University of Nevada, Reno

Analysis of The Effects of Thermal History of The Strata upon Temperature

Variations in Underground Airways

A dissertation submitted in partial fulfilment of the requirements for the

degree of Doctor of Philosophy in Geo-Engineering

by

Chao Lu

Dr. George Danko/Dissertation Advisor

August, 2019



THE GRADUATE SCHOOL

We recommend that the dissertation
prepared under our supervision by

Chao Lu

Entitled

Analysis of The Effects of Thermal History of The Strata upon Temperature
Variations in Underground Airways

be accepted in partial fulfillment of the
requirements for the degree of

Doctor of Philosophy

Dr. George Danko  Adyisor

Dr. Charles Kocsis . Committee Member

Dr. Javad Satt d )
T Javad Satiatvan , Committee Member

Dr. Thomas Quint ' Graquate School Representative

David W. Zeh, Ph.D., Dean, Graduate School

August-2019




Abstract

An accurate underground mine Ventilation-Thermal-Humidity environmental
simulation tool is essential for identifying and solving heat issues as well as preparing for
long-term mine planning and design. There are various mine ventilation and climate
simulation programs in the market. However, only a few of them have the capabilities to
simulate dynamic changes of airflow, temperature, humidity, and contaminant
concentrations. Significant modeling errors may occur if dynamic transport in the strata
wall components of energy (heat) and mass (contaminant and quantity) are not
represented appropriately with time and distance.

This research work reviewed the currently available commercial mine ventilation
software models, usually with a step-change-type thermal solver, as well as an advanced
model that has a “thermal history effect” (also known as thermal flywheel effect) solver
method in MULTIFLUX (MF). The goal was to understand how large modeling error
occurs if the model does not use the correct, spatially- and timewise- available
temperature field in the calculation and, therefore, lacks the ability to deal with the
“thermal history effect.” Two models were compared: one with and one without the
thermal history component to process past and current temperature flow data.

Five steps are taken in the study for testing and quantifying the problems above.
The first step is to compare two models using constant intake air temperature. The goal is
to show that any thermal simulation software with no thermal history component in the
model will give erroneous results in long mine airways even if the input air temperature

at the intake is taken as constant with time.



The second step is to compare the no thermal history model using the maximum
or minimum constant intake air temperature (currently the popular modeling approach)
versus the thermal history model using the dynamic real input air temperature. The goal
is to prove that a model without the thermal history element will give unpredictably
erroneous results in long mine airways with time even if the constant maximum or
minimum input temperature is taken from the real dynamic temperature range. However,
it is hypothesized that a model with no thermal history element may provide a reasonable
result for the average value of the temperature field with time when compared to the true,
dynamic model output. This hypothesis is intuitively and widely used when, for example,
the daily average temperature is used as input (replacing the hourly varying temperature
data) for a yearly temperature analysis for seasonal changes. One may speculate that the
number of the periodic cycles must be significantly large relative to the total time period
of the thermal analysis.

The third step of modeling test is to try to eliminate the model error by model
calibration. However, the calibration result depends on when and where the calibration is
made; the “calibrated” model remains a model with uncertain outcome: either too
“conservative” or t00 “optimistic.” Note that “calibration” may work better when
matching the long-term average temperatures. However, the proof of this hypothesis is
left for the interested readers.

The fourth step is a specific task to find a simple and accurate input air
temperature model. The goal is to express an analytical temperature model with only a

few constants based on publicly available meteoric temperature data for the mine area.



An analytical air temperature model is a helpful addition to a ventilation model for mine
ventilation design. In addition, it is useful for analyzing and quantifying model errors if
the software lacks thermal history component.

The fifth step is to use the analytical function as input air temperature in the
comparison of the two models (one with, and the other without the thermal history
component). The goal of the study is to show that the thermal simulation software with
no thermal history model component will still give erroneous results in long mine
airways even if it is able to use the dynamic input air temperature.

The test examples show that the dynamic input air temperature, and thermal
history component are essential factors and could cause modeling accuracy problems if
the model cannot handle them properly. An accurate Ventilation-Thermal-Humidity
model(MULTIFLUX) with thermal history component is recommended. The method and
the analytical function are given to simulate the dynamic air temperature in the mine
airways for mine ventilation design and modeling tests. The dynamic input air
temperature is given as a plugin program for MULTIFLUX to quantify the thermal
history effect.

Keywords: Mine Ventilation, Thermal history, Air temperature, Modeling
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1 CHAPTER I. Introduction

An underground mine Ventilation-Thermal-Humidity (V-T-H) system provides
fresh air, removes harmful contaminants, and maintains the temperature and humidity at
safe and comfortable levels. As underground mining work is going deeper year after year.
How to correctly estimate and model V-T-H system for US deep underground mine
becomes one of the serious problems, which related to workers’ safety and health, and
efficiently operating for mining industries.

Usually, heat problems are the dominant environmental issues for deep
underground mines. When heat is emitted into the mine V-T-H system from various
sources, such as auto-compression, wall strata, mining equipment and other sources, it is
very difficult and complicated to model and predict the dynamic changes of the energy
and mass (Zhu, Wu, Cheng, Li, & Li, 2015). Because of the complexities of quantifying
the heat flow problems in the VV-T-H system, computer-based mine climate simulation
program becomes more and more important.

For deep underground mines, in order to resolve heat problems, it may require
using a large bulk cooling system on the surface, or spot cooling systems on specific
underground locations. On the other hand, in cold climate areas, an artificial heating
system may be needed to heat the intake air. If the V-T-H simulation program could not
accurately model the climatic environment at the right time and location, the results
would be either unnecessary or insufficient for the thermal design in underground mines.

This study reviews the weaknesses of current mine ventilation software. One

weakness is that only a few software has the “thermal history effect” component to deal



with variable environmental elements. The other one is that most of the software uses
constant input air temperature.

Therefore, two models, one with and the other without “thermal history effect”
component in a single airway are used for testing and comparison in the study. First, two
models are compared using constant intake air temperature. Second, the “no thermal
history model” using the maximum or minimum constant intake air temperature is
compared with the thermal history model using the dynamic real input air temperature.
Third, calibration is tried to eliminate the model error from the step two. Fourth, a
method and an analytical function are given to simulate the dynamic air temperature.
Fifth, two models are compared using the dynamic analytical intake air temperature.

An underground mine climate simulation model without dynamic input
temperature and thermal history component would give erroneous results. Dynamic input
air temperature is essential and a prerequisite for underground mine ventilation, thermal
design. A method is suggested, and a plug-in is given to process climatic temperature
data to give dynamic analytic temperature model for a location. Without the correct
thermal history component, even if a mine ventilation model can use dynamic input
temperature still gives erroneous results.

Objectives and results
1. We aim to see if the mines use constant input temperature, whether the
conservative model still give erroneous prediction due to lack of the thermal

history component.



-Two types of rock thermal conductivity, three different intake airflow rates and
two constant temperatures to compose total of 12 different scenarios for testing. 1
°C mean absolution error is chosen as the critical limit. Recommendations of
effective time and area can be given for any mine industries by using conservative
ventilation modelling software.

. We aim to see how big is the modelling error, when conservative model uses
constant input air temperature versus the thermal history model uses real dynamic
input air temperature.

- Two types of rock thermal conductivity, three different intake airflow rates to
compose total of 6 scenarios for this test. Conservative ventilation model uses
constant July average input air temperature, and thermal history model uses real
measured daily air temperature. Conservative model should not be used for
dynamic modelling, errors are tremendous and increase with contact distance.
“Amplitude attenuation” and “phase shift” are observed in this study.

We aim to see if the modelling error from conservative ventilation model can be
eliminated by calibration?

-Time and location dependent model calibrations are tested. The model errors are
time and distance dependent, calibration cannot cure the conservative model.

We aim to determine an analytical input air temperature model for mine
ventilation software.

-A method is suggested, and a plug-in is given to process climatic temperature

data to give dynamic analytic temperature model for a location



. We aim to see if the erroneous predictions can be cured by applying dynamic
input temperature.

- Two types of rock thermal conductivity, three different intake airflow rates to
compose total of 6 scenarios for testing for both conservative and thermal history
models. Using dynamic input temperature cannot cure the conservative model

even at the first 1,000 m.



2 CHAPTER II. Literature Review
2.1. Introduction

A decent amount of conventional mine ventilation and climatic simulation
software is available in the market for modeling the underground mine ventilation
network and simulating the thermal environment. Most of the simulation programs are
able to process the transience or static state ventilation-thermal-humidity model.
Nevertheless, only a few of them can handle the dynamic and continuous change of
airflow, temperature, humidity, contaminants, and concentrations. For example, the short-
time variations such as hourly or daily, or long-term variations such as seasonally or
yearly. But, none of them have the capability to store or use the historical environmental
data for current state simulation and future climate condition prediction.
2.2. Currently available ventilation and climatic modeling tools presently used in

deep and hot mines

2.2.1 VnetPC

VnetPC is commonly used software for ventilation operation (SRK Consulting
(U.S)), Inc, 2017). Instead of using mass flow, it uses volumetric flow balance which
does not include air density. Due to the variations of ventilation air flows and pressures,
The VnetPC model easily goes off calibration due to variable ventilation air flow and
pressure varies the air density. Therefore, VnetPC may not be accurate even for air
distribution. Also, it does not have the ability to use dynamic input data.

2.2.2 Climsim



Climsim is designed to predict the thermodynamic and psychrometric properties
of the underground mine airflow (Mine Ventilation Services, Inc, 1987). However, it has
the similar weaknesses as VentPC. It does not have the correct mass flow conservation,
auto-compression, natural ventilation pressure, or thermal flywheel capability.

2.2.3 VUMA

VUMA is a powerful mine ventilation software widely used in South Africa
(MineVentilation Society of South Africa, April/June 2010). VUMA uses mass balance,
including total pressure balance and natural ventilation. However, standard version
VUMA does not have the thermal flywheel model component.

2.2.4 VentSim

VentSim has decent GUI and easy to use for mine ventilation engineers
(Howden). It also has the correct mass flow conservation, auto-compression and natural
ventilation. A daily and yearly thermal flywheel and simple variable input temperature
are available in its advanced version.

2.2.5 MULTIFLUX (MF)

MULTIFLUX is qualified thermal, hydrologic and ventilation software developed
by Dr. George Danko. MULTIFLUX has the thermal history component. Because of that,
it is selected as the reference model for this study. It can be operated under VentSim GUI
or within a standalone version. Comparisons between the thermal history and no thermal
history models are made with the MF standalone version.

2.3. Weaknesses of current mine ventilation software using constant input air

temperature, and no thermal history effect



2.3.1 Weakness of using incorrect constant input air temperature

When fresh air flows into a mine intake shaft, it will be compressed and have heat
exchange with surrounding wall which knows as auto-compression and thermal flywheel
effect (McPherson, 1993). Thus, an accurate input air temperature is the key to heat
source modeling and V-T-H model. Unfortunately, constant static input air temperature is
widely used among current ventilation software, which means no thermal flywheel effect
and no seasonal and daily temperature changes. To illustrate the modeling errors caused
by using an incorrect constant input air temperature for a static model, an underground
mine network is tested with two different constant input air temperatures in VentSim and
compared with measured data.

Figure 2.1 shows the partner mine layout in VentSim and locations for twelve
temperature logging instruments (ACR). This the mine ventilation model with a yearly
average of 10 °C as input air temperature is called Model 1. Figure 2.2 compares the
measured dry bulb temperature at twelve locations and the results from Model 1. The
mine ventilation model with a more accurate weekly mean temperature of 23 °C as input
air temperature is called Model 2. Model 2 results and the measured dry bulb temperature
at twelve locations are compared in Figure 2.3. Model 2 with input air temperature 23 °C
has a much better dry bulb temperature matches with measured data. The accurate input

air temperature is very important even for a static model.
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Figure 2.1. Sensors’ locations and mine layout (Lu, Nov 2015)
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2.3.2 Weakness of no thermal history effect component

Roghanchi noticed a phenomenon that our measured dry-bulb temperature (T,) at
the top of the shaft varies from a low temperature of 19 °C to a high temperature of 33 °C
during a day. The measured dry-bulb temperature at the bottom of the shaft had a much
smaller daily temperature fluctuation. He named that phenomenon the “thermal damping
effect” (Roghanchi, Kocsis, Danko, & Powell, 2016).

He used Climsim and VentSim (no thermal history version) programs to model
the partner mine intake shafts for 24 hours. A comparison between the results from two
models and the measured temperature data at the bottom of the intake shaft is shown in
Figure 2.4. This figure shows that ventilation programs without a thermal history
component would not predict the hourly mine climate change correctly.

Dr. George Danko did the climate predictions for a long-term two-year period
time with variable input temperature using MF, VentSim and VUMA in a straight
horizontal airway. Figure 2.5 shows the results from MF with, without thermal history
component and VentSim (no thermal flywheel version). Figure 2.6 shows the results from
MF with, without thermal history component and VUMA. These figures indicate that
software without thermal history all has the close erroneous results. For long-term mine

climate prediction, the thermal history component is also a necessity.
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2.4. Thermal history effect

The “thermal damping effect” phenomenon is well known as “amplitude
attenuation” and “phase displacement” of a periodic input temperature along the air flow
direction in a tunnel (Konig, 1969). It sometimes also named as the “thermal flywheel
effect” (Stroh, 1979).

