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ABSTRACT
Electrodeposition-based metal coating techniques are used to manufacture various industrial 
products and rely on the quantitative control of the physical properties of the coating layers, 
such as electrical conductivity, surface roughness, and hardness. To clarify the experimental 
conditions required to realize the desired physical properties of metal coating layers and shed 
light on the complex mechanism of the involved reactions, we prepared a custom-built 
experimental dataset (60 conditions) on the surface roughness of electrodeposited thin copper 
films and submitted it to an open-access data repository. Data-driven analysis revealed that 
surface roughness is strongly affected by the deposition temperature, current, and interelec
trode distance.

IMPACT STATEMENT
To understand the relationship between the experimental conditions and surface roughness of 
electrodeposited copper thin films, the custom-built dataset for electrodeposition was pre
pared and data-driven approach was applied.
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1. Introduction

Electrodeposition is a metal coating technique widely 
used to manufacture various industrial products, such 
as electronic devices and automobiles [1]. In particu
lar, complicated metal coating techniques based on 
electrodeposition methods have been extensively 
researched owing to the increasing demand in the 
semiconductor industries [2,3]. In such applications, 
the ability to quantitatively control the physical prop
erties of metal coating layers, such as electrical con
ductivity, surface roughness, and hardness, is crucial. 
The physical properties of the electrodeposited metal 

layer are largely influenced by the electrolyte composi
tion, current density, temperature, stirring conditions, 
and other parameters [4]. Consequently, the electro
deposition mechanism is complex and characterized 
by an interplay of numerous factors.

To shed light on the above mechanism, consider
able attention has been directed at process simulations 
based on physicochemical reaction models [5,6]. 
However, these simulations are limited by the use of 
model systems where the interaction of each element 
is simplified to minimize calculation costs. Thus, the 
applicability of the simulation model – based 
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approach to practical electrodeposition processes with 
numerous experimental variables is limited. Actually, 
most previous studies relied on the trial-and-error 
method to clarify the specific experimental condition 
required to realize metal coating layers with the 
desired physical properties.

Data-driven techniques have a leading position in 
materials science, enabling the extraction of the relation
ships between experimental parameters as explanatory 
variables and physical properties as objective functions 
[7–9]. This approach has also been successfully used in 
electrochemistry, particularly in the development of 
energy storage devices and electrocatalysts [10–13] and 
establishment of correlations between the thickness and 
hardness of thin electrodeposited metal films [14,15].

Herein, we focused on the surface roughness of 
electrodeposited metal films (Figure 1) in view of its 
importance for device fabrication (surface roughness 
reduction results in improved filling processes [16] 
and reduced electrical losses [17,18]). The related 

data-driven research has focused on alloy systems 
from a manufacturing viewpoint [19,20], whereas no 
datasets on the surface roughness of electrodeposited 
films are freely available. To bridge this gap, we pre
pared a custom-built experimental dataset of the sur
face roughness parameters (SRPs) of thin copper films 
electrodeposited under 60 conditions and published it 
in an open-access data repository (MDR, https://doi. 
org/10.48505/nims.4473). A data-driven approach 
with correlation analysis, logistic regression, and ran
dom forest regression models were used to extract 
important factors for understanding the nature of the 
surface roughness of electrodeposited thin films.

2. Experimental

2.1. Electrodeposition

Electrodeposited copper films were obtained via con
stant-current electrolysis in a CuSO4 (140–220 g/L)/H2 

Figure 1. Schematic of the setup used to electrodeposit thin copper films and surface roughness measurements.
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SO4 (20–180 g/L) bath. Standard additives (JCU, CU- 
BRITE_RF) and 50 ppm chloride ions were introduced 
into the bath to ensure the stable formation of electro
deposited copper films. A 70 mm × 70 mm masked cop
per plate was used as the working electrode, and a Ti- 
coated mesh was used as the counter electrode. The 
electrodeposition time was controlled in such a way so 
as to achieve a total capacity of 8.1 C/cm2. The current 
density, bath temperature, flow rate of the bubbled gas, 
and interelectrode distance were varied. Higher current 
densities generally result in faster film formation, and 
higher temperatures improve the electrodeposition uni
formity by increasing conductivity [21]. In addition, the 
flow rate affects the nature of the stirring process and, 
hence, the mode of ion attachment to the electrodes. 
Finally, the interelectrode distance affects the shape of 
the current distribution between the electrodes and 
affects the uniformity of electrodeposition [22]. As all 
of these parameters are relevant to film formation, an 
understanding of their correlations with surface rough
ness is vital for comprehending electrodeposition.

