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Abstract: Accurately predicting electrical signals of three-phase Direct Torque Control (DTC)

induction motors is crucial for optimal motor performance and effective condition monitoring.

However, multiple DTC motors’ complexity and operating conditions’ variations pose challenges for

traditional prediction methods. To overcome these challenges, we propose an innovative approach

that combines Fast Fourier Transform (FFT) to transform electrical motor simulation data and a

Bi-directional Long Short-Term Memory (Bi-LSTM) network to forecast processed motor data. By

transforming the DTC induction motor signals from the time domain to the frequency domain, we

enhance the capability of learning models to capture subtle differences and generate various input

features. The Bi-LSTM model effectively captures both forward and backward dependencies in time

series data, enabling accurate prediction of electrical signals. We evaluate the proposed approach

using our simulated dataset and compare the proposed method to a state-of-the-art model, the Gated

Recurrent Unit (GRU), demonstrating its effectiveness in improving the accuracy and reliability of

induction motor signals forecasting. The finding provides valuable insights for advancing motor

control and operation in industrial applications.

Keywords: three-phase DTC induction motor; simulation modeling; deep learning; Bi-LSTM; signal

processing; time series forecasting; frequency domain; FFT

1. Introduction

Three-phase DTC induction motors are extensively utilized in various applications, including

electric vehicles, industrial automation, and ship propulsion systems, owing to their exceptional

efficiency and durability ([1]). Accurately forecasting the electrical signals of these motors, including

the current and voltage of the stator and rotor, is crucial for achieving optimal motor performance

and enabling effective condition monitoring. However, accurate signal forecasting in DTC induction

motors presents significant challenges. In recent years, advanced modeling techniques have been

explored to improve the accuracy of signal forecasting in induction motors. Statistical models, Artificial

Neural Networks (ANNs), and Deep Learning (DL) models have emerged as promising approaches

by [2]. DL models, such as a recurrent neural network (RNN) and Convolutional Neural Networks

(CNNs), have shown particular potential in capturing temporal dependencies and handling complex,

high-dimensional input/output data by [3]. However, the nonlinearity and complexity of the motor

system, combined with varying operating conditions in different environments, need to be improved

for accurately predicting these signals using traditional methods by [4].

Simulation modeling has emerged as an invaluable tool in electrical engineering, enabling testing,

analysis, and optimization of electrical systems without needing costly and time-consuming physical

experiments, pointed out by [5]. Moreover, simulation modeling offers a cost-effective and efficient

approach to generating multiple DTC motors under different operating conditions by [6], addressing
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the limitations of DL models when faced with limited or variable training data and specific operating

conditions by [7–9]. However, accurate signal forecasting necessitates the development of models that

accurately represent the actual motor dynamics, requiring the inclusion of multiple identical DTC

induction motors in the simulation models. This ensures that the simulation models faithfully reflect

the behavior of real-world motors via [10,11]. Nonetheless, when using a series of identical DTC

induction motors, most of the electrical data remains the same, making it challenging for the learning

models to distinguish between each motor’s data accurately.

To address the challenge, a transformation from the time domain to the frequency domain

proves to be a highly effective solution, as demonstrated by [12,13]. This transformation effectively

accentuates even subtle discrepancies among similar motor signals and facilitates representing diverse

input features. By training DL models on the transformed data, accurate and reliable predictions of

the electrical signals in three-phase DTC induction motors can be achieved. Therefore, the primary

objective of this research is to introduce a novel approach for forecasting the electrical signals of DTC

motors in ship environments. This approach leverages a combination of transformed Fast Fourier

Transform (FFT) and a Bi-directional Long Short-Term Memory (Bi-LSTM) network. The selection of

FFT is motivated by its capability to generate magnitude and phase features, enabling the effective

recognition of electrical signals in both machine learning (ML) and DL models. The Bi-LSTM model is

chosen for its ability to capture both forward and backward dependencies in time series data, thereby

enhancing the accuracy of signal forecasting, for example, predicting COVID-19 [14], water level

forecasting [15], wind speed and solar irradicance prediction [16], solar power forecasting [17], and so

on.

