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ABSTRACT 

Machine learning (ML) processes such as neural networks (NN) have strong capabilities 

in the prediction of the state of a given problem domain. A drawback of NNs is their 

inability to generalize predictions outside of the domain of data for which they are 

trained, a problem exasperated by sparse data sets. For physical processes, this can be 

remedied by the use of physics-guided neural networks (PGNN). By using physical 

equations describing the process, approximate outputs of a future state of the process can 

be generated for inputs outside the domain of measured data as well as optimize 

coefficients within the equation(s) to match the data via gradient descent. 

The PGNN was applied to two polyurethane foam samples contained within a glovebox 

with controlled pressure, temperature, and varied humidity levels, with the mass of the 

samples finely measured to 0.01 mg precision over time. The mass of the samples obeys 

the physics of Fickian water diffusion from the air, which were utilized in the PGNN. 

Combining the physics approximation with data measured from the glovebox, an 

algorithm was produced that can approximate the future mass of a sample to within 10% 

of the measured mass for four differing humidity levels of 0, 5, 30, and 75% as well as 

optimize coefficients such as the diffusivity per area defined as 
𝐷

𝑠2 for some diffusivity 𝐷 

and unknown material thickness 𝑠 to physically valid values of polyurethane foam. While 

future work is necessary to create a realistically applicable PGNN, this study indicates 

that physics can help guide future prediction regardless of a lack of measured data and 

outcomes to train upon.  
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CHAPTER ONE  

INTRODUCTION AND GENERAL INFORMATION 

Within the domain of the development of mechanical systems and manufacturing, the 

creation of a product undergoes several stages of testing and development. Within such 

stages of development, manufacturers often use proxy parts in place of real components 

to save on costs during design phases when assembling products [1]. Such proxy parts are 

made with cheap materials, with one being polyurethane foam. However, when subjected 

to different environmental conditions, the foam is more susceptible to change than the 

real components they represent. One such change is the change in mass from water 

diffusion into and out of the material due to relative humidity and the subsequent volume 

change from swelling or contraction. While a typically negligible effect on the order of 

milligrams, parts that require very precise parameters such as mass and volume as when 

they were manufactured can fail to act as proxies within the framework of mechanical 

systems and hinder the overall design process at later times when other parts or the true 

parts are added. 

To address the effect of water diffusion causing mass change in polyurethane foam 

materials used as proxy parts in mechanical systems on-site, the Y-12 National Security 

Complex conducted an experiment within a controlled glovebox environment on two 

types of foam with varied humidity levels, measuring the mass with a precise scale over a 

period of approximately 100 days. The details of the glovebox and mechanism for 

measuring the mass as well as for physics-guided neural networks can be seen below. 

Controlled Glovebox Environment 

Foam Samples 

The measurement of mass change of two types of polyurethane foam from General 

Plastics, FR-3740 (beige) [2] and FR-4550 (gray) [3], was conducted in a controlled 

glovebox experiment as a result of a change in humidity causing the diffusion of water 

from the environment. The foam samples have varying density to allow different levels of 

diffusion, with the beige samples at 40 𝑙𝑏𝑠/𝑓𝑡3 = 0.641 𝑔/𝑐𝑚3 and the gray samples at 

50 𝑙𝑏𝑠/𝑓𝑡3 = 0.801 𝑔/𝑐𝑚3 and both samples are cylindrical in shape with half the 

internal volume hollow and the other half solid for a total volume of 6.05 𝑖𝑛3 = 99.14 
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𝑐𝑚3 as seen in Figure 1.1. There are 24 total samples within the data, with four samples 

being either a stainless-steel holder or PVC pipe for comparative measurements; the 

beige and gray cylinders are divided equally at ten samples each. 

Robotic Measurement System 

The data were collected over the period of approximately 100 days by an automatic 

system to measure the mass of the samples with varying degrees of relative humidity. 

The humidity was controlled and measured by a water column and chilled-mirror 

hygrometers [4] that combine humid air bubbled through the water column with dry air to 

achieve the desired relative humidity measured by the hygrometer, testing 0%, 5%, 30%, 

and 75% relative humidity in the glovebox at approximately equal amounts of time in the 

total experiment. A FANUC robotic arm [5] seen in Figure 1.2 would pick up each 

sample individually and place it on a Mettler Toledo XPE 205 high precision balance 

with a precision of 0.01 mg [6]. The temperature was held approximately constant around 

303 K but had some degree of fluctuation as the glovebox was not perfectly sealed due to 

wiring needs of the robot. The temperature was measured in the glovebox using 16 

thermocouples averaged to produce a single value in Celsius before being converted into 

Kelvin for traditional scientific reporting units.  

 

 

Figure 1.1 Picture of the foam samples in the controlled glovebox. Both the beige and 

gray foam samples are shown along with a few metal placeholders as a comparative 

object. Courtesy of Y-12 National Security Complex. 
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Figure 1.2 Picture of the robotic arm and the precision scale measuring a sample. The 

arm automatically moves the sample from its placeholder to the scale and returns it after 

measurement. Courtesy of Y-12 National Security Complex. 

 

An additional precaution to reduce error in the measurement is the use of an anti-static 

device [7] to remove charges from the surface of the samples. The sample is passed 

through the device, which creates ions in the air to cancel charges on the surface, before 

being placed on the scale. This was added after Y-12 discovered inconsistent mass 

readings when testing the scale, attributing the effect to static on the reading output. At 

the time of each mass measurement, the approximately constant temperature, ambient air 

pressure from the environment, controlled humidity, and other miscellaneous variables 

such as the flow rates of the dry and humid air were recorded in the glovebox as 

additional data points. 

Physics-Guided Neural Networks  

The capabilities of NNs serve as a powerful tool of prediction, classification, and other 

useful tasks that do not require complex modeling or deterministic methods. However, a 

common flaw in a traditional NN is the requirement of a large amount of training data 

required to predict on the variable domain of interest, which provides no understanding of 
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the physical system nor understanding of how the computer optimizes to achieve its 

outputs, only creating a mathematical map of inputs to outputs. While the NN performs 

efficiently for the domain of the data trained upon, it catastrophically fails to provide 

confident predictions for new data not within the domain. For many practical systems in 

which NNs would provide an advantage, there lacks sufficient data collected from the 

system to allow for a generalized predictive trained model, a problem that often plagues 

much of supervised machine learning [8]. 

A variation on the traditional NN that aids in training and prediction outside of domain of 

collected data is the physics-guided neural network (PGNN). The PGNN is a 

combination of a traditional neural network that trains on data collected for the physical 

system and the utilization of physics equations that model the underlying process to 

provide constraints for the NN during training [9]. While the traditional portion is 

confined to a limited domain of the data, the physics portion can cover the entirety of the 

desired domain including both that in which the data resides and outside of which data is 

not collected. The result is a model that can train to match the progression of the system 

for real data while approximating the progression of the system outside of the domain, 

leading to a greater level of prediction that a standard NN would be unable to provide. An 

added benefit to the use of physics in the training is the allowance for constants of the 

equations to be determined through a fit to the available data; from a given starting value, 

the model will train to determine constants that best fit the equation output to the 

available data. While the level of fidelity of the model is dependent on the accuracy to 

which the physics equations describe reality, a PGNN imposes constraints that can 

provide greater accuracy for data outside the domain compared to a NN. 

This analysis aims to combine simple physics of diffusion with the data collected on the 

foam from experimentation into a PGNN for the prediction of future mass change that 

has fidelity with the true mass change past an arbitrary ending point of data utilized in 

training. Results portraying a similarity in curve shapes with predictions within a low 

percentage of the true mass change would indicate the initial success and potential 

implementation of the PGNN for this problem of diffusion and for other physical 

systems. 
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CHAPTER TWO  

LITERATURE REVIEW  

Water diffusion is a well-studied topic but can be increasingly complex for multi-

dimensional analysis with non-uniform shapes, while the use of physics within NNs has 

many successful implementations for various physical systems, from using physics-

informed machine learning (ML) with the utilization of differential equations to ML 

regularized and/or guided by physics equations as applied in this thesis. The following 

literature review discusses the physics of water diffusion in various materials including 

polyurethane foam as well as physics utilized in ML for the analysis of various problems. 

Water Diffusion 

Classical diffusion was first circumscribed into a theory by Adolf Fick to describe how 

the macroscopic concentration of the diffusing liquid changes over time in his second law 

[10]. The second law is a second-order partial differential equation of the form: 

∂c

∂𝑡
= 𝐷

∂2c

∂𝑥2
 

where 𝑐 is the concentration in dimensions of [# 𝑙𝑒𝑛𝑔𝑡ℎ−3], t is the time, D is the 

coefficient of diffusion in dimensions of [𝑙𝑒𝑛𝑔𝑡ℎ2 𝑡𝑖𝑚𝑒−1], and x is the length. This 

equation relates how the concentration of molecules of the liquid over time diffuses into 

or out of a given length of the material. The differential equation by itself does not offer 

much utility for describing a given system, requiring it to be solved for the conditions 

under which diffusion is occurring such as the geometry, although it has utility for some 

physics utilization in ML such as physics-informed neural networks that utilize 

differential equations. For this use, it would require data of the concentration of the 

liquid, the time, and the distance it travels which are difficult to measure, but have been 

accomplished to model diffusion [11]. 

