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Deep learning algorithm emerges as a new method to take the raw features from large dataset and mine their deep
implicit relations, which is promising for solving traditional physical challenges. A particularly intricate and difficult
challenge is the energy loss mechanism of energetic ions in solid, where accurate prediction of stopping power is a long-
time problem. In this work, we develop a deep-learning-based stopping power model with high overall accuracy, and
overcome the long-standing deficiency of the existing classical models by improving the predictive accuracy of stopping
power for ultra-heavy ion with low energy, and the corresponding projected range. This electronic stopping power model,
based on deep learning algorithm, could be hopefully applied for the study of ion-solid interaction mechanism and enormous
relevant applications.

Keywords: electronic stopping power, deep learning, ion range, reciprocity theory

PACS: 34.10.+x, 34.50.Bw, 07.05.Mh DOI: 10.1088/1674-1056/ac4e0c

1. Introduction
In the past century, the energy loss of energetic ions

in matter has been a momentous subject and garnered
great attention, since it is important for both scientific re-
search and industrial applications, including radiation dam-
age, ion beam analysis, nuclear physics, ion implantation
and nano-device modification.[1–5] Extensive experimental
measurements and theoretical studies by Bethe,[6] Bloch,[7]

Lindhard,[8] Sigmund,[9] and Ziegler et al.,[10] have predicted
electronic stopping power (Se) with varied degrees of success.
Meanwhile, many computational codes, such as SRIM[11–13]

and MSTAR,[14,15] have been developed to predict these val-
ues and to simulate the ion transportation behavior in solids.
Particularly, with the help of time-dependent density func-
tional theory,[16–18] the accuracy of Se has been significantly
improved, but still require being benchmarked against suitable
experimental data.[19] Therefore, most of the existing models
are actually driven by big data, and this idea has been success-
fully applied in many engineering applications.

On the other hand, describing and predicting the stopping
power of energetic ions in solid is extremely complicated: both
the ion and solid properties affect the energy transfer process.
Though the contribution from many factors, such as binding
energy, state of matter, electron structure, band gap and ex-
citation energy, have been suggested to be important for this
process,[1,2,20–22] most of the prevalent stopping power mod-

els only consider the influence of collision parameters, includ-
ing the atomic number and mass for the incident ion (Z1, M1)
and target material (Z2, M2), along with the kinetic energy of
the incident ion (Ein),[11,14,23,24] because it is almost impossi-
ble for classical methods to find an appropriate fitting func-
tion to capture the complicated relations among many param-
eters. Therefore, their predictive accuracies are fundamentally
restricted, the reason why a new method to overcome these
problems has been highly desired for many years.

Recently, with the advent of machine learning technique,
it becomes possible to take the raw features from large dataset
directly, and mine their deeply implicit relations automatically.
Especially, deep learning (DL) algorithm, which can be con-
sidered as a more complex network with multiple processing
layers to represent data with multi-levels of abstraction,[25,26]

has already brought about breakthroughs in many fields of
science, e.g., planning chemical syntheses,[27] acceleration
of super-resolution localization microscopy,[28–30] classifying
scientific data[26,31] and solving high-dimensional problems in
condensed matter systems.[32–36] Considering the large num-
ber of energy loss data obtained in the past decades, the DL
based models are expected to make better use of data than
those classical methods, which strongly rely on the selection of
oversimplified stopping power formulas and fitting functions.

In 2020, William and Richard proposed a machine learn-
ing based stopping power model,[37] which accomplished sim-
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ilar calculation accuracy compared with SRIM. However, in
this article, we find that the deep learning based electronic
stopping power (DL-ESP) model can not only achieve high
predictive accuracy: the average relative difference is about
5.7%, which is comparable to other existing classical models,
but also show high accuracy in the regime that is lack of exper-
imental data, and it would be quite valuable in many practical
applications: it could provide strong support of the reciprocity
theory proposed by Sigmund,[38] and give a much better pre-
diction in evaluating the projected range of slow heavy ions in
light compounds, which have been long-time challenges in this
field. We believe that this model could make a major break-
through in physics.

