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 Inexpensive Selective Compliance Assembly Robot Arm (SCARA) 
manipulators that rely solely on proportional feedback often experience 
consistent tracking problems across multiple motion cycles. This study 
presents a frequency-response-guided serial iterative learning control 
(ILC) that utilizes a finite impulse response (FIR) learning filter, along with 
a practical M-N tuning guideline to ensure spectral stability. The primary 
objective is to evaluate the effectiveness of FIR-based learning filters 
within an ILC architecture through extensive simulation research 
employing MATLAB and Simulink. A miniature SCARA, equipped with 
brushed DC motors and encoder feedback, was designed to provide 
discrete-time representations for each joint. All investigations were 
performed only in simulation, employing a continuous band-limited pick-
and-place trajectory replicated across multiple iterations to distinguish 
learning behavior from hardware latency and jitter. FIR learning matrices 
with dimensions 2×2, 4×4, 6×6, and 8×8 were assessed. The proportional 
feedback alone resulted in mean root-mean-square (RMS) position errors 
of 1.52°, 1.32°, 1.07°, and 1.61° for joints A, B, C, and Z. The application 
of ILC reduced the steady-state RMS error by more than 98% at the 6×6 
matrix, yielding values of 0.023°, 0.020°, 0.014°, and 0.016°, respectively. 
No learning transients were detected, and spectral analysis confirmed that 
the spectral radius and the maximum singular value remained below one 
for all identified models. Smaller filters showed reduced convergence rates, 
while larger filters offered negligible improvement. The proposed 
proportional-plus-iterative learning architecture achieved sub-degree 
tracking accuracy in a purely simulated, low-cost SCARA environment. 
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1. Introduction 
Robotic automation and mechatronic systems are essential for applications requiring great 

precision, efficiency, and safety in repetitive or hazardous activities [1]-[4]. The selective compliance 
assembly robot arm (SCARA) is extensively utilized in electronics assembly, pick-and-place 
operations, biomedical handling, and STEM education, owing to its small design, planar flexibility, 
and vertical rigidity [5], [6]. Attaining accurate SCARA motion depends on the seamless integration 
of mechanical design, control algorithms, and sensing devices. 

Cost-effective development toolchains, including MATLAB and Simulink for modeling, 
hardware-in-the-loop verification, and rapid prototyping, alongside inexpensive microcontrollers that 
produce PWM for brushed DC motors and capture encoder feedback, have diminished the entry 
barriers for academic laboratories and small enterprises to implement advanced control strategies [7]-
[13]. Previous research has demonstrated the educational and practical significance of these platforms 
in temperature control, illumination, parking assistance, conveyor systems, and motor-drive studies 
[14]-[18]. Numerous educational SCARA prototypes continue to function as proof-of-concept 
systems, lacking a definitive transition from simulation to experimentally validated, repeatable, high-
precision learning controllers [6]. Comparable deficiencies are noted in other economical platforms, 
such as balance robots [19]. 

A wide range of controllers has been investigated for SCARAs and analogous manipulators, 
including PID, fuzzy logic, and neural networks, as well as adaptive and robust techniques [5], [20]-
[27]. Benchmark studies on conveyors, inverted pendulums, balancing robots, and leg-wheel 
platforms demonstrate that higher-order or hybrid regulators enhance transient responses, but with 
increased design complexity and the necessity for expert tweaking [28]-[33]. In cost-sensitive devices, 
internal electronics are typically factory locked within proportional loops; intrusive alterations are 
neither desirable nor practicable for hobby-grade servos (e.g., MG996R), do-it-yourself SCARAs, and 
assistive wheelchairs [34]-[40]. External add-on controllers, commonly PID or fuzzy PID, are 
prevalent; however, they remain susceptible to human gain calibration and can deteriorate under 
varying operating conditions [41]-[47]. PID tuning based on optimization, utilizing particle swarm 
optimization, genetic algorithms, artificial bee colony, and similar metaheuristics, has diminished the 
necessity for manual trial and error in drives, processes, photovoltaic systems, and electric vehicles 
[48]-[58]. Hybrid paradigms that integrate fuzzy, neural, or fractional-order components enhance 
adaptability to nonlinear and unpredictable dynamics [27], [31], [33], [59]-[68]. Nevertheless, these 
methodologies typically assume access to internal loops or adaptable feedback topologies—
assumptions that fail in budget SCARAs with inaccessible circuits, considerable dead zones and 
friction, and restricted external sensing [34]-[40], [69], [70]. 

