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I. Introduction

T HE complete design and speci� cation of air combat tactics for
many-vs-many engagements poses a considerable challenge

to tactical planners. Although solutions have been developed for
one-vs-one or few-vs-few encounters,1 the results may not gen-
eralize to larger engagements where formation tactics become in-
creasingly important. Conventional methods such as trajectory op-
timization rely on gradient information that may not be available
when the free parameters are discrete quantities such as the num-
ber of aircraft, weapons type, etc. Previous studies have examined
the development of optimized air combat maneuvering via optimal
control and machine learning methods.2 However, the advent of
high-speed, low-cost microprocessorshas made feasible the use of
genetic algorithms (GAs) for solving optimizationproblems where
gradient information is unavailable. GAs have shown considerable
potential in solving optimization problems that defy conventional
approaches.3

In this Note an approach to large-scale air combat tactics opti-
mization using genetic algorithms (ACTOGA) and the results ob-
tained using the approach are presented.A prototype modeling tool
has been developed, integrating a tactical engagement simulator
with a GA “engine” for performance-based optimization of blue
team tactics. The engagement simulator uses point-mass represen-
tations of aircraft dynamics,and it allows the simulationof forward-
quarter beyond-visual-range(BVR) intercepts.1 The goal of a BVR
intercept is to maneuver one’s aircraft to place a threat that is not
visible to the nakedeye (butvisible to onboardsensorssuch as radar)
within the aircraft’s weapons envelope and to then launch medium-
to long-rangemissiles against that threat. Only the initial launch of
BVR missiles is optimized by the GA; the optimization of close-in
“dog� ghting” or defensive maneuvering is beyond the scope of this
study. The outcome of an engagement (kills, losses, etc.) is used
to guide the evolution of the optimized air combat tactics. A novel
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feature of the approach described here is the use of a “formation hi-
erarchy”in which small, well-known conventional� ghtingunits are
aggregated to build large-scale tactical formations. This approach
facilitates the design of tactics compatible with existing air com-
bat principles. Excellent blue team performance is demonstrated
where both sides are matched in terms of formation size and aircraft
capabilities.

II. Air Combat Tactics Optimization
The term air combat tactics encompasses several concepts, in-

cluding 1) the individual maneuvers that pilots use for accom-
plishing a given objective, 2) formation tactics that specify how
small groups of aircraft can work cooperatively, and 3) princi-
ples for constructing division tactics that integrate large groups of
aircraft.

When seeking to optimize air combat tactics, the objectives
must be speci� ed unambiguously. Optimizing individual maneu-
vers essentially amounts to optimal control design. However, op-
timal paths for a given situation do not provide any guidance on
how to construct effective � ghting groups for an arbitrary MvN
engagement. Furthermore, there is no way to ensure that a pi-
lot can execute a given optimal maneuver or remember n differ-
ent optimal maneuvers for n different situations. As such, the ap-
proach taken here is to use conventional tactical maneuvers and
optimize the manner in which they are used by a large aircraft
formation.

The most effective formation tactics employ a basic � ghting unit
of two aircraft (called a section or element).1 Because this is how
all � ghter pilots learn their craft, it was determined early in this
research that it would be most effective for optimized tactics not
to deviate from established tactical doctrine. Accordingly, software
tactics modules that employ basic � ghting units of two aircraft have
been developed.Because large numbers of � ghter aircraft are dif� -
cult to control, formation tactics for large groups can be developed
usinga hierarchicalstructureconsistingof smallerunitsor divisions,
for example, a four-airplane division called the � uid four consists
of two elements. Each element consists of two aircraft, but they are
treated as a unit. This hierarchicalconcept is used to develop a GA-
based approach to optimizedair combat tactics development.Given
a palette of air combat maneuvers and standard small-formation
tactics as building blocks, GAs are used to determine how they can
be integrated to produce large � ghting groups that optimize overall
combat effectiveness.

Tactics implementation in ACTOGA proceeds as follows:
1)De� ne a set of commonlyused elementanddivisionformations

(Table 1) as well as the underlying tactical maneuvers and attack
tactics.

2) Develop a set of principles for aggregatingthe small formation
tactics for large MvN engagements and implement a method for
doingso in theGA software.To illustrate,considera teamconsisting
of four aircraft. Using only the � ghting wing and double attack,
the possible team formations are shown in Fig. 1 (assuming both
elements use the same two-ship formation). A similar approach can
be used to develop large-divisionformations from smaller two-ship
and four-ship groupings.

3) Use the resultantformation tactics to drive the engagementand
evaluate the results via the performance metric generator.

4) Optimize the MvN engagement tactics with respect to the per-
formance metrics.

Table 1 Commonly used formations1

Number of
Name Symbol entities

Fighting wing FW 2
Left double attack DAL 2
Right double attack DAR 2
Fighting wing FW 2
Finger four FF 4
Left sections in trail LST 4
Right sections in trail RST 4
Wall formation WF 4
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Fig. 1 Potential four-aircraft formations.

A cost function was developed to represent the weighted sum of
several terms:

J =
6X

i = 1

ki Ji , 0 · ki · 1, 0 · Ji · 1 (1)

The GA’s objective is to minimize J . Each of the ki coef� cients
enables weighting the relative importance of each of the Ji terms,
which are de� ned as follows: J1 = fraction of blue members killed,
J2 = fraction of red team members surviving, J3 = fraction of blue
team members violating separation criteria, J4 =mean blue team
relative advantage assessment, J5 = standarddeviation in blue team
relative advantage, and J6 =mean blue risk assessment.

