








Despite the computational advantages of the post-decision state convention, Equation
(27) remains computationally intractable due to the size of our motivating problem
instance. As such, both of our ADP techniques utilize a value function approximation
approach via a fixed set of basis functions to determine approximate solutions to
Equation (27). The key challenge in our approximation scheme is the identification
of basis functions and features that are important to the MEDEVAC dispatching
problem.

The selection of appropriate basis functions and features for the MEDEVAC dis-
patching problem is difficult but is necessary to attain high-quality dispatching poli-
cies. We leverage Rettke et al. (2016) and Maxwell et al. (2010) to design and develop
eight conceptually motivated basis functions. Let ¢¢(SF) be a basis function, where
f € F is a feature and F is the set of features. The first basis function describes the

availability status of each MEDEVAC unit in the system and is written as

&1 (S7) = apm, YV me M.

The next four basis functions capture information pertaining to the 9-line MEDE-
VAC requests currently being serviced. The second basis function captures the ex-
pected time from the current system time 7 until MEDEVAC unit m transfers care

of onboard casualties to the nearest MTF stafl and is written as

Tim — Tt, A Gy = 1,74 < 14y

Gam (SY) = , Vme M.

0, otherwise.

The third basis function captures the expected time from the current system time
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7; until MEDEVAC unit m completes service and is written as

Him — Tt, if aym =1

¢3m(5tx): s Vme M.

0, otherwise.

The fourth basis function captures the precedence category of the 9-line MEDE-

VAC request being serviced by MEDEVAC unit m and is written as

Dims i Qo = 1,7 < Ty

P1m (SY) = , VmeM.

0, otherwise.

The fifth basis function captures the number of casualties being serviced by

MEDEVAC unit m and is written as

Cim, if apn = 1,74 < Ty

G5 (SF) = , VmeM.

0, otherwise.

The last three basis functions capture information about the 9-line MEDEVAC
requests in the queue. The sixth basis function captures the expected total time,
including wait time (i.e., time in queue), travel times, and service times (i.e, unload
times and load times), that request ¢ € Q will incur in the MEDEVAC system if it

is serviced by MEDEVAC unit m and is written as

¢6qm(5tw) :wtqm_etqy qu Q7 V'm GM,

wherein 14, represents the expected system response time if MEDEVAC unit m is
tasked to service queued request ¢ at epoch t.

The seventh basis function captures the precedence category of each queued re-
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quest and is written as

G1q(SY) = prgy Vg€ Q.

The last basis function captures the number of casualties contained in each queued

request and is written as

¢8q<ng) = Rtq, v q < Q

3.5.1 Least-Squares Temporal Differences

The first ADP solution technique we propose utilizes an approximate policy iter-
ation (API) algorithmic strategy that incorporates least-squares temporal differences
(LSTD) learning for policy evaluation. API is an algorithmic approach derived from
exact policy iteration, wherein a sequence of policies and associated approximate
value functions are produced in two repeated, alternating phases: policy evaluation
and policy improvement. Within a policy evaluation phase (i.e., inner loop), our
LSTD-API algorithm approximates the value function for a fixed policy 7 via sim-
ulation and LSTD learning. Within a policy improvement phase (i.e., outer loop),
the algorithm generates a new policy based on the data collected in the immediately
preceding policy evaluation phase. Before presenting our LSTD-API algorithm, we
define our post-decision state value function approximation scheme, which leverages

the basis functions we developed.

For our LSTD-API algorithm, let

V(S10) =) 0s6,(S7) = 07(S7) (28)

fer

denote the linear approximation architecture, wherein § = () fer 18 a column vector
of basis function weights and ¢(S¥) is a column vector of basis function evaluations.

For a given vector ¢, which represents a fixed policy 7, decisions are made utilizing
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the policy (i.e., decision function)

X7(5;]0) = argmax {C(Sy, z;) + 7(%(5”1)_”)\_/””(Sf|9)}. (29)

:ctEXSt
Substituting Equations (28) and (29) into Equation (27), the approximate post-
decision state value function is given as follows

0" 9(SE1) = E|C(S1, X7 (S110)) + 7S (57)| 57, |. (30)

Having defined the approximate post-decision state value function, we proceed
with the presentation of our LSTD-APT algorithm we employ herein, which is adapted

in part from research by Rettke et al. (2016) and is displayed in Algorithm 1.

Algorithm 1 Least-Squares Temporal Differences Approximate Policy Iteration
(LSTD-API) Algorithm

1: Initialize 6.
2: forn=1to N do
3: for j =1to J do

4: Generate a random post-decision state, Sy ;.

5: Record basis function evaluation ¢(S7 ;).

6: Simulate transition to next pre-decision state, Sy ;.
7: Determine decision z; utilizing Equation (29).

8: Record contribution C(S;;, z;).

9: Record discount factor (7(S+15)=7)

10: Record basis function evaluation ¢(S7;).

11: end for

12: Update 6 utilizing Equations (31) and (33).

13: end for

14: Return the approximate value function V*(-|6).

The LSTD-API algorithm starts by initializing the basis function weight vector
0, which represents an initial fixed policy. We then begin a policy evaluation phase
wherein, for each iteration j = 1,2,...,J, the following steps occur. We randomly

select a post-decision state S;" ; ; and record the associated basis function evaluation
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¢(S¢ 1 ;). Next, we simulate the system evolving from post-decision state Sy ; ; to a
pre-decision state S; ; and determine the best decision z; via Equation (29). Once z;
is determined, we record the contribution C(S;;,z;), discount factor A (F(Se41,5)=72,5)
and basis function evaluation ¢(S7;). We collect a total of J temporal difference
sample realizations in a single policy evaluation phase, where C(Sy;, X™(S;|0)) +
v(f(st“ﬂ')*”vﬂ')HTQS(ngj) — 07¢(SP, ;) is the jth temporal difference given the basis

function weight vector 6.

We proceed into a policy improvement phase wherein, for each iteration n =
1,2,..., N, the following steps occur. The vector é, a sample estimate of 6, is com-
puted via least-squares regression. We seek a basis function weight vector 6 that
makes the sum of the J temporal differences equal to zero. To provide a more com-
pact representation of our basis function evaluations, discounts, and contributions, we
define basis function matrices ®;_; and ®,, a discount matrix I';, and a contribution

vector C;. More precisely, let

6(St )T B(S)T A=)y o C(Ser)
q)tfl = 9 q)t - 9 Ft - 9 Ct - 9

oS, )7 o(SE )T V(ﬂst“"')_ﬂ“]) 1157 C(St,7)

wherein the rows and columns in the basis function matrices respectively correspond
to sampled post-decision states and basis function evaluations, the rows of the dis-
count matrix are the recorded discounts for the sampled post-decision states, and
the elements of the contribution vector are the recorded contribution values. We let
1,47 denote a row vector of |F| ones. Utilizing this notation, the sample estimate

of # is computed via the normal equation as follows
é = [(CIDt_l — Ft @ (Pt)T(@t_l — Ft @ (Dt) + 77]:] 71(q)t—1 — Ft @ CDt)TC't, (31)

wherein © is the Hadamard product operator and 7l is an |F| x |F| diagonal matrix
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having diagonal penalty entries given by the regularization parameter n > 0. We
utilize regularization (i.e., ridge regression here) when computing 6 to avoid matrix
inversion difficulties (by ensuring (®,_; — I'; ® ®;)T(®;_; — I'; ® ®,) is nonsingular)
and to reduce generalization error (by ensuring we do not overfit the data collected
in any single policy evaluation iteration). Moreover, when there are many correlated
variables in a linear regression model (a common occurrence in a simulation-based
solution approach such as ours), its coefficients can become poorly determined and
exhibit high variance (Hastie et al., 2009). For example, a very large positive co-
efficient on one feature can be offset by a similarly large negative coefficient on a
correlated feature. Ridge regression shrinks the regression coefficients by imposing a
penalty on their size, which helps prevent such unwanted variance in the 8-coefficients
over multiple policy improvement iterations.

Once 6 is computed, we utilize a polynomial stepsize rule to smooth in 6 with the

previous estimate 6. The stepsize rule is given by

Qp = — (32)

wherein 3 € (%, 1]. The polynomial stepsize rule «, is an extension of the basic
harmonic sequence and greatly impacts our algorithm’s rate of convergence and at-
tendant solutions. The rate at which «,, declines as the policy improvement iteration
counter n increases depends on the value of 5. Smaller values of 3 slow the rate at
which «,, declines; however, the best value of 5 depends on the problem at hand and,

as such, is a parameter that must be tuned (Powell, 2011).

Next, we update 6 with the following equation

0« and + (1 — ay)0, (33)
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wherein the 0 on the right hand side is the previous estimate based on previous policy
improvement iterations, and 0 is our new estimate from the current iteration. As the
number of iterations n increases, we place less emphasis on sample estimates (i.e., é)
and more emphasis on the estimate based on the first n — 1 iterations (i.e., 6).

Once 0 is updated via Equation (33), we have completed one policy improvement
iteration of the LSTD-API algorithm. If n < N then the algorithm continues by
starting another policy evaluation phase. The algorithmic parameters N, J, n, and
[ are tunable, where N is the number of iterations of the policy improvement phase,

J is the number of iterations of the policy evaluation phase, 7 is the regularization

term within the 6 estimate computation, and ( is the polynomial stepsize parameter.

3.5.2 Neural Network

The second ADP solution technique we propose also utilizes an API algorithmic
strategy, but instead incorporates neural network (NN) learning for policy evalua-
tion. Recall that API is an algorithmic approach derived from exact policy iteration,
wherein a sequence of policies and associated approximate value functions are pro-
duced in two repeated, alternating phases: policy evaluation and policy improvement.
Within a policy evaluation phase (i.e., inner loop), our NN-API algorithm approxi-
mates the value function for a fixed policy 7 via simulation and NN learning. Within
a policy improvement phase (i.e., outer loop), the algorithm generates a new policy
based on the data collected in the immediately preceding policy evaluation phase. Be-
fore presenting our NN-API algorithm, we define our NN-based, post-decision state
value function approximation scheme, which also leverages the basis functions pre-
sented at the beginning of Section 3.5.

To approximate the value of being in post-decision state Sf, we utilize a feed-

forward NN comprised of three layers: an input layer, a hidden layer, and an output
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layer. The information provided to the input layer is a set of |F| basis function
evaluations associated with a post-decision state Sf. The hidden layer consists of a
set of activation units H = {1,2,...,|H|} (i.e., nonlinear perceptron nodes). The
size of the hidden layer, |#|, is a tunable characteristic of our NN-API algorithm.
Because the hidden layer requires || inputs, the input layer produces |H| outputs,

which are given by

Y288 =3 e)eisr), Vher, (34)
feF

wherein O = [@S}H e is an |F| x |H| matrix of weights controlling the func-
Tl feFher

)

tion mapping from the input layer to the hidden layer. A nonlinear logistic sigmoid

activation function

is applied to each Yh@)(Sf) to produce the inputs for the hidden layer, which are given
by
2 x 2 xX
Z,2(St) = o (V,7(57)), Vhe# (35)

The hidden layer produces a single, scalar output, which is given by

vO(sp) =300 (7). (36)
heH
wherein 62 = [@f)} is an |H| x 1 matrix of weights controlling the function
heH

mapping from the hidden layer to the output layer. The output layer produces a
single, scalar output by applying the sigmoid activation function o to Y®(S?). This

computation results in the post-decision state value function approximation given by

Ve(srle) = o (YO(S), (37)
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wherein © = (@(1), @(2)) is the parameter tuple that compactly represents the NN
weights.

Note that, for application within the NN model, we scale the |F| basis func-
tion evaluations via a mean normalization procedure. That is, for each feature, we
transform each of its values by first subtracting its mean and then dividing by its
range. Scaling the inputs provides benefits (Hastie et al., 2009); it ensures all in-
put dimensions are treated equally in our regularization process, allows selection of
meaningful initial weights, and enables more effective optimization when we update
the NN weights. We denote the scaled basis functions by a superscript s (e.g., in
Equation (34)).

For a given tuple ©, our NN-API algorithm makes decisions utilizing the policy

(i.e., decision function)

X™(8,10) = argmax {C (S, z,) + TSV *(57|10) ). (38)

zt€Xg,

Substituting Equations (37) and (38) into Equation (27), the approximate post-

decision state value function is given as follows
Vo(S74]0) = E [C(Sy, X (S4|0)) + Ty (sr|e)|S7 ] . (39)

Having defined the NN-based, approximate post-decision state value function, we
proceed with the presentation of our NN-API algorithm we employ herein, which is
displayed in Algorithm 2.

The NN-API algorithm starts by initializing ©, the function mapping weight ma-
trices @) and ©®, an initial fixed policy. We select small, random values near
zero for the initial weights, as recommended by Hastie et al. (2009). This weight

initialization policy enables better NN model performance when the weights are up-
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Algorithm 2 Neural Network Approximate Policy Iteration (NN-API) Algorithm

1: Initialize © with small, random values near zero.

2: forn =1to N do

3: for j =1to J do

4: Generate a random post-decision state, S;" ; ;.

5: Compute basis function evaluation ¢*(Sf; ;).

6: Compute V*(SE ,,|0) utilizing Equations (34)-(37). Record observed
value.

7: Simulate transition to next pre-decision state, S; ;.

8: Compute v; utilizing Equation (40). Record observed value.

9: end for

10: Normalize the recorded value function realizations, (ﬁj)jzl.

11:  Update O and ©®@ utilizing Equations (41)-(45).

