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1 Introduction

The primary task of a sensor network is sensing, that is, to collect
information from a physical environment in order to answer a set of
user queries or support other decision-making functions. Typical high-
level information processing tasks for a sensor network include detection,
tracking, or classification of physical phenomena of interest such as peo-
ple, vehicles, fires, or seismic events. Routing in a sensor network is not
just about getting data from one point to another in the network. It
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must be optimized with respect to both data transport and information
gathering. In other words, the routing structure must match the way
the physical information is generated and aggregated by the network.
For example, tracking a moving signal source may require the routing
algorithm to combine information sequentially along a path, whereas
querying the average temperature over an extended region may use a
tree structure to aggregate the data from the region.

A broad class of sensor network problems can be characterized as
collaborative signal and information processing problems. In such prob-
lems, a number of sensor nodes may possess useful information for a
sensing task. The goal is to define and manage dynamic groups of such
nodes, maximizing information extracted while keeping resource usage to
a minimum. A number of approaches along this line have been reported
in the literature (see, for example, [1, 2, 3]). As these approaches have
demonstrated, a routing decision each local node makes during the infor-
mation gathering process depends on the data generation model of the
signal sources. This blurring of the abstraction barrier between applica-
tions and data transport is one of the characteristics of sensor networks.
The key is for routing algorithms to handle and exploit constraints from
data generation in a principled way. One would like to find a path that is
not only efficient in terms of communication cost, but also aggregates as
much information as possible along the path, so that the user can have
a good estimate or description about the phenomenon of interest at the
query or the destination node. In this sense, routing is more than a
message-transporting mechanism, but also contributes to the successive
message refinement.

Routing for ad hoc networks is a well-studied problem. FExamples
include OLSR (Optimized Link State Routing) [4], DSDV (Destination-
Sequenced Distance Vector) [5], and AODV (Ad hoc On-demand Dis-
tance Vector routing) [6] protocols. Of recent interest is the topic of
energy-aware routing; methods have been proposed, for example, in
[7, 8], to plan paths minimizing the chance of node energy depletion. Ge-
ographic routing has also been developed. GPSR [9] routes data around
a network hole, using a stateless protocol over a planar subgraph of the
network topology. Geocasting [10] routes data to a geographically de-
fined region. However, none of the above ad hoc routing algorithms
considers information gathering and aggregation while routing data to a
node or region, which is a major concern for sensor networks.

Routing protocols that explicitly explore data aggregation have also
been developed. For example, directed diffusion [11]is a type of publish-
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and-subscribe that sets up network paths between data source nodes
and data sink nodes. It floods the network with data interest, and
uses network parameters such as latency to autonomously reinforce good
paths. However, directed diffusion does not integrate collaborative signal
processing, so the paths generated can be inefficient for target tracking.

Quality of Service (QoS) routing strategies for mobile ad hoc net-
works have also been proposed [12, 13], where routing objectives and
constraints can be specified. However, the types of objectives and con-
straints are limited to be additive (i.e., min )" ¢;, e.g., delay) or concave
(i.e., maxminb;, e.g., bandwidth), ! to which, as we show later in this
chapter, collaborative signal processing does not belong. Also in most
cases, those strategies are not suitable to highly dynamic networks, be-
cause they first establish a route between the source and the sink and
then follow up with a route maintenance phase if the route is broken.
Message-initiated Constraint-Based Routing (MCBR) [14] developed a
set of QoS-aware meta-routing strategies based on real-time reinforce-
ment learning [15]. A couple of MCBR meta-strategies have been imple-
mented in Berkeley motes, a widely used platform for sensor networks,
and have shown good performance both in simulation and in real hard-
ware.

In this chapter, we apply real-time reinforcement learning to Infor-
mation Directed Routing (IDR) in sensor networks, where learning is
used to locate the target or the destination. Combining with informa-
tion utilities, this method effectively generates paths which co-optimize
for both communication metrics (e.g., small number of hops) and infor-
mation metrics (e.g., tracking errors), even in the existence of network
holes and unpredictable moving targets. Simulation results show that
such a strategy is effective for both common query routing scenarios:
routing a user query from an arbitrary node to the vicinity of signal
sources and back, or to a prespecified destination, maximizing informa-
tion accumulated along the path.

The rest of the chapter is organized as follows. Section 2 and Section 3
summarize the general problem of information-directed routing, with
target tracking as a canonical problem for IDR [16, 17]. Information
models, routing protocols, and performance metrics are also discussed,
and the existing solutions are presented. Section 4 develops new near-
optimal solutions to information-directed routing for the two common

'Note that the definition of concave here is not related to the convexity in non-
linear optimization.
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information extraction scenarios, using real-time reinforcement learning
techniques. Section 5 presents simulation results, demonstrating the
benefit of using real-time reinforcement learning for information-directed
routing. Section 6 concludes the chapter with discussions and future
work along this direction.