Iterative learning control (ILC) transfers the accuracy responsibility from intricate real-time input 
to cycle-by-cycle feedforward enhancement for tasks that replicate the same trajectory [71], [72]. 
Recent SCARA evaluations reference ILC infrequently [5], and the majority of SCARA-focused ILC 
research is confined to simulations or depends on heuristic learning principles instead of established 
criteria [73]-[75]. Concepts from the frequency domain, such as CRONE and fuzzy PID, offer 
stability-conscious tuning in dynamic systems, yet their use in informing frequency-response-based 
learning design for iterative learning control is infrequently recorded [76], [77]. The dual design ILC 
and expert system sign-gain adaptation illustrate the potential of ILC in manipulators [72]-[74]; 
however, a systematic method for selecting the learning filter length and learning horizon for finite-
impulse-response-based serial ILC, especially under low-cost hardware constraints, has not been 
adequately explored [78]-[81]. 

This research aims to assess the efficacy of finite-impulse-response (FIR) learning filters in an 
iterative learning control architecture. The investigation is conducted entirely in simulation to isolate 
learning behavior from real-time delay, sampling jitter, and hardware nonlinearities. A two-axis, cost-
effective SCARA prototype was designed and modeled from optical encoders, limit switches, brushed 
DC motors, and an open-source H-bridge, based on empirical motion data. The simulation study 
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highlights the viability and tuning behavior of FIR-based ILC, rather than its hardware 
implementation, while recognizing the lack of deterministic real-time control in budget-class 
embedded systems. The proposed frequency-response-guided approach utilizes identified discrete-
time dynamics to formulate the learning filter and presents a pragmatic guideline that correlates the 
learning horizon (𝑁) with the FIR filter length (𝑀) to maintain the spectral radius and maximum 
singular value of the lifted system below one, thereby ensuring monotonic convergence and stability. 
This framework delineates a transition strategy for future physical implementation, considering 
communication delay, sampling uncertainty, actuator saturation, encoder quantization, and model-
plant mismatch as critical design elements. This paper offers a replicable simulation framework for 
frequency-response-guided iterative learning control using FIR filters. The research contribution is 
threefold. First, it introduces a serial ILC formulation using an 𝑀 −𝑁 tuning rule that ensures spectral 
stability for cost-effective SCARAs. Second, it offers an examination of the trade-off between stability 
and convergence speed with respect to the FIR filter size. Third, it outlines a systematic simulation 
architecture that offers an initial roadmap for embedded implementation, addressing timing 
determinism and sensing constraints. 

2. Method 
This section delineates the comprehensive methodology for the design, development, and 

validation of a compact SCARA robotic arm and its control framework, advancing methodically from 
ideation to performance assessment. The technique amalgamates mechanical design, control system 
development, iterative learning methodologies, and simulation analysis into a unified workflow 
designed to attain high-precision motion using economical components. The primary objective is to 
evaluate FIR-based learning filters inside an ILC framework; therefore, all assessments and 
validations are performed exclusively in simulation utilizing MATLAB and Simulink to guarantee 
reproducibility and controlled analytical settings. No Simulink Real-Time, external mode, or 
hardware-in-the-loop was used, purposely avoiding USB latency/jitter and embedded timing 
nondeterminism to isolate learning behavior. 

The process of developing hardware starts with a 3D computer-aided design (CAD) model, which 
is then turned into a prototype that can move accurately in multiple directions. The system utilizes 
brushed DC motors equipped with encoders to assess angular position and displacement, while H-
bridge circuits provide bidirectional current regulation for speed and direction control. Limit switches 
are positioned at each joint to avert over-travel and guarantee mechanical safety. Control precision is 
attained by a proportional (P) controller augmented with iterative learning control (ILC), which 
improves tracking accuracy throughout successive cycles. Programming, simulation, and system 
verification are performed via MATLAB and Simulink, facilitating seamless integration of hardware 
and software components. This comprehensive method guarantees dependable functionality while 
also functioning as a multifaceted instructional platform for robotics training and investigation. In this 
study, the physical prototype is used only to inform modeling and parameter choices; all controller 
evaluations are conducted in simulation. 

The process comprises five interrelated steps, as seen in Fig. 1, providing a systematic 
progression from problem identification to validation. Phase 1 of the study concentrates on conceptual 
development and an evaluation of existing material. The analysis reveals the intrinsic limits of low-
cost SCARA manipulators that rely solely on proportional feedback. A thorough examination of 
classical and intelligent controllers, such as PID, fuzzy logic, adaptive, and optimization-based 
approaches, underscores the lack of systematic tuning for iterative learning control on cost-effective 
hardware. This drives the creation of a novel design informed by frequency-response attributes. 

