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ABSTRACT: The study analysed the detection of navigation signs for inland navigation using YOLO neural
networks. All major versions of the network available at the time of the study were analysed, i.e. from YOLO 1 to
YOLO 12. The study considered two criteria: detection efficiency and detection accuracy. The first case is related
to applications requiring the highest possible number of object detections, while the second is related to mapping
tasks, where the accuracy of determining the location of a sign plays an important role. The results of the study
showed that different efficiencies can be expected for the neural models studied. The latest models do not always
prove to be the best. In terms of detection efficiency, the YOLO 4 network proved to be the best model, while in
terms of sign detection precision, YOLO v7 had the highest horizontal accuracy and YOLO v10 had the highest
vertical accuracy. The results of the study indicated that in some cases, attention should be paid to the oldest

versions of YOLO, such as YOLO V1 and V2, which significantly reduce false detections.

1 INTRODUCTION

The rapid development of machine learning
technology finds increasing application in waterborne
transport, particularly in vessel navigation. Potential
fields of applicability of AI methods can be seen in,
among other things, vessel traffic prediction, detection
or tracking [1-4]. Sensors acquiring image data are a
special case in performing the above tasks. Digital
images are ideal for automated acquisition of
information about navigation objects, as they can be
combined with deep learning methods to automate
navigation processes. Autonomous vehicles play an
important role in terms of target applicability [5,6],
shaping the direction of development of intelligent
solutions in shipping and often based on knowledge
obtained through image processing. Appropriate
implementation of artificial intelligence can
significantly improve the safety and efficiency of water
transport and prepare the ground for its

autonomisation. It should be noted in this connection
that the development of intelligent systems for IWT is
now firmly on the agenda, with plans for their
implementation extending to 2050 [7,8].

A special case of image processing applications
based on deep learning is inland navigation, where
navigation signs play a key role in the navigation
process. Their main role is to ensure safety and regulate
traffic rules on waterways. Misinterpretation of this
type of information can lead to serious incidents, such
as collisions with bridges - important pieces of
infrastructure [9]. Navigation signs are used in the
navigation process when operating a vessel and are
one of the elements of IENC (Inland Electronic
Navigational Chart). Hence, another potential
application of neural networks could be systems for
automatic mapping of navigation objects, where, in
addition to the detection efficiency itself, its accuracy
will be important. Automating this process could also
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significantly speed up database updates [10] and
streamline the process of creating the maps themselves
[11], which often requires time-consuming indoor
work. As can be seen, in general navigation
applications, the most common use of neural networks
will be object detection. For navigation object mapping
systems, the best result achieved by a neural model will
be both high detection and accuracy. This will make it
possible to complete the largest number of objects as
well as to determine their exact position later on.

This paper focuses attention on the use of YOLO
convolutional networks, enabling real-time detection
[12]. This type of network is suitable both for
applications requiring ongoing sign detection (e.g. for
automated situation assessment based on detected
objects) and for mapping tasks. Due to the wide range
of applicability of this type of network, a comparative
analysis of all available major versions of the YOLO
network was carried out. The research focused on
identifying the most effective version, considering two
aspects: detection efficiency and detection accuracy.
The objects to be detected were standardised
navigation signs for inland navigation [13].

As can be seen, the problem of detecting fairway
markings has different requirements for the neural
network depending on the use case of the vision
system. A detection system for automated navigational
analyses, in which the priority action will be to detect
all the marks that are present in the fairway, requires
that the TP (True Positive) score is as high as possible,
even at the expense of a poorer FP (False Positive)
score. In such cases, the need to verify data is often less
of a problem for the user than omitting signs. However,
the system responsible for mapping signs has different
requirements. Such a system should be characterised
by the highest possible indication of IoU (Insertion
Over Union), which will allow the exact position of the
mark to be determined. In this case, the user knows that
the mark is already in the image, so the task of the
neural network is to indicate the position of the object
being searched for as accurately as possible. With such
a system, it is also desirable to achieve as low an FP as
possible, to reduce the need for manual filtering of data
after measurements have been taken.

2 METHODOLOGY

The research was conducted in two stages, related to
the assessment of the effectiveness of navigation
marking detection. In the first stage, the effect of YOLO
network type on object detection performance was
analysed. The following measures were used: TP (True
Positives), FP (False Positives), FN (False Negatives),
Precision, Recall, Fl-score and average IoU
(Intersection over Union). The changes in Precision, TP
and FP parameters were then analysed as a function of
the IoU threshold. These values were examined in a
range from 0%, meaning that the detection has at least
one point in common with the label, to a value of 99%,
where this value means that the common area is almost
identical to the sum of the detection and label areas.
The aim of this step was to generally evaluate YOLO-
type neural networks in the context of detecting inland
waterway markings. In this case, the desired effect of
the neural network model is to maximise the number
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of detected signs (TP) and the quality of detection, i.e.
the highest possible IoU.

