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Abstract

To improve depth reconstruction accuracy of streak tube imaging LiDAR (STIL) under weak
echo and low-contrast conditions in complex scattering environments, this paper proposes
a hierarchical reliability-guided multispectral polarization reconstruction framework (MSP-
STIL). The proposed method addresses measurement uncertainty in multi-wavelength
and multi-polarization observations by constructing a progressive reliability modeling
strategy, which evolves from polarization stability to statistical uncertainty and finally
to signal strength enhancement. First, a Dual-channel Polarization Contrast (Pc) is intro-
duced to evaluate local scattering stability and suppress fringe peak degradation caused
by polarization distortion. Second, SNR is employed to model the uncertainty of depth
measurements across different wavelength channels. Finally, echo intensity is incorporated
as a confidence refinement factor to further enhance high-quality signals. Based on this
hierarchical modeling strategy, an adaptive inverse-variance weighting scheme is devel-
oped to achieve robust multi-wavelength depth fusion. The results show that the proposed
method outperforms equal-weight and single-feature methods in all test regions. Com-
pared with the non-weighted method, the MAE, RE, MSE, RMSE, and STD are reduced by
approximately 10.95%, 12.02%, 25.44%, 13.68%, and 15.58% on average, respectively. Under
low signal-to-noise conditions (simulated by controlled noise levels) and long-distance
detection scenarios, the proposed method still maintains low reconstruction errors and
effectively suppresses depth fluctuations, demonstrating good noise resistance and distance
robustness. In addition, the maximum contrast of the RGB image constructed through
weighted fusion increases from 5.0065 to 5.8300, verifying the effectiveness of the proposed
method in low-contrast complex scenes. Overall, the proposed MSP-STIL multi-feature
joint weighting method shows clear advantages in reconstruction accuracy, robustness, and
scene adaptability.

Keywords: multispectral; polarization; streak tube LiDAR; image reconstruction; adaptive
fusion
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1. Introduction
With the rapid development of three-dimensional imaging technologies in complex

environment sensing, long-range target recognition, and 3D reconstruction, the ability to
acquire high-resolution and multi-dimensional information has become a key direction for
advanced detection systems.

Among active sensing techniques, Streak Tube Imaging LiDAR (STIL) has a unique
time-to-space conversion mechanism. It maps the temporal information of echo signals
into spatial positions in streak images. This enables high-precision distance measurement
while simultaneously providing intensity and depth information [1–4]. Due to its high
image quality, spatial resolution, range resolution, and high frame rate, STIL shows strong
potential in long-range target detection applications [5–9].

However, under complex backgrounds, low-contrast conditions, and strong inter-
ference, traditional imaging methods relying only on intensity and depth information
are insufficient for stable target recognition and feature extraction [10]. This limitation
becomes more severe in long-distance detection and weak echo scenarios. Therefore, im-
proving image contrast and enhancing target discriminability remains a key challenge in
LiDAR systems.

To overcome these limitations, multispectral and polarization imaging techniques
have been introduced into LiDAR systems to enhance feature representation and target
discrimination capability [11]. Multispectral imaging captures reflectance information at
different wavelengths, thereby revealing the material properties of target surfaces, while
polarization imaging analyzes variations in the polarization state of echo signals to provide
insights into surface geometry, roughness, and scattering characteristics. These two types of
information are inherently complementary, and their integration with STIL can significantly
improve imaging contrast and target discrimination performance [12].

However, the introduction of multispectral and polarization information also brings
new system design challenges. In particular, under multi-wavelength and multi-
polarization conditions, the fusion strategy plays a crucial role in determining imaging
performance and depth accuracy. Existing studies have shown that naive or direct fusion
of multi-level features may lead to information redundancy or performance degradation,
highlighting the need for more effective feature grouping and fusion strategies to fully
exploit complementary information [13]. Furthermore, under weak echo and noisy condi-
tions, signal stability varies across different wavelengths and polarization channels, which
increases the uncertainty of feature representation. Therefore, adaptive fusion becomes a
key issue in system design.

To address these challenges, this paper focuses on collaborative enhancement of fringe
reconstruction using multispectral and polarization information. Based on a multispectral
polarization streak tube imaging LiDAR system (MSP-STIL), an adaptive fringe reconstruc-
tion method is proposed for complex scattering environments.

The proposed method fully exploits the complementary characteristics of spectral
and polarization information. A multi-feature coupled fusion mechanism is introduced
to improve peak localization stability and depth reconstruction accuracy under weak
echo conditions.

Unlike conventional methods that rely on single intensity information or fixed weight-
ing strategies, this work models the uncertainty of different observation channels under
noise and scattering variations. A physically constrained adaptive weighting framework
is developed.

Specifically, a Pc-based adaptive modulation mechanism is first introduced in the
fringe peak reconstruction stage to improve peak stability under polarization degradation.
Then, a multi-feature weighting model is constructed by integrating echo intensity, polariza-
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tion stability, and peak width. This enables adaptive fusion of multi-wavelength depth infor-
mation and improves ranging robustness and imaging contrast in complex environments.

The main contributions of this work are summarized as follows:

(1) An uncertainty-aware fusion framework is proposed, which formulates multi-
wavelength reconstruction as an inverse-variance estimation problem under het-
erogeneous observation noise.

(2) A polarization-adaptive peak stabilization mechanism is developed to suppress fringe
broadening under polarization degradation.

(3) A multi-feature reliability modeling strategy integrating intensity, Pc, and peak width
is introduced to improve depth estimation robustness in low-SNR conditions.

Finally, simulation and experimental results validate the effectiveness of the proposed
method in terms of ranging accuracy and imaging contrast enhancement.

2. Methods
To improve reconstruction accuracy and integrate multispectral and polarization

information, we design a multispectral polarization streak tube imaging LiDAR system.
The system collects multidimensional information via multi-wavelength emission and
polarization modulation, and further improves echo information utilization efficiency by
integrating an enhanced streak image reconstruction method [14]. The overall system
architecture is illustrated in Figure 1.

Figure 1. The schematic of MSP-STIL system.

2.1. Laser Emission System and Polarization State Modulation Mechanism
2.1.1. Multi-Wavelength Laser Emission

The system employs a multi-wavelength pulsed laser transmitter as the primary active
illumination source, simultaneously emitting a composite laser beam with three specific
wavelengths (λ1, λ2, λ3).

The multi-wavelength design enables the acquisition of target reflection characteristics
under different spectral bands, thereby providing a foundation for subsequent multidimen-
sional information extraction.

The wavelengths of 355 nm, 532 nm, and 1064 nm are selected in this study. These
wavelengths correspond to the ultraviolet, visible, and near-infrared bands, respectively.
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Significant differences exist in target reflectance and atmospheric scattering characteristics
across different spectral bands, which provide complementary information.

Shorter wavelengths are more sensitive to scattering variations, while longer wave-
lengths exhibit stronger penetration capability and better anti-interference performance.
These properties help improve detection stability in complex environments.

The three wavelengths can be generated by an Nd:YAG (Neodymium-doped Yttrium
Aluminum Garnet) laser through frequency conversion. This approach offers good engi-
neering feasibility and system compatibility.

The temporal energy distribution of the emitted laser pulse approximately follows a
Gaussian model, which can be expressed as follows:

Pt(t) =
Et

τ
√

2π
exp

(︃
− t2

2τ2

)︃
(1)

where Et denotes the emitted laser energy, and τ represents the pulse width.
The multi-wavelength laser beam subsequently enters the polarization modulation

unit, where precise control of the polarization state of the incident light is achieved.

