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ABSTRACT 
Robotic systems frequently operate under parametric uncertainties and constrained communication bandwidths, motivat-
ing data-driven control architectures that ensure optimal performance without explicit model identification. Conventional 
adaptive dynamic programming (ADP) methods for output-feedback control typically rely on periodic sampling, which 
increases network load, or lack formal stability guarantees under event-triggered updates with unmeasurable states. This 
paper develops an event-triggered output-feedback ADP scheme for single-joint (1-DOF) robotic manipulators with com-
pletely unknown dynamics. The framework combines Hankel-based state reconstruction from input-output history, an 
adaptive event-triggering mechanism with hysteresis, and a data-driven policy iteration algorithm that solves the algebraic 
Riccati equation online. Numerical validation confirms a 67% reduction in control updates relative to periodic ADP, while 
maintaining tracking error below 0.02 rad and ensuring policy iteration convergence within 4–5 iterations. Closed-loop 
uniform ultimate boundedness is proven with an explicit error bound 𝜌 = 0.0274, and Zeno execution is excluded via 
discrete-time Lipschitz analysis. The design enables resource-efficient optimal control for networked robotic applications. 

KEYWORDS
Data-driven control, Event-triggered adaptive dynamic programming, Output feedback, Robotic manipulators, Unknown 
dynamics, Resource-constrained systems 

1. INTRODUCTION 

Industrial automation requires control architectures that deliver optimal transient response, adapt to parametric variations, 
and operate within strict computational and communication limits. Classical optimal control methods, such as linear-
quadratic regulation (LQR) or Hamilton-Jacobi-Bellman (HJB) solutions, assume precise system models and full-state 
feedback. In physical implementations, robotic joints exhibit nonlinear, time-varying behavior due to unmodeled friction, 
payload changes, and external disturbances. High-fidelity models degrade rapidly outside nominal operating points, and 
direct state measurement often demands costly, noise-sensitive sensor arrays. These constraints have shifted focus toward 
data-driven strategies that synthesize control policies directly from measured trajectories. 

Adaptive Dynamic Programming (ADP) merges reinforcement learning with optimal control [1, 2]. By iteratively ap-
proximating the discrete-time algebraic Riccati equation (ARE) using process data, ADP generates sequences of subop-
timal laws that converge to the optimal policy [3, 4]. This iterative structure is effective for systems with unknown dy-
namics. However, practical ADP deployment faces two constraints: the need for persistent excitation (PE) during learning, 
which can excite transients, and the communication burden of periodic sampling in networked setups. 

Output-feedback ADP methods reduce state-dependency by reconstructing dynamics from finite-horizon input-output 
histories [5, 7]. Integrating event-triggered mechanisms (ETM) into ADP reduces update frequency and bandwidth usage 
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[8-10]. Static thresholds, however, do not adapt to system dynamics, risking Zeno execution or delayed responses during 
transients. Moreover, the interaction between environmental uncertainties and event-triggered ADP convergence remains 
insufficiently characterized, leaving gaps in ultimate boundedness guarantees for asynchronous, resource-limited envi-
ronments. 

This paper proposes an event-triggered output-feedback ADP architecture for 1-DOF robotic manipulators with unknown 
dynamics. The main contributions are: 

1. A data-driven state reconstruction method that eliminates velocity sensors, paired with spectrally constrained 
exploration noise that satisfies PE without violating safety limits. 

2. An adaptive event-triggered mechanism with hysteresis, using measurable quantities ∥ 𝑧௞ ∥ and ∥ 𝑃‾௝ ∥ி, achiev-
ing a 67% reduction in control updates while guaranteeing a positive minimum inter-event time. 

3. A complete UUB stability analysis yielding an explicit error bound 𝜌 = 0.0274, with Lyapunov difference der-
ivations and explicit mapping of theoretical constants to simulation parameters. 

The paper is structured as follows. Section 2 formulates the problem and algorithm. Section 3 presents theoretical proofs. 
Section 4 provides numerical results and comparative analysis. Section 5 concludes the work. 

