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Abstract

:

This study analyzes the possibility of using Go (Golang) in the context of Java and Python in decision-making processes, with particular emphasis on their use in industry-specific solutions for Industry 4.0. The authors intentionally compared Go with Java and Python, which have been widely used for many years for data analysis in many areas. The research work was based on decision trees data mining algorithms, and especially on classification trees, in which the measure of entropy as a heuristics to choose an attribute was taken into account. The tests were carried out on various parameters describing calculation time, RAM usage, and CPU usage. The source data, which were the basis for the computing of the decision tree algorithm implemented using these three languages, were obtained from a commercial remote prototyping system and were related to the target customers’ choice of methods and means of the full design-creation process.
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1. Introduction


Present-day economic development is inevitably connected with the widespread implementation of the Industry 4.0 concept [1,2,3]. Automation and informatization of manufacturing processes have been progressing for many years [4,5,6], but there is still much to be done in this domain. The processes of planning, designing, optimization, manufacturing, quality control, and distribution are constantly changing, which requires constant analysis and adjustment to the current needs and requirements set by both customers and suppliers, as well as legal and technological conditions. Digitization of these processes connected with their integration allows for real implementation of the Industry 4.0 concept [7,8,9,10]. Such activities cover many areas of business operation and are usually carried out gradually. Only the establishment of entirely new factories or their full modernization creates sufficient conditions for such changes [11,12]. Therefore, the digitalization processes of factories in terms of Industry 4.0 can be realized in a controlled or uncontrolled way. In the first case, we are dealing with a planned and well-thought-out, and consistently implemented plan for automation and computerization of all technological and commercial processes, human resources, and financial processes. In the second case, however, there is an accidental, inconsistent, and in many cases, chaotic set of actions aimed at making individual changes. Therefore, as already mentioned, Industry 4.0 requires activities related to technological changes (including IoT (Internet of Things)) [13], thinking (approach to management) [14], processing (also in terms of IoE—Internet of Everything) [15], and even in the future legal changes [16]. All these areas are combined by two main aspects, namely the acquisition, processing, and analysis of large-scale data sets (often of a Big Data nature) [17,18,19] and the process approach [20].



In order to make the concept of Industry 4.0 a reality, it is necessary to use adequate programming tools and languages. Their purpose and role are very different, as the areas of their application are different. The structure of the framework and smart factories’ architecture includes the physical layer, the communication layer, the service layer, as well as the application and analysis layer [21]. Each of these layers is associated with certain limitations and requirements, e.g., obtaining and controlling hardware resources. Therefore, we cannot be limited to only one tool or one programming language [22]. The physical layer that includes the regulation, inspection, and monitoring of manufacturing equipment, but also detectors and sensors, often requires the use of low-level languages such as Assembler [23], but C and Java [24,25] are also often used. Both Assembler and C languages have, for many years, been chosen as the primary programming languages closest to the hardware, mostly device drivers, low-level embedded systems, and real-time systems, as well as microcontrollers commonly used in the industry [26,27]. In the communication layer, C, C++, as well as Python and Java are used, among others. It should be noted that these languages refer to the creation of network services provided in different layers of the ISO/OSI model. The functionality at the second and third layer level for specialized SDN (software-defined networks) [28,29] can also be programmed using dedicated programming languages such as Frenetic, Procera, Pyretic, Kinetic, and NetCore [30,31,32,33]. Another area of implementation of programming languages in Industry 4.0 is the service layer, including, e.g., creation of computing clouds [34,35], dedicated applications for simulation and modeling [36], production process control [37], etc. In this area, popular programming languages such as Java, JavaScript, PHP, C, C++, C#, or Python are used. The last functional area, which is currently gaining in importance and increasing the efficiency of design, manufacturing, control, and management processes, includes the use of mechanisms and solutions in Big Data, machine learning, artificial intelligence, and expert systems. The whole area requires the implementation of effective algorithms supporting decision-making processes. In this area, modeling and programming languages such as UML (Unified Modeling Language) [38,39], various variations of the C language [40,41], and, for some time now, more and more often Java and Python [42,43] were used. Therefore, in this article, the authors have decided to refer to the possibility of using the relatively new Go language in the decision-making process in relation to Java and Python.



Of course, this study is not an overview article. It does not include an analysis of the extensive range of performance of programming languages in the context of constantly evolving software engineering, as well as the needs of different sectors of the economy and the needs of potential customers. It should also be noted that in the past few decades of IT development, very many programming languages have been developed. However, few of them have gained satisfactory popularity, expressed by the number of people using them and applications created on their basis. Analyzing current trends, it can be concluded that in the area of data analysis, machine learning, and artificial intelligence, Java and Python have great use and interest among users. Therefore, the authors have attempted to compare them with the relatively new and increasingly commonly used Go (Golang) language in decision-making processes in the context of solutions used in Industry 4.0.