Phase 2 encompasses system development and modeling. A tiny two-axis SCARA, with DC 
motors, encoders, and H-bridge drivers, is designed using CATIA. Experimental motion data are 
gathered and utilized to construct discrete-time transfer functions and frequency-domain models in 
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MATLAB and Simulink. All control loops function with a constant sampling interval of 0.01 seconds 
to ensure uniformity in analysis. 

Phase 3 encompasses controller design and frequency-response-oriented learning. A baseline 
proportional feedback controller is established, and an iterative learning component is used to enhance 
trajectory precision. A finite-impulse-response learning filter is created via spectral analysis, and the 
M–N tuning relationship is formulated to guarantee convergence and stability by maintaining the 
spectral radius and singular values of the lifted system below one. 

Phase 4 pertains to simulation and performance assessment. Full simulations are run with 
different filter settings. Key performance measures are examined, including tracking error, eigenvalue 
distribution, and convergence tendency. The results show that the proposed technique significantly 
lowers steady-state error and accelerates convergence while maintaining system stability. 

Phase 5 includes the discussion, the conclusions, and the plans for the future. The results confirm 
that frequency-domain gain design directly improves time-domain accuracy. The final analysis 
suggests ways to continue the research, such as hardware-in-the-loop testing, real-time embedded 
implementation, and adding more degrees of freedom to manipulators. 

Fig. 1 presents a comprehensive overview of the five phases and delineates the sequential 
research process. Each phase builds upon its predecessor, creating a cohesive and replicable workflow 
that amalgamates mechanical design, frequency-domain analysis, and iterative learning theory to 
attain sub-degree trajectory precision in economical SCARA robots. This framework delineates 
explicit guidelines for reproducibility and consistency, aligning with academic and industrial norms, 
so enabling future applications of this technology. 

 
Fig. 1. Overall Research Framework 

2.1. Design of Hardware Architecture 

The mechanical design and 3D modeling of the SCARA robot's architecture were performed in 
CATIA V5R21 by Dassault Systèmes in 2024, a software suite esteemed in mechanical and robotics 
applications for its parametric modeling, assembly design, and kinematic simulation functionalities. 
This platform facilitates accurate visualization and effective modification of complex structures prior 
to production. Fig. 2 illustrates the constructed assembly with its corresponding CAD model, 
emphasizing four motor placements, one for vertical movement along the Z-axis and three at joints A, 
B, and C for planar rotation. The CAD model serves as a geometric and kinematic reference for 
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simulation purposes. No real-time control was applied to the physical prototype in this study, except 
for motion data acquisition conducted for system identification to derive the dynamic equations of 
joints A, B, C, and Z. 

 
Fig. 2. SCARA robotic structure and CAD model with motor locations  

Fig. 3 illustrates the hardware and signal flow diagram, which delineates the entire sensor to 
actuator pathway. Position data from 12-bit absolute encoders on joints A, B, and C are transmitted 
through an opto-isolation board to the microcontroller, which concurrently acquires analog 
potentiometer input from each joint. The Z-axis utilizes a wire-rope encoder and a slider encoder, both 
operating within a 50 cm range, with their analog outputs directed to the same microcontroller. Pulse-
width-modulated signals produced in MATLAB 2024b Simulink are conveyed by USB to actuate all 
four axes. In this work, such USB actuation is emulated in simulation; real USB timing/jitter is 
considered in the future hardware plan. 

The Z-axis is driven by a 60 W 12 V 250 rpm ZGB102FGG gear motor, while joints A, B, and 
C are operated by three LX44WG 12 V DC motors providing torque of 200 kg·cm at 5 rpm. An H-
bridge driver that operates in a voltage range of 10 to 30 V and a maximum current of 40 A, using the 
IRF3205 transistor pair, provides power delivery. Position sensors provide accurate control 
appropriate for biomedical, light-industrial, and educational applications, offering resolutions of 
0.0417 V per degree for rotating joints and 0.01 V per degree for vertical movement. These component 
choices inform the plant bandwidth assumed in simulation and the 𝑇! selection. 

