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This paper considers the estimation of the common probability density of independent and identically distributed variables
observed with additive measurement errors. The self-consistent estimator of the density function is constructed when the error
distribution is known, and a modification of the self-consistent estimation is proposed when the error distribution is unknown.
The consistency properties of the proposed estimators and the upper bounds of the mean square error and mean integrated square
error are investigated under some suitable conditions. Simulation studies are carried out to assess the performance of our proposed
method and compare with the usual deconvolution kernel method. Two real datasets are analyzed for further illustration.

1. Introduction

The statistical methodology of density estimation has been
widely studied in the literature (see [1-5]) and still is a hot
issue in nonparametric statistics. For example, Park et al. [6]
studied the kernel-based local likelihood density estimation.
Jones and Henderson [7] proposed a Gaussian copula kernel
estimator. Botev et al. [8] introduced an adaptive kernel
density estimation method based on the smoothing proper-
ties of linear diffusion processes. The most commonly used
nonparametric method is kernel density estimation. Usually,
the choice of kernel function is not crucial, whereas the band-
width parameter, which controls the degree of smoothing,
must be chosen carefully. However, it is well known that
the choice of bandwidth is difficult. Cross-validation tech-
niques have been previously applied for this, but they are
computationally expensive. Furthermore, it becomes difficult
to estimate the density and choose the bandwidth when there
exists the measurement error.

In this paper, we consider the density estimation in the
presence of additive measurement error. Suppose we have n
i.i.d. available observations Y;,...,Y,, which have the same

distribution as that of Y, to estimate the unknown density
f(x) of a random variable X, where

Y=X+s¢, 1)

with a measurement error ¢, and ¢ is independent of X. The
density function of € is denoted as f,.

When the distribution of & is known, the statistical
methodology for estimating the unknown density f(x) has
been extensively discussed in the literature. For instance, Car-
roll and Hall [2] and Fan [9, 10] discussed the optimal rates
of convergence over a class of functions whose derivatives are
Lipschitz continuous using kernel method. Zhang [11] studied
the deconvolution kernel density estimation of the mixing
densities and distributions and derived the optimal rates of
convergence. See also Koo [12], Pensky and Vidakovic [13],
Fan and Koo [14], and Comte et al. [15], among others, for ear-
lier contributions. Recently, Butucea [4] and Butucea and Tsy-
bakov [5] evaluated the minimax rate of convergence of the
pointwise risk using the kernel method and computed upper
bounds for the L* risk of the estimator. However, most of



those papers deal only with theoretical aspects of the estima-
tion, and very few focus attention on the yet important issue
of choosing the bandwidth in practice. Delaigle and Gijbels
[16] proposed a bandwidth selection procedure based on
bootstrap techniques and proved that the mean integrated
squared error (MISE) of the bootstrap estimator for the
density function converges to the exact mean integrated
squared error. However, the algorithm is complex and the
quality of the estimator of the density depends strongly on the
choice of the pilot bandwidth which must be chosen before
the bootstrap procedure.

Indeed, in most practical applications, the distribution
of & cannot be perfectly known. Meister [17] studied the
effect of the misspecification of the error density on the
MISE of the deconvolution estimator. He pointed out that the
limit of MISE can be infinite in some cases. Sometimes, this
problem can be solved by repeated observations of the same
variable of interest, each time with an independent error; see,
for example, Li and Vuong [18], Delaigle et al. [19], or Neu-
mann [20] and references therein. However, there are also
many application fields where it is not possible to do
repeated measurements of the same variable. In that case, the
information of the error distribution can be drawn from an
additional experiment; this means that knowledge of f, can
be replaced by observations e_,,...,&_5; which is a noise
sample with distribution f,, and is independent of Y;,...,Y,,.
Neumann [21] and Kerkyacharian et al. [22] replaced the
characteristic function of the error by its empirical ver-
sion. Johannes [23] studied the density deconvolution with
unknown (but observed) noise and showed that the proposed
estimators are asymptotically optimal in a minimax sense
over a Sobolev space. The resulting estimators depend on two
bandwidth-type parameters, but the data-driven selection of
these bandwidths was not done. Recently, Comte and Lacour
[24] proposed an adaptive estimator of the density based
on a data-driven model selection strategy and discussed the
convergence rates of the estimator. In addition, they studied
the link between M and # if one wants to preserve the rate
that is found in the case where the distribution of ¢ is known.

