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Abstract- Duration of Sri Lankan fishing fleets has been reported4s/@eks to catch the average taafetpproximately 2 tones
per trip. However, low catch rates are caused by the uncertainty of catches due to lack of te@vailaigheto find fishing
grounds. This study is focused on the impact of temperature and ocean cattéptslepthwhere Yellowfin tuna (YFT) hakeen
caught. Currents and temperature data at different depth legetohtained from Copernicus Marine Environment Monitoring
Service (MEMS). Longline tuna catch datasets were obtained from the Department of Fishery, Sri Lanka. The catstveeta
gridded into 0.25legreespatial resolution to overlay with the oceanographic paranmsiehsas temperatuirethe sameesolution.
Thefishery and oceanographiatasetswerecomposite in to 5-day intervas for dataoverlay andnatching. The matched dataset
was analyzed using-Ratistical packages. Empirical cumulative distribution function (ECDF) was applied toydbhatifature of
the relationships between catch per unit effort (CPUE) ancethtonship with the twaeceanographic parametevereproved by
the generalized additive model (GAM). The results showed thatpr&Ers warmer waters, above®24 particulaly fished at tle
temperature between 2227 0°C and current speed less than 0.4 npeak around 0.25 msThe result of the study also confirms
that tuna is more likely to be aggregated at the dep®0 1 75 m. The YFT fishable aggregationan be fond in the above
temperature ranges which ocatrdifferentdepths depending on the seasonal monsoon. Tieispatial distribution of YFT is
varying depending on the prevailing oceanographic conditions. These results are based on the Sri Lankawhaiglivees
maximum depth penetration is about 120 m.

Index Terms Indian OceanCPUE, Vertical TemperaturdsothermsTemperature FluctuationSri Lankan Dome

. INTRODUCTION

resources arounthis island have shown th#iina resources of Sri Lanka are mainly Yellowfin t(¥&T) (Thunnus

albacare$, Bigeye tuna Thunnus obseslysSkipjack tuna Katsuwonus pelamisKawakawa Enthynnus affinls Frigate
tuna @Auxis thazaryland Bullet tunaAuxis roche) ( Jayasooriyat al, 2013) Y ellowfin tunais a premium export product to Japan,
Europe, andNorth Americawhich is widely used in raw fish dishes, especially sasflimtomteet al, 2017) Y ellowfin tunaare
known to be highly migratory and widely distributed in the oo&ayagliaet al, 2004) The wide distribution o¥ FT makes the
search for this resource time consuming and costly. The search can be made mortaftidiess costly by predicting the areas
where fish aggregate in space and t{Rejapaksha, 2009)

Sri Lanka is one of the oldest and most important tuna produsiagds in the Indian Ocean. Exploration of tuna fishery

SriLankads | ongl i within itsexslisige egonamie eon&ER) 230 miles known as offshore fishery and high seas
fishery beyond mainly Bay of Bengal and southern areas of the Island. Hohigheseas fishing opates in Arabian Sea mainly

for Skipjack tuna by gillnetsin oceanographic point of view, Sri Lanka @xated in a unique place in between Arabian sea and
Bay of Bengal, having strong seasonal currents transporting water with different properties between the two by mong@en winds
Voset al, 2014) Thiscauses characteristic seasonality of temperature, phytoplankton, ocean currents and mixed layer properti

Temperature ithe most important paramefer locating tuna resources. Temperature structure of the ocean is essential informatior

to deploy fishing lines in appropriate depth where tuna fish aggregations occur. The subsurface temperature is inflaeiogd by
rates due to wind forcing and thisH aggregating deptlaechanged as fish schools are very sensitive to the ambient temperature.
Therefore, temperature variability in the water catuand hooking depth is influentiab the catch rates in space and time
(Rajapaksha, 2014)

Ocean currents also have profound impacts on marine life, moving not only animals and plants around the ocean but &

redistributing heat and nutrienfldays, 2017) Surface currents are a significant part of the global ocean circulation and they can
influence many oceanographic features sagkemperature, salinitgpncentration of suspended mattes andstiply of nutrients
including phytoplankton and zooplanktoFish movements are associated with ocean currents and the availability of food in
different areas at different time. Thus, the ocean features such as current speed and direction, horizontal and versitakemp
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structures and the dynamic relatioipshinfluenced between ocean and atmosphere can be analyzed to generate supporti
information for fishing.

