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Abstract: The key to achieving smart heating is the rational use of large amounts of data from
the heating network. However, many current relevant studies based on generalized mathematical
methods are unable to accurately describe the physical relationships between pipe network variables.
In order to solve this problem, this paper proposes a new time-series fluctuation research method,
which can be applied to the measured data of the hot water heating pipe network. This method is
a new approach to identifying step data. Then, we propose the concept of time-series disturbance
to quantify the degree of data anomaly. Finally, the results of a case study demonstrate the transfer
process of a significant disturbance in the pipe network from the supply end to the return end. The
time-series fluctuation method in this paper precisely describes two physical relationships between
heating system variables and provides a feasible and convenient new research idea for self-perception
and self-analysis of smart heating.

Keywords: hot water heating networks; smart heating; identification of step data; time-series data

1. Introduction

Of China’s total energy emissions, the proportion of building-related carbon emissions
is 51.2%. In particular, the proportion of carbon emissions from the operational phase
of buildings is 21.9% [1]. Heating is one of the major causes of energy consumption
in the operational phase of buildings, especially in northern China. It is important to
reduce heating energy consumption and improve heating energy efficiency under indoor
temperatures to meet the needs of the normal lives of residents [2—4]. Smart heating has
greater advantages than traditional heating systems in terms of energy savings, regulation,
and fault diagnosis, and has huge development potential and marketing prospects [5].
Nowadays, temperature, pressure, and flow sensors are usually installed at every important
monitoring point in a heating system. Through a monitoring and data-acquisition system,
operational data can be monitored and recorded in real time to support the operational
maintenance of a heating system [6,7]. The heating system accumulates a large amount
of time-series data, which represent the state changes of the pipe network during the
operation of the heating system. In the context of the big-data era, identifying the step data
caused by disturbances and analyzing their processes and characteristics is the focus of
temporal analysis of data.

Data collected by a heating system over a certain period of time may suddenly fluctuate
from a stable state for some reason, then return to the stable state. Data with a step
phenomenon between the two stable states are called step data. Step data indicate that
the hydraulic status of a pipe network changes over time; therefore, identifying step data
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involves determining the time point and the numerical change of the hydraulic state of
the pipe network. The reasons for the change in fluid states can be divided into two
categories—normal pipe network regulation and faults in the pipe network system.

There are three main physical quantities that operate in a heating system: temperature,
pressure, and flow rate. The precise regulation of temperature is easier to achieve than the
regulation of pressure or flow. The main reason for temperature regulation is a change
in building thermal load; therefore, many people construct prediction models based on a
building’s energy load or other related time-series data to achieve the goal of improving
the accuracy of load prediction. A complete set of temperature regulation logic is then
established through high accuracy load prediction [8,9]. Because a heating system has a
complex pipe network structure, it is very difficult to accurately analyze the hydraulic state
of the pipe network operation; the physical quantities that indicate the hydraulic state of
the pipe network are flow and pressure.

A regulation system is an important part of smart heating [10]. The regulation system
senses abnormal pressure data and flow data and immediately takes appropriate adjust-
ment measures, such as adjusting valves, to bring the flow and pressure back to normal.
However, since each regulation takes a different time to restore the state of the network,
and the system cannot distinguish whether the cause of abnormal data is normal operation
or network failure, the system will frequently issue regulation commands that result in
oscillations in the network. The main cause of this problem occurs during the analysis
stage of a smart heating control system, which can sense abnormal data but cannot analyze
the physical relationships of step data, so the system cannot diagnose the cause of the step
data, and then issues wrong control orders.

The failure of a heating system refers to the partial or total loss of the system’s ability to
transport the heating medium. The occurrence of failure can reduce the operating efficiency
of the system or even cause efficiency to disappear completely [11]. Many people build
corresponding detection models based on wavelet analysis and the threshold method;
such models can identify fault data in a set of data [12-14]. HVAC systems have complex
structures, so the direct analysis of an HVAC system’s raw data is difficult. The processing
of raw data by wavelet analysis can obtain characteristic data of an HVAC system, which
provide the main operational information about the system and diagnose system faults [15].
Data in many heating systems is monitored and uploaded through automated equipment.
The threshold method can identify fault data in such automatically uploaded data and
classify the fault data into three groups: an improper heat load pattern, a low annual
average temperature difference, and poor equipment control. Faults from the first two
fault groups are relatively easy to solve, but faults from the third group are difficult to
solve [16]. However, as universal mathematic methods, both wavelet analysis and the
threshold method are applied to real measurement data—they cannot describe the physical
relationships between variables in HVAC systems well.

