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In order to make material design processes 
more efficient in the future, the underly-
ing multidimensional process parameter 
spaces must be systematically explored 
using digitalisation techniques such as 
machine learning (ML) and digital sim-
ulation. In this paper we shortly review 
essential concepts for the digitalisation of 
electrodeposition processes with a special focus on chromium plating from trivalent electrolytes.
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Introduction

Electrodeposition is a powerful technique to 
give the surface of materials special properties. 
Depending on the application the electrodepos-
ited coating must have specific physical and chem-
ical properties. For example, a hard chromium 
layer usually should have a minimum thickness of 
several microns with optimized tribological prop-
erties, whereas a bright chromium layer should 
be relatively thin with a special visual appear-
ance. It is well known that one can tune the prop-
erties of electrodeposits via the process param-
eters. However, depending on the complexity of 
the system, it may take a long time to find the 

optimal process parameters if one resorts to tri-
al-and-error approaches. In order to minimize the 
time for optimization, computer guided research 
strategies can be applied. This paper presents 
the authors’ viewpoints on how a digitalisation 
approach can be used to better understand rela-
tionships between the process parameters and 
the properties of electrodeposited coatings. The 
columns on which such a digital approach will 
rest are machine learning, ontologies, and digi-
tal simulation. The discussion is focused on elec-
trodeposition from trivalent chromium baths, as 
this system has a high technical relevance and at 
the same time is characterized by a high physico-
chemical complexity. 
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Machine learning

The principle of machine learning (ML) is based on 
algorithms that independently recognize and learn 
from correlations between input and output data, 
so that the correlation data obtained significantly 
reduce the effort of testing methods for quality 
assurance in an industrial process. The usage of 
ML algorithms for scientific discovery is a popu-
lar recent trend, especially in conjunction with 
Explainable AI (XAI) [1]. After training a ML model, 
scientific knowledge is gained by either explaining 
the model or the predicted output. Key compo-
nents are design- and algorithmic transparency, 
model- and output interpretability as well as the 
integration of domain knowledge [1]. An important 
advancement especially in ML-driven material sci-
ence is the usage of deep learning, as it eliminates 
the manual feature engineering step of classical 
ML approaches. This reduces barriers in the appli-
cation of ML in material discovery and design [2]. 
Among deep learning, Convolutional Neural Net-
works (CNNs) are one of the enabling key technol-
ogies [3–6]. They are specifically designed for data 
in the form of multiple arrays, e. g. images, spec-
trograms or volumetric images [7]. The usage of 
local connections and shared weights in the form 
of convolution layers as well as the pooling oper-
ation allows using many layers. Those layers then 
extract hierarchical patterns [7]. One XAI technol-
ogy that is regularly used in conjunction with CNNs 
is Grad-CAM [8]. It generates a heatmap highlight-
ing prediction-relevant areas of the images, which 
is used for output interpretability.

So far, ML has not been used extensively and only 
in a rather rudimentary form in electroplating. 
Here, we review the main approaches reported to 
date. Leung et al. emphasize the need of modern 
competitive companies using electroplating pro-
cesses to capture and reuse tactics and explicit 
knowledge in times of “brain drain”. As there is 

always a natural loss of knowledge which accom-
panies the loss of experienced staff members, 
any countermeasures such as the use of on-line 
analytical processing (OLAP) and fuzzy logic 
approaches [9].

Furthermore, the concepts of rule based and case 
based reasoning were used to simplify the deci-
sion processes involved in electroplating, making 
use of different degrees of objective- and subjec-
tiveness. The latter allows experts to rewrite rules 
and further improve the outcome of the some-
what automated reasoning. The general goal is to 
reduce response times by addressing problems in 
the electroplating process itself in a defined and 
reproducible way. These tools can furthermore be 
applied to accurately price the plated substrates, 
which is especially important in the field of noble 
metal plating [10].

Artificial neural networks (ANNs) have been 
applied and compared to regression models for the 
prediction of the plating efficiency in alloy deposi-
tion, using alkaline cyanide copper tin electrolytes. 
Due to the presence of complex nonlinearities, 
which are in general characteristic for electroplat-
ing, ANNs were shown to be superior on classical 
linear and exponential regression models [11].

Rashidi et al. [12] and Hayati et al. [13] compared 
the use of an adaptive neuro-fuzzy inference 
system (ANFIS) with such kinds of ANNs in the 
prediction of grain size in nanocrystalline nickel 
coatings deposited from a Watts type nickel elec-
trolyte as a function of current density, saccha-
rin concentration and electrolyte temperature, 
proofing a higher accuracy of the ANFIS.

