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A B S T R A C T

Deep learning-based defect detection approaches offer great potential for end-to-end surface defect detection.
After the prevalent Convolutional Neural Network (CNN) models were state-of-the-art for almost a decade,
transformer-based models recently surpassed the performance of CNN models on standard benchmark datasets.
However, standard benchmarks such as the Common Objects in Context (COCO) dataset are not comparable
to industrial use cases. To evaluate the applicability of transformer models in an industrial context, this
paper applies a transformer-based object detection model for surface defect detection on Lithium-Ion Battery
Electrodes LIBE and compares the results to a CNN-based object detection model. As a result, the transformer-
based model outperforms the CNN model but is inferior in detection speed. In addition, the paper demonstrates
the importance of a well-annotated dataset and shows the sensitivity of annotations for the model performance.
Finally, this paper presents practical steps for an industrial application regarding backbone choice, inference
speed, and metrics.
1. Introduction

Lithium-ion batteries (LIB) are an integral technology for various
applications. Due to the transition to electric vehicles, the battery
market is expected to rise from 250 GWh in 2020 to 4000 GWh in
2030, corresponding to an expected annual growth rate of 30% [1].
In an electric battery vehicle, LIB accounts for up to 40% of the costs,
mainly due to the high material costs of the electrodes [2]. Within
Lithium-Ion Battery production, the coating and drying process of the
electrodes, namely the cathode and anode, are at the beginning of the
production chain (see Fig. 1). First, the ingredients of an electrode
are mixed into a liquefied slurry. Next, the liquefied electrode slurry
is continuously coated on a carrier foil through a slot die. Industrial
realizable coating speeds reach up to 80 m∕min with an electrode width
of up to 1500 mm [3]. The copper electrode foil measures 25 to 50 μm,
and the coating applied by a slot die is 50 to 100 μm on the anode side
and 40 to 80 μm on the cathode side. During the drying process step, the
coating solvent dissipates in an oven with a well-defined temperature
profile. After these two process steps, the electrode coating needs a
high accuracy regarding the homogeneity and the absence of surface
defects. However, the high complexity and coordination that is required
for the coating and drying process leads to defects. Nelson et al. state
that the yield of electrodes is only 92.2% [4]. Electrode defects are

∗ Corresponding author.
E-mail address: alexander.mattern@ipt.fraunhofer.de (A. Mattern).

irreversible and cannot be fixed at a later process step [5], thus causing
higher scrap rates, reducing efficiency, and increasing the overall costs
of the battery [6]. Deviations or defects on the electrodes significantly
impact the performance, safety, and longevity of the battery cell [7,8].
The severity of the defect depends on the type, location, and size of
the defect [9]. Mohanty et al. were the first to introduce four types of
defects on Lithium-Ion Battery Electrodes (LIBE): (1) blisters/ agglom-
erates, (2) divots/ pinholes, (3) metal particle contamination, and (4)
exaggerated non-uniform coating [9]. Other authors defined similar or
additional defects, such as bubbles and scratches [10], point defects
and line defects [11], or micro-compressions, mud cracks, and coating
cracks [12]. Currently, no common definition of defect types has been
established in the research literature.

Since the coating and drying processes are at the beginning of the
process chain, defects must be detected and sorted out at the next
technically feasible process step. If defects are not detected and sorted
out, a single defective electrode can cause a defective battery cell
consisting of several electrodes and auxiliary materials. Therefore, not
detecting and removing defective electrodes early in the process chain
will increase costs and require additional recycling effort [13].

To monitor the quality of LIBE during manufacturing, defect de-
tection systems are integrated. Traditionally, hand-crafted features are
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Fig. 1. Lithium-Ion manufacturing process. Defect detection is performed for defects that occur during coating and drying (in green). (For interpretation of the references to color
in this figure legend, the reader is referred to the web version of this article.)
used in camera-based machine vision systems to detect defects [14,
15]. However, hand-crafted features have several drawbacks, e.g., the
need for an expert to configure the features [16]. To overcome these
limitations, Convolutional Neural Networks (CNN) as a sub-type of
Deep Learning (DL) have been used as a promising approach for defect
detection on LIBE, showing comparable or even superior performance
to traditional machine vision approaches [12,17].

Inspired by the success in natural language processing, transformer-
based DL architectures have been modified for machine vision tasks
[18] and surpassed CNN on the standard benchmarks [19]. However,
standard benchmark datasets such as the common objects in con-
text (COCO) dataset are not comparable to LIBE defects. Therefore,
this paper compares a CNN to a transformer-based machine vision
approach.

Our contributions can be summarized in two main aspects. Firstly,
we offer model-agnostic insights to guide industrial users, using LIBE
as an example. We delve into labeling guidelines and explore two
approaches for aligning process requirements with object detection
parameters, such as backbone size and image resolution. Secondly, we
conduct an in-depth comparison of various general-purpose backbones
and a comparison between a state-of-the-art CNN-based object detec-
tion model and a transformer-based object detection model, specifically
for the use case of LIBE.

2. Related works

In this section, the latest research advances are presented. To pro-
vide a basic understanding of the application use case, Section 2.1
presents an overview of defect detection approaches and lists related
works of traditional defect detection for LIBE. Lastly, Section 2.2 pro-
vides an overview of DL-based defect detection models and their appli-
cation for LIBE defect detection.

2.1. Defect detection on electrode surface

Defect detection on the electrode surface is of great importance due
to the significant impact of the electrode on the performance of the
lithium-ion battery cell [15] and the high impact of the electrodes on
the total battery costs. Consequently, minimizing the scrap in electrode
coating offers considerable cost-cutting potential on the one hand and
leads to a more sustainable production due to lower consumption of
raw materials on the other hand [5].

