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Abstract—Near-surface imaging with distributed sensor net-
works (DSN) is promising for planet exploration, which af-
fordably generates a near-surface velocity model. Recently, an
Eikonal tomography-based ambient noise seismic imaging (ANSI)
algorithm was implemented in a DSN to realize real-time and
in-situ near-surface imaging. However, only using data from
neighbors to generate a velocity map cannot have enough stacking
samples to generate high-quality results. Also, the neighbor range
increase will result in the exponential rise of communication
costs. To overcome this problem, we propose a new decentralized
Eikonal tomography algorithm in the DSN. The main idea is to
change the source-based algorithm to a receiver-based one, which
we call common receiver decentralized Eikonal tomography (CR-
TomoEK). With CR-TomoEK, nodes fully utilize signals from
neighbors to generate partial velocity maps, when combined, lead
to the final output. When compared with the original Eikonal
algorithm, the stacking number is significantly increased, output
quality is higher than before, and there is a significant reduction
in communication cost. We performed experiments on both
synthetic data and real data from the USArray Transportable
Array. Both imaging quality and communication cost are con-
sidered in the algorithm validation. The result shows that our
algorithm significantly increases the output quality while keeping
the communication cost safe to generate a real-time result.

Index Terms—Distributed computing, ambient noise, Eikonal
tomography, Near-surface imaging, sensor network.

I. INTRODUCTION

NEAR-SURFACE imaging of other planets is a significant
challenge in space exploration, but such information

is valuable in understanding the nature and resources other
planets have to offer. In 2018, the InSight Mission to Mars
started to collect seismic data, which gives us a chance to
improve our knowledge of Mars’s interior with geophysical
techniques [1]. The Europa Clipper mission, which would
conduct detailed reconnaissance of Jupiter’s moon Europa
and investigate whether the icy moon could harbor conditions
suitable for life, is planned for launch in the early 2020’s [2].
Thus, if we can generate a high-quality image of the near-
surface structure with seismic data, the scientific potential and
social impact will be significant and broad widespread [3]. In
Earth seismology, the typical approach involves gathering and
processing data at a data center. In this case, data transfer at
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seismic bandwidths (less than 100Hz) is usually not a major
problem; however, if we want an in-situ computation inside
the sensor network, we need to consider the data transmission
cost within the network [4], [5].

On other planets, two challenges are the facts that envi-
ronmental conditions can be extreme and the device must run
automatically without human operation. Utilizing a distributed
sensor network (DSN) [6], [7] could be a solution to this
problem: in this network, every node can be a unit with nec-
essary sensors and computers; using a decentralized algorithm
makes sure that a robust network which can operate without a
head node. All nodes collect and process data independently,
while communicating with each other in order to generates
a near-surfaces image. Fig. 1 sketches this planet exploration
sensor network. The mechanism can also be applied to other
topics such as hydrothermal and volcanic observation [8], [9],
mining safety monitoring [10], infrastructure monitoring [11],
and geophysical analysis [12], [13].

Fig. 1. Near-surface exploration on other planets with ambient noise seismic
imaging process.

In this paper, we propose an algorithm named common re-
ceiver decentralized Eikonal tomography (CR-TomoEK) based
on ambient noise seismic imaging (ANSI), which is a widely
used technique in geophysics [14]. ANSI’s original intention
was to provide a near-surface image when the target area lacks
active sources, like earthquakes [15]. ANSI is a travel time
tomography method; however, instead of picking the arrival
time on the receivers raw data, it uses the cross-correlation re-
sult between two nodes to first estimate the Green’s functions,
which are effectively the seismograms produced by an impulse
source at one station recorded at the other, then picking the
travel time [16]. The tomography process is the inversion from
the travel time to the slowness (or velocity) of the material.

Eikonal tomography is an ANSI algorithm which only needs
data from neighboring points [17], [18]. This characteristic
makes Eikonal tomography suitable in a distributed system
[5]. Recently, researchers implemented Eikonal tomography
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in a DSN to obtain near-surface imaging [19]. However, data
from very short distances were not used, which is inefficient.
In addition to having a small data transmission range, the
stacking samples are also insufficient to generate precise
and high-quality results [14]. To address these challenges,
this paper investigates how to fully utilize the data from
neighboring nodes to perform high-quality ANSI computation
with constrained resources. We derive the proposed imaging
algorithm in detail and analyze the communication cost.
Extensive experiments have been done using synthetic data
generated with FMST package from i-earth [20] and real data
collected from EarthScope Transportable Array (USArray),
which records seismic data across the United States.

