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DATA-DRIVEN LSTM-BASED CONTROL TO REPLACE PID
FOR UNKNOWN-MODEL ELECTRIC MOTOR SYSTEMS

Purpose. To develop and validate a data-driven control strategy that replaces the conventional proportional—inte-
gral—derivative (PID) controller with a long short-term memory (LSTM) neural network for motor speed regulation
in systems with unknown or complex dynamics.

Methodology. The proposed approach consists of three main stages: 1) operating the motor under a baseline PID
controller and collecting operational data (setpoints, measured speeds, and control signals); 2) training an LSTM
network to learn the mapping between historical setpoints, measured outputs, and the corresponding control actions
generated by the PID; 3) deploying the trained LSTM model in real time as a direct controller. The experimental
validation was performed on an embedded testbed comprising a fan motor, a PWM driver, an encoder, and an Ar-
duino Mega 2560, with the LSTM model trained in PyTorch and executed online.

Findings. The LSTM-based controller successfully tracks changing setpoints and produces smoother control sig-
nals than the baseline PID. It achieves comparable or better steady-state error and a stronger correlation between
control effort and motor velocity, while reducing oscillations in nonlinear operating regimes.

Originality. Unlike most prior works, where neural networks assist in PID tuning or provide state estimation, this
study demonstrates the direct substitution of PID with an LSTM controller trained solely on operational data, with-
out the need for explicit system identification or physics-based modeling.

Practical value. The proposed approach offers an effective solution for motor control in scenarios where system iden-
tification is infeasible, unreliable, or too costly. It is particularly relevant for low-cost embedded platforms and industrial
applications that require adaptive, data-driven control strategies capable of handling nonlinearities and time delays.

Keywords: LSTM, PID replacement, time-series modeling, motor speed control

Introduction. Controlling dynamic systems with un-
known or time-varying characteristics remains a central
challenge in industrial automation and robotics. In elec-
tric drives, particularly alternating-current (AC) ma-
chines such as induction motors (IMs) and permanent-
magnet synchronous motors (PMSMs), classical con-
trol design typically relies on mathematical models
whose accuracy is difficult to guarantee, especially on
low-cost or embedded platforms. In this context, the
proportional-integral-derivative (PID) controller is the
industry standard for speed/torque regulation due to its
conceptual simplicity, low computational cost, and
straightforward implementation. In well-defined oper-
ating regimes, PID controllers provide robust perfor-
mance, settling quickly with limited overshoot [1-3].

Despite their ubiquity, PID controllers are sensitive
to parameter variations, nonlinearities, and unmodeled
dynamics, all of which are common in AC motor drives
due to temperature-dependent resistances, magnetic
saturation, inverter nonlinearities, and load disturbanc-
es. Manual tuning (e.g., Ziegler-Nichols) and modern
auto-tuning/optimization procedures generally presup-
pose knowledge of plant dynamics or the ability to ap-
proximate them via step-response or frequency-domain
identification. However, when sensing is limited, and
the system behaves as a black box, these assumptions
break down. This can lead to degraded tracking, over-
shoot, or even instability under disturbances or changes
in operating point [2—4]. This situation motivates two
complementary lines of research:
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- enhanced PID-type approaches that improve ro-
bustness and adaptation;

- model-free/data-driven methods that learn control
behavior directly from operational data.

For induction motor speed control under scalar V/f
operation, fuzzy-augmented PID controllers have been
demonstrated to enhance stability, reduce overshoot,
and expedite response time compared with conventional
PID schemes. It maintains robustness under sudden
load-torque steps. In permanent magnet synchronous
motor (PMSM) drives, multilayer perceptron (MLP) _
based backpropagation schemes have been used to adapt
PID gains online. These enhance anti-interference ca-
pability, mitigate chattering, and improve speed/trajec-
tory tracking in systems subject to dynamic variations
and uncertain disturbances. Experimental results indi-
cate superiority over fixed-gain PID [5—7]. Collectively,
these results demonstrate that incorporating learning or
fuzzy logic into PID control enhances tolerance to un-
certainty while maintaining low cost and a relatively
simple implementation framework.

