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positions of cloud droplets are statistically independent. Pro-
Most approaches for evaluating rates of fundamental processes cesses which depend upon interactions between individual cloud

in aerosol science depend upon the implicit assumption that aerosol droplets can be sensitive to correlations in spatial position. This

particles are independently and identically distributed in space. is perhaps even more relevantin aerosol science, where chemical

The validity of this assumption has not been examined in several . t fi I bulk phvsical behavi be | tant
decades, despite the fact that the presence of correlations can be'llt€raction as well as bulk physical behavior can be important.

shown to alter theoretical expressions significantly for such pheno- This potentially broader regime of influence motivates our study

mena as attenuation of electromagnetic radiation and coagulation here.

rate. Here, we provide evidence that the classification of the posi-  An example of one of the processes with dependence on

tions of aerosol particles as a Poisson process—even under station,4iiq) gistribution is the Beer-Lambert law of exponential at-

ary conditions—is often in error. In particular, small-scale aerosol . - . L

clustering is experimentally demonstrated. Some consequences O'Ienuanon of ra(;llatlon. As shown in Ko;tlnskl (2001), the Beer-

these findings are discussed. Lambertlaw using the mean concentration as the relevant param-
eteris strictly followed only when the material causing scattering
and/or absorption is distributed in a completely random manner

at all scales. Shifrin (1988) also discusses how the Beer-Lambert

INTRODUCTION AND MOTIVATION law is violated in dispersive systems, concluding that “absorp-

The assumption of statistically uniform and independentfi?" depends on the quantity of the absorbing substance tra-
distributed particle positions (perfect randomness) is ubiquitotgrsed and also on how this substance is dispersed.” The nature
in aerosol physics in general, and in aerosol sampling, in pgﬁ_the deviation (faster or slower than exponential) depends on
ticular (e.g., Hinds 1999, p. 226). However, this fundamentte qualitative nature of the correlations, as was shown in Shaw
assumption has been recently questioned in several areas cBhdl- (2002a). _ o
plementary to aerosol physics, e.g., sedimentation in a laminarAnother pertinent motivation for the study of aerosol spa-
flow (Lei et al. 2001) and cloud physics (Kostinski and Jamesdg! correlations was theoretically addressed by Kasper (1984),
2000). Therefore, in this article, our aim is to extract informa¥ho noted that correlations (which he calls “inhomogenesities”)
tion on the spatial distribution of aerosol particles in a controlidfl the spatial distribution of particles can cause an enhanced
laboratory experiment—to test the fundamental assumptionGagulation rate that is proportional to the degree of spatial
perfect randomness. correlauo_n_. _ o

To that end, we view particle detection events as elements of!N addition, global climate models, radiative transfer theo-
a time series, then use tools of statistical physics to obtain sp&S: LIDAR studies, and even our conception of how of a size
tial information. This procedure is motivated by recent studiglistribution evolves could be affected if an investigation reveals

which have questioned the validity of assuming that the spatfift other aerosol particles, besides cloud droplets, also tend to
“cluster” in space.

Received 31 July 2002: accepted 9 December 2002. There are un.doub.tedly other consequences of the existence of

This work was supported in part by the NSF grant ATM-010627SPatial correlations in aerosol particle po;mgns._ Nevertheless,
We would like to thank Glenn Shaw at the University of Alaskalh® most commonly used forms of the distribution of aerosol
Fairbanks, for the loan of the optical particle counter used in the expparticles implicitly assume that the particles are distributed in
imental component of this investigation. o an uncorrelated (Poisson) manner at all scales. Indeed, the only

Jonna Kannosto is now at Technological University of Tampergxperimemal investigations that we have found (Green 1927;

Physics Department, Finland. . . .
Address correspondence to Michael L. Larsen, Michigan Tec§-Crase 1935) have concluded that particles are Poisson dis-

nological University, Department of Physics, Houghton, MI 49934ributed. In the remainder of this paper, we demonstrate that
E-mail: mllarsen@mtu.edu we have found results that contradict this classification, which
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is consistent with the expectation of at least one other studyWe usen(t) because of its physical meaning as the scale-
(Balkovsky et al. 2001). localized (function of only) deviation from a Poisson process as
demonstrated in Figure 1. (For more details on pair-correlation
function, see Landau and Lifshitz 1980; Kostinski and Shaw
TIME SERIES ANALYSIS OF DISCRETE DATA 2001).

