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1 Purpose of the project 
 

A high priority for effective management of large pelagic fishes is the capability to discriminate between 
the effects of exploitation and climate dynamics on the sustainability of tuna populations. Climate related 
changes are believed to strongly influence the pelagic habitats of tuna, and thus movement and migration 
patterns. But not all tuna respond the same way to climate cycles, thus there should be demonstrable 
differences in survivorship during recruitment and responses to exploitation patterns. Empirical and 
analytical evidence are needed to explain the relative importance of environmental and fishing variability 
in structuring pelagic ecosystems. There is a need to determine the mechanisms involved in observed 
variability across species and oceanic regions. In this project, two spatial bio-physical models, 
SEAPODYM and APECOSM, were proposed to be run for several tuna species concurrently with 
different long-term (up to 50 years) climate regime datasets. It is anticipated that the models will enable 
researchers to evaluate potential alternative system states due to physical and anthropogenic forcing and to 
help determine if the impacts of natural climate variability could be anticipated in such a way as to help 
establish a management regime that accommodates exploitation pressures and natural variability to build 
sustainable tuna fisheries. 

 

APECOSM (Apex Predators ECOSystem Model) is a model of the oceanic pelagic ecosystem which is 
currently being developed by IRD. It represents the basin wide spatialized dynamics of open ocean pelagic 
ecosystems from phytoplankton production up to fishing with a special emphasis on top predators. 
Physical and biogeochemical forcing as well as the effects of fishing are explicitly taken into account. 
APECOSM integrates the demography of 3 tuna populations, i.e. bigeye, skipjack, yellowfin in a 
bioenergetic framework with their physiology and main life history traits (growth, reproduction, ageing 
and life span, size at maturity), their horizontal movements and migrations as well as their small scale 
vertical movements which determine trophic interactions with meso-pelagic preys and internal 
temperature of tunas.  

The size-structured nature of predation is explicit. The model represents the energy fluxes through the 
ecosystem with a size-structured mass-balanced energy flux equation in 4 explicit dimensions (2D space, 
time and organisms weight). The epipelagic community is distinguished from the mesopelagic migratory 
community. The tuna species under interest interact trophically with the ecosystem and are represented 
with a DEB-based (Dynamic Energy Budget) physiologically structured advection-diffusion flux equation 
which transports individuals through a 6 dimensional space (2D space, time, reserve, structure, gonads). 
Behaviour of fish is related to their physiological status. The model produces a large range of outputs 
which can be compared to observed data such as size-structured prey fields, fishery catches and size-
frequencies, tagging data, size-structured tuna stomach contents for both epipelagic and mesopelagic 
communities, delta 15N ratios, growth and maturity schedules.  

 

SEAPODYM (Spatial Ecosystem And Population Dynamics Model) is a numerical model initially 
developed for investigating physical-biological interactions between tuna populations and the pelagic 
ecosystem of the Pacific Ocean. The model is based on advection-diffusion-reaction equations. The main 
features of this model are i) forcing by environmental data (temperature, currents, primary production and 
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dissolved oxygen concentration), ii) prediction of both temporal and spatial distribution of mid-trophic 
(micronektonic tuna forage) functional groups, iii) prediction of both temporal and spatial distribution of 
age-structured predator (tuna) populations, iv) prediction of total catch and size frequency of catch by fleet 
when fishing data (catch and effort) are available, and v) parameter optimization based on fishing data 
assimilation techniques. 

The model simulates tuna age-structured populations with length and weight relationships obtained from 
independent studies. Different life stages are considered: larvae, juveniles and (immature and mature) 
adults. After juvenile phase, fish become autonomous, i.e., they have their own movement (linked to their 
size and habitat) in addition to be transported by oceanic currents. Fish are considered immature until pre-
defined age at first maturity and mature after this age, i.e., contributing to the spawning biomass and with 
their displacements controlled by a seasonal switch between feeding and spawning habitat, effective 
outside of the equatorial region where changes in the gradient of day length is marked enough and above a 
threshold value. The last age class is a “plus class” where all oldest individuals are accumulated. All 
temporal dynamics are computed at the time step of the simulation. 

 

Both SEAPODYM and APECOSM models use the same environmental data sets as forcing variables. 
They require fields of temperature, currents, dissolved oxygen, primary production, light profiles and/or 
euphotic depth that can be predicted from coupled physical-biogeochemical models. However, these 
fields are averaged over three vertical (epi-, meso-, and bathy-pelagic) layers in SEAPODYM while 
APECOSM uses all vertical layers defined in the coupled physical-biogeochemical models.  

It was proposed to explore the sensitivity of these models to different forcing fields to investigate the 
impact of climate variability. While SEAPODYM applications are developed for Pacific Tuna species, 
those of APECOSM are for tuna species in the Indian Ocean. To test for their processes robustness, it 
was also proposed to apply the models with their own parameterization achieved for one ocean in other 
oceans using the same physical-biogeochemical forcing fields.  

An additional objective of the project was the setting up of a global database including fishery data 
(catches, fishing efforts and size-frequencies) for the tropical tunas in the three oceans over their whole 
historical period with an appropriate resolution and fleet stratification, and that can be accessed 
through an internet web site. 
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2 Changes from initial proposition 
 

The project was extended by one year due to delays in administrative tasks for its implementation, the 
recruitment of postdoc and engineers, and the production, access and quality of physical-biogeochemical 
output fields. In particular, the initial project included the use of a high resolution reanalysis from the 
coupled physical biogeochemical model ORCA05-PISCES, but the results from this simulation were not 
satisfying and it was a too long and costly task to run it again. Finally, the following reanalyses were 
available:  

� The NCEP-ESSIC reanalysis that covers the period 1948-2003 at resolution 2deg x 2deg x month. 
� The NCEP-PISCES reanalysis that covers the period 1948-2003 at resolution 2deg x 2deg x month. 
� The ERA40-PISCES reanalysis that covers the period 1955-2001 at resolution 2deg x 2deg x month.  

 

NCEP (http://www.cgd.ucar.edu/cas/guide/Data/ncep-ncar_reanalysis.html) and ERA40 
(http://www.ecmwf.int/research/era/do/get/era-40) are atmospheric reanalyses used to drive ocean 
circulation models. 

ESSIC is a biogeochemical model developed at the Earth System Science Interdisciplinary Center (Univ. 
Maryland, USA). It is based on the sigma-coordinate general circulation model of Gent and Cane (1989) 
as further developed by Chen et al (1994) and Murtugudde et al. (1996), and the ecosystem model of 
Leonard et al. (1999). 

PISCES (Pelagic Interaction Scheme for Carbon and Ecosystem Studies; Aumont and Bopp, 2006) is 
derived from the Hamburg Model of Carbon Cycle, HAMOCC3.1 (Six and Maier-Reimer, 1996) and 
HAMOCC5 (Aumont et al. 2003). This model describes the marine biogeochemical cycles of carbon and 
of the main nutrients (N, P, Si and Fe) which limit phytoplankton growth. Description of the model 
behavior and validation to observations are found in Gorgues et al. (2005), Bopp et al. (2005) and Aumont 
and Bopp (2006). This biogeochemical model was coupled to ORCA2 ocean circulation model. This 
model has been extensively validated and simulates the large scale dynamical and thermodynamical 
features successfully (Lengaigne et al., 2003). However, it does not resolve mesoscale features as well as 
coastal upwelling regions. 