In further consideration, none of the “thermal flywheel effect” nor the “thermal
damping effect” is accurate enough to describe this phenomenon. The definition of
“damping”, indicates a decrease in the amplitude of an oscillation because of energy
being drained from the system to overcome frictional or other resistive forces. However,

no energy loss is involved in amplitude attenuation.
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It is the periodic storage and recovery of heat energy that responsible for
amplitude attenuation together with phase displacement. This phenomenon occurs
because of the continuous heat transport by advection in the air, convection between the
wall and the air stream, and heat conduction in the strata around the drift. The rock wall
temperature variation will generate the heat flow and response temperature change in the
strata. The temperature of the wall of the drift is the interface variable that connects the
heat conduction in the strata to the heat advection by the air through convection in the
drift.

Therefore, it is more reasonable to call this phenomenon “thermal history effects”
because of the importance of temperature variation history in the strata. The “thermal
history effects” of the air temperature in the drift depends on several input parameters
such as rock properties, drift geometry parameters, air flow properties, heat sources,
contact distance and time period. The strata wall heat flow is governed by the transient
heat conduction equation modeled as a function of the strata wall temperature.

2.5. Time-dependent heat advection-convection-conduction models in engineering
2.5.1 Introduction

Modeling of air temperature in underground tunnels is important for various
engineering subjects. All forms of heat transfer processes in between the air and
surrounding rock strata must be applied in the model. There are exact and approximate
solutions used in engineering practice for the transient heat flow model element in the
rock strata. Significant modeling errors may occur if the heat flow in the strata wall is not

represented appropriately with time and distance. Two models, one using an accurate
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continuous wall temperature solution method and the other using step-change-type
solution method, are compared for error analysis. A straight ventilated tunnel example is
used in which the air temperature variation is simulated by the two methods for
comparison. The goal of this paper is to quantify the inaccuracy that may be encountered
caused by using the step-change-type solution method. Conclusions will be drawn
whether the simplified step-change solution is advisable.

The temperature model in an air flow with v velocity in a flow channel in the x-
direction with cross section dy * dz is represented as a coupled heat advection-
convection-conduction. Advection is the thermal energy transfer carried out by the
physical movement of the air. Heat conduction transport is driven by temperature
difference, while convection transport is the combination of advection and conduction.
Accumulation transport represents density change of the substance with time and space.
Source or sink is a term describing the addition or removal of the substance (Welty,
Wicks, & Wilson, 1984). Figure 1 shows the overview of the time-dependent heat
advection-convection-conduction in a straight tunnel.

2.5.2 Heat flow in the air
Fourier’s second law ( (Welty, Wicks, & Wilson, 1984)) describes the heat

balance in the moving air expressed as:
ar ar a%T a%T a%r
PCp E + pcpva - (ka + pcng)ﬁ - (ka + pcng)a_yz - (ka + pcng)g ={(qp

2.1

e — { 0 inthe laminar boundary sub — layer
" > a in the turbulent core
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Where p = density
¢, = specific heat at constant pressure
v = air velocity
k, = thermal conductivity of air
ey = molecular thermal diffusivity for laminar or turbulent flow
qp = source or sink of heat
The heat exchange between the air and the wall is carried out by heat conduction

in the laminar boundary layer to the wall:

k2T 22

dw = —Kag, ”

A simplified model, using convection for the heat flux q,,, is depicted in Fig 2.
The heat flux q,, expressed for convection is:
qw = h(Tw, — T,y) 2.3
Where h = heat transfer coefficient

T,, = average air temperature in the main airstream

T,, = wall surface temperature

The heat flux q,, in Equation 2.3 is transferred through the boundary layers into
the main airstream driven by the temperature difference T, — T,,,.

Since the heat flux from the strata must be the same as that passing through the

wall/air interface, Equation 2.2 and 2.3 may be combined as:
—_p or| _ —
qQw = — kg ol = h(Tw —T)|w 2.4

2.5.3 Heat flow in the solid
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The conservation of the thermal energy for conduction in three-dimensional (3D)

Cartesian coordinates and constant material properties is (Welty, 1984):

oT GEYE
pcpa—k (6x2 _+ﬁ)+f 2.5

Where k, = thermal conductivity of rock
f = heat source or sink

Equation 2.5 in one-dimension (1D) is simplified:

oT a°T
E = aﬁ 2.6

Where a = :TT, is the rock thermal diffusivity (in m?/s)
14

For cylindrical coordinate system, Equation 2.5 is written as:

oT 19T 1 62T
P o¢ = kr (6r2 or T r2 692 ) +f 2.1

rar

—_ . . OT . :
In cylindrical coordinates, if g 1S Zero with a constant temperature around the

circumference, Equation 2.7 is simplified:

T _ (62T 1aT)

at ar? 2.8

arz ' ror
Equations 2.6 and 2.8 are used most often in ventilation models (McPherson, 2009,
Danko, 2011).
2.5.4 Boundary Conditions

Three different boundary conditions (BC) may be used for the solution of
Equation 2.6 or 2.8 as follows.
First-kind BC, the wall temperature is given:

T, () = T(n,t) |, 2.9
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Second-kind BC, the wall heat flux density is given:

aT

Qw(t) = —kr 3 2.10

Third-kind BC, a proportional relationship of the q,, = h(T,, — T,,) with T,,, using the

convective heat transfer coefficient, h on the boundary:

oT
" only,

h(T, —T,) = —k 211

Single-phase, conjugal in-drift and in-rock general models prefer solution with the

third-kind BC as they couple the temperature in the air, T, to the temperature gradient in

the rock, Z—Z , without the explicit need for the wall surface temperature, T,,,. Only the
w

initial temperature at t = 0, T = Ty, the virgin rock temperature is needed to be defined,
and the heat transfer process is driven by the change in T, relative to Ty .

However, if the T, wall temperature is explicitly needed, first-kind BC is
necessary. Such are the cases when surface radiation and/or evaporation take place
from/to the wet surface, directly affected by the surface temperature, T,,. In this case the
heat flow exchange on the wall of the air channel must be calculated iteratively for
Ty« = Ty, at each location satisfy Equation 2.11, where T,, , and T, ,- are wall/air
interface temperature in the air, and wall/air interface temperature in the rock,
respectively.

2.5.5 Solution for the temperature field in the rock
Temperature field in Cartesian coordinates in semi-infinite solid for constant surface

temperature
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The solution for the temperature field from Equation 2.6 based on the Laplace
transformation method with zero initial temperature and for first-kind BC with given
surface temperature T,, is given in the Carslaw and Jaeger (1959, p63, p305):
T,(t)=0ift<0; T,(t)=T,, constantif t > 0
T(x,t)= T‘,,,erfcz%/a 2.12
Where erfc(x) is the modified error function:

2 (o _
erfc(x)=1—erfx=\/—Efx e du

2 % o 2.13
erf(x) =\/_Ef0 e " du
Where u = the variable of integration
The heat flux at the wall is:
ko | = 2.14

Qw = ke | _ = Vamt
Temperature field in Cartesian coordinates in semi-infinite solid for variable surface
temperature

When the surface temperature varies with the time, the solution may be deduced,
by Duhamel’s theorem, from the case in which this temperature is constant. The
temperature field T'(x, t) is given in the Carslaw and Jaeger (1959, p63, p305):
T,(t) =0ift <O0; T,(t) is variable if t = 0

—x2/4a(t—u) du

x t e
T(x, t) = 2\/_7t_af0 Tw(u) W 2.15
Temperature field in Cartesian coordinates in semi-infinite solid for constant fluid

temperature
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The solution of Equation 2.6 is based on the Laplace transformation method for
thrid-kindBCatx =0,t > 0, h(T, — T,,) = —er—Z is given with constant fluid
w

temperature T, in the Carslaw and Jaeger (1959, p72, p306):
T (t) = T, constant, initial T, = 0

h

h 2
—x+|—) at h
T(x, t) = Too erfc ZL\/E — eer (kr) a eT'fC {ZL\/E + k_r\/a}l 2.16

Temperature field in Cartesian coordinates in semi-infinite solid for variable fluid
temperature

The fluid temperature T, (t) is a variable with the time. Initial temperature zero.
The solution may be obtained, by Duhamel’s theorem, for T (x, t), given in the Carslaw

and Jaeger (1959, p74):

P w -ty 2
T t)="Z["e krn[f%Tm(t—%)e‘”zdu]dn 2.17
2va

Where n = the variable of integration
Temperature field in hollow circular cylinder » = R in infinite solid for constant
surface temperature

The solution in Equation 2.8 based on the Laplace transformation method with
zero initial temperature and for first-kind BC with given constant surface temperature T,

in the Carslaw and Jaeger (1959, p335):

_ 2Tw (® _qu?t ]0(ur)Yo(ua)—Yo(ur)]o(ua)d_u
T(r,t)=T, + —J, e a0 72 @ " 2.18

Where J,, J;, Y, and Y; are Bessel functions defined in Carslaw and Jaeger (1959,

APPENDIX I11)
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Heat flux at the surface:

— _ 1 9 4krTw —au t;du
Aw kr orl; = Rm2 f JE(aw)+YZ(aw) u 2.19

Temperature field in hollow circular cylinder r = R in infinite solid for variable
surface temperature

If T,,(t) is variable, Duhamel’s theorem may be used:

T(T‘, t) f T (A) [fw 2 —au (t ﬂ_) ]O(ur)YO(ua) Yo(ur)]o(ua) du]dl 2.20

]0 (au)+Y0 (au) u

Temperature field in hollow circular cylinder » = R in infinite solid for constant fluid
temperature

The solution in Equation 2.8 based on the Laplace transformation method with
zero initial temperature and for third-kind BC with given constant fluid temperature T, in

the Carslaw and Jaeger (1959, p337):

hToo

2— . Jo(ur)|uy; (ua)+£Y (ua)|-Yy(ur)|uj (ua)+£] (ua)
T(rp t) == k";l’ fO e_a 2t ° [ ! kr ° ] ° [ ! kr : ]d_u

2.21

[uh (ua)+%]o (ua)]2+[uY1 (ua)+%Y0 (ua)]2 u

Temperature field in hollow circular cylinder = R in infinite solid for variable fluid
temperature

If T, (t) is variable, Duhamel’s theorem may be used:
T(r,t) =

. Jo(ur)|uy; (ua)+£Y (ua)|-Yy(ur)|uj (ua)+£] (ua)
f T (A) U‘ Ze—auz(t ne [ L ky © ] 0 [ 1 kr(z) ]%]dA

[uh (ua) +%}0 (ua)] ’ + [uY1 (ua) +%Y0 (ua)]

2.22
The goal is to investigate the error caused by ignoring the thermal history effects

caused by T,, wall temperature change with time in mine ventilation applications.
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Therefore, only the two different solutions for the temperature field and heat flow are

used in the comparison described in Equation 2.18 and 2.20.

Source Accumulation

Ty %1 ﬂ
Vair

:> Advection in ::>\@ :> Advection out

ﬂ Conduction in air
T Wall

“wall

ﬂ Conduction in strata

T

VRT

Figure 2.7. Overview of time-dependent heat advection-convection in the testing tunnel

(Danko & Lu, 2019)

2.6. Description of the thermal history component

The envelope of rock around downcast shafts or main intakes will emit heat
during the time when the incoming air is cool and, conversely, absorb heat during the
time if the air temperature becomes greater than that of the surrounding rock. As it is
shown in Figure 2.9, the Gibson-age function uses only the virgin rock temperature and a
step-change from it to a new surface temperature which is assumed constant throughout
the time (called age) for determining the heat flow the from the strata to the air.
Whenever the surface temperature changes, the temperature history from time zero is
always re-written in the Gibson solution to a new step change value, a deviation from the

true, dynamic heat conduction process.
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The accurate heat conduction process in the strata must include the time-variable
temperature information on the rock surface. It is necessary to use the history effects to
simulate heat storage in the rock strata with variable, temperature-dependent thermal
penetration depths around the shafts and drifts to determine the wall heat flux. The wall
heat flux as a response to the variable temperature at the strata interface is determined
from a coupled conduction-convection transport process. The variable air temperature at
every drift section as a function of time must be included in the coupled solution for the
rock as it is shown in Figure 2.10. This is the only way that true temperature for the
ventilating air can be simulated under variable intake air temperature conditions, showing
amplitude attenuation and phase shift with distance and time, observed as the “thermal
flywheel” effect (McPherson, 1993).

