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ABSTRACT 

Deep reinforcement learning, as an advanced machine learning method, is capable of automatically learning 

optimal decision-making strategies in complex environments. The core objective of this paper is to apply 

deep reinforcement learning algorithms to SolidLab's microcontroller programming in order to realize the 

intelligent control of the linear one-stage inverted pendulum system. The study takes the linear one-stage 

inverted pendulum produced by A Technology Company as the control object, and adopts the model-free 

control structure of the deep reinforcement learning algorithm to build the controller and conduct virtual 

simulation experiments. Comparing the experimental effects of LQR and DQN algorithms, the LQR 

algorithm is better than the DQN algorithm in stabilizing pendulum control of inverted pendulum. 

Accordingly, a balance controller based on the offline Q learning algorithm is further designed to realize 

the inverted pendulum stabilization in kind. After optimizing the design strategy, the inverted pendulum 

system can be rapidly stabilized within 0.9s when it is perturbed by a small angle of about 12°. It shows 

that the method in this paper can realize the intelligent control of the inverted pendulum system at the 

linear level. 

Keywords: Deep Reinforcement Learning; SolidLab, Linear one-stage inverted pendulum, Intelligent 

control 

 

1. Introduction 

With the continuous development of electronic technology, the degree of electrical intelligence of 

household appliances and factories is getting higher and higher, and microcontrollers are widely used in 

the core components of electrical intelligence [1-2]. Microcontroller is a large-scale integrated circuit chip 

developed in the mid-1970s, which integrates CPU, RAM, ROM, I/O interface and interrupt system into 
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the same silicon chip [3-4]. Since the 1980s, the development of microcontroller has been rapid, and all 

kinds of new products continue to emerge, and there are many new high-performance models, which are 

widely used in the field of industrial control, home appliances, intelligent Instrumentation, computer 

external equipment and mechatronics products have important uses [5-6]. The application of 

microcontroller is the same as computer, including hardware and software two major parts, software using 

computer language for programming [7-8]. 

The computer language includes two kinds of high-level language and assembly language, the assembly 

language of microcontroller has good performance and high execution efficiency in controlling the 

underlying hardware, but it is a low-level language, programming efficiency is low, and the portability and 

readability is poor, the maintenance is very inconvenient, which leads to the reliability of the whole system 

is also poor [9-12].The C language has the advantages of its structured and efficient code generation, 

which meets the needs of developers, and becomes the most popular language in the market. C language 

meets the needs of developers and has become the language of choice for developers to program 

microcontrollers [13-14]. 

The development of common microcontroller projects mainly involves sensor data acquisition and 

processing, serial port data sending and command receiving, information display, status indication and 

warning, and the control part includes microcontroller automatic control, manual control, host computer 

control, voice recognition control and remote APP control, etc. The content of the microcontroller system 

includes initialization, main controller loop execution and timer control, multiple buses and communication 

interface applications, etc. [15-17]. 

The hardware part of the linear level inverted pendulum system designed in this paper takes the 

microcontroller as the core, and through the SolidLab platform, the deep reinforcement learning algorithm 

is transformed into the executable program of the microcontroller to realize the real-time intelligent 

control of the inverted pendulum system. A virtual simulation environment is built based on neural 

networks, and a segmented training method is adopted to train the strategy network and value network in 

the simulation environment. The model generated in the virtual simulation environment is transplanted 

to the inverted pendulum SolidLab platform and optimized. Compare the control effect of DQN model and 

LQR model in the physical inverted pendulum, and further propose the intelligent control strategy of linear 

level inverted pendulum system based on deep reinforcement learning algorithm. 

2. Intelligent control strategy design based on deep reinforcement learning 
algorithm 

2.1. Deep reinforcement learning algorithm 

As a multi-disciplinary cross-disciplinary technology, machine learning possesses the ability to rapidly 

solve complex problems, and deep reinforcement learning (DRL) is a new direction of inquiry in the field 

of machine learning, which is widely used in natural language processing, computer vision, intelligent 

agriculture, industrial Internet of Things, and other fields. It integrates the decision-making ability of 

reinforcement learning as well as the perceptual ability of deep learning, and is the bridge and link between 

traditional machine learning and artificial intelligence [18]. 

