
1. Introduction

Convection refers to the macroscopic movement of fluid mole-

cules—liquids and gases—with specific velocity profiles [1]. It 

is classified as either natural, driven solely by gravitational 

forces, or forced, involving additional external forces [2]. The 

phenomenon arises from the imbalance between buoyancy 

forces, resulting from temperature-dependent density variations, 

and viscous forces [3]. Instabilities in the fluid lead to the for-

mation of convective cells, first described by Bénard (see Aubin 

[3]). Rayleigh-Bénard convection occurs when the lower fluid 

layers are hotter than the upper ones. Such structures, resem-

bling biological cells, are observed in Newtonian and non-New-

tonian fluids, in homogeneous  liquids  and  in  nanoparticle  sus- 

pensions [4]. Nanoparticles added to the base fluid may be me-

tallic, such as Al₂O₃ or Cu [5], or non-metallic, such as SiO₂ 
[6]. 

Convection processes occur at both large scales, such as in 

stellar interiors [7], and in small-scale systems with complex ge-

ometries. Applications include nuclear reactor design and elec-

tronics cooling systems [8]. Experimental methods, such as the 

Schlieren technique, which is an optical method, allow for im-

aging the flow of liquids with different densities [9]. 

The presence of obstacles can influence the convective flow, 

modifying the structure of the thermal boundary layer and af-

fecting heat transfer rates above or below a horizontally placed 

plate [10]. In particular, obstacles below a horizontally placed 

plate can lead to laminarization and thickening of the boundary 

Co-published by 

Institute of Fluid-Flow Machinery 

Polish Academy of Sciences 

Committee on Thermodynamics and Combustion 

Polish Academy of Sciences 

Copyright©2025 by the Authors under licence CC BY 4.0 

http://www.imp.gda.pl/archives-of-thermodynamics/ 

Linear method for the determination of Newton’s heat transfer 
coefficient in the gap under conditions of limited convection  

Ewa Pelińska-Olko*, Emilija Zagórska

Department of Thermodynamics and Renewable Energy Sources, Faculty of Mechanical and Power Engineering,  

Wroclaw University of Science and Technology, Wybrzeże Stanisława Wyspiańskiego 27, 50-370 Wrocław, Poland 

*Corresponding author email: Ewa.Olko@pwr.edu.pl 

Received: 21.02.2025; revised: 16.05.2025; accepted: 27.05.2025 

Abstract 

This study investigates heat transfer under conditions of limited (undeveloped) convection within a narrow 5 cm gap between 
a centrally positioned heater and the inner walls of a closed chamber. A simplified approach − the linear method − is proposed 
for estimating Newton’s heat transfer coefficient, assuming a weak linear dependence on temperature. Experimental data and 
known convection models were used to verify the method. The convective component obtained using the linear method was 
compared to experimental values and theoretical bounds, showing that the linear method slightly overestimates but remains 
within a valid range. Artificial neural networks supported the estimation of steady-state temperatures and voltages. This work 
is a continuation of earlier research and confirms the practical value of the linear method in constrained thermal environments. 
Further development of the experimental rig is planned to expand the study. 

Keywords: Limited convection; Gap; Artificial neural network; Newton heat transfer coefficient 

Vol. 46(2025), No. 2, 153‒165; doi: 10.24425/ather.2025.154914 

Cite this manuscript as: Pelińska-Olko, E., & Zagórska, E. (2025). Linear method for the determination of Newton’s heat transfer coefficient 

in the gap under conditions of limited convection. Archives of Thermodynamics, 46(2), 153−165. 

http://www.imp.gda.pl/archives-of-thermodynamics/
https://www.editorialsystem.com/editor/aot/article/494274/view/
mailto:Ewa.Olko@pwr.edu.pl
https://www.editorialsystem.com/editor/aot/article/494274/view/


Pelińska-Olko E., Zagórska E. 

 

154 
 

Nomenclature 

A ‒  area of surface, m2 

B, C, D, E ‒ constants 

Gr ‒ Grashof number 

h ‒ Newton’s coefficient, W/(m2 K) 

m ‒ number of neurons 

Nu ‒ Nusselt number 

P ‒ power, W  

Pr ‒ Prandtl number 

𝑄̇ ‒ heat flux, W  

R ‒ electrical resistance,   

R² – coefficient of determination  

𝑟𝑦𝑒𝑖𝑦𝑖‒ Pearson’s coefficient 

T – temperature, K  

t ‒ time, s 

U ‒ voltage, V 

 

Greek symbols 

δ – thickness of a gap, m 

ε – relative emissivity coefficient 

εz – correction factor 

λ – thermal conductivity, W/(m K) 

𝜎 – Stefan-Boltzmann constant, W/(m2 K4) 

 

Subscripts and Superscripts 

b – solid body 

f – fluid 

ch – chamber 

k – convection part 

h – heater 

r – radiation part 

S – using Solver function 

tgc – theoretical gap model 

toc – theoretical open model 

 

Abbreviations and Acronyms 

ANN – artificial neural networks 

GNU R – interpreted language 

GPL – general public license 

HL – hidden layer 

IN – input layer 

ML – linear method 

OUT – output layer 

SEM – electromotive force  

RMSE – root mean square error  

TB – training base 

 

layer, decreasing the heat transfer coefficient [11]. The concept 

of the thermal boundary layer was introduced by Prandtl and re-

mains essential for understanding convection phenomena. The 

Prandtl number (Pr) expresses the ratio of momentum diffusivity 

to thermal diffusivity, with heat conduction dominating within 

the thermal boundary layer [12]. 

Scaling effects of convective cells, involving their expansion 

or contraction with volume changes, significantly impact ther-

mal resistance in engineering structures. Key factors include gap 

dimensions, wall displacement and temperature differences, 

which collectively influence convective patterns [13]. Convec-

tion in rotating [14] and stationary [15] partitions has been stud-

ied experimentally, with results generalized for practical appli-

cations [16]. These findings are especially important for indus-

trial systems and modern construction technologies [17]. 

Given the widespread occurrence and technological signifi-

cance of natural convection, continued research in this area re-

mains fully justified. Moreover, the development of methods for 

analysing thermal phenomena on a small scale − particularly in 

closed or semi-closed spaces − has increased the need for a dee-

per understanding of heat transport mechanisms in narrow gaps. 

This is driven by technological demands, as many modern ap-

plications tend toward component miniaturization, such as in 

microelectronics, materials engineering, and the design of ad-

vanced passive cooling systems. In such confined geometries, 

classical convection models often prove insufficient. This fur-

ther reinforces the relevance and justification of the research 

topic undertaken in this study. 

In the present study, the term ‘convection’ refers specifically 

to natural convection in Newtonian fluids, where viscosity de-

pends only on temperature. This work builds upon previous 

studies involving the experimental determination of the emissiv-

ity of black paint to assess the radiative component of the con-

vection coefficient in this study (hr) [18], as well as the use of 

artificial neural networks (ANN) for predicting steady-state 

temperature distributions within the analysed range of heater 

power [19]. 

