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A novel “parachute-smart” neural network algorithm is proposed as a tool for finding
hard-to-get algebraic relationships tying performance and canopy design data collected
during test drops, wind tunnel investigations or high-order computer simulations. Herein,
inflation performance data of the USAF C-9 personnel recovery parachute and NASA’s Orion
three-cluster landing ringsail parachutes are used to computationally establish, in each case,
novel functional relationships between their inflation times (non-dimensional), inflated
canopy volume, initial skirt area and overall canopy size scale. Interesting analysis byproducts
are produced as well, thereby offering new insights on unmeasurable dynamical variables
such as the average through-skirt flux and the role of the sails in ringsail designs acting as “air
scoops” during the inflation process.

I. Nomenclature
CDT = Cluster Development Test (series)

CPAS = Capsule Parachute Assembly System

CQT = Cluster Qualification Test (series)

Dy = nominal diameter of a fully dis-reefed inflated canopy
Do = reference diameter (=D (&finat— miriar)’”?)

dt = integration time increment

EDU = Engineering Development Unit (test series)

Fp(t) = drag force

Feak = maximum drag sustained during inflation

g = constant of gravitational acceleration

1 = parachute drag integral (Eq. 15)

Miotal = canopy mass, plus mass of the payload shared by each cluster member
MSE = mean square error

Rinfl = non-dimensional inflation time

PINN = physics-informed neural networks

So = canopy surface area based on the nominal diameter
Sskirt = area of the skirt

t = time

tinfl = inflation time

tinit = time at the beginning of inflation

Yinal = time at the end of inflation

Vol(tfna) = canopy inflated volume at the end of inflation

V() = parachute-payload speed
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Uskirt (1) = through-skirt flow velocity at time “t’

Uit = parachute-payload speed at the beginning of (dis-reefing) inflation
Ufinal = parachute-payload speed towards the end of (dis-reefing) inflation
wi = neural network weight associated with input variable “i”

Xi = neural network input variable “i”

fi = sigmoid activation function (Eq. (3))

a = learning parameter

@ = “mouth-to-vent” porosity ratio; an indirect measurement of porosity
p = air density during inflation

») = Summation (Eq. (1))

L = Summation for dataset “k”

II. Introduction

Artificial Intelligence (“Al”) emulates, via computer simulations akin to neural networks, a brain’s information
handling via neuronal connections to solve a variety of problems in science, engineering and technology. Articulated
into computer coding, Al has also increased its reach into the written, visual and musical arts, as well as in decision-
making. (A simple introduction is presented in Ref. [1].) Often sold as a silver bullet capable of solving most of
society’s problems, Al has nevertheless yielded outcomes that have turned out erroneous and/or misleading [2].
Generally, Al can be successful as long as the user is aware of the neural network underlaying assumptions and
input data limitations [2]. This isn’t to say that Al is unsuitable to engineering — quite to the contrary - as long as one
is aware of the assumptions and data limitations - as illustrated by the analysis presented here.

A large number of Al algorithms have been devised over the past three decades. A// attempt at mimicking a
brain’s neuronal system in which each neuron outputs an electrical signal upon receiving one or many input signals
(Fig. 1). In neural network simulations, the input and output are numbers, or combination of numbers,
arranged/modified by each neuron through the use of mathematically conditional criteria, formulas, etc. (Fig. 1). A
network of simulated neurons is allowed to communicate their output to other “neurons” i.e., in parallel to other
computer processors, or sequentially via program loops, to mathematically carry out a workflow similar biological
neuronal networks. Nowadays, neural network algorithms can treat all categories of data including, 1) the written
word (e.g., Chat-GPT and others), 2) images (e.g., ResNet and many others
(https://en.wikipedia.org/wiki/Image_analysis )), 3) sound (e.g.,
https://en.wikipedia.org/wiki/Music_and_artificial intelligence ), and finally, 4) the numerical outputs of sensors
used in science and engineering. This paper shall deal with this latter kind, as applied to data collected in parachute
test drop, wind tunnel investigations and/or FSI simulations.

dendrites branches
ell body

nucleus A

terminals

Postsynaptic.
Neuwron DENDRITES WITH
(O synapTIC WEIGHTS
(a) Biological neural network (b) Artificial neural network

Figure 1. Schematic renditions of a biological neural network (a) and a single-neuron artificial neuron
network (b). In both, inputs (“stimuli”) enter the neuron with varying intensity weighed by the factors wi. The
neuron carries out a computation which then determines its output. Figure extracted from [1].

