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Abstract

:

Accurate and rapid prediction of the energy consumption of CNC machining is an effective means to realize the lean management of CNC machine tools energy consumption as well as to achieve the sustainable development of the manufacturing industry. Aiming at the drawbacks of existing CNC milling energy consumption prediction methods in terms of efficiency and precision, a novel milling energy consumption prediction method based on program parsing and parallel neural network is proposed. Firstly, the relationship between CNC program and energy consumption of CNC machine tool is analyzed. Based on the structural characteristics of the CNC program, an automatic parsing algorithm for the CNC program is proposed. Moreover, based on the improved parallel neural network, the mapping relationship between the energy consumption parameters of each CNC instruction and the milling energy consumption is constructed. Finally, the proposed method is compared with the literature to verify the superiority of the proposed method in terms of prediction efficiency and accuracy, and the practicability of the method is verified through the case study. The proposed method lays the foundation for efficient and low-consumption process planning and energy efficiency improvement of machine tools and is conducive to the sustainable development of the environment.
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1. Introduction


In 2020, China announced that it will strive to achieve carbon peak by 2030 and carbon neutrality by 2060, and for the first time to include carbon peak and carbon neutrality in the government work report [1]. The impact of the machine tool construction, regarding raw materials and energy consumption, is understood to be relatively small, as it is amortized over numerous products during the long lifetime of the machine. The full LCA revealed the significant contribution of the machine-tool structure to the global lifecycle environmental impact of the machine (about 40%), while electricity during use phase contributes about 46% to the total impact [2]. As the basic energy-consuming equipment of the manufacturing industry, CNC machine tools have the characteristics of large quantity and wide range, large total energy consumption, and low efficiency, etc., and have great energy-saving potential. Therefore, fast and accurate prediction of its machining energy consumption is an effective way to achieve optimal management of energy consumption and achieve carbon peak and carbon neutrality [3]. However, CNC machine tools are a complex multi-source energy consumption system. Different machine tool losses, machining parameters, and workpiece materials, tools, etc. have varying degrees of impact on machining energy consumption [4]. Therefore, how to accurately and efficiently predict the energy consumption of CNC machine tools has become a difficult hot spot within energy research [5]. Sihag conducted a systematic literature review on machine tool energy consumption and a six-level hierarchical model was proposed for better understanding of machining energy classification [6]. After analyzing the existing literature, the existing CNC machine tools energy consumption model research can be roughly classified into cutting force-based, electromechanical system-based, Therblig-based and data-driven-based.



The CNC machine tools energy consumption model based on cutting force is mainly based on the theoretical cutting force model proposed by MERCHANT [7,8]. These methods calculate the cutting power through the physical relationship between the cutting force and the chip speed, and calculate the energy consumption in combination with the cutting time [9,10], such as the specific energy method [11,12], the cutting force method [13], and the exponential function method [14]. This type of method only considers the cutting force parameters such as the rake angle of the tool and the amount of material removal. The theoretical calculation value and the actual machining energy consumption have a large deviation, and the application effect is not ideal [15]. In order to improve its accuracy, Zhong introduced correction coefficients in the model, combined with the cutting force and real energy consumption under different processing parameters obtained by orthogonal experiments, and corrected the coefficients through data fitting methods [16]; thereby, effectively reducing the error between the theoretical calculation value and the actual value. However, in the orthogonal experiment, only machining parameters such as spindle speed, feed rate, cutting width and depth are considered; other factors affecting machining energy consumption depend on the correction factor. At the same time, due to the relatively cumbersome calculation process, this method still has certain drawbacks in forecast accuracy and efficiency.



The CNC machine tool is a typical complex mechatronics product. Its energy consumption is essentially the process of converting the input electrical energy into kinetic energy, thermal energy and other forms of energy through various electromechanical equipment. Liu [17,18,19], Hu [20] and Shi [21] performed in-depth research on no-load energy consumption, cutting energy consumption and additional load energy consumption from the perspective of the machine tool mechanical main drive system and motor energy consumption. In view of the characteristics of multiple energy sources of CNC machine tools, Wang comprehensively modeled the entire energy flow of the machine tool from the perspective of the system, and divided the energy sources of the CNC machine tools into four categories: machining power system, machining-related auxiliary system, power-related auxiliary system and others, and established the corresponding power balance equation [22]. On this basis, Xie started from the energy consumption mechanism, and studied the predictable characteristics and prediction methods of energy consumption at various periods of the machine tool operation process [23]. Based on this energy consumption calculation method, Hu considered the influence of a part feature processing sequence on energy consumption [24]. He analyzed the relationship between CNC commands and the energy consumption of each part of the machine tool, and thus proposed a new energy consumption prediction method for CNC machine tool [25]. This kind of method analyzes and calculates the energy consumption of various subsystems in different operating stages in detail. The accuracy of energy consumption prediction has been greatly improved, but the calculation process is complicated. At the same time, it is difficult to obtain the load loss coefficient in the model, and there are very few existing methods to obtain it. Therefore, there are certain limitations in the practical applications [26].