2. Theory 

The basic equation describing the phenomenon of heat transfer 

between a fluid and a solid body is the energy balance equation 

for a system with a “lumped capacitance model”. This model is 

used under the assumption that the whole body has a uniform 

temperature, which changes only in time  and not in space (no 

temperature gradients in the body). In its general form, this 

equation represents the change in enthalpy of the body, which 

affects the change in temperature and enthalpy of the body fluid 

environment, which can be written in the form of Newton’s clas-

sical equation. After taking into account the radiation from the 

body to other material bodies, the energy balance has the form 

known from the literature Eq. (1) [2]: 

 {
𝑚𝑐𝑝

𝑑𝜃

𝑑𝑡
= ℎ𝐴ℎ(𝑇ℎ − 𝑇𝑓)

ℎ𝐴ℎ(𝑇ℎ − 𝑇𝑓) = ℎ𝑘𝐴ℎ(𝑇ℎ − 𝑇𝑓) + 𝜀𝜎𝐴ℎ(𝑇ℎ
4 − 𝑇𝑐ℎ

4),
 (1) 

where: mcp‧dθ/dt is the enthalpy change of the considered body 

with mass m and specific heat cp, and the change in temperature 

over time measured in its centre dθ/dt; h is the convection coef-

ficient, Ah and Th are the surface area of the solid body and its 

surface temperature, respectively; Tch is the average surface tem-

perature of other solid bodies in the environment at temperature 

Tf, ε  relative radiation coefficient characteristic, for a given 

material, σ = 5.67‧10−8 W/(m2 K4)  Stefan-Boltzmann constant.  
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The upper row of Eq. (1) represents convective heat transfer 

directly to the surroundings of the body, such as the surrounding 

air. The symbol h denotes the convection coefficient under these 

conditions. The lower row presents a heat balance that includes 

radiative heat transfer to other material bodies located at a con-

siderable distance. Heat, treated as an extensive quantity, is ex-

pressed as the sum of the 'pure' convective heat flux, incorporat-

ing the convective component of Newton’s coefficient, and the 

radiative heat flux directed toward distant material objects. 

After introducing the assumption that, for good thermal con-

ductors, the internal temperature of the body (θ) is equal to the 

surface temperature (Th), Eq. (1) becomes nonlinear due to the 

presence of the temperature term raised to the fourth power. To 

linearize it, certain simplifications are applied: the ambient tem-

perature and the temperature of the surrounding bodies are as-

sumed to be similar (Th ≈ Tf). Under this condition, the radiation 

term can be expressed in the form of a convection-like equation, 

as shown in Eq. (2): 

 𝜀𝜎𝐴ℎ(𝑇ℎ
4 − 𝑇𝑐ℎ

4) = ℎ𝑟𝐴ℎ(𝑇ℎ − 𝑇𝑓), (2) 

or, after its prior linearization around, e.g., a certain average 

temperature Tav = (Th + Tf)/2, where hr is described by Eq. (3), 

[20]: 

 ℎ𝑟 ≈ 4𝜀𝜎𝑇𝑎𝑣
3. (3) 

As its result, the temperature term raised to the fourth power 

in Eq. (1) disappears. On the other hand, Newton’s coefficient 

is expressed as the sum of the purely convective component hk 

and the radiative component hr. 

Under steady-state conditions, the term involving enthalpy 

can be calculated as the heat generated by the heat-generating 

element, as in the case described in the work: 

 𝑚𝑐𝑝
𝑑𝜃

𝑑𝑡
= 𝑈𝐼, (4) 

where: U, I are the voltage and current intensity, respectively, at 

the power input of the heat-generating element at a steady state. 

In the rest of the article, the term hk is used to emphasize the 

purely convective character of Newton’s coefficient. 

In the literature, two main models are known that calculate 

hk in two extreme cases. The first concerns the situation when 

a solid body is surrounded by a medium and is in an open, un-

bounded space. In the second case, the medium is located in 

a gap between walls at a short distance from each other [21]. The 

first model describes phenomena in a typical open system. In the 

second case, the studied space is limited to a narrow, small gap, 

which may be located in another enclosed space [22]. As re-

ported by the authors [23], both open and closed systems differ 

not only in their ability to interact with the environment, but also 

in the type and intensity of thermal phenomena occurring, which 

is reflected in the values of the coefficients in the equations de-

scribing these phenomena. The first model, mentioned earlier, 

describes the criterion for determining the value of hk in unboun-

ded space, under free convection conditions as in Eq. (5): 

 Nu = B (Gr‧Pr)C, (5) 

where: Nu, Gr, Pr are the numbers of Nusselt, Grashof and 

Prandtl, respectively, and B, C are constant coefficients, the val-

ues of which are shown in Table 1 [22]. 

 

 

 

 

 

 

 

 

 

In the case of the gap, rising convection currents from the 

warmer wall cannot develop freely and come into direct contact 

with descending currents from the cooler wall. As a result, fluid 

circulation is not fully developed. The way of heat flow is 

treated here as heat conduction between walls. The thermal con-

ductivity coefficient, called equivalent λz is modified by apply-

ing a certain correction resulting from incomplete convection εk: 

 𝜆𝑧 = 𝜀𝑘 𝜆, (6) 

where λz is the equivalent heat transfer coefficient, εk is the con-

vection coefficient for this case, λ is the heat conduction coeffi-

cient for the fluid, for the arithmetic mean of the walls tempera-

tures. 

The correction 𝜀𝑘 is calculated from an experimental formula 

that relates the numbers Gr and Pr as in Eq. (7): 

 

 𝜀𝑘=D‧(Gr‧Pr)E, (7) 

where D and E are constants as in Table 2 [21].  

Finally hk is expressed by the formula: 

 ℎ𝑘 =
𝜆𝑧

𝛿
, (8) 

where δ is the thickness of a gap. 

 

 

 

 

 

 

 

 
These two models for the two extreme cases of convection 

are described in detail. The authors expected that convection in 

the gap created between the heater (1) and the inner surface of 

the chamber (2) on the test rig sketched in Figs. 1 and 2 would 

not fully develop, and therefore the values of the convection co-

efficient ℎ𝑘 should be between those calculated in the literature 

models and the actual values obtained directly from the experi-

ment. The topic was also very interesting due to the so-called 

scaling of convection cells, described in the introduction. It is 

not possible to clearly determine whether and how scaling may 

have occurred; however, the ℎ𝑘 values obtained using the ML 

model, being closer to reality, should allow for the rejection of 

some values derived from selected literature models. 

Table 1. B and C constants of the Eq. (5).  

B C Gr‧Pr 

1 0 Gr‧Pr < 10−3 

1.18 0.13 10−3< Gr‧Pr <500 

0.54 0.25 500 <Gr‧Pr <2‧107 

0.13 0.333 2‧107 < Gr‧Pr < 1013 

 

Table 2. D and E constants of Eq. (7). 

D E Gr‧Pr 

1 0 Gr‧Pr < 10−3 

0.105 0.3 103 < Gr‧Pr < 106 

0.4 0.2 106 < Gr‧Pr < 2‧1010 
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3. The test rig 

Figure 1 shows the sketch of the rig, along with its basic com-

ponents. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The experiments took place under dynamic vacuum at 

a pressure of about 300 Pa (2500 microns Hg). A cubic alumin-

ium chamber along with a rectangular heater at its geometric 

centre, was placed in a desiccator that was connected to a vac-

uum pump. The chamber had an inner side that was 14 cm long. 

