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Robots used in extreme environments need a high reactivity on their scene. For fast response, they need the ability to find the optimal path in a short time. In order to achieve this goal, this study introduces WA*DH+, an improved version of WA*DH (weighted A* with the derivative of heuristic angle). In some path planning scenes, WA*DH cannot find suboptimal nodes with the small inflation factor called the critical value due to its filtering method. It is hard to develop a new filtering method, so this study inflated the suboptimality of the initial solution instead. Critical values vary in every path planning scene, so increasing the inflation factor for the initial solution will not be the solution to our problem. Thus, WA*DH + uses the GBFS algorithm with the infinitely bounded suboptimal solution for its initial solution. Simulation results demonstrate that WA*DH + can return a better solution faster than WA*DH by finding suboptimal nodes in the given environment.
Keywords: greedy best first search, heuristic angle, heuristic search, node-based algorithm, path planning, trajectory planning
INTRODUCTION
Path planning is an essential part of self-moving machines such as self-driving cars, unmanned aerial vehicles, or other robotics systems (De Momi, Elena et al., 2016; Boulares and Barnawi, 2021; Mac, Thi Thoa et al., 2016; Fu, Bing et al., 2018; Duan, Chao, et al., 2020; Liu, Zhiyuan et al., 2020; Hou, Mengxue et al., 2021). Path planning aims to find the path that has the lowest path cost in the shortest time because self-moving machines need fast reactions on their scene. Here, the path cost means the distance from the start to the target. Many path planning algorithms were developed to achieve this goal. Bioinspired algorithms such as genetic algorithm (GA), particle swarm optimization (PSO) (Das et al., 2016; Song et al., 2016), sampling-based algorithms such as rapidly exploring random tree (RRT), Voronoi, and artificial potential field (APF) algorithms are the examples (Yang, Liang et al., 2014; Yang, Liang et al., 2016). However, these algorithms sometimes show poor performances due to some limitations, such as the local minimum situation.
In order to avoid these threats, the A* algorithm (Hart et al., 1968) motivated by Dijkstra’s algorithm and other node-based algorithms were developed. The main characteristic of A* and all variations of A* is the heuristic. The heuristic means the estimated distance from the current node to the target. The heuristic is the most important factor in A* and all variations of A* because the heuristic can change the performance of algorithms (Jing and Yang, 2018). The concept of the heuristic is used not only for node-based algorithms but also for other algorithms, such as the ACO algorithm (Dai, Xiaolin et al., 2019).
The heuristic is a powerful method for finding the optimal path. However, algorithms using the heuristic have a time-consuming problem. This problem made A* hard to use in real-time systems, so many researchers developed various methods to get a result of heuristic-using algorithms in a short time. With these trials, weighted A*(WA*), the bounded suboptimal search algorithm, was developed (Pohl, 1970). WA* uses the heuristic multiplied by the inflation factor ([image: image]). The concept of inflating the heuristic solved a time-consuming problem. However, the inflated heuristic cannot guarantee the optimality of the result anymore.
Many researchers focused on this side effect, and as a result, many variations of WA* were developed. For example, dynamically weighted A*(DWA*) uses the d(root) as a depth bound (Pohl, 1973) and [image: image] uses the desired suboptimality bound to build the focal list from a node selected to expand (Pearl and Kim, 1982; Thayer and Ruml, 2008; Thayer and Ruml, 2009). Also, Aine Sandip et al. (2016) suggested two versions of multi-heuristic A*(MHA*), which uses multiple heuristic functions to find the path; independent MHA*(IMHA*), which uses independent g and h values for each search, and shared MHA*(SMHA*), which uses different g but a single g value for all the searches. Ying et al. (2018) suggested the evolutionary heuristic A*(EHA*), which uses GA to automatically design, calibrate, and optimize multi-weighted heuristic functions to maximize the performance of the algorithm (Yiu et al, 2018).
Anytime algorithms were also used in various path planning environments. Anytime algorithms have a flexible time cost and can return a sub-optimal solution in a short time and progressively optimize it till the time limit expires. The naïve anytime A*(ATA*) returns its result by iteratively reducing the inflation factor; however, it repeats previous works (Zhou and Hansen, 2002). To address this inefficient work, anytime repairing A*(ARA*) reuses the previous work to optimize the path efficiently (Likhachev et al., 2003; Li et al., 2012). The concept of reusing the previous work was adapted to D*. Thus, anytime dynamic A* was developed (Likhachev, Maxim et al., 2005). However, they need an understanding of complex mathematical logic, which can make users reluctant to use these algorithms.
Recently, weighted A* with the derivative of the heuristic angle (WA*DH), motivated by the concept of anytime algorithms, was suggested (Lim et al., 2020). WA*DH returns its path by getting an initial solution with a certain inflation factor and partially replans the path with the same inflation factor used in the initial solution. Because WA*DH improves the initial solution only with the direction of the path, it does not require complicated mathematical logic. Thus, WA*DH has the advantage that users can easily understand how WA*DH can improve its initial solution. However, we found that the performance of WA*DH at a certain range of inflation factors is worse than that of the larger inflation factor. We supposed that this is because of the quality of the initial solution of WA*DH and this problem makes WA*DH hard to use in the self-moving vehicles used in extreme environments.
In order to address this problem, this study introduces WA*DH+. WA*DH+ is motivated by WA*DH, so the overall procedures of WA*DH+ are the same as those of WA*DH. The difference between WA*DH and WA*DH+ is that WA*DH+ uses the GBFS algorithm to get the initial solution, whereas WA*DH uses the WA* to get the initial solution. We confirmed from the simulations that the suggested method not only reduces the elapsed times but also removes the probability of the degradation of the performance of the algorithm. From the simulation results, we believe that WA*DH+ will make self-moving vehicles used in extreme environments more responsive.
WEIGHTED A* WITH THE DERIVATIVE OF THE HEURISTIC ANGLE
As stated in the introduction, WA*DH uses the derivative of the heuristic angle (hereinafter referred to as DH) to refine the initial solution. The heuristic angle can be defined as (1), and its schematic diagram is stated in Figure 1. In Eq. 1, [image: image] denotes the target node, a current node, and the parent node of a current node, respectively. [image: image] denotes the set of nodes that consist of the path. T denotes the target, and subscripts [image: image] are subscripts of [image: image], respectively:
[image: image]
[image: Figure 1]FIGURE 1 | Schematic diagram for the heuristic angle.
The first step of WA*DH is getting an initial solution from WA*. Once the procedures of WA* are executed, coordinates of nodes that consist of the initial solution will be listed. With this list, WA*DH calculates heuristic angles and their derivatives. The shape of the initial solution and the derivatives of heuristic angles are stated in Figures 2A,B.
[image: Figure 2]FIGURE 2 | Initial solution and their derivatives of heuristic angles. (A) Initial solution from WA*. (B) The derivatives of heuristic angles.
From Figure 2B, there are some noise-shaped patterns near 0. These elements can be considered suboptimal nodes by the definition of suboptimal nodes, so they must be eliminated. To do so, WA*DH filters them with a threshold defined as (2). With these methods, Figure 2B will be changed to Figure 3. In Eq. 2, [image: image] denotes the derivative of the heuristic angle of [image: image] node of the initial solution and m denotes the total number of nodes that consist of the initial solution:
[image: image]
[image: Figure 3]FIGURE 3 | Filtered DH with a threshold.
The next step of WA*DH is searching suboptimal nodes. The suboptimal node contains two nodes: occurrence and escape. The occurrence node is defined as a node with a positive DH, and the escape node is defined as a node with negative DH. Also, the escape node must satisfy one more condition; there must be at least one occurrence node between the start and a node with negative DH. By the definition of suboptimal nodes, we can find two occurrence nodes near the 110th and 200th nodes and three escape nodes near the 120th, 150th, and 280th nodes from Figure 3.
The purpose of searching suboptimal nodes is to make the node-set. The node-set contains the start and the target nodes for local replanning. Local replanning needs to be executed for the number of occurrence nodes. In the example environment, there are two occurrence nodes, so local replanning needs to be executed twice. The start and the target for local replanning can be determined as follows and Figure 4 shows the start and the target for local replanning of the example environment:
1) The start of the first local replanning is the start of the initial solution, and the target of the first local replanning is the first escape node. However, if there are two or more escape nodes between two occurrence nodes (or target of the initial solution), the last escape node will be chosen for the target of the local replanning.
2) The start and the target of the second and the subsequence local replanning are targets of the previous local replanning and [image: image] escape node. If there are two or more escape nodes between two occurrence nodes (or target of the initial solution), the last escape node will be chosen for the target of the local replanning.
[image: Figure 4]FIGURE 4 | The start and the target for local replanning of the example.
Next, WA*DH executes WA* multiple times based on the node-set. The number of executions is the same as the number of occurrence nodes, and the inflation factor in each execution is equal to the initial solution. After that, WA*DH replaces the initial solution with the locally replanned paths. The procedure of the replacement contains not only replacing nodes but also updating g(n) and h(n). As a result, WA*DH returns its result. Figure 5 states the initial solution and final solution of WA*DH in a dotted line and a full line, respectively.
[image: Figure 5]FIGURE 5 | Initial and final solution of WA*DH.
WA*DH+: LOCALLY REPLANS PATHS BASED ON THE INFINITELY BOUNDED SUBOPTIMAL SOLUTION
Critical values on WA*DH
Theoretically, the path cost of WA*DH decreases with the decreasing inflation factor. However, we found that the path cost of WA*DH with a certain inflation factor is higher than that with a larger inflation factor. This is stated in Figure 6 and Table 1. In Figures 6B,D,F, [image: image] denotes the filtered DH with a threshold; a dotted line and a full line in Figures 6A,C,E denote the initial and final solution of WA*DH, respectively. Table 1 states the elapsed times and path costs of each simulation.
[image: Figure 6]FIGURE 6 | Results of WA*DH on the different inflation factors. (A) Result of WA*DH on [image: image]. (B) [image: image] of WA*DH on [image: image]. (C) Result of WA*DH on [image: image]. (D) [image: image] of WA*DH on [image: image]. (E) Result of WA*DH on [image: image]. (F) [image: image] of WA*DH on [image: image].
TABLE 1 | Elapsed times and costs Figure 4.
[image: Table 1]From the initial solution in Figures 6A,C,E, it is intuitively clear that there are two detouring sections, so we can expect that there will be two escape nodes. When [image: image], WA*DH detected two escape nodes correctly, so the quality of the path cost is equal to A*. However, when [image: image], WA*DH detected only one escape node near the [image: image] node and the path cost of WA*DH is higher than the path cost of WA*DH when [image: image]. We first supposed this is because WA*DH cannot detect all suboptimal nodes. However, as stated in Figure 6D, WA*DH with [image: image] found only one escape node at the same location in Figure 6D, but its path cost is equal to A*. From these results, we concluded that the fault detection of suboptimal nodes is not the cause of the poor performance. Also, we defined inflation factors that make performance degradation critical value.
Get an initial solution from the greedy GFS algorithm
It is hard to avoid the threat of critical values because they are unpredictable. We thought that using a large inflation factor would avoid the threat of the critical value. However, it is hard to decide on a large inflation factor because the criteria for big and small are different for each person. From this, we hypothesized that an extremely high inflation factor, such as an infinite inflation factor, will be enough to call a large inflation factor. Therefore, we suggest the greedy best-first search (GBFS) algorithm as the algorithm for the initial solution. GBFS is an algorithm that searches nodes with only heuristic, so we thought that using the GBFS algorithm is equal to using WA* with the infinite inflation factor. The cost function of GBFS is stated in Eq. 3, where f(n) denotes the cost function of a node of the GBFS algorithm and h(n) denotes the heuristic of a node:
[image: image]
Theorem. If the inflation factor is extremely high (or infinite), then the effect of the g term will be disappeared. Here, g is the cost of the path from the start node to the [image: image] node.
Proof.Let the cost function of an algorithm be
[image: image]
We can change Eq. 4 to
[image: image]
Taking the limit on both sides of Eq. 5,
[image: image]
[image: image]
[image: image]
The role of the inflation factor on the cost function, such as Eq. 4, is deciding the influence of the heuristics compared to the cost of the path, g(n). However, there is no need for the inflation factor because Eq. 8 does not contain g(n) anymore. so we can remove [image: image] from Eq. 8 With these procedures, we can derive Eq. 3 as a result.Using the GBFS algorithm gives us some advantages, as stated in Figure 7. Figure 7 states escape nodes found from the result of WA* with [image: image] and the GBFS algorithm, and circles in Figures 7A,C,E state the locations of occurrence nodes.WA*DH in Figure 7B detected two occurrence nodes, so we can expect there would be two escape nodes. However, WA*DH in Figure 7 detected only one escape node. Also, in Figure 7D, WA*DH detected two occurrence nodes and two escape nodes. Moreover, WA*DH in Figure 7F found three occurrence nodes and escape nodes. In fact, considering the placement of obstacles in the simulation environment of Figure 7, there must be three occurrence nodes and escape nodes. However, Figures 7B,D could not detect all suboptimal nodes due to the relatively high optimality of WA*. From these results, we can prove that the high inflation factor can detect suboptimal nodes clearly.The path planning with the GBFS algorithm is also very useful in terms of elapsed time. The elapsed time of WA* gets shorter as the inflation factor increases. This means that an infinite inflation factor can theoretically get a result of WA* in the fastest time. Thus, we can expect that the GBFS algorithm can reduce the elapsed time of our algorithm, WA*DH+. This will be simulated in Section 4.
[image: Figure 7]FIGURE 7 | Escape nodes of WA* on different inflation factors. (A) Result of WA*DH on [image: image]. (B) Filtered [image: image] of WA* on [image: image]. (C) Result of WA*DH on [image: image]. (D) Filtered [image: image] of WA* on [image: image]. (E) Result of the GBFS algorithm. (F) Filtered [image: image] of the GBFS algorithm.
Procedures of WA*DH+
This section introduces our algorithm, WA*DH+, and how WA*DH + gets its result. Procedures of WA*DH + are similar to those of WA*DH: getting an initial solution, finding escape nodes, locally replanning the paths, and connecting them. The details of procedures of WA*DH + are stated below.
First of all, WA*DH + gets an initial solution from the GBFS algorithm. Unlike WA*DH, WA*DH + does not need to decide the inflation factor for the initial solution. After getting an initial solution, then WA*DH+ calculates [image: image] with the moving median filter and the threshold.
The next step of WA*DH+ is finding the suboptimal nodes to decide the start and the targets for local replanning. Next, WA*DH+ executes the local replanning. In this procedure, WA*DH+ needs to decide on an inflation factor.
The final step of WA*DH+ is path-connecting. In this procedure, WA*DH + needs to update only heuristics, whereas WA*DH needs to update the actual costs, g(n), and heuristics. Also, WA*DH+ needs an additional procedure to calculate the path cost, whereas WA*DH can get its path cost from g(n) of the target. After calculating the path cost, WA*DH+ can finally get its result. The pseudocode and the flowchart of WA*DH+ are stated in Figures 8, 9. In the flowchart, when [image: image] , the [image: image] node is equal to the original start node.
[image: Figure 8]FIGURE 8 | Flowchart of WA*DH+.
[image: Figure 9]FIGURE 9 | Pseudocode of WA*DH+.
SIMULATION RESULTS
Simulation environments
In order to compare the performances with WA*DH, obstacles were placed the same as in the simulation environments of WA*DH, and the sizes of all simulation environments are also the same as those of the simulation environments of WA*DH (270 x 27 nodes) as stated in Figure 10. All simulations were conducted in MATLAB with Windows 10, i7-9700 CPU with 32 GB RAM, and there are no acceleration methods or parallel processes such as Graphics Processing Unit (GPU) and parallel processing with CPU cores.
[image: Figure 10]FIGURE 10 | Environments for simulations. (A) Simulation environment 1. (B) Simulation environment 2. (C) Simulation environment 3. (D) Simulation environment 4.
Performances of WA*DH+
To validate the performance of WA*DH+, we simulated WA*DH+, WA*DH, and WA* in terms of the path cost and elapsed time in each environment. Simulations were conducted by reducing the inflation factor from 3 to 1 by 0.2 to compare performances near critical values. Results of simulations are stated in Figures 11–14, and quantitative comparisons are stated in Tables 2–5.
[image: Figure 11]FIGURE 11 | Result of simulation case 1. (A) Path costs of simulation case 1. (B) Elapsed times of simulation case 1.
[image: Figure 12]FIGURE 12 | Result of simulation case 2. (A) Path costs of simulation case 2. (B) Elapsed times of simulation case 2.
[image: Figure 13]FIGURE 13 | Results of simulation case 3. (A) Path costs of simulation case 3. (B) Elapsed times of simulation case 3.
[image: Figure 14]FIGURE 14 | Result of simulation case 4. (A) Path costs of simulation case 4. (B) Elapsed times of simulation case 4.
TABLE 2 | Quantitative comparison of the performances of algorithms on simulation 1.
[image: Table 2]From Table 2, the path cost of WA*DH with a relatively large inflation factor (> 2.2) is the same path cost of A*’s. However, when [image: image] is in the range from 2.2 to 1.6, the path cost of WA*DH is about 0.81% larger than that with larger inflation factors. In contrast, the path cost of WA*DH + does not change with varying inflation factors, and its quality keeps the same as the path cost of A*.
Table 3 shows that path costs of WA*DH and WA*DH+ with relatively high inflation factors (> 2.0) are the same as the path cost of A*. However, when the inflation factor is lower than 2, the path cost of WA*DH is the same as WA* until the inflation factor decreases to 1, whereas the path cost of WA*DH + does not change with varying inflation factors.
TABLE 3 | Quantitative comparison of the performances of algorithms on simulation 2.
[image: Table 3]TABLE 4 | Quantitative comparison of the performances of algorithms on simulation 3.
[image: Table 4]TABLE 5 | Quantitative comparison of the performances of algorithms on simulation 4.
[image: Table 5]In the case of simulation case 3, the path cost of WA*DH+ is about 5.04% lower than that of WA*DH. Thus, we can see that WA*DH + not only removes the risk of a critical value but also returns a lower path cost at a relatively high inflation factor. Moreover, we also confirmed that the path cost of WA*DH + keeps the same quality as the path cost of A* regardless of the inflation factor.
Unlike other results of simulation cases, when [image: image] in case of simulation case 4, the path cost of WA*DH+ is about 0.5% higher than that of WA*DH, and this difference rises to about 1.47% when [image: image]. However, it is hard to say that the quality of WA*DH+ is bad because the purpose of using WA*DH+ is to avoid the threat of the critical value.
Besides being free from the threat of the critical value, we also found that WA*DH + has an advantage in terms of the elapsed time. In all simulation cases, elapsed times of WA*DH increase exponentially near [image: image]. However, the elapsed time of WA*DH + does not significantly increase with decreasing inflation factor, and elapsed times of WA*DH + are much lower than WA*DH. In fact, considering that using the GBFS algorithm has the same meaning as using the infinite inflation factor at WA*, it is a natural result because the higher the inflation factor is, the faster the result can be returned.
DISCUSSION
This study aims to evade the threat of the critical values on WA*DH. We found that the critical value comes from the fault detection of suboptimal nodes from the initial solution with relatively high optimality. We hypothesized that high suboptimality could find suboptimal nodes clearly, so we suggested our algorithm, WA*DH +, which uses the GBFS algorithm for the initial solution. From simulations, it can be proven that WA*DH + can avoid the threat of the critical value successfully by detecting suboptimal nodes more clearly than WA*DH. In terms of the elapsed time, we also confirmed that the elapsed time does not change significantly with varying inflation factors; however, the elapsed time of WA*DH increases exponentially when the inflation factor is near 1.
