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Lecture 17. Lidar Data Inversion (1)

 Introduction of data inversion

] Basic ideas (clues) for lidar data inversion
J Preprocess

 Profile process

1 Main process (next lecture)

J Summary
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From Raw Data to Physical

Parameters
PMC, PSC, Aerosols
T (R) Constituent Density
Sporadic Layers
VR (R) Meteors
Climatology
Raw Data > e (R) — GWs, Tides, PWs
N¢ (R) B (R) Momentum Flux
Heat Flux
6 (R) Constituent Flux
...... Instability
Data Inversion Data Analysis
& Error Analysis & Interpretation

Data Retrieval Science Study
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Example Lidar Raw Signal

Raw Data Profiles for 3-Frequency Na Doppler Lidar
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Introduction: Lidar Data Inversion

 Lidar data inversion deals with the problems of how to
derive meaningful physical parameters from raw data.

J Raw data are usually a column or a row of photon counts,
where the positions of photon counts in the column or row
mark their time bins, thus the ranges or heights.

J Data inversion is basically a reverse procedure to the
development of lidar equation.

J It is necessary to understand the detailed physical
procedure from light transmitting, fo light propagation, to
light interaction with objects, and to light detection, in order
to conduct data inversion correctly.

1 In this lecture we discuss the data inversion for Na
Doppler lidar (K and Fe lidar would be similar).
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Basuc Clue: Lidar Equation & Solution

J From lidar equation and its solution to derive preprocess
procedure of lidar data inversion
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Basic Clue: Ratio Computation

1 From physics, we calculate the ratios of RT and RW as

_ Oy (J452) + 0 (.2 Ry = 7 (f4:2) =Oppr (f-.2)

Ry
Oofr (f452) Oofr (f452)

J From actual photon counts, we calculate the ratios as

R = Nnorm (f+2) + Nnopm (f-,2)
! NNorm(fa ,2)

Ns(fo)=Ng 2> 1 nmp@ | [ Ns(f.)-Ng 2 1 ng(2)
_\Ns(f4.zr) - Np 2p” T2(fo.2) mrR(GzR) | \ Ns(foszr)=Np zp° T2(f..2) "r(ZR)
Ns(fs2)-Np z° 1 ng(@)

Ng(fq-2r) - Np sz TC2(fa,z) ng(zg)

R = NNorm (f4,2) = Nnorm (f.,2)
" Nnorm (Jq»2)

Ng(fy.2)-Ng 2> 1 ng@ | [ Ns(£.2)-Ng 2> 1 np2) |
B Ng(fy.z2r) - Np ZRZ Tcz(f+,z) ng(zr) | \ Ng(f_,zp)—Np sz Tcz(f_,z) nr(zg)
Ng(f,.2)—Np z? 1 _ ng(2)

Ng(f4.2r)—Np sz T2(f,.z) "r(zR)
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Basuc Clue: T, Vi, n., or B Derivation

(d Compute actual ratios RT and RW from photon counts, and then look up
these two ratios on the calibration curves to infer ’rhe correspondlng
Temperature and Wind from isoline/isogram.

+100m/s
280K

d If there is only RT ratio, then infer the
temperature from the calibration curve, like the
Fe Boltzmann lidar case.

=(N,+N)/N,

Ry

-0.2 0.4
Ry (N N)/N

[ Constituent (e.g., Na) density can be inferred From the peak freq 5|gnal

Nnorm(fa7 )4-77:nR(ZR)GR norm(faaZ) 4.7TX2 938)(10_32 P(ZR) 1
Oy Og4 T(zg) AMO7

S

Na(Z) =

J Volume backscatter coefficient can be derived as

[Ns(2)-Ng ] 2° _ ng(2)
Ng(zgy) - NB] ey "R(Zgw)

Bpyc (2) = [ " Pr(zZrn)

/3 32 P(2zy) 1
where Br (Zgy »7T) =4_P(75) 2.938 x10 (Zz) 20117 -
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Considerations in Data Inversion

] How to obtain related information like date,
time, location, base altitude, operation conditions?

-- from data header and other info sources
J How to obtain range or altitude information?
-- from bin number, data header and other source

R =Ny i 6/2‘ ‘Z=R.COSH+Zbase‘

R is range, n,;, is bin number, t, . is bin width in time, ¢ is
light speed, z is absolute altitude, 0 is off-zenith angle, and
Z, ... IS The base altitude relative to sea-level.
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Na Doppler Lidar Schematic
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Read Data File

\ 4

PMT/Discriminator
Saturation Correction

\ 4

Chopper/Filter Correction

A 4

Subtract Background

\ 4

Remove Range
Dependence ( x R?)

A4

Add Base Altitude

Estimate Rayleigh Signal
@ z, kKm

A 4

Normalize Profile
By Rayleigh Signal @ z, km

Preprocess Procedure and
Profile-Process Procedure

for Na/Fe/K Doppler Lidar

(J Read data: for each set, and calculate T,
W, and n for each set

O PMT/Discriminator saturation correction
[ Chopper/Filter correction

" O Background estimate and subtraction
1 Range-dependence removal (not altitude)
(] Base altitude adjustment

[ Take Rayleigh signal @ z; (Rayleigh fit or
Rayleigh sum)
d Rayleigh normalization

O Subtract Rayleigh signals from Na/Fe/K

reqion
9 10
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Profile-Process Procedure

 Indicated from the lidar equation and its solution, the
profile process for Na Doppler lidar data is

» Background estimation and subtraction (- Ng)
» Range-dependence removal (x R?)