The solution to the one-dimensional form of the differential equation for a slab geometry 

using generalized bounds and converting the concentration into weight by integrating the 

concentration over the thickness has the form [12]: 
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G ≡
𝑚 − 𝑚𝑖

𝑚𝑚 − 𝑚𝑖
= 1 −

8

π2
∑

𝑒𝑥𝑝 [−(2𝑗 + 1)2π2 ∗
𝐷𝑥𝑡

(
1
2 𝑠)

2]

(2𝑗 + 1)2

∞

𝑗=1

 

 

that can be simplified to the approximation via fit [13]:  

𝐺 = 1 − 𝑒𝑥𝑝 [−7.3 (
𝐷𝑥𝑡

𝑠2
)

0.75

] 

where 𝐷𝑥 is the diffusivity of the material, 𝑠 is the thickness, and 𝑡 is the time. This study 

combines 
𝐷𝑥

𝑠2
 into a single constant C due to uncertainty in the thickness 𝑠. Further 

rearranging gives a weight percent change [13]: 

𝑀 = 𝐺(𝑀𝑚 −  𝑀𝑖) +  𝑀𝑖 

where M is the percent weight gain, 𝑀𝑖 is the initial moisture content in percent, and 𝑀𝑚 

is the maximum moisture content obtainable for the environmental conditions in percent 

given by 𝑀𝑚 = 𝑎ϕ𝑏 for relative humidity ϕ in percent and unitless constants a/b that 

depend on the material. This equation is the simplest form for use in the PGNN to give a 

model prediction for the weight change. The equation can be extended to more 

dimensions to provide greater physical insight into diffusion on multiple axes for more 

complex shapes, although this requires a more involved solution [14] [15]. The typical 

shape of the weight change as a function of time models that of increasing exponential 

with an asymptote at the saturation point, which is verified by several studies [13] [15] 

[16] [17] [18]. 

The physics of diffusion is heavily controlled by various factors, some of which small 

changes can have profound effects on the diffusivity. The largest factor in the value of the 

diffusivity comes from the temperature of the environment, which controls the speed of 

the diffusing molecules. It has been well studied that the diffusion coefficient increases 

with increasing temperature: depending on the material, this change can be by a factor of 

5 to 6 for changes of 90 K in foams [18] to a factor of 10 for changes of 100 K in graphite 

materials [13]. These findings are supported by an increase in moisture absorbency with 



 

7 

 

increased temperature [19]. The increased diffusion coefficient correlates to a shorter 

time of diffusion per area as the units are in inverse time. The relative humidity and the 

water content within the material also has a noticeable impact, with higher concentrations 

of water typically decreasing the coefficient due to effects such as blocking of water 

uptake and hydrogen bonding between the water and material [20] and higher humidity 

driving a faster absorption rate [21]. The barometric pressure also provides some degree 

of influence on the diffusivity with higher pressures driving greater water uptake [15], 

although this effect is neglected in this study due to no major fluctuation in the pressure 

over the 100 days. Due to these effects on the parameters of the diffusion equation, each 

of the four humidity levels analyzed in this thesis are given their own set of constants to 

achieve the best modeling of the physics for their environmental conditions such as 

temperature, air pressure, and relative humidity. A single set of values could be used but 

the overall fit would be worse due to the parameters having environmental influences. 

A final effect on the material from water uptake and temperature, especially for porous 

materials such as foam, is the change in volume. With the absorption of water into the 

foam material, a corresponding increase in volume results that is dependent on the 

swelling efficiency of the material [22] [16] [21]. With regards to the temperature, 

materials have a tendency to expand and contract when subjected to higher or lower 

temperatures due to the increased energy in the structure of the material. This 

phenomenon is controlled by the thermal expansion coefficient and can lead to several 

factors of volume change within a 100 K difference in the temperature [22]. While a 

change in volume affects the density of the material and can influence the rate of 

diffusion [15], the change to the coefficient is considered negligible for this study due to 

requiring a substantial density change not seen in this study to affect the diffusion in an 

apparent manner. 

Physics Utilization in Neural Networks 

The incorporation of physics to constrain and aid in NN techniques for various 

applications is a relatively recent area of research. Many uses of physics to inform, 

regularize, and guide ML have been established to advance the computational accuracy 

of models. 
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Previously discussed was the use of a physics-informed NN utilizing the physics of 

Fickian diffusion; the “informed” portion of the architecture takes advantage of the use of 

gradients and derivatives in the NN to implement a loss function based on the differential 

equation of the underlying physics [11]. By taking gradients of the predictions over the 

variables of the data as they appear in the equation, such as the concentration over 

distance, the NN can be constrained to predict outside the training data domain by 

satisfying the differential equation, but requires knowledge of the governing differential 

equation and associated variables. However, this method can provide greater fidelity to 

the predictions of the NN as well as be used to solve unknown constants via gradient 

descent [11]. The method of “informed” NNs has been extended into a limited number of 

fields due to the complex nature of many problems preventing the understanding of 

underlying differential equations, but has some success such as: the prediction of the 

moisture content in plant cells using differential equations of conservation laws of mass 

and energy [23]; the estimation of hydraulic conductivity in saturated and unsaturated 

subsurface flows using Darcy’s law [24]; solving the diffusivity equations with sources 

and sinks in similar subsurface flow problems [25]; and the merging of numerical 

methods from partial differential equations to aid a NN on diffusion-sorption in clay [26]. 

A related variation to the informed NN and a close relative to the “guided” NN is the 

model that is “regularized” by physics. Using a governing equation that models a part of 

the domain of interest while having data for a different region of the domain allows a 

coupling of modeling and NN prediction, using the physics to regularize the point of 

coupling and constrain future NN predictions. This method is implemented to predict the 

amount of swelling within SiC due to neutron irradiation, a material to be potentially 

used as cladding for nuclear reactors, using a physics model for the lower temperature 

domain to dovetail into experimental data in the higher temperature domain of interest 

[27]. The physics model becomes increasingly invalidated at higher temperatures, but can 

constrain the NN prediction at the point of overlap. 

The final variation, which this paper analyzes, is the use of physics to “guide” the NN. 

This method similarly uses a governing equation that models behavior as in the 

“regularized” method, but utilizes the physics to act as a constraint over the whole 
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domain of interest, including the data, instead of modeling a part of the domain to couple 

to the domain with data [9]. The predictions of the NN must conform to the governing 

physics as to prevent unreasonable outcomes for the domain of the training data and for 

future prediction, on which traditional NNs typically fail. There are a variety of different 

physical applications for which PGNNs have been used to improve prediction and 

determine unknown coefficients. A PGNN is able to aid in hybrid process modeling of a 

nonlinear continuous stirred-tank reactor used in chemistry by enforcing a material 

balance using conservation laws [28]. Other nonlinear dynamics such as the Lotka-

Volterra model, Duffing equation, and Lorenz system can be partially incorporated at an 

intermediate layer in a NN to improve model accuracy [29]. Power flow equations help 

determine the best operation of existing systems with data-driven approaches lacking 

generalizability due to simplified assumptions, but can be improved by incorporating 

Kirchhoff’s laws into the NN [30]. In terms of mechanical systems, structural damage 

supervised learning methods suffering from sparse damage data are supplemented by 

physics from the finite element model [31], the deformation of elastic plates predicted by 

NNs include classical theory from the Föppl-von Kàrmàn equations with set boundary 

conditions [32], and physics-based models are combined with data-driven modeling to 

aid in the prediction of wear on machining tools [33]. 

While the incorporation of physics into data-driven NN models has generally aided in 

accuracy by providing physical constraints to predictions, imperfections within modeling 

can also hurt the ability of the PGNN. Physics-based models often have assumptions, 

simplifications, and imperfections in representing real-world dynamics which can hinder 

performance, making it imperative to use physics in contexts where fewer assumptions in 

the modeling exist [34]. For this analysis, the use of one-dimensional slab geometry 

diffusion physics is assumed to model the foam cylinder samples to first-order to 

highlight the potential of the PGNN. Higher dimensional diffusion physics and/or 

accounting for effects such as temperature and pressure, regardless of their minimal 

fluctuation, on the diffusivity could be implemented to improve the physics modeling at a 

future point. The cost function utilized in this thesis, described in detail later, utilizes 

logic to discourage unphysical mass changes between subsequent data points to improve 
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the fidelity of the model with the realistic expectation for the evolution of the mass 

change. 
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CHAPTER THREE  

METHODOLOGY 

The creation and implementation of the PGNN is divided into several portions of data 

manipulation, neural network architecture configuration, development of the loss 

function guiding the training, and adjustment of hyperparameters controlling the training. 

Data Munging and Analysis 

The data collected by the automated system over the course of approximately 100 days 

was compiled in a spreadsheet with many measurements of other variables taken at the 

time of the mass measurement for each sample. The data was sorted by sample number in 

MATLAB [35], with non-important variables not related to the physics of diffusion, such 

as the air flow rates, removed from the table to reduce spurious correlations in the input 

data. The variables included as inputs for training include the relative humidity, 

temperature, pressure, and the time with the sole output variable being the mass change. 

An example of a portion of a data table can be seen in Table 3.1.  

It can be seen in Figure 3.1 that for an individual sample, the relative mass change can be 

divided into four groups characterized by humidity levels at approximately 0%, 5%, 30%, 

and 75%. The physics of diffusion dictates that the mass of each group evolves by the 

same mechanism semi-independently of each other, with the only interaction being the 

starting/ending mass percent for each group. Therefore, each group is trained separately 

in the overall model, with the data from each group added subsequently during training. 

The evolution of the mass curves follows similar trends of mass changes from diffusion 

such as Fig. 3 of Jansen et al. [18]. 

Much of the development of the PGNN was limited to a single beige foam, sample #4, 

for time management and simplicity, with verification performed with a different beige 

sample (#15) and a more minor analysis of a gray foam, sample #7. 

Variable Manipulation 

The time variable is recorded in a datetime format that is subsequently changed to units 

of seconds. For each humidity group in a sample, the time is shifted to make the initial 

point at zero seconds in the training of each group; this allows the PGNN to have 

consistency in the treatment of each group, each evolving in an independent manner. For  
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Table 3.1 Example of a data table for a sample. The time, temperature, and relative 

humidity are inputs and the mass is the output. 