2 Information-Directed Routing

As we have discussed in Section 1, routing in sensor networks is often
coupled with sensing applications. Here we consider two source-initiated
on-demand routing scenarios.

¢ Routing query to a high-activity region: This scenario is
illustrated in Figure 1(a). The user issues a query from an arbi-
trary peripheral sensor node, which we call a query proxy node,
requesting the sensor network to collect information about a phe-
nomenon of interest. The query proxy has to figure out where such
information can be collected and routes the query toward the high
information content region. This differs from routing in communi-
cation networks where the destination is often known a priori to
the sender. Here, the destination is unknown and is dynamically
determined by the routing state and physical phenomenon.

¢ Routing from a proxy to an exit, collecting information
along path: This scenario is pictured in Figure 1(b). The user,
for example, an police officer, may issue a query to a query proxy,
asking the sensor network to collect information and report to an
exit node or a base station, for example, a police station, where
the information can be extracted for further processing. In this
scenario, the query proxy and the destination node may be far
away from the high information content region. A path taking a
detour toward the high information region shall be preferable to
the shortest path from the query proxy to the destination.

We formulate the information-directed routing problem as an opti-
mization problem. We use a graph G = (V, E) to describe the sensor
network structure. V is a collection of vertices corresponding to sensor
nodes. F is a collection of edges corresponding to internode connectivity.
Associated with an edge between two nodes v; and v; is a communication
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Figure 1: Routing scenarios: (a) Routing from a query proxy to the high
activity region and back. (b) Routing from a query proxy to an exit
or destination node. The co-centric ellipses represent isocontours of an
information field, which is maximal at the center.

cost ¢y, v;- The information-directed routing problem can be formulated
as finding a path {v, ve,---,vp} minimizing the total cost

E:ZCUM}Hl _71(U17U2,"‘,UT). (1)
%

The first term measures the communication cost. The second is the neg-
ative information —I(vq,ve, -, vr), representing the total contribution
from the sensors vy, vg, ---, vp. Under this formulation, routing is to
find a path with maximum information gain at moderate communication
cost. The regularization parameter v controls the balance. In a network
where shortest path is desired, « is set to zero. For applications where
information aggregation is of primary concern and communication cost
is relatively low, v should be set to high.
When the information gain is additive, i.e.,

I(vi,ve, -+ vp) = I(v1) + I(v2) + - -+ + I(vp), (2)

the path-finding problem can be simplified considerably. It can be con-
verted to the equivalent problem of finding the shortest path in a modi-
fied graph G’. G’ has the same set of vertices and edges as G, but has a
modified cost cgi’vj = Cy,0; — 71 (v5) associated with each edge.

Strictly speaking, the additive condition (2) may not always hold
in sensor network applications. The phenomenon of interest may have
evolving state, and the information that a sensor contributes may be
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state-dependent. For instance, in the target-tracking example discussed
later in Section 3, the state is the probability distribution (belief) of
target location. Suppose sensors v; and vp have information value I,
and [,, with respect to the current belief state. After applying sensor
v1’s measurement, the belief state has changed; hence I,,, is obsolete and
needs to be re-computed based on the new state. The information con-
tribution I,, and I,, cannot be added together to account for the total
contribution. The state-dependency property adds difficulty to routing,
making it a combinatorial problem. Our strategy is to use heuristics to
approximate the real cost (1). Though information is not strictly addi-
tive, the sum of individual information ) I(vy) can often be considered
as a reasonable approximation of I(vy,---,vr) in cases where the belief
state varies slowly.

3 IDR in Target-Tracking Applications

As an example of data generation processes in a sensor network, consider
tracking a point signal source, or target, in a 2-D region. The goal of
tracking is to estimate target location z(*) based on a set of measurements
20 = {20 2D ... 21} indexed by time t, and collected by a set of
nodes. To accomplish this, we use a statistical framework of sequential
Bayesian filtering, a generalization of the well-known Kalman filtering [3].
For space reasons, we only briefly review the key concepts here. At
time ¢, one has some rough prior knowledge about where the target is,
usually in the form of a probability density function p(z(®)|z()) (called
belief). At time ¢+ 1, a new measurement z(*1) is collected. Sequential
Bayesian filtering incorporates the measurement and updates the belief

to p(xz(t+1)|2(t+1)) via Bayesian inference:

plal VD) o p( V) - [ paH a0 pla ) da. (3)

The integral represents how prior belief is propagated to the current
time step via the target dynamics p(z**V|z(®)). The updated belief is
the posterior of target location after observing all the measurements up
to time ¢ + 1. The method repeats as time advances. For more details
about sequential Bayesian filtering in target tracking, please refer to
previous work [3].