Surface defects are irregularities in the structure of the electrode lat-
tice and can be detected by metrology. For example, pinholes, stripes,
or agglomerates can be detected by measuring the surface thickness
of the coating. Areas that are coated inhomogeneously show a lower
coating weight per area, meaning monitoring these parameters can
xeffectively detect defects [7]. In LIBE manufacturing, these param-
eters must be continuously measured at high speeds, which poses a
significant challenge [15]. Consequently, the risk remains that critical
surface defects are not detected, and electrode sections are incorrectly
classified as defect-free [7]. The same applies to metrology, such as
2 
Raman spectroscopy or scanning electron microscopy (SEM). Although
these measurement techniques allow an in-depth analysis, they are not
well suited for large-area defects and in-line inspection [7]. Automated
approaches eliminate subjectivity and can be utilized in industrial set-
tings with web speeds of up to 80 m∕min. One such method is infrared
thermography [20,21]. This technology takes advantage of the heat the
electrodes emit after drying. Areas with thinner coatings or exposed
conductor foil store less heat, indicating pinholes, stripes, or scratches.
Agglomerates or bubbles below the coating surface retain heat for
longer, which can be detected by thermal imaging cameras. However,
infrared thermography can only be used after drying and is, therefore,
unsuitable for detecting defects after calendering or slitting. Further-
more, high hardware costs are associated with thermography [14].
Optical imaging through digital cameras and appropriate illumination
compromises the drawbacks. The traversing electrode is continuously
captured optically by an industrial camera and analyzed by image
processing software. The hardware is comparatively cheap and can be
used flexibly in electrode coating as well as in cell assembly. Merely
calibrating and setting up the camera and illumination unit requires
specialist expertise. In the industrial context, combining optical imag-
ing with digital cameras and image processing software is also known
as machine vision [7,12].

Initially, conventional vision-based systems employed hand-crafted
features integrated into hand-crafted algorithms to detect defects within
an image. With the advent of machine learning (ML), hand-crafted
algorithms are frequently substituted by shallow ML models, such
as support vector machines (SVM), simplifying the configuration of
algorithms. However, hand-crafted features are still required and have
several drawbacks, such as needing an expert to select and configure
relevant features [16]. In recent years, DL has emerged as a subset
of ML and is progressively employed for defect detection in vision-
based applications. Instead of explicitly crafting features, a DL-based
approach adapts its parameters (comparable to features) based on
labeled training images. The DL model supersedes manually engineered
features and operates as an end-to-end approach, utilizing image pixels
as inputs to identify defects as outputs inherently. Fig. 2 provides an
overview of the three operational paradigms of vision-based inspection
systems.

In recent years, various authors have utilized various machine vision
approaches. Chen et al. apply an Otsu threshold algorithm to extract
defects and an SVM to classify the defects. Similarly, Frommknecht et al.
use a traditional vision pipeline to detect defects on the electrode
surface. After applying a homogenization filter, they used a binarization
filter to detect pinholes and a texture analysis algorithm to detect
agglomerates [15]. Lui et al. apply a combination of traditional vi-
sion algorithms. First, they apply a novel background compensation
algorithm to compensate for uneven illumination. Next, they apply an
adaptive thresholding approach [12,14]. Schoo et al. use an automated
defect detection system that is based on brightness differences detected
by two LED arrays. A categorization is performed by standard image
parameters, such as aspect ratio, brightness, or size [12]. These ap-
proaches show the technical feasibility of traditional machine vision
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Fig. 2. Overview of three machine vision approaches [22].

approaches. However, all of these approaches require a machine vi-
sion expert to configure the system and its parameters. DL, with its
end-to-end approach, is a promising approach to simplifying defect
detection.

2.2. Deep learning models for defect detection

This section provides an overview of DL for LIBE defect detection.
Section 2.2.1 provides an overview of DL models used for defect de-
tection, with a focus on recent transformer-based models. Section 2.2.2
presents recent works for DL-based defect detection on LIBE.

2.2.1. Convolutional neural nets and transformers for object detection
CNNs are a well-established method to handle the complexity of

image data, in addition to traditional machine learning. CNNs transpose
an image into a feature representation of low and high-level features.
Typically, CNNs find application as a general-purpose backbone in
computer vision tasks. With each convolution layer, the resolution of
a feature map decreases; however, it is enriched by larger, semantic,
and contextual information [23]. Due to recent successes in language-
prompting, the transformer encoder–decoder architecture is leveraged
in the vision domain [24]. Transformer-based backbone models treat
an image as a sequence of patches on which the attention mechanism
is performed to interrelate between points and generate features [18,
25]. Different research streams build attention-based general-purpose
backbones with hierarchical feature maps (SWIN, FocalNet) or without
multi-scale feature maps (ViT) [18,25,26]. A hierarchical structure
introduces features across different scales to facilitate downstream tasks
like object detection [27]. On pixel level, the convolution mecha-
nism uses kernels to relate between pixels. Consequently, CNNs nat-
urally possess an inductive bias towards neighboring pixels or regions
(e.g., depending on the kernel size), whereas transformers must learn
the relationships between pixels through data. Overall, the attention
mechanism supports transformer models in building more global and
long-range dependencies between regions of interest of the image [24].
Closing the gap between transformers and CNNs, the backbone Con-
vNeXt applies (modern) design strategies of hierarchical transformers
to the ResNet architecture [27].

