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Hydroacoustic data acquired for estimating fish populations contain information on both fish and non-fish targets, so sonar techni-
cians traditionally rely on their knowledge of fish behaviour and experience with hydroacoustics to remove non-fish targets from the
hydroacoustic data. This process is often labour-intensive and time-consuming, making real-time assessment of fish populations
difficult. Simple solutions are not always available for all circumstances. However, the split-beam sonar data collected in the lower
Fraser River, British Columbia, Canada, showed distinct signatures between actively swimming fish and non-fish objects such as drifting
debris, surface bubbles, and stationary objects in the water column and off the river bottom. Acoustic tracks of fish and non-fish
targets were characterized by differentiable statistical patterns that were amenable to discriminant function analysis (DFA). An appli-
cation of DFA to segregate fish and non-fish targets detected by a split-beam sonar system in the lower Fraser River is presented,
characteristics of user-identified fish and non-fish acoustic tracks being utilized as learning samples for the DFA. Also, a method to
rank the discriminating power of individual variables is presented, providing guidance for constructing efficient and effective discrim-
inant functions with variables that offer high discriminating power. The DFA yielded classification accuracies of 96% for fish and 91%
for non-fish tracks and reduced the manual sorting time by 50–75%.
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Introduction
The application of hydroacoustic technologies to estimate fish
abundance and migratory behaviour can generate a large quantity
of data that contains information on both fish and non-fish
targets. Sonar technicians rely on their knowledge of fish behav-
iour and experience with hydroacoustics to remove non-fish
tracks from the data. In some circumstances, the labour required
to sort the data prevents timely estimation of fish abundance for
fisheries management during the fishing season. Simple solutions
that work under all circumstances are not available for sorting
fisheries acoustic data automatically. Riverine sonar applications
designed to estimate the flux (fish per unit time) of Pacific
salmon stocks, however, indicate that there are noticeable differ-
ences in the acoustic signatures between fish swimming actively
and non-fish objects such as drifting debris, surface bubbles, sub-
merged stationary objects, and bottom substrata (Xie et al., 2005,
2008; Maxwell and Gove, 2007). These distinctive differences
provide a basis for a multiclass discriminant function analysis
(DFA) to segregate fish probabilistically from non-fish targets in
the acoustic track data, so reducing the extent of manual sorting
of the data.

Multiclass DFA uses discriminating variables to create stan-
dards from known classes, standards that can be used to analyse
unknown samples, assigning individual samples to one of the
classes based on the highest probability (Overall and Klett, 1983;
McLachlan, 1992). The DFA method has been applied to classifi-
cation problems in fisheries (Cook and Lord, 1978), medical
trials (Pepe, 2003), and acoustic classifications of seabed and
marine habitats (Morrison et al., 2001; Anderson, 2002).
Published DFA applications to identify fish targets within hydro-
acoustic data in shallow waters are relatively scarce. Utilizing
observed pattern differences in acoustic target data, Cronkite
et al. (2007) successfully segregated tracks of salmon actively
migrating from those that exhibited holding behaviour near the
entrance to a spawning lake. In that work, acoustic tracks of
holding or milling fish were considered noise compared with the
tracks of fish migrating actively. The present study deals with
noise tracks attributable to acoustic backscattering from river
boundaries and non-fish objects in the water column. This type
of noise originates from environmental factors in the river basin
and is encountered routinely when conducting riverine acoustic
work to enumerate fish abundance.
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Here, we present a DFA-based method to remove environmen-
tally induced noise tracks by segregating fish and non-fish targets
acquired using a split-beam sonar system in the lower Fraser River.
A method for ranking the discriminating power of individual
variables is also presented, a method that provides guidance for
constructing efficient and effective discriminant functions using
only variables with greater discriminating power. The DFA pre-
sented and the variable-ranking method provide an innovative
and rigorous methodology for variable selection within the DFA.
This methodology is transferable and would be useful for process-
ing hydroacoustic data acquired in other riverine or marine areas
where fish coexist with other non-fish acoustic targets.

