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Fig. 7 Simultaneoustime traces of voltage signals near the main shock
region (above the bubble); Py = 50 bar.
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Fig. 8 Space-timecorrelation functions for photodiodelocations (close
to the surface) near the oscillating separation shock; Py = 50 bar.

Figure 8 shows the space-time correlation R, (0, y, 7) for chan-
nels separated in the Y direction, as a function of time delay 7 (mil-
liseconds) between the voltage signals from A and B and locations B
and C. The pointof interestis the value of the correlationat approxi-
mately zero time delay. Far upstream of separation (Fig. 8a) the plot
shows a positive value for locations A-B and B-C. For axial loca-
tions X/L =0.40,0.66, A is Y = 0.6 mm from the surface, whereas
BandCareY = 1.6 and2.6 mm, respectively,away from the surface.
For downstream locations A is ¥ = 1.6 mm from surface, whereas
B and C are Y =2.6 and 3.6 mm, respectively, away from model
surface. These distances were chosen wherever mirror imaging of
signals from neighboringchannels were observed and indicates that
all locations experience similar density flow with the absence of any
fluctuating density gradients. At separation (Fig. 8b) the space-time
correlation value between these locations show opposite trends. Lo-
cations A and B (which are in close proximity to one another) show a
largenegative value, whereas B and C show arelativelylarge positive
value indicating that, when photodiode A experiencesa rise in den-
sity (as across a shock), the photodiode B experiencesa fall and vice
versa.LocationsB and C experiencea similarrise and fall of density.

Conclusions

The unsteadinessassociated with the shock-waveboundary-layer
interaction (SWBLI) flowfield on a HALIS axisymmetric configu-
rationmodelis demonstratedin a Mach 9.68 flow with air as test gas.
The SWBLI flowfield investigated generates high-pressureloads in
the vicinity of separation and reattachment points. Near reattach-
ment the pressure on the flare approaches the stagnation point pres-
sure level. Off-surface flow study using the laser schlieren system
revealedincreasedenergylevelsnearthe separationpointsuggesting
random fluctuations in the instantaneous position of the separation
shock. Space-time correlation of voltage signals from neighboring
channels, exhibiting mirror-imaging effects, shows a negative value
at zero time delay. The observation is consistent with the view that
the separation shock translates back and forth, in response to the
expansion and contraction motion of the separation bubble, in the
vicinity of separation point on the HAC model, and henceis respon-
sible for high-pressureloads at these locations.
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Introduction

RTILLERY comprises an important wing of an army in pro-
viding firepower, during both war and cross-borderskirmishes
with the enemy. Artillery shells are a class of projectiles around
which much of aeroballistic theory was originally developed, and it
continuesto form a significant part of aeroballistician’ interest. The
performance of the artillery shell is governed by many factors, such
as muzzle velocity irregularity, jump and throw off; ambient mete-
orological conditions such as temperature, density, head/tailwind,
and crosswind; and manufacturing procedures resulting in differ-
ences in shape, size, mass, and yawing behavior. The conventional
approach hitherto used for predicting behavior and performance of
a projectile such as an artillery shell was via mathematical models.!
Beginning with the simplest, but relatively inaccurate, in-vacuo
trajectory mathematical model, more and more sophisticated mod-
els of increasing accuracy, such as the point mass model, the modi-
fied point mass model, and the six-degree-of-freedan model, have
been developed. However, even the best of these models have their
limitations because of 1) an inability to model all of the problem
variables (e.g., the initial conditions at the time of shell leaving the
barrel, the jump and throw off, the variable atmospheric conditions,
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etc.) and 2) the nonavailability of accurate and reliable acrodynamic
coefficients (e.g., drag coefficient, damping-in-roll derivative, etc.)
required as inputs by the mathematical models.

