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A B S T R A C T

The planetary boundary layer (PBL) is the core transition zone for mass, energy, and momentum exchanges 
between surface and free atmosphere, significantly modulating weather, climate and human activities. However, 
full-day evolutions of PBL structure and PBL height (PBLH) remain limited as insufficient atmospheric vertical 
observations. Here, we comprehensively evaluate PBL features and PBLH detected from radiosonde, AMDAR, 
and lidar over Beijing, China. The PBL detections from the three platforms are significantly consistent, con
firming their collective efficacy in full-day PBL monitoring. Notably, some outlies with obvious discrepancies in 
PBLH detection among these three platforms are extracted and their underlying causes are revealed. Then, these 
outliers are removed and the consistency in PBLH detected from the three platforms markedly improved. The 
correlation coefficient (R) and the root mean square error (RMSE) in PBLH detected from radiosonde and 
AMDAR range from 0.44 to 0.64 and 207.02 m to 264.85 m, respectively. PBLH detected from radiosonde 
(AMDAR) and lidar under stable (convective) and neutral thermal conditions significantly correlates at R ranging 
from 0.53 (0.67) to 0.67 (0.73) and RMSE from 218.77 m (324.77 m) to 304.23 m (386.57 m). Moreover, PBLH 
detections from all three platforms consistently show that convective PBLH > neutral PBLH > stable PBLH. These 
results highlight the reliability of aircrafts’ and lidar’s observations in detecting PBLH and PBL thermal struc
tures. Finally, PBL detections from the three platforms are integrated to monitor full-day PBL, compensating for 
the radiosonde’s limitation in monitoring convective boundary layer.

1. Introduction

The Planetary Boundary Layer (PBL), as the core transition zone for 
the exchange of matter, energy, and momentum between the underlying 
surface and the free atmosphere, typically has a vertical extent of several 
hundred meters to a few kilometers and plays a crucial regulatory role in 
weather, climate, and environmental processes (Stull, 1988). Simulta
neously, the PBL encompasses the space where human activities occur, 
and meteorological and environmental changes within it directly affect 
human survival and development (Quan et al., 2013; Zilitinkevich, 
2012). Therefore, research on the PBL has consistently been a focal point 
and frontier in the fields of atmospheric and environmental sciences. 
Particularly, since China implemented its low-altitude airspace opening 
policy in 2014, flight activities within the PBL below 1000 m have 

increased significantly (Fan et al., 2017), propelling the refinement of 
the PBL research into a new phase.

To ensure low-altitude flight safety, “National Airspace Basic Clas
sification Method” of China stipulates that aircraft operating below 
3000 m must maintain a horizontal distance of at least 1500 m from 
clouds and visibility of no less than 5 km (Civil Aviation Administration 
of China, 2023, https://www.caac.gov.cn/XXGK/XXGK/TZTG/202 
312/t20231221_222397.html). As a key parameter in PBL research, 
the planetary boundary layer height (PBLH) is a primary characteristic 
variable for determining turbulent mixing, vertical disturbances, 
convective transport, cloud bands, and atmospheric visibility, with 
significant impacts on the development and evolution of clouds, con
vection, and atmospheric pollution (Garratt, 1994; Yin et al., 2019). For 
instance, the PBLH can measure the retention and dispersion capacity of 
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atmospheric pollutants, as well as the vertical transport efficiency of 
atmospheric heat and water vapor, which are crucial for cloud and fog 
macro-microphysical processes (Miao and Liu, 2019; Shao et al., 2023). 
Consequently, accurately determining the PBLH and conducting 
detailed research on it contributes to enhancing our understanding of 
atmospheric pollution and cloud-fog formation and dissipation pro
cesses, thereby improving forecasting and early warning capabilities for 
low-altitude visibility and low cloud conditions, which holds significant 
importance for the safe development of the low-altitude economy.

Currently, there are primarily three platforms for detecting PBLH, 
including radiosonde, lidar, and aircraft measurements (Chen et al., 
2022; Guo et al., 2016; Wang et al., 2025; Seidel et al., 2012; Rahn and 
Mitchell, 2016; Zhang et al., 2020b). Among them, radiosonde mea
surements provide high-precision vertical profiles of temperature, hu
midity, and pressure to retrieve PBLH. However, radiosonde 
observations are fixed at 00:00 and 12:00 UTC, typically unable to 
provide information on daytime convective boundary layers over China 
(Seidel et al., 2010). In contrast, Coherent Doppler Wind Lidar (CDWL) 
retrieves high temporal resolution PBLH by tracers such as turbulent 
kinetic energy dissipation rate (TKEDR) and carrier-to-noise ratio (CNR) 
(Wang et al., 2021). However, cloud interference, strong wind shear, 
and non-uniform aerosol distribution could reduce the reliability of 
CDWL data, posing challenges to the accurate determination of PBLH 
(Milroy et al., 2012; Zhong et al., 2020). In addition, Aircraft Meteoro
logical Data Relay (AMDAR) from real-time collections by aircrafts can 
be used to supplement observational gaps of PBLH during daytime. 
However, the capability for long-term continuous observation is limited 
as flight routes distribution and insufficient nighttime observations 
(Zhang et al., 2019; Doerenbecher and Mahfouf, 2019). Overall, all three 
platforms can detect PBLH, but their results demonstrate certain dif
ferences and limitations (Zhang et al., 2020a). Moreover, most of 
existing studies focus on estimating PBL features retrieved from only two 
observational platforms, such as AMDAR versus radiosonde (Ding et al., 
2015; Zhang et al., 2019; Xu et al., 2022), AMDAR versus lidar (Ng and 
Hon, 2022; Ayazpour et al., 2023), or lidar versus radiosonde (Cooper 
and Eichinger, 1994; Zhang et al., 2016; Su et al., 2020), while a con
current evaluation of the three platforms is rare and limits our under
standing of full-day PBL. Thus, comprehensively evaluating these three 
platforms in observing PBLH is urgently needed to meticulously char
acterize full-day PBL and provide significant implications for enhancing 
aviation meteorological support capabilities.