Al has seen increasing use to extract system performance trends out of a large body of data, rather than from the
explicit solutions of complex differential equations systems coupling kinematics and dynamics. One reason is that
Al isn’t explicitly depending on a complete set of initial-value parameters — oftentimes lacking in many applications.
Moreover, Al isn’t using aerodynamical approximations which may not be applicable to the problem at hand, as is
often the case with parachute dynamics. In principle, and as demonstrated in the Universal Approximation Theorem
[3], availability of large-enough datasets should “contain” all allowable motions of a system as emergent behaviors.
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Unfortunately, limited availability — or even unavailability - of “large-enough” datasets will stand in the way of
attaining such Ideal. One work-around has been to explicitly embed in the neuronal decision-making process the
physical laws that govern the “behaviors” underlying the dataset via, for example, partial differential equations (e.g.,
Navier-Stokes), or as described below, algebraic expressions that are true — even exact - to the problem at hand. This
approach, also known as Physics-Informed Neural Networks (PINNs) has been used widely and produced a
voluminous body of work (e.g., Refs. [4, 5]). The paper by Yang et al. [6] which follows this presentation is another
example but applied to parachute motion modeling; and so are the parachute analyses of Refs. [7] and [8] which
have appeared in the recent past.

Nowadays, large data sets are made possible by the use of miniaturized sensor suites and data
collection/transmission hardware that can be outfitted to all relevant parts of a system. (By-the-way, such large sets
can also be constructed from the data shared by thousands of users utilizing similar sensor suite and/or Al platform.)
Unfortunately, parachute datasets remain small, mostly due to the very nature of parachutes as flexible structures for
which the structural forces, as well as the materials’ interaction with the air, are difficult to probe over their entire
volume of relevance. Herein, we present a novel PINN or “parachute-smart” Al algorithm based on a simple
“perceptron” neural network [1] (i.e., a single hidden layer neuron in Al parlance) and constructed for the analysis of
parachute inflation dynamics. This algorithm aims at capturing the best of two worlds by using universally-valid but
simple physical laws to guide the neural network iterative process towards the correct solution quickly and from
limited amounts of data. Herein, parachute inflation data relevant to the USAF C-9 personnel recovery parachute [9-
13], as well as those of the main parachute cluster of NASA’s Orion capsule recovery system [ 14, 15], are fed into a
novel PINN to establish novel functional relationships between their (non-dimensional) inflation times, inflated
canopy volume, initial skirt area and overall canopy size scale. Interesting analysis byproducts are produced as well,
thereby offering new insights on unmeasurable dynamical variables that are also critical to the inflation process.

This paper is organized as follows. Section III first presents a simple introduction to neural network simulations
before embarking onto the description of our parachute-smart neural network calculations. Section IV presents the
results which are then further discussed in Section V. The paper concludes, in Section VI, with observations on the
required dataset size.

III. A Parachute-Smart Neural Network Algorithm

A. Curve-fitting vs. Al

The overarching goal is to use a neural network-based approach to enable the reduction of experimental or
computational (FSI) data into algebraic relationships that not only interpolate among the input datasets but ones that
are capable of extrapolation as well. The process is similar to the familiar curve-fitting approach of old, in which a
given functional form (e.g., linear, polynomial, power, logarithmic, etc.) is fitted through experimental data [16].
Here “fitting” alludes to a minimization process in which the coefficients defining the given functional form, say the
coefficients 4 and B in the form y = Ax + B, have been “picked” so to minimize the error between a predictive
straight line and each point within the dataset [16]. This curve-fitting approach is advantageous, obviously, where
the data 1) depend on a handful of independent variables; 2) follows simple trend lines that are easily expressed as
simple mathematical functions; and 3) the number of data points far exceeds the number of parameters needed to
define the functional form/trend line. But the approach falls apart when the number of dependent variables is very
large (e.g., parachute system construction parameters and test drop kinematic and atmospheric envelope, etc.),
thereby pointing to a multidimensional relationship among these parameters and the dependent variable of interest
(inflation times, drag force, etc.).

Extreme multidimensionality is bad as it generally prevents trend lines from following easily-identifiable
functions that could be used in standard curve-fitting. PINN-based approaches, on the other hand, avoid the problem
by firstly using as input a well-known and general functional dependence of the physical laws governing the
“behavior” of an engineered system, rather than the anticipated forms/trends of the solutions (the output); secondly,
by realizing this through an error minimization process similar to standard curve-fitting; and thirdly, and most
importantly, by considering both dependent (say inflation time) and independent variables (canopy construction and
drop test data) as parts of the datasets inputs into the PINN.

As a simple illustration of a PINN, consider a neuron receiving a set of “input” numbers, i.e., values of the
measured variables labeled as “X;”. In a 3-variable case, a neuronal computation would take the following form with
the physical law reduced into a summation:

L=wX, +w,X, +w X, (1)



Here the neural network “inputs” include the independent variables X; and X> as well as the also-measured
dependent variable represented by Xz (the latter could be the inflation time). It is here that the so-called Al “weights”
appear (“w;”), of which end values are to be obtained from an error-minimizing process. (More on this process in
Section B that follows.)