In CNN-based object detection, the neck serves as an interme-
diate processing stage and performs additional processing, such as
feature fusion or feature pyramidalization, to refine features. [28–
30] Carion et al. were the first to propose an end-to-end object de-
tection model that uses a transformer encoder–decoder structure to
produce predictions [31]. This detection transformer (DETR) uses a
general-purpose backbone to extract features, which are fed to a non-
autoregressive transformer encoder–decoder structure. Various works
improved the performance of DETR-like models. DETR with improved
3 
denoising anchor boxes (DINO) is a state-of-the-art query-based ob-
ject detector [32]. DINO is trained end-to-end as it is a modification
of DETR. DINO fuses different techniques from DAB-DETR [33] and
DN-DETR [34] and uses the deformable attention mechanism from
deformable DETR. DINO adopts a similar architecture as DETR, where
a SWIN-transformer backbone is utilized to extract multi-scale features
alongside positional embeddings. A multi-layer transformer encoder
and a multi-layer transformer decoder process the data features. Mul-
tiple prediction heads output the prediction. For the object detection
task, this is a class and bounding box prediction. Unlike DETR, the
enhanced features (the encoder output) of DINO undergo a novel
method to mix query selections and initialize anchors in the decoder.
Additionally, the decoder uses ‘‘contrastive denoising’’ to avoid box
duplicates and ‘‘look forward twice’’ (an improvement of deformable
DETR’s look forward once) to enable the backpropagation of gradients
for iterative box refinement and thus stabilize training [32].

2.2.2. Studies on deep learning model application
In recent years, numerous studies have been carried out to com-

pare CNNs and transformers. Pinto et al. compare CNN-based (BiT,
ConvNeXt) and transformer-based (SWIN-transformer, ViT) general-
purpose backbones for image classification [35]. They compare CNNs
and transformers in various experiments, including a simplicity bias
experiment, an out-of-distribution detection task, a misclassification
task, and a calibration task. However, they conclude that there is no
superior architecture. Using transformer models in an industrial con-
text, Wang et al. perform salient segmentation experiments to compare
both architectures to defect defects on steel surfaces, rust on rails
(NRSD-MN dataset), and errors in fabric [36]. Overall, Wang et al.
find that transformer-based models show a slightly better performance
than CNN-based models, especially when features are weak, such as
for images with low contrast. However, only a small comparison of
out-of-the-box detection models are discussed.

For defect detection on battery electrodes, Badmos et al. compare a
traditional feature-based binary defect classification approach to a deep
learning-based approach [16]. As a result, the deep-learning approach
significantly outperforms the traditional machine vision approach. Sim-
ilarly, Schoo et al. trained a deep learning ResNet-18 model to perform
a multi-class classification based on extracted features, achieving a
slightly improved result compared to a machine learning classifier [12].
Recently, Choudhary et al. trained a you-only-look-once (YOLO) deep
learning model to detect, localize, and classify different electrode sur-
face defects. As a result, the model achieved a promising mean average
precision (mAP) of 88%.1 However, the model suffers from drawbacks,
such as poor precision for some defect classes, e.g., defective bubbles
on the coating surface [10].

To the best of our knowledge, transformer-based models have not
been used to detect surface defects on electrodes so far. Given their
superior performance on common benchmarks, the use of transformer-
based models seems promising to further refine the detection perfor-
mance of electrode defects. Moreover, only little attention has been
given to query-based object detection models for industrial use cases,
although they offer end-to-end predictions without manually setting
parameters, such as the non-maximum suppression (NMS) threshold.
Thus, a better performing and easier to parameterize deep learning-
based model could benefit the end-user to rapidly set up a defect
detection system and improve the scrap detection even further.

2.2.3. Deployment of deep learning models in production
In recent years, various researchers have developed DL models for

surface defect detection, as shown in a recently performed survey by
Prunella et al. [37]. Applications span industrial applications across
semiconductor wafer production [38], the steel industry [39], and PCB
defects [40]. To date, the number of deployments of DL models for in-

1 The IoU-threshold is set to .45.
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dustrial surface detection tasks is relatively low compared to traditional
machine vision approaches. Potential reasons are higher initial costs,
data availability, or maintainability of DL models. O’Mohany et al.
compare DL models to traditional machine vision applications [41]
and point out various challenges of DL for an industrial application.
Significant challenges are data availability, suitable hardware, and scal-
ability of DL models. Currently, data is mainly collected for individual
use cases and annotated manually [42]. This increases costs compared
to traditional machine vision approaches. Similarly, the necessity of
a powerful graphics processing unit (GPU) for training and inference
increases costs. However, these limitations of DL are widely known,
and researchers are focusing on overcoming them. For example, the
annotation of defects is greatly simplified by the recently published
models Segment Anything [43] and Segment Anything 2 [44]. Also,
pretrained backbones and transfer learning have significantly reduced
the required amount of labeled data. Small datasets of only a few
hundred images are often sufficient to train models with sufficient
results [45]. This also improves the adaptability and scalability of DL
models since they can easily be retrained and adapted to changes in
the production line or expanded to new production lines. In addition,
approaches such as federated learning try to leverage available data
from various sources to increase the availability of training data [46].
Thus, costs for annotation of training data are reduced by improving
data availability and simplifying the annotation process.

3. Methods

First, Section 3.1 describes the methodology which is applied to
conduct the experiments. Second, the dataset creation and the dataset
statistics are provided in Section 3.2. Lastly, the CNN and transformer-
based models are described in Section 3.3.

3.1. Methodology

We have conducted a total of 18 experiments (E) that were assigned
to five goals. The first three goals establish a baseline model for a
CNN and a transformed-based model. The last two goals compare the
performance of the baseline models on different metrics. Fig. 3 shows
an overview of all experiments.

