© 2021 IEEE. Personal use of this material is permitted. Permission from IEEE must be obtained for all other uses, in any current or future media, including
reprinting/republishing this material for advertising or promotional purposes,creating new collective works, for resale or redistribution to servers or lists, or
reuse of any copyrighted component of this work in other works. DOI 10.1109/TGRS.2020.3039689

Synergy of Raman lidar and modelled
temperature for relative humidity profiling:
assessment and uncertainty analysis
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Abstract— Relative humidity profiling using Raman lidars
requires simultaneous range-resolved temperature and pressure
data that are not always available. We propose and assess a
method based on the use of a locally retrieved atmospheric model
to estimate the temperature and pressure profiles. This model
relies on data from daily radiosonde launches at Barcelona during
a five-year long period (2015-2019). We have computed the rangeresolved error of the model when compared to the radiosonde
‘true’ temperature profiles. Then, we have calculated the induced
uncertainty in the recalculated relative humidity profiles, finding
that the standard deviation at 5 km is <15% for more than 80% of
the radiosoundings. We have applied the method to a set of lidar
measurements. We have first compared the resulting profiles with
lidar retrievals using radiosonde temperatures and we found
differences that are compatible with the previous statistical
analysis. We also compared them with in-situ radiosonde humidity
measurements, finding in this case bigger differences due to
additional sources of error. An uncertainty analysis shows that the
temperature model is the most significant error source below 4-5
kilometers. For higher altitudes, the noise of the Raman signals
may become the main contribution. We show that the resulting
uncertainty (commonly <15% below 5 km) is compatible with the
statistical analysis of the model and comparable with the ones
obtained using other instruments for temperature profiling. We
show that this method permits nocturnal lidar-based relative
humidity profiling with uncertainty estimation without the need of
measured atmospheric profiles.
Index Terms— Remote sensing, water vapor, relative humidity,
Raman lidar.
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I. INTRODUCTION

ater vapor plays an important role in many atmospheric
processes such as the earth’s radiative budget, energy
transport mechanisms or the greenhouse effect [1].
Furthermore, it has an important influence on cloud formation
and alters aerosols size and properties through hygroscopic
growth [2], modifying thus the atmospheric radiative forcing.
Atmospheric water vapor shows however great variability,
both in time and in space. An accurate study of its role in earth’s
atmospheric dynamics requires therefore highly-resolved
observations. Balloon-borne radiosondes provide accurate insitu water vapor measurements and they are widely used since
a long time, but they imply low temporal resolution (one or two
launches per day) and elevated costs [3]. Alternative remote
sensing techniques include the use of microwaves radiometers
[4], [5], lidar instruments, both Raman [6]–[8] and DIAL [9],
sun and star-photometers [10], [11], infrared spectrometers [12]
or GPS signals [13], each one of them with their own
advantages and drawbacks.
During the last decades Raman lidars have indeed emerged
as a powerful tool for profiling the atmospheric water vapor
content with high vertical and temporal resolution [6]–[8]. The
water vapor Raman lidar technique consists in measuring the
range-resolved rotational-vibrational Raman return of water
vapor and nitrogen molecules when they are illuminated with
laser radiation. The water vapor mixing ratio (WVMR),
representing the ratio between the mass of water vapor to the
mass of the dry air, is proportional to the ratio of both Raman
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returns and can be retrieved if an instrumental constant is
previously determined [14].
Relative humidity (RH), representing the ratio of the amount
of water vapor actually present in the air to the greatest amount
possible at the same temperature, stands however as the most
commonly used parameter to describe the water vapor content
of the atmosphere. For obtaining RH profiles from lidar
WVMR measurements, simultaneous, co-located temperature
and pressure altitude-resolved data are also required [14].
Available methods to measure atmospheric temperature
profiles include in-situ measurements, such as those performed
by balloon-borne radiosondes, and several remote sensing
techniques, either active such as radio acoustic sounding [15]
and pure rotational Raman lidar [16], [17], or passive like those
based on spectrally-resolved infrared and microwaves
radiometers [18], [19]. In principle, if none of these temperature
measurements is available, RH retrievals from Raman lidar
signals are not possible.
In this paper, we propose a method for overtaking this
inconvenient by using a local atmospheric model for
determining the temperature and pressure profiles, forced at the
ground with local surface temperature and pressure
measurements. This model will be applied in the lowest
atmospheric layers, where water vapor is present and lidar
measurements are feasible. The local atmospheric model that
we have used for obtaining the RH results presented in this
paper has been estimated from five-year long (from 2015 to
2019) local radiosonde data in Barcelona. The error made when
we use the local pressure and temperature models instead of the
in-situ radiosonde values (likely closer to the real values) has
been calculated for each radiosonde dataset as a function of
height. The range-resolved standard deviation of this error will
be later used, along with error propagation formulation, for
estimating the related uncertainty components in the lidar RH
retrievals. The lidar measurements have been performed using
the Raman lidar of the Universitat Politècnica de Catalunya
(UPC), an eight channels multispectral Raman lidar that is fully
described in [20]. For water vapor retrievals, the instrument
uses 355 nm illumination and the corresponding vibrorotational Raman returns from water vapor (407 nm) and
nitrogen (387 nm). The method has been applied only to
nighttime measurements. The UPC Raman lidar, which was
designed and is used mainly for aerosol measurement and
characterization, has important limitations for performing
daytime water-vapor measurements. The combination of a not
powerful laser source (60 mJ at 355 nm with 20 Hz PRF), a
complex polychromator, with six receiving channels (three
elastic and three Raman) and the use of relatively wide
interference filters (1 nm) provokes great additional
background noise, making impractical daytime Raman
measurements. Daytime water-vapor profiling using Raman
lidar is possible, but it requires optimized and specialized
features in the instrument configuration. As an example,
RALMO (Raman Lidar for Meteorological Observations),
developed in the Swiss Federal Institute of Technology,
Lausanne, and operated at the Aerological Station of Payerne
by MeteoSwiss [21], emits 300 mJ at 355 nm with 20 Hz PRF,
uses four telescopes and is equipped with a 0.33 nm bandwidth,
dedicated H2O, N2 and O2 grating polychromator. Feasible

