
 

African Journal of Advanced Pure and Applied 

Sciences (AJAPAS) 
Online ISSN: 2957-644X 

Volume 5, Issue 3, 2026 

Page No: 432-447 

Website: https://aaasjournals.com/index.php/ajapas/index 

ISI 2025: 1.126 SJIFactor 2024: 6.752  :1.62معامل التأثير العربي 
 

432 | AJAPAS: Copyright: © 2026 by the authors. Submitted for possible open access publication under the terms and conditions of 

the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/). 

Guarded Two-Time-Scale UKF and Adaptive NMPC for Voltage-

Disturbance Rejection in PMSM Drives 

 
Salah G. Abokhatwa  *,  

  Department of Electrical and Computer Engineering, Faculty of Engineering-Garaboulli, El 

Mergib University, Al Khums, Libya 

 

  يخط غير، ذو المقياسين الزمنيين والمزوّد بآلية حماية، مع التحكم التنبؤي UKFنوع  مرشح كالمان

 المتكيف لرفض اضطرابات الجهد في منظومات قيادة المحركات المتزامنة ذات المغناطيس الدائم 

 
   *  صلاح جمعه ابوخطوه

 ليبيا ، الخمس، جامعة المرقب، القره بوللي  –كلية الهندسة ، الكهربائية والحاسوبقسم الهندسة   

 
*Corresponding author:  sgabokhatwa@elmergib.edu.ly 

Received: June 10, 2026 Accepted: September 02, 2026 Published: September 15, 2026 
Abstract: 

Nonlinear model predictive control (NMPC) of permanent magnet synchronous motor (PMSM) drives depends 

on accurate state estimates and an accurate internal motor model. Slow changes in motor parameters and rapid 

inverter voltage disturbances can produce similar residuals in the measured currents. Therefore, an unrestricted 

augmented estimator misinterprets an actuator disturbance as a change in flux linkage or load torque. This 

leaves the controller with a biased prediction model. This paper coordinates a guarded two-time-scale unscented 

Kalman filter (UKF) with adaptive constrained NMPC. A two-level test based on the dq-axis current 

innovations identifies and confirms an electrical event candidate before enabling disturbance cancellation. The 

candidate logic protects the slow flux-linkage and load-torque estimates, while a confirmed event increases the 

update authority for the voltage-disturbance states. The NMPC system updates the motor model while 

maintaining flux and load torque values at a detected electrical event. Tightened constraints ensure that some 

inverter capacity remains available to correct the rated voltage error without exceeding the voltage limit. 

Sensitivity analysis indicates that voltage and flux errors can produce similar current responses. Deterministic 

simulations and 30 paired Monte Carlo trials confirm the overall performance. Compared with adaptive NMPC, 

the proposed controller reduces the mean speed RMS error by 33.8%, the error during the disturbance interval 

by 79.8%, and the RMS current by 31.1%. The results show that protecting the slow states improves error 

attribution and that disturbance cancellation after event confirmation is the main source of improved tracking. 

 

Keywords: permanent magnet synchronous motor; nonlinear model predictive control; unscented Kalman filter; 

disturbance estimation; parameter adaptation. 

 لخص الم

تحكم التنبؤي الغير خطي في المحركات المتزامنة ذات المغناطيس الدائم على دقة تقدير الحالات والنموذج الداخلي يعتمد ال

بواقي) العاكس  في جهد  السريعة  المحرك والاضطرابات  معاملات  في  البطيئة  التغيرات  تولد  وقد  (   residualsللمحرك. 

غير المقيد إلى تفسير اضطراب الجهد على أنه تغير في الفيض أو عزم   متشابهة في التيارات المقاسة، مما قد يدفع المرشح

( كالمان   مرشح  تنسيق  الدراسة  هذه  تقترح  التنبؤ.  نموذج  دقة  فتتأثر  المقياس UKFالحمل،  ثنائي  المحمي  الخطي  (غير 

من مستويين اختباراً  المرشح  يستخدم  قيود جهد مشددة.  ذي  تكيفي  غير خطي  تنبؤي  تحكم  مع  ابتكار    الزمني  على  مبنياً 

المحتمل  الحدث  مرحلة  تحمي  الاضطراب.  إلغاء  تفعيل  قبل  تأكيده  ثم  محتمل  كهربائي  حدث  لتحديد  المحورين  تياري 

ويحدث  التحديث.  على  الجهد  اضطراب  حالات  قدرة  التأكيد  مرحلة  تزيد  بينما  البطيئة،  الحمل  وعزم  الفيض  تقديرات 
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التق باستخدام  التنبؤ  القيود.  المتحكم نموذج  بتشديد  المحجوز  الهامش  إلغاء محدوداً ضمن  ثم يضيف جهد  المحمية،  ديرات 

جرى تقييم الطريقة بمحاكاة ، وتحليل حساسية ، وثلاثين تجربة مونت كارلو مقترنة. بالمقارنة مع التحكم التكيفي، انخفض  

بنسبة   السرعة  خطأ  مربع  لمتوسط  التربيعي  الجذر  السرعة  33.8متوسط  وخطأ  بنسبة %،  الاضطراب  فترات  خلال 

الفعالة للتيار بنسبة  79.8 البطيئة 8.2%. ارتفع جهد الذروة بنسبة  31.1%، والقيمة  النتائج أن حماية الحالات  %، وتبين 

 تحسن إسناد الخطأ، وأن إلغاء الاضطراب بعد تأكيد الحدث هو المصدر الرئيس لتحسن التتبع.