Material and methods
The monitoring site is located on the lower Fraser River near the
city of Mission in British Columbia, some 70 km upstream from
the river’s outflow at the Strait of Georgia. The site is subject to
tidal influence, with daily tidal amplitudes reaching 1.5 m in late
August or early September when discharge is low. The width of
the river at the site can reach 420 m during the spring freshet,
and the water is usually turbid with near-zero visibility in
summer. Figure 1 is a view of the site from the left bank. Fish
migrating within 60 m of the left bank were monitored by two
split-beam transducers. The estimated daily upstream salmon
flux in this inshore area accounts for 30–60% of the daily total
flux past the site (Xie et al., 2002, 2005, 2008).

Data acquisition
Acoustic target data were first collected in early August 2004 when
adult sockeye salmon (Oncorhynchus nerka) entered the lower river
and headed upstream to their spawning grounds. Echoes from fish
and non-fish targets were acquired with two shore-based, side-
looking split-beam transducers deployed at the end of a fence
structure that extended offshore from the left bank (Figure 1).

The half-power full beam widths of the two elliptical transducers
were 2×108 and 4×108. The maximum response axes of the trans-
ducers were orientated, on average, perpendicularly to the side
aspect of upstream-migrating fish to maximize their detection
(Dahl and Mathisen, 1983). The elliptical shape of the beam of
the transducers optimized the detection of fish near the riverbed
(Enzenhofer et al., 1998). The two transducers sequentially enso-
nified the water column from ten vertical aims with a sampling
time of 6 min at each aim. This stratified systematic sampling of
the water column was repeated hourly. A 200-kHz HTI Model
243 split-beam digital echosounder was used to acquire the data
(http://www.htisonar.com). The sounder transmitted acoustic
pulses 0.2 ms long at 15 pings s21 (pps) for the 4×108 transducer
and at 5 pps for the 2×108 transducer. The source level was set at
220.22 decibels (ref. 1 mPa @ 1 m). Echoes were processed by the
sounder to associate individual peaks in the returned signal enve-
lope with individual targets for each of the transmitted acoustic
pings (Ehrenberg and Torkelson, 1996). The outcome of this
process is referred to as single-target threshold (STT) echodata.
The STT data were imported to an alpha–beta tracker
(Blackman and Popoli, 1999) to form tracks of detected targets,
tracking the targets over time in a three-dimensional Cartesian
frame of (X, Y, Z), originating from the centre of the transducer’s
interface as shown in Figure 1. The mean locations of individual
target tracks can be placed on a geographic Cartesian frame of
(Xg, Yg, Zg) originating from the piling structure. Figure 2 shows
two-dimensional distributions on the Yg –Zg plane of 1396 fish
and 4623 noise targets detected by the 2×108 transducer at
seven vertical aims on 6 August 2004. Subsequently, similar data
have been collected. To validate the DFA results based on the
2004 data, two additional datasets from 2009 (low salmon abun-
dance and subsequently high noise ratio) and 2011 (most recent
data) have been analysed using the same DFA and are also
presented herein.

Figure 1. View of the site from the left bank. The 25-m long metal fence forces fish to swim through the sound-beams of the two side-looking,
split-beam transducers deployed at the end of the fence. Also shown (inset) are the transducer frame of (X, Y, Z) for split-beam target-tracking
and a geographic frame of (Xg, Yg, Zg) for positioning all variables in the study, with Zg-axis pointing at a cross-river bearing of 3288. The
Xg –Yg –Zg frame originates at the top of the fixed piling located at 49808.175′N 122816.466′W. The Z-axis is directed in the same direction as
the Zg-axis.
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Principles of DFA
The mathematical principles of a DFA are described in McLachlan
(1992). The essence of the method is summarized as follows.

Assume that v ¼ [v1, v2, . . . , vn]T is an n-multivariate vector
that characterizes an observed acoustic target with scores of
n variables. The basic principle for the assignment of this target
to one of q classes {v1, v2, . . . , vq} is to estimate posterior
probabilities of v for all q classes and to assign the target to the
class that yields the maximum a posteriori probability (MAP).
This probabilistic classification process can be expressed as

vk = arg max
k=1,2,...,q

P(vk|v), (1)

where P(vk|v) is the a posteriori probability for class vk. According
to Bayes’ theorem,

P(vk|v) =
f (v|vk)P(vk)

f (v) (2)

where P(vk) is the a priori probability for vk, f(v) the marginal
probability density function (pdf) of v, and f(v|vk) is the pdf of
observed v assuming that v values are drawn from vk. According
to MAP, v is assigned to class i if

f (v|vi) · P(vi) . f (v|vj) · P(vj), ∀j = i. (3)

