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Abstract

Owing to its great energy efficiency, dew point evaporative cooling is an ideal solution for cooling
of electronics, data centers and electric vehicles, where a large amount of sensible heat is generated.
To promote the application of dew point evaporative coolers, a common research gap between
theoretical and experimental studies is addressed, i.e., how fundamental understanding can be turned
into practical applications? In this paper, a coupled scaling and regression analysis is proposed as the
key approach to linking the physics-based model to fast data-driven optimization. Accordingly, a
complete model framework is developed for the dew point evaporative cooler by establishing a core
regression model with its governing dimensionless numbers. The model is integrated with a robust
multi-objective optimization algorithm for real applications. Instant predictions of product air
temperature and maximum pressure drop can be obtained from the regression model, while it still
retains some physical insights into how the cooling performance is affected by the dominant factors.
A few optimization studies are carried out to navigate the optimal design and control strategies of the
dew point evaporative cooler under assorted ambient conditions. It is noted that the regression model

can accurately predict the experimental data of two coolers within £5.0% maximum discrepancy, and
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subsequent optimization suggests improved cooler designs with 30%—60% enhancement in energy

efficiency, compared to an existing cooler prototype.

Keywords: dew point evaporative cooling, scaling analysis, regression model, multi-objective

optimization, genetic algorithm

Nomenclatures
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MSE
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regression coefficient

area, m?

specific heat at constant pressure,

JI(kg-K)

coefficient of performance
desirability

diffusion coefficient, m%/s
composite desirability

specific enthalpy, J/kg
latent heat evaporation, J/kg

nominal channel height, m
total channel height, m
thermal conductivity, W/(m-K)
channel length, m

mass flow rate, kg/s
mean-square error

order of polynomial
number of channel pairs
regression coefficient
pressure, Pa

Prandtl number, kinematic

viscosity vs. thermal diffusivity

cooling capacity, W

Greek symbols

o

P
w

Subscripts
0

a
d

dp

thickness, mm
effectiveness

dynamic viscosity, Pa-s

dimensionless number, maximum latent heat
transfer vs. sensible heat transfer

density, kg/m?

humidity ratio, g/kg dry air

reference state
air

dry channel
dew point
evaporation
water film
moist air
outlet
product air
plate
supply air

saturation

water vapor
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flow rate ratio of working air to ] ]
r ) . L w wet channel/working air
supply air (working air ratio)

Reynolds number, inertia force vs. o
Re ] X x-direction
viscous force

RH relative humidity, % y y-direction
Schmidt number, kinematic

Sc L o Abbreviations
viscosity vs. mass diffusivity

t exponent CFD computational fluid dynamics

T temperature, K COP coefficient of performance

u velocity, m/s DB dry bulb

Vv volumetric flow rate, m%/s HFC hydrofluorocarbon

w weight factor LMTD log mean temperature difference

W channel width, m NSGA non-dominated sorting genetic algorithm
W power consumption, W NTU number of transfer units

X x-coordinate, m WB wet bulb

y y-coordinate, m/objective function

1 Introduction

Ever since the Paris Agreement took effect in 2016, the entire world has been committed to
undertaking actions to combat climate change and mitigate global warming [1]. Electrification, which
was deemed as “the greatest engineering achievement of the 20" century” [2], seems to be the key to
a decarbonized society. As the use of electricity explosively grows, an increasing demand for sensible
cooling or thermal management has inevitably arisen due to unavoidable electrical impedance in
electrified systems. Current approaches to sensible cooling are commonly via forced air or liquid flows,
where the former is ineffective and the latter requires a complex closed cycle. On the other hand, the
conventional vapor compression chiller, which dominates the commercial air conditioning market, has
been of great concerns in the past decades, for its high energy consumption and severe greenhouse
effect [3]. According to Kigali amendment [4] agreed by more than 170 countries in 2016, 80-85% of

hydrofluorocarbons (HFCs) consumption is expected to phase down by 2047, favoring a cooling cycle
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without chemical refrigerants. Therefore, it is crucial to develop an alternative cooling technology that
is simple, efficient and environmentally friendly.

Dew point evaporative cooling, initially appearing as a potential substitute for the mechanical
chillers, is capable of providing substantial cooling for hot and dry air at enormous energy efficiency
[5]. This has distinguished itself as an ideal option for cooling of electronics, data centers and electric
vehicles. It utilizes the intrinsic potential contained in the unsaturated supply air for water evaporation,
during which a large amount of sensible heat is absorbed and converted into the latent heat. More
importantly, an innovative flow pattern is designed so that the working air stream used to attract
moisture is pre-cooled and separated from the main product air stream in dew point evaporative coolers
[6]. This allows the supply air to be cooled to below its wet bulb temperature, approaching its dew
point temperature.

Recently, numerous studies have been carried out to facilitate a solid understanding of dew point
evaporative cooling processes. A dew point evaporative cooler with corrugated air channels achieved
a record of about 52.5 coefficient of performance (COP) under an Australian test standard, i.e., supply
air at 37.8 °C dry bulb (DB) and 21.1 °C wet bulb (WB) [7]. A counter-cross-flow dew point
evaporative cooler made of polystyrene board with nylon-fibers coated on the wet channel surface
attained similar cooling performance to a counter-flow cooler, while the size and weight of the cooler
could be reduced by around 50% [8]. The dew point cooler could be coupled with a carbon dioxide
(COy) refrigeration system to reduce the condenser inlet air temperature [9]. The cooler avoided the
operation of the refrigeration system at a transcritical state under hot and dry climates and the COP
was enhanced by up to 140%. Additionally, a generic indirect evaporative cooler cell for an improved
design with multiple point injections of working air into the wet channels was tested [10]. A
remarkable COP of the cooler, ranging from 37 to 78, was reported.