12: end for

13: Return the approximate value function V*(-|©).

dated later (in a policy improvement phase) via a quasi-Newton optimization solution
procedure; individual units localize to directions and introduce nonlinearities where
needed. Moreover, this weight initialization policy forces symmetry breaking; initial-
ization with exact zero weights leads to zero derivatives and perfect symmetry, which
results in the weights never being updated.

We then begin a policy evaluation phase wherein, for each iteration j = 1,2,...,J,
the following steps occur. We randomly select a post-decision state S ; ; and compute
the associated scaled basis function evaluation ¢°(S¢_, ;). Utilizing Equations (34)-
(37), we compute the value function approximation V*(S7_; ;|©) and record the value.
Next, we simulate the system evolving from post-decision state Sy’ ; ; to a pre-decision
state S;;, and we compute (and record) a sample realization of the value attained
from the current policy by solving

U; = max (C(St,ja ) + 7(%(St+l’j)_n)v$<‘9§j|®>)' (40)

€Xs,

In a single policy evaluation phase, we collect a total of J sample realizations of the
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value attained by following the current policy.

We proceed into a policy improvement phase wherein, for each iteration n =
1,2,..., N, the following steps occur. We normalize the J value function sample
realizations collected in the just completed policy evaluation phase, so the NN model
may be properly fit to the collected approximate value function data.

We are now ready to update our NN weights and obtain an updated policy. We
seek O-values that make the NN model fit the observed value function data well.
We utilize a regularized, mean-squared error measure of fit (i.e., cost, error, or loss

function), expressed as follows

% XJ: £1509))° + (Z S (eh) +3 (@5?)2) . (41)

Jj=1 fEF heH heH

The penalty term in the loss function prevents overfitting the data and reduces the
generalization error. The regularization (i.e., weight decay) parameter n > 0 is a
tunable parameter; larger n-values will tend to shrink the ©-weights toward zero.

In our LSTD-API algorithm, we minimize a regularized, residual sum-of-squared
error (i.e., least-squares) measure of fit, and we are able to directly attain an updated 6
via the normal equation, which is an analytical solution to the least-squares regression
problem. However, our NN-API algorithm employs a more complicated NN model to
approximate the value function, and to attain an updated © we must minimize the

loss function L(©) via computational methods. The new sample estimate of ©,

~

© = argmin L(O), (42)
S}

is determined using MATLAB’s fminunc optimization routine, which employs a New-
ton’s method solution procedure with a trust-region method modification. The so-

lution procedure requires gradient information, and we utilize the conventional NN
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back-propagation approach to compute the gradient. The applicable derivatives can

be calculated via the chain rule for differentiation and are given by

8L 1 - /T T T T n
o = 5 (0= VISR 1e) o (YO(SEL)) 217 (S ) + T, (43)
h
OL; 1, = aT T 2 2 T s (qQx n 1
86(1) = =7 (vj -V (St—l,jle)) o' (Y<3)(St—l,j)) @;1 >0/ (Y;E >(St—1,j)) ¢f(St—1,j) + 395‘7’)“ (44)
fih

wherein o’(y) denotes the first-order derivative of ¢(y) with respect to y. Once © is
computed, we utilize the polynomial stepsize rule, Equation (32), to smooth in the
input layer @(1)—Weights and hidden layer @(2)—weights with the previous estimates

O and ©®) respectively. We then update © as follows

00 + 0,00 + (1 - 0a,)0", fori=12, (45)

wherein the ©® on the right hand side is the prior estimate based on the previous
n — 1 policy improvement iterations and O is our new estimate from the current
policy improvement iteration for each ¢ = 1,2. As the number of policy improvement
iterations n increases, we place less emphasis on recent sample estimates and more
emphasis on the estimate based on the first n — 1 iterations.

Once O is updated via Equation (45), we have completed one iteration of the policy
improvement phase of the NN-APT algorithm. If n < N then the algorithm continues
by starting another policy evaluation phase. The parameters N, J, |H|, n, and
are tunable, where N is the number of iterations of the policy improvement phase,
J is the number of iterations of the policy evaluation phase, |H| is the number of
hidden layer units considered, n is the regularization term within the sample estimate

computation, and [ is the polynomial stepsize parameter.
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3.6 Testing, Analysis, & Results

In this section, we develop and utilize a representative military medical evacua-
tion (MEDEVAC) planning scenario to demonstrate the applicability of our Markov
decision process (MDP) model to the military medical planning community and to
examine the efficacy of our proposed approximate dynamic programming (ADP) solu-
tion techniques. We design and conduct computational experiments to examine how
different algorithmic parameter settings and different features of the MEDEVAC dis-
patching problem impact the performance of our proposed ADP solution techniques.
Moreover, we perform a series a sensitivity analyses on specific problem and algorith-
mic features to obtain insight regarding current MEDEVAC initiatives. We utilize
a dual Intel Xeon E5-2650v2 workstation having 128 GB of RAM and MATLAB’s
Parallel Computing Toolbox to conduct the computational experiments and analyses
herein.

We develop a notional, representative military MEDEVAC planning scenario in
which the US military is performing high-intensity combat operations in support of
the government of Azerbaijan. Our planning scenario considers two main operating
bases (i.e., bases that host both a medical treatment facility (MTF) and a MEDEVAC
staging area) and two forward operating bases (bases that only host a MEDEVAC
staging area) in southern Azerbaijan. Moreover, we develop and consider a set of
casualty cluster centers based on the projected locations of both friendly and enemy
forces. Figure 8 depicts the two main operating bases, the two forward operating
bases, and the 55 casualty cluster centers that we consider for our representative
military MEDEVAC planning scenario.

The baseline problem instance considers a 9-line MEDEVAC request arrival rate
of A = %. That is, we assume an average 9-line MEDEVAC request arrival rate of

one request per 30 minutes. Moreover, we assume that the MEDEVAC system em-
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Figure 8. Representative Military MEDEVAC Planning Scenario Disposition

ploys an inter-zone policy regarding airspace access, allowing any MEDEVAC unit to
service any request regardless of the casualty collection point (CCP) location. We set
the baseline proportions of urgent, priority, and routine requests to 0.7, 0.2, and 0.1,
respectively, (i.e., P(urgent, priority, routine) = (0.7,0.2,0.1)) to portray a highly ki-
netic conflict that results in more life-threatening engagements between hostile forces.
We utilize data provided by Fulton et al. (2010) to determine the number of casual-
ties contained in each 9-line MEDEVAC request. As such, the proportion of 9-line
MEDEVAC requests that have one, two, three, and four casualties are 0.574, 0.36,
0.05, and 0.016, respectively. The proportion of 9-line MEDEVAC requests originat-
ing from a particular casualty cluster center depends on the casualty cluster center’s
location. For the baseline problem instance, we consider casualty events more likely
to occur in the south (i.e., L = south). We let wq, ws, and w3 equal 1, 0.1, and 0.01,

respectively, to prioritize urgent requests more than priority requests and priority
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requests more than routine requests. We utilize a relatively high discount factor of
v = 0.999 (i.e., exhibiting relatively low discounting of future epochs’ operational
values) in our computational experiments to incentivize the system to position itself

mer — 5 which allows

to efficiently respond to future service requests. Lastly, we set ¢
the system to hold at most five 9-line MEDEVAC requests in the queue at any given
time.

Our computational experiments measure ADP performance as the percent increase
of total discounted reward obtained over an infinite horizon as compared to that
obtained via the default dispatching policy in practice (i.e., closest-available policy).
The closest-available policy tasks the closest-available MEDEVAC unit to respond to
service requests regardless of other factors (e.g., precedence, demand distribution, and
request arrival rate). Note that, since we cannot simulate an infinite trajectory, we
instead simulate a 10,000-minute trajectory to produce a reasonable approximation.
Moreover, because we are discounting, the v™-term in our objective function becomes
small enough that a longer simulation does not impact the measure of performance.

The performance and computational efficiency of each of our proposed ADP solu-
tion techniques vary based on different problem and algorithmic features. The prob-
lem features of interest include the average 9-line MEDEVAC request arrival rate,
A; the location in which requests are most likely to occur, L; and the proportions
of urgent, priority, and routine requests, P(urgent, priority, routine). The algorith-
mic features of interest for our least-squares temporal differences approximate policy
iteration (LSTD-API) algorithm include the number of policy improvement phase
iterations, N; the number of policy evaluation phase iterations, J; the regularization
term within the sample estimate computation, n; and the polynomial stepsize param-
eter, 8. For our LSTD-API experimental design, we utilize a third-order polynomial

of the basis functions to approximate the post-decision state value function. The
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algorithmic features of interest for our neural network approximate policy iteration
(NN-API) algorithm include the number of policy improvement phase iterations, N;
the number of policy evaluation phase iterations, J; the number of hidden layer units
considered, |H|; the regularization term within the sample estimate computation, 7;
and the polynomial stepsize parameter, (.

We generate 30 distinct problem instances utilizing a full factorial experimental
design comprised of the A, L, and P(urgent, priority, routine) problem factors (i.e.,
features). For each problem instance, we design and implement both a 3* full factorial
computational experiment to examine the solution quality of policies determined by
our LSTD-API algorithm for different levels of N, J, n, and § and a 3° full factorial
computational experiment to examine the solution quality of policies determined by
our NN-API algorithm. Table 4 shows the problem factor levels utilized in the ex-
perimental design to generate the 30 problem instances as well as the factor levels
utilized in the computational experimental designs to determine solution quality for
the two ADP algorithms. The selected parameter settings (i.e., factor levels) for the
algorithmic features are based on our initial experiences and investigations with each
ADP solution technique for this problem class. For each experimental design point
(i.e., combination of factor levels), we perform 100 simulation runs to achieve our
desired level of confidence. These experiments inform the selection of appropriate
algorithm parameter values for subsequent sensitivity analyses. Moreover, these ex-
periments provide a general insight regarding the performance of our ADP algorithms
for high-intensity MEDEVAC dispatching problem instances.

Table 5 summarizes the results from our computational experiments by report-
ing the best parameter settings with regards to each ADP solution technique’s per-
formance for each problem instance. Starting from the left, Columns 1-3 indicate

the problem factor levels associated with each problem instance. Columns 4-7 and
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Table 4. Experimental Design Factor Levels

Category Feature Parameter Settings

I {10, 20, 30, 40, 50}
Problem Instance L {south, east, west}

P(urgent, priority, routine) {(0.7, 0.2, 0.1), (0.5, 0.4, 0.1)}

N {5, 10, 15}

J {1000, 5000, 10000}
LSTD-APT 0 {10, 100, 1000}

3 {0.5, 0.7, 0.9}

N (5,10, 15}

J {1000, 5000, 10000}
NN-API | (3,5, 7}

0 {0.001, 0.01, 0.03}

3 {0.5, 0.7, 0.9}

Columns 8-12 tabulate the superlative parameter settings for the LSTD-API and
NN-APT algorithms, respectively, for each problem instance. Columns 13 and 14 re-
spectively report the attendant solution qualities of the ADP policies determined by
the LSTD-API and NN-API algorithms for each problem instance. The solution qual-
ities of the ADP policies provide a measure of algorithm efficacy and are expressed in
terms of the 95% confidence interval of percent improvement over the closest-available
policy with respect to total discounted reward over an approximated infinite horizon.
The last two columns report the computational efficiency of the LSTD-API and NN-
APIT algorithms, respectively, as measured by the time required to generate a policy
using the superlative parameter settings.

The results from Table 5 indicate that the ADP policies determined by the LSTD-
APT and NN-APT algorithms significantly outperform the closest-available benchmark
policies in 24 and 27 of the 30 problem instances examined, respectively. The ADP
policies perform best in high-intensity conflicts wherein the average request arrival
rate is relatively high (e.g., % < 30 for this scenario). For example, the policies

determined by our NN-API algorithm attain performances up to 346.56%, 144.03%,

and 28.6% for the % =10, % = 20, and baseline % = 30 problem instances, respectively.
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Table 5. Experimental Design Results

