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Abstract— In this paper a recently introduced signal process-

ing technique is exploited for the interpolation and regularization
of multidimensional sampled signals with missing data, based on
Principal Component Analysis (PCA). The non-iterative method-
ology proposed corresponds to the optimal solution to a regulated
weighted least mean square minimization problem, based on
estimates for the mean and covariance of signals corrupted
by zero-mean noise. Additionally, is deduced an estimate for
the mean square interpolation error, with upper and lower
bounds also available. Some refinements are used to improve the
solution proposed, namely: i) mean substitution for covariance
estimation, ii) Tikhonov regularization and, iii) dynamic principal
components selection. The resulting method will be applied to
bathymetric data, acquired at sea with the advanced robotic tools
IRIS and the Infante AUV, in the passage between the islands
of Faial and Pico, Azores. The results obtained pave the way to
the use of the proposed framework in a number of sensor fusion
problems, in the presence of missing data.

I. INTRODUCTION

During the last decades the scientific community has wit-

nessed a tremendous development on marine technology. It

is nowadays common the widespread use of Autonomous

Surface Crafts (ASCs), Remotely Operated Vehicles (ROVs),

and Autonomous Underwater Vehicles (AUVs) in a number of

missions at sea, see [14] and references therein. Those robotic

vehicles carrying powerful computers, mass storage media,

and state-of-the-art sensors and transducers, have endowed

the scientists with tools that can collect massive quantities

of data on relevant marine quantities. Sensor fusion problems

such as outlier detection and removal, signals interpolation, ex-

trapolation, and reconstruction, data geo-referencing, and data

mining, to name a few, can only be accomplished resorting to

advanced estimation and signal processing techniques.

There is a problem central to all information acquired

during the survey missions: data is not available at uniform

temporal and spatial rates. Other domains where this phe-

nomena occurs are remote sensing, digital communications

(subject to bursts of destructive interferences), estimation and

control in networked systems, and computer vision (when
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occlusions occur), just to name a few. Thus, the problem of

interpolating multidimensional sampled signals with missing

data is central in a series of applications. The estimation and

signal processing scientific communities have been active, for

long time, solving interpolation and reconstruction problems,

see [1], [3], [9], [20] and the references therein for an in-

depth repository of available techniques. Iterative methods

such as the Papoulis-Gerchberg (P-G) [5], [12], [13] and the

Expectation/Maximization (EM) algorithms [15] are the most

commonly used. However, the iterative characteristics of these

methods, with the corresponding computational burden, the

restricted domain of application to band limited signals, and

the low convergence rates verified, preclude their use on a

number of relevant applications.

This paper exploits a recently introduced methodology

developed by the authors [11], that departs from the afore-

mentioned approaches. The interpolation and regularization

of multidimensional sampled signals with missing data is

addressed with a non-iterative methodology based on Principal

Component Analysis (PCA). The proposed method is applied

to bathymetric data acquired during tests at sea. Based on

estimators for the mean and covariance of signals corrupted

by zero-mean noise, the PCA decomposition is performed

and the signal is interpolated and regularized. The optimal

solution is obtained from a regulated weighted least mean

square minimization problem, and not only upper and lower

bounds are provided, but also an estimate of the mean square

interpolation error is introduced. This solution exploits the

refinements found adequate for the problem at hand, namely:

i) mean substitution for covariance estimation,

ii) Tikhonov regularization method and,

iii) dynamic principal components selection.

The generalization of the proposed method to other multidi-

mensional signals, such as magnetometers and gradiometers,

is immediate.

The passage between the islands of Faial and Pico is

probably the best-known shallow-water area in the Azores. A

number of studies using mechanically scan and sidescan sonars

[14] and multibeam sonars [10], [17] have already covered the

main aspects of seabed morphology and character, resulting in

a good knowledge of the general distribution of the different
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bottom types and features. The Espalamaca-Madalena ridge

is one of those structures of great interest for the marine

geologists and was selected to test the capabilities of the sensor

fusion technique central to this work. The results obtained

pave the way to the use of the proposed framework in a

number of sensor fusion problems, in the presence of missing

data. Ultimately, this method aims at overcoming some of the

limitations faced today in marine data fusion problems.