Not all physical laws are linear, obviously, but could be expressed so via the use of inverses, logarithms, etc.
For example, in the case of the #hin lens equation of optics, one would start with

Z=w, ! J-I—w2 L —w{lj (2)
dobject dimage f

with X; as the inverse of the distance of the object to the lens (//dosjecr); X2 as the inverse distance of the image to the
lens (1/dimage); and X as the inverse of the lens focal length (//f; a.k.a., the dependent variable). All three X; variables
would be measured in several experiments and form the input datasets feeding the PINN process (one dataset per
experiment). As with most curve-fitting schemes, an iterative error-minimization process is used to re-calculate the
values of those weights (Sect. II1.B). This process is defined to yield weight values at each iteration that
progressively lead to the smallest 2 possible (via Eq. (1)), ideally one converging to a zero-value (2 — 0). When
achieved, the converged weights yield the solution wX, = _(Wl X, +w, Xz) , i.e., the sought-after relationship between

the dependent and the independent variables, i.e., X, =-X, (VV j_ X, (“7
W3

w,

j . In the case of the lens equation (Eq.

(2)) the PINN-calculated weights are expected to converge to values such that w/wy = w, w21 (Note that the

weight ratio values may not equal unity in other cases, such as with the parachute-smart PINN.)
B. The Minimization Process

B.1 Which error to minimize?

The PINN process begins with trial values of the weights which are used to yield a first 2. Such weights are
then adjusted/updated in a second iteration, i.e., in a way to yield a smaller value of 2. This process repeats over
several iterations until the “true” 2'is reached (i.e., 2= 0). (This is the “learning” stage in Al parlance.) At every
iteration, and to yield a smaller X, the process (‘“neuron”) tries to reduce the error between the just-calculated 2 and
the sought-after solution (X' = 0) by using a so-called activation function which in our case is a sigmoid function:

1
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(There are many types of activation functions, most of which are designed to plateau in the limit ¥ — 40 [17].)
Activations functions are the basic ingredient of the error-minimization scheme determining the “best” updates of
the weights. Those are in turn used to construct the Mean Square Error (MSE)

2
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In principle, and per Eq. (3), the MSE reaches the sought-after solution as ¥ — Y, which corresponds to £ — 0.
Note that minimizing the error in Y, instead of minimizing an error proportional to (0- 2)2 iteratively yields a more

stable and convergent sequence. This is particularly crucial where many of the dataset variables X;, X>and X3 are
very large, as in the parachute cases below.

B.2 Weight update for the next iteration
Updating the weights to minimize the MSE is carried out via partial derivatives in a well-known data
optimization procedure [1]:
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This rule uses partial derivatives derived from Egs. (1), (3) and (4) via the chain rule. Here parameter “¢ “
corresponds to a user-adjustable “learning” parameter. This parameter, along with the very first (or “trial”) set of the
weights are user-defined as further explained in section III.D. These “assessment” and “training” steps (in Al
language) are to be repeated in the aforementioned iterative scheme until the MSE has converged to a small value.

INPUT NODES

Figure 2. Schematic description of a S-variable input of a single dataset, feeding into a neuron that calculates
a summation function (Eq. (1)) (sigma) and activation function (Eq. (3)) (square-S). Herein the output (“y”) is
a set of updated weights. Note that there is no bias neuron in the PINN discussed here. Figure extracted from

[1].

Note that the best results are obtained with the use of a large number of datasets rather than just one dataset,
i.e., collected by repeating an experiment (or drop test or FSI simulation) many times over, say “N” times. Such
datasets would yield, at the same values of w;, w; and ws, a total of N different values of 7% (x®) and MSEX(Z®)

given the defining summation 3 =5 X, + w, X,* +w, X, In this context, averaging the MSE® ‘s would in turn

yield what is known as the cost function C. The weight adjustment then proceeds by replacing Eq. (5) with
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(A full list of the partial derivatives is provided in the Appendix (Sect. Al).) After many iterations that try to
minimize the cost C, one is to get values of the weights that would yield the actual algebraic relationship among the
variables in Eq. (1) in the 2 — 0 limit. In the thin lens equation example above, all three weights would be identical
in value but only up to an overall constant. This is not a problem here, as the weights and constant all factor out at
~ 0.

Experienced Al practitioners may notice the absence of the so-called “bias parameter (b)” [1] which often times
enters in the calculation of 2'via ¥ =w X, +w,X, + w, X, +b . Such parameter was omitted here due to the lack of a

well-defined and symmetric well near MSE(0) in the parachute case (Sect. II1.C). Absence of symmetry generally
lead to “solutions” that can converge away from the “true” solution at 2 ~ 0.

C. Parachute-Smart Neural Network

The first step is the definition of a linear summation of the type embodied in Eq. (1), via the use of a suitable
physical law. With most physics-based equations being non-linear (think of /' = Ma or U(?) = at + U(0)),
linearization of some problems may be only possible after variable inversion, as with the thin lens equation above, or
changes of variables involving powers. In our PINN, the first step is to first express inflation time () in terms of
its non-dimensional equivalent (7;,7) [18-20]:

=t init (7)



with Ui as the parachute system descent speed at the onset of the inflation stage under consideration, and D, a
reference canopy diameter compatible with the reefing constraints at hand [14, 15]. As shown elsewhere [20], this
non-dimensional inflation time can be expressed exactly as

Uini( V01

Uy Vol | 1 ®)
i D {Hain Sy 1-¢

with parameters Volspar , <u S > and ¢ corresponding to the parachute’s volume at the end of the inflation stage

skirt ™ skirt
(see for example ref. [21]), the time-averaged air flux through the skirt, and a “mouth-to-vent” porosity ratio [20] (an
indirect measurement of porosity), respectively. This expression is intuitively true given the inflation time expected
to increase with final volume and decrease at greater skirt area. Here, the key dynamical input is the averaged

through-skirt flux <uskinSskin> which is a hard-to-measure variable, but one that can nonetheless be meaningfully

approximated for Al use. Equation (8) is the relevant physical law to linearize.

