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Abstract Battery cells are central components of elec-
tric vehicles. It is important for automotive OEM to

utilize high quality battery cells to ensure high perfor-
mance and safety of their vehicles. This results in the
high demand for quality control measures and inspec-
tion methods in battery cell manufacturing. Particular
relevant features of battery cells are welds for the inter-
nal electrical contact. Failures of these welds are often
the cause for battery defects in the field and scrap dur-

ing production. Consequently, there is a strong need
to evaluate all welds during manufacturing. However,
there is no established method which allows a quick,
comprehensive, and cheap inline measurement of the
weld quality. This paper presents a new eddy current
based method for non-destructive testing of seam welds
as well as a machine learning approach for its validation.
A deep learning model has been trained on eddy cur-
rent measurements to predict results from a reference
inspection method, in this case computer tomography.
The results prove that eddy current measurements can
be used to replicate data acquired by computer tomog-
raphy which means that eddy current measurements
could be a suitable candidate for non-destructive 100%
inline inspection.
More general, this study demonstrates how machine
learning may help to get deeper insights into measure-
ment results and to validate new non-destructive test-
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ing techniques whose detailed features are yet unknown.
The presented evaluation method enables understand-
ing the capabilities and the limits of a new technique
and to extract hidden features from the data. Further-
more, the usage of machine learning allows to perform
these evaluations on artificial product samples with spe-
cific defects and features, which avoids the costly pro-
duction physical samples.

Keywords battery cell manufacturing · welding ·

non-destructive testing · eddy current · deep learning

1 Introduction

Electric vehicles (EV) are a key technology in the road
map towards a sustainable mobility sector. They enable
the use of renewable energy carriers substituting fos-

sil fuels, resulting in reduced greenhouse gas emissions
within the vehicles use stage. Moreover, they cause fewer
local pollutant emissions, leading to an improvement of
local air quality. Consequently, EV bear the potential
to drastically reduce the overall environmental impact
of the mobility sector.
Central components of EV are battery cells. They de-

termine the operational range (e.g. driving range for
vehicles), power output (e.g. acceleration) and charging
times. Furthermore, they strongly determine the safety
of a vehicle and the lifetime of the battery system. In
addition, the production of battery cells extensive relies
on raw and auxiliary materials as well as energy asso-
ciated with negative environmental effects. Therefore,
improving the performance of battery cells while reduc-
ing their environmental impacts is an essential task in
order to make EV successful and to realize their poten-
tial positive contribution towards a sustainable mobility
sector.
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The activities for improving cell performance and re-

ducing environmental impacts can be structured into

several main fields of action. The performance can be

increased by achieving higher specific energy densities

(higher driving range) and reduced internal resistance

(higher power output, shorter charging times and re-

duced heat generation). The environmental impacts can

be reduced by using less energy and materials for man-
ufacturing as well as by ensuring a long lifetime of bat-
tery cells.

These challenging tasks can be addressed by innova-

tions in product design and manufacturing processes.

A deep understanding of relations between product fea-

tures and process parameter in order to achieve an ef-

fective manufacturing as well as effective quality con-

trol measures in large scale manufacturing systems. Ma-

chine learning approaches have been proposed to ex-

tract these relations from heterogenous data [22, 24, 25],

which require a traceable tracking of process as well as

product features along the battery cell production chain

[27].

Since the most relevant raw materials (economical and

environmental) are introduced at the very beginning

of the manufacturing process chain, it is important to

avoid any failures in intermediate products anywhere

within the process chain. Scrap, caused for example

through process deviations, has to be avoided. More-

over, many properties of intermediate products have
direct influence on the performance and characteristics
of finished battery cells.
Crucial features of most battery cell types are the welds

for the electrical connection of multi-layered electrodes

(anodes or cathodes) and the arrester tabs. The welds

combine all current collector foils of the electrodes of

the same type and joint them to the arrester tab which
enables the transfer of stored energy to the outside of
the cell via electric current. Figure 1 shows an illustra-
tion of a cell stack with contacted arrester tabs.

Welds are critical features since they determine the in-

ternal contact resistance which effects charging times of

the battery (comfort), power output (driving behavior)

and heat generation (safety). Furthermore, the fatigue
strength of welds influences the long-term stability and
thus the lifetime of the battery.