Given that Beijing, an international metropolis, offers simultaneous 
radiosonde, lidar, and AMDAR observations and poses substantial po
tential for low-altitude economic development, we thus take Beijing as 
an example to detect the PBLH from these three observational platforms 
and evaluate the accuracy and consistency of each platform’s detection. 
Simultaneously, the PBLH data from all three platforms are integrated to 
construct a more continuous and reliable full-day dataset, providing 
essential support for low-altitude economic meteorological services. The 
second section introduces the sources of the three data types observed by 
the three platforms and the corresponding three methods for retrieving 
PBLH. The third section presents a comprehensive analysis, comparison, 
and evaluation of PBLH retrieved by different detection platforms and 
the corresponding methods. The fourth section provides the main con
clusions and prospects for future research.

2. Data and methods

2.1. Data and instruments

2.1.1. Radiosonde observations
The radiosonde dataset used in this study is obtained from the Uni

versity of Wyoming Atmospheric Science Radiosonde Archive (http 
s://weather.uwyo.edu/upperair/sounding.html), which provides at
mospheric profiles of temperature, horizontal wind vectors, relative 
humidity, and potential temperature at 08:00 and 20:00 Beijing Time 

(BJT). We select sounding profiles from the Beijing station (see the blue 
triangle in Fig. 1) covering the period from 1 January to 31 December 
2022 to retrieve PBLH. To ensure retrieval accuracy, only profiles with 
at least seven valid vertical levels below 5000 m are retained (Zhang 
et al., 2013).

2.1.2. Coherent Doppler wind lidar observations
Vertical measurements from a coherent Doppler wind lidar (CDWL; 

hereafter referred to as “lidar”) are employed for the period from 13 
April to 31 December 2022. The lidar was deployed at the Institute of 
Software, Chinese Academy of Sciences (39.98◦N, 116.34◦E, see the red 
star in Fig. 1), Beijing, China. It provides measurements of wind speed, 
CNR, and other meteorological variables. The key parameters of the 
lidar are listed in Wang et al. (2024b). To enhance data reliability and 
minimize noise and small-scale fluctuations, TKEDR values with wind 
error > 0.5 are removed. Additionally, a spatial smoothing with a 250 m 
moving average and a temporal smoothing with a 7-min moving average 
are applied to the TKEDR data.

Notably, the timestamps of radiosonde and AMDAR observations are 
available only at hourly resolution, while lidar observations are refined 
to the second level. Thus, the PBLH detected from lidar are further 
temporally matched to hourly time points to ensure its temporal con
sistency with the radiosonde and AMDAR. Specifically, lidar-derived 
PBLH values closest to each full hour are extracted and compared with 
the PBLH measurements from radiosonde and AMDAR observations at 
that hour. If the closest observations of lidar are invalid, the nearest 
valid PBLH values within 30 min before and after this full hour are 
selected. If no valid lidar observations are available within this window, 
the PBLH for that hour is recorded as missing. Given that radiosonde 
observations are fixed at 00:00 and 12:00 UTC, the valid observations of 
AMDAR and lidar at these two hours are used to conduct the compari
sons of detected PBLH between AMDAR and radiosonde or lidar and 
radiosonde.

2.1.3. Aircraft meteorological data relay (AMDAR)
The Aircraft Meteorological Data Relay (AMDAR) system provides 

automated, in-flight meteorological reports from commercial aircraft 
worldwide. These hourly observations include geographic coordinates, 
altitude, wind speed and direction, turbulence, and temperature. In this 
study, two AMDAR data sources are utilized. One is provided by the 
Meteorological Assimilation Data Ingest System (https://madis-data. 
cprk.ncep.noaa.gov/madisPublic1/data/archive/) and another is pro
vided by the UK Met Office MetDB system (https://catalogue.ceda.ac. 
uk/uuid/33f44351f9ceb09c495b8cef74860726/). The two datasets 
are merged based on timestamp for the period from 1 January to 31 
December 2022, followed by a quality control procedure. To ensure the 
reliability of the PBLH retrievals, we retain only those profiles with al
titudes below 1800 m, which is based on the finding by Wang et al. 
(2008) i.e., the PBLH over Beijing typically ≤1800 m. Additionally, only 
data within 50 km of Beijing Daxing International Airport (see the or
ange circle in Fig. 1) are considered, and profiles are excluded if they 
have no data below 500 m or had fewer than four data points below 
1000 m. Corresponding surface meteorological data are also collected 
from the Integrated Surface Database (ISD) provided by the National 
Oceanic and Atmospheric Administration (https://www.ncei.noaa. 
gov/metadata/geoportal/rest/metadata/item/gov.noaa.ncdc: 
C00532/html#). Potential temperature is calculated from temperature 
and pressure data to construct vertical potential temperature profiles. 
Additional quality control is applied to remove redundant or anomalous 
profiles, with details shown below. When multiple aircraft report ob
servations simultaneously, resulting in more than one vertical profile, 
only a single representative profile is retained (Fig. S1a); outlier values 
are manually removed (Fig. S1b); when data for a given time are too 
disordered or inconsistent to be corrected using the above procedures, 
the entire profile is discarded (see Fig. S1c).
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2.2. PBLH retrieval based on radiosonde and AMDAR data

