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ABSTRACT 

In this paper we studied the temporal evolution of the 

Planetary Boundary Layer height (PBLH) over the 

basin of Athens, Greece during a 5-year period (2011-

2016) using data from the EOLE Raman lidar system. 

The lidar data (range-corrected lidar signals-RCS) were 

selected around 12:00 UTC and 00:00 UTC for a total 

of 332 cases: 165 days and 167 nights. Extended 

Kalman filtering techniques were used for the 

determination of the PBLH. Moreover, several well 

established techniques for the PBLH estimation based 

on lidar data were also tested for a total of 35 cases. 

Comparisons with the PBLH values derived from 

radiosonde data were also performed. The mean PBLH 

over Athens was found to be of the order of 1617±324 
m at 12:00 UTC and of 892±130 m at 00:00 UTC, for 
the period examined. The mean PBLH growth rate was 

found to be about 170±64 m h-1
 and 90±17 m h-1

, during 

daytime and nighttime, respectively. 

1. INTRODUCTION 

The Planetary Boundary Layer (PBL) is the lowest part 

of the troposphere that is strongly influenced directly by 

the presence of the Earth’s surface and responds to 

surface forcing with a timescale of about 1 hour or less 

[1]. The knowledge of the PBLH is very important 

because air pollutants are trapped within the PBL, thus 

affecting human health, and atmospheric modeling 

needs this information to provide air pollution forecasts. 

Atmospheric aerosols are present mostly in the lower 

troposphere where they play a crucial role in the Earth’s 
climate [2]. In the lidar technique aerosols can be used 

as tracers for the atmospheric motion and for the study 

of the PBL structure [1]. 

2. METHODOLOGY 

Several criteria are currently used to retrieve the PBL 

height from radiosonde and lidar data, or even from 

sodar data [3-5]. In this study we will calculate the 

PBLH (or mixing height) over Athens, Greece, using 

the extended Kalman filter (KF) technique. 

2.1. THE EXTENDED KALMAN FILTER 

APPROACH 

The Kalman filter is an adaptive filter inherited from 

classic control theory [6] that enables the state vector of 

a dynamic linear system to be estimated and tracked 

with time (e.g., position coordinates of an aircraft). This 

filter can also be applied to non-linear systems - as is 

the case here - via linearization, which gives rise to the 

Extended Kalman Filter (EKF) technique. The filter 

operates by minimizing the error between the estimated 

and the true state vector in a mean-square error sense 

over time. Because the filter makes use of not only 

present information (the measurements), but also past 

estimates, as well as related covariance statistics, it 

provides an optimal solution over time. Recently, Lange 

et al., [7], [8], departing from previous works of [9-10], 

has successfully applied the EKF to estimate the 

daytime PBLH from tropospheric backscatter lidar and 

radar signals (returns), respectively. In what follows, we 

stick to the algorithm and notation given in [7-8]:  

In lidar applications, the EKF uses range-corrected 

backscatter returns,�����, at successive discrete times, 𝑡𝑡� (in what follows, the “observables”, 𝒛𝒛𝒌𝒌, � a reminder 

of discrete time; formally, 𝒛𝒛𝒌𝒌���, � omitted for brevity) 

as a proxy of the total backscatter coefficient and, in 

turn, of the atmospheric (aerosol) load. Central to the 

method is the assumption of an abrupt mixing-layer 

(ML)-to-free-troposphere (FT) transition in ����, 
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which is modeled by an erf-like function (Fig. 1). The 

morphology of the erf function of Fig. 1 gives rise to the 

state vector,  �𝒌𝒌 = ����,�, ��, 𝐴𝐴�, ��]𝑡𝑡
           Eq.(1) 

to be estimated at each recursive loop of the filter. 

 

Figure 1. The erf-like transition model. ��R� stands for 

the total backscatter coefficient, Rbl is the PBLH, a is 

the form factor related to the entrainment-zone (EZ) 

thickness ���77a−��, Α is the ML-to-FT transition 

amplitude, and c is the FT molecular background 

(adapted from [8]).  