The main contributions of this paper can be summarized
as: i) A novel distributed Eikonal algorithm which generates a
near-surface image with the full utilization of signals from
neighbors, ii) a reduced-communication method for cross-
correlation between nodes that allows the system to generate a
high stacking sample result using less data transmission while
meeting bandwidth constraints, iii) the mathematical derivation
of the algorithm, iv) a checkerboard test and a real data test
to show the quantitative analysis of the image quality, error
to ground truth and communication costs compared to other
approaches.

II. RELATED WORK

ANSI is a widely used geophysical method for extracting
surface wave velocity maps. The method has been applied
worldwide including North America [21], Asia [22], Eu-
rope [23], and Australia [24].

Traditional ANSI algorithms consider the travel time inver-
sion as a matrix solution problem [25]. Although researchers
also perform ambient noise tomography with Monte Carlo
method [26]. In the traditional approach, all-to-all travel time
measurement is needed to construct a big matrix to describe
the problem. To improve the quality, an array of seismic
stations is utilized to gather information and treat all travel
time measurements together [18]. The quality of the output
depends on the number of sensors, the space between them and
the stacking number [27]. Although it can generate velocity
maps successfully, it requires a long time to arrange the
sensors, collect data and process data. The data processing
usually needs a high-performance computer cluster and takes
several days even months.

The first attempt to compute ANSI in DSN was made in our
previous work [19]. We proposed distributed Eikonal tomog-
raphy: the sink nodes generate partial maps with neighbors’
raw data, and they share the partial map to generate the final
map. In 2018, we improved all steps of ANSI to obtain a
complete system, including recording raw data, performing
distributed cross-correlation, calculating in-situ frequency-time
analysis, deriving travel time measurement, performing dis-
tributed Eikonal tomography and visualizing velocity maps
[28]. However, our previous approach has a limitation: the
conflict between the neighbor range and the output quality. If
the neighbor range is too small, the stacking samples of the
previous algorithm are low.

In this paper, we carefully re-design the distributed algo-
rithm of the Eikonal tomography. Instead of generating partial
maps independently in each sink node, we have partial maps
generated in a distributed way, and the load is balanced over
the whole network. To the best of our knowledge, this new
algorithm is the first algorithm that can be shown to have the
same theoretical quality as the centralized method.

III. DISTRIBUTED ALGORITHM DESIGN

The distributed Eikonal tomography implementation in-
cludes calculating travel time, solving the slowness (the inverse
of velocity) map with interpolation, and solving the consensus
velocity map with stacking. The quality of the final velocity
map depends on the stacking number and the accuracy of the
Green’s function measurement. The stacking number depends
on the active nodes and the imaging range. To explain our CR-
TomoEK clearly, we will cover the basic Eikonal tomography,
the network topology, data transmission, distributed interpola-
tion, and the final map generation, separately.

A. Eikonal ANSI framework

The basic Eikonal ANSI methodology involves: using seis-
mic sensors to measure the ambient noise; calculating the
cross-correlation of the signals with neighbors; performing a
frequency-time analysis to obtain travel-time measurements of
the ambient noise signal; spatial interpolation to generate a
travel time surface; solve the first-order gradient of the travel
time surface to get a single slowness; stack the slowness maps
and solve the reciprocal of slowness to build velocity maps. In
this paper, we mainly focus on how to improve the distributed
Eikonal tomography and reduce the communication cost. The
workflow is shown in Fig. 2.

Fig. 2. Workflow of the proposed distributed Eikonal tomography.

The Eikonal tomography is an interpolation-based method.
It does not need an initial model of the medium for computing,
and only needs the travel times between each pair of stations.
The gradient of the travel times provides information about
local directions and the travel speed of the waves. Hence,
deriving phase velocity maps is possible. This attribute makes
Eikoneal tomography suitable to be implemented in a dis-
tributed way. The Eikonal tomography is not as accurate as
of the other iterative inversion method like full waveform
inversion. However, if we want a more detailed structure, the
Eikonal result could be a good initial model of the iterative
inversion method.

Define τ(ri, r) as the travel time for positions r relative to
a node ri. The Eikonal equation [18] is based on the solution
of the Helmholtz equation:

1

ci(r)2
= |∇τ(ri, r)|2 −

∇2Ai(r)

Ai(r)ω2
. (1)
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At high frequencies, when the right-hand term is small
enough, we drop the second term on the right-hand side of
equation 1, we can get:

k̂i
ci(r)

∼= ∇τ(ri, r), (2)

where, ci is the phase velocity for event i at position r. k̂i is
the unit wave number vector for the event i at position r. ω
is the frequency, and A is the amplitude of an elastic wave
at position r. The gradient is computed relative to the field
vector r. It is clear that the slowness only depends on the
local gradient on r.

