
manuscript submitted to Geophysical Research Letters

Observations of offshore low-level jets off the U.S. East1

Coast reveal systematic biases in ERA5 and HRRR2

N. Bodini1, S. Letizia1, B. Adler2,3, D.D. Turner4, R. Krishnamurthy5, A.3

Scholbrock1, D. Jager1, E. Cinquino6, A. Kirincich6
4

1National Laboratory of the Rockies, Golden, CO, USA5
2Cooperative Institute for Research in Environmental Sciences, Boulder, CO, USA6

3Physical Sciences Laboratory, National Oceanic and Atmospheric Administration, Boulder, CO, USA7
4Global Systems Laboratory, National Oceanic and Atmospheric Administration, Boulder, CO, USA8

5Pacific Northwest National Laboratory, Richland, WA, USA9
6Woods Hole Oceanographic Institution, Woods Hole, MA, USA10

Key Points:11

• WFIP3 offshore barge observations show frequent low-level jets during summer12

off the U.S. East Coast.13

• HRRR and ERA5 underestimate low-level jet wind speed.14

• Temperature profiles in models poorly represent the observed thermal structure.15
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Abstract16

Low-level jets (LLJs)—wind speed maxima typically occurring a few hundred meters above17

the surface—are common off the U.S. East Coast and influence many atmospheric pro-18

cesses with societal importance, including cloud formation, aviation safety, and search-19

and-rescue. However, their vertical structure and frequency remain poorly quantified due20

to limited offshore observations. This study presents new scanning Doppler lidar and in-21

frared spectroradiometer data from the 2024 summer deployment of an offshore barge22

during the Wind Forecast Improvement Project 3. These coupled wind and temperature23

profiles provide unprecedented resolution to assess LLJ behavior and model performance.24

LLJs occurred in over 21% of observed profiles, with a weak diurnal preference for night-25

time and early morning hours and maximum winds typically near 300 m. Both ERA526

and HRRR analysis underestimate jet wind speeds and misrepresent the boundary layer27

thermal structure. These results highlight persistent model biases and the critical need28

for high-resolution offshore observations.29

Plain Language Summary30

Understanding how wind behaves just above the ocean surface is essential for many31

applications: weather prediction, aviation safety, and search-and-rescue. One key fea-32

ture in this environment is the low-level jet (LLJ)—a layer of fast-moving air a few hun-33

dred meters above the sea. LLJs can change how much power wind turbines produce and34

affect how weather models predict wind conditions. However, scientists so far have had35

limited opportunities to observe LLJs in detail over the ocean, especially far from land.36

In this study, we used advanced instruments placed on a barge off the coast of Massachusetts37

and Rhode Island to measure wind and temperature profiles up to a few kilometers above38

the ocean surface throughout summer 2024. We found that LLJs occurred over 21% of39

the time and peaked around 300 meters high. We then compared these measurements40

with widely used weather models and discovered that both models underestimated the41

strength of LLJs and did not capture the layering of temperature as well as the obser-42

vations did. These results show why high-quality offshore measurements are so impor-43

tant: they help improve models that guide weather forecasting over the ocean.44

1 Introduction45

Offshore wind resource assessment and weather forecasting critically depend on ad-46

vancing our understanding of the marine atmospheric boundary layer (MABL), which47

is governed by complex, multiscale processes that remain insufficiently observed and poorly48

represented in numerical models (Shaw et al., 2022). The MABL over coastal and open-49

ocean environments exhibits complex and seasonally varying thermodynamic stability50

(Archer et al., 2016), strong surface-atmosphere coupling (Patton et al., 2019), and fre-51

quent occurrences of low-level jets (LLJs) (Aird et al., 2022), each of which contributes52

to sharp vertical wind shear, directional veer, and enhanced wind turbine wake persis-53

tence (Lundquist et al., 2019; Platis et al., 2018). These phenomena remain key sources54

of uncertainty in both mesoscale and microscale modeling frameworks (Veers et al., 2019).55

The scarcity of high-resolution observations offshore that span the whole MABL—particularly56

with colocated wind and temperature profiles—limits model validation and development57

(Gottschall et al., 2014; Shaw et al., 2020; Viselli et al., 2019), and addressing these gaps58

is essential for reducing uncertainty in wind resource characterization (Barthelmie et al.,59

