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Abstract This paper is aimed at looking into the automatic design and the size reduction of the rule base of fuzzy logic controllers. The ﬁrst part is concerned with an automatic generation method of the fuzzy rule base. This is done by the use of an intelligent optimization method, and its implementation to the design of a fuzzy controller for robot manipulators. It is assumed that such system is known but ill-deﬁned because of the inherent uncertainties associated with the model. Thus, an accurate mathematical model is not required, but a simpliﬁed one is acceptable. The second part treats the reduction of large scale fuzzy rule bases. Two approaches are used for this purpose: the boolean method and the decoupling approach giving a local control loop yielding smaller fuzzy controllers. The boolean approach is based on the equivalence between fuzzy preconditions and on boolean expressions. Using the fact that fuzzy sets are a generalization of classical subsets, we introduced some operations on fuzzy sets that are equivalent to those applied in the boolean logic approach. The paper then discusses the reduction of large scale fuzzy rule bases by the use of a decoupling approach, and its application to the case of an optimal fuzzy logic controller of a three-links robot manipulator using local PID controllers. r 2003 Published by Elsevier Science Ltd. Keywords: Fuzzy logic; Rule base size reduction; Robot manipulator; Optimization; Decoupling approach



1. Introduction Fuzzy control is an important area of real applications for the fuzzy sets theory. It is a generalized form of expert control using fuzzy sets in the deﬁnition of linguistic predicates, by modeling a system with If–Then rules. A fuzzy logic system (FLS) is a nonlinear system that maps a crisp input vector into a crisp scalar output. The basic methodology of fuzzy logic control does not require a precise mathematical model of the controlled object; instead it models experiences and knowledges of the operator (Takagi and Sugeno, 1985; Tang and Mulholland, 1987). These experiences and knowledges are embedded in the linguistic rule-based description of *Corresponding author. Tel.: +1-216-74-274-088; fax: +1-216-74275-595. E-mail addresses: [email protected] (H. Bezine), [email protected] (N. Derbel), [email protected] (A.M. Alimi). 0952-1976/02/$ - see front matter r 2003 Published by Elsevier Science Ltd. PII: S 0 9 5 2 - 1 9 7 6 ( 0 2 ) 0 0 0 7 5 - 1



the control strategy. However, this does not mean that the fuzzy logic controller is only a tool for the translation of human knowledge into a convenient form for computer implantation. Fuzzy controllers are able to make effective decisions on the basis of imprecise linguistic information. Recent developments in fuzzy theory offer a variety of effective methods for the design and tuning of fuzzy logic controllers, reﬂecting a deeper understanding of the nature of fuzzy control. An alternative approach to the design of a fuzzy logic controller is to assume that a description of the operator’s control strategy in the form of an input/output data set is available. Thus, in some cases, an improvement of this direct method for designing fuzzy logic controllers by implementing the concept of learning the fuzzy system models can be made (Kosko, 1993; Tang and Mulholland, 1987). This paper is concerned with a framework, which synthesizes a fuzzy logic rule base with data obtained from numerical simulations. A new methodology for the
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generation of the fuzzy rule base and the minimization of a given set of fuzzy rules is presented. The applicability of an automatic rule base generation procedure is demonstrated and the technique is applied to the control of a two-degree robot manipulator. First, the state and control spaces are divided into cells. The condition for the center of each cell is considered as the initial state simulation. Then, a criterion (such as energy, error, time, etc.) is chosen. By optimizing this earlier, using the dynamic programming algorithm (Bellman and Dreyfus, 1957), the optimal trajectories starting from each cell to the desired cell are obtained. Depending on the quantiﬁcation of the state space and the number of state cells, one can obtain an exponentially increasing number of these optimal trajectories. These constitute the fuzzy rules of the fuzzy logic controller. For a precise quantiﬁcation level of the state space, one can assume that the number of rules of the obtained fuzzy logic controller is very high. Then a reduction of the rule base becomes necessary. It is thought that dense rule bases should be reduced, so that only the minimal necessary number of rules remains, still containing the essential information in the original base. Several techniques are used for this purpose, such as: the boolean method (Rovatti et al., 1995), neural networks (Heckenthaler and Engell, 1994; Jang, 1993), the decoupling approach (Bezine et al., 2000; Tang and Mulholland, 1987), and clustering methods (Ruspini, 1969). The organization of the paper is as follows: Section 2, we describe the automatic method for the generation of the rule base of a robot fuzzy logic controller. Section 3 treats the reduction of the fuzzy rule base. Two approaches are presented for this purpose: the boolean method and the decoupling approach. Section 4 deals with an application to the control of robot manipulators.



2. Automatic generation of the rule base of robot fuzzy logic controllers



nonlinear dynamics present a challenging control problem, since traditional linear control approaches do not easily apply. It is assumed that such systems are known, but ill-deﬁned because of the inherent uncertainty associated with the model. An accurate mathematical representation of the system is not required, but an approximate model is acceptable (Murakami and Maeda, 1985). In the case where there is no mathematical model representing the system, with collected measures constituted by pairs of input–output vectors, one can represent the system by a neural network giving an approximate direct model of its dynamical behavior (Jang, 1991). In fact the concept of a fuzzy logic controller is not far from that of a conventional controller (PI, PID), except the fact that a fuzzy logic controller allows more robustness and more complex mapping (Kosko, 1991; Lin and Lee, 1991) The algorithm of the simulation procedure is described as follows:  Each state variable xi ranges a permissible set of permissible values which is quantiﬁed into ni intervals where the number of intervals for each state variable xi is chosen based on (a) the speciﬁed ranges of each variable and the behavior of the system in terms of accuracy and resolution, (b) the number of rules that are considered manageable in the sense of minimizing the heuristic search time and reducing computational complexity. The latter is accounted for in terms of memory storage and computational speed (Bezine et al., 1998; Chen, 1988). Then, we can conclude that the division of the state space depends on the number of rules that one would like to obtain and vice versa. *



