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IMPROVING INFERENCE FOR SPATIAL SIGNALS BY CONTEXTUAL FALSE DISCOVERY
RATES

Martin Gölz† , Abdelhak M. Zoubir† and Visa Koivunen∗

†Signal Processing Group, Technische Universität Darmstadt, 64283 Darmstadt, Germany
∗Department of Signal Processing and Acoustics, Aalto University, 02150 Espoo, Finland

ABSTRACT

A spatial signal is monitored by a large-scale sensor network. We
propose a novel method to identify areas where the signal behaves
interestingly, anomalously, or simply differently from what is ex-
pected. The sensors pre-process their measurements locally and
transmit a local summary statistic to a fusion center or a cloud. This
saves bandwidth and energy. The fusion center or cloud computes
a spatially varying empirical Bayes prior on the signal’s spatial be-
havior. The spatial domain is modeled as a fine discrete grid. The
contextual local false discovery rate is computed for each grid point.
A decision on the local state of the signal is made for each grid point,
hence, many decisions are made simultaneously. A multiple hypoth-
esis testing approach with false discovery rate control is used. The
proposed procedure estimates the areas of interesting signal behavior
with higher precision than existing methods. No tuning parameters
have to be defined by the user.

Index Terms— Sensor networks, multiple hypothesis testing,
local false discovery rate, spatial inference, information fusion

1. INTRODUCTION
A spatial signal or phenomenon is a physical process that varies as
a function of location. Such phenomena are usually observed using
multiple sensors in distinct spatial locations. Spatial phenomena are
encountered in a variety of application domains such as radio spec-
trum in radar and wireless, meteorology, environmental monitoring,
seismology, and agriculture. Practical examples include the moni-
toring of air humidity, temperature or precipitation across a certain
area, emission, pollen or ozone level maps, as well as seismic activ-
ity measured at specific locations to predict earthquakes and spec-
trum maps that indicate the state of the radio frequency bands in
different locations.

In this work, we aim to detect and localize the regions in which
the state of the observed spatial phenomenon differs from its nomi-
nal state [1]. The differences are associated with spatial regions of
interesting, different or anomalous behavior. A deviation from the
nominal state could be, for example, a change in occupancy of the
radio spectrum, an unusual increase in seismic activity indicating an
impending volcanic eruption or an anomalous decrease in air oxy-
gen saturation inside a building caused by a fire. Spatial phenomena
typically vary smoothly in space. If the phenomenon deviates from
its nominal state at a certain location, similar deviations at nearby
locations are likely. The state of the spatial signal is monitored by a
large-scale sensor network. The problem is illustrated in Fig. 1.

Heterogeneous large-scale sensor networks are a key enabler in
the development of the Internet of Things (IoT) [2]–[5]. Cheap sen-
sors with wireless connectivity are deployed in all kind of devices
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from vehicles to household appliances. Modern-age sensor networks
can easily comprise hundreds or thousands of nodes of heteroge-
neous sensing capability. Advanced inference and learning methods
are needed to extract relevant information from the large volume of
observed heterogeneous data. Joint processing of the raw sensor-
level data at a fusion center (FC) or in the cloud produces a severe
overhead of intra-network communication. The resulting bandwidth
requirements lead to a congested spectrum. In addition, the continu-
ous streaming of local information consumes energy and reduces the
lifespan of a battery-powered sensor system [6], [7].