In sequential Bayesian filtering, sensor information is aggregated in-
crementally. Sensors along a routing path can contribute to target track-
ing via their measurements. To illustrate the aggregation of information,
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Figure 2: A sample sensor network layout: sensors are marked by
squares, with labels A, B, C, and D. Arrows represent the order in
which sensor data is to be combined. The target is marked by “®”.

we consider a simple sensor network example consisting of four sensors,
A, B, C, and D, as shown in Figure 2. Belief about the target loca-
tion is shown in Figure 3 using grayscale grids. The brighter grid means
that the target is more likely to be at the grid location. We assume
a very weak initial belief, uniform over the entire sensor field, knowing
only that the target is somewhere in the region. Figures 3(a)—(d) show
how information about the target location is updated as sensor data is
combined in the order of A — B — C — D. At each step, the active
sensor node, marked with a diamond, applies its measurement to update
the belief. The localization accuracy is improved over time: the belief
becomes more compact and its centroid moves closer to the true target
location.

Routing, in this target-tracking setting, can be guided by the esti-
mation result. The two IDR scenarios introduced in Section 2 become
the following.

e Target-Tracking Scenario: Find where the target is, and route
query to the vicinity of the target.

e Target-Query Scenario: Route query from a proxy to an exit,
collecting information about the target location.
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(a: MI = 0.67) (b: MI = 1.33)

(c: MI = 1.01) (d: MI = 0.07)

Figure 3: Progressive update of believe states of the target position, as
sensor data is aggregated along the path ABCD. Figures (a)—(d) plot
the resulting belief after each update. MI indicates information that is
described in the next section obtained by Eq. (5).
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3.1 Information Modeling

To quantify the contribution of individual sensors, we consider mutual in-
formation [3], a measure with a root in information theory and commonly
used for characterizing the performance of data compression, classifica-
tion, and estimation algorithms. As becomes clear shortly, this measure
of information contribution can be estimated without having to first com-
municate the sensor data. The mutual information between two random
variables U and V with a joint probability density function p(u,v) is
defined as MI(U; V) which is

p(wv) 1 _ ulv u
Eytuy 08 252 ] = Dip(ulo)lpe). @

where D(:||-) is the Kullback—Leibler divergence [18] between two distri-
butions. Under the sequential Bayesian filtering method in Eq. (3), the

information contribution of sensor k with measurement z,(ctﬂ) is
Inirg = MI(XWD, 20D 1 70 = 20), (5)
Intuitively, it indicates how much information z,(fﬂ) conveys about the

target location z(**1) given the current belief. Other information metrics,
such as the Mahalanobis distance [16], have also been proposed. They are
computationally simpler to evaluate and are often good approximations
to the mutual information under certain assumptions.

It is worth pointing out that information is an expected quantity
rather than an observation. For example, in Eq. (5), the mutual informa-
tion Ipsr is an expectation over all possible measurements z,(:Jrl) € R,
and hence can be computed before z,(:H) is actually observed. In a sen-
sor network, a sensor may have local knowledge about its neighborhood,
such as the location and sensing modality of neighboring nodes. Based
on such knowledge alone, the sensor can compute the information contri-
bution from each of its neighbors. It is unnecessary for the neighboring
nodes to take measurements and communicate back to the sensor. In
our previous work [3], we provide a detailed algorithm describing how
mutual information is evaluated based on knowledge local to the leader
sensor. With little modification, this evaluation method can be extended
to other information metrics.

In general, the information contribution of each sensor is state de-
pendent. The information metric Ijsz 1 of (5) depends on the belief state
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p(z®|2(®). Revisiting the sensor network example in Figure 3, we com-
pute the information contribution for each sensor. Note that sensors A
and D are very similar and physically close by. Despite such similarity,
the information values differ significantly (0.67 for A and 0.07 for D).
Visually, as can be observed from Figure 3, sensor A brings significant
changes to the initial uniform belief. In contrast, sensor D hardly causes
any changes. The reason for the difference is that A applies to a uni-
form belief state, whereas D applies to a compact belief as shown in
Figure 3(c).

State-dependency is an important property of sensor data aggrega-
tion, regardless of specific choices of information metric. Intuitively,
how much new information a sensor can bring depends on what is al-
ready known. Note that in sensor networks, sensor measurements are
often correlated. Hence a sensor’s measurement is not “entirely new”;
it could be just repeating what its neighbors have already reported. In
the example above, sensor D is highly redundant with sensor A. Such
redundancy shows up in the belief state, and thus should be discounted.

3.2 Protocols

We assume each node is aware of its own position, for example, using
a GPS device or other location services. Each node also has knowledge
about its local (one-hop) neighborhood, including node positions and
sensor modalities, link quality, and one-hop communication cost. Such
knowledge can be established through local message exchange between
neighbors during network initialization and discovery. With these as-
sumptions, the routing protocols described here can be regarded as a
form of source-initiated on-demand routing.

