
International Journal of Power Electronics and Drive System (IJPEDS) 

Vol. 17, No. 2, June 2026, pp. 873~884 

ISSN: 2088-8694, DOI: 10.11591/ijpeds.v17.i2.pp873-884      873 

 

Journal homepage: http://ijpeds.iaescore.com 

Physics-informed reinforcement learning for adaptive high-

frequency injection in encoderless low-voltage PMSM drives 
 

 

Surendar Aravindhan1, Manoharan Kavitha2, J. Karthika3 
1Department of Pharmacy, Saveetha University, Chennai, India 

2Department of Electronics and Communication Engineering, Saveetha School of Engineering, Saveetha University, Chennai, India 
3Advanced Scientific Research, Department of Science and Technology, Salem, India 

 

 

Article Info  ABSTRACT 

Article history: 

Received Oct 18, 2025 

Revised Jan 30, 2026 

Accepted Feb 21, 2026 

 

 It is difficult to control permanent magnet synchronous motor (PMSM) drives 

running at extra-low voltages with encoderless control because the back-EMF 

signal to estimate rotor position is weak, and this requires the injection of 

high-frequency (HF) signals. Traditional methods use constant or manually 

tuned injection levels, and these tend to cause large torque ripple, inaccurate 

estimation when under dynamic loading, and an inability to counteract 

parameter drift. The paper is related to the issue of online optimal HF injection 

amplitude choice in the encoderless 48 V PMSM drives and proposes a 

physics-inspired reinforcement learning (PIRL) system. This is aimed at 

obtaining the right low-speed positioning and reducing the torque ripple and 

power losses on different operating conditions. The suggested approach 

incorporates directly into the reinforcement learning reward terms the PMSM 

electromagnetic voltage equations, which restrict exploration to physically 

consistent space and enhance stability in the learning process. The PIRL agent 

is trained in a deep deterministic policy gradient architecture in a 

MATLAB/Simulink-Python co-simulation environment, based on which the 

PIRL agent adjusts the injection amplitude of HF in real time. Simulation 

outcomes show that the suggested methodology reaches approximately four 

times faster convergence with conventional reinforcement learning and reaches 

up to 65 percent of torque ripple reduction without a disturbed position 

estimation when operated in a speed range of 0-500 rpm. The findings show 

that physics-informed learning offers an efficient and energy-saving solution 

to adaptive encoderless control in extra-low-voltage PMSM drives, which has 

better resilience to changes in parameters with a low computational cost. 
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1. INTRODUCTION 

Mechanical sensorless control of permanent-magnet synchronous motors (PMSMs) has become of 

growing interest in low-voltage (around 48 V) applications, such as e-mobility and robotics, where standard 

back-EMF-based estimation is untrustworthy at low frequencies. The use of high-frequency signal injection 

(HFI) methods is thus very popular in order to make use of rotor saliency to estimate position [1]. The success 

of HFI is, however, strongly reliant on the correct choice of injection amplitude since fixed strategies based on 

traditional motor drive optimization methods are not always able to respond to different operating  

conditions [2]. The result of the use of statistical amplitude selection techniques is that torque ripple and 

efficiency may be worsened, particularly when the load varies dynamically [3]. 

https://creativecommons.org/licenses/by-sa/4.0/
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Recent achievements in condition monitoring and intelligent diagnostics have shown the promise of 

data-driven solutions to enhance motor performance and adaptability [4]. Reinforcement learning (RL) has 

become a potentially useful method of adaptive control in electrical machines, especially in parameter-tuning 

problems, such as thermal modeling and system optimization [5]. Moreover, artificial intelligence has been 

actively used in fault detection and performance improvement of electric drives [6]. More sophisticated HFI 

techniques with modulation error compensation have also enhanced the estimation accuracy when using the 

low-speed PMSM applications [7]. Recently, HFI control schemes have been suggested based on reinforcement 

learning to allow adaptive amplitude choice in encoderless PMSM drives [8]. 

However, regardless of these advancements, the majority of current methods are based on either 

predetermined intuition or solely data-driven learning, without consideration of underlying motor physics. 

It has also been shown to be applicable to reinforcement learning in the drive system of electric vehicles as a 

means of controlling torque and current, illustrating that it may be used in limited dynamic conditions [9]. 

