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Abstract

Raw lidar signals are usually averaged over several successive shots to improve the signal to

noise ratio and the range altitude. However, the implicit hypothesis involved need to be

addressed for reliable long-term atmospheric monitoring. This study first deals with the

statistical nature of the lidar signals and described a procedure to check the consistency of the

photon-counting. This have been used on the signals of a lidar operating at The Observatory of

Haute-Provence (France) since 1979. The recent tests reveals that the counting follows the

expected theory by 10-20%.

Altitude range can be optimised in averaging some selected lidar returns based on signal and

noise levels. A procedure used at OHP that do not required any a-priori nor subjective

information, is described here. Averaging procedure is not a linear process when the

measurement is derived from a ratio of more than 2 independent signals. The impact of the non-

stationarity of lidar signal is addressed. Finally, averaging procedure need to consider the

variability of the measured parameter. A method based on the median changes is proposed to

derived independent optimised profiles. This procedure is applied on Raman water vapour

signals.
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1. Introduction

Lidar can provide continuous measurements during clear weather conditions in an autonomous

mode with even in some cases no continuous human supervision. Also most of the incoherent

lidar methods are based on a ratio of two simultaneous signals and thus immune to change in

instrumental and measurement conditions. These characteristics render the lidar a very

promising ground-instrument for climatological studies (Hauchecorne et al., 1991; Keckhut et

al., 1995; Ancellet and Beekmann, 1997; Guirlet et al., 1999) and for investigations high small

scale processes (Gille et al., 1991; Wilson et al., 1991; Gibson-Wilde et al.,1997) In opposite, in

situ measurements require calibration as a new instrument is used for each individual sounding

and instrumental changes (even minor) can disrupt the temporal continuity of the data series

(Karl et al., 1995; Keckhut et al., 1999) and are not always under control as most of these

sensors are commercial products.

Lidars, dedicated to probe the upper atmosphere from the upper troposphere to the mesopause,

detect the atmospheric information from very low signals and then the investigation of analogic

signals is not anymore possible. These lidar methods are based on direct detection and use a

photocounting detection. The advantage of a Photo-Counting System PCS consists in its ability

to reject most dark current pulses and to precisely measure low light levels. In this case of

photoncounting detection, lidar signals correspond to a histogram of backscattered photons. The

histogram step classes correspond to the vertical resolution. The statistical distribution of photon

pulses is expected to obey a Poisson distribution. The estimation of the statistical error

(dominant errors in lidar) is based on this assumption. So for realistic error estimates and for

long-term commitment it is quite important to check if the counting system is unbiased.

The lidar integration time is the result of a compromise between the range resolution, the

temporal resolution and the statistical uncertainty. The statistical nature of the incoherent laser

soundings requires (for a given altitude) raw data being integrated over a number of laser shots

to improve the uncertainty of the measurements. This is a well-known methodology in the lidar

community. However computed profiles are not independent to the averaging procedure. It

appears that for some reasons (developed hereafter) averaging is not only a matter of photon

noise reduction. The statistical uncertainties and the quality of lidar measurements are related to

instrumental characteristics and atmospheric conditions that can change on a daily basis but also

between two successive laser shots. This can happen due to the change in the transmission of the

system, detection efficiency, laser energy, atmospheric extinction, and the sky background noise.

Also, the integrated time for the measurements depends on the atmospheric variability under

consideration. When the period considered is too long, the retrieved profile may be a mix-up of

several atmospheric situations that would never occurred simultaneously in the real world. So,

the question about the data averaging and the data selection always arises when analysing

incoherent raw lidar data. This is particularly important when analysing a large amount of data or

a homogeneous analysis over a long period is required. Fair and unbiased criteria need to be

found and applied for reliable climatology and monitoring studies.
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This paper discusses the impact of data averaging criteria on lidar atmospheric measurements.