Assuming that v is normally distributed, classification criterion (3)
can be explicitly written as

di(v) , dj(v) ∀j = i, (4)

where

dk(v) =
1

2
log |C[k]| + 1

2
(v − m[k])T[C[k]]−1(v − m[k])

− log P(vk),
k = 1,2, ..., q,

(5)

are Bayesian metrics (Preston and Kirlin, 2003), with k ¼ 1, 2, . . . ,
q representing the q classes. m [k] ¼ [m1,k, m2,k, . . . , mn,k]T is the
group mean vector, and C [k] is the group covariance matrix for
class k.

Equation (5) is the mathematical basis for a discriminant func-
tion analyser, which can be applied to classifying individual events
drawn from event classes characterized by feature variable v with
known m [k] and C [k].

Design of a DFA for the acoustic track data
A DFA becomes more complex with more clusters (classes) and
feature variables that characterize individual clusters. If there is
no information on or prior knowledge of the features of individual
clusters (classes) within a dataset, one can estimate the number of
clusters and search for the optimal clustering method from the
data using the expectation-maximization algorithm in association
with the Bayesian information criteria (Fraley and Raftery, 1998).
For the acoustic data investigated here, we acquired detailed
knowledge of pattern differences in acoustic tracks between fish
and non-fish objects at the monitoring site (Xie, 2000; Xie et al.,
1997, 2002, 2005). This prior knowledge is used to propose the
numbers of classes and variables needed to build the DFA for
the data.

Classes
Because of significant differences in both acoustic characteristics
and behaviour between fish and non-fish objects, a two-class
DFA was designed for the acoustic track data, with the two
classes labelled as Fish and Noise. Noise events originated primar-
ily from two mechanisms: from submerged objects or the substra-
tum, and from surface bubbles attributable to weather events or
boat wakes. Noise from submerged objects and the riverbed
arose in all datafiles owing to the maximization of the sounding
ranges required for measuring fish flux offshore and near the riv-
erbed. Surface noise was rare in the data, but could be removed by
manually editing the software, with little effort.

Feature variables
We selected seven feature variables to characterize the underlying
clusters of the acoustic data. These variables, not necessarily
orthogonal or uncorrelated, provide detailed information on
both acoustic and behavioural characteristics of fish vs. non-fish
targets. When designing a DFA, it is better to be inclusive initially
when considering potential feature variables. The ranking method
below allows users to remove inefficient variables from the DFA
while maintaining its accuracy of classification. The seven variables
are defined below.

The ratio of x to y displacement standard deviations of a target’s
trajectory is

XY ratio = sxx

syy
, (6)

Figure 2. Cross-river distributions of the user-identified fish and
noise tracks: (a) fish targets and (b) noise targets. Data were acquired
by the 2×108 transducer on 6 August 2004.
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where xx and yy are rotational transformations from the detected
target displacements of x and y using the following formulae:

xx = x cos uyx + y sin uyx, (7)
yy = x sin uyx + y cos uyx. (8)

Here, sxx and syy are the standard deviations of xx and yy, and the
rotational angle uyx is estimated by fitting y against x through a
linear model of ŷ = ax̂ + b, and uyx = arctan(a). This variable
provides a measure on the X–Y plane of the ratio of the two
displacement spreads along and perpendicular to the primary dir-
ection of travel (characterized by xx). Figure 3 shows a fish and a
stationary noise track on the X–Y plane. A large value of XY ratio
(relative to unity) corresponds to a target moving primarily in a
straight line, whereas a small XY ratio corresponds to a stationary
target or a target oscillating randomly about its mean location.

In terms of the tortuosity of x, the variable is defined as

Tor X =
∑N−1

k=1 |x̃k+1 − x̃k|
|x̃N − x̃1|

, (9)

where x̃k is the smoothed estimate of the x position of the target
from the kth echo, and x̃1 and x̃N are the estimated x from the
first and final echoes assuming the target returns a total of N
echoes to the sounder. This variable measures the ratio of a
target’s echo-to-echo meandering x-distance to its straight-line
distance between the first and the final x positions over the
entire tracking duration of the target by the sonar. Tor X is
always ≥1. For fish with normal swimming behaviour, Tor X is
expected to be small, whereas for stationary targets or randomly
distributed objects (e.g. bubbles from rain or boat wakes), it can
become much greater than 1. The fish track in Figure 3 shows a
Tor X of 1.0, whereas the noise track of the stationary target exhi-
bits a Tor X of 748.3.