upgrades of the UPC system that would likely permit daytime
water-vapor measurements are using narrower interference
filters, substituting the vibro-rotational N2 channel with a purerotational one (currently in testing stage) and upgrading the
laser source with a more powerful one. However, as it will
stated in section IV, when we use a temperature model like the
one presented here, daytime temperature estimations imply
additional uncertainties. The proposed method is therefore
useful mainly for nighttime retrievals and is well suited for
systems with the limitations of the UPC one.
In section II, the formulation for calculating RH from
WVMR, temperature and pressure is stated. Section III is
devoted to describe how the WVMR is obtained from lidar
Raman signals and how its uncertainty is calculated. In section
IV we present the atmospheric models for temperature and
pressure profiles that we will use to convert lidar-based WVMR
data into RH. We also analyze the corresponding uncertainty
and bias in the estimations. In section V, we make an error
propagation analysis and we derive RH uncertainty expressions
and its components. In section VI we present results of lidar RH
retrievals using the local atmospheric model, we analyze the
resulting uncertainty and we discuss the results.
II. RELATIVE HUMIDITY FROM WATER VAPOR MIXING RATIO,
TEMPERATURE AND PRESSURE

As mentioned in section I, the Raman lidar instrument is
capable of providing WVMR profiles from two detected Raman
signals. The RH profiles, RH ( R ) , can be then calculated using
the following definitions and formulation, from the WVMR and
the atmospheric temperature and pressure.
The RH of the air is defined as the ratio between the water
vapor pressure, e ( R ) , and the saturation water vapor pressure
at the gas temperature, eS ( R ) [22]:
RH ( R ) =

e( R)

eS ( R )

(1)

The saturation water vapor pressure depends on the air
temperature. Following Buck equations [23], [24]:


 

eS ( R ) =
a × exp  b −

T ( R) 

 T ( R ) 

 ,
d   c + T ( R ) 

(2)

where T ( R ) is given in ºC, eS ( R ) in hPa and a, b, c, d
are fitting coefficients that differ depending on the temperature
range (Table I).
TABLE I
FITTING COEFFICIENTS FOR SATURATION PRESSURE EQUATION
Coefficient

T > 0ºC

T < 0ºC

a (hPa)
b
c (ºC)
d (ºC)

6.1121
18.678
257.14
234.5

6.1115
23.036
279.82
333.7

In turn, the water-vapor pressure can be expressed as a
function of the WVMR, ω ( R ) , and the atmospheric pressure,
P ( R ) [22]:

=
e( R)

ω ( R) P ( R)

ω ( R) P ( R)
,
=
MW
0.622 + ω ( R )
+ ω ( R)
MA

(3)

where M W = 18.00 g mol is the molecular weight of H2O
and M A = 28.96 g mol is the mean molecular weight of air
molecules [25].
From Eqs. (1), (2) and (3) we obtain the RH as a function of
the WVMR, the temperature and the pressure.