A generalized representation of the relationship between strata wall temperature
and the wall heat flux as a response function is given by Danko (2006), called the
Numerical Transport Code Functionalization (NTCF). The NTCF method has been used
in several applications in subsurface heat and humidity modeling which involving
variable temperatures with amplitude attenuation and phase displacement in the
ventilating air (Danko, 2006, 2008, 2011, 2011, 2012, 2013, 2017). It is written in the
following form:
qh,, = hh (T,, — Tyrr) 2.23

where gh,, = wall heat flux with elements taken at t; time instants,0 < t; < ty
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T, =
variable wall temperature vector with elements taken at ¢; time instants,
0<t <ty

Tygrr = virgin rock temperature

[ M[A]g 0 0 ]
= |MIATE ., — MIA]Z™" M[A]Z 0|
MALN_, —M[AINZ: MIALN G — MIA]N 2 M[A]gN‘tN-lj

hh is dynamic admittance matrix, N>\ in size for heat flow determined by the NTCF
process (Danko, 2006)

In hh, M[A] is the integral mean value which is obtained for piecewise-linear boundary-
value variations in the time domain, using the second form of the Duhamel’s integral as

follows:
qty) = [," Aty — )T, (O)dt + A(t,)T,, (0) 2.24
Where A(t) is called the indicial admittance

T,, (t) is the variable wall surface temperature

When the surface temperature varies with the time, the solution may be deduced,
by Duhamel’s theorem. The indicial admittance for flat wall can be obtained by using the

Carslaw and Jaeger (1959, p63, p305):

ker
A === 2.25

and for hollow cylindrical » = R geometry, if T,,(t) is variable, Duhamel’s theorem may

be used:



_ Akr % _gu?t 1 du
A(t) " Rm2 fO € Ji(aw)+YE(aw) u

From (2), the expression for M[A] is:

M[AITE =2 ("0 Aae

tn=litr  (tipq—t) “tn—tis

Where t = t,, t,, ..., t,

2.26

2.27

The full air temperature model with the thermal flywheel effect is formulated from the

heat balance equation for the air in a shaft, tunnel or drift as follows (Danko 2017):

—AE\ A 9(cvpT)  9(PQc1)
(CUleout - CUlein t)Qm + V—Va [ 5 o -

at

] dV = Q.+ Qy— Qi . + Qc.lQm

2.28

In Equation 2.28, the first and second terms on the left side are heat flux by

24

advection and dynamic accumulation; and the first, second, third, and fourth terms on the

right side are heat fluxes for friction dissipation, direct heat source, diffusion and

convection, and compression heat due to density variation. Note that the direct heat

source is substituted according to equation 2.26 as Qy-Fqh,,, where F is the surface are

of the drift segment adjacent to the rock strata.

Figure 2.8 illustrates the advection, accumulation, and convection heat flux terms. Note

that the strata heat by heat conduction in the wall is represented as direct heat source in

the heat balance in equation 2.25.
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Figure 2.8. Model arrangement and boundary conditions (Danko & Lu, 2019)
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Figure 2.10. Temperature profile in the strata in the NTCF function model (Lu, Bahrami,

& Danko, 2017)

2.7. Mathematical methods

Selected performance criteria for comparing the modeled values with measured
values: maximum error (Ep,.x), minimum error (E,i,), mean absolute error (MAE), root
mean square error (RMSE), correlation coefficient (R), index of agreement (1A).
(Jorquera et al., 1998, Gardner and Dorling, 2000, Schoof and Pryor, 2001, Makarynskyy
et al., 2004, Ustaoglu et al., 2008). Here we write the measured temperature T, as T,.
2.7.1 Error

Model validation is one of the most important steps in model parameters
evaluation. The main tool for most modeling parameters evaluation is the error or

residual analysis. Error is defined as the difference between the result from a test model
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and result from a reference model. For the n'" observation in the data set the error is
written as:
E,=T,—T, 2.29
Where T,, = model value at day n from a test model

T,, = result value at day n from a reference model or measured data
The maximum difference between the result from a test model and result from a reference
model is defined as:

Epax = max(T, — T,) 2.30
The minimum difference between the result from a test model and result from a reference
model is defined as:

Epmin = min (T, — T,) 2.31
The E\,ip, 1S also used to present the maximum negative error in this study.

In statistics, mean absolute error (MAE) is the average of absolute difference between

two sets of results. The MAE is written as:

v
MAE = W 232

Where n = the n‘" day
N = total days
2.7.2 Root mean square error (RMSE)

Different input parameters will have different influence on the model result data.
For some certain parameters which minimize the error quantified by the sum of the
squares of the errors we said that inputs give the best matching model. The RMS error of

a model is:
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—
RMSE = /M 233

Comparing the RMS errors for two different models gives an index to judge how
well the tested model matches with the reference model. However, comparing various
RMS errors for two models with different types of variables would require a multi-
dimensional error evaluation.

2.7.3 The correlation coefficient (R)

The correlation coefficient is widely used to measure the model accuracy in

various disciplines for numerical data analysis. The equation for R is:

N (Tn=To) (Tn—Ty)

R = 2.34
[E0 (T -T)? [ Z0 (T Tr)”
Where T,, = the mean value of the modeled result
T:n = the mean value of the measured data
2.7.4 Index of agreement (1A)
N _
14 =1—— 2ozl 2.35

e — — 2
N1 ([T =T [+|T-Ta)

Emax» Emin, MAE and RMSE the smaller the better. R and IA the bigger, closer to 1, the
better.
2.7.5 Least Squares Fitting (LSQ)

"Least squares” means that the overall solution minimizes the sum of the squares
of the errors made in the results of every single equation. It can be expressed as equation
below:

Min ¥N_, (T, —T,)? 2.36

An LSQ curve-fitting to scattered data is illustrated in Figure 2.11.



Scattered data

Figure 2.11 General picture of an LSQ method (Lu, 2014)
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3 CHAPTER III. Evaluating model error with constant input air temperature
3.1. Introduction

Mines use ventilation simulation models which work with constant input air
temperature and no model component to account for the thermal history effect.
MULTIFLUX is a Ventilation-Thermal-Humidity software developed by Dr. George
Danko (Danko, 2013). MULTIFLUX has the component to handle the thermal history
effect in heat balance. It is tested by VentSim for inclusion in an advanced package or
within a standalone MF. The mines must use constant input temperature for any
simulation or thermal study. Will the model predictions be correct in this simple case?
My hypothesis is that even for a constant input temperature case, the model will give
error result due to lack of the thermal history model component.

| proved this hypothesis by numerical simulation. | have the MF standalone model
and use it with the thermal history term activated first. Next, | turn off the thermal history
term and use it to emulate a conventional model. The simulation results of these two
cases are compared and the model errors are calculated. A single drift geometry is used
for the tests.
3.2. Model description

A 10,000 m horizontal drift is prepared for tests. The input model parameters are
summarized in Table 3.1. The model arrangement is shown in Fig 3.1. Fig 3.2 shows the
mean of the maximum and minimum temperature of 20 years as the input data for model
test. The input parameters in Table 3.1 are used to generate the basic model. Two cases

for lower and high rock thermal conductivities are chosen as 1.2 and 3.6 (W/m/K) which
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are based on the rock thermal conductivities for a typical range of rock in McPherson’s
book, and near Yucca Mountain, Nevada area (Sass, Lachenbruch, Dudley, Priest and
Munroe, 1988). Recommended maximum air velocity of 4 m/s in the working face is
given in Table 3.2. Base on that, three air velocities are chosen for testing as 1, 2 and 4
m/s. Consequently, the intake air flow rates are 25, 50 and 100 m?s.

Strata wall heat flux generated by the temperature history of the wall,

calculated from the NTCF model

v | m m

temperature Airflow Direction
I:j> | e—— [ >
T. (t)=T(0,t -
n(®=T(01) T, (D=T(Lt)
Ty (x8)
| | N
0 X L=10km

Figure 3.1. Layout of a single drift for advection in the air, convection on the wall, and

conduction in the strata.



Table 3.1. Input data for the basic model

Example mine drift

Rock Properties:

Thermal conductivity (W/m/K) 1.2/3.6
Density (kg/m?®) 2700
Specific heat (J/kg/K) 845
Drift Geometry:

Length (m) 10000
Cross section (m?) 25
Perimeter (m) 17.72
Air Flow Properties:

Intake air flow rate (m®/s) 25/50/100
Intake air flow density (kg/m?®) 1.2
Intake air flow velocity (m/s) 1/2/4
Initial and Boundary Condition

Simulation period (Year) 20
Virgin rock temperature (°C) 11

Input air temperature

Maximum/Minimum temperature

Table 3.2. Recommended maximum air velocities (McPherson, 1993)

Area Velocity (m/s)
Working faces 4
Conveyor drifts 5
Main haulage routes 6
Smooth lined main airways 8
Hoisting shafts 10
Ventilation shafts 20

32
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Input air temperature
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Figure 3.2. Maximum and minimum constant input temperature examples

3.3. Scenarios

The basic model is used for the tests. As is shown in Table 3.1, the rock thermal
conductivity can be 1.2 or 3.6 (W/m/K), and intake air flow rate can be 25, 50 or 100
(m%/s). Intake air temperature can be the constant maximum or minimum temperature.
The constant maximum temperature is 28.72 °C defined as the average of the maximum
temperature of the year in 20 years. The constant minimum temperature is -12.04 °C
defined as the average of the minimum temperature of the year in 20 years. Therefore,

based on different combinations of parameters, there are twelve conditions in total and



these twelve conditions are tested with the no thermal history component program, and

with thermal history component program. These twelve scenarios are list in Table 3.3.

Table 3.3. List of 12 scenarios

Scenario Rock thermal Intake air flow Intake air
conductivity (W/m/K) rate (m3/s) temperature °C
1 3.6 25 28.72
2 3.6 50 28.72
3 3.6 100 28.72
4 3.6 25 -12.04
5 3.6 50 -12.04
6 3.6 100 -12.04
7 1.2 25 28.72
8 1.2 50 28.72
9 1.2 100 28.72
10 1.2 25 -12.04
11 1.2 50 -12.04
12 1.2 100 -12.04

3.4. Evaluating model error due to ignoring the thermal history effects

34

All Scenarios are tested. However due to space limitations, here we use scenario 4

and scenario 9 to illustrate the model errors due to lack of thermal history component.

The reason scenario 4 and scenario 9 are selected for comparison is that scenario 4 has
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the highest rock thermal conductivity, lowest intake air flow rate and lowest intake air
temperature. While scenario 9 is on the opposite side which has the lowest rock thermal
conductivity, highest intake air flow rate and highest intake air temperature.
Scenario 4

In scenario 4, model temperatures estimated by the two models (with thermal
history component VS. without thermal history component) are compared at different
time and different locations. Modeled air temperatures of early age and later age of the
mine (Year 1 VS. Year 20) are compared and they are plotted as a function of mine drift
length. Also, modeled air temperatures at 1,000 m and 10,000 m of the mine are
compared and they are plotted as a function of time. Fig 3.3 shows the modeled tunnel air
temperatures at year 1, and Fig 3.4 shows the modeled air temperatures at year 20 for
different locations from entrance to the end. For location 1,000 m and 10,000 m, the
modeled air temperatures changing as function of time are shown in Fig 3.5 and Fig 3.6,
respectively. Fig 3.7 and Fig 3.8 show the time and distance dependent mean absolute
error (MAE) curves, respectively. Fig 3.9 shows the 3D MAE field as a function of time

and location.
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Figure 3.3. Modeled air temperatures in the drift with distance at first year for scenario 4
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Model airway air temperature at 1000m
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Figure 3.6. Modeled air temperatures in the drift with time at 10,000 m location for

scenario 4
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Figure 3.7. Time dependent mean absolute error curve between models for scenario 4
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Mean absolute error field
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Figure 3.9. Mean absolute error field as a function of time and location for scenario 4

Scenario 9

In scenario 9, modeled temperature of same year as that in scenario 4 (Year 1 VS.
Year 20) and location (1,000 m VS. 10,000 m) are chosen for comparison. Fig 3.10 and
Fig 3.11 show the modeled tunnel air temperatures at year 1 and year 20, respectively.
For location 1,000 m and 10,000 m, the modeled air temperature changing as a function
of time are shown in Fig 3.12 and Fig 3.13, respectively. Fig 3.14 and Fig 3.15 show the
time and distance dependent MAE curves, respectively. Fig 3.16 shows the 3D MAE

field as a function of time and location.
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Figure 3.10. Modeled air temperatures in the drift with distance at first year for scenario 9
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Figure 3.12. Modeled air temperatures in the drift with time at 1,000 m location for

scenario 9
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scenario 9
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Figure 3.16. Mean absolute error field as a function of time and location for scenario 9

3.5. Conclusion and recommendation

e Based on comparisons between the 12 scenarios, we chose MAE as the main
performance criterion. RMSE, R and IA are not used for the rest of the study.

e According to Table 3.4, increasing air flow in the model lowers MAE. Higher
rock thermal conductivity in the model gives higher MAE. High temperature
simulations perform better than low temperature simulations. Thus, without
thermal history component, scenario 4 is the worst simulation case; while scenario
9 is the closest simulation case to the reference model.

e When input air temperature is higher than virgin rock temperature, the no thermal
history model gives positive error. When input air temperature is lower than

virgin rock temperature, the no thermal history model gives negative error.
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MAE from the no thermal history model increases with contact distance, and
decreases with contact time.

1 °C MAE is chosen as critical. Recommendations are given for using no thermal
history models in safe time and location. As shown in Table 3.5 and Table 3.6, the
red areas are not recommended to use the no thermal history model.

