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Abstract 

This thesis presents novel methods for feedrate optimization and toolpath smoothing in CNC machining. 

Descriptions of the algorithms, simulation test cases, and experimental results are presented. 

Both feedrate optimization and toolpath smoothing are essential for increasing manufacturing efficiency 

while retaining part quality in CNC machining. The application of high-speed machining also necessitates 

the use of high feedrates, and smooth toolpaths which can be safely traversed at high feeds.  

However, problems occur when the feedrate is increased without check. High tracking error in machining 

may cause part tolerance errors. Transient vibrations due to jerky movement can lead to poor part surface 

quality. High speed trajectories may also demand greater torque than what the feed drives are capable of 

producing, which affects the motion controllerôs ability to follow the trajectory correctly. The condition of 

the machine is also a concern, with the potential for damage or excessive wear on the machineôs 

components, if excessive axis velocity or jerk (i.e., rate of change of acceleration) is commanded. 

The feedrate scheduling algorithm developed in this thesis combines linear and nonlinear programming in 

a dual-windowed implementation. Linear programming (which is computationally fast) is used to quickly 

provide a near-optimal guess, based on axis velocity, acceleration, and jerk constraints. The solution is then 

refined through the use of nonlinear optimization. In the latter step, requiring more computations, the 

commanded motor torque and expected servo error are constrained directly, leading to shorter movement 

time. A windowing alignment procedure is presented which allows for these two optimization methods, 

each with different problem constraints and solutions horizons, to work in tandem with one another without 

risking infeasible boundary conditions between the windows. The algorithm is validated in simulation and 

experiment studies. Case studies analyzing the parameters of the optimization algorithm are also presented, 

and the configuration which is most computationally efficient is determined. 

A toolpath generation method is presented in which Euler-spiral pairs are used to smooth sharp corners, 

with an algorithm that integrates directly with the developed feedrate optimization The result is an exactly 

arc-length parametrized, G2-continuous toolpath whose axis derivatives can be computed very efficiently, 

which helps reduce the overall computation time. 

A repositioning toolpath method is also developed to reduce the cycle time of multi-layer contouring 

operations. This method replaces circular arc based repositioning segments between contouring passes 

(commonly used in industry) with a smooth Euler spiral based curve. This avoids tangent and curvature 

discontinuities, allowing for smoother motion with lower velocity and acceleration demands, while also 

reducing the overall motion. The repositioning toolpath has also been integrated with feedrate optimization 

and validated in simulation results.  
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1 Introduction  

In the modern manufacturing environment, a significant amount of research and development has been, and 

continues to be, dedicated to one of the most fundamental goals: increasing the overall throughput of 

manufacturing. Manufacturing processes often include repetitive motions, with the same toolpath being 

executed many times. These processes can benefit greatly from trajectory optimization, as any decrease in 

the motion time will result in an increase in the overall productivity. An additional motivation for fast 

movement is the proliferation of high-speed machining (HSM). Depending on the materials and surface 

quality demands for a part, the spindle speed of the cutting tool may be high to take advantage of potential 

productivity gains. This is especially seen in the machining of aluminum alloys. This, in turn, will require 

high velocities from the feed drives as they move the cutting tool through the workpiece. 

The process of going from a CAD (computer-aided design) model of a part to a finished product presents 

many opportunities for time saving modifications. Once the CAD model is created, CAM (computer-aided 

manufacturing) software is used to generate the trajectory a machine must execute to create that part. The 

computer numerically controlled (CNC) machine's controller converts this trajectory into command signals, 

which are applied to the feed drive control loops of the machine. The motors then execute the given 

commands to move the cutting tool along the part. 

In this thesis, time saving options are explored for planning the trajectory of the machine, which is defined 

by the toolpath (geometry) and the feedrate (tangential velocity profile of the tool as it moves along the 

toolpath). While reducing the motion time, it is important to retain the final dynamic tool positioning 

accuracy, and to ensure that the trajectory is within the physical actuation capabilities of the servomotors. 

The ótoolpathô in the context of CNC machining is the geometric path which the cutting tool must follow 

to produce the final part shape. The toolpath is typically generated using CAM software, which analyzes 

the geometry of the target CAD model, as well as the material blank from which it will be cut, and 

determines how the tool must travel to produce the target part. Reductions in machining time can be 

obtained by modifying this toolpath, provided the resulting geometry remains within the specified 

tolerances. One such modification is to smoothen the toolpath and eliminate sharp corners when allowable. 

This allows for faster traversal of the path. Potential inaccuracies may also occur during the execution of 

the trajectory by the machineôs feed drives, which when combined with the toolpath modification, may 

violate the part tolerances. These factors must all be considered if changes to the toolpath are to be made. 

The toolpath will also likely contain repositioning segments ï movements made by the tool in which no 

cutting is performed but rather the tool is moved from the end of one cut to the beginning of the next. The 

toolpath may be modified more liberally in these sections, provided the modification does not cause a 
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collision, and thus they can be replaced with a new shorter or smoother path for the machine to execute 

more quickly. 

Another potential and important modification is to the feedrate (also referred to as ófeedô). To reduce the 

time taken to machine a part, it is desirable to increase the feedrate as much as possible without damaging 

the machine or the part. While many machining operations require a constant feedrate during cutting (such 

as when removing large amounts of material at once), some operations allow for a variable feedrate 

(finishing operations, and operations in which the forces on the cutting tool are lower in general). These 

operations may benefit from feedrate optimization, which is the scheduling of the feed to allow higher speed 

progression when the part geometry, the cutting process, and especially the dynamic response of the 

machine tool allows. 

The feedrate optimization should solve the variable feedrate throughout the cutting operation to minimize 

the machining time while maintaining the dimensional accuracy of the resulting part and avoiding any 

overloading or damage to the machine. The nature of the problem depends on the selection of the 

optimization constraints, and the computational method selected to optimize the feedrate while enforcing 

these constraints. For a constraint to be used in an optimization routine, it must accurately reflect the 

dynamic response which affects the part quality or machine operation, and must be predictable given 

trajectory candidate. The numerical optimization routine must be selected which can accurately and 

efficiently solve the problem posed by the constraints. 

In this thesis, the following novel contributions are made: 

¶ A new feedrate scheduling algorithm is developed and proposed, in which two optimization algorithms 

(linear and nonlinear programming) are combined into a forward-looking windowed solution. The 

advantages of each type of optimization are combined to reduce the cycle time of a machining 

operation, without requiring excessive computation time. The final generated trajectories have the servo 

tracking error and motor torque demand constrained directly, in order to ensure the part accuracy and 

to prevent overloading and potential damage to the machine. Simulation and experimental test cases 

are presented. 

¶ A novel toolpath smoothing method is developed using Euler spiral pairs which integrates seamlessly 

with the proposed feed optimization algorithm. The Euler spiral pairs yield a G2-continuous (i.e., twice 

differentiable), exactly arc-length parametrized toolpath. To significantly reduce the computational 

load, the algorithm can compute the axis geometric derivatives, needed by the feed optimization, 

without having to numerically integrate the coordinates for the constraint evaluation points. 
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¶ An Euler-spiral based layer transition toolpath has been developed and integrated with the proposed 

feedrate optimization. This algorithm applies specifically to multi-layer contouring operations with 

repositioning between the layers. The proposed Euler spiral-based G2-continuous toolpath can be 

traversed without substantial slowdowns, in comparison to using in-layer circular arc-based transitions, 

which is the common industrial practice. 

Following this introduction (Chapter 1), the literature review is presented in Chapter 2. Chapter 3 describes 

the dual windowed LP+NLP feedrate optimization method and provides simulation and experimental 

implementation results. Chapter 4 provides details on numerical considerations when configuring and 

implementing the LP+NLP algorithm. Chapter 5 describes the developed toolpath corner smoothing and 

layer transition techniques, and includes simulation and experimental results. The thesis conclusions and 

future work recommendations are presented in Chapter 6.  
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2 Literature Review 

2.1 Introduction  

The first CNC machine tools were developed in the 1950s, with machines that could reproduce motions 

recorded on punch card programming systems and with rudimentary feedback control implementation [1]. 

Due to the limited computational technology of the time, generation of advanced trajectories using a 

computer system was not possible.  

Modern machining applications demand significantly greater speed and precision. These operations require 

much higher spindle speeds and feedrates, which in turn necessitates advanced strategies for numerical 

control. Industries such as aviation, biomedical, and automotive part manufacturing require a machine tool 

which can manufacture freeform toolpaths within very tight tolerances of dimensional accuracy and surface 

quality. High-speed high-accuracy machine tools require trajectory generation methods that can accurately 

command smooth and high-speed movements within the capabilities of the machine tool. A significant 

amount of research has been performed, in the context of both robotics and machine tools, to generate 

algorithms which can produce such trajectories. 

Minimum-time motion problems for industrial motion control have been studied for over 50 years. Early 

research focussed on robotic arms. In 1969, Kahn and Roth studied time-optimal control of a robotic 

manipulator [2]. This process optimized the traversal between two points (i.e., point-to-point motion), 

without considering the specific path taken by the machine between points. In 1985, Bobrow et al. studied 

the problem of a robotic manipulator moving along a designated path in the minimum possible time, without 

exceeding the torque limitation of the motors [3]. In modern manufacturing, there are many options for 

time-optimal trajectory planning. In this research, the specific case of CNC machines is studied. 

 

2.2 Smooth toolpath planning 

For the machining time to be optimal, the toolpath must be smooth. Discontinuities in the toolpath, such as 

sharp corners or sudden changes in curvature, would require the machine to slow down significantly or stop 

completely. If a machine tool were to continue through a sharp corner at a constant speed, this would 

produce a discontinuous velocity profile, and thus, an unbounded acceleration profile. These sudden high 

accelerations would exceed the capacities of the feed drive motors and would likely produce huge 

vibrations, which could damage the machine and have significant negative effect on the quality of the 

resulting part.  

Thus, the toolpath must be modified to eliminate these corners, while still following the original toolpath 

within a specified tolerance. 
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CNC machine tools are capable to traversing between commanded positions using different path 

descriptions, which are covered by different interpolation methods. For example, linear interpolation is the 

simplest movement type ï in which all intermediary points between the starting and destination point form 

a straight line. This mode is used for machining straight edges. While linear interpolation allows for easy 

calculation, it also creates corners at which toolpath geometric derivatives are not continuous (Figure 2-1a). 

If such a toolpath is traversed without commanding low velocities at the corner, it will create large 

fluctuations in the acceleration and jerk during machining, which will induce large servo errors and 

structural vibrations, that are detrimental to the machine part quality and accuracy. 

Circular interpolation allows for the toolpath to be defined as circular arcs ï by specifying the start and end 

points and center of each arc. With this interpolation, discontinuities in direction (i.e. sharp corners) can be 

eliminated. However, discontinuities in curvature will remain, as the curvature profile will be piecewise 

constant. Thus, if such toolpaths are traversed without coming to full stops at the connection points, sudden 

changes in the curvature will result in step changes in the axis acceleration profiles, which are again 

detrimental. 

Advanced Computer Numerical Control (CNC) systems can apply various other and more complex forms 

of interpolation, in particular spline interpolation, which can eliminate the discontinuity problem 

encountered when linear and circular interpolation, is used to replicate toolpaths for freeform part 

machining.  

 

Figure 2-1: Types of interpolation. 

2.2.1 Spline representation of toolpaths 

A method for generating smooth toolpaths, which enable high traverse rates at increased motion control 

accuracy, is spline interpolation. Splines are piecewise functions constructed of several segments, each with 

its own function definition. The boundaries between segments are referred to as ñknotsò. The most common 

type of spline is a polynomial spline, in which each segment is defined by a single polynomial equation. 

These equations are selected such that at each knot, there is continuity in position, direction (i.e., tangent), 

and in many cases higher order derivatives. The most common type of spline, a cubic polynomial spline, 

can achieve the continuity of position, and its first and second derivatives (but is discontinuous in higher 

derivatives). Figure 2-2 shows an example of a toolpath represented with a cubic spline. 



6 

 

 

Figure 2-2: Cubic spline toolpath. [4]  

Cubic spline interpolation is a well-studied interpolation method which has been in use for many years. In 

1985, Huan used cubic splines for a 2nd- derivative continuous toolpath [5]. This eliminates the corners 

seen when using simple linear interpolation. Cubic splines are continuous in (i.e., differentiable up to) the 

second derivative, and bounded in the third, implying that they can also be utilized when a jerk-limited 

trajectory is required. As can be seen from Figure 2-3, with increasing degree of continuity of the motion 

profile, the frequency content of acceleration can be clustered further into the low frequency range, thereby 

enabling even smoother motion with potentially less residual vibrations or servo errors (at the expense of 

requiring increased peak velocity and acceleration magnitudes). Hence, higher-order splines can also be 

used to obtain an increased degree of continuity [6], and enable smooth motion overall [7], [8]. For example, 

Erkorkmaz et al. used quintic splines to represent the toolpath [9] and later Yang and Yuen created corner 

smoothing strategies using quintic splines [6]. 



7 

 

 

Figure 2-3: Effect of derivative continuity. 

