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Abstract. We investigate oxygen diffusion in the soil in one dimension by finite differences and the physics-
informed neural network. Solving the diffusion equation by either method determines the oxygen concentration
profiles inside the soil column at various times. However, while respecting specified Dirichlet and Neumann
boundary conditions, the concentration profiles at certain times become negative, which is non-physical per se. We
can resolve this situation in finite differences by proclaiming these negative concentration values as zero during
the time-stepping scheme. In the case of PINN, we propose an innovative solution with a custom loss function,
tailored to avoid such non-physical behavior. Two types of Dirichlet boundary conditions are investigated. The
first is constant, and the second one periodically changes, with a period of 24 hours. We demonstrate that the PINN
with a customized loss is effective and accurate. The proposed approach to circumvent non-physical solution areas
demonstrates promise for application to various analogous problems.
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1 Introduction

The diffusion equation is widely used in environmental mod-
eling and agriculture to describe the transport of substances
such as pollutants, nutrients, heat, and moisture in soil, wa-
ter, and air. Thus, in environmental modeling, this equation
is used to investigate pollutant dispersion in air and water,
groundwater contamination, and heat transfer in climate and
ecosystem studies. Agricultural applications of this equation
include soil moisture and irrigation management, nutrient
transport in soil, pest, and disease spread modeling, green-
house temperature control, etc.

The aeration of the soil greatly influences its productivity.
Plant roots can respire thanks to the air-filled gaps in the soil.
During respiration, plant roots take oxygen and emit carbon
dioxide. For most plants, the rate at which oxygen is trans-
ported from aboveground components (leaves and stems) to
the root system is insufficient to fulfill the needs for oxygen
[1]. Therefore, the soil must be aerated. Inadequate aeration
leads to reduced water absorption and premature withering.
A significant number of plants rely on getting oxygen from
the soil and releasing carbon dioxide into the surrounding air.
In soil air, gases and vapors are distributed by convection and
diffusion, with the last-mentioned being the primary mecha-
nism [2]. Several factors influence the oxygen diffusion rate.
It rises with decreasing soil water content or increasing suc-
tion to a certain point before dropping with additional wa-
ter depletion. Oxygen diffuses from the atmosphere to plant
roots via air-filled soil pores and water films that separate the
root surfaces from the gas phase [3]. Compact strata within
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a soil profile can also affect how oxygen moves through the
soil [4]. The rate at which oxygen diffuses through the soil
has been suggested as a reliable indicator of soil aeration [5,
6].

The kinetic theory of gases states that soil oxygen molecules
constantly move due to thermal forces. Gas moves through
diffusion in the soil as a result of a concentration gradient that
generates an overall shift of molecules from high to low con-
centration. Using Fourier transformations, Papendick and
Runkles [7] created analytical models to represent transient-
state oxygen diffusion in soil. Kanwar [8] devised an analyt-
ical solution to describe non-steady-state oxygen transport
from the atmosphere to the soil using the Laplace transfor-
mation approach. Because of the particular initial and bound-
ary conditions used, this analytical solution’s applicability is
limited. Generally, finding analytical solutions is a complex
task. To accurately predict the state of oxygen diffusion in
soil, rather than analytical methods, it is easier to apply nu-
merical methods to solve diffusion equations.

Air is composed of several gases. Without any humid-
ity, it consists of 78% nitrogen and 21% oxygen, with the
remaining 1% composed of other gases such as argon, car-
bon dioxide, neon, and helium. In nature, air is never fully
dehydrated and always contains some water vapor, varying
from nearly 0 to 5% colorblue in absolute terms. As the wa-
ter vapor content increases, the proportion of the other gases
decreases accordingly. Also, the absolute concentration of
oxygen changes with daily variations in barometric pressure.
For this reason, it is important to look into how minor peri-
odic changes in O2 concentration in the air affect the diffu-
sion dynamics of O2 into the soil.

This paper examines O2 diffusion dynamics in the soil
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column. Using the explicit finite difference (EFD) approach
to solve the diffusion equation, we determined the concentra-
tion profiles of O2 inside the soil for both constant and peri-
odically varying air O2 concentration. Due to the nature of
the differential equation and boundary conditions, in regions
not considered by Kalita et al[9], non-physical negative con-
centration profiles are obtained for times beyond a certain
critical point.