In the present paper, we study model (1), completed with
a known or unknown distribution of error &, and construct
the self-consistent estimators of the density f(x) by searching
for the optimal kernel when the error distribution is ordinary
smooth or super smooth. The method of constructing the
estimator of density function by optimal kernel was first
proposed by Watson and Leadbetter [25]. But the result can
not be used directly, since the Fourier transform of the true
density function is unknown. Bernacchia and Pigolotti [26]
derived the exact expression of the density estimator based on
optimal kernel and defined it as self-consistent estimate. They
showed that the self-consistent method has better perfor-
mance than existing methods for all examples that they
studied. But the data in their paper did not include measure-
ment errors. The self-consistent method shares some desired
features: the choice of the bandwidth-type parameter is more
convenient than that of kernel or spline method; thus the
computing speed can be improved significantly; the resulting
estimators are consistent; the proposed method is preferable
for applications, especially for the large datasets. Thus, it is
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of great significance to extend the self-consistent estimate
method to more general case.

The paper is organized as follows. In Section 2, we
propose the self-consistent method for density estimation
with the known distribution of €, or with the noise sample
€_15...,&_p when f, is unknown, and give the asymptotic
properties. In Section 3, some simulations are carried out to
illustrate the efficacy of the proposed method. Two real data
examples are used for illustration in Section 4. The proofs of
the main results are included in Appendix.

2. Methodology and the Main Results

2.1. Error Distribution Is Known. For the sake of descriptive
convenience, we first introduce some notations. For two real
numbers a and b, we denote a A b = min(a,b) and a, =
max(a,0). Let z be a complex number, let z denote its con-
jugate, and let |z| denote its modulus. Let ||g|| be the L?-norm
of g; that is, ||lgll = IR Ig(x)lzdx. The Fourier transform of g
is defined by

¢, (t) = J exp (itx) g (x) dx. (2)

Similarly, we denote the characteristic function as ¢,(t) for
the known density function f, of e.

The smoothness of f, is described by the following
assumption. There exist some positive constants d,, d,, 3, and
b and constants 3, € R (B, > 0if B = 0), such that the
characteristic function ¢, (t) of the error distribution satisfies

do (£ +1) 7" exp (b 111F)

< |¢s (t)| <d, (tz + 1)_ﬁ0/2 exp (—b |t|ﬁ) as t — 00.
(3)

When f > 0 we call the distribution of € as super smooth of
order . For example, standard normal and Cauchy distribu-
tions are super smooth with 8 = 2 and 1, respectively. When
B = 0 we call the distribution of € as ordinary smooth of order
Bo- For example, gamma distribution Ga(a, A) and double
exponential distribution are ordinary smooth with 3, = «
and 2, respectively.

Assume that the density function f(x) of X belongs to the
following type of smoothness spaces:

gr,a,(? (m)

= {f density: J |(/>f (x)|2 (xz + 1)(S exp (2a|x|") dx < m} ,
(4)

wherem > 0,7 > 0,a > 0,8 € R,and§ > 1/2ifr = 0. If
r > 0, the density function f(x) is called super smooth and
ordinary smooth otherwise.

Let fy denote the common density of the Y;’s. By (1) and
the independence assumption between X and ¢, we have

fY:f*fs’ ¢Y:¢f¢s’ (5)
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where * denotes the convolution and ¢y denotes the charac-
teristic function of Y. Let

fr(y) = ﬁZK (r-v)) (6)

j=1

be a kernel estimator of fy with the kernel function K(:).
Then, the Fourier transform of fy is defined by ¢y(t) =
G (H)A(t), where A(t) = (1/n) 27:1 exp(itY;) is the empirical
characteristic function of Y. Therefore, under the classical
assumption ¢,(t) # 0, for any t € R, we can obtain an
estimator of ¢ as follows:

< P () A1)
AN O @
By the inverse Fourier transform, we have
ST G (A
f(x)= 3 Jﬁm exp (—itx) 0 dt. (8)

Note that (8) does not depend on any bandwidth h, compared
to the deconvolution kernel density estimation methods in
the literature. Instead of looking for an arbitrary shape for the
kernel K(-) and choosing an optimal bandwidth (see [1]), we
rather look for an optimal shape of the kernel K(-) such that

the estimator f(x) minimizes the mean integrated square
error

MISE = E <j+oo (fx)-f (x))2 dx) . 9)

—00

By means of Parseval’s theorem and (7), we have
1 reo 2
MISE = -—F (L)O |67 (®) - ¢/ (2)] dt)
1 (A ’
- 5o (L1857 “)
~ 2
1, J |¢y(t)—</>y2(t)| )
2\ e )]

Note that E(A(#)) = ¢y (¢) and E(A®))?) = |</5Y(t)|2 +n (1 -
|¢Y(t)|2), and the MISE can be rewritten as

-5 (1)

MISE
= % L)O (("71 lbxc O (1= gy OF ) + ¢y OF

< [1=gc OF) x (Ig. @) ) e

3
L[ D OF
7l nlg @)
gy f
o0 (n-1)|¢y &)
1 J+°° |y (t)|2 (1 - |¢y (t)|2)
21 Jooo o, 0 (14 (- D gy 1))
(11)
Then we get the optimal kernel, which in Fourier space reads
n
)= —— .
P =T ¢y O "
Replacing ¢y (t) in (7) by the optimal kernel (12), we have
5 (0) = i, (D) A()
0=
_ nA(t)
(n—1+ ¢y )]%) ¢ (1) 13)
nA (t)