التحكم التنبؤي الغير خطي؛ مرشح كالمان غير الخطي؛ تقدير   المحرك المتزامن ذو المغناطيس الدائم؛الكلمات المفتاحية:  

 . الاضطراب؛ تكيف المعاملات

1. Introduction 

Permanent magnet synchronous motors (PMSMs) are used in several applications because of their high torque 

density and fast dynamic response. Accurate control remains challenging because motor dynamics are nonlinear, 

machine parameters may change during operation, and the applied load torque is often unknown. Model 

predictive control (MPC) is well suited to these conditions because it predicts the motor response while 

considering control objectives and operating limits. Researchers have developed several MPC structures for 

PMSM drives, including finite-control-set, direct-speed, short-horizon, and continuous-control-set methods[1-

3].   

MPC accuracy highly depends on the prediction model. Any changes in motor parameters and load torque can 

reduce this accuracy. Inverter nonlinearities may also cause the applied voltage to differ from the commanded 

value. The predicted currents and speed may then deviate from the measured response. Robust MPC limits the 

effect of parameter errors [4], while online identification updates the model as machine parameters change 

gradually [5]. However, identifying the source of an error becomes difficult when several unknown quantities 

produce similar current changes. For example, an inverter-voltage error may cause the estimator to alter the 

magnet flux-linkage estimate even though the actual flux linkage has not changed [6]. Kalman filter methods 

have been used to estimate speed, flux linkage, and load torque [7], and UKF estimates have also been included 

in predictive PMSM control [8]. Partial-update filtering provides further protection by allowing measurements 

to correct only the states they can reliably support [9]. 

Model-free and ultra-local predictive controllers handle uncertainty differently. These methods represent 

unknown effects using a single disturbance estimate obtained from measured inputs and outputs [10-13]. The 

estimate can help compensate for parameter mismatch, inverter nonlinearities, and unmodeled dynamics. 

However, it cannot determine whether the mismatch comes from magnet flux linkage, load torque, or inverter-

voltage error. 

Existing methods usually handle fast and slow disturbances in different parts of the controller. For rapid voltage 

changes, the method in [14] corrects each candidate voltage vector before switching, while [15, 16] use 

dedicated observers for fast disturbances. They treat slower changes through the motor model. The method in 

[17] reduces current-prediction dependence on flux-linkage and uses a separate observer for inductance error. 

References [18, 19] update the motor model over longer periods as its parameters change. This separation keeps 

rapid electrical disturbances and gradual parameter variations in different estimation paths. 

Previous studies place adaptation and compensation at different points in the PMSM control loop. In [20], a 

sliding-mode controller handles rotor motion, and predictive control regulates the electrical variables. Reference 

[21] uses a recurrent neural network to adapt the controller online. In [22], a Luenberger observer provides the 

compensation. The method in [23] updates the linear prediction model during operation. The control strategy 

used for PMSM in [24-26] estimates disturbances within or alongside the MPC calculation. These structures 

distribute estimation and control tasks across several elements. However, a problem arises when a single 

augmented nonlinear estimator uses the same current measurements to track both slow physical quantities and 

fast actuator disturbances. Under these conditions, a voltage event may shift the slow estimates away from their 

physical values.  

The UKF propagates sigma points through the nonlinear motor model and does not require a Jacobian at each 

step [27, 28]. However, its measurement update still relies on the innovation. If the same current residual can be 

explained by either slow parameter changes or a fast voltage disturbance, the filter may update the wrong state. 

The method in [29] uses a normalized innovation squared (NIS) threshold to pause parameter updates during a 

disturbance. The two-stage UKF in [30] estimates the plant states and an unknown input separately. Once 

estimated, the disturbance can be included in the voltage command calculated by MPC [31]. This correction 

uses part of the inverter's voltage capacity. By tightening the nominal voltage constraint, the NMPC keeps its 

command below the inverter limit and leaves some available voltage for disturbance correction [32, 33]. A 

single-event decision protects the slow estimates and determines when the controller can use this reserved 

voltage.  