We recently [8] proposed to learn the spatial region of interest-
ing anomalous or different behavior by multiple hypothesis testing
(MHT). The observation area is discretized using a fine spatial grid.
Per grid point, a decision on the local state of the phenomenon is
made. The nominal state is defined in terms of the null hypothesis
H0. Where H0 does not hold, the phenomenon is in one of M al-
ternate states. The alternative H1 summarizes all alternate states.
Sensors in distinct locations are positioned at a sparse subset of grid
points. To make efficient use of the spectrum and energy resources,
each sensor performs local computations to condense its observa-
tions into a local summary statistic. This is an MHT approach, since
a large number of decisions is made simultaneously. The false dis-
covery rate (FDR) [9] is controlled at a desired level to guarantee
the accurate localization of interesting spatial regions. In [8], we
proposed a novel method to efficiently estimate the local false dis-
covery rate (lfdr) [10]–[13] for each sensor. The lfdr is equivalent
to the posterior probability of the null hypothesis H0. Since spa-
tial signals vary smoothly in space, we proposed to interpolate the
lfdr at grid points in between sensors to make decisions at locations
where no sensor is located. Traditional FDR controlling methods
[9], [14]–[17] conduct each test with data that is independent of, or
only partially correlated with the data used for other tests [18].

In this paper, we propose an empirical Bayes method that uses
the contextual lfdr (clfdr) with spatially varying prior probabilities
for H0. The developed approach makes it more likely to choose the
alternative H1 in spatial regions where multiple sensors observe sim-
ilarly interesting or anomalous behavior. This improves the detection
power over [8] while false positive control is maintained.

Similar ideas have been pursued in a limited number of works
in the open literature. However, [19], [20] suffer from high compu-
tational complexity even for a moderate number of grid points and
sensors. The methods in [21], [22] are computationally demand-
ing and base upon a data model that can be too rigid to capture the
probability model under H1 [8]. The problem of FDR control for
large-scale spatial data is also considered in [23].

Our contributions are as follows. We extend our previous work
[8] by introducing an empirical Bayesian method to account for
spatially varying prior probabilities for H0. We then propose two
novel methods, sensor lfdr smoothing (SLS) and screened null sen-
sor smoothing (SNS), to learn the spatially varying prior informa-
tion from the data. By employing appropriately estimated spatially
varying priors, the detection power is increased significantly. We ad-
ditionally propose a generally applicable criterion to automatically
select the best suitable spatial prior from a set of candidates. Conse-
quently, the SLS and SNS methods do not require the adjustment of
any tuning parameters. This makes both methods easy to use. Our



Fig. 1. A spatial phenomenon, squares indicate sensors. The un-
known region of interesting/anomalous/different behavior H1 con-
sists of five spatially continuous subregions (blue).
simulations confirm a significant increase in detection power while
maintaining false positive control for the proposed methods.

2. PROBLEM FORMULATION
The observation area is discretized by a fine grid of Q grid points
in a 2D-plane. The location of grid point q ∈ {1, . . . , Q} = [Q] is
denoted by the coordinate vector cq = [xq, yq]

⊤. Sensors are placed
at N ≤ Q grid points. To keep the notation simple, we use the
same ordering in the indices of sensors and grid points, i.e., sensor
n ∈ [N ] is located at grid point q = n. The state of the phenomenon
at location cq, q ∈ [Q] is defined in terms of the unknown true local
hypothesis Hq ∈ {H0,H1}. If the observed spatial phenomenon is
in its nominal state at cq , the null hypothesis H0 holds. If not, the
alternative H1 is correct. We aim to identify the region where the
phenomenon behaves as expected, H0 = {q ∈ [Q] : Hq = H0},
and where it does not, H1 = {q ∈ [Q] : Hq = H1}. H0 and H1 are
mutually exclusive sets of grid points. A decision Ĥq between null
and alternative is made for each q ∈ [Q]. If Ĥq = H1, a discovery
is made. The estimates Ĥ1 and Ĥ0 are found by grouping the grid
points according to their Ĥq , q ∈ [Q].