Time (s.) Mass (g) Pressure 

(torr) 

Temp. (K) Relative 

Humidity (%) 

247 61.1177 742.9008 303.98 0.01 

2297 61.1086 742.8984 304.2 0.01 

7854 61.0954 742.6374 303.77 0.01 

13454 61.0805 741.4899 303.59 0.01 

… … … … … 

 

 

 

 

Figure 3.1 Data collected for Sample #4, a beige polyurethane foam, showing the relative 

mass change and relative humidity over time. The four humidity groups of 0%, 5%, 30%, 

and 75% show different regimes of mass change, with the loss of water causing the initial 

decrease and subsequently gaining water after. This follows diffusion mass changes seen 

in Jansen et al. [18]. 
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training purposes, the time is further converted into units of days to keep the time 

variable at a lower order of magnitude. 

The mass recorded in grams of each sample is converted into a relative percent change to 

match the output of the physics equations. For the purposes of training, the initial point  

for the relative comparison is the starting data point for each humidity group to ensure 

consistency, although such changes cause decreasing mass changes like the 0% humidity 

group to have a negative relative mass change and initial mass percentage; the negative 

initial mass percentage is recorded as positive to prevent confusion on an unphysical 

mass value. It should be noted in Figure 3.1 that the relative point for the whole domain 

of data is the minimum mass for all the data. Other plots showing the evolution of the 

inputs against the mass change can be seen in Appendix Figures 1-2. 

There were several datapoints that have incorrectly recorded values likely due to 

computer or instrument error. In some cases, the pressure value was different by a factor 

of 100 from a decimal point error, which was corrected by multiplying those values by 

that factor. For relative humidity levels, values that were excessively different from the 

data points before and after prompted the removal of that observation due to recording 

error.  

An important component in the training of a NN is the standardization of all input 

variables to prevent any one variable from controlling the overall training [36]. Due to 

the orders of magnitude difference between many of the inputs, such as time on order 10 

in units of days and pressure on order 100 in units of torr, each input variable is 

standardized using z-score as follows: 

𝑍 =
𝑋 − 𝜇

𝜎
 

where Z is the z-score of the variable, X is the array of values, µ is the mean, and σ is the 

standard deviation. With this standardization, all input variables range within a few digits 

of zero and equalizes each within the training scheme. An important distinction in the 

standardization is how each variable is standardized. As the humidity, temperature, and 

pressure vary over the whole domain of training data, each of those variables are 

standardized by the mean and standard deviation of the full range. The time variable is 
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treated differently as the time is reset for each humidity group; therefore, the time 

variable is standardized to the mean and standard deviation of each group instead of the 

full domain. 

A final consideration that may affect the reading of the balance scale is phenomenon of 

air buoyancy on the foam samples. For high precision mass measurements, the fluid of 

the air will cause a reduction in the true weight of the sample, especially for scales on 

order 10−5 resolution of the mass of the sample or less [37]. The buoyancy force is 

dependent on the air density and the volume of displacement by the sample; when 

multiplied, the mass of the displaced air is calculated which can be added to the weight 

reading to achieve the true weight of the sample. The precise air density is a complex 

fitted equation dependent on the pressure, temperature, relative humidity and partial 

pressures of the air [38], and the volume is 99.14 𝑐𝑚3 for the samples as previously 

described. While the buoyancy can affect the true weight reading of the scale, it is 

ignored for this study as the temperature, pressure, and humidity are approximately 

constant over the course of measurements per humidity group, which constrains the 

buoyancy to be a near constant term. As such, the shape of the curve and the relative 

mass change should be consistent across measurements and, along with the extremely 

small deviations, make any buoyancy correction negligible for training the PGNN. 

Model Architecture 

Development of Parameter Structure 

The architecture of the NN has undergone several iterations to optimize the training and 

validation. Such changes include the number of layers, the number of nodes per layer, 

and the starting values for constants used in the physics equations. 

The network is a custom-made structure object within MATLAB [35] with substructures 

of fully connected layers consisting of a weights group holding the values that connect 

neurons between layers and a bias group holding the offset values of the neurons in the 

layer. Before training, the weights are initialized with random values using a random 

number generator from the normal distribution and the biases are initialized to zero; both 

are converted into learnable parameters through the use of dlarray in MATLAB [35]. The 

final forms of the model consisted of approximately six fully connected layers that 
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increase in the number of nodes from the input to the middle of the layers before 

decreasing in size to give a single output, that of the predicted mass change. Each layer 

uses a rectified linear unit (ReLU) as an activation function with dropout of 10% 

implemented for each layer. The layout can be seen in entirety in Table 3.2. 

An additional substructure to the parameters is that of the values for the constants of the 

physics equations. There are four constants describing the equation, detailed in the 

following section, that are populated with initial guesses based on values found for other 

materials undergoing diffusion [13] [20] [39] [40] [41]. Each constant in the structure is 

an array of four values that account for the four humidity groups trained individually 

within a sample; during the course of training, the values within each constant will update 

separately such that each humidity group will obtain its own group of tuned constants 

describing the data from the curve due to differences in the other factors such as 

temperature having minor effects on the constants between groups. While the PGNN has 

the ability to update the constants to learn their physical values, it is limited so far in its 

ability to make large changes from the initial value given, making it important to seed 

values that are relatively close to the true values of the constants and at the very least 

have the same order of magnitude. 

Training Hyperparameters 

For a standard training event, the hyperparameters are maintained at the following values. 

A training consists of 5000 epochs on approximately 1400 datapoints for a single foam 

sample. The data is segmented into the four groups based on the relative humidity, with 

each group of data placed into a minibatch object that trains on 100 samples per iteration. 

The initial learning rate is set to 0.0005 with a decay of the learning rate at a value of 

0.00001; these values were chosen after trial-and-error of initial training events. The 

parameters of the NN architecture are updated using the Adam optimizer [42] with the 

constants of the physics equations manually constrained to be positive by using the 

absolute value to prevent imaginary results of the equations caused by fraction exponents 

of negative numbers. An example of a plot showcasing the training of a sample can be 

seen in Figure 3.2. 
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Table 3.2 Architecture of the layers, number of neurons, and added functions along with 

the typical starting constants for the final model created for the PGNN on all humidity 

mass curves for both foam types. A ReLU activation was applied to each hidden layer, 

with a 10% dropout of neurons randomly selected. The number of samples per input is set 

to 100 in the mini batch. 

Layer Neurons Activation Dropout 

Input 7 None None 

Hidden Layer 1 9 ReLU 10% 

Hidden Layer 2 25 ReLU 10% 

Hidden Layer 3 64 ReLU 10% 

Hidden Layer 4 25 ReLU 10% 

Hidden Layer 5 9 ReLU 10% 

Output 1 None None 

 

Constant 

Values 

0% Hum. 5% Hum. 30% Hum. 

 

75% Hum. 

 

a 0.0 0.05 0.05 0.05 

b 0.8 0.5 0.5 0.5 

𝑫𝒙/𝒔𝟐 0.01 0.01 0.01 0.01 

𝑴𝒊 0.4 0.001 0.001 0.001 
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Figure 3.2 A plot of a training for sample 4, a beige foam. The training is conducted for 

5000 epochs over approximately 50 minutes at an initial learning rate of 0.0005. The loss 

curve indicates typical NN training of an exponential decrease, with the final loss 

reaching 0.327 for all loss terms, traditional and physics based. 

 

Loss Function 

Data-Incorporated Loss Function 

The portion of the NN driven by the data is considered to be a traditional model that 

trains on data given to it and would only be confined to that particular domain. The 

training data, in the standardized format, is fed through the model hidden layers with the 

ReLU activation functions and dropout incorporation of 10% of the neurons selected 

randomly to obtain the mass change prediction for the training domain. A root mean 

square error function (RMSE) is used to calculate the loss between the mass change 

labels and the predictions. The relevance of the data-driven portion of the NN is 

dependent on the weight assigned to its loss and the amount of data given to it as training. 

For each of the four curves for the different humidity groups of a sample, initial tests 

were performed using 60% of the data for training with the remaining 40% utilized in 

prediction testing, but after improvements and trials, only 40% of the data was given to 

the traditional NN for training, leaving the majority of the prediction of the later time 

evolution to the physics-driven portion. In general, the more data made available for 
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training correlates to a more accurate matching to the true mass change values, which 

deemphasizes the importance and use of the physics in the model; the relative importance 

of either the data or physics is also driven by the weights manually chosen for each loss 

term. The equation of the data loss function is seen below for N data points, with 𝑀𝑁𝑁 

being the output of the NN and 𝑀𝑎𝑐𝑡 being the true mass change: 

𝐿𝑑𝑎𝑡𝑎 = √
1

𝑁
∑(𝑀𝑁𝑁,𝑖 − 𝑀𝑎𝑐𝑡,𝑖)

2
𝑁

𝑖=1

 

Physics-Incorporated Loss Function 

Within the PGNN framework, the equations of the process studied constrains the NN to 

make more ideal guesses for untrained data based on the evolution of the physics. From 

analysis of the evolution of the mass change in the foam samples, it was assumed that the 

samples followed some form of Fickian diffusion that is best described by a differential 

equation relating the concentration of the water to its position within the foam. Solving 

the differential equation for a one-dimensional slab gives the following equation 

described in the literature review [13]:  

𝑀 = 𝐺(𝑀𝑚 −  𝑀𝑖) +  𝑀𝑖 

where M is the percent weight gain, 𝑀𝑖 is the initial moisture content, 𝑀𝑚 is the 

maximum moisture content obtainable for the environmental conditions, and G is a time 

dependent parameter. G has the approximation: 

𝐺 = 1 − 𝑒𝑥𝑝 [−7.3 (
𝐷𝑥𝑡

𝑠2
)

0.75

] 

where 𝐷𝑥 is the diffusivity of the material, 𝑠 is the thickness, and 𝑡 is the time; it should 

be noted that the diffusivity constant has inverse time as a unit, and the value of it will be 

determined by the unit of time that 𝑡 is. For further simplification and due to the 

uncertainty around the thickness, 𝐷𝑥 and 𝑠2 are combined into a single constant called 𝐶. 

