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ABSTRACT

Accurately predicting evaporation rate under mixed and forced convection remains challenging because of the
interaction among heat, mass transfer, and flow dynamics. Conventional correlations are limited to specific
conditions, while purely data-driven models often lack Physically Consistent Trends. This study proposes a
Dimensionless Transport Feature-Based Machine Learning (DTF-ML) framework that integrates dimensionless
parameters such as Reynolds, Richardson, and Schmidt numbers with data-driven models. The two utilized
datasets are a limited dataset of 32 observations and a multi-source database containing 487 observations for
model development, of which 462 remained after outliers were eliminated. An additional 32 observations were
reserved exclusively for independent external testing. While, for the limited 32-point dataset, the Hybrid-Linear
Regression model achieved R?> = 0.977, MAE = 0.037, and RMSE = 0.043 using Leave-One-Out Cross-Valida-
tion. On the internal held-out test set of the extended database, CatBoost achieved R? ~ 0.98, MAE ~ 0.02, and
RMSE =~ 0.06. On the independent 32-point external dataset, the Physics—CatBoost configuration achieved R? =
0.983, MAE = 0.006, and RMSE = 0.021. The PINN-like model shows competitive performance, while
maintaining Physically Consistent Trends. The results demonstrate that incorporating dimensionless transport
features improves prediction accuracy and model stability across different operating conditions. The proposed
framework provides a data-supported approach to evaporation-rate prediction within the investigated operating-
condition ranges.

1. Introduction

N = (a; +azvg) (Pvf *Pv.c)m (€]

Where the exponent (m) represents the evaporation rate affected by
air velocity and the driving force of vapor-pressure difference [8,9].
Other experimental studies have examined evaporation under both

Evaporation with a free water surface is a simultaneous heat- and
mass-transfer process including phase change at the liquid-air interface.
The driving forces depend on the concentration difference between the
liquid water and the bulk air; the evaporation rate is also governed by
boundary layers and momentum, energy, and species transfer. As a
result, evaporation cannot be described by vapor-pressure difference
alone; gas-phase transport processes must also be considered [1-3]. The
previous studies of forced-convection conditions illustrated that evap-
oration is affected by the vapor-pressure difference between liquid and
bulk air, as well as air velocities [4-7]:
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laboratory and experimentally operating circumstances. Evaporation
can be represented in many applications, such as indoor swimming
pools, where water temperature, air temperature, relative humidity, and
airflow velocity strongly affect the evaporation rate [10,11]. Other ex-
periments used wind tunnels and ducts to clarify the significance of
airflow conditions and categorize convection types, such as natural,
mixed, and forced [7,10,11]. Other studies have identified additional
parameters that affect evaporation. Salinity can affect evaporation by
driving the vapor pressure gradient, which can be decreased, while
surface turbulence, such as waves, can change the interfacial transport
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Nomenclature

Symbol Description

A Surface [m?]

c Molar concentration [mol/m?3]

D Diffusion coefficient [m?/s]

Fr Froude number [-]

g Gravitational acceleration [m/s?]

Gr Grashof number for mass transfer [-]
Gu Guckman number [-]

h Step distance [-]

k Mass transfer coefficient [m/s]

L Characteristic length [m]

m Mass flow rate [kg/s]

M Molar mass [g/mol]

MAE Mean absolute error [-]

N Evaporation rate [kg/(m>h)]

) Pressure [Pa]

r Latent heat of evaporation [J/kg]

R Ideal gas constant [8.314 J/(mol-K)]

R? Coefficient of determination [-]
Symbol Description

RMSE root mean square error [-]

Ra Rayleigh number for mass transfer [-]
Re Reynolds number [-]

Ri Richardson number [-]

Sh Sherwood number [-]

Sc Schmidt number [-]

T Temperature [°C]

v Velocity [m/s]

X Salt concentration [ppm]

y Mass fraction [kgmoisture/kgwet gas]

Y Absolute humidity [Kgmoisture/K&dry gasl
) Relative error [-]

n Dynamic viscosity [Pa-s]

p Density [kg/m?]

v Kinematic viscosity [m?/s]

@ Relative humidity [-]

Op Temperature correction term [-]

Op Vapor pressure correction term [-]

and affect the air velocity [12-14]. These results showed how sensitive
evaporation is to air velocity and the surrounding environmental
factors.

Many studies have also investigated correlations to predict evapo-
ration rate using experimental data, such as the heat and mass transfer
analogy, the Dalton model using a driving force based on vapor pressure,
and Sherwood number correlations expressed in terms of Reynolds,
Schmidt, and buoyancy-related dimensionless parameters [15,16].

Many applications have used different relations, such as HVAC and
energy calculations for indoor swimming pools [17-20]. However, some
comparative studies have shown differences in evaporation-rate pre-
dictions across convection regimes and operating conditions, with
relatively few correlations maintaining satisfactory accuracy across
experimental databases [21,22]. Therefore, the extent to which the
relevant geometry, operating conditions, convection regime, and gov-
erning transport processes are significantly affect reliability.

Numerical modeling and computational fluid dynamics (CFD) are
another approach to investigate evaporation by solving the transport
phenomena above the liquid surface. This approach can provide pa-
rameters above the surface, like velocity, temperature, and concentra-
tion distributions, based on boundary layer theory, but this approach is
very sensitive and can be affected by turbulent flow and how interfacial
momentum, heat, and mass transfer are represented [16,18,21]. These
parameters are particularly significant in forced and mixed convection,
where evaporation is dependent not only on bulk airflow velocity but
also on the boundary layers developed and the near-interface flow
structure. As a result, CFD can provide more detail than empirical cor-
relations; however, its computational complexity and dependence on
modeling assumptions may limit its use for rapid prediction across large
operating ranges.

In engineering systems, machine learning (ML) provides a novel way
to express nonlinear interactions. When the evaporation-rate relation-
ship cannot be described by a suitable correlation formula, a data-driven
approach allows interpretation from previous data without a pre-
determined functional form. Recent works in complex Multiphysics
systems have shown that advanced data-driven approaches can deter-
mine coupled nonlinear relationships [23]. However, purely data-driven
models may create predictions with known physical behavior, especially
outside well-represented parts of the training domain, and they rely
heavily on the amount and breadth of available training data.