In previously conducted experiments, we evaluate the effect of the
labeling quality on the CNN baseline model. For this purpose, we use
two guidelines to label the dataset (see Section 3.2). Applying these
guidelines creates an optimistically labeled dataset for CNN baseline
experiment one (E1) and a conservatively labeled dataset for CNN
baseline experiment two (E2). The dataset with the better-performing
baseline CNN model is used for all remaining CNN-based experiments.

The web speed of the electrode coating application defines the
image acquisition frequency and, thus, requires a sufficient inference
speed for the image analysis. Based on Eq. (1) and web speeds of up
to 80 m∕min, we define a minimum FPS rate of 10 to ensure real-time
applicability. For this reason, we analyze the impact of the backbone
on the detection inference time. We evaluate four backbone sizes with
regard to their inference speed and detection performance (E3–E6) to
analyze goal number two.

From a production perspective, a lower image resolution is fa-
vorable for the inference speed. However, a lower image resolution
also decreases the number of pixels that cover a defect. Especially
small defects might not be covered by enough pixels to ensure reliable
detection. For this reason, the third goal evaluates the performance and
inference speed for different resolutions and tries to identify the best
trade-off between performance and inference speed (E7–E12).

Lastly, we evaluate the performance of the CNN and transformer-
based models. Experiments E13 and E14 evaluate the detection perfor-
mance on standard metrics that are commonly used for object detection
tasks independent of the domain. However, for defect detection on
electrodes, the standard metrics are not ideal (see Section 4.3.2). There-
fore, we also evaluate the two models on a metric that is adapted for
electrode defect detection (E15–E18).
4 
Fig. 3. Overview of the conducted experiments.

3.2. Data description

To benchmark the CNN and transformer models on an industrial
dataset, we labeled images that were taken after the drying process of
the manufacturing process of LIB cells (see Fig. 1). Data labeling is
crucial when training supervised deep learning models and significantly
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Fig. 4. Number of images with a defect in the conservative and optimistic dataset.

impacts performance [47]. The dataset that was used in this paper
was created during a design of experiment parameterization run to
test parameters on the electrode coater and dryer machines. In total,
4086 images with a resolution of 2046 × 2448 pixels in a grayscale
format are included in the dataset. In a manual cleaning process,
images that do not contain coating material and therefore only show
the blank conductor foil and duplicated images are removed. This
decreases the size of the dataset to 2808 images. Next, the images were
labeled. In general, labeling can be performed with a different level
of granularity. While classification requires an image-level annotation,
object detection, and segmentation require an object (defect) level
annotation within an image. An object-level annotation enables the
localization of defects. Since LIBE are slit into electrode sheets in a
subsequent process step (see Fig. 1), defects must be broadly localized
to sort out defective sheets. For this reason, classification was not se-
lected as a suitable approach for LIBE defect detection. Since pixel-wise
localization is not required, we selected an object detection approach
as drawing rectangular bounding boxes around defects requires less
annotation effort for the expert compared to pixel-wise segmentation.
To not inflict a human bias, a labeling guideline ensures high accuracy,
completeness, consistency, validity, and uniqueness throughout the
annotation process [48]. However, in an industrial dataset, the exact
positions of ground truth labels can be ambiguous, even for process
experts. For this reason, two labeling guidelines were created. The
first guideline enforces bounding box labels on all defects, even if
the defect class is ambiguous or determining a defect’s exact start
or end positioning is challenging. The second guideline disregards all
images with ambiguous defects in the training dataset. This results in
two datasets: The optimistic dataset follows the first labeling guideline
and contains 2045 images, while the conservative dataset contains
1998 images and follows the second labeling guideline. We distinguish
between three defect types (crack, hole, stripe) and the conductor foil,
which is visible on the sides of every image. Fig. A.9 contains examples
of the defect images and a partly coated conductor foil image. While
the optimistically labeled dataset contains a total of 11 422 object
annotations, this number amounts to 8868 in the conservative dataset.
Fig. 4 describes the defect distribution of the two datasets.

3.3. Model description

To compare CNN to transformer-based models, state-of-the-art
(SOTA) models are selected for each architecture. Both models were
pre-trained on COCO and their weights must be publicly available. As
SOTA CNN model, we select Ultralytic’s YOLOv8. YOLOv8 leverages
features from a convolutional neural network as a backbone. As model
neck, Glen et al. use top-down and bottom-up pathways that result in
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three feature maps. The head uses the feature maps as in input to
compute a bounding box and class prediction. Unlike previous models
of the YOLO family, YOLOv8 is anchor-free. Still, it relies on NMS to
remove duplicate boxes [49].

For the transformer-based model, we select the DETR-like ob-
ject detection model DINO. Unlike YOLO, DINO applies object de-
tection based on a set-based prediction. The DINO model uses a
SWIN-Transformer [25] as a backbone to compute hierarchical fea-
tures, which are fed into a transformer encoder–decoder structure
that predicts the class and bounding box of a set of objects. DINO
solves the object detection problem in an end-to-end manner and,
therefore, does not need NMS by design [31]. We use DINO within
the framework Detrex [50], a toolbox for DETR-like models. Detrex
is based on Detectron2, a framework for detection and segmentation
algorithms [51].

Detrex and Ultralytics provide evaluators for DINO and YOLO.
However, we evaluate both model predictions in fifty-one [52] using
the coco-style evaluator to ensure a fair comparison. Therefore, the
model performance is measured in mean average precision (mAP).
This standard metric is used for evaluation in experiments E1 to E14.
Additionally, we provide class-specific average precision (AP) for each
defect class. In order to evaluate the model’s real-time capabilities, we
also indicate the model speed in frames per second (FPS). For this
reason, the inference time is measured and computed using Eq. (1).
Experiments show that the data loading time depends on source and
target resolution. The closer the source and target resolution are, the
lower the data loading time. In a production environment, the camera
adjusts the source resolution manually. Therefore, this gap usually
tends to be small. For instance, for a target resolution of 1280p, we
measure a data loading time of 0.0017 s. Thus, we conservatively
estimate the time in a production environment to be 0.002 s. For
smaller target and source resolutions, the time would decrease further.
The inference time measures the processing time of a single image on
a single GPU (NVIDIA Tesla V100-SXM2-16 GB).