*



2.1. Generation of the fuzzy logic rule base and construction of the graph Steps-by-step procedure for synthesizing the fuzzy logic rule base on the basis of data obtained from numerical simulations is presented below (Bezine, 1998). The automatic generation procedure is based on a partitioning of the state space into small rectangles called cells and quantization of the states and the available controls into ﬁnite levels. Membership functions are then assigned for the state and controls. Robot manipulators are familiar examples of trajectory-controllable mechanical systems. However, their



*



*



Letting n be the system Qn dimension, the state space is then divided into i¼1 ni state cells (each state variable is quantiﬁed into ni levels). Letting m be the dimension of the control vector, Q the control space is also divided into m m j¼1 j control levels (each control variable uj is quantiﬁed into mj levels). Again, the number of mj is selected according to criteria similar to those for the state variables. Start from the center of each state cell, which is considered as the state initial condition for the simulation procedure. Apply to the system consecutively, a constant input given by the center of each control cell.



A center-point mapping is employed for the purpose of simplifying the computations. That is, all initial state and control cells are replaced by the center-point of the appropriate state or control cell, respectively. It was
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possible to explore more points in each cell and then assign a mean value to the corresponding initial state (Pagni et al., 1993). *



*



tm represents the maximum simulation time: the simulation runs until the system reaches an adjacent cell to the actual one, or until the simulation time reaches its maximum tm : In such a case this cell is called an invariant one by the application of the considered control level. In other words, the sampling period of the simulation is small enough so that no long Qm jumps between cells are allowed. j¼1 mj presents the simulations done for each state cell.



The procedure is repeated until all cells in the state space have been simulated. *



So two variables are stored for each simulation: the control value, the adjacent Rcell that the system enters T and the criterion value 0 eT e dt that should be optimized.



Other directions of further research are the experimental examination of the behavior of other cell-to-cell techniques that are described and analyzed in Fortuna et al. (1993), Murakami and Maeda (1985) and Pagni et al. (1993). *



Search the minimum criterion quantities, jðk; iÞ represents the costs leading the system from the cell k to the ending adjacent one i; for a speciﬁed applied constant control value. So the optimum gives Jðk; iÞ ¼ min jðk; iÞ:



*



*



In other words, a ﬁrst simpliﬁcation of the results must be done: starting from one cell, one must reach an ending adjacent one with the minimal cost, for a speciﬁed applied constant control value. Next, one constructs a graph G; for which each cell becomes a node of the graph, and each transition from one cell to another becomes a unidirectional arc whose weight is equal to transition’s cost. Each arc is labeled by the control value corresponding to optimal control that leads the system from the start node to the end node of the arc. Consequently, for each transition is associated a pair of constants: the control value and the transition’s cost. Search the control value to drive the system from each cell to any adjacent one. One should take only one transition that yields with the minimal cost (Chen, 1998; Minoux, 1983).



2.2. Optimization by dynamic programming The problem now is to determine the optimal trajectories starting from each cell to the desired cell. This is done by the use of the dynamic programming
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procedure. In fact, every cell can be taken as an initial one; however, the target cell is sole. Therefore, the backward of the dynamic programming consists of beginning from the desired cell and going back on all possible trajectories. The forward of the dynamic programming constructs the optimal trajectories (Bellman and Dreyfus, 1957; Bezine et al., 1998; Hsu, 1985). The next step is to check the optimal trajectories, by starting from cells closed to the desired one, then going back on all the other trajectories. The algorithm is guaranteed to terminate in a ﬁnite number of steps and to ﬁnd the best path Qn from any node to the target node. This generates j¼1 nj 1 rules for the fuzzy logic controller. To get a null static error, another rule should be added. This rule gives the control law in the desired cell by the use of a fuzzy rule equivalent to a classical PID controller, based on empirical observations for the gain adjustments (Bezine, 1998). If nj ¼ N; for j ¼ 12n: the number of rules becomes equal to N n : The algorithm of the optimization of this graph is described as follows: *



*



*



*



Take a null cost for the desired node (that corresponds to the desired cell): JðdÞ ¼ 0: Take an inﬁnite cost for the other nodes: JðiÞ¼ þN; for iad: Start from nodes corresponding to the adjacent cells to the desired one. Search the optimal cost of each cell using the Bellman optimality principle: JðkÞ ¼ mini fjðk; iÞ þ JðiÞg;



where k refers to the considered cell and i refers to the adjacent cells to cell k *



*



jðk; iÞ represents the cost leading the system from cell k to cell i: JðiÞ is the optimal cost for cell i; in order to reach the desired cell. So, the optimum gives a ¼ Arg½min jðk; iÞ þ JðiÞ ;



which represents the adjacent cell to cell k; corresponding to the optimal cost. Then, the cost of cell k becomes JðkÞ ¼ jðk; aÞ þ JðaÞ: The optimal control for cell k is the control label Ug of the arc starting from point k to point a: Thus, the fuzzy rule of cell Ck is described as If ðx is Ck Þ Then ðU ¼ Ug Þ: 2.3. Illustration example Consider a second-order numerical system, deﬁned by the dynamic equation: y. þ 2y’ þ y ¼ u
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where Y ¼ ½y y



’ T ; is a 2  1 state vector and u is the control system. Each state variable ranges a permissible values which is quantiﬁed into ni intervals, where ni ¼ 3: Letting n ¼ 2 the Q system dimension, the state space is then divided into ni¼1 ni state cells. The control variable u is quantiﬁed into m levels, where m ¼ 9: uAfU1 ¼ 4; U2 ¼ 3; U3 ¼ 2; U4 ¼ 1; U5 ¼ 0; U6 ¼ 1; U7 ¼ 2; U8 ¼ 3; U9 ¼ 4g; yA½3; 3 ; yA½1:5; 1:5 . ’