Analyzing the needs of the area related to Industry 4.0, the authors pointed out the need to create programs characterized by high operation speed and low load on hardware resources. This state of the art results from the fact that many IT and automation systems supporting design and production processes have the character of closed systems with little possibility of expansion and modernization. Of course, considering the extensive range of application areas of this type of scenario in the industry, the focus was on a selected aspect. Namely, systems supporting decision-making processes in remote rapid prototyping systems based on decision trees take into account the measure of entropy as a heuristics to choose an attribute. The authors are aware of the fact that there are many methods and means, as well as mathematical tools and their implementation, supporting decision making processes. Since the authors take part in research and development work related to remote prototyping systems (the system is called iS Rapid, developed by InfoSoftware Polska Ltd., Rzeszów, Poland), they have relied on data from such a system. However, it should be noted that the results concerning the performance of individual programming languages are more universal and can potentially be used in the future to implement solutions. Mostly solutions supporting decision-making processes in the industrial infrastructure regarding the selection of tools for individual manufacturing tasks, the type, composition of manufacturing materials, and the choice of control and verification mechanisms for the design and production process. Indeed, there are many well-described and repeatedly verified algorithms for analyzing and exploring data used in the decision making process. There are also many publications about their effectiveness and possibilities [44,45]. Therefore, in this publication, we focus on tools, mostly programming languages used for algorithmic and application implementation of these algorithms. Individual languages’ properties may also improve the speed and, particularly, the data analysis process’s computational complexity. In this respect, the programming solutions used have an essential role to play. Their efficiency and reliability determine the future design, manufacturing, and business systems’ effectiveness in many cases. Hence, research is continuously being conducted on IT systems’ efficiency [22,23] and their industrial applications [21,23,25]. This area is extensive, but the authors of this publication focused on selected programming languages such as Go, Java, and Python, which have great potential for their application, among other areas, in data analysis. Therefore, this paper aims to analyze the languages mentioned above in the context of data analysis efficiency based on decision trees: for example, application in industry, especially for the remote realization of whole design and production process such as rapid prototyping. The results obtained can guide the future use of the analyzed programming languages, including Golang in the area of Industry 4.0 and IoT elements.



The rest of the paper is organized as follows. Section 2 is a reference to works on the performance of programming and the methods and means of data analysis. Section 3 refers to implementing the decision tree mechanism for the study of the customer’s selection and further details of the design and production process on the example of a commercial system supporting rapid remote prototyping and measures used in decision trees that are the basis of the presented algorithm. These assumptions and the data obtained in this way formed the foundation for research work on the validation of capabilities, and the effectiveness of the selected programming languages based on the implementation of the decision tree algorithm in their use in decision-making processes dedicated to use in Industry 4.0. The work ends with a summary of the obtained research results and conclusions.




2. Previous Works


The use of computer systems and, more widely, information systems in all areas of social, economic, and cultural life has also resulted in developing the programming area as a whole. This involves developing new programming languages and developing methods and means of software development (including various methodologies). Designing and then creating specialized software such as applications dedicated to the industry requires considering many factors and conditions related to its final purpose. These include functional aspects, but also technological, safety, efficiency, and reliability [46,47]. There are different classifications of programming languages [48]. One of them is the division into the machine, symbolic and problem-oriented. The second example is a classification covering first, second, third, fourth, and fifth-generation languages. Of course, there are also other classifications, but this work focuses on three selected languages and their analysis in the context of potential applications for industry 4.0. As part of the research, three languages were chosen for study: Java, Python, and Go. The choice of languages compared with Go was not accidental. These are languages with high application potential in areas such as data analysis, machine learning and artificial intelligence, networking, and industrial applications [49,50,51,52,53,54,55,56].



The importance of the performance of programming languages has a long history in software engineering. Individual languages are compared based on sets of basic instructions and benchmark programs [43,57,58,59,60]. One of the basic approaches used to compare and evaluate programming languages is to determine the overall performance indicator, which is calculated by averaging individual performance indicators obtained from individual tests [61]. Another way to compare programming languages is to refer to their characteristics in the form of code density, the processing efficiency of selected data structures, e.g., tables, recursion efficiency, speed of creating dynamic structures, etc. [62,63,64,65,66]. The overall comparison of more than ten of the most popular programming languages from the point of view of design goals, syntax, semantics, and features was conducted as early as 1995 [66]. In the literature, we can also find examples of publications related to comparing specific groups of programming languages, such as object-oriented languages [67].