Although WA*DH + shows powerful performances in terms of the path cost and the elapsed time, WA*DH + still cannot guarantee admissibility because WA*DH + refines the initial solution based on the GBFS algorithm that has the infinitely bounded suboptimality. It will remain a limitation of algorithms using the concept of WA*DH. Also, WA*DH+ cannot refine the initial solution if there are circular obstacles in the path planning scene. However, we expect this will be removed in future works using new filtering methods of DH or additional procedures to the result of WA*DH+.
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Optimal control is seen by researchers from a different perspective than that from which the industry practitioners see it. Either type of user can easily become confounded when deciding which manner of optimal control should be used for guidance and control of mechanics. Such optimization methods are useful for autonomous navigation, guidance, and control, but their performance is hampered by noisy multi-sensor technologies and poorly modeled system equations, and real-time on-board utilization is generally computationally burdensome. Some methods proposed here use noisy sensor data to learn the optimal guidance and control solutions in real-time (online), where non-iterative instantiations are preferred to reduce computational burdens. This study aimed to highlight the efficacy and limitations of several common methods for optimizing guidance and control while proposing a few more, where all methods are applied to the full, nonlinear, coupled equations of motion including cross-products of motion from the transport theorem. While the reviewed literature introduces quantitative studies that include parametric uncertainty in nonlinear terms, this article proposes accommodating such uncertainty with time-varying solutions to Hamiltonian systems of equations solved in real-time. Five disparate types of optimum guidance and control algorithms are presented and compared to a classical benchmark. Comparative analysis is based on tracking errors (both states and rates), fuel usage, and computational burden. Real-time optimization with singular switching plus nonlinear transport theorem decoupling is newly introduced and proves superior by matching open-loop solutions to the constrained optimization problem (in terms of state and rate errors and fuel usage), while robustness is validated in the utilization of mixed, noisy state and rate sensors and uniformly varying mass and mass moments of inertia. Compared to benchmark, state-of-the-art methods state tracking errors are reduced one-hundred ten percent. Rate tracking errors are reduced one-hundred thirteen percent. Control utilization (fuel) is reduced eighty-four percent, while computational burden is reduced ten percent, simultaneously, where the proposed methods have no control gains and no linearization.
Keywords: optimization problems, control problems, nonlinear problems, mathematical modeling, transport theorem
1 INTRODUCTION
Considering intermittent coverage and communication delays with typical stellar satellites like those illustrated in Figure 1, autonomous guidance and control necessitates real-time on-board computation with demanding accuracy and robustness requirements, despite potentially coarsely known system characteristics, varying environmental conditions, and mission-related constraints. Many solutions have been developed, including optimal analytic methods for simple cases (Chai et al., 2019), while optimal methods for guiding and controlling realistic nonlinear systems ubiquitously necessitate either computational solutions or linearization to achieve analytical solutions. This manuscript proposes new techniques for utilizing optimization techniques applied to the full, nonlinear, coupled equations of mechanical motion, and the techniques are analytic as opposed to numeric. Rao proposed numerical trajectory optimization applied to orbital transfer problems (Rao et al., 2002) and also produced a survey of numerical methods for optimal control (Rao, 2009). Numerical methods are very quickly resorted to as researchers grapple with six nonlinear, coupled equations of mechanical motion (both translation and rotation). A generalized treatment method (again numerical) for optimization problems was proposed by Ross and Karpenko (2012) for such orbital transfer problems, spacecraft rendezvous and docking (Gao et al., 2009; Pontani and Conway, 2013; Bonnans and Festa, 2017), and planetary entry and hypersonic space planes (Windhorst et al., 1997; Arora, 2002; Chen et al., 2005; Ivanov et al., 2007; Zhang and Chen, 2011). Arguably, following the publication of Ross (2015), numerical optimization in general form realized the current dominance of numerical methods: for example, Tian et al. (2015) and Sagliano et al. (2017) for real-time (numerical) trajectory optimization and Chai et al. (2018a) and Chai et al. (2018b) for aero-assisted optimal tracking guidance.
[image: Figure 1]FIGURE 1 | (A) NASA’s FASTSAT microsatellite readied to share ride to space (NASA, 2021a). (B) NASA ejects nanosatellite from microsatellite in space. Image used consistent with NASA policy, “NASA content (images, videos, and audios) are generally not copyrighted and may be used for educational or informational purposes without needing explicit permissions” (NASA, 2021b).
Lacking ubiquitous analytic methods to treat the nonlinear, coupled systems of equations, linearization followed by least-squares optimization leads to the so-called Ricatti equations (NASA, 2021a) to produce optimal control gains (Kwakernaak and Sivan, 1972) with presumed error feedback (Kelly, 2005) in both continuous and discrete form (Flugge-Lotz, 1953). Optimization is sometimes sought after first implementing adaptive (Sands et al., 2009) methods to use feedback achieving predictability (Sands, 2019). Duprez et al. (2017) sought to tackle the nonlinear transport theorem terms by proposing control being a Lipschitz vector field on a fixed control set angular velocity, [image: image]. This manuscript seeks to extend the notion of tacking nonlinear transport theorem to include time-varying angular velocities. Arguchintsev and Poplevko (2021) proposed an optimal control for linear hyperbolic systems of ordinary differential equations by estimating the residuals in terms of the value that characterizes the smallness of the measure of the domain of the needle variation of control. Emphasis was placed on problem formulation by Srochko et al. (2021), but the focus was parameterizing the cost functional rather than the nonlinear constraint function as done in this work.
Championed by Lorenz, physics-based methods (Sands and Ghadawala, 2011) were proposed to instantiate “self-sensing machines methods”, where the sensing functions are fully integrated on a drive to detect key operating characteristics including rotor position, torque, speed, temperature, and motor/load diagnostics” (Malecek, 2021). The physics-based methods codified optimal feedforward forms, which were later augmented with optimal feedback (Smeresky et al., 2020), instantiating the relatively new method referred to as deterministic artificial intelligence (D.A.I.). D.A.I. necessitates analytic forms of desired state trajectories (Baker et al., 2018) for the feedforward control and state observers (Heidlauf and Cooper, 2017; Willems, 1971) for the feedback control. In 2021, the utilization of Pontryagin’s approach (Pontryagin et al., 1962; Boltyanskii, 1971) to impose necessary conditions of optimality as a first step led to boundary-value problems that produce optimal controls, but also optimal trajectories (Sands, 2021) as alternatives to the sinusoidal trajectories recommended by Baker et al. (2018). These optimal trajectories are utilized in this manuscript as prescriptions for the coupled motion cross-products resulting from the inclusion of the transport theorem of motion.
Thus, the reader may consider the use of classical control methods (proportional plus velocity will be evaluated here) and seek to optimize control gains or use the Ricatti equation to seek linear-quadratic optimal classical control gains. Alternatively, time-optimal control may be considered a feedback form or control-minimizing control in an open-loop feedforward topology. Furthermore, real-time optimal controls could be derived that utilize feedback of state and rate in a matrix-inverse to enforce optimality in a closed-loop. Several different options for matrix inversion are available, generating subsets of the broader category of real-time optimal control. A key limitation of all the methods described so far is the inability to deal with nonlinear, coupled equations generated by the transport theorem in both translational and rotational mechanics.
Parametric uncertainty is another challenging aspect of nonlinear systems. Hu, et al. (2015) investigated nonlinear regression including parameter uncertainty estimates using the Monte Carlo and bootstrap methods to estimate nonlinear parameter uncertainties with a Microsoft Excel spreadsheet. Similarly, Monte Carlo statistical analysis is utilized here in MATLAB/SIMULINK and presented in section 3 Results. A modified James–Stein State Estimator (JSSE), named Modified James–Stein State Estimator (JSSE-M) was proposed by Meda-Campana (2018) as an alternative to filtering the states of nonlinear systems within a control scheme. Ferreres and Fromion (2010) studied the existence of limit-cycles in a closed-loop, which simultaneously contains nonlinearities and parametric uncertainties, addressed using three methods: 1) using a necessary condition of oscillation embodies in a graphical method, 2) checking the absence of limit-cycles despite parametric uncertainties using a sufficient condition of non-oscillation, and 3) using the necessary condition of oscillation to synthesize a controller which modifies the characteristics (magnitude and frequency) of the limit-cycle. A generically similar approach is used here, where necessary conditions of optimality are used to yield a nonlinear controller that can accommodate uncertainties in nonlinear systems. Arguably, a much more common approach to stability robustness of uncertain nonlinear multivariable systems under input-output feedback linearization is to allow plant uncertainty to be propagated through the control design, yielding an uncertainty description of the closed-loop in polytopic form, as presented by Botto et al. (2001).
Recently, Taghieh and Shafiei (2021a) proposed an observer-based robust model predictive control scheme to control a class of switched nonlinear systems in the presence of time delay and parametric uncertainties under arbitrary switching in addition to proposing a static output feedback controller (Taghieh and Shafiei, 2021b) for a class of switched nonlinear systems subject to time-varying delay and uncertainties under asynchronous switching. Zhang et al. (2022) addressed nonlinear systems with mismatched uncertainties under input/output quantization proposing adaptive output feedback control. Fractional parametric uncertainties and distributed delays in nonlinear systems together with time delay, parametric uncertainties and actuator faults were just addressed by Sweetha et al. using a non-fragile fault-tolerant controller, which makes the system asymptotically stable with the specified mixed H∞ and passive performance index (Sweetha et al., 2022). Wei et al. (2022) sought to control uncertain nonlinear processes using neural networks incorporating into the control loop an adaptive neural network embedded contraction-based controller (to ensure convergence to time-varying references) and an online parameter identification module coupled with reference generation (to ensure modeled parameters converge those of the physical system). Wang et al. (2009) investigated quasi-Hamiltonian systems with parametric uncertainty using the stochastic averaging method and stochastic dynamical programming principle. A particular strength of the work lies in two examples given to illustrate the proposed control procedure and its robustness. Mahmoodabadi and Andalib Sahnehsaraei (2021) introduced a new online optimal control based on the input–output feedback linearization and a multi-crossover genetic algorithm for under-actuated nonlinear systems having parametric uncertainties. Optimal control problems with bounded uncertainties on parameters were addressed using interval arithmetics by Etienne et al. where an interval method based on Pontryagin’s Minimum Principle (as proposed here) is proposed in Bertin et al. (2021) to enclose the solutions of an optimal control problem with embedded bounded uncertainties. This method is used to compute an enclosure of all optimal trajectories of the problem and open-loop and closed-loop enclosures meant to validate an optimal guidance algorithm on a concrete system with inaccurate knowledge of the parameters.
Next-generation methods are required that apply mathematically optimal results yet retain the simplicity of analytics solutions obfuscating numerical (or otherwise more complicated) methods and providing further advancements in autonomous navigation. The current movement toward the utilization of very small vehicles is accompanied by very limited computational resources while maintaining autonomy, robustness, and accuracy. Newly proposed methods and algorithms for autonomous guidance and control are presented in direct, critical comparison to the recent research trends of both academia and industry, presuming utilization of noisy sensors, for example, star trackers, rate gyroscopes, inertial measurement units, and global navigation systems, amongst other sensors in multi-sensor-based architectures for vehicle navigation. Intelligence methods permitting systems to learn real-time optimal solutions (analytically) are preferred.
Proposed novelties:
1. A brief methodological recitation of five disparate incarnations of optimal control and their direct comparison to classical feedback control as a benchmark (the P + V proportional plus velocity controller): 1) control-minimizing open-loop optimal, 2) linear-quadratic optimal regulator, 3) time-optimal, 4) real-time optimal, and 5) real-time optimal with singular switching. Methods 3, 4, and 5 involve no feedback control gains tuning.
2. Direct comparison of the efficacy of each of the five methods listed in item #1 controlling linear double-integrator plants, where comparison is made using state accuracy, rate accuracy, control (fuel) usage, and computational runtime (as a manifestation of computational burden).
3. Direct comparison of the efficacy of each of the five methods listed in item #1 controlling double-integrator plants, including nonlinear transport theorem cross-products of motion induced by measurement in rotating reference frames, where comparison is made using state accuracy, rate accuracy, control (fuel) usage, and computational runtime (as a manifestation of computational burden). In item #3, the linear control designs are used on the nonlinear plants to evaluate the error resulting from using linear control designs in the real-world on nonlinear systems.
4. Direct comparison of the efficacy of each of the five methods listed in item #1 controlling double-integrator plants, including nonlinear transport theorem cross-products of motion induced by measurement in rotating reference frames, where comparison is made using state accuracy, rate accuracy, control (fuel) usage, and computational runtime (as a manifestation of computational burden). Unlike item #3 above, nonlinear decoupling control stemming from the solution to the minimum-control optimization problem is introduced to each control methodology by utilizing the optimal rate trajectories that result from the original open-loop optimization problem that minimizes control effort. This nonlinear control utilizing the constrained optimization problem results (linear control and nonlinear combinations of the optimal trajectories) may be considered the largest contribution to the article.
5. Items #3 and #4 are both repeated to evaluate the deleterious effects on each method of noisy sensors and random uniformly varying system mass and mass moments of inertia.
Motivated to develop simple methods that flow from the solution of constrained optimization problems yet do not necessitate numerical solutions leads to arguably, the most interesting proposal: Utilization of analytic solutions to the constrained optimization problem in either a feedforward or feedback sense applied to full nonlinear, coupled guidance and control problems, specifically including the transport theorem coupling cross-products for rotation and translation, respectively. This method is mathematically developed in section 2, resulting in proposals for both feedforward and feedback methods.
Section 2 includes brief derivations of each respective approach as briefly as practicable, while section 3 provides the results of implementing each disparate methodology. Tables of variable definitions and nomenclature have been placed throughout the manuscript: Tables 1-6, while Table 5 articulates necessary methods for repeating the presented work. Table 7 summarizes Monte Carlos analysis of parameter variations from Figure 2, while Table 8 summarizes percent performance improvements for each of the six evaluated techniques.
TABLE 1 | Double-integrator plant ten-run mini-Monte Carlo analysis (faults occurred after first simulation run) executed in MATLAB®/SIMULINK® R2021b (9.11.0.1769968) whose machine precision [image: image].
[image: Table 1]TABLE 2 | Proximal variable definitions.
[image: Table 2]TABLE 3 | Proximal variable definitions.
[image: Table 3]TABLE 4 | Proximal variable definitions.
[image: Table 4]TABLE 5 | Proximal variable definitions.
[image: Table 5]TABLE 6 | Proximal variable definitions.
[image: Table 6]TABLE 7 | One-thousand-run (respectively) Monte Carlo analysis.
[image: Table 7][image: Figure 2]FIGURE 2 | Scatter plots displaying the results of 1,000 simulation runs (per case) with randomly (uniformly) varied mass and mass moments [image: image]. (A) classical P + V, (B) LQR optimal PD, (C) time-optimal control, (D) open-loop optimal, (E) real-time optimal (RTOC), and (F) switched RTOC.
TABLE 8 | Percentage change in performance in one-thousand-run (respectively) Monte Carlo analysis: double-integrator plant (with transport theorem) with control design based off double-integrator with transport theorem and noisy, mixed sensors (state and rate).
[image: Table 8]2 MATERIALS AND METHODS
Motion (both translational and rotational) is governed by so-called double-integrator dynamics where the integral of the applied forces vector (inversely scaled by the mass or mass moments, respectively) is the velocity vector and the integral of the velocity vector (translational or rotational) is the displacement vector. Each vector is relative to an inertial (non-rotating) reference frame, while the expression of the vectors in the coordinates of the basis vectors of rotating reference frames necessitates the inclusion of the transport theorem, which articulates the induced motion of the rotating reference frame in cross-products that make the results nonlinear and coupled. The three degrees of rotational motion are coupled to each other by the transport theorem, and the three degrees of translational motion are coupled to each other as well. Furthermore, the three degrees of translation are coupled nonlinearly to the three degrees of rotation, particularly through the angular velocity vector. Especially since this nonlinear coupling is a foremost challenge that is often deemed insurmountable by analytic methods, the foremost subsections of this part of the manuscript begin so. The Materials and Methods section of the manuscript is described with sufficient details to allow readers to replicate and build on the published results.
2.1 Double-Integrator Based Plant Equations
Eq. 1 illustrates the fundamental relationships of both translational and rotational motion may be expressed as so-called double-integrators, meant to mean the twice integration of the applied force or torques produces the respective translational or rotational displacement.
[image: image]
Eq. 1 comprises two sets of three equations each for translation and rotation combining for six equations of mechanical motion. For simplicity of expression, states referred to generically as x can represent rotations ([image: image]) with regards to the basic, shared motion described by the double-integrator. The transport theorem described next will generate differences in the governing equations for translation and rotation.
2.2 Transport Theorem Cross-Product Coupled Motion Expressed in Rotating Reference Frames
Attach three mutually perpendicular unit vectors to each frame: the non-rotating inertial frame and body-fixed frame. The meaning of differentiation of vectors when specification is made of differentiation with respect to a specific frame. Both rotational and translational motion relative to the non-rotating reference frame may be represented by double-integrators in accordance with Eq. 2.
[image: image]
Theorem 1. Transport Theorem. The derivative of any vector expressed in the coordinates of a rotating reference frame equals the sum of the derivative relative to a non-rotating reference frame plus the cross-product of the angular velocity and the vector.
Proof of Theorem 1. The proof of this well-known theorem is provided by Kinematics Handout - MIT OpenCourseWare, 2021. The tedious process may be summarized as follows: 1) express the position vector with respect to the non-rotating inertial reference frame; 2) differentiate to find the expression for velocity remembering to differentiate both the component measurements and the unit vectors; 3) simplify and substitute the defined unit vectors, define the angular velocity in the direction perpendicular to the two-dimensional space of rotation; and 4) substitute the newly defined angular velocity to arrive at the transport theorem as expressed in Eq. 3. □
[image: image]