The central topic of this research is a physics-informed
neural network (PINN) for solving the oxygen diffusion prob-
lem. In an identical setup, the solution obtained by PINN
closely resembles that of the finite difference method, alto-
gether with negative concentration profiles. However, in the
PINN approach, the loss function can be used as a better in-
strument to prevent non-physical negative concentration. We
demonstrate that with a choice of custom loss function with
a suitable gradient, it is possible to avoid having areas with
negative concentration.

The paper is organized as follows. The problem specifi-
cation is given in Section 2. We present the EFD solution to
the problem in Section 3.1. The description of the solution
by a PINN is given in Section 3.2. The original approach for
preventing non-physical concentration values is detailed in
Section 3.3. Setup of the problem, the comparison of PINN
solutions with EFD solutions, and the discussion are the sub-
ject of Section 4, with the concluding remarks in Section 5.

2 Oxygen diffusion dynamics

The one-dimensional oxygen diffusion in the column of soil
depicted in Figure 1 is described by the partial differential
equation (PDE) [8]:

Figure 1. A schematic diagram of the soil column

∂C (x, t)
∂t

= D
∂2C (x, t)
∂x2 − α (1)

where C(x, t) is the concentration of the diffusing substance
(oxygen) in the soil at depth x, t is time, D is the diffusion
coefficient of oxygen in the soil, and α is activity (the rate at
which biological and chemical activities inside the soil con-
sume oxygen). For semi-infinite homogenous soil profile,
Kanwar [8] analytically solved Eq. (1) considering these ini-
tial and boundary conditions:

C(x, t) = C0, 0 ≤ x ≤ L; t = 0 (2)

C (x, t) = C0, x = 0; t > 0

∂C(x, t)
∂x

= 0, x→ ∞; t > 0
(3)

where C0 is the concentration of oxygen in the atmosphere.
For simplicity, Eq. (1) assumes continuous and uniform ac-
tivity α. If biological action absorbs soil oxygen, adsorption
may vary with time and position [8]. In [8], an analytical
solution is proposed for this problem:

C(x, t) = C0+α
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Papendick and Runkles [7] measured oxygen concentra-
tions at different depths and times, and Kanwar [8] found a
reasonable agreement between measured and predicted oxy-
gen concentrations. Kalita [9] applied a finite element method
to solve Eq. (1) numerically for a semi-infinite homogeneous
soil profile. Determining the O2 concentration within the soil
is particularly important when considering a situation where
the O2 concentration in the air is a time-varying function,
meaning that the boundary condition at x = 0 is as follows:

C(x = 0, t) = C0 [1 + ε sin(2πt/T )] , (5)

where ε is the O2 amplitude of concentration oscillation and
T is the oscillation period, usually 24h, following daily rhythm.
There is no analytical solution for the diffusion equation (1),
hence a numerical solution is required.

We should note here that the partial differential equation
(1) solved in this work is not the most appropriate model
for oxygen diffusion in soil, since the concentration cannot
decrease further than zero in reality. It is a good model only
for large concentrations. Therefore, for small concentrations,
one can use either the PINN approach presented in this work
or eventually attempt to model such diffusion processes using
a modified Eq. (1), where instead of reaction term −α, one
could employ a linear reaction term −αC(x, t).

3 Numerical methods

In this section, we will outline the solution to the problem
using both the EFD and direct PINN methods. In a separate
subsection, we explain the solutions to the issue of negative
concentrations.
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3.1 Explicit finite-difference scheme

Numerical methods do not have limitations of analytical meth-
ods and provide versatility, particularly for arbitrary initial
and boundary conditions [10, 11]. We found that the EFD
method is simpler and computationally more efficient than
the implicit finite-difference method [11, 12].

The EFDM is used in this work, despite its conditional
stability, since it is the most simple method. We note that
there are other efficient unconditionally stable explicit meth-
ods, such as the Dufort-Frankel, leapfrog-hopscotch and shifted
hopscotch, etc. (see e.g. [13]). Moreover, several numeri-
cal methods are constructed to avoid negative concentrations
due to numerical errors. The most well-known is the uncon-
ditionally positive finite difference scheme [14]. There are
even fourth-order methods for diffusion equation [15]. A lot
of positivity-preserving algorithms are tested in [16]. Some
algorithms can guarantee positivity for more complicated re-
action terms, such as the logistic term [17].