Assume that per grid point q ∈ [Q], the local null probability
Pr(Hq = H0) is known. Then, estimating H1 by

Ĥ1 = argmax
H⊆[Q]

{
|H| : 1

|H| ·
∑
q∈H

Pr(Hq = H0) ≤ αFDR

}
(1)

results in an estimate Ĥ1 that contains at most a fraction αFDR of
false positives, i.e., grid points where Ĥq = H1 |Hq = H0. Thus,
the estimator in Eq. (1) controls the FDR [9]

FDR=E

[
V

max(R, 1)

]
=E

[ ∑
q∈H0

1{Ĥq=H1}
max

(∑Q
q=1 1{Ĥq=H1}, 1

)] (2)

at level αFDR. V is the number of false discoveries, R the num-
ber of all discoveries, V/max(R, 1) the false discovery proportion
(FDP) and 1{·} the indicator function. The local null probabilities
are unknown in practice and need to be estimated from the data.

3. PROPOSED METHOD
We estimate Ĥ1 by Eq. (1). We compute the clfdr for each sensor
location. The clfdr is found from the local summary statistics, the
probability models under the null and the alternative, as well as the
spatially varying prior probability of H0. While the model under H0

is known, the model under H1 has to be estimated from the data.
The local prior has to be estimated as well. A local prior allows to
quantify the local state of the phenomenon more accurately than a
spatially constant prior. This increases the detection power. Finally,
the sensor clfdr’s are interpolated to enable decision making at grid
points where no sensors are located. We begin this section by intro-
ducing the probability models for the local summary statistics. We
proceed with the definition of the clfdr and propose its estimator. Al-
gorithm 1 details the proposed method, referred to as clfdr-sMoM.

We use p-values as local summary statistics. Other options in-
clude likelihood ratios, empirical likelihoods or any other sufficient
statistic. A discussion on the requirements for suitable local sum-
mary statistics is provided in [8]. A p-value quantifies the support
for H0 at the node, small values indicating less support. To compute
the p-values, each sensor must know or learn [24], [25] its local data
model under H0. p-values enable the fusion of information from
heterogeneous sensors with locally different data models.

The set of p-values PN = {p1, . . . , pN} is available at the FC.
The probability models under the null and the alternative are

Hn = H0 : Pn ∼ fP|H0
(p),

Hn = H1 : Pn ∼ fPn|H1
(p),

(3)

with fP|H0
(p) and fPn|H1

(p) the p-value probability density func-
tion (PDF) at the location of sensor n ∈ [N ] under H0 and H1, re-
spectively. The p-values follow a uniform distribution at all sensors
where H0 is in place, fP|H0

(p) = U [0, 1]. Any kind of interesting,
different or anomalous behavior is defined in terms of the alternative
H1. Thus, fPn|H1

(p) varies across sensors n ∈ [N ].
The clfdr is the local null probability given the p-value, i.e.,

clfdrn(pn) = Pr(Hn = H0 | pn) and will be used as the local
null probabilities of the sensors in Eq. (1). It is defined as [26]

clfdrn(p) =
πn,0fP|H0

(p)

πn,0fP|H0
(p) + (1− πn,0)fPn|H1

(p)
, (4)

with πn,0 being the prior probability for H0 at sensor n ∈ [N ].
In practice, the πn,0 and fPn|H1

(p) are unknown ∀n ∈ [N ] and
need to be estimated from the data. Per sensor n ∈ [N ], a single
p-value pn is available. Thus, estimating the individual fPn|H1

(p)
is infeasible. Instead, the idea of MHT is to replace the local mod-
els fPn|H1

(p) with the model for all local summary statistics ob-
served under H1, fP|H1

(p) = N−1 ∑N
n=1 fPn|H1

(p) [13]. Estimat-
ing fP|H1

(p) is often difficult, but doable. The estimated clfdr is

ˆclfdrn(p) =
π̂n,0fP|H0

(p)

π̂n,0fP|H0
(p) + (1− π̂n,0)f̂P|H1

(p)
(5)

We propose to determine f̂P|H1
(p) with the fast and efficient esti-

mator from our previous work [8]. Finding estimates π̂n,0, ∀n ∈
[N ] that accurately capture the spatial variation of the signal is not
straightforward. Note, that using a constant π̂n,0 = π̂0 ∀n ∈ [N ] in
Eq. (5) recovers the lfdr, as used in [8, Algorithm 1].