Linearization begins with using an approximated through-skirt flux for canopies of low-enough (total) porosity.
With the final through-skirt flux (at the end of inflation) being small in comparison to the initial through-skirt flux,
one has:

UinitSs i (tini )
<”skin S > ~ % (Uinit Seirt Cinie ) + U Sk (tﬁnal )) =~ * ©)
Merging Egs. (8) and (9) and the rearranging, yields the following result
Vol
1 S . (f- ) )(1_¢) ~ final (103)
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or more strictly, after inserting a “correction” factor G:
VOI fina
V5 S (i) (1= ) = G =l (10b)
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Here the value of G would embody the role of the unsteady flows entering the skirt.
A PINN algorithm is thus set up with defining a 2-summation as follows:

Vol
2= W] %Sskin (tinit)(l - WZ¢)_ W3 D—tma] (11)
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where the weight w; takes up the role of “G”, and the others, of porosity and other effects. Note that this is an
explicitly speed-independent form which obviates the need for inclusion of descent rates values in the datasets (after
calculating n;,7 from Eq. (7)) — a fortunate feature. In Al notation, Eq. (11) yields the following partial-linear form

Zz[lel(l_WzXz)]_W3X3 (12a)

i.e., one for which x, = (1/2)8,51&irl (t..), X, =¢ and X, = Vol, / Dn. o - In the cases at hand where total canopy porosity

init

is at 10% or less, the product w»¢ is assumed as vanishingly small, thereby yielding
Z=wX,-wd, (12b)

Equations (12a) and (12b) make this neuron a parachute-smart neuron on account of using Eq. (8) as the input
physical law of relevance. With X evaluated from (12b) over each dataset, one can calculate Egs. (3) and (4) for each
dataset and average the MSE for the entire set prior to updating the next set of weights via (6) (in order to reduce the
cost C). In the 2 — 0 limit, the PINN process would thus arrive at G'= ws/wi, from which an algebraic relationship



between inflation time and the various canopy dimension arise. Most importantly, it isn’t the absolute values of the
weight that matters but only their ratio.

D. Values Criteria for the Starting Iteration (“trial” values)
The iterative sequence of the PINN starts with a set of user-defined trial values of the weights to be used in the
very first iteration. Obviously, the closest the trial-w;’s are to the “solution”, the fewer iterations needed. In our case,

Eq. (12b), the limit X' — 0 implies w,"™ = "™ (X,)/(X,) with (X,) as the value of X; averaged over the entire

dataset. This leaves the user with only one trial value to manually enter (w; here). In the simulations described in the
next section, 7-to-13 different values of w;"* were used (i.e., one per neuron) to yield 7-to-13 converged values of
w; and w; (i.e., as computed by 7-to-13 neurons). Typical w;” values were typically set smaller than unity, i.e.,
anywhere between 10-' down to 10, to keep X below unity during the iteration process. Those were crucial choices,
given the summation X being the result of a difference between w, X; and wzX; (per Eq. (12b)) and the very large
values of X; and X; that were encountered. Interestingly, changing w;” by orders of magnitude also changed all the
weight (and 2) by the same factor throughout the iterations by each neuron. This turned out to be a non-problem as
the ratio ws/w; — i.e., the desired result - tended to remain unchanged (in order of magnitude). In the end, the
converged weight ratios had the same value regardless of the trial w;”* values. Less than 10 iterations were needed
to reach converged values of the weights.

Another user-input is the value of the learning parameter ¢ . Given that Eq. (6) is only valid as a first order
approximation of the error minimization process, the value of ¢ is set as ¢ =0.001x wl"ia‘ , a seeming small iterative

step but one large enough if the trial weight are already close to the solution.

IV. Results

This parachute-smart neural network algorithm was tested with the databases collected in two drop test programs
conducted by the US Air Force (USAF) with the C-9 personnel recovery parachute [9-13, 19]; and by NASA for its
Orion capsule landing parachute cluster system (CPAS program) [14, 15, 22]. Examination of these two cases is
illuminating since the latter highlights the inflation duration of each cluster member, as influenced by lead-lag, canopy
interference and skirt reefing; and the former, on the testing of low-porosity and un-reefed parachute used singly.