These limitations raised interest in building physical knowledge into
data-driven models. Physics-informed and physics-driven approaches

introduce governing relationships, physical constraints, or trend pre-
dictions into the learning process. For example, mixed-loss modular
regression has incorporated physical constraints, including boundary
and monotonicity requirements, directly into model training [24].
Physics-informed learning architectures have similarly shown how to
integrate a physics-based approach with nonlinear predictive models
[25]. More recently, data—physics co-driven approaches have desired to
integrate physical findings and observational data within a common
framework. Generative data—physics fusion, for example, was applied to
develop physically meaningful predictions under limited-data condi-
tions [26]. Taken together, these advancements show a broader shift
away from purely data-driven prediction and toward learning frame-
works that incorporate physical knowledge through training constraints,
input representation, or model structure.

Despite these improvements, the application of physics-guided ma-
chine learning to evaporation from open water surfaces under mixed and
forced convection regimes is still comparatively limited. Previous
evaporation correlations rely on mathematical formulations or co-
efficients specific to convection regimes. While purely data-driven ap-
proaches can determine non-linear relations for that purpose, this leaves
a methodological gap between traditional mathematical correlations
based on dimensionless numbers and data-driven approaches. In
particular, the role of dimensionless parameters representing mo-
mentum, buoyancy, and species transport as inputs to machine-learning
models, together with the preservation of physically consistent trends,
requires further investigation.

This study addresses this problem by using a literature-based
experimental dataset and an extended multi-source database. The
dataset was derived from previously published studies that collected
evaporation measurements, involving input data such as air tempera-
ture, surface temperature, humidity, and evaporation rate, followed by
systematic screening and harmonization. The previous dataset yielded a
general Sherwood correlation under mixed and forced convection [19].
Thus, this study performed the primary source-specific consolidation of
the database before using it. For the machine-learning analysis, we
represented the harmonized data using uniform transport variables and
dimensionless features.

Therefore, this study aims to develop a transport-informed machine
learning framework to predict evaporation rate under mixed and forced
convection conditions. The methodology investigates how the physical
representation of evaporation affects machine learning model perfor-
mance. The unified modeling framework evaluates three input
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representations: raw data, transport-based dimensionless features, and
dimensionless parameters. Both linear and nonlinear machine learning
models to investigate the interaction between input representation and
model complexity. Furthermore, we develop a neural network with
monotonicity constraints to incorporate expected physical relationships
into the model without explicitly determining the governing transport
equations. The predictive performance of the proposed approach is
evaluated using both limited datasets and larger datasets compiled from
multiple sources.

This study presents a framework that combines physical modeling
and a machine learning approach for predicting evaporation rate under
mixed and forced convection. The novelty lies in how the model rep-
resents physical variables and how this influences performance. The
main contributions are:

e Use of dimensionless numbers and groups such as Reynolds,
Richardson, and Schmidt numbers as model inputs instead of relying
only on raw variables such as temperatures, velocities, humidities,
and pressures.

Systematic comparison between three types of inputs: raw variables,
dimensionless transport features, and dimensionless parameters
within the same modeling framework.

Apply both linear and nonlinear machine learning models, with
analysis of the performance between the models.

Inclusion of a PINN-like model that incorporates physical relation-
ships within the model structure without directly solving governing
equations.
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e Evaluation of model performance using two datasets of different
sizes, with validation approaches suited to each case.

Fig. 1 summarizes the overall process flow and provides an overview
of the Dimensionless Transport Feature-Based ML Framework used in
this study to predict evaporation rate. The process starts with the
experimental variables consisting of air velocity, air temperature, rela-
tive humidity, total pressure, and water surface temperature, along with
the target output, evaporation rate, which is measured at the beginning.
The raw data then undergo preprocessing. This is followed by thermo-
physical computations and the creation of dimensionless transport fea-
tures that describe heat and mass transfer processes. These features are
employed as input to three machine learning models, i.e., Linear
Regression, Random Forest, and CatBoost, in order to make comparison
of the performance of these models for predicting evaporation rate. The
framework concludes by comparing the evaluation metrics and feature
significance gained from these models using dimensionless transport
features.

2. Methodology

In this work, a proposed hybrid model that combines a physical
approach with machine learning models to forecast the evaporation rate
under mixed and forced convection. In this way, the model is con-
structed using variables derived from heat and mass transfer, and ma-
chine learning methods may correct empirical errors.
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2.1. Structure of the study and database design

This work comprises two parts that differ in aim and database size.
The first part used a constrained dataset of 32 points from Varju and
Poos [19]. Using a constrained dataset helped to study model behavior
with limited data, which can be typical in mass transfer studies. We
constructed a simple linear regression with raw operating variables, as
well as a linear regression with dimensionless transport features, using
governing physical equations derived from the dimensionless mass
transfer analysis. We also coded a physics-based, correlation-based mass
transfer model for direct comparison. The objective was to study the
simple linear model and the linear model using dimensionless transport
feature’s ability to utilize limited data for learning their performance
relative to a physical model with constant empirical coefficients.
Moreover, we applied two additional nonlinear models, Random Forest
and CatBoost, using dimensionless transport features to test nonlinear
learners in a limited-data setting and to assess whether they can match
linear performance. Leave-One-Out Cross-Validation was used to (a)
distinguish the models in a fair manner and (b) avoid overfitting.

In the second part of this study, the multi-source database initially
contained 519 observations. Then, the 32 observations reported by
Gallero et al. were separated before preprocessing and reserved exclu-
sively for independent external testing. The remaining 487 observations
constituted the model-development database. After eliminate 25 out-
liers, 462 observations remained for model training and internal eval-
uation. Table 1

These studies were combined to develop the present extended
database used to construct dimensionless transport features and improve
the machine-learning model.