An isolated current residual is not sufficient to confirm a change in the inverter voltage command. The proposed 

guard therefore separates initial detection from confirmation. Crossing the lower threshold protects the most 



434 | AJAPAS: Copyright: © 2026 by the authors. Submitted for possible open access publication under the terms and conditions of 

the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/). 

 

recent reliable flux-linkage and load-torque estimates, while the UKF continues to update the voltage-

disturbance states.  The disturbance is confirmed only when the residual remains high for the required number 

of samples or exceeds the higher threshold. The filter then allows the voltage-disturbance estimates to respond 

faster, and the adaptive NMPC adds a bounded correction using the inverter margin reserved by the tightened 

voltage constraint. The protected slow estimates remain in the NMPC model throughout the event. 

The main contribution is a two-stage decision shared by the estimator and the controller. When a voltage 

disturbance is first detected, the estimator holds the slow physical estimates and keeps cancellation inactive, 

preventing a single unusual residual from triggering a control action. Once the event is confirmed, the controller 

compensates for the estimated disturbance while keeping the applied voltage within the inverter limit.  

The proposed method is evaluated using estimator replay, controller ablation, local sensitivity analysis, and 

paired Monte Carlo simulations. The estimator replay compares an unguarded augmented UKF, an NIS-

scheduled augmented UKF, and the proposed guarded two-time-scale UKF.  Tracking performance is reported 

using speed RMSE, speed IAE, and disturbance-window RMSE, while paired statistical tests examine whether 

the observed differences remain consistent across trials.  

 

2. PMSM Model and Estimation Problem 

Figure 1 shows the overall PMSM drive considered in this study. The guarded adaptive UKF estimates the 

motor states and disturbances, while the NMPC uses these estimates to calculate the voltage commands. 

 

 

Figure 1. Overall structure of the proposed guarded adaptive UKF and NMPC scheme for the PMSM drive. 

 

2.1 Nonlinear dq model 

The PMSM is represented in the rotor-oriented dq frame [34]. Mechanical speed is , Electrical speed is , 

and  denotes the number of pole pairs. The commanded voltage is . A matched disturbance 

 represents inverter nonlinearity, voltage loss, and other errors that enter the plant through the 

same channels as the commanded voltage. The continuous-time dynamics are 

 

   (1) 
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The electromagnetic torque is 

   (2) 

Here, , , and  are the stator resistance and dq inductances,  is the magnet flux linkage,  and  are the 

mechanical coefficients, and  is the load torque. The measured output is , where  

is zero-mean measurement noise with covariance . The guard developed in Section 3 uses only the current-

innovation subvector; a change in the speed reference is not, by itself, evidence of an electrical event. A fourth-

order Runge-Kutta (RK4) map yields the discrete process model [35]. 

   (3) 

The term  represents process and model uncertainty. The plant and the controller use the same continuous 

equations but different numerical integration settings, as specified in the simulation design. 

2.2 Slow and fast augmented states 

The UKF state is 

   (4) 

The current components describe fast electrical dynamics. Magnetic flux linkage and load torque typically 

evolve more slowly, whereas an inverter-voltage disturbance may change within a single electrical event. 

Around a nearly constant-speed operating point, the leading q-axis perturbation is 

   (5) 

Equation (5) shows that the same current increase can result from either a positive voltage disturbance or a 

decrease in magnet flux linkage. Therefore, the current measurement gives the UKF no clear basis for 

distinguishing between these two causes. The guard uses the rate at which the residual develops to resolve this 

ambiguity. When a large residual appears quickly and passes the event test, the filter treats it as a possible 

electrical disturbance. It then holds the flux-linkage and load-torque corrections and uses the current residual to 

update the voltage-disturbance states. 

 

3. Guarded Two-Time-Scale UKF 

3.1 UKF recursion and event evidence 

The estimator uses a scaled UKF with fixed sigma-point parameters [27, 28]. It propagates the sigma points 

through the augmented nonlinear model and then computes the predicted state and covariance from the weighted 

moments of the sigma points. The measurement update is 

   (6) 

Here, ŷk
− is the weighted mean of the transformed measurement sigma points, Sk is their predicted covariance 

including the measurement covariance R, and Pξy,k is the predicted state-measurement cross-covariance. 

The base process covariance  and measurement covariance  remain fixed. The effective process covariance 

also includes the operating-point-dependent term defined in Section 3.2. When the guard confirms an electrical 

event, it adds a prescribed variance only to the two voltage-disturbance states. As a result, their predicted  

uncertainty increases, so the current innovation updates the disturbance more quickly. No innovation-based 

adaptation is applied to  or . 

Only the current channels activate the guard. Let  and let  denote the corresponding 

innovation-covariance block. The guard uses the normalized innovation squared (NIS), which measures the 

innovation relative to its predicted covariance [29, 36]. The current-only NIS is calculated as  

 

   (7) 

 

The event logic uses two thresholds. An ordinary event must exceed  for  consecutive samples, whereas an 

innovation above the higher threshold  is confirmed immediately: 
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   (8) 

 

Here,  is the indicator function and  is the binary confirmation signal. The lower threshold  requires the 

current NIS to remain high for  samples. The higher threshold  confirms an event based on the current 

sample alone. An isolated NIS value between the two thresholds does not trigger cancellation, which limits the 

effect of an occasional noise spike. 