2021; Christiansen & Hasager, 2005).60

Among the processes that challenge accurate offshore wind characterization and61

forecasting, LLJs are especially influential due to their impact on wind profile variabil-62

ity (Banta et al., 2006), cloud formation (Bosart & Sanders, 1981; Su et al., 2016), wind63

turbine loading and wake interactions (Gutierrez et al., 2017; Storm et al., 2008), and64

aviation safety (Liu et al., 2014). LLJs are characterized by a localized maximum in wind65
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speed at low altitudes, typically a few hundred meters above the surface. They can oc-66

cur under a range of synoptic and mesoscale conditions (Baas et al., 2009; Rife et al.,67

2010). In offshore regions, LLJ formation is commonly linked to baroclinic effects from68

land–sea temperature contrasts and synoptic-scale pressure gradients, with inertial os-69

cillations playing a secondary modulating role (Angevine et al., 2006; Blackadar, 1957;70

de Jong et al., 2023; Holton, 1967). Unlike the classical continental Blackadar mecha-71

nism, offshore sites experience little diurnal variation in sea surface temperature, so in-72

ertial oscillations alone are not expected to dominate. Instead, stable stratification de-73

velops when warm continental air is advected over the relatively cool ocean surface. As74

noted by Shaw et al. (2022), the presence of a large continental landmass immediately75

upwind under prevailing westerly and southwesterly flow subjects the U.S. East Coast76

to strong continental boundary layer advection. This creates distinct baroclinic forcing77

and thermodynamic stability regimes compared to regions like the North Sea, where the78

prevailing fetch and geography differ. This land–sea thermal contrast, particularly ac-79

tive during the summer (Bodini et al., 2019), drives LLJ formation. The resulting di-80

urnal modulation of LLJ occurrence is therefore weaker than in the classical continen-81

tal case, with synoptic and baroclinic forcing playing a comparatively larger role.82

Despite their importance, the vertical structure and temporal evolution of offshore83

LLJs remain poorly quantified in U.S. waters. This is primarily due to a persistent lack84

of observations that span the entire MABL. Most available measurements have come from85

buoy-mounted profiling lidars, which typically do not extend above 200 m and often fail86

to capture the jet nose (Aird et al., 2022; Debnath et al., 2021). A few ship-based or scan-87

ning lidar campaigns have provided deeper snapshots of LLJs, revealing noses as high88

as 600 m (Mahrt et al., 2014; Pichugina et al., 2017), but these are limited in duration89

and spatial coverage.90

In the absence of widespread high-resolution observations, most assessments of off-91

shore wind conditions rely on numerical weather prediction models or reanalysis prod-92

ucts. However, extensive evaluation of the performance of these tools offshore has largely93

been confined to European waters, such as the North and Baltic Seas (e.g., Floors et94

al., 2013; Hallgren et al., 2020; Kalverla et al., 2020; Rubio et al., 2022; Schulz-Stellenfleth95

et al., 2022; Wagner et al., 2019). In contrast, model performance over U.S. offshore re-96

gions has undergone only limited validation (e.g., Myers et al., 2024; Pronk et al., 2022).97

As a result, significant uncertainty persists in both long-term energy yield estimates and98

short-term operational forecasts, particularly in U.S. environments dominated by LLJs.99

To address this need, we leverage unique temperature and wind profiling observa-100

tions from the third Wind Forecast Improvement Project (WFIP3). These data, collected101

using a scanning Doppler lidar and an infrared spectroradiometer deployed on a station-102

ary barge in an active offshore wind lease area near Massachusetts and Rhode Island,103

provide unprecedented vertical and temporal coverage of the MABL—reaching altitudes104

up to a few kilometers across multiple months. These measurements represent the first105

coupled offshore observations of wind and thermal structure in this region with wind pro-106

file vertical resolution of 20–30 m, and temperature profile retrieval grid spacing of 10–50107

m in the lowest 500 m, sufficient to resolve the nose and vertical shear of LLJs and eval-108

uate their representation in models. In this study, we use these observations to system-109

atically assess LLJ frequency, structure, and diurnal evolution over the summer months,110

when LLJs are the most frequent in this region. We then compare the observed profiles111

to wind and temperature fields from commonly used numerical datasets, quantifying model112

biases in jet frequency, nose height, peak speed, and temperature. We describe the WFIP3113

field campaign, the observed and modeled data used in this study, and the LLJ detec-114

tion process in Section 2. Section 3 compares observed and modeled wind speed and tem-115

perature profiles, and we conclude and suggest future work in Section 4.116
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2 Data and Methods117