2. Methods
2.1. Deep learning network

To deploy DL-ESP, we used the experimental ion colli-
sion dataset collected by Paul and International Atomic En-
ergy Agency (IAEA), which contains nearly all the published
electronic stopping power data of different ions in solids, gases
and compounds, since the 1990s.[39,40] According to our tests,
a 5-layer network with a grid of 16×32×64×32×16 is good
enough to give the required accuracy. Our model, which in-
cludes the generating, training and invoking of neural network,
is built based on the Keras[41] with the TensorFlow[42] plat-
form as the back-end, including the generating, training and
invoking of neural network. In order to balance the prediction
performance for Ein in both high and low energy ranges, the
mean absolute percentage error (MAPE) loss function, instead
of the mean absolute error (MAE) loss functions, was adopted.
Moreover, we chose the rectified linear unit (ReLU) acti-
vate function[43] and the adaptive moment estimation (Adam)
optimizer[44] to make the network easier to converge. We ex-
ported the fully optimized model with the smallest validate
after the training process, and invoked it at the following ex-
ploration and discussion. A simple illustration of our method
is shown in Fig. 1.

2.2. Datasets

In this study, only 16907 experimental data of electronic
stopping power (Se) for different ions, with kinetic energy
(Ein) within the range of 5–1000 keV/u, were selected, since
most of the experiments were carried out within this energy
range. We randomly chose 13526 (80%) of them as training
dataset, while the rest 3381 (20%) were used for validation.
Especially, some specific experimental data, such as Ti and Kr
ion in Al, were collected but excluded from the total dataset,
in order to verify the predictive accuracy of DL-ESP model.

Restricted by the shortage of experimental data when Ein

< 5 keV/u, especially for some heavy ions, the general predic-
tive accuracy in the low energy range (defined as 1–10 keV/u

in this study) should be enhanced in another way: by introduc-
ing some additional boundary points into the training dataset.
Considering that in the energy range of 1–10 keV/u, the LSS
model[8,45–47] is accurate enough to describe the Se of ion in
elementary material.[48] Therefore, in this study the boundary
points were generated using the LSS model expressed as

Se = 3.83
Z7/6

1 Z2

M1/2
1 (Z2/3

1 +Z2/3
2 )3/2

E1/2
in , (1)

where the units of Se and Ein are 10−15 eVcm2/atom and keV,
respectively. Using Eq. (1), we calculated Se of 80 different
ions, with the incident energy of 1 and 10 keV/u, in 80 types
of elementary materials, and then used the boundary points
only in the training dataset.

2.3. Computational detail for ion range

In order to quickly estimate the projected range (Rp) of
ion in compounds in an easy way, the classical Lindhard’s
equation was applied in this study, since it is a widely used
and simple enough method which only contains Se and Sn:[49]

Rp = R/(1+M2/3M1). (2)

Here, M1 and M2 are the mass of projectile (e.g., 197 for Au)
and target (e.g., 20 for SiC averagely), respectively, and R rep-
resents the total ion path:

R = N−1
∫ Ein

0
[Sn(E)+Se(E)]−1 dE, (3)

where Sn and Se are the nuclear and electronic stopping power,
respectively. Since DL-ESP could only provide Se for elemen-
tary materials, the electronic stopping power can be simply
calculated by using Bragg’s rule:[50]

Se(AB) = aSe(A)+bSe(B), (4)

where a and b are the atomic fractions of A and B in AB com-
pound system, respectively. Though there are many more ad-
vanced and accurate computational method for Rp, we still
chose Lindhard’s equation and Bragg’s rule in this study, be-
cause this model only contains the least factors for the stop-
ping problem, which means that we can minimize the influ-
ence of other factors, such as binding energy and displace-
ment threshold. Moreover, to minimize the influence of nu-
clear stopping power (Sn), the Sn used in this work is also cal-
culated by SRIM, so the difference exhibited in this study only
represents the contribution of Se.