In the meantime, optimization based on machine learning has enhanced the design of electric machines and 

their performance in different conditions [10]. Yet, strong estimation in low-speed regimes is still an issue, despite 

the sophisticated HFI-based sensorless control methods [11]. Machine learning optimization of injection 

amplitude has demonstrated potential, yet such tools tend to be lacking in providing real-time flexibility [12]. 

This paper discusses these shortcomings by presenting a physics-informed reinforcement learning (PIRL) 

model that incorporates the motor dynamics into the process of learning. The proposed solution can allow 

control of HFI amplitude in encoderless PMSM drives in an adaptive, stable, and efficient way by incorporating 

physical constraints into the reward function. 

 

 

2. LITERATURE REVIEW 

In PMSMs at low-speed conditions, high-frequency signal injection has continued to be one of the 

best methods to estimate rotor position because other observers do not work under low-speed conditions (weak 

back-EMF signal) [13]. Initial implementations were based on constant amplitude injection schemes, which 

were easy to implement and led to poor performance with changes in operating conditions [14]. These fixed 

strategies tend to cause more torque ripple and acoustic noise, which restricts their practical use [15]. 

To address these problems, the adaptive amplitude selection algorithm based on off-line tuning and 

analytical modeling has been suggested to enhance the accuracy and efficiency of the estimations [16]. By 

allowing the adaptation of parameters in motor systems by data, reinforcement learning has further expanded 

these abilities [17]. Simultaneously, machine learning has been used to predict load and optimize power 

systems at the system level, proving the increased applicability of intelligent control techniques [18]. Intelligent 

power systems have also been developed with digital twin technologies for predictive maintenance and 

optimization of the system [19]. 

It has been shown that the HFI techniques of optimizing injected voltage amplitude by pulse-based 

methods have been studied recently and have demonstrated better performance at low speeds [20]. HFI 

techniques in 48 V PMSM have been experimentally tested and have been shown to be effective in real 

operating conditions [21]. Moreover, networked drive systems that run with the uncertainties of communication 

have been equipped with learning-based control strategies [22]. Optimization of electric machine design has 

also been extensively performed with the help of machine learning, leading to better performance indicators, 

including efficiency and robustness [23]. 

Intelligent motor drive systems have been shown to be real-time feasible with embedded learning 

control-based architectures [24]. Moreover, the hysteresis control methods of torque ripple reduction have been 

investigated to improve the performance of the drive [25]. The use of adaptive control strategies has also 

enhanced PMSM performance by dynamically reducing torque ripple [26]. PMSM drives have been modeled 

using digital twins to accurately estimate parameters and identify the system [27]. Model predictive control has 

also been combined with reinforcement learning to improve dynamic performance [28]. 

The development of VLSI-based systems has facilitated the realization of intelligent control 

algorithms with low power in embedded systems [29]. Mixed-signal architectures have also been used in real-

time adaptive signal processing in motor control applications [30]. To minimize torque ripple and enhance 

efficiency, harmonic minimization methods based on optimized pulse pattern modulation have been suggested 

[31]. Random modulation-based noise suppression methods have also been explored among PMSM drives [32]. 

Embedded motor drive systems have been shown to implement real-time reinforcement learning-

based controllers, confirming that they are applicable in a real-world scenario [33]. Intelligent systems have 

also been enhanced by emerging neuromorphic and event-driven architectures, which have increased efficiency 

and latency [34]. More sophisticated reinforcement learning methods like deep deterministic policy gradient 

(DDPG) have been effectively used to address constrained PMSM control issues [35]. 
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Even though it has made good progress, it is still found that the current methods have difficulties in 

realizing concurrent optimization of position estimation accuracy, torque ripple reduction, and energy 

efficiency in the presence of non-ideal conditions in the real world. In addition, the vast majority of the 

approaches do not have a common framework that incorporates physics-based modeling and adaptive learning. 

The new PIRL framework fills these gaps by integrating reinforcement learning with physical constraints to 

support robust, real-time adaptive control of low-voltage PMSM drives. 