2.1.2. Polarization State Generation Mechanism

To obtain incident light with specific polarization characteristics, a Polarization-State
Generator (PSG) is introduced at the transmitting end of the system. The module consists
of a Liquid Crystal Variable Retarder (LCVR) and a Polarizer (P).

The optical axis of the LCVR forms an angle of 45◦ with respect to the horizontal
axis, enabling adaptive modulation of the retardation under different wavelengths. The
transmission axis of the polarizer is aligned parallel to the Y-axis.

Based on the Mueller matrices of the LCVR and the P, the Mueller matrix of the PSG
system can be expressed as [15]:

MPSG(δλ) = MLCVR(45◦, δλ)MP(0◦) (2)

and satisfies the following expression:

MPSG(δλ) =
1
2

⎡⎢⎢⎢⎣
1 1 0 0

cos δλ cos δλ 0 0
0 0 0 0

sin δλ sin δλ 0 0

⎤⎥⎥⎥⎦ (3)

Under this modulation mechanism, the incident unpolarized laser beam, represented
by the normalized Stokes vector, is transformed into a laser beam with a specific polarization
state. The resulting polarization-state expression is given as follows:

St−λn = MPSG(δλn)Sλn =
[︂
1 cos δλ 0 sinδλ

]︂
(4)

The modulated laser beam subsequently enters the Optical Emission System (OES) for
beam shaping and expansion, ensuring uniform and stable illumination of the target region.

2.2. Interaction Model Between Laser and Target

When the multi-wavelength polarized laser illuminates the target surface, interactions
occur between the laser beam and the target surface. The intensity and polarization state of
the returned signal are both affected by the reflective characteristics of the target.
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The returned signal intensity satisfies the radar range equation:⎧⎪⎪⎪⎨⎪⎪⎪⎩
Iirr(t) =

4τaPt(t)
π(θtR)2

Irec(t) = Iirr

(︂
t − 2R

c

)︂
τaρ(dA)

R2θR

Pdet = Irec(t)
τoπD2

R
4 + Ntotal

(5)

where θt denotes the divergence angle of the emitted laser beam, θr represents the diffuse
reflection angle of the target surface, R is the distance between the detector and the target,
c is the speed of light, τo denotes the optical transmission efficiency of the system, τa is
the atmospheric transmittance coefficient, ρ represents the surface reflectivity of the target,
DR denotes the radius of the receiving optical lens, dA is the effective receiving area of
the reflected laser signal, and N represents the noise term, including laser speckle noise,
thermal noise, and background noise [16,17].

Speckle noise arises from the interference between coherent laser scattering on rough
target surfaces and the detector response. It is inherently random and is typically modeled
as signal-dependent multiplicative noise. Its statistical properties can be approximated by
a negative binomial distribution. Background noise is mainly induced by environmental
radiation, including solar illumination, ambient light, and atmospheric scattering. It
generally follows a Poisson distribution. Thermal noise originates from thermal motion in
the detector and electronic circuits. It is modeled as additive Gaussian white noise, whose
intensity depends on circuit temperature and device parameters. In addition, dark current
noise is also introduced as an additive noise component.

Based on the above model, the total number of detected photons in the system can be
expressed as:

Ntotal = Nsignal + Nspeckle + Nthermal + Nbackground (6)

Under a single-mode configuration (i.e., no birefringent materials in the target region),
the model is simplified by assuming that the target surface can be represented using a 4 × 4
diagonal Mueller matrix:

Mλ = diag
[︂
mλ

00 mλ
11 mλ

11 mλ
33

]︂
(7)

where mλ
00 represents the surface reflectivity of the target, while mλ

11 and mλ
33 characterize

the polarization properties of the target surface.
In this study, a diagonal Mueller matrix is adopted to simplify the modeling of po-

larization scattering. This assumption is valid under conditions where single scattering
is dominant and depolarization effects are relatively weak. The model is mainly appli-
cable to scenarios in which single scattering dominates, depolarization is weak, and no
significant birefringent materials exist in the target region. For natural surfaces or complex
artificial targets, multiple scattering and depolarization effects may introduce non-diagonal
elements in the Mueller matrix, thereby affecting the accurate representation of polariza-
tion characteristics. The purpose of adopting this model is to reduce the complexity of
system modeling and simulation, and to highlight the core mechanism of the proposed
reconstruction method, making it suitable for simulation studies of polarization imaging
LiDAR systems.

According to Equation (5), after reflection from the target surface, the polarization
state of the incident laser beam becomes:

Si,j
rec−λn = Mi,j

λnSi,j
irr−λn

(︃
t − 2Ri,j

c

)︃
τaρ(dA)

R2θR
(8)
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where Si,j
irr−λn denotes the polarization state of the laser beam incident on the local

target region, and Ri,j represents the distance between the local target region and the
imaging system.

2.3. Echo Signal Reception and Imaging Procedure

The core objective of the receiving process is to separate, delay, and transmit the multi-
wavelength and multi-polarization echo signals reflected from the target, thereby ensuring
that the signals enter the streak tube in an ordered manner to complete the imaging process.

2.3.1. Polarization and Spectral Separation

After reflection from the target surface, the multi-wavelength polarized echo sig-
nals are collected by the Optical Receiver System (ORS). The signals subsequently en-
ter a Polarization-State Analyzer (PSA) composed of an LCVR and a Polarizing Beam
Splitter (PBS).

In the PSA system, the optical axis of the LCVR forms an angle of 135◦ with respect
to the Y-axis and generates a phase retardation of δn. The PBS separates the incident laser
beam into the ordinary ray (o-ray) and the extraordinary ray (e-ray). Accordingly, the
Mueller matrices of the PSA system can be expressed as follows:{︄

MPSA−o(δλ) = MP(0◦)MLCVR(135◦, δλ)

MPSA−e(δλ) = MP(90◦)MLCVR(135◦, δλ)
(9)

And satisfy the following expressions:⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

MPSA−o(δλ) =
1
2

⎡⎢⎢⎢⎣
1 cos δλ 0 sin δλ

1 cos δλ 0 sin δλ

0 0 0 0
0 0 0 0

⎤⎥⎥⎥⎦

MPSA−e(δλ) =
1
2

⎡⎢⎢⎢⎣
1 − cos δλ 0 − sin δλ

−1 cos δλ 0 sin δλ

0 0 0 0
0 0 0 0

⎤⎥⎥⎥⎦
(10)

The Stokes vector of the o-ray, Si,j
λn−o(t), and that of the e-ray, Si,j

λn−e(t), can be ex-
pressed as follows: {︄

Si,j
λn−o(t) = MPSA−o(δλn)S

i,j
rec−λn(t)

Si,j
λn−e(t) = MPSA−e(δλn)S

i,j
rec−λn(t)

(11)

where Si,j
λn−o[t](0) and Si,j

λn−e[t](0) denotes the first element of the Stokes vector, namely
the light intensity. According to Equation (5), the powers of the o-ray and e-ray incident on
the photocathode of the streak tube are Pi,j

λn−o(t) and Pi,j
λn−e(t), respectively, which can be

determined as follows: ⎧⎨⎩ Pi,j
λn−o(t) =

τλnπD2
R

4 Si,j
λn−o(t)[0] + N1

Pi,j
λn−e(t) =

τλnπD2
R

4 Si,j
λn−e(t)[0] + N2

(12)

where τλn denotes the transmittance of the echo signal at wavelength λn within the opti-
cal system.