 

3.2 Process-covariance contribution from unestimated parameters 

The simulated plant includes uncertainty in , , , , and , but these five quantities are not included in the 

UKF state. We account for their local one-step effect through a covariance term. Let  and 

let  contain the sensitivity of the RK4 state map to these parameters. Its th column is evaluated 

about the nominal parameter vector  using the centered difference 

 

 
where  is the finite-difference step and  is the th unit vector. For independent parameters distributed as 

, the half-width  gives . Using the first-order law of uncertainty 

propagation [37], the corresponding one-step covariance is 

   (9) 

Equation (9) provides a local approximation of how uncertainty in the unestimated parameters affects the one-

step state prediction. The  result is inserted into the electrical and mechanical state block of the augmented 

process covariance; the rows and columns for , , and  receive no contribution from this term. Each 

Monte Carlo run uses a fixed parameter realization drawn at the start of the run, whereas the UKF receives only 

 and the prescribed uncertainty widths. Thus,  represents the effect of unknown but fixed parameters 

and does not imply that the plant parameters are redrawn at every sample. 

 

3.3 Guarded slow-fast update 

The guard does not determine the physical source of a residual from current data alone. Instead, it uses the 

expected rate of change for each state. A slowly developing residual remains available for the flux-linkage and 

load-torque updates. A large or persistent current residual triggers an electrical-event candidate, and the filter 

then sets the innovation corrections for  and  to zero. The voltage-disturbance states continue to update. 

Cancellation remains disabled until the event satisfies (8). 

After confirmation, the slow-state corrections remain blocked, and the added disturbance-state variance lets  

follow the event more quickly. This operation changes which state means can receive the innovation; it does not 

remove the voltage disturbance from the motor-state prediction. The estimated currents and speed still evolve 

through the full plant model, including . 

Outside an active or retained-candidate interval, the disturbance mean and covariance decay together: 

   (10) 

 

When the confirmation signal in (8) becomes one, the state machine sets the active-mode flag gk to one. This 

latched flag, rather than a single-threshold result, enables the cancellation command in (15). 

The confirmed mode remains active for at least the prescribed dwell time. It is released when both the current 

NIS and the magnitude of  fall below their respective release levels. A timeout ends an unusually long 

activation, and a cooldown interval prevents an immediate ordinary-threshold retrigger. When no candidate or 

confirmed event is present, (10) sets the inactive disturbance estimate and its covariance to zero. 

The current-innovation test moves the method through the normal, candidate, confirmed, and recovery stages. 

Table 1 summarizes the corresponding actions of the UKF and NMPC at each stage. Figure 2 presents the 

overall estimator–controller architecture. 
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Figure 2. Proposed guarded UKF–adaptive NMPC architecture. 

 

Algorithm 1 summarizes the guarded UKF update at each sampling instant. 

Algorithm 1. Guarded two-time-scale UKF update 

Step 1: Propagate the sigma points with  and calculate the predicted state, covariance, current 

innovation, and innovation covariance. 

Step 2: Calculate the current-only NIS and evaluate the confirmation signal in (8). 

Step 3: At the first ordinary crossing, retain the predicted values of  and , continue the voltage-disturbance 

update, and keep cancellation disabled. 

Step 4: After confirmation, set the active-mode flag, keep the two slow-state innovation corrections at zero, and 

add the event variance to the d- and q-axis disturbance block. 

Step 5: After the minimum dwell, release the event when both release tests are satisfied; otherwise, apply the 

timeout and cooldown rules. 

Step 6: In normal mode, apply the inactive-state decay in (10) and return the state, parameter, disturbance, and 

mode estimates. 

 

Table 1. Event-governed estimator and controller decision sequence 

Mode Evidence and decision Estimator action Controller action 

Normal 
The current NIS is below both 

event conditions. 

Update all states; apply the 

inactive decay in (10). 
Set . 

Candidate 

The ordinary threshold is 

crossed once, but the 

confirmation condition in (8) is 

not yet satisfied. 

Hold  and ; retain the fast-

state update. 
Keep . 

Confirmed 

The confirmation signal is set by 

an emergency crossing or by the 

required consecutive ordinary 

crossings. 

Keep the slow corrections at 

zero, add the event variance to 

the disturbance block, and set 

active mode. 

Apply the limited 

cancellation term in (15). 

Recovery 

The dwell time has passed, and 

both release tests are met; the 

timeout handles a long event. 

Restore normal slow-state 

correction and decay the inactive 

 states. 