Deploying clfdr’s with a locally varying prior instead of lfdr’s
with a fix prior offers great potential to increase the detection
power significantly [21]–[23], [26], [27]. In Sec. 3.1, we pro-
pose two approaches to learn a spatially varying prior from the
data. We model πn,0 ∀n ∈ [N ] as a spatially smooth function
πn,0 = g

(
{cm}Nm=1; {pm}Nm=1,m ̸=n

)
. g(·) depends on the sensor

location cn and the locations and p-values of all other sensors.

3.1. Spatial prior estimation
Both methods proposed in this section apply kernel smoothing [28]
in a two-dimensional space. A kernel is a positive real-valued func-
tion K(dq,r; b) of the Euclidean distance dq,r = ||cq−cr|| between
two grid point locations and a scaling parameter b > 0. The max-
imum of the kernel is K(0; b) = 1. Its value typically decreases
with increasing dq,r . The rate of decrease depends on the shape of
the kernel and the value of b, with smaller b resulting in a faster de-
crease. We work with a set K of kernel functions K(·), containing
the most widely used kernel functions with bounded and unbounded
support, see Table 1. We propose a method to automatically select
the kernel and the scaling parameter in Sec. 3.2.

3.1.1. Sensor lfdr smoothing (SLS)
We propose to use the Nadaraya-Watson kernel weighted average
[29], [30] of the lfdr’s estimated for the other sensors,

π̂SLS
n,0(K(·); b) =

∑N
m=1
m ̸=n

K(dn,m; b) · ˆlfdr(pm)∑N
m=1
m ̸=n

K(dn,m; b)
. (6)

The ˆlfdr(pn), n ∈ [N ] are found with [8, Algorithm 1].

3.1.2. Screened null sensor smoothing (SNS)
In this section, we propose a two-step prior estimator for inference
with clfdrs. This procedure is based on a method used to compute
p-value weights in [26].

During the initial screening step, a screened subset NS = {n ∈
[N ] : pn ≥ τ} of sensors is selected. The threshold τ is chosen



Algorithm 1 clfdr-sMoM: Estimation of Ĥ1 with clfdr’s
Input: PN = {p1, . . . , pN}, K, B, αFDR

Output: Ĥ1

1: Determine f̂P|H1
(p) with lfdr-sMoM [8, Alg. 1]

2: for K(·) ∈ K do
3: for b ∈ B do
4: Compute ∀n ∈ [N ]

a: π̂SLS
n,0(K(·); b) (clfdr-sMoM-SLS) or

b: π̂SNS
n,0 (K(·); b) (clfdr-sMoM-SNS)

5: Determine (K∗(·), b∗) = θ∗ = argmax
θ=(K(·)∈K,b∈B)

c(θ)

6: Find π̂n,0 from π̂SLS
n,0(K

∗(·); b∗) or π̂SNS
n,0 (K

∗(·); b∗)∀n ∈ [N ]

7: Compute ˆclfdrn = ˆclfdrn(pn) ∀n ∈ [N ] from Eq. (5)
8: For N < q ≤ Q, find ˆclfdrq by interpolation [8, Eq. (27)]
9: Estimate Ĥ1 with Pr(Hq = H0) = ˆclfdrq ∀ q ∈ [Q] in Eq. (1)

such that NS only contains nodes at which H0 holds with high con-
fidence. A scheme to automatically select τ was proposed in [26].
The screening step is followed by computing

π̂SNS
n,0 (K(·); b) =

∑
m∈NS
m ̸=n

K(dn,m; b)

(1− τ)
∑N

m=1
m ̸=n

K(dn,m; b)
. (7)

The numerator in Eq. (7) contains the empirical count of the number
of sensors where H0 holds, weighted by their distance to sensor n ∈
[N ]. The denominator represents the expected number of sensors at
which H0 is in place, weighted by their distance to sensor n ∈ [N ].
For K(·) = 1, the spatially constant standard estimate [14] for the
proportion of true alternatives

∑N
n=1 1{pn ≥ τ}/N is recovered.

