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Abstract
As photoelectrically detected 252Cf-source-driven neutron signals always con-
tain noise, a denoising algorithm is proposed based on compressive sensing for
the noised neutron signal. In the algorithm, Empirical Mode Decomposition
(EMD) is applied to decompose the noised neutron signal and then find out the
noised Intrinsic Mode Function (IMF) automatically. Thus, we only need to
use the basis pursuit denoising (BPDN) algorithm to denoise these IMFs. For
this reason, the proposed algorithm can be called EMDCSDN (Empirical Mode
Decomposition Compressive Sensing Denoising). In addition, five indicators are
employed to evaluate the denoising effect. The results show that the EMDCSDN
algorithm is more effective than the other denoising algorithms including BPDN.
This study provides a new approach for signal denoising at the front-end.
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Abstract: Photoelectrically detected 252Cf-source-driven neutron signals in-
variably contain noise. To address this, we propose a denoising algorithm based
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on compressive sensing. The algorithm employs Empirical Mode Decomposition
(EMD) to decompose the noisy neutron signal and automatically identify the
noisy Intrinsic Mode Functions (IMFs). Subsequently, only these noisy IMFs are
processed using the Basis Pursuit Denoising (BPDN) algorithm. Consequently,
we designate this approach the EMDCSDN (Empirical Mode Decomposition
Compressive Sensing Denoising) algorithm.

We evaluate the denoising performance using five quantitative indicators. The
results demonstrate that EMDCSDN outperforms other denoising algorithms,
including BPDN alone. This study provides a novel front-end approach for
signal denoising.

Keywords: 252Cf-source-driven neutron signal, Empirical mode decomposition,
Compressive sensing, Denoising

DOI: 10.13538/j.1001-8042/nst.26.060404

Introduction
Photoelectric detection and imaging technology have been widely employed in
Nuclear Material Identification Systems (NMIS) for neutron signal detection
and nuclear component analysis. Time-frequency methods have been utilized to
analyze neutron signals and identify properties of nuclear materials [1, 2], while
tomographic imaging has been implemented to provide additional geometric in-
formation about nuclear components, thereby enhancing NMIS accuracy [3–5].
However, measurement processes inevitably introduce noise from external envi-
ronments, detectors, and electronic devices, which can obscure weak but useful
information. Consequently, denoising neutron signals is essential for improving
NMIS accuracy.

Beyond circuit-level and technical denoising methods, traditional algorithms
typically represent noisy signals in a transform domain and apply thresholding
for denoising. Fast Fourier Transform (FFT) filtering and wavelet shrinkage
have thus been applied to neutron signal denoising [6]. Additionally, a novel
algorithm called EMDSD (Empirical Mode Decomposition Double Smoothness
Detecting) has been proposed specifically for neutron signals [7]. Nevertheless,
these conventional algorithms cannot automatically adjust their decomposition
bases.

In recent years, compressive sensing (CS) has emerged as a state-of-the-art
paradigm for sparse sampling and reconstruction [8, 9]. CS approaches have
opened numerous research avenues in underdetermined systems and found prac-
tical applications in image processing, wireless communication, data streaming,
and medical imaging. CS has also been applied to image denoising [10–14],
with several new algorithms derived from the Basis Pursuit Denoising (BPDN)
framework [17]. Although these methods target signals across all frequencies,
compressive reconstruction errors tend to increase, potentially reintroducing
noise into the signal.
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Fortunately, Empirical Mode Decomposition (EMD) can decompose signals
into Intrinsic Mode Functions (IMFs) ranging from finer temporal scales (high-
frequency IMFs) to coarser ones (low-frequency IMFs). Since noise predomi-
nantly resides in high-frequency IMFs, the BPDN algorithm can be selectively
applied to denoise only these components. In this paper, we propose the EMD-
CSDN algorithm and compare its performance with several existing denoising
methods to verify its robustness.

Methodology
A. Materials

Neutron signals from 252Cf-source-driven nuclear material fission are detected
using photoelectric detectors. We designed a 252Cf-source-driven verification
system to identify properties of 235U (Fig. 1 Figure 1: see original paper). The
system comprises a 252Cf neutron source, an ionization chamber, scintillation
neutron detectors, a workstation equipped with a high-speed (1 GHz) data
acquisition card and large-capacity disk array, verification software, and a user
interface (UI) system. Three detectors are positioned around the fissile material,
with the target-detector distance d and the inter-detector angle 𝛼 adjustable
according to measurement requirements (Fig. 1(b)).

Figure 2 [Figure 2: see original paper] illustrates a noisy neutron pulse signal
acquired by the 252Cf-source-driven verification system. For experimental pur-
poses, the EMDCSDN algorithm is applied to denoise this signal. Since the
pure neutron signal is unknown, we treat a curve-fitted version of the noisy sig-
nal as the ground truth for evaluation. All materials are used without further
purification.