2.2.1. Potential temperature profile method
The PBL exhibits distinct structural regimes over the diurnal cycle, 

typically categorized into three types: stable boundary layer (SBL), 
neutral boundary layer (NBL), and convective boundary layer (CBL) 
(Stull, 1988). Representative examples of these boundary layer types are 
shown in Fig. S2. Generally, SBLs occur at night or in the early morning, 
CBLs dominate during daytime, and NBLs may appear at any time of the 
day. As each type requires a specific approach for PBLH determination, 
identifying the boundary layer type is a precondition. The classification 
approach involves calculating the potential temperature gradient Δθ/Δz 
between two levels closest to 50 m and 200 m above ground level. If 
Δθ/Δz > 1/150 K • m− 1, the layer is classified as SBL; if Δθ/Δz < −

1/150 K • m− 1, it is considered as CBL; otherwise, it is categorized as 
NBL (Liu and Liang, 2010). For SBLs, the PBL height is defined as the top 
of the temperature inversion or the altitude with the minimum potential 
temperature gradient. In NBLs, the PBL height corresponds to the first 
level where the gradient exceeds 4 K⋅km− 1. For CBLs, the PBL height is 
determined by the level where the gradient surpasses 4 K⋅km− 1 and the 
potential temperature at that level is greater than the surface value (Sun, 
2023).

2.2.2. Bulk Richardson number method
The bulk Richardson number method is a fundamental approach 

widely applied in climatological studies to estimate the PBLH (Hanna, 
1969; Zilitinkevich and Baklanov, 2002; Zhang et al., 2014; Guo et al., 
2016). The formula to calculate the Richardson number Rib is: 

Rib(z) =

(
g

θv0

)

⋅(θvz − θv0)⋅z

uz2 + vz2 (1) 

where g is the gravitational acceleration, taken as 9.8 m • s− 1; θvz and θv0 
are the virtual potential temperatures at height z and at the surface, 
respectively; z is the height; uz

2 and vz
2are the squared zonal and 

meridional wind components at height z, respectively (Richardson et al., 
2013). Due to the limited availability of humidity measurements in the 
AMDAR archive, potential temperature is used as a proxy for virtual 
potential temperature in Eq. (1) (Zhang et al., 2020b). Following the 
methodology proposed by Seidel et al. (2012), the threshold value of Rib 
is set to 0.25. The PBLH is then defined as the lowest altitude where the 
Richardson number first exceeds this critical threshold.

2.3. PBLH Retrieval based on lidar data

Various techniques have been developed for retrieving PBLH from 
lidar observations, including visual inspection, gradient methods, 
wavelet transform, and threshold-based approaches. Among these, the 
threshold method based on turbulence intensity has gained wide 
adoption in recent studies due to its objectivity, simplicity, and opera
tional efficiency (Wang, 2022; Su et al., 2024). In this study, the TKEDR 
value is used as an indicator of vertical variations in turbulence in
tensity. According to Smalikho and Banakh (2017), the formula to 
calculate TKEDR is: 

TKEDR =

[
DL(φl) − DL(φ1)

A(lΔyk) − A(Δyk)

]
3
2 (2) 

where DL(φl) is the azimuth structure function; A(y) is the theoretical 
calculation function; Δyk=ΔθRkcosφ (Δθ is in radians), with l ≥ 2. The 
PBLH is defined as the first altitude at which TKEDR falls below 
10− 4 m2 • s− 3 (Banakh et al., 2021; Wang, 2022; Wang et al., 2024a). 
The illustrative examples are provided in Fig. S3.

2.4. Methodological comparison

Notably, the considerations of PBL thermal and dynamic structures 
in retrieving PBLH are significantly different among the above three 
methods. In the case of the potential temperature profile method, the 
PBLH is determined by the vertical gradients of potential temperature, 
which highly relies on the thermal structure of PBL but does not account 
for the dynamic structure (Zhang et al., 2020a). As a result, we can 
retrieve PBLH solely from the potential temperature profile, but signif
icant errors may arise under the weather conditions with strong wind 
shear or turbulence. In contrast, the bulk Richardson number method 
offers a more comprehensive determination of the PBLH by considering 
both thermal and dynamic PBL structure. However, its applicability is 
limited as the calculation of Richardson number is highly sensitive to the 
vertical resolution and accuracy of both potential temperature and 
horizontal wind observations (Zhang et al., 2020a). Compared with the 
above two methods, the TKEDR-based threshold method retrieves PBLH 
solely from the dynamic structure of PBL and the cloud interference, 
strong wind shear, and non-uniform aerosol distribution could reduce 
the reliability of the detected PBLH (Milroy et al., 2012; Zhong et al., 
2020).

Fig. 1. Study area and location of the Beijing station (blue triangle), Beijing Daxing International Airport (orange circle), and the Doppler wind lidar system (red 
star). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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3. Results

This study compares the PBLH retrieved from three observational 
platforms: radiosonde, AMDAR, and lidar. Two retrieval methods, i.e., 
the potential temperature profile method and the bulk Richardson 
number method, are applied to both radiosonde and AMDAR data to 
estimate PBLH. Given the high temporal resolution and large volume of 
coherent Doppler wind lidar data, the lidar results are further compared 
with those from radiosonde and AMDAR observations under different 
boundary layer types. Specifically, the boundary layer is categorized 
into stable boundary layer (SBL), neutral boundary layer (NBL), and 
convective boundary layer (CBL), and the PBLH retrieval consistency is 
investigated for each category in detail.

