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Abstract.  
 
Real-time state observation of hydraulically actuated equipment requires powerful 

computational resources. The reason is the high sampling rate needed to capture dynamics 

of the hydraulic systems and additional computational complexity introduced by nonlinear 

estimators. In Industrial IoT applications, this problem is exacerbated by network delays. 

This paper considers the problem of improving the computational performance of the two 

popular nonlinear observers—Unscented Kalman Filter and Particle Filter—in IoT 

applications for hydraulic equipment. For the example case of a mobile log crane, the 

paper demonstrates several ways of building remote observers for IoT applications. Multi-

body model of the crane coupled with the model of its hydraulic system allows capturing 

crane dynamics with different sets of sensors. Parallel computing on multi-core CPUs and 

GPUs is used to speed up calculations. Experimental results demonstrate the performance 

of the observers executed on a desktop computer and on an edge-computing device. The 

paper concludes with general guidelines for implementing nonlinear observers in these 

execution environments. The results can be applied in the remote and autonomous 

operation of hydraulically actuated equipment and maintenance activities for such 

machines. 

Keywords. Observation, observer, Unscented Kalman Filter, Particle Filter, hydraulics, 

Internet of Things. 

1. INTRODUCTION 

Recent advancements in sensor and telecommunication technology allowed obtaining 

continuous information about remote equipment state. The benefits of processing this 

information within the Industrial Internet of Things (IIoT) and Digital Twin concepts are 

limited by the availability and cost of computing resources that can be allocated to each 

piece of equipment. At the time of writing, statistical and machine learning methods 

dominated in equipment fleet management systems. Physics-based methods, being widely 

used in simulation in the machine design phase, were not so popular in the operation and 
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maintenance phase. The reasons include the difficulty of precise model creation for each 

instance of equipment and the computational complexity of such methods, especially when 

a small time step is required. Since physics-based methods can enrich information by 

calculating unmeasured values and providing confident results, their integration into IIoT 

and Digital Twin concepts is an important task. 

Observation techniques facilitate the application of physics-based models by decreasing the 

modeling errors related to the non-perfect fit of the model to a real object [1, 2]. They can 

also extend virtual sensor capabilities by parameter estimation by finding the values for 

which explicit formulas are not present in the model. Due to nonlinearity of models used for 

hydraulically actuated equipment simulation, nonlinear filters should be used to observe 

such equipment. This paper considers two widely used nonlinear filters, the Unscented 

Kalman Filter (UKF) and the Particle Filter (PF). Applying these methods for hydraulically 

actuated machines further increases the high computational complexity of the physics-based 

models. However, the capability of the model to provide results in real time is essential, even 

if there is no real-time connection with the machine. For IIoT and digital twin applications, 

it ensures that the model results are provided concurrently with the machine operation and 

no latency accumulates over time. 

The goal of the presented work is to study real-time capabilities of computer programs that 

implement nonlinear filtering for the hydraulic models coupled with multi-body models of 

heavy equipment. Such programs can be used in IIoT systems to build digital twins of mobile 

working machines. Using a hydraulic log crane as an example, this paper considers real-time 

application of UKF and PF and demonstrates some techniques for improving their 

computational performance. The paper contributes to the development of IIoT and Digital 

Twin concepts by presenting possible ways of integrating physics-based models into the 

information processing pipelines for hydraulic equipment. For hydraulic cranes, such 

integration can facilitate crane operation [3] (especially remote and autonomous operation), 

remote surveillance, predictive maintenance, and fatigue life estimation [4]. 

The rest of the paper is organized as follows. Section II gives a brief literature review on the 

topic of the paper. The methodology used in this paper is addressed in Section III. Section 

IV introduces the experimental setup of the considered log crane. The results are discussed 

in Section V. Conclusions are presented in the final section. 

2. RELATED WORK 

Due to computational complexity, nonlinear filters have traditionally been used in 

application areas where the sampling interval is relatively large. For example, in position 

detection and some manufacturing and chemical processes, the measurements can be made 

once in several seconds [5]. The works considering nonlinear filtering in multi-body 

dynamics are more recent. 