2.1.1. Deep reinforcement of learning ideas.Deep learning extracts high-latitude features by nonlinearly 

transforming raw data through multilayer neural networks, while reinforcement learning learns optimal 

strategies through the interaction of the intelligent body with the environment. Deep reinforcement 

learning utilizes the feature extraction capability of deep learning to combine deep learning and 

reinforcement learning, where the intelligent body learns the optimal control strategy through continuous 

trial-and-error, learning, and updating in order to maximize the expected return (cumulative discount 

reward). Its learning process is mainly divided into four steps: 
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1) The intelligent body obtains high-dimensional environment feature observations through interaction 

with the environment and inputs them into a multilayer neural network for downscaling and feature 

extraction. 

2) The intelligent body makes a decision based on the output of the neural network and the learned control 

strategy. 

3) The environment responds to the decision action, and the intelligent body obtains the next moment's 

observation of the environment and the reward generated by the current decision action. 

4) As feedback, the intelligent body learns and updates itself using the information from its interaction 

with the environment, and keeps on trial and error to find the optimal control strategy to maximize the 

expected reward (cumulative discounted rewards). 

The above process will continue to loop until the intelligent body learns an optimal control strategy. 

2.1.2. Deep reinforcement learning models.Markov Decision Process is a classical mathematical model 

for decision-making problems and is often used to solve complex environment-related problems in 

reinforcement learning. It can be used to simulate the behavior of an intelligent body under certain 

strategies and rewards, where the intelligent body makes a decision based on the current state and the 

existing strategy, obtains a reward and moves to the next state, and the whole process continues until the 

task is completed [19]. 

A Markov decision process is usually defined by the quintuple   1, , | , , ,t t tM S A P S S a R  , where 

S  is the set of environment states under all moments. A  is the set of intelligent body actions under all 

moments. P   is the transfer probability function, and  1 | ,t t tP S S a   represents the probability 

distribution of the state-action combination of the intelligent body  ,t ts a  transferring to the next 1ts   

state at a t  moment in time. R  is the reward function,   is the discount factor, and [0,1]   range. 

In a Markov decision process, the intelligent body will find the optimal strategy by maximizing the 

cumulative discount reward, 
* arg max [ | ]E R   i.e., the cumulative discount reward 1

0

T
k

t k

k

R    



 . 

The computation of the optimal policy requires the utilization of the value function, denoted by ( )V s  

as the corresponding value function of state s  under policy  , i.e., the cumulative discounted reward 

expectation of an intelligent taking an action while obtaining a cutoff at state s  under policy  , as shown 

in Equation (1): 
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The state-action value function, also called the Q  function, uses ( , )Q S a  to denote the value of the 

action a  taken at state s  under strategy  , i.e., the cumulative discounted reward expectation of an 

intelligent body taking an action a  at state s  under strategy   while obtaining a cutoff, as shown in 

Equation (2): 

 1

0

( , ) | , , , ,
T

k

s s t k t

k

Q s a E r s s a a s S a A  



 
    

 
  (2) 

The solution of the optimal policy is the solution of the optimal value function, but the model is difficult 

to solve certain complex and high-dimensional environmental problems, and traversing the states and 

actions frequently and many times will lead to high computational cost instead, therefore, on this basis, 

deep neural networks in deep reinforcement learning algorithms are usually utilized to approximate the 

value function, so as to solve the optimal policy of the system. 

