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Abstract 

With the rapid advancement of industrial automation technologies, human-machine collaboration 

systems have become critical for enhancing productivity and safety in highly automated environments. 

However, current human-machine collaboration systems still face numerous challenges in practical 

applications, especially in dynamic and complex work scenarios, ensuring safety and efficiency in the 

human-machine collaboration process lacks a systematic solution. To address this issue, this paper 

proposes a braking control method based on discrete-time model prediction and an adaptive human-

machine safety distance prediction model using a multilayer perceptron (MLP) network. By modelling 

and predicting the system's dynamic data, this research aims to improve the efficiency and safety of 

human-machine collaboration, providing theoretical support and practical guidance for the design and 

management of automated systems. 
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1. INTRODUCTION 

With the rapid development of Industry 4.0, automation technology has gradually penetrated 

into various manufacturing and service industries, and human-machine collaboration systems 

are playing an increasingly important role in the production process [1-5]. Human-machine 

collaboration in highly automated environments can greatly improve production efficiency and 

quality [6-9]. However, this also brings new challenges, such as how to ensure the safety and 

efficiency of human-machine collaboration systems, especially in complex and dynamic work 

environments. Effective risk management and system optimization strategies are needed to 

cope with potential dangers and uncertainties [10, 11]. Therefore, the study of optimization and 

risk management in human-machine collaboration systems in highly automated environments 

is particularly critical. 

      The significance of this research lies in that, through the effective optimization of human-

machine collaboration systems, it is possible to improve productivity while reducing the risk of 

human operational errors and minimizing safety hazards between machines and personnel  

[12-15]. More importantly, in the rapidly developing and fast-evolving field of automation, how 

to achieve intelligent collaboration between humans and machines, and how to ensure personnel 

safety in complex working conditions, are key issues in current research [16, 17]. By thoroughly 

exploring these issues, safer and more efficient human-machine collaboration models can be 

provided for future intelligent manufacturing systems. 

      However, existing research methods often focus on human-machine interaction under static 

conditions, ignoring the variability and complexity of dynamic work scenarios in highly 

automated environments. Particularly in practical operations, there is a lack of effective 

prediction and management of safety distances and braking control in human-machine 

collaboration [18-20]. In addition, common methods often fail to effectively combine multi-

level and multi-dimensional data, making it difficult to comprehensively and accurately 

evaluate and optimize the safety and stability of human-machine collaboration [21-23]. 

mailto:xing3345183562@163.com


Xing: Optimizing Human-Machine Systems in Automated Environments 

717 

      This paper aims to fill the above gaps through research in two key directions. First, a braking 

control method based on discrete-time model prediction for human-machine collaboration 

systems in highly automated environments is proposed to improve the accuracy and safety of 

system response. Second, an adaptive human-machine safety distance prediction model based 

on a MLP network is developed, which can adjust the safety distance between humans and 

machines according to the dynamic changes of different scenarios, ensuring smooth and safe 

collaboration processes. This research not only provides theoretical support for the optimization 

of current automation systems but also holds important value for safety management in practical 

industrial applications. 

2. BRAKING CONTROL METHOD FOR HUMAN-MACHINE 

COLLABORATION SYSTEMS IN HIGHLY AUTOMATED 

ENVIRONMENTS 

In highly automated environments, the complexity of human-machine collaboration is mainly 

reflected in how to ensure that the collaborative work between robotic arms and humans can 

maintain efficiency while avoiding potential safety accidents. Based on this, braking control 

has become one of the core issues to ensure safe and efficient collaboration. In dynamic working 

conditions, the physical characteristics of the robotic arm, such as motion speed, angle, and 

angular velocity, directly affect its response speed and the accuracy of its motion trajectory. 