Challenges in welding of electrodes and tabs arise from

the combination of multiple layers with different thick-

nesses and potential surface contaminations or oxida-

tions as well as from joining of multiple layers of dif-

ferent material thickness and potential gaps between

layers. The most common joining technologies are ul-

trasonic welding and laser beam welding, both of which

have advantages and disadvantages. In consequence, re-

quired times for process development and process ramp-

Fig. 1 Schematic illustration of battery cell stack with welds
(contacted arrester tabs), without cell housing

Fig. 2 Experimental seam weld from laser beam welding

up are long. In addition, process deviations effect the

quality of welds in terms of width, topology, color, holes,

and surface structure, even when the relevant weld char-

acteristics (e.g. strength, resistance) are well within its
tolerances. This makes it difficult to evaluate welds based
on manual visual inspection alone. As an example, Fig-

ure 2 shows an experimental line weld from laser beam

welding, connecting anode sheets with the correspond-

ing arrester tab.

It is important to monitor and control the properties

and characteristics of each intermediate product during

manufacturing. A 100% non-destructive inline control

of all relevant product features of intermediate products

and components of battery cells is the ideal scenario.

Non-destructive testing (NDT) of welds inline or at-

line after the welding process before further processing

of the contacted stacks is the aim. This enables an early

detection of defects (reduction of scrap) as well as the

analysis of interdependencies between process parame-

ters, surrounding conditions, materials parameters and
the achieved weld quality (process monitoring). The lat-
ter allows adjusting of process parameters if deviations
in weld quality occur in order to avoid scrap or cells

with reduced performance.

NDT methods for weld inspection for inline applica-

tion in a mass manufacturing environment must en-

able short inspection times and high accuracy regard-

ing the desired product characteristics, avoid any cou-

pling medium or impacts on the inspected product unit,

and be of low investment and low operating cost. How-

ever, no established NDT approach seems to fit these
requirements. Consequently, there is the demand for a
new NDT method suitable for battery cell welds, which

allows an effective inline characterization of the inter-

mediate product properties.

One promising solution for this demand could be based

on Eddy current measurement (ECM). However, the in-

terpretation of the acquired ECM data is not straight
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How to develop a NDT method for weld inspection in battery cell manufacturing using deep learning 3

forward, and it is not well understood which informa-

tion about physical characteristics of battery cell welds

are encoded within the ECM data. These issues gener-

ally occur often when developing new NDT methods.

To address these issues, a deep learning approach is de-

veloped allowing to validate the results of a new NDT

method for the comparison of the NDT results with a

reference measurement method, which does not neces-
sarily have to be inline-capable. The approach can be
applied to any inspection task and is not limited to the

presented use case.

Following this introduction, Section 2 presents theo-

retical background about NDT for weld characteriza-

tion, the relevant state of research for ECM evaluation,

and the derived research gap. Section 3 describes the

concept of the study addressing the used workflow and

steps for NDT validation as well as the chosen quanti-

tative methods. Section 4 gives detailed insight into the

acquired measurement data and the achieved modeling

results. Section 5 presents a discussion of the gained re-

sults and the suitability of the study concept for NDT

validation.

2 Background

2.1 Non-destructive weld testing

Seam welds in battery cells must fulfill certain mechan-

ical/structural and electrical requirements. In order to

meet these requirements and to guarantee high mechan-

ical strength and good electrical conductivity within the

joints, seam welds must exhibit homogenous material

properties (e.g. no formation of unspecified alloys due

to the high temperatures during the welding process)

as well as a structure without defects and elevated or

scalloped regions at the surface. These criteria must be

inspected after welding to ensure high quality welds.

Unfortunately, common NDT methods for weld inspec-

tion have certain disadvantages which prevent their ap-
plication as an inline method for large scale production
environments.

Inspection of welds usually incorporates a set of NDT

methods that are frequently used [12]. In the follow-

ing paragraphs, the methods which are most tightly

connected to the topic presented here, are shortly dis-

cussed. Those include computer tomography [4], ultra-
sonic testing [6] and thermography [26]. Eddy current
measurement [5] is the method which will be discussed

in detail throughout this publication.

Computer tomography (CT) [4] is a highly accurate

technique which produces 3D images of the inspected

weld, allowing resolution down to the µm range. How-

ever, since the technique is very complex, the instru-

ments are relatively expensive and large, and the mea-

surement time is long compared to other NDT methods.
Furthermore, the technique can hardly distinguish lo-
cal changes in conductivity due to different alloys which

may develop during the welding process. Therefore, CT

is not suitable for inline weld characterization.

Ultrasonic testing [6] is based on the different propaga-

tion of soundwaves in different materials and is often

used in weld control (e.g. [18, 29, 15, 2]). However, ul-

trasonic testing usually incorporates a coupling medium

or direct contact to the sample. An application of a cou-

pling medium on every weld in a large-scale production

may soak into the cell stack and requires a further clean-

ing step, which makes the method uneconomic.