 

As a different and more versatile kind of spline parameterization, basis function splines (B-splines) can be 

used to represent either the toolpath or the feed profile of a trajectory. An individual B-spline is made of 

polynomial pieces. Each B-spline is multiplied (or scaled) by a distinct value (the ñcontrol pointò of that B-

spline). A set of B-splines can then be combined by summation into a ñB-spline functionò. Figure 2-4 shows 

an example of B-splines (each in a different colour) and the resulting B-spline function (in black). Note that 

each B-spline occupies only a short portion of the profile. This spline formulation allows for local 

adjustment without affecting the rest of the function, in that changing any control point will affect only the 

portion of the function occupied by its corresponding B-spline. This property is essential for achieving 

numerical efficiency when using a windowed solution (Section 2.3.3). Furthermore, when B-splines are 

used to parameterize the geometry of a toolpath, this property ensures that the instantaneous commanded 

axis trajectory always remains within the convex hull of the three (or more, depending on the B-spline 

order) consecutive control points used to define the local geometry. 
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Figure 2-4: Basis function spline, order 3. 

Figure 2-5 compares a cubic B-spline function (made of cubic B-splines) and a polynomial spline. A 

polynomial spline (Figure 2-5 (b)) will pass through each input point exactly, but it will pass outside of the 

shape created by these points, and depending on the geometry and spacing of the points, the violation may 

be large. A B-spline function (Figure 2-5 (a)) does not pass through each point directly, but is guaranteed 

to stay within the convex hull.  

Some CNC controllers are able to implement B-spline interpolation natively, in which case, the use of B-

spline toolpaths presents an advantage over other types of curves which would need to be computed 

externally and input as discrete points. 

 

Figure 2-5: Comparison between a toolpath using cubic B-splines and a toolpath using a cubic polynomial spline. 

The toolpath may be represented by B-splines of different order. Zhao et al. used cubic B-splines to smooth 

toolpaths with short linear segments in real-time with curvature continuity [10]. Sencer et al. used quintic 

B-splines to optimize curvature for toolpaths composed of straight lines [11]. Lartigue et al. used sets of 

cubic B-splines to machine a complex freeform surface [12].  
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B-splines may also be used to represent the feed profile, such as in [13]. Okwudire et al. used filtered B-

splines to reduce unwanted vibrations during machining [14]. The linear programming (LP) method 

discussed in Section 3.4 uses B-splines to represent the squared feed profile [15], [16], [17]. 

 

NURBS (non-uniform rational B-splines), a modified form of B-splines, include weighting factors for each 

spline segment, giving more precise control of the resulting profile. Liu et al. used NURBS toolpaths to 

reduce feed fluctuations in constant-feed machining [18]. Heng and Erkorkmaz developed a NURBS 

interpolator with the capability to modulate feedrate profile continuously across different toolpath segments 

[19]. Duan and Okwudire generated an optimal cornering curve and then represented it using NURBS [20]. 

Wang et al. used a bisection method to interpolate projections of NURBS curves and surfaces [21]. 

 

Toolpath smoothing may also be performed by filtering commands sent to the machineôs servo controllers. 

Tajima et al. used FIR filtering on velocity commands [22], which was also extended to the five-axis case 

[23]. Sencer et al. also used FIR filtering to generate smoothed toolpaths with limited contour error [11]. 

FIR filtering, in which sudden changes in commanded velocity are smoothed, is used as an option in many 

machine tool controllers for generating smooth trajectories. 

 

2.2.2 Parametrization 

The use of splines to represent smooth toolpaths can be complicated by the preference for arc-length 

parametrization when designing a trajectory. Cubic spline toolpaths are second derivative continuous, but 

are parametrized based on the chord length. Figure 2-6 illustrates the difference between incremental arc 

displacement (Ὠί) and corresponding incremental chord displacement (Ὠό). As can be seen, the chord 

length is not a good approximation of the arc length, and this can cause undesirable fluctuations in the feed, 

when the feed planning is done based on the assumption that they are equal. Furthermore, between the 

connections of spline segments, this also results in feed and acceleration discontinuity. 

 

One solution to this problem is to deliberately design the splines such that they are nearly arc-length 

parametrized. In this context, higher order splines can be used for greater continuity and accuracy in 

parametrization. In 1993, Wang and Yang used quintic splines to create a toolpath which is close to arc-

length parametrized [8]. Another solution may be to quantify the difference between the arc length and the 

spline parameter and compensate for it, such as in the work of Erkorkmaz and Altintas who used a feed 

correction polynomial to represent the relationship between the arc length and the spline parameter [7], 

[24]. A two-step prediction and adjustment method was developed to predict the relationship between path 

parameter and displacement by Chen and Sun [25]. 
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Figure 2-6: Arc displacement compared with chord length.[4]  

2.2.3 Euler spirals 

Euler spirals, also known as ñclothoidsò or ñCornu spiralsò, can be used to create a high-order differentiable 

curve [26]. Euler spirals are parameterized such that the relationship between the arc displacement and the 

curvature is linear by definition, and thus are not subject to minute feed fluctuations caused by variations 

in the relationship between the arc length and spline parameter. ñEuler splinesò or ñclothoid splinesò are 

defined as piecewise combinations of these curves which produce a single resulting profile. Figure 2-7 

illustrates the fundamental geometric shape of an Euler spiral, along with the gradual linear change in 

curvature. 

 

A method of creating clothoid splines to interpolate between points was proposed in 1989 by Stoer [27]. A 

method of using clothoid pairs (two segments connected) was proposed in [28] for use in robot path-

planning. Jouaneh et al. [29] used clothoid segments to generate simple trajectories for 2-D machining. This 

method uses clothoid pairs combined with straight-line segments for combined tool and table movement. 

Walton and Meek [30], [31] developed a method of matching clothoid curves to input polylines (seriesô of 

straight line segments), using symmetrical and asymmetrical clothoid pairs, used in the design of roads, 

railways and vehicle paths. 

 

Shahzadeh et al. developed a method of CNC machine corner smoothing using clothoids [32]. In this 

implementation, multiple clothoid segments are generated per corner and a maximum feed is computed for 

constant-feed machining of the resulting toolpath. Further, Shahzadeh et al. used clothoid pairs to smoothen 

sharp corners in machining [33]. This method uses iteration to create the clothoid that connect to straight 

lines and arcs, by matching the tangent angles and curvatures at the boundary conditions. 

 

A modified 3D generalized clothoid was developed by Xiao et al. [34]. The generated curve is not a clothoid 

by the traditional definition, but still possesses the property of arc-length parameterization. Furthermore, 
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the curve is G3-continuous, whereas the standard clothoid spline (i.e., made up by connecting multiple 

segments) satisfies only G2. 

 

Figure 2-7: Basic shape of an Euler spiral. 

 

Euler spirals have been used extensively in designs of roads and railroads. Eliminating sudden changes in 

the routeôs curvature allows for smooth travel along these paths. Figure 2-8 demonstrates their use in road 

design. The left-hand side of Figure 2-8 shows a straight road connected directly to a curved road.  If a 

vehicle were to travel along this route at a constant speed, it would experience a sudden change in 

acceleration due to the sudden change in road curvature. The right-hand side of Figure 2-8 shows a road 

generated with an Euler spiral. In this case, the acceleration of the vehicle travelling along it would change 

gradually due to the linear change in curvature. 



12 

 

 

Figure 2-8: Example of Euler spirals used in road design. 

 

As shown by Eqs. (3-18) - (3-20) (in the proceeding chapter), the axis kinematic profiles are computed as 

products of axis geometric derivatives, the feedrate, and the derivatives of the feedrate. By ensuring that 

each of these is differentiable, discontinuities will also be avoided in the final axis kinematic profiles. 

The second geometric derivative (ὼ , ώ ) and curvature (ὶ) profiles in Figure 2-8 demonstrate the 

advantages of this shape. If a machine toolôs servo axes are travelling along a path at a constant feedrate, 

the axial velocity is proportional to the tangential velocity and the first geometric derivative ὶ. The axis 

level acceleration is proportional both to ὶ multiplied by the tangential component of acceleration (ί), as 

well as the second geometric derivative, ὶ multiplied by the square of the tangential velocity (ί). The 

linear, continuous shape of the curvature profile prevents any discontinuities in the second derivatives, ὼ  

and ώ . This helps to preserve axis level acceleration continuity (provided that ί is also continuous), and 

thus the axis level jerk can be kept bounded within given limits.  

 

In this thesis, as discussed in Chapter 4, the clothoid has been developed and integrated into the toolpath 

planning, to work seamlessly with the proposed feedrate optimization strategy. The framework for a 2D 

clothoid has been studied and extended into 3-axis, by utilizing tilted planes. Then, the clothoidôs property 

of analytical calculability of the geometric derivatives has been integrated and utilized within the feed 

motion optimization method, also developed in Chapter 3 of this thesis. Afterwards, the use of clothoids 
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has been explored for time-optimal corner rounding within controlled geometric tolerances, as well as 

producing time-optimal tool repositioning paths for multi-layered contour machining applications. 

 

 

2.3 Feed optimization 

Once a smooth toolpath is planned, the profile of feedrate (i.e., tangential velocity) along this toolpath must 

be carefully planned and executed. Traditionally, parts can be machined at a constant feedrate when the 

limiting cutting forces and chip load is of concern, especially in rough machining applications. However, 

when performing finish machining or when tight regulation of cutting forces is not essential, allowing for 

the feedrate to be modulated can make machining more efficient by reducing the overall motion time, 

achieved by travelling faster along the low curvature sections of a toolpath while slowing down during 

complex and high curvature portions. In the computation of a ñminimum-timeò trajectory, factors such as 

the partôs targeted accuracy and surface quality, the machineôs dynamic and kinematic capabilities, and the 

computational time of trajectory optimization, must all be considered and balanced. 

 

Constant feed machining is the simplest choice in which the feedrate remains invariant throughout a cutting 

pass. This approach  was used in earlier trajectory generation algorithms, such as by Fleisig and Spence 

[35]. Erkorkmaz and Altintas generated a jerk-limited profile in which the feed remains constant between 

the acceleration and deceleration transients [36].  

 

On the other hand, optimized feedrate either attempts the minimize the total travel time, or maximize the 

integral (or integral square) of the feedrate as a function of travel distance. The feedrate optimization 

problem is inherently nonlinear and solved subject to a variety of constraints, such as the limitation of 

actuator level velocity, acceleration, jerk, and torque profiles, etc., as discussed in Section 2.3.1. The 

methods employed in solving the optimization problem are numerous, ranging from simple heuristics, to 

linear programming (LP), to nonlinear programming-based (NLP) optimization methods.   

 

2.3.1 Optimization constraints 

The selection of an optimization method depends primarily on which factors will be used as constraints. 

One common approach is to constrain the motion kinematics in each axis with limits on the velocity, 

acceleration, and jerk, to prevent damage to the machine and to preserve part quality. The velocity constraint 

is selected based on the physical construction of the axes, determining the safe traverse velocities without 

inducing early damage to the guideways and motion delivery components. The acceleration constraint is 

selected based on maximum available motor torque, as the motor torque is correlated to the acceleration 
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and velocity through the equivalent inertia and viscous damping in a feed drive system. The motor cannot 

supply unlimited torque, so if a very high acceleration is demanded, this will saturate the current delivered 

by the motor power supply amplifier, thereby leading to nonlinear dynamic behavior and invalidation of 

the linear stability analysis assumed in the commissioning of the servo feedback control systems.[37] 

 

The jerk constraint is selected to reduce vibrations known to be caused by high rate-of-change in the 

acceleration [38]. Excessive jerk, as shown in Figure 2-3 (left-hand panel), generates acceleration 

commands, and therefore torque inputs, with rich high-frequency content. Such content can easily excite 

structural vibration modes dominated by the machine tool feed drive assembly, the part, the tooling, and/or 

the fixturing system, and resulting in unwanted vibration marks during machining. Excessive jerk can also 

lead to premature damage of the machine tool drive components. It has also been shown in literature [39] 

that a well-tuned feed drive control system typically exhibits a quasi-static servo error profile (excluding 

transient vibrations) which are correlated to the commanded velocity, acceleration, and jerk. Therefore, 

limiting jerk also indirectly helps retain a certain level of dynamic accuracy. 

 

There are several advantages to adopting axis-level constraints. No prior knowledge of the machine's 

dynamics is required to generate the trajectories, unlike with physics-based or physics-inspired models, 

which must be derived, measured, and calibrated for each individual machine axis. Kinematic constraints 

are also frequently used, and are sometimes integrated with other constraints, in more elaborate feedrate 

optimization schemes, [13], [14], [36], [40], [41], [42], [43], as discussed in the proceeding. 

 

In this thesis, a linear problem casting procedure is applied to approximately solve the optimization problem 

with kinematic constraints (Section 3.4), based on a method previously presented in literature and explained 

in the following. This method has been adopted to achieve a near-optimum initial guess as part of a larger 

and more elaborate nonlinear programming-based solution, which is also presented in Chapter 3. 