In the isotropic model, to reduce the errors, a mean slowness
S0 and standard deviation σS0 are calculated to obtain the
isotropic phase speed, following:

S0 =
1

n

n∑
i=1

Si, (3)

σS0
=

1

n(n− 1)

n∑
i=1

(Si − S0)
2, (4)

where n is the stacking number. If we have enough stacking
numbers, we can use the elliptical-anisotropic wave equation
to measure the anisotropic phase wave velocity [29]. Si de-
notes the distribution of slowness measurements. The isotropic
phase speed c0, and its uncertainty σc0 are calculated as:

c0 =
1

S0
, (5)

σc0 =
1

S2
0

σS0
. (6)

B. Network topology

In the centralized TomoEK, all-to-all cross-correlation is
needed. The generation of every single slowness map involves
the information of all nodes. The network topology of the
centralized method is shown in Fig. 3(a). The red circle is
the virtual source node; green and yellow nodes are receivers.
To get the travel time measurement, all receivers are active
nodes that send their raw data to the virtual source node. In
Eikonal tomography, there are minimum travel time constraints
that the short travel time will be discarded due to concern
uncertainty. This process result in a blank area around the
virtual node, the imaging area is the pink square except the
blank circle. The previously distributed Eikonal tomography
collect the neighbors’ data to source node, we call it common
source Eikonal tomography (CS-TomoEK). The faraway nodes
are ignored, the single slowness map is turned to be partial
slowness map [19]. The network topology of CR-TomoEK is
shown in Fig. 3(b), where the imaging area is a ring. The
network topology of the common receiver cluster distributed
method is shown in Fig. 3(c). We consider the red circle and
purple circles as the cluster head nodes (or sink nodes) of the
DSN, which is the backbone of the whole sensor network.
Each small circular area is a cluster headed by one sink node.

Same as the Fig. 3, the green nodes are receivers, and
the red node is the virtual source. The difference is that,

Fig. 3. (a) Network topology for the centralized solution of the Eikonal
equation. (b) Network topology for the virtual common source cluster solution
of the Eikonal equation. (c) Network topology for the common receiver cluster
solution of the Eikonal equation.

in the common receiver cluster, the radius of the cluster
can be smaller because it avoids the minimum travel time
constraints inside the cluster. We will explain the detail of
this in the cross-correlation section. The CR-TomoEK can
be implemented with a minimum connected dominate set
(MCDS) where the range of the cluster could be limited in
the one hoc transmission range of the routing device [30].

The source-receiver a distance will limit the construction
of a deeper velocity map. This is another reason that we use
CR-TomoEK. In CS-TomoEK, the source-receiver distance is
limited in one hoc routing. But in CR-TomoEK, we send the
source data more than one hoc. It means we have a longer
source-receiver distance. With CR-TomoEK, we will have a
deeper result than CS-TomoEK.

C. Optimized data transmission and communication

One important innovation of CR-TomoEK is that we can
optimize the data transmission with common receiver clusters.
In this section, we give the theoretical data transmission
volume in common source clusters and common receiver
clusters to show the advantage of common receiver clusters.

Fig. 4. Framework of common source cluster based Eikonal tomography.

Fig. 4 shows the data transmission in the common source
cluster. We define node Rij as the jth receiver node belong to
the cluster i, Si is the cluster head node and also the virtual
source node. Since this is a common source cluster, the data
inside the cluster is sent to the cluster head node. The data
received by Si should be:

Drecv(Si) = Dsent(Ri1, Ri2, ..., Rij , ...)

= Draw(Ri1, Ri2, ..., Rij , ...).
(7)

As shown in Table. I, the raw data only exchanged inside
the cluster. Once the S1 received all data from receiver nodes,
it starts to calculate the slowness map S(S1). In the next stage,
S1 shares the slowness map with S2 and S3. The final map is
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Fig. 5. Framework of common receiver cluster based Eikonal tomography.

the aggregation among S(S1), S(S2) and S(S3). Considering
the cluster radius can be larger than the one hoc transmission
range of the device, and the long-distance data exchange is
important to improve the imaging quality, the communication
cost could still huge if we want to get a good result.

TABLE I
DATA TRANSMISSION IN COMMON SOURCE CLUSTER.