Wavelet analysis has a high accuracy rate when the difference between faulty data
and normal data is large. However, small fault data differs very little from the normal data.
Because the physical relationships between variables in an HVAC system cannot be clearly
described, this leads to a low success rate for wavelet analysis in the diagnosis of small
faults. Although the threshold method can classify the fault data of a heating system, it has
difficulty solving faults from the equipment fault group, because there are many devices in
the system and each device may cause a fault. In addition, the threshold method does not
accurately describe the physical relationships between variables in the system, so the cause
and location of a failure cannot be accurately analyzed; thus, the device that generated the
failure cannot be analyzed.

The current data processing of the existing operating conditions of a heating network
is mainly applied in two ways. One way is the identification of abnormal data caused
by the failure of the network; the other way is the prediction of the building heat load.
The mechanisms of both the identification algorithm and the prediction algorithm can
be attributed to the processing of discrete data via statistics. Such processing ignores the
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characteristics of heating network operation data over time, and its results ignore the
inherent time-series coupling relationship between the flow and pressure of each pipeline
of supply water and return water. The actual pipe network operation processes consist
of a non-constant flow, and the flow and pressure data fluctuate with time. Because the
fluctuation process of pipe network data must be time-dependent, the characteristics of
data changes with time are lost when the discrete data processing method is applied to
actual heating pipe network data. Therefore, it is clear that the realization of smart heating
must solve the problem that arises because the physical relationship between variables in a
heating system cannot be precisely described [17,18].

The aim of the research in this paper is to calculate the time-series fluctuation of
multiple variable data sets, based on data correlation. The time-series fluctuation calculation
identifies the change characteristics of multiple variable data sets over time. Therefore, this
paper can describe the physical relationships of multiple variables in a pipe network with
time, based on the time-series change characteristics.

The measured data of a heating system can be continuously affected by many factors.
For example, the factors affecting the supply water flow data of a primary network include
heat sources, pipes, valves, pumps, and other pipe network equipment. The result of a
combination of factors is that the measured data do not match the physical relationships
between the variables in a system. When an anomaly is detected in pipe network data,
it indicates that the effect of a certain factor on the data is suddenly strengthened. This
factor dominates the changes in the data, such as the start of the relay pumping station,
leading to an increase in the water flow and pressure of the pipe network. At this point, it
is necessary only to analyze the influence of this factor on the data to understand the actual
operating status of the pipe network. In the pipe network’s actual measurement data, a
sudden change of data from the time-series perspective is mainly manifested in two ways:
an increase or a decrease of data values and an acceleration of the data change rate [19,20].

This paper proposes the application of the time-series fluctuation research method to
identify abnormal data with sudden changes. Based on the numerical value of the data and
the rate of change of the data—that is, the average value of the data and the degree of data
fluctuation—this paper proposes the concept of time-series disturbance, through which the
physical relationships among the variables of a heating system and the transmission process
of the disturbance causing data anomalies in a pipe network are demonstrated. In addition,
two problems are solved by time-series disturbance: first, the physical relationships among
the variables of a heating system are precisely described; second, the transmission process
of the disturbance that causes a data anomaly in the pipe network is discovered.

The identification of step data is important for fault diagnosis and for the precise
regulation of a pipeline network. Because flow and pressure are the two most important
physical quantities for describing the hydraulic regime of a pipe network, the time-series
data that this paper focuses on are flow and pressure data. This paper aims to discover
the value of step data and proposes a new method to identify abnormal data. The main
contents of the proposed method are summarized as follows:

(1) Time-series fluctuation is proposed to represent the evolution of time-series data
over time.

(2) A method for the cyclic identification of step data is proposed, because different sets
of data have different data characteristics.

(3) The time interval of step data is classified to judge the data relationships among
different data sets.

(4) The concept of time-series disturbance is proposed to quantify the degree of data
anomalies and identify the transmission processes of significant disturbance in a
pipeline network.

The rest of this paper is organized as follows. For ease of understanding, Section 2
introduces the time-series fluctuation research method in detail. Section 3 analyzes the
results of this research and its application in smart heating. Section 4 provides the main
conclusions of this study.
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2. Theory

An outline of the research related to time-series fluctuation, as discussed in this paper,
is presented in Figure 1. The outline consists mainly of four phases: the calculation of time-
series fluctuation, the identification of step data points, the classification of time intervals,
and the study of time-series disturbances. Each step provides support for the next stage.

Research process Research methods Research significance

Measured data of heating

pipe network

h 4

Mean value of the data
and time series
fluctuation value

Data mean =+ Data size
""" Lg Stability formula Time series fluctuation —

Data fluctuation degree
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Figure 1. An outline of this research.