Likewise, the maximum moisture content can be described by: 

𝑀𝑚 = 𝑎ϕ𝑏 

where ϕ is the relative humidity in percent and 𝑎/𝑏 are constants dependent on the 

material that can be determinable from the asymptote of the mass change for a given 
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humidity. For a material that is losing moisture, G is modified to only include the 

exponential term. While the samples are complex three-dimensional shapes, it has been 

determined through testing that the one-dimensional diffusion equation acts as a decent 

approximation for the behavior of the mass change over time. 

The loss term incorporating the mass change equation functions in a similar method to 

that of the data-driven portion of the NN but requires additional modifications to obtain a 

physics-based prediction used in the RMSE comparison to the mass labels. The equation 

produces an output of the mass change that is dependent on the inputs of relative 

humidity, initial mass change, and time. To obtain the mass prediction, the inputs from 

the data for those variables must be utilized with the correct units to obtain a physically 

viable answer; these variables are also taken on the entire domain of the data, including 

both the portion utilized in the traditional training (usually 40%) and that not used in 

training, which is important for making decent predictions for those later times. Within 

the function controlling the loss, the inputs for the physics portion are fed through the 

model to make a prediction of the mass in which those are inputs are in their z-score 

standardized form. After the prediction, the variables are transformed back into their 

physical units by inverting the process of the z-score transformation, which simply 

requires the multiplication of the standard deviation followed by the addition of the mean 

for each variable. The standard deviations and means for the variables are saved and used 

as inputs in the function, with those statistics being per humidity group for the time due 

to the time being reset when each group is trained and for the whole dataset in the case of 

the other input variables.  

The inputs are fed into the equation in a series of subsequent actions. The first step of this 

process seeks to update the constants associated with the equations to create a better fit of 

the equation to the collected data. The initial guesses for the constants are as follows: for 

the diffusivity per area constant 
𝐷𝑥

𝑠2 , a value of 0.01 𝑑𝑎𝑦𝑠−1 for both sample types was 

chosen; the 𝑎 parameter used 0.05 for the non-zero humidity groups and 0.0 for the 0% 

humidity; the 𝑏 parameter used 0.5 for the non-zero humidity groups and 0.8 for 0%; the 

𝑀𝑖 parameter was 0.001% for the non-zero humidity groups and -0.4% for 0%. The 0% 
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humidity group uses different starting parameters due to the form change of the equation 

for decreasing mass. All starting parameters were chosen based on a combination of prior 

research [13] [20] [39] [40] [41] and curve fitting results used as a separate check. For 

each humidity group, the equation uses the initial guesses to solve the equation and use a 

RMSE function to compare the output to the true masses. The update based on this loss 

allows the model to change the values of the constants to better match the data and 

theoretically converge to values that physically represent the material. For the second 

portion of the physics loss function, the constants are frozen to prevent a secondary 

update, with the frozen constants re-inputted into the equation to obtain a new mass 

output. With this new output, another RMSE function then calculates the loss between 

the model prediction output using the standardized inputs and the equation output. In 

essence, the first potion of the physics loss updates the constants to converge based on the 

data and is given the subscript “csts” while the second portion updates the model weights 

and biases based on the calculated equation and is given the subscript “phys”. This 

system allows for the determination of fundamental constants of the material and the 

updating of the model to predict on future times based on the equation output of those 

times. Both terms in the physics loss can be controlled in terms of importance in the 

overall loss function through the weights applied to each term. The equations of the 

physics loss functions are seen below for N data points, with 𝑀𝑁𝑁 being the output of the 

NN, 𝑀𝑎𝑐𝑡 being the true mass change, and 𝑀𝑒𝑞𝑛 being the output of the equation: 

𝐿𝑐𝑠𝑡𝑠 = √
1

𝑁
∑(𝑀𝑒𝑞𝑛,𝑖 − 𝑀𝑎𝑐𝑡,𝑖)

2
𝑁

𝑖=1

;  𝐿𝑝ℎ𝑦𝑠 = √
1

𝑁
∑(𝑀𝑁𝑁,𝑖 − 𝑀𝑒𝑞𝑛,𝑖)

2
𝑁

𝑖=1

 

 

Additional Loss Function Developments 

To further aid in the fidelity of the model, other techniques and constraints were applied 

to the NN and loss function. These techniques are a combination of standard ML 

regularizations and application-based regularizations to provide a greater physical 

consistency and prevent drastic predictions due to small changes in the inputs. 
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The training of the whole data of a sample requires the separation of the different 

humidity groups, giving four mass curves that are trained subsequently within the whole 

model. As the model essentially performs four trainings, the inputs for each of the 

humidity groups are modified using a radial basis function [43]. This function uses a 

Gaussian function that measures the similarity between data points and chosen values 

known as centers for comparison, with the following form: 

𝑅𝐵𝐹 = 𝑒
−

(𝑥−𝑥0)2

σ2  

where 𝑥 is the data point, 𝑥0 is the center, and σ describes the width between centers. The 

radial basis function takes the humidity input from the data and compares the value to 

one of four centers chosen based on the values of the standardized humidity percentages: 

-1 for 0%, -0.8 for 5%, 0.025 for 30%, and 1.424 for 75% relative humidity with σ2  

chosen as 0.01 to make the distinction between the centers sharp. For a given 

standardized humidity value, the center that most closely matches it will produce the 

highest value up to the value of one, with the other centers giving values less than and 

closer to zero. Therefore, the humidity input is split from one value into four inputs, with 

one of those inputs having the highest value depending on the humidity percentage. In 

theory, this will allow the NN to isolate different parts of the architecture for training the 

data from the four humidity groups, allowing different nodes to update their weights and 

biases depending on the group without confusing the neural network with potentially 

conflicting inputs from different groups. This could potentially cause some hindrance, 

however, if the centers of two groups are closely related such as for 0% and 5% humidity 

if the width is not sharp enough, but could also theoretically be used to predict untrained 

intermediate humidity levels by splitting a chosen humidity between two centers to get an 

average prediction. 

A traditional addition to the loss function is the use of a regularization term that is typical 

of many NN applications. The specific type used in the PGNN is known as ridge 

regression or L2 regularization, which aims to penalize large weights within the 

architecture in order to reduce model complexity and prevent overfitting of the data [44]. 

The implementation of L2 regularization required a custom-made scheme rather than a 
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built-in method in MATLAB [35] due to the custom nature of the PGNN, with the 

equation being: 

𝐿2 = λ ∑ 𝑤𝑖
2

𝑝

𝑖=1

 

with λ being the weighting factor 𝑤𝑖 are the weights, and p is the total number of layers. 

This regularization was ultimately kept to a low-level of importance due to faults it was 

creating in the training, such as producing constant value predictions, by making the 

weighting factor 0.01. 

A final addition includes an implementation of a physics-based regularization term to 

encourage better and more realistic predictions. For a foam absorbing or desorbing water, 

the mass change from one timestep to the next should follow a small increase or decrease 

in a smooth transition. In other words, the mass change prediction should not be an 

erratic jump for a small change in the inputs, but follow physically allowable change. To 

counter these effects in the PGNN, a custom regularization term was implemented that 

was based around the difference in the mass from a given timestep to the next one: 

𝐿𝑑𝑖𝑓𝑓 =
λ

𝑀𝑑𝑖𝑓𝑓
∑ 𝑅𝑒𝐿𝑈(𝑀𝑑𝑖𝑓𝑓,𝑖 − ζ)

𝑁

𝑖=1

 

where λ is a weighting factor as before, 𝑀𝑑𝑖𝑓𝑓 is the magnitude of the mass difference in 

predictions between two timesteps, and ζ is a threshold value for the mass difference. For 

mass differences that exceed the given threshold, a penalty is imposed on the NN that 

will reduce future predictions from making large guesses; differences less than the 

threshold will be zero and not contribute per the ReLU function. The weighting factor 

was set to a high mark over the course of trials to a value of 30. 

The overall loss function is as follows: 

𝐿 = λ𝑑𝑎𝑡𝑎𝐿𝑑𝑎𝑡𝑎 + λ𝑝ℎ𝑦𝑠𝐿𝑝ℎ𝑦𝑠 + λ𝑐𝑠𝑡𝑠𝐿𝑐𝑠𝑡𝑠 + λ𝑑𝑖𝑓𝑓𝐿𝑑𝑖𝑓𝑓 + λ𝐿2𝐿2 

and the weighting factors in order are 1.0, 3.0, 0.5, 30.0, and 0.01. A visual schematic of 

the PGNN can be seen below in Figure 3.3. 
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CHAPTER FOUR  

RESULTS AND DISCUSSION 

The result of training features both interesting and promising outcomes as well as 

problems with the PGNN to be overcome in future work. As a proof of concept, the 

PGNN exceeds the capabilities of a standard NN, providing greater prediction abilities 

for a relatively small amount of data available for training in the traditional portion of the 

model, and could exceed a purely physics-based model when implemented in real 

environmental conditions. The following results highlights the successes and challenges 

for future mass change prediction for both foam types. 

Beige Polyurethane Foam 

The initial trial performances of the PGNN when developing the architecture were 

performed with the beige polyurethane foam, specifically sample #4 within the 24 total 

samples used in the 100 days of data collection; cross-sample verification was performed 

with a different beige foam in sample #15 as seen further below. For the four humidity 

groups in the total data, each mass curve is isolated from the others, giving one curve of 

decreasing mass and three of increasing mass. The amount of training data for the 

traditional NN could be controlled to varying percentages, with the majority of training 

set to 40% for the finalized model. The following outlines several results of training the 

PGNN for the beige sample. 