 
Fig. 3. Hardware architecture and signal-flow diagram 

The PID controller family includes proportional (P), integral (I), and derivative (D) terms. Upon 
execution on a microcontroller, the continuous-time representation is transformed into discrete time, 
as seen in (1), which delineates the discrete-time PID block utilized in Simulink. Only the proportional 
component remains operative, yielding a P controller. A trajectory setpoint is established, the 
proportional block generates the PWM duty that actuates each motor, and the resultant joint angle is 
measured by the encoder. The proportional gains, 𝐾", are set at 10 for axis A, 15 for axis B, 20 for 
axis C, and 100 for axis Z, ensuring a rapid yet stable response. These P gains reflect the identified 
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closed-loop behavior used as the baseline for ILC learning; integral/derivative actions are disabled to 
avoid confounding the learning filter evaluation. 

𝑪(𝒛) = 𝑲𝒑 +
𝑲𝒊𝑻𝒔
𝒛 − 𝟏

+
𝑲𝒅𝑵

𝟏 +𝑵𝑻𝒔
𝟏

𝒛 − 𝟏
 (1) 

In (1), 𝐶(𝑧) represents the controller transfer function in the z domain, 𝑇! denotes the sampling 
interval, 𝑁 signifies the derivative-filter coefficient, and 𝑧 is the discrete-time complex variable. All 
additional gains are assigned a value of zero during the creation of the plant model for subsequent 
Iterative Learning Control (ILC) design.  

 Fig. 4 depicts the principal Simulink model. Separate subsystems manage motor commands, 
PWM generation, and encoder feedback for axes A through Z. MATLAB 2024b operates the model 
in real time, transmits PWM signals via USB, and captures feedback for analysis. Fig. 5 illustrates 
the encoder subsystem employed by planar joints A, B, and C. Each channel converts the 12-bit 
encoder output into angular position, applies adjustable filtering, and relays data to the control block. 
Fig. 4 and Fig. 5 collectively present the complete digital control cycle from set point to actuation 
and feedback, illustrating that proportional control with accurate sensing ensures consistent prototype 
operation. In our simulations, USB and ADC chains are modeled as ideal signal paths; nonidealities 
(latency/quantization) are reserved for future hardware testing. 

 
Fig. 4. Overview of the Simulink program for robotic control 

2.2. Iterative Learning Control with Frequency-Response Guided Design 

Iterative learning control (ILC) is a way to control dynamic systems that perform repetitive 
motion cycles, including factory robots, assembly manipulators, and biomedical automation devices. 
It uses tracking-error data from previous iterations to change the control signal in the next cycles, 
gradually improving accuracy and performance. The main part of this study is a serial ILC framework. 
The method modifies the reference input of the feedback loop after each learning iteration to reduce 
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the total tracking error while remaining simple to implement. This serial architecture was selected for 
its low memory footprint and straightforward embedded realization. 

 
Fig. 5. Encoder subsystem for motors A, B, and C 

A multi-gain design based on frequency-response analysis is applied to ensure effective 
performance even on low-cost hardware. Using inverse frequency-response (IFR) principles, the 
learning-gain matrix L is made up of coefficients that each stand for an element of a finite-impulse-
response (FIR) filter. This setup allows adjustment of the frequency components that are connected to 
recurring error patterns, improving convergence speed while minimizing the influence of sensor noise 
and modeling uncertainty. Regularization in the gain design penalizes excessively long filters to avoid 
overfitting and poor generalization. 

This is how the sequential ILC learning rule is represented. 

𝑢'()(𝑘) = 𝑄(𝑢'(𝑘) + 𝐿𝑒'(k + 1)) (2) 

In this context, 𝑘 is the discrete-time index, 𝑗 is the iteration number, 𝑢'(𝑘) is the control input 
at sample 𝑘 during iteration 𝑗, and 𝑒'(k + 1) is the tracking error one step ahead. L is the learning-
gain matrix, and 𝑄 is an optional low-pass robustness filter. If additional filtering is unnecessary, 𝑄 is 
set to unity. The procedure continues until the tracking-error norm drops below a designated threshold. 
Fig. 6 shows the serial ILC block diagram that combines the feedback controller and the iterative 
refinement loop. Convergence is monitored by RMSE reduction per trial; learning is terminated when 
the predefined tolerance is met. 
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Fig. 6. Depicts the block diagram of the Serial ILC architecture. 

The learning-gain matrix 𝐿 has a banded structure, as shown in (3). Each diagonal band has 
identical coefficients. 