Table 3.4. Performance criteria for 12 scenarios

Scenario | Epjax Enin MAE | RMSE R 1A
1 12.771 | 0.002 1.348 1.855 0.955 0.933
2 13.812 | 0.001 0.985 1.552 0.919 0.897
3 14.462 | 0.000 0.604 1.083 0.876 0.859
4 -0.002 | -16.600 | 1.752 2411 0.955 0.933
5 -0.001 | -17.954 | 1.280 2.017 0.919 0.897
6 -0.001 |-18.800 | 0.785 | 1.408 | 0.876 | 0.859
7 14553 | 0.001 | 1.101 | 1.763 | 0.880 | 0.839
8 15.124 | 0.000 | 0.650 | 1.193 | 0.823 | 0.787
9 15.455 | 0.000 | 0.354 | 0.734 | 0.766 | 0.736
10 -0.001 |-18.918 | 1.431 | 2.292 | 0.880 | 0.839
11 -0.001 |-19.660 | 0.845 | 1.550 | 0.823 | 0.787
12 0.000 |-20.090 | 0.460 | 0.955 | 0.766 | 0.736
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Table 3.5. Recommendations for MAE greater than 1 °C for scenario 4

Scenario 4
Time (Year)/Location (km) 1 2 3 4 5 6 7 8 9 10
0.500
1
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Table 3.6. Recommendations for MAE greater than 1 °C for scenario 9

Scenario 9
Time (Year)/Location (km) 1 2 3 4 5 6 7 8 9 10
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4 CHAPTER IV. Evaluating model error with constant input air temperature
versus real mine situation

4.1. Introduction

My hypothesis is that any thermal simulation software without thermal history
model component will give erroneous predictions in mine airways, especially when the
input air temperature at the intake is taken as constant value with time.

| proved this hypothesis by numerical simulation. | have the standalone MF model
and use it with the thermal history term activated first for variable input air temperatures,
which is always the reality at a mine. Next, | turn off the thermal history term and use it
to emulate a conventional mine ventilation model. I also use constant input temperature,
taking the temperature for the hottest summer month. | compare the temperatures from
the two models to see the error of the conventional model and to demonstrate my
hypothesis. The results for the expected errors for six examples are shown in the results.
4.2. Model description

Most of the currently, commercially used ventilation software does not use
dynamic temperature as the input temperature. The input temperature variation is known
to be an essential factor of the thermal history effect and may cause serious modeling
accuracy problems if the model cannot handle it properly. We raise the question how
large modeling error occurs if constant input temperature is applied to those models
which lack of the thermal history component. For reference solution, the thermal history

model uses the real, dynamic input temperature of 20 years.
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A 10,000 m horizontal drift is prepared for tests. The model arrangement is same

as previous study as shown in Fig 3.1. The input model parameters are summarized in

Table 4.1. The input air temperatures are shown in Fig 4.1.

Table 4.1. Input data for the basic model

Example mine drift

Rock Properties:

Thermal conductivity (W/m/K) 1.2/3.6
Density (kg/m?®) 2700
Specific heat (J/kg/K) 845
Drift Geometry:

Length (m) 10000
Cross section (m?) 25
Perimeter (m) 17.72
Air Flow Properties:

Intake air flow rate (m®/s) 25/50/100
Intake air flow density (kg/m?®) 1.2
Intake air flow velocity (m/s) 1/2/4
Initial and Boundary Condition

Simulation period (Year) 20
Virgin rock temperature (°C) 11

Input air temperature

July mean constant temperature
(23.25 °C), and real daily mean air
temperature for 20 years
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Figure 4.1. Constant July average input temperature versus real air input temperature

4.3. Scenarios

To emulate the constant input temperature applications, the constant July average
temperature, 23.25 °C, is used in the no thermal history model, the real air temperature is
used in the thermal history model. Other model elements are shown in Table 4.1. The
rock thermal conductivity can be 1.2 or 3.6 (W/m/K), and intake air flow rate can be 25,
50 or 100 (m?/s). Thus, six scenarios (see Table 4.2) are tested for both the no thermal

and thermal programs.
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Table 4.2. List of 6 scenarios

Scenario Rock thermal Intake air flow rate
conductivity (W/m/K) (m3/s)
1 3.6 25
2 3.6 50
3 3.6 100
4 1.2 25
5 1.2 50
6 1.2 100

4.4. Evaluating model errors

Scenario 2 is selected to illustrate the errors. Results from thermal history model
with real air temperature is used as reference. Drift air temperature at 1,000 m, 2,000 m,
5,000 m and 10,000 m are selected for comparison and are shown in Fig 4.2, 4.3, 4.4 and
4.5, respectively. The no thermal model result is always above the temperature from
reference model. With increasing contract distance, the no thermal model results
significantly deviated from the reference result estimated with real air temperature. The
MAE for comparison between no thermal model and reference model in July at 1,000 m,
2,000 m, 5,000 m, and 10,000 m are 2.28 °C, 4.1 °C, 7.25 °C and 7.83 °C, respectively.
Results from the constant input case not always lie in the statistical range even at 1,000
m. Further, with increasing of contact distance constant input model results severely

deviate from the reference dynamic model. results are outliers.
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Figure 4.3. Air temperature in the drift at 2,000 m in thermal and no thermal models
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45. Conclusion and recommendation

A no thermal history model with constant input air temperature should not be
used for a real dynamic modelling even for the first 1,000 m mine airway.
Errors from constant input temperature models increase with the contact
distance.

The no thermal model error consists of two parts, the “amplitude attenuation”
error, and the “phase shift” error.

Comparison of real time simulation results from Fig 4.2 and Fig 4.5 shows
that the amplitude attenuation become more intensive with the increase of
contact distance.

The point to point comparisons between constant input model result and
dynamic input model result (shown in Fig 4.5 with dots) clearly show the

phase shift which could lead to a phase shift error.
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5 CHAPTER V. Calibration of the no thermal history model with constant input
air temperature

5.1. Introduction

My hypothesis is that calibration cannot eliminate the model error due to the lack of
the THE component predictably. Depending on when the calibration is applied, the
“calibrated” model remains a model with unpredictable outcome: either too
“conservative” or t00 “optimistic”. These results are either unnecessary or insufficient for
thermal design in deep hot mines.

| proved this hypothesis by numerical simulation. | have the MULTIFLUX model
and use it with the thermal history term activated first. | simulate the mine air temperature
distribution with a real, dynamic input air temperature. | use the simulated temperature
filed as an “emulated temperature measurement field” for “baselining” the mine. I take
values from this baseline temperature field as emulated measurement at two different
times of the year and two different locations at the same year.

Next, | turn off the thermal history term and use it to emulate a conventional model
in which | enter a constant input temperature as it is selected by the ventilation engineer
at a given time of the year for model calibration. | assume the model is calibrated by
adding a correction temperature to the simulated temperature from the conventional
model to match the measurement (the real temperature of the mine). This corrected
temperature will then be time and location dependent. |1 show some cases at different time
and location and demonstrate the error results, proving that the conventional thermal

model with no thermal history component is incurable by calibration.
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5.2. Time dependent model calibration

Whole year corrected temperature curves for year 1 at 1,000 m and for year 10 at
1,000 m are shown in Fig 5.1. The whole year temperature calibration curve shows that
the error is time dependent in a year. But, is it possible to use a whole year calibration
curve for a different year? The answer is absolutely no. Fig 5.2 shows the temperature
difference between two calibration curves. The maximum positive error is greater than 6
°C, negative error is about -10 °C. Each month has some days with absolute error greater

than 4 °C.

makeup temperature for calibration (1,000m)
5 T T T T T T T
make up temperature year 1
make up temperature year 10

o
o
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Figure 5.1. Temperature calibration curve for year 1 and year 10 at 1,000 m
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The difference between makeup temperature for year 1 and year 10 (1,000m)
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Figure 5.2. Temperature difference between calibration curve for year 1 and year 10 at

1,000 m

5.3. Location dependent model calibration

Whole year correction temperature curves for year 1 at 1,000 m and for year 1 at

5,000 m are shown in Fig 5.3. These two temperature calibration curves show that the

error is also location dependent. Fig 5.4 shows the temperature difference between two

calibration curves. The maximum positive error is greater than 12 °C, negative error is

about -5 °C. For about half of the year the errors are greater than 5 °C. Because the error

is time and location dependent, the conventional thermal model with no THE component

is incurable by calibration.
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5.4, Conclusion and recommendation

e The calibration results are time and location dependent, which means that a
calibration at a specific location and time cannot be used for any other location
and time.

e The error is location dependent. “amplitude attenuation” and “phase shift”
increase as a function of contact distance.

e Model calibration curve for year 1 and year 10 may have the same trend.
However, random error still exists and gives a MAE of 2.31 °C.

e Model error caused by no thermal history component includes two parts of errors.
One is a random error caused by random changes in daily atmosphere, the other is
the distance dependent “amplitude attenuation” and “phase shift” error. So, it is
not possible to use calibration to compensate for a no thermal history model with

constant input air temperature.
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6 CHAPTER VI. Dynamic input air temperature model for analysis and design
6.1. Introduction

The goal of this study is to determine an analytical model for the observed surface
air temperature change with time in which the output is separated into two components:
one for the variation caused by the Earth’s movement, plus any other quasi-stationary
thermodynamic effects due to industrialization; and the other for the random variation
caused by stochastic and/or chaotic, local environmental changes. The first component,
T (t) describes a regular trend, expressed by functions of time and constants unchanged
with time over which the model is defined. The second component, T is a random,
stochastic variation around the regular trend. For the observed outside air temperature,
T, (1), the model of T,(t) = Tx(t) + Ts must provide a statistically best approximation for
the observed time period, ||T,(t) — T4(t)|| = min.

Several versions of the Tk (t) functions are tested for performance in the study from
a middle-west location in North America for 20 years. The regular component of
temperature change with time is best modelled by linear function plus a variable-
coefficient Fourier series to represent the long term linear change both in mean
temperature and amplitude. It is found that the final analytical temperature, T4 (t), can be
used not only to represent the historical daily mean temperature but also to predict the
future daily mean temperature, T, (t), at the given location. The upper and lower
boundary can help to give safety limits for the temperature prediction. The stochastic

component identified in the model is stable and stationary.
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The method of model identification for T, (t) can be used for determining input
temperature functions to support existing mine ventilation simulation and future
underground mine engineering design.

6.2. Temperature model description

The observed, outside air temperature, T, (t, t) includes both seasonal
components represented by t (days of the year) and t (the hours in day t). When
tabulated, T, (¢, ) is a matrix with t rows (the total number of days) and = columns (24,
the number of hours in a day). The outside air temperature has a regular, seasonal
variation for the daily average temperature during every year, (more exactly, every four
years as a true time period) and an hourly variation during any given day for the hourly
mean temperature. These two components are regular and periodic in nature caused by
the earth movement in the solar system. Other regular changes superimposed to that of
the known movement of the Earth may also be present, such as caused by the heat
balance of the globe by industrialization.

The goal of this study is to isolate the observed outside air temperature into
variation caused by the Earth’s movement, plus any other quasi-stationary
thermodynamic effects, and random variation caused by stochastic and/or chaotic, local
environmental changes. It’s necessary to separate the hourly temperate variations from
that of the seasonal first. To describe the seasonal temperature variation, the daily
average temperature T, (t) must be defined. The T, (t) can be defined as the integral

mean value:

To(t) = [ To(t, D)dr 6.1
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Where t denotes days, 7 is the hoursinaday, € [0,T] and T = 24.

If hourly average temperature is available, Equation 6.1 gives the accurate value
for the daily average temperature meaning the thermodynamic energy of the air. If the
daily mean temperature is obtained from weather service, the data may be pre-calculated
by the Standard Model that provides the average of the daily maximum and minimum air
temperatures, T, (t) = [Tmax(t) + Trmin(t)]1/2. The Standard Model, reviewed by Bilbao
et al., (Bilbao, Miguel, & Kambezidis, 2002), may not be accurate if the temperature
change is not symmetrical between day and night (Aguiar, 1997). Nevertheless, the
convenience of using the Standard Model instead of the hourly temperature data for every
day and using the Equation 5.1 may overwhelm the concerns in the accuracy of the mean,
daily temperature.

Two components of the air temperature are distinguished in the present study, for
modeling daily mean air temperature variation, T, (t) with time. The first component,

T (t) describes a regular trend, expressed by functions of time and constants unchanged
with time over which the model is defined. The regular trend is defined as stationary for a
long period of time, characteristic to a given physical location governed by deterministic
causes such as the Earth’s movement in the solar system. The second component, Ts is a
random, stochastic variation around the regular trend. The T; component is caused by the
stochastic and/or chaotic process in the atmosphere, defined as difference between the
observed outside air temperature, T, (t), and the temperature from the stationary trend
model as Ts = T, — Tx. The daily mean value of the outside temperature at any given day

is the sum of the regular trend component, T, and a stochastic variation part, Ts,.



To(t) = Tr(0) + Ts

6.2

Note that the stochastic component is stationary and irrespective of seasonal

variation, a simplification for model formulation. However, the stochastic temperature

variation in some part of the year may be more disturbed than in another, raising the

possibility for improvement of the assumption used in current work, a task left for

interested readers.

The analytic function for Tz (t) must be the best fit to the measured outside

temperature data for a given location. The concept of Fourier’s series approximation

(Komazsik, 2017) is employed to construct a model for T with a mean temperature T,
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and a harmonic variation component, 3, 4,, sin(w;t + a;), where 4, is the amplitude of

the harmonic variation component of f;(t) = sin(w;t + a;). The amplitude, 4,,,, may be

a linear function of time in some models, A, (t) = dy,; + d,;t. There are various choices

to model the Ts component of which five are listed as follows:
M1. Variable mean temperature

Tr(t) =T, +c-t

M2. Constant mean temperature and constant amplitude series:

Tp(t) =Tn + ZAwif(t)

M3. Variable mean temperature and constant amplitude series:

Tr(t) = T (t) + X Aw, f ()

M4. Constant mean temperature and variable amplitude series:

Tr(t) = T + X Au, (D) (1)

M5. Variable mean temperature and variable amplitude series:

6.3

6.4

6.5

6.6
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Tr(t) = Tn(t) + X Ay, (Of (D) 6.7

The M1-type model is used for comparison with other models for the yearly mean
temperature variation evaluation. Bhutiyani (Bhutiyani, Kale, & Pawar, 2007) studied the
average, maximum and minimum temperature trends for 100 years and found them all
changing with time. Therefore, the M2-type model with a stationary, constant mean
temperature and constant amplitudes is inferior for practical application and not used for
comparisons. The M4-type model is not recommended for brevity as the M5-type model
gives better result for the same effort. Therefore, for comparison purpose, only the M1,
M3 and M5 model types are used for model testing.