The computational efficiency of a program implementing model-based nonlinear filtering 

for multi-body systems depends primarily on the time needed to calculate a system state at 

each time step. The computational complexity of different multi-body formulations varies 

from 𝑂(𝑁4) to 𝑂(𝑁), where 𝑁 is the number of bodies [6]. Sometimes, it is impossible to 

choose the formulation because it is prescribed by the software used for multi-body 

modeling. If there is an opportunity to choose, the formulation with lower computational 
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complexity will give more freedom for the efficient filter implementation. Another 

important aspect is the possibility to represent the multi-body model in a state-space form, 

which is required for applying the filtering techniques. 

The application of the nonlinear Kalman filters, such as the Extended Kalman Filter (EKF) 

and Unscented Kalman Filter (UKF), in real-time state estimation of different nonlinear 

systems has gained significant attention in the past years. For instance, [7, 8] proposed a 

new version of the EKF algorithm named indirect EKF based on multi-body models. Using 

different methods to calculate the Jacobian matrix, it has been shown that the proposed EKF 

could achieve the same level of accuracy as UKF but with less computational cost. However, 

by reducing the sampling rate of sensors, the quality of the estimations degrades faster than 

with UKF. Nevertheless, computing the Jacobian matrix might not be an easy task, 

especially for systems with severe nonlinearity. Furthermore, [9] applied the nonlinear 

Kalman filters state estimation using multi-body models. To this end, EKF, UKF, and 

spherical simplex UKF (SSUKF) are applied to a 5-bar linkage mechanism. Emphasizing 

on the computational cost of the UKF-based filters, these filters resulted in more accurate 

estimations than the EKF. On the other hand, it has been mentioned that the easy 

implementation of the UKF and its ability to use parallel computing are the reasons that 

make UKF capable to run in real time.    

Representing a subset of Monte Carlo methods, particle filters support parallelization. A 

generic parallel algorithm for particle filter was presented in [10]. Experiments on different 

computers using the Message Passing Interface (MPI) technology demonstrated an ability 

to implement the algorithm in real time for the simple synthetic tasks of position estimation. 

A survey on early developments in distributed estimation with particle filtering can be found 

in [11]. The paper considered the particle filter a viable alternative for real-time 

implementations in the near future. Nonetheless, a decade later, the method was still used 

primarily in low-sampling rate applications. 

Attempts to improve the computational efficiency of particle filtering by using GPUs 

appeared immediately with the rise of this technology. One of the early works [12] 

considered a general approach for parallelizing the particle filter on GPUs. In more recent 

works, GPU-accelerated particle filters were applied to the tasks of controlling the robotic 

arm [13] and manufacturing processes [5]. 

3. METHODOLOGY 

3.1. Multi-body Model of the Crane 

This paper studies the application of nonlinear filtering to the multi-body system state 

estimation using a simple real machine. Mobile hydraulic log crane PATU655 installed in 

the laboratory of intelligent machines of LUT University was used as a test system (Figure 

3.1). The crane consists of a pillar, a main boom, and a jib boom. A grapple was not attached 

to the crane for safety reasons. Constrained space in the laboratory did not allow to rotate 

the pillar. Therefore, the crane could only move in two dimensions by rotating the main and 

the jib booms. Two hydraulic cylinders actuated the booms. The jib boom was connected to 

the cylinder by a four-bar mechanism. 
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Figure 3.1. The mobile hydraulic log crane considered in the paper 

The multi-body model based on the Iterative Newton-Euler Formulation (INEF), which was 

developed and described in [3] and [4], was used to simulate the crane dynamics. The model 

considers four states: the angle of the main boom, the angular velocity of the main boom, 

the angle between the main and the jib boom, and the angular velocity of the jib boom 

relative to the joint between the booms. The forces produced by the hydraulic cylinders are 

calculated from the pressure in the cylinder chambers, the geometry of the cylinders, and the 

speed of the cylinder motion. 

For state estimation problems, the state-space representation of the dynamic model offers a 

general framework. Thus, in this paper, the state-space formulation is utilized to introduce 

the filtering algorithms. 

Consider a discrete-time nonlinear system as: 

𝑥𝑘 = ℱ(𝑥𝑘−1, 𝑢𝑘−1) + 𝑤𝑘−1

𝑦𝑘 = ℋ(𝑥𝑘) + 𝑣𝑘
    (3.1) 

in which 𝑥𝑘 denotes the state vector of the system with the dimension of 𝑛𝑥, and 𝑢𝑘 

represents the input control signal. ℱ(𝑥𝑘−1, 𝑢𝑘−1) represents the dynamic system function. 

