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Abstract

The ocean current predictability in the data limited Angola Basin was in-
vestigated using the Regional Ocean Modelling System (ROMS) with four-
dimensional variational data assimilation. Six experiments were undertaken
comprising a baseline case of the assimilation of salinity/temperature pro-
files and satellite sea surface temperature, with the subsequent addition of
altimetry, OSCAR (satellite-derived sea surface currents), drifters, altimetry
and drifters combined, and OSCAR and drifters combined. The addition of
drifters significantly improves Lagrangian predictability in comparison to the
baseline case as well as the addition of either altimetry or OSCAR. OSCAR
assimilation only improves Lagrangian predictability as much as altimetry
assimilation. On average the assimilation of either altimetry or OSCAR
with drifter velocities does not significantly improve Lagrangian predictabil-
ity compared to the drifter assimilation alone, even degrading predictability
in some cases. When the forecast current speed is large, it found to be more

likely that the combination improves trajectory forecasts. Conversely, when
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the currents are weaker, it was found to be more likely that the combination
degrades the trajectory forecast.

Keywords:  Altimetry, Lagrangian data, Data assimilation, 4D-Var, Angola
Basin, OSCAR

1. Introduction

Accurately forecasting regional ocean currents is of great importance for
many applications including tracking ocean debris, planning search and res-
cue missions and responding to a major marine pollution event such as oil
spills. Lagrangian trajectory forecasts are of particular importance for such
applications and provide the most stringent test for an ocean model’s cir-
culation. Their challenging predictability is through the accumulation of
errors including errors in the wind forcing, initial and boundary conditions,
and approximations in model physics and sub-grid scale parameterizations
[20]. Data assimilation (DA) is often applied to improve an ocean model’s
representation of the real circulation. This technique has subsequently con-
tributed to a significant rise in forecast skill [43, 2]. Its objective is to derive
an optimal estimate of the current and future state of the system using ob-
servations together with information from the dynamical model [23]. Many
major ocean modelling systems have implemented DA schemes [16], including
the Regional Ocean Modeling System [34], Nucleus for European Modeling
of the Ocean [30], and Navy Coastal Ocean Model [50].

Despite advancements in the assimilation schemes themselves, ocean DA
lags behind its atmospheric counterpart greatly regarding observations. The

environment of the ocean means sampling is difficult, with satellite informa-



tion only limited to the surface [1]. Buoys, profiling floats (Argo), satellites,
moorings, coastal radars, gliders and surface drifters make up the main ob-
servational data sets for the ocean.

This study focuses on three data sets that can have the strongest influ-
ence on the upper ocean velocity: satellite altimetry, satellite-derived surface
currents and drifter data. Altimetry provides ocean velocity information
indirectly through the geostrophy within the model. The assimilation of al-
timetry has been shown to improve model circulation in numerous studies of
various parts of the ocean [18, 17, 16, 33, 13]. Satellite-derived surface current
products compute the geostrophic component explicitly from altimetry often
combining with a wind-induced Ekman surface current component derived
from surface wind data. OSCAR is a widely used satellite-derived surface
current analysis product [22] and has only been previously assimilated using
a nudging technique for the Indian Ocean by Santoki et al. [47], where surface
current improvements were demonstrated. Surface drifters sample numerous
scales of the ocean circulation [27] and their assimilation has also been shown
to improve model circulation and predictability [32, 39, 31, 38, 46, 37, 8]. The
growing interest in predicting flow trajectories, due in part to the Deepwater
Horizon incident, has led to a rise in the utilisation of drifters for improving
forecasts [42]. Recent research on the assimilation of drifter velocities remains
focussed on the Gulf of Mexico (GOM) due to a large amount of drifter data
available. Muscarella et al. [35] and Carrier et al. [9] utilised the Grand
Lagrangian Deployment (GLAD) data set (300 drifters released in a short
period in a localised region in the GOM) and have shown that assimilating

drifter inferred velocities improves both the Lagrangian predictability and



sea level forecast. Berta et al. [3] has combined GLAD drifters and altimetry
in a Lagrangian - variational scheme to produce instantaneous estimates of
ocean current velocities improving the hind-cast trajectory skill.

Our contribution focused on forecasting ocean velocities with ROMS and
a 4D-Var DA scheme quantifying the relative importance of assimilating al-
timetry, OSCAR and limited drifter data separately and combined. Our
approach was similar to that of Muscarella et al. [35] but differed in the
following ways: Firstly, we sought to separately quantify the individual and
combined use of altimetry, OSCAR and drifters. This was the first time
OSCAR has been assimilated using an advanced data assimilation method
such as 4D-Var. Besides the additional components added to the geostrophic
velocities, OSCAR closely relates to altimetry, and whether the OSCAR as-
similation provides any added benefit was not understood.

Secondly, our study focused on the Angola Basin with a limited number of
drifters. The Angola Basin is part of the tropical ocean and therefore has cru-
cial characteristics that differ from the GOM, such as a much larger Rossby
Radius of deformation. The Angola basin was chosen due to its diverse ocean
currents [52], importance as a petroleum reservoir [12], and marine biodiver-
sity [5]. This study was the first application of data assimilation in the Angola
Basin. Figure 1 shows a schematic of notable oceanographic features of the
region. Major oceanic features include the Equatorial Under Current (EUC),
Gabon-Congo Undercurrent (GCUC), South Equatorial Current (SEC), the
South Equatorial Counter Current (SECC) which branches to become the
Angola Current (AC) moving south along the coast, the Benguela Oceanic

Current (BOC) and its coastal branch the Benguela Coastal Current (BCC)



moving north along the coast, the Angola dome (AD), the Angola-Benguela
front (ABF) and the Congo River [52].

Furthermore, the Angola Basin has a limited drifter coverage. While the
GOM and GLAD drifter data set remains a valuable case study, this abun-
dance of observations constrained to a small region is not typical. In most
other regions the drifter coverage would be substantially less, and in the case
of a marine pollution, would likely require some form of targeted deploy-
ment [48]. Therefore this study focused on the impact of local changes near
the drifters and not how information spreads to unobserved regions, with no
data denial experiments performed. In a more realistic drifter limited region,
the impact of assimilating the drifters together with common observations
streams such as altimetry was not apparent.

The paper is organised as follows: Section 2 will present the numerical
model, data assimilation scheme, observations, and methodology. Section 3
will present the results, and Section 4 will highlight the discussion, concluding

in Section 5 with a summary.

