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Abstract
The work aims to develop an algorithm for identifying objects in a forging plant under production conditions. Particular em-
phasis is placed on the accurate detection and tracking of forgings that are transferred along the forging line and, if possible, 
detection will also cover employees controlling and supporting the operation of forging machines, all of this with the use of 
standard vision systems. An algorithm prepared in such way will allow the performance of effective detections that will support 
activities related to the control of the movement of forging elements, the analysis of safety in workplaces, and the monitoring 
of compliance with Occupational Health and Safety Regulations by employees, as well as also allowing for the introduction of 
additional optimization algorithms that will further enrich the presented model, which may prove to be a long-term goal that 
will form the basis for subsequent work. Three algorithmic solutions with different levels of complexity were considered during 
the research. The first two are based on artificial neural network solutions, while the last one utilizes classical image processing 
algorithms. The datasets for training and validation in the former cases were generated based on the recordings taken from 
standard cameras located in the forging plant. Data were acquired from three cameras, two of which were used to create training 
and validation sets, and a third one was used to verify how the developed algorithms would work in a variable environment 
that was previously unknown to the models. The impact of model parameters on the results is presented at this stage of the 
research. It has been proven that machine learning-based solutions cope very well with object detection problems and achieve 
high accuracies after a precise selection of hyperparameters. Algorithms show the performance of detections with excellent ac-
curacy of 92.5% for YOLOv5 and 94.3% for Mask R-CNN. However, a competitive solution using only image transformations 
without machine learning showed satisfactory results that can also be obtained with simpler approaches. 
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1. Introduction

Vision systems are currently used in almost every area 
of life to monitor the behaviour of people, animals, cars 
or other objects, providing a significant amount of data. 
As a result, despite the issues related to storage capabil-
ities, the problem of efficient data extraction from the 

recordings for further processing has become critical. 
In the past, specially trained personnel performed such 
analyses, looking through extensive materials to find 
the appropriate data and draw relevant conclusions. 
Subsequently, computers took over this role, and now 
use dedicated algorithms to perform such actions in the 
same or significantly shorter time (Kühl et al., 2020).
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The current challenge is to create an algorithm that 
would not only be able to analyze recordings but also 
learn how to recognize objects with the highest possible 
precision and shortest time. These algorithms can not 
only work on prerecorded data but also on live feeds, 
which ensures real-time analysis. Such approaches al-
low the development of systems that are used to de-
tect threats, conduct thermal control measurements or 
optimize and improve work safety in various environ-
ments, such as factories and enterprises. 

Artificial neural networks (ANN) (Krogh, 2008) 
have emerged as the most important element used 
in the operation of such systems. Thanks to graphics 
cards and deep learning capabilities, ANNs that were 
initially able to solve elementary problems can now 
perform complex analyses in a  short time. The deep 
learning (DL) technique (Sarker, 2021) allows the cre-
ation of an algorithm resembling the human brain, in 
which the number of hidden layers (Uzair & Jamil, 
2020), unlike the ordinary neural networks, can ex-
ceed tens, hundreds or even thousands of layers, which 
improves accuracy and quality of the results obtained. 
With the development of artificial neural networks, the 
idea of more complex networks called convolutional 
neural networks (CNN) (Indolia et al., 2018), which 
use deep learning techniques, became more frequently 
used in practical applications. Such networks allow the 
precise analysis of images while limiting the number 
of weights with the use of an appropriate filter called 
a kernel (Zhuang et al., 2021). Thanks to that proce-
dure, it is possible to reduce the number of network 
layers several or even dozens of times in some cases. 

Every CNN network consists of five layers. An 
Input Layer is responsible for image representation, 
a  Convolutional Layer is responsible for limiting the 
number of weights in the network, a  Pooling Layer 
is used to reduce the dimensions of the image while 
retaining the most important information, a  Dropout 
Layer is used to avoid overtraining of the network and 
a  Flatten Layer, converts a  multidimensional surface 
into a vector. These networks have been successfully 
used in image analysis to detect, e.g., facemasks (Bha-
dani & Sinha, 2020), dangers on the road for self-driv-
ing vehicles (Goenka et al., 2022) or patients location 
in hospitals (Sharma et al., 2021). 