With the deepening of research, in order to overcome the above shortcomings, Jia proposed an energy demand modeling methodology of machining processes based on Therbligs, which refer to the fundamental operations of the machine tools [27]. The machining processes are divided into a series of activities, and Therblig, as one of the basic concepts of motion study, is introduced to represent the basic energy demand unit. On this basis, Lv developed Therblig power models for calculating the energy supply of computer numerical control (CNC) machine tools using machining process parameters [28]. Then, a finite state machine (FSM)-based energy consumption modeling method of machining transient state was proposed by Jia [29] as well as the Therblig-embedded value stream mapping method for lean energy machining [30]. These methods provide more convenient new ideas for the research of machine tool energy consumption. However, because the method is based on the micro motions in the machine tool, it is still slightly complicated in the specific operation process.



With the development of machine learning and deep learning technology, the energy consumption model based on a data-driven approach has attracted the attention of scholars. Xie used a back propagation neural network (BPNN) and takes cutting speed, feed rate, and depth of cut as input parameters to construct a numerical control machine tool energy consumption prediction model, which simplifies the cumbersome calculation process of empirical formulas and achieves better prediction results [31]; Chen considered cutting speed, feed and depth of cut and other parameters, and constructed a support vector machine-based cutting energy prediction model for CNC machine tools [32]. He proposed a data-driven energy prediction approach using deep learning algorithms [33]. This method is simple and efficient, and has achieved good prediction accuracy. However, due to the few considerations of processing process parameters, it is only effective for simple processing of specific types of workpieces, and the generality and refinement of the model need to be improved. Shin proposes a predictive modeling approach based on historical data collected from machine tool operations [34].



In summary, the current energy consumption prediction of CNC machine tools has mainly the following problems. First, the calculation process of energy consumption based on cutting force or electromechanical system is complicated, and the cutting force and correlation coefficient are difficult to accurately obtain. Second, the load loss of different machine tools is different, it is difficult to obtain the load loss coefficient, and it is difficult to establish a general energy consumption calculation model. Third, the data-driven energy consumption prediction method could solve the above two problems well, but the current research is insufficient and it is difficult to adapt to the wide range of production needs. In response to the above problems, a novel CNC milling energy consumption prediction method based on program parsing and parallel neural network is proposed. First of all, the tool path, processing parameters and other machine energy consumption parameters are automatically extracted from the processing program through the constructed CNC program parser. Then the parameters are classified based on energy consumption characteristics of CNC machine tools. For each type of parameter, the corresponding neural network is used to predict its machining energy consumption. The sum of the parallel operation results of multiple neural networks is the total machining energy consumption. This method directly establishes the mapping relationship between the CNC program and the energy consumption of the CNC machine tool, and comprehensively considers the factors affecting the energy consumption of the CNC machine tool. Moreover, the prediction accuracy and efficiency can be effectively improved by parallel neural networks. Based on the proposed method, the energy consumption prediction of CNC machine tools can be realized more efficiently and accurately, which lays the foundation for efficient and low-consumption process planning and energy efficiency improvement of machine tools.



The remainder of this paper is organized as follows. The energy consumption characteristics of CNC machine tools are analyzed in Section 2. Section 3 presents the general framework of the proposed model, and provides an introduction to the CNC program parser and parallel neural network used for the energy prediction model. Case verification and comparative analysis of results are given in Section 4. Finally, conclusions are drawn in Section 5.




2. Analysis of Energy Consumption Characteristics of CNC Machine Tool Machining


CNC machine tools processing common features such as planes, grooves, and holes, etc., mainly include states such as start-up, standby, spindle start and stop, rapid feed, linear interpolation, tool change, and drilling. As shown in Figure 1, the left side is a simplified diagram of the power change curve under different processing conditions. The horizontal axis is power (P), the vertical axis is time (T), and on the right is the CNC programs corresponding to each machining stage.