ω ( R) P ( R)
  T ( R )  T ( R ) 
× exp  
− b
RH=
( R)

a 0.622 + ω ( R ) 
 c + T ( R ) 
  d

(4)

III. WATER VAPOR MIXING RATIO FROM LIDAR RAMAN
SIGNALS

As previously stated, the WVMR represents the ratio
between the mass of the water vapor in a given volume and the
mass of the dry air in the same volume. Considering the
molecular weight of H2O and air molecules (18 and 28.96
g/mol, respectively) and that the volume proportion of nitrogen
(N2) in the air is 78.08%, the mixing ratio in a given atmospheric
region, ω, can be written as

ω=

78.08 × 18.00 × NW
,
100 × 28.96 × N N

(5)

where NW and NN are respectively the number concentration
of water vapor and nitrogen molecules.
The detected voltage (or the count rate per bin, if photon
counting mode is used in the detection) in the nitrogen and
water vapor Raman channels of a lidar system from a given
range R, once diffuse sky radiation and “dark-current” offset
have been subtracted, is given by the lidar equation [26],
SX ( R)

E Ar c K X OX ( R ) N X ( R )

∂σ Xeff

∂Ω ×
2R2
(6)
 R

× exp − ∫ α ( r , λ0 ) + α ( r , λX )  dr  ,
 0


where X is either W or N (referring respectively to water
vapor and nitrogen channels); E is the energy of the emitted
pulse [J], λ0 is the emission wavelength [m]; Ar is the
receiving area [m2]; c is the speed of light [ms-1]; K X [N/W] is
an instrumental constant accounting for the overall
transmittance of the receiving optics, the detector responsivity
and the transducer constant, in each receiving channel; OX ( R )
is the overlap profile at each wavelength; the exponential term
accounts for the extinction during propagation of both the

emitted ( λ0 ) and the backscattered radiation ( λX ); ∂σ Xeff ∂Ω
is the effective differential Raman backscatter cross-section of
the species, which takes into account the selection of return
spectral lines produced in the interference filters [27], [28].
From Eqs. (5) and (6):
∂σ Neff
K N ON ( R ) ∂Ω SW ( R )
0.4853 ×
ω ( R) =
×
KW OW ( R ) ∂σ Weff S N ( R )
∂Ω
R


× exp  ∫ α ( r , λW ) − α ( r , λN )  dr  .
 0


(7)

Differences in extinction at both Raman frequencies, taken
into account in the exponential term of Eq. (7) can be neglected
in most common situations. Indeed, we have computed the
Rayleigh components using standard atmospheric models and
the difference is never above 3% for altitudes where water
vapor content is commonly meaningful. In turn, the aerosol
extinction component would produce significant errors only in
atmospheric regions with high content of aerosols (typically, if
aerosol optical depth (AOD) is bigger than 2) [14]. The overlap
functions ratio, ON ( R ) OW ( R ) , should in principle be equal to
one if only geometrical considerations are considered.
Nevertheless, in practice, a residual error profile, possibly due
to position-dependent efficiencies in optical components,
should be applied in the near range to the data [29]. If accurate
lower altitude water-vapor measurements were required, a
residual overlap correction function should be also determined
and applied to the retrieved water vapor profiles [29].
Unfortunately, as far as it requires the use of highly accurate
radiosonde data, spatially and temporally coincident with the
lidar measurements, a test like this is not possible in our station
(at least, for the reasons stated in section VI, with the degree of
confidence required to detect so small differences). In this
paper, to avoid errors in the near field, we present the lidar water
vapor retrievals only above 750 m, where overlap function at
355nm of the UPC system, estimated using the method
proposed by Wandinger and Ansmann [30], is already 0.98 and
the difference between overlaps at 387 and 407nm, if exists, is
likely very small. Under these restrictions, the WVMR can be
therefore obtained as the product of the ratio between the
signals corresponding to water vapor and nitrogen Raman
channels and a calibration factor, FCAL , that has to be
determined for each lidar system. The calibration factor
depends on both the effective Raman backscatter cross-sections
and the system constants in the Raman channels:
ω ( R ) = FCAL

with

SW ( R )
SN ( R )

,

(8)

∂σ Neff
=
FCAL 0.4853 × ∂Ω
∂σ Weff

KN
.
KW

(9)

∂Ω
Typical methods to derive the calibration factor, FCAL , are
based on comparisons with simultaneous, co-located
measurements from reference instruments, such as radiosondes
[2], [14], providing water-vapor profiles, or microwave
radiometers [31], [32], measuring the column-integrated water
vapor content. Other methods use calibrated sources of light
with known spectral features to determine the overall system
transmission at both Raman wavelengths [33], [27]. The
method applied in the UPC Raman lidar to determine the
calibration factor consists of determining both the effective
∂σ Neff ∂σ Weff
cross-sections ratio,
, and the system constants
∂Ω
∂Ω
ratio, K N KW , appearing in Eq. (5) [34]. For determining the
former term, the effective differential Raman backscatter crosssection of each channel is calculated as a summation of the
spectral lines corresponding to the rotational-vibrational
transitions, frequency selected by the respective interference
filter [27]. The ratio between system constants is determined
from diffuse sky radiation measurements in the nitrogen and the
water vapor channels of the lidar instrument. For obtaining the
system constants ratio from these measurements it is also
necessary to use a radiative transfer model (in our case, the
Global Atmospheric Model (GAME) [35]) and other auxiliary
measurements such as lidar extinction, sun photometer and
meteorological variables for estimating the sky spectral
radiances at both wavelengths.
Uncertainty in lidar retrievals of the water vapor mixing
ratio, σ ω , can be calculated in each case using the classic
formulation for error propagation [36] and taking into account
Eq. (8):
2