The structure of the paper is the following: in Section II

efficient estimators for the mean and covariance of signals

with missing data are proposed and an optimal solution for

the interpolation and regularization of those signals, based

on PCA, is detailed, in which a number of refinements are

discussed. Lower and upper bounds for the interpolation error

variance are deduced and an estimate of the error’s variance

is presented. In Section III the data acquisition techniques

and the robotic tools used are outlined. Next, the approaches

to geo-referencing the measurements and the transformation

to a local tangent plane are presented. The conversion of

data, obtained during a sea survey mission near the Fail

Island, to a grid layout and the post-mission processing phases

are presented in detail in Section IV, leading to an highly

accurate fused bathymetric map. Finally, Section V unveils

some conclusions and future work.

II. PCA INTERPOLATION FOR MULTIDIMENSIONAL

SIGNALS

In this section a method for signal reconstruction will be

described in detail. It consists of a non-iterative methodology

for the interpolation and regularization of multidimensional

sampled signals with missing data, resorting to PCA. This

method generalizes previous work developed by the authors

[11]. The efficient estimators for the mean and covariance

of signals required to tackle the PCA decomposition for a

set of multidimensional signals will be discussed. Next, the

regularized solution to a least mean squares problem, also

based on PCA, will be presented. Upper and lower bounds

for the mean square interpolation error are deduced. With

special interest for problems where the original signal is not

available, an estimate of the interpolation error’s variance is

determined. Finally, the impact of the missing data on the

interval of validity of the method is discussed.

The interpolation of multidimensional sampled signals with

missing data, corrupted by zero mean noise is conducted based

on the following assumption, central to the rest of the proposed

methodology:

Assumption II.1:

The missing information on the multidimensional sampled

signals are negligible and the available samples, in a number

greater than the selected number of principal components, are

representative of the original signal.

It is important to remark that no assumption on the sto-

chastic characteristics of the noise corrupting the underlying

signal is required, except for the null mean, departing from

the commonly used Gaussian noise characteristics found in

the literature (see the examples presented in [2], [15]). It

is also impossible to distinguish between a noise with non

null mean and the signal itself, however given the approach

for the principal components computation this disturbance is

automatically rejected.

A. Principal Component Analysis

The computation of the PCA decomposition for a stochastic

signal r ∈ l2, i.e. with finite energy, leads to the relation

r = Uv + mx,

where the vector v ∈ l2 is the projection of r on the basis

v = UT (r−mx). The matrix U = [u1u2 . . .uN ] is composed

by the N orthogonal column vectors of the basis, verifying the

eigenvalue problem

Rxxuj = λjuj , j = 1, ..., N, uj ∈ l2. (1)

Assuming that the eigenvalues are ordered, i.e. λ1 ≥ λ2 ≥
· · · ≥ λN , the choice of the first n << N principal compo-

nents leads to an approximation to the stochastic signals given

by the ratio on the covariances associated with the energy of

the components
∑

n λn/
∑

N λN . Departing from the perfect

interpolation setup [19], the matrix Ũ = [u1 u2 . . . un]
with dimensions RN×n, is used as the approximate PCA

transformation.

The advantages of PCA are threefold:

i) it is an optimal (in terms of mean squared error) linear

scheme for compressing a set of high dimensional vectors

into a set of lower dimensional vectors;

ii) the model parameters can be computed directly from the

ensemble covariance;

iii) given the model parameters, projection into and from the

bases, represent computationally inexpensive operations

O(nN).

B. Mean and Covariance Estimators

Consider a set of M multidimensional signals xi ∈ l2 and

an indicator index li, where i = 1, . . . ,M , obtained from a

discrete time real-valued stochastic process corrupted by zero

mean noise and represented as column vectors of length N
after a trivial stacking operation. The index li(j), j = 1, . . . , N
is set to 1 if the jth component of signal xi is available and

zero otherwise. In the latter, the component x(j) is also set

to zero, without loss of generality. Basic results will now be

introduced.

