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Abstract. Marine ecosystem models are important to identify the processes that affect for example the global
carbon cycle. Computation of an annually periodic solution (i.e., a steady annual cycle) for these models requires a
high computational effort. To reduce this effort, we approximate an exemplary marine ecosystem model by different
artificial neural networks (ANNs). We use a fully connected network (FCN), then apply the sparse evolutionary
training (SET) procedure, and finally apply a genetic algorithm (GA) to optimize, inter alia, the network topology.
With all three approaches, a direct approximation of the steady annual cycle is not sufficiently accurate. However,
using the mass-corrected prediction of the ANN as initial concentration for additional model runs, the results are in
very good agreement. In this way, we achieve a runtime reduction by about 15%. The results from the SET algorithm
are comparable to those of the FCN. Further application of the GA may lead to an even higher reduction.
Key words. deep learning, genetic algorithm, sparse evolutionary training, biogeochemical modeling, marine
ecosystem modeling, transport matrix method
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1. Introduction. In the field of climate research, marine ecosystem models are important
to investigate changes in the marine ecosystem such as the uptake and storage of atmospheric
CO2 by the ocean. In general, these models are a fundamental element for the analysis of
various biogeochemical processes. A marine ecosystem model consists of a global circulation
model coupled to a biogeochemical model to take the interplay of physical and biogeochemical
processes into account; cf. [13, 51]. The equations and variables describing the physical
processes are well known while there is generally no set of equations and variables describing
the biogeochemical processes. Therefore, biogeochemical models of varying complexity exist,
which differ in the number of state variables and parametrizations; see, e.g., [26]. Phosphate,
for example, is a crucial nutrient modeled in biogeochemical models, because the amount of
this nutrient limits phytoplankton growth. Consequently, the phosphate concentration limits
also the CO2 uptake.
The computational effort of simulation runs with marine ecosystem models is very
high. A model evaluation is already expensive due to the fully coupled model [44]. More
importantly, the computation of steady annual cycles is expensive, because it requires a longtime integration over several millennia; cf. [3, 6, 8]. The high computational effort becomes
even more obstructive when performing parameter sensitivity, uncertainty, or identification
studies; cf. [48]. In these types of applications, typically, a high number of model evaluations
is necessary.
Several strategies enable the reduction of the computational effort to compute a steady
annual cycle of a marine ecosystem model. Firstly, the application of the offline simulation
instead of the fully coupled model (the so called online simulation) lowers the computational
effort. An offline simulation neglects the influence of the biogeochemical model on the
ocean circulation and uses pre-computed data of the ocean currents. Khatiwala et al. [22, 23]
introduced, secondly, the transport matrix method (TMM), which also lowers the computational
effort with a reasonable loss of accuracy. Therein, they reduce the computation of the global
ocean circulation to a matrix-vector multiplication. The method decouples the evaluation of
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the biogeochemical model from the ocean circulation, allowing for a more modular software
structure that can be used with a variety of biogeochemical models; cf. [47].
In recent years, deep learning [16, 30] based on artificial neural networks (ANNs) has led
to breakthroughs in various areas, for instance classification, speech recognition, computer
vision, and bioinformatics. The ability to learn features from observational data makes deep
learning so powerful. In this paper, we apply deep learning to learn the features of steady
annual cycles of a marine ecosystem model from pre-computed steady annual cycles. Using
the trained ANN reduces the computational effort, because the long-time integration is no
longer necessary.
Motivated by the computational and memory benefits, the interest in conceiving ANNs
with a sparse topology has, recently, increased; see, e.g., [2, 9, 39, 40]. More specifically,
these methods maintain the sparse topology throughout the training. In contrast, there are
various techniques that approximate a pre-trained dense neural network by a sparse one (see,
e.g., [14, 17, 31]), whereby the training process remains inefficient.
Genetic algorithms simplify the design process of the network architecture; see, e.g.,
[37, 49, 53]. Usually, the search for an appropriate network architecture is a manual process that
is time-consuming and based on experience. The network architecture depends, particularly,
on the underlying problem. Genetic algorithms automate this process. NeuroEvolution of
Augmenting Topologies (NEAT) [19, 53] is, for example, an evolutionary algorithm optimizing
both the parameters (weights) and the architecture of an ANN, but it has difficulty scaling
due to the very large search space. Therefore, we combined a genetic algorithm with the
sparse evolutionary training procedure [40] to obtain a sparse neural network approximating
the steady annual cycle of the marine ecosystem model reasonably.
The remainder of this paper is organized as follows: in the following section, we describe
the marine ecosystem model including the computation of a steady annual cycle. In Section 3,
we introduce the methods used to train the neural networks together with the resulting ANNs.
Numerical results of the approximation of the steady annual cycle by different ANNs are
presented in Section 4. Finally, the paper closes with a summary and conclusions.
2. Marine ecosystem model. In ocean and climate science, the marine ecosystem is
modeled by a system of differential equations for a given numbers of ecosystem species; or
tracers. The number of considered species differs from model to model. It defines the size of
the system of differential equations in the model. One of the simplest models is the one we
consider here. It has only one species, namely the amount of nutrients, PO4 . More complex
models contain phyto- and zooplankton and include the process of photosynthesis as well as
grazing. An example for such kind of complex model is the HAMOCC model [35] with about
50 species. The differential equations in the system are of Lotka-Volterra or predator-prey type.
They may include non-autonomous coefficient functions that model the dependency of some
processes on light, that is on time and space, and sinking that is on space only. Additionally,
the system includes the spatial transport of the tracers by the ocean currents, in the form of
spatially discretized advection and diffusion operators.
2.1. Model equations for marine ecosystems. Putting all of the above together, we
arrive at the following tracer transport model, which is written down here for just one tracer
variable y = y(x, t). Here, x ∈ Ω ⊂ R3 is a spatial point in the ocean Ω and t ∈ [0, 1] a time
instant in the considered interval of one year.
(2.1)
(2.2)