*



* *



The simulation procedure is described as follows. Step 1: Apply to the system consecutively a constant input given by each control level. The simulation runs and for each cell m simulations must be done, and this procedure was repeated until all cells in the state space have been simulated. In each case are stored the control value, the adjacentRcell that the system enters T and the criterion value 0 uT u dt that should be optimized. Consider for example the state cell L12 ; as illustrated in Fig. 1(A). One can remark that starting from this cell, the system reaches the two adjacent cells L22 and L13 by means of 4 transitions (i.e., arcs), respectively, fU6 ; U7 g from L12 to L22 and fU8 ; U9 g from L12 to L13 : In fact for U ¼ fU1 ; U2 ; U3 ; U4 ; U5 g; the state
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cell L12 is an invariant cell, where U1 ; U2 ; U3 ; U4 ; U5 refer to the 1st, 2nd, 3rd, 4th and 5th quantized values associated to the control variable u respectively. It should also be clear that each transition is labeled by a pair of constants: the control level and the cost of energy. * Step 2: Minimize the criterion quantities, i.e., starting from one cell, one must reach an ending adjacent one with the minimal cost of energy. As illustrated in Fig. 1(B) only one transition from L12 to L22 is remained, because it had the minimum cost of energy J ¼ 3:934: * Step 3: Next, one constructs a graph G; for which each cell becomes a node of the graph, and each transition from one cell to another becomes a unidirectional arc whose weight is equal to transition’s cost. Each arc is labeled by the control value corresponding to optimal control that leads the system from the start node to the end node of the arc (see Fig. 2). * Step 4: The next procedure consists of the simpliﬁcation of the precedent graph by dynamic programming. In other words, to drive the system from each cell to the desired one Cd ; one should take the control value that yields the minimal costs, as illustrated in Fig. 3. The algorithm is guaranteed to terminate in a ﬁnite number of steps and to ﬁnd the best path from any node to the desired one Cd ; provided that such a path exists. At the end the graph is a tree and there exists a unique path from every node to the desired cell. The states, along with the control variables, deﬁne the premises and consequents of the fuzzy rule base. So, we are proposing a two-premise and one consequent
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L 11 →L12 : (U 6, 0.446). L 12 →L22 : (U 6, 3.934). L 12→L 13 : (U 8, 2.630). L 13 →L12 : (U 3, 1.279). L 13 →L23 : (U 6, 1.953). L 21 →L22 : (U 5, 0.004). L 22 →L12 : (U 5, 0.000). L 22 →L32 : (U 6, 0.554). L 23 →L22 : (U 5, 0.004). L 31 →L21 : (U 4, 1.953). L 31 →L32 : (U 7, 1.279). L 32 →L31 : (U 2, 2.630). L 32 →L22 : (U 4, 3.934). L 33 →L32 : (U 4, 0.446).



L 32
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Fig. 1. (A) Result simulations without simpliﬁcation of the secondorder system. (B) Optimized results of the second-order system.



Fig. 2. Graphical representation of the optimized results of the second-order system.
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The main idea consists of reducing the obtained fuzzy rule base. This is done by the use of the boolean reduction approach, or by a decoupling approach giving local smaller fuzzy controllers.
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L 11 →L12 : (U 6, 0.446). L 12 →L22 : (U 6, 3.934). L 13 →L23 : (U 6, 1.953). L 21 →L22 : (U 5, 0.004). L 23 →L22 : (U 5, 0.004). L 31 →L21 : (U 4, 1.953). L 32 →L22 : (U 4, 3.934). L 33 →L32 : (U 4, 0.446).
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Fig. 3. Optimal costs graph of the second-order system.



structure. The general structure of the rules is given below: If fðy is A1 Þ and ðy’ is A2 Þg Then fu is Bg:



3. Reduction of the fuzzy rule base Referring to the last section, it is clear that the number of Qnfuzzy rules of the obtained fuzzy controller is equal to j1 nj , which is very high. Then, the implementation for such a controller requires a large computation time for each step time in order to compute the appropriate control value to be applied to the system. In such a case, the delay resulting from the control computation becomes large. It leads to great perturbation on the system operating and it always yields an unstable dynamical behavior of the considered system. Consequently, a reduction of the large fuzzy rule base is required. In this context, one can easily verify the following: *



*



*
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There are some rules that have no meaning. But the compromise between a small rule set and an accurate one is addressed in the information theory reduction rule base. To apply this approach in the fuzzy context, the existence of a minimum cost expression for each candidate rule set must be assumed (Rovatti et al., 1995). There are some groups of rules that can be replaced by only one rule for each group. The quantiﬁcation of fuzzy sets can be reconsidered for giving a less number of fuzzy sets and consequently less rules. So, dense rule bases should be reduced so that only the minimal necessary number of rules remains, still containing the essential information in the original fuzzy rule base (Bezine, 1998; Chen, 1988; Kang, 1993).