𝐿 =

⎣
⎢
⎢
⎢
⎢
⎡
𝑙* ⋯ 𝑙+ 0 ⋯ 0
⋮ 𝑙* ⋱ ⋱ ⋱ ⋮
𝑙)
0
⋮
0

⋱
𝑙)
⋱
⋯

⋱
⋱
⋱
0

⋱ ⋱ 0
⋱
⋱
𝑙)

⋱
⋱
⋯

𝑙+
⋮
𝑙*⎦
⎥
⎥
⎥
⎥
⎤

 (3) 

In this formulation, 𝑚 denotes the offset of the error term used at time 𝑘 + 1, 𝑛 signifies the total 
number of FIR gains, and 𝑙, (where 𝑘 varies from 1 to 𝑛) represents the gain coefficients. The 
corresponding time-domain update rule is expressed as (4). 

𝑢'()- (𝑘) = 𝑢'-(𝑘) + 𝑙)𝑒'(𝑘 + 𝑚 − 1) + l.𝑒'(𝑘 + 𝑚 − 2) +⋯+ 𝑙+𝑒'(𝑘 + 𝑚 − 𝑛) (4) 

This learning filter’s z-domain discrete-time transfer function is described as (5). 

𝐹(𝑧) = l)𝑧*/) + 𝑙.𝑧*/. +⋯+ 𝑙+𝑧*/+ (5) 

and its frequency response in steady state is described as (6). 

𝐹J𝑒01K = l)𝑒01(*/)) + 𝑙.𝑒01(*/.) +⋯+ 𝑙+𝑒01(*/+) (6) 

The plant frequency response is described as (7). 

𝐺J𝑒01K = 𝑀(𝜔)𝑒04(1) (7) 

where 𝑀(𝜔) is the magnitude response and 𝜙(𝜔) is the phase of the identified plant. Gain 
optimization follows a frequency-domain cost minimization procedure that balances error attenuation 
and gain regularization. The objective function 𝐽 is formulated as (8).  
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𝐽 = PQR1 − 𝐹(𝑒01!5)𝐺(𝑒01!5)S
67

'8)

R1 − 𝐹J𝑒01!5K𝐺J𝑒01!5KS
∗
+Q𝑙,.

+

,8)

 (8) 

where 𝑇 is the sampling period, 𝑁𝑃 is the total number of samples, and 𝜔' are frequency samples that 
range from 0 to the Nyquist frequency. To ensure sufficient frequency resolution, 𝑁𝑃 is set to 1024 
samples and 𝑇 is 0.01 s in this work. Frequencies are uniformly sampled; alternative weightings were 
tested and showed similar gain trends. 

The linear relationship is used to solve the optimization as (9).  

α𝑥 = 𝛽 (9) 

with 

𝛼 =Q𝑀.J𝜔'K
67

'8)

⎣
⎢
⎢
⎢
⎢
⎡1 cosJ𝜔'𝑇K … cos ](𝑛 − 1)𝜔'𝑇^

cosJ𝜔'𝑇K 1 … cos ](𝑛 − 2)𝜔'𝑇^
⋮ ⋮ ⋱ ⋮
cos ](𝑛 − 1)𝜔'𝑇^ cos ](𝑛 − 2)𝜔'𝑇^ … 1 ⎦

⎥
⎥
⎥
⎥
⎤

+ 𝑁𝑃 × 𝐼+×+ 

(10) 

β =QM(𝜔')

⎣
⎢
⎢
⎡
cos((𝑚 − 1)𝜔'𝑇) + ϕ(𝜔')
cos((𝑚 − 2)𝜔'𝑇) + ϕ(𝜔')
⋮
cos((𝑚 − 𝑛)𝜔'𝑇) + ϕ(𝜔')⎦

⎥
⎥
⎤67

'8)

 (11) 

𝑥 = [𝑙) 𝑙. ⋯ 𝑙+]5 (12) 

The optimized learning gains, which improve convergence speed while maintaining stability 
under model and noise uncertainty, are obtained by solving these matrix equations. Using MATLAB 
built-in numerical solvers, the computation is performed, ensuring that the algorithm is still viable for 
embedded real-time execution. During design, the conditions 𝜌(𝐼 − 𝑃𝐿) < 1 and 	
max
0
𝜎0(𝐼 − 𝑃𝐿) < 1	are numerically enforced over the lifted horizon to avoid relying solely on post-

hoc checks. 

Two complementary criteria are used to validate the stability of the serial ILC. In (13) states that 
when the spectral radius of (𝐼 − 𝑃𝐿) is less than one, asymptotic convergence is satisfied.  

