemes reveals that even when the diagnostic PBLH method
is identical, the underlying differences in the vertical transport of heat and momentum
lead to significant variations in the diagnosed PBLH. This confirms that errors in the
simulated PBLH are rooted in the internal physics of turbulent mixing and its interaction
with the surface, rather than being an artifact of the different diagnostic definitions used
by each PBL scheme. Hara [78] demonstrated that inadequate vertical resolution can
hinder the accurate prediction of the vertical structure, consequently impacting the PBLH
definition. In short, our analysis suggests that a high-resolution vertical grid is necessary to
accurately reproduce the thermodynamic and dynamic vertical structures of the observed
Amazon SBL.
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Figure 4. Bias vertical profiles of potential temperature (θ), specific humidity (q), and wind speed (U)
averaged for nighttime (2 and 20 LT) during the wet (a–c) and dry periods (d–f) and averaged for
daytime (8, 11, and 14 LT) during wet (g–i), and dry periods (j–l).

3.2. Energy Partitioning and Surface–Atmosphere Coupling

Figure 5 shows the relationship between the Bowen ratio (i.e., the ratio H/LE) and
PBLH from the observed and modeled data during wet and dry periods. The observations
are characterized by generally low Bowen ratios, reflecting the dominance of LE in the
energy-limited regime characteristic of the wet period (Figure 5a).

Despite the relatively low Bowen ratios, the observed PBLH frequently reaches depths
of 1000–1500 m, indicating a strong sensitivity of PBL growth to variations in surface
energy partitioning even when sensible heat fluxes are modest. However, under these
moist conditions, boundary-layer development is also strongly influenced by cloud cover,
entrainment processes, and large-scale atmospheric forcing, which can reduce the direct
dependence of PBLH on surface fluxes alone. In contrast, the WRF simulations show a
markedly weaker response. The slope of the Bowen ratio–PBLH relationship is substantially
flatter in the models, indicating that the simulated PBLH is largely insensitive to changes
in surface energy partitioning during the wet period. This weak coupling suggests that,
under moist conditions, the simulated PBL growth is controlled more by parameterized
entrainment and stability constraints than by surface flux variability.

During the dry period (Figure 5b), surface forcing transitions to a more water-limited
regime, and Bowen ratios increase substantially. In this regime, the observed data show
a weak linear relationship between the Bowen ratio and the PBLH (r = 0.14, p = 0.32).
This reduced sensitivity likely reflects the influence of residual layers, advection, and
the temporal evolution of the boundary layer, whereby PBLH is not solely controlled by
instantaneous surface fluxes but also by its prior development. In addition, limitations
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in aerosol-based PBLH detection under dry conditions may contribute to decouple the
observed PBLH from instantaneous surface fluxes. In contrast, all eleven PBL schemes
exhibit strong and statistically significant linear relationships between the Bowen ratio
and PBLH during the dry period. This behavior may indicate an over-reliance on local
surface forcing, with insufficient representation of entrainment and non-local processes that
contribute to the deeper PBL growth observed in reality. As a result, the simulated PBLH
remains lower, clustering around 1200–1400 m for Bowen ratios, at which observations
frequently exceed 2000 m.

Figure 5. Scatter plots of Bowen ratio (B = H/LE) versus PBLH during (a) wet and (b) dry periods.
Only data with |LE| > 5 W·m−2 are included. The R and p-value are shown in the legend.

3.3. Spatial Distribution of PBLH over the Central Amazon Basin

Modeling tools can be useful to investigate, for instance, the development of PBLH
over remote areas in the absence of observational data related to difficulties in making
continuous measurements [79]. Moreover, PBLH observations mostly rely on single-point
measurements (e.g., radiosonde, lidar, and ceilometer) since observations providing the
spatial distribution of PBLH are scarce due to the spatial and temporal limitations of
current instruments [80,81]. Figure 6 shows the spatial fields of the diagnosed PBLH at
2 LT (SBL) and 14 LT (CBL) over the Central Amazon Basin during the wet (3 March 2014)
and dry (1 October 2014) conditions. There are no observations to conduct a spatial
comparison against the model data; however, the spatial analysis can qualitatively reveal
some interesting features about the impact of the PBL schemes over the region. During the
wet period, all PBL schemes show an opposite behavior between land and river areas, as
well as day and night. Low (high) PBLH is diagnosed over land, while high (low) PBLH is
diagnosed over rivers during the night (day). The Central Amazon Basin exhibits a thermal
contrast between the rainforest and rivers/waterbodies at night, where the Negro and
Solimões rivers retain heat more efficiently and cool more slowly than the surrounding
forest, resulting in warmer surface at night. All PBL schemes simulated higher LE and H
over the water compared to the cooling forest (not shown), which explains a deeper PBL
over the rivers. Also, high turbulence occurs over the Manaus megacity (~3.1◦ S, 60◦ W),
where PBL schemes simulate higher u* (friction velocity; not shown), possibly due to urban
roughness and the urban heat island effect, yielding a deeper PBL compared to surrounding
forested areas. The observed PBLH is 110 m on T3 site at 2 LT, while all PBL schemes show
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values above 250 m. In contrast to the nighttime, the thermal gradient reverses during the
daytime, with the forest heating more rapidly and generating stronger heat fluxes, while
the rivers remain relatively cooler.