For PMSM speed control loops, optimization-based
meta-heuristic algorithms have been widely applied to
automate PID tuning and improve transient perfor-
mance. An improved quantum genetic algorithm
(IQGA) identified PID gains that yield faster and more
stable responses, eliminating overshoot and oscillations
across a range of operating conditions [8—10]. In trac-
tion drive studies, which were demonstrated on DC mo-
tors but are algorithmically transferable to AC drives,
Dandelion Optimization-based PID (DO-PID) outper-
formed Particle Swarm Optimization-based PID (PSO-
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PID), Firefly Algorithm-based PID (Firefly-PID), and
Tabu Search-based PID (TLBO-PID) in terms of over-
shoot, rise/settling time, disturbance rejection, and total
error [11]. Similarly, tailored PID designs in electric
power steering systems have achieved better overshoot,
settling time, and rise time while maintaining low com-
putational complexity and improved adaptability [12]. In
summary, optimization-based tuning improves transient
metrics and disturbance rejection; however, it still inher-
its the structural limitations of PID when plant charac-
teristics change significantly.

Beyond PID-centric strategies, robust controllers
such as sliding mode control (SMC) have been exten-
sively investigated. They are known to provide strong
disturbance rejection, zero steady-state error, and re-
duced sensitivity to uncertainties compared to conven-
tional PID implementations [2]. Fractional-order PID
(FO-PID) extends PID by introducing fractional inte-
gration and differentiation orders (A, p), thereby im-
proving robustness in complex, nonlinear, and time-
delay systems. FO-PID has been successfully applied
across domains, from servo drives to aerospace, illus-
trating enhanced resilience at the expense of additional
parameters and tuning complexity [3, 4]. For AC drives,
these methods offer significant robustness, but they can
also increase design effort and, in some cases, lead to
switching-related chattering or increased implementa-
tion demands.

Neural networks, particularly recurrent architec-
tures, enable the direct learning of dynamic behaviors
from time-series data. LSTM networks have been used
to estimate rotor speed and load torque in induction-
motor electric-vehicle scenarios. These networks main-
tain favorable estimation accuracy under linear and step
load-torque changes, as well as in uni- and bi-directional
operation. Further fine-tuning improves accuracy |13,
14]. However, performance can degrade due to varia-
tions in stator/rotor resistance, underscoring the need
for robustness against parameter drift. In current predic-
tion tasks, LSTMs have shown robustness to parameter
changes and effective noise filtering, especially when
trained and tested at the same high sampling frequency.
However, increasing the number of LSTM cells has
yielded only modest improvements in accuracy [15, 16].

Integrating an LSTM into a data-driven model pre-
dictive current control (DD-MPCC) system for synchro-
nous machines results in a faster dynamic response than
LTI-model-based controllers. The performance is com-
parable to that of nonlinear MPC with detailed physics
models, while reducing the effort required for modeling
and the amount of prior knowledge needed [17, 18].

In motor condition monitoring, LSTM outperforms
classical methods, such as Support Vector Regression,
in predicting single-step mechanical states (e.g., bear-
ings). It achieves substantially higher accuracy without
expert-crafted features by extracting temporal patterns
directly from sensor data [19—21]. These studies dem-
onstrate that LSTMs can capture temporal dependen-
cies, filter noise, and reduce the modeling burden.
However, they also reveal three practical caveats:

- dependence on high-quality, task-relevant data;

- sensitivity to parameter variations if not addressed
during training;

- greater computational demand than fixed-gain PID.

Furthermore, much of the prior work focuses on es-
timation/augmentation or simulation/hybrid setups
rather than replacing the control law entirely in real-
time AC drives.

Although PID remains the dominant method for
controlling AC motors due to its robustness and sim-
plicity, its performance degrades in the presence of un-
modeled dynamics and parameter drift. Enhanced PID
(e.g., fuzzy/learning-aided or optimization-tuned), ro-
bust nonlinear control (e.g., SMC), and FO-PID have
addressed some aspects of this issue by improving tran-
sient behavior, disturbance rejection, and robustness.
However, these methods often increase the burden of
tuning, parameterization, or implementation complexi-
ty. Many of these methods also require access to at least
approximate models or rich sensing capabilities. In con-
trast, data-driven approaches, such as exceptionally
long short-term memory (LSTM), offer a path to mod-
el-free control synthesis by learning directly from opera-
tional data. However, prior applications in motor drives
have primarily focused on estimation/prediction or
controller assistance rather than the complete substitu-
tion of PID in the loop.

