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1. Executive summary 

The NASA Planetary Boundary Layer (PBL) mission will be transformational to advancing PBL 

science and applications. Such a mission will require a significant focus on the key connections of the 

PBL to the surface and to the lower troposphere across time (diurnal to interannual) as well as across 

space from point-to-pixel-to-planet. This includes acknowledging and integrating the dynamics of the 

Earth surface and especially how the influence of these surface dynamics feed back to the PBL 

changes over time and space. These processes can have significant impacts on a variety of natural 

hazards, including extreme precipitation leading to floods and landslides, droughts that affect the water 

management and agriculture sectors, as well as wildfires, dust storms, and heatwaves that influence 

public health and wealth. Therefore, improvement in understanding the PBL and especially its 

interactions with the surface has direct consequences for decision makers across sectors as prioritized 

under NASA’s Earth Science to Action Strategy. 

 

Here, we describe priorities and strategies for integrating surface interactions with the atmosphere to 

guide requirements and priorities for a future PBL mission. This description includes how PBL 

measurements will address critical science questions pertaining to surface-atmosphere interactions, 

coastal and ocean systems, hydrologic cycling, and the cryosphere-atmosphere domain. We detail how 

existing and emerging PBL technologies across platforms (i.e., surface, air, and space) and scales 

(spatial and temporal) provide insights into the role of the surface properties on PBL retrievals and 

inform PBL technology needs for understanding the key variables that, within the surface-atmosphere 

interactions, influence weather and climate. 

 

2. Introduction:  

2.1 Goals, challenges and opportunities of PBL retrievals over heterogeneous surfaces 

The planetary boundary layer (PBL) is a critical region of the lower atmosphere that is directly 

influenced by Earth’s surface through solar radiation absorption and reflection, thermal emission, 

momentum transfer of energy (via friction), and the transfer of water and energy between the surface 

and atmosphere. The PBL is thus the connective tissue that links surface properties to the troposphere 

and its complex processes influence diurnal to subseasonal-to-seasonal (S2S) scales of weather and 

Earth system variability (Santanello et al. 2018). It is widely acknowledged that improving the 

spatiotemporal characterization of the structure and diurnal evolution of the PBL is essential to address 

important gaps in our process-level understanding of surface-atmosphere couplings and feedbacks in 

the Earth system (e.g. Green et al., 2017; Helbig et al. 2021; Wulfmeyer et al. 2018). Advancing our 

ability to observe and model the PBL also has important societal benefits and direct implications for 

weather and air quality forecasts. Examples include improvements in severe weather prediction, cloud 

and precipitation modeling, forecasting extremes (e.g. floods and droughts), monitoring of aerosol 
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dispersion, optimization of wind energy, developing sustainable agricultural practices, and the 

evaluation of bio-geoengineering approaches. Increasing the fidelity of PBL observations in space and 

time would also have direct impacts on hydrologic and biospheric sciences and applications, including 

improved understanding of the water and energy cycles, which would address urgent needs for resource 

management and food production, and fire risk and weather prediction. 

 

To fully achieve these societal benefits, we must address the considerable gaps that remain in our 

ability to observe and model the processes and scales that regulate the PBL, particularly over complex 

terrain and heterogeneous surfaces (e.g. coastal zones, transitions between urban and rural landscapes, 

agricultural landscapes). Because of the urgent requirement to increase the fidelity of PBL retrievals 

from space, particularly over land, the National Academies of Sciences, Engineering and Medicine 

(NASEM) 2017-2027 decadal survey for Earth Science and Applications from Space (NASEM, 2018) 

highlighted the need for routine PBL measurements from space coupled with continued support for 

critical ground networks (such as the GEWEX Land-Atmosphere Feedback Observatories, GLAFOs, 

Wulfmeyer et al. 2020; DOE ARM including AMF3-BNF, Kuang et al. 2023). A sub-orbital 

component was also requested focusing on process studies, filling observational gaps (e.g. 

momentum), calibration/validation and scaling, and modeling capabilities that could provide a 

complete global PBL observing system. In this context, the PBL was designated as an Incubation 

Targeted Observable, with vertical profiles of temperature (T) and humidity (q) along with a 

measurement of PBL height (PBLH) as high priorities under specific observational requirements 

(Teixeira et al. 2025).  

 

Following these recommendations and supported by a wide range of detailed studies on viable 

technologies, scales, and approaches from the surface to space, substantial insights have been gained 

into the role of surface properties in PBL dynamics and thermodynamics. For example, there is 

renewed recognition of the role of surface-atmosphere interactions and near-surface stability in shaping 

the diurnal evolution of the PBL (e.g. Santanello et al. 2018), including the influence of soil moisture 

on coupling strength and the role of diurnal fluxes (Santanello et al. 2019). Furthermore, biomass 

burning and fires create complex interactions in the PBL that can affect convection, cloud 

microphysics, rainfall patterns and weather (e.g. Lareau et al., 2022; Peterson et al., 2021), but current 

observational constraints limit our ability to study these interactions and surface feedbacks. Recent 

campaigns and detailed process studies show that substantial challenges remain in resolving key 

coastal processes that can drive PBL heterogeneity across critical land-water interfaces. These 

processes impact air quality and human health, including through the role of coastal communities and 

vegetation biogenic emissions on the PBL (e.g. Sullivan et al., 2023). Furthermore, studies and 

campaigns in colder climates have demonstrated the influence of sea ice and seasonality on 

uncertainties in PBL retrievals and modeled estimates (e.g. Xi et al. 2024). Together, these new insights 

and the gaps they highlight demonstrate the need (a) to improve the representation of PBL processes 

in models to better capture the influence of surface conditions, ocean-atmosphere couplings, and the 

impacts of surface dynamics and changes on the PBL and related processes, (b) to address current 

observational limitations, and (c) to advance both theoretical and practical approaches for analyzing  

and modeling land-atmosphere coupling. These studies also highlight the significant challenges facing 
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a future PBL observing system which would ideally need to resolve the scales of critical processes 

(e.g. 1-3 hourly, 100m to 10km) shaping the coupling between weather and the surface (Teixeira et al. 

2025; Sullivan et al. 2023).  

The purpose of this white paper is to motivate, detail, and make recommendations regarding how a 

proposed NASA PBL mission would obtain better observations of temperature (T), humidity (q), and 

PBLH. It also discusses how addressing current scientific gaps enables improved applications for 

societal benefit. Our focus is specifically on the PBL’s interactions with the surface and complements 

two other PBL white papers focused on clouds and convection. 

