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Abstract

The effective infrastructure monitoring is a priority in all technical fields in this century.
In high-voltage transmission networks the line inspection is one such task. The fault detec-
tion of insulators is very important and object detection algorithms can handle this problem.
A comparison of You Only Look Once architectures is presented in this work. The differ-
ent subtypes of the last three generations (v3, v4, v5) are compared in terms of losses,
precisions, recalls and mean average precisions. It is found out that YOLOv5 subtypes are
the most suitable to perform this computer vision task considering both accuracy and speed.
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1 Introduction, Positioning

The reliability of the transmission network is of
paramount importance, especially due to electrifi-
cation and the increase in global energy demand.
The failure of insulators in this system can result
in serious economic consequences. Therefore, spe-
cial attention should be paid to them. Insulators
of different types and made of different materi-
als have different failure mechanisms. This paper
focuses on the detection of strain type porcelain
long rod insulators that are typically used in high
voltage transmission lines as overhead insulation.
The tension they accommodate is influenced by
temperature and wind load, and can be influenced
by ice load. Long rod insulators are considered
to be unpuncturable, but they can crack or brake
under thermal stress (Macey et al, 2004). To help

the detection of these faults of the power sys-
tems in time, unmanned aerial vehicles (UAV) and
computer vision algorithms can be applied.
Object detection is one of the most funda-
mental challenges of computer vision. There are
basically three approaches that can be used to
cope with this task. The oldest methods are the
traditional solutions like Viola-Jones (Viola and
Jones, 2001) or Deformable Part-based Model
algorithm (Felzenszwalb et al, 2008), which are
nowhere near as robust as their deep learning suc-
cessors. Methods using deep neural networks are
basically classified into two groups (Zou et al,
2019; Zou, 2019). These two are the One-stage and
Two-stage or in other words the You Only Look
Once (YOLO) / Single Shot Detector (SSD) type
and region-based groups. It is shown in several
works that YOLO achieves good trade-off between



speed and accuracy as opposed to region-based
methods which are not fast enough. Lee and Kim
(2020) draw this conclusion in connection with air-
plane detection. Kim et al (2020) makes a similar
finding in the case of vehicle detection. Further-
more, Li et al (2020) and Sumit et al (2020) outline
this when detecting agricultural greenhouses and
human figures. Thus, it can be assumed that a
One-stage architecture may be a better choice for
real-time recordings made by UAVs.

Among these methods, due to its good per-
formance, the most popular solution is to use
YOLO architectures. In addition to the research
fields already listed, it has many other applica-
tions. Loey et al (2021) presents medical face mask
detection with YOLO v2 and achieves average pre-
cision percentage of 81 % with Adam optimizer
and Res-Net-50 feature extractor. Ma et al (2020)
performs collapsed building detection in post-
earthquake high-resolution remote sensing images
with improved YOLOv3. The presented model
reaches target precision of 90.89 % and speed of
29.23 frame per second. Fu et al (2021) achieves
higher detection accuracy for small targets, multi-
ple targets and overlapping targets with YOLOv4
in the field of marine target detection that plays an
important role in sea area management, ship col-
lision avoidance and sea surface monitoring. The
mean average precision ( mAPsg) of the developed
algorithm is 84.06 %. YOLOv5 model reaches pre-
cision values between 86.5 % and 86.8 % in plant
disease recognition (Chen et al, 2022b). The scope
of this study is powdery mildew and anthracnose
detection, that are the most typical diseases of
rubber trees. Along with the few examples high-
lighted, there are many other applications based
on versions of YOLO model (Yu and Choi, 2022;
Zhang et al, 2021; Xu et al, 2021; Shi et al, 2021;
Avazov et al, 2022; Celik, 2022; Ardhianto et al,
2022; Shao et al, 2022; Zhou et al, 2021; Chen et al,
2021; Junos et al, 2022; Wang et al, 2020b; Gai
et al, 2021; Karaci, 2022; Al-qaness et al, 2021;
Xianbao et al, 2021; Hu et al, 2021; Cheng et al,
2021; Zhao et al, 2022; Dewi et al, 2022; Wageeh
et al, 2021; Kumar et al, 2021; Chen and Miao,
2020).