The filter requires two models to operate:  

(i) The state-vector model, in which the dynamics of the 

state-vector from time 𝑡𝑡� to time 𝑡𝑡��� are modeled by a 

Gauss-Markov transition model, �𝒌𝒌�� = �𝒌𝒌 � �𝒌𝒌         Eq. (2) 

where �𝒌𝒌 is the so-called “process noise” or state- noise 

vector. Because the state vector �𝒌𝒌  (to be estimated) is a 

hidden “state” of the atmosphere, additional information 
is needed from the user’s side: (a) an initial guess, ��−̂ = ����,�, ��, 𝐴𝐴�, ��]𝑡𝑡

, and (b) an estimate of the 

process-noise covariance matrix, �𝒌𝒌 = 𝐸𝐸[�𝒌𝒌 �𝒌𝒌𝒕𝒕 ]. The 

latter is approximated in diagonal form, �𝒌𝒌 =����� 𝝈𝝈�� ], 𝝈𝝈� = �𝜎𝜎���, 𝜎𝜎�, 𝜎𝜎𝐴𝐴, 𝜎𝜎𝐶𝐶�, the latter built from 

a user-defined intensity factor, 𝝁𝝁�, so that 𝝈𝝈� = 𝜇𝜇���−̂. 

For example, 𝜎𝜎��� roughly models the expected standard 

deviation of the PBLH around its mean value. (c) The 

filter also requires initialization of the “a priori” error 
covariance matrix, �𝒌𝒌− = 𝐸𝐸[𝒆𝒆𝒌𝒌−𝒆𝒆𝒌𝒌−𝒕𝒕], where 𝒆𝒆𝒌𝒌− = �𝒌𝒌 −�̂𝒌𝒌− is the error vector and �̂𝒌𝒌− is the estimated a priori 

state vector (i.e., prior to assimilating the current 

measurement at time 𝒕𝒕𝒌𝒌). Such initialization, ��−, models 

the expected error on the state-vector initial guess and is 

provided in the form, ��− = ����� 𝝈𝝈𝒆𝒆,𝒆𝒆� ], with  𝝈𝝈𝒆𝒆,𝒆𝒆 =(𝜎𝜎𝑒𝑒,���, 𝜎𝜎𝑒𝑒,�, 𝜎𝜎𝑒𝑒,𝑒𝑒, 𝜎𝜎𝑒𝑒,�) the user’s uncertainty on the state-

vector components at 𝑡𝑡�. Likewise, the latter is passed to 

the filter as an a priori error factor, 𝜇𝜇�, so that 𝝈𝝈𝒆𝒆,𝒆𝒆 =𝜇𝜇���−̂. 

 (ii) The measurement model, which relates the state-

vector, 𝑥𝑥�with the measured observables, 𝑧𝑧�,  𝒛𝒛𝒌𝒌 = 𝒉𝒉��𝒌𝒌� � �𝒌𝒌         Eq. (3) 

where 𝒉𝒉��𝒌𝒌� = 𝑒𝑒𝑘𝑘�  �� − ��� ��𝑘𝑘√� (� − ���,�)�� � ��  
is the erf function of Fig. 1 and �𝒌𝒌 is the observation 

noise at time 𝑡𝑡� with covariance matrix, 𝑽𝑽𝒌𝒌 (diagonal). 𝑽𝑽𝒌𝒌 is estimated by computing the range-dependent 

observation noise variance from the signal-to-noise 

ratio, ������ [8].  

3. INSTRUMENTATION 

The Laser Remote Sensing Unit (LRSU) of NTUA 

(EOLE and DIAL lidar systems) is based in Athens 

(37.96
o
N, 23.78

o
E, 220 m), Greece. It is equipped with 

an advanced 10-wavelength elastic-Raman-DIAL lidar 

system (Fig. 2) able to perform independent and 

simultaneous measurements of the vertical profiles of 

the aerosol backscatter coefficient (at 355, 532 and 

1064 nm), of the aerosol extinction coefficient (at 355 

and 532 nm) and of the water vapor and ozone mixing 

ratio in the troposphere (using the H2O Raman channel 

at 407 nm and the Differential Absorption Lidar-DIAL 

technique, respectively) [11, 12]. 

 
Figure 2. Map of Greece showing the location of the 

LRSU elastic-Raman lidar (EOLE) system, operating in 

Athens. 

