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ABSTRACT

The Svalbard archipelago is one of the most intensively studied marine regions in the Artic area;
here the composition and distribution of marine assemblages are changing under the effect of global
change, and marine communities are monitored in order to understand the long-term effects on marine
biodiversity. In the present work, acoustic data collected in the Kongsfjorden (Svalbard) using multi-
beam technology was analyzed to develop a methodology for identifying and classifying 3D acoustic
patterns related to fish aggregations (schools). For each identified aggregations, different features
were taken into account thus allowing to develop a multi-variate classification procedure considering
morphological, energetic and bathymetric characteristics associated to such aggregations. The results
obtained from clustering suggest that from a mathematical point of view three distinct groups could
be identified. The proposed approach, that allows to discriminate the acoustic patterns identified in
the water column, seems promising for improving the monitoring programs of the marine resources,
also in view of the ongoing climate changes.

1. Introduction

Acoustic methods, employing single-beam echo-sounder
technology in the last decades represented the most effec-
tive tool in monitoring the abundance and spatial distribu-
tion of marine organisms inhabiting the water column [57].
Recently, the multi-beam technology, historically adopted in
morpho-bathymetric surveys, was adapted to identify tar-
gets in the water column, thus allowing fishery scientists
to obtain a more detailed view of fish aggregations [35],
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[41]. In this framework, a key aspect to promptly develop
specific sustainable management strategies is the design of
efficient monitoring programs able to provide early warn-
ings highlighting changes in marine community. Monitoring
programs are even more important also under the climate-
change scenario. In particular, Artic areas are experiencing
the most evident climate-changes related modifications; for
example, in some arctic regions, such as Greenland, in 2019
the highest ice mass loss was observed, reaching in July 2019
about 5 million tons per minute [30], [31], [56]. The marine
ecosystem strongly depends on sea ice, which serves as a
platform for marine life and plays a crucial role in control-
ling the physical and chemical processes that affect biologi-
cal activity [62], [42]. The invasion of alien species in the ar-
eas surrounding the Arctic is also an expanding phenomenon
negatively impacting on endemic species through complex
trophic interactions. The case of Atlantic cod (Gadus morhua)
competing with the Arctic cod (Polar cod, Boreogadus saida)
[23] is one such example. In the present work, multi-beam
data collected in the framework of the CalvingSEIS project
(Glacier dynamic ice loss quantified through seismic eyes)
were analyzed. Under the umbrella of CalvingSEIS project,
a group of researchers belonging to different European in-
stitutions (University of Oslo, Norway; National Research
Council, Italy; University in Kiel, Germany; GAMMA Re-
mote Sensing Ag, Switzerland; NORSAR, Norway) evalu-
ated the influence of glaciers melting dynamics on terres-
trial and marine Arctic ecosystems. For the first time, a
multi-beam scientific echo-sounder was used for a bathymet-

Giacalone et al.: Preprint submitted to Elsevier

Page 1 of 8



A pattern recognition approach

ric survey in Kongsfjorden (Norway), allowing to consis-
tently evaluate the morphological and energetic features of
fish aggregations inhabiting the fjord. The collected acoustic
data was analyzed to develop a methodology for identifying
and classifying 3D acoustic patterns related to fish aggrega-
tions (schools).

2. Materials and Methods

2.1. Study area

The Svalbard archipelago is located between the paral-
lels 74° N and 81° N, is heavily influenced by Atlantic cir-
culation [33], and extends over an area of 63,000 km?. Here
the ice cover 57% of land with a mix of land and sea glaciers
and ice caps [46]. The Kongsfjorden is an area of highly
scientific interest due to its biodiversity [33]. The innermost
part of the fjord is characterized by one of the largest glaciers
of Svalbard, called Kronebreen. Its front ends directly on
the sea, making an interface from which icebergs are created
in the Kongsfjord. The environmental complexity results in
highly diverse ecosystem characterized by the association of
Atlantic and Arctic species [7] (Fig. 1)
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Figure 1: The study area of the Kongsfjorden in the context
of Svalbard. Source: http://cruise-handbook.npolar.no/site-
images-new/kongsfjorden/Kongsfjorden 2010 3-5-10.jpg

