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Abstract.

The gravitational pump plays a key role in the ocean carbon cycle by exporting sinking organic carbon from the surface to the

deep ocean. Deep sediment trap time-series provide unique measurements of this sequestered carbon flux. Sinking particles are

influenced by physical short-term spatio-temporal variability, which inhibits the establishment of a direct link to their surface

origin. In this study, we present a novel machine learning tool, designated as Unetsst−ssh, which is capable of predicting5

the catchment area of particles captured by sediment traps moored at a depth of 3000 m above the Porcupine Abyssal Plain

(PAP), based solely on surface data. The machine learning tool was trained and evaluated using Lagrangian experiments in a

realistic CROCO numerical simulation. The conventional approach of assuming a static 100-200 km box over the sediment trap

location, only yields an average prediction of ∼ 25% of the source region, whilst Unetsst−ssh predicts ∼50%. Unetsst−ssh

was then applied to satellite observations to create a 20-year catchment area dataset, which demonstrates a stronger correlation10

between the PAP site deep particle fluxes and surface chlorophyll-a concentration, compared with the conventional approach.

However, predictions remain highly sensitive to the local deep dynamics which are not observed in surface ocean dynamics.

The improved identification of the particle source region for deep ocean sediment traps can facilitate a more comprehensive

understanding of the mechanisms driving the export of particles from the surface to the deep ocean, a key component of the

biological carbon pump.15

1 Introduction

The biological carbon pump (BCP) is one mechanism that sequesters carbon from the atmosphere into the deep ocean. The

BCP plays a key role in the climate system, as without it the atmospheric CO2 concentrations would be about twice those

observed today (Parekh et al., 2006; Kwon et al., 2009). Furthermore, the BCP is a crucial source of food resources in the deep

ocean (Grabowski et al., 2019). However, despite the considerable importance of the BCP, the driving mechanisms are poorly20

understood (Le Moigne, 2019). Given that climate change driven perturbations may have wide-scale implications for the BCP,
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it is of utmost importance to improve our understanding of this topic (Kwon et al., 2009; Passow and Carlson, 2012; Palevsky

and Nicholson, 2018; Henson et al., 2022; Wilson et al., 2022).

One of the main processes contributing to the export of the BCP is the export of organic particles from the surface to

the deep ocean, which sink due to their excess density (Siegel et al., 2016; Durkin et al., 2016; Le Moigne, 2019). This25

is known as the gravitational pump (Boyd et al., 2019; Siegel et al., 2023). This is a complex process modulated on one

hand by phytoplankton net primary production (NPP), which uses carbon dioxide, solar energy and available nutrients for

photosynthesis in the lighted upper layer of the ocean, also known as the euphotic zone (� 0–200 m), and on the other hand by

zooplankton faecal pellets (Lampitt et al., 1990). To assess the magnitude and composition of particles sinking via gravitational

pump, long-term observations of the downward particle �ux have been made using moored sediment traps (STs). These have30

been widely used to measure deep particle �uxes below 2000 m (Honjo et al., 2008; McDonnell et al., 2015). At this depth, the

carbon can be sequestered for decades or centuries (Guidi et al., 2015; Burd et al., 2016; Siegel et al., 2021; Baker et al., 2022).

However, while the time-series data from the STs are crucial for estimating the amount of long-term carbon sequestration

and understanding the evolution of the global carbon cycle, �uxes from STs are often generalised over a wide spatial area

despite being only a single data location. This spatial limitation hinders the ability of these instruments to capture the inherent35

variability of deep ocean particle �uxes. Indeed, medium and small local dynamics affect the sinking particles pathways and

can have a signi�cant impact on the ST measurements, especially over short time periods (Siegel et al., 1990; Deuser et al.,

1990; Burd et al., 2010; Liu et al., 2018; Dever et al., 2021; Wang et al., 2022a). This means that particles originate over a large

area of the surface ocean, called the catchment area (Deuser et al., 1988; Waniek et al., 2000), highly dependent on the local

currents throughout the water column. It therefore remains a challenge to establish a clear link between observed NPP at the40

surface and deep carbon �uxes (Lampitt et al., 2010, 2023). This is particularly true for 10–30 day time periods, during which

the drivers of carbon "pulses" observed in the STs remain unexplained (Smith et al., 2018).

