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Recovering signals in physiological systems with large datasets

Hodjat Pendar

(ABSTRACT)

In many physiological studies, variables of interest are not directly accessible, requiring
that they be estimated indirectly from noisy measured signals. Here, we introduce two
empirical methods to estimate the true physiological signals from indirectly measured, noisy
data. The first method is an extension of Tikhonov regularization to large-scale problems,
using a sequential update approach. In the second method, we improve the conditioning
of the problem by assuming that the input is uniform over a known time interval, and
then we use a least-squares method to estimate the input. These methods were validated
computationally and experimentally by applying them to flow-through respirometry data.
Specifically, we infused CO, in a flow-through respirometry chamber in a known pattern,
and used the methods to recover the known input from the recorded data. The results from
these experiments indicate that these methods are capable of sub-second accuracy. We also
applied the methods on respiratory data from a grasshopper to investigate the exact timing
of abdominal pumping, spiracular opening, and CO; emission. The methods can be used

more generally for input estimation of any linear system.
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Hodjat Pendar

(GENERAL AUDIENCE ABSTRACT)

The goal of an inverse problem is to determine some signal or parameter of interest that is not
directly accessible but can be obtained from an observed effect or a processed version that is
measurable. Finding the gas exchange signal in animals is an example of an inverse problem.
One method to noninvasively measure the gas exchange rate of animals is to put them in a
respirometry chamber, flow air through the chamber, and measure the concentration of the
respiratory gasses outside the chamber. However, because the gasses mix in the chamber
and gradually flow through the gas analyzer, the pattern of the measured gas concentration
can be dramatically different than the true pattern of real instantaneous gas exchange of
the animal. In this thesis, we present two methods to recover the true signal from the
recorded data (i.e., for inverse reconstruction), and we evaluate them computationally and

experimentally.
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Real-time measurements of endogenous and exogenous signals in living organisms are widely
important in fields that span biology and medicine. However, the signals of interest are often
not directly accessible, and their effect can only be measured indirectly. Hormone secretion,
the rate of glucose utilization, oxygen consumption, and CO, production are just a few
examples of such signals that cannot be directly measured [7, 17, 59]. A common approach
to deal with this problem is to sample intermittently and then perform data fitting. For
example, to determine hormone secretion or glucose production rate, blood concentration is
repeatedly measured, and then rates are estimated from the recorded sequence [59]. However,
the uncertainty of these estimates can be high due to the ill-conditioning of the systems. An
ill-conditioned problem is an inherently unstable problem, where small errors in the data can
lead to large errors in the solution, thereby making accurate estimation of the true signal
very challenging [20, 26]. Measuring gas exchange in animals is an important example of
indirect measurement of physiological signals. To determine the gas exchange rate of an
animal using flow-through respirometry, the animal is put in a respirometry chamber and air
is flowed through the chamber. The flowed air continuously replaces the consumed oxygen
by the animal, washes out the CO, and water vapor produced by the animal, and brings the
gasses to a gas analyzer. The pattern of measured gas concentration in the gas analyzer can
be substantially different than the pattern of real instantaneous gas exchange of the animal,

depending on the washout dynamics of the system [41, 42]. Any short burst of CO, gradually
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n - - - impulse in the input

n —— impulse response of the system (output)

dela Time
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(ng points)

Figure 1.1: 100000 0000UDOD O0 00U DOOOOOID When a short pulse of CO; is injected into
the chamber and the concentration of the gas outside of the chamber is recorded with a gas
analyzer, the shape of the output signal will be different from the input signal. This output
signal is called the impulse response of the respirometry system.

leaves the respirometry system over the duration of a few seconds to several hours (Figure
1.1). During this time interval, the short burst can also be combined with other CO, bursts.
Therefore, interpretations of physiological function based on raw respiratory data can be
misleading [24], and can become even more problematic if the respiratory signal has to be
synched with another real-time and rapidly changing signal, such as pressure, movement, or

temperature.