Also this publication propose to investigate individual raw data to cheek the consistency and the

reliability of the counting system. The different aspects of raw data investigations are illustrated

with several examples based on the lidar operations at the Observatory of Haute Provence in

France (OHP). The next section describes a typical photoncounting system and deals with the

statistical nature of the lidar signal. The third section is about the range altitude optimisation. The

fourth section is devoted to the stationarity of the lidar signals. Then in the final section the

integration time have been discussed in regards to the variability of the geophysical parameters

being measured.

PHD

HV

Photon

Cooling system

Discriminator level

Counter

Figure 1. Schematic of a photoncounting system

2. Statistical nature of the lidar signals

Data averaging methodology can not be separate from the photoncounting system and its

reliability. This section briefly describes a standard counting system and presents a

methodology to test the statistical nature of the lidar signals. Photon-Counting Systems (PCS)

are widely used as the detection method in lidar systems. A typical PCS (Figure 1) is composed

of a photomultiplier tube (PMT) that provide an electrical pulse corresponding to one photon

arriving on the photocathode. The probability that one photon generates an electrical pulse

depends on the wavelength and the voltage applied to the dynodes. Noise pulses know as the

dark current are also generated simultaneously. Amounts of dark currents depends on the design

of the PMT (thermoelectronic emissions, electron emission due to field effect, postimpulsion

effects) and impact from the surrounding environment (radioactivity, magnetic and electric

disturbances, humidity). Some of them can be reduced by cooling the PMT. One of the

techniques applied to reduce noise pulses used a discriminator. The Pulse Height Discriminator

(PHD) receives the pulse flow including a wide range of amplitude. This system gives as an

output some uniform square pulses from the PMT when the pulse amplitude rises from below to
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above the discriminator threshold. The pulse pile-up (noise or signal) due to the limited

bandwidth of the PHD and the different amplifier stages lead to a non-linear generation of the

calibrated pulses with respect to the signal and noise level. Finally, a system is used to count

these calibrated pulses during a chosen interval which corresponds to the vertical resolution of

the lidar.

The distribution of photons arriving on the photocathode is a statistical process. For a

« stationary » signal (statistical characteristics unchanged with time), the photon arrival times are

described by the well-known Poisson function. The variance of the photon distribution is

supposed from to the square of the mean count rate. The initial photon arrival rate distribution

(Omote, 1990; Donovan et al, 1993) get affected by many causes such as dark current pulses,

pulse pile-up, discriminator effect and electrical parasite pulses.

Figure 2. An example of a count distribution obtained with the
OHP lidar without laser signals.

In the altitude range where atmospheric signal is detected, the distribution of the lidar signal is

larger than that expected from the Poisson model deduced from the mean count rate by an

additional variance due to the temporal inhomogeneities in the density of atmospheric scatters. A

new method to analyse perturbations in vertical atmospheric profiles based on the variance of the

Rayleigh-Mie lidar signal have been proposed (Hauchecorne et al., 1994). In the altitude range

where geophysical signal is negligible with respect to the noise, lidar signals are expected to be

close to the theoretical Poisson distribution. However, possible causes of deviations to the

theoretical Poisson distribution are numerous. On OHP lidar signal the distribution of counts

follow a gaussian shape with however some differences with the theoretical envelop (Figure 2).

The ratio of the measured variance in the background range with the theoretical variance have

been calculated for our 5 channels of the Rayleigh-Mie-H2O lidar system at OHP (Figure 3a).

The variability is estimated as the sum of the square of individual count compared to the mean

for a constant illumination. In general, most of the discriminator levels and PM voltage are set to
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satisfy the compromise of minimising the noise and maximising the gain. For the Rayleigh-Mie-

H2O lidar system operated at OHP, the ratio between measured and theorical variance generally

lies between 0,9 to 1,2. More sophisticated methods and practical hints are described for

optimizing photoncounting systems (Funck, 1986). Perfect counting systems are probably

rarely achieved. However, this is a quite important factor to know as all the uncertainty estimates

are based on the hypothesis of having a perfect Poissonian counting. This increase of the width

of the distribution need to be considered for any estimates of measurement uncertainties. Our

own lidar experiment shows that 10 to 20 % deviation with theory can be expected. It appears

that the reduction of the bandwidth of the PCS used at OHP improves this ratio.