Proposition 1: Given a set of M signals xi, i = 1, . . . ,M ,

with associated indexes li, and the auxiliary vector of counters

c =
∑M

i=1 li:

i) the estimator for the jth component of the ensemble mean

is

mx(j) =
1

c(j)

M
∑

i=1

li(j)xi(j), j = 1, . . . , N ; (2)
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Fig. 1. Diagram describing the interpolation of sampling signals with missing
data.

ii) the estimator for the covariance element Rxx(j, k),
{j, k} = 1, . . . , N , given yi = xi − Limx, can be

computed from

Rxx(j, k) =
1

M − 1

M
∑

i=1

li(j)li(k)yi(j)yi(k). (3)

These estimators resort only to basic signal processing tools

and the proposed covariance estimator is known as the Mean

Substitution technique, see [6], [7] for details.

C. Solution to the Interpolation Problem

To solve the interpolation problem, consider that each

signal xi is obtained from the original signal ri. Given that

some components of the data are not available, the relation

xi = Liri is verified, where Li ∈ RN×N is a diagonal

matrix filled with the indicator index li. An interpolation

operation can be formulated as finding r̃i that minimizes the

weighted l2 norm of the error, as detailed next. Additionally,

the commonly used Tikhonov regularization technique can

also be applied. Let D ∈ R(N−1)×N [18] be the first order

difference matrix and Li ∈ RN×N an auxiliary matrix with

the diagonal filled with the complementary values of the

indicator index li, i.e. Li = I−Li, where I is a identity matrix.

Lemma 1: Consider the original signal ri, from which

there is only available a signal with samples indexed by Li.

The optimal interpolated and regularized signal r̃i, given the

auxiliary matrices D ∈ R(N−1)×N and Li ∈ RN×N , can be

obtained solving the weighted least mean square problem with

two terms expressed as

min
ṽi∈Rn

‖Li(r̃i − ri)‖2
2,W + ‖αD(Liri + Lir̃i)‖2

2,

with the solution that can be obtained resorting to the PCA

decomposition as

ṽi = (ŨT LiWLiŨ + α2ΓT Γ)−1(ŨT LiWyi − α2ΓT Λ),
(4)

where Γ ≡ DLiŨ is the regularization matrix, Λ ≡ D(yi +
mx), and α is a regularization parameter.

Details of the proof can be obtained in [11]. The signal can

then be reconstructed using

r̃i = Ũṽi + mx.

The relations among the underlying signals are depicted in

Fig. 1. According to optimal stochastic minimization tech-

niques [8], the knowledge on the stochastic process character-

istics allows for the optimal choice of the weight W = R−1
xx .

D. Bounds for the Interpolation Error

To characterize a reconstruction method, bounds for the in-

terpolation error of each sample are of paramount importance.

For the proposed method this task can be achieved considering

the following definition for the variance of the interpolation

error in a per interpolated sample basis σ2,

σ2 ≡ E[‖r̃ − r‖]
ηN − 1

.

Inspired on [11], a method to compute the upper and lower

bounds of the interpolation error variance is briefly outlined

next: given the properties of the principal components of a

signal, the following relations are immediate

η

N
∑

i=n+1

λi ≤ E[‖r̃ − r‖2
2] ≤ η

N
∑

i=1

λi.

Scaling the bounds to a per interpolated sample basis, leads

to the final result

∑N

i=n+1 λi

N − 1/η
≤ σ2 ≤

∑N
i=1 λi

N − 1/η
. (5)

Consider now the case where Assumption II.1 is not ver-

ified, i.e. the available samples are less than or equal to the

assigned number of principal components n. In this situation,

the solution to the minimization problem is ill-conditioned,

resulting in a violation on the validity interval

0 ≤ η <
N − n

N
,

deduced according to Assumption II.1. An alternative ap-

proach can be applied in those cases. The number of com-

ponents used for the computation of the minimizing solution

is set to the nearest integer below the current number of avail-

able samples. As a result from this procedure, the proposed

reconstruction algorithm is extended to arbitrarily high values

of missing samples. Assumption II.1. is always verified, given

the adjustment on the principal components used, relative to

the existing information. Note that the lower and upper bounds

in (5) remain valid throughout the whole interval η ∈ [0, 1[.
Interestingly enough, no limitation on the amount of missing

data was found for the application of the method to a number

of problems. For instance, this alternative approach revealed

to be instrumental on the interpolation of bathymetric data.