More precisely, the advanced elastic-Raman lidar 

system (EOLE) of LRSU (Fig. 2) is based on a pulsed 

Nd:YAG laser system which emits, simultaneously, 

high energy pulses at 355-532-1064 nm with 10 Hz 

repetition frequency. The laser beam is expanded by a 

Galilean telescope (x3), before being emitted in the 

atmosphere. A 300 mm diameter Cassegrainian 

telescope collects all elastically backscattered lidar 

signals, as well as those generated by the spontaneous 
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system (EOLE) of LRSU (Fig. 2) is based on a pulsed 

Nd:YAG laser system which emits, simultaneously, 

high energy pulses at 355-532-1064 nm with 10 Hz 

repetition frequency. The laser beam is expanded by a 

Galilean telescope (x3), before being emitted in the 

atmosphere. A 300 mm diameter Cassegrainian 

telescope collects all elastically backscattered lidar 
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Raman effect (by atmospheric N2 at 387-607 nm and by 

H2O at 407 nm). The lidar signals are then corrected for 

electronic and atmospheric background noise, prior to 

range-corrections (RCS) pre-processing. 
 

4. EXPERIMENTAL RESULTS 

In Fig. 3 we present the monthly variability of the 

PBLH during daytime (12:00 UTC) and nighttime 

(00:00 UTC), for the entire 5 years period of 

measurements (2011-2016), as estimated with the EKF 

technique from the EOLE lidar signals. During daytime 

measurements the mean PBLH value is found to be 

~1617±324 m, varying from 982 m (December) up to 
2090 m (July). During nighttime the PBLH is found to 

be stable with a mean value of ~892±130 m,  

 

Figure 3. Monthly variability of the PBLH (during 

daytime and nighttime) as estimated with the EKF 

technique from EOLE lidar signals (2011-2016). 

 

Figure 4. Monthly variability of the PBLH growth rate 

(during daytime and nighttime) as estimated with the 

EKF technique from EOLE lidar signals (2011-2016). 

The daytime measurements revealed that the growth rate 

of the PBLH presents a maximum of ~267 m h
-1

 during 

summer (Fig. 4), where the highest temperature and 

solar radiance values (measured at 12 m above ground 

level, as shown in Fig. 5, orange and blue lines 

respectively), were recorded for the studied time period. 

The PBLH along with its growth rate was found to be 

significantly lower compared to the corresponding 

values revealed during dust cases. More precisely, the 

mean growth rate of the PBLH was found to be about 

38.8 m h
-1

 lower during cases of dust particles 

suspended in the atmosphere over Athens, compared to 

the values presented without dust (Fig. 6).  

 

Figure 5. Monthly variability of the air temperature and 

solar radiation measured at 12 m above ground level in 

Athens (2011-2016). 

 

Figure 6. Monthly variability of the PBLH growth rate 

(during daytime) as estimated with EKF technique from 

EOLE lidar signals, during dust and non-dust cases over 

Athens (2011-2016). The error bars are computed from 

the standard deviation of estimated values within each 

month. 

The values of the PBLH estimated with the EKF 

technique were further compared to the estimates from 

other methods using lidar signals (i.e. variance, gradient, 

inflection, threshold, wavelet covariance methods) and 

radiosonde data (obtained by the Hellenic National 

Meteorological Service, HNMS), as shown in Table 1. 
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This Table shows that the PBLH derived from the EKF 

analysis gives the best correlation with the one derived 

from radiosonde data (R
2
=0.87 for lidar data obtained at 

12:00 UTC and R
2
=0.90 for lidar data averaged within a 

time interval of 30 min around 12:00 UTC: 12:00±0.30 
UTC). 

Table 1: PBLH comparison between radiosonde and 

lidar data based on various PBLH retrieving methods 

(correlation coefficient R
2 

calculated at 12:00 UTC, 

without (middle column) and with ±30 min temporal 
averaging (right-hand column)). 

 R
2
 

(12:00 

UTC) 

R
2
 

(12:00 UTC) 

 ±30 min. 
Threshold method 0.68 0.74 

Gradient 0.41 0.68 

Inflection point 0.26 0.62 

Variance 0.43 0.74 

Wavelet covariance 0.79 0.84 

EKF 0.87 0.90 

 

5. CONCLUSIONS 

We studied the temporal evolution of the PBLH over 

Athens, Greece for the period 2011-2016. We found a 

mean PBLH of 1617±324 m (12:00 UTC) and 892±130 
m (00:00 UTC). The PBLH growth rate was found to be 

~170±64 m h
-1 and 90±17 m h

-1
, during daytime and 

nighttime, respectively. We also found that the Kalman 

filter follows much better than the other techniques the 

PBLH temporal evolution; this is corroborated when 

compared to the PBLH derived from radiosonde data, 

where it showed the best correlation (R
2
=0.872 at 12:00 

UTC and R
2
=0.901) for 12:00±0.30 UTC). Thus, we 

can conclude that the EKF is the most suitable method 

for PBLH growth studies. 
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