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Abstract: Acoustic surveys often use multifrequency backscatter to
estimate fish and plankton abundance. Direct samples are used to vali-
date species classification of acoustic backscatter, but samples may be
sparse or unavailable. A generalized Gaussian mixture model was devel-
oped to classify multifrequency acoustic backscatter when not all spe-
cies classes are known. The classification, based on semi-supervised
learning with class discovery, was applied to data collected in the east-
ern Bering Sea during summers 2004, 2007, and 2008. Walleye pollock,
euphausiids, and two other major classes occurring in the upper water

column were identified.
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1. Introduction

Estimating abundance in acoustic-based surveys depends on allocating fish species to
measured acoustic backscatter. To help either interpretation by experts or classification
by algorithms, trawl samples are collected to provide information (e.g., species, length)
about targeted aggregations.! However, as most surveys focus on a few commercial
species, little direct sampling effort is available to determine species composition of
other taxa. Backscatter classification of non-target species may provide added ecologi-
cal insights.

Species classifications used in fishery acoustics differ in their use of statistical
techniques, discriminatory variables, and data spatial resolutions.”® When statistical
classification models are built from validation samples and used to predict known spe-
cies classes, the learning is said to be supervised.*> If no validation samples are used
and classes are not specified, then the classification is unsupervised.® Classification
models can be improved by using both types of information (semi-supervised learn-
ing),” but detected classes must be present in validation samples. Here a semi-
supervised classification procedure is implemented that also allows discovery of
unknown classes® in multifrequency acoustic data. A generalized Gaussian mixture
model (GGMM), adapted to repeated surveys of the same ecosystem, is applied to
summer acoustic-trawl survey data in the Eastern Bering Sea (EBS). Walleye pollock
(Theragra chalcogramma) and euphausiids (Thysanoessa spp.) comprise dominant
acoustic classes, but other classes with unique frequency responses also occur. Classifi-
cation results for pollock and euphausiids are comgared to results provided by two
other classification methods: interpretation by experts” and an empirical multifrequency
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method.* Two other major classes (one known and one unknown) are also identified
and described.

2. Multifrequency acoustic and trawl data processing

Acoustic data were collected at 18, 38, 120, and 200 kHz with Simrad EK60
echosounders in the EBS during summers 2004, 2007, and 2008 during NOAA
acoustic-trawl surveys.” Data acquisition is described in De Robertis es al.* Back-
ground noise at 120 and 200 kHz, and transducer ringing at 18 kHz were esti-
mated.'® Only data with a signal-to-noise ratio>10 dB at any frequency, and with
S,>—80 dB re 1 m~! at one or more frequencies were used (e.g., Fig. 1). S, data
were averaged into 400 m (horizontal) x 5 m (vertical) bins. Three pairwise frequency
differences relative to 38 kHz (AS, 18-38, AS, 120-38, and AS, 200-38) were used as
discriminatory variables for the classification. An existing library of concurrent multi-
frequency and trawl data characterizing midwater aggregations of single species* was
used to determine the species-specific pairwise frequency differences. Known acoustic
classes included pollock, euphausiids, and a third class of uncertain taxonomic com-
position showing S, values highest at 18 kHz (hereafter named high18). Preliminary
results* suggested that highl8 may be jellyfish, but more validation trawls are
needed.

3. Classification procedure

Labeled acoustic data, where the acoustic class is known (i.e., library data) and unla-
beled data, where class is unknown (i.e., survey data), are learned separately. Then,
both models and data are merged together and learned using the GGMM.

3.1 Supervised learning of labeled data

Species-specific pairwise frequency differences were used to determine a classification
model, where each known class is assumed to follow a Gaussian distribution.!! Each
class is modeled independently and parameters (mixing coefficients, means, and
variance-covariance matrix) are inferred. A single classification model is then built by
merging all known class components.
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Fig. 1. Volume backscattering strength (S, in dB re I m~") at 18, 38, 120, and 200 kHz (a, b, ¢, and d) that met
signal-to-noise (SNR > 10 dB at any frequency) and threshold (S, > —80 dB re 1 m~! at one or more frequen-
cies) criteria from representative transect across the EBS shelf, summer 2007.
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3.2 Unsupervised learning of unlabeled data

The unlabeled pairwise frequency differences are modeled using a mixture of multivari-
ate Gaussian distributions, where the species class label is an unobserved latent variable
that needs to be inferred.® To estimate parameters of this statistical classification model,
an expectation-maximization (EM) algorithm'? can be used. It is an iterative method
that allows computation of the maximum likelihood estimates of the model parameters.
First, a k-means algorithm is used to provide initial estimates of the parameters. Then,
the EM iteration alternates between “expectation” (E) and “maximization” (M) steps
until convergence is reached. The E-step computes the expectation of the log-likelihood
evaluated using current estimates of the parameters, in this case the probability that a
data point belongs to one of the Gaussian model components. The M-step computes pa-
rameters maximizing the expected log-likelihood found on the E-step. These parameter
estimates are then used to determine the distribution of the latent variables (here the
class label) in the next E-step. Finally, all unlabeled data are associated with unknown
classes.

