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Supervised dive classification is a commonly used technique for categorising time-depth profiles of diving
vertebrates. Such analyses permit the description and quantification of dive behaviour and foraging tactics,
and highlight feeding locations. Ideally, classification functions should be validated, and this is commonly
done visually. Visual classification is subjective, but it is currently one of the few measures available for
validation. We develop several approaches to validate a supervised dive classification: (1) two people visually
assigning dives and developing a dataset where both agree, and (2) use of dives from southern elephant seals
identified as “drift dives” with characteristic velocity signatures. We classified the dives of three seals from
their post-moult foraging trips and estimated the error associated with visual classification. We found
classification error (disagreement) between classifiers up to 57%. We created a training dataset based on
dives with agreement and applied this to a relatively new, automated classification method – the random
forests (RF) algorithm. A supervised function developed using this algorithm estimated a classification error
of 5% on elephant seal dives; classification error on underrepresented dive classes ranged from 2 – 12%.
Testing this classification function on independent data produced a low error (1.6%). RF function errors were
lower than for visual classification, and errors were similar to or better than those estimated using
discriminant functions. Swim velocity parameters were the most important predictors, but their absence did
not reduce the random forests function's effectiveness by much. Our results suggest that there is a temporal
shift in diving behaviour as seals become more buoyant. We compared the temporal patterns in drift rate
from the drift dives classified using the RF function with the drift dives validated via characteristic velocity
signatures. This indicated that the classifications produced by RF function are valid even though some error
persists, and we suggest adoption of this method for classifying dives in other air-breathing diving
vertebrates.

© 2008 Elsevier B.V. All rights reserved.

1. Introduction

For many diving vertebrates such as penguins, turtles, seals and
whales, a large proportion of time is spent underwater where direct
observation of behaviour is difficult or impossible. Technical advances
over the last 30 years have enabled the collection of data describing
elements of sub-surface foraging, travelling and other activities
(Hooker et al., 2007). Time-depth recorders (TDRs) have provided
some of the simplest, yet voluminous and informative data to date.
Interpreting TDR-collected data has commonly involved reconstruct-
ing time-depth profiles of individual dives and categorising them into
different putative behavioural types related predominately to transit,
foraging and rest based on their two-dimensional shape. Such
analyses have provided a wealth of information on diving behaviour
and have proven useful for understanding foraging strategies (Burns

et al., 1997; Hassrick et al., 2007; Putz and Cherel, 2005;Wilson,1995),
for inferring foraging/feeding behaviour (Austin et al., 2006; Bailleul
et al., 2007a; Biuw et al., 2003, 2007; Le Boeuf et al., 2000; Robinson
et al., 2007; Simeone and Wilson, 2003) and for highlighting feeding
locations and the environmental gradients associated with successful
foraging (Bailleul et al., 2007a,b; Biuw et al., 2007).

One dive type that has been used to infer prey acquisition is the
drift diving behaviour of seals (Mirounga spp. and Arctocephalus
pusilus). These are dives where the animal drifts passively in thewater
column for several minutes after first swimming to some depth
(Crocker et al., 1997). Buoyancy during the drifting phase, and hence,
relative body composition, can be measured as changes in the rate of
vertical displacement. In seals, buoyancy is determined largely by the
relative proportions of lipid and lean body tissue (Beck et al., 2000;
Biuw et al., 2003;Webb et al., 1998); individuals with a high lipid:lean
tissue ratio are more buoyant than individuals of similar mass but
with a lower proportional lipid store (Beck et al., 2000; Biuw et al.,
2003; Thums et al., in press).

Another commonly identified dive type is the square-shaped (also
called U-shaped) dive thought to indicate foraging behaviour in seals
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and diving birds (Schreer et al., 2001), some cetaceans (Malcolm and
Duffus, 2000; Nowacek et al., 2001), and benthic resting and foraging
in sea turtles (Hochscheid et al., 2005; McMahon et al., 2007). A direct
link between square dives and feeding has been found in some species
by correlating drops in stomach temperature (Lesage et al., 1999;
Wilson et al., 1995) and video image recordings of prey capture (Davis
et al., 2003). The identification and quantification of square dives has
been used to infer changes in foraging behaviour in space and time
(Baechler et al., 2002; Le Boeuf et al., 2000; Schreer et al., 2001;Wilson
and Wilson, 1990), to validate track based estimates of feeding
locations (Robinson et al., 2007) and to indicate resting behaviour
(Hays et al., 2004a; Hochscheid et al., 2005).