Before delVing into detailed eXperimental analySiS, we feel A|though phys|ca”y intuitive, this formulation of the pair-
that a brief exposition on the nature of counting data may Rgrrelation function does not have an obvious interpretation in
warranted. Since our experiment involved temporal detectionfe more “traditional” viewpoint witiN (number of counts in
individual aerosol particle arrivals in a sampling volume, thg macroscopic volume) as the fundamental random variable. It
Statistical methOdS Utilized here may be Unfamiliar in a ﬁelgeems such an extensishoukjexist, for though the introduc-
dominated by (continuous) concentration measurements.  tjon of differential volumesi\Vyandd Vs and the limitation that

Our fundamental tool—the pair-correlation function— « 1 is convenient for developing a well-defined pdf for
measures scale-localized deviations from a Poisson process. P, 2), nothing in the above formulation relies on physical
Poisson probability density function (pdf), that is, the probabishenomena at differential scales. An extension to arbitrary vol-
ity of finding k particles in a time increment, is given by ume sizes can, indeed, be made by appealing to the correlation-
— . fluctuation theorem (Landau and Lifshitz 1980; Ornstein and
N exp(—N) 1] Zernike 1914):

p(k) = 7 :

(8N)>
N

where the mean count N(r).
This formulation is, in some ways, a concentration-oriented
approach as it is valid for any volume/timescaj@ne only has

- 1=ﬁ/t n(t) dt, [4]
0

where (§N)?2 is the variance of the counts in the volume. By

to adjustN accordmgly. There are'at least two other ways tPewriting this equation, we can define the volume-averaged pair
approach the Poisson process which are more explicitly MOtk relation function:

vated by its inherent lack of memory. The first of these, the fact

that interevent spacings are exponentially distributed, will not I W 1

be used here. However, the Poisson process also fundamentally nt) = - f nt)dt = —= — =. [5]
rests on the assumption thmrticle counts for any two nonover- tJo (N> N

lapping volume elements are independent of each oft@E  pearranging the above equation shows that the mean of counts in

last interpretation naturally lends itself to two-point statistics ig (potentially macroscopic) volume is related to the variance by
which the volume elements are shrunk to differential size (where

“concentration” is no longer a meaningful quantity). For a more SN = N + 70 N2 6
details see Shaw et al. (2002b). (6N) N [6]

The pair correlation functiom(t), can be introduced with This is a particularly fortuitous relationship, &N)2 and N
the following demonstration. Take two nonoverlapping volumgre easy statistical quantities to obtain and work with.
elementsdV; anddVzin V that correspond to nonoverlapping - Recall that one of the often utilized properties of the Poisson
sampling time incrementst, anddt, in T, each small enough gistribution is that the variance equals the mean. Consequently,
that the probability of finding more than one particle in eacfiom the above equation, something is Poisson distributed on
volume element is negligibly small. Then, for any isolated vokcgjet if 7(t) vanishes for that. A Poisson process, however,
ume element, the probgbility of finding a particle i_n titheis s characterized by(t) = O for all t. These two classifications
N dt/T =ndt, whereNis the total number of particles .  are suptly, but critically, different. Regimes of positive correla-
For the Poisson probability distribution, the probability of findjon and negative correlation of equal magnitude and duration,
ing a particle in volumeslt; anddt,, which are separated by hoth existing at scales less tharean result in a Poisson distri-

some timt, is given by bution at scalé. However the existence of any correlations on
o any scale at all necessarily prevents classification of a distribu-
P(1, 2) = n%(dt)(dy), [2]  tion as a realization of a Poisson process. This differentiation

. . . can identify differences in how aerosol size distributions have
since the probabilities are independent of each other. The PalsIved

correlation functionn(t) is then defined via the expression

Calculatingn(t) directly from the definition proves to be a
(Green 1969) gn(®) y P

daunting task. In practice, we compyji@) from the operational
_ formulation given in Kostinski and Jameson (2000):
P(1, 2) = n*(dt)(dt)(1 + n(t)). 3]
N+ )N(Z) - N°) N+ N
where P indicates the probability of codetection in time inter- ¢y = (NE+oINE) - N ) _ NE+7N(@)
—2 —2
valsdt; anddt,. N N

1 [7]
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Figure 1. Three simulations. The left column examines a negatively correlated medium (i.e., a medium where the variance of
counts for a sample volume is smaller than the mean count in the sample volume). The middle column depicts a purely random
(Poisson) process, and the right column a positively correlated medium. The first row of the figure shows the (in these simulations)
two-dimensional sample. Note that in each distribution the amount of particles is the same. The second row plots the pair-correlation
function for each distribution. The-coordinate corresponds to the distance (or time) lag between the volumes of interasn(i.e.,
Equation (3)). In the last row, we have plotted the volume-averaged pair-correlation function for each distribution. This function,
as noted in the text, has extensive “memory” of smaller spatial scales, thus leading to g tldikg lecay from any localized
fluctuation inn.