The second stage of the research involved analysing
the precision of sign detection. The deviation of the
centre point of detection in the vertical and horizontal
planes from the position of the centre of the object
marked in the image in proportion to the length or
width of the object marked in the image, respectively,
was used as a measure of the precision of the detection
position. The calculation of the precision of the object's
position is shown in formulas 1 and 2.

5. =% 100%, &5 =2Ye.100%
W h

where:

Sw - horizontal precision of the detected object.

n - vertical precision of the detected object.

Axc - horizontal distance of the centre point of the
detected object from the centre point of the label.

Aye - vertical distance of the centre point of the detected
object from the centre point of the label.

wi — label width

hi - 1abel height

2.1 Data

A total of 3269 images were prepared, with resolutions
ranging from 1920x1080 to 1920x1440. The
photographs will show inland navigation signs,
observed both from the quay and from the water. The
images show signs against a variety of backgrounds,
including bridges, buildings, coastal infrastructure
features and vegetation. Each photo contains between
1 and 15 manually labelled signs. The training
collection contains 2692 images, the validation
collection 194 images and the test collection 384
images. The photos show the photographed beacons
between 2008 and 2022 on the Odra River. Exemplary
photo is illustrated in fig. 1.

=

Figure 1. Example of a sign photo taken in 2009, West Oder
River, city of Szczecin

2.2 Models

The models were trained using the Darknet [14] and
Ultralytics [15] frameworks. The models: YOLOv1 [16],
YOLOv2 [17], YOLOv3 [18], YOLOv4 [19] and
YOLOvV7 [20] were trained using configuration files
and software in the latest version of the Darknet
framework developed by Bochkovskii A. [21]. The
models were trained in the Ultralytics framework,



YOLOvV5 [22], YOLOV6 [23], YOLOvS [24], YOLOvV9
[25], YOLOv10 [26], YOLOvI11 [27], YOLOv12 [28],
used the medium profile, labelled M, whose input size
is 640x640. All models were trained for 300 epochs,
using a default set of hyperparameters provided by the
framework and model configuration file. The models
used in the study, together with the input size, are
summarised in table 1.

Table 1. Models used in the study

Model name Framework Input size
YOLOv1 Darknet 416 x 416
YOLOv2 Darknet 416 x 416
YOLOv3 Darknet 416 x 416
YOLOv4 Darknet 608 x 608
YOLOv5 M Ultralytics 640 x 640
YOLOv6 M Ultralytics 640 x 640
YOLOvV?7 Darknet 640 x 640
YOLOv8 M Ultralytics 640 x 640
YOLOvVO M Ultralytics 640 x 640
YOLOvIOM Ultralytics 640 x 640
YOLO 11 M Ultralytics 640 x 640
YOLO12M Ultralytics 640 x 640

2.3 Hardware and software

Model training was carried out on a desktop computer
with the configuration: Intel Core i9 14900K processor,
RAM: 128 GB DDR5 5400 MHz, graphics card: Nvidia
RTX 4090 24GB. Ubuntu 24.04 LTS was used as the
operating system and the drivers for the graphics card
- version 550.107.02 - were installed, along with the
CUDA framework [29] version 12.4. The Darknet
framework has been compiled from source code with
support for GPU computing in the CUDA framework.
The Ultralytics framework based on PyTorch [30] has
the ability to train using Nvidia GPUs as standard.

3 RESULTS

The first stage of the study analysed what the results of
standard neural network metrics such as the number of
TPs, FPs, FNs, Presicion, Recall, F1-score and mean IoU
were for the YOLO models at the settings: confidence
threshold: 0.5, NMS threshold: 0.4, IoU threshold 0.5.
The results are presented in Table 2.

Table 2. Results obtained for the different versions of YOLO.

Model TP FP FN Precision RecallF1-  Average
score IoU
(darknet) YOLO v1 4568 405 0,98 053 0,69 0,80
(darknet) YOLO v2 46120 400 0,96 0,54 0,69 0,80
(darknet) YOLO v3 75042 111 0,95 0,87 091 0,83
(darknet) YOLO v4 81017 51 0,98 094 096 0,89
(darknet) YOLO v7 77614 85 0,98 0,90 094 0,88
(ultralytics) YOLO v5 76822 93 0,97 089 093 0,89
(ultralytics) YOLO v6 75729 104 0,96 088 092 0,89
(ultralytics) YOLOv8 76322 98 0,97 0,89 093 0,89
(ultralytics) YOLO V9 77129 90 0,96 0,90 093 0,89
(ultralytics) YOLO v10 76819 93 0,98 089 093 0,89
(ultralytics) YOLO v11 77631 85 0,96 0,90 093 0,89
(ultralytics) YOLO v12 77235 89 0,96 090 093 0,89

