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Abstract

Dry atmospheric deposition contributes a signi"cant amount of phosphorus to the Everglades of South Florida.
Measurement of this deposition is problematic, because samples often are contaminated to varying degrees by bird
droppings and other foreign materials. This study attempted to detect and remove the outliers in phosphorus (P) #ux
rates measured from dry deposition samples. Visual inspection of the samples, recorded in "eld notes, found that 30.1%
of the samples contained animal droppings and frogs. Some of the samples with droppings and frogs (2.3%) had P values
greater than 884 lg P m~2 d~1 (a value twice the standard deviation of the raw data mean), and were removed from
further analysis. Outlier detection statistics based on a linear regression were then used for additional data screening.
Eight stations in the network of 19 were removed because high contamination precluded the use of the regression model.
Of the remaining samples, 15.7% were identi"ed through the regression procedure as contaminated and were removed.
The 11 station mean for P dry deposition was 85.8$79.0 lg P m~2 d~1, prior to the regression analysis, and
74.8$75.1 lg P m~2 d~1 after removal. Published by Elsevier Science Ltd.
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1. Introduction

Anthropogenic phosphorus (P) loads to the Everglades
of South Florida have resulted in signi"cant changes to
this oligotrophic ecosystem (Davis, 1994). As a result, the
State of Florida enacted a program to reduce P loading
to the Everglades through a series of best management
practices and large constructed wetlands known as storm
water treatment areas (State of Florida, 1994). To man-
age these P loads, accurate monitoring and analysis are
required of both controllable and non-controllable sour-
ces. In South Florida, where most water bodies are large
and shallow, atmospheric deposition, a non-controllable

source, is a signi"cant contributor of P (Red"eld, 1998).
Therefore, the South Florida Water Management Dis-
trict (District) has been collecting wet/dry deposition
samples in the region since 1987. As controllable loads
from agricultural regions are reduced, atmospheric de-
position will become even more signi"cant.

Atmospheric deposition is commonly sampled in two
separate forms: wet (rainfall) and dry (dustfall). Tech-
niques for estimating dry deposition include methods of:
micrometeorology; surface accumulation; throughfall;
watershed mass balance; and inferential technique (Eris-
man et al., 1994). The District has used the surface accu-
mulation method based on dry buckets to measure dry
atmospheric deposition. The dry bucket method is
simple, inexpensive, and, therefore, commonly used in
"eld. In particular, this method is useful for measuring
deposition of large particles (Hicks, 1986; Erisman et al.,
1994). Since P is primarily associated with particles
greater than 2 lm in diameter (Graham and Duce, 1982;
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Lawson and Winchester, 1979), the dry bucket may be
adequate samplers of P dry deposition.

Because most of the monitoring sites are located at or
near marshes, contamination of dry deposition samples
is very common. The major sources of contamination
are bird droppings, body parts of insects and animals,
dirt and dust, ash, and vegetation debris. These
contaminants result in positively biased P values,
which in turn bias the computation of summary statistics
of the P loads.

Many sources contribute to dry deposition. These in-
clude a combination of oceanic aerosols, agricultural
practices, burning, soil erosion, industrial and automo-
bile pollution, vegetation, etc. (Red"eld, 1998). Two con-
cerns exist with these potential sources of contamination.
The "rst concern is the origin of the contamination. If it is
from inside the area of interest, then it is a contamination
source, such as localized dust, frogs, bird droppings,
vegetation, insects. If it is from outside the area of inter-
est, such as some ash, dusts and vegetation debris, then it
is a true part of the dry atmospheric deposition. It is
almost impossible to determine the origins of these ma-
terials. The second concern is the impact that these sour-
ces may have on the estimates of P loads. If they add
large amounts of P (such as bird droppings) then they
tend to bias the estimate. If they add very little P (such as
insect parts) then there is no contamination problem. The
di$culty is to remove the bias (noise) while retaining the
signal.

This study presents a methodology to detect the out-
liers in the data for estimating the P #ux rates from
atmospheric deposition. This two-step approach iden-
ti"es outliers of P #ux in dry deposition samples by
identi"cation of contaminated samples through "eld note
observations followed by a statistical analysis of the data
using an appropriate regression technique. As far as the
authors know, this is the "rst application of this tech-
nique for atmospheric dry deposition. This technique
should be applicable to any atmospheric deposition
measurement program, because it is a statistically valid
method that can be used to remove extreme values from
any data set.

