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1. Introduction 

This research presents the design of a controller that attains robust control of an 
actuator using model reference adaptive control (MRAC) and a long short-term 
memory (LSTM) neural network (NN). The NN black-box model is trained using 
experimental data. It is then used to replace the existing plant model to achieve 
robust, real-time control of an actuator.  

Traditional proportional–integral–derivative (PID) control methods have provided 
reliable control systems capabilities. A traditional PID control is susceptible to 
noise, delay, and disturbances; therefore, they struggle with highly nonlinear 
systems. One such nonlinearity that is inherent in piezoelectric actuators is 
hysteresis. Hysteresis is the phenomenon in which the value of a physical property 
output lags behind the input effect causing it (Adrianes et al. 2000). 

The nonlinearities of the actuator create a unique challenge that has led to many 
attempts at developing advanced adaptive controls. The demand for advanced 
control systems with high-precision tracking accuracy has increased with 
progressing technology. Recent advancements with AI and ML techniques have 
paved the way for alternative designs for control systems other than a traditional 
PID controller (Chong et al. 2005). AI and ML techniques have become useful tools 
for obtaining these unique solutions.  

There are many types of NNs. The characteristics of the dataset help decide which 
NN to use. Specifically, a bidirectional LSTM NN is used to train the model based 
on the experimental data. A traditional recurrent NN (RNN) struggles to handle 
more than 10 previous time steps (Patil et al. 2021). The complexity of the 
hysteresis nonlinearity requires many timesteps to be recalled for the NN to learn 
the behavior of the system. The LSTM is a RNN that can handle many previous 
time steps, making it an ideal choice for learning a time-dependent behavior such 
as hysteresis (Haughn et al. 2022). 

Using a NN to replace a traditional PID controller is a unique approach because of 
the NN’s unique ability to learn from experience in its environment (Li et al. 2020). 
The NN plant model predicts the system’s dynamics, thus replacing complex 
mathematical models. The NN can approximate an unknown nonlinear function. It 
does so through regression analysis by fitting the relationship to a linear function 
seen in Equation 1. Weights and biases are assigned and then updated until the error 
converges to the minimum.  

 𝑦𝑦 = 𝑊𝑊𝑊𝑊 + 𝐵𝐵 (1) 
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The outline of the work is as follows. In Section 2, we discuss the methodology for 
the different techniques used to analyze the performance of the NN controller. This 
includes data collection methods, the architecture of the NN, and the control system 
design. In Section 3, we discuss results for the Python and MATLAB approaches. 
Section 3 includes the plot of results, including the DC motor results, using both a 
traditional PID controller and an NN controller. These results will be quantified and 
compared using time domain analysis of risetime and overshoot. 

2. Methodology 

The aim of this project is to achieve robust control of an actuator using adaptive 
control and LSTM as a plant model. To achieve this, LSTM’s ability to learn the 
behavior of an actuator must first be demonstrated. Next, using MATLAB and 
Simulink software, the model reference controller must have an ability to track the 
reference output accurately and precisely. Once the black box model has been 
demonstrated, the network parameters are adjusted to achieve an optimal response 
and disturbance is introduced to the system. The trained NN can then be used to 
achieve real-time control of the actuator. 

2.1 Obtaining Training Data  

The experimental data was first provided by the University of Michigan and 
contained several datasets for a piezoelectric actuator. The U.S. Army Combat 
Capabilities Development Command (DEVCOM) Army Research Laboratory 
(ARL) provided the datasets for the hydraulic actuator. These datasets contained 
various input profiles including sine wave, sawtooth wave, triangle wave, and 
square wave. Each profile was trained, tested, and compared by the accuracy of 
their predictions as well as their loss scores. The best datasets were selected to be 
used to train the NN. Both MATLAB and Python software were used to implement 
the NN. 

The dataset provided included three columns: time in seconds, voltage applied in 
volts, and displacement in centimeters. A fourth column was added that converted 
the displacement in centimeters to millimeters. The Excel file was then saved as a 
.csv file so that it could be used in Python using the “readcsv” function. There was 
no missing data or not a number values; therefore, no further data processing was 
required other than the unit conversion and file type conversion. 
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2.2 Building NN 

The basic architecture of an LSTM NN consists of three gates (Figure 1): input gate 
(It), output gate (Ot), and forget gate (Ft) (Yu et al. 2019). Each gate has a sigmoid 
activation function (σ). An additional candidate gate (Ct) decides the importance of 
past information. Information is either stored or discarded through the Ft based on 
how that information influenced the response during previous time steps. In this 
way, the network can learn the behavior of the system over time. 