The heater had dimensions of 3 cm × 3 cm × 4 cm. The average 

resistance of the heater at 20oC was 9,6677621 Ω and the re-

sistance of the cables connecting the heater at this temperature 

was 0,037 Ω. 

Data from the rig were collected using the Keithley multi-

meter (hereafter referred to as the meter), which provided rela-

tively accurate readings of the output signals in the form of re-

sistance or voltage.  

Figure 2 shows an axonometric mapping of the interior of 

the chamber, including the heater with external surface area Ah 

and temperature Th (1), inner surface of the chamber with area 

Ach and temperature Tch (2). The gap, which is mentioned in the 

work topic, is created between the heater (1) and the inner sur-

face of the chamber (2). In the gap, there is a fluid with temper-

ature Tf. The black dots (3) mark the location of the thermocou-

ples. Chamber (2) in Fig. 2 corresponds to position 3 in Fig. 1, 

which is located in the desiccator (8) in Fig. 1. 

Thermocouples 1 and 3 are located at the intersection of the 

diagonals of the respective walls of the heater. Thermocouples 

2 are located about 5 mm horizontally and 10 mm vertically 

from the edge of the heater wall. Thermocouples 4 and 5 located 

on the chamber wall are parallel to thermocouples 1 and 2. Ther-

mocouple 6 is placed loosely in the space between the heater and 

the chamber wall and measures the temperature of the air in the 

chamber.  

The temperature of the free ends of the K-type thermocou-

ples was measured using a PT1000 sensor [24,25]. This was 

a class A sensor, so its tolerance is ± 0.15oC for the temperature 

range tested [26]. As for the thermocouples themselves [27], 

their tolerance in the range of tested temperatures was due to  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

their initial calibration against each other. In addition, they were 

verified against PT100 [28]. They were assumed to have an ac-

curacy of 0.2 K [29]. 

All temperature sensors were calibrated before the actual 

measurements. 

The complete measurement cycle included reaching steady-

state conditions at selected measurement points, including the 

stage after air evacuation, for a given heater power level. The 

test measurement time ranged between approximately 3−6 hours 

depending on the measurement series. However, this study fo-

cused exclusively on the phenomena occurring up to the activa-

tion of the vacuum pump, i.e. on phenomena involving only con-

vection. 

The quadratic approximation of the K-type thermocouple 

characteristic [30], in the form of Eq. (9), was used to convert 

the voltage signal in mV from the meter to degrees Celsius. 

 T = −0.1412‧SEM 2 + 24.9231‧SEM + 0.1462, (9) 

where: T is the temperature value expressed in oC, SEM is the 

electromotive force value measured on the thermocouple in mV. 

The detailed design of the experimental setup, along with 

more extensive descriptions, is presented in previously pub-

lished works [18] and [19]. Each of these studies addresses dis-

tinct physical phenomena and targets different research objec-

tives. Paper [18] focuses on the determination of the relative 

emissivity coefficient of black paint, essential for further anal-

yses, under dynamic vacuum conditions at a pressure of 300 Pa. 

For the purposes of the present investigation, a value of  

0.97 ± 0.03 for this coefficient (ℎ𝑟) was adopted. Paper [19] dis-

cusses the use of an artificial neural network (ANN) to predict 

transient temperature responses and to assess the accuracy of 

steady-state (far-future) temperature distributions obtained dur-

ing the heating process of a black-paint-coated heater, under 

power ranges corresponding to those employed in the current 

experiments. In contrast, the present study is devoted to the anal-

ysis of heat transfer in a gap under conditions of undeveloped 

convection.  

3.1. The test results 

As a result of temperature measurement at selected points of the 

test rig, a number of temperature characteristics changing over 

 

Fig. 1. The sketch of the rig: 1 − vacuum pump, 2 − digital vacuum 

gauge, 3 − chamber, 4 − thermocouple, 5 − DC power supply,  

6 − Keithley multimeter, 7 − computer, 8 − desiccator, 9 – heater. 

 

Fig. 2. Axonometric mapping of the interior of the chamber (2)  

including the heater (1) and temperature measurement locations (3). 

The gap is created between the heater (1) and the inner surface  

of the chamber (2) [18]. 
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time were obtained. An example plot of SEM in mV versus time 

is shown on Fig. 3. 

Figure 3 consists of two parts. The first part, lasting up to 

approximately 4000 seconds (up to point P), presents the tem-

perature evolution under convection conditions within the gap 

formed between the surfaces of the heater and the chamber, at 

all monitored points. The second part, after point P, shows the 

temperature changes under near-vacuum conditions, after the air 

has been evacuated, where heat transfer occurs via electromag-

netic radiation. At this stage, the Newton coefficient decreases 

by the purely convective component, which impedes heat trans-

fer in the region. The minimum amount of data for the so-called 

ANN Training Base (TB) is determined by the tangent method 

and is indicative  it contains data up to point A. The actual 

length of TB is longer and contains data up to point P. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

3.2. Application of Artificial Neural Networks for the 

determination of selected steady-state temperature 

values 

Figure 3 refers to the temperature evolution during the entire 

measurement cycle, as mentioned. The part that is the subject of 

this work covers the time from the beginning of the cycle to 

point P, where the vacuum pump was activated. The data up to 

the mentioned point P form TB for ANN, which included be-

tween 3.8 and 4.5 thousand data points recorded by the meter 

approximately every 3−6 seconds for all experiments. During 

the studies [19], it was determined that ANN was able to repro-

duce the curve T = f(t) and predict the steady-state value of this 

function with relatively good accuracy, notably faster, approxi-

mately up to point A, determined for example using the tangent 

method (as shown in the figure). In this case, TB was signifi-

cantly larger, which provides greater confidence that the values 

predicted by ANN relate to the sought steady-state temperature.  

Figure 4 shows only the experimental data up to point P, 

which constitute TB. The temperature graphs are very predicta-

ble, with no distortions, so the chosen ANN may have had a very 

simple architecture. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

In this case, ANN was used to determine the steady-state 

temperature values [30], which − compared to the latest availa-

ble experimental data at point P − differ by no more than  

0.5–0.8 K across all convection-related experiments. The ANN 

used in this study [31] had a simple architecture: one neuron in 

the input layer (IN), several or a dozen neurons in the hidden 

layer (HL), and one neuron in the output layer (OUT). In gen-

eral, the hidden layer may contain m neurons, and their number 

is typically selected by trial and error [32]. The network em-

ployed the backpropagation error algorithm [33]. Its principle is 

based on detecting an error, defined as the difference between 

the output signal from a given layer and the reference signal 

from the training sequence. This error is then corrected by ad-

justing the so-called weights, which are back propagated to all 

neurons providing input to the neuron where the error was de-

tected.  

A proprietary program based on the nnet package, integrated 

with the R programming language, was used in the study. The 

GNU R language belongs to the group of interpreted languages, 

and its source code is distributed under the GNU-GPL license 

[34]. This code is compatible with Excel spreadsheets. 