Data Only Training 

One of the initial tests to highlight the shortcomings of a traditional NN without the use 

of physics was the implementation of the standard data-driven architecture on 50% of 

given data. Using the data for the 75% humidity curve from the beige sample #4, training 

occurred for approximately 1000 epochs with the results seen in Figure 4.1. As expected, 

the NN is able to match the data that it trains on extremely well, with predictions on the 

remaining data used in the test having little fidelity with the true mass change. This 

exemplifies the strength of the NN in its ability to predict on data it has trained upon and 

on inputs that are similar to the training data but also the weakness in predicting solutions 

to data that evolves in time with inputs that are outside of the training domain. 
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Training on Increasing Mass Curves 

The incorporation of physics into the NN architecture required the implementation of the 

equation(s) within the loss function controlling how the weights and biases update. 

During initial trials of the PGNN, only the three mass curves that showcase increasing 

mass changes were utilized as they all share characteristics of the same controlling 

physics; the decreasing mass curve has a modification to the physics as mentioned before 

that was incorporated during later trials. An example of results for the 75% humidity 

curve of sample #4 can be seen in Figure 4.2 and Figure 4.3 with the results for the 

remaining humidity groups seen in Appendix Figures 3-6. The training occurred for the 

established 5000 epochs on 40% of the data used for the traditional data-driven portion of 

the PGNN, with the physics loss having a larger weight than the data loss to aid in the 

prediction of the test data. From the figures, it can be seen that there is a high fidelity 

between the predictions of the PGNN and the true mass change curve. Based on the 

residuals between the curves, the predictions remain within 0.02-0.04% of the relative 

mass change of the data with the largest amount of deviation being approximately 0.06%. 

The same results occur for the other humidity groups seen in the Appendix, although the 

5% humidity predictions appear to be at a lower level of fidelity, but are at most 0.02%  

 

Figure 4.1 Prediction results for a traditional NN architecture on the 75% humidity mass 

curve for beige sample #4. The NN was given 50% of the starting data to train upon, 

which it is able to fit to a high fidelity, but is unable to have any future time prediction in 

the remaining data used in testing as expected for a data-only NN. 
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Figure 4.2 The results for the 75% humidity mass curve of beige sample #4 for the 

model trained on the three curves of increasing mass. All curves were trained using 40% 

of the data for the traditional NN with the physics loss function retaining a higher 

influence on the outcome. The predictions closely match the true mass change, with the 

physics aiding in predicting the untrained data at a small cost of error in the training data 

predictions. 

 

 

 

Figure 4.3 Residuals of the 75% humidity mass curve of beige sample #4 for the model 

trained on three curves of increasing mass. The relative mass change remains within 

approximately 0.02-0.04% with the most deviation being about 0.06%, giving a high-

fidelity prediction. 
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different from the actual mass change; the model generally predicted a higher mass 

change. The mismatch of the curves is most likely due to the extremely small mass 

change that occurs in the foam at low humidity, along with small changes in the inputs 

between mass outputs creating confusion within the NN. 

Final Model 

The final model created for the beige samples incorporated both the increasing mass 

curves as well as the decreasing curve. The decreasing portion is accounted for in the loss 

function through the use of coding logic to separate the different humidity groups by their 

respective data; this logic is also applied to keeping the constants for the equations 

separate for implementation in the loss function. The addition of the decreasing mass 

represents a more complex problem for the PGNN to solve as the nature, shape of the 

data, and values of the constants are radically different then the non-zero humidity mass 

curves. This requires the architecture of the NN to update weights and biases to 

incorporate different pathways to achieve negative and positive mass predictions, which 

is the foundation for the use of the radial basis function. The results for the 0% humidity 

mass curve and the 75% humidity mass curve can be found in Figures 4.4-4.7, with the 

remaining humidity mass curves found in Appendix Figures 7-10. It can be seen in the 

figures that there are some deviations between the predictions and the true mass curves 

that are not seen for the predictions of the model trained only on the increasing mass 

curves such as in Figure 4.2. The likely cause for such differences between the two 

models is the introduction of conflicting mass outputs for similar inputs across all 

variables except for the humidity; the radial basis function serves to aid in separating the 

NN architecture for different humidity groups, but due to the black box nature of the NN, 

there could be overlap between weights and biases in the layers conflicting the outputs.  

The negative mass curve of the 0% humidity requires a varying set of constants compared 

to the increasing mass curves and has a modification to the physics equation used 

unilaterally by the other data. These variations could create confusion in the NN to 

account for the prediction of negative mass, impacting the predictions for all curves to a 

small degree. While this problem could be rectified by improvements to the architecture, 

including the addition of more layers and/or neurons, the results as it stands have mostly  
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Figure 4.4 Results for the 0% humidity mass curve of beige sample #4 for the fully-

trained model on all curves using 40% of the data for training. The predictions overall are 

closely aligned, but the test curve diverges slightly as time increases. This is likely due to 

the physics equation being inaccurate at later times for this behavior or from conflict in 

the NN from the close centers of the RBF for 0% and 5%.  

 

 

Figure 4.5 Residuals for the 0% humidity mass curve of beige sample #4 for the fully-

trained model on all curves using 40% of the data for training. The predictions are within 

+/- 0.02% of zero with the test data predictions diverging slightly, but only deviates up to 

0.06% from the actual data indicating a decent fit. 
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Figure 4.6 Results for the 75% humidity mass curve of beige sample #4 for the fully-

trained model on all curves using 40% of the data for training. The predictions overall are 

closely aligned, but the test curve separates a small amount from the true mass as time 

increases. This is likely due to the physics equation providing inaccuracies for the later 

time data or the NN having conflicting weights and biases formed during training from 

the decreasing and increasing mass data. 

 

 

Figure 4.7 Residuals for the 75% humidity mass curve of beige sample #4 for the fully-

trained model on all curves using 40% of the data for training. The predictions are within 

+/- 0.03% of zero with the test data predictions separating slightly, but only deviates up 

to 0.08% from the actual data indicating a decent fit. 
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consistent predictions to the actual mass curves with the deviation being within +/- 0.03% 

and being never more than 0.08%. It cannot be assumed what the model would predict if 

given more time past what data currently counts to, the mass change would asymptote to 

a constant value as the moisture saturates, but the trends of the model predictions seem to 

indicate an asymptote as well giving a future prediction that has a deviation from the true 

saturation but would remain constant. The values of the updated constants can be seen in 

Table 4.1. The constants are overall very consistent with each other, though the 0% 

humidity data overall has differing constants in the parameters a, b, and 𝑀𝑖 due to the 

nature of the modified diffusion equation. For the diffusivity per area, the standard 

deviation is 0.006 and is centered around 0.0134 𝑑𝑎𝑦𝑠−1. Depending on the type of 

polyurethane and the conditions such as water concentration and temperature, the 

coefficient can vary but for some foams have values ranging from 0.00864-0.2 𝑑𝑎𝑦𝑠−1 

[39] [41]; other polyurethane foams have smaller values of 0.001-0.003 𝑑𝑎𝑦𝑠−1 [40] 

[20]. It can be assumed that the optimized coefficient from the PGNN is a valid physical 

value as it remains within known bounds. The output of the equations utilizing the 

optimized outputs against the true mass curves for both 0% and 75% humidity groups can 

be seen in Figures 4.8-4.9, with the remaining humidity groups in Appendix Figures 11-

12. It can be seen that the output of the equations is a close match the behavior of the 

mass change, signifying the ability of the PGNN to optimize the constants and validating 

Table 4.1 Values for the constants determined by the model trained on all mass curves. 

In general, the 0% humidity constants are radically different from the others due to a 

modified equation. For fundamental constants of the foam, the diffusivity term is very 

consistent as is the b parameter for the non-zero humidity groups. The a parameter is 

mostly consistent for 30% and 75%, but the 5% value differs, likely from other diffusion 

effects at low humidity.  

Humidity 

Curve (%) 

𝑫𝒙/𝒔𝟐 

(𝒅𝒂𝒚𝒔−𝟏) 

a b 𝑴𝒊 (%) 

0 0.0133 0.000 1.2059 0.4625 

5 0.0251 0.0298 0.4363 0.0041 

30 0.0128 0.0744 0.4847 0.0197 

75 0.0098 0.0960 0.5297 0.0057 
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the assumption of one-dimensional diffusion in this problem. It also highlights a 

confusing outcome of the PGNN in that the NN predictions are sometimes worse than the 

equation prediction, such as later time predictions after 90 days in Figure 4.6 and Figure 

4.9, when the NN trains on the equation output at that time. Although no reason is 

certain, it is most likely believed that poor modeling from the equation during early times 

in training when the constants are not optimized causes the NN to update weights and 

biases to unideal values that do not update to better values later in training when the 

equation is optimized due to a decay in the learning rate reducing gradient changes. To 

test this theory, a new training was performed with the same architecture on sample #4 

with constants set to the optimized values that were determined, with results for the 75% 

humidity group in Figures 4.10-4.11 and the remaining results in Appendix Figures 13-

18. There is a noticeable improvement in the later time predictions compared to Figure 

4.6, but also has a slightly degraded performance in the training data portion. While it is 

again uncertain why, it is assumed that the NN is modeling the disparity between the 

equation and mass change in Figure 4.10 while focusing instead on the data in Figure 

4.6; the black box nature prevents true knowledge of how the NN updates during 

trainings, though parameters such as the initialization and loss function weights can affect 

it. 

A general trend seen in the diffusivity per area is the decrease in value from low humidity 

to high humidity, with the 75% humidity group typically having the lowest coefficient. 