∂y
(x, t) + (D(x, t) + A(x, t)) y(x, t) = q(x, t, y, u),
∂t
∂y
(x, t) = 0,
∂n

x ∈ Ω, t ∈ [0, 1],
x ∈ ∂Ω, t ∈ [0, 1].
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Here, (2.2) describes a homogeneous Neumann boundary condition including the normal
derivative. The right-hand side q summarizes all biogeochemical terms. Thus, it is sometimes
referred to as the biogeochemical model in contrast to the marine ecosystem model. The latter
includes the effects of the ocean circulation and is the whole system (2.1) to (2.6). If more
than one tracer is present, the biogeochemical model q will also include the coupling of the
different species. Moreover, q depends on some model parameters, here summarized in the
vector u ∈ Rnu , nu ∈ N, as well as explicitly on time and space, e.g., due to the variability of
solar radiation and its influence on the biogeochemical processes.
The linear operators D and A correspond to diffusion and advection coming from the
ocean circulation, respectively. Diffusion is used as a model of turbulent effects of the ocean
circulation on the tracer concentration. Molecular diffusion of the tracers themselves is known
to be much smaller in relation to the diffusion induced by turbulence and is neglected. In
ocean circulation modeling, the diffusion operator is usually split into a sum D = Dh + Dv
of a horizontal and a vertical part. This is motivated by the quite different spatial scales in
horizontal and vertical direction, which requires an implicit treatment of the vertical part in
the time integration. In both directions, diffusion may be modeled in the second-order form as
(2.3)
(2.4)

Dh (x, t)y(x, t) := −divh (κh (x, t)∇h y(x, t)) ,


∂
∂y
Dv (x, t)y(x, t) := −
κv (x, t) (x, t) ,
∂z
∂z

where divh and ∇h denote the horizontal divergence and gradient, respectively, and where z
is the vertical coordinate. Since the diffusion is modeling turbulence of the ocean flow only,
the diffusion coefficient fields κh , κv : Ω × [0, 1] → R are the same for all tracers. In some
models (see, e.g., [45]), a biharmonic (4th order) diffusion is used for the vertical part. The
advection is modeled as
(2.5)

A(x, t)y(x, t) := div (v(x, t)y(x, t))

with a given velocity field v : Ω × [0, 1] → R3 .
As mentioned above, we are looking for a periodic solution or steady annual cycle, i.e., a
solution of (2.1), (2.2) additionally satisfying
(2.6)

y(x, 0) = y(x, 1),

x ∈ Ω.

For this purpose, we assume that the operators A, D and the function q are also annually
periodic in time.
2.2. Biogeochemical model. The model, we consider here as example, is the simplified
version of the N-DOP model described in [26] and [47]. The only variable y represents
nutrients (thus, N) in the form of PO4 . The biogeochemical model term takes the form
(2.7)

q(x, t, y, u) = f (x, t, y) − p(x, t, y(x, t)),

x ∈ Ω, t ∈ [0, 1].

The functions f and p depend on some parameters, summarized in the vector u as argument
for the function q on the left-hand side of (2.7), whereas this dependency is omitted in the
notation for f and p for simplicity.
The phytoplankton production (or biological uptake) function is defined as
p : Ω × [0, 1] × R>−KN → R,

p(x, t, y) := µP yP∗ I(x, t)

y
,
KN + y
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TABLE 2.1
Reference parameter values (uref ) used for the N model as well as lower (b` ) and upper (bu ) bounds used to
generate the Latin hypercube sample.

uref

Parameter
kw
µP
KN
KI
b
yP∗

Attenuation coefficient of water
Maximal growth rate
Half-saturation constant for PO4 uptake
Compensation light intensity
Implicit representation of sinking speed
Prescribed amount of phytoplankton

0.02
2.0
0.5
30.0
0.858
0.0028

b`

bu

0.01 0.05
1.0
4.0
0.25 1.0
15.0 60.0
0.7
1.5
(constant)

Unit
m−1
d−1
mmol P m−3
W m−2
1
mmol P m−3

where µP , KN , and yP∗ are parameters; see Table 2.1. Here, we used the notation in [47].
The function p models the uptake of nutrients by phytoplankton depending on the available
nutrients and light. The light limitation function I : Ω × [0, 1] → R≥0 uses insolation data
and has two additional parameters KI , kw . Below a certain depth in the ocean, I is set to zero,
reflecting the fact that light does not penetrate to the lower layers. Consequently, p is non-zero
only in the upper part of Ω.
In contrast to p, the function f in (2.7) depends non-locally on y. It models the nutrient
flux from the upper to the lower layers due to sinking. Without going too deep into details of
the modeling (see [26] for a description), the production in the upper layers modeled by p is
distributed to the lower ones. The sinking speed is indirectly modeled by a parameter b ∈ R>0
appearing, with a negative sign, as an exponent of the vertical coordinate z in f . As a result,
the uptake modeled by the function f decreases with depth, and the parameter b describes this
decrease. As a consequence, a smaller value of b implies a higher sinking speed.
Summarizing, the model has nu = 5 parameters that may be varied in certain ranges for
parameter studies and model calibration. We combine them in the vector
(2.8)

u = (kw , µP , KN , KI , b) .