B. Basis Pursuit Denoising

Compressive sensing represents an advanced theory for sparse sampling and re-
construction. Specifically, let x = {𝑥1, 𝑥2, … , 𝑥𝑁}, x ∈ ℝ𝑁 with x = Ψ𝛼, where
𝛼 contains only 𝐾 non-zero elements and 𝐾 ≪ 𝑁 . The signal x is called 𝐾-
sparse with respect to transform Ψ. Random measurements y = {𝑦1, 𝑦2, … , 𝑦𝑀},
y ∈ ℝ𝑀 are generated by:

y = Φx,

where Φ ∈ ℝ𝑀×𝑁 , and the number of measurements 𝑀 ≪ 𝑁 . Recovering
x from y is an ill-posed problem. In CS theory, a 𝐾-sparse signal x can be
recovered from 𝑀 = 𝑂[𝐾 log(𝑁/𝐾)] measurements provided that Φ satisfies
the Restricted Isometry Property (RIP). Reconstruction can be achieved with
high probability by solving the following convex optimization:

𝛼 = arg min ‖𝛼‖1, subject to y = ΦΨ𝛼,
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where ‖𝛼‖1 denotes the ℓ1-norm of vector 𝛼.

For noisy neutron signals, the compressive sensing process can be described as
follows. Assume the noisy neutron signal x = s + n = Ψ𝛼 + n, where s is the
original signal, n denotes additive Gaussian white noise, and Ψ is the sparse
basis. Consequently, compressive sampling is defined as:

y = Φ(s + n) = Φs + Φn = Φs + z = ΦΨ𝛼 + z,

where z is sampling noise and ‖z‖2 ≤ 𝜀.

With noisy or imperfect data, exact fitting of the linear system is impossible.
Instead, the Basis Pursuit constraint is relaxed to obtain the Basis Pursuit
Denoising problem:

min ‖𝛼‖1 subject to ‖y − ΦΨ𝛼‖2 ≤ 𝜀.

An efficient algorithm using Spectral Projected Gradient (SPG) solves BPDN
[17]. This method converges much faster and maintains constant memory re-
quirements across iterations. However, most signal frequencies are pure and
require no denoising. Applying BPDN to all frequencies would recontaminate
the signal and potentially filter out useful information. Therefore, we propose
a new denoising algorithm based on compressive sensing that targets only the
noisy frequency components.

C. EMDCSDN Algorithm

The Hilbert-Huang Transform (HHT) is a novel time-frequency analysis tech-
nique proposed by Huang [18], with Empirical Mode Decomposition as its core
component. EMD’s advantage lies in deriving basis functions from the signal
itself, making the analysis more adaptive compared to wavelet methods with
fixed basis functions. Any signal can be decomposed into a finite number of
IMFs that yield meaningful instantaneous frequencies:

𝑥(𝑡) =
𝑁

∑
𝑗=1

IMF𝑗 + res,

where res represents the EMD residual.

Figure 3 [Figure 3: see original paper] shows the IMFs of a neutron signal de-
composed by EMD. Only the first few high-frequency IMFs appear noisy, while
the remaining IMFs are pure. Although EMD possesses inherent filtering char-
acteristics, noisy IMFs cannot be filtered directly. Therefore, we must identify
the noisy IMFs before applying BPDN for denoising.
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The EMDCSDN algorithm is presented in Fig. 4 [Figure 4: see original paper].
The IMF selector is designed based on characteristics of white noise [19]. One
key characteristic is that Γ𝑖 = 𝐸𝑖𝑃𝑖 remains constant, where 𝐸𝑖 is the energy
density and 𝑃𝑖 is the period of the IMFs:

𝐸𝑖 =
𝑁

∑
𝑗=1

[𝐶𝑖(𝑗)]2, 𝑃𝑖 = 𝑛max(𝑖) + 𝑛min(𝑖)
𝑁 ,

where 𝑁 , 𝐶, 𝑛min, and 𝑛max denote the length, amplitude, number of maxima,
and number of minima of the IMFs, respectively.

If 𝑅𝑖 = |(Γ𝑖 − Γ̄)/Γ̄| ≥ 1, then Γ𝑗(𝑗 = 1, 2, … , 𝑖 − 1) is constant and the first
𝑖 − 1 IMFs are noisy, where Γ̄ is the mean of Γ𝑗. This IMF selector automati-
cally identifies noisy components. Figure 5 [Figure 5: see original paper] shows
𝑅3 > 1, indicating that for the noisy neutron signal, IMF1 and IMF2 require
denoising. By narrowing the denoising scope, EMDCSDN reduces compressive
sensing reconstruction error and improves overall performance.