Therefore, the evaluation of the capabilities of 
these networks in object tracking under genuine indus-
trial conditions of the forging plant became the motiva-
tion for the current research. Two common approaches 
were selected for the investigations. The first is Mask 
R-CNN (He et al., 2017), which uses convolutional net-
works and allows for accurate detection of objects on 
images in a two-stage process. At the beginning, the al-

gorithm determines regions of interest, which are then 
classified, and, based on the regression, appropriate 
boundary boxes are drawn. This approach is addition-
ally extended by one more stage responsible for deter-
mining masks for each of the identified objects. A mod-
el like this allows for highly accurate detection, which 
unfortunately has the consequences of long training and 
operating time (Hassan et al., 2022a). Therefore, the 
other selected network, YOLOv5 (Karthi et al., 2021), 
was intended to speed up operation without affecting 
detection effectiveness. Unlike the Mask R-CNN mod-
el, detection only takes place in one stage, so the deter-
mination of areas of interest, classification and bound-
ing boxes are generated simultaneously. 

However, for comparison purposes, a third meth-
od based on classical image processing algorithms was 
also evaluated during the research. The last method is 
based only on image transformations, such as colour 
conversion, blurring or thresholding. This approach 
should allow for the simple detection of objects in the 
recordings and, consequently, the determination of 
bounding boxes in a short time frame. 

The presented models will be adapted to detect the 
position of the forgings in a hot forging line as a case 
study of a real industrial environment. Each of the tested 
models will be run on a computer with an Intel Core i9  
10900 and a NVIDIA GeForce RTX 3080 Ti graphics 
card. Additionally, each algorithm uses different li-
braries and platforms used for machine learning. For 
YOLOv5, the PyTorch 1.7 library and the Python pro-
gramming language version 3.9 were used, while in the 
case of Mask R-CNN, the library responsible for per-
forming machine learning was Tensorflow version 2.2 
in combination with Keras 2.3.1. The last algorithm 
that does not use machine learning techniques was 
created based on the Python programming language in 
version 3.9.

2. ANN-based solutions

The development of appropriate datasets is a  critical 
stage during the implementation of ANN models based 
on supervised learning (Jiang et al., 2020). The current 
datasets consist of images extracted directly from the 
standard industrial vision system overseeing activities 
in the plant. The locations of the forging and, where 
possible, the employees were marked in each photo and 
then divided into two datasets, training and validation, 
respectively. The first is intended for training the neural 
network, while the second is used to verify the effects 
of training. With that, it is possible to determine the 
quality of the developed neural network. 
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In the case of the YOLOv5 algorithm, each ob-
ject of interest from the image is marked with simple 
rectangles (Fig. 1a), while in the case of Mask R-CNN, 
objects are marked in a more accurate way by gener-
ating a  polygon that precisely describes the element 
(Fig.  1b). Initial datasets consisted of 50 images for 
training and 10 for validation purposes. 

a)�

b)

�
Fig. 1. Example of labeled images for:  
a) YOLOv5; b) Mask R-CNN models

For each of the tested models, parameters influ-
encing the quality of training operation and the identi-
fication results were investigated. The full list of tested 
parameters used for the YOLOv5 is presented in Table 1.

Table 1. Summary of tested parameters  
used for the YOLOv5 model

Parameter Tested values
Pre-trained model YOLOv5s, YOLOv5s6, YOLOv5m, 

YOLOv5m6, YOLOv5l, YOLOv5l6, 
YOLOv5x, YOLOv5x6

Image size [px] 640, 1280
Number of epochs 50, 100, 200, 300, 500
Batch size 2, 4, 8, 16, 32
Optimizer SGD, ADAM
Device GPU, CPU

Each of the parameters set was tested in various 
combinations to identify the most promising setup. The 
selection was based on the precision and the time needed 
to prepare such a model. Overall 21 case studies were 
evaluated. Various outcomes were obtained during this 
investigation, starting with the initial model, whose 
mAP50 (Otani et al., 2022) precision was at the level 
of 0.285, which did not allow for any detection, ending 
with a model whose precision was 0.925, allowing for 
accurate detection of forgings. As it turned out, the pa-
rameters responsible for the selection of the pre-trained 
model and the number of epochs had the greatest impact 
on the quality of the results. Only selected example mod-
els created on the basis of the presented parameters with 
the provided results are gathered in Table 2. Thanks to 
this, it can be concluded that even changing only one of 
the model parameters can significantly affect the detec-
tion results and the time needed to execute training.