3.1. Comparison of PBLH retrievals from radiosonde and AMDAR data

Given that both radiosonde and AMDAR observational platforms can 
observe both thermal and dynamic structures of PBL, both of the po
tential temperature profile method and the bulk Richardson number 
method are respectively selected to retrieve PBLH and the retrieved 
results are compared between the two observational platforms. In the 
case of the potential temperature profile method, the derived PBLH 
values from both radiosonde and AMDAR observations are compared. As 
shown in Fig. 2a and Fig. S4a, the correlation coefficient (R) between the 
two datasets is 0.29 with P value <0.1, and the root mean square error 
(RMSE) is 349.67 m, indicating weak overall correlation and limited 
statistical significance. As the observations of radiosonde are only 
available at 08:00 and 20:00 (BJT), the corresponding PBL is typically in 
a stable condition (SBL), where the consistency of PBLH derived from 
radiosonde is generally low (Wang et al., 2016; Su et al., 2020; Li et al., 
2021). Further analysis reveals several outlier cases where the difference 
between the two datasets is obvious (e.g., one dataset reports PBLH 
>1000 m, while the other <500 m), which are marked with triangles in 
Fig. 2a. To elucidate the obvious discrepancies, the potential tempera
ture profiles observed by radiosonde and AMDAR corresponded to the 
three triangle-marked are investigated and shown in Fig. S5. Based on 
the potential temperature profiles, we find that the atmospheric stability 
in the lower troposphere captured by AMDAR is much stronger than that 
from radiosonde, yielding much lower PBLH (Canché-Cab et al., 2024). 
After removing these obviously deviating points (marked by triangles in 
Fig. 2a), the consistency between the two observational platforms im
proves markedly, with the correlation coefficient increasing to 0.64 and 
the RMSE decreasing to 207.02 m, as shown in Fig. 2b and Fig. S4a, 

alongside a substantial improvement in statistical significance. The 
mean PBLH value detected from radiosonde is 274 m, whereas that 
detected from AMDAR is 340 m, indicating that the radiosonde’s ob
servations of PBLH tend to be lower.

When using the bulk Richardson number method to retrieve PBLH, 
the correlation between the two datasets remains low (Fig. 3 and 
Fig. S4f) and is highly consistent with the result derived from the method 
of potential temperature profiles (Fig. 2 and Fig. S4a). In addition to the 
triangle-marked outliers, another type of large discrepancy is observed 
(marked by stars in Fig. 3a), where one dataset reports PBLH >500 m 
and the other <100 m. To elucidate the two types’ obvious discrepancy, 
the potential temperature profiles observed by radiosonde and AMDAR 
corresponded to the three triangle-marked and star-marked are inves
tigated and shown in Fig. S6. Based on the potential temperature pro
files, we identify two distinct sources of the observed discrepancies. One 
source is the sparse valid AMDAR potential temperature observations in 
the lower troposphere (Fig. S6a), which result in abnormally high PBLH 
retrieval. Moreover, the additional inclusion of surface station obser
vations from the ISD introduces inconsistencies, as the near-surface 
potential temperature differs considerably from that obtained by the 
aircraft (Fig. S6b and Fig. S6c), thereby affecting the determination of 
PBLH. After excluding the abnormal data points, the correlation coef
ficient increases to 0.44 with P value <0.01 and the RMSE decreases to 
264.85 m, as shown in Fig. 3b and Fig. S4f, reflecting a moderate 
improvement in agreement. The mean PBLH value detected from 
radiosonde is 189 m, whereas that detected from AMDAR is 265 m. The 
radiosonde’s observations of PBLH are also lower than AMDAR.

Further comparison between the two retrieval methods indicates 
that the potential temperature profile method yields better overall 
consistency than the bulk Richardson number method (Fig. 2 and Fig. 3). 
This is likely because wind speed in the lower PBL varies sharply with 
height, and the bulk Richardson number method is highly dependent on 
accurate and high-resolution wind observations (Zhang et al., 2020a). In 
contrast, the potential temperature profile method primarily relies on 
thermal structure, making it less sensitive to vertical data density and 
accuracy, and thus more adaptable under limited observational condi
tions. Overall, the AMDAR-derived PBLH shows high agreement with 
radiosonde observations after outlier removal, indicating that AMDAR 
observations can effectively characterize both thermodynamic and dy
namic structures of the PBL.

Fig. 2. Comparison of PBLH detected from radiosonde and AMDAR data (retrieved by the potential temperature profile method). The triangular markers indicate 
cases where one platform detected a PBLH >1000 m, while the other detected a PBLH <500 m.
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Fig. 3. Comparison of PBLH detected from radiosonde and AMDAR data (retrieved by the bulk Richardson number method). The triangular markers indicate cases 
where one platform detected a PBLH >1000 m, while the other detected a PBLH <500 m. The star-shaped markers indicate cases where one platform detected a 
PBLH >500 m, while the other detected a PBLH <100 m.

Fig. 4. Comparison of PBLH detected from radiosonde (retrieved by the potential temperature profile method) and lidar data (retrieved by the TKEDR-based 
threshold method). The triangular markers indicate cases where one platform detected a PBLH >1000 m, while the other detected a PBLH <500 m.
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3.2. Comparison of PBLH retrievals from radiosonde and lidar data

Radiosonde observations can provide both thermodynamic and dy
namic structures of the PBL, whereas lidar observations primarily detect 
its dynamic features. The potential temperature profile method and the 
bulk Richardson number method are thus employed to retrieve PBLH for 
radiosonde observations, while a TKEDR-based threshold method is 
employed for lidar observations. To objectively evaluate the consistency 
of retrieved PBLH from different observational platforms by different 
retrieving methods, the PBLH values observed from radiosonde and lidar 
are compared. Given enough valid samples of PBLH jointly detected by 
lidar and radiosonde, it is feasible to compare the detected PBLH be
tween radiosonde and lidar according to the classification of PBL ther
mal structures. Considering that radiosonde observations are only 
available at 08:00 and 20:00 (BJT), during which convective develop
ment is generally weak and typical CBL is rare, the comparison between 
radiosonde and lidar thus focuses solely on NBL and SBL.

