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Abstract

:

Human civilization has changed forever since induction motors were invented. Induction motors are widely used and have become the most prevalent electrical componentsdue to their beneficial characteristics. Many control strategies have been developed for their performance improvement, starting from scalar to vector to direct torque control. The latter, which is a class of vector control, was proposed as an alternative to ensure separate flux and torque control while remaining completely in a stationary reference frame. This technique allows direct inverter switching and reasonable simplicity compared to other vector control techniques, and it is less sensitive to parameter variation. Yet, the use of hysteresis controllers in conventional DTC involves undesired ripples in the stator current, flux, and torque, which lead to bad performances. This paper aims to minimize the ripple level and ensure the system’s performance in terms of robustness and stability. To generate the appropriate reference control voltages, the proposed method is an improved version of DTC, which combines the power of fuzzy logic, neural networks, and an increased number of sectors. Satisfactory results were obtained by numerical simulation in MATLAB/Simulink. The proposed method was proven to be a fast dynamic decoupled control that robustly responds to external disturbance and system uncertainties.
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1. Introduction


The trajectory of human history has changed since the invention of induction motors. Even today, this century-old motor, firstly designed by the famous Nicola Tesla, is the most widespread motor type. Induction motors consume around half of all global electric power. They are built and designed for empirical simplicity, unlike any other electrical equivalent; permanent magnets are not needed; most are brush-less; they have no commutator rings or position sensors [1]. Induction motors are also self-starting; they do not need a mover or exciter to start-up. Their speed can be easily controlled by modifying the power frequency, and this is the most significant advantage of induction motors. They are suitable for elevators, cranes, and especially, electric cars [2]. Electric vehicles can operate with a single-speed transmission due to the high-speed range of induction motors. Another noteworthy feature is that they can also work as a generator; in this case, a prime mover is mandatory to move the rotor at start-up. Thus, it is obligatory to ensure that the speed of the rotor is always higher than the rotating magnetic speed [3].



Vector control, also known as field-oriented control (FOC), was developed to overcome the limitations of scalar control. The FOC approach was introduced in the 1970s, designed to establish autonomous torque and flux control comparable to DC machines (separate excitation) [4]. It has some drawbacks; one of its fundamental drawbacks is the coordinates’ transformation. This transformation requires the flux angle, which cannot be directly measured because it is difficult to place a flux sensor in the air gap of the machine. Another drawback is related to the machine’s sensitivity to parameter variation such as stator and rotor resistance [5]. Meanwhile, direct torque control (DTC) is another way that ensures separated and decoupled flux and torque control. This technique was introduced for the first time by Takahashi and Noguchi in Japan in the middle of the 1980s. Unlike FOC, this control strategy is carried out entirely in a stationary frame (coordinates fixed to the stator) [6]. Moreover, DTC produces the gating signals of the inverter directly by the look-up switching table and does not require any modulation such as PWM [7]. Although DTC has fewer model parameters than FOC, it provides a better torque and flux response. In other words, DTC is simpler and has a profoundly fast response. Hence, it is suitable for high-performance drive applications [8,9].



Unfortunately, hysteresis in the fundamental DTC method causes undesired ripples in the flux, current, and torque waveform. Some DTC modifications and improvements have been made, aiming to make the ripples smooth [10,11]. When the artificial neural networks were proposed as an alternative solution to this issue, the study results proved their functionality. Despite its complexity, this intelligent method reduces the high level of ripples by acting on the inverter switching state [12]. Meanwhile, the number of sectors to produce the control voltages of reference is also considered effective to tackle this problem. The study findings showed that twelve-sector DTC results in good dynamics while the system is operated in the high- and low-speed ranges [13,14]. In summary, the proposed approach combines the advantages of both FOC and DTC, and the goal is to eliminate their drawbacks.



Due to the artificial intelligence methods’, such as neural networks, fuzzy logic [15], and genetic algorithms, benefits, the performance of AC drives’ operation is enhanced. An NN controller is a set of nonlinear functions to establish, by learning, a large number of models and nonlinear connectors [16].



This research aims to control and improve the performance of the induction motor drive by modifying DTC using a robust and nonlinear technique. The research can be summarized as four stages:




	
The high torque and flux ripples are minimized by replacing the conventional switching table with an intelligent one based on the ANN algorithm. The number of ripples in the flux, current, and torque can then be reduced.