2.2. Data preprocessing and outlier handling

To guarantee the accuracy and validity of the data before analysis
and simulation, several steps were implemented. Firstly, the integrity of
the data was established utilizing the [isnull, sum] functions in the
panda’s library in all the columns in order to make sure there were no
missing values. That’s mean the data was organized for direct use
without requiring imputation [19]. The second step entailed the
removal of outliers that could have an adverse effect on the models’
performance by employing the Interquartile Range (IQR) approach. Any
values falling outside the statistical range (Q1 — 1.5 x IQR) or (Q3 +
1.5 x IQR)were considered outliers and removed to decreased their
adverse effect on the model. This approach assists to ensure a high level
of predictive accuracy during model training. Data points lying outside
the statistical bounds defined by [Q1-1.5xIQR, Q3+1.5xIQR] were
categorised as outliers. These points were eliminated prior to model
training to minimize noise and keep model stable and physically inter-
pretable learning behavior. No outliers were detected in the limited
dataset (32 points). For the expanded dataset, outlier detection was
performed using the IQR method on the training data only. A total of 25
outliers were removed, reducing the dataset from 487to 462 points used
for model training and evaluation. The IQR thresholds were calculated
using the training data only. Twenty-five training observations were

Table 1

Number of data points and literature database.
Study Number of Data Points Ref.
Bldzquez et al. 26 [20]
Asdrubali 33 [10]
Yen and Landvatter 59 [27]
Pauken 36 (47 total series available) [7]
Raimundo et al. 24 [18]
Inan and Atayilmaz 9 [28]
Gallero et al. 32 for test [29]
Evelin Varju et al. 32 [19]
Rohwer 268 [30]
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flagged, including 14 based on gas temperature and 11 based on
liquid-surface temperature, while the testing data remained unchanged.
A sensitivity analyses with and without filtering showed lower MAE and
RMSE after filtering, without changing the model ranking.

2.3. Optimal hyperparameters and model performance comparison

Experiments assessed the predictive power of the best machine
learning models for the evaporation rate. Bayesian Optimization opti-
mized the most influential hyperparameters of Random Forest and
CatBoost. Table 2 reports the improved hyperparameters and predictive
performance on the test set.

CatBoost appears to perform better than Random Forest across all
metrics (MAE, RMSE, R?), providing more accurate predictions and
generalizing well to the present dataset. We optimized hyperparameters
such as decision-tree depth, learning rate, and number of iterations to
obtain an optimal model for the present dataset.

2.4. Experimental data

The modeling framework is based on an experimental dataset
compiled from multiple studies, consisting of 32 and 487 measured
evaporation-rate data points. The dataset includes air velocity, air
temperature, relative humidity, total pressure, liquid surface tempera-
ture, and measured evaporation rate. These variables define the opera-
tional domain of the open surface water evaporation process and form
the basis for all subsequent physical and statistical analyses.

2.5. Evaluation of thermophysical properties and driving forces

The saturation vapor pressure at the liquid surface and the vapor in
the ambient air are obtained from the Antoine equation. The vapor
partial pressure in the bulk air depends on relative humidity and tem-
perature, while at the liquid surface depends on surface temperature.
These two satisfy the definition of the concentration-driving force for the
evaporation rate. The transport properties and thermophysical proper-
ties of moist air were evaluated using correlations obtained experi-
mentally [31], which compute the effects of temperature and relative
humidity on the transport properties.

2.6. Derivation of governing dimensionless groups

The measured thermophysical properties were used to determine the
essential parameter groupings that describe mixed convection mass
transfer. These were the non-dimensional groups of Reynolds number,
Grashof number, the Richardson number, and the Schmidt number, as
well as non-dimensional parameters for the driving potentials of tem-
perature and vapor pressure. These govern the regimes of forced con-
vection, natural convection, and diffusion.

The Richardson number Ri can be defined as follows:

G
Ri:R—erz . @

The Grashof number Gr number in the Ri number can be calculated
with the following relationship:

Table 2
Optimized hyperparameters and test set performance.
Model Hyperparameters MAE RMSE R>
Random max_depth = 12, max_features = 1.0,  0.0318  0.0502  0.9036
Forest min_samples_leaf =1,
min_samples_split = 2, n_estimators =
1000
CatBoost border_count = 32, depth = 3, 0.0226 0.0367 0.9486

iterations = 1000, I, _leaf_reg = 10.0,
learning_rate = 0.3
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L3gp,
Gr= (06 —rk) =" - ®

while the Reynolds number Re number can be determined with the
following equation:
VgLe

Re =— 4
Vg

The Schmidt number Sc number is a quantity expressing the ratio of
the kinematic viscosity and the diffusion factor:

128
Sc=—. 5)
Dy

After determining the Sc number, the calculation of the correction
terms resulting from the difference in temperature and humidity follows

[19]:

TS +273.15
R L ©)
T, +273.15
Dp = Apy )
Drotg

Finally, the Sherwood number Sh number can be calculated with the
help of the mass transfer coefficient which was interpreted in terms of
molar concentrations:

kCLB

Sh=—==. ®
Dy

2.7. Assessment of the physical correlation

The Sherwood-number correlation for evaporation under mixed and
forced convection is applied to evaluate the mass transfer coefficient and
the corresponding theoretical evaporation rate. The theoretical pre-
dictions are quantitatively compared with experimental measurements
using statistical error indicators. This step establishes a direct physical
benchmark for subsequent machine learning model evaluation [19].

1
Sheorr = 0.24 Ri®® Re®” Sc3 &p 20 p! 9

In Eq. (9), the coefficient is 0.24, while the exponents of Ri, Re, Sc,
&1, and ®p are 0.03, 0.7, 1/3, —2.0, and 0.1, respectively. This fixed
correlation was used without machine-learning-based recalibration. The
resulting Sherwood number was converted to the mass-transfer coeffi-
cient using Eq. (10), and the evaporation rate was then calculated using
Equations (11) and (12).

Within the development database used in this study, the correlation
valid for these ranges [1400 < Re < 1.85 x 10°],[2.34 x 1076 <
Ri < 7.4],[0.58 < Sc < 0.7],[0.88 < ®T < 1.154],and [3.0 X

1074 < ®P < 0.1]. Predictions outside these ranges should be
considered extrapolations.