There is a subtle difference between π̂SNS
n,0 (K(·); b) and the estimator

in [26]: In this work, we estimate the prior local null probabilities.
Thus, sensor n is excluded from the sums in π̂SNS

n,0 (K(·); b), n ∈ [N ].
SNS estimates the prior from a screened subset of sensor p-

values. This can cause stability issues, if the sensor network is com-
posed of a small number of sensors.
3.2. A criterion for selecting the best prior
SLS and SNS both require the definition of a certain kernel func-
tion K(d; b) and a bandwidth parameter b. A generally optimal
kernel/scale parameter combination does not exist. The practitioner
may not necessarily possess the required a priori knowledge to con-
fidently select a kernel and a scale parameter for a certain application
upfront. Hence, we propose a criterion to automate the selection of
the best prior from a set of candidates.

Let the z-score at sensor n ∈ [N ] be denoted by zn = Φ−1(pn).
Φ(p) is the standard normal cumulative distribution function (CDF).
Due to the one-to-one mapping between p-values and z-scores,
the PDF of the z-scores can be expressed in terms of the p-
value PDF. Under H0, the z-scores follow the standard normal
PDF, fZ|H0

(z) = ϕ(z). The estimate for the PDF under the alter-
native is f̂Z|H1

(z) = f̂P|H1
(Φ(z)) · ϕ(z). Let π̂n,0(θ) denote the

local prior estimate for sensor n ∈ [N ] that depends on a parameter
θ. The estimated sensor likelihood function (LF) in terms of the
z-score, marginalized over the state of the phenomenon, is then

ln(θ) = π̂n,0(θ)fZ|H0
(zn) + (1− π̂n,0(θ))f̂Z|H1

(zn). (8)

We define the weighted average over marginalized sensor likelihoods

c(θ) =

N∑
n=1

wnln(θ), (9)

where the wn’s represent a set of pre-defined weights such that∑N
n=1 wn = 1. The likelihoods ln(θ) ∀n ∈ [N ] quantify how well

a local prior estimate fits to the data. Thus, we propose to maximize
c(θ) to identify the value of θ for which π̂q,0(θ) fits best to the ob-
servations. The wn, n ∈ [N ] can be used to weight the importance
of individual sensors, for example, to increase the influence of data

Table 1. The set K of kernel functions used in this work.
Name K(d; b)

Gaussian (2πb2)−1/2 exp(−d2/b2)

Exponential (2b)−1 exp(−d/2b)

Epanechnikov 3/(4b) ·
(
1− d2/b2

)
· 1{d ≤ b}

Linear b−1
(
1− d/b

)
· 1{d ≤ b}

Cosine cos
(
πd/(2b)

)
· 1{d ≤ b}

from sensors that are known to provide particularly trustworthy local
summary statistics.

While we use p-values to compute the clfdr’s, z-scores are used
to determine the best kernel/scale parameter combination for the
prior. The reasoning is as follows. fP|H1

(p) is typically large for
a small p. Thus, balancing c(θ) for p-values such that it is not dom-
inated by a couple of very small p-values requires careful selection
of the wn. For z-scores and with uniform weights wn = N−1 ∀n ∈
[N ], all sensors play a similar role in determining θ.

In SLS and SNS, θ = (K(·), b) is a tuple of the Kernel function
and the scale parameter. We observed that it suffices to select a b
that lies within a certain interval of suitable bandwidth parameters.
We deploy a grid search over K and a coarse bandwidth grid B to
identify a tuple of suitable prior parameters.