Based on the experimental investigations, a few mathematical models were proposed to physically

describe the cooling process. The lumped thermal model is the most common model and has been
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proved to be accurate enough when the air temperature is the sole concern [11]. Later on, in order to
find an analytical approach to the cooling effectiveness, modified e-number of transfer units (NTU)
[12] and log mean temperature difference (LMTD) [13] models were proposed, respectively.
Furthermore, computational fluid dynamics (CFD) models [14] were formulated to investigate the
coupled flow, concentration and temperature fields in the cooler. These models help to provide insights
into the fundamental mechanisms of dew point evaporative cooling and thereby the limiting factors of
the cooling performance can be determined [15]. However, the physical models often contain a set of
differential governing equations, where expensive numerical computations are necessary to resolve
the model complexity. Hence, data-driven models were introduced by training available test data or
simulation results using neural network [16] and regression analysis [17]. Such models have been
tested effective in deriving functional relationships between objective variables and assorted design
parameters, without cultivating the relevant physics. Owing to their fast response, data-driven models
are exclusively favorable in optimizing the dew point evaporative cooler according to changing
demands and constraints [18].

It should be acknowledged that there seems to exist a clear border between physics-based models
and data-driven models, hindering cross-disciplinary communications among engineers, physicists and
mathematicians. Previous physical models can well explain the dew point evaporative cooling process
but are inefficient for optimization and control purposes. Data-driven models, in contrast, are
specifically developed to obtain instant estimations of the cooler output, even if large error may occur
under extrapolation. Under this circumstance, it is worth arguing if there can be a link between the two
different types of models, which has the virtues of both models.

Currently, the answer to the aforementioned scientific issue is not available in the literature. It
requires a model that preserves a minimal complexity of physics to reach a fast computing speed, but

still elucidates a thorough understanding of relevant physical processes. In this context, scaling
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analysis would be a potential approach, which provides a perspective of correlating an objective
variable with its dominant dimensionless numbers [19].

Therefore, this paper aims to propose a new model framework that can bridge the gap between
physics-based models and data-driven models. By unique coupling of scaling analysis, regression
analysis and multi-objective optimization, the model demonstrates an ideal integration between in-
depth fundamental understanding and fast-response practical applications. The governing
dimensionless numbers of the dew point evaporative cooler are identified from an early-established
CFD model, each of which captures a specific mechanism that drives the cooling process. A regression
analysis is conducted to model an explicit functional relationship between the objective variables and
dimensionless numbers. With the governing factors taken into account, the complexity of the
regression model can be substantially simplified while it still retains the fundamental understanding of
relevant physics. The regression model is incorporated into a multi-objective optimization algorithm

for design and control purposes. To summarize, the scope of this work is illustrated in Fig. 1.

v+ Dimensionless model
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Fig. 1. Scope of the model framework.
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2 Mathematical model

The counter-flow dew point evaporative cooler is comprised of multiple channel pairs in stack, as
shown in Fig. 2(a), where a channel pair contains a dry and a wet air channel. Theoretically, the cooling
process is identical in different channel pairs, which makes it possible to simplify the model geometry
from the entire cooler to a generic model domain. As shown in Fig. 2(b), the generic model domain is
the smallest unit of a full cooler geometry, consisting of half dry and wet channel pair and a layer of
channel wall and water film in between.

Subsequently, a mathematical model is established for the generic model geometry to capture the
fundamental dew point evaporative cooling process. A thorough understanding of the cooler’s
effectiveness and efficiency via the in-depth scaling and regression analyses requires all the relevant
physical mechanisms taken into account [20]. This necessitates a CFD model concerning the velocity,
temperature and concentration fields of the cooler. Previously, a 2D CFD model with momentum,
energy and species balances for laminar flows has been established for the dew point evaporative
cooler, where the Reynolds number of the air flows in the cooler is usually below 1500. The model

equations are presented in Table 1 [21].

(a) (b)
[ ' P Generic model domain
- Working air ~ ’/,—’ B 2 P T
[ i} o
‘ Supply air ’<_/'- Product air ["}uh Working air H \
[ ] 2
_.\&’mkina.aiJ._-_________-__-______-_________.__4: _____ {_[ +0
 Qenericmodel'domain 0 Channel wall L x
-L.‘;\q:ia‘.-‘,ﬂﬁ——————————————————————————————————-.:: ————— \——‘- Productair 9 T
I - . T - Supply air HT :
- Working air A { ~~~~~ ’ - Product aur
I ] “‘“n HE =i mim e e e ¥ i -

Fig. 2. Modeling of the dew point evaporative cooler: (a) air channel layout; and (b) generic model

geometry.



133 Table 1 CFD model of the dew point evaporative cooler.

Domain Governing equation Boundary conditions
Supply ,
. Pa (Ud V)Ud = _vpd _'_/umV ljd (1) udx|x:0 = U, udy x=00ry=—H — 0 (2)
air
V., =0 @) | Us|y-s =0,P],c =0 (@)
. oT oT
PaCinly VTd = kmvad (5) Td |X=0 :TS’ a_)?| x=L = 0, Ed‘ y=—H "~ 0 (6)
Working
Pa (GW : v)l_jw = _VPW + ﬂmVZUW (7) | Yax | x=L = ~TUs, uWy x=Lory=H — 0 (8)
air
v'JWZO (9) Uw‘y:5=6, Pw|x:0=0 (10)
oT, oT
o 2 _ i _ w _
p.C.0, VT, =k VT, D) | Tl =To "o =0, E‘ yn=0 (12)
a1, P, il
kma—y|y:5+hngvaE y:5:kfa_yf|y:5 (13)
l_jw vpv = DvaVva (14) pv | x=L = /Ovs’ pv y=6 = pv,sa (Tf ) (15)
op, op,
o |v0 = oy I =0 (16)
Channel
oT oT
kplvapl =0 (17) —= x=0orL — V1 — x=0orL— 0 (18)
Water oT oT
kf Vsz =0 (19) km _d‘ y=—35 — kpI _P" y=-56 (20)
film oy oy
134
135 In the above model, the dew point evaporative cooling performance can be characterized by the

136  objective variables to be solved, i.e., temperature, humidity, velocity and pressure fields. The relevant

137  physical parameters that have an impact on the cooling performance can be obtained from the
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governing and boundary equations. These parameters represent the operating and geometric conditions

of the cooler, as well as the ambient air conditions, summarized in Table 2.