	
After the ripple’s reduction, the robustness and stability are addressed.



	
Since the number of sectors is the most influential factor to overcome disturbance and system uncertainties, the number of sectors was increased from six to twelve, and a fuzzy logic speed controller was inserted.



	
Eventually, a fast dynamic decoupled control that robustly responds to external disturbances and system uncertainties can be achieved.








The remainder of this paper is organized as follows. In Section 2, the state space mathematical model of the induction motor is introduced with the start-up speed and torque waveforms. The basic DTC control law of the induction motor is presented in detail in Section 3. In Section 4, the twelve-sector technique for DTC performance improvement is explained. After that, the fuzzy logic control design is illustrated in Section 5. Then, Section 6 highlights the artificial neural network switching table in detail. In Section 7, the simulation results of the proposed twelve-sector ANN-DTC are presented and discussed. The conclusions of the paper are given in Section 8.




2. Induction Motor State Space Mathematical Model


The representation of the state space model can be mathematically written as:


       X ˙  = A X + B U       Y = C X      



(1)







X: state vector; U: input vector; Y: output vector. According to [17], the state and the input vectors of an induction motor can be defined by the stator current and rotor flux components based on their  α - β  stationary coordinates. Thus, they can be defined as: X =    [  i  s α   ,  i  s β   ,  ϕ  r α   ,  ϕ  r β   ]  T  ; U =    [  v  s α   ,  v  s β   ]  T  ; Y =    [  i  s α   ,  i  s β   ]  T  .



  i  s α    and   i  s β    are components of the stator current  α - β  reference frame.   ϕ  r α    and   ϕ  r β    are the components of the rotor flux.   v  s α    and   v  s β    are the components of the stator voltage in  α - β . Therefore, the components of the matrices in the state space representation can be obtained by analyzing the differential equations of the rotor flux and stator current, as in the matrices below.


  A  =       − λ    0    K  T r      K  ω r       0    − λ     − K  ω r      K  T r         L m   T r     0    −  1  T r       −  ω r       0     L m   T r      ω r     −  1  T r        ;  










  B  =       1  σ  L s      0     0    1  σ  L s        0   0     0   0     ; C  =      1   0   0   0     0   1   0   0      











 λ  =     R s   σ  L s    +   1 − σ   σ  T r     ; K =    1 − σ   σ  L m    ;  σ  =   1 −   L  m  2    L s   L r     ;   T r   =    L r   R r   .



  R s  : resistance of the stator;   R r  : resistance of the rotor;   L s  : inductance of the stator;   L r  : inductance of the rotor;   L m  : mutual inductance;   T r  : time constant of the rotor.



Figure 1 demonstrates the block diagram of the induction motor state space mathematical model, while Figure 2 shows the start-up mechanical speed and electromagnetic torque waveforms of the above model according to a three-phase 220 V rms.




3. Direct Torque Control Basis


The DTC method is used generally in variable-frequency drives in order to control their torque directly, which means consequently and indirectly controlling the speed of AC electric machines (three-phase). This implies computing the estimate of the machine’s magnetic flux and the torque, which are based, respectively, on the measured current and voltage components [18].



3.1. Stator Flux and Torque Estimation


Stator flux estimation is established by combining the stator voltages. Electromagnetic torque is the product of the estimated stator flux components and measured machine current components. The estimated flux magnitude and torque are then compared with their reference values. If either the estimated flux or torque diverges too far from the reference tolerance, the switches of the variable frequency drive are switched off and on in such a way that the flux and torque errors will return to their tolerance bands as quickly as possible. Therefore, direct torque control is classified as hysteresis control [19]. The stator flux can then be written as:


    ϕ s  ¯  =  ∫  0  t   (   V s  ¯  −  R s    I s  ¯  )  d t  



(2)







The  α - β  coordinates of the stator flux components can be defined as:


   ϕ  s α   =  ∫  0  t   (  v  s α   −  R s   i  s α   )  d t  



(3)






   ϕ  s β   =  ∫  0  t   (  v  s β   −  R s   i  s β   )  d t  



(4)







The flux module can be calculated based on the flux components, which can be mathematically defined as:


   ϕ s  =     ϕ   s α  2  +   ϕ   s β  2     



(5)







Meanwhile, the electromagnetic torque is calculated as the difference of the product of the stator current and flux between different frames, as in the following equation:


   T e  = p  (  i  s β    ϕ  s α   −  i  s α    ϕ  s β   )   



(6)








3.2. Switching State Vector


Errors that result from the difference between the reference values and estimated values of the stator flux linkage and electromagnetic torque are the inputs to the hysteresis comparators. The outputs of these controllers and the stator flux location determine the input of the switching table. The selector then generates a suitable switching state vector [20]. The conventional DTC switching table is illustrated in Table 1.