𝐹 𝑃 𝑆 = 1
𝑡𝑖𝑛𝑓 𝑒𝑟𝑒𝑛𝑐 𝑒 + 𝑡𝑑 𝑎𝑡𝑎𝑙 𝑜𝑎𝑑 𝑖𝑛𝑔

= 1
𝑡𝑖𝑛𝑓 𝑒𝑟𝑒𝑛𝑐 𝑒 + 0.002 s (1)

4. Experiments and results

In the following, we introduce the baseline model (Section 4.1),
evaluate suitable parameters for the transformer-based object detection
model (Section 4.2), and perform a twofold comparison (Section 4.3).

4.1. Establish a YOLO-model as baseline

First, we establish a CNN baseline model. For this purpose, we
conduct two baseline experiments: In E1, we train the YOLOv8 model
on the optimistic dataset, and in E2, on the conservative dataset. For all
YOLO experiments, we select the extra large YOLOv8 version. Even the
extra large version has comparably few parameters and for this reason,
it is capable of achieving inference times of only a few milliseconds
making it sufficiently fast for our LIBE defect detection use case [49].

The YOLOv8 model achieved a performance of 55.5% mAP for E1
and 60.2% mAP for E2, resulting in a 4, 7% performance increase
by selecting the conservative dataset over the optimistic dataset. In
comparison, mAP@0.5 improves by only 2.8%, indicating that the
localization accuracy at higher intersection over union (IoU) thresholds
increased for E2, leading to more precisely predicted bounding boxes
for the conservative dataset. The results of E1 and E2 demonstrate the
negative performance impact of labeling uncertainty in a dataset. Based
on the results of E1 and E2 we select the conservative dataset for all
further experiments. Lastly, we conclude the baseline YOLOv8 exper-
iments by performing a hyperparameter tuning on the conservative
dataset. The hyperparameter tuning further improves the performance
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from 60.2% mAP to 61.4% mAP2 on the evaluation dataset. We use the
best model configuration for our baseline experiments (E13–E14).

4.2. Configuration of the DINO model; experiments E3–E12

For the experiments E3 to E6, we select a DINO model that is pre-
trained on COCO and only fine-tune the weights on the conservative
dataset. To save computational capacities, we freeze the backbone

eights. Freezing the backbone reduces the training duration from six
o two hours. The training of the DINO model is performed on two
VIDIA Tesla V100-SXM2-16 GB.

The COCO object detection benchmark focuses solely on detection
performance without considering the models’ detection speed. In order
to choose a model configuration that meets the FPS and performance
requirements of LIBE manufacturing, we analyze FPS speed and the
detection performance in E3–E6. To analyze the impact of the model
size of DINO on the FPS, we select four DINO sizes. Since the size of
a DINO model strongly correlates with the size of the backbone, we
select four different SWIN-transformer backbone sizes to approximate
the DINO size: Tiny (T), Small (S), Base (B), and Large (L). As a rule
of thumb, more complex tasks require larger backbone sizes that are
computationally more expensive. Thus, larger backbone sizes require
higher inference time and result in lower FPS (see B.10 for more
details). As depicted in Fig. 5(a), the FPS significantly decreases with
arger backbone sizes. At a resolution of 800 × 960 pixels (800p), the
PS of the tiny model (T) is more than two times higher than the FPS of
he large model (L) (Fig. 5(a) - I). The performance of the four models

is at a similar level regardless of their backbone size (Fig. 5(a) - II).
Since only SWIN-T and SWIN-S meet the process requirement of 10

FPS, SWIN-B and SWIN-L are not suitable for our industrial application.
Because the SWIN-T backbone achieves the highest FPS rate at a
comparable performance level to the other backbones we use SWIN-T
as a backbone for further experiments.

Next, in E7 to E12 we analyze the impact of the image resolution on
he performance. Investigating the influence of image compression on
he performance of object detection models on COCO, Gandor et al. ob-

serve that the model performance drops gradually with increased com-
pression until a certain threshold causes a rapid performance drop [53].
Therefore, experiments E7 to E12 investigate how the class-specific
and overall model performance behave with image resizing to different
resolutions. On the one hand, the performance is evaluated when
the model is trained with a fixed resolution in a range between 220
and 800p. On the other hand, training with multiple resolutions is
evaluated. For instance, for a resolution of 800p, at training time, the
image resolution is varied between 640 and 800p.

Fig. 5(b) shows the results of experiments E7 to E12. As a gen-
ral observation, decreasing the resolution gradually hurts the model’s
erformance until it drops rapidly at a resolution of about 300p.
hese findings are consistent with the findings of Gandor et al.. The
erformance drop after 300p is significantly higher for small objects
ike holes. Based on this observation, we explain the performance drop
ith the decreasing pixel coverage of small defects that result from
ecreasing the image resolution. In context, a hole defect at a resolution
ize of 2046p is covered by roughly 20 pixels, corresponding to ≈
.46 mm. If the models’ capabilities allow resizing until a resolution
f 300p, we conjecture that a minimum detectable object size lies
t roughly 3 pixels, which corresponds to 0.36mm (see C.4 for more

details). For this reason, we argue that the image resolution must be
hosen based on the smallest defects in a dataset. For the industrial

user, we suggest, as a rule of thumb, covering the smallest defect class
with a minimum of roughly 5 to 10 pixels to achieve a good off-trade
between performance and speed.