2. Methodology

2.1. Numerical Model

ROMS is a hydrostatic, primitive equation, Boussinesq ocean general
circulation model. Shchepetkin and McWilliams [49] describes an in-depth
review of the numerics and formulation. Previous studies have utilised this
model in understanding the Congo River plume dynamics [15] and effects
on ocean temperature [56]. The model domain extends between 1°S — 21°S

and 3.7°F — 13.8°F with a 10km resolution and 40 terrain-following verti-



cal levels. To determine the degree of vertical stretching, ROMS employs a
generalised topography-following coordinate system with user-defined o pa-
rameters. ROMS o parameters were as follows: h., = 200m is the critical
depth applied to both the surface and bottom boundary layer where there is
enhanced resolution, and o, = 10 and o, = 2 control the degree of enhanced
resolution at the surface and bottom boundary layer respectively. Thus, the
vertical levels were compressed at the surface to increase the vertical resolu-
tion of the surface currents.

Sub-grid mixing was prescribed using the generic length-scale (GLS)
scheme of Warner et al. [55]. Lateral boundary and initial conditions for
temperature, salinity, ocean current velocities and sea surface height were ob-
tained from the HYCOM reanalysis [10]. Atmospheric forcing at the surface
for downward radiative surface fluxes, sea level pressure, 2m specific humid-
ity, 2m air temperature, 10m winds, and total precipitation were obtained
from European Centre for Medium-Range Weather Forecasts (ECMWEF) re-
analysis (ERA)-Interim reanalysis data (ERA-I) [14]. Several major rivers,
namely the Nyanga, Kouilou, Kwanza (Cuanza), Kuene, and the Congo were
included into the model. Following White and Toumi [56], river flow rates
were obtained from various sources, including the RivDIS v1.1 database [54],
the Global Environmental Monitoring System/Global River Inputs (GEMS/GLORI)
database [29], the EIB ERE and the University of Brazzaville available at
(http://hmf.enseeiht.fr/travaux/CD0809/bei/beiere/groupe5/node/53).

2.2. Assimilation scheme: 1S/D-Var

The variational approach to data assimilation is to minimise a cost func-

tion to produce an optimal analysis. This cost function represents both the
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misfit between the model and background state and the misfit between the
model state and observations. For this study, we used incremental strong
four-dimensional variational assimilation (IS4D-Var) adjusting initial condi-
tions, surface forcing and boundary conditions. Moore et al. [34] describes a
comprehensive outline of the numerical algorithms of ROMS IS4D-Var.

Before running ROMS 4D-Var, it is necessary to specify parameters in
the background error covariances. The horizontal decorrelation length scale
assigned to the initial condition background error covariance was 100 km.
This was inferred from the approximate average of the Rossby radius of
deformation for the region. Owing to the large latitudinal coverage for the
domain, the Rossby radius of deformation ranges from approximately 60 km
at 21° S to 230 km at 1° S [11]. 100 km was also chosen for the surface forcing
and open boundary background error covariances. A model climatology run
with no assimilation from 2004-2008 was used to estimate standard deviations
for the initial condition and surface forcing background error covariances.
HYCOM boundary conditions were used to estimate standard deviations for
open boundary background error covariance.

Multivariate balance options for momentum (geostrophic balance) were
not enforced. For the stability of domains boarding the equator, the equato-
rial adjustment of the geostrophic balance is required and has not yet been
implemented into the ROMS 4D-Var balance. Instead, the tangent linear and
adjoint models achieve multivariate characteristics as described by Carrier
et al. [9].

Observational errors comprise of the measurement error, the error of rep-

resentativeness, and some subjective adjustment to firstly, obtain the appro-



priate relative weightings and secondly, to inflate the impact of a limited
number of observations [7]. The observation errors were assigned as follows:
0.04 ms~! for drifter velocities, 0.12 ms~! for OSCAR velocities, 1 °C for
SST, 0.04 m for SSH, 0.1 °C for in situ T and 0.01 PSU for in situ S. While
0.04 ms~! for the drifter velocities borders the limit of representativeness,
we applied this as the absolute lower limit to inflate the impact of the assim-
ilation of sparse data. OSCAR velocity errors were obtained from Johnson
et al. [22]. In situ temperature and salinity profiles make up a small percent-
age of the assimilated variables and were the only observations that sample
subsurface depths. Here we kept errors constant vertically for ease of imple-
mentation.

Prior specification of parameters controlling the convergence of the cost
function was also required i.e. the number of inner and outer loops. After
a series of sensitivity experiments (not shown), it was determined 25 inner
loops and one outer loop was sufficient for the convergence of the cost function

(reduced by a factor of 80-90%), as well as keeping computational costs low.

2.3. Lagrangian scheme

The ROMS online particle trajectory module was used to simulate drifter
trajectories during the model forecast. This module uses a fourth-order Milne
predictor and fourth-order Hamming corrector scheme to time-step the float
trajectory [24]. To simulate the 15m drogue depth of the observed GDP
drifters geopotential (fixed depth) floats were specified. Random walk (sim-
ulates sub-grid scale vertical diffusion) is also available in the ROMS float
module but was not activated here for similar comparisons with other studies

that only use advection (i.e. the forcing of the ocean currents alone). Clusters
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of floats can be defined by the user with customizable distributions. To par-
tially account for model error, a small localised cluster of 21 drifters centred
on the exact location of the observed drifters of 4km width was utilised. The
advantage of using the ROMS online module over the numerous offline op-
tions available [53] is that the time-stepping of the numerical particle scheme

is of the same order as that of the model integration.

2.4. Observations

Satellite sea surface temperature (SST) and in situ temperate and salinity
profiles (T&S) were included in this study as a baseline assimilation. Altime-
try, OSCAR and drifter velocity observations were subsequently added to this
baseline (separately and combined) to quantify the improvement. The study
period (1st Jan - 14th March 2013) was chosen to maximise the coverage of
drifter data within the domain.

SST observations were obtained from a blended analysis product, the
NOAA 1/4° daily Optimum Interpolation SST (daily OISST). This analy-
sis combines observations from satellites such as the Advanced Very High
Resolution Radiometer (AVHRR), ships and buoys [44].

In situ T&S profile observations were obtained from the EN4 dataset
provided by the Met Office Hadley Centre [19]. This data set collates all
types of ocean profiling instruments such as expendable bathythermographs
(XBT), Argo floats, and Conductivity Temperature Depth (CTD) profiles
from several data compilation sources including World Ocean Data (WOD09)
and the Argo global data assembly centres (GDACs). Upon compilation, the
data set is then subject to several quality control procedures.

Gridded sea surface height (SSHG) observations consisted of a merged
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Ssalto/Duacs data-set (TOPEX/Poseidon, Jason-1&2, Envisat, ERS-1&2,
and GFO measurements) distributed by Aviso with support from the Centre
National dEtudes Spatiales (CNES). ROMS does not resolve the global steric
signal. This signal was removed from SSHG using a database provided by
Willis et al. [57]. Furthermore, SSHG was calibrated to ensure ROMS and
AVISO dynamic topography were spatially and temporally equal on a long-
term average.