We assume that a sensor field of size X x Y is discretized to dX x dY
cells where d is the density. A belief state is a distribution p : dX xdY —
[0,1] with Y~ p = 1. We assume that every packet includes the current
belief state about the target and the time when this belief was calculated.
A packet sent from the source node combines the initial belief state (a
uniform distribution) and its local sensor reading to obtain the current
belief state. A forwarded packet uses the received belief state and the
assumption of the maximum speed of the target to calculate its predicted
belief state, then combines with its local sensor reading to obtain the
current belief state. In other words, the Bayesian filter (3) is applied to
each packet to update the belief state at each node.

For the target-tracking routing scenario, a forwarded packet is con-
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sidered to be “arrived” at its destination if (1) the sensor reading is large
and the increased utility is small, or (2) the maximum number of hops
is reached. In this case, the final belief state at the “destination” will be
sent back to the query (source) node.

For the target-query routing scenario, the destination is a known
base station, addressed by its ID, or any sensor node, addressed by its
attributes (e.g., location). The belief state at the destination will be
used to estimate the target’s location.

3.3 Performance Metrics

There are various types of performance metrics for ad hoc routing in
sensor networks [15], including, e.g., latency, throughput, loss/success
rate, energy consumption, and lifetime of the network.

To measure the IDR tracking performance, we consider two quanti-
ties: (1) the mean-squared error (MSE) Ep

(2) the size of the belief state.

The MSE describes the tracking accuracy, and the belief size reflects
uncertainty in the estimate. In this chapter, the belief size is calculated
as follows. Let the number of cells with likelihood value exceeding a
threshold be S, the belief size is obtained by v/S /d where d is the density
of cells.

t
(I(t)‘ﬁ)Hli(t) - :EgrLeHQv and

We can combine these two metrics into one as a measurement e for
the quality of tracking; e.g.,

e=pu+o/k, (6)

where p is the mean error (square root of MSE), o is the belief size, and
k is a constant.

Furthermore, if we assume that the communication cost is identical
for every hop (e.g., when all nodes use the same power level to transmit),
we can compute the overall cost combining the quality of tracking and
communication as

c=Ah+e, (7)

where h is the number of hops from the source to the destination, A is a
coefficient, and € is defined in Eq. (6).
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Figure 4: Routing in the presence of sensor holes. A through G are
sensor nodes. All edges have unit communication cost. The dashed lines
plot target trajectory. In (a), the target is moving from X to Y. In (b),
the target is bouncing back and forth between X and Y.

3.4 Existing Solutions

Loosely speaking, there have been two types of approaches developed
for IDR. The first type is greedy, routing packets to a neighbor with the
highest information utility. An example is the Constrained Anisotropic
Diffusion Routing (CADR) described in [1, 16]. This approach works
well when the sensor network layout is uniform. For sensor networks with
inhomogeneity such as holes, the relay may get trapped due to the greedy
nature. Figure 4a provides a simple example. Here we use the inverse
of Euclidean distance between a sensor and the target to measure the
sensor’s information contribution (assuming these information values are
given by an “oracle”). The problem with greedy search is independent
of the choice of information measure. Consider the case that the target
moves from X to Y along a straight line (see Figure 4a). At time t = 0,
node A is the leader, and can relay the information to its neighbor B or
C. The relay goes to B because it has a higher information value. By
the same criterion, B then relays back to A. The relay keeps bouncing
between A and B, and the target moves away. The path never gets to
nodes FE, F, or G, who may become informative as the target moves
closer to Y. The culprit in this case is the “sensor hole” the target went
through. The greedy algorithm fails due to its lack of knowledge beyond
the immediate neighborhood.

The second type uses a multiple step look-ahead to get around the
problem of search getting trapped at sensor holes. The look-ahead hori-



10. Information-Directed Routing 271

zon should be large enough and comparable to the diameter of sensor
holes, yet not too large to make the communication and computation
cost prohibitive. For static sensor networks, the sensors can explore
their local area in the network discovery phase and store in cache the in-
formation about inhomogeneity. This is done, for example, in [19]. Later
in the path planning phase, such information will be helpful in selecting
the value for the look-ahead horizon. Our earlier work [17] routes queries
to the target vicinity using this look-ahead method. In the simulation
study, it has been shown that the algorithm, with a suitable look-ahead
horizon, is much more likely to succeed in routing a message around sen-
sor holes (by a factor of 4-11) when compared to a greedy approach. At
the same time it produces less error (by a factor of 2—4 in the simulation)
in tracking a signal source.