 

Zhang et al. optimized a robotic manipulator trajectory by reformulating the problem into linear constraints 

through variable transformation and applying convex optimization [16], with a method introduced by 

Verscheure et al. [44]. These constraints are based on manipulator joint trajectories rather than the end 

effector position. A near-optimal solution can be solved by using linear programming  (LP) [16]. Fan et al. 

applied the same method to five-axis CNC machining [15]. They presented a method in which the chord 

error, acceleration and jerk constraints are considered, with the jerk constraint being replaced by its 

linearized upper bound [15]. In later work, Erkorkmaz et al. [17] showed that the linear programming 

formulated solution can also be used to optimize different portions of a feedrate profile for a long toolpath 
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independent of one another, in a method conducive to parallel programming rather than having to solve the 

complete toolpath sequentially in a forward progressing manner. The latter is the strategy typically used in 

CNC systems. Following the Principle of Optimality [45], which implies that a short section taken out of a 

long trajectory that is optimal, must itself be optimal as well, the work in [17] demonstrated that different 

portions of the overall optimum feed profile can be solved and connected by utilizing the local feed minima, 

which are influenced by the geometry of the toolpath, as shown in Figure 2-9. The work also demonstrated 

that the LP solution (used for producing a close initial guess in Chapter 3) is indeed robust and 

computationally efficient. 

 

Figure 2-9: Optimized feed profile for a long (global) toolpath and its windowed (local) portion, considering zero boundary 

conditions for both cases [17] . 

 

For increased technological utility and sometimes better performance, it is possible to constrain certain 

physical factors directly, rather than relying on axis level constraints. One common option is to constrain 

the cutting force, as excessive cutting force will damage the tool and part. In a collaboration with the 

research team of Prof. Lazoglu (Koç University, Turkey), Erkorkmaz et al. combined axis kinematic 

constraints and cutting force constraints to generate optimal trajectories [46]. The result, shown in Figure 

2-10 shows the effect of both sets of constraints on the final optimized feed profile. 
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Figure 2-10: Application of axis kinematic and cutting force constraints in feed optimization. [46] 

 

An earlier example is Kim and Kim (1996), who predicted tool force by measuring the current draw of AC 

motors, and used this as feedback in a real-time controller [47]. Other methods allow for the prediction of 

cutting force directly from the commanded trajectory.  Ridwan et al. used fuzzy adaptive control to constrain 

the cutting force, and therefore the tool power required for cutting [48].  Xu and Tang controlled deflection 

cutting force using a ñforce-area quotient functionò (a model of the relationship between the maximum 

material removal rate and the feed direction in a five-axis machining operation) to reduce the machining 

time [49].  

 

Feed optimization can also be applied to constrain the dynamic positioning error of the machine tool servo 

control system, in order to achieve a certain degree of machined part accuracy. Feng and Su constrained 

scallop height and machining error in five-axis machining of 3-D surfaces.[50] 

 

The torque demand from the motors may also be constrained to within safe limits. If a trajectory requires 

more torque than a feed drive motor is able to produce, the machine will not be able to follow it. This 

constraint was considered in early feed optimization for robots, such as in Bobrow et al. in 1985 [3]. More 

modern optimization methods may also apply torque constraints. Ferry and Altintas considered tool shank 

bending stress, tool deflection, max chip load, and torque limit as constraints in five-axis machining of jet 

engine impellers [51]. 
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For any attribute to be considered as a constraint in the optimization, it must be modeled. In this thesis, as 

two practical constraints, the motor torque and servo error are considered, as discussed in Section 3.6.1.  

The motor torque (ό) is computed by modelling the drive as an inertial element (i.e., mass - ά), upon which 

viscous friction (ὦ) and Coulomb friction (Ὠ ) are also active: 

ό  άὥ ὦὺὨ ίzὭὫὲὺ (2-1) 

 

The tracking error (Ὡ) is modelled as a linear combination of the commanded axis level velocity (ὺ), 

acceleration (ὥ), and jerk (Ὦ). This formula is based on approximating the true servo error with a Maclaurin 

series (i.e., around zero frequency) in the frequency domain, and was developed and validated by Gordon 

and Erkorkmaz in [39]. The formula is not able to capture the influence of transient vibrations or stick-slip 

friction induced errors, but is successful in predicting the general waveform of the servo error, as can be 

see in Figure 2-11. 

Ὡ ὑὮ ὑὥ ὑὺ (2-2) 

 

When considered in open form to include full expressions of the axis level acceleration and jerk profiles, 

both Eqs. (2-1) and (2-2) lead to nonlinear inequality constraints as a function of the optimization variables, 

as will be explained in detail in Chapter 3. However, their solution also can achieve trajectories that are 

both faster than those solved using linear programming for only axis velocity, acceleration, and pseudo-

jerk, and which can also be tracked with comparable dynamic accuracy. 

 

 

 

Figure 2-11: Quasi-static servo error response for a ball screw driven feed drive (left), linear error model based on the profiles 

of commanded velocity, acceleration, jerk, and snap (i.e., time-derivative of jerk).[39]  
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2.3.2 Review of optimization methods 

The field of computational optimization is richly complex ïcountless algorithms exist, tailored to a variety 

of different scenarios and types of problem. The selection of an optimization method depends on the shape 

of the problem to be solved ï notably whether the problem is linear and whether the problem is convex. A 

set can be described as convex if: for any two points in the set, the line connecting those two points lies 

entirely within the set. This is represented visually in the Figure 2-12, with Panels A and B (convex) 

compared with Panel C (nonconvex). In a convex optimization problem, both the feasible set and the 

objective function must be convex [52]. The result of this is that any locally optimal point will also be 

globally optimal. A nonconvex optimization problem may have many locally optimal solutions which are 

not the absolute (i.e., global) optimal point. Linear problems can be considered a special subset of convex 

optimization problems. All linear problems are convex, though the reverse is not necessarily true. In this 

subsection, several optimization methods are reviewed, and their advantages and disadvantages are 

discussed. 

 

 

Figure 2-12: Linear, nonlinear, and nonconvex optimization. Blue shading designates feasible solution set. 

The optimization problem in Figure 2-12 is a minimization problem, to find the value of ὼ which minimizes 

the function ὴὼ, subject to equality constraints ὥὼ ὦ and/or inequality constraints ὥ ὦ. 

Optimization problems in this section will be presented in this format. 

 

2.3.2.1 Linear programming (LP) 

Linear programming is a type of optimization in which all constraint and objective functions are affine (i.e. 

linear with respect to the free variables). An LP problem can be written as in Eq. (2-3). 

 

 



19 

 

ÍÉÎὧὼ 

ίόὧὬ ὸὬὥὸ 

ὥὼ ὦ 

(2-3) 

In which, ὧὼ represents a linear function of the variable ὼ, and ὥὼ ὦ represents any number of linear 

constraint equations. Linear programming problems are relatively simple to solve computationally. The 

earliest examples of numerical optimization algorithms were designed to solve linear programming 

problems, using the very limited computational capacity of the time. 

 

Panel A of Figure 2-12 shows a graphical representation of a 2-D linear programming problem, in which 

the goal is to minimize the objective function. The objective function is represented topologically, with 

dotted lines indicating iso-levels of the function. The polygon represents the ñfeasible regionò, i.e. the 

intersection of feasible solutions for all constraint functions. In an LP problem, all constraint functions must 

be affine ï meaning that the feasible region is constructed from the intersection of ñhalf-spacesò - the space 

to one side of a line in 2D or of a plane in 3D, which may be extended similarly into higher dimensions.  

The feasible region resulting from the intersection of linear constraints will take the shape of a polygon in 

2D, or a polyhedron in higher dimensions. These shapes are always convex. The arrow in Figure 2-12 

represents the decreasing direction of the objective function. The point at the bottom is the solution - the 

point at which the objective function is smallest within the feasible region. More detailed descriptions of 

linear programming can be found in [52], [53].  

 

The solution of a linear programming optimization problem assumes one of three possible cases. The first 

case is one single solution, as shown in Figure 2-12. As can be seen, the optimum solution occurs at one of 

the corner points of the polygon (or polyhedron), which is a basic property utilized in the Simplex search 

method [54]. The second case is a problem with no solution, when the size of the feasible region is zero, 

and there are no points which satisfy all constraints. The third case is when there are multiple optimal points, 

which will occur only if the iso-level contour of the objective function is parallel to one of the constraints. 

In this situation, all optimal points will be on a single line, or plane (or hyperplane in higher dimensions). 

Linear programming problems are convex by definition. The linearity of the constraints guarantees that the 

resulting feasible region is convex. 

 

While the axis-level constrained feedrate optimization problem is not linear, it can be approximated into a 

linear optimization problem, at the expense of reformulating the problem by considering a linearized upper 

bound approximation of jerk (i.e., pseudo-jerk), instead of the true jerk. This approach, explained in Section 

3.4, leads to a slightly more conservative solution, but is very efficient and robust to solve. 
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2.3.2.2 Nonlinear programming (NLP) 

NLP refers to a set of methods by which nonlinear optimization problems can be solved. Unlike with LP, 

NLP can find optimum solutions for problems defined with nonlinear objective functions and nonlinear 

constraints [52].  Due to the complexity of nonlinear optimization, numerous algorithms have been 

developed. Many NLP algorithms are suited to specific optimization conditions, and may be inefficient or 

inaccurate if used in other conditions. As such, the selection of a nonlinear optimization algorithm depends 

strongly on the type of problem being solved. In this thesis, sequential quadratic programming (SQP) and 

interior point (IP) optimization methods are discussed. 

 

NLP - Interior Point (Barrier) Methods  

Interior point methods make up a large category of optimization methods. These are also referred to as 

ñbarrier methodsò due to the property that all iterative steps towards the solution (though not necessarily 

all tested points) must satisfy the inequality constraints of the problem. Thus, each step taken is in the 

ñinteriorò of the feasible set. There are many ways to enforce boundary conditions. One method is through 

the use of logarithmic barrier functions. Such is presented as an illustrative example in the following, but 

other barrier enforcement methods may also be used when implementing interior point optimization. 

A constrained minimization function (Eq. (2-4)) may be converted to an unconstrained minimization 

function (Eq. (2-5)) by representing the constraints as logarithmic barrier functions which influence the 

objective function. 

ÍÉÎ
ᴙɴ
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ίόὧὬ ὸὬὥὸ ίȢὸȢ       Ὣ ὼ πȟὭ ρȟȣȟά
 

(2-4) 
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(2-5) 

 

This transformation offers several benefits. This new function is undefined outside of the feasible region, 

and approaches infinity towards the boundaries ï so the descent direction of the function is steered away 

from the boundary. Therefore, by principle the optimization solver avoids cases where the function is 

undefined. It is important to add that the new objective function is analytically differentiable at all feasible 

points. 

 

In Eq. (2-5), the parameter ñὸò controls the transition rate of the barrier functions. As ὸO Њ, the influence 

of the logarithmic terms will diminish for solutions within the feasible set. The steps of the interior point 

method will typically start with a lower value of ὸ, and will increase ὸ gradually to higher values. 
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A numerical example of an interior point optimization is shown in Figure 2-13. The original optimization 

problem has a 2-variable quadratic objective function and six linear constraints. Due to the shape of the 

objective function, iterative steps will be guided towards the boundary, where the solver is prone to selecting 

an infeasible iterate. In this example, the solution lies on the boundary, which means that the solver may 

have difficulty selecting steps towards the solution without choosing infeasible iterates. 
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Figure 2-13: Interior point optimization using logarithmic barrier functions. 

In the modified optimization problem, logarithmic barrier functions are applied. Now, the function is 

differentiable over all feasible points. It also goes to infinity towards the boundary ï in this way, the solver 

is discouraged from leaving the feasible region. When ὸ is small, the modified objective function does not 

resemble the original objective function very well (such as in Figure 2-13 (a) and (b)), but avoids the very 

sharp, sudden transitions around the boundary. For example, when ὸ πȢς, the barrier functions dominate, 
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and the original objective function is not very distinguishable. However, as ὸ is made larger in consecutive 

solution iterations (such as in Figure 2-13 (c) and (d)), the modified objective function now closely 

resembles the original (unconstrained) objective function as evaluated within the feasible solution space. 

In fact, with a value of ὸ Њ, the original problem is obtained. 

 

A typical interior point optimization routine will alternate solving the modified objective function, and 

increasing the barrier parameter, ὸ. The decision of when and how much to increase ὸ to obtain the most 

efficient solution can be complex and will vary significantly depending on the solver. 

 

After each modified optimization problem is solved, the obtained solution ὼᶻ is used as the starting point 

for solving the next modified optimization problem, following the update of the barrier parameter. If each 

increase to the barrier parameter is small, ὼᶻ will change very little, which guarantees the starting guess 

will be very close to the new solution. In this way, the modified optimization problem can be solved 

efficiently at each step. However, this will also require solving more modified problems before obtaining a 

solution to the full problem. If each increase to the barrier parameter is larger, then the starting guess in the 

modified optimization problem will be less accurate, and thus each modified optimization problem will be 

less efficient. There will, however, be fewer problems to solve overall. Detailed descriptions of interior 

point optimization are available in [52], [53]. 