3. Results
3.1. Overall accuracy

In this study, we took Se calculated by SRIM as a bench-
mark to evaluate the accuracy of this model. In addition, con-
sidering that we mainly focus on elementary materials in this
work, the minimum parameters need to be considered in the
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calculation model are Z1, Z2 and Ein, because other parame-
ters (e.g., M1 and M2) are theoretically correlated with Z1 or
Z2. In order to verify this deduction, we explored a simple ver-
sion of DL-ESP (DL-ESP-simple) and only input the training
data with the minimal information (Z1, Z2, Ein, Se), while the
standard DL-ESP has more input parameters (Z1, M1, Z2, M2,
Ein, Se), as shown in Fig. 1. Also a brief comparison between
SRIM and these models was explored and exhibited in Table 1,
to evaluate the accuracy of DL-ESP-simple and DL-ESP.

According to Table 1, though DL-ESP has better pre-
dict accuracy than DL-ESP-simple, there is no significant dif-

ference between them, which means that deep learning can

indeed mine the inline relation between Z1–M1 and Z2–M2.

Thus, it could be concluded from Table 1 that the influence of

other implied parameters, such as binding energy, state of mat-

ter, electron structure, band gap and excitation energy, which

are also strictly corresponding to Z1 or Z2, can also be some-

how revealed by the deep learning network. Theoretically

speaking, DL-ESP and DL-ESP-simple would have similar ac-

curacy if the training dataset is large enough, because nearly

all of these inline relations can be captured from the big data.

DL

Network

Boundary points

Experiment data

or

Dataset Training Predictions

DL ESP

Input:

+

Se ↼Z1↪ M1↪ Z2↪ M2↪ Ein↽

Se ↼Z1↪ Z2↪ Ein)?
Min  S{

{Se(Exp)-Se(Predicted)

Se(Exp)

↼Z1↪ M1↪ Z2↪ M2↪ Ein↽

Input: Se

Fig. 1. Schematic of DL-ESP from the atomic collision dataset and how to use it performing a highly accurate prediction. This procedure
involved training data set of evaluated experimental data and boundary points.

Table 1. A brief comparison of DL-ESP and SRIM, by exhibiting the average
absolute relative difference (σ̄ ) between predicted Se and experimental results
of H, He, Li and other heavy ions, and the general consistency within 5% and
10%, which represent the percentage of absolute relative difference (|σ |) to
be smaller than 5% and 10%, for the experimental data used in this work.

Ion type H He Li Others Overall
NData (DL-ESP) 8748 6127 291 1741 16907
NData (SRIM) 8300 6500 1400 9000 25200
σ̄ (DL-ESP-simple) 7.1% 7.1% 4.5% 10.7% 7.5%
σ̄ (DL-ESP) 5.6% 6.0% 4.2% 7.0% 5.7%
σ̄ (SRIM) 4.0% 3.9% 4.8% 5.8% 4.6%
|σ |< 5% (DL-ESP-simple) 63% 61% 70% 46% 53%
|σ |< 5% (DL-ESP) 69% 69% 73% 64% 69%
|σ |< 5% (SRIM) 74% 76% 72% 58% 69%
|σ |< 10% (DL-ESP-simple) 81% 82% 88% 67% 73%
|σ |< 10% (DL-ESP) 85% 86% 89% 83% 86%
|σ |< 10% (SRIM) 87% 89% 83% 82% 86%

In order to avoid the influence of isotope, we mainly dis-
cuss the performance of DL-ESP in this study. Although DL-
ESP can not provide an analytical expression, it can still per-
form highly accurate predictions, which is far more advanced
than the classical methods that rely on fitting data. As shown
in Table 1, the average absolute relative difference (σ̄ ) of DL-
ESP is about 5.7%, very close to the performance of SRIM
(4.6%) and MSTAR (about 1%–2% at high energy, but for low
energy ions it increases to 10%–20%).[15] As for the general
consistency within 50% and 10%, which can be defined as the
percentage of experimental data whose predicted value with
absolute relative difference (|σ |) smaller than 5% and 10%,
SRIM and DL-ESP have similar performance, especially for
incident ion heavier than He.