Problem Instance LSTD-API NN-API Improvement Over Computational
Parameter Settings Parameter Settings Parameter Settings Closest-Available Policy (%) Efficiency (Minutes)
1 L P(urgent, priority, routine) N J n ] N J [H] 7 ] LSTD-API NN-APT LSTD-API NN-API
10 south (0.7,0.2, 0.1) 15 1000 1000 0.7 15 10000 3 0.03 09 138.90 + 0.40 329.80 £ 0.40 7.79 100.59
10  south (0.5, 0.4, 0.1) 5 1000 1000 0.5 10 10000 3 0.01 0.5 142.84 £+ 0.37 346.56 £ 0.45 76.44
10 east (0.7, 0.2, 0.1) 10 1000 1000 0.9 15 10000 3 0.001 0.7 123.35 £ 1.17 275.02 £ 0.58 112.21
10 east (0.5, 0.4, 0.1) 10 1000 1000 0.7 10 10000 3 0.03 0.5 149.70 £+ 0.49 283.67 £ 0.62 68.62
10 west (0.7, 0.2, 0.1) 15 1000 1000 0.9 5 5000 3 0.001 0.7 169.75 + 0.72 325.64 £ 0.86 26.38
10 west (0.5, 0.4, 0.1) 5 1000 1000 0.5 10 10000 3 0.01 05 66.34 £ 0.27 167.28 + 0.32 61.78
20 south (0.7, 0.2, 0.1) 10 1000 1000 0.9 15 5000 3 0.03 0.7 81.70 £ 0.60 123.90 + 0.80 56.51
20 south (0.5, 0.4, 0.1) 10 1000 1000 0.9 15 10000 3 0.03 0.5 45.14 + 0.16 85.82 £ 0.11 86.33
20 east (0.7, 0.2, 0.1) 10 1000 1000 0.5 15 10000 3 0.01 0.7 66.34 £ 0.93 87.84 £ 0.84 89.55
20 east (0.5, 0.4, 0.1) 10 1000 1000 0.5 15 10000 3 0.03 0.5 113.26 &+ 0.18 144.03 + 0.12 95.11
20 west (0.7, 0.2, 0.1) 10 1000 1000 0.7 10 10000 3 0.03 0.5 86.63 + 0.84 121.29 £ 1.06 64.55
20 west (0.5, 0.4, 0.1) 10 1000 1000 0.7 15 10000 3 0.03 0.7 88.20 + 0.28 117.45 £+ 0.30 92.81
30 south (0.7, 0.2, 0.1) 15 1000 1000 0.9 10 10000 5 0.001 0.5 11.50 = 0.70 24.20 £ 0.70 110.59
30 south (0.5, 0.4, 0.1) 5 1000 1000 0.9 15 10000 3 0.01 0.5 6.17 £ 0.31 16.17 &+ 0.35 75.97
30 east (0.7, 0.2, 0.1) 5 1000 1000 0.7 10 10000 3 0.001 0.7 6.75 £ 0.63 13.37 £ 0.70 69.25
30 east (0.5, 0.4, 0.1) 10 1000 1000 0.5 15 10000 5 0.001 0.7 2.66 £+ 0.05 9.97 £ 0.10 188.54
30 west (0.7, 0.2, 0.1) 10 1000 1000 0.9 5 10000 3 0.03 0.9 21.45 £ 0.49 28.60 £ 0.54 31.16
30 west (0.5, 0.4, 0.1) 10 1000 1000 0.7 5 10000 3 0.03 0.5 12.90 + 0.05 20.85 £ 0.03 34.39
40 south (0.7, 0.2, 0.1) 5 1000 1000 0.9 10 5000 3 0.03 0.5 0.52 £ 0.33 6.14 & 0.60 26.68
40  south (0.5, 0.4, 0.1) 10 10000 1000 0.7 15 10000 3 0.001 0.5 3.36 £ 0.09 12.57 & 0.04 110.45
40  east (0.7, 0.2, 0.1) 10 1000 1000 0.5 15 10000 3 0.01 0.7 1.04 £ 0.73 343 +£0.71 81.78
40  east (0.5, 0.4, 0.1) 15 1000 1000 0.7 15 10000 3 0.03 0.7 54.67 £ 0.53 58.84 £ 0.56 86.55
40 west (0.7, 0.2, 0.1) 10 1000 1000 0.7 5 10000 3 0.03 0.7 2.24 £+ 0.45 6.53 + 0.48 30.50
40 west (0.5, 0.4, 0.1) 10 1000 1000 0.9 15 10000 3 0.01 0.5 743 £ 0.31 10.72 4 0.30 81.38
50 south (0.7, 0.2, 0.1) 10 1000 1000 0.5 15 10000 7 0.001 0.7 -2.20 = 0.56 1.36 + 0.64 263.76
50 south (0.5, 0.4, 0.1) 10 1000 1000 0.5 15 5000 7 0.01 0.7 -29.55 + 0.23 -25.61 £ 0.22 168.95
50 cast (0.7, 0.2, 0.1) 10 1000 1000 0.7 10 10000 3 0.001 0.7 -0.37 £ 0.76 1.65 £ 0.75 71.76
50 east (0.5, 0.4, 0.1) 5 1000 1000 0.7 15 10000 5 0.03 05 -13.98 = 0.05 -11.94 £ 0.04 117.23
50  west (0.7, 0.2, 0.1) 5 5000 10 0.9 10 5000 5 0.001 0.7 -0.73 £ 0.61 1.77 £ 0.63 66.04
50  west (0.5, 0.4, 0.1) 15 5000 100 0.9 10 10000 3 0.03 09 -25.78 + 0.54 -24.07 £ 0.54 60.19

In general, as the average request arrival rate decreases (i.e., as % increases), the
performance of the ADP policies relative to the closest-available policy decreases.
This result is intuitive and comports with the findings from previous related work
(e.g., Rettke et al. (2016)). When the request arrival rate is relatively low, the
dispatching authority accepts less risk by sending the closest-available MEDEVAC
because the just-dispatched MEDEVAC unit is very likely to return to its own staging
area prior to the arrival of another request. Accordingly, implementing an ADP
policy in low-intensity conflicts wherein the average request arrival rate is relatively
low (e.g., % > 30 for this scenario) will likely yield little-to-no performance gain over
the closest-available policy. Indeed, for low-intensity conflicts, the closest-available
policy is likely optimal.

Although the relative performance improvements attained by the ADP policies di-

1

3 increases, we still expect both of our ADP algorithms to generate policies

minish as
that perform at least as well as the closest-available policy, even with low MEDEVAC

request arrival rates. However, upon examination of the last six problem instances in
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Table 3 (i.e., when % = 50), we observe that the closest-available policy significantly
outperforms the policies generated from both of our ADP algorithms when P(urgent,
priority, routine) = (0.5,0.4,0.1). This result suggests that the algorithmic parame-
ter settings should be tuned via a focused experimental design specifically to address
problem instances having a low request arrival rate and a lesser number of urgent
requests entering the system. Theoretically, after determining proper algorithmic pa-
rameter settings for this subclass of problem instances, the ADP algorithms should
produce policies that perform at least as well as the closest-available policy.

To illustrate the benefits of an ADP policy in high-intensity conflict situations, we
discuss the limitations of the closest-available policy. Consider the following three sce-
narios: reserve, wait, and reject. For the reserve scenario, we consider a system state
wherein two MEDEVAC units are available for dispatch and a routine request from a
high demand area has just been submitted to the system, which is shortly followed by
an urgent request submission from the same area. Under the closest-available policy,
the closest-available MEDEVAC unit is dispatched to the routine request. As such,
the more distant MEDEVAC unit is dispatched to the subsequent urgent request.
Clearly this sequence of events and actions is suboptimal since a higher reward is
attained when the closest-available MEDEVAC unit is reserved for the urgent re-
quest and the more distant MEDEVAC unit is dispatched to the routine request. For
the wait scenario, we consider a system state wherein a distant MEDEVAC unit is
available for dispatch, one MEDEVAC unit is almost done servicing casualties from
a previous request, and a request near the servicing MEDEVAC has just been sub-
mitted to the system. Under the closest-available policy, the available (but distant)
MEDEVAC unit is dispatched to service the submitted request, which results in a
lower reward attained by the system when compared to queueing the submitted re-

quest, waiting for the servicing MEDEVAC to become available, and assigning it to
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the queued submitted request. For the reject scenario, we consider a system state
wherein a single MEDEVAC unit is available for dispatch in a high-demand area
from where a high volume of urgent requests originate and a routine request near the
available MEDEVAC unit is submitted to the system, which is shortly followed by
an urgent request submission from the same area. Under the closest-available policy,
the available MEDEVAC unit is dispatched to service the routine request leaving no
available MEDEVAC units available to service the subsequent urgent request. This
action results in a lower reward attained by the system when compared to rejecting
the routine request from entering the system in anticipation of needing the MEDE-
VAC unit for the subsequent urgent request. Unlike the closest-available policy, the
policies derived from our proposed ADP solution techniques utilize problem features
to make decisions based on current and future events, resulting in better decisions
and ultimately higher performance returns.

We observe that the superlative policies generated by the NN-API algorithm sig-
nificantly outperform the superlative policies generated by the LSTD-API algorithm
for each problem instance examined. This result can be explained due to the large
number of free parameters (i.e., function mapping weights) embedded within the NN-
APT algorithm, which gives it the ability to more accurately fit highly complex data
than other algorithms (e.g., LSTD-API). Unfortunately, the large number of free pa-
rameters also makes the NN-API algorithm a highly complex model that requires
more computational running time than the LSTD-API algorithm. The results from
the last two columns in Table 5 indicate that the LSTD-API algorithm is approx-
imately 12 times faster than the NN-API algorithm, on average, when computing
the top parameter settings for each problem instance. Even so, it is important to
note that, once a satisfactory set of parameter settings is determined, MEDEVAC

dispatching decisions can be computed nearly instantaneously.
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We next compare the best performing NN-API algorithm policies to the closest-
available policies for different MEDEVAC platforms and report the results in Tables
6-8. Except when otherwise noted, we utilize the baseline problem instance (i.e.,
% = 30, L = south, and P(urgent, priority, routine) = (0.7,0.2,0.1)) when performing
the following analyses. The United States Army and United States Air Force respec-
tively employ HH-60M Blackhawks and HH-60G Pave Hawks to conduct MEDEVAC
missions. However, the Department of Defense (DoD) is aggressively pursuing the
development of new rotary wing aircraft that are more capable to perform safe, reli-
able, and continuous operations worldwide (e.g., MEDEVAC missions) via the Future
Vertical Lift (FVL) program (Drezner et al., 2017). The primary competitors for the
FVL program are the Sikorsky-Boeing 1 (SB-1) Defiant and the Bell V-280 Valor.
For comparison purposes, we consider the HH-60M closest-available policy data as
our baseline case.

Starting from the left in Table 6, the first column indicates the MEDEVAC plat-
form. The second column indicates the assumed aircraft speed in knots per hour
(kph). Column three indicates the estimated cost per unit. Columns four and five
respectively indicate the 95% confidence intervals of the performances for the NN-
API and closest-available policies in terms of percent improvement over the baseline
case. The last two columns respectively indicate the 95% confidence intervals of the
MEDEVAC busy rates for the NN-API and closest-available policies.

Table 6. Dispatching Policy Performance Measures for the Selected MEDEVAC Plat-
forms

Improvement Over MEDEVAC
HH-60M Baseline (%) Busy Time (%)
Platform Speed (kph) Unit Cost ($M)  NN-API Closest-Available NN-API Closest-Available
HH-60M Blackhawk* 280 21.3 242+ 0.7 - 974+ 0.3 99.7 £ 0.1
HH-60G Pave Hawk 294.5 40.1 27.6 £ 0.7 5.7+0.1 96.7 = 0.3 99.7 £ 0.1
SB-1 Defiant 463 38 53.3+ 0.8 474+ 0.5 96.7 £ 0.3 99.7 £ 0.1
V-280 Valor 518.6 20 59.3 £ 0.8 54.8 £ 0.7 98.7+£ 0.2 99.7 £ 0.1

*Current platform employed by US Army.

The results from Table 6 indicate that, as airspeed increases, the overall perfor-
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mance for both NN-API and closest-available policies increases. Moreover, as air-
speed increases the performance gap between NN-API and closest-available policies
decreases. The last two columns reveal that the NN-API policies have significantly
better (i.e., lower) MEDEVAC busy rates than the closest-available policies. How-
ever, we can observe that the differences in MEDEVAC busy rates have little-to-no
practical significance since they are all nearly 100%. The MEDEVAC busy rates for
both NN-API and closest-available policies are high in all cases due to the relatively
high average MEDEVAC request arrival rate (i.e., A = %) As mentioned previously,
the SB-1 Defiant and V-280 Valor are currently competing against each other in the
DoD’s FVL program. While the official price per unit of the SB-1 Defiant is difficult
to predict at this point in the research, development, and acquisition process, a fully
burdened version of the SB-1 Defiant is currently estimated to be around $38M-$41M
(Koucheravy, 2018). However, it is important to note that the estimate of the SB-1
Defiant is based on a number of assumptions and planning factors and most likely will
be reduced after the final set of requirements are produced. Moreover, Bell has stated
that it can offer the V-280 Valor for just $20 million per unit, which is substantially
less than the current estimate of the SB-1 Defiant (Adams, 2016). The unit costs
reported in column three in Table 6 are provided to give decision makers a rough
idea as to how each platform performs with its currently estimated cost. To further
investigate how each MEDEVAC platform impacts performance, we next examine
response times.

Starting from the left in Table 7, the first column indicates the MEDEVAC plat-
form. The second and third columns respectively indicate the 95% confidence intervals
of the urgent request response times for the NN-API and closest-available policies.
Columns four and five respectively indicate the 95% confidence intervals for the pri-

ority request response times for the NN-API and closest-available policies. The last
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two columns respectively indicate the 95% confidence intervals of the routine request
response times for the NN-API and closest-available policies.

Table 7. Dispatching Policy Response Times by Precedence Level for the Selected
MEDEVAC Platforms

Urgent Priority Routine
Response Time (Hours) Response Time (Hours) Response Time (Hours)
Platform NN-API Closest-Available NN-API Closest-Available NN-API Closest-Available
HH-60M Blackhawk 0.90 % 0.003 1.55 £ 0.1 0.79 £ 0.03 343+ 04 0.83 £ 0.02 17.83 £ 2.7
HH-60G Pave Hawk 0.89 %+ 0.003 1.44 £ 0.1 0.76 £ 0.01 3.056 04 0.79 £ 0.05 14.37 £ 24
SB-1 Defiant 0.71 £ 0.002 0.86 = 0.1 0.65 + 0.01 1.13 £ 0.1 0.63 = 0.02 3.45 £ 1.3
V-280 Valor 0.70 £ 0.002 0.79 £ 0.1 0.69 £+ 0.01 0.96 + 0.1 0.69 £ 0.01 2.60 £ 1.0

The results from Tables 6 and 7 show that, as airspeed increases, the response
times decrease for all precedence categories for the closest-available policies. For the
NN-API policies, this trend also holds for the urgent request response times but not
for the priority or routine request response times. The gaps in response times between
NN-API and closest-available policies decrease as airspeed increases. Moreover, we
observe that the response times for the NN-API policies are significantly lower than
the response times for the closest-available policies. This relationship can be explained
in part by the NN-API algorithm having an admission control policy that allows the
dispatching authority to reject incoming requests from entering the system, whereas
the closest-available policy must service incoming requests if at least one MEDEVAC
unit is available. We display the rejection rates of the NN-API and closest-available
policies for each MEDEVAC platform in Table 8.