In the field of insulator and defective insu-
lator detection, the use of YOLO methods is
not exclusive, there are other algorithms as well.
Among the works from 10-12 years ago, there are
solutions made with traditional image processing

algorithms. Examples include the use of the Hough
Transform (Zhang et al, 2010) or the Support Vec-
tor Machine (SVM) Algorithm (Li et al, 2012).
Today, deep-learning algorithms are used for these
tasks due to their robustness (Van et al, 2018).
There are also One-stage and Two-stage solu-
tions. Among the region-based methods Zhang
et al (2022) uses Faster R-CNN to locate insula-
tors and extract them from the image. After that
a segmentation is also applied in this work, which
outlines that YOLO is a faster but less accurate
method. Hu et al (2022) reaches an 1.63 % increase
in mAPsy with replacing the VGG16 backbone of
the network with Resnetb0 and adding a channel
attention module to the architecture. Zhao et al
(2019) improves the anchor generation method of
the R-CNN network and to perform an 81.8 %
average precision which would be 27.81 % less
without the improvement. In addition to those
listed here, other region-based solutions can be
found (Tomaszewski et al, 2020; Ma et al, 2017;
Wang et al, 2020c). The weak point of these
approaches is their inability to run in real time.
Given the limited battery capacity of UAVs and
the length of lines in transmission networks, it is
definitely desirable for UAVs not to spend a lot
of time on an insulator. But it is undeniable, that
these are currently the most accurate algorithms
for object detection.

One-stage insulator detection can be separated
into YOLO and SSD methods. Typically, SSD
methods provide the fastest solution, but can be
very inaccurate when detecting small objects. The
issue of small objects is particularly important,
as in this paper an UAV video recording based
application is presented. It should also be empha-
sized that due to strong electromagnetic fields,
UAVs cannot go very close to the insulators eas-
ily. Thus, one of the YOLO architectures may be
more suitable for this application. Especially since
significant progress has been made since YOLOv3
to detect small objects directly (Liu et al, 2020).
Over the past year or two, several researchers have
addressed this topic. Chen et al (2022a) proposes
a YOLOv4 based method especially for insulator
detection. This model called INSU-YOLO has a
bit more parameters than the original YOLOv4
and performs better by 4.59 %, although it has a
bit lower frame per second (FPS) value. Liu et al
(2021c) makes an improvement on the YOLOv3
architecture and achieves good performance for



insulator fault detection in aerial images with
diverse backgrounds. The same research group
(Liu et al, 2021b) in another work increases the
feature reuse in the low-resolution feature layers
of YOLOv3 and YOLOv4 architectures and also
improves the loss function. Liu et al (2021a) does
similar feature reuse with YOLOv2 and YOLOv3
based architectures and achieves 94.47 % precision
with YOLOv3-dense. YOLOV5 is used in many
new works as the newest version of YOLO genera-
tions. Feng et al (2021) tries four different versions
of YOLOv5 and achieves 95.5 % mAPsy with
it. Gao et al (2021) improves the feature extrac-
tion by establishing a certain spatial relationship
between the residual transformation and the rota-
tion operation and reaches 93.4 % mAPsy. As
well as others, Feng and Jiang (2021) use different
versions of YOLOv5, but in case of recognizing
station post insulators.

Some of the applications listed here only per-
form insulator detection, others detect faults as
well. The ultimate goal of all research is the same:
to help the work of transmission system oper-
ators by filtering out individual insulator faults
semi-automatically or fully automatically. YOLO
architectures can be a good solution to this prob-
lem, and several versions of them are used in
several studies. However, the benchmarking of dif-
ferent versions of the YOLOv3, YOLOv4, and
YOLOV5 architectures is still poorly published in
the field of insulator detection.

The main contribution of this work is the
comparison of architectures YOLOv5n (bib,
2020b), YOLOv5s (bib, 2020b), YOLOv5m (bib,
2020b), YOLOv5! (bib, 2020b), YOLOv5x (bib,
2020b), YOLOv5n6 (bib, 2020b), YOLOv5s6 (bib,
2020b), YOLOv5m6 (bib, 2020b), YOLOv516
(bib, 2020b), YOLOv4 (bib, 2020¢), YOLOv4-tiny
(bib, 2020c), YOLOv4-csp (bib, 2020c), YOLOv3
(bib, 2020a), YOLOv3-tiny (bib, 2020a) and
YOLOv3-spp (bib, 2020a). The main aspects of
comparison are Precision, Recall, mAPsy, box
loss, object loss and class loss.