The rest of the paper is organized as follows. Section 2 briefly reviews the literature on simulation

modeling and forecasting of electrical signals in DTC motors. Section 3 describes the proposed

methodology in detail, including the data collection and preprocessing, Bi-LSTM model architecture,

and model training and evaluation. Section 4 presents the experimental results and discussion. Finally,

Section 5 concludes the paper and suggests future research directions.

2. Related Work

Simulation modeling has proven to be a valuable tool in electrical engineering for testing,

analyzing, and optimizing electrical systems. Le [18] highlighted the advantages of simulation

modeling in terms of cost-effectiveness and efficiency, as it allows for the study of electrical systems

without the need for costly and time-consuming physical experiments. Moreover, simulation modeling

enables the generation of multiple DTC motors under different operating conditions, addressing the

limitations of deep learning models when faced with limited or variable training data and specific

operating conditions, presented by [19–22].

Accurate signal forecasting in DTC motors requires the development of models that accurately

represent the actual motor dynamics. This necessitates the inclusion of multiple identical DTC

induction motors in simulation models to ensure faithful reflection of real-world motor behavior.

Grabowski et al. [23] and Lai et al. [24] emphasized the importance of incorporating multiple identical

DTC induction motors in simulation models to capture system dynamics accurately.

DL models have shown promise in capturing temporal dependencies and handling complex,

high-dimensional data. Studies [25,26] discussed the potential of convolutional neural networks

(CNNs) in modeling and forecasting time series data in load forecasting. Song et al. [27] proposed a

bi-level LSTM (Long Short-Term Memory) prediction for the machine RUL (Remaining Useful Life)

prediction. However, accurately predicting electrical signals of DTC motors using deep learning

models is challenging due to motor nonlinearity, complexity, and varying operating conditions by [28].

Several proposed approaches suggested a transformation from the time domain to the frequency

domain, which have proven to be efficient solutions to address the difficulties in predicting signals.

This transformation enhances the representation of various input features and accentuates even

subtle discrepancies among similar motor signals. For example, studies [12,13,29] demonstrated the
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effectiveness of the transformation in improving signal forecasting accuracy. Toma et al. [30] proposed

a hybrid model based on Discrete Wavelet Transform and extreme learning machines to predict the

bearing fault classification of induction motors. Koh et al. [31] used a Convolution Neural Network to

predict DTC induction motors’ rotors. However, to our knowledge, there needs to be more research

using effective transform methods on simulation data, such as FFT hybrid with Bi-LSTM model, to

forecast electrical signals of DTC induction motors.

Despite the promising results reported in the literature, there are several limitations to the existing

research. Most studies have only focused on predicting the stator current, ignoring other important

signals, such as the rotor current. The datasets used in previous studies are often limited in size and

scope, which may need to capture the complexity and multiple induction motors fully. The evaluation

of model performance is frequently constrained to a single metric, such as Mean Absolute Error (MAE)

or root mean square error (RMSE), without offering a visual representation of the forecasted results

alongside the actual data. This limited approach might not full to provide a comprehensive assessment

of the accuracy of the forecasting model.

3. Methodology

This section outlines the main methodology employed in our study, which encompasses data

acquisition and modeling, our Bi-LSTM model’s architecture, the model training process, and the

evaluation setting.

3.1. Modeling and Data Acquisition

This study utilized simulation data from a three-phase DTC induction motor operating in ship

environments. The simulation was conducted using Simulink software (MathWorks, USA), a widely

recognized simulation tool in electrical engineering [32]. The simulation generated a dataset comprising

four multiple DTC induction motors, including stator currents and rotor currents. Appropriate

preprocessing techniques were applied to ensure the dataset’s suitability for training the proposed

model. Figure 1 illustrates the modeling and data acquisition approach, which consists of a general

concept depicted in Figure 1a, and a more detailed representation involving four DTC motors shown

in Figure 1b.
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(a)

(b)

Figure 1. The modeling and data acquisition approach. (a) General concept of modeling and data

acquisition; (b) Detailed depiction involving four DTC motors.