Within Table 8, the first column indicates the MEDEVAC platform. The second
and third columns respectively indicate the 95% confidence intervals of the urgent
request rejection rates for the NN-API and closest-available policies. Columns four
and five respectively indicate the 95% confidence intervals for the priority request
rejection rates for the NN-API and closest-available policies. Columns six and seven
respectively indicate the 95% confidence intervals for the routine request rejection

rates for the NN-API and closest-available policies. The last two columns respectively
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indicate the 95% total rejection rate confidence intervals for the NN-API and closest-
available policies.

Table 8. Dispatching Policy Rejection Rates by Precedence Level for the Selected
MEDEVAC Platforms

Urgent Priority Routine Total
Rejection Rate (%) Rejection Rate (%) Rejection Rate (%) Rejection Rate (%)
Platform NN-API Closest-Available NN-APIT Closest-Available NN-API Closest-Available NN-API Closest-Available
HH-60M Blackhawk 7.1 + 0.3 339+ 38 76.7+ 1.0 35.0 +4.0 89.0 £2.9 39.7 £ 4.7 29.0 £ 0.5 347+ 38
HH-60G Pave Hawk 5.3 £ 0.3 309 £ 3.8 76.5 = 1.1 31.8 +4.1 97.3 £ 0.5 345 £ 4.5 28.8 £ 0.5 314 +£39
SB-1 Defiant 3.5+0.2 6.0 £ 2.5 62.7 + 1.1 6.1 + 2.6 96.3 + 0.6 6.6 + 2.8 247+ 04 6.1+ 2.6
V-280 Valor 1.3+£0.2 43 £21 20.8 £ 1.0 42+£21 934+ 1.0 48 +£24 10.7 £ 0.3 43 £21

The results from Tables 6 and 8 show that, as airspeed increases, the rejection
rates decrease for all precedence categories for the closest-available policies. For NN-
API policies, this relationship also holds for the urgent and priority request rejection
rates but not for the routine request rejection rates. The gaps in rejection rates be-
tween NN-API and closest-available policies decrease as airspeed increases. Moreover,
we observe that the urgent rejection rates for the NN-API policies are significantly
lower than the urgent rejection rates for the closest-available policies. The opposite is
true for priority and routine requests. These results reveal that the NN-API policies
reject more priority and routine requests than the closest-available policies to allow
for a higher number of urgent requests to be serviced. This result is intuitive since the
reward attained by the MEDEVAC system for servicing urgent requests is substan-
tially higher than servicing priority or routine requests, and there is a much higher
proportion of urgent requests (i.e., 0.7) arriving to the system compared to priority
requests (i.e., 0.2) and routine requests (i.e., 0.1). The last two columns in Table
8 show that the overall rejection rate for the HH-60M is significantly lower under
the NN-API policy when compared against the closest-available policy. Moreover,
there is not a statistically significant difference in the overall rejection rates between
the NN-API and closest-available policies for the HH-60G Pave Hawk. However, the
overall rejection rates for the FVL platforms (i.e., SB-1 Defiant and V-280 Valor)

are significantly higher for NN-API policies when compared against closest-available

88



policies. While these higher rejection rates may not align with expectations, admit-
ting more priority and routine requests to the system will ultimately lead to longer
urgent request response times since more MEDEVAC units will be busy servicing
lower precedence requests. Hence, some rejection is desirable as it reserves dedicated
MEDEVAC units for more life-threatening requests. It is important to recall that
rejected requests are not simply discarded; they are redirected and serviced by non-
medical command authorities aboard non-medical, combat support transportation
assets (e.g., CASEVAC).

The results from Tables 6-8 demonstrate that NN-API policies have diminishing
returns when compared to closest-available policies as airspeed increases. Even so,
military medical planners should still consider the value of ADP policies and the

high-quality dispatching solutions they have to offer.

3.7 Conclusions

This chapter examines the medical evacuation (MEDEVAC) dispatching problem.
The intent of this research is to determine dispatching policies that improve the per-
formance of a deployed Army MEDEVAC system and ultimately decrease the case
fatality rate (i.e., percentage of fatalities among all combat casualties). We developed
a discounted, infinite-horizon Markov decision process (MDP) model of the MEDE-
VAC dispatching problem, which enables examination of a variety of problem features
relating to different military medical planning scenarios. Whereas the MDP model
provides an appropriate framework for solving the MEDEVAC dispatching problem,
the large size of our motivating problem instances required the design, development,
and implementation of approximate dynamic programming (ADP) techniques to solve
the problem in a tractable amount of time. As such, we developed and tested two

ADP solution techniques that both utilize an approximate policy iteration (API)
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algorithmic framework. The first ADP solution technique considers least-squares
temporal differences (LSTD) learning for policy evaluation, whereas the second ADP
solution technique considers neural network (NN) learning for policy evaluation. Uti-
lizing selected MEDEVAC dispatching problem features, we defined a set of basis
functions to approximate the value function around the post-decision state for both
of our proposed ADP solution techniques. We constructed a notional, representative
planning scenario based on high-intensity combat operations in southern Azerbaijan
to demonstrate the applicability of our MDP model and to examine the efficacy of
our proposed ADP solution techniques.

The results from our computational experiments indicate that the respective poli-
cies generated by the NN-API and LSTD-API algorithms significantly outperform
the closest-available benchmark policies in 27 (90%) and 24 (80%) of the 30 problem
instances examined. Furthermore, the policies derived from the best NN-API param-
eter settings have performances that are significantly higher than the performances
from policies derived from the best LSTD-API parameter settings. The advantage of
NN-API results from its nonlinear architecture of nonlinear activation functions that
can be effectively trained in an iterative manner, but this advantage comes at the
cost of substantially increased computational time. Even so, the computational time
required for the NN-API algorithm is not large enough to set it aside from consider-
ation as a viable solution technique. We also determined that NN-API policies have
diminishing returns when compared to closest-available policies as airspeed increases.

This research is of interest to both military and civilian medical planners. Med-
ical planners can apply our MDP model and ADP solution techniques to compare
different dispatching policies for a variety of planning scenarios that have fixed medi-
cal treatment facility and MEDEVAC staging locations (i.e., hospital and ambulance

locations for the civilian sector). Moreover, medical planners can evaluate different
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location schemes for medical assets to determine the best allocation of resources if
they are not already fixed or the emplacement of new assets is being considered. Al-
though implementing an ADP policy into active dispatching operations may require
the use of a decision support system to alleviate the burden to a dispatcher, the point
of this research is to show that the closest-available dispatching policy is not always
superlative and that there exist operations research techniques that may improve
MEDEVAC system performance.

Of the MEDEVAC platforms examined, the FVL V-280 Valor performance is
superlative, an expected result due to its airspeed. Both the military medical planning
community and the military acquisition community (i.e., those personnel responsible
for implementing new technology into the military) can leverage the results from this
research to examine how the currently employed MEDEVAC platforms (i.e., HH-60M
Blackhawk and HH-60G Pave hawk) and the currently competing FVL platforms (i.e.,
SB-1 Defiant and V-280 Valor) compare in a high-intensity, representative planning
scenario. Such comparisons inform the implementation and modification of current
and future MEDEVAC tactics, techniques, and procedures, as well as the design and

purchase of future aerial MEDEVAC assets.
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IV. Approximate Dynamic Programming for the Military
Aeromedical Evacuation Dispatching,
Preemption-Rerouting, and Redeployment Problem

4.1 Introduction

A fundamental objective of the military’s health service support system is to en-
sure effective and efficient delivery of healthcare across the continuum of military
operations. It is important for senior military leaders and medical planners to contin-
uously seek enhanced healthcare methods to eliminate current shortfalls and satisfy
future requirements. In particular, the enhancement of the treatment and evacuation
of combat casualties to medical treatment facilities (MTFs) is a key objective of the
United States (US) Army (Department of the Army, 2016). It is well known that
effective evacuation of combat casualties relies heavily on the reduction of time be-
tween injury and treatment (Kotwal et al., 2016; Howard et al., 2018). To improve
combat casualty survivability, the military’s health service support system utilizes
aeromedical evacuation (MEDEVAC) as the primary link between roles of medicare
care on the battlefield since it is comprised of dedicated, standardized air evacu-
ation platforms designed, equipped, and staffed to rapidly respond to requests for
medical support during combat operations and provide necessary en route care to
casualties being delivered to an appropriate MTF (Department of the Army, 2016).
This chapter leverages operations research and machine learning techniques to deter-
mine high-quality MEDEVAC policies that increase the effectiveness and efficiency
of deployed US Army MEDEVAC systems.

As a critical component of deployed military forces, MEDEVAC systems serve as
a force multiplier, providing the necessary connectivity between roles of medical care.
Effective and efficient MEDEVAC systems utilize limited assets, minimize long term

injuries, and maximize casualty survivability rates by ensuring the highest levels of

92



medical care are available when needed. Moreover, MEDEVAC systems that provide
prompt evacuation and timely critical care of casualties raise morale of deployed
military personnel, ultimately improving the effectiveness of operational combat units
by demonstrating medical assistance is quickly available upon request (Department
of the Army, 2016). Several important decisions must be considered when designing
a MEDEVAC system. These decisions include: where to locate MEDEVAC staging
facilities, how many MEDEVAC units (i.e., aeromedical helicopters) to allocate to
each staging facility, which MEDEVAC unit to assign (i.e., dispatch or preempt-and-
reroute) to respond to a request for service, and where a MEDEVAC unit redeploys
after transferring casualty care to an MTF’s staff.

Given a set of fixed staging facilities and MTF's as well as a predefined alloca-
tion of MEDEVAC units to each staging facility, the identification of a policy that
determines which MEDEVAC units to assign to respond to requests for service and
where MEDEVAC units redeploy after finishing a service request (i.e., upon success-
ful transfer of casualty care to an MTF’s staff), herein referred to as the MEDEVAC
dispatching, preemption-rerouting, and redeployment (DPR) problem, is vital to the
success of a deployed MEDEVAC system and is the primary focus of this chapter.
The US military typically utilizes a closest-available dispatching policy, which assigns
the closest-available MEDEVAC unit to respond to a request for service, regardless
of the request’s characteristics (e.g., location and severity) or the MEDEVAC system
state (e.g., location and availability of MEDEVAC units), and it does not consider
MEDEVAC unit redeployment (i.e., MEDEVAC units return to their home staging
facilities after completing a service request). Besides the lack of redeployment, one of
the primary drawbacks of this policy is that it only allows idle MEDEVAC units (i.e.,
MEDEVAC units awaiting mission tasking at their staging facility) to be dispatched

in response to incoming requests for service. Moreover, although the closest-available
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dispatching policy may perform well in low intensity conflicts wherein the average
arrival rate of MEDEVAC requests is low (e.g., one request every two hours), many
researchers (e.g., Keneally et al. (2016), Rettke et al. (2016), and Jenkins et al. (2018))
have shown that, as the average arrival rate of requests increases (e.g., in high in-
tensity conflicts), policies that disregard important information concerning incoming
requests and the state of the system, such as the closest-available dispatching policy,
perform poorly.

The objective of this research is to generate high-quality policies that dispatch,
preempt-and-reroute, and redeploy MEDEVAC units in a way that improves upon
the currently practiced closest-available dispatching policy for large-scale, highly ki-
netic, and intense military conflicts. A discounted, infinite-horizon Markov decision
process (MDP) model of the MEDEVAC DPR problem is formulated and solved via
an approximate dynamic programming (ADP) strategy that utilizes a support vector
regression (SVR) value function approximation scheme within an approximate policy
iteration (API) framework. The objective is to maximize expected total discounted
reward attained by the system. The locations of MEDEVAC staging facilities and
MTFs are known, as is the allocation of MEDEVAC units to each staging facility.
Moreover, it is assumed that each MEDEVAC unit has the capability to satisfy the
mission requirements of any request for service.

Indeed, the literature on civilian and military emergency medical service (EMS)
response systems is quite rich and, as such, only highly related papers that incor-
porate ADP strategies are discussed; for an extensive review of related literature
see Swersey (1994), Brotcorne et al. (2003), Ingolfsson (2013), and Aringhieri et al.
(2017). ADP research involving civilian EMS systems primarily focuses on ambu-
lance redeployment, relocation, and dispatching. Maxwell et al. (2010) solve the

ambulance redeployment problem (i.e., determining to where ambulances are moved
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after completing service at a hospital) via a least-squares policy evaluation (LSPE)
value function approximation scheme within an API algorithmic framework. Schmid
(2012) considers both ambulance dispatching and redeployment. The author utilizes
a spatial and temporal aggregation value function approximation scheme within an
approximate value iteration algorithmic framework to develop ambulance dispatch-
redeployment policies. Lastly, Nasrollahzadeh et al. (2018) consider an ADP solution
methodology for ambulance dispatching, relocation, and redeployment decisions. Sim-
ilar to Maxwell et al. (2010), the authors employ an ADP strategy that utilizes an
LSPE value function approximation scheme within an API algorithmic framework.
The effectiveness of these ADP strategies is demonstrated via applications to EMS
response scenarios, of which, all ADP strategies show improvements over benchmark
policies.