Using ANN, the steady-state values of temperature expres-

sed in mV (SEM) and the voltage at the terminals of the heat-

generating element were ultimately determined. As demonstra-

ted in [19], for simple functions − such as the temperature rise 

function during heating − using an ANN with a simple (IN-HL-

OUT) structure allows for rapid prediction of the steady-state 

value with an accuracy of up to 0.03 K. The number of neurons 

(m) in the hidden layer should be at least m = 6 [33]. The length 

of the constructed TB is crucial for the learning process of the 

network and its sensitivity to disturbances in input data, which 

results from the nature of the backpropagation algorithm [35]. 

 

Fig. 3. Evolution of temperature over time as measured by thermocou-

ples in mV on the heater  SEM h mV (top line), and on the inner  

surface of the chamber  SEM ch mV (bottom line). Point A on the 

OX-axis determines the minimum amount of training data for ANN  

returning the temperature value in steady states, point P – the actual 

amount of data constituting two so-called Training Bases. 

 

 

Fig. 4. Example training dataset for ANN. The data set at each moni-

tored measurement point (1, 2, 3, 4, 5, 6) was free from significant 

noise and unexpected signal distortions, making a simple ANN archi-

tecture sufficient for effective learning, without the need for more  

advanced solutions such as Wavelet Neural Networks (WNN)  

or similar methods. 
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It is assumed that the steady state of the temperatures on the 

heater and the inner surface of the chamber is the state in which 

the temperature change rate at the designated points is less than 

0.03 K/h. The number of neurons in the hidden layer was se-

lected by trial and error, using statistical criteria. 

3.2.1. Statistical functions for evaluating ANN data  

One of the statistical techniques is regression analysis, which al-

lows for determining the relationships between variables. In this 

case, the variables are the values returned by ANN for a specific 

subset of data, compared with their corresponding experimental 

data values. Pearson’s coefficient is a tool that allows for the 

evaluation of whether there is a strong correlation between these 

quantities or not. A high correlation, i.e. a coefficient value close 

to 1, indicates that ANN accurately represents the real values.  

A low correlation, such as a value close to zero, suggests a poor 

fit of the model to the data. For this reason, Pearson’s coefficient 

(𝑟𝑦𝑒𝑖𝑦𝑖) in Eq. (10) and the commonly used root mean square er-

ror (RMSE) in Eq. (11) [36] were used to optimize the number 

of neurons in the hidden layer (HL) 

 𝑟𝑦𝑒𝑖𝑦𝑖 =
∑ (𝑦𝑒𝑖−𝑦𝑒̅̅̅̅ )(𝑦𝑖−𝑦̅)
𝑛
𝑖=1

√∑ (𝑦𝑒𝑖−𝑦𝑒̅̅̅̅ )
2𝑛

𝑖=1  √∑ (𝑦𝑖−𝑦̅)
2𝑛

𝑖=1

, (10) 

 𝑅𝑀𝑆𝐸(𝑚) = √
∑ (𝑦𝑒𝑖−𝑦𝑖)

2𝑛
𝑖=1

𝑛
, (11) 

where: yei – consecutive data from the experiment at the meas-

urement point recorded in the i-th cell of the sheet, yi is the cor-

responding value returned by ANN, 𝑦𝑒̅  is the arithmetic mean 

value of experimental data, 𝑦̅ is the arithmetic mean value of the 

results returned by ANN, n  the number of measurement data, 

m  the number of neurons. 

As mentioned before, the selection of the best number of 

neurons was determined by the minimum value of RMSE and 

𝑟𝑦𝑒𝑖𝑦𝑖 close to one. Tables 3 and 4 show an example comparison 

of the results obtained using ANN depending on the results of 

the selected functions.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The columns devoted to the heater and the inner surface of 

the chamber contain, from the top, the number of neurons m in 

HL, RMSE and Pearson’s coefficient values. In the last column, 

there is the temperature on a given surface in the far future, in 

steady states calculated by ANN with the mentioned number of 

neurons m in HL: ThANN on the heater and TchANN on the inner 

surface of the chamber. 

The best criterion fits were obtained for the heater: m = 28 

and 30, and for the inner surface of the chamber: m = 28 and 25. 

For ANN, the type of physical parameter whose value is to 

be determined is not important; only the quantity and quality of 

the data on which the network is trained matter. Figure 5 shows 

an example of graphs of temperature evolution in the form of the 

experimental dependence of SEM in mV on time and the re-

sponse of ANN as it reaches its steady state, for the heater and 

for the inner surface of the chamber.  

ANN was appropriately optimized by selecting the number 

of neurons m. Here, the selected number of neurons in the hid-

den layer (HL) was m = 28 (heater) and m = 25 (chamber). The 

thicker line represents the experimental data that constitute the 

training databases (TBs) for ANN, up to point P (Fig. 3). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

As for the accuracy of the obtained RMSE and Pearson’s co-

efficient values, they are shown with a large decimal expansion 

in Tables 3 and 4. The goal was to determine as accurately as 

possible which number of neurons in the hidden layer is most 

optimal. 

Similarly, ANN was also used to determine the steady-state 

voltage at the heater terminals. Experimental data (thicker line) 

and ANN responses for m = 28 in HL are shown in Fig. 6. Com-

pared to the latest available experimental data at point P, the val-

ues differ by no more than 6 mV across all convection-related 

experiments. 

 

Table 4. Example of optimization of the number of neurons m in HL 

based on the criteria of regression analysis for inner chamber surface 

temperature.  

m 𝒓𝒚𝒆𝒊𝒚𝒊 RMSE TchANN, 0C 

25 0.9378 0.00231 21.42 

28 0.9986 0.00033 21.54 

30 0.8287 0.00450 21.22 

 

Table 3. Example of optimization of the number of neurons m in HL 

based on the criteria of regression analysis for heater surface tempera-

ture. 

m 𝒓𝒚𝒆𝒊𝒚𝒊 RMSE ThANN, 0C 

25 0.9999977 0.000345 38.37 

28 0.9999977 0.000349 38.06 

30 0.9999978 0.000343 38,02 

 

 

Fig. 5. Responses of ANN with an optimized number of neurons m, 

showing the evolution of temperature to its steady state value: for 

a higher heater temperature and a lower temperature on the inner  

surface of the chamber (thin lines in both mentioned cases).  

Training bases for ANN are indicated by bold lines. 
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The computational power in further calculations was deter-

mined based on the steady-state voltage value returned by ANN 

and the average value of the heater resistance as in the formula 

in Eq. (12): 

 𝑃 = 𝑈2/𝑅, (12) 

where: P  the power of the heater, U  the value of the steady-

state voltage returned by the ANN, R  the average resistance of 

the heater over the considered temperature range. 

The heat flux dissipated by the heater has been reduced by 

the losses at the test rig as in Eq. (13): 

 𝑄̇ = 𝑃 − 𝑄̇𝜆 − 𝑄̇𝑣, (13) 

where: 𝑄̇ is the heat flux dissipated by the heater in the chamber, 

𝑄̇𝜆  heat flux losses conducted through the thermocouple wires 

connecting the heater to the meter, 𝑄̇𝑣  enthalpy flux losses. 