 

 

3. METHODOLOGY 

In this part, the proposed encoderless PMSM control method will be described in a reproducible 

manner. The entire encoderless PMSM drive with a high-frequency injection is introduced as a conceptual 

control block diagram in the first place. Then, a physics-informed reinforcement learning (PIRL) formulation 

is formulated, comprising state, action, reward, and constraint enforcement. Lastly, the entire 

MATLAB/Simulink-Python co-simulation environment and all the simulation settings are described to 

facilitate the independent reproducibility of the reported results, and baseline definitions and analysis measures. 

 

3.1.  PMSM dynamic model and high-frequency injection principle 

The permanent magnet synchronous motor that is taken into account in this paper is modelled in the 

𝑑𝑞 reference frame with the rotor flux. The equations of stator voltages are written in (1) and (2). 

 

𝑣𝑑 = 𝑅𝑠𝑖𝑑 +
𝑑𝜓𝑑

𝑑𝑡
− 𝜔𝑒𝜓𝑞 (1) 

 

𝑣𝑞 = 𝑅𝑠𝑖𝑞 +
𝑑𝜓𝑞

𝑑𝑡
+ 𝜔𝑒𝜓𝑑 (2) 

 

𝑣𝑑 , 𝑣𝑞  and 𝑖𝑑 , 𝑖𝑞  components of stator voltage and current, 𝑅𝑠 is the stator resistance, 𝜓𝑑 , 𝜓𝑞 are the flux 

linkages, and 𝜔𝑒 is the electrical angular frequency. The electromagnetic torque is given by (3). 

 

𝑇𝑒 =
3

2
𝑝(𝜓𝑑𝑖𝑞 − 𝜓𝑞𝑖𝑑) (3) 

 

p is provided by the number of pole pairs. 

At low speed, the position of a rotor is estimated by magnetic saliency, which may be driven by an 

injected high-frequency voltage signal 𝑣ℎ𝑓  in encoderless operation. The signal is superimposed to the ordered 

stator voltage, typically the d-axis voltage as given in (4). 

 

𝑣𝑑 = 𝑣𝑑
∗ + 𝑉ℎ sin(𝜔ℎ𝑡) (4) 

 

𝑉ℎ is and 𝜔ℎ are the injection amplitude and the carrier frequency, respectively. The high-frequency current 

response induced provides the information on the saliency angle of the rotor, from which the rotor position 

may be recovered. 𝑉ℎ is critically important to the quality of this estimation: a small value causes the 

demodulated signal to be lost in noise; a large value causes a large torque ripple and other copper losses. 

The encoderless PMSM drive that is operated with high-frequency signal injection and amplitude 

correction via reinforcement learning has a total control structure as depicted in Figure 1. The high-frequency 

voltage signal is injected into the d-axis voltage command only, and the electrical and mechanical variables 

are measured and applied in learning-based adaptation of injection amplitude, as shown in Figure 1. 

 

3.2.  Problem formulation 

This study aims to identify an adaptive control law of 𝑉ℎ that will ensure high estimation accuracy 

and low undesirable side effects. The optimization is characterized by a composite cost function in (5). 

 

𝐽 = 𝑤1𝜃𝑒𝑟𝑟
2 + 𝑤2Δ𝑇ℎ𝑓

2 + 𝑤3𝑃𝑙𝑜𝑠𝑠 (5) 

 

In which 𝜃𝑒𝑟𝑟  is the error in the instantaneous rotor position estimation, Δ𝑇ℎ𝑓  is the maximum torque ripple 

caused by injection, and 𝑃𝑙𝑜𝑠𝑠 is the added loss of power caused by the high-frequency component. The weights 

𝑤1, 𝑤2, 𝑤3 are proportions of the significance of each of the terms. Due to the nonlinearity of the system, its 

dependence on parameters, and its dependence on time, it is not possible to provide an explicit analytical 

solution of the optimal 𝑉ℎis. Thus, reinforcement learning is used to acquire an optimal adaptation strategy by 

actually interacting with a simulated environment. 
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Figure 1. Block diagram of the encoderless PMSM drive with high-frequency injection and reinforcement-

learning-based amplitude adaptation 

 

 

3.3.  Physics-informed reinforcement learning framework 

The reinforcement-learning (RL) agent interacts continuously with the PMSM environment to adapt 

the injected high-frequency (HF) voltage amplitude. At each time step 𝑡, the agent receives the motor state 

vector in (6). 