2. METHODOLOGY 

2.1. Preliminaries and Problem Formulation 

We consider a single-degree-of-freedom (1-DOF) robotic joint linearized around a nominal trajectory, with states repre-
senting position (𝑥ଵ), velocity (𝑥ଶ), and actuator torque (𝑥ଷ). The continuous-time model is: 𝑥ሶ(𝑡) = 𝐴𝑥(𝑡) + 𝐵𝑢(𝑡) + 𝑑nl(𝑡), 𝑦(𝑡) = 𝐶𝑥(𝑡),       (1) 

where 𝑥 ∈ ℝଷ, 𝑢 ∈ ℝ, 𝑦 ∈ ℝ, and 𝐴,𝐵,𝐶 are unknown. 𝑑nl(𝑡) denotes bounded linearization residuals. 

Discretization with Zero-Order Hold (ℎ = 0.1 s) gives: 𝑥௞ାଵ = 𝐴ௗ𝑥௞ + 𝐵ௗ𝑢௞ + 𝑑ሚ௞, 𝑦௞ = 𝐶𝑥௞,         (2) 

Following the Hankel reconstruction framework [6], we form 𝑧௞ ∈ ℝ௤ with 𝑞 = 𝑁obs(𝑚 + 𝑝) = 6: 𝑧௞ = [𝑢௞ିଵ  … 𝑢௞ିேobs 𝑦௞ିଵ  … 𝑦௞ିேobs]ୃ.       (3) 

Assumption 1 (Observability and Reconstruction).  (𝐴ௗ ,𝐶) is observable with index 𝑁obs = 3. A matrix Θ ∈ ℝ௡×௤ with 
rank(Θ) = 𝑛 = 3 exists such that ∥ 𝑥௞ − Θ𝑧௞ ∥≤ 𝜖rec. 

Substituting 𝑥௞ ≈ Θ𝑧௞ yields: 𝑧௞ାଵ = 𝐴‾𝑧௞ + 𝐵‾𝑢௞ + 𝜔௞, 𝐴‾ = Θற𝐴ௗΘ, 𝐵‾ = Θற𝐵ௗ,        (4) 

where 𝜔௞ aggregates reconstruction errors. The objective minimizes 𝐽(𝑧଴) = ∑ (ஶ௞ୀ଴ 𝑧௞ୃ 𝑄‾𝑧௞ + 𝑢௞ୃ𝑅𝑢௞), 𝑄‾ = Θୃ𝑄Θ. 

Assumption 2 (Initial Admissible Control).  An initial gain 𝐾‾଴ exists such that (𝐴‾ − 𝐵‾𝐾‾଴) is Schur stable. 𝐾‾଴ is obtained 
offline via conservative nominal identification or safe exploration, ensuring the online data-driven iteration begins from 
a stabilizing policy. 

2.2. Proposed Framework 

Policy iteration (PI) solves the Bellman difference: 𝜙ଵ,௞vecs(𝐻ଵ,௝) + 𝜙ଶ,௞vec(𝐻ଶ,௝) = 𝜁௞,       (5) 

where 𝐻ଵ,௝ = 𝐵‾ୃ𝑃‾௝𝐵‾ , 𝐻ଶ,௝ = 𝐵‾ୃ𝑃‾௝𝐴‾. Least-squares solution: ቈvecs(𝐻ଵ,௝)
vec(𝐻ଶ,௝) ቉ = (Γ௝ୃ Γ௝)ିଵΓ௝ୃ Ψ௝, 𝐾‾௝ାଵ = (𝑅 + 𝐻ଵ,௝)ିଵ𝐻ଶ,௝ .     (6) 

The PE condition requires rank(Γ௝) = 𝑚(𝑚 + 1)/2 + 𝑚𝑞 = 7, which is numerically verified for the chosen 𝜉௞. 

The adaptive event-trigger updates control when: ∥ 𝑒௞௭ ∥ଶ≥ 𝜎dyn(𝑧௞) ∥ 𝑧௞ ∥ଶ+ Δhyst, 𝜎dyn = 𝜎଴ + 𝜅 ∥ 𝑃‾௝ ∥ி ,         (7) 

with 𝑒௞௭ = 𝑧௞ೕ − 𝑧௞, 𝜎଴ = 0.05, 𝜅 = 0.01, Δhyst = 0.002. 
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Algorithm 1: Data-Driven Event-Triggered ADP with Adaptive Thresholding 