The rest of the paper is organized as follows.
Section 2 introduces the methods and data used
for the work. Evaluation and Results are presented
and discussed in Section 3, and finally, conclusions
are drawn in Section 4.

2 Methods and Data

In this section, the deep-learning frameworks are
presented. The first subsection concerns the basics
of the YOLO algorithm. The newer versions and
types of YOLO are presented in the second, third
and fourth part, and the data management is
described in the fifth part.

2.1 The basics of the YOLO
algorithm

Here, a brief overview of the basic concepts of the
YOLO algorithm is presented. This is how YOLO
works up to version v2. The basic operation of
YOLO is shown in Figure 1.

;V': 1. Resize image.

2. Run convolutional network.

3. Non-maximum suppression.

~~~~~
¥ .
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Fig. 1 The YOLO Detection System (Redmon et al, 2016)

The essence of the YOLO algorithm is that
it does not use region proposals, like say RCNN,
but generates a lot of bounding box outputs and



selects the appropriate ones. YOLO is a fully
convolutional network (FCN) architecture that
compresses an image into an S - S layout with
N dimension grid cells thanks to its different
stride values. Bounding boxes can be estimated
from these grid cells. If B bounding boxes from
each grid cell are estimated, a total of S-S - B
bounding boxes are available by the end of the
process. Importantly, each object will be esti-
mated from the grid cell where its center is after
the stride operations. The so-called non-maximum
suppression is also used. If a cell results several sig-
nificantly overlapping bounding boxes associated
with an object, the highest confidence bounding
box has to be chosen. The bounding box estima-
tion process is as follows. B bounding boxes from
each grid cell are estimated with the same param-
eters. This gives (5 + NC) - B outputs from each
cell. NC is the number of classes, and the other
5 parameters are x, y, w, h, and confidence. In
YOLO, z and y determine the center of the object
to be detected relative to the width and height of
the entire image. And w and h define the width
and height of the object to be detected, the same
way.

An important part of the operation of YOLO
is the use of anchor boxes that are used from ver-
sion v2. These are made by the clustering of all w
and h values from the training database. And from
the B bounding box outputs, selection is done by
the similarity to the anchor boxes. (Redmon and
Farhadi, 2017)

2.2 The main new feature in
YOLOv3

There are several newer versions of YOLO. A
significant change in v3 is that there are more
upscalings. So not only an S - S grid is used, but
also a 25 - 25 grid and a 35S - 35 grid. This is
very useful because, as mentioned in Introduction,
YOLOV3 is designed to improve the detection of
small objects. This can be done with the higher
resolution activation map. (Redmon and Farhadi,
2018)

2.3 Effective new features in
YOLOv4

The architecture of the v4 version is similar to
the architecture of the v3, but it brings a lot of

small ideas and innovations. These new ideas can
basically be divided into two groups. The first
group is the Bag of Freebies. Methods that fall
into this group do not result in additional compu-
tational costs, i.e., they do not increase runtime.
So, for example Data Augmentation is used in v4
to create new and different training data. Another
method of Bag of Freebies is to modify the Loss
Function. This is necessary because a feature of
YOLO architectures is that they generate far more
bounding boxes than there are real objects to
detect. Thus, false negative detections should be
punished to a much greater extent than false posi-
tive detections. But there are many other features
in this group as well (Bochkovskiy et al, 2020).

The second group is the Bag of Specials. With
the methods belonging to this group, a signifi-
cant improvement can be achieved in addition to
a small increase in the computational costs. This
includes, for example, the use of Mish Activation
and Spatial Pyramid Pooling but there are other
features as well (Bochkovskiy et al, 2020). Mish
(Misra, 2019), which improves the performance of
the neural network architecture, is defined using
Softplus function, that is a smooth approximation
to the ReLLU activation function:

f(z) = z - tanh(softplus(z)) (1)

