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Abstract— A graph-based estimation method is proposed
for distributed sensor networks. In particular, we study the
problem of estimating a spatially distributed parameter. The
proposed method is based on the consensus algorithm as well
as basic linear control theory. As a consequence, observability
of sensor networks is also investigated from the graph-theoretic
point of view.
Index Terms— Distributed sensor networks, networked systems, observability, equitable partitions, agreement dynamics,
algebraic graph theory.

I. I NTRODUCTION
In recent years, distributed sensor networks (DSNs) have
found a number of applications, ranging from field surveillance [1], environment monitoring [2], to geo-scientific exploration [3], [4]. A DSN typically consists of a collection
of sensor nodes, each integrated with a microprocessor, a
transceiver, and, sometimes, actuators. Thus, beyond sensing,
the nodes are capable of simple information processing
and short distance communication. The sensors are usually
deployed over a large area, where the sensors collect certain
information and report to one or more base stations for data
synthesis and decision making.
Sensing with DSNs poses an interesting problem to the
control and communication communities, because it requires
the combination of well-coordinated sensing, communication, and control strategies to satisfy constraints on power and
bandwidth usage [5]. The restricted range of transmission of
the sensor nodes, and the fact that they are spread over a
large area, make the distributed sensing more challenging.
Two types of coordination strategies have been proposed
in the literature for information collection in DSNs, namely
multi-hop [6] and mobile central nodes [7], [8]. In the multihop method, the sensor nodes transfer their data to the base
station either directly or by ways of other nodes. In such
a setting, an intermediate node acts as a router in that it
sends its own data together with the data from other nodes
(in separate packets) to the next node in the data link. The
cost of communication (mainly power related) and the error
accumulation are two major hurdles for the multi-hop method
to overcome.
In the mobile central node(s) method, the central node(s)
can move around and collect data from the nodes that are
within transmission range. Having avoided the difficulties
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faced by the multi-hop method, the mobile sensor nodes
method has its own limitation. Each mobile node can collect
information from only a small portion of the network, and the
size of the deployment area and its moving speed determine
the update frequency. If the area is large and the speed is low,
the frequency can be low enough to significantly impact the
concurrency of the data.
Other related approaches can be found in [9] in the context
of consensus filters, where the author reduced the distributed
Kalman filter into two separate dynamical consensus problem. In [10], the authors provided a stochastic strategy to
generate optimal sensor trajectories for the coverage problem
of mobile sensor network. Estimation problems in a network
with dropped packet was studied in [11], where an optimal
strategy was presented. This strategy required every node in
the network to store and process the packet they received.
The problem we are interested in this paper is the distributed sensing problem, where a network of sensors are deployed in the area-of-interest to monitor spatially distributed
information, e.g., temperature, radioactivity, humidity, etc..
This mission is different from the sensor network consensus,
where the network is monitoring a homogeneous environment, and the major mission of the network is to reach an
agreement over the parameters being monitored. Here we
are interested in the spatial distribution of the parameters
instead of the average value, which makes the mission more
challenging.
In this paper, we propose an estimation method based
on the consensus algorithm and linear control theory. This
method is promising because of its low communication cost
and fast convergence rate. The remainder of this paper is
organized as follows: In Section II we introduce some basic
notation and preliminary results related to consensus seeking.
In Section III, we propose our main estimation algorithm. In
order to investigate the observability of the networks, we
introduce equitable partitions of graphs in Section IV, and
derive a necessary condition for the network to be observable
in Section V.
II. G RAPH -BASED M ODELING
S EEKING

AND

C ONSENSUS

Graphs are adopted as encodings of the limited information present in networked systems, where edges between
nodes correspond to the ability of sharing information. In
this section, we introduce some basic notation and concepts
in graph-based modeling, and discuss some useful properties
related to the matrix representations of graphs.