Cluster 1 Cluster 2 Cluster 3
Direction Data Direction Data Direction Data

R11-S1 D(R11) R21-S2 D(R21) R31-S3 D(R31)
R12-S1 D(R12) R22-S2 D(R22) R32-S3 D(R32)
R13-S1 D(R13) R23-S2 D(R23) R33-S3 D(R33)
R14-S1 D(R14) R24-S2 D(R24) R34-S3 D(R34)
R15-S1 D(R15) R25-S2 D(R25) R35-S3 D(R35)
R16-S1 D(R16) R26-S2 D(R26) R36-S3 D(R36)
R17-S1 D(R17) R27-S2 D(R27) R37-S3 D(R37)
R18-S1 D(R18) R28-S2 D(R28)

R29-S2 D(R29)

Fig. 5 shows the data transmission in the common receiver
cluster. To make the data set a common receiver collection,
we send the raw data from virtual source nodes to receiver
nodes. When the two nodes are too close, we consider the
travel time estimation is not accurate. The reason is that the
absolute travel time is shorter but the estimation error is still on
the same level. We discard the short travel time estimation and
we call it minimum travel time constraints. Since the radius of
the cluster is small, there is a simple method to avoid minimum
travel time constrains: do not send the raw data from the inner
cluster head node and broadcast the raw data from the outer
cluster head nodes.

The raw data exchange includes two steps: data exchange
between the cluster head nodes and the local broadcast in each
cluster. Using Fig. 5 as an example. In the first step, the Si will
share raw data with other virtual source nodes. Although this
is long-distance data transmission, transmission only occurs
on the backbone and only the raw data originally from the
virtual source node will be transmitted. After this step, all
the virtual source nodes have a data set that contains the raw
data from all virtual source nodes. The second step is that the
virtual source nodes act as the cluster heads and broadcast
the raw data package except its data. We do this because the
receiver cluster is small and usually its cluster head does not
meet the minimum travel time constraints. Finally, gathered
on each receiver node, the data received by Rij should be:

Drecv(Rij) = Dsent(Si)

= Drecv(Si)

= Draw(S1, S2, ..., Si−1, Si+1, ...).

(8)

In Table. II, transmitted data are only D(S1), D(S2),
D(S3). Finally, data from virtual source nodes will be sent
to the whole clusters.

TABLE II
DATA TRANSMISSION IN COMMON RECEIVER CLUSTER.

Cluster 1 Cluster 2 Cluster 3
Direction Data Direction Data Direction Data

S2-S1 D(S2) S1-S2 D(S1) S1-S3 D(S1)
S3-S1 D(S3) S3-S2 D(S3) S2-S3 D(S2)
S1-R11 D(S2, S3) S2-R21 D(S1, S3) S3-R31 D(S1, S2)
S1-R12 D(S2, S3) S2-R22 D(S1, S3) S3- R32 D(S1, S2)
S1-R13 D(S2, S3) S2-R23 D(S1, S3) S3-R33 D(S1, S2)
S1-R14 D(S2, S3) S2-R24 D(S1, S3) S3-R34 D(S1, S2)
S1-R15 D(S2, S3) S2-R25 D(S1, S3) S3-R35 D(S1, S2)
S1-R16 D(S2, S3) S2-R26 D(S1, S3) S3-R36 D(S1, S2)
S1-R17 D(S2, S3) S2-R27 D(S1, S3) S3-R37 D(S1, S2)
S1-R18 D(S2, S3) S2-R28 D(S1, S3)

S2-R29 D(S1, S3)

Algorithm 1 shows the set up of MCDS and data transmis-
sion of CR-TomoEK. Ideally, if the cluster range is infinity,
the common source cluster and the common receiver cluster
will get the same source-receiver pairs. However, the number
of the receiver node is much greater than the source nodes. By
using the common receiver cluster only transmits source data,
we can use less raw data transmission to get the same result.
With MCDS, which only has one hoc transmission in clusters,
the common source cluster will lose most of its information
due to the minimum travel time constraints while the common
receiver cluster keeps most of the source-receiver pairs. For a
given topology and fixed start point and transmission range, it
is easy to get a fixed MCDS result [31].

Algorithm 1 Create MCDS and data transmission algorithm
1: Define L (Transmission range of routing device)
2: Calculate N (Number of clusters) with MCDS constrains
3: Create S (Virtual source set) with MCDS(L,N )
4: if self is Si in S do
5: for source Sj in S and i! = j do
6: Sent raw data D(Si) to Sj

7: Receive raw data D(Sj) from Sj

8: Broadcast D(Sj) to neighbors with flag j
9: end

10: end
11: if self is not in S do
12: Create flag set F
13: Create local data set Drecv

14: While received flag j is not in F do
15: Receive D(Sj) and add D(Sj) to Drecv

16: Add j to F
17: end
18: end

D. Spatial interpolation of traveltime

The final velocity map is generated by the gradient of the
travel time surface, which is the interpolation of common
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source travel-time results. Define the longitude and the latitude
of the virtual source node as (Xs, Ys) and the longitude and
the latitude of the receiver as (Xr, Yr), the T (Si, Rij) can be
rewrote as T (Xs, Ys, Xr, Yr). When the source is fixed, the
travel time will be a binary function depending on (Xr, Yr).
The size of the travel time surface depend on the input pa-
rameters, and the travel time surface is an interpolation result
on the defined grid points using the T (Xr, Yr) as reference
points. With the common source cluster, the interpolation is
easy to implement, usually, a 2D spline interpolation is used to
solve the problem. However, with the common receiver cluster,
the spatial interpolation of travel time is a larger challenge. In
this section, we show a distributed approximation of the spline
interpolation to overcome this challenge.