Our approach targets AC motor speed control with-
out requiring explicit models. First, we operate the drive
with a baseline PID to collect control-relevant sequenc-
es (reference speed, measured speed, and control sig-
nals). Then, we train an LSTM to learn the mapping
from historical setpoints and speed measurements to the
control output. We deploy the trained LSTM as the on-
line controller, replacing the PID in real time without
requiring plant identification or reinforcement learning.

The purpose of this study is to develop and experi-
mentally validate a practical data-driven control strategy
for electric motor speed regulation in systems with un-
known, nonlinear, or difficult-to-model dynamics.

Specifically, this research aims to investigate whether
a Long Short-Term Memory (LSTM) neural network,
trained exclusively on operational input—output data
collected from a baseline PID-controlled system, can
directly replace the PID controller in a closed-loop con-
figuration without relying on explicit system identifica-
tion or physics-based modeling.

The objectives of this work are threefold: 1) to design
a systematic data acquisition procedure that captures
control-relevant temporal patterns from a black-box
motor system; 2) to construct and train an LSTM-based
controller that learns the mapping from historical refer-
ence and measured speed signals to the corresponding
control action; 3) to experimentally evaluate the real-
time performance of the proposed LSTM controller in
comparison with a conventional PID controller in terms
of tracking accuracy, control smoothness, and robust-
ness to nonlinear operating conditions.

Based on these objectives, the main contributions of
this paper are as follows: first, a systematic data collec-
tion procedure was developed to extract control-relevant
sequences from a black-box AC motor system operating
under a baseline PID controller. Second, an LSTM-
based control model was designed and trained to learn
the mapping between reference setpoints, measured
speed histories, and corresponding control signals. The
trained LSTM network was then deployed in a closed-
loop configuration to replace the conventional PID con-
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troller and regulate the motor speed in real-time. Ex-
perimental validation demonstrates that the proposed
LSTM controller’s tracking performance is comparable
to or superior to that of the PID controller across vari-
ous operating conditions, and that it does not require
explicit system identification.

Although Long Short-Term Memory (LSTM) net-
works have been extensively studied and widely applied
in time-series modeling and control-related tasks, the
scientific novelty of this work does not lie in the LSTM
architecture itself. Instead, the novelty resides in the de-
velopment and experimental validation of a practical,
model-free control framework in which an LSTM net-
work directly replaces the conventional PID controller
in a closed-loop motor speed control system, without
requiring explicit system identification, parameter esti-
mation, or physics-based modeling.

Unlike most existing studies, which primarily em-
ploy neural networks to assist PID tuning, estimate sys-
tem states, or serve as predictive models within hybrid
control structures, the proposed approach treats the
electric motor drive as a black box and learns the control
law solely from operational data generated by a baseline
PID controller. This direct substitution paradigm en-
ables rapid deployment in real-world systems with un-
known or highly complex dynamics, limited sensing,
and strong nonlinearities, which are common in low-
cost embedded motor drive applications.

Recent literature supports this perspective, indicat-
ing that scientific novelty in LSTM-based control no
longer lies in the network architecture itself, but rather
in how LSTM models are embedded within practical
control frameworks for systems exhibiting unknown,
nonlinear, or complex dynamics. Several studies have
demonstrated that LSTM networks can serve as direct
replacements for classical PID or PI controllers in
closed-loop control systems, without requiring explicit
system identification. For example, [22] reported that an
LSTM-based controller can act as a drop-in substitute
for a PI controller in an industrial wastewater treatment
process, achieving performance comparable to or supe-
rior to that of conventional controllers while avoiding
reliance on accurate mathematical models. Similar con-

cepts have also been reported in automotive and me-
chanical systems, where LSTM-enhanced control strat-
egies improve robustness under parameter uncertainties
and external disturbances [23, 24].

In the broader context of model-free and data-driv-
en control, LSTM networks have proven particularly ef-
fective in capturing long-term dependencies and non-
linear dynamics that are difficult to represent using tra-
ditional control-oriented models [19, 25, 26]. Studies
focusing on predictive control frameworks further illus-
trate that LSTM-based predictors can replace conven-
tional plant models in Model Predictive Control
(MPC), enabling stable and efficient control of ultra-
supercritical power units and robotic manipulators un-
der complex operating conditions [27—29]. These find-
ings reflect a clear shift from analytical modeling toward
learning-based dynamic representations, which pro-
vides the conceptual foundation for the novelty claimed
in this work.