According to whether the reward function and state transfer probability need to be known or not, deep 

reinforcement learning algorithms can be divided into two main categories, which are model-based deep 

reinforcement learning algorithms and model-free deep reinforcement learning algorithms. Model-based 

deep reinforcement learning algorithms need to provide the intelligent body with an environment model 

or command the intelligent body to learn the environment model, usually with high sampling efficiency 
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and able to reason about the uncertainty of the model, but in the face of the complexity of the real 

environment, the model explored by the intelligent body tends to be ineffective, and there is a certain gap 

between it and the actual situation, with a large error. In contrast, although model-free deep reinforcement 

learning algorithms have lower sampling efficiency, they do not need to construct complex models, and 

can often learn the optimal strategy after continuous trial and error of the intelligent body and the real 

environment. Model-free deep reinforcement learning is mainly divided into two categories: policy 

gradient-based deep reinforcement learning algorithms and value function-based deep reinforcement 

learning. Among them, the deep reinforcement learning algorithm based on policy gradient can carry out 

stochastic policy learning, while the deep reinforcement learning algorithm based on the value function is 

to allow the intelligent body to find the strategy that maximizes the cost function through a series of 

actions, and the common ones include the Deep Q Network (DQN) algorithm, the Double DQN algorithm, 

and so on. 

2.1.3. Common Algorithms for Deep Reinforcement Learning.When solving the state variables and the 

lower dimension of the behavior space (such as one-dimensional, two-dimensional), the Q-learning 

algorithm based on the form form can still be trained on the Q-forms, however, when encountering some 

complex problems, the dimensions of the state variables of such problems are relatively high, and the 

constructed Q-forms will be very large, and it will be difficult for the Q-learning algorithm based on the 

form to be trained, and at this time, we will combine neural networks and Q-learning algorithm This time 

we combine neural network with Q learning algorithm and use neural network instead of Q form, we can 

solve the problem of large dimension and difficult to train [20]. 

However, there are some problems when combining Q-learning algorithms with neural networks: 

1) The state used for training is a sequence in which the before and after states are highly correlated. 

2) A small update to the Q parameters can lead to a huge change in the policy and consequently a huge 

change in the distribution of the training samples. 

3) The parameter linkage between the objective Q function and the Q estimation function, each update of 

the objective is obtained by fixing the parameters of the last update, and the optimization objective keeps 

changing following the optimization process. 

The DQN algorithm effectively combines the Q learning algorithm with neural networks, and solves 

the first two problems of combining the Q learning algorithm with neural networks by introducing the 

experience playback mechanism (storing the experience samples obtained from the experiments together 

in the experience pool play_buffer to randomly select some samples each time to be trained), which breaks 

the correlation between the samples, and at the same time smoothes the data distribution. The third 

problem is improved by introducing the target Q network on the basis of the deep reinforcement learning 

DQN algorithm. By updating the parameters of the online Q function for a certain period of time before 

updating the parameters of the target Q network, the correlation between the target Q function and the Q 

estimation function is reduced, and the convergence of the algorithm is improved. This is the dual-network 

DQN algorithm after the enhancement of DQN, and the block diagram of the algorithm is shown in Fig. 

1. 
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Fig. 1. Dual network DQN algorithm block diagram 

The estimated value network is initialized and its initialized network parameters are passed to the target 

value network. The intelligent body takes the current state s  given by the environment as the input of 

the estimation value network, and after the estimation value network calculates the state behavior value 

(Q  value) of each behavior under the state, and selects the behavior with the largest Q  value output 

from the estimation value network with a probability of 1    (randomly selects the behavior with a 

probability of  , which provides a certain exploratory performance for the intelligent body), and obtains 

the instantaneous reward and punishment value r  fed back from the environment, as well as the state 

variable s   at the next moment. The training samples  , , ,s a r s  obtained from the experiment are 

stored in the experience pool, and when the training samples accumulate to a certain number, a portion of 

the training samples is randomly selected from the experience pool each time, and ( , )s a  of the samples is 

provided to the estimation value network to obtain EstimatedQ , s  is provided to the target value network, 

and the maximum value of Q  values of each behavior under the state variable s  at the next moment is 

output, EstimatedQ  is the value of Q  of the current state s  of the selected behavior a , ObjectiveQ  as shown 

in equation (3): 

  Objective max ,aQ r Q s a    (3) 

Eq: 
r  - Instantaneous reward value at state s  selection behavior a  arrival at state s . 
  - Decay factor. 

 max ,a Q s a  - Maximum Q  value at the next moment state s . 