𝜌(𝐼 − 𝑃𝐿) < 1 (13) 

where 𝜌(𝐼 − 𝑃𝐿) is the spectral radius of (𝐼 − 𝑃𝐿), defined as (14). 

𝜌(𝐴) = max
0
|𝜆0(𝐴)| (14) 

and 𝜆0(𝐴) represents the 𝑖 − 𝑡ℎ eigenvalue of 𝐴. Monotonic convergence requires that the maximum 
singular value of (𝐼 − 𝑃𝐿) remain below unity, as in (15).  

max
0
𝜎0(𝐼 − 𝑃𝐿) < 1 (15) 

where 𝜎0(𝐼 − 𝑃𝐿) is the 𝑖 − 𝑡ℎ singular value. When both inequalities are fulfilled, the learning 
process converges smoothly without oscillations, guaranteeing consistent error reduction over 
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successive trials. If 𝜎 exceeds unity in early trials (e.g., Z-axis cases), 𝑀 and the regularization 
parameter are modified to reestablish monotonicity. 

3. Results and Discussion 
The primary goal of this investigation is to assess the performance of a SCARA robotic arm on 

multiple axes through a smooth-trajectory motion control approach. The study highlights the arm’s 
applicability to industrial, medical, and research environments by evaluating its ability to move 
continuously and precisely under proportional control P. The experimental sequence includes three 
stages comprising a detailed analysis of the SCARA structure, motion testing under proportional 
regulation to obtain system transfer functions, and simulations that combine iterative learning control 
with frequency-response-based gain tuning. All results in this section derive from simulation tests 
executed in MATLAB/Simulink, devoid of real-time hardware implementation, so assuring that 
learning behavior remains unaffected by latency and non-deterministic delays. All simulations are 
conducted in MATLAB 2024b using Simulink for control and M-files for analytical computation. The 
main findings are summarized in the following sections. 

3.1. Experimental Results of SCARA Robotic Arm Movement 

Each axis of the robot was driven independently to determine its achievable motion range. Axis 
A rotates between −180 and 180 degrees, axis B between −150 and 150 degrees, and axis C between 
−90 and 90 degrees, while axis Z travels vertically from 0 to 70 mm. Fig. 7 to Fig. 9 illustrate the 
respective movements of axes B, C, and Z, confirming that all joints achieve full-range motion without 
mechanical interference. 

 
Fig. 7. Experimental motor rotation for axis B 

 
Fig. 8. Experimental motor rotation for axis C 
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Fig. 9. Experimental motor rotation for axis Z 

The recorded photographs show axis B sweeping through its complete rotation range, axis C 
performing symmetric movement around the zero position, and axis Z executing a stable vertical 
stroke of seventy millimeters. These observations verify that the prototype satisfies the commanded 
trajectories within the designated workspace. 

3.2. Smooth-Trajectory Motion Testing Using Proportional Control 

The findings indicate that the SCARA arm adheres to a continuous trajectory entirely regulated 
by a proportional controller. The Simulink environment simulates the movement toward each set 
point, as shown in Fig. 10, with smooth transitions and minimal overshoot. The movements of joints 
A, B, and C are negligibly different from the reference trajectories, showing very small deviations. 
Joint Z has a minor overshoot that is still within acceptable limits and can be fixed through repeated 
learning. 

 
Fig. 10. System response for joints A B C and Z under P control  

Repeated tests demonstrate consistent behavior with less than five percent variance in RMSE, 
thereby demonstrating the durability of proportional control throughout multiple cycles. The results 
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demonstrate that proportional control alone yields adequate smooth-motion tracking for the specified 
mechanical and sensor configuration.  

3.3. System Identification and Model Derivation 

Motion data were captured from each axis to identify the discrete-time transfer functions. The 
identified models, represented in (16)-(19), were obtained with a sample time of 0.01 s and exhibit 
greater than ninety-six percent fit accuracy. Since these models incorporate the existing proportional 
gains, the P terms must be neutralized before implementing alternative controllers such as PID or 
fuzzy structures. In this study the identified models are directly integrated into the feedback path 
combined with an iterative learning control layer. This model-based approach ensures that controller 
design and learning evaluation remain fully reproducible within the simulation environment. 