 
Figure 1. Architecture of LSTM. 

The first LSTM NN created for this project was built in Python using the sequential 
function, which allows the layers of the network to be added manually and in 
sequential order. The Keras and Pytorch packages are used and provide many 
necessary built-in functions that make constructing an NN from scratch less 
difficult. A bidirectional LSTM allows for data to be shared forward and backward 
through the various layers of the network (Chen et al. 2007). The code is designed 
to be interactive with the user and prompts menus allowing the user to customize 
the parameters of the network and choose which datasets to use. 

Experimental data provided by the University of Michigan team is used as the 
training data for the LSTM. The University of Michigan used a piezoelectric 
actuator. Each input profile had its own unique output and hysteresis curve 
(Figure 2). There are several factors that influence the shape of the hysteresis curve, 
and the most influential is the input frequency. The various amplitudes and 
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frequencies were used to increase the richness of the datasets, which is an important 
step in obtaining a useful training dataset. 

 
Figure 2. Hysteresis curves of different input profiles. 

Once the approach has been demonstrated using Python, the model is replicated 
using MATLAB and Simulink. This was done to save computational time and for 
ease of implementation to actuators’ hardware. There were several additional 
datasets provided by ARL (hydraulic actuator) used within Simulink, each with a 
different profile (Borden et al. 2023). The richness of the dataset (how much 
variation) can contribute to a better training result and is encouraged. The input 
profiles provided included sine, sawtooth, square, and triangle inputs as the desired 
reference input.  

A significant contribution to this project that led to better training results was 
combining all the different input profiles into one large dataset. This data was used 
to train the plant model because it provided a rich dataset that covered several input 
profiles and their responses. Essentially, the network was better prepared for 
random data because it experienced more variation in training than the single 
profile was able to provide. The combined training dataset (shown in Figures 3  
and 4) led to better tracking and more accurate results than each of the individual 
input profiles. 
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Figure 3. Input profile of the combined datasets. 

The complexity of the NN has a profound effect on the results of the LSTM. 
Increasing the number of hidden layers and changing the number of epochs adds 
complexity to the network. Increasing the number of sequences requires more 
computational cost but allows the behavior of the system to be understood over 
longer periods of time. When comparing Python with MATLAB, we found that 
MATLAB handles larger datasets better than Python and generally has less 
computational time. 

Overfitting can be a problem when working with an LSTM NN. One way to handle 
this is by adding a dropout layer (Cong 2009). The dropout layer removes a small 
percentage of the input and hidden layer nodes to prevent overfitting. A dropout 
rate of 0.2 is used throughout this project. 

 
Figure 4. Different fits for regression. 
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2.3 Controller Design 

2.3.1 Mathematical Model 

To complete the MRAC, a reference model is required. An exact plant model is not 
available, and a simple model usually leads to a simple controller that is easy to use 
(Ioannou et al. 2013). This leads to more practical uses for the controller. For this 
project, a mass spring damper model is used for the reference model (Equation 2). 
The Simulink model representing this system is shown in Figure 5. The voltage 
input, u, has a displacement output, y. The original parameters for mass, spring 
constant, and damper are chosen by their ability to stabilize the system 
(Equation 3). Later, they are tweaked to tune the response. 

 𝑚𝑚𝑑𝑑2𝑥𝑥
𝑑𝑑𝑡𝑡2

(𝑡𝑡) + 𝑐𝑐 𝑑𝑑𝑑𝑑
𝑑𝑑𝑑𝑑

(𝑡𝑡) + 𝑘𝑘𝑘𝑘(𝑡𝑡) = 𝑓𝑓(𝑥𝑥)  (2) 

 𝑇𝑇.𝐹𝐹. = 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜
input

= 9
𝑠𝑠2+6𝑠𝑠+9

  (3) 

 
Figure 5. Simulink model used for the reference model. 