This study focuses on the contribution of the local physics to the gravitational sinking �ux. Traditionally, the sinking par-

ticles catchment area is typically represented as a 100 or 200 km box around the ST (Armstrong et al., 2001; Lampitt et al.,

2010, 2023). This simpli�ed catchment area is based on several studies that have used Lagrangian particle backtracking with45

physical model �elds over several years (Waniek et al., 2000; Siegel et al., 2008; Wekerle et al., 2018; Wang et al., 2022a)

to de�ne a so-called "statistical funnel". The statistical funnel may allow for the annual surface area that in�uences sediment

trap measurements to be captured but it does not capture the mesoscale spatial variability with timescales of weeks to months.

So far, the only method capable of capturing this variability is that of Lagrangian backtracking experiments in reanalyses, i.e.

the release of Lagrangian particles in a numerical simulation forced with observations that are supposed to represent the full50

3D dynamics of the ocean (Frigstad et al., 2015; Liu et al., 2018; Ruhl et al., 2020; Ma et al., 2021). However, the practice of

Lagrangian backtracking in reanalyses has a number of caveats:

– Reconstruction of mesoscale and submesoscale sea surface dynamics in numerical models, especially below 150 km

resolution, remains a challenge for operational systems with data assimilation schemes (Lellouche et al., 2021; Cutolo

et al., 2022; Febvre et al., 2023), which can lead to signi�cant biases in the Lagrangian transport, usually unquanti�ed.55
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– The deep dynamics (below 1000 m) is typically not validated, due to lack of observational data and/or understanding,

and is almost completely absent in some data assimilation models (Lellouche et al., 2021). Our understanding of the

in�uence of this phenomenon and how well it is represented in models is very limited.

– The process of reanalysis is typically complicated and computationally demanding, especially when used in conjunction

with backtracking Lagrangian studies. This inherent complexity leads to certain constraints, such as the use of only a60

single particle sinking velocity or a limited time frame for the experiments.

To address the aforementioned problems, we have developed a new tool based on machine learning to predict the catchment

area of particles reaching deep ocean STs, directly from the model output surface data (Picard et al., 2024). This approach was

motivated by two main advances from the literature. Firstly, Wang et al. (2022a) showed that the monthly catchment area is

closely related to the surface mesoscale dynamics, and in particular to local eddies observed with satellite altimetry (Chelton65

et al., 2011). In addition, recent studies have demonstrated the bene�ts of machine learning in predicting ocean interior currents

from surface observations (Chapman and Charantonis, 2017; Bolton and Zanna, 2019; Manucharyan et al., 2021), as well as its

high performance in reconstructing Lagrangian particle trajectories (Jenkins et al., 2022). Picard et al. (2024) trained a neural

network with a numerical simulation dataset at the Porcupine Abyssal Plain sustained observatory (PAP-SO) Station, situated

in the Northeast Atlantic Ocean (49 N, 16.5 W). The PAP-SO site has collected more than 30 years of deep ocean particulate70

organic carbon �ux time series (Hartman et al., 2021; Lampitt et al., 2023). Picard et al. (2024) demonstrated the ability to

predict the catchment area for particles with a sinking rate of w=50 m.d� 1 collected in a PAP-SO ST at 1000 m, using only

surface numerical simulation outputs. Furthermore, a framework was presented to evaluate the prediction ef�ciency depending

on the local physical conditions, with the best predictions associated with low kinetic energy and the presence of mesoscale

eddies above the ST.75

Therefore, this study has two main objectives. The �rst one is to improve the methodology presented in Picard et al. (2024),

by proposing an enhanced version of the machine learning model that is capable of predicting the catchment area of particles

collected at 3000 m by the PAP-SO station ST, taking into account a wider range of particle sinking velocities (Section 2).

Indeed, as previously stated by Wekerle et al. (2018), the provenance of particles can vary considerably depending on their

sinking velocity. Consequently, it is imperative to consider the entire particle velocity spectrum in order to accurately represent80

all the possible source areas. We also chose to focus on a 3000 m ST because the PAP-SO deep particle �ux dataset is the

most complete. Indeed, STs at 1000 m at the PAP-SO station do not give reliable results likely due to hydrodynamic biases for

conical traps in the upper ocean (Buesseler et al., 2007) whilst �uxes collected at 3000 m are much more reliable. Similarly

to Picard et al. (2024), we will evaluate the network performance and identify the physical factors that in�uence the accuracy

of the catchment area prediction (Section 3). Considering that the dynamics below 1000 m at PAP-SO is weak compared to85

the upper layer (Wang et al., 2022a), we expect similar results to Picard et al. (2024), with the particle sinking velocity as

the primary factor in�uencing the prediction score. The second objective is to investigate whether the connection between

satellite-derived surface chlorophyll-a concentration, as a proxy for phytoplankton biomass, and the deep ocean ST �uxes can

be improved with the application of the trained machine learning tool (Section 4).
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2 Methods90

