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ABSTRACT
We present the application of the Optimal
Estimation Method (OEM) to retrieve atmospheric temperatures from pure rotational Raman (PRR) backscatter lidar measurements. A
forward model (FM) is developed to retrieve
temperature and tested using synthetic measurements. The OEM offers many advantages for this analysis, including eliminating the
need to determine temperature calibration coefficients.
1

INTRODUCTION

The Raman lidar technique uses the pure rotational Raman (PRR) spectra of atmospheric
molecules to measure the temperature. The
PRR spectrum contains two branches called
Stokes and anti-Stokes. Both branches have approximately the same amplitude and they are
positioned symmetrically in wavenumber on either side of the excitation line. The traditional
Raman lidar temperature retrieval method, introduced by Cooney in 1972, used the ratio
of two signals from the lidar’s PRR channels
[1]. The traditional retrieval algorithm consists of smoothing raw lidar measurements, determining the lidar calibration function coefficients using ancillary measurements such as
those from radiosondes, and then calculating
temperatures and estimating the absolute and
relative uncertainties [2].
The most important capability of the Optimal
Estimation Method (OEM) is that it can directly retrieve the lidar constant along with the
temperatures from the raw lidar measurements.
The OEM also allows us to estimate both random and systematic uncertainties on a profileby-profile basis.

We use lidar measurements from the Raman Lidar for Meteorological Observations
(RALMO) located in Payerne, Switzerland
(46◦ 48′ N, 6◦ 56′ E). RALMO is a fully automated lidar developed by the Federal Insitute
of Technology in Lausane, EPFL, and operated
by MeteoSwiss. It has two PRR channels that
measure the Raman-shifted backscatter arising
from rotational energy state transitions in atmospheric nitrogen and oxygen molecules due to
excitation at the laser wavelength of 354.7 nm.
The High Quantum number channel (JH) in
the RALMO measures the backscattered signals from the energy exchange that occur in the
high quantum states in both Stokes and antiStokes branches while the Low Quantum number channel (JL) measures the signals from the
energy exchange occurring in the low quantum states. Detailed description of the RALMO
PRR system is given in Dinoev et al.[3].
Implementation of the OEM will be presented
in section 2.3. In section 3 retrievals from the
synthetic measurements are presented. Conclusions and future work are given in section 4.
2
2.1

METHODOLOGY
Basics of the OEM

The OEM is a regularized matrix inverse
method based on Bayes’ theorem. It requires a
knowledge of a forward model capable of predicting data if the model parameters are already
known. The variables that need to be estimated
are called state variables, and they are assembled into a state vector x . Similarly, measurements are assembled into a measurement vector y . Then the relationship between x and y is
described by the forward model F , which con-
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tains all the physical and instrumental factors
describing the measurements.
The general form of the forward model F is,
y = F (x, b) + ε

(1)

where b is a parameter vector including all
model variables and ε is an uncertainty vector
including contributions from random uncertainties in the measurements, in the forward model,
and in the model parameters. The state vector and the model parameters describe the atmosphere and the instrument measuring it. The
state vector contains all the parameters that are
to be retrieved. The model parameters contain all other parameters that are needed to fully
model the measurement but are not retrieved. In
the presence of measurement uncertainties (ε �=
0), a statistical estimate for the state vector (
x,
retrieved parameters) or the optimal solution of
x , can be obtained using an estimate of the a
priori state vector (xxa ) before the measurements
were made.
The cost function associated with the OEM
includes the measurement y, and its covariance S y , the forward model, the retrieved state,
model parameters, the a priori and its covariance S a :
y − F (x, b)]
cost = [yy − F ( x , b ) ]T S −1
y [y
T
x − x a ].
+[xx − x a ] S −1
a [x

(2)

If the forward model is non-linear the
Marquardt-Levenberg method can be used iteratively to minimize the cost. Further details of
the OEM are given in Rodgers [4].
2.2

Forward model

We use a forward model based on the Raman lidar equation, with the number density replaced
by pressure and temperature via the ideal gas
law [5]. The forward model for true counts
from both PRR channels is:

NRR,t (z) =

∗
CRR
z2

P(z)
Θ(z)σRR (T, z)×
kT (z)

CRR is the lidar calibration constant that includes transmitted photons, detector efficiency,
height resolution and the area of the telescope.
Θ(z) is the overlap function, P(z) is pressure,
T (z) is temperature. Γ2atm (z) is the atmospheric
transmission, BRR is the background noise and
z is the altitude. The backscatter coefficient
σRR (T, z) is given by:

σRR (T, z) =

dσ

∗
∑ ∑ ΓRR (Ji∗ )ηi ( dΩ )RR,i
Π (Ji ).