An interesting example is also the comparison of existing software metric tools [68]. In this publication, the authors present how different tools interpret and implement the definitions of object-oriented software metrics in different ways, directly impacting the results of analyses based on these metrics. Due to the development of the IoT (Internet of Things), it has been necessary to create also appropriate middleware for it to enable communication between devices using different standards and technologies. The paper [69] presents a typical case of using middleware in three other programming languages, followed by a comparative evaluation and analysis of the results. As a result of these studies, it was confirmed that, e.g., JavaScript presents better performance for small and medium applications, while worldwide Java is proving to be the best choice for IoT middleware. Considering the challenges of Industry 4.0 today, the challenges of the development of methods and measures supporting data acquisition processes, searching and analysis, then supporting the processes of reasoning and decision-making [70], an important aspect is the analysis of programming languages in terms of their effectiveness in these areas.



The analysis of data and the extraction of knowledge from it require adequate methods and means. The area that is responsible for this is data mining [71,72]. It meets the need for effective and rational use of the knowledge accumulated in these data to achieve specific goals. Thus, it deals with analyzing and discovering relationships, rules, and patterns in databases and knowledge bases. Very often, it concerns nontrivial, unknown relationships, similarities, or trends. It includes a set of different methods that support these processes. These include classification/regression, clustering, sequence discovery, characterization discovery, time waveform analysis, association discovery, change and deviation detection, web exploration, and text exploration [73]. Within these methods, we can distinguish various techniques such as statistics, neural networks, machine learning, evolutionary algorithms, fuzzy logic, and approximate sets [74,75,76]. These also include decision trees [77]. When we collect large sets of data in different forms, categorizing them and then formulating conclusions from them is a big challenge in many cases. Therefore, to solve, among others, problems of classification, information selection, or finding rules (learning), the decision trees are used [78]. In the simplest possible scenario, one can refer to the process of choosing between possible events based on the probability of their occurrence, their consequences, profits, and risks generated by a given event. From the structural point of view, the decision trees are an example of a multi-level decision-making process. In this process, instead of using a broad set of arguments describing a given phenomenon’s characteristics, the decision is divided into many levels. Only specific subsets of these characteristics are considered.



Therefore, decision trees are widely used classifiers in data mining to predict a given input variable’s target variable. They make it possible to indicate both a category variable (classification) and a continuous variable (regression) [79]. In regression trees, the division point is selected. There is the highest RSS (Residual Sum of Sequence) reduction, or the function’s standard deviation reduction for training data is calculated. In the case of classification trees, entropy, and the information gain factor or Gini coefficient [80,81], is used. By using entropy, the group’s uncertainty is determined and, consequently, the entropy reduction is achieved by selecting the appropriate attributes. In decision trees, the decision process starts in the root and goes towards the leaves based on the decisions made in the individual nodes. The decision process ends when the stop criterion is met.



Therefore, decision trees are the main tool to support decision processes that use the tree structure, as well as the possible consequences of individual decisions. Such an approach is already applied in many areas of industry, from marketing analysis [82], related to commercial research [83], to production and management processes [84]. However, in this paper, the authors have focused on analyzing the potential use of programming languages in decision tree-based decision-making processes.




3. Implementation of the Decision Tree Algorithm


The Industry 4.0 concept’s evolution inevitably involves implementing new solutions based on IT systems for the entire design and production process. These systems often enable cooperation between different remote units with dispersed resources such as scientific units, companies, or production clusters. An essential role in implementing this concept is played by rapid prototyping, which allows us to create and develop entirely new ideas and modernize the existing ones. This form of production, based on incremental technologies, can be used both in the area of multi-series design, as well as in short-run production, or single elements, components, and prototypes. Considering various limitations resulting from the dispersion of design and production resources and crises, e.g., epidemics, the process of remote design and production can play a significant role.