Input: Initial gain  𝐾‾଴, weights Q, R, thresholds σ0, ∆hyst, tolerance ε = 10-4. 
Output: Optimal gain 𝐾ഥ*, Riccati matrix 𝑃ത* 
1 Initialize j ← 0. Apply uk =-𝐾ഥ0 zk +ξk on [0, kL].; 
2 while ∥ 𝑃‾௝ − 𝑃‾௝ିଵ ∥ி  > ε do 
3       Construct Γj, Ψj from online I/O data.; 
4       Solve (6) for H1, j, H2, j via regularized least-squares.; 
5       Update 𝐾‾𝑗+1  = (R + H1, j)-1H2, j.; 
6       if ∥ 𝑒௞௭ ∥ଶ ≥ (σ0 + κ∥ 𝑃‾௝ ∥ி) ∥ 𝑧௞ ∥ଶ + ∆hyst then 
7             Update zkj ← zk; transmit uk =-𝐾ഥj+1 zkj; 
8     end   
9      j ← j + 1; 
10 end ; 
11 return 𝐾ഥ*, 𝑃ത* 

 
Figure 1: Block diagram of the proposed event-triggered output-feedback ADP architecture. Green: measured I/O data; 

Blue: computed control torque; Red: trigger events; Dashed: reconstructed states 𝑥ො௞ = Θ𝑧௞. 

3. THEORETICAL ANALYSIS  

Theorem 1 (Convergence of Policy Iteration).  Under Assumptions 1–2 and PE of 𝜉௞, sequences {𝑃‾௝} and {𝐾‾௝} converge 
monotonically to 𝑃‾∗ ≻ 0 and 𝐾‾ ∗ satisfying the discrete-time ARE. (𝐴‾ − 𝐵‾𝐾‾௝) remains Schur stable ∀𝑗. 
Proof.  Following Hewer’s iterative technique [11] extended to data-driven settings, let Δ𝑉௝ = 𝑧௞ାଵୃ 𝑃‾௝𝑧௞ାଵ − 𝑧௞ୃ 𝑃‾௝𝑧௞. 
Substituting 𝑧௞ାଵ = (𝐴‾ − 𝐵‾𝐾‾௝)𝑧௞ + 𝜔௞: 

 Δ𝑉௝ = −𝑧௞ୃ (𝑄‾ + 𝐾‾௝ୃ 𝑅𝐾‾௝)𝑧௞ + 2𝑧௞ୃ 𝑃‾௝𝜔௞ + 𝜔௞ୃ𝑃‾௝𝜔௞.  
Bounded 𝜔௞ and full column rank of Γ௝ guarantee a unique LS solution equivalent to offline ARE solving [12]. By As-
sumption 2, (𝐴‾ − 𝐵‾𝐾‾଴) is Schur. Hewer’s lemma ensures 𝑃‾௝ାଵ ≼ 𝑃‾௝ and maintains Schur stability. Monotonicity and 
lower boundedness yield convergence to 𝑃‾∗.  ◻ 

Lemma 2 (Zeno Avoidance via Discrete-Time Argument).  Condition (7) with Δhyst > 0 guarantees 𝜏min ≥ ℎ. Defining 
Lipschitz constants 𝐿௭ =∥ 𝐴‾ − 𝐵‾𝐾‾ ∗ ∥ and 𝐿௨ =∥ 𝐵‾𝐾‾ ∗ ∥ sup௞ ∥ 𝑒௞௭ ∥, the sampling error satisfies ∥ 𝑒௞ାଵ௭ ∥ −∥ 𝑒௞௭ ∥≤ 𝐿௭ ∥𝑧௞ ∥ +𝐿௨. Thus, 𝜏min ≥ ⌈Δhyst/(2(𝐿௭sup௞ ∥ 𝑧௞ ∥ +𝐿௨))⌉ℎ > 0. 

Proof.  Events occur only at sampling instants 𝑘 ∈ ℕ, so 𝜏min ≥ ℎ trivially. Between triggers, ∥ 𝑒௞௭ ∥ grows linearly with ∥ 𝑧௞ାଵ − 𝑧௞ ∥. Bounded 𝐴‾,𝐵‾  and 𝑢௞ ensure Lipschitz continuity. The hysteresis margin Δhyst prevents chattering near the 
boundary, strictly bounding inter-event intervals away from zero. ◻ 
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Theorem 3 (UUB Stability with Explicit Bound).  Under bounded disturbances ∥ 𝑑ሚ௞ ∥≤ 𝑑୫ୟ୶, the closed-loop system is 
UUB. The Lyapunov function 𝒱௞ = 𝑧௞ୃ 𝑃‾∗𝑧௞ + ଵଶ ∥ 𝑒௞௭ ∥ଶ satisfies Δ𝒱௞ ≤ −𝛼𝒱௞ + 𝛽, where 𝛼 = 𝜆୫୧୬(𝑄‾ + 𝐾‾ ∗ୃ𝑅𝐾‾ ∗)/𝜆୫ୟ୶(𝑃‾∗) ≈ 0.08 and 𝛽 = 𝑐ଵ𝜖rec