Methodology. The experimental framework, as illus-
trated in Fig. 1, is designed to develop and validate a
data-driven controller for an electric motor with un-
known dynamic characteristics. The methodology con-
sists of three primary stages. Initially, a conventional
PID controller is tuned and employed in a closed-loop
system to regulate the motor’s speed. During this phase,
operational data, including the reference setpoint, mea-
sured system output, error, and the PID control signal,
is collected and stored. Subsequently, this dataset is
used for offline training of an LSTM neural network that
learns to map the system’s state history to the appropri-
ate control signal by mimicking the PID’s behavior. In
the final stage, the trained LSTM model is deployed to
the system, replacing the PID controller to perform re-
al-time, online control.

To execute this workflow, a specific experimental
testbed was constructed. The hardware consists of an
electric fan motor managed by a PWM-based chopper
driver, with a shaft encoder providing speed feedback.
An Arduino Mega 2560 serves as the real-time control
and acquisition unit, running the baseline PID control-
ler via its firmware and interfacing with a host computer.
The software toolkit on the host computer utilizes a Py-
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thon environment for data logging and processing. The
core machine learning component is built with the Py-
Torch framework to design, train, and validate the
LSTM model before deployment for online control.
This integrated setup ensures a seamless process from
physical data acquisition to the final deployment and
validation of the data-driven controller.

Let us consider a discrete-time control system with
unknown internal dynamics. The goal is to regulate the
system output y, € R, such as motor speed at time step 7,
to follow a desired reference (or setpoint) r, € R by gen-
erating an appropriate control input u, € R, typically
represented as a PWM duty cycle.

Rather than designing a controller based on an iden-
tified plant model, we propose a data-driven approach
using a Long Short-Term Memory (LSTM) network
trained to adapt the behavior of the electric motor sys-
tem. Our goal is to replace an existing PID controller
with an LSTM-based model. Table 1 describes our ap-
proach in detail.

Data collection and problem formulation. The system
is first operated under a traditional PID controller, dur-
ing which the relevant signals are recorded at each time
step t. Specifically, the reference setpoint », (in RPM),
the measured system output y, (in RPM), and the con-
trol signal u, generated by the PID controller (scaled to
0—100 %) are collected for subsequent analysis.

Each sample at time ¢is represented as a tuple x, = [r,,
¥, u,] € R®. We collect a dataset of such samples over T
time steps, where D = {x,, x,, ..., X7}.

To incorporate temporal information, we use a fixed-
length sliding window of size k + 1, and construct se-
quences of input-output pairs for supervised learning.
Each input sequence is defined as X, = [r,_y), Yi_i> s
y,] € R?*+D and the target output is

ur = fo(X,) = u,,

where Fj is the LTSM-based control function parame-
terized by learnable weight 0, and #, is the predicted
control signal.

Model architecture. The LSTM model is designed to
approximate the mappingf : R**D*2 5 R . It consists of:

1. An input layer that receives the sequence X, re-
shaped as a matrix with shape (k + 1) x 2, corresponding
to the setpoint and measured output at each time step.

2. LSTM layers that model the temporal relation-
ships in the data

h,= LSTM(X),

where h, € RY is the hidden state vector at the final
LSTM time step.

A fully connected output layer that maps 4, to the
scalar output as follows

u,=W.h +b.

With W e R'™?and b € R as trainable parameters.
Training procedure. The model is trained to mini-
mize the mean squared error (MSE) between the pre-

dicted output Zz, and the actual control signal u,

1.,
E(e):ﬁé(w ~u,)?,

where N is the total number of training samples.

The loss is minimized using stochastic gradient de-
scent with the Adam optimizer. Input sequences are
normalized using the training set mean and standard
deviation to ensure stable convergence.

Online deployment. After training, the LSTM model
is deployed as a real-time controller. At each time step ¢,
the system collects the most recent sequence of (r, y)
pairs, forms X,, and uses the model to compute the con-
trol signal as follows

Up < JoFi:)> Vioi:o)-

The computed control output #, is then sent as the
PWM command to the motor driver.

Experimental setup. The physical system employed in
this study consists of an electric fan motor driven by a
PWM-based chopper driver, an encoder for measuring
shaft speed, and an Arduino Mega 2560 microcon-
troller, which is responsible for signal acquisition and
real-time control. A PID controller is implemented
within the Arduino firmware to regulate system behav-
ior, while a host computer is utilized for data logging and
subsequent training of the LSTM model.