Uses of remote seing satellite data obtained frorarious platforms provide several advantagekidingthe opportunity to get

a wide synopti coverage and repeated regular sampling to produce time series for many ye@ajleesh and Dwarakish, 2015)
Remote sensing techniques show great potential to support successful exploitation of pelagic fishery resources ahérnigsbal fis
management. Many types of fish migrate on a regular basis, on time scales ranging from daily to annually or even longer :
distances ranging from a few kilometers to thousands of kilométisfs tend to aggregate in ocean areas that exhibit conditions
favored by specific fish species. Some of the relevant oceanographic conditions, such as sea surface temperature, ocean
(productivity) and oceanic fronts, which strongly influence natural fluctuations of fish stocks, can be observed and measured
remote sensors on satellites and aftcfBhe remotely sensed datapiovided in neareal time that helps fishermen to sduel,

fishing duration andearch time. The modelers who produce fisheries forecasts help scientists who develop strategies for sustaine
fisheries managemef(itlemas, 2013)

. MATERIALS AND METHODS

The study was carried out by combining ocean observations made from remote sensing satkllits, ronsisting temperature
andcurrents together with tuna catrecords on logbooks which wabtained from the Department of Fisheries for the period of
two years (2018 2019).The yshery data consisted of information on
(latitude, longitude), number of hookad species wise catch. Thakta was uploaded to the database and necessary datasets were
recalled using R software awgiiddedinto 0.25degreeresolution to overlay with oceanographic data to match with temperature
and current data at appropriate fishing depths. There are manysfiabdetermine the likelihood of a particular hook catching a
fish, including the depth of hook, bait type, availability of live food, timing and location of ¢fRajapakshat al, 2013)

Satellite datgroducts were obtained from the Copernicus Marine Environment Monitoring Service (CMEMS) which is the marine
compaent of the Copernicus prograsfithe European Uniof.he Copernicus satellite constellation is known as Sentinel. Sentinel
3, a pair of oceargraphy satellites carry mujtiayload packages to provide ocean observation data and land optical observation
products. CMEMS, instantaneous hourly fields for sea surface height, sea surface temperature and surface currentwigiedalso pr
(Copernicus Marine Environment Monitoring SeryicEhe data used in this study was in daily composts2§@egree spatial
resolution.Parameters contained in the datagedre date, latitudand longitude northwardcurrentvelocity inthe water column,
eastward current velocityemperatureandthe depth in the watecolumn Fisheryand oceanogiphic datavasoverlaidin 0.25

degree resolution andday compositesCatch per unit offfort was calculatedds g/ 10 0hooks/ day. The ys
on the corresponding&ay composites of satellite images. The output records of data matching consisted of fishing locations, cats
rates with corresponding oceanograpperametergemperature and currer{Rajapakshat al, 2013) All the statistical analyses

were performed using R software with various packé&@esnezRubio, 2018)

To describe the relationship between oceanographic conditions of temperature, currents and YFT CPUE, this study first u
histogram graphs of high catch data. Secondly, this study analyzed the stronger association between all the oceariagtephic var
and YFT CPUE high catch data using empirical cumulative distribution function (ECDF) analysis. This analysis used thoes functi
as follows(Andrade and Garcia, 199%ainuddin, 2011,)

n

ft—1 | 1
= ) (1)
=1
With the indication function
| _ l | 'b(lo 1
T o otherwise
n
1 )2
gt=ﬁ_ =1 x (2)
I =
Dt=mafx -g (st ) (3)

where, f(t): empirical cumulative frequency distribution function, g(t): catefghted cumulative distribution function, I(xi):
indication function and D(t): abkde value of the difference between two @mg¥(t) and g(t) at any poinahd assessed by standard
KolmogorowSmirnov test, n: the number of fishing trips, xi : the measurement for satigliteedoceanographic variables in a
fishing trip i, t : an inlex, ranging the ordered observations from lowest to highest value of the oceanographic variables, yi : tt
CPUE obgined in a fishing tripi,and he esti mated mean of CPUE for all fishi:
the specific value of the variables at which the difference between the two clgfte$(f)") was maximum.