 

When using logarithmic barrier functions, the starting guess of an interior point algorithm must always be 

a feasible point. This may be difficult to find, depending on the complexity of the constraints. In the case 

of a feed optimization problem, however, a feasible starting guess can always be found by setting the 

feedrate profile to be arbitrarily small. Many modern interior point algorithms are designed such that 

infeasible starting guesses are acceptable ï the solver can take an infeasible starting guess by starting with 

another smaller optimization problem, which serves to generate a feasible point [55]. 

  

NLP ï Sequential Quadratic Programming (SQP) 

SQP is another method through which nonlinear optimization problems can be solved. Constraints and 

objective functions considered in SQP problems may be nonlinear and nonconvex ï they are not required 

to be quadratic, despite the name. SQP problems may have any starting point, i.e., non-feasible starting 

points and iterates can also be used. 

 

SQP is accomplished by creating a localized quadratic sub-problem at each step, then solving this problem 

using quadratic programming (QP) ï for which there are many effective algorithms. SQP starts with a 
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nonlinear optimization problem, such as the one in Eq. (2-4), which aims to minimize ὴὼ. A quadratic 

programming subproblem will then be created, solving for ὴᴂὼ, which is an approximation of ὴὼ at the 

current iterate. This is shown in Eq. (2-6), comprising a quadratic objective function (ὴᴂὼ) and linear 

constraints. Information about quadratic programming can be obtained from [52]. 
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(2-6) 

The creation of the quadratic subproblem is depicted in Figure 2-14. A quadratic objective function is 

selected that best fits the actual objective function around the current iterate point (shown in red), typically 

by estimating the local gradient (ὧ) and Hessian (Ὃ, i.e., second derivative matrix). Additionally, the nearby 

nonlinear constraints are approximated as linear constraints. This quadratic sub-problem is then solved to 

find the next iterate. 

 

 

Figure 2-14: Sequential quadratic programming (SQP). 

While the starting point and the intermediate steps in SQP may be non-feasible, the objective function can 

still be evaluated at these points. Therefore, itôs not essential to find a feasible starting guess. However, the 

computational efficiency of these problems benefits significantly from a near-optimal starting guess. A 

mathematical overview of SQP can also be found in [56].  

 

The feedrate optimization algorithms in this thesis were implemented in MATLAB , using the built-in 

optimization functions included in the software package. The two MATLAB  nonlinear optimization 

functions used in this thesis are the ñInterior Pointò method and ñSQPò optimization. Detailed descriptions 

and guidelines for their implementation can be found in [57]. 

 

The interior point optimization implements logarithmic barrier functions, as described in the preceding 

paragraphs. It implements a combination of optimization steps. The first is a ñdirect stepò ï which solves 
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for the KKT (Karush-Kuhn-Tucker) equations, a set of conditions which determine whether a given solution 

is optimal in a specific problem. If this is not possible, the solver can also produce solution steps using a 

conjugate gradient method. These steps are interspersed with updates to the barrier parameter. This 

algorithm also includes steps which can compensate for infeasible starting conditions. It was found via trial-

and-error that this solver is better able to recover from infeasible starting guesses, without increasing the 

solver time excessively. The interior point solver is not as efficient as the SQP solver, but may be more 

successful in cases with an infeasible starting guess. MATLABôs interior point algorithm is able to switch 

into a ñfeasibility modeò in the case of an infeasible starting guess, in which the solver switches to a different 

optimization routine whose only goal is finding a feasible iterate. 

 

SQP optimization begins with obtaining the Hessian matrix at the current step. Following this, a quadratic 

approximation of the function is realized, which is solved via quadratic programming (QP). MATLABôs 

QP method is an ñactive setò method, in which at each step, only certain constraints considered ñactiveò 

are included in the computation of the next step. 

 

SQP was found to not be able to handle infeasible starting conditions well. It does include an additional 

ñinitializationò step, which should ideally be able to handle an infeasible starting guess. However, for the 

developed feed optimization problem it was observed by trial-and-error that this step usually increased the 

solution time significantly or caused the solver to fail. The SQP solver is the most time-efficient of the two 

methods, but only if the starting guess can be guaranteed to be feasible. 

 

2.3.3 Windowing procedures to handle long toolpaths 

 

As typical freeform machining toolpaths comprise of thousands to ten-thousands of spline segments, each 

of which may have tens to hundreds of free variables defining the feedrate profile control points, it is 

extremely difficult and also impractical to solve the optimum feed profile for a long and complex toolpath 

all in one shot. This creates problems both in terms of computational efficiency and available memory to 

store and process the necessary computations [17]. Instead, a ñwindowingò process is integrated with the 

feedrate optimization, to solve the optimum feed profile in parts, i.e., ñwindowsò along the toolpath. This 

results in solving several smaller optimization problems with enforced boundary conditions, so that they 

can connect seamlessly with the neighbouring windows. 

A variety of different window configurations have been used previously. Forward-looking algorithms are 

the most common [10],[13]. Tajima and Sencer created a smoothing process for linear toolpaths that uses 

a look-ahead window method to blend multiple corners [42].  
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Windows may be split into individual sections which can be solved separately as in [17], in which the 

algorithm is designed for a parallel computing environment and each window can be solved simultaneously. 

An implementation of this concept is shown in Figure 2-15. 

 

 

Figure 2-15: Concept of solving the optimum feedrate profile in connecting windows [4] . 

 

A toolpath may be designed such that each window has specific maxima of velocity, acceleration, and jerk, 

such as in [19], [58], [59]. 

 

In this thesis, the windowing method has been applied in a dual (nested) structure, as will be explained in 

Section 3.2. As the proposed feed optimization method utilizes a combination of LP (for fast and 

approximate solution of a near optimal feed profile) and then a consecutive NLP pass (for refining the 

optimality of the solution, subject to less conservative but nonlinear constraints), the LP steps are taken in 

the form of large windows, within which the NLP solutions, which are computationally more intensive, are 

then implemented as smaller window steps. Thus, feed profiles for indefinitely long toolpaths can be 

processed in a forward streaming manner, similar to the implementation structure in CNCs, while taking 

advantage of the speed of LP and further solution optimality that can be gained via NLP. 
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2.4 Conclusions 

 

Extensive study has been devoted to the problem of reducing machining time while preserving part quality 

and machine condition in CNC machining.  

Toolpath smoothing methods have been discussed in the literature review. Multiple different spline types 

have been used for CNC trajectories, including polynomial splines of different order, many varieties of B-

splines, and other types of splines, all of which have their own advantages in obtaining a smoother toolpath, 

a better parametrization, or a more computationally efficient generation algorithm. In this thesis, a toolpath-

smoothing method is developed which uses Euler spiral pairs to obtain G2-continuous toolpaths which are 

arc-length parametrized. The increased computational load of computing Euler spiral coordinate points (due 

to the required numerical integration) is partly compensated for by using an algorithm which integrates 

directly with a feed optimization procedure.  

Many trajectory optimization strategies have been discussed in this literature review. Some of these 

strategies are based on the limitation of axis kinematic profiles (i.e., velocity, acceleration, and jerk). These 

methods are more conservative, but strategies have been developed that increase the computational 

efficiency of the optimization significantly. They also require no prior knowledge of the machine on which 

the trajectory will run. Other strategies seek to predict physical factors that affect part quality, and modify 

the trajectory to control these factors directly. Many possible constraints can be predicted and controlled in 

this way, such the force on the tool during cutting or the material removal rate. Among the factors which 

have been studied are commanded motor torque and tracking error. In this thesis, the computation efficiency 

of the velocity, acceleration and jerk constrained problem formulated for linear programming is combined 

with the optimality obtained from a torque and tracking error constrained nonlinear optimization.   
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3 Feedrate Scheduling through Synergistic Application of Linear and 

Nonlinear Optimization via Dual-Windowing 

3.1 Introduction  

The feedrate scheduling algorithm developed in this thesis applies a combination of two types of 

optimization in a windowed configuration, organized to utilize the distinct advantages of each method. 

Using linear programming (LP), which is fast and robust, it is possible to obtain a near-optimal solution 

to the axis kinematics-constrained feed optimization problem (i.e., the minimization of motion time with 

respect to axis level velocity, acceleration, and jerk magnitude limits). This is achieved by replacing the 

jerk profile with a slightly conservative upper bound, named ópseudo-jerkô [15], [16], [17]. Conveniently, 

such axis kinematics (vel/acc/jerk) are commonly used in CNC machine tool controllers for feedrate 

optimization. However, using these limits is also a conservative means to guarantee servo accuracy and 

motor current limiting, thus can lead to the underutilization of the equipment. 

In contrast, directly solving the trajectory optimization subject to only servo error and motor current 

magnitude constraints, which are nonlinear by nature, can produce trajectories with even shorter motion 

time. However, such trajectories cannot be solved by LP, and their solution necessitates application of 

nonlinear optimization ï also referred to as nonlinear programming (NLP). NLP is computationally more 

expensive, but its convergence can be significantly accelerated if the objective function and constraints are 

analytically differentiable, and a feasible and near-optimal initial guess is provided. The feed optimization 

problems defined in this research already satisfy the differentiability requirement (i.e., the objective and 

constraint functions are all continuous with respect to the optimization parameters). Furthermore, the dual 

windowing LP+NLP method proposed in this thesis (introduced in Section 3.2), applies LP to obtain a near-

optimal and feasible initial guess to the nonlinear optimization problem. 

In the proposed method, a near-optimal feed profile is first solved for a sufficiently long look-ahead 

window by employing LP, based on velocity, acceleration, and jerk limit constraints. Then, the solution 

obtained via LP is refined by applying NLP over shorter and overlapping portions. As NLP is 

computationally much more expensive, the window size is kept smaller. In order to process indefinitely 

long toolpaths in a forward-looking manner, as CNC code is normally read and parsed, the LP optimization 

is then applied to the consecutive portion of the toolpath with some overlap with the earlier LP window. 

The new portion of the toolpath is afterwards refined via NLP, and this algorithm is repeated while shifting 

the optimization windows for LP and NLP forwards along the toolpath. 

Thus, the advantages of both methods, i.e., fast initial computation with LP and motion time optimality 

with NLP, are effectively utilized. Furthermore, the windowing and boundary condition matching 
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functionalities, which are detailed in the proceeding subsections, enable efficient processing of indefinitely 

long toolpaths while guaranteeing the existence of a feasible solution during both LP and NLP steps. 

Both LP and NLP optimization methods utilize B-spline representation to formulate the progression 

profile to be optimized, with the free optimization variables coinciding to the control points of the B-spline 

function. Since B-spline formulation is used, a solution within a window can be expediently computed and 

updated by simply modulating the control points. The resulting effect on the kinematic profiles and 

constraint functions is easily computable and confined only within a known localized portion of the 

toolpath. This ólocalô property of B-spline has been key in developing and implementing the proposed 

LP+NLP windowed solution. 

The proceeding sections of this chapter are organized as follows: The general progression of the 

proposed dual windowed feed optimization is described in Section 3.2. The B-spline parameterization of 

the progression (which coincides with feedrate ί in NLP, and its squared term ή ί in the case of LP) is 

explained in Section 3.3. This is followed by the LP solution for ή ί in Section 3.4, its re-

parametrization as a B-spline in terms of ί in Section 3.5. The casting and solution of the NLP problem is 

then explained in Section 3.6. The dual windowing method requires careful coordination and updating of 

the boundary conditions while switching between overlapping LP and NLP solutions, in order to preserve 

the kinematic compatibility and constraint feasibility conditions throughout the toolpath. The details of 

these tasks are explained in Section 3.7. The feed optimization is solved in LP and NLP as a function of the 

arc displacement (ί ίί). However, the arc displacement profile ultimately needs to be reconstructed in 

the time domain as ί ίὸ. The numerical integration implemented for this functionality is explained in 

Section 3.8. The simulation and experimental results obtained from the implementation of the algorithm 

are presented and discussed in Sections 3.9 and 0. The conclusions for this chapter are then presented in 

Section 3.11. 

 

3.2 Dual windowing LP+NLP optimization 

The windowing procedure, introduced in Section 2.3.3, splits the toolpath into smaller sections on which 

optimization can be performed sequentially. Since the problem size is diminished, faster convergence in 

each iteration can be achieved. By reducing the memory requirements, the possibility of the optimization 

algorithm taking an excessive amount of time, or failing to converge is also mitigated. 