Here, we compare the PBLH retrieved from radiosonde (via the po
tential temperature profile method) and that derived from lidar (via the 
TKEDR-based threshold method). Under NBL conditions (Fig. 4a and 
Fig. S4b), the PBLH detected by the two observational platforms show a 
statistically significant positive correlation (R = 0.51, P < 0.01), with an 
RMSE of 342.46 m, indicating a generally consistent performance. 
Further analysis reveals several outlier cases where the difference be
tween the two datasets is obvious (e.g., one dataset reports PBLH >1000 
m, while the other <500 m, marked by triangles in Fig. 4a). To elucidate 
the obvious discrepancies, the potential temperature profiles observed 

by radiosonde and the daily TKEDR variation profiles derived by lidar 
corresponded to the seven triangle-marked are investigated and shown 
in Fig. S7.

Based on the analysis of Fig. S7, the discrepancies between 
radiosonde-derived and lidar-derived PBLH can be attributed to three 
causes. In Fig. S7a, the potential temperature profile indicates a strongly 
stable layer below 500 m, while the atmosphere between 500 m and 
1500 m is well mixed, exhibiting typical characteristics of the planetary 
boundary layer, which suggests that the true PBLH lies above 1500 m. 
However, due to the presence of the stable layer near the surface, the 
potential temperature profile method misinterprets the thermal struc
ture and underestimates the true PBLH. In Fig. S7b, the discrepancy is 
likely attributable to cloud development in the evening, which caused a 
sharp drop in the PBLH detected by lidar. In Fig. S7c-g, the primary issue 
is that the insufficient vertical observations of potential temperature by 
radiosonde prevent the detection of subtle but crucial gradients within 
key altitude intervals, thereby leading to inaccurate PBLH estimates. 
After removing these obviously deviating points (marked by triangles in 
Fig. 4a), as shown in Fig. 4b and Fig. S4b, under NBL conditions, the 
correlation increases to 0.59 with P < 0.01, and the RMSE decreases to 
304.23 m. The mean PBLH value detected from radiosonde is 427 m, 
whereas that detected from lidar is 436 m, which are almost the same. 
By contrast, under SBL conditions (Fig. 4c and Fig. S4c), the correlation 
between the two observational platforms is weak and non-significant 
negative. This difference is likely due to the underdeveloped structure 
of the boundary layer during SBL periods, which is often accompanied 
by a strong surface temperature inversion and residual layers (Su et al., 

Fig. 5. Comparison of PBLH detected from radiosonde (retrieved by the bulk Richardson number method) and lidar data (retrieved by the TKEDR-based threshold 
method). The triangular markers indicate cases where one platform detected a PBLH >1000 m, while the other detected a PBLH <500 m. The star-shaped markers 
indicate cases where one platform detected a PBLH >500 m, while the other detected a PBLH <100 m.
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2020). Moreover, the presence of residual layers above the SBL can 
affect the determination of the PBLH based on thermal structure, 
introducing additional uncertainty in the retrieval results (von Engeln 
and Teixeira, 2013). Additionally, the height of the SBL is mainly 
influenced by wind speed and wind shear (Che and Zhao, 2021), which 
are not considered in the potential temperature profile method, further 
contributing to retrieval errors.

Fig. 5 and Fig. S4g-h compare the PBLH retrieved from radiosonde 
using the bulk Richardson number method with that derived from lidar 
using the TKEDR-based threshold method. Under both SBL and NBL 
conditions, the two platforms show relatively high consistency in PBLH 
retrievals. Specifically, under NBL conditions, the correlation coefficient 
reaches 0.59 with P value < 0.01, and the RMSE is 308.39 m; under SBL 
conditions, the correlation coefficient is 0.50 with P value < 0.01, and 
the RMSE is 227.12 m. Moreover, when the radiosonde-derived PBLH is 
obtained using the bulk Richardson number method, the agreement with 
lidar remains strong under SBL conditions. This further supports the 
notion that the SBL is primarily influenced by wind speed and wind 
shear, which are not accounted for in the potential temperature profile 
method and thus contribute to retrieval discrepancies. Further analysis 
reveals some outlier cases where the difference between the two datasets 
is obvious (marked by triangles and stars in Fig. 5a and Fig. 5c). To 
elucidate the obvious discrepancies, the potential temperature profiles 
observed by radiosonde and the daily TKEDR variation profiles derived 
by lidar corresponded to the ten triangle-marked and star-marked are 
investigated and shown in Fig. S8.