Figure 6. Spatial distributions of PBLH during SBL (2 LT) and CBL (14 LT) stages from wet
(3 March 2014) and dry (1 October 2014) periods. The black dot is the T3 location, and the black line
represents the rivers in the region. PBL schemes are row-biased. PBLH retrieved at the T3 location is
indicated in the lower right corner.
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The spatial fields of u*, LE, and H over rivers (not shown) revealed a decrease during
the day, which suggests the suppression of mechanical and thermal turbulence leading to a
reduction in the PBLH as seen in the PBLH distributions. MRF appears to be less sensitive
to this thermal gradient during the day, since it shows higher PBLH even over the rivers
(Figure 6ad). Non-local PBL schemes tend to produce slightly deeper PBL over the region
compared to local ones, although a point-comparison at the T3 site indicates that some
local PBL schemes produced deeper PBL (e.g., MYNN2.5 vs. SH). The observed PBLH
on T3 site is 1397 m at 14 LT, which most PBL schemes underestimated, except BouLac
(=1457 m). ACM2 had the best agreement at this time, showing 1359 m. Additionally,
local PBL schemes (e.g., Figure 6b,f,j,n,r,v) reveal larger regions of low PBLH, resembling
“bubbles”, which are associated with convective activity.

In the dry period, the river effect reverses during the nighttime where most PBL
schemes show a lower PBLH over rivers compared to land. Some PBL schemes still
exhibit higher PBLH over rivers (e.g., Figure 6o,s,w). The spatial distribution of turbulent
fluxes reveals the thermal gradient observed during the wet period (not shown); however,
the diagnosed PBLH behaves different. Possibly, it is related to differences in shear and
buoyancy. PBL schemes showed higher PBLH over Manaus as expected due to increased
turbulence. The observed PBLH on T3 at 2 LT is 224 m, which SH closely reproduced (264 m;
Figure 6ai) and other PBL schemes underestimated (PBLH = 177 m). The daytime PBL
during the dry period shows a deeper depth compared to the wet period, particularly from
simulations using non-local and hybrid PBL schemes (e.g., Figure 6af,an) when compared to
local ones. Similarly to the wet period, the daytime PBL is deeper over land and shallower
over rivers. The rivers act as sinks for vertical mixing; however, it seems to curiously not
impact MYNN3 (Figure 6t). The observed PBLH on T3 is 2170 m, for which PBL schemes
such as YSU and ACM2 showed closer values (~2300 m). The analysis also shows how
the horizontal variability impacts the grid-point comparison. For example, although PBL
schemes such as BouLac (Figure 6d), GBM (Figure 6h), and MYNN2.5 (Figure 6p) reproduce
general behavior, they showed a shallower PBL on the T3 site.

4. Discussion and Conclusions
This study evaluated the performance of eleven PBL parameterization schemes within

the WRF model over the Central Amazon Basin, leveraging high-resolution (1 km) simu-
lations and comprehensive observations from the GoAmazon2014/5 campaign [47]. The
analysis focused on contrasting wet and dry periods and explicitly examined daytime
convective and nighttime stable boundary layer regimes. The overarching objective was to
identify which PBL schemes most effectively reproduce the observed PBLH and investigate
their impact on the spatial distribution of the PBLH over the region.

The first research question—whether a preferred PBL scheme exists for each
period—can be answered affirmatively, but with strong dependence on the stability regime.
SH showed the highest overall performance among the tested configurations during the
wet period, especially at night. Some PBL schemes, such as locals MYJ and MYNN2.5, non-
locals YSU and MRF, and hybrids ACM2 and QNSE, showed comparable skill or slightly
better skill than SH during the daytime PBL but performed worse at night. Regarding
the dry season, both local MYJ and MYNN3 PBL schemes showed the best skills during
the daytime PBL, while local UW had the best overall performance particularly due to
its superior skill at night. In general, most PBL schemes can reproduce the daytime PBL
with high skill (TSS > 0.70) in both periods. On the other hand, more variability in skill
is observed at night especially during the dry period where most PBL schemes showed
lower skill (TSS < 0.50). This suggests that most PBL schemes struggle to reproduce the
well-stable nocturnal PBL observed during the dry period in the Amazon region. These