The observation is denoted by 𝑦𝑘  with dimension of 𝑛y and measurement sensitivity matrix 

of ℋ(𝑥𝑘). The nonlinear system is under an additive Gaussian process and measurement 

noise. 𝑤 ∼ N(0, 𝒬) and 𝑣 ∼ N(0, ℛ) represent the process and the measurement noises with 

zero-mean and the covariance matrix of 𝒬 and ℛ, respectively. 
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3.2. Unscented Kalman Filter 

As an alternative to the conventional EKF with deficiencies due to linearization, which can 

be found in the literature [14], the UKF algorithm was proposed to address these drawbacks 

[15]. This algorithm is based on a sampling technique named Unscented Transform, which 

generates a set of sample points known as sigma-points to capture the true mean and 

covariance of the random variable [16, 17]. 

The algorithm is initialized with 𝑘 = 0 values of the error covariance matrix as 𝑃0|0 =

𝐸[(𝑥0 − 𝑥̂0)(𝑥0 − 𝑥̂0)𝑇] and the state estimation as 𝑥̂0|0 = 𝐸[𝑥0]. Based on these 

assumptions the sigma-points are calculated for 𝑘 = 1 as: 

𝜒𝑘−1|𝑘−1
(𝑗)

= [𝑥̂𝑘−1|𝑘−1, 𝑥̂𝑘−1|𝑘−1 + √𝑛𝑥 + Γ√𝑃𝑘−1|𝑘−1, 𝑥̂𝑘−1|𝑘−1 − √𝑛𝑥 + Γ√𝑃𝑘−1|𝑘−1] 

(3.2) 

in which 𝑗 = 0, … ,2𝑛𝑥, √∙ denotes the square root of the Cholesky decomposition using its 

lower triangular matrix and Γ = α2(nx + κ) − nx. α and κ are the scaling parameters in 

which 0 ≤ α ≤ 1 controls the spread of the sigma-points and κ ≥ 0 guarantees positive 

semi-definiteness of the covariance matrix. Then, based on the dynamic system function 

defined in Eq.(3.1), the generated sigma-points should be propagated as: 

𝛾𝑘|𝑘−1
(𝑗)

= ℱ (𝜒𝑘−1|𝑘−1
(𝑗)

, 𝑢𝑘−1) , 𝑗 = 0,1, . . . ,2𝑛𝑥  (3.3) 

Now, using the predefined set of weights as ω0
(𝑚)

= Γ/(𝑛𝑥 + Γ), ω0
(𝑐)

= ω0
(𝑚)

+

(1 − 𝛼2 + 𝛽), ω𝑗
(𝑐)

= ω𝑗
(𝑚)

= 1/2(𝑛𝑥 + Γ), the a priori estimation of the mean and the 

covariance can be calculated using the following formulations: 

𝑥̂𝑘|𝑘−1 = ∑ 𝜔𝑗
(𝑚)

𝛾𝑘|𝑘−1
(𝑗)2𝑛𝑥

𝑗=0

Ρ𝑘|𝑘−1 = ∑ {𝜔j
(𝑐)

(𝛾𝑘|𝑘−1
(𝑗)

− 𝑥̂𝑘|𝑘−1) (𝛾𝑘|𝑘−1
(𝑗)

− 𝑥̂𝑘|𝑘−1)
T

}
2nx
j=0 + 𝒬k-1

 (3.4) 

in which 𝛽 as the secondary scaling factor is set to be 2 as an optimal choice for Gaussian 

noise distributions. In order to correct the a priori estimations, a new set of sigma-point 

should be generated as: 

𝜒𝑘|𝑘−1
(𝑗)

= [𝑥̂𝑘|𝑘−1, 𝑥̂𝑘|𝑘−1 + √𝑛𝑥 + Γ√𝑃𝑘|𝑘−1, 𝑥̂𝑘|𝑘−1 − √𝑛𝑥 + Γ√𝑃𝑘|𝑘−1] (3.5) 

then, each column of the generated sigma-points will propagate through the measurement 

sensitivity matrix as: 

𝒴𝑘|𝑘−1
(𝑗)

= ℋ (𝜒𝑘|𝑘−1
(𝑗)

) ,    𝑗 = 0,1, … ,2n𝑥   (3.6) 

Based on the propagated sigma-points the predicted measurements, innovation covariance, 

and the cross-covariance of the predicted measurement can then be computed as follows: 

𝓎̂𝑘|𝑘−1 = ∑ 𝜔𝑗
(𝑚)