1.1. Outlier detection techniques

Outliers are data that appear to deviate markedly from
other members of the sample group in which they occur
(Beckman and Cook, 1983; Barnett and Lewis, 1984). In
relation to statistical analyses, Rousseeuw and van
Zomeren (1990) de"ned outliers as observations that
deviate from the estimates by a statistical model sugges-
ted by the majority of a data set. The latter de"nition
implies that, in order to detect outliers, a statistical model
can be used to de"ne the residuals between observation
and estimation, and the residuals can then be used to
indicate aberrant data.

There are a variety of statistical methods for detecting
outliers (Barnett and Lewis, 1984; Beckman and Cook,
1983). One method is to set an outlier bound at either
two- or three-standard deviations from the mean. How-
ever, with a limited number of samples, as is the case in
most environmental monitoring, good estimates of popu-
lation statistics cannot be obtained and the reliability of
this simple method is uncertain. Statistical modeling ap-
proaches are more promising for detecting outliers than
methods that rely on population statistics.

Statistical modeling methods include linear regression
(Beckman and Cook, 1983), multivariate analysis (Rous-
seeuw and Van Zomeren, 1990), and time series analysis
(Beckman and Cook, 1983; Tiwari and Dienes, 1994).
The multivariate method is not adopted here because
24% of the P deposition samples are randomly missing.
These missing samples reduce the number of paired data
sets, reducing the power of this technique. Preliminary
analysis revealed a weak serial correlation of these P de-
position data sets, making the time series analysis also
inappropriate for the data. Thus, only linear regression
methods were considered here.

The linear regression approach detects outliers by
forming a clean subset of data that contains no outliers,
"tting the regression for the clean subset, and testing for
outliers relative to the clean subset based on test statis-
tics. In this approach, the Studentized residuals are often
used to test multiple outliers (Beckman and Cook, 1983).
Finding a clean subset from a given data set is not trivial.
The clean subset should produce, among all possible
subsets, the smallest residual sum of squares. To "nd the
clean subset having a size of i from a sample data set
having a size of n, it is necessary to "t a regression model
to each of the (n

i
) possible subsets (where (:) is the number

of combinations) and to "nd the minimum residual sum
of squares. This method requires extensive computations
that may not be feasible for a large n.

Three approaches are commonly available for "nding
a clean subset more e!ectively: a random search algo-
rithm (Rousseeuw and van Zomeren, 1990); a forward
search algorithm (Hadi and Simono!, 1993; Atkinson,
1994); and a sophisticated elemental set algorithm (Haw-
kins and Simono!, 1993). The forward search algorithm
suggested by Hadi and Simono! (1993) was used here
since it is relatively simple and e$cient computationally
for "nding a clean subset (Atkinson, 1994).

To introduce Hadi and Simono!'s Studentized resid-
ual, let us assume that a data set having a size of n is "tted
by a simple regression model as

>"Xb#e (1)

where> is an n-vector of responses, X is an (n]k) matrix
representing k explanatory variables with a rank of
k(n, b is a k-vector of regression parameters, and resid-
uals e is a Gaussian random noise vector of size n with
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Fig. 1. Location map showing the atmospheric deposition
monitoring sites operated by the South Florida Water Manage-
ment District, where WCA stands for water conservation area.

N(0, p2
e
). The least squares estimates of the para-

meters are then given by b"(XTX)~1XT> and
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e
"eTe/(n!k), respectively, where ( )T denotes a matrix

transpose. A clean subset M is assumed where X
M
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M
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M
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corresponding regression parameters and residual vari-
ance, respectively. A Studentized residual d
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In particular, d
i
for i N M is the scaled prediction error

relative to the subset M. Because d
i
follows a Student

t distribution, outliers in > are tested with the statistics
ta@2(i`1),i~k

, where a/[2(i#1)] is the probability level and
(i!k) is the degree of freedom. For given data sorted in
order of increasing magnitudes, all observations where
d
i
*ta@2(i`1),i~k

are considered outliers.
The overall Hadi and Simono! method is based on

a forward search algorithm consisting of two steps:

(1) Find an initial clean subset M of size
h"(n#k!1)/2. That is, for j"k#1,2, h, "t
a regression model to the subset B of size j; com-
pute d

i
(i"1,2, n); arrange x

i
(i"1,2, n) in as-

cending order of d
i
.