A. Basic Notation and Concepts in Graph Theory
An (undirected) graph G is defined by a set V =
{1, . . . N } of nodes and a set E ⊂ V × V of edges. Two
nodes i and j are adjacent, or neighbors, if (i, j) ∈ E(G),
and the neighboring relation is indicated with i ∼ j, while
NG (i) = {j ∈ V (G) : j ∼ i} collects all neighbors to the
node i.
A path i0 i1 . . . iL is a finite sequence of nodes such that
ik−1 ∼ ik , k = 1, . . . , L, and a graph G is connected if there
exists a path between any pair of distinct nodes.
Let G = (V, E) and G ′ = (V ′ , E ′ ) be two graphs. We call
′
G a subgraph of G (and G a supergraph of G ′ ) if V ′ ⊆ V and
E ′ ⊆ E, and we denote this by G ′ ⊆ G. A subgraph G ′ is said
to be induced from the host graph G if E ′ = E ∩ (V ′ × V ′ ).
In other words, an induced graph is obtained by deleting a
subset of nodes and all the edges connecting to those nodes.
The adjacency matrix of a graph A ∈ RN ×N , with N
denoting the number of nodes, is defined by

1 if (i, j) ∈ E(G)
[ A(G) ]ij =
0 otherwise.
Let di be the degree of node i and let D(G) =
Diag([di ]N
i=1 ) be the corresponding diagonal degree matrix,
then the graph Laplacian matrix can be defined by
L(G) = D(G) − A(G).
It is known that the Laplacian matrix is positive semidefinite,
and that the multiplicity of the zero eigenvalue of the graph
Laplacian is equal to the number of connected components
of the graph [12]. Moreover, if the graph is connected, then
the eigenvector associated with the zero eigenvalue is 1.
B. Consensus Seeking
The consensus algorithm plays an important role in our
estimation method. The consensus problem is normally formulated in the context of networked systems whose constitutional elements are called agents. The goal is to reach an
agreement over some state-related variables [13].
Given a networked system with N agents, we can model
the network by a graph G where nodes represent agents and
edges are inter-agent communication links.1 Let xi (t) ∈ Rd
denote the state of agent i at time t, whose dynamics is
described by the single integrator
ẋi (t) = ui (t), i = 1, . . . , N,

(1)

with ui (t) being node i’s control input. The state can be the
position of robot i in a multi-robot system, or the state of an
distributed estimation process associated with sensor node i
in a DSN. 2
1 Throughout

this paper, we assume that the sensor nodes do not move
and that the communication links are stable, which means that the graph
associated with the network is static.
2 Note that in the case of DSN, we need to distinguish between the state
of the estimation process and the actual value observed by a sensor node.
The state of the estimation process is updated according to the dynamics
in (1), where ui is the information input to node i, while ui may not be
directly affected by the real sensor value at point i.

Next, we allow agent i to have access to the relative
state information with respect to its neighbors and use it
to compute its control ui (t). For example, one can adopt the
nearest-neighbor rule:
X
ui (t) = −
(xi (t) − xj (t)).
(2)
j∼i

If d = 1, i.e., the state is a scalar, (2) can be represented
as the Laplacian dynamics of the form
ẋ(t) = −L(G)x(t),

(3)

where x(t) = [x(t)1 , x(t)2 , . . . , x(t)N ]T denotes the
aggregated state vector of the multi-agent system3 .
The localized rule in (2) has been shown to solve the rendezvous problem, which has attracted considerable attention
[14]–[16]. Some other networked systems problems, e.g.,
formation control [17]–[19], consensus [20] or agreement
[21], [22], flocking [23], [24], etc., also share the same
distributive flavor with the rendezvous problem.
III. G RAPH -BASED E STIMATION OF D ISTRIBUTED
S ENSOR N ETWORKS
Given a DSN with N sensors, let Gs = [Vs , Es ] denote
the underlying sensor graph, where Vs is associated with
the set of sensor nodes, and Es represent the communication
links among the nodes. Let qi ∈ R be the sensor value of
node i, i = 1, . . . , N . Next, let x ∈ RN be the state of
a distributed estimator, and xi be the component associated
with node i. Again, note that xi is different form the real
sensed value qi in that xi decided by a distributed estimation
algorithm. It is xi , not qi , that is transmitted through the
communication links and processed by other nodes, which
is essential to our method. In other words, each node, say
i, has three roles: First, it is a sensor that monitors the
parameter value, qi . Secondly, it is a processing unit of a
distributed computing system, which updates its state, xi , by
processing the information gathered from its communication
links. Thirdly, it is a transceiver that exchanges its state
information with its neighbors xj , j ∈ NGs (i).
Our proposed estimation algorithm can then be described
in the following way: At time zero, node i records its sensing
value qi and use it as the initial value for xi . Then it updates
its own state based on the local information, i.e., all the
states of its neighbors and the state of itself. The central
node(s) collects information from a subset of the nodes
and, hopefully, can recover the original information at each
node, i.e., qi , from the observation. The algorithm can be
formulated as
X
dxi
=
f (xi (t) − xj (t)), xi (0) = qi , i = 1, . . . , N,
dt
j∈N (i)