Reference values and bounds are shown in Table 2.1. The parameter yP∗ is regarded as fixed.
2.3. Transport matrix method. The aim of the application presented here is, as mentioned above, to study the dependence of periodic solutions (or, in other terms, steady annual
cycles) of a marine ecosystem model (2.1) to (2.6) w.r.t. the parameter values of the included
biogeochemical model function q. For the N model, these would be the nu = 5 parameters in
(2.8). Naturally, a periodic solution also depends on the given circulation data, which are the
velocity field v and the diffusion fields κh , κv . But since this dependency is not our focus, we
use annually periodic reference values of these fields. These fields can be pre-computed by
some ocean circulation model that was run into a steady annual cycle.
Using the fields v, κh , and κv directly would require to implement a discretization scheme
for the diffusion and advection operators D and A. Since the application of the two operators
on a spatially discretized tracer vector y = y(t) is a linear operation, a more efficient method
was presented in [22, 23]. In the transport matrix method (TMM), not the fields v, κh , and κv
are stored, but the matrices that represent the application of the discretized operators (using
these fields) on a discrete tracer vector are computed and stored. The details of the computation
are presented in [23].
To describe the usage of transport matrices for the simulation of a marine ecosystem model,
we assume that the computational domain Ω (i.e., the ocean) is discretized in space, resulting
in nx ∈ N grid points xk , k = 1, . . . , nx . Moreover, we discretize time by introducing an
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equidistant grid
tj := j∆t,

j = 0, . . . , nt ,

∆t :=

1
.
nt

The numerical approximation of a spatially discrete tracer vector at fixed time instant tj is
then denoted by
n

x
yj ≈ (y(xk , tj ))k=1
∈ Rn x .

We discretize the equation (2.1) in time using a semi-implicit Euler scheme, where advection
and horizontal diffusion are treated explicitly and vertical diffusion implicitly. We denote
by Aj , Dhj , and Dvj the spatially discretized counterparts of the operators A, Dh , and Dv ,
respectively, at time step j, where the Neumann boundary conditions are already included.
This results in a time-stepping

yj+1 = I + ∆tAj + ∆tDhj yj + ∆tDvj yj+1 + ∆tqj (yj , u), j = 0, . . . , nt − 1.
Here, I ∈ Rnx ×nx is the identity matrix and
n

x
qj (yj , u) := (q(xk , tj , yj , u))k=1
∈ Rnx ,

j = 0, . . . , nt − 1,

the spatially discretized biogeochemical term. Defining the explicit and implicit transport
matrices
h
nx ×nx
Texp
,
j := I + ∆tAj + ∆tDj ∈ R

imp
v −1
nx ×nx
Tj := I − ∆tDj
∈R
, j = 0, . . . , nt − 1,

we obtain
(2.9)


yj+1 = Timp
Texp
j
j yj + ∆tqj (yj , u) =: φj (yj , u) ,

j = 0, . . . , nt − 1.

Thus, a time step of the marine ecosystem simulation consists of two matrix multiplications
and one evaluation of the biogeochemical model.
The transport matrices are generated from a grid-point-based ocean circulation model.
Hence, the explicit ones are sparse. For the implicit ones (which are the inverse of discretization
matrices) this also holds since they only include the vertical diffusion part. In practical
computations, pairs of transport matrices cannot be stored for all time-steps in a year. In
contrast, monthly averaged matrices are saved. Assuming annually periodicity of the ocean
circulation, then only two sets of each 12 matrices have to be stored. This makes the evaluation
of (2.9) very efficient.
2.4. Computation of steady annual cycles. Looking for a periodic solution (i.e., a
steady annual cycle) in the fully discrete setting means that we try to obtain
ynt = y0 ∈ Rnx
when applying the above iteration (2.9) over one year model time. The mapping that performs
one year is given by
Φ := φnt −1 ◦ · · · ◦ φ0
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with φj defined in (2.9). We therefore look for a fixed-point of this mapping. A classical
fixed-point iteration takes the form

(2.10)
y`+1 = Φ y` , u , ` = 0, 1, . . . ,
where we start with an arbitrary vector y0 ∈ Rnx . The superscript ` may now be considered
as a model year if the fixed-point iteration (2.10) is interpreted as pseudo-time stepping or
spin-up, a term which is widely used in ocean and climate research.
From numerous numerical experiments performed with the model with a wide range of
parameter vectors (e.g., results used in [47]), we found that the fixed-point or steady annual
cycle for a distinct parameter vector was unique and was reached by (2.10) independently of
the initial value y0 , even though this was not mathematically proved by now.
Testing for numerical convergence of the iteration, we used the difference between two
consecutive iterates determined by
ε` := y` − y`−1

(2.11)

for iteration (model year) ` = 1, 2, . . . . As norm we used the weighted Euclidean norm
kvk2,w :=

nx
X

! 12
wk vk2

,

n

x
∈ Rn x ,
v = (vk )k=1

k=1

with weights wk ∈ R>0 , k ∈ {1, . . . , nx }. Here, the weights can be set to the box volumes
corresponding to the grid points xk , denoted by |Vk | , k = 1, . . . , nx . For all weight vectors
x
w ∈ Rn>0
and any vector v ∈ Rnx , we have
√
√
min
wk kvk2 ≤ kvk2,w ≤ max
wk kvk2 ,
1≤k≤nx

1≤k≤nx

i.e., all these norms are equivalent to the Euclidean norm. We used similar norms for the whole
trajectory over one model year. For a weight vector w as above, we define


nX
t −1

kvk2,w,T := 

∆t

j=0

kvk2,T := kvk2,w,T

nx
X

 21
2 
wk vjk
,

v = (vjk )j=0,...,nt −1,k=1,...,nx ∈ Rnt ×nx ,

k=1

for wk = 1, k = 1, . . . , nx .