While similarities between civilian and military EMS response systems do exist,
there also exists substantive differences that require consideration when examining
the performance of a military-specific EMS response system. For example, the travel,
load, and unload times are much greater during military MEDEVAC operations due
to the complex nature of each mission (e.g., threat level concerns, number and severity
of casualties, and remote terrain areas) (Jenkins et al., 2018). Moreover, most civilian
EMS response systems enforce a response time threshold (RTT) of nine minutes or
less, so service preemption is typically not modeled because, in doing so, computa-
tional complexity significantly increases while only providing a marginal benefit to
system performance (Maxwell et al., 2010). Such moderate improvement is not the
case for military MEDEVAC missions. Of 4,542 casualties transported via aeromed-
ical helicopters from the battlefield to an MTF in Afghanistan between 2001 and
2014, the average response time was 73.1 minutes (Kotwal et al., 2016). The RTTs

of military casualties varies by precedence level (i.e., severity level) and range from 1
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to 24 hours (Department of the Army, 2016). Thus, modeling preemption rules when
examining military EMS response systems is necessary. It is important to understand
when preemption is needed and how much it can improve system performance. More
examples of differences between civilian and military EMS response systems are pre-
sented by Keneally et al. (2016), Rettke et al. (2016), and Jenkins et al. (2019). Due
to these differences, the investigation of military-specific EMS response systems (i.e,
military MEDEVAC systems) is warranted.

ADP research on military MEDEVAC systems exists, but it focuses on the MEDE-
VAC dispatching problem (i.e., determining which MEDEVAC unit to dispatch in
response to a request for service). Of the existing research, Rettke et al. (2016) are
responsible for the first paper that utilizes ADP to improve upon the US military’s
closest-available dispatching policy. The authors design, develop, and test an ADP
strategy that utilizes a least-squares temporal differences (LSTD) value function ap-
proximation scheme within an API algorithmic framework. Robbins et al. (2018) and
Jenkins et al. (2019) follow Rettke et al. (2016) and also utilize ADP strategies to
improve upon the US military’s closest available dispatching policy. More specifically,
Robbins et al. (2018) utilize a hierarchical aggregation value function approximation
scheme within an API algorithmic framework, whereas Jenkins et al. (2019) utilize
LSTD and neural network value function approximation schemes within API algo-
rithmic frameworks. Within all three works, the ADP policies perform significantly
better than the currently practiced closest-available dispatching policy.

This research makes the following contributions. First, it defines the military
MEDEVAC DPR problem, extending prior work on the MEDEVAC dispatching
problem by simultaneously determining dispatching decisions in conjunction with
preemption-rerouting and redeployment decisions. Preemption has yet to be ad-

dressed in either the military or civilian EMS literature. A realistic MDP model
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of the MEDEVAC DPR problem is formulated that includes: queueing; prioritized
MEDEVAC requests; fuel constraints; dispatching decisions; preemption-rerouting
decisions; and redeployment decisions. Most notably, the incorporation of fuel con-
straints, preemption-rerouting decisions, and redeployment decisions are significant as
they have not been examined in related efforts regarding military MEDEVAC systems
(e.g., Keneally et al. (2016), Rettke et al. (2016), Jenkins et al. (2018), Robbins et al.
(2018), and Jenkins et al. (2019)). Second, this research provides the first proposal
and demonstration of the relative efficacy of an ADP strategy that utilizes an SVR
value function approximation scheme within an API algorithmic framework for mili-
tary MEDEVAC problems. Moreover, this solution methodology has not been applied
within the literature regarding civilian EMS response systems. Third, it examines the
applicability of the MDP model and highlights the efficacy of the proposed solution
methodology for a notional, representative planning scenario based on high-intensity
combat operations in Azerbaijan. Computational experimentation is performed to
determine how selected problem features and algorithmic features impact the quality
of solutions attained by the ADP-generated DPR policies. Fourth, the modeling and
solution approach presented in this work is transferable to civilian EMS response sys-
tems, particularly those located in areas that rely heavily on air evacuation platforms
as the primary means for service (e.g., vast rural regions) or for aeromedical natural
disaster response.

The remainder of this chapter is organized as follows. Section 4.2 sets forth the
MDP model formulation of the MEDEVAC DPR problem. Section 4.3 presents the
proposed ADP solution methodology. Section 4.4 demonstrates the applicability of
the MDP model and examines the efficacy of the proposed ADP solution methodology

via designed computational experiments. Section 4.5 concludes the chapter.
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4.2 Problem Formulation

This section presents a discounted, infinite-horizon Markov decision process (MDP)
model of the military aeromedical evacuation (MEDEVAC) dispatching, preemption-

rerouting, and redeployment (DPR) problem.

4.2.1 State Space

The state of the system is a minimally dimensioned function that is both nec-
essary and sufficient to compute the decision function, transition function, and the
contribution function (Powell, 2011). Let S = (7,e, M, R) € S denote the state of
the MEDEVAC system, wherein 7 is the current system time, e is the current system
event type, M is the MEDEVAC unit status tuple, R is the request status tuple, and
S is the set of all possible states. Throughout this chapter, 7(S) and e(S) respectively
denote the system time and event type when the MEDEVAC system is in state S.

The MEDEVAC unit status tuple is defined as

M = (Mm>m€/\/l = <M17M27 .. 7M|M|>7

wherein M = {1,2,...,|M|} denotes the set of MEDEVAC units in the system
and M, contains information pertaining to MEDEVAC unit m € M. The state of
MEDEVAC unit m is represented by M., = (o, b, foms Ay Pms €m ), Wherein ¢, is the
status of the MEDEVAC unit, [, is the location of the MEDEVAC unit, p,, is the
expected system time in which the care of the MEDEVAC unit’s onboard casualties is
transferred to an MTF’s staff, d,, is the remaining distance the MEDEVAC unit can
travel before violating its refueling threshold, p,, is the precedence level of the request
being serviced by the MEDEVAC unit, and ¢, is the reward (i.e., contribution)

attained by the system for the MEDEVAC unit’s most recent incomplete request
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assignment. For the purposes of this work, it is sufficient to consider nine possibilities
for the status of a MEDEVAC unit, i.e., ¢, € {1,2,...,9}, wherein (,, = 1 shows that
MEDEVAC unit m is idle at a staging facility, (,, = 2 shows that MEDEVAC unit m
is en route to a casualty collection point (CCP), ¢, = 3 shows that MEDEVAC unit
m is servicing a request at the request’s CCP (i.e., loading casualties onto MEDEVAC
unit), ¢,, = 4 shows that MEDEVAC unit m has completed service at the CCP (i.e.,
loaded casualties onto MEDEVAC unit and prepared to travel to nearest MTF),
(m = 5 shows that MEDEVAC unit m is en route to the nearest MTF, (,,, = 6 shows
that MEDEVAC unit m is servicing a request at an MTF (i.e., transferring casualty
care to an MTF’s staff), (,, = 7 shows that MEDEVAC unit m has completed the
service of a request (i.e., transferred casualty care to an MTF’s staff), (,, = 8 shows
that MEDEVAC unit m is en route to a staging facility, and (,, = 9 shows that
MEDEVAC unit m is refueling and re-equipping at a staging facility. Note that, if
MEDEVAC unit m is not currently servicing a request (i.e., ¢, € {1,7,8,9}), then
tm = pm = 0. Moreover, if MEDEVAC unit m is currently servicing a request, then
pm € {1,2}, wherein p,, = 1 shows that MEDEVAC unit m is currently servicing
a lower-precedence (i.e., priority) request and p,, = 2 shows that MEDEVAC unit
m is currently servicing a higher-precedence (i.e., urgent) request. Lastly, ¢,, > 0
only when (,, = 2 and MEDEVAC unit m has just been preempted-and-rerouted to
service a new request, otherwise ¢, = 0.

The request status tuple is defined as

R = (RT)TGR = (R17R27 ‘. 5R|R|)>

wherein R = {1,2,...,|R|} denotes the set of possible requests and R, contains
information pertaining to request r € R. The state of request r is represented by

R, = (0, 0r,t,, pr,n,), wherein ¢, is the status of the request, o, is the location of
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the request’s CCP, t, is the time at which the request entered the system, p, is the
precedence of the request (i.e., priority or urgent), and n, is the number of casualties
within the request. The status of request r is either “queued” (i.e., 4, = 0) or
“assigned to MEDEVAC unit m” (i.e., 6, = m : m € M). A request is removed
from the system once its servicing MEDEVAC unit transfers the care of the request’s
casualties to an MTF’s staff. If request r does not exist, then R, = (0,0,0,0,0).
Let r™%* denote the maximum number of requests that can be tracked in the system
such that |R| = r™*. This assumption is not restrictive because one may assume a
relatively large r™**.

The dynamics of the system are based on an event driven process. This research
considers seven distinct event types, i.e., e(S) € {1,2,...,7}, wherein e(S) = 1
represents a request entering the system, e(S) = 2 represents a MEDEVAC unit
arriving at a CCP, e(S) = 3 represents a MEDEDAC unit completing service at a
CCP, e(S) = 4 represents a MEDEDAC unit arriving at an MTF, e(S) = 5 represents
a MEDEDAC unit completing service at an MTF, e(S) = 6 represents a MEDEDAC
unit arriving at a staging facility, and e(.S) = 7 represents a MEDEVAC unit becoming

idle at a staging facility.

4.2.2 Action Space

To formulate the action space, consider the definitions for the following sets and
decision variables:

Sets
o Let H ={1,2...,|H|} denote the set of staging facilities

o Let Q(S) ={r:r € R, =0} denote the set of requests waiting in the queue

for a MEDEVAC unit assignment when the system is in state S
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o Let A;(S) = {m :m € M,(, € {1,7}} denote the set of MEDEVAC units

available for dispatching when the system is in state S

o Let Ay(S) ={m:m e M,(, € {2,8},pn # 2} denote the set of MEDEVAC

units available for preemption-rerouting when the system is in state S

o Let A3(S) = {m :m € M, (, = 7} denote the set of MEDEVAC units available

for redeployment when the system is in state S
Decision Variables
e Let X, = 1if MEDEVAC unit m is dispatched to service request 7, 0 otherwise

e Let Y, = 1if MEDEVAC unit m is preempted and rerouted to service request

r, 0 otherwise
e Let Z,,, = 1if MEDEVAC unit m is redeployed to staging facility h, 0 otherwise

Given this framework, the action space is described in four cases.

Case 1. If Q(S) # 0 and e(S) € {1,2,3,4,6, 7}, the decision maker has two types
of decisions: (1) which MEDEVAC units (if any) should immediately dispatch to
service requests waiting in the queue for a MEDEVAC unit assignment and (2) which
MEDEVAC units (if any) should immediately preempt-and-reroute to service requests
waiting in the queue for a MEDEVAC unit assignment. Note that the decision maker
is not required to immediately dispatch or preempt-and-reroute MEDEVAC units to
service new or preexisting requests. Moreover, in this case, the decision maker is

bounded by five constraints. The first constraint,

Y Xt Y Y <1LVreQ(s), (46)

meA;(S) meAsz(S)
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ensures each request has no more than one MEDEVAC unit dispatched or rerouted

to it when the system is in state S. The second and third constraints,

> X <LV m e A(S) (47)
reQ(sS)

and
Z Yo < 1,Y m € Ay(S), (48)
reg(s)

ensure each MEDEVAC unit is dispatched or rerouted to no more than one request
when the system is in state S. Let d,,, denote the total distance required for MEDE-
VAC m to transport request r’s casualties to the nearest MTF. The last two con-

straints,

Xy < dos ¥ 1 € AL(S),V 1 € Q(S) (49)

and

Yorlyr < d, ¥V m € Ay(S),V 7 € Q(S), (50)

ensure that a MEDEVAC unit can only be dispatched or rerouted to a request if the

MEDEVAC unit has sufficient fuel when the system is in state S. Let

X = (Xonr)meai(s)reaes) = (X1, X125 Xv o)) Xoas - - - X4 (s)],108)])

denote the dispatch decision tuple and

Y = (Your)mess(s)reas) = (Y11, Yi2, -, Y1080 Y215 - - -5 Ydo(s))1Q(5)])

denote the preempt-and-reroute decision tuple. The action space is given by

X1(S) ={(X,Y) : Constraints (46)-(50)} .
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Case 2. If Q(S) = 0 and e(S) = 5 (i.e., MEDEVAC unit m has just finished
transferring casualty care to an MTF’s staff), the decision maker must decide where
to redeploy MEDEVAC unit m. Note that in this case A3(S) = {m}. Moreover, let
d,p, denote the total distance required for MEDEVAC m to travel to staging facility h
and [z -4 1 denote an indicator function that takes the value of one if the distance
to staging facility A is less than or equal to the remaining distance MEDEVAC unit

m can travel before violating its refueling threshold. The constraint,

Z ]I{gmhgdm}th = 17V m & Ag(S), (51)

heH

requires each redeployable MEDEVAC unit to redeploy to a single staging facility.
Each MTF is collocated with a staging facility, and it is assumed that a MEDEVAC
unit will always have enough fuel to travel from an MTF to the MTF’s collocated

staging facility. Let
Z = (Zmn)meas(S)hert = (Z11: Zr2s - s Zajm)s L2y - - -5 Z)43(8)| 1))
denote the redeployment decision tuple. The action space is given by
Xy(S) = {Z : Constraint (51)}.

Case 3. If Q(S) # 0 and e(S) = 5 (i.e., MEDEVAC unit m has just finished
transferring casualty care to an MTF’s staff), the decision maker has three types of
decisions: (1) which MEDEVAC units (if any) should immediately dispatch to service
requests waiting in the queue for a MEDEVAC unit assignment, (2) which MEDEVAC
units (if any) should immediately preempt-and-reroute to service requests waiting in

the queue for a MEDEVAC unit assignment, and (3) where to redeploy MEDEVAC
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unit m if it is not dispatched to a request waiting in the queue. Note that in this case

A3(S) = {m}. The constraint,

Z er + ZH{Jthdm}th = 17v me A3<S>’ (52>
reQ(s) heH

requires redeployable MEDEVAC units to redeploy to a staging facility if they are

not dispatched to a request waiting in the queue. The action space is given by
X3(9) = {(X,Y, Z) : Constraints (46)-(50), (52)} .