Due to the ice presence, most of the studies carried out in
the Kongsfjorden were conducted during the summer [33],
[32], [60], when this area is accessible for navigation, al-
though different life processes also take place during polar
winter [24]. In the area, besides several species of marine
mammals, three species belonging to Gadidae family dom-
inate the water column. One that has been found to have
the greatest distribution is the Polar cod (Boreogadus saida)
[33]. The other two species are the Atlantic cod (Gadus
morhua) and haddock (Melanogrammus aeglefinus) [53], that
have been favored by the increase in the inflow of warmer
water from the Atlantic to the western coast of Svalbard. The
Polar cod is a brackish water bony fish inhabiting the water
column [37], [59], [14]; it is a circum-arctic species com-
mon in open and ice-covered waters of the seas of the Arctic
shelf [49], [51], [15] that performs offshore-inshore migra-
tions associated with spawning and ice movement [43]. The
reproduction period is between November and March [32],
[51]. The Atlantic cod, widely present in the area, is a ma-

rine bony demersal fish as it lives and feeds on or near the
bottom, but can assume a semi-pelagic lifestyle in specific
life stages. Atlantic cod reproduces between December and
June [14], [21]. This species is widely distributed in a variety
of habitats. Juveniles prefer shallow sub-littoral waters (less
than 10-30 m deep) with complex habitats, areas with gravel,
rocks or boulders, which provide protection from predators
[10]. Adults are usually found in deeper and colder waters.
During the day, they form schools that move about 30-80 m
from the bottom, while during the night they disperse in the
water column to feed. This is an eurythermal and euryha-
line species tolerating wide temperatures and salinity ranges
[18]. Finally, the haddock is a saltwater demersal fish that is
generally found between 10 - 200 m [45]. Adults are most
commonly found between 80 and 200 m depth; females pre-
dominate in shallow water and males in offshore areas. The
temperature range in which they can be found goes from 4
to 10 °C. Among these three species, typically arctic and
sub-arctic, the one characterized by a wider distribution is
the Polar cod (Boreogadus saida) [33]. The Atlantic cod
prevails in the shallow waters [7]. Hence, Atlantic species
have gradually established themselves in Arctic regions with
a significant impact on ecosystem structure and ecological
functioning [54]. Although there appears to be an overlap in
the distribution between Atlantic cod and haddock, the for-
mer, tolerating lower temperatures, typically expands further
north than haddock [16], [4]. There seems to be no trace of
the haddock both in the innermost part of the fjord [24] and
in the proximity of the Kronebreen glacier [8].

2.2. Multi-beam data processing

Marine species characterized by aggregative behaviour
and inhabiting the water column are generally monitored by
using acoustic techniques [22], [6], [5]. These techniques
allow, with a non-invasive methodology, to investigate large
portions of the sea in a relatively short time. Even if the main
aim of acoustic survey is the evaluation of the abundance and
spatial distribution of target species, acoustic methods allow
also to identify the morphological, energetic [25], and bathy-
metric characteristics of these patterns [1]. (Fig. 2). Multi-
beam data were acquired in the period 23™ to 26" August
2016 on board the R/V “Viking Explorer”. The data were
acquired using a Kongsberg-Maritime EM2040 MBES char-
acterized by an operating frequency of 300 kHz and pole-
mounted on one side of the boat. The sampling design fo-
cused on the interface with the glacial front inside the fjord
and the path that goes from the base of NY Alesund up to
it (Fig. 1). All the acquired data were stored in binary for-
mat on dedicated server. Subsequently, the collected files
were converted in a format suitable for analysis and ad-hoc
algorithms were applied to detect fish schools [25]. For each
identified fish school, the morphological and energetic char-
acteristics were extracted (Table 1). In addition, in order to
take into account for the position of the schools in the water
column, the school depth was also considered (Table 1).
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Figure 2: Diagram showing multi-beam instrument acquisi-
tion.

CHARACTERISTICS OF THE EXTRACTED PATTERNS
Sv Mean Height
Energetic Std Sv Width
Sv Max Length
Sv Min Morphological Volume
Depth mean Surface area
Bathymetric | Depth max Roughness
Depth min
Table 1

Energetic, bathymetric and morphological characteristics ex-
tracted.