2.1. Time-Series Fluctuation

Flow stability E, is used to measure the stabilization capability of a flow standard
device [21,22]. Under experimental conditions, E; is calculated by continuously obtaining
a series of fluid data. The smaller the E, the more stable the flow standard device. In fact,
the E; can be understood as the degree of dispersion in a set of fluid data. In this paper,
the time-series fluctuation calculation formula is based on stability, as proposed by the
ISO standard to measure the stability capability of flow standard devices [23]; accordingly,
the calculation method for stability has been validated via the field of flow metering. This
paper applies stability to the processing of time-series fluctuation data pertaining to flow
and pressure in heating networks, which is among this paper’s innovations.

2.1.1. Calculation Equations

The equations for calculating continuous data for a given sample size n are as follows:
l n
qg==Y 4 1)
n&
i=1
where g; is the water system data and g is the mean value of the data;

E = ? % 100% @)
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Flow of supply water

where E; is the relative error;

1 g
R; = ) EiEiyj (©)
=7z
where Rjis the correlation function;
R4
]
— 4

where tj is the correlation function ratio—when rj < 0.1, that is, Rj and Ry are not in the
same order of size, ji, =j — 1;

jmin
E%’RA x 100% (5)
7=

E, =k

where the E; is the flow stability, k is the coverage factor, k = t,(v), and ,(0v) is the t-
distribution function with a confidence level of 95%. The larger the E;, the more volatile
the set of data; the smaller the E;, the more stable the set of data.

2.1.2. Basic Information about the Example Used for Calculation

The heating network in the calculation is located in Heilongjiang Province, a severe
cold zone in northeast China. The heating network has a heating area of about 34 million
square meters and serves nearly 260,000 heat users. A schematic diagram of the heating
network used in the example used for the calculation is shown in Figure 2.

Loop 4 Loop B Loop C

Pressure of supply water

|

LT

E
~ Outlet flow
* Flow of return water Y *
r/ Pressure of return water | | Pipe of SUPPIY water
o J J
- 5
e ———————_ C__—_—__ I—=
~.  Pipe of return water
N e e e e — — — — — —— ——

D : Heat source of heating system £ : Booster pump station

Figure 2. Schematic diagram of the heating network.

The data collection period ran from 16 March 2021 to 18 March 2021, with a 30s data
collection frequency and a total of 8640 pieces in each data set. This work analyzes flow
and pressure data; the data monitoring points are depicted in Figure 3. This paper contains
six data sets, five of which are measured and one of which is calculated. The measured data
includes the flow of supply water, the flow of return water, the pressure of supply water,
and the pressure of return water of loop A, and the outlet flow of booster pump station E.
The calculated data show the difference between the pressure of supply water and return
water in loop A.
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Figure 3. The time-series fluctuation of raw data: (a) flow of return water; (b) pressure of supply
water; (c) flow of return water; (d) pressure of return water; (e) outlet flow; (f) pressure difference.

2.1.3. Time-Series Fluctuation Calculation

The volume of circulating water of the entire network is huge, making the heating
system a massive inert system. As the response time of the flow change is relatively long,
0.5 h is used as the observation window length. The first to the sixtieth data points in a flow
data set represent an observation window, from which the time-series fluctuation value is
calculated. Table 1 displays the data from 1 to 60.

Equations (1) and (2) can be used to calculated g, Eq, Ey, . .. , Ego. After the calculations,
jmin = 0, so the correlation function is

1

Ry = —
07 60

(E% +E3 4.+ E602) =699 x 1075

According to the t-distribution table, t95(60) = 2.000, so the time-series fluctuation E; is

2
E; = 2.000 x \/60 %X 6.99 x 10~° x 100% = 0.31%
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For the first to the sixtieth data, the time point of the observation window and the
time-series fluctuation value was set to 31; for the second to the sixty-first data, the time
point of the observation window and time-series fluctuation value was set to 32; and so on.
The time points of the observation window and timeseries fluctuation value are shown in
Table 2.

Table 1. The first to the sixtieth flow data of supply water (m3/h).

1-10 11-20 21-30 31-40 41-50 51-60
6196.11 6143.33 6279.17 6157.50 6196.11 6216.94
6245.00 6250.28 6205.00 6185.56 6255.28 6183.06
6128.89 6277.78 6217.78 6228.61 6228.89 6131.94
6293.61 6375.28 6170.56 6122.50 6211.94 6266.11
6181.67 6179.72 6207.50 6182.50 6150.28 6161.11
6235.28 6284.72 6242.50 6161.39 6228.33 6257.78
6250.00 6244.17 6256.39 6247.22 6194.72 6268.06
6148.89 6223.89 6242.78 6167.22 6175.83 6241.67
6267.78 6140.00 6186.94 6174.44 6201.39 6173.61
6290.56 6191.39 6245.83 6315.56 6115.28 6221.11

Table 2. Time points of observation window and time-series fluctuation value.