The look-ahead approach has also been successfully used in the sec-
ond IDR scenario, as studied in [17]. To route to a destination with
a query of the target location, a real-time A* (RTA*) search [20] has
been used. The baseline A* search is a best-first search, where the merit
of a node is assessed as the sum of the actual cost g paid to reach it
from the query proxy, and the estimated cost h to pay in order to get
to the exit node (often known as the “cost-to-go”). It keeps a moving
frontier of g + h, and iteratively expands the nodes on the frontier until
the exit is reached. The resulting path is guaranteed to be optimal if the
estimated h never exceeds the true cost-to-go; i.e., h is admissible. The
well-known Dijkstra’s algorithm can be considered as a special case of
A* search, with h = 0, always an underestimate. RTA*, as a real-time
variation, guarantees to find a path if it exists, but as a price to pay for
real-time operations, the solution may lose the optimality of the baseline
A* search and may be suboptimal. The result of RTA* largely depends
on the quality of the cost-to-go estimation h: one has to estimate the
information contribution of sensors lying ahead, based on the currently
available information alone without further querying or communication.
The multiple step look-ahead is used for the estimation of h. It has been
shown in simulation that the RTA* routing for IDR, compared to the
shortest path from source to destination, produces less error in locating
a signal source. Thus the RTA* routing is more effective in collecting
information.
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4 Real-Time Learning for IDR

There are two limitations for the existing solutions. Maintaining an M-
hop neighborhood, where M is the look-ahead horizon, can be expensive
in communication and nontrivial in computation. For the RTA* algo-
rithm, the location of the destination has to be known to the query node
which may not be the case for mobile sensors. To overcome these prob-
lems, we propose new IDR solutions based on real-time reinforcement
learning.

4.1 Real-Time Reinforcement Learning for Routing

Real-time or agent-centered search has been an active research area in
AT for the past decade [21]. Routing with an additive objective can be
formulated as a weighted shortest-path problem, which can be solved by
dynamic programming off line or real-time reinforcement learning on-
line. Q-learning, a type of reinforcement learning [22], has been applied
to telecommunication network routing, i.e., Q-routing [23] and sensor
network routing [15]. It has been shown in both simulation and real
hardware that this type of routing performs well in dynamic situations,
e.g., forwarding packets to a mobile destination.

From a learning perspective, the problem of routing can be considered
as designing a policy at each node, so that the overall path from source
vp to destination vg — vg,v1,:--,vq — is optimal, i.e., min Xc¢,,, where
¢y is the local cost function at node v and Xc¢,, is the global additive
objective. Routing for additive objectives is a weighted shortest-path
problem.

All learning-based strategies typically consist of an initialization phase
and a forwarding phase. The initialization phase normally either estab-
lishes a neighborhood by sending “hello packets” from each node, or
generates a spanning tree by broadcast from the base station. The for-
warding phase is a policy improvement phase, deciding which neighbor
to pass the packet to according to its current estimates.

One can define a cost function on each node, called Q-value, indicat-
ing the minimum cost from this node to the destination. For a distributed
sensor network, Q-value is initially unknown, and an initial estimation
is made according to the type of message or by an initial flooding from
the destination. Furthermore, a node also stores its neighbors’ Q-values,
NQ-values, which are estimated initially according to the neighbors’ at-
tributes and updated when packets are received from neighbors.
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For wireless networks, value iteration in reinforcement learning can
be realized in a cost-effective way [15]. For each packet sent out from a
node, the current Q-value of the node with respect to that destination is
attached. All the nodes are set to be in promiscuous listening mode. In
other words, when a packet is sent, all neighbors, not just the designated
receiver, will hear the packet and make use of the Q-value sent with the
packet. Learning is triggered whenever a node overhears a packet, and
its own Q-value is updated by

Qm — (1 —@)Qm + alen, + n%in NQn(n)) (8)

where 0 < a < 1 is the learning rate, ¢, > 0 is the local objective or
cost, and n is a neighbor of this node.

In a forward search-based routing strategy, a node holding the cur-
rent packet forwards it to the neighbor for which it has the best NQ-
value. For dynamic and asymmetric networks, implicit confirmation is
also used [15], which we do not discuss further in this chapter.

4.2 Routing a Query to Track a Target

In target-tracking applications, it is important to be able to initiate a
query from an arbitrary entry node to find out the current status of a
target, as illustrated in Figure 1(a). Ideally, the entry point node (query
proxy node) would like to contact the nodes in the vicinity of the target,
or the high information content region. Due to the distributed nature of
ad hoc sensor networks, the query proxy may not be aware of existence
and whereabouts of the high information content region. Using real-time
reinforcement learning, packets discover the whereabouts of the target
during routing.