A. USAF C-9 Personnel Recovery Parachute

The USAF C-9 personnel (i.e., “pilot”) recovery parachute is a 28ft-diameter (Dy) flat-circular canopy which has
seen use ever since its introduction in the 1950’s [19, 23, 24]. Extensive series of instrumented test drops were carried
out by Berndt, DeWeese and colleagues in the 1960s to study inflation time and parachute drag at various altitudes
(6000, 13,000 and 21,000ft AGL), line stretch speeds (170-4001fps) and payload weights (220, 440 and 8801bs) [9-13].
Single parachutes were dropped un-reefed while trailing the forebody sketched in figure 3 [11]. The data used in Table
A.1 below was published by Heinrich in Ref. [12], thereby generating between 20 and 32 datasets depending on
payload weight. Each payload weight was processed separately by the PINN, given the inflation performance
dependence on mass ratio. (See for example Ref. [15].) The corresponding non-dimensional time is plotted in figure
4.
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1 - Parachute Compartment Door
2 - Pilot Chute Bag
3 - Breakcord, 1 Turn of 3 - Cord Nylon

4 - Pilot Chute, L8 inch Diameter Ribless Guide Surface Type Canopy

5 - Bridle, 2 plies of 5000 1b Nylon Webbing, 9 ft long

6 - Deployment. Bag, Standard Troop Type (AF Dwg #56D6276)

7. Bag Closure, 2 Turns of 80 1b Cotton Tape

8. Breakcord, 2 Turns of 80 1b Cotton Tape

9 - Parachute Canopy, 28 Ft D, Flat Circular, Solid Flat Type (C-9)

10 - Door Ejection Oum, Type T-2, 2 Sec Delay Charge

11 - On-Board Camera

12 - Riser, L Plies of 6000 1b Nylon Webbing, 4 Ft long, b Point
Attachment

13 - Sensing Elements and Telemetering Equipment

1L - Cylindrical Test Vehicle

Figure 3. Setup used in the USAF drop test program described in references [9-13].
Figure extracted from [11].
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Figure 4. Non-dimensional inflation time versus dynamic pressure at line-stretch [12].
Figure created by the authors.

Per Egs. (11) and (12b), the datasets included the non-dimensional inflation times(n:x), the skirt area at the
beginning of the inflation process (Sskir(tinir)), and final inflated volume (VOLyna). These three variables were
reconstructed from the available data [12] (Table A.1) as none were directly measured at the time of the tests. More
specifically, the values of n;,s were calculated from the measured (dimensional) inflation time (#,7), nominal
diameter (Dy) [19] and system’s fall rate at line stretch (Uii;). Lacking measurements of the inflated volume, on the
other hand, lead to the estimate of this variable from the assumed hemispherical shape of this low-porosity canopy
as VOLyga = (4/48) (0.7 Dy)? - a reasonable assumption. (The (.7 Dy factor arises from the hemisphere featuring a
radius equal to the projected diameter [19].) On the other hand, the initial skirt diameter Sy (%iniy) came from a data
analysis by Berndt [11] which suggested Skiri(%ini) = 0.0024 Sy (with Sy = = D¢?/4) [19].

Given the trial values discussed in Sect. II1.D, typical PINN iterative marches converged in 10 iterations or less
for each of the neuron using differing trial weight w;"! (in the range of 10-' down to 10*). As many as 10 neurons
were used in our single-hidden layer PINN. The results are graphed in Figs. 5.
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Figure 5. Non-dimensional inflation time reconstructed for each drop test of a USAF parachute drop
program [9-13] . The reconstructed values (blue circles) where calculated with Eq. (8) using the
experimentally-measured values. The PINN values (orange circles) were obtained from Eq. (10b) or (12b)
while using the weights calculated at the last iteration.

The PINN results show a high-level of consistency due to the same Sy (%ini) and VOLjq used in each dataset
(unlike the inflation time). The neural network data placed its prediction through the “gravitational center” of the
reconstructed data. The value of the corresponding correction factor “G” values (Eq. (10a)) are shown in Table 1.
The inferred though-skirt flux <u S >were also calculated, via Egs. (9) and (11), while using again the converged

skirt ™ skirt

values of the weights. The values also appear in Table 1.

Table 1. PINN-produced algebraic relationships for inflation time and through-skirt flux in the case of un-
reefed C-9 canopy. Factor G is defined in Eq. (10b).

System total nominal weight
(Ibs.). Non-dimensional inflation time Time-averaged through-skirt flux
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B. NASA CPAS Main Parachute Cluster

NASA’s Orion spacecraft parachute recovery system [22] employs eleven canopies of various sizes and
porosities, opening under different reefing conditions over four orders of magnitudes in mass ratios [15]. Of
particular interest here is the inflation performance of the three clustered 116 ft-nominal diameter (Dy) ringsail
canopies, which open through (timed) inflation stages, namely: inflation under a reefed constraint (the so-called first
reefed stage), followed by disreefing and inflation from the 1% state to another reefed state (the so-called 2™ stage
reefing), itself followed by disreefing and inflation from the 2" state to each canopy’s final “full open”
configuration. Herein the focus is on the inflation duration of the last two stages, given their well-defined initial skirt
areas and partial internal pressurization. Omission of the 1% inflation stage followed from the current lack of
empirical determination of the initial skirt area (Section V.B).