It should be noted that the high accuracy of SRIM is based

on a series of segment fitting functions for ions with different
mass and energy, so it can provide well consistence with ex-
isting experimental results. However, for the conditions that
lacks the support of experiments, the accuracy of these fit-
ting functions becomes quite controversial, since they may
overlook the influence of other potential factors. Consider-
ing that the experimental data of some specific ion types or
energy ranges are nearly impossible to be measured by far, ei-
ther because of the limit of ion source technique or measuring
difficulty, the predictive accuracy of classical fitting models
can hardly been further improved, so deep learning algorithm,
which can grasp a deeper sense of the complex relations hid-
den in the existing experimental data, is a promising way to
overcome these difficulties. As illustrated previously, the dif-
ference between DL-ESP and DL-ESP-simple reveals that DL
network can indeed mine the inline complex relations deeply
hidden in these experimental data, which could significantly
enhance the accuracy of this model. Therefore, though DL-
ESP can hardly achieve higher overall accuracy than SRIM,
its σ̄ is a macroscopic evaluation of the entire dataset equally
for every data point, which means that the predictive accuracy
of DL-ESP is more objective than other models that are based
on segment fitting functions.

3.2. Validation of predictive accuracy

To verify the predictive accuracy of DL-ESP, we calcu-
lated the Se for some experimental points which were excluded
from the total dataset. Meanwhile, this model combines the
advantage of the LSS model and experimental data, so it is also
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very important to evaluate the necessity of this treatment. Fig-
ure 2 illustrates the predictive accuracy of this model, by ex-
cluding some experimental data (Ti and Kr in Al, H in Fe and

Zn) from the deep learning network intentionally, and DL-ESP
can still give an accurate enough prediction with high consis-
tency compared with both SRIM and experimental results.
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Fig. 2. A brief illustration of the expansion capability of DL-ESP. The electronic stopping power of (a) Ti and (b) Kr in Al, as well as H in (c)
Fe and (d) Zn, calculated by using DL-ESP, SRIM and LSS model, compared with the experimental data.

It is shown in Fig. 2 that although we are not sure if SRIM
have used these data, both DL-ESP and SRIM can give sim-
ilar prediction of Se compared with experimental data, which
means that DL-ESP can indeed predict the value of Se with
the accuracy not lower than SRIM. Moreover, compared with
the entire training dataset, the amount of the hidden data is
very small, so such exclusion would not observably decrease
the general accuracy of this model. Moreover, the accuracy of
this model could be further improved if there are more ex-
perimental data included in the dataset. More importantly,
combination of the LSS model and the experimental data is
very necessary, because for many ions the experimental data
of Se are not sufficient enough when Ein < 10 keV/u, mean-
while the LSS model is not applicable for high energy ion:
when Ein > 100 keV/u, the Se calculated by the LSS model
obviously deviated from the experimental data, as shown in
Figs. 2(c) and 2(d). Therefore it can be concluded from Fig. 2
that the treatment of combining experimental data with the
LSS model is essential and would significantly improve the
predictive accuracy of DL-ESP.

3.3. A new way to support reciprocity theory

It has been a long-standing problem that the electronic
stopping cross sections of some slow heavy ions are inaccu-
rate as predicted by classical methods, in which the Se’s are
obviously overestimated for heavy ions (e.g. Au) in light tar-
gets (e.g. Al),[51,52] as illustrated in Fig. 3. The abnormal high
Se for Au ion in Al in Fig. 3 in the low energy range (about

140 in units of 10−15 eV·cm2/atom when Ein ≈ 1 keV/u) is
quite controversial. Considering that the low energy models of
heavy ions used in SRIM simply extrapolate the fitting curve
of light ions, this would obviously lead to systematical devia-
tion.