 

Other alternatives have been explored to obtain an additional reanalysis. Finally, the University 
Corporation for Atmospheric Research (UCAR), acting on behalf of National Center for Atmospheric 
Research (NCAR), was contacted and produced a reanalysis of the World Ocean State (physics and 
biogeochemistry) deduced from an integration of the Community Climate System Model (CCSM) for the 
period Jan 1st 1950 – Dec 31 2005. The raw NetCDF output files were made available in June 2009. This 
CCSM reanalysis has a variable horizontal and vertical resolution requiring interpolation on a regular 
grid. Then we had to compute euphotic depth that was not included in the dataset. To get this variable it is 
first needed to obtain the PAR(0) (Photosynthetically Active Radiation at surface). We tried to reconstruct 
this variable from the equation provided in Moore et al. (2002) using the PAR at mixed layer depth that 
was provided with the reanalysis. However the result was not good, due to the discretization by vertical 
levels in the model. After discussion with NCAR, it appeared that PAR(0) can be deduced from a variable 
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(qsw) that was missing in the records. This variable was finally provided by NCAR and we had to 
reprocess the dataset. Unfortunately this reanalysis was not ready for the optimization experiments during 
the project. However, it will be used in further optimization experiments to finalize coming publications. 

 

Climate change impact has been investigated with SEAPODYM using the forcing fields simulated by the 
coupled (offline) ORCA2-PISCES model and a projection of anthropogenic release of CO2 following the 
IPCC A2 scenario. 

 

The difficulty to recruit a qualified engineer and the amount of work required for implementing 
optimization in APECOSM led to a revision of objectives with this model. A simplified version 
(APECOSM-E) has been used (see below) and a first optimization has been produced for skipjack tuna in 
the Indian Ocean. 

 

 

3 Fishing database SARDARA & CLIOTOP MDST 
 

One of the goals of the project was the setting up a global database including fishery data (catches, fishing 
efforts and size-frequencies) for the tropical tunas in the three oceans over their whole historical period 
with an appropriate resolution and fleet stratification. Thanks to the important involvement of IRD staff 
and to the availability of complementary funds, the work has gone far beyond the initial objectives since 
the database has been completed and extended to include a total of 14 exploited species including tropical 
tunas in the three oceans. It has furthermore been linked to the CLIOTOP MDST (Model and Data 
Sharing Tool) which provides a user friendly web base interface to access, visualize and extract the data. 
However, despite a formal request sent to the directors of both tuna commissions for the Pacific Ocean 
(IATTC: Guillermo Campéon and WCPFC: Andrew Wright), the official agreement to release in the 
public domain some data which are publicly available in IOTC and ICCAT was not provided. Thus, those 
data will remain, until further notice, in restricted access, submitted to the agreement of IATTC and 
WCPFC. 
 

In more details: 

� IOTC and ICCAT updated their public datasets with new files covering years 2006, 2007 and 
2008. Catch and Effort data have been updated accordingly (see previous reports). All the R 
scripts used to integrate the data were updated to allow a user-friendly update of the database from 
future files. Documentation (in annex) has been written to explain the uses of the R scripts and the 
pipeline of process. 

� Fishing data for Makaire, Marlin and Sailfish were added in the database when these data were 
available in the Regional Fisheries Management Organisations (RFMO). Thus, SARDARA store 
data from 13 species. These data are not always available in each ocean (Fig. 3.1). Sometimes, 
there is no Nominal Catches (NC) data associated to the Capture-Effort (CE) files for these 
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species (KO-NC in Figure 1). This means that these data would not be extrapolated to the RF1 
level and thus not be inserted into SARDARA due to deletion. We chose to insert the raw and un-
extrapolated data waiting for NC file to be updated later. Users should be careful using these data. 

� Size frequency data have been inserted into the database for the Indian Ocean and the Atlantic 
Ocean. Data from the Pacific Ocean are missing because (1) data from WCPFC are not correctly 
geo-referenced and (2) there is no such public data available from IATTC. 

� A new graphical interface has been designed and implemented into the CLIOTOP-MDST website. 
� A developmental server hosting the MDST website and the SARDARA database. The MDST 

website has been temporarily deployed on this server at http://vmmdst-
dev.mpl.ird.fr:8080/MDST/ for debugging and beta testing. 

� The work done on the MDST website includes dealing with public/registered access and 
public/private data. Using the public access, the MDST website can be used during a two hours 
session. All the public data from all databases are accessible and can be stored into a cart for 
overlay with other data. If registered, the user can access the MDST website through the restricted 
access. The main benefit to do so is to save the cart from one visit to another. Personal 
information can be managed and administrators of REMIGE and SARDARA databases can be 
contacted to access private data. 

� Both administrator (available upon request) and users (appendix 1) detailed documentations have 
been written. 

� An oral presentation of the MDST project has been made in front of members from the four 
RFMOs, at the occasion of a workshop « Tuna purse seine and bait boat catch species composition 
derived from observer and port sampled data »  held in IRD Sète in June 2009. 

� The website has been debugged and a three month contract with Julien Trolet from Oct. to Dec. 
2010 has been established to transfer the MDST website and SARDARA database on the 
production server by December 2010. 

 

 

Data contained in the SARDARA database 
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4 APECOSM-E 
 

APECOSM-E (Apex Predators ECOSystem Model – Estimation) is a space (3D) and size (weight) 
structured dynamic model that represents the population dynamics of tropical tunas and includes a 
likelihood-based parameter estimation procedure. It is a simplification of the top predator component of 
the APECOSM framework (Maury 2010). 

Water temperature, dissolved oxygen concentration and forage availability are the main factors that 
influence the physiological and behavioural response of tuna to the environment so that the biomass 3D 
distribution changes with environmental changes. In the model, tunas are attracted to areas where 
environmental conditions are favouring their survival and their growth which are determined by water 
temperature, oxygen and forage availability. The functional responses to environmental factors are explicit 
(Figure 1) and the behaviour of tuna is determined by a synthetic habitat suitability index, that varies 
between 0 (poor habitat) and 1 (excellent habitat), describing the appropriateness of the local environment 
for the species considered. The spatial heterogeneity of the environment results in a 3D habitat gradient 
and this gradient, together with the effect of oceanic currents, guide the movements of tunas. 

APECOSM-E has been applied to the skipjack (Katsuwonus pelamis) dynamics in the Indian Ocean. The 
model has been ran on a daily time step, on a 3D grid with a 1° by 1° horizontal resolution and 20 vertical 
layers, with a 10m interval in the first 150m and reaching 500m. The model is forced by 3D temperature, 
oxygen, forage and current fields outputted by the coupled physical-biogeochemical ocean model NEMO-
PISCES (Aumont and Bopp, 2006) forced by the ERA40 reanalysis over the 1958-2001 period. 