2.2. Measurement of surface roughness

The surface roughness of the electroplated copper 
films was measured using a white light interferometer 
(AMETEK, USA) for areas of 0.79 mm × 0.79 mm 
using a 22 × 22 mesh grid with a 2.5 mm interval. In 
total, 484 ( = 22 × 22) points were obtained for each 
sample. The difference in the height of each point 
compared with the surface mean was defined as 
Z x; yð Þ [µm], where x and y are the two-dimensional 
Cartesian coordinates in a 0.79 mm × 0.79 mm area 
(Figure 1). By definition, Z x; yð Þ can be positive or 
negative.

2.3. Data-driven analytical techniques

Pearson’s correlation coefficient (r) was used for correla
tion analysis to check one-by-one correlations, with r > 0 
and r< 0 indicating positive and negative linear correla
tions, respectively. Generally, moderate correlations were 
observed at rj j> 0:3. In addition, logistic regression and 
random forest regression models were adopted as 
machine learning models. A classification model for 
predicting the presence or absence of film formation 
and regression model for predicting SRPs using experi
mental parameters were developed. The use of random 

forest models allows one to assess the importance of each 
feature in the prediction process. Data standardization 
was performed during model training. The logistic 
regression and random forest regression models were 
trained using the Scikit-learn package [23].

3. Results and discussion

3.1. Conditions for the (non)adherence of 
electrodeposited copper films

The concentrations of H2SO4 and CuSO4 in the electro
lyte (five each) were set as explanatory variables 
(Table 1). Other explanatory variables included process 
parameters, namely the current density (three levels), 
temperature (six levels), gas bubbling flow rate (six 
levels), and interelectrode distance (three levels) 
(Table 1). Based on these variables, 60 experimental 
conditions were randomly selected for electrodeposi
tion experiments. In 13 cases, the electrodeposited cop
per film did not adhere to the substrate; thus, we 
addressed the conditions for (non)adherence using the 
data-driven approaches discussed in this section.

To verify the prediction accuracy of the machine 
learning model determining the presence or absence of 
film formation and extract the corresponding relation
ship with the explanatory variables, we used a logistic 
regression for the binary classification of adherence/non
adherence. Leave-one-out cross-validation was per
formed to evaluate prediction accuracy, and in each 
validation calculation, the regularization hyperparameter 
of the logistic regression was determined by five-fold 
cross-validation, that is, nested cross-validation was 
used. The confusion matrix is shown in Table 2 (accu
racy = 0.833). The coefficients for each explanatory vari
able obtained when all data were used as training data are 
summarized in Figure 2. The accuracy for training data 
equaled 0.95. The results revealed that the CuSO4 con
centration was the most important feature for binary 
classification and had to be high for successful copper 
film formation. The experimental conditions resulting in 
the nonadhesion of the electrodeposited copper films are 
shown in Table 3. Among the 13 experimental condi
tions, 11 had the lowest concentration of CuSO4 (20 g/L). 
In the remaining two conditions (ID 48, 49), the flow rate 
was zero, although the CuSO4 concentration was suffi
cient. The logistic regression analysis identified the flow 
rate as the factor with the second largest positive 

Table 1. Experimental parameters used as explanatory variables.
CuSO4 H2SO4 Current Temperature Flow rate Distance
g/L g/L A/dm2 °C L/min cm

20 140 2 19 0 5
60 180 4 22 5 7.5
80 200 6 25 7.5 10
180 220 28 10

30 12.5
31 15
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coefficient. These results revealed that the adhesion of 
electrodeposited copper films requires a CuSO4 concen
tration above the minimal value and a nonzero flow rate. 
This conclusion, obtained by machine learning analysis, 
was essentially consistent with the current state of knowl
edge in electrodeposition. Specifically, the high concen
tration of CuSO4 and electrolyte flow are crucial for 
preserving a high concentration of Cu2+ at the electrode 
surface and thus realizing efficient electrodeposition. 
Note that the same conclusion was reached using the 
random forest regression model (Figure S1).