The inclusion of theorem 1, despite being very well-known, is purposely performed to emphasize the most novel proposals presented. In particular, Eqs. 2 and 3 are ubiquitously approximated first by Eq. 1 and also often by linearization of Taylor’s Series of each equation, respectively.
2.2.1 Euler’s Moment Equations of Rotation Expressed in a Rotating Reference Frame
Externally applied torques, [image: image] change angular momentum [image: image] permitting the substitution into Eq. 3, resulting in Euler’s nonlinear moment equation in Eq. 4. A system is called linear if it has two mathematical properties: homogeneity and additivity in accordance with the principle of superposition. If two or more solutions to an equation or set of equations can be added together so that their sum is also a solution, linearity may be asserted. In other words, two or more states of the system must be added together to create an additional state. Adding two single-channel angles cannot also be a solution without accounting for the presence of the other two channels’ states.
An easy way to understand the nonlinear nature of each motion channel induced by the linear cross-product transformation is to recall the mathematical definition: [image: image], while f (x + y) = f(x) + f(y) is a simple counterexample showing that this function f is not linear: [image: image]. An often-confused notion is the fact that the cross-product is a linear transformation, but nonetheless, each motion channel is evidently nonlinear in the states (evidenced by the presence of multiplicative state pairs and cross-coupled states in each channel. From the perspective of linear algebra, the matrix representation of the cross-product is skew-symmetric and has determinant zero, so it will not always have a solution.
[image: image]
It should be noted the dominant double-integrator dynamics are embodied in [image: image] in Eq. 4, while the additional accelerations due to the transport theorem are embodied in the coupling cross-product term [image: image]. Control designs based on the double-integrator dynamics alone are hypothesized to have less efficacy than proposed techniques that utilize optimization and the transport theorem terms.
2.2.2 Newton’s Equations of Translation Expressed in a Rotating Reference Frame
Performing similar expression of translational motion in non-rotating inertial frames as just performed in section 2.2.1 for rotational motion leads to Eq. 5 for Newton’s equations of translational motion.
[image: image]
Notice the dominant double-integrator dynamics relative to the rotating reference frame in Eq. 5 are embodied in [image: image], while the additional accelerations due to the transport theorem are embodied in the coupling cross-product terms: Euler ([image: image]), Coriolis ([image: image]), and centrifugal ([image: image]). Control designs based on the double-integrator dynamics alone are hypothesized to have less efficacy than proposed techniques that utilize optimization and the transport theorem terms.
2.2.3 Impacts on Control Design
Neglecting the cross-products of acceleration resulting from the transport theorem reduces both Eqs. 4 and 5 to the double-integrators of Eqs. 1 and 2. The goal of this research is to develop controls (for applied forces [image: image] and applied torques [image: image]) that account for the nonlinear, coupling cross-products produced by the application of the transport theorem. Typically, nonlinearities like those presented in Eqs. 4 and 5 caused by transport theorem are simplified by assumption, neglected altogether, or linearized to permit linear control design. Subsequently, the linear controllers are applied to the nonlinear systems and augmented as necessary to improve performance. Instead, the optimal trajectories that result from the solution of constrained optimization problems (for translation and rotation, respectively) are combined to form new nonlinear controls. The exact form of the nonlinear equation is used to form the new nonlinear control components where the motion states are taken from the solution to the constrained optimization problem.
2.3 Classical Position Plus Velocity (P + V) Feedback Control
Proportional plus velocity control (Chai et al., 2019) utilizes proportional control by forming a state error scaled by a proportional gain adding a negative gained value of velocity (translational or rotational), as elaborated in Eq. 5. The velocity channel is not a differentiated version of the position or angle channel, as is the case with classical cascaded control topologies of PD, PI, and PID types (proportional plus derivative, proportional plus integral, and proportional plus integral plus derivative, respectively).
[image: image]
Gains were tuned for performance specification by equating the ubiquitous closed-loop system Eq. 5 to the performance specified, where C.E. annotates the characteristic equation. The desired rise time established the system natural frequency per [image: image], where [image: image] is the desired control bandwidth; therefore, [image: image]. Settling time: oscillation stabilize within 2–5% percent of steady state [image: image] [image: image].
Elimination of differentiation in the derivative channel often bestows relative advantage in tracking desired velocity trajectories. Another approach is the optimize gain selection, and this alternative approach is called the linear quadratic regulator.
2.4 Linear-Quadratic Optimal Regulator of Proportional Derivative Type (Murray, 2010)
Eqs. 3 and 4, representing the full, nonlinear, coupled equations of motion in six degrees, may be linearized and be expressed in the form displayed in Eq. 6. This linearization is the basis for the word “linear” in the LQR title. The word “quadratic” refers to selecting gains K that minimize a quadratic cost function displayed in Eq. 7. The LQR solution (Kwakernaak and Sivan, 1972; NASA, 2021a) only bestows optimal solutions for control gains of the form Eq. 8 that minimizes the quadratic cost simultaneously satisfying the (linearized) dynamic constraints displayed in Eq. 5.
[image: image]
[image: image]
[image: image]
The control designer may select the state weighting matrix [image: image] and the control weighting matrix [image: image] to penalize the state errors and the control effort, respectively. In section 3, equally weighted identity matrices were chosen for both [image: image] and [image: image]. This choice facilitates a multi-faceted comparison in section 3 that does not solely focus on tracking errors or costs. The gains [image: image] are found using Eq. 9, where the matrix [image: image] is first found by solving the algebraic relation in Eq. 10, often referred to as a Riccati equation which is most often solved iteratively by a computer (the MATLAB®/SIMULINK® lqr command).
[image: image]
[image: image]
2.5 Time-Optimal Control (Murray, 2010)
Minimizing a non-quadratic cost function comprised of only the final time (as displayed in Eqs. 11 and 12) constrained with the linearized dynamics of Eq. 6 with costate parameters p(t) used in the Hamiltonian problem formulation leads to time-optimal control (Flugge-Lotz, 1953; Pontryagin et al., 1962; Boltyanskii, 1971; Sands et al., 2009; Sands and Ghadawala, 2011; Duprez et al., 2017; Heidlauf and Cooper, 2017; Baker et al., 2018; Sands, 2019; Smeresky et al., 2020; Arguchintsev and Poplevko, 2021; Malecek, 2021; Srochko et al., 2021).
[image: image]
[image: image]
Simulation subsystems depicted in the appendix execute a bang-bang control where maximal application of control is normalized to unity such that desired unity state and unity time is achieved to aid comparison to the other optimization approaches. One key feature of bang-bang control is the neglecting of the rate end condition leading to a so-called bang-off-bang control, which is not treated here.
2.6 Open Loop Minimum-Control Optimization (Pontryagin et al., 1962; Ross, 2015)
Minimizing only the control effort alone (not the state errors) (Sands, 2019) in accordance with Eq. 13 constrained by the double-integrator dynamics of Eq. 2 for specified initial and final conditions permits the solution of a two-point boundary value problem producing optimal control, acceleration, rate, and state profiles displayed in Eq. 14, respectively. Normalization for unity masses or mass moments is included, thus, control and acceleration equations are identical, where non-normalized control may be expressed by scaling the control equation by the masses or mass moments, respectively.
By specifying quiescent initial conditions and using variable scaling and balancing to normalize the final position coordinate to unity, the constants in Eq. 14 may be solved, resulting in Eq. 15, where a = −12, b = 6, and c = d = 0. It should be noted that states are not penalized in the cost function, instead only solution forms that satisfy the boundary values are produced by the two-point boundary value problem from the initial point (x(0),v(0)) = (0,0) to the final point (x(1), v(1)) = (1,0), thus, there is no need to solve an algebraic Riccati equation to produce the optimal control, where an additional benefit of this optimization approach includes the production of optimal state trajectories that will prove useful to decouple the nonlinear coupling effects of the transport theorem described in section 2.2. Scaling and balancing must be performed to normalize the initial and final conditions to zero and unity, and the operations are explained in section 2.11. The solution to the constrained optimization problem listed in Eqs. 2 and 13 was solved analytically and presented recently by Sands (2021) for virtual sensoring, and that solution is presented here in Eqs. 14 and 15. The mathematical development is intentional since 1) the development is well-articulated by Sands (2021) and 2) increased focus on the utilization of these results toward nonlinear equations of motion (presented in Section 2.9).
[image: image]
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The open-loop optimal solution embodied in Eqs. 14 and 15 may be updated in real-time using state feedback resulting in real-time optimal control presented in Section 2.7. These optimal states in Eq. 15 are used to form nonlinear controls in Section 2.9.
2.7 Real-Time Optimal Control
A corollary is to the open-loop minimum-control optimization in section 2.6 augments the approach with feedback while maintaining the remaining portions of the problem approach. The solution for the constants in between Eqs. 14 and 15 may be accomplished in real-time using feedback but asserting the current position and velocities (translational and rotational) are the initialization points of a new two-point boundary value problem. Eq. (16) may be written in a matrix-vector form as Eq. 17, permitting real-time solution for the integration constants in the vector by inverting the matrix and pre-multiplying both sides of the equation as depicted in (17). Notice the form of the control derived in Eq. 17 is the same as Eq. 14 in section 2.6, where the constants in the optimal solutions are solved in real-time.
[image: image]
[image: image]
One key feature of the open-loop solution method using a two-point boundary-value problem is the enforcement of end conditions producing optimal trajectories for state ([image: image]*), rate ([image: image]*), acceleration ([image: image]), and jerk ([image: image]), in addition to the formulation of an optimal control, u*. These signals yield the opportunity to formulate decoupling control components to mitigate the transport theorem (illustrated in section 2.9).
2.8 Real-Time Optimal Control With Singular Switching
Highlighting the matrix inverse in Eq. 17, the possibility of issues inverting a poorly conditioned or rank-deficient matrix may be addressed by monitoring matrix conditioning or determinant and switching away from the feedback solution when encountering rank-deficient instances in favor of the optimal solution in Eq. 15.
2.8.1 Matrix Inverse Formulas
Five disparate methods to invert the [image: image] matrix were investigated, as listed in Eq. 18. Matrix inversion methods already coded in MATLAB/SIMULINK: [image: image], [image: image], [image: image], [image: image], LU Inverse [image: image]. Each method has specific strengths and weaknesses expressed in state error, rate error, control effort (quadratic cost), and runtime, as displayed in Table 1. In several instances, the simulation would fault as a result of encountering matrix singularity.
2.9 Nonlinear Transport Theorem Decoupling (Recall Transport Theorem in Section 2.2)
As mentioned in Section 2.6, the desire is to use the results of Sections 2.7 , 2.8 applied to nonlinear dynamics coupled by transport theorem. Section 2.2 describes the nonlinear coupling effects of measuring motion in coordinates of rotating reference frames extracted for highlighting in Eq. 18 for translation and rotation, respectively. These effects were neglected when optimizing the double-integrator–based systems of equations or simplified by linearization in other instantiations. Taking advantage of the results in Sections 2.6, 2.7, nonlinear decoupling control components may be formulated using the optimal trajectories as displayed in Eq. 18, where each component (translation and rotation, respectively) should be added to augment the control in Eq. 17.
[image: image]
It is proposed to take the nonlinear control components in Eq. 18 formulated using the optimal trajectories from Eq. 18 and augment them with Eq. 17’s optimal control solutions to comprise the total control for rotation and translation, respectively, displayed in Eq. 19.
[image: image]
The distinction between feedforward and feedback is determined by the chosen manner of decoupling the nonlinear transport theorem. One option is feedback decoupling, where feedback states are combined (for example, for rotation) as [image: image] and added to the optimal control to form a new nonlinear control. On the other hand, feedforward decoupling (used in section 3) combines the optimal equations of state from Eqs. 15 and 16, respectively, combined as [image: image] and augments the optimal controls with this new nonlinear control. The efficacy of this latter suggestion is evaluated in section 3.
Section 3 validates the proposed developments culminating in the combination of real-time optimal control (Eq. 17) together with transport theorem decoupling in Eq. 19, specifically for rotation using feedforward: [image: image]. After evaluating initial efficacy, effectiveness against realistically varying systems with noise is investigated.
2.10 Noisy Mixed Sensors and Parameter Variations
With the inclusion of feedback, noise must be accounted for in the feedback signals (state and rate only here) in the form of random numbers with a standard deviation of 0.01 (1% of the final state value when states are scaled and balanced to unity). In addition, mass and mass moments are assumed to be unknown or not precisely known; therefore, mass and moments were allowed to vary randomly (uniformly) ten percent heavier and lighter. The resulting scatterplots are presented in section 3.
2.11 Scaling and Balancing
Poorly conditioned problems are those requiring simultaneous mathematical operations on very large and small numbers. A common mitigation strategy is to scale and balance the variables transforming equations to nominally remain of the same order. Scaling problems by common, well-known values permits single developments to be broadly applied to a wide range of state spaces not initially intended. Normalizing time per Eq. 20 restricts simulation time to vary between zero and unity. Scaling mass and mass moments of inertia matrices by their nominal values per Eqs. 21 and 22, respectively, keep their values roughly on the order of unity. Generic displacements (translation or rotation) are normalized in accordance with Eq. 23, where [image: image] could indicate either general translational or rotational displacement.
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3 RESULTS
Following the brief introduction to each control technique presented earlier in section 2, section 3 displays the results of individual simulations in addition to the Monte Carlo investigation of ten-thousand simulations. Section 3.1 begins with commonly simplifying assumptions of control design using dominant, double-integrator dynamics with no transport theorem, where the control [image: image] is applied to the same idealized system equations. The use of idealized results provides interesting measures of performance under ideal circumstances subject to mathematical optimization. Another interesting artifact is the immediately obvious differences in the responses to disparate control techniques.
Next, in section 3.2, the performance of controllers designed using simplified double-integrators [image: image] was applied to more realistic plant equations with transport theorem. Then, in section 3.3, nonlinear control designs [image: image] are introduced, and comparisons are made applied to nonlinear plants, including transport theorem. Lastly, in section 3.4, random uniformly varying inertia was studied with random noise added to sensor data for both state and rate, and the comparisons were repeated in ten-thousand simulations. These final simulations all utilized nonlinear control designs based on various optimization methods, and the results were applied to nonlinear, coupled system equations, including the transport theorem, where controls were tailored specifically for the transport theorem in the recommended application of optimization (real-time optimal control with singular switching and transport theorem decoupling). All simulations were executed in MATLAB®/SIMULINK® R2021b (9.11.0.1769968), whose machine precision was [image: image].
A new presentation style is offered to increase the ease of reading and contemplation of the results. Quantitative figures of merit are presented in tables inserted as sub-figures immediately proximal to corresponding data plots presenting qualitative results.
3.1 Ideal, Linear Double Integrator System Equations
Double-integrator equations expressing relationships between displacement, displacement rate, and acceleration are canonical relationships used to describe the movement of mass. The relationships are linear, allowing easy control design using classical methods, which predominantly use linear systems methods to design controllers for any equations (including linearizing any nonlinear equations). Each control design technique introduced in section 2 was sequentially used to control the linear, double-integrator system equations, and the results are presented in Figure 3, where Table 9 contains quantitative results corresponding to the qualitative results presented in the multi-plots.
[image: Figure 3]FIGURE 3 | Double-integrator plant (no transport theorem) with control design based on double-integrator. (A) Motion states (translation or rotational) normalized to propagate from zero and unity in one normalized second. (B) Motion rates (translation or rotational) intended to propagate from zero initial velocity to zero velocity at the endpoint in one normalized second.
TABLE 9 | Double-integrator plant (no transport theorem) with control design based off double-integrator (no transport theorem): quantitative comparative data corresponding to the qualitative display in Figures 3A,B.
[image: Table 9]The baseline approach (classical proportional plus velocity, or so-called “P + V” control) tuned to performance specification exhibits better accuracy and lower costs than linear-quadratic optimal regulators of the proportional, derivative (PD) type, but the P + V controller has the highest computational burden as indicated by computational runtime. The embedded differentiation of the noisy feedback signal in the rate channel would logically explain the relatively lower performance of the LQR tracking. Time-optimal (bang-bang) control achieved machine precision state tracking accuracy with the largest rate tracking error of the controllers investigated. Such performance is validated by the instinct that time-optimal control is mathematically designed to achieve the desired state in the shortest time but is not structured to simultaneously achieve rate tracking in minimal time. The cost was the lowest of the controllers investigated, indicating the benefits of not requiring simultaneous rate tracking. Computational runtime was the second largest.
Open-loop optimization calculates the minimum control effort that simultaneously meets state and rate endpoint conditions, and accordingly, both state and rate endpoints are achieved to machine precision, while the computational burden is modest compared to low and high cases. Real-time optimization solves the open-loop optimal control problem in real-time using ideal sensor feedback of state and rate but involves a matrix inverse. Rate and state errors (particularly) are quite small, but machine precision tracking is not achieved. Part of the cause of tracking errors is the inversion of the rank-deficient matrix as the final time is approached. Seeking to ameliorate the issue, switched real-time optimal control is presented where the matrix condition is used to switch away from real-time optimal control to open-loop optimal control during timesteps when matrix inversion becomes poorly conditioned. Machine precision tracking is attained, open-loop optimally low costs are re-achieved, and the computational burden is slightly elevated compared to the best case investigated.
Summarizing the results so far, real-time optimal control (designed only to minimize control effort) with singular switching to counter the deleterious effects of poor matrix conditioning achieves the best simultaneous state and rate error (machine precision) with costs matching the open-loop minimal and average computational burden. Unfortunately, these results are achievable only in idealized circumstances of double-integrators. Expressing motion in coordinates of rotating reference frames introduced nonlinear coupling described in the next section (3.2).
3.2 Nonlinear Plants With Cross-Product Coupled Transport Theorem With Linear Control Designs