3.1. Boolean reduction approach The rule combination criteria proposed by Lin and Lee (Rovatti et al., 1995), is a ﬁrst proposal for rule set minimization. In fact, the strong link between fuzzy preconditions and boolean expressions explains and greatly generalizes the Lin–Lee criteria. This link is based on some properties that are common to boolean and fuzzy logic operators. As the notion of fuzzy sets is a generalization of the classical subsets, we attempt to introduce some operations on fuzzy sets that are equivalent to those applied to the boolean logic approach. The technique is applied to the fuzzy identiﬁcation of nonlinear systems. It consistently reduces the number of rules and facilitates the application of further optimization interventions. In this context, we are dealing with an efﬁcient minimization methodology that is based on boolean logic-synthesis methodology. If some assumptions can be made on the fuzzy inference procedure, a cheaper expression for a given rule set is found by means of purely structural transformations ensuring strict equivalence with the original rule set. 3.1.1. Definitions and properties Given a fuzzy set of elements in the universe X ; mF ðxÞ : X /½0; 1 denotes its membership function. The membership function of a fuzzy set deﬁnes also the truth value of the corresponding membership predicates; T½xAF ¼ mF ðxÞ; where T½ is the operator associating a proposition with its truth value. Consistent with this deﬁnition, union, intersection and fuzzy logical connectives are deﬁned using real functions. A broad class of models for these functions is formed by triangular norms (t-norm: min) and triangular conorms (t-conorms: max). Thus, union and intersection for fuzzy sets as well as conjunction ð4Þ and disjunction ð3Þ for fuzzy membership predicates are commonly deﬁned as follows: mðF -GÞðxÞ ¼ minðmF ðxÞ; mG ðxÞÞ ) T½p4q



¼ minðT½p ; T½q Þ; mðF -GÞðxÞ ¼ minðmF ðxÞ; mG ðxÞÞ ) T½p3q



¼ maxðT½p ; T½q Þ: The concept of fuzzy implication and fuzzy rule is of central interest to this approach. We restrain the ﬁeld of our deﬁnitions to the simple case of a precondition implying the membership of a variable in a certain fuzzy set.
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3.1.2. Problem formulation We may state the optimization problem as follows: Given a set of expressions involving t-norm and tconorm, seek a set of equivalent t-norm and t-conorm expressions entailing the minimum number of union and intersection operators. In fact, the evident analogy between the union–intersection expression minimization problems has deeper roots and can be formalized in a precise mapping between a fuzzy rule set and a set of classical logic expressions. Given a fuzzy system with n input linguistic variables (x1 ; x2 ;y, xn ) such that xi has kj labels, a fuzzy rule is said to be atomic if and only if it has the format ! kj n ^ ^ xi AXij ) Y : j¼1



i¼1



Consider the fuzzy inference system, having the fuzzy rule base R; containing n rules. For each linguistic variable xi ; we associate the set of labeled etiquets Aij also called fuzzy predicates. Then for every fuzzy predicate Aij a boolean variable Pij is associated. If Xi ¼ fXi1 ; Xi2 ; y; Xik g is the label set of the input linguistic variable xi ; pij is the membership predicate and Pij is the corresponding boolean variable, then we have " # ki _ pij ¼ 1; T



The output linguistic variable ðyÞ has two labels (Y1 and Y2 ). The fuzzy rule base of the fuzzy inference system may be written in the following form: R1 : If ðx1 is X11 Þ and ðx2 is X21 Þ Then y ¼ Y1 ; R2 : If ðx1 is X12 Þ and ðx2 is X21 Þ Then y ¼ Y1 ; R3 : If ðx1 is X13 Þ and ðx2 is X21 Þ Then y ¼ Y1 ; R4 : If ðx1 is X11 Þ and ðx2 is X22 Þ Then y ¼ Y2 ; R5 : If ðx1 is X12 Þ and ðx2 is X22 Þ Then y ¼ Y2 ; R6 : If ðx1 is X13 Þ and ðx2 is X22 Þ Then y ¼ Y1 : Given this rule set, we are seeking for the optimum representation of the boolean incompletely speciﬁed functions g1 and g2 associated to each input linguistic variable. The optimum representation of g1 can be mapped back into the two fuzzy rules by combining the three fuzzy rules R1 ; R2 and R3 : R1 : If ðx1 is X11 Þ and ðx2 is X21 Þ Then y ¼ Y1 ; R2 : If ðx1 is X12 Þ and ðx2 is X21 Þ Then y ¼ Y1 ; R3 : If ðx1 is X13 Þ and ðx2 is X21 Þ Then y ¼ Y1 :



j¼1



which maps to its boolean counterpart: ki X



Pij ¼ 1:



j¼1



By means of the fuzzy-to-boolean mapping, the optimization task is translated into the domain of classical logic expressions, where a proper boolean incompletely speciﬁed function g deﬁnes equivalence between the two logic expressions. In fact, for each input variable xi ; a proper Boolean incompletely speciﬁed function g is associated that corresponds for each boolean variable Pij its boolean value 1, 0, -. Note: -={0, 1}. The optimization task of the fuzzy rule set R includes the minimization of each improper function gi using the boolean algorithm (Bezine, 1998; Rovatti et al., 1995). This method can be developed further as the construction of totally new rules instead of the ones in the original rule base and still representing the information in the original one. As a matter of fact, these new rules are less in their number. 3.1.3. Illustration example Consider the fuzzy logic controller, with two-input linguistic variables (x1 and x2 ) having, respectively, three and two labels (X11 ; X12 ; X13 and X21 ; X22 ).



This leads to If½ðx1 is X11 Þ or ðx1 is X12 Þ or ðx1 is X13 Þ and ðx2 is X21 Þ Then y ¼ Y1 : Consequently, R1 : If ðx2 is X21 Þ Then y ¼ Y1 ( R6 : If ðx1 is X13 Þ and ðx2 is X22 Þ Then y ¼ Y1 R1 : If ðx2 is X21 Þ Then y ¼ Y1 : Therefore, R2 : If ðx1 is X13 Þ Then y ¼ Y1 : Hence the optimum representation of g1 can be mapped back into the two fuzzy rules: R1 : If ðx2 is X21 Þ Then y ¼ Y1 and R2 : If ðx1 is X13 Þ Then y ¼ Y1 : In addition, the optimum representation of g2 can be mapped back into the following fuzzy rule: R3 : If ðx1 is X11 or x1 is x2 Þ and ðx2 is X21 Þ Then y ¼ Y2 :
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Hence, the global optimization procedure reduces the original rule set to
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K pi