Data acquisition. During operation under PID con-
trol with parameters K, = 2.0, K;= 0.5 and K, = 0.01, the
system records the triplet x, = [r;, y,, 4] where r, is the
setpoint, y, is the measured output, and u, is the PID
output in percent PWM.

The dataset contains 7'= 3,000 samples, collected at
a sampling rate of 100 Hz. The reference signal r, chang-
es every 2—4 seconds to simulate realistic variations.

Data preprocessing. All signals are normalized to zero
mean and unit variance. A sliding window of k = 10 pre-
vious time steps is used to create input sequences

)(l = [rt—k’ yr—ks rta yt] € RZ(k+ l)'
With the target output u, at time 7.
The dataset is split into 80 % training and 20 % test-

ing data, preserving sequence order to maintain tempo-
ral consistency.

Table 1

Roles of hardware components in each stage of the experimental workflow

Stage Hardware involved

Description

Arduino + Drvie +
Encoder

1. Motor characterization

A fixed PWM control signal is applied to the motor, and the resulting speed
is measured to estimate the motor characteristics

2. PID Tuning Arduino + Drvie +

Encoder + PID

PID parameters are determined based on the motor characteristics and
then used for reference tracking of motor speed

3. Data Acquisition

At each time step, the reference speed r,, measured speed y,, and control
signal u, are recorded

4. LSTM Training and
Deployment

Arduino + Drvie +
Encoder + LSTM

The collected data is used to train an LSTM model. After training, the
model generates control signals to replace the PID controller
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Model configuration. The LSTM architecture de-
signed for this study comprises an input layer that re-
ceivesa (k+ 1) x 2 sequence of the reference setpoint and
the system output, followed by a single LSTM layer with
64 hidden units and a tanh activation function. To miti-
gate overfitting, a dropout layer with a 20 % dropout rate
is included. Finally, a dense layer with a linear activation
function produces the predicted control signal #,.

The model is trained using the Adam optimizer with
alearning rate of 0.001 and a batch size of 64. The Mean
Squared Error (MSE) is employed as the loss function,
while early stopping with a patience of 10 epochs is ap-
plied to prevent overfitting. Under these settings, train-
ing typically converges after 40—60 epochs.

Evaluation metrics. To evaluate the performance of
the proposed approach, two primary metrics are used.
The first is the Mean Absolute Error (MAE), defined as

bl

1 N

t=1

l}t —u,

which measures the average deviation between the pre-

dicted control signal #, and the actual control signal u,.

The second metric is the tracking error, calculated as
the mean absolute difference between the measured sys-
tem output y, and the reference setpoint y, during the
online phase.

Results and discussion. Estimate motor characteris-
tics. As shown in Figs. 2 and 3, the motor characteristics
are determined through an open-loop experiment with a
PID controller, where the input signal is changed ap-
proximately every 5 seconds. It achieves a maximum ve-
locity of 2,905.8 RPM and stabilizes at a final velocity of
2,865.72 RPM, with a rapid rise time of 0.205 seconds.

The static gain of 37.1 % reflects good sensitivity to
control inputs, although the high average control signal
(77.25 %) and frequent saturation at 100 % suggest sig-
nificant control effort. A low average delay of 0.102 sec-
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Fig. 4. Results of the motor with PID closed-loop control

onds (range: 0.089—0.115 s) confirms high responsive-
ness. The moderate overall correlation (0.477) between
the control signal and velocity, contrasted with stronger
cycle-specific correlations (0.85—0.93 in many 5-sec-
ond cycles), suggests nonlinearities, likely due to satura-
tion or mechanical factors.

As illustrated in Fig. 4, the motor operating under a
closed-loop PID controller exhibits distinct responses
across three cycles of setpoint changes.

In Cycle 1 (1.11—11.01 s), the motor velocity reaches
2,598.85 RPM against a setpoint of 2,936 RPM, result-
ing in a 337.15 RPM error and a 100 % PID output, in-
dicating controller saturation. During Cycle 2
(11.01-21.02 s), the measured velocity of 2,691.36 RPM
closely follows the setpoint of 2,700 RPM, with an error
of only 8.64 RPM and a corresponding PID output of
68.35 %. In Cycle 3 (21.02—30.01 s), the output velocity
rises to 2,390.75 RPM, slightly overshooting the set-
point of 2,370 RPM by 20.75 RPM, with a PID output
of 50.96 %. The observed positive correlation (0.672)
between control effort and velocity response demon-
strates improved linearity of the system.