Thermal losses denoted as 𝑄̇𝜆 are associated with the tem-

perature gradient along the thermocouple wires and compensat-

ing leads, as well as with convection around the chamber in the 

desiccator environment 𝑄̇𝑣 . These losses resulted from the rout-

ing of the measurement wires − from the test chamber, through 

the desiccator, and further to the measuring device located out-

side the desiccator. 

In the experiment, six type K thermocouples were used, each 

with a diameter of 0.15 mm and a length of 1.2 m. The thermal 

conductivity coefficient was assumed to be λ = 20 W/(m K). 

Three of the thermocouples were used to measure temperatures 

of up to approximately 100°C, while the remaining three oper-

ated in the range of up to 30°C. Due to the unavailability of ded-

icated compensating cables (e.g. of type KX), 1.5 m long exten-

sions were made using copper wires (λ = 400 W/(m K)) of the 

same diameter (0.15 mm), routed outside the desiccator. The 

temperature drop along the section outside the desiccator was 

estimated to be up to 10°C. 

For twelve copper conductors (accounting for two leads per 

thermocouple), the estimated total thermal losses amounted to 

approximately 𝑄̇𝜆 = 0.105 mW. In comparison, the heat power 

dissipated by the heater, calculated using Eq. (12), was approx-

imately 5 W. For similar temperature conditions on the heater, 

chamber and outside the desiccator, the value determined using 

the method of total differential was characterized by an uncer-

tainty of approximately 1.5 mW. 

Therefore, it was concluded that the thermal losses 𝑄̇𝜆 were 

negligible in this case. 

Similarly, the temperature of the outer surface of the desic-

cator was comparable to the ambient temperature. 

For this reason, both loss values: 𝑄̇𝜆 and 𝑄̇𝑣 were neglected, 

and this way: 𝑄̇ = 𝑃. 

Nevertheless, considering future research and the potential 

need for higher measurement precision, these regions were iden-

tified as possible sources of uncertainty worth addressing in sub-

sequent analyses. 

Table 5 summarizes the steady-state temperatures returned 

by ANN with respect to the heat flux dissipated by the heater 

(𝑄̇ = 𝑃). 

 

 

 

 

 

 

 

 

 

 

 

 

From left: 𝑄̇  dissipated heat flux, ThANN  steady-state hea-

ter temperature returned by ANN and ΔThANN = f(τ) being the 

rate of its increase over time τ, TchANN  steady-state chamber 

surface temperature returned by ANN and ΔTchANN = f(τ) being 

the rate of its increase over time, To  ambient temperature. 

4. Linear method for determining the Newton’s 

coefficient  

The linear method (ML) for determining Newton’s coefficient 

proposed in this work assumes its linear change with tempera-

ture, according to Eq. (14)  

 ℎ𝑆 = ℎ0 + 𝛽𝑇, (14) 

where: hS is the so-called “total” Newton’s coefficient, contain-

ing both radiative and convective parts, determined by the ML 

method using the Solver function, h0,  are constant, T  is the 

temperature at the given location. 

The only inconvenience in ML is the need to solve a system 

of several equations, where some solutions can only be approx-

imate. For this purpose, the Solver function available in the Ex-

cel spreadsheet was used.  

Solver is included by default in every office suite. It is inte-

grated with Excel, which means that no external programs or 

coding are required. It works like a mini-math engine. Solver 

uses numerical methods such as Simplex LP, GRG Nonlinear, 

 

Fig. 6. Responses of ANN with an optimized number of neurons m  

determining the voltage on the heater in the steady state. Training  

bases for ANN are indicated by bold lines. 

Table 5. Steady-state temperatures on the heater and on the inside  

surface of the chamber returned by ANN.  

𝑸̇, W 
ThANN, 

0C 
ΔThANN, 

K/h 
TchANN, 

0C 
ΔTchANN, 

K/h 
To 

0 C 

0.218  25.72 0.012 22.34 0.029 21.84 

0.769  29.09 0.002 18.64 0.011 17.25 

1.340  38.02 0.006 21.54 0.028 19.82 

1.374  35.68 0.028 19.07 0.003 16.88 

2.096 45.63 0.001 20.7 0.031 17.11 

5.113  74.06 0.005 26.17 0.030 19.36 
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or Evolutionary Solver. It handles nonlinear problems, con-

straints, and integers well. It helps solve various computational 

problems where no simple formula exists. It works by iteratively 

finding the best result for a selected cell, manipulating others 

until it meets the conditions. 

Solver was used here to optimize the thermodynamics and 

heat transfer problem [37]. As shown in [38], the optimized Ex-

cel can successfully support optimization analyses of a similar 

type as in the article, but also in other areas of thermal technol-

ogy, including recuperators. 

The unknowns here are the temperatures prevailing in the 

space between the heater and the inner surface of the chamber 

TS1, TS2, and the constants h0, , which can be found from the 

system of equations with a unique solution: 

 

{
 
 

 
 

  

𝑄̇1 = 𝐴ℎ(ℎ0 + 𝛽𝑇ℎ1)(𝑇ℎ1 − 𝑇𝑆1)

𝑄̇1 = 𝐴𝑐ℎ(ℎ0 + 𝛽𝑇𝑐ℎ1)(𝑇𝑐ℎ1 − 𝑇𝑆1)

𝑄̇2 = 𝐴ℎ(ℎ0 + 𝛽𝑇ℎ2)(𝑇ℎ2 − 𝑇𝑆2)

𝑄̇2 = 𝐴𝑐ℎ(ℎ0 + 𝛽𝑇𝑐ℎ2)(𝑇𝑐ℎ2 − 𝑇𝑆2)

, (15) 

where: 𝑄̇1, 𝑄̇2 are heat flux dissipation by the heater in the 1st or 

2nd measurement, Ah and Ach are the heater surface and the inter-

nal surface of the chamber, respectively, h0 and  are constants 

from Eq. (14). Th1, Th2 and Tch1, Tch2 are experimental tempera-

tures of the heater and the inner surface of the chamber in the  

1st or 2nd measurement. TS1, TS2 are the temperatures in the gap 

between the heater and the chamber returned by Solver, the av-

erage of which corresponds to the temperature of the heater sur-

roundings. 

To solve the system of Eq. (15), data from the two closest 

series of measurements with similar temperatures resulting from 

similar experimental powers were selected. The total surface ar-

eas for the heater and chamber are: Ah = 0.008996 m2 and 

Ach = 0.11745 m2 [18]. The objective function used in Solver is 

the sum of squares, the unknowns being TS1, TS2, h0, . It is as-

sumed that the value of  should be positive, but not zero, while 

h0 can be zero. In this way, Newton’s coefficient always in-

creases with increasing power. Finally, from each case of power, 

two values of Newton’s coefficient were calculated for the layer 

near the heater hhs and for the layer near the inner surface of the 

chamber hchs. The total value of coefficient hs is the arithmetic 

average for a given series of measurements and the temperature 

in the gap TS calculated by Solver is the arithmetic average of 

TS1, TS2. The results are shown in Table 6. 