R01 : If ðx2 is X21 Þ Then y ¼ Y1 ; R02 : If ðx1 is X13 Þ Then y ¼ Y1 ; R03 : If ðx1 is X11 or x1 is X12 Þ and ðx2 is X21 Þ



+



-



ui



Then y ¼ Y2 :



qi



τi S.Si



qi



-



3.2. Decoupling approach For a while, the problem of the robot manipulators control caused by their nonlinear dynamics was mitigated by the fact that they were highly geared, thereby strongly reducing the interactive dynamic effects between links (Lee, 1990; Pagni et al., 1993). The analysis of the model equations shows a high coupling between the arms of the robot manipulator and several techniques are designed for the decoupling task, such as feedback linearization design (Altrock et al., 1994; Franklin et al., 1991). In order to reduce the interactive dynamic effects between the links of the robot manipulator, we are thought to use a local proportional derivative loop (PD loop, see Fig. 4).



Local P.D. control loop



K di Fig. 5. Local PD control loop.



In other words, the system is divided into n subsystems, where n is the number of links of the robot manipulator. This choice is deduced from the fact that if one applies any control to system i; sub-system j oscillates in its considered cell and could not leave it. In order to reach this assumption, for each subsystem, a local loop is inserted. It consists of the use of a proportional derivative controller, as illustrated in Fig. 5. Then the control torques can be expressed by ti ¼ ui  Kpi qi  Kdi q’ i :



S.S1



Interactive



Thus, this gives a new control ui ; (Kpi and Kdt are strictly positive constants). An alternative way of implementing the local proportional derivative loop is used: the coefﬁcients Kpi and Kdi have been adjusted depending on the error in the measured angular evolution ei ¼ qi qdi and each sub-system dynamics such as overshoot and rise time ði ¼ 1; 2Þ (Murakami and Maeda, 1985; Tang and Mulholland, 1987).



effects



S.Sn



ð1Þ



S.S2



4. Application to the control of robot manipulators 4.1. A two degrees of freedom robot



S.Si



Fig. 4. Interactions between the different sub-systems of the robot manipulator.



Robot manipulators are familiar examples of trajectory-controllable mechanical systems. However, their nonlinear dynamics present a challenging control problem, since traditional linear control approaches do not easily apply (Sugeno and Kang, 1988; Takagi and Sugeno, 1985; Vachtsevanos et al., 1993). Consider for instance, a planar, two-links, articulated manipulator whose position can be described by a 2  1 vector q of joint angles, and whose actuator inputs
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Fig. 7. Fuzzy logic control loop.



4.2. Automatic design of a fuzzy logic controller of a two degrees of freedom robot



Fig. 6. Two-links robot manipulator.



consists of a 2  1 torque vector t applied to the manipulator joints, as illustrated in Fig. 6. The dynamics of this simple manipulator are strongly non linear, and can be written in the general form HðqÞ  q. þ Cðq; qÞ ’  q’ þ GðqÞ ¼ t;



ð2Þ



where ‘‘HðqÞ’’ is the 2  2 manipulator inertia matrix (that is symmetric, positive, deﬁnite and uniformly bounded), ‘‘Cðq; qÞ ’  q’ ’’ is a 2  1 vector of centripetal and coriolis torques with Cðq; qÞ ’ a 2  2 matrix and ‘‘GðqÞ’’ is a 2  1 vector of gravitational torques. The articulated architecture of the robot manipulator presupposed that the following of a desired trajectory is not a simple problem. In fact, it needs the coordination of its two links not only in terms of positions, but also in terms of velocities. More details concerning the mathematical model of such manipulator are detailed in Slotine and Li (1991). Referring to Fig. 6, mi ; Ii ; Li ; and Lci indicate the mass of the arm i; its inertia moment with respect to its relative gravity center, its length and the distance between its proper axis and its gravity center.



The aim of the fuzzy logic control of the system is to reset the angular positions q1 and q2 from every position to the desired one, speciﬁed in our case by qd ¼ ½q1d q2d T ¼ ½901 01 T : If each state variable i is divided into ni ¼ 5 cells, one obtains 54=625 fuzzy rules. The general structure of the rules is Ifðq1 is Ai1 Þ and ðq2 is Ai2 Þ and ðq’ 1 is Bi1 Þ and ðq’ 2 is Bi2 Þ Then ðt1 ¼ C1i Þ and ðt2 ¼ C2i Þ: If the system reaches the desired cell Cd ; where there is no rule, a PID controller is inserted in the fuzzy logic control loop, by adding the following rule, as shown in Fig. 7: Ifðq1 is Ad1 Þ and ðq2 is Ad2 Þ and ðq’ 1 is Bd1 Þ and ðq’ 2 is Bd2 Þ Then ðt1 ¼ uPID1 Þ and ðt2 ¼ uPID2 Þ; 



Z 



with uPID1 ¼ kp1 e1 þ ki1 e1 dt þ kd1 e’1 and 



Z uPID2 ¼ kp2 e2 þ ki2 e2 dt þ kd2 e’2 ; where ei ¼ qid  qi and e’i ¼ q’ id  q’ i ¼ q’ i . Simulation results are presented in Figs. 8A and B. The ﬁrst one depicts the evolution of q1 for different initial conditions varying between 01 and 1801: q1 ð0Þ ¼ f01; 301; 601; 901; 1201; 1501; 1801g and q2 ð0Þ is ﬁxed to 01. Fig. 8(B) shows that the evolution of q2 ; q1 ð0Þ is ﬁxed