The mean speed of the target in the X-direction is denoted as
Ux, which is estimated by

Ux = sx × pr, (10)

where pr is the acoustic ping rate, and sx is a least-squared estimate
of the slope of a linear model from observed x displacement data of
the track against the advancing ping p. The model is expressed as

x̂ = sx × ( p − p1) + x̂0, (11)

where p1 is the first ping that detects the target track. This variable
provides a measure of target speed in the X-direction (upstream).
For a fish migrating actively upstream, Ux is a positive value if
viewed by the split-beam system deployed on the left bank. For
passively drifting debris, Ux is negative, with magnitudes compar-
able or less than the downstream flow speed. For a stationary
target, Ux is near zero. The fish track in Figure 3 shows an
upstream Ux of 0.79 m s21, whereas Ux for the noise track is
virtually zero.

The horizontal angular distance is defined as the horizontal
spanning angle (on the X–Z plane) of a target’s track
between its first (x1, z1) and final tracked positions (xN, zN). It is
calculated from

wxz = arctan
xN

zN

( )
− arctan

z1

x1

( )
. (12)

Here, wxz provides a measure of the angular movement of a track
on the X–Z plane. For fish swimming actively, the magnitude of
wxz is expected to be large, whereas for stationary or randomly dis-
tributed objects, the angle will be small. For the two tracks in
Figure 3, the angular movement of the fish track on the X–Z
plane spans the full beam width of 108, whereas for the noise
track, the maximum angular movement is just 38 with a movement
of only 0.18 between the first and the final ping.

The detection probability (DP) is the ratio of the number of
echoes received from a target to the number of transmitted acous-
tic pulses over the duration of the track’s first and final echoes. It is
expressed as

DP = N

M
, (13)

where N and M are the total numbers of received echoes and trans-
mitted pulses, respectively, for a given track. As M is always ≥N,
DP is bounded between 0 and 1. Large or well-separated targets
result in higher DP values than smaller or densely distributed
targets. For isolated stationary targets in the sound beam, tracks
can have moderate to high values of DP. The two tracks in
Figure 3 exhibit similar DP values of 0.72 (fish track) and 0.74
(noise track).

The mean target strength (TS) of a track is an acoustic measure
of the size, shape, and physical properties of a target determined
from its backscattered sound (Urick, 1983; MacLennan and
Simmonds, 1992; Medwin and Clay, 1998). As the split-beam
sonar measures TS values from individual echoes from a tracked
target (Ehrenberg and Torkelson, 1996), track-averaged TS is
used as a measure of the mean TS of the target from echo-to-echo

Figure 3. X–Y plane view of target-tracks from (a) an
upstream-swimming fish and, (b) from a stationary object. The
corresponding rotationally transformed tracks are shown in grey, and
the transformed track in (b) has been raised by 1 m in the Y-axis to
avoid overlapping with the original track.

Page 4 of 10 Y. Xie et al.

 by guest on January 3, 2012
http://icesjm

s.oxfordjournals.org/
D

ow
nloaded from

 

http://icesjms.oxfordjournals.org/


TS readings by the sounder:

TS = 1

N

∑N

i=1

TSi, (14)

where TSi is the TS reading from the ith echo of the track. The fish
and non-fish tracks in Figure 3 exhibit TS values of 233.5 and
241 dB, respectively.

The standard deviation of TS, formulated in Equation (15),
measures the variability of echo-to-echo TS readings of a tracked
target:

sTS =

�������������������������
1

N − 1

∑N

i=1

(TSi − TS)2

√√√√ . (15)

As the laterally measured TS of a elongate target is highly sensitive
to the side aspect of the target relative to the sound-beam (Dahl
and Mathisen, 1983; Burwen et al., 2007), a fish moving through
the beam usually produces greater variability in echo-to-echo TS
readings than a non-fish object, because the fish flexes its body.
The fish and non-fish tracks in Figure 3 exhibit sTS values of 4.5
and 1.4 dB, respectively.