https://doi.org/10.3390/geosciences16040134

https://doi.org/10.3390/geosciences16040134


Geosciences 2026, 16, 134 14 of 19

results corroborate previous studies investigating the impact of PBL schemes to reproduce
the observed PBLH in the region [39,44,45]. Although the PBLH diagnostics provide a fair
comparison between PBL schemes, we do not consider the advantage from their built-in
PBLH methods; if so, MYNN2.5 would have the best skill (TSS = 0.87) at night during the
dry period. In addition, this study lies within the gray-zone (1 km grid spacing), where
turbulent eddies are partially resolved. The performance of PBL schemes may therefore be
influenced by interactions between resolved and parameterized turbulence. The relatively
consistent performance of the SH scheme may be partially associated with its scale-aware
non-local closure.

Regarding the second question about the impact of PBL schemes on reproducing the
observed conditions near-surface and within the PBL, a systematic cold bias was identified
at night during both periods. A dry (wet) bias is observed during the day in the wet (dry)
period from most PBL schemes. This is likely associated with inefficient vertical mixing and
wind speed depiction, consistent with bias in wind speed profiles [78]. This suggests that
the parameterized entrainment within PBL schemes is insufficiently sensitive to buoyancy
forcing under the high-energy conditions compared to observations. Furthermore, while
the model vertical configuration (Figure 1b) appears sufficient for capturing the deeper CBL,
the 40 m height of the first model level and adopted vertical distribution may be too coarse
for the shallow Amazonian SBL. As demonstrated by Hara [78], vertical discretization
significantly impacts the prediction of inversion heights and can lead to artificial numerical
entrainment. Consequently, the lower model skill during nocturnal periods likely reflects
the difficulty of resolving sharp near-surface gradients and low-level jets.

The third research question explored the regional impact of PBL schemes on the
spatial distribution of the PBLH. The qualitative analysis revealed that the choice of PBL
scheme alters the diagnosed PBLH across the Central Amazon Basin. The simulations
successfully captured the river effect, where the Negro and Solimões rivers remain relatively
warmer during the nighttime due to their higher heat capacity, yielding a deeper PBL over
water, while the forest undergoes rapid radiative cooling, resulting in a shallower PBL.
Furthermore, PBL schemes simulated a deeper PBLH over the Manaus urban area due to
enhanced mechanical and thermal forcing possibly associated with surface roughness and
urban heat island effects. Also, the spatial fields underscore the limitations of grid-point
comparisons, whereby PBL schemes may realistically reproduce the large-scale spatial
structure of PBL depth while underestimating PBLH at the specific location of observation.
These results are particularly important for pollutant dispersion and air quality studies over
the region, since the mixing and dispersion of chemicals occur within the PBL [22,24,26,82].
In addition, the results contribute to highlight the importance of developing observational
products [80,81] that could provide a means to verify the spatial distribution of the PBLH
over regions with such horizontal heterogeneities. Further investigation of the simulated
spatial distribution of PBLH is necessary to better understand its fidelity compared to the
reality, particularly at night.

Despite these findings, certain uncertainties remain. The presented model performance
combines the predictability of three-day periods from the wet and dry seasons, the accuracy
of NCEP-GFS data used as IC and LBC, the WRF model skill, and uncertainties from PBL
scheme formulations. We did not investigate how changing the IC and LBC source or lead
time initialization impact our results. This must be tested in future studies, along with
a long-term period to improve statistical robustness since the results reflects case-study
findings and may not fully capture the statistical variability of boundary-layer behavior
over the region. In conclusion, while WRF reasonably captures the horizontal heterogeneity
of the Central Amazon landscape, improving the representation of the vertical interface
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physics is critical to achieving accurate tropical PBL simulations. Additionally, we strongly
recommend increasing the vertical grid resolution.
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Appendix A
Statistical metrics used in this study.

Table A1. Statistical metrics considered in the model evaluation.

Metric Formula

Correlation Coefficient R =
∑n

i=1 (Fi−F)(Oi−O)√
∑n

i=1(Fi−F)
2
√

∑n
i=1(Oi−O)

2

Standard deviation σ =

√
∑n

i=1(Xi−X)
2

n−1

Centered Root Mean Square Error CRMSE =
√

1
n ∑n

i=1
[(

Fi − F
)
−

(
Oi − O

)]2

Taylor Skill Score TSS = 2(1+R)
(σ̂+1/σ̂)2

Mean Error (Bias) Bias = 1
n

n
∑

i=1
(Fi − Oi)

F is forecasting, O is observation, X represents either F or O, n is the number of samples, and σ̂ = (σf cst/σobs).
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