Table 2. Sample models created based on the presented parameters

Pretrained model Image size 
[px]

Number of 
epochs Batch size Device Optimizer mAP50 Training time 

[hours]
YOLOv5s 640 50 16 GPU ADAM 0.826 0.011
YOLOv5s 640 100 16 GPU ADAM 0.897 0.023
YOLOv5s6 1280 100 16 GPU ADAM 0.902 0.235
YOLOv5m 640 100 16 GPU ADAM 0.893 0.036
YOLOv5m6 1280 100 16 GPU ADAM 0.859 1.608
YOLOv5l 640 100 16 GPU ADAM 0.852 0.055
YOLOv5x 640 100 16 GPU ADAM 0.831 0.670
YOLOv5m 640 200 16 GPU ADAM 0.904 0.066
YOLOv5l 640 200 16 GPU ADAM 0.894 0.101
YOLOv5x 640 200 16 GPU ADAM 0.868 1.045
YOLOv5s 640 200 2 GPU ADAM 0.747 0.122
YOLOv5s 640 200 8 GPU ADAM 0.912 0.054
YOLOv5s 640 200 16 GPU ADAM 0.925 0.042
YOLOv5s 640 200 16 GPU SGD 0.894 0.038
YOLOv5s 640 200 16 CPU ADAM 0.910 1.238
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As shown above, the first investigated param-
eter was the type of the pre-trained model. It turned 
out that the least complex and extensive model is the 
most effective in the examined problem. This may be 
due to the simplicity of the objects being analyzed 
and the straightforward working environment. Based 
on this result, the YOLOv5s pre-trained model was 
selected, whose mAP50 efficiency on the validation 
set was over 0.8 and additionally, the time needed for 
training was slightly over 2 minutes with a  number 
of epochs of 200. The next parameter tested was the 
number of epochs. Based on the analysis, it turned out 
that the model quickly reached the stage where sub-
sequent iterations did not improve effectiveness and 
even worsened the results. Therefore, it was finally de-
cided to use 200 training epochs. Another element that 
strongly influenced both the effectiveness and learning 
time was the batch size (Kandel & Castelli, 2020). 
When 50 training photos were used, the most optimal 
value was 16. The last parameter that influenced the 
model’s effectiveness was the optimiser’s selection. 
SGD optimizer (Hassan et al., 2022b) turned out to be 
less effective than the more popular ADAM optimiz-
er (Jais et al., 2019), and the difference between them 
was around 3%. The final parameter that only influ-
enced the learning time was the choice of the device on 
which the learning process was carried out. The GPU 
turned out to be undefeated, carrying out the process 
almost  30  times faster than the CPU. The YOLOv5 
model developed in such a way was tested in a known 
environment, as shown in Figure 2.

Fig. 2. Network performance in the known environment 
 with a confidence threshold of 0.5

As can be seen, both the worker and the forgings 
were marked correctly and with sufficiently high preci-
sion. Based on this research, a final set of the YOLOv5 
model was selected, as shown in Table 3.

The model coped perfectly in an unknown envi-
ronment in which the entire process is automated by 
using a  robot arm that moves the forgings. The algo-

rithm indicated the location of the material with high 
precision, and since no employee was there, it did not 
mistake it for a robot.

Table 3. Summary of the parameters 
used for the YOLOv5 model

Parameter Value
Pretrained model YOLOv5s
Image size [px] 640
Number of epochs 200
Batch size 16
Device GPU
Optimizer ADAM

Finally, the	 capabilities of the developed ANN 
model were evaluated with a feed from a completely dif-
ferent, fully automatic forging line, as seen in Figure 3. 

Fig. 3. The final test of the developed ANN  
with a confidence threshold of 0.7

The same investigation was realized for the devel-
opment of the second model based on Mask R-CNN. 
All tested parameters are summarized and presented in 
Table 4. Overall, 15 case studies were evaluated.

Table 4. Summary of the parameters  
used for the Mask R-CNN model

Parameter Tested values
Number of epochs 5, 10, 20
Number of steps in each epoch 20, 50, 100
Number of validation steps 10, 20, 50
Confidence threshold 0.3, 0.5, 0.7
Learning rate 0.02, 0.005, 0.001
Image size [px] 1024
Device GPU, CPU
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As in the case of the YOLOv5, models were creat-
ed based on the presented parameters. Examples of the 
results and the parameters used are collected in Table 5. 
Also, in this case, changing even a  single parameter 
could significantly impact the results. The first models 
that were developed did not allow any detection due 
to the poor selection of the learning rate parameter. It 
turned out that, apart from the number of epochs, the 
learning rate parameter has a significant impact on the 
results, which, when incorrectly selected, strongly lim-
its the effectiveness of Mask R-CNN.