3. Artificial neural networks. We approximated the steady annual cycle of the marine
ecosystem model by ANNs. In this study, we applied a multilayer perceptron with a feedforward architecture. Multilayer perceptrons consist of an input layer, at least one hidden
layer and an output layer. Typically, only the neurons between two consecutive layers are fully
connected without internal loops.
To predict the tracer concentrations of the steady annual cycle from the model parameters,
the input layer consisted of nu = 5 neurons corresponding to the model parameters defined
in (2.8). Although the steady annual cycle comprises the complete trajectory of a model year,
we used only 52 749 neurons in the output layer corresponding to the discretization of the
tracer concentration for the first time of the model year. Taking the whole annual trajectory
with 2880 time-steps, the output layer would consist of almost 152 million neurons so that the
training of the ANN would be infeasible.
We trained the ANNs with the approach of supervised learning [18] using backpropagation.
For the optimization, we applied either the stochastic gradient descent (SGD) [4, 50] or the
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adaptive moment estimation (Adam) algorithm [24]. The loss function was the mean squared
error; activation functions were the exponential linear unit (ELU) [7] for the neurons of the
hidden layers and the scaled exponential linear unit (SELU) [25] or rectified linear unit (ReLU)
[15, 43] for the neurons of the output layer, respectively. In addition, we made partial use of
the regularization strategy dropout [16, 52].
Since the marine ecosystem model preserves mass, the total mass of the tracer concentration predicted by an ANN turned out to be crucial for the accuracy of the prediction. To
guarantee mass conservation, we applied the following pointwise adjustment on a prediction
yANN :
Pnx
|Vk | m
(3.1)
ỹANN = Pnx k=1
yANN .
k=1 |Vk | yANN (xk , t0 )
It uses the box volumes |Vk |, k = 1, . . . , nx , of the discretization and a global mean tracer
concentration m ∈ R>0 in order to obtain the required overall mass.
In the training procedure of an ANN (i.e., the optimization of its internal weights), a given
set of pairs of input and output data is used. A subset of these pairs is used in the optimization
as training data to adjust the network weights. Another part is used during the optimization
process to monitor how the already partially optimized network behaves on these validation
data that were not used in the weight optimization. After finishing the training procedure,
another part is used as test data to assess the quality of the trained network.
3.1. Sparse evolutionary training algorithm. Motivated by the sparsity in biological
neural networks [46, 54], the sparse evolutionary training (SET) algorithm [33, 40] replaces
the fully connected layers with sparse ones. The network size of neural networks with
fully connected layers is limited by computational limitations. Besides, the training of these
networks often ends up with many weights around zero [17]. Furthermore, an increasing
number of neurons and the interlayer connectivity both increase the computational complexity.
The SET procedure applies sparse neural networks using sparsely connected layers to lower
the computational complexity by quadratically reduction of the number of parameters in both
phases; training and inference. It also reduces memory requirements. In particular, sparsity
remains unchanged due to adaptive sparse connectivity during training. The SET procedure
evolves an initial sparse network using an evolutionary approach into a scale-free network [1]
with more structured connections. This approach differs from methods that generate the sparse
topology only during or after the training process; e.g., weight pruning [17, 31]. Moreover,
this method achieves a very high accuracy performance [40, 57] exceeding, often, even its
dense counterpart [34].
The SET algorithm initializes each layer of the sparse network as an Erdős-Rényi random
graph [11, 12]. In this graph, a neuron can be connected to any number of neurons of the
k−1
k
subsequent layer. The weight matrix W k ∈ Rn ×n contains the weights of each connection
between the neurons of the successive layers k − 1 and k, where n` represents the number
of neurons of layer `. A hyperparameter ε ∈ R>0 controls the sparsity of the Erdős-Rényi
random graph in the following way. The probability of the connection between the i-th neuron
of layer k − 1, i ∈ {1, . . . , nk−1 }, and the j-th neuron of layer k, j ∈ {1, . . . , nk }, is chosen
as



ε(nk + nk−1 )
k
P Wij = min
,1 .
nk nk−1
Thus, the sparse topology contains |W k | = ε(nk + nk−1 ) connections instead of nk nk−1
connections of a fully connected layer.
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This SET procedure adjusts the topology after each training epoch, following an evolutionary idea. This is motivated by the fact that the randomly generated initial sparse topology
is not necessarily suitable to learn the particularities of the data of the underlying problem.
More specifically, the algorithm removes a fraction ζ ∈ (0, 1) of the connections with the
smallest positive and largest negative weights (i.e., the weights closest to zero) whose removal
does not noticeably affect the model performance [17, 56]. Afterwards, the procedure adds
an amount of random selected connections with random weights, equal to the amount of
previously removed connections, so that the number of connections remains constant during
training. In analogy to an evolutionary algorithm, the removal of connections corresponds to
the selection and the random insertion to the mutation. In short, the sparse initialization of the
networks as Erdős-Rényi random graph together with the removal and random insertion of
connections constitutes the core of the sparse evolutionary procedure.
3.2. Hyperparameter adaption using genetic algorithm. In this study, we applied
a genetic algorithm (GA) to design a network with (preferably) optimal architecture and
hyperparameters. GAs, introduced by John Holland in the 1960s [21], belong to the class of
evolutionary algorithms (see, e.g., [10]) based on the Darwinian principle of evolution through
selection. Due to the number of possible combinations of the hyperparameters in an ANN
(such as number of layers, number of neurons in each layer, activation functions, network
optimizer, learning rate), it is not possible to train the network for all of their combinations in
order to determine the optimal one and to obtain, as result, the “best” ANN.
Starting from a number of randomly chosen vectors (the initial “population”) of hyperparameters, a GA (see, e.g., [38, Chapter 1.6]) evolves the population over several iterations
(“generations”) by creating new parameter vectors (“offspring”) from the best members of the
current population. The population size and the number of generated offspring are important
parameters of a GA. They depend on the size and complexity of the underlying problem. In
every generation, new parameter vectors (“individuals”) are built by random changes (“mutation”) and/or recombination of the “genes” (i.e., parameter values) of the individuals. The
best among parents and offspring make it into the next generation. This selection is based on
a fitness function, which in our case was the training loss. Lastly, the GA terminates after a
defined number of generations.
We used truncation selection [42] and discrete recombination (see, e.g., [5, 42]) to create
the next generation. We divided the member of the next generation into three groups:
1. The best 25% of the current population become part of the next generation.
2. Another 7.5% of the new population were taken randomly from the remaining
individuals. For all of them, we randomly mutated one (also randomly chosen)
hyperparameter.
3. The remaining 67.5% of the new population were generated by discrete recombination
of the individuals in the above two groups. For this purpose, we randomly selected
two members out of them as parents. We generated one offspring by taking the
parents’ hyperparameter values with a probability of 0.5 each. As a consequence, the
offspring usually received hyperparameters from both parents. Moreover, a randomly
selected hyperparameter was mutated with probability of 0.3 after recombination.
We trained the ANNs, whose hyperparameters were selected by the GA, with the SET
procedure described in Section 3.1. Table 3.1 contains all hyperparameter adapted by the GA
including the parameter ε, ζ of the SET procedure. We applied the activation function for all
layers of the ANN.
Among the hyperparameters, there is a dependency between the number of layers and the
number of neurons for each layer. In order to correct this possible discrepancy the number of
neurons for each layer was adjusted after a recombination or mutation such that the length of
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TABLE 3.1
Hyperparameter used in the genetic algorithm.

