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Abstract: This article presents a study on applying artificial intelligence, specifically YOLOv8x and YOLOv11x (You Only Look Once) models,
for detecting three types of faults (healthy, broken, and missing teeth) in rotary tedders under data-constrained conditions. We trained both
models on three progressively augmented datasets (V1-V3) derived from limited video footage, applying rotations, color alterations and
filtering to simulate variance. Our results show a clear correlation between data volume/quality and model performance: mean Average
Precision (mAPO0.5) improved from 62-67% (Dataset V1) to 82-85% (Dataset V3). While YOLOv11x achieved marginally better overall
accuracy (85% vs. 82%), both architectures struggled with background confusion, particularly for the "healthy tooth" class. This work demon-
strates that with strategic data augmentation, off-the-shelf YOLO models can achieve promising detection accuracy even with limited initial
data, providing a practical baseline for real-time agricultural fault monitoring systems.
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1. INTRODUCTION

With the rapid technological development in the agricultural in-
dustry, where advanced machinery plays a key role in increasing
efficiency, using artificial intelligence in monitoring [1] and diagnos-
ing their technical condition [2] is becoming increasingly important.
Al offers innovative solutions, enabling continuous analysis of data
from sensors and vision systems to identify subtle anomalies and
predict potential failures before they occur. This proactive ap-
proach, supported by machine learning algorithms, allows optimi-
zation of maintenance schedules, minimizing field downtime and
reducing repair costs. Thus, Al-based diagnostic systems [19] are
crucial for advancing automation and improving agricultural ma-
chinery reliability.

To enhance the process of agricultural machinery damage de-
tection, the implementation of computer tools based on image de-
tection and classification [3] is being considered. The utilization of
deep learning algorithms, with a particular focus on convolutional
neural networks (CNNs) [20], has emerged as a promising method-
ology. The following paper [4] provides a detailed description of the
application of a CNN network tasked with the recognition of house-
hold items and their surroundings, including bicycles, chairs, and
deer. The study, which was based on a database of 6,000 images,
found that the CNN algorithm achieved a detection accuracy of
(74%) for the class "bicycle," (89%) for "chair," and (87%) for "deer"
after a training process. The authors of the study did not implement
additional modifications to the input data. However, a common
challenge in the process of acquiring samples for training algo-
rithms is the scarcity of available data. Examples of data augmen-
tation techniques employed to enhance the performance of models
that recognize objects using images are presented in the paper [5].
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In their experiment, the researchers employed the RVL-CDIP
database to train the CNN model, implementing image operations
such as resolution change, Gaussian blur, mirroring, and image ro-
tation. The findings indicated a (1%) enhancement in the efficacy
of image recognition algorithms. A frequently employed contempo-
rary model that is founded upon CNN algorithms [20] for object de-
tection is the YOLO model [14], along with methodologies that uti-
lize SSD detection blocks [6]. The application of the aforemen-
tioned model can be seen in the work of two scientific teams. The
first team, described in the work [7], undertook the task of detecting
corn seedlings in the natural environment. The use of detection us-
ing the YOLO architecture was aimed at reducing the pollution fac-
tor and promoting sustainable agricultural development. To train
the algorithm, the team initially collected 1,000 images of seedlings.
Then, through the use of digital augmentation involving a fourfold
90-degree rotation, the database size was increased to 2,400 sam-
ples. The implementation of the YOLO algorithm achieved a seed-
ling detection efficiency of (86.66%).

The YOLO model is used in the analysis of images acquired
from cameras on unmanned aerial vehicles to monitor forest areas
to identify pine wilt disease [8]. The model's detection efficiency of
disease outbreaks was achieved by the research team at (88%).
The model allows both analysis of static images, and video and
real-time detection of camera images. Another application of the
YOLO model in image analysis is presented in paper [9]. The au-
thors conducted an experiment to train an algorithm to detect ob-
jects from the environment of working agricultural machinery using
the YOLOv8 architecture. The training process employed the
COCO database and drew parallels between examples from seven
different databases. The dataset comprised examples of objects
such as people, cars, agricultural machinery, and other
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environmental elements that can be found in the environment of a
working agricultural machine. The author trained two variants of the
model: nano and small, with both models undergoing a training pro-
cess comprising 80 epochs. The findings demonstrated a high level
of detection efficiency for the "combine" (97%) and tractor (94%)
classes. The efficiency of the algorithms was found to be lower in
detecting objects such as humans (71-75%), cars (83%), tractors
(82%) and agricultural machinery (84%).

In the extant literature concerning the YOLO family of models,
comparative analyses of different architectural variants in terms of
their effectiveness are commonplace. Of particular interest to re-
searchers are the YOLOv8 and YOLOv11 versions, due to their
similar structure and mechanism of operation. An example of such
a comparison is furnished by the studies presented in papers
[10,11]. The paper [10] presents a study focusing on the detection
of seedlings at different stages of development and the evaluation
of their resistance to herbicides. In the course of the experiment,
the researchers made use of a collection of 2,348 colour photo-
graphs. Furthermore, a range of variants of the YOLO model were
employed in the analysis, including YOLOv11 and YOLOVS. The
findings of the experimental trials demonstrated comparable object
recognition accuracies, attaining (91%) and (92%), respectively.
Furthermore, the objective of the study was to ascertain the time
taken to detect the presence of the virus. Within the conditions of
the natural plant growth environment, YOLOv11 demonstrated a
superior object detection speed, outperforming the YOLOv8 model
by 10.5 milliseconds. The findings suggest that, while the accuracy
rates of the two versions of the model are comparable, the newer
version exhibits substantially reduced detection times.