2.3.2 MRAC Simulink 

The MRAC is used in Simulink (Figure 6), and the default structure is modified to 
accommodate this project.  

 
Figure 6. MRAC. 
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The MRAC has an interactive menu that makes customizing this model simple and 
efficient. The number of inputs, outputs, and hidden layers can be selected along 
with the number of samples, epochs, and training segments. The “use cumulative 
training” box is checked so that the network can learn from previous training 
segments. This feature is very useful for finding the optimal controls for the 
network weights quickly. If an initial result was bad, the “use current weights” box 
is unchecked, so that those weights are not selected. The model generates new 
weights based on avoiding weights that do not work and using cumulative training 
to find weights that work (Figure 7). 

 
Figure 7. MRAC user interface. 

2.3.3 Disturbance Rejection 

Once a model has been well-trained, disturbance is introduced to the model. A sine 
wave block is used in Simulink to simulate the disturbance. The maximum 
amplitude of the sine wave is between 5% and 10% of the maximum actuator stroke 
value. The MRAC adapts to the disturbance signal via a feedback loop. Disturbance 
can cause issues with control systems, and they occur in every real-world scenario. 
Handling the disturbances within a signal is essential for obtaining a robust control 
signal. 
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3. Results 

3.1 Piezoelectric Actuator Experimental Data 

Table 1 shows that the best accuracy achieved was only 83% given a dataset limited 
in sample size. Obtaining useful training data requires a large sample size. More 
experiments were run and provided much larger datasets to use for training. Each 
of these datasets were used in Python to train the bidirectional LSTM model.   

Table 1. Initial Python results using dataset provided by University of Michigan. 

 

3.1.1 Python Initial Results 

Although the predicted displacement did not achieve the correct amplitude, the 
tracking behavior was accurate. Once the network displayed the correct predicted 
profile, the parameters were adjusted to achieve even more accurate results 
(Figures 8–11). Specifically, the sequence length, number of epochs, and number 
of hidden layers were all increased.  

 
Figure 8. Initial results of the Python sine wave. 
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Figure 9. Initial results of the Python predictions’ sine wave. 

 
Figure 10. Improved results from updating parameters in Python. 



 

10 

 
Figure 11. Improved results of Python predictions. 

There is some overshoot on the lower half of each wave pattern, but the maximum 
amplitude is not reached. To help fix this discrepancy, more richness was needed 
with the dataset profiles. To add richness to the dataset, experiments were run and 
produced training data that had various amplitudes and frequencies within the same 
dataset. The network was then trained using a rich dataset, leading to the most 
accurate results using Python. 

3.1.2 Python Results 

Table 2 highlights two of the datasets that were considered to have the best results. 
Although the “Plate pulse wave 1 Hz” and “Sine wave var amp” datasets had a 
lower loss score, they did not test as well, and the predictions were not as good as 
the “Plate pulse 1 Hz diff amps” and “Newdata2” datasets. This is because the data 
used for testing is different from the data used for training, even though they 
originated from the same dataset. The robustness of both “Plate pulse 1 Hz diff 
amps” and “Newdata2” datasets were the reason these datasets were considered to 
have performed the best. Both datasets had varying amplitudes and frequencies to 
improve the richness of the datasets. 
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Table 2. Selecting the best datasets based on richness, not only loss score. 

 

Once the best datasets had been selected, the best parameters were chosen, and  
the complexity of the network was increased by adding 16 hidden layers. The 
predictions were more accurate than the original results, and the LSTM has proven 
to be a successful approach to training based on the time-series data (Figures 12 
and 13). 

 
Figure 12. Final results in Python. 
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Figure 13. Final results from Python predictions. 

The optimization algorithm chosen for the Python LSTM is the Adam (Adaptive 
Moment Estimation) optimizer. The Adam optimizer allows a faster, smoother 
convergence (Bock et al. 2019). In addition, the Adam optimizer combines 
techniques from the root mean squared propagation (RMSProp) and the 
momentum, which accelerates the gradient descent. The update rule with 
momentum is displayed in Equations 4 and 5. 