It can be seen from Figure 1 that the power of the machine tool is different under different CNC instructions. When the instruction changes, its power will suddenly change in a short time and quickly stabilize until the command is executed. In stages ① and ⑮, the machine tool is in a stopped state, and the power at this stage is 0. During phase ② and ⑭, the machine tool starts to enter the standby state; at this time, only the control system, display system and other machine tool auxiliary systems are running. After executing the instruction M03, the spindle rotates forward and enters phase ③; phases ④, ⑥, ⑫, ⑧, ⑩, and ⑬ are all rapid traverse movements of the tool after G00 instruction is executed, and their movement speeds are set by the machine tool by default. However, due to the different starting and ending points, the number of servo motors involved in the work in the X, Y, and Z directions of the machine tool is different, which ultimately leads to different powers at each stage. During ④, ⑥, and ⑫ stages only the Z coordinate changes, and the X and Y coordinates remain unchanged. Therefore, only the Z-axis servo motor participates in the work, and the X and Y-axis servo motors do not participate in the work. However, in the stages ⑧, ⑩, and ⑬, the coordinates in the three directions of X, Y, and Z have changed. The servo motors in the three directions of the process participate in the work, so the power is higher. Stages ⑤, ⑦, and ⑪ are all linear interpolation movements of the tool after executing the G01 command. At this stage, the tool contacts the workpiece and starts cutting. Due to the cutting depth of stage ⑦ being deeper than the cutting depth of stage ⑤, stage ⑦ is more powerful than stage ⑤. Stage ⑪ is milling only in Z direction, and the feed rate is reduced, so the power of stage ⑪ is different from stages ⑤ and ⑦. In stage ⑨, the tool is changed after executing the tool change command.



Through the above analysis and literature [35,36] research, it can be seen that CNC instructions determine the motion mode of CNC machine tools. CNC machine tools have different energy consumption characteristics under different CNC instructions (such as G00 and G01, etc.). The energy consumption of CNC machine tools under the same CNC instruction and different processing parameters is also different, but they have similar energy consumption characteristics. Therefore, the mapping relationship between the machining process parameters and the energy consumption of the CNC machine tool under each CNC command can be established, so as to predict the energy consumption of the workpiece machining. The corresponding relationship between commonly used CNC instructions and energy consumption parameters is shown in Table 1. The row is all the energy consumption parameters, and the column is the commonly used CNC instructions. “●” indicates that the row of commands is related to the energy consumption parameters in corresponding column.



In the process of general parts processing, the machine tool is in one of four states: standby, tool change (T), rapid positioning (G00), and linear interpolation (G01). Among them, the power of the machine in the standby state is a constant value, and its energy consumption is only related to the standby time. The tool change process is divided into two steps: rapid positioning to the tool change point (G00) and tool change. Therefore, the energy consumption of this process is mainly related to the current tool number and the end tool number. The energy consumption of linear interpolation is the most complicated in the whole machining process. It mainly includes cutting energy consumption and auxiliary energy consumption. Cutting energy consumption mainly includes spindle speed, tool material, tool diameter, number of cutting edges, back-cutting amount, side-cutting amount, feed speed, workpiece material and other process parameters. Therefore, the energy consumption    E  t o t a l     in the entire part processing process can be expressed as:


   E  t o t a l   =   ∑   i = 1  N   E i   



(1)






   E i  =   ∑   k = 1    K i     f i   (   a  i 1 k   ,  a  i 2 k   , … ,  a  i j k   , …  a  i  J i   K i     )   



(2)




where    E i    is the energy consumption under the  i -th type of CNC instruction,  N  is the type of CNC instruction in the machining program,      a  i j k     is the  i -th processing parameter when the  j -th type of instruction appears for the  k -th time,   j = 1 , 2 , … ,  J i   ,   k = 1 , 2 , … ,  K i   ,    J i    are the processing parameters of the  i -th instruction,    K i      is the number of occurrences of the  i -th instruction,    f i    is the difference between the energy consumption of the CNC machine tool and the processing technological parameters under the  i -th instruction mapping relations.




3. Energy Consumption Prediction Model of CNC Machine Tool


3.1. Process of Energy Consumption Prediction


The energy consumption prediction process of CNC machine tools based on program decomposition and multiple neural networks is shown in Figure 2, which mainly includes the following three steps. First, combining the numerical control processing knowledge base and the machine tool knowledge base to analyze the numerical control program, obtain the kth group of processing technology parameter set corresponding to the  i -th type numerical control instruction    [   a  i 1 k   ,  a  i 2 k   , … ,  a  i j k   , …  a  i  J i  k    ]   . Second, for each group of processing process parameters, the energy consumption    E  i k     is predicted through the corresponding neural network, and sum the energy consumption values of group    K i    in the  i -th type of CNC instructions to obtain the energy consumption    E i    corresponding to each type of numerical control instruction. In order to improve the efficiency of prediction, the process uses multiple neural networks to calculate in parallel. Finally, sum the energy consumption of N types of CNC instructions    [   E 1  ,  E 2  , …  E i  , … ,  E N   ]   , which is the predicted value of total energy consumption      E  t o t a l     for CNC machine tool processing. Among them, CNC program analysis and multi-neural network parallel calculation are the key to the energy consumption prediction method of numerical control machine tools.