 

 

 

 

 

 

 

 

 

 

 

 

 

4.1. Comparison of experimental results for different 

theoretical models 

Based on the known relative emissivity of the black paint ε, the 

radiative component of the heat transfer coefficient hr was cal-

culated using Eq. (2). 

Subsequently, the total heat transfer coefficient h was deter-

mined from experimental data using Eq. (1). By subtracting the 

radiative component ℎ𝑟, from the total value of h, the convective 

part of the Newton heat transfer coefficient hke was directly de-

termined from the experiment. 

Using Eq. (5), the convective part of Newton’s coefficient 

calculated in the open model hktoc was calculated. 

The gap thickness is assumed to be the distance between the 

heater surface and the inner surface of the chamber, which is  

5.5 cm. Using Eqs. (6)−(8), the convective part of Newton’s co-

efficient in the gap model hktgc was calculated. 

On the other hand, the convective part of Newton’s coeffi-

cient hkS in the proposed ML method was calculated according 

to Eq. (15), as the difference between the Newton’s coefficient 

determined using the Solver function in Eq. (14) hS and the ra-

diative component hr (Eq. (2)) 

 ℎ𝑘𝑆 = ℎ𝑆 − ℎ𝑟, (16) 

where: hkS and hS are the convective part of Newton’s coefficient 

and its total value in ML, respectively. 

Table 7 presents the values of the convective parts of New-

ton’s coefficient for selected theoretical models and compares 

them with the values obtained in ML and the experimental val-

ues, accurate to the second decimal place. From left: convective 

part of Newton’s coefficient obtained experimentally hke, con-

vective part of Newton’s coefficient obtained in ML hkS, con-

vective part of Newton’s coefficient calculated in the gap model 

hktgc, convective part of Newton’s coefficient calculated in the 

open model hktoc. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

In Fig. 7, it can be seen that the values of the convective part 

of Newton’s coefficient obtained experimentally ℎ𝑘𝑒 and calcu-

lated from ML ℎ𝑘𝑆 lie between their counterparts from the open 

and gap model. 

Figure 7 illustrates that the analysed relationship is generally 

satisfied, with the exception of the first and second positions 

from the origin of the coordinate system, which correspond to 

the lowest tested power levels: 0.218 W and 0.769 W. In these 

Table 6. Newton’s heat transfer coefficient and gap temperature values 

calculated using the Solver function in ML. 

𝑸̇, W TS, oC 
hhS, 

W/(m2K) 
hchS, 

W/(m2K) 
hS, 

W/(m2K) 

0.218  22.24 7.46 7.45 7.45 

0.769  17.2 8.16 7.99 8.08 

1.340  20.69 9.47 8.97 9.22 

1.374  18.22 10.02 9.48 9.75 

2.096 19.85 11.72 11.30 11.51 

5.113  25.33 12.83 12.82 12.82 

 

Table 7. Comparison of the convective parts of Newton’s coefficient 

under limited convection conditions from the experiment with its values 

from different models. 

𝑸̇, W 
hke, 

W/(m2K) 

hkS, 
W/(m2K) 

hktgc, 
W/(m2K) 

hktoc, 
W/(m2K) 

0.218 1.33 1.75 1.33 4.34 

0.769 1.78 2.39 1.85 5.77 

1.340 2.72 3.32 2.11 6.41 

1.374 2.99 3.71 2.12 6.42 

2.096 3.58 5.26 2.37 7.05 

5.113 4.28 5.46 2.81 8.14 
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specific cases, the experimental values of the Newton heat trans-

fer coefficient (hke) closely match those obtained using the gap 

model (hktgc) whereas the values predicted by ML are consist-

ently higher than the actual measured values. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

For all other cases − particularly those involving higher 

power levels − a clear convergence is observed between the ex-

perimental data and the values predicted by the ML model. No-

tably, the ML-based estimations tend to approach the arithmetic 

mean of the results derived from the two classical models com-

monly cited in the literature. 

In general, slightly higher ML predictions confirm the pres-

ence of convection suppression in the gap. 

Nevertheless, the ML approach appears to offer a relatively 

simple yet more accurate means of estimating the Newton heat 

transfer coefficient across the tested power range of the heater. 

5. Overview of materials, methods and measure-

ment uncertainties 

In terms of the applied methods, the study was divided into an 

experimental part and a computational part, utilizing numerical 

software, including an ANN and the Solver module. The work 

is a continuation of previous research concerning the determina-

tion of the relative emissivity coefficient of black paint. The 

value of this coefficient is one of the key parameters used to de-

termine the convection coefficient in the gap. 

The research method described and applied in “Emissivity 

measurement of black paint using the calorimetric method” [18] 

was the calorimetric method, which requires maintaining the 

system, both internally and externally, in stable conditions for 

a relatively long period to obtain appropriate parameters in 

steady-state conditions, i.e. states in the distant future. Such pro-

cedures are generally time-consuming and expensive, which is 

a drawback of this method. On the other hand, all values of ma-

terial constants are typically determined under steady-state con-

ditions due to their stability and the precisely defined physical 

conditions under which they are determined. Papers [18] and 

[19] describe and illustrate in detail the construction of the ex-

perimental setup. Figure 2 of this paper presents an axonometric 

mapping of the chamber’s interior, including the heater’s loca-

tion and temperature measurement points, taken directly from 

[18], along with the main dimensions of the chamber placed in 

the desiccator (8), in accordance with the sketch of the test rig 

(Fig. 1). 

Since the time required to reach a steady state in convection 

conditions should be significantly shorter due to the faster stabi-

lization of temperature, and one research cycle included both the 

temperature evolution at selected locations under convection 

conditions and in a vacuum (after air evacuation from the cham-

ber), there was uncertainty whether the system actually reached 

the required steady state in its first stage, i.e. under convection 

conditions, necessary for determining steady-state convection 

coefficients. The criterion for achieving a steady state was a tem-

perature change of less than 0.03 K per hour. 

To verify whether the experimentally measured tempera-

tures at selected points corresponded to their steady-state values, 

an ANN was used. The network architecture included: 1 neuron 

in the input layer, m neurons in the hidden layer (selected by trial 

and error), and 1 neuron in the output layer, as described in “Nu-

merical prediction of steady-state temperature based on transient 

measurements” [19]. Due to its simplicity, this architecture is 

commonly used to predict values in the so-called distant future 

(steady states). 

Here, two data analysis methods were used: ANN and the 

least squares approximation method, to predict steady-state tem-

perature values based on short-term measurements. It was found 

that in the case of heater heating functions in the chamber, ANN 

was able to predict steady-state temperature values after only 

about one-third of the experiment time required by the classical 

calorimetric method. Thus, the use of ANN effectively reduced 

the duration of the experiments. 

The ANN program was written in R, version 3.4.2 (X86 = 

64-in 64-mgw32/x64), using the nnet library, which contains the 

Fit Neural Network module. Due to ANN’s compatibility with 

Excel, the Solver module was also used to solve systems of 

equations with four unknowns, characterized by its ease of use 

and wide availability. 

The values of the Newton coefficient hkS calculated in ML 

were then compared with values obtained using two literature 

models mentioned in this work and derived from experiment hke. 