The model parameters have been estimated using fishing effort, catches and size-frequencies data from 
four different fleets: French purse seiners, Spanish purse seiners, World purse seiners grouping the fishing 
data from Maurice, Seychelles and NEI-other and Maldivian bait boats. These fleets represent the main 
skipjack fisheries in the Indian Ocean and they have spatially-explicit effort and catch data with a 
resolution of 1° by 1°, and size frequency data with a resolution of 5° by 5°. Therefore in the model, the 
observed effort is applied to the simulated biomass and the resulting simulated catches and size-
frequencies are compared quantitatively to observed catches and size-frequency data. 

 

 

Figure 4.1: Size-dependent functional responses to environmental forcings 
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The model parameters are optimized using fishing data through the minimization of a Bayesian cost 
function depending on the parameters of the model and measuring the discrepancy between the outputs of 
the model and catch and length frequency data. Using an automatic differentiation algorithm, we derived 
the tangent linear numerical code which enables us to compute the exact gradient of the cost function. The 
tangent code is then used in a gradient-based minimization algorithm to find the parameters that minimize 
the cost function. 

Various optimization experiments have been undertaken over various time periods ranging from 2 to 18 
years (1984-2001) for testing the sensitivity of the optimization procedure (there was no significant purse 
seine fisheries in the Indian Ocean before 1984 so that the oldest year considered for the optimization has 
to be 1984). The simulations presented here have been optimized on a 6 years period from 1984 to 1989 
which offers a good balance between the calculation time and the stability of the results and has the extra 
interest to allow keeping the years 1990 to 2001 for validating the model. 

 

4.1 Results 

4.1.1 Simulated and observed size-frequency 

Size frequency distributions are important indicators of the mortality level undergone by a population. The 
left side depends on the size selectivity of the considered fleet, while the right-side decreasing slope of the 
distribution reveals the magnitude of total mortality in the population and can therefore be used to inform 
about the population exploitation level. 

A good agreement between the simulated (lines) and the observed (bars) size frequency is achieved by the 
model for purse seine fleets while for the bi-modal distribution of the Maldivian baitboat fishery observed 
size-frequency is not represented properly in the model. 
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Figure 4.2: Cumulated size-frequency distribution for the different fleets (bar=observed, lines=simulated) 
over the 1984-1989 optimization period. 

 

4.1.2 Simulated and observed catches 

The comparison between monthly observed (bars) and simulated (lines) catches for the different fleets 
considered is used to optimise the fishing parameters of the model. Results are shown Figure 4.3. 
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Figure 4.3: Monthly catches for different fleets (bars=observed, lines=simulated) during the 1984-1989 
optimization period. 

 

4.1.3 Adult biomass variation over the period 1958-2001 and effect of fishing 

The optimized model was run over 42 years with and without the effect of fishing. The first 5 to 7 years 
have to be neglected since they are influenced by the arbitrary initial conditions (Figure 4.4). After 1965, 
the model shows the effects of seasonal and interannual environmental variability on the skipjack biomass 
with and without fishing. The effect of fisheries on the stock biomass is highlighted by the difference 
between the red and the black curves. While the unexploited stock (size > 30cm) biomass fluctuates 
around 3 million tons, the exploited biomass rapidly decreases down to 1.9 million tons in 2001. 
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Figure 4.4: Simulated skipjack tuna biomass (fish > 30cm) in the Indian Ocean, with (black curve) and 
without (red curve) considering the removal from fisheries 

 

4.1.4 The effect of ENSO event in 1998 on the biomass distribution 

APECOSM-E has been used to test the effect of interannual variability on biomass distribution. The El 
Nino-Southern Oscillation (ENSO) event that occurred in 1998 had strong consequences on fisheries. 
During “normal” years, skipjack catches by purse seiners are mainly localised in the western and central 
Indian Ocean, due to the Somalian upwelling that provides important primary production input into the 
system. In 1998, the fishing pattern of purse seiners changed dramatically due to the rising of the 
thermocline in the eastern basin that caused increased accessibility of the resource in the eastern part and 
higher primary production (Marsac and Le Blanc, 1998).  

APECOSM-E allows to display the size-structured biomass in 3D. The vertical distribution of the fish 
determines the accessibility of the resource to the various fisheries. The results of the simulation show that 
the 1998 ENSO event had strong effects on the population distribution (Figure 4.5) since both the 
vertically-integrated biomass and the observed distribution of catches show clear differences between 
February 1996 (left) and January 1998 (right). While in February 1996 the skipjack biomass was clearly 
located in the western Indian Ocean, January 1998 presents a different pattern and the fishing effort 
moved towards the eastern-central part of the ocean. Moreover, the plots presenting the vertical 
distribution of biomass along a East-West transect at a latitude around -1° show the effect of the rising 
thermocline in the eastern basin as well as an important and well accessible biomass concentration in the 
central part of the basin in 1998 where most catches occurred.  

The simulations presented have been optimized over the 1984-1989 period. They however match quite 
well the distribution of catches in other years such as 1996 or the anomalous 1998 (cf. Fig. 4.5). This 
provides a validation of the model over data which have not been used for its optimization. 
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Figure 4.5: Distribution of vertically-integrated biomass, catches and vertical distribution of biomass on a 
East-West transect: non-ENSO (February 1996, left) vs ENSO (January 1998, right) dynamics. 

Simulations optimized over the 1984-1989 period. 

 

Two articles describing both the model and the results obtained are in preparation and about to be 
submitted, mentioning the PFRP support for this work. 
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5 SEAPODYM 
 

Many developments have been realized in the model. Among the most important, there is an enhanced 
definition of habitat indices, movements, and accessibility of tuna and tuna-like predators to different 
vertically migrant and non-migrant micronekton functional groups (Lehodey et al., 2008, Lehodey et al., 
2010). These groups are represented in a three layer vertical environment delineated using predicted 
euphotic depth that is used to achieve a more realistic vertical structure. The previous version used fixed 
vertical boundaries. In the current version of the model it is possible to configure a variable time step for 
the age structure, allowing saving computing time by augmentation of the step size for the older cohorts, 
which are characterized by slow growth and hence small changes in thermal habitat parameters and 
movement rates. The approach for computing natural mortality-at-age has been modified to allow spatio-
temporal variability based on habitat (larvae and juvenile) and the definition of a food requirement index. 
This index gives a relative measure of the balance between available biomass of prey (micronekton) and 
food requirement of a predator cohort based on food consumption rates. Since the index is computed for 
each cohort relatively to food requirement of all cohorts, it provides also a measure of competition intra 
and inter-species (see an example in Lehodey et al. 2008). 