In the context of DTC, Demultiplexing (DEMUX) can be employed to separate different operating

parameters of the motor, such as speed, torque, and current, into distinct output signals [33]. DTC is

a technique used to manage the speed and torque of an induction motor by monitoring the currents

flowing through the stator and making appropriate adjustments to the inverter’s switching patterns.

Accurate and ongoing measurement of the stator currents and rotor position is crucial for the proper

operation of DTC. Using DEMUX, the stator current and rotor position signals can be separated into

independent output signals, enabling more precise control of the motor’s torque and speed [34].

3.1.1. DEMUX for DTC Motor

The AC4 motor drive also called the DTC Induction Motor Drive block, is a frequently utilized

element within the Simscape Specialized Power Systems library. It is an enhanced control drive tailored

for induction motors, offering direct torque and flux control functionalities. This drive incorporates

closed-loop speed control and utilizes hysteresis-band torque and flux controllers.

Utilizing DEMUX in DTC offers multiple benefits. Firstly, it improves the performance of the

motor by isolating different operating parameters, such as speed, torque, and current, and subsequently

adjusting the control strategy based on these parameters. This enhances the efficiency and accuracy
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of the control system [35]. Moreover, demultiplexing the stator current and rotor position signals

improves the accuracy of these measurements, thereby enhancing the overall performance of the

DTC control system. It is crucial to emphasize the importance of accurately measuring the stator

currents and rotor position for the proper functioning of DTC control. By incorporating demultiplexing

techniques to separate the stator current and rotor position signals, the accuracy of these measurements

can be improved, leading to enhanced performance of the DTC control system.

The DEMUX operation in DTC involves separating the stator current into its direct-axis and

quadrature-axis components. This separation allows for independent control of these components,

which is necessary for accurate torque and flux control. The DEMUX operation can be represented

mathematically as:

rsc_sd = is × cos(θr) (1)

rsc_sq = is × sin(θr) (2)

where is represents the stator current vector, θr denotes the rotor position, and rsc_sd and rsc_sq

represent the direct-axis and quadrature-axis of the stator current components, respectively.

The rotor current vector represents the current flowing through the rotor windings and is essential

for accurate motor control. The rotor current vector, denoted as rrc_rdq, can be obtained using the

following equations:

rrc_rd = rsc_sd× cos(θr)− rsc_sq× sin(θr) (3)

rrc_rq = rsc_sd× sin(θr) + rsc_sq× cos(θr) (4)

where rrc_rd represents the direct-axis component of the rotor current, and rrc_rq represents the

quadrature-axis component of the rotor current.

3.1.2. FFT-Based Signal Processing

FFT is a mathematical technique that can be used to analyze the frequency components of a

signal. The output signals of the DEMUX component for each induction motor can be used via FFT to

extract relevant information about the frequency characteristics of the stator currents and rotor position

data. By using FFT for the stator currents and rotor position signals, we can derive the frequency

spectrum of the signals. It can assist in determining the dynamics of the motor and identify any

unusual circumstances, such as stator winding flaws, rotor flaws, or other types of failures.

We can use mathematical equations and programming tools to calculate the FFT of the stator

current and rotor current signals obtained from the DEMUX output of an induction motor. Here is a

general procedure to calculate the FFT using mathematical equations:

• Prepare the input data: the stator current vector as rsc[n] and the rotor current vector as rrc[n],

where n represents the discrete time index.

S[k] =
M−1

∑
k=0

(

rsc[n]× exp
(−i× 2× π × k× n

M

))

(5)

R[k] =
M−1

∑
k=0

(

rrc[n]× exp
(−i× 2× π × k× n

M

))

(6)

where S[k] and R[k] are the complex-valued spectrum of the stator current and rotor current

signals, respectively. rsc[n] and rrc[n] are the stator current and rotor current signals at discrete

time index n. M is the length of the stator current and rotor current vectors.
• Extract the magnitude and phase information: To obtain the magnitude and phase information

from the complex-valued FFT results, we can calculate the absolute value (magnitude) and phase

angle of each FFT bin.