Case 4. If an event type occurs and does not satisfy the criteria of any of the

cases listed above, then the action space is X,(S) = 0.

4.2.3 Transitions

Let S, denote the state of the system when the kth event occurs. The evolution
of the MEDEVAC system from state Sj to state Sy, is characterized by action x,
a random element w(Sy, zx) that captures the information that arrives to the system

in state Si41, and a state transition function SM. As such, the following recursion

models the dynamics of the MEDEVAC system: Si1 = S™(Sk, x, w(Sk, 1))

4.2.4 Contributions

The MEDEVAC system earns contributions (i.e., rewards) when the decision
maker assigns (i.e., dispatches or preempts-and-reroutes) MEDEVAC units to ser-
vice requests. The total contribution earned depends on several factors (e.g., request
precedence levels, expected service times, and request entry times). Let C(Sk,xx)

denote the immediate expected contribution attained by the system when the system
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is in state S, and action xj is taken; it is computed as follows

ClSha) = D D wp Wylptm — 1) Xonst

meA1(Sk) TER

Z Z (wprqu(:um - t'r') - Cm) Ymr,

meAy(Sk) TER

wherein w,_ is a trade-off parameter that scales the contribution attained by the
system based on the precedence level of request 7; W ,(p1,,, —t,) is a precedence-p based
utility function ¥, that is monotonically decreasing with respect to the difference in
time between the expected service time p,, and the entry time ¢, of request r; and
Cp 1s the reward (i.e., contribution) attained by the system for MEDEVAC unit m’s

most recent incomplete request assignment.

4.2.5 Objective Function and Optimality Equation

Let D™(Sy) € X (Sk) represent the decision function that maps the state space to
the action space, indicating the action (i.e., xx) to take when the system is in state
Sk based on a given policy m. The MDP model seeks to determine the optimal policy
7 from the class of policies (D™ (Sk))zen to maximize the expected total discounted
reward earned by the system over an infinite horizon. Accordingly, the objective is
given by

mell

maxE™ | > 4750 (S, D™(Sk)) |
=1

wherein 7 € (0, 1] is a fixed discount factor. The optimal policy 7* maximizes the

expected total discounted contribution and satisfies the following optimality equation

V(Sy) = max (C(Sk,zx) + A TSt ) =TSR [V (S 1) |k, zx)) | (53)

mkGX(Sk)
wherein 7(Sk+1) denotes the time at which the system visits state Sk.1.

105



4.3 Solution Methodology

Solving Equation (53) via exact dynamic programming methods (e.g., value iter-
ation or policy iteration) is impractical due to what is commonly referred to as the
curse of dimensionality (i.e., high dimensionality and/or uncountable state space).
To overcome the curse of dimensionality, this research leverages an approximate dy-
namic programming (ADP) strategy to approximate the value function around the
post-decision state variable.

Similar to Rettke et al. (2016) and Jenkins et al. (2019), a post-decision state
convention is adopted to reduce the dimensionality of the state space and to avoid
computing expectations explicitly within Equation (53) (Powell, 2011; Ruszczynski,
2010). The post-decision state captures the state of the system immediately after a
decision is made but before any new information has arrived. Let S} denote the post-
decision state variable. The evolution of the aeromedical evacuation (MEDEVAC)
system from pre-decision state S to post-decision state S} is characterized by action
x; and a deterministic function SM*. As such, the post-decision state is computed

as follows: S¥ = SM(Sy, z;). Utilizing this information, let
VE(SE) = E[V(Ske1)|5%] (54)

denote the value of being in post-decision state S§. By substituting Equation (54)

into Equation (53), the optimality equation is modified to

V(Sk) = max (C(Sk,xy) +~ TGSz (gry) (55)

IkEX(Sk)

Note that the value of being in post decision state Sj_; is given by

VE(Siy) =B [V(Sk)ISi] - (56)
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By substituting Equation (55) into Equation (56), the optimality equation around
the post-decision state is given by

Vx(S]ffﬁ — E | max (C(Sk,$k> + 7(72(Sk+1)*7'(sk))v:v(slf)) |Sl"§71 . (57>

xkEXsk

Despite the computational advantages attained via the post-decision state con-
vention, solving the updated optimality equation (i.e., Equation (57)) remains im-
practical due to the size and dimensionality of the state space. One of the most
powerful and visible methods for solving complex dynamic programs involves replac-
ing the true value function with a statistical approximation (Powell, 2011). This
research utilizes basis functions to capture important features of the post-decision
state variable and builds a value function approximation from the resulting quan-
tities by leveraging support vector regression (SVR) within an approximate policy
iteration (API) algorithmic framework. Basis functions are appealing due to their
relative simplicity, but the development of appropriate basis functions and features
is an art form and depends on the problem being examined (Powell, 2011). As such,
one of the key challenges in this research is to design basis functions and features that
accurately contribute to the quality of the solution for the MEDEVAC dispatching,
preemption-rerouting, and redeployment (DPR) problem.

Let ¢¢(S§) denote a basis function, where f € F is a feature that draws infor-
mation from post-decision state S/, and F is the set of features. The basis functions

utilized herein are presented next. The first set of basis functions,

¢5(Sk) = Cm,

describes the status of each MEDEVAC unit and includes one feature per MEDEVAC

unit m € M. Let I, —p,) denote an indicator function that takes the value of one if
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MEDEVAC unit m is currently servicing request . The second set of basis functions,

st(S]f) = I[{ér:m}(p“m - T(Slf))7

captures the expected remaining service time associated with each active MEDEVAC
unit-request pairing and includes one feature per MEDEVAC unit m € M, request
r € R pairing. Note that a pairing of MEDEVAC unit m € M with request r € R
is considered active if MEDEVAC unit m is currently servicing request . The third

set of basis functions,

¢5(Sk) = Lis,=m)Pm,

identifies the precedence level associated with each active MEDEVAC unit-request

pairing and includes one feature per pairing. The fourth set of basis functions,

o¢(SE) = Lis, oy prs

captures the precedence level of each request currently not being serviced and includes

one feature per request » € R. The fifth set of basis functions,

¢r(Si) = (T(5§) — tr),

identifies the total time each request has been in the system and includes one feature

per request 7 € R. The last set of basis functions,

¢5(Sk) = dmr,

captures the total distance required for each MEDEVAC unit to service request r

for each r € R and includes one feature per MEDEVAC unit m € M, request
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r € R pairing. This basis function informs the system which MEDEVAC units have
enough fuel to be dispatched or preempted-and-rerouted to service requests waiting
for assignment.

Utilizing these basis functions, the post-decision state value function V*(S7) is

replaced with a linear approximation architecture given by

VE(St10) = D 053(S%) = 676°(S7), (58)
feF

wherein 6 = (0y)ser is a column vector of basis functions weights and ¢*(S}) =
(¢3(S%)) rer is a column vector of scaled (i.e., normalized) basis function evaluations.
Utilizing continuous data that cover different ranges can cause difficulty for some
machine learning strategies (e.g., SVR). Normalization techniques can be used to
transform continuous data to a specified range while maintaining the relative dif-
ferences between the values (Kelleher et al., 2015). As such, this research adopts a
normalization strategy that scales the value of each basis function evaluation between
zero and one to make the data format suitable for the SVR strategy utilized. Substi-
tuting Equation (58) into Equation (57) yields the post-decision state value function

approximation
VE(SE_110) = E [C (Sk, D™(Sk[0)) + A TG EDVE(SE0)SE ], (59)
wherein the action zj is determined via the decision function

D™ (Sy,|0) = argmax { C(S, ) + 7T S+ =7 ED V(57 (G) ). (60)

:EkEXSk

Having defined the decision function and the value function approximation upon

which it is based, the manner in which the value function approximation is updated
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is presented next. This research employs an API algorithmic strategy, the general
structure of which is derived from exact policy iteration, wherein a sequence of value
function approximations and policies are generated from two repeated, alternating
phases: policy evaluation and policy improvement. Within a policy evaluation phase,
the value of a fixed policy is approximated via simulation. Within a policy improve-
ment phase, a new policy is generated by leveraging the data collected in the previous
policy evaluation phase. The API algorithm utilized herein is adapted in part from

Jenkins et al. (2019) and is displayed in Algorithm 3.

Algorithm 3 Approximate Policy Iteration Algorithm

1: Initialize 6.
2: fori=1to [ do
3: for j =1to J do
Generate a random post-decision state Si_ ;.
Compute and record ¢*(Sy_, ;).
Simulate transition to next pre-decision state Sy ;.
Compute and record v, utilizing Equation (61).
end for
Compute § by solving the optimization problem given in (62)-(65).
10: Update 6 utilizing Equation (66).
11: end for
12: Return the approximate value function V=(-|6).

Algorithm 3 starts by initializing 6, which represents an initial base policy. The al-
gorithm then enters a policy evaluation phase wherein, for each iteration j =1,...,J,
the following steps occur. A post-decision state Si_; ; is randomly generated, and
the associated vector of scaled basis function evaluations ¢*(Sy_; ;) is computed and
recorded. Next, the algorithm simulates the transition from post-decision state Sy_, ;
to pre-decision state Sy ; and collects a sample realization of the value attained from
the current policy via

U; = max (C(Sk,j; Ti) + 7(%(Sk+1’j)4(sk))vm(Sl:f,j|9)) : (61)

xk’eXSk,j
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After J iterations have been performed, the algorithm enters a policy improvement
phase. Within each policy improvement phase, the algorithm leverages the training
data set from the most recent policy evaluation phase (i.e., (¢°(Sg_,;), ;) for j =
1,...,J) to compute a sample estimate of 6 (i.e., é) via SVR. The essential idea of
SVR is to identify a function (e.g., V*(-|A)) defined by the weights § such that most of
the observed responses (e.g., ;) deviate from the function by a value no greater than
e for each input pattern (e.g., ¢°(S§_,;)) and at the same time is flat as possible.
That is, SVR does not care about errors as long as they are within a pre-defined
e-insensitive zone; for more details and examples of SVR, see Smola and Scholkopf
(2004), Hastie et al. (2009), and Cherkassky (2013). To find the sample estimate 6,

SVR solves the following quadratic optimization problem:

J
minimize %Héyﬁ +n;<sj ) (62)
subject to 9; — 07¢*(Sf_, ;) <e+&, for j=1,....J, (63)
— 0+ 0T (SEy ) Se+ & forj=1,...,J, (64)
§,§ >0forj=1,...,J. (65)

Here, the regularization parameter 7 controls the trade-off between model complex-
ity (i.e., the flatness of the function) and the margin-based error (i.e., the degree to
which sample deviations beyond the e-insensitive zone are tolerated). Note that each
training sample j (i.e., (¢°(Sp_, ;),?;)) is associated with slack variables {; and ¢,
corresponding to sample deviations above and below the e-insensitive zone, respec-
tively. For training samples that fall inside the e-insensitive zone, {; = £ = 0. For
training samples that fall outside the e-insensitive zone, only one of these coefficients

is positive, and the other is zero.
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Once 0 is computed, 0 is updated via the following equation

wherein the 6 on the right hand side of the equation is the previous estimate based on
the first ¢ — 1 policy improvement iterations and «; is a stepsize rule. This research

incorporates a polynomial stepsize rule given by

wherein § € (0.3, 1] controls the rate at which the stepsizes decline. The best value
of # depends on the problem being examined and must be tuned (Powell, 2011).
The algorithm completes a single policy improvement phase once 6 is updated. If
1 < I, the algorithm starts a new policy evaluation phase. The algorithmic parameters
I,J,e, n, and B are tunable, where I is the number of policy improvement phase
iterations; J is the number of policy evaluation phase iterations; € is a parameter
that controls the degree of overfitting via the width of the e-insensitive zone; 7 is a
regularization term that determines the trade-off between the flatness of approximate
value function defined by the basis function weights and the degree to which sample
deviations beyond the e-insensitive zone are tolerated; and [ is the polynomial stepsize
parameter that controls the algorithm’s rate of convergence. Concluding after I
policy improvement phases, the algorithm provides the recommended policy 6 and

the corresponding approximate value function V(-|6).

4.4 Testing, Results, & Analysis

This section utilizes a representative military aeromedical evacuation (MEDE-

VAC) planning scenario to demonstrate the applicability of the Markov decision
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process (MDP) model of the dispatching, preemption-rerouting, and redeployment
(DPR) problem and to examine the efficacy of the proposed approximate dynamic
programming (ADP) solution strategy. Computational experiments are designed and
conducted to examine how different algorithmic parameter settings impact the per-
formance of the ADP strategy. Comparisons are made between the ADP-generated
policies and two benchmark policies, one of which is the currently practiced closest-
available dispatching policy. This research utilizes a dual Intel Xeon E5-2650v2 work-
station having 128 GB of RAM and invokes the commercial solver CPLEX 12.6 while
leveraging MATLAB’s Parallel Computing Toolbox to conduct the experiments and

analyses presented herein.

4.4.1 Representative Scenario

This research utilizes the notional, representative military MEDEVAC planning
scenario presented in Jenkins et al. (2019) wherein the United States (US) military
is performing high-intensity combat operations in support of the Azerbaijan govern-
ment. The scenario considers two main operating bases (i.e., bases that host both a
medical treatment facility (MTF) and a MEDEVAC staging facility) and two forward
operating bases (i.e., bases that only host a MEDEVAC staging facility) as well as 55
casualty cluster centers (i.e., areas in which casualty events are likely to occur), all of
which are depicted in Figure 9 (Jenkins et al., 2019).