Fig. 6. Sketch of the interpolation implementation. (a) Spline. (b) Local cubic.

Traditionally, Eikonal tomography interpolates with the de-
launay triangulation spline method. It first separates the grid
area into triangles as Fig. 6(a). In each individual triangle, to
make the time surface smooth, the time on the grid inside the
triangle approximated by a bi-cubic function in the following
form:

T (x, y) ≈
3∑

i=0

3∑
j=0

aijx
iyj . (9)

The grid points is belonging to the same triangle share one
bi-cubic function, which has 16 weights aij (i, j = 0, · · · , 3).
The constraints of the spline are that on the vertices and edges
of triangles, the actual value, the gradient and the Hessian
of T (x, y) are continuous, which is named as the continuum
hypothesis. If we construct a matrix containing the information
of all reference nodes to solve, it is a centralized interpolation.

However, with the common receiver cluster, a single re-
ceiver node only has the estimated travel-time from the sources
to itself. To make the interpolation distributed, we need to
overcome the continuum hypothesis. We use a simplified cubic
equation to approximate the travel-time function:

T (x, y) ≈ a1x3 + a2x
2y + a3xy

2 + a4y
3 + a5x

2

+a6xy + a7y
2 + a8x+ a9y + a10,

(10)

where, we ignore the high-order terms because the result we
want is only related to the first-order derivation of the equation.
This cubic function only has 10 weights ai (i = 0, · · · , 10).

The division of the grid area is also different from the
former one. Instead of the delaunay triangulation, we use
the voronoi diagram to complete area separation. We call it
local cubic interpolation. We define the boundary of different
approximation areas by the perpendicular bisectors between
reference nodes. In Fig. 6(b), the boundaries is illustrated as

the blue curve. It is not a continuum boundary. Instead, we
use the actual value of the neighbor nodes as the constrains:

Aa = T, (11)

where A is a n by 10 matrix where n is the number of the
reference nodes:

A =


x31 x21y1 ... 1
x32 x22y2 ... 1
... ... ... ...
x3n x2nyn ... 1

 , (12)

and a is a vector of weights:

a =
[
a1 a2 a3 ... a10

]T
, (13)

and T is the vector of the actual value of the reference nodes:

T =
[
T (Xr1 , Yr1) T (Xr2 , Yr2) ... T (Xrn , Yrn)

]T
.

(14)
To implement the interpolation, we need to solve weight

vector a. In our experiment, we limit the reference nodes to
10 nearest neighbor nodes, and if the reachable neighbors are
not enough, we do not calculate slowness on this node. When
the reference node number is more than 10, it is an over-
determined problem, and we solve the least-square solution;
when the number of reference nodes is less than 10, it is
an under-determined problem, the solution minimizes the L2

norm of a. Usually, the problem in the geophone sensor array
is a positive definite problem or over-determined problem.

With local cubic interpolation, the spatial interpolation of
travel time can be also computed by the whole sensor network
in a distributed approach. A possible drawback is that the
non-continuum boundary may introduce some error. However,
our target is the velocity model, which is not necessarily
continuous. In this case, local cubic interpolation is a good
approximation of the traditional spline. We also show the
comparison of these two methods in the experiment.

E. Generation of the final velocity map

The slowness is the first-order derivation of the travel time
surface. For a given grid size (m,n), we calculate the slowness
on two vertical axes separately:

Sx(xi, yj) =
∂T

∂x
=
T (xi+1, yj)− T (xi−1, yj)

2dx
, (15)

Sy(xi, yj) =
∂T

∂y
=
T (xi, yj+1)− T (xi, yj−1)

2dy
, (16)

and finally we can calculate the slowness and azimuth with
the Sx and Sy:

S(xi, yj) =
√
Sx(xi, yj)2 + Sy(xi, yj)2, (17)

azimuth(xi, yj) =
Sx(xi, yj)
Sy(xi, yj)

. (18)

In equations 15-18, the coordinate (x, y) is the location of
the receiver, which also has a fixed implicit parameter: the
location of the virtual source. The final slowness result is the
stacked result with equations 3-6, and the number of different
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virtual sources becomes the stacking number. In isotropic
media, we do not use the azimuth, but the azimuth can be used
to estimate an anisotropic velocity map. So this algorithm can
also be useful for estimating the anisotropic velocity model.