H. Bezine et al. / Engineering Applications of Artificial Intelligence 15 (2002) 401–416



Table 1 Example of rules set minimization for the case of the boolean two-links robot manipulator control
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reconsidered for giving a less number of fuzzy sets and consequently less fuzzy rules. It is physically clear that a joint proportionalderivative PD controller, based on the local measurements of position errors and joint velocities, will achieve the desired position control task. However, the nonlinear dynamics robot caused by the interactive dynamic effects between links present a challenging control problem. For a while, the presented difﬁculty for the case of the use of traditional controllers (PI or PID) was inﬂuenced by the fact that the robot manipulator is highly coupled, thereby strongly reducing the interactive dynamic effects between links (Slotine and Li, 1991; Wang and Mendel, 1992).
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Fig. 8. Simulation results of the fuzzy control of the two-links manipulator. Continued lines refer to the ﬁrst link ðq1 Þ: Interrupted lines indicate the second link ðq2 Þ: (A) For different initial conditions of q1 : (B) For different initial conditions of q2 :



to 901. The values of the initial conditions of q2 are q2 ð0Þ ¼ f901; 601; 301; 01; 301; 601; 901g: One can remark, for the different initial conditions q1 ð0Þ and q2 ð0Þ of the two joint links of the robot manipulator, shown by Figs. 8A and B, that the angular position q1 and q2 reached the desired targets deﬁned by q1d ¼ 901 and q2d ¼ 01; with null speeds. A signiﬁcant improvement is, therefore, achieved via the added rule, by means of the PID controller. The obtained rule base is much too large (625 fuzzy rules); this is due to the quantiﬁcation of the state space. One can obtain a smaller rule base size if we choose a lesser number of cells for each state variable, but this choice will affect the simulation performances. As we have mentioned previously, the quantiﬁcation can be



4.3. Boolean reduction of two degrees of freedom robot fuzzy logic controller Referring to the last section, it is clear that the obtained fuzzy rule base with 625 rules has a very large scale. In this context, we are interested in reduction of the obtained fuzzy rule base, by using the boolean approach, to control the two-links robot manipulator. The extracted fuzzy rule base contains 160 rules. Given the rule set (R1 to R5 ) as shown in Table 1, the applicability of the boolean minimization procedure involves only one rule. R01 ; where R01 : Ifðq1 is A11 Þ and ðq2 is A12 Þ and ðq’ 1 is B11 Þ Then ðt1 ¼ C11 Þ and ðt2 ¼ C21 Þ: As already mentioned in Section 4.2, the general structure of the rules for the case of the robot manipulator is as follows: Ifðq1 is Ai1 Þ and ðq2 is Ai2 Þ and ðq’ 1 is Bi1 Þ and ðq’ 2 is Bi2 Þ Then ðt1 ¼ C1i Þ and ðt2 ¼ C2i Þ: For each input linguistic variable, we have associated ﬁve labels. One can remark that the labels associated to
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Table 2 Evaluation of the different criteria for the case of the boolean two-links robot manipulator control, for the trajectory obtained, with the initial conditions qð0Þ ¼ ½01 01 T and qð0Þ ’ ¼ ½01 01 T
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Fig. 9. Simulation results of the fuzzy logic boolean control of the two-links manipulator. Continued lines refer to the ﬁrst link ðq1 Þ: Interrupted lines indicate the second link ðq2 Þ: (A) for different initial conditions of q1 : (B) For different initial conditions of q2 :



the input variable q’ 2 change from one rule to another, so the boolean minimization procedure of the rule set (R1 to R5 ) leads to only one rule: R01 , where the input variable q’ 2 is absent. In fact, the premise related to the input variable q’ 2 is replaced by the ‘‘don’t care state’’ (). This method can be developed further as the construction of totally new rules instead of the ones in the original rule base, and still representing the information in the original one. As a matter of fact, these new rules are less in their number: 160 instead of 625 fuzzy rules. The main disadvantage of this reduction boolean methodology is that a manual and extremely heavy procedure of minimization is necessary. The same simulation procedures are applied for this case. For



Complete fuzzy logic rule base (625 rules)



Reduced fuzzy logic rule base: boolean approach (160 rules)
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10.0554 16.9000



the same initial conditions of the two-links robot manipulator taken previously, for the case of the fuzzy logic controller (625 fuzzy rules); as shown in Figs. 9A and B, where the evolution of the angular position q1 and q2 are presented, respectively. We observe in Fig. 9A that the joint torque of the ﬁrst limb reached its desired position deﬁned by q1d ¼ 901: The values of the initial conditions of q1 are q1 ð0Þ ¼ f01; 301; 601; 901; 1201; 1501; 1801g: We can also remark from Fig. 9B that the joint torque of the second limb reached its desired position deﬁned by q2d ¼ 01: For this case, different initial conditions are taken: q2 ð0Þ ¼ f901; 601; 301; 01; 301; 601; 901g: It is clear that the controller performances present a slight decrease for the case of the boolean approach. In fact the rate of evolution of the angular positions q1 and q2 is better for the previous case. Moreover, some oscillations appear in the case of the boolean approach, and q2 is faster for the previous case (625 fuzzy logic rules). This is due to the minimization of the number of fuzzy rules. In addition, we remark an increase of the overshooting in the case of boolean fuzzy control (Figs. 8A and 9A). To compare these results with those obtained from the use of the automatic designed fuzzy controller (625 fuzzy rules) obtained earlier, we propose to compute the following criteria for the initial conditions qð0Þ ¼ ½01 01 T and qð0Þ ’ ¼ ½01 01 T , showing the performances of the obtained controllers: R * J = (|t |+|t |) dt, 1 2 R 1 * J = (|t2|+|t2|) dt. 2 1 2 The obtained criteria for the two cases are presented in Table 2. Comparing with the case of the automatic designed fuzzy logic controller (625 fuzzy rules), one can observe a decrease of the two energy criteria for the case of the boolean reduced fuzzy controller (160 fuzzy rules). In fact, the relative error cost related to the energy criteria ðJ1 2J2 Þ decreases for the case of the boolean fuzzy control: it was about 1.2%. Referring to Table 2, it is clear that the reduced fuzzy logic controller gives slightly better results. This can be explained by the fact that the complete fuzzy logic
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controller gives sub-optimal solutions. Then any variation could give better or worse results. In addition, one can predict automatically that the decrease of the energy criterion leads to an increase of the error criterion. This is due to the compromise between the optimization of error criterion and optimization of energy criterion. Consequently, one can assume that, despite of the slow rate of the resolving procedure of the boolean approach, we have obtained satisfactory results. Though, the boolean reduction approach based on fuzzy-to-boolean relationship, allowing the minimization of a given set of fuzzy rules, has heavy manual computing, we have attained acceptable results in our application to the two degrees of freedom robot manipulator, in which a 25% of reduction in number of fuzzy rules is achieved. It must be noted that the rule base obtained after reduction (160 fuzzy rules) is not a readable one, because such fuzzy rule may have different structure comparing to the initial one as shown in the illustration example (Section: 3.1.3). In fact, the absent label of an appropriate linguistic variable in such obtained fuzzy rule base can be replaced by the ‘‘don’t care’’ state. Consequently, an accurate fuzzy rule semantic deﬁnition, based on triangular norms and conorms, has been presented and its properties exploited to establish a strong link between boolean expression and fuzzy rule manipulation.