The characteristics (e.g., location, entry time, and precedence) of requests for
MEDEVAC service are modeled by simulating a Poisson cluster process. The propor-
tion of requests originating from a particular casualty cluster center depends on the
casualty cluster center’s location. This research considers a baseline instance wherein
casualty events are more likely to occur in the south due to an invasion by a notional

aggressor. The distribution of requests from a particular casualty cluster center is
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Figure 9. Representative Military MEDEVAC Planning Scenario Disposition

generated on a uniform distribution with respect to the distance of the request to
the casualty cluster center. Moreover, requests enter the system sequentially over
time according to a Poisson process with parameter A\. This assumption is reasonable
within the military MEDEVAC context and is utilized in related efforts; see Keneally
et al. (2016), Rettke et al. (2016), Jenkins et al. (2018), Robbins et al. (2018), and
Jenkins et al. (2019) for more details.

The baseline instance considers an average request arrival rate of A = %. That
is, the average arrival rate of requests for MEDEVAC service is one request per 40
minutes. To portray a highly kinetic conflict, resulting in a large number of life-
threatening (i.e., urgent) casualty events, the baseline proportions of priority and ur-
gent requests are set to 0.2 and 0.8, respectively (i.e., P(priority, urgent)= (0.2,0.8)).

This research leverages distributions provided in Bastian (2010), Keneally et al.

(2016), and Jenkins et al. (2018) to model the variability in the times associated with
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each simulated MEDEVAC mission (e.g., mission preparation, travel, and loading
and unloading casualties). Moreover, unlike previous efforts, this research explicitly
models the range of each MEDEVAC unit and only allows MEDEVAC units to service
requests if they have enough fuel to reach the destination (i.e., MTF) and have a
planned fuel reserve of 30 minutes at cruise speed, which aligns with US Army flight
regulations (Department of the Army, 2018).

The trade-off parameters within the contribution function that are associated with
servicing priority and urgent requests are set to wy; = 0.1 and wy = 1, respectively,
to prioritize urgent requests more than priority requests. Additionally, the discount
factor v = 0.99 is utilized within the computational experiments. This choice of
exhibits relatively low discounting of operational values associated with future events
and motivates the system to position itself to efficiently respond to future requests for
service. Lastly, the maximum number of requests that can be tracked in the system

is set to ten (i.e., r™** = 10).

4.4.2 Experimental Design

For comparison purposes, two benchmark policies are considered. The first bench-
mark policy (i.e., Benchmark 1) utilizes the default MEDEVAC dispatching policy in
practice (i.e., the closest-available dispatching policy). Recall that this policy assigns
the closest-available MEDEVAC unit to respond to a request for service regardless of
the request’s characteristics (e.g., location and precedence) or the MEDEVAC system
state (e.g., location and status of MEDEVAC units). Moreover, this policy considers
a MEDEVAC unit available only when the MEDEVAC unit is not servicing a request.
As such, Benchmark 1 does not allow preemption-and-rerouting of MEDEVAC units.

The second benchmark policy (i.e., Benchmark 2) extends Benchmark 1 by allow-

ing preemption-and-rerouting of MEDEVAC units. That is, Benchmark 2 allows the
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dispatching authority to preempt a MEDEVAC mission and re-route the MEDEVAC
unit to service a more urgent, time sensitive request. Both Benchmark 1 and Bench-
mark 2 utilize a myopic approach, which is commonly utilized in resource allocation
problems, that makes decisions based on the immediate expected reward and does not
consider forecasted information or decisions that must be made in the future (Powell,
2011). Moreover, it is important to note that neither Benchmark 1 or Benchmark 2
consider MEDEVAC unit redeployment since there is no immediate reward associated
with redeployment decisions.

The computational experiments herein measure performance as the percent in-
crease of total discounted reward obtained over an approximated infinite horizon
to that obtained via the Benchmark 1 and Benchmark 2 policies. The efficacy of
ADP-generated policies varies based on different problem and algorithmic features.
An important problem feature of interest is the average request arrival rate A\. The
algorithmic features of interest include the number of policy improvement phase it-
erations, I; the number of policy evaluation phase iterations, J; the regularization
term within the support vector regression (SVR) quadratic optimization problem, ;
the e-insensitive zone parameter, €; and the polynomial stepsize parameter, (.

The optimal values associated with 17 and € depend on the training data set. Each
policy evaluation phase generates a new training data set and, as such, prescribing
a fixed value for £ and 7 for every training data set may yield low quality solutions.
Instead, this research utilizes estimation techniques presented in Cherkassky (2013)
to determine the values for n and ¢ for each training data set. The value of 7 is
computed via

n = max{|0 + 305/, |0 — 305},

wherein ¢ is the mean and oy is the standard deviation of the observed training
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responses, 0. The value of € is computed via

InJ
— 364/ —=
€ o 7

wherein & is the estimated standard deviation of additive noise. The term & is
determined by first solving the optimization problem given in (62)-(65) with ¢ = 0
and then applying the model to estimate the noise variance of training samples; see
Cherkassky and Ma (2004) for more details.

A full factorial computational experiment is designed and conducted to examine
the remaining algorithmic features of interest (i.e., I, J, and §) with a baseline average
request arrival rate of A = %. Table 9 shows the factor levels considered. To achieve
the desired confidence level, 50 simulation runs are performed for each experimental
design point. Moreover, each simulation run considers a 1,000-minute trajectory,
which is a reasonable approximation because the model utilizes a discounting scheme
and the y7%) term in the objective function becomes small enough when 7(S;) = 1000
such that a longer simulation does not impact the measure of performance. These
experiments inform the selection of appropriate algorithmic parameter settings and
provide general insight regarding the performance of the ADP-generated policies for

a high-intensity MEDEVAC DPR problem instance.

Table 9. Experimental Design Factor Levels

Feature Parameter Settings
I {1,2,...,40}
J {500, 1000, 2000, 4000}
B {0.3,0.5,0.7,0.9}

4.4.3 Experimental Results

Table 10 reports the results from the experimental design. The three leftmost

columns report the factor levels associated with the algorithmic parameter settings.
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Note that Table 10 only reports the I € {1,2,...,40} factor level corresponding to the
best algorithmic performance for each (J, 8) factor level combination. The remaining
columns report the attendant solution qualities of the ADP policies determined at
the experimental design points. These solution qualities provide a measure of algo-
rithm efficacy and are expressed in terms of the 95% confidence intervals of percent
improvement over the Benchmark 1 and Benchmark 2 policies with respect to total
discounted reward over an approximated infinite horizon.
Table 10. Experimental Design Results

Parameter Settings Percent Improvement Over

1 J 153 Benchmark 1 Benchmark 2
30 500 0.3 8.2+ 0.2 5.3 £0.2
35 1000 0.3 8.6 £ 0.2 5.6 £ 0.1
27 2000 0.3 9.5 +£0.2 6.5 + 0.2
17 4000 0.3 9.3 £0.2 6.4 +0.2
10 500 0.5 8.3+ 0.2 5.3 £ 0.1
8 1000 0.5 8.3 £0.2 5.3 £0.1
27 2000 0.5 9.6 + 0.2 6.6 + 0.2
12 4000 0.5 8.2+ 0.2 52 +0.1
10 500 0.7 8.4+ 0.2 54 £+ 0.1
7 1000 0.7 8.0 £0.1 51 =+0.1
25 2000 0.7 9.0 £0.2 6.0 £ 0.2
4 4000 0.7 8.4+ 0.2 5.4 £ 0.1
30 500 0.9 8.1+0.2 52 +0.1
7 1000 0.9 7.8 £0.1 4.9 4+ 0.1
33 2000 0.9 9.4 +0.2 6.4 + 0.2
25 4000 0.9 84+ 0.1 54+ 0.1

The results from Table 10 indicate that the ADP algorithm is able to generate
policies that significantly outperform both the Benchmark 1 and Benchmark 2 policies
when A = %. In particular, the best ADP policy occurs when [ = 27, J = 2000, and
B = 0.5, resulting in 9.6% £ 0.2% and 6.6% +0.2% improvements over the Benchmark
1 and Benchmark 2 policies, respectively.

Figure 10 illustrates the percent improvements over Benchmark 1 graphically and

indicates that the best performing ADP policies for each  factor level occur when
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J = 2000. The general trend in Figure 10 shows that performance improves as the
level of J increases to 2000 and declines when J = 4000. This trend illustrates that
large training data sets (e.g., J = 4000) may result in SVR models that overfit the
data and, as such, result in lower-quality ADP policies. Moreover, the results from
Table 10 and Figure 10 show that smaller $-levels typically correspond to greater
improvements over the benchmark policies. Note that smaller S-levels (e.g., 0.3 and
0.5) have slower convergence rates, which improve the responsiveness in the presence

of initial transient conditions (Powell, 2011).
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Figure 10. ADP Policies’ Percent Improvement over Benchmark 1 Policy

The average waiting times associated with high-precedence (i.e., urgent) and low-
precedence (i.e., priority) requests for the best performing ADP policy and the bench-
mark policies are reported in Table 11 as well as each policy’s solution quality. Start-
ing from the left, the first column indicates the policy. The second and third columns

respectively report the the average response times for urgent and priority requests
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in terms of their 95% confidence intervals. The last column reports solution quality,
measured in terms of the 95% confidence interval over the Benchmark 1 policies with

respect to total discounted reward over an approximated infinite horizon.

Table 11. Performance of ADP and Benchmark Policies

Service Times (min.) Percent Improvement Over
Policy, 7 Urgent Priority Benchmark 1
Benchmark 1 56.2 + 0.2 56.8 £ 0.2 -
Benchmark 2 53.4 + 0.1 57.6 + 0.2 28 £0.1
ADP 48.1 £ 0.1 579 £ 0.1 9.6 £ 0.2

The results from Table 11 indicate that the incorporation of preemption-and-
rerouting of MEDEVAC units significantly improves system performance when A\ =
4%. Recall that the Benchmark 1 policy does not allow for preemption-and-rerouting
of MEDEVAC units whereas both the Benchmark 2 and ADP policies do. As shown in
Table 11, allowing the dispatching authority to preempt a low-precedence MEDEVAC
mission to reroute the MEDEVAC unit to service a high-precedence request results
in better system performance. Another interesting result from Table 11 is that the
average service time of urgent requests decreases whereas the average service time of
priority requests increases as the performance over the Benchmark 1 policy increases.
This result aligns with intuition since the act of preempting priority MEDEVAC
missions to reroute MEDEVAC units to service urgent requests will increase service

time for priority requests and decrease service time for urgent requests.

4.4.4 On the Value of More Information

To illustrate the benefits of utilizing an ADP policy over the benchmark policies,
consider the following vignettes: wait, preempt-and-reroute, and redeploy. For the
wait vignette, consider a system state wherein a request for service has just entered

the system, a distant MEDEVAC unit is available for dispatch, and a busy MEDE-

VAC unit is almost done completing service nearby the just submitted request for
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service. Under the Benchmark 1 and Benchmark 2 policies, the available (but dis-
tant) MEDEVAC unit is dispatched to service the new request, which results in a
lower reward attained by the system when compared to queueing the request and
waiting for the busy MEDEVAC to complete service and then assigning it to the
queued submitted request.

For the preempt-and-reroute vignette, consider a system state wherein a MEDE-
VAC unit has just been tasked to service a low-precedence request in a high demand
area, which is shortly followed by a high-precedence request being submitted from the
same area. Under the Benchmark 1 policy, the busy MEDEVAC unit must complete
service before the dispatching authority can task it to service the new high-precedence
request. Clearly the system benefits by preempting the busy MEDEVAC unit and
rerouting it to service the more time-sensitive, high-precedence request, resulting in
a higher reward attained by the system.

For the redeploy vignette, consider a system state wherein a busy MEDEVAC unit
is almost finished transferring casualty care to an MTF’s staff and a new request enters
the system that is just outside of the MEDEVAC units distance threshold. Under
the Benchmark 1 policy, the MEDEVAC unit must return to its original staging
area to refuel prior to being tasked to service the new request, resulting in a lower
reward attained by the system when compared to redeploying the MEDEVAC to a
closer staging facility to refuel and then rapidly servicing the new request. Unlike the
benchmark policies, the policies generated by the ADP algorithm utilize important
features of the system state, which are captured via the basis functions, to make
decisions based on both current and future events, yielding better decisions and higher
system performance returns.

The impact each basis function has on ADP-generated policies is determined via

their weights (i.e., #-values). Examination of the #-values corresponding to the basis
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functions for the best ADP-generated policy when \ = % reveals the following in-
sights. The fourth set of basis functions, which corresponds to the precedence level
of requests not being serviced, has the largest impact on the policy. This relative
impact is assessed via the relatively larger #-values associated with the fourth set of
basis functions, as compared to the #-values associated with the other sets of basis
functions. Moreover, requests that have been waiting longer have a higher impact on
the policy (i.e., they have larger §-values) for the fourth set of basis functions.

The analysis also reveals that the last set of basis functions, which reveals which
requests are reachable for each MEDEVAC unit, has the second largest impact on the
policy. Interestingly, the weights associated with MEDEVAC units located farther
away from the high demand request area (i.e., the two bases on the left hand side of
the map in Figure 9) have relatively larger 6-values for the last set of basis functions
as compared to the other bases.

The second set of basis functions, which captures the remaining time in the system
of requests currently being serviced, also has a large impact on the policy. The 6-
values for the second set of basis functions reveal that MEDEVAC units located closer
to the high demand request area (i.e., the two bases on the right hand side of the
map in Figure 9) are substantially larger than the remaining bases.