After polarization separation, the signals corresponding to different wavelengths
and polarization states form six independent channels. Each channel is first focused by a
Convergent Lens (CL) and subsequently coupled into the fiber array of the Optical Fiber
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Remapping System (FRS). The echo signal of each group then undergoes temporal delay
processing through the corresponding Fiber-Optic Delay (FOD), ensuring that signals
from different groups enter the Wavelength Converter (WC) sequentially in time. After
wavelength conversion, signals at different wavelengths are uniformly converted into laser
pulses with a specific wavelength λ, and are subsequently injected into the streak tube in
chronological order.

2.3.2. Streak Image Formation

The streak tube converts the input signal through an optical–electrical–optical trans-
formation process. The luminous intensity generated by the laser pulse on the phosphor
screen of the streak tube can be expressed as follows [14]:

I(x, y) = τs

∫︂
Pt(t)G(x, y − tvs)dt (13)

where (x, y) denotes the spatial coordinates, τs is the optical-to-phosphor conversion
efficiency of the streak tube, Pt represents the incident laser pulse power, G(x, y) denotes
the geometrical profile of the laser spot, which is approximately described by a two-
dimensional Gaussian distribution, and vs is the scanning speed of the streak tube.

For the spots corresponding to the o-ray and e-ray, the intensity model can be further
expressed by combining polarization characteristics and the ranging equation as follows:⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

G(x, y) = 1
4πτ1τ2

exp
(︃
− 1

2

(︃
x2

2τ2
1
+ y2

2τ2
2

)︃)︃

E(x, y) = exp

⎛⎜⎝− x2

4τ2
1
−

(︃
y− 2Ri,j

c vs

)︃2

4τ2
2 +2τ2v2

s

⎞⎟⎠
C =

Etτsτλnτ2
α D2

RρdA

4πθRθ2
t (Ri,j)

τ√
4τ2

2 +2τ2v2
s

Ai,j
λn−o = C

(︂
mλn,i,j

00 + mλn,i,j
11 cos2 δλn + mλn,i,j

33 sin2 δλn

)︂
Bi,j

λn−e = C
(︂

mλn,i,j
00 − mλn,i,j

11 cos2 δλn − mλn,i,j
33 sin2 δλn

)︂
Ii,j
λn−o(x, y) = τs

∫︁
Pi,j

λn−o(t)G(x, y − tvs)dt = Ai,j
λn−oE(x, y)

Ii,j
λn−e(x, y) = τs

∫︁
Pi,j

λn−e(t)G(x, y − tvs)dt = Bi,j
λn−eE(x, y)

(14)

where τ1 and τ2 denote the spot dimensions in the x- and y-directions, respectively; C is
a constant related to the system parameters. The peak position of the spot is given by
x = 0 and y = 2Ri,jvs/c, from which the target range can be inferred based on the peak
position [18]; Ii,j

λn−o and Ii,j
λn−e represent the intensities of the spots generated by the o-ray

and e-ray laser pulses with wavelength λn, respectively.

2.4. Streak Image Reconstruction

In the MSP-STIL system, after polarization analysis, the echo signal at each wave-
length is decomposed into two polarization components: the ordinary ray (o-ray) and
the extraordinary ray (e-ray). Consequently, the system finally acquires six streak images,
corresponding to three wavelengths and two polarization-state combinations.

Each streak image consists of N × N spots, which essentially represent the spatiotem-
poral mapping results of the echo signals. The objective of streak image reconstruction is to
accurately extract the intensity, depth, and polarization information of each spot.

At the same wavelength, the o-polarized and e-polarized components exhibit different
energy distributions and polarization characteristics during target scattering and propaga-
tion. To fully exploit polarization information, an adaptive fusion model based on Pc is
introduced in the fringe image reconstruction stage.
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For the polarization images corresponding to the three wavelengths λ1, λ2 and λ3, the
Pci,j

λn is calculated as follows:

Pci,j
λn(x, y) =

⃓⃓⃓⃓
⃓ Ii,j

λn−o(x, y)− Ii,j
λn−e(x, y)

Ii,j
λn−o(x, y) + Ii,j

λn−e(x, y)

⃓⃓⃓⃓
⃓ (15)

where Ii,j
λn−o(x, y) and Ii,j

λn−e(x, y) denote the local echo intensities of the o-ray and e-ray
components, respectively, corresponding to wavelength λ within the (i, j)-th streak unit.

When the Pc is high, it indicates a significant difference between the two orthogonal
polarization components. In this case, the polarization characteristics of the echo signal
are more stable, and the corresponding fringe peaks are more concentrated with clearer
structures, which is beneficial for accurate peak localization.

When Pc is low, the difference between the orthogonal polarization components
becomes weaker. The echo signal contains a higher proportion of random components or
multipath effects, leading to peak broadening in the fringe pattern and increased uncertainty
in peak localization.

Therefore, Pc can be regarded as an effective measure of polarization stability in the
proposed system.

Based on these characteristics, the o-ray and e-ray streak spots are processed to obtain
the reconstructed spot Ii,j

λn(x, y)(n = 1, 2, 3), which can be expressed as follows:

Ii,j
λn(x, y) = ω

i,j
λn−o(x, y)Ii,j

λn−o(x, y) + ω
i,j
λn−e(x, y)Ii,j

λn−e(x, y) (16)

The weighting coefficients are determined by the local Pc.⎧⎨⎩ ω
i,j
λn−o =

1+Pci,j
λn

2

ω
i,j
λn−e =

1−Pci,j
λn

2

(17)

According to the streak spot intensity distribution expressed in Equation (14), the
exponential term contains: (︃

y − 2Ri,j

c
vs

)︃2

(18)

When the spot intensity reaches its maximum value, the exponential term attains its
minimum value, yielding:

y =
2Ri,j

c
vs (19)

Accordingly, the relationship between the target distance and the streak peak position
can be derived as follows:

Ri,j =
c

2vs
y (20)

The localization accuracy of the peak position y directly determines the accuracy
of range inversion. According to the error propagation theory, the ranging error can be
expressed as follows:

σR =

⃓⃓⃓⃓
∂Ri,j

∂y

⃓⃓⃓⃓
σy =

c
2vs

σy (21)

where σy denotes the positional uncertainty of the streak peak along the scanning direction.
In the actual imaging process, the echo intensity is positively correlated with the SNR,

whereas the peak width reflects the uncertainty of peak localization. Therefore, the ranging
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error approximately satisfies an inverse relationship with the SNR, which influences the
peak width and localization stability:

σR ∝
1

SNR
(22)

Meanwhile, a smaller peak width corresponds to higher ranging accuracy. Based
on the above analysis, the echo intensity and peak width are employed to construct the
multi-wavelength fusion weights in this study.

In this study, σR represents the uncertainty in the estimation of the fringe peak position.
Its main sources include echo signal noise, peak broadening, and statistical fluctuations
introduced by multi-wavelength fusion. According to error propagation theory, the peak
localization error is inversely proportional to the SNR.

When the SNR is high, the echo peak becomes more concentrated, leading to higher
peak localization accuracy and reduced distance estimation error. Conversely, under low-
SNR conditions, increased noise disturbances cause peak broadening, thereby increasing
σR.

Therefore, σR can be interpreted in a statistical sense as the uncertainty of distance
estimation derived from peak width, which fundamentally reflects the influence of echo
signal quality on ranging accuracy. Under this physical relationship, the weighting strategy
proposed in this work, based on echo intensity and peak width, is essentially equivalent to
an adaptive inverse-variance fusion mechanism driven by SNR.