The term
(
∂2C(x, t)/∂x2

)
of the diffusion equation (1)

was represented using the central difference scheme:

(
∂2C(x, t)
∂x2

)
=

Ci+1, j − 2Ci, j +Ci−1, j

(∆x)2 + O(∆x)2 (6)

and a forward difference scheme for the derivative term [12](
∂C(x, t)
∂t

)
=

Ci, j+1 −Ci, j

∆t
+ O(∆t) (7)

Equation (1) now becomes:

Ci, j+1 = Ci−1, j
D∆t
∆x2 +Ci, j

(
1 −

2D∆t
∆x2

)
+Ci+1, j

D∆t
∆x2 −α∆t (8)

The indices i and j represent the discrete step lengths ∆x and
∆t for the coordinate x and time t, respectively. In terms of
known values along the jth time row, equation (6) gives Ci, j+1
at the (i, j + 1)th mesh point. For the difference equation (8),
the truncation error is O(∆t, (∆x)2). Small enough values of
∆t and ∆x enable for the truncation error to be minimized
until the accuracy is within the error tolerance[12].

The finite difference form of the initial condition (2) for
equation (1) is:

Ci,0 = C0, 0 ≤ x ≤ L; t = 0 (9)

For a constant boundary condition at the soil surface, it
can be expressed in the finite difference form as:

C0, j = C0, x = 0; t > 0 (10)

For a periodic boundary condition at the soil surface, it
can be written in the finite difference form as:

C0, j = C0

[
1 + ε sin(2πt j/T )

]
, x = 0; t > 0 (11)

The boundary condition at x → x∞ in the finite differ-
ence form becomes:

CN, j = CN−1, j, x→ x∞; t > 0 (12)

where N = x∞/∆ x is the grid dimension in the x direc-
tion and x∞ is the distance in direction x at which ∂C/∂x = 0.
x∞ replaces x→ ∞ in equation (3).

3.2 Physics-informed neural network

The PINN is a machine-learning technique that can approxi-
mate the solution of PDEs. PDEs with corresponding initial
and boundary conditions can be expressed in a general form
as:

ut +N[u] = 0, X ∈ Ω, t ∈ [0,T ], (13)
u(X, 0) = h(X), X ∈ Ω, (14)
u(X, t) = g(X, t), X ∈ Ωg, t ∈ [0,T ]. (15)

Here N is a differential operator, X ∈ Ω ⊆ Rd and t ∈ R
represent spatial and temporal coordinates respectively, Ω ⊆
R is a computational domain, Ωg ⊆ Ω is a computational
domain of the boundary conditions, u(X, t) is the solution of
the PDEs with initial condition h(X) and boundary condition
g(X, t). A formulation like this can also be applied to higher-
order PDEs since higher-order PDEs can be written in the
form of first-order PDEs.

In the original formulation [18], PINN consists of two
subnets: an approximator network and a residual network.
The approximator network receives input (X, t), undergoes
the training process, and provides an approximate solution
û(X, t) of the PDEs as an output. The approximator network
trains on a grid of points, called collocation points, sampled
from the simulation domain. Weights and biases of the ap-
proximator network are trainable parameters that are trained
by minimizing a composite loss function with the following
form:

L = Lr +L0 +Lb, (16)

where

Lr =
1
Nr

Nr∑
i=1

∣∣∣∣u (
Xi, ti

)
+N

[
u
(
Xi, ti

)]∣∣∣∣2 , (17)

L0 =
1

N0

N0∑
i=1

∣∣∣∣u (
Xi, ti

)
− hi

∣∣∣∣2 , (18)

Lb =
1

Nb

Nb∑
i=1

∣∣∣∣u (
Xi, ti

)
− gi

∣∣∣∣2 . (19)

Here, Lr, L0, and Lb represent residuals of governing
equations, initial and boundary conditions, respectively. Ad-
ditionally, Nr, N0, and Nb are the numbers of collocation
points of the computational domain, and the initial and bound-
ary conditions, respectively. These residuals are calculated
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by a non-trainable part of the PINN model called the resid-
ual network. To compute the residual Lr, PINN requires
derivatives of the outputs concerning the inputs. Such com-
putation is achieved by automatic differentiation, which re-
lies on combining derivatives of the constituent operations
by the chain rule giving the derivative of the overall compo-
sition. This technique is a key enabler for the development
of PINNs and it is the key element that differentiates PINNs
from similar efforts in the early 90s [19, 20], which relied on
the manual derivation of back-propagation rules. Nowadays,
automatic differentiation capabilities are well-implemented
in most deep learning frameworks such as TensorFlow [21]
and PyTorch [22], and they allow us to avoid tedious deriva-
tions or numerical discretization while computing derivatives
of all orders in space-time.