2

2

 ∂ω  2
 ∂ω  2  ∂ω  2
σ ω= 
 σ FCAL + 
 σ SW + 
 σ SN =
 ∂FCAL 
 ∂SW 
 ∂S N 
2

 σ F  2  σ S  2  σ S  2 
2
ω ⋅  CAL  +  W  +  N   ,
=
 FCAL   SW   S N  

(10)

where σ S2N and σ S2W are the noise variances of both lidar
signals at each retrieval altitude and σ FCAL is a statistical error
assigned to the calibration factor, which for the UPC Raman
system has been estimated to be 5.5% [34].
IV. A MODEL FOR TEMPERATURE AND PRESSURE AS A
FUNCTION OF HEIGHT

The U.S. Standard Atmosphere 1976 [37] states that, regarding
the variation of the molecular-scale temperature with height, the
atmosphere can be schematically divided in six regions where
a linear approximation can be made. The temperature gradient
T ( R ) within each one of the layers can be then expressed as:
T ( R=
) T ( R0 ) + LMi × ( R − R0 ) .

(11)

Where LMi is the linear temperature lapse-rate in layer i, and
R0 is a reference altitude. The lowest of these layers, ranging
from ground to 11 km, includes the whole region where lidar
water vapor measurements will be performed. According to the
U.S. Standard Atmosphere 1976, the lapse-rate in this lowest
layer of the simplified model is LM 1 = −6.5 K km . If R0 is
taken at the ground, where surface temperature is easily
obtained, the temperature at any height in the first 11 km of the
atmosphere can be estimated.
The UPC Raman lidar is operating in Barcelona, where
radiosoundings are launched twice a day: one at midnight
(00:00 UTC) and the second one at noon (12:00 UTC). In order
to take advantage of this information for our RH retrievals, we
have used a dataset corresponding to five years of radiosonde
temperature profiles (2015 to 2019) and we have analyzed the
lapse-rate for obtaining a more accurate local temperature
model. When a conventional linear fit is applied to the available
five yearlong Barcelona radiosonde temperature profiles in the
first 11 km, the mean lapse-rate results to be very similar, at
both nighttime and daytime, to the one provided by the U.S.
Standard Atmosphere 1976 (−6.69 K/km at 00:00 UTC and
−6.70 K/km at 12:00 UTC). The UPC Raman lidar, however,
performs water vapor measurements only up to 5 km (at that
height, water vapor content is usually low and Raman signals
are, in the case of the UPC instrument, too noisy for precise
lidar water vapor retrievals). When the same procedure is
applied to this altitude range, the retrieved lapse-rates are lower,
but they still do not show significant discrepancy between night
and day (−5.82 K/km at 00:00 UTC and −5.79 K/km at 12:00
UTC). Nevertheless, if the linear fit is performed forcing the
intercept at the measured surface temperature, the mean lapserate at noon, contrary to what happens at midnight, differs
noticeably from the one obtained without surface intercept
(−5.47 K/km at 00:00 UTC and −6.48 K/km at 12:00 UTC).
This would indicate a significantly bigger temperature gradient
in the mixed surface layer during the day due to transfer from
solar heating of the ground to the atmosphere. At night, the
surface cools by infrared radiation and the air near the surface
becomes stable [38]. Indeed, if we calculate the lapse-rate from
0.3 km (a reasonable value for the depth of the nocturnal stable
boundary layer) to 5 km, results are still virtually independent
on the time of the day (−5.84 K/km at midnight and −5.77 K/km
at noon); but if we use these values to estimate the temperature
at the surface and we compare it with the measured one, we find
that the mean difference is important for noon profiles (−2.15
K) and small for midnight ones (+0.39 K). As a consequence, if
the only available in-situ measured variable is the surface value,
estimations of temperature profiles during the day result
problematic. We propose therefore an only-nocturnal
temperature model, using the lapse-rate calculated in the first 5
km at midnight, with intercept at the measured surface
temperature (−5.47 K/km). Although we do not have
radiosonde data to confirm it, the fact that during the night the
ground is not heated by the sun, along with the consequent
typical nocturnal stable stratification of the boundary layer [38],
makes us assume that this value of the lapse-rate will be valid
at any time between midnight, when the ground has already
cooled down, and sunrise.