Based on numerous experimental results, Sigmund pro-
posed a conjecture named reciprocity theory, in which he be-
lieved that when the ion’s velocity is sufficient low, i.e., slower
than Bohr’s velocity (about 25 keV/u), the ion and target atoms
are interchangeable with the stopping power value unchanged:
Se (A in B) = Se (B in A).[38] However, this conjecture has not
been fully supported by existing models. In order to give a
quantitative analysis of the reciprocity theory, the average rel-
ative coherent coefficient (σ̄rec) was defined as follows:

σ̄rec =

〈
|Se(Ein)−S′e(Ein)|

0.5 [Se(Ein)+S′e(Ein)]

〉
Ein

, (5)

where Se(Ein) is defined as the electronic stopping power of A
ion incident into B material, while S′e(Ein) represents the elec-
tronic stopping power of B ion into A material. Both A and
B ions have the same kinetic energy Ein (in units of keV/u);
and σ̄rec represents the average of absolute relative difference
between Se(Ein) and S′e(Ein) in a certain energy range for dif-
ferent Ein. The σ̄rec’s for Z1 and Z2 from 1 to 80 at different
Ein within the energy range of 1–100 keV/u were calculated
using the DL-ESP, SRIM and LSS models, as shown in Fig. 4.

As illustrated in Fig. 4, we can roughly estimate the gen-
eral consistency of reciprocity conjecture: the blue zone rep-
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resents the high consistency Z1–Z2 pair, whose σ̄rec is smaller
than 20%, and green zone represents medium consistency,
with σ̄rec in the range of 50%–100%. Noticeably, in the red
zone, the σ̄rec is over 100%, which means that the reciprocity
theory can hardly be tenable under this condition. It can be
shown in Figs. 4(a1)–4(a4) that most of the σ̄rec calculated
by SRIM are green, especially for the energy range of 5–
25 keV/u, which means that SRIM can hardly meet the re-
quirement of reciprocity theory even when Ein smaller than
Bohr’s velocity. In addition, according to Eq. (1), the σ̄rec cal-
culated by the LSS model would not change with ion’s energy,
which leads to the constant σ̄rec in Figs. 4(c), which means
these two models cannot give a reliable support for the reci-
procity conjecture.

S
e
 (

1
0

-
1
5
 e

V
Sc

m
2
/
a
to

m
)

1 10 100
10

100

1000

 Au in Al EXP
 Al in Au EXP
 Au in Al SRIM
 Al in Au SRIM
 Au in Al DL ESP
 Al in Au DL ESP

Energy (keV/u)

Fig. 3. According to SRIM’s calculation, there is an obvious differ-
ence between Se (Au in Al) and Se (Al in Au) in the low energy range.
For DL-ESP, the predicted Se curves are basically coincident, and the
Se values in the low energy range are significantly lower than SRIM’s
results.
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For DL-ESP, though there are some red zone when Z1 or
Z2 close to 1, most of the Z1–Z2 pairs are in the blue zone,
which means that this model can be highly consistent with the
conjecture of Sigmund, with the σ̄rec smaller than 20%. As
this model was built based on the combination of experimen-
tal data and the LSS model, it could have the advantages of
both side at the same time: the behavior of Se for ion between
5–25 keV/u is much more reasonable than SRIM, and in good
consistence with the reciprocity theory. With the help of the
DL-ESP model, this conjecture can hopefully be clarified, as
shown in Fig. 6.

According to Fig. 5 that when Ein is under 25 keV/u, over
80% σ̄rec is smaller than 20%, which means that Se (A in B)
are highly consistent with Se (B in A) in this energy range.
Moreover, the DL-ESP model also has the highest percent of
σ̄rec < 20% and σ̄rec < 50% among these models, so it is more
in line with the theoretical expectation of reciprocity conjec-
ture than SRIM and LSS. However, it should be noted that the
reciprocity theory is just a conjecture based on existing exper-
imental results, which is nearly impossible to be conclusively
confirmed by experiments, due to the restriction of measure-
ment technique. This theory is still generally applicable for
many potential applications, and the DL-ESP can be hopefully
used as a support to promote the validation of this conjecture.

