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Abstract. The authors suggest an approach to determine the technical conditions of life support systems of
public buildings in conditions of significant uncertainty of statistical information on failures. To improve
the re1iabi1ity and increase the resources of life support systems, maintenance and repair strategies are
proposed according to the actual state, which implies the availability of objective diagnostic information.
The essence of methods for constructing images of system failures based on training procedures is
revealed, the latter being founded on the theory of nonparametric statistical analysis. The image is
understood as a formalized description of the failure as an element of the system diagnosis model. The
solution of image synthesis problem is given when the orthogonal trigonometric basis is applied in the
recurrent relations implementing the learning process. The specific case assumes the existence of data on
ranges of diagnostic parameter change at all failures of the investigated object. A modification of the
training procedure is performed to build images of failures of life support systems of the latest generation
when it is possible to find the ranges of changes in diagnostic parameters only in operational state. The
modification consists of the formation and application of an orthonormal binary basis in recurrent
relations. There is an example of image constructing of one of the ventilation and air conditioning system
failures of a public building on the basis of a modified training procedure.

1 Introduction
Life support systems are required for comfortable
functioning of public buildings, the former include the
systems of heat, energy and water supply as well as
ventilation and air conditioning. It is necessary to study
carefully the operational properties of life support
systems in order to increase their service life and
reliability [1-7]. Currently, the operational phase of these
systems is dominated by strict maintenance and repair
strategies. They are based on the average estimates of
changes in the technical condition of the object, so both
time and the volume of repair and maintenance works
are regulated. These strategies, along with the
advantages of easy planning, have significant
disadvantages. So, they do not always take into account
the features of a particular system, the conditions of its
functioning and as a result maintenance and repair work
may be carried out untimely. It is necessary to move
more actively to flexible strategies which involve
varying the time and scope of maintenance work
depending on the actual technical condition of the
equipment. Studies and practical testing of the results for
other types of equipment [8-10] confirm the feasibility of
implementing flexible strategies. This transition requires
the diagnosis of life-support systems which involves a
*

formalized description of their failures. In the
terminology of pattern recognition theory [11] the
description of a particular failure is called its image. The
totality of all images forms the basis of the diagnostic
model.
Theoretical and the applied diagnostic problems were
solved in other areas [12-14]. It should be noted that in
these works, the modeling of diagnostic processes is
based on various mathematical schemes depending on
the physical nature of the processes in the equipment. As
a result, complex of heterogeneous models appear which
is accompanied by difficulties in organizing their
interaction with each other and negatively affects the
reliability of diagnosis.
The aim of this work is to develop an approach to the
diagnosis of life support systems, which provides a
common methodology for constructing models, invariant
to the physical foundations of the construction and
operation of various units in these systems. It gives a
possibility to reduce the dimension of models, and as a
result – to increase the reliability of diagnostics.

2 Methods
Methods of failure imaging based on training procedures
have been developed [11, 15-19]. In a generalized form,
these methods are presented as follows.
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1
) Ei (k − 1) − [Ei (k − 1) − G (Y i (k ))], =
Ei (k=
i 1, m . (8)
k

(1)
Y< n > = ( y1 , y2 ,..., yn ) т
vector values of physical quantities that characterize
the internal state of the system-wear in mating nodes,
misalignment in kinematic schemes, deposits from the
application of working media on the inner surfaces of
pipelines and air ducts, deposits from combustion
products in gas paths and others. Vector (1) defines the