Of course, when a modelled temperature is used for
calculating the RH, we are introducing an error. We have
determined the temperature uncertainty of this estimation, as a
function of the altitude, as the standard deviation when all the
five-year radiosonde profiles (2015-2019) are compared with
the corresponding modelled linear profiles. Fig. 1 shows this
range-resolved uncertainty, which will be used, along with the
classic formulation for error propagation, to calculate the
contribution of the temperature expected error to the total
uncertainty in each nighttime lidar-based RH retrieval
performed in Barcelona. We have also calculated and plotted in
Fig. 1 the range-resolved bias of the temperature estimation. We
will use this information for properly locating the error bars in
the retrieved RH profiles.
In order to estimate the impact of this temperature
uncertainty and bias on the calculation of the RH, isolated from
errors in the rest of variables of Eq. (4) (pressure and lidar-based
WVMR), we have calculated, for each radiosonde dataset, the
WVMR profile using measured RH, temperature and pressure.
Then, using the modelled temperatures, we have re-calculated
the RH profiles and we have compared them with the measured
radiosonde ones to obtain the temperature-induced uncertainty
and bias of the RH estimation. (Fig. 2).
Temp. uncertainty and bias vs altitude

4

RH uncertainty grows from zero to about 12% (RH units) in
the lowest 3 km and then stabilizes up to 5 km. In order to give
an idea about the way the RH errors distribute, Fig. 3 shows the
histogram, over 1776 nocturnal profiles, of the differences
between modelled and real values at two different altitudes (1
km and 5 km). In turn, Fig. 4 shows, for the same two altitudes,
the cumulative distribution function of the estimated RH,
displaying the percentage of cases for which the error does not
overpass a given value.
We can see in the histograms that at 5 km we have bigger
errors than at 1 km (the dispersion of bars is wider) but, at the
same time, a bigger concentration of errors next to zero. That is
also reflected in the shape of the cumulative distribution
functions, where the curve at 5 km takes bigger values for low
errors (< 8 %). This is because at higher altitudes there are more
cases with low RH, for which the absolute error is always small.
For the rest of cases, with bigger RH, the error tends to be
greater at higher altitudes. We can observe however that, as an
upper bound, the RH uncertainty at 5 km remains below 15%
for 80% of the cases and below 10% for 70% of them. In turn,
at 1 km, the expected error is below 15% for more than 90% of
the analyzed profiles and below 10% for 75% of them. These
figures show that the model may be useful for a significant
amount of cases in the range of altitudes of interest.
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Fig. 1. Uncertainty and bias of the linear model of temperature as a function
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Fig. 2. Uncertainty and bias of the RH retrieved using the linear model of
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Regarding the atmospheric pressure, according to the U.S.
Standard Atmosphere 1976 report [37] it can be estimated
below 11 km altitude using the following expression:

P ( R ) = P ( R0 )



T ( R0 )


 T ( R0 ) + LM 1 ( R − R0 ) 

−34.1633
LM 1

(12)

Where LM 1 (K/km) is the lapse-rate of the linear
temperature gradient applied to the lowest atmospheric layer,
where water vapor measurements will be performed and which
local value in our case, according our temperature model, is
equal to −5.47 K/km. If R0 is taken at the ground, temperature,
T ( R0 ) , and pressure,

P ( R0 ) , are easily measurable.

Atmospheric pressure gradient follows a very regular law,
which is predicted by models with much higher accuracy than
temperature. When we superimpose real and modeled profiles,
lines are indeed almost indistinguishable. We have however
performed the same error analysis made in this section for
temperature and we have obtained a maximum expected error
of 3.5 hPa at 5 km, which correspond to an uncertainty about
0.06%. This result leads us to consider from now on that the
uncertainty in the RH due to errors in the modeled pressure is
negligible.
V. ERROR PROPAGATION IN RELATIVE HUMIDITY LIDAR
MEASUREMENTS

According to Eq.(4), lidar RH can be obtained from water
vapor mixing ratio, ω ( R ) , temperature, T ( R ) , and pressure,
P ( R ) , simultaneous profiles. Expected errors in each one of

these variables, σ ω , σ T and σ P will have a contribution to the
RH uncertainty, σ RH . In section IV, however, we arrived to the
conclusion that the contribution of the pressure component can
be neglected. The classic formulation for error propagation
permits computing the effect of each error source.
2

 ∂RH  2
2
=
σ RH
 σω
 ∂ω 

2

2

 ∂RH  2  ∂RH  2
+
 σT + 
 σP ≈
 ∂T 
 ∂P 
2

2

 ∂RH  2  ∂RH  2
≈
 σω + 
 σT
 ∂ω 
 ∂T 

(13)

WVMR uncertainty is computed in each retrieval, as stated
in section III, using Eq. (10). In turn, the range-resolved
temperature uncertainty, σ T , has been estimated using the
procedure presented in section IV from the five-year Barcelona
radiosondes data.
Derivatives in Eq. (13) are calculated taking into account
Eq.(4), and they result to be:

0.622 P ( R )
∂RH
=
2
∂ω
eS ( R ) 0.622 + ω ( R ) 
RH ( R )
∂RH
=
2
∂T
c + T ( R ) 

T ( R)


 2c + T ( R )  
b ⋅ c −
d



(14)

(15)