Hyperparameter

Range of values

Number of layers nn
Number of neurons
Activation function
Network optimizer
Learning rate
ε
ζ

{1, . . . , 10}
{s ∈ {1, . . . , 1000}nn , si ≤ si+1 , i = 1, . . . , nn − 1}
ELU, SELU, ReLU, Linear
SGD, Adam
{10−1 , 10−2 , . . . , 10−5 }
[1, 1000]
[0.1, 0.9]

the number of neurons always corresponds to the number of layers. Furthermore, we sorted the
neurons per layer in ascending order to ensure a good information flow from the few number
of model parameters nu to the large number of grid points nx in the ocean discretization.
4. Results. In this section, we present the results obtained with three different ANNs. On
the one hand, we looked at the approximation quality. On the other hand, we investigated the
possible runtime reduction taking the ANNs’ approximations as initial values for the original
simulation and running it into a steady annual cycle.
4.1. Experimental setup. For the training of the ANNs, we created a Latin hypercube
(cf. [36]) sample of the parameter vectors defined in (2.8) within the bounds from Table 2.1 and
computed a steady annual cycle for each parameter vector. The sample had 1100 parameter
vectors that were generated by the L HS routine of [32]. For every parameter, the routine divided
the range uniformly into 1100 non-overlapping intervals and selected randomly one point from
each interval. The Latin hypercube sampling combined the selected points for all parameters in
a random manner so that each selected point was present in exactly one parameter vector. We
then applied the marine ecosystem toolkit for optimization and simulation in 3D (Metos3D)
[47] for the computation of the steady annual cycle. Here, we performed a spin-up over 10 000
model years, starting with a constant global mean tracer concentration of 2.17 mmol P m−3
for PO4 .
We trained the ANNs with the parameter vectors of the Latin hypercube sample as input.
As output, we considered only the concentration of the first time instant in the last, the 10 000th
model year. We randomly split these data to use 80% as training and 20% as validation data. As
test data for the trained ANNs, we used 100 randomly chosen parameter vectors of the sample.
We compared the predictions of the ANNs with a reference solution, denoted by y10000 ,
namely the result obtained by a spin-up with Metos3D using a constant initial concentration,
also over 10 000 model years. We used the following quantities for comparison:
• yANN : Prediction of the ANN.
1000
• yANN
: Result of a spin-up over 1000 model years, using the prediction as initial
concentration.
• ỹANN : Mass-corrected prediction of the ANN.
1000
• ỹANN
: Result of a spin-up over 1000 model years, using the mass-corrected prediction
as initial concentration.
In particular, we measured the accuracy of an approximation by the pointwise relative difference
(4.1)

x − y10000
ky10000 k2


1000
1000
, ỹANN , ỹANN
.
for x ∈ yANN , yANN

We call this quantity the (relative) error of the respective result x.
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F IG . 4.1. Training progress for the FCN with predefined structure.
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F IG . 4.2. Pointwise relative error (4.1) with x = yANN of the FCN’s prediction for the selected test parameter
vector uref (4.2). Shown are concentrations at the surface layer (0 m to 50 m, left) and at a slice plane of the Atlantic
at 29.531 25◦ W (located at the dashed line, right) at the first time instant of the model year; in January.
−4

−4

10
To compare possible runtime reduction, we also computed y10 and ỹANN
, the results
−4
of spin-ups with a tolerance of 10 in (2.11), using either a constant concentration or the
mass-corrected prediction of the ANN, ỹANN , as initial value.

4.2. Fully connected network with predefined structure. We trained a fully connected
network (FCN) with three hidden layers using the backpropagation combined with SGD and
SELU as activation function for the neurons of the output layer. Inspired by the prime decomposition of 52 750, the hidden layers of this ANN had 10, 25, and 211 neurons. Figure 4.1
displays the convergence behavior during the training, i.e., the loss function for training and
validation data, respectively. Both values decreased in a similar way. Looking at the reduction,
it would be possible to stop the training even after a much lower number of iterations/epochs.
Quality of the approximation. The accuracy of the prediction yANN of the FCN was not
sufficient to represent the steady annual cycle of the marine ecosystem model. Figure 4.2
depicts the pointwise error for the exemplary parameter vector
(4.2)

uref = (0.02, 2.0, 0.5, 30.0, 0.858) ;
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TABLE 4.1
Relative error (4.1) in different norms for the parameter vector uref (4.2).