In this study, we follow the methodology presented in Picard et al. (2024), where we use a series of Lagrangian experiments in

a numerical simulation at the PAP-SO station to train Convolutional Neural Networks (CNNs) to predict the origin of particles

collected in a deep ocean ST. We have adapted the learning strategy to train a model that can be applied to satellite data. This

section presents the experiments carried out and the characteristics of the CNNs used.

2.1 Numerical simulation and Lagrangian experiments95

The North Atlantic Subpolar Gyre simulation (POLGYR), designed and validated by Le Corre et al. (2020), is used in this

study. This simulation is run using the Coastal and Regional Ocean COmmunity (CROCO) model, based on the Regional

Ocean Modeling System (ROMS) (Shchepetkin and McWilliams, 2005). The grid has a horizontal resolution of 2 km and 80

vertical levels, allowing the simulation to fully resolve the mesoscale processes and partly resolve of the submesoscale. The

focus of this study is the PAP-SO, represented by the black 1020 km square centred at the PAP-SO station (49°N, 16.5 °W)100

(see Figure 1a).

A series of Lagrangian backtracking experiments were performed to represent the sinking particle pathways from the surface

ocean to the PAP-SO sediment trap at 3000 m. In order to account for the wide range of particle sinking velocities observed in

the region, as reported in Villa-Alfageme et al. (2016), the experiments were performed with �ve different sinking velocitiesw,

namely 80, 100, 150, 200 and 300 m.d� 1. Although slower sinking particles (w< 80 m.d� 1) have been observed at PAP-SO105

(Baker et al., 2017; Villa-Alfageme et al., 2016), they are not considered in this study due to computational constraints. Slower

sinking particles present a signi�cant challenge in terms of time taken to sink to 3000 m and dispersion in the spatial dimension,

which in turn increases the size of our model domain and output considerably.

The Lagrangian experiment is carried out according to the general methodology presented in Picard et al. (2024) considering

here a deeper ST depth and several particle sinking velocities. Over a period of 10 days, representing the ST collection period,110

720 particles (36 particles every 12 hours) are released at the PAP-SO sediment trap, which is moored at a depth of 3000

m. During the experiment, all particles have a constant sinking velocityw. Once the particles have ascended to a depth of

200 m, which de�nes the depth of effective particle export (Wang et al., 2022a), their position is recorded (Figure 1b) and

the probability density function (PDF) associated with this position is computed. The PDF represents the catchment area

of the particles captured by the sediment trap during the 10-day collection period. This is also the variable predicted by115

the convolutional neural networks (CNNs). For eachw considered in this study, a total of 10,260 independent Lagrangian

experiments were performed, each providing a PDF associated with a different dynamical condition. Further details on the

methodology used can be found in (Picard et al., 2024).

2.2 Convolutional Neural Network architecture and training scheme

We have trained different CNNs to predict the catchment area, depending on the sinking velocities (w) considered here. The120

training methodology follows a state-of-the-art scheme with independent training, validation and test datasets (Lecun et al.,
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Figure 1. (a) Surface snapshot of relative vorticity in the numerical simulation. The black star represents the location of the PAP-SO station.

The dashed square outlines the domain considered in this study. (b) A closer examination of the solid black square, with a focus on the vertical

dimension. Relative vorticity at 200 m, 1000 m, 2000 m and 3000 m depth. The location of the sediment trap is indicated by the black star.

A group of particles from a single Lagrangian experiment is shown. The colours of the particles represent the time in days after the release

at the ST trap. When the particles reach a depth of 200 m, their position is saved (black dots) to compute the two-dimensional probability

density function (PDF). The green diamond indicates the north-east of the sub-domain, with the PAP station location as the reference point.