Also, ANNs were used to predict the wear prop-
erties of electroplated hard chromium layers 
by correlating the friction moment to wear test 
parameters [14, 15].



4 Journal for Electrochemistry and Plating Technology

Eugen G. Leuze Verlag  |  www.jept.de � July 2021

Paatsch et al. used ANNs to develop operating 
maps to model the relationships between plating 
parameters (electrode potential, metal content, 
current off-time, duty cycle, electrolyte convec-
tion), process characteristics (current-potential 
relation, current efficiency) and functional layer 
characteristics (textures, layer hardness, Young´s 
modulus, creep parameter, all relating to layer 
microstructure, ductility and finally mechanical 
layer performance), in the field of pulse plating 
from alkaline Zn electrolytes [16].

Furthermore, machine learning methods (neural 
networks in a multilayer perceptron (MLP), 
using error backpropagation (EBR), polynomial 
regression (PR), support vector regression (SVR), 
extreme learning machine (ELM), fully connected 
cascade (FCC) using a neuron-by-neuron (NbN) 
algorithm) were used to predict the additive con-
centration (accelerator, suppressor and leveller) 
in unknown plating bath samples used for vias in 
semiconductor plating and electronics packaging 
[17].

In another paper, the thickness of hard chromium 
layers, an intrinsically critical issue thereof, could 
be precisely predicted by the use of evolutionary 
support vector machines (ESVMs). Achieving a 
homogeneous hard chromium layer thickness dis-
tribution is hampered by the intrinsically negative 
throwing power of hard chromium electrolytes. 
Therefore, a multistep process is being applied, 
which also defines the input parameters such as 
chromium acid content in the hard chromium 
electrolyte, electrolyte temperature, plating time, 
electropolishing temperature and time, iron con-
tent in the electropolishing electrolyte and thick-
ness removed by electropolishing [18, 19].

Mathematical models are also used to explain 
why keeping the temperature of a chromium plat-
ing bath constant is important in industrial appli-

cations, and what can happen in terms of quali-
ties of deposited films, if this is not the case [20].

Different ML methods were used to identify 
which additives can be used as corrosion inhib-
itors for aluminium alloys that are used in aero-
space applications [21]. The pH of the solution as 
well as the type of the alloys were included in the 
model as variables, and used together with the 
art of the inhibitor to train the algorithm. 

Ontologies

The application of ML techniques to large param-
eter spaces is closely related to the task of struc-
turing the information of these spaces to make 
them processable by digital algorithms. Data sets 
must be combined in such a way that the data 
can be processed by computer algorithms. This 
is where ontologies come into play. By definition 
an ontology is a formal explicit specification of a 
shared conceptualization. Ontologies allow the 
modelling of complicated knowledge concepts. 
An important concept is the triple subject – pred-
icate – object, e. g. “electroplated layer” “is a” 
“material”. Usually ontology modelling is a multi- 
step iterative process. Therefore, the first step for 
using ML in electroplating is to build an ontology 
for electroplating. This ontology should describe 
the electroplating process and the properties of 
the resulting products, in this case electroplated 
layers (Fig. 1). Once this framework is set up it can 
be fed with data. The data can come from exper-
iments and from digital simulations. The latter is 
an attractive option if experimental data cannot 
be obtained easily. An example could be elastic 
properties of thin layers. 

Digital procedures for electroplating based on 
ontologies seem to be scarce in literature. There 
are several reasons for that. On the one hand, elec-
troplating processes are usually very complex and 
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characterised by many, mostly interdependent vari-
ables of the chemical and physical process parame-
ters. Therefore, they should be predestined for the 
use of such methods, but on the other hand, the 
high complexity is at least a psychological hurdle. 
Some interactions, e. g. caused by degradation 
products of organic additives, have not yet been 
fundamentally researched, which often results in 
empirical control strategies for electroplating pro-
cesses, such as the dosing of ready-made solutions 
to the plating bath after a certain electrical charge 
has been passed or disposing and replenishing part 
of the bath. Of course there is no denying the fact 
that these approaches may work very well. How-
ever, this complexity and partly unknown interac-
tions should not be an excuse or even an obstacle 
for the use of digital methods, but rather a logical 
necessity to use such tools in complex electro-
chemical surface treatment. This necessity natu-
rally increases with the use of increasingly complex 
high-performance electrolytes and the demand for 
ever lower reject rates.