2 The metrics are based on the validation dataset and calculated with the
valuator of YOLO. For this reason, the metrics are not comparable to the
alues in Table 2.
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Moreover, we discover that multi-resolution training has a ben-
eficial effect on the detection performance. Especially small objects
benefit from multi-resolution training (see Fig. 5(b): compare III and
IV). We speculated that this sensitizes the model for the loss of spe-
cific features during compression: When the model revisits defects at
a smaller resolution, this makes the detection more robust to com-
pression and, thus, lowers the possible detection size. In addition, it
reduces training duration with the same number of epochs since images
partially need less inference time due to their lower resolutions.

Lastly, we observe that increasing the resolution to more than 800p
does not increase performance. This finding holds true regardless of
the object size. As higher resolutions do not improve the detection
performance, we conclude that the performance has surpassed the
minimum object size threshold that is required to recognize the smallest
defects at 800p. It should be noted that altering resolution above 800p
has a relatively high impact on the inference speed with little to no
performance improvements. Regarding the FPS, a DINO with a SWIN-T
backbone achieves 12 FPS at a resolution of 800p. The minimum FPS
depends on the web speed 𝑣web of the coating machine and the image
height 𝑙frame. Eq. (2) estimates the minimum FPS requirements. Using
this equation, a web speed of 80 m/min, requires a minimum FPS rate
of 5.33. This is easily exceeded with 12 FPS, allowing a deployment at
a maximum industrial web speed.

FPSmin =
𝑣web
𝑙frame

(2)

Based on these findings, we use the SWIN-T DINO with a mixed-
resolution training strategy and evaluate its performance at 800 × 960
pixels. For an in-depth study of different CNN- and transformer-based
backbones, we apply this training strategy to InternImage-T (CNN)
54], ConvNeXt-T (CNN redesigned following transformer architec-

tures) [27], and ResNet-50 (CNN, similar to YOLO’s backbone) [55].

4.3. Experimental comparison; experiments E13–E18

This section compares the previously configured YOLO model and
DINO models on different metrics. Section 4.3.1 evaluates both mod-
els in the metric AP that is widely used for model benchmarking.
Section 4.3.2 shifts its attention towards conducting a comprehen-
sive comparison on an adapted industrial metric, exemplified by the
pplication on LIBE.

4.3.1. Comparison in average precision; experiments E13–E14
The comparison evaluates both models in the metric average pre-

cision (AP). All models run inference at 800 × 960 pixels (800p) on a
single NVIDIA V100.

Before comparing YOLO and DINO directly, we evaluated the per-
formance of both models with different backbones. Table 1 shows
he performance of the backbones. Of these four backbones, ResNet-

50 and InternImage-T represent classical CNN-based general-purpose
ackbones, SWIN a hierarchical transformer backbone, and ConvNeXt-
 a purely convolutional backbone that was redesigned following best

practices from modern transformer architectures such as SWIN. Overall,
the performance is comparable. No backbone significantly outperforms
the others.

In general, convolutional layers possess strong local receptive fields
that the attention mechanism must learn through sufficient data [24].
Surprisingly, we observe that the SWIN-T backbone performs weaker
or large shallow cracks. However, it achieves the best performance on
oles (Observation 1).

Both models achieve similar performances (see Table 2). With 56.8
mAP, DINO (SWIN-T) achieves a +2.7 AP compared to the YOLO model,
while DINO achieves even a +3.3 AP. Concerning individual classes,
DINO tends to perform better for large objects like cracks or stripes by
+5.0 AP for cracks and +8.6 AP for stripes (Observation 2). A possible
explanation for this observation could lie in the attention mechanism
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Fig. 5. Offtrade between model performance and speed. Figure (a) show the FPS (I)
and the performance (II) for different SWIN backbone sizes over the image resolution.
FPS were calculated based on a single NVIDIA V100 GPU. Figure (b) shows the overall
AP performance (III) and the detection AP for the hole defect class (IV) of SWIN-T
backbone over the image resolution. Dashed lines indicate a multi-resolution training
strategy.

of the DINO object detection model, as it is more capable of connecting
far-apart features. Unintuitively, observations 1 and 2 do not rule
themselves out. It becomes more evident that DINO could simply be
better at connecting local features than YOLO.

An additional explanation of the lower performance of crack de-
tection compared to foil and stripe defects is the small number of
training examples. Crack defects are the rarest defect type (see Fig. 4)
in the dataset and thus provide the smallest supervision during model
training. In this case, the performance of DL models is tied to the
performance of rarely occurring defects. Notably, holes do achieve
low AP scores. However, this is most likely caused by the annotated
bounding boxes. Because the AP metric consists of evaluations at high
IoU thresholds, inaccurately labeled defects in the training and test
datasets worsen the model’s score significantly for small defects (see
Section 4.3.2 for a detailed discussion).

Unlike DETR, DINO uses the deformable attention module to mit-
igate drawbacks that its predecessor has. Namely, modern object de-
tection models leverage high-resolution feature maps. However, due to
the quadratic complexity of the attention module, this poses a problem
as the transformer attends to all possible spatial points. Consequently,
closely related to deformable convolution, DINO’s deformable attention
mechanism selects a small set of sampling points around a reference
point [56]. To further gain insights into its attention mechanism and
7 
Table 1
Comparison of different backbone architectures in DINO at 800 × 960 pixels.