This effect is likely due to the saturation of water within the foam from previous 

absorption in the lower humidity groups, blocking new moisture from absorbing in free 

volume holes and/or clustering water molecules in the foam reducing the diffusivity such 

as in Fig. 1 of Zhou & Choi [20].  

The initial values for each constant were chosen to be close to the assumed true values 

based on the polyurethane diffusion coefficient ranges [39] [20] [40] and fits to the data 

performed separately to ensure the model maintains high precision with a shorter 

computation time. To test the ability of the PGNN to update the parameters to ideal 

values from varied initial conditions, the model was retrained using values an order of 
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Figure 4.8 The one-dimensional diffusion equation with optimized parameters against 

the mass change data for the 0% humidity group of beige sample #4. The equation has 

good fidelity with the curve, indicating the parameters match well to the physical system 

and validates the assumption of the one-dimensional solution to a high degree. 

 

 

 

Figure 4.9 The one-dimensional diffusion equation with optimized parameters against 

the mass change data for the 75% humidity group of beige sample #4. The equation has 

good fidelity with the curve, indicating the parameters match well to the physical system 

and validates the assumption of the one-dimensional solution to a high degree. 
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Figure 4.10 Results for the 75% humidity mass curve of beige sample #4 with training 

using constant coefficients in the physics equation. Without updating the constants, the 

NN trains on an optimized curve as seen in Figure 4.9, giving arguably better results than 

the NN having to optimize the coefficients during training. 

 

 

Figure 4.11 Residuals for the 75% humidity mass curve of beige sample #4 with training 

using constant coefficients. The spread of residuals is slightly less than Figure 4.7, but 

still has some deviation up to approximately 0.08%. 
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magnitude different from the original initial values used. The initial values used were 0.1 

for the diffusivity per area, 0.5 for a, 1.5 for b, with the initial mass kept the same at 

0.001. The updated constants can be seen in Table 4.2 and the plots of results can be seen 

in Appendix Figures 19-26. The training extended to 6000 epochs to account for the 

longer time needed to reduce the loss value. The plots indicate that the model was able to 

converge to a high-fidelity solution similar to the model trained on ideal initial values, 

although the 5% humidity mass curve solution has larger deviations and less fidelity that 

is typical for the predictions of the data of that humidity. The constants converge to 

similar values as in Table 4.1, with the diffusivity per area obtaining values within 0.1-

0.13% of the other model and the initial mass achieving approximately similar values. 

The a and b parameters updated to different values than the original model, but through 

testing of their use in the equation 𝑎ϕ𝑏 with the humidity, achieved approximate values 

such as 0.981 and 0.945 for the 75% humidity value. This suggests that the model 

converged on another minimum for those constants that worked similarly to the minimum 

of the original model and could explain the deviations in the results.  

To test the model on different data that was not trained upon, the parameters were applied 

to a different beige sample, #15, in order to determine if the PGNN can generalize to 

other samples of the same type. An example of a test on the 30% humidity mass curve 

can be seen in Figures 4.12-4.13, with the rest of curves found in Appendix Figures 27-

32. It can be seen from the figures that the prediction curve matches the true mass to a  

Table 4.2 Values for the constants from the model trained on unideal initial guesses. The 

constants converge to similar values as in Table 4.1, especially in the diffusivity per area 

and somewhat in the initial mass, with the a and b parameters having different values but 

overall produce similar values in the humidity term of the physics equation. 

Humidity 

Curve (%) 

𝑫𝒙/𝒔𝟐 

(𝒅𝒂𝒚𝒔−𝟏) 

a b 𝑴𝒊 (%) 

0 0.0120 0.000 2.298 0.4751 

5 0.0219 0.0123 1.0017 0.0047 

30 0.0116 0.0124 1.0111 0.0228 

75 0.008 0.0117 1.0258 0.0255 
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Figure 4.12 Results for the 30% humidity mass curve of beige sample #15 using the 

model trained on data from beige sample #4. As #15 is subjected to near similar 

conditions as #4, the model matches well to unseen data from a different sample, with 

robustness against small deviations in the inputs that exist between both samples. 

 

 

 

Figure 4.13 Residuals for the 30% humidity mass curve of beige sample #15 using the 

model trained on data from beige sample #4. Most of the prediction is within +/- 0.02% 

of the data with the most deviation at the beginning only reaching up to 0.05%. 
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similar and arguably better degree as the model with sample #4 from which it was 

trained. While the conditions for which sample #4 and #15 are subjected to are 

approximately similar when measurements are taken, as seen with similar evolutions of 

the mass curve, the model is robust enough against small deviations in the inputs to allow 

for a consistent and accurate prediction for another sample. This would allow the model 

to likely make accurate predictions for the beige polyurethane foam type at the trained 

humidity levels, including other small complex shapes besides the cylinder as the 

equation fit for a one-dimensional slab describes the mass change of a three-dimensional 

object surprisingly well. This generalization should be applicable to other humidity levels 

assuming that additional data is collected for foam samples at a future time to increase 

the training data. 

A final test of training was performed for sample #4 by creating models for each 

humidity mass curve individually instead of combining all four into one training. When 

not subject to a large degree of varying data, the models work extremely well albeit not 

under ideal conditions for creating a usable product. The results of the trainings can be 

seen in Appendix Figures 33-36. 

Gray Polyurethane Foam 

For the purposes of a proof of concept for the PGNN in mass change from diffusion, 

there was little experimentation utilizing the gray polyurethane foam as the majority of 

testing was performed with the beige foam. It was also assumed that once an ideal 

architecture was finalized for the beige foam, the same architecture would theoretically 

be a good fit for the gray foam training. Comparisons of the mass change data between 

the foam samples indicate that the gray foam experienced a smaller degree of mass 

change than the beige foam under the same conditions due to material differences 

including the density; the density of the beige foam is 0.641 𝑔/𝑐𝑚3 [2] while the gray 

foam is 0.801 𝑔/𝑐𝑚3 [3], decreasing the rate of diffusion through the material. Due to 

the differences in mass change as a function of material property, the model trained on 

the beige foam would predict values significantly different for the gray foam given the 

same input values. The following details the short experimentation of training a model for 

the gray foam samples. 
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Model Architecture from Beige Samples 

The successes of the architecture designed for the beige samples through many trials 

indicated that the same architecture would have a similar degree of success with the gray 

foam due to their co-evolution of the mass change. The same number of layers and 

neurons were utilized with the training at the same number of 5000 epochs on the data of 

gray sample #7. While the constants of the equation should have different values 

compared to the beige foam due to material differences, the initial values were kept the 

same as the order of magnitude would be similar and the model ideally converges to the 

correct value. The results of the training for the 5% and 75% humidity groups can be seen 

in Figures 4.14–4.17 with the remaining plots seen in Appendix Figures 37-40. Overall, 

the new model trained for the gray samples has good fidelity with the mass change data 

similar to the model trained for the beige sample. Some differences are apparent 

however, especially with the 5% humidity group, where the model performs arguably 

worse than the model for the beige foam with diverging predictions and unphysical 

spikes in mass. This is likely due to the NN architecture being unoptimized for the gray 

foam sample compared to the beige sample. Due to the gray sample being at a higher 

density, the overall amount of water absorption is less than that of the beige foam 

samples and correspondingly leads to a lesser degree of mass change. Due to smaller 

mass changes such as in the 5% humidity group, the NN architecture optimized for the 

beige foam may be unable to resolve the data for the gray foam without further changes 

to the layers, weights and biases, or other parameters. As the majority of the work 

developing the PGNN was performed with the beige samples, there was little time to 

optimize the model for the gray samples within the scope of this study and would require 

future research. While the PGNN had difficulties with the 5% humidity group in the gray 

samples, the optimization of the constants in the physics equations had no issues in 

learning physical values to match the equation to the mass change to a large degree as 

seen in Figure 4.18 For the 5% humidity group, with the remaining groups seen in 

Appendix Figures 41-43. It can be seen that the equation provides a close fit to the mass 

change data with the optimized constants, indicating the effectiveness of the model to 

optimize the equation but also highlighting the degraded performance of the PGNN in  
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Figure 4.14 Results for the 5% humidity mass curve of gray sample #7 for the fully-

trained model on all curves using 40% of the data for training. The predictions for this 

group suffer from a general lack of fidelity in the training data and from unphysical 

spikes. This is likely due to an unoptimized NN architecture for this foam type being 

unable to precisely predict the very small mass changes at this humidity level or 

confusion between the close RBF centers of the 0% and 5% groups. 

 

 

 

Figure 4.15 Residuals for the 5% humidity mass curve of gray sample #7. The middle 

time section differs only by about +/- 0.001%, but suffers from unphysical spikes and a 

diverging difference at the beginning time up to -0.008. 
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Figure 4.16 Results for the 75% humidity mass curve of gray sample #7 for the fully-

trained model on all curves using 40% of the data for training. The predictions for this 

group are generally of a high fidelity as with the beige sample. 

 

 

 

Figure 4.17 Residuals for the 75% humidity mass curve of gray sample #7. The results 

are of high fidelity, within +/- 0.02% for most of the data and only reaching almost 

0.05% for the late time prediction. 
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Figure 4.18 The one-dimensional diffusion equation with optimized parameters against 

the mass change data for the 5% humidity group of gray sample #7. The equation has 

good fidelity with the curve, indicating the parameters match well to the physical system 

regardless of the errors the PGNN predicts in Figure 4.14. 

 

predictions; the discussion on this dichotomy is the same as above for the beige foam. 

The optimized constants for the gray foam can be seen in Table 4.3. While the 

parameters are overall different than the beige foam constants due to physical differences, 

the parameter of interest when comparing the two is that of the diffusivity per area. 

