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Abstract. The article presents a new approach to monitoring systems of a
certain class using the lookup algorithm. The main task is to generate
object signals based on measured but only some selected signals. This idea
is based on the Kalman filter approach, but the calculation method of the
gain coefficients is different. Its values are determined in a similar way as
weights in neural networks during learning (incremental method). The
proposed lookup algorithm uses expert knowledge a priori for determining
gain corrections, and its functioning is presented for the case of two
monitoring error zones. The presented results clearly indicate the
advantage of the lookup algorithm over the Kalman filter. Two RMSE and
MPE indicators were used for the quality of monitoring..

1 Introduction
In the present conditions of society development to ensure required the quality and speed
action of diagnostic for dynamic systems monitoring, the latest solutions based on adaptive
approaches and more are used. Studies related to this concern most of the linear dynamical
systems in a discrete version, and the analysis uses different types of recursive algorithms
resulting from the methodology of solving differential equations [1].
The matter of monitoring technological processes or the state of the environment is of
key importance for the operational management of this process. Information obtained as a
result of monitoring, after their proper analysis, enables a more complete and efficient
production process, as well as a more complete picture of environments in which may be
signals warning against threats such situations as high concentrations of pollutants [2].
One solution is to use an approach that uses the Kalman filter algorithm and its
variations characterized by certain limitations [1, 3-8]. These constraints may concern
requirements such as linearity of objects and knowledge of covariance of disturbances
signals [9, 10], which in practice is sometimes difficult to determine.
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The use of the extended Kalman filter algorithm or the Luenberger observer may
improve the quality of observed signals and give a greater generalization in relation to the
basic Kalman filter, but there are still requirements in the form of the need to know the
covariance of disturbances signals [11, 12].
In other approaches, statistical methods are proposed that use certain sets of data
collected over a longer period of time, which is inconvenient by the need to collect these
data and these calculation are not able to determine dynamic changes in current monitoring
signals [6].
Very often for support the process monitoring systems use the capabilities of artificial
intelligence to [13, 14]. Signal waveforms with dynamic changes are obtained there, but it
is necessary to knowlege the mathematical model of the object and to collect and storage of
data sets necessary in the process of teaching artificial intelligence.

2. Kalman filter
The Kalman filter is used for dynamic systems described by linear differential equations. It
determines the estimate of the state vector, using the knowledge of input and measurement
signals. It should also be assumed that the disturbances affecting system signals and
measuring noise have a normal distribution with known covariances [1, 9]. The Kalman
filter algorithm uses the following relationships:
𝑥̂̇ = 𝐴𝑥̂ + 𝐾𝐹 [𝑦 − 𝐶𝑥̂], 𝑥̂(0)
𝐾𝐹 = 𝑃𝐶 𝑇 𝑉 −1 ,

(1)
(2)

in which KF is the filter gain coefficient to determine which one needs to know the
estimation error covariance matrix P. This matrix is determined by solving the Riccati nonlinear differential equation::
𝑑
𝑑𝑡

𝑃 = 𝐴𝑃 + 𝑃𝐴𝑇 − 𝑃𝐶 𝑇 𝑉 −1 𝐶𝑃 + 𝐷𝑊𝐷𝑇

(3)

where: V – measurement error covariance matrix, W – system disturbances covariance
matrix, A – matrix of system dynamics, C – measurement matrix, D – disturbances
interaction matrix.
The optimum of the Kalman filter depends mainly on the determine the statistics
accuracy of the disturbances interacting on system and measuring which are characterized
by their covariances W and V. However, if the covariance of these signals is insufficiently
defined, the accuracy of the estimation will deteriorate, leading to the lack of optimality of
the solution. Accurate specification of disturbance characteristics is a difficult task,
especially when these signals result from changing environmental conditions.
This article proposes a solution using an adaptive approach that does not require
knowledge of disturbance signals and high accuracy of the mathematical model of the
monitored system.

3 The monitoring system using lookup algorithm
In the article, the studies are aimed at determining on-line the desired object signals. An
interesting situation is when no signal measurements are made, and it is expected
monitoring these signals is required. One of such solutions may be the use of the certain
idea Kalman filter algorithm in which the final results are obtained from calculations
carried out in a different way.
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The monitoring system consists in generating signals when their an immediate
measurement is not possible. It uses only easy and quick to implement measurements. The
system, which monitoring only measurable signals, gives an incomplete picture of the
object (see Fig. 1). The estimators or state observers are often used to determine the
immeasurable signals of object's [11].

Fig. 1. Block diagram of the idea of the monitoring system.