4.4. Fuzzy logic controllers for the decoupled two degrees of freedom robot Observing Figs. 5 and 8, it is very important to note that if the arm j is in its desired cell, it oscillates in its cell for any variation of the arm i; ðiajÞ: This leads to the fact that the two arms are weakly coupled, and consequently one can consider each arm independent from the other, yielding smaller automatic designed fuzzy logic controller. This is due to the introduction of local proportional derivative loops giving less coupling between the robot arms. Thus, the task of fuzzy logic control is similar to that in the previous section: moving from every position to a given ﬁnal one given by q1d ¼ 901 for the ﬁrst subsystem and q2d ¼ 01 for the second one. The same procedure is also applied for generating the two fuzzy logic rule bases. Each state variable i of sub-system j ranges a permissible set of permissible values that is quantiﬁed into nij ¼ 5 intervals. Q2The state space of sub-system j is then divided into i¼1 nij state cells, that is to say 25 cells. Let us denote uj as the control variable for each subsystem ðj ¼ 1; 2Þ: The control space is also divided into mj control cells (each control variable j is quantiﬁed into mj intervals). The criterion cost that should be optimized
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Fig. 10. Fuzzy logic control loop of the decoupled two-links robot manipulator.



R is e2j dt: Every state can be viewed as an initial cell, but the desired cell is sole. The general structure of rule for the sub-system j is given by Ifðqj is Aij Þ and ðq’ j is Bij Þ Then ðuj ¼ Cji Þ: For each desired cell, we consider a PID controller, by adding the rules Rdj for the fuzzy controller of subsystem j: The controlled system is presented in Fig. 10. Rdj : Ifðqj is Adj Þ and ðq’ j is Bdj Þ 



Z t ej dt þ kdj e’j : Then uj ¼ kpj ej þ kij 0



Simulation results are presented in Figs. 11A and B. Comparing Figs. 8B and 11B, we note that the rate of evolution of the angular position q2 is slightly better for the case of the automatic designed fuzzy logic controller (625 fuzzy rules). The observation of Figs. 11A and B yields that the obtained results present good performances and the dynamical behavior of each arm is aperiodic. Moreover, each arm reaches its desired position practically independent from the other arm. In other hands we are reducing the large scale fuzzy logic rule base from 625 to 25 fuzzy rules for each controller, controlling each sub-system (link) of the robot manipulator. To check the performances of the use of the decoupling approach, we compute the different criteria considered previously, as shown in Table 3.
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Fig. 12. Three-links robot manipulator.
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Fig. 11. Simulation results of the two-links decoupled model. Continued lines refer to the ﬁrst link ðq1 Þ: Interrupted lines indicate the second link ðq2 Þ: (A) For different initial conditions of q1 : (B) For different initial conditions of q2 : Table 3 Evaluation of the different criteria for the case of the decoupling twolinks robot manipulator control, for the trajectory obtained, with the initial conditions qð0Þ ¼ ½01 01 T and qð0Þ ’ ¼ ½01 01 T
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We observe a decrease of the values related to the cost of energy. This fact is due to the minimization of the interactive dynamic effects between the two-links of the robot manipulator, yielding less coupling between the robot arms.



For the decoupling approach, the tuning of the local PID, considered for the two sub-systems, is related to the experiment conditions, precisely to the two-link initial angular positions and the desired ones. 4.5. Fuzzy logic controller for a decoupled three degrees of freedom robot The approach used for the case of the two-links robot manipulator can be extended to the case of a three-links robot manipulator, as illustrated in Fig. 12. The aim of the fuzzy logic control of the system is to reset the angular positions q1 ; q2 ; and q3 from every position to the desired one, speciﬁed in our case by q1d ¼ 901; q2d ¼ 01 and q3d ¼ 01: The same procedure is also applied for generating the fuzzy logic rule bases. For this case, we have three subsystems and for each one, a local PD control loop was implemented, as mentioned earlier. The adjustment of the parameters Kpi and Kdi depends on the error ei in the measured angular position for each sub-system ði ¼ 1; 2; 3Þ; where ei ¼ qi  qid : In fact, we had tuned the parameters Kpi and Kdi based on empirical observations and each sub-system dynamics, each state variable i of sub-system j ranges a
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Similar to the case of the fuzzy logic control of the two-links robot manipulator, the angular position q1 ; q2 and q3 reached the desired position, deﬁned by q1d ¼ 901and q2d ¼ q3d ¼ 01; for the case of the threelinks robot manipulator. Observing Fig. 14, it is well evident that the implemented decentralized controllers applied to the three-links robot manipulator yield good performances. If the state of the arm j is around its desired position, it remains in its desired cell, when the other arms reach their desired cells. Moreover, the dynamical behavior of each arm gives a null overshoot and aperiodic response. Consequently, the decentralization approach merging with the automatic design methodology of fuzzy logic rule base may be used with success to the control of three-links robot manipulator. In fact, one can obtain less number of fuzzy rules: 75 fuzzy rules instead of 56=15625 fuzzy rules when using uniquely the automatic design methodology. In other words, if the number of system inputs increases, the using of the automatic design methodology becomes much more complex and more assumptions must be taken into account (Bezine et al., 2000, 1998).