3.2. Parsing Method of CNC Program


The CNC program is a structured text document, which mainly includes three parts: the program number, the program content and the end of the program. The program content is the core of the entire CNC program, and it is also the content that this article needs to analyze. Each line of the program content is a block, and each block is composed of one or more instruction words. The general format is “block number CNC instruction coordinates other parameters”. Each instruction word is separated by a space, which is easy to parse. The pseudo code of the CNC parsing program is shown in Algorithm 1.





	Algorithm 1. CNC program parsing pseudo code.



	Input: CNC programProcess knowledge set   P K  , Machine tool knowledge set   M K  

Output: parameter value matrix of classified CNC instruction   P  V  i  J i   K i     



	1. Initialize the CNC instruction set     C N  C  1 × N    , CNC instruction parameter set      P  N ×  J  m a x      , machine tool status parameter set   S  T  1 × M    , flag set    K  1 × N   = o n e s     1 , N    

2.    R o w  =   read first line

3. while (‘M30’ not in Row)

4.    cnc = obtain the instruction in Row

5.    n = find(CNC==cnc)

6.    params = P(n)

7.    for a = 1:size(params)

8.        pv = calculate the value of params(a) according   S T , P K    and    M K  

9.        PV(n,a,K(n)) = pv

10.    end for

11.    update   S T  

12.    K(n) = K(n) + 1

13.    Row = read next line

14. end while






The input of Algorithm 1 is the numerical control program, the machining process knowledge collection   P K   and the numerical control machine tool knowledge collection   M K  , among which the numerical control program is the algorithm analysis object.   P K   includes machining process knowledge such as machine preparation time, workpiece material and size, CNC machining workpiece coordinate system, etc. This knowledge can be obtained directly from the part processing process card and stored in the form of key-value pairs, which is convenient for program reading;   M K   also stores basic information such as the rated power of the machine tool and the torque, power, and speed of the servo motor in the form of key-value pairs. The algorithm output is the parameter matrix   P  V  i  J i   K i      corresponding to various CNC commands.




3.3. Improved BPNN


BPNN is a parallel information processing method that can calculate complex nonlinear relationships by learning models and using experimental data. It has been widely used in prediction, data classification, feature recognition and nonlinear function approximation [37]. The training process of BPNN is shown in Figure 3.



Step1: Network initialization. According to the system input     X =  (   x 1  ,  x 2  , … ,  x n   )    and output     Y =  (   y 1  ,  y 2  , … ,  y m   )   , determine the number   n     of input layer nodes, the number     l   of hidden layer nodes, and the number   m     of output layer nodes, and initialize the connection weights    ω  i j   ,    ω  j k     between the input layer, hidden layer and output layer neurons, initialize hidden layer threshold     a  , output layer threshold  b , given learning rate and neuron activation function.



Step2: Hidden layer output calculation. The hidden layer output  H  is calculated according to the input vector  X , the connection weight    ω  i j     between the input layer and the hidden layer, and the hidden layer threshold  a .


   H j  = f  (    ∑   i = 1  n   ω  i j    x i  −  a j   )              i = 1 , 2 , … , n ;   j = 1 , 2 , … , l  



(3)







In the formula,  l  is the number of hidden layer nodes;  f  is the hidden layer activation function, which has many expressions. The selected function as follows:


  f  ( x )  =  1  1 +  e  − x      



(4)







Step3: Calculation of the output layer. According to the hidden layer output  H , the weight    ω  j k     and the threshold  b , the BPNN predictive output  O  is calculated as follows.


   O k  =   ∑   j = 1  l   H j   ω  j k   −  b k                k = 1 , 2 , … , m  



(5)







Step4: Error calculation. According to the predicted output of the network  O  and the expected output  Y , the network predicted error  e  is calculated.



Step5: Weight update. The network connection weights    ω  i j   ,  ω  j k     are updated according to the network prediction error  e .


       ω  i j   =  ω  i j   + η  H j   (  1 −  H j   )  x  ( i )     ∑   k = 1  m    ω  j k    e k          i = 1 , 2 , … , n ; j = 1 , 2 , … , l ; k = 1 , 2 , … , m      



(6)






   ω  j k   =  ω  j k   + η  H j   e k            j = 1 , 2 , … , l ; k = 1 , 2 , … , m  



(7)







In the formula,  η  is the learning rate.