In this article, a comparative analysis of two neural network
(NN) architectures, YOLOv11x and YOLOv8¥, is conducted. The
evaluation of the algorithms was based on the task of detecting
specific defects in an agricultural rotary tedder machine. The train-
ing of the models was facilitated by a visual dataset that had been
acquired under conditions of actual machine operation. The article
provides a comprehensive account of the process of preparing the
database, which involves the division of the database into three
separate sets. In two group, digital data augmentation methods
were used to increase the number of training samples. The process
of acquiring knowledge of both models using the prepared sets is
presented, and an analysis of the results is obtained. A detailed
comparison of the performance of the two YOLO models was made
based on the confusion matrix.

The main novelty of this study aims to evaluate the feasibility of
using Al-based models to detect potential damage in our specific
use case. Therefore, the primary contribution of this work is a prac-
tical, empirical comparison of two state-of-the-art, off-the-shelf
YOLO architectures (YOLOv8x and YOLOv11x) for a specific, data-
constrained agricultural fault detection task. We provide a detailed
analysis of their performance under data scarcity, the impact of pro-
gressive dataset augmentation, and practical insights for imple-
menting such systems in real-world conditions. In particular, ma-
chine component recognition using vision systems has the potential
to allow for the identification of damage types in real time and during
machine maintenance. It is possible that this could reduce operat-
ing costs and ultimately mitigate potentially harmful environmental
impacts.

2. METHODOLOGY

The task was accomplished by utilizing the YOLOv11x and
YOLOv8x models to detect the elements of the teeth of an
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agricultural machine. Models were trained using the PyTorch
framework [16] and the Ultralytics YOLO library [14], utilizing phys-
ical hardware equipped with CUDA technology [17] version 12.6.
The process incorporated the NVIDIA GeForce RTX 3060 Laptop
GPU, the Windows 10 Pro operating system, and the Visual Studio
development environment.

A dedicated database has been developed for the training of
neural networks, with the networks being extracted from video re-
cordings of mowing operations. The parameters of the footage are
shown in Tab. 1. The footage was recorded from the vantage point
of a standing individual observing the operation of the machine in a
working environment. The extraction of frames from the video into
individual images in graphic format was made with DaVinci Resolve
17 software. In addition, 291 photos of the SaMASZ P10-1100 ro-
tary tedder machine were taken to mitigate the dataset imbalance.
The focus was mainly on potential damage to the teeth. This al-
lowed for the expansion of the input data for model learning.

Tab. 1. Features of video materials

Video Format | Resolution FPS Time (s)
1 mp4 1920x1080 30 67
2 mp4 1920x1080 30 16

The acquired materials were added and pre-processed before
they were given to the input of the YOLO network model. Based on
the acquired materials, three datasets used to train the neural net-
work will be prepared. Assumptions for the use of the effects for the
databases are shown in Tab. 2. Effects imposed on the materials
are as follows:

— Rotate +45* and -45* to achieve up to a full 360-degree rotation;
— changing the colour palette;

— changing the resolution;

— pixelation;

— black-white contrast;

— changing threshold values.

Tab. 2. Modifications applied to the database

Dataset V1 Dataset V2 Dataset V3
rotation YES YES YES
colour change NO YES YES
resolution YES YES YES
black. and NO YES YES
white
threshold NO YES YES
change
pixelate NO YES YES
additional data NO NO YES

The training of neural networks will be performed based on two
models: YOLOv11x and YOLOv8x. Each model must undergo a
learning process using Datasets. The machine on which the learn-
ing process will be carried out is shown in Tab. 3.
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Tab. 3 Parameters of the computer using to learning NN

RAM VRAM | Processor | Disk | Graphic 0s

32GB AMDRYZEN | 1T/ NVIDIA Windows

DDR4 6 GB 7-5800H M.2 | GeForceR 10 Pro
3200 MHz 320GHz | SSD | TX3060

Training
Image Input]

T
640x640

Backbone|

b

The network's learning assumptions will be established for all
cases as follows, as demonstrated in Tab. 4. In the YOLOV8x ar-
chitecture (see Fig. 1), the image detection process involves the
input of a normalised and rescaled input image of predefined illus-
trative dimensions 640 x 640 pixels into the backbone module. This
fundamental component of the network, predicated on C2f blocks,
sequentially extracts hierarchical feature maps of varying resolu-
tions, ranging from higher resolution maps characterised by their
richness in spatial detail to lower resolution maps.

Tab. 4. YOLO model parameters used in training the network

epochs
YOLOv11x 8 640x640 100 V1 190 | ON
YOLOv11x 8 640x640 100 V2 190 | ON
YOLOv11x 8 640x640 100 V3 190 | ON
YOLOv8x 8 640x640 100 V1 112 | ON
YOLOv8x 8 640x640 100 V2 112 | ON
YOLOv8x 8 640x640 100 V3 112 | ON

As illustrated in Fig. 1, the architecture of YOLOv11x [12]
demonstrates evolutionary advancements in comparison to
YOLOv8x, while concurrently preserving substantial similarities.
As in YOLOV8¥, the scaling of YOLOv11x variants is implemented
using depth_multiple, width_multiple, and max_channels parame-
ters, while the initial stem component remains identical. In the cer-
vical region, both architectures incorporate the SPPF block, in ad-
dition to merging and zooming operations. A substantial modifica-
tion in YOLOv11x is the integration of an advanced C3k2 block
within the backbone modules, which replaces the C2f from
YOLOv8x [13]. This results in a reduced number of parameters and
the potential for enhanced efficiency.