Expression (8) represents the recurrence relations in
which
(9)
G (Y) = (g1 (Y), g 2 (Y),...,g n (Y)) т –
– orthogonal (orthonormal) transformation of the
vector Y.
Ratios (8) provide synthesis of the image Ei (k ) at
the current step through the same image Ei (k − 1) at the

observed state, and its components y j , j = 1, n are
diagnostic parameters. In relation to life support systems,
these can be temperatures, pressures, costs, levels of
various working bodies, parameters of acoustic and
vibrational processes.
All kinds of observable States form a set
(2)
Y = {Y< n > } ,

previous step and the training image Y i (k ) from the
sample (7).
If in (9) an orthogonal trigonometric basis is used the
coordinate functions are given as [15]:
δrj sinky j , k =
(j + 1)/2, j − odd;

g r (Y) =
j /2,
j − even;
(10)
δrj cosky j , k =

r , j = 1, n,

on which the structure of the n-dimensional
Euclidean space is given [20]. Then the subset Y i of
observed States corresponding to the i-th failure forms a
domain in Euclidean space ( Y i ⊂ Y ). Each region is
defined by ranges

=
∆ij [ y ; y =
], i 1, m=
, j 1, n
l
ij

u
ij

 1, if r = j ,
where δ rj = 
– Kronecher's simbol. (11)
 0, if r ≠ j.
As the first step of training, an arbitrary sample
element (7) is taken, converted on the basis of (9):
(12)
Ei (1) =G (Y i (1)), i = 1, m ,
and the next steps are given by the expression (8). By
increasing the number of steps ( k → ∞ ) the learning
process converges to the optimal image E*i :

(3)

changes in diagnostic parameters (where yijl , yiju – the
lower and upper boundary values of the j-th parameter in
the state of the system due to the i-th failure; m – power
of the set of failures).
Areas
(4)
Y i , i = 1, m ,
in space (2) can intersect due to a variety of factors.
Therefore, each region must be represented by one
element-the image of the i-th failure, which is a vector
(5)
=
Ei (=
ei 1 , ei 2 , ..., ein ) т , i 1, m
of the same dimension as (1). Each component eij of

lim ρ(Ei (k ), E*i ) =
0,

k →∞

where ρ(Ei (k ), E*i ) is the distance between the
vectors Ei (k ) and Ε*i in Euclidean space G (Y ) , which
is generated from space (2) by the transformation (9).
Condition (13) reflects the theoretical learning
outcome. For a real system, it is only possible to obtain
an approximately optimal image due to the small sample
size (7). Since the given volume for each failure is equal

the vector (5) characterizes the similarity of the observed
States (1) corresponding to the i-th failure by the j-th
diagnostic parameter.
The whole set of images is further denoted as
(6)
=
E {=
Ei | i 1, m} .
For the synthesis of images, a training sample of
observed States (training images) with a known
affiliation of any region is formed (4):
(7)
1, N 1} ⊂ Y 1 ; {Yk2 | k =
1, N 2 } ⊂ Y 2 ;; {Ykm | k =
1, N m } ⊂ Y m ,
{Yk1 | k =

to the N i elements, the image at the final step is
considered optimal:
i
(14)
=
E*i E=
1, m .
i (N ), i
In the future, additional information may appear and
the training sample is replenished. Then the images are
refined in the learning process. For example, additional

where N i is the number of training images on the i-th
system failure.
Since the collection of data on system failures is very
difficult, the sample (7) is heterogeneous and limited in
size. Small, heterogeneous samples are processed by
methods of nonparametric statistics, which include the
stochastic approximation method [11]. On its basis,
various algorithms are proposed, in particular, such a
constructive computational scheme as

Y1i
Y4i

Y7i

(13)

training N i images are obtained, resulting in refined
images based on (8):
i
i
=
E*i E=
1, m .
i (N +N ), i
Example. The observed state of the system includes
5 diagnostic parameters:
Y = (y1 , y2 , y3 , y4 , y5 ) т .
A training sample on the i-th system failure was
formed ( N i = 9 ):

(5,=
6, 1, 1.8, 2.5) т ;
Y2i (5.5,
=
6, 1.2, 2.1, 2.7) т ;
Y3i (5.3, 6.5, 0.9, 1.6, 2.8) т ;
(4.9,
=
5.5, 1.4, 1.7, 2.6) т ; Y5i (5.2,
=
6.3, 1.3, 1.7, 2.7) т ; Y6i (5.1, 6, 1.1, 2, 2.5) т ;