Table 2 Design and objective variables in the model.

Ambient air conditions Operating conditions Geometric conditions Objective variables

T, o, (py) u,r H,L & T,0(p,), U, P

Although the dimensional physical model is able to accurately simulate the cooling process, it
does not necessarily reveal the real governing factors that dominate the cooling performance. For
example, increasing the channel length may achieve similar cooling effect as does reducing the channel
height. Owing to this, using the dimensional model for design and optimization purpose would incur
repetitive simulation and verification efforts. Indeed, it is the aspect ratio of the channel (H/L) that
controls the cooling performance. Concurrently, there are other nontrivial ratios that represent different
characteristics of the cooler, to be identified. It is therefore more appropriate to optimize the cooler
design by evaluating its dominant dimensionless numbers. More importantly, these numbers lay a good
foundation for the ensuing regression analysis, allowing a simple and yet accurate cooler model to be
obtained.

The key dimensionless numbers to the dew point evaporative cooling process can be derived from
a detailed scaling analysis [22]. This is carried out by nondimensionalizing independent and dependent
variables so that their magnitude is bounded in the order of 1. Following that, the model equations can
be converted into a dimensionless form, and the relevant parameters in the equations will turn into a

set of dimensionless numbers. The dimensionless model is provided in Table 3.
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Table 3 Dimensionless model of the dew point evaporative cooler.

_ « X « Y « u . ul
Independent variables | X =—, y ==, U =—"%, U =—— (21)
H U, uH
* T _T * p _p * P
Dependent variables T Zﬁ, Py = .VI. —, == (22)
sdp s pv,sa( wo) ~Pus Pl
. : pUH v v h,,D,.Ap
Dimensionless numbers | Re=—=—, Pr=—", Sc=—", 7= % (23)
,le am Dva fApo
Domain Governing equation Boundary condition
i Lou,  .ouy  oP 1 HOu, 1 Lo, * . 3
Supply air | Ug %+ Uy 5 o ReL oxt ReH oy (24) | Ug|y =L Uy|, g,y =0 (25)
L Ouy, L oug, > 6P, 1 Hduy, 1 L &u, o« -
oy A T T T At T A TSl Ak u ‘:O,P . =0
Y o+ o oy H2dy RelL &x? ReH oy? (26) | U y*z_ﬁ dlx'=1 (27)
ou, ou,
a—‘iua—‘*z:o (28)
X Yy
* * 2 AT 2+ * *
RePrﬂu;X aT‘i +RePrﬂu;y 6T‘i :H—ZaT,‘; OTJQ (29) | T,/].. =0 Ty . = My ..=0 (30
L 19)4 L 8y L ox ay d |x"=0 ’ax* X =1 ’8y* y =-1
Working . . . . * et _
u OU,,, o OU,,, :_an iiazuv;x iiazuv;x (31) Uy X=1 r, uWV X=lory'=1 (32)
. "o ™oy X ReL ox® ReH g
air » v
Lou, e,  12oP, 1 HOu, 1 L&, . = .
wx Vi Vi :*77\2 e > e * 33 " 011 P * :0 34
& ™oy H'd Rel &x* ReH ¢y” (33) My =2 Wix=o (34)
ou;,  ou,
v awa =0 (35)
H . oT H . oT, H2oT, &%, . . 0T, ot
RePr—u, —% +RePr—u, —W=—_ 2 w = w Tl =Ty, —%| . =0,—%.
L "™ ox L Wyay 12 ox? ayz (36) W x=1 d X X'=0 ay y'=1 (37)
k, T op| ot
k, oy y*%-HrE)y* yzgiay* y‘z% (38)
H . p; H .o H&p p - .
ReSCTuWx o +ReScfuWy PR (B9 | A|ya=0 2. 5 =Pisa (M) (40)
H
op, op,
aXX =0, ay! ya=0 (41)

10
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180

*

Channel | H?0°T, o°T, aT, T,
— =+t =0 = =0, —|. =0
I LZ X 2 ay 2 (42) aX* X =0orl ! ax* x =0orl (43)
plate
Water H20°T, +aZT: ~ k. oT, aT,
S Tm vt == A44) | T = ===~ 5 45
film Lo o A e Y (45)

In Table 3, ATy, =T, 4, — T, Apg, = Py (Tuo) = Ps- Pysa(Tuo) 1S the theoretical limit of the water

vapor density at the working air outlet, calculated at a working air ratio of 0.50 from the following

equation

msh(Ts)+mehf :mph(Ts,dp)+mwh(Two) (46)
Here, me :Vw(pv,sa(Two)_pvs) :
The overall performance of the cooler, i.e., the objective variables, is determined by the

dimensionless numbers that occur in the dimensionless model [22]. Despite some dimensionless
numbers that denote the physical properties of the substances and are not likely to be manipulated, the

dependent variables of the model are finally related to the following dimensionless numbers

T o ,u,u,P ~Re,r,

» Mxr My

H &
no . 47
o (47)

In Eqgn. (47), the dimensionless numbers represent the critical operating conditions, geometric

parameters and ambient conditions that should be considered in the design process (see Table 5).