Early analyses of TDR data classified dive types visually based on
their shape, but the associated subjectivity and effort required renders
this method unsuitable for large datasets. Multivariate statistical
methods can provide objective and fast classification with reasonable
precision (Schreer and Testa, 1996). The two most commonly used
statistical techniques are discriminant function and cluster analysis.
Discriminant function requires a priori groupings to develop the
classification function, so it is commonly used to validate the groups
created by cluster analysis or visual classification (Schreer and Testa,

1995). The validation is thus a test of whether the dive types assessed
by either visual or cluster methods are valid for the data, i.e., a high
error rate may indicate an invalid group. In a sense, this is not a true
validation because there is no “correct” solution. Further, it is an
internal validation, only providing an estimate of how well a new
dataset would be classified.

We developed a supervised classification function for two-
dimensional dive data using more robust validation processes. We
attempted to circumvent some of the common validation problems by
(1) attempting to obtain a “correct” solution using two human
classifiers visually assigning dives and developing a dataset where the
two classifiers agree, (2) obtaining a truly “correct” solution for one
type of dive, drift dives, independently verified based on characteristic
velocity signatures, and (3) testing the method on an independent
dataset (one that was not used in the development of the function).
We also tested a relatively new automated classification method, the
random forests algorithm (RF) (Breiman, 2001), which appears to
perform well compared to other techniques such as discriminant
functions and neural networks (Breiman, 2001). More importantly,
the RF algorithm is relatively simple to implement because it does not
require cross validation with a separate test dataset, it is resistant to

Fig. 1. Each dive class (A) V-shaped dives, (B) round dives (C+) positive drift dives, (C-) negative drift dives, (D) square dives with depth oscillations (wiggles) and (E) flat-bottomed,
square dives plotted as depth (y-axis) versus time (x-axis), with its corresponding plot of time spent in each of 20 equally spaced depth bins (y-axis) as a proportion of the total dive
duration (x-axis).
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over-fitting, and it estimates the precision associated with each
classification prediction as well as the relative weight of each dive
characteristic in determining the particular classification (Liaw and
Wiener, 2002). Variables calculable from speed turbines on some of
the TDRs were also used to determine whether their inclusion in the
methods used can provide greater predictive precision for the
classification of dive types as suggested by Davis et al. (2003),
Hassrick et al. (2007) and Lesage et al. (1999).

2. Methods

2.1. Data collection

We instrumented adult female southern elephant seals (Mirounga
leonina) from Macquarie Island (54° 35′ S, 158° 58′ E) with velocity
time-depth recorders (VTDR) (Wildlife Computers MK8, Redmond,
Washington, USA) prior to the 2004 (n=12) post-lactation (Oct-Dec)
and 2002 (n=14), 2004 (n=16) and 2005 (n=4) post-moult (Feb-Sep)
foraging trips. Seals were captured and sedated following the
procedures outlined in Field et al. (2002). The VTDRs were attached
to the pelage above the shoulders following the procedures outlined
in Hindell and Slip (1997) and sampled time, depth, light level,
revolutions of a flow-driven turbinemounted on top of the instrument
and temperature every 30 seconds for the duration of both foraging
trips. Speed was derived from the logged revolutions of the turbine
using the post hoc calibrationmethod outlined in Fletcher et al. (1996).

2.2. Data extraction and dive variables

Raw data from the VTDRs were extracted using software provided
by Wildlife Computers (Redmond, Washington, USA). Summary

parameters for each dive were then calculated using ‘DIVE’, a custom
dive-analysis program (Stuart Greenhill, Murdoch University, Perth,
Western Australia). These parameters were maximum depth (m),
duration (min), total mean speed (m s−1), descent speed (m s−1),
ascent speed (m s−1), descent rate (m s−1), ascent rate (m s−1), vertical
and horizontal distances travelled during ascent and descent (m),
number of wiggles (depth oscillations at the bottom of a dive) and
time spent at the bottom of a dive (min). We also calculated the time
spent in each of 20 equally spaced depth bins as a proportion of the
total dive duration for each dive (Fig. 1). Similar to the method used by
Schreer and Testa (1995), we also calculated 20 depth profiles for each
dive by dividing dive duration into 20 equal parts and computing the
proportion of each corresponding depth to the total depth of the dive,
thereby standardising for varying depth. We also calculated the
descent and ascent angles.