Considering � rst J1 and J2, a desirable solution would be one
where none of the blue players are killed (i.e., J1 =0) and none
of the red players survive (i.e., J2 = 0). These are the basic per-
formances desired from the optimization.However, by themselves,
these considerationsare insuf� cient to generate an effective tactical
solution. The other terms address some key issues that characterize
an effective tactical formation. The J3 term captures the idea that
team members should not come too close to each other because of
the potential collision risk. Thus, a penalty is applied when any two
aircraft violate a separation constraint (set to 2500 ft for the results
that follow).

The J4, J5, and J6 terms measure relative tactical advantage and
situational risk, based on an assessment of the tactical situation.
This assessment, in turn, is completed on the basis of belief net-
work situation models.4 The relative advantage belief network (not
shown in the interest of brevity) quanti� es a pilot’s belief as to
who possesses the instantaneous tactical advantage (blue, neutral,
or red).

III. System Evaluation
To demonstrateGA performance, two different tactical scenarios

were considered, each with a given red team formation.
Scenario 1a: 16v16; blue formation not optimized by GA
Scenario 1b: 16v16; red formation same as scenario 1; blue for-

mation optimized by GA
Scenario 2: 12v16; examine blue performance when at a numer-

ical disadvantage

A. Scenario 1a
The � rst scenario allowed the examination of the blue team

performance in a simulation where both blue and red tactics were
speci� ed manually: the blue team’s tactics were deliberately not
optimized. Table 2 shows several performance measures for this
scenario. Clearly, the blue team fared quite poorly. The relative
advantage and risk measures refer to the belief network metrics
described earlier. The mean relative advantage and risk measures
are scaled between 0 and 1. Overall, the nonoptimized blue tactics
provided a poor solution.

B. Scenario 1b
For the next scenario the red team formation and tactics used in

scenario1a are used.However, now the GA optimizedthe blue force
tactics. This resulted in the con� guration shown in Fig. 2. The GA
selected a lead-trail (LT4) formation for the blue team, consisting
of (from front to back) a � nger four (FF) followed by three sections
in trail (ST).

Table 2 shows the scenario’s outcome. It is clear that the GA had
a profound impact on the blue team’s tactical effectiveness: blue
suffered zero casualties, while red suffered 16 casualties. The blue
team had better relative advantage and risk measures than the red
team.The marginwas determinedtobe statisticallysigni� cantby the
T-test. Furthermore, the standard deviation in both risk and relative
advantage was zero, meaning that every blue player obtained the
same performance measures. These results indicate that even with
perfectly even blue/red aircraft performance, proper selection of
tactical formation and intercept geometry can make a substantial
difference.

C. Scenario 2
With a set of successful evaluations of ACTOGA’s performance

in 16v16 engagements, its performance was assessed in a scenario
where the blue team was outnumbered. Figure 2 shows the 12v16
engagement used for scenario 2, where the red team was given the
same con� gurationas in scenario2. The GA � tness functionweights
were the same as those used in scenario 1b.

Table 2 shows the outcome of the second scenario, and it indi-
cates that the GA once again obtained excellent results. Although
there was no statistically signi� cant difference in relative advan-
tage and risk between the red and blue forces, the GA achieved a
perfect result (in terms of kills and losses). Some blue players en-
tered 1v2 engagements, which is unavoidable when the blue team
is outnumbered.

Note the structural similarities in the blue team formation be-
tween scenarios 1b and 2. In both cases the root formation is a
four-group lead trail. This suggests that it may be possible to gen-
eralize the speci� c results observed across a range of engagements
(e.g., lead-trail formationscan be effective against sections in trail).

Table 2 Outcome of scenarios

Scenario 1a Scenario 1b Scenario 2

Measure Blue Red Blue Red Blue Red

Casualties 9 7 0 16 0 16
Mean relative advantage 0.49 0.49 0.40 0.59 0.48 0.44

(lower is better)
Standard deviation in 0.03 0.03 0.00 0.03 0.12 0.12

relative advantage
Mean risk (higher 0.44 0.36 0.85 0.66 0.85 0.71

is better)
Standard deviation 0.28 0.28 0.00 0.19 0.01 0.17

in risk
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Fig. 2 Scenarios: 1a, no optimization, and 1b and 2, blue team optimized by GA (DA, double attack; LT2, LT4, lead-trail; FF, � nger four; ST,
sections-in-trail; WF, wall formation).

This could lead to rule extraction from GA solution databases
to identify tactical rules of thumb for characterizing effective
tactics.

IV. Conclusions
Air combat tactics become an ideal candidate for GA opti-

mization when the problem is formulated in a manner conducive
to genetic coding. The large numbers of elements (aircraft and
groups) in many-aircraft combat formations and their interrelated
behavior are de� ned effectively by the application of a hierarchi-
cal coding scheme. By altering the structure of the performance
function to vary the signi� cance of several tactical attributes, the
GA-optimized solutions have been tailored to make them sensi-
ble from an air combat point of view. The GA provides solutions
with generalized characteristics when faced with similar enemy
formations.
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