Step6: Update the threshold. Update the network node thresholds     a , b   according to the network prediction error  e .


   a j  =  a j  + η  H j   (  1 −  H j   )    ∑   k = 1  m   ω  j k    e k          j = 1 , 2 , … , l  



(8)






   b k  =  b k  +  e k   



(9)







Step7: Judge whether the algorithm iteration is over, if it is not over, go back to step 2.



In order to improve the training efficiency and prediction accuracy of neural network, it is optimized through additional momentum method and adaptive learning rate.



	(1)

	
Additional momentum method







BPNN uses a gradient correction method as the update strategy of weights and thresholds. The weights and thresholds are corrected from the negative gradient direction of the network prediction error. The accumulation of previous experience is not considered, and the learning process converges slowly. In response to this problem, the additional momentum method is used to optimize it, and the weight learning formula with additional momentum is as follows.


  ω    ( k )  = ω    (  k − 1  )  + Δ ω    ( k )  + a  [  ω    (  k − 1  )  − ω  (  k − 2  )   ]   



(10)







In the formula,   ω    ( k )  , ω    (  k − 1  )     and    ω    (  k − 2  )    are the weights at   k , k − 1    and    k − 2  , respectively;   a     is the momentum learning rate.



	(2)

	
Adaptive learning rate







The value of BPNN learning rate  η  is between    [  0 ,   1  ]   , the larger the learning rate  η , the greater the modification of the weights, and the faster the network learning speed. However, a too large learning rate  η  will cause oscillations in the weight learning process, and a too small learning rate will cause the network to converge too slowly, and the weights will be difficult to stabilize. The adaptive learning rate method means that the learning probability  η  is relatively large in the early stage of BPNN evolution, and the network converges quickly. As the learning process progresses, the learning rate continues to decrease, and the network tends to stabilize. The formula for calculating the adaptive learning rate is as follows.


  η  ( t )  =  η  m a x   − t  (   η  m a x   −  η  m i n    )  /  t  m a x    



(11)







In the formula,    η  m a x     is the maximum learning rate;    η  m i n     is the minimum learning rate;    t  m a x     is the maximum number of iterations;    t   is the current number of iterations.




3.4. Energy Consumption Prediction Model of CNC Machine Tools Based on IPBPNN


It can be seen from Table 1 that the process parameters corresponding to different numerical control instructions are quite different. If energy consumption is predicted for all numerical control instructions through a large neural network, the neural network input layer is all the process parameters in Table 1, and the input matrix is a relatively large one. A large sparse matrix is not conducive to network training and prediction accuracy. Therefore, a small neural network is constructed for each type of CNC instruction. The input layer of each neural network is the process parameter corresponding to the type of CNC instruction. The containing layer is determined by empirical formula (12) [38].


  l <   m + n   + a  



(12)







In the formula,  n  is the number of input layer nodes,  l  is the number of hidden layer nodes,  m  is the number of output layer nodes, and  a  is constant between 0 and 10. In this article, the selection of the number of hidden layer nodes first refers to the formula to determine the approximate range of the number of nodes, and then cross-validation is used to determine the optimal number of nodes in the hidden layer. The energy consumption prediction model of CNC machine tools based on improved parallel BPNN (IPBPNN) is shown in Figure 4, where the input matrix   P V     is the output of Algorithm 1.





4. Results


In order to verify the energy consumption prediction model of CNC machine tools based on IPBPNN proposed in this paper, the basic data of machining energy consumption of CNC machine tools under different instructions and different process parameters are obtained through design experiments. The parallel neural network model proposed in Section 3.4 is designed and trained for different instructions. It is used to predict the energy consumption of the work piece and the results are analyzed.



4.1. Experimental Design and Data Acquisition


This article takes the XH714D CNC machining center produced by Hanchuan Machine Tool Plant as the experimental object, and its parameters are shown in Table 2.



The experimental device is shown in Figure 5, where A and B are cutting samples of different materials (PA6 nylon, aluminum alloy, 45# steel, etc.), C is the wiring diagram of the energy consumption measurement of the machining center, and D is the wiring of the WT1800 high-precision power analyzer. In the figure, E is the operation interface of the power analyzer.



Because common features such as planes, grooves, and holes can be processed by G00, G01, M, and T commands, this article mainly verifies the standby energy consumption and the machining energy consumption of T, G00, and G01 commands. The curve of standby energy consumption and tool change energy consumption is shown in Figure 6.