The weighting coefficient is defined as follows:

ω
i,j
λn =

1/σ2
Rλn

3
∑

k=1

(︁
1/σ2

Rλk
)︁ (23)

where σR represents the estimated range uncertainty derived from peak width, reflecting
the stability of peak localization. This uncertainty is influenced by signal quality and is
indirectly related to the SNR. σR represents the standard deviation of the range estimation
error. In this work, it is approximated using the peak width (FWHM) of the streak signal,
which is further linked to the SNR. Under Gaussian noise assumptions, the variance of
the range estimation is inversely proportional to SNR. Therefore, the weighting strategy in
Equation (23) can be interpreted as an inverse-variance weighted fusion scheme, where
σ_R2 approximates the variance of the range estimator. This uncertainty is influenced by
signal quality and is indirectly related to the SNR.

A peak detection algorithm [19] is further employed to extract the intensity and depth
information of the spot Ii,j

λn(x, y) (n = 1, 2, 3). Subsequently, the intensity value Ii,j
λn and

depth value Ri,j
λn of the (i, j)-th spot at wavelength λn are obtained.

Finally, the depth value Di,j of the spot at pixel (i, j) is obtained by weighted fusion
of the depth Ri,j

λn(n = 1, 2, 3), intensity Ii,j
λn(n = 1, 2, 3), and parameter ωλn across the three

wavelengths, as given by:

Di,j =
3

∑
n=1

Ii,j
λnω

i,j
λnRi,j

λn (24)

In summary, the proposed streak image reconstruction method consists of three key
stages: spot information extraction, polarization-adaptive fusion, and multi-wavelength
weighted reconstruction. The method fully exploits the complementarity between multi-
spectral and polarization information, enabling high-precision recovery of echo intensity
and time-of-arrival information, thereby achieving the reconstruction of intensity images,
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polarization images and depth images. Consequently, it provides a reliable data foundation
for subsequent target recognition and precise ranging applications.

3. Experiments and Results
To ensure the physical consistency of the MSP-STIL simulation, as listed in Table 1,

the system modeling comprehensively considers key factors, including laser emission
characteristics, target reflection properties, and optical receiver system parameters, as well
as the performance characteristics of the detector and streak tube.

Table 1. System Parameter Settings.

Parameter Setting

Pulse energy Et/J 1
Pulse width τ/ns 5

Operating wavelengths λ/nm 355/532/1064
Angular dispersion of target θr/rad π
Angular dispersion of laser θt/rad 0.024

Field of view α/◦ 3
Focal length F/m 0.04

Receiver aperture radius DR/m 2 × 10−3

Optical transmittance τλ 0.75/0.68/0.62
Atmospheric transmittance τα 0.9

Conversion efficiency τs 1.1 × 104

Scanning speed vs/µm · ns−1 100
Number of echo signals 6 × 64 × 64

CCD resolution 4096 × 4096
spatial resolution SR/cm · pixel−1 1.3

Frame rate f /Hz 60
Background noise NB/W · m−2 100

dark current Nd/A 1 × 10−9

3.1. Accuracy Validation Experiment

We evaluate the reconstruction accuracy using a four-layer stepped target simula-
tion. Materials with different spectral reflection characteristics and polarization scattering
properties were selected as target surfaces. By incorporating their reflectivity parameters
and Mueller matrix parameters into the LiDAR imaging model, single-wavelength depth
images at the three operating wavelengths were obtained individually. We then generate
the optimized depth image using the proposed fusion method.

On this basis, different fusion strategies are constructed for comparison, including
equal-weight fusion, intensity-only weighting, uncertainty-only weighting, Pc-only weight-
ing, and a method without polarization information. These methods are further compared
with the proposed multi-feature joint weighting approach.

In the experiments, the MSP-STIL system is used to illuminate a trapezoidal target
at a distance of 1000 m. The target consists of four stepwise layers, as shown in Figure 2.
Each layer is a rectangular plane with dimensions of 4 m × 1 m, and the vertical spacing
between adjacent layers is 1 m. To reflect the influence of different material properties on
imaging results, the surfaces of the four layers are coated with fabric, concrete, paper, and
aluminum from top to bottom, respectively.

The surface reflectance and Mueller matrix parameters of the four materials at wave-
lengths of 355 nm, 532 nm, and 1064 nm are listed in Table 2.
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D Aluminum

A Fabric

B Concrete

C Paper

Figure 2. Stepwise Model.

Table 2. Reflectance and Polarimetric Parameters (m11, m33) of Different Materials at Multiple
Wavelengths.

A Fabric B Concrete C Paper D Aluminum

Parameter λ1 λ2 λ3 λ1 λ2 λ3 λ1 λ2 λ3 λ1 λ2 λ3
Reflectivity 0.46 0.54 0.56 0.51 0.588 0.56 0.87 0.82 0.79 0.36 0.362 0.425

m11 0.375 0.4 0.28 0.185 0.19 0.228 0.162 0.16 0.6 0.8 0.867 0.98
m33 0.372 0.37 0.3 0.19 0.193 0.24 0.17 0.175 0.63 0.78 0.851 0.98

To comprehensively evaluate the depth reconstruction performance of the proposed
method, several metrics are adopted, including Mean Absolute Error (MAE), Relative
Error (RE), Mean Squared Error (MSE), Root Mean Square Error (RMSE), and Standard
Deviation (STD).

MAE measures the average deviation between the reconstructed depth and the ground
truth, providing an intuitive indication of the overall error level. RE describes the error
relative to the true value, which helps analyze error distribution across different scales.
MSE accumulates squared errors and is more sensitive to large deviations, thus penalizing
outliers more strongly. RMSE, as the square root of MSE, shares the same physical units as
the measured quantity, enabling intuitive interpretation of error magnitude. STD character-
izes the dispersion of errors and is used to evaluate the stability of the method across pixels
or repeated experiments.

Through this multi-metric analysis, the accuracy and stability of depth reconstruction
results can be comprehensively evaluated, thereby providing an objective assessment of
the advantages of the proposed method.

Theoretically, the true depth of the same target should remain consistent across differ-
ent wavelengths. Therefore, the three single-wavelength depth images are expected to share
an identical spatial layer structure. However, due to differences in reflectance properties
and polarization scattering characteristics of various materials at different wavelengths,
each step region exhibits different echo intensity, polarization response, and fringe peak
structures during imaging. This leads to variations in peak localization accuracy, resulting
in discrepancies in the reconstructed depth images obtained at different wavelengths.

On this basis, different fusion strategies exhibit different capabilities in suppressing
these errors. Therefore, multiple weighting schemes, including equal weighting, intensity-
only weighting, SNR-only weighting, polarization-only weighting, and non-polarization
fusion, are constructed for comparison. The reconstruction performance of each method is
evaluated across different material regions to systematically analyze the influence of each
weighting factor on depth estimation accuracy.

Finally, the effectiveness and stability of different weighting strategies are quanti-
tatively evaluated by analyzing the statistical results of reconstructed depth images in
each step region and computing the Mean Squared Error (MSE) and Standard Deviation
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(STD). This allows for verification of the rationality of the proposed multi-feature joint
weighting method.

The parameters of the four-layer step target are then input into the multispectral
polarization streak tube LiDAR imaging simulation model. Imaging is performed under
three wavelengths, and three corresponding single-wavelength depth images are obtained,
as shown in Figure 3.

(a) (b) (c)

Figure 3. Step depth images at different wavelengths. (a) Step depth image at wavelength λ1. (b) Step
depth image at wavelength λ2. (c) Step depth image at wavelength λ3.

Under the condition that the experimental scenario, target parameters, and data
processing pipeline remain consistent, multiple fusion strategies are designed for ablation
analysis in this study.

Specifically, an equal-weight fusion method (Equal) is first introduced, which assigns
identical weights to different polarization components and multi-wavelength depth results,
serving as the baseline method.