Neck of model YOLOv11x, following the SPPF block, the inte-
gration of a C2PSA self-attention module was implemented to aug-
ment the model's capacity to discern global relationships within the
analysed image. The down-sampling process in YOLOv11x is
implemented through convolution layers with a 3x3 kernel and a
step of 2. The structure of head YOLOv11x shows some similarities
with the solutions from YOLOV8x in terms of an anchor-free ap-
proach. These modifications indicate the focus of YOLOv11x and
development on increasing efficiency and improving contextual
modelling while using proven solutions from previous generations.
The YOLO versions were selected based on their comparable fea-
tures. The YOLOv11x model represents an endeavour to enhance
the architecture of its previous version. The diagrams are intended
to provide a visual representation of the process by which the
YOLO algorithm learns to recognise objects. The algorithm uses
samples based on data collected from the actual object, and then
compresses and analyses it.
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Fig. 1. Architecture diagram for YOLO models, [13]
2.1. Dataset and preprocessing

The implementation of the algorithms in this study involved the
creation of a dedicated database for model learning. The source
data was obtained from video footage recorded in the operating en-
vironment of an agricultural machine, considering the damage sus-
tained by a broken tooth and a missing tooth, see Fig. 2. The video
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footage was decomposed into individual frames, which were then
subjected to analysis. A selected portion of these frames was then
used in a further process. The implementation of this procedure re-
sulted in the acquisition of a total of 2,519 frames. From this pool,
the frames that met the specified criteria were selected for further
processing. The selection process focused on three key elements
of the machine: healthy tooth, missing tooth, and broken tooth. It is
evident that the visual patterns exhibited by the majority of the
frames are repetitive, and the machine's operation is characterized
by a cyclical pattern. Consequently, the data set under considera-
tion consists of a representative sample of 34 images, with a reso-
lution of 1980x1080. The acquired image database was then sub-
jected to further processing to increase the number of samples re-
quired for the training process. The database was divided into three
data sets. The initial training set for the algorithm was rotated by 45
degrees using Roboflow tools [15]. The rotation operation was per-
formed on 233 samples.

The subsequent stage of the process involved the annotation
of the elements to be incorporated into each image. For this pur-
pose, the tool offered by the Roboflow platform was utilised. The
labelling process was executed manually, based on assumptions
concerning the identified elements. The following labels were en-
tered: healthy tooth, broken tooth, and missing tooth. Following the
conclusion of the annotation process, the final step in the augmen-
tation of the training dataset was to rotate each image by 45 de-
grees. The resultant dataset comprised images for training, testing,
and validation. Consequently, four distinct variants were formulated
through the implementation of image modification.

T
/4

RR i

missing toot healthy tooth

broken tooth

Fig. 2. Potential tooth damage and condition

Due to the limited number of samples extracted from the vid-
e0s, additional operations were performed on the selected images
to increase the number of samples and introduce more variance
into the learning process. Using Dithermark image processing soft-
ware, which allows manipulation of threshold, saturation, image
base colour change, and additional parameters such as the texture
of the displayed image. The total number of samples was in-
creased. The image variants are given in Fig. 3.

Variation 2 Variation 3

Fig. 3. Variants of the images obtained after applying the effects
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Expanding the initial dataset mitigated the constraints of a lim-
ited sample size, specifically enriching the repository of rotary ted-
der tooth defects. This enhancement facilitated the development of
the third database iteration Tab. 5, which prioritizes the represen-
tation of fractured components to improve the model.

Description of the database acquired in the preparation pro-
cess:

— Dataset V1: Custom database having tags for healthy tooth,
broken tooth, missing tooth, rotor, and wheel classes. Number
of images: 233, 3 images for test, 7 images for validation;

— Dataset V2: Custom database having markings for healthy
tooth, broken tooth, and missing tooth classes. Number of im-
ages: 921, 26 images for test, 13 images for validation.

— Dataset V3: Custom Database having tags for healthy tooth,
broken tooth and missing tooth. Number of images: 3377, 50
for test and 99 for validation.

Tab. 5. Set for each data used in training

Dataset Train Test Validation
V1 233 3 7
V2 921 26 13
V3 3,377 50 99

The assumptions of the training process of the YOLOv11x and
YOLOv8x networks included the use of images with a resolution of
640x640 pixels, based on the prepared dataset using the tools of
the Roboflow tools the preprocessing is shown in Fig. 4.

Y \
After auto-orientation
and 45° shift

Fig. 4. Simplified preprocessing images sequence

After resizing to 640x640

3. RESULTS AND DISCUSSION

The subject of this chapter is the analysis of the results of learn-
ing two separate instances of the YOLO algorithm, aimed at recog-
nizing three defined states of the working teeth of the rotary tedder:
— healthy tooth;

— broken tooth;
— missing tooth.