2.3. Exploratory data analysis

Clustering methods are known to be influenced by the
presence of outliers, and acoustic data are often character-
ized by the presence of skewed distribution and extreme val-
ues. Thus, in order to avoid possible biases, the frequency
distribution of considered variables and the skewness index
[26] were computed. The obtained histograms evidenced in
some cases the presence of skewed distribution (see Fig. 3).
The combined analysis of the frequency histograms and the
asymmetry index allowed to identify the most problematic
variables (Table 2; the variables subjected to log transfor-
mation are highlighted in bold). To reduce the influence of
the extreme values, linked to long-tailed frequency distribu-
tions, a log transformation was performed. The frequency
distribution of log-transformed variables are shown in Fig.
4. Finally, in order to avoid scale-related effects during the
clustering procedure, variables were standardized.

2.4. Clustering method

In this paper the k-means algorithm was used to iden-
tify different kind of patterns along the water column. The
k-means algorithm requires as input the number of clusters
(k) to be identified. Thus, as the number of clusters was
not known a priori, a preliminary analysis was performed to
evaluate the partitioning of observations among the different
clusters, considering a number of clusters between 2 and 10.
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Figure 3: Frequency distribution of the 13 characteristic pa-
rameters.

Surface area Length Height
w w
s e -
S 2
S w
° - S T T T T 1 ° T T T T 1
2 4 8 8 10 o 1 2 3 a4 0 1 2 3 4
Width Volume
F
° °
- w
- °
T T T T 1 T T T T T 1
12 3 4 5 0 2 4 6 8 10

Figure 4: Histograms of variables following logarithmic trans-
formation.

For each k value, 10 iterations were performed, taking into
consideration the relative average values obtained. In order
to further evaluate how many clusters to take into consider-
ation to determine an optimal solution, the internal validity
indices were applied. Only the indices suitable for k-means
(Table 3) were considered, using the NBClust package [11]
in R statistical environment program [50]. Once the number
of clusters was identified, boxplots were used to evidence for
each variable the differences among the identified groups.

3. Results

The exploratory analysis suggested that the optimal num-
ber of clusters is 2 or 3 (Fig. 5). In particular, for both k =2
and k = 3 the observations were almost equally distributed
among the clusters. On the contrary, increasing the num-
ber of clusters, some of the clusters were consistently char-
acterized by a low number of observations. Validation in-
dices provided an equal probability for 2, 3 and 4 clusters, as
shown in Table 3. In order to evaluate the differences among
the groups, the box-plots for each of the variables obtained
with k between 2 and 4 were examined. From the analysis of
the box plots obtained with k = 4 in Fig. 6, it is not possible
to highlight a clear separation between the variables in the
4 clusters. For k = 4, a pairwise similarity among the vari-
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min Q2.5 Q25 Median | Q75 Q97.5 max mean Sk
Surface area | 15.20 33.57 120.67 | 336.67 1240.61 | 11047.24 | 38150.85 | 1622.19 | 6.17
Length 1.59 2.53 5.76 9.37 16.22 45.92 83.85 13.28 3.52
Width 1.91 2.85 6.56 10.50 18.87 41.77 90.26 14.47 3.19
Depth min 3.43 4.17 11.15 17.15 66.32 105.03 137.20 37.27 0.90
Depth max 491 6.79 15.64 24.28 72.55 112.94 144.29 43.46 0.88
Height 0.81 1.01 2.68 4.55 7.09 20.08 36.44 6.20 2.47
Volume 0.60 1.19 8.10 39.83 180.62 2764.08 9227.65 338.57 6.32
Depth mean 4.07 5.48 13.45 21.60 70.03 108.34 140.67 40.39 0.88
Roughness 3.02 3.35 4.86 12.12 17.01 28.89 32.28 12.44 0.59
Sv mean -65.91 -64.29 -41.10 | -33.26 -25.68 -17.06 -3.99 -34.79 -0.52
Std Sv -66.02 -64.53 -34.64 | -26.66 -18.26 -8.44 13.60 -28.18 -0.54
Sv max -59.27 -56.08 -23.94 | -15.56 -6.14 7.68 33.44 -16.25 -0.41
Sv min -117.12 | -114.92 | -97.08 -83.92 -75.33 -67.12 -65.56 -86.34 -0.46
Table 2

Basic statistical parameters used to pre-process the data. The bold rows indicates the
parameters that strongly deviates from the simmetry.
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Figure 5: Bar-plots obtained from a clustering with k values
from 2 to 10.