2015). We used U-net schemes as described in Ronneberger et al. (2015). These schemes are among the state-of-the-art neural

architectures for mapping problems with n-dimensional tensors, with numerous applications in imaging science (Falk et al.,

2019), as well as recent applications in ocean science (Lguensat et al., 2018; Beauchamp et al., 2022; Jenkins et al., 2022). For

each training run, we use 8604 Lagrangian experiments for training, 1224 for validation, and 6800 for testing. Further details125

of the methodology can be found in Picard et al. (2024). To evaluate our predictions, we consider the Bhattacharyya coef�cient

(Bhattacharyya, 1943) to assess the similarity between the true pdf and the predicted one:

BCz = � i 2 D
p

Pi;z Qi;z (1)

whereD represents the PAP domain,Pi is the predicted PDF value andQi is the true PDF computed from the Lagrangian

experiment at point i and at depth z. The Bhattacharyya coef�cient is used to evaluate the similarity between two PDFs and130

serves as the loss function. In the following section, we refer to this loss function as the Bhattacharyya training loss (BL).
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BL 200m = 1 � BC200m = 1 � �
p

Pi; 200m Qi; 200m (2)

BL 200m ranges from 1 to 0, with 0 representing a perfect prediction. We implement our machine learning scheme using

PyTorch (Paszke et al., 2019). The training phase relies on Adam optimizer (Kingma and Ba, 2015) with the following hyperpa-

rameters:� = (0.5, 0.999), no weight decay, and a learning rate of 0.001. The training process is performed using mini-batches135

of size 32. After 50 training epochs, the best model is selected based on its performance on the validation dataset. We further

improve the performance and robustness of the model by using a bootstrapping method with 10 replicates (Breiman, 1996). The

�nal prediction is a set of PDFs computed as the median of the predictions from the 10 models, followed by a re-normalization

step.

The inputs of the Unets are geophysical �elds for a 800 km-wide square box around the sediment trap with a 50-day time140

window and a 10-day time step. Three different Unet models were used to evaluate the impact of the input type and resolution:

– Unetw5V � 4L : this con�guration uses 5 variables as inputs, namely temperature, sea surface height (SSH), horizontal

velocities U and V, and vorticity at a horizontal resolution of 8 km and at 4 vertical levels (excepted for SSH) (0 m, 750

m, 1500 m, 2250 m).

– Unetw5V � 1L : this con�guration uses sea surface only �elds as inputs, namely SST, SSH and sea surface velocities at a145

horizontal resolution of 8 km.

– Unetwsst � ssh : this con�guration uses only SST and SSH as inputs. Its training involves spatially-averaged �elds to

account for the effective resolution of satellite-derived products in the region (80 km for SSH (Chelton et al., 2011); 28

km for SST L4 product.

Of these three models, we expectUnetwsst � ssh to be more applicable to reanalysis and satellite-derived products as it has150

been trained under conditions consistent with observational data inputs. The other two models will allow us to explore the

key drivers of Lagrangian particle trajectories from the surface to the deep ocean. In addition to these Unet models, prediction

baselines are considered in the form of 100 km and 200 km boxes centred at the PAP-SO station, denotedbox100km and

box200km (i.e. a PDF with uniform values within the box). These baselines represent the conventional approach that has

traditionally been used in previous studies to represent the particles' surface origins (Frigstad et al., 2015; Lampitt et al., 2023)155

and are used here as a reference point to assess the added value of the CNNs.

2.3 Test dataset and evaluation metrics

The considered test dataset consists of 6800 independent Lagrangian experiments that are used for testing the CNNs. Based on

theBL 200m score introduced in (Picard et al., 2024), we de�ne a binary classi�cation score as an evaluation metric:

– if BL 200m < 0.3 : the prediction is valid160
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– if BL 200m � 0.3 : the prediction is non-valid

As shown in (Picard et al., 2024), theBL 200m score is directly linked to the overlap between the two distributions de�ned

as :

F200m = � i 2 D min (Pi; 200m ;Qi; 200m ) (3)

The criterion ofBL 200m < 0:3 is arbitrarily chosen to represent a valuable prediction, such that the prediction accounts for165

F200m = 45% or more of the particles. The prediction made byUnetwsst � ssh for the simulation test dataset will be referred to

asD w
simu in the following. Figure 2 shows three samples from this dataset. The predictions are compared with the PDF of the

true particle origins from the Lagrangian experiments (see Section 2.1). In this example, predictions (a) and (b) are considered

valid, while prediction (c) is considered invalid.

