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Introduction 

In the first part of the article about research, that 

is devoted to the development of a device for bulk 

material behaviour control (trajectories) inside the 

technological unit using (the drum pelletizer as an 

example), we discussed evaluation of the method 

for recognizing the pelletizing mode. It was pro-

posed to simulate the movement of the ore in a 

drum pelletizer using the discrete element method 

(DEM). Simulation of 20 numerical experiments 

produced 10981 trajectories of various types (dif-

ferent pelletizing modes) [1-4, 21].

The general concept of controlling the bulk material 

behaviour was presented by the authors in [5] and consists 

in assessing the modes of movement using capsules that 

repeat and record the movement of material in the unit 

(Fig. 1).

This article proposes a specific implementation of 

the method for converting the extracted data (trajecto-

ries) into the recognized pelletizing mode. The task of 

determining the pelletization mode (charge movement) 

by material accelerations (which are indirect parameters) 

relates to classification problems [6]. It is advisable to 

use machine learning methods, such as neural network 

classifiers to solve this class of problems. Neural network 

classifiers already successfully used for recognition of 

audio recordings, physical activity of a person, images, 

etc [7–8]. Neural network training requires a lot of data 

forming a dataset. As a rule, a dataset is formed on the 

basis of real observations and measurements accumulated 

over a rather large period of time. Since in this case we are 

only talking about the concept of the device, then to test 

the proposed solution, we will use the dataset obtained on 

a digital model of the technological process.

The data extracted from the simulation is an array of 

particle trajectories and their velocities (particles are used 

as an analog for capsules). However, the trajectories can-

not be obtained in pure form on a real object.  In accord-

ance with the concept presented in [5] there was a need 

to converse the trajectories into the readings of the accel-

erometer, which is part of the inertial measuring module.

2. Methodology

2.1. Convert paths to sensor readings

Inertial measurement unit is an electronic device 

placed on the platform. IMU consists of a set of sensors, 

each of which transmits information about the move-

ment of the platform. Typically, IMUs consist of com-

bined sensors, including accelerometers, gyroscopes, and 

magnetometers [9]. The readings of the inertial measure-

ment unit are not equivalent data obtained using DEM 
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Fig. 1. The concept of using recording capsules in pelletizing 
drums [5]
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modeling. Thus, it is necessary to implement the transla-

tion of the numerical values of the particle motion paths 

into accelerations.

The special software Matlab Sensor Fusion and 

Tracking Toolbox [10] is used to convert the trajectories 

to sensor readings. This software package includes algo-

rithms and tools for creating, simulating and analyzing 

various navigation systems and devices, including an 

inertial measurement unit. The behavior of an inertial 

measuring is simulated using the Inertial Sensor Fusion 

tool. In the Sensor Fusion and Tracking Toolbox software 

packages accelerations are obtained (based on the trajec-

tories) and later used to recognize the modes of movement 

of granular media in the drum pelletizing.

2.2. An algorithm for processing the obtained data 
to identify the movement modes of bulk material

One of the possible options for implementing the data 

processing algorithm is the use of the trajectory elements 

recovery method which is based on an inertial navigation 

system [11]. Inertial navigation is basically determining the 

position of an object in space. Inertial navigation is based 

on Newtonian mechanics, the consonant of which is de-

fined as the double integral of the acceleration [12] and 

accelerations are the source data received from the sensor.

However, the sequential integration of accelerations 

leads to the accumulation of errors and results in an in-

crease of error in determining the coordinates of the body 

in proportion to the time the system [13].

Currently, there are many different methods for reduc-

ing error, one of which is ZUPT (Zero Velocity UPdaTe 

algorithm). It captures object complete stops or moments 

when object speed is close to zero and subsequently reset 

the initial conditions (reference point) [14].

Despite the fact that this method significantly reduces 

the error in determining the coordinates of an object in 

space, it is practically not applicable in industrial units, 

since the movement of granular medium in pelletizing 

drums is continuous. That is, the material practically does 

not stop, but only slightly reduces the speed of movement.

Thus, instead of directly restoring material trajecto-

ries, it is proposed to implement the classification of tra-

jectory elements (movement modes) from a previously 

known set. This approach avoids the accumulation of er-

rors due to the recognition of modes and the subsequent 

formation of a new reference point. A similar approach 

is used in most modern physical activity trackers (fitness 

bracelets) [15–16]. 