S
(n-1+ley 0.0 7) 6.0

Similar to the discussion of Bernacchia and Pigolotti [26],
the self-consistent estimator of ¢ is equivalent to solving the
equation

~ A(t)
br. ()= - - .
SR R B I X
Simple calculation yields
~ 3 nA (t) B 4(n-1)
¢ (1) = - Do ® <1 + \jl AR lA(tNZ)IA ),
(15)

where I,() is the indicator function (I4(t) = 1ift € A;
I,(t) =0ift ¢ Ayand A € B, B= {t : |A(t)]* = 4(n — 1)/n*},
is a set of accepted frequencies (i.e., the frequencies giving a
nonzero contribution to the estimate). In practical applica-
tions, when the sample Y, ...,Y,, has been observed, we can
choose a bounded interval

A=Bn[-41], (16)

where f is a truncation parameter and f can be chosen as
follows.

Step 1. Give an initial value f,,. In our simulation, we take the
initial value £, = 71/(Y,, — Y{;)), where Y(;, and Y, are the
minimum and maximum sample quantiles of {Y;,...,Y,}.

Step 2. SetT = 1, if the inequality condition |A(F)|* > 4(n —
1)/n* holds in one half of the interval [-7;, 7, ]. Otherwise, set
f.1 = ctp, where ¢ > 1 is a positive constant, in our simu-
lation we take ¢ = 1.2.



Step 3. Repeat Step 2 until 7, satisfies the inequality condi-
tion.

From the simulation studies in Section 3, we can see
that the choice of 7 is convenient and fast, and the density
estimator is not sensitive to the choice of .

By (15) and the inverse Fourier transform, the self-
consistent estimate of f(x) is defined by

fue (%) = %T f: exp (~itx) ¢, (1) dt. (17)
Let
* 1 +eo .
K" (u) = - j_oo exp (—itu) T De® e }11) 0
(18)

3 4(n-1)
X <1+ \]1 —n2|A(t)|2>IA(t)dt'

Then, f,.(x) can be rewritten in the kernel form
~ 1<,
foe (%) = ;ZK (x - Yj) . (19)
=1

We state the asymptotic behavior of the self-consistent
estimator in the following theorem.

Theorem 1. In addition to the regularity conditions (Al1)-(A3)
listed in the Appendix, assume that either of the following
conditions holds.

(a) The error distribution is super smooth and T = of((1/
2b) log(n(log(n)) ")) "/F}.

(b) The error distribution is ordinary smooth and T =
0(”1/2(ﬁ0+1)),

wherey = (1 + 28, - B). /B ~
Then the self-consistent density estimator f..(x) defined by

- P
(17) is consistent; that is, f..(x) — f(x),asn — oo.

Remark 2. As many other methods, for example, higher-
order kernel estimators, spline estimators, wavelet estimators,
orthogonal expansion estimators, and so forth, the resulting
self-consistent estimators are not nonnegative, but those can
be corrected without any error cost by translating the estimate
downwards until the positive part is normalized to 1 and
setting to 0 the negative part. For example, the modified
estimator is defined by f..(x) = max{f, (x) — d,0}, where d
is chosen in such a way that I_:;o f(x)dx = 1; see more
details in Efromovich [27], Glad et al. [28], and so on.

Theorem 3. Assume that conditions (A1)-(A3) hold and f €
‘o}?’,u,ts (m)
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(a) When the error distribution is super smooth and t =
O{((2/5b) log(n(log(n)) "))""P}, one has

- 2

E|fi. () - f ()|

<O ('fl*rfm exp (-2af") + n " (log (n))y/s) ,

E|fe)-fG|

<O ((?2 + 1)_6 exp (~2af") +n° (log (n))y/s) .
(20)

(b) When the error distribution is ordinary smooth and t =
On*/*?F*D one has
- 2
E fsc (x) - f(x)'

<O (z_’l—r—Z(S exp (-2af") + n_z/s) ,

_ (21)
E|fe - f

<O <(?2 + 1)_8 exp (—2atf") + n_2/5> .

2.2. Error Distribution Is Unknown. Suppose that, in addition
to a sample Y;,...,Y, from fy, we observe a noise sample
€_1,...,€_p from the unknown distribution f,. We assume
that information about f, is obtained by the preliminary
calibration measures before the work or is provided by an
independent experiment.