Next, single-feature weighting strategies are constructed, including intensity-only
weighting (I-only), uncertainty ratio weighting (uncertainty-only), and Pc weighting (Pc-
only). These methods respectively use echo intensity, signal quality, and polarization
stability as weighting criteria.

On this basis, dual-feature fusion strategies are further developed, including inten-
sity and Pc (I + Pc), intensity and uncertainty (I + uncertainty), and Pc and uncertainty
(Pc + uncertainty), in order to analyze the impact of different feature combinations on
fusion performance.

Finally, all the above methods are used as baseline comparisons. The proposed
multi-feature adaptive weighting method (I + Pc + uncertainty) jointly considers echo
intensity, polarization stability, and uncertainty, while also incorporating peak width to
model uncertainty. This enables a more reasonable weight allocation mechanism, thereby
improving depth reconstruction accuracy and robustness.

For the above fusion strategies, three single-wavelength depth images are respectively
fused to obtain multiple sets of depth reconstruction results. The reconstructed depth im-
ages obtained by different methods are shown in Figure 4. The results include comparisons
under multiple fusion strategies, which provide a direct visualization of the influence of
different weighting mechanisms on depth estimation performance.

After obtaining the reconstructed depth images for each method, statistical analysis is
conducted on the four step regions, and the mean depth values are calculated. Evaluation
metrics including MAE, RE, MSE, RMSE, and STD are further computed.

The results for regions A–D are listed in Tables 3–6.
As shown in Tables 3–6, weighting methods based on a single feature (intensity,

polarization, or uncertainty) can reduce reconstruction errors to some extent. However,
their performance varies significantly across different regions, indicating that a single
feature is insufficient to fully characterize ranging reliability.
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(a) (b)

(f)

(c) (d)

(g) (h)(e)

Figure 4. Reconstruction results of different fusion methods. (a) Equal-weight baseline; (b) intensity
only (I-only); (c) uncertainty only; (d) polarization contrast only (Pc-only); (e) intensity combined with
uncertainty (I + uncertainty); (f) intensity combined with polarization contrast (I + Pc); (g) polarization
contrast combined with uncertainty (Pc + uncertainty); (h) the proposed multi-feature fusion method.

Table 3. Performance metrics of different methods in Region A.

Weight MAE Relative Error MSE RMSE STD

Equal 0.3457 0.1383 0.2259 0.4753 0.3934
I-only 0.3155 0.1262 0.1562 0.3953 0.3056

uncertainty-only 0.3284 0.1310 0.1401 0.3743 0.3915
Pc-only 0.2963 0.1185 0.1324 0.3639 0.295

I + uncertainty 0.2899 0.1159 0.1399 0.374 0.3005
I + Pc 0.3099 0.1239 0.1485 0.3854 0.3462

Pc + uncertainty 0.2960 0.1184 0.1323 0.3638 0.2949
Multi-feature fusion method 0.2720 0.1088 0.1059 0.3255 0.2623

Table 4. Performance metrics of different methods in Region B.

Weight MAE Relative Error MSE RMSE STD

Equal 0.3676 0.147 0.2761 0.5254 0.4439
I-only 0.3376 0.135 0.1799 0.4242 0.3639

uncertainty-only 0.3263 0.1305 0.2144 0.4630 0.3992
Pc-only 0.2835 0.1134 0.1374 0.3707 0.308

I + uncertainty 0.2904 0.1162 0.1306 0.3614 0.3063
I + Pc 0.3299 0.1319 0.1722 0.4150 0.3705

Pc + uncertainty 0.2833 0.1133 0.1375 0.3708 0.3082
Multi-feature fusion method 0.2791 0.1116 0.1208 0.3476 0.2934

Table 5. Performance metrics of different methods in Region C.

Weight MAE Relative Error MSE RMSE STD

Equal 0.3319 0.1328 0.2348 0.4846 0.4443
I-only 0.2827 0.1131 0.1642 0.4052 0.3690

uncertainty-only 0.3199 0.1279 0.2197 0.4687 0.4201
Pc-only 0.3366 0.1346 0.1804 0.4247 0.3155

I + uncertainty 0.2471 0.0988 0.1021 0.3195 0.3085
I + Pc 0.2796 0.1118 0.1253 0.3540 0.3515

Pc + uncertainty 0.2563 0.1025 0.1060 0.3256 0.3149
Multi-feature fusion method 0.2458 0.0983 0.0900 0.3000 0.2887
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Table 6. Performance metrics of different methods in Region D.

Weight MAE Relative Error MSE RMSE STD

Equal 0.3455 0.1382 0.3311 0.0575 0.5361
I-only 0.3325 0.1330 0.3414 0.5843 0.5439

uncertainty-only 0.2925 0.1170 0.2231 0.4723 0.4487
Pc-only 0.3221 0.1288 0.2079 0.4560 0.3778

I + uncertainty 0.2176 0.0870 0.0844 0.2904 0.2845
I + Pc 0.2822 0.2822 0.1347 0.3670 0.3583

Pc + uncertainty 0.2389 0.2389 0.1067 0.3266 0.3173
Multi-feature fusion method 0.2094 0.0838 0.0690 0.2627 0.2596

In contrast, the proposed multi-feature joint weighting method achieves the best
performance across all regions (A–D). In Region A, the MSE is reduced to 0.1059 from
0.2259, while the MAE, RMSE, and STD are 0.2720, 0.3255, and 0.2623, respectively. In
Region B, the MSE and STD are further reduced to 0.1208 and 0.2934. In Regions C and D,
the MSE is reduced to 0.0900 and 0.0690, respectively, demonstrating stronger adaptability
under complex polarization scattering conditions.

The results indicate that polarization information plays an important role in regions
with significant scattering variations. However, using polarization alone is still insufficient
to achieve optimal performance. By fusing intensity, uncertainty, and polarization infor-
mation, the proposed method provides a more comprehensive characterization of signal
reliability, thereby improving reconstruction accuracy and reducing error fluctuations.

These results also show that higher Pc or higher intensity does not necessarily corre-
spond to higher ranging accuracy, further validating the necessity of multi-feature fusion.

3.2. Robustness and Generalization Verification

To further evaluate the applicability of the proposed method in complex real-world
environments, a systematic analysis is conducted from three aspects: noise level variations
corresponding to different SNR conditions, imaging distance variation, and random noise
perturbations. Specifically, different noise levels are simulated, resulting in varying SNR
conditions, in order to reflect the impact of environmental interference and detector noise
on fringe peak localization accuracy. As the noise level increases (i.e., SNR decreases), the
echo signal becomes more corrupted by random fluctuations, leading to peak broadening
and unstable localization, which can be interpreted as an increase in ranging uncertainty.
Therefore, the variation in noise levels in this study can be regarded as an explicit represen-
tation of uncertainty under different signal quality conditions. Imaging distance variation
is introduced to simulate signal attenuation and echo quality degradation in long-range
detection, which affects reconstruction performance. In addition, Monte Carlo random
noise perturbations are applied to evaluate the statistical stability and consistency of the
method under stochastic disturbances.

Under these degradation conditions, the proposed method is compared with a non-
weighted fusion baseline method. A comprehensive evaluation is performed from multiple
perspectives, including robustness to noise levels, adaptability to imaging distance, and
reconstruction stability, thereby providing a more complete validation of the generalization
capability of the proposed method in complex practical scenarios.

3.2.1. Simulation Procedure and Experimental Setup

Based on the four-layer step target model described above, comparative experiments
under different noise levels are conducted. The target structure, material parameters, and
imaging pipeline are kept unchanged. The imaging distance is fixed at 1000 m. Three noise
levels corresponding to SNR settings of 5 dB, 10 dB, and 15 dB are considered.
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Under each noise condition, both the non-weighted reconstruction method and the
proposed multi-feature weighted reconstruction method are applied to fuse the three single-
wavelength depth images. Two sets of reconstructed depth images are then obtained for
performance comparison under different noise levels. The depth reconstruction results are
shown in Figure 5.