Fig. 2. Illustration of the prototype of the IRIS survey tool used for the sea
floor measurements (courtesy of MEDIRES).

E. Interpolation Error Estimate

When applying the interpolation method to a signal where

samples are missing, there is no possibility to determine the

interpolation error without knowing the original signal. How-

ever, in what follows, a technique is introduced that indirectly

computes an estimate of the variance of the interpolation error

for each estimated sample, based on the following lemma.

Lemma 2: Consider the original signal ri and recon-

structed signal r̃i, obtained as the solution to the regularized

weighted least mean squares problem, based on PCA. For

the interpolation error ei = r̃i − ri, the error covariance can

be computed, without explicit information about the original

signal, as

R̃eiei
= (Hi − I)Rxx(Hi − I)T + BiB

T
i , (6)

where Hi = ŨVi(Ũ
T LiWLi − α2ΓT DLi), Bi =

α2ŨViΓ
T Dmx, and Vi = (ŨT LiWLiŨ +α2ΓT Γ)−1, for

the sake of compactness.

Proof: From the relations depicted in Fig. 1 and given the

solution to the interpolation problem from (4) it follows that:

ei = r̃i − ri = Ũṽi + mx − wi − mx =

= ŨVi(Ũ
T LiWLiwi − α2ΓT Λ) − wi.

Using the relation Λ = D(yi + mx), and organizing the

previous equation, leads to

ei = [ŨVi(Ũ
T LiWLi − α2ΓT DLi) − I]wi

− ŨViα
2ΓT Dmx,

which can be written in a simplified form as ei = (Hi −
I)wi −Bi. The covariance of ei, Reiei

, is computed through

E{eie
T
i } = E{[(Hi − I)wi − Bi][w

T
i (Hi − I)T − BT

i ]}.
using basic algebraic relations and considering that E{wi} =
0, it follows

Reiei
= (Hi − I)E{wiw

T
i }(Hi − I)T + BiB

T
i .

Fig. 3. Mission survey plan (in red) and executed trajectories of the IRIS
tool, during the mission survey near Espalamaca (courtesy of MEDIRES).

For the missing data problem, it is not possible to compute

the covariance of the original signal. However, there are

efficient estimators available, already introduced, that allow the

computation of an estimate of the covariance of the original

signal. Based on this assumption, E{wiw
T
i } ≃ Rxx, with the

final result

R̃eiei
= (Hi − I)Rxx(Hi − I)T + BiB

T
i .

The variance of the interpolation error of the jth interpolated

sample is determined resorting to the jth diagonal element of

Reiei
.

III. DATA ACQUISITION INFORMATION

The passage between the islands of Faial and Pico is a

very well-known shallow-water area in the Azores. A number

of studies using mechanically scan and sidescan sonars [14]

and multibeam sonars [10], [17] have already been carried

out, covering the main aspects of seabed morphology. Its

characterization lead to a detailed knowledge on the general

distribution of the different bottom types and features. Among

those, the Espalamaca-Madalena ridge is a structure of great

interest for the marine geologists and was selected to illustrate

the capabilities of the sensor fusion technique central to this

work.

A careful survey at sea was carried out near Espalamaca

hill in Horta, Faial Island, Azores, during August 2004. The

survey was performed using the prototype of the IRIS survey

tool developed in the framework of the project MEDIRES [16],

depicted in Fig. 2. This general purpose tool was developed

to survey semi-submerged structures, such as rubble-mound

breakwaters and is equipped with the following sensors:

1) A high accuracy mechanically scanned sonar profiler

(Systems Technologies SeaKing), with a very narrow

beam (1 degree of aperture) and a operational range of

90m.

2) A Global Positioning System (GPS) receiver (Ashtech

DG14), running Real Time Kinematics positioning al-



Fig. 4. INFANTE AUV during the survey, with the Espalamaca hill at the
horizon (courtesy of MAROV).

gorithms, able to accurately provide the IRIS position,

in the WGS-84 datum.