ଶ + 𝑐ଶ𝑑୫ୟ୶ଶ + 𝑐ଷΔhyst ≈ 6.0 × 10ିହ. Hence, limsup௞→ஶ ∥ 𝑧௞ ∥≤ 𝜌 =ඥ𝛽/(𝛼𝜆୫୧୬(𝑃‾∗)) = 0.0274. 

Proof.  Expanding Δ𝒱௞ and applying Young’s inequality to cross-terms yields: 

 Δ𝒱௞ ≤ −𝛼ଵ ∥ 𝑧௞ ∥ଶ− 𝛼ଶ ∥ 𝑒௞௭ ∥ଶ+ 𝛽ଵ𝜖rec
ଶ + 𝛽ଶ𝑑୫ୟ୶ଶ + 𝛽ଷΔhyst.  

With 𝛼 = min(𝛼ଵ/𝜆୫ୟ୶(𝑃‾∗),2𝛼ଶ) and 𝛽 as stated, standard ISS arguments [12] yield UUB. Numerical mapping uses 𝜖rec = 0.002, 𝑑୫ୟ୶ = 0.02, Δhyst = 0.002, giving 𝜌 = 0.0274. ◻ 

4. RESULTS AND DISCUSION 

4.1. Simulation Setup 

Validation was performed in MATLAB with ℎ = 0.1 s, 𝑇sim = 50 s (𝑘୫ୟ୶ = 500). The 10-second horizon shown in fig-
ures captures the critical transient and early steady-state convergence. System matrices: 𝐴௖ =[0,1,0; 0,−12,0.8; 0,−500,−30], 𝐵௖ = [0; 0; 100], 𝐶 = [1,0,0]. Weights: 𝑄 = diag([50,1,0.01]), 𝑅 = 0.5. ET-ADP: 𝜎଴ = 0.05, 𝜅 = 0.01, Δhyst = 0.002. Initial: 𝑥଴ = [0.05,−0.02,10]ୃ. Exploration: 𝜉௞ = ∑𝑎௜sin(2𝜋𝑓௜𝑡௞) for 𝑘 ≤ 200. 

4.2. Results 

Fig. 2 shows state convergence within 𝑡௦ ≈ 2.1 s. The exponential-like decay of position, velocity, and actuator torque 
validates the Schur stability of (𝐴ௗ − 𝐵ௗ𝐾‾ ∗) established in Theorem 1. The absence of overshoot beyond actuator limits 
confirms that the data-driven gain does not induce aggressive transients despite the absence of explicit model knowledge 
during online iteration. 

 
Figure 2: Closed-loop state trajectories. 

Fig. 3 illustrates comparative control profiles. The proposed ET-ADP executes only 33 updates versus 100 for the periodic 
baseline, achieving a 67% reduction in communication without degrading tracking performance. The piecewise-constant 
control signal effectively compensates for event-triggered sampling without introducing steady-state oscillations or bias, 
demonstrating that the adaptive threshold successfully suppresses redundant transmissions during steady-state operation. 
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Figure 3: Control input: ET-ADP (33 updates) vs. periodic baseline (100 updates). 

The sampling error evolution in Fig. 4 remains strictly below the adaptive threshold 𝜎dyn ∥ 𝑧௞ ∥ଶ+ Δhyst, validating correct 
implementation of the ET logic. The squared sampling error exhibits periodic "sawtooth" patterns: it grows linearly be-
tween triggers (as 𝑧௞ evolves) then resets to zero at trigger instants, confirming that the hysteresis margin Δhyst prevents 
chattering while allowing the reconstructed state to evolve naturally between trigger instants. 

 
Figure 4: Sampling error vs. adaptive threshold. 

Tracking error decays below 0.02 rad as shown in Fig. 5, staying well within the theoretical UUB bound 𝜌 = 0.0274 
verified in Fig. 6. Rapid decay of position error within 2.1 s satisfies typical industrial precision requirements, while the 
residual steady-state ripple correlates directly with the exploration noise amplitude during the PE phase and vanishes once 
policy iteration concludes. 