Backbone mAP AP50 Cracka Foila Holea Stripea

ResNet-50 55.6 86.2 48.5 98.9 30.4 79.1
InternImage 57.4 90.8 49.6 98.9 30.9 78.0
SWIN 56.8 91.5 46.3 98.9 31.4 79.4
ConvNeXT 57.0 88.0 48.8 98.9 29.8 78.3

a Average Precision.

Table 2
Comparison of YOLO and DINO-SWIN-T at 800 × 960 pixels.

Model mAP AP50 Cracka Foila Holea Stripea

YOLO 54.1 90.3 41.3 98.8 30.0 70.8
DINO 56.8 91.5 46.3 98.9 31.4 79.4

a Average Precision.

how it explains the model’s performance, Fig. 6 offers insight into the
last decoder layer. In Fig. 6-a, the sampling locations cover the hole
densely. The attention module explores the conductor foil at the edge
of the coating as they also include locations further away from the hole.
As a consequence, the model assigns a high confidence score. DINO
approaches cracks differently (Fig. 6-b). The sampling locations are
evenly spread across the defect. At the bottom of the crack, the object
detection modules further explore weak features. However, as they are
too ambiguous, they do not fall inside the bounding box. Analogues
of the detection performance for cracks, the certainty of the crack
classification reflects the difficulty posed by ambiguous shallow defects.

4.3.2. Comparison in an industrial setting; experiments E15–E18
From an industrial perspective, detecting defects with a broad lo-

calization is more important than locating defects accurately with a
lower detection performance. In the specific context of LIBE coating,
the presence of a single defective electrode can result in the rejection
of an entire battery, which may contain numerous electrodes. This
undermines the criticality of false negatives, where a defect is present
but not detected, compared to a false positive detection. To quantify
false positives and negatives, this comparison evaluates both models in
precision and recall metrics. The previously used mAP metric uses an
averaged score that is calculated based on ten different IoU thresholds
that range from 0.5 to 0.95 [57]. Unlike mAP, precision and recall
use a single IoU threshold to decide whether an object was correctly
located. We argue that the commonly used IoU threshold of 0.5 is not
ideal for an industrial defect dataset that contains small defects. Fig. 7
shows the ground truth annotation of a small point defect (a) and three
bounding boxes with IoU thresholds ranging from 0.25 to 0.95 (b–
d). Depending on the industrial requirement and the labeling quality,
an IoU threshold of 0.25 is sufficient to detect and locate defects. In
addition, a focus should be put on annotating small defects accurately
to avoid misguiding the model due to labeling inconsistencies in the
bounding box sizes.

Experiments E15 to E18 compare the precision and recall (P/R)
values for each defect class at IoU thresholds of 0.25 and 0.5. We aim
to address the models’ ability to detect different defect classes, as each
class has its criticality. For the LIBE defects, we define a target area of
a precision value of at least 90% and a recall value of at least 95%, as
we initially found that the recall is more important.

Table 3 shows the results of experiments E15 to E18. Large common
defects (stripes and foil) score high P/R values at both IoU thresholds.
Crack and hole defects have lower P/R values but improve greatly when
the IoU threshold is decreased from 0.5 to 0.25 (see Table 3 and Fig. 8).
Similar to findings in previous experiments, the stripes and foil are
better detected by the DINO models (see Section 4.3.1). DINO achieves
a significantly higher precision for stripe defects compared to the YOLO
model (0.99 vs. 0.92). The precision difference can be explained by two
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Fig. 6. DINO’s attention mechanism for a hole and crack defect.

reasons. Either the YOLO model is inferior in detecting large objects
compared to DINO and misclassifies large objects as stripes. Or else,
this is also possible due to a low NMS score, resulting in duplicate
predictions. Conversely, recall suffers from an NMS threshold that is
too high and is not affected by a setting that is too low. For crack
defects, DINO achieves higher P/R values. This observation aligns with
the previously stated hypothesis that global attention improves the
prediction of large objects. In the case of small defects, the YOLO model
and DINO with CNN backbones show better precision but slightly
lower recall. The DINO-SWIN model is slightly more sensitive to detect
surface impurities or tiny and unlabeled pinholes. Moreover, it provides
circumstantial evidence that object detection models with CNN-based
backbones like YOLO perform better for small defects compared to
transformers that use the attention mechanism to extract features.

In summary, YOLO and DINO have been selected to compare CNN-
based models to transformer-based models. DINO performs better for
larger defects (w.r.t. higher IoU thresholds such as in mAP). However,
for LIBE surface defect detection, there is no performance superiority of
one of the two models. Independent of the model, better performance
and localization test results are achieved by lowering the IoU threshold
of the test metric. Lowering the threshold from 0.5 to 0.25 improves
8 
Fig. 7. Subplot (a) shows a small point defect with a ground truth annotation (orange).
Subplots (b) to (d) additionally show a bounding box (green) with an IoU threshold,
ranging from 0.25 to 0.95. (For interpretation of the references to color in this figure
legend, the reader is referred to the web version of this article.)

Fig. 8. Precision and recall improve towards target area when lowering the IoU
threshold. Here an exemplary visualization for YOLO.

precision and recall for holes and cracks significantly, resulting in recall
values for the dataset’s most common defects (foil, hole, stripes) of
more than 96% and, thus, demonstrating applicability for industrial
applications (see Fig. 8).

5. Conclusion

Convolutional neural networks (CNN) are state-of-the-art for deep
learning-based object detection. In recent years, transformer-based
deep learning models have surpassed CNN on standard benchmark
datasets. However, standard benchmark datasets and their respective
metrics are not comparable to industrial datasets for defect detec-
tion. Also, only performance metrics are considered to compare deep
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Table 3
Performance comparison of various detectors and backbones at different IoU thresholds.