Flash thermography [26] uses an intense flash of light

to temporarily heat the sample. The relaxation to ther-

mal equilibrium is recorded through an infrared camera

system, which reveals the heat propagation through the

sample and allows to derive information of the weld

such as the local electric conductivity. However, con-

ducting reproducible measurements requires the sample

to be in thermal equilibrium at the same, well defined
temperature, which is potentially difficult to obtain in
industrial production with short cycles times. Further-
more, flash thermography measurements are restricted

to the sample surface and deeper-lying defects may not

be detected.

Eddy current measurement (ECM) [5] is usually per-

formed in reflection geometry in which the coil pro-
ducing the magnetic field and the coil detecting the re-
sponse of the sample are located on the same side. Since
the so-called skin effect limits the penetration depth of

eddy currents (depending on frequency of the magnetic

field and material properties of the sample), this setup

is often used for a weld surface investigation with a pen-

etration depth in the range of µm to mm. However, if

the sample thickness is in the range of the penetration

depth of the eddy currents, one may alternatively use a

transmission geometry to gather in-depth information

about the sample. In this geometry, both sensor coils

are located on opposite sides of the sample in a fixed

distance. This approach is well suitable for battery cell

weld control since it is of low cost and short measure-

ment time.

Overall, these NDT methods address structural and

electrical properties differently, while some techniques

such as CT reveal a deeper insight into the structural

properties of the weld and can detect even very small

defects. Other techniques such as thermography or ECM
allow further characterization of welds based on physi-
cal features. Drawing conclusions about electrical prop-
erties of welds based on methods for structural charac-

terization such as CT is only possible to a limited ex-
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4 Erik Rohkohl et al.

tend. For example, CT measurements show differences

in material density within a weld but do not necessar-

ily indicate transformed alloys which may have different

electrical properties. Furthermore, calculating the elec-

tric properties from the structural information is very

complex, even when the material composition through-

out the weld is well known. In contrast, measurement

techniques which are based on electric transport are
expected to deliver not only information about elec-
trical and thermal properties, but also about structual

properties, since weld defects such as holes or pores

limit electrical current and thermal flow. Consequently,

a measurement technique based on electrical properties

is expected to reveal deeper insights into the weld prop-

erties and quality parameters. For this reason, ECM in

transmission setup appears to be the most promising

method for inline inspection of battery cell welds.

However, the transmission technique is rarely used in

NDT since the geometry of most samples impede its

use. Consequently, transmission setup is not well docu-

mented in literature. For example, a detailed impedance

plane for different materials matching sensor signals to

known defect types, as it is known for reflection ECM

setups, does not exist. Thus, the evaluation of the eddy

current spectra measured in transmission geometry and

the identification of the critical parameters cannot be

achieved by comparing the spectra to data from litera-

ture. Thus, it is necessary to perform reference measure-
ments using a well-known technique (e.g. CT) and to
identify the signatures from the different properties in
the eddy current spectra. Thereby it is possible to deter-

mine the significance of the eddy current data compared

to the reference method and to estimate its suitabil-

ity for the special measurement task. The identification

of the different signatures may be performed manually
or using a data analytics approach, for example deep
learning.

2.2 Related work

The evaluation of ECM data for NDT using machine

learning techniques has already drawn a lot attention

in the research community. However, most of the pub-

lished approaches focus on the pure detection or cate-

gorical classification of defects in generic metal samples

[8, 9, 23, 30]. These approaches usually rely on specific
inherent methods for feature extraction which must be
tuned individually for the respective application. In a

more generalizable approach, Zhu et al [31] show that

convolutional neural networks (CNN) (a class of artifi-

cial neural network (ANN), especially designed for im-

age processing) are capable of extracting features on

their own and performing a suitable classification of

fractions of a weld sample into two classes indicating

the presence or absence of defects with nearly perfect
accuracy.
Only a few approaches focus on a detailed character-

ization of the defects. Bernieri et al [3] aim at recon-

structing the depth, length and height of defects based

on the peak position and intensity obtained from ECM.

Assuming a two-dimensional rectangular defect shape,

they use a simulation model of Albanese et al [1] to

artificially generate ECM based on defect size and lo-

cation. Although a trained Support Vector Regressor

(SVR) achieved an acceptable reconstruction of lateral

characteristics, the authors concluded that the perfor-

mance for depth and height characterization needs to

be improved.