Based on these profiles, the discrepancies between radiosonde- 
derived and lidar-derived PBLH in Fig. S8 can be attributed to three 
distinct factors. In Fig. S8a, the observation corresponds to the same 
time as Fig. S7a, and the discrepancy arises from the same reason dis
cussed earlier, i.e., the presence of the stable layer near the surface, the 
bulk Richardson number method also underestimating the PBLH. In 
Fig. S8b and Fig. S8c, the discrepancies arise from the same problem in 
Fig. S7c-g, the insufficient vertical observations of radiosonde data fail 
to detect Richardson number values exceeding the 0.25 threshold within 
critical altitude ranges, leading to incorrect identification of the PBLH. 
In Fig. S8d-j, the discrepancies primarily result from uncertainties in 
low-level wind measurements. To be specific, the lidar is unable to 
observe the lowest 55 m due to its near-surface blind zone, while the 
radiosonde balloon often undergoes pendulum-like motion shortly after 
launch, introducing considerable errors in wind speed measurements 
near the surface (Kumer et al., 2014). Given that the Richardson number 
calculation is highly sensitive to wind shear, especially in the lower 
boundary layer, such inaccuracies can easily lead to incorrect identifi
cation of the PBLH, as previously discussed in Section 3.1 (Zhang et al., 
2020a). After removing these outliers, as shown in Fig. 5b, Fig. 5d and 
Fig. S4g-h, the agreement of PBLH detected by the two platforms is 
enhanced appreciably under both NBL and SBL conditions. For NBL 
cases (Fig. 5b and Fig. S4g), the correlation coefficient increases to 0.67 
with P value <0.01 and the RMSE decreases to 275.58 m. The mean 
PBLH detected from radiosonde is 477 m, while that detected from lidar 
is 451 m, indicating that PBLH values detected from radiosonde and 
lidar are highly consistent. When under SBL conditions (Fig. 5d and 
Fig. S4h), the correlation coefficient improves to 0.53 with P value 
<0.01 with an RMSE of 218.77 m. The mean PBLH value detected from 
radiosonde is 153 m, while that detected from lidar is 299 m, suggesting 
the uncertainties and bias under stable conditions are more significant 
than those under neutral conditions.

Furthermore, when the radiosonde PBLH is derived using the bulk 
Richardson number method, the consistency of the two platforms is 
notably better than that when the radiosonde PBLH is derived using the 
potential temperature profile method. This improvement may be 
attributed to the similarity between the physical bases of the two 

methods, i.e., lidar-derived PBLH is determined based on the threshold 
of TKEDR, which is calculated from wind speed and reflects turbulence 
generated by shear. Therefore, the TKEDR-based threshold method 
shares stronger physical consistency with the bulk Richardson number 
method, which also incorporates the effects of wind shear in its formula 
(Vickers and Mahrt, 2004). Overall, the PBLH detected from radiosonde 
and lidar demonstrate remarkable consistency despite using different 
algorithms, thereby confirming the reliability of PBLH intercomparisons 
derived from different observational platforms by different retrieval 
algorithms.

3.3. Comparison of PBLH retrievals from AMDAR and lidar data

Although we have demonstrated that PBLH values detected from 
different observational platforms by different retrieval methods are 
highly consistent, radiosonde observations are available only at 08:00 
and 20:00 (BJT) and thus cannot capture the daytime evolution of the 
PBL. However, the daytime evolutions of PBL are very important for 
aviation safety and economic activities in the low-altitude airspace. In 
contrast, AMDAR provides numerous daytime observations, with the 
data volume during daytime reaching up to four times that observed at 
night (Moninger et al., 2003). Therefore, we further compare AMDAR 
and lidar observations to evaluate how well AMDAR observations 
characterize the thermodynamic and dynamic structures of PBL during 
daytime period, especially under convective conditions. Given that 
stable conditions seldom occur during daytime, SBL is not considered in 
this comparison.

In Fig. 6 and Fig. S4d-e, we illustrate the comparison between PBLH 
derived from AMDAR (via the potential temperature profile method) 
and that detected by lidar (via the TKEDR-based threshold method). 
Under NBL conditions, the correlation coefficient reaches 0.63 with P 
value < 0.01, and the RMSE is 376.45 m; under CBL conditions, the 
correlation coefficient is 0.69 with P value < 0.01, and the RMSE is 
419.92 m. Further analysis reveals some outlier cases where the differ
ence between the two datasets is obvious (marked by triangles and stars 
in Fig. 6a and Fig. 6c). To elucidate the obvious discrepancies, the po
tential temperature profiles observed by aircrafts and the daily TKEDR 
variation profiles derived by lidar corresponded to the eleven triangle- 
marked are investigated and shown in Fig. S9.

Based on these profiles, the discrepancies between AMDAR-derived 
and lidar-derived PBLH in Fig. S9 can be attributed to five distinct fac
tors. In Fig. S9a-e, the discrepancies between the two platforms are 
primarily attributed to the insufficient vertical observations of potential 
temperature by aircrafts. In Fig. S9f, the major factor contributing to the 
discrepancy is temporal mismatch between the two datasets, i.e., the 
lidar recording PBLH at a specific and precise time, while each AMDAR 
data point timestamped as, for instance, 08:00, in fact reflecting atmo
spheric conditions observed over a broader time window (from 08:00 to 
08:59). During periods of rapid PBL development, this temporal 
discrepancy can lead to substantial errors in PBLH comparison. In 
Fig. S9g and Fig. S9h, the discrepancies may result from the potential 
temperature profile method for identifying PBLH sometimes may 
misclassify CBL as NBL, leading to an underestimation of the true PBLH. 
In addition, the method detecting PBLH by potential temperature profile 
sometimes may also fail to identify the mixed layer that overlies a stable 
layer, thereby underestimating the PBLH (Fig. S9i and Fig. S9j). In 
Fig. S9k, the discrepancy is likely due to the presence of a low-level wind 
shear that could cause the lidar-derived PBLH to increase sharply, while 
the potential temperature profile method does not account for the in
fluence of wind shear. After excluding these outliers, as illustrated in 
Fig. 6b, Fig. 6d and Fig. S4d-e, the consistency in PBLH detection be
tween the two platforms improves notably. The correlation coefficient 
reaches 0.71 (P < 0.01) with an RMSE of 330.26 m for NBL cases 
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(Fig. 6b) and 0.73 (P < 0.01) with an RMSE of 386.57 m for CBL cases 
(Fig. 6d). Under NBL conditions, the mean PBLH value detected from 
AMDAR is 693 m, while that detected from lidar is 843 m, indicating 
that the AMDAR’s observations of PBLH tend to be lower than lidar. 
However, when the PBL is under convective conditions, the mean PBLH 
value detected from AMDAR is 1123 m, whereas that detected from lidar 
is 883 m.