2.3. Development of classification function

Weused the tree-basedmodel random forests, developed byBreiman
(2001). Random forests differs from a standard tree in that instead of
splitting each node using the best split among all variables, each node is
split using the best of a subset of predictors chosen randomly at that
node. We used the R Language (R Development Core Team, 2007)
interface to the original Fortran programs, randomForest (Liaw and
Wiener, 2002).

In RF, cross-validation, or a separate unbiased estimate of error, is
not required because it is estimated internally. Trees are constructed
using a different bootstrap sample each time from the original data.
About one-third of the cases are left out of the bootstrap sample and
classifications are given to these data using the tree grown with the
bootstrap sample. In this way, a test set classification is obtained for

Fig. 2. (Top) For one C- dive, swim speed is plotted against time. (Bottom) Dive depth against time (black), with the first differential of depth/sampling rate plotted against time (grey).
Threshold differentials (black dotted lines) and drift segments (black dashed lines) are shown. Note: 0 m s−1 on the graph denotes anything≤ the stall speed of the turbine.
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each case in about one third of the trees. These predictions are then
aggregated and the error is calculated. This is known as the ‘out-of-
bag’ (OOB) estimate of error and is generally unbiased in many tests
(Breiman, 2001).

RandomForest also computes the contribution of each explana-
tory variable to the classification using the Gini Index (Breiman, 2002).
Each time a node split occurs based on a particular variable, the Gini
impurity criterion for the two descendent nodes is less than the parent
node. The Gini index is calculated by summing the Gini decreases for
each individual variable over all trees in the forest (Breiman, 2002). To
assess the importance of the speed-derived variables on the
classification success, we developed two RF classification functions,
one including variables derived from speed sensors (total mean speed
(m s−1), descent speed (m s−1), ascent speed (m s−1), horizontal
distance (m) and descent and ascent angles) and another excluding
the speed-derived variables.

2.4. Prior specification of classes for development of a training and
validation dataset

RandomForest was run in supervised mode; thus, the dive classes
had to be specified a priori to develop a training set of dives required to
train the function and for validation. We used visual classification and
three of the Mk8 TDR records were chosen for this purpose. These had
data for their entire post-moult foraging trip (242±8 days [mean±SD])
comprising 37224 dives in total (11796±592). Due to the potential
subjectivity inherent in this method, two people (classifiers) assigned
the samedives to classes independently and only those dives thatwere
assigned to the same class by both were used in the training set. This
was subsetted to ensure that equal numbers of each of the dive classes
were present. This was necessary because around 80% of southern
elephant seal dives are square dives (Hindell et al., 1991), which would
have underrepresented other dive classes. This resulted in a training
dataset of 2226 dives, with 371 of each dive class used to develop the
classification function. We further subsetted the drift dives by only
accepting those independently verified as a drift dive by the presence
of a speed reading≤stall speed of the swim speed turbine during the
putative drift phase (Fig. 2) (Thums et al., in press).

The classes used were (A) V-shaped dives, (B) round dives (C) drift
dives, (D) square dives with depth oscillations (wiggles) and (E) flat-
bottomed, square dives (Asaga et al., 1994; Crocker et al., 1997;
Hassrick et al., 2007; Hindell et al., 1991; Jonker and Bester, 1994; Le
Boeuf et al., 1992, 1993). We further demarcated drift dives, separating
drift dives with a floating (dive type C+) versus sinking drift
component (type C-). We therefore had a final total of six dive classes.
Dives that could not be allocated visually to any class (4% of dives)
were removed from the analysis.