In cooperation with the Rzeszów University of Technology’s scientific community, such a system was created in InfoSoftware Polska Ltd., Rzeszów, Poland. This system is called iS Rapid and enables the remote realization of the whole design and production process. This process consists of three essential areas: design and modeling, manufacturing, and quality control. Individual works within these areas can be realized in different ways. The CMMN model (case management model and notation) of rapid prototyping process scenarios is presented in Figure 1. In the design and modeling process within the iS Rapid system, one can distinguish the main activities of the main process: independent preparation of the model for 3D printing by the customer at his premises, development of such a model in a virtual environment available within the iS Rapid platform, as well as commissioning such a design task to specialized staff within the iS Rapid system. In the next stage of the design and production process (related to the module E. Production method specification in the CMMN diagram, actually being a choice of 3D printing method), it is possible to create the target component within various incremental technologies: FFF (Fused Filament Fabrication), DLP (Digital Light Processing), SLA (Stereolithography), SLS (Selective Laser Sintering), PolyJet (Polymer Jetting), and CJP (ColorJet Printing). Of course, the choice of individual technologies is also connected with the possibility of choosing the right materials: ABS, PLA, PCABS, PET, TPU, Nylon, HIPS, PVA, PMM, light-curable resins, finely powdered metal alloy, polymer, ceramic powders, etc. On the other hand, in the case of the quality control stage (associated with the H. Quality Control in the CMMN diagram), the customer has the possibility of remote surveillance using high-resolution cameras (standalone), use of a specialist engineer to assess the entire physical manufacturing process, or to assess the condition of an already manufactured component (specialist). There is a possibility of giving up such an option in the design-creation process (none).



This article examines how customers choose particular options at different stages of the design and production process and the consequence of the final decision related to purchasing such a remote prototyping service. Of course, such variables as design variant, manufacturing technology, and quality control variant are exploratory variables, and the purchase is a target variable. Table 1 shows sample cases—orders registered in the system. One can notice that case no. 1 was realized in its entirety. The customer ordered all service elements, including quality control, from a specialist available in the company. In the second case, however, we can see that the service was purchased (fully paid), but the service does not include, as one can see, quality control.



After a detailed analysis of process data and event log (part of it presented in Table 1), records can be extracted to determine individual customers’ preferences in relation to individual choices at the conceptual stage, software processing stage, and rapid prototyping processing stage. A fragment of the consolidated data concerning the customers’ preferences is presented in Table 2. In particular, one can make a detailed specification for individual cases for 3D printing method, Quality control type, and order status: bought or not (paid or not). It is worth emphasizing that the number of possible combinations of all decision-making attributes may be significant within the service.



The database used to perform predictions and calculations was a database containing the preferences of individual customers. It was a database consisting of 10 thousand, 100 thousand, and half a million records, respectively. Based on these preferences, the predictions were carried out, and the results were saved to a CSV file. This database was a source of information for the decision tree algorithm, the scheme of which was presented on Algorithm 1.



	
Algorithm 1. Decision Tree Algorithm.




	
Input: An attribute-valued dataset  D 

Output: Decision tree  T 




	
1: 

	
  T = { }  




	
2: 

	
Start at the root node




	
3: 

	
Calculate the entropy of the whole data set




	
4: 

	
For each attribute   a ∈ D  :




	
5: 

	
- divide input data  D  into subsets




	
6: 

	
- calculate the entropy for each subset




	
7: 

	
- select these attributes for which the entropy variation is the highest. This entropy variation is measured by IG (Information Gain)




	
8: 

	
- group data along selected branches




	
9: 

	
- find attributes to dividing the data set in the nodes of the next level




	
10: 

	
- set the decision in the node




	
11: 

	
End For




	
12: 

	
If a stopping criterion is reached Then




	
13: 

	
Return decision tree  T 




	
14: 

	
Otherwise, terminate.









Measures Used in Decision Trees


Algorithms to construct the decision tree, when selecting the division for each node, solve the problem of maximization. It is based on searching all possible attribute values in order to find the best division, i.e., the highest value of the diversity measure. Usually, the criteria for diversity measures are based on entropy and information gain or Gini coefficient, among others.



In 1948, the American mathematician Claude E. Shannon introduced the entropy concept related to thermodynamics’ second principle into communication systems [85]. It determines the direction of spontaneous (self-responsive) processes in an isolated thermodynamic system. Entropy is a measure of the degree of system disorder and energy dispersion [86]. In terms of communication systems, it has been applied in the area of analysis of transmitted information. Thus, from this perspective, entropy means the average amount of information per single message transmitted from an information source. In order to measure the degree of randomness of a given set of events, the concept of statistical entropy was introduced. Assuming that Z is a set of separable events    {   A  1 ,   , … ,  A n   }    comprehensively covering the elementary event space, where the probability   P  (   A 1  , … ,  A n   )    is 1, the equation can determine the entropy of the Z set:


  H  ( Z )    =   −    ∑    i = 1  n  P  (   A i   )    l o g  2  P  (   A i   )  .  