Expressing motion in coordinates of rotating reference frames is referred to as the “transport theorem,” which introduces nonlinear coupling between the six channels of motion that would otherwise have been well-described by simple, linear double-integrators. Very often, linearized system equations or linear assumptions (the double-integrators) are used to design linear controllers. Accordingly, each instance investigated in section 3.1 was applied to nonlinear coupled system equations, including the transport theorem. Increased errors and reduced robustness is generally anticipated since the controllers are not designed to accommodate system nonlinearities specifically. Each control technique introduced in Section 2 was sequentially simulated, and the results are presented in Figure 4, where Table 10 contains quantitative results corresponding to the qualitative results presented in the multi-plots.
[image: Figure 4]FIGURE 4 | Double-integrator plant (no transport theorem) with control design based on double-integrator. (A) Motion states (translation or rotational) normalized to propagate from zero and unity in one normalized second. (B) Motion rates (translation or rotational) intended to propagate from zero initial velocity to zero velocity at the endpoint in one normalized second.
TABLE 10 | Double-integrator plant (with transport theorem) with control design based off double-integrator (without transport theorem): displays the quantitative comparative data corresponding to the qualitative display in Figure 4.
[image: Table 10]It should be noted that all approaches designed to control double-integrators illustrate degraded performance compared to the idealized case investigated in Section 3.1. All methods compared achieved similar costs. The baseline approach (classical proportional plus velocity, or P + V) tuned to performance specification exhibits second-best state accuracy and second-best rate accuracy, while real-time optimal control achieved the lowest state and rate errors but used nearly double the amount of control. No technique achieved machine precision tracking.
Summarizing the results so far, all control techniques are degraded from the idealized case. Real-time optimal control (designed only to minimize control effort) and classical control methods were the most robust, but all three methods utilized substantially more control effort.
3.3 Nonlinear Plants With Cross-Product Coupled Transport Theorem and Nonlinear Control Designs
Double-integrator relationships (implemented identically as done in sections 3.1 and 3.2) are next augmented with feedback decoupling of the transport theorem using state feedback in Eq. 19. Each control design technique introduced in section 2 was sequentially used to control the nonlinear, double-integrator system equations including transport theorem, and the results are presented in Figure 5, where Table 11 contains quantitative results corresponding to the qualitative results presented in the multi-plots.
[image: Figure 5]FIGURE 5 | Double-integrator plant (no transport theorem) with control design based on double-integrator. (A) Motion states (translation or rotational) normalized to propagate from zero and unity in one normalized second. (B) Motion rates (translation or rotational) intended to propagate from zero initial velocity to zero velocity at the endpoint in one normalized second.
TABLE 11 | Double-integrator plant (with transport theorem) with control design based off double-integrator with transport theorem: displays the quantitative comparative data corresponding to the qualitative display in Figures 5A, B.
[image: Table 11]All methods are improved by addition of the nonlinear decoupling control designed for the transport theorem. Time-optimal control performs worst regarding state and rate errors, while cost figures are generally increased for methods that effectively track state and rate. Near machine-precision is achieved by open-loop optimal control and switched, real-time optimal control where both are designed to minimize control effort alone (with no state error representation in the minimized cost function). Computational burdens of all approaches are roughly comparable.
Having initially analyzed idealized systems (the double-integrators), nonlinear coupling was induced by the transport theorem with significantly degraded performance using the controllers designed for linear systems. Adding nonlinear control components designed specifically to decouple the transport theorem in feedback roughly restores nominal performances, but feedback remains ideal (without noise). Section 3.4 adds zero-mean Gaussian noise to both sensor types (state and rate)
3.4 Nonlinear Plants With Cross-Product Coupled Transport Theorem and Nonlinear Control Designs Utilizing Noisy, Mixed-Sensors
Double-integrator equations with nonlinearities induced by transport theorem were controlled by linear control designs augmented with nonlinear feedback decoupling designed specifically for transport theorem. Feedback was provided by simulated mixed state and rate sensors, and Gaussian noise was added. Each control design technique introduced in section 2 was sequentially used to control the linear, double-integrator system equations, and the results are presented in Figure 6, where Table 12 contains quantitative results corresponding to the qualitative results presented in the multi-plots.
[image: Figure 6]FIGURE 6 | Double-integrator plant (with transport theorem) with control design based on double-integrator (with transport theorem). (A) Motion states (translation or rotational) normalized to propagate from zero and unity in one normalized second. (B) Motion rates (translation or rotational) intended to propagate from zero initial velocity to zero velocity at the endpoint in one normalized second. Notice that the open-loop optimal (minimum) control effort is increased from 6.0 (controlling double-integrators without transport theorem) to just over 7.0 (controlling double-integrators with transport theorem), manifesting as a 17% increase to account for transport theorem over idealized cases of double-integrators alone.
TABLE 12 | Double-integrator plant (with transport theorem) with control design based off double-integrator with transport theorem and noisy, mixed sensors (state and rate): sub-displays the quantitative comparative data corresponding to the qualitative display in sub-Figure 6.
[image: Table 12]The baseline approach (classical proportional plus velocity, or P + V) tuned to performance specification exhibits better rate accuracy and lower costs than linear-quadratic optimal regulators of the proportional, derivative (PD) type, but the P + V controller has relatively inferior state errors compared to LQR. Time-optimal control performs poorly in the face of transport theorem and noisy sensors. Real-time optimal control is severely degraded by noise, particularly with respect to rate errors and control effort.
Open-loop optimization and real-time optimal control with singular switching simultaneously achieve the lowest state and rate endpoint errors, with the lowest costs (that may be claimed to meet endpoint conditions), while the computational burden is modest compared to low and high cases.
3.4.1 Monte Carlos Analysis (6,000 Simulation Runs)
Summarizing the results so far, real-time optimal control (designed only to minimize control effort) with singular switching to counter the deleterious effects of poor matrix conditioning achieves the best simultaneous state and rate error with costs matching the open-loop minimal and average computational burden in cases where nonlinear feedback decoupling of transport theorem is incorporated and where feedback is provided by noisy state and rate sensors.
4 DISCUSSION
The results are multi-variate, but some general comments are evident regarding the proposed real-time optimal control with singular switching and transport theorem decoupling and its performance compared to a classical benchmark and four other instantiations of optimal control. In the most realistic situations revealed by Monte Carlo analysis with random variations of inertia and state and rate sensor noise, time-optimal bang-bang control achieved respectable rate accuracy with the lowest cost but highest runtime and modest rate tracking errors. Meanwhile, optimal (control minimizing constrained to meet endpoint conditions) open-loop control and its companion real-time optimal control with singular switching achieved the lowest state errors (three orders of magnitude better than time-optimal control) and control effort, while real-time optimal control with singular switching and transport theorem decoupling achieved the lowest rate tracking error. Real-time optimal control without singular switching displayed vulnerability in rate errors and high costs.
Other general conclusions apply to all techniques: designing controls based on simplified plants and then applying them to realistic plants is particularly weak compared to the relatively modern approaches. Arguably, milli-degree accuracy with “low” costs is admirable performance, but the modern methods of control design, including optimality and nonlinear coupling effects (with feedback), achieved, in general, three orders of magnitude superior performance, with the admission that real-time optimal control performed particularly poorly.
Furthermore, well-known lessons from classical control are re-validated in this study. Linear-quadratic regulators are very robust and useful, but suffer from cascaded topologies, particularly in the differentiation of the state feedback to achieve rate feedback, thus the utilization of velocity control was established as the classical baseline (with a requisite demand to purchase and utilize rate sensors).
The proposed instantiation of real-time optimal control with singular switching and nonlinear transport theorem decoupling [image: image] was the overall top-performing option with the lowest state errors, lowest rate errors, lowest computational burden, and second-lowest control effort (fuel usage).
Lastly, it should be noted that all the control techniques performed very well (naturally, since most of the techniques were formulated to satisfy optimization problems). The indication of superior performance should not be judged as mandating the proposed technique, especially in instances where operators would be more comfortable with classical techniques and the order of milli-degree accuracy is sufficient.
4.1 Performance Improvement Percentages
The claim was just immediately earlier, validating that real-time optimal control with singular switching and transport theorem decoupling was the overall top-performing option, and this section describes the results validating the claim in generally understandable terms (percent performance improvement comparison). Open-loop (control minimizing optimal control constrained to meet end state and rate) performed very well, while real-time optimal control with singular switching matched the performance and was slightly better in terms of computational burden.
4.2 Future Research
The derivation of optimal trajectories (state, rate, acceleration, and jerk) should prove useful in the implementation of deterministic artificial intelligence (Smeresky et al., 2020), which requires some scheme of autonomous trajectory generation. The current state of the art utilizes sinusoidal trajectory generation schemes, and the optimal trajectories illustrated here should have improved efficacy when used to augment deterministic artificial intelligence.
5 CONCLUSION
Real-time optimal control is proposed to deal with nonlinear mechanics, including transport theorem coupling nonlinearities, where noisy (random) sensors are assumed, and random parameter variation is countered with time-varying solutions to Pontryagin’s necessary conditions of optimality. Specifically, the Hamiltonian minimization condition and the adjoint equations produce the form of the control parameterized in terms of time and mass or mass moment of inertia, respectively. Singularity-based switching is proposed to address divergence of the adjoints approaching the final state. Ubiquitous figures of merit are used to compare the proposed methods to benchmark classical and modern optimal control methods: mean state and rate errors, quadratic costs embodying necessary fuel usage, and computational runtime as an avatar of the computational burden. Open-loop optimal control established an intermediate baseline over the benchmark classical control, while the proposed method yielded identical performance improvements in terms of state and rate accuracy and quadratic cost while experimentally illustrating an unexpected ten percent improvement in computational burden.
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This paper proposes an adaptive robust Jacobian-based controller for task-space position-tracking control of robotic manipulators. Structure of the controller is built up on a traditional Proportional-Integral-Derivative (PID) framework. An additional neural control signal is next synthesized under a non-linear learning law to compensate for internal and external disturbances in the robot dynamics. To provide the strong robustness of such the controller, a new gain learning feature is then integrated to automatically adjust the PID gains for various working conditions. Stability of the closed-loop system is guaranteed by Lyapunov constraints. Effectiveness of the proposed controller is carefully verified by intensive simulation results.
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1 INTRODUCTION
Today, the great development of science and technology has created a premise for scientific research to develop to a new level in which the field of robotics has being chosen to be the leading industry by many countries. To promote science and technology backgrounds, intelligent robots in the industrial application are starting to prosper strongly, attracting many research experts. To control robot moving safely to desired positions with obstacles, collision avoidance and path planning were matters of concern. In recent years, various strategies have been studied for collision avoidance control purpose. The basic idea behind the collision avoidance algorithms is to design a proper controller which can result in a conflict-free trajectory. Path selection methods are the one of several techniques to avoid obstacles. It uses off-line/on-line algorithms to produce a curve that connects the starting and target points with a predefined initial position, velocity and acceleration. For example, an online trajectory generation algorithm called Ruckig considered third-order constraints (for velocity, acceleration, and jerk), so the complete kinematic state could be specified for waypoint-based trajectories (Berscheid and Kroeger, 2021). The smooth trajectory based on method combining of fourth and fifth order polynomial functions was presented in (Boscario et al., 2012) in which, the outcome of the method was the optimal time distribution of the via points, with respect to predefined objective function. After that, the joint based controller might use the inverse kinematic to solve the desired joint angular. Early collision avoidance approaches concentrated on the static obstacles handling by the sensor-based motion planning methods (Borenstein and Koren, 1991), using nearness diagram navigation to successfully navigate in troublesome scenarios (Minguez and Montano, 2004) and using trajectory planning algorithms to avoid obstacles (Shiller, 2015). In reality, many techniques have been proposed to cope with moving obstacles. For instance, a reactive avoidance method incorporating with a non-linear differential geometric guidance was presented in (Mujumdar and Padhi, 2011) and a collision avoidance algorithm based on the potential fields was proposed in (Huang et al., 2019). It can be seen that in normal applications of robotic manipulators, the controllers were designed in the joint space in which it requires exact inverse kinematic computation as well. Non-etheless, complex internal dynamics and external disturbances coming from divergent working conditions are main obstacles hindering development of excellent controllers.
To realize control objectives of the robots in real-life missions, simple proportional-integral-derivative (PID) controllers are priority options (Bledt et al., 2018), (Wensing et al., 2017) due to simple design. If the proper control gains were found, the high control outcomes could be obtained (Park et al., 2015), (Ba and Bae, 2020). A lot of research have been then studied to improve the performance of the PID controllers using intelligent approaches such as evolutionary optimization and fuzzy logic (Astrom and Hagglund, 1995). The methods exhibited promising control results thanks to using both online and offline sections (Tan et al., 2004). The off-line control one could flexibly select the proper PID parameters based on the system overshoot, settling time and steady-state error, while the on-line one would adopt the operating control errors to adjust fuzzy logic parameters to re-optimize the system, improving the system quality significantly. However, the tuning methodology of fuzzy logic controllers is mostly based on experiences of operators (Juang and Chang, 2011). Another series of the intelligent control category was based on the biological properties of animals in which a genetic algorithm was combined with a bacterial foraging method to simulate natural optimization processes such as hybridization, reproduction, mutation, natural selection, etc., (Cucientes et al., 2007). This evolution could deliver the most optimal solution. That the solving process requires a large number of samples and takes a long-running time limits its application. Recently, tuning PID control parameters using neural networks has become an effective approach with many contributions (Kim and Cho, 2006), (Neath et al., 2014). The conventional PID one itself is a robust controller (Thanh and Ahn, 2006). The learning ability integrated to the controllers makes it flexible to the working environment (Ye, 2008). Lack of an intensive consideration of learning rules in steady-state time could make the system unstable in a long time used (Ba et al., 2019), (Ye, 2008), (Rocco, 1996).
To further improve the control performance, internal and external dynamics of robots need to be compensated during working processes. To this end, classical methods could be employed based on accurate mathematical models of the robots (Craig, 2018), (Zhu, 2010). Good control results were exhibited using such the conventional approaches, but it is not easy to extend the control outcome to complicated robot structures. Intelligent modeling methods could be adopted to increase applicability of the controllers to various robots in different working environments (Karayiannidis et al., 2016), (Gao et al., 2022). Excellent control performances were accomplished with the intelligent control approaches. However, convergence of the learning process is still not explicitly proven (He et al., 2020), (Wang et al., 2020). To support this kind of theoretical drawback, linear leakage functions were integrated the estimation phases of the network operation. However, this term could be slowdown the overall learning performance. Hence, advanced learning behaviors for the network need to be extensionally studied.
In this paper, an intelligent direct PID controller is proposed for position-tracking control in task space of robotic manipulators. Without using inverse kinematics, the operator just needs to input the desired position value, the controller will calculate and give the desired control position to the robot by itself (Craig, 2005; Ba and Bae, 2021; Ba et al., 2021). This process will be of great help since, in practice, there are quite few robots with quite complex hardware structures that make the inverse kinematics calculation difficult. The more degrees of freedom a robot has, the more difficult the calculation process, requiring more time and effort. The proposed controller is built based on a conventional PID framework. A non-linear neural network is then employed to eliminate internal/external disturbances during the working process. To increase the adaptive robustness of the controller, a new gain learning rule is integrated to flexible tune the PID gain for different working conditions.
Outline of the paper is structured as follows. Section 2 discusses system modeling and problem statements. Section 3 presents design of the proposed controller. Section 4 analyzes verification results. The paper is then concluded in Section 5.
2 SYSTEM MODELLING AND PROBLEM STATEMENTS
Behaviors of a general robotic manipulator can be presented in the following form (Craig, 2018), (He et al., 2020):
[image: image]
where [image: image] are respectively vectors of joint position, velocity, and acceleration, [image: image] is the mass matrix, [image: image] is the centrifugal-Coriolis moment, [image: image] is the gravitational moment, [image: image] is the frictional moment, [image: image] stands for external disturbances, and [image: image] is the actuator moment or control signals.
Remark 1: the control objective of this paper is to find out a proper control signal ([image: image]) to control position of the end-effector of the robot following a desired profile. To accomplish this task, we can use inverse kinematics (IK) to compute desired joint positions from the end-effector reference signals. However, it is not trivial to find solutions of complicated robots. To avoid this shortcoming, we can apply direct control algorithms without caring of the IK problem. Hence, one needs consider dynamic model (1) in the task space as follows (Craig, 2018):
[image: image]
where [image: image] is the end-effector position of the robot, [image: image] is the Jacobian matrix, and [image: image] is the nominal value of the mass matrix [image: image], and [image: image] is the lumped disturbance as presented as follows:
[image: image]
where [image: image] is the deviation mass matrix.
Remark 2: It is very difficult to determine accurate parameters of model (1), (2) or (3). Furthermore, the parameters sometimes vary during the working processes. To treat this drawback, the proposed controller is required to be model-free, robust and flexible.
3 NEURAL FLEXIBLE PID CONTROLLER
In this section, the proposed controller is designed with new features to realize the control mission stated. Theoretical effectiveness of the closed-loop system is then analyzed using Lyapunov constraints.