𝒴𝑘|𝑘−1
(𝑗)2n𝑥

j=0

𝑃𝑘
𝑥𝑦

= ∑ 𝜔𝑗
(𝑐)

(𝛾𝑘|𝑘−1
(𝑗)

− 𝑥̂𝑘|𝑘−1) (𝒴𝑘|𝑘−1
(𝑗)

− 𝓎̂𝑘|𝑘−1)
T

2n𝑥
j=0

𝑃𝑘
𝑦𝑦

= ∑ {𝜔𝑗
(𝑐)

(𝒴𝑘|𝑘−1
(𝑗)

− 𝓎̂𝑘|𝑘−1) (𝒴𝑘|𝑘−1
(𝑗)

− 𝓎̂𝑘|𝑘−1)
T

} + ℛ𝑘
2n𝑥
j=0

  (3.7) 
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Based on 𝑃𝑘
𝑥𝑦

 and 𝑃𝑘
𝑦𝑦

, the Kalman gain 𝐾𝑘 can be calculated, which is used to calculate the 

a posteriori mean state vector 𝑥̂𝑘|𝑘  and the covariance matrix 𝑃𝑘|𝑘 as: 

𝐾𝑘 = 𝑃𝑘
𝑥𝑦

(𝑃𝑘
𝑦𝑦

)
-1

𝑥̂𝑘|𝑘 = 𝑥̂𝑘|𝑘-1 + 𝐾𝑘(𝓎𝑘 − 𝓎̂𝑘|𝑘−1)

𝑃𝑘|𝑘 = 𝑃𝑘|𝑘-1 − 𝐾𝑘𝑃𝑘
𝑦𝑦

𝐾𝑘
T

   (3.8) 

The equations from Eq. (3.2) to Eq. (3.8) are calculated for each new time step. This loop is 

repeated until the stop criteria are met. 

3.3. Particle Filter 

The particle filter algorithm, which is based on the Monte Carlo method, uses a set of 

randomly chosen samples (particles) with associated weights to estimate the posterior 

probability density function (PDF) [18, 19]. The idea of representing the posterior PDF with 

a set of samples and weights is referred to as the sequential importance sampling (SIS) 

algorithm. This posterior PDF can be approximated as 𝑝[𝑥𝑘|𝑦𝑘] ≈ ∑ 𝑤𝑘
𝑖𝑁

𝑖=1 𝛿[𝑥𝑘 − 𝑥𝑘
𝑖 ], in 

which 𝑥𝑘
𝑖  is the set of random samples, 𝑁 is the number of samples, 𝑤𝑘

𝑖  are the associated 

weights, and 𝛿[∙] is the Dirac delta measure. This sampling procedure from the true posterior 

PDF is usually impossible, hence an importance density as 𝑞[𝑥𝑘
𝑖 |𝑥𝑘−1

𝑖 , 𝑦𝑘] is used. 

Therefore, at each sampling instant, a sample is drawn from the importance density rather 

than the true posterior PDF. To compensate for the difference between these two densities, 

the associated weights can be calculated in a sequential case as: 

𝑤̃𝑘
𝑖 = 𝑤̃𝑘-1

𝑖 𝑝[𝑦𝑘 |𝑥𝑘
𝑖

]𝑝[𝑥𝑘
𝑖

|𝑥𝑘−1
𝑖

]

𝑞[𝑥𝑘
𝑖

|𝑥𝑘−1
𝑖 , 𝑦𝑘]

  ⟹   𝑤𝑘
𝑖 =

𝑤̃𝑘
𝑖

∑ 𝑤̃𝑘
jN

j=1

   (3.9) 

One major issue with the SIS filter is known as weight degeneracy. In this case, after some 

iterations, only a few particles have non-zero importance weights. In other words, after some 

iterations, some particles will have zero contribution to the approximation of 𝑝[𝑥𝑘|𝑦𝑘]. A 

resampling step is introduced to resolve this drawback, which is based on the sampling 

importance resampling particle filter (SIR-PF) algorithm. This step discards the samples 

with low importance using different methods such as: residual sampling [20], systematic 

sampling [18], stratified sampling [21]. However, owing to the simplicity and efficiency of 

systematic resampling, this is a common choice in an SIR method. The algorithm of this 

resampling method is given in [22]. The SIR-particle filter algorithm can be summarized as 

follows: 

