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Abstract: 
Until recently use of lasers for long path absorption measurements 

has relied on using differential absorption at two wavelengths to look for 
one species at a time in the atmosphere. With the advent of multi-line CO, 
lasers it is now feasible to generate 30 to 40 lines in a rapid burst to look 
for spectra of all the chemical species that may be present. Measurements 
have been made under relatively constant meteorological conditions in a 
summertime desert environment with a multi-line tunable laser. 
Multivariate regression analysis of this data shows that the spectra can be 
accurately fit using a small number of spectral factors or eigenvectors of 
the time dependent spectral data matrix. The factors can be rationalized in 
terms of lidar system effects and atmospheric composition changes. 
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- 7  Introduction : 

Differential absorption idar, or C 4 , has shown itst f to >e a very 
useful technique for studies of atmospheric chemistry.'-5 In this technique 
a laser beam is projected across a distance of several kilometers. The 
refurn signal, either from a hard target or from aerosol scattering, is 
collected by a small light gathering telescope, and focused on a detector. 
Wavelength dependent loss in the return signal caused by atmospheric 
absorption can be used to measure the amount of absorbing chemicals 
present in the column. Infrared light is very useful for identifying 
cbemical species owing to their characteristic vibrational spectra in this 
wavelength region. Until recently, these lidar systems were based on tuning 
between two laser lines, an off-resonance line and an on-resonance line for 
each single species. The data was analyzed in terms of the concentration of 
one species at a time in the intervening atmosphere. Chemicals which have 
k e n  analyzed in this manner include ozone: sulfur hexafluoride:8 nitric 
oxide: methane", and water vapor. 
available for multi-wavelength atmospheric sensing. 15*16 These lasers can be 
rapidly tuned between laser lines using galvanometer operated mirrors,'6 
or acoustic-optic tunable filters." Lasers using more than one C0,isotopic 
species allow access to even more lines in the 9 micron to 1 1  micron 
atmospheric window than can be obtained from a single laser species.18 

measurements: 1) Many chemical species have vibrational bands with 
significant absorption over a range of CO, laser wavelengths. By using 
more than two laser lines to measure the species, concentration the effects 
of speckle noise on the signal to noise ratio for a single line can be reduced 
by averaging. Speckle noise occurs whenever the coherent lidar beam 
reflects off of a hard target. The correlation size of an individual speckle 

If only a is determined by the range and the beam size at the target. 
few of the bright speckles fall within the receiver field of view, significant 
variations in the return signal will be observed. The C02 laser lines are 
typically 1 to 2 wavenumbers apart so that a target plane with greater than 
2 cm optical depth will produce speckle patterns which are decorrelated 
(Le. independent ) for each CO, laser line. This allows independent 
averaging of the speckle induced signal fluctuations, and improved signal to 
noise for any loss mechanism such as absorption that is correlated between 
several laser lines. 

species is present in the atmospheric column being sampled. If these 
chemicals have overlapping absorption bands, then more than two 
wavelengths need to be analyzed simultaneously in order to extract accurate 
concentration information. For instance, water vapor has a weak but 
noticeable absorption23 over much of the 9 to 11 micron atmospheric 
transmission window, so that for accurate measurements the water vapor 
must be measured separately and its contribution at wavelengths of interest 
then subtracted. Similarly, atmospheric CO, causes an absorption which is 
strongly temperature as well as concentration dependent. If the lidar uses a 

11-14 Lasers are now becoming 

There are at least two reasons to use multiple lines for atmospheric 

10,19-22 

2) In many cases there is a possibility that more than one chemical 



hard target to generate a return signal, there is also the possibility of 
spectrally dependent albedo affecting the atmospheric column chemical 
concentration. In this case the albedo spectrum plays the role of a second 
chemical species. 

The lidar instrument itself can also play a role in affecting the 
observed spectrum. If the high sensitivity detector used for measuring the 
return signal has a different spectral response than the detector used to 
normalize the outgoing laser power, baseline offsets in the spectrum as a 
function of wavelength can appear. This effect will be especially 
significant if one detector is a photon measuring cryogenic HgCdTe device 
and the other is an energy measuring pyroelectric bolometer. Even 
HgCdTe detectors will have different response spectra at different 
temperatures. Therefore, a multi-line analysis technique is needed in order 
to remove these system effects from a chemical absorption spectrum. 