Data Observation Window Data Observation Window
Time Interval Time Time-Series Time Interval Time Time-Series
Point Fluctuation Value Point Fluctuation Value

[1, 60] 31 0.31% [6703, 6762] 6733 3.67%

2, 61] 32 0.31% [6704, 6763] 6734 3.74%

[3,62] 33 0.31% [6705, 6764] 6735 3.63%
[4042, 4101] 4072 11.24% [8579, 8638] 8609 0.6427%
[4043, 4102] 4073 11.32% [8580, 8639] 8610 0.6480%

[4044, 4103] 4074 11.22% [8581, 8640] 8611 0.6786%

Within the observation window, the E; is the stability of the 60 fluid data and represents
the degree of dispersion of the data. However, when considering the time significance of a
set of data, the E; is the time-series fluctuation value of the time-series data and represents
the degree of fluctuation of the time-series data.

Based on the above equation, the time-series fluctuation value of the observation
window at time point 31 is 0.31 percent.

Similarly, the above-mentioned time point correspondence was also applied to the
other five sets of data. The time-series fluctuation calculation was performed on the six
data sets. The results are shown in Figure 3.

Figure 3 shows the data results obtained by calculating the time-series fluctuation of
the heating network data. The red line represents the raw data g;, the black line represents
the average value g of the raw data in the observation window, and the blue line represents
the time-series fluctuation E;.

Figure 3a depicts the relationship between the rate of change of the flow data and
the time-series fluctuation for the flow of the supply water. When the flow data change
quickly, the corresponding time-series fluctuation value increases. For example, the peak
of time-series fluctuation at time point 4073 was 11.32 percent due to significant changes
in data caused by flow fluctuations; at time point 6734, the peak was 3.74 percent due to
drastic changes in data caused by a decrease in the total average flow.

2.2. Step Data Points

Whenever the hydraulic state of a heating network changes, the data produce numer-
ical changes rapidly. The higher the time-series fluctuation value of the data, the faster
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the data change. The time-series fluctuation values are sorted in order from low to high.
According to the preset elimination ratio, the data with the highest time-series fluctuation
value was first identified. Specifically, we used the identified raw data as the step data
point of the elimination ratio and used the continuous time points corresponding to the
continuous step data points as the time interval of the step data points.

2.2.1. Identification of Step Data Points

In general, different sets of data in the same physical quantity data present different
data characteristics. Since a single elimination calculation based on the same elimination
ratio for different sets of data will not satisfy all the calculation requirements, the data must
be eliminated iteratively. Figure 4 depicts the step data point identification process.

Input raw data N:

‘ Set the elimination ratio ‘

.

Perform the first time series
fluctuation calculation

.

Record the maximum value Eyimax
of time series fluctuation in N;

If the time series fluctuation values
belong to the elimination range?

Record generation 7 step
data points Ny
A

lThc remaining data is data N 1|

Perform the i-th time series
fluctuation calculation

.

Record the maximum value Eginax
of time series fluctuation in N

If the time series fluctuation values
belong to the elimination range?

Output generation / to
i step data points

Figure 4. Identification flow chart of step data points.

In this study, N1 represents the raw data set and Ejjuqy is the highest value of time-
series fluctuation value in N;j. When the first elimination calculation is performed with
N7, the first generation of step data points can be obtained. Thus, Ny is the set of the first
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generation of step data points. Similarly, N, represents the remaining data, and Egjqy is
the highest value of the time-series fluctuation value in N». When the second elimination
calculation is performed with N3, the second generation of step data points can be obtained.
Hence, N, is the set of second-generation step data points, and so on.

When E gy > Eq(i — 1)max, this means that after deleting step data points, the maximum
value of the remaining data’s time-series fluctuation value increases, as does the degree of
data fluctuation. The value of Ny; should then be recorded, and the elimination calculation
should come to an end.

The elimination ratios were set as 0.5%, 1.0%, 1.5%, 2.0%, and 5%, respectively, to
generate a variety of step data points to compare so that the best elimination range could
be found. To ensure that the data set had a complete amount of data, it was necessary to
supplement the data of the excluded step data points. The supplemental data could be
calculated using the following equation if the time interval of the step data points was
(n, m) (m > n).

9= g+ T (i ) ®)
m—
wherei=n,n+1,...,m.

Using the flow data of water supply for reference, we first computed the time-series
fluctuation on the original data to determine the number of step data points with various
elimination ratios and then computed the time-series fluctuation on the supplementary
data to determine the maximum value of time-series fluctuation with various elimination
ratios. The results of our calculations are depicted in Figure 5.