Significant developments have been achieved in the optimization approach. The model is parameterized 
through assimilation of commercial fisheries data (both catch and effort and size frequencies of catch), 
and optimization is carried out using maximum likelihood estimation approach (Senina et al., 2008). The 
current parameter estimation approach consists in minimizing a cost function (i.e., a log-negative 
likelihood) that includes both predicted and observed catch (in absolute values), as well as sampled versus 
computed values from the model length frequencies (in relative values). We use the AUTODIF library 
that provides a function minimizer and a very convenient framework for parameter estimation procedure. 
Details can be found in previous cited references, and in the user’s manual that has been entirely revised 
and updated and presented as an information paper (Lehodey and Senina 2009) during the scientific 
meeting of the Western Central Pacific Fisheries Commission (WCPFC).  

5.1 Reference fit for Pacific tuna  

A substantial part of the modeling activities during this project has consisted in developing a reference fit 
for the 3 main tuna species skipjack, bigeye, and yellowfin, by running and analyzing a large number of 
optimization experiments based on available recent fishing data. To evaluate the capacity of the model to 
capture the essential features of the dynamic of the tuna species, we carried out hindcast simulations back 
to the early 1960s, i.e., the beginning of the industrial fishing, with the fixed “best-parameterization” 
achieved from optimization experiments and compared predicted catches conditioned on the observed 
fishing effort and observed catches. Predicted biomass trends are also compared to the estimates from the 
stock assessment model MULTIFAN-CL used for tuna stock assessment studies by the WCPFC and 
conducted in SPC. 

The “optimal parameterization” that can be obtained strongly depends on the amount and quality of 
fishing data as well as of the oceanic environment forcing fields. In both case, we have been facing 
important difficulties. Though coupled physical-biogeochemical models predict relatively good basin 
scale variability of the environment, they are far to reproduce the exact oceanic conditions, and each 
model configuration has its own strength and weak points. Fishing data have been provided by SPC, but 
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there are confidential restrictions imposed by the fishing nations and we were not able to obtain a better 
resolution than 5 deg x 5 deg x month for longline and pole-and-line fishing data. Fisheries definition has 
been revised several times (and thus optimization experiments restarted) to adjust with emerging data 
issues. 

A stratification of fisheries has been defined for each tuna species in collaboration with colleagues of the 
Oceanic fisheries Programme (see appendix 1). Indeed this definition of fisheries has been revised several 
times. Here we present the results with the latest definition and the best available fishing data set that has 
been provided by SPC and IATTC for the Eastern Pacific Ocean.  

The total amount of fishing data events used for model calibration is very high (table 1), but nevertheless 
optimization experiments have shown a strong sensitivity to limited but obviously aberrant fishing data. 
Lack of convergence in the optimization process frequently allowed to quickly identify a problem in the 
fishing dataset, e.g., obvious mistakes in latitude or longitude, switch between catch and effort, aberrant 
effort or catch, catch with zero effort… etc. Then, it was necessary to exclude from the optimization 
procedure some fisheries, either because of their lack of accuracy (e.g., Philippine and Indonesia fisheries) 
or because of gradual change in the fishing strategy and target species (e.g., Japanese longline in the case 
of albacore). However, the catch by these fisheries is accounted for the fishing mortality. 

 

Table 5.1 – Ocean model configurations used for optimization experiments with three Pacific tuna species 
in the final experiments 
 SKJ BET YFT 
Periods used for optimization 1980-2004 

1981-2001 
1984-2001 1983-2004 

Fishing events used in optimization 
(catch-effort / size frequencies) 

174,221 / 1,571 
61,926 / 16/135 

362,424 / 
1,492 

352,160 / 9,534 

Hindcast and validation 1970-2004 1978-2004  
Nb fisheries   WCPO: 4 

EPO: 2 PS 
26 (MFCL) WCPO: 15 

EPO: 3 PS & 2 LL (MFCL)  

 

 

5.1.1 SEAPODYM application to Pacific skipjack  

First results from optimization experiments for Pacific skipjack using the NCEP-ESSIC reanalysis have 
been published in Senina et al. (2008). Key results were: 

- The dynamics predicted by SEAPODYM are generally in agreement with the statistical length-based 
stock assessment model, MULTIFAN-CL, with the correlation R2 = 0.46 between the two biomass 
estimates.  

- SEAPODYM predictions suggest much more moderate (in amplitude) variations in skipjack stock, 
likely driven also by underestimated range of variability predicted by the biophysical coupled model. 

- SEAPODYM predicts the east-west movement of skipjack in the warmpool as observed from catch 
and tagging data (Lehodey et al., 1997). 

- Comparison of predicted biomass time series of young tuna and the Southern Oscillation Index (SOI) 
shows direct relationship between ENSO events and changes in the population dynamics.  
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- The general trend in abundance of the adult stock is predictable 8 months in advance simply using the 
SOI. 

Optimization experiments with NCEP and ERA40 forcing gave similar results to ESSIC spatio-temporal 
solution for skipjack population in the WCPO, including the estimated level of stock. However, because 
there is a decreasing trend in primary production predicted by PISCES reanalyses, the skipjack abundance 
declines in both cases (Fig. 5.1). Nevertheless, substantial improvement in the fit between predicted and 
observed data was achieved in the Eastern Pacific Ocean and sub-tropical regions (Fig. 5.1). This is due 
to: 1) enhanced definition of vertical layers using euphotic depth; 2) a better fishing dataset for this region, 
including fine-resolution length-frequencies data (See appendix 1 for more details).  

Biomass estimates are higher with SEAPODYM than with MULTIFAN-CL (Fig 5.1). The coarse 
resolution of both the SEAPODYM model configuration and the fishing dataset may potentially lead to 
overestimated biomass as the model tend to increase diffusion and biomass to fit the catch data, while in 
reality, catch can be highly concentrated due to mesoscale activity, not represented in these simulations. 
However, it is also possible that MULTIFAN-CL underestimates biomass, especially since the estimate is 
based on catch and effort aggregated by large regions.  

The model simulations confirmed previous results on the strong influence of ENSO events. There is a 
clear enhancement of spawning and larvae survival conditions during El Niño periods all over the 
equatorial Pacific (Fig. 5.2). Conversely during la Niña events, only the western central pacific is 
favorable. The result is a higher recruitment in the following cohorts that is propagated until in the oldest 
(4+ years) adult cohorts. The propagation of higher recruitment due to the major El Niño events in 1982-
83, 1986-87, 1991-92 and 1997-98 is clearly visible on the estimated biomass time series (Fig 5.1).  
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Figure 5.1. Pacific skipjack. Top: Comparison of mean biomass distribution of skipjack during the ten 
years period 01/1990-12/1999 predicted under previous configuration ESSIC (left) and new configuration 
with NCEP (right) physical-biogeochemical forcing and new fisheries definition. Middle: Biomass of 
young (left) and adult (right) skipjack predicted by the model under three physical forcings: NCEP (black 
curve), ERA40 (grey curve) and ESSIC (blue curve). Bottom: Comparison between SEAPODYM (black; 
NCEP configuration) and MULTIFAN-CL (red) estimates of recruitment and adult biomass in the WCPO. 
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Figure 5.2. Impact of ENSO on Pacific skipjack.  Predicted distribution of larvae density during El Niño 
and La Niña phases and following recruitment in the young cohorts with observed catch superimposed.  