Figure 3. The ratio between the measured and the theorical variances of the noise for all the successive
measurements during the period between May 2 and July 25 1999 (a). The associated probability to have a
statistical distribution different than the previous days (b and c) and the number of files considered each
night (d). The plot c differs from the plot b as the reference distribution is reinitialised on the day 12 of
measurements. Vertical dashed lines indicate periods when the high voltage on the photomultiplier has
been decreased to 20 volts changing pulse size according to the discriminator level.

For a long term commitment and a continuous atmospheric monitoring,  it is important to check

if the counting is closed to a normal distribution and without any bias. The counting distribution

can be estimated in the altitude range where signals is negligible in comparison with noise. For

technical requirements photoncounts are averaged over a large number of laser shots. As the

number of count increases, the Poisson distribution tends to a normal distribution. It is possible
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to compare the distribution of counts for two successive nights of operation using the well-

known χ2 test. The ratio of the measured variance to the theorical one is shown as an example in

Figure 3. The normalised distribution on each individual day can be compared with the

distribution on previous measurements. The probability given by the χ2 test permits also to

suggest if modifications on the counting system or on anyother measurement conditions had

occured. A test on the impact on the counting distributions of PMT high voltage modifications

have been conducted. The high voltage applied on the dynodes of one channel have been

decreased twice by 20 volts along a serie of 25 successive days of measurement. This impacts

on the relative position of the pulse amplitude compare with the discriminator level and may

potentially impacts on the count distribution. Figure 3 shows that the ratio of measured versus

theorical variance of the signal change significantly as reveal by the χ2 test. Despite the

confidence test depends on the number of sampling available each day, this example shows that

some modifications of the counting system can be setected through this simple systematic tests.

One of the limit is found in the variability of the background. While it is several order of

magnitude smaller than the signal variability, there exists a low frequency variability mainly due

to the diurnal cycle and also due to the moon cycle. So if we consider long lidar records it is

required to take this variability into account.

3. Reduction of the statistical noise and the range optimization

The accuracy of a lidar measurement is given by the lidar S/N ratio that is related to the number

of count n and the background noise b due either resulting from the PMT dark current or from

the sky light background. The noise is estimated in the altitude range from which no

backscattered signal is expected (between gates J1 to J2). It is theoretically considered as a

constant over several millisecond and can be estimated as

b s z
j j

j
=

=
∑ ( )

1

2
(1)

More complex evaluations using linear, parabolic or exponential function have been performed

to take into account possible signal induced noise component in the background (Keckhut et al;,

1993; Godin et al., 1989). In all cases, the S/N can be analytically expressed as follow

S
N

n

n b
=

+
= −σ0

1 (2)
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with σ0 being the normalised statistical standard deviation in lidar returns. It is a measurement of

the uncertainty in the estimate of the average value of the returns and is inversely related to the

S/N ratio as indicated.

While higher merit functions (given by laser power-receiver aperture product as defined by

Keckhut et al; 1993) always improve the overall quality of the measurements, the data average

also contributes to improve the accuracy. The standard deviation of k successive measurements

can be improved compare to a single return by the square root of the number of measurements.

σ
σ

k
k

= 0
1 2

 (3)

So signal averaging allows to enhance considerably the measurement range in improving the

S/N ratio as the square root of the number of shots considered. For a typical 10Hz repetition

rate in an one-minute integration the signal/noise ratio is improved by a factor of 25 compare to

the signal/noise ratio of a single shot. The altitude range where a significant signal can be

detected is enhanced and the vertical profile is extended upward (Figure 4). This is quite

important for some measurements such as temperature derivation from Rayleigh scattering as it

requires an initialization at the top.