In passive atmospheric sensing it is commonplace to model the 
atmosphere spectral radiance and absorption in detail using codes such as 
Modtran, or F a ~ c o d e ~ ~ .  In active sensing lidar, if all the atmospheric 
components and temperatures are known along the optical path, the code 
can be used to model the atmosphere and adjustments made until the code 
matches the observed narrow line lidar 
may not be unique. An alternative method for analyzing complex 
spectrosco ic phenomena is multivariate regression or chemometric 
techniques y6-30 (recent rev iew~~l '~~) .  Some of these methods are useful in 
developing an understanding of spectral data even when all sources of 
spectral variation are not known. There have been previous efforts to set 
up a formalism for applying other multi-wavelength methods to lidar, 
applications to actual lidar data, and to other remote sensing data3' If 
one thinks of spectrometry as the quantification of spectra, then by analogy 
this process of quantifying chemical concentrations from measured spectra 
is called chemometrics. Multivariate regression by itself can generate the 
spectral features corresponding to the variability of the data; it cannot 
produce the physical model for these features as Fascode does. Therefore, 
multivariate regression is a useful initial data analysis tool or data 
reduction method, because it does not have any prejudice about what the 
causes of variability are, or how many independent causes exist. 

Because the signal at each wavelength has independent information, 
each lidar spectrum can be considered a point in a multi-dimensional space 
with the number of wavelengths represented in the spectral dimension. If 
the spectral data is varying with time, a collection of spectra forms a 
matrix which has eigenvectors or factors in a spectral space which can be 
used to represent that matrix. The data matrix is in general not square, 
because it can have more spectral measurements than laser lines. The 
eigenvectors of the square covariance matrix are used. The covariance 
matrix is generated from the product of the data matrix with its transpose. 
While many of these eigenvectors may be due to random noise or random 
variations between spectra, some may be due to variations in atmospheric 
components or systematic effects in the lidar system. The set of spectral 

Even then, the answer 
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eigenvectors are orthogonal to one another, so one can think of this 
process as a coordinate transform of the data to a new coordinate system. 
Because there can be more spectra than wavelengths used in the analysis, 
the matrix is not square. A method to obtain the best least squares values 
of the eigenvectors is used. Because an orthogonal basis set is still 
orthogonal after a reflection or parity operation, the sign of the 
eigenvector spectra is ambiguous. Increases or decreases in transmission 
with time are difficult to distinguish without further knowledge of the 
physical process being represented by the eigenvector or factor. In general 
the results of this analysis do not reveal a clear trend of experimental 
parameter values as a function of time, but rather they reveal the 
components which vary with time. 

spectra. One could look at the time series of individual laser lines, but then 
one would have to use further processing to find the degree of correlation 
across several lines. There are also many other orthogonal expansions such 
as Fourier or wavelets that are possible, but they do not naturally match the 
spectra of the physical processes. 

if there are major spectral features which vary together over time, or if the 
variations are completely random. This process of performing an 
eigenvalue decomposition of data into orthogonal, rank ordered 
eigenvectors is called singular value decomposition in the field of 
numerical analysis. If the spectra of the largest eigenvectors correspond 
to systematic instrumental effects, this analysis method can be used to 
improve the apparatus. If the largest eigenvectors correspond to a few 
changing atmospheric components, then those eigenvectors can be used to 
model the lidar data. That can be an important simplification of the 
modeling problem because the eigenvector only has as many component 
values as the lidar spectrum, not the tens of thousands of lines (each with a 
lineshape function) which Hitran would use in a model of an asymmetric 
top molecular spectrum such as ozone. 

If the spectral eigenvectors are to be useful for analyzing future lidar 
data, then the data set they are based on must be similar to the new data set. 
This requirement can seriously limit the application of this method and is 
discussed extensively in references 26-30. This paper shows for the first 
time some of the advantages and limitations when using chemometric 
methods for analysis of actual lidar data. 

One could think of other ways of looking at the time sequence of 

It is of value to order the set of spectral eigenvectors by size to see 

Experiment 
Experimental data was obtained in a desert environment at the 

Nevada Test Site during typical summer meteorological conditions. 
Temperatures measured near the target during the data acquisition varied 
from 36.2 to 38.2 degrees centigrade; humidity varied from 6.5 to 8.0 
grams of water per cubic meter. The lidar apparatus was positioned at a 



range of 7 h measured from a 3 meter square flame sprayed aluminum 
target. The experimental apparatus schematic is shown in Fig. 1 .  

Lidar System Schematic 

Fig. 1 A schematic view of the apparatus showing; the laser, telescope , 
reference detectors for each laser, signal detector, and remote flame 
sprayed aluminum target. 