Proceeding to a detailed analysis of the learning results, it is
necessary to characterize the differences between the datasets
used. A quantitative summary of each class of objects for Dataset
V1, Dataset V2 and Dataset V3 is shown in Fig. 5. Due to the use
of methods involving the use of filters, the set of iterations for the
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learning process has significantly increased. The time in which both
models completed their training shown in Tab. 6 suggests that the

Tab. 7. Dataset V1 training results precision-recall

Precision-Recall Curve

increased number of iterations extended the process to finish. 10 |
Tab. 6. Training the YOLO model for V1, V2 and V3 databases
0.8 4
Training duration time [h]
YOLOv8x YOLOv11x
0.6 4
Dataset V1 4 8 YOLOVI1X &
Dataset V2 145 28 Dataset
V1 0.4
Dataset V3 64 104
0.2
Before proceeding to a detailed analysis of the learning results, - ﬂ:ﬁmﬂ?fﬂ
it is necessary to characterise the differences between the three — all classes 0.677 mAP@O.S
datasets used. 0.0 = - ~ - Y
Recall
800 - 1750 -
S5 10 Precision-Recall Curve
¢ 900~ 1250 -
§ E 1000 -
z 400 ; 0.8
ad £ 7150
200 - 500
250 - 0.6
9 £ £ & 0 - —— } YOLOv8x é
8 g H H H H Dataset &
g 5 £ § g z V1 04
S5 £ 2 g g E
Dataset V1 Dataset V2
0.2
e
2500 - = all classes 0.625 MAP@0.5
0.0

2033
2000 -

instances

1500 -

1000 -

500 -

I
r
©

broken tooth
missing tooth -
healthy tooth

Dataset V3

Fig. 5 Graph of the number of annotations for each class of datasets
3.1. Results Dataset V1

The detailed statistics generated during the YOLO algorithm's
learning process, incorporating graphical visualizations and numer-
ical summaries, facilitated an in-depth analysis and comparison of
precision metrics and the overall efficiency of neural network learn-
ing. It is imperative to acknowledge that the percentage indicated
herein pertains to the precision of detection of the specified object
classes. An analysis of the data from the learning process of the
YOLO algorithm reveals the value of the mAP0.5 metric. This met-
ric measures the model's ability to correctly detect and locate ob-
jects according to the annotations in the image dataset. Values
above 50% are generally considered to indicate high model perfor-
mance. This assertion is supported by an analysis of the precision-
recall curves given in Tab. 7.
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The YOLOv8x model, trained on the Dataset V1, achieved an
overall mAPQ.5 value of 0.625, which translates to approximately
62% object detection efficiency (see Tab. 8). A detailed analysis of
the individual classes was conducted, yielding the following values:
for the missing tooth class, the value was 0.501, and for the healthy
tooth class, 0.729.

Tab. 8. Results of parameter mAP0.5 Dataset V1

Model Overall Healthy tooth Missing tooth
YOLOv8x 62% 74% 50%
YOLOv11x 67% 68% 67%
difference 5% 9% 17%

The case for model YOLOv11x using the first set of images
showed an overall mAPO.5 value of 0.625, which gives a 62% effi-
ciency in object detection. The mAPQ.5 coefficient for the classes
was a missing tooth at 0.670 and a healthy tooth at 0.684. Analysis
of the results using the first set of images showed that both models
had an overall precision coefficient of 62% and 67% respectively.
Even so, differences emerged for individual class results. The
YOLOv11x model showed 17% better performance in detecting a
missing tooth defect. However, for the healthy tooth class, it was
inferior to YOLOvV8x by 9%. The results are shown in Tab. 9.
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However, the samples in their combination had no reference for the
last broken tooth class. Due to the very small number of markers,
the model could only be trained but had no material to compare the
effect of training.

The subsequent dataset to be analysed is the confusion matrix,
which has been normalized for both sets. As illustrated in Fig. 6,
Dataset V1 demonstrates the challenges experienced by the
YOLOv11x model during the learning process. The algorithm
demonstrated a certain degree of difficulty in accurately identifying
the broken tooth and background classes. In contrast, the remain-
ing classes exhibited an accuracy rate above 65%, with the healthy
tooth class achieving 75% accuracy and the missing tooth class
attaining 67%. The broken tooth class was not included in the ma-
trix due to an absence of material associated with this class of dam-
age.

It can also be deduced that a common problem for the healthy
tooth class is its confusion with background elements. The hypoth-
esis that such a relationship exists is postulated based on the op-
erating environment of the agricultural machine. The machine was
operational and engaged in the process of harvesting grass, a pro-
cess which has the potential to cause interference.

The results of the matrix obtained from the training process of
the YOLOv8x model indicate that the model scored worse in terms
of accuracy compared to YOLOv11x. A thorough examination of
the matrix presented in Fig. 7 reveals the detection rate for the
healthy tooth (59%) and missing tooth (33%) classes. The findings
from the comparison of the two models' performance for the Da-
taset V1 database are presented in Tab. 9. Analysis of the results
revealed higher object detection performance for the V1 dataset for
the YOLOv11x model. In particular, this model achieved signifi-
cantly better results in the recognition of tooth classes, improving
by 16% and missing teeth by 34% compared to YOLOv8x.

Tab. 9. YOLOv8x and v11 model results for each class Dataset V1

Model Healthy tooth Missing tooth
YOLOv8x 59% 33%
YOLOv11x 75% 67%
difference 16% 34%

033 025

Predicted
background healthy tooth missing tooth broken tooth

broken tooth missing tooth healthy tooth  background
True

Fig. 6. YOLOv11x Dataset V1 confusion matrix
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rae 0.41

Predicted
background healthy tooth missing tooth broken tooth

broken tooth missing tooth healthy tooth  background
True

Fig. 7. YOLOv8x Dataset V1 confusion matrix

Both analysed models showed a tendency to classify back-
ground elements as objects, with the problem being more severe
for the healthy tooth class. Nevertheless, an analysis of the confu-
sion matrix showed that the v11 model had a 5% lower false-posi-
tive background detection rate for the healthy tooth class compared
to the v8 model. Significantly better results were observed in the
detection of missing tooth class defects, where the YOLOv11x
model showed a 37% lower rate of misclassification of background
elements as defects.