(2) For j"h#1,2, n, "t a regression to the subset
B of size j; compute d

i
(i"h#1,2, n) by Eq. (2);

arrange x
i
(i"h#1,2, n) in ascending order of d

i
;

if d
i
*ta@2(i`1),i~k

, declare all observations satisfy-
ing this condition as outliers and stop the compu-
tation, or otherwise, form a new subset of size j#1
by taking the ordered x

j`1
until j#1"n.

In this approach, the signi"cance level a is the only
constant (turning point) to input prior to analysis.

2. Materials and methods

2.1. Data collection

The District initiated its atmospheric deposition
monitoring program in 1974 by installing four bulk (both
wet and dry) rainfall samplers near Lake Okeechobee
and WCA 1 areas. The monitoring program was signi"-
cantly improved in 1987 by deploying wet/dry collectors
(Aerochem Metrics Model 301 automatic wet/dry sam-
plers) and adopting a standard operating procedure for
data collection and processing in accordance with recom-
mendations of the National Atmospheric Deposition
Program (Bigelow and Dossett, 1988; NADP, 1996).

Currently, there are 18 monitoring sites with one repli-
cate sampling site (BG2) operated by the District (Fig. 1)
from which wet and dry samples are collected separately
to estimate atmospheric deposition rates, particularly for
nutrients. This study selected the data collected from
7 April 1992 to 22 October 1996, but the actual record
lengths vary from site to site owing to periodic expansion
of the monitoring program (Table 1).

The Aerochem wet/dry collectors were placed on 1 m
high tables at each site. A movable lid operated by
a moisture sensor plate was designed so that the lid
moves over and covers the dry bucket when it is raining,
and covers the wet bucket when it is not raining, to
prevent evaporation. The Aerochem bucket opening had
an area of 0.0647 m2 and a height of 0.25 m. Both wet and
dry deposition samples were collected at weekly time
intervals.

To sample dry deposition, the sample bucket was in-
spected in the "eld for contamination and some sources
of contamination (e.g. insect and insect parts, amphi-
bians, and reptiles) were removed by hand using
tweezers. Any visible contamination was identi"ed
according to 39 possible contamination sources. Then, 1 l
of deionized water was added to rinse the sides of the
bucket. The bucket was rubbed with a precleaned plastic
spatula. Each water sample was placed into multiple
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Table 1
Frequency table of visually observed contaminated and uncontaminated dry deposition samples taken from the District's Rainfall
Sampling Network from 6 April 1991 to 22 October 1996

Station Date of "rst
collected sample

No contamination Single contamination Multiple
contaminations

Total number
of samples

Number Percent Number Percent Number Percent

BG1 09/07/93 85 55.9 14 9.2 53 34.9 152
BG2 09/07/93 88 57.9 12 7.9 52 34.2 152
ENPRC 11/17/87 27 20.6 47 35.9 57 43.5 131
ENR101! 03/22/94 0 0.0 20 24.4 62 75.6 82
ENR203! 01/11/94 0 0.0 18 21.4 66 78.6 84
ENR301! 03/22/94 0 0.0 27 26.2 76 73.8 103
ENR401! 12/07/93 0 0.0 8 18.2 36 81.8 44
ENR 03/31/92 11 4.7 61 26.1 162 69.2 234
G36! 09/07/93 0 0.0 9 22.5 31 77.5 40
L67A 11/21/95 11 29.7 16 43.2 10 27.0 37
L6 11/16/95 3 7.5 19 47.5 18 45.0 40
OKEEFS 11/24/87 47 25.8 44 24.2 91 50.0 182
S127! 09/07/93 0 0.0 16 24.2 50 75.8 66
S131 09/07/93 102 68.0 12 8.0 36 24.0 150
S140 06/26/89 26 14.5 72 40.2 81 45.3 179
S308! 08/09/94 0 0.0 0 0.0 13 100.0 13
S310 09/07/93 93 67.9 5 3.6 39 28.5 137
S65A! 09/25/89 0 0.0 33 21.6 120 78.4 153
S7 12/05/88 18 8.2 85 38.6 117 53.2 220

Total 511 23.6 518 23.2 1170 53.2 2199

!Data from these stations are dropped for further analysis.