VI. LIDAR RESULTS
We have applied the method to lidar measurements made
with the UPC Raman lidar instrument, which is located in
Barcelona (Spain), in an urban environment, at the bottom of a
500 m altitude mountain range and at a distance of 5 km from
the Mediterranean Sea. Lidar water-vapor measurements have
been performed with 150-min integration time and a range
resolution of 100 m. Radiosondes used as reference for
discussion of the results are launched by the Catalonian
Meteorological Service at 00:00 UTC from a location separated
700 m from the lidar station. Fig. 5 shows four cases of
representative RH retrievals (2015/12/11 at 00:46 (a),
2016/01/28 at 00:45 UTC (b), 2016/06/20 at 00:47 (c) and
2016/09/17 at 00:46 (d)). In each plot, three RH profiles are
superimposed. The first one (bold black line) represents the RH
retrieved from lidar measurements of WVMR and modelled
temperature and pressure profiles, the second one (gray line)
shows the RH, also from lidar WVMR, but using in-situ
radiosonde temperature and pressure data and in the third one
(thin black line) we present the RH profile measured by the
radiosonde. The uncertainty of the RH retrievals (the ones
obtained from lidar WVMR and modeled atmospheric
variables), calculated using Eqs. (13)-(15), is also plotted in
each case as error bars, which have been superimposed to the
lidar retrievals taking into account the range-resolved bias
obtained in the statistical analysis included in section IV and
plotted in Fig. 1. Besides the four cases that have been plotted
as representative examples, we have also analyzed 20 nocturnal
RH lidar retrievals, performed between November 2014 and
March 2017, the results of which are provided too.
A. Differences between RH profiles
The first comparison to be discussed is the one between both
lidar-based profiles: the one using modelled temperature (bold
black line) and the one using real radiosonde temperature (grey
line). It permits to assess the error induced exclusively by the
use of modeled temperature profiles −instead of in-situ
radiosonde ones− in a lidar WVMR-based retrieval (Eq. (4)).
The separation in each case between profiles, defined as the
mean absolute difference (in terms of absolute values of RH) in
the range of interest (0.75 - 5km), is shown in Table II for the
lidar retrievals of Fig. 5 and, as a mean value, for the 20
available lidar cases.
TABLE II

SEPARATION BETWEEN LIDAR RH PROFILES
(MODELLED VS RADIOSONDE TEMPERATURE)

Lidar case

Lidar + radiosonde T
vs Lidar + modelled T

(a)
(b)
(c)
(d)
20 cases

1.70%
12.12%
6.01%
7.90%
6.99%

The shape of both lidar-based profiles is very similar in all
the cases. Figures of Table II, indicating mainly level
differences, depend on the error made in each particular case by
the temperature model. For instance, the separation between
profiles is particularly big in case (b) (mean absolute difference
of 12.12%). This would indicate that in this case the local
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Fig. 6. Relative humidity profiles corresponding to (a) December 11, 2015, at 00:46 UTC, (b) January 28, 2016, at 00:45 UTC, (c) June 20, 2016, at 00:47
UTC, and (d) September 17, 2016, at 00:46 UTC, where lidar retrievals using both modeled and real temperature and pressure, and profiles from radiosonde
data are superimposed. The RH estimated uncertainty (when lidar and models are used) is also plotted as error bars.
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atmospheric model is not accurately estimating the real
temperature profile. When we analyze the 20 available
nocturnal RH lidar retrievals, we find that the mean value of
this separation is 6.99%, with a maximum of 13.82% and a
minimum of 1.70% (corresponding to the case (a)). We have
also used the 20 lidar cases for calculating the range-resolved
uncertainty (standard deviation) when modelled −instead of real
radiosonde− temperature is used. Although the number of total
available lidar cases is surely not big enough for a concluding
statistical statement, it can be said that the result is compatible
with the analysis of the radiosoundings-based, temperatureinduced RH errors, presented in section IV. Indeed, Fig. 6
shows both the RH uncertainty profile obtained from 1776
radiosoundings, already shown in Fig. 2, and the one obtained
from the 20 lidar retrievals. Although the lidar curve is not so
smooth, both profiles take very similar values in the whole
range of interest. When we calculate the separation (mean
absolute difference in the first 5 km) between the real RH
radiosonde profiles and the ones reconstructed with modelled
temperatures for the 1776 radiosoundings, we obtain a mean
value of 7.90%, which is also compatible with the mean
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Fig. 5. Standard deviation between RH profiles calculated with real and
modelled temperature.

separation between RH lidar retrievals using respectively real
and modelled temperatures that is listed in Table II (6.99%).
This comparison can be made because in both cases the error
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In turn, when we compare the lidar RH retrievals using real
(radiosonde) temperature information (gray line) and the
radiosonde RH profiles (thin black line) we are assessing the
accuracy of the lidar WVMR-based retrievals, avoiding the
effect of the temperature estimation, which is this case is in situ
measured by the radiosonde. Here, differences are due first to
errors in both the lidar and the radiosonde measurements.
Moreover, as it will be stated later on, radiosonde profiles taken
as reference (at least the ones available for this study) may carry
inaccuracies that are related with particular launching and
atmospheric conditions. These inaccuracies are in principle not
predictable, difficult to characterize and can be significantly

good example of this is indeed the measurement of June 20,

Altitude (km)

arises in principle exclusively from the use of the temperature
model presented in section IV.