 𝑤𝑤𝑡𝑡+1 = 𝑤𝑤𝑡𝑡 − 𝛼𝛼𝑚𝑚𝑡𝑡 (4) 

 𝑚𝑚𝑡𝑡 = 𝛽𝛽1𝑚𝑚𝑡𝑡−1 + (1 − 𝛽𝛽1) 𝛿𝛿𝛿𝛿
𝛿𝛿𝑤𝑤𝑡𝑡

 (5) 

Figure 14 demonstrates how the training loss converged towards the minimum in 
less than 20 epochs, and the testing loss continued to decrease in the same number 
of epochs. This demonstrates the network learning the behavior of the system based 
on the data to which it is introduced. A dropout layer prevents overfitting, ensuring 
the validity of the results. 



 

13 

 
Figure 14. Trainng and testing loss in Python. 

3.2 Hydraulic Actuator Experimental Data 

The Python approach worked well for the initial datasets but struggled with large 
datasets of over 1 million samples, so MATLAB’s Deep Network Designer was 
used to recreate the LSTM in MATLAB. The Deep Network Designer excels in 
processing large datasets quickly and efficiently. After obtaining several new 
datasets provided by ARL, MATLAB was used to train the plant model and build 
the model reference controller. The datasets provided contained a sine, sawtooth, 
triangle, and square wave input profile as well as their corresponding output 
displacements. The reference signal was a value between 0 and 100 and represented 
the percentage of maximum stroke that the actuator displaced.  

3.2.1 MATLAB Deep Learning Network Designer Simulink 

MATLAB’s Deep Learning Toolbox has a deep network designer that is user 
friendly and allows the layers of a network to be constructed simply by clicking 
and dragging corresponding blocks into the desired location within the network. A 
prebuilt LSTM model was selected and then modified for this project. The prebuilt 
version was designed for classification, whereas this project needs an LSTM for 
regression purposes. To change this, the “SoftMax” and “classification output” 
layers are removed, and a “regression output” block replaces the output block. The 
LSTM is no longer a classification LSTM but a regression LSTM (Figure 15). 
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Figure 15. Layers of LSTM using MATLAB’s deep network designer. 

Once the network structure was built and parameters customized, the network was 
trained using experimental data. The Deep Learning Network Designer gives the 
user the choice to output the trained network as a script or a Simulink model. The 
Simulink model is selected so that it can be directly implemented with the MRAC 
model. 

3.2.2 MATLAB Deep Network Design Training Results 

The experimental data is split into training, testing, and validation datasets. The 
results show excellent tracking behavior. The NN output can recognize subtle 
differences in amplitudes (Figure 16). 
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Figure 16. NN’s ability to notice subtle differences in amplitude. 

After each epoch, the parameters are updated, and the mean squared error loss 
function is minimized during convergence. Figure 17 illustrates how the error 
decreases over time, eventually settling at the minimum. There are several different 
algorithms that can be used, as listed in Table 3. Each one uses a slightly different 
approach for finding the minimum. For this project, a faster convergence is desired; 
therefore, an algorithm (traingdx) with an adaptive learning rate and momentum is 
used. The adaptive learning rate allows the speed of convergence to accelerate if it 
is headed towards the minimum (Figures 18–20). 

 
Figure 17. Convergence of MATLAB LSTM. 
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Table 3. Optimization algorithm options for MRAC. 

 

 
Figure 18. Comparing the convergence of the standard gradient descent (left panel) with the 
Adam optimizer (right panel). 

By combining elements from both the momentum and RMSProp techniques, the 
Adam optimizer has a few advantages over other algorithms. By using bias 
correction, it can prevent early age instability. The learning rate adapts based on 
weights and this prevents oscillations (Figure 18). By adjusting fewer 
hyperparameters, the Adam optimizer allows a more cost-efficient, accurate result. 
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3.2.3 MATLAB MRAC Results 

A randomly generated input profile that represents the desired displacement is 
created and used as the reference model input (Figure 19). The NN controller output 
(green) is compared with the reference model output (blue) (Figure 20). 

 
Figure 19. Initial MATLAB results showing small undershoots. 

 
Figure 20. Initial MATLAB results showing good tracking behavior. 
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These results show the tracking behavior of the NN controller. However, there are 
small undershoots that need to be corrected (Figure 21). After updating the 
parameters, the accuracy of the response improved (Figure 22). 

 
Figure 21. Updated MATLAB results after parameter update to correct undershoots. 