Generally, these physiological measurement problems, in addition to many other unrelated
scientific applications such as image de-blurring and 3D tomographic reconstruction, are
referred to as ‘input-estimation’ or ‘inverse problems’ [13, 14, 16, 17]. In an input estimation
problem, the signal of interest, represented by the input signal u(t), is not available, but a
transformation or convolution of u(t), called the output signal y(t), is measurable. Assuming
that the system is linear and time-invariant, the output signal (y(t)) can be written as a

convolution of the input signal (u(t)) and the impulse response of the system [30]:



y(t) = tﬁ(t— T)u(t)dr, (1.1)
0

where y(t) is the output of the system at time t, which is measured by the gas analyzer.
ﬁ(t) is the impulse response of the system, which can be found experimentally (Figure 1.1).
Given the output y(t) and the impulse response function Fl, we aim to recover U, which is
the true gas exchange signal from the animal. In practice, we consider the discrete form of

the convolution equation (1.1), which is given by:

k
Yo = he—iui, (1.2)

i=0

where Yk and Uy describe the average of the output and input respectively, when két <t <
(k + 1)dt, 0t is the sampling interval, and h(k) is the integral of ﬁ(t) in the sampling period,
ie.,

(k+1)5t _

h = h(t)dr. (1.3)
kdt

Using matrix and vector notation, the discrete convolution equation (1.2) can be represented

using the matrix equation:

Yy = Hu, (1.4)
where Y = (Yo Y1 ... Yn)' is the output of the system (with no noise), U= (Up Uz ... Up)T
is the desired, unknown input, and

hp O 0
hi ha --- 0
H= (1.5)
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is an (n+ 1) %< (n + 1) lower triangular matrix that models the forward convolution process
underlying respirometry. Notice that solving the inverse problem for respirometry requires
solving a system of linear equations (1.4), so standard techniques from numerical linear alge-
bra could be used. However, solving this system is not trivial due to the ill-posedness of the
underlying problem [46]. This is revealed in the inherent singularity and poor conditioning of
the coefficient matrix H. Furthermore, the solution is very sensitive to noise in the measured
data and computational errors [17]. That is, in practical situations, there is a small amount

of error or noise in the data, and the model is given by

y = Hu +e, (1.6)

where e represents unknown noise or errors in the observed data. Due to ill-posedness, these
small errors in the data can lead to large errors in the solution, and the inverse solution H™ty
is useless. Regularization methods have been proposed to remedy ill-conditioning by solving
a related problem that is both uniquely solvable and robust to noise [20, 26]. Tikhonov
regularization is a well-known and widely used approach to solve such inverse problems [22].
However, efficient implementations for very large datasets, such as when measurements are
taken frequently and/or over long time intervals, are challenging. In this thesis, we propose
two approaches for extending Tikhonov regularization to large datasets. First, we take
advantage of the small duration of the impulse response relative to the size of the dataset to
partition the dataset and apply the Tikhonov method in a sequential manner. Second, we
introduce a dimension reduction approach to regularization that reduces the ill-conditioning
of the system and uses an averaging of least-squares solutions to recover the inputs of the

original system.
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Tikhonov regularization has been used to solve a variety of inverse problems such as image
de-blurring, tomographic reconstruction, and estimation of gas exchange [14, 17, 57, 61]. Al-
though other methods such as trend-identification, Kalman filtering, and Kalman smoothing
can be used for input estimation, the Tikhonov method is often preferred for its better per-
formance in gas exchange problems, for example in studies with whole-room calorimeters

[57]. The Tikhonov solution to the inverse problem (1.6) is given by

0 = argmin,{ y—Hu ?+y Qu ?}, (1.7)

where Yy > 0 is a regularization parameter and Q is a design or regularization matrix that
enforces smoothness of the solution. The first term on the right side of (1.7) is the data fit
term, which measures how loyal the estimate is to the data, and the second term penalizes
roughness of the solution. The amount of penalization is controlled by the choice of the
regularization parameter y, and a common choice of the regularization term is where Qu
represents the discrete derivative of u. Therefore, the Tikhonov regularized solution (1.7)
tends to be smooth. One nice feature of Tikhonov regularization is that there exists a

closed-form solution given by

o
I

<

<

(1.8)

where

M=HH+yQ Q) H". (1.9)