Mag_S[k] = abs(S[k]) (7)

Mag_R[k] = abs(R[k]) (8)
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Pha_S[k] = atan2(Im(S[k]), Re(S[k])) (9)

Pha_R[k] = atan2(Im(R[k]), Re(R[k])) (10)

where Mag_S[k] and Mag_R[k] are the magnitudes of the complex-valued FFT results for the

stator current and rotor current signals, respectively. Pha_S[k] and Pha_R[k] are the phase angles

of the complex-valued FFT results for the stator current and rotor current signals, respectively.

Im(S[k]) and Re(R[k]) represent the imaginary and real parts of S[k], respectively. Im(R[k]) and

Re(R[k]) represent the imaginary and real parts of R[k], respectively.

3.2. Bi-LSTM Model Architecture

In this section, we provide detail of our Bi-LSTM model approach. Figure 2 illustrates the general

architecture of the proposed method, while the proposed model training and forecasting evaluation is

pointed out in Algorithm 1.

During preprocessing, we employ the MinMaxScaler function from the scikit-learn library to

preprocess the data. This step is crucial as normalizing the data has been shown to enhance the

performance of neural networks. The data transformation process involves three key steps. Firstly, we

fit the scaler using the available training data, which entails estimating the minimum and maximum

observable values based on the training data. Subsequently, we apply the scaler to the training data.

Finally, we apply the same scaler to the test data. The MinMaxScaler technique is widely utilized for

normalizing data, enabling the scaling of dataset values to a predefined range, often between 0 and 1.

The mathematical formulation of the MinMaxScaler for FFT-transformed current data is as follows:

Si_scaled =
Si − S_min

S_max− S_min
(11)

where Si, S_min, S_max are an individual sample, the minimum value, the maximum value from the

FFT stator current data S, Si_scaled is the scaled value of Si in the range [0, 1].

Ri_scaled =
Ri − R_min

R_max− R_min
(12)

where Ri, R_min, R_max are an individual sample, the minimum value, the maximum value from the

FFT rotor current data R, Ri_scaled is the scaled value of Ri in the range [0, 1].

Figure 2. The architecture of the proposed method with unrolled structure of Bi-LSTM model.
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Algorithm 1 Model Training and Forecasting Evaluation

Require: f sc, f rc

Ensure: Forecasting unseen FFT stator current seg_ f sc,
Forecasting unseen FFT rotor current seg_ f rc

1: Data preprocessing using MinMaxScale method:
r, s← MinMaxScale( f sc, f rc)

2: Split preprocessed data into training and testing data with a ratio of 80:20, respectively
// For rotor data:
r_tr, s_tr ← r[: len(r)× 0.8], r[len(r)× 0.8 :]
// For stator data:
r_te, s_te← s[: len(s)× 0.8], s[len(s)× 0.8 :]

3: Create function split_IO() to split input and output from training and testing data
(Xr_tr, yr_tr), (Xr_te, yr_te)← split_IO(r_tr, r_te)
(Xs_tr, ys_tr), (Xs_te, ys_te)← split_IO(s_tr, s_te)

4: Setup several hyperparameters of Bi-LSTM model:
ni, nh, no ← number o f input, hidden, output nodes
op← training optimizer
loss← training loss f unction
val ← validating split value
call ← Early Stopping f unction

5: while i ≤ epochs(ep) do
6: Create BiLSTM layer:

BiLSTM← LSTM(ni, nh, no, n f , op, loss)

7: Create f it() function to learn:
f _r ← BiLSTM. f it(Xr_tr, yr_tr, ep, val, bat, call)
f _s← BiLSTM. f it(Xs_tr, ys_tr, ep, val, bat, call)

8: end while

9: Training evaluation
mse_r, mse_s← f _r[loss], f _s[loss]

10: Testing evaluation
seg_ f rc← BiLSTM.prediction(Xr_te)
seg_ f sc← BiLSTM.prediction(Xs_te)