12% — 1500
The maximum value of =
the time series fluctuation value
Number of abnormal data points  ® - 1200

9% |-

900
6% I-
- 600

3% | -u .
. 300

The maximum value of
the time series fluctuation value
Number of abnormal data points

=}
2
2

I L L 1 L I 0

05% 1.0% 15% 2.0% 5.0% Rawdata

Elimination ratios

Figure 5. Calculation results of different elimination ratios.

The results show that as the number of step data points increases, so does the task
volume of supplementing the data and sorting out the step data points. As shown in
Figure 5, the maximum value of the time-series fluctuation value represents the most
unstable degree in a set of data, so the smaller the maximum value, the more stable the data.
When considering the number of step data points and the maximum value of time-series
fluctuation, the elimination ratio of 1.0 percent is preferred.

2.2.2. Classification of Step Data Points

We conducted causal analysis for data anomalies in this section. Because data anoma-
lies can be caused by a variety of factors and can be manifested in a variety of step data
points, we categorized all the step data points in order to investigate the potential causes of
data anomalies.
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The E; is the value of the raw data time-series fluctuation, and Eq’ is the value of
the supplementary data time-series fluctuation. c is defined as the difference percentage
between E; and E;'. It can be can be expressed as

E‘? — Eq,
c=——— x100% (7)
E‘I
In the time interval of step data points, the mean of the time-series fluctuation value
represents the average degree of fluctuation of all data in the interval. Therefore, ¢ can be
used to indicate how much the data fluctuation is reduced after supplementation.
Tables 3-5 illustrate the statistical step data points and the related calculation results
for the three sets of flow data.

Table 3. Step data points and associated calculation results for the flow of supply water.

The Mean of the Time-Series Fluctuation

Time Step Data Points Values
Interval . Quanti Supplementary Difference
Quantity Percentat;e Raw Data Pll))a’ca i Percentage
2493-2495 3 1.17% 2.13% 2.11% 1.04%
2497-2500 4 1.56% 2.12% 2.09% 1.46%
2764 1 0.39% 2.05% 2.08% —1.36%
4015-4151 137 53.52% 5.19% 0.87% 83.32%
48344837 4 1.56% 1.57% 1.54% 2.15%
4840 1 0.39% 1.96% 1.97% —0.38%
4847-4861 15 5.86% 2.66% 2.58% 3.17%
6685-6775 91 35.55% 2.23% 1.90% 15.07%

Table 4. Step data points and associated calculation results for the flow of return water.

The Mean of the Time-Series Fluctuation

Time Step Data Points Values
Interval . Quantity Supplementary Difference
Quantity Percentage Raw Data Data Percentage
1261-1314 54 21.09% 4.14% 3.31% 20.08%
40454135 91 35.55% 10.99% 1.66% 84.89%
6705-6753 49 19.14% 4.16% 3.35% 19.47%
6895-6956 62 24.22% 5.25% 4.53% 13.77%

Table 5. Step data points and associated calculation results for the outlet flow.

Time Step Data Points The Mean of the Time-Series Fluctuation

Values
Interval
. Quantity Supplementary Difference
Quantity Percentage Raw Data Data Percentage
1243-1323 81 47.37% 10.33% 6.80% 34.21%
6888-6977 90 52.63% 10.57% 8.67% 17.96%

We defined the short interval of step data (less than or equal to 10% of the quantity
percentage) and the long interval of step data (greater than 10% of the quantity percentage)
based on 10% of the total amount of step data. Tables 3-5 present comparison results
between raw and supplementary data. Most notably, the differences in time-series fluc-
tuation value are small (the difference percentage < 5%), and fluctuations in time-series
fluctuation value can be up or down in the short intervals. Because of the small number of
step data points, the time-series fluctuation value of supplementary data did not decrease
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significantly in the short interval and had little effect on the overall data. Additionally, it
was discovered that in the long interval, the mean value of time-series fluctuation values
decreased by more than 10%. The change suggested that data supplementation reduces
data fluctuation in long intervals.

For a more precise analysis of step data in long intervals, we divided the long intervals
into two categories. The fluctuation of the data of the heating network is a continuous
process, as its medium flow is a continuous process. There are two types of first-kind
discontinuities in continuous functions: removable discontinuity and jump discontinuity.
Similarly, the long intervals are divided into the removable interval and the jump interval.

The removable interval is a long interval of step data points with a difference percent-
age greater than 80%, and the data points within this interval are removable data points.
There is a relatively small difference gm — qn between the two ends of the raw data in the
removable interval, indicating that something is causing the data to destabilize, resulting
in an increase in the time-series fluctuation value, but through data supplementation, the
data returns to a relatively stable state—roughly to its previous level.