Rosado et al [21] propose a method for estimating the

width and depth of profile cracks running along the

sample surface. It relies on a non-linear Gaussian fit

to extract low dimensional features out of the ECM,

requiring a suitable estimate of initial parameters for

convergence and an ANN trained on synthetic data.

Although, the estimation on artificially generated test
data achieves a sufficient error, particularly the width
estimation for measured samples ranging outside train-
ing set range is insufficient.

In the context of NDT for weld inspection, only one

identified approach addresses the evaluation of ECM

data using machine learning techniques: Rao et al [19]

use an ANN with manually derived ECM features to
estimate the depth of consciously machined surfaces
notches. Additionally, the ANN can be taught to distin-
guish between disturbances and defect signals in ECM

data. Furthermore, connecting an EC measurement in-

strument to the trained ANN enabled continuously eval-

uation of eddy current tested surface notches in produc-

tion.

In summary, none of the identified approaches can de-

tect, classify and characterize defects within seam welds

in sufficient detail in a generalizable manner. Further-

more, all publications use ECM in a reflection setup

and consequently cannot contribute the evaluation of

ECM data acquired in a transmission setup. This lim-

its the proposed approaches to the evaluation of sur-

face defects. Moreover, the identified approaches were

all developed with artificially generated samples and

not validated with data gathered from a real produc-

tion environment.

2.3 Research demand

First, ECM in transmission setup is potentially a promis-

ing method for inline battery cell weld inspection, there
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How to develop a NDT method for weld inspection in battery cell manufacturing using deep learning 5

is a strong demand to gain deeper insight into the inter-

pretation of the acquired data. This can be achieved by

comparing the ECM with results from established ref-

erence methods and by deriving specific ECM signals

for identified defects from the reference measurements.

These results enable evaluating the potential of ECM

in transmission setup. Second, ANNs are a auspicious

tool supporting the validation of a NDT for a novel ap-
plication in manufacturing. Finding a sufficient approx-
imation mapping ECM to corresponding measurements

obtained by the reference method, shows the capabili-

ties of deep learning for NDT validation.

3 Concept of study

The goal of this study is to gain deeper insight into the

ECM technique and evaluating it’s suitability for weld

inspection. This study is part of a broader NDT method

development process consisting of six major steps:

1. Task: This process starts with the definition of a

specific analysis/characterization task, such as the

characterization of a specific type of welds.

2. Sensor principle: Based on the given task, the
evaluation of suitable sensor principles results in a

selection of sensor types for further examination.

3. Sample measurements: The selected sensors and

a reference method are used for the generation of

representative sample measurements.
4. Data preparation and analysis: The prepared

sample measurement data gives insight about the

contained information acquired from the measure-

ment methods.

5. Comparison: The derived insight from the sample

data can be used for comparing the results acquired

by the new NDT method with the results from the

reference method.

6. Conclusion: The comparison enables the conclu-
sion about the suitability of the new NDT method

for the given analysis task.

This paper focuses on steps 4–6 for the development of

an ECM method for inline weld inspection by compar-

ing transmission ECM with CT measurements. How-

ever, the overall development process is not limited
to the presented use case but may also be used as
a blueprint of a general approach for developing new

NDT methods.

The main idea behind this study is using deep learning

techniques to approximate CT images from ECM data

in order to evaluate how well this is possible. The under-

lying hypothesis is: If the ECM data contains enough

information about the 3D weld seam structure, the cre-

ation of artificial CT-images using deep learning should

deliver good results. Such visual analystics approach

improves the derivation of knowledge in addition to the

quantified result evaluation from the machine learning

model [13].
Figure 3 illustrates the workflow. First, sample seam
welds were manufactured with a laser welding process
which is comparable to a mass production application.

Second, measurement setups for CT measurements and

ECM were established and used to generate sample

measurements for all sample welds. Third, the mea-

surement data were prepared and split into data sets
for training and testing. Forth, the training data were
used to train a ANN which was then used to predict ar-
tificial CT images from the ECM test data. Fifth, the

results were compared to the respective CT test data so

evaluate the performance of the trained ANN. Finally,

this evaluation enables to conclude if ECM data can

be used to replicate a CT measurement and to acquire
similar information about the weld quality as from 3D
CT images.

Further evaluation of the trained network allows a de-

tailed analysis of the potential and the shortcomings of

ECM compared to the reference method (CT) as well

as a deeper understanding of the signal structure and

the signatures of the different sample weld properties.

Fig. 3 Workflow of study from weld samples to evaluation.
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6 Erik Rohkohl et al.

Fig. 4 Two cuts (xy-plane and xz-plane) from exemplary
CT 3D image of a weld.