These models describe: natural convection in an open system, 

allowing full development of convection in an unbounded space, 

and in a gap-type system, suppressing its mechanisms. 

The value of the relative emissivity coefficient of black 

paint, along with the error of the method, is presented in [18]. 

The obtained values ranged from 0.958 ±0.07 to 1.049 ±0.102. 

Assuming that the relative emissivity coefficient should not ex-

ceed 1, values greater than 1 were excluded from further calcu-

lations. The overestimation of the coefficient resulted from the 

very low power of the heater, which led to relatively large meas-

urement errors. The average value of the coefficient, after reject-

ing the overestimated values, was 0.97 ±0.03, and this value was 

used for further calculations. Determining its value was a neces-

sary step in calculating the radiative part of hr (Eq. (2)).  

The length of the elements needed to determine surface areas 

was measured using a precise micrometer, with a reading error 

of 0.01 mm and a systematic error of 0.001 mm. A measurement 

 

Fig. 7. Validation of the ML model based on comparison of the con-

vective part of Newton’s coefficient hke as a function of (here) heater 

power P. Experimental data are compared with values obtained from 

the ML model (hkS), the gap model (hktgc), and the open model (hktoc). 

Slightly higher ML predictions confirm the presence of convection 

suppression in the gap. 
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error of ±0.000011 m was adopted. The ambient temperature 

was measured using a PT100 sensor, with an accuracy of  

±0.2 K. 

Type A thermocouples, calibrated against each other and 

verified against the PT100 sensor, also had an accuracy of  

±0.2 K. 

Voltage was measured using a Keithley Model 2000 multi-

meter, capable of measuring DC voltage up to 100 mV, AC volt-

age up to 10 V, and resistance up to 100 Ω. In the range of up to 

100 mV, the basic accuracy was 0.0035% + 0.0002, which did 

not significantly affect thermocouple temperature measure-

ments, as the additional error in the 0–100°C range was below 

15.3 mK (0.015 K). 

The heater supply voltage, required for calculating the  

design power, was measured with an accuracy of ±1 mV  

(0.001 V). 

The resistance of the heater at ambient temperature was 

measured up to 100 Ω and was 9.667621 Ω. After accounting 

for the resistance of the measurement leads, the total resistance 

was 9.70472 ±0.00084 Ω. The heat stream from Eq. (12) was 

calculated with an uncertainty of about 1 mW.  

For illustrative purposes, additionally,  the heater power was 

also estimated based on power supply readings, with an accu-

racy of 0.1 W. 

The absolute uncertainty in determining hr using the total 

differential method (based on Eq. (2)) consists of the corre-

sponding partial uncertainties associated with the respective dif-

ferentials, as shown below: 

 

{
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. (17) 

Since all temperatures were measured with an accuracy of 

±0.2 K, and after calculating and summing all partial uncertain-

ties, the total uncertainty of the determined hr within the exam-

ined range is approximately 0.3 W/(m²·K) on average. 

Similarly, the partial derivatives for calculating the uncer-

tainty h are calculated based on a modified Eq. (1), due to the 

steady state on the heater, Eq. (18): 
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 , (18) 

The average uncertainty of h in the examined range is  

approximately 0.2 W/(m²·K), with the highest value about 

0.4 W/(m²·K) occurring at the lowest heat flux dissipated by the 

heater. The average uncertainty of the difference h − hr, treated 

as the square root of the sum of squares of the individual com-

ponents, is 0.36 W/(m²·K). 

In the context of using ANN and Solver, the classical under-

standing of measurement accuracy − referring to instrument lim-

itations, tolerances or random conditions − becomes less rele-

vant. Instead, the concept of prediction accuracy or numerical 

solution accuracy becomes crucial. In the case of ANN, the 

model quality was assessed using the root mean square error 

(RMSE) and the Pearson correlation coefficient, whose values 

are presented in Tables 2 and 3. For Solver, it was expected that 

the final result would fall between values determined according 

to the models describing natural convection in an open system 

and in a gap system. 

6. Reconstructing the rig with a view to further 

research 

In this article, the simple formula of ML  in the form of Eq. (14) 

is analysed for the “total” Newton coefficient. 

Now a formula is proposed as in Eq. (19) for its convective 

part only (ℎ𝑘): 

 ℎ𝑘 = ℎ0 + 𝛽𝑇, (19) 

Research should be continued in two directions: 

1. Analysis of the damping effect of the gap geometry  

(i.e. reduction of its thickness and/or height), 

2. Investigation of the influence of temperature difference on 

convection enhancement. 

In reality, both mechanisms interact and partially cancel each 

other, so the experimental rig should be reconstructed to quanti-

tatively and qualitatively determine their interplay. 

6.1. Idealized model “Nusselt sphere” 

In the first conceptual approach, it is proposed to use the idea  

of the "Nusselt sphere," where the gap of thickness L is form- 

ed between two concentric spheres with radii, respectively:  

Rh − radius of the heater (inner sphere), with external surface 

area Ah = 4πRh
2, Rch − radius of the chamber (outer sphere), with 

internal surface area Ach = 4πRch
2: 

 𝑅𝑐ℎ − 𝑅ℎ = 𝐿. (20) 

Temperature sensors are installed: in the heater (Th = Th(Rh) 

− heater surface temperature), in the surrounding air (with To), 

on the chamber wall (Tch = Tch(Rch)).  

6.1.1. Heat conduction in the heater 

The Poisson equation with a uniform volumetric heat source in 

a steady state can be written as: 

 
1

𝑟2

𝑑

𝑑𝑟
(𝑟2𝑔

𝑑𝑇ℎ

𝑑𝑟
) + 𝑞𝑣 = 0  , 𝑟 ∈ [0, 𝑅ℎ], (21) 

where: qv = 𝑄̇/(4/3‧πRh
3) is the volumetric heat generation rate 

(so-called “internal heat sources” ). 

Boundary conditions:  

 at the heater centre (symmetry):  

 
𝑑𝑇ℎ

𝑑𝑟
|
𝑟=𝑜

= 0, (22) 
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 at the heater surface: 

 −𝑔
𝑑𝑇ℎ

𝑑𝑟
|
𝑟=𝑅ℎ

= 𝛼(𝑇ℎ − 𝑇𝑜) + 𝜀𝜎(𝑇ℎ
4 − 𝑇𝑜

4). (23) 

6.1.2. Heat balance in the gap 

The heat flux dissipated by the heater leaving it (Eq. (13)) passes 

through the air in the gap and reaches the chamber wall: 

 𝑄̇ = 𝐴ℎℎ𝑘ℎ(𝑇ℎ − 𝑇𝑜) + 𝐴ℎ𝜀𝜎(𝑇ℎ
4 − 𝑇𝑜

4) =  

 𝐴𝑐ℎℎ𝑘𝑐ℎ(𝑇𝑜 − 𝑇𝑐ℎ), (24) 

𝑤here: hkh  convective heat transfer coefficient at the heater 

surface, hkch  convective heat transfer coefficient at the cham-

ber surface. 