The statistics of the experimental results for the mo-
tor with PID closed-loop control are listed in Table 2.

Fig. 5 and Table 3 present the results of motor con-
trol using both PID and LSTM over a 300-second dura-
tion, with 2,993 recorded samples. Both controllers ex-
hibit high control effort, with mean values of 83.10 % for
the PID and 80.95 % for the LSTM, and frequent satu-
ration at 100 %. Due to the system’s nonlinear nature,
overall correlations remain relatively low. The motor
exhibits a fast dynamic response, characterized by a rise
time of 0.20 s and a delay of 0.107 s.

The PID controller exhibits a simple and rapid re-
sponse, with a rise time of 0.20 seconds and a delay of
0.107 seconds. It performs effectively at stable setpoints,
maintaining outputs in the range of approximately
68.64—100 % during cycles of 11.10—151.70 seconds.
However, frequent saturation at 100 % (e.g., in the inter-
vals 1.00—6.00 and 25.99—150.91 s) reduces control pre-

Table 2
Descriptive statistics of PID data

Attribute Mean | Std.Dev. Min Max
Time, s 15.5 8.3 1.1 30
Setpoint, rpm | 2,677.0 | 229.87 | 2,370.0 | 2,936.0
Velocity, rpm | 2,565.1 476.89 45.21 2,860.7
Output, % 73.7 29.4 0.04 100.0
Error, rpm 111.8 488.2 -293.6 | 2,890.7
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PID Output, LSTM Prediction, and Velocity Over Time
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Fig. 5. Visualization of motor velocity controlled by PID
and LSTM

Table 3
Descriptive statistics of motor data

Attribute Mean | Std.Dev. | Min Max
Time, s 15.5 8.3 1.1 30
Setpoint, rpm 2,677.0 | 229.87 [2,370.0|2,936.0
PID Output, % 2,565.1| 476.89 | 45.21 |2,860.7
LSTM prediction, % | 73.7 29.4 0.04 | 100.0

cision. Furthermore, the low correlation (—0.078) be-
tween control effort and velocity response, along with
constant output values, leads to oscillations in variable
velocity cycles (2,890—2,990 RPM).

The LSTM controller produces smoother control
outputs, with a standard deviation of 9.68 compared to
11.06 for PID, and a slightly lower mean output level
(80.95 % vs. 83.10 %). It also achieves a higher correla-
tion in certain intervals, such as 0.995 in the cycle be-
tween 13.50 and 13.80 s, indicating improved alignment
between the control effort and velocity response. Never-
theless, the approach involves a more complex imple-
mentation, and the correlation across cycles remains
inconsistent.

Fig. 6 shows our experimental setup, in which the
LSTM model is deployed in real time at 10 Hz on the
embedded platform. It generates stable and smooth
control outputs, as shown in Fig. 7. The system effec-
tively tracks changing setpoints, confirming the feasibil-
ity of using the trained LSTM model as a replacement
for the PID controller.

Long Short-Term Memory (LSTM) networks, a
type of recurrent neural network (RNN), are capable of
retaining information over extended time horizons,
making them more effective at handling time-series data
than traditional controllers such as PID controllers. Re-
placing a PID controller with an LSTM can offer several
advantages.

S Arduino |8

Fig. 6. Experimental setup
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Fig. 7. Experimental results

1. While PID is a linear controller that relies on man-
ually tuned parameters (K, K;, K;) or heuristic optimiza-
tion methods such as Ziegler—Nichols, LSTM learns di-
rectly from historical data. It can automatically discover
relationships between inputs (control signals, system
states) and outputs (speed, position, force) without pre-
defined rules. As a result, LSTM often outperforms PID
when the system is highly nonlinear or time-variant.

PID reacts only to the current error, adjusting its
output based solely on the difference between the mea-
sured value and the setpoint (feedback control). In con-
trast, LSTM has predictive capabilities, enabling proac-
tive control by anticipating fluctuations and adjusting
earlier. This reduces error and enhances overall stability.

PID performance deteriorates in the presence of sig-
nificant time delays, often leading to oscillations or in-
stability, since it reacts only to the current error. LSTM,
however, learns temporal dependencies between past
and present data, allowing it to compensate for delays
and make more accurate predictions.