Fig. 5 Sketch of the path the sensor takes during the mea-
surement and definition of the coordinate system.

4 Experimental setup

4.1 Sample preparation

In this experiment, sample seam welds with a length of

35 mm were produced with an industrial laser welding

process. For each sample, 20 copper current collector

foils were welded on a nickel-plated copper arrester tab.

A total of 100 sample welds was produced with different

laser parameter settings (e.g. laser power, laser focus)
in order to achieve welds with different quality.

4.2 Computer Tomography

CT measurements of the sample welds were performed

on a Diondo d5 using an acceleration voltage of 230

kV at 350 µA resulting in a power of 80.5 W. In order

to reduce measurement times, a set of 20 samples was

measured in each run, scanning a volume of 128 × 128

× 69 mm with a voxel size of 0.063 mm. From this total
volume scan, data sets were derived for each individual

weld describing the measured values along the x, y and

z coordinates of a weld in a 3D array. These data sets

can be used to create images showing the CT results, as

shown in Figure 4. The black and white color schema in

the figure represent the measured intensity indicating

areas with less material (white) within the weld.

4.3 Eddy current measurment

ECMwere performed using a specifically designed trans-
mission sensor which was traversed along the seam weld
in equidistant parallel lines with 0.25mm spacing, as

illustrated in Figure 5. During one measurement, the

sensor collects data points of real and imaginary value

every 0.05 mm along its path for an area of 6 × 50

mm. For each sample weld, two measurements were per-

formed with an amplification of 12 and 30 dB respec-

tively, a sensor velocity of 50 mm/s and an eddy current

frequency of 65 kHz. As result, each measurement de-

livers four data sets with measured values along the

x and y coordinates of a sample weld: Real part with

low amplification, imaginary part with low amplifica-

tion, real part with high amplification, imaginary part
with high amplification. These data sets can be used to
create images showing the ECM results, as exemplarily

presented in Figure 6.

4.4 Data preprocessing

In order to use acquired data in a deep learning model,

a preprocessing of the raw ECM and the CT images is

necessary. Since a set of 20 welds were scanned in the

CT at once, it is necessary to separate the raw data

sets into disjoint 3D images (volumes) for each individ-

ual weld and to label each image with a unique sample
id. Within each of these images, the weld is horizon-
tally aligned using manually generated annotations for

Fig. 6 ECM data of sample A32: From top: Real part low
amplification, imaginary part low amplification, real part high
amplification, imaginary part high amplification.

Fig. 7 Exemplary preprocessed CT image pair of sample
weld A32. Top: xy-plane; bottom: xz-plane. Colormap: blue
= more material, red = less material.
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How to develop a NDT method for weld inspection in battery cell manufacturing using deep learning 7

the arrester tabs of the samples. Afterwards, each CT

volume is reduced to two two-dimensional images by

calculating the sums of voxel values along the z- and

y-axis. This maps the 3D CT images to their xy- and

xz-plane, as shown in Figure 7. These planes will be

used as CT volume representatives for the following in-

vestigations.

Scanning multiple welds within one batch in a CTmeans,
that the impact of beam hardening varies for the dif-
ferent samples. This effect is reduced by fitting a third

order polynomial along the x-direction to regions beside

the actual weld, where a constant material thickness is

expected, and normalizing all further lines with those

values.

Next, individual CT images are manually aligned with

their corresponding ECM images according to their de-

fect signals. This is important since the prediction de-

pends on the spatial relationship and model inputs and

outputs. For the alignment of each sample, a longitu-

dinal and lateral mask is shifted over the CT image

based on fixed sized ECM image. Finally, CT images

and ECM images are separately normalized between

zero and one according to the global minimum and max-

imum across all samples.

After preprocessing, some samples were excluded from

the overall data set due to missing values or impossible

manually alignment. The final data set for this study

was randomly split into 69 train and 18 test samples,
by the ration of 0.8.

4.5 Deep learning

In deep learning, multiple interconnected layers of per-
ceptrons, forming ANNs, are used to approximate non-
linear functions. These ANNs can be trained on a set

of observations – pairs of known in- and outputs – to

predict unseen inputs in the future. Their prediction

capability on unseen observations is evaluated on test

data which the ANN had not been trained on. The pre-
diction of CT images based on ECM data was handled
by a CNN. This type of ANN is designed for images

processing, by maintaining the spatial relationships of

its input which is important for computer vision tasks

such as image classification [14]. Unlike fully connected

neural networks, neurons between successive layers in

a CNN will only connect if the input neurons are lo-
cally arranged. Therefore, weights of a CNN layer are
assigned to filters, so called kernels, extracting feature

maps out of the input. More detailed information about

CNNs can be found in literature (e.g. Goodfellow et al

[11]). The advantage of CNNs over traditional feature

extraction methods, like Canny and Sobel filter, is that

kernel weights are trainable based on a given data set.