Figure 4. Temperature profiles calculated on March 11, 1998 on the period from 22:30 to 24:00
with the optimised algorithm of raw data selection ROLS (A), in averaging photon over the full
period (B) and in averaging the temperature profiles calculated with each individual raw data files
(C). Uncertainty estimates for each method is plotted on (D)
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Usually the selection procedure is achieved in determining two independent thresholds

associated at one hand with the signal level at a certain altitude and on the other hand with the

noise level. The averaging is performed when signal and noise rise, respectively, above and

below some apriori thresholds. This procedure is quite subjective and presents some limitations

as it depends on the instrument the weather conditions of the day. The ROLS (Range

Optimisation of incoherent photoncounting Lidar Systems) procedure has been developed for

improving the S/N ratio. The averaging is determined by a condition based  on the statistical

noise optimisation combining simultaneously the noise and the signal levels. The optimisation of

the S/N ratio is performed by comparing the contribution from each individual file to the average

(Annexe 1).

Figure 5. Evolution of the Rayleigh scattering signal on March 11, 1998 at
certain altitude (A) and of the noise (B) as a function of time. Filled symbols
indicate the records selected by the ROLS algorithm.

It appears from the Figure 5, that this optimisation differs from a procedure using two

independent thresholds. The main advantage of such a more sophisticated procedure is that it

does not require daily threshold adjustments. You can achived similar results with a manual data

selection. However, this procedure is valuable for long term commitments, as instruments and

mean weather conditions may know large changes. Also this procedure permits to analyse a

large data flow in a coherent manner and is a step further towards a more operational retrieval.

The S/N ratio depends on the altitude and the optimization of the statistical error is not insured

with the same set of data file for all the altitude levels. Due to the exponential decrease of the

signals with increasing altitude, the optimization of the averaging is more crucial at the higher

altitudes. So the chosen altitude for the optimisation need to be  located close to the top of the

profile.
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4. Stationarity of the lidar signals

As previously reported most of the incoherent lidar methods are based on a ratio of two

simultaneous signals to be free of long-term instrumental drifts. Ozone lidar through DIAL

technique uses the ratio of an absorbed and a non absorbed return signal (Megie et al., 1985),

temperature is derived from the ratio of density and pressure derive from the same signal

(Hauchecorne et al., 1980; Keckhut et al., 1990), particle scattering and trace gas sounding may

used the nitrogen Raman scattering as reference (Melfi et al., 1969; Ansmann et al., 1990;

Sherlock et al., 1999), resonant fluorescence is calibrated with Rayleigh scattering (Megie et al.,

1978) and spectral lidar are based on the ratio of the signals from at least two spectral bands

(Chanin et al., 1989; Nedeljkovic et al;, 1993; She et al., 1992; Souprayen et al., 1999). The

measurement range improved by temporal averaging is then correctly insured if each successive

estimates is supposed to be independent and signal fluctuations at one level purely random. In

practice, the fluctuations observed are also caused by instrumental or measurement conditions

such as fluctuations in the laser power, the noise background, the attenuation of the

atmosphere.....etc. In case of non stationary signals or noise levels, the ratio of the respective

average of the individual signals is not equivalent to the average of the individual ratios. This

may expressed analytically as

χ z
s z t b t

s z t b tt t

t s z t
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b t
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if s1(z,t), s2(z,t), b1(t) and b2(t) are not stationary signals with purely random fluctuations.

Technically stationarity reefers to properties which apply to a time serie when its statistical

characteristics remain unchanged on the period considered. The arrival time of the photons

obeys a Poisson processes and can by tested through cumulative counts (Figure 6). However,

for acquisition and storage reasons, ground-based systems, dedicated for probing the mean state

of the atmosphere, used data already averaged by electronic and software means. Mean

histograms are stored on typical time scale between 1-15 minutes. At this time scale the

instrumental and measurement conditions are not supposed to change much. However, for

measurement periods longer than minutes such non-random variability is sometime not

negligible and some deviations from the expected k1/2 improvement can be observed.
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Figure 6 .  Evolution on April 9, 1997 of a the
successive mean Rayleigh scattering counts (A), the
associated cumulative counts (B) and the
Kolmogorov-Smirnov probability test of continuity
(C). In this case the signal level was improved by an
operator improving the laser emission at that time.