Generalized additive model (GAM) was applied to identify the nature of relationships between CPUE and the oceanograp
parameters. The relationshipstween two variables and the CPUE are mostlylim@ar. GAM is a nofparametric generalization
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of multiple linear regressions which is less restrictive in assumptions of the underlying statistical data distributBMTHnees

no analytical form but g®ain the variance of CPUE more effectively and flexitfhajapakshat al., 2013)
(4)

Where a: is a constant, s: is a spline smoothing function ofath@bles (temperature, current velocity, latitude and longjtade

e: is a random error term. A GAM is a flexible nonparametric technique that can be used to model complex relations betwee
response variable and independent variables. Functiongtatelfetween a number of breakpoints (knots) along the independent
variable range, in general using cupaynomials (or cubic splinegnd these functions are then smoothly joined to form the final
curve. There is no priori assumption about the functiferan of the relationship. The traddf between fidelity to the data and
smoothness of the fitted curve can be regulated automatically or manually. The curve can be automatically siiredtingea
smoothing parametemd thereby the number of kn@sd degrees of freedom minimizing the generalized cross validation score.
Alternatively, the number of knots can be fixed manu@pod, 2001)

| CPUEa FTemperatberleoailsat Isomn e

1. RESULTS

The CPUE distribution of FT with respect to the associated water temperature shows left skewed and maximuistestetis
within 22.01 27.0°C. On the contrary, CPUE distribution in relation to the water currents shows a right skewed and high catch rat
falls within 0.2- 0.4 ms', (Figurel).
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Figure 1. Histograns showingdensityof Yellowfin tuna caught with temperatu¢a) and current velocity (b).

The cumulative distribution curves of the variables are different and the degrees of the difference between twd @)raes (
statistically significant (P<0.01). The results showed a stronger association between CPUE and the variableardeapgiray
between 22 to 279C andcurrent speed less th@¥ msh. The strongest associations between CPUE andattigbles ocurred
around 25C temperature and around 0.25%usrrent speed.

GAM results showed that all environmental factors are in a significant level (p < 0.01) and influence the avéragtesatcYFT.
The result showethat the temperature, want and the location (latitude, longitude) has the miningemeralzed crosssalidation
(GCV) score of 0.1387 and highest deviance of 2.58% (p < 0.001) which is the best predictor explained the density of YF

aggregation (Table 1).

Table 1: GAM result aimmary

Parameter % Deviance GCV score P Value
Temperature 0.432 0.1417 <0.001
Current Velocity 0.081 0.1422 <0.001
Temp+Velocity+lat+lon 2.58 0.1387 <0.001
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Figure 2: (a) Empirical cumulative distribution frequencies of temperature of Yellowfin tuna catch weig@hétmpirical
cumulative distribution frequencies of current velocity of Yellowfin tuna catch weighteridashed lines show the degree of
differences betweeiné two curves.
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Figure 3: (a) Generalized Additive Model (GAM) derived the effect of temperature on Yellowfin tuna CPUE (log transformed).
(b) Generalized Additive Model (GAM) derived the effect of current velocity on Yellowfin tuna CPUE (log transformed).
Dashed lines indicate 95 % of the confidence intervals. The relative density of data points is shown in rug plots aborig. the x

Catd overlay maps fol¥ FT were generated using monthly averaged temperature and CPUE data based on four categories
follows,

1 0 GPUE <50

2 50 O CPUE < 100
3 100 O CPUE < 150
4 150 O CPUE

Sri Lankan tina longline fishery distributesithin theEEZ, as well as in international waters in the Indian Od&athnasuriyaet

al., 2016) The tuna longline activities mainly concentrated tonir¢heastern waters and thmuthwestern part of the countfihe

YFT fishable aggregations are available in the area throughout the year although the spatial distribution of YFT iepandingd

on the prevailing oceanographic conditigRajapakshat al, 2013) Sri Lankan longhes operates in shall@mdepths due to lower
capacity of peets an dhauing thefshing linesaThepsballoes depth af tunakexastente can be considered
as feeding grounds. Longlines are operating comparatively deeper watersomtthef<Sri LankdRajapakshat al, 2013) As the

depth increase®/FT can be found at low temperature ranges. The result show¥Rfats more likely to be aggregated at the
depthrange from 63 75 min the ocean