In this study, the task is to assign every voxel of the

stacked ECM image, as shown in Figure 6, a continu-
ous score indicating the material density at the related
positions in the CT image. In order to deal with the

limited amount of ECM data and corresponding CT

images, the U-net model architecture was chosen for

CT image prediction since it allows a image segmenta-

tion with only few training samples [20]. It was widely

applied in manufacturing for the automated analysis of

visual inspections [10, 7, 28, 17].

The U-net’s bottle neck architecture forces the CNN to

extract those features out of the input (ECM), thus it

can best reconstruct the desired output (CT image). In

order to perform the layer operations, all input ECM

and CT images were sized to 256 × 1024 pixels by first

order spline interpolation. Furthermore, to encourage a

pixel-wise regression rather than classification and to

enable higher learning rates, the sum of squared resid-

uals (SSR) determines the gradients during training.

For a normalized comparison the mean-squared-error

(MSE) is monitored during training and used to evalu-

ate model performance.
The number of training samples is increased by crop-
ping the ECM images in four equally sized crops (4 ×

256 × 256) towards 276 training samples. Defect pat-

tern in the ECM only have a limited spatial extension
and thus neighbouring crops can be processed indepen-
dently of each other. The crop size was chosen with re-

spect defect size. In addition, the training procedure is
divided into the following steps: (1) pre-train the model
on cuts until loss converges and (2) fine-tune the model
parameters with decreasing learning on full sized im-

ages until loss converges. After training, the model can

be used as predictor for CT images of seam welds based

on ECM data inputs. Figure 8 shows this procedure as

part of the study workflow.

In order to shift the U-net’s prediction capability either

on the width or the depth information that is encoded

in the ECM, two models with separate sets of trainable

parameters have been trained. Using the afore outlined

technique, the first model was trained to predict the xy-

plane and the second model to predict xz-plane based

on the same set of ECM data.

5 Results and discussion

The investigation is structured into two main branches.

First, mapping of ECM to corresponding CT images

and second, characterization of ECM for defined weld

defects from artificial CT images.
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8 Erik Rohkohl et al.

Fig. 8 Conceptual CNN training for CT image prediction as part of workflow of study

5.1 Prediction of CT images from ECM

The trained CNN was used to create predictions of CT

images from input ECM. Figure 9 exemplarily shows
CT image predictions for three different sample welds
(samples A43, A88, A42). While the first two images of
a set show the original CT image (ground truth) and the

prediction of the xy-plane, the latter two images show

the ground truth and the prediction of the xz-plane.

5.1.1 General similarity

A first visual comparison of the results for the xy-plane

clearly reveals major similarities between the ground

truth and the prediction. The material density of the

base material (background) is resembled very well and

most of the defects shown in the CT image (dark red)

can be found in the prediction with similar location,

size, shape and intensity. Only smaller, less intense de-

fects, such as those in sample A43 between x = 15 -
18mm, are rarely represented in the prediction. More-

over, the original CT images and the predictions for the

xz-plane also show obvious similarity. The intensity in

areas with particular much and less material is to some

extend not optimally reproduced, but the position and

size of the defects fit well together in most cases. This

first evaluation shows that details about the structural

properties of welds may be resembled by the prediction

with considerably more details compared to the first

visual inspection of ECM results. This clearly under-

lines that more information is present in the ECM as
expected at first sight, which can only be extracted by
detailed analysis.

A quantitative evaluation of the prediction perfor-

mance for all samples in the test data set based on the

individual mean squared errors (MSE) is presented in

Figure 10. Overall, the MSE for xy- and xz-planes is

fairly small in the range of 10−3, supporting the former

findings of a high prediction quality. The MSE of the xy-

planes (3.471 · 10−3), however, is considerably smaller

(better) than the MSE for the xz-planes (6.39 ·10−3). A
possible explanation is that the xy-features are directly

encoded in the ECM whereas the xz-features are indi-

rectly encoded and must be extracted implicitly out of

the ECM. However, xz-planes achieving MSEs compa-

rable or even better than xy-planes for some samples

indicate that depth information is encoded in the ECM

(as described e.g. in [5]) and could be extracted us-
ing the presented technique. The large outlying MSE
for samples A1, A21 and A80 may by caused by de-

fect characteristics which occur in the test data set but

are underrepresented in the training data set. This is-

sue might be solved, if more training samples are ac-

quired and defect characteristics in the train and test

are equally distributed, which would presumably fur-
ther improve the prediction quality for both planes.
Thus, an enhanced prediction of the xz-features may

require a more complex model and a larger data set for

training.