The regularization parameter y plays an important role in the quality of the Tikhonov
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solution and is typically tuned via an experimental calibration. A large value of y puts more
emphasis on the regularization term and makes the solution smoother, thereby preventing the
solution from being corrupted by inverted noise. On the other hand, a small value of y puts
less weight on the regularization term, and the solution resembles the noise-contaminated
inverse solution. Various methods have been proposed to choose Yy, such as the discrepancy
principle, the L-curve, the unbiased predictive risk estimator, and the generalized cross-
validation method [17, 26, 32]. Some of these methods require prior knowledge about the
noise and the noise level. There is also a variety of choices for the regularization matrix Q
[17, 57]. In this area, the most common choices for Q include the identity matrix (Q = 1)
or a discretization of the derivative operator. For example, for respirometry, Q can be a
lower triangular Toeplitz matrix, where the first column is given by (1 —2 1 0 --- 0)T
, which penalizes the sum of squared second differences. If penalizing the second difference
causes excessive smoothness (e.g., the estimation loses sharp changes in the input), Q can be
chosen to be a lower triangular Toeplitz matrix, where the first columnis (1 —1 0 --- 0)7,

corresponding to the first difference of the estimation.

00 Oooboitn 0b bbotoibuoioo ot oo

In this thesis, we investigate extensions of the Tikhonov regularization method for large-scale
problems arising in respirometry signal reconstruction. Two new methods were developed to
recover physiological signals from large datasets. The methods were evaluated numerically
and experimentally, with both methods showing sub-second accuracy in recovering respi-
ratory signals, and the developed methods were used in real biological studies. Using the
methods we showed that sometimes the respiratory system of locusts acts as a unidirectional

pump. This work is published in [51].
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An overview of this thesis is as follows. In Chapter 2 we describe two new methods for input
estimation. The first method is based on exploiting overlapping regions and the second
method is based on dimension reduction techniques. Numerical and experimental evaluation
of the proposed methods along with a biological case study are provided in Chapter 3, and

a discussion of methods is provided in Chapter 4.
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In this chapter, we introduce two new methods for input estimation for solving the respirom-

etry inverse reconstruction problem.

00 oopodo o b0 boooooobg oo bbb Dlooodbd boodog oo
10000 0000oood

For very large datasets, computing the Tikhonov solution as in Equations (1.7) and (1.8) may
be computationally infeasible. In particular, because the dimensions of matrix H correspond
to the size of the data vector, constructing and storing H and computations with H may be
burdensome and expensive. Iterative methods may provide an alternative approach for large,
sparse linear systems, but preconditioning may be required for fast convergence. Instead, we
propose to apply the Tikhonov method to smaller fragments or partitions of the data, while
being attentive to the overlapping regions. From the impulse response function, we know that
any input signal, such as a short burst of CO,, will contribute to future output/measurements
for the duration of ty, meaning for ng data points (Figure 1.1). Therefore, the input between
0 to t (n data points) affects the output from 0 to t + ty (n + ng data points). To recover

the input, we propose the following algorithm:

0000 O: Consider the first ng + n data points and construct corresponding matrices H, Q,

8
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and M =(H"H+yQ"Q) 'H". Notice that these are small matrices of size N + Ng, so the

inverse or matrix factorizations (e.g., QR or LU) can be easily computed.

0000 O: Use Equation (1.8) to estimate the n + ng inputs from the first N + Ny data points
(). Because the last ng input points affect the output points that are not included in the
first n + Ny output points, only accept and record the first n inputs or less, and disregard

the rest of the estimated inputs.

0000 O: To deal with overlapping regions, use Equation (1.2) or Equation (1.4) to determine
the corresponding output for the first n estimated inputs, and then subtract it from the data
vector Y. Eliminate the first n points of the new y vector and repeat the sequence from step

2 again.

This algorithm does not determine all the inputs at once, but rather estimates n points of
the input at each cycle. The computational advantages of this algorithm are 1) it breaks the
problem into smaller problems, thereby avoiding to solve a very large system of equations,
and 2) for equally spaced partitions, matrix M or an efficient representation of M only needs
to be computed once. The main computational cost per cycle is a simple linear solve, which
is very cheap. We remark that for equally spaced partitions, a matrix factorization of matrix
M can be calculated once and re-used in all subsequent steps for efficient computational
implementation. The regularization parameter y must be determined experimentally for

each custom setup.