 

2.2 Current state of observations from surface to space 

Within the existing Program of Record (PoR), observing systems for the PBL that includes surface 

networks and orbital platforms provide valuable insights into the thermodynamic structure and 

variability of the PBL, offering key information for both scientific and operational applications. While 

these measurements capture important aspects of T and q profiles, PBLH, as well as surface properties, 

each observing approach has its own limitations in sampling or resolution, resulting in observational 

gaps. The gaps are particularly prevalent over heterogeneous land surfaces and large portions of the 

oceans and cryosphere.  

 

Surface meteorological observations are typically measured worldwide on an hourly basis, but they are 

limited to specific ground networks and meteorological stations (e.g. DOE ARM, ASOS, MPLnet, the 

European profiling network E-Profile (https://e-profile.eu/), the New York Mesonet 

https://www.nysmesonet.org/, etc.). The WMO Global Observing System of ~900 twice-daily 

radiosonde stations (i.e. the backbone of NWP since its infancy) provides excellent vertical resolution, 

as fine as ~10 meters in the PBL, but lacks horizontal and temporal coverage. Another widely used and 

relatively new technique of in-situ measurements of PBL thermodynamics is commercial aircraft data 

(AMDAR, Avşar 2018; Zhang et al. 2019). These measurements capture the diurnal evolution of the 

PBL, but observations are restricted to airport locations.   

 

Recent developments in new sub-orbital technologies demonstrate the value of simultaneous, multi-

instrument measurements of the PBL. These measurements can directly capture PBL profiles of T and 

q and PBLH at finer spatial resolutions than from spaceborne infrared and microwave spectra and 

could increase the information content of IR and MW sounders from data fusion/joint retrievals (e.g. 

Turner and Lohnert. 2021, Gambacorta et al., 2024; Gambacorta et al., 2025a). While these sub-orbital 

campaigns are providing calibration and validation opportunities for spaceborne PBL retrieval 

algorithms (e.g., Nicholls et al., 2025), they do not provide sustained measurements in time and space 

due to their single or multiple overpasses over specific seasons or regimes. 

 

Satellites involve a trade-off between spatial and temporal resolution. The current state of the art 

infrared (IR) sensors allow the retrieval of T and q profiles with ~14 km of horizontal resolution and 

~1-2 km of vertical resolution, only under clear or partially cloudy sky conditions. While most clouds 

are opaque in the IR due to the presence of liquid droplets and ice particles, they are partially 

transparent to microwave (MW) radiation, allowing for all-sky T and q profile retrievals, albeit with 

https://e-profile.eu/
https://www.nysmesonet.org/
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coarser horizontal and vertical resolution compared with hyperspectral IR. Nevertheless, MW and IR 

passive remote sensing are attenuated by cloud cover and largely confounded by surface heterogeneic 

properties and fluxes (e.g. Wulfmeyer et al. 2015). As such, remotely sensed atmospheric information 

has been predominantly constrained to that above the PBL (NASEM, 2018). For example, numerical 

weather prediction data assimilation systems often neglect surface sensitive channels over land. 

Furthermore, NASA and NOAA operational retrievals from passive sensors suffer from large 

uncertainties in the presence of sharp gradients in PBL thermodynamic structure. Uncertainties related 

to heterogeneity in surface type and spectral emissivity propagate into surface temperature and PBL 

atmospheric temperature and water vapor retrieval errors, hindering the capability to fully resolve PBL 

vertical structure. By carefully selecting channels that are mostly transparent to atmospheric absorption 

(so called “window” channels), one could write the physical relationship linking brightness 

temperature, surface emissivity and surface temperature as in equation 1, momentarily neglecting, for 

simplicity, the atmospheric term A(𝜈), the reflecting term R(𝜈), the downwelling and reflecting term 

D(𝜈) and the scattering term S(𝜈). 

 

𝐵𝑇(𝜈) = 𝜀(𝜈) ⋅ 𝑇𝑠 ⋅ 𝜏𝑡𝑜𝑡𝑎𝑙(𝜈) + A(𝜈) + R(𝜈) + S(𝜈)    (eq 1) 

 

Where: 

● 𝜈 represents the sensor measurement frequency 

● 𝜀(𝜈) represents emissivity as a function of frequency 

● 𝑇𝑠 represents surface temperature 

● 𝜏𝑡𝑜𝑡𝑎𝑙 represents total surface to top of atmosphere transmittance.  

Surface emissivity over land is strongly variable, dependent on a host of factors including surface type, 

surface moisture, and spectral frequency (e.g., Baldridge et al., 1999; Huang et al., 2016). As observed 

in equation one, even small errors in surface emissivity of just a few percent can cause errors of several 

degrees Kelvin in retrieved surface temperature, which then propagates into retrieval uncertainties in 

PBL T and q. 

Improvements in the characterization of surface emissivity have been hindered by the lack of in situ 

data and experiments designed to improve physical modeling and, as in the case of MW sounding, the 

lack of information content on emissivity variability across surface types. While infrared sensors have 

continuously improved in spectral coverage and resolution (e.g., L’Ecuyer et al., 2021; Zheng et al., 

2024), microwave sensors have remained constrained by the size, weight and power requirements of 

radiofrequency technology. Recent developments in photonic integrated circuits are poised to 

revolutionize passive MW sounding technology and enable hyperspectral MW sounding from space, 

as proposed by the Advanced Ultra-high Resolution Optical and RAdiofrequency (AURORA) 

Pathfinder (Gambacorta et al., 2025b; Gambini et al., 2024, Torres et al., 2025). 

Even with improved technology, we still face the challenge of improving surface classification 

techniques, emissivity modeling, and cloud geophysical constraints to help disentangle the interfering 
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signals in observations. These improvements would enable an all-sky, all-surface PBL retrieval product 

while maturing the science readiness level needed to support novel technologies. Turner and Lohnert 

(2021) and Gambacorta et al. (2025a) have demonstrated improved PBL thermodynamic sounding by 

combining passive and active measurements (i.e., differential absorption lidar and backscatter lidar) in 

the presence of clouds and aerosols. Surface classification (e.g., type, structure, roughness, function, 

dynamics, etc.) and emissivity modeling can be improved via intensive, dedicated field campaigns that 

characterize multiple surface scenes with co-registered brightness temperature measurements. 

Including the physical drivers of variation is also essential for a physics-based approach that can also 

account for surface properties. Regardless, a sustained, operational network of ground observations is 

recommended to ensure accurate initialization during routine data assimilation and retrieval 

processing.  

Intensive ground-based facilities (e.g., ARM SGP in Oklahoma, Sisterson et al., 2016; LAFO in 

Germany, Späth et al., 2023), dedicated airborne campaigns (e.g., WH2yMSIE, Gambacorta et al., 

2024; ACTIVATE, Sorooshian et al., 2025), and field programs (e.g., TOGA COARE; Webster and 

Lukas, 1992; DYNAMO, Yoneyama et al., 2013; PECAN, Geerts et al., 2017; MOSAiC, Shupe et al., 

2022) all  provide excellent opportunities to perform co-registered all-surface and all-sky experiments 

aimed at developing and validating improved technologies and data fusion approaches. 