LSTM is particularly advantageous in systems with
long delays or strong nonlinearities. Nevertheless, cer-
tain limitations remain where PID may still be prefera-
ble. Specifically, LSTM requires high-quality training
data; with insufficient or non-representative datasets,
model performance may degrade. Moreover, while PID
provides fixed parameters that ensure stability, LSTM
does not guarantee absolute stability and may exhibit
high variance if not adequately trained. Finally, LSTM
is computationally more demanding, whereas PID is
simpler and faster.

In general, PID controllers remain the preferred op-
tion for simple, stable systems that require low computa-
tional effort. However, when dealing with nonlinear dy-
namics, significant delays, or the need for adaptive con-
trol, LSTM-based controllers provide superior perfor-
mance. A detailed comparison of the two approaches is
presented in Table 4.

As shown in Table 4, PID controllers are simple,
computationally efficient, and provide straightforward
stability control, making them well-suited for simple,
well-characterized systems. However, their limited
adaptability, poor handling of nonlinearities, and in-
ability to manage time delays restrict their performance
in complex environments. By contrast, LSTM control-
lers excel at learning from data, adapting automatically,
and providing predictive capabilities, enabling superior
performance under nonlinear and time-delayed condi-
tions. These benefits, however, come at the cost of high-
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Table 4
Descriptive statistics of motor data

Features PID LSTM
Learning capability | Requires manual | Learns from
tuning data
Nonlinearity Poor Good
handling
Time delay handling | Poor Good
Predictive capability | No Yes
Adaptability Requires re-tuning | Automatically
adapts
Computational load | Low High
Stability Easily controllable | Needs careful
design

er computational requirements and the need for careful
design to ensure stability.

Conclusion. This study demonstrates the feasibility
of employing a data-driven LSTM network as a direct
replacement for a conventional PID controller in regu-
lating the speed of electric motors with unknown dy-
namic characteristics. The key scientific contribution is
that an LSTM-based controller trained exclusively on
operational data from a PID-regulated system can
achieve stable, real-time control without requiring an
explicit mathematical model of the plant.

Experimental evaluations confirmed that, while the
baseline PID controller maintained overall stability, its
performance was constrained by frequent signal satura-
tion and weak correlation with actual motor velocity,
reflecting its limitations in capturing nonlinear motor
dynamics. In contrast, the LSTM controller generated
smoother control signals and achieved stronger correla-
tions in specific operating cycles, thereby offering supe-
rior performance in handling system nonlinearities.

The paper, moreover, explicitly addresses the com-
plete replacement of the control logic in electric motor
drives. By treating the motor system as a “black box”,
the study addresses the limitations of classical PID, such
as sensitivity to parameter drift and signal saturation.
The experimental validation confirms that the LSTM
controller achieves comparable or superior tracking per-
formance and smoother control signals in nonlinear re-
gimes compared to a baseline PID, all without the com-
putational burden of real-time model identification.

From a practical standpoint, the proposed approach
is highly relevant in scenarios where system identifica-
tion is impractical, unreliable, or prohibitively expen-
sive, conditions often encountered in low-cost embed-
ded platforms and complex industrial machinery. By
learning control policies directly from data, the need for
extensive modeling is reduced, enabling the design of
adaptive controllers deployable on resource-constrained
platforms. Consequently, this approach holds signifi-
cant promise for advancing automation in robotics, pro-
cess control, and other industrial domains where adapt-
ability and robustness are essential.
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KepyBanHs eleKTpOIBUTYHAMH
HeBizoMoi Moxenai Ha ocHoBi gaunx LSTM
s 3amiau PID-perynsitopa
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Meta. Po3pobuTu Ta MpoTECTYBaTU CTPATETii0 Ke-
pyBaHHS Ha OCHOBI JaHMX, 110 Tepeadavae 3aMiHy Tpa-
TULIAHOTO MPOMOPLIiHO-iHTerpaIbHO-AUbepeHILil-
Horo (PID) perynsitopa HEipOHHOIO MEPEXKEIO i3 TOB-
roro KopotkoyacHoto rnmam’sartio (LSTM) mng perymio-
BaHHS IIBUIKOCTI €JIEKTPOJBUIYHA B CUCTEMAXx i3 He-
BiZIOMO10 200 CKJIaJHOI0 IMHAMIKOIO.