When the bulk Richardson number method is applied to AMDAR 
data for PBLH retrieval, the comparison with lidar-derived PBLH shows 
significant consistency, as illustrated in Fig. 7 and Fig. S4i-j. Under NBL 
and CBL conditions, the correlation coefficients are 0.49 (P < 0.01) with 
an RMSE of 422.45 m (Fig. 7a) and 0.59 (P < 0.05) with an RMSE of 
406.44 m (Fig. 7c), respectively. Further analysis reveals some outlier 
cases for NBL conditions where the difference between the two datasets 
is obvious (marked by triangles and stars in Fig. 7a). To elucidate the 
obvious discrepancies, the potential temperature profiles observed by 
aircrafts and the daily TKEDR variation profiles derived by lidar corre
sponded to the nineteen triangle-marked and star-marked are investi
gated and shown in Fig. S10. Based on these profiles, the discrepancies 
between AMDAR-derived and lidar-derived PBLH in Fig. S10 can be 
attributed to two factors. In Fig. S10a-g, the discrepancies between the 
two detecting platforms are primarily attributed to the sparse vertical 
observations of airplanes. The deviations observed in Fig. S10h-s are 
predominantly attributed to relatively stronger vertical variations in 
wind speed within the lower boundary layer than the corresponding 
potential temperature. Given the high sensitivity of the bulk Richardson 
number method to wind observations, inadequate wind data under these 
conditions may lead to substantial errors in PBLH retrieval. After 

excluding these outliers, as illustrated in Fig. 7b and Fig. S4i, the con
sistency in PBLH detection between the two platforms improves notably. 
The correlation coefficient reaches 0.67 (P < 0.01) with an RMSE of 
324.77 m. Under NBL conditions, the mean PBLH value detected from 
AMDAR is 769 m, while that detected from lidar is 794 m. However, 
under CBL conditions, the mean PBLH value detected from AMDAR is 
1110 m, notably larger than that detected from lidar (865 m). This 
difference is consistent with the result derived from the potential tem
perature profile method.

Conspicuously, the potential temperature profile method applied to 
AMDAR data yields a stronger and more statistically significant corre
lation with the lidar-derived PBLH compared to the bulk Richardson 
number method. This may be attributed to the relatively low vertical 
resolution of aircraft measurements, which limits the accuracy of the 
bulk Richardson number method due to its higher sensitivity to wind 
field (Zhang et al., 2020a). Overall, AMDAR exhibits a strong capability 
in capturing thermodynamic and dynamic structures of daytime CBL.

3.4. Integrated observations for continuous PBLH monitoring

Overall, the PBLH detected by radiosonde, lidar, and AMDAR data all 
exhibit high accuracy. Therefore, the observations of lidar, radiosonde, 
and AMDAR are integrated to detect PBLH, so as to obtain the effective 
full-day PBLH. To visually exhibit the diurnal and seasonal evolutions of 
PBLH, the diurnal variations of PBLH detected from the three observa
tional platforms on representative days during spring, summer, autumn, 
and winter, as well as the boxplots of average PBLH diurnal variation 
during different seasons, are shown in Fig. 8. Winter is excluded from 

Fig. 6. Comparison of PBLH detected from AMDAR (retrieved by the potential temperature profile method) and lidar data (retrieved by the TKEDR-based threshold 
method). The triangular markers indicate cases where one platform detected a PBLH >1000 m, while the other detected a PBLH <500 m.
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the boxplot analysis due to the limited number of available samples 
(only December of 2022).

As shown in Fig. 8, lidar measurements, with high temporal and 
vertical resolution, can effectively capture the continuous and subtle 
variations of the PBLH throughout the day. Radiosonde data, despite 
being limited to fixed launch times at 08:00 and 20:00 (BJT), provide 
accurate vertical profiles and remain essential for characterizing stable 
or neutral boundary layer structure. With relatively frequent availability 
during daytime hours, AMDAR data serves as a useful supplement to 
bridge the temporal gap between radiosonde’s observations, thereby 
enhancing continuous monitoring of PBLH over the daytime periods, 
especially for the convective boundary layer structure (Fig. 8a, Fig. 8c, 
Fig. e and Fig. 8f). By integrating these complementary datasets, the 
limitations inherent in each individual observation method can be 
mitigated. This multi-platform approach provides a more comprehen
sive and accurate characterization of PBLH, thereby enabling full-day 
monitoring of PBLH. The full-day evolutions of PBLH are shown in 
Fig. 8a-g and we can find that PBLH is shallow overnight, grows after 
sunrise, and typically rises to a peak in the afternoon between 14:00 to 
15:00 (BJT). Additionally, it is evident that the daytime PBLH values 
during spring and summer (Fig. 8a–d) are markedly higher than those 
during autumn and winter (Fig. 8e–g), consistent with previous findings 
(Miao et al., 2015; Tang et al., 2016). Compared with daytime PBLH, the 

seasonal differences in nighttime or early morning PBLH are much 
smaller as the boundary layers during nighttime or early morning of all 
seasons are relatively shallow.