Therefore, this paper studies the robotic arm braking method based on discrete-time model 

prediction. The main reason is that the motion process of the robotic arm is continuous and 

complex; however, an efficient control system needs to discretize this continuous motion to 

enable precise calculation and control in computer-based systems. The discrete-time model can 

transform the continuous-time motion into a series of discrete moments, and through the 

discretized time steps, predict the motion state of the robotic arm, thus providing a precise basis 

for braking decisions. At the same time, the motion speed of the robotic arm is directly related 

to its response capability in emergency situations. If the speed is too fast, the braking distance 

will be extended, thereby increasing the risk of collision. Therefore, in braking control, it is 

necessary to monitor the speed of the robotic arm in real-time and dynamically adjust the 

braking strategy based on its current speed, ensuring that it can safely stop in the shortest time 

possible. In addition, angle and angular velocity are also important factors affecting the motion 

of the robotic arm. The motion of the robotic arm in space is often multi-degree-of-freedom, 

requiring simultaneous control of multiple joints' angles and angular velocities. Changes in 

angle can affect the motion direction of the robotic arm, while angular velocity determines the 

speed of joint rotation. Incorporating both into the braking control model can effectively prevent 

instability during high-speed motion of the robotic arm. The advantage of the discrete-time 

model also lies in its ability to meet the real-time monitoring and control requirements in highly 

automated environments. Through motion state prediction based on the discrete-time model, it 

is possible to detect the trend of the robotic arm entering a dangerous area earlier, allowing for 

preemptive braking measures. Especially in multi-task and dynamic interaction scenarios, early 

prediction of the robotic arm's motion trajectory can effectively avoid direct collisions with 

humans, improving the safety of human-machine collaboration. Fig. 1 shows the human-

machine collaboration process in highly automated environments. 

      First, in the braking control process, the system state vector can be defined as al(s) = [ϕ, n, c], 

where ϕ represents the swing angle of the robotic arm, n is the speed of the robotic arm, and c 

is the angular velocity of the swing angle. These three parameters describe the motion state of 

the robotic arm and are the core variables of the braking control strategy. In a non-zero initial 

state, at least one of the robotic arm's speed, load swing angle, or angular velocity has a non-

zero value, so it is necessary to comprehensively consider the changing trends of these three 
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variables to ensure that the robotic arm and load can brake safely and smoothly. There exists a 

moment sf that satisfies the following relationship: 

( ) ( ) ( ) ( )0, 0 , 0, fs n s s s s = = =    (1) 

 

Figure 1: Human-machine collaboration process in highly automated environments. 

      To further describe the system's dynamics, it can be assumed that the total force acting on 

the system is D = Dx + d, where Dx is the external force, and d is the internal resistance generated 

during the motion of the robotic arm. Based on this assumption, the system's spatial state 

expression can be established, reflecting the changes in the robotic arm's position, speed, and 

angular velocity over time. Through this expression, we can describe the system's state at a 

certain moment and provide a dynamic basis for the braking control strategy. This yields: 
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      Assuming the input signal is represented by i, based on the above equation, the system's 

spatial state expression can be obtained: 
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      To achieve real-time control in highly automated environments, the continuous spatial state 

expression needs to be discretized. The discretization process converts the continuous time 

dimension s into a series of discrete time points sj, where j represents the jth time step. For the 

state vector al(s), the discretized form can be expressed as al(sj), i.e., the state of the system at 

the jth discrete moment. By further discretizing the above two equations, we can obtain the 

discretized system spatial state expression: 
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      Assuming the prediction time domain is represented by Vo, the control time domain is 

represented by Vz, and they satisfy Vz ≤ Vo, with the sampling time represented by js. Further 

deriving the above equation gives the following result: 
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      When al(js) is given, all system state variables between time steps js + 1 and js + Vo can be 

predicted using the above equation. Assuming the system's input signal is represented by I, and 

the system state matrix is represented by B, the following spatial state expression can be 

obtained to realize the rolling time domain control of the model: 
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      In a non-zero initial state, the robotic arm and load may already be in motion, possessing a 

certain speed, swing angle, and angular velocity. To achieve rapid braking, a reasonable 

reference trajectory must be designed so that the system can quickly transition from the initial 

state to the target state of complete stop, avoiding abrupt state changes or overshoot. By 

designing the reference trajectory, the robotic arm’s speed, load swing angle, and angular 

velocity can be kept within safe ranges, ensuring smooth braking in the shortest possible time. 