3.3 Semi-supervised learning based on generalized Gaussian mixture model

All known and unknown class components obtained previously are merged and initial-
ize the semi-supervised GGMM learning.® All labeled and unlabeled data are now con-
sidered together in the analysis. Thus, some unlabeled data will be classified in known
classes. Known class component parameters are then updated. The remaining unla-
beled data stay associated with unknown class components, whose parameters are also
updated.

The GGMM treats the label presence (L = /) or absence (L = m) as a random
variable. Thus, two types of mixture model components can be defined: (i) predefined
components Cpr, representing known classes, which generate both labeled and unla-
beled data; and (i) non-predefined components Cpr, which generate only unlabeled
data. These latter components represent outlier regions of known classes or possibly
unknown (undiscovered) classes. In addition to mixing coefficients 7nx, means g, and
the variance-covariance matrix X; of Gaussian mixture components, the GGMM
introduces three new parameters: (i) the probability of data being labeled when belong-
ing to a generic predefined mixture component M,, P(L = /|M, € Cy) (identical for
all predefined components, and equal to the ratio between numbers of labeled and
unlabeled data for only data coming from predefined components), (ii) the probability
mass function P(C = ¢|Mj € Cpre, L =) associating a probability to each value of the
discrete random variable C representing the class value of data when those belong to
the kth predefined mixture component and present a label, and (iii)) the categorical
variable v, indicating the component type (predefined or non-predefined). The joint
log-likelihood of the observed data for the model with N components is then

N
logLy = log (E Vi P(X| e, ) P(L = 1| My € Cpe) P(C = ¢(x)| My € Cppe, L = 1))
xeX; k=1

N
+ Z log (Z Vit P(X |y, Zic ) P(L = m| Mg € Cpre) + (1 — vi) e (x| 1y, Zk)> .
xeX, k=1
)]
Semi-supervised learning uses a generalized EM algorithm to estimate model
parameters. It alternates between choosing component types to maximize the log likeli-
hood of the GGMM when all other parameters are fixed, and using a classic EM algo-
rithm to estimate the remaining model parameters when component types are fixed.

The choice of the component type is an iterative “one at a time” selection among all
possible combinations. That is, a component type is assigned, the model log likelihood
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evaluated, and the component type yielding the higher likelihood selected. The next
component is considered until no further changes are observed. Remaining parameters
are estimated using a classic EM, where the expected complete data likelihood is eval-
uated (E-step), and then model parameters are maximized (M-step). The log likelihood
to maximize differs as component types are now determined. Probabilities of compo-
nent ownership are determined based on whether the data are labeled or unlabeled,
and whether a component is predefined or non-predefined. Mixture parameters are
then maximized using latter probabilities of ownership.®

3.4 Treatment of the year effect and model selection

As dominant acoustic classes are expected to occur repeatedly, a year effect was added
to the GGMM framework.® Means and variance-covariances of class-components are
held constant across years, while mixing coefficients are allowed to vary. The ability of a
mixture model to identify classes is quantified using the integrated complete-data likeli-
hood (ICL) criterion, as it includes a penalty to account for classification uncertainty.'

4. Results and discussion
4.1 Classification of multifrequency data

Gaussian components were fitted to the labeled data for each of three known classes,
and unsupervised learning of unlabeled data was completed using 8§ Gaussian compo-
nents as suggested by the ICL criterion. Then, GGMM classification was used to
detect and map 8 classes with different acoustic frequency responses based on four fre-
quency data (Fig. 2).
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Fig. 2. Example pairwise frequency differences in survey backscatter data for years 2004 (a), 2007 (b), and 2008
(c). 1D and 2D histograms from AS, 18-38 and AS, 120-38 are represented, as well as the eight fitted multivari-
ate Gaussian class components (colors orange to blue). The fitted mixture model, representing the sum of all
class components, is represented by a red line in each 1D histogram. The known class components, pollock,
euphausiids, and high18, are indicated concurrently with the unknown class components.
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Fig. 3. Corresponding classes obtained by the classification procedure for a representative transect during
summer 2004 (a), 2007 (b), and 2008 (c). Known classes are pollock, euphausiid, and high18. Unknown classes
correspond to outliers from a known class, mixtures of known classes, or an undiscovered class.