5. Variability of the geophysical parameters

For stationary atmospheric conditions, the photons backscattered arrive into the counter

independently and the counting is a Poisson process. As discuss in section 3, the sampling

period must be chosen long enough for collecting a sufficient number of counts to be the best

statistical estimator of the concentration of molecules or particles. However, if the sampling

period is too long, information about variations of the local concentration is lost and the

stationary atmospheric hypothesis may be no more valid. This last issue is already considered

for cloud particule counter analysis (Davis et al., 1996). The condition of stationarity is widely

ignored in analysing atmospheric lidar data, but it may be of importance. Even the simplest

statistical properties such as variance and autocorrelation become at best ambiguous and at worst

meaningless if the data are non stationary. The computed variance based on the Poisson theory

(even if counting system are corrected for technical reasons expressed in section2 ) is under-

estimated in case of lidar as it is not only due to instrumental noise. This supplementary variance

due to atmospheric fluctuations is of particular importance for the interpretation of instrumental

intercomparisons. The integration time requires for lidar system presents the advantage of

preventing against aliasing effects induced by high frequency atmospheric fluctuations.

According to the Shanon theorem, lidar series are adequate for studying the variability larger

than 2 times the temporal resolution. For the study of wave processes, a regular sampling can be

used because it would clearly limit the bandwidth of the observed atmospheric fluctuations.
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However, as lidar observed a moving fluid, the atmospheric composition can changes suddenly

with a more random intermitent process. This is particularly pertinent for fronts and clouds

motions or for the transport of chemical component through long tongues observed at the mid-

latitude in the stratosphere or in the troposphere during stratospheric air intrusions. This need to

be considered carefully for providing pertinent climatologies. Lidar can run quasi continuously

(except miss-operation or rain conditions) and can then sampled inexpensively the atmosphere

with a very high rate over decades. One may found a way to take into account the precision

(related to integration time) and the main structures of the atmospheric variability at a

comparable time scale.

Figure 7. Evolution of the water vapour mixing ration on May 24 1999, given by the ratio of
water vapour and nitrogen Raman signals averaged over three different altitude ranges. Dashed lines
represents the periods when the median is found to be significantly unchanged.

In these cases the photoncounting can be considered as an inhomogeneous Poisson process

whose time-varying intensity are themselves governed by a process called the underlying

process. With a priori information about the underlying process that governs the changes of the

intensity (possibly random) non-linear estimation of molecular density can be derived as

described by Snyder and Miller (1991). The non linear estimation removes the noise inherent to

the counting process while preserving sharp discontinuities in the molecular density sounded.

However, for such analysis the sampling period is high and the interarrival times available. In

our case and as in most lidars dedicated for atmospheric monitoring, the averaging  time  is too
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large, raw information are already lost and atmospheric  fluctuations dominate. To get a fearly

reasonable compromise between accuracy and atmospheric variability, a possibility consist of

adjusting the integration time with the discontinuty of the flow sounded. An investigation of

individual data files based on a non-parametric test can be applied on the lidar profiles to detect

step wise changes. As an example, the water vapour mixing ratio Raman lidar measurements

(Sherlock et al., 1999) reported on Figure 7 reveals some clear sudden changes. Some of them

can be identified as statistically significant. The Wilcoxon-Mann-Whitney U-test (Siegel and

Castellan, 1988) that is a robust estimator that allows the detection of sudden significant changes

of the median was used for that purpose. Changes do not occurred in the same time according to

the altitude levels when using a ground-based instrument. The fact that this variability is not

barotropic is the main difficulties as lidar systems are intrinsically vertical profilers. This is a

strong constrain as lidar profile are deduced in using the whole height range. However, during

each night of measurements several periods between two significant changes were long enough

for providing water vapour mixing ratio profiles with a good accuracy (Figure 8).