Detector Backbone IoU Conf Crack Foil Hole Stripe

Precision Recall Precision Recall Precision Recall Precision Recall

Yolo v8 CSPDarknet53 0.5 0.25 0.76 0.79 1.00 0.99 0.84 0.88 0.92 0.99
DINO ResNet50 0.5 0.25 0.77 0.86 1.00 0.99 0.86 0.88 0.99 1.00
DINO InternImage-T 0.5 0.25 0.66 0.89 1.00 0.99 0.83 0.90 0.98 1.00
DINO SWIN-T 0.5 0.25 0.79 0.82 1.00 1.00 0.81 0.89 0.99 1.00
DINO ConvNeXt-T 0.5 0.25 0.85 0.82 1.00 1.00 0.82 0.87 0.98 0.99

Yolo v8 CSPDarknet53 0.25 0.25 0.79 0.82 1.00 0.99 0.94 0.97 0.95 1.00
DINO ResNet50 0.25 0.25 0.81 0.89 1.00 0.99 0.96 0.98 0.99 1.00
DINO InternImage-T 0.25 0.25 0.71 0.96 1.00 0.99 0.92 0.99 0.98 1.00
DINO SWIN-T 0.25 0.25 0.86 0.89 1.00 1.00 0.89 0.98 0.99 1.00
DINO ConvNeXt-T 0.25 0.25 0.89 0.86 1.00 1.00 0.93 0.98 0.98 0.99
D

c
i

A

C
R

A

i

earning models on standard benchmarks. In this work, we compare
 CNN-based YOLOv8 model and a transformer-based DINO model
egarding the inference speed and performance. Additionally, we offer
nsights on key considerations for applying deep learning-based defect
etection in industrial applications. These methods are use case agnos-
ic and can be adapted for other processes and defects. In this work,
he detection of four defect classes on lithium-ion battery electrodes is
elected as an industrial use case. In our findings, we have identified
hat the labeling quality strongly correlates with the model’s final
erformance, demonstrating the sensitivity of the label quality to the
erformance of a deep learning model. From a company’s point of
iew, this finding requires capturing a significant number of defects
cross all defect classes and assigning process experts to label the
efects accurately. A model with small training data will fail for a
efect class with few images. This is problematic for rarely occurring
efects where collecting images with various defects is challenging.
o overcome these limitations, unsupervised learning approaches, such
s unsupervised anomaly detection, should be considered for future
esearch. Further, the experiments show that in contrast to standard
enchmarks, larger backbones and higher image resolutions do not nec-
ssarily improve the model performance but significantly hurt detection
peed, as demonstrated in the example of DINO. Given our use case,
ecreasing the input resolution to 800 × 960 pixels provides a maximal
erformance with significantly improved inference speed. Decreasing
he resolution further gradually hurts the model’s performance. Thus,
e conclude that the smallest defects limit the suitable image resolution
ecause they need to be covered by enough pixels to be detected
eliably. Regardless, YOLOv8 has a higher inference speed compared
o DINO. For this reason, YOLOv8 better suits the high inference speed
equirements of industrial applications. Subsequent, we have compared
OLOv8 and DINO on standard performance metrics resulting in a
light performance advantage of the DINO model. However, small
efects are highly sensitive to labeling inaccuracies and are easily
isclassified when the intersection over union threshold is set to the

ommonly used value of 0.5. For these reasons, we have adopted a
recision–recall metric with a comparably low intersection over union
alue of 0.25. Lowering the intersection over union threshold repre-
ents a simple way to adapt a standard metric to the requirements of an
ndustrial use case. We suggest adapting the metrics in other industrial
ields as well, such as the semiconductor, automotive, or aerospace
ndustry. Based on the adapted metric, the YOLOv8 and DINO models
chieve both precision and recall values of over 90% and, thus, are
ell-suited for surface defect detection on the surface of lithium-ion
attery electrodes. Without additional substantiation, we conclude that
his is a straightforward and efficient method for validating the model
ithin a realistic environment for any given use case where standard
enchmarks do not match production-related requirements.
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ppendix A. Defect images

Defects commonly occur during LIBE production. Common defects
nclude agglomerates, holes, contaminations, stripes, cracks, and edge

Fig. A.9. Defect example of cracks (a), stripes (b), holes (c), and foil (d).
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Fig. B.10. Detection speed (a) and performance (b) of DINO with different backbones.
All models were benchmarked on a single NVIDIA A100 [50].

defects [11,12]. The dataset used for the experiments in this paper
contains cracks, holes, and stripe defects. The model was also trained
to recognize the foil. This is not necessarily a defect and needs further
evaluation. Fig. A.9 shows examples of these defects.

Appendix B. Detection speed and performance on COCO

As a reference, Ren et al. benchmarked (without whistles and bells)
DINO with different backbones and sizes on COCO using a single
NVIDIA A100. In opposition to the LIB electrode dataset, an increase
in parameters leads to superior detection performance. While Focal-
Net outscales SWIN performance-wise, SWIN and ConvNeXt remain
competitive for small backbone sizes [50].
10 
Table C.4
Relation between units: pixel and mm for the electrode dataset.

Pixel fullsize Pixel 800p Defect size (mm)

2 0.782 0.247
4 1.564 0.493
5 1.955 0.616
10 3.910 1.233
15 5.865 1.849
20 7.820 2.465
25 9.775 3.082

5.115 2 0.631
10.23 4 1.261
12.7875 5 1.576
25.575 10 3.153
38.3625 15 4.729
51.15 20 6.305
63.9375 25 7.881

Appendix C. Relation between defect and pixel size

For the comparison, a resolution of 800 × 960 pixels is chosen. The
following tables relates objects sizes from pixels to millimeters.

Data availability

Data will be made available on request.
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