Disable cancellation and 

begin the cooldown 

interval. 
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4. Adaptive NMPC and Command Allocation 

4.1 Online model update and optimization problem 

The controller augments the physical state with an integral state, giving . The integral state 

accumulates speed error within the bounds  and : 

 

   (11) 

 

The estimated flux linkage and load torque update the prediction model and its equilibrium target. For , 

   (12) 

 

At each sample, define  and . To avoid confusion with the UKF process covariance, 

 denotes the NMPC state-weighting matrix. Following the standard finite-horizon NMPC formulation [38], 

the optimization problem is 

 

   (13) 

The predicted dynamics and feasible set are 

   (14) 

 

The terminal matrix  is obtained from the discrete Riccati equation of the linearized augmented model [38]. A 

strongly penalized slack variable softens only the current constraint. 

4.2 Confirmed cancellation and constraint reserve 

Let  denote the inverter voltage limit. Following the constraint-tightening principle [32, 33], the nominal 

NMPC uses the smaller bound , leaving  available for corrective action. After the guard 

confirms an event, the estimated voltage disturbance is included as a bounded correction to the nominal MPC 

command [31]. If  limits a vector to magnitude , the cancellation command is 

   (15) 

The final command first combines the NMPC and cancellation terms. The physical magnitude and slew-rate 

projections are then applied: 

   (16) 

The operator  limits the change in the command relative to the previous input. The reserve 

does not alter ; it only prevents the nominal optimizer from using the voltage required for a confirmed 

correction. The construction respects the stated physical limit in the tested simulations, but it does not provide a 

tube-MPC or invariant-set guarantee.  

Algorithm 2 summarizes the adaptive NMPC calculation and final voltage-command allocation. 

 

Algorithm 2. Adaptive NMPC with confirmed disturbance cancellation 

Step 1: Read the motor-state estimate, protected slow estimates, voltage-disturbance estimate, confirmation flag, 

and previous command. 

Step 2: Update the prediction model and equilibrium target, then solve (13)-(14) with the nominal voltage 

bound. 

Step 3: If , calculate the cancellation term from (15); otherwise, set . 

Step 4: Form the final voltage command and apply the magnitude and slew limits in (16). 

Step 5: Apply the command and warm-start the next optimization with the shifted solution. 

The candidate mode protects the slow estimates while the guard collects a second sample, but it cannot change 

the applied voltage. Only the confirmed mode passes  to the cancellation path. This ordering prevents a 

single moderate residual from reaching the voltage command. 
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5.1 Plant, events, and numerical settings 

In this simulation, the NMPC problem is formulated in CasADi [39] and solved using Ipopt [40]. The 

simulation lasts 3 s. After startup, the speed reference takes the values 80, 190, and 130 rad/s. The magnet flux 

linkage begins a 22% exponential decrease at 0.75 s. Load torque changes from 0.10 to 0.75 N·m at 1.10 s and 

then to -0.25 N·m at 2.30 s; stator resistance increases by 55% at 1.50 s. The plant also receives three matched 

voltage disturbances:  V from 1.40 to 1.55 s, a 35-Hz ripple with d- and q-axis amplitudes of 10 and 

8 V from 1.72 to 1.92 s, and  V from 2.48 to 2.63 s. All controllers use the same measurement-noise 

realization. Table 2 lists the nominal plant, estimator, and controller parameters used in simulation. 

 

Table 2. Nominal plant, estimator, and controller settings used in simulation 

Quantity Tested value Quantity Tested value 

, ,  
0.10 , 1.5 mH, 1.8 

mH 
,  0.10 Wb,  kg·m² 

, pole pairs 8×10−4 N·m·s, 4 
Sample time; RK4 substeps 

(plant/controller) 
1 ms; 5/1 

Prediction horizon  15 Integral-state bounds  

  , ,  
, , 

2000 

Physical voltage/current 160 V / 45 A Nominal voltage/current 128 V / 40 A 

Voltage reserve 32 V Slew limit 45 V/sample 

Ordinary/emergency NIS 

gates 
25 / 500 Ordinary confirmation 2 samples 

Dwell/timeout/cooldown 20 / 300 / 100 ms Release levels 
NIS 1.0 / disturbance 1.2 

V 

Active disturbance variance 0.5 V²/sample Inactive decay  0.35 

Terminal matrix DARE solution 
Slowest terminal-pole 

magnitude 
0.998833 

 

Three controllers are tested side by side under the same conditions.  Fixed NMPC uses the nominal motor 

parameters. Adaptive NMPC updates flux linkage and load torque with an unrestricted augmented UKF but 

does not cancel voltage disturbances or reserve voltage for correction. The proposed controller protects the slow 

estimates during electrical events, cancels confirmed voltage disturbances, and reserves voltage for this action. 

If the solver cannot find a feasible solution, the controller applies the last feasible command.  