The highest TP score was achieved by the YOLO v4
model, which correctly detected 810 objects, achieving
a similar precision score to the YOLO v1, YOLO v7 and
YOLO v10 models. The differences in the precision of
the models are small, ranging from 0.95 to 0.98.
Significantly greater differences can be observed in the
Recall and F1-score indicators. Recall for all networks

ranged from 0.53 to 0.94. Clearly worse Recall scores
were obtained by the oldest models YOLOv1 - 0.53 and
YOLOV2 - 0.54, while the scores of all the others were
similar and ranged from 0.87 to 0.94. The F1-score
results are similar, with the YOLOv1l and YOLOv2
models performing noticeably worse (at 0.69), while
the results of the other models ranged from 0.91 to 0.96.
The highest Fl-score was achieved by the YOLOv4
model. The average IoU for all networks ranged from
0.8 to 0.89, with only the score of models YOLOv1 to
YOLOV3 slightly underperforming compared to the
others. The lowest FP score was achieved by model
YOLOVvV1, which detected 8 unwanted objects.

It was also analysed how precision varies with the
IoU Threshold set, with confidence threshold: 0.5 and
NMS threshold: 0.4, the results are presented in the
graph in Figure 2.
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Figure 2. Graph of the dependence of the Precision indicator
on the set IoU Threshold

For IoU threshold values between 0 and 0.5, all
models achieved similar precision. Only above an IoU
threshold of 0.5 do the models YOLOv1, YOLOv2 and
YOLOV3 begin to show significantly lower precision.

Figure 3 shows the dependence of TP on IoU
threshold. The model with the best characteristics is
YOLOv4, which achieves a significantly higher TP than
the other models in the range from 0.0 to 0.85 IoU
Threshold. The YOLO v3 model in the IoU Threshold
range from 0 to 0.45 achieves a similar result to the
other models, but above this range it shows a
significantly lower TP.

TP over loU for all models
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Figure 3. Diagram of the dependence of the TP indicator on
the IoU threshold.

The dependence of FP on IoU threshold was also
tested (Figure 4). The YOLO v1 and YOLO v2 models
proved to be interesting cases. For IoU threshold
values between 0.0 and 0.5, where they showed the
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lowest amount of FP, while for IoU threshold values
between 0.55 and 0.9 they showed a significant increase
in FP, clearly greater than most of the other models.

FP over loU for all models
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Figure 4. Graph of the dependence of the FP indicator on the
IoU threshold.

It follows that these models detect the position of
objects in the image with significantly lower accuracy
than newer models such as YOLOv7, YOLOvV4, and all
models in the Ultralytics framework. Only the YOLO
v3 model performs worse than YOLO v1 and YOLO v2
for a high (above 0,5) IoU threshold. An example of
detection accuracy is shown in Figure 5.

Figure 5. Detection results for the YOLO vl (left) and
YOLOV7 (right) networks. Red shows the prediction made by
the model, blue the ground truth.

The second stage of the research involved analysing
the precision of the prediction centre point. The
measurement of the precision of the prediction centre
point indicates that the first three models — YOLOV1,
YOLOv2 and YOLOvV3 - are characterised by
significantly lower prediction precision compared to
newer versions. In the case of these models, lower
precision in the horizontal axis than in the vertical axis
is also noticeable. The remaining models achieved very
similar results. These data are presented in Figure 6.
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Figure 6. Average relative precision of prediction centre
determination
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Table 3 presents the values of the average and
maximum relative prediction offset in relation to its
size for all analysed models. The largest maximum
shift in the horizontal axis was observed for the YOLO
v6 -108.4% and YOLO v11 - 105.9 % models. These
models obtained a maximum error significantly higher
than the others. The lowest maximum horizontal
position error was achieved by the YOLO v7 model,
which was 22.2%. The YOLO vl1l, YOLO v2 and
YOLOvV3 models achieved lower horizontal position
precision than the other models, at 6%, 6.4% and 4.2%
respectively. The other models achieved similar
precision, ranging from 2% to 2.5%. The average
vertical position measurement results for the YOLO v1,
YOLO v2, and YOLO v3 models were less different
from the other models, at 3.4%, 3.2%, and 2.5%,
respectively, while all results ranged from 1.9% to
3.4%.