2.5. Error associated with visual dive classification

With two classifiers categorising dives visually to create the
training and validation dataset, we were able to assess the agreement
and thus obtain an idea of the errors associated with visual
classification. It is not possible to know the “true” classification of a
dive, so we calculated the errors (% disagreement) twice (once
assuming Classifier 1 was correct, and again assuming Classifier 2 was
correct). We therefore calculated a range of errors associated with
each dive class. For drift dives, we calculated a definitive error because
we could identify true periods of drift from the swim speed data
(Thums et al., in press).Table 1

The ‘out-of-bag’ (OOB) estimate of error from the Random Forests (RF) classification
function with and without speed parameters, and the visual classification error
calculated assuming human classifiers 1 and 2 were correct

Dive
Class

Random Forests Visual RF (PL)

+Speed -Speed Classifier 1 Classifier 2 -Speed

A 1.9 1.3 6 57 0
B 7.5 8.4 10 31 5.3
C+ 2.1 1.6 14 46 NA
C- 4.0 4.3 11 10 0
D 11.8 12.4 8 2 1.6
E 1.9 2.2 2 12 NA
Total 4.9 5.0 8 1.6

The total error calculated for the visual classification is the % disagreement between the
two classifiers. The final column shows the errors from testing the RF function on a post-
lactation (PL) seal's dataset.
Dive category A=V-shaped dives; B=round dives; C+=positive drift dives; C-=negative
drift dives; D=square dives with depth oscillations (wiggles); E=flat-bottomed, square
dives.

Table 2
The mean and standard deviation (SD) of the percentage of dive types found in the
records of the three post-moult seals that had their dives classified manually versus
those classified via Random Forests

Dive
Class

Post-moult Post-lactation

Manual RF Δ Manual RF Δ

A 1.5±2.0 3.5±4.2 2.0 0.1 0.2 0.1
B 6.9±3.6 8.7±3.1 1.8 2.2 2.7 0.5
C+ 1.2±0.5 3.9±1.1 2.7 0 0.3 NA
C- 6.4±3.8 7.5±4.1 1.1 4.7 5.1 0.4
D & E 84.1±6.2 76.5±4.8 7.6 92.7 91.5 1.2

Therewas only 1 post-lactation dataset visually classified so only the percentage of each
dive class is presented. Note: The post-lactation seal did not exhibit types E or C+ dives,
and there were only three type A dives present in the record.
Note: The post-lactation seal did not exhibit types E or C+ dives, and there were only
three type A dives present in the record.

Fig. 3. The importance of each of the top ten variables to the classification based on the
Mean Gini Index computed by randomForest (A) using speed variables or (B) without
using speed variables. tsmean=mean total speed, dsmean=mean descent speed,
bin20=time spent in the deepest depth bin as a proportion of total dive duration,
bin19=time spent in the second deepest depth bin as a proportion of total dive
duration, descent=descent rate, ascent=ascent rate, btime2=time spent at the bottom
of the dive as a proportion of total dive duration, tdmax=maximum depth, bin3=time
spent in the third shallowest depth bin as a proportion of total dive duration,
dang=descent angle, bin18=time spent in the third deepest depth bin as a proportion of
total dive duration, duration=total dive duration, tdivert= total vertical distance.
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2.6. External and independent validations

We tested the RF classification function by using it to predict the
dive classes of an external dataset, i.e., the data from a seal fromwhich
dives were not included in the development of the classification
functions. The external datawere also collected during a different type
of foraging trip (post-breeding) and from a different year (2004) than
the training-set data. These data were visually classified by the two
classifiers as before, and subsetted based on agreement. The RF
classification function then predicted dive classes on this dataset.
Using known drift dives (as above), we truly validated our classifica-
tion function for this dive class.

2.7. Temporal patterns in rate of drifting during drift dives to assess the
validity of RF dive classifications

Tracking the rate of drifting during drift dives is a useful indicator
of foraging success over a seals foraging trip. We used these dives to
assess the effect of misclassifications by comparing the temporal
patterns in drift rate (see details below) obtained from the RF-
classified drift dives to the patterns obtained from drift dives
identified on the basis of haveing a drifting segment with speed≤ the
stall speed of the turbine (stall speed effectively indicates no, or
minimal, active propulsion) (Fig. 2(top)).