 

3. PBL Science: the role of the surface in the PBL 

3.1 PBL Surface Interaction Processes 

The planetary boundary layer is formed by the interaction of the troposphere with Earth’s surface. The 

surface influences the PBL thermodynamically via exchanges of water and energy with the surface 

(sensible and latent heat fluxes) and between the PBL and the lower free troposphere via entrainment. 

The surface also exchanges mass, momentum, and energy with the lower troposphere mechanically 

through near-surface wind shear, where the surface exerts a drag force on the movement of air, and 

creates eddies that influence the lower atmosphere. As such, the Earth’s surface is fundamental to PBL 

processes. 

 

The surface also modulates the magnitude of these surface-based dynamic and thermodynamic 

influences. The partitioning of sensible and latent heat fluxes and hence the PBL structure and 

evolution depends strongly on surface types (e.g., vegetated land, bare land, urban land cover, ice, 

inland water bodies, and ocean) and surface properties and dynamics (e.g., soil moisture, roughness, 

displacement, turbulence). For example, drier soils result in a relative shift to increased partitioning of 

incoming solar energy into sensible rather than latent heat flux, and a generally deeper boundary layer 

(Molod et al., 2019; Lin et al. 2022). Land cover structure and heterogeneity induce not only turbulent 

but also dispersive fluxes therefore altering the conductance of water and energy fluxes from the 

surface to the atmosphere. Horizontal gradients of land surface properties, including land cover 

changes and rainfall-induced soil moisture changes, can cause localized mesoscale circulations which 

can propagate into the lower troposphere (Eder et al. 2015; Simon et al. 2021; Paleri et al. 2025; Taylor 

et al. 2012). 
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Radiative effects also create surface-atmosphere interactions. More solar radiation absorbed by the 

surface, whether due to increased incident sunlight or lower albedo, raises the surface temperature and 

drives sensible heat flux. Variability in surface reflection of incoming shortwave radiation (through 

surface albedo) due to soil, vegetation, snow, water, and ice color and structure can alter how much 

Earth’s surface warms. Additionally, the incident solar radiation that drives surface-atmosphere 

interactions is modulated considerably by clouds and aerosol particles in the PBL, which themselves 

are partly influenced by surface sensible and latent heat fluxes. Aerosols in particular can alter the 

thermodynamic regime of the lower atmosphere and impact the evolution of the PBL. For example, 

aerosols directly influence vertical heat transfer and fluxes, which can alter entrainment into the upper 

boundary later, and reduce incident radiation on the surface, which can reduce sensible and latent heat 

fluxes (e.g., Liu et al. 2019; Molod et al. 2019; Su et al. 2020; Zhang et al. 2022; Pal et al. 2025). 

 

Surface-atmosphere interactions are challenging to observe and model due to the interactive effects of 

water and energy fluxes together with the spatio-temporal dynamics associated with biophysical 

processes and surface heterogeneity. Earth’s surfaces space diverse environments from land, sparsely 

vegetated inland to coastal and ocean systems, to polar and ice-covered conditions; they act across a 

broad range of temporal and spatial scales. For example, surface-influenced warming and the 

corresponding evolution of turbulent kinetic energy (TKE) regulates the diurnal cycle of PBLH. 

Heterogeneity of surface soil and vegetation moisture and land cover at kilometer scales can generate 

horizontal moisture and energy gradients that can trigger and modulate convection (Taylor et al. 2011, 

Simon et al. 2021). At 10s of meter scales, vegetation heterogeneity can also modulate conductance 

and latent heat flux (Paleri et al. 2025). Such processes occurring at these fine spatial and temporal 

scales place high demands on a PBL mission. This is in addition to the range of processes involved in 

these surface-atmosphere interactions (Santanello et al., 2018), which require a broad range of spectral 

bands and observing technologies to characterize and monitor (Table 1).  

 

Due to a lack of direct observations of latent and sensible heat fluxes and T and q profiles at scale, 

fundamental debates continue about how surface moisture and structure alters PBL evolution and 

consequent convection (e.g. Campbell et al., 2019). This includes whether more soil moisture and/or 

different vegetation types enhance or suppress convectively driven extreme rainfall. This also includes 

how surface-atmosphere conditions enhance or suppress hot and dry conditions, with implications for 

droughts and heatwaves (e.g., Zhou et al. 2019). For example, recent modeling studies demonstrate the 

role of vegetation phenology and shifting seasonal patterns in altering surface fluxes and the critical 

role these processes could play on seasonal and future PBL dynamics (e.g. X. Li et al., 2023). Higher 

resolution PBLH retrievals (100m or finer) are needed to quantify these impacts. Similarly, Tian et al. 

(2024) demonstrated that uncertainties in land-atmosphere coupling strength can lead to 

underestimation of convective precipitation, while an improved understanding of the PBL in complex 

surface regimes could significantly reduce these uncertainties.  

 

3.2 PBL Science Questions 

PBL Surface Interaction focused science questions are as follows: 

1. How do diurnal surface energy exchanges govern the coupled evolution of PBL humidity, 
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thermodynamic structure, and air pollutants (and vice-versa)? 

2. What is the impact of surface heterogeneity on the PBL thermodynamic structure and 

convective initiation? 

3. How do PBL structure and evolution modulate local and remote processes and feedbacks that 

regulate hydrological and climatic extremes (such as drought, flood, and heatwaves)? 

 

Addressing these critical questions would advance the PBL science described above pertaining to 

surface interactions specifically with satellite-based observations of T and q profiles and PBL height. 

These questions would be answered jointly using PBL retrievals of T, q, and PBLH and surface states 

and fluxes including, but not limited to, latent and sensible heat flux, soil moisture, surface roughness, 

and vegetation structure and function. 

 

3.3 PBL Science Lessons learned from past campaigns and surface networks 

Past field campaigns provided critical observations that advanced our knowledge of the PBL’s 

interactions with the surface. For example, the First International Satellite Land Surface Climatology 

Project (ISLSCP) Field Experiment (FIFE; Sellers et al. 1988) pioneered simultaneous acquisition of 

satellite, atmospheric, and surface data to understand coupled land-atmosphere processes in a 

multidisciplinary multiscale framework. This framework was subsequently tested and proven in other 

field campaigns sampling a range of surface – boundary layer interactions from local to regional scales 

(e.g., Sellers et al. 1995; Avissar et al. 2002; Redelsperger et al. 2006). Similarly pioneering work in 

the western Pacific Ocean (TOGA-COARE; Webster and Lukas, 1992) substantially improved our 

understanding of air-sea interactions and tropical weather systems, providing better model 

parameterizations, and an improved ability to predict large scale atmospheric variability patterns (e.g. 