4. Conclusion and discussion

This study comprehensively evaluates the performances of PBLH 
retrieval using three observational platforms i.e., radiosonde, AMDAR, 
and lidar. Firstly, the PBLH detected from both radiosonde and AMDAR 
observations is based on two methods i.e., the potential temperature 
profile method and the bulk Richardson number method, while the 
PBLH detected from lidar observation is only based on one method i.e., 
the TKEDR-based threshold method. Then, we evaluate the perfor
mances of the above detected PBLH that is stratified by SBL, NBL, and 
CBL and examine the underlying causes of the substantial discrepancies 
in PBLH among the three observational platforms. Finally, the PBLH 
detected from the lidar, radiosonde, and AMDAR observations are in
tegrated to effectively monitor the full-day PBLH.

All three observational platforms exhibit promising capability in 
PBLH retrieval. However, the performance of retrieval methods varies 
with the boundary layer types and observing platforms. Under SBL 
conditions, since the height of the SBL is mainly influenced by wind 
speed and wind shear (Che and Zhao, 2021), the potential temperature 

Fig. 7. Comparison of PBLH detected from AMDAR (retrieved by the bulk Richardson number method) and lidar data (retrieved by the TKEDR-based threshold 
method). The triangular markers indicate cases where one platform detected a PBLH >1000 m, while the other detected a PBLH <500 m. The star-shaped markers 
indicate cases where one platform detected a PBLH >500 m, while the other detected a PBLH <100 m.
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profile method showed limited accuracy, while the bulk Richardson 
number method is proved to be more suitable. For NBL and CBL, both 
methods performed better, with higher consistency observed compared 
to SBL. When comparing PBLH retrieved from radiosonde with that from 
lidar, the bulk Richardson number method produces better agreement 
than the potential temperature profile method. This is because the bulk 
Richardson number method shares stronger physical consistency with 
the TKEDR-based threshold method used for lidar, as both account for 
wind shear and turbulence effects (Vickers and Mahrt, 2004). In 
contrast, when comparing PBLH observed from AMDAR with lidar or 
radiosonde, the potential temperature profile method outperforms the 
bulk Richardson number method. This outcome reflects the relatively 
low vertical resolution of aircraft measurements, which cannot 
adequately capture wind field variations, but the bulk Richardson 
number method is highly sensitive to wind shear (Zhang et al., 2020a). 
In addition, the PBLH detected by radiosonde, AMDAR, and lidar ob
servations are integrated to monitor full-day PBLH, especially compen
sating for the radiosonde’s limited ability to monitor the daytime 
convective boundary layer.

The major innovation of this study is that we comprehensively and 
systematically evaluate the PBL characteristics detected from three 
observational platforms i.e., radiosonde, AMDAR, and lidar, over Bei
jing, China, with the aim of monitoring full-day evolution of PBL by 
integrating observations from these platforms. Our results highlight the 
PBLH and thermal structure of the PBL derived from AMDAR observa
tions over Beijing, China are reliable and highly accurate, exhibiting 
strong consistency with AMDAR-detect PBL features over the United 
States and eastern China (Ding et al., 2015; Ding et al., 2018; Zhang 
et al., 2020b; Xu et al., 2022; Ayazpour et al., 2023). Unlike previous 
work, the underlying causes of obvious discrepancies between AMDAR- 
derived PBL and those from radiosonde or lidar are also examined in our 
study and the performance of AMDAR detecting PBL is markedly 
enhanced by eliminating these outliers with large discrepancies, which 
can provide a new insight for employing AMDAR data in PBL research 
and applications. In addition, we also comprehensively analyze PBL 
features from radiosonde, AMDAR, and lidar to monitor full-day evo
lutions of PBL, which is essential for advancing our understanding of 
PBL and improving numerical forecasting.

Fig. 8. Diurnal variations of PBLH detected from integrated observations of lidar, radiosonde, and AMDAR. The single-day PBLH variations during spring, summer, 
autumn, and winter are respectively shown in (a), (c), (e), and (g). The average seasonal diurnal variations of PBLH during spring, summer, and autumn are 
respectively shown in (b), (d), and (f).
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Our results demonstrated the reliability of AMDAR data for detecting 
PBLH and the thermal structure of PBL. The meteorological vertical 
profile datasets observed by aircrafts at a large number of airports in the 
United States and Europe are publicly released online and thus provide 
high-resolution spatiotemporal datasets for detecting vertical structures 
of atmosphere (Schwartz and Benjamin, 1995; Benjamin et al., 1999; 
Drüe et al., 2010; Petersen et al., 2016; Zhang et al., 2019). However, 
only a few megacities in China such as Beijing, Hong Kong and so on, 
with flights to the United States and Europe, share the meteorological 
datasets (Lv et al., 2020; Ng and Hon, 2022) and the observations from 
commercial aircraft flying domestic routes within China remain un
available to the public. Notably, the low-altitude air space opening 
policy had been implemented by the Chinese government and the flight 
activities within the PBL below 1000 m have increased significantly (Fan 
et al., 2017). Meanwhile, the demand for meteorological support to 
ensure low-altitude flight safety is becoming increasingly prominent, in 
particular for the high-resolution spatiotemporal structures of PBL. 
Therefore, the meteorological profile datasets such as temperature, 
horizontal wind vector, pressure, and turbulence observed by the do
mestic commercial aircraft over China urgently need to be made 
accessible for researchers to enhance research on the thermodynamic 
and dynamic structural changes within PBL, thereby improving meteo
rological service capabilities for the low-altitude economy.
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