Ocean Surface Current Analysis Real-time (OSCAR) is a surface current
analysis product. The analysis combines geostrophic, Ekman, and Stom-
mel shear dynamics along with a term from the surface buoyancy gradi-
ent [6]. These terms were estimated from satellites observing SSH from
TOPEX /Poseidon, surface vector winds from the Special Sensor Microwave
Imager (SSM/I), and SST from the Advanced Very High Resolution Ra-
diometer (AVHRR). Bonjean and Lagerloef [6] provides an in-depth formu-
lation of the model used to construct the analysis. The resulting gridded
analysis is of 1/3° resolution and represents the mean of the upper 30 m
ocean currents. We assimilated OSCAR at a depth of 15 m and every five
days as per the temporal resolution. By construction, OSCAR and SSHG
partially use the same information (TOPEX/Poseidon) and so are not truly
independent.

Surface current velocity observations were obtained from Surface Velocity
Program (SVP) drifters maintained by the Global Drifter Program’s (GDP)
Drifter Data Assembly Centre [40]. These velocities have been derived from
6 hourly interpolated drifter positions and centred finite differences. The

drifters have a drogue set at a depth of 15 m. Figure 2 shows the drifter
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trajectories over the study period. Note the drifters are roughly evenly dis-
tributed throughout the domain although the majority remains away from
the coast. Positions and velocities for all drifters were smoothed using a 24

hour 6th order low-pass Butterworth filter to eliminate tidal currents [45].

2.5. Data Assimilation experiments

Assimilation was performed sequentially for six experiments starting on
1 Jan 2013 (initialized from a one year model spin up without assimilation)
using four-day assimilation windows ending on 10th March (17 cycles) adjust-
ing the initial conditions, surface forcing and boundaries conditions (Table
1). Prior initial conditions for each cycle were obtained from the final poste-
rior analysis from the previous cycle, except for the first DA cycle in which
all experiments were initialised from HYCOM data. The prior boundary
conditions and surface forcing were from HYCOM and ERA-I. Alongside the
assimilation cycles, a series of four-day forecast cycles were run starting from
the end of every DA cycle to assess the short-term forecast skill of the model.

The first experiment was the assimilation of the baseline observations,
SST and T&S profiles. This represents a standard observational data set
often assimilated in operational forecast centres that only have a marginal
impact on the upper ocean current circulation. The subsequent five exper-
iments were the addition of two combinations of altimetry or OSCAR and
drifters, and each observation individually to the baseline. This study was
the first to show the individual impacts alongside the combination of these
datasets.

To assess the performance of the assimilation system, a normalised error

metric was used [8, 13], described here as:
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Table 1: Summary of the DA experiments. X indicates the experiment was assimilating
the corresponding observational data set. DRIFT is the drifter inferred velocities, SSHG is
altimetry, OSCAR is the analysis surface currents, SST is satellite sea surface temperature,
and TS are profile measurements of temperature and salinity. B refers to the baseline

observational dataset to which additional observations are added.

Exp. Name OSCAR DRIFT SSHG | SST TS
TS-SST (B) X X
B-SSHG X X X
B-OSCAR X X X
B-DRIFT X X X
B-SSHG-DRIFT X X X X
B-OSCAR-DRIFT X X X X
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N n—HnXa
Jpip = & SN | =] (1)

On

where v, is the nth observation; X, is the model analysis mapped to the
observations location by H,, the observation operator; and o, is the error
standard deviation of the nth observation. Jy; represents a unit-less measure
of the fit of the observations to the model information within one standard
deviation of the observation error. If Jy; is less than 1, then the analysis
residual is, on average, within observation error bounds.

To assess the performance of the forecast, simulated floats were released
into the ROMS (see Section 2.3) at the start of every new forecast cycle.
Outside assimilation cycles, drifter observations become approximately in-
dependent for the subsequent forecast cycles. Four days was assumed to
be adequate length for approximate independence between assimilated and
observed data.

With the computed float trajectories, four skill metrics were used to assess
the Lagrangian predictability (Table 2): average separation distance after 24
hours between the drifters and ROMS simulated floats; the average growth
rate of separation distances (linear fit applied to the average separation dis-
tances over the entire 4 day forecast); an average angular difference after 24
hours [35], and a normalized 3 day cumulative distance difference skill score
i.e. the ratio of the cumulative separation between drifters and simulated
floats and cumulative distance travelled by the observed drifter after 3 days

[25].
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Table 2: Summary of Lagrangian metrics used within the study. x,ps(¢) represents the
longitudinal and y.ps(t) the latitudinal position at time ¢ (hours) for the observed drifter
and zroms(t)/yroms(t) for the ROMS simulated floats. angeps(t) represents the angle
between the starting position and position at time, ¢ for the observations and angronrs(t)

for ROMS simulated floats.

Metric Equation

Separation Distance

o) Vo (t) = zroars(OF + [oss(1) — yroars (@)

Growth Rate of Separation Distance

Drincar(to--tend) D (t() . .tend) / (t() . .tend)

Angular Difference

AD(t) angobs(t) — angroms(t)

Cumulative Distance Difference Skill Score
l—c(c<1)
0,(c>1)

C(tend) = Y. D(to--tena) /> Do((to--tena))

Do(t) =/ 0oss() = Topalt = DI + [yons 1) — yons(t — DI

S(tena) S
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3. Results

3.1. Validation of the assimilation system

The asymptote of the cost function was reached before the 25 iterations
of the inner loops and one outer loop. Over the entire study period, the cost
function reduced on average by approximately 93%. The true non-linear cost
function reduced on average by 80%, which suggests that the tangent linear

assumption held well over the four day assimilation windows.

Table 3: The average Jy;; of each analysis cycle (17) over the four days. Significant

improvements over TS-SST (B) are shown in bold.

Exp. Name OSCAR-U|V DRIFT-U|V SSH | SST In-Situ T In-Situ$S
CONTROL 0.95]0.92 3.12|2.59 0.71 | 1.23 7.43 14.89
TS-SST (B) 0.99]1.01 3.2313.00 098|023 225 473
B-SSHG 0.78 | 0.80 2.65|2.44 0.27 | 0.24 2.32 5.17
B-OSCAR 0.56 | 0.52 2.57|2.42 0.76 | 0.22 2.22 5.22
B-DRIFT 0.98 | 1.00 1.080.98 0.96 | 0.24 2.49 5.56
B-SSHG-DRIFT 0.83]0.81 1.04]0.96 0.29 | 0.25 2.63 6.13
B-OSCAR-DRIFT  0.58|0.53 1.24|1.20 0.76 | 0.22 2.19 5.06

The baseline experiment (TS-SST) improved the fit over the control in
all three observations that were assimilated. da Rocha Fragoso et al. [13]
commented on the challenge of assimilating in-situ T and S, often leading to
high values of Jy;; as also seen here.

J i reduced either below or close to 1 in each experiment for each obser-

vation that was assimilated (black bold in Table 3). The assimilation system

15



was therefore on average, fitting each observation within the observational
error bounds.