 

5.2 Ablations, sensitivity study, and Monte Carlo design 

The estimator replay starts with an unrestricted joint UKF. Four cumulative variants then add event-based 

variance scheduling, slow-mean protection, covariance conditioning, and the full activation lifecycle. Each 

variant processes the same stored measurements. A separate controller ablation compares adaptive NMPC (A), 

tightening only (T), cancellation only (C), and cancellation with tightening (C+T), while the guarded UKF 

remains unchanged.  

 Local identifiability is examined by varying the rise times of a flux-linkage change and a q-axis voltage 

disturbance. Let  collect the simulated current samples, and let  and  denote the corresponding change 

amplitudes. The sensitivity matrix is . Normalize its columns before computing the 

condition number and absolute correlation. A large condition number, or a correlation close to one, means that 

the two current signatures provide little independent information. 

The statistical study uses 30 paired Monte Carlo runs with seeds 200-229. Motor parameters vary independently 

within  of their nominal values, the flux scale within , load and disturbance amplitudes within 



440 | AJAPAS: Copyright: © 2026 by the authors. Submitted for possible open access publication under the terms and conditions of 

the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/). 

 

, and noise scales within . The adaptive and proposed controllers receive the same parameter and 

noise realization for each seed. Their paired difference therefore removes the variation shared within that run. 

 

5.3 Evaluation measures and statistical interpretation 

Tracking, estimation, and covariance consistency are reported separately. For a scalar state , the estimation 

error is ; the speed-tracking error is . Over the sample set , the root-mean-

square error (RMSE) and integral absolute error (IAE) are 

   (17) 

 

The full-record tracking set begins 0.25 seconds after startup. The disturbance set contains only the three input 

voltage event windows. Therefore, the root mean square error (RMSE) for the disturbance window is a velocity-

tracking measure evaluated only during these windows; it is not a voltage-estimation measure. The RMS uses its 

own estimation errors to correlate flux, load torque, and voltage disturbance.   

 

For covariance-consistency analysis, the normalized innovation squared (NIS) and normalized estimation error 

squared (NEES) are compared with their corresponding chi-square confidence intervals [36]. The NIS compares 

the measured current residual with the covariance predicted by the UKF. It is the same statistic used by the 

guard in (7): 

   (18) 

For samples that exclude injected events and load transitions, a consistent two-current model gives  

and . The clean-sample mean and the percentage inside the central 95%  interval are reported. 

The event thresholds in Table 2 are much higher than this consistency interval because they are intended to 

detect actuator events, not ordinary stochastic variation. 

The NEES applies the same consistency test to the state-estimation error: 

 

   (19) 

 

For a state block of dimension , consistency gives  and approximately 95% coverage in the 

corresponding central  interval. The replay ablation uses all seven augmented states. The Monte Carlo 

summary uses only . NEES requires the true state, so it can be computed here from simulation, but an 

experiment would require an independent reference. 

For each Monte Carlo metric,  compares adaptive and proposed control within each run . The 

95% confidence interval for the mean paired difference is 

   (20) 

For an error or current metric, a positive interval favors the proposed controller. Treat peak voltage separately 

because a higher value represents a control-effort cost. 

 

6. Results and Discussion 

6.1 Deterministic NMPC comparison 

Figure 3 shows the speed responses and corresponding tracking errors for the three controllers. Although the 

speed trajectories in the upper panel appear similar, the lower panel shows clear differences across the three 

voltage events. Fixed and adaptive NMPC produce larger error excursions and take longer to recover. After the 

guard confirms each event, the proposed controller uses the estimated disturbance to correct the voltage 

command. This action reduces the tracking error and returns the speed to its reference more quickly, 

demonstrating the benefit of active disturbance cancellation.  
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Figure 3: Deterministic NMPC comparison. Top: speed trajectories. Bottom: speed-tracking error for fixed 

NMPC, adaptive NMPC, and the proposed controller. Vertical dotted lines mark the voltage-disturbance 

boundaries. 

 

Table 3. Deterministic NMPC performance and control effort 

Controller 

Speed 

RMSE 

(rad/s) 

Speed 

IAE 

(rad) 

Disturbance-

window RMSE 

(rad/s) 

RMS 

current 

(A) 

Peak 

current 

(A) 

Peak 

voltage 

(V) 

Fixed NMPC 1.4051 2.9579 1.6968 5.3659 14.377 94.44 

Adaptive NMPC 1.1441 2.1615 1.4613 4.4689 15.977 90.78 

Proposed 0.7528 1.2539 0.2911 3.0752 15.107 98.87 

 

The controllers differ most clearly during the three voltage disturbances shown in Figure 3. With adaptive 

NMPC, the speed RMSE reaches 1.5385 rad/s during the first voltage step and 1.8165 rad/s during the second. 