When the characteristic function ¢, in (15) is unknown,
we then cannot estimate the density function using (17)
directly. Thus, we need to estimate the characteristic function
¢,. Here, we can estimate ¢, based on the preliminary noise
sample as follows:

_ 1M _
o, (t) = MZ exp (1ts_j) . (22)
=1
Similar to Neumann [21], we introduce the following trun-

cated estimator:

1 _ Lgoewn
¢. (1) ¢ (1)

1l
={@m’
0,

Then we can obtain the self-consistent estimator of the den-
sity function

if |6, (1) = M7, )

otherwise.

+00

Few=o| ewcind, mdn @

—00

where ‘Efsc(t) = nA@®)/2(n -
V1= (4(n = 1)/m?|A®) ) (0).

D)1+
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Theorem 4. In addition to the regularity conditions (A1)-(A3)
listed in the Appendix, assume that either of the following con-
ditions holds.

(a) The error distribution is super smooth, f > r,
M > n(log(n)) W2ENBLIE and T o= of((1/
2b) log(n(log(m) ))"/F}.

(b) Theerror distribution is super smooth, B < r, M — ©0
asn — oo, and t = o{((1/2b) log(n(log(n))™"))"/#}.

(c) The error distribution is ordinary smooth, 3, > 6, M >
P2 BOICEHD | g d T = (g /R D),

(d) The error distribution is ordinary smooth, 3, < &,

M — coasn — oo, and f = o(n'/@Fo+D),

Then the self-consistent density estimator f,.(x) defined by (24)

~ P
is consistent; that is, f..(x) — f(x), asn — oo.

Remark 5. In the cases 0 < 3 < rorf3) < §and § = 0,
from the proof of theorem in Appendix, one can check that
the estimator defined by (24) is consistent as long as the noise
sample size M tends to infinity as # increases, while the rate of
M tending to infinity is not restricted. Therefore, in practice,
the noise sample size M does not need to be very large in these
cases.

Theorem 6. Assume that conditions (Al1)-(A3) hold and f €
9r,a,6(m)'

(a) When the error distribution is super smooth, 8 > r,
M = n(log(n)) W2PFMBLIE and T o= O{((2/
5b) log(n(log(n)) ™))"/}, then one has

~ 2
E fsc (x) - f(x)“

<O ((?2 + 1)_6 exp (~2af") +n™° (log (n))w5> .
(25)

(b) When the error distribution is super smooth, f <
rn M > n'(logn)® and T = O{(2/
5b) log(n(log(n))™))/P}, then one has

Bt - £
<O ((—{2 + 1)76 exp (~2af") +n"* (log (n))y/5> .

(26)

(c) The error distribution is ordinary smooth, M >
P@/+(6(Fy=0),/5@Po+1)) 1 dF — O(n3/5(2ﬁu+1)); then one

has

E|fie 0~ f@)

<O ((?2 + 1)_(S exp (—2af’) + n_2/5>.

(27)

3. Simulation Studies

In this section, we report on the simulation studies to
illustrate the finite sample performances of the proposed self-
consistent (SC) estimation method and compare it with the
kernel (KN) method. For comparison, we compute the
estimators for different signal densities and different types of
noise. The following densities are considered:

(a) gamma distribution f(x) = 10.125x*e7* with shape
parameter « = 5 and scale parameter A = 3;

(b) standard normal distribution f(x) =
exp(—x2/2).

(1/2m)

Two kinds of error distributions are considered to study
their effects on the MISE of the estimators.

(c) Double exponential error: the density of ¢ is given by

fe(x) = (\/500)_1 exp (— \/§|x|> for ag = % (28)

0y

(d) Normal error: the density of ¢ is given by

1 —x* > 1
= e f = . 2
fe (%) _27_[00 exp ( 203 ) or o T (29)

For kernel method, we choose the Gaussian kernel for
double exponential error, and for normal error we suppose
that the kernel has a Fourier transform ¢ (t) = (1 —*)>. For
the unknown error distributions, we suppose that the noise
samplee_,,...,&_,, comes from the above two error distribu-
tions. Throughout the simulations, we set n = 100, 200, 400
and M = 50,100. The MISE of the estimators are
computed with 1000 random samples, and the results are
reported in Tables 1 and 2. When f, is known or unknown,
the gamma density estimator through the double exponential
noise and the normal density estimator through the normal
noise are shown in Figures 1 and 2, respectively.

Tables 1 and 2 indicate the following simulation results.

(1) When the error distribution is unknown, we can see
that the estimator of the characteristic function of
the error does not spoil the procedure so much. It
even happens that the estimation with unknown error
distribution works better, which is probably due to the
truncation (23).

(2) For the same observation sample, the self-consistent
method performs slightly better than the kernel
method. It is worth mentioning that the self-
consistent method can save more time than the kernel
method, because the truncation parameter  can be
chosen conveniently.

(3) The MISE obtained by self-consistent and kernel
methods decrease as n increases whether the error
distribution is known or unknown.

Figures 1 and 2 clearly show that the self-consistent
estimators perform well, no matter whether the error distri-
bution is known or unknown. Moreover, for M = 10, the



TaBLE 1: MISE for the self-consistent estimator and the kernel
estimator when the error distribution is double exponential.