▪ Step (1): Initialization: For 𝑘 = 0 generate initial particles 𝑥0
𝑖  and the associated 

weights 𝑤0
𝑖  for 𝑖 = 1, … , 𝑁 from the a priori distribution; 

▪ Step (2): Importance sampling: Generate prior particles, 𝑥𝑘
𝑖,−

, from the importance 

sampling density function; 

▪ Step (3): Weighting: Calculate the weights of each particle once a new 

measurement is available using Eq. (3.9); 

▪ Step (4): Resampling: Based on the calculated weightings and resampling method 

of systematic resampling, calculate the a posteriori particles 𝑥𝑘
𝑖 ; 
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▪ Step (5): Estimation: Estimate the state by calculating 𝑥̂𝑘 = ∑ 𝑤𝑘
𝑖𝑁

𝑖=1 𝑥𝑘
𝑖 . Set 𝑘 =

𝑘 + 1 and go back to Step (2). 

3.4. Particle Filter Implementation on a GPU 

This study used Nvidia CUDA technology to accelerate particle filter implementation. Three 

features of Nvidia GPUs were utilized to minimize calculation time: a substantial amount of 

device memory, asynchronous memory transfers, and streams. Since the function ℱ(𝑥, 𝑢) 

derived from INEF formulation was implemented as a custom C function, it was converted 

to a kernel function to generate particles concurrently at step (2) of the particle filter 

algorithm. Another kernel function performed weighting at step (3) of the algorithm. 

The most time-consuming operations in a particle filter are the calculation of the system 

function ℱ(𝑥, 𝑢) and the generation of the pseudo-random numbers. The latter operation 

was performed in a batch mode when many random values were generated by a single 

function call and stored in the device memory as a lookup table. Instead of calling a time-

consuming random generator at each time step, the values from the table were used across 

several time steps to create particles. When the lookup table with random numbers was 

consumed, it was generated again. System function calculation and random number 

generation were performed in different streams. These measures allowed to implement real-

time particle filter for the crane model with 1024 particles. The accuracy of the filter was 

considered sufficient, and the resampling step was not performed on the GPU. 

4. EXPERIMENTAL SETUP 

The log crane used in the experiments was instrumented with pressure sensors for the piston 

side and the rod side of each cylinder, position sensors measuring the length of each cylinder, 

and the gyroscopes attached to each boom. The sensors were connected to the dSPACE 1005 

data acquisition system, which transmitted the data to the computer installed in the lab using 

the local area network connection. A Python script was used to save the data on disk and 

send them to a remote computer in LUT University by the UDP protocol. 

Two sets of experiments were performed. In the first set, the accuracy and computational 

performance of the UKF and particle filters were evaluated. The particle filter was 

implemented by a custom-made C program using Nvidia CUDA technology for GPU 

computing. The C program implementing the UKF filter was automatically generated from 

a custom MATLAB script using the MATLAB Coder tool. Both programs read the 

measurement data from a CSV file, estimated the system state using a full or constrained set 

of sensors, and saved the results to another CSV file. Measurement data consisted of the 

boom angles calculated from the cylinder linear displacement measurements, angular 

velocity of the booms measured by gyroscopes, and pressure in the cylinder chambers 

measured by pressure sensors. Calculations were performed on a desktop computer equipped 

with the Intel Core i9-9820X 3.3GHz CPU and NVIDIA GeForce RTX 2080 SUPER GPU. 

The program implementing the UKF filter was also compiled and executed on a Raspberry 

Pi 4 Model B microcomputer. Optimizing compilation was not used in the experiments. 

Each program version was executed 30 times on the same data set. Between the executions, 

15 seconds breaks were made to decrease the influence of other programs on CPU load. 

Execution time was measured using the omp_get_wtime() function of the OpenMP library. 

Other capabilities of the OpenMP technology were not used in the experiments. 
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In the second set of experiments, the nonlinear filters were used for the real-time 

visualization of the crane motion. A remote computer in LUT University connected to the 

crane measurement system by the local area network represented an IoT system. CAD 

drawings of the crane were used to visualize its motion in the Unity environment. The 

programs implementing UKF and particle filters were modified to receive the input data by 

UDP protocol instead of reading them from a CSV file. The Python script executed on the 

computer located near the dSPACE system transmitted the measurement data to the remote 

computer. The sensor data were transmitted with a sampling rate of 1000 samples per 

second. The programs implementing the filtering were calculating the boom angles and 

sending them to the Unity program 40 times per second. The user interface of the Unity 

program allowed to choose the measured states by setting the checkboxes in real time, during 

the program execution. A 3D model of the crane was displayed in real time on-top of the 

video stream from a camera installed in the laboratory near the crane. While one researcher 

was operating the crane, the second researcher watched the concurrent motion of the crane 

and its 3D model on a video wall located in another laboratory of LUT University. The 

second researcher was also able to select the measured states in real time using the 

checkboxes. The experimental environment is presented in Figure 4.1. 