Figure 6a shows the maximum, average, and minimum energy consumption of the machine tool for different durations, which are recorded once every 30 s after the machine is running smoothly in standby and repeated ten times under the same conditions. It can be seen from the figure that the standby energy consumption of the machine tool is linearly related to the standby time. The CNC machining center comes with a disc tool magazine, which can accommodate 12 tools. After executing the T command, the milling tool on the spindle is first placed back to the current empty position of the tool magazine, and then the tool magazine rotates one tool position at a time until the designated tool is rotated to the tool change position, and finally the tool is clamped to the spindle to complete tool change. During the experiment, the energy consumption of changing from any tool to the other 11 tools in the standby state was measured multiple times, and grouped according to the number of tool offenses. The maximum, average, and minimum energy consumption of each group are shown in Figure 6b. It can be seen from Figure 6b that the tool change energy consumption curve is symmetrically distributed with the number of offside six as the center. As the number of offside of tool change increases, the energy consumption of tool change continues to increase. It reaches the maximum when the number of offside is six, and then decreases sequentially, and the energy consumption  E  and the number of offside  n  satisfy the following relationship.


   E n  =  E  12 − n               n = 1 , 2 , … , 11  



(13)







When changing tools, the tool magazine rotates clockwise or counterclockwise, and always moves the designated tool to the tool change position with the minimum number of rotations, thereby reducing machine tool energy consumption and tool change time.



The energy consumption of CNC machine tools is affected by many factors in Table 3 and Table 4 when executing commands such as G00 and G01. In order to improve the efficiency of the experiment and the accuracy of the experimental results, the orthogonal experiment method is used to obtain the energy consumption characteristic data [39]. The orthogonal experiment factors and levels of the energy consumption characteristics of G00 and G01 commands are shown in Table 3 and Table 4, respectively. Therefore, the mixed horizontal orthogonal experiment schemes are    L  49    (  7 ×  5 3   )    and    L  64    (  7 × 3 × 4 ×  5 6   )   . The experimental material is aluminum alloy.




4.2. IPBPNN Training and Testing


According to the calculation of empirical formula (12), the number of hidden layer neurons of the neural network corresponding to the G00 instruction is [3,13], and G01 is [4,14]. Randomly take 80% of each data set (39 G00 data, 51 G01 data) to determine the optimal neural network structure through cross-validation. The neural network structure parameters of different CNC commands are shown in Table 5. Due to the large range of output energy consumption values, the mean relative error (MRE) is used to measure the prediction accuracy:


  M R E =  1 N    ∑   i = 1  N     |   y i ′  −  y i   |     y i     



(14)




where      y i ′      is the predicted value of the  i -th sample,    y i    is the true value of the  i -th sample, and the cross-validation error is shown in Figure 7.



It can be seen from Figure 7 that the optimal structure of G00 neural network is 4 × 3 × 1, and the optimal structure of G01 neural network is 9 × 10 × 10 × 1. On this basis, the network parameters with the lowest relative error are selected as the optimal neural network parameters, and the remaining 20% (10 G00 data, 13 G01 data) data are used to test each neural network.



To verify the advantage of the proposed algorithm, the BPNN based numerical control milling energy consumption prediction method proposed by Xie [31] was used for comparison. Because Xie did not predict the energy consumption of G00, and only considered the three factors of cutting speed, feed rate and cutting depth when predicting the energy consumption of G01, in order to ensure the comparability of the method, this article only uses Xie’s BPNN method, and input parameters are consistent with IPBPNN. The comparative result is shown in Figure 8.



Figure 8a is the comparison of the training time of different algorithms for G00 and G01 instructions. The time corresponding to IPBPNN is the parallel training time of G00 and G01, and the time corresponding to IBPNN and BPNN is the total time of G00 and G01 serial training. The training termination conditions all have an error of     10   − 6    . It can be seen from the figure that the BPNN improved by the additional momentum method and the adaptive learning rate has a 29.28% improvement in training time compared to the BPNN. At the same time, after G01 and G00 are trained in parallel, IPBPNN has a 31.27% reduction in training time compared to IBPNN, and compared with Xie’s BPNN algorithm the training time has been reduced by nearly half. It can be proved that the IPBPNN proposed in this article has higher training efficiency.



It can be seen from Figure 8b,c that the energy consumption predicted by IPBPNN has an error of less than 5% compared with the measured value, and the maximum error of BPNN’s prediction results reached 6.99%, but it was still smaller than Xie’s 8% error. On the one hand, the prediction model of this article considers more energy consumption factors, such as the back engagement, the working engagement and the number of blades, etc., on the other hand, the IPBPNN algorithm proposed in this article has higher accuracy.