" Case Gamma Normal
SC KN SC KN
f. known 0.0021 0.0036 0.0105 0.0102
100 M =50 0.0022 0.0041 0.0105 0.0106
M =100 0.0021 0.0039 0.0102 0.0103
f, known 0.0011 0.0019 0.0056 0.0065
200 M =50 0.0011 0.0025 0.0063 0.0068
M =100 0.0013 0.0021 0.0057 0.0067
f, known 0.0006 0.0011 0.0031 0.0037
400 M =50 0.0007 0.0012 0.0036 0.0035
M =100 0.0006 0.0012 0.0032 0.0033

TaBLE 2: MISE for the self-consistent estimator and the kernel
estimator when the error distribution is normal.

; Case Gamma Normal
SC KN SC KN
fE known 0.0028 0.0039 0.0102 0.0109
100 M =50 0.0030 0.0042 0.0106 0.0111
M =100 0.0029 0.0038 0.0106 0.0110
f. known 0.0012 0.0023 0.0061 0.0073
200 M =50 0.0015 0.0023 0.0069 0.0075
M =100 0.0012 0.0024 0.0059 0.0071
f. known 0.0007 0.0012 0.0035 0.0039
400 M =50 0.0007 0.0013 0.0038 0.0039
M =100 0.0007 0.0011 0.0036 0.0038

results show that our method is still very satisfactory for small
noise sample size.

Next, we evaluate the sensitivity of the self-consistent
density estimation procedure on the choice of truncation
parameter f. In this simulation, we only consider the case
when the error distribution is double exponential, and the
value of  is fixed at £ = £*, £*/1.25, and 1.25¢", respectively,
where 7" is obtained by the iterative algorithm given in
Section 2.1. The MISE of the self-consistent estimator is
reported in Table 3. From Table 3 we can see that, for given
n, the performance of the proposed method does not depend
sensitively on the choice of the value of .

4. Application to Real Data

We now use two real datasets to illustrate the proposed
method. The first dataset is the density of direction chosen by
an ant to an evenly illuminated black target. The experiment
with 100 ants was described by Fisher [29], who concluded
that the ants tend to run toward the target with some moder-
ate variation. For this particular example, Y, a point where an
ant intersects a circle, can be treated as indirect observation
of the direction X chosen by an ant. The estimation method
of (17) is used to analyze the dataset. In Figure 3, the solid
line denotes the estimate based on the assumption that the
data can be accurately measured (ie., Y = X), and the
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FIGURE 1: Estimates of gamma density through double exponential
noise for n = 400. The thick solid line is the true density, the thin
solid line and the dashed line are the kernel estimator and the SC
estimator when f, is known, respectively, and the dot-dashed line
and the dotted line are the SC estimators when the noise sample sizes
M =50 and M = 10, respectively.

Density and estimates

0.45 g
0.4t
0.35
03}
0.25
0.2}
0.15 |
0.1
0.05 |

ol

-0.05 , s s ' s
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FIGURE 2: Estimates of normal density through normal noise for n =
400. The thick solid line is the true density, the thin solid line and the
dashed line are the kernel estimator and the SC estimator when f;, is
known, respectively, and the dot-dashed line and the dotted line are
the SC estimators when the noise sample sizes M = 50 and M = 10,
respectively.

dashed and dot-dashed lines denote the case of N(0,0?)
measurement errors with ¢ = 0.3 and o = 0.5, respectively.
We compare our results with Efromovich [30] who already
used the orthogonal series approach to estimate the density.
From Figure 3, we find that when the data are accurately
measured (0 = 0), the corresponding density estimate is
rather smooth and has a pronounced mode (direction of the
target) with a relatively large deviation. When the standard
deviation ¢ increases, it makes the density more picky
interestingly and makes two additional local modes more sig-
nificant. Therefore, the assumption about measurement error
reveals the presence of three distinct groups (strata) of ants.
A majority clearly tends to move toward the target with a
rather small variation, and a minority tends to move in two
other directions about the target also with small variation.
These findings basically agree with those that were discovered
by Efromovich [30]. But the two directions are not symmetric
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TABLE 3: MISE for the self-consistent estimator with different values
of £ when the error distribution is double exponential.