Figure 5 shows the algorithm on each node. When a node receives a
packet, it learns its Q-value, which is the number of hops to the sensors
at the vicinity of the target in this case. If the packet is addressed to this
node, it will either forward the packet, or, when the maximum number of
hops is reached, send the packet back to the query node with the belief.
The algorithm selects the next node to forward the packet according to
the following rule: if the sensor is close to the target, the costs of the
neighbors are the combination of the hop counts to the target and the
information gains; otherwise, the costs are the hop counts to the target
only. In either case, the neighbor with the minimum cost is selected as
the next forward node.
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Q: Q value

NQ: NQ values

R: sensor reading

Rm: threshold for at target
Ru: threshold for near target
Is: information gains

Cs: costs

Cp: maximum hops

A: coefficient

0 < a < 1: learning rate

received (m) at w from node u do
if R > Rm then
Q «— 0; //at target
else // learn hops to target
NQ(u) < m.Q;
Q — (1-a) Q + a (1+min, NQ(v));
end
if m is addressed to w then
m.hops <« m.hops +1;
if m.hops < Cp then forward(m);
else send m back to the query node;
end
end
end

forward (m) at w do
calculate Is for neighbors according to Eq. (5);
if R > Ru then
Cs — A NQ - Is; //close to target, use information gain also
else
Cs < NQ; //too far from target, use hop counts only for learning
end
v < argmin,, Cs(n);
m.Q «— Q;
send(m) to v;
end

Figure 5: Learning-based IDR for tracking a target.
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When the target is moving, the nodes that detect the target (when
sensor reading R > Rm) will broadcast with their new Q-value, 0. The
other sensors that are not at the vicinity of the target will update their Q-
value in two cases: (1) received a broadcast packet from the destination
node with Q-value 0; or (2) overheard a packet sent by a sensor node.
For a network with enough packets, the Q-value field will be established
soon, following the motion of the target. For a network without much
traffic, extra control packets can be added for learning purposes, e.g.,
broadcast M-hops from the destination, or broadcast until the Q-value
change is small. There is a tradeoff between the energy cost and the
tracking performance in this case, which shall be investigated in the
future.

With the learning algorithm, we revisit the examples in Figure 4. If
the target is traveling in a straight line as in Figure 4a, starting from A,
the path will bounce between A and B for a while. But as the target gets
far from A and B, the hop counts (Q-value) of A and B will be increased
so packets start to forward to C' or D. When the target gets close to G,
G will be the destination, and the path will extend to G via ACEG or
BDFG. On the other hand, if the target is traveling as in Figure 4b,
then B is always the most informative sensor in A’s neighborhood, and
vice versa, assuming the sensor readings at both A and B are above the
threshold. The learning algorithm selects the path alternating between
A and B.

4.3 Routing a Query About a Target to a Destination

In the scenario pictured in Figure 1(b), the goal is to route a query from
the query proxy to the exit point and accumulate as much information
as possible along the way, so that one can extract a good estimate about
the target state at the exit node.

As in [17], for this task, we set the total communication cost (hop
counts) close to some prespecified amount Cy. Here the total cost Cp
is treated as a soft constraint, which is a “hypothetical” cost that the
routing algorithm aims to achieve.? The value of Cj controls the tradeoff
between the communication cost and information aggregation.

Figure 6 shows the algorithm on each node. When a node receives a

2 An alternative formulation of treating Cp as a hard constraint that must be satis-
fied strictly. However, finding an optimal path under this hard constraint will require
global knowledge about the sensor network and thus is inapplicable to ad hoc sensor
networks.
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Qd: Q value for destination

NQd: NQ values for destination

Qt: Q value for target

NQt: NQ values for target

d: estimation error

R, Rm, Is, Cs, Cy, A\, a: same as in Figure 5

received (m) at w from node u do
if R > Rm then
Qt «— 0; m.foundTarget «— true; //at target
else // learn hops to target
NQt(u) «— m.Qt;
Qt — (1-a) Qt + a (1+min, NQt(v));
end
if w is destination then
Qd « 0; //at destination
else // learn hops to destination
NQd(u) <« m.Qd;
Qd «— (1-a) Qd + « (14+min, NQd(v));
end
if m is addressed to w then
m.hops <« m.hops +1;
if w is not destination then forward(m); end
end
end
forward (m) at w do
L « Cy - m.hops; //hops left
if L > (Qd+0) then //get more information
calculate Is for neighbors according to Eq. (5);
if m.foundTarget then Cs «+— NQd; else Cs +— NQt; end
Cs «— A Cs - Is;
v « argmin,, Cs(n);
else //go to destination as soon as possible
v« argmin,, NQd(n);
end
m.Qt «— Qt; m.Qd «+— Qd;
send(m) to v;
end

Figure 6: Learning-based IDR for query about a target.
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packet, it learns both of its Q-values for the target and for the destina-
tion. A packet will be marked if it has visited the sensor nodes at the
target. If the packet is addressed to this node and it is not the destina-
tion, the packet will be forwarded. The algorithm selects the next node
to forward the packet according to the following rule: if the number of
hops left exceeds an estimation error ¢ plus the estimated hop counts of
this node to the destination, the neighbor with the smallest hop counts
to the destination is selected. Otherwise, the cost will be evaluated as
the combination of Q-value and the information gain. In the latter case,
before the packet arrives at the target, the Q-value of the target will
be used; after the packet arrives at the target, the Q-value of the des-
tination will be used. In both cases, the neighbor with the minimum
cost is selected as the next forward node. The estimation error d repre-
sents the estimated maximum difference between the actual hops to the
destination and its Q-value to the destination.