To calculate drift rate, the drift segment must be identified from
the RF-classified drift dives. We used a custom function written in the
R Language where the first differential of depth was divided by the
sampling rate. We calculated a threshold region for each drift dive
where the differences between the differentials remained low and
constant (Fig. 2). Drift rate was calculated as the difference between
the start and end depth within each drift component divided by the
difference between the start and end time of the component. We only

examined drift divesN50m tominimise the potential buoyancy effects
of residual air in the lungs, and we only used drifting periods lasting
longer than 3 min because a minimum of 6 consecutive records is
needed to estimate drift rate.

To compare the temporal patterns in drift rate, we fitted a median
smoothing spline to the data using the constrained quadratic
regression B-spline from the COBS library in the R Package to the
drift rates derived from both approaches for each day of the foraging
trip. Function roughness was controlled by the number of internal
knots rather than the smoothing parameter λ. The number of knots
was chosen via the automated knot-selection procedure which uses a
stepwise knot deletion and addition process and then makes adaptive
choices using the default Schwarz Information Criterion (SIC) (He and
Ng, 2006). We used the probabilities derived from randomForest as
the weightings when fitting the spline.

3. Results

Twenty-five foraging trip records (18 post-moult [PM] and 7 post-
lactation [PL]) were used in the analysis. Eight of the seals equipped
with VTDRs were not recaptured and another 11 instruments malfunc-
tioned. Mean foraging trip duration for these seals was 68.6±12.1 and
234.4±6.0 days for PL and PM trips, respectively. Speed sensor failures
occurred occasionally and predominantly at the start of the trip when
turbines were temporarily blocked by accumulated beach sand. We
identified blockages by examining the totalmean speed for all dives (not
just the drift component);when thesewere zero, itwas clear the turbine
was blocked. A small number of these blockages occurred during the
trip, presumably as a result of flotsam or large particulates becoming
lodged in the turbine. There was no evidence to suggest progressive
clogging and it appeared that the few blockages that did occur cleared
quickly. We omitted these periods of blockage from analysis.

Fig. 4. The proportion of time spent on the three most common dive types plotted against day of trip for one post-moult seal using the visually classified dives where the two human
classifiers agreed (top), and for the random forests-classified dives (bottom). Solid light grey line=foraging dives (dive types D and E), dotted black line=drift dives (types C- and C+),
and black line=round dives (type B). The two vertical black lines indicate the period of time that the seal was positively buoyant.
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3.1. Visual classification

Disagreement between the classifierswas high for dive classes A (6 –

57%), B (10 – 31%) and C+ (14 – 46%). Lower disagreement was found for
the remaining dive classes and disagreement with C- dives varied the
least (10 - 11%) (Table 1; Fig. 1). The overall disagreement was 8%.When
comparing the datasetwhere the two classifiers agreed to the drift dives
validatedby speed, C+ diveswere classified incorrectly in 1%of cases, and
C- dives were classified incorrectly in 5% of cases.

3.2. Validation of classification function

The overall OOB error estimate was 5% for both RF classification
functions (with and without speed parameters), with little difference
between them (Table 1). D dives had the greatest classification error
(12%), followed by B dives (8%); the error for all other dive types b4%.
Both the overall and individual dive classification errors were lower
than for visual classification, although visual classification error for
class D dives was lower (2 to 8%) than the RF classification function
error (12%) (Table 1). True error for C+ diveswas 2%, and 4% for C- dives.

3.3. Importance of speed to the classification function

When included, speed-derived variables were the top-ranked
predictors, particularly total mean speed and descent speed (Fig. 3A).
Omitting speed-derived variables resulted in descent rate becoming
the best predictor, although the relative importance of themost highly
ranked versus subsequent variables was not as pronounced (Fig. 3B).
In both RF classification functions, the proportion of time spent in the
deepest depth bin also influenced classification success.

3.4. Validation with external dataset

Testing the RF classification function (without speed derived
variables) on the PL dataset resulted in a 1.6% classification error, and
no classification error on C- dives (Table 1). This seal did not perform
any C+ or E dives. It is common for post-lactation seals not to reach
positive buoyancy and therefore not to perform C+ dives (Crocker et al.,
1997), and E dives are only exhibited by a small number of female
elephant seals (they are normally associated with males) (Hindell
et al., 1991).