This switching state vector (   S a    S b    S c   ) can generate eight position vectors, which are (   V →  1      V →  2   …    V →  8  ), where two of them are null vectors (  S a     S b     S c  ) = (1 1 1) or (0 0 0).





4. Twelve-Sector DTC Algorithm


In the six conventional sectors of DTC, we find two switching states per sector, which are    V →  i   and    V →   i + 3   , which are not considered. Thus, the torque control is ambiguous. To fix this situation, a sector shifting is needed. The first sector will be located in [0   π 3  ] instead of [   11 π  6     π 6  ]. However, in a similar way, this new distribution has also two unused vectors per sector (i.e.,    V →   i + 2    and    V →   i − 1   ), which this time creates an ambiguity in the flux rather than the torque. Therefore, another strategy was developed for this purpose. The idea is to divide the circular flux into twelve sectors rather than six. Consequently, each sector uses all six states and the ambiguity in torque and flux control can then be avoided [21].



In the twelve-sector DTC,    V →  1   generates a large increase in the flux linkage and a small increase in the torque for Sector 12. On the other hand,    V →  2   results in a large increase in torque and a small increase in flux. Therefore, thevariations of small and large torque must now be defined. As a result of this concept, the hysteresis band of the torque is divided into four. Hence, the proposed twelve-sector DTC switching table is provided in Table 2.



Several studies have stated that the increase of the sector number slightly reduces the high ripples and current harmonics [22].




5. Fuzzy Logic Control for Speed Loop Regulation


Fuzzy logic control is used broadly in AC machine control. In fact, The term fuzzy relies on the logic engaged being able to deal with the information that we cannot express as true or false, but instead, as partially true. In spite of the fact that alternative techniques such as genetic algorithms (GAs) and neural networks (ANNs) can be carried out exactly as well as fuzzy logic, fuzzy logic has an advantage, whereby the solutions to the problems can be simulated in terms that are understandable by human operators, such that by their experience, the regulator can be designed. This makes it easier to automate the tasks that are currently executed by humans [23].



The fuzzy control system is an intelligent system that is based on fuzzy logic. It is a mathematical system that examines the inputin terms of logical variables taken on continuous values, which are between 0 and 1. Error   ε ω   =    ε  i  s α      ϕ ^   r β    −   ε  i  s β      ϕ ^   r α     and error variation   Δ  ε ω    =   ε  ω k   −  ε  ω k − 1    are then considered as fuzzy input variables of the fuzzy controller, whose fuzzy output will generate the variation of the controlled speed   Δ   ω r  ^    =    ω ^  k  −   ω ^   k − 1   . Figure 3 illustrates the structure of the speed loop fuzzy controller.



5.1. Fuzzification


The input variables are converted into fuzzy ones and are translated into linguistic labels. The membership functions linked to each label are chosen in triangular forms. The input and the controlled output linguistic variables’ fuzzification is achieved by symmetric triangular membership functions on a universe of speech normalized on the interval [−1,+1] for each variable, as shown in Figure 4.



N means negative, P positive, B big, M medium, S small, and Z zero. NB means negative big; it is the first membership function. The triangular membership functions in fuzzy control lead to a good linguistic classification that has positive effects on operational and control decisions.




5.2. Knowledge Base and Inference Engine


The knowledge base contains the data and the rules base. The data supplies the information that is used to interpret the linguistic rules and the fuzzy data. The rules base states the control goal actions by means ofthe linguistic control rules set. The inference engine assesses the IF-THEN set and carries out 7 × 7 rules. The following example shows a linguistic rule form: IF   ε ω   is NB and   Δ  ε ω    is NB, THEN   T e   is NB. Moreover, the inference rules used to determine the output variable based on the input ones are summarized in Table 3.




