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The planetary boundary layer height (PBLH) is an important parameter for understanding the accumulation of
pollutants and the dynamics of the lower atmosphere. Lidar has been used for tracking the evolution of PBLH by
using aerosol backscatter as a tracer, assuming aerosol is generally well-mixed in the PBL; however, the validity
of this assumption actually varies with atmospheric stability. This is demonstrated here for stable boundary
layers (SBL), neutral boundary layers (NBL), and convective boundary layers (CBL) using an 8-year dataset of
micropulse lidar (MPL) and radiosonde (RS) measurements at the ARM Southern Great Plains, and MPL at the
GSFC site. Due to weak thermal convection and complex aerosol stratification, traditional gradient and wavelet
methods can have difficulty capturing the diurnal PBLH variations in the morning and forenoon, as well as under
stable conditions generally. A new method is developed that combines lidar-measured aerosol backscatter with a
stability dependent model of PBLH temporal variation (DTDS). The latter helps “recalibrate” the PBLH in the
presence of a residual aerosol layer that does not change in harmony with PBL diurnal variation. The hybrid
method offers significantly improved PBLH detection, with better correlation and smaller biases, under most
thermodynamic conditions, especially for SBL and CBL. Relying on the physical process of PBL diurnal development, different schemes are developed for growing, maintenance, and decaying periods. Comprehensive
evaluation of this new method shows much better tracking of diurnal PBLH variation and significantly smaller
biases under various pollution levels.

1. Introduction
The planetary boundary layer (PBL) is the lowest layer of the atmosphere, and tends to be relatively well-mixed (Garratt, 1994; Kaimal
and Finnigan, 1994). It plays a dominant role in the surface-atmosphere
exchanges of heat, moisture, momentum, gases, and pollutants
(Caughey, 1984; Holtslag and Nieuwstadt, 1986; Mahrt, 1999). The PBL
height (PBLH) is a meteorological variable that strongly affects the
vertical extent of near-surface transport and dispersion processes, and is
a key parameter in weather and climate modeling (Haeffelin et al.,
2012; Seibert et al., 2000). As PBLH determines the volume available
for near-surface pollutant dispersion, it is a crucial variable for monitoring and simulating surface pollutant behaviors (Gan et al., 2011;
Monks et al., 2009; Su et al., 2018). Thermodynamic stability is a key
property of the PBL; it influences convection, precipitation, and turbulence (Emanuel, 1994; Guo et al., 2017; Lilly, 1968; Matsui et al.,
2004; Lou et al., 2019). Based on the thermodynamic stability in the
lower atmosphere, the PBL can be classified into three dominant types:
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stable boundary layers (SBL), neutral boundary layers (NBL), and
convective boundary layers (CBL) (Caughey and Palmer, 1979; Garratt,
1994; Liu and Liang, 2010).
Multiple approaches have been developed to determine the PBLH
based on observations, including in situ radiosonde (Stull, 1988) and
remote sensing (Menut et al., 1999) methods, as well as parameterizations based on laboratory experiments (Park et al., 2001). The
most common approach for deriving PBLH is from radiosonde measurements (RS) of temperature, humidity, and/or wind profiles as a
function of pressure (Angevine et al., 1994; Guo et al., 2016; Liu and
Liang, 2010; Seidel et al., 2010; Zhang et al., 2018). Although RS is the
traditional and standard method for determining PBLH, it has very
limited coverage in both space and time. Regular RS launches occur
routinely twice a day from a fixed set of meteorological stations, and
thus cannot capture well the diurnal or spatial PBLH variations.
Ground-based lidar, such as micropulse lidar (MPL), measures aerosol
backscatter with high temporal and vertical resolutions, and has also
been widely used to derive PBLH. (Eresmaa et al., 2006; Hageli et al.,
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2000; Liu et al., 2018; Luo et al., 2014; Sawyer and Li, 2013; Su et al.,
2017a; Tucker et al., 2009; Yang et al., 2013; Chu et al., 2019; Welton
et al., 2000; Morille et al., 2007). Although the spatial coverage is still
limited, several projects led by NASA and the Department of Energy
offer ample MPL measurements, such as MPLNET, Atmospheric Radiation Measurement (ARM), DISCOVER-AQ, etc. (Campbell et al.,
2002; Welton et al., 2001, 2002; Lewis et al., 2013; Crawford and
Pickering. 2014). Numerous methods have been proposed to retrieve
the PBLH from lidar, ranging from visual inspection (Boers et al., 1984),
to setting a signal threshold (Melfi et al., 1985), wavelet transform
(Cohn and Angevine, 2000; Davis et al., 2000), fitting to idealized
profile (Steyn et al., 1999), changes in depolarization ratio (BravoAranda et al., 2017), identifying maximum signal variance (Hooper and
Eloranta, 1986; Su et al., 2017b; Zhang et al., 2016), and first (Flamant
et al., 1997), logarithmic (Summa et al., 2013), normalized (He et al.,
2006), and cubic root (Yang et al., 2017) gradient methods, as well as
the combination of the wavelet technique and image processing (Lewis
et al., 2013).
Although numerous algorithms have been applied to long-term PBL
measurements, and have been validated at multiple sites over the
world, most PBLH algorithms are designed for CBL conditions (e.g. Li
et al., 2017a; Poltera et al., 2017). The afternoon PBL is typically
considered convective, with a peak at ~15:00 local time; in contrast,
SBL generally dominates at night (Nieuwstadt, 1984; Poulos et al.,
2002). In addition, SBLs and NBLs can form under certain meteorological conditions during the day as well, and can occur even in the
afternoon (Medeiros et al., 2005; Poulos et al., 2002; Stull, 1988; Zhang
et al., 2018). Evaluation of these algorithms for SBLs has been limited,
and in particular, evaluation of lidar-based PBL detection under the full
range of atmospheric stability conditions is still lacking.
As such, the current study presents a new method to retrieve PBL
variability from MPL under Different Thermo-Dynamic Stabilities
(namely, the DTDS algorithm). The thermodynamic stability is represented by the near-surface potential temperature profile in the
context of the boundary layer vertical structure. Long-term MPL measurements from 2010 to 2018, acquired at the Department of Energy's
Atmospheric Radiation Measurement Southern Great Plains (ARM SGP)
site, are used for validation. PBLH retrievals derived from the DTDS are
compared with the commonly used gradient and wavelet methods, and
are explicitly compared against RS results under SBL, NBL, and CBL
conditions. The performance of PBLH derived from MPL under different
aerosol loadings is also considered.
This paper proceeds as follows: Section 2 describes the study sites
and MPL system. Section 3 describes the method in terms of its physical
principles, implementation, and determination of the thresholds required by the DTDS method. Evaluation is presented in section 4, and a
brief discussion and conclusion are given in Section 5.