4.3. Prediction and Analysis of Sample Energy Consumption


In order to further verify the versatility of the method, the energy consumption of parts processing as shown in Figure 9a was predicted and compared with the actual measured value. This part contains common processing features such as blind holes and grooves. G01 plane processing is used for grooves, and G01 drilling is used for blind holes. The specific processing tool path is shown in Figure 9b. The origin of the workpiece coordinate system is the center point of the upper surface of the workpiece, and the coordinate of the tool change point is (−100, 100, 600). On this basis, the CNC milling program generated by the CAXA manufacturing engineer software is shown in Figure 9c, where the machining process with the program segment numbers N1-N27 is included in the energy consumption. Because the execution process of M05 and M30 is extremely short, its energy consumption is negligible. After analyzing the program through Algorithm 1, the tool change, G00 and G01 parameter matrices    P T  ,  P  G 00   ,  P  G 01       can be obtained, respectively.


   P T  =  [     2   1     1   8     ]   



(15)






   P  G 00   =  [      3000     3000     3000     3000    0    3000     3000     3000     1500     1500     1500       115    0   0   0    112.5     100    0   0   0   0   0      115    0   0   0    112.5     100    0   0   0   0   0     0    500     95     95     500    0    500     95    3   8    98      ]   



(16)






   P  G 01   =  [      3000     3000     3000     3000     3000     3000     3000     3000     3000     3000     3000     1500     1500     1500       4     4     4     4     4     4     4     4     4     4     4     2     2     2       2.5     0     10     10     10     10     2.5     2.5     2.5     2.5     0     0     0     0       5     10     5     5     5     5     5     5     5     5     0     10     0     10       1000     1000     1000     1000     1000     1000     1000     1000     1000     1000     1000     200     200     200       50     50     50     50     50     50     50     50     50     50     50     25     25     25       0     0     30     0     30     2.5     25     0     25     0     0     0     0     0       0     30     0     30     0     2.5     0     25     0     25     0     0     0     0       10     0     0     0     0     0     0     0     0     0     5     7     5     7      ]   



(17)







Through    P T    and the linear relationship in Figure 6, the energy consumption of each tool change process and standby can be obtained. Input    P  G 00     and    P  G 01     into the neural network trained in 3.2, and the energy consumption of each processing step can be calculated as shown in Figure 9d. The red bar graph represents the predicted energy consumption value, the green bar graph represents the actual energy consumption value measured in the experiment, and the blue curve represents the predicted error. The total machining energy consumption is predicted to be   185.60 ×   10   − 3   k W h  , and the total machining energy consumption is   184.08 ×   10   − 3   k W h   measured by the experiment, and the total energy consumption prediction error is 0.82%. It can be seen that this method has high prediction accuracy and stability in the prediction of energy consumption in the process step and the prediction of total energy consumption.



During the industrial application, after the CNC program of the components are designed, the machining energy consumption can be predicted through the proposed method. Moreover, the numerical control processing parameters can be optimized by the energy consumption of each line of the program, and even the structural design of the parts can be optimized, so that the machining energy consumption is the lowest and the highest efficiency, so as to achieve low energy consumption, high efficiency and sustainable production.





5. Conclusions


In this paper, a novel CNC milling energy consumption prediction method based on program decomposition and IPBPNN is presented. The effectiveness and superiority of this method have been verified by experiments. First of all, the extraction and classification of the instructions and parameters of the CNC program are effectively completed through the proposed automatic parsing algorithm. Then, based on the parallel neural network, the mapping relationship between the CNC command parameters and energy consumption was established, and the hyperparameters and parameters of each neural network were determined through cross-validation.



Compared with the method in the literature, the efficiency is improved by nearly 50%. Moreover, the proposed method can refine the energy consumption prediction to each line of the CNC program. The experimental results show that the prediction error of energy consumption per line of instruction is within 5%, and the prediction error of total program energy consumption is 0.85%. The efficiency and high precision of the proposed method have been proven. During the industrial application, the methodology proposed in this paper provides help for the energy consumption prediction of CNC milling, and can provide support for the optimization of CNC machining tool trajectory and CNC program optimization for high-efficiency and low-consumption. It is also conducive to the sustainable development of the environment.