 

𝑠𝑡 = [𝑖𝑑 , 𝑖𝑞 , 𝜔𝑒 , 𝑇𝑒 , 𝑇𝑙𝑜𝑎𝑑] (6) 

 

In which where 𝑖𝑑 , 𝑖𝑞  are stator current components, 𝜔𝑒 is the electrical angular speed, 𝑇𝑒 is the electromagnetic 

torque, and 𝑇𝑙𝑜𝑎𝑑  is the mechanical load applied. The agent produces an action 𝑎𝑡, which is a small change Δ𝑉ℎ 

of the HF-injection amplitude 𝑉ℎ. Figure 2 demonstrates the general structure of the proposed physics-informed 

reinforcement learning framework, whereby the PMSM environment, actor-critic networks, physics-based 

reward calculation module, and experience replay mechanism to update the policy are interacting. Once the 

environment has implemented this action, it sends back the following state 𝑠𝑡+1and a scalar reward 𝑟𝑡used to 

modify the agent policy. In traditional reinforcement learning, the performance is to maximize the discounted 

cumulative reward in (7). 
 

𝑅𝑡 = 𝔼[∑ 𝛾𝑘𝑟𝑡+𝑘+1
∞

𝑘=0
] (7) 

 

With 𝛾 ∈ (0,1) being the discount factor that balances the short-term and the long-term performance. In this 

study, the reward is physics-informed and is defined in (8). 

 

𝑟𝑡 = −𝐽𝑡 − 𝜆 (∥ 𝑣𝑑 − 𝑅𝑠𝑖𝑑 − 𝐿𝑑
𝑑𝑖𝑑

𝑑𝑡
+ 𝜔𝑒𝐿𝑞𝑖𝑞 ∥2 +∥ 𝑣𝑞 − 𝑅𝑠𝑖𝑞 − 𝐿𝑞

𝑑𝑖𝑞

𝑑𝑡
− 𝜔𝑒(𝐿𝑑𝑖𝑑 + 𝜓𝑓) ∥2) (8) 

 

𝐽𝑡 = 𝑤1𝜃𝑒𝑟𝑟
2 + 𝑤2Δ𝑇𝐻𝐹

2 + 𝑤3𝑃𝑙𝑜𝑠𝑠 is the multi-objective cost, is the physics-weight coefficient, and the second 

term is a penalty of non-observance of the PMSM stator voltage equations. The exploration by the agent is 

limited to physically feasible operating positions by embedding such residuals, enhancing stability, and 

achieving faster convergence. The actor-critic architecture on the deep deterministic policy gradient (DDPG) 

algorithm meets the implementation of the policy network. The actor network creates the continuous 

increments of amplitude, and the nucleus of the critic approximates the state-action value 𝑄(𝑠𝑡 , 𝑎𝑡). These two 

networks are trained through mini-batch gradient descent with the help of experience replay to maximize the 

learning efficiency. The learning-rate and exploration-noise parameters fade with experience, which enables 

self-evolving behavior to follow gradual changes in the parameters (e.g. stator-resistance drift). 

The complete procedure of the suggested physics-informed reinforcement learning framework is 

summarized in Algorithm 1. Algorithm 1 outlines the interplay between the PMSM environment and the 

reinforcement learning agent, the state observation, action generation, reward computation, and policy update. 

The algorithm applies the state definition of (6), reward creation of (8), and the optimization goal of 𝐽𝑡 to 

optimize the learning process. As shown in Algorithm 1, the agent is updated in the HF injection amplitude by 

engaging with the PMSM model, whereas the physics-informed reward makes the learning process consistent 

with the motor dynamics prescribed in (8). 
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Algorithm 1. Physics-informed reinforcement learning for HF amplitude adaptation 

Input: motor state st = [id, iq, ωe, Te, Tload]; 

actor policy πθ; critic Qϕ; discount γ; physics-weight λ. 

Repeat for each episode: 

1. Observe current state st; compute action at = πθ(st)(increment ΔVh); apply Vh ← Vh + ΔVh. 

2. Simulate PMSM dynamics for the sampling interval Δtto obtain next state st+1. 

3. Evaluate cost Jt = w1θerr
2 + w2ΔTHF

2 + w3Ploss. 