2.1 WFIP3 and its Offshore Barge118

WFIP3 is a multi-institutional field campaign designed to advance the understand-119

ing and forecasting of the evolution of the MABL. Primarily funded by the U.S. Depart-120

ment of Energy and the National Oceanic and Atmospheric Administration (NOAA),121

WFIP3 is focused on the southern New England offshore region. The campaign includes122

both coastal and offshore deployments of advanced atmospheric and oceanographic in-123

strumentation, operating from late 2023 through summer 2025. A central asset of the124

campaign was a heavily instrumented barge deployed ∼50 km south of Martha’s Vine-125

yard between June and September 2024 (Fig. 1). The barge hosted an array of scanning126

and profiling Doppler lidars, a ceilometer, an infrared spectroradiometer, and other in127

situ and remote sensing meteorological instruments, enabling observed profiles of wind128

with 20–30 m vertical resolution, and temperature and humidity with retrieval grid spac-129

ing of 10–50 m in the lowest 500 m.130

2.2 Observations131

The atmospheric observations used in this analysis were collected from one profil-132

ing and one scanning Doppler lidar and an infrared spectroradiometer deployed on the133

WFIP3 barge. A Halo Photonics Streamline XR+ scanning Doppler lidar (Pearson et134

al., 2009) was mounted atop a shipping container on the barge (Fig. 1) and operated in135

vertical profiling mode using a fixed 60° elevation angle. The system provided line-of-136

sight wind velocities with a range gate resolution of 30 m. Due to the instrument’s blind137

zone, usable data began approximately 100 m above the instrument. At lower heights,138

wind speed was measured with a Windcube v2.1 profiling lidar using a Doppler-beam-139

swinging technique. The system provides a vertical profile every 4 s, beginning at 40 m140

above the instrument and extending upward in 20 m increments. For both lidars, only141

measurements with a carrier-to-noise ratio higher than –23 dB and a lidar-reported data142

availability exceeding 80% were retained. Wind profiles were derived from the line-of-143

sight velocities using a velocity-azimuth display algorithm with chi-square minimization.144

All lidar measurements were corrected for barge motion using high-frequency inclinome-145

ter data recorded on board, following the methodology described in Krishnamurthy et146

al. (2023) and Newsom et al. (2024). The wind speed uncertainty after motion correc-147

tion, averaged over 10-minute intervals, is estimated to be less than 0.25 m s−1 in the148

lowest 1 km (Newsom et al., 2017), which is negligible compared to the model biases re-149

ported in Section 3.150

In addition, an ASSIST-II infrared spectroradiometer measured downwelling in-151

frared spectral radiance with a sampling rate of 14 s (Michaud-Belleau et al., 2025). From152

its observations, we retrieved quasi-instantaneous vertical profiles of temperature and153

humidity every 10 minutes using the Tropospheric Remotely Observed Profiling via Op-154

timal Estimation (TROPoe) algorithm (Turner & Löhnert, 2014; Turner & Blumberg,155

2019; Turner & Löhnert, 2021). TROPoe also assimilated cloud base height, surface tem-156

perature, pressure, and relative humidity from colocated instruments (Newsom et al.,157

2019). The TROPoe algorithm retrieves temperature and humidity profiles on a verti-158

cal grid spaced at 10-20 m near the surface, coarsening to 50 m across the LLJ nose re-159

gion (100–500 m), and 160 m at 1.5 km. However, the effective vertical resolution of the160

retrieved profiles is coarser, with a resolution of 10 m near the surface, broadening to161

100 m at 200 m altitude, and 1 km at 1.5 km (Letizia et al., 2025). This coarse reso-162

lution still provides approximately 2 independent pieces of information on the temper-163

ature profile across the rotor layer.164

The timeline of available observations is shown in Fig. 1. This study only includes165

data collected when the barge was stationary at its final offshore deployment location,166

which totaled 87 days. To compare the lidar and ASSIST observations with the hourly167
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(a) (b) 

(d) 

(c) 

Figure 1. (a) Picture of the WFIP3 barge (credit Eve Cinquino, WHOI). (b) Map showing

the barge deployment path and its final deployment location south of Martha’s Vineyard. (c)