MJO). These efforts showed that data from a PBL satellite mission are much more valuable when 

combined with other data sources. This includes, for example, data from other orbital platforms (e.g., 

measuring soil moisture, surface temperature and vegetation properties); in-situ measurements; 

profiles from radiosondes and aircraft; meteorological stations and flux towers providing point lower 

boundary properties and the surface energy balance including heat fluxes; derived gridded products for 

PBL boundary conditions such as surface fluxes (e.g., Miralles et al. 2025; Nelson et al. 2024); and the 

application of atmospheric analyses using numerical models to assimilate satellite PBL measurements. 

Data synthesis and fusion greatly extends the utility of the individual products (Kabat et al. 2004). In 

this case, global data from a PBL measuring mission would serve as the core of an array of datasets 

and information for improving PBL science. 

 

NASA and the international community have conducted numerous field campaigns with a focus not 

only on science, but also for advancing technologies within the scientific context to better evaluate the 

strengths and weaknesses of different approaches in their ability to meet targeted science objectives 

and tailor technologies for future missions.  Although some previous missions have deployed active 

and passive sounders for exploitation of joint retrievals, there is an even richer dataset exploiting the 

use of surface observations, in-situ, dropsonde and radiosonde soundings to provide insight on the 

challenging nature of PBL dynamics across all geographic regions and atmospheric conditions. 

Campaigns such as DISCOVER-AQ, ARCSIX, NAMES, and CPEX produced great examples of 



 

8 

datasets that can be exploited to better quantify the nature of the PBL using sounders, in-situ, and 

dropsonde data from urban, Arctic, and cool and warm marine environments, respectively. These data 

are critical for providing canonical cases for the evaluation of emerging technologies through the 

development of instrument forward models. Instrument demonstration and synergy campaigns also 

serve a unique purpose of informing the potential for multi-instrument retrievals, as exemplified by the 

WH2yMSIE campaign. The WH2yMSIE aircraft campaign took place between October-November 

2024 and is in the process of providing additional insights about the role of the surface in the PBL and 

demonstrating new ways to incorporate surface information to improve PBL thermodynamic and 

PBLH retrieval. This campaign used simultaneous infrared and microwave observations as well as 

differential absorption and backscatter lidar aircraft measurements, along with surface measurements. 

Processing and analysis of these measurements is ongoing. 

 

Analogous lessons learned from satellite missions pertaining to the PBL are limited because observing 

atmospheric properties nearer to the surface is challenging (e.g., Santanello and Schaefer, 2017). Many 

previous satellite-based PBL studies combined satellites (AIRS, GPS RO) and process modeling via 

data assimilation (e.g., Ding et al., 2021). However, despite the known limitations, it is recommended 

that additional investigations utilizing existing spaceborne, sub-orbital, and surface PoR be carried out 

to both empirically study the impacts of surface properties and heterogeneity on PBL retrieval 

uncertainties and improvements that can be gained by inclusion of additional surface information (e.g., 

Table 1). 

 

4. PBL Technology: Thematic and data integration 

The PBL surface interactions working group identified two main considerations for PBL technological 

development: (1) How can we use surface information to improve T, q, and PBLH retrievals? and (2) 

What data needs do we have for addressing PBL science related to surface-atmosphere interactions? 

 

4.1 Improving T, q, and PBLH retrievals with surface information 

4.1.1 PBL Radiative Transfer Algorithm Gaps 

Radiative transfer algorithms are at the core of inverse methods for retrieving thermodynamic variables 

in the PBL, whether this concerns rigorous physical retrievals, or statistical AI/ML-based approaches. 

In the former case they are needed as forward operators, and in the latter as simulators to produce 

synthetic training data. As an example, the standard model for both of these approaches at the Climate 

and Radiation Laboratory at NASA Goddard Space Flight Center is the Community Radiative Transfer 

Model (CRTM; see Johnson et al., 2023 and Stegmann et al., 2025). 

 

Radiative transfer and algorithms to retrieve T, q, and PBLH, especially in microwave frequencies, use 

simple assumptions and parameterizations of the surface. Accurate radiative transfer modeling in the 

microwave window region between the frequencies of 125 and 175 GHz is critical for thermodynamic 

retrievals in the PBL, particularly since photonics technology has recently enabled high-resolution 

observations in this frequency band. However, since this frequency range is relatively transparent and 

the surface emits radiation at these spectra related to moisture, it can be shown these spectra are highly 

sensitive to uncertainties in modeling microwave surface emission. Radiative transfer algorithms 
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require more advanced consideration of surface properties, given that they often assume uniform 

vegetation or moisture conditions despite heterogeneity of these properties. Additionally, 

representativeness errors are introduced to retrievals when operating over ocean since the marine PBL 

height is usually well below the dense averaging kernels of these retrievals (1.5-2 km?). Over tropical 

subtropical oceans for example, the surface-based mixed layer height is typically 200-900 m according 

to radiosondes. As such, current space-based retrievals of PBL thermodynamics and height are not 

representative of (and thus have errors related to) the surface layer, and thus cannot be used with 

confidence for air-sea flux retrievals or marine PBL characterization. Similarly for rainfall estimates, 

NASA GPM DPR (dual-precipitation radar) cannot observe rainfall below 1-2.5 km altitude over ocean 

due to sidelobe clutter that is related to and depends on the orientation or location of the data pixel 

across the radar swath. This height limitation of the lowest-clutter free bin excludes from the record 

rain falling from prevalent trade wind cumulus clouds rooted within the shallow marine PBL or remain 

below the Hadley cell subsidence inversion. Though not the strongest rain producers, these clouds have 

immense radiative feedbacks to the atmosphere and interact strongly with the PBL.  

 

In the example of CRTM, surface input properties are, for ocean, sea surface temperature (SST), 

salinity, and wind speed and direction (translating into wave roughness spectra) as well as, for land, 

soil type (various kinds of sand, clay, loam, glacial ice, or farmland) and vegetation type (various kinds 

of forest, savanna, tundra, or bare soil). The categories of these land based inputs are adopted from the 

NCEP Global Forecast System (GFS) classification. 

 

As such, key variables to consider that could be sources of error as well as, if integrated into the 

algorithm, improve the retrieval of T, q, and PBLH include surface emissivity (IR and microwave 

frequencies), land cover type, roughness, fluxes, moisture, and vegetation structure and function. There 

exist satellite and network-based measurements of these properties that may be viably integrated into 

these algorithms.  Additionally, direct observations of key thermodynamic variables like q from lidar 

can be used as a direct constraint on microwave radiances to improve accuracy of q retrievals and 

increase accuracy and vertical resolution of T from microwave observations. 