_Sh-BLG
=71 -

k. 10

In the evaporation process, uni-molar diffusion typically occurs in a
two-component system, consisting of the liquid-vapor and the bulk air.
When expressed in terms of molar concentration, the molar flux is given
by:

N, = kc (Cvf - CV.G) ) (11)

where k. is the mass transfer coefficient interpreted in terms of molar
concentrations. Molar concentrations can be obtained using the ideal gas
law, based on the local vapor pressure, the universal gas constant, and
the air temperature. To convert the molar flux to the mass flux, the
physics-based evaporation rate is expressed as:
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pv,f Dve
N = Mk, - 12)
' (R(T{ +273.15) R(TE+ 27315))

Where M is the molar mass of the water and its 18.015 g/mol

2.8. Development of the conventional machine learning model

A preliminary machine learning model based on linear regression is
built using raw operating parameters as input features. Given the small
data set, Leave-One-Out Cross-Validation is used to test the model. This
model serves as a point of comparison to quantify the value added by
physics modeling. Under forced convection, the evaporation rate de-
pends on the competing effects of the convective transport and vapor
pressure. Gas velocity and temperature, liquid surface temperature,
relative humidity, partial pressure, and total pressure are the main
factors affecting the evaporation process and the evaporation rate.
Therefore, the evaporation rate can be described as follows:

N:f(vGaTGaTL7¢Gapv,Ptot)~ 13)

This functional relationship shows that many factors influence the
evaporation rate, and no single parameter defines it. It depends on the
interaction of the flow conditions. Convective transport depends on gas
velocity, while the driving force is the water-vapor concentration dif-
ference between the gas and liquid surface. The vapor pressure gradient,
which directly affects the rate of mass transfer, is defined by the total
pressure and the relative humidity. Together, these factors determine
the intensity of the convective mass transfer and the evaporation rate.

2.9. DTF-ML integration

To reformulate the physical correlation into a dimensionless trans-
port feature representation for machine learning, the dimensionless
groups derived from transport and thermophysical properties are used
directly as input features to the machine learning model. In this struc-
ture, the model learns the relationship between physically meaningful
dimensionless parameters and evaporation rate, rather than relying
solely on raw variables. This strategy incorporates transport-theory in-
formation into the input representation while allowing experimental
data to adapt empirical coefficients.

Dimensionless groups derived from transport theory such as Rey-
nolds (Re), Richardson (Ri), and Schmidt (Sc) numbers, along with a
temperature correction term (®7) and vapor pressure correction term
(®p) are used as input features to the machine learning model. Following
that, the model learns the relationship between these physically mean-
ingful parameters and the evaporation rate (N), effectively adjusting
empirical coefficients based on experimental data while retaining
physical interpretability through dimensionless parameters

N = f(Re,Ri, Sc, @, ®,, Ty, Tg, vg; coefficients learned from data).
as

where f(-) is learned using linear regression with Leave-One-Out Cross-
Validation. This approach combines the interpretability of physics-based
correlations with the adaptability of data-driven learning.

2.10. PINN-like model formulation

The proposed model is a PINN-like model in which the laws of
physics behind heat and mass transfer are included in the learning
process. Unlike classical PINN-like models, which solve the governing
partial differential equations, the proposed model incorporates physical
constraints through dimensionless parameters and physical relations
implemented in the model. This approach ensures agreement with
physical expectations, such as correct dependencies on the Reynolds
number and driving forces, while also leveraging the flexibility of data-
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driven models. The results show that the proposed model delivers strong
predictive performance with physically consistent outputs, justifying
comparison with purely data-driven models over the investigated data
range.

In the process of developing the model, the basic physical relations of
mass transfer were maintained, but instead of empirical Sherwood
correlation, a data-driven version was used. In this way, the physical
model allows for keeping physically expected trends of the system while
having full flexibility to capture nonlinearity with machine learning.

The model does not include an empirical expression for the Sher-
wood number; instead, it predicts it from a neural network using a set of
dimensionless parameters.

log(Sh) = fy(Re,Ri,Sc, @7, ®,) . (15)

where f, represents a nonlinear mapping learned by the neural network
with trainable parameters theta. The logarithmic form develops nu-
merical stability and reflects the multiplicative nature of transport cor-
relations. The Sherwood number is then recovered as:

Sh = exp|[ fy(Re,Ri,Sc, @y, ®p)]. (16)

Once Sh is obtained, the mass transfer coefficient is computed as:

ke

= % 7 a7

L,

where Dy is the diffusion coefficient and L, is the characteristic length.
The molar mass flux is expressed as:

Niot = kc (Cvf - CV,G) ) 18)
where ¢, ¢ and ¢, ¢ are the vapor concentrations at the surface and bulk
air. These concentrations are calculated using the ideal gas law:

pv.f DPve

—_—, C. = —— < . (19)
R(T{ +273.15) "¢ R(TS +273.15)

Cvf =

The evaporation rate is then obtained by converting molar flux to
mass flux:

N = M, Ny , (20)

which leads to the final expression:

pv,f Dvc
N = Mk, - . (21)
' (R(T{ +273.15) R(TE+ 27315))

The model is trained using a composite loss function:
= ldata + j'monolmtmo . (22)

The data loss is defined as:

n

1
H Z (Npred.i - Nexp,i)2 . (23)

i=1

ldaw =

To implement physical behavior, monotonicity constraints are
applied:
ON ON

—_— > —2>0.
6Re_0’ 0D, 20 (24)

These constraints are implemented as:

2 2
Lnono = ReLU<—a—N) + ReLU( - a—N) . (25)
dRe

The prescribed monotonicity constraints are applied to trends that
occur conditionally within the bounds of the observed data. An increase
in Re generally promotes the forced-convective mass transfer process,
and an increase in ®p promotes the vapor-pressure gradient driving
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force. Yet because Re and Ri are related as Ri = Gr/Re?, varying Re and
Ri independently is not always a feasible physical path in mixed con-
vection. Thus, the constraints are imposed as soft penalties weighted by
the parameter Anmon- A high penalty can unrealistically suppress expected
buoyancy-driven behavior and bias the prediction. The constrained
model is therefore considered to favor expected local trends within the
considered range.

Table 3 illustrates the input variables, pre-processing operations,
derived quantities, and the training target for each model variant.