The final velocity result is the reciprocal of the slowness,
which is also an m by n matrix. Algorithms 2 and 3 show
how the receiver nodes and head nodes work after the raw
data transmission until the final output. In the next section,
we show the experiments to validate the algorithms.

Algorithm 2 Local isotropic slowness algorithm
1: Initialize Resolution in m × n
2: Define local raw data as Dl, latitude as xl, longitude as yl
3: Define minimum reference point as k
4: Set interpolate grid onto a m × n grid
5: for Drecv(Sj) in Drecv do
6: Calculate cross correlation between D(Sj) and Dl

7: Estimate traveltime T (Sj) and add it to Tl

8: end
9: Send (Tl, xl, yl) to neighbors

10: While until receive from all neighbors or reach MaxTime
11: Receive (T, x, y) from neighbors
12: Append it to local data as (Ti, xi, yi)
13: end
14: if i larger than k do
15: for each point p in m × n grid do
16: if the closest reference point of p is (xl, yl) do
17: Calculate time interpolation result T (Sj , p)
18: Calculate slowness S(Sj , p)
19: Update local slowness S(p) with S(Sj , p)
20: Send S(p) to cluster head
21: end
22: end
23: end

Algorithm 3 Final velocity map algorithm
1: Initialize nodesID as k.
2: Initialize weight Wk as zero.
3: While until receive from all neighbors or reach MaxTime
4: Receive S(p) and add S(p) to local partial map Sk

5: Wk(p) = Wk(p) + 1
6: end
7: Send Sk and Wk to other heads
8: While until receive from all other heads or reach MaxTime
9: Received partial map Si and weight Wi

10: Update local slowness map Sl by add Si

11: Update local weight Wl by add Wi

12: end
13: Calculate final map by (Wl/Sl)

IV. EXPERIMENTS AND EVALUATION

A. Experiment 1: Test with checkerboard synthetic data

In this experiment, we use a checkerboard velocity map to
test the algorithm. We generate synthetic travel-time measure-
ments with FMST, which is an iterative non-linear traveltime
tomography package in 2-D spherical shell coordinates [20].
The sensor array is a 21×31 grid, so includes 651 nodes.
The latitude range is (−34.5◦,−14.5◦), the longitude range
is (120.5◦, 150.5◦). Grid spacing is (0.1◦× 0.1◦). Fig. 7(a) is
a plot of the sensor array, we randomly choose 17 nodes in
the array to act as the virtual source nodes (red nodes), and

the others are the receiver nodes (blue nodes). Fig. 7(b) shows
the checkerboard velocity map used in this experiment. The
background velocity is 5.0km/s, the maximum perturbation
of velocity is 0.8km/s. The velocity uncertainty is 0.3%.
This velocity map is the ground truth of this test. Using
the velocity model as the input of FMST, the output of the
FMST is the travel-time between a given source-receiver pair.
In this experiment, we use the FMST to replace the cross-
correlation in the real field test, but the measurements of
the communication cost is still based on the theoretical data
transmission volume including the cross-correlation part. With
this checkerboard test, we can validate the algorithm with
ground truth, which we cannot get with real field deployment.

Fig. 7. (a) The observing sensor array. Filled red circles are virtual source
nodes, open blue circles are receivers. (b) Ground truth velocity map.

1) Comparison of different interpolation methods: The cen-
tral step of the Eikonal tomography is the spatial interpolation
of the travel time. To implement the CR-TomoEK, we need to
use local cubic interpolation instead of spline interpolation. In
this case, we need to validate that the local cubic interpolation
result is good as a tomography image.

We interpolate the travel time field on a denser regular grid.
The regular grid is convenient for the later gradient calculation.
The size of the grid is a predefined parameter. It is related to
the resolution of the final output. In this method, the high
resolution does not necessarily mean the high result quality,
we need to choose the appropriate interpolation grid size.

To validate the interpolation method, we generate two
centralized results with spline interpolation and the local cubic
interpolation. The results are shown in Figs. 8 and 9. Both
results with spline interpolation and local cubic interpolation
can reveal the basic structure of the ground truth checkerboard
map. The difference is that the local cubic interpolation
method adds some additional noise to the output image, which
can be seen on the error map. We also calculate the average
value distance of the two results:

error =

m∑
i=1

n∑
j=1

∣∣∣Ṽij − V ∗
ij

∣∣∣ / m∑
i=1

n∑
j=1

∣∣V ∗
ij

∣∣ , (19)

where Ṽ and V ∗ are the ground truth velocity map and the
generated velocity maps respectively, The error of the spline
result is 2.90% and the error of the local cubic result is 2.99%.
The difference between the two methods is tiny, and the local
cubic result has a similar effective resolution as the spline
result. The experiment results show that local cubic method
can be used in Eikonal tomography as a distributed spatial
interpolation method.
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Fig. 8. Centralized Eikonal tomography result with spline interpolation. (a)
Output velocity map. (b) Error between the output and the ground truth.