The recent interest in the evolving applications of artificial neu-
ral networks (ANNs) to diverse fields such as signal processing,
pattern recognition, robotics, medical diagnosis, system identifica-
tion, and control have led many researchers to explore their capa-
bility for aerospace engineering problems. The neural modeling has
been employed in solving aerospace problems such as aerodynamic
modeling,? buffet,’ fatigue crack growth,* design of a civil aircraft;
aircraft parameter estimation from flight data,®” etc. In the present
work, an attempt is made to develop a neural model for predicting
the performance of an artillery shell under known ambient atmo-
spheric conditions. Because the field data on the performance of
artillery shells have a number of noisy parameters that interact in
a nonlinear manner, the neural modeling is an attractive alternative
to the traditional mathematical modeling and regressiontechniques.
The neural modeling has the ability to accommodate nonlinearties
and to generalize from the data shown during the training sessions.
The latter propertyis especially useful when one has to model sparse
real data from field trials of artillery shells.

Artillery Shell Data and Modeling

The performancedataforartillery shells are generally availablein
the form of range tables. Typically, range table might list the range
R obtainable for various firing (elevation) angles # under standard
calm atmospheric conditions for a shell having nominal mass m and
fired with a nominal muzzle velocity V. Also listed are the time of
flight T' and the lateral drift in terms of correction to bearing angle
W that would be required to hit the target. Information is provided
for correcting R, T, and W for 1) variations in the ambient atmo-
spheric conditions (air temperature ¢ and density p being different
from those corresponding to standard atmosphere), 2) the presence
of a head/tailwind W, and crosswind W,, and 3) the mass of the
shell and muzzle velocity, being different from the corresponding
nominal values. Generally, range tables are prepared based on a
chosen mathematical model that is adjusted and validated for a few
measured data. This may require introduction of a few fudge fac-
tors to achieve reasonable matching; a fudge factor used to modify
the aerodynamic coefficients might be a constant or a function of
problem variables, for example, 6. Althought, p, W,, and W, vary
along the path of the projectile, the corrections provided for these
in the range tables are based on some equivalent constant (aver-
age) values. Note that it is possible to account for the varying wind
and atmospheric conditions in some of the proposed mathematical
models.® However, the inverse problem of finding the firing angle
for a specified range and existing ambient conditions can not be
directly solved via mathematical models, and one has to rely on
the range table for an answer. It is in this context that the proposed
neural approachis shown to yield an answer as easily to the inverse
problem as it does to the direct problem.

The performancedata for an artillery shell (B-shell) were supplied
by Armament Research and Development Establishment, Pune,
India. The data supplied in the form of range tables have 323 data
points, listing R, T, and W as a function of # under standard at-
mospheric conditions (f =288.0 K and p = 1.225 kg/m?®) and calm
conditions (W, = W, =0) for a shell of nominal mass (42.6 kg) and
muzzle velocity (818 m/s). A procedureis also provided to correct
the R, T, and ¥ for ¢, p, m, and V being different from the stan-
dard (nominal) values and for equivalent head/tail/crosswind. By
the use of the basic 323 data points, and applying corrections for an
arbitrarily chosen set of atmospheric conditions, mass, and muzzle
velocity of shell, as many additional data points can be generated
as desired. The data set so generated is used to select appropriate
input/output (I/0) pairs for the neural model.

Neural Model

From the pointof view of field applications, a soldier would want
to know the required firing angle and bearing correction to achieve
the required range. The information available before firing in terms
of R,t,p, W, W_, V,and M isusedto form the input vector, whereas
the required information in terms of 8, W, and T forms the output
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variables of the neural model. In the network input file, any devi-
ations from the standard temperature, density, and muzzle velocity
are given as percent change from the nominal values, whereas the
deviation from the nominal mass is given as the difference between
the actual mass and the nominal mass. This scheme was followed
after a brief study revealed that such a definition of network input
variables yielded better training compared to the use of absolute
values of the corresponding variables. The neural model does not
require either the postulation of a mathematical/numerical model,
nor an estimate of initial conditions at the time of shell leaving the
barrel. Whereas functional mapping of the I/O pairs creates a black
box type of neural model, the initial conditions are also taken care
of implicitly by the mapping. Measured data can be directly used to
train the network. However, due to the nonavailability of measured
data, the data from the range table are taken as the measured data for
the purpose of training, validation, and prediction via the proposed
neuralmodel. The feedforward neural networks for the presentstudy
were simulated by using the neural network toolbox of MATLAB®
5.3. The activation function used is the sigmoidal function, and a
backpropagationalgorithm is used for training the network.