Digital simulation for material research

Micro- and nano-indentation testing is frequently 
used for the mechanical characterization of thin 
films. Besides the hardness of the film, the inden-
tation modulus can be obtained from instru-
mented indentation testing such as Figure 2. 

For thicknesses above 1 µm the hardness of layers 
can be easily determined experimentally. How-
ever, it is challenging to determine the hardness 
of thin layers as the measured indentation curve 
will be a convolution of several parameters, e. g. 
the properties of the substrate and the shape of 
the indenter. In this case, digital simulation can 
be the method of choice to predict the mechan-
ical properties of thin deposits. Based on results 
of finite-element simulations of indentation 
tests in film-substrate systems, critical ratios for 
the indentation depth to film thickness could be 
derived. This is a useful guide to ensure a negli-
gible effect of the substrate properties. Further-

Fig. 1: Example of an ontology for the description of the electrodeposition of chromium and the characterization of the layer 
properties. The scheme contains optimization loops for the chromium deposition process by ML and simulation based modelling
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In contrast to sharp indenters, spherical indenters 
do not generate a load-independent characteris-
tic strain so that the elastic-plastic properties are 
continuously represented in the load-indentation 
depth curve and the stress-strain curve of thin 
films and bulk materials can be determined from 
spherical indentation tests, e. g. [36, 37].

From cyclic spherical indentation tests, even 
hardening properties of the material related to 
cyclic loadings can be derived. In particular, from 
a cyclic load-indentation depth curve showing a 
hysteresis loop during unloading and reloading, 
material properties of isotropic and kinematic 
hardening laws can be determined and the cyclic 
stress-strain curve is obtained [38–40].

With such material properties known for thin 
films, a more detailed analysis of the mechanical 
behavior of thin films regarding lifetime limiting 
mechanisms as e. g. cyclic wear or cyclic substrate 

more, analytical functions that 
describe the hardness-indentation 
depth relation were established, 
e.g. [22–27]. 

The effect of residual stresses on 
hardness, e. g. [28, 29], as well as of 
imperfections of the indenter (usu-
ally present for micro- and nano- 
indentation testing), e. g. [30, 31], 
was estimated in finite-element 
simulations. From comparisons of 
simulated results with experimen-
tal results, the continuum based 
finite-element simulation shows 
the capability to determine the 
load-indentation depth response 
even of sub-micrometer indenta-
tion testing [32].

Hence, using finite element simu-
lations of indentation tests, further insights can 
be gained to complement experimental results, 
allowing a more reliable evaluation of mechanical 
properties and their sensitivities.

However, hardness and indentation modu-
lus describe the mechanical properties of the 
film quite superficially, especially if the film can 
undergo plastic deformation. The same hardness 
can be obtained for elastic-plastic materials with 
different stress-strain curves (e. g. lower initial 
yield stress with pronounced strain hardening and 
higher yield stress with low strain hardening) [33].

Hence, methods have been proposed to derive the 
full stress-strain curve from results of indentation 
tests using finite-element simulations. With sharp 
indenters, the stress-strain curve can, however, not 
be obtained uniquely from load-indentation depth 
curves so that usually results obtained with differ-
ent sharp indenter geometries are used [34, 35].

Fig. 2: Instrumented indentation test of a chromium layer deposited from 
0.5 M choline chloride, 1 M ethylene glycol with 0.5 M CrCl3*6H2O at 
80 °C. Maximum force applied was 25 mN and it was a 5 s delay between 
the loading and the unloading curves
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deformations is possible. Moreover, based on 
process-properties relations the deposition and 
chemical composition of films could be optimized 
with respect to the actual lifetime limiting loading 
condition.

The microstructure of thin films and bulk materials 
have a significant effect on their properties. Using 
microstructure-based finite-element simulations, 
in which the microstructure of the material (as e. g. 
the polycrystalline structure of a hard chrome plat-
ing) is explicitly resolved, microstructure-property 
relations can be assessed in computer experiments 
with a high number of microstructure variations. 
For example, the effect of grain shape, grain ori-
entation and the misorientation of grains (i. e. the 
grain boundary type) as well as their statistical dis-
tributions on the mechanical properties of a film 
or bulk material can be investigated, e.g. [41, 42].

Furthermore, the effect of the spatial distribu-
tion, the size distribution and the volume fraction 
of inclusions, as e. g. particles in dispersion coat-
ings, can be assessed with respect to macroscopic 
properties as well as local stress and strain distri-
butions and interface tractions, e. g. [43–45].