The most significant Jy; improvements beyond non-assimilated observa-
tions were confined to experiments assimilating remotely sensed observations,
B-SSHG and B-OSCAR. For example, drifter velocities were not assimilated
in B-SSHG, but a small decrease in drifter velocity Jy; was exhibited over
the baseline by approximately 15 %. However, the assimilation of drifter
velocities (B-DRIFT) improved the fit to the non-assimilated SSHG obser-
vations locally, decreasing the SSH Jy; by approximately 11% within 1° of
the assimilated drifters. The drifters in this study were too sparse to impact
the domain-wide SSH Jy; statistics (Table 3).

In addition to Jy;, a more qualitative assessment of the performance of
an assimilation system is the increment fields (posterior circulation minus
the prior circulation). Figure 3 shows the assimilation prior, posterior and
increment of the model SSH averaged over the 1st assimilation cycle (1st
to bth January 2013) with overlaying velocity vectors for experiments B-
SSHG and B-DRIFT. Highlighted in B-DRIFT are the drifters available for
assimilation in the first cycle.

The prior circulation captured the coastal current (GUCU), however over-
estimated the strength and size of an anti-cyclonic eddy. From AVISO (not
shown), this eddy slowly evolved east to west over the span of a few months.
The assimilation of SSHG corrected this by weakening a strong anti-cyclonic
eddy at around 10 °S; 11 °E while strengthening another further south, shift-
ing the positions as well as the size. The B-DRIFT assimilation similarly

achieved these two critical adjustments with only four drifters, demonstrat-
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ing how the assimilation of a small amount of Lagrangian data can have a
relatively large spatial influence, although this is highly dependent on the as-
signed decorrelation length. Nevertheless, the drifters within this cycle were
still too few to constrain the entire domain creating spurious adjustments
elsewhere. As the coverage of drifters increased with time (4 to 16), the
SSHG Jy;; for B-DRIFT improved (Figure 4). However, beyond cycle 9, Jg;
rapidly degraded. This is likely due to the emergence of an isolated drifter,
north of 5 °S. This drifter is in a critical area where the GUCU is strong

(Figure 1) and again cannot sufficiently constrain larger scales.

3.2. Forecast Skill

The 17 four day forecasts were assessed to understand how well the ad-
justments made to the initial conditions by the assimilation system (Table
3) were maintained. Standard metrics used to evaluate the forecast accuracy
included the time average root mean squared error (RMSE), correlation co-
efficient (R) and the average RMSE percentage increase by the end of the
forecast window.

Similar to the Jg; statistics, the average forecast RMSE reduced in each
experiment for each observation that was assimilated (black bold in Table
4). Therefore, the forecasts on average maintained the memory of the initial
adjustments made by the assimilation over the four days.

Interestingly, the average RMSE for OSCAR velocities in the B-OSCAR
forecasts were larger than that in the B-SSHG forecasts, by approximately
0.8 cms™!. The average RMSE % increase was also slightly larger by 3 %.

Again as in the Jy; statistics, B-SSHG and B-OSCAR were the most

significantly improved forecasts for non-assimilated observations, such as re-
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Table 4: The average RMSE (ems~! for OSCAR and drifter velocites, cm for SSH, °C for
SST and in-situ T, and PSU for in-situ S) of each forecast cycle (17) over the four days.

Significant improvements over TS-SST (B) are shown in bold.

Exp. Name OSCAR-U |V DRIFT-U|V SSH | SST In-SituT In-Situ S
CONTROL 15.3]14.4 15.513.2 3.5 | 1.36 1.08 0.23
TS-SST (B) 15.815.9 16.2]15.0 4.5 | 0.63 0.87 0.19
B-SSHG 14.1 | 13.2 134|125 2.3 | 0.62 0.89 0.20
B-OSCAR 14.7 | 14.0 13.613.0 3.5 | 0.62 0.82 0.20
B-DRIFT 15.8 116.2 12.4]12.0 4.4 10.63 0.91 0.20
B-SSHG-DRIFT 14.6 | 13.6 11.1|10.7 2.4 | 0.63 0.91 0.21
B-OSCAR-DRIFT 14.5]|14.0 11.7]11.6 3.5 | 0.61 0.82 0.20

ducing the RMSE for drifter velocities by approximately 17-20%. B-DRIFT
forecasts only exhibited RMSE improvements locally to the SSH (5%) and
OSCAR (6%).

The average R is similar to the RMSE and Jy; statistics (Table 6), ex-
cept that the B-DRIFT forecast exhibited a domain-wide improvement in
the R of OSCAR velocities and not just locally. This improvement indicates
that the drifters are more able to improve eddy and ocean current locations
and directions rather than the absolute magnitudes. This is demonstrated
in Figure 5 showing ocean current velocities for OSCAR observations, and
the baseline TS-SST (B) and B-DRIFT forecast, averaged over the entire
study period. The OSCAR observations show three distinct dynamical fea-
tures; a strong coastal current forming part of the Gabon-Congo Undercur-

rent (GCUC) which feeds the Angola Current (AC), a large semi-persistent
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Table 5: The average RMSE (%) increase of each forecast cycle (17) after 4 days with
respect to the initial forecast RMSE.

Exp. Name OSCAR-U |V DRIFT-U|V SSH
B-SSHG 9% | 10% 10% 9%  100%
B-OSCAR 12% | 13% 12%13%  11%
B-DRIFT 1% | 1% 113% [ 109% —1%
B-SSHG-DRIFT 8% |10%  139%|111%  100%

B-OSCAR-DRIFT 10% | 13% 76% | 100%  10%

anti-cyclonic eddy at 11°S 8°E spanning approximately 200 km and three
strong zonal currents from 13°S to 21°S. While these features are present in
the TS-SST forecasts, the eddy location is erroneously shifted by 3°N. Al-
though the size is greatly reduced, the addition of the drifters (B-DRIFT)
improved the predicted location of the dominant eddy, correctly shifting the

position southwards.

3.8. Drifters

Trajectory forecasts serve as a stringent test of a model’s ability to accu-
rately forecast ocean currents. Figure 6 gives an example of such trajectory
forecasts for each experiment from the 22nd to 26th February 2013 (forecast
cycle 13). Black lines represent the observed trajectory, and red lines (crossed

lines in-print) represent the simulated float. A smaller section from the main
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Table 6: The average R of each forecast cycle (17) over the four days. Significant improve-

ments over TS-SST (B) are shown in bold.