The first task is to depress the stochastic temperature variation in order to find the
statistically most significant trend for a base stationary temperature model. Second, the
stochastic or chaotic deviations must be defined to match the observed temperature.
Therefore, the designers or analysts may conduct their studies or design safely without
missing the expected, maximum or minimum temperature values for the study time

period. Figure 6.1 shows the components of establishing an analytical temperature model.

Measured Identification of regular Identification of stochastic Final analytical

temperature T, (t) variation component, T, = variation component, T = temperature model

fa(®) fs@® T,() = fo (O + f5()

Figure 6.1. Components of establishing an analytical temperature model

6.3. Measured temperature data
Daily mean temperature measurements are used in the study from a middle-west

location in North America for 20 years. The data, T, (t), are taken for 7,305 days from
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04/01/1996 to 03/31/2016, downloaded from www.wunderground.com, and plotted in

Fig 6.2. Fig 6.3 and Fig 6.4 are enlargement of Fig 6.2 for year 1 and year 20,
respectively. Note that the regular trend, T (t), from M5-type model is also shown in Fig
6.2, 6.3 and 6.4 for illustrating the model concept, described in the progression of the
paper. The daily mean temperature data, T, (t), taken from the Standard Model method,
Is a practical compromise, used in the study. Three different ways of using the measured
data are tried for comparison to find the best way of data processing.
6.3.1 Single-year temperature cycle evaluation

In the first usage of the data, T, (t), the measured mean daily temperatures for 20
years are divided into twenty sets for single year from 1 to 20 to be able to analyse the

model validity for model type M1 and M3. Individual yearly data, T, ,, (t), y € [1,20],

t € [1,365] are grouped for 15 regular years and t € [1,366] for 5 leap years.
6.3.2 Four-year temperature cycle evaluation

In the second usage of the data, T, (t), the 20 years measured mean daily
temperatures are divided into 4-year period sets, giving 5 groups as a, b, ¢, d and e. The
justification of employing four years as the true solar time period is that the yearly time
period for regular years is distorted by the deficiency of 0.25 days while the time period
in leap years is longer by 0.75 days and affecting the averaging. The 4-year time
sequence of 1,461 days is considered as the repeating time period for the T stationary
temperature component in the model. Therefore, properties of temperature (average, etc.)
must be considered distinguished when evaluating for the yearly time period.

For year 1-4:


http://www.wunderground.com/
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Too=Ta(t), t € [1,1461] 6.8
For year 5-8:
Top = Ta(t), t € [1462,2922] 6.9

For year 9-12:
Toe = To(t), t € [2923,4383] 6.10
For year 13-16:
Toa = To(t), t € [4384,5844] 6.11
For year 17-20:
Tpe = Ty(t), t € [5846,7305] 6.12
6.3.3 Continuous, repeating four-year temperature cycles evaluation

In the third usage of the data, T, (t), the total 20 years 7,305 data, T, (t), t €
[1,7305], are used for testing and establishing properties of T (t) in model type M4 and

M5.
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Figure 6.2. Measured 20 years daily mean temperature at middle west of North America
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6.4. Determination of regular part of temperature

To determine the model coefficients, the obvious choice is to use the Least-
squares (LSQ) fit method. The LSQ method optimally fits the data to a given function
with unknow constants in such a way that the root-mean-square of the error is
minimalized. That is exactly the definition of the stationary temperature Tk. Determining
the significant part of the data out of a noisy observation may also be done by filtering or
neural network. The advantage of using the LSQ method is to be able to define the
stationary function, Ty, in advance, whereas signal processing does not give an analytical

function (Zapranis & Alexandridis, 2007).
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For supporting the ways of using measured data, different LSQ fitting function
must be defined to suit for different data size. Five different functions are defined for M1,
M3 and M5 model types as follows.

6.4.1 Regular part function for the entire 20 years for M1-type model

The LSQ linear function is:
Tyt =Ty + € t 6.13
6.4.2 Regular part function for M3-type model

For single year data in the M2-type model, a regular year of 365 days and a leap
year of 366 days must be distinguished. The LSQ function for regular year is written as:
Try(t) =Ty +cXt+A; Xsin(2n Xt xa; +by) + 4, Xsin2uxtXa, + by) +
Az Xsin(2m Xt X az + b)) + -+ A5 X sin(2n X t X a;5 + bys) 6.14
Where a = 1/365 x {{201},3 x {2/1}},i € [18].j € [1,7]

The LSQ function for leap year is derived from Equation 6.14 by changing 365
days to 366 days and can be written as:
Try(t) =T +c Xt +A; Xsin2n X txa; +by) +A4; Xxsin(u xtxXa, + by) +
Az Xsin(2m Xt X az + b3) + -+ A5 X sin(2n X t X a;5 + bys) 6.15
Where a = 1/366 x {{201},3 x {2/-1}},i € [1,8],j € [1,7]

The LSQ function for 4 years data and 20 years data will add the four-year and
two-year period frequencies, which will also change the one-year period to 365.25 days,

the function is written as:
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Tp(t) =T +cXt+ A Xsin(2uXxtxa; +by)+ A, Xsin(2nxXtxa, + by) +
Az Xsin(2n X tXaz + b)) + -+ Ay; Xsin(2n Xt X a7 + byy) 6.16
Where a = 1/365.25 x {{21%},3 x {2/}, € [1,10],j € [1,7]
6.4.3 Regular part function for M5 type model
With the assumption that the amplitudes also vary with time, a modified LSQ
function over Equation 6.16 is established as:
Tp(t) =Ty +cXt+ (A + Ay X 1) Xsinu X tXa; + by) + (Aye + Ayy X ) X
sin2m X tXxa, + by) + -+ +(A17c + A7y X t) X sin(2m X t X a7 + by7)
6.17
Where a = 1/365.25 x {{20%},3 x {2/"1}},i € [1,10],j € [1,7]
6.5. LSQ fitting result for statistical periodic function and the mean temperature
trend
First, the best LSQ fit will be applied to all single year sets separately. The fitting
LSQ Equation 6.14 is applied to regular year, Equation 6.15 is applied to leap year.
Fitting results are shown in Fig 6.5, Fig 6.6 and Fig 6.7. The mean, maximum and
minimum from the fitting result are shown in Fig 6.8.
Second, the best LSQ fit Equation 6.16 is applied to five 4-year sets separately.
Fitting results are shown in Fig 6.9, Fig 6.10 and Fig 6.11. The mean, maximum and
minimum from the fitting result are shown in Fig 6.12. Parameters for the fitted functions

Taa(t), ..., Tae(t), are listed in Table 6.1, 6.2, 6.3, 6.4 and 6.5, respectively.
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Third, LSQ fitting Equation 6.16 is applied to total 20 years data, T, (t). Fitting
result is depicted in Fig 6.13, Fig 6.14 and Fig 6.15, and the fitted function parameters are
listed in Table 6.6. The improved LSQ fitting Equation 6.17 is applied to total 20 years
data, T, (t). Fitting result is depicted in Fig 6.16, Fig 6.17 and Fig 6.18, and the fitted
function parameters are listed in Table 6.7.

Fourth, the linear regression function Equation 6.13 is applied to the mean values
from single year fitting results, T, ,,(t), and 4-year data sets fitting results, T, 4 (t), ...,
Ty e(t). Also, the mean temperature and mean temperature change can be obtained from
Equation 6.16 and 6.17 fitting for the total 20 years data, T, (t). And the linear Equation
6.13 is also applied to the total 20 years measured data, T, (t). Finally, Equation 6.13 is
applied to the 20 yearly mean temperature form measured data. The mean temperature

and its trend are summarized on Table 6.8 for different processes.
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Table 6.1. Parameters for year 1-4 data, the LSQ fitted Equation 6.16 result, T, ,

T c Aq a, A, a, Az as Ay ay
0.731 —2.48 | 0.527 0.982 0.282 2.468 10.616 | -0.343 | 2.281 3.248
X 107*
As as Ag Qe Az as Ag ag Ag Qg
0.257 2.759 0.584 -0.816 0.798 2.985 0.072 -0.525 | 0.399 4.295
Ago 10 Agy a11 Agp a2 Agz a3 Agy A14
0.285 -0.807 0.181 -17.310 | 0.154 1.797 0.117 0.950 0.092 3.044
Ass ais A Q16 Ay a7
0.080 1.639 0.142 4.827 0.043 1.059

Table 6.2. Parameters for year 5-8 data, the LSQ fitted Equation 6.16 result, T, ,,

T c Ay a, A, a, As as A, a,

9.208 | 1.038 0.377 -1.097 | 0.529 3.677 11.764 | -0.306 | 1.836 | 3.450
x 1073

As as Ag Qe Az az Ag ag Ay Qg
0.231 2.328 0.723 2.227 | 0.520 2.349 0.158 0.536 0.496 | 3.325
Ago 10 Agy a11 Agp a2 Agz a3 Agy A14
0.287 | 0.278 0.116 2199 | 0.234 | -17.177 0.472 3.009 0.221 | 3.941
Ass ais A Q16 Ay7 ai7
0.178 | -0.255 0.124 3.226 | 0.025 10.918
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Table 6.3. Parameters for year 9-12 data, the LSQ fitted Equation 6.16 result, T, .

10.735 | —1.715 1.028 3.156 | 0.756 2.810 11.843 | -0.268 | 1.931 | 3.252

x 1073

As as Ag Qg A as Ag ag Aqg Qg

1.239 | 2.354 0.431 -0.535 | 0.766 -1.907 0.558 1.876 | 0.381 | -0.040

A1 aq0 Ay aiq Aqz aqn Aqs ag3 Aqs A1g

0.372 1.158 0.195 3.605 | 0.341 -0.427 0.073 4363 | 0.157 | 1.924

0.167 | 2.334 0.036 4.023 | 0.044 4.296

Table 6.4. Parameters for year 13-16 data, the LSQ fitted Equation 6.16 result, T, 4

T c Ay aq A, a, Az as A, a,

9.242 | 2.539 0.645 0.197 | 0.427 -0.565 11.355 | -0.357 | 2.566 | 3.116

x 1074

0.543 | 3.556 0.790 0.205 | 0.723 3.246 0.252 2.302 | 0.482 | 3.649

Aqo a0 A1y ajq Aqz ) Aq3 a3 Aqs A1g

0.417 | 2.377 0.592 1.153 | 0.175 2.700 0.153 2907 | 0.084 | -7.709

0.077 | 2.546 0.046 0.520 | 0.100 3.479




Table 6.5. Parameters for year 17-20 data, the LSQ fitted Equation 6.16 result, T, .

T c Aq a, A, a, As as Ay ay
10.289 | 1.073 0.883 3.050 | 0.372 0.298 11.798 | -0.288 | 2.138 | 2.958
X 107*

As as Ag Qe Az az Ag ag Ag Qg
1.234 3.131 0.412 10.828 | 0.110 1.318 0.206 4330 | 0.308 | -0.624
Ago Q1o An a11 Agp a2 Agz a3 Agy Q14
0.081 2.438 0.126 2924 | 0.125 4,272 0.147 7.643 | 0.243 | 2.356
Ass ais A Q16 Ay a7
0.038 1.193 0.080 3.917 | 0.063 2.760

Table 6.6. Parameters for year 1-20 data, the LSQ fitted Equation 6.16 result

T, c Aq a, A, a, Az as A, a,
9489 | 7.367 0.095 2478 | 0.092 3.072 11.489 | -0.311 | 2.113 | 3.194
x 1075

As as Ag U Az az Ag ag Ag Qg
0.622 2.836 0.222 -0.292 | 0.418 3.237 0.122 1.909 | 0.197 | 4.259
Aqo Q1o A a1 Ag a1z Agz ais Aqy A14
0.123 1122 0.153 1.723 | 0.041 1.358 0.121 2.682 | 0.093 | 2.957
Ass ais A Q16 Ay a7
0.047 | -4.723 0.052 4109 | 0.031 3.388
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Table 6.7. Parameters for year 1-20 data, the LSQ fitted Equation 6.17 result

T ¢ Ay Ay by Ay Azyp b,
9.477 7.367 0.392 —1.254 0.066 0.611 —-1.409 3.017
x 107> x 107* x 107*

A3c A3v b3 A4c A4v b4 ASC ASv b5
11.099 | 1.066 | -0.312 1.953 4.541 3.196 0.020 1.635 2.989
x 107* x 107° x 107*