11: Calculate RMSE and MAE losses
error_r ← seg_ f rc− yr_te
error_s← seg_ f sc− ys_te
rmse_r ← sqrt(mean((square(error_r))))
rmse_s← sqrt(mean((square(error_s))))
mae_r ← mean(abs(error_r))
mae_s← mean(abs(error_s))

12: return seg_ f rc, seg_ f sc

The Bi-LSTM architecture is an RNN type that excels at capturing long-term dependencies in

sequential data. In contrast to traditional RNNs, which process data in a single direction, Bi-LSTMs

simultaneously process input data in both forward and backward directions. This bidirectional

processing enables the network to gather information from past and future contexts effectively. Our

proposed Bi-LSTM model comprises multiple layers of Bi-LSTM units, each followed by a dense layer

with a linear activation function. The input to the model is a sequence of historical electrical signal data,

and the output is the predicted value for the next time step. To train the Bi-LSTM model, we employ

the backpropagation algorithm with the Mean Squared Error (MSE) loss function. For optimization,

we utilize the Adam optimizer, a widely-used algorithm for training Deep Neural Networks (DNNs).

The outputs from both directions of the Bi-LSTM are combined through concatenation and passed

through a fully connected layer, followed by an activation function, to generate the final output.
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The forward LSTM can be represented as:

h
f
t = σf (W f xt + U f h

f
t−1 + b f ) (13)

c
f
t = f f (W f xt + U f h

f
t−1 + b f )⊙ c

f
t−1 + i f (W f xt + U f h

f
t−1 + b f )⊙ tanh(W f xt + U f h

f
t−1 + b f ) (14)

where xt is the input at time step t (we assume that xt represents for FFT stator current S or FFT

rotor current R), h
f
t is the hidden state of the forward LSTM at time step t, c

f
t is the cell state of the

forward LSTM at time step t, W f , U f , and b f are the weights and biases of the forward LSTM, σf is

the sigmoid activation function, f f is the forget gate, i f is the input gate, and ⊙ denotes element-wise

multiplication.

The backward LSTM can be represented as:

hb
t = σb(Wbxt + Ubhb

t+1 + bb) (15)

cb
t = fb(Wbxt + Ubhb

t+1 + bb)⊙ cb
t+1 + ib(Wbxt + Ubhb

t+1 + bb)⊙ tanh(Wbxt + Ubhb
t+1 + bb) (16)

where hb
t and cb

t are the hidden state and cell state of the backward LSTM at time step t, respectively,

Wb, Ub, and bb are the weights and biases of the backward LSTM, σb is the sigmoid activation function,

fb is the forget gate, ib is the input gate, and ⊙ denotes element-wise multiplication.

The output of the Bi-LSTM model can be computed as follows:

yt = σ(Wo[h
f
t ; hb

t ] + bo) (17)

where [h
f
t ; hb

t ] is the concatenation of the forward and backward hidden states, Wo and bo are the

weights and biases of the output layer, and σ is the activation function.

3.3. Model Training and Evaluation Setting

We conducted experiments on a simulation dataset to evaluate the effectiveness of the proposed

Bi-LSTM model for forecasting electrical signals of three-phase DTC induction motors in ship

environments. The dataset comprises three-phase DTC induction motor electrical signal data collected

from ship environments. The proposed Bi-LSTM model was trained and evaluated using the collected

and preprocessed data. The dataset was divided randomly into a training set (80%) and a testing set

(20%). We employed the Adam optimizer with a learning rate 0.001 to train the model. The training

was conducted with a batch size of 64 and a maximum of 100 epochs. To identify the best combination,

we conducted experiments with various hyperparameters, including the number of LSTM layers,

the number of neurons per layer, and the dropout rate. The specific hyperparameters utilized in our

proposed methods can be found in Table 1. The GRU and BiLSTM models accept a 3D input of shape

(no_training_samples, no_timesteps, no_features).
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Table 1. Hyperparamters setting for GRU and Bi-LSTM models