(4)
where NGs (i) is the neighborhood of node i. Based on this
updating scheme, the central nodes retrieve observation
y(t) = g(x(t)),

(5)

3 Most results from this paper can be directly extended to higher dimensions using the Kronecker product

where x(t) = [x1 (t), . . . , xN (t)]T , and y(t) ∈ Rm , m <<
N , with m being the number of central nodes. Our goal here
is to uniquely determine q = [q1 , . . . , qN ]T from y(t), t > 0.
If we adopt the nearest neighbor rule (4) for f (·) , we get
X
dxi
=
(xj − xi ), i = 1, 2, . . . , N.
(6)
dt

the following are equal:
• system (8) is observable,
• the rank of the observability
matrix (O(n)) is n,

A − λI
• rank of
equals n for every eigenvalue λ
C
of A.

j∈N (i)

Using the graph-based control notation, and let g(· · · ) be a
linear transformation given by matrix C, (5) and (6) can be
written as

ẋ = −L(Gs )x,
x(0) = q,
(7)
y =
Cx,
where L(Gs ) is the Laplacian matrix of the graph associated
with the sensor network, and C ∈ Rm×N is the observation
matrix. Since the graph is assumed to be static, we will use
Ls for L(Gs ) wherever it causes no confusion. From the
properties of Laplacian matrix introduced in Section II, we
can
PNconclude that system (7) is stable, and xi (t) converges to
1 qj /N , for all i ∈ {1, N } if G is connected. Nonetheless,
we know that if the system (−Ls , C) is observable, we can
recover the initial state x(0) from the observation y(t). Note
that, in the case of multiple central nodes, each central node
collects raw information from a subset of sensors and sums
them up together, an operation that equals that of multiplying
x by each row of C. Then the summation results are reported
to a single super node for the final information processing
and decision making.
We now restrict C to be a (0, 1) matrix such that an ”1”
in column j, row i means that there is a communication link
between sensor j and central node i.
One can design different observers based on (7), and
a simple way of recovering the information, assuming the
parameter is static or changing very slowly, is to solve the
system
y(t) = Ce−tLs x(0), t ≥ 0,
or in the discrete time form
 

y(0)
 y(1)  

 
=

..
 

.
y(T − 1)

|

C
−CLs
..
.





 x(0),


C(−Ls )T −1
{z
}
OT

where OT becomes the observability matrix when T =
N . Of course, more sophisticated estimation methods are
available in the literature, but they are not needed for the
developments of this paper.
As we can see, the proposed estimation scheme is relying
on one crucial assumption: the system (−Ls , C) is observable. Now, let us revisit the standard observability theorem
from control theory.
Lemma 3.1: For a LTI system

ẋ = Ax,
x(0) = x0 , x ∈ Rn
y = Cx,

(8)

We can always check the rank condition to determine the
observability of the network. However, it becomes infeasible
when the number of nodes becomes very large. Instead we
want to be able to guarantee observability when we build
the network, and, for this sake, we want to understand how
the topology of the network affects the observability. In
the following section, we will show how the observability
property is related to the topology of the sensor network.
IV. E QUITABLE PARTITIONS

OF

G RAPHS

Equitable partitions and interlacing theory play important
roles when deriving necessary conditions for observability.
In this section, we introduce some definitions and lemmas
needed to support this development.
Definition 4.1: An r-partition π of V (G), with cells
C1 , . . . , Cr , is said to be equitable if each node in Cj has
the same number of neighbors in Ci , for all i, j. We denote
the cardinality of the partition π with r = |π|.
Let bij be the number of neighbors in Cj of nodes in
Ci . The directed graph with the r cells of π as its nodes
and bij edges from the ith to the jth cells of π is called
the quotient of G over π, and is denoted by G/π. An
obvious, trivial equitable partition is the n-partition, π =
{{1}, {2}, . . . , {n}}. If a partition contains at least one cell
with more than one node, we call it a nontrivial equitable
partition (NEP), and the adjacency matrix of the quotient is
given by
A(G/π)ij = bij .
The equitable partition can be derived from graph automorphisms. For example, in the so-called Peterson graph, shown
in Figure 1(a), one equitable partition π1 (Figure 1(b)) is
given by the two orbits of the automorphism groups, namely
the 5 inner vertices and the 5 outer vertices. The adjacency
matrix of the quotient is given by