With  Objective Estimated

2

Q Q  as the loss function, the estimation value network is constantly updated, and 

the parameters are copied to the target value network every certain time step N to finalize the training of 

the intelligent body. 

2.2. Intelligent control design of inverted pendulum in linear level based on DRL 

2.2.1. Basic Theory of a First Class Linear Inverted Pendulum.The first-stage linear inverted pendulum 

system mainly consists of a carriage, a pendulum rod and a guide rail, and the structure of the first-stage 

linear inverted pendulum system is shown in Figure 2: 
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Fig. 2. Physical schematic diagram of a linear inverted pendulum system 

1) Modeling. The inverted pendulum system is a typical complex system, and the modeling of the inverted 

pendulum system usually adopts the Newtonian mechanics analysis method and the Lagrange equation 

method, and the secondary factors such as air resistance, belt elasticity, the friction between the belt and 

the cart, and the gear gap are usually ignored in the modeling process [21]. In this paper, the Lagrange 

equation method is used to model a one-stage linear inverted pendulum through References. The following 

assumptions are made about the system: 

(1) The pendulum is a rigid body. 

(2) Friction is neglected. 

(3) Gears do not slip. 

(4) The belt does not stretch. 

The Lagrange equation is shown below: 

 ( , ) ( , ) ( , )L q q T q q V q q   (4) 

Eq: 
L  - Lagrange operator. 
q  - System generalized coordinates. 
T  - System kinetic energy. 
V  - System potential energy. 

After reasoning and calculating, the system kinetic energy and potential energy are shown in Eqs. (5), 

(6), respectively: 

 
2 2 21 1 2

cos
2 2 3

T Mx mx mlx ml       (5) 

 cosV mgl   (6) 

The formula: 
M -Trolley mass (1.096Kg) 
x -Trolley displacement 

m  - Pendulum mass (0.109Kg) 
l  - distance from the center of the axis of rotation to the center of mass of the pendulum (0.25m) 
  - angle between the pendulum and the vertical upward direction 

In the generalized coordinate system   only friction acts, so equation (7) holds. 

 0
d L L

dt  

 
 

 
 (7) 

The state variable of the inverted pendulum system is 
 , , ,x x 

. Let: 

 ( , , , )f x x    (8) 

A Taylor series expansion near the equilibrium position and linearization is obtained: 

 11 12 13 14 15k x k k x k k x        (9) 
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The equation of state of the system is calculated by bringing in the data as shown in Eq. (10) and Eq. 

(11): 

 

0 1 0 0 0

0 0 0 0 1

0 0 0 1 0

0 0 29.4 0 3

x X u

   
   
    
   
   
   

 (10) 

 
1 0 0 0 0

0 0 1 0 0
Y X u

   
    
   

 (11) 

2) Qualitative analysis: 

(1) Stability: From Eq. (10) and Eq. (11), the open-loop characteristic roots of the system are calculated 

to be, respectively: 

 1 2 3 40, 5.4222, 5.4222         (12) 

The inverted pendulum system is unstable because of 3 0 
. 

(2) Energetic controllability: The inverted pendulum system energetic controllability matrix is shown 

in equation (13): 

 
2 3M A AB A B A B     (13) 

The matrix is computed to be full rank and hence the inverted pendulum system is controllable. 

(3) Energeticity: The inverted pendulum system energetics matrix is shown in equation (14): 

 2 3
T

M A CA CA CA   
 (14) 

It is calculated that this matrix is full rank and therefore the inverted pendulum system can be observed. 