Fig. 5.Median (black line) and 95% confidence intervals (black dashed lines) for the temporal spline function applied to the drift rates calculated from the true drift dives (speed on the
drift segment≤stall speed). Median predictions from the spline function applied to the drift rates calculated from the random forests-classified drift dives are shown as a grey line.
Results for post-moult (left panels) and post-lactation (right panels) for 12 individual seals are shown.
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3.5. Proportions of dive types found by visual versus RandomForest
classification

Using the entire dataset (not just the training and validation
datasets) where the two visual classifiers agreed, 84.1% of PM dives
were square type dives (D and E) (Table 2). The next most common
were B dives (6.9%), followed by C- dives (6.4%) (Table 2). In PL, a larger
proportion of dives were D (92.7%), and C- dives were more common
(4.7%) than B dives (2.2%). The proportion of RF-classified dives had
reasonable agreement with the proportion of visually classified dives
in PM for D, E and C- dives; however, the proportions calculated for the
other dive classes were inflated, particularly for C+ dives where RF
classified more than triple the amount (3.9%) than were visually
classified (1.3%) (Table 1). The proportions of RF-classified dives
differed to the visually classified proportions during PM (χ5

2=3183.9,
Pb0.001), but there was little evidence that they differed during PL
(χ3

2=5.32, P=0.149) (Table 2).

3.6. Time series of common dive classes

Most time spent on B dives occurred at the start and end of each of
the foraging trips, but these dives also occurred intermittently
throughout the trip (Fig. 4). Time spent on square dives (D and E)
and drift dives (C+ and C-) varied throughout the trip. The patterns
were similar for both but for the RF classified dives the seal
demonstrated a decrease in time spent on square dives and a
corresponding increase in drift dives (Fig. 4). The temporal pattern
in drift rates calculated from the RF classified drift dives was similar to
or the same as the patterns from validated drift dives (Fig. 5), and all
were within the 95% confidence interval of the predictions (Fig. 5).

4. Discussion

The classification of dive types essentially identifies different
behavioural states of diving animals. Some of these have proven useful
for inferring foraging (square dives) and inferring periods of successful
feeding (drift dives). Analysing the fine-scale components of such
dives can be useful for understanding foraging tactics and tracking
these behaviours spatially is important for determining feeding foci.
Our analysis has shown that the common method for conducting
supervised dive classification, visual determination, may be prone to
high errors. This is due to the inherent subjectivity exacerbated by a
lack of clear category in which to place dives of intermediate shape.
This is likely to result from dive types being inferred from 2-
dimensional data, yet performed in 3-dimensionsal volume, or fine-
scale changes in diving parameters that warp the shape of the profile.
Internal validation of the classification function provides a more
realistic estimate of the expected classification errors; we were
successful in keeping error to around 5% for elephant seal dives, both
with and without speed-derived variables. While not considerably
different to the overall classification success using the visual
technique (8%), an inspection of the error rates on the less common
dive classes highlights the superiority of the automatic classification
function (Table 1). Testing the classification function on a post-
lactation dataset (external validation) produced a much lower
classification error, both overall (1.6%) and for the individual dive
classes (0 – 5%) (Table 1). This represents the true error rather than an
estimate.

Even though speed variables were the most important predictors
when available, their absence did not reduce the RF classification
function's effectiveness greatly. There is an increasing range of
parameters that can be measured by data-loggers attached to animals.
For example flipper beat frequency (Hays et al., 2004b), state of
consciousness (Houghton et al., 2008) and prey search and ingestion
(Soto et al., 2008) can all be measured. These types of data will allow
for further discrimination among dives and thus, a more informed

basis for ascribing behavioural function to dive profiles. In both
functions the proportion of time spent in the deepest depth binwas an
important predictor of dive type. This is due to the depth bins giving
an overall impression of shape and the time spent in the deepest bin is
the most characteristic of shape (Fig. 1).

The high disagreement between the two classifiers is indicative of
the potential errors involved in visual classification. At best, these
errors were as low as 2% (Table 1) and at worst, reached 57% (Table 1).
This suggests that the use of one classifier in the development of
supervised classification functions could lead to high errors in the
training dataset. Our strategy of making a training dataset where both
classifiers agreed reduces error greatly. Using our independent drift
dive validation, the misclassification on these dives was only 1% for C+,
and 5% for C- dives.