100-m wind rose from the barge profiling lidar. (d) Timeline of the barge instruments used in this

analysis.
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instantaneous model outputs, we select the wind and temperature profiles (10-minute168

averages for the lidars, quasi-instantaneous for the ASSIST) that are closest in time to169

each model timestamp. We also only include model data at the time stamps where cor-170

responding observations are available.171

2.3 ERA5 Data172

To evaluate reanalysis wind and temperature profiles, we used ERA5 (Hersbach173

et al., 2020) model-level data at the grid cell closest to the deployment location of the174

WFIP3 offshore barge. Specifically, we retrieved u and v wind components, temperature,175

surface pressure, and specific humidity at 1-hour resolution from model levels spanning176

the lowest ∼2 km of the atmosphere. Heights were computed via hydrostatic integra-177

tion using the ERA5 hybrid A and B coefficients and virtual temperature. The height178

resolution is approximately 20 m near the surface, increasing to ∼140 m at 1.5 km.179

2.4 HRRR Data180

In addition to ERA5, this analysis includes data from the High-Resolution Rapid181

Refresh (HRRR) model, a NOAA-developed and operated convection-allowing numer-182

ical weather prediction system specifically designed to provide detailed short-term fore-183

casts over the contiguous United States. HRRR is run at a horizontal resolution of 3 km184

with 50 vertical layers (nine layers are within the lowest 1 km). The model is restarted185

hourly, using advanced data assimilation of radar, satellite, radiosonde, aircraft, and sur-186

face observations to derive initial conditions for the modeling system (Dowell et al., 2022;187

James et al., 2022). The physics within the HRRR is under continuous improvement (see188

Dowell et al., 2022, for details), incorporating the lessons learned from other WFIP field189

campaigns (e.g., Olson et al., 2019). For this study, HRRR model output was used to190

extract profiles of wind speed and temperature at the location of the WFIP3 offshore191

barge from the operational analysis fields (i.e., at forecast hour 0). The column data are192

interpolated from native model levels to fixed height levels, more closely spaced near the193

surface (e.g., every 10–20 m below 200 m), and increasing to coarser intervals aloft (100 m194

at 1.5 km).195

2.5 Low-Level Jet Detection196

To identify LLJs in both observations and modeled data, we applied an automated197

detection algorithm adapted from Vanderwende et al. (2015) and Quint et al. (2025) to198

each vertical profile of wind speed sampled at hourly resolution. An LLJ was flagged when199

the profile exhibited (i) a distinct wind speed maximum below 800 m (the “nose”), (ii)200

a minimum decrease of 3 m s−1 in wind speed above the nose within 400 m, and (iii) a201

peak wind speed of at least 10 m s−1. Observed profiles lacking sufficient vertical res-202

olution or coverage (fewer than 10 valid levels below 1200 m) were excluded from the anal-203

ysis. For profiles meeting these criteria, we extracted the nose height and categorized the204

LLJs into four strength-based classes (0–3) based on combinations of nose wind speed205

(ws) and shear above the nose:206

• Class 0: 10 m s−1 ≤ wsnose < 12m s−1 and shear above nose < 5m s−1
207

• Class 1: wsnose ≥ 12m s−1 and shear ≥ 5m s−1
208

• Class 2: wsnose ≥ 16m s−1 and shear ≥ 8m s−1
209

• Class 3: wsnose ≥ 20m s−1 and shear ≥ 10m s−1.210

This approach combines a falloff threshold with shear-based strength classification (Vanderwende211

et al., 2015; Quint et al., 2025), motivated by the argument of Hallgren et al. (2023) that212

rotor-layer shear—rather than the mere existence of a speed maximum—governs turbine213

loading and power production. The minimum nose speed of 10 m s−1 restricts detection214
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to jets with direct relevance to wind turbine inflow. As demonstrated by Hallgren et al.215

(2023), LLJ frequency and morphology are sensitive to both the detection definition and216

vertical data window; cross-study comparisons should therefore be made with caution.217

3 Results218

LLJs were a recurring feature during the summer 2024 deployment of the WFIP3219

barge. Time-height cross sections of mean wind speed from lidar observations and model220

outputs (Fig. 2a) show frequent nocturnal LLJs, most pronounced between 00 UTC and221