It is a self-regularized non-monotonic activa-
tion function and works better than Leaky-ReLU
that is the activation function of YOLOv3. In
YOLOv4 features are pooled and fixed-length,
outputs are generated by Spatial Pyramid Pool-
ing (He et al, 2015), which is a layer added on
top of the last convolutional layer. In the field of
backbone usage YOLOv4 can use the cross-stage
partial (CSP) network that can enhance the learn-
ing capability of the architecture. (Wang et al,
2020a)

2.4 The YOLOvV5 architecture by
Ultralytics

The name of this architecture entails a lot of con-
troversy among those involved in object detection.
The reason for this is, first of all, that YOLOv5
was released on May 27, 2020, by then-unknown
authors, just over a month after YOLOv4 was
released on April 23, 2020. Furthermore, it con-
tained only minor changes compared to YOLOv4.



Morover, as it turned out later, it is developed by
a startup called Ultralytics, which was founded
by YOLOv4’s mosaic data augmentation special-
ist, Glenn Jocher. That is why YOLOv5 does not
have an original publication, only the Ultralytics
GitHub repository (bib, 2020b). In this work the
YOLOvV5 name is used for the algorithm developed
by Jocher et al.

A lot of paper has already compared v4 and
v5. Ghimire et al (2022) highlights that YOLOv5
is much easier to integrate into robotic systems
because it is implemented entirely in Pytorch. Li
et al (2021) adds that although YOLOvV5 uses
CSPDarknet as a backbone, PANet as a neck, and
the head of YOLOv3 as a head, but its activa-
tion function is a sigmoid function instead of Mish.
Wang et al (2022) concludes that the usage of
GIoU loss function effectively solves the problem
of nonoverlapping bounding boxes. These are the
main new features of YOLOv5. Apart from these,
it is significantly similar to YOLOvA4.

2.5 Data management

The used dataset is in a GitHub repository pro-
vided by Tao et al (2020). It is divided into two
parts. The Normalrnsulators part contains 600
Portable Network Graphics (PNG) pictures cap-
tured by UAVs. The PNG pictures about defective
insulators are in the other part, that is called
Defectivernsulators part. There are 248 of them.
Since there are not too many defective insulators,
a data augmentation method is applied. All of
these 248 images are synthesized by the following
method (Tao et al, 2020).

1. The first step is the segmentation of some of
the defective insulators in the original picture
by TVSeg (Unger et al, 2008). This is how the
first mask images are obtained.

2. The second step is the augmentation of the
original images and their masks that results in
a lot of original-mask image pairs.

3. The following stage is the training of the U-Net
(Ronneberger et al, 2015) with these pairs.

4. Then, the trained U-Net can segment the rest
of the defective insulators.

5. And finally, the segmented parts can be
attached to different backgrounds.

Both the images of Normal;nsulators and images
of Defectivernsulators are basically in two

images subdirectories and their annotations are
in two labels subdirectories. Only the insulator
annotations are used in this work.

The original annotation format is the Pascal
Visual Object Classes (VOC) format, so it has to
be converted to the input format of the YOLO
architecture. It is done by the following equations:

voc + xVOC

YOLO __ Tynin max
xcenter - VOC (2)
2w
picture
voc vocC
YOLO _ Imin +ymam (3)
Ycenter = 9. hVOC
picture
xVOC _ :L.VOC
wYOLO _ “mazx min (4)
- wV_OC
picture
voc _ ,VOoC
hYOLO _ Ymax Ymin (5)
- voc
picture
where,
® 1V9C is the minimum horizontal pixel value of

the insulator;

e 7V0C is the maximum horizontal pixel value of

the insulator;

® 4VOC is the minimum vertical pixel value of

the insulator;

e yVOC i5 the maximum vertical pixel value of

the insulator;

voc
¢ wpicture

pixels;

is the width of the entire picture in

voc
* hpicture

pixels;

is the height of the entire picture in

® YOLO i5 the horizontal center of the insulator

relative to the entire picture;

o yYOLO is the vertical center of the insulator

relative to the entire picture;

e wYOLO jg the width of the insulator relative to

the entire picture;

e and hYOLO is the height of the insulator rela-
tive to the entire picture.

After these modifications, the training of the
YOLO architectures can be performed.



3 Evaluation and Discussion
of Results

This section presents the results of the architec-