The reference trajectory design also provides the foundation for constructing the cost function. 

During the braking process, the reference trajectory at different discrete time domains can 

provide a basis for the system's control input, thus constructing an optimal cost function to help 

optimize the system's braking control strategy. 

      The goal of the reference trajectory is to ensure that the system converges steadily to the 

target state at each discrete time point, while minimizing the amplitude of the load swing angle 

change. During this process, the robotic arm’s speed and angular velocity will gradually 

decrease until a complete stop is achieved. Suppose the control period of the discrete points is 

represented by Sj, the time convergence factor by η, and the initial state of the robotic arm by 

b(s0) = [ϕ(s0) n(s0) ϕ
·(s0)]

T, where the initial angle of the load, the initial speed of the robotic 

arm, and the initial angular velocity of the load are represented by ϕ(s0), n(s0), and ϕ*(s0), 

respectively. The reference trajectory expression is as follows: 

( ) ( ) ( )( )0 1 tanh je j b s jS=  −  (8) 

      After generating the reference trajectory, it is necessary to update the system's spatial state 

expression based on the system's dynamic model. Suppose the set of all reference trajectories 

within the rolling time domain of the model is represented by E(ju). Using the above equation, 

the spatial state expression of the system at each discrete moment during the braking process 

can be obtained: 
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      Once the reference trajectory generation and state expression update are complete, the cost 

function can be constructed to optimize the system's braking control process. The cost function 

is determined by trajectory tracking error, braking force, and load swing angle constraint. The 

trajectory tracking error measures the difference between the actual system state and the 

reference trajectory, ensuring that the system state always closely follows the reference 

trajectory. The braking force represents the energy or braking force required by the control 

system during the braking process, ensuring that the braking is not only fast but also energy-

efficient. The load swing angle constraint ensures that the load swing angle remains within a 

small range, ensuring system safety. 
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3. ADAPTIVE HUMAN-MACHINE SAFETY DISTANCE PREDICTION 

IN HIGHLY AUTOMATED ENVIRONMENTS 

With the development of automation technology, human-machine collaboration systems are 

gradually working in highly complex environments. These environments have many 

uncertainties, such as the diversity of tasks, environmental changes, and the operational status 

of equipment, all of which affect the overall safety of the system. In these dynamic scenarios, 

traditional fixed safety distance algorithms may not adapt to changing working conditions, 

leading to potential safety risks. As a classical neural network model, the MLP has strong 

nonlinear mapping capabilities and adaptability, capable of handling complex input-output 

relationships. Therefore, this paper adopts MLP for adaptive safety distance prediction to better 

address these uncertainties. The discrete-time model discussed in the previous section can 

accurately predict the trends in the robotic arm's speed, angle, and angular velocity during 

motion, providing reliable input data for the MLP's safety distance prediction. Fig. 2 shows the 

principle of adaptive human-machine safety distance monitoring in highly automated 

environments. 

 

Figure 2: Adaptive human-machine safety distance monitoring in highly automated environments. 

      The MLP is a feedforward neural network consisting of an input layer, hidden layers, and 

an output layer. For adaptive human-machine safety distance prediction in highly automated 

environments, the specific architecture of the MLP needs to be designed according to the 

system's complexity and real-time requirements. Generally, a typical MLP architecture can 

include the following components: 

      (1) Input Layer: The input layer contains all feature vectors related to the state of the 

robotic arm, such as speed, angular velocity, angle, and load swing angle. These feature vectors 

provide a comprehensive description of the robotic arm's current state, serving as the 

foundational data for subsequent predictions. The design of the input layer requires 

standardizing these feature vectors to ensure that the input data is within the same scale, 

facilitating processing by the MLP network. By incorporating diverse features in the input layer, 

the MLP can more accurately capture the motion state of the robotic arm, thereby providing a 

reliable data basis for safety distance prediction. 