4. SIMULATION RESULTS
In this section, we analyze the performance of the proposed method
on simulated radio frequency electromagnetic field data. Interesting
behavior refers to spectrum occupancy, i.e., presence of a signal at a
sensor. Thus, the region of anomalous behavior is composed of all
sensors at which a signal is decided to be present. The signals are
simulated with the nonuniform sampling method from [31]. More
details on the data generation are given in [8].

The observation area is discretized by a 100 × 100 grid. We
provide results for three scenarios. Differing propagation condi-
tions lead to differently shaped signal regions in urban and subur-
ban environments. In a suburban environment, the dominance of
the line-of-sight (LOS) propagation path leads to H1 with smooth
boundaries, whereas the large number of scatterers in an urban en-
vironment causes non-LOS (NLOS) propagation and rough region
boundaries.
Sc. A: 2 sources in a suburban environment, low transmission power.
Sc. B: 8 sources in a suburban environment, low transmission power.
Sc. C: 1 source in an urban environment, high transmission power

The regions of anomalous behavior are conceptually very different
for these scenarios, which poses different challenges. In Sc. A, the
local subregions are small and rare. Thus, the nominal FDR is easily
violated if a prior estimator is overly optimistic and associates a too
large region with high signal probability. In Sc. B, H1 covers a large
fraction of the observed area, but the region of anomalous behavior is
composed of many small locally continuous subregions. This tests
the prior’s capability to capture a short-term decrease in the local
null probability. The phenomenon in Sc. C exhibits a large, spatially
continuous region of anomaly, for which a good prior estimate leads
to an increased detection power in a large area.

We also vary the size of the sensor network. We compare results
for N ∈ 300, 1000, 3000 sensors. N = 300 is an extreme exam-
ple, because p-values are available for only 3% of the grid points.
A small number of sensors means that the probability models are
estimated from a small number of observations. We use the same
coarse bandwidth grid B = {0.1 + j/2}40j=1 for clfdr-sMoM-SLS
and clfdr-sMoM-SNS in all scenarios. FDR and detection power are
determined by averaging over 200 realizations of each experiment.
The code to reproduce the result is available on github.
Competitors: Only lfdr-based or clfdr-based MHT methods that
scale well with network size should be applied to perform inference
with large-scale sensor networks. Among the lfdr-based methods,
the method of moment-based approach from [8] (lfdr-sMoM) pro-
vides the best performance. Hence, we compare lfdr-sMoM to clfdr-
sMoM-SLS and clfdr-sMoM-SNS proposed in this work and the also

https://github.com/mgoelz95/lfdr-sMoM
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Fig. 2. Sc. B with N = 300 sensors. First row: The estimated lfdr’s (a) or clfdr’s (b) - (d) for an exemplary run. Second row: The detection
patterns for αFDR = 0.1. Green, red and gray indicate true, false and missed discoveries. Boxes mark sensor locations. The clfdr’s capture
the underlying structure better as indicated by a larger number of true positives.

clfdr-based false discovery rate smoothing (FDRS) from [23].
Table 2 provides the empirical FDR levels and the detection

power for the typical nominal FDR level αFDR = 0.1, i.e., at most
10% of the grid points in Ĥ1 should be false discoveries. The FDR
is strictly controlled for all scenarios and network sizes for lfdr-
sMoM and the proposed clfdr-sMoM-SLS. With clfdr-sMoM-SNS,
the nominal level is violated for Sc. B with N = 300 sensors. This
is due to the initial screening step: If the number of sensors in the
network is already small, further reducing the data used for the esti-
mation of the spatially varying prior by the screening step may yield
an unstable estimate. In fact, the observed FDR violation is caused
by a few realizations of the experiment during which the FDP is
considerably higher than usually. FDRS breaks down completely
for Sc. A. While the empirical FDR decreases with increasing N ,
the nominal level is violated substantially for all considered network
sizes. We conclude that FDRS can overestimate the regions of low
null probability in scenarios where H1 is small.