4. Compute residuals from PMSM equations; form reward 

rt = −Jt − λ(∥ rd ∥2 +∥ rq ∥2). 

5. Store transition (st, at, rt, st+1)in replay buffer. 

6. Update actor and critic by deterministic policy-gradient learning. 

Decay exploration noise and learning-rate schedules until the convergence criterion is satisfied 

(average reward change < 0.5 % over 100 episodes). 

 

 

 
 

Figure 2. Architecture of physics informed RL agent showing state, reward, and policy update paths 

 

 

3.4.  Simulation setup and implementation details 

A MATLAB/Simulink Python co-simulation env. is used to implement and test the encoderless 

PMSM control system of physics-informed reinforcement learning (PIRL). The PMSM electrical and 

mechanical plant, inverter model, cascaded speed-current control loops, and PIRL policy, which is run in 

Python and interchanges state action data with Simulink at the outer-loop interval are implemented in 

MATLAB/Simulink. 

The specifics of the plant and control implementation, such as the inverter switching/saturation block, 

dq-domain PMSM model, measurement points, and internal signal routing, are illustrated in Figure 3(a) in the 

MATLAB/Simulink format. This co-simulation architecture was further simplified and visualized by providing 

a signal-chain (Figure 3(b)) of the plant path, the location of the HF injection, the demodulation/position-

estimation chain, the formation of the observation vectors, and the Python RL agent feedback loop. Table 1 

summarizes the simulation parameters of the PMSM model, inverter, controllers, and HF injection and held 

constant throughout the HF amplitude strategies comparison across all controllers compared. 
 
 

Table 1. PMSM and simulation parameters 
Parameter Symbol Value Unit 

DC link voltage 𝑉𝑑𝑐 48 V 

Pole pairs 𝑝 4 – 

Stator resistance 𝑅𝑠 0.4 Ω 

𝑑axis inductance 𝐿𝑑 0.6 mH 

𝑞axis inductance 𝐿𝑞 0.9 mH 

Permanent magnet flux 𝜓𝑓 0.03 Wb 

Nominal torque 𝑇𝑛 10 Nm 

Switching frequency 𝑓𝑠𝑤 12 kHz 

HF injection frequency 𝑓ℎ 1.2 kHz 

Sampling time 𝑇𝑠 100 µs 
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(a) 

 
(b) 

 

Figure 3. MATLAB/Simulink-Python co-simulation framework for PIRL-based encoderless PMSM drive 

control: (a) MATLAB/Simulink implementation of the PMSM drive and control loops and  

(b) co-simulation signal flow for PIRL-based high-frequency injection control 

 

 

3.4.1. Solver, control loop rates, and RL hyperparameters 

The simulations are performed by a fixed-step discrete-time solver. Base sampling time is Ts = 100 μs, 

and at this time, the inner current loop and HF injection carrier are updated. The outer speed loop is updated with 

a period of 1 ms, and the RL action update period is adjusted to the same period (RL update = 1 ms). 

The steps used at each discrete time are: i) the dq current controller calculates (𝑣𝑑
∗ , 𝑣𝑞

∗); ii) the HF 

carrier 𝑣ℎ𝑓(𝑡) = 𝑉ℎsin (𝜔ℎ𝑡) is added to the d-axis command such that 𝑣𝑑 = 𝑣𝑑
∗ + 𝑣ℎ𝑓; iii) the inverter block 

implements SVPWM modulation and voltage saturation according to the 48 V DC bus; iv) the PMSM dq 

model advances electrical states and the mechanical speed; and v) the observation vector. The incremental 

action Δ𝑉ℎ is sent out by the Python agent, and the amplitude is updated with limits as given in (9). 

 

𝑉ℎ ← clip(𝑉ℎ + Δ𝑉ℎ ,  𝑉ℎ, min,  𝑉ℎ, max) (9) 

 

𝑉ℎ remains fixed, but only the sinuoidal carrier changes during the base sampling time within a fixed 1 ms RL 

period, so that learned adaptation dynamics are independent of the carrier oscillation. 