      (2) Hidden Layer: The hidden layer utilizes the nonlinear activation functions of multiple 

neurons to extract complex features from the input data. In highly automated environments, the 

relationship between the motion state of the robotic arm and the safety distance is often highly 

nonlinear. By employing multiple neurons and nonlinear activation functions, the hidden layer 

can effectively extract deep-level features from the input data. The number of hidden layers and 

the number of neurons in each layer need to be adjusted according to the complexity of the 

actual problem. Generally, 2-3 hidden layers can handle most complex problems, but in very 

complex environments, more layers may be necessary. 

      (3) Output Layer: The output layer is responsible for generating the final predicted safety 

distance value. In highly automated environments, the predicted safety distance needs to be 

dynamically adjusted based on the real-time state of the robotic arm. Therefore, the design of 

the output layer must consider the accuracy and real-time nature of the predicted values. 

Typically, a linear activation function can be employed in the output layer to ensure the 
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continuity and interpretability of the prediction results. The predicted results from the output 

layer should be compared with the actual safety distance, and adjustments to the MLP model's 

weights and biases can be made through a feedback mechanism. Utilizing a gradient descent 

optimization algorithm can continually enhance the model's predictive capabilities and improve 

the accuracy of safety distance predictions. 

 

Figure 3: Offline human-machine safety distance prediction process. 

 

Figure 4: Online human-machine safety distance prediction process. 

      Figs. 3 and 4 illustrate the offline and online human-machine safety distance prediction 

processes utilized in practical applications. The training and application steps of the MLP 

network for adaptive human-machine safety distance prediction in highly automated 

environments can be customized and optimized according to the standard neural network 

training process, integrating the specific requirements of adaptive human-machine safety 

distance prediction. The detailed steps are as follows: 
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      Step 1: Define input samples and network structure 

      Assuming the input sample is a1, its input feature dimension is v. The feature vector 

corresponding to the input signal a1 contains key information about the current state of the 

robotic arm or robot in the highly automated environment, such as speed, angle, position, and 

acceleration. In the network, the number of neurons in the input layer matches the feature 

dimension, meaning each input feature is connected to one neuron in the input layer. Thus, the 

input layer directly receives the input features and transmits them to the neurons in the hidden 

layer. 

 1 11 12 1va a a a=  (10) 

      Step 2: Calculate signal transmission from input layer to hidden layer 

      In the MLP, each input neuron is connected to every neuron in the hidden layer. Assuming 

there are g neurons in the hidden layer, the weight vector for the first input neuron is 

q11 = [q11, q12, ..., q1g] and its bias is y11. For the first hidden layer neuron, the definitions and 

calculations for the weight vector and offset vector are: 
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      Further, calculation formulas for the weight and offset of the hidden layers can be attained 

as: 
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      Step 3: Nonlinear activation of hidden layer 

      To ensure the network's nonlinear mapping capability and prevent the MLP from 

degenerating into a linear model, a nonlinear activation function is applied to the hidden layer 

neurons. Common activation functions include Sigmoid, ReLU, and tanh functions. Assuming 

we choose the ReLU function, denoted as δ(a), the output results from the input layer and 

hidden layer can be obtained through: 
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      Once training is complete, the MLP model can be used for real-time predictions of adaptive 

human-machine safety distance in highly automated environments. For each prediction, the 

status information of the robotic arm is inputted, and the predicted result for the current human-

machine distance is generated through forward propagation in the MLP network. This result 

can be used to dynamically adjust the motion path of the robotic arm, ensuring operational 

safety. 

