
Breaking the Vision: Assessing and Mitigating the
Impact of Video Artifacts on ML Models in

Industrial Use Cases
Marco Reisacher∗, Ann-Kristin Bergmann∗‡, Andreas Blenk∗, Stefan Schmid†

∗ Siemens AG, Munich, Germany
† Technical University Berlin, Berlin, Germany

‡ Technical University Munich, Munich, Germany

Abstract—Machine learning models are highly dependent on
the quality of their input data. In industrial settings, where
video data is transmitted to the model located in the cloud
over a network, transmission artifacts (e.g., congestion or losses)
can degrade model performance. These performance issues can
compromise process quality and result in costly errors. Despite
the increasing interest in using Machine Learning (ML) models
for video tasks in industrial use cases, existing research has
not adequately assessed the impact of individual video artifacts
on model performance, nor has it specifically examined the
performance of video-based ML models under these conditions.

This study aims to fill this gap by considering the impact
of degraded data on the model behavior. As a case study, we
consider a defect detection scenario where, e.g., a manufacturing
robot is monitored for defections using video. To this end, we
train a Multiscale Vision Transformer and use an approach
that systematically introduces various artifacts, such as bitrate
reduction and pixelation. We then assess their impact on the
model’s performance accordingly. Hence, we provide the first
insights into possible mitigations.

I. INTRODUCTION

As the Industry 4.0 paradigm drives advancements in mod-
ern manufacturing, there is an increasing reliance on intelli-
gent sensors, devices, and machinery to gather and analyze
production-related data [1]. This shift enables early error
detection and improves overall process efficiency [2]. Machine
Learning (ML) introduces great opportunities to deal with
the growing complexity of industrial systems, coupled with
the increasing volume of data. for effective data management
and interpretation [3], [4]. For example, video-based defect
detection in production lines is gaining traction as automati-
zation reduces manual labor and boosts production efficiency,
addressing the inconsistencies and time-consuming nature of
traditional visual inspections prone to human error [5]–[7].
The Problem: A critical problem in this context is the strong
dependency of ML model performance on data quality [3],
[8]. As cloud manufacturing becomes prevalent, networks
often transmit production-related data instead of processing
it at the collection point. This process can introduce various
quality issues, known as artifacts, due to, For example, limited
network resources and overloaded compute units, as seen in
Fig. 1, which can significantly degrade the performance of
ML models [9], [10]. Despite the increasing adoption of ML
in manufacturing, we currently lack a good understanding of

(a) Baseline Image. (b) Reduced Bitrate Image.

Fig. 1. Baseline image of a manufacturing process in good quality (a) and
degraded quality (b), due to reduced bitrate.

how models are affected by such conditions. This is, however,
critical: poor ML performance due to data artifacts can lead
to inefficiencies in production, resulting in financial losses.
The Challenge: The key challenge lies in accurately char-
acterizing the impact of various artifacts on the performance
of ML models. As industrial systems evolve towards build-to-
order models that demand more flexible processes, and with
the introduction of advanced models like Multiscale Vision
Transformers (MViTs) for image and video analysis, it is
crucial to understand how these artifacts impact model effec-
tiveness [11]–[13]. Despite MViT’s promising performance,
this novel approach is still under evaluation for applications
such as defect detection in images and videos [14].
Our Contribution: We investigate the impact of video arti-
facts, such as pixelation, on models. In particular, we perform
an empirical study with the emerging and popular MViT
models. As a case study, we consider an industrial production
setting with a robot performing a pick-and-place task, which
is observed by a camera to determine malfunctions in the
process. We conduct this investigation by training the model
on the Amazon Robotic Manipulation Benchmark Dataset
[15] for defect detection tasks. Our approach introduces video
artifacts resulting from camera errors or network transmission
into the dataset. We then test the model under these conditions
and assess its performance. We assess how these artifacts
impact the model’s performance, providing insights that can



guide the optimization of data acquisition and transmission
processes to improve ML models in real-world industrial
applications.

This paper builds upon our previous investigation into
image-based machine learning behavior by extending the focus
beyond static data to include video formats [16], [17].
Paper Organization: The remainder of this paper is organized
as follows. In Sec. II, we introduce the evaluation methodol-
ogy. Sec. III shows the evaluation results and discusses key
findings. Finally, Sec. V summarizes the observations and
gives some outlooks on future research.