2
1

1
0

0

TABLE III
SEPARATION BETWEEN LIDAR RH WITH RADIOSONDE
TEMPERATURE AND RADIOSONDE RH PROFILES

(a)
(b)
(c)
(d)
20 cases

1.99%
8.40%
17.51%
8.09%
11.85%

bigger than instrumental errors. Table III shows the mean
absolute differences in the first 5 km if this comparison is made
with the four lidar cases plotted in Fig. 5 and, averaged, for the
20 available lidar cases.
If we analyze the set of 20 available cases, the average
separation between profiles is 11.85 %, with a maximum
absolute difference of 17.52 % and a minimum one of 1.99 %.
As mentioned above, the wide range of profile differences in
this set of cases is partly related to the long integration time, to
conditions in the radiosonde launching and to the atmospheric
situation in each case. This is particularly evident in case (c), in
which profiles show very good coincidence up to 2.3 km (mean
absolute difference of 3.36%), but above that height, radiosonde
and lidar seems to provide very different data, provoking the
big overall difference (17.51%). In this case, it seems that the
radiosonde is detecting a cloud (RH ≈ 100%) that was present
in its trajectory, between 2.5 and 3.2 km, at 00:00 UTC, but not
over the lidar location at the time of the measurement. That is
possible because both temporal and spatial coincidence
between radiosonde launching and lidar acquisition were not
perfect. First, the radiosonde was launched at 00:00 UTC and
reached 5 km altitude after 22 minutes, whereas the lidar
measurement, which was synchronized with CALIPSO
overpasses [39], started at 00:47 UTC and finished at 03:17
UTC (150 minutes). Spatial coincidence was not either perfect:
besides the separation of almost 1 km between the lidar station
and the launching site, after an ascent of 5 km, the radiosonde
balloon had horizontally drifted almost 10 km and was over the
sea. This is an extreme situation, but in general, even in the case
of perfect temporal and spatial coincidence between
measurements, the use of radiosondes as reference for lidar
retrievals can introduce errors due to the long integration time
of lidar signals and eventual fast changes in the atmosphere. A
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Fig. 7. (a) Lidar water-vapor mixing ratio evolution in June 20, 2016, from
00:47 to 3:17 UTC. (b) WVMR profiles averaged every 30 consecutive
minutes. Time assignments to the lidar retrievals correspond to the middle of
the averaged intervals.

2016 (case (c)). Fig. 7 shows the evolution of the lowest water
vapor layer during the lidar measurement, represented in terms
of WVMR (the only RH component that can be traced in time),
corresponding to this case. The upper plot (a) corresponds to a
curtain color plot during the measurement duration, with 200 m
and 2 minutes resolution, while in the lower one (b), the
WVMR 150-min integrated profile is split into 30-min
retrievals. In both of them, it can be observed how the top height
of the main water-vapor layer drops down from 2.5 km to 2 km
during the lidar acquisition.
TABLE IV

SEPARATION BETWEEN LIDAR RH WITH MODELLED
TEMPERATURE AND RADIOSONDE RH PROFILES

Lidar case

Lidar + modelled T
vs radiosonde RH

(a)
(b)
(c)
(d)
20 cases

2.66%
17.23%
22.56%
14.77%
14.19%

Finally, the comparison between the RH lidar retrievals using
the modelled temperature (black bold line) and the RH in situ
measured by the radiosonde (black thin line) gives the figures
of Table IV for the cases used as examples.
Differences in these comparisons are, as expected, greater
than in both previous ones because they include errors due both
to the temperature estimation (like differences in Table II) and
to the lidar and radiosonde measurements and launching,
integration and atmospheric conditions (like differences in
Table III). The mean separation in the 20 analyzed lidar cases
is 14.19%, being the biggest one 22.56%, corresponding to case
(c) and the smallest one 2.66%, which is the one produced in
case (a).
B. Uncertainty components of the RH lidar-based retrievals
obtained with modelled temperature
Fig. 8 presents the RH estimated uncertainty (bold black line)
when lidar WVMR-based retrievals and modelled atmospheric
variables are used to compute, following Eqs. (13), (14) and
(15), the RH. The components associated with each identified