6.1.3. Extended formula for hk 

To account for both the position and temperature dependence, it 

is proposed: 

 ℎ𝑘(𝑟, 𝑇) = ℎ0 + 
𝑟

𝐿
+ 𝛽𝑇(𝑟) , 𝑟 ∈ [𝑅ℎ, 𝑅𝑐ℎ]. (25) 

The corresponding steady‐state energy balance for  

r ∈ [Rh, Rch] can be written as: 

 𝑄̇ − 𝐴ℎ𝜀𝜎(𝑇ℎ
4 − 𝑇𝑐ℎ

4) = (ℎ0 + 
𝑟

𝐿
+ 𝛽𝑇(𝑟))×  

 𝐴ℎ(𝑇ℎ − 𝑇𝑜). (26) 

Measurements at r = Rh, r = L/2, r = Rch allow the determi-

nation of h0, γ, β. 

If technical challenges arise, a simplified model can be 

adopted by omitting the position‐dependent term:  

 ℎ𝑘(𝑟) = ℎ0 + 𝛽𝑇(𝑟),        𝑟 ∈ [𝑅ℎ, 𝑅𝑐ℎ]. (27) 

This linear model underlies ML described in the article.  

6.1.4. Modified ANN on the reconstructed rig  

In the future, the use of more advanced artificial neural networks 

(ANN) will be advisable. Valuable insights in this area are pro-

vided in articles [39−41]. In [39] two methods for modelling the 

ground-coupled heat pump system (GCHP) were compared: ar-

tificial neural networks (ANN) and adaptive neuro-fuzzy infer-

ence systems (ANFIS). The article used the coefficient of deter-

mination (R²) to assess the model fit. This coefficient is calcu-

lated using the formula: 

 𝑅2 = 1 −
∑ (𝑦𝑒𝑖−𝑦𝑒̅̅̅̅ )
𝑛
𝑖=1

∑ (𝑦𝑒𝑖−𝑦𝑖)
𝑛
𝑖=1

 , (28) 

where: yei  consecutive data from the experiment at the meas-

urement point recorded in the i-th cell of the sheet, yi is the cor-

responding value returned by the ANN, 𝑦𝑒̅  is the arithmetic 

mean value of experimental data, n  the number of measure-

ment data. 

Equation (28) is used to evaluate how well the model ex-

plains the variability of the observed data, with a focus on the 

quality of fit. Due to its simple structure and ease of application 

to specific cases, it may serve as an additional statistical crite-

rion in future analyses. 
It is also advisable to facilitate the ANN learning process. 

For example: similar to [40], to appropriately process the input 

data based on the weights assigned to them – both manually and 

using statistical functions such as RMSE (root mean square er-

ror) or R². This approach supports the ANN learning process, 

improving prediction accuracy by eliminating noise and random 

disturbances from measurement devices during the data pre-pro-

cessing stage. 

In the case of highly sensitive measurement equipment, it 

may be observed that during variations in the size of the gap, the 

temperature − which influences the function hk(r) − evolves in 

an unexpected manner. It is therefore essential to determine 

whether such fluctuations are due to measurement noise or con-

stitute a significant aspect of the underlying physical phenome-

non occurring within the gap. 

Wavelet functions, as discussed in [41], may prove particu-

larly useful in such analyses. In the referenced study, the authors 

compare traditional artificial neural networks (ANNs) with 

wavelet neural networks (WNNs) for modelling a solar air 

heater system. 

In WNNs, wavelet basis functions − such as those derived 

from mother wavelets like Haar or Symlets − are employed in 

the hidden layers instead of conventional activation functions 

such as tanh or sigmoid. 

Networks trained in this manner exhibit high flexibility 

when analysing nonlinear and non-stationary signals. Wavelet 

transformations decompose a signal across multiple scales (fre-

quencies) and locations (time), allowing the network to capture 

both fine-grained features and potential disturbances originating 

from the measurement apparatus. 

6.1.5. Influence of atmospheric composition 

An additional advantage of the improved rig is the possibility of 

testing various gas mixtures in the gap, as the desiccator, which 

is an element of the setup, allows for testing different gases, ef-

fectively separating the atmosphere in the gap from the external 

environment. It is possible to study, for example, nanofluids, 

mixtures of air with water vapour, and air with CO2. Considering 

radiation and absorption by gases is essential: 

o monoatomic and diatomic gases (except CO and HCl) are 

nearly transparent to thermal radiation, 

o triatomic gases (CO2, H2O) significantly absorb and emit in 

specific frequency bands. 

For example: 

 at approximately −50°C, both water vapour (H2O) and car-

bon dioxide (CO2) absorb heat,  

 around 0°C, CO2 becomes inactive, while H2O strongly ab-

sorbs heat with the wavelength near λ ≈ 6 μm,  

 at 25°C, H2O dominates in radiation and absorption,  

 at 100°C, water vapour still intensively absorbs heat, while 

CO2 remains nearly inactive. 

Studying the influence of these effects on the heat balance in 

the gap and on the coefficients hk(r), hkh = hk(Rh), hkch = hk(Rch) 

(e.g. by comparison with pure nitrogen) seems to be a valuable 
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direction for future research, especially in times when there is so 

much talk about the topic of the so-called "climate warming". 

7. Conclusions 

This study presents a simplified ML method for determining the 

Newton coefficient under conditions of limited (undeveloped) 

convection in a gap, within the heater power range of approxi-

mately 0.2 W to 5 W. A weak linear dependence of the Newton 

coefficient on temperature was assumed. 

To verify the value of the Newton coefficient obtained using 

ML, the first stage involved experimental determination of its 

convective component hke and experimental radiative compo-

nent hr. The convective part calculated by ML hkS was obtained 

by subtracting the radiative component hr from the “total” New-

ton coefficient determined using the Solver program hS, and was 

subsequently compared with the convective part measured ex-

perimentally hke. The radiative component was determined ba-

sed on previous experimental studies, taking into account meas-

urements of the relative emissivity of the black paint covering 

the heater and the internal surfaces of the chamber. 

It was demonstrated that the experimental values of the con-

vective part of the Newton coefficient fall between the values 

obtained from the gap model hktgc (lower bound Fig. 7) and those 

calculated using ML. Moreover, both the experimental and ML-

derived values fall between the results obtained from literature 

based models (gap model hktgc and open model gap model hktoc  

lower and upper bounds at Fig. 7, respectively). And the values 

obtained using ML slightly exceed those real ones, derived from 

the experiment. 

 It was thus shown that convection in the gap of the test rig 

is suppressed due to geometric constraints, meaning the 

convective flow could not fully develop. 

 This validates the ML-based approach. 

 ML seems to be a very simple method for estimating the 

convective heat transfer coefficient in a gap under limited 

convection conditions. 

Artificial Neural Networks (ANN) were employed in this 

study to determine selected steady-state parameters, namely, the 

temperature and the voltage at the heater terminals. The number 

of neurons m in the hidden layer (HL) was selected using a trial-

and-error method, optimizing RMSE and Pearson’s correlation 

coefficient as objective functions. Additionally, a separate opti-

mization problem was solved to find the solution to a system of 

four equations using the Solver program used in ML. 

In light of the obtained results, a reconstruction of the test rig 

is planned to enable further investigation of convection phenom-

ena in the gap and to validate ML methods over a broader range 

of measurement conditions. 
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