This algorithm behaves in a way that packets are first attracted to
the target and then attracted to the destination. Parameters Cp, 6 and
A can be tuned to alter the path. Low Cy value favors shorter paths, and
high Cy allows longer paths with more effective information aggregation.
The increase of § will increase the probability that the maximum hop
counts do not exceed Cjy. Coefficient A in addition controls the tradeoff
between information gains and the communication cost.

For this routing scenario, if the destination is known (e.g. a base
station), it is worthwhile to learn the Q-values to the destination by
flooding the network during initialization. Even if the destination is
moving, the Q-values will be readjusted as the result of learning, similar
to what we have discussed in the previous scenario. On the other hand,
if the destination is unknown, the first few packets will travel extra hops
in order to learn the whereabouts of the destination.

5 Experimental Results

5.1 Simulation Environment

We have simulated the IDR protocols using Prowler [24], a probabilistic
wireless network simulator. Prowler provides a radio fading model with
packet collisions, static and dynamic asymmetric links, and a CSMA
MAC layer.

Two types of sensors are modeled for target tracking: acoustic ampli-
tude sensors and Direction-Of-Arrival (DOA) sensors. The acoustic am-
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plitude sensors output sound amplitude measured at each microphone,
and estimate the distance to a target based on the physics of sound
attenuation. The DOA sensors are small microphone arrays. Using
beamforming techniques, they determine the direction the sound comes
from, i.e., the bearing of the target. The detailed description of these
two types of sensors can be found in [3].

We simulate a sensor field of dimension 6x15. Sensor layout is gen-
erated as follows: first generate a uniform grid of 15 rows and 6 columns
evenly covering the region, then perturb the grid points with a uniform
noise distribution in [—0.1,0.1]. The resulting sensor layout is plotted
in Figure 7a. To test the routing performance in the presence of sensor
holes, sensors within the rectangular region centered at (2.5, 4) with size
(4, 2) are removed. The resulting sensor network is shown in Figure 7b.
The sensor network consists of roughly 90% amplitude sensors and 10%
DOA sensors (i.e., the probability of the DOA sensor is 0.1), randomly
spread over the sensor region.

The signal strength of the radio is set so that the maximum commu-
nication range is about 2 grids. In this simulator, as in real situations,
neighborhood is established by communication rather than calculated by
distances, and the results of neighborhood vary from run to run. Figure 7
shows snapshots of the communication links.

The routing algorithms are evaluated in terms of the IDR perfor-
mance metrics presented in Section 2.

5.2 Routing to a Stationary Target

A stationary target is simulated at location (2.5, 7.5). We use the sensor
closest to the lower-left corner (0, 0) as the query proxy node. Start-
ing from the proxy node, we would like to estimate the target location
and shoot the query toward it. In simulation, we allow a path length
of 20 hops and examine the IDR performance at the end of the path.
The sensor network is inhomogeneous with a sensor hole, as shown in
Figure 7b.

For this routing task, we compare the learning algorithm with the
greedy CADR algorithm. Each method is simulated with 100 indepen-
dent runs, with each run 15 packets, 5 seconds a packet, from the source.
The results are summarized and reported in Figure 8. Compared to the
greedy CADR algorithm, the learning algorithm significantly improves
the tracking performance after the first few packets.

Figure 9 visualizes the paths produced by the greedy CADR and the
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Figure 7: Examples of simulated sensor layout: (a) homogeneous and
(b) with a sensor hole.

learning algorithm. The greedy algorithm path is plotted in Figure 9a.
The path gets stuck and spends most of the hops bouncing between
nodes on the lower side of the sensor hole. For comparison, the learning
path of the tenth packet is plotted in Figure 9b. The path manages to
get around the sensor hole, and ends at a node around the true target
location. The tracking performance is also much improved; the target
location estimate is more accurate.

5.3 Routing to a Moving Target

In tracking applications, the target is often nonstationary. In principle,
a moving target can be considered as an extension of the stationary
target case; the target can be considered as approximately stationary
within a short time interval. Here we simulate a target moving along the
straight line z = 2.5 (the center line of the sensor field along the vertical
dimension) with speed v = 0.1/s. The query enters at the node closest
to the initial target position (2.5, 0).
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Figure 8: Tracking performance for a static target: greedy CADR algo-
rithm vs. the learning algorithm. Tracking errors are calculated accord-
ing to Eq. 6 with £ = 3.