3.1 A flexible PID control framework
The controller is developed based on a conventional PID (Tan et al., 2004) structure as in Eq. 4.
[image: image]
where [image: image] is the control objective, [image: image] is the desired trajectory, J+ is pseudo-inverse of the Jacobian J and [image: image] are control gains.
We assume that the desired trajectory xd is inside of the workspace of the robot and the end-effector x of the robot can reach to the desired position selected. Advanced path-planning and obstacle-avoidance algorithms (Mujumdar and Padhi, 2011; Shiller, 2015; Huang et al., 2019) could be employed to generate appropriate desired profiles for the robot.
In real-time control, one can tune the control gains [image: image] for acceptable control performances. However, the fixed gains might not ensure good control errors for various working conditions (Thanh and Ahn, 2006), (Rocco, 1996). To cope with this problem, we propose an automatic tuning law for PID gains, as follows:
[image: image]
where [image: image] are positive core gains, [image: image], [image: image] are learning rates and [image: image] is the activation gain.
Remark 3: As seen in Eq. 5, the PID gains are structured from static and dynamic gains which respectively yield robustness and adaptation of the closed-loop system. The control gains are varied in non-linear manners to drive the control error to go into the desired region regardless of unknown environments. For faster control results, the disturbance term [image: image] needs to be effectively compensated by a proper control signal.
3.2 Additional neural network control signal
First of all, the disturbance [image: image] is modeled using the following Radial Basis Function (RBF) network:
[image: image]
where [image: image] is the optimal weight vector, [image: image] is the regression vector, and [image: image] is the modeling error.
Based on the neural network model (6), the control signal (4) is modified by adding an additional intelligent control term, as follows:
[image: image]
where [image: image] and [image: image] stand control terms generated by PID and neural network structure, respectively, and [image: image] is estimate of the weight vector [image: image]. The estimation [image: image] is updated by the following non-linear mechanism:
[image: image]
where [image: image] and [image: image] are learning rates.
Remark 4: The system (8) uses rich information including time-derivative, linear, and integral function of the control error to activate the learning process. The weight matrix of the neural network is automatically updated to ensure the minimum control error.
3.3 Stability analysis
In this section, we discuss the stability of the closed-loop system to ensure reliability of the proposed controller for the robotic system (3). From the above design, we have the following statements.
Theorem 1: Give a task-space model (3) of robotic manipulators, if employing a conventional neural PID control signal (7) supported by adaptive rules (5) and (8), the following properties hold:
1) The control error [image: image], activation gain [image: image] and the neural weight vectors are bounded.
2) In the stationary phase, the control error [image: image] converges to zero.
Proof:  
We first synthesize a virtual control error [image: image] as follows:
[image: image]
The time derivative of the new error [image: image] under dynamics (3) and the model (6) is described
[image: image]
By substituting the control signal Eq. 7 and the gain structure Eq. 5 into the dynamics Eq. 10, we have a simpler form:
[image: image]
where [image: image] is estimation error of the neural weight matrix [image: image].We now consider a new Lyapunov function:
[image: image]
Differentiating the function Eq. 12 with respect to time and noting the dynamics Eq. 11 lead to
[image: image]
Applying Cauchy-Schwarz inequality, we obtain the following result:
[image: image]
where [image: image] is a lumped term defined as
[image: image]
Since [image: image] and [image: image] are bounded, hence [image: image] is bounded as well. This discussion leads to the proof of the first statement of Theorem 1.In the stationary phase, the time derivative of the virtual control error [image: image] converges zeros. By differentiating Eq. 9 with respect to time and applying Hurwitz criterion on the results, we can achieve the second proof of Theorem 1.
Remark 5: As carefully observing on the definition (15), one could select [image: image] and [image: image] to large enough to reduce the disturbance bound [image: image]. However, these are still fixed values. From Eq. 14, it can be seen that the control performance could be enhanced by the learning gain [image: image] for various working cases. The control idea is graphically summarized in Figure 1A. The following implementation procedure could be referred for deploying the proposed control algorithm on simulation or real-time testing. 1) In the first step, all of the learning rates ([image: image], [image: image], [image: image] and [image: image]) are set to be zeros. The positive core gains [image: image] are manually tuned for acceptable control performances. The gain [image: image] are recommended to be greater than the gain [image: image]. 2) In the second step, the learning rates ([image: image] and [image: image]) of the activation gain ([image: image]) are adjusted to further enhance the control performance. In this step, the core gains [image: image] could be retuned in some cases for higher control precision. 3) In the third step, the regression vector [image: image] is built and the learning rates ([image: image] and [image: image]) of the neural network are manually selected bring the control accuracy to a higher level. The whole tuning procedure could be applied several times for seeking an excellent control outcome. Note that, from the second turn, it does not need to reset the learning rates ([image: image], [image: image], [image: image] and [image: image]) to be zeros anymore.
[image: Figure 1]FIGURE 1 | The testing robot. (A) Control scheme of the robotic system. (B) Configuration of the testing robot.
4 VALIDATION RESULTS
This section presents validation results of the proposed controller in simulations. The control algorithm was applied to a 2-degree-of-freedom (DOF) robot, as sketched in Figure 1B. The manipulator was modeled as two rigid links with lengths of l1 and l2. The mass was distributed at the end of each link (m1, m2). The robot would work in a vertical plane with downward gravitational acceleration. Viscous friction was modeled at the joints (a1, a2). Although this robot is quite simple, it contains all the necessary components of a general multi-degree of freedom manipulator including moment of inertia, centrifugal terms, Coriolis terms, gravity terms and friction effects.
The detailed dynamic equations of the robot are as follows:
[image: image]
To estimate the disturbances [image: image], we used an RBF neural network with 4 input neurons, 256 hidden neurons and 2 output neurons.
The actual values of the length of links, mass and viscous friction coefficients were chosen as follows: [image: image]
To evaluate the adaptability and robustness of the controller under divergent working conditions, we compared the proposed controller (called anPID) with a conventional PID controller (referred to as cPID) and an adaptive PID controller with using only automatic tuning law for PID gains (referred to as aPID). The parameters of the controller were chosen as: [image: image] while learning coefficients were [image: image], [image: image] and [image: image], [image: image]
To carefully express the performance of the proposed controller, the robotic manipulators were simulated in three cases. In the first simulation, the robot was controlled to track the desired trajectories of smooth multi-step signals. Furthermore, process disturbances in the form of white noises, as shown in Figure 2C, were added to the output torques of the actuators. Simulation results of the conventional and intelligent PID controllers for the tracking control mission are also shown in Figure 2.
[image: Figure 2]FIGURE 2 | Simulation data of the controllers in the first simulation. (A) Reference inputs and system outputs of the verifying controllers. (B) Comparative control errors. (C) The process disturbances of the joints. (D) Control signals generated by the controllers. (E) The gain behaviors of the proposed controller. (F) Estimation results of the proposed neural network.
Figures 2A,B shows that the proposed controller maintained good control errors even though the end-effector of the manipulator worked throughout a singularity point of (0.1; 0) (m). Figure 2DA method to benchmark the balance resilience of robots
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Robots that work in unstructured scenarios are often subjected to collisions with the environment or external agents. Accordingly, recently, researchers focused on designing robust and resilient systems. This work presents a framework that quantitatively assesses the balancing resilience of self-stabilizing robots subjected to external perturbations. Our proposed framework consists of a set of novel Performance Indicators (PIs), experimental protocols for the reliable and repeatable measurement of the PIs, and a novel testbed to execute the protocols. The design of the testbed, the control structure, the post-processing software, and all the documentation related to the performance indicators and protocols are provided as open-source material so that other institutions can replicate the system. As an example of the application of our method, we report a set of experimental tests on a two-wheeled humanoid robot, with an experimental campaign of more than 1100 tests. The investigation demonstrates high repeatability and efficacy in executing reliable and precise perturbations.
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1 INTRODUCTION
The growing employment of robots in real-world applications, e.g., exploration of hazardous environments (Negrello et al., 2018) and household assistance (Parmiggiani et al., 2017), emphasizes the necessity of robots safe and resilient against disturbances. In engineering, Hollnagel et al. (2006) defined resilience as “the ability of an organization (system) to keep or recover quickly to a stable state, allowing it to continue operations during and after a major mishap or in the presence of continuous significant stresses”. Zhang brought the concept of resilience into the robotic field (Zhang and Lin, 2010), while Zhang et al., 2017 proposes a set of principles for the design of soft and resilient robots.
Following Hollnagel and Zhang’s interpretations, we investigate the definition of resilience for self-stabilizing robots. Self-stabilizing robots are a group of robotic systems with the common trait of possessing an unstable equilibrium stabilized continuously through control. Their increment of control and design complexity is accepted in the face of the augmented dexterity and agility that they show when compared to stable robots, such as mobile base robots (Fuchs et al., 2009). In the face of this augmented dexterity, the possibility of facing unexpected falls, which may cause damage to the robot, the surroundings, or persons, arises and become the major issue for a self-stabilizing robot to cease operations. As a result, for these robots, the concept of resilience expressed by Zhang and Lin, 2010 should be re-defined as the ability of a system to maintain a stable state, allowing it to continue operating in the presence of continuous and significant perturbations. In this sense, studying the resilience of robots becomes closely connected to looking into balancing abilities.
However, nowadays, the measurement of robots’ balancing resilience is a novel research field and still mostly relies on qualitative methods. To this aim, one of the most advanced fields is the legged locomotion research community. Nevertheless, in the related literature, it is possible to find just heuristic tests: Pushes) (Barasuol et al., 2013) (Feng et al., 2016), tilting the support surface (Li et al., 2013), balancing over a soft ground (Henze et al., 2016), or impacting with heavy masses (Kanzaki et al., 2005). These assessment methods are qualitative or hardly repeatable and do not allow comparisons between different robots. Benchmarking the performance of robotic systems offers many advantages. It allows for quantifying the performance of various systems, making comparisons possible, and fostering improvements. In industry, performance quantification makes possible standardization of technologies and regulation of the processes for manufacturing and commercialization of certified robots (Torricelli et al., 2015). Hence, a growing interest in the field of benchmarking has arisen during recent years in the research community (Negrello et al. (2020)) (Stasse et al. (2018)), especially for legged systems (Torricelli et al., 2015). Torricelli et al., 2015 and Torricelli and Pons, 2018 paved the way for benchmarking platforms for self-stabilizing robots and exoskeletons with the European Project EUROBENCH 20201. Seventeen sub-projects work under the Eurobench consortium, each accounting for a different aspect of robot performance. To give some valuable examples, in Taborri et al., 2020, the authors present B.E.A.T., a benchmark for evaluating the static and dynamic balance of wearable human-assisting devices. In Lippi et al., 2019, Lippi et al., 2020, the authors proposed COMTEST, a similar framework for testing the performance of humanoids, as well as a set of Performance Indicators that aim to standardize the capabilities of robots on a universal level. In Vicario et al., 2021, the authors present FORECAST, a benchmarking method able to “define an objective score for a given force-controlled system accounting for its sensitivity to environmental uncertainties and variations.” Lastly, in Bayón et al., 2021, the authors proposed BenchBalance, a.“ Benchmarking solution proposed to conduct reproducible assessments of balance in various conditions, mainly focused on wearable robots but also applicable to humanoids.”
We propose an evaluation framework for characterizing the resilience of self-stabilizing robots subjected to external disturbances (Monteleone et al., 2020). In Monteleone et al., 2020, we introduced the early conceptual definition of the testbed, with experimental validation on a two-wheeled robot solely on impulsive conditions, enforced via a non-actuated prototype of the testbed. In this work, we developed further the conceptual definition of the testbed, designing a framework composed of seven novel PIs to evaluate the resilience of a robot, five original experimental protocols for assessing the PIs, and a new testbed for reproducible issuing of both dynamic and static perturbations. The novel framework comprises an actuated structure equipped with a brake and clutch to perform various disturbances and protect the robot and operators against accidental impacts. The PIs, the experimental protocols, and the actuated and adjustable structure design are novelties in the state of the art. The proposed system draws inspiration from classical resilience testing machines used for the characterization of materials samples (as the Charpy test stand (ISO, 2010), realizing a system that can apply a desired impulsive, repetitive, or static disturbance in the most straightforward and easily reproducible way. As a previous work, we designed a non-actuated benchmark structure to test the resilience of the soft hand grasping under impulsive loads (Negrello et al., 2020). The novel system integrates position and force sensors to characterize the disturbance we are applying to the robot. It is actuated to control the application of perturbations under static and dynamic conditions. As a specific use case of applying our method, we report a set of experimental tests on a particolar two-wheeled base humanoid robot (Lentini et al., 2019). The main contributions of this work are the definition of the performance indicators, the testing protocols, and the mechanical design and control of the testbed. Additionally, all the materials are presented as open source and can be found on the external link in Section “Data Availability Statement”.
The resilience characterization framework we propose will pave the way for a rigorous benchmarking process of robot performance. The impact of our framework could go far beyond the balancing resilience characterization of wheeled robots (such as Alter-Ego from IIT/Research Center “E. Piaggio” or Golem Krang from Georgia Institute of Technology (Stilman et al., 2010) and could include the assessment of the balancing of autonomous legged robots. Today autonomous legged robotics is one of the most vibrant and hot research topics and is also significantly changing the industrial landscape. The population of humanoid (see, e.g., COMAN from “Istituto Italiano di Tecnologia (IIT)” (Tsagarakis et al., 2013) or Valkyrie from NASA (Radford et al., 2015) and quadrupedal (see, e.g., HyQ from IIT (Semini et al., 2011) or Anymal from ANYbotics (Hutter et al., 2016) prototypes has dramatically increased in the last decades, as well as the related scientific publications. Moreover, today there exist several companies that develop and commercialize legged robots (e.g., agilityrobotics2, unitree3, ANYbotics4, SoftBank5), with the remarkable recent acquisition of Boston Dynamics6 by a large automotive corporation, promising to be the core of a novel industrial segment. Finally, a strong impact of our work is expected in the field of assistive robotics (e.g., wearable robots (Kazerooni, 2005) (Khazoom et al., 2020) and personal robots (Parmiggiani et al., 2017), that is experiencing a growing trend similar to one of the autonomous legged robots.
The paper is organized as follows: Section 2 briefly recalls the requirements necessary to define a robotic system performance. Section 3 describes the performance indicators that we propose to define the resilience and performance of systems subjected to external perturbations. Section 4 and Section 5 present the design of the testbed, which we use to test the systems and the experimental protocols to execute reliable and repeatable experiments with different perturbation conditions. Section 6 shows the results of applying this testing strategy to Alter-Ego, a two-wheeled humanoid robot. Section 7 discusses the results based on the acquired data, exposing the quality and the possible future improvements of the benchmarking method. Section 8 concludes the paper.
2 METHODOLOGY AND CONCEPT
Given the youth of robotics (about 60 years), benchmarking the performance of robots is a novel study area. Other fields, such as biomechanics, have extensively researched this problem to assess, for example, humans’ balance and locomotion capabilities. The literature proposes several methods and structures to characterize the performance of human balancing (e.g., Berg et al., 1992; Zemková, 2011; Molnar et al., 2018). They typically rely on the application of perturbations to the subject, e.g., asymmetric (Vashista et al., 2013), impulsive (Ellis et al., 2014), or active (Vashista et al., 2014) disturbances at the Center of Mass (CoM), or on the distal arts, e.g., Barasuol et al., 2013. From the literature, the importance of employing different forms of disturbances to measure the performance of a system is evident. To characterize the balancing performance of a robot, we require a system capable of providing a variety of perturbations on robotic structures and collecting a meaningful set of data.
When applied to robotic applications, these stimuli can be helpful in evaluating performance in typical stress situations. Impacts are disturbances that naturally occur in unstructured environments and collaboration with humans. Single impacts are the most common perturbations in robotics, but various types of pushes occur periodically or that last over time. Repetitive and quasi-static perturbations are sustained during Human-Robot Interactions (HRI). This kind of stimulus helps people perceive robots as human-like entities rather than mechanical systems (Hyon et al., 2007).
By analyzing the response of systems subjected to various types of disturbances (see Section 3), we point out the necessity to define some indices that can easily show the limits and capability of systems. In this way, we can determine the experiments necessary to obtain the desired performance indicators (Figure 1C) that will constitute the core of our protocols and structure. In the case of repetitive or quasi-static perturbation, we believe it is worth dividing the stimuli between position-driven and force-driven ones. Indeed, despite their superficial similarities, robots react to CoM position perturbations and force perturbations in distinct ways. Repetitive perturbations are the finest example (see Section 6).
[image: Figure 1]FIGURE 1 | Conceptual design of the structure. (A) Represents the impulsive, highly dynamic experiments, while (B) represents the quasi-static experiments. (C) Definition of the required experiments for Performance Characterization. (D) Basic features of the testbed, to perform test on different robots. Panel (A) and (B) are taken from Monteleone et al. (2020), a previous work of the authors.
Perturbations can be applied to robots they are while moving or standing still. Balancing in a standing position may appear a trivial task, but it is the primary condition for any self-stabilizing robot to work. Balancing in the presence of perturbations is a crucial topic in the literature. As examples, in Stephens, 2007, Ott et al., 2011, and Liu and Atkeson, 2009, the authors present strategies and controllers to recover from significant disturbances and maintain an upright posture. Understanding the limits of performance in robot balancing is the basis for fostering self-stabilizing system technologies.