Gamma Normal

/125 1258 /1.25 1.25¢"

fs known 0.0020 0.0021 0.0020 0.0105 0.0105 0.0107

100 M =50 0.0022 0.0024 0.0020 0.0108 0.0106 0.0106
M =100 0.0021 0.0022 0.0022 0.0104 0.0103 0.0108

f. known 0.0011 0.0014 0.0012 0.0057 0.0054 0.0057

200 M =50 0.0013 0.0015 0.0013 0.0060 0.0059 0.0058
M =100 0.0012 0.0014 0.0012 0.0059 0.0058 0.0062

fe known 0.0006 0.0007 0.0007 0.0032 0.0034 0.0032

400 M =50 0.0007 0.0008 0.0007 0.0035 0.0034 0.0033
M =100 0.0006 0.0006 0.0007 0.0032 0.0035 0.0032

n Case

12} 1

08| ot 1

0.6

Estimates

0.4}

0.2t

Direction, X (rad)

FIGURE 3: Estimates of density of movement of ants. The solid line
is the estimate based on direct data, and the dashed and dot-dashed
lines are the estimates under assumption on normal error with zero
mean and standard deviations ¢ = 0.3 and o = 0.5, respectively.

here, and the variation of the right side is slightly less than that
of the left side.

The second example involves estimating density of the
magnitudes of Alaskan earthquakes for the period from 1969
to 1978. The data comes from the National Oceanic and
Atmospheric Administration’s Hypocenter Data File [31]. In
this dataset, Y denotes the logarithm of the seismogram
amplitude of longitudinal body waves for 62 Alaskan earth-
quakes. There is a measurement error associated with the
observations, which includes errors made in determining the
amplitude of ground motion arising from such things as the
orientation of a limited number of observation stations to
the fault plane of the earthquake. In Figure 4, the solid line
denotes the estimate based on assumption that the body
waves are accurately measured (i.e., Y = X), and the dashed
and dot-dashed lines denote the case of Laplace measurement
errors with position parameter « = 0 and scale parameters
A = 0.3 and A = 0.5, respectively.

Figure 4 clearly shows the nature of the indirect data.
Under the assumption that the data are accurately measured
(A = 0), the corresponding density estimate is smooth and

Estimates

4 4.5 5 5.5 6 6.5
Body waves

FIGURE 4: Estimates of density of body waves. The solid line is the
estimate based on direct data, and the dashed and dot-dashed lines
are the estimates under assumption on Laplace error with position
parameter « = 0 and scale parameters A = 0.3 and A = 0.5,
respectively.

has two pronounced modes. For the case of A # 0, the distinc-
tions between the density estimates become more noticeable.
It makes the data become a unimodal distribution with A
increasing. It is clear that the presence of the measurement
error allows one to gain some insight into the data.

Appendix

Proofs of Theorems

We begin this section by listing the regularity conditions
needed in the proofs of all the theorems:

(Al) f(x) is square integrable and its Fourier transform is
integrable;

(A2) ¢,(t) # 0 forany t € R;

(A3)T — ooasn — o0o0.

In the following text, we use C to represent any positive
constant. The proofs of theorems rely on the following
lemma.

Lemma A.1. Let D(t) = (1/¢,(t)) — (1/$.(t)); then there is a
positive constant C such that

1 M
E{|ID @) SCmin{—,—}. (A1)
(P r} g O |¢. @

Proof. Lemma A.l is from Lemma 2.1 in Neumann [21]; the
proof is omitted. O



Proof of Theorem 1. By (15), note that ggfsc )= (EY(I‘)/gbs (t)and
(ﬁfsc(t) = 0 for |t| > f. Then, we have

fsc ()C) - f (X)|
- ‘% J_: exp (—itx) {(/gfsc t) - ¢f (t)} dt‘

: _exp-it)] |br. (&) — ¢ ()]t

IN
)
ol

_ 1 J+°° |¢Y ) — ¢y (t)|d
2 o |¢s (t)|
J |¢Y (t) = ¢y (t)|

S|

S’IH

- |¢s (t)|
o] lerwlar

| -

7T

<

J [ -a0]
-t |¢s (t)l

Jm oy o]ar

=L+ L+

RS J A®-¢r )]
2w )1 |¢8(t)|

Nl_
= [\

(A.2)

By conditions (Al) and (A3), asn — 00, it is easy to show
that J; — 0. To finish the proof of Theorem 1, we need to

P p
show that J;, —» 0and J, — 0.

We first consider the case that the error distribution is
super smooth (8 > 0). For J,, by (3), we have

! _ B 2 Bol2 ~
2 S =CV,.
J <CJ~|A<t> ¢y (O] exp (b161°) (£ + 1) de=cv,
(A.3)

By Cauchy-Schwarz inequality and Jensen inequality, it is easy
to verify that

(D)< | Ela@-¢y 0 d

J p(2b1tF) (¢ +1)ﬁ°d
(A.4)
J~exp 2b|t|ﬁ t +1)ﬁ°d

SI'—‘

-2 J exp (262F) (2 + 1) dt.

n

By Lemma 2 in Butucea and Tsybakov [5] and a simple
calculation, we have

EV12 — 0 iff=o0 {(2b log( (log (n))y)>1/ﬁ} , (A5)

where y = (1 + 28, — 8),./3. Hence, we show that J, Zo.
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AP > 4(n - 1)/n’}
|A()|? < 4(n — 1)/n*}; we have