These data were collected during 6 drops of the EDU program (“CDT”), 8 drops of the Qualification Test
program (“CQT”) and 1 “drop” during the first Orion unmanned flight (“EFT-1"). Counting the data collected with
each cluster member (2 or 3 parachutes, depending on the test) lead to 16 (CDT), 23 (CQT) and 3 (EFT-1) datasets,
for a grand total of 42 datasets. The reconstructed inflation times for each cluster member were published in [15].
On the other hand, the final inflated volume in each stage were inferred from the data obtained by Ray [21]; and the
skirt area calculated from the known lengths of the two reefing lines used in each test and corrected for canopy
interference (typically abnormally long inflation times were decreased by 30%). The results are shown in figures 6
and 7. Table 2, on the other hand, displays the functional relationships that arise after using Eqs. (9), (10b) and (11).

In general, the PINN calculations, based on the weights of the last PINN iteration track the test-to-test variations
data observed in most of the 1%-to-2"! and 2™-to-full open disreef cases. Interestingly, the test-to-test variations shown
in the figures are more pronounced in the (reconstructed) CDT and EFT-1 data, versus the CQT data, due to (up to)
20% changes in reefing line lengths adjustments from one test to another. (No such adjustments were made during the
qualification tests.) On the other hand, and because of deeper internal pressurization in greater portions of the inflating
volume, the 2™-to-full open disreef data exhibited far less test-to-test scatter than with the 1%-to-2"¢ disreef data.
Finally, comparison of the left and right frames in both figures reveals the sensitivity of the PINN analysis on dataset



contents, where small “movement” of the neuron calculations can be seen between the smaller dataset (right frame)
and larger dataset (left frame).
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Figure 6. Non-dimensional inflation time reconstructed for each drop test of NASA’s CPAS program
(listed in [15]). The reconstructed values (blue circles) where calculated with Eq. (8) using the experimentally-
measured values. The PINN values (orange circles) were obtained from Eq. (10b) or (12b) while using the
weights calculated at the last iteration. The left frame shows the results of the CDT datasets only, and the
right frame, those based on the use of all 43-dataset obtained by combining all three CPAS test drop

programs.
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Figure 7. Non-dimensional inflation time reconstructed for each drop test of NASA’s CPAS program
(listed in [15]). The reconstructed values (blue circles) where calculated with Eq. (8) using the experimentally-
measured values. The PINN values (orange circles) were obtained from Eq. (10b) or (12b) while using the
weights calculated at the last iteration. The left frame shows the results of the CDT datasets only, and the
right frame, those based on the use of all 43-dataset obtained by combining all three CPAS test drop
programs.

Table 2. PINN-produced algebraic relationships for inflation time and through-skirt flux in the case of un-
reefed C-9 canopy. Factor G is defined in Eq. (10b).

Category Non-dimensional inflation time formula derived Time-averaged through-skirt
from PINN flux (ft3/s)
15 -to- 2™ disreef
CDT, CQT and n 0G 2Volfinal ~0.182 2Volfinal <uskinSskin> [ 0.091 sskin (tinit )U(Zinit)
EFT-1 data nfl ™ Dref Skt (fnit) Dref Sekirt (‘init)

10



1%t -to- 2" disreef 0 L0081 2Volfinal
CDT data only infl = " Drep S (finit) (U Sy ) 013 Sy (1 U (1)
2" _to- full-open 2Volfinal
: n 00182 ———1hal
CDlezr(g?It“ and infl Dref Sskirt (init) <uskinSskin> 00.091 Sy (450U (i)
9
EFT-1 data
2™ -to- full-open 0 U ogs. 2Volfinal
CD'I(‘h(:;:::fonly infl . Dref Sekirt (finit) <uskin Sskirl> [ 0.041 Sskirl (tiniL)U(tinil)

V. Discussion

A. Extrapolating the result to other parachute designs

The results of Tables 1-2 clearly improve our ability to predict inflation duration with regards to scaling-up or
scaling-down similar canopy designs (but within limits [20]). More interestingly, it can also allow prediction
following skirt reefing changes of the same designs. However, one may wonder whether those results can be used to
characterize the inflation times of any other low-porosity canopy or ringsail clusters. A quick but unwanted answer
may be that it depends. Obviously, organizing data and PINN-use depending on overall design, e.g., solid vs. porous
canopies, flat circular vs. ringsail or even reefing type, etc., as done here, should be a primary consideration given
that the inflation dynamics embedded in each category is expected to be different.

The datasets in the USAF C-9 study (Table 1) did not involve clustered canopies and are thus silent on canopy
interactions within clusters. Thus, applying those results to other un-reefed and un-clustered low-porosity
hemispherical or (perhaps) conical designs may turn out correct at similar initial skirt area (~ 0.0024 Sy) - at the very
least. Application to reefed such canopies might work too (as suggested by the CPAS case). On the other hand,
clustered canopies involve more dynamics and unsurprisingly the inflation time weight ratios ws/w; (or “G” in Eq.
10b) turn out twice as large as the un-clustered case. Canopy interactions within clusters are clearly important
factors and as such are embedded in the datasets.