Algorithm 1: EMDCSDN Algorithm for Neutron Signal

Input: Noisy neutron signal x
Output: Denoised neutron signal x𝐷

1. Decompose x into IMFs (IMF𝑗, 𝑗 = 1, 2, … , 𝑁) and residual res
2. Select noisy IMFs (IMF𝑐, 𝑐 = 1, 2, … , 𝐶) and pure IMFs (IMF𝑝, 𝑝 =

1, 2, … , 𝑃 ) using the IMF selector, where 𝐶 + 𝑃 = 𝑁
3. Apply BPDN algorithm to denoise the noisy IMFs, producing denoised

IMFs 𝐷IMF𝑐, 𝑐 = 1, 2, … , 𝐶
4. Reconstruct: x𝐷 = ∑𝐶

𝑐=1 𝐷IMF𝑐 + ∑𝑃
𝑝=1 IMF𝑝 + res

D. Denoising Evaluation

Signal-to-noise ratio (SNR), peak signal-to-noise ratio (PSNR), and mean
squared error (MSE) are commonly used to evaluate denoising performance.
However, these three indicators alone are insufficient, as high SNR may indi-
cate that useful information has been filtered out. Therefore, two additional
indicators—smoothness of curve (SOC) and correlation coefficient (CC)—should
be included:

SOC = ∑𝑁−1
𝑖=1 [ ̂𝑥(𝑖 + 1) − ̂𝑥(𝑖)]2

∑𝑁−1
𝑖=1 [𝑥(𝑖 + 1) − 𝑥(𝑖)]2

CC = ∑(𝑥𝑖 − ̄𝑥)( ̂𝑥𝑖 − ̄̂𝑥)
√∑(𝑥𝑖 − ̄𝑥)2 ⋅ ∑( ̂𝑥𝑖 − ̄̂𝑥)2
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where x is the original noisy signal and x̂ is the denoised signal. For CC, larger
values are better, while for SOC, smaller values indicate superior denoising.
Comprehensive evaluation requires consideration of all five indicators.

Results and Discussion
For the noisy neutron signal x ∈ ℝ𝑁 with elements 𝑥[𝑛], 𝑛 = 1, 2, … , 𝑁 and 𝑁 =
1024, let 𝑀 denote the number of compressive samples, yielding a compressive
sampling rate of 𝑀/𝑁 .

As previously determined, the first two IMFs (IMF1, IMF2) are noisy. There-
fore, BPDN is applied only to these components. Figure 6 [Figure 6: see original
paper] shows the denoising results for 𝑀/𝑁 = 0.65, where DN denotes denois-
ing.

Figure 7 [Figure 7: see original paper] presents the overall denoising result for the
neutron signal using EMDCSDN. However, visual inspection alone cannot fully
characterize performance, necessitating evaluation using the five quantitative
indicators.

Different compressive sampling rates produce varying denoising effects. Figure
8 [Figure 8: see original paper] illustrates EMDCSDN performance across differ-
ent 𝑀/𝑁 values using dual Y-axes: the left axis represents MSE, SOC, and CC,
while the right axis shows SNR. SNR and CC increase with 𝑀/𝑁 , whereas MSE
and SOC decrease. Optimal performance occurs at 𝑀/𝑁 = 0.75, where SNR
and CC reach their maxima and MSE and SOC reach their minima. However,
for applications requiring lower sampling rates, 𝑀/𝑁 = 0.65 offers compara-
ble performance and may be preferable. We select 𝑀/𝑁 = 0.75 for our final
evaluation.

EMDCSDN is compared against four alternative algorithms: (1) EMD Filter
(EMDF), which directly filters noisy IMFs; (2) Basis Pursuit Denoising (BPDN)
using the SPGL1 algorithm; (3) Wavelet Threshold Denoising (WTDN), which
applies thresholding in the wavelet domain; and (4) EMD Wavelet Denoising
(EMDWTDN), which uses WTDN on noisy IMFs before reconstructing with all
IMFs. Table 1 summarizes the comparative performance.

Table 1 reveals that EMDF, while simple, is less effective because it filters
out useful information along with noise. EMDWTDN outperforms WTDN,
confirming that EMD enhances denoising effectiveness. EMDCSDN achieves
the best overall performance across all five indicators, validating the benefits
of both EMD and automatic noisy IMF selection, albeit with slightly longer
processing time.

Conclusion
We have proposed a novel denoising algorithm, EMDCSDN, for noisy neutron
signals. This method modifies the traditional BPDN approach by automatically
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selecting and denoising only the noisy IMFs, making the algorithm more tar-
geted and reducing compressive sensing reconstruction error. Evaluated using
five comprehensive indicators, EMDCSDN demonstrates superior effectiveness
compared to existing algorithms while also reducing sampling costs. The EMD-
CSDN framework is applicable to other denoising tasks beyond neutron signal
processing.
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