Now we consider J;. Let A, = {t:
and A_ = {t:

1 A ()]
W= e j(—?,?)nm |¢. ()]

x1-—" |1+
2(n-1)

LI X0/
#pna_ ¢ (8)]

1- “"—_I)ZDdt
n* |A (©)]
(A.6)

By (3) and the inequality V1 —x > 1 — +/x for x € (0,1), we
have

L 1 _ |A (t)|> 1 d
Ji < 2 J.(_?,?)m+ ( Vn—1 n-1)|¢. ()] '

L Cyn—1 CVn-1 J 1
n pna_ |¢e ()] (t)l (A7)
| | 1 '
= C( Vn—1 " ﬁ) J(—’f,?)nA,, (t)|dt
L Cvn-1 J LI
n Epna_ |¢e ()]

Ast = o{((1/2b) log(n(log(n))_y))l/ﬁ}, similar to the proof of

(A.3), it is easy to show that J; 2o Thus, we finish the proof
of super smooth case in Theorem 1.

Next we consider the case that the error distribution is
ordinary smooth (8 =0, f3, > 0). By (3), we can derive that

J,<C L |A @) - ¢y ()] (£ + 1)/3"/2 dt=cv,. (A8)

Again using Cauchy-Schwarz inequality and Jensen inequal-
ity, we have

E(Vf)SJ E|A® - ¢y O dtjt(t +1)Pde

(A.9)
2 Bo C 0+
s;L(t +1) dt =;t2ﬁ "1+0(1),

which implies that E(VZZ) — 0ifnt ®P*D 5 0. Hence, we

j2
obtain that J, — 0.
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For J,, using the same arguments, we can obtain that

1 1
co(—2—+ 1 J L
4 (\/n—l n—l) EDna, |@e @)
+C\/n—l 1

I —_at
n Enna_ |¢e ()]

1 1 2 Bol2
<C + J " +1 dt
( Vvn-1 n- 1) (-THNA, ( )
Cvyn-1 )
+ e J (t‘2 + l)ﬁ & dt
(=HNA

n

! V”n_l)?ﬁo“ (1+0(1)).

1
SC( + +
n-1 n-1

Similar to the proof of (A.8) we can show that J; — 0 as

nt PPt oo and n — oo. This finishes the proof of
Theorem 1. O

(A.10)

Proof of Theorem 3. From (19), by Lemma 2 in Butucea and
Tsybakov [5] and Cauchy-Schwarz inequality, we have

|Efic () - f ()]

T
< in 1 J'Jexp (—itx) ¢y (£) dt — f (x)
_ ‘—f( e Ltl>?exp(—itx) o/ (8) dt‘
< frs T J ¢y )t
n
e
X Jm Jor@exp(@rr) (e + 1)
x exp (-at]") (t2 + 1)_6/2 dt
S 1 n\/—
n-1

s \12
X (J exp (—2alt|") (t2 + 1) dt)
|t|>T

1n\/—
-1

s 12
X <J- exp (—2au|™) (1[2 + 1) ufzdu>
|u|<E!

=—f()

IN

1
mf (%)

1 nvm )

to "D \/_t exp (—af') (1 +o0(1)).

(A1)

9
Now we compute the variance of f, (x) as follows:
Var (f (x)) - Lvar (K" (x-Y))
SC n
<-E(K" (x-Y))
(A12)

1 +00 nz
< EJ L (t)dt
20 Lo (- 12
t
<c—" j L
n-1)Jo |¢>€|

When the error distribution is super smooth (8 > 0), by
(3), we have

s [ e (o0if) (2 1)
(A.13)

Var (f.(x)) <C

(n-1)

If 7 = O{((2/5b) log(n(log(n))™"))!/P}, we can obtain that
Var (f,. (x)) <O (n_l/5 (log (n))y/s) )

Therefore, E|f. (x) — f(x)]* <

n™' (log(n)"").
When the error distribution is ordinary smooth (8 =
0, f, > 0), by (3), we have

(A.14)

oF % exp(—2at") +

@) a

0

Var (fsc (x)) < C(n _nl)z

N 2p+1
—t .
(n—-1)

(A.15)

If7 = On/* ™) we can obtain that Var(f, (x)) <
O(n™?/*). Therefore,

E|fe ) - f )| <O(F 7 exp (-2 +n7"%).
(A.6)

Next, we consider the MISE of the estimator f,.(x). By
Parseval theorem, we have

E|f - f@) —EJ [Fe ()= £ ()] dx

i
gn

l\.)l,_‘

ORI

+00

¢Y (t) — ¢y (t)
¢, ()