2.11. Internal and external validation

We validated the model separately on the two datasets. We applied
leave-one-out cross-validation to the limited 32-point dataset because of
its small sample size. For the extended analysis, we excluded the com-
plete Gallero et al. dataset (32 observations) before preprocessing,
feature construction, hyperparameter optimization, and model training.
Hence, the remaining multi-source data were used for model develop-
ment and internal evaluation, whereas the excluded study was used only
for final external testing. This design prevents observations from the
same experimental source from appearing in both the model-
development and external-test datasets.

2.12. Performance metrics

The model performance is measured by mean absolute error (MAE),
root mean square error (RMSE), mean absolute percentage error
(MAPE), and the coefficient of determination (R?). These metrics,
mentioned in Table 4, were used uniformly to evaluate the physical
correlation of different studies, traditional machine learning, and the
DTF-ML model. The percentage residual is defined as r; = 100(y; —
¥i)/¥i. MAPE represents the mean absolute percentage prediction error.
The approximate 95% residual-error half-width is calculated as Ugs =
1.960,, where o, is the sample standard deviation of the percentage
residuals. This calculation assumes an approximately normal residual
distribution. Therefore, Ugs describes prediction-error dispersion and
should not be interpreted as experimental measurement uncertainty. We
did not quantify experimental uncertainty because consistent uncer-
tainty estimates were unavailable across the source studies.

The above-derived physical correlation and DTF-ML models are valid
within the operating bounds defined by the dataset ranges (Re, Ri, Sc,
temperature, humidity, and pressure conditions). These bounds
encompass the experimental investigation of flow, airflow conditions,
thermodynamic conditions, and the evaporation system's geometrical
parameters. The bounds for validity refer to Reynolds number from
1400 to 1.85 x 10°, Richardson number from 2.34 x 107° to 7.4, and

Table 3
Definition of the input configurations and preprocessing procedures used in the
models.

Configuration Input Normalization Derived quantities
features and output
Raw ve Tg T, Standard Scaler for None.
@G, Prot Linear Regression only.
No scaling for Random
Forest or CatBoost.
Physics Re, Ri, Sc, Standard Scaler for Calculated from
D, Pp Linear Regression only. operating variables
No scaling for Random and thermophysical
Forest or CatBoost. properties.
Hybrid ve Te, Ty, Standard Scaler for Combination of raw
@6, Prov Re, Linear Regression only. and dimensionless
Ri, Sc, &1, No scaling for Random transport features.
Dp Forest or CatBoost.
PINN-like Re, Ri, Sc, StandardScaler fitted Predicts log(Sh), then
br, Pp only on the training calculates Sh, k., and

inputs. N.
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Table 4
Statistical error evaluation metrics [32-34].
Stat. Statistical Criteria Formula
Param.
RMSE Root Mean Square Error
ZN (yj
j=1 N

MAE Mean Absolute Error N Ly - il

Zj:l N
R? Coefficient of determination ~\2

1 E}N:I Yi— Yj)

-, Nz
Z_i]\il (Yj -y )
PCC i fci Nre =
Pearson Correlation Coefficient ZN: . (Yj _ Yj) (Yj _ Yj)
2 )

\/ZT(YJ -%) \/Z'f (3:-%)

Uos Approximate 95% prediction 1.960;,
-error half-width

e Residual Error

ZN ‘Yj—?j‘
j=1 Yj

Schmidt number from 0.58 to 0.70, including laminar to transitional
mixed-convection regimes. Gas-phase conditions encompass gas veloc-
ities from 0.17 m/s to 5.7 m/s, gas temperatures from — 19 °C to 79 °C,
and relative humidity levels from 4% to 99%. Liquid surface tempera-
tures encompass 1°Cto61°C, and absolute total pressure
84.3 kPa to 101.4 kPa. Vapor pressure difference encompasses
25 Pa to 10,000 Pa, representing low and high evaporation drives. The
evaporation surface area encompasses 0.015 m? to 1.09 m?, and the
characteristic length 0.12 m to 1.04 m [19]. The machine learning
models using dimensionless transport features can’t be valued when
predictions extend outside these bounds.

2.13. Evaluation of nonlinear learning algorithms

To examine whether more advanced non-linear approaches can
perform better than the well-known method, linear regression, in pre-
dicting the rate of evaporation, this research used Random Forest and
CatBoost. Indeed, it's known that the process of evaporation is greatly
dependent on many different parameters, such as flow speed, tempera-
tures, humidity, and even pressures, where the interrelation between
most parameters prevails non-linear behavior, and many thermal-fluid
computations are non-linear originally.

The present study utilized the Random Forest algorithm, as it is a
robust algorithm and is able to pick up complex nonlinear relations
between variables. In addition, it is less prone to overfitting with suffi-
cient data, which is why it serves as a reference point in many physical
regression problems. CatBoost is a top-tier gradient boosting model
chosen because it handles complex nonlinear features and performs well
on small to medium-sized datasets. It provides stable training and is less
picky about hyperparameters, making it a tough contender against
traditional algorithms.

These two algorithms will serve two primary purposes. Firstly, these
will be used to validate that within an evaporation process under these
operating conditions, nonlinearity is prominent, hence making these
complex learning approaches worthwhile. Second, they will be used to
confirm that any discernible advantages of linear regression over other
models are not coincidental and to assess them within the linear re-
lationships evident in these variables under experimental conditions.

A consistent tuning protocol was applied to Random Forest, Cat-
Boost, and the PINN-like model. We evaluated each tunable model using
30 Bayesian-optimization trials with five-fold cross-validation applied
exclusively to the development training data. We used mean validation
RMSE as the common optimization objective, and we did not use the
held-out test data during hyperparameter selection. For the PINN-like
model, the search covered 2-4 hidden layers, 16-64 neurons per layer,
learning rates from 10~* to 1072, and Amonovalues from 10~#to 10~1. The
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selected configuration contained two hidden layers with 64 neurons per
layer, Tanh activation, a learning rate of 0.01, and Amen, = 2.3474 x
10~*. Training used the Adam optimizer with a maximum of 5000
epochs and early-stopping patience of 300 epochs. We standardized the
inputs using training-data statistics, but did not normalize the target
evaporation rate.