2.2.2. Application of SolidLab's microcontroller programming.In this paper, the DRL algorithm is 

converted into a microcontroller executable program using the SolidLab platform, an integrated 

development environment that provides a complete tool chain from algorithm design to hardware 

deployment. In this paper, the DRL algorithm is deployed to a microcontroller through the SolidLab 

platform to realize the real-time control of the inverted pendulum system at the linear level. During the 

deployment of the Deep Reinforcement Learning algorithm, the software support of the SolidLab platform 

for automated Design of Experiments (DoE) is able to automatically run several predefined parameter sets 

to efficiently develop the design space of the recipe. This is particularly important for the experimentation 

and parameter tuning of the DRL algorithm. The SolidLab platform provides a powerful development and 

testing environment for the deep reinforcement learning algorithm, which enables this paper to apply the 

advanced control strategy to a real linear one-stage inverted pendulum system to realize real-time 

intelligent control. 

3. Experimental results and analysis 

3.1. Linear level inverted pendulum balance control simulation experiment 

In this paper, the linear one-stage inverted pendulum produced by A Technology Company is taken as the 

control object, firstly, referring to the mathematical model of the hardware system, combined with the 

given parameters of the actual physical system, the one-stage linear inverted pendulum system is modeled 

by numerical simulation, and the fourth-order Runge-Kutta method (Runge-Kutta) is used to solve the 

ordinary differential equations, so as to realize the Matlab simulation of the inverted pendulum. In addition, 

it is necessary to set the thresholds of cart displacement and pendulum angle in the balance control process 
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by oneself, and write the state initialization function, training termination function, and reward value 

generation function of the inverted pendulum system. 

3.1.1. Neural network structure construction.The trainlm training function is used, which updates the 

values of weights and biases based on the Levenberg-Marquardt optimization method, which is a least 

squares method that minimizes the energy function (error function) of the network. The number of neurons 

in the input layer of the designed neural network is 4, corresponding to the 4 dimensions of the state 

variables. Two hidden layers are designed, each containing 10 and 20 neurons, respectively. The output 

layer corresponds to the behavioral space of the intelligences, so the number of neurons, i.e., the number 

of behaviors, is 2. This neural network model is trained to enable prediction of the output. When a function 

is called on the model, the model will predict the reward value for the current state based on the trained 

data. 

3.1.2. DQN algorithm design.First, the neural network training function is written, and the neural 

network is trained from the < state of the randomly generated inverted pendulum system, and the action > 

pairs are trained: in each episode, the random matrix of 4 64  composed of rand(length(obj.state),64) is 

used as the input of the neural network, and it is randomly divided into three parts: train, validation, and 

test to train the appropriate neural network, and the corresponding data is saved in the experience pool 

(buffer). Then the empirical playback function is written to randomly sample the data in the empirical pool 

to form a small batch, the state of the inverted pendulum system is used as the input to the neural network, 

and the data in the minibatch is used to test whether the predicted output of the trained neural network is 

accurate or not, i.e., whether it is capable of realizing the equilibrium control of the inverted pendulum 

system or not. 

The neural network parameters are first initialized during the experimental process, and then all the 

samples 
 , , ,s a r s

 obtained in each experiment are deposited into the experience pool so that the neural 

network model can be trained with random sampling. The inverted pendulum balance control experiments 

were conducted in parallel with the training of the neural network model, and the neural network was first 

trained using randomly generated data in each episode, and then the trained network was tested to see if 

it could predict the output of the inverted pendulum system. 

3.2. Comparison of tests 

In this section, we design experiments to compare the experimental effects of two algorithms (LQR and 

DQN). Considering the “reality gap” between the simulation environment and the real thing, this paper 

adopts a segmented training method. This method first trains the policy network and value network in the 

simulation environment, and then saves the trained network model and transfers it to SolidLab platform 

for secondary training. Segmented training is a method based on model migration, and the idea is to learn 

and summarize experiences from a series of tasks that have been implemented in the past, and apply these 

experiences to possible future migration learning tasks. Segmented training can reduce the difference 

between the simulation environment data and the real data, and subsequently make adjustments to the 

converged policy neural network model based on the real-time detection of the state during the training 

process of the physical system. 