(5.4,
=
6.2, 1, 2.2, 2.4) т ;
Y8i (5.3,
=
6.2, 1.2, 1.6, 2.5) т ; Y9i (5, 6.1, 1.1, 2.1, 2.7) т .
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 sin5.5 


 cos6 
(Y i (2)) =
sin2.4 
G=


 cos4.2 
 sin8.1 


from (8) follows

You want to build an image of the i-th failure.
From expressions (9) – (12) the first step of training
is obvious:
 sin5   −0.96 

 

 cos6   0.96 
Ei (1) G=
(Y i (1)) =
sin2   0.91  .
=

 

 cos3.6   −0.90 
 sin7.5   0.94 

 


 −0.71 


 0.96 
 0.68  ;


 −0.49 
 0.97 



The second step covers the orthogonal transformation
of the next sample element and the derivation of the
approximation Ei (2) :
 −0.96   −0.71    −0.83 
 −0.96 



 
 

 0.96  1  0.96   0.96    0.96 
1
 0.91  −  0.91  −  0.68   =
 0.79  .
Ei (2) =
Ei (1) − Ei (1) − G (Y i (2))  =
2

 2 
 
 

 −0.90   −0.49    −0.69 
 −0.90 
 0.94   0.97    0.95 
 0.94 


 
 



Similarly, the other steps of the learning process are
performed and in accordance with the condition (14), the
optimal image is taken
E*i =
Ei (9) =
( − 0.87, 0.95, 0.70, − 0.78, 0.93) т .

By analogy with the (12) image in the first step
Si (1) = Zi (1), i = 1, m . Relations (19) are applied from the

second step. The binary transformation (16) gives a
physical meaning to the image components: a positive
value sij indicates the predominance in the sample by
the i-th failure of such elements in which the values of
the j-th diagnostic parameter do not exceed the range
(15), and Vice versa at a negative value. This greatly
simplifies the analysis of the images.
However, binary transformation leads to some
coarsening of statistical information. So, regardless of
the value of the diagnostic parameter within the range of
∆ 0 j binary feature is the same z j = 1 . If the parameter

3 Results and Discussion
Life-support systems of the latest generation are in use
not so long so statistical information may not be
sufficient to estimate ranges (3). You can define only
ranges
(15)
=
∆ 0 j [y0l j =
; y0u j ], j 1, n ,
changes in diagnostic parameters in the operational
state of the system (where y0l j , y0u j – the lower and upper

exceeds the allowed range ( y j ∉ ∆ 0 j ), it is not taken into
account on which side – to the left or to the right of ∆ 0 j

permissible values of the j-th parameter). In this
situation, the training procedure (section 2) is proposed
to be modified as follows.
The components of the observed state (1) are
represented in binary form
 1, if y j ∈ ∆ 0 j ;
zj = 
(16)
−1, if y j ∉ ∆ 0 j .
The expression (16) is an orthonormal transformation
(9) in which coordinate functions are defined as

1, n ,
g r (Y) =
z j δrj , r , j =

its value. The binary trait is still z j = −1 .
Despite the above mentioned facts, the advantage of
the presented approach is that it allows you to build a
model of diagnosis in conditions of extreme limitation of
data on failures. In the future, with the accumulation of
information, the procedure of additional training is
implemented, the essence of which is disclosed above.
When the required amount of data is reached, it is
possible to find ranges (3), which provides a transition to
image synthesis based on the approach described in
section 2. Thus, the construction of images based on the
binary representation of parameters is considered not as
an alternative to the known approaches, but as an
extension. This makes it possible to diagnose modern
life support systems at the initial stages of operation,
when the level of knowledge of changes in the technical
condition is very low.
An example of the application of the modified
training.
21 diagnostic parameters were measured in the
ventilation and air conditioning system of the public