3) An Inertial Measurement Unit (Seatex MRU-6), that

provides accurate measurements of the tool attitude

and velocity of rotation, relative to an inertial frame,

expressed in body fixed coordinates.

A 2D laser range finder can also be used to provide data to

produce high-resolution topographic surveys of the emerged

part of the structures, but it was not used in the present survey.

Instead, a Sidescan sonar was mounted on the INFANTE AUV

[14], to provide high resolution information of the sea floor,

although geo-referenced less accurately. In Fig. 4 it is shown

the INFANTE AUV during the survey, with the Espalamaca

hill on the background.

The sea floor near Espalamaca is characterized by a ge-

ological fault, with weak hydrothermal activity, as depicted

in Fig. 5. To properly cover this area, the survey trajectories

were planned as shown in Fig. 3 (in red), with the trajectories

executed depicted in blue.

A. Geo-Referencing of the Measurements

In what follows, let I be a Earth centered-Earth fixed refer-

ence frame with a geodetic coordinate system where (λ, φ, h)
corresponds to latitude, longitude, and height, respectively.

Also, let S be a body-fixed coordinate frame that moves with

the support vessel with the origin located in a pre-specified

place on the IRIS tool. The following notation is required:

pj = [λj φj hj ]T Positions of frame S (j = 0), first

(j = 1) and second GPS (j = 2)

receivers installed onboard the survey

vessel, relative to frame I, respectively;

Ω Vector of roll, pitch, and yaw angles

that parameterize locally the orientation

of S relative to I;

RS(Ω) Rotation matrix from S to I.
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Fig. 5. The Espalamaca ridge as seen by a sidescan sonar installed on the
Infante AUV (courtesy of MAROV), from a South to North transect.

The Inertial Measurement Unit (IMU) provides measure-

ments of the attitude Ω for the reference frame S relative to I.

The ranging sensor, with an instantaneous scan bearing angle

ε, provides measurements of the breakwater, relative to S.

Assume, without loss of generality, that the sonar is installed at

the origin of the body-fixed frame S, pointing downwards and

that the scanning angle lies on the transversal plane (defined by

the (yS , zS) axes). Thus, the measurements di, corresponding

to the ith measurement resulting from the scanning of the sea

bottom, must be geo-referenced in the inertial reference frame

I and is denoted as mi = [λi φi hi]
T . Taking into account

the instantaneous attitude and position of the surface vessel,

the point scanned can be computed as

mi = p0
i + RS(Ωi)RX(εi)[0 0 di]

T , (7)

where RX(ε) is the rotation matrix from the instantaneous

bearing to the body-fixed frame S.

B. Geodesic Coordinates To Local Tangent Plan Coordinates

In preparation for the application of the proposed interpo-

lation method, the survey data must be converted to a grid

layout. To achieve that purpose, first it is necessary to translate

the data from the geodesic coordinates (in the WGS-84 datum)

to the cartesian coordinates associated to a Local Tangent

Plan (LTP), following the approach discussed in [4]. This

conversion must be applied to each measurement mi, resulting

in the new coordinates m′
i = [xi yi zi]

T , through the following

equations















T (λi) = a√
1−ρ2 sin2(λi)

xi = (hi + T (λi)) cosλi cosφi

yi = (hi + T (λi)) cosλi sinφi

zi = (hi + (1 − ρ2)T (λi)) sinλi

where ρ is the Earth eccentricity and T (λ) the distance from

the Earth surface to the z-axis along the ellipsoid normal.

Next, a rotation matrix RE must be used to translate a point

m′
i to an orthogonal reference system defined with its origin

at the reference point m0 = [λ0 φ0 h0]
T , chosen at any



point of the mission scenario. The vertical axis is set to be

perpendicular to the surface of the Earth (local vertical). The

other axes are perpendicular to the vertical axis, aligned with

the local geographic north and east directions, i.e. a NED
reference frame. This system of coordinates can be written as

t = [e n u]T and forms a right handed coordinate system with

a strong analogy to the usual (x, y, z) coordinates.
The transformation that relates the coordinates in both

frames can then be performed as ti = RE(m′
i − m′

0), with
RE computed as

RE =

24 − sin(λ0) − cos(φ0) 0
− cos(φ0) sin(λ0) − sin(λ0) sin(φ0) cos(λ0)
cos(λ0) cos(φ0) cos(λ0) sin(φ0) sin(λ0)

35 .