In this case, a neural network is needed to classify 

fragments of time series. It is assumed that the records of 

the inertial unit will be fed sequentially to the neural net-

work input. By processing the incoming measurements, a 

trained  neural network will be able to determine (recog-

nize) the mode of pelletizing charge in real time. Further, 

comparing the mode of pelletizing with the current tech-

nological parameters of the process (rotational speed of 

the drum, flow rate of the feed mixture and water for wet-

ting), we can conclude about the current state of the pel-

letizing drum lining and the course of the whole process. 

To implement the neural network model, the open library 

TensorFlow from Google is used, in conjunction with the 

Keras framework. 

Initially, a deep neural network (DNN) [17] model 

is tested (Fig. 2). The input data for the neural network 

are MEMS sensor accelerometers. The input layer of the 

neural network was a vector of 300 elements — 100 meas-

urements from each of the three accelerometers. Neural 

network has 3 hidden layers. The layers are completely 

interconnected. In front of the hidden layers there is an 

additional one that converts the vector of input data into 

a 100×3 matrix. In front of the output layer there is a fully 

connected one with the SoftMax activation function. The 

output layer consisted of 5 neurons. In each of layer the 

neural network returned the probability that the input 

vector belongs to one of the classes (modes). 

As an alternative method, an architecture based on 

LSTM (Long short term memory) is considered. A fea-

ture of this architecture is its immunity to the duration of 

time gaps in the input data sequence, i.e., the ability of 

the neural network to memorize measurements for short 

periods of time. Due to this, the data obtained earlier did 

not significantly affect the further results of the operation 

of the neural network [18-19]. 

The neural network topology based on LSTM (Fig. 3) 

is identical as previously discussed. It had an input layer 

of 600 neurons, and in front of the output layer there is 

a layer with the SoftMax activation function. The main 

difference is in hidden layers.  

To decide the suitability of the neural network model 

for use in a real information system, it is necessary to 

evaluate it. There is a very wide variety of metrics for 

Fig. 2. Schematic representation of the deep neural 
network implementation

Fig. 3. Schematic representation of the LSTM 
implementation
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assessing the quality of neural network models. In clas-

sification problems, the main metrics are accuracy and 

precision [20].

The simplest metric is the proportion of records by 

which the algorithm (neural network) correctly recog-

nized the pelletization mode to the total number of re-

cords in the test sample. This metric is calculated by the 

equation (1):

Accuracy = P/N, (1)

where P — the number of records by which the pelletiz-

ing mode is correctly recognized; N — total number of 

records in the sample. 

The precision is a metric characterizing the number 

of all records that actually belong to a particular class, the 

sum of all instances that are assigned to this class by the 

algorithm. The metric is calculated using the following 

equation (2):

Precision = TP/TP +FP, (2)

where TP —  number of true positive answers; FP  — num-

ber of false positives answers.

3. Results and discussion

An example of the algorithm work is shown in Fig. 4. 

It shows the conversion from the trajectory of a single par-

ticle when modeling the process of pelletizing into sensor 

readings (acceleration along each axis). Red indicates the 

movement of the tracker (particle) along a path that is 

indicated in black.

Then, the obtained accelerations were processed using 

the neural network model, which at the output gave the 

probability of belonging to one of the modes. In this 

case, with a probability of 83%, the pelletizing mode is 

Overrolling.

Among 10,981 trajectories, the most common mode is 

shuttle — 30.7% of the total. In addition, an auxiliary class 

is used to stop the flow analysis if the tracker left the device 

or did not yet hit it (Jump). Full details are given in table 1.

3.1. Comparison of DNN and LSTM

When evaluating the considered neural network clas-

sifiers according to these metrics, the following results are 

obtained: for a deep neural network (DNN), accuracy was 

80%, while precision 74%. In other words, when DNN 

predicts a certain mode, then it is right in 74% of cases. 

Table 2 shows a matrix of confusion for a classifier based 

on a deep neural network.

As you can see from the matrix, DNN recognizes the 

shuttle mode and the jump well, but often confuses them. 

The remaining modes are recognized with varying suc-

cess, which can be attributed to unsatisfactory recognition 

quality.

For networks of long-term short-term memory 

(LSTM), the accuracy was 96%, precision — 97%. This 

to a greater extent satisfies the necessary accuracy in de-

termining the elements of the trajectories of the granular 

media movement in pelletizing drum. Table 3 shows the 

confusion matrix for the LSTM-based classifier. 