The PIRL agent is configured as an actor-critic DDPG with the discount factor, γ = 0.99, and with 

physics-regularization weight, λ = 0.1. Two fully connected hidden layers (64 neurons each) of the actor and 

critic networks have a ReLU activation. Mini-batch size is 128, replay buffer memory is 106, and a soft update 

of the target network is 𝜏 = 0.005. The exploration is applied as additive Gaussian noise on the actor output 

with a standard deviation of 0.2 V that decays linearly to 0.01 V during the training. 
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3.4.2. Plant non-idealities, measurement conditioning, and noise model 

To simulate the conditions of an extra-low-voltage drive, the inverter stage has a DC-bus limitation at 

48 V, PWM saturation (duty clamp), and a dead-time/distortion effect that has been modelled as an effective 

voltage distortion that is a function of current direction. A discrete first-order low-pass IIR filter is used to filter 

the measured currents and voltages to reflect a practical sampling/conditioning.  𝑖𝑑, 𝑖𝑞 , and 𝜔𝑚 are subject to 

additive measurement noise, which is of zero-mean Gaussian noise with constant variance, and identical noise 

settings are applied to all controllers. 
 

3.4.3. Training protocol and baseline controllers 

The training and testing are done over the speed reference range of 0-500 rpm under various load-

torque profiles, which include a step and ramp variation in the load profile, as well as all the compared 

controllers under the same excitation conditions. The same inner/outer loop gains, HFI demodulation and 

position-estimation chains, inverter and plant models are used to implement the baseline schemes; the only 

difference is the different HF injection amplitude generation mechanism among controllers. 

The HF injection amplitude 𝑉ℎ and generated by the PIRL agent is initialized through random 

exploratory actions randomly sampled in the interval 0.5-4 V, and the average episodic reward is declared to 

be converged once the variation is less than 0.5%. The suggested controller will be contrasted with three 

reference schemes: 

a) The fixed amplitude HF injection: 𝑉ℎ is constant during the entire run, where 𝑉ℎ = 2 V. 

b) Heuristic adaptive HF injection: 𝑉ℎ is modified through a monotonic mapping of operating condition 

(mechanical speed and/or stator current magnitude) and restricted in the same range as the RL-based 

controllers as given in (10). 
 

𝑉ℎ ∈ [𝑉ℎ, min, 𝑉ℎ, max] (10) 

 

c) Standard RL (non-regularized): The same state-vector, action-bounds, network, solver settings, and training 

schedule as those of PIRL, except that the physics-residual penalty term is omitted in the reward. 

All the controllers are tested in the same solver settings, sampling, and disturbed conditions. 

 

3.4.4. Logged signals and evaluation metrics 

Every comparative outcome is acquired using the same recorded signals and identical post-processing 

steps among the controllers. The measured variables are dq currents (𝑖𝑑
, 𝑖𝑞), inverter voltage commands 

(𝑣𝑑
, 𝑣𝑞), HF injection amplitude 𝑉ℎ, electrical speed 𝜔𝑒, mechanical speed 𝜔𝑚, electromagnetic torque 𝑇𝑒, 

load torque 𝑇𝐿 , estimated electrical position 𝜃̂𝑒 and the simulation reference electrical position 𝜃𝑒. 

The error in the RMS rotor position is calculated using (11). 
 

RMS(𝜃𝑒) = √
1

𝑇𝑓
∫ (𝜃𝑒(𝑡) − 𝜃̂𝑒(𝑡))

2𝑇𝑓

0

𝑑𝑡 (11) 

 

Torque ripple factor is calculated within the evaluation period using (12). 
 

TR(%) =
𝑇e, max−𝑇e, min

𝑇𝑒,avg
× 100 (12) 

 

Current THD is calculated in the FFT magnitude spectrum of a specified analysis window with the same 

window length and sample rate across all controllers. 

 

3.4.5. Determinism and simulation consistency settings 

Neural networks are initialized with fixed random seeds, neural-network exploration is performed 

with fixed random seeds, and fixed random seeds are used when comparing variations of RL. The fixed-step 

discrete solver (no variable-step integration) is used to simulate the plant. Variables that have been logged are 

stored at the base sampling time Ts in order to prevent down-sampling artefacts during the computation of 

torque ripple and FFT/THD. 