Asc Agy be Azc A7y b, Agc Agy bg
0.163 | 1.524 | -0.244 0.731 —8.600 3.187 0.216 —2.764 | 1.628
x 1075 x 1075 x 1075
A9c A9v b9 A10c AlOv blO Allc Allv bll
0.281 | —2.284 | 4.153 0.311 —9.252 -0.670 0.134 4.996 -4.559
x 107° x 1075 x 107°
A12c A12v b12 A13c A13v b13 A14-c A14v b14-
0.248 | —5.649 | 1.295 0.142 —5.864 2.677 0.049 1.188 2.816
x 107° x 1075 x 1075
Aisc | Aisy bys Asec Asep bie Ay7c A17v by7
0.014 | 8.843 1.729 0.099 —1.302 4.222 0.029 —1.647 | 0.078
x 1076 x 1073 x 107°
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Table 6.8. Yearly mean temperature and its trend from different processes

Data / Model type T, c

Yearly mean temperature from single fitted 9.456 | 7.88 x 107°

function data, T, ,,(t) / M1

Yearly mean temperature from 4-year sets 9481 | 7.23x107°

fitted function data, T, ,(¢t), ..., T (t) / M1

Yearly mean temperature from 20 years 9.456 | 7.88x 107>

measured data, T,(t) / M1

20 years measured data, T,(t) / M1 9.929 | —4.66 x 107°
20 years measured data, T,(t) / M3 9489 | 7.37x107°
20 years measured data, T, (t) / M5 9.477 | 7.42x107°

6.6. Determine the stochastic variation and final analytical temperature model
The stochastic variation must be defined by subtracting the statistic periodic
function from the measured data. First, the stochastic variation, Ts(t), is defined by the

difference between deterministic function result, T (t) and measured data T, (t) as:
Tg(t) = T, (t) — Tr(t) 6.18
The data from Equation 6.18 is depicted in Fig 6.19, Fig 6.20 and Fig 6.21. The
density analysis on the Equation 6.18 data and the MATLAB normal distribution fit of
the data is shown in Fig 6.22. From the fit, a mean value mu = —6.33 x 1078 ~ 0, and

standard deviation of ¢ = 4.0012 are obtained, where mu = ). T¢(t) /n, 0 =
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\/%Z(Ts(t) — mu)? and n is the number of days, t. Using mu = 0.00 and ¢ = 4.0012, a

normally-distributed random noise series is generated to represent Ts(t):
T¢(t) = NormRandom(mu, o, t) 6.19
For T,(t), Equation 6.19 is added to Equation 6.17:
Ty(t) = Tr(t) + NormRandom(mu,o,t) 6.20
However, Equation 6.20 is not an analytical function since it includes an
algorithm. To overcome this and understanding that the daily variation for random causes
is a sample of Tg(t), the maximum and minimum values can be generated with a 99 per
cent confidence by a fluctuating temperature with a 2-day cycle time:
T, (t) = Tr(t) + 30(—1)* 6.21
Substituting the preferred model in Equation 6.17, the final analytical temperature model,
Ty(t) is:
Tu(t) =Ty +cXt+ (A + Ay X t) Xsin(2u Xt X a; + by) + (A + Ay, X 1) X
sin(2uXtxay, + by) + -+ +(A17c + A7y X 1) Xsin(2m X t X a;; + by7) +
30(—1)¢ 6.22
Comparison between simulated temperature, T, (t), from Equation 6.20 and
measured data, T, (t), is show in Fig 6.23, Fig 6.24 and Fig 6.25. Using an uncertainty
interval of 30 = 12.0036 in the example, safe limits of maximum and minimum
temperature are show in Fig 6.26, Fig 6.27 and Fig 6.28. A smaller or wider uncertainty
interval may also have selected based on the risk to be taken regarding the missing

number of days to be in the expected temperature range in the outside air temperature.
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Figure 6.28. Zoom in Fig 6.26 for the last year
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6.7. Conclusion and recommendation

e The final analytical temperature, T,(t), can be used not only to represent the
historical daily mean temperature but also to predict the future daily mean
temperature, T, (t), at a location.

e Upper and lower boundary can help to give a safety limits for the temperature
prediction.

e The regular component of temperature change with time is modeled by linear
function plus variable Fourier series to represent the long term linear change both
on mean temperature and amplitude.

e The stochastic component used in the final model is stable and stationary. We do
not deal with both the variability of the stochastic component over the season of
the year, and the variability of the stochastic component with long term time

which might be future study.
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7 CHAPTER VII. Evaluating model error with dynamic input air temperature
7.1. Introduction

In this study, my hypothesis is that no thermal history model will give erroneous
prediction even if dynamic air temperature is applied. Most of the mine ventilation
software do not have the ability to use dynamic air temperature. Therefore, | use the MF
model to prove this hypothesis.

First, I run the MF model with real dynamic input air temperature. Then, | turn off
the thermal history term and use it to emulate a conventional model. | compare the two
cases and calculate the model error. A single drift geometry is used for the tests.

7.2. Model description

A 10,000 m horizontal drift is prepared for tests. The model arrangement is the
same as previous study shown in Fig 3.1. The input model parameters are summarized in
Table 7.1. The input air temperature is a synthetic temperature function of time (see Fig

7.1).
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Figure 7.1. Input air temperature curve
Table 7.1. Input data for the basic model
Example mine drift

Rock Properties:
Thermal conductivity (W/m/K) 3.6/1.2
Density (kg/m?®) 2700
Specific heat (J/kg/K) 845
Drift Geometry:
Length (m) 10000
Cross section (m?) 25
Perimeter (m) 17.72
Air Flow Properties:
Intake air flow rate (m%/s) 25/50/100
Intake air flow density (kg/m?®) 1.2
Intake air flow velocity (m/s) 1/2/4
Initial and Boundary Condition
Simulation period (Year) 20
Virgin rock temperature (°C) 11
Input air temperature Dynamic air temperature for 20 years
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7.3. Scenarios

To demonstrate the dynamic input temperature applications, the dynamic input
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temperature is used in both the no thermal history model, and the thermal history model.

Other model elements are shown in Table 7.2. The rock thermal conductivity can be 3.6

or 1.2 (W/m/K), and the intake air flow rate can be 25, 50 or 100 (m?/s). Thus, six

scenarios (see Table 7.2) are tested for both the no thermal and thermal models.

Table 7.2. List of 6 scenarios

Scenario Rock thermal Intake air flow rate
conductivity (W/m/K) (m3/s)
1 3.6 25
2 3.6 50
3 3.6 100
4 1.2 25
5 1.2 50
6 1.2 100

7.4. Evaluating the model error without the thermal history effects

Scenario 2 is selected to illustrate the errors. Results of the step-change function
solver engine and the thermal history effects (THE) solver engine at 1,000 m are
compared in Figure 7.2. The amplitude and phase shift differences between two models

are noticed in Figure 7.2. The difference between step-change function and THE in
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Figure 7.3 is also periodic. Most of the errors distributed between -5to 5 °C. The MAE is
about 4.67 °C.

Our hypothesis is that with the increase of contact distance, the difference
between step-change function result and THE model result will also increase. The air
temperature obtained from the step-change function and the THE at 10,000 m are
compared in Figure 7.4. Errors obtained from the step-change function at 10,000 m is
shown in Figure 7.5, the MAE is about 7.25 °C. Thus, Figure 7.4 and Figure 7.2 can be
compared to prove our hypothesis. MAE are calculated at different locations and are
shown in Fig 7.6. In Figure 7.6, the MAE starts at 0 and reaches the maximum value at
4,200 m, and then gradually decreases. So, our hypothesis is partially true that the error
estimated from the step-change function increases with contact distance. MAE as a

function of time is shown in Fig 7.7, it follows a periodic pattern.
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Figure 7.5. Errors estimated from the step-change function model at 10,000 m
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7.5. Quantifying the thermal history effect

There are many conventional mine ventilation programs available for conducting
heat transfer and for predicting the underground climatic conditions. However, none of
them can handle the thermal history effect correctly. MULTIFLUX has the component to
handle the thermal history effect in heat balance. Therefore, the standalone MF with
thermal history component model is used for this test. Real atmosphere temperature
includes the random variation is easy to disturb this study. So, a synthetic temperature
only includes the stationary part as dynamic input air temperature is applied in this study.
The data is obtained from the 6 scenarios modelled by thermal history model at 1,000 m.
Day 90, 144, 7020 and 7086 are selected to compare the input surface temperature and
output temperatures at 1,000 m. Day 90, 144, 7020 and 7086 have very close input
surface temperature as 32.04 °C, 32.03 °C, 32.11 °C and 32.01 °C. As shown in Fig 7.1,
day 90 and 7020 belong to the temperature increasing period but at different years, day
144 and 2086 belong to the temperature decreasing period at different years. The output
temperatures at 1,000 m for 6 scenarios are shown in Table 7.3. Although, day 90 and
day 144 have very close input air temperature (difference is less than 0.01 °C), their
output temperature at 1,000 m have a difference larger than 1 °C for scenarios 1-5.
Moreover, all six scenarios have different output temperature at 1,000 m while there are
obtained with the same day and the same input air temperature. Study from Table 7.3,
thermal history effect is related to time, contact distance, rock thermal conductivity and

air velocity. And, there is no linear relationships between input and output temperatures.
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Table 7.3. Output temperature at 1,000 m for 6 scenarios

Input Time (day) 90 144 7020 7086
Temperature (°C) | 32.04 | 32.03 | 32.11 32.01

Output 1 21.1 22.95 20.65 23.33
temperature 2 24.24 | 25.75 24.08 26.14
at 1,000 m 3 27.02 | 28.06 27.06 28.35
for 4 23.78 | 25.46 | 23.58 25.9
scenarios 5 26.67 | 27.83 26.69 28.15
6 28.86 | 29.57 | 28.96 29.76

7.6. Conclusion and recommendation

e Using dynamic input temperature cannot cure the no thermal history model.
Modelling error would higher than 6 °C, and the MAE is 4.67 °C which is exceed
our criteria even at the first 1,000 m.

e Model error increase with the contact distance for the first 4,000 m. Highest
model error occurs around 4,500 m. After that, model error slowly decreases but
still exceed our criteria.

e Model error is periodic. The no thermal history model may be used when input air
temperature is close to the virgin rock temperature.

e Time dependent calibration may be used to improve the no thermal history model,

if stochastic temperature variation is not significant.
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CHAPTER VIII. Conclusion and future work

8.1. Summary of the study

1.

Maximum and minimum constant input temperature cases are studied to show that a
mine ventilation and climatic program which does not take into account the thermal
history component gives erroneous prediction, even if the mine using a constant
intake air temperature.

By comparing currently used mine ventilation software (no thermal history
component) with advanced thermal history model, significant modeling errors are
noticed. The MAE increases with the contact distance. MAE can be greater than the
designed criteria of 1 °C everywhere, and modeling errors can be higher than 10 °C at
10,000 m. It shows that the thermal history component is even more important for
deep and large underground mines.

Calibration cannot cure the location dependent modelling error; Time dependent
calibration may be used for the no thermal history model if the stochastic variation of
local weather is not significant.

As part of the V-T-H modeling studies, the dynamic input air temperature is
described as the analytical function in chapter V1. Also, the dynamic input air
temperature system is given as a plugin program in appendix A. It can be used for
quantifying the thermal history effect in MF. It is useful in the mine design stage, and
can significantly help to reduce the input data size.

Currently used mine ventilation software is not able to accurately conduct dynamic

ventilation simulation. The thermal history effect cannot simply quantified by a
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simple one-to-one analytical function. The thermal history effect varies with time,
contact distance, rock thermal conductivity and air velocity. A Ventilation-Thermal-
Humidity software can be used with confidence to simulate the “thermal history
effect” on both hourly and daily temperature variation scales are necessary.

8.2. Future work

1. The new MULTIFLUX which includes thermal history solver engine should be
developed and delivered for commercial use. A comparison between no thermal
history model (most recent VentSim) and thermal history model (advanced MF) for
real mine network should be done, and real measured data should be used as
reference.

2. Dynamic input air temperature system should be tested on more locations. Stationary
long-term trend and short time stochastic variation pattern might be different at
different locations.

3. Ventsim’s native GUI is used as basis for setting up the ventilation network.

Dynamic input air temperature system need to be imbedded into VentSim GUI.
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CHAPTER IX. My contribution to this research work

1. Let us assume that an underground mine has preheating or precooling at the

entrance, so it is possible that the mine has a constant input air temperature. Will a
conventional ventilation software correctly predicts the air temperature in a
simple straight airway? | proved that even for a constant input temperature case in
a simple straight airway, a conventional model still gives erroneous prediction due
to lack of thermal history component. | proved this by comparing and analysing
output results through conventional modeling and through thermal history
modeling using 12 scenarios.

Most of the currently, commercially used ventilation software do not have the
thermal history component incorporated, as well as the dynamic input air
temperature algorithm. To prove how significant is the modeling error using
conventional mine ventilation software, | performed a comparison between
conventional ventilation simulation scenario (using constant input air temperature
and no thermal history component) and real mine environment simulation
scenario (using real measured daily input air temperature and thermal history
model) using 6 scenarios. The MAE is greater than the designed criteria of 1 °C
throughout the network in any scenario and the modeling error can higher than 10
°C at 10,000 m. The MAE increases with the contact distance.

| tried to test if calibration can cure the conventional model. | performed a time
dependent model calibration and location dependent model calibration. Based on

my analysis of the calibration results, the error is composed by two parts as
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random error and thermal history error. The random error is caused by daily
random air temperature changes. The thermal history error is caused by thermal
history effects as “amplitude attenuation” and “phase shift”. The daily air
temperature has a random part in it which is non-controllable. The thermal history
effect varies with time and distance. So, calibration cannot cure a conventional
mine ventilation model.

| performed a mathematical analysis of the surface air temperature for a 20-year
timeframe using daily measured air temperatures in Winnemucca, USA for the
test. An analytical function was provided in this study to describe the dynamic
input air temperature. The dynamic input air temperature plug-in module is
provided in appendix A for MF.