Alternatively, one can use the volume-averaged paiently introduce some localized averaging into the process. For
correlation function as an estimator fgr Special care must most of the domain of interest this is a negligible factor since all
be taken in using to give information aboug, however. As can averaging is only over the instrumental resolution lag. Below,
be seen from Figure 1 or by carefully examining Equationi{5),however, we will find that most of the clumping is at lags be-
has what we call “memory” of shorter temporal scales. Unlikeeath the instrument’s resolution. The high value tdbulated
n, which depends only oh, 77 depends on all temporal scalesat the first time scalbas memory due to using the operational
from zero tot. Whereas) could fluctuate arbitrarily rapidly;  formulation(see, e.g., Figure 6). For the first lag timeandn
“adjusts” from a point-fluctuation im as Iz, wheret is the as computed are identical as can be seen by looking at all graphs
separation time between the current scale and that of the paiith these quantities in this paper. At this first lag, averaging
fluctuation in. over the instrument resolution is equivalent to the average from

With bothz and the operational formulation pfcare mustbe zero to the scale of interest.
taken in analysis for shorttime scales. Because a particle counteAs such, unfortunately, nothing can be said about how cor-
cannot both count and record continuously, the data must be didations are distributed on the scales that we cannot resolve:
cretized on some scale. This discretization introduces a degrneeould be relatively constant over that regime, or most of the
of ambiguity in the precise arrival tinteof the particle. As such, correlations could come from a range much shorter than the
the differential volumes alluded to in deriving Equation (3) careurrent resolution; there is no way to know until temporal res-
not be achieved in practice. In computing the pair-correlatianiution can be increased. Nevertheless, a positive valug for
function via the operational formulation given above we inheas computed via the operational formulation above does give
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acceptable evidence for net clustering effects on subresolutibe order of 0.05 particles/measurement, assuring that this dilute
scales since the averaged pair-correlation function over tlaissumption is justified.
range is positive. The functions;) and7 were calculated for each data set. We

Now that these tools have been introduced, how can theythen discarded data sets that did not pass our simple test for
applied to aerosol science? In our concluding remarks we gs&tionarity, as the pair-correlation function depends on the
instruction as to how this study can be directly applied to ttessumption of wide-sense stationarity. When appropriate,
determination of the coagulation rate. If a rate-governed processformlooking subsets of the data were also examined to see
is only dependent on making a Poisson assumption at one givieainy regime without correlations could be identified. All data
scale (like coagulation; e.g., Kasper 1984), it simply needs to vas also plotted along with a Monte Carlo simulation of a Pois-
shown that; vanishes for that scale. If the process depends son process with the same meancount for qualitative comparison
having no net correlationgp toa specific scale (like extinction; with the data. This simulation generates integer-valued random
e.g., Kostinski 2001; Shaw et al. 2002a), the correct quantityvariables from the Poisson pdf with the mean fixed equal to that
compute would b&. of the raw (real) datan(andn were computed for this simulation

as well for comparison purposes.)
All of the data we analyzed could loosely be broken into two

DATA ANALYSIS categories: (1) those which displayed significant correlations

We made measurements in room air of aerosol particles witier a broad range of scales, and (2) those that showed only
a CLIMET CI-8060 optical particle counter which covers thextremely short-scale correlations. Typical data and physical
size range 0.3 to 1@m diameter in 5 size bins. In examininginterpretation for three scenarios are given below.
this data, we view each size bin as a time series of aerosol particlé=igures 2, 3, and 4 display the raw time series data analyzed
arrival times that one could, in principle, invert to obtain spatiah the following sections. On each graph, the horizontal axis
information. (This inversion can be complex and nonuniquegpresents time elapsed since the first measurement of the sam-
as such we will primarily limit ourselves to conclusions of thele. Within each data set, the sample exposure time was held
nature that “it does have correlations.”) constant. It should be noted that this data isn’t rigorously con-

To ensure a well-mixed environment we blew air across thi@auous, as after each measurement a (uniform duration) pause
sample inlet tube with a small fan. The data selected in thiscounting was necessary to write the data to disk.
study was taken from the largest (5—L®n) size bin. Recall Figure 5 is a histogram of the frequency of occurrence for
that one of the requirements fgrto be meaningful is that the each particle count in the most dense data analyzed here (that
probability of finding any particles in a unit volume is equashown in Figure 2). (This sort of histogram analysis is com-
to the probability of finding one particle in a unit volume. Thearable to the analysis done in Green 1927; Scrase 1935). Note
bin used in this investigation generally had a concentration thmat the vertical axis is logarithmically scaled in Figure 5.