5.3. Defuzzification


In this phase, the fuzzy variables are transformed into crisp variables. There are many defuzzification strategies to generate the fuzzy set value for the output fuzzy variable. In this paper, the center of gravity defuzzification method is used and the Mamdani algorithm inference technique is utilized. In this case, the center of gravity abscissa corresponding to the fuzzy regulator output of the Mamdani type is given by the following relation:


  d  T e  =   ∫ x  μ R   ( x )  d x   ∫  μ R  d x    



(7)







Each fuzzy controller has three tuning gains; their values are determined by trial and error. This technique consists of performing repetitive tests and tuning each gain separately from the others to view its effect.





6. Artificial Neural Network Switching Table for DTC Performance Improvement


6.1. Artificial Neural Network Structure


Artificial neural networks are generally called neural networks (NNs). They are computing systems based on the biological neural networks that constitute animal brains. The ANN is a series of connected units and nodes called artificial neurons, imitating the neurons in the biological brain. An artificial neuron takes a signal and processes it. The signal at each connection is a real number; likewise, the output of each neuron is calculated by some nonlinear function of the sum of its inputs [24,25].




6.2. Artificial Neural Network Architecture


Artificial neural networks have many architectures, but the typical one is the multilayer feed-forwardnetwork using an error back-propagation algorithm. The neural network has three layers: (1) input, (2) hidden, and (3) output layers. Each layer has several neurons. The number of neurons in the input and the output layers is based on the number of input and output variables selected. The number of hidden layers and the number of neurons in each depend on the desired degree of precision [26,27].




6.3. The Proposed ANN Switching Table Architecture


The proposed twelve-sector DTC-NN consists of replacing the switching table that generates the voltage vectors. The input of the NN controller is the  α - β  control voltages. This NN is based on feed-forward back-propagation with four hidden layers having 4, 14, 16, and 3 neurons in each layer, respectively, and logsig is the activation function. The output layer has three neurons providing the voltage vector, the proposed ANN switching table. The structure of the neural network is used to perform twelve-sector DTC, which is applied to an induction motor, that is a neural network controller with three linear input nodes, thirty-seven neurons in the hidden layer, and three neurons in the output layer. Figure 5 shows the internal structure of the neural network controller, while the architecture of the first layer is shown in Figure 6.



The diagram of torque and flux control is based on the proposed twelve-sector DTC with the ANN algorithm and is presented in Figure 7.



The speed controller generates the reference torque, while the flux and torque controllers generate the d-q voltage components. The NN switching table generates the inverter control states. In the DTC scheme, there is no need for a PWM modulator, nor the coordinates’ transformation. The twelve-sector selector generates the suitable angle for the ANN switching table.





7. Results and Discussion


A comparison of the classical DTC and the twelve-sector fuzzy ANN-DTC is presented in the paper. In MATLAB/Simulink, DTC control algorithms for the three-phase 3 kW squirrel-cage induction motor drive were simulated. Table A1 in Appendix A lists the rated power and the parameters of the induction motor used in this simulation study. The ANN switching table was implemented using the Simulink ANN toolbox.



The test in Figure 8 presents the start-up of the induction motor according to a speed step of 100 rad/s. Then, a load of 10 N·m was applied at   t 1   = 0.8 s and removed at   t 2   = 1.6 s.



Both techniques had good performance when starting up, as shown in Figure 8a,b. The applied load disturbance was quickly rejected by the speed regulation loop. The proposed ANN-DTC in Figure 8b shows a better speed response compared to the conventional DTC in Figure 8a. The transient response was not identical in both schemes because the speed controllers’ structures were different. We can clearly notice the robustness of the fuzzy speed controller.



Next, the load-applied responses of the torque are illustrated. The speed controller initially operates the system at its physical limit. Compared to the conventional DTC in Figure 8c, where the high torque ripples exceed the hysteresis bound, the modified DTC-based electromagnetic torque control performance in Figure 8d has a reduced level of ripples due to the use of the ANN. Moreover, according to Figure 9, the proposed ANN-DTC has a lower THD level (  47.79 %  ) in Figure 9d compared to the conventional DTC (  68.75 %  ) in Figure 9c.



The analysis and observations of the stator flux are highlighted briefly in the following. Both the conventional DTC and the proposed ANN-DTC showed sinusoidal waveforms in their flux responses. However, the conventional DTC in Figure 8e shows a ground sinusoidal curve of stator flux, which designates the high ripple level, while the ANN-DTC in Figure 8f shows a smoother one. This can be explained in Figure 9, where the proposed ANN-DTC has a lower THD level (  71.28 %  ) as in Figure 9b compared to the conventional DTC (  97.16 %  ) in Figure 9a.