3. Results and decisions
3.1. Pearson correlation matrix

The Pearson correlation matrix in Fig. 2 illustrates how each oper-
ating variable aligns with the rate of evaporation, N. For instance, N has
a considerable tendency to vary with increases in air velocity, v (0.64),
air temperatures, T¢ (0.72), and surface temperature, T;, (0.68). These
variables explain the expected impact on evaporation rates, as faster
rates and increasing temperatures will lead to higher rates of mass
transfer and augmented vapor pressure at surfaces, facilitating faster
rates of evaporation. The rate of evaporation has a tendency to lower in
cases where relative humidity, ¢, is on the higher end (-0.62). The
variables also tend to lower with increases in total pressure, Py, (-0.58).
All these effects will tend to lower rates of evaporation by suppressing
the pressure driving force and raising rates of mass transfer. What is
interesting in this data set is that surface temperature, Ty, and air tem-
perature, Tg, tend to vary strongly (0.94). A strong anti-correlation
between T and relative humidity, ¢4, (-0.90) is recorded, which im-
plies that temperature increases co-occurred with low humidity in their
experiments. Therefore, based on a correlation matrix , it can be
confirmed that they chose good input variables in regard to expected
effects on rates of evaporation, N.

3.2. Principal component (PC)

Based on Fig. 3, PC1 dominates, capturing 61.2% of the total vari-
ance, and N appears to follow this pattern of main directions. This
demonstrates that N is subject to control by the main underlying phys-
ical phenomena identified by the first principal component. The direc-
tion of the vectors of air velocity vg is very similar in direction to N,
showing a strong positive correlation, which is logical since a faster air
velocity means a larger mass transfer at the surface of the fluid, which
enhances evaporation. Both the air temperature Tg and the surface
temperature of the fluid T; point in the same direction as N, showing a
similar correlation, since an increase in these temperatures enhances
evaporation, given by an increase in surface vapor pressure. However,
the vector of total pressure, ¢, which is directed in an opposite direc-
tion to N, demonstrates a similar correlation, showing a reduction in
evaporation, given by a reduction in vapor pressure. Hence, this first
component can be seen as a linear combination of an evaporation index,
since in experiments characterized by a high PC1, there is a larger value
of N, which is characterized by high air velocities, high temperatures,
low humidities, and low pressures, which in turn enhance evaporation.

3.3. OAT sensitivity analysis

Fig. 4 provides a One-At-a-Time (OAT (sensitivity analysis, which
studies how the evaporation rate N changes when you vary each oper-
ating variable in isolation from the others. Numbers indicate the relative
change in N for a unit change in each input; hence, they explain the
ranking of the importance of each variable to a given model.

In Linear Regression, the total pressure P, stands out with a sensi-
tivity of 4.1, meaning small pressure shifts cause big swings in predicted
evaporation. The following are the liquid surface temperatures T, with
1.0076, air temperature T with 0.7587, and air velocity v¢ with 0.6708.
Relative humidity ¢ is much less influential (0.0060), suggesting that
within the linear framework and the data range studied, humidity barely
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Fig. 2. Pearson correlation matrix of operating parameters.
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Fig. 3. Principal component analysis of operating parameters influencing the
evaporation rate.

affects the evaporation rate. Overall, this pattern shows the linear model
mainly links evaporation behavior to thermal and pressure-driven ef-
fects. For RF, the ranking order is different; P, becomes the most
important input with 2.1958, followed by T; at 1.4112, ¢ at 0.3064.
While vg and T have lower sensitivities: 0.2019 and 0.2380, respec-
tively. This reflects the tree-based model’s ability to capture nonlinear
relationships and emphasize parameters most directly linked to

interfacial evaporation.

In CatBoost, the lead is taken by Py, with 1.5917, then T with
1.1966, and v with 0.8970 . The value of ¢ indicates a medium effect,
0.4023, whereas for Tg, it is low, 0.2805. This suggests that CatBoost
balances convective transport against thermodynamic driving forces. As
expected, sensitivity analysis of each OAT model highlights the consis-
tency of the three models in terms of the key drivers: total pressure,
liquid surface temperature, and air velocity. In contrast, humidity and
air temperature rank differently across models, reflecting each algo-
rithm's representation of linear and nonlinear relationships in the data
and further indicating that sensitivity analyses are important for inter-
preting ML models of physical evaporation processes.

3.4. Performance on limited dataset

Table (5) presents model performance on a limited dataset of 32
points, which clearly represents a data-scarce scenario. Under these
conditions, simple models such as Linear Regression perform better
when combined with physical information. The Hybrid | Linear
Regression model achieved the highest accuracy with (R? = 0.977) and
low errors (MAE = 0.037, RMSE = 0.043). This indicates that dimen-
sionless transport features improved predictive performance for the
evaluated limited dataset.

In the case of more complicated models such as Random Forest and
CatBoost, the drop in results compared to linear models is quite
noticeable, with the (R?) score falling within the range of 0.73 — 0.91.
This suggests that these models need large amounts of data to capture
non-linear features.

The PINN-like model showed acceptable performance (R? ~ 0.917),
which is lower than the hybrid linear model; however, it remains
acceptable because it includes implicit physical constraints. This shows
that physics-informed models require large datasets to achieve their full
potential.
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Fig. 4. Normalized OAT sensitivity of input variables for linear regression, random forest, and catboost models.

Table 5

The performance of the models using a limited dataset of 32 points.
Feature_Set Model MAE RMSE R?
Hybrid Linear Regression 0.037 0.043 0.977
Hybrid PINN-LIKE 0.062 0.083 0.917
Raw Linear Regression 0.063 0.079 0.926
Physics Linear Regression 0.071 0.090 0.904
Hybrid CatBoost 0.068 0.090 0.902
Raw CatBoost 0.078 0.101 0.878
Physics CatBoost 0.078 0.102 0.874
Physics Random Forest 0.101 0.131 0.794
Raw Random Forest 0.117 0.149 0.734
Hybrid Random Forest 0.121 0.150 0.728

3.5. Performance and scatter plots on expanded dataset

Based on the different study results (Table 6 and Fig. 5), input rep-
resentation and model type notably affect predictive power. In partic-
ular, the use of dimensionless transport features in combination with
either raw inputs or without them demonstrates the best accuracy of
predictions when CatBoost model is used. The gap between the Physics
and Raw + Physics setups is insignificant, meaning dimensionless fea-
tures effectively capture the system's physical behavior and including
raw data does not provide a significant performance gain.