Discriminant function analysis is the most commonly used
supervised classification procedure for this type of data. Past studies
have estimated error at around 10% for five dive classes (Schreer and
Testa, 1995), and 8% for six classes in Weddell seals (Leptonychotes
weddellii) (Schreer and Testa, 1996), 8% for 7 dive classes in harbour
seals (Phoca vitulina) (Baechler et al., 2002), 4% for five dive classes in
grey seals (Halichoerus grypus) (Beck et al., 2000) and 7% for 5 classes
in juvenile northern elephant seals (M. angustirostris) (Hassrick et al.,
2007). Given that classification error rises with an increasing number
of classes (Schreer and Testa, 1995), our RF classification function
therefore produces errors that are similar to or better than the
discriminant function. Given that the time-depth profiles of most
diving animals are dominated by one dive class (Schreer et al., 2001),
error applies mainly to the overrepresented dive class (Malcolm and
Duffus, 2000). Thus, higher errors are likely for underrepresented dive
classes based on discriminant functions. For example, Malcolm and
Duffus (2000) found an overall error rate of 8.6% for 5 dive classes;
however, the rarer dive classes had classification errors of 33 to 78%. In
comparison, our RF classification function produced low error (2 to
8%) for even the rarest dive classes. This is a clear improvement over
existing techniques especially with respect to subjective visual
classification, which is still routinely used (e.g. (Crocker et al., 2006;
Elliott et al., 2008; Hassrick et al., 2007). Another strength of RF is that
it assigns a probability to each dive classification – this is invaluable
when incorporating dive data into state-space models of individual
animal movement because accounting for the errors in observations
allows for more meaningful biological inference (Patterson et al.,
2008).

The highest error produced with the RF classification function was
for D type dives during the post-moult foraging trip (12%). This may
arise from fine-scale variation in aspects of the dive occurring over the
course of the extended foraging trip. Indeed, descent and ascent rates
are influenced by changes in buoyancy, and buoyancy can change
monotonically during the foraging trip (Biuw et al., 2003; Thums et al.,
in press). Misclassification of these dives resulted in inflated
proportions of the other dive classes predicted by the function, and
D dives were most often misclassified as C dives. We observed that
once seals reach positive buoyancy, they have a tendency to drift
upwards on the depth oscillations at the bottom of D dives. Either this
or some other effect of increasing buoyancy (i.e., lower descent rate)
may result in these dives being classified as drift dives (Fig. 4) (Thums
et al., in press). Drifting during such dives may permit the individual to
maximise its time submerged by reducing energy (oxygen) expendi-
ture associated with active propulsion. The relatively high error
associated with classifying D dives may be due to the temporal shift in
diving behaviour as seals become more buoyant, but may also result
from the continuous gradient of diving behaviour that does not
conform necessarily to discrete categories (Malcolm and Duffus, 2000;
Schreer and Testa, 1995). There is also some question as to the validity
of summarising 3-dimensional behaviour using only two dimensions
(time and depth). Indeed, there is evidence demonstrating that
behavioural interpretation of dive data can differ markedly based on
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the number of dimensions examined (Davis et al., 2003; Harcourt
et al., 2000).

Thismethod can be applied to compressed dive data obtained from
Satellite Relay Data Loggers (SRDLs) with overall classification error
rates generally b10% (M. Biuw and colleagues, unpubl. data). These
units relay positional and behavioural datawhichmust be compressed
due to the constrained bandwith of the Argos satellite system (Myers
et al., 2006). Data are frequently represented by a small number of
time-depth points (usually 4-5) representing the inflection points
where the dive trajectory changes most rapidly (Fedak et al., 2001).

Our comparison of the temporal patterns in drift rate from the RF-
classified drift dives with the patterns from validated drift dives
(Fig. 5) indicated the RF method's classification is valid. Even though
some classification error persists, summarising patterns using splines
or means provides a reasonable approximation of the underlying
trend in the data. Thus, the use of RF provides a relatively precise,
simple and fast method for classifying diving behaviour. Objectively
distinguishing different dive types is also important for a wide range
of air-breathing vertebrates including turtles, whales and birds (e.g.
(Baird et al., 2006; Elliott et al., 2008; Rice and Balazs, 2008), so we
recommend using the RF approach for these taxa.
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