3 Regression analysis

The regression analysis is a statistical approach to model the functional relationship between a

response variable y and multiple predictor variables (regressors) X1, X, ..., Xp, denoted as
y=f(x, %, ....X,) (48)
where the function involves a set of unknown regression coefficients (ai, az, ..., ar) to be solved.

In Eqgn. (48), there are numerous types of functions and their combinations that can be defined

between the response variables and regressors, such as linear, quadratic, exponential, etc [23].

11
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Parameterization of the regression coefficients in the function requires enough observed values of the
response variable from a large data set of regressors. The data set is then employed to train the
regression coefficients so that the error between observed values and predicted values from the
function is minimized.

In this study, a fast regression model of the dew point evaporative cooler is developed, based on
its dominant dimensionless numbers. The beauty of investigating the dimensionless numbers is that a
simple, stable and accurate functional relationship between the dependent variables and dimensionless
numbers can be developed. Unlike the physical parameters which usually requires a machine learning
method [24] to implicitly train a complex model, a conventional and yet efficient regression analysis
can be applied to the dimensionless numbers [22].

In dew point evaporative cooler, the cooling effectiveness and energy efficiency are of major
concerns, and they are associated with product air temperature and pressure drop. In fact, the
dimensionless product air temperature is equivalent to the dew point effectiveness of the cooler,

expressed as

gy =T, =2 = (49)

On the other hand, the energy efficiency of the cooler (COP), is defined as the ratio of cooling

capacity to power consumption in the following equation
COP = 2 (50)
W

The cooling capacity of the cooler, Q, is calculated as
Q=pV,(h—h)=pV,c,(T.-T,) (51)
The theoretical fan power consumption is calculated from the maximum pressure drop of the
cooler
W =V.AP (52)

12
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where AP=P,-P,, .

In practice, the fan power consumption under different operating conditions can be estimated via

the affinity laws (fan laws) from a known reference state, expressed as below [18]

(VWV j:(\\//j[gj (53)

where W, , V, and AP, are the fan power, air flow rate and pressure drop at the reference state.

Therefore, the dimensionless product air temperature and pressure drop are set to be the two
response variables in the regression analysis, with the regressors being the dimensionless numbers in
Eqn. (47). Subsequently, a polynomial function is assumed for the regression model, initially written

as
y = Z ai Re Pui r P2 (i) Psi (é) Paj 7z.p5‘| (54)
=1 L H

In Eqn. (54), the regression coefficients are ai, pai, P2i, P3.i, P4i Psi, and the exponents of the

dimensionless numbers in each term (for any i) must satisfy
5
2. P <n (55)
j=1

where n is the degree (highest order) of the polynomial function. During regression, it will be adjusted
to ensure a reasonable fit that balances the equation simplicity and prediction accuracy.

After the regression model is established, the training data need to be imported to parameterize
the model, which is to be acquired via the validated CFD cooler model in Section 2. Similar to the
design of experiments, the simulation conditions in the training data set should be carefully determined
so that the cooler performance can be effectively observed with only a few data points. This is usually
achieved by varying each regressor within its given range to form various combinations of the
regressors [25]. Multiple experiment design methods have been proposed to specify the parameter

combinations, such as central composite design, random design and full grid design [26]. In this work,

13
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a full grid design is used to generate all possible combinations of the parameters, yielding a large

number of simulation cases. For each key physical parameter, a wide range is defined and divided into

4 levels in Table 4. This leads to a total of 45=4096 cases in the training data set. The values of the

corresponding dimensionless numbers (regressors) are provided in Table 5.

Numerical simulations of the CFD cooler model with the total training cases are processed in the

COMSOL multiphysics platform, where a finite element method is used to discretize the partial

differential equations. More details of the simulation scheme are available in [20].

Table 4 Design of the simulation conditions for regression analysis.

Parameter Unit Symbol Level
Supply air temperature °C Ts 30.0 35.0 40.0 45.0
Supply air humidity a/kg s 9.0 12.0 15.0 18.0
Supply air velocity m/s Us 1.0 20 30 40
Working air ratio - r 02 03 04 05
Channel length m L 05 10 15 20
Channel height mm Ht 20 30 40 5.0

Table 5 Physical representations and ranges of dimensionless numbers

Dimensionless Physical representation Range
number
Re Ratio of inertia force to viscous force 68-672
r Flow rate ratio of working air to supply air 0.2-0.5
H 0.0006—
L Aspect ratio of height to length

0.0054

14
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246

247

248

249

250

251
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253

254

255

a Aspect ratio of plate thickness to channel thickness 0.07-0.17
T Ratio of maximum latent heat transfer to sensible heat
0.06-0.08
transfer

The observed values of the response variables from the training data set are compared with their
predicted values computed via the regression function. In Table 5, it is noticed that the dimensionless

numbers have different orders of magnitude, varying from O(0.0001) to O(100). This has caused some

difficulties in fitting the regression coefticients. Thus some dimensionless numbers (e.g., Re and T)

are multiplied with a factor to adjust their magnitude close to O(1), in the intermediate regression
process. Also, it has been found that introducing a logarithm to some dimensionless numbers and an
exponent to the response variable can dramatically reduce the required polynomial degree. The final
functional relationship for the dimensionless product air temperature and pressure drop are simplified

into the forms of

Hop O .
T; — (Z ai Repu r P2,i (T) P3ji (ﬁ) Pai ﬂ.Ps‘i j Wlth n=3 (56)

Ps,i vt
AP” = {Z a,(logRe)™ P (Iog(% ><103)j (%) Pui g P } with n=2 (57)
The formulated regression model can be applied to instantly calculate the dimensionless product
air temperature and pressure drop within the entire ranges of response variables specified in Table 4

or Table 5.