Ooi0  JObooo oo 0 Oogooiiog obtdioiod oooed

Another approach to deal with ill-conditioning or the singularity of H is to use a projection

approach or dimension reduction technique. The basic idea is the assumption that the solu-
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tion lies in a low-dimensional subspace, which has a regularizing effect on the problem (i.e.,
eliminating the singularity and/or significantly improving the conditioning of the problem).

Here, assume that m consecutive points in the input signal are equal:

u@)=a;, (Mm—1)j<i<mj (2.1)

If we assume, without loss of generality, that the number of data points N = mn, then the

projected problem has the form,

ming{ y — HLU ?}, (2.2)

where U = (Uy Uy ... Un)' is an N»1 vector and L is a N»n matrix with the following elements:

1, m(G—1D+1<i<mj;
Lij = (2.3)

0, otherwise.

Because of the added constraint on the input vector, the projected problem is better con-
ditioned than the original problem (see Appendix A for details), and Equation (2.1) can
be solved using any least-squares method for over-determined systems of equations, because

HL has full column rank. In summary, the solution in the original space is given by

u= My, (2.4)

where

M=LL"H HL)'LTH". (2.5)
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Because we have assumed that m consecutive input points are equal, the solution in Equation
(2.4) cannot track input changes within these intervals, and false artifacts such as sharp
jumps between intervals are introduced as a consequence of this assumption. To improve
the accuracy of the solution and to obtain a smoother representation, we slide the interval
m times in increments of 1, each time computing an estimate of the input, and we take the
final solution to be the average of these m solutions. More precisely, let 1 < k < m and
let Py be a lower shift matrix whose (i, j)' component is: (Pw)ij = 8ij+k—1, where 0 is the
Kronecker delta. For example, PyX shifts the components of vector X down by k element
and introduces a zero in the first K elements, whereas P} X shifts the components of vector
X up by k element and introduces a zero in the last k elements. Then, for each Kk, a solution

can be computed as

Uk = PrMPyy, (2.6)

where M is defined in Equation (2.5). By linearity, the average of all m solutions is given

by
0 =My, (2.7)
where
- 1 m
M=-  PIMP,. (2.8)
m k=1

Thus, each reconstruction matrix is just a shifted submatrix of the original matrix, and
important spectral properties can be shown (see Appendix A for details). For extremely
large data sets, we can combine the dimension reduction approach with the partitioning
approach described in method I. That is, we can apply this method on n + ng data points,
accept only the first n estimated inputs, find the corresponding output of the n estimated
input points, and subtract it from the vector y. Then, we eliminate the first n points of the

data and repeat the procedure for the next n + ng data points.
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The new methods presented in this thesis were evaluated both on simulated and experimental

datasets.

0ooiD  DOO00olooo 0DUoiidooot 0ud 0oobooog

A MATLAB code was written to model a flow-through respirometry system using Equation
(1.1). This code determines the output (y) of the respirometry system for any given input
(u) and impulse response (ﬁ) We used the impulse responses of a rectangular 28 mL flow-
through respirometry chamber model with inlet flow rates of 250 and 500 mL/min, which
were determined experimentally in a previous study [50]. The input was considered to be
sequences of three rectangular pulses with different frequencies of 0.1, 0.2, 0.5, 1 and 2 Hz
(Figures 3.1 and 3.2). The simulation was repeated by adding 0.01%, 0.1%, 1%, 2%, 5%,
and 10% normally-distributed noise to the output. The sampling rate of the signals was
assumed to be 10 Hz, with the duration of the virtual experiment of one hour (36,000 data
points). Both methods were used to recover the input from the output signal. Because the
size of the dataset was large, we applied both methods to the data points, n + ny = 1500,
at each iteration (ng = 720, Figure 1.1). The recovered inputs were compared with the true

input at each frequency and each noise level separately.

12
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To test the methods experimentally, we used a high-speed valve (MHE2-MS1H-5/2-M7-K,
Festo, NY, USA) to switch between 100 ppm CO; gas (100 ppm, balanced with N;) and
regular air immediately before a 28 mL (25x25x45 mm3) respirometry chamber similar
to the simulation setup. The experiment was repeated with two inlet flow rates of 250
mL/min and 500 mL/min. Data were recorded for one hour with a sampling rate of 10 Hz.
Both reconstruction methods were applied to the recorded data to recover the original CO,

infusing pattern. The details of the experimental setup are described in [50].