(a) (b)

(e)

(c)

(f)(d)

Figure 5. Depth reconstruction results under different noise levels. (a–c) Equal method at 15, 10, and
5 dB, respectively; (d–f) multi-feature fusion method at 15, 10, and 5 dB, respectively.

As can be observed from the figure, under low SNR conditions (e.g., 5 dB), increased
noise levels significantly affect the depth reconstruction results. The non-weighted method
exhibits obvious depth fluctuations and structural distortions, whereas the proposed
method can effectively suppress noise interference to a certain extent and maintain a
relatively clear step structure. As the noise level decreases (corresponding to higher SNR
conditions), the reconstruction results of all methods improve gradually. The proposed
method consistently demonstrates better structural preservation capability and lower
sensitivity to noise under different noise conditions.

For quantitative analysis, the mean depth values of the four step regions are calculated,
and evaluation metrics including Mean Absolute Error (MAE), Relative Error (RE), Mean
Squared Error (MSE), Root Mean Square Error (RMSE), and Standard Deviation (STD)
are further computed. A comparative evaluation of the two methods is performed under
different noise levels corresponding to SNR conditions.

The evaluation results of different regions are presented in Tables 7–10.

Table 7. Error metrics of Region A under different noise levels.

Noise Level (SNR Condition) MAE Relative Error MSE RMSE STD

Without
weighting

15 dB 0.1868 0.0441 0.0461 0.2147 0.1558
10 dB 0.2594 0.0648 0.1019 0.3193 0.2493
5 dB 0.3786 0.0946 0.2695 0.5191 0.5168

Weighted
reconstruction

15 dB 0.1727 0.0432 0.0443 0.2106 0.1470
10 dB 0.2290 0.0573 0.0818 0.2860 0.2105
5 dB 0.3040 0.0760 0.1422 0.3771 0.3174
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Table 8. Error metrics of Region B under different noise levels.

Noise Level (SNR Condition) MAE Relative Error MSE RMSE STD

Without
weighting

15 dB 0.1960 0.0697 0.0499 0.2235 0.1504
10 dB 0.2345 0.0782 0.0842 0.2902 0.2388
5 dB 0.3891 0.1297 0.2585 0.5084 0.4465

Weighted
reconstruction

15 dB 0.1821 0.0607 0.0472 0.2172 0.1426
10 dB 0.2170 0.0723 0.0743 0.2725 0.2270
5 dB 0.3050 0.1017 0.1383 0.3718 0.3137

Table 9. Error metrics of Region C under different noise levels.

Noise Level (SNR Condition) MAE Relative Error MSE RMSE STD

Without
weighting

15 dB 0.1473 0.0792 0.0284 0.1686 0.1698
10 dB 0.2365 0.1183 0.0818 0.2860 0.2696
5 dB 0.3821 0.1911 0.2672 0.5169 0.5112

Weighted
reconstruction

15 dB 0.1358 0.0679 0.0277 0.1663 0.1654
10 dB 0.2008 0.1004 0.0608 0.2466 0.2305
5 dB 0.2499 0.1250 0.0974 0.3121 0.3005

Table 10. Error metrics of Region D under different noise levels.

Noise Level (SNR Condition) MAE Relative Error MSE RMSE STD

Without
weighting

15 dB 0.1370 0.1370 0.0293 0.1711 0.1644
10 dB 0.2306 0.2306 0.1081 0.3287 0.3145
5 dB 0.3863 0.3863 0.3961 0.6293 0.5973

Weighted
reconstruction

15 dB 0.1203 0.1203 0.0233 0.1527 0.1500
10 dB 0.1978 0.1978 0.0602 0.2454 0.2373
5 dB 0.2572 0.2572 0.1074 0.3278 0.3190

The results in Tables 7–10 indicate that, as the noise level increases (corresponding to
decreasing SNR conditions from 15 dB to 5 dB), the error metrics of all methods show a
significant increasing trend, suggesting that noise interference directly affects the accuracy
of fringe peak localization, thereby degrading depth reconstruction performance.

Compared with the non-weighted method, the proposed multi-feature joint weighting
method consistently achieves lower MSE and RMSE under all noise conditions, and also
exhibits smaller STD values. In particular, under low signal-to-noise conditions (5 dB,
corresponding to higher noise levels), the proposed method can still effectively preserve the
integrity of the step structure and suppress depth fluctuations caused by noise. These results
indicate that the proposed multi-feature joint weighting strategy can more comprehensively
characterize signal quality, thereby significantly improving robustness to noise and overall
system stability.

3.2.2. Experiments Under Different Imaging Distances

To validate the applicability of the proposed method under different detection dis-
tances, robustness experiments are conducted based on the four-layer step target model
described above. During the experiments, the target structure, material parameters, wave-
length settings, and data processing pipeline are kept unchanged. The noise level is
fixed (corresponding to a signal-to-noise ratio of 15 dB) to eliminate the influence of
noise variations, with a focus on analyzing the effect of imaging distance on depth
reconstruction performance.
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Specifically, three distances—500 m, 1000 m, and 1500 m—are set. Under each dis-
tance condition, both the non-weighted fusion method and the proposed multi-feature
joint weighting method are applied to fuse and reconstruct the three single-wavelength
depth images, thereby obtaining the depth reconstruction results under different distance
conditions. The resulting depth images are shown in Figure 6.

(a) (b)

(e)

(c)

(f)(d)

Figure 6. Shows the depth reconstruction results under different imaging distances. (a–c) Equal
method at 500, 1000, and 1500 m, respectively; (d–f) multi-feature fusion method at 500, 1000, and
1500 m, respectively.

As shown in Figure 6, as the imaging distance increases, the echo signal intensity
gradually decreases, and the effects of noise interference and peak localization errors on
depth reconstruction become more pronounced. The non-weighted method exhibits local
depth fluctuations under long-distance conditions, whereas the proposed method can
better preserve the integrity of the step structure and effectively reduce reconstruction
errors caused by increasing distance.

For quantitative evaluation, the mean depth values of the four step regions are com-
puted, and several metrics, including Mean Absolute Error (MAE), Relative Error (RE),
Mean Squared Error (MSE), Root Mean Square Error (RMSE), and Standard Deviation
(STD), are further calculated. A comparative analysis of the two methods is then performed
under different distance conditions.

The evaluation results of different regions are presented in Tables 11–14.
The results in Tables 11–14 indicate that, as the imaging distance increases from 500 m

to 1500 m, the error metrics of all methods exhibit an overall increasing trend. This is
mainly attributed to the attenuation of the echo signal caused by the increased propagation
distance, which further aggravates the error in streak peak extraction.

Table 11. Error metrics of Region A under different distances.

Method Distance MAE Relative Error MSE RMSE STD

Without weighting
500 m 0.2526 0.0631 0.1180 0.3435 0.2707

1000 m 0.2700 0.0675 0.1248 0.3533 0.2745
1500 m 0.2908 0.0727 0.1391 0.3729 0.3359

Weighted reconstruction
500 m 0.2301 0.0575 0.0786 0.2804 0.2158

1000 m 0.2320 0.0580 0.0823 0.2868 0.2180
1500 m 0.2371 0.0593 0.0883 0.2971 0.2350
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Table 12. Error metrics of Region B under different distances.