Fig. 1 presents the idea of an monitoring system that generates all the interesting
signals even without knowing the characteristics of measurement or system disturbances
affecting the object. The idea of this monitoring system is based on clever lookup algorithm
of gain coefficient value.
The proposed algorithm consists in determining the current gain values in equation (1)
for each measurement step. Determination of this gain does not depend on the knowledge
of the parameters of the extortion signals statistics, which we assume as an undefined
disturbances. The authors assumed gain will be incrementally modified by determined gain
corrections ∆K. The values of these corrections depend on the value measurable signal ε(t)
defined for the needs of the algorithm, called in future considerations as current
measurement monitoring error. Its value was defined as the difference between the current
measurement y(t) and the corresponding coordinate of the monitored signal vector 𝑥̂
defined by the dependence:
𝜀(𝑡) = 𝑦(𝑡) − 𝐶𝑥̂(𝑡)
(4)
where 𝜀(𝑡)– current measurement monitoring error in a given step, C – measurement
matrix.
The current value of the gain coefficient 𝐾𝑆𝑖 is determined in accordance with the
following expression:
𝐾𝑆𝑖 = 𝐾𝑆𝑖−1 + ∆𝐾𝑍2

(5)

in which: 𝐾𝑆𝑖 – the gain coefficient in a given time step, 𝐾𝑆𝑖−1 – the gain coefficient in the
previous step, ∆𝐾𝑍2 – correction of the gain coefficient resulting from the accepted
assignments 𝜀(𝑡) to the zone.
The general block diagram of the proposed algorithm for object monitoring is shown in
Fig. 2.
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Fig. 2. Block diagram of an clever lookup algorithm

The presented algorithm selects the appropriate correction of the gain coefficient ∆𝐾𝑍𝑖
depending on the current value of the current measurement monitoring error ε. In the case
when the value of the error ε is lower than the assumed error limit 𝜀𝐼 (first zone) then the
correction of the gain coefficient is zero (see Fig. 3). This means that an actual monitoring
error is at most equal acceptable error 𝜀𝐼 . If the current measurement monitoring error is
greater than restriction of error , the correction of the gain coefficient is different to zero
and taken from table (see Fig. 3 again). The general pattern of gain coefficient modification
is carried out in accordance with the rule (5). It is worth emphasizing that the gain is
updated for each measurement step.
In the proposed solution, only two values of gain corrections are determined. This
means that the ranges of current measurement monitoring error values obtained during the
process of approximating the monitored signals have been divided into only 2 zones. For
each zone a fixed value of the correction of the gain coefficient ∆𝐾𝑍𝑖 (i = 1,2) was adopted.

Fig. 3. Current measurement monitoring error and gain corrections of the monitoring system
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The value of the correction ∆𝐾𝑍𝑖 in the proposed algorithm depends on the specificity of
the given object and is selected experimentally on the basis of expert knowledge. This
correction may take different values depending on the adopted assumptions.
The gain update is incremental in a similar way as is the case with weights in the neural
network learning process [15]. The algorithm is able to correctly execute the process for
unknown initial conditions and even for the initial 𝐾𝑆𝑖 gain coefficient of zero.

4 Object - biochemically polluted river
The mathematical model of the biochemically polluted river usually describes partial
differential equations of the hyperbolic type [16]. To simplify the model, without losing the
accuracy of description of phenomena, considerations along the so-called characteristics,
which results in a set of ordinary differential equations. This interpretation concerns
changes in time of water quality indicators, i.e. biochemical oxygen demand (BOD) and
dissolved oxygen (DO) deficiency in a free flowing volume of water moving at a certain
speed [17].
The values of these indicators is determined by the differential equations presenting the
kinetics of the physico-chemical properties of the form:
𝑑
𝑥 (𝑡)
𝑑𝑡 1
𝑑
𝑑𝑡

= −𝑘1 𝑥1 (𝑡) + 𝑤1

𝑥2 (𝑡) = −𝑘2 𝑥1 (𝑡) − 𝑘3 𝑥2 (𝑡) + 𝑤2

(6)
(7)

in which: 𝑥1 [mg/l] – concentration of organic pollutants (BOD), 𝑥2 [mg/l] – deficiency
DO, 𝑡 [day] – time, 𝑘1 , 𝑘2 , 𝑘3 [day-1] – coefficients speed of indicators (BOD, DO)
reaction, 𝑤1 [mg/l·day] – intensity of pollutants BOD, 𝑤2 [mg/l·day] – oxygen production
intensity (eg bottom sediments, sedimentation).
The equations (6, 7) can be written in a vector form:
𝑑
𝑑𝑡