(1)







In general, entropy can also be used to measure the degree of randomness of the X variable. Then entropy of a random X variable of a discrete type is described by the formula:


  H  ( X )    =   −   ∑   i = 1  n   P i    l o g  2   P i  ,  



(2)




where    P i  = P  (  X =  x i   )    denotes the probability that a random variable X takes the value xi, and n is the number of values of a random variable X. Shannon’s entropy, therefore, determines the average amount of information related to the probability distribution of a random variable X. The measure of entropy defined by C.E. Shannon has been applied in many fields of science, such as statistics and computer science.



Classification trees use the measure of entropy as heuristics to select an attribute. Given the assumption that entropy determines uncertainty, even chaos, a higher value of entropy in a given set means a higher disturbance. Figure 2 shows that entropy (uncertainty) is greatest when the probability is 0.5. This means that entropy is maximum when there is the same number of objects from different class attributes. On the other hand, entropy is lowest when the probability is 0 or 1 (there is no uncertainty or high probability), i.e., entropy is minimal if the node is blank, i.e., it is homogeneous from the point of view of diversity for a given attribute. Ultimately, a minimum entropy for the tree is desirable, i.e., the nodes’ classes are blank or uniform.



Therefore, by dividing the tree, the attributes that achieve the most significant reduction in entropy are selected in the classification tree. This reduction (or change) is measured by the information increment [78]:


  I G  (  S , A  )    =   H  ( S )    −     ∑  v     |   S v   |     | S |    H  (   S v   )  ,  



(3)




where A determines the attribute with a given value, H is the entropy of the data set, S is the data set, and Sv is the data set reduced by vectors with a different value of the A attribute.





4. Results of the Research Work


Systems used in Industry 4.0 usually have the character of embedded systems, with limited interference in their structure, including in the area of memory expansion and processor exchange. However, IT systems are always based on the use of the same resources: processor (CPU), memory (RAM), input/output devices (I/O) e.g., HDD (Hard Drive), Internet network. Therefore, the first point that should always be monitored regardless of the project’s subject matter is the resources. Thus, optimization of the code, e.g., in terms of required memory, and processor load, is a significant issue. Of course, server systems, especially cloud computing, offer great possibilities of scalability of necessary resources, but such solutions in the area of industry can be used only to a limited extent. Therefore, among other things, no tests have been conducted in a high-performance server environment where powerful processors are available, often with dedicated multi-level memory chips designed to increase processing efficiency. On the other hand, solutions dedicated to industrial and IoT applications usually use widely available memory chips and universal processors. Considering dedicated software, it can be said that these systems very often have a non-deterministic or temporary deterministic character. Thus, there are solutions in which the system’s hardware part accelerates the selected range of activities performed by the system (for example, in terms of switching tasks and preserving their context). However, in such cases, it would be necessary to carry out tests focused only on specific hardware and software platforms without the possibility of a broader generalization of the obtained results. Therefore, the choice of classical computer hardware seemed to be the closest to the adopted assumptions. Taking into account the above assumptions, and after the settlements with InfoSoftware Polska Ltd. regarding the use of a hardware platform that meets the requirements of a dedicated module within the iS Rapid system, an environment with the following configuration was selected for testing: Intel® Core™ i7-7700 CPU @3.60 GHZ, 16 GB RAM, and 64 bit operating system, Windows Server 2016. Taking into account the modular architecture of the system, its individual modules can be processed both in a centralized and distributed environment. This ensures high scalability and the ability to adapt hardware platforms to current needs.



To verify the capabilities of selected programming languages based on the decision tree algorithm implementation’s effectiveness, data received from InfoSoftware Poland Ltd. were used and multiplied to obtain 10 thousand, 100 thousand, and 500 thousand records. Simultaneously, the proportional distribution of individual values was maintained according to the iS Rapid system’s actual data.



The computation time required to predict the target variable is taken into account; in the case of a database containing 10 thousand records, the best results were obtained for Java. A big surprise was receiving much longer computation time for the Python language. The Golang language was, in this case, in place 2. It should be noted that entirely different results were obtained for more massive datasets. Along with the increase in the number of data, the Python language results improved significantly concerning competing languages. In a situation where the database contained half a million records, Python did best, then Golang, and Java did worst. In the case of 100 records, the differences between the individual languages were the smallest. To verify the results obtained, we made several series of computations. Due to the fact that the results of these series are similar or even identical, their average values are given. The obtained results, presented in Table 3 and Figure 3, Figure 4 and Figure 5, confirm a certain level of results obtained for particular programming languages and data set sizes. The obtained results demonstrate that in the case of using software for the current analysis of large data sets collected, e.g., in production processes, it is recommended to use Python and then the Golang language. In the case of small data sets, possible differences may be less significant. In addition, Java is optimized to maximize application throughput (e.g., the number of processed user requests sent to the webserver, amount of processed data, etc.) High throughput results in more increased delays. Golang, for example, is optimized for low latency from the beginning. While the bandwidth would be lower, user requests would be processed faster. This makes Golang the ideal solution for production systems that often require quick decisions and reactions to changing working conditions.