Method Distance MAE Relative Error MSE RMSE STD

Without weighting
500 m 0.2414 0.0805 0.0897 0.2996 0.2251

1000 m 0.2606 0.0869 0.0998 0.3159 0.2548
1500 m 0.2866 0.0955 0.1343 0.3664 0.3108

Weighted reconstruction
500 m 0.2293 0.0754 0.0816 0.2856 0.2148

1000 m 0.2302 0.0767 0.0829 0.2880 0.2283
1500 m 0.2328 0.0776 0.0882 0.2969 0.2564

Table 13. Error metrics of Region C under different distances.

Method Distance MAE Relative Error MSE RMSE STD

Without weighting
500 m 0.2210 0.1105 0.0884 0.2974 0.2635

1000 m 0.2566 0.1283 0.1044 0.3231 0.2857
1500 m 0.3079 0.1540 0.1400 0.3742 0.3150

Weighted reconstruction
500 m 0.1731 0.0865 0.0497 0.2229 0.2184

1000 m 0.1836 0.0918 0.0557 0.2360 0.2262
1500 m 0.1884 0.0942 0.0589 0.2427 0.2382

Table 14. Error metrics of Region D under different distances.

Method Distance MAE Relative Error MSE RMSE STD

Without weighting
500 m 0.2156 0.2156 0.0689 0.2625 0.2618

1000 m 0.2525 0.2525 0.0972 0.3117 0.2984
1500 m 0.2954 0.2954 0.1569 0.3962 0.3136

Weighted reconstruction
500 m 0.1808 0.1808 0.0507 0.2253 0.2228

1000 m 0.1823 0.1823 0.0520 0.2281 0.2237
1500 m 0.1888 0.1888 0.0571 0.2389 0.2348

In contrast, the proposed multi-feature joint weighting method consistently maintains
lower MSE and RMSE values under different distance conditions, and its error growth
rate is smaller than that of the non-weighted method. In particular, under long-distance
conditions (1500 m), the proposed method can still effectively preserve the structural
hierarchy of the step target, demonstrating stronger adaptability to signal attenuation.

These results indicate that the proposed method not only achieves high accuracy
in short- and medium-range scenarios, but also maintains effective error control in long-
distance detection, thereby demonstrating excellent distance robustness.

3.2.3. Monte Carlo Repeated Experiments

To further evaluate the stability and consistency of the proposed method under ran-
dom noise perturbations, Monte Carlo repeated experiments are conducted under fixed
experimental conditions. The experiments are still based on the four-layer step target
model described above, with unchanged target structure, material parameters, and imag-
ing pipeline. The noise level is fixed, corresponding to a SNR of 10 dB, and the imaging
distance is fixed at 1000 m.

Under this condition, 20 independent repeated experiments are conducted for both
the unweighted fusion method and the proposed multi-feature joint weighting method.
In each experiment, random noise is regenerated and the complete depth reconstruction
process is performed to obtain reconstruction results under different noise conditions.
For each experiment, the reconstruction results are evaluated using mean absolute error
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(MAE), relative error (RE), mean squared error (MSE), root mean square error (RMSE), and
standard deviation (STD). The mean and variance of these metrics are then calculated to
assess the stability of different methods under random noise perturbations. The results are
shown in Table 15.

Table 15. Comparison of reconstruction performance between the proposed method and the un-
weighted method.

Region Method MAE Relative Error MSE RMSE STD

A
Proposed 0.2331 ± 0.0102 0.0583 ± 0.0025 0.0814 ± 0.0068 0.2850 ± 0.0119 0.2246 ± 0.0079

Unweighted 0.2576 ± 0.0104 0.0651 ± 0.0027 0.1025 ± 0.0072 0.3192 ± 0.0098 0.2529 ± 0.0088

B
Proposed 0.2385 ± 0.0113 0.0795 ± 0.0038 0.0849 ± 0.0089 0.2911 ± 0.0152 0.2235 ± 0.0105

Unweighted 0.2570 ± 0.0125 0.0846 ± 0.0037 0.1028 ± 0.0105 0.3205 ± 0.0165 0.2622 ± 0.0193

C
Proposed 0.1836 ± 0.0097 0.0918 ± 0.0049 0.0529 ± 0.0065 0.2298 ± 0.0141 0.2214 ± 0.0118

Unweighted 0.2137 ± 0.0155 0.1064 ± 0.0077 0.0784 ± 0.0210 0.2716 ± 0.0365 0.2663 ± 0.0348

D
Proposed 0.1860 ± 0.0085 0.1860 ± 0.0085 0.0542 ± 0.0072 0.2328 ± 0.0156 0.2224 ± 0.0129

Unweighted 0.2163 ± 0.0123 0.2163 ± 0.0123 0.0830 ± 0.0295 0.2920 ± 0.0502 0.2751 ± 0.0418

The results in Table 15 indicate that, under the condition of 15 dB noise perturbation,
the proposed method outperforms the unweighted method across all four regions (A, B, C,
and D), demonstrating improved reconstruction stability and robustness to stochastic noise.

Overall, the proposed method achieves average MAE, RE, MSE, RMSE, and STD
values of 0.2103, 0.1039, 0.0684, 0.2597, and 0.2230, respectively, which are all lower than
those of the non-weighted method (0.2362, 0.1181, 0.0917, 0.3008, and 0.2641). The cor-
responding average reductions are approximately 10.95%, 12.02%, 25.44%, 13.68%, and
15.58%, respectively.

These results demonstrate that the proposed multi-feature joint weighting method not
only improves reconstruction accuracy but also enhances consistency under random noise
perturbations, further validating its robustness.

A comprehensive evaluation under varying noise levels (corresponding to different
SNR conditions), imaging distances, and stochastic perturbations shows that the error
of all methods increases with stronger noise or longer propagation distance. However,
the proposed method consistently maintains lower error levels and reduced fluctuations.
In particular, under low signal-to-noise conditions (5 dB) and long-distance scenarios
(1500 m), the proposed method still effectively preserves the structural integrity of the target,
demonstrating strong robustness to noise and good adaptability to distance variation.

Monte Carlo repeated experiments further confirm that the proposed method achieves
lower reconstruction error under multiple random perturbations, with an average error
reduction of approximately 10–25%, validating its stability and consistency.

Overall, the proposed method demonstrates clear advantages in terms of accuracy,
robustness, and generalization capability.

3.3. Contrast Experiment

To validate the proposed method for contrast enhancement in complex scenes, multi-
spectral polarization imaging simulations are conducted based on the MSP-STIL imaging
system. In this experiment, the target is partially occluded by trees, forming a low-contrast
scene with strong background interference.

After obtaining multi-wavelength echo signals, intensity images, Pc images, and depth
images are reconstructed. To eliminate amplitude differences among different channels, all
images are normalized prior to fusion processing.
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From the seven reconstructed images, three representative images are selected based
on complementary feature characteristics for fusion analysis. These selected images are
mapped to the RGB channels to construct a fused RGB image.

Subsequently, the RGB fused image is compared with intensity images, polarization
images, and depth images for contrast analysis. A contrast evaluation metric (CST) is
adopted for quantitative assessment of different image types. In addition, the RGB im-
age is converted into the HSV (Hue, Saturation, Value) color space for further contrast
computation. The contrast calculation method is given as follows:

CST =
cn

∑
c=1

⃓⃓⃓⃓
⃓⃓⃓⃓ 1

Kc
∑ Targetc(k)−

1
Mc

∑ Backgroundc(m)

1
Mc

∑ Backgroundc(m)

⃓⃓⃓⃓
⃓⃓⃓⃓ (25)

where cn denotes the number of image channels. Specifically, cn = 1 corresponds to a
single-channel image, and cn = 3 corresponds to an HSV image. targetc(k) represents the
pixel value of the target in channel c; Kc is the total number of target pixels in channel c.
backgroundc(m) denotes the pixel value of the background in channel c; and Mc is the total
number of background pixels in channel c. In the contrast evaluation process, the target
and background regions are determined through manual annotation.

