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Abstract—Service robots are one of the relevant areas of 

modern robotics. Many service robots are equipped with a pair 

of anthropomorphic manipulators, so that they are able to 

perform complex operations. However, this approach leads to 

new challenges in development of the robot control systems. In 

this paper we propose an algorithm for training the control 

system of two anthropomorphic manipulators with 7 degrees of 

mobility having intersecting work areas. The algorithm is 

based on deep reinforcement learning approach applied to the 

artificial neural network (ANN). The paper also describes the 

practical implementation of the ANN-based manipulator 

control system that avoids collisions and achieves an average 

accuracy of reproducing target positions of manipulator end 

effector of 98.3%. The ANN training was carried out using 

Keras framework. The obtained results indicate the promise of 

applying the proposed method for the development of control 

systems for anthropomorphic manipulators based on deep 

reinforcement learning. 

Keywords—anthropomorphic manipulator, forward 

kinematics, artificial neural network, machine learning, deep 

reinforcement learning 

I. INTRODUCTION 

One of the relevant areas of modern robotics are service 

robots. Service robots are used to perform operations both in 

extreme conditions [1-3] and in everyday life: for cooking 

[4], cleaning [5] in catering establishments [6], [7], hotel 

business [8], banks and other services [9]. 

To perform operations with environmental objects, many 

service robots are equipped with one [10] or two 

anthropomorphic manipulators [11]. Performing targeted 

operations with manipulators requires solving problems of 

motion planning, kinematics and dynamics. Movement 

planning consists in searching for such a trajectory of the 

manipulator's grip, which on the one hand would ensure the 

performance of the target operation, on the other hand, 

bypassing the obstacle and the absence of collision of the 

manipulator links with each other. The problem of avoiding 

obstacles in the joint execution of target operations 

simultaneously by two manipulators is supplemented by the 

need to avoid collisions of links of one manipulator with 

links of the second manipulator. The advantage of 

anthropomorphic manipulators is kinematic redundancy, 

which provides advanced opportunities for avoiding 

obstacles and links of the second manipulator. 

Joint movements of manipulators are of two types. The 

first type is the movement of manipulators holding the 

manipulated object together. For the first type of movement, 

the trajectory along which the manipulation object should 

move is often known. There are a large number of methods 

for planning this type of movement [12-18]. The 

disadvantage of analytical methods for solving this problem 

[19] is the specialization in a strictly defined kinematic 

scheme of the anthropomorphic manipulator, as well as low 

energy efficiency. From the possible paths to bypass the 

obstacles of the second manipulator, one is selected at which 

the distance between the manipulators will be the largest. 

In this paper, we propose a solution to the problem of 

controlling two anthropomorphic manipulators based on an 

artificial neural network (ANN) and deep reinforcement 

learning. The use of ANN is due to neural networks showed 

high efficiency in solving problems that are difficult to solve 

analytically [20-21].  To achieve the result, we developed a 

training algorithm and structure of the control system for 

anthropomorphic manipulators. 

II. THE PROPOSED ALGORITHM 

The control object is a combination of two 

anthropomorphic manipulators that perform target 

operations together. The kinematic diagram of one of the 

manipulators under consideration is shown in Figure 1, 

coordinate systems associated with joints – in Figure 2; 

Denavit-Hartenberg parameters – in table 1, where 𝜃𝑖 is the 

angle by which the 𝑥𝑖−1 axis needs to be rotated around the 

𝑧𝑖−1  axis so that it becomes aligned with the 𝑥𝑖  axis (the 

sign is determined by the rule of the right hand); 𝛼𝑖  - the 

angle by which you want to rotate the 𝑧𝑖−1 axis around the 

𝑥𝑖 axis so that it becomes co-directional with the 𝑧𝑖 axis; 𝑎𝑖 

is the distance between the intersection of the 𝑧𝑖−1 axis with 

the 𝑥𝑖 axis and the beginning of the 𝑖-th coordinate system, 
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counted along the 𝑥𝑖 axis, i.e. the shortest distance between 

the axes 𝑧𝑖−1  and 𝑧𝑖;  𝑑𝑖  is the distance between the 

intersection of the 𝑧𝑖−1  axis with the 𝑥𝑖 axis and the 

beginning of the (𝑖 − 1)-th coordinate system counted along 

the 𝑧𝑖−1axis. 

Table 1 – Denavit-Hartenberg parameters 

Joint 𝜃𝑖  𝛼𝑖 𝑎𝑖 𝑑𝑖 Range of 𝜃𝑖  

1 180° 90° 0 0 −90° … 90° 

2 −90° 90° 0 0 −20° … 90° 

3 −90° 90° 0 −30 −45° … 45° 

4 −90° 90° 0 0 −70° … 90° 

5 −90° 90° 0 25 −90° … 90° 

6 −90° 90° 0 0 −45° … 45° 

7 0° 0° −10 0 −70° … 70° 

 

Figure 1 – Kinematic diagram of the anthropomorphic manipulator
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Figure 2 – Coordinate systems associated with the links of the 

anthropomorphic manipulator 

The direct kinematics problem of this manipulator can 

be solved using the following formulas: 

 

𝑻𝒋
𝒊 = ∏ 𝑨𝒊

𝒊−𝟏

𝑗

𝑘=𝑖+1

, 𝑖 < 𝑗, 

𝑨𝒊
𝒊−𝟏 = 𝑻𝒛,𝜽(𝜃𝑖)𝑻𝒛,𝒅(𝑑𝑖)𝑻𝒙.𝒂(𝑎𝑖)𝑻𝒙,𝜶(𝛼𝑖), 

𝑻𝒛,𝜽(𝜃) = [

cos(𝜃) − sin(𝜃) 0
sin(𝜃) cos(𝜃) 0

0 0 1

0
0
0

     0             0       0 1

], 

𝑻𝒛,𝒅(𝑑) = [

1 0 0
0 1 0
0 0 1

0
0
𝑑

0 0 0 1

], 

𝑻𝒙.𝒂(𝑎) = [

1 0 0
0 1 0
0 0 1

𝑎
0
0

0 0 0 1

], 

𝑻𝒙,𝜶(𝛼) = [

1 0 0
0 cos (𝛼) −sin (𝛼)
0 sin (𝛼) cos (𝛼)

0
0
0

   0      0            0          1

], 

 

where 𝑻𝒋
𝒊  is the homogeneous transformation matrix 

from the 𝑖 -th to the 𝑗 -th coordinate system, compiled in 

accordance with the Denavit-Hartenberg representation; 

𝑨𝒊
𝒊−𝟏  is a homogeneous complex transformation matrix 

for adjacent coordinate systems; 

𝑻𝒛,𝜽(𝜃) is a homogeneous matrix of elementary rotation 

about the 𝑧 axis by an angle 𝜃; 

𝑻𝒛,𝒅(𝑑)  is a homogeneous matrix of elementary shift 

along the 𝑧 axis by a distance 𝑑; 

𝑻𝒙.𝒂(𝑎)  is a homogeneous matrix of elementary shift 

along the 𝑥 axis by a distance 𝑎; 

𝑻𝒙,𝜶(𝛼) is a homogeneous matrix of elementary rotation 

about the 𝑥 axis by the angle 𝛼. 

Thus, the position of the grip of the manipulator is 

determined by the matrix 𝑻𝟕
𝟎 , the fourth column of which 

contains the homogeneous coordinates of the end effector. 

Control signals for anthropomorphic manipulators are 

generalized coordinates 

𝑞(𝑡) = 〈𝑞1(𝑡), 𝑞2(𝑡)〉, 

where 𝑞1(𝑡), 𝑞2(𝑡) are generalized coordinates of the first 

and second manipulator at time 𝑡, respectively. The goal of 

controlling a pair of manipulators is to refine the necessary 

trajectories of end effectors in their configuration space: 

𝑙(𝑡) = 〈𝑙1(𝑡), 𝑙2(𝑡)〉, 

where 𝑙𝑖(𝑡) = 〈𝑝𝑖(𝑡), 𝜙𝑖(𝑡)〉 is end effector trajectory of the 

𝑖-th manipulator in the Cartesian space 𝑝𝑖  and the space of 

Euler angles 𝜙𝑖. 

Further in the work, the combined values are used: 
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𝑝(𝑡) = 〈𝑝𝑖(𝑡)〉𝑖=1,2, 

𝜙(𝑡) = 〈𝜙𝑖(𝑡)〉𝑖=1,2, 

𝑙(𝑡) = 〈𝑝(𝑡), 𝜙(𝑡)〉. 

The process of controlling two anthropomorphic 

manipulators under conditions of complete observability of 

the environment can be considered as the Markov decision-

making process (MDMP), which can be described by a tuple 

of five elements, 〈𝑆, 𝐴, 𝑅, 𝑃, 𝜌0〉, where: 

𝑆 is the set of all possible states of the medium; 

𝐴 is a set of all possible actions; 

𝑅: 𝑆 × 𝐴 × 𝑆 → ℝ is the reward function when, at time 𝑡, 

in state 𝑠𝑡, action 𝑎𝑡 is executed, resulting in state 𝑠𝑡+1: 

𝑟𝑡 = 𝑅(𝑠𝑡 , 𝑎𝑡 , 𝑠𝑡+1); 

𝑃: 𝑆 × 𝐴 → 𝒫(𝑆)  is the transition probability function, 

where 𝑃(𝑠𝑡+1 |𝑠𝑡 , 𝑎𝑡) is the probability of transition to the 

state 𝑠𝑡+1 from the state 𝑠𝑡 when the action 𝑎𝑡 is performed; 

𝜌0 is the probability distribution of the initial state 𝑠0. 

The architecture of the reinforcement learning system 

applied to the described task is shown in Figure 3. 
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Figure 3 – The structure of the learning environment 

The control system of anthropomorphic manipulators is 

considered as an agent operating in a simulation 

environment. The agent is able to obtain the current state 𝑠𝑡 

of the environment at time 𝑡 , on the basis of which the 

action 𝑎𝑡 is taken based on some decision-making policy 𝜇: 

𝑎𝑡 = 𝜇(𝑠𝑡). 

The simulation environment informs the agent with the 

current state 𝑠𝑡 , perceives the selected action 𝑎𝑡  and 

simulates the consequences of the action 𝑎𝑡, which leads to 

the transition of the medium to state 𝑠𝑡+1. State 𝑠𝑡 includes a 

set of current generalized coordinates of anthropomorphic 

manipulators 𝑞𝑡  and a point 𝑙𝑡+1  of the trajectory 𝑙 , which 

must be reached at time 𝑡 + 1: 

𝑠𝑡 = 〈𝑞𝑡 , 𝑙𝑡+1〉. 

The action 𝑎𝑡  corresponds to the vector 𝑞𝑡+1  of 

generalized coordinates of the manipulators that must be 

reached at time 𝑡 + 1: 

𝑎𝑡 ≡ 𝑞𝑡+1. 

Also, the simulation environment determines the reward 

𝑟𝑡 received by the agent. The remuneration consists of the 

following values: 

1) The cost of displacement proportional to the modulus 

of change of generalized coordinates during the transition 

from the position 𝑞𝑡 to the position 𝑞𝑡+1. 

2) Penalty for the collision of manipulators. The 

collision of manipulators is considered to have occurred if 

the manipulators come closer to a distance less than a 

certain threshold value 𝐷 . To calculate the values of the 

distances between the links of the manipulators, the 

modified method proposed in [22] was used. 

3) The accuracy of positioning the grip of the 

manipulator, expressed as the distance between the 

coordinates of the target point and the actual coordinates of 

the grip. 

In this paper we are mainly focused on factors 2 and 3. 

The learning algorithm is designed to optimize decision-

making policy 𝜇  in order to maximize the amount of 

remuneration received by the agent. The agent’s decision 

policy is modeled using an artificial neural network. The 

input signals of the ANN are: the current position of the  

manipulators 𝑞𝑡 and the point 𝑙𝑡+1 of the trajectory 𝑙, which 

must be reached at time 𝑡 + 1. The task of the ANN is to 

search for such action a, which will have the greatest value.  

The function 𝑄𝜇 (𝑠𝑡 , 𝑎𝑡) of the value of performing the 

action 𝑎𝑡  at the state of the medium 𝑠𝑡  at time 𝑡  in 

accordance with the policy 𝜇  is based on the Bellman 

equation: 

𝑄𝜇 (𝑠𝑡 , 𝑎𝑡) = argmax
𝑎𝑡+1

[𝑟𝑡(𝑠𝑡 , 𝑎𝑡) + 𝛾𝑄𝜇(𝑠𝑡+1, 𝑎𝑡+1)],  

where argmax
𝑥

[𝑓(𝑥)] is the maximization argument, i.e. the 

value of 𝑥 at which 𝑓(𝑥) reaches its maximum value; 

𝑟𝑡(𝑠𝑡 , 𝑎𝑡) is the amount of remuneration for performing the 

action 𝑎𝑡 with the environment 𝑠𝑡 at time 𝑡; 

𝛾 ∈ [0; 1] is training discounting factor. The smaller it is, 

the less the agent takes into account the benefits of its future 

actions. 

The value of 𝑄𝜇 (𝑠𝑡 , 𝑎𝑡) is determined by the set of ANN 

weights. The goal of machine learning with agent 

reinforcement is to optimize weights so that the decision 

policy 𝜇 strives for the optimal 𝜇∗: 

𝜇(𝑠𝑡) → 𝜇∗(𝑠𝑡). 

Thus, the machine learning algorithm of the control 

system for anthropomorphic manipulators consists of the 

following steps: 

1) Choosing the values of constants that determine the 

parameters of the learning process: 

– sizes of data sets for training 𝐿 and validation 𝑉 of an 

artificial neural network (a larger sample size implies 
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achieving greater accuracy, but reduces the speed of 

learning)); 

– the number of learning iterations 𝐼; 

– the values of the coefficients of the reward function, 

which determine the degree of influence of the cost of 

movement, the penalty for a collision and the accuracy of 

positioning of end effectors; 

– minimum permissible distance 𝐷  between 

manipulators. 

The coefficients of the reward function and the number 

of learning iterations are being selected empirically. 

2) Preparation of 𝐿 + 𝑉  pairs of the form 

((𝐶1, 𝐶2), (𝐴1, 𝐴2)), where 𝐶1,  𝐶2 are the grip coordinates of 

the first and second manipulator, respectively, 𝐴1,  𝐴2  are 

the arrays of rotation angles 𝜃𝑖  of the joints of the first and 

the second manipulator, respectively. Each pair is produced 

as follows: 

2.1) Filling arrays 𝐴1,  𝐴2  using a pseudo-random 

number generator with uniform distribution. The range 

of permissible values of 𝜃𝑖 specified in Table 1 is used 

as the generation range for the 𝑖-th angle. 

2.2) Calculation the values 𝐶1,  𝐶2  by solving the 

direct kinematics problem for the first and second 

anthropomorphic manipulator based on the arrays of 

angles 𝐴1,  𝐴2, respectively. 

3) Carrying out 𝐼 reinforcement learning iterations with 

on a data set of 𝐿 elements. At each iteration, the following 

actions are being performed: 

3.1) Sending the coordinates of end effectors to the 

input of the ANN. 

3.2) Obtaining output values of the angles of the 

manipulators. 

3.3) Solving the direct kinematics problem based on 

the output values of the angles for determining the 

coordinates of joints and end effectors of manipulators. 

3.4) Collision verification. 

3.5) Calculating the distance between the reference 

positions of the grips and the positions calculated based 

on the angles generated by the ANN. 

3.6) Determination of the amount of remuneration. 

3.7) Correction of the weights of the ANN neurons. 

4) Testing the trained model by repeating the steps 3.1 – 

3.6 on the validation data set. 

5) Saving the trained ANN. 

We proposed to use a control system free of an 

environmental model, since this approach will avoid the 

problem of constructing an accurate dynamic model of the 

anthropomorphic manipulators. The accurate model is not 

needed as long as inertia influence is negligible. This is the 

subject of further research. 

III. RESULTS 

To test the proposed algorithm, a simulator of the 

simultaneous operation of two manipulators with the ability 

to visualize their position was developed in Python 

(Figure 4). The blue color shows the position of the links of 

the manipulators according to the initial data, the magenta 

color – the position generated by the ANN. 

The simulation was carried out in accordance with the 

following conditions: the position of the target was 

randomly selected in three-dimensional space; the 

manipulator was controlled by transferring final coordinates 

to it. The purpose of the machine learning algorithm is to 

achieve the given points of space with the grips of the 

manipulators without the collision of the manipulators. 

Machine learning was performed using the Keras neural 

network library [23]. As a model ANN, a direct distribution 

neural network was used (Figure 5). It has 6 neurons with a 

linear activation function in the input layer, 14 neurons with 

a linear activation function in the output layer, and 6 hidden 

layers containing 1024 neurons each. The activation 

function of the hidden layers is rectified linear unit (ReLU). 

We conducted 25 epochs of training. As training data, 1 

million pairs “angles – coordinates” were used. 100 

thousand such pairs were used for validation. To speed up 

the training process, we set the batch size to 1000. 

 

Figure 4 – Simulation of the collaboration of two manipulators 

As a loss function, the average value of the sum of the 

distances between the coordinates of the end effectors of the 

manipulators and the corresponding target points, expressed 

in hundredths of a millimeter, was used. For each generated 

position, a check was made for the collision of the 

manipulators, as well as for the exit of the angle values 

beyond the permissible limits. In such situations, a fine of 

1,000 units was added to the loss value. The change in the 

value of the loss function during the passage of 25 epochs of 

training is presented in Figure 6. After passing through 9 

epochs, the generated datasets ceased to contain arrays of 

angles leading to incorrect positions and collisions. 

Figure 7 shows the change of the accuracy metric. This 

metric was calculated as the average value of the scalar 

products of the normalized radius vectors of end effectors 

and normalized vectors corresponding to the reference 

positions from training and validation datasets. 
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The achieved accuracy values indicate sufficient training 

of the model, as well as the lack of overtraining. The 

resulting average accuracy is 98.3%. 

 

Figure 5 – Structure of the trained ANN 

 

 
Figure 6 – Loss values during the ANN training 

 
Figure 7 – The accuracy of achieving the target positions of the end 

effectors 

Thus, the results of the implementation of the proposed 

method show its ability to control dual manipulator systems 

with sufficient accuracy. 

IV. CONCLUSION 

Using the proposed algorithm, we trained the ANN as 

part of a control system for two anthropomorphic 

manipulators. During the movement of anthropomorphic 

manipulators, there were no collisions between the links. 

The obtained results indicate the promise of applying the 

proposed method for the development of control systems for 

anthropomorphic manipulators based on deep reinforcement 

learning. The directions of further development are: 

complicating the task by introducing additional static and 

then dynamic obstacles into the operating environment; 

adaptation of the proposed algorithm to optimize the 

movement of anthropomorphic manipulators according to 

the criteria of energy efficiency, efforts and time of 

movement by taking into account the dynamic model of 

manipulators in the simulation environment. 
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