The last three sets of basis functions have relatively low #-values, indicating that
they have little-to-no impact on the best performing ADP-generated policy. The 6-
values associated with each basis function changes when important problem features,
such as A, changes. As the value of A\ approaches zero, the #-values associated with
each set of basis functions decrease. Moreover, as 6-values decreases towards zero the
ADP-generated policy perform more similarly to that of a myopic approach. That
is, as the average rate at which requests enter the system decreases, the difference

between ADP-generated and myopic-generated policies decreases.
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4.4.5 Sensitivity Analysis on Request Arrival Rate

As stated earlier, an interesting problem feature is the average rate at which
requests enter the system (i.e., A). Figure 11 plots the percent improvement of the
ADP and Benchmark 2 policies over the Benchmark 1 policy for when the value of %

varies between 20 and 60.
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Figure 11. Sensitivity of Performance to Average Request Arrival Rate

The results from Figure 11 show that as A decreases, the frequency in which
requests enter the system decreases, and the performance improvements over the
Benchmark 1 policy decreases for both the ADP and Benchmark 2 policies. As
requests enter the system at a slower rate, the advantage of waiting, preempting-and-
rerouting, and redeploying diminishes. Accordingly, implementing an ADP policy in
low-intensity conflicts wherein the average request arrival rate is relatively low (e.g.,

A= % for this planning scenario) will likely result in marginal performance gains over
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the Benchmark 1 and Benchmark 2 policies. Conversely, as requests enter the system
at a faster rate, the advantage of waiting, preempting-and-rerouting, and redeploying
increases, revealing the benefits of adopting an ADP policy when conflict intensity is

high.

4.5 Conclusions

This chapter examines the military aeromedical evacuation (MEDEVAC) dis-
patching, preemption-rerouting, and redeployment (DPR) problem. The intent of
this research is to determine high-quality DPR policies that improve the performance
of United States Army MEDEVAC systems and hence increase the combat casualty
survivability rate. A discounted, infinite-horizon Markov decision process (MDP)
model of the MEDEVAC DPR problem is formulated and solved via an approxi-
mate dynamic programming (ADP) strategy that utilizes a support vector regression
(SVR) value function approximation scheme within an approximate policy iteration
(API) framework. The objective is to maximize expected total discounted reward
attained by the system. The applicability of the MDP model is examined via a no-
tional, representative planning scenario based on high-intensity combat operations in
Azerbaijan. Computational experimentation is performed to determine how selected
problem features and algorithmic features impact the quality of solutions attained
by the ADP-generated DPR policies and to highlight the efficacy of the proposed
solution methodology.

The results from the computational experiments indicate the ADP-generated poli-
cies significantly outperform the two benchmark policies considered. Moreover, the
results reveal that the average service time of high-precedence, time sensitive (i.e.,
urgent) requests decreases when an ADP policy is adopted during high-intensity con-

flicts. As the rate in which requests enter the system increases, the performance gap
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between the ADP policy and the Benchmark 1 policy (i.e., the currently practiced
closest-available dispatching policy) increases substantially. Conversely, as the rate
in which request enter the system decreases, the ADP performance improvement over
both benchmark policies decreases, revealing that the ADP policy provides little-to-
no benefit over a myopic approach (e.g., as utilized in the benchmark policies) when
the intensity of a conflict is low. This result comports with similar research efforts
(e.g., Rettke et al. (2016) and Jenkins et al. (2019)) examining MEDEVAC dispatch-
ing models having lesser operational fidelity (and which used different algorithmic
techniques).

This research can be applied to the analysis of both civilian and military emer-
gency medical service (EMS) response systems. Comparisons can be made between
currently practiced policies and the ADP polices determined via the approach pro-
posed in this chapter for a variety of planning scenarios that have fixed staging facili-
ties (i.e., ambulance bases) and medical treatment facilities (i.e., hospitals). Moreover,
medical planners can examine different location schemes and apply this methodology
to determine the best allocation of medical resources. Such comparisons inform the
implementation and modification of current and future tactics, techniques, and pro-

cedures for both civilian and military EMS response systems.
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V. Conclusions and Recommendations

This dissertation considers the importance of optimizing deployed military MEDE-
VAC systems and utilizes operations research techniques to develop models that allow
military medical planners to analyze different strategies regarding the management
of MEDEVAC assets in a deployed environment. For optimization models relating to
selected subproblems of the MEDEVAC enterprise, the work herein leverages integer
programming, multi-objective optimization, Markov decision processes (MDPs), ap-
proximate dynamic programming (ADP), and machine learning, as appropriate, to
identify relevant insights for aerial MEDEVAC operations. Moreover, realistic, but
notional, computational examples are utilized to illustrate the impact and relevance
of the models developed in this dissertation.

The research presented in this dissertation is of interest to both military and
civilian medical planners. Medical planners can apply the models within the disser-
tation to compare different location, allocation, relocation, dispatching, preempting-
rerouting, and redeployment MEDEVAC policies for a variety of planning scenarios.
Such comparisons inform the implementation and modification of current and future
MEDEVAC tactics, techniques, and procedures, as well as the design, evaluation, and

purchase of future aerial MEDEVAC assets.

5.1 Conclusions

Chapter II examines the MEDEVAC location-allocation problem wherein military
medical planners must decide where to locate mobile aeromedical staging facilities
(MASFs) and, implicitly, co-located MTFs as well as identify how many aeromedical
helicopters to allocate to each located MASF throughout the phases of a deployment.

An integer mathematical programming formulation is constructed to determine the
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location and allocation of MEDEVAC assets for each phase of a deployment. Whereas
the identification of an optimal coverage solution for each phase may require a large
number of located MASFs and a significant number of MEDEVAC asset relocations
as a force transitions between phases, the model also seeks to minimize both the
maximum number of located MASFs in any deployment phase and the total number
of MASF relocations throughout the deployment. More specifically, the model seeks
to address the multi-objective problem of maximizing the total expected coverage
of demand as a measure of solution effectiveness, minimizing the maximum number
of located MASFs in any deployment phase as a measure of solution efficiency, and
minimizing the total number of MASF relocations throughout the deployment as a
measure of solution robustness.

The location modeling research presented in Chapter II makes the following con-
tributions. First, it formulates a representative mathematical programming formula-
tion and identifies an accompanying solution methodology to assess and recommend
improvements to deployed military MEDEVAC systems designed to provide large-
scale emergency medical response for contingency operations that range in casualty-
inducing intensity over the phases of a deployment. Second, the research illustrates
the application of the model for a realistic, synthetically generated medical plan-
ning scenario in southern Azerbaijan. Comparisons are made between the models
(multi-phase) optimal solution and the phase-specific optimal solutions that disre-
gard concerns of solution robustness.

Chapter III examines the MEDEVAC dispatching problem wherein a dispatching
authority must decide which (if any) MEDEVAC unit to dispatch in response to a
submitted 9-line MEDEVAC request. A discounted, infinite-horizon MDP model of
the MEDEVAC dispatching problem is formulated to maximize the expected total

discounted reward attained by the system. Whereas the MDP model provides an ap-
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propriate mathematical framework for solving the MEDEVAC dispatching problem,
classical dynamic programming techniques (e.g., policy iteration or value iteration)
are computationally intractable due to the high dimensionality and uncountable state
space of practical scenarios (i.e., large-scale problem instances). As such, two ADP
strategies are designed, tested, and employed to produce high-quality dispatching
policies relative to the currently practiced dispatching policy (i.e., closest-available
dispatching policy). The first ADP strategy utilizes least-squares temporal differ-
ences learning within an approximate policy iteration (API) algorithmic framework,
whereas the second strategy leverages neural network (NN) learning within an API
algorithmic framework. Utilizing features from the MEDEVAC dispatching problem,
a set of basis functions is defined to approximate the value function around the post-
decision state for both ADP strategies. A notional, representative planning scenario
based on high-intensity combat operations in southern Azerbaijan is constructed to
demonstrate the applicability of the MDP model and to examine the efficacy of the
proposed ADP strategies. Moreover, designed computational experiments are con-
ducted to determine how selected problem features and algorithmic features impact
the quality of solutions attained by the ADP-generated dispatching policies.

An important difference between the military MEDEVAC dispatching research
presented in Chapter III and similar research efforts is the incorporation of redeploy-
ment. This aspect gives the dispatching authority the ability to task a MEDEVAC
unit to service incoming or queued requests directly after the MEDEVAC unit com-
pletes service at an MTF's co-located MEDEVAC staging area (i.e., completes refuel-
ing or aircraft and re-equipping of MEDEVAC supplies). This relaxes the restriction
that MEDEVAC units must return to their own staging areas to refuel and re-equip
after delivering combat casualties to an MTF prior to being tasked with another

service request, which is a recognized limitation of previous work. Since MTFs are
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co-located with MEDEVAC staging areas, it is reasonable to assume that MEDE-
VAC units can refuel and re-equip at an MTF’s co-located MEDEVAC staging area
immediately after the MEDEVAC unit transfers combat casualties to the MTF staff,
especially during high-intensity combat operations. In addition to the incorporation
of redeployment, Chapter III jointly considers the relevant problem features examined
in earlier research efforts, including admission control, queueing, and explicit model-
ing of the number of casualties per casualty event. Lastly, Chapter III demonstrates
the improved efficacy of an NN-based ADP strategy for the MEDEVAC dispatching
problem, as compared to an ADP strategy previously offered in the literature (e.g.,
in Rettke et al. (2016)).

Chapter IV examines the MEDEVAC dispatching, preemption-rerouting, and re-
deployment (DPR) problem wherein a decision maker seeks a policy that determines
which MEDEVAC units to assign (i.e., dispatch or preempt-and-reroute) to respond
to requests for service and where MEDEVAC units redeploy after finishing a service
request (i.e., successfully transferred casualty care to an MTF’s staff). A discounted,
infinite-horizon MDP model of the MEDEVAC DPR problem is formulated and solved
via an ADP strategy that utilizes a support vector regression (SVR) value function
approximation scheme within an API framework. The objective is to generate high-
quality policies that dispatch, preempt-and-reroute, and redeploy MEDEVAC units
in a way that improves upon the currently practiced, closest-available dispatching
policy for large-scale, highly kinetic, and intense military conflicts.

The military MEDEVAC dispatching research presented in Chapter IV makes
the following contributions. First, it defines the military MEDEVAC DPR prob-
lem, which extends prior work on the MEDEVAC dispatching problem by simulta-
neously determining dispatching decisions in conjunction with preemption-rerouting

and redeployment decisions. Preemption has yet to be addressed in either the mil-
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itary or civilian EMS literature. A realistic MDP model of the MEDEVAC DPR
problem is formulated that includes: queueing; prioritized MEDEVAC requests; fuel
constraints; dispatching decisions; preemption-rerouting decisions; and redeployment
decisions. Most notably, the incorporation of fuel constraints, preemption-rerouting
decisions, and redeployment decisions are significant as they have not been examined
in related efforts regarding military MEDEVAC systems (e.g., Keneally et al. (2016),
Rettke et al. (2016), and Jenkins et al. (2018), Robbins et al. (2018), Jenkins et al.
(2019)). Second, this chapter provides the first proposal and demonstration of the
relative efficacy of an ADP strategy that utilizes an SVR value function approxima-
tion scheme within an API algorithmic framework for military MEDEVAC problems.
Moreover, this solution methodology has not been applied within the literature re-
garding civilian EMS response systems. Third, it examines the applicability of the
MDP model and highlights the efficacy of the proposed solution methodology for
a notional, representative planning scenario based on high-intensity combat opera-
tions in Azerbaijan. Computational experimentation is performed to determine how
selected problem features and algorithmic features impact the quality of solutions
attained by the ADP-generated DPR policies. Fourth, the modeling and solution
approach presented in this work is transferable to civilian EMS response systems,
particularly those located in areas that heavily rely on air evacuation platforms as
the primary means for service (e.g., vast rural regions) or for aeromedical natural

disaster response.

5.2 Recommendations for Future Research

Whereas the models presented in this dissertation prove to be useful to the med-
ical planning community, there also exists several opportunities for future research.

For example, the location modeling research can be extended via the consideration

130



of different objectives (e.g., minimize the maximum distance traveled) and the ex-
ploration of different solution methodologies (e.g., weighted sum and lexicographic).
Moreover, the incorporation of precedence levels, response times, and service times
can enhance the accuracy and applicability of the integer programming formulation,
ultimately improving the reliability of the trade-off analysis generated.

Several limiting assumptions are made in the MEDEVAC dispatching research
that can be relaxed in future work. For example, it is assumed that every MTF
has the capability and capacity to handle all incoming requests for service and each
request is transported to the nearest MTF available. These assumptions can be re-
moved by explicitly modeling the level and capacity of each MTF and developing
a framework that determines locations to which casualties are delivered. Moreover,
high-intensity conflicts may result in casualty events wherein the number of casual-
ties within a single request for service may exceed the capacity of currently utilized
MEDEVAC platforms, requiring the dispatch of more than one MEDEVAC unit. This
phenomenon is not modeled in this research, but can be incorporated in an exten-
sion. Another important extension is the modeling of different types of MEDEVAC
platforms and their associated attributes (e.g., speed and capacity). Within this ex-
tension, one could investigate the trade-offs between employing smaller capacity, but
faster MEDEVAC platforms versus employing larger capacity, but slower MEDEVAC
platforms. Furthermore, precedence (i.e., severity) classification errors during the ini-
tial triage of casualties can result in improper use of MEDEVAC assets and should
be considered in future work when developing dispatching policies.

Lastly, the examination of different ADP strategies (e.g., least squares policy
evaluation, kernel regression, Q-learning, and SARSA) and ADP parameter tuning
approaches (e.g., response surface methodology) may reveal superlative results as

compared to those presented in this research and are the most prominent areas for
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future research.
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