tures YOLOv5n (bib, 2020b), YOLOv5s (bib,
2020b), YOLOv5m (bib, 2020b), YOLOv5! (bib,
2020b), YOLOv5x (bib, 2020b), YOLOv5n6 (bib,
2020b), YOLOv5s6 (bib, 2020b), YOLOv5m6
(bib,  2020b), YOLOv5m6 (bib, 2020b),
YOLOv516 (bib, 2020b), YOLOv4 (bib, 2020c),
YOLOv4-tiny (bib, 2020c), YOLOv4-csp (bib,
2020c), YOLOv3 (bib, 2020a), YOLOv3-tiny
(bib, 2020a) and YOLOv3-spp (bib, 2020a). In
the YOLO loss-logic three components are con-
sidered with different weights. The first of them is
the classification loss with weight 1, the second is
the localization loss with weight 5 and the last is
the confidence loss with weight 0.5. These are the
default values in the YOLO architecture. They
can of course be modified if required. The accu-
racy can be measured with mAP. The following
subsection describes these methods. After that,
results are presented.

3.1 Evaluation metrics

This section describes the calculation of the clas-
sification loss, the localization loss, the confidence
loss and the mAP.

3.1.1 Classification loss

In the case of a detected object, the classification
loss (Redmon et al, 2016) (Lciassification) Can be
calculated with the sum of each squared error of
the class conditional probabilities by classes and
by cells:

Lclassiﬁcation =

52
object
DL
i=0

classeclasses

(pi(class) — p; (class))2

(6)
where,
e 52 is the number of grid cells;
1P — 0 if an object does not appear in the
it" cell, otherwise 1;

¢ p;(class) is the predicted conditional class prob-
ability in the i** cell;

¢ and p;(class) is the conditional class probability
in the it" cell.

3.1.2 Localization loss

The localization loss (Redmon et al, 2016)
(Liocatization) composes of the fault of the bound-
ary box size prediction and the fault of the
boundary box location prediction:

s? B
§ : bj N
Llocalization = Iij ject [(Xi - Xi)2
i=0 j=0 (7)

52 3 _ w22 4 (h2 — D22
+(yi = ¥i)7 + (wi —w7)7 + (b 27
where,

e S? is the number of grid cells;

o 1P — () if the j'" boundary box in the it
cell is not responsible for the object detection,
otherwise 1;

® x; is the horizontal coordinate of the center of
the boundary box;

® X; is the prediction of the horizontal coordinate
of the center of the boundary box;

® v; is the vertical coordinate of the center of the
boundary box;

® ¥, is the prediction of the vertical coordinate of
the center of the boundary box;

® w; is the width of the boundary box;
® ; is the predicted width of the boundary box;
® h; is the height of the boundary box;

e and by is the predicted height of the boundary
box.

The logic behind the exponentiation with %
is to consider the relative errors of the smaller
boundary boxes similar to the relative errors of
the large boundary boxes.

3.1.3 Confidence loss

The confidence loss (Redmon et al, 2016)
(Lconfidence)s that measures the “objectness” of



the detected object in the boundary box is calcu-
lated as follows:

Lione =SS (-6 ®

i=0 j=0

where,

e 52 is the number of grid cells;
IPPY = 0 if the j'" boundary box in the it
cell is not responsible for the object detection,

otherwise 1;

e () is the confidence score of the j** boundary

box in the it cell;

e and C} is the prediction of the confidence score
of the j** boundary box in the it" cell.

3.1.4 Mean Average Precision

Accuracy is measured in this paper with two met-
rics that use mAP (Padilla et al, 2020). The first
one is the mAPsg that calculates the mAP at 50 %
Intersection over Union (IoU) threshold by the
following way:

mAP50 _ Z / class Class ) (9)
class € classes
where,
] pf)lo"‘bs is the precision of the class at 50 % IoU;

e and rgloass is the recall of the class at 50 % IoU.

The other one is the mAPsq.95 that averages
the mAP values at different IoU threshold levels
from 50 % to 95 % with step size 5 %:

mAPsp05 = 163 Y / pils (s ) (10)
perc class
where,
° pf)l;f is the precision of the class at perc %
IoU;
e and rg;:j is the recall of the class at perc %
ToU.

3.2 Results of different architectures

Results are highlighted in this subsection. All of
them is obtained using an NVIDIA Quadro RTX

3000 GPU. Some more charts and visualizations
about them can be found in the Appendix.

3.2.1 Results of the YOLOv3
architectures

Three subtypes of YOLOv3 architectures are eval-
uated in this paper in terms of insulator detection.
These are the YOLOv3, the YOLOv3-tiny and the
YOLOv3-spp (bib, 2020a).

The YOLOv3-tiny has much fewer layers than