 
Figure 22. Results after correcting undershoots with better tracking behavior. 

A sine wave block is added to introduce disturbance. The “cumulative training” 
box is checked within the GUI of the MRAC. This allows the network to build upon 
previous training to learn the behavior of the system. By doing so, the controller 
can accurately predict the output. Figure 23 shows that the reference model 
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produced a sine wave output. The NN output normally attempts to follow the 
reference model output; however, in this instance, it predicted that the input profile 
was a square wave, which proved to be the case. The NN controller outperformed 
the reference model in this situation, and, in fact, it led to the most accurate results 
with nearly perfect tracking (Figures 24 and 25). 

 
Figure 23. Given a square wave input, the reference model response is a sine wave, but the 
NN controller was able to learn that the input profile was a square wave. 

 
Figure 24. Perfect tracking ability after training the MRAC. 
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Figure 25. Magnified view of the perfect tracking ability of the NN controller. 

3.2.4 Implementation on DC Motor 

The Quanser SRV-02 DC motor is used to test the implementation of the NN-based 
controller. The original Simulink model was used for the baseline, and the original 
PID controller is replaced with the trained NN model. The SRV02 DC motor used 
a first-order transfer function, which led to a unique challenge. The large spikes in 
voltage shown in Figure 26 have infinite slopes, which led to a poor result. Using 
a second-order transfer function (Figure 27), this issue is mitigated. 

 
Figure 26. Large spikes in voltage (left panel) have an infinite slope, resulting in problems 
when differentiating (right panel). 

 
Figure 27. Second-order transfer function used for the SRV02 DC motor. 
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The original PID controller is replaced with the NN controller (Figure 28). The 
initial results were not good due to a sampling rate discrepancy between the trained 
model and the SRV02 model. The network had to be retrained at the correct sample 
rate (0.01 s) used in the SRV02 model. Once this issue was resolved, the NN 
controller was implemented with the DC motor. The results with and without 
disturbance are shown in Figures 29 and 30, respectively. 

 
Figure 28. Simulink/QUARC model for Quanser SRV02 DC motor: the PID controller has 
been replaced with the NN controller. 

 
Figure 29. DC motor response using the NN controller without added disturbance. 
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Figure 30. DC motor response using the NN controller with added disturbance. 

The reference model parameters were then adjusted, and a limiter was added to the 
QUARC model (Figure 31). The limiter prevented the overshoot error. 

 
Figure 31. DC motor response using the NN controller with the added limiter. 
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Next, the results are compared with those of a PID controller. The PID controller 
is highly dependent on selecting the correct gains (Figure 32). The NN controller 
showed excellent ability to adapt and respond to external forces, and it was more 
consistent due to its independence to gains (Figure 33). The NN controller is 
dependent on the frequency of the input (Figure 34).  

 
Figure 32. PID controller response showing dependence on selecting correct gains. 

 
Figure 33. NN controller response showing the ability to prevent overshoot and respond 
quickly. 
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Figure 34. NN controller response to high-frequency, random data. 

The risetime is the time it takes for the controller to respond and reach a certain 
percentage of its maximum rotation. Both the 63% rule and the 10%–90% risetime 
are considered. The maximum displacement was ±0.5 radians, or a rotation of 
approximately ±28°. The time it takes for the response to go from 0% to 63% 
maximum rotation is considered the risetime for the 63% approach. The values for 
63% maximum rotation are 0.315 radians, or 18°. For the 10%–90% approach, the 
time it takes to go from 0.05 to 0.45 radians or from 2.86° to 25.78° is considered 
the risetime. Table 4 shows the different risetimes for different frequencies. The 
risetime for the 63% approach is higher because it starts from a 0% rotational state 
(initial “rest” position). 

Table 4. Risetime for various frequencies for the NN controller. 

Frequency in Hz 0%–63% risetime in 
seconds 

10%–90% risetime in 
seconds 

1.155 0.865645 0.505198 
1.181 0.845774 0.409384 
1.320 0.757439 0.304861 
1.383 0.722816 0.252599 
1.431 0.698828 0.165496 
1.693 0.590622 0.121944 

4. Conclusions and Future Work 

The LSTM demonstrated a unique ability to train a controller to achieve a fast and 
accurate response. The LSTM was effective in both Python and MATLAB. As the 
size of the dataset and the complexity of the network increased, the computational 
time greatly increased in Python, making MATLAB a more time efficient option to 
use.  