2 1
A(G/π1 ) =
.
1 2
The equitable partition can also be introduced by the equal
distance partition. Let C1 ⊂ V (G) be a given cell, and let
Ci ⊂ V (G) be the set of vertices at distance i−1 from C1 . C1
is said to be completely regular if its distance partition is
equitable. For instance, every vertex in the Peterson graph is
completely regular and introduces the partition π2 as shown
in Figure 1(c). The adjacency matrix of this quotient is given
by


0 3 0
A(G/π2 ) =  1 0 2  .
0 1 2
Partitions over a graph can be represented by vectors and

1

Note that the invertibility of P T P follows from the fact that
the cells of the partition are nonempty 4 . Moreover, it satisfies
that P̄ T Q̄ = 0 and Q̄T Q̄ = In−r . In other words,
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C1 1 C2
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1 C2

1

3

2

C1
2

(b)

C3
2

T = [P̄ | Q̄]

(c)

Fig. 1. Example of equitable partitions on (a) the Peterson graph G =
J(5, 2, 0) and the quotients: (b) the NEP introduced by the automorphism
is π1 = {C11 , C21 }, C11 = {1, 2, 3, 4, 5}, C21 = {6, 7, 8, 9, 10}, and (c) the
NEP introduced by equal-distance partition is π2 = {C12 , C22 , C32 }, C12 =
{1}, C22 = {2, 5, 6}, C32 = {3, 4, 7, 8, 9, 10}.

matrices.
Definition 4.2: A characteristic vector pi ∈ Rn of a nontrivial cell Ci has 1’s in the positions associated with Ci
and 0’s elsewhere. A characteristic matrix P ∈ Rn×r of a
partition π of V (G) is a matrix with the characteristic vectors
of the cells as its columns.
Lemma 4.3: ( [12] Lemma 9.3.1) Let P be the characteristic matrix of an equitable partition π of the graph G, and
let Â = A(G/π). Then AP = P Â and Â = P + AP , where
P + = (P T P )−1 P T is the pseudo-inverse of P .
Lemma 4.4: ( [12] Lemma 9.3.2) Let G be a graph with
adjacency matrix A, and let π be a partition of V (G) with
characteristic matrix P , then π is equitable if and only if the
column space of P is A-invariant.
Lemma 4.5: Given a symmetric matrix A ∈ Rn×n , and let
S be a subspace of Rn . Then S ⊥ is A-invariant if and only
if S is A-invariant.
The proof of this well-known fact can for example be found
in [25].
Remark 4.6: Let R(·) denote the range space. Suppose
|V (G)| = n, |Ci | = ni and |π| = r, then we can find an
orthogonal decomposition for Rn as
Rn = R(P ) ⊕ R(Q),

(9)

where the matrix Q satisfies R(Q) = R(P )⊥ , such that
its columns together with those of P form a basis for Rn .
Following Lemma 4.5, R(Q) is also A−invariant.
Unlike matrix P , Q is derived from the nullspace of P and
can be constructed in different ways. One possible choice of
such a Q is the n × (n − r) matrix with r column blocks
Q = [Q1 , Q2 , . . . , Qr ], where Qi ∈ Rn×(ni −1) corresponds
to Ci . Moreover, each column sums to zero in the positions
associated with Ci and has zeros in the other positions. In
other words,


0
Qi =  Q̃i 
0 n×(n −1).

(11)

is a matrix whose columns are defined on an orthonormal
basis of Rn based on the equitable partition π, and P̄ and
Q̄ have the same column spaces as P and Q respectively.
V. O BSERVABILITY A NALYSIS OF DSN
Based on the equitable partition of a graph, we can further
diagonallize the Laplacian matrix associated with the graph.
Moreover, a similarity transformation can also be derived for
the observability decomposition.
A. NEP-related Diagonalization of L(G)
Lemma 5.1: If a graph G has a nontrivial equitable partition
(NEP) π with characteristic matrix P , then the corresponding
adjacency matrix A(G) is similar to a diagonal matrix