First, the influence of the number of epochs and 
the number of steps in each epoch was examined. 
It seems that increasing the number of epochs has 
a  slightly greater impact than changing the number 
of steps, but both of these parameters significantly in-
fluence the quality of the mAP50 indicator. Based on 
these results, achieving an efficiency score of over 0.85 
for the validation set was possible, assuming the num-
ber of epochs was ten and the number of steps was 100. 
The confidence threshold used for the results verifi-
cation stage turned out to be an equally important pa-
rameter. In the case of the most extensive model, the 
threshold of 0.7 ended up being ideal and allowed to 
eliminate false indications and determine only the true 
ones. The learning rate parameter is also important in 
terms of the obtained results, but determining its value 
is not straightforward. Its value was initially assumed 
to be 0.02, which, after 120,000 iterations, was reduced 
tenfold. In the case of the investigated forging detection 
problem, the initial value resulted in an efficiency level 
of 0.1, which did not allow for proper detection. After 
an in-depth analysis of the operation of this parameter, 
it was shown that changing its value to 0.005 resulted 
in an increase in the effectiveness of mAP50 to a value 
of over 0.9. A further change of this parameter to the 
value of 0.001 resulted in an improvement to the level 
of 0.943. The effect of the identification by the most 
refined model is presented in Figure 4. 

Fig. 4. The effect presented by the Mask R-CNN algorithm 
in the first environment

It can be seen that the algorithm coped perfectly 
with detection in a known environment, and the preci-
sion of the indications was close to or equal to 1. Based 
on this research, a  final parameter set of the Mask 
R-CNN model is summarized in Table 6.

Table 6. Summary of the parameters  
used for the Mask R-CNN model

Parameter Value
Number of epochs 10
Number of steps in each epoch 100
Number of validation steps 50
Confidence threshold 0.7
Learning rate 0.001
Image size [px] 1024
Device GPU

Table 5. Sample models created based on the presented parameters

Number of  
epochs

Number of steps 
in each epoch

Number of 
validation steps

Confidence 
threshold Learning rate mAP50 Training time 

[hours]
5 20 20 0.3 0.020 0.080 0.20
10 100 20 0.7 0.020 0.103 2.30
10 100 50 0.7 0.005 0.908 0.93
5 20 50 0.5 0.001 0.536 0.16
5 50 50 0.5 0.001 0.669 0.31
10 20 50 0.5 0.001 0.719 0.53
10 50 50 0.5 0.001 0.777 0.72
10 100 50 0.5 0.001 0.939 0.89
10 100 50 0.7 0.001 0.943 0.91
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Again, the capabilities of the developed ANN model 
were evaluated with a feed from a completely different, 
fully automatic forging line, as presented in Figure 5.

Fig. 5. The final test of the developed Mask R-CNN algorithm

As can be seen in Figure 5, the Mask R-CNN is not 
able to cope with an environment it has not seen before, 
which results in marking the robot arm as a human. To im-
prove its operation, it would be necessary to train the net-
work with a scenario in which human work is replaced by 
a robot. The model prepared in such a way should be able 
to present more reliable results. Another solution could 
be to add a new detection class to the model, which, af-
ter changes, would be able to detect employees, forgings 
and robot arms. This would require teaching the network 
examples of the appearance of such robots, which would 
increase the complexity of the algorithm but would im-
prove the identification results. Simply expanding the ex-
isting model by improving its effectiveness would have 
a negligible impact on the achieved results. 

As mentioned, the capabilities of both approaches 
developed were compared with the classical approach to 
data extraction based on image processing algorithms. 

3. Image processing-based solution

The third model developed, based on image processing 
without the use of machine learning, does not allow for si-
multaneous detection of both the forging and the employ-
ees. In this case, only tracking of forgings positions is inves-
tigated. The developed algorithm is based on four stages. 

The first is responsible for the conversion of the 
image from the colour scale into the grey one. A blur-
ring operation is also applied to increase the differ-
ences between the strongly glowing forgings and the 
surroundings. Many types of blurring operations (Yam-
aura et al., 2018) can be used in this process. However, 
after a set of tests, a Gaussian blurring was selected for 
further investigation. Then, a  thresholding operation 
based on the Otsu algorithm (Cao et al., 2021) was ap-

plied to the image to isolate the forgings from the sur-
roundings. The image containing pixel values of 0 or 
255 was finally subjected to a contour detection algo-
rithm, which returns the coordinates of the beginning of 
the bounding boxes along with their width and height. 
Examples of the results obtained are shown in Figure 6. 

Fig. 6. Positions of forgings  
detected by the image processing algorithm

As can be seen, the algorithm coped sufficiently 
well with the detection of the forgings in subsequent 
positions. The corresponding results from the fully au-
tomatic forging line are shown in Figure 7.

a) 

 
b) 

Fig. 7. Positions of forgings in the fully automatic forging 
line detected by the image processing algorithm and 

corresponding (a) and binary image (b)
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Despite many elements distracting its operation in 
the test environment, the algorithm managed to indi-
cate the position of the forging with sufficient effective-
ness. Without a precise definition of the area in which 
the model should search for the location of the forg-
ings, incorrect results can be expected due to the strong 
sources of light visible in the image, which affect the 
determination of boundary fields. 