Hyperparameters Variable Value

Number of training samples no_training_samples 1,999,970

Number of testing samples no_testing_sample 499,970

Number of time steps no_timesteps 30

Number of input neurons no_input_node (ni) 64

Number of hidden neurons no_hidden_node (nh) 64

Number of output neurons no_output_node (no) 1

Number of features no_features 1

Dropout layer dropout 0.2

Training optimizer optimizer (op) Adam

Batch size batch_size (bat) 16

Training shuffle shuffle false

Number of epochs epochs 100

Validation ratio val 0.2

In order to evaluate the effectiveness of our approached model, three widely used evaluation

metrics, specifically MSE, RMSE, and MAE, are utilized. These evaluation metrics act as indicators of

the model’s precision. MSE is particularly useful in identifying outlier predictions with significant

errors, as it emphasizes these errors due to the squaring operation in its calculation (refer to (18)). Since

the squaring operation ensures that MSE is always non-negative, it provides a means to evaluate the

model’s performance without considering the direction of errors. RMSE, on the other hand, is a widely

used metric that quantifies the difference between predicted and actual values (refer to (19)). While

RMSE is sensitive to outliers, MAE is less affected by them and still provides valuable insights into

prediction accuracy. MAE, which differs slightly in definition from MSE, involves taking the absolute

difference between model predictions and ground truth and averaging these absolute differences

across the entire dataset (refer to (20)). The three measures are defined as follows:

MSE =
1

n

n

∑
i=1

(yt
i − y

p
i )

2 (18)

RMSE =

√

∑
n
i=1 yt

i − y
p
i

n
(19)

MAE =
1

n

n

∑
i=1

|yt
i − y

p
i | (20)

where n denotes the total number of samples, yt and yp represents the actual and predicted motor

signal data at the i th second time data, respectively.

Furthermore, to evaluate the performance of the proposed Bi-LSTM model, we trained and

assessed a GRU model using the same dataset and evaluation criteria. The GRU model, an RNN

version, was created expressly to overcome the vanishing gradient problem and improve the

performance of ordinary RNNs. The GRU model includes the update and reset gates. The update

gate controls how much of the prior hidden state should be kept and how much new input should be

incorporated into the current hidden state. The reset gate, on the other hand, controls how much of the

last hidden state should be ignored and how much fresh input should be absorbed into the current

hidden state.
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4. Results and Discussion

This section delves into a comprehensive discussion of our experimental findings. Initially,

we examine the impact of employing FFT analysis on the extracted stator and rotor current data.

Subsequently, we assess the performance of our proposed method by utilizing various loss metrics,

including MSE, for both the training and validation processes and RMSE and MAE for the testing

process, on the FFT stator current and FFT rotor current. Additionally, we validate the effectiveness

of our proposed Bi-LSTM approach by contrasting its accuracy with that of the contemporary GRU

time series forecasting model. Lastly, we present compelling evidence of the superior forecasting

performance of our proposed method compared to the GRU model when applied to the same

experimental data.

4.1. Effect of FFT Stator and Rotor Current Data

In this section, we delve into applying the FFT method for extracting valuable information from

DTC induction motors’ stator and rotor current data. The FFT method is a widely used technique in

signal processing that converts time-domain signals into the frequency domain. By leveraging this

transformation, we can gain deeper insights into the spectral characteristics and frequency components

present in the motor currents.

The effectiveness of employing the FFT method in different domains for signal analysis has been

well-established. For example, the FFT technique has been utilized in power systems to examine

power quality concerns like harmonic distortion and voltage fluctuations [36]. Similarly, in vibration

analysis, the FFT method has been widely used to identify and analyze the frequency components of

mechanical vibrations, aiding in detecting faults and anomalies in rotating machinery [37].

First, we analyze the raw data obtained from four identical DTC induction motors. We plot the

stator and rotor current data on a single graph to provide a comprehensive overview, as Figure 3

demonstrates. However, the raw data exhibit inherent variability, presenting interpretation and further

analysis challenges. Upon closer examination, we observe minor differences among the raw stator

signals acquired from the four motors, as illustrated in Figure 3a. Similarly, we note slight disparities

in the rotor signals, as depicted in Figure 3b. However, discerning or distinguishing these signals

with the naked eye proves to be quite arduous. It poses substantial difficulties when identifying or

forecasting patterns within these seemingly similar motor signal datasets.
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(a)

(b)

Figure 3. Current stator and rotor signals from raw data. (a) Current stator signals. (b) Current rotor

signals.