10 UTC. These structures are also visible in the time-averaged wind profiles (Fig. 2c),222

with a characteristic wind speed maximum between 200 and 400 m. Both ERA5 and HRRR223

capture the mean LLJ structure but systematically underestimate wind speed by approx-224

imately −1 m s−1, while well capturing the mean nose height near 300 m. The numer-225

ical datasets have a marginally better performance in representing the observed temper-226

ature (Fig. 2b and d): both ERA5 and HRRR have a slight positive bias compared to227

the temperature data retrieved from the infrared spectroradiometer observations. Near228

the surface, HRRR generally depicts a temperature inversion, which is not seen in the229

mean observations.230

Applying the LLJ detection algorithm to the barge hourly lidar dataset reveals that231

more than 21% of the over 1900 quality-controlled profiles contained an LLJ. On the other232

hand, only about 14% of the HRRR profiles and 13% of the ERA5 profiles were classi-233

fied as LLJs. Figure 3 summarizes four key LLJ characteristics—nose height, time of oc-234

currence, LLJ class, and nose wind direction—for observations and model outputs. Ob-235

served LLJ noses span the lowest 800 m (the algorithm’s vertical upper threshold), with236

a peak in frequency between 200 and 300 m, whereas HRRR and ERA5 both locate most237

LLJ occurrences between 100 and 500 m. ERA5 also misses most occurrences below 200238

m. LLJs were observed at all times, with a peak in the local night and slightly lower fre-239

quency during the day. We note that the number of valid observed profiles remained rel-240

atively constant throughout the day, suggesting that the weak diurnal cycle in LLJ fre-241

quency is unlikely to be an artifact of data availability. The diurnal cycle of LLJ occur-242

rence is relatively well represented by both numerical models, though ERA5 underrep-243

resents LLJ frequency during the morning hours (12–17 UTC). Most detected LLJs were244

classified as Class 0 (weakest) or Class 1. HRRR tracked the observed distribution quite245

well while most of the LLJs detected in the ERA5 data were in class 0. Finally, most246

LLJ events were observed for winds from the southwest (dominant wind directions in the247

summer, Fig. 1), with a secondary peak observed for easterly-northeasterly winds. While248

a secondary peak is also simulated by both HRRR and ERA5, both models overestimate249

its frequency. A wind-direction-stratified analysis of the diurnal cycle was not feasible250

given the dominance of southwesterly flow during the deployment (Fig. 1), and remains251

an important target for future studies.252

Model biases in wind speed exhibit diurnal and vertical patterns (Fig. 4a). Across253

all hours, both models show modest negative biases (generally around or less than 1 m254

s−1), with HRRR showing fewer periods with statistically significant differences com-255

pared to ERA5. These biases substantially exceed the precision uncertainty of the Doppler256

lidar systems (typically below 0.1–0.2 m s−1). However, during periods with LLJs (Fig. 4b),257

wind speed biases intensify: both models underestimate winds by up to 3 m s−1—particularly258

within the lowest 1 km, where the noses of LLJs reside. Interestingly, the largest bias259

in ERA5 occurs at around 15 UTC (11 a.m. local time), where the frequency of detected260

LLJs in ERA5 is at its minimum. Temperature biases are presented in Fig. 4c. On av-261

erage, both models exhibit warm biases throughout the vertical profile, with HRRR show-262

ing particularly pronounced overestimation at higher altitudes, and some negative bias263

close to the surface in the second half of the UTC day. During LLJ periods (Fig. 4d),264

both models display a characteristic pattern of warm biases near the surface, cold biases265
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(d) 

(a) 

(b) 

(c) 

Figure 2. (a) Mean time-height cross sections of wind speed as observed by the barge lidars

(left) and modeled by HRRR (center) and ERA5 (right). (b) Mean time-height cross sections of

temperature as observed by the barge infrared spectroradiometer (left) and modeled by HRRR

(center) and ERA5 (right). (c) Mean wind speed profiles from the barge lidar, HRRR, and

ERA5, each plotted on their respective native vertical grids. Dots indicate the height levels at

which data are available. Shading represents ±1 standard error of the mean. All datasets are

restricted to the same valid time window. (d) As in (c) but for temperature, with observations

from the barge infrared spectroradiometer.
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Figure 3. Histograms of LLJ characteristics from the lidar data (left), HRRR (center), and