(8)

IV. APPLICATION OF THE RECONSTRUCTION METHOD

Throughout this section the steps required to perform the

interpolation and regularization of bathymetric data, resorting

to the method previously proposed are presented. The geo-

referenced measurements, obtained as detailed in Section III,

are converted from a list of 420000 measured points to a

matrix format. After the data conversion, the reconstruction

method introduced in Section II is applied and an estimate of

the variance of the interpolation error,introduced in Section II-

E, is computed.

A. Convert Data to Matrix Layout

To organize the geo-referenced bathymetric data in a grid,

i.e. in matrix format, a number of parameters must be selected

to tackle the problem at hand. First, the boundaries of the grid

must be defined. In the problem addressed in this paper, the

limits were chosen as the maximum and minimum values of

the latitude and longitude for the area of interest, taking also

into account the set of measurements available from the survey

carried out at sea, i.e.

∆λ = [min
i
{λi},max

i
{λi}] = [38.5379, 38.5539] [◦]

∆φ = [min
i
{φi},max

i
{φi}] = [−28.6097,−28.5847] [◦]

Then, a reference point in the mission must be selected. In

the present survey the point further at South and West was

chosen, i.e. m0 = [λ0 φ0 h0]
T = [min

i
{λi} min

i
{ψi} 0]T .

The available data can then be translated to the LTP coordinate

system, leading to an area with dimensions

∆n = [0, 1779.6] [m] and ∆e = [0, 2180.8] [m].

This result means that the mission survey data is limited

to a geographic area with H = 1779.6m of height and

W = 2180.8m of width, with its origin in the reference point,

m0. To perform the storage of the measurements in matrix

format this area is discretized. Consequently, the resolution to

be applied to the grid has to be chosen. This has impact on the

final resolution δ, on the ratio of missing samples η, and on the

overlapping of the available 420000 measurements describing

the cells of the matrix. In Table I, some combinations of these

TABLE I

INFLUENCE OF THE GRID RESOLUTION ON DIFFERENT PARAMETERS.

Resolution (A × B) δ [m] η Overlap [%]

418 × 512 4.268 0.523 84.6

836 × 1024 2.132 0.734 66.3

1254 × 1536 1.421 0.828 51.5

1672 × 2024 1.065 0.878 40.2

parameters are depicted. The parameter δ represents the resolu-

tion associated with the spacial discretization interval, in both

dimensions, computed as δ = H/(A− 1) = W/(B − 1). The

overlapping percentage represents the portion of measurements

that are placed in a cell already filled with other measurements

(at least one). Throughout this section, the value chosen for the

size of the grid layout is 1254× 1536 (in bold in the previous

table), as it is the size that was considering as presenting a

better tradeoff for the several parameters involved.

Assuming that data overlapping on a given cell was acquired

in different instants of the survey, the disturbances present are

considered uncorrelated. Moreover, the measurements can be

considered as corrupted by null mean Gaussian white noise.

The variance is dependent on the sensor package used, where

σ2 = 0.05/cos(ε)3 [m2]

was used. This result can be obtained from a flat terrain

approximation, considering the total length of the acoustic

rays. The multiplicative constant was validated on calibration

tests conducted previous to the survey at sea. The first two

moments that characterize the stochastic measurements can

then be computed as follows

u(a,b) =
1

|o(a,b)|
·

∑

o(a,b)

uo(a,b)
, (9)

and

σ2
(a,b) =





∑

o(a,b)

1

σ2
o(a,b)





−1

, (10)

where o(a,b) contains the set of indexes of the measurements

that overlap in the matrix cell (a, b), with a = 1, . . . , A and

b = 1, . . . , B, and |o(a,b)| represents the cardinality of the set.