 

4.1.2 Improving PBL Retrievals using Surface Information 

The PBL surface interactions working group proposes the improvement of T, q, and PBLH retrievals 

of the PBL mission using: 

(1) direct integration of surface property observations from the program of record into the retrieval 

algorithms; 

(2) post-hoc improvement of T, q, and PBLH estimates within data assimilation frameworks to 

produce a best estimate of T/q/PBLH; and 

(3) machine learning by integrating PBL mission spectral measurements and surface properties 

from the program of record as inputs to constrain T/q/PBLH. 



 

10 

 

4.1.2a Direct Integration of Surface POR Measurements into PBL Retrieval Algorithms 

Regarding critical surface variables to interpret PBL information, latent and sensible heat fluxes 

influence PBL vertical profiles but are also challenging to remotely characterize. However, there is 

Table 1 Ancillary Variables for Retrievals table. Method of integration refers to the number of the corresponding 

method type at the beginning of section 4.1.2. Variables here are for optimum improvement of q and T profiles and 

PBLH retrievals and data assimilation states. These are only for higher accuracy PBL information and can be mostly 

accomplished with PoR, and the mission is meant to stand alone without these considerations. 

Geophysical Variable Method of Integration Potential PoR Sources 

Surface emissivity 1 Landsat, EMIT, SMAP, NISAR, VIIRS 

Surface type / landcover 1, 3 EMIT, Landsat, VIIRS 

Roughness / roughness length 1,3 ICESat-2, GEDI, NISAR, SWOT 

Vegetation structure and function 1,3 STV, GEDI, NISAR, OCO 2 & 3; PACE, 

VIIRS, AVHRR 

Water and Energy Fluxes 2,3 ECOSTRESS, MODIS, VIIRS, flux tower 

networks (e.g. AmeriFlux/Fluxnet, NEON, 

ICOS) 

Soil moisture 1,2,3 SMAP, AMSR-2, MWI 

Surface / vegetation moisture 1, 2 SMAP, SWOT, NISAR, surface networks, 

AVHRR 

Water type 1 PACE OCI 

Water temperature 1,2,3 AMSR2, GMI 

Ocean wind speed 1,2,3 Windsat, AMSR-2, MWI 

Ocean wind direction 1,2,3 Windsat, AMSR-2, MWI 

Ocean salinity 1,3 SMAP 

Ice temperature 1 VIIRS 

Ice Thickness 1 Cryosat2 altimeter 

Ice Density 1 Cryosat2, SMAP 

Ice Roughness 1,3 Cryosat2 

Snow type (wet/dry) 1,2,3 MWI 

Snow temperature 1,2,3 VIIRS 

Snow depth 1,2,3 VIIRS 

Snow density 1,3 AMSR2, MWI 

Snow grain size 1,3 VIIRS 
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now a rich legacy of this data in the existing PoR (Table 1). The challenge is that much of this 

information is based on higher-level derived products (with their own uncertainties which may also 

have inconsistent assumptions with the models using these data) from what is directly observed (e.g. 

radiance measurements) and meteorological inputs. For example, evapotranspiration retrievals from 

space currently require process modeling using satellite retrievals of soil moisture, land surface 

temperature and other auxiliary inputs (radiation) and require rigorous assessment against observations 

(e.g. Volk et al. 2024). Despite these challenges, these products represent the current state-of-the-art 

and we propose the use of surface information from the PoR with measurements from a PBL mission 

and other satellites to improve the retrieval process. This allows us to bring together the full breadth of 

heterogeneous datasets and demonstrate new capabilities with existing measurements from the ground, 

sub-orbital, and space. PoR measurements of interest that can directly improve retrievals of T profile, 

q profile, and PBLH include, but are not necessarily limited to, those provided in Table 1 below. In 

addition to the data listed in Table 1, we also recommend exploration of commercially available 

observations (such as from the NASA commercial smallsat data acquisition (CSDA) program) that 

could provide additional context for retrievals and/or fill observational gaps in time and space, 

particularly for discrete activities focused on the training of machine learning approaches or evaluating 

PBL retrievals in the context of heterogeneous environments.  

 

4.1.2b Improving the representation of PBL structure with Data Assimilation 

Data assimilation frameworks constrain land surface models coupled to the atmosphere. Such 

frameworks can be valuable for integrating both surface information and remote sensing measurements 

of the atmosphere (from the PBL mission) to improve T and q profiles analyses and forecasts as well 

as boundary layer height. For climatological scales, the primary impact of observations is felt in how 

they improve representation of physical processes, for example via parameter estimation (e.g. Dagon 

et al. 2020, Elsaesser et al. 2025).  

 

There are several challenging aspects for assimilating surface-related observations in both atmosphere 

and coupled systems, and existing (new) data assimilation capabilities need to be enhanced (already 

developed) to tailor to PBL unique features. The objectives are to ready data assimilation algorithms 

for using new observations from PBL missions while conducting Observing System Simulation 

Experiments (OSSEs) to evaluate the potential impact of observations from these missions. OSSEs can 

quantify information gain in terms of how observations improve or reduce uncertainty in forecasts or 

climate projections, providing an objective metric for the value of competing observing platforms. 

Challenges include: 

 

● As the projection of observation information onto state variables depends on the background 

error covariance (BEC), accurately representing BEC in various scenarios and stability 

conditions are essential to capture the gradients at the PBL top and PBL structure (Fowler et 

al. 2012, Zhu et al. 2025). More studies are required with increased global data coverage, 

diurnal cycle representation, and high spatial resolutions to address this aspect for complicated 

surface processes.    
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● The uncertainties of radiative transfer models including surface emissivity and surface 

properties are also important factors that affect the assimilation of surface-sensitive radiances 

and their impacts on representing PBL structure. Efforts have been made to explore 

deriving/using better surface emissivity in data assimilation systems (e.g. Zhu et al. 2021, 

Karpowicz et al. 2022). Data assimilation and weather forecasts will also benefit from 

increased global data coverage and high spectral and spatial resolutions of new observations 

from PBL missions for improved surface characteristics. 

● Cloud effects. All-sky microwave radiance assimilation has become common in major NWP 

centers and research organizations in the past decade (e.g. Geer et al. 2010, Zhu et al. 2016). 

Expansion of all-sky radiance assimilation to new channels and hyperspectral microwave from 

PBL missions would be expected.  In addition, the all-sky IR radiance assimilation to increase 

observations used in the lower troposphere and to improve forecasts of hazardous weather 

events is currently being explored.  

● Weakly/strongly coupled systems can be valuable for integrating both surface information and 

remote sensing measurements of the atmosphere from PBL missions to produce consistent state 

analyses and forecasts across all components. Due to different temporal/spatial scales of 

different components in strongly coupled systems, how to properly use observations that are 

involved in more than one component is worth investigating. 