 

 

4. RESULTS 

4.1.  Learning performance and convergence 

The training episodes experienced by the reinforcement learning agent were 4000, each with a 

duration of 0.3 s of simulated motor time. Figure 4 gives the average episode reward evolution, suggesting that 
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it reached a stable convergence when around 2600 episodes were used, but the standard non-physics-informed 

RL agent took close to twice as many episodes to stabilize the rewards. Adding the physics residual term 

minimized oscillations around the reward curve and avoided divergence, which sometimes happened with big 

exploration noise in the baseline agent. 

The increase in the rate of convergence of about 40% can be credited to the physics term that limits 

exploration to physically consistent voltage-current trajectories. The amplitude of the output of the actor 

network levelled off at the range of 1.2-2.8 V at various operating points, whereas the baseline RL ranged at 

0.5-3.5 V within the same time. The average reward realized at the end of the proposed physics-informed 

reward learning (PIRL) agent was larger than that of the conventional RL by 22%, which is indeed a significant 

learning efficiency improvement. 

 

4.2.  Dynamic and steady state performance 

The policy that was learned was tested on various load torques and speeds. Figure 5 demonstrates the 

ordered and estimated rotor position at 100 rpm, and here the PIRL scheme obtained a near-ideal overlap. The 

root mean square estimation error went down to 2.9 electrical degrees with the fixed amplitude controller to 

the proposed method, which stood at 0.95 degrees. At high speeds (above 400 rpm), both RL methods were 

equally accurate, whilst in very low speeds (less than 50 rpm) the PIRL was able to continue estimating reliably, 

where the baseline RL would sometimes jump out of lock. 

Table 2 indicates key performance indicators that are averaged across all the test conditions. The 

suggested solution minimized the torque ripple by approximately 65 and 25% compared to the fixed amplitude 

scenario and conventional RL, respectively. High frequency excitation caused a few variations in the 

incremental power loss since the amplitude that had been learnt was not overexcited when there was no need 

during light load conditions. 

 

4.3.  Parameter variation response and noise 

The standard deviation of the stator resistance was doubled, and the stator resistance was raised by 

15% to simulate a temperature increase to test robustness. The fixed amplitude controller was found to increase 

the position error by 40% compared to the normal RL, which increased by 20%. The physics-informed 

controller was almost constant at a degradation of a little below 5%. Figure 6 shows instantaneous torque 

waveforms with parameters perturbed; the output of PIRL was smooth, and low-frequency modulation was 

insignificant. 

 

4.4.  Energy efficiency and current harmonics 

The stator current of the RMS and the total harmonic distortion (THD) were examined within the load 

range. In the case of nominal torque, PIRL kept current THD at 4% or less, as compared to fixed amplitude 

and standard RL controllers at 7% and 5%, respectively. The reduced harmonic content is because of reduced 

amplitude transitions of voltage, which are learned by the agent. The energy saving of about 1.8 % on a typical 

duty cycle caused by the reduction in RMS current was significant because it allowed continuous operation in 

low-voltage e-mobility applications. 

 

 

  
 

Figure 4. Comparison of reward convergence between 

standard RL and physics-informed RL agents 

 

Figure 5. Rotor position estimation comparison 

among fixed amplitude, RL, and PIRL controllers 
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Table 2. Comparative performance metrics 
Controller Rms position error (°e) Torque ripple (%) Added loss (w) Learning episodes Convergence time (s) 

Fixed 2 V amplitude 2.9 6.5 8.4 – – 
Heuristic adaptive 2.1 4.8 7.5 – – 

Standard RL 1.4 3.0 6.9 4 800 2 300 

Proposed PIRL 0.95 2.3 6.1 2 600 1 400 

 

 

4.5.  Summative on quantitative improvements 

Figure 7 is comparing % improvements with the suggested method and the baseline techniques. The 

best of them is the increased convergence of learning, the higher accuracy of low-speed estimating, and the 

lower torque ripple. Such quantitative findings substantiate that the incorporation of physical knowledge in the 

reinforcement learning reward results in a self-evolutionary control policy that adapts to the operating 

conditions whilst observing the underlying motor physics. 

An analysis of the phase current at 100 rpm determined that the proposed controller removes high-

frequency components caused by injection by using a fast Fourier transform. The present THD dropped to 7% 

(fixed) and 5% (standard RL) to 3.8% (PIRL). The harmonic spectrum in relation to the fundamental is 

presented in Figure 8 as a normalized spectrum. 