The proposed optimization method uses a novel combination of LP and NLP in a serial windowed 

configuration, as shown schematically in Figure 3-1. The computationally faster, but performance-wise 

more conservative LP solution is obtained first for a large look-ahead window. The trajectory is afterwards 

refined for better motion time optimality using shorter range windows with NLP. 
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As mentioned earlier, the main difference between the LP and NLP optimization is the choice of 

constraints. Feed optimization via LP optimization (described in detail in Section 3.4) uses velocity, 

acceleration, and jerk constraints, with jerk being capped by a slightly conservative upper bound, ópseudo-

jerkô to enable linear constraint formulation. Feed optimization developed via NLP (described in detail in 

Section 3.6) focuses directly on the motor torque (ό) and tracking error (Ὡ) as constraints and relaxes the 

bounds on velocity, acceleration and jerk (although the latter three could also be included into the NLP if 

needed). Switching from the velocity, acceleration, jerk constraints in LP to the torque and servo error 

constraints in NLP yields a solution that is less conservative, i.e., allowing faster movements with higher 

accelerations and shorter motion time. However, after NLP is performed, the resulting trajectory may be 

infeasible according to the original LP constraints, which would lead to infeasible boundary conditions or 

trajectory sections being passed onto the adjacent LP window. Therefore, at the starting and ending 

locations of the windows, the boundary conditions imposed for the LP and NLP sub-problems must be 

carefully coordinated.  

Considering Figure 3-1, the dual windowing algorithm progresses as follows: 

¶ Step 1: The LP problem is defined and solved,  

o A single large window is processed. The travel length, ὡ , is several-fold longer than the 

required distance for the slowest axis to accelerate from rest to full speed, based on the 

given velocity, acceleration, and jerk constraints, and return to rest again. The first LP 

window is between ί π and ί ὡ .  

o LP optimization is performed on this part of the trajectory.  

¶ Step 2: The NLP problem is defined and solved, 

o The NLP solution is solved in overlapping óshortô window steps of length ὡ , starting 

from ί π, and traversing to the arc distance of ί ὡ ὖ . Here, ὖ  is a buffer 

distance to ñpauseò the NLP solution exactly at the planned start of the consecutive (large) 

LP window (see panel titled óStep 1, repeatô). This guarantees that NLP does not modify 

the already feasible starting boundary condition for the proceeding LP window, that is 

produced by the current LP solution. Otherwise, modification of the state at this point could 

potentially produce an infeasible problem definition for the proceeding LP window. 

o The nonlinear optimization is performed sequentially in sub-windows overlapping by the 

distance (ὖ ), until the end of the current LP section is reached. 

¶ Step 1, repeat: LP is performed on the consecutive section, from ί ὡ ὖ  to ί ςὡ

ὖ . 

¶ Step 2, repeat: Nonlinear optimization is performed in small sub-windows, this time across the 

section from ί ὡ ὖ ὖ  to ί ςὡ ςὖ  . Hence, the solution continues with 
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adequate overlap, from where the last NLP in the previous large lookahead window had left off. 

Note that this overlaps the very last NLP solution by ὖ  

¶ This process continues, with regular shifts of the LP and NLP windows per the above pattern, 

until the end of the toolpath is reached. 

As a general term, considering the mth LP window, the solution range can be formulated as in Eq. (3-1) 

 

ί ίɴ ά ρὡ ά ρὖ ȟάὡ ά ρὖ  (3-1) 

 

Similarly, the nth NLP (small) window within the mth LP window is active in optimizing the feed for the 

arc displacement range given in Eq. (3-2): 

ί  ίɴ ά ρὡ ά ρὖ ὲ ρὡ ὲ ρὡ ȟ 

ά ρὡ ά ρὖ ὲὡ ὲ ρὡ ]  
(3-2) 

And these small windows continue until, ί άὡ άὖ . 

A practical example of the application of this windowing integrated optimization is shown in Figure 3-2. 

Detailed descriptions of the algorithm are given in the remainder of this chapter. Methods to determine 

window sizes (ὡ , ὡ ) and overlap (ὖ ȟὖ ) are discussed in Section 4.1. 
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Figure 3-1: Sample section of dual windowing optimization procedure. 
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Figure 3-2: Illustration of dual windowing steps. 

3.3 Parameterization of the tool progression (i.e., feedrate ▼ or its square ▼) as a B-spline function 

3.3.1 Introduction  

A B-spline function is constructed as the summation of a series of B-splines, or ñbasisò splines. The B-

splines are constructed using piecewise polynomial curves. They are defined by knots, which control the 

shape and placement of individual B-splines, and control points, which act as scaling values for each 

individual B-spline. 

Figure 3-3 shows an example of a B-spline function. The knots are indicated by the vertical lines. Figure 

3-3a illustrates a set of B-splines ὦί created based on a chosen spline order and knot profile (which in 

this case is monotonically increasing). Figure 3-3b demonstrates the influence of each control point ὧ, in 

scaling its respective B-spline ὦί. Then, the summation of the scaled B-splines is shown in Figure 3-3c, 

which is designated as the final óB-spline functionô Ὢί. 

Note that in this thesis, B-splines are used to represent either the feedrate, Ὢί  ί, or its square ήί

ί, in the context of solving ί or ί as a nonlinear or linear optimization problem, respectively. In the 

general descriptions of B-splines, Ὢί is used for exemplary notation, but the same mathematical 

formulations apply also to ήί. 
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Figure 3-3: B-spline function from individual B-splines.  

 

B-splines vary based on several factors, including order and knot placement. A B-spline of order ὲ will 

span a range of ὲ ρ knots, and will be constructed of ὲ polynomial curve segments, where each 

polynomial is of degree ὲ ρȢ The B-spline function Ὢί, within a range of two consecutive knots, will 

have a maximum of ὲ local B-splines influence it. This means that the control points not attributed to the 

influencing (or óactiveô) B-splines have no effect on Ὢί within this range. Thus, B-spline functions offer 

the advantage of being able to accommodate local changes simply by adjusting the adjacent control points, 

without impacting the rest of the B-spline function. 

The B-splines shown in Figure 3-3 are quadratic ï i.e., order = 3 and degree = 2. Each individual B-spline 

spans 4 knots, and is constructed of 3 polynomial segments, each of degree 2.  Figure 3-3 also shows a 

simple distribution of quadratic B-splines with evenly spaced knots, which is a special case adopted in this 

thesis for mathematical convenience. B-splines can, in general, be created with uneven non-negative 

spacing between the knots, including zero spacing ï in which multiple knots exist at the same location (i.e. 

ñknot multiplicityò). The latter can be used to enforce certain boundary conditions. Detailed mathematical 

descriptions of B-splines are available in [60], [61], [62]. 

3.3.2 General description of the B-spline function 

A B-spline can be generated using the following recurrence relation [61], originally developed by de Boor. 

[62]. In a B-spline function of order ὲ, with knot sequence ‚, the Ὥth B-spline is given by ὦȟ, using Eqs. 

(3-3) and (3-4). Note that the B-spline order ñὲò is expressed as a superscript in this notation, and it is not 

an exponent. 



35 

 

ὦȟ ί ‎ȟ ίẗὦȟ ί ρ ‎ ȟ ί ẗὦ ȟ ί (3-3) 

Where: 

‎ȟ ί
ί ‚

‚ ‚
  

(3-4) 

For which the starting point is the ñcharacteristic functionò in Eq. (3-5), which is the definition of a first 

order (i.e., zeroth degree) B-spline. 

ὦȟ ί
ρ Ὢέὶ ‚ ί ‚
π έὸὬὩὶύὭίὩ

 
(3-5) 

This recurrence relation can be solved for any nondecreasing set of knots ‚ȟ‚ȟȣ , with the desired spline 

order ὲ. However, when the nature of the B-spline is a special case, the formula can be significantly 

simplified. One such case is a uniform B-spline function, which is composed of B-splines with evenly 

spaced knots, such as the ones in Figure 3-3. 

3.3.3 Specific case: Uniform B-spline function 

Applying evenly spaced knots in the definition of the B-splines leads to a uniform B-spline function. This 

simplifies the analysis of the B-spline function and streamlines its computation. In this case, the knot 

separation distance Ὠ is specified, and all knots are defined as ‚ Ὠẗ Ὥ. Derivation of the uniform B-

spline equations, including their derivatives, can be found in Appendix A.1. 

For a quadratic B-spline function with evenly spaced knots, such as the one depicted in Figure 3-3, the B-

spline between ‚ ὨẗὭ and ‚ ὨẗὭ σ is defined by three segments, given in Eq. (3-6). 

ὦ ί  

ừ
Ử
Ử
Ừ

Ử
Ử
ứ
ί ὨὭ

ςὨ
Ὢέὶ ὨὭί ὨὭ ρ

ςί ίὨτὭ φ Ὠ ςὭ φὭ σ

ςὨ
Ὢέὶ ὨὭ ρ ί ὨὭ ς

ὨὭ σ ί

ςὨ
Ὢέὶ ὨὭ ς ί ὨὭ σ

 π έὸὬὩὶύὭίὩ

 

 

(3-6) 

Above, ί represents the overall arc displacement from the very beginning of the toolpath. In the computer 

implementation, the above formulation can be further simplified by re-parameterizing with respect to ί

ί ὨẗὭ (i.e., the arc displacement from the starting knot of each B-spline). 

Similarly, a cubic uniform B-spline is as a special case of the B-spline, is defined between ‚ ὨẗὭ and 

‚ ὨὭ τ as four segments as shown in in Eq. (3-7). 

ὦ ί  (3-7) 
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σ
Ὠ
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Ὢέὶ ὨὭ ς ί ὨὭ σ

ὨὭ τ ί

φὨ
Ὢέὶ ὨὭ σ ί ὨὭ τ

 π έὸὬὩὶύὭίὩ

 

  

In this thesis, quadratic B-splines with uniform knot spacing have been used. This function achieves first 

order continuity of its derivative with respect to the arc displacement (e.g., ί ὨίȾὨί- here, a subscript 

of ί indicates derivative with respect to ί, for instance Ὢί ὨὪίȾὨί and Ὢ ί ὨὪίȾὨί). This 

enables the resulting the tangential acceleration profile to be continuous (ί ίί), and the tangential jerk 

(ί ίί ίί) and axis level jerk (► ὼ ώ ᾀ ) to be bounded.  

For simplicity, in the remainder of this chapter and throughout the rest of the thesis, the order indication via 

superscript will be dropped. Thus, a single B-spline is henceforth expressed as in Eq. (3-8), and will be a 

quadratic B-spline, unless explicitly stated otherwise. 

ὦ ί ὦί  (3-8) 

In this case, the B-spline function, defined as the summation of each B-spline ὦ multiplied by its 

corresponding control point ὧ, using the notation in Eq. (3-8) can be expressed as in Eq. (3-9). 

Ὢί ὧὦί (3-9) 

Thus, the structure of every B-spline in the entire (feedrate or feedrate-square) profile is conveniently 

represented using the same set of equations, which greatly simplifies the formulation and computational 

implementation. Section 3.3.5 describes the meshing of constraint checkpoints along the B-spline function, 

and the utilization of the uniform knot spacing to gain the advantage of reducing the computational burden 

during the evaluation of the optimization constraints. 

 

3.3.4 Derivative profiles for  uniform B-splines 

Besides their ólocalityô attribute, another major advantage of B-spline functions is that they are analytically 

differentiable, and the derivatives (which can be determined easily) are linear with respect to the control 

points. Figure 3-4 shows uniform quadratic and cubic B-spline functions along with their derivatives with 

respect to ί. 
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Figure 3-4: Quadratic and cubic B-splines. 

 

In the general case, the first and second derivatives of Ὢί with respect to ί can be expressed as: 

Ὢί
ὨὪί

Ὠί
ὧὦ ί (3-10) 

Ὢ ί
ὨὪί

Ὠί
ὧὦ ί (3-11) 

 

Extending from Eq. (3-6), the first and second derivatives (ὦ and ὦ ) of a single uniform quadratic B-

spline with a knot separation distance Ὠ can be represented as in Eqs. (3-12) and (3-13). 

ὦ ί
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 π έὸὬὩὶύὭίὩ

  (3-12) 

ὦ ί
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  (3-13) 
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In the case of a cubic B-spline, the first and second derivatives (ὦ and ὦ ) can be expressed as in Eqs. 

(3-14) and (3-15). 

ὦ ί
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(3-14) 

ὦ ί
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  (3-15) 

 

The development of the above derivative expressions is presented in Appendix A.1. 

The ease of computing the derivatives brings important advantages. Notably in feedrate optimization, the 

profile derivatives must be computed frequently and repeatedly. Since the spline function and its derivatives 

are linear with respect to the control points, when evaluating the constraints (and their gradients), the 

intermediate calculations of the progression (ί or ή ί) and the derivatives (e.g., ί, ί , which are then 

used to construct ί, ί), are simply solved by multiplying the control points with a pre-computed constant 

matrix (based on the constraint checkpoint resolution), as shown in Section 3.3.5. This greatly accelerates 

the constraint evaluations. Furthermore, the ability to directly compute the constraint gradients analytically, 

without relying on numerical differentiation, also enhances the convergence during NLP. 

In this thesis, the objective was to obtain trajectories with limited jerk, for which using a quadratic B-spline 

function to formulate the feedrate (or its square) was sufficient (utilizing Eqs. (3-6), (3-12), (3-13)). If jerk 

continuity is also required, then the optimization methods can be expanded to rely on cubic B-splines (as 

provided in Eqs. (3-7), (3-14), (3-15)), albeit at the cost of slightly increased complexity and computational 

load. 
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3.3.5 Control and evaluation points for the B-spline function 

The numerical optimization represents the continuous B-spline function as a series of points at which the 

constraint values are checked. As mentioned earlier, the function is modulated by the control points ὧ, 

separated by the knot distance Ὠ. However, in evaluating the constraints (which are a function of the 

progression and its derivatives), the B-spline needs to be reconstructed at a higher resolution. For 

implementation convenience and numerical efficiency, this resolution has been chosen, in this thesis, as an 

integer subdivision of the knot distance. 