5. Discussions and conclusions



Fig. 13. Fuzzy logic control loop of the three-links decoupled robot manipulator.



permissible set of permissible values that is quantiﬁed into nij intervals (i ¼ 1; 2 and j ¼ 1; 2; 3). Q2The state space of sub-system j is then divided into i¼1 nij state cells (that is, to say if nij ¼ 5; we obtain 25 cells and consequently 25 fuzzy rules). Moreover, and letting uj the control variable for each sub-system j ðj ¼ 1; 2; 3Þ; the control space is also divided into mj control cells (each control variable j is quantiﬁed into mj intervals). R The criterion cost that should be optimized is e2j dt: Every state can be viewed as an initial cell, but the desired cell is sole. The general structure of rule for the sub-system j is Ifðqj is Aij Þ and ðq’ j is Bij Þ and Then ðuj ¼ Cji Þ: For each desired cell, we consider a PID controller, by adding the following rules for j ¼ 1; 2; 3; as shown in Fig. 13. Rdj : Ifðqj is Adj Þ and ðq’ j is Bdj Þ 



Z t ej dt þ kdj e’j : Then uj ¼ kpj ej þ ki1 0



Simulation results are presented in Fig. 14.



This work is aimed at looking into the automatic design of fuzzy logic control systems, in order to realize the optimal control of non-linear robot manipulator systems. The main contributions of this paper to the ﬁeld are as follows: (a) ﬁrstly, the automatic rule base generation using dynamic programming, precisely, the cell-to-cell generation technique, (b) secondly, the rule base reduction scheme and its application to a two and three degrees of freedom robot manipulator. The proposed design methodology of multivariable systems uses an approximate state space representation of a nonlinear dynamic system to develop the fuzzy rule base. The procedure guarantees optimality in some sense. On the other hand, it is not without some drawbacks: complexity abounds easily as the number of inputs increases. The main purpose of the boolean minimization methodology is that if some assumptions can be made on the fuzzy inference procedure, a cheaper expression for a given rule set is found by means of purely structural transformations, ensuring strict equivalence with the original rule set. The decoupling approach was based on the use of a local proportional derivative loop, in order to reduce the
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Fig. 14. Simulation results of the three-links decoupled model, for different initial conditions q1 ð0Þ; q2 ð0Þ and q3 ð0Þ; for q’ 1 ð0Þ ¼ q’ 2 ð0Þ ¼ q’ 3 ð0Þ ¼ 0 .



interactive dynamic effects between the links of the robot manipulator. In this way, the design task of the fuzzy logic rule base was applied for the case of a three-links robot manipulator. In this context, we found that the decoupling approach, by the use of internal proportional derivative loops, yielding to decentralized and smaller local fuzzy logic controller, gives good performances. Although the decoupling approach performances are lower than the rule generation technique, we opt to use the decentralized approach since it requires less memory and less running time. Current fuzzy control engineering tools promulgate that a fuzzy controller is a non linear input–output mapping function. In fact, one may argue that fuzzy logic forms the basis for implementation of control strategies in the wide sense to include decisions-making or supervisory control. For the case of robots, the controllers are actually a fuzzy supervisor scheme: the fuzzy supervisor determines the state and then gives the



control to a local PID controller. Then the problem is to ﬁnd fuzzy supervisor rules. Compared to the decoupling scheme, it would be interesting to use the decentralized approach rather than the fuzzy supervisor scheme, mainly in order to minimize the time consumption for tuning the PID controllers. For example, the case of the three degrees of freedom, we had to tune 75 PID controllers. An approach merging the concept of fuzzy logic and optimal control by dynamic programming has been developed to add a qualitative reasoning capability to the real-time control of a six degrees of freedom robot manipulator (Yen et al., 1995). This application consists, ﬁrstly, of the modeling and the identiﬁcation of the real robot (GT-5S) of the professional training center of Sakeit Ezzit Sfax, Tunisia. Secondly, we are concerned with an automatic design of a fuzzy logic controller, which is applied to the (GT-5S) robot. In the ﬁrst step, we had identiﬁed the different arm lengths of the robot by the use of the least-squares
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method. In the second step, using the feed-forward neural networks, we had modeled the robot by a neural network, which characterizes its dynamical behavior. An automatic rule base generation method as mentioned previously was applied for the case of the GT-5S robot manipulator. This method consists of the quantiﬁcation of the state and the control space into cells. Then, successive simulations in each state cell were done for each control state. The optimization of these simulation results was done by the use of the dynamic programming, which generates automatically the fuzzy rule base. The result procedures were applied for the numerical neural model of the GT-5S robot manipulator and validated on real experiments. The analysis of these results is detailed in (Gegov, 1996). It is also interesting to investigate the following problem: if a nonminimal reduction has been found, how can further reductions be searched for in a faster way. For this purpose, one may use genetic algorithms, clustering approaches, etc.
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