k·k2

k·k2,V

k·k2,T

k·k2,V,T

yANN
1000
yANN
ỹANN
1000
ỹANN

1.805e-01
8.529e-02
1.748e-01
2.342e-02

1.738e-01
8.390e-02
1.392e-01
2.449e-02

1.650e-01
7.936e-02
1.595e-01
2.178e-02

1.869e-01
9.052e-02
1.496e-01
2.640e-02

Depth [m]

x

50
360
790
1080
1420
1810
2250
2740
3280
3870

0.0e+00

5.0e-04

1.0e-03

1.5e-03

2.0e-03

4510
5200

-60

-30
0
30
Latitude [°]

60

F IG . 4.3. As Figure 4.2, but for x = ỹANN , i.e., using the mass-corrected prediction ỹANN .

see Table 2.1. Although the structure of the prediction resembled the tracer concentration
of the reference solution, the error is big, especially near the equator. Using the prediction
yANN as initial concentration of an additional spin-up calculation over 1000 model years
1000
(giving yANN
) improved the approximation as listed in Table 4.1. However, the nutrient
concentration in the Antarctic as well as near the equator showed still large deviations. The
Table 4.1 additionally indicates that the choice of the error norm (i.e., using volume-weighted
differences or comparing the whole annual trajectory) makes no qualitative difference.
The mass correction of the prediction defined in (3.1) led to a better approximation. A
1000
potential reason for the big errors of the above two approximations yANN and yANN
was a
mass loss. The model preserves mass and also its implementation approximately does, but
the ANN did not. In our calculations, the mass of the ANN predictions contained only 92%
of the mass of the reference solution for the parameter vector uref (4.2). Thus, neither the
prediction itself nor its use as an initial concentration for Metos3D was likely to provide an
appropriate approximation. The mass correction of the prediction (giving ỹANN ) reduced,
instead, slightly the error as can be seen from Table 4.1. More specifically, it significantly
lowered the deviation in the deeper layers of the ocean, especially in the North Pacific and the
northern Indian Ocean. In contrast, the discrepancy at the surface layer actually increased as
we can see in Figure 4.3. Using the mass-corrected prediction ỹANN as initial concentration
for 1000 additional simulation years considerably reduced the error and gave a much better
1000
approximation ỹANN
; Figure 4.4 and Table 4.1. The euphotic zone (i.e., approximately the
upper 150 m of the ocean; see, e.g., [41, 55]), is subject to great variability due to the annual
cycle while it takes several millennia for concentrations to change in the deep ocean. Due to
the the small deviation of ỹANN in the deeper layers of the ocean (Figure 4.3), the additional
spin-up over 1000 model years (Figure 4.4) was, therefore, sufficient to decrease noticeably
the error, especially at surface. Indeed, 1000 model years were not enough to significantly
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1000 , i.e., using the mass-corrected prediction ỹ
F IG . 4.4. As Figure 4.2, but for x = ỹANN
ANN as initial value for
1000 additional simulation years. The range of the colorbar is smaller as in Figure 4.2, emphasizing that the error
was significantly reduced.

0.4
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0.4
0.2

0.4

0.00125
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F IG . 4.5. Visualization of the relative error (4.1) using the FCN for the whole test data set. Left to right:
1000 , ỹ10−4 . The relative error corresponds to the distance to the center. In the first three plots,
x = yANN , ỹANN , ỹANN
ANN
the distance of the circles is 0.1. In the rightmost, the distance is 2.5 · 10−4 , showing that the error is further reduced.

reduce the error in the deeper layers. If we ran the simulation for additional years model time,
we could reduce the error even more.
Taking the mass-corrected prediction as initial value for a spin-up was the only benefit
we may take from application of the FCN. As a pictorial summary, Figure 4.5 illustrates the
different quality of the approximations for the whole test data set. Comparing the first and the
second graph from the left, we see that the mass correction of the prediction defined in (3.1)
reduced the relative error only slightly. However, the mass correction of the prediction was
crucial, because the mass of the predictions diverged by up to 10% from the required mass.
In order to obtain an acceptable error (third graph from the left in Figure 4.5), it remained
necessary to run the simulation for additional model years (here, 1000 model years) using the
mass-corrected prediction as initial concentration. The main question was how many spin-up
iterations we can save using this strategy.
Reduction of computing time. Using the mass-corrected prediction ỹANN of the FCN as
initial concentration shortened the computational time for the spin-up calculation. We computed two spin-ups with a tolerance of 10−4 , first one using the constant initial concentration
and the second one using the mass-corrected prediction as initial concentration. The results
−4
10−4
are y10 and ỹANN
, respectively. Figure 4.6 reveals that the same tolerance was reached
earlier when using the mass-corrected prediction. Figure 4.7 demonstrates, moreover, this
behavior for nearly the whole test data set. However, there were some parameter vectors where
the spin-up calculation required more model years using the mass-corrected prediction as

ETNA
Kent State University and
Johann Radon Institute (RICAM)

150

M. PFEIL AND T. SLAWIG

Constant inital value
Mass-corrected prediction as initial value

Norm [mmol P m−3 ]
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1000
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Model years [yr]

4000

F IG . 4.6. Difference (2.11) between two successive iterations (i.e., model years) in the spin-up for the exemplary
parameter vector uref (4.2), using either a constant or the mass-corrected prediction ỹANN of the FCN as initial value.
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F IG . 4.7. Required model years for reaching a tolerance 10−4 in (2.11) in the spin-up using either the masscorrected prediction ỹANN of the FCN as initial value or the constant one. Displayed are results for the whole test
data set.