II. METHODOLOGY

This section presents the architecture of the MViT, the
dataset and the metrics characterizing the ML model.

A. Dataset

As a benchmark dataset, we chose the Armbench dataset,
published by Amazon in 2023 [15]. The dataset consists of
104,075 videos with an average duration of 5.93 seconds and
an average size of 2.51 MB. The videos were recorded at 720p
resolution, 30 FPS, and are stored in (IPPP) frame pattern.
In the videos, a robotic manipulation work cell is featured
during a pick-and-place process on a mixed collection of items.
The task of the robotic arm is to pick one item at a time
and transfer it to moving trays. In the dataset, three robot-
induced defect categories are defined for this process: The
robot picks several items at once, the item gets opened, and
the item gets disassembled. In the following, we will refer
to these categories as nominal, open and deconstruction. In
the context of video-based defect detection, the focus will
be on the defect categories open and deconstruction, as these
types of errors can occur at any point in the process and are,
therefore, best detected on videos. The dataset is naturally
unbalanced regarding the occurrences of defective and non-
defective cases, as the defect occurrences are relatively rare
in real-world scenarios. Since not detecting an error is more
costly than falsely marking a nominal case as a defect, we
downsampled the nominal cases to 50% and kept the split of
11% of nominal cases in validation data and test data. Tab. I
shows the train, validation, and test split. Additionally, we used
a split of 70 : 15 : 15 for the defect cases.

TABLE I
ABSOLUTE AMOUNT OF LABELS IN DIFFERENT DATA SPLITS

Label Train Validation Test
nominal 2919 5000 5000
open 1520 323 322
deconstruction 1399 303 303

No other sizable video dataset currently exists that captures
a comparable range of items and setups in robotic manip-
ulation, as most other real-world datasets rely on a closed-
set approach with a constrained number of object types. This
limitation potentially hinders algorithms from adapting to new
objects, which presents a risk to large-scale processes [15].
Most other research for defect detection focuses on anomaly

detection or surface defect identification, with relevant datasets
available in [18]–[20].

B. Preprocessing of the Dataset

In the data preprocessing, the video frames are extracted and
stored as a three-dimensional array with a 24-bit representation
per pixel. Subsequently, the individual frames are cropped to
a defined region of interest and resized to a consistent to
quadratic shape of 320 × 320. We then store the frames as
individual image files for further analysis.
During training, the model further transforms data before
processing. It flips the frames horizontally with a probability
of 0.5, normalizes the pixel values, and crops each frame
randomly from 90% and 100% of the original frame size. The
model then rescales the crop to a standardized size of 224×224
pixels. Finally, the model uniformly selects 32 frames from the
video sequence as input.

C. MViT Architecture

Multiscale Vision Transformers are an advanced adaptation
of Vision Transformers (ViTs) designed to enhance multiscale
feature representation and improve efficiency in video-based
computer vision tasks.

Instead of processing videos at a single resolution or scale,
MViTs introduce hierarchical structures that dynamically ad-
just the level of detail at different stages of processing. This
allows them to maintain fine-grained local details while still
benefiting from global context awareness. The key innovations
in MViTs include:

1) Hierarchical Tokenization – Images are progressively
downsampled, with features extracted at multiple scales.

2) Multiscale Attention Mechanisms – Self-attention op-
erates at various levels of abstraction, capturing both
local and global features efficiently.

3) Hybrid Architectures – Many MViT models combine
CNN-like inductive biases with transformer-based archi-
tectures for better performance.

Unlike traditional ViTs, which rely on fixed-size patches,
MViTs use hierarchical tokenization and multiscale attention
mechanisms. These techniques enable effective capturing of
local and global image contexts.

MViTs are used in various domains, such as medical
imaging, remote sensing, and object detection. Integration
with convolutional neural networks (CNNs) and other hybrid
architectures further enhance their performance [21], [22].