In summary, the seven variables provide a biophysical descrip-
tion of individual acoustic targets. The XY ratio, Tor X, and wxz

characterize the geometric shape of the track of a target, and Ux

describes the swimming behaviour of the target. TS and sTS

feature the acoustic characteristics and the lateral size of the
target viewed by the sound-beam. The DP is determined by
the behaviour and acoustic characteristics of the target as well as
the signal-to-noise ratio of the environment.

The DFA for fish and non-fish targets
With the seven variables, the two-class Bayesian metrics, Equation
(5) becomes

dk(v) =
1

2
log |C[k]| + 1

2
(v − m[k])T[C[k]]−1(v − m[k])

k = 1, 2.

(16)

where v ¼ [v1, v2, . . . , v7]T and m [k] ¼ [m1,k, m2,k, . . . , m7,k]T are
the seven-dimensional vectors, and C [k] is a 7 × 7 matrix. As the
population sizes of the two groups were usually unknown at the
time of the measurements, we used non-informative equal
distributions for the two groups. Formulation (16) is a quadratic
form of DFA established to classify a measured v into Fish
(k ¼ 1) or Noise (k ¼ 2), by assuming heteroscedastic covariance
structures between the two groups. Evaluation of dk(v) for individ-
ual acoustic tracks was performed using the software package
S-Plus (http://spotfire.tibco.com/).

Results
DFA training data
To use the quadratic DFA model in Equation (16) to classify
observed targets, one must determine the group mean vectors
m [k] and the covariance matrices C [k] among the seven variables
for Fish and Noise groups. m [k] and C [k] are usually estimated
from training datasets of known classes. In the present case, an
experienced reader identified 2131 fish tracks and 2184 noise
tracks from the 6 August 2004 acoustic track data to estimate

these parameters for the two groups. The same track data were
read by a second experienced reader, and the relative difference
in target classifications between the two readers was within 3%.
These user-classified Fish and Noise tracks were used in the
study as training data (or learning samples) for the DFA.
Figure 2 shows the cross-river distributions of the training data
on the geographic coordinates. Evidently, fish targets are distribu-
ted randomly on the ensonified river cross section, whereas noise
targets are aggregated near the surface of the river (bubbles from
boat wakes) and at the maximum sounding ranges of individual
aims (submerged stationary objects such as tree logs, cable lines,
and discarded fishing nets).

Pattern differences between Fish and Noise
in the training data
The contrasting statistical patterns between the two training data-
sets for Fish and Noise can be visualized by distributional plots of
the data over individual feature variables. Figure 4 shows estimated
distributions of the two training datasets (Fish vs. Noise) for each
of the seven variables. Displaying pattern differences for individual
variables allows for visual assessment of the performance of the
variables in capturing distinctive biological and/or physical
features of Fish and Noise classes. The histogram plots and the
corresponding quantile-to-quantile (q–q) plots show statistical
differences between the Fish and Noise data for each of the
seven variables. Mann–Whitney tests on the two datasets
confirm that these differences are significant with virtually zero
p-values. The geometric variables XY ratio, Tor X, and wxz show
distinctive physical features between the Fish and Noise tracks.
The behavioural variable Ux reveals significant upstream speeds
for most of the Fish tracks, whereas the Noise tracks show slow
speeds distributed evenly in both up- and downstream directions,
indicating the stationary nature of the detected targets. The detec-
tion variable DP exhibits a much higher mean (0.75) for Fish
tracks than that for Noise tracks (0.45). Acoustic variable TS
shows a broad, single-mode distribution for Fish targets with the
mode at 231 dB. This is consistent with Fish track data being
mainly sockeye salmon and other fish species in the river. The
bimodal TS distribution of Noise tracks resulted from echoes off
the riverbed (mode at 223 dB) and bubbles in the surface layer
(mode at 239 dB). The acoustic variable sTS shows a broader dis-
tribution for Fish tracks with a larger mean sTS (4.5 dB) than for
Noise tracks (2.6 dB), consistent with the observation that many
fish swam through the entire horizontal beam width of 108
(Figure 3), resulting in larger variations in echo-to-echo TS mea-
surements as a consequence of changes in aspect angle to the
sound-beam, as the fish flexed their bodies. Because of the
limited change in aspect angle, Noise tracks exhibit very small vari-
ation in echo-to-echo TS measurements. Figure 4 also shows that
most distributions of Fish and Noise among the seven variables are
not normally distributed. Initial explorations of possible transfor-
mations of these variables did not improve the normality of
these distributions. Impacts of non-normality on classification
accuracy were assessed with the training data, using a canonical-
covariance-structured DFA (Venables and Ripley, 1998), which
does not require normality of DFA variables. Classification out-
comes from this non-normality DFA did not surpass the accuracy
of the normality-based DFA model. This finding is consistent with
the results of other DFA studies that indicate that DFAs are robust
to violation of the normality assumption as long as it is caused by
skewness and not by outliers (Tabachnick and Fidell, 1996).
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Figure 4. Histogram and q–q plots of the seven variables of the training datasets.
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Estimated group means m [k] and covariances C [k]