. A stable analytical input air temperature is used for the final test to quantify the
thermal history effect. | performed the tests using 6 scenarios. | allocated a one-
to-one corresponding function for the input air temperature and output air
temperature, which is a linear function for certain locations in the Ventilation-
Thermal-Humidity model. In this study, it has been determined that the thermal
history effect is varying with time, contact distance, rock thermal conductivity
and air velocity. Based on this study, the thermal history effect cannot be
simplified as an analytical function. An advanced Ventilation-Thermal-Humidity

software with the ability to handle dynamic thermal history effect is necessary.
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Appendix A

clear all;

%$load input

load Winne20Y.txt; S%input temperature

T=length (Winne20Y) ;

t=1:T;t=t"';

$Part 1. fit single year data

Stime

tY1=(1:365);tY¥Y2=(366:730) ;t¥3=(731:1095) ;tY¥4=(1096:1461) ;
tY5=(1462:1826);tY6=(1827:2191) ;tY7=(2192:2556) ;t¥8=(2557:2922);
tY9=(2923:3287);tY10=(3288:3652) ;tY11=(3653:4017);tY12=(4018:4383);
tY13=(4384:4748);tY¥14=(4749:5113);tY15=(5114:5478) ;tY1l6=(5479:5844);
tY17=(5845:6209);tY¥18=(6210:6574);tY19=(6575:6939) ;tY¥20=(6940:7305)
tmeasured data

WinneY1=Winne20Y (1:365) ;WinneY2=Winne20Y (366:730) ;WinneY3=Winne20Y (731:
1095) ;WinneY4=Winne20Y (1096:1461) ;

WinneY5=Winne20Y (1462:1826) ;WinneY6=Winne20Y (1827:2191) ;WinneY7=Winne20
Y (2192:2556) ;WinneY8=Winne20Y (2557:2922) ;

WinneY9=Winne20Y (2923:3287) ;WinneY10=Winne20Y (3288:3652) ;WinneYll=Winne
20Y(3653:4017) ;WinneY12=Winne20Y (4018:4383) ;

WinneY13=Winne20Y (4384:4748) ;WinneY¥1l4=Winne20Y (4749:5113) ;WinneY15=Winn
e20Y (5114:5478) ;WinneY16=Winne20Y (5479:5844) ;

WinneY17=Winne20Y (5845:6209) ;WinneY¥18=Winne20Y (6210:6574) ;WinneY19=Winn
e20Y (6575:6939) ;WinneY¥20=Winne20Y (6940:7305) ;

$LSQ fitted data

[al, TestY1l]=TinputFull365 (WinneY1l); [a2,TestY2]=TinputFull365 (WinneY2) ; [
a3, TestY¥3]=TinputFull365 (Winne¥Y3); [a4,TestY4]=TinputFull366 (WinneY4) ;
[a5, TestY5]=TinputFull365 (Winne¥5); [a6,TestY6]=TinputFull365 (WinneY6) ; [
a7,TestY7]=TinputFull365 (WinneY7); [a8,TestY8]=TinputFull366 (WinneY¥Y8) ;
[a9,TestY9]=TinputFull365(WinneY9); [al0, TestY¥10]=TinputFull365 (WinneY10
);[all, TestY1l1l]=TinputFull365 (WinneY1ll); [al2,TestY12]=TinputFull366 (Win
neY1l2);

[al3,TestY13]=TinputFull365(WinneY¥13); [al4,TestY1l4]=TinputFull365 (Winne
Y14);[al5, TestY1l5]=TinputFull365 (WinneY¥15); [al6,TestY16]=TinputFull366 (
WinneY16) ;
[al7,TestY1l7]=TinputFull365 (WinneY17); [al8,TestY18]=TinputFull365 (Winne
Y18); [al5,TestY¥19]=TinputFull365 (Winne¥19); [a20,TestY20]=TinputFull366 (
WinneY20) ;

max

MaxYl=max (TestY1l) ;MaxY2=max (TestY¥2) ;MaxY3=max (Test¥3) ;MaxY¥4=max (TestY4)
;MaxY5=max (Test¥5) ;

MaxY6=max (Test¥6) ;MaxY7=max (Test¥Y7) ;Max¥Y8=max (Test¥8) ;Max¥Y9=max (Test¥Y9)
;MaxY10=max (TestY1l0) ;

MaxYll=max (TestY1ll) ;MaxY1l2=max (TestY1l2) ;MaxY1l3=max (TestY13);Max¥Y1l4=max (
TestY1l4) ;MaxY15=max (TestY1l5) ;

MaxY1l6=max (TestY16) ;MaxY1l7=max (Test¥Y1l7);MaxY¥18=max (TestY¥18) ;Max¥Y1l9=max (
TestY19) ;MaxY20=max (TestY20) ;

$Min

MinYl=min (TestY1l) ;MinY2=min (TestY¥2) ;MinY3=min (Test¥3) ;MinY4=min (TestY4)
;MinY5=min (TestY¥5) ;

MinY6=min (Test¥6) ;MinY7=min (Test¥7) ;MinY¥8=min (Test¥8) ;MinY9%=min (Test¥9)
;MinY10=min (TestY1l0) ;

’
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MinYll=min (TestY1ll);MinY12=min (TestY12);MinY13=min (TestY13);MinYl4=min (
TestY14) ;MinY15=min (TestY15) ;

MinY1l6=min (TestY16) ;MinY1l7=min (TestY1l7);MinY18=min (TestY18) ;MinY19=min (
TestY19) ;MinY20=min (TestY20) ;

$Mean

MeanYl=mean (TestY1l) ;MeanY2=mean (TestY¥2) ;MeanY3=mean (Test¥3) ;MeanY4=mean
(TestY4) ; MeanYb=mean (Test¥5) ;

MeanY6=mean (TestY¥6) ;MeanY/7=mean (TestY7) ;MeanY8=mean (Test¥8) ;MeanY9=mean
(TestY9) ;MeanYl0=mean (TestY10) ;

MeanYll=mean (TestY1ll) ;MeanYl2=mean (TestY1l2) ;MeanY1l3=mean (TestY13) ;Mean¥
l4=mean (Test¥Y1l4) ;MeanYl5=mean (TestY1l5);

MeanYl6=mean (TestY16) ;MeanYl7=mean (TestY1l7) ;MeanY1l8=mean (TestY18) ;Mean¥
19=mean (TestY19) ;MeanY20=mean (TestY20) ;

$Max,min and mean in vector

tMMM= (1:20) ;
MaxlY=[Max¥1l,Max¥2,Max¥3,Max¥4,Max¥5,Max¥6,Max¥7,Max¥8,Max¥9,Max¥10,Max
Y1ll,MaxY12,MaxY13,MaxY¥14,MaxY15,MaxY¥16,MaxY17,Max¥18,MaxY19,Max¥20];
MinlY=[MinY1l,MinY¥2,MinY¥3,MinY¥4,MinY5,MinY6,MinY7,MinY¥8,MinY9,MinY10,Min
Y1l1l,MinY¥12,MinY13,MinY14,MinY15,MinY16,MinY17,MinY18,MinY19,MinY20];
MeanlY=[Mean¥Yl,Mean¥Y2,Mean¥3,MeanY¥4,Mean¥5,MeanY6,Mean¥7,Mean¥8,Mean¥9,
Mean¥Y10,Mean¥Y1ll,Mean¥12,Mean¥13,Mean¥14,Mean¥15,Mean¥16,Mean¥Y17,Mean¥Y18
,Mean¥19,Mean¥20];

RangelY=Max1Y-MinlY;

%Linear function fit

[a21Y,Test21Y]=TinputL (MeanlY¥"') ;

RMS1l=sqgrt (mean2 ( (Test21lY¥-MeanlY) ."2));

$Part 2. Seperate 5 sets for 4 years

$1-4Y

ta=1:1401;

[aFa, Testla]l=TinputM3 (Winne20Y (1:1461));

$5-8Y

thb=1462:2922;

[aFb, Testlb]=TinputM3 (Winne20Y (1462:2922)) ;

%$9-12Y

tc=2923:4383;

[aFc, Testlc]=TinputM3 (Winne20Y (2923:4383)) ;

$13-16Y

td=4384:5844;

[aFd, Testld]=TinputM3 (Winne20Y (4384:5844));

$17-20Y

te=5845:7305;

[aFe, Testle]=TinputM3 (Winne20Y (5845:7305)) ;

% Max for each year

Max4Yl=max (Testla (1:365)) ;Max4Y¥2=max (Testla (365:730)) ;Max4¥3=max (Testla
(731:1095)) ;Max4Y4=max (Testla(1096:1461));

Max4Y5=max (Testlb(1:365)) ;Max4Y6=max (Testlb (365:730) ) ;Max4Y7=max (Testlb
(731:1095)) ;Max4Y8=max (Testlb (1096:1461)) ;

Max4Y9=max (Testlc (1:365)) ;Max4Y10=max (Testlc (365:730));Max4Yll=max (Test
1c(731:1095)) ;Max4Y12=max (Testlc(1096:1461)) ;

Max4Y13=max (Test1ld (1:365)) ;Max4Y1l4=max (Testld(365:730)) ;Max4Y15=max (Tes
t1d(731:1095) ) ;Max4Y1l6=max (Test1d (1096:1461));

Max4Y1l7=max (Testle (1:365)) ;Max4Y18=max (Testle (365:730)) ;Max4Y19=max (Tes
tle (731:1095)) ;Max4Y20=max (Testle (1096:1461)) ;
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$Min

Min4Yl=min (Testla (1:365));Mind4Y¥2=min (Testla (365:730));Min4Y¥3=min (Testla
(731:1095)) ;Mind4Y4=min (Testla(1096:1461)) ;

Min4Y¥5=min (Testlb (1:365));Mind4Y¥6=min (Testlb (365:730)) ;Min4Y¥7=min (Testlb
(731:1095)) ;Min4Y8=min (Testlb (1096:1461)) ;

Mind4Y9=min (Testlc (1:365));Min4Y10=min (Testlc (365:730));MindYll=min(Test
1c(731:1095));Mind4Y12=min (Testlc (1096:1461)) ;

Min4¥Y13=min (Testld(1:365));Mind4Y14=min (Testld (365:730));Min4Y¥15=min (Tes
£t1d(731:1095)) ;Mind4Y16=min (Test1ld(1096:1461)) ;

Min4Y17=min (Testle (1:365));MindY18=min(Testle (365:730));Min4Y19=min (Tes
tle(731:1095));Mind4Y20=min (Testle (1096:1461)) ;

%$Mean

Meand4Yl=mean (Testla(1:365))  ;Meand4dY2=mean (Testla (365:730) ) ;Meand¥3=mean (
Testla(731:1095)) ;Meand4Y4=mean (Testla (1096:1461)) ;

MeandY5=mean (Testlb (1:365)) ;MeandYo=mean (Testlb (365:730)) ;MeandY7=mean (
Testlb(731:1095)) ;MeandY8=mean (Testlb (1096:1461)) ;

MeandY9=mean (Testlc(1:365)) ;Meand4¥10=mean (Testlc (365:730)) ;Meand¥Yll=mea
n(Testlc(731:1095)) ;MeandYl2=mean (Testlc(1096:1461));

Mean4Yl3=mean (Testld(1:365)) ;Mean4¥Y¥l4=mean (Testld (365:730)) ;Meand4d¥Y15=me
an (Test1ld (731:1095) ) ;MeandYlo=mean (Test1ld (1096:1461)) ;

MeandYl7=mean (Testle (1:365)) ;Meand4Y18=mean (Testle (365:730)) ;Meand¥Y19=me
an (Testle (731:1095) ) ;MeandY20=mean (Testle (1096:1461)) ;

MeandYa=mean (Testla) ;Meand4Yb=mean (Testlb) ;MeandYc=mean (Testlc) ;MeandYd=
mean (Testld) ;Meand4dYe=mean (Testle) ;

%$max, min, and mean in vector
Max4Y=[Max4Y1l,Max4Y2,Max4Y3,Max4Y4,Max4Y5,Max4Y6,Max4Y7,Max4Y8,Max4Y9, M
ax4Y10,Max4Y11l,Max4Y12,Max4Y13,Max4Y14,Max4Y15,Max4Y16,Max4Y17,Max4Y18,
Max4Y19,Max4Y20] ;
MindY=[Min4Y1,Min4Y2,Min4Y3,Mind4Y4,Min4Y5,Min4Y6,Min4Y7,Mind4Y¥8,Min4Y9, M
in4Y¥10,Min4Y11,Min4Y12,Min4Y13,Min4Y14,Min4Y15,Min4Y16,Min4Y17,Min4Y18,
Min4Y19,Min4Y20];
Meand4Y=[Meand4Y1l,Meand4Y2,Meand4Y3,Meand4Y4,Meand¥5,MeandY6,MeandY7,Meand¥Y8
,Meand4Y9,Meand4¥10,Meand4¥11l,MeandY12,Meand4¥Y¥13,Meand4Y¥14,MeandY¥15,Meand¥16
,Mean4Y17,Mean4Y18,Meand4¥19,Meand¥20];
Meand4Y4=[Mean4d4Ya,Meand4Ya,Meand4Ya,Meand4Ya,Mean4Yb,Meand4Yb,Meand4Yb,MeandyY
b,Mean4d4Yc,Meand4Yc,Meand4Yc,Meand4Yc,Mean4Yd, Mean4Yd, Mean4Yd, Mean4Yd, Mean4
Ye,Mean4d4Ye,Meand4Ye,MeandYe];