We use a well-established method developed by Liu and Liang
(2010) to retrieve the PBLH based on the gradient profile of potential
temperature. Here, we focus only on PBL driven by buoyancy, and
hence, low-level jet conditions are excluded, based on radiosonde wind
profiles (Liu and Liang, 2010; Miao et al., 2018). Furthermore, the
PBLH can be classified as SBL, NBL, or CBL based on the thermodynamic stability conditions. PBL types are determined by calculating
the near-surface potential temperature difference (PTD) between the
lowest fifth and second layers above the surface (i.e., an interval of 5hPa). Specifically, if the PTD is higher than 0.1 K and the bulk Richardson number in the lowest 0.1 km is positive, the PBL is identified
as SBL; if the PTD is between −0.1 K and 0.1 K, the PBL is identified as
NBL; other PBL cases are considered CBL (Tokinaga et al., 2006; Zhang
et al., 2018).
2.2. Micropulse lidar system
This study uses an MPL backscatter time series collected at the SGP
site (36°36′ N, 97°29′ W). The dataset spans June 2010 through June
2018 with high continuity (Campbell et al., 2002). The MPL observed at
532 nm wavelength with both parallel and perpendicular polarization.
The backscatter profiles have a vertical resolution of 15 m and a temporal resolution of 10 s. Due to incomplete laser pulses, there is a 150 m
near-surface “blind zone”. As standard processes, background subtraction, saturation, overlap, after-pulse, and range corrections are applied
to the raw MPL data to derive the normalized signal (NS) (Campbell
et al. 2002, 2003; Yan et al., 2014). There are quality-control flags
along with the MPL measurements. Erroneous data and rainy cases are
eliminated from our analysis. We supplement these data with the MPL
observations at the GSFC site (38 °59′ N, 76°50′ W) from MPLNET,
following similar data processing procedures (Welton et al., 2001,
2002). We also collect RS data at a nearby NOAA station
(USM00072403, 38 °59′ N, 77°29′ W) to match with MPL data at GSFC.
MPL data and RS measurements during morning (0800LT) and afternoon are both available on 80 days between 2002 and 2016. Hereafter,
“afternoon” refers to the period from 1200 to 1830 LT.
3. Development of the DTDS
3.1. A brief overview of existing algorithms
Numerous methods have been proposed to retrieve the PBLH from
backscatter lidar. These methods rely on the principle that a temperature inversion often exists at the top of the PBL, trapping moisture and
aerosols (Seibert et al., 2000), which causes a sharp decrease in the
aerosol backscatter signal from the PBL upper boundary to the free
troposphere. Traditionally, the methods fall into two categories: (i)
gradient-based algorithms that track gradients in the vertical distribution of aerosols (i.e., gradients of the backscatter profiles (Flamant
et al., 1997; He et al., 2006; Sicard et al., 2006; Summa et al., 2013;
Yang et al., 2017), and (ii) wavelet transform algorithms that track the
covariance transform of the Haar function (Baars et al., 2008; Brooks,
2003; Cohn and Angevine, 2000; Davis et al., 2000). The merits and
limitations of these approaches were evaluated by Sawyer and Li
(2013), who proposed a joint approach that takes advantage of the two,
and can be applied to any type of measurements, including RS and
lidar, and compared their performance.
In this paper, we compare the performance of the DTDS with the
traditional algorithms over the diurnal range of stability conditions.
The gradient method is adapted from Amiridis et al. (2007) and
Flamant et al. (1997), and we set the first derivative of lidar backscatter
signals as the gradient profile. The wavelet method is another commonly used, though more sophisticated, method. As a way of detecting
step changes, the wavelet method was introduced by Gamage and
Hagelberg (1993). The Haar wavelet can be defined as