AP
0
Ā =
,
0 AQ
where AP is similar to the adjacency matrix Â = A(G/π)
of the quotient.
Proof: Let the matrix T = [P̄ | Q̄] be the orthonormal
matrix with respect to π, as defined in (11). Now, let

 T
P̄ AP̄ P̄ T AQ̄
T
.
(12)
Ā = T AT =
Q̄T AP̄ Q̄T AQ̄
Since P̄ and Q̄ have the same column spaces as P and Q,
respectively, they inherit the A−invariance property, i.e.,
AP̄ = P̄ B

and

AQ̄ = Q̄E.

for some matrices B and E. Moreover, since their column
spaces are orthogonal complements of each other, one has
P̄ T AQ̄ = P̄ T Q̄E = 0
and
Q̄T AP̄ = Q̄T P̄ B = 0.
In addition, by letting DP2 = P T P , we obtain
P̄ T AP̄ = DP−1 P T AP DP−1
= DP (DP−2 P T AP )DP−1
=

(13)

DP ÂDP−1 ,

and therefore the first diagonal block is similar to Â.
Lemma 5.2: Let P be the characteristic matrix of a NEP
in G. Then R(P ) is K-invariant, where K is any diagonal
block matrix of the form

i

In Qi , the upper and lower parts are zero matrices with
appropriate dimensions (possibly empty).
One possible choice of Q matrix is using the orthonormal
basis of R(P )⊥ . We denote this matrix as Q̄. If we define
1

P̄ = P (P T P )− 2 .

(10)

K

=

Diag([k1 , . . . , k1 , k2 , . . . , k2 , . . . , kr , . . . , kr ]T )
| {z } | {z }
| {z }
n1

=
4 In

n2

nr

Diag([ki 1ni ]ri=1 ),

fact, P T P is a diagonal matrix with (P T P )ii = |Ci |.

ki ∈ R, ni = |Ci | is the cardinality of the cell, and r = |π|
is the cardinality of the partition. Consequently,
Q̄T K P̄ = 0,
1

where P̄ = P (P T P )− 2 and Q̄ is chosen in such a way that
T = [P̄ | Q̄] is a orthonormal matrix.
Proof: We note that

P1
 P2

P = .
 ..
Pr



 

 = p1


p2

. . . pr



,

where Pi ∈ Rni ×r is a row block which has 1’s in
column i and 0’s elsewhere. On the other hand pi is a
characteristic vector representing Ci , which has 1’s in the
positions associated with Ci and zeros otherwise. With a
little bit of calculation we can find


k1 P1
 k2 P2  



KP =  .  = k1 p1 k2 p2 . . . kr pr = P K̂,
 .. 
kr Pr
T

B. Necessary Condition for Observability
Given a DSN with N sensors and m central nodes, let Gs
be the underlying sensor graph. We can expand the sensor
graph by including the central nodes and the links connected
to them, and denote the resulting graph as the augmented
sensor network graph G. Notice that G is nothing more than
the graph obtained by adding the central nodes onto the
sensor graph Gs and adding edges onto Gs , which represent
the information flows from sensor nodes to the central nodes.
Remark 5.4: The sensor graph Gs plays the similar role
of the follower graph, Gf , in the leader-follower structure
discussed in our previous work [26]5 . The difference is that
in the DSN the information flows from the sensor nodes
to the central nodes, as shown in Figure 2(a), while in
the leader-following structure, the information flows from
the leaders to the followers, as shown in Figure 2(b). This
similarity reminds us the duality between controllability and
observability, i.e., if (−Ls , C) is observable then (−LTs , C T )
is controllable. One can also find this duality between the
following theorem and Theorem 4.5 of [26], where we
address the controllability problem of the leader-follower
structure.
G

Diag([ki ]ri=1 ),

where K̂ = Diag([k1 , k2 , . . . , kr ] ) =
which
shows that R(P ) is K-invariant. Since R(Q̄) = R(P )⊥ , by
Lemma 4.5 Q̄ is K-invariant as well and
Q̄T K P̄ = Q̄T P̄ K̂ = 0.