3.2. Results dataset V2

Tab. 10. Dataset V2 training results precision-recall

1o Precision-Recall Curve

0.8
06
=
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v
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An analysis of the YOLO neural network learning results fol-
lowed, focusing on the data obtained from the training process us-
ing the Dataset V2. The interpretation began with the evaluation of
the average precision metric mAPQ.5. Based on the precision-recall
precision-sensitivity curves given in Tab. 10, a comparison of the
results achieved for the dataset was made.

Analysis of the average precision value at the mAP0.5 thresh-
old showed that the YOLOv8x model achieved an overall improve-
ment in this indicator by 3% for all object classes, see Tab. 11. De-
tailed analysis of individual classes revealed varying trends. The
detection of the healthy tooth class was characterized by higher
precision in the YOLOv11x model, with a difference of 3%. In con-
trast, missing tooth class damage was more effectively detected by
the YOLOv8x model, which showed an improvement of 9% com-
pared to the YOLOv11x model.

Tab. 11. YOLOv8x and v11x model results with broken tooth excluded

Model Overall Healthy tooth | Missing tooth
YOLOv8x 7% 60% 93%
YOLOv11x 74% 63% 84%
difference 3% 3% 9%

The precision value for the broken tooth class reached a high
level (99%) in both analysed models, see Tab. 12. Nevertheless,
there is a suspected overestimation of this result, which may be due
to the insufficient sample size of this class in the training dataset,
which could potentially lead to an overfitting effect and inflated pre-
cision. In addition, an overlap of samples of the missing tooth class
was observed between the training, validation, and test datasets.
Given the above considerations, the decision was made to exclude
the missing tooth class from the calculation of overall network per-
formance metrics.

Tab. 12. YOLOv8x and YOLOv11x model results for each class dataset

V2
Model Overall H;‘:)I:Ey Mti::::g Broken tooth
YOLOvV8x 84% 63% 93% 99%
YOLOv11x 82% 60% 84% 99%
difference 4% 3% 9% 0%

Analysis of the confusion matrix given in Fig. 8 for the
YOLOv11x model and for the YOLOv8x model given in Fig. 9 iden-
tified specific problems that occurred during the learning process.
Regarding the healthy tooth and missing tooth classes, the model
based on the YOLOv11x architecture showed better overall detec-
tion statistics at 62%, an improvement of 9% over the YOLOv8x
model. In addition, the YOLOv11x model more effectively distin-
guished between background and healthy tooth class objects,
achieving a difference in classification accuracy of 33%. The
YOLOv8x model, on the other hand, was more effective in detecting
the missing tooth class, achieving an improvement of 8%.

Detailed analysis of the confusion matrix for both YOLOv11x
and YOLOv8x models provided valuable information on specific
types of classification errors, see Tab. 13.
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Tab. 13. Dataset V2 Confusion Matrix Results

Model Healthy tooth Missing tooth
YOLOv8x 53% 100%
YOLOv11x 62% 92%
difference 9% 8%

These observations made it possible to identify the object clas-
ses that posed the greatest difficulties in the detection process. For
example, the tendency to confuse background features with the
healthy tooth class, particularly evident in the YOLOv8x model re-
sults (86%), suggests a potential need to further enrich the dataset
with examples of backgrounds or to apply techniques that increase
the value of features specific to this class. In contrast, the
YOLOv11x model's better distinction between background (58%)
and healthy tooth class, is highlighted in its confusion matrix. Anal-
ysis of the confusion matrix indicated that for the missing tooth
class, the YOLOv8x model did better at distinguishing the back-
ground relative to YOLOv11x by 28%. This indicates that the two
models do not clearly show which one is better when using Dataset
V2.

missing tooth proken tooth

Predicted

0.08 0.38

background healthy tooth

broken tooth missing tooth healthy tooth  background
True

Fig. 8. YOLOv11x Dataset V2 confusion matrix
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background healthy tooth missing tooth proken tooth

0.86

0.47

broken tooth missing tooth healthy tooth  background
True

Fig. 9. YOLOv8x Dataset V2 confusion matrix
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3.3. Results Dataset V3

A performance analysis of the YOLO architecture was con-
ducted, centered on the data derived from the training phase utilis-
ing Dataset V3. The evaluative framework prioritised the Average
Precision at a 0.50 Intersection over Union threshold mAP0.5 as
the primary metric. Furthermore, a comparative assessment was
performed between the two models by synthesizing the precision
recall characteristics. These curves, consolidated in Tab. 14, serve
as the basis for interpreting the trade-offs between model precision
and sensitivity across the investigated variants.

A comparative evaluation of the mAPQ.5 metric indicates that
the YOLOv8x model yielded an overall performance enhancement
of 82% and YOLOv11x yielded 85% across all object classes rela-
tive to the baseline Tab. 15. However, a class specific analysis re-
vealed divergent performance trends between the investigated ar-
chitectures. While the YOLOv11x model demonstrated better pre-
cision in the detection of missing teeth (98%), and broken teeth
(95%) YOLOv11x variant exhibited higher efficacy in identifying
broken teeth and missing teeth defects, surpassing YOLOv8x by
2% and 3% respectively. These results suggest that while
YOLOv11x may offer refined feature extraction for detecting teeth
and damages.

