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AUTOMATIC GENERATION OF WORK PROCESS DESCRIPTIONS 

One of the critical issues in the analysis and design of work systems is the updating of work method descriptions 

and work process controls. Changes in work methods may originate from product or process engineers or from 

employees involved in production. Work methods should be documented and incorporated into company 

documentation in accordance with quality assurance procedures. Therefore, it is necessary to develop a method 

that supports the creation of production documentation and employs an efficient data analysis technique, such as 

neural networks. This article presents the application of a deep neural network (DNN) to develop verbal 

descriptions of production processes based on video recordings. The conversion of visual data into verbal 

descriptions utilizes a predefined vocabulary of the assembly process. The structure of the DNN and the results of 

experiments are presented. The proposed approach is useful in developing best practices for identifying working 

methods tailored to specific needs. 

1. INTRODUCTION 

Manual business process modelling can be a time-consuming and error-prone process, 

resulting in low-quality models [1]. Therefore, various approaches have been proposed in 

research and practice to partially or fully automate the creation of business process models, 

which differ in terms of the input data, generation methods, and modelling languages utilized. 

Despite active research into automatic model generation, a considerable scope for improvement 

remains. New technologies are continually being developed to support automatic model 

generation [1]. 

Organisations need to reduce costs, improve efficiency and achieve higher levels of 

quality. To meet these expectations, natural language processing (NLP) techniques and tools 

have emerged to generate process models and discover processes [2]. 

Understanding working methods helps to develop best practices in specific contexts and 

to understand which working methods best suit specific needs [3]. 
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Process, procedure, and work instructions are created to standardize and control work 

through various teams [4]. 

Researchers [5] demonstrated that work time control and job crafting were positively 

associated with workers’ work method control. Job crafting moderated the relationship between 

work time control and work method control [6]. 

The purpose of a work description document is to communicate to workers the scope of 

work they are authorized to perform, the main hazards, and the processes and methods used to 

ensure work is performed safely [7].  

Standard work represents the most efficient, safe, and effective method to perform a task 

or process, based on current best practices. Standard work is documented and visual, making it 

easily accessible and understandable to everyone involved. It establishes a baseline from which 

continuous improvement efforts can be launched, serving as a reference point for measuring 

improvements [8]. 

Standard work consists of three key elements [8]: 

1. The sequence of work: this outlines the specific order in which tasks should be 

performed to maximize efficiency and minimize waste. This sequence is determined 

by analyzing the process flow and identifying the most logical and efficient steps. 

2. The standard work time: this defines the time required to complete a task or process, 

ensuring that there is a clear expectation of task duration, thereby promoting 

consistency and reliability in process outputs. 

3. The standard work in process (WIP): this specifies the amount of work that should be 

in process at any given time, minimizing overproduction and excess inventory, which 

are forms of waste.  

The implementation of standard work and procedures (Fig. 1) plays a pivotal role in 

achieving operational excellence and sustaining quality improvements. These components are 

essential in manufacturing control, aiming to minimize variability, reduce waste, and ensure 

that processes are efficient, predictable, and capable of consistently meeting customer 

expectations [8]. Researchers apply various methods for process monitoring [9, 10]. 

 
Fig. 1. Standard work and procedures 
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This article proposes solutions aimed at improving categorizing and recognizing assembly 

tasks, including feature extraction and neural network architecture design based on visual data 

analysis which facilitates data capture.  

2. NATURAL LANGUAGE PROCESSING  

NLP is related to information retrieval, knowledge representation and computational 

linguistics [11].  

NLP is one of the most important interdisciplinary fields in computer and artificial 

intelligence research. Its goal is to enable computers not only to understand human language, 

but also to perform specific tasks [12,13]. 

Typical NLP tasks include text summarization, grammatical error correction, logic 

translation, machine translation, natural language understanding (NLU), natural language 

generation (NLG), dialogue management, question answering, text-to-image generation, text-

to-scene generation, and text-to-video conversion. 