(17)

where δrj is the Kronecker symbol (11).
Given (17), the observed state in binary form is
written by the vector
(18)
=
G (Y) (=
z1 , z2 ,..., zn ) т Z .
On the set of vectors (18) is the structure of the
Euclidean space Z. Then gets the binary form and the
sample (7). The recurrence relations (8) take the form
1
) Si (k − 1) − [Si (k − 1) − Zi (k ))], =
Si (k =
i 1, m . (19)
k
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building with Central air conditioning. Below are 7
parameters:
Y< 7 > =

( y1 , y2 , y3 , y4 , y5 , y6 , y7 )

т

of the supply fan bearings, respectively; y6 , y7 – air
temperature difference on the recuperator of the supply
and exhaust lines.
As the i-th failure is considered the wear of the
supply fan bearings, training sample for this failure:

,

where y1 – air pressure in the supply line; y2 -

power consumption by the supply fan; y3 , y4 , y5 –
vibration speed, vibration acceleration and temperature
Z1i =( − 1, − 1, − 1, − 1, − 1, 1, 1) т ;
Zi2 =( − 1, 1, − 1, − 1, − 1, 1, − 1) т ;

Zi4 = (1, − 1, 1, − 1, − 1, 1, 1) т ;

Zi3 =( − 1, − 1, − 1, − 1, − 1, − 1, − 1) т ;

Z5i = ( − 1, − 1, − 1, − 1, − 1, 1, − 1) т ; Zi6 = (1, − 1, − 1, − 1, − 1, 1, − 1) т ;

Zi7 =( − 1, − 1, − 1, − 1, − 1, 1, − 1) т ; Z8i =( − 1, − 1, − 1, − 1, 1, 1, − 1) т .
established, the perfection of the ways of obtaining
diagnostic information being required.
2. A well-known approach to the formation of images of
life support systems by means of training procedures
developed on the basis of stochastic approximation is
presented in a generalized form. The approach to
diagnosing life support systems provides a common
methodology for model constructing which is invariant
to the physical foundations of the structure and
functioning of various aggregates in these systems.
3. A modification of the learning process in the
construction of images of failures of life support systems
at the initial stages of operation is proposed, which is a
new approach in relation to the known results.
4. An example of image synthesis based on modified
training for a specific failure of the ventilation and air
conditioning system of a public building with Central air
conditioning is considered.

You want to build an image . The training results are
summarized in table 1.
Table 1. The sequence of steps of the modified training
procedure