_ LJ'?E $Y(t)—¢Y(t) ?
¢ (1)
1

o | lerefa

2

1
2

(A.17)

dt

Do
R

=Ju+ s
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For J5, by (4), we have
1 2 "~ /.2 8
= — t 2alt t"+1
=5 |, 1 OF exp 2aler) (¢ 1)

x exp (—2at]") (t2 + 1)76 dt (A.18)

< % exp (—2a |?|r) (?2 + 1)_6

We now consider J,. By some simple calculations, we can
drive that

TE|dy ) - A<t>|
R
L1 JfEIA(t) ¢y(t)|
e jg.0f

l] E|y (1) - Mm
T J(-£HnA,

. O
+lj E|y () -a )] W
T J(-£,H)nA _

IN

X6

t
SN [
I |, (8)]

1{ 1 1 2 1
;(rl—l+(n—1)2+(n—1)3/2>j(~,t v (t)|2dt

N 14(11—1)J 1
T n? (-HDNA _ |(/5 t)|

IN

1 (t 1 C 1
+ — r< — d
Jf | (t)l n jt EXGE A1)
19

Therefore, when the error distribution is super smooth (§ >
0), we have

S j exp (267 (£ +1)™ dt. (A.20)

Choosing f = O{((2/5b) log(n(log(n))_”))l/ﬁ}, we have
E|fc o~ f o

n ' (log (n))y/5> .
(A.21)

<O ((—{2 + 1)76 exp (—2at") +

When the error distribution is ordinary smooth (f = 0,
Bo > 0), we have

T
Jy < EJ (£ + 1)ﬁ° dt = Cphn (1+0(1). (A22)
n 0 n
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Choosing 7 = O(n**@Fo*D) we have

E|fex)~f (X)"2 <O ((?2 + 1)_(S exp (—2af’) + n_Z/S) _
(A.23)

The proof of Theorem 3 is completed. O

Proof of Theorem 4. The proof of Theorem 4 can easily be
derived by Theorem 6, we hence omit the details, and we only
need to prove Theorem 6. O

Proof of Theorem 6. By (24) and Parseval theorem, we have
+00 )
E J, [F () - £ ()] dx

1 +00
2 J-wo

1 +00
2 J-wo

_E@ o EID@F dr

+ J
T J-co

_E@ o EID@F dr

2

¢ (1) ¢y (1)
¢ (t) (D)

) ¢
¢ (1) b(D)

dt

ﬁEY (1) — ¢y (1) ’

d
6. () ‘

‘¢Y (t) - ¢y (f)'
¢ O

J '¢Y () — ¢y (t)'
a . (&)

Lt|>t .(Pf (t)' dat

=Je+2],+2]s.
(A.24)

Therefore, we only need to deal with J;. Invoking
Lemma A, it is easy to show that

IwwEwmwt

:ll'—‘

Js =

:llN

j E|gy ) - ¢y 0 EID @) dt

+

t
IMAWEmmwt

Qe

ij E|D @) dt
7
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t
* % L"/’f O ¢ EID () dt

— 2
B2 -

g Ml g o
(A.25)

Then, when the error distribution is super smooth (§ > 0),
by (4), we have

Jo< & [ exp(o0ef) (4 1) a

nJo

c (A.26)
+ I sup (tz + 1)’30_8 exp {thﬁ - Zatr}.
te[0,f]
If B > r, it is easy to show that
Jo < Sexp (267°) 7P (14 0(1))

n

(A.27)

mCa(g,-5), B
+ﬁt 0 exp(th )(1+0(1)).

Hence, by choosing M > n(log(n))7(“2(‘60/\6)7&#‘8 and
T = O{((2/5b) log(n(log(n)) ™))"/}, together with (A.18) and
(A.20), we can drive that
~ 2
E|fi@)- f )|

<O ((?2 + 1)_6 exp (-2af") + n"* (log (n))y/5> .
(A.28)

If B < r, we have

mC

C —B\ 142~
< Zexp(26) TP (Lo + 2. (A29
Jo < — exp (2b1") (Lto)+—2  (A29)

Hence, by choosing M > nl/s(log(n))fy/5 and T =

O{((2/5b) log(n(log(n))"))/P}, together with (A.18) and
(A.20), we can drive that

~ 2

E fsc (x)—f(x)"

<O <(?2 + 1)_6 exp (-2af") +n° (log (n))y/5> .
(A.30)

When the error distribution is ordinary smooth (f =
0, B, > 0), we have

]6_%Lt(t2+1)ﬁ°dt

L me sup (£ + 1)ﬂ " exp {~2at") (A.31)

te[0,]

< SPR (11 o(1)) + TERRO,
n M

1

Then, by choosing M > n?/2+OF=0/5Ch+1) ang 7 =
O(n?**@PtD)y  together with (A.18) and (A.22), we can drive
that

E

feo - f (x)||2 <O ((?2 + 1)—5 exp (-2af") + n_2/5> _
(A.32)
Thus, we finish the proof of Theorem 6. 0
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