Through NLP technology, electronic equipment has the ability to understand and process 

human language, which significantly improves human work efficiency [13,14]. NLP is 

involved in processes analysis and design by many researchers. Xu et al. [15] designed a dataset 

to support research on proactive robots that infer human needs from natural language 

conversations. Wang [13] noted that text classification technology can help people effectively 

manage big data, but it can also help people extract information hidden in the database. Yadav 

et al. [16] presented a method which employs a structured questionnaire to conduct cognitive 

evaluations based on users’ natural language responses. Wang et al. [17] developed a rule-based 

system to represent the factors that are associated with the type of measurement as well as their 

interrelationships and then make decisions on the category of the measurement. The retrieval 

of instrument information is aided by a structural-based approach using the natural language 

processing (NLP) technique. Zhang et al. [18] proposed an intelligent decision-making system 

for complex products assembly process planning based on the machine learning (ML) method, 

providing a targeted decision-making scheme with an assembly process structure tree. Xinghai 

et al. [19] proposed a specific knowledge extraction method for assembly process document in 

tabular form. Wang et al. [20] focused on the significance of remote collaboration using virtual 

replicas, avatars, and gestures for procedural tasks in industry. An overview of the relationships 

between the methods discussed in the state of the art is presented in Fig. 2.  

3. THE PROPOSED APPROACH 

The sequence of work outlines the specific order in which tasks should be performed to 

maximize efficiency and minimize waste. This sequence is determined by analysing the process 

flow and identifying the most logical and efficient steps [8]; therefore, the work system 

evaluation procedure can lead to quality improvement (Fig. 2).  



154 I. Kutschenreiter-Praszkiewicz  / Journal of Machine Engineering, 2026, Vol. 26, No. 1, 151–162 

 

 

Mapping of product and process structure requires identification and representation of 

process-relevant product properties as well as detection and description of product-

characteristic process patterns [21].  

 
Fig. 2. Overview of the relationships between methods 

The procedure for evaluating the work system is shown in Fig. 3. 

 

 

 

Fig. 3. Work system evaluation procedure 

 

Data registration can use different forms and data types (Fig. 4). Visual Registration 
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Fig. 4. Work system analysis - type of data 

 

The transformation of the visual registration into a verbal description is shown in Fig. 5. 

The work description can be generated based on a video recording showing the tasks performed 

as part of the job.  

The procedure for preparing a verbal description of the assembly process is shown in 

Fig. 5. 

 

Fig. 5. Assembly process verbal description 
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Therefore, assembly description should be related to typical workstation layouts.  

Verbal description of assembly process can concern nouns such as: 
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Verbal description of assembly process can concern vers such as: 

- activity type performed, 

- activity characteristic performed (distances, force needed, etc.). 

Typical assembly task separation means that the task begins and ends with a specific 
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The task should be repeated in a similar manner across assembly processes. Tasks 

performed by employees should consist of basic movements that are executed in the same 

sequence.  

The next stage of the proposed approach focuses on identifying a neural network 

structure that recognises the assembly task.  

Neural networks (NN) are challenging to apply in domains requiring high reliability due 

to their black-box nature [23]. 

Researchers have proposed several neural network (NN) algorithms, such as deep neural 

network (DNN), convolutional neural network (CNN), and recurrent neural network (RNN). 

Among them, DNN and CNN have gained popularity [24]. 

Researchers [25] suggested enhancing digital image categorization and identification 

capabilities through feature extraction using deep convolutional neural network and transfer 

learning. 

The next stage of the proposed approach is focused on assembly task recognition and 

labelling.  

Each typical movement should be named (labelling); therefore, unusual movements 

should be identified and flagged potential sources of product failure. The proposed approach 

can be integrated with product quality control procedures.  

Assembly process know-how includes knowledge such as operating methods, 

sequences, requirements, and techniques [26]. Each assembly task that constitutes operations 

can be separated and named. The classification of complex assembly tasks has been discussed 

by Li et al. [26]. 