4 Optimization algorithm

The regression model can be employed to enable the real-time simulation of the cooler

performance. When it comes to an optimization process, this translates into dozen times of

15
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computation efficiency and time saving, in contrast to thermodynamic models [27]. Therefore, an
optimization framework is constructed based on the performed scaling and regression analyses in
previous sections. As discussed in Section 3, the dew point effectiveness and COP of the dew point
evaporative cooler are given in Eqn. (49) and (50). Additionally, the cooling capacity in Eqgn. (51) is
essential as a physical measure of the cooling effect delivered by the cooler to a specific application.
These three parameters are able to reflect the overall thermodynamic performance of the dew point

evaporative cooler. Hence, they are set as the objective variables in the optimization, denoted as
Y, €&, Q, COP} (58)
Furthermore, the decision variables to be optimized should be the key physical parameters
provided in Table 2 that are adjustable in the design process. Apparently, while the plate and film
thickness should be minimized to reduce the transverse thermal resistance, the supply air temperature
and humidity are confined to the local climatic conditions. Therefore, the number of decision variables
are reduced to

x e{ug, r, H, L} (59)

The lower and upper limits of the decision variables in the optimization are specified in Table 6,
which are properly determined from the regression analysis, as well as previous experience in
experimental and numerical investigations [28]. The reference point is determined from the existing

cooler prototype V2 to be presented in Section 5, which acts as a baseline for optimization.

Table 6 Optimization ranges of the decision variables.

Decision variable Unit  Symbol Reference Lower limit Upper limit
Channel length m L 0.60 0.50 2.00
Channel height mm Ht 3.00 2.00 5.00

Supply air velocity m/s Us 2.00 1.00 4.00
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295

Working air ratio — r 0.33 0.20 0.50

In addition, a geometric constraint should be applied to the scale of the cooler, to accomplish a
fair comparison in terms of cooling performance and fabrication cost. Here, the total surface area of
the air channels is confined by

L-W-N=A, (60)
where N is 100, and Ao is a constant.

Several earlier studies [27, 29, 30] have proposed a multi-objective optimization algorithm that
converts multiple objective variables into a single desirability value. In contrast to the non-dominated
sorting genetic algorithm (NSGA), optimizing the desirability can achieve appropriate trade-offs
among three or more objective variables, while not leading to their inapplicable extreme values.
Following this, the multi-to-single-objective optimization method using the genetic algorithm is
employed [31]. The desirability function is introduced to normalize each objective variable to order 1,

given by its desired value y™> and least acceptable value ;™" [32]

1 for §, > y/™
d = H for yimin <gi <y (61)
Yi Y
0 for §, <y™

Eventually, the composite desirability combines the contributions made by all objective variables,

expressed as below

DE = H d" (62)

where w; is a user-defined weight factor of y; and it satisfies ZWi =1.
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5 Results and discussions

The regression model for the dew point evaporative cooler is first parameterized and validated
with CFD simulations and experimental measurements. It is then employed for multi-objective
optimization to demonstrate its feasibility in fast-response design and control, which bridges the gap
between physics-based and data-driven models.

5.1. Regression model validation

To investigate the practically achievable performance of the dew point evaporative cooler, two
dew point evaporative coolers with different physical dimensions have been designed and fabricated,
as shown in Fig. 3. The specifications and test conditions of the coolers, together with the consequent
dimensionless numbers, are listed in Table 7. Detailed information of the cooler configuration and test
system is available in [14, 20]. Resistance temperature detectors (1/10 DIN, Omega Engineering), air
velocity meters (£2.0% full scale, Omega Engineering), differential pressure sensors (£1.0% full scale,
Omega Engineering) and multimeter (Keysight) were employed for temperature, flow rate, pressure
and power measurements. The acquired test results act as a good stepping stone to validate the

proposed regression model and optimize the cooler design.

(a) (b)

Fig. 3. Prototypes of dew point evaporative coolers: (a) prototype V1; and (b) prototype V2.

Table 7 Test conditions of the dew point evaporative cooler.
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Prototype V1 Prototype V2

Parameter Unit
Nominal value Range Nominal value Range

Channel length m 0.6 — 0.6 —
Channel height mm 5.0 - 3.0 -
Number of channel pairs  — 5 - 10 -
Supply air temperature °C 30.0 30.0-35.0 35.0 30.0-40.0
Supply air humidity g/kg 16.5 12.0-18.0 11.0 10.5-12.0
Supply air velocity m/s 1.50 0.9-2.2 2.00 1.0-2.0
Working air ratio - 0.50 0.20-0.50 0.33 0.20-0.50
Re - 256 153-375 211 106-211
H

T — 0.0046 - 0.0029 -

9 - 0.09 - 0.14 -

H
T — 0.071 0.066-0.074 0.070 0.068-0.071

Following Eqgn. (56) and (57), the correlations for dimensionless product air temperature and
pressure drop were parameterized with a minimum complexity that was ever found to achieve an
acceptable maximum error, i.e., within £10.0%. The ultimate coefficients of the regression model are
provided in Appendix A. Fig. 4 shows the regression errors of the model in fitting the training data set

with reference to the CFD model, where the regression error is defined as

A

Regression error = 2 Y1 x100% (63)
Yi

It is observed that the maximum regression errors of dimensionless product air temperature and
pressure drop are within £10.0% and £7.0%, respectively. The mean square errors (MSEs) of the two

response variables are found to be 1.91x10™* and 0.94, and their coefficient of determination (R?) are
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above 0.99, indicating a nearly perfect fit of each response variable.
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Fig. 4. Regression errors of: (a) dimensionless product air temperature; and (b) dimensionless pressure

drop.