This publication is licensedhder Creative Commons Attribution CC BY
http://dx.doi.org/10.29322/IJSRP.11.08.2021.p11662 WWW.ijsrp.org



http://dx.doi.org/10.29322/IJSRP.11.08.2021.p11662
http://ijsrp.org/

506

International Journal of Scientific and Research Publications, Volurmssli, 8, August 2021

ISSN 22503153
January , Depth - 60 m January , Depth - 75 m

I ’
15 15
25
T @
E =
= 10 = 10
A 3 20
5 5 , - 15
75 80 85 Temperature [*C]
Longitude Longitude
February , Depth - 60 m February, Depth - 75 m
15 15
@ QT
3 3
= 10 = 10
i r20 5
5 5
3
75 80 85 Temperature [#C]
Longitude Longitude
March , Depth - 60 m March , Depth - 75 m
158 15
@ a
E] E
£ 10 = 10
3 3
5 5
75 80 85 Temperature [*C] 75 50 85 Temperature [*C]
Longitude Longitude
Figure 4: Monthly meancatch overlay<golid green circles) on monthly mean temperature at 60 m and 75 m depths from January
T March 2019.
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Figure 5: Monthly meancatch overlay<golid green circles) on monthly mean temperature at 60 m and 75 m depths frorh April
June2019.
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Figure 6: Monthly meancatch overlaygolid green circles) on monthly mean temperature at 60 m and 75 m depths from July
September 2019.
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Figure 7. Monthly meancatch overlaygolid green circles) on monthly metéemperature at 60 m and 75 m depths from October
- December 2019.
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Figure 8: Time series of temperature vertical profile for two years (280B9) at locations a,b and c. showing seasonal
variability of isotherms depth

Figure8, illustrates that the three places have different seasonal temperature fluctuations. The shape and seasonal vheation of
vertical temperature vanyith the latitude Sri Lanka is influenced by two monsoon seasons (Northeast and Southwetstpand
inter monsoonal periodée Voset al, 2014). Typically southwest monsoon occurs during May to September and northeast
monsoon occurs from December to FebrugBepartment oMeterology Sri Lankg. During the southwest monsoon, warmer
surface water mass movésrm Arabian Sea towards east amekeper colder water mass mowesnorth. During the northeast
monsoon, deper colder watemass moveslong the Edsindian coat acrss the islandin both seasons the warmer surface water
penetrates more than 75 m de€pe presence of land also increases the yearly temperature varibiomi and Aas2012) For
instance, the Aain land mass completely isolatee Indian Ocean from the Arctic Oceditne Indian Ocean is different from the
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Atlantic andthe Pacific in that at 20°N it is bordered by the As@mtinent. Therefore the wind conditions and resulting surface

currentsand affecthe ocean temperatumill be partly dominated by the land climate.

(a) 2018-01-30, Depth - 60 m (b) 2018-01-30, Depth - 75 m
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Figure 9: Temperature maps during thertheast monsooat 60 m and 75 m depths.

(a) 2018-06-30, Depth - 60 m {b) 2018-06-30, Depth - 75 m
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Figure 10: Temperature maps during teeuthwest monsooat 60 m and 75 m depths.

The monsoon is a seasonal change of wind direetfdooh affect the current directiondoSouthwest monsoon currents flows from
west to east and the northeasinsoon currents fle from east to wesThe monsoon drift is shalloduring the northeast monsoon
periodand will generally have a minimal effect on the waters below the therm@blengoset al, 2014) Thenortheast monsoon

is a gentle phenomenon, with low chlorophyll concentrations and moderate to high temperature values in the northerd waters
rest of the oceanic region around Sri Lanka. Duringsthehwest monsoon high chlorophyll patches develop in the south and
southeast coasts as a result of upwelling phenomenon. These chlorophyll rich upwelling areas create good fishifgagrgunds

2011)
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Figure 11 Current mapsluring thenortheast monsoon 80 m and 75 m depths.
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