4. EXPERIMENTAL RESULTS AND ANALYSIS 

From the experimental results shown in Fig. 5, the changes in displacement, velocity, angle, 

and total external force at different time points demonstrate the effectiveness of the brake 

control. Between 0 and 15 seconds, the displacement gradually stabilizes, ultimately stopping 

at around 0.72, indicating the system's ability to quickly reduce the range of motion in the initial 

response phase. Meanwhile, the velocity drops rapidly from an initial value of 0.3 to close to 0 

and remains nearly zero, suggesting that the system can respond promptly and decelerate 

effectively. Additionally, the angle shows rapid adjustments when influenced by external 

forces; particularly as the total external force gradually weakens, the angle stabilizes, 
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demonstrating that the system can maintain the stability of the robotic arm's posture while 

controlling the total external force. The total external force data also indicates that, when 

subjected to significant negative external forces at the initial phase, the system can quickly 

adjust until the external force returns to near zero, further ensuring system stability. Based on 

the above data analysis, it can be concluded that the proposed control method can achieve rapid 

and safe brake control under the influence of total external forces. In highly automated 

environments, sudden changes in external forces pose challenges to the system's stability and 

response speed; however, experimental data indicate that the system can quickly reduce speed 

and adjust angles through a reasonable adjustment mechanism when impacted by significant 

external forces, ensuring stability. Even when a substantial negative load is applied initially, 

the system can quickly adapt and control the position and angle of the robotic arm, ensuring 

safety and precision during the collaboration process, indicating that this control method 

possesses strong resistance to external force disturbances. 

   
1) Position  2) Velocity 

   
3) Angle  4) Total External Force 

Figure 5: Brake control effect of human-machine collaboration system in highly automated environment. 

      Based on the experimental data shown in Fig. 6, the design of the reference trajectory aims 

to maintain a smooth transition of the robotic arm's joints and ends during motion, thereby 

achieving rapid braking through reasonable trajectory sampling points. Specifically, the 3D 

position coordinates of the robotic arm's joints and ends at different time points can be inferred 

from the speed, angle, and other data obtained in the experiment. For the joints, assuming the 

robotic arm is affected by external forces during motion, with an initial non-zero velocity, the 

displacement gradually stabilizes over the course of 0 to 15 seconds, the velocity decreases 

from 0.3 to nearly zero, and the angle experiences some fluctuations initially but gradually 

stabilizes (around 0.08). These data indicate that the system's joints and ends approach the target 

state progressively, with the 3D position changes aligning and maintaining a smooth transition, 

thereby avoiding severe state changes and position overshooting. 
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1) At joints  2) At ends 

Figure 6: 3D coordinate situation of reference trajectory sampling points. 

   

Figure 7: Human-machine safety distance greater  Figure 8: Human-machine safety distance less 

than collision threshold experiment.   than collision threshold experiment. 

      In the experimental data presented in Figs. 7 and 8, the system demonstrates a relatively 

stable adjustment trend when the human-machine safety distance exceeds the collision 

threshold. Between 0 and 12 seconds, the safety distance decreases from an initial value of 29.3 

to a minimum of 16.3, maintaining a stable state for an extended period until it starts increasing 

again after 18 seconds, ultimately reaching 35.3. This indicates that the system can effectively 

adjust the safety distance between humans and machines under varying external conditions, 

gradually reducing the safety distance in the initial phase, controlling it within a stable range, 

and then adjusting it to ensure smooth collaboration within the human-machine system. 

Furthermore, the data for reference threshold 1 (10) and threshold 2 (20) show that the actual 

safety distance remains consistently above the collision threshold, indicating that the system 

exhibits good collision avoidance control in this experimental scenario. In contrast, during the 

experiment where the human-machine safety distance falls below the collision threshold, the 

system displays more pronounced fluctuations. The safety distance gradually decreases from 

an initial value of 32, eventually reaching the critical value of 10 around 16 seconds, remaining 

at a low level for a period, and even dropping to 7.7 at one point. This indicates that, in this 

case, the system fails to effectively prevent a continuous decrease in the safety distance, 

significantly falling below thresholds 1 (13) and 2 (25). However, over time, the system 

gradually recovers and raises the safety distance to 37.5 after 26 seconds. This data shows that 

although the system did not promptly decelerate or maintain sufficient safety distance under 

certain conditions, it can still progressively restore a safe state for human-machine collaboration 

after adjustments. Thus, in the experiment with the safety distance below the collision threshold, 
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while the system's dynamic adjustment mechanism is effective, there are instances where it may 

not completely prevent a rapid decrease in safety distance, indicating that further optimization 

and improvement are necessary. 