Two classes identified by the GGMM were known classes corresponding to pol-
lock and euphausiids. A third known class, highl8, was consistent with the frequency
response of jellyfish trawl catches.* Two of the five remaining classes were interpreted as
outliers distributed around known classes, two as mixtures between two known classes,
and one as an undiscovered class, which was different from known classes, outlier distri-
butions, or mixtures. The relative frequency response of the unknown class was similar to
that of myctophid trawl catches,* but myctophids are not typically found over the EBS
shelf. The general shape of the frequency response (peak at 38 kHz) may indicate fish lar-
vae or macroplankton (e.g., siphonophores) containing a small, resonant gas enclosure.'*

Vertical distribution patterns differed among GGMM scattering classes
(Fig. 3). Pollock and euphausiids appeared in the lower two-thirds of the water column
during the day (>95% and >97%) in 2007 and 2008, as has been reported else-
where.”! Highl8 and the unknown class occurred in the upper third of the water col-
umn (>98% and >63%) during these years. However, highl8 occurred over most of
the water column, overlapping with pollock and euphausiids in 2004.

4.2 Comparison with other classification methods

The GGMM results for two known classes (pollock and euphausiids) and mixtures
containing these classes were compared with classification results based on expert clas-
sification and/or empirical multifrequency classification for pollock* and euphausiids.'
Mean backscatter attributed to each class for each transect was regressed linearly
between methods for each year (Table 1). GGMM results generally agreed with the
expert classification of pollock in every year (Table 1) and the empirical multifrequency
classification of pollock and euphausiids in two of three years, though in all cases
GGMM estimates were lower (slope <1).

For classification challenges associated with mixed aggregations, the three
methods produced different results as illustrated in 2004 when the highl8 class verti-
cally overlapped with that of pollock and euphausiids on some transects (Fig. 3). The
GGMM and expert classification for pollock agreed, but the empirical multifrequency
classification pollock results were better correlated with the GGMM pollock-highl8
mixture than with GGMM pollock (Table 1). A significant amount of unlabeled data
was allocated to a pure class by the empirical multifrequency method, but split into
several pure and mixed classes by the GGMM. When combining these two classes, the
correlation improved (Table 1). Combining classes also resolved other cases of dis-
agreement (e.g., euphausiids in 2004; Table 1). Indeed, expert and empirical multifre-
quency classifications aggregated around target classes, while the GGMM classification
tended to subdivide in more classes than only the target ones.
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Table 1. Class estimates of alternative classification methods for pollock and euphausiid were compared to cor-
responding GGMM class estimates by linear regression. Transect mean backscatter was used as the compara-
tive variable. From all possible comparisons (= 51), only significant (« < 0.001) models with a high > and a
slope greater than 0.5 are shown. &: for known class component.

Alternative methods class estimates GGMM class estimates year intercept slope r
Expert classification for pollock pollock (k) 2004 3580  0.733 0.850
2007 —1.54  0.685 0.888

2008 —12.02 0.513 0.861

pollock (k) + outlier pollock 2004 53.934 0.794 0.862
2007 3.381 0.746 0.906

pollock (k) + pollock-euphausiid 2008  —17.054 0.770  0.909

Empirical multifrequency pollock-high18 2004 —169.33  1.013 0.741
Classification for pollock (Ref. 4) pollock (k) 2007 —21.70  0.737 0.951
2008  —16.66  0.552 0.903

pollock-high18 + pollock (k) 2004 121.029 1.039 0.891

pollock (k) + outlier pollock 2007  —17.725 0.799 0.960

pollock (k) + pollock-euphausiid 2008  —22.639 0.818 0.930

Empirical multifrequency outlier euphausiid 2004  —12.53  1.099 0.887
Classification for euphausiids (Ref. 13) euphausiid (k) 2007 —30.88 0.821 0.956
2008  —14.03  0.699 0.937

outlier euphausiid + euphausiid (k) 2004  —10.54  1.180 0.949

2007  —11.536 0.903 0.970

2008 12.883 0.770 0.939

5. Conclusion

Semi-supervised learning using a GGMM effectively classified multifrequency acoustic
backscatter from known and unknown species classes. The GGMM results for known
scattering classes, pollock and euphausiids, compared well with classification results
from established methods, although differences occurred when backscattering types
were mixed. The GGMM was able to create mixtures of classes, whereas expert scru-
tiny and empirical multifrequency classification assume pure classes. The main advan-
tages of the GGMM method are that (i) it can discover unknown classes while
accounting for the presence of known classes and (ii) it can include mixtures between
identified classes. To improve the GGMM method, future work should include labeled
data based on mixed aggregations, other discriminatory variables (e.g., morphological
descriptors, depth), and direct sampling of unknown scattering classes.
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