Raw inputs alone also show lower prediction accuracy, showing that
embedding physical knowledge into the input features is crucial for
better results. The same trend holds for the Random Forest model,
although it performs worse than CatBoost because the models capture
nonlinearity differently.

In linear regression, performance is considerably lower in all cases
because it cannot capture the nonlinearity of the mass transfer process,
despite using dimensionless transport features.

The PINN-like model with a monotonic constraint is able to provide
competitive results (R? ~ 0.974), but it still underperforms compared to
the top-performing CatBoost models. These results arise from imposing
physical constraints, which make the model less flexible and lead to
more physically consistent trends in the predictions.

Overall, the ablation study (Table 6) suggests that using physics as
features has a larger effect on performance than using it as an in-model
constraint. Although physics-constrained models improve Physically
Consistent Trends, hybrid models using dimensionless transport features
and machine learning models provide the best results.

Fig. 6 shows the Taylor diagrams of model performance in predicting
evaporation rate for the training and test sets. The diagrams use three
metrics: standard deviation, correlation, and distance from the reference
point. A model close to the reference point best agrees with the exper-
imental data and makes the most accurate predictions.

In the training-set diagram, Linear Regression already shows a sig-
nificant distance from the reference point and a higher standard devi-
ation. This shows a weaker ability to reproduce the data dispersion, as
well as a weaker correlation with the measured values. The other ML
models show greater similarity to the point, with stronger correlation
with the experimental values. Most notable is the CatBoost model, which
is closest to the point and shows the highest correlation between the
measured and experimental values.

The testing set diagram shows the same results as the previous dia-
gram, indicating the model's generality and how well it generalizes to
new, unseen data. For the testing data, the linear regression model is far

Table 6

Ablation study results for feature representation and model comparison without data leakage.
Feature_Set Model Train_ MAE Train_ RMSE Train R* Test MAE Test RMSE Test R?
Raw + Physics CatBoost 0.01 0.01 0.99 0.02 0.06 0.98
Physics CatBoost 0.01 0.01 0.99 0.03 0.06 0.98
Raw CatBoost 0.01 0.01 0.99 0.04 0.08 0.97
Physics Random Forest 0.01 0.02 0.99 0.04 0.09 0.97
Raw + Physics Random Forest 0.01 0.02 0.99 0.04 0.09 0.97
Raw Random Forest 0.01 0.03 0.99 0.04 0.09 0.97
Raw Linear Regression 0.14 0.19 0.72 0.16 0.23 0.77
Raw + Physics Linear Regression 0.05 0.08 0.95 0.09 0.29 0.61
Physics Linear Regression 0.06 0.09 0.94 0.11 0.32 0.53
PINN-like PINN-like 0.01 0.02 0.99 0.02 0.08 0.97
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Fig. 5. Comparison of model performance without physics integration (raw-input learning) and with dimensionless transport feature integration (dimensionless

transport features).
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Fig. 6. Taylor diagram comparing the performance of evaporation rate prediction models.

from the reference point, indicating that the model prediction is unre-
liable. The Random Forest model remains close to the reference point, as
it was on the training set, indicating a stable, consistent model with
generalization capability. CatBoost is again closest to the reference
point, indicating it can stay consistent and accurate when predicting
new experimental data not present in the training dataset.

In summary, Fig. 6 shows that, compared to linear regression, the
machine learning models provided the best variation and correlation
with the experimental data. The CatBoost model gives the best
compromise between standard deviation and correlation to give the
most reliable and accurate predictions of evaporation rate for both
training and testing conditions.

Fig. 7 illustrates the distribution of predicted values compared to
measured values for both the training and testing datasets. In the
training set, most models show clear agreement with the measured data,

11

as indicated by similar median positions and data spread. This suggests
the model can learn system behavior well. The best-performing models
are CatBoost with physics-based or hybrid features, and they show a
narrow, centered distribution compared with linear regression, which
has a wide distribution and indicates its inability to capture nonlinear
dependencies.

In contrast, models show high variance on the test set. CatBoost and
Random Forest models still show a narrower distribution than the
measured one, while other models, including linear models, show a wide
distribution, indicating poor generalization. The PINN-LIKE model also
shows a relatively narrow distribution, but its accuracy is lower than
that of the top-performing tree-based models.

Overall, it can be demonstrated that the inclusion of dimensionless
transport features in the prediction increased the stability and decreased
dispersion of the results, especially for machine learning models. In
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Fig. 7. Violin plot comparison of measured and predicted evaporation rate distributions.

addition, the real differences between the models are evident in the test
dataset.

As shown in Fig. 8, nonlinear models clearly outperform linear
models in uncertainty reduction and prediction stability. In particular,
the PINN-like model provided the best results on the test data sets, with a
Test MAPE of 6.19% and a Uygs of 8.34%, indicating well generalization
and consistent predictive performance. Similarly, CatBoost and Random
Forest models predicted the test dataset using a combination of Raw and
Physics features, with Test MAPE ranging from 6.3% to 7.5%. These

12

results show that combining physically relevant features with raw data
improves prediction accuracy and reduces uncertainty. At the same
time, the usage of either Physics or Raw inputs only resulted in an in-
crease in error because the Test MAPE exceeded [8-10] %, which meant
that some information was lost. Linear regression models showed sig-
nificant prediction limitations because the Test MAPE exceeded 70%.
Overall, these findings show that nonlinear machine learning models
supported by appropriate physical representations, particularly hybrid
approaches, provide the best balance between predictive accuracy and
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uncertainty reduction for such applications.

Fig. 9 shows the normalized residual histograms of three predictive
models. Relative residuals give a more thorough picture of a model's
reliability than measures of correlated predictions, such as the RMS
error statistic. This is because residuals show the distribution of model
prediction errors. Ideally, they will be symmetrically distributed about
zero, with narrow distributions in both the training and testing sets. The
residuals for the linear regression model appear broadly distributed
about zero, with considerable skewness evident in the long tails
extending to large negative and positive residuals. The linear model
clearly estimates variability poorly. However, because of the residuals
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spread for the training and testing data is similar, this model does not
overfit much. While the residuals are broadly distributed, the linear
model is an ineffective predictor of the nonlinear interactions between
the variables governing evaporation.