● Analyses generated from data assimilation systems provide better state structures for 

atmosphere and/or land, ocean, and the resultant analysis increments are fed back to forecast 

models to improve subsequent weather predictions. However, model physics tend to return to 

their original mechanisms within one day in the lower troposphere (including PBL) (Zhu et al. 

2022). Methods for feeding back analysis increments to forecast models and retraining 

observation information in the PBL need to be explored. 

 

There are also data assimilation frameworks that focus on the land surface, which can better estimate 

surface properties with PBL measurement inputs. For example, Ahmad et al. (2022) shows that 

assimilation of LAI and soil moisture permit an offline Noah-MP LSM to resolve flash drought 

development more quickly. Lahmers et al. (2023) shows that surface multi-variate data assimilation 

(including SWE, soil moisture, and LAI) are needed to capture the progression of the 2019 Mississippi 

basin floods over mid-west states. However, both of these studies use an offline LSM that is not 

coupled to the atmosphere. More recently, Y. Zhang et al. (2025) used a coupled LSM-atmosphere 

data assimilation framework to ingest PBL depth observations obtained using differential reflectivity 

(ZDR) from the dual-polarization NEXRAD radar network, resulting in significantly improved rainfall 

forecast performance when simulating a torrential rainfall and flooding event in Kentucky. These 

results demonstrate the potential for PBL depth observations, especially those assimilated through 

coupled LSM-atmosphere frameworks, to improve NWP forecasts of impactful events.  

 

4.1.2c Estimating PBL Variables with Data Fusion 

Machine learning frameworks can similarly be used to estimate T, q, and PBLH by ingesting both 

spaceborne PBL measurements and surface information from the POR, or leveraging sub-orbital data 

(e.g. Christopoulos et al., 2025). Machine learning (ML) provides a practical pathway to robust PBLH 
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estimation by fusing multi-source remote sensing. Across ML methods, including gradient-boosted 

trees, random forests, clustering, AdaBoost, and deep neural networks, performance consistently 

exceeds traditional remote sensing and statistical methods (Rieutord et al., 2021; de Arruda Moreira et 

al., 2022; Sleeman et al., 2020). An example is the random forest approach that augments Doppler lidar 

estimates with meteorological data, yielding substantially lower errors and higher radiosonde 

agreement than lidar-only baselines (Krishnamurthy et al., 2021). Moreover, Su and Zhang (2024) 

trained a multi-structure deep neural network on decades of radiosonde and lidar data, using standard 

meteorological inputs to generate a long-term PBLH record that transfers well across climates and 

terrains. Furthermore, a “best-estimate” framework fused different PBLH remote-sensing products 

from the Department of Energy's Atmospheric Radiation Measurement (ARM) program with RF and 

LightGBM, which maximizes agreement with radiosondes (D. Zhang et al. 2025). ML has also enabled 

PBLH retrievals from AERI (Ye et al., 2021) and HyMPI (MacKinnon et al. 2023), leveraged aerosol-

profile structure in complex conditions (H. Li et al., 2023), and boosted spaceborne-lidar skill via 

convolutional neural networks (CNNs) and denoising for low-SNR scenes (Palm et al., 2021; Selmer 

et al., 2024). Similarly, hyperspectral microwave and backscatter lidar (passive + active) are proposed 

to retrieve T, q, and PBLH as demonstrated in Gambacorta et al., 2025a; Kotsakis et al., 2023. 

Extending further, utilization of humidity profiles from DIAL (Carroll et al., 2022) can directly 

constrain water vapor radiances for IR and MW to improve accuracy of T and q but also increase the 

vertical resolution of both geophysical products (Turner and Lohnert 2021). 

 

4.2 Understanding surface data needs for PBL Science 

The PBL mission and specifically observations of the T and q thermodynamic profiles and PBLH have 

the potential to substantially advance PBL science related to surface interactions (see PBL science and 

applications sections 3 and 5, respectively). Here, we discuss the observational requirements for 

addressing PBL science and applications pertaining to surface interactions. Specifically, what spatial 

resolution is necessary for T, q, and PBLH, and how much uncertainty is permissible? Where, and how 

often, must these variables be sampled? And what additional information must be provided about other 

variables (from, e.g., models or PoR), both to optimize retrievals of T, q, and PBLH and provide 

essential environmental context for surface-relevant PBL science and applications? What gaps remain 

based on the wider use of PoR? How do we use retrievals of T, q, and PBLH to conduct detailed 

surface-to-atmosphere coupled analysis studies on PBL properties, processes, and feedbacks? To 

address these questions and provide guidance on requirements for a global PBL Mission, we provide 

a Science and Applications Traceability Matrix (SATM) that summarizes the sampling and ancillary 

data needs associated with each of the science questions outlined in Section 3.2 (Appendix A).  

 

For example, studies investigating surface-atmosphere coupling strength and its influence on the PBL 

typically require higher-resolution observations, as do studies investigating the role of surface 

heterogeneity in PBL structure and evolution. Horizontal and vertical resolutions on the order of ≲3 

km and ≲300 m, respectively, for T and q are necessary to effectively sample clear sky regions and 

capture transitions associated with mesoscale phenomena (e.g. thunderstorms) to evaluate and improve 

weather forecasting models. Similarly, finer vertical resolution would allow for improved 

characterization of the temperature and water vapor structure, including discriminating sharp adiabatic 
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gradients near the surface in shallow boundary layer conditions. At the same time, there is a 

fundamental difference between coupled and (partially or fully) decoupled PBLs. The coupling 

strength depends on the lapse rate and surface sensible heat fluxes. Measuring this coupling strength 

requires a fine vertical resolution, as the near-surface stable layer can be quite shallow, requiring <300 

m uncertainty in PBLH. The organization of thunderstorms (including tornadic storms and mesoscale 

convective systems) depends on the surface coupling strength. The coupling strength also impacts near-

surface air pollution, turbulence, and wind speed and has implications for air quality, wind power 

generation, etc (see Section 5).  

 

Another notable science utilization of air temperature and humidity is their joint use in the computation 

of vapor pressure deficit (VPD) used in studying the often dominant effects of VPD on water and 

carbon fluxes. In fact, a recent debate has emerged about whether soil moisture or VPD limits plant 

functioning more (Green 2024). VPD’s use in such a way requires sufficient accuracy of air 

temperature and humidity observations nearer to the surface where VPD impacts evaporation and leaf-

level stomatal functioning more. Resolution requirements are at approximately daily and also <10km 

to evaluate daily scale functioning along with passive microwave soil moisture retrievals. Former 

studies were limited by use of AIRS which notably was unable to resolve near surface VPD sufficiently 

for this science study. 