Table 2 shows that the appropriate incorporation of a spatially
varying null prior leads to massive gains in detection power. With
clfdr-sMoM-SLS, the detection power is about 50% higher than with
a spatially constant prior. With clfdr-sMoM-SNS, the gain reaches
almost 100%. FDRS provides a lower gain, despite violating the
nominal FDR in some cases.

In Fig. 2, we provide the estimated lfdr’s and clfdr’s to illus-
trate that the gain in detection power for clfdr-sMoM-SLS and clfdr-
sMoM-SLS is caused by an improvement in the estimated spatial
signal structure. In Fig. 3, the empirical FDR and the detection
power are plotted versus the nominal αFDR for Sc. C. The plots un-
derline that our methods maintain FDR control for a wide range of
nominal levels. In addition, we see that a substantial gain in detec-
tion power for all αFDR is obtained.

Both proposed methods, clfdr-sMoM-SLS and clfdr-sMoM-
SNS result in significantly more accurate estimates Ĥ1 than existing
methods. For a sensor network with small N , we recommend
clfdr-sMoM-SLS to guarantee strict FDR control. If the sensor net-
work comprises more nodes, we recommend clfdr-sMoM-SNS, as it
provides the maximal gain in terms of detection power.

5. CONCLUSION
We have proposed a novel method to identify the regions of anoma-
lous, interesting or different behavior in spatial phenomena. The
method is efficient in terms of computational complexity, bandwidth

Table 2. FDR and detection power for all considered scenarios and
network sizes with nominal FDR level αFDR = 0.1. The FDR is
strictly controlled by lfdr-sMoM and the proposed clfdr-sMoM-SLS.
clfdr-sMoM-SNS violates αFDR in Sc. C when N is very small, but
in general provides the highest power. FDRS breaks down for Sc. A.

N = 300 N = 1000 N = 3000
FDR Power FDR Power FDR Power

Sc. A

lfdr-sMoM [8] .039 .117 .023 .138 .028 .163
FDRS [23] .415 .239 .324 .294 .264 .377

clfdr-sMoM-SLS .031 .211 .022 .260 .026 .283
clfdr-sMoM-SNS .109 .224 .034 .320 .013 .404

Sc. B

lfdr-sMoM [8] .070 .263 .050 .286 .052 .302
FDRS [23] .082 .257 .057 .312 .047 .378

clfdr-sMoM-SLS .052 .375 .038 .410 .038 .431
clfdr-sMoM-SNS .156 .494 .068 .560 .030 .604

Sc. C

lfdr-sMoM [8] .079 .283 .062 .295 .060 .297
FDRS [23] .149 .303 .095 .331 .074 .388

clfdr-sMoM-SLS .063 .406 .051 .417 .055 .418
clfdr-sMoM-SNS .088 .518 .048 .555 .028 .577
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Fig. 3. Sc. C with N = 1000 sensors. The FDR is controlled at all
levels except for FDRS at small αFDR. The proposed clfdr-sMoM-
SLS and clfdr-sMoM-SNS provide the largest detection power.



and energy consumption. We incorporated a spatially varying prior
into a multiple hypothesis testing method. This boosts the detection
power in comparison to existing work. The prior has to be estimated
such that the underlying spatial structure of the phenomenon of inter-
est is captured with high fidelity. Otherwise, the constraint on false
positives is violated. Our results demonstrate that a high-quality lo-
cal prior can be learned from the data fully autonomously.
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no. 4, pp. 359–372, 1964.

[31] X. Cai and G. Giannakis, “A two-dimensional channel simulation
model for shadowing processes,” IEEE Trans. Veh. Technol., vol. 52,
no. 6, pp. 1558–1567, Nov. 2003.

https://arxiv.org/abs/2108.12314

	 Introduction
	 Problem Formulation
	 Proposed Method
	 Spatial prior estimation
	 Sensor lfdr smoothing (SLS)
	 Screened null sensor smoothing (SNS)

	 A criterion for selecting the best prior

	 Simulation Results
	 Conclusion
	 References