We compare the learning algorithm with the greedy CADR, with 100
independent runs for each. Same as the previous test, each run shoots
15 packets, 5 seconds a packet, from the source. The performance is
summarized in Figure 10. Here we observe similar characteristics as
in the stationary case. With the greedy algorithm, tracking errors are
getting larger when the target moves into the hole and up. With the
learning algorithm, the performance gets worse only for the first couple
of packets and new paths are learned soon.

5.4 Routing to a Destination

Routing from a query proxy to an exit node or destination is tested with
a stationary target at (4, 7.5). The selection of query proxy and exit node
can be arbitrary. We select the query proxy node as the node closest to
the lower-left corner (0, 0), and the exit node as the node closest to the
upper-left corner (0, 14). The tests are performed on a homogeneous
sensor network (as in Figure 7a).

Recall from Section 2 that the information-directed routing problem
is essentially a tradeoff between the communication expense and infor-
mation aggregation. We simulated three different situations: (1) shortest
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(b)

Figure 9: Query routing path produced by (a) the greedy CADR al-
gorithm and (b) tenth packet of the learning algorithm. The target is
located at (2.5, 7.5), roughly in the middle of the sensor field. It is
marked with “®”. The selected paths are marked with lines.
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Figure 10: Tracking performance for a moving target: greedy CADR
algorithm vs. the learning algorithm. Tracking errors are calculated
according to Eq. 6 with k = 3.

path to the destination by setting Cj small; (2) a detoured path (with
Cp 20) to obtain the target information when the destination was known
a priori; and (3) the same as (2) but the destination was unknown a
priori. The second situation simulates the cases when the destination is
a base station, and the third situation simulates the cases when the des-
tination is an arbitrary node in the network. For the second situation,
the Q-values to the destination are learned during the initialization by
flooding from the destination. For the third situation, the Q-values to
the destination are learned during routing.

We tested these situations with 100 independent runs for each. Same
as the previous test, each run shoots 15 packets, 5 seconds a packet, from
the source. The results are compared in terms of tracking errors (Fig-
ure 11a), number of hops (Figure 11b) to the destination, and the overall
performance (Figure 11¢). We can see the learning algorithm works well
for tracking whether or not the destination is known a priori. When the
destination is unknown, the paths are long initially but gradually reduce
to the allowed length Cj as a result of learning. The learning algorithm
with known destination gets the best overall performance, and the learn-
ing algorithm with unknown destination improves the performance over
time due to shorter path lengths.
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Figure 11: Shortest path vs. the learning algorithm with known and
unknown destinations: (a) Tracking errors are calculated according to
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to Eq. 7 with A = 0.1. Note that the same A is used in the algorithm in
Figure 6.
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(a) (b)

Figure 12: Query routing path produced by (a) the shortest path and
(b) the learning algorithm. The target is located at (4, 7.5), roughly in
the middle-right side of the sensor field. It is marked with “@”. The
selected paths are marked with lines.
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Figure 12 visualizes selected paths with different lengths. The short-
est path is shown in Figure 12a. It has 6-7 hops and mostly follows a
vertical line from the query proxy to the exit node. The belief state is
fairly big, and cannot localize the target. Figure 12b shows a longer path
of about 20 hops. Starting from the proxy, the path bends toward the
target direction in an attempt to accumulate information. The tracking
performance is vastly better than the shortest path.

6 Conclusions

We have demonstrated the benefits of using real-time reinforcement
learning for information-directed routing that jointly optimizes for max-
imal information gain and minimal communication cost. In the simu-
lation study, we have shown that: (1) for tracking targets, the learning
algorithm, compared to the previous greedy algorithm, is able to route
around the sensor hole after a couple of packets and to track the moving
target effectively; and (2) for querying targets, the learning algorithm
performs well in both situations with known or unknown destinations.

Unlike look-ahead routing algorithms [17], knowledge about the net-
work structure or the application does not play an important role in
learning-based algorithms for IDR. On the other hand, the more the
system learns, (e.g., hop counts to the destination), the better the algo-
rithm performs. For a static network, the performance should converge
to its optimal. For a dynamic network, if the speed of change is com-
mensurate with the speed of learning, the system should be adaptable
to the dynamic situations.

Although we presented IDR usage in the context of localization and
tracking problems, the general idea of using information to guide rout-
ing applies to other problems as well. For example, in monitoring and
detection problems, information may be defined as the reduction of un-
certainty in the hypothesis test of target presence. In classification prob-
lems, information may relate to how sensor measurement affects the over-
all classification error. The specific form of information model may vary;
the basic structure of the routing algorithms stays the same.

We presented the algorithms for scenarios with a single stimulus.
The algorithms can be generalized to handle multiple stimuli, using a
spanning tree [25]. Generalizing the algorithms described here to handle
dynamically moving stimuli while maintaining good approximations to
the optimal routing tree remains a future research topic.
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