Equation (10) is an immediate consequence of the assumption

on the statistically independence of the measurements. The

geo-referenced measurements organized in the matrices just

detailed, i.e. u(a,b) and the corresponding standard deviation

for each position, are depicted in Fig. 6 and Fig. 7 for the

Espalamaca area survey, respectively.

From Fig. 6 it can be verified that the missing data is not

distributed uniformly in the survey area. In fact, for shallow

areas the missing sample ratio is smaller when compared to

that obtained for deeper zones. This resorts to the fact that

the ranging sensor, with an instantaneous scan bearing angle

ε, provides measurements for an area that increases with the

distance to the target, while the number of measurements is



Fig. 6. Data from the survey mission to the Espalamaca converted to a matrix
layout. The origin is located at latitude 38.5379◦ and longitude −28.6097◦

with a resolution of 1254 × 1536 for an area of H = 1779.6m height by
W = 2180.8m width.

Fig. 7. Standard deviation of the data measurements from the mission survey
to the Espalamaca in the same matrix layout of the data.

kept constant. It is important to remark that the area defined

by the grid was not completely visited by the survey mission.

Moreover, some region correspond to shore (on the left of the

figure) from which no topographic data was used.

B. Results of the Interpolation Method

The results obtained applying the proposed method de-

scribed in Section II to the data shown in Fig. 6 will be

presented in this subsection. In the areas were data was not

acquired an accurate reconstruction is not possible. Thus, only

the areas of interest are reconstructed leading to accurate

results. This represents an advantage of the implementation

of interpolation method based on PCA, as the reconstruction

can be applied only to the desired regions of the grid.

Fig. 8. Data with the PCA interpolation method, where N = 17∗17 = 289,
n = 34 and α = 0.1η2.

Fig. 9. Standard deviation error for the corresponding data elements. The
values are obtained from the measurements, and from the error estimator of
the interpolation with PCA, respectively.

In order to compute the reconstruction method, a set of

parameters has to be selected: the size of the mosaics is

set to N = 17 × 17 = 289, the Tikhonov regularization

parameter is set to be dependent on η according to α = 0.1η2,

where η is computed locally for each mosaic. The number

of principal components is selected to be n = 34. For this

set of parameters, the results obtained are depicted in Fig. 8.

The advantages of the method are evident, as it can be seen

a significant improvement on the interpolated and regularized

data relative to the data set acquired during the mission survey.

The standard deviation for the interpolation error of the

resulting bathymetric map is computed as follows: i) for the

cells that were visited during the survey, the error is computed

based on (10), ii) for the cells that were interpolated and reg-



Fig. 10. 3D visualization of the data interpolated with PCA for a portion of
the surveyed area. In black are included the measurements previously to the
discretization for the grid layout.

ularized resorting to (4) it is set to the corresponding element

of the result from (6) and iii) the remaining cells were decided

not to be interpolated and therefore are ignored. The resulting

data quality map is depicted in Fig. 9, making possible to

assess the maximum error associated to each element of data.

It can be concluded that in the regions where more samples are

available, the resulting error is smaller when compared to the

regions where larger amounts of data are missing. To evaluate

in detail the performance of the reconstruction, in Fig. 10 a

3D visualization for a particular area of the grid is presented.

V. CONCLUSION

A recently introduced methodology was exploited as a tool

to interpolate and regularize bathymetric data acquired at sea

in the passage between the islands of Faial and Pico, resorting

to the IRIS survey tool.

The non-iterative methodology for the interpolation and

regularization of multidimensional sampled signals with miss-

ing data, based on PCA, was applied to bathymetric data

acquired during tests at sea. Based on unbiased estimators

for the mean and covariance of signals corrupted by zero-

mean noise, the PCA decomposition is performed and the

signal is interpolated and regularized. The optimal solution

was obtained from a weighted least mean square minimization

problem, and upper and lower bounds were provided for

the mean square interpolation error. Some refinements were

used to improve to solution for the problem at hand, namely:

i) mean substitution for covariance estimation, ii) Tikhonov

regularization method and, iii) dynamic principal components

selection.

The results obtained pave the way to the use of the proposed

framework in a number of sensor fusion problems, in the

presence of missing data. Ultimately, this method aims at

overcoming the limitations faced today in marine data fusion

problems.
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