The feasibility of the proposed regression model is further examined before it is incorporated into
the optimization framework. By reproducing the test conditions of prototype V1 and V2, the model is
validated with the experimental results. As shown in Fig. 5(a) and (b), the maximum pressure drops
calculated from Eqn. (57) is compared with test data of prototype V2 at different supply air velocities
and working air ratios, spanning 1.0-2.0 m/s and 0.20-0.50, respectively. The supply air conditions
were at their nominal values listed in Table 7, i.e., 35.0 °C and 11.0 g/kg. The error bars of the data
points indicate the experimental uncertainty [14]. It is clear that the regression model can predict the
pressure drop of the cooler mostly within its experimental uncertainty, although it consistently
underestimates the flow resistance. The maximum discrepancy between the predicted values and
observed values is about £5.0%. Similarly, model validation of product air temperature at different
operating conditions is presented in Fig. 5(c) and (d). The correlated function achieves good agreement

with both prototypes, and the maximum discrepancy remains within £2.4%. Besides, validation of the
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product air temperature is carried out at varying supply air temperature and

regression model stays highly reliable.
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5.2. Preference-based optimization

Subsequently, the regression model is integrated into the multi-to-single-objective optimization
with genetic algorithm. In this optimization, the weight factors in the composite desirability can be
varied to emphasize different preferences of the three objective variables, i.e., dew point effectiveness,
cooling capacity and COP. Concurrently, the least accepted value and desired value should be
appropriately selected for the desirability function of each objective variable, according to their
practical achievable ranges.

To demonstrate the capability of the proposed model framework, identical conditions to an earlier
study [27] are defined in the present preference-based optimization. The optimization is conducted
under two supply air conditions and four preference scenarios, and the necessary parameters are given

in Table 8.

Table 8 Parameters of the desirability function in multi-to-single-objective optimization [27].

Parameter Dew point effectiveness Cooling capacity COP
_ W _
Equal preference 1/3 1/3 1/3
edp-preference 1/2 1/4 1/4
Weight factor |
Q- preference 1/4 1/2 1/4
COP-preference 1/4 1/4 1/2
Ts=30.0 °C Least accepted value 0.6 1500 10
ws=13.3 g/kg | Desired value 0.9 3000 30
Ts=38.0 °C Least accepted value 0.6 3000 30
ws=8.2 g/kg | Desired value 0.9 5000 50
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The optimal solutions of the decision variables generated from both regression and CFD models
are provided in Table 9. The objective variables and composite desirability of the regression model
solutions are re-calculated by the CFD model which acts as a standard.

Apparently, the optimal decision variables suggested by the regression model under different
scenarios are close to those from the CFD model. Most of them appear to be even better, in terms of
the composite desirability (DE). This reveals that the regression model derived from the scaling
analysis owns the merits of great simplicity, fast response and competitive accuracy for simulation and
optimization.

On the other hand, it is advised that the channel length be maintained at the minimum available
value of 0.5 m and the working air ratio be at 0.40, respectively, with the only exception being &dp-
preference case under 38.0 °C and 8.2 g/kg ambient air conditions. Owing to this, building a cooler
with long enough air channels to reach a high cooling effectiveness may not be a wise choice. From a
thermodynamic point of view, the channel length has a significant effect on the pressure drop and COP,
a shorter length is thus preferred with increasing number of channels, which also delivers more cooling
capacity. Furthermore, the loss in dew point effectiveness can be compensated by adjusting the channel
height and supply air velocity. Indeed, the channel height and supply air velocity are the two key design
parameters that need to be carefully considered according to real situations. The ideal ranges for the
channel height and supply air velocity are 3.0-4.0 mm and 1.0-2.0 m/s, respectively, as a result of the

trade-offs among the objective variables. This finding is in agreement with most existing prototypes

[33-35].
Table 9 Optimal solutions under different preference scenarios.
Decision variables Obijective variables
Supply air Study Preference | L Ht Us r edp Q COP DE
m mm m/s — - W - -
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385

386

387

388

389

Reference | 0.60 3.00 2.00 0.330.79 2181 175 0.4721
Equal 0.50 3.46 1.60 0.40 | 0.81 2206 30.0 0.6857
Presentwork Edp 0.50 3.19 1.47 0.40 0.86 1999 30.0 0.7099
0 050 3.70 1.72 0.40 |0.75 2370 29.5 0.6393
30.0 °C
13.3 g/kg coP 0.50 3.53 1.63 0.40|0.79 2252 30.0 0.7513
50.0% RH Equal 050 3.42 158 040|082 2181 30.1 0.6858
£dp 0.50 3.26 1.49 0.40|0.85 2045 30.4 0.7076
CFD model [27] |
0 0.50 3.70 1.75 0.40|0.75 2404 28.9 0.6379
COP 050 3.81 1.61 0.40|0.76 2299 33.6 0.7231
Reference | 0.60 3.00 2.00 0.33 [0.71 4433 36.8 0.4447
Equal 050 3.15 1.76 0.40|0.76 4690 50.1 0.7607
Present work | €dp 0.50 3.04 1.60 0.45|0.82 4072 50.0 0.7320
0 0.50 3.28 1.83 0.40|0.73 4896 50.0 0.7922
38.0 °C
8.2 glkg COP 050 3.12 1.74 0.40|0.76 4620 50.1 0.8153
20.0% RH Equal 050 3.15 1.76 0.40|0.76 4690 50.1 0.7607
£dp 0.50 2.90 1.61 0.40|0.81 4201 50.0 0.7276
CFD model [27] |
0 0.50 3.40 1.85 0.40|0.72 5018 51.8 0.7846
COP 050 3.22 1.75 0.40|0.75 4719 52.0 0.8077

5.3. Optimization under different ambient conditions

After the regression model and its corresponding optimization algorithm are proved to be effective
and efficient, it is expected that the optimization framework could be employed to practical
applications. One important goal could be to customize the cooler design according to a specific

climate for optimal performance. In this section, the decision variables of the cooler are optimized
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under varying supply air temperature (30.0-40.0 °C) or humidity (10.0-18.0 g/kg). The weight factors
of the objective variables are set equal in the composite desirability, and their least accepted value and
desired value are defined as the minimum and maximum values from Section 6.2, as listed in Table

10.