Figure 2. Examples of predictions of the probability density function (PDF) of particle origins from theD w
simu simulation-based dataset.

The PDFs are represented by two contours: the solid contour represents 25% of the integrated PDF, while the dashed contour represents

75%. The black PDFs are the true PDFs derived from the Lagrangian experiment, and the red PDFs are the predictions usingUnet100
sst � ssh .

We report the corresponding Bhattacharyya scores. The background represents the relative vorticity 20 days after the initial particle release,

which coincides with the particles reaching the euphotic layer (z = 200 m) with a sinking velocity of 100 m.d� 1 . Be advised that in scenario

c), the true PDF is split into two patches. This is likely due to divergent dynamics at the source point located at the junction of several eddies,

which makes the prediction more challenging.

3 Sensitivity analysis on simulation datasets170

In this section, we evaluate the performance of the different Unet schemes. We test the robustness of the predictions while

varying the horizontal resolution of the inputs, the particle sinking velocity and the type of inputs. Our aim is to gain a deeper

understanding on the key in�uences on sinking particle trajectories.
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3.1 Impact of input drivers and associated spatial resolutions

We �rst focus on a sinking velocity of w = 100 m.d� 1, which has been assumed to be the mean velocity of particles sinking175

to the deep ocean observed at the PAP-SO station (Lampitt et al., 2001; Villa-Alfageme et al., 2014, 2016). To evaluate the

robustness of the predictions with respect to the horizontal resolution of the input variables, we examine the evolution of the

prediction score given byUnet100
sst � ssh (Figure 3) by progressively degrading the effective resolution of the inputs SST (black

dashed line) and SSH (red dashed line) �elds from 8 km (effective resolution of the numerical simulation) to 200 km. The

downscaling is conducted using an under-sampling method. To isolate the impact for each dataset, the SST resolution is �xed180

at 24 km when the SSH resolution is downscaled, and vice versa when the SST resolution is degraded, the SSH resolution

is �xed at 80 km. The evaluation is performed by computing the percentage of valid predictions from the entire test dataset.

The score does not change signi�cantly with SST resolution, whereas the score decreases signi�cantly with coarser SSH

resolution. We conclude that the information from SSH, which includes geostrophic currents information, is the main driver

for particle trajectory predictions. Conversely, the information derived from SST, which provides smaller scale features such185

as fronts, seems to play a secondary role. Regarding the resolution of SSH, the prediction score is not signi�cantly affected at

a resolution of 80 km compared to a �ner resolution (a loss of about 3% of valid predictions). This result supports the potential

application of the trained models with real satellite-derived products. However, it is important to note that for SSH resolutions

greater than 100 km, the network prediction score can be seriously degraded.

Figure 3. Evaluation ofUnet100
sst � ssh score as a percentage of the valid predictions computed with the numerical simulation test dataset. The

axis represents the horizontal resolution of the inputs downscaled using an under-sampling method. When the SSH resolution is downscaled,

the SST resolution is �xed at 24 km. Conversely, when the SST resolution is downscaled, the SSH resolution is �xed at 80 km.

8



3.2 Impact of sinking velocities and type of inputs190

In Figure 4 we compare the prediction metrics in terms ofBL 200m , F200m and the percentage of valid predictions provided

by the 3 CNNS (i)Unetw5V � 4L , (ii) Unetw5V � 1L , and (iii) Unetwsst � ssh . Additionally, the scores obtained with the standard

catchment areas, i.e.box200km andbox100km , were computed. Overall, the scores improved with larger sinking velocitiesw.

This is probably because particles with highw are less sensitive to subsurface dynamics and are likely to be much closer to

the sediment trap location, making it easier to predict the location. Conversely, with a lower sinking velocity, the particle path195

is typically more complex, with a longer transit resulting in a catchment area that is typically further from the sediment trap

location and spread over a larger area, as shown by Wang et al. (2022a).

A comparison ofUnetwsst � ssh predictions with traditional 100-200 km area baselines (Figure 4) reveals a clear added

value of the neural network scheme. Thebox200km= 100km gives on average between 1% and 20% of valid predictions, with

the percentage of predicted surface particles averaging about 20%. In contrast, theUnetwsst � ssh outperforms this score with200

a percentage of valid predictions ranging from 50% (w = 80 m.d� 1) to 80% (w = 300 m.d� 1). The average percentage of

predicted particlesF200m increases to 50% withUnetwsst � ssh (+30% compared to the boxes).