The lidar apparatus contained a 2kHz repetition rate, 0.5 millijoule 
per pulse (on the strongest line, 10P20) CO, laser tunable over 34 to 40 
separate lines in the 9 and 10 micron bands. After beam expansion, the 
divergence was typically 0.4 milliradians full angle. The laser produced 
bursts of 128 pulses at a fixed wavelength before being tuned to the next 
wavelength. The outgoing beam energy was measured on each pulse using 
a reflection from a wedge on to a room temperature HgCdTe detector. 
The collection optics for the return signal was a 40 cm diameter telescope 
focused onto a 0.2 mm by 0.2 mm square HgCdTe detector operated at 20 
Kelvin. A Stanford Research Systems (SRS) model 535 preamplifier was 
used to amplify the return signal pulse. The signal and reference were 
captured along with their preceding dc baseline using an SRS boxcar 
amplifier and then digitized with a 12 bit digitizer. Each return pulse was 
baseline corrected and normalized to its outgoing energy. The spectra 
were obtained every 3 seconds and averaged together in 2 minute long 
spectra files. Each wavelength line of a spectrum file was averaged, with 3 
sigma and larger outlier pulses rejected, and then a new average calculated. 
The resultant spectra of atmospheric transmission taken at 10 to 20 minute 
intervals through the afternoon were used in the chemometric analysis. 
The chemometric analysis presented here used Galactic Industries PLS plus 



algorithms operating under that company’s Grams32 computing 
environment. 

Results 

between 2:OO and 500 in the afternoon is shown. The data was taken 
without any gas being released. It represents the minimum change in the 
lidar signal, caused only by changes in the atmospheric background, 
possible changes in albedo, and in the lidar system itself. One sees that the 
main variation from one spectrum to another is a change in amplitude, with 
much smaller changes in overall shape. The range was chosen to be large 
enough to observe meaningful changes in atmospheric transmission and still 
have high enough transmission that useful data could be obtained from a 
majority of the CO, laser lines. Much better transmission was obtained on 
the 10 micron band than the 9 micron band of the CO, laser. The spectra 
were analyzed by principle component regression along the time axis. 

In fig. 2 a collection of transmission spectra obtained in one day 

7/8/96 SEQUENCE OF 2 MINUTE FILES BETWEEN 1400 AND 1700 
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Fig. 2 Spectra of the normalized return signal after round-trip passage 
through 14 km. ( 7km stand-off distance). 
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Fig. 3 The wavelength dependence of the largest factor from the fitting 
procedure, factor 1. 

Data from July 8 and July 3 were combined at their appropriate 
times during the day. In fig. 3 the largest eigenvector or factor is shown. 
Factor 1 ,  the largest factor, looks remarkably similar to the original data. 
This suggests that it predominantly represents variation in the overall 
system gain, or that individual spectra could be described as 

Si = So + a(i)Fl 
where Si is the ith spectrum, So is the average spectrum, a is a time 
dependent coefficient and F1 is factor 1. The coefficient a is the eigenvalue 
of our principle component regression, it represents the variation from one 
measurement to another. This variation in coefficient a would be a 
multiplicative noise factor, l+a, if Factor 1 were identical to the average 
spectrum. Alternative treatments look at the log of transmission instead of 
transmission in order to find the multiplicative noise. 

It is important to use the proper number of factors so that the data is 
neither over nor under fit. By plotting the sum of the squares of the 
residuals from fitting the data set as a function of the number of factors 
used, fig.4 is obtained. Better (lower) residuals are obtained as more 



factors are included. The F test is one of several statistical tests to obtain 
the correct number of Eyeball inspection agrees with the F test 
results that little further improvement is gained by using more than 4 
factors. In fig 5 is shown the per cent of the variation which can be fit as a 
function of the number of factors. The remarkable result of this analysis is 
that better than 90% of the variation can be fit by a single factor and that 4 
factors account for better than 99% of the variation over two days of 
operation 5 days apart. If one realizes that over 30 separate wavelengths 
were used, then many extra degrees of freedom are available to fit to 
atmospheric absorption features caused by spectrally unique chemicals, at 
the sub 1% transmission level. 
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Fig. 4 The predicted minus actual spectrum residual sum of squares (press) 
as a function of the number of factors used in fitting the data. 
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Fig 5 The percent of the total variation in the data that can be fit, as a 
function of the number of factors used in the fitting process. 

The time variation of factor 1 on July 8 is shown in fig.6. This 
shows a large step function change which is possibly explained by a 
realignment of the system on to the target, as well as smaller variations 
which appear randomly from 2 minute run to 2 min. run. Even if the 
large change at 190 minutes had not occurred, factor 1 would still be an 
important source of variability in the data. 
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Fig. 6 The time variation in factor 1 during the day of July 8. 