Exp. Name OSCAR-U|V DRIFT-U|V SSH | SST In-Situ T In-Situ$S
CONTROL 0.140.09 0.10]0.29 0.83 | 0.95 0.99 0.91
TS-SST (B) 0.1910.10 0.11/0.27  0.85 | 0.98 0.99 0.94
B-SSHG 0.31]0.28 0.40|0.41 0.96 | 0.98 0.99 0.92
B-OSCAR 0.24 | 0.22 0.29|0.32 0.88 | 0.98 0.99 0.93
B-DRIFT 0.25]0.16 0.48|0.52 0.84 | 0.98 0.99 0.92
B-SSHG-DRIFT 0.30| 0.27 0.56 | 0.52 0.96 | 0.98 0.99 0.92
B-OSCAR-DRIFT 0.28|0.24 0.46 | 0.47 0.88 | 0.98 0.99 0.93

domain highlights five drifters, and their difference from the simulated ROMS
floats.

The B-SSHG-DRIFT forecast best represented Drifters 1 and 2. For
Drifter 1, the B-SSHG forecast predicted the position of the eddy too far west.
For the B-DRIF'T forecast, a larger current created from the assimilation of
Drifter 2 was erroneously influencing the local region of Drifter 1. However,
when combined in B-SSHG-DRIFT, the eddy was more pronounced, with
Drifter 1 correctly positioned on the northern edge. For Drifter 2 both the
B-SSHG and B-DRIFT forecasts were able to capture the correct direction of
the strongest current but only the combination correctly captured the along
track speed.

Drifters 3 and 4 show that this interaction was not always beneficial with
a degradation of the forecast as compared to B-DRIFT. For Drifter 3, the
B-SSHG-DRIFT forecast had spurious southward flow while for Drifter 4,
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the position of the eddy was forecast too far north. Both these drifters
were situated in weaker currents where the assimilation tends to change the
boundaries of the larger currents in proximity. Here, we have shown a pos-
sible preference for the combination with altimetry (B-SSHG-DRIFT) or
individual assimilation of drifter observations (B-DRIFT).

Finally, Drifter 5 was best represented by the B-OSCAR-DRIFT fore-
cast. Here, the B-OSCAR forecast exhibited some skill for Drifter 5 and in
combining with the drifters improved the skill further by correctly shifting
the boundary of current. For this example, we have shown how B-DRIFT,
B-SSHG-DRIFT and B-OSCAR-DRIFT can each provide unique local im-
provements producing the best trajectory forecast for their particular drifter.

For all simulated ROMS trajectories, the Lagrangian predictability was
assessed quantitatively using the four skill metrics (Table 2). Table 8 sum-
marises the average values of each metric in all the experiments. Two-sample
Kolmogorov-Smirnov tests were performed in all experiments to test the sig-
nificance between distributions. p < 0.05 indicates that the null hypothesis
(the two samples come from the same distribution) is rejected. The KS test
is a non-parametric test which is necessary for skewed data samples Massey
Jr [28].

Averaged over the entire study period, the experiments with the small-
est average separation distance between the simulated trajectories and the
observed drifter trajectories after 24 hours D(24), were B-DRIFT and B-
SSHG-DRIFT, both at 9.5 km. In comparison to the baseline forecast TS-
SST (B) this was an average improvement of 6.8 km (42%) in predictability
after 24 hours. B-OSCAR-DRIFT closely followed this with an improvement
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Table 7: Summary of Lagrangian metric statistics. For ﬁ(24) and Drinear(0..96) mean
values are displayed with the interquartile range in brackets. For AD(24) the mean value
is displayed with standard deviation.or both S(72) n = 1 and n = 2 the mean values are

displayed with percentage of positive value skill scores in square brackets.

Metric CONTROL | TS-SST (B) | B-SSHG | B-OSCAR | B-DRIFT | B-SSHG-DRIFT | B-OSCAR-DRIFT
D(24) (km) 153 (11.1) | 16.3 (12.4) | 134 (10.2) | 13.5 (9.4) | 9.5 (8.2) 9.5 (7.0) 9.9 (8.6)
Diinear(0..96) (km/day) | 135 (11.4) | 14.1 (10.6) | 10.9 (8.6) | 10.7 (7.1) | 8.7 (6.8) 8.3 (5.1) 82 (5.8)
AD(24) (degrees) 5492 —5 494 12483 10+84 | 7454 15 + 62 7463
S(72) n=1 0.16 [45%] | 0.13 [44%) | 0.24 [58%] | 0.22 [60%)] | 0.35 [77%)] |  0.35 [75%] 0.36 [82%]
S(72) n=2 042 [79%] | 0.41 [81%] | 0.51 [87%] | 0.51 [90%] | 0.61 [93%] |  0.62 [93%] 0.62 [94%]

of 6.4 km (40%), while B-SSHG and B-OSCAR also exhibited significant
improvements, though only by less than half as much (17%). The differences
between B-DRIFT, B-SSHG-DRIFT and B-OSCAR-DRIFT D(24) distribu-
tions were not significant (p = 0.4), nor were B-SSHG and B-OSCAR 15(24)
distributions (p = 0.6).

Similar to Muscarella et al. [35], we applied a linear fit to the mean
separation distances giving the average growth rate in separation per day
Dy inear(0..96).

The experiment with the smallest average separation growth rate Dp;,eqr-(0..96)
was B-OSCAR-DRIFT with a rate of 8.2 km/day, an average improvement
of 5.9 km/day (42%) over the baseline (Figure 7). B-SSHG-DRIFT and
B-DRIFT closely followed this with an improvement of 5.8 km/day (41%)
and 5.4 km/day (38%). Similar to D(24), the differences between these
DLinear(0..96) distributions were not significant (p = 0.35). Dpineqr(0..96)
for B-SSHG and B-OSCAR was 10.9 and 10.7 km/day, an average improve-
ment of 3.2 and 3.4 km/day (= 23%). While these averages were similar, the
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inter-quartile range differed by as much as 1.5 km/day. This difference can
be seen graphically by a more compact group of grey lines representing the
average Dpineqr(0..96) for each cycle (Figure 7).

The angular differences between each observed 24-hour drifter angle (the
angle between the starting position and position after 24 hours) and 24-hour
simulated trajectory angle within each forecast is shown in Figure 8. Since
the spread was much larger for AD(24) than previous metrics, it was useful
to note improvements regarding the reduction of the standard deviation in
AD(24).

The experiment with the smallest standard deviation of the angular dif-
ference AD(24) was B-DRIFT with 54°, an average improvement of 40 °
(43%) over the baseline. B-SSHG-DRIFT and B-OSCAR-DRIFT closely
followed this with a mean improvement of 32 ° and 33 ° (34%). Again, simi-
lar to the previously discussed metrics the differences between these AD(24)
distributions were not significant (p = 0.26).

The standard deviation of AD(24) for B-SSHG and B-OSCAR was 83°
and 84°, an average improvement of 11° and 10° (12%). This improvement
was approximately four times smaller than for B-DRIFT, the largest dif-
ference between B-SSHG and B-DRIFT for any of the Lagrangian metrics.
The assimilation of drifters is valuable for correcting the angle of the local
currents.