2. Description of the site and instruments
2.1. Radiosonde
RS launches took place at least four times per day at the SGP site
near Ponca City, Oklahoma (36°36′ N, 97°29′ W), usually at 00:30,
6:30, 12:30, and 18:30 local time (LT). To avoid inconsistency between
summer and winter, daylight saving time (summer time) is used consistently for local time throughout the year. Besides the routine measurements at these fixed times, there are fewer, but still considerable,
numbers of RS measurements acquired at other times of day, especially
during special field experiments. Supplemental RS sampling at 0930,
1200, 1300, 1530, 1900 LT were acquired for around 4% of the total
cases. In this study, we only utilize the RS data during 06:30–19:00 LT.
RS vertical resolution varies according to the balloon ascent rate, but
data points occur approximately 10 m apart. We resample the radiosonde data using linear interpolation to achieve a vertical resolution of
5-hPa.
2
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Fig. 1. Comparisons between MPL PBLH (derived by the gradient method) and RS PBLH for (a) 0630 LT, (b) 1230 LT, and (c) 1830 LT. Comparisons between MPL
PBLH (derived by the wavelet method) and RS PBLH for (d) 0630 LT, (e) 1230 LT, and (f) 1830 LT. Correlation coefficients (R) and RMSE (root-mean-square error)
are given in each panel.
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PBLH derived from MPL and RS under SBL, NBL, and CBL conditions. In
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where f (z ) is the lidar backscatter signal and z t / z b indicates the lower/
upper limits of the profile, respectively. The value b at which Wf (a, b)
reaches its maximum value with a coherent scale of a is usually considered as the PBLH (Brooks, 2003). In this study, we select the dilation
a as 400 m, which is consistent with previous studies (Compton et al.,
2013; Davis et al., 2000).
In Fig. 1, we compare the PBLH derived from MPL using these two
methods with RS results, for different local times (LT). There is generally much better agreement between MPL-PBLH and RS-PBLH at 1230
and 1830 LT than at 0630. This is clearly denoted by the distinct differences, factors of 3–4, in their linear correlation coefficients. The very
poor agreement for morning cases is associated with the fact that the
PBL is not well developed, as indicated by the existence of a strong
surface inversion and residual layers. All these factors complicate PBLH
identification. As such, these MPL methods fail in identifying the PBLH
under the SBL conditions that tend to dominate in the morning.
Despite the dominance of the CBL in the afternoon, SBL and NBL can
also occur under some meteorological conditions. Based on the RS data
from SGP, SBL dominates during the morning (0630LT), and its occurrence frequency is more than 90% in the dataset used for the current
study. In the noontime (1230LT), the occurrence frequency of CBL is
only ~3%, followed by 43% for NBL, and 54% for SBL. In the late