The Random Forest model shows clear improvement. The training
residuals are tightly clustered near zero, fitting the training data well.
However, the test-data residuals are slightly broader, indicating a slight
drop-off in generalization on unseen data. This suggests moderate
overfitting: the Random Forest can extract information from the training
data but struggles to transfer it to new operating conditions. The Cat-
Boost and PINN-LIKE residuals show the best behavior: the training
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Fig. 9. Relative residual distributions for training and test sets using linear
regression, Random Forest, CatBoost, and PINN-LIKE Models.

residuals are tightly peaked close to zero, while the residual distribution
of the test data is equally tightly peaked with a nearly symmetric shape.
This robust residual distribution indicates strong generalization, with
little systematic bias. The close match between the training and test
residual distributions indicates that CatBoost can model complex
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nonlinear relationships while remaining stable on unseen data.

Overall, the residual plots in Fig. 9 show that CatBoost and PINN-
LIKE provide the most balanced residual structure, avoiding the ex-
tremes of high accuracy and high generalization seen in Random Forest
and Linear Regression, respectively.

Table (7) and Fig. (10) present the performance of the models when
evaluated on new experimental data that were not used during training,
thus providing an independent assessment on observations excluded
from model development. The results show that CatBoost-based models
achieve the highest accuracy, where the Physics CatBoost model pro-
vides the best performance with (R?> ~ 0.983) and a very low error
(RMSE ~ 0.021), indicating strong agreement between predicted
values and the new experimental measurements. Similarly, the Raw |
CatBoost and Hybrid | CatBoost models perform very similarly, con-
firming that CatBoost can capture complex relationships even without
fully embedded physical features.

The PINN-like model performs very well (R? = 0.982) with a low
RMSE, nearly matching the best-performing model. Thus, we conclude
that it performs competitively on the tested independent dataset with an
incorporated monotonicity penalty term, making the model more
physically realistic than data-driven models. Although its error is
slightly higher than CatBoost, but it performs better from a physical
perspective.

Random Forest models perform well, with (R?) values from 0.96 to
0.97, indicating strong predictive performance and accurate predictions;
however, compared with CatBoost models, they are less accurate. In this
case, using dimensionless transport features does not improve perfor-
mance; thus, Random Forest appears less efficient at using physical in-
formation.

Compared with previous model types, linear regression models
perform poorly; their R? values are below 0.7 in most cases, and they
have relatively high MAE and RMSE. Thus, this model fails to describe
the nonlinearity of the evaporation process.

In summary, the CatBoost models show the best correlation with the
new experiment, while the PINN-like approach balances prediction
performance with physical meaning. This comparison shows that
incorporating physics knowledge improves prediction performance.

4. Potential application scope and limitations

Within the investigated operating ranges, the DTF-ML framework
may support evaporation-rate estimation while retaining transport-
based information. However, its performance should not be inter-
preted as evidence of applicability to systems or conditions not repre-
sented in the database. Future studies could examine the framework in
evaporative cooling systems, cooling towers, solar desalination systems,
and evaporation basins. Such applications require validation using data
that represent their specific geometries, fluids, boundary conditions, and
operating ranges. The present findings should not be directly extended
to lakes, irrigation channels, reservoirs, industrial drying, or process-
control systems because the evaluated database did not include these
applications. Additional experimental data and application-specific

Table 7

Model performance on the independent 32-point external test dataset.
Feature_Set Model MAE RMSE R>
Physics CatBoost 0.006 0.021 0.983
PINN-like PINN-like 0.010 0.021 0.982
Raw CatBoost 0.007 0.021 0.982
Hybrid CatBoost 0.006 0.022 0.981
Hybrid Random Forest 0.015 0.029 0.967
Physics Random Forest 0.015 0.029 0.966
Raw Random Forest 0.017 0.031 0.963
Hybrid Linear Regression 0.057 0.078 0.759
Physics Linear Regression 0.065 0.089 0.681
Raw Linear Regression 0.074 0.107 0.542
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Fig. 10. Combined comparison of experimental and predicted evaporation rates versus liquid temperature for the two best models.

validation are required before engineering implementation.

This study shows that dimensionless transport features can be
incorporated into machine-learning models for evaporation-rate pre-
diction. Predictions outside the investigated ranges constitute extrapo-
lation and should be independently validated before practical use.

5. Conclusion and limitations

In this research, we developed and verified a DTF-ML technique to
estimate the evaporation rate of fluids under mixed and forced
convective regimes. In the proposed method, mass-transfer correlations,
originally expressed as empirical equations, were converted into
dimensionless transport features for use in learning algorithms.

We considered two data regimes to assess predictive performance
and generalization. For the limited 32-point dataset, the Hybrid Linear
Regression model achieved the best performance, with an MAE of
0.037 kg/(m%h), an RMSE of 0.043 kg/(m>h), and an R%of 0.977,
compared with an MAE of 0.063 kg/(m%h), an RMSE of 0.079 kg/
(m2.h), and an R?of 0.926 for the Raw Linear Regression model. For the
expanded multi-source dataset, nonlinear models substantially out-
performed Linear Regression on the held-out test data. CatBoost models
using dimensionless transport features achieved the highest predictive
performance, with test R? values of approximately 0.98, while the PINN-
like model achieved a competitive test R? of approximately 0.97. These
results indicate that the effectiveness of the input representation de-
pends on both the available data regime and the learning algorithm.

This clearly shows how classical evaporation relations can be
transformed into smart predictive tools through incorporating mass
transport computations with machine learning algorithms. The sug-
gested framework offers an interpretable methodology that minimizes
the need for expensive experiments without compromising physical
consistency and can be extended to other coupled phenomena with new
representative data and independent verification.

This approach does not impose the governing equations during
training and should thus be considered a physics-guided but not physics-
constrained model. The suggested methodology is limited by the range
of conditions present in the dataset.
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