𝐺s;(𝑧) =
0.1639𝑧

𝑧. − 1.469𝑧 + 0.6352
 (16) 

𝐺s<(𝑧) =
0.1891𝑧

𝑧. − 1.444𝑧 + 0.6353
 (17) 

𝐺s=(𝑧) =
0.2326𝑧

𝑧. − 1.403𝑧 + 0.6378
 (18) 

𝐺s>(𝑧) =
0.1095𝑧

𝑧. − 1.624𝑧 + 0.7344
 (19) 

3.4. Simulation Results with Iterative Learning Control 

The serial ILC technique utilizing an IFR-based multi-gain design was simulated with the 
specified system models. Four configurations of the banded learning matrix were evaluated, with 𝑀 −
𝑁 values of 2×2, 4×4, 6×6, and 8×8. Fig. 11 illustrates that the root-mean-square error (RMSE) for 
all joints decreases significantly with each iteration, and higher 𝑀 −𝑁 values expedite convergence. 

 
Fig. 11. RMSE comparison across joints  
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For joint A, the configuration with 𝑀 −𝑁 = 2×2 converges slowly, whereas the 8×8 design 
achieves a rapid decrease during the initial iterations. Comparable patterns are observed for joints B 
and C; for joint C, the outcomes for 6×6 and 8×8 are essentially indistinguishable, indicating no 
substantial benefit beyond 6×6. Joint Z displays transient oscillations at 2×2 that diminish with 
increased matrix size. This transient response is attributed to the vertical load and mild nonlinear 
friction in the lead-screw assembly, which causes a phase lag during the first few learning cycles. 

This behavior corresponds with the marginally elevated singular value (𝜎*?@ ≈ 1.0091) 
presented in Table 1. This value slightly violates the monotonic-convergence condition but does not 
cause instability. Increasing the filter length or applying light regularization restores 𝜎*?@ to below 1. 

Fig. 12 illustrates the steady-state trajectories following one hundred repetitions, demonstrating 
that all joints accurately follow the reference. Fig. 13 enlarges the first motion interval (0–1.2 s), 
making it easier to observe small overshoot differences.  

 
Fig. 12. System outputs across joints at iteration 100  

The RMSE decreases under different configurations, as demonstrated in Table 2. Increasing the 
𝑀 −𝑁 dimensions improves both the convergence rate and the final accuracy; nonetheless, 
improvements beyond 6×6 are negligible. Table 1 lists the maximum eigenvalues and singular values, 
confirming that the spectrum satisfies the limits given in (14) and (15). Slightly elevated singular 
values explain the short-lived transients observed on joint Z at an 𝑀 −𝑁 of 2×2. 

Additional robustness tests were performed by injecting band-limited measurement noise and 
applying ±5% parameter perturbations. The 6×6 design exhibited consistent convergence and showed 
median RMSE reductions exceeding ninety-eight percent, thereby affirming its robustness to 
moderate uncertainty. 
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Fig. 13. System outputs during the first 1.2 s  

Table 1.  Eigenvalue and singular-value analysis 

Joint 
Robot 

MN 
Value 

Max 
Eigenvalue 

Max Singular 
value 

Learning 
transients 

Convergence 
Speed 

Joint A 2 × 2 0.9773 1.0001 Yes Slow 
4 × 4 0.9996 1.0007 Yes Fast 
6 × 6 0.9970 0.9974 No Vary Fast 
8 × 8 0.9965 0.9967 No Vary Fast 

Joint B 2 × 2 0.9706 0.0390 No Slow 
4 × 4 0.9987 1.0000 Yes Fast 
6 × 6 0.9955 0.9959 No Vary Fast 
8 × 8 0.9957 0.9960 No Vary Fast 

Joint C 2 × 2 0.9574 0.9921 No Slow 
4 × 4 0.9965 0.9981 No Fast 
6 × 6 0.9929 0.9929 No Vary Fast 
8 × 8 0.9939 0.9945 No Vary Fast 

Joint Z 2 × 2 0.9896 1.0091 Yes Slow 
4 × 4 1.0007 1.0014 Yes Fast 
6 × 6 0.9994 0.9999 No Vary Fast 
8 × 8 0.9986 0.9988 No Vary Fast 

 

Larger 𝑀 −𝑁 matrices increase computation time but remain feasible for real-time embedded 
applications, requiring roughly 12 milliseconds per iteration on a mid-range microcontroller. This 
indicates that the proposed ILC algorithm is computationally viable for future hardware-in-the-loop 
or embedded implementations. Compared with previous ILC frameworks [70], [72], the present 
frequency-response-guided design achieves faster convergence, improved spectral robustness, and 
provides explicit 𝑀 −𝑁 tuning criteria rather than relying on heuristic gain selection. 
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Table 2.  RMSE reduction summary 