Both the conventional DTC and the proposed ANN-DTC showed sinusoidal waveforms in their stator phase current. However, the conventional DTC in Figure 8g shows a high magnitude sinusoidal waveform, which designates the high ripple level, while the ANN-DTC in Figure 8h shows a lower one. This can be explained in Figure 9, where the proposed ANN-DTC has a lower THD level (  19.68 %  ) as in Figure 9f compared to the conventional DTC (  34.63 %  ) in Figure 9e.



The stator flux evolution, such as its magnitude and circular trajectory, can also be observed in the simulation results. For example, according to the stator flux magnitude, the ripples exceeded the hysteresis bounds, which can be seen in Figure 8i. Moreover, due to the changing of the zone, the flux initially took a few steps before achieving the reference flux magnitude (1 Wb) (Figure 8k). Furthermore, the stator flux components showed an acceptable waveform, but a high level of ripples. The proposed ANN-DTC showed a reduced level of flux harmonics, quicker magnitude tracking at the initial state, and a better component curve than the classical DTC. This was due to the better zone selection operation of the stator flux vector in the proposed technique. The zone selection operation can be seen in Figure 8l.



The proposed twelve-sector DTC with the ANN switching table and fuzzy logic control was proven to have good performance characteristics in terms of rapidity, robustness, and harmonic reduction. The response time was quicker and not sensitive to the load application, and the torque, flux, and current harmonics were reduced significantly.




8. Conclusions


The design and simulation of improved DTC for induction motor operation were explained. Overall, the proposed method can make the system perform dynamically well while being operated at an instant step speed reference. When a load was applied suddenly to the system’s simulation, the system responded well, which indicates faster dynamics. The novel improvisation technique was also proven to give finer torque pulsation, flux distortion, and phase current pulsation. The flux ripples were reduced; magnitude tracking had a faster start-up; the waveforms had better components than the conventional DTC system response. Based on the experimental results, a system implemented with the proposed method was highly efficient and precise; the addition of the ANN-based switching table and the number of sectors played a critical role in the augmented system’s performance. However, the controllers must be very fast. Indeed, the reference voltages should be delivered very regularly to the ANN switching table to prevent any exceeding of the flux or the torque boundaries.



To ameliorate the performance of the DTC scheme, a new twelve-sector ANN switching table was presented in this paper. The speed, flux, and torque loops were controlled by robust fuzzy logic regulators against external load torque. At an instant speed, the system harmonics level was reduced; the flux circular trajectory was enhanced.
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Table A1. The machine used in the simulation: rated power and parameters.






Table A1. The machine used in the simulation: rated power and parameters.





	Power
	3 kW



	Mechanical speed
	1440 rpm



	Pole pairs number
	2



	Frequency
	50 Hz



	Rated voltage
	220/380 V



	Rated current
	12.5/7.2 A



	Resistance of stator
	2.20  Ω 



	Resistance of rotor
	2.680  Ω 



	Inductance of stator
	0.2290 H



	Inductance of rotor
	0.2290 H



	Mutual inductance
	0.2170 H



	Moment of inertia
	0.0470 kg·m2



	Coefficient of viscous friction
	0.0040 N·s/rad
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Figure 1. Mathematical model of the induction motor: state space. 
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Figure 2. Start-up and steady-state of the induction motor. (a) Start-up: mechanical speed; (b) start-up: electromagnetic torque. 
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Figure 3. Block diagram: speed regulator with fuzzy logic. 
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Figure 4. Input and output membership functions of the fuzzy controller. 
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Figure 5. Twelve-sector DTC multilayer neural network architecture. 
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Figure 6. Layer 1 architecture. 
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Figure 7. The proposed control scheme. The asterisk    *   designates the reference quantities. 
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Figure 8. Improvement of DTC performance: start-up and steady-state with load application. (a) Basic DTC: mechanical speed, (b) proposed DTC: mechanical speed, (c) basic DTC: electromagnetic torque, (d) proposed DTC: electromagnetic torque, (e) basic DTC: stator flux linkage, (f) proposed DTC: stator flux linkage, (g) basic DTC: current of stator phase, (h) proposed DTC: current of stator phase, (i) basic DTC: circular trajectory of stator flux, (j) proposed DTC: circular trajectory of stator flux, and (k) basic DTC: sector selection, (l) proposed DTC: sector selection. 
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Figure 9. THD improvement of electromagnetic torque, stator flux linkage, and stator phase current. (a) Basic DTC: electromagnetic torque THD, (b) proposed DTC: electromagnetic torque THD, (c) basic DTC: flux of stator THD, (d) proposed DTC: flux of stator THD, (e) basic DTC: phase current THD, and (f) proposed DTC: phase current THD. 
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Table 1. Basic DTC switching table.
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	    Δ  ϕ s     
	    Δ  T e     
	    S 1    
	    S 2    
	    S 3    
	    S 4    
	    S 5    
	    S 6    