initial concentration than the constant one. Furthermore, we obtained a relative error less than
10−3 ; Figure 4.5, rightmost graph. Thus, we received a suitable approximation in lowered
computational time for a significant number of parameters vectors of the test data set.
4.3. ANN obtained by sparse evolutionary training algorithm. We trained an ANN
with the sparse evolutionary training procedure (see Section 3.1) using ε = 20 and ζ = 0.3 as
well as the topology of the FCN described in Section 4.2. Thus, the neural network consisted
of three hidden layers with 10, 25, and 211 neurons and sparse connected layers. We used
additionally dropout to temporarily drop randomly selected 30% of the input units of each
hidden layer during the training. Moreover, we used backpropagation combined with SGD
and ReLU as activation function of the neurons of the output layer. Figure 4.8 displays the
development of the training and validation loss during the training. Here, we observed more
ups and downs in both loss functions. This is typically for the SET algorithm since it removes
connections and randomly adds new connections between the layers. These adaptations may
turn out to be beneficial or not in the next iteration and can thus increase the loss function.
Moreover, we observed from Figure 4.8 that the training loss was larger than the validation
loss. One reason of this larger training loss was also the removing and adding of connections
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F IG . 4.8. Training progress for an ANN using the sparse evolutionary training procedure.
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F IG . 4.9. As Figure 4.5, but for the ANN built with the SET algorithm.

at the beginning of each epoch. The training loss is calculated as the average of the losses
for each batch of the training data. As a consequence, the loss decreases during the training
(in an epoch) because the weights (especially those of the randomly added connections) are
updated after each batch. Wherefore, the loss over the first batches is usually greater than
over the last ones. On the contrary, the validation loss is computed at the end of an epoch
using the adapted weights. A second reason for the larger training loss was the use of the
regularization mechanism dropout which is only used during training but not for computing
the validation loss. Again, the process could have been stopped earlier with no big change in
the loss functions, if they are averaged over some iterations.
Quality of the approximation. A main difference and advantage of the ANN, we created
using the SET algorithm, was that the predicted concentrations yANN now already had approximately the correct mass. Comparing the two leftmost graphs in Figure 4.9 shows that the errors
of the prediction yANN and the mass-corrected prediction ỹANN were almost identical. Nevertheless, both did not appropriately approximate the steady annual cycle. Applying 1000 model
1000
years in the simulation (giving ỹANN
) or computing down to a tolerance (2.11) of 10−4 (giving
10−4
ỹANN ), we reduced the error significantly as evident from the two rightmost graphs in Figure 4.9.
Reduction of computing time. The runtime reduction using the mass-corrected prediction
was similar to the one of the FCN. There was a reduction for nearly all parameter vectors in
the test data set, and there were almost the same outliers as for the FCN. The results for the
whole test data set can be seen in Figure 4.10.
4.4. ANN obtained by sparse evolutionary training and genetic algorithm. We applied the ANN with sparse layers maintained by the GA (see Section 3.2) using 10 generations

ETNA
Kent State University and
Johann Radon Institute (RICAM)

152

M. PFEIL AND T. SLAWIG

Occurrence

Constant initial value
Mass-corrected prediction as initial value
16
14
12
10
8
6
4
2
0

3000

3500

4000
4500
Model years [yr]

5000

5500

F IG . 4.10. As Figure 4.7, but using the mass-corrected prediction of the ANN built with the SET algorithm.
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F IG . 4.11. Training progress for the network designed by the SET algorithm and the GA.

and a population size of 30. This ANN consisted of seven hidden layers with dropout (30%
of input units set to 0 at each step during training) containing all 500 neurons except the first
and seventh layer which contained 80 and 600 neurons, respectively. For this neural network,
SGD was, moreover, used as optimizer, SELU as activation function for the neurons of all
layers and ε = 50 and ζ = 0.1 as parameter for the sparse evolutionary training procedure.
Figure 4.11 illustrates the training progress for this ANN. As for the ANN obtained by the
SET algorithm (Section 4.3), the training loss was larger than the validation loss. This resulted,
on the one hand, from the property of the SET algorithm to remove and add weights at the
beginning of each epoch and, on the other hand, from the use of dropout.
Quality of the approximation. The mass of the prediction of this ANN deviated only
negligibly from the mass of the constant initial concentration. Hence, there were little
differences seen between the predictions yANN and their mass-corrected counterparts ỹANN
for the whole test data set, as depicted in the two leftmost graphs of Figure 4.12. Besides,
the prediction of the ANN built with the GA (Figure 4.12, leftmost graph) approximated the
steady annual cycle better than the prediction of the ANN trained with the sparse evolutionary
training algorithm; Figure 4.9, leftmost graph. Taking the mass-corrected prediction ỹANN as
initial value for 1000 additional spin-up steps or down to a tolerance of 10−4 , we obtained an
ever better approximation of the reference solution. They are displayed in the two rightmost
graphs of Figure 4.12.
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F IG . 4.12. As Figure 4.5, but for the application of the ANN built with the SET algorithm and the GA.
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F IG . 4.13. As Figure 4.7, but using the mass-corrected prediction of the ANN built with the SET algorithm and
the GA.

Reduction of computing time. The spin-up calculation using the mass-corrected prediction
as initial concentration lowered the computational time. Figure 4.13 reveals these reductions
of the computational time. The simulations achieved the spin-up tolerance of 10−4 in less
model years than for constant initial concentration for almost all parameter vectors of the test
data set. Again, there was no decrease of the computational time for the same outliers already
obtained for the FCN. In particular, we obtained an appropriate approximation with a relative
error less than 10−3 (Figure 4.12, rightmost graph) for nearly all parameter vectors.
5. Conclusions. We approximated a marine ecosystem model using ANNs designed in
three different ways to predict the steady annual cycle. The ANNs took 5 model parameters as
input and should predict (the first time instant in a model year of) a steady state solution of the
ecosystem as output. We applied a FCN with prescribed structure, used the SET algorithm to
obtain a sparse network with the same number of layers and nodes as the FCN, and finally
used a GA to optimize the hyperparameters of the network and, thus, also its structure.
None of the three networks was able to directly predict a sufficiently accurate approximation of the steady annual cycle. The FCN with fixed structure did not even predict a solution
with the correct mass of the reference solution, whereas the original model preserves the mass
over time. The other two networks, designed using the SET algorithm or the SET algorithm
and the GA, respectively, were able to predict a solution with correct mass. Especially for the
FCN, we corrected the mass by a post-processing step; see (3.1). As an alternative, we also
extended the ANN by an additional layer which served exclusively for conservation of mass.
Such a layer did basically the same as the correction step (3.1), i.e., its weights were defined
by the mass correction property alone. The main difference was that the loss function in the
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F IG . 5.1. Comparison of the required model years of the spin-up with a spin-up tolerance 10−4 using the
mass-corrected prediction of the three different ANNs as initial value.