Ooi0 Ooob bobobt obddobdl obooodot bodoobolot boto
00000 00O OO, 0Oobtobb 0o 0 0boootboboo

In insects, air enters the body through valves called spiracles, and then is directly delivered
to the tissues through a complex network of tracheal tubes. The same system is used to
transport CO, from the tissues to the surrounding air. Gas transport occurs via mixed
diffusion and advective flows [56]. These flows can be created by compression of the tracheal
system, which can be linked to abdominal pumping and an increase in hemolymph (blood)
pressure [49]. The pattern of airflow can also be affected by the spiracular valve timing.
Thus, studying the coordination of abdominal pumping, hemolymph pressure, the status
of spiracles, and CO, emission is essential to understanding how insects actively breathe.
However, the recorded data depends on many parameters of the experimental respirometry
system, including flow rate, chamber volume, length of tubing, and internal structure of

the gas analyzer, and emitted CO, signals are not captured independently and in real time
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[42, 50]. In contrast, hemolymph pressure, the status of the spiracles, and the movement
of the abdomen can be measured or observed directly and in real time. To synchronize
these signals, it is necessary to recover the instantaneous gas exchange from the CO, record.
Because the dynamics of the hemolymph pressure, abdominal movement, and spiracles can
be fast, the instantaneous gas exchange must be determined with high temporal accuracy
to be synched with other signals. Otherwise, timing patterns may be misinterpreted. As
a demonstration of the effectiveness of our methods on a real system, we measured the
CO; production rate of a male grasshopper (O00II000000C0 DOCOIOOOC; mass = 1340 mg) in a
flow-through respirometry system at room temperature (22C). For these measurements, the
grasshopper was placed in a 28 mL chamber and CO,—free air was flowed in at rate of 500
mL /min; emitted CO, was recorded with an infrared gas analyzer (LI 7000 Li-Cor, Nebraska,
USA). The abdominal movements and the movements of the second thoracic spiracle on the
left side of the body were also recorded with a video camera (NEX-VG10, Sony) at 30 frames
per second. A total of 12 minutes were recorded, representing 100 abdominal pumping cycles.
To determine the impulse response of the system, a simple model of the animal was made
with adhesive putty and was placed inside the chamber. A short pulse of 100 ppm CO,
(duration, 200 ms) was injected into the chamber. The output of the gas analyzer was
recorded and normalized to determine the impulse response of the system [50]. Lastly, we
used the impulse response to define the forward model H and used it in both methods
to recover the instantaneous CO, emission of the animal. The mesothoracic spiracles of
grasshoppers are externally visible, so it was possible to determine the open/closed status of
this spiracle from the video records (Figure 3.5). The lip-like spiracle contains two moving
parts, the atrial lips, which together act as a valve. Using Quicktime software, video of
the thoracic spiracle (movie 1) was analyzed frame-by-frame to determine the open/closed
status of the spiracle. Any frames that indicated a gap between the lips were coded as ‘open’.

Correspondingly, when there was no gap between the lips, the frames were coded as ‘closed”.
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To determine the abdominal movement, we used a custom MATLAB code to track one point
on the ventral cuticle frame by frame in the same movie. To synchronize the video data with
the CO, data, we first recorded a pulse of light initiated by a voltage pulse from the data

acquisition system, and then aligned the signals post-hoc.

Qg bbbt

00000 OJoOoooboo tboootobot oo Ooroooiog

The input signals were recovered using both methods and compared with the true input
signal. The results of both methods are very similar (Figures 3.1 and 3.2 and Tables 3.1 and
3.2). By increasing the input frequency and noise, the accuracy of the methods decreased.
The methods captured pulses with durations down to 0.5 s in the higher flow rate (F = 500
mL/min), but only when the noise was less than 0.1% (Figure 3.1). Both methods recovered
the pulses with durations down to 2 s when the noise level was up to 5%, which is a very
high value. In the higher flow rate, the 2 s pulses were recovered even with a high noise
level of 10% (Figures 3.1 and 3.2; see Appendix C for more detail). In general, by decreasing
the tuning parameters (Y in Tikhonov method and m in dimension reduction method), it is
possible to recover even higher frequency inputs; however, the results become noisier. The
Pearson correlation coefficient of the recovered signals and the true signals varied by noise
level (Table 3.1 and 3.2), and these numbers further indicate that both methods perform

very closely.