The group means and covariances among the seven variables for
Fish and Noise groups are estimated from the 2004 training data
and listed in Tables 1 and 2. The estimated group means show dis-
tinct differences between the two groups. The extent of correlation
among the seven variables can be evaluated from the correlation
coefficients in Table 2. For the Fish group, there are six pairs of
variables that are moderately correlated with correlation coeffi-
cients .0.4. These are: (Ux, wxz), (Ux, TS), (sTS, wxz), (sTS, TS),
(sTS, Ux), and (DP, TS). For the Noise group, there is very little
correlation among any variables except between Ux and wxz.
These outcomes are consistent with the biological behaviour of
fish migrating actively and the physical characteristics of station-
ary, non-fish objects. Because of the heterogeneous covariance
matrices between fish and non-fish objects, a quadratic DFA is
used because it does not assume equal covariance compared
with a linear DFA (Quinn and Keough, 2002). The high correl-
ation between Ux and wxz does not necessarily indicate the redun-
dancy of the information contained in the variables. In that case,
the two variables characterize two different aspects of target behav-
iour, with Ux quantifying the speed of a target and wxz the extent of
its angular movement. Including the additional variable still
improves the classification accuracy of the DFA.

Classification accuracy of the training data
With estimated m [k] and C [k], the DFA [Equation (16)] can be
evaluated for its accuracy in classifying the Fish and Noise
groups for datasets with known cluster structures. This evaluation

was performed with the training data. The DFA yields a classifica-
tion accuracy of 96% for fish and 91% for noise. The probability of
falsely classifying noise as fish (type I error or false positive) is
9.5%. The probability of falsely classifying fish as noise (type II
error or false negative) is 4.1%. The overall accuracy of the DFA
for the training data is: (2044 + 1976)/(2131 + 2184) ¼ 93.2%.

Classification accuracies of new data
To evaluate accuracies of the DFA, to classify datasets other than
training data, the reader who read the training datasets identified
the fish and noise tracks from data collected on 4 and 28 August
2004, 18 August 2009, and 17 August 2011. These files contained,
respectively, 2007, 1219, 5694, and 8845 fish tracks and 1727, 1018,
10 336, and 8940 noise tracks. The classification accuracies for
these new datasets are listed in Table 3. For the 4 August data,
the DFA yields an overall accuracy of 92%, and for the 28
August data, an overall accuracy of 90% despite a relatively high
false-positive rate of 14.5% attributable to the high concentration
of bubbles in the surface layer caused by rain that day. The DFA
appears effective at identifying noise tracks from both submerged
stationary objects in midwater and bubbles in the surface layer, as
demonstrated by the DFA classified fish targets shown in Figure 5.
Some manual cleaning is obviously needed for the 28 August data
to remove fish tracks falsely classified, but the required effort is
substantially reduced after DFA classification. Overall, as a result
of consistent acoustic sampling methods and fish behaviour at
the monitoring site, the DFA (from the 2004 training dataset) per-
formed well in classifying fish across years, but the classification of
noise depends on the specific characteristics of the noise in a given
season.

Evaluating classification power of individual variables
Using the training datasets, it is possible quantitatively to evaluate
the discriminating power of individual variables in the DFA by
comparing the Bayesian metrics of Equation (16) in a given vari-
able domain for Fish and Noise groups. The one-dimensional
Bayesian metrics of an observed v from the training data for the
ith variable can be written as

Table 1. Estimated seven-variable group means of the Fish and
Noise groups from the 4315 training target tracks (2131 fish and
2184 noise) tracks identified by the experienced reader from the
split-beam data collected on 6 August 2004, with corresponding
variances presented as diagonal elements in Table 2 (see text for
definitions).