ous clusters for the morphological characteristics was identi-
fied, while clear pattern were not identified for the energetic
and bathymetric characteristics. Therefore, taking into ac-
count these considerations and the results obtained by the
exploratory analysis (Fig. 5), which highlighted the pres-
ence of two or three main clusters, the existence of 4 clus-
ters may likely be excluded. In the case of k = 3, a better
separation emerged (Fig. 7) even if, it can be noted that
in terms of morphological variables, classes 2 and 3 show
some similarities, while only a slight separation is evident
for the same classes in the energetic characteristics. In the
case with k = 2 (Fig. 8), there is a clear separation between
the classes in all morphological variables considered and in
the minimum of the Sv variable. Then, among the possible
solutions obtained, the ones that better represent the dataset
are the division into two or three distinct clusters. To choose
between these two options, it was decided to check the la-
beling of the patterns for both clustering cases (k = 2 and
k = 3). In case of k-means algorithm application with k =

Index Name Number of clusters
"Ch" [9] 2

gap" [61]
"mcclain" [38]
"silhouette" [55]
"cindex" [34]

lldbll [17]
"ratkowsky" [52]
"ball" [2]

"duda" [19]
"beale" [3]
"ptbiserial" [40][39]
Tsdindex" [28]

llklll [36]
"hartigan" [29]
"sdbw" [27]

OIN| BRI PRPRWWWWNINN

[y
o

Table 3

Indexes used to evaluate the clusters number [12], with the
corresponding condition and the number of cluster obtained
from the condition.

3, it emerges that observations belonging to clusters 2 and
3 (respectively blue and light-blue in Fig. 7) are grouped
into a single cluster (cluster 1 in red color in Fig. 8) when
k-means is applied with k = 2, with the exception of only
4 observations out of a total of 77. The remaining cluster
1, obtained with k-means for k = 3, groups the same obser-
vations as cluster 2 obtained with k-means for k = 2; this
cluster also contains the four previously excluded observa-
tions. A more in-depth view of the results allows us to state
that three is the number of clusters that better represents the
data set from a numerical point of view. To further investi-
gate the relationships among the identified clusters, the spa-
tial pattern was explored (Fig. 9). It is important to highlight
that the positions (in terms of longitude and latitude) of the
analyzed fish schools were not used as input variable for the
clustering algorithm. From visual observation, we can de-
tect a clear spatial separation of the three clusters. In detail,
the class identified with the blue color is located in the area
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Figure 6: Box-plots obtained from a clustering by k-means
equal to 4.
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Figure 7: Box-plot obtained from a clustering by k-means equal
to 3.

farthest from the glacier and, considering the average depth,
such fish schools are positioned at the greatest depths. On
the contrary, the fish schools belonging to the class identi-
fied with the light blue color are mainly found in the cen-
tral part of the study area and are characterized by a lower
depth than the other clusters (about 30 m deep). Finally, the
red class includes all fish schools that are positioned in the
area closest to the glacier, also occupying shallow depths.
However, the morphological characteristics analyzed show
strong similarities between the fish schools labeled with the
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Figure 8: Box-plot obtained from a clustering by k-means equal
to 2.

colors blue and light blue respectively (clusters 2 and 3 in
Fig. 7), while the morphological characteristics differ for
the red fish schools (cluster 1 in Fig. 7). In the same figure,
a slight difference can be seen between the energy character-
istics of clusters 2 and 3 while greater similarities are found
in some of the energy characteristics belonging to clusters 1
and 3.

4. Discussion

To the best of our knowledge, this work represents the
first attempt to use the multi-beam data acquired in the wa-
ter column in the Svalbard Islands to evaluate the presence
of different fish species. For this area there is no previous
knowledge relating to the acoustic patterns identified. The
use of the morphological, energetic and bathymetric charac-
teristics of the aggregations, along with clustering results,
allowed to hypothesize the presence of three distinct clus-
ters of fish schools. Two of them are quite different in terms
of morphological and energetic variables. The presence of
a third cluster, which differs from the other two only for
some characteristics, suggests that this may refer to one of
the species associated with one of the other two clusters, and
that therefore it is the same species. Specifically, it is possi-
ble to hypothesize that in the three-cluster classification (Fig.
7), cluster 2 and cluster 3 correspond to the same species,
showing the same morphological features and differing in
terms of bathymetric and energetic ones (likely correlated
to the specimens size). In Fig. 7 it is possible to see that
cluster 3 prefers lower depths than cluster 2. This result, as-
sociated with the high variability of the same cluster in the
energy characteristics and the period of the survey, makes us
hypothesize that the species is present in a juvenile stage of
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Figure 9: Spatial distribution of the clusters: figure a) shows the position of the patterns divided in k=2 clusters, figure b) shows

the position of the patterns for k=3 clusters.