YOLOv3 and the difference between them in
the number of parameters is even greater. This
is because the simplified YOLOv3-tiny architec-
ture, that requires less computing performance,
can even run on a smartphone (Nakahara et al,
2020). The weakness of this architecture is usu-
ally the lower accuracy, as it is composed of 48
layers instead of 261 and consists of 8,669,002
parameters instead of 61,502,815.

In the case of YOLOv3-spp, the SPP stands
for Spatial Pyramid Pooling. SPP is basically one
of the Bag of Specials of YOLOv4 but can also
be used for YOLOv3. It results in 269 layers
and 62,551,903 parameters. The results of these
architectures are shown in Figure 2.

It is noticeable, that the two bigger archi-
tectures (YOLOv3 and YOLOv3-spp) outperform
the smaller one. The classification loss at the end
of the 50 epochs is more or less the same in
the three cases, but remarkable differences can
observed in the cases of localization loss and val-
idation loss. Of these two metrics, which give a
larger loss for YOLOv3-tiny, the second is partic-
ularly spectacular. This means that even the tiny
architecture can recognize if a detected particu-
lar long rod insulator is defective or non-defective.
However, the exact position of this insulator is not
so well predicted by the simpler and much more
uncertain solution. It is a general phenomenon
that there is a greater difference between valida-
tion values than between training values. There
is no significant difference between the traditional
normal size method and the one using SPP, but
the latter is somewhat more effective in terms of
losses.

The latter difference is not observed for pre-
cision, recall, and mAPs, but the tiny method
performs worse in these metrics as well. The
mAP5q values achieved are 98.8 and 98.9 %, while
the highest mAP5q.95 values are 90.5 % and 91.0 %
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Fig. 2 Results of the YOLOv3 architectures

for YOLOv3 and YOLOv3-spp. These metrics
indicate 95.1 % and 64.3 % for the tiny version.
However, in terms of speed, this version performs
better. The achievable FPS values are 56.8, 56.2,
and 222.2, respectively.

3.2.2 Results of the YOLOv4
architectures

This paper summarizes the running results of
three different YOLOv4 architectures. These
are the YOLOv4, the YOLOv4-tiny and the
YOLOv4-csp (bib, 2020c).

The difference between v4 and v4-tiny is sim-
ilar to that between v3 and v3-tiny. The original
YOLOv4 consists of 488 layers and 63,943,071
parameters. In contrast, YOLOv4 tiny consists
of only 99 layers and 5,876,426 parameters. As
a result, like YOLOv3-tiny, this architecture has
a high FPS rate. The YOLOv4-csp version has
a bit more layers because of the special back-
bone. But despite the 514 layers, it has only
52,501,407 parameters, which is less than the num-
ber of parameters in the original v4 architecture.

The results of these architectures are shown in
Figure 3.

It is easy to see that the less accurate detec-
tions belong to the tiny version in this case as well.
However, it is important to note that the differ-
ence is not as significant as for v3 versions. The
classification loss and the localization loss during
training are close to the values of the larger archi-
tectures. But in validation, the classification loss
is different, and the difference in confidence loss is
significant in both cases

The evaluations are very similar for preci-
sions, recalls, and mAPs. This means that the
best precision, recall, mAPs5o and mAPsg.95 val-
ues for YOLOv4, YOLOv4-csp and YOLOv4-tiny
are: 67.6 % - 63.0 % - 58.1 %, 98.8 % - 99.1 %
-99.1 %, 97.8 % - 974 % - 97.1 % and 79.1 %
- 80.0 % - 79.1 %. This is very beneficial for
YOLOv4-tiny, as it means that significant speed
improvements can be achieved with little accuracy
degradation. This is because the FPS values for
the three architectures are 51.5, 76.3, and 270.2.
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Fig. 3 Results of the YOLOv4 architectures

3.2.3 Results of the YOLOvV5
architectures

The tested YOLOv5 algorithms are YOLOv5n,
YOLOv5s, YOLOv5bm, YOLOv5]l, YOLOv5x,
YOLOv5n6, YOLOv5s6, YOLOv5m6, and
YOLOv516 (bib, 2020b). The tested YOLOv5
algorithms are YOLOv5n, YOLOv5s, YOLOv5m,
YOLOv51, YOLOv5x, YOLOv5n6, YOLOvV5s6,
YOLOv5m6, and YOLOv516 (bib, 2020b). The
n, s, m, | and x letters are standing for the sizes:
nano, small, medium, large and extra-large. Num-