Differences between the through-skirt flux equations between the C-9 and CPAS cases are also illuminating.
Comparison of the results shown in Tables 1 and 2 highlights the role of the sails (in the CPAS case) functioning as
air scoops during the inflation process. This is a feature that has long been suspected by designers. Here one gets a
first quantitative exposition of this fact.

Equation (12a) provides the key to studying canopies with non-zero (total) porosity via the use of weight w; as
with ringslot canopies. For this PINN to work effectively, one needs explicit measurements of the porosity showing
up in the datasets — hence larger datasets. When made at the loft, it is hoped that the product w»¢ would reveal
dynamic porosity effects during inflation.

B. Pitfalls

As with any Al-based studies, dataset quality in data point accuracy and case coverage are the key to success.
In the parachute cases considered here, the quality of the measurement or reconstructions of the initial skirt area and
final (inflated) canopy volume is also a determinant factor. In the USAF C-9 case where inflation begins soon after
canopy extraction out of a deployment bag (Fig. 3), having no direct access to photographs/movies of each drop
forced us to resort to the investigator’s own analysis of the initial skirt area [11]. Given the randomness associated
with skirt area shaping after bag-strip (in all un-reefed canopies at least) such data will be accessible only after
explicit photogrammetry analysis — preferably via Al-based image analysis. Such limitation is at the root of
considering the CPAS inflation stages that (each) began in a reefed stage where the canopy was at least partially
pressurized.

Another pitfall is the determination/reconstruction of the final volume in porous canopies. Not so much with the
C-9 case in which the final configuration indeed resembles a hemisphere, but certainly with the CPAS ringsail cases
for which previously-published values [21] were used.
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C. On with the study of inflation drag

Using PINN analysis in the study of inflation drag is also possible since time-averaged drag becomes immediately
knowable upon determination of n;,; at same total mass and steady descent speed. Indeed and from the Momentum-
Impulse Theorem and for a parachute system inflating while moving vertically, one has [14, 15, 18]

final
mmmlUﬁnal - mtntalUinit = I (_FD (t) + mtotalg)dt : (13)
init
or, in terms of the time-averaged drag (£, ),
m ota Uini
<FD> =m,,,g +—* : : (Uinil _Uﬁnal) : (14)
infl ref

with the known (and fixed) momi, g and Ujna as the payload-parachute mass, constant of gravity and system’s descent
speed at the end of inflation respectively (where Ugnar ~ Uldescent)-

Peak drag (Fpear), on the other hand requires a separate PINN analysis as more weights are required. Given that
< FD> =F.l where [ is the so-called “drag integral”:

. f |Fp (0)\dt

15
 Fp(t,—1) (1
equation (14) leads to (exactly again)
2
F TI=m g + M1 Uinit 1— Uﬁnal . (16)
peak total
Mg Do Usni
Typical values of / — a dynamical variable - vary according to porosity and reefing [14, 15, 18] but are generally
known at about 0.4-0.7 in many low-porosity hemispherical parachutes. Approximating / as [ ~ %2 w3 may
incorporate the complicated and embedded dynamics. Therefore, and after including more weights in defining
PINN’s summation equation, one gets
m, U’ U, 1
3 = w3mmm[g + W1 total init 1— final | __ WZF;,eak — (1 7)
Mg Do init 2
The sought-after solution (where £—0) would lead to a peak drag written in terms of weight ratios
2
F — 2{&} m g + 2(&] o Uinit (1 _ Uﬁnal j (18)
peak total D U
W, Wy ) P Lrer init
As with inflation time, the accuracy and PINN iterative convergence will rest with a most suitable set of trial
weights. For this case it is suggested that
trial
w.
2 3trial =1 (19)
W,
given that the first term (system’s weight term) in Eq. (18) is a lower bound. Inserting Eq. (19) into (18) then yields
another trial weight constraint
m W, trial m U 2 U
1— totalg =2 1 total init 1— final (20)
trial
F;Jeak w, M Dier Ui
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Solving Egs. (19) and (20) yields values of w1 and w,"#! expressed in terms of w3, meaning that the trial values
for two weights are calculated upon choosing the value of a third, user-input. Note also that the calculation of the
weight w; will inform the user of the integral of Eq. (15) — usually, an un-measurable metric without load cells. Note
finally that the peak drag PINN process involves the updating of three weights rather than just two as with inflation
time. Further research will show whether the data sets used here will be large enough.

In closing, getting the most likely time evolution of parachute drag will require the implementation of Newtonian
differential equations rather than simpler (but exact) algebraic equations as done here (Eqs (10a) and (16)). This, in
turns, would demand the use of load cell data as part of the datasets, an inclusion which would end up into a PINN
process involving a very large number of weights (in the thousands, e.g., for each time-slice of the integral in Eq.
(13)). This isn’t an impediment, as shown in ref. [6] for example, given the computer power and memory at hand
nowadays. Moreover, and given such large number, deep learning Al techniques will be used instead [1].