 

 

  
 

Figure 6. Torque waveform comparison under 

parameter variation and noise 

 

Figure 7. Summary bar chart of % age 

improvements in key performance indices for 

PIRL over baseline methods 

 

 

 
 

Figure 8. Current harmonic magnitudes 

 

 

5. DISCUSSION 

Motor physics learning as a part of reinforcement learning essentially alters the exploration and 

learning of optimal control solutions to encoderless PMSM drives by the agent. The physics-informed 

reinforcement learning (PIRL) method, which imposes the stator voltage model residual on the reward, restricts 

exploration to be physically consistent operating regimes; this ensures that learning will be stable and converge 
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more quickly than traditional reinforcement learning (RL). The agent is a real-time adaptive controller that 

increases the injection amplitude in response to low speeds to maintain signal-to-noise ratio and decreases the 

injection amplitude when heavily loaded to minimize the losses incurred to reach levels of expert-level tuning 

behavior without human intervention. Compared to fixed or heuristic controllers, the suggested approach has 

fully adaptive performance with no pre-determined maps or calibration, but can be easily interpreted and data-

sparse by using its physics-informed reward. Unlike the online adaptation of the evolutionary algorithms based 

on offline searches, PIRL converges the online adaptation in about 40% the time, and the computation of 

physics-residual incursion takes only about 5 % of the overall time. The framework is very robust to changes 

in parameters and noise since the physics penalty is continuously monitored to maintain consistency between 

measured and predicted electrical quantities, which results in the resistance or inductance drift being corrected 

immediately, as well as maintaining a level of inverter safety margin. In practice, the technique offers a feasible 

path to self-tuning control over extra-low-voltage cases like e-bikes, scooters, and robotic actuators, which 

have less laborious calibration requirements and are more energy-efficient. The trained policy generates 

forward inference in approximately 18 µs using a 150 MHz DSP and is feasible in a current-control cycle of 

only 100 µs, making it practical on most embedded systems. In addition to amplitude adaptation, the identical 

framework can be generalized to co-optimize injection frequency, torque, and flux control or be integrated into 

the setup of a digital twin to facilitate prediction-adaptation and never-ending improvement. Explainable-AI 

tools, coupled with others, might help to increase transparency and trust in the industry. All in all, physical 

insight in reinforcement learning transforms model-based and data-driven paradigms by facilitating efficient, 

robust, and real-time adaptive control in the next generation sensorless PMSM drives. 
 

 

6. CONCLUSION AND FUTURE WORK 

This paper demonstrated a physics-informed reinforcement learning (PIRL) architecture of adaptive 

operation of high-frequency injection amplitude control in encoderless low-voltage PMSM drives. The article 

dealt with the old problem of finding the correct amplitude of injection at varying speeds, loads, and 

uncertainties in parameters a problem that directly relates to position estimation accuracy, torque ripple, and 

energy efficiency in extra-low-voltage systems. 

The proposed approach limited the reinforcement learning rewards function, with the PMSM voltage 

equations embedded, to physically consistent operating regions. This integration successfully regularized 

exploration and made actions infeasible as well as convergence to be rapid and more stable than purely data-

driven reinforcement learning methods. The use of simulation established that the PIRL controller incurred a 

considerable decrease in torque ripple in addition to increasing the accuracy of position estimation in low speed 

and stability to parameter drift and noise in measurements. 

Although these are positive results, the current research is confined to the validation of simulation-

based validation. There are other factors that may affect practical implementation, including ADC quantization, 

non-linearities of inverters, PWM resolution, and constraints of real-time computation, but these were not 

explicitly modelled. Moreover, the learning process presupposes fairly precise initial motor parameters in the 

training that can influence generalization in actual hardware conditions. 

The next stage of work will be carried out in the experimental validation with the use of a 48 V PMSM 

prototype to prove the feasibility of the work in real time and its strength. Other areas of future research are 

combining optimization of the injection amplitude and frequency, the inverter non-linear models, and exploring 

enhanced learning approaches, like explainable reinforcement learning, to increase transparency and industrial 

acceptance. The suggested framework can be applied to other electric drive systems as well, induction and 

switched-reluctance machines. 
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