Table 3. Values of the mean and maximum relative offset of
the prediction relative to its size for all models analysed

Model Average Maximum  Average Maximum
Horizontal Horizontal Vertical Vertical
Offset Offset Offset Offset
YOLOv1 6,0% 60,7% 3,4% 61,3%
YOLOv2 6,4% 75,2% 3,2% 24,0%
YOLOvV3 4,2% 52,6% 2,5% 70,3%
YOLOv4 2,3% 50,0% 1,9% 27,5%
YOLOv5 2,1% 30,5% 2,3% 32,4%
YOLOvV6 2,5% 108,4% 2,5% 81,2%
YOLOvV?7 2,2% 22,2% 2,1% 68,5%
YOLOv8 2,1% 54,8% 2,3% 19,1%
YOLOV9 2,2% 83,3% 2,4% 38,2%
YOLOvV1IO 2,2% 64,5% 2,3% 15,9%
YOLOv11  2,3% 105,9% 2,5% 120,7%
YOLOv12 2,0% 36,1% 2,3% 19,6%

In addition, the results of maximum shifts are
presented in Figure 7. The lowest maximum errors in
determining the vertical position were obtained by the
YOLO v8 and YOLO v12 models, with offset values of
19.1% and 19.6%, respectively. The worst result was
achieved by the YOLOv12 model - 120.7%.
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Figure 7. results of maximum shifts of the prediction centre
point

A maximum prediction centre point shift of more
than 100% means that the prediction centre is further
away than the dimension of the label applied to the
image. Such a case is presented in Figure 8, where a
horizontal and vertical shift of the centre point of
prediction by a value greater than the width and height
of the label applied to the image was observed.



Figure 8. YOLO v11 prediction with vertical and horizontal
shift of more than 100%

4 DISCUSSION

The choice of the best model may depend on the
specific task. In the case where the main problem is to
detect all objects, e.g. during automated navigation
analyses, the best YOLO model with this training and
test data set turned out to be YOLOv4, which had the
highest TP score - a model that is already quite old,
given how many newer models are currently available.
For a task where the most important element is to
reduce the number of erroneous detections required
for subsequent manual filtering, YOLOv1, the first
YOLO network model to achieve an FP of 8, proved to
be the best. However, if the most important task
performed by the network is to accurately indicate the
position of the searched object in the image, then
YOLOV10 proved to be the best model, achieving the
highest precision at an IoU threshold of 0.95. This
means that this model most accurately indicates the
position of the searched objects. The difference
between the models from YOLO v4 to YOLO v12 is not
significant, and only the oldest models, YOLO v1,
YOLO v2 and YOLO v3, deviate from these results.

Newer models are not always better in terms of the
quality of the data they provide — this is particularly
evident in the results of the YOLOv4 and YOLOvV7
models trained in the Darknet framework. These
models can still be useful in many applications, and
upgrading to a newer model is not always justified.
The oldest models, YOLOvl and YOLOV2, lag
significantly behind the others, especially in terms of
the number of TP objects detected, but they can still be
useful in certain specific cases. The latest available
model, YOLOV12, achieved good results, although in
many tasks it proved to be inferior to older models.

Determining the centre point of an object in an
image may require the use of a model that is closely
tailored to the specific task. For example, in systems
whose sole purpose is to determine the horizontal
position of objects, YOLOv5 or YOLOv7 models may
be the appropriate choice. In the measurements carried
out, they not only achieved a low average error in
determining the centre point of prediction, but also the
lowest values of maximum shifts in the horizontal axis.

In contrast, for applications requiring precise
vertical positioning - such as measuring the height of
signage location relative to the observer - the YOLOv8
model would be the best choice. It showed the lowest

maximum error in the vertical position of the
prediction centre point, while also having a low
average error.

5 CONCLUSIONS

Older versions of the YOLO models, such as YOLOv4
and YOLOV7, despite the advent of newer
architectures, still prove to be useful in the context of
detection of fairway markings. The results obtained by
these models are at a level comparable to the newer
models.

The oldest models — YOLOv1 and YOLOv2 - differ
in terms of quality from newer models. Their
architectures are outdated compared to current
standards, which means that they do not perform well
in detecting objects in most cases. Their low precision
and limited ability to locate signs make them
unsuitable for most applications in navigation sign
detection. In certain specific cases, the oldest models
- YOLO vl and YOLO v2 - can be useful when the
essence of the problem is to limit FP.

The highest precision in determining horizontal
position was achieved by the YOLO v7 model, while
the highest precision in determining vertical position
was achieved by the YOLO v10 model.

Models from YOLO v4 to YOLO v12 achieved
similar results of average precision in determining the
centre point of an object, the choice of the appropriate
model in this case can be made based on other factors.

In terms of the number of objects detected in the
image, the YOLOv4 model achieved the best results.
This model is best suited for tasks where it is necessary
to detect as many navigation signs as possible.
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