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Adaptive Sensor Management
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Basic Approach
hFormulate sensor management problem as a 

partially observable Markov decision process 
(POMDP).

hApply Q-value approximation methods.
hCombine in receding horizon lookahead.
h “Non-myopic.”
hSpecial architecture for Monte Carlo sampling 

methods.
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Basic Framework
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Sensor Management Plant 
Specifications

Sensing System

Observation v Action a

Environment

State s

Belief State ŝ

Underlying State
•Target positions
•Sensor modes of operation
•Sensor parameter settings
•Battery status
•Data quality
•Active sensors
•Position and connectivity of sensors
•Communication resource allocation

Observation
•Sensor measurements.
•Parts of state that represent prior actions.
•Parts of state that are directly observable

Observation Law
•From model of sensors and network configuration

Action
•Sensor mode switch
•Sensor tunable parameters
•Sensor activation
•Sensor position change
•Communication resource reallocation

State Transition Law
•From model of sensor and target motion, 
sensor failure, sensor battery status, etc.
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Markov Decision Process (MDP)
h Ingredients:
5System state x
5Control action 
5Reward R(x,a)
5State-transition probability T(y | x,a)

hOptimization criterion:
5VH(x0) = E[R(x0,a0)+…+ R(xH-1,aH-1) | x0]

hFind sequence of actions to 
maximize expected total reward 
(over a large horizon H).

hAction can depend on state ⇒ policy.
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Policy
hPolicy: mapping from states to actions

(state feedback).
hFollowing a policy means:

hGoal: a policy that maximizes the 
expected total reward.

X0 X1 X2 XHA0 A1 A2 AH-1

....

Fully observable

r0 r1 r2 rH-1+ + + +....
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Optimal Policy

hObjective: 
5VH*(x0) = max E[R(x0,a0)+…+ R(xH-1,aH-1) | x0]

where the max is over all policies, ai = πi(xi),
and πi is policy at time i.

hFor large H, πi independent of i.
5Stationary policy
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Optimal Policy (Cont’d)

hDefine Q(x,a) = R(x,a) + E[VH-1*(y)|x,a]
5 “Utility” of action a at state x.
5Name: Q-value of action a at state x.

hKey identities (Bellman’s equations):
5VH*(x) = maxa Q(x,a)
5π0

*(x) = argmaxa Q(x,a)
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Partially Observable MDP (POMDP)
h Generalization of MDP

5 Remove the full observability of states.
5 Add set of observations to MDP.
5 Each state-action pair gives an observation distribution

O(z | x,a).
5 Observation provides hint about underlying state.

h Can keep track of belief state (posterior prob. 
distribution over states) over time. 
Also called information state.

h Policy: mapping from belief states to actions.
h Turns out that if we treat belief states as states, we 

have an MDP. So for now we will not distinguish 
POMDPs from MDPs.
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Approximation Methods
hRecall:
5VH*(x) = maxa Q(x,a)

= maxa R(x,a) + E[VH-1*(y)|x,a]
5π0

*(x) = argmaxa Q(x,a)
hQ-value depends on optimal policy!

hTwo-pronged solution approach:
5Approximate Q-value 
5Apply receding-horizon method



Edwin K. P. Chong 11ARO-MURI Workshop, Aug. 2005

Receding-Horizon Control

hFor large horizon H, policy is 
approximately stationary.

hAt each time, if state is x, then apply action
π*(x) = argmaxa Q(x,a)

= argmaxa R(x,a) + E[VH-1*(y)|x,a]
hCompute estimate of Q-value at each time.
hPolicy computation: perform optimization at 

each decision epoch (same burden as 
myopic approach!).
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Decision and Control Module
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State
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Approximating Q-Values
hRelaxation
hReduction to classification
hHeuristic approximation
hParametric function approximation
5Neurodynamic programming
5Q-learning

hMonte Carlo sampling:
5KMN-sampling
5Policy rollout
5Hindsight optimization
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KMN-sampling (Cont’d)

hFor a given desired accuracy, how large 
should sampling width and depth be?

hAnswer due to Kearns, Mansour, and Ng
(1999).

hFor reasonable accuracy, required sampling 
width and depth are prohibitively large.

h In practice, cannot guarantee desired 
accuracy.
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Policy Rollout
hDue to Castanon, Bertsekas, et al.
hRecall: Q(x,a) = R(x,a) + E[VH-1*(y)|x,a]

= R(x,a) + E[maxπVH-1
π(y)|x,a]

where VH-1
π (y) is the value of 

following policy π.
hGiven a policy π (base policy), use

R(x,a) + E[VH-1
π(y)|x,a]

as an estimate of Q-value.
hGives a lower bound to true Q-value.
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Policy Rollout (Cont’d)
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Parallel Policy Rollout
hGeneralization of policy rollout, due to

Chang, Givan, and Chong.
hGiven a set Π of base policies, use

R(x,a) + E[maxπ∊ΠVH-1
π(y)|x,a]

as an estimate of Q-value.
hThis estimate is more accurate 

than policy rollout.
hStill gives a lower bound to true Q-value.
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Hindsight Optimization
hDue to Chang, Givan, and Chong.
hRecall: Q(x,a) = R(x,a) + E[maxπVH-1

π(x1)|x,a]
where VH-1

π(x1) = E[R(x1,π(x1))+…
+ R(xH-1,π(xH-1))|x1]

hUse
R(x,a) + E[max R(x1,a1)+…+ R(xH-1,aH-1)|x]

as an estimate of Q-value, where the 
max is over all action sequences a1 ,…,aH-1.

hEquivalent to exchanging 
max and expectation.

hGives an upper bound to true Q-value.
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Hindsight Optimization (Cont’d)
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Hindsight Optimization (Cont’d)
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Hindsight Optimization (Cont’d)
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Belief State Update: Particle Filter
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Monte Carlo Sensor Manager
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Advantages of Monte Carlo Approach
hFlexible: A variety of sensor management 

scenarios can be tackled using the same 
framework.

hGeneral: Does not require analytical 
tractability.

hModular: Models of individual system 
components (e.g., sensor types, target 
motion) may be treated as "plug-in" modules.

hPortable: Integrates with existing simulators.
hNon-Myopic: Allows trading off short-term for 

long-term gains.
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Example Scenario
hUAVs in circular trajectories.
hRadar in each UAV, nonhomogeneous costs.
hSensor scheduling problem: 

dynamically select which radar to activate.
hSingle ground target.
hCompare CPA with POMDP scheduler.
hObjective function: Cumulative tracking error 

plus sensor usage cost.
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Physical Configuration
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Decision and Control Module
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Modified (CO) Rollout
hCO base policy: CPA based on actual 

target position.
5Select sensor that is closest to target.

hAt each decision epoch, starting from each 
particle, compute cumulative cost of CPA 
over horizon.

hTake average of above costs as Q-value 
approximation.

hNo need to keep track of belief state in future.
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Rendered Animation
hAnimation of actual run of CPA and 

POMDP+PF simulators.
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Numerical Comparison
hCumulative cost:
5CPA: 230
5POMDP: 47

hCumulative tracking error:
5CPA: 87
5POMDP: 10
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Rendered Animation
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Questions?

hContact information:
5echong@engr.colostate.edu
5Dept. of Electrical and Computer Engineering

Colorado State University
Fort Collins, CO 80523-1373

5Tel: 970-491-7858
5Fax: 970-491-2249