Joint 
Robot 

MN 
Value 

Loop Max 
ILC 

Start 
RMSE 

Min 
RMSE 

Reduction 
(%) 

Cost 
Function 

Joint A 2 × 2 100 1.5176 0.0390 97.4302 13.1276 
4 × 4 100 1.5176 0.0321 97.8848 12.2870 
6 × 6 100 1.5176 0.0235 98.4515 12.0693 
8 × 8 100 1.5176 0.0233 98.4647 12.0678 

Joint B 2 × 2 100 1.3166 0.0314 97.6151 13.0444 
4 × 4 100 1.3166 0.0295 97.7594 12.0838 
6 × 6 100 1.3166 0.0196 98.5113 11.9137 
8 × 8 100 1.3166 0.0200 98.4809 11.9119 

Joint C 2 × 2 100 1.0661 0.0190 98.2178 12.8828 
4 × 4 100 1.0661 0.0239 97.7582 11.7645 
6 × 6 100 1.0661 0.0143 98.6587 11.6723 
8 × 8 100 1.0661 0.0152 98.5742 11.6569 

Joint Z 2 × 2 100 1.6098 0.3454 78.5439 13.2836 
4 × 4 100 1.6098 0.0173 98.9253 12.7162 
6 × 6 100 1.6098 0.0157 99.0247 12.3847 
8 × 8 100 1.6098 0.0156 99.0309 12.3360 

 
3.5. Overall Results and Interpretation 

In the simulation environment, the SCARA robot tracks motion with high accuracy under 
proportional control. Each joint exhibits a small amount of steady-state error and minimal overshoot. 
Adding serial ILC with an IFR-based gain matrix improves trajectory accuracy, with the most 
consistent benefits at 𝑀 −𝑁 configurations of 6×6 and 8×8. 

Eigenvalue and singular-value analyses generally support stability and monotonic convergence 
throughout the lifted horizon. Configurations larger than 6×6 yield diminishing returns, indicating that 
the optimal filter size must strike a balance between accuracy demands and processing capabilities. 
The research shows that FIR-based serial ILC can achieve sub-degree precision in simulation. 
However, it is important to note that the models did not account for real-world disturbances, actuator 
saturation, or communication latency. 

Future initiatives will include hardware-in-the-loop validation, embedded implementation with 
fixed-period sampling, and robustness testing under external disturbances to assess real-time 
applicability. The incorporation of proportional control with a serial iterative learning control layer 
and frequency-response-guided gain design within the simulated environment improves accuracy, 
stability, and convergence speed. This indicates progress toward the defined goals within the 
constraints of an economical SCARA.  

4. Conclusion 
This research illustrates that a SCARA robotic arm can precisely follow designated trajectories 

when a proportional controller functions within a serial iterative learning control paradigm. The 
frequency-response-guided gain design supports persistent tracking error reduction and ensures 
convergence and spectral stability in the specified models. In the simulated environment, the 
manipulator executes repetitive motions similar to pick-and-place operations with exceptional 
precision. All outcomes were obtained through MATLAB and Simulink simulations, validating the 
control mechanism under idealized settings. The findings indicate that the suggested FIR-based ILC 
using an 𝑀 −𝑁 tuning guideline offers a methodical strategy for achieving a compromise between 
convergence speed and spectral stability. Configurations featuring moderate filter lengths, such as 
6×6, provide an optimal equilibrium between learning efficacy and resilience. Conversely, excessively 
large filters yield diminishing returns. The existing implementation relies on simulations because 
hardware testing has not yet occurred. Real systems exhibit latency, sampling uncertainty, 
quantization effects, actuator saturation, and discrepancies between the model and the plant. These 
concerns underscore the necessity of conducting more extensive testing of embedded systems in real-
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world scenarios. The next step is to conduct hardware-in-the-loop testing, followed by real-time 
embedded implementation with fixed-period sampling. In the next phases, onboard system 
identification for different payloads will be performed, and robustness to noise and parameter 
variations will be evaluated. Comparative evaluations of tunable PID controllers and model-based 
controllers, including state-feedback and linear-quadratic regulators, on comparable hardware will 
clarify the practical benefits and computational trade-offs. The research provides a reusable simulation 
framework and an analytical 𝑀 −𝑁 tuning guideline for frequency-response-guided iterative learning 
control. This provides a strong foundation for future experimental and educational applications. 
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