4. EXAMPLE 

The analysed example is based on assembly work performed on a production line under 

mass production conditions. The work system used in the analysis included: one assembly 

station, one experienced worker, a subassembly consisting of four components, two hand tools, 

lubricant, and an assembly table with a mounting plate. The components are taken from 

containers. The employee is required to position parts and components for various assembly 

operations in order to complete the assembly task. The assembly process involves many 

assembly stages and diverse, complex assembly relationships. Therefore, it is possible to 

identify typical assembly tasks that are repeated across various assembly operations. 

Methods of production process analysis is presented in Fig. 6. Analysis of the entire 

technological operation is used in time study and use short description e.g. “pick up and 

assemble the components”. The detailed description can be used to create work instructions and 

can be used to improve assembly.  

 
Fig. 6. Production process analysis 
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In the example shown, the complex assembly operation has been divided into tasks and 

named. An overview of the analysed assembly workstation is presented in Fig. 7.  

 

Fig. 7. Assembly workstation 

The classification of complex assembly tasks uses vocabulary that includes the following 

items: 

- put component (b), 

- put tool (c),  

- take component (d), 

- take tool (e), 

- lubricate component (f), 

- connect elements (g), 

- move the lever (h), 

- immerse the element in grease (i), 

- immerse the tool in lubricant (j), 

- other (a). 

Training and validation sets were created based on the vocabulary (Fig. 8), 3 work cycles 

and 834 observations.  

 

Fig. 8. Training and validation sets 
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Neural network structure used in the study is presented in Fig. 9. NN structure use layers 

consists of convolution which is used to extract features from input images. A convolutional 

layer consists of a set of learnable filters (also known as kernels), which are small matrices 

that slide over the input image and perform element-wise multiplication and summation 

operations at each position [30].  

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

Fig. 9. NN structure 

Convolution layer uses the following parameters [30]:  

conv_layer = nn.Conv2d(in_channels, out_channels, kernel_size) 

in_channels: The number of input channels in the input tensor. For example, if the input 

is a color image, in_channels would be 3 (for RGB channels).  

out_channels: The number of output channels, which is equal to the number of filters in 

the convolutional layer.  

kernel_size: The size of the convolutional kernel. It can be an integer or a tuple of two 

integers. 

ReLu was used in the NN structure. The ReLU (Rectified Linear Unit) activation 

function is a popular choice in neural networks that outputs the input directly if it is 

positive, and zero otherwise. It helps introduce nonlinearity into the model and addresses 

issues like vanishing gradients, making it effective for deep learning tasks [31]. 

Pooling is a technique used in the CNN model to reduce the resolution of features from 

the previous layer and create new, summarising feature maps. In computer vision, it reduces 

the spatial dimensions of an image while preserving important features. The goal of pooling 

is to reduce the computational complexity of the model and reduce its sensitivity to small 

shifts in the input image. In deep learning, two main types of pooling are used: Max Pooling 

and Average Pooling. Max Pooling selects the maximum value from each set of overlapping 

filters and passes this maximum value to the next layer. This helps to preserve the most 

important feature information while reducing the size of the representation. Average Pooling 

calculates the average value of each set of overlapping filters and passes this average value to 
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super(SimpleCNN, self).__init__() 

 self.features = nn.Sequential( 

nn.Conv2d(3, 16, 3, padding=1), nn.ReLU(), nn.MaxPool2d(2), # 

128 -> 64 

nn.Conv2d(16, 32, 3, padding=1), nn.ReLU(), nn.MaxPool2d(2), # 

64 -> 32 

nn.Conv2d(32, 64, 3, padding=1), nn.ReLU(), nn.MaxPool2d(2)  # 

32 -> 16) 

 

self.classifier = nn.Sequential( 

nn.Flatten(), 

nn.Linear(64 * 16 * 16, 64), 

nn.ReLU(), 

nn.Linear(64, num_classes)) 
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the next layer. This helps to preserve a more general form of feature information, but with 

reduced spatial resolution. [32] 

Pooling is typically used after the convolution operation and helps reduce overfitting 

and improve overall model performance. [32] 

Flattening is a crucial operation in neural networks, especially when transitioning from 

convolutional layers to linear layers. nn.Sequential combined with nn.Flatten in PyTorch 

provides a simple and effective way to implement this operation. [33] 