 

Figure 3-5: Placement of control and evaluation points throughout a trajectory. 

 

To generate the evaluation points, an integer constraint meshing factor ὔ is specified defined as the number 

of evaluation points per control point. ὔ remains constant throughout the optimization process. For a 

function with ὶ control points, the number of evaluation points is defined as ὔ, where ὔ ὶὔ. The space 

between evaluation points is then a subdivision of the knot spacing, i.e., ὨȾὔ. 

In determining the meshing factor, a good practice would be to determine the smallest possible curvature 

in the toolpath and to assign the constraint checking arc displacement accordingly, e.g., to be several times 

smaller than the minimum radius of curvature, in determining the adequate meshing factor ὔ for a given 

knot spacing Ὠ. 

For a B-spline function with ὶ control points and ὔ evaluation points, the function at all evaluation points 

can be computed using Eq. (3-16):  

Ὢ ὄ ὧz  (3-16) 

 

Above, the matrix ὄ is precalculated by enumerating the B-spline equations based on the knot separation 

distance, Ὠ, the control points, and the displacement parameter ί at the corresponding evaluation points 

(Eq. (3-3) - (3-5)). The ὄ matrix for the entire toolpath is large but sparse. Each LP and NLP step is 

associated with a smaller matrix, ὄᴂ, which is a subset of ὄ. As the structure of ὄ repeats itself along the 

block diagonal of ὄ, it is not necessary compute and store the complete ὄ matrix. Figure 3-6 exemplarily 

shows the structure of the ὄ and ὄᴂ matrices for a quadratic B-spline profile with 3 evaluation points per 

control point (ὔ σ). 
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Figure 3-6: Structure of the B matrix and Bô submatrices in B-spline computation. 

 

  

In the interest of computational efficiency, the point alignment is set such that the ὄᴂ matrix does not change. 

This is true when the number and alignment of evaluation points per control point remains constant 

throughout the optimization procedure, and thus the size of each window remains fixed. Due to this 

alignment, every B-spline in the function is defined by the same set of points, which are then multiplied by 

the corresponding control point ὧ. In Figure 3-6 this is represented as ὦᴂ, which must only be computed 

once for a single B-spline basis function and distributed into the submatrix ὄᴂ. The dimensions of ὦ, for a 

quadratic B-spline, are σὔ ρ. The entire ὄ matrix, or any submatrix ὄ, can be computed by aligning 

ὦᴂ. Two ὄᴂ matrices will be used throughout most of the optimization ï one for the LP windows (with longer 

range) and one for the NLP windows (which are shorter). As needed, additional ὄᴂ matrices may also be 

truncated for the windows at the end of the toolpath which do not require a complete window progression. 

 

3.4 Linear programming (LP) optimization 

The velocity, acceleration and jerk constrained problem can be converted into a linear problem with some 

simplifications. Linear problem formulation methods presented by Zhang et al. and Fan et al. [15], [16] 

were modified into a windowed solution by Erkorkmaz et al. [17]. The method applied in [17] is used in 

the first step of the optimization described in this document. Building on the earlier works [15], [16], the 
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jerk constraint is replaced with ñpseudo-jerkò, a conservative estimate of the jerk which ensures the actual 

jerk constraint is not violated, albeit with some loss of optimality. 

The optimization problem is stated in Eq. (3-17), where ὒ is the total length of the toolpath and ή ί is 

the square of the tangential velocity. The expressions for axis level velocity, acceleration, and jerk are given 

in Eqs. (3-18) to (3-20). The x-axis equations are shown as an example ï but the y- and z-axis equations 

are identical in structure. In these equations, ὼ represents the geometric derivative of ὼ, (ὼ ὨὼȾὨί). 
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  (3-17) 

Most available optimization algorithms in software are set up to solve minimization problems. To use these 

algorithms directly, the maximization of ᷿ή was instead expressed as a minimization of ᷿ή. 

The velocity, acceleration and jerk in each axis are computed from the prespecified toolpath ὼ ὼί with 

known geometric derivatives (ὼ, ὼ , ὼ  ώ, ȣ.) using Eqs. (3-18) to (3-20). 

ὼ
Ὠὼ

Ὠὸ
ὼί (3-18) 

ὼ  
Ὠὼ

Ὠὸ
ὼί ὼί (3-19) 

ὼ
Ὠὼ

Ὠὸ
ὼί σὼίί ὼ ί  (3-20) 

If the geometric derivatives are not available in closed form, they can be computed numerically (by solving 

values of óίô) and applying the chain rule for differentiation as needed. Substituted into the constraints, they 

can be written as: 

ȿὼȿ ὺȟ ὺȟ ὼ   ÁÎÄ   ὼ ὺȟ  (3-21) 

ȿὼȿ ὥȟ ὥȟ ὼ   ÁÎÄ   ὼ ὥȟ  (3-22) 

ȿὼȿ Ὦȟ Ὦȟ ὼ   ÁÎÄ   ὼ Ὦȟ   (3-23) 

The constraints are reformulated by introducing a variable transformation parameter, ή ί (which is used 

in Eq. (3-17)) which is equal to the square of the feed rate, ί.  

ή ί (3-24) 

After this transformation, the velocity, acceleration, and jerk equations can be represented as in Eqs. (3-25)-

(3-27). Once this parameter is introduced, the axial velocity, acceleration, and jerk equations, can be 

represented as linear constraints. 

ȿὼȿ
Ὠὼ

Ὠὸ
ὼ ή ὺȟ  (3-25) 
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ὼή

ρ

ς
ὼή ὥȟ  (3-26) 
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ȿὼȿ
Ὠὼ

Ὠὸ
ὼ ή

σ

ς
ὼή

ρ

ς
ὼή ή Ὦȟ  (3-27) 

 

The axis velocity constraint (3-25) is put in linear form by squaring both sides: 

ὼή ὺȟ   (3-28) 

As earlier indicated, the derivative terms (ήȟή )  are linear with respect to the profile ή, because ή is 

parameterized using 3rd order (quadratic) basis function splines. Hence, the function and derivative 

calculations follow the identical structure earlier shown in Eqs. (3-9)-(3-11), based on the control points ὧ. 

ήί ὧὦί  (3-29) 

ή ί ὧὦ ί  
(3-30) 

ή ί ὧὦ ί  
(3-31) 

As ὼ and ὼ  are precomputed constant arrays, determined by the toolpath geometry, the acceleration 

constraint in Eq. (3-26) is already linear with respect to ὧ. 

To satisfy the jerk constraint, the ή term is replaced with an array ήᶻ serving as its upper bound. ήᶻ is the 

unique solution for only the velocity- and acceleration-constrained problem (and is considered as an array 

of constants in the context of solving ή in the LP optimization). Then, defining the pseudo-jerk as: 

ὼ  ὼ ή
σ

ς
ὼή

ρ

ς
ὼή ήz 

(3-32) 

it follows that since ή ήᶻ, the pseudo-jerk will be an upper bound on the actual axis-level jerk. 

ȿὼȿ ὼ       ὼ ή ὼή ὼή ή ὼ ή ὼή ὼή ήz  (3-33) 

Hence, bounding the pseudo-jerk magnitude by ὮȟÍÁØ will guarantee that the actual jerk is bounded by the 

same limit (i.e., ȿὼȿ ὼ ὮȟÍÁØ). 

In this case, limiting the pseudo jerk takes the following form: 

ὼ ή
σ

ς
ὼή

ρ

ς
ὼή ήz Ὦȟ  (3-34) 

Since the terms ὼ, ὼ , ὼ  and ήᶻ are all computed ahead of time, the pseudo-jerk constraint is linear with 

respect to ή.  

Now, the velocity, acceleration, and pseudo-jerk constraints can be considered jointly in context of the LP 

problem, as shown schematically Figure 3-7. Of course, there is some loss of optimality in resulting motion 

time, compared to using the actual jerk constraint. However, the loss of optimality was benchmarked to be 
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around only 5%, which can be remedied by NLP to account for exact jerk. The main advantage of LP and 

linear problem formulation is the solution of a near-optimal feed profile at around ten times the speed of 

applying full-fledged NLP solution, thus obtaining a good initial guess for the proceeding NLP steps.  

 

 
Figure 3-7: LP optimization procedure. 

3.4.1 Selection of kinematic V/A/J limits for compatibility with the proceeding NLP step 

The velocity, acceleration, and jerk limits used in the LP step must accurately reflect the expected values 

of motor torque and tracking error to ensure that these latter limits are not violated. In the proposed 

methodology, the velocity, acceleration, and jerk limits are selected using the motor torque and tracking 

error equations, described in further detail in Section 3.6.1. 

όȟ ά ὥȟ ὦὺȟ ὧ Ὠ ȟ ÓzÉÇÎὺȟ  (3-35) 

Ὡȟ ὑȟὺȟ ὑȟὥȟ ὑȟὮȟ  (3-36) 

The constraints in Eqs. (3-35) and (3-36) are expressed for the x-axis, and identical structures also apply to 

other axes. With known values of ό  and Ὡ  for each axis, solving Eqs. (3-35) and (3-36) for ὺ , 

ὥ , and Ὦ  would yield multiple solutions. It may be desirable to identify a specific value of ὺ  first 

and then compute the corresponding ὥ  and Ὦ . A sample calculation is given below, using the 

parameters from Table 3-4. In the sample case, the desired torque and tracking error are ό  = 10V and 

Ὡ  = 0.02 mm. (Note that torque here is presented as a percentage of the maximum control signal). 

Additionally, it is assumed that a maximum velocity of ὺ  = 150 mm/s is specified. 

In the Y axis, using Eq. (3-35) and applying the triangle inequality (ȿὃ ὄȿ ȿὃȿ ȿὄȿ), the maximum 

acceleration is computed as ὥ  = 3.34×103 mm/s2. This value is then combined with Eq. (3-36) to 

compute the maximum jerk Ὦ  = 1.56×105 mm/s3. 

In the X axis, using Eq. (3-35), a maximum acceleration of ὥ ρȢςσρπ mm/s2 is found. However, 

when combining this with Eq. (3-36), this acceleration value is found to be invalid, as the acceleration 

contribution to tracking error is found to be ὑȟὥȟ πȢπςτυ, which exceeds the assigned tracking 

error limit. The acceleration constraint in the X axis is therefore scaled down to ὥ υππ mm/s2, and 

the computed jerk constraint is found to be φȢσφρπ mm/s3. 
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3.5 Reparameterization of the LP solution to a B-spline function directly representing feedrate 

 

The LP solution is a B-spline function defining the feedrate square ήί ί with respect to the path 

parameter ί. However, the NLP problem needs to be cast in terms of feedrate, in order to be able to compute 

the nonlinear constraints. Thus, the LP solution needs to be re-parameterized in terms of B-spline functions 

that directly represent the progression as ί. To achieve this, first, the ί values are computed at the constraint 

checkpoints by taking the square root of the ήί profile. Then, a new B-spline is fitted using a Least 

Squares formulation parameter estimation [63]. A sample result of this fit is shown in Figure 3-8. 

 

 
Figure 3-8: Results of B-spline reconstruction of feedrate profile from feedrate squared profile. 

The B-spline representation of ί will always have some discrepancy with the original points, although it is 

usually small. In Figure 3-8 the discrepancy is not large enough to be visible (maximum fitting error of 0.6 

mm/s, typically less than 1% of the function value). After the reconstruction, the new B-spline 

representation is verified, to make sure it does not violate any constraints. If there is constraint violation, 

the feedrate control points are scaled down until all constraints are satisfied. Similarly, non-negativity of 

the new control points ὧ is also checked, to ensure that the feed profile always progresses forwards. 

 
3.6 Nonlinear programming (NLP) optimization 

The NLP method offers a more optimal solution than the LP in terms of motion time, but it is more 

computationally intensive, and may require a near-optimal starting guess. The LP solution efficiently 

generates such a near-optimal starting guess. The selection of the optimization algorithm for NLP is also 

important, and is discussed in this section. 

The main advantage of NLP is its ability to handle nonlinear constraints. One application can be to refine 

the solution of the axis-level velocity, acceleration, and pseudo-jerk constrained problem to considering the 

actual jerk instead of pseudo-jerk, which was observed, in benchmarks conducted, to produce further 4-5% 

motion time reduction, which is a moderate gain. More importantly, replacing the velocity, acceleration, 
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and (pseudo-)jerk constraints with direct servo error and motor torque constraints, which are also nonlinear 

but technologically more relevant, can result in even more significant decrease in motion time, as 

demonstrated in the subsequent sections.  

Hence, NLP problem considered in this thesis can be formulated as: 
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(3-37) 

Naturally, when velocity, acceleration, and jerk constraints are also used, the resulting solution can be more 

conservative in terms of motion time, as expected from the triangle inequality (ȿὃ ὄȿ ȿὃȿ ȿὄȿ). 