 

5.1.2 SEAPODYM application to Pacific bigeye 

First results from optimization experiments for Pacific bigeye using the NCEP-ESSIC reanalysis have 
been published in Lehodey et al. (2010b). Key results were: 

- a generally good fit to the fishing data both for monthly catch time series and length frequency 
distribution of catch, including outside of the optimization time window, i.e., for hindcast and forecast 
simulations. 

- plausible parameter estimates, e.g., optimal spawning temperature is estimated to be 26.2oC (s.e. 
0.8°C)  which is typically the range of temperature observed at sea for mature and spawning bigeye 
tuna (e.g., Schaeffer 2005).  

- reasonable natural mortality coefficient-at-age compared to other studies 
- Similar trends in biomass than for MULTIFAN-CL estimates, within the same range of biomass but 

with a higher variability and a stronger decreasing slope in the initial period of the industrial fishery 
(1965-75) for MULTIFAN-CL results. 

El Niño La Niña 
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- diffusion rates ranging from 560 nmi2d-1 (on average) for young cohorts to 2830 nmi2 d-1 for adult fish.  
- A maximum sustainable speed parameter estimated to 0.32 body lengths per second.  
- An impact of ENSO on the spawning success and the spatial dynamics of young fish, but much less 

effect on adult fish that can access deep forage organisms and seasonal production in colder 
subtropical regions.  

 

Optimization experiments with NCEP and ERA40 forcing gave similar general spatial distribution of 
biomass but it differs from ESSIC spatio-temporal solution by strongly increasing the contrast between 
high level of biomass in the equatorial region and the subtropical region (Fig. 5.3). The biomass is higher 
also in the eastern equatorial region with NCEP-ERA40 configuration, likely due to the enhanced 
definition of vertical layers using euphotic depth and the use of prognostic dissolved oxygen fields instead 
of a climatology used with ESSIC. Highest concentrations of larvae are in the central equatorial area on 
each side of the equator. In addition to the core habitat in the central and eastern equatorial, high 
concentration of young fish are predicted in the Kuroshio, the South China Sea, the south of Philippines, 
around Indonesia and in the Coral Sea. 

As in previous simulation with ESSIC forcing, these new experiments predicted a strong impact of ENSO 
events on the larvae recruitment of the species. There is higher recruitment during El Niño events with an 
extension of the spawning grounds through all the equatorial Pacific and much favourable zones in the 
eastern equatorial Pacific. Alternatively during La Niña events, the spawning ground is shifted in the 
western central equatorial Pacific. The impact is propagated in the older cohorts during the following 
months (Fig. 5.4). Given the relatively long life span (>12 yr) of the species, the population can integrate 
several ENSO events.  

The overall fit to fishing data (see appendix 3) is good and improved compared to the previous ESSIC-
based experiment. There is a small advantage in term of likelihood for the NCEP experiment compared to 
ERA40. This latter configuration gave better fit to fishing data in the eastern Pacific but conversely NCEP 
experiment was better in the WCPO. A slight linear increase in catchability was allowed for purse seine 
fisheries, allowing to obtain a good match between predicted and observed catch series (see appendix 3) 
without trend over time in the residuals. While this linear trend was not used for longline fisheries, the 
residuals suggest that it would be necessary to include one for the fishery L2, i.e., the Chinese-Taiwanese 
"shallow-night setting" longline fishery. 

Biomass estimates between NCEP and ERA40 experiments are very close (Fig. 5.3), with a slightly lower 
adult biomass predicted by the NCEP configuration due to higher estimated natural mortality. However 
they are both largely higher than the first estimates based on ESSIC configuration and show quite different 
trends over the 20-year period used for optimization (1980-2000). It should be noted that between these 
two series of experiments the fishing dataset also has changed including more fishing data and an 
enhanced definition of fisheries in the last experiments. These new estimates are predicted to be higher by 
40-70% to the MULTIFAN-CL estimate (Fig. 95.3). At the difference of skipjack, the range of variability 
is comparable between model estimates. 
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Fig. 5.3. Pacific bigeye. Top: mean distribution of bigeye for the optimization period 01/1984-12/2003 
predicted under ESSIC (left) and ERA40 (right) physical-biogeochemical forcing; middle: biomass of 
juvenile, young immature and adult bigeye predicted by the model under three physical forcings: ESSIC 
(black curve), NCEP (grey curve) and ERA40 (grey curve) over the optimization period 1980-2002; 
bottom: comparison of predicted biomass for adult and total biomass of bigeye tuna between 
SEAPODYM (NCEP and ERA40) and MULTIFAN-CL for the optimization period (1985-2004). 
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Fig 5.4. Biomass distribution of bigeye tuna by life stage during El Niño (left) and La Niña (right). From 
top to bottom: mean distributions of larvae; mean biomass distributions of young stage (4 to 26 months) 
with observed purse seine catch proportional to the size of circles; mean biomass distributions of adult 
stage (older than 26 months) with observed longline catch proportional to the size of circles. 
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5.1.3 SEAPODYM application to Pacific yellowfin 

The first optimization experiments for yellowfin tuna have shown high sensitivity to the oceanic 
environment predicted by coupled physical-biogeochemical models. We run a second series of 
experiments after a revision of the fishing data set including an enhanced fishing dataset in the EPO with 
the size frequency data that are essential to estimate the selectivity functions. Nevertheless, the results 
remain unsatisfactory as shown by a relatively low fit to fishing data and inconsistency in several 
parameter estimates between the different configurations. 

With ERA40 forcing, it was not possible to obtain convergence during optimization experiments. With 
NCEP forcing, the model was able to converge only when fixing biological parameters to best guess 
values and then estimating only catchability and selectivity parameters. In a second phase, temperature 
and oxygen parameters were released and the model converged but we obtained two quite different 
solutions. One gave optimal temperature of 26.76°C for spawning and 13.15°C for oldest cohort habitat, 
the other 28.97°C and 10°C (i.e. the parameter lower boundary). In both case it was not possible to 
estimate movement parameters. 

The disparity between the two experiments is largely due to different predicted temperature fields in the 
mesopelagic layer (Fig 5.5), coming from differences in the intensity of equatorial upwelling and thus the 
depth of the euphotic zone used to define the boundaries of vertical layers.  

Parameterization experiments still need to be continued with a careful check of fishing data but also by 
testing other environmental forcing data sets. The use of tagging data, both conventional and electronic 
should also help to estimate most plausible habitat and movement parameters. Ideally they should be 
included directly in the data assimilation framework. 

 
 

 

Figure 5.5: Average temperature predicted in reanalyses forced by ERA40 (left) and NCEP (right) in the 
three layers defined in SEAPODYM; epipelagic, mesopelagic, and bathypelagic. 

 
  

 



 24 

 

 

 

 

Figure 5.6: Preliminary mean distribution of yellowfin biomass by life stage (larvae, young, adult) 
predicted under NCEP physical-biogeochemical forcing for the period 1990-1999. 