source of error are also separately plotted, namely the lidar
WVMR-related component (black thin line) and the
temperature-related one (grey line). The pressure component,
as stated in section IV, has been neglected. The uncertainty in
the cases calculated in Fig. 5 is always below 15%, except in
case (b), where, for altitudes above 3 km and being consistent
with Eq. (10), noisy lidar signals together with high water-vapor
content make the WVMR uncertainty and as a consequence the
corresponding RH component taking greater values.
The dominant source of error in all the cases below 4-5 km
is the error associated with the temperature estimation, which,
in all the analyzed cases, takes maximum values close to 15%.
As the altitude grows, one can observe that the contribution of
the lidar component may grow due to the noisier Raman signals
if the water-vapor content is still big, while the temperature
uncertainty component, as seen in section IV, shows more
stable values. For higher altitudes, the error associated with the
lidar retrievals would therefore likely become the main
contribution to the total RH uncertainty.
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Fig. 8. RH uncertainty and its components, calculated following Eqs. (13), (14) and (15), corresponding to lidar-based retrievals using modelled temperature
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The use of modelled –instead of real– atmospheric variables
makes obviously the uncertainty increase, but permits to obtain
estimations of the RH when alternative measurement
instruments are not available. The error quantification and
propagation analysis made in in sections IV and V allows
however to determine the uncertainty of the RH retrievals.
Alternative methods to measure the temperature profiles, such
as those related in section I, are not either errorless. Their use
implies also uncertainties that will be propagated to the RH
profiles. In the RH lidar retrievals presented by Mattis et al [14],
who used lidar temperature measurements to convert WVMR
into RH, the contribution of the temperature uncertainty was
also the biggest term, reaching similar maximum values (~1520%). In this case, these maximum errors occurred at low
altitudes (~2 km) and they were due to imperfections in the lidar
instrument that obliged to correct the temperature
measurements in the short range. Navas-Guzmán et al [8] also
presented RH lidar retrievals, using in this case temperature
measurements by a microwaves radiometer. The temperature
uncertainty was smaller than 1.5 K for altitudes below 4 km and
reached 2.1 K between 4 and 5 km (due to the decreasing
resolution of the radiometer temperature measurements with
height). These errors resulted in a RH uncertainty lower than
6% below 4 km that could arrive to 19% between 4 and 5 km
altitude. Labzovskii et al. [40] assessed lidar based RH
retrievals using both a microwaves radiometer and the Weather
Research and Forecasting (WRF) model for temperature
profiling. In the case of the radiometer-based temperature
measurements, the temperature-related uncertainty of the RH
arrived to 14% in some atmospheric layers. The WRF
simulations approach showed a better performance, limiting the
maximum temperature-associated statistical error to 4-5 %.
VII.

CONCLUSIONS

In this paper we have presented a procedure for obtaining
nocturnal RH profiles from Raman lidar signals and surface
atmospheric variables. Temperature and pressure profiles,
which are necessary to retrieve RH from lidar signals, are
estimated using ground values and a local atmospheric model
that has been retrieved from long term (in our case 5-year-long)
radiosounding data in Barcelona. We have used the 1776
radiosoundings dataset for characterizing the statistical error
made when this temperature model is used, and we have
calculated how it propagates to the RH by reconstructing the
radiosonde profiles using modelled temperatures. We have
found that, in most of the radiosoundings (80%), the absolute
temperature-induced error of the reconstructed RH, at any
altitude between 0 and 5 km, results to be lower than 15%. We
also have derived the formulation needed for propagating the
expected error of the temperature model to the overall RH
uncertainty in lidar-based retrievals. This method allows
obtaining RH profiles, along with their associated uncertainty,
when no other remote sensing instrument for measuring
temperature and pressure profiles are available. The procedure
described in this paper could be applied in other locations as far
as a big enough dataset of radiosoundings is available for
obtaining the optimal lapse-rate and statistically characterizing

the errors associated to the model. If this is not possible, the use
of the lapse-rate provided by the US Standard Atmosphere (-6.5
deg/km) could be a solution, but in such case, uncertainty
figures cannot be estimated. RH lidar retrievals using the local
temperature model have been compared both with lidar-based
retrievals using in-situ (radiosonde) temperatures and with insitu (radiosonde) RH measurements. Uncertainties in the lidar
retrievals due to the temperature estimation show good
agreement with the analysis carried on in section IV using the
available radiosondes data. Although for different reasons
stated in section VI, radiosonde measurements of RH and
temperature are not always reliable as reference data, results
show that lidar retrievals using the local temperature model give
acceptable estimations of the RH profiles. Mean absolute
differences with respect in-situ radiosonde RH measurements
along the first 5 km range from 2.66% to 22.56%, depending on
the conditions of the particular case. Differences in these
comparisons arise from the error of the model temperature
estimation, from errors in the lidar and radiosonde
measurements, and, at least under our measuring conditions,
from uncontrolled issues related to the use of radiosondes as
reference. When we focus on temperature-induced uncertainty,
estimated figures (< 15% in the first 5 km) are acceptable if we
compare them with some of the alternative methods used to
obtain temperature profiles. A further analysis of the different
components affecting the RH uncertainty has revealed that at
low altitudes the temperature component is the dominant source
of error and as height grows the lidar-retrieved WVMR
uncertainty, due mainly to Raman signals noise, progressively
grows becoming the main uncertainty component (in our case
from about 5 km).
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