Group
XY

ratio
Tor
X

wxz

(88888)
Ux

(m s21)
TS

(dB)
sTS

(dB) DP

Fish 23.1 1.0 6.3 0.7 233.3 4.5 0.7
Noise 3.4 5.0 0.0 0.0 237.2 2.4 0.4

Table 2. Estimated covariances and correlation coefficients (in parenthesis) among the seven variables for the 2131 fish tracks and the
2184 noise tracks in the training data.

Variable XY ratio Tor X wxz Ux TS sTS DP

Fish
XY ratio 466.82 20.55 (20.07) 9.25 (0.08) 0.89 (0.08) 12.37 (0.14) 20.29 (20.01) 0.49 (0.13)
Tor X 0.13 20.11 (20.06) 20.01 (20.07) 0.02 (0.02) 20.03 (20.06) 0.00 (20.03)
wxz 26.97 1.95 (0.72) 10.48 (0.48) 4.34 (0.56) 0.36 (0.39)
Ux 0.27 1.26 (0.57) 0.36 (0.46) 0.03 (0.30)
TS 17.80 3.40 (0.54) 0.32 (0.43)
sTS 2.22 0.09 (0.36)
DP 0.03

Noise
XY ratio 9.66 21.53 (20.04) 20.11 (20.02) 0.04 (0.02) 1.29 (0.07) 20.46 (20.10) 0.01 (0.01)
Tor X 122.97 0.18 (0.01) 20.03 (20.01) 0.68 (0.01) 21.92 (0.12) 0.53 (0.27)
wxz 3.14 0.66 (0.66) 0.26 (0.03) 0.09 (0.04) 0.01 (0.02)
Ux 0.32 0.07 (0.02) 0.02 (0.02) 0.00 (20.01)
TS 34.00 1.34 (0.16) 20.06 (20.05)
sTS 2.05 20.06 (20.23)
DP 0.03
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di,j,k(vi,j) = logsi,k +
(vi,j − mi,k)2

2s2
i,k

,

i = 1, 2, ...7; j = 1, 2 ; k = 1, 2,

(17)

where vi,j is the ith component of v belonging to group j with
j ¼ 1 for the Fish group and j ¼ 2 for the Noise group, and mi,k

and si,k are the mean and the standard deviations of the ith vari-
able for group k. Index i is used to index the seven variables
sequentially: wxz, XY ratio, Ux, DP, sTS, TS, and Tor X. Using
Equation (17), it is possible to assess the performance of the vari-
ables in distinguishing Fish (k ¼ 1) and Noise (k ¼ 2) and to rank
the performance by classification accuracy. For an observed fish
track vi,1, two Bayesian metrics can be calculated, di,1,1 and di,1,2,
which measure respective distances from vi,1 to the centres of
Fish and Noise clusters. If di,1,1 , di,1,2, then the track is deemed
to be more analogous to Fish than to Noise and is correctly clas-
sified. If di,1,1 . di,1,2, the track is mistakenly classified as a noise
track, and the DFA commits a type II error. Similarly, for an
observed noise track vi,2, one can evaluate di,2,1 and di,2,2. If
di,2,2 , di,2,1, the track is deemed to be more analogous to Noise
than to Fish. If di,2,2 . di,2,1, the track is mistakenly classified as
a fish track, and the DFA commits a type I error.

Applying the training data to the analysis above, it is possible to
rank individual variables based on the magnitudes of their type I

and II errors. For a binary classification problem, as in this study,
the ranking can be visualized on a receiver operating characteristic
(ROC) graph that shows the distances from the characteristic
points of individual variables to the so-called no-discrimination
line (NDL) on the graph (Pepe, 2003). For multiclass classification
problems of .2 groups, one may use overall accuracy to rank indi-
vidual variables. Using the training data, we estimated both the
overall accuracy and the distances to the NDL for the seven variables.
The results are listed in Table 4, with the corresponding ROC graph
showing the characteristic points for the variables in Figure 6. The
ROC and overall accuracy analyses yield the same rankings for the
variables, with wxz having the greatest discriminating power, and
Tor X the lowest. Note that although Tor X has the lowest score for
overall accuracy (or closest to the NDL) among the seven variables
owing to its highest type I error of 64%, this variable possesses the
lowest type II error, i.e. the highest classification accuracy for fish.
This feature was taken into consideration in the decision to include
Tor X in the DFA for detecting fish targets, because the impact of
the higher false-positive rate on the DFA was reduced by other
variables with much lower type I error.