During data acquisition, we must rely on measurements resulting from the testbed sensors. The test bench would be used to assess multiple robots, and we can not know a priori which measurements are accessible from the robot side. Accordingly, the measured values of the test bench sensors should be consistent, simple, and repeatable, allowing more reliable performance computations. Measures coming from robots are not sufficient, and therefore, we must rely only on commercial sensors integrated into the test bench. We want to investigate robotic structures that may have very different dimensions. Due to that, the test platform should adapt to the size of the robot under evaluation (Figure 1D). The test bench should be fully modular, allowing different disturbance conditions and locations. Complete system modularity guarantees the highest flexibility during tests. The use of the proposed device could be extended to other benchmarking scenarios, especially those involving stability against disturbances on different terrains, such as walking on slopes or irregular terrain.
During the development of the conceptual structure, we design a pendulum-like system, aiming to make its main dimensions (such as the height of the pendulum shaft, the length of the pendulum, and inertia) adjustable to match one of the different robots. In the design phase, we focus on the key features the benchmark must possess (Figure 1D). The primary purpose of this structure is to collect data from the robotic systems to define a set of Performance Indicators. These indicators are detailed in the next section.
3 PERFORMANCE INDICATORS
PIs describe the resilience of a self-stabilizing robot and allow comparisons among different robotics systems. The resilience of robots, in particular self-stabilizing systems, is influenced by structural robustness, but their balancing capabilities also cover a significant role. We divided PIs into two categories. The first contains those indices that show the limits at which the robot loses its balancing capability (see Section 3.1). The second is composed of those indices that describe the properties of systems subjected to perturbations (see Section 3.2).
3.1 Resilience limits
3.1.1 Impulsive resilience
Impulsive Resilience (IR) defines the maximum impulsive perturbation a robot can withstand without breaking or falling. Impacts are described by the impulse (I) and energy involved (E). Therefore, the IRis a diagram in which I lies on the x-axis and E on the y-axis. The resulting “resilience regions” (Figure 2B) are areas of the graph that describe the conditions at which the robot withstands the shock (light blue) or falls (red).
[image: Figure 2]FIGURE 2 | (A) Schematized Model used to visualize the Performance Indicators results. Example of: (B) Impulsive resilience chart. (C,D) Excited Resilience charts, where (B) is the ERrelated to a displacement perturbation, while (C) is the ERrelated to an oscillating force. (E) Absorbed Energy chart during Impacts. (F) Excited Equivalent Impedance chart. All picture refers to the model in (A). The region of conditions at which the robot shows unstable behavior is reported in red.
3.1.2 Excited resilience
The Excited Resilience (ER) defines the maximum perturbation a robot subjected to repetitive shocks can tolerate without breaking or falling. A repetitive disturbance is described by its amplitude (A) and the frequency (f) at which it is repeated. More in detail, the load can be a displacement or force perturbation. Hence, the ERare two plots in which f lies on the x-axis and A on the y-axis. The first shows the resilience regions of the robot subjected to repetitive displacement oscillations (Figure 2C), while the second displays the resilience regions related to force oscillations (Figure 2D).
3.1.3 Quasi-static resilience
The Quasi-Static Resilience (QSR) defines the maximum perturbation a robot subjected to constant loads tolerates without breaking or falling. A constant load is described by its value in terms of force or displacement. The QSRcomprehends the minimum unstabilizing constant force and displacement measures. Hence, QSRresults in two scalar values. Note that in the case of a robot that can perform balancing actions, such as backward steps, these values are converted to the minimum force and displacement that induces the system to perform a complex balancing routine.
3.2 Robot properties
3.2.1 Absorbed energy
The Absorbed Energy during Impulsive perturbations (AEI) defines the capability of a robot to absorb energy during impacts. The AEIindicates the capability of the robot to oppose an impact and is expressed by the percentage of energy absorbed. Being a PI related to impulsive shocks, the parameters that describe the AEIare I and E. The result is a three-dimensional plot in which I lies on the x-axis, E is on the y-axis, and the percentage of energy absorbed by the robot is on the z-axis (Figure 2E).
3.2.2 Excited equivalent impedance
The Excited Equivalent Impedance (EEI) evaluates the dynamic behavior of a robot when subjected to repetitive disturbances. The EEIconsiders a simplified standard model and computes the dynamic coefficients of inertia (J), elasticity (K), and damping (B), varying f. The estimations of these parameters rely on the measurements from repetitive force perturbations. Using a dynamic regressor, we compare the robot to a second-order inertia-spring-damper system and evaluate the coefficients [J, B, K]. The EEIis a plot with f on the x-axis and the impedance coefficients on the y-axis (Figure 2F).
3.2.3 Normalization factor
Performance Indicators describe the balancing skills of systems under different loads. PIs are expressed by extensive measures (such as forces and displacements); therefore, these indices are highly dependent on the robot’s size. As a result, to compare different systems, it is necessary to scale all measurements to a common reference model. Any tested robot could be used as a standard for all other systems. However, we believe it is better to refer to a more general model.
Since robots are designed to mimic human behaviors, we compare their performance to a medium-sized human. Dimensions for the human model are retrieved from Armstrong, 1988. Using these values as standard dimensions, we designed some normalization factors that weigh all the previous indicators on the common model.
We define a total of six Normalization Factors: two are related to force scaling (i.e., frontal and lateral directions), two are related to the energy scaling (as before, frontal and lateral), and the last two are related to the CoM displacement. Normalization factors for energy [image: image] and force [image: image] have been calculated considering the systems rigid and approximable to parallelepipeds (Figure 3A). The force and energy normalization factors are computed as the minimum force and kinetic energy required to unstabilize the system by pivoting around one of its edges (see Figure 3A). Hereafter, we compare these values to the ones of our reference system. The normalization factors related to the force are
[image: image]
while the normalization factors related to the energy are
[image: image]
[image: Figure 3]FIGURE 3 | Schematic visualization of the model for (A) the force and energy normalization factor computation and (B) the displacement normalization factor. (C) Model of the structure reporting the main dimensions of the system. (D,E) Definition of the impact position for (B) frontal perturbations and (C) sagittal perturbations.
For both equations, mi are the masses of the robot and human, [image: image] are the height of the Center of Mass from the ground, and [image: image] are the width of the bearing surface. The [image: image] dimension is different if the normalization factor is computed frontally or laterally. Subscript J indicates that the same equation holds both directions. Normalization factors are calculated by the minimum impulsive force and energy (respectively) that unstabilizes the model by pivoting it on its edge. Lastly, the normalization factor related to the displacement (ND) compares the angular movement of the contact point relative to the robot ground, scaling it to the movement the system would have with the dimensions of a medium-sized person (Figure 3B).
[image: image]
3.3 Performance indicators illustration
In this paragraph, we aim to illustrate the PIs behavior when applied to a generic robotic system. Functional to the visualization of the PIs is a dynamical examination of an actuated inverted pendulum subjected to external perturbations (Figure 2A). This example model is chosen because it resembles the dynamics of a humanoid-legged robotic system subjected to pushes when no steps are performed, allowing us to consider the feet/base of the robot fixed on the ground. Therefore, this model is similar to a basic self-balancing robot performing “ankle strategy” (Stephens, 2007; Rogers and Mille, 2018). Different models can be applied if we aim to resemble two-wheeled humanoid robots, which typically act as cart poles. The reader should note that the choice of the model does not influence the effectiveness of the PIs, but it may vary the behavior shown.
The model dynamics for the inverted pendulum is
[image: image]
where J, M and l are the inertia, the mass, and the length of the inverse pendulum, respectively. τ is the commanded torque used to apply an LQR optimal control Klqr. Lastly, F is the external force, and h is the height at which we apply the perturbation. During simulations, we adjust the input function F(t) to match the different types of desired loads. Hence, the conditions under which a robot falls indicate the system’s resilience. In our model, we define the falling condition as the angle θ exceeding the limit θmax. Saturation of the maximum torque makes the systems more similar to real robotic systems.
3.4 Robot resilience datasheet
Table 1 presents a datasheet that we propose to summarize the balancing performance of a robot. We hope that a datasheet can be a helpful add-on to foster system comparisons and regulation of processes.
TABLE 1 | Example of datasheet containing the resilience benchmark results.
[image: Table 1]The datasheet is organized as follows. The first and second lines contain the name and the type of the robot (e.g., legged humanoids, quadrupeds, exoskeletons) under testing. The successive 2 cells show a photo of the system and a scheme of its kinematics. The cell “Actuation” defines which types of actuators the system is built with (actuation units can be rigid, SEA, VIA, etcetera (Vanderborght et al., 2013). “Robot Parameters” provides the main dimensions of the robot used to define the normalization Factors reported in the related cells. “Impact Position” and “Orientation” define the experimental conditions at which the experiments are executed. Impact Position describes the contact point location, while Orientation indicates if the PIs are related to the frontal or lateral perturbation on the robot. Controller means which control is applied to the robot, and a reference on the related paper is strongly recommended. The other cells (QSR, IR, AEI, ER-Displacement, ER-Force, and EEI) report the PIs of the robot under the described conditions.
4 TEST-BENCH DESIGN AND CHARACTERIZATION
The definition of the PIs and testing conditions provides a set of characteristics the system must possess. In Monteleone et al., 2020, we introduce the early concept definition, focusing on five design features: flexibility, reproducibility, adjustability, indipendency as a system, and operator safety.
4.1 Mechatronic design
Figure 4A shows the structure. The testbed is composed of two parts. The first is the central span, consisting of the actuation group and the pendulum. The second part is the external structure, mainly composed of aluminum extrusions and safety nets.
[image: Figure 4]FIGURE 4 | Photo of (A) Test-Bench dimensions and components: 1) Actuation group, 2) electrical crane, 3) sensorized safety doors, 4) safety panels, 5) agent positions during tests, 6) external structure, and 7) handrails. (B) Cross section of the actuation unit: From left to right, 1) servomotor, 2) torque sensor, 3) electro-magnetic clutch, 4) pendulum connector, 5) electro-magnetic brake, 6) first position sensor (absolute), 7) second position sensor (relative). (C) Testbed, and (D) industrial PC and controllers. (E) Electronic Connection of the Test-Bench. Blue arrows indicate the power connections, black arrows are the control communication network, and purple and green arrows describe sensor connections for the control loop and the data record. In red, we indicate the safety systems.
Figure 4B shows the cross-section of the actuation unit and its main components. From left to right, there is a servomotor (1), a torque sensor (2), an electromagnetic clutch (3), the pendulum connector (4), an electromagnetic brake (5), and two absolute position sensors (6–7). In component 4, we mounted the pendulum bar. We placed a piezoelectric sensor on its tip to measure the contact force between the actuation group and the robot under test. To prevent misalignments of the torque sensor, we connect it to the actuator through an Oldham joint and to the clutch through an elastic component. The compliant joint also absorbs accidental shocks transmitted to the torque sensors.
During impulsive tests, the clutch safeguards the servomotor and torque sensors. It disengages the pendulum shaft from such delicate parts, preventing the transmission of shocks. After an impact, the brake permits the system to attenuate oscillations. It also improves testbed safety by halting the pendulum in the case of emergencies.
The external structure protects the operators during test execution. We enclosed the test platform in an area accessible by two doors and surrounded by safety panels. Doors equip two electromagnetic locks. As a result, the control system can detect the status of gates (open or closed) and lock them, limiting access to the experimental area when the pendulum is moving. If the doors are unexpectedly released, the system activates the brake while simultaneously disengaging the clutch, preventing the pendulum from moving while safeguarding the motor.
Moreover, we provide an emergency button, which stops the pendulum movement in the same way as if the door opened. Figure 4C shows a picture of the physical structure, also displaying the placement of the control system (Figure 4D).
To enhance tunability, the system is equipped with components that can vary its structural dimensions. The testbed is provided with an electrical crane and four guides to change the position of the central span. Hence, it is possible to modify the height at which the pendulum impacts the robot (H). Furthermore, a two-part connector links the pendulum bar to the shaft, making it simple to vary the pendulum length (L). Lastly, we ensure that additional masses (M) can be mounted on the pendulum to increase its inertia. Table 2 reports the tunable parameters and their range of variation. We equipped the testbed with a modular floor with a series of holes equidistant from each other. This design improves the structure compatibility with other testing devices, such as treadmills or inclined planes. It also allows for the placement of obstacles to test robotic systems on uneven terrains.
TABLE 2 | Test-bench characterization.
[image: Table 2]Table 2 reports the main characteristic values of the testbed. Friction torque has been computed experimentally.
4.2 Control architecture
The framework is equipped with an industrial PC that is ROS compatible and three drivers for the servomotor, clutch, and brake, respectively. The IPC supervises the structure framework, generating the control inputs that are communicated to drivers. Moreover, it also acquires data through an integrated DAQ system from National Instruments (NI) (Figure 4D).
Figure 4E describes the control architecture scheme, showing each block and its physical connections. For the actuation unit components, each number corresponds to the ones shown in Figure 4B. Blue arrows indicate the power connections, black arrows show the control communication network, and purple and green arrows depict the sensor connections for the control loop and the data record, respectively.
The actuation unit can be controlled both in position or torque loop. The position control loop uses the measurements of the Renishaw absolute encoder (6) located at the output shaft. However, if the clutch is disengaged, the system relies on the servomotor encoder to move the actuator and reset the zero position of the motor control. The torque control loop relies on the measurement of the FUTEK torque sensor (2). These measurements are corrected by gravity compensation, so if we command a force trajectory, the torque measures reject the pendulum weight, providing the correct movement at the contact point.
4.3 Data recording
The IPC saves data from experiments through a National Instrument data acquisition device. We acquire data from three sensors. The first is the pendulum encoder (number 7 in Figures 4B, E), which is an AMS absolute encoder with a resolution of about .1°. The second is the force sensor. It is a DYTRAN 1051V6, a piezoelectric sensor capable of precisely measuring impacts and impulsive forces. However, when subjected to constant or slowly varying forces, it does not perform correctly due to drift. It has a resolution of 0.3 N and a saturating value of 2224 N. The third one is the torque sensor. It is a FUTEK FSH02060, an analog sensor that measures non-impulsive forces using strain gauge technologies. The resolution of the torque sensor is 1 Nm, and its maximum measurable value is 500 Nm. We use the force sensor during impulsive tests to compute performance indicators. In contrast, during the other tests, we estimate the force exerted on the pendulum, knowing the distance of the pendulum tip to the torque sensor axis, and correcting the measure with a gravity compensation in post-processing.
The testbed acquires all data at a frequency of 10 kHz. Position and torque measurements are filtered by excluding outliers and using a symmetric moving average filter. The data from the piezoelectric sensor is not filtered because filtering would result in a loss of accuracy on the force peaks. From the force data, it is possible to identify the exact moment of an impact. However, to measure the value of the impulse, there exist two methods. The first technique estimates the duration of the contact between the robot and the pendulum and integrates the force value. The second method relies on measuring the pendulum velocities before and after the moment of touch. It evaluates the impulse as the variation of the momentum. We saw experimentally that the second one resulted in being more reliable, as the definition of the contact duration is not trivial.
5 EXPERIMENTAL PROTOCOLS
To measure the PIs, we developed a series of testing methods that allow the reproduction of the necessary perturbations. In the following, we define each protocol and report the detailed procedure to perform the experiments. This work focused on the definition of resilience against pushes on regular, obstacle-free terrains. The possibility of studying the effects of different terrains on the performance is left to future works.
During a protocol execution, we repeat each experiment (we call “experiment” tests with the same set of conditions) 10 times (we call each one a “run”). With this, we aim to provide the results with a certain degree of statistical validity. Indeed, we performed a high number of experiments to provide a more reliable view of how the system reacts to perturbation with a given entity. Since the system is physical, borderline values of perturbation can lead to a robot falling or not depending on other robot conditions (e.g., if the robot is impacted while the pitch angle is positive or negative). Therefore, the high number of experiments considers the fall’s statistical validity, reducing the effect of outlier situations.
We measure the pendulum angle, the torque at the motor axis, and the force at the contact point with the robot. These measures are used to obtain all the performance indicators in Section 3. The force sensor employs piezo-electric technologies, allowing one to appreciate the quick variation of forces, such as peaks. On the contrary, since the torque sensor is resistive, it is more suitable to evaluate constant or slow-vary forces.
At the beginning of each protocol execution, we must adjust the structure to impact the system at the desired contact point. For frontal collisions, the designated point should be placed at the center of the chest, on the robot axis, the closest to the CoM as possible (Figure 3D). The height of the contact point is measured and saved by the platform. For side impacts, the contact point should be located on the shoulder or hip, typical contact points during accidental collisions (Figure 3E). Aside from the contact point, lateral experiments execution uses the same experimental protocols as the frontal experiment. Therefore, the following section will not further distinguish between frontal or lateral protocols. The control sets the end of the experiment when it detects that the pendulum has reached the maximum height and there has been a speed inversion or when it is motionless.
5.1 Protocol I: Impulsive disturbance protocol
The first protocol aims to assess the balancing performance of systems subjected to impacts. Impulsive loads are obtained by raising the pendulum at the desired height and successively letting it free to fall.
In the Charpy test, impacts are defined by the energy involved in the experiment (François and Pineau, 2002). Moreover, impacts can always be described by the value of forces or impulses exchanged between objects (Stronge, 2018). Hence, we decided to define impulsive tests based on the value of both impulse (I) and the initial energy (E). We discovered that these parameters could be treated as two independent values through analytical computations and experiments. To obtain the desired values during experiments, we tune the pendulum length (L), the initial position (θ), and pendulum inertia (M) (see Figure 3C). We related the pendulum parameters with potential energy and the impulse exerted on the system during an impact. Parameters of impulsive tests are defined by
[image: image]