𝐱(𝑡) = 𝐴𝐱(𝑡) + 𝐷𝐰(𝑡)

(8)

with initial conditions x(0),
𝑥1
where: 𝐱 = [𝑥 ] – vector representing concentrations from (6, 7) as water quality
2
𝑤1
indicators, 𝐰 = [𝑤 ] – vector of system disturbances, 𝐴 = [𝑘𝑘1 𝑘0 ] – a matrix defining the
2 3
2
1 0
state vector coordinates change dynamics 𝐱, 𝐷 = [
] – disturbances interactions matrix.
0 1
The measurement equation for our considerations takes the form:
𝑦(𝑡) = 𝐶𝐱(𝑡) + 𝑣(𝑡)

(9)

where: 𝐶 = [0 1] – measurement matrix, 𝑣 – measuring disturbance.
The main disadvantage in the commonly measurement BOD methods is that we get the
results with some delay (5–20 days), because they require laboratory service. Other features
have DO measurements, they can be easily carried up to date. Therefore, for the purpose of
water quality monitoring, an algorithm using only the DO measurement will be used.
The inaccuracy of the model parameters
A very important issue in estimating the state using the Kalman filter is knowing the
characteristics of disturbances affecting the object and the exact determination of the
mathematical model of the object.

5

ITM Web of Conferences 21, 00006 (2018)
CST 2018

https://doi.org/10.1051/itmconf/20182100006

In the case of the river model, the coefficients contained in the matrix A depend in
general on the temperature. The research shows that these coefficients can take values from
the range: 𝑘1 = – 0.2204 ÷ – 0.3347 [mg/l], 𝑘2 = – 0.1636 ÷ – 0.2049 [mg/l], 𝑘3 = – 0.71 ÷
– 0.81 [mg/l] [18].
Fig. 4 presents the signal waveforms of the mathematical model (8) obtained for
extreme values of ki (i = 1,2,3) during the experiments.
State of the object DO

State of the object BOD

0

50
OBJECT
k1

45

k 1, k 3

Concentration [mg/l]

35

Concentration [mg/l]

OBJECT
k2

-2

40

30
25
20

-4

-6

-8

15
10

-10

5
0

-12

0

2

4

6

8

10
12
Time [day]

14

16

18

20

0

2

4

6

8

10
12
Time [day]

14

16

18

20

Fig. 4. BOD and DO with changes in the coefficients of the state matrix A.

For the BOD signal, only the change in the coefficient 𝑘1 affects its waveforms, and the
maximum difference is around 7 ÷ 8 [mg/l] on the 4th day(see Fig 4 left). The coefficients
𝑘1 , 𝑘2 , 𝑘3 influence the course of DO, where the maximum difference is around 4 [mg/l] on
the 4th day (see Fig 4 right).
Fig. 5 presents simulations of signal waveforms for the Kalman filter and our lookup
algorithm with variable values of coefficients 𝑘𝑖 .
Signals generated by Lookup Algorithm and Kalman
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Fig. 5. Signals generated by the lookup algorithm and Kalman filter when the state matrix A
coefficients change.

The presented research results indicate that the lookup algorithm generates a BOD error
of around 5 [mg/l] on the 4th day, whereas the Kalman filter – 8 [mg/l] on the 4th day for
extreme different values of coefficients . However, in the earlier period the difference is
even greater in favour of the lookup algorithm. For the DO index estimate, the error in the
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lookup algorithm is comparable with the Kalman filter in the first day, and in the following
days, the predominance of the lookup algorithm is visible.
It should be noted that the DO indicator is measured, therefore it contains current
system information and hence its monitoring errors should be lower in relation to BOD.

5 Monitoring quality indicators
The quality of monitoring implemented by the proposed algorithm was compared with the
Kalman filter. Two indicators were used to assess the quality of the proposed solution. The
calculations these indicators were carried out separately for BOD and DO deficit.
The first indicator of monitoring quality is the Root Mean Squared Error (RMSE):
1

𝑅𝑀𝑆𝐸𝑖 = √ ∑𝑛𝑗=1 𝑒𝑖𝑗2

(10)

𝑛

where 𝑒𝑖𝑗 (𝑡) = 𝑥𝑖𝑗 (𝑡) − 𝑥̂𝑖𝑗 (𝑡) , 𝑖 = 1,2 these are errors of generated signals, i – the number
of the state variable, j – step number of the simulation, n – number of simulation steps,
The second indicator is the Mean Percentage Error (MPE):
1

𝑥𝑖𝑗 −𝑥̂𝑖𝑗

𝑛

𝑥𝑖𝑗

𝑀𝑃𝐸𝑖 = ∑𝑛𝑗=1 (|

(11)

|) ∙ 100%

The RMSE indicator represents the absolute error, while the MPE indicator represents
the relative error.