Metoauka. 3aIrporOHOBAaHWIA MiAXia CKIIamaeThCs
i3 TPHOX OCHOBHUX eTariB: 1) poboTa eJIeKTpOIBUTYHA
min KepyBaHHsIM 06a3zoBoro PID-perynsitopa Ta 306ip
eKCIUTyaTallilHUX NaHuX (3alaHi 3HAaYeHHS, BUMipsHi
IIBUAKOCTI I KepyBaJbHi CUTHAJIN); 2) HABYAHHS Me-
pexi LSTM nis anpokcuMallii BinodpakeHHsI Mix ic-
TOpPi€I0 3aJaHNX 3HAYEHb, BUMIPIHUMM BUXITHUMU
CUTHAJlaMU ¥ BIANOBITHUMM KepyBaJbHUMU disIMU,
copmoBanumu PID-perynsitopoM; 3) yripoBamKeHHS
HaBueHoi LSTM-moneni B pexkuMi peajibHOTO Jacy siK
IpsIMOTro peryisitopa. EkcnepuMeHTalIbHE TeCTyBaHHS
BUKOHaHE Ha BOYJOBAaHOMY BUITPOOYBaJIbHOMY CTEHI,
IO BKJTIOYAE€ BCHTWISTOPHUU CICKTPONBUTYH, Apaii-
Bep IIMPOTHO-IiMIyIbcHOI Momyisiii (PWM), eHko-
nep i kourpoisep Arduino Mega 2560, rpu LibOMY MO-
nenp LSTM HaBuanacs y cepenonuili PyTorch i Buxko-
HyBajlacs B PEXUMi OHJIAlH.

PesyabTaTu. Perynstop Ha ocHoBi LSTM 3a6e3me-
Yye YCIIIITHEe BilICTeXXeHHsI 3MiHHUX 3aJlaHUX 3HaYeHb
i bopMye OiIbLI MIaBHI CUTHAIW KepyBaHHS MOPiBHSI-
Ho i3 6a3oBuM PID-peryngaropom. JlocsirHyTO cX0XOi
a00 HMXKYOI ycTalleHOT TOXMOKM, a TAKOXK BUILIOI KOpe-
JISILIL MiX piBHEM KOHTPOJIIO Ta IIBUAKICTIO PyXY €JIeK-
TPOIBUTYHA, IIPY OTHOYACHOMY 3MEHIIICHHI KOJIMBAaHb
Y HeJIIHIAHUX pexxuMax poOOTH.

HaykoBa nHoBusna. Ha BinmiHy Bif OifbIIOCTi morie-
pPenHiX OCHiIKeHb, 1€ HEUPOHHI MepeXi BUKOPUCTO-
BYIOTbCS U1 HayamutyBaHHs PID-perynstopiB abo
OLIIHIOBAHHS CTaHy CUCTEMH, Y 1Iiii poOOTI MPOAEMOH-
cTpoBaHe ix mnpsimMe 3aMilieHHss LSTM-perynsitopowm,
HaBYaHHS SIKOTO 3[iCHIOETHCSI BUKJIIOYHO HA OCHOBI
eKCIUTyaTalliiHUX JaHuX 6€3 HeOOXiMHOCTI SIBHOI ieH-
TUdikalii cucteMu yn GizuKo-MaTEMaTUYHOTO MOJIE-
JIIOBaHHSI.

IIpakTHuHa 3HAYMMICTB. 3aIIPOIIOHOBAHMI ITiaXim
€ e(eKTUBHMM pIllIEHHSIM JUISI KepyBaHHSI €JIEKTPO-
IBUTYHAMM B YMOBaX, KOJIM imeHTHIKAIlid CUCTEMU
€ HEeMOXXJIMBOIO, HEHAMiiHOI a00 eKOHOMIYHO HeIo-
HibHOO. MeToa € 0cO0AMBO aKTyaJbHUM JIS HU3b-
KOBapTiCHUX BOYOOBaHUX IIATHOPM i MPOMUCIOBUX
3aCTOCYBaHb, 1110 MOTPeOyIOTh aIANTUBHUX CTpATeTii
KepyBaHHS Ha OCHOBi JaHUX, 3AaTHUX ypaxOBYBaTH
HEeJiHIHHOCTI 1 YaCcOBi 3aTPUMKH.

Kmouosi cnosa: LSTM, zamina PID-peeyssmopa,
MO0eAr8AHHSA YACO8UX P0i8, pe2yNr8aHHS WBUOKOCMI
eneKmpoosueyHa
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