5.1.2 Defect location and orientation

In addition to the overall similarity of ground truth

and prediction, it is relevant to evaluate if location and

orientation of defects are correctly approximated by the

CNN. For this purpose, the location of each defect is

considered as the center of each visible defect within

an image regarding the respective axis. To do so, the

locations of individual defects are determined with the

following approach:

1. Cutting of predicted and ground truth CT image

into equally sized images along the x-axis

2. Checking whether the ground truth cut contains a

defect
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How to develop a NDT method for weld inspection in battery cell manufacturing using deep learning 9

Fig. 9 Prediction of CT images based on ECM test data
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10 Erik Rohkohl et al.

Fig. 10 Mean squared error (MSE) of the prediction for every weld sample contained in the test set with respect to their xy-
and xz-planes

Fig. 11 Exemplary calculation of defect center regarding y-
axis

3. Calculation of the sum of pixel values of cuts with

defects along the x-, y- and z-axis
4. Calculation of the defect center as the point con-

taining more than 50% of the cumulated values

Figure 11 presents exemplary results of the outlined

technique for one cut along the x-axis by showing the

actual position of the defect (solid blue line) as well as

the predicted defect center (dashed blue line) regard-

ing the y-axis. The red line indicates the average defect

center based on the training data set.

This technique was applied to all test samples to de-

termine the defect centers as well as the prediction

errors obtained. Figure 12 presents the predicted de-

fect centers with respect to their ground truth in terms

of a multivariate kernel density estimation (KDE) for

all axes. Thereby, darker colors indicate higher values

of the calculated two-dimensional probability density

function (PDF). For the x- and y-axis the PDF cen-

ters are the located on their optimal lines. The red

line indicates the average defect center determined by
the train set. Whereas the two approximated centers of
the PDF for the z-axis are slightly shifted toward their

optima, since depth information is implicitly encoded

in the ECM making it harder for the CNN to extract

the required features. However, it should be mentioned,

that the valid prediction of the defect position regard-

ing the z-axis may not necessarily only be based on the

ECM. It may furthermore be supported by regular pat-

terns in the defect depth along the welds, which were

identified by the CNN during the training. A detailed

investigation of this behavior will be discussed in fur-

ther publications.

Overall, the predicted defect centers align very well
with their ground truth values. These results indicate
that not only lateral information of defects is encoded
in the ECM but also depth information, which is not

visible at the first sight.

5.1.3 Defect size

In addition to defect location, defect size is an impor-

tant metric for the evaluation of seam weld quality. To

answer the question, if ECM data allows determining

the correct defect size, the defect size from the gener-
ated CT images is compared to the size of the same
defect shown in the corresponding CT image (ground
truth).

For this purpose, the actual defects in the xy-plane of

the CT images are identified and isolated by determin-

ing their contours with the marching squares algorithm

[16]. These isolated defects are expanded to rectangu-
lar cuts of the original CT image for each of which a
corresponding cut is created from the predicted CT im-

ages. Both cuts are transformed to binary masks using

a defined threshold. Values above the threshold indi-
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Fig. 12 Multivariate kernel density estimation for predicted and ground truth defect centers regarding all axis. Darker colors
indicate higher values of the approximated probability density function

Fig. 13 Identified defects in an original CT image (left) and
the prediction (right)

cate pixel covering a defect. The size of the defects is

calculated by counting the pixels of the defect masks.
Figure 13 shows an exemplary defect in the ground
truth (right) and its counterpart in the prediction (left).

The technique for defect characterization was applied

to all weld samples to determine the relative error be-

tween the actual and predicted defect sizes. The error

is greater than one if the predicted defect size is larger

compared to the actual defect size, and vice versa. Fig-

ure 14 shows a plot of all calculated relative errors,

sorted by the ground truth defect size. In general, the

defect size can be derived from the ECM with reason-

able small relative error, if the defect size is above 0.5

mm2. However, below this defect size, the relative er-

ror increases for smaller defects. This can either be ex-

plained by a limited resolution of the ECM and thereby

reduced sensitivity for defects below a certain size and

intensity or by limitations of the model for minor fea-

tures, for example due to an insufficient number of

training samples.