ber 6 indicates preparation for higher resolution.
Architectures marked with this number, include
extra output layers for better results.

These architectures justify the “the bigger is
the better is” principle. Training classi-fication
loss, validation classification loss, training local-
ization loss, validation localization loss, training
confidence loss, validation confidence loss, preci-
sion, recall, and mAPs are all the more favorable
the more complex architectures are used. The best

loss values for v5 architectures are generally two
times smaller than the best loss values for other
architectures. Respectively, the decrease in losses
is more monotonous than in the other cases.

The last four metrics vary from 96.9 % to
99.2 %, from 98.2 % to 99.4 %, from 98.1 %
to 99.0 %, and from 83.0 % to 92.3 %. In
these cases, size is the most significant influenc-
ing factor as well. However, as before, greater
robustness means longer runtimes. Versions n,
s, m, 1, x, n6, s6, m6, and 16 have layers
213, 224, 316, 400, 484, 280, 280, 378, and
476, respectively. And their parameter numbers
are 1,761,871, 7,056,607, 21,472,671, 47,370,047,
88,397,343, 3,089,188, 12,312,052, 35,254,692, and
76,126,356. These different solutions have FPS
values of 212.8, 151.5, 84, 48.8, 27.1, 175.4, 137,
70.9, and 44.4. Tt is worth emphasizing that, for
these methods, the correlation between the aver-
age image processing time (AIPT = 1 / FPS) and
the number of layers is 0.917 and the parameter
number - ATPT correlation is 0.966.
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Fig. 5 Results of the YOLOV5 architectures with extra output layers

3.2.4 Same size architectures

in same size ranges. The v3-tiny, v4-tiny, von,
vbs, vbnb, and vHsb versions are similar. These

Finally, it is worth comparing the subtypes of the architectures are small enough to reach 100 FPS.

different generations (v3, v4, v5) studied so far
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Fig. 7 Comparison of normal size architectures




Their comparison is shown in Figure 6. The
same comparison is shown in Figure 7 for normal-
sized original v3 and v4 and similar v5 architec-
tures.

It is obvious that v5 architectures outperform
v3 and v4. However, it should be noted that these
have slightly lower FPS rates. The 5n, 5s, 5n6, and
5s6 architectures produced very similar results.
That is why it may be advisable to choose the
fastest of these archi-tectures. The situation is
similar for normal size. There, the m5 may be
the best choice. An interesting phenomenon is
that the v3 implementation of Ultralytics (bib,
2020a) is capable of better performance than the
v4 implementation of Wang et al (2020a). How-
ever, typically the v4 architectures presented here
can achieve higher FPS rates.

4 Summary

A benchmarking of YOLOv3, YOLOv4 and
YOLOvV5 was presented in this paper in terms of
detection of defective and normal long rod insu-
lators. Fifteen subtypes of YOLO architectures
were evaluated on freely available dataset (Tao
et al, 2020) based on the implementations (bib,
2020Db), (bib, 2020c¢) and (bib, 2020a). The metrics
selected for evaluation were training classification
loss, validation classification loss, training local-
ization loss, validation localization loss, training
confidence loss, validation confidence loss, preci-
sion, recall, mAPsg, and mAPsg.95. FPS values
were also considered during the evaluation of this
work. It has been shown that, in general, subtypes
of the YOLOvV5 architecture are best suited for
long rod insulator object detection. A complete
evaluation of all architectures is shown in Table 1.

Future research will focus on the extension of
the presented approach toward transfer learning
and other scenarios.

Appendix A Extended Data

The following 15 figures show the results of each
run separately.

Table 1 Best results of the different architectures
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Fig. A2 Results of the YOLOvV3 architecture
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Fig. A6 Results of the YOLOv4-csp architecture
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Fig. A10 Results of the YOLOVSI architecture
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Fig. A12 Results of the YOLOv5n6 architecture
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Fig. A14 Results of the YOLOv5m6 architecture
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