Table 10 Parameters of the desirability function.

Parameter Dew point effectiveness  Cooling capacity COP
_ W _

Weight factor 1/3 1/3 1/3
Least accepted value 0.6 1500 10
Desired value 0.9 5000 50

The optimization results are summarized in Table 11. Obviously, the channel length is constantly
at 0.50 m, and the working air ratio only deviates from 0.40 at high supply air humidity. As the supply
air humidity raises, the product air temperature is moving towards its thermodynamic limit of dew
point temperature. Hence, the working air ratio can be reduced with enlarged channel height to obtain
better cooling capacity and COP, whilst the dew point effectiveness does not deteriorate. On the
contrary, as the supply air temperature increases, the cooling capacity and consequent COP tend to rise
due to larger temperature drops. It is then suggested that the channel height be reduced to ensure a
good heat and mass transfer (cooling effectiveness) in the channels, and the supply air velocity should
slightly increase to deliver larger cooling capacity. Finally, the dew point effectiveness and COP could
be optimized to approach their desired values, while the cooling capacity is highly dependent of the
evaporative cooling potential of the supply air. In addition, in line with the results from Table 9, the
stability of the optimal channel length under different conditions eliminates the necessity to optimize
its value.
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Table 11 Optimal design solutions under different ambient conditions.

Supply air | Supply air Relative Decision variables Obijective variables
temperature | humidity humidity
Ts s RH L H u r | ep O COP DE
°C a/kg % m mm m/s - - w - -
30.0 45.2 0.50 3.77 129 0.40/|0.80 2180 49.9 0.5033
32.5 39.2 0.50 355 139 040081 2665 49.9 0.6186
35.0 12.0 34.1 050 329 144 0.40]0.84 3054 50.0 0.7122
37.5 29.7 0.50 3.16 153 0.40|0.85 3554 499 0.7903
40.0 26.0 0.50 3.12 1.65 0.40|0.85 4181 50.1 0.8578
10.0 28.5 050 3.09 146 0.40]0.83 3295 50.0 0.7335
12.0 34.1 050 3.29 144 0.40|0.84 3054 50.0 0.7122
35.0 14.0 39.7 050 359 145 0.40|0.83 2882 499 0.6741
16.0 45.2 050 3.66 141 0.37]0.85 2545 47.2 0.6173
18.0 50.7 050 390 138 0.35]0.85 2281 46.4 0.5526

In addition to the design process of the dew point evaporative cooler, it is worth investigating how
the operational parameters can be controlled under changing ambient air conditions. Accordingly, the
decision variables are reduced to two parameters, namely, supply air velocity and working air ratio.
The channel length and height are decided to be 0.50 m and 3.29 mm, which are the optimal solutions
from the default supply air conditions (35.0 °C and 12.0 g/kg) in Table 11.

Similarly, the optimal solutions of the operational parameters are listed in Table 12. Although the

control parameters do not lead to better composite desirability, in comparison with Table 11, none of

the three optimal objective variables (egsp, O, COP) can be entirely dominated by previous solutions.
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Hence, it can be inferred that the two sets of optimal solutions stay in the same Pareto-optimal front
[36].

Additionally, it should be highlighted that the optimal working air ratio is fixed at 0.40,
irrespective of the supply air temperature. The variation of working air ratio under different supply air
humidity is in a small range of 0.30-0.45. This partially alleviates the burden of developing a sensitive
control strategy to adjust the working air ratio during operations. Therefore, the dew point evaporative
coolers can be operated with a relatively simple control system where the supply air velocity or flow

rate is required to regulate.
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Table 12 Optimal control solutions under different ambient conditions.

Supply air Supply air Relative Decision Objective variables
temperature humidity humidity variables
Ts ws RH Us r | ew O COP DE
°C g/kg % m/s — - W — —
30.0 45.2 1.33 040 |0.85 2091 39.8 0.4715
32.5 39.2 1.31 040 |0.86 2456 48.5 0.6095
35.0 12.0 34.1 144 040 |0.84 3054 50.0 0.7122
37.5 29.7 1.59 040 |0.83 3734 50.3 0.7859
40.0 26.0 1.69 0.40 | 0.82 4371 52.2 0.8441
10.0 28.5 151 0.43 | 0.81 3377 50.0 0.7259
12.0 34.1 144 040 |0.84 3054 50.0 0.7122
35.0 14.0 39.7 1.37 0.40 | 0.88 2645 47.6 0.6618
16.0 45.2 1.28 035 |0.88 2310 49.2 0.5732
18.0 50.7 1.39 0.34 | 0.88 2200 39.6 0.5144

5.4. Summary

In general, the proposed physical-based optimization framework of the cooler is able to make a
judicious choice of design/control parameters to reach a perfect balance of the three objective variables,
according to their desirability functions. To clarify this point, the performance improvement of the
objective variables with optimal design/control parameters under different ambient conditions is
illustrated in Fig. 6, with the baseline at the reference state (L=0.60 m, H=3.00 mm, us=2.00 m/s and
r=0.33) from Table 6 or Table 9.