The jump interval, on the other hand, is a long interval of step data points with a
difference percentage range from 10% to 35%, and the data points within this interval
are the jump data points. There is a large difference g, — gn between the two ends of
the original data in the jump interval, indicating that there is a cause that disturbs the
stability of the data and leads to an increase in the time-series fluctuation value; however,
the reduction is limited by data supplementation.

2.3. Long Intervals

This section examines four long intervals of flow data to investigate the relationship
between time-series fluctuation values of different data sets in the long interval.

2.3.1. Identification of Step Data Points

The research on the flow data yielded four long intervals. According to the network
operation record for this period, the switching on and off of the booster pump at time
points 1230 and 6938, respectively, caused anomalies in the data of the return flow and the
outlet flow in the time intervals [1240, 1320] and [6888, 6977], but the flow of supply water
was unaffected. The flow data for supply water and return water were anomalous in the
time intervals [4015, 4151] and [6685, 6775], but the outlet flow was unaffected. Table 6
depicts the classification of different flow data for the four long intervals.

Table 6. The long interval classification of flow data.

ID Range Supply Water Return Water Outlet

I [1240, 1320] - Jump interval Jump interval
I [6888, 6977] - Jump interval Jump interval
I [6685, 6775] Jump interval Jump interval -
v [4015, 4151] Removable interval ~ Removable interval -

The time interval of the step data identified in this paper is consistent with the time
point of the actual working condition change, which verifies that this method can be applied
to the actual heat network model, and future research will be focused on verifying this with
more data. As shown in Table 6, each long interval has two sets of different flow data, and
the long interval types for the two sets of flow data are the same. To determine whether the
reasons for the anomalies of the two sets of different flow data are the same, the variation
patterns of the time-series fluctuation values of step data points in the long interval must
be studied.
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2.3.2. Variation Patterns of the Time-Series Fluctuation Value

As shown in Figure 6, the time-series fluctuation values of step data points were
recorded at different long intervals, and the time-series fluctuation values of different flow
data were compared.
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Figure 6. Time-series fluctuation values of step data points: (a) the long interval I; (b) the long
interval II; (c) the long interval III; (d) the long interval IV.

The change patterns with time for the time-series fluctuation value of different traffic
data are the same, as shown in Figure 6, indicating that the reasons for the abnormality of
different flow data are the same. For example, in the long interval IV, as shown in Figure 6d,
the change patterns of the time-series fluctuation values, which record the flow of supply
water and return water, are the same, indicating that the reasons for the step data are the
same. However, the value of the supply water flow data is greater than that of the return
water, and the time-series fluctuation value of the supply water flow data is less than that
of the return water, indicating that the greater the data value, the greater the ability to resist
data anomalies.

From the patterns in Figure 6 and Table 6, the following conclusions can be drawn:

(1) The main distinction between the jump interval and the removable interval is whether
the data anomaly is ongoing or transient from the time-duration perspective. The
continuous impact caused by the overall reduction in flow at the supply water end
of loop A, for example, is the cause of the step data in the long interval III. The step
data in the long interval IV are the result of a transitory pressure change, causing a
transitory flow change at the supply water end of loop A.

(2) The different types of flow data in the long interval can be used to identify the source
of data anomalies from a heating network operation data information perspective.
For example, the long interval I contains flow data of return water and outlet flow
data, and the reason for the disparity between the two sets of data is that the start
of the booster pump affects the return flow data. Likewise, the flow data of supply
water and return water are contained in the long interval III, and the reason for the
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discrepancy between the two sets of data is the flow change at the supply water end
of loop A, which affects the flow data of the entire loop.

2.4. Time-Series Disturbance

As discussed in this section, we attempted to predict the abnormal working conditions
of the heating network based on the disturbance in the pipe network. As shown in Figure 6,
the time-series fluctuation values of different data sets have the same variation patterns
in the long interval of step data points, indicating that the causes of the step data are the
same. It was found that the water was in the turbulent roughness zone in this interval, by
calculating the Re number. In terms of pipe network hydraulics, the pipeline of loop A in
Figure 2 can be abstracted as a long-pipe model, and its flow and pressure drop conform to
the following equation.
AP = SQ? (8)

where AP is the pressure drop of the system, S is the resistance coefficient of the pipe
network, and Q is the flow.

Figure 6d depicts the obvious significant disturbance obtained by the calculation of the
time-series fluctuation. The disturbance must complete the spatial and temporal transfer of
the fluid through the pipe network, so the transmission method must follow Equation (8)
for the hydraulic calculation of long pipes, which indicates that the time-series disturbance
of flow is transmitted in a square manner and the time-series disturbance of pressure is
transmitted in a linear manner. Therefore, the exact time interval and the numerical value
of the significant disturbance can be found via the time-series fluctuation research method;
then, the abnormal working conditions of the heating network can be predicted.