 

 

Figure 4.1. Experimental environment 

5. RESULTS 

The results of the first set of experiments are presented in Table 1 and Figure 5.1. Table 1 

presents the execution time of different programs analyzing the data set obtained during the 

39.992 s of measurements. The execution duration of the program implementing the UKF 

filter was 14.7 times smaller than the duration of the analyzed period, even on the Raspberry 

Pi microcomputer (denoted in the table as RPi). The program implementing the particle filter 

was able to fit the analyzed period duration using GPU and 1024 particles. 
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(a) Estimation of lift boom angle 𝜃1  (b) Estimation of jib boom angle 𝜃2 

  
      (c) Estimation of lift boom velocity 𝜃1̇  (d) Estimation of jib boom velocity 𝜃2̇ 

Figure 5.2. Estimation of the hydraulically actuated log crane states using the UKF and 

Particle filter 

Figure 5.1 shows the measured and estimated states using the UKF and particle filter for the 

same input data that was used in the first set of experiments. In this example, the angular 

velocity of the main boom 𝜃1̇ and the angle of the jib boom 𝜃2 calculated from the position 

of the jib cylinder were used as measurements. The angle of the main boom 𝜃1 and the 

angular velocity of the jib boom 𝜃2̇ were estimated by the filters. 

As for the estimation accuracy of the two approaches, Figure 5.1 indicates that both methods 

are capable to estimate the true states of the model. To have a better metric on how these 

methods perform, root mean square error (RMSE) is calculated for all four states. The RMSE 

of the UKF are: 𝜃1 = 0.2174 𝑟𝑎𝑑, 𝜃2 = 0.0203 𝑟𝑎𝑑, 𝜃1̇ = 0.0001 𝑟𝑎𝑑/𝑠, 𝜃2̇ =
0.1401 𝑟𝑎𝑑/𝑠 and the RMSE of the particle filter method are: 𝜃1 = 0.2684 𝑟𝑎𝑑, 𝜃2 =

0.0212 𝑟𝑎𝑑, 𝜃1̇ = 0.0001 𝑟𝑎𝑑/𝑠, 𝜃2̇ = 0.1448 𝑟𝑎𝑑/𝑠. It can be seen that the performance 

of the UKF method is slightly better than the particle filter. 

Table 1: Execution time of different observer implementations 

 
UKF Particle filter 

PC RPi GPU CPU 

Total time (s) 0.654 2.718 13.844 80.510 

Reading from file (s) 0.505 2.062 1.354 1.359 

Calculations (s) 0.086 0.480 12.176 78.840 

Writing to file (s) 0.046 0.105 0.312 0.309 
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6. CONCLUSION 

The presented study demonstrated the possibility of using nonlinear observers for the real-

time state estimation of hydraulically actuated equipment in Industrial IoT systems. The 

capability of the observation techniques to estimate unmeasured states allows using them as 

virtual sensors and decreasing the number of sensors installed on the equipment. It should 

be noted that due to the nonlinear nature of the hydraulically actuated systems, observer 

parameter tuning might be required for each type of equipment, taking into account its 

operating conditions. 

The experiments performed in the current study showed that the UKF-based observer was 

able to run up to 142 times faster than the particle filter implemented on GPU while 

providing similar estimation accuracy. The result favors the use of UKF for virtual sensor 

implementation in Industrial IoT systems. 

A combination of UKF and PF in a single observer for an IIoT system could be considered 

for future research. For the most common operating conditions, a fast UKF-based estimator 

could be used. For the periods with high nonlinearity detected using additional information 

on a particular machine, a PF-based estimator could be applied. Another research topic 

would be an improvement of an observer's performance by using the measurement data for 

a period of the machine operation. In the presented experiments, each sample was 

transmitted separately, while in practice, it is more efficient to transmit a sequence of 

samples in an IIoT system at once. Processing such sets of data could improve observer 

performance while preserving its real-time capabilities. 
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