A schematic of the PINN is demonstrated in Figure 2 in
which a simple PDE ∂ f

∂x +
∂ f
∂y = 0 is used as an example. As

shown in Figure 2, the approximator network is used to ap-
proximate the solution u(X, t) which then goes to the residual
network to calculate the residual lossLr, boundary condition
lossLb, and initial condition lossL0. The weights and biases
of the approximator network are trained using a custom loss
function consisting of residuals Lr, L0, and Lb through a
gradient-descent technique based on the back-propagation.

Approximator Network
Residual Network

Loss Function

Figure 2. The architecture of the PINN and the standard
training loop of PINN that is constructed for solving a
simple PDE, where PDE and Cond denote governing
equations, while R and I represent their residuals. The
approximator network is subjected to a training process and
provides an approximate solution. The residual network is a
non-trainable part of PINN capable of computing derivatives
of approximator network outputs for the inputs, resulting in
the composite loss function, denoted by MSE.

3.2.1 PINN solution to the diffusion equation

This problem is solved following the PINN approach by con-
structing a neural network to approximate the concentration

C(x, t). The approximate solution is differentiated concern-
ing their variables, for values defined in the set of collocation
points selected from the domain D × [0,T ], where D ⊂ Rd

is a bounded domain, and T denotes the final time. The loss
function consists of terms used in (17), (18), and (19) by neu-
ral network approximations of C at collocation points, where
terms include a given PDE and the initial and boundary con-
ditions along the domain boundary.

The loss function consists of terms used for the assess-
ment of the difference between C and its approximation Ĉ
obtained by a PINN. Here, terms represent residuals of the
governing PDE, the initial and boundary conditions. The to-
tal loss L is determined by the sum of residuals as:

L =Lr +L0 +Lb1 +Lb2 , (20)

where

Lr =
1
Nr

Nr∑
i=1

∣∣∣∣∣∣∂Ĉ (x, t)
∂t

− D
∂2Ĉ (x, t)
∂x2 + α

∣∣∣∣∣∣
2

, (21)

L0 =
1

N0

N0∑
i=1

∣∣∣∣Ĉ(x, 0) −C0

∣∣∣∣2 , (22)

Lb1 =
1

Nb1

Nb1∑
i=1

∣∣∣∣Ĉ(0, t) −C0

∣∣∣∣2 , (23)

Lb2 =
1

Nb2

Nb2∑
i=1

∣∣∣∣∣∣∂Ĉ (∞, t)
∂x

∣∣∣∣∣∣
2

, (24)

The first term Lr penalizes the governing equation (1),
Nr being the batch size of collocation points randomly sam-
pled in the training domain consisting of spatial and temporal
coordinates, using a uniform distribution as a Hammersley
point set. Ĉ(x, t) is the neural network approximation of the
concentration field C(x, t). The second term L0 determines
the fulfillment of the initial condition (2). The terms Lb1 and
Lb2 indicate residuals of Dirichlet and Neumann boundary
conditions given in (3). N0, Nb1 , and Nb2 denote the num-
bers of the collocation points in which initial and boundary
conditions apply.

In the case of periodic boundary conditions driven by
daily changes of oxygen concentration, the Lb1 can be writ-
ten as:

Lb1 =
1

Nb1

Nb1∑
i=1

∣∣∣∣Ĉ(0, t) −C0 [1 + ε sin(2πt/T )]
∣∣∣∣2 . (25)

3.3 Treating non-physical solutions

It is shown that the models based on the equations given in
sections 3.1 and 3.2, when time passes a certain critical point,
either PINN or EFD method, start to result in negative con-
centration profiles. Looking at Eq. (1), the primary cause
of such behavior is the factor of activity α. Since C < 0
is non-physical per se, the obtained solution requires special
treatment. The analytical method by [8] and finite-element
scheme by [9] do not consider any special treatment of these
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non-physical concentrations, with a valid reason. Since both
consider only a range x ∈ [0, 100 cm], it was unnecessary
to deal with this problem. However, if we consider the ex-
tended range x ∈ [0, 700 cm], as depicted in Figure 3, the
areas where C < 0 start to appear. We will eliminate them by
enforcing two different methods. One will apply to the EFD
scheme, and the other will apply to the PINN approach.