The testing effect of the model obtained from the training in the simulation environment before and 

after the secondary training in SolidLab platform is shown in Fig. 3. Figures (a) and (b) represent the test 

effects before and after the secondary training, respectively. The oscillation of the pendulum angle in Fig. 

3(a) is large (-0.10492~0.08959), which occurs due to the following reasons: 

1) The simulation environment and the actual environment have variability, the simulation environment 

is used to add noise to simulate the interference that exists in the actual operation process, the noise is 

uniformly distributed in the simulation environment, and there is a certain difference with the actual 

interference. 
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2) There is no error in the angle of the pendulum rod in the simulation environment, and there is some 

difference in the physical control of the action selected by the strategy function. The amplitude of the 

pendulum oscillation in Fig. 3(b) is reduced and uniformly distributed, and the maximum angle of the 

pendulum in the positive direction in the stable pendulum region is 0.03319 rad, and the maximum angle 

in the negative direction is -0.05489 rad. Relative to Fig. 3(a), the maximum angle of the pendulum 

decreases by 0.0564 rad in the positive direction and 0.05003 rad in the negative direction. As can be seen 

in Figures 3(a) and 3(b), the use of a segmented training approach improves the control of the model on 

the SolidLab platform. 

 

(a) Before secondary training 

 

(b) After secondary training 

Fig.3. Comparison of test results before and after secondary training 

In this paper, we compare the control effect of DQN model and LQR model in the physical inverted 

pendulum, and the comparison of the stabilizing effect of the inverted pendulum is shown in Fig. 4. Figures 

(a) and (b) represent the control effects of DQN model and LQR model, respectively. DQN, as a 

reinforcement learning algorithm based on value iteration, adds neural network on the basis of Q-Learning, 

when the state and action space generated during the interaction between the intelligent body and the 

environment is discrete and of low dimensionality, the Q-Learning method can be used to build a state-

action-value Q-table, and the Q-value in the table can be updated based on the Bellman's optimal equation. 

In the inverted pendulum system, the states of the carriage and the pendulum are high-dimensional 

continuous, and it is very difficult to construct tables using the Q-Learning method, which is prone to 

dimensional catastrophe. When the states and actions are high-dimensional continuous, constructing a 

table can be transformed into a function fitting problem, where Q-values are generated by fitting a function 
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instead of a table, allowing similar states to obtain similar output actions. The high-dimensional inputs can 

be mapped to the outputs through the neural network with the advantage of deep neural network for 

complex feature extraction when fitting the function. Therefore, the essence of the DQN method is to 

combine deep neural networks and Q-Learning to map the state action value Q through the network 

structure, and to update the intelligent body actions based on Bellman's optimal equations using a greedy 

strategy. Since the DQN belongs to the discrete action control strategy, the network outputs are discrete 

values, and from Fig. 4(a), it can be seen that the oscillation amplitude of the pendulum angle is large, and 

the positive and negative angle jumps are frequent, with the maximum of the positive angle being 0.10469 

rad and the maximum of the negative angle being -0.13968 rad. The LQR acts as a linear regulator whose 

object is a linear system given in state form in modern control theory, while the objective function is a 

quadratic function of the object state and the control input. The design of the LQR lies in the design of the 

state feedback device that minimizes the quadratic objective function. LQR obtains the law of state linear 

feedback by establishing the control algorithm on the dynamics model to form the closed-loop control, and 

the output of the control model is a continuous value, so the pendulum swings at a small angle in the region 

of steady swing and the action is continuous. The maximum positive angle is 0.01038 rad and the maximum 

negative angle is -0.02 rad in Fig. 4(b). 