For the normalised three-day cumulative distance difference skill score
S(72), B-OSCAR-DRIFT had the largest skill score on average at 0.36, an
average improvement of 0.23 (176%) over TS-SST (B). B-DRIFT and B-
SSHG-DRIFT closely followed this with an average improvement of (.22

23



(169%). It was expected that forecast evaluation would likely yield lower
skill scores [25] than for analysis evaluation such as used by Berta et al. [4]
and Liu et al. [26]. The threshold number, n (see Table 2) can be increased
to compensate for increased forecast error. For increased threshold (n = 2)
average cumulative skill score for B-OSCAR-DRIFT, B-SSHG-DRIFT and
B-DRIFT was 0.62 and 0.61, an average improvement of 0.21 and 0.20 (50%)
over TS-SST (B). Again, the differences between these S(72) distributions
were not significant (p = 0.93). The increased threshold (n = 2) average
cumulative skill score for B-SSHG and B-OSCAR was 0.51, an average im-
provement of 0.1 (25%).

Unique to S(72), the percentage of positive value skill scores can be as-
sessed. This positive value percentage (n = 1) increases the most in B-
OSCAR-DRIFT by 38%, followed by B-DRIFT by 32%, B-SSHG-DRIFT by
31%, B-OSCAR by 16% and B-SSHG by 14%. This indicates that previ-
ously simulated drifters with no skill (S(72) = 0) can now be assigned skill
with the assimilation of altimetry and OSCAR and more substantially by
the addition of drifters.

The spatial distributions of all Lagrangian metrics were independent of

location (not shown).

3.3.1. Dependence on current speed

To further investigate B-SSHG-DRIFT and B-DRIFT forecast skill dif-
ferences, improvements or degradation were categorised into the percent-
age of positive and negative values of the difference of D(t) between B-
SSHG-DRIFT and B-DRIFT. Positive values correspond to cases when the
B-SSHG-DRIFT forecast was more skilful than the B-DRIFT forecast. Con-
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versely, negative values represent cases when the B-SSHG-DRIFT forecast
was less skilful than the B-DRIFT forecast. Figure 10 shows the percentage
difference between B-SSHG-DRIFT and B-DRIFT for the separation dis-
tance as a function of time. The red and blue lines represent faster and
weaker currents based on the median of the observed drifter speed distribu-
tion (upper and lower 50%).

The difference between weaker and stronger current distributions become
significant beyond 30 hours. At this point, the weaker currents distribution
(blue line) stays around roughly 5% more B-DRIFT forecast improvements
(negative values) and peaking early in the forecast around 38 hours at almost
15%. This is in contrast to the stronger currents distribution which steadily
remains above 8% more B-SSHG-DRIFT forecast improvements (positive
values) peaking at 88 hours at around 12%. Therefore, after 30 hours for
weaker currents, it is more likely (5% to 15%) that the B-DRIFT forecast
will outperform B-SSHG-DRIFT. While for stronger currents it is more likely
(12%) that the B-SSHG-DRIFT forecast will outperform the B-DRIFT fore-
cast. The same analysis was performed for metrics AD(¢) and S(t) (not
shown). The AD(t) percentage difference between B-SSHG-DRIFT and B-
DRIFT forecasts revealed no dependence on the current speed, favouring
the B-DRIFT forecast for both stronger and weaker distributions. The S(t)
percentage difference between B-SSHG-DRIFT and B-DRIFT revealed the
same dependence on the current speed as for D(t).

The B-OSCAR-DRIFT and B-DRIFT forecast skill differences were sim-
ilarly investigated (not shown) and the D(t) percentage difference revealed

no dependence on the current speed.
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Table 8: Summary of Lagrangian metric statistics for different decorrelation length scale.
Bold values denote that the difference between the original 100km experiments and the
changed decorrelation length experiments are in significance (p < 0.05). (*) denotes

significance at p < 0.1.

Metric B-DRIFT [50] | B-SSHG-DRIFT [50] | B-DRIFT [150] | B-SSHG-DRIFT [150]
D(24) (km) 8.4 (6.6) 8.3 (6.5) 102 (9.0) 9.5 (7.3)
Diinear(0..96) (km/day) | 7.3 (5.3) " 7.0 (6.1) 8.9 (6.6) 8.1 (6.1)
AD(24) (Degrees) 7452 10 £ 52 7459 11460
S(72) n=1 0.4 [82%) 0.43 [85%) 0.32 [77%] 0.36 [77%)
S(72) n=2 0.66 [94%) 0.67 [95%) 0.60 [92%] 0.62 [94%)

Further to the mean current we also considered a dependence on the ve-
locity variance (a measure of turbulence) and latitude (less than and greater

than —10°), both of which showed no significance between distributions.

3.4. Sensitivity to assimilation parameters

3.4.1. Decorrelation length scale sensitivity

A vital component of the data assimilation system is the choice of the
decorrelation length scale in the initial condition background error covariance
matrix, which determines the spread of influence for the assimilated data.
The length scale was chosen as 100km, the average Rossby Radius. Four
additional experiments were performed to investigate whether the results
were sensitive to changes in this length scale. The first two represented
assimilating B-DRIFT and B-SSHG-DRIFT with a decorrelation length scale
of 50 km (decreasing by half the original length scale) and the second two
with a scale of 150 km (increasing by half the original length scale).

Decreasing the decorrelation length scale by 50 km increased Lagrangian

predictability for both B-SSHG-DRIFT and B-DRIFT experiments (Table
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8). The statistical significance of this increase varied between the two ex-
periments and different metrics (Bold in Table 8). Increasing the decorrela-
tion length scale by 50 km slightly decreased Lagrangian predictability for
both B-SSHG-DRIFT and B-DRIFT experiments in almost every Lagrangian
metrics. However, this slight decrease across all metrics was not significant
(p > 0.25). When decreasing and increasing the decorrelation length scale,
for all metrics the difference between B-DRIFT and B-SSHG-DRIFT distri-
butions remained insignificant. Therefore, the results presented here were
robust to changes in background error decorrelation length scales by £ 50

km.

3.4.2. Drifter velocity observation error sensitivity

Another critical component of the data assimilation system is the choice
observation error determining the weight given to the observations as com-
pared to the background in the assimilation. Two additional experiments
were performed to investigate the sensitivity of the drifter velocities error.
Here, the drifter velocities errors in B-DRIFT and B-SSHG-DRIFT were
doubled to 0.08 m/s.