 

 

  

 

  

 

  

 



 

 

 

 

5.2 Test of SEAPODYM in the Indian Ocean 

The optimal parameterization achieved for skipjack in the Pacific Ocean using the NCEP
reanalysis has been used to run an application in the Indian Ocean to test the robustness of the 
mechanisms and parameterization of the model. Purse seine sets targeting free school or FAD have been 
identified from French (IS1and IS2), Spanish (IS3 and IS4) and Seychelles (IS5 and IS6) fleets. These six 
fisheries and the baitboat fishery from Maldives (
Indian Ocean. Effort and catch at resolution 1° x month and size frequencies data (5° square x month) 
were used to calibrate the selectivity and catchability parameters of the fisheries, and to account f
fishing mortality in the population. Catchability by fishery is simply defined by a constant initial value and 
an estimated linear trend (Fig. 5.7). This simple parameterization was sufficient to obtain a very good fit 
to size data, catch and CPUE for a

 

Figure 5.7. Change in catchability with time by fishery
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Sri Lanka and in the Gulf of Bengal. In the western basin, t
region and showed a seasonal pattern in the Arabian Sea with a peak in the last quarter in the northern part 
of this region. 
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Test of SEAPODYM in the Indian Ocean  

The optimal parameterization achieved for skipjack in the Pacific Ocean using the NCEP
reanalysis has been used to run an application in the Indian Ocean to test the robustness of the 

chanisms and parameterization of the model. Purse seine sets targeting free school or FAD have been 
identified from French (IS1and IS2), Spanish (IS3 and IS4) and Seychelles (IS5 and IS6) fleets. These six 
fisheries and the baitboat fishery from Maldives (IB7) contribute to most of the skipjack catch in the 
Indian Ocean. Effort and catch at resolution 1° x month and size frequencies data (5° square x month) 
were used to calibrate the selectivity and catchability parameters of the fisheries, and to account f
fishing mortality in the population. Catchability by fishery is simply defined by a constant initial value and 
an estimated linear trend (Fig. 5.7). This simple parameterization was sufficient to obtain a very good fit 
to size data, catch and CPUE for all fisheries (Appendix 6).  
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The predicted total biomass fluctuate around 5 million tonnes in the western region (west of 80°E) and 4.5 
million tonnes in the eastern region (Fig. 5.8). Unfortunately there is no standard stock assessment 
estimates to be compared to these results.  

The distribution of larvae (Fig. 5.9) is predicted to be high in the eastern half of the basin from Sumatra to 
Sri Lanka and in the Gulf of Bengal. In the western basin, the larvae density is high in the equatorial 
region and showed a seasonal pattern in the Arabian Sea with a peak in the last quarter in the northern part 
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The optimal parameterization achieved for skipjack in the Pacific Ocean using the NCEP-PISCES 
reanalysis has been used to run an application in the Indian Ocean to test the robustness of the 

chanisms and parameterization of the model. Purse seine sets targeting free school or FAD have been 
identified from French (IS1and IS2), Spanish (IS3 and IS4) and Seychelles (IS5 and IS6) fleets. These six 

IB7) contribute to most of the skipjack catch in the 
Indian Ocean. Effort and catch at resolution 1° x month and size frequencies data (5° square x month) 
were used to calibrate the selectivity and catchability parameters of the fisheries, and to account for 
fishing mortality in the population. Catchability by fishery is simply defined by a constant initial value and 
an estimated linear trend (Fig. 5.7). This simple parameterization was sufficient to obtain a very good fit 

  

 

The predicted total biomass fluctuate around 5 million tonnes in the western region (west of 80°E) and 4.5 
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The distribution of larvae (Fig. 5.9) is predicted to be high in the eastern half of the basin from Sumatra to 
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region and showed a seasonal pattern in the Arabian Sea with a peak in the last quarter in the northern part 
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the equatorial region to the Arabian Sea in the west and to Bay of Bengal in the east. This mean 
distribution vary between seasons and years. Especially the simulated biomass increased significantly in 
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1997 and first quarter of 1998, and which correspond to a displacement of purse seine fleets from their 
traditional western fishing ground to central and eastern equatorial new fishing grounds (Fig. 5.9). 

The predicted high skipjack biomass in the Arabian Sea may appear surprising in comparison with the 
catch distribution from purse seine fleets. It can be a bias in the model and its parameterization obtained in 
the Pacific Ocean. But it is also possible that the purse seine catch distribution does not reflect very well 
the real abundance of skipjack. Like in the case of the eastern equatorial Indian Ocean, that remained 
unfished until the ENSO event of 1997-98 drove the fleets to this region, there are maybe some other 
reasons to explain the limited activity of the industrial fleets in the Arabian Sea, e.g. too far from their 
landing ports, piracy or access to EEZ, especially since purse seiners obtain very high CPUE when they 
move to this area (Fig. 5.10).  It should be noted also that this area is the fishing ground of the Iranian 

driftnet fleet that has expanded dramatically in the last decade. According to Fonteneau (2009), 752 
driftnetters were declared by Iran to the IOTC as a fleet fishing outside Iran EEZ, over a total of 
6,000 Iranian gillnetters being in operation! The declared catch for the fleet operating in high sea 
oscillated between 42,000 and 102,000 t during 2004-2008, i.e. roughly 10 to 20 % of total annual catch. 
This catch is not accounted for in this simulation. 

 

 
Figure 5.8: Biomass time series of young (age 4 to 9 month) and all cohorts in regions west (1) and east 
(2) of 80°E. 
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Figure 5.9: SEAPODYM application to skipjack in the Indian Ocean (with Pacific O. parameterization).  

Larvae density (quarterly average) Total biomass 1997 by quarter Total biomass 1998 by quarter 
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Figure 5.10: Mean CPUE (left) by 5 degree square for each skipjack fishery in the Indian Ocean and total 

catch for 2000-07 and 2008. 
 

 
 

5.3 Climate change 

Climate warming simulations have been conducted for more than a decade using different coupled 
Atmosphere-Ocean General Circulation Models (AOGCMs) to investigate the response of the physical 
ocean-atmosphere system to increased greenhouse gases and aerosols (IPCC, 2007). Physical changes 
predicted from these simulations, i.e., warming, changes in cloudiness and mixed layer thickness, and 
increased vertical stratification, very likely will cause significant adjustments in the biology of the oceans. 
In particular, higher stratification is predicted to reduce nutrient supply while warming and changes in 
cloudiness affect photosynthesis directly. 

 By coupling these climate models to biogeochemical models it is possible to simulate and investigate the 
impact of climate change on oceanic primary production (PP). Such simulation experiments predict that in 
the Pacific Ocean the PP would decrease under the possible more El Niño-like conditions with surface 
warming and stronger stratification in the equatorial region. For example, an increase of the average SST 
of 1.6°C between 2000 and 2100 under A2 scenario would reduce PP in the equatorial region by 9%.  
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We have conducted preliminary simulations with SEAPODYM using the outputs from a biogeochemical 
model (PISCES) coupled to a climate model (IPSL) to test the impact of climate change on skipjack and 
bigeye tuna. The scenario used is the SRES A2 IPCC scenario for the 21th century, i.e., atmospheric CO2 
concentrations reaching 850 ppm in the year 2100, and historical data between 1860 and 2000. Results are 
described for bigeye tuna in Lehodey et al. (2010b). 