We employ the FFT extraction method to address the challenges posed by the variability in the

raw data. This technique transforms the raw time-domain signals into frequency-domain signals,

yielding magnitude and phase data. The resulting FFT stator and rotor signals are presented in Figure 4

and Figure 5, respectively. These frequency-domain signals exhibit distinct magnitudes and phases,

providing valuable information for further analysis and processing, such as forecasting or classification

tasks.
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(a)

(b)

Figure 4. FFT signals of stator. (a) Magnitude and phase of stator FFT signals. (b) Magnified view of

the magnitude and phase of stator FFT signals.
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(a)

(b)

Figure 5. FFT signals of rotor. (a) Magnitude and phase of the rotor’s FFT signals. (b) Enlarged view of

the magnitude and phase of the rotor’s FFT signals.

Comparing the raw data with the extracted frequency-domain data reveals significant differences

among the same four motor signals. This disparity is clearly demonstrated in Figure 4 (FFT stator

current data) and Figure 5 (FFT rotor current data). In order to provide a more detailed examination of

the FFT stator and rotor current data, we zoom in on the plots, as illustrated in Figure 4b and Figure 5b,

respectively.

The observed dissimilarities in the FFT representation of the four DTC induction motor signals

highlight the effectiveness of the FFT method in capturing and distinguishing important features.

Consequently, we utilize the FFT stator and rotor currents to evaluate our proposed approach.

4.2. Comparison Forecasting Performance of GRU and Bi-LSTM Models

Using simulation data, we assess our proposed Bi-LSTM model in forecasting electrical signals

of three-phase DTC induction motors in ship environments. Our evaluation includes analyzing the

impact of utilizing FFT on the stator and rotor current data through various performance metrics,

such as MSE loss for training and validation and RMSE and MAE losses for testing. Additionally, we

compare the performance of our proposed method, which utilizes a Bi-LSTM model for time-series

forecasting, with that of the modern GRU time-series forecasting model.
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4.2.1. Loss Metrics Measurement

To evaluate the effectiveness of the suggested approach, the Mean Squared Error (MSE) loss was

calculated for both the training and validation sets, as presented in Table 2. In both the training and

validation processes, the Bi-LSTM model demonstrated superior performance compared to the GRU

model for both stator and rotor data. Moreover, our results indicated that the proposed model achieved

slightly higher accuracy in predicting the motor’s FFT stator currents than the FFT rotor currents.

Table 2. MSE results of GRU and Bi-LSTM models for training and validating process

Evaluation Model Stator Data Rotor Data
Process Motor 1 Motor 2 Motor 3 Motor 4 Motor 1 Motor 2 Motor 3 Motor 4
Train GRU 0.0012 0.0007 0.0008 0.0137 0.0011 0.0028 0.0045 0.0011

Bi-LSTM 0.0003 0.0004 0.0006 0.0003 0.0006 0.0005 0.0006 0.0006

Validate GRU 0.0006 0.0019 0.0005 0.0628 0.0019 0.00267 0.0465 0.0017
Bi-LSTM 0.0005 0.0013 0.0012 0.0005 0.0006 0.0008 0.0015 0.0005

We conducted additional evaluations of the proposed Bi-LSTM model by measuring MAE and

RMSE on the testing data, and the results are presented in Table 3. The findings demonstrate that

the proposed model surpassed the standard GRU model regarding accuracy and prediction error.

Specifically, we compared the predicted stator current of the Bi-LSTM and GRU models to the actual

stator current and calculated the MSE and RMSE values. The lower MSE and RMSE values indicate

that the proposed model can accurately predict the FFT rotor current.