Data Poisson simulation

S DR

Counts

Time (hr)

Figure 2. The raw data analyzed in the section “First Evidence of Correlations.” For this data, each data point is a particle count
for 5 s. Though the flow continued uninterrupted, the measurement process was paused for 1 s to write information to disk, followed
by another measurement of 5 s duration, etc. The mean is only 0.09 counts/measurement. The left panel is raw data, the right pane
a Poisson simulation generated using Equation (1).
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Figure 3. Similar to Figure 2, this shows the segment of the larger data set analyzed in the section “Evidence for Poisson
Distribution.” Note that here measurements were taken every second. Therefore, the data is sparser; the mean count here bein

only 0.025 counts per measurement.

Note also the long tails of the observed data when companegtifying that these values fell within two standard deviations
to the Poisson simulation. Even given this, however, less thafithe global values for these variables. This assures that not too
one percent of the measurements contain more than one mhech of the fluctuation in the data set was isolated in one area
tection, thus assuring that as defined by Equation (3) isof the distribution. When combined with visual evidence and
meaningful. after verification that the autocorrelation function decays to zero,
Without making any rigorous statements, a casual inspectiae argue that we have sufficient evidence for the steady-state
of Figures 2, 3, and 4 lend credence to the claim of stationarigtationary condition in these distributions. The reason thisis such
in the wide sense. Our criterion for stationarity was based arsensitive point is because there are many stationarity criterion
plotting the “local” mean and variance of the distribution anthat would erroneously identify a stationary distribution with

8 1

| |

| |

6 | |

| |

, I

= 4 | |
2 | | | ”
O | | _

|

2
04 .
0 10 20 30 40 50
Time (hr)

Figure 4. AsinFigure 3, each measurementin this data had a duration of only 1 s. Results are analyzed in the section “Large-scale
Variability Propagation.” The dotted lines specify the boundary for the subset analyzed therein. The mean count (per measurement)
for the entire duration was 0.044 and 0.038 for the subset.
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Figure 5. A histogram of the data shown in Figure 2. The black bars correspond to the frequency of occurrence for each value
in the data set. The white bars show the frequency of occurrence for a Poisson process simulation with the same mean as the dat
Note that only about 0.9% of the data measurements costhitletection, indicating that the smdll assumption required for the
pair-correlation function to be meaningful under the definition given in Equation (3) is legitimate. Nevertheless, one consistently
sees longer tails in the data than in Poisson process simulations. This gives some basis for the hypothesis that correlations ol
time-scales shorter than the measurement duration exist. See the text for more details.

correlations (what we have) as a distribution with a deterministividence for Poisson Distribution

trend (see, for example, Wunsch 1999). The data in Figure 8 comes from a subset of a larger data
set given in Figure 3 where the sample time is 1 $ e as in
First Evidence of Correlations Figure 2. This subset was chosen because it appeared to contain