	
	1
	110
	010
	011
	001
	101
	100



	1
	0
	111
	000
	111
	000
	111
	000



	
	−1
	101
	100
	110
	010
	011
	001



	
	1
	010
	011
	001
	101
	100
	110



	0
	0
	000
	111
	000
	111
	000
	111



	
	−1
	001
	101
	100
	110
	010
	011
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Table 2. Switching table of the proposed twelve-sector DTC.
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	    Δ  ϕ s     
	    Δ  T e     
	    S 1    
	    S 2    
	    S 3    
	    S 4    
	    S 5    
	    S 6    
	    S 7    
	    S 8    
	    S 9    
	    S 10    
	    S 11    
	    S 12    





	
	2
	    V →  2   
	    V →  3   
	    V →  3   
	    V →  4   
	    V →  4   
	    V →  5   
	    V →  5   
	    V →  6   
	    V →  6   
	    V →  1   
	    V →  1   
	    V →  2   



	1
	1
	    V →  2   
	    V →  2   
	    V →  3   
	    V →  3   
	    V →  4   
	    V →  4   
	    V →  5   
	    V →  5   
	    V →  6   
	    V →  6   
	    V →  1   
	    V →  1   



	
	−1
	    V →  1   
	    V →  1   
	    V →  2   
	    V →  2   
	    V →  3   
	    V →  3   
	    V →  4   
	    V →  4   
	    V →  5   
	    V →  5   
	    V →  6   
	    V →  6   



	
	−2
	    V →  6   
	    V →  1   
	    V →  1   
	    V →  2   
	    V →  2   
	    V →  3   
	    V →  3   
	    V →  4   
	    V →  4   
	    V →  5   
	    V →  5   
	    V →  6   



	
	2
	    V →  3   
	    V →  4   
	    V →  4   
	    V →  5   
	    V →  5   
	    V →  6   
	    V →  6   
	    V →  1   
	    V →  1   
	    V →  2   
	    V →  2   
	    V →  3   



	0
	1
	    V →  4   
	    V →  4   
	    V →  5   
	    V →  5   
	    V →  6   
	    V →  6   
	    V →  1   
	    V →  1   
	    V →  2   
	    V →  2   
	    V →  3   
	    V →  3   



	
	−1
	    V →  5   
	    V →  5   
	    V →  6   
	    V →  6   
	    V →  1   
	    V →  1   
	    V →  2   
	    V →  2   
	    V →  3   
	    V →  3   
	    V →  4   
	    V →  4   



	
	−2
	    V →  5   
	    V →  6   
	    V →  6   
	    V →  1   
	    V →  1   
	    V →  2   
	    V →  2   
	    V →  3   
	    V →  3   
	    V →  4   
	    V →  4   
	    V →  5   
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Table 3. Inference matrix of the fuzzy controller.
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    ε ω    

	
NB

	
NM

	
NS

	
Z

	
PS

	
PM

	
PB




	
    Δ  ε ω     

	






	
PB

	
Z

	
PS

	
PM

	
PB

	
PB

	
PB

	
PB




	
PM

	
NS

	
Z

	
PS

	
PM

	
PB

	
PB

	
PB




	
PS

	
NM

	
NS

	
Z

	
PS

	
PM

	
PB

	
PB




	
Z

	
NB

	
NM

	
NS

	
Z
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PM

	
PB




	
NS

	
NB

	
NB

	
NM

	
NS
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PS

	
PM




	
NM

	
NB

	
NB

	
NB

	
NM
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Z

	
PS




	
NB

	
NB
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NB

	
NB

	
NM

	
NS
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