> Rayleigh normalization [1/(N(zg)-N;]

» Rayleigh subtraction [- ny(z)/ny(zy)]

J More considerations on lidar hardware and detection -
preprocess procedure

» PMT and discriminator saturation correction
» Chopper or electronic gain correction

11
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Stepl. Read Raw Data

 Headers + One Column Photon Counts (ASCII or Binary)
Total Low # of Set Profile # of

Bin # Bin# Freq No.  No. Shots
10240 1 1500
4 7 0 0833

0 20.708 -156.258

3.05
12 Mon Day T|m (UT)
1543
0 Yeanr-2000
Photon | 9

lggj OFff- Base Lat Longi
" Azimuth Bin Zenith Altitude

Angle  Resolution Angle (km)
Frequency Number

——

Counts
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" Another Example of Lidar Raw Data

Total Low # of Set Profile # of

Bin # Bin# Freq No.  No. Shots
10240 2 1500
7090278
18 3 20.708  -156.258
12 N\on T|m (UT)
1532
8 Year-2000
Photon
2400
Coun’rs< 3771 OFff- Base Lat Longi
. Azimuth Bin ot Alfitude
... Anagl Resoluti
B ngle esolution Angle (km)

Frequency
number



nalihoaiumi | [DAR REMOTE SENSING PROF. XINZHAO CHU CU-BOULDER, SPRING 2011

| R e, »

tep 2. Nonlinearity of PMT + Discriminator

For small input photon flux, PMT output photon counts are
proportional to the input photon counts:

Aop =Ag = )‘iTIQE

When the input photon flux is considerably large, the
output photon counts are no longer linear with input
photons. Nonlinearity of PMT occurs:

)\’OP = )\Se_)LSTp

A discriminator is used to judge real photon signals and also
has a saturation effect, i.e., its output photon counts are
smaller than input photon counts when input count rate is
large: - A

1+)\2D7:d 14
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Nonlmear'l'ry of PMT + Discriminator

Since PMT output is the input of discriminator

)\iD = )\‘OP
we obtain o .
A BEAAY
P Ae 7 _ Ae 7
0 —Ag —AgT
l+AT,e ™" 1+At,e ™
where

Ag = )LinQE Nqe IS the quantum efficiency of cathode

Maximum output count rate is reached when Ag = 1/‘L'p

1 L.
_ A d
)\'0 max ) T = —

T,e+T, P o

15
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PMT +Discriminator Saturation Correction

Output Count Rate [MHZz]

50

40

30

20 -

10

A
60 R :
L ot ﬁwﬂ_ﬁ_'—’—‘iR’_‘;Pkkk‘_ik‘—v._._ _
e
- / f
‘!f’ i
’ Na lidar PMT + discriminator
/ T,=3.2ns
i / Td = 10 ns
,/ B
o
i
. 1 ‘
0 100 200 300 400 500 600
Input Count Rate [MHZ]

)\'S

o

-A
)Lse STp

-A
1+ AgTge 5P

Ag = )"inQE

16



LIDAR REMOTE SENSING

PROF. XINZHAO CHU CU-BOULDER, SPRING 2011

Nonlinearity of PMT + Discriminator

Output Count Rate [MHZz]
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% Step 3. Chopper Correction

J Chopper function is measured and then used to
do chopper correction for lower atmosphere signals

600 800 1000 1200 1400
Time (us)

N
o O
=

0O 200 400

18
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Chopper Correction
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Step 4. Subtract Background Ne

P, (A)At
he/ A

)[aeﬁ(;\,z)nc(z)RB(/x)+aR(n,A)nR(z)]Az A
4 7

X (Ta2( MTA( A,z))(n()»)G(z))

Ns()\,,Z)=( 5

he/ T, (A, z2)0(M)G(z,) )+ N,

Ny(hz,) = (PL(”A’ )[oR (r, Mg (z) he] 2L

R

4

P (A)At
Ng(A,zp) =Ny = ( he/ A )[GR(n )\')nR(ZR)]AZ(

)T (A, zR>(n<A>G<zR>)‘

R

20
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Background Estimate
J Background is estimated from high altitude signal

Raw Data Profiles for 3-Frequency Na Doppler Lidar
1600

1400 fa Channel
f+ Channel

- —_

o N

o o

o o
|

800 |

Background
-+ Estimate

Photon Counts

600 |

400 |

200 | //’ \

o

et ’
= I

—— | | D | S I —
0 1000 2000 3000 4000 5000 6000
Bin Number

There could be titled background due to PMT saturation 2



g | IDAR REMOTE SENSING PROF. XINZHAO CHU  CU-BOULDER, SPRING 2011

Step 5. Remove Range Dependence

[NS<A,ZR>—NB]R2=( p )[oRm,A)nR(zR>]AR(A)Tf<A,zR>(n<A>G<zR>

lh = Rcos0)

22
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Step 6. Add Base Altitude

Altitude (relative to mean sea level)
= Observed Height + Base Altfitude

‘Z = + Lhase = Rcos0 + Zbase‘

Altitude

A

A 4

A

Observed Height

1 Base Altitude

Sea Level

23
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| Step 7. Rayleigh Normalization

1 Estimate of Rayleigh Normalization Signal -
Rayleigh Fit or Sum

J74nm Profile 03:07-03:19 Time 06:02-06:33UT [01/06/2005)
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Rayleigh Normalization
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Summary

J Lidar data inversion is to convert raw photon counts to
meaningful physical parameters like temperature, wind,
number density, and volume backscatter coefficient. It is a
key step in the process of using lidar to study science.

J The basic procedure of data inversion originates from
solutions of lidar equations, in combination with detailed
considerations of hardware properties and limitations as well
as detailed considerations of light propagation and
Intferaction processes.

d Output of the preprocess and profile process is
Normalized Photon Count, which is a preparation for the main
process to derive temperature, wind, density, or backscatter

coefficient, etc.
26