D. MViT Evaluation Setup

We train our model for up to 30 epochs or until convergence,
using a batch size of 4 and a depth of 16 layers. The
learning rate starts at 0.00003 and decreases to a minimum of
0.0000015 during training. For optimization, we employ the
AdamW optimizer along with a CosineAnnealingLR sched-
uler. Additionally, we configure the model to double both
the embedding dimension and the attention head dimension
at layers 1, 3, and 14. We assign the stride sizes for pooling
the query (q) as [1, 2, 2] and determine the stride values for



TABLE II
PERFORMANCE METRICS FOR DIFFERENT APPROACHES TO HANDLING CLASS IMBALANCE, EVALUATED AT THE EPOCH WITH THE HIGHEST WEIGHTED

AVERAGE F1-SCORE.

Model
Metrics Weighted Deconstruction Open Nominal

Mean F1-Score F1-Score F1-Score F1-Score
BCE 5000 (1) 0.924266 0.739726 0.351852 0.936066

WBCE 5000 (2) 0.902162 0.733229 0.346549 0.946711
BCE Balanced (3) 0.925107 0.754472 0.451613 0.964789

the temporal, height, and width dimensions at these layers.
Furthermore, we initialize the key-value (kv) pooling stride at
[1, 8, 8] and adapt it further based on the query pooling ratio.
Finally, we configure the kernel size for pooling operations
across the query, key, and value streams as [3, 3, 3]. We refer
to the default settings outlined in [23] for more details.

The model is initialized with pre-trained weights from the
Kinetics-400 dataset [24], as provided by PyTorchVideo [23].
In our set-up, the classification head outputs a two-channel
vector representing two categories: open and deconstruction.
Each channel in this vector represents the probability of the
input belonging to one of these two classes. The video is
classified as non-defective if both predictions are below a
threshold. This binary classification approach allows the model
to predict binary classifications and utilizes Binary Cross-
Entropy (BCE) as the loss function. To address data imbalance,
we explore three distinct approaches. The approaches differ in
the data split and the loss function used:

1) BCE loss with 5000 nominal videos, as described in [15]
2) Weighted BCE loss with the same split
3) BCE loss with a balanced train set with an equal number

of defective and no-defective samples
We compare the average weighted F1-Scores of various

approaches, as presented in Tab. II, and select the model
with the highest average weighted F1-Score. In this instance,
the model trained on the balanced dataset performs the best.
Additionally, it achieves the best balance between the F1-
Scores for the open, deconstruction, and nominal classes.

E. Evaluation Metrics

We chose the F1-Score (1) as the metric to evaluate the
model’s performance on various video modifications. Since
the dataset is imbalanced and the nominal class significantly
outnumbers the defective classes, accuracy can be misleading
as it might reflect a bias towards the majority class. The
F1-Score, however, considers both precision (the proportion
of true positives among all positive predictions) and recall
(the proportion of true positives among all actual positives),
providing a more balanced assessment of the model’s perfor-
mance. This is particularly valuable because misclassifications
often lead to changes in precision and recall metrics. A class
with increased recall may experience a rise in false positives,
causing precision to decrease. Conversely, high precision in a
class may result from having a small number of true positives.

F1 = 2× precision× recall

precision+ recall
(1)
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Fig. 2. Performance evaluation based on recall and F1-score for videos of
the nominal (nom.), open, and deconstruction (dec.) classes that have been
altered using a bitstream noise filter.

In some cases, we include the recall (2) in the evaluation as it
helps provide insights into which class the model assigns the
misclassified samples. Additionally, recall effectively captures
the most costly scenario, where the model incorrectly classifies
a defect as non-defective.

recall =
True Positives

True Positives+ False Negatives
(2)

A weighted average shows the ML model’s overall perfor-
mance, taking the number of tested occurrences per class into
account.

III. EVALUATION

In this section we evaluate the impact of different mod-
ifications on the model’s performance. We apply all video
modifications before preprocessing, encode the videos using
H.264 in MPEG-4 format and process them in the same
manner as the benchmark dataset. For each modification, we
test the model and analyze its performance.