In some cases, to ensure the forward traversal of the trajectory (i.e. to avoid unnecessary stops or backward 

movements due to numerical errors), a lower bound can be imposed on the feedrate as π ί ί, where  

ί  is a very small positive feed which would not cause any constraint violation. Similarly, to limit the 

magnitude of cutting forces, motor power and torque, and tool deflections during machining, an upper 

bound can also be imposed on the feedrate, as ί ίÍÁØ. 

In implementation, optimization algorithms tend to take the form of minimization problems. Modifying the 

main statement of the problem, as in Eq. (3-38), allows the use commercially available optimization 

algorithms. 

ÍÉÎ ίὨί 
 (3-38) 

Once again, the geometric derivatives used in the constraints determined by the toolpath. The derivatives 

of feedrate with respect to the arc parameter are computed per Eqs. (3-10)-(3-13). The time derivatives are 

computed using Eqs. (3-18)-(3-20). Finally, the predicted control signal and tracking error are computed 

according to Eqs. (3-39) and (3-40), which are described in Section 3.6.1. 

 

3.6.1 Control signal and tracking error  models 

 

The tracking error and motor torque provide more direct indicators of a CNC machine tools motion 

performance (and manufacturing accuracy) and utilization compared using the classical kinematic limits of 

velocity, acceleration, and jerk. The NLP optimization problem stated in Eq. (3-37) includes direct 

constraints on motor torque (or voltage command sent to the motor amplifiers, ό) and the servo tracking 

error (Ὡ). Like kinematic constraints, these constraints must be calculated at point along the toolpath and 
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sufficiently close intervals. A given trajectory will typically result in different torque commands and 

tracking errors on different machines. Thus, parameter identification is required and performed to quantify 

the relationships between the commanded trajectory profile, and the resulting motor torque and servo 

accuracy responses. This is typically achieved by executing a movement on the target machine, and 

recording the velocity, acceleration, jerk, motor torque command, and tracking error for each axis, and 

applying suitable model identification techniques. 

The motor torque demand can be represented by approximating the CNC drives as an inertia element subject 

to viscous and Coulomb friction, as shown by Eq. (3-39). This open-loop model neglects the transient 

dynamics contributed by the feedback servo controller. However, these dynamics (except for stick-slip 

friction) are typically not excited when smooth trajectories are used. In the equation, mass (ά ), viscous 

friction (ὦ), torque offset (ὧ) (due to preload or balancing), and Coulomb friction (Ὠ ȟ) can be 

identified using Least Squares (LS) estimation [63] on the experimental data collected during trajectory 

tracking. Eq. (3-39) applies separately to each axis, assuming that they are inertially decoupled. 

ό  ά ὼ ὦὼ ὧ Ὠ ȟίὭὫὲὼ (3-39) 

 

The tracking error can be approximated as a linear combination of the instantaneous velocity, acceleration, 

and jerk commands (ὼȟὼȟὼ) as shown by Eq. (3-40), by assuming that the feed drive dynamics are 

predominantly rigid and do not contain poorly damped (i.e., oscillatory) poles that which significantly 

influence the servo response. Here, ὑ, ὑ , and ὑ  are model parameters that can be identified using the LS 

approach. Ὡ is recorded tracking error from the CNC machine. 

Ὡ ὑȟὼ ὑȟὼ ὑȟὼ (3-40) 
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Figure 3-9: Router machine tool used in the experiments. 

The testbed machine, a 3-axis router as seen in Figure 3-9, was used to record torque and tracking error 

profiles during a short movement. The parameters for the models in Eqs. (3-39) and (3-40) were then 

estimated, and validated by reconstructing the motor torque and tracking error signals. The result is shown 

in Figure 3-10. 

 

Figure 3-10: Results of  a parameter identification routine. 

The control signal predictions are in very good agreement. However, the prediction of tracking error, which 

is much more sensitive to minute effects and nonlinearities, is limited in accuracy by the nature of the 
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experimental setup. The setup used is a low-cost flatbed router with large amounts of friction (in the 

guideways and ballscrewïnut interface), backlash (i.e., motion loss), lead errors (position-dependent 

harmonic transmission error) and flexibilities (originating from the mechanical frame and assembly and 

also the drive system (including the belt-driven connections between the motors and ballscrew-nuts 

mechanisms). These all contribute to imperfections and unmodeled effects in the motion delivery, which 

become more significant at the micron-level and lead to observed deviations from the predictions of Eq. 

(3-40). For example, several of the large peaks in the tracking error plots in Figure 3-10 correspond to zero-

velocity transitions in the testing trajectory, at which stick-slip friction (currently not considered in the 

model) becomes significant. However, in high-end CNC feed drives, which have much less friction and are 

constructed with much more rigid components and connections, it has been shown that the quasi-static 

tracking error model in Eq. (3-40) actually yields fairly accurate predictions [39], [64]. Therefore, in spite 

of the mechanical disadvantages of the experimental setup that was used, the servo error model in Eq. (3-40) 

has been adopted and used in this thesis. 

Table 3-1 and Table 3-2 show the identified parameters used in simulation and experimental studies, 

respectively. 

 

Table 3-1: Parameters used in simulation case studies. 

 X-axis Y-axis 

ὓ ςȢρσρπ  ρȢςυρπ  

ὦ τȢφχρπ  σȢψπρπ  

ὧ ρȢτψρπ  ρȢρωρπ  

Ὠ  ςȢτρρπ  ρȢσρρπ  

ὑ  τȢτωρπ  ψȢπχρπ  

ὑ  ρȢωωρπ  ρȢυςρπ  

ὑ υȢςπρπ  ρȢψπρπ  
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Table 3-2: Identified parameters of router machine used in experiment. 

 X-axis Y-axis 

ὓ ρȢωτρπ  ρȢρυρπ  

ὦ υȢπφρπ  σȢςψρπ  

ὧ ρȢστρπ  ρȢσςρπ  

Ὠ  τȢωφρπ  ρȢψτρπ  

ὑ  υȢστρπ  ςȢωσρπ  

ὑ  ρȢτυρπ  ρȢτυρπ  

ὑ χȢρχρπ  ςȢσωρπ  

 

3.6.2 NLP Method I - Sequential quadratic programming (SQP) 

The basic SQP algorithm is described in Section 2.3.2.2. The iterates of this algorithm are computed by 

first solving for the Hessian (second derivative) matrix of the Lagrangian of the problem, the latter which 

is a modified objective function that integrates equality constraints. Using the Hessian, the quadratic 

approximation of the objective function is created. Then, the quadratic program is solved. This solver is 

able to deal with infeasible iterates ï if the solution of the QP is infeasible according to the constraints, the 

solver will go back and try again with a smaller step size. However, in experimentation, it was found that 

infeasible starting conditions will cause the solution time to increase significantly ï up to 5 times in 

comparison to starting with a feasible guess. 

This algorithm computes full matrices of the problem. In the best of the authorôs knowledge, it does not 

make adjustments that take advantage of sparse matrices. Implementation of the windowing solution is 

therefore essential to the use of this algorithm, and the solution becomes very slow when trying to solve a 

long toolpath. However, the efficiency of SQP can be increased by providing a near-optimal starting guess, 

which the LP solution is able to generate. 

 

3.6.3 NLP Method II - Interior point algorithm  (IP) 

In some cases, the SQP algorithm was prone to failure ï for example, if a non-feasible initial guess was 

arrived at numerical errors passed on from previous computational steps. There were also instances with 

long toolpaths when the SQP, in an inexplicable manner, failed to converge. To overcome this drawback, 

the interior point algorithm was also implemented for feed optimization. 

The concept of interior point algorithms is described in Section 2.3.2.2. MATLABôs interior point algorithm 

implements logarithmic barrier functions and alternates between iterative steps to solve this function, and 
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the modification of the barrier function parameter. While this algorithm is separate from the SQP 

implementation, it also internally uses SQP in some of its solution steps. 

Unlike in the SQP algorithm, this problem operates using sparse approximations and sparse linear algebra 

ï this allows for the capacity to solve problems using large, sparse matrices. This would be a significant 

advantage if a single one-shot solution to the NLP problem was desired, but is not needed in the windowed 

solution presented in this thesis. In the developed algorithm, IP has been implemented as a secondary slower 

but more robust solution, in the rare case the SQP algorithm fails to successfully converge. The user has to 

manually select which NLP method is to be used. 

 

3.7 Coordination of boundary conditions and additional numerical considerations 

The progression parameters which must be set in the overall optimization algorithm are as follows: 

 

Table 3-3: Progression parameters for the dual windowing feed optimization algorithm. 

 LP specific NLP specific 

Total toolpath length ὒ (distance) with ὶ control points 

Window size ὡ  ὡ  

Overlap size ὖ  ὖ  

Constraint meshing factor i.e. number of 

constraint evaluation points per control point 

ὔ 

 

Considering Figure 3-1, the window sizes, ὡ  and ὡ , are assigned based on certain factors: 1) An 

excessively small window will be computationally inefficient and may not reach the actual achievable 

optimal feedrate. 2) An excessively large window may cause the optimization to fail, or exceed the available 

computational memory (which varies depending on the platform used to compute the optimization). 

Note that most of the parameters in Table 3-3 are referred to in terms of distance along the toolpath. 

However, in the implementation, these parameters are represented in terms of integer numbers of control 

points. Thus, all values of ὒ, ὡ, and ὖ must be integer multiples of the knot spacing distance Ὠ. 

The overlap sizes, ὖ   and ὖ , have similar considerations. If the overlap is too small, the feedrate will 

be suboptimal at the connection points between windows. This is because boundary condition influences 

causing the feedrate to drop to zero or small values will be inevitable. If the overlap is too large, the 

computation time will be excessive, as long and overlapping portions of the trajectory will be unnecessarily 

reoptimized. The minimum overlap is computed based on the worst-case deceleration distance of the 

machine, based on the maximum kinematic parameters. The deceleration distance for a machine axis from 

its maximum velocity is given in Eq. (3-41), which is derived in detail in Appendix A.2. 
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(3-41) 

The minimum deceleration distance is computed separately for each axis. Then, the largest one is used to 

determine the minimum window overlap distance. From this, a minimum window size can be expressed in 

control points as ὴ using Eq. (3-42) where ὶ is the number of control points in the trajectory, ὒ is the total 

toolpath length, and ‌  is an applied safety factor (for instance, ‌ ς will enforce that the 

overlap must be twice as long as the expected deceleration distance). 

ὴ ‌  ὰ
ὶ

ὒ
 (3-42) 

The LP overlap, ὖ , requires additional consideration, as shown in Figure 3-2. This overlap occurs at the 

boundary between NLP-optimized and LP-optimized-only solutions, which have different constraints. 

Once the nonlinear optimization has been performed based on servo error and motor torque constraints, the 

solution will likely no longer be a feasible solution to the LP problem which considers velocity, 

acceleration, and pseudo-jerk constraints. With infeasible initial boundary conditions, the consecutive LP 

optimization step would fail. The use of a B-spline feed profile ensures that the boundary conditions remain 

feasible for the LP at the beginning of the next LP step, as shown in Figure 3-11. 

 

Figure 3-11: Boundary condition enforcement at window boundaries in LP+NLP windowing optimization. 

The minimum size of the pause boundary is related specifically to the order of the B-spline feedrate profile. 

In a B-spline function of order ὲ, any individual B-spline will have a range of ‚ȟ‚ . Using Eqs. 
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(3-6),(3-12), and (3-13), it can be seen that the effect of any quadratic B-spline will be limited to the space 

between four knots ï hence, the length of the NLP pause buffer range would have to be at least σὨ.  

 

3.8 Time-domain reconstruction 

The solution obtained from the dual-windowing algorithm is a feedrate profile expressed in terms of arc 

length, ίί, as well as functions that map a given value of ί to its corresponding ὼȟώȟᾀ coordinates. This 

must be converted to arc displacement (ίὸ) and feedrate expressed in terms of time (ίὸ), in order to be 

interpolated and sent as a discrete-time motion command to the servo controllers, ultimately as ὼὸ, ώὸ, 

and ᾀὸ. 

Eq. (3-43) defines the relationship between ὸ and ί, which depends on the feedrate ί. In this work, it has 

been solved using third-order Taylor series expansion. 

ὸ  
ρ

ί
Ὠί  

(3-43) 

Third-order Taylor series expansion was selected because the second and third derivatives of ί have already 

been computed during the optimization. 

The process of time reconstruction is described as follows: 

1. An array of desired time values is created. In this case, a set of points with a constant sampling period 

Ὕ are used, which is the most common form in sampled motion control systems. 

2. The process will fail at any point when ί, ί, and ί are all sufficiently close to zero. To avoid this, a 

minimum threshold for ί is selected and any parts of the trajectory with feedrates below this threshold 

are marked as ñbreakpointsò. As most trajectories start and end at zero velocity, the beginning and end 

of the toolpath are expected to be breakpoints. 