 

Additional PoR required for these studies include information on surface roughness (weekly to 

monthly), cover type and dynamics (weekly), soil moisture (daily), albedo (~daily), net radiation 

(subdaily), latent and sensible heat fluxes (subdaily), LST and sea surface temperatures (subdaily), 

cloud cover (subdaily), and winds (subdaily). Adding information about the vertical velocity/updrafts 

at the same time and vertical resolutions could lead to the estimation of vertical turbulent fluxes/eddies 

making it easier to identify the PBL top. Also, ML approaches to estimate PBLH rely mostly on surface 

sensible heat flux, land fraction, surface net solar radiation (Ayazpour et al., 2023).  

 

Hourly resolution for Planetary Boundary Layer (PBL) height information is needed to enable the 

analysis of diurnal cycles and PBL height growth rates. Understanding drivers of these growth rates 

over land, ice, and water is critical for understanding a host of processes, including shallow to deep 

convection, the marine boundary layer and cloud forecasts, weather and fire weather forecasting, and 

science and applications that require detailed knowledge of the water cycle and weather conditions at 

a subdaily timescale (e.g. energy production, agriculture; Section 5). Additional PoR (see Appendix A 

for a full list) needed to pair with subdaily PBL thermodynamic and PBLH estimates include infrared 

and microwave emissivity which can be impacted by diurnal processes and states (e.g. dew on leaves).  

 

The requirements presented in Appendix A provide guidance on the technological capabilities and 

observational improvements necessary for a future PBL Mission that would substantially improve a 

host of critical surface interactions science and applications (see Section 5). We note that the ranges in 

spatiotemporal and vertical resolutions presented are meant to acknowledge that requirements depend 

on specific applications and science goals, and, at times, are themselves uncertain. Nevertheless, they 

reflect values that, if achieved by the mission, can substantially advance a range of science questions 
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(as presented in Section 3). However, not achieving these specifications will only mean a reduced 

capacity of the science capability. For example, if the finest resolution requirements cannot be met, a 

future mission may not fully meet weather forecasting needs, particularly in challenging, heterogenous 

environments or locations at the boundaries of different regimes (e.g. drylines, coastal) where finer 

resolution is necessary to resolve sharp changes in vertical structures. For example, fine horizontal and 

vertical resolutions (<3km, <300m) and low uncertainties in PBLH (e.g. 100m) are necessary for a 

host of disaster and risk analyses associated with food security and impacts of lives and liveness, where 

more coarse information impacts the precision of risk forecasts and the ability to adapt and mitigate 

impacts to infrastructure and food and fiber production. Reduced diurnal resolution would significantly 

impact weather and convection forecasts over land and water, and reduce the efficacy of water and 

resource management in drought-prone regions that respond strongly to synoptic conditions.  We also 

note that given the different requirements across science and applications, an approach that can 

leverage direct adaptive resolution capabilities (i.e. providing higher resolutions in complex regimes) 

and/or can leverage new machine learning and data fusion approaches, as well as statistical sampling 

could also be a method to create higher resolution retrievals.  We would recommend exploration into 

methods that could provide higher resolution for specific applications while also balancing costs and 

capabilities of a future PBL Mission. 

 

5. PBL Applications: Science Community Co-Development and Decision Making Support 

The PBL surface interactions working group identified several paths to tie PBL mission measurements 

to improving practitioner decision making frameworks. NASA’s Earth Science to Action Strategy and 

Earth Action programs include both priorities of generating datasets that can be useful for decision 

makers as well as working directly with decision makers and integrating these datasets into their 

frameworks (St. Germain et al., 2024). The PBL mission’s targets of T, q, and PBLH retrievals are 

fundamental to many land and atmospheric processes and thus have high potential to improve decision 

making frameworks in collaboration with practitioners. 

  

Organizations such as NASA’s Short-Term Prediction Research Transition (SPoRT) Center work with 

these potential stakeholders – in the early stages – to understand their challenges and develop 

innovative ways to use new technology, research, and advanced modeling capabilities. It is crucial to 

work with stakeholders at the community level, within private industry, and at state/federal government 

agencies prior to the development of a PBL mission. This reduces the learning curve and leads to 

further adoption of any decision support tools regarding applications to the cloudy and cloudless PBL. 

Applications that PBL measurements, along with surface measurements, can directly influence include, 

but are not limited to, the following: 

 

Disaster monitoring and forecasting 

Hydrologic extremes leading to disasters such as floods and droughts are connected to the PBL 

evolution and surface-atmosphere fluxes. Ocean-atmosphere fluxes are critically important in driving 

tropical cyclone intensity. For example, near-surface winds of tropical cyclones (TC) pre- and post-

landfall are modulated by TC boundary layers, whose evolution on land has so far been poorly 

documented. Further, observational and modeling studies have shown the sensitivity of post-landfall 
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TC strength, re-intensification, and enhanced potential for flooding to soil moisture and PBL evolution  

as well as advection of surface variables from over the ocean. Decision-makers at the federal (NOAA, 

FEMA), state, and local level need improved forecasts that integrate high resolution PBL observations 

to improve disaster response to extreme hydrologic events from hurricane flooding and storm surge. 

 

Extreme Precipitation and Landslide Risk 

Atmospheric rivers (ARs) are a critical component of Western U.S. water resources planning as they 

supply most of the region’s annual precipitation, but also pose threats of flooding, landslides, and 

infrastructure losses. As ARs travel over the ocean, the strong surface moisture and heat fluxes can 

substantially deepen the PBL, which in turn enhance ARs’ ability to transport water vapor and 

intensify. Improving representation of ocean-atmosphere fluxes will improve coupled models’ ability 

to forecast events. Modeling and forecasting extreme precipitation and the response of the land surface 

for hazardous events is important to federal agencies – such as NOAA, FEMA, DOT – as well as state 

and local emergency management and transportation agencies, enabling them to provide public 

warnings and respond with relief efforts. 

 

Water Resource Management 

PBL measurements will improve water resources monitoring pertaining to lakes, rivers, and snowmelt 

used in models that decision makers use at state, local governments and within private industry. 

Monitoring lake evaporation plays an important role in reservoir management in the Western US. 

Estimation of reservoir evaporation using methods such as the Penman-Monteith equation is subject 

to large errors owing to a lack of observations of q and to a lesser extent T above water bodies. The 

retrieval of q can be directly used in the Penman equation to calculate water vapor deficit or be 

assimilated into the PBL scheme of NWP models such as WRF-Lake. Modeling snowpack in the 

intermountain west is hindered by the unknown magnitude of snowmelt and sublimation that are 

closely dependent on PBL structure, including PBLH and profile of T and q. Availability of retrievals 

of T and q variables at high spatial resolution will contribute to the prediction of both seasonal and 

ephemeral snowpack. 