A. Bitstream Noise

With the bitstream noise filter available in FFmpeg [25], we
introduce noise into the test data. After applying the noise fil-
ter, we encode the transformed data and store it in the Huffyuv
codec format, a lossless video codec, ensuring the preservation
of the noisy data in its transformed state. From a technical
perspective, the filter processes each byte of the video data
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Fig. 3. Performance evaluation based on the F1-Score for videos of the
nominal (nom.), open, and deconstruction (dec.) classes with altered bitrate.
A weighted average (w. avg.) shows the average score over all classes.

sequentially. The filter updates an internal state variable for
each byte by adding the current byte value, incremented by
one. This updated state then determines whether the byte
should be modified. Specifically, if the updated state modulo
the specified noise level equals zero, the byte is replaced with
the current value of the state. The bitstream filter damages
the content of the byte or drops it entirely while leaving
the video intact. This filter emulates corruption during video
transmission caused by network errors such as packet loss or
jitter. Finally, the H.264 codec encodes and processes the video
like the benchmark data. We evaluate the data for noise levels
of 1× 10−5, 1× 10−6 and 1× 10−7.

As the amount of bitstream noise increases, the recall for
both the open and nominal classes declines significantly, as
shown in Fig. 2. This indicates that the model correctly
identifies only 16.3% of the true positive cases for the
nominal class and fails to detect any true positive cases for
the open class. Given that the recall for the deconstruction
class increases while its F1 score decreases, this implies that
precision decreases more significantly than recall increases.
Consequently, it suggests that the model incorrectly labels
many falsely classified cases as deconstruction defects. This
outcome is particularly interesting because it contrasts with
other modifications, where the model tends to classify most
cases as non-defective as the degradation increases. In this
case, however, non-defective cases are classified as defective.

• Takeaway: Increasing bitstream noise reduces recall for
the open and nominal classes, leading to a significant
drop in true positive detections while also increasing false
classifications as deconstruction defects.

B. Bitrate Reduction

We adjust the bitrate with the FFmpeg bitrate option [26],
reducing the average bitrate from 3820 kbps across all videos
to a range of values between 100 and 12 kbps. This range was
chosen because wired fieldbus systems typically offer bitrates
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Fig. 4. Performance evaluation based on the F1-Score for videos of the
nominal (nom.), open, and deconstruction (dec.) classes with reduced frames
per second. A weighted average (w. avg.) shows the average score over all
classes.

from hundreds of kilobits to tens of megabits per second, and
wireless fieldbus systems are expected to have comparable
bitrates [27]. With decreasing bitrate, the defect classes open
and deconstruction experience substantial declines in the F1-
Score, with decreases up to 98.21% and 74.14%, respectively,
as seen in Fig. 3. This suggests that lower bitrates severely
degrade the reliability of detecting these defect types. In
contrast, the nominal class shows minimal impact, with only
a 3.29% reduction, indicating that nominal conditions are less
sensitive to bitrate reductions. The F1-Score of the nominal
class decreases as defects are misclassified as non-defective.

• Takeaway: Decreasing bitrate significantly reduces F1-
Score for the open and deconstruction defect classes,
following a linear trend. In contrast, the nominal class
remains largely unaffected, suggesting that lower bitrates
severely impact defect detection reliability.

C. Framerate Reduction

To determine if reducing the frames per second (FPS) could
serve as an alternative to transmitting lower-quality frames, we
evaluated the model at FPS values ranging from 7 to 3. The
results, depicted in Fig. 4, show no decline in F1-Score for
the classes deconstruction and nominal. For the open class,
the F1-Score decreases by 16.66%. This result can be par-
tially explained by the model’s preprocessing, which involves
sampling and then uniformly selecting a subset of frames. It is
particularly noteworthy that the model consistently classifies
the same subset of classes across all tested reduction values.
We can conclude that lowering the frames per second provides
a viable alternative to reducing video resolution for network
transmission, as the defect classes remain reliably detectable.

• Takeaway: Reducing FPS does not significantly impact
defect detection performance, making it a viable alterna-
tive to lowering video resolution for network transmission
while preserving model reliability.
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Fig. 5. Performance evaluation based on the F1-Score for videos of the
nominal (nom.), open, and deconstruction (dec.) classes with freezing periods.