The proposed controller lowers these values to 0.3571 and 0.2777 rad/s, respectively. A similar reduction also 

appears during the ripple interval, where the RMSE decreases from 0.7348 to 0.2113 rad/s. Table 3 shows that 

the proposed correction improves tracking during both abrupt and oscillatory voltage disturbances. The 

reduction during the ripple interval indicates that the cancellation is effective for oscillatory disturbances and 

sharp voltage changes. The proposed controller also has the lowest tracking and disturbance errors. The peak 

voltage is higher than that of adaptive NMPC because the controller uses the reserved voltage margin to oppose 

the disturbance. The peak value remains below the inverter limit, confirming that the additional correction 

respects the physical voltage constraint. 

 

Figure 4 shows the estimated d- and q-axis voltage disturbances and the guard state over the full record. Away 

from the three injected events, the adaptive and guarded estimates remain close to zero. Each event is confirmed 

after 1 ms, and active mode covers 99.4% of the injected-event samples. All three events leave active mode 

through the normal release rule, with a mean release delay of 2.33 ms and a maximum of 3 ms. No activation 

occurs outside the prescribed voltage-event windows. The largest cancellation vector is 25.80 V, below the 32-V 

reserve. Flux-linkage and load-torque RMSE are  Wb and 0.0845 N·m, respectively. 

 

 



442 | AJAPAS: Copyright: © 2026 by the authors. Submitted for possible open access publication under the terms and conditions of 

the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/). 

 

 

Figure 4: Full-record d- and q-axis voltage-disturbance estimates and guarded-mode activity. Cancellation is 

enabled only after the current-innovation test confirms an event. 

 

6.2 Estimator and controller ablations 

In this replay, M accounts for almost all of the measured improvement. Adding C changes the post-event 

voltage-disturbance RMSE from 0.740 to 0.737 V. This 0.003 V difference is too small to appear in Figure 5, 

and the G result overlaps it. The three cases are therefore shown by one bar, with the exact values given in Table 

4. The selected event neither produces large covariance growth nor keeps the active mode engaged for long, so 

it does not test the additional safeguards in C and G. Speed RMSE also cannot settle the attribution question. 

Cancellation may keep the speed close to its reference even when the flux-linkage or load-torque estimate is 

biased. The state errors, NIS, NEES, and active-mode duration are used to detect this problem.  

For the selected event, M has already achieved the final replay accuracy. Adding C only changes the post-event 

voltage-disturbance RMSE by 0.003 V, and G doesn’t make any additional difference at the reported precision. 

Since the three bars would overlap in Figure 5, display only one, while Table 4 provides the exact values. This 

result means that the covariance and timing safeguards were not called upon during this replay. It does not show 

how they would behave during a longer event or greater covariance growth.  

Speed RMSE does not reliably indicate this estimation issue. Once cancellation is active, the controller can 

maintain the speed response even if the flux-linkage or load-torque estimate has shifted. To identify that case, 

you need the state errors, NIS, NEES, and active-mode duration. 
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Figure 5: Condensed estimator replay ablation. J: unrestricted joint UKF; E: NIS scheduling; M/C/G: the slow-

mean, covariance-conditioned, and complete-guard stages grouped because their results are equal to plot 

precision.  

 

Table 4. Exact estimator-focused replay results 

Variant 

Flux 

RMSE 

(mWb) 

Peak event-

window flux 

error (mWb) 

Post-event 

 RMSE 

(V) 

Full-state 

NEES 

Activation 

outside events 

(%) 

Joint UKF (J) 6.921 14.215 3.899 13.343 n/a 

NIS scheduling (E) 10.765 20.847 10.148 35.180 32.12 

Slow-mean protection (M) 0.248 1.189 0.740 3.858 0.16 

Mean/covariance (C) 0.248 1.189 0.737 3.867 0.16 

Complete guard (G) 0.248 1.189 0.737 3.867 0.16 

 

As listed in Table 4, most of the estimator’s improvement comes from slow disturbance protection (M), which, 

compared to E, decreases the flux RMSE from 10.765 to 0.248 mWb and reduces the full-state NEES from 

35.180 to 3.858. C changes the voltage disturbance RMSE by only 0.003 V, and G provides no improvement in 

this replay. Because the event does not stress the covariance or timing limits, the separate benefits of C and G 

remain untested. Disturbance attribution is therefore evaluated using the state errors, NIS, NEES, and active-

mode duration, rather than speed RMSE alone. 

The hardest case occurs when the flux-linkage and voltage-disturbance rise times are nearly equal, at 38.5 and 

37.3 ms, respectively. At this point, the sensitivity columns have a correlation of 0.999983, and the condition 

number rises to 345.368, the highest among the 675 cases. The current response then contains little information 

to separate the two errors. This result supports the assumed time-scale difference between a fast voltage 

disturbance and a slower parameter change.  