Re *2 Ti2  jX 1p Hm iBQM Q7 i?2 K2i?Q/b

6B;m 2 pBR,MH iBQM "2bmHib U~Qr " i2,"®iP KEERRW\DP M/ /BK2MbE
"2/m+iBQM U. _V K2i?Q/br2°2 #H2iQ '2+Qp2° 7 bi+? M;2b BM i?2 BI
r?2M i?2 MQBb2 H2p2H Bb HQrX gBi? 2ti'2K2Hv MQBbv /i URyWV
"2+Qp2  TmHb2b rBi? /m> iBQM Q7 k bX

iXjXk1tT2 ' BK2Mi H p HB/ iBQM

h?2 MQBb2 H2p2H Q7 i?2 "2bTB QK2i'v bvbi2K r b K2 bm 2/ iQ #2
"2+Q /BM; p?R2Q'M+2Mi° iBQM mbBM; i?2 b K2 K2i?Q/QHQ;v- #mi rBi?
h?2 2biBK iBQMb Q7 BMbi Mi M2Qmb ; b 2t+? M;2 " i2 7°QK #Qi? K
UBB:m>bM/jX¥X h?2 S2 bQM +Q "2H iBQM +Q2{+B2Mib #2ir22M i
M/ i?2 i'"m2 bB;M H7Q  /Bz2 2Mi BMTmi 7 2[m2M+B2b- /Bz2 2Mi ~C(
K2i?Q/br2 2+ H+mH i2/ b2TjX RRHXWXhWRIR2ABz2 2M+2 #2ir22M i?2 S2



iXjX _2bmHib Rd

6B;m 2 @B&kKmH iBQM "2bmHib U ~Qr " i2, §8gNKHFKBNOBH2 H2p2H r
HQr- i?2 K2i?Q/b "2+Qp2'2/i?2 BMTmib rBi? i?2 7°2[m2M+v Q7 yX8
bVX gBi? 2ti'2K2Hv MQBbv /i URYyWV i?2 K2i?Q/b "2+Qp2° 2/ yXR >
BMTmi bB;M HbX

+Q '2H iBQM +Q2{+B2Mib 7Q i?2irQ K2i?Q/b Bb yXykW QM p2" ;2X
"2+Qp2 TmHb2b rBi? /m” iBQM Q7 yX8 b BM #Qi? ~Qr " i2bc ?Qr2p2
rBi? i?72 ?B;?2 ~Qr " i2 Q7 8yy KGXKMBNMXOBB jm# Py X



R 3 *2 Ti2  jX 1p Hm iBQM Q7 i?2 K2i?Q/b

h #H2 jXR, S2 "hQM +Q "2H iBQM +Q2{+B2Mi #2ir22M i?2 i'm2 M/ i?
hBF?QMQp K2i?Q/ UbBKmH iBQM bim/vV

iXjXj* b2 bim/v, #/QKBM H TmKTBM:- bTB> +mH ~ +QN
*P, 2KBbbBQM BM ;" bh2Q@BBXH2 + K2VB+ M