In the case of RAM requirements, the worst results in the whole ranking were achieved by Java. For more massive datasets, both Golang and Python scored well. One can say that both languages are comparable in this aspect. On the other hand, a significant difference in favor of Golang was obtained for the smallest number of records (10 thousand). The results presented in Table 3 and Figure 4 show that the Golang language can be used in embedded IoT systems also used in Industry 4.0, where the effective use of RAM should be taken into account (e.g., when it is not possible to expand these systems in this aspect). Very often, IoT systems have generally limited resources, including power, memory, CPU power, etc. Usually, these are not systems that can be easily scalable, and in many cases, this is even impossible. Therefore, individual programming languages’ ability to make more efficient use of, e.g., RAM can contribute to their application potential. The good results obtained for the Golang language result from the GC (garbage collector) implemented in it. This mechanism is designed to remove useless elements and thus free up memory. This process takes place simultaneously in the case of the Go language. Therefore the released memory is ready for reuse. Of course, such actions also have their costs, e.g., in the form of additional CPU load. Another feature of Golang related to memory management is memory allocation using different memory structures with varying cache levels for objects of various sizes. Splitting a single block of consecutive addresses received from the operating system into a multi-level cache improves memory allocation efficiency by reducing blockages. Then, allocating the memory allocation according to a specific size reduces memory fragmentation and facilitates a faster GC after memory release.



In Table 3 and Figure 5, the use of the CPU is presented. As one can see, the results are very different. In the case of a smaller number of data, the Golang language was the best in this list. On the other hand, when the number of records reached 500 thousand, the same language was the most loaded on the CPU. The vital information is that in the Python language, regardless of the number of data, the CPU usage was similar.



Obtained results depend on the properties of individual programming languages. Go language manages the memory via the garbage collector. This mechanism eliminates useless elements from memory and is based on giving priority to consistently low periodical delays at the expense of higher CPU usage. Such mechanisms can be of great importance, especially for solutions dedicated to Industry 4.0 and IoT. In the indicated areas, dedicated solutions are very often implemented, which have limited memory resources. Their expansion is difficult and, in many cases, impossile because it would involve replacing whole systems and sometimes even entire devices. Thus, the Go language garbage collector supports programmers by automatically releasing their programs’ memory when it is no longer needed. However, tracking and cleaning the memory requires additional resources such as CPU time. The effect of this can be seen in Figure 5. Of course, the scope of optimizing the garbage collector to increase the efficiency of available resources is not the subject of this article.



As one can see in Table 3, there are also provided standardized measures of the two most essential parameters, CPU usage and computation time. Computer systems may have different processing speeds due to various hardware components. CPU standardization allows one to take into account the actual CPU speed instead of relying on the CPU clock frequency, which can be deceptive for different manufacturers and models. Calculation of the normalized values of the active jobs’ computation time starts by obtaining the percent of the CPU time consumed during the most recent processing (the actual time used by the job) to summarize all CPU time used by all jobs. The obtained value is normalized and multiplied by the actual job CPU usage value. The normalized CPU usage by active jobs is obtained as the ratio of the CPU usage consumed during the most recent job calculation to the summary of all CPU usage used by the given language computations jobs. The obtained results are presented in Figure 6 and Figure 7 in the form of trends. In Figure 6, due to the large differences in values, the results are presented on a logarithmic scale, while the trends are in a power form. On this basis, it can be observed that in the case of Python, the increase in normalized calculation time is much slower despite a significant increase in the number of processed data. On the other hand, Go and Java languages are characterized by similar dynamics of calculation time increase in relation to the number of data set.



As shown in Figure 7 in the context of standardized values, the Python language is also characterized by the lowest rate of CPU usage growth, while the highest rate refers to Go. In this comparison, the Java language is in the middle, which means that even with a small set of records, it has a higher CPU usage than Go and lower than Python. In this respect, the language holds the second position compared to 100 thousand and 500 thousand records. Therefore, from this perspective, Python proved to be the most stable language. Thanks to this aspect, it shows great scalability of calculations.