 

Drought, Extreme Heat, and Improving Public Health 

Capturing fine-scale processes in the PBL where the transfer of heat and moisture lead to extreme 

drought or precipitation is important for the impact of the environment on human health. The sensitivity 

of droughts to land-atmosphere coupling strength has been identified as key to the evolution and 

propagation of heatwaves and flash drought events. Public health agencies and non-governmental 

agencies rely on long-term records of temperature and moisture to understand and predict heat stress, 

vector-borne disease and infectious disease on sub-seasonal to seasonal scales. A better understanding 

of both dry and wet hydrologic extremes through surface and PBL observations will yield societal and 

economic benefits. 

 

Agriculture: Croplands and Rangelands 

Crop and rangeland forage predictive models require modeling of evaporation with PBL mission 

measurements (T and q profiles) particularly useful for providing information about vapor pressure 
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deficit that directly influences plant functioning. Air temperatures are also useful for predicting crop 

phenology. Therefore, both T and q profiles input or assimilated within crop models can improve both 

crop and grass forage phenological monitoring and crop and forage yield prediction. Improving 

modeling of land surface interactions and that drive extreme drought are important for providing 

specialized forecasts for crop yield and supply chain fluctuations. 

 

Wildfire Risk, Forecasting, and Mitigation 

The boundary layer and surface conditions favoring wildfire and rapid growth are well understood, but 

there remain significant gaps in the continuous measurement of the land surface and boundary layer 

interactions. Improved observations of the land surface-atmosphere interactions for T, q, PBLH, with 

lightning, will advance coupled atmosphere-fire behavior models developed by the public and private 

sector and used by Federal, State, and Local agencies.  

 

Air Quality and Greenhouse Gas Monitoring and Forecasting 

Poor air quality degrades visibility, threatens human health, and perturbs ecosystem functioning. 

Aerosols, a group of regulated air pollutants, can significantly impact surface fluxes, temperature, 

humidity and the PBL height, which feed back to air quality (i.e., lower PBL height can lead to poorer 

air quality). More accurate PBL and land surface measurements can be leveraged by federal, state, and 

local air quality agencies to improve air quality alert lead times and private sector environmental firms 

will be able to improve modeling and prediction of air pollution levels. Accurately measured PBL 

structural information will also benefit the attribution of air pollutants to local and nonlocal sources. 

The source attribution information is valuable for evaluating and refining bottom-up emission 

inventories and mitigation strategies developed by federal, state, and local environmental and air 

quality agencies. 

 

Energy Infrastructure Security and Grid Resilience 

The energy sector relies heavily on observations and forecasts for the lower atmosphere for wind, T, 

q, and trace gases, as well as rivers and reservoirs, and land surface. Key applications include surface 

& PBL temperature, wind, turbulence, and stability for power load forecasting (coal-fire, nuclear, wind 

energy, and solar); leak detection and monitoring of concentration of methane and other gases; and 

safety and dispersion analysis of leaked gases, emissions, and harmful pollutants. 

 

National Defense 

Coupled land-atmosphere models with improved PBL observations can aid national defense 

applications and decisions by the DoD and National Guard. Knowledge of how the land surface 

impacts environmental hazards such as dust storms, flooding, wildfires, and extreme heat are important 

for asset placement, movement, protection, and scenario planning. 
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Appendix A. Science and Applications Traceability Matrix (SATM) focused on the spatial and temporal sampling 

needs for surface interactions and processes. 

Geophysical Variables and Measurement Requirements Potential Measurement Technologies 

Direct PBL observational requirements: 
Spatial distributions of T and q thermodynamic profiles in clear 
and cloudy conditions 
● Vertical resolution: 100m - 300m (Q1+Q3) 

○ To capture local and sharp adiabatic gradients 
and inversion layers; calculate PBL depth  

● Horizontal resolution: 3km (Q1+Q2), 20km (Q3) 
○ Finer resolution needed over transition areas, 

and for mesoscale meteorology, coarser 
resolution sufficient for diurnal processes and 
PBL evolution 

● Uncertainty: ≤ 1 K, ≤ 1g/m-3 

 
PBL Height 
● Horizontal resolution: 3km (Q2), 20km (Q1+Q3) 
● Uncertainty: 100-300m 

○ Constraint on PBL depth 
 
Temporal sampling (Q1-Q3): 
● Multiple times per day at the same location, including 

midday to capture PBL depth; higher resolution diurnal 
sampling needed for improved process studies 

 
—--------------------------------------------------------------------------------- 
Coincident measurement requirements (not delivered by the 
PBL mission) with known sources in the PoR: 
 

Surface type and dynamics: 

● LST 

● Cover type / land cover and 

change 

● Leaf area index & phenology 

● Soil and vegetation moisture 

● 3D vegetation structure 

● Surface roughness 

● Topography 

● Ice properties 
● Snow properties 

● Wave properties 

● Water properties 

Surface-atmosphere interactions: 

● Latent and sensible heat flux 

● Albedo 

● Downwelling & net radiation 

● Salinity 

● Winds 
● Sea surface temperature 

 

Direct PBL observation technologies: 
Clear and partial cloudy (with COD < 1)     
● IR sounding 
● Shortwave multi-angle 
● Tomography 
● Lidar (DIAL, BSL) 

 
Clear and cloudy conditions 
● MW sounding 
● GNSS-RO 
● Radar (DAR) 

 
Temporal sampling approaches  
● LEO inclined orbit (IR + MW sounders, 

Lidar) 
● GEO (IR sounder) 
● Cubesat constellation (delta T) 
● Suborbital (DIAL, DAR, Doppler lidar) 

 
—------------------------------------------------------------ 
 
PoR sources for ancillary variables: 
Surface type and dynamics: 

● Spaceborne: GEO (VIS/IR/TIR), LEO 

(VIS/IR/TIR, passive/active MW, Lidar) 

● Sub-orbital: Passive MSI/HSI, TIR, MW;  

Active Lidar, MW 

● Surface networks: flux networks (e.g. 

Ameriflux/Fluxnet, ICOS, NEON) 

mesonets, atmospheric observatories 

(e.g. DOE ARM), soil moisture networks 

(USCRN, SCAN, ISMN) 

 

Surface-atmosphere interactions: 

● Spaceborne: GEO (VIS/IR/TIR), LEO 

(VIS/IR/TIR, passive/active MW) 

● Sub-orbital: Passive MSI/HSI, TIR, 

active and passive MW 

● Surface networks: flux networks, 

mesonets, radiation networks (e.g. 

RadCalNet), atmospheric observatories, 

soundings, profiling networks (e.g. 

MPLNET), soil moisture networks 

GEO - Geostationary 
HSI - Hyperspectral imaging 
IR - Infrared 
LEO - Low Earth orbit 

MSI - Multispectral imaging 
MW - Microwave 
TIR - Thermal infrared 
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