The material properties of single grains or phases 
can, again, be derived from indentation testing 
in combination with finite-element simulations 
[46–51]. 

The combination of indentation testing and 
finite-element simulation, hence, allows more 
meaningful material properties of a thin film to 
be determined with respect to the lifetime lim-
iting loading conditions. From the microstruc-
ture-based assessment of thin films and the 
feedback of the results back into the process 
control, improved load-adapted coatings can be 
developed. To this end, an ontology for thin films 
is required to systematically address process-mi-

crostructure-properties correlations combining 
experimental data and simulation data.

Application of digital material research to 
electrodeposition of chromium

In the following we will discuss as an example the 
highly relevant material system of electroplated 
chromium layers based on trivalent chromium 
electrolytes. Due to REACh-driven regulations it is 
particularly predestined to be investigated by dig-
italisation techniques. On the one hand, it offers 
a large parameter space. On the other hand, it 
is characterized by a broad industrial applica-
tion spectrum in the decorative as well as in the 
functional field. The industrial requirements for 
chromium coatings from trivalent baths must ide-
ally result in the same coating profile as coatings 
made from hexavalent chromium electrolytes or 
excel them. In addition to the reduction of health 
risks for the user, there could be further advan-
tages in terms of increased energy efficiency 
through increased current efficiency, lower hydro-
gen evolution.

Microstructure, surface morphology and chem-
ical composition of the electroplated chromium 
strongly depends on the type of electrolyte used. 
Hexavalent chromium electrolytes offer a nano-
sized grain structure and a low amount of impu-
rities. The deposit exhibits high hardness (around 
1000 HV0,1), good abrasive and sliding behaviour 
and a resistance against corrosion in aqueous 
media. A high brightness and blueish colour hue is 
achieved for decorative applications. As the bath 
composition is relatively simple and the sensitiv-
ity against organic and metallic contaminants is 
very low, the layer properties are easy to maintain 
in industrial processes.

Compared to the hexavalent baths the composi-
tions of trivalent chromium electrolytes are much 



8 Journal for Electrochemistry and Plating Technology

Eugen G. Leuze Verlag  |  www.jept.de � July 2021

more complex. Chromium(III) forms a kinetically 
inert aqua complex, so that the reduction to 
metallic chromium is hindered and additives are 
needed to facilitate the reduction process, e.g. 
carboxylic acids as complexing agents [52, and 
refs. within]. Other organic compounds are added 
in order to improve coverage, throwing power or 
microstructure of the coating. The incorporation 
of carbon caused by the decomposition of these 
additives can have a beneficial effect on the hard-
ness and the visual appearance of the deposits. 
However, the deposition of thick chromium layers 
from trivalent electrolytes is challenging as high 
internal stress and crack formation may occur. 
Since microstructure and layer composition differ 
from hexavalent chromium based processes, 
the corrosion resistance is often not sufficient, 
and the optical appearance does not meet the 
requirements for decorative applications. Fur-
thermore, trivalent chromium electrolytes are far 
more sensitive against process fluctuations and 
contaminants due to drag-out from other process 
solutions.

Cr(III) is a comparatively highly complex electro-
lytic system and diametrically opposed to Cr(VI), 
so that for the design and especially the mimic 
of conventional chromium coatings from Cr(VI) 
processes ML approaches can bring a high added 
value; in this context it is also very attractive to 
use the performance of structure-revealing ML 
processes to further develop structure-properties 
relations. Especially in the development of thick 
functional chromium layers, ML can even be a key 
point for the industrialization of these more envi-
ronmentally friendly processes due to the high 
complexity of the Cr (III) processes.

Summary and Outlook

In this paper we tried to give a short review on 
machine learning approaches and their current 

use in electrochemical processes. There are still 
many more fields where ML methods can be suc-
cessfully employed, such as to predict the rough-
ness of metallurgical powders that can be used in 
dispersion coatings for example. Although some 
reports based on ML methods can be already 
found in the literature, there is still much work to 
be done in order to understand the relationship 
between the electroplating process parameters 
and the properties of the deposits. As ML algo-
rithms must be fed with high quality data, we also 
discussed digital simulation as an additional data 
source besides experiments. And finally the data 
space of data must be structured using an ontol-
ogy in a manner that at the same time ML and 
human beings can make the best use of it.

In summary, we think that the future of sustain-
able electroplating surely lies with computer 
assisted research. 
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