ERA5 (right). Four LLJ characteristics are shown: nose height (a), hour of the day when an LLJ

is detected (b), LLJ class (c), and nose wind direction (d).
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just above, and renewed warm biases aloft, with fewer statistically significant differences266

compared to the overall period.267

4 Discussion and Conclusions268

The WFIP3 observations provide new insights into the structure, frequency, and269

model representation of LLJs in the MABL of southern New England based on the first270

joint measurements of wind speed and temperature profiles from the WFIP3 barge. We271

show that LLJs occurred in more than 21% of observed profiles during summer 2024, with272

jet noses commonly near 300 m. LLJ occurrence shows only a weak diurnal preference273

for nighttime and early morning hours, consistent with synoptic-scale and baroclinic forc-274

ing being the dominant drivers rather than a classical nocturnal inertial oscillation mech-275

anism. Both HRRR and ERA5 models captured general LLJ occurrence patterns and276

wind direction distributions but systematically underestimated wind speed and jet nose277

height under LLJ conditions. HRRR showed better performance than ERA5 in the low-278

est 250 m, but both models misrepresented the observed thermal structure. The ther-279

mal stratification errors are consistent with the regional SST biases documented by Adler280

et al. (2026), who showed that HRRR summer SSTs – which are forced by the Global281

Forecast System – are systematically warmer than observed along the U.S. Northeast282

Coast. Recent 3-way coupled modeling work from WFIP3 suggests that while high-resolution283

satellite SSTs or fully-coupled frameworks can ameliorate these near-surface differences,284

the resulting impacts are predominantly confined to the lowest 50 m of the marine bound-285

ary layer (Seo et al., 2025).286

Compared to the modeling study of Aird et al. (2022), which reported peak LLJ287

frequencies of ∼12% in June with median jet heights around 150 m (using a different de-288

tection definition), our lidar data reveal a higher occurrence rate of over 21% and mean289

nose heights around 300 m. Our results also observationally benchmark the findings of290

Quint et al. (2025), who identified LLJs in 25% of hours from 1-year WRF simulations,291

with typical noses around 300 m and peak frequency during summer and nighttime hours.292

Earlier observational studies are broadly consistent with our findings, though method-293

ological differences require care in comparison. Helmis et al. (2013) documented sum-294

mertime LLJs near Nantucket Island with nose heights of 150–300 m; their more per-295

missive detection criterion (a 1.5 m s−1 decrease both above and below the nose) yields296

higher frequencies than our approach. Pichugina et al. (2017) detected LLJs in ∼63%297

of shipborne lidar profiles in the Gulf of Maine, with mean nose heights of ∼149 m; their298

higher frequency and lower noses likely reflect both a more permissive definition (no min-299

imum nose speed threshold) and regional differences in baroclinic forcing. These com-300

parisons underscore the sensitivity of LLJ statistics to detection methodology and sam-301

pling location, and motivate future cross-site analyses using consistent criteria. Our re-302

sults also complement the continental LLJ analysis by Zhang et al. (2006), who reported303

frequent summertime nocturnal LLJs over the mid-Atlantic states, with jet altitudes av-304

eraging ∼670 m and peak occurrence during southwesterly flow. Our lower-altitude off-305

shore LLJs are consistent in timing and wind direction but suggest enhanced frictional306

decoupling offshore.307

We also highlight how the use of scanning lidars (or other instruments capable of308

profiling the entire MABL) is essential for a full characterization of offshore LLJs. Debnath309

et al. (2021) used buoy-mounted profiling lidars off the coast of New Jersey, with detec-310

tion limited to 200 m above sea level. As our analysis shows, the majority of LLJ noses311

exceed this height, meaning that LLJs with noses above 200 m may be misclassified as312

monotonic high-shear events when only short-range measurements are available. Our re-313

sults underscore the value—and rarity—of scanning lidar in offshore environments and314

highlight the need for expanded observational capabilities to fully characterize LLJs be-315

yond the constraints of traditional profiling systems.316
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(a) 

(b) 

(c) 

(d) 

Figure 4. Average diurnal cycle of wind speed (a,b) and temperature (c,d) differences (model

minus observation) at the offshore barge measurement site during summer 2024. Panels show

differences for the HRRR (left column) and ERA5 (right column) models. (a) and (c) include

all time periods (when observations are available) for wind speed and temperature, respectively,

while (b) and (d) include only periods when an LLJ was detected in the observations. Differences

are shown as a function of height and hour of the day (UTC). Mean wind speed and tempera-

ture differences were assessed for statistical significance using a bootstrap approach with 1000

resamples. Differences for which the 95% bootstrap confidence interval did not include 0 (i.e.,

statistically significant differences) are indicated with hatching.
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Ultimately, this work supports efforts to refine offshore wind forecasting and re-317

duce uncertainty in wind resource assessments: long-term, full-MABL profile offshore ob-318

servations such as those from WFIP3 are essential for developing more physically real-319

istic model representations of the MABL.320
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