Tab. 14. Dataset V3 training results precision-recall
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Tab. 15. Results of training models for Database V3

Model Overall H&e:)l::y Mti:cs)::g Broken tooth
YOLOV8x 82% 58% 95% 93%
YOLOv11x 85% 62% 98% 95%
difference 3% 4% 2% 2%

These observations facilitated the identification of object clas-
ses that presented the most significant challenges during the de-
tection process. Specifically, a pronounced tendency to misclassify
background features, particularly within the YOLOv8x architecture.
This phenomenon suggests a requirement for further dataset re-
finement, either through the inclusion of more diverse background
samples or the implementation to enhance classes. Conversely,
the confusion matrix analysis revealed that YOLOv11x demon-
strated better discriminative capabilities in distinguishing back-
ground elements from. Such divergent results indicate that neither
architecture maintains a definitive advantage when trained on
Dataset V3.

A comparative analysis of the confusion matrices for the
YOLOv11x and YOLOvV8x architectures Fig. 10-11, respectively
elucidated specific challenges encountered during the training
phase. The confusion matrix analysis reveals that both models en-
countered challenges regarding the healthy tooth class. Specifi-
cally, a significant tendency to misclassify background elements
was observed 72% for the YOLOv11x model and 59% for
YOLOv8x. While the YOLOv8x architecture exhibited a higher fre-
quency of background-related issues, this margin did not exceed
the comparison observed in the v11x model. These variations war-
rant further investigation in future work, particularly concerning their
integration into real-world detection systems. Furthermore, the
analysis of inter class confusion suggests that future research
should explore more complex neural architectures or the modifica-
tion of loss functions tailored to mitigate specific misclassification
types.
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Fig. 10. YOLOv11x Dataset V3 confusion matrix
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3.4. Comparison of YOLOv8x and YOLOv11x

This chapter aims to directly compare the learning results of the
YOLOv8x and YOLOv11x models achieved on three sets of data:
Dataset V1, Dataset V2 and Dataset V3. This analysis will identify
the impact of dataset characteristics on the performance of the two
architectures and conclude their generalizability and specificity in
fault detection. Using the results discussed in Sections 3.1-3.3, this
section will present a comparison of the two models. The first prop-
erty that was compared is the value of mAPQ.5 for the two models
using Datasets V1, V2 Tab. 16. The results show that Dataset V2
after applying additional effects to the materials extracted from the
videos. They show an improvement in values in both cases of 15%
for YOLOv8x and 12% for the YOLOv11x model. The Yolov8x
model showed a better response to the modified database, with 3%
over the Yolov11x model.

Tab. 16. Results of mAPO0.5 values for Datasets

Model Dataset V1 Dataset V2 | Dataset V3
YOLOv8x 62% 7% 82%
YOLOv11x 62% 74% 85%

YOLOv8x overall mAP0.5 value for YOLOv8x was 0.625 on Da-
taset V1. On Dataset V2, there was an improvement of 3% when
all classes were included. However, after excluding the problematic
broken tooth class from the Dataset V2 analysis, a direct compari-
son of overall efficacy becomes more difficult without recalculating
mAPQ.5 for healthy tooth classes only. Nevertheless, the initial in-
crease of 3% suggests that Dataset V2 may have been more fa-
vourable for overall detection before excluding broken teeth.

YOLOv11x, similarly to the YOLOv8x model achieved a
mAPO.5 of 0.625 on Dataset V1. On Dataset V2, after excluding the
broken tooth class, the model showed an overall detection effi-
ciency of 62%, indicating no significant change in the overall metric
compared to Dataset V1. Both models showed similar overall per-
formance on both datasets, with a slight upward trend for YOLOv8x
on DatasetV2 before excluding the missing tooth. This suggests
that the overall complexity and characteristics of the three datasets
may have been comparable in terms of detection difficulty. Class
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healthy tooth with YOLOv8x achieved mAP0.5 with higher precision
for the class healthy tooth on Dataset V1 equalled 0.729 compared
to Dataset V2 where YOLOv11x was better by 3%. YOLOv11x
showed mAP0.5 lower precision for the healthy tooth class on Da-
taset V1 of 0.684, compared to Dataset V2 where it performed bet-
ter than YOLOv8x. Dataset V1 provided the YOLOv8x model with
better examples to learn the characteristics of normal teeth, while
Dataset V2 was more favourable to YOLOv11x in detecting this
class. The missing tooth class YOLOv11x showed significantly
higher precision for the missing tooth class on Dataset V1 where
mAP0.5 equals 0.670, compared to YOLOv8x where mAPO0.5
equals 0.501. On Dataset V2, both architectures achieved very high
precision. The models trained on Dataset V3 Tab.16, which incor-
porates supplementary photographic material, lead to a substantial
improvement across all classes. The YOLOv11x model achieved
an overall accuracy of 85%, slightly outperforming the YOLOv8x
model at 82%. This enhanced performance is attributed to the in-
clusion of additional training data and a more refined class distribu-
tion between healthy and broken tooth. The results suggest that
maintaining strict class balance in labelling and incorporating a
wider variety of damage cases can significantly optimise the model
training process and give better results.

Confusion matrix provided insight into the models ability to dis-
tinguish objects from the background on both datasets. On Dataset
V1, both models showed problems distinguishing background, es-
pecially in the context of the healthy tooth class. On DatasetV2, the
YOLOv11x model showed a significantly better distinction of back-
ground from healthy tooth class (33%) compared to YOLOv8X. In
addition, YOLOv11x had a 37% lower rate of misclassifying back-
ground as missing tooth lesions. Dataset V2 appears to have posed
greater challenges in distinguishing the background for YOLOv8x
in the context of healthy tooth class, while YOLOv11x performed
better on this dataset. YOLOv11x's better performance in distin-
guishing backgrounds on Dataset V2 may suggest that this dataset
contained more complex or diverse examples of backgrounds.