i=O2 ,N2 Ji

(4)
ΓRR (Ji ) is the transmission of the receiver at the
wavelength of the RR line Ji , η(i) is the relative
dσ RR,i
) (Ji )
volume abundance of N2 and O2 , (
dΩ Π
is the differential back-scatter cross section (depends on temperature), and the corresponding
quantum state is J.
For each channel RR can be replaced by JL and
∗ , B∗ and J ∗ have different values.
JH and CRR
RR
For a channel with a height-dependent background, BRR would then be a function of altitude, and the additional coefficients would be
included in the forward model.
The two lidar calibration constants CJL and CJH
can be related by:
CJH
R=
.
(5)
CJL
The ratio, R, is constant over long time periods where CJL and CJH are stable over hours
only. It is also independent of temperature and
allows us to retrieve only one lidar calibration
constant. R can be derived using:



Nt,JH − BJH
σJH (T, z)
(6)
R=
Nt,JL − BJL
σJL (T, z)
Based on the assumption of non-paralyzable
detectors, the true count profile can be transformed into the observed height profile using
the dead-time correction in Eq.(7):
Ntrue =

(3)

Γ2atm (z) + B∗RR .

2

Nobs
.
1 − Nobs γ

(7)

Currently we retrieve temperature, background
noise (that includes photomultiplier shot noise,
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and sky background) and the lidar calibration
constant CJL . As the measurements and retrieval grid spacings are relatively small compared to the height of the atmosphere, we use
linear interpolation between the two grids.
2.3

Implementation of the OEM

For this study we use the Qpack software package in Matlab implemented by Eriksson et
al.[6]. Qpack is a part of the ARTS model
used by the radiometer and microwave community. We use the Marquardt–Levenberg method
in Qpack to do non-linear retrievals. This also
allows us to retrieve parameters using an a priori considerably far from the true solution [7].
For the preliminary testing of the forward
model we use the US standard atmospheric
model as a priori knowledge. As discussed in
Eriksson et al. [6], when there is some correlation between the various quantities the respective covariance matrix should have non zero
off-diagonal elements. The correlation is provided by using correlation functions with a correlation length appropriate to the physical situation [7]. We use a tent function with a covariance length of 1 km for the temperature covariance.
We use measurements from both JL and JH
channels in the measurement vector and the covariance matrix S y is a diagonal matrix. With
the use of the Qpack OEM non-linear solver
the optimal solution is obtained minimizing the
cost.
3

temperatures. We can retrieve real temperatures
with 1 km vertical resolution up to about 15 km.
However, the sensitivity decreases with the increasing height. The sum of the averaging kernel shown in red should equal to unity where
the retrievals are accurate.

Figure 1: Synthetic measurements of JH and JL
channels, generated using the forward model in
Eq.(3).

RESULTS

We present the initial test results of the OEM
using the synthetic measurements.The US standard atmospheric model temperature and pressure profiles were used in the forward model
to generate the synthetic measurements shown
in Fig. 1. Poisson noise and a constant background were added to the synthetic measurements to make those similar to the 4 hours of integrated nighttime RALMO measurements obtained on 28th June 2011.
The averaging kernel in Fig. 2, shows the sensitivity of the retrieved temperatures to the true

3

Figure 2: The averaging kernel for temperature.
The red curve shows the sum of the kernels.

Fig. 3, shows the percent difference between
the synthetic measurement and the retrievals.
The difference between the measurements and
model is within the Poisson photoncount uncertainty. The lidar calibration constant was
retrieved with a percent difference less than
0.5% and the percent difference for the retrieved background is less than 3%.
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These results were produced by the OEM solver
after completing 5 iterations. The initial and
the final costs of the retrievals are 5.2566 and
0.6037 respectively.
4

Figure 3: Residuals between the forward model and
the measurements (blue curves). The red curves
show the variance of the measurements.

CONCLUSIONS AND OUTLOOK

The OEM has been shown to be able to successfully retrieve temperatures from the synthetic,
but realistic, pure rotational Raman-scatteringlidar measurements. The temperature retrievals
agree within 3 K up to 15 km with the true profile. The retrieval uncertainty and vertical resolution increase as shown by the averaging kernels. Currently background noise and the lidar calibration constant for the JL channel can
also be retrieved using the OEM with less than
3% uncertainty. We are currently in the process
of extending the retrieval to include dead time,
transmission and other parameters in addition
to temperature, with the goal of then applying
the retrieval to RALMO measurements and validating them.
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Figure 4: Figure on left shows the retrieved temperatures(red curve). The blue and green curves shows
the true and the a priori temperatures respectively.
Figure on the right shows the temperature residuals between retrieved and true states. Dashed line
shows the cutoff height of the retrievals

Fig. 4 (left), shows a comparison of the retrieved temperatures to the a priori and true
temperatures. In Fig. 4 (right), the difference
between the retrieved and the true temperature
profiles are shown. The uncertainty and temperature residuals increase with height. The retrieved and the true temperatures up to 15 km
agree within 3 K. As was seen in Fig. 3, the
sensitivity of the retrievals decrease after 15 km
and reach zero eventually. The retrieved temperatures start to fall back to the a priori state
from 21 km height. Therefore, the cutoff height
of the retrieval can be set around 21 km where
the averaging kernels is 0.9.
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