2.4.1. Time-Series Disturbance of Flow

The time-series disturbance of flow D; g can be calculated with the following equation:

Dy =40” x Eq @ ©)

where g is the mean value of the flow data measured during the observation period and
E; o is the time-series fluctuation value of the flow data in the same period.

Figure 6d depicts the time-series fluctuation value of two sets of data in the time
interval [4015, 4151] and Figure 7 depicts the average values of two sets of data. It may be
observed that the larger the data mean, the greater the ability to resist data anomalies, and
the smaller the time-series fluctuation value.
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Figure 7. Average value of the flow data.
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Here, Rg was set to the time-series disturbance ratio of the two flow data sets for
supply water and return water, which can be calculated as follows:

D 2% E
RQ _ t,Q8 _ ngZ 7,08 (10)
Dion  49on” % Egon

where g is the supply water and / is the return water.
Next, the time-series disturbance value and the time-series disturbance ratio were
calculated in the time interval [4015, 4151], as shown in Figure 8.

Flow of supply water D,
Flow of return water D, o, 60
Ratio of two disturbances

4.80%10° |

3.60x10°

2.40x10°

Ratio of twao disturbances

1.20x10°

T

Time series disturbance of flow D, o (m®/h?)

0.00 - - - L L 0.0
4000 4025 4050 4075 4100 4125 4150 4175
Time point

Figure 8. Time-series disturbance value and time-series disturbance ratio of the flow data.

As shown in Figure 8, the left Y axis represents the time-series disturbance of flow
and the red and blue lines represent the time-series disturbance of the two, respectively.
The right Y axis represents the time-series disturbance ratio and the black line represents
the time-series disturbance ratio of the two. The green dash line divides the time interval
into two parts. For example, in the time interval [4045, 4151], which is to the right of the
green dotted line where the red line and the blue line basically overlap, the time-series
disturbance ratio is 0.855~1.200 and the average time-series disturbance ratio is 0.991,
indicating that the disturbance is transmitted from the supply water to the return water
in loop A. However, in the interval [4015, 4044], which is to the left of the green dotted
line, there is a continuous disturbance (non-significant disturbance) in the flow of supply
water that is greater than that in the flow of return water. A significant disturbance has
not yet formed; thus, the time-series disturbance ratio R in this interval does not reflect
transmission from the supply pipeline to the return pipeline.

2.4.2. Time-Series Disturbance of Pressure

The time-series disturbance of pressure D; p can be calculated with the following
equation:
Dip=4qp X Egp (11)

where gp is the mean value of the pressure data measured during the observation period
and E; p is the time-series fluctuation value of the pressure data in the same period.

In loop A, where the measurement point of the return water pipeline is close to the
point of constant pressure replenishment, the pressure data of the return water are stable
and the time-series disturbances are small. In the case of pressure data of supply water and
pressure difference data, the time-series disturbance ratio of pressure is described as the
ratio of the two.

Rp is set to the time-series disturbance ratio of the two, which can be calculated with
the following equation:

_ Dipg  qpg X Eqpg
Dy pe qpe X Eqpc

Rp (12)
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where c is the difference.
In the time interval [4032, 4224], the time-series disturbance value and the time-series
disturbance ratio are calculated, as shown in Figure 9.
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Figure 9. Time-series fluctuation value and average value of pressure. (a) Time-series fluctuation
value. (b) Average value.

In Figure 10, the left Y axis represents the time-series disturbance of pressure and the
red and green lines represent the time-series disturbance of each; the right Y axis represents
the time-series disturbance ratio and the black line represents the time-series disturbance
ratio of both. Therefore, in the time interval [4032, 4224], where the red line and the green
line basically overlap, the time-series disturbance ratio is 0.857~1.180 and the average
time-series disturbance ratio is 0.994, indicating that the strong disturbance is transmitted
from the supply pipeline to the return pipeline in the loop A.
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Figure 10. Time-series disturbance value and time-series disturbance ratio of the pressure data.

3. Analysis of Results and Discussion

We calculated the time-series fluctuation value for 6 sets of data, with 8640 pieces
in each data set, and identified step data points with time intervals. Then, we selected
two typical time intervals to calculate the time-series disturbance of flow and pressure,
respectively. Figure 3 shows the calculated time-series fluctuation value for the six sets
of data, indicating the basic relationship between the time-series fluctuation values and
the fluctuation patterns of the raw data with time. Table 6 illustrates that the categories of
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step data are the same for different data sets. In Figure 6, the data monitoring points are
different for different data sets; however, the variation pattern of the time-series fluctuation
values of the step data is similar, indicating that the disturbance causing the data anomaly
completes the spatio-temporal transmission through the fluid in the tube.