The results showed a clear expansion of the spawning habitat and density of larvae for both species. The 
spawning habitat and resulting distribution of larvae extended slightly towards higher latitudes after the 
mid-21st Century as it can be expected due to a general ocean warming, but the main feature is a large 
increase of larvae biomass in the Eastern Pacific Ocean (EPO) compared to the Western Central Pacific 
Ocean (WCPO). This phenomenon occurs in correlation with the temperature warming but also the 
changes in productivity and circulation that interact together through the larvae prey-predator trade-off 
mechanism in the model.  

In the eastern tropical Pacific, the surface temperature becomes optimal for bigeye tuna spawning. The 
adult feeding habitat also strongly improves in the EPO due to the increase of dissolved oxygen 
concentration in the sub-surface allowing adults to access deeper forage. Enhanced adult habitat leads to 
an increase of the adult biomass with a direct effect on the local spawning through the stock-recruitment 
relationship. Conversely, in the Western Central Pacific the temperature becomes too warm for bigeye 
spawning. This is compensated by an increase of larvae biomass in subtropical regions, but increasing 
mortality of older stages due to lower habitat values (too warm surface temperatures, decreasing oxygen 
concentration in the sub-surface and less food), and displacement of surviving fish to the eastern region. 
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Figure 5.11. Predicted changes in biomass distribution of bigeye (left) and skipjack (right) tuna over the 
21th Century based on IPCC A2 scenario and the predicted oceanic environment from the IPSL (France) 
climate model coupled to the PISCES biogeochemical model. 
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6 Appendix 1: User s manual for the fishing database 
- Provided separately 

 

7 Appendix 2:  Definition of Pacific fisheries 
 

Id Gear Region Description 
 

Nationality  C/E data 
month/year 

Reso-
lution 

Size data 
qtr/year  

Reso-
lution 

SKIPJACK available data* 
P1 PL 15N-45N; 

115E-150W 
PL 
West Pac 

Japan  1/1972 - 
12/2007 

5x5 1/1964 - 
1/2004 

5x5 

P2 PL 25N-45N; 
165E-150W 

PL 
Central Pac 

Japan 6/1972 - 
11/2007** 

5x5 2/1972 - 
3/2003** 

5x5 

P3 PL 15S-0; 
140E-160E 

Pole and line Papua New 
Guinea 

3/1970 - 4/1985 5x5 3/1984 - 
4/1985 

5x5, 
10x20 

P3 PL 15S-0; 
150E-165E 

Pole and line Solomon 
Islands 

6/1971 - 
10/2005 

5x5 3/1971 - 
3/2003 

5x5 

3 PS 25N-45N; 
140E-165E 

PS subtropical 
fishery 

Japan 7/1970 - 9/2007 5x5 2/1974 - 
4/2003 

5x5 

7 PS 20S-15N; 
130E-150W 

PS on LOG All 11/1970 - 
4/2008 
No Effort 

5x5 2/1988 - 
1/2007 

5x5, 
10x20 

8 PS 20S-15N; 
130E-150W 

PS on FAD All 2/1973 - 4/2008 
No Effort  

5x5 3/1988 - 
3/2007 

5x5, 
10x20 

9 PS 20S-15N; 
130E-150W 

PS on free 
school 

All 12/1967 - 
4/2008 
No Effort 

5x5 4/1987 - 
3/2007 

5x5, 
10x20 

L8 LL 20S-25N; 
115E-150W 

LL exploratory 
fishery 

Japan 6/1950 - 
11/2007 

5x5 1/1970 - 
3/2006 

5x5 

S10 PS EPO PS on Dolphin 
schools 

NA (public 
data) 

10/1959-8/2007 1x1 1/1961 – 
4/2005 

EPO 

S11 PS EPO PS on Floating 
objects 

NA (public 
data) 

7/1959 – 8/2007 1x1 1/1961 - 
4/2005 

EPO 

S12 PS EPO PS on free 
school 

NA (public 
data) 

3/1959-8/2007 1x1 1/1961 - 
4/2005 

EPO 

P13 PL 20S-5N; 
175E-185E 

Pole and Line Fiji 1/1976 - 
11/1998 

5x5 4/1991 - 
4/1999 

5x5, 
10x20 

D13 DOM 0-15N; 
115E-130E 

mixed  set types Philippines  1/1970 - 
12/2007 

5x5 - - 

D14 DOM 10S-10N; 
120E-130E 

mixed  set types Indonesia 1/1970 - 
12/2007 

5x5 - - 

* The current data for WCPO (MFCL 24-regional structure) are available on 5x5degree cells. It would be useful to 
have data with original (1x1 for most of PL and PS fisheries) resolution. 
** Note, that Japan distant water data are available only for a given region while for MFCL regions 1,2,4 data are 
missing. 
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N Gear Region Description  
 

Nationality 
 

C/E data 
month/year 

Reso-
lution 

Size data 
qtr/year  

Reso-
lution 

YFT and BET available data 
L1 LL WCPO Traditional LL 

fishery targeting  
BET & YFT 

Japan, Korea, 
Chinese Taipei 
(DWFN) 

6/1950 - 
12/2007 

5x5 2/1948 – 
1/2007 

10x20 

L2 LL 10S-45N; 
110E-140W 

Shallow night LL 
fishery  

China, Chinese 
Taipei 

1/1958 - 
11/2007 

5x5 2/1991 – 
2/2007 

10x20 

L3 LL 40S-10S; 
140E-140W 

LL fishery targeting 
South Pac. 
Albacore 

Chinese Taipei, 
Vanuatu 
(DWFN), 
Korea, Japan 

7/1952 - 
12/2007 

5x5 2/1951 – 
4/2006 

10x20 

L4 LL 40S-10S; 
145E-140W 

Pac. Islands  LL 
targeting South Pac. 
Albacore 

US (Am. Sam), 
Fiji, Samoa, 
Tonga, NC, FP, 
Vanuatu (local) 