Fig. 9. Centralized Eikonal tomography result with local cubic interpolation.
(a) Output velocity map. (b) Error between the output and the ground truth.

Fig. 10. (a) The final velocity map generated by CS-TomoEK. (b) Error
between the output velocity map and the ground truth.

Fig. 11. (a) The final velocity map generated by CR-TomoEK. (b) Error
between the output velocity map and the ground truth.

2) Performance and accuracy analysis: Figs. 10 and 11
show the distributed results with CS-TomoEK and CR-
TomoEK, respectively. The radius of the cluster is set to 10
degrees in latitude and longitude. The minimum travel time is
set to 45s. We use the same color-map from ground truth to
plot the output velocity map. Both the CS-TomoEK and the
CR-TomoEK results reveal the structure of the checkerboard.
In the CS-TomoEK result, there are structures on the boundary
of the ring area, and there is also some unsampled empty areas
on the map. However, in the CR-TomoEK result, the output
image is smooth on the cluster boundary and the non-covered
empty area is reduced compared with the CS-TomoEK result.
This result shows that the CR-TomoEK can generate a better
global velocity map. However, in the middle part of the single

cluster, the additional noise from CR-TomoEK introduces
small spurious structure. Overall, the CR-TomoEK result has
higher quality than CS-TomoEK. The absolute error between
the output velocity map and the ground truth shows that the
CR-TomoEK has a similar error level with the centralized
result, the average value distance of the CR-TomoEK is 3.00%,
which is almost the same as the centralized result (2.99%). For
comparison, we also calculate the average value distance error
of CS-TomoEK result, which is 4.26%.

Fig. 12. Partial slowness map on a single virtual source node. (a) CS-
TomoEK. (b) CR-TomoEK.

Fig. 13. Stacking number. (a) CS-TomoEK. (b) CR-TomoEK.

Because this slowness map is a gradient of travel-time
velocity, it is inaccurate near the virtual source node. The
virtual source node in common source cluster is also the cluster
head, we can observe structures around inner ring boundary in
Fig. 12 (a). The common receiver cluster uses multiple virtual
sources, and the cluster head does not act as a virtual source
in its cluster. So in Fig. 12 (a), there is no boundary effect
on the outer boundary of the cluster and it does not have the
blank area around the cluster head.

Finally, we show the map of the stacking number in Fig. 13.
In common source cluster, the local slowness is only measured
by source-receiver pairs with one virtual source (the cluster
head), so the basic stacking number in a partial map is 1, the
error can not be attenuated with the stacking process. In the
common receiver cluster, the local slowness is measured by
source-receiver pairs with one virtual source except for the
cluster head. In this experiment, the basic stacking number on
a partial map is 16. In this case, the covered area has at least
16 stacks to reduce the error, and in some parts of the map, it
has 17 stacks (same as the centralized result). The results show
that CR-TomoEK can generate a high-quality image, and the
output images have similar quality with the centralized result.

B. Experiment 2: Test with USArray database

In the second experiment, we use data collected from the
USArray Transportable Array database, shown in Fig. 14.
USArray is a 15-year program to place a dense network of
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permanent and portable seismographs across the continental
United States. In this experiment, we use one year data from
1211 stations. We randomly choose 25 stations as the virtual
source node, and plot them as red points. The distance between
nodes of the USArray is about 50 kilometers. the latitude range
is (25◦, 50◦), the longitude range is (235◦, 280◦). The input
are the measured travel times between stations. The database
does not contain all-to-all travel-time measurements. In the
FTAN part, we calculate the phase velocity from the cross-
correlation result. The delay time is calculated based on the
FTAN curve where the period is between 12s to 20s. On
average, one station has about 500 travel-time measurement
from different stations.

Fig. 14. USArray stations used in our experiment. Filled red circles are virtual
source nodes, open blue circles are receivers.

1) Performance and accuracy analysis: We generate three
velocity maps with a centralized approach, CS-TomoEK algo-
rithm, CR-TomoEK algorithm respectively. The Fig. 15(a) is
the centralized result. We can compare it with the 3D public
topographic map, observe that the high-velocity area consists
of the mountainous region, that the output velocity can reveal
geologic information. The right side of the map is not accurate
because there are only two stations far away from the other
stations. Eikonal tomography is an interpolation solution, thus
the isolated stations cause the inaccurate results. For the reason
that we do not have the ground truth of this real data, we
use the centralized result as the reference to evaluate the CS-
TomoEK result and CR-TomoEK result.