Discussion
Split-beam acoustic tracks acquired from a riverine environment
reveal distinctively different statistical patterns related to the bio-
physical features of fish and non-fish objects. The study has
shown that differences in these patterns can be utilized to classify
observed target tracks into fish and non-fish groups using a quad-
ratic DFA. A properly designed DFA can reduce significantly the
amount of manual effort required to separate fish from noise
targets acquired from rivers or shallow-water environments. For a
daily flux of up to 375 000 fish enumerated by the split-beam
sonar system at a subsampling rate of 10%, the DFA reduced the
manual sorting effort for the 2.4-h acoustic track data from 2–4
to 1–1.5 h. This saving would allow field personnel to complete
the estimation of daily fish flux promptly, so making hydroacoustic
estimates of migratory salmon abundance more feasible for
in-season management of salmon fisheries. Although a binary
logistic regression model can also be applied to the two-group clas-
sification problem, we selected the DFA method for its probability-
based classification approach. Note too that as the DFA cannot
rectify the measurement error in target-tracking, the track data to
be classified by the DFA need to be free of systematic error.

Although the DFA classification method was statistically suc-
cessful in identifying fish targets in the split-beam data, classified
fish tracks need to be examined carefully and, if necessary, manu-
ally edited by experienced readers before accepting them as true

Table 4. Ranking of the seven variables by discriminating power
between fish and noise, with errors and accuracy expressed as
percentages (%).

Variable

Type I
error (false

positive)

Type II
error (false

negative)
Overall

accuracy
Distance
to NDL Ranking

wxz 6.5 17.2 88.3 0.54 1
XY ratio 3.5 21.1 87.8 0.53 2
Ux 15.6 13.8 85.3 0.50 3
DP 15.0 17.7 83.7 0.48 4
sTS 18.1 22.3 79.8 0.42 5
TS 34.5 19.8 72.7 0.32 6
Tor X 64.0 0.4 67.4 0.25 7

Figure 5. Examples of resulting fish tracks (red) sorted by the DFA
from acoustic track data acquired from two different noise
backgrounds: (a) in the presence of several stationary objects in the
water column; (b) in the presence of drifting bubble plumes near the
surface during a rain event, when some of the DFA classified fish
tracks were surface noise tracks and needed to be removed manually.

Table 3. DFA classification accuracies (%) for the training dataset
(6 August 2004) and the four non-training datasets.

Accuracy
6 August

2004
4 August

2004
28 August

2004
18 August

2009
17 August

2011

Fish 96 94 93 98 97
Noise 91 90 86 80 74
Overall 93 92 90 86 85
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fish samples for estimating the total fish flux. Manual evaluation of
the classification results remains an important step in minimizing
potential bias introduced by the DFA on the estimates of fish
abundance. When noise is characterized by temporal features
such as bubbles from rain, wind, or boat wakes, the occurrence
of type I error is likely to increase. This can generate a large posi-
tive bias in the estimation of fish flux. Experience here indicates
that after applying DFA to the data, most manual editing effort
is spent on removing falsely classified fish tracks to reduce type I
error. Although the impact of type II error on the estimation
of fish flux should not be underestimated, more effort is
required to minimize type I than type II error in a noisy acous-
tic environment. It needs to be stressed, however, that the most
effective solution to reducing type I error is to avoid acquiring
large amounts of acoustic noise by deploying the sonar system
at a monitoring site that is hydroacoustically appropriate for
enumerating fish. Enzenhofer and Cronkite (2000) provided a
useful guide for selecting optimal hydroacoustic sites for fisher-
ies applications in a riverine environment. The noise mechan-
isms we encountered are common in riverine acoustics. The
findings and approaches reported, therefore, would be useful
for similar fisheries acoustic applications in other riverine or
shallow-water environments.
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