Nevertheless, its optimization in relation to specialized solutions dedicated to the industry could be based on a separate article. In the case of Python, the CPU value for Python applications was at a similar level regardless of the size of the database. One of the reasons for this state of affairs is an excellent optimization of data structures in Python, so that access to data was fast and did not require a lot of calculations from the processor. This could be due to the fact that Python has a very convenient type of data object called a dictionary, which was used to build the tree structure. The dictionary is equivalent to an associative table in other languages. The dictionary type is implemented as a hash table and is additionally optimized, which makes the data extraction quite fast. Attribute access in an object uses dictionary access behind the scenes; dicts are the fastest and have a reasonable memory footprint.



It should also be noted that both Golang and Python also have very different approaches to handling concurrency. Golang has built-in concurrency support and is incredibly resource-efficient, using goroutines that are less demanding for CPU and memory. On the other hand, Python has no built-in concurrency support based on the concurrency library and is less resource-efficient. Here, significant numbers of libraries can be substantial, with which Python efficiently performs basic programming tasks, while Golang has built-in functions and is suitable for micro-services software architectures.




5. Conclusions


Considering the needs and challenges faced by engineers and programmers in the context of a more comprehensive realization of the concept of Industry 4.0, various methods and means should be sought to make this possible. Of course, the problem indicated is extensive and cannot be addressed in one publication. Therefore, the authors focused only on using selected programming languages to implement the decision tree algorithm in the context of their use in decision-making processes dedicated to solutions that enable customers to analyze the selection of elements in a remote rapid prototyping service. This service’s choice as a source of data was not accidental. Considering the current epidemic situation and related limitations and difficulties in transport, communication, and cooperation seemed essential and exciting to the authors. However, nothing stands in the way of other data from the area of economics, CNC production systems, or sensor and control systems.



Given that the vast majority of hardware solutions used in industrial environments, particularly Industry 4.0, are usually embedded systems, the intervention in their architectural design is restricted, including in the area of memory expansion and processor replacement. Thus, optimization of the code, e.g., its size, required memory, and processor load, is an important issue. Obviously, specialized server systems, especially cloud computing, offer great possibilities of scalability of necessary resources. Still, such solutions in the area of industry can be used only to a narrower scale.



Analyzing the experiments’ results, it can be concluded that the Golang programming language is an alternative to the more widely used Java and Python languages so far. It has excellent implementation potential and is characterized by a fresh approach to programming. At the same time, it is easy to learn. In terms of calculation time and resource management, it does not differ significantly from Java and Python applications, and in many cases, it performs better. From the point of view of resource usage, both languages, Go and Python is very similar.



Nevertheless, it is important from a programming and performance point of view to emphasize the following aspects of Go compared to other languages: syntax simplicity, C-based syntax, cross-platform and cross processor, as well as native compiles with no runtime installation required. Go can be an attractive alternative in the area of DevOps tools. It is attractive to build something small–medium that works natively without using a lot of RAM and which runs fast with many things needed for this task in the language itself. However, in Go’s case, the most significant innovation is probably the efficient concurrency implemented with channels and goroutines: synchronous yet non-blocking IO use goroutines, which are essentially functions that can work simultaneously and independently. Goroutines are very scalable because they take up little memory and run many processes simultaneously, while Java threads are inherently blocked. Golang goroutines are the opposite of what a Java thread is, which turns out to be a very memory consuming technique. This feature of Java became apparent during the research, as this language had the worst results from the point of view of the memory used. On the other hand, Python uses concurrency, but it is not built-in; it introduces parallelism utilizing threads. This means that if you are going to work with large datasets, Golang seems to be a more appropriate choice and much more scalable.



Modern software must be high-speed, and delays of milliseconds are of great importance, especially in the case of large data sets. However, in embedded and dedicated systems under IoT and Industry 4.0, it is certainly more critical to optimize a given program’s operation and effectively manage resources. One of Golang’s characteristics in terms of its efficiency is channels. Channels are a robust solution and can quickly and easily share the state between threads instead of overloaded and performance-lowering locks. This aspect of the Go language will be further investigated in future publications.



As a result, both languages, Go and Python can be widely used in the IoT infrastructure and in specific implementations of Industry 4.0, which require speed and relatively low absorption of resources such as memory, CPU, etc. Thanks to this, the software created in the future, among others, to support decision-making, production, and analytical processes, will be useful and can also be implemented directly in the design and production infrastructure devices. Moreover, it is worth noting that the boundary between programming for desktop devices (PCs, laptops, servers) and mobile or IoT devices is increasingly fading. Therefore, programming languages should not be subject to this classification: desktop or mobile; but instead comply with a specific environment called ecosystem (Google, AWS, Apple, etc.), an example of which is presented by Google’s Go language. Thus, modern distributed processing, as well as allowing one to improve development tools for building services in the cloud with the Go language.
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Figure 1. Case management model and notation (CMMN) model of the rapid prototyping process. 
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Figure 2. The value of entropy for a given set. 
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Figure 3. Comparison of computation time(s) for the decision tree algorithm implementation. 
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Figure 4. Comparison of RAM (MB) memory usage for the decision tree algorithm implementation. 
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Figure 5. Comparison of CPU usage (%) for the decision tree algorithm implementation. 
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Figure 6. Comparison of the normalized values of the CPU computation time (%) for the decision tree algorithm implementation presented in trends. 
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Figure 7. Comparison of the normalized values of the CPU usage (%) for the decision tree algorithm implementation presented in trends. 
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Table 1. Sample Event Log registered for two cases.