5.2 Inverse model evaluation

In this study, so far, ECM data was used to predict

corresponding CT images in order to validate the suit-

ability of ECM for weld inspection. In a next step, to

Fig. 14 Relative error of predicted defect size depending on
defect size derived by the ground truth

gain further understanding of the relations between de-
fect patterns and ECM data, an inverse approach was
used to predict ECM data for a given CT image. More

specifically, another CNN was trained to predict ECM

raw data from a corresponding input original CT im-

age.

Figure 15 shows exemplary results (from the test data

set) generated by the inverse model for a sample weld.
The top of the figure shows the xy-plane of the original
CT image and the cut for which the results are pre-

sented in the plot below. The plot shows the predicted

ECM data (solid lines) for real and imaginary part as

well as the measured ECM data (dashed lines). It also

shows the transformed pixel values for the cut through

the 2D-CT image (grey line). Apparently, based on the

plot, the model can predict ECM signals relatively ac-

curate for the given cut. And overall, the inverse model

achieves a MSE of 1.7285 · 10−3 for the prediction of

ECM signals for the entire test data set.

The trained inverse model enables investigating the sig-

natures of defect properties such as size and material

density within the ECM data. For this investigation,
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Fig. 15 Comparison of reconstructed ECM from CT measurement based on trained inverse model, solid lines, and measured
ECM indicated by dashed lines

Fig. 16 Inverse modelling for artificial defects

artificially created CT images containing defects with
different size and intensity were used to predict the

corresponding ECM. In the artificial CT images, de-
fects are represented by uniform colored ellipses with
smooth edges (blurred using a Gaussian filter) and dif-

ferent color intensity in front of a uniform colored back-

ground.

Figure 16 presents the evaluation of predicted ECM

pattern for defects with different size and intensities. It

can be observed that the predicted ECM signature for a

defect shows a double-peak structure, as expected from

the measurements presented above, confirming the gen-

eral validity of the model. For increasing defect sizes,

the amplitude of the defect signature increases for the

real part and decreases for the imaginary part of the

ECM prediction. Furthermore, the distance between
the two peaks of a double-peak increases for both sig-
nals. Increasing defect intensity results in an increase of

amplitude and peak distance of the signal’s real part,
whereas the amplitude and the peak distance are slightly

decreasing for the imaginary part. Moreover, in con-
trast to the defect size, the intensity has no effect on
the peak distance, neither on the real nor on the imagi-

nary part. This findings are quantified in Figure 17 and

18. They enable a distinct characterization of defects.

In general, both defect characteristics, size and inten-

sity, of the weld seam can be distinguished in the ECM

defect signal by the ratio of their real and imaginary
part.

6 Conclusion and Outlook

The presented study shows that deep learning can be

used to validate new non-destructive testing (NDT)

methods, in this case the eddy current based NDTmethod
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Fig. 17 ECM pattern variation for defect size

Fig. 18 ECM pattern variation for defect intensity

for weld seams. More specifically, the key findings of this
study are:

– Deep learning can support the evaluation and val-
idation of NDT methods by using NDT measure-

ments to predict the results of a reference method.

– Eddy current measurements (ECM) contain enough

information to replicate computer tomography (CT)

images with high accuracy,

– ECM is suitable as a NDT method for weld inspec-

tion in the manufacturing of battery cells.

More specifically, the achievable construction accuracy,

depends on quality and amount of sample data avail-

able for the training of the convolutional neural net-

work (CNN). In this study, the CNN allowed a precise

construction of the xy-plane of the corresponding CT

image regarding defect location, size and shape. The ob-

tained precision for the xz-plane is only moderate but

allows to derive simple defect characteristics, such as

center of mass, within an acceptable tolerance range.

A training with a greater model size as well as more

and diverse weld samples might overcome the limited

accuracy of xz-planes. In addition, the inverse model

helps to get further insight into the relations between

ECM signals and defect properties, although the inverse

modelling is challenging due to the implicit feature en-

coding coupled with the high dimensional output space
of the inverse model. Overall, the obtained results prove
that the ECM data acquired from a transmission sensor
contains sufficient information about the weld proper-

ties to replicate the CT reference method. This is espe-

cially promising since CT is not suitable as a method

for 100% non-destructive inline weld inspection whereas

ECM can be set up for exactly this purpose. Conse-

quently, ECM can be integrated in large-scale battery

cell manufacturing as a quality control method for seam

welds inspection.

In order to enrich the capabilities of the developed eddy
current transmission sensor, future work will focus on
the prediction of certain quality parameters from ECM

data by using machine learning approaches. This will

improve the weld inspection in battery cell manufac-

turing as well as the general understanding of the ECM

signals.
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