A comparison of results on Dataset V1 and Dataset V2 reveals
that dataset characteristics have a significant impact on the relative
performance of both YOLO architectures. While the overall perfor-
mance of mAP0.5 was similar, the precision of detection of individ-
ual classes and the ability to distinguish objects from background
varied by dataset and model. Dataset V1 appears to be more diag-
nostic in differentiating the two models ability to detect particular
types of damage, with a clear advantage for YOLOv11x in missing
tooth detection. Dataset V2, despite an overall improvement for
YOLOvV8x before excluding the broken tooth, posed greater chal-
lenges in distinguishing the background for YOLOv8x. The high
precision for the missing tooth class on this dataset requires careful
interpretation.

The Dataset V3 demonstrated that rigorous collection and pro-
cessing of photographic material are critical to enhancing the model
training process. Notably, as data quality improved, the perfor-
mance disparity between the models became significantly less pro-
nounced compared to earlier iterations. However, the operational
efficiency of these models must be validated in a real-world testing
environment to confirm their practical viability. These results under-
score the importance of careful selection and preparation of da-
tasets in the process of learning object detection models. The dif-
ferences in performance on different datasets suggest that gener-
alizing models can be a challenge and that performance may be
strongly related to the characteristics of the training data.
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4. CONCLUSIONS AND FUTURE WORK

In the above article, a comparative analysis of two neural net-
work architectures, YOLOv8x and YOLOv11x, in the task of detect-
ing damage to the teeth of an agricultural machine, using three sep-
arate datasets was carried out, providing important conclusions
about their relative performance and the impact of training data
characteristics. On Dataset V1, the two models achieved identical
overall mAPQ.5 performance of 0.625 (62%), but revealed differ-
ences in the detection precision of each class. YOLOv11x showed
higher precision in detecting a missing tooth lesion of 0.670, 17%
better than YOLOv8x with mAPO0.5 score of 0.501. In contrast,
YOLOv8x was more effective in identifying healthy tooth with a pre-
cision of 0.729, compared to 0.684 for YOLOv11x by 9% worse.
Analysis of the confusion matrix indicated general difficulties with
the broken tooth class and with distinguishing objects from the
background. Analysis using Dataset V2 showed a slight improve-
ment in the overall mAP0.5 value for YOLOv8x before excluding
the problematic missing tooth class. After excluding this class due
to suspected overfitting, achieving 99% precision in both models,
However, YOLOv11x showed better overall detection statistics at
62% after excluding the missing tooth. The model also achieved
better distinction of background from healthy tooth class by 33%. A
comparison between the datasets revealed that Dataset V1 did a
better job of differentiating between the two models' abilities to de-
tect particular types of damage. Dataset V3 seemed to pose more
promising results, achieving 82% and 86% accuracy, precision and
recall. That tells us that improving datasets has a significant impact
on the end result of models. This demonstrates the potential of im-
plementing YOLO models for damage detection in our application.

In further work, it is planned to increase the sample size in the
dataset for each class: healthy tooth, missing tooth, and broken
tooth. In addition, it is anticipated that the database will be ex-
panded to include new damage categories for SaMASZ P8-890 and
P10-1100 rotary tedders. A key goal is to significantly improve ob-
ject classification accuracy metrics. It is also necessary to imple-
ment methods to reduce visual artifacts from the background. The
machine environment generates numerous distortions that nega-
tively affect the visibility of analyzed objects. Effective segmentation
of the background and identification of its components is a funda-
mental aspect of further research to improve the accuracy of dam-
age detection in machine operating conditions. The deployment of
the YOLOv11x and YOLOv8x architecture for high-speed applica-
tions necessitates a rigorous balance between spatial resolution
and temporal frequency. In the interest of maintaining a high mean
Average Precision mAP, it is recommended that, when detecting
small or distant fast-moving targets, an input resolution of at least
1280x1280 pixels be considered, as lower densities result in fea-
ture degradation during down-sampling. While a standard temporal
resolution of 30 FPS will be sufficient for static environments such
as inspection in a diagnostic station, capturing high-velocity dynam-
ics such as work in a field could require a high-speed acquisition
rate of 60 to 120 FPS. It is thought that this increased frame rate is
essential for reducing the displacement interval between succes-
sive frames, thereby enhancing the stability of object tracking algo-
rithms. Furthermore, to mitigate the risk of motion blur, which can
obscure edge gradients critical for neural network feature extrac-
tion, it is advisable to synchronise a short exposure time shutter
speed of 1/1000s or faster with high-bandwidth interfaces to ensure
data integrity at peak resolutions.

acta mechanica et automatica, vol. 20 no.1 (2026)

This research is supported by Ministry of Science and Higher Education,
“VIA CARPATIA Universities of Technology Network named after the Pres-
ident of the Republic of Poland Lech Kaczynski® project no
MEiN/2022/DPI/2575, as part of the action “ISKRA - building inter-univer-
sity research teams”.

REFERENCES

1. Mystkowski A, Wolniakowski A, ldzkowski A, Ciezkowski M,
Ostaszewski M, Kociszewski R, et al. Measurement and diagnostic
system for detecting and classifying faults in the rotary hay tedder us-
ing multilayer perceptron neural networks. Engineering Applications of
Artificial Intelligence. 2024.

Available from: https://doi.org/10.1016/j.engappai.2024.108513

2. Sewiolo M, Mystkowski A, Berghout T, Khamari D, Wolszczak P, Litak
G. Fault detection in rotary agricultural machinery using genetic algo-
rithm optimized multiple input — parallel — convolutional neural net-
works. 2023 International Conference on Electrical Engineering and
Advanced Technology (ICEEAT). 2023;1-6.