In fig. 7 is shown the ratio of factor 1 to the average spectrum. This 
shows that factor 1 does not represent a completely uniform gain variation 
across the spectrum. It shows that using a single laser line for gain 
normalization would definitely not be optimum across both the 9 and 10 
micron bands, and is not optimum even within a single band. This spectral 
variation in factor I may be an important clue to its physical cause. 
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Fig. 7 The ratio of factor 1 to the average spectrum, plotted versus laser 
line number. 

In fig. 8 is shown the first four factors, separately normalized for 
visibility. Factor 2 appears to represent changes in some atmospheric 



.' ' components because one can see the broad ozone absorption feature in the 
9P branch and some of the stronger water lines in the 10 micron band. 
Factor 3 looks like a variation in one single laser line, line 25. Factor 4 
looks mostly like a variation in transmission between the 9 and 10 micron 
bands of the laser. 
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Fig. 8 The first four factors which best fit the data, shown as a function of 
laser line number. 

In table 1 is the list of lines identified by their rotational level in the 
CO, molecule, and also listed are the strengths of some of the stronger 
water lines.23 The very strongest water absorption lines like 10R20 were 
not used to take data because the returning laser power was insufficient. 
By comparing the pattern of stronger and weaker water lines in the table 
with factor 1 or with the average spectrum, it appears that the dips in the 
10R branch return signal correlate reasonably well with the water line 
spectrum . 

Conclusions, Discussion 

amounts of data in a short amount of time. Multivariate analysis techniques 
are capable of simplifying this data and presenting it so that apparatus 
effects can be recognized and differentiated from various atmospheric 
effects. In the data set presented here we see that spectra obtained and 
averaged over two minute periods show large system gain variations as the 
day progresses. This system gain variation could be caused by gain 
variations in reference or signal detectors, amplifiers, digitizers, 
transmission through the atmosphere, target reflectivity, beam overlap with 
the target, or overlap between the signal detector field of view and the 
target. It is likely that more than one effect is occurring because there was 

Multi-wavelength lidar systems are capable of generating very large 
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a large “step function” change with one occurrence and also smaller 
random changes from one 2-minute data set to the next. The smaller 
random changes could come from pointing instabilities, either in the lidar 
system or in the atmosphere, and fluctuating overlap between the probe 
laser beam and the reflective target used in these experiments. 

One might have thought that the gain variations could have been 
normalized out by dividing each spectrum by one response on one line. 
The difficulty with this procedure is that it introduces the random noise on 
the line used for normalization on to the whole spectrum. Use of 
multivariate analysis finds the best fit of gain variation using the average 
over the whole spectrum. Furthermore, there is no line that is unaffected 
by possible variations in atmospheric effects. The strongest laser lines at 
the peak of the rotational population distribution in the C02 laser also tend 
to be the lines most strongly absorbed by atmospheric carbon dioxide. 
Other lines have absorptions due to ozone, water vapor, and possible 
absorptions due to interesting atmospheric trace species such as ammonia.16 

The existence of significant uniform spectral gain variations is also 
interesting from a more fundamental viewpoint. Speckle noisem2* should 
produce system round-trip gain variations that are uncorrelated from one 
laser line to the next, because the target depth (optical pathlength variation 
due to the lidar system not being on the target normal vector) is larger than 
the reciprocal of the line spacing of a 1-2 wavenumbers. If speckle noise 
were dominant, then there would be no spectral factors above the F test 
limit capable of modeling the data variations. The situation must be that 
use of the two-minute data sets averages the speckle noise sufficiently that 
other sources of signal variation become dominant. Either: 1) the speckle 
noise is intrinsically smaller than the other causes of spectral variations 
displayed by the first 4 factors, or 2) the variations in the first four factors 
average away at a slower rate than speckle noise. With respect to the level 
of speckle noise, a simple calculation based on the target range and beam 
divergence and assuming Poisson statistics for the number of bright 
speckles in the telescope aperture gives a speckle signal-to-noise ratio of 
12.6 for a single shot. For the 2 minute averages, we assume complete 
correlation and no speckle averaging during the 128 shot, 64 millisecond 
burst at each line. We further assume square root of n averaging for the 
48 2.5 second spectra during the 2 minutes and obtain a speckle signal to 
noise ratio of 88. This would imply a noise level of a little over 1%, much 
smaller than the observed variations in figure 2. 