To gain a deeper understanding of the limitations of theUnetwsst � ssh score, we have increased the dynamical information in

the region provided by the inputs usingUnetw5V � 1L andUnetw5V � 4L . UnlikeUnetwsst � ssh , Unetw5V � 1L include explicit surface

velocity and vorticity information at a �ne resolution of 8 km. This additional information has led to a� 5-10% increase in205

valid predictions. As explained in Figure 3, part of this improvement is due to the �ner resolution. Thus, the addition of velocity

and vorticity does not seem to signi�cantly improve the score prediction at this resolution. We assume thatUnetwsst � ssh can

correctly extract the relevant features of the geostrophic velocities directly from the SSH.

The main limitation of the predictions seems to be the lack of information at deep levels. Indeed,Unetw5V � 4L outperforms all

otherUnet models with a range of 78% to 99% accuracy in predicting particle path dynamics (F200m = 60-80%), suggesting210

that deep dynamics are a crucial factor to consider in reconstructing the particle path. In the following section, the role of deep

dynamics on particles' pathways is elucidated, showing a direct correlation between the prediction score and the intensity of

deep currents.

3.3 Impact of deep dynamics

The aim of this investigation is to examine the role of the deep dynamics on particle pathways and their potential impact on the215

D w
simu predictions. Based on the model average kinetic energy pro�le (KE = 1

2 (u2 + v2)) in the region (Figure B1), it seems

that the dynamics below 1000 m could be considered negligible compared to the mesopelagic zone (z < 1000 m). Despite

the low intensity of the deep currents, the particle pathways are still signi�cantly in�uenced by deep structures such as deep

jets or mesoscale eddies, which can originate from the surface or at depth through local bathymetric interactions (Smilenova

et al., 2020). The deep currents induced by the continental shelf clearly affect the movement of the particles as soon as they220

are released, as shown in Figure 5(a-d) by the PDF of particles (w=100 m.d� 1) when they reach the mesopelagic layer (1000

m depth). In this example, the particles are already� 100 km away from the source before entering the area driven by surface
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Figure 4. Evaluation of 3 types ofUnet depending on the sinking speed w.Unetsst � ssh is in light blue,Unet1L � 5var in beige and

Unet4L � 5var in red. Additionally, the scores ofbox100 m (dark blue) andbox200 m (blue) have been computed. We evaluate the score using

(a)BL 200 m , (b) F200 m and (c) the % of valid predictions.

conditions. Moreover, based on a comparison between the two KE maps (b) and (d), the local currents around the PAP-SO

station (see inside the black box) in the upper layer (0-1000 m) are typically not well correlated with the dynamics at depth

(1000 m-3000 m). This leads to an incorrect prediction area (red contours vs black contours). Although, some surface eddies225

can have very deep coherence. If they are close to the PAP-SO station, they can lead to a coherent connection as they ensure

a better correlation between surface and deep dynamics (Figure 5(f,h)). They also tend to trap the particles together. These

effects seem to reinforce the predictive power, as exempli�ed in Figure 5(e).

To corroborate these observations, we analyse the link between the score of theUnet100
sst � ssh model and (i) the shape of the

"true" particles particle catchment area (i.e., the catchment area from Lagrangian experiments) when reaching the base of the230

mesopelagic zone (z = 1000 m) (Figure 6a), and (ii) the local deep dynamics (KE and� below 1000 m) (Figure 6b).

For (i) we computed the averaged bin statistics of the prediction scoreBL 200m conditioned on the mass centre and the

entropy of the true PDFs at 1000 m. The mass centre is de�ned as the average distance of the particles from the ST location.

The entropy, de�ned as� � pi log(pi ), wherepi is the PDF value at point i, describes the spread of the PDF. A high entropy is

associated with a large particle spread over the domain (Picard et al., 2024). This demonstrates that the �nal prediction score235

BL 200m is directly related to the PDF state at deep depth. It can be observed that valid scores (BL 200m < 0.3) are associated

with a low value of mass centre and high value of entropy. This suggests that particles whose centre of mass remains close to

the sediment trap location, even when dispersed over a large area at depth, are competently predicted. Conversely, the particles

signi�cantly affected by the deep currents reaching the mesopelagic zone too far away from the PAP-SO ST (mass centre >

75-100 km) are unlikely to be competently predicted.240
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