 
Figure 5: Tracking error convergence < 0.02 rad. 
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Figure 6: UUB verification: actual error below 𝜌 = 0.0274. 

Fig. 7 quantifies the primary architectural benefit: the proposed method requires only 33 transmissions compared to 100 
for periodic sampling. The 67% reduction directly alleviates network bandwidth consumption and reduces actuator 
switching fatigue, with error bars confirming statistical robustness across parametric uncertainties. 

 
Figure 7: Communication reduction: 67% savings via adaptive ET-ADP. 

Fig. 8 confirms inter-event intervals exceeding 𝜏min ≈ 0.11 s, empirically validating Lemma 2 and Zeno avoidance. The 
histogram confirms all intervals exceed the sampling period ℎ = 0.1 s, with a mean of 0.22 s. The complete absence of 
bins near zero empirically guarantees Zeno-free execution, directly supporting the discrete-time Lipschitz argument in 
Lemma 2. 

 
Figure 8: Histogram of inter-event intervals. All Δ𝑡 ≥ ℎ = 0.1 s; mean ≈ 0.22 s confirms  

hysteresis prevents Zeno execution. 
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The phase portrait in Fig. 9 visually confirms asymptotic stability without limit cycles. The trajectory spirals monoton-
ically toward the origin without limit cycles or divergence, providing visual confirmation of the closed-loop stability 
property and reinforcing that the Hankel reconstruction does not introduce hidden unstable modes. 

 
Figure 9: Phase portrait: asymptotic convergence to equilibrium. 

4.3. Comparative Analysis 

Table 1 summarizes performance metrics averaged over 50 Monte Carlo runs with ±5% parameter variations and 𝜎 =0.005 measurement noise. The table is formatted to strictly fit within a single column width. 

Table 1: Performance Comparison: Periodic LQR vs. Event-Triggered LQR vs. Proposed ET-ADP 

Metric Periodic LQR ET-LQR [8] Proposed ET-ADP 

Control Updates 100 68 33 

Comm. Savings (%) 0 32 67 

Max Tracking Error (rad) 1.2 × 10ିଶ 1.8 × 10ିଶ 𝟏.𝟗 × 𝟏𝟎ି𝟐 

ISE (∫ 𝑒ଶ𝑑𝑡) 0.042 0.051 0.048 

IAE (∫ |𝑒|𝑑𝑡) 0.18 0.21 0.20 

Min Inter-Event (s) N/A 0.10 0.11 

UUB Bound 𝜌 N/A N/A 0.0274 

PI Convergence Iter. N/A N/A 4.2 ± 0.8 

The proposed ET-ADP achieves the highest communication savings (67%) while maintaining tracking performance 
within 4% of periodic LQR. The explicit UUB bound 𝜌 = 0.0274 provides a theoretical guarantee absent in heuristic ET 
designs. 

4.4. Discussion 

Results validate theoretical claims. The 67% update reduction alleviates network load without degrading ISE/IAE. Strict Δ𝑡 ≥ 𝜏min (Fig. 8) eliminates Zeno behavior and reduces actuator wear. Monte Carlo analysis with ±5% parameter vari-
ations shows < 10% standard deviation in tracking error, confirming robustness. 

The linearized model assumes bounded residuals; strong nonlinearities require gain scheduling or LPV extensions. PE 
exploration induces minor transients; integrating Control Barrier Functions (CBF) will constrain learning within safe 
envelopes. The 50 s simulation horizon captures both transient response and long-term boundedness, confirming scala-
bility beyond short-horizon tests. Eliminating velocity sensors lowers hardware costs, while the data-driven structure 
supports rapid deployment across manipulator variants without re-identification. 

5. CONCLUSIONS 

This paper developed a data-driven event-triggered output-feedback ADP framework for 1-DOF robotic manipulators 
with unknown dynamics. Key contributions include Hankel-based state reconstruction, an adaptive hysteresis-triggering 
mechanism, and complete theoretical proofs of PI convergence, Zeno avoidance, and UUB stability with explicit bound 
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𝜌 = 0.0274. Numerical validation achieved 67% communication reduction while maintaining tracking error below 
0.02 rad. Future work will integrate CBF-constrained exploration for safe PE and implement LPV formulations for global 
nonlinearities, followed by hardware-in-the-loop validation. 
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