Figure 3. The analytical solution for the problem posed by
[9], but in the extended range of x ∈ [0, 700 cm]. The last
three times exhibit areas where C < 0.

3.3.1 EFD approach

Let’s first consider how to deal with this issue in the proposed
EFD scheme. Replacing negative C values with zeros is in-
sufficient as a post-processing action. These boundary values
impact the entire transient solution and should be replaced
immediately upon appearance. Upon calculating Ci, j+1 ac-
cording to Eq. (8), we will replace negatives by zeros like
this:

Ci, j+1 = max(0,Ci, j+1), (26)

and proceed with time-stepping.

3.3.2 PINN approach

However, since PINN does not include any time-stepping, we
cannot utilize such a simple scheme. In PINN, it is possible
to operate directly with the loss function to provide treatment
of the non-physical values. We can ”force” the PINN to pre-
vent negative values of the resulting function directly in the
training phase, by introducing the following modification to
the loss term Lr, specified in Eq. (21):

L∗r = Lr ·[1+sgn(C−Ctol)]+λ ·
C
C0
·[1−sgn(C−Ctol)] (27)

where Ctol denotes the tolerance, C0 the reference concentra-
tion, and λ represents the scaling factor. The basic idea is to
change the behavior of loss Lr depending on the value of C.

If C > Ctol, it behaves normally, according to the differential
equation. However, in the case that C < Ctol, we lead C to
simply drop to zero, thanks to the gradient. The scaling fac-
tor λ is mandatory to keep the second (artificial) loss term in
the same order of magnitude as the first one. It can be defined
as:

λ ∝ 10⌊log10 |Lr |⌋ (28)

The scaling factor represents the order of magnitude of the
first loss term Lr in Eq. (27). Since C

Ctol
∈ [0, 1], the magni-

tude of the second loss term is λ. In this way, it is possible
to ensure the same order of magnitude of Lr and the custom
loss term, for the entire training time. We used:

λ = 5 · 10⌊log10 |Lr |⌋ (29)

in all our experiments. It is likely possible to completely
avoid scaling the second loss term, by employing the adap-
tive weights, as implemented by Haghighhat et al[23], but
the proposed formulation works sufficiently well.

4 Results & Discussion

To facilitate the comparison of results, we applied the pro-
posed EFD scheme and PINN with customized loss to the
diffusion of oxygen in a soil column with the geometry used
in the work by Kalita [9], Figure 1. The following values
of diffusion coefficient (D) and activity (α), measured by
Papendick and Runkles [7], are used: D = 259.2 cm2·h−1

and α = 0.002 125 cm3·cm−3·h−1. We first investigate a case
when the air oxygen concentration at x = 0 is C(0, t) = C0 =

0.21 cm3·cm−3.
Figure 4 shows the numerical results for relative oxygen

concentration at eight different times obtained by solving the
diffusion equation (1) by the EFD method and PINN in the
case of constant air oxygen concentration. The step lengths
∆x = 5 cm and ∆t = 0.000 05 h have been used to achieve
stability of the EFD scheme. In equation (12), we used x∞ =
700 cm as the distance at which there is no change in the
oxygen concentration. Increasing x∞ had little impact on the
solution but greatly increased the grid size and computation
time.

The PINN applied to this problem consists of 3 hidden
layers with 80 neurons each, activated by the sigmoid acti-
vation function. To carry out the back-propagation, we sum
up the loss in 8000 collocation points within the domain, in-
cluding 2000 boundary points and 500 for the initial condi-
tions. Following the PINN approach, we strategically place
those collocation points near the domain boundaries to effec-
tively enforce the specified Dirichlet and Neumann bound-
ary conditions, as well as initial conditions. Adam optimiza-
tion with a learning rate of 1.0e-03 is applied in the training
through 500.000 iterations, and finalizing by the L-BFGS
method, as suggested by Markidis [24]. Implementing the
methods mentioned above and algorithms can be explored
within the well-known DeepXDE library designed for scien-
tific machine learning [25].
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Figure 4. Oxygen concentration vs. depth of the soil
column at different diffusion times for constant air oxygen
concentration C0 = 0.21 cm3·cm−3. The upper diagram
shows the entire domain of 700 cm. The bottom diagram
presents the same data focused on the area from 0 to 100 cm.