D. Freezing

To introduce a freezing effect, we determine a random start
time within the video and then trim the video into three
segments: before, during, and after. The effect repeats the
freeze frame for one second in the first trial and two seconds in
the second trial. We repeat this process for each duration until
the model’s performance converges. The results show a small
decrease in correct detections for the deconstruction class of
2.59% on average and a stronger decrease of 43, 31% for the
open class. This confirms that, as with other modifications,
the model is most vulnerable in detecting the open class.
Despite the model technically having the same information,
an explanation for the decrease in correct detection lies in
the strong temporal bias exhibited by Multi-Scale Vision
Transformers [13]. Additionally, it is notable that the model
performance shows almost no difference between the different
durations of freezing, as visualized in Fig. 5.

• Takeaway: The freezing effect significantly reduces de-
tection performance for the open class while having
minimal impact on other classes, highlighting the model’s
vulnerability to temporal disruptions.

E. Comparative Overview

Tab. III provides a comparative analysis of the F1-Scores for
various video modifications, providing insights into how each
modification impacts the detection performance of the three
classes: nominal, open, and deconstruction. The data indicates
the modifications of pixelation, bitstream noise, and bitrate
reduction severely degrade the detection performance of defect
classes, with F1-Scores approaching zero. The open class is
notably the most vulnerable across different modifications,
as it shows the most significant decline in detection perfor-
mance and is more likely to be misclassified as non-defective.
This finding coincides with the results from the ARMBench
evaluations [15]. Boxblur and Freezing primarily affect the
detection performance of the open class. Both noise and buf-
size modifications exhibit relatively stable performance with
minimal impact on defect detection. Additionally, changes in
the frame rate (FPS) do not significantly alter the F1-Scores,

suggesting that adjustments to the frame rate are not crucial
for maintaining model performance. We observe that artifacts
that are more likely to occur due to network transmission, such
as limited bitrate and pixelation, generally cause more damage
than artifacts that may result from camera quality.

IV. RELATED WORK

This section first reviews fault detection techniques in smart
factories, highlighting the shift from sensor-based to vision-
based methods. Next, we discuss the impact of network-
induced corruption on video quality and ML performance. We
then examine research on file corruption in action recognition
models, followed by studies on lossy compression and its
effects on ML. Finally, we outline how our work builds on
these findings by leveraging MViTs.

Fault detection in smart factories has been widely studied,
particularly in robotic systems where failures can lead to
significant inefficiencies. Neural networks have been applied to
minimize actuator faults, such as in a LEGO Mindstorms NXT
pick-and-place robot [6]. Traditional sensor-based methods,
however, face challenges due to environmental and system
constraints, prompting researchers to explore vision-based ap-
proaches [28]. These techniques leverage image segmentation
and hashing to identify anomalies in robotic movements. Some
studies combine vision and sensor data for more robust fault
detection [29], [30]. In contrast, others focus on specialized
techniques such as frame difference methods for filament
defect detection [31] or deep-learning-based approaches like
RetinaNet with Feature Pyramid Networks (FPN) for steel
defect identification [32]. Our work employs MViTs to address
sensor limitations and enhance dataset balance, ensuring more
reliable defect detection [28], [33].

Beyond fault detection, another area of research examines
how network conditions impact video quality and, subse-
quently, ML model performance. Studies indicate that packet
loss and jitter in real-time video streaming over IP networks
can cause visual degradation, with delays exceeding 20 ms
leading to blurring and reduced sharpness [4]. The H.264
codec is particularly sensitive to packet loss, especially in
high-motion, complex scenes, whereas resolution changes
have minimal impact. These insights are crucial in assessing
how video degradation affects video-based ML models.

Related work also investigates the impact of file corruption
on action recognition models [10]. Corruption is broadly
categorized into random bit flips, which stem from hardware
faults, malware, or cosmic rays, and contiguous corruptions
resulting from temperature fluctuations or firmware issues.
These errors introduce visual distortions such as freezing and
smearing [34]–[36]. Studies using a pre-trained 3D-ResNet18
on HMDB51 and UCF101 reveal that severe corruption ren-
ders videos unplayable—up to 90% for random flips and 46%
for contiguous errors. Performance degradation is significant,
with accuracy dropping by 68.9% on HMDB51 and 77.1% on
UCF101. Notably, random flips cause an exponential decline
in performance, whereas contiguous corruption results in a



TABLE III
COMPARISON OF THE F1-SCORES ACROSS DIFFERENT VIDEO MODIFICATIONS.