175 ml bottles and acidi"ed with a 50% reagent-grade
solution of H

2
SO

4
to a pH less than 2. The bottles were

stored on ice and returned to the District laboratory
within a few hours. At the laboratory, samples were
digested with persulfate and P concentration was deter-
mined colorimetrically (USEPA, 1979). Quality assur-
ance and quality control were performed in accordance
with District standards (SFWMD, 1996). The P depos-
ition (PDEP) rate (lg P m~2 d~1) was then determined
as

PDEP"

[P]<

0.0647d
, (3)

where [P] is the P concentration in the sample (lg l~1),
< is the volume of water collected (l), 0.0647 is the area of
the bucket (m2), and d is the number of days the bucket
was deployed.

2.2. Outlier detection

A preliminary step in removing outliers involved
screening the samples using descriptions provided in "eld
notes, especially those samples with visual descriptions of

gross contamination. These samples were #agged and if
their P values exceeded two standard deviations from the
mean of all samples, they were discarded. This provided
a binary decision of whether each sample was contam-
inated for a given contamination category. Additional
screening was performed using the Hadi and Simono!
approach, described below, to detect outliers and to
remove samples contaminated by sources that were not
#agged by visible inspection.

To identify the outliers in a data set> from a given site,
the P data from nearby sites were used to determine
a independent (explanatory) variable X. Before applying
the Hadi and Simono! approach, the dependent variable
My

i
, i"1,2, NN for each site was divided into two sub-

sets: a complete data set >
C
"y

i
, i"1,2, N

C
for which

the corresponding explanatory variable x
i
is available, or

an incomplete data set >
I
"y

i
, i"1,2, N

I
for which

x
i
is missing, where N("N

C
#N

I
) is the sample size of

>. Then, a linear regression model of

y
i
"a#bx

i
for i"1,2, N

C
(4)

was applied to the complete data set where a and b are
the regression parameters. Due to the large number of
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Fig. 2. Frequency distributions of raw dry deposition P data
(2199 data points) from 19 monitoring sites before removing
outliers, with the best "tted linear regression line. Note: The data
less than the method detection limit (MDL) of 8.8 lg P m~2 d~1

were assigned a value of MDL/2 for plotting purpose.

Fig. 3. Box and whisker plots of dry deposition P values from 19
sites in South Florida. The solid line represents the mean at each
site, while the middle, bottom and top edges of each box are the
median, 25th and 75th percentiles, and the bottom and top of
whiskers are the low and high extremes, respectively.

missing data that occurred randomly, N
C

was commonly
less than N. To increase N

C
, 1}4 explanatory sites were

chosen based on the distance between sites, periods of
record, and the number of missing data. An average
of the P values measured concurrently from the sel-
ected explanatory sites was then taken as an independent
variable.

3. Results

The 39 distinct contamination sources were assigned
one of six categories (animal droppings and frogs, dirt
and dust, vegetation, insects and reptiles, ash, and miscel-
laneous) (Table 2). Only 511 of the 2199 samples showed
no visible signs of contamination (Table 1). These 511
samples were found at 11 of the 19 stations. Multiple
contaminations of samples were very common. A total of
518 cases of single and 1170 multiple contamination
cases were recorded.

Because of multiple contaminations there were 3203
observed sample contaminations in the 2199 samples
(Table 2). Of the total observed contaminations, the most
common were dirt and dust which comprised 35.9% of
observations and were found in 52.3% of all samples.
This was followed by insects and insect body parts
(25.9% of observations, 37.8% of samples), and animal
droppings (20.6% of observations and 30.1% of samples).
Ash, miscellaneous, and vegetation made up less than
18% of the observations and were found in less than 26%
of the samples.

Preliminary inspection of the uncensored P data
showed a number of high values (for instance,
Prob.MP'1000 lg P m~2 d~1N+4%, Fig. 2) that were
assumed to be contaminated since natural deposition
processes are unlikely to yield such high concentrations.
Summary statistics of P deposition then were computed
for each contamination category (data not shown). No
relationships between P and contamination category
could be detected because of high variability of contami-
nation and multiple contamination sources in a sample.
Consequently, salvaging the contaminated data by separ-
ating the true atmospheric deposition component and
contamination component was not possible.