6 Simulation of the monitoring system
Simulation experiments were carried out for a hypothetical three-section river with side
tributaries, where each section of the river has tributary and is described by the equation
(8).
Fig. 6 shows the waveforms of signals for one section of the river for 20 and 8 days of
observation. It turns out that after a period of 8 days, the BOD water quality indicator from
the initial value of 60 [mg/l] drops to about 8 [mg/l]. These are average values of BOD
pollutants indicator that occur in rivers. Longer observations of impurities they lead to
better water quality so way are hypothetical considerations.
Signals generated by Lookup Algorithm and Kalman Filter
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Fig. 6. Signals generated by the lookup algorithm and Kalman filter (20 days, 8 days).
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The obtained research results show that better monitoring quality in both 20 days and 8
day observations is obtained using the lookup algorithm. The values of quality indicators
(10, 11) are presented in Fig. 7. Left side Fig. 7 presented RMSE indicator and the right
side of Fig. 7 show the MPE indicator.

Fig. 7. Graph of monitoring system quality indicators RMSE and MPE for the lookup algorithm (LA)
and Kalman filter (KF), BOD (B), DO (D).

From conducted observations carried out it follows, that for DO deficit the indicators
(10, 11) always received lower values. This is due to the lack of measurements for BOD. In
the case of the MPE indicator for 20 days of observation, we obtain slightly worse results in
relation to the 8 observation days. This is due to the small values of variables xi and as
measurements yi and if there are small values in the denominator of the indicator(11), its
value of MPE will significantly increase (Fig.7 on the right).
Figure 8 shows the waveforms of the generated signals of compared solutions for
monitoring and the changes in the gain coefficient of the lookup algorithm for the threesection river.
Signals generated by Lookup Algorithm and Kalman Filter
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Fig. 8. Monitored signals for lookup algorithm and Kalman filter and also the gain coefficients form
the lookup algorithm.

The lookup algorithm gives always much better results, especially for the immeasured
signal of BOD, as indicated by both waveforms of generated signals and monitoring quality
indicators (Fig. 9). It can also be seen that the values of the gain coefficients change
significantly over time. In addition, when the estimation errors decrease, the value of the
gain coefficients decreases. This indicates a greater dynamics of signal changes for the
lookup algorithm compared to the Kalman filter.
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Fig. 9. Monitoring quality indicators MPE and RMSE and absolute percentage error.

The conducted observations indicate that for the BOD signal, the MPE index takes
almost twice smaller values (better quality) for the lookup algorithm in relation to the
Kalman filter. However, for the RMSE indicator, the differences are smaller. For the DO
signal, differences between the quality indicators are much smaller, as the examined signal
is measured (contains current information about the object).
In Fig. 9 (right side) showing the absolute percentage error, there are sudden changes in
errors waveforms due to the inflow of lateral impurities. For these situations better results
are generated by the lookup algorithm (continuous line), cause the errors waveforms
reaches small values much faster than in case Kalman filter.
Simulation experiments were also carried out for various intensity of system and
measurement disturbances (see Fig. 10).

Fig. 10. Indicators of monitoring quality at various system and measurement disturbances
covariances.

The intensity of generated disturbances of signals for BOD and DO was determined on
the basis of covariances accepted in the research. It turned out that the intensity of
disturbances is not important for the quality of monitoring in the case of the lookup
algorithm. This is a very important superiority of proposed algorithm over the Kalman
filter.
The value of the MPE monitoring quality indicator for BOD at various system and
measurement disturbances covariances varies between 27-30% for the Kalman filter, while
for the lookup algorithm the values are much lower and amount to 13-15%. For DO deficit,
this indicator is 7-13% for the Kalman filter and for the lookup algorithm 7-8.5%. In all
data cases tested, a better quality of monitoring was always obtained, measured by
indicators (10,11) for the lookup algorithm for both BOD and DO.
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7 Summary
In the paper the concept of monitoring system is presented, the idea of which uses the
Kalman filter certain idea in which the gain coefficients is updated using the clever lookup
algorithm. Was proposed two-zone division of errors (4) which was defined for the needs of
the algorithm, which allows gain coefficients on-line update . Usually, the zone values are
determined based on expert knowledge. The algorithm works stably and is not sensitive to a
change in the intensity of disturbances acting on the object, as well as various initial
constraints and initial gains coefficient (various disturbances do not destabilize its
functioning). Through a universal and clever approach, it can be used for a certain class of
objects representing various technological processes in the industrial fields and ecology.
The proposed monitoring system can be included in non-invasive diagnostic systems. It can
also be used as an estimators in optimal control process.
It is anticipated that further work will concern applications of this application for
chemical facilities in which easy measurements will be used to determine immeasurable
signals, e.g. concentrations and also in the field of environmental protection where it seems
to be natural to apply this approach, e.g. for water treatment plants, sewage treatment plants
or for continuous monitoring of water quality in rivers.