Zi (1) Si (1) Zi (2) Si (2) Zi (3) Si (3) Zi (4) Si (4)
–1
–1
–1
–1
–1
1
1

–1
–1
–1
–1
–1
1
1

–1
1
–1
–1
–1
1
–1

–1
0
–1
–1
–1
1
0

–1
–1
–1
–1
–1
–1
–1

–1
–0.33
–1
–1
–1
0.33
–0.33

1
–1
1
–1
–1
1
1

–0.50
–0.50
–0.49
–1
–1
0.48
0

Zi (5) Si (5) Zi (6) Si (6) Zi (7) Si (7) Zi (8) Si (8)
–1
–1
–1
–1
–1
1
–1

–0.60
–0.60
–0.59
–1
–1
0.58
–0.20

1
–1
–1
–1
–1
1
–1

–0.33
–0.67
–0.66
–1
–1
0.66
–0.33

–1
–1
–1
–1
–1
1
1

–0.43
–0.72
–0.71
–1
–1
0.70
–0.14

–1
–1
–1
–1
1
1
–1

–0.51
–0.76
–0.75
–1
–0.77
0.74
–0.24

References
1. Gaurav, Gera, Gurpreet, Saini, Rajender, Kumar,
Gupta, S. K. Improvement of operational efficiency of
equipment. International J. of Industrial Engineering
Research and Development (IJIERD), 3, 67-73 (2012)
2. Miqdam, T Chaichan. The impact of engine
operating variables on emitted PM and Pb for an SIE
fueled Mwith variable ethanol-Iraqi gasoline blend.
IOSR Journal of Mechanical and Civil Engineering 12,
6, I 72-79 DOI: 10.9790/1684-12617279 (2015)
3. A. Mokhireva, P. Loginova, E. Glebova, V.
Bespalov, Hardware base and experimental potential of a
smart building prototype. MATEC Web of Conferences.
245, 16001 DOI: 10.1051/matecconf/201824516001
(2018)
4. E.A. Statsenko, A.F. Ostrovaia, V.Y. Olshevskiy,
M.R. Petrichenko, Temperature and velocity conditions
in vertical channel of ventilated façade. Magazine of
Civil
Engineering
80(4),
119-127
DOI:
10.18720/MCE.80.11 (2018)
5. J. Zemitis, A. Borodinecs, A. Lauberts, Ventilation
impact on VOC concentration caused by building
materials. Magazine of Civil Engineering 84(8), 130-139
DOI: 10.18720/MCE.84.13 (2018)
6. J. Sorokins, A. Borodinecs, J. Zemitis, Application
of ground-to-air heat exchanger for preheating of supply
air. IOP Conference Series: Earth and Environmental

The image is taken as the optimal one S*i = Si (8) .
Indeed, here the invariance of models to the physical
nature of diagnostic parameters is achieved (hence, to
the physical foundations of the construction of certain
aggregates of life-support systems). Whatever this
nature, the parameters are represented in binary form and
all subsequent formalization is based on this
representation. This is an effective means of identifying
quantitative patterns of change in the technical condition.
The totality of all images provides diagnostics of
systems based on metric ratios in Euclidean spaces,
which makes it possible to switch to maintenance and
repair according to the actual state.
The proposed approach to determining the technical
condition of life support systems can be applied for the
integrated solution of other tasks related to the
organization of the required air exchange in buildings.
For example, tasks to ensure the tightness of buildings
[21] or to simulate ventilated facades [22-24], modeling
of energy-efficient buildings and energy saving
processes in life support systems [25, 26].

4 Conclusions
1. The expediency of transition to flexible strategies for
maintenance and repair in life-support systems is