The time-series disturbance ratio of the flow data in Figure 8 is 0.855~1.200, and
the average time-series disturbance ratio is 0.991, which indicates that the time-series
disturbance of the two sets of data is highly fitted. Similarly, the time-series disturbance
ratio of the pressure data in Figure 10 is 0.857~1.180 and the average time-series disturbance
ratio is 0.994. We concluded that the time-series disturbance to quantify the degree of data
anomalies is reasonable, and the high degree of curve fit indicates that the significant
perturbation causing data anomalies in different data sets is the same. It is important
to note that the significant disturbances demonstrated in this study were transmitted in
different data sets, which were the same physical quantity data.

In the long pipe model, the flow rates at both ends of the pipe are equal; however,
in the actual pipe network flow data, it is difficult to equalize the supply flow rate and
the return flow rate. In addition to the presence of leakage water, this is because the
measurement of flow data is affected by many other devices. In the time interval of the
step data, this paper demonstrates that the time-series disturbance of supply water flow
and return water flow are equal and describes the basic physical relationships among the
heating system variables. In the long pipe model, the continuous flow of liquid in the pipe
is due to the unequal pressure at the two ends of the pipe, and the liquid flows from the
high-pressure end to the low-pressure end. In the actual pipe network pressure data, the
supply water pressure is greater than the return water pressure. The pipe network has a
constant pressure at the return end, resulting in the return water pressure being almost
constant during the time interval of the abnormal data, so the evolution of the pressure
difference over time is similar to the supply water pressure. The pressure difference is
less than the supply water pressure; however, this paper demonstrates that the time-series
disturbance of the supply water pressure and the pressure difference are equal during the
time interval of the step data. The pressure difference is what makes the liquid flow in the
pipe network, so the disturbance that causes the abnormal pressure data originates from the
supply water side. The above analysis describes a new physical relationship among heating
system variables. The results show that the time-series fluctuation research proposed in
this paper is a reliable method for analyzing fluid data in pipe networks.

Smart heating has five characteristics: self-perception, self-analysis, self-diagnosis,
self-decision, and self-learning [24]. Figure 11 interprets smart heating from the perspective
of step data.

The prerequisite for the realization of smart heating is the reasonable application
of a large amount of measured data, and the focus is on how to accomplish the goal of
a “data-driven model”. In this paper, Sections 2.1 and 2.2 proposed a new method of
identifying step data, which was applied to the self-perception characteristic; Sections 2.3
and 2.4 proposed the time-series disturbance to analyze the evolution of data over time,
which was applied to the self-analysis characteristic. The research carried out in this paper
provides a preparatory study for the self-diagnosis of smart heating.

An important contribution of this paper is to extract and retain the time characteristics
of the data set from the perspective of time sequence, so as to provide technical support for
the future intelligent pipeline network. The way to realize smart heating is to effectively
apply time-series data to the heating field. The extraction of the characteristics of time-
series step data from the heating network data set is the great significance of this research.
Smart heating must be realized through Al or machine learning. The research carried out
in this paper provides better technical support for the intelligent application of machine
learning in heating. Our next direction is to better realize intelligent heating based on the
combination of time-series fluctuation theory and an intelligent algorithm.
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4. Conclusions

A prerequisite for realizing smart heating is the reasonable use and analysis of a large
amount of data from the heating network, including historical operation data and real-time
update data. Currently, many studies on data do not adequately describe the physical
relationships among the variables in HVAC systems. Based on the relevant research
background, this paper proposed a time-series fluctuation research method that can be
applied to the measured data of a hot water heating network, which can identify abnormal
data and quantify the degree of data abnormality.

The time-series fluctuation calculation of six sets of data in the study identified step
data points and their corresponding time intervals, and the time intervals were divided
into long and short intervals. According to the difference percentages and values of the
time-series fluctuation between the data at both ends of the intervals, the long intervals
were divided into removable intervals and jump intervals. In our research, it was confirmed
from the perspective of time duration and heating network operation data information
that the anomalies of different data are caused by the same factors based on the flow data
categories and the variation patterns between time-series fluctuations. The concepts of
time-series disturbance of flow and pressure were proposed, based on the principle of long
pipe impedance calculation in hydraulics. The results show that it is reasonable to quantify
the data anomalies by temporal perturbations. Based on the analysis of the case study, the
time-series disturbance ratio of flow was 0.855~1.200 and the mean value was 0.991, while
for the time-series disturbance ratio of pressure, the value was 0.857~1.180 and the mean
value was 0.994, indicating that strong disturbances were transmitted from the supply
line to the return line. The time-series fluctuation research method applied in this paper
provides a feasible and convenient new research idea for self-perception and self-analysis
in smart heating.
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