The pair-correlation function and the volume-averaged paip “clumps.” In other words, the data looked as if it were Poisson
correlation function for the data shown in Figure 2 are plottedistributed. Indeed, as far ass concerned, there is no significant
in Figure 6. This graph shows a constant positive valuesfordifference between the data and the Poisson simulation for most
that persists from-10 to 100 s and a region of correlations a®f the domain plotted.
short time lags. Recall that is a measure of obtained “suc- Although it still persists for quite some timg,decreases to
cesses” over expected “successes,” thus a value of 2 meansargieady value much sooner here than in Figure 6. Furthermore,
the probability of finding two particles that distance apart igne could argue an asymptotic approach to zero is reached al-
thrice the probability of the same event if the particles weready around 50 s, well over an order of magnitude faster than
Poisson distributed on that scale. In this light, these magnitudbs data for the section above, “First Evidence of Correlations.”
are somewhat surprising. Consequently, an argument can be made that we are seeing a
The constant, positive value gfthrough time scales is dis- Poisson distributiorat scales corresponding te- ~50 s. It is
cussed in more detail below but here we note that the high vabt, however, a Poisson process, as correlations for very short
ues ofy and7 at short lags could be critical to many physicalimes exist.
processes. It might be tempting to discount this as a numerical
anomaly, but this feature shows up in every data set we analyze.
Furthermore, it does not appear when running the Poisson skAtge-Scale Variability Propagation
ulation, which generates data in a form exactly analogous to theln the above two sections we have shown evidence for corre-
experiment. A close investigation reveals that almost all of thigtions on several scales. The correlations on short scales (one
short-scale correlation is coming from the first (and sometim@5 two lags) can be anticipated on physical grounds due to a
second) lag scale. The decayiris quite abrupt, and Figure 7 number of phenomena; two typical mechanisms that might be at
indicates that essentially all of the memoryrircan be traced Work are inertial response to high vorticity from turbulence and
back to that first calculated value. correlations induced by spatially localized sources. However the
The observed phenomenon is exactly what one would esecond type of correlation, that which persists over timescales
pect if the clumping principally exists on scales lower than tH& to half an hour, may seem anomalous. An explanation of

resolution size. This conclusion is supported by the rest of difie meaning of a constant valueippersisting over long scales
findings as well. needs to be established.
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Figure 6. The pair-correlation function and its average for data that displays evidence of persistent and subresolution correlations.
Here the upper (solid) line in both plots corresponds to data while the lower (dashed) line is that of a simulated Poisson process.
Despite the appearance here, there is a very slow decgipirthe real-data curve. It decays approximately linearly to zero at time

t ~ 1/2 hr, at which point it is virtually indistinguishable from the Poisson simulation. The experimental data used to compute
these curves is given in Figure 2.

To that end, we have graphs for two distributions, shown Bimulations were inbetween these bounds (with equal amounts
Figure 9. The first (on the lefthand side) displays statistics fabove and below the given bounds). A “rule-of-thumb” approxi-
the entire traverse of the data taken from Figure 4. On the rightation, then, is that a Poisson process should stay between these
hand side we have the statistics from a uniform-looking subsgirves a non-negligible fraction of the time. Barring Poisson be-
of that distribution (specified by the region between the dottéwvior at all scales, for spatial scales that data would be Poisson
lines in Figure 4). To better establish that the graphfon the distributed the curve should also lie between these two curves
lefthand side of Figure 9 does show nonnegligible super-Poissonch of the time. The volume-averaged pair-correlation func-
correlations through all length scales and that the figure tion is displayed in the same manner as previously (compared
the righthand side does not, we have plotted bounds for ttweone realization of a Poisson process), since the long memory
Poisson simulation instead of a specific value. These cunafs; prevents the curves from overlapping.
were generated by calculating the statistics from 100 indepen-One can draw the conclusion, based on the above explana-
dently generated Poisson processes, all with the same meatiaas that since the curve representing all data (upper left) almost
the data in the appropriate range. Then, these curves were aterer enters the regime specified by the “Poisson bounds,”
sen so that, for each plotted point, exactly half of the Poisstinis data is not Poisson distributed for any statistically
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Figure 7. The solid line above represents the safnghown in Figure 6. The boxes indicate an approximation to this curve

calculated using only the first point fgrand then setting = 0.5 (its local constant value) after that. (Note thd hature of the
decay.)

significant length of time shown, thus specifying a phenonthe phenomena that we observed in the above sections happen
ena similar to what is observed in Figure 6. It seems, howevegncurrently. One of these is an effect reflecting some sort of
that the curve on the righthand side is Poisson distributedsitort-range correlation, whereas the other is due to large-scale

all scales except the very smallest, the sort of distribution obariations in the data that do not surface when examining the
served in the preceding section. What is occurring here? Bothsofbset.

2

2.0
Data set Il Poisson simulation ‘

1.5 {|

|
l\H 0.5 \

0.0 {
-1 —_—

0 20 40 60 80 1000 20 40 60 80 100 0 20 40 60 80 100

Lag (s)

Figure 8. Comparison of data from a near-Poisson process to a Poisson simulation. The left pdioeltiee data, the middle

panel isy for the simulation, and the right panehjdor both (simulation is the dashed lower line). Note that the peak @y still

exists for the data, despite increased resolution; this is indicative of the fact that most clustering is at scales still below the counter
resolution. On all three graphs, the independent variable is time in seconds. The raw data for these statistics is given in Figure 3.
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Figure 9. The statistics for the data-set shown in Figure 4. The lefthand panels are the statistics for the whole traverse, and the
righthand panels are the statistics for the subset identified by the dotted lines. Instead of comparing the upper curves (displaying
n) to one simulated realization of a Poisson process, we have displayed the original data set and “Poisson bounds” (specified by
the lighter lines), as described in the text. In the curves)fox, the dashed curves are the Poisson process simulations.