life. This can be justified by the fact that some fish species
show different behaviors in relation to the life stage. From
the analysis of the box plots, in cluster 3 a greater range be-
tween the values of S, ,,,, and S, ,,,;, is visible more than in
the other clusters. This characteristic is in agreement with
literature studies that observed that juvenile individuals form
very compact schools in the central part and more dispersed
in the peripheral/external part [44]. Therefore, the similari-
ties of the morphological characteristics between clusters 2
and 3 lead to the hypothesis that the species identified by
both is only one, the Atlantic cod. In fact, it is known from
literature that the biological behavior of this species is dif-
ferent in its main life stages, as juveniles and as adults. Fur-
thermore, this species appears to be among the most present
species [24] in the central area of the fjord as a species ca-
pable of tolerating a high range of variability in both salinity
and temperature [18]. From the study of the biological char-
acteristics and behavior of this species it can be highlighted
how the morphological and energetic characteristics as well
as the bathymetric preferences support this hypothesis. This
species reproduces in a period between December and June
[14], [21], this would justify the presence of juveniles in our
sampling period (August). Fisher et al. (2017) [24] stated
that in the period of August 2014 a great abundance of cod
was recorded in shallow waters with an average standard
length between 40 and 80 mm, while adult individuals up to
300 mm have been observed sporadically in shallow waters.
These individuals, once having reached an average length of
100-125 mm, appear to abandon shallow water habitats by
migrating to deeper habitats or offshore [24]. Our results is
in agreement with literature data as regards the greater pres-
ence of Atlantic cod in the area compared to the others [33],
[53], [7]. Furthermore, to corroborate this it must be consid-
ered that this species, even if tolerant to low temperatures, is
not able to withstand the low salinity values present in the
proximity of the glacier. In fact, it can easily be assumed
that cluster 1, located in the innermost part of the fjord, is
the other species, endemic to the area, and namely the Polar
cod. Among the species considered so far, the latter appears

to be the only one able to tolerate low salinity values typical
of a marine area in which there is a strong dilution of fresh
water coming from the melting of the Kronebreen glacier.
The depth preference is also in line with what reported in
literature. Marine fish population can react in different ways
to environmental changes; unfavorable environmental con-
ditions could impact on the population dynamics leading to
changes in abundance [58] or in the depth and/or geograph-
ical distribution [13], [47], [20]. The intensity and extent
of such responses depends on a number of factors such as
the thermal tolerance, the migratory capacity and the abil-
ity to adapt to different environmental conditions. Nonethe-
less, the adaptation rate is population and species-specific
[30], [48]. Furthermore, new species (often referred as alien
species) entering in a specific ecosystem could lead to deep
modification in community structure, even causing local ex-
tinctions. The case of Atlantic cod (Gadus morhua) compet-
ing with the Polar cod (Boreogadus saida) is one such exam-
ple. The increasing abundance of Atlantic cod, observed in
the Kongsfjorden area, is considered as one of the effects of
the ongoing environmental changes.

5. Conclusions

The results of this work show that the dataset is com-
posed, from a numerical point of view, of three clusters while,
from a biological point of view, the species associated with
the identified patterns are likely two, and one of them with
different life stages and different energetic characteristics.
In the light of the results obtained, we can sustain that it
is possible, starting from raw acoustic data, to distinguish
fish schools in relation to some morphological, energetic and
bathymetric positional parameters of the aggregations, in par-
ticular study areas such as the one analyzed in this context.
The results obtained are in agreement with other studies based
on biological data published for the same study area. There-
fore, this method, based on the analysis of acoustic data, has
proved to be very useful for the recognition of species and
can be used to support biological research on target species.
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The main advantage lies in the fact that the analyzed char-
acteristics may allow to obtain a classification of the species
on the basis of their biological behavior, without using inva-
sive sampling methods, thus reducing the fishing effort. This
work opens up different scenarios on the possibility of using
this data for identifying fish species and therefore represents
a starting point for possible future works in this area and in
other restricted areas.
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