Figs. 15(b) and 15(c) show the CS-TomoEK and CR-
TomoEK results, respectively. Both of them use the same
color map as the centralized result. From the figures, we can
see that both the CS-TomoEK result and CR-TomoEK result
reveal the basic structure of the velocity. However, the CS-
TomoEK result has more small spurious structures that do not
occur in the centralized result. The velocity range is also larger
than the other two methods. The CR-TomoEK result is closer
to the centralized result. In the high-velocity area, the CR-
TomoEK result is very close to the centralized result; in the
low-velocity area, the CR-TomoEK result has a lower velocity
than the centralized result, but its velocity structure is similar
to the centralized one. Also, the detail in CS-TomoEK result
is hard to explain by the geology information, it is the random
variation. The CR-TomoEK result fits with the geology better

with fewer abnormal structures. The results certify that using
a common receiver-based algorithm can improve the quality
of the output image.

Fig. 16. (a) Absolute error from centralized approach to CS-TomoEK result.
(b) Absolute error from centralized approach to CR-TomoEK result.

In Fig. 16, we plot absolute errors between the centralized
approach with CS-TomoEK and CR-TomoEK. Both results
do not use the information from the distant stations. So the
imaging range is smaller than the centralized result, resulting
in the blue areas on the right sides of the figures. As we
discussed before, even in the centralized result, this boundary
area related to distant isolated stations is not accurate.

To compare the performance of CS-TomoEK and CR-
TomoEK, we address the middle area. Fig. 16 indicates that
the CR-TomoEK result has a smaller error than CS-TomoEK.
We also calculate the average value distance of the two results.
We set the effective range of average value distance as (35, 45)
in latitude and (240, 265) in longitude. The distance between
CS-TomoEK result and the centralized result is 0.60%; the
distance between CR-TomoEK result and the centralized result
is 0.47%. This strengthens the conclusion that CR-TomoEK
has better performance for generating a velocity image.

2) Analysis of communication cost: We compare the com-
munication cost of the proposed distributed CR-TomoEK
algorithms with the centralized algorithm and CS-TomoEK
algorithm. The measurement is based on the number of raw
data messages exchanged to reach the solution. We ignore
the travel time and slowness data exchanged because they
are very small compared with the volume of the raw data.
The communication cost is computed based on the number
of messages that every node receives during the computation.
Fig. 17 shows the communication costs of the three algorithms.
The scale of the color map shows the communication volume.
The unit is the number of received raw data messages. To
compare algorithms, we unify the scale of color map in the
range (0, 1200) in log10 scale.

In the centralized approach, the raw data transmit from
all the stations, which is 1211. The transmission distance is
from zero to the largest distance between two stations. In CS-
TomoEK, the raw data transmission includes data from all the
receiver stations, which is 1186. The transmission distance is
limited to 1000 km. In CR-TomoEK, the raw data transmission
includes data from all the virtual source stations, which is 25.
The transmission distance is from zero to the largest distance
between two source stations and limited to a 1000 km from
source stations to receivers. Although CR-TomoEK includes
two parts of data transmission, 25 is small compared with
other methods. So the communication cost of CR-TomoEK is
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Fig. 15. Output velocity map. (a) Centralized Approach. (b) CS-TomoEK Algorithm. (c) CR-TomoEK Algorithm.

still less than CS-TomoEK while with a better result quality
compared with CS-TomoEK, as shown in Fig. 17.

V. CONCLUSION AND FUTURE WORK

In this paper, we present an innovative distributed tomog-
raphy algorithm CR-TomoEK for real-time seismic imaging
through ambient noise data. This algorithm uses the common
receiver cluster to gather data and calculate the local slowness
in receiver nodes. With the checkerboard test, we showed
that the CR-TomoEK with the distributed solution of the
Eikonal equation can generate a near-surface velocity map
close to the ground truth. We also showed with a real data
experiment, that CR-TomoEK can generate a high-quality
image that is close to the result generated by the centralized
approach. Furthermore, the required transmission volume of
raw data is significantly reduced with CR-TomoEK, which
also balances the communication and the computation load
across the network. To sum up, CR-TomoEK algorithm is an
efficient distributed in-situ algorithm in a sensor network to
generate a high-quality near-surface image in real-time.

We plan to extend this work to more complicated network
typologies, and combine the network to other novel geophys-
ical technique like the seismic gradiometry [32]. Our next
step is to consider the influence of the frequency dispersion
of raw data, since this work is currently limited to a single
frequency range. Considering that different frequencies have
different transmission ranges and group velocities, our future
work looks to address this issues. With a careful network
design and an advanced signal decomposition algorithm, we
can further reduce the communication cost.
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