Animal droppings and frogs were the most signi"cant
contamination source: the mean P value was 4486$
15 010 lg P m~2 d~1. Contributions from the other cat-
egories were relatively small. Samples that were con-
taminated by animal droppings and frogs with the
P value greater than 884 lg P m~2 d~1 (a value two
standard deviations from the mean of uncensored P data)
were therefore eliminated from further analysis (Table 3).
Based on this "rst step, 2.3% of the data were eliminated.
Although most of the high P deposition data were e!ec-
tively removed using this approach, there were still un-
reasonably high P values remaining.

Of the 19 sites, only 11 sites were analyzed further
because the data from the other eight sites (Table 1) had
high rates of contamination (Fig. 3) resulting in failure of
the Hadi and Simono! approach due to unusually low
computed d

i
values. For each site, the Hadi and Simono!

approach was applied to the complete data set, from
which outliers and a site-speci"c cuto! value were deter-
mined based on the t-statistics ta@2(i`1),i~k

. The site-speci-
"c cuto! value was then used to identify the outliers in an
incomplete data set >

I
.
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Table 3
Summary of outlier detection for 1614 dry P deposition samples from 11 stations

Station name Number of detected outliers Number of samples
after removing
outliers

Outlier bound
(lg P m~2 d~1)

Mean
(lg P m~2 d~1)

Standard deviation
(lg P m~2 d~1)

Field notes! Statistical
approach

BG1 6 22 124 '435 85.6 91.9
BG2 7 18 127 '232 79.7 89.1
ENPRC 5 32 94 '627 69.3 86.0
ENR 3 15 216 '386 89.3 82.6
L67A 0 8 29 '46 17.8 11.4
L6 0 7 33 '230 60.6 51.8
OKEEFS 10 34 138 '488 85.5 87.4
S131 5 26 119 '499 91.1 82.0
S140 1 36 142 '307 74.5 77.9
S310 0 25 112 '355 92.1 77.4
S7 0 31 189 '241 77.3 88.4

Sum 37 254 1443
(2.3%) (15.7%) (82.0%)

Mean '350 74.8 75.1
Mean before statistical outlier detection 85.8 79.0

!Includes samples contaminated with bird droppings or frogs if P value'884 lg P m~2 d~1.

Fig. 4. Examples of outlier detection for the selected sites, where outliers are the right-hand-side data points (*) along the vertical
reference (cuto!) line which represents the t-value for a"0.01.

To assess the performance of the Hadi and Simono!
approach, the estimated d

i
versus P value was plotted for

four arbitrarily selected sites (although all sites showed
nearly identical patterns) (Fig. 4). Since the data in each

plot are for the complete data set having a size of N
C
, the

number of outliers displayed in each plot is less than the
corresponding number for the total number of samples
N (Table 3). For instance, at site BG1, only six outliers
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are displayed but there are 22 detected outliers if we
consider both the >

I
and >

C
data sets. The results of our

outlier detection are not sensitive to the choice of sig-
ni"cance level a. This insensitivity is attributed to the
signi"cantly large values of outliers compared to the
non-contaminated samples. Because of these distinct
di!erences, the results of outlier detection were consistent
regardless of the sample size and the number of detected
outliers (although the R2 in regression was very low in
most cases; R2"0.3}0.7). In other words, the goodness-
of-the-"t of a regression is not critical for outlier detection.

The cuto! values for determining outliers varied
from site to site depending on the occurrence of data
contamination (column 5 in Table 3). An average of the
distributed cuto! values from the 11 stations was
350 lg P m~2 d~1. However, this value was less reliable
because it was a!ected by the distribution of an outlying
data set. The computed means for each station ranged
from 17.8 lg P m~2 d~1 at L67A to 92.1 lg P m~2 d~1

at S310. The sample mean of dry P deposition from the
11 stations was 74.5$75.5 lg P m~2 d~1.