Available from: https://doi.org/10.1109/iceeat60471.2023.10425835

3. Krizhevsky A, Sutskever |, Hinton GE. ImageNet Classification with
Deep Convolutional Neural Networks. Neural Information Processing
Systems; 2012. Available from: http://books.nips.cc/papersffiles/
nips25/NIPS2012_0534.pdf

4. Sharma N, Jain V, Mishra A. An analysis of convolutional neural net-
works for image classification. Procedia Computer Science. 2018.
Available from: https://doi.org/10.1016/j.procs.2018.05.198

5. Tensmeyer C, Martinez T. Analysis of Convolutional Neural Networks
for Document Image Classification. 2017 14th IAPR International Con-
ference on Document Analysis and Recognition (ICDAR) . 2017. Avail-
able from: https://doi.org/10.1109/icdar.2017.71

6. Liu W, Anguelov D, Erhan D, Szegedy C, Reed S, Fu CY et al. SSD:
Single Shot MultiBox Detector. In: Lecture notes in computer science.
2016; 21-37.

Available from: https://doi.org/10.1007/978-3-319-46448-0_2

7. LiuS,JinY,RuanZ, MaZ, Gao R, Su Z. Real-Time detection of seed-
ling maize weeds in sustainable agriculture. Sustainability. 2022.
Available from: https://doi.org/10.3390/su142215088

8. YaoJ, Song B, Chen X, Zhang M, Dong X, Liu H, et al. Pine-YOLO: a
method for detecting pine wilt disease in unmanned aerial vehicle re-
mote sensing images. Forests. 2024.

Available from: https://doi.org/10.3390/f15050737

9. Tarasiuk K., Mystkowski A., Ostaszewski M., Majka A., Czarnigowski
J., Performance Comparison of YOLO Setups for Agriculture Machine
Surrounding Monitoring, 26th International Carpathian Control Confer-
ence (ICCC). Stary Smokovec, Stowacja. 19-21.05.2025.
https://doi.org/10.1109/ICCC65605.2025.11022828

10. Sharma A, Kumar V, Longchamps L. Comparative performance of
YOLOVS, YOLOV9, YOLOv10, YOLOv11 and Faster R-CNN models
for detection of multiple weed species. Smart Agricultural Technology;
2024. Available from: https://doi.org/10.1016/j.atech.2024.100648

11. Han B, Zhang J, Aimodfer R, Wang Y, Sun W, Bai T, et al. Research
oninnovative Apple Grading technology driven by intelligent vision and
machine learning. Foods. 2025.

Available from: https://doi.org/10.3390/foods 14020258

12. Khanam R, Hussain M. YOLOv11: An Overview of the Key Architec-
tural Enhancements. ArXiv abs/2410.17725. 2024. Available from:
https://api.semanticscholar.org/CorpusID:273532028

13. Hidayatullah P, Syakrani N, Sholahuddin M, Gelar T, Tubagus R.
YOLOvV8 to YOLO11: A Comprehensive Architecture In-depth Com-
parative Review. ArXiv abs/2501.13400. 2025.

Available from: https://api.semanticscholar.org/CorpusID:275820077

14. Ultralytics. Models supported by ultralytics [Internet]. Ultralytics YOLO
Docs. 2025. Available from: https://docs.ultralytics.com/models/

15. Build Vision Models with Roboflow | Roboflow Docs. Available from:
https://docs.roboflow.com/

16. PyTorch documentation — PyTorch 2.7 documentation. Available
from: https://pytorch.org/docs/stable/index.html

17. CUDA Toolkit Documentation 12.9.

7


http://books.nips.cc/papers/files/
https://doi.org/10.3390/su142215088
https://doi.org/10.1016/j.atech.2024.100648
https://doi.org/10.3390/foods14020258

Kamil Felter, Arkadiusz Mystkowski DOI: 10.65731/ama/2026-0008
Comparative Analysis of YOLOv8x and YOLOv11x Models for Rotary Tedder Faults Detection

Available from. hitps:/idocs nvidia.com/cuda/ Kamil Fefter: ! https://orcid.org/0009-0004-3903-3165
18. Boufares O, Boussif M, Saadaoui W, Miraoui I. Moving object detec-
tion: a new method combining background subtraction, fuzzy entropy Arkadiusz Mystkowski: "= https://orcid.org/0000-0002-5742-7609

thresholding and differential evolution optimization. Acta Mechanica et
Automatica. 2025;19(1):106-16.
Available from: https://doi.org/10.2478/ama-2025-0013
19. Niyongabo J, Zhang Y, Ndikumagenge J. Bearing fault detection and @@@@ This work is licensed under the Creative
diagnosis based on densely connected convolutional networks. Acta BY NC_ND Commons BY-NC-ND 4.0 license.
Mechanica Et Automatica. 2022;16(2):130-5.
Available from: https://doi.org/10.2478/ama-2022-0017
20. Powroznik P, Skublewska-Paszkowska M, Rejdak R, Nowomiejska K.
Automatic Method of macular Diseases detection using deep CNN-
GRU network in OCT images. Acta Mechanica Et Automatica.
2024;18(4):197-206. Available from: https://doi.org/10.2478/ama-
2024-0074

78


https://doi.org/10.2478/ama-2024-0074
https://doi.org/10.2478/ama-2024-0074
https://orcid.org/0009-0004-3903-3165
https://orcid.org/0000-0002-5742-7609
https://orcid.org/0009-0004-3903-3165
https://orcid.org/0000-0002-5742-7609