 

(a) DQN model 

 

(b) LQR model 

Fig. 4. Contrast of pendulum pendulum effect 
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3.3. Physical control experiments of inverted pendulums at the linear level 

Considering the limitation of the refreshing frequency of the inverted pendulum motor drive at the linear 

level, and the DQN can not meet the real-time demand of the control system, and considering that the 

process of manually starting the pendulum in the hardware system is far less reliable than in the simulation, 

the inverted pendulum is controlled by the Q-learning algorithm for the in-kind control experiments. The 

experimental process is as follows: firstly, the simulation model is established according to the parameters 

of the physical inverted pendulum system, and in order to facilitate the convergence, the continuous state 

and action space is discretized, and the scale of the Q-form is the number of states × the number of actions. 

Next, the Q-tables are trained using reinforcement learning methods until the inverted pendulum remains 

stable over a long period of time. In the physical system, the pendulum is first started manually, then the 

LQR method is used to make the initial state of the inverted pendulum system a pendulum up state, and 

then switched to the reinforcement learning controller, which is controlled using the offline trained Q-

tables. The reward function at the core of the algorithm is set as the number of time periods for which the 

inverted pendulum remains stable, i.e., the size of this number of periods can be used to evaluate the training 

results. 

Fig. 5 shows some sample results from the offline training, respectively. Figures (a) and (b) represent 

the results of sample cart displacement output and sample pendulum angle output, respectively. The graphs 

of the output results fluctuate more regularly, with most of the output displacements in Fig. 5(a) ranging 

from -0.03 to -0.013, and most of the output angles in Fig. 5(b) ranging from -1 to 2. The experimental 

results proved that by adjusting the parameters of the system for offline training to improve the training 

effect, the balance control of the hardware system of the first-stage linear inverted pendulum can be realized, 

i.e., the scheme is feasible. 

 

(a) Sample car displacement output 
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(b) Sample pendulum Angle output 

Fig. 5. Partial sample results in offline training 

The variation of pendulum rod angle and trolley displacement during the balance control of the 

hardware system using the Q-tables obtained from offline training is shown in Fig. 6. Figures (a) and (b) 

represent the offline Q-learning control displacement output and angle output, respectively. The average 

values of offline Q-learning control displacement output and angle output are -0.0146m and 3.1424 rad, 

respectively, in 3 seconds. 

 

(a) Offline Q learning control displacement output 
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(b) Offline Q learning control Angle output 

Fig. 6. Offline training 

To further analyze the system's anti-interference performance, small perturbations were applied to the 

inverted pendulum system to observe whether it could be stabilized quickly. The pendulum angle output 

when the system is subjected to a small angular perturbation of around 12° (about 0.2 radians) is shown in 

Fig. 7. From the figure, it can be seen that the system can be stabilized quickly within 0.9s after the 

disturbance is applied. 

 

Fig. 7. Interference Angle output 

4. Conclusion 

In this paper, the SolidLab platform is used to transform the DRL algorithm into a microcontroller-

executable program to achieve the purpose of intelligent control of a linear one-level inverted pendulum 

system. Using the segmented training method, the network model reduces the maximum angle of the 

pendulum in the positive direction by 0.0564rad and the maximum angle in the negative direction by 

0.05003rad after the second training compared with that before the second training, which effectively 

improves the control effect of the model on the SolidLab platform. Comparing the application effect of LQR 

algorithm and DQN algorithm, the output of the model controlled by LQR algorithm is a continuous value, 

and the swing angle of the pendulum in the stable swing region is smaller and the action is more regular. 
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Accordingly, this paper proposes a balance controller based on the offline Q learning algorithm to realize 

the stabilization control of the inverted pendulum in kind. After the physical system starts swinging, the 

LQR method is used to make the inverted pendulum system initial state of the pendulum upward, and then 

switched to the reinforcement learning controller to use the offline trained Q-tables for control. The linear 

level inverted pendulum system under this method can be stabilized quickly after being disturbed. 
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