VI. Conclusion

This paper has described a novel “parachute-smart” neural network algorithm that finds hard-to-get algebraic
relationships tying performance and canopy design data (experimental or computational). Using parachute physics-
informed neural networks rather than generic physics-informed algorithms, such as those based on differential
equations, has allowed the use of smaller datasets i.e., in the 10'-to-10? data point range rather than in the 10°-to-10°
range. Obviously, the number of weights required by the neural network algorithm at hand will be the ultimate
determinant of required datasets size. But exploiting simpler yet exact, and metric-specific physical laws should
provide outputs that may be relevant - and accurate-enough - to designers and other parachute technologists. Like
CFD/FSI, PINN analysis represents a new class of models/tools which should extend the reach of parachute engineers
rather than replacing them.
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Appendix

A.1. Derivatives list for the Cost function

As described in Section II1.B, the update of the weights is realized via Eq. (6), reproduced below as Eq. A.1.
This is an expression that involves partial derivatives which can be derived from Egs. (1), (3) and (4) via the chain
rule:

Wl =y L MSEVE) = w2 (AD
a—vf‘ = %i [% - Wj(l —Y®)FOXO (1=, X, )} (A2)
5—2 - %i G - ?(")j(l —PO) PO 1) (X, P X, )} (A3)
Q]

14



A.2. Data Tables - USAF C-9 Inflation times [12]

Total weight 2201bs.
Rho Vs opening time

(sl/ft) (ft/s) (s) Ninfl
0.00198 170 1.21 7.346429
0.00198 180 1.1 7.071429
0.00198 214.5 1.063 8.143339
0.00198 225 1.025 8.236607
0.00198 253 0.905 8.177321
0.00198 264.5 0.885 8.360089
0.00198 291 1.111 11.54646
0.00198 296.5 0.64 6.777143
0.00198 306 0.613 6.699214
0.00198 373 0.638 8.499071
0.00198 377 0.55 7.405357
0.0016 220 0.86 6.757143
0.0016 232 0.828 6.860571
0.0016 240 0.805 6.9
0.0016 247 0.69 6.086786
0.0016 249 0.698 6.207214
0.0016 252 0.805 7.245
0.0016 260 0.75 6.964286
0.0016 262 0.698 6.531286
0.0016 278 0.66 6.552857
0.0016 280 0.666 6.66
0.0016 402 0.57 8.183571
0.0016 404 0.61 8.801429
0.0016 417 0.564 8.399571
0.00121 282 0.65 6.546429
0.00121 286.5 0.68 6.957857
0.00121 288 0.67 6.891429
0.00121 295 0.66 6.953571
0.00121 295 0.597 6.289821
0.00121 309 0.568 6.268286
0.00121 387 0.678 9.370929
0.00121 396 0.53 7.495714
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Total weight 4401bs.

Rho Vs opening time

(sl/ft?) (ft/s) (s) Ninfl
0.00198 229 0.92 7.524286
0.00198 255 0.93 8.469643
0.00198 272 0.839 8.150286
0.00198 275 0.805 7.90625
0.00198 319 0.94 10.70929
0.00198 397 0.65 9.216071
0.00198 408.5 0.88 12.83857
0.0016 228 0.92 7.491429
0.0016 248 0.83 7.351429
0.0016 259 0.92 8.51
0.0016 302 0.855 9.221786
0.0016 302.5 0.793 8.567232
0.0016 336.5 0.77 9.25375
0.0016 362.5 0.755 9.774554
0.0016 371.5 0.659 8.743518
0.0016 452 0.59 9.524286
0.0016 466 0.82 13.64714
0.00121 303.5 0.648 7.023857
0.00121 305.5 0.764 8.335786
0.00121 344 0.57 7.002857
0.00121 376.5 0.62 8.336786
0.00121 406.5 0.55 7.984821
0.00121 441 0.53 8.3475
0.00121 498.5 0.54 9.613929

Total weight 8801bs.

Rho Vs opening time

(sl/ft%) (ft/s) (s) Ninfl
0.00198 240 0.93 7.9714286
0.00198 241 0.82 7.0578571
0.00198 2817.5 0.78 8.0089286
0.00198 299.5 0.76 8.1292857
0.00198 322 0.62 7.13
0.00198 343.5 0.7 8.5875
0.0016 299 0.65 6.9410714
0.0016 305 0.61 6.6446429
0.0016 316 0.7 7.9
0.0016 318.5 0.67 7.62125
0.0016 348 0.64 7.9542857
0.0016 360 0.67 8.6142857
0.00121 290.5 0.64 6.64
0.00121 299 0.6 6.4071429
0.00121 338 0.64 7.7257143
0.00121 364 0.61 7.93
0.00121 386.5 0.69 9.5244643
0.00121 404.5 0.58 8.3789286
0.00121 412 0.76 11.182857
0.00121 417.8 0.65 9.6989286
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