References
1.

J. Michalski, P. Kozierski, J. Zienkiewicz, Porównanie metod estymacji stanu
systemów dynamicznych, PAR, 4, 41–47, (2017)
2. Z. Gomolka, B. Twarog, J. Bartman, Improvement of image processing by using
homogeneous neural networks with fractional derivatives theorem, Discrete and
Continuous Dynamical Systems- Series AI, ssue SUPPL., 505-514, (2011)
3. J. Cheng, D. Chen, R. Landry, L. Zhao, D. Guan, An Adaptive Unscented Kalman
Filtering Algorithm for MEMS/GPS Integrated Navigation Systems, J. of App.
Math., 2014, (2014).
4. Z. Gomolka, B. Twarog, E. Zeslawska, Cognitive Investigation on Pilot Attention
During Take-Offs and Landings Using Flight Simulator. Artificial Intelligence and
Soft Computing. ICAISC 2017. vol 10246. (2017)
5. S. Akhlaghi, N. Zhou, Z. Huang, Exploring adaptive interpolation to mitigate
nonlinear impact on estimating dynamic states, IEEE PES General Meeting
(Denver, CO, USA, 2015)
6. S. Bordignon, M. Scagliarini, Monitoring algorithms for detecting changes in the
ozone concentrations, Environmetrics, 11, 2, 125-137, (2000)
7. P. Marantos, Y. Koveos, K.J. Kyriakopoulos, UAV State Estimation using
Adaptive Complementary Filters, IEEE Trans. Control Syst. Technol., 24, 4,
1214–1226, (2016)
8. S. Akhlaghi, N. Zhou, Z. Huang: Adaptive Adjustment of Noise Covariance in
Kalman Filter for Dynamic State Estimation, IEEE Power and Energy Conference
(PES) General Meeting (Chicago, IL, 1-5, 2017)
9. R.E. Kalman, A New Approach to Linear Filtering and Prediction Problems,
Transaction of the ASME – J. of Basic Eng., 35-45, (1960)
10. G. Welch , G. Bishop, An Introduction to the Kalman Filter, University of North
Carolina at Chapel Hill, Chapel Hill, NC, (2006)

10

ITM Web of Conferences 21, 00006 (2018)
CST 2018

https://doi.org/10.1051/itmconf/20182100006

11. M. Tomera, K. Pozorski, Porównanie metod estymacji zmiennych stanu w
układzie kaskadowym dwóch zbiorników, Zesz. Nau. Wydz. Elek. i Auto. PG., 31,
131-138, (2012)
12. E. Blanchard, A. Sandu, , C. Sandu, Parameter Estimation Method Using an
Extended Kalman Filter, Proceedings of the Joint North America (Asia-Pacific
ISTVS Conf. and Ann. Meet. of Jap. Soc. for Terra. , Fairbanks, AK, 2007)
13. Z. Gomółka, B. Twaróg, E. Żesławska, A. Lewicki, T. Kwater, Using Artificial
Neural Networks to Solve the Problem Represented by BOD and DO Indicators,
Water 2018, 10(1), 4, (2018)
14. E. Dudek-Dyduch, Z. Gomolka, Neural network design without learning, (6th
International Conference on Neural Networks and Soft Computing, Zakopane,
2003)
15. Z. Gomolka, E. Dudek-Dyduch, Y.P. Kondratenko, From Homogeneous Network
to Neural Nets with Fractional Derivative Mechanism. Artificial Intelligence and
Soft Computing. (ICAISC 2017)
16. P. Holnicki, Z. Nahorski, A. Żochowski, Modelowanie procesów środowiska
naturalnego, (2000)
17. T. Kwater, R. Pekala, P. Krutys, The mathematical models of water pollution and
interpretation of their distribution. Technol. News 2009, 1, 130–132, (2009)
18. V. Gourishankar, M.A. Lawal, A digital water quality controller for polluted
streams, Inter. J. of Syst. Scie., 9, 899-919, (1978)

11