With respect to the averaging rate, if gain variations are due to 
atmospheric pointing instabilities of the laser beam on the reflective target, 
then the same atmospheric variations should affect the speckle variations. 
The factors in the multivariate fitting procedure may have contributions 
from slowly varying physical processes. These processes could include - 
atmospheric absorption by species whose concentrations vary slowly 
through the day, so the factors with spectral structure would not be 
expected to average away as quickly as speckle noise. 



The fitting process produces factors which appear to have 
contributions from atmospheric absorption changing in the course of the 
day. The disadvantage of chemometric methods is that since some 
atmospheric species varied together, they appear together in the factor. 
The ozone absorption features41 are barely noticeable as a shallow peak in 
the 9 micron P branch of factor 2 Some of the stronger water lines in the 
10 micron band appear as peaks, apparently because ozone and water 
concentrations mostly varied together. There are also rounded features in 
the 10 micron P and R branches which somewhat resemble the COz 
absorption spectrum in the atmosphere. 

As the factors become smaller it becomes less certain what small 
spectral effects they might represent. Factor 3 shows a single line variation 
at line 25 or IOP12. This line is somewhat unique in that it is really a 
composite of two close lying lines4, which are 0.16 wavenumbers apart, 
corresponding to lasing from the ordinary laser vibrational level 001 to 
100 and from the higher level 002 to 101. The higher energy transition 
would have much lower self absorption by CO, in the atmosphere, so the 
variation in the lidar signal could be due to a variation in the relative 
strength of the two lines in the laser. This variation would be temporally 
independent of other effects as is observed in factor 3. 

difference between the 9 micron and the 10 micron laser bands. There is 
also a narrow line feature at line 24, the lORlO line. One of the useful 
features of multivariate analysis is that the factors are ordered in size so 
that such small effects as factor 4 can be seen after the larger factors 1-3 
are optimally fit to the data set. If factor 4 were due simply to a change in 
atmospheric absorption by CO, it should show the expected structure in 
each P and R branch due to the rotational population distribution, rather 
than just the difference in absorption due to the 9 and 10 micron 
vibrational bands of CO,. It is more likely due to a small temperature 
variation which affects the ratio between the 9 and 10 micron bands. 
Because the lower states of the bands are 100 wavenumbers apart, their 
relative population and therefore absorption strength changes by 1.4% for 
a 10 degree C change in temperature. The difference between 9 and 10 
micron bands could also be due to other mechanisms, for instance the 
detector response also has a similar shape. It is unlikely that factor 4 
would have been predicted as an important factor from first principles, 
thus illustrating the use of this analysis for mining data for new 
interpretations. 

The eventual utility of multivariate analysis will be to either: 1.) 
Identify wherever possible, the root physical causes of the features in each 
spectral factor so that changes in system design can remove them, e.g. gain 
variations, or 2.) Use the larger factors to fit and remove large 
uninteresting variations and leave the interesting features in the smaller 
factors. The cost of procedure 2 is that for each uninteresting factor used 
in the fit there is less information in the spectrum, Le. there are fewer 
degrees of freedom. In the present case we have shown that over the 

In factor 4 clearly there is some distinct feature which shows a 



course of two days of atmospheric changes, 5 days apart and using 39 
separate samples, one can fit to below the 1% level, using a 32 spectral 
line lidar data set with only four significant factors. This leaves a great 
deal of information in the spectrum to detect interesting and important 
atmospheric species. 
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. 
TABLE 1 
C02 laser line Line Number strong water vapor transmission, 
designation lines, absorption for 7.5 torr, 

10 torr partial 14 km 
pressure, Km-I 
(ref. 23) 

9R26 
9R24 
9R22 
9R20 
9R18 
9R16 
9RI  2 

9PI 2 
9P14 
9P16 
9P18 
9P20 
9 P22 
9P24 
9P26 
9P30 

1 OR28 
1 OR26 
10R24 
1 OR22 
10R18 
lOR16 
1 OR1 4 
?OR12 
10RlO 

10P12 
10P14 
10P16 
1 OP18 
1 OP20 
1 OP22 
1 OP24 
I OP26 

0 
1 
2 
3 
4 
5 
6 

7 
8 
9 

I O  
11 
12 
13 
14 
15 

16 
17 
1% 
I 9  0.1 
20 0.08 
21 0.1 I 
22 0.09 
23 0.2 
24 

25 
26 
27 0.1 
2% 
29 0.09 
30 
31 
32 

0.350 
0.432 
0.315 
0.389 
0.122 

0.350 

0.389 
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