Figure 8. Vertical profiles of water vapour by lidar obtained during the same night
of measurements on May 24, 1999 for three distinct periods when geophysical
changes of large vertical scales have been found significantly unchanged (quasi
stationary geophysical conditions) over three altitude levels.
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6. Discussion and conclusions

Lidar signals are small and more than one shot is usually required to provide an accurate vertical

profile. Raw lidar signals are usually based on photo-counting detection and successive returns

averaged to improve the signal to noise ration and the altitude range. This issue is quite

important for atmospheric monitoring as expected changes over decades are small and may be

masked by any bias in instrument designs and methodologies. This study address some

questions associated with hypothesis which are implicitly involved in lidar data averaging. It

includes :

•  photoncounting consistency

•  lidar signals selection for altitude range optimisation

•  stationarity of the lidar signals

•  adjustment of the averaging period with geophysical variability

To illustrate these issues, some methods applied on the OHP lidar have been described. These

are based on some well known statistical tests. The tests described here and associated with

averaging methodologies can be used and adapted for any other lidar measurements. It was not

the aim of this article to make a full review on this subject and many other tests may be

conducted to check hypothesis implicitly used when lidar signals are averaged. This first study

may induced further works in this direction and quantifications for some specific lidar

techniques.

Photoncounting systems are widely used for lidar but their consistency rarely reported. It is

quite important to evaluate them to be able to provide accurate uncertainties. Here we propose to

test the counting consistency with theory and time. The OHP system shows a 10-20 %

difference with the Poisson statistic theory. This is quite acceptable as we expect the cascade of

electronic devices and the discriminator level to impact the counting distribution. All noise

uncertainties for the OHP system need to be increase by this amount when noise is estimated

from the total number of averaged counts and the Poisson theory. Also an experience was

conducted with the OHP system showing that the counting distribution may be disturbed if the

discriminator level changes. A methodology to check counting consistency with time was

applied. It shows that statistical tests permit to detect some changes associated with the counting

system.

 Some specific lidar returns may be rejected with some simple tests as laser repetition rate used

nowadays are higher (10-100 Hz) to provide optimised profiles. The procedure used at OHP is

then based on some subjective criteria accounting simultaneous on noise and on signal levels

and permit to reject returns which will not improve the overall quality of the vertical profile.

The effect of signal stationarity of the measurements need to be considered when the

measurement is based on a ratio. This effect needs to be specifically addressed as it depends of

the levels of the noise and the signal involved in the measurements and the way they are

combined.
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The nature of the geophysical variability need to be considered when lidar signals are averaged

with time. For oscillating behaviour averaging period is related with time resolution and may

exhibit a regular sampling. However for step wise changes one may want to adjust averaging

time with the real abrupt transition between different air masses travelling above the instrument,

to provide realistic and accurate vertical profiles. Here a method based on the change of the

median was presented to illustrate this issue. More sophisticated methods will be developped in

the future such as non-parametric filtering procedures with probably some required adaptation

of the counting systems.
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Annexe. Description of the AROLS (Automatic Range Optimisation of Lidar Signals)

procedure

From the expression of the S/N ratio (2) the following conditional expression can be written:

file i is flagged for averaging if:

n b

n

n n b b

n n
s s

s

s i s i

s i
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<
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∑
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i
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∑

1

 being respectively the average of the signal at one level and the

average of the noise over the k considered files. It requires sometime several iterations as ns and

bs may changes after rejecting some files.

This procedure allows to get the optimised signal according to the mean conditions. However it

depends of the altitude considered as the signal follows the both additional functions of the

exponential decrease of the atmospheric density  and the altitude square decrease due to the solid

angle associated with the lidar geometry. Then one parameter is still required in this procedure

and correspond to the altitude where the accuracy is chosen to be optimised. The best

compromise is found for altitude ZOPT below but close to the top of the mean profile. In fact, the

procedure of selection is not based on the signal n(Z) at this altitude as it is often difficult to be

correctly estimated. In practice, the signal is estimated from a signal corresponding to an altitude

Z0 well below the required limit and range corrected with a scale height H of 7 km.
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