Overall, the values for this parameter are generally smaller than that of the beige foam, 

which corresponds to a longer diffusion time due to the inverse time units. This matches 

expectations that the diffusion for the higher density gray foam would have a lesser 

degree of diffusion than that of the beige foam, indicating that the PGNN is able to 

converge onto physically meaningful and potentially correct constants describing the 

systems. 
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Table 4.3 Values for the constants from the model trained on gray sample #7. The 

constants optimize differently than those of the beige samples in Tables 4.1 and 4.2, but 

match well to the mass change data. In terms of physical parameters, the diffusivity per 

area is generally lower across all levels compared to the beige samples, indicating a 

slower rate of diffusion; this matches expectation as the higher density gray foam would 

experience a lesser degree of diffusion. 

Humidity 

Curve (%) 

𝑫𝒙/𝒔𝟐 

(𝒅𝒂𝒚𝒔−𝟏) 

a b 𝑴𝒊 (%) 

0 0.0084 0.0001 2.2363 0.2003 

5 0.0285 0.0101 0.3249 0.0020 

30 0.008 0.0431 0.4213 0.0061 

75 0.0064 0.0605 0.460 0.0023 
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CHAPTER FIVE  

CONCLUSIONS 

The experimentation and trials of the PGNN has highlighted many promising successes 

as well as challenges in its use for mass change prediction from water diffusion. The 

following describes conclusions on the results of training, complications to overcome, 

and proposed future work to improve the fidelity and usability of the model. 

Successful Results 

Overall, the PGNN performed admirably in the prediction of future data not utilized as 

part of training for the traditional NN portion of the model. For many results of the beige 

sample testing and somewhat for the gray sample testing, the predictions made for the 

later 60% of data not trained upon remained within 0.1% or less of the true mass change 

and generally follows the evolution of curve including the asymptote at the saturation 

point. The fidelity between the model and the data improves to a larger degree when only 

considering the non-zero humidity groups or each group separately due to the reduction 

in varying mass data for similar inputs, complications for which techniques such as the 

radial basis function sought to eliminate by creating additional inputs to distinguish the 

different humidity levels.  

For the determination of constants, the PGNN showcases a strength in converging to 

optimal solutions that help best fit the equation to the data. From four constants that 

required optimization due to unknown values a priori, the model gave predictions that 

produce an equation fit matching well to the data as seen in results described previously, 

including from initial values that were an order of magnitude different than was 

determined via curve fitting and research [20] [39] [40] [41]. For the diffusion coefficient 

per area, the values predicted are physically consistent with approximations of the ranges 

made for other polyurethane materials around 0.01 𝑑𝑎𝑦𝑠−1 assuming unit area, and 

correlate to the relative strengths of the two foam materials; the gray foam with a higher 

density and lower mass change appropriately has a smaller predicted diffusion coefficient 

per area than the beige foam. While there is a weakness in the optimization in that the full 

data is required to obtain accurate constants, the model cannot optimize on just 40% of 
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the initial data, it showcases the dual ability of the model to optimize the weights and 

biases as well as parameters of the equation. 

Complications 

For its improvements in the prediction of untrained data compared to a standard NN, 

there are several complications preventing it from achieving the highest level of fidelity 

on all data. The most significant of these is the apparent struggle of the model to make 

predictions that follow the data for the 5% humidity group generally compared to the 

other humidity groups, especially for the gray foam samples. The predictions on this 

group of data suffers from both a visual divergence from the data curve in both the 

training near the initial mass and test portions as well as more unphysical spikes in the 

mass, even though the average deviation was about 0.02%. Likely causes stem from both 

the computational and physical domains, with the former attributed to the extremely 

small mass changes over the time period causing the model to react to small changes in 

the inputs or conflicting data from close RBF centers for 0% and 5% and the later 

attributed to potential diffusion effects not accounted for in the model creating difficulty 

for the equation to match to the data for some samples. Deviation at the initial mass could 

also be from forcing the starting mass to be 0 for all curves, making any 𝑀𝑖 > 0 in the 

model lead to a slight divergence at the initial points of the data. 

Another complication can be seen in the loss of accuracy of the model for the data on 

which it was trained. In comparing results for the 30% humidity group such as in 

Appendix Figures 9-10, it can be seen that the addition of the physics loss function 

creates a deviation from the true mass in the training data that would not be seen in a 

traditional NN such as for the 75% humidity group example in Figure 4.1. This effect is 

more confusing when comparing the curve of the equation with optimized parameters to 

the 30% humidity mass curve in Appendix Figure 12, where the equation decently fits 

the mass change and should provide additional fidelity instead of hindering the data 

portion of the PGNN. It is assumed that during the course of training, the inaccurate 

constants in the process of updating are used in driving the physics loss of the PGNN, 

leading to the model training on an inaccurate equation of the data early before it is 

optimized; the early training may have a memory effect on the weights and biases 
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causing them to not optimize fully. This could potentially be corrected by ignoring the 

contribution of the equation to the solution on the training data, instead using equation for 

constraining the untrained future time portions. 

A final complication related to the commercial use of the PGNN in the prediction of the 

mass of foam is the controlled glovebox experiment being unrepresentative of the natural 

environment. The glovebox, although having some fluctuation, maintained relatively 

steady levels of pressure, temperature, and humidity for the value at which it was set. 

This allowed the foam to maintain Fickian diffusion for a given humidity level evident 

with curves matching other diffusion studies [13] [15] [16] [17] [18]. The process of 

diffusion is heavily dependent on the temperature [13] [18], making it so that natural 

daily changes would likely have a significant impact on the future mass, and on humidity 

changes that do not remain naturally steady over the approximately two weeks that the 

glovebox held foam samples at. These factors paired with barometric pressure and other 

confounding factors provide additional challenges in using a model trained under 

controlled conditions for natural scenario prediction. 

Future Work 

The PGNN can be improved in several ways to increase fidelity and make a more 

generalizable model for practical use. The first improvement stems in the architecture 

defining the model. To account for issues in the weights and biases, a finer search of the 

number of layers and neurons per layer that optimize the training can be conducted 

utilizing a methodical search. The same methodical search can be applied to the 

hyperparameters controlling the system, including the learning rate, decay rate, number 

of epochs, number in a minibatch, and the weighting factors in the loss function, but 

would require many combinations and time without the implementation of an automatic 

search; perhaps a genetic algorithm would aid in this work. 

From the perspective of physics, the mass change from diffusion was modeled from the 

solution for a one-dimensional slab [13] and provides a decently accurate representation. 

However, such modeling could potentially be improved by considering a three-

dimensional solution that requires additional mathematics but theoretically should match 

the conditions of diffusion for the half-hollow cylinder studied. Additional physics 



 

45 

 

including a study of more complex diffusion and other extraneous factors could provide 

further aid. 

From the perspective of data, acquiring more mass measurements at many other humidity 

levels and varying temperatures can help provide a foundation for building a 

generalizable model for any humidity level and temperature affecting the rate of 

diffusion. Such a model would require past memory of the conditions of the foam to 

predict to future time and additional physics to account for changes to constants over time 

such as the diffusivity per area, which is heavily dependent on temperature [13] [18]. 

Additional data could potentially be collected in a more “natural” setting that subjects the 

foam to environmental humidity and temperature over a long period of time. 

Finally, this model could be extended from the realm of mass change from water to 

volume change from swelling and contraction. For the foam acting as proxy parts in 

mechanical systems requiring precise volume to fit within the whole of the parts, 

knowledge of how humidity causing swelling would be important to predict. This 

extension would require three-dimensional knowledge of the water concentration and 

properties of the foam that allow swelling to occur. 

Although it can be arguably reasoned that the predictions of the equation using optimized 

constants is preferable for future mass prediction than the PGNN when comparing the 

differences between the outputs of each against the mass, a PGNN can offer substantial 

advantages given a careful architecture. With the constants unknown, a PGNN is able to 

optimize the values during the course of training its predictions instead of relying on a 

fitted curve, which would be advantageous for real-time data analysis. Another issue with 

the equation is the reliance on a steady-state humidity over the course of each mass 

change, an unrealistic outcome in applications that could potentially be corrected through 

the use of ML with extensive data constrained by equations to make physically consistent 

predictions and allow greater control over the materials in their respective capacities.  
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APPENDIX 

 

Appendix Figure 1 Data collected for Sample #4, a beige polyurethane foam, showing 

the relative mass change and the temperature in Kelvin over time. The relative point for 

the mass is the minimum value of all masses for the sample. 

 

 

Appendix Figure 2 Data collected for Sample #4, a beige polyurethane foam, showing 

the relative mass change and the dew point in Kelvin over time. The relative point for the 

mass is the minimum value of all masses for the sample. 
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Appendix Figure 3 The results for the 5% humidity mass curve for the model trained on 

the three curves of increasing mass of beige sample #4. All curves were trained using 

40% of the data for the traditional NN with the physics loss function retaining a higher 

influence on the outcome. The predictions are not as closely matched as the other curves 

likely due to the small mass increase paired with small input changes creating confusion 

for the model to separate well, but still offers a relatively close prediction. 

 

 

Appendix Figure 4 Residuals of the 5% humidity mass curve for the model trained on 

three curves of increasing mass of beige sample #4. The relative mass change experiences 

more deviations than the other humidity mass curves but at most differs by about 0.02% 

and generally overpredicts the mass. This is likely due to the small mass change causing 

difficulty for the NN to approximate. 
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Appendix Figure 5 The results for the 30% humidity mass curve for the model trained 

on the three curves of increasing mass of beige sample #4. All curves were trained using 

40% of the data for the traditional NN with the physics loss function retaining a higher 

influence on the outcome. The predictions closely match the actual mass curve. 