4. Comparison of results

Based on the best results obtained from the three mod-
els presented, an analysis of the effects of their oper-
ation was carried out. As a  result, the most accurate 
approach for forgings detection was identified. The 
summary of the models’ overall performance is pre-
sented in Table 7. The main emphasis was placed on 
the accuracy and effectiveness of object identification, 
but additional aspects like the time needed to prepare 
the model or the complexity of models are also in-
cluded in Table 7.

The most important parameters that had the 
greatest impact on the final conclusions and the se-
lection of the best model were the accuracy of the 
results, clearly indicating the quality of the solution 
and the ability to operate in the real-time due to the 

need for the algorithm to operate on a vision camera 
that continuously monitors the forge. While other 
parameters, such as implementation complexity, the 
time needed for training and identification and much 
more not presented in the table above are not elements 
that significantly influence the final choice, they do 
indicate differences between the models and allow for 
additional conclusions to be drawn that inspire further 
work on this topic.

Based on Table 7 the YOLOv5 model can be 
selected as the best approach to forging detection. 
The model can operate with high efficiency and an 
accuracy of over 0.9 and can identify each class of 
objects in various environments. The Mask R-CNN 
model performed similarly, but when used in an en-
vironment that the algorithm did not see at the train-
ing stage, it provided incorrect results. More effort is 
required to develop a  reliable Mask R-CNN in this 
case. The last algorithm that did not require machine 
learning coped with the problem equally well, but not 
perfectly. The lack of a  learning mechanism means 
that, in some cases, objects that were not forgings 
were identified. At the same time, the algorithm does 
not allow for the detection of employees. Therefore, 
a model like this can be considered when the execu-
tion time rather than the accuracy is the most import-
ant parameter.

Table 7. Summary of the performance results of three tested models

Aspect
Model

YOLOv5 Mask R-CNN Image processing

Accuracy of results
Calculated based on the 

mAP50 parameter. 
 mAP50: 0.925

Calculated based on the 
mAP50 parameter.  

mAP50: 0.943

No numerical parameter, 
visual verification of the 

effects required

Time needed to train  
the neural network

For the best model:  
2.52 minutes

For the best model,  
55 minutes

No time required for 
training

Time needed  
to identify objects

Images are processed 
immediately.

It takes 30 seconds to 
process a 48 seconds 

video

Images are processed 
immediately.

It takes 3 minutes to 
process a 48 seconds 

video

Images and videos are 
processed in real-time

Possibility to work  
in real-time

Objects identified in real 
time with high accuracy

Limitation to 5 frames 
per second is required for 

real-time operation

Objects identified in 
real-time with sufficient 
accuracy, but incorrect 
detections may appear

Complexity of 
implementation

Model requires extensive 
knowledge of image 

analysis to create a well-
working identification

Model is highly complex 
and difficult to implement 

to obtain satisfactory 
results

Basic knowledge of image 
processing is required, 

but the algorithm can be 
implemented in a dozen or 

so lines of code
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5. Conclusion

As presented, each of the designed algorithms can 
solve the problem of identifying forgings and workers 
from industrial vision systems. It has been proven that 
machine learning-based solutions cope very well with 
object detection problems and achieve high degrees 
of accuracy after a  precise selection of parameters. 
The algorithms show the performance of detections 
with excellent accuracy of 92.5% for the YOLOv5 
and 94.3% for the Mask R-CNN. At the same time, 
all of the approaches can be further improved for the 
specific environment to achieve the highest quality 
detection results. In a situation where algorithms were 
forced to work in a changing environment, it was not 
possible to design them so that they would be able to 
work to their full potential.

Both the YOLOv5 and Mask R-CNN models can 
be improved by expanding the training and validation 
sets with additional special cases or different environ-
ments to improve their detection capabilities. In the 
case of the third model, it might be more effective to 
use other techniques to extract objects from the image 

or to try to expand the existing model to eliminate the 
disruptions that affected the results.

In the case of each of the presented solutions, 
it is possible to base the selection of parameters on 
a  less random approach involving the use of appro-
priate analytical methods based on mathematical 
principles instead of using the method of changing 
one or several parameters and examining the result 
obtained in this way. Additionally, models based on 
machine learning can be further improved by using 
the proper optimization methods and tools that im-
prove the operation of graphics cards, which can 
significantly increase the efficiency and speed of the 
solutions presented in this work. All of the present-
ed improvements can be the basis for the creation of 
another work extending the issues presented in this 
paper in a more detailed way.
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