Table 3. MAE and RMSE results of GRU and Bi-LSTM models for testing process

Evaluation Model Stator Data Rotor Data
Metric Motor 1 Motor 2 Motor 3 Motor 4 Motor 1 Motor 2 Motor 3 Motor 4
MAE GRU 88.8639 102.4355 92.3747 104.9523 90.4460 86.7933 83.8774 90.4395

Bi-LSTM 86.3565 101.4268 87.1624 95.8002 81.8216 84.8299 46.1538 82.7156

RMSE GRU 102.7566 114.9634 105.7504 105.8054 102.7570 98.8687 96.3640 102.6000
Bi-LSTM 99.9575 114.9324 100.4124 104.9523 93.3045 95.1969 60.1075 94.5194

4.2.2. Forecasting Evaluation Illustration

The forecasting evaluation results of the Bi-LSTM and GRU models on both datasets are presented

in Figure 6 and Figure 7. In particular, Figure 6 illustrates the FFT stator forecasting results of motor

4, clearly showcasing the superior performance of the Bi-LSTM model compared to the GRU model.

The predicted stator current signals generated by the Bi-LSTM model exhibit a closer alignment with

the actual signals, indicating better accuracy and precision than the GRU model. Likewise, Figure 7

demonstrates the notable superiority of the Bi-LSTM model in predicting FFT rotor data. The predicted

rotor current signals produced by the Bi-LSTM model exhibit reduced noise and improved accuracy

compared to the GRU model. These compelling findings underscore the outstanding performance

of the Bi-LSTM model in accurately forecasting the electrical signals of three-phase DTC induction

motors in ship environments.
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(a) GRU result

(b) Bi-LSTM result

Figure 6. Comparison of stator FFT signal forecasting results between GRU and Bi-LSTM models: (a)

Predicted stator FFT signal of motor 4 by the GRU model, and (b) Predicted stator FFT signal of motor

4 by the Bi-LSTM model.
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(a) GRU result

(b) Bi-LSTM result

Figure 7. Comparison of rotor FFT signal forecasting results between GRU and Bi-LSTM models: (a)

Predicted FFT signal of motor 3 by the GRU model, (b) Predicted FFT signal of motor 3 by the Bi-LSTM

model.

In summary, the comparative evaluation against conventional GRU models underscores the

exceptional performance of the proposed Bi-LSTM model. It exhibits superior accuracy and lower

prediction error when considering stator and rotor data. The evaluation metrics, including MSE,

RMSE, and MAE, reveal that the model achieves low error values, indicating its effectiveness in

accurately forecasting the FFT stator and rotor currents. The Bi-LSTM model exhibits higher accuracy

in predicting the FFT stator current of the motor, further emphasizing its proficiency in capturing

complex patterns and trends in the data.
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5. Conclusion

This paper presented a novel approach for forecasting electrical signals in three-phase DTC

induction motors operating in ship environments. Accurate prediction of these signals is crucial for

achieving optimal motor performance and enabling effective condition monitoring. By leveraging

the transformed FFT and Bi-LSTM network, we were able to capture the complex dynamics of

multiple induction motors and evaluate the performance of our proposed Bi-LSTM model. Our results

demonstrated that our approach achieved high accuracy in forecasting electrical signals, surpassing

the performance of the GRU model. It highlights the effectiveness of the Bi-LSTM model in capturing

the temporal dependencies present in the data. The findings of this study provide valuable insights

into the development of accurate forecasting models for DTC induction motors, which can lead to

enhanced motor performance, improved condition monitoring, and increased operational efficiency.

Future research can further enhance the methodology and investigate its applicability in other motor

control systems.
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The following abbreviations are used in this manuscript:

DTC Direct Torque Control

FFT Fast Fourier Transform

Bi-LSTM Bi-directional Long Short-Term Memory

GRU Gated Recurrent Unit

ANNs Artificial Neural Networks

DL Deep Learning

RNN Recurrent Neural Network

CNNs Convolutional Neural Networks

MAE Mean Absolute Error

DEMUX Demultiplexing

MSE Mean Squared Error

DNNs Deep Neural Networks
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