3.2. Relationship between experimental 
parameters and mean height of roughness

Subsequently, we considered the relationship between 
the experimental parameters and SRPs by focusing on 

the 47 cases of the electrodeposited films adhering to 
the substrate.

The mean height (Sa) was defined as 

where A is the area (0.79 mm × 0.79 mm). Given that 
Z x; yð Þ can take both positive and negative values, the 
absolute values were considered to evaluate the mean 
height. Note that other SRPs can be used to evaluate 
surface roughness, with the results of the corresponding 
analysis summarized in Supplementary Note A. In total, 
484 Sa values were calculated, as summarized in 
Figure 3a. Here, the IDs are labelled in the order of 
decreasing median Sa. The two-dimensional maps of Sa 
for each sample are summarized in Figure S2, and all 
data can be obtained from https://doi.org/10.48505/ 
nims.4473. In the ideal case, the electrodeposited film 
should have a low median Sa with a small variance and 
no outliers. The standard deviation (std) and maximum 
(max) values of Sa were used to account for variance and 
outliers. For example, large variances were observed for 
samples ID46 and 47, and large outliers were observed 
for samples ID27 and 43. These samples were not favor
able from the viewpoint of uniform coating formation.

Correlation analysis was performed to deeply 
understand the relationship between Sa and the 
experimental parameters, with the obtained 
Pearson’s correlation coefficients summarized in 
Figure 3b and the distributions between the Sa values 
and experimental parameters summarized in Figure 
S3. The results revealed that among the six kinds of 
experimental parameters, current and interelectrode 
distance showed a positive correlation with median 
Sa, suggesting that the surface became smoother 
(lower Sa) when these parameters decreased. In addi
tion, Sa was negatively correlated with temperature, 
i.e. high temperatures had a smoothing effect on the 
film surface. The results of statistical analysis were 
consistent with the knowledge of electrochemistry. 
Namely, the use of low currents, short interelectrode 
distances, and high temperatures can increase the uni
formity of the Cu2+ concentration on the electrode 

Table 2. Confusion matrix for logistic regression – based 
predictions of film (non)production obtained using the leave- 
one-out cross-validation.

Predicted

Nonadhesion Adhesion

Actual Nonadhesion 8 5
Adhesion 5 42

Figure 2. Coefficients of the logistic regression predicting film 
production/nonproduction. All data are used as training data, 
and the accuracy for the training data is 0.95.

Table 3. List of experimental conditions resulting in film nonadhesion.
ID CuSO4 H2SO4 Current Temperature Flow rate Distance

48 100 180 6 25 0 10
49 60 200 6 25 0 10
50 20 220 6 25 12.5 10
51 20 220 6 25 5 7.5
52 20 220 4 28 15 5
53 20 220 4 31 12.5 5
54 20 200 4 31 12.5 5
55 20 180 6 30 12.5 7.5
56 20 140 6 25 10 10
57 20 140 6 22 12.5 10
58 20 180 6 22 7.5 5
59 20 180 4 19 12.5 10
60 20 220 4 22 10 10
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surface, which is a key parameter determining the 
surface roughness of the electrodeposited film.

We also performed statistical analysis for the std 
and max values of Sa, revealing similar relationships 
with the experimental parameters (Figure S4). Besides, 
strong positive correlations were confirmed between 
the Sa statistics (Figure 3c), that is, when the median 
value was minimized, a small variance and no outliers 
could be achieved simultaneously.