Table 1. Sample Event Log registered for two cases.





	Case ID
	Event ID
	dd-MM-yyyy-HH:mm
	Activity
	Resource
	Costs





	1
	736286
	03.01.2020-09:15
	A. Service request
	Consultant
	50



	1
	736288
	13.01.2020-13:45
	B. Concept development
	Consultant
	50



	1
	736289
	14.01.2020-8:33
	C. Digital model creating
	Engineer
	100



	1
	736290
	15.01.2020-14:12
	D. Data verification
	Analyst
	200



	1
	736291
	15.01.2020-15:21
	E. Production method specification
	Analyst
	100



	1
	736292
	16.01.2020-11:37
	F. Defining technological parameters
	Analyst
	100



	1
	736293
	16.01.2020-8:17
	G. Physical model production
	Engineer
	200



	1
	736295
	20.01.2020-10:27
	H. Quality control
	Specialist
	200



	1
	736296
	21.01.2020-14:41
	I. Approval
	Manager
	150



	1
	736297
	24.01.2020-15:13
	J. Money transfer
	Manager
	150



	2
	736311
	06.02.2020-8:35
	A. Service request
	Consultant
	50



	2
	736312
	06.02.2020-10:12
	B. Concept development
	Consultant
	50



	2
	736313
	11.02.2020-10:25
	C. Digital model creating
	Engineer
	100



	2
	736314
	13.02.2020-11:01
	D. Data verification
	Analyst
	200



	2
	736315
	14.02.2020-13:47
	E. Production method specification
	Analyst
	100



	2
	736316
	17.02.2020-8:42
	F. Defining technological parameters
	Analyst
	100



	2
	736317
	17.02.2020-10:28
	G. Physical model production
	Engineer
	200



	2
	736318
	18.02.2020-8:32
	I. Approval
	Manager
	150



	2
	736319
	19.02.2020-13:46
	J. Money transfer
	Manager
	150
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Table 2. Sample customer preferences.
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	Case ID
	Designing Method (E)
	3D Printing Method (E)
	Quality Control (H)
	Money Transfer (J)





	Case 1
	Client
	FFF (ABS)
	Camera
	No



	Case 2
	Virtual resources
	FFF (ABS)
	Camera
	No



	Case 3
	Virtual resources
	FFF (ABS)
	Specialist
	Yes



	Case 4
	Virtual resources
	FFF (PLA)
	Specialists
	No



	Case 5
	Virtual resources
	FFF (ABS)
	Specialist
	Yes



	Case 6
	System
	FFF (PLA)
	Camera
	Yes



	Case 7
	Client
	FFF (PLA)
	Camera
	No



	Case 8
	System
	FFF (ABS)
	Camera
	Yes



	Case 9
	Virtual resources
	FFF (PLA)
	Camera
	Yes



	Case 10
	Client
	FFF (ABS)
	Specialist
	Yes
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Table 3. Comparison of average values for the decision tree algorithm implementation.
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Go

	
Java

	
Python

	
Go

	
Java

	
Python

	
Go

	
Java

	
Python




	
Measures

	
10, 000

	
100, 000

	
500, 000






	
Computation time [s]

	
1.15

	
0.567

	
2.6

	
29.47

	
20.037

	
21.27

	
328.35

	
436.29

	
114.08




	
RAM memory usage [MB]

	
18.54

	
261.02

	
142

	
75.38

	
857.46

	
168.7

	
411.38

	
1463.86

	
314.48




	
CPU usage [%]

	
7.8

	
16.84

	
24.36

	
25.74

	
23.54

	
25.47

	
49.98

	
40.6

	
27.5




	
Normalized computation time [%]

	
0.009

	
0.01

	
0.07

	
0.79

	
0.49

	
0.57

	
17.20

	
18.57

	
3.29




	
Normalized CPU usage [%]

	
9.33

	
20.79

	
31.5

	
30.82

	
29.07

	
32.94

	
59.84

	
50.13

	
35.56
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