The increased error did not significantly change Lagrangian predictability
for both B-SSHG-DRIFT and B-DRIFT. When the drifter velocities error
was doubled the difference between B-DRIFT and B-SSHG-DRIFT remained
insignificant. Therefore, the results presented here were robust to doubling

the drifter velocities error.
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4. Discussion

The assimilation of drifter velocities improves the sea surface height fore-
cast skill locally. The positive impact of assimilating drifter inferred velocities
with a 4D-Var assimilation system on model SSH has been previously stud-
ied by Carrier et al. [9]. They describe two mechanisms for the adjustment
on SSH from velocity assimilation acting through the adjoint and tangent
linear components of a 4D-Var system. Firstly, a forcing of velocity in the
adjoint model will propagate through to force the adjoint of the surface ele-
vation via the geostrophic balance relationship. Secondly, the tangent linear
model (initialized by the adjoint model) propagates this information forward
in time as well as providing a forcing mechanism via the depth-integrated
continuity equation. This effect of velocity assimilation on SSH (i.e. the
multivariate characteristics in the model) is shown in Figure 3 demonstrating
similar increments (posterior minus prior) produced for drifter and altimetry
assimilation. Here the drifter coverage is too spare to improve domain wide
statistics but can still influence large areas of the circulation such as creating
eddies (Figure 5).

The forecast validation revealed that the assimilation and subsequent
forecast of OSCAR currents performs worse than the B-SSHG forecast of
OSCAR currents on average. From the analysis validation, the OSCAR  fore-
cast was initially closer to OSCAR observations than B-SSHG. However,
ROMS is unable to maintain large domain-wide adjustments from the OS-
CAR assimilation as the forecast progresses. It is plausible that this was due
to the frequency of the OSCAR observations, which was assimilated every

five days while SSHG was assimilated daily. This difference in frequency
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could then have a potentially large impact on the retention of skill.

For Lagrangian predictability, the addition of velocities inferred from
drifters (either to a baseline assimilation of TS-SST (B) or B-SSHG) is shown
on average to significantly improve Lagrangian predictability in the Angola
Basin. A variety of skill metrics were used (see Table 2) to allow for robust
conclusions. This is in agreement with previous work in the Gulf of Mexico
35, 9] and Mediterranean [37].

The addition of altimetry measuring sea surface height also significantly
improves Lagrangian predictability on average, though only gaining half as
much benefit as the addition of drifters. Superior improvements for drifters
is unsurprising as even with highly chaotic trajectory forecasts, we would
expect large improvements as the drifter trajectories are simulated in the
vicinity of the assimilation.

Here OSCAR was assimilated for the first time in an advanced data as-
similation system (4D-Var). Improvements in the Lagrangian predictability
are roughly equivalent to the more traditional altimetry assimilation. The
extra independent information in OSCAR such as the Ekman and Stommel
shear dynamics [6] is not enough to provide improvements over just the sea
surface height information, which was also assimilated four times more of-
ten than OSCAR. Aside from the reduced frequency of assimilation, it is
also possible that without the multivariate balance of momentum, signifi-
cant domain-wide adjustments of velocities are too extreme for ROMS to
balance via the tangent linear and adjoint. Furthermore, the SSHG assimi-
lation is notably effective at capturing the geostrophic currents through the

multivariate characteristics of these models.
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Sperrevik et al. [51] assimilated HR radar observations into a ROMS
model of the Northern Norway coastline using IS-4DVAR. They also per-
form the same skill score metric utilised here for seven drifters and show a
skill score improvement of 0.12 over a control run, 50% larger than that for
OSCAR and SSHG in this study. Hoteit et al. [21] assimilated HR radar
into a high-resolution MITgem model of the San Diego Bay. They show
the forecast exceeds persistence for up to 20 hours. It is hard to compare
these results as they perform the assimilation in challenging area of highly
ageostrophic conditions. Yaremchuk et al. [58] compared adjoint and adjoint-
free 4D-Var systems assimilating 19 ADCP moorings. They found velocity
forecast skill improved by 10-30% and persisted up to three days. In this
study, OSCAR assimilation improves drifter velocity forecasts by just 13%
as much as SSHG assimilation. In the only previous study of OSCAR as-
similation, Santoki et al. [47] assimilated OSCAR via a nudging scheme into
a model of the Indian Ocean. They found the RMSE of surface currents for
1-day and 5-day forecasts to be around 17 ems~! and 19 cms™*

thus, in four days the RMSE increases by 12%. Here, the average RMSE of

respectively

drifter velocities over the entire four-day forecast is around 13 cms—! with
an average RMSE increase of around 13% in four days.

The combination of altimetry or OSCAR with drifter velocities does not
on average significantly improve Lagrangian predictability upon the drifter
inferred velocities alone. This result is unexpected as the combination of
these observations has been previously shown to compliment each other [9].
For drifters in stronger currents, the combined altimetry and drifter assimi-

lation is more likely to improve Lagrangian predictably by as much as 10% in
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the forecast as compared to assimilating just the drifters alone. Conversely,
for the drifters in weaker currents, the combination is actually more likely to
degrade Lagrangian predictability by as much as 20%.

The sampling of the satellite observing system could be the cause of this
the distinction. Stronger currents with a larger kinetic energy usually act on
larger scales, which are better sampled by the satellite inferred geostrophic
currents. Weaker currents on the other hand usually act on smaller scales
better sampled by the drifters. Therefore, the assimilation of drifter could
produce a better forecast in weaker currents. Besides the sampling accuracy,
the variable coverage of a satellite observing system could also reduce skill.
Berta et al. [4] used this to explain the variance in skill scores in the Gulf of
Mexico when using Aviso geostrophic velocity estimates. Berta et al. [4] sug-
gested that, since the altimetry coverage varies both temporally and spatially
periods of low coverage could correspond to lower skill scores. Therefore, in
areas of low coverage, the drifter inferred velocities are combined with an
altimetry derived geostrophic current that is not accurate, degrading the
performance of trajectory forecast skill. This issue is directly related to the
utilisation of the gridded altimetry (SSHG) over the use of the along track al-
timetry (where low coverage areas would simply apply no assimilation at all).
SSHG maps are an interpolated product and thus contain some estimate of
the error covariance used to spread the information [36]. There are no prior
criteria for the choice of altimetry product and the impact between gridded
and along track assimilation of altimetry has not been directly quantified.

The assumptions that relate to the 4D-Var system are uncertain. The

background and observational error covariance matrices determine the rel-
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ative weighting of background and observational information in producing
the optimal analysis, yet the construction of such matrices are subject to
much ambiguity. This construction requires information on the background
and observational error statistics and the scales of influence that are both
uncertain. For example, da Rocha Fragoso et al. [13] determined the decor-
relation length scale as a compromise between semivariogram analysis, the
length scales of the main dynamic features of the studied region (Rossby
radius of deformation), the model resolution, and subjective adjustment to
optimise the performance of 4D-Var. The simplification of physics in the
tangent linear/adjoint models could restrict the propagation of ageostrophic
modes and multivariate characteristics established from dynamical balance
relationships. However Sperrevik et al. [51] have previously shown that even
in the presence of ageostrophic forcing ROMS 4D-Var can perform well.
Some of the results have been shown to be sensitive to the decorrelation
length scale. For B-DRIFT and B-SSHG-DRIFT, Lagrangian predictabil-
ity is significantly improved when reducing the length-scale by 50km. The
smaller decorrelation length scale reduces the filtering effect on the smaller
scales captured by the drifter [26], and thus local velocities are improved.
Nevertheless, the difference between B-DRIFT and B-SSHG-DRIFT remain
insignificant. None of the results were sensitive to doubling of the drifter

velocity observation error.