h?2/m" iBOQM Q7 i?2 #/QKBM HtMmKBQ Mi/2*2;> bb?QTT2 r2 2 RXNiy
RXRiyXjb- "2bT2+iBp2HvX JQbi #/QKBM H TmKTb UedX9WV r2 2 7C(
i?7Q° +B+ bTB' +H2X HH QT2MBM;b Q7 i?2i?Q" +B+ bTB" +H2 bi iz
2H t 11?222M/ Q71?72 #/QKBM HTmKTX AM+QMi bi-i?2bTB" +H2
Q7 i?2 TmKT +v+H2X h?2 /m” iBQM Q7 i?2 bTB" +H206b QT2M T? b2 |
h?22 " r/ i Q7 i?22PBbbBQM b?Qr +QMiBMmQmb T ii2"M Q7 ; b 2t
1?72 +Q 2+p22KBbbBQM bB;M H "2p2 Hbi? ii?2 MBK Hr b 2t?B#BiB
2t+? M:2 UGRKYMIRI? T2 BQ/b Q7 i?Q" +B+ bTB  +mH ~+HQbm 2- 7QF
"2H2 b2X , HE *Pib +QBM+B/2/ rBi? #/QKBM HTmKTb QM QM2@iQ
HiBQM +Q2{+B2Mi Q7 i?2 #/QKBM H KQp2BCMMH Mb iy?Rjdec*PQr2p2
7i12° "2+Qp2 ' BM; i2dB;M2HPi?Bb p Hm2 BM+ 2 b2/ iQ yXdjX h?2 2
#/QKBM H TmKTh #M/ B Q#b2 p2/i? i r2°2 MQi 7QHHQr2/ #v i?2 Q
bTB™ +H2 UK3X9WVX " b2/ EBVM?R2-- QMPA Vv 99 XAdWbQ@KIiRi22/P/f/m BM;



iXjX _2bmHib RN

h #H2 jXk, S2 "bQM +Q "2H iBQM +Q2{+B2Mi #2ir22M i?2i'm2 M/ i?:
/IBK2MbBQM "2/m+iBQM K2i?Q/ UbBKmH iBQM bim/vV

#/QKBM H TmMKTBM;c ?Qr2p2 - iPR;MQH B2{Rr/b*P i deX8W Q7 i?2 *P
"2H2 b2/ /m"BM; #/QKBM HTmKTBM;X h?2 2 r b, QKMBIN2/b/Kn HBHM KQ n
i?72 QT2MBM:; T? b2 Q7 i?2 i?Q" +B+ bTB  +H2,U3XedH2- bR/ KRQMi Q7
i?72bTB +H2r b +HQb2/X



ky *2 Ti2  jX 1p Hm iBQM Q7 i?2 K2i?Q/b

6B;m 2 j®jT2 ' BK2Mi H "2bmHib U~Qr " i2, 8YQiR HhKBAOWKQp M/ /B@
K2MbBQM “2/m+iBQM U. V K2i?Q/b r2°2 #H2 iQ “2+Qp2 7 bi +? M;
7°2[Mm2M+v Q7 R>x Q  TmHb2 /m" iBQM Q7 yX8 bX

6B;m 2 T2 BK2Mi H "2bmHib U~Qr " i2, k8p2{HBKWBMBY HQr2  ~Q
Ci2- #Qi? hBF?QMQp M/ /BK2MbBQM “2/m+iBQM U._V K2i?Q/b bm+
+? M:2b BM i?2 BMTmi U7 2[m2M+v Q7 R >xVX



iXjX _2bmHib kR

h #H2 jXj, S2 "bQM +Q "2H iBQM +Q2{+B2Mi #2ir22Mi?2i"m2 M/ i??2
hBF?QMQp M/ /BK2MbBQM 2/m+iBQM K2i?Q/ 7Q  2tT2 BK2Mi H / i






	Titlepage
	Abstract
	General Audience Abstract
	Dedication
	Acknowledgements
	List of Figures
	List of Tables
	Introduction
	Tikhonov regularization method
	Overview of Contributions and Outline

	New methods for input estimation
	Method I - Extension of the Tikhonov method for large datasets 
	Method II - Dimension reduction method

	Evaluation of the methods
	Numerical experiments and validation 
	Experimental validation
	Case study: abdominal pumping, spiracular control, and CO2 emission in a grasshopper
	Results
	Numerical experiments and validation
	Experimental validation
	Case study: abdominal pumping, spiracular control, and CO2 emission in grasshopper (Schistocerca americana)


	Discussion
	Conclusions and Future Work

	Appendices
	Appendix Regularizing Properties of the Dimension Reduction Method
	Appendix Deriving Equation (2.7) and Spectral Relationships
	Appendix Recovering the true signal from a noisy data; simulation results
	Appendix Dynamics of flexible fins using vortex sheet
	Method
	Dynamics of the fin
	Evolution of the fin shape
	Vortex evolution

	Numerical Method

	Bibliography