3.2. Description of the DTDS
In order to overcome problems with SBL conditions, we develop a
new approach for retrieving MPL-PBLH that performs better and more
uniformly under all thermodynamic stability conditions. The physical
basis of our DTDS method is to account for both the vertical coherence
and temporal continuity of the PBLH. Given that the aerosol within the
boundary layer is usually well mixed, a distinct step due to aerosol is
sought in the backscatter signal as the top of a PBL, which follows the
gradient and wavelet transform methods. The development of the PBL
can be divided into three phases: growing, decaying, and “other” (i.e.,
maintenance), and different selection schemes can be applied to these
different phases. A schematic diagram of the DTDS is presented in
Fig. 3, and the procedures are detailed below.
First, the MPL backscatter profiles are averaged over 10-min intervals. Then, we identify the local maximum positions (LMPs) (range:
0.25–4 km) in the covariance transform function collocated with a
signal gradient larger than a certain threshold. The threshold values are
discussed in Section 3.3. The aerosol vertical structure can be represented by multiple LMPs. Each LMP is the potential position of
PBLH.
H (i) represents the retrieved PBLH for time i. For the starting point
3
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Fig. 2. Comparisons between MPL PBLH (derived by the gradient method) and RS PBLH for (a) stable (SBL), (b) neutral (NBL), and (c) convective (CBL) boundary
layers during afternoon (1200–1900 LT). Comparisons between MPL PBLH (derived by the wavelet method) and RS PBLH for (d) SBL, (e) NBL, and (f) CBL.

(0700 LT), the PBLH (H (0) ) is given by the morning RS launched at
0630 LT (or the lowest LMP if RS is not available), after which we select
the closest LMP at 0710 to H (0) as H (1) . If we find a suitable H (1) , we
identify the closest LMP at the next timestep as H (2) . Generally, for
time i+1, we select the closest LMP to H (i) as H (i + 1) . The maximum
variation rate (Max ) is set to 0.2 km, so the difference between H (i + 1)
and H (i) needs to be smaller than Max . Otherwise, H (i + 1) is set to
equal to H (i) , and is called a “quasi retrieval”. If we obtain two consecutive quasi retrievals, H (i) and H (i + 1) , we set H (i + 1) to the
lowest LMP in time i+1, and then, determine H (i + 2) using above
mentioned algorithms.
As shown in Fig. 3b, the selection scheme is different for the
growing (0830–1400) and decaying (1630–1900) PBL phases, defined
by these pre-selected local time periods. Due to surface heating by solar
radiance, the PBLH tends to rise quickly during the growing period, and
generally reaches its daily maximum monotonically. For time i+1, if
we find two LMPs adjacent to the previous H (i) , we preferentially select
the one higher than H (i) as H (i + 1) during this period. However, we
preferentially select the one lower than H (i) as H (i + 1) during the
decaying period. Details of the selection scheme for different periods
are shown in Fig. 3b. Generally, during the growing phase, we favor the
nearest LMP above H(i) as H(i+1). However, if the two nearest LMPs
during the growing phase are above and below H(i) and the upper LMP
is twice as far from H(i) as the lower, we will still select the lower one as
H(i+1). We implement a similar selection scheme for the decay phase,
but in just the opposite sense to that of the grow phase. If we cannot
find two LMPs adjacent to H(i), the potential PBLH position is selected
as the nearest LMP.
A restart mechanism is included in this algorithm, controlled by the
parameter “Re ,” which remains at 0 as long as the selection scheme in
Fig. 3b is successful. For two contiguous times (i and i+1), if we cannot
find the suitable H (i) and H (i + 1) , Re becomes larger than 1, and the
algorithm “restarts.” Specifically, the lowest LMP at time i+2 is

selected as H (i + 2) , and the iterative process is restarted from there.
Cloud inevitably causes a step signal in the lidar backscatter, and
thus, affects the PBLH retrievals. Depending on type, clouds can interfere with PBLH retrievals, though boundary layer top clouds can also be
regarded as defining the PBLH. During the development of the PBLH
over land, fair-weather cumulus are often generated from convection
and high-humidity located at the top of PBL. Following the threshold
method, cloud or aerosol layers can be detected based on the gradient
of range-corrected signals (Dupont et al., 2011; Platt et al., 1994).
Cloud can be further distinguished based on the values of T and D for a
certain layer, where T represents the ratio of the peak signal to that of
the layer base and D represents the maximum negative slope within this
layer. When T > 3 or D < −7, the layers are classified as clouds
(Wang and Sassen, 2001; Zhao et al., 2014). All low-level clouds below
4 km are identified, and then, we label these clouds as “boundary layer
clouds” if their tops coincide with the previous PBLH value retrieved
under cloud-free conditions to within 0.35 km. Due to the frequent
occurrence of convection, we only identify boundary layer clouds
during the growing and maintenance periods. Other low-level cloudy
cases are excluded from the analysis.
3.3. Sensitivity test of thresholds
The detection of LMPs is a crucial part of the DTDS, and an appropriate threshold is needed to identify step signals in the gradient
profiles. The method is quite sensitive to the threshold selection. A low
threshold value will lead to too many LMPs, which complicates PBLH
identification, whereas too high a threshold value will constrain the
LMP selection, which could filter out the actual PBLH. Therefore, we
conducted a sensitivity test to select the threshold.
In many studies, the threshold for detecting step signals in PBL lidar
profiles is set to a constant value (Hageli et al., 2000; Yang et al., 2013).
Instead, we apply a dynamic threshold, which is associated with the
4
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Fig. 3. (a) The overview schematic diagram of retrieving the PBLH by the DTDS. In this diagram, H (i) indicates the retrieved PBLH for time i, and Hp indicates the
potential PBLH position. The PBLH is retrieved at 10-min intervals. Max indicate the maximum variation of PBLH allowed over 10-min, and is set as 0.2 km in this
study. (b) Schematic diagram of the selection scheme. The selection scheme is a process in the retrieval algorithm that describes how an appropriate local maximum
position (LMP) as Hp is selected.

noise level. In particular, we estimate the shot noise ( ) induced by
background light and dark currents in each profile (Welton et al., 2002;
Liu et al., 2006; Whiteman et al., 2006). To exclude noise effects, the

gradient signal must be larger than the shot noise. The thresholds are
set between and 4.5 .
In Fig. 4, we present the correlation coefficient and RMSE values

Fig. 4. Correlation coefficients and RMSE between the DTDS-derived PBLH and RS-derived PBLH under different threshold values during afternoon. The threshold
value determines the algorithm LMP detection sensitivity. represents the shot noise induced by background light and dark current.
5
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Fig. 5. Daily backscatter profiles for (a) SBL, (b) NBL, and (c) CBL cases. Backscatter is presented as a normalized signal on a log-scale, in arbitrary units. Black lines
mark the PBLH retrieved from the DTDS. Black dots indicate the LMPs identified in the backscatter profiles. The blue stars indicate the PBLH as derived from RS. (For
interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)

comparing the DTDS-derived and RS-derived PBLH based on different
thresholds. For these data, we find that both the correlation coefficients
and RMSE values achieve best performance when the threshold is set as
3 . A threshold value of 3 is thus used in the DTDS for detecting LMPs.

We prefer to use the morning RS to constrain the initial position of
PBLH. However, DTDS can still perform without morning RS input.
Fig. 6a–c shows comparisons between RS PBLH and PBLH derived from
the DTDS without RS constraints, under different thermodynamic stability conditions during afternoon. Fig. 6d–f shows comparisons between RS PBLH and PBLH derived from DTDS with RS constraints.
Compared to the gradient and wavelet methods (Fig. 2), the correlation coefficients between PBLH derived from the DTDS and RS are
higher for all PBL types, and are improved especially for the SBL cases.
Although the correlation is still relatively weak for weakly convective
cases, it is substantially improved relative to the gradient and wavelet
methods. Moreover, compared to the RMSE for the gradient and wavelet methods, the RMSE values for the DTDS vs. RS are considerably
reduced under SBL and CBL conditions. Although DTDS is valid without
the morning RS input, better performance is achieved after assimilating
morning RS input, especially under SBL and CBL conditions. Due to the
availability of RS, we analyze the PBLH retrievals derived from the
DTDS with the morning RS constraint in the following sections.
In general, the PBLH retrievals derived from DTDS are improved for
all PBL types. Although the correlation coefficients are generally higher
only under SBL conditions, the RMSE values are considerably reduced
for both SBL and CBL in the study dataset. We supplement the validation of our method using MPL data at the MPLNET GSFC site, and
compare the retrievals with RS-PBLH at nearby locations during the
afternoon. DTDS also shows reasonably good performance for the GSFC
site (Fig. 7). Nonetheless, due to insufficient afternoon RS data in this
area, the sampling number is significantly less than at the SGP site.

4. Evaluation of the DTDS
4.1. Case study of the DTDS
By using DTDS, we can continuously retrieve the daily PBLH during
0700–1900. Fig. 5 illustrates three typical cases of backscatter profiles
and PBLH retrievals under different stability conditions on 25 Dec.
2014, 13 Sep. 2010, and 1 Jul. 2010, respectively. Relatively complex
aerosol stratification is indicated by multiple LMPs for each profile,
especially during the morning periods.
For the SBL case, clear aerosol stratification structure is shown, with
little diurnal variation. Due to relatively weak convection, the PBL does
not develop well during the entire day. However, there are multiple
LMPs at different elevations (e.g. aerosol step signals around 0.4 km,
0.6 km, and 1 km). If we retrieve PBLH based on single profiles, the
retrievals would jump between different atmospheric layers, and would
not provide accurate results. With initial RS input in the morning, we
coherently track the PBLH by the DTDS during the entire day, and the
result agrees well with subsequent RS measurements.
For the NBL and CBL cases, the PBLH grows continuously from the
initial points constrained by RS measurements, and reach maxima
around 1500LT. The retrievals derived from the DTDS exclude interference from the complex aerosol structures that occur in the morning.
The PBLH generally maintains its highest value during 1500–1900LT
for this case. Nonetheless, the PBLH starts to decay after 1600LT for
NBL. The selection scheme for the decaying period assures that our
method can distinguish the actual PBL from the aerosol residual layer.
Moreover, boundary layer clouds are identified for the NBL and CBL
cases, and the retrieved PBLH location remains consistent with the
values under cloud-free conditions.
In general, DTDS reliably tracks the true PBLH development during
daytime for these three typical cases, and matches well the RS measurements. In some periods, multiple gradients are found in the lidar
backscatter observations. Despite complex aerosol structure, the DTDS
successfully identifies the diurnal variation of the PBLH in each case,
given the initial point constraint provided by the radiosonde data.

4.3. Diurnal cycles
Fig. 8 presents the diurnal behavior of PBLH under SBL, NBL, and
CBL conditions. As the thermodynamic condition during noontime is
critical to the daily PBL development and evolution, the daily PBL types
are determined from the RS measurements during 1230 LT, which
generally corresponds to the most unstable period of a day. The diurnal
cycles derived from the DTDS match well with RS results. Specifically,
CBL is usually associated with strong solar heating of the surface, and
the PBL tends to rise continuously due to upward convection around
noontime, and to reach its maximum height around 1500. For cases that
remain stable by midday, the PBL does not develop well during the
entire day. NBL is neutrally stratified, so the potential temperature is
nearly constant within the PBL, and turbulence has approximately
equal intensity in all directions. The diurnal cycle for NBL is similar to
CBL, but shows smaller variation.
Broadly speaking, PBLHs derived from DTDS show similar diurnal
cycles with those from the gradient and wavelet methods, but with both

4.2. Comparison between PBLHs derived from the DTDS and radiosonde
We further apply DTDS to the 8-year MPL dataset at the ARM SGP
site, and compare the PBLH results with those from RS measurements.
6
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Fig. 6. Comparisons between afternoon PBLH derived from MPL and from RS under different thermodynamic stability conditions. In (a, b, c), PBLH is calculated by
DTDS without the constraint of morning RS data. In (d, e, f), PBLH is calculated by DTDS with a morning RS constraint.

overestimates PBLH in the morning and around sunset, and slightly
underestimates PBLH during midday, compared to DTDS. In term of
mean values, the RS-PBLH at 1530 is significantly higher than MPLPBLH. As the RS data are acquired at 1530 only for ~3% of total cases,
sampling biases contribute significantly to the observed differences. If
we only use matched cases of RS-PBLH and MPL-PBLH at 1530, the
difference in the PBLH means is less than 0.1 km. For NBL, the diurnal
cycles derived from the DTDS and gradient-wavelet methods generally
agree well with RS and with each other.
The PBLH growth rate during transient periods is a key factor associated with boundary layer turbulence and eddies, as well as aerosol
dilution (Carson, 1973; Driedonks, 1982; Martin et al., 1988). We show
the distribution of PBLH growth rates during 0700–1230 LT under
different thermodynamic stability conditions derived from different
methods in Fig. 9. The growth rate is calculated as the average change
of PBLH per hour during this period. For the majority cases, the growth
rates are positive, as expected. Clearly, strong and positive buoyancy
forcing under CBL conditions contributes to the large PBLH growth rate,
which is near zero under SBL conditions. However, conventional lidar
gradient and wavelet methods cannot capture well such phenomena;
the derived PBLH growth rates are similar, and show much larger
variations under different thermodynamic stability conditions. After
assimilating PBLH derived from morning radiosonde data, the PBLH
growth rate can be estimated by DTDS with better accuracy. The absolute bias in PBLH growth rate between RS and the wavelet/gradient
methods is around 0.06 km/h, but is reduced to about 0.033 km/h between RS and the DTDS.

Fig. 7. Comparisons between afternoon PBLH derived from MPL and from RS at
the GSFC site. PBLH is calculated by DTDS with a morning RS constraint.

4.4. The impact of buoyancy forcing and aerosol loading

smaller biases and standard deviation errors. The gradient-wavelet
method tends to overestimate the PBLH for SBL, and the diurnal cycle
fluctuates chaotically under these conditions, which may be caused by
the algorithm assigning the PBLH to different atmospheric layers inconsistently. For CBL, the gradient-wavelet method slightly

Because the retrieval of PBLH from lidar depends on the aerosol
backscatter signal and thermodynamic stability, we further examine the
absolute differences between the PBLH retrievals from lidar and RS for
different aerosol loadings and stability conditions. The buoyancy (B)
7
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Fig. 8. Diurnal cycles of PBLH under (a) SBL, (b) NBL, and (c) CBL conditions, which are determined based on RS at 1230LT. The blue lines indicate the PBLH
retrieved by the DTDS, and the red lines represent the averaged results derived from the gradient and wavelet methods. The shaded areas show the standard deviation
of PBLH. Pink dots indicate the PBLH averaged from routine RS data, and yellow dots indicate the PBLH averaged from RS with limited sampling. (For interpretation
of the references to colour in this figure legend, the reader is referred to the Web version of this article.)

integral of buoyancy in the lowest 0.5 km.
We further use the near-surface aerosol extinction (at 0.2 km) derived from lidar to represent pollution levels. The method for retrieving
aerosol extinction from MPL has been well demonstrated in multiple
studies (e.g. Fernald, 1984; Klett, 1985). Due to the uncertainty of the
extinction-to-backscatter ratio (so-called lidar ratio), we use the aerosol
optical depth from multifilter rotating shadow-band radiometer
(MFRSR) to calibrate the aerosol extinction profiles (Harrison et al.,
1994; Sinha et al., 2013; Lee et al., 2010). Fig. 10 presents the absolute
bias of PBLHs between MPL and RS for various buoyancy forcing and
aerosol extinction values. Compared with the gradient-wavelet
methods, the DTDS absolute bias is reduced by about 30% at various
convection intensities and pollution levels. The shaded areas in Fig. 10
indicate standard deviations, which are also larger for the gradientwavelet methods that DTDS.
The increased lower-atmosphere buoyancy can facilitate the mixing
of aerosol and humidity in the PBL, and thus can considerably reduce
the absolute biases between PBLH derived from RS and MPL.
Meanwhile, a boomerang shape that appears in Fig. 10b indicates that
relatively large differences between PBLH derived from MPL and RS
happen at both low and high aerosol extinction. This phenomenon may
be caused by the aerosol signal and/or thermal convection. As the detection of PBLH from lidar depends on the contrast between near-surface aerosol layers and the free troposphere, the step signal would be
weak when aerosol loading is low, which could produce relatively large
PBLH retrieval biases. On the other hand, high surface aerosol loading
is typically associated with weak surface heating and thermal convection, producing insufficient vertical mixing of pollutants, and could
therefore also cause relatively large biases for MPL retrievals.