Among them, α indicates the percentage of energy not lost due to friction and is computed experimentally by estimating the energy loss between initial height and impact height. τf represents the friction torque, which is assumed to be constant. δ expresses the linear density of the pendulum bar, and g is the gravity coefficient. These equations consider that the pendulum stops after the impact and that the impact occurs between rigid bodies, so there is a slight difference between theoretical and experimental values. The experimental procedure for the protocol I is reported in Table 3. It is worth noticing that H, L, and M change in response to the values of [E, I], whereas the others have a fixed value for each robot under test.
TABLE 3 | The table shows the procedures for the testing protocols. If the steps are different, we divided it for each protocol.
[image: Table 3]TABLE 4 | Datasheet resulting from the experiments on AlterEgo.
[image: Table 4]The medium execution time for each run is 2/3 s. The data collected during the experiments are used to compute the Performance Indicators described in Section 3. In particular, this protocol aims to find the IRand the AEI.
Defining the parameters that describe an impact requires a preliminary testing phase on a mock model. The mock model comprises an inverted pendulum structure and a small base to stabilize it. Following an impact, we let the system fall to reduce the residual noise on the force sensor.
As a preliminary couple of parameters, we selected the energy and the maximum exerted force ([E, Fmax]), assuming an impact lasted for a constant time. However, the assumptions resulted in being incorrect. Indeed, we experimentally observed that E influenced the impact duration (Figure 5D) and, consequently, Fmax (Figure 5C). Conversely, the experiments show no correlation between E and the impulse (I) applied to the robot. Figure 5A, B show the theoretical values of I and E computed using Eq. 5 and the one resulting from experiments. We appreciate how assumptions about shocks (rigid impulse and stationary pendulum after impacts) generate a plot in which I values are scaled by a medium scale factor of .59.
[image: Figure 5]FIGURE 5 | Experimental condition of the mock model tests. (A) Expected values of impulse and energy for the impacts on mock model, (B) real values of impulse and energy during test. (C) Forces resulting from the experiments. (D) Medium impulse time of the experiments depending on the test conditions.
Figure 5A highlights in black the physical constraints of the system. Points outside the demarcated area are not feasible due to the range of possible pendulum inertia.
Moreover, values below the straight line are not recommended because the friction action consumes most of the energy during the pendulum swing.
5.2 Protocols II & III: Sinusoidal protocols
The purpose of the second and third protocols is to assess the balancing performance of systems subjected to periodic perturbations. Repetitive perturbation are given with a controllable position amplitude (AD for displacements, AF for forces), frequency (f), and number of cycles (nC) in the form
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where Ac is the position in which the pendulum starts to contact the robot, and t is the time. AF is the force amplitude, and Fc is a small force to ensure that the robot will keep contact during the execution of the experiment. The first equation is related to protocol II, while the second one is to Protocol III. A position perturbation does not ensure that the contact lasts during all the experiment execution since we command the position of the pendulum to follow a specified path.
Table 3 reports the experimental procedure for protocol II & III. For Protocol II, the operator must stop the experiment if the robot falls. In contrast, for protocol III, if the robot falls, the framework will detect that contact with the robot is lost and consider the experiment finished. Experimental conditions ([AD, f] for protocol II, [AF, f] for protocol III) are gradually increased until the robot falls. The execution time heavily depends on the f at which the experiment is executed. The result of sinusoidal protocols is the ERof the system. Moreover, sinusoidal force protocol aims to define also the EEI, since the contact lasts along all the run execution. The main limitations are the maximum allowable frequency and amplitude during test execution. The maximum force and frequency depend on the characteristic of the actuation unit. The maximum displacement is a function of f (as it is related to the maximum allowable speed at the servomotor side) but also depends on the dimension of the robot. Indeed, since a displacement along the perpendicular direction corresponds to a height variation, the contact point should never exceed a safe height variation to avoid the system impacting sensitive parts of the robot, such as the head.
5.3 Protocol IV & V: Quasi-static protocols
The fourth and fifth protocols aim to assess the resilience of systems subjected to constant or quasi-static perturbations. We provide slow varying perturbation D(t) and F(t), with a dynamics of
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where Vd and Vf are the small velocity at which we execute the experiments. Tests are defined based on the value of Vd and Vf at which experiments are executed. However, the slopes of ramps provided are fixed to avoid testing the robot under non-quasi-static conditions.
Table 3 reports the experimental procedure for protocol IV & V. The falling detection algorithm is also applied in the case of quasi-static protocols. The falling detection algorithm explained in protocol III is also applied for protocols IV and V since the slow slopes ensure that contact is always present. Forth and fifth protocols are designed to measure the QSR. The major constraint is the maximum allowable displacement the system can do. The variation of height must be limited so that sensitive parts of the robot are kept safe. The possibility of studying the effects of different terrains on performance is left for future works.
6 APPLICATION EXAMPLE
To demonstrate the strength of our framework, we benchmark the performance of Alter-Ego, a robust and versatile mobile two-wheeled system with a functional anthropomorphic upper body (Lentini et al., 2019). The robot is equipped with an LQR optimal controller for lower body stability, while the upper body is controlled to stay in the rest position with a low level of stiffness. The robot is equipped with an integrated safety system (Zambella et al., 2020) that avoids breakages in case of falls. In the paper, we also report conditions at which the robot becomes unstable.
Tests are made on the frontal plane of the robot. Every test has the same contact point in the center of Alter-Ego chest, at the height of 80 cm from the ground. As stated in Section 5, experiments stop if the displacement of the pendulum exceeds the maximum allowable for the robot. The maximum permissible displacement of Alter-Ego was experimentally selected as 40 cm with a pendulum of 1 m length, corresponding to a height displacement of the contact point of around 8 cm. If necessary, the height displacement can be reduced using the 1.5 m pendulum bar.
Lateral experiments are not reported. The reason lies in the kinematics of AlterEgo that does not allow it to move laterally. No control can be applied in that direction. As a result, while performing Impulsive perturbations, the system acted rigidly until the impact was powerful enough to break the system. The robot resisted the external perturbation in the other protocols until the force was sufficient to lift the system. However, because we can easily calculate that force value analytically, we believed that a physical evaluation was unnecessary and would be detrimental to the robot integrity. Therefore, we decided to interrupt the lateral performance evaluation since continuously damaging the robot would have been too expensive.
We collect a number of 410 runs (41 different conditions) for protocol 1, 260 runs (26 different conditions) for protocol 2, 430 runs (43 different conditions) for protocol 3, and 10 runs each for protocols 4 and 5 for a total of 1120 experiments. A full testing procedure required around 4 days for frontal experiments. In all the figures related to performance indicators, we indicated with blue dots the conditions at which the robot does not fall, with green points conditions at which the robot falls beneath 30% of times, and with red dots conditions at which the robot falls with a statistical percentage above 30%. Table 4 reports the results of the experiment in the form of datasheet, as presented in Section 3.
In the attachment to the paper, we present a video showing examples of the execution of tests.
6.1 Protocol I: Impulsive protocol
Figure 6 displays the photo-sequences of two experiments performed on Alter-Ego. The first one shows the system resisting an impact (Figure 6A), while the second shows the system failing to balance itself (Figure 6B). Impacts on the systems result in a variation in the pitch of the robot. If the pitch variation is too fast or too extended, the system cannot balance itself, failing. Tests on Alter-Ego have been executed with the conditions shown in Figure 7A. Each set of conditions ([E, I]) corresponds to a specific value of [L, M, θi] for the experiment. To test the system, we performed the protocol described in Section 5.
[image: Figure 6]FIGURE 6 | Photosequence of impulsive tests for (A) robot withstanding the impact, and (B) robot falling due to the impulse.
[image: Figure 7]FIGURE 7 | (A) Set of desired conditions at which we perform the experiments on Alter-Ego. Each point represents a set of [E, I] related to 10 runs. (B) Standardization on the selection of the impulsive experiments.
Figure 8 shows an example of angular position and force measurement during an impulsive test. Blue data indicates the raw data coming directly from the DAQ system, while we highlighted the filtered data in orange.
[image: Figure 8]FIGURE 8 | Measurement of (A) angular position and (B) force sensor data for the impulsive experiments. (C) Chart of the IRfor the Humanoid robot Alter-Ego. (D) Forces resulting from the impulsive tests applied Alter-Ego. (E) Impulse Time of the experiments varying the initial conditions. (F) Chart of the AEIfor the Humanoid robot Alter-Ego.
Figures 7C, F shows the IRand the AEIof Alter-Ego, respectively. AEIshows the capability of the robot to return energy to the pendulum in case of impacts with low [E, I]. In unstabilizing impacts, however, the robots absorb most of the energy, which becomes kinetic energy and plastic deformation of the covers. Figure 7C shows that it is possible to describe a region of conditions at which the robot cannot absorb and withstand the shock, validating our theory. In this graph, each set of data collected have a medium standard deviation from the mean value shown of around .37Ns, and therefore possess a certain degree of repeatability. Figure 7D reports the relation between E and Fmax during impact. The graph shows an almost linear relation between those parameters, confirming the same results achieved with the mock model. Figure 7E shows the relation between impact conditions and impulse duration. This picture also confirmed the behavior exhibited by the mock model. Although it may seem obvious, this behavior is worth reporting. Indeed, the fact that Alter-Ego possesses more complex internal dynamics than the mock model does not change the considerations made about force and impulse time. Then, we can assume that this behavior holds for other robots, validating the choice of [E, I] as describing parameters for the experiment.
6.2 Protocol II: Sinusoidal displacement protocol
We began the experiments with the set of conditions [AD, f] = [4 cm, 0.1 Hz], gradually increasing them in ranges that goes from 4 cm to 17 cm within 7 steps for AD, and from 0.1 Hz to 0.6 Hz within 6 steps for f.
Figure 9 shows an example of measurements for sinusoidal displacement perturbations. Both position and force measurements required filtering noise and outliers. The reason behind the raw data drift lies in the absence of gravity compensation, which is adjusted during filtering. Figure 9C shows the ERrelated to displacement perturbations of the robots. The mean standard deviation that those data possess from their related medium value is 0.2 mm.
[image: Figure 9]FIGURE 9 | Measurement of (A) angular position and (B) force estimation for a sinusoidal displacement disturbance experiment. The used condition for the test are f = 0.1 Hz and AD = 4 cm. (C) Chart of the ERrelated to displacement perturbations for Alter-Ego.
ERdepicts the relationship between the system capability to resist recurrent disturbances to their oscillation frequency. Higher frequencies in the position perturbation domain correspond to faster movements of the systems. Rapid perturbations result in being more unstabilizing than large displacements.
Analysis of the measurements deriving from this protocol shows a high degree of repeatability on the experimental conditions. Moreover, the procedure defined in Section 5 resulted in being simple and straightforward.
6.3 Protocol III: Sinusoidal force protocol
We began the tests with the set of conditions [AF, f] = [2N, 0.1Hz], gradually increasing them with steps of 1N for AF, and with a span of f = [.1, .2, .3, .5, 1.0, 1.5, 2.0]. Experiments are performed with a nC = 5.
Figure 10 shows a set of measurements for sinusoidal force perturbation. During filtering of data, we took into account the effect of gravity on the torque measurements, and we compensated it to obtain the force exchanged between the structure and the robot.
Figure 10E shows the ERof Alter-Ego, while Figure 10C describes the EEI. For this set of data, the mean standard deviation is around 0.4N from their meadium value. The system is approximated to a second-order system (mass-spring-damper, see Section 3), and the equivalent coefficients are computed for each frequency.
[image: Figure 10]FIGURE 10 | Measurement of (A) angular position and (B) force estimation for the sinusoidal force disturbance experiments. The used condition for the test are f = 0.1Hz and AF = 3N. (C) EEIand (D) Equivalent damping ratio (ϵ) and natural frequency (ωn) related to sinusoidal force protocols. (E) Chart of the ERrelated to repetitive forces for Alter-Ego.
ERreveals a low-frequency force range which is more destabilizing for Alter-Ego. Its dynamics act as a low pass filter, better rejecting high-frequency perturbations. In case of repetitive displacement perturbations, the pendulum provides faster and stronger pushes at higher frequencies, resulting in the robot that eventually falls when the frequency exceeds a definite value. Conversely, in the case of repetitive force perturbations, pushes act more like vibrations than perturbations at increasing frequencies, resulting in the robot rejecting these disturbances better than at lower frequencies. EEIshows a system with almost constant inertia and elasticity while the damping lowers at higher frequencies. Being the impedance an extrinsic property, we also computed the damping ratio and the natural frequency, which are intrinsic properties instead (Figure 10D). Interestingly, a reduction in the damping ratio and natural frequency occurs in frequencies that are more destabilizing for the ER.
Experiments demonstrate the repeatability of testing conditions and point out how the force Fc (see Section 5.2) ensures the system maintains contact during the run duration. The protocol is straightforward, ensuring no training is necessary before performing these tests.
6.4 Protocol IV: Quasi-static displacement protocol
Tests are executed by providing a slow-varying ramp in the contact point position, with a slope of 1.5 cm/s. Experiments start after the pendulum contact algorithm and stop if the robot falls or exceeds the maximum allowable displacement. Figure 11 shows an example of the measurements for protocol IV. The force measurements also show the gravity rejection from raw to filtered data.
[image: Figure 11]FIGURE 11 | (A) angular position and (B) force estimation for the quasi-static displacement disturbance experiments, and (C) angular position and (D) force estimation for the quasi-static force disturbance experiments.
During the experiments, the robot did not show any unstable behavior, so it was not possible to define the QSR. Alter-Ego acts like an inverted pendulum mounted on a Segway. The system is regulated by an LQR controller, with high weights on the pitch dynamics and low authority on the position. This design choice is because we want the system not to fall, regardless of the position. This behavior reflects on the QSR, since the robot moves away from the desired position under the action of external frontal pushes, as the main task is to maintain stability.
6.5 Protocol V: Quasi-static force protocol
Tests are executed by providing a slow varying ramp of 1N/s. Experiments start right after the pendulum contact algorithm and stop if the contact is not preserved or the position exceeds the maximum allowable displacement.
Figure 11 shows examples of measurements for quasi-static force perturbation. As in the previous cases, we estimate the force through the torque sensor and correct the bias due to the pendulum weight. Oscillations of force are due to the friction created by sliding the pendulum tip on the robot covers. The robot did not show unstable behaviors, and, for this reason, it was not possible to define the QSR.
Regarding the discussion of the performance of Alter-Ego under quasi-static forces, the same considerations made on Section 6.4 hold.
7 DISCUSSION
We verified the efficacy of the benchmarking method by quantifying the balancing performance of Alter-Ego. Results reported in Section 6 are promising in assessing systems resilience for many reasons. The experimental campaign exhibits a high degree of repeatability. Indeed, it was possible to perform a large number of experiments under the same conditions. Moreover, the standard deviation of each data set from the mean value shown in the PIs graphs is adequate to have a certain degree of statistical validity. As a result, we tested and thoroughly characterized the robot within a few days. The benchmark allows for easily switching testbed conditions and control techniques during the experimental campaign. Efforts done by operators during the protocol selection and execution are minimal since the control routine and parameters can be chosen by software at the beginning of each test. Protocol I routine is the lone exception, requiring the operator to change the pendulum’s inertia to obtain the appropriate conditions. To facilitate the procedure, we designed the system so that adding and removing masses is a simple process. The first calibration of the structure parameters (see Section 4.1) to match the dimensions of robots under testing requires a relatively low effort. H is adjusted by moving the structure using an electrical crane, making it a simple procedure. L and M are modified by changing the pendulum bar and adding masses. Moreover, tuning parameters is a preliminary procedure, and it is required to be performed once for a testing campaign (twice if experiments are performed both on the frontal and lateral planes) since the contact point is the same for all protocols. Lastly, the performance evaluation relies solely on the sensors integrated into the framework. Therefore, all the results are consistent, allowing us to compare different systems with a meaningful metric.
To improve the efficiency of tests, we define a method for selecting the optimal experimental conditions for the first protocol, allowing us to identify the experiments a priori. We used a mock model and Alter-Ego to validate the concept behind the experiment conditions. The reason behind this choice is that at least two systems must be used to ensure that this definition is reliable for most of the robots that will be tested. Figure 7B shows an example of conditions under which we should test the robot. The testbench automatically generates the required experiments that the operators must execute, indicating the necessary mass, pendulum length, and starting position in a matrix. By using normalization factors, the matrix is constructed by scaling a given set of initial values [E, I] to the robot size. Protocols II and III, on the other hand, already have a straightforward procedure. The starting values of the amplitude are determined by the robot dimensions, especially for force ranges.
The perturbations considered in this work do not describe the totality of disturbances that can be applied to a self-stabilizing robot but the ones that are the most common to the best of our knowledge. In future works, we are planning to define more testing protocols to account for more perturbations. Some examples can be found in sudden forces and displacements that last over time, occurring when a robot impacts heavy external objects, or pseudo-random force signals, possible while interacting with external operators.
8 CONCLUSION
In our work, we investigated the stability characterization of robotic systems subjected to external perturbations. We propose a benchmarking method for testing systems of different sizes with reliable and repeatable experiment conditions. To characterize robots performance quantitatively, we provide a set of protocols and performance indicators. The aim is to allow comparisons between different mechatronics solutions or the same system with distinct controllers. Finally, we propose a datasheet to summarize the balancing performance of robots resulting from experiments in our framework. We used the framework to characterize Alter-Ego, a two-wheeled robust humanoid robot, to evaluate the effectiveness of our benchmarking method. In this regard, we ran a campaign with 1120 tests. Quantitative evaluation of robot performance will promote the improvement of robots and push forward the standardization and regulation of these technologies.
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Success rate [%] Avg. Task time [s] Success rate [%] Avg. Task time [s]
Unbolting (4x) 95 188 £23 85 124513
Nut/bolt removal (8x) 63 713489 50 41063
Cover removal 100 10115 100 706
Sorting modules (2x) 90 17919 60 77+5
Cutting 60 12226 80 9518
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Step #