Next, we examined whether Sa could be pre
dicted using the experimental parameters. For this 
purpose, the median, std, and max values of Sa 
were determined from the experimental parameters 
using a random forest regressor. To evaluate the 
prediction performance, the coefficient of determi
nation (R2) for the predicted and actual values was 
calculated using leave-one-out cross-validation. 
Figure 4a shows the results obtained when each 
Sa statistic on the normal and logarithmic scales 
was objective. Here, larger R2 values indicate more 
accurate predictions. The results reveal that the 
prediction performance on a logarithmic scale is 
superior to that on a normal scale. Figure 4b pre
sents the median values of Sa predicted using cross- 
validation. Compared with the distribution on the 

normal scale (Figure 3c), the data are more uni
formly distributed on the logarithmic scale. These 
results reveal that the prediction accuracy on the 
logarithmic scale was superior to that on the stan
dard scale and was therefore preferable for rough
ness parameter estimation.

To extract the relationship between the process 
parameters and surface roughness, we highlighted 
the importance of the features for predicting the 
median value of Sa when all data were used as the 
training data (Figure 4c). The R2 value for the 
training data in the case of the random forest 
regression was 0.8703. The obtained values were 
not outstanding but still indicated that the relation
ship between these multiple process parameters 
determines film roughness. A similar tendency 
was observed for the standard deviation and max
imum values of Sa (Figure S5).

3.3. Relationship between roughness parameters 
and electrochemical data

The accuracy of the predictions based on the process 
parameters discussed in Section 3.2 was not sufficient. 

Figure 3. (a) Distribution of Sa for each sample. The IDs are listed in order of decreasing median Sa for 484 datapoints. (b) Pearson's 
correlation coefficients between the median Sa and experimental parameters. (c) Relationship between Sa statistics. r is the 
Pearson’s correlation coefficient.
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Therefore, in this section, we discuss the use of electro
chemical data as a descriptor, which is not a parameter 
that can be controlled but is considered to reflect the 
experimental conditions. During electrodeposition, 
a constant current was applied, and the voltage was 
measured. As the voltage time course represents the 
electrochemical process, the information contained 
therein can be correlated with the surface roughness of 
the electrodeposited film. Based on this consideration, 
we investigated the relationship between the roughness 
parameters and electrochemical data (the lowest voltage 
during electrodeposition (Emin) and voltage at the end of 
the process (Elast); Figure 1). No correlation was 
observed between Sa and voltage (Figure 5a), as 

indicated by close-to-zero Pearson’s correlation coeffi
cients. In addition, we compared the prediction 
performance obtained using only six experimental 
parameters and those with Emin and Elast. 
Figure 5b shows the R2 values for the correlation 
between the predicted and true roughness para
meters when the leave-one-out cross-validation is 
performed with and without Emin and Elast on 
a logarithmic scale. Unfortunately, when electro
chemical data were used as explanatory variables, 
the prediction performance decreased. Therefore, 
we concluded that the voltage value did not 
strongly contribute to the prediction of surface 
roughness.

Figure 4. (a) Coefficients of determination (R2) between predicted and true roughness parameters when the leave-one-out cross- 
validation is performed on normal and logarithmic scales. (b) Prediction results of median Sa obtained using a random forest 
regressor when the leave-one-out cross-validation is performed on logarithmic scales. (c) Feature importance of random forest 
regression models for logarithmic scales when median Sa values are predicted. To evaluate feature importance, the R2 value for the 
training data was determined as 0.8703.
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4. Conclusions

A comprehensive data-driven analysis was per
formed to identify the critical factors determining 
the surface roughness of electrodeposited thin cop
per films. Six experimental parameters were 
selected as explanatory variables, and a custom- 
built dataset was prepared for 60 experimental con
ditions. The CuSO4 concentration and flow rate 
were found to strongly influence the adherence/ 
nonadherence of the electrodeposited film to the 
substrate. In addition, the temperature, current, 
and interelectrode distance were strongly correlated 
with surface roughness. The use of a logarithmic 
scale instead of a normal one resulted in an 
enhanced prediction performance. To accumulate 
more data in the near future, based on the indica
tions obtained herein, the use of a high-throughput 
experimental setup controlled by artificial intelli
gence may be effective [24,25], which is something 
that will be examined in our laboratory in due 
course. Obtaining additional data through this 
approach will allow more accurate information to 
be extracted using the methodology demonstrated 
herein. We believe that the present study provides 
a new direction for integrating electrodeposition 
with data-driven techniques.
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