4

E3S Web of Conferences 140, 05002 (2019)
EECE-2019

https://doi.org/10.1051/e3sconf/201914005002

Science.
90(1),
012002
DOI:
10.1088/17551315/90/1/012002 (2017)
7. D. Baranova, D. Sovetnikov, D. Semashkina, A.
Borodinecs, Correlation of energy efficiency and thermal
comfort depending on the ventilation strategy. Procedia
Engineering.
205,
503-510
DOI:
10.1016/j.proeng2017.10.403 (2017)
8. J. Zemitis, A. Borodinecs, A. Geikins, T.
Kalamees, K. Kuusk, Ventilation System Design in
Three European Geo Cluster. Energy Procedia 96, 285293 DOI: 10.1016/j.egypro.2016.09.151 (2016)
9. N. Calder, Marine Diesel Engines: Maintenance,
Troubleshooting and Repair. International Marine Press
565 (2007)
10. V.N. Kostyukov, S.N. Boichenko, A.V.
Kostyukov, O.N. Kopelev, A.A. Pavlov, A.G. Shestov,
A.Yu. Tavolgin, D.S. Shelestov, Pump unit diagnostic
and test bench. Chemical and petroleum engineering 50,
3-4, 262-267 DOI: 10.1007/s10556-014-9892-z (2014)
11. V. Vapnik, Statistical Learning Theory. New
York: Wiley-Interscience 768 (1998)
12. Y. Yungpil, O. Hoo-Suk, U. Cuneyt, K. HoYoung, Thermoeconomic diagnosis of an air-cooled air
conditioning system. International Journal of Exergy 26.
4. 393-417 DOI: 10.1504/IJEX.2018.093185 (2018)
13. A. Capozzoli, F. Lauro, I. Khan, Fault detection
analysis using data mining techniques for a cluster of
smart office buildings. Expert Systems with Applications
42(9), 4324-4338 DOI: 10.1016/j.eswa.2015.01.010
(2015)
14. V. Krundyshev, M. Kalinin, Prevention of false
data injections in smart infrastructures. IEEE
International Black Sea Conference on Communications
and Networking, BlackSeaCom 8812786 DOI:
10.1109/BlackSeaCom.2019.8812786 (2019)
15. V. Bakayev, A. Bolotin, Plantar fasciitis
prevention technique based on data aggregation from
computer diagnostics. icSPORTS - Proceedings of the
6th International Congress on Sport Sciences Research
and
Technology
Support
106-110
DOI:
10.5220/0006892601060110 (2018)
16. P. Goytil, M. Hansen, G. Hovland, Iterative
Learning Applied to Hydraulic Pressure Control.
Modeling, Identification and Control 39(1), 1-14 DOI:
10.4173/mic.2018.1.1 (2018)
17. P. Shi, K. Liang, D. Han, Yi. Zhang, A novel
intelligent fault diagnosis method of rotating machinery
based on deep learning and PSO-SVM. Journal of
Vibroengineering
19(8),
5932-5946
DOI:
10.21595/jve.2017.18380 (2017)
18. V.I. Senchenkov, D.R. Absalyamov, D.A.
Avsyukevich, Zadanie mnozhestva diagnosticheskikh
parametrov sistemy na osnove teorii funktsional'nykh
prostranstv [Definition of set of diagnostic parameters of
system based on the functional spaces theory]. SPIIRAS
Proceedings
18(4),
949-975,
DOI:
https://doi.org/10.15622/sp.2019.18.4.949-975 (2019)
19. B. Saadat, A. Kouzou, M. Guemana, A. Hafaifa,
Availability phase estimation in gas turbine based on
prognostic system modeling Diagnostyka 18(2), 3-11
(2017)

20. Jo. Muscat, Functional Analysis: An Introduction
to Metric Spaces, Hilbert Spaces, and Ba-nach Algebras.
Springer 420 DOI: 10.1007/978-3-319-06728-5 (2014)
21. A. Borodinecs, J. Nazarova, A. Zajacs, A.
Malyshev, V. Pronin, Specifics of Building Envelope Air
Leakage Problems and Airtightness Measurements.
MATEC Web of Conferences 73. 02020 DOI:
10.1051/matecconf/20167302020 (2016)
22. M.R. Petritchenko, E.V. Kotov, D.V. Nemova,
D.S. Tarasova, V.V. Sergeev, Numerical simulation of
ventilated facades under extreme climate conditions.
Magazine of Civil Engineering 77(1), 130-140 DOI:
10.18720/MCE.77.12
23. M.R. Petrichenko, D.V. Nemova, E.V. Kotov,
D.S. Tarasova, V.V. Sergeev, Ventilated facade
integrated with the HVAC system for cold climate.
Magazine of Civil Engineering. 77(1), 47-58 DOI:
10.18720/MCE.77.5 (2018)
24. G.B. Vieira, M.R. Petrichenko, T.A. Musorina,
D.D. Zaborova, Behavior of a hollowed-wood ventilated
façade during temperature changes. Magazine of Civil
Engineering. 79(3), 103-111 DOI: 10.18720/MCE.79.11
(2018)
25. A.S. Gorshkov, N.I. Vatin, P.P. Rymkevich, O.O.
Kudrevich, Payback period of investments in energy
saving. Magazine of Civil Engineering 78(2), 65-75
DOI: 10.18720/MCE.78.5 (2018)
26. I.S. Vedishcheva, M.Y. Ananin, M. Al Ali, N.I.
Vatin Influence of heat conducting inclusions on
reliability of the system “sandwich panel – metal frame”.
Magazine of Civil Engineering 78(2), 116-127 DOI:
10.18720/MCE.78.9 (2018)

5