training was evaluated after applying the mass correction, whereas it was measured before if
using (3.1) as post-processing step. Thus, the results with the mass-conserving layer inside the
ANN were expected to be superior. However, this alternative did not lead to any improvement
in our experiments. In fact, the error was even greater.
Using the mass-corrected prediction as initial concentration for the marine ecosystem
model simulation shortened the computational costs. The results after a certain number of
additional model steps were in good agreement with the reference solutions. This was the case
for a test data set of 100 parameter vectors. Due to the mass conversation property of the model,
the correct mass of the prediction was crucial. Any difference in the mass is always preserved
during an additional spin-up calculation. Consequently, such mass difference resulted in an
error. In contrast, starting from a tracer concentration with the correct mass, the concentration
approached arbitrarily close to the steady annual cycle. The reached accuracy depended on the
additionally performed model steps. For all three networks and nearly all parameter vectors in
the test data set, this procedure led to a significant reduction of necessary iteration steps to
reach the steady annual cycle. Thus, the ANNs can be used to generate a better initial value for
a computation of the steady annual cycle and to save computing time. We achieved a reduction
of the computational costs of about 15%. The violin plot [20] in Figure 5.1 indicates that the
improvement in runtime was similar for the three presented ANNs.
Both the quality of the approximation and the reduction of the computing time were
almost identical for the three ANNs. In analogy to [40], we could show that the ANN built
with the SET algorithm gave results of the same quality as the FCN, despite the quadratic
reduction of the number of parameters. We have not yet used the computational and memory
benefits of the SET algorithm in our implementation. An efficient implementation (see, e.g.,
[33]) could be used to reduce the computational costs. Usage of the GA for hyperparameter
optimization did not improve the results of the obtained ANN so far, whose results were
comparable to those of the FCN. In this work, we used 10 generations with 30 individuals
each, resulting in nearly 250 network training processes. These two parameters only determine
the computational effort of the GA, since all other operations are negligible. However, since
we optimized seven hyperparameters (see Table 3.1), even 250 combinations of them can
only cover the hyperparameter space in a very sparse way. Therefore, we still think that it is
promising to apply a GA to further improve the prediction results, always taking into account
the necessary additional effort.
The reduction of the computational costs resulted from the predicted tracer concentration
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resembling already the structure of the concentration for the steady annual cycle in contrast to
the constant initial concentration. While the annual variability affects exclusively concentrations in the upper ocean, concentration changes in deeper ocean requires thousands of model
years; cf. [3, 6, 8]. For this reason, predictions reflecting well especially the concentrations in
the deeper ocean should lead to a reduction of the required model years to compute the steady
annual cycle, if they are taken as initial concentrations.
The computational costs for the computation of a steady annual cycle decisively affects
the computational effort of a parameter optimization or sensitivity analysis (see, e.g., [27,
28, 29, 48]) of a global marine biogeochemical model, since several hundred computations
of steady annual cycles are necessary for this. Our approximation approach of a marine
ecosystem model could lower this computational effort.
The number of available training data limited our approach to approximate marine ecosystem models using ANNs. In typical applications of neural networks, using 1100 data sets for
training is regarded to be a small number. On the other hand, the computation of steady states
of the ecosystem model is quite expensive, taking thousands of years model time. Hence, this
size of the training data set was reasonable and already high in the area of ocean and climate
science. The small sample size of the training data may lead to overfitting and, consequently,
to a larger generalization error. The use of larger neural networks with a higher number of
parameters would increase this effect. In our approach, we used dropout as regularization to
reduce the risk of overfitting. The SET algorithm reduced, in addition, the number of trainable
parameters and, thus, the complexity of the neural network. Nevertheless, some complexity
of the ANN was necessary to approximate the nonlinear function that maps the few model
parameters to the concentration of the steady annual cycle.
We see four options to improve the results of our work: At first, the network structure
could be designed differently. We mapped few parameters to a three-dimensional output,
namely the spatially dependent tracer concentration of the steady state. In this work, we used
the output as an one-dimensional vector. Preserving the three-dimensional distribution and
using deconvolutional layers (that take into account the spatial neighborhood of the output)
might lead to better results. Secondly, we could try to run the model for a couple of years until
some basic spatial structure already has developed. We then could enhance the ANN’s input
(being only the few model parameters in this work) by this still unsteady state of the model.
Naturally, this will substantially change the dimension of the input. As a consequence, also a
different network structure would be necessary. As a third option, we could reduce the output
dimension by performing a pre-processing; e.g., a principal component analysis. We then
could try to predict the main components of the steady state instead of its full spatial resolution.
Finally, the use of reinforcement learning, if the ANN is used in parameter optimization runs,
sensitivity studies, or model assessments, would be possible.
In summary, the main points of this paper are the following:
• The predictions of the three ANNs were not a sufficient accurate approximation of
the steady annual cycle of the marine ecosystem model.
• The mass-corrected predictions as initial value reduced the computational costs of
the simulation of a marine ecosystem model to compute a steady annual cycle.
• Similar quality of the approximation and reduction of the computing time for the
three ANNs.
Code and data availability. The code used to generate the data in this publication
is available at https://github.com/slawig/bgc-ann and https://metos3d.
github.io/. All used and generated data are available at https://doi.org/10.
5281/zenodo.4058319.
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