The MRAC within Simulink provided a useful tool for training the network quickly, 
but careful consideration to detail was necessary to effectively train the model. 
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There are many parameters, variables, and hyperparameters that need to be 
adjusted, and each one must be done correctly to achieve an accurate training result 
that can be considered reliable. By using the “cumulative training” option, the 
MRAC was able to learn how to achieve better results over multiple training cycles. 

The richness of the datasets had the largest influence on the accuracy of the results. 
The number of samples clearly played a role in determining the effectiveness of the 
training. The experiment for generating training data was run for 60 s. A dataset 
containing hundreds of thousands of samples and a sample rate of 0.01 s were 
sufficient for training the model accurately. Varying the amplitude of the signal 
during training provided the information needed for the network to handle a random 
reference signal.  

Allowing the use of an adaptive learning rate by use of the Adam optimizer 
algorithm allowed a faster convergence than a standard gradient descent algorithm 
approach. Sometimes a faster learning rate results in some instability, but this was 
not the case for the Adam optimizer due to its biased correction ability. There are 
many other optimization algorithms available, but the Adam optimizer proves to be 
a reliable option for the fastest, most accurate response when using a bidirectional 
LSTM for a time-series-based dataset. 

The complexity of the NN was the final factor that led to a nearly perfect training 
result. The complexity of the training data was increased by combining each input 
profile into one large dataset. Hidden layers were added simply by increasing the 
number of hidden layers in the MRAC’s interactive menu. Achieving good training 
results was a result of careful selection and tuning of parameters, choosing a large, 
rich dataset, and adding the correct amount of complexity. 

The PID controller results were dependent on selecting the optimal control gains. 
Large overshoots were often present and would not be desirable in a real-world 
scenario, potentially leading not only to a loss of accuracy but also to damaged 
equipment. The NN controller prevented overshoot and had a consistent response. 
The NN was dependent on selecting optimal training data and parameters. The 
frequency used for training and the frequency of the input used in testing was a 
deciding factor in the response of the NN controller. 

Now that the effectiveness of the LSTM NN controller is demonstrated, there are 
more opportunities to enhance and improve on this idea. Each application will have 
its own unique dataset. This requires that each network to be designed to 
complement the uniqueness of the data. By changing the number of hidden layers, 
choosing different optimization algorithms, and adjusting the parameters of the 
network, optimal results can be found and applied to a particular system.  
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As additional experiments are conducted, more data will be available, creating more 
opportunities to make improvements to training results. One issue that came up 
during the implementation of the controller on an actual motor was the sample rate. 
The sample rate for training must match the sample rate used for implementation. 
When working with many digital devices, this can potentially be a difficult problem 
to manage. 

Other areas that may require more research include computational cost. The large 
datasets and high sample rates needed for training and implementation require a 
healthy amount of CPU power. Parallel computing as well as quantum computing 
offer potential solutions to the computational cost problems. Recent advancements 
in these fields have allowed these approaches to be more easily implemented. 

This work has demonstrated the accuracy that a trained NN can offer. Through 
careful selection and tuning of parameters and hyperparameters of the network, a 
high level of accuracy was achieved. For the NN-based techniques to be readily 
implemented in place of traditional PID controllers, the speed and accuracy of 
response must be consistently better than traditional controllers. In addition, these 
complex approaches must be simplified for the user to encourage their use. Finally, 
a simple design of a controller leads to a simple-to-use controller. 
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List of Symbols, Abbreviations, and Acronyms 

Adam Adaptive Moment Estimation 

AI artificial intelligence 

ARL Army Research Laboratory 

CPU central processing unit 

Ct candidate gate 

DC direct current 

DEVCOM U.S. Army Combat Capabilities Development Command 

DoD Department of Defense 

Ft forget gate 

GUI graphical user interface 

Ht hidden gate 

It input gate 

LSTM long short-term memory  

ML machine learning 

MRAC model reference adaptive control 

NN neural network 

NRL Naval Research Laboratory 

Ot output gate 

PID proportional–integral–derivative 

RMSprop root mean squared propagation 

RNN recurrent NN 
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