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As energy technologies evolve, the optimization of heat and mass transfer processes becomes
integral for enhanced efficiency and sustainability. This abstract provides an overview of cutting-
edge techniques that are shaping the prediction of heat and mass transfer performance in energy
devices, contributing to the forefront of technological advancements.

Computational Fluid Dynamics (CFD) stands as a cornerstone in predictive modeling,
employing numerical methods to simulate fluid dynamics, heat transfer, and mass transport within
energy devices [1]. By providing detailed insights into complex interactions, CFD facilitates the
optimization of device designs for superior performance. Task distribution in a CFD process is
shown in the figure below.
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Machine Learning (ML) and Predictive Analytics are gaining prominence in predicting heat and
mass transfer. ML algorithms analyze extensive data sets from experimental studies and theoretical
simulations, identifying patterns for more accurate predictions [3]. This intersection of data science
and thermophysics refines our understanding of energy device dynamics.
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Fig. 1. Task distribution in a CFD process

MultiPhysics Simulations integrate various physical phenomena into a unified framework,
offering a realistic representation of complex interactions within energy devices [4]. This holistic
approach contributes to the accuracy of predictions, especially in systems with diverse physical
processes.

Optimization Algorithms for Design Iterations are essential for achieving peak performance in
energy devices. These algorithms, coupled with predictive models, expedite the exploration of
design spaces, enabling engineers to identify configurations that maximize heat and mass transfer
efficiency [5, 6].
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Fig. 2. Machine Learning training and scoring
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In conclusion, the continuous advancement of predictive techniques is reshaping the landscape of
energy technologies. From the digital precision of CFD to the data-driven insights of machine
learning and the innovative approaches of inverse design and multi-physics simulations, these
techniques collectively contribute to a more comprehensive understanding of heat and mass transfer
dynamics within energy devices.
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Fig. 3. Flow chart of Pelican Optimization Algorithm
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MMAPAJUJIEJIbHAA PEAJIM3ALIUSA AJITOPUTMA PACYETA BO3/IEMCTBUA
JIECHBIX ITIO2KAPOB HA OB’ bEKTbI HH®PACTPYKTYPbI

A.O0. MasIMHUH

Tomckuli noaumexHuyeckuli yHugepcumem,
U113, HOL] H.H. Bymakosa, 2p. A3-13

HayuHbi#i pykoBoauTenb: H.B. BapanoBckui, k.¢.-M.H., foueHT HOLL U.H. Bytakosa ULIJ TITY

JlecHble moxapbl MPEACTABIAIOT COO0H MPUPOJHOE SBJIECHUE, KOTOPOE MPUBOJIUT K IKOHOMHUYE-
CKHMM M COLMaJbHBIM NOTEpsiM BO BceM mupe [1, 2]. Ilnomane necHoro noxapa B 3—5 % ciydaes
nocturaetr 100 rextapoB [3]. B To xe Bpems Tonpko Ha 1 % KpyNmHEHIIMX MOKapOB MPUXOIAUTCS
80-96 % BeIropesiueit wiomanu [4]. Pacnpoctpanenue 300 ABII o6ecnieunBaet 601bIINI KOHTAKT
MEXAy AUKOW PacTUTEIbHOCTHIO U aHTPONOTN€HHOM aKTHMBHOCTBIO, YTO MOKET IPUBECTU K YBEJH-
YEHHUIO 30H BO3MOKHBIX HCTOUHMKOB BO3TOPAHUS U, KaK CIEICTBUE, K YCUJICHUIO Pa3pyIIUTEILHOIO
BO3eHCTBHA [ 5, 6].

Cy1ecTByeT MHOKECTBO MOJeJNeil pacpoCTpaHeHHs JIECHBIX MOKapOB, OT MPOCTHIX T€OMETPH-
geckux Mozenei [7] mo 6oree crnoxHbIX [8]. B cirywasix, koraa JeTepMUHHUBApOHHBIC MOJICITH TIPE/-
CTaBJISIOT OOJIBILINE pAaCUeTHBIE CETKU MO0 UMEIOT CI0KHbBIE UTEPALMOHHBIE pacyeThl BpeMs pado-
TBI QITOPATMA MOXET OBITh OOJIBIINM, YTO MOXET OTPAHUYHUBATH 00JIACTH TPHUMEHEHHS.

CkopocTb paboOThl AITOPUTMOB pacyeTa IeTePMUHUPOBAHHBIX MOJIENIEH MOXKET ObITh yBEIUYEHA
3a cyueT mapajielbHbIX BeluucieHU. Tak, B pabote [9] ncnonb30BaHre NMapajuieNbHbIX BbIUKCIIE-
HUI COKpaTUJIO BpeMs BBIUUCIEHUI U 00beM TpeOyeMol MaMsATH, YTO MO3BOJWIO 100aBUTh Y4eT
MIPOrHO3UPYEMOT0 HHAEKCA MOTOJIbI.

Jns yucneHHoro pemeHus AuddepeHInanIbHOr0 ypaBHEHUs TEIUIONPOBOAHOCTH ObLT UCHOJb-
30BaH METOJI KOHEYHBIX pa3HOCTeH, onucanubii B [10, 11]:

aT; azTi ) ey
piCi—t = A5 +q - elTfPi) (1
oT; aZTi
piCir = Ais )

rae p,c, A, T — IUIOTHOCTh, TEIUIOEMKOCTh, KOA()(DHUIIMEHT TEIUIONPOBOIHOCTH M TeMIiepaTtypa; k —
KOX(QPUIMEHT JIJIs 3aKOHA, aHAJIOTUYHOTO 3aKoHy byre—JlambGepra—bupa; t — Bpems; x,z — Koop-
JUHATHI TOYKH.
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