Conceptually, correlations can be looked attwowag§) > the same amount (or actually slightly fewer) mutual detections
0 can indicate that the existence of a particle at firaet, biases can still yield a value for, that is positive because of the lower
the probability of obtaining a particle at time= T +to by afac- expectation. Therefore, persistent, constant value ptan in-
tor of 1+ 5(T). Though this is how we have looked at the probdicate large-scale variabilityindeed, a cursory analysis of the
lem so far, it is equally legitimate to think of the absence of pagata-set that generated the lefthand side of Figure 9 reveals a
ticles. If you have an empty volume elemelt,, theny(T) > 0  period of over 200 consecutive measurements without detection
indicates that you have an enhanced probability of finding a@f & particle, corresponding to a gap of around 0.2% the length
other empty volume elemedt, at temporal separatichfrom  of the distribution.
d V4. (If more double detections than expected are made, and thdn a Poisson process simulation for the same mean and dura-
same concentration is held throughout, it implies that there di@n as the data given in Figure 4, 51 sequences were found with
less occurrences than expected of detecting only one particlénare than 100 consecutive zeros. In the actual data there were
the two volumes.) It is this effect that causes the enhancem@&fP such occurrences. The elimination of these excess “holes”
for n at all visible scales in Figure 6 and the lefthand side @lone would bring the mean for the entire distribution up by
Figure 9. ~10%.

To illustrate this further, imagine a distribution that is initially
arealization of a Poisson process. Now take this distribution and
mix in gaps—extended areas of no particles. These gaps MGEINCLUDING REMARKS
be distributed in an ergodic manner so that one is still left with Given the above analysis, we conclude that correlations do
a stationary, random distribution. (To do this, keep the gaps efist between aerosol particles at subresolution scales. Though
sufficient size to be non-negligible in length compared to tteome of the enhanced values of the pair-correlation function at
distribution as a whole.) Recaj(t) can be defined as the num-ags beyond a few seconds are due to large-scale fluctuations,
ber of realizations of a joint detection in volumeé%;anddV, the peaks at the shortest time scales (first lag value correspond-
detected a time apart, divided by the Poisson expectation faihg to 2 s) are a real phenomenon. Note that the existence of
this quantity with unity subtracted off. By mixing in large gapsspatial correlations does not necessarily imply a physical in-
few of these joint realizations are lost (especially for smjll teraction between particles, nor does it preclude “randomness,”
since we are in a sparse medium and we mixed the gapseig., see Kostinski and Jameson (2000). Aerosol particles are in-
randomly. Though some detections have been eliminated, thétably stochastically distributed, just not via a Poisson process.
expected value for a Poisson distribution is lowered becauBke question as to whether or not a stochastic (e.g., turbulent)
the global mean value is decreased due to the gaps. As sufstem is able to completely decorrelate an initially correlated
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suspension of particles is still open to debate, and the time-scaebserved in Kostinski (2002), a nonzgromplies at least a

of measurement here are far too short for diffusion to smoothgansition regime where Beer's law cannot be safely assumed

the gradients. As such, the origins for these correlations coditd propagation through such a medium.

even be in the aerosol production process. In summary, data analysis reveals large-scale correlations as
So why is it that previous studies (Green 1927; Scrase 193%ll as intriguing subresolution clustering. This evidence is suf-

found no evidence of clustering? The sample size of Scrds®ently strong for dismissing the assumption that the spatial

(1935) was only 0.25 cfy roughly 5x 10~* our sample size. distribution of aerosol particles is perfectly random. Therefore,

Furthermore, we made calculations for a range of data; bahy treatment of the aerosol counts in a unit volume as a re-

other studies only had relevant information for one spatial scaldization of a Poisson process cannot be completely accurate.

Because of this, their analysis was limited to an analogug ofThis could alter theoretical predictions for such processes as

As can be inferred from Equation (5), the existence of a Poisscoagulation and extinction.

distribution on one scale can be a result of canceling positive
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