3.4. Applications to ion range prediction

Furthermore, DL-ESP can be applied to give a quick and
accurate prediction on the projected range (Rp) of ion in ma-
terial, which is of great importance for many potential ap-
plications, such as doping technique in chip manufacturing.
As shown in Fig. 6, we calculated the Rp using DL-ESP and
SRIM separately, and compared them with the experimental
results. The calculation of ion range using the DL-ESP model
is mainly based on Bragg’s theory[50] (to convert Se of elemen-
tary materials into compounds) and the Lindhard formula,[49]

as shown in Eqs. (2)–(4).
As for the ion range calculation, the predicted Rp from

DL-ESP and SRIM are all very close to the experimental result
when Ein is small enough (so that the nuclear stopping power
dominates), with the relative difference smaller than 25%, ac-
cording to Fig. 6. However, when Ein becomes greater, Rp

from SRIM calculation becomes less accurate, while the DL-
ESP’s results could still agree well with the experimental data:
the Rp of 700–5000 keV Au in SiC predicted by SRIM is about
20%–40% lower than experimental results,[53] mainly due to
the incorrectly estimated electronic stopping power. Similar
deviation is also widely observed in other ion-target combi-
nations such as Cs in SiO2,[54] as shown in Fig. 6(b). As
for DL-ESP, the relative difference could be close to 0.6%
when 10000 keV Au ion in SiC, and smaller than 1.0% when
300 keV Cs ion in SiO2, which are much better than other clas-
sical models. Though Lindhard’s equation has less computa-

tional accuracy than Monte-Carlo-based ion range calculation
methods (e.g., the full cascade model in SRIM), it is still con-
venient and good enough on many occasions. With the help of
deep learning algorithm, the computational accuracy of Lind-
hard’s equation can be significantly enhanced, which means
that a simple way can be provided to quickly estimate the ion
range in homogeneous materials, instead of doing full cascade
Monte Carlo simulations.
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Fig. 6. The projected range (Rp) of Au in SiC predicted by SRIM and
DL-ESP. It should be noted that DL-ESP cannot obtain Rp directly. These
results are calculated with the help of Lindhard and Bragg’s theory.

4. Conclusion
In conclusion, we have developed a new electronic stop-

ping power model based on the deep learning algorithm to de-
scribe the ion-material interaction process. Compared with the
classical models, deep learning can extensively avoid the sys-
tematic error generated by the fitting model, capture more de-
tailed information of experimental data, and completely erad-
icate the interference of subjective factors. All these fea-
tures make DL-ESP exhibit high accuracy for both the condi-
tions with and without experimental data. This model can not
only increase the predictive accuracy of ion projected range,
but also provide a new insight to challenge the classical puz-
zles, such as the reciprocity theory, which has been argued
for decades. These findings should be of great importance to
fundamentally understanding the novel physical phenomena
related to the ion interaction with materials, and they are ex-
tensively useful for a vast of application areas, such as semi-
conductor manufacturing and nano-structures fabrication.
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Appendix A: Data availability
In order to use DL-ESP to calculate electronic stopping

power for a certain incident-target-energy combination, we
generated a database for different ions with different energies
in different materials. As shown in the supplementary mate-
rial: there are 81 CSV files, each file represents one kind of in-
cident ion, and the filename Z1–M1.csv means: Z1 and M1 are
the atomic number and mass of incident ion. In each CSV file,
each column represents (from left to right): Z2 (atomic num-
ber of target element), M2 (atomic mass of target element), Ein

(kinetic energy of incident ion, in units of keV/u), Se (elec-
tronic stopping power, in units of 1×1015 eV·cm2/atom). The
training data used in this article are also attached in the sup-
plementary material.
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