 

 

Appendix Figure 6 Residuals of the 30% humidity mass curve of beige sample #4 for 

the model trained on three curves of increasing mass. The relative mass change differs by 

approximately 0.02% from zero for most of the time with the most deviation at the 

beginning up to 0.07% different. Overall, it represents a high-fidelity prediction. 
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Appendix Figure 7 Results for the 5% humidity mass curve of beige sample #4 trained 

on the full data set. The predictions have similar results to Appendix Figure 3 trained on 

the increasing mass only, but is also improved on the predictions of the test data. 

 

 

Appendix Figure 8 Residuals for the 5% humidity mass curve of beige sample #4 

trained on the full data set. The predictions are within +/- 0.005% of the data with the 

most deviation at the early time up to -0.02%. 
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Appendix Figure 9 Results for the 30% humidity mass curve of beige sample #4 trained 

on the full data set. The predictions have similar results to Appendix Figure 5 trained on 

the increasing mass only. 

 

 

 

Appendix Figure 10 Residuals for the 30% humidity mass curve of beige sample #4 

trained on the full data set. The predictions are within +/- 0.02% of the data with the most 

deviation at the early time up to -0.05%. 
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Appendix Figure 11 The predictions on the 5% mass curve of the one-dimensional slab 

equation using the optimized parameters of the full data model of beige sample #4. There 

is overall good fidelity, indicating validity of the equation under complex conditions and 

the ability of the model to determine physical constants from the data. The values can be 

seen in Table 4.1. 

 

 

Appendix Figure 12 The predictions on the 30% mass curve of the one-dimensional slab 

equation using the optimized parameters of the full data model of beige sample #4. The 

fidelity is extremely well, indicating validity of the equation under complex conditions 

and the ability of the model to determine physical constants from the data. The values can 

be seen in Table 4.1. 
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Appendix Figure 13 Results for the 0% humidity mass curve for the model trained on all 

data of beige sample #4 with set constants. The predictions appear to have a higher 

fidelity than the original predictions in Figure 4.4, indicating that the PGNN had a better 

training when the equation was optimized and supporting the assumption that the learning 

of the constants led the PGNN to inaccurately update weights and biases near the 

beginning of training. 

 

 

 

Appendix Figure 14 Residuals for the 0% humidity mass curve for the model trained 

with set constants on beige sample #4. The predictions are within +/- 0.01% of the data 

for the majority of time up to about 20 days, with the remaining future time predictions 

deviating up to -0.05%. 
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Appendix Figure 15 Results for the 5% humidity mass curve for the model trained on all 

data of beige sample #4 with set constants. The predictions appear to have a similar 

output than the original predictions of Appendix Figure 7, but appears generally 

smoother except for cases of unrealistic mass spikes likely due to input fluctuations. 

 

 

Appendix Figure 16 Residuals for the 5% humidity mass curve for the model trained 

with set constants on beige sample #4. The predictions are within +/- 0.005% of the data 

for the majority of time past around day 38, with the most divergence at the beginning up 

to -0.025% and several unrealistic mass spikes likely due to input fluctuations. 
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Appendix Figure 17 Results for the 30% humidity mass curve for the model trained on 

all data of beige sample #4 with set constants. The predictions appear mostly consistent 

with the original predictions in Appendix Figure 9, but appears to have better fidelity at 

the end time and worse fidelity near the start time. 

 

 

Appendix Figure 18 Residuals for the 30% humidity mass curve for the model trained 

with set constants on beige sample #4. The predictions are within +/- 0.02% of the data 

for the majority of time past around day 52, with the most divergence at the beginning up 

to -0.08% and an unrealistic mass spike likely due to an input fluctuation. 
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Appendix Figure 19 Results for the 0% humidity mass curve for the model trained on all 

data of beige sample #4 with unideal constants. The predictions have good fidelity and 

appear to even have better performance than the original predictions in Figure 4.4. 

 

 

 

Appendix Figure 20 Residuals for the 0% humidity mass curve for the model trained 

with unideal constants on beige sample #4. The predictions are within +/- 0.04% of the 

data for almost the full time, with the most divergence at the beginning up to -0.06%. 
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Appendix Figure 21 Results for the 5% humidity mass curve for the model trained on all 

data of beige sample #4 with unideal constants. The predictions have a poor performance 

compared to the original predictions in Appendix Figure 7, indicating that the model 

was unable to optimize the weights and biases and constants as seen in Table 4.2. 

 

 

Appendix Figure 22 Residuals for the 5% humidity mass curve for the model trained 

with unideal constants on beige sample #4. The predictions deviate more so than other 

5% predictions between -0.02% and 0.03%. 
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Appendix Figure 23 Results for the 30% humidity mass curve for the model trained on 

all data of beige sample #4 with unideal constants. The predictions have decent fidelity 

with the data such as Appendix Figures 9, 17, but appear to have deviation in the 

training data and unreasonable spike at around 63 days. 

 

 

 

Appendix Figure 24 Residuals for the 30% humidity mass curve for the model trained 

with unideal constants on beige sample #4. The predictions are within +/- 0.02% past day 

52 but deviate up to -0.08% at the beginning with an unrealistic spike at day 63. 
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Appendix Figure 25 Results for the 75% humidity mass curve for the model trained on 

all data of beige sample #4 with unideal constants. The predictions have decent fidelity 

with the data such as Figures 4.6, 4.10 indicating the constants optimized close to the 

original values in Table 4.1. 

 

 

Appendix Figure 26 Residuals for the 75% humidity mass curve for the model trained 

with unideal constants on beige sample #4. The predictions are within +/- 0.04% between 

day 75 and 95, with deviations up to -0.08% at the beginning and 0.08% at the end. 
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Appendix Figure 27 Results for the 0% humidity mass curve of beige sample #15 for the 

model trained on all data of beige sample #4. The predictions have decent fidelity but 

deviate more so than the results for the original predictions in Figure 4.4, indicating the 

varied inputs between the samples can have a significant impact. 

 

 

 

Appendix Figure 28 Residuals for the 0% humidity mass curve of beige sample #15 for 

the model trained on all data of beige sample #4. The predictions have decent fidelity 

between +/- 0.02% up to about day 15 but deviate up to -0.1% at the end. 
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Appendix Figure 29 Results for the 5% humidity mass curve of beige sample #15 for the 

model trained on all data of beige sample #4. The predictions overall overestimate the 

true data and has a slightly degraded performance compared to the original predictions in 

Appendix Figure 3.  

 

 

 

Appendix Figure 30 Residuals for the 5% humidity mass curve of beige sample #15 for 

the model trained on all data of beige sample #4. The predictions overshoot the data and 

are approximately -0.005% different, with the most deviation being -0.02% at the 

beginning. 
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Appendix Figure 31 Results for the 75% humidity mass curve of beige sample #15 for 

the model trained on all data of beige sample #4. The predictions overall have excellent 

fidelity as with Figure 4.6, likely indicating the inputs are closely aligned between the 

samples for this group. 

 

 

 

Appendix Figure 32 Residuals for the 75% humidity mass curve of beige sample #15 for 

the model trained on all data of beige sample #4. The predictions are within +/- 0.04% up 

to about 90 days with the most deviation and +/- 0.06% at the end and beginning 

respectively. 
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Appendix Figure 33 Results for the 0% humidity mass curve of beige sample #4 for the 

model trained on only the solo humidity group. The predictions have great fidelity, and 

arguably better than other 0% predictions of different models as expected for a model not 

having to process different data with similar inputs together. 

 

 

 

Appendix Figure 34 Results for the 5% humidity mass curve of beige sample #4 for the 

model trained on only the solo humidity group. The predictions have great fidelity, and 

overall better performance compared to most of the other 5% predictions. 
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Appendix Figure 35 Results for the 30% humidity mass curve of beige sample #4 for the 

model trained on only the solo humidity group. The predictions have great fidelity similar 

to other 30% predictions, although has some deviation in the beginning of the training 

data. 

 

 

 

Appendix Figure 36 Results for the 75% humidity mass curve of beige sample #4 for the 

model trained on only the solo humidity group. The predictions have great fidelity similar 

to other 75% predictions with generally better performance and the end, although has 

some deviation in the beginning of the training data. 
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Appendix Figure 37 Results for the 0% humidity mass curve for the model trained on all 

data of gray sample #7. The predictions have good fidelity with the data similar to that of 

the beige sample training. 

 

 

 

Appendix Figure 38 Residuals for the 0% humidity mass curve for the model trained on 

all data of gray sample #7. The predictions fall within +/- 0.005% up to day 20 before 

deviating up to -0.02%. 
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Appendix Figure 39 Results for the 30% humidity mass curve for the model trained on 

all data of gray sample #7. The predictions have good fidelity with the data similar to that 

of the beige sample training. 

 

 

 

Appendix Figure 40 Residuals for the 30% humidity mass curve for the model trained 

on all data of gray sample #7. The predictions fall within +/- 0.01% for almost the whole 

data with the most deviation at the beginning up to -0.03%. 
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Appendix Figure 41 The predictions on the 0% mass curve of the one-dimensional slab 

equation using the optimized parameters of the full data model of gray sample #7. There 

is overall good fidelity, indicating validity of the equation under complex conditions and 

the ability of the model to determine physical constants from the data. The values can be 

seen in Table 4.3. 

 

 

Appendix Figure 42 The predictions on the 30% mass curve of the one-dimensional slab 

equation using the optimized parameters of the full data model of gray sample #7. There 

is overall excellent fidelity, indicating validity of the equation under complex conditions 

and the ability of the model to determine physical constants from the data. The values can 

be seen in Table 4.3. 

 



 

72 

 

 

Appendix Figure 43 The predictions on the 75% mass curve of the one-dimensional slab 

equation using the optimized parameters of the full data model of gray sample #7. There 

is overall good fidelity, indicating validity of the equation under complex conditions and 

the ability of the model to determine physical constants from the data. The values can be 

seen in Table 4.3. 
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