Disassembly task

i Top case Remove service plug retainer
2 Remove upper case bolts and it top case At

3 Battery controller Remove mounting bolts S-At
4 Disconnect harness connectors and remove battery controller M

5 Junction box and harnesses Disconnect interlock circuit harness and heater harness connectors M

6 Remove mounting nuts and front stack connecting bus-bar S-At
7 Remove battery member pipe S-At
8 Remove junction box cover M

9 Remove central bus bar bolts and remove central bus bar S-At
10 Remove current sensor bus bar mounting bolt S-At
1 Remove switch bracket mounting bolts s-At
12 Invert switch bracket, disconnect harnesses and remove switch bracket M
13 Remove high voltage (HV) harness bolts and remove HV harnesses S-At
14 Disconnect voltage and temperature sensor harnesses

15 Remove junction box mounting nuts and junction box

16 Heaters Disconnect harness connectors from heater and heater relay unit M
17 Remove heater and heater relay mounting nuts S-At
18 Remove heater controller unit and heaters M
19 Front module stack(s) Remove stack mounting nuts At
20 Extract module stack At
21 Remove bus bar cover M
2 Remove bus bar terminal mounting bolts and mounting screws S-AU
2 Remove end plate bolts At
24 Remove end plate S-At
25 Electrical test and sort modules S-At
26 Module Separate module cover S-At
27 Glue separation A
28 Separate cell tabs from terminal assembly S-At
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Control error X position Y Position
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State error Rate error Cost
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&t +5 (with and without switching) and open-loop opiimal control are visually indistinguishale from one another in the graphic depiction.
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Method State error Rate error

Classical p +V 0024582 0.12803
LQR Optimal PD 0.26241 031372
Time-optimal control 056622 0.76159
Open loop optimal® 03606 -0.63176
Real-time optimal (RTOC) 19654 x 105 0041323
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Cost

26.6076
75.8051
0.5
6
11.2002
6

Runtime
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3.4593
3.4437
35315
3.4579
3.5097

“Real-time optimal control Uy, = &t + b (with and without switching) and open-loop optimal control are visually indistinguishable from one another in the graphic depiction. Notice the
control design did not account for nonlinear transport theorem With Unninesr = " x Ja", the resulting open-loop optimal costs were unchanged, but the state and rate errors increased

substantially ciue o the noniinear plant not being included in control design. Migure 8 displays the results of including nonfnsar contrdl deSioN Urorme

x "
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Real-time optimal (RTOC)” -9.1882x 10© 0019288 7.7942 36725
Switched RTOG® 30287 x 1072 -1.0002 x 10712 7.0286 3.5765

“Unlike the results of Figure 4 where only linear, time-varying control designs Ui = at + b were used, in Figure 5 noniinear designs for real-time optimal control Uy = at + b + @ x Ja"
(with and without switching) were used. Notice the open-loop optimal control is visually indistinguishable from noniinear, time-varying control designs in the graphic depiction.
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"Real-time optimal control U, = at + b +@" x Ja" (with and without switching) and open-loop optimal control are visually indistinguishable from one another in the graphic depiction.
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Such tables are distrbuled throughout the manuscriot to increase the ease of reading, whils a combined master table of definiione is includad in the Supplementary Appendix
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"Real-time optimal control U, = at + b + @ x Ja* (with and without switching) and open-loop optimal control are visually indistinguishable from one another in the graphic depiction.
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cteristic Descriptio

Objective Maximize area coverage and importance
(patrolling)
State Representation Environment states as grid cells,

importance information
Action Space Movement actions and sensing actions

Reward Function Rewards for total coverage, visiting new
areas, patrolling importance

Observation Environmental sensing target

Challenges Sparse rewards, large spaces and
inhomogeneous patrolling

Citations Pham etal. (2018); Faryadi and
Mohammadpour Velni. (2021);
‘Theile et al. (2020); Luis et al. (2020);
Lu et al. (2022); Kouzehgar et al. (2020);
Luis etal. (2021); Ai et al. (2021)
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MDP

State

Action

Observation
p-4

Transition Function
T:SxAxS

Reward Function
R:SxA

Discount Factor
14

Reinforce learni

Represents the environments true
information which cannot be directly
observed by the agent

Actions are taken by the agent to
influence the environment based on the
current belief state B,(st)

Observations in RL provide partial
information about the hidden state

“This s an internal model of the
environment describing the probability
of how the environmental states evolve
from the current state to the next state

under the influence of a specific action
a

A single scalar feedback value that
determines how effective a given action
was at the current time step. Itis a
high-level description of the agent’s
desired outcomes

A scalar factor that determines how
‘much weight the agent s giving to the
future long-term rewards compared to
the immediate reward

Active sensing

Represents the underlying
characteristic of the environment or
phenomena that the agent is observing

Actions are the agent’s decisions on
where to sample and collect data.
Actions are typically selected to
‘maximize information gained and/or
reduce uncertainty in the belief state
By(st)

Observations represent the data or
measurements collected by the sensors

A model of the environment describing
how if' characteristics change when
agents take a specific action a,.
‘Typically models the dynamics of what
is being sensed

“The value of information gain.
Assigned based on how well the latest
sensing action reduces uncertainty in
the belief state

A factor that balances between
exploration of new unobserved regions
and exploitation of data in the
previously sensed regions with high
level of information

Summary

Both maintain a beleif state 5,(st). RL
focuses on representing unobservable

true state, while active sensing aims to
understand observed characteristics to
reduce uncertainty

RLactions influence environment
directly, while active sensing actions
aim to maximize information gain
through data collection

Typically directly comparable used to
infer the underlying state S

In RL, transition function models state
in active sensing, it models
environmental characteristics change

evolutior

RL reward is more literal, it is intrinsic
to learning and can incorporate the
active sensing reward

RL balances future rewards against
immediate, active sensing balances
exploration against exploitation of
existing information
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cteristic Descriptio

Objective Discover unknown environment

State Representation Environmental features, grid cells or
frontiers

Action Space Movement actions, sensing actions

Reward Function Rewards for successful exploration,
penalty for revisiting areas

Observation Sensor data for map building or data
collection

Challenges Balancing exploration and exploitation,
stopping conditions

Citations Niroui etal. (2019); Hu et al. (2020); Chen
etal. (Chen etal,, 2020a; Chen et al,,
2020b); Maciel-Pearson et al. (2019)
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racteristic Description

Objective Find safe, efficient paths and avoid
collisions

State Representation Environment states, possibly occupancy
grid

Action Space Movement actions or possible trajectories,
sensing actions

Reward Function Penalty for collisions, rewards for

avoidance and goal reaching

Observation Sensor data for obstacle detection (e.g.,
vision or LIiDAR)
Challenges High-dimensional states, real-time

constraints and dynamic obstacles

Citations Larsen et al. (2021); Popovic et al. (2020);
Riickin et al. (2022); Chen et al. (2017);
Yanes Luis et al. (2022); Choi etal. (2021);
Woo and Kim. (2020)
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ke/River Sub-terranea

GPS Good Medium | Good None None None Good Bad

Scale Large Large ‘ Predefined » Large ‘ Medium Small Large Large
Pre-defined Area No Maybe ‘ Yes . No . Maybe Yes Yes No

Weather Sensitivity | High Medium | Medium Medium Low None High Medium
Robot-Type UAV,AGV | UAV ‘ VAV, ASV, AUV » AUV . UAV, AGV UAV,AGV | UAV,AGV | UAV,AGV
Commu-nication | Good Good Good Bad Bad Good Good Medium
Obstacles Few Lots Few Few Medium Lots Medium Lots

Light Variable Variable | Variable Dark Dark Light Variable Varible (Darker)
Charging Potential | Medium Good Good Medium Bad Bad Good Bad
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Character
Objective

State Representation

Action Space

Reward Function

Observation

Challenges

Citations

scription

‘Track boundaries of phenomenon

Environmental features, object
boundaries

Movement actions, sensing actions

Rewards for accurate boundary tracking,
penalties for errors

Sensor data for measuring phenomenon
(e.g., vision sensor or
intensity/concentration measurements)

Noisy or ambiguous boundaries, initial
search phase

Julian and Kochenderfer, (2019);
Viseras et al. (2021)
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Characteristic Description

Objective Locate the source of phenomenon
State Representation Environmental features, source model grid
cells
Action Space Movement actions, sensing actions

Reward Function Rewards for locating source
Observation Intensity/Concentration values of

environmental target

Challenges Noisy and sparse information, dynamic
sources, initial search phase

Citations Duisterhof et al. (2021); Li et al. (2023);
Viseras and Garcia. (2019)
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cteristic Descriptio

Objective Locate and assist or recover targets

State Representation Environmental features, grid cells, target
locations

Action Space Movement actions, alarm/communicate,
sensing actions

Reward Function Rewards for finding targets, exploration,

safe navigation

Observation Sensor data for navigation or target
detection (e.g., vision or LIDAR)

Challenges Handling dynamic environments, long
horizons, target detection
Citations Zuluaga et al. (2018);

Sampedro Pérez et al. (2019); Peake et al.
(2020); Kulkarni et al. (2020); Ai et al.
(2021)
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Robotic System Name

(Humanoid/Legged System/Exoskeleton)

Actuation (rigid/via/vsa/sea)
Robot Parameters
Mass VALUE
Base Depth VALUE
Base Width VALUE
CoM Height VALUE
Robot Height VALUE
Impact Position (CoM/Distal) Orientation (Frontal/Lateral)
Controller (LQR, Whole-Body) with Reference

Normalization Factors

IR

Energy []

Stable

Frontal VALUE
e VALUE
Energy Frontal VALUE
Lateral VALUE
- Frontal VALUE
Displacement Tateral | VALUE |
QSR
Displacement VALUE
Force VALUE
AEI
IAE %)
Stable J\
e Impulse [Ns]

Energy ]

ER-Force

Frequency [Hz]

Imoulse Ns]

ER- Displacement

Displacement [m]

Stable

Frequency [Hz]

— Damping
— Elastiaty
inertia

Frequency [Hz]
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Iter-Ego

(Two-Wheeled Humanoid Robot)

VSA
Mass 26.0 kg
Base Depth 0.26 m
Base Width 0.57 m
CoM Height 0.41 m
Robot Height 1.0 m
CoM Frontal
LQR - control (Lentini et al. (2019))
Normalization Factors IR
Fores Frontal 091
Lateral 1135) = S
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Protocols procedure

Protocol | Protocol Il & Il Protocol IV &V

Setup H, L, and M Setup Hand L
Place the agent at the desired experiment position
Activate the protocol

Pendulum raises at Pendulum reaches contact point with the robot
desired position

Pendulum performs the desired perturbation

When experiment finishes, data acquisition stops and the pendulum moves to a resting position

Operator reports if the robot is fallen, so that data can be saved
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Tuning parameters

Pendulum bar length
Pendulum axis height
Additional masses

pendulum position

Friction Experimental Estimation

Steps
0.5m
Tem
0+ 15kg 0.5kg
~90°+0° 5

Pendulum length

05m 10m | l4m
Friction torque (7;) 23Nm
Impulsive tests (Protocol 1)
Maximum force 1200N

sinusoidal tests (Protocol 2/3)

Maximum force 700N 350N 250Nm
Maximum torque 350Nm
Maximum angular speed 100rpm
Maximum oscillation frequency 7Hz 5Hz 3Hz

quasi-static tests (Protocol 4/5) ‘

Maximum force 700N 350N | 250Nm
Maximum torque 350Nm
Maximum angular speed 100rpm
sensors resolutions. ‘
torque sensor force resolution IN 05N | 04N
force sensor resolution 08N
angular encoder resolution 09°
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| Scenario  s=1,d=0 s=10,d=5 s=100,d=50

RMSE 9.7001x 107 32284x107°
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Step 0: Initialization: Sample initial particles, that is, {x)} , using a known initial distributions of states (p (x,)), where x, ~ p (x,)

Atthe time instant k

Step 1: Prior estimate: Generate the prior state particles {x{}"'| using the system model, that is, xi” ~ p(x;|xi" ), for i = 1:N

In other words for the attitude system of (4) and 5: x| = 1" + TAI" @,,(K) - @], where x| is the prior estimate at the time sample k and x{", is the re-sampled posterior
estimate at the time sample k~ 1 and Af", = 4,_,|,¢. and @, is the particle generated using a known pdf of @,_, which is zero mean generally non-Gaussian noise with the
covariance of Q, = TA}" R (A} )"

Step 2: Posterior estimate: Compute {x