As shown in the figures above, Figure 7 presents the reflectance images of the target
region at three wavelengths. Figure 8 shows the m11 component of the Mueller matrix
for the target region at the three wavelengths, while Figure 9 shows the m33 component.
Figure 10 displays the original distance image of the target region, in which the tank is
partially occluded by three trees.

Figure 7. Reflectance images: (a) reflectance image at λ1; (b) reflectance image at λ2; (c) reflectance
image at λ3.

Figure 8. m11 images: (a) m11 image at λ1; (b) m11 image at λ2; (c) m11 image at λ3.

Figure 9. m33 images: (a) m33 image at λ1; (b) m33 image at λ2; (c) m33 image at λ3.
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Figure 10. Initial depth image.

From Figure 11, it is observed that in single-wavelength images, the brightness distri-
bution of the target tank is similar to that of the occluding trees. Alternatively, due to the
relatively low reflectance of the tank, its brightness appears darker. As a result, the overall
image contrast is low and the target features are not prominent, thereby increasing the
difficulty of target recognition. Table 16 shows the CST of each single-wavelength image
and depth map.

(a) (b) (c) (d)

(e) (f) (g)

Figure 11. Reconstructed intensity images, DOP images and the depth image. (a) Intensity image at
λ1. (b) Intensity image at λ2. (c) Intensity image at λ3. (d) DOP image at λ1. (e) DOP image at λ2.
(f) DOP image at λ3. (g) Depth image.

Table 16. Comparison of CST metrics for different image types.

Image Type CST

Pc image (λ1) 0.7949
Pc image (λ2) 0.1563
Pc image (λ3) 0.5203

Intensity image (λ1) 0.5121
Intensity image (λ2) 0.0585
Intensity image (λ3) 0.3260
Fused depth image 0.0217

On this basis, all seven images are exhaustively combined using permutation-based
selection, and each three-image subset is mapped to the RGB channels to construct all
possible three-channel fusion schemes. Since the channel assignment is order-sensitive (i.e.,
different permutations of R, G, and B lead to different fused results), a total of 210 distinct
RGB fusion combinations are generated, corresponding to the permutation of selecting
3 images from 7 channels (i.e., P(7,3) = 210).

For each fusion result, the image contrast metric (CST) is calculated, and a unified
statistical analysis is performed over all combinations. Figure 12 shows the contrast ranking
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curve of the 210 fusion results, which provides an intuitive representation of the overall
contrast distribution among different combinations.

Figure 12. Contrast ranking curve of 210 fusion results.

On this basis, the top three combinations with the highest contrast are selected for
visualization. Figure 13a–c show the three best fusion results obtained by the non-weighted
fusion method, while (d–f) show the corresponding results of the proposed method.

(a) (b) (c)

(e) (f)(d)

Figure 13. RGB images of the best fusion results obtained by the non-weighted method and the pro-
posed method. (a–c) RGB images of the three best fusion results obtained by the non-weighted method.
(d–f) Corresponding RGB images of the three best fusion results achieved by the proposed method.

The experimental results show that the optimized method significantly outperforms
the original method in terms of overall contrast distribution. It not only achieves a higher
maximum contrast but also maintains a consistently higher contrast level across the en-
tire distribution range. This indicates that the improved method can stably enhance
image contrast.

These results further demonstrate that the proposed method effectively improves the
representation capability of multimodal information and exhibits strong statistical stability
and generalization ability.

Experimental results demonstrate that the overall contrast of single-wavelength im-
ages is relatively low. As shown in Table 16, the CST values of Pc images are 0.7949, 0.1563,
and 0.5203, while those of intensity images are 0.5121, 0.0585, and 0.3260. The fused depth
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image yields a CST value of only 0.0217, indicating that single-modality images have clear
limitations in distinguishing targets from background.

Through multimodal RGB fusion, the image contrast is significantly improved. As
shown in Table 17, the CST range of the original method is 0.6227–5.0065, while that of
the optimized method increases to 0.7063–5.8300, corresponding to an approximate 16.5%
improvement in maximum contrast. Compared with the maximum value of single-modality
images (0.7949), the fusion results achieve a substantial enhancement.

Table 17. Comparison of RGB image contrast before and after reconstruction method optimization.

Image Type CST

RGB fused image (before optimization) 0.6227–5.0065
RGB fused image (after optimization) 0.7063–5.8300

In addition, statistical analysis of the 210 fusion combinations shows that the contrast
distribution curve of the optimized method shifts upward across the entire range, indicating
not only improved optimal performance but also enhanced overall stability, which reflects
good robustness and generalization ability.

Overall, the proposed method significantly enhances image contrast in occluded and
low-reflectivity complex scenes. By fusing intensity, polarization, and depth informa-
tion, it effectively compensates for the limitations of single-modality representations and
significantly improves target discriminability.

Meanwhile, the improvement in the overall contrast distribution indicates that the
method not only achieves higher peak performance but also exhibits strong stability and
generalization capability, providing a more reliable image basis for subsequent target
detection and recognition.

4. Conclusions
This paper addresses the limitations of conventional streak tube imaging LiDAR

(STIL) in complex scattering environments, including weak echo detection, low target–
background contrast, and unstable multi-dimensional fusion. A multispectral polarization
fusion (MSP-STIL) fringe reconstruction method is proposed. By constructing a multi-
wavelength polarization-modulated imaging system and introducing adaptive fusion
with multi-feature weighting, joint modeling of intensity, polarization, and noise-induced
uncertainty is achieved, improving reconstruction accuracy and robustness.

A multispectral STIL system is developed, enabling simultaneous emission at 355 nm,
532 nm, and 1064 nm with polarization modulation. Multi-channel echo signals are tem-
porally mapped and reconstructed in the streak imaging process. An adaptive Pc-based
mechanism is introduced to enhance fringe stability under weak echo conditions.

In reconstruction, a multi-feature joint weighting strategy is proposed, integrating
intensity, Pc, peak width, and uncertainty-related noise characteristics into an adap-
tive fusion model. The method can be interpreted as an uncertainty-driven inverse-
variance-like fusion strategy, enabling adaptive channel weighting under varying noise
and scattering conditions.

Extensive simulations based on a four-step target evaluate performance under fusion
strategies, noise variation, imaging distance, and stochastic perturbations. Results show:

(1) The proposed method achieves the best reconstruction accuracy across all regions,
with MSE reduced to 0.0690 and significant reductions in RMSE and STD, indicating
improved stability;

(2) Under low signal-to-noise conditions (5 dB), it maintains clear structure and superior
robustness compared to the non-weighted method;
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(3) Across 500–1500 m imaging distances, it shows stable error growth and good long-
range adaptability;

(4) In contrast evaluation, multispectral RGB fusion improves CST significantly, with the
proposed method achieving 0.7063–5.8300 compared to 0.6227–5.0065 for the baseline,
with up to 16.5% improvement.

Overall, the proposed method enhances STIL performance in terms of accuracy, ro-
bustness, and generalization by integrating multispectral and polarization information
with an uncertainty-aware adaptive weighting mechanism.

In the conclusion, we further note that future work will first conduct systematic
experiments under varying materials, occlusion levels, and incident angles to validate the
generalization capability of the proposed method. In addition, metrics such as contrast-
to-noise ratio (CNR), probability of detection, false alarm rate, and ROC/AUC will be
introduced for a more comprehensