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A Novel Machine Learning Algorithm for Planetary
Boundary Layer Height Estimation Using
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Abstract— Accurately determining the height of the planetary
boundary layer (PBL) is important since it can affect the climate,
weather, and air quality. Ground-based infrared hyperspectral
remote sensing is an effective way to obtain this parameter. Compared with radiosonde measurements, its temporal resolution is
much higher. In this study, a method to retrieve the PBL height
(PBLH) from the ground-based infrared hyperspectral radiance
data is proposed based on machine learning. In this method,
the channels that are sensitive to temperature and humidity
profiles are selected as the feature vectors, and the PBLHs derived
from radiosonde are taken as the true values. The support vector
machine (SVM) is applied to train and test the data set, and the
parameters are optimized in the process. The data set collected
at the Atmospheric Radiation Measurement (ARM) program
Southern Great Plains (SGP) from 2012 to 2015 is analyzed.
The instruments used in this letter include Atmospheric Emitted
Radiance Interferometer (AERI), Vaisala CL31 ceilometer, and
radiosonde. It shows that the root mean square error (RMSE)
between the PBLHs calculated by the proposed method using
AERI data and those from radiosonde data can be within 370 m,
and the square correlation coefficient (SCC) is greater than 0.7.
Compared with the PBLHs derived from the ceilometer, it can
be found that the new method is more stable and less affected
by clouds.
Index Terms— Atmospheric emitted radiance interferometer
(AERI), diurnal cycles, planetary boundary layer height (PBLH),
seasonal cycles, support vector machine (SVM).

I. I NTRODUCTION
HE planetary boundary layer (PBL) is the lowest layer
of the troposphere, which is a physically mixed layer
due to the effects of shear-induced turbulence and convective
overturning near the Earth’s surface [1]. The PBL height
(PBLH) is an important parameter for characterizing many
atmospheric processes, including the dispersion of air pollutants and the formation of clouds [2]. PBLH is usually inferred
from radiosonde measurements [3]; however, its temporal
resolution is too sparse to detect the evolution of the diurnal
structure. Therefore, to monitor PBL in a more continuous
way, several remote sensing methods have been proposed
to estimate PBLH by using the wind profiler, lidar, and
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ceilometer. The wind profiler can be used to detect the PBLH
based on the turbulence structure data [4], but it is restricted
to shallow boundary layers due to their limited range. Using
aerosol as a tracer, the PBLH can be inferred from the aerosol
vertical distribution measured by a lidar or a ceilometer [5].
However, the measurement under cloudy conditions needs to
be further determined.
Some thermodynamic profile remote sensing instruments,
such as atmospheric emitted radiance interferometer (AERI)
[6] and microwave radiometer (MWR) [7], are also used to
determine PBLHs from the inverted vertically thermodynamic
variables [8]. One of the main limitations of these methods
is their low vertical profile resolution. Moreover, the profile is
particularly oversmoothed at higher altitudes so that the important features within the retrieved profiles are missing, such as
vertical gradients of temperature and water vapor that used to
do PBLH estimation [9]. Another challenge is how to reconcile
PBLH from aerosol as a tracer and that from thermodynamic
profiles. They often do not match up in their representation
of the PBLH. The purpose of this letter is to demonstrate
the potential of the machine learning approach for a fast,
robust, accurate, and automated PBLH estimation approach
to overcome the above problems. We do not carry out the
inversion of thermodynamic profiles but directly use the AERI
radiance (AERIRAD) data to estimate PBLH. Radiance data of
the selected bands that are sensitive to temperature and humidity profiles are extracted as the input variables. The PBLHs
derived from the radiosonde are taken as the “truths.” The
regression relationship between AERIRAD data and “truths”
is established by using the support vector machine (SVM).
This letter is organized as follows. Section II is a brief
summary of all the instruments and the data set used in
this work. Section III formulates the PBLH retrieved algorithm using AERIRAD data. Section IV compares the PBLHs
retrieved from AERI with those from radiosonde and Vaisala
CL31 ceilometer (VCEIL). Finally, the conclusions are presented in Section V.
II. E STABLISHMENT OF DATA S ET
The instruments used in this study include AERI,
radiosonde, and ceilometer located at the Atmospheric Radiation Measurement (ARM) Southern Great Plains (SGP)
site. The data set covers the period from January 2010 to
December 2015. There are many methods to calculate PBLHs
by using radiosonde. In this letter, we use Liu and Liang
method based on the vertical potential temperature gradient
to calculate the PBLHs [10], [11] as “truths.”
AERI is a ground-based spectrometer that measures
the downwelling infrared radiance from 3.3 to 19 μm
(3020–520 cm−1 ) at 0.5-cm−1 resolution. When using
AERIRAD to retrieve PBLHs, radiances of 555 channels
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TABLE I
N UMBER OF D ATA S ETS F ROM 2010 TO 2015 AT THE ARM SGP S ITE

that are sensitive to thermodynamic profiles are selected as
the input parameters [12]. The sensitive channels of water
vapor are 538–588 and 1250–1350 cm−1 , and the sensitive
channels of temperature are 612–618, 624–660, 674–713, and
2223–2260 cm−1 . The observational time of radiosonde and
AERI is different, so it is necessary to do time-matching before
establishing a database. Table I shows the number of timematching between AERI and total available radiosondes of the
whole day. We use VCEIL and Total Sky Image (TSI) to judge
cloudy or cloud-free at the corresponding time. Data from
2010 and 2011 are used as training samples, and the rest are
testing samples. PBLHs derived from thermodynamic profiles
given by the value-added product of AERI (AERIPROF) [13],
[14] are also calculated, which are based on the maximum
potential temperature gradient [15]. PBLHs from ceilpbl (the
value-added product of ceilometer) [16] are used to do the
comparison with those from AERI.
III. I NVERSION OF PBLH BASED ON SVM
Using AERIRAD to estimate PBLHs can be regarded as
a regression problem. Section III-A presents the channel
selection process. Section III-B describes the support vector
regression method. Section III-C summarizes the proposed
algorithm for PBLH estimation.
A. Channel Selection
First, the radiance data of 538–588, 612–618, 624–660,
and 674–713 cm−1 are divided by 180, and 1250–1350 cm−1
is divided by 80. The radiance data of 1250–1350 and
2223–2260 cm−1 are divided by 5. This normalization process
makes the radiance data of each channel in the same order of
magnitude.
Then, the minimal-redundancy-maximal-relevance (mRMR)
method is used to screen the characteristic quantities [17] by
considering the correlation between features and categories
and the redundancy between features. Finally, the most important 50 channels are selected, which can be found in Table II.
B. Support Vector Machine
We consider a training set of (x i , yi )|ki=1 , i = 1, . . . , k,
where x i and yi represent the input and output and k is the
dimension of the training set. The form of SVM estimation is
taken as
f (x) = w · (x) + b

(1)

where w is a weighting matrix and b is a bias term. 
denotes a nonlinear transformation to a higher dimensional
feature space. Equation (1) can be converted to minimize the
regression error as [18]


1
min ||w||2 + C
ζi + ζi∗
2
i=1

Fig. 1.

Proposed algorithm for PBLH estimation.

where ε is the permissible error and C denotes the penalty factor. Every vector outside ε-tube is captured in slack variables
ζi and ζi∗ . The radial basis function (RBF) kernel is applied
as
K (x i , x) = exp(−g||x i − x||2 )

(4)

where g is a parameter inversely proportional to the width of
the Gaussian kernel.
C. Proposed Algorithm for PBLH Estimation
Fig. 1 shows the flowchart of the proposed algorithm for
PBLHs estimation. The main processes are as follows.
1) Create the training and testing samples. Find the matching data between AERI and radiosonde to establish the
database.
2) Select the best channels based on the mRMR method.
Calculate the maximum correlation and minimum redundancy between channels.
3) Search for the best parameters of the SVM algorithm.
The selected channels are brought into the SVM algorithm, and the best kernel parameter g and penalty factor
C are selected by grid search method [19] to verify the
testing set. The range of C and g is 2−8 –28 , and the
search step is 20.8 .
4) Use the optimal model to estimate the PBLHs of all
testing samples. The accuracy of the model is measured
by the root mean square error (RMSE) and the square
correlation coefficient (SCC). RMSE is the deviation
between the retrieved results and the “truths”; SCC is
the degree of the fitting.
Table III shows the retrieved results with different channel
numbers selected by the mRMR method. Considering the
computational complexity and the accuracy of the model,
the optimal 50 channels are selected, as shown in Table II.
The corresponding C and g are 9.1896 and 5.278.

k

s.t. |yi − w · (x) + b| ≤ ε + ξi , ξ i , ζi∗ > 0

(2)
(3)

IV. E VALUATION OF PBLH I NVERSION A LGORITHM
The data set from 2012 to 2015 is used to evaluate the
PBLHs retrieved algorithm in this section. The comparison
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TABLE II
50 O PTIMAL C HANNELS S ELECTED BY M RMR

TABLE III

TABLE IV

E STIMATION R ESULTS W ITH D IFFERENT C HANNEL N UMBERS

RMSE AND SCC OF PBLH S D ERIVED F ROM AERIRAD, VCEIL,
AND AERIPROF OF THE W HOLE D AY F ROM 2012 TO 2015

VCEIL detects the PBLHs using aerosol as a tracer; the
aerosol-derived PBLHs may not be consistent with the PBLHs
derived from thermodynamic profiles. Therefore, VCEIL- and
radiosonde-derived PBLHs may have a certain deviation.
AERIRAD uses the radiance of selected bands to retrieve
PBLHs, which is consistent with the thermodynamic profile method. Hence, compared with VCEIL-derived PBLHs,
the SCC of AERIRAD-derived PBLHs (0.7041) is significantly larger, and the RMSE (364.8 m) is smaller. In addition,
VCEIL is more easily affected by the clouds, which also
affects the accuracy of PBLHs derived from VCEIL. To take
an insightful look at this phenomenon, Section IV-A introduces
the influence of cloudy on the PBLHs of two instruments.
Sections IV-B and IV-C compare the accuracy of two instruments in different time periods. Section IV-D analyzes the
edge cases.
Fig. 2.
Scatter plots of PBLHs derived from radiosonde, AERIRAD,
AERIPROF, and VCEIL of the whole day from 2012 to 2015 at the ARM
SGP site.

of the PBLHs obtained by AERIRAD, AERIPROF, VCEIL,
and radiosonde is shown in Fig. 2. When the PBLH is below
2500 m, the difference between AERIRAD- and radiosondederived PBLHs is relatively small. However, the difference
gradually increases when the PBLHs are above 3000 m; the
maximum difference can reach more than 1000 m. It may be
partly because AERIRAD is sensitive to the near-surface layer.
The RMSE and SCC of PBLHs derived from AERIRAD,
AERIPROF, and VCEIL are shown in Table IV. AERIPROFderived PBLHs are based on the thermodynamic profiles
inversed from radiance on selected bands. The error of temperature and humidity profile inversion will increase the PBLH
estimation error of AERIPROF. However, using AERIRAD to
retrieve PBLHs directly can avoid this error. This is the reason
why the accuracy of AERIRAD-derived PBLHs is higher
than AERIPROF-derived PBLHs. What is more, AERIPROF
can give temperature and humidity information every 50 m
below 1000 m and every 100 m between 1000 and 2000 m,
the vertical resolution is low, and it decreases with height. This
is also the reason why the accuracy of PBLHs’ inversion from
AERIPROF is lower.

A. Evaluation When a Cloud Is in the Field of View
Table V shows the RMSE and SCC of AERIRAD- and
VCEIL-derived PBLHs under cloudy and cloud-free conditions. The agreement of PBLH detection from AERIRAD is
better in the cloud-free case than cloudy. The SCC of the
AERIRAD-derived PBLHs (0.7219) under cloud-free conditions is significantly higher. Clouds can attenuate the downward infrared hyperspectral radiance. Sawyer and Li [20] have
proved that AERI-derived PBLHs based on the thermodynamic profiles are unreliable in cloudy conditions. Therefore,
the cloud may also increase the retrieval error of AERIRAD. Based on this phenomenon, we add cloudy samples
in the training set to reduce the influence of clouds on the
AERIRAD-derived PBLHs. The proportion of cloudy and
cloud-free samples in the training set is given in Table I.
Compared to radiosonde-derived PBLHs, AERIRADderived PBLHs are more accurate than VCEIL-derived PBLHs
no matter in cloudy cases or cloud-free cases. Moreover,
the PBLHs derived from VCEIL are more seriously affected
by clouds. When it is cloudy, the SCC of the VCEIL-derived
PBLHs is small. Fig. 3 shows an example in cloudy conditions
on December 26, 2014. After 1700 Coordinated Universal
Time (UTC), there were low and thick clouds, which had a
great influence on the PBLHs’ inversion. In this case, it is
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TABLE V

TABLE VI

C OMPARISON OF THE PBLH S D ERIVED F ROM AERIRAD AND VCEIL
U NDER C LOUDY OR C LOUD -F REE C ONDITIONS

C OMPARISON OF THE PBLH S D ERIVED F ROM AERIRAD AND VCEIL
D URING D AYTIME AND N IGHTTIME

Fig. 5. Monthly mean values of PBLHs derived from radiosonde, AERIRAD,
and VCEIL during daytime from 2012 to 2015 at the ARM SGP site.

Fig. 3. Comparison of PBLHs derived from radiosonde, AERIRAD, and
VCEIL under the cloudy condition on December 26, 2014, at the ARM SGP
site.

Fig. 4. PBLHs derived from radiosonde, AERIRAD, and VCEIL during a
ten-day period from August 21 to 30, 2013, at the ARM SGP site.

easy to misjudge the cloud base height as the PBLH by using
VCEIL.
B. Diurnal Cycle
Fig. 4 shows the results of ten-day continuous detection
of the PBLHs from August 21 to 30, 2013. Boundary layers
undergo strong diurnal cycling at the ARM SGP site [20],
and the PBLHs reach the minimum in the early morning
and the maximum in the afternoon. PBL can be classified
into three regimes: the convective boundary layer (CBL),
the stable boundary layer (SBL), and the residual layer (RL)
[10]. As shown in Table VI, it can be seen that CBL (91.92%)
is dominant in the daytime, and SBL (75.02%) is dominant
in the nighttime of the testing set. Compared to radiosondederived PBLHs, the errors of both the AERIRAD- and VCEILderived PBLHs are relatively larger in the nighttime. The SCC
of AERIRAD-derived PBLHs in the daytime is higher than
that in the nighttime, and the RMSE is relatively smaller. This
may due to the relative stability of SBL at night, which leads
to the insufficient thermodynamic distribution to determine the
PBLHs. Therefore, turbulent kinetic energy (TKE) profiles are

used to calculate PBLHs [21]. However, AERIRAD is not sensitive to TKE as TKE does not affect the downwelling infrared
radiance. The AERIRAD is more suitable for determining the
PBLH in the daytime than at nighttime. Furthermore, the PBL
is well-mixed in the daytime; VCEIL-derived PBLHs are also
better in the daytime.
In addition, compared with VCEIL-derived PBLHs,
AERIRAD-derived PBLHs have better accuracy. The SCC of
the AERIRAD-derived PBLHs is relatively higher, and the
RMSE is small no matter in the daytime or nighttime. It may
be due to the inconsistency between aerosol-derived PBLHs
and the PBLHs derived from thermodynamic profiles.
C. Seasonal Cycle
Due to the inaccuracy of AERI and VCEIL in the measurement of PBLHs in the nighttime, this section is limited
to analyze the PBLHs during daytime. Fig. 5 shows monthly
averages (AVGs) of PBLHs measured by three instruments
at the ARM SGP site. Compared to the radiosonde-derived
PBLHs, the AERIRAD-derived PBLHs are more consistent
than the VCEIL-derived PBLHs on the seasonal scale. The
AVGs are given in Table VII. The VCEIL-derived PBLHs
are about 500 m lower than the radiosonde-derived PBLHs in
spring and autumn, 700 m lower in summer, and 400 m lower
in winter. It reveals that we can reconcile the PBLHs from
aerosol and thermodynamic profiles in a simple bias correction
on the seasonal time scale. Table VII also shows that the SCC
of the AERIRAD-derived PBLHs in summer and autumn is
higher than that in spring and winter. It may be due to the
varieties of cloudy conditions in different seasons. As shown
in Table VIII, there are more cloudy scenes (about 40%) in
the spring and winter of the testing set.
D. Edge Cases
The AERIRAD- and radiosonde-derived PBLHs are compared in different height regions during daytime in this
section. The mean and standard deviation of the difference
between these two PBLHs as a function of height are shown
in Fig. 6(a). The region from 500 to 2500 m occupies the
majority in both training and testing set [see Fig. 6(b)]. PBLHs
derived from AERIRAD and radiosonde are consistent in this
region also. The error of AERIRAD-derived PBLHs is larger
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TABLE VII
C OMPARISON OF THE PBLH S D ERIVED F ROM T HREE I NSTRUMENTS
D URING D AYTIME IN F OUR S EASONS

TABLE VIII
P ROPORTION OF C LOUDY S AMPLES D URING D AYTIME IN F OUR S EASONS

Fig. 6. (a) Mean (μ) and standard deviation (σ ) of the difference between
AERIRAD- and radiosonde-derived PBLHs in different height regions of the
testing set. (b) Proportion of PBLHs in different height regions of training
and testing set during the daytime.

when the PBLHs are above 3000 m or below 500 m. It may be
caused by the small number of such edge cases in the training
set. There are only 46 groups (3.3%) with the PBLHs above
3000 m and 94 groups (6.7%) below 500 m. In addition, AERI
is less sensitive to the temperature and humidity profiles above
3 km [13], which means low sensitivity for high PBLHs.
V. C ONCLUSION
This letter proposes a machine learning approach for PBLHs
estimation using AERIRAD. The results of the proposed
approach were compared with those from AERIPROF, VCEIL,
and radiosonde to determine its performance. The experimental results demonstrated that the AERIRAD-based method had
a better response to the sharp change of the PBLHs in the daytime with high accuracy and was less affected by clouds. What
is more, it could better reflect the diurnal and seasonal cycles
of PBLHs. The major advantage of the proposed method is
that PBLHs can be retrieved directly from AERIRAD avoiding
the thermodynamic profiles inversion. We can get fast, robust,
accurate, and high temporal resolution PBLHs by using this
approach. Insufficiently, we only used the Liu and Liang [11]
method of radiosonde as the “truth.” Our future work includes
testing the influence of the “truth” values obtained by different
algorithms on the inversion results. We also intend to use deeplearning techniques to avoid the process of channel selection
and will verify the applicability of this algorithm in different
sites.
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