5. Conclusion

Here, for the first time, we quantified the relative importance of assimi-

lating combinations of altimetry, OSCAR and drifter observations for ocean
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current forecasts. We achieve this by directly comparing the addition of
either altimetry, OSCAR velocities, drifter inferred velocities and combina-
tions of the three to a set of baseline observations assimilated into the ROMS
4D-Var system.

The assimilation system was first validated through cost function analysis
and the Jy;; metric representing the fit of the observations to the model anal-
ysis within one standard deviation of the observation error. The cost function
reduced by 93% on average in all experiments reaching the asymptote by 25
iterations. For all experiments assimilating altimetry, the SSHG Jy;; reduced
below 1 improving against the baseline assimilation by approximately 70%
on average. Similarity for all experiments assimilating OSCAR, the OSCAR
velocities Jy;; reduced below 1. For all experiments assimilating drifters, the
drifter velocities Jy; laid close to 1. Therefore, we can conclude the assimi-
lation system was correctly fitting all observations within observational error
bounds.

The forecast skill was also assessed. The forecasts maintained perturba-
tions from the assimilation system and exhibited an increased forecast skill
from the assimilation system over four days. Interestingly, the domain-wide
OSCAR velocities were best reproduced in the forecast by altimetry assimila-
tion and not by the OSCAR assimilation itself. It is likely that the frequency
of the OSCAR assimilation (every five days) has a detrimental impact on the
performance as compared to the daily assimilated altimetry. We also showed
that assimilating relatively few drifters can influence the locations of eddies
as large 200 km.

Trajectory forecasts were computed for each observed drifter for every
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forecast cycle, and four different Lagrangian predictability metrics were used
for robustness. Drifter velocity assimilation is shown on average to signifi-
cantly improve Lagrangian predictability of 4 different metrics in line with
previous studies [37, 35, 9]. OSCAR assimilation only improves Lagrangian
predictability as much as altimetry and only by half as much as the drifter
assimilation.

A surprising finding is that when assimilating the combination of either
altimetry or OSCAR and drifter velocities the Lagrangian predictability may
degrade just as equally as improve compared to the assimilation of drifter ve-
locities alone, and on average these combinations do not significantly improve
the Lagrangian predictability.

The dependence of this degradation or improvement to the mean current
was investigated. For the assimilation of altimetry combined with drifters,
it is found in stronger currents the combination is more likely to increase
(15%) the probability of improvement in the trajectory forecast. Conversely,
for weak currents, a combination is more likely to decrease the probability
of improvement. This distinction is thought to be attributed to the drifter
observations ability to sample more effectively the smaller scales associated
with weaker currents as compared to the variable sampling and coverage of
the altimetry.

This study adds further support for the role of drifter data in an assim-
ilation system. However, caution should be exercised when combining this

information with other data.
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Figure 1: Schematic of all the major oceanographic features of the Angola Basin. Warm
surface currents (solid lines with black arrowheads) are the South Equatorial Current
(SEC), South Equatorial Counter Current (SECC), Angola Current (AC). Warm under-
currents (dashed lines with black arrowheads) are the Equatorial Undercurrent (EUC) and
Gabon-Congo Undercurrent (GCUC). Cold surface currents (solid lines with white arrow-
head) are; the Benguela Oceanic Current (BOC) and Benguela Coastal Current (BCC).
Also shown, The Angola Dome (AD), the Angola-Benguela Front (ABF) and the Congo
River (CR). Overlaid as vector velocities (m/s) are the ERA-I (JFM) averaged winds
averaged over the study period. Adapted from Pérez et al. [41]
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Figure 2: Location of all the drifters used throughout the study. A maximum of 4-16

drifter observations were simultaneously assimilated through each assimilation cycle.
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Figure 3: Column left to right: Prior (background forecast), posterior (updated forecast
from the assimilation system) and increments (posterior minus prior) of model SSH aver-
aged over the first assimilation cycle, 1st to 5th January. Overlaid are the model velocity
vectors. Top to bottom: The B-SSGH experiment and B-DRIFT experiment. Highlighted
in the B-DRIFT field in magenta (online version) / black (in print version) are the drifters

available for assimilation in the first cycle.
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Figure 4: The SSHG Jy;; time series for five experiments, B-SSHG , B-OSCAR, B-DRIFT,
B-SSHG-DRIFT and B-OSCAR-DRIFT in dashed black lines. The bold black line in each

figure represents the Jy;; for experiment TS-SST the baseline for comparison.
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Figure 5: Ocean current speeds (m/s) and velocity vectors averaged over all forecast cycles
(5th January-13th March) and the top 30 meters depth for OSCAR analysis, control (free
run with no assimilation), TS-SST (B), and B-DRIFT. The GUCU is highlighted in the
OSCAR analysis.
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Figure 6: Ocean current speeds (m/s) and velocity vectors for a sub-section of the An-
gola Basin domain averaged over the four-day forecast from 22nd to 26th February 2013
for TS-SST (B), B-SHH, B-OSCAR, B-DRIFT, B-SSHG-DRIFT and B-OSCAR-DRIFT.
Simulated float forecasts for each experiment within the sub-domain are shown as red lines
(online version only) / black crosses (print version). Real observations of the drifters are

shown as black lines. The labels 1-5 for each drifter is displayed in TS-SST (B)
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Figure 7: The average and spread of the growth rate in separation per day (km/day) for
TS-SST (B), B-SSHG, B-OSCAR, B-DRIFT, B-SSHG-DRIFT and B-OSCAR-DRIFT.
Each grey line represents the average separation over the entire domain (drifter averaged)
within one forecast cycle. The black line represents the average over all drifters and
forecasts. The dashed line shows the CONTROL (free run without assimilation) averaged

over all drifters and forecasts for comparison.
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24-hour simulated trajectory angle for TS-SST (B), B-SSHG, B-OSCAR, B-DRIFT, B-

SSHG-DRIFT and B-OSCAR-DRIFT.
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Figure 9: The positive to negative percentage difference of D(t) between B-SSHG-DRIFT
and B-DRIFT as a function of time. Positive values denote that the B-SSHG-DRIFT has
a larger proportion of improved trajectory forecast than B-DRIFT. Conversely, a negative
value denotes that B-DRIFT has a greater proportion of improved trajectory forecast than
B-SSHG-DRIFT. The distributions of D(t) are split into three categories; total, weaker
and stronger currents based on the median of the observed drifter speed distribution (upper

and lower 50%).
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