A good agreement between EFD and PINN solutions is
apparent from Figure 4, both applying their specific mecha-
nisms for avoiding negative concentration, described in Sec-
tion 3.3. The maximum PRMSE between EFD and PINN
occurs at 160 hours, reaching 1.03 %, as shown in Table 1.

Figure 5 shows numerical results for the oxygen con-
centration inside the soil column for various diffusion times
when the air oxygen concentration periodically changes as
C(x = 0, t) = C0·[1+ε sin (2π t/T )], where C0 = 0.21 cm3·cm−3,
ε = 0.05, and T = 24 h are assumed. The PINN applied
to this problem is more complex, to catch the periodic phe-
nomena and consists of 4 hidden layers with 180 neurons
each, activated by the sigmoid activation function. The nor-
mal and boundary collocation point numbers are the same
as in the case of constant C0, as well as the optimization
method and learning rate. The maximum PRMSE between
PINN and EFD solutions occurs at 160 hours, reaching 0.49
%, as shown in Table 1.

A good match between two different approaches to solv-
ing a diffusion PDE demonstrates the correctness of the pro-

Table 1. RMSE for different times

t [h] PRMS E(constant) PRMS E(periodic)
12 0.06% 0.05%
24 0.11% 0.08%
48 0.18% 0.15%
72 0.28% 0.19%
96 0.47% 0.20%

128 0.67% 0.44%
144 0.82% 0.35%
160 1.03% 0.49%

posed techniques for avoiding non-physical solutions to the
problem of oxygen diffusion in soil. We must emphasize that
finding optimal hyper-parameters for the PINN, especially
in the case of periodic boundary conditions was challeng-
ing. At first, we tried manually but at later stages utilized the
technique proposed by Kaplarević et al [26]. The PINN/GA
(PINN/Genetic Algorithm) strategy provides a fully automatic
design of a PINN by an evolutionary strategy with specially
tailored GA operators of selection, crossover, and mutation,
adapted for deep neural network architecture and hyper-pa-
rameter search.

5 Conclusion

We investigated oxygen diffusion in the soil in one dimension
using the EFD method, and a PINN. Due to the impact of the
activation parameter α, a concentration may become negative
at some point in time. We proposed two techniques to over-
come this issue, one trivial for EFDM, and another, more
advanced, for PINN. The innovative solution uses a custom
loss function, specially tailored to avoid resulting negative
concentration profiles. According to the results, the PINN
with a customized loss is effective and accurate, and there
are no obstacles to application to analogous problems.

On the other hand, there is a lot of room for further im-
provements. For example, one can work on an automatic
determination of the parameter λ from Eq. 28, then the au-
tomatic determination of the number of layers, neurons per
layer, activation functions, and other hyperparameters. Al-
though PINN has shown solid accuracy, its computation time
is much higher than the simple EFD scheme. It is notewor-
thy that PINN has proven to be an efficient tool for solving
nonlinear PDEs. Furthermore, PINN shows its real strength
in solving inverse problems, where there are no obstacles to
using the proposed approach of preventing non-physical so-
lutions.
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Figure 5. Oxygen concentrations vs depth of the
soil column at different diffusion times obtained
for periodically changing air oxygen concentration
C(x = 0, t) = C0 · [1 + ε sin (2π t/T )], C0 = 0.21 cm3·cm−3,
ε = 0.05, and T = 24 h. The upper diagram shows the entire
domain of 700 cm, and the bottom diagram presents the
same data focused on the area from 0 to 100 cm.
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tifying optimal architectures of physics-informed neu-
ral networks by evolutionary strategy. Appl. Soft Com-
put. 146: 110646


	Introduction
	Oxygen diffusion dynamics
	Numerical methods
	Explicit finite-difference scheme
	Physics-informed neural network
	PINN solution to the diffusion equation

	Treating non-physical solutions
	EFD approach
	PINN approach


	Results & Discussion
	Conclusion