Fig. 9. Seasonal box-and-whisker plots showing 10th, 25th, 50th, 75th, and
90th percentile values of PBLH growth rate during 0700–1230 LT derived from
Radiosonde (black), gradient and wavelet methods (red), and the DTDS from
MPL (blue) under SBL, NBL, and CBL conditions. (For interpretation of the
references to colour in this figure legend, the reader is referred to the Web
version of this article.)

determines convection and can be expressed as (Wallace and Hobbs,
2006):

B=

g z

1d
dz

(3)

where z is the height of the air parcel and g is the acceleration of gravity
near Earth's surface. is the virtual potential temperature of the environment. The lower-atmosphere buoyancy is calculated as the

Fig. 10. Averaged relative absolute bias between
afternoon PBLH derived from MPL and RS, for different (a) lower-atmosphere buoyancy and (b) nearsurface aerosol extinctions. The blue line indicates
the PBLH retrieved by the DTDS, and the red line
represents the averaged results derived with the
gradient and wavelet methods. The shaded areas
indicate the standard deviations. (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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For the gradient-wavelet methods, the relative absolute biases are
strongly influenced by buoyancy forcing and aerosol loading values,
and can be larger than 40% for strong downward forcing and high nearsurface extinction, which are also likely to occur together. For DTDS,
the contrast between different convection intensities and extinction
levels is smaller, and the absolute biases are significantly reduced
compared to the alternative retrieval algorithms.

which remains an outstanding problem in studies concerning atmospheric environment (Li et al., 2017b). The PBLH derived using the
DTDS approach may also be beneficial for pollution control management, as it helps improve understanding of aerosol dispersion.
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5. Discussion and conclusions
In this paper, the PBL height (PBLH) retrieved from lidar is investigated systematically, under stable boundary layers (SBL), neutral
boundary layers (NBL), and convective boundary layers (CBL) conditions, using an 8-year dataset of micropulse lidar (MPL) and radiosonde
(RS) measurements acquired at the ARM Southern Great Plains research
site. We present a DTDS algorithm aimed at accurately retrieving the
PBLH under Different Thermo-Dynamic Stabilities. This method combines traditional approaches based on the observed aerosol vertical
profiles with a stability-dependent model of PBLH temporal variation.
Where possible, the method is initialized with early morning RS data,
though this is not a strict requirement for DTDS to be applied. For the
rest of the diurnal cycle, relative to the PBLH derived from radiosonde
that is usually considered as ground-truth, the DTDS method performs
better than the widely used gradient and wavelet methods both in terms
of the PBLH magnitude and its diurnal variation, especially under SBL
conditions.
The DTDS method aims to maximize the temporal continuity of the
PBLH. It applies schemes specific to the growing (0830–1400 local time
(LT)), decaying (1630–1900 LT) and maintenance periods for selecting
successive PBLH values, based on a physical model of PBL development.
Although the actual PBLH diurnal cycle is more complicated, this
scheme is shown to work well for most cases studied. The PBLH derived
from DTDS is likely to increase during the growing phase and decrease
during the decaying phase, but the method can also identify it as declining during the period of typical growth or increasing during the
period of typical decay if conditions warrant (e.g. Fig. 5a). Convective
boundary layer clouds are identified to diagnose the PBLH for cloudy
cases. As the PBLH is often indeterminate from MPL data alone in the
morning, we tend to use the morning RS observations to constrain the
initial PBLH position for subsequent retrievals, although the method is
still valid without any RS data.
As a result, DTDS shows significantly improved performance in
comparison to the RS-based method, with the correlation coefficient
improved by up to a factor of 3–4 under SBL conditions during afternoon, when the conventional methods often fail due to the weak vertical mixing and complex aerosol stratification. RMSE is actually reduced under all conditions, though improvement is most significant
under SBL and CBL conditions. The DTDS method can largely exclude
interference from a residual aerosol layer and other complex aerosol
structures.
The PBLH derived from lidar is widely used to investigate air quality
issues and thermodynamic processes in the PBL (e.g. Beniston et al.,
1990; Davies et al., 2007; Geiss et al., 2017; Su et al., 2018; Tang et al.,
2015). Although the lidar retrievals exhibit satisfactory overall performance, the accuracy of lidar retrievals can vary considerably under
different stability conditions and aerosol levels, and thus, may cause
uncertainties in these studies. This problem is not completely solved,
but our method gives some insight into this issue by reducing biases
under various stability conditions and aerosol loadings.
Stable conditions are associated with downward forcing in the lower
atmosphere, and they exert important constraints on severe pollution
episodes. Being able to detect the PBLH under such conditions would
help understand and model the development of air pollution episodes,
especially in the morning before the PBL is fully developed. The method
is also valuable for investigating PBL-aerosol interaction mechanisms
under various meteorological and thermodynamic stability conditions,
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