2/1982 - 
12/2007 

5x5 3/1991 – 
4/2007 

10x20 

5 LL 20S-15N; 
140E-175E 

Pac. Islands LL 
targeting BET & 
YFT 

PNG, Solomons 10/1981 - 
5/2007 

5x5 2/1996 – 
4/2006 

10x20 

6 LL 40S-10S; 
140E-175E 

LL Australia East 
Coast 

Australia 10/1985 - 
3/2007 

5x5 3/1992 – 
4/2006 

10x20 

7 LL 10S-50N; 
130E-140W 

Hawaii LL US (Hawaii) 1/1991 - 
12/2006 

5x5 4/1992 – 
3/2006 

10x20 

8 PS 40S-20N; 
114E-140W 

PS on drifting FAD 
& log 

All 12/1967 - 
2/2008 

1x1 2/1988 – 
3/2007 

5x5 

9 PS 40S-20N; 
115E-140W 

PS on anchored 
FAD 

All 7/1979 - 
1/2008 

1x1 2/1984 – 
2/2007 

5x5 

10 PS 40S-20N; 
114E-140W 

PS on free school All 12/1967 - 
1/2008 

1x1 3/1984 – 
3/2007 

5x5 

11 PS 10N-50N; 
120E-180E 

Sub-tropical PS 
fishery 

Japan 7/1970 - 
8/2007 

1x1 - - 

12 Misc. 10S-15N; 
115E-180E 

Various domestic   
fisheries  

Philippines 1/1970 - 
9/2007 

5x5 4/1980 – 
4/2007 

10x20 

13 HL 0N-15N; 
115E-130E 

Handline fishery Philippines 1/1970 - 
12/2006 
Effort  missing 
before 1997 

5x5 1993-2007  10x20 

14 Misc 10S-10N; 
120E-180E 

Various domestic 
fisheries  

Indonesia 1/1970 - 
1/2007 
yes/partially 
missing 

5x5 yft – no 
data 
bet - 2006  

10x20 

15 PL 40S-48N; 
115E-140W 

Pole-and-line Japan, Solomon 
Islands, PNG, 
Fiji 

3/1970 - 
12/2006 

1x1 yft 4/1977-
3/2005 
bet 2/1965 
– 1/2005 

10x20 

16 PS EPO PS targeting YFT, 
on Dolphin schools 

NA (public 
data) 

1/1959 – 
8/2007 

1x1 1/1961 – 
4/2004 

EPO 
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N Gear Region Description  
 

Nationality 
 

C/E data 
month/year 

Reso-
lution 

Size data 
qtr/year  

Reso-
lution 

17 PS EPO PS targeting YFT, 
on Floating objects 

NA (public 
data) 

2/1959 – 
8/2007 

1x1 1/1961 – 
4/2004 

EPO 

18 PS EPO PS targeting YFT, 
Not associated 

NA (public 
data) 

1/1959 – 
8/2007 

1x1 1/1961 – 
4/2004 

EPO 

19 LL 10N-50N; 
150W-90W 

Traditional LL 
targeting BET & 
YFT 

Japan, Korea,  
Chinese Taipei 

11/1954 – 
6/2006 

5x5 1/1965 – 
4/2003 

= reg 

20 LL 40S-10N; 
150W-70W 

Traditional LL 
targeting BET & 
YFT 

Japan, Korea,  
Chinese Taipei 

10/1954 – 
7/2006 

5x5 4/1954 – 
4/2003 

= reg 
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8 Appendix 3: SEAPODYM parameter estimates 
 

Parameters estimated by the model unit SKJ   BET   YFT  
ESSIC ERA40 NCEP ESSIC ERA40 NCEP NCEP ERA40 

  Habitats          

1 Ts 
Optimum of the spawning 
temperature function 

oC 30.5  27.8 29.8 26.2  26.99] 26.6 28.97 26.53 

2 σs 
Std. Err. of the spawning 
temperature function 

oC 3.5* 2.5] 2.05 0.82  2.56 2.19 1.89] 3.49] 

3 α 
Larvae food-predator 
trade-off coefficient 

- 3.67 0.38 2] 0.63  7.5e-6 1.9e-5 2.33 7.15 

4 Ta 
Optimum of the adult 
temperature function at 
maximum age 

oC 26* 21.1 23.4 13  [5.00 [5.00 [10 17 

5 σa 
Std. Err. of the adult 
temperature function at 
maximum age 

oC 1.62  1.14 3.5] 2.16  3.99] 3.99] [1.9 3.99] 

6 Ô Oxygen value at ΨO =0.5 ml ⋅ l-1 3.86  0.93 1.5 0.46 0.81 0.74 0.4* 0.677 

7 � 
Curvature coefficient of 
the oxygen function 

- 7.3e-5 0.001* 0.001* 0.001* 0.001* 0.001* 0.001* 0.001 

  Movements          

8 VM 
Maximum sustainable 
speed B.L.⋅s-1 1.3  0.96 1.13 0.32  1.19 0.97 [0.2 0.85* 

9 c 
coefficient of diffusion 
habitat dependence  

- 0.4  0.3 0.3 0.22  0.999] 0.996] 0.073 3] 

  Larvae recruitment          

11 Rs 
Coefficient of larvae 
recruitment (Beverton-
Holt function) 

- 0.5* 0.12* 0.15 0.0045  0.025 1.0 0.06 0.01 

  Mortality          

12 MPmax 
maximal mortality rate 
due to predation 

mo-1 0.15* 0.025* 0.025* 0.25  0.155* 0.155* 0.1* 0.125* 

13 
MSmax maximal mortality rate 

due to senescence 
mo-1 0.5* 0.195 [0.1 0.259 0.203 0.164 0.436 0.185 

14 βP slope coefficient in 
predation mortality 

- 0.296  0.043 0.01 0.073  0.0769 0.0685 0.158 0.059 

15 βS slope coefficient in 
senescence mortality 

- -0.044  -0.114 -0.103 -0.097  -0.016 -0.016 -[0.15 -0.147 

16 A0.5 
age at which ½ MSmax 
occurs 

mo 31* 38* 38* 80.6 95.9 76.1 46 40 

*Fixed; [val = value close to mimimum boundary value; val] = value close to maximum boundary value  
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9 Appendix 4: SEAPODYM fit to Pacific skipjack tuna fishing data 
 

9.1 Comparison between observed and predicted catch (left) and CPUE (right) by 
fishery 
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9.2 Comparison between observed and predicted size frequency distribution by 
fishery (all data aggregated in time and space) 

 
Histogram: observed 
Black line with circles: predicted NCEP 
Grey continuous line: predicted ERA-40 
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10 Appendix 5: SEAPODYM fit to Pacific bigeye tuna fishing data 
 

10.1 Comparison between observed and predicted total catch by fishery 
 
Dotted line: observed catch 
Black line: predicted catch ERA40 
Grey line: predicted catch NCEP 
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10.2 Comparison between observed and predicted size frequency distribution by 
fishery (all data aggregated in time and space) 

 
Histogram: observed 
Line with circles: predicted  
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11 Appendix 6: SEAPODYM fit to Pacific Yellowfin tuna fishing data 

11.1 Comparison between observed and predicted total catch by fishery 
 
Dotted line: observed catch 
Grey line: predicted catch with NCEP configuration 
Black line: predicted catch with ERA40 configuration 
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11.2 Comparison between observed and predicted size frequency distribution by 
fishery (all data aggregated in time and space) 

 
Histogram: observed 
Dotted Line: predicted with ERA40 configuration 
Line with circles: predicted with NCEP 
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12 Appendix 7: SEAPODYM fit to Indian skipjack tuna fishing data 

12.1 Comparison between observed and predicted catch (left) and CPUE (right) by 
fishery 

Dotted line: observed  
Grey line: predicted with NCEP-PISCES configuration (and Pacific parameterization) 
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12.2 Comparison between observed and predicted size frequency distribution by 
fishery (all data aggregated in time and space) 

 
Histogram: observed 
Line with circles: predicted with NCEP-PISCES 
 

 

 