A random selection of I/O pairs showed poor training of the net-
work. A close look at the data and consideration the physics of the
projectile motion revealed why: As is well known for an idealized
point mass projectile motion in vacuum, the range of a projectile
increases as 6 increases from 0O to 45 deg and then decreases as
0 increases beyond 45 deg. A similar trend exists for B-shell also
wherein maximum range is obtained at around 45 deg (at 802 mil,
360 deg= 6400 mil). Thus, the neural network sees an inherent
contradiction in data that have range and firing angle as I/O pairs
spanning the whole range of firing angles, hence the difficulty in
mapping such data.

To resolve this difficulty, the data are partitioned into two bins:
one set having firing angles below 45 deg and the other above it (up
to 70 deg as given in the range table). The neural models for these
two ranges of firing angles are separately developed. Note that such
an approachwill notimpose any limitationsin practical applications
because the requirement that the desirable 6 be less than or more
than 45 deg would be generally known. If the shell is to achieve high
altitude during its flight to target, 6 of greater than 45 deg would be
recommended, otherwise less than 45 deg would be preferredfor its
shorter time of flight.

Formodeling,a setof I/O pairs selectedrandomly from each of the
bins is used separately for training sessions. Sets of varying number
of I/O pairs were used to arrive at a minimum number of I/O pairs
required for adequate training of the network. It is acknowledged
thatinreal life, the number of measuredI/O pairs available might be
limited due to the costinvolvedin collecting such range data, hence
the search for the minimum number of data samples to achieve
an acceptable neural model. The numbers of I/O pairs used were
varied, to have 100, 50, 25, and 15 samples. Obviously, the higher
the number of samples, the better the training, buteven as few as 15
samples gave satisfactory levels of training. The suitability of the
models is tested by a validation (test) data set, typically consisting
of 15 or 30 I/O pairs from the same bin, but other than those used
for training. The rule of thumb used is that if, for the validation
data, the mean square error (MSE) is only of the order of two times
or less than the MSE prescribed for the training phase, the neural
model is acceptable, and its architectureis fixed for the next step of
prediction phase. If not, the tuning parameters of the network, such
as the learning rate, the number of neurons in the hidden layer, the
momentum rate, the number of iteration, etc., are varied until the
network meets the given conditionsfor MSE for the training as well
as for the validation phase.

For prediction, a set of randomly selectedinputdatais taken from
the range table and presentedto the validatednetwork. The predicted
output is compared with the corresponding values from the range
table. Typically, for prediction, 10 samples were randomly selected
from the range table. Because the neural model is required to predict
more than one output, thatis, 8, ¥, and T, the following study was
undertaken to answer the following question: For the same set of
inputs, is it better to train the network separately for one output at a
time, or to train it on all of the outputs at once? The former approach
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Fig. 1 Comparison of actual and predicted theta, bearing correction, and time of flight.

always yielded relatively more accurate predictions and, therefore,
all of the results presented herein are based on the single output
option.

Figure 1 shows that the predictedd, W, and T compare well with
those from the range table. Although not discernible from Fig. 1, a
close look at the numerical values of predicted and actual & showed
that relatively accurate 6 is predicted for the smaller values of 6.
The trend was observed repeatedly for many sets of input variables
selected for the study. This observed trend could be explained as
follows: At the lower end of 6 values, the range obtainableis more
sensitive to variations in 6. Typically, increase of 1 mil in 6 results
inrange increasing by 134 m for a nominal value of 6 = 0.7 mil, but
at nominal value of § =802.3 mil, a 1-mil increase in 0 results in
range increasing by only 3.2 m. Notwithstanding this observation,
the predicted values by neural model are satisfactory for the whole
range of 6.

Conclusions

This study presents an alternativeapproachto mathematicalmod-
eling used hitherto for predicting shell performance in terms of the
firing angle needed for the required range. The neural model is
shown to be a viable way of modeling many input variables that
affect the relationship between the range and the firing angle. It is
envisaged that the measured data for shells could be used for de-
veloping neural models that would be useful in field applications,
including finding the firing angle, the time of flight (this might be
required for fuse setting), and the drift angle for the specified range.
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