3. If starting from a breakpoint: the first arc displacement will be zero, plus some small offset. 

4. At this point, the following values are known: ί (arc displacement at sample Ὧ), a B-spline profile 

defining the feedrate at any given position, and a desired time interval, Ὕ. 

5. Values of the derivatives ίὯ, ίὯ, ίὯ are computed at the sample Ὧ. 

6. The time and arc displacement for sample Ὧ ρ, ὸὯ ρȟίὯ ρ  are computed using Eqs. (3-44) 

and (3-45). 

ὸὯ ρ ὸὯ Ὕ  (3-44) 

ίὯ ρ ίὯ ίὯὝ
ρ

ς
ίὯὝ

ρ

φ
ίὯὝ  

(3-45) 

7. This iteration continues until reaching either the end of the toolpath or a designated breakpoint.  

8. If a breakpoint is reached, then the same ñfeedrate offsetò as the beginning is applied before continuing 

as before. 
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Sample result for reconstruction of the arc displacement (and thus feed) profile in the time domain is shown 

in Figure 3-12. The optimization output Ὢί is converted to a set of sample points ὸȟί at the desired time 

intervals, which would ultimately be sent as displacement commands to the parametric toolpath 

interpolation algorithms (i.e., ὼ ὼίὸ , ώ ώίὸ , ᾀ ᾀίὸ . For the purpose of verification, in 

this sample an additional step was performed in which the feedrate profile was generated as a function of 

arc displacement, and these two (phase plane and time-domain reconstruction data) were overlaid for 

comparison on the bottom plot of Figure 3-12. As can be seen, there are only negligible differences between 

the two, which can be reduced further, if needed, if applying smaller time steps. 

 

Figure 3-12: Verification of time-domain reconstruction of a arc displacement profile. 

3.9 Simulation benchmarks 

The results of applying the proposed dual-windowed feed optimization are shown in Figure 3-13. A hand-

shaped sample toolpath is chosen due to its familiarity and variety of large and small curvatures. The 

feedrate is displayed by varying colour throughout the toolpath. Additionally, plots of the constrained motor 

torque and tracking error are provided below the toolpath. As can be seen, the constraints are satisfied 

throughout the toolpath. The optimization was performed using the parameters in Table 3-1. The 

acceleration and jerk limits were determined following the procedure in Section 3.4.1, to ensure that the LP 

solution would also be feasible for the NLP problem. The resulting constraint limits are shown in Table 

3-4. 
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Table 3-4: Constraints applied in simulation case studies. 

 X-axis Y-axis 

Maximum velocity [mm/s] 150 150 

Acceleration [mm/s2] 500 3340 

Jerk [mm/s3] 63000 156000 

Control signal [V] 10 10 

Tracking error [mm] 0.02 0.02 

 

 

 

Figure 3-13: Results of an optimization procedure. 

This case reveals several notable features of the optimization strategy: 

¶ As predicted, the feedrate is faster during long, low-curvature segments and slows down during sections 

with tighter curvature. 

¶ The optimization trajectory can sometimes reach a very high feedrate. It may be desirable to implement 

a feedrate limitation constraint as well (e.g., to keep machining forces limited). This is possible using 

both LP and NLP strategies, although it was not implemented in this example. 
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¶ The torque and tracking error are within the constraint envelope. Constraint violations due to numerical 

error in time reconstruction do occur, but the violation sizes are less than 1% of the assigned maximum 

and are not visible on the constraint profiles.  

 

Figure 3-14: Comparison between LP (left) and LP+NLP (right) feed optimization optimizations. 

A comparison between the LP-only algorithm and the LP+NLP algorithm was made and is presented in 

Figure 3-14, with computational time and movement time results presented in Table 3-5. In the LP-only 

case (left side of Figure 3-14), the axis velocity, acceleration, and jerk limits are used as an indirect method 

to constrain the control signal and servo error. In the LP+NLP implementation (right side of Figure 3-14), 

the control signal and servo error are constrained. It can be seen that this ultimately reduces the motion time 

by 29.7%, beyond the result obtained with only LP, without exceeding these prescribed limits. However, it 

is also important to acknowledge the increased computational time (around 3-fold), in exchange for the 

improved motion performance. 

 It can be seen that in the Y-axis, the profiles of control signal and tracking error closely resemble each 

other. This is caused by the weighting of the kinematic profiles in the identified parameters of the models 

for ό and Ὡ, in which for the particular machine, both show strong correlation to the velocity commands. 
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Table 3-5: Computation time and movement cycle time for LP vs LP+NLP algorithms. 

 LP only LP+NLP 

Computation time (s) 3.47 11.94 

Movement time (s) 19.00 11.80 

One of the strengths of the dual-windowing approach is that it enables the processing of indefinitely long 

toolpaths in a forward-moving (i.e., streaming) manner, similar to the architecture of an industrial CNC. 

Both types of optimization (LP and NLP) are performed along the toolpath in a carefully coordinated 

manner. An example of testing the proposed optimization on a longer toolpath is shown in Figure 3-15. 

This sample toolpath has a length of 18500 [mm], and was processed using 4000 control points and 20000 

constraint evaluation points. Noting that on a 3-axis machine, LP+NLP requires 27 inequality constraints 

to hold at each evaluation point (i.e., (1 velocity, 2 acceleration, 2 pseudo-jerk, and 2 control signal and 2 

tracking error) x (2 axes)), this translates to 540,000 inequality constraints. 

Due to memory limitations on the optimization computer, the computation time was long, but the 

optimization was overall successful. Small constraint violations due to numerical error in time 

reconstruction did occur occasionally, as can be seen in the constraint plots of Figure 3-15, but outside of 

these errors, the constraints remain within their prescribed limits. Trajectories of this length can be very 

computationally expensive. The applied velocity, acceleration, and jerk limits are equal to those in Table 

3-4. The control signal and tracking error limits used were 10 V and 0.02 mm, respectively.  

The computation and motion time are provided in Table 3-6. 
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Figure 3-15: LP+NLP optimization of longer toolpath. 

In comparison, the LP-only optimization of the same toolpath is presented below in Figure 3-16. The LP-

only optimized trajectory is much longer in time, approximately twice the movement time of the LP+NLP 

optimization. Small, brief constraint violations continue to occur, caused by the time-domain reconstruction 

(discussed further in Section 4.2). With the exception of these, the tracking error and motor torque, again, 

stay well-below the limits due to the use of more conservative velocity, acceleration, and jerk constraints. 

It can be verified that the velocity, acceleration, and jerk limits were set to their maximum possible values, 

to not violate the control signal and servo error constraints. However, due to the conservativeness this brings 

(from the triangle inequality), the control signal (i.e., motor torque) and tracking error capacity are clearly 

underutilized, thus resulting in longer motion time.  
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Figure 3-16: LP-only optimization of longer toolpath. 

 

Table 3-6: Computation and motion time of very long toolpath. 

 LP only LP+NLP 

Computation time (s) 37 353 

Movement time (s) 117 80 

 

This can be more clearly analyzed by considering the impact of limiting ό and Ὡ indirectly by capping 

the magnitudes of velocity, acceleration, and jerk: 

ȿόȿ όȟÍÁØ Ĕ  

ȿόȿ ά ὼ ὦὼ ὧ Ὠ ȟίὭὫὲὼ ά ȿὼȿ ὦȿὼȿ ȿὧȿ Ὠ ȟ

ά ὥȟÍÁØ ὦὺȟÍÁØ ȿὧȿ Ὠ ȟ όȟÍÁØ 

(3-46) 

 

 

(3-47) 
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ȿὩȿ ὩȟÍÁØ Ĕ  

ȿὩȿ ὑȟὼ ὑȟὼ ὑȟὼ ὑȟ Ͻȿὼȿ ὑȟ Ͻȿὼȿ ὑȟ Ͻȿὼȿ

ὑȟ ϽὮȟÍÁØ ὑȟ ϽὥȟÍÁØ ὑȟ ϽὺȟÍÁØ ὩȟÍÁØ 

 

When the numerical values are considered, 

ά ὥȟÍÁØ ὦὺȟÍÁØ ȿὧȿ Ὠ ȟ όȟÍÁØ (3-48) 

 

ὑȟ ϽὮȟÍÁØ ὑȟ ϽὥȟÍÁØ ὑȟ ϽὺȟÍÁØ ὩȟÍÁØ  

 

 

Considering Eqs. (3-46 and (3-47), while the terms ά ὼ ὦὼ ὧ Ὠ ȟίὭὫὲὼ  and ὑȟὼ

ὑȟὼ ὑȟὼ represent the actual magnitudes of control signal and servo error that must be limited, the 

latter expressions to the right-hand side of these terms, which are more conservative, assume the worst case 

scenarios. This is convenient for mathematical purposes, but not fully realistic. For example, jerk, 

acceleration, and velocity do not always have the same sign through a toolpath (which is what is assumed 

when computing their limits ὮȟÍÁØ, ὥȟÍÁØ, ὺȟÍÁØ used for LP). Therefore, there will be instances where 

larger velocity and acceleration magnitudes can be used, if they have cancelling signs in the torque equation 

(e.g., decelerating during positive velocity). Similarly, the values of ὼ, ὼ, and ὼ are never simultaneously 

at their maximum limits, although ὺȟÍÁØ, ὥȟÍÁØ, ὮȟÍÁØ are computed considering this extreme situation. 

Thus, at many instances throughout the toolpath, the feed profile can be modulated so that the terms 

ά ὼ ὦὼ ὧ Ὠ ȟίὭὫὲὼ  and ὑȟὼ ὑȟὼ ὑȟὼ  stay within their prescribed limits, 

while the individual profiles of ὼ, ὼ, and ὼ may exceed ὺȟÍÁØ, ὥȟÍÁØ, and ὮȟÍÁØ, respectively. This is the 

key reason that LP+NLP, which facilitates direct limiting of the nonlinear constraints for ό and Ὡ is able to 

yield a faster trajectory and shorter motion time over LP. 

 

3.10 Experimental results 

Experimental validation was performed on the three-axis router as seen in Figure 3-9 using air-cut tests (in 

which the tool moves through the specified trajectory without any material being cut). Such feedrate 

optimization is particularly suited for operations with low cutting force, such as finish machining, in which 

the servo errors are induced primarily by the trajectory commands and not the lightweight cutting forces.  
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The machine tool is driven by two x-axis drives, one on each side of the machine, moving the gantry. The 

single y-axis drive which runs across the gantry. The drives are ball screw type (x-axes: rotating nut, y-

axis: rotating screw), with synchronous belt mechanisms providing the linkage between the motors.  

When obtaining experimental results, the x-axis tracking error and torque model were predicted based on 

one of the x-axis drives. The vertical z-axis was not fully functional at the time of conducting the 

experiments, and therefore was not used. The parameters identified and used in the experiment are presented 

in Table 3-7. 

Table 3-7: Constraints considered in the experimental trajectory generation for the router. 

Velocity [mm/s] 150 

Acceleration [mm/s2] 500 

Jerk [mm/s3] 10000 

Tracking error [mm] 0.018 

Control signal [V] 8 

Figure 3-17 presents the experimental result for testing the hand-shaped toolpath shown in Figure 3-13. The 

limits constraint limits were modified to match the limits of the experimental setup. 
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Figure 3-17: Experimental result of hand-shaped trajectory with LP+NLP dual-windowed optimization. 

During the experiments, the tool was observed to travel smoothly along the assigned path, speeding up 

during long and low curvature portions and slowing down at higher curvature sections. 

The control signal plot (bottom right of Figure 3-17) shows accurate experimental reproduction of the 

predicted motor control signal ï the signal is successfully constrained to within the applied limit of 8 V 

(with very small violations due to the noise of the recorded signal). 

The tracking error plot (bottom left of Figure 3-17) shows some discrepancy, due to the factors explained 

at the end of Section 3.6.1, originating from the mechanical imperfections of the motion transmission in the 

experimental setup, such as heavy and non-uniform stick-slip friction, backlash, lead errors, and structural 

vibrations. The actual and predicted tracking errors are shown in further detail in the zoomed in plot in 

Figure 3-18. The measured servo errors show noticeably higher peaks than the prediction, which in the 
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experiments does cause some violation of the error constraints. Nevertheless, majority of the trends for the 

servo error are still captured, especially for the y-axis which is more rigid compared to the x-axis. 

 

 

Figure 3-18: Predicted and experimental tracking errors from the router. 

 

The tracking error model (described in Section 3.6.1) is based on a linear combination of the commanded 

velocity, acceleration, and jerk. It does not account for the contribution of static (stick-slip) friction and 

other nonlinearities, which make significant contributions to positioning errors in this case. However, the 

linear model works very well for high-end machine tool drives [39], [64], which have much lower friction 

influence compared to inertial forces, better motion transmission, and also are more rigid by nature. In 

future research, to improve the prediction accuracy for machines with large friction, an extended model can 

be developed which includes an analytical approximation of the anticipated servo error profile contributed 

by additional stick slip friction. However, in the context of validating the developed LP+NLP method, the 

experimental results from the router are promising, in terms of demonstrating the effectiveness of the 

proposed new trajectory generation method. Also, the prediction and limiting of motor torque is very 

successful.  




















































































