However, there are still some limitations in our research. First, the process of obtaining processing data for training neural networks through experiments is cumbersome, and automatic acquisition methods need to be studied. Then, at present, only common instructions such as T, G00 and G01 have been studied, and there are more complex instructions that need to be studied in depth, such as G02, G03, G71 and other instructions.
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Figure 1. Correspondence between milling power of CNC milling and program. ① Stop; ② Standby; ③ Spindle start; ④ Quickly locate to the starting point; ⑤ Linear interpolation; ⑥ Quickly locate the starting point; ⑦ Linear interpolation; ⑧ Quickly locate to the tool change point; ⑨ Change tool; ⑩ Quick positioning to the milling point; ⑪ Milling ; ⑫ Quickly locate to the retreat point; ⑬ Quickly locate to the safe point; ⑭ Standby; ⑮ Shut down. 
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Figure 2. Energy consumption prediction process for CNC machine tools. 
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Figure 3. The training process of BPNN. 
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Figure 4. Energy consumption prediction model of CNC machine tools based on IPBPNN. 
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Figure 5. Experimental device. (A) Drilling samples of different materials. (B) Milling samples of different materials. (C) is the machining center wiring diagram of the energy consumption measurement. (D) is the wiring of the WT1800 high-precision power analyzer. (E) is the operation interface of the power analyzer. 
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Figure 6. Energy consumption curve of standby and tool change. (a) Standby energy consumption. (b) Tool change energy consumption. 
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Figure 7. Cross-validation error of different network structures. 
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Figure 8. Comparison results of IPBPNN and BPNN. (a) Comparison of different algorithms’ training time. (b) The result of the G00 test set. (c) The result of the G01 test set. 
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Figure 9. Prediction and analysis of sample energy consumption.(a) Part design.(b) Tool path generation. (c) CNC machining program. (d) Comparison of prediction results. 
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Table 1. Correspondence between commonly used CNC commands and energy consumption parameters.
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	Cutting Fluid
	Spindle Speed
	Start Tool Number
	End Tool Number
	X-axis Movement Distance
	Y-axis Movement Distance
	Z-axis Movement Distance
	Back Engagement
	Working Engagement
	Feed Rate
	Workpiece Material





	T
	
	
	●
	●
	●
	●
	
	
	
	
	



	G00
	
	●
	
	
	●
	●
	
	
	
	
	



	G01
	●
	●
	
	
	●
	●
	●
	●
	●
	●
	●



	G02
	●
	●
	
	
	●
	●
	●
	●
	●
	●
	●



	G03
	●
	●
	
	
	●
	●
	●
	●
	●
	●
	●



	M03
	
	●
	
	
	
	
	
	
	
	
	



	M04
	
	●
	
	
	
	
	
	
	
	
	



	M07
	●
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Table 2. Technical specification parameters of XH714D.
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	Parameter
	Specifications





	Worktable size
	900 mm × 400 mm



	Worktable left and right stroke (X)
	630 mm



	Worktable back and forth stroke(Y)
	400 mm



	Spindle up and down stroke(Z)
	500 mm



	Tool magazine capacity
	12



	Spindle speed
	50~8000 rmp



	Spindle motor power
	7.5/11 KW



	Spindle output torque
	47



	Rapid traverse rate
	X/Y/Z: 24/24/20 m/min



	Feed rate
	X/Y/Z: 1~10,000 mm/min
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Table 3. Orthogonal experimental factors and levels of G00 command energy consumption characteristics.
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	Factors
	Levels
	Number of Levels





	1
	Spindle speed
	800, 1200, 1600, 2000, 2400, 2800, 3200
	7



	2
	X axis displacement
	20, 40, 60, 80, 100
	5



	3
	Y axis displacement
	20, 40, 60, 80, 100
	5



	4
	Z axis displacement
	20, 40, 60, 80, 100
	5
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Table 4. Orthogonal experimental factors and levels of G01 command energy consumption characteristics.
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	Factors
	Levels
	Number of Levels





	1
	Spindle speed (r/min)
	800, 1200, 1600, 2000, 2400, 2800, 3200
	7



	2
	Cutting edges
	2, 3, 4
	3



	3
	Working engagement (mm)
	4, 6, 8, 10
	4



	4
	Back engagement (mm)
	0.2, 0.6, 1.0, 1.4, 1.8
	5



	5
	Feed speed (mm/min)
	400, 600, 800, 1000, 1200
	5



	6
	Tool usage time (h)
	0, 30, 60, 90, 120
	5



	7
	X axis displacement
	20, 40, 60, 80, 100
	5



	8
	Y axis displacement
	20, 40, 60, 80, 100
	5



	9
	Z axis displacement
	20, 40, 60, 80, 100
	5
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Table 5. Neural network structure parameters of different CNC commands.
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Instruction

	
Network Parameters

	
Ranges

	
Instruction

	
Network Parameters

	
Ranges






	
G00

	
Input layer

	
4

	
G01

	
Input layer

	
9




	
Hidden layer

	
3–14

	
Hidden layer

	
3–14




	
Output layer

	
1

	
Output layer

	
1




	
Activation function

	
sigmod

	
Activation function

	
sigmod
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