   
1) X-axis  2) Y-axis 

 
3) Z-axis 

Figure 9: Human-machine safety distance measurement errors. 

      In the experimental results shown in Fig. 9, the measurement errors along the X, Y, and Z 

axes exhibit a certain fluctuation trend at different sampling points. Specifically, the error for 

the X-axis remains relatively stable at around 0.25 during the initial sampling points (0-100), 

then experiences a slight decrease to -0.05 between points 100 and 200, before gradually 

approaching zero. Within the 200–300 sampling points range, the error gradually increases to 

0.15, followed by a significant negative fluctuation after the 500 sampling points (reaching  

-0.3). The Y-axis initially fluctuates considerably, with the error value dropping quickly from 

0 to -0.2 within the 0–100 sampling points, then frequently alternating between positive and 

negative values in the 200–300 sampling points range (from -0.25 to 0.3), and stabilizing at a 

positive value of around 0.2 after the 400–500 sampling points. The Z-axis exhibits a more 

complex error change trend, starting at 0.1, experiencing considerable fluctuations (maximum 

error reaching -0.4) in the 100–200 sampling points range, gradually rising to 0.15 in the 300–

400 sampling points, and approaching zero at the end of the 500 sampling points. These data 

indicate significant differences in measurement errors across the three axes, with overall 

fluctuations suggesting that the system's accuracy at different sampling points remains unstable. 

      Based on the above experimental results, the following conclusions can be drawn: First, the 

measurement errors of the system show noticeable fluctuations at different axes and sampling 

points, especially along the Y-axis and Z-axis, where frequent alternation between positive and 

negative errors indicates a lack of stability in the vertical direction of the sensors or 

measurement model. Second, despite some sampling points having error values controlled 

within ±0.1, certain intervals (such as X-axis 300–500 sampling points, Y-axis 100–300 

sampling points, and Z-axis 0–100 sampling points) exhibit considerable fluctuations, with 

errors exceeding the threshold of 0.3. This could lead to inaccuracies in the system's judgment 
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of human-machine safety distance, thereby affecting the stability and safety of the collaboration 

system. To address these issues, future research should further optimize the measurement 

model, reduce the fluctuation amplitude of error values across different axes, and enhance 

overall system accuracy through dynamic compensation and multidimensional fusion 

prediction methods, thereby ensuring the safety and responsiveness of the human-machine 

collaboration system in complex scenarios. 

5. CONCLUSION 

This study explored the issues of brake control and safety distance prediction in human-machine 

collaboration systems within highly automated environments through two key directions. 

Firstly, the brake control method based on discrete time models has effectively enhanced the 

system's response accuracy and safety. Experimental results indicate that the human-machine 

collaboration system can promptly adjust the safety distance, maintaining it above the collision 

threshold in various scenarios, particularly demonstrating high stability in experiments where 

the safety distance exceeds the collision threshold. However, in experiments where the safety 

distance falls below the collision threshold, the system exhibited certain latency; although it 

can ultimately recover the safety distance, it failed to maintain adequate distance during certain 

periods, reflecting that the system's response mechanism still requires optimization under 

specific conditions. 

      Secondly, the adaptive safety distance prediction model based on a multilayer perceptron 

network can dynamically adjust the safety distance according to the scene, ensuring smooth 

collaboration. However, the error analysis of the three-dimensional coordinate reference 

trajectory sampling points indicates significant errors in certain ranges, particularly with 

frequent fluctuations in the Y-axis and Z-axis directions, impacting accuracy. This suggests that 

while the model achieves good predictive performance overall, there are limitations in dealing 

with large error fluctuations in complex multidimensional dynamic environments. Future 

research should further optimize the prediction model, reduce measurement errors, enhance the 

system's responsiveness in complex scenarios, and explore more sensing technologies and 

machine learning algorithms to improve the stability and safety of human-machine 

collaboration systems. 
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