Therefore using the built-in nn.Flatten or a custom module, flattening ensures that the 

data is in the right shape for subsequent layers, facilitating smooth model creation. [33] 

In the world of deep learning, linear transformations are fundamental components of 

neural networks. PyTorch, one of the most popular deep learning platforms, provides the 

nn.Linear module for efficiently transform input features into a new set of features. [34] 

The training set was divided into 10 classes. The results of the proposed approach in the 

final accuracy test reached 97.24%, which demonstrates that the proposed approach is 

effective. Accuracy was calculated using the formula (1): 

accuracy = 100 * correct / total   (1) 

A well-known method of error analysis is a confusion matrix, also known as the error 

table [35, 36], which is table used to measure how well a classification model is performing. It 

compares the predictions made by the model with the actual results and shows where the model 

was right or wrong. This helps understand where the model is making mistakes (Fig. 10). 

 

Fig. 10. Confusion matrix 
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5. DISCUSSION OF THE RESULTS 

Automatic generation of work process description can be useful in various aspects of 

industrial engineering. Hence, in order to investigate the influence of different types of complex 

assembly tasks on the users’ demands for augmented reality (AR) instructions, complex 

assembly tasks need to be classified [26]. 

The proposed approach uses DNNs for automatic classification of assembly tasks. 

Planning and control of assembly tasks require identification of assembly tasks categories. 

Verbal description of assembly tasks forms a basis for their classification. In the example 

presented, 10 assembly task categories have been identified. Based on video recordings, the 

DNN was trained with an accuracy of 97.24%. 

Other methods of assembly work description include, for example, MTM (Methods Time 

Measurement) [27] and the AR-assisted assembly process proposed by Li et al. [26]. 

A comparison between the proposed approach and other methods used for assembly 

description is presented in Table.1.  

Table 1. Comparison between the proposed approach and another method used for assembly description 

No Comparative criteria Proposed approach MTM 
AR guided assembly 

process 

1 
Aim and scope 

Work instruction and 

analysis 
Work analysis Work instructions 

2 
Labour intensity 

Small (it works 

automatically) 
Large (manual method) 

Small (needs additional 

equipment) 

3 Ease of use Yes Requires training Yes 

4 Type of work system Mass production Mass production Non repeatable production 

The proposed approach can be useful in designing human–robot collaboration 

in assembly tasks and in facilitating human–robot collaboration in customized assembly tasks. 

Human–Robot Collaboration (HRC) in industrial environments is in line with the principles of 

Industry 5.0, proposes an approach to support the integration of human operators’ capabilities 

with advanced robotics, enhancing collaborative productivity and fostering a paradigm shift 

towards a more interactive and beneficial human–robot symbiosis [28]. Human motion 

prediction is crucial for facilitating human–robot collaboration in customized assembly 

tasks [29]. 

6. CONCLUSIONS  

Verbal description of assembly tasks can be useful in various aspects of industrial 

engineering such as assembly instruction generation, assembly process control and monitoring, 

assembly instruction updating and facilitating human-robot collaboration.  

The proposed approach uses a verbal description of the assembly process to classify 

assembly tasks and a DNN for its visual identification. Proposed approach is easy to use and 

does not require expensive equipment. The proposed approach expands the use of DNNs in 
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industrial engineering and offers new opportunities in the field of process analysis. The 

predefined verbal characteristic of the production process can be flexibly adapted to various 

production processes. The presented approach helps in creating work standards. Future 

research will include more employees and samples, and the vocabulary will be expanded. The 

presented approach uses a given work system, and the example shown demonstrates that the 

proposed approach can use neural networks as a tool for analysing the work system. Future 

research will focus on finding parameters that affect the effectiveness of neural networks as 

a method of data analysis. Human activity can be modelled using different methods such as 

MTM or AG; each approach can be useful in certain circumstances. MTM, as a manual 

method of assembly process analysis, is universal but time-consuming. AR provides the 

opportunity to predict an assembly solution but requires additional equipment. The proposed 

approach is promising and combines both visual and verbal features of the assembly process.  
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