It is apparent that the COP of the dew point evaporative cooler can be massively enhanced by 30—

60%, which is extremely favored to save energy consumption and operational cost. A maximum of
28



441  11% improvement for the dew point effectiveness is observed, due to its limited potential in
442  approaching its thermodynamic limit. This translates into a better ability to generate a cooler
443  environment. In contrast, the cooling capacity is moderately sacrificed by up to 18%. However, the
444 cooling capacity of the optimized solutions still ranges from 2.0 to 4.4 kW, which is equivalent to a
445  typical split air conditioner and can be increased by stacking more air channels [37].

446 In addition, the proposed optimization framework aims to explore the global optimum of the
447  design/control space, where the genetic algorithm is deemed preponderant. Nonetheless, other simple
448  optimization algorithms can also be applied if the design/control space is narrowed or a local optimum
449 s considered sufficient, to further reduce computational power.
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Fig. 6. Performance improvement of objective variables: (a) optimal design parameters at varying Ts;
(b) optimal design parameters at varying s; (c) optimal control parameters at varying Ts; and (d) optimal

control parameters at varying.

6 Conclusion

A robust physics-based model framework for the dew point evaporative cooler has been proposed
in this paper, based on a regression model and an optimization algorithm with its dominant
dimensionless numbers. The dimensionless numbers were derived from a proper scaling analysis of
an early-established CFD model. With this approach, the complexity of the regression model can be
dramatically reduced with good stability and accuracy, compared to conventional regression or
machining learning methods using superficial physical parameters. The model can achieve instant
predictions of product air temperature and maximum pressure drop within £5.0% discrepancy.
Afterwards, the regression model is integrated with a multi-objective optimization algorithm for cooler
design and control.

Subsequent optimization study suggests that the channel length should be consistently designed
at its minimum value of 0.50 m, and the working ratio be relatively stable at 0.40. The channel height

and supply air velocity are varied in small ranges of 3.0-3.9 mm and 1.2-1.7 m/s, respectively.
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Accordingly, the COP and dew point effectiveness of the cooler can be improved by up to 60% and
11%, respectively, at a maximum sacrifice of 18% cooling capacity.

The above results indicate that the design and control space of the dew point evaporative cooler
are subjected to a very small degree of freedom, justifying that a simple optimization strategy would
be sufficient. Therefore, instead of adopting the complicated genetic algorithm that promotes global
optimization at a compromise of computational power, other handy methods can be further employed
to enable a real-time optimization.

In addition, the perspective of coupling scaling and regression analyses to achieve cross-scale

understanding and applications can be successfully expanded to many research areas.

Appendix A. Regression coefficients

The regression coefficients for the dimensionless product air temperature and maximum pressure

drop are presented in Table Al and A2, respectively.

Table Al Regression coefficients for dimensionless product air temperature.

[ a Pr P2 Ps Pa Pps || a Pr P2 Ps Psa Ps
1 -0.284 0 0 0 0 0 22 | -0.705 0 2 0 1 0
2 22.097 0 0 0 0 1 23 | 71.872 0 2 1 0 0
3 -99.048 0 0 0 0 2 24 | 1.550 0 3 0 0 0
4 9.352e-2 0 0 0 1 0 25 | 2.78%-4 1 0 0 0 0
5 -1.473 0 0 0 1 1 26 | -2.552e-3 1 0 0 0 1
6 -7.045e-2 0 0 0 2 0 27 | -7.006e-5 1 0 0 1 0
7 53.509 0 0 1 0 0 28 | -6.320e-2 1 0 1 0 0
8 -5.178e2 0 0 1 0 1 29 |0.117 1 0 1 1 0
9 -14.483 0 0 1 1 0 30 | 3421 1 0 2 0 0
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484

10 | -4.152e2 0 0 2 0 0 |31 |-1.427e3 1 1 0 0 O
11 | -5.045e3 0O 0 2 1 0 |32 |1.344e-2 1 1 0 O 1
12 | -1.839%4 0 0 3 0 0 |33 |6.977e4 1 1 0 1 0
13 | 2.639 0O 1 0 0 0 |34 |-2.936e2 1 1 1 0 O
14 | -19.437 0 1 0 O 1 |35 |5.404e-4 1 2 0 0 O
15 | 0.267 0 1 0 1 0 |36 |2164e-7 2 0 0 o0 O
16 | -1.753e2 0 1 1 0 0 |37 |-2.464e-6 2 0 0 o0 1
17 | 1.551e3 0 1 1 0 1 |38 |-538le7 2 0 0 1 0O
18 | 66.504 0 1 1 1 0 |39 |2428e5 2 0 1 o0 O
19 |9.051e2 0 1 2 0 0 |40 |2.827e8 2 1 0 o0 O
20 | -2.854 0 2 0 0 0 |41 |-4509-11 3 0 0 0 O
21 | 6.682 0O 2 0 O 1
t 0.1

Table A2 Regression coefficients for dimensionless pressure drop.
[ a P P2 P3 Pa Ps | a Pr P2 Ps P+ Ps
1 2.120 O 0 o0 O 0 |9 -6.491e-3 0 1 1 0 O
2 0.302 0O 0 0 O 1 10  4.356e-2 0O 2 0 0 O
3 0.402 0O 0 O 1 0 11  -4.321e-1 1 0 0 0 O
4 -4.586e-1 0 O 1 0 O 12 -1.943e-1 1 0 0 O 1
5 4.421e-2 O 0 2 0 O 13 -5.591e-2 1 0 O 1 0
6 -8.946e-2 0 1 0 0 O 14 7.300e-2 1 0 1 0 O
7 1.846 0 1 0 O 1 15 -4.141e-3 1 1 0 0 O
8 1.755e-2 0 1 0 1 0 16  3.549e-2 2 0 0 0 O
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