Highest F1-Score Lowest F1-Score
nominal open deconstruction nominal open deconstruction

Benchmark 0.9648 0.4516 0.7545 - - -
Pixelation 0.9632 0.3747 0.7254 0.9412 0.00 0.00
Boxblur 0.9634 0.377 0.7291 0.9511 0.00 0.5095
Bitstream Noise 0.9598 0.406 0.696 0.2773 0.00 0.1172
Noise 0.965 0.4637 0.7521 0.9587 0.3317 0.6252
FPS 0.9638 0.4035 0.7532 0.9638 0.4035 0.7532
Bitrate 0.9614 0.2982 0.6991 0.9214 0.0129 0.1786
CRF 0.9648 0.4525 0.7524 0.9626 0.3433 0.7077
Bufsize 0.965 0.4388 0.7547 0.9639 0.408 0.7422
Freezing 0.9627 0.331 0.7329 0.9605 0.2864 0.7093

linear decline. Additionally, misclassified videos exhibit 1.57×
more pixel-space perturbations than correctly classified ones.

Extending this research, Chang and Fu [9] explored
network-induced corruption in video-based ML models. Their
experiments, conducted over emulated UDP links using Wi-
Fi, cellular, and wired networks, showed that Wi-Fi produces
the most severe artifacts, while cellular and wired networks
primarily introduce truncation. The study analyzed the effects
of corruption on action recognition, object tracking, segmenta-
tion, and video captioning. Results showed that visual artifacts
consistently degrade model performance, whereas temporal
truncation mainly impacts tasks requiring a single prediction
per video, particularly in short-video datasets. In contrast,
object tracking and segmentation remained largely unaffected.

While prior research has extensively examined the effects of
file corruption and network transmission errors on ML models
[9], [10], our work takes a different approach by evaluating
the impact of specific artifacts from diverse sources on model
performance. By employing MViTs, we aim to provide a more
nuanced understanding of how these artifacts influence video-
based ML models, distinguishing our work.

Another critical area of related research focuses on the
trade-offs between lossy image compression and ML perfor-
mance. Prior work has shown that high JPEG compression
levels can significantly degrade CNN performance, particularly
in thermal imagery, where accuracy drops sharply at high com-
pression rates [37]. However, retraining models on compressed
images have been found to recover up to 76% of lost accuracy.
Similarly, researchers have studied the effects of compression
on action classification and found no clear correlation between
compression and CNN performance [38].

Our research extends this analysis to MViTs, investigating
whether these newer architectures exhibit similar degradation
patterns under compression. Furthermore, we examine the in-
fluence of additional bitrate-affecting factors, such as constant
rate factor (CRF) and frame rate, to gain deeper insights into
the robustness of modern video-based ML models.

V. CONCLUSIONS AND OUTLOOK

Machine learning performance depends heavily on data
quality, which can degrade due to artifacts introduced during
acquisition and transmission in factory settings. Accurately as-
sessing the impact of these distortions is crucial for optimizing
data handling.

This study evaluates the effects of nine artifacts on a Multi-
Scale Vision Transformer for defect detection in a robotic pick-
and-place scenario. Pixelation, bitstream noise, and bitrate re-
duction significantly impair performance, with network-related
artifacts causing more damage than camera-related ones. The
defect class open is particularly prone to misclassifications.
However, reducing the frame rate while maintaining a stable
bitrate has minimal impact and poses a valid alternative to
reduce resource utilization.

In future work, it will be interesting to explore training
models with degraded data to evaluate a possible performance
increase or use Generative Adversarial Networks (GANs) to
extend datasets. Additionally, testing more vision models and
industrial datasets will strengthen the findings’ generalizability
and applicability. We also plan to perform further testing in
a live environment to refine our insights. Furthermore, adver-
sarial attacks and new corruptions, as shown by researchers
in [39], [40], will extend the the gathered knowledge about
the ML models and their robustness to such attacks.
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