Figure 6 shows that cancellation improves tracking. Tightening alone has little effect because the nominal 

command does not reach its boundary. Its role is to reserve voltage for cancellation and to keep the final 

command within the inverter limit. 
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Figure 6: Controller ablation. A: adaptive NMPC; T: tightening only; C: cancellation only; C+T: cancellation 

with tightening. 

 

6.3 Paired Monte Carlo results 

Table 5 reports the 30 paired runs. The 95% confidence intervals for the adaptive-minus-proposed differences 

remain above zero for all error and current metrics. Mean speed RMSE decreases by 33.8%, disturbance-

window RMSE by 79.8%, and RMS current by 31.1%. Peak voltage increases by 8.2%, reflecting the extra 

control action applied during confirmed events. 

 

Table 5. Thirty-run paired adaptive-to-proposed Monte Carlo summary 

Metric 
Adaptive mean  

SD 

Proposed mean  

SD 

Paired difference [95% 

CI] 
Wins 

Speed RMSE (rad/s) 1.15  0.09 0.76  0.07 0.389 [0.352, 0.426] 30/30 

Speed IAE (rad) 2.17  0.16 1.27  0.09 0.904 [0.847, 0.961] 30/30 

Disturbance-window 

RMSE (rad/s) 
1.45  0.21 0.29  0.02 1.160 [1.087, 1.234] 30/30 

Maximum disturbance-

window error (rad/s) 
2.82  0.43 1.28  0.28 1.539 [1.439, 1.639] 30/30 

RMS current (A) 4.54  0.33 3.13  0.30 1.413 [1.293, 1.533] 30/30 

Peak current (A) 16.75  2.13 15.98  1.74 0.775 [0.397, 1.153] 27/30 

Peak voltage (V) 90.53  6.15 97.94  6.69 -7.413 [-8.150, -6.675] 0/30 
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Figure 7 shows the paired values for speed RMSE, disturbance-window RMSE, and RMS current. Every line 

slopes downward from adaptive to proposed control. The improvement is therefore repeated across all 30 

uncertainty and noise realizations. 

 

 

Figure 7: Paired adaptive-to-proposed values for all 30 Monte Carlo runs. 

 

All runs of the proposed controller remained within the current and voltage limits. The highest speed RMSE 

recorded was 0.9185 rad/s, while the highest disturbance RMSE was 0.3329 rad/s. Peak current and voltage 

reached 19.901 A and 111.44 V, respectively. The peak value of the disturbance was estimated at 30.02 V, 

leaving 1.98 V of unused reserve, and the event logic performed exactly as intended. 

Under normal operation, 94.24% of the current NIS values and 94.45% of the three-state NEES values stayed 

within the 95% confidence limits. Their means were also close to the expected values, showing that the UKF 

filter covariance was reasonably calibrated.  

The proposed controller found a feasible solution for all 90,000 optimization samples. Fixed NMPC failed once, 

whereas adaptive NMPC reached its iteration limit 191 times. The same performance trend remained when the 

comparison was limited to the 21 runs without an adaptive-NMPC failure. Mean solution times were 79.25 ms 

for fixed NMPC, 58.72 ms for adaptive NMPC, and 52.33 ms for the proposed method. These times are far 

above the 1 ms sampling period, so the present MATLAB/CasADi implementation is suitable only for offline 

analysis. Real-time operation would require a faster solver, a shorter horizon, or moving blocking. Another 

option is to run NMPC at a slower supervisory rate. 

Conclusion 

This study developed an event-governed estimation and control method for a PMSM to prevent fast inverter-

voltage disturbances from being interpreted as changes in flux linkage or load torque. When the current 

innovation indicated a possible event, the guarded two-time-scale UKF retained the last reliable estimates of 

these slow quantities. The adaptive NMPC used the same event decision and did not apply cancellation until the 

disturbance was confirmed. A tightened voltage constraint reserved sufficient inverter margin for the corrective 

voltage. 

Estimator replay showed that preserving the slow-state means mainly prevented voltage errors from being 

absorbed into the flux-linkage and load-torque estimates. After separating this estimation effect, the comparison 

of operation with and without cancellation showed that the corrective voltage improved speed tracking. The 

sensitivity calculation supported these findings by showing that voltage and flux-linkage errors produce very 

similar current responses near constant speed, making them difficult to estimate separately. 

The consistency of the results was examined through 30 paired Monte Carlo trials. Compared with the 

cancellation-disabled case, the proposed method reduced the mean speed RMSE by 33.8%, the disturbance-

window RMSE by 79.8%, and the RMS current by 31.1%. The corrective action increased peak voltage by 

8.2%, but it did not violate any current or voltage limits. These results indicate that the proposed coordination 

improves disturbance attribution and speed tracking under the tested simulation conditions. 

Future work will test the method on an experimental PMSM drive, including inverter switching effects, and 

investigate a faster NMPC solver that can meet the required sampling period. 
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