G
Gs

Central Node

Leader Node

(a)

By the definition of the equitable partition, the subgraph
induced by a cell is regular and every node in the same cell
has the same number of neighbors outside the cell. Therefore,
the nodes belonging to the same cell have the same degree,
and thus by Lemma 5.2, R(Q̄) and R(P ) are D-invariant,
where D is the degree matrix given by

Gf

(b)

Fig. 2. Shown in the picture are (a) the graph associate with a DSN
(Gs ), and the augmented graph G, and (b) the interaction graph G of the
leader-follower structure with the same topology as the DSN in (a). Note
the follower graph Gf is similar to Gs , but the information flows are from
the leader to the follower.

Corollary 5.3: Given the same condition as in Lemma 5.1,
L is similar to a diagonal block matrix


LP
0
T
L̄ = T LT =
,
(14)
0 LQ

Theorem 5.5: Given a DSN with connected graph Gs and
the augmented sensor graph G, the system (7) is not complete
observable if there exist NEPs on G and Gs , say π and πs ,
such that all the nontrivial cells of π are contained in πs , i.e.
∃ π and πs , such that |Ci | = 1, ∀ Ci ∈ π\πs . Moreover,
Ts = [P̄s | Q̄s ] is a similarity transformation that gives us
the observability decomposition of the system.
Proof: Let Ps be the characteristic matrix corresponding
to the NEP πs in Gs . Since Gs is a connected graph, from
Corollary 5.3, we know that Ls is similar to a diagonal matrix
by the transformation Ts , i.e.,


LsP
0
.
(15)
L̄s = TsT Ls Ts =
0
LsQ

where LP = P̄ T LP̄ and LQ = Q̄T LQ̄, and T = [P̄ | Q̄]
defines a orthonormal basis for Rn with respect to π.

Next, we want to show that the same transformation on C
can give us desired block structure. In other words, we want

As (14) defines a similarity transformation, it follows that
LP and LQ carry all the spectrum information of L, i.e.,
they share the same eigenvalues as L.

5 In the leader-follower structure, some agents in a multi-agent group
assume the leaders’ role and the rest of the group are followers. The leaders,
with enhanced capabilities, are driven by some exogenous signals, while the
follower stick to the consensus algorithm.

D=

Diag([di 1ni ]ri=1 ),

with di ∈ R denoting the degree of each nodes in cell. Since
the graph Laplacian satisfies L(G) = D(G)− A(G), Lemmas
5.1 and 5.2 imply that R(Q̄) and R(P ) are L-invariant.
Thereby, we have following corollary.

to show that
C̄ = CTs = [Co , 0].

(16)

From Lemma 4.4, we know that Q̄s have zero column sum
and that the columns could have nonzero elements only in
the rows associated with nontrivial cells. On the other hand,
row i of C denotes how the sensor nodes are connected to
central node i, thus it would have a 1 in j-th element if
there is an edge between central node i and sensor node j.
Since, under π, all the nontrivial cells are in Gs , and all the
central nodes are trivial partitions, i.e., each leader is either
connected to all the nodes in Ci , for some i = 1, 2, . . . , r1 ,
or none. Thus columns of C T are in the column space of
Ps . Therefore, we have
C Q̄s = 0,
and the transformed system can be given as

v̇ = −L̄s v,
v(0) = TsT q,
y =
C̄ v,

(17)

where v = TsT x is the transformed state vector, and L̄s and C̄
are transformed matrices given in (15) and (16) respectively.
Furthermore we can state that
v̇ o

=

−LsP v o

(18)

uo

=
=

−LsQ v uo
Co v o

(19)
(20)

v̇

y

where v o = P̄sT x is the observable part of the transformed
state, while v uo = Q̄Ts x is the unobservable part of the
transformed state.
Remark 5.6: If we let xπ = Ps+ x, where Ps+ =
(PsT Ps )−1 PsT is the pseudo inverse of Ps , and multiply both
1
side of (18) by (PsT Ps )− 2 we get
ẋπ

= Ps+ Ls Ps Ps+ x
=
=

(21)

L̂s Ps+ x
L̂s xπ .

To this end, we have derived the sufficient condition for a
DSN not to be completely controllable. The converse of this
theorem gives us an necessary condition for the DSN to be
fully observable. We state this as a corollary:
Corollary 5.7: Given a connected sensor graph Gs and its
augmented graph G, a necessary condition for (−Ls , C) to
be observable is that no NEPs π and πs exist over G and Gs
such that π and πs share all nontrivial cells.
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