4. Discussion

An accurate account of P loads is needed to under-
stand its impact on the Everglades. This account must
include surface loads, rainfall, and dry deposition. The
latter is signi"cant, however, contamination from bird
droppings, body parts of insects, and miscellaneous de-
bris, as documented here, is problematic in obtaining
accurate background rates of dry P deposition. This
problem is not an isolated one, and extends to almost all
projects that measure atmospheric deposition. The
method employed here is useful and defensible in remov-
ing the bias of contamination for multi-site data.

Estimates of P dry deposition range from 4 to 10 times
that of wet deposition (Hicks et al., 1993). Wet deposition
in South Florida, with a mean rainfall of 1.35 m yr~1 and
a mean concentration of 10.6 lg P l~1 (Ahn, 1998) in
rainfall, is estimated as 14.3 mg P m~2 yr~1. Our ob-
served estimate of dry deposition is 27.3 mg P m~2 yr~1

(calculated from Table 3). Thus, the ratio of our dry
deposition to wet deposition is 2 : 1, which is lower than
what others have observed.

The total estimate of wet deposition plus dry depo-
sition, 41.6 mg P m~2 yr~1, is consistent with estimates
from peat accretion data of 35.5 mg P m~2 yr~1 (Walker,
1993), and 50 mg P m~2 yr~1 from bulk collectors
throughout Florida (Hendry et al., 1981). But it is less
than the 93.3 mg P m~2 yr~1 determined in the Tampa
area from seven bulk collectors (Dixon et al., 1996). These
comparisons provide a certain level of con"dence regard-
ing the District's sampling network, procedures, and the
statistical approach that we have taken. However, there
is still a large amount of variability within our own data.

Dry deposition is quite variable both in space (Hicks et
al., 1993; Van Ek and Draaijers, 1994; Dixon et al., 1996;
Hendry et al., 1981), and time (Hicks et al., 1993). The
latter is primarily a result of episodic events and depo-
sition of larger ('2 lm) particles. Both the spatial and
temporal variability are also present in the data from the
District's network of atmospheric deposition stations.
The standard deviation of the samples is equivalent
to the mean (after censoring). Also the means ranged
from an average of 17.8 lg P m~2 d~1 at a remote
station in a marsh area of the Everglades (L67A) to
92.1 lg P m~2 d~1 at S310 a site near the town of
Clewiston that is impacted by industrial activity.

As a result of data screening based on the two-step
procedure, about 18% of the data were identi"ed as
contaminated and were removed. The pooled mean and
standard deviation of the dry P data collected from
11 sites was 74.8$75.1 lg P m~2 d~1, and is actually
lower than other estimates of dry deposition in the
state of Florida. Dixon et al. (1996) estimated
120.5 lg P m~2 d~1 from the Tampa area, Hendry et al.
(1981) estimated 131 lg P m~2 d~1 from four sites in one
urban, two agricultural, and one sea side area, and Peters
and Reese (1995) measured 194 lg P m~2 d~1 south of
Lake Okeechobee in May}June of 1992. Our lower esti-
mates are most likely a combination of improved "eld
observations, sampling methods, and location of the
samplers in areas that are further away from urban
centers, industry (such as the phosphate mining industry
in the Tampa area), and tra$c.

A major question regarding dry deposition is how
much is from external or background atmospheric de-
position, and how much is from internal or local sources.
This question not only deals with the problem of con-
tamination but also methods of collecting dry deposition.
Because of the relative simplicity and robustness of this
outlier identi"cation technique, it should be useful for
any dry deposition collection method.

5. Summary

This study took an observational and statistical ap-
proach to detect outliers in the dry deposition P samples.
The approach used both "eld notes describing the type of
contamination and outlier detection statistics based on
a linear regression. In particular, the study demonstrated
how a two-phased outlier detection approach can be
applied for multi-site environmental data. Although this
approach cannot remove all uncertainty from these data,
it did produce a pooled value of 74.8 lg P m~2 d~1 that
was 10% less than the pooled value of prescreened data
of 85.8 lg P m~2 d~1. The forward search algorithm
proposed by Hadi and Simono! (1993) for "nding a
clean subset was fast and robust as was reported in the
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previous studies. This approach was not sensitive to the
signi"cance level which is the only turning point in the
outlier detection method. This method should be useful
to other studies for screening dry deposition samples.
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