RangedY=Max4Y-MindY;

%$Linear function

[aldY, Testl1l4Y]=TinputL (Mean4d¥4') ;

RMS2=sqgrt (mean2 ( (Testl4dY-Meand¥4) ."2));

%part 3: Measured 20 year data fit. 17 frequencies M3-type model and
M5-type model

P3MeanYl=mean (WinneY1l) ; P3MeanY2=mean (WinneY2) ; P3MeanY3=mean (Winne¥3) ; P3
MeanY4=mean (WinneY4) ; P3MeanY5=mean (WinneY¥Y5) ;

P3MeanY6=mean (WinneY¥6) ; P3MeanY7=mean (WinneY7) ; P3MeanY8=mean (Winne¥8) ; P3
Mean¥Y9=mean (WinneY9) ; P3MeanYl0=mean (WinneY10) ;

P3MeanYll=mean (WinneY1l1l) ; P3Mean¥Yl2=mean (WinneY12) ; P3MeanY1l3=mean (WinneY
13) ; P3MeanYl4=mean (WinneY¥14) ; P3MeanYl5=mean (WinneY15) ;

P3MeanYl6=mean (Winne¥Y1l6) ; P3MeanYl7=mean (WinneY17) ; P3MeanY18=mean (WinneY
18) ; P3Mean¥1l9=mean (Winne¥19) ; P3MeanY20=mean (WinneY20) ;
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P3Mean=[P3MeanYl, P3MeanY2, P3MeanY3, P3Mean¥4, P3Mean¥5, P3MeanY6, P3MeanY7,
P3Mean¥8, P3MeanY9, P3MeanY10, P3Mean¥Y11l, P3Mean¥Y12, P3MeanY13, P3MeanY14, P3M
ean¥1l5, P3Mean¥Y16, P3Mean¥Y17, P3Mean¥18, P3Mean¥19, P3Mean¥20];
[aP3,TestP3]=TinputL (P3Mean') ;

RMS3=sqgrt (mean2 ( (TestP3-P3Mean) ."2));

tM3-type model

[a5,Test5]=TinputM3 (Winne20Y) ;

RMS5=sqgrt (mean2 ( (Test5-Winne20Y) ."2)) ;

[a5L, Test5L]=TinputL (Testb);

RMS8=sqgrt (mean2 ( (Test5L-Test5) ."2));

TM5-type model

[a6,Test6]=TinputM5 (Winne20Y) ;

RMS6=sqgrt (mean2 ( (Test6-Winne20Y) ."2));

[a6L, Testo6L]=TinputL (Test6)

RMS7=sqgrt (mean2 ( (Test6L-Test6) ."2));

Error6=Winne20Y-Test6;

$Linear function fit

[aL20Y, TestL20Y]=TinputL (Winne20Y) ;

RMS4=sqgrt (mean2 ( (TestL20Y-Winne20Y) ."2));

[a6EL, Test6EL]=TinputL (Error6) ;

[aY1lL, TestY1lL]=TinputL (WinneYl); %linear fit year 1

RMS9=sqgrt (mean2 ( (TestY1lL-WinneY1l) ."2));

$Partd: Add the normal random Ts to the Tr

mu=mean (Error6); S%Smean of the random

SD=(sum( (Error6-mu) ."2)/T)"~0.5; %$standard deviation of random
R=normrnd (mu, SD, 7305,1); % a random normal distribution
Test7=Test6+R;

$linear fit

[a7L, Test7L]=TinputL (Test7);

Supper boundary

ub=Test6+3*SD;

%$lower boundary

1b=Test6-3*SD;

%%% plot air temperature figure for 20 years

figure(l) %plot air temperature with M5-type model

plot (t,Winne20Y,t, Test6) ;

title ('Air temperature');legend('Measured temperature', 'M5-type model
Tr');

ylabel ('Temperature (Centigrade) ') ;xlabel ('Time (day) ') ;grid on;
figure(2) %plot air temperature with M5-type model (Zoom in first year)
plot (£t (1:366),Winne20Y (1:366),t(1:366),Test6(1:366));

title ('Air temperature');legend('Measured temperature', 'M5-type model
Tr');

ylabel ('Temperature (Centigrade) ') ;xlabel ('Time (day) ') ;grid on;

figure(3) %plot air temperature with M5-type model (Zoom in last year)
plot (£ (6939:7305) ,Winne20Y (6939:7305) ,t(6939:7305),Test6(6939:7305));
(

title ('Air temperature');legend('Measured temperature', 'M5-type model
Tr');
ylabel ('Temperature (Centigrade) ') ;xlabel ('Time (day)');grid on;

%plot the single year fit curve

figure (4) S%plot Tr temperature fit for single year

plot (tYl, TestYl, tY¥2,TestY2,tY¥3,TestY¥3,tY4, TestY4,t¥5, Test¥5,tY6, TestYo,
tY7, TestY7,tY¥8, TestY8,tY9, TestY9,tY10, TestY10, ...
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tYll, TestYll,tY12,TestY12,tY13,TestY13,tY1l4, TestYl4,tY1l5, TestY1l5,tY16,T
est¥l6,tY1l7,TestY1l7,t¥18,Test¥18,tY19,TestY19, t¥20,Test¥20);

title ('Regular temperature trend model');legend('M3-type single year
fit'");

ylabel ('Temperature (Centigrade)');xlabel ('Time (day)');grid on;
figure (5) %plot Tr temperature fit for single year with M5-type model,
20year fit (Zoom in first year)

plot (tYl, TestYl,t(1:366),Test6(1:366));

title ('Regular temperature trend model');legend('M3 model, single year
fit', 'M5 model, 20 years fit');
ylabel ('Temperature (Centigrade)');xlabel ('Time (day)');grid on;

figure (6) S%Splot Tr temperature fit for single year with M5-type model,
20year fit (Zoom in last year)

plot (tY20, TestY20,t (6939:7305),Test6(6939:7305)) ;

title ('Regular temperature trend model');legend('M3 model, single year
fit', 'M5 model, 20 years fit');

ylabel ('Temperature (Centigrade) ') ;xlabel ('Time (day) ') ;grid on;
figure (7) %plot Tr temperature max, min, mean

plot (tMMM, MeanlY, tMMM,Max1Y, tMMM, MinlY) ;

title ('Regular temperature trend M3-typle fit for single
year');legend('Mean', '"Max', 'Min');

ylabel ('Temperature (Centigrade) ') ;xlabel ('Time (day)');grid on;

%plot for 4-year period fit

figure (8) %$plot Tr temperature fit for 4-year period
plot(ta,Testla, tb,Testlb, tc,Testlc, td, Testld, te, Testle);

title ('Regular temperature trend model');legend('M3-type model for 4-
year period');

ylabel ('Temperature (Centigrade) ') ;xlabel ('Time (day) ') ;grid on;
figure (9) %plot Tr temperature fit for 4-year M3, with 20year fit M5
(Zoom in first year)
plot(ta(l:366),Testla(l:366),t(1:366),Test6(1:366));

title ('Regular temperature trend model');legend('M3 model, 4-year
fit', 'M5 model, 20 years fit');

ylabel ('Temperature (Centigrade)');xlabel ('Time (day)');grid on;
figure (10) S%plot Tr temperature fit for 4-year with 20year fit M5 (Zoom
in last year)

plot (te(1095:1461),Testle(1095:1461),t(6939:7305),Test6(6939:7305));
title ('Regular temperature trend model');legend('M3 model, 4-year
fit', 'M5 model, 20 years fit');

ylabel ('Temperature (Centigrade)');xlabel ('Time (day)');grid on;
figure(11l) S%plot temperature model max, min, mean for 4-year period fit
plot (tMMM, Mean4Y4, tMMM, Max4Y, tMMM, Min4Y) ;

title ('Regular temperature trend M3-typle fit for 4-year
period');legend('Mean', 'Max', 'Min'") ;

ylabel ('Temperature (Centigrade)');xlabel ('Time (day)');grid on;

$Plot for 20 years data fit

$M3-type model

figure (12) S%Splot Tr temperature fit for 20 years

plot(t, Testb);

title ('Regular temperature trend model');legend('M3-type model');
ylabel ('Temperature (Centigrade)');xlabel ('Time (day)');grid on;



figure (13) %plot Tr temperature fit for M3 and M5-type model, 20year
fit (Zoom in first year)

plot (t(1:366),Test5(1:366),t(1:366),Test6(1:366))

title ('Regular temperature trend model');legend('M3 model, 20 year
fit', 'M5 model, 20 years fit');

ylabel ('Temperature (Centigrade)');xlabel ('Time (day)');grid on;
figure (14) %plot Tr temperature fit for M3 and M5-type model, 20year
fit (Zoom in last year)

plot (£ (6939:7305),Test5(6939:7305),t(6939:7305),Test6(6939:7305));
title ('Regular temperature trend model');legend('M3 model, 20 year
fit', 'M5 model, 20 years fit');

ylabel ('Temperature (Centigrade)');xlabel ('Time (day)');grid on;

M5 type model

figure (15) S%plot Tr temperature fit for 20 years

plot(t, Testh);

title ('Input air temperature');legend('M5-type model');

ylabel ('Temperature (Centigrade)');xlabel ('Time (day)');grid on;
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figure (16) Splot Tr temperature fit M5-type model, 20year fit (Zoom in

first year)

plot (t(1:366),Test6(1:366));

title ('Regular temperature trend model');legend('M5 model, 20 years
fit'");

ylabel ('Temperature (Centigrade) ') ;xlabel ('Time (day)');grid on;

figure(17) S%Splot Tr temperature fit M5-type model, 20year fit (Zoom in

last year)

plot (£t (6939:7305),Test6(6939:7305)) ;

title ('Regular temperature trend model');legend('M5 model, 20 years
fit');

ylabel ('Temperature (Centigrade) ') ;xlabel ('Time (day) ') ;grid on;
%$stochastic variation

figure (18) %$plot the stochastic variation

plot(t,Error6);

title ('Stochastic temperature part');legend('Stochastic variation');
ylabel ('Temperature (Centigrade) ') ;xlabel ('Time (day) ') ;grid on;
figure (19) %stochastic variation (Zoom in first year)

plot (t(1:366),Error6(1:366));

title ('Stochastic temperature part');legend('Stochastic variation');
ylabel('Temperature (Centigrade) ') ;xlabel ('Time (day)"');grid on;
figure (2 %$stochastic variation (Zoom in last year)

plot(t (6939 7305) ,Error6(6939:7305)) ;

title ('Stochastic temperature part');legend('Stochastic variation');
ylabel ('Temperature (Centigrade)');xlabel ('Time (day)');grid on;

$TA(t) the final analytical function
figure (21) S%Splot TA final temperature model
plot (t,Test7);

title ('Final temperature model');legend('Final analytical temperature
model"') ;
ylabel ('Temperature (Centigrade) ') ;xlabel ('Time (day)');grid on;

figure (22) %Splot Tr temperature fit for M3 and M5-type model, 20year
fit (Zoom in first year)

plot (t(1:366),Test7(1:366),t(1:366),Winne20Y(1:366));

title ('Regular temperature trend model');legend('Final analytical
temperature model', 'Measured temperature');



113

ylabel ('Temperature (Centigrade)');xlabel ('Time (day)');grid on;
figure (23) %plot Tr temperature fit for M3 and M5-type model, 20year
fit (Zoom in last year)

plot (£ (6939:7305),Test7(6939:7305),t(6939:7305),Winne20Y (6939:7305));

title ('Regular temperature trend model');legend('Final analytical
temperature model', 'Measured temperature');
ylabel ('Temperature (Centigrade)');xlabel ('Time (day)');grid on;

%ub, 1lb and measured temperature

figure (24) Splot ub, 1lb, measured

plot(t,ub,t,Winne20Y,t, 1b);

title ('Air temperature');legend('Upper boundray', 'Measured
temperature', 'Lower boundary');

ylabel ('Temperature (Centigrade) ') ;xlabel ('Time (day)');grid on;
figure (25) %plot ub, 1lb, measured (Zoom in first year)
plot(t(1:366),ub(1:366),t(1:366),Winne20Y(1:366),t(1:366),1b(1:366));
title ('Air temperature');legend('Upper boundray', 'Measured
temperature', 'Lower boundary');

ylabel ('Temperature (Centigrade) ') ;xlabel ('Time (day) ') ;grid on;
figure (26) S%Splot ub, 1lb, measured (Zoom in last year)

plot (£ (6939:7305),ub(6939:7305),t(6939:7305) ,Winne20Y (6939:7305),t (6939
:7305),1b(6939:7305)) ;

title ('Air temperature');legend('Upper boundray', 'Measured
temperature', 'Lower boundary');

ylabel ('Temperature (Centigrade) ') ;xlabel ('Time (day)');grid on;
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