In turn, the confusion matrix for LSTM is much better 

than DNN. Firstly, the diagonal elements of the matrix 

are clearly expressed - this is confirmed by a high preci-

sion of 97%. Secondly, the number of recognition of class-

es that differ greatly along the trajectory (for example, 

rolling and shuttle modes) has significantly decreased. It 

is worth noting that a significant proportion of recognized 

classes are in jump and shuttle (about 70%). Such a dis-

tribution is obtained due to a sample not ideally obtained 

from the simulation results. Ideally, the diagonal of the 

matrix should have approximately the same number of 

recognitions for each of the class. In addition, the pos-

sible recognition of very different modes during imple-

Table 1. Distribution of modes among all trajectories

Pelletizing Mode Percentage of total, %

Rolling 8,9

Shuttle 30,7

Overroling 5,1

Waterfall 3,9

Cyclic 10,3

Jump 41,1

Fig. 4. Results of particle trajectory conversion into IMU 
readings

Table 2. Confusion matrix for DNN

Overrolling 175 35 0 0 213 227

Waterfall 4 1883 0 0 32 71

Cyclic 0 0 449 0 3 0

Shuttle 0 0 93 272 5 0

Rolling 69 35 5 27 306 283

Leap 37 395 0 0 72 1893

Overrolling Waterfall Cyclic Shuttle Rolling Leap

Table 3. Confusion matrix for LSTM

Overrolling 975 3 0 0 68 12

Waterfall 27 3370 0 0 44 6

Cyclic 3 0 561 12 1 0

Shuttle 7 0 1 427 1 1

Rolling 50 2 0 1 1128 26

Leap 24 7 0 0 18 4206

Overrolling Waterfall Cyclic Shuttle Rolling Leap
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mentation introduces a fair question — how critical is it to 

make a decision about changing the process parameters 

based on an incorrectly recognized pelletizing mode? In 

general, this implies the need to improve the accuracy of 

class recognition, minimizing such errors. And with direct 

implementation in the early stages, use the system as an 

adviser, where the final decision is made by the operator.

Conclusion

Algorithms for recognizing the modes of bulk materi-

als movement by the readings of an inertial measurement 

unit have been developed and implemented. The devel-

oped algorithms are based on neural network classifiers. 

Two types of classifiers are considered: on the basis of 

deep neural networks (DNN) and networks of long-term 

short-term memory (LSTM). The accuracy of recogni-

tion of trajectory elements by the DNN method was 80% 

in the test sample, which is associated with the influence 

of previous, largely remote in time, measurement results 

on the current state of the neural network. In the case of 

LSTM, the recognition accuracy of trajectory fragments 

in the training set was already 96%, which satisfies the 

necessary accuracy in determining the elements of the 

motion paths of granular media in pelletizing drums for 

implementation as an adviser system.

The data on the nature of particle motion paths, which 

will be accumulated using the developed system, will 

make it possible to improve DEM models of the pelletiz-

ing process. Moreover, it is possible to create a methodol-

ogy for improving DEM models of other technological 

processes on the basis of the system. For example, the 

methodology can be applied to study the movement of 

charge and grinding balls in a ball mill. The theoretical 

insights gained from studies of the models will be use-

ful for improving and calibrating Rocky DEM’s built-in 

fracture and particle interaction models (including fric-

tion coefficients).

The data on the elements of the particle motion paths 

accumulated using the developed device will make it pos-

sible to refine the DEM models of the pelletizing process 

and create a theoretical groundwork. On its basis, in the 

future, an automated pelletizing drum control system 

will be developed taking into account the variability of 

the properties of the charges fed to the unit. The nature of 

the bulk material movement in the process will also allow 

to assess the condition of the lining based on data on the 

frequency of sticking devices for the selected period. 

Further work is to create a physical prototype of the 

device and implement it in real production. In addition, 

it is proposed to improve the algorithm for processing the 

readings of the built-in accelerometer to extract useful 

data. It is important to understand that the approach can 

be used not only in pelletizing mac hines, but also in other 

technological processes of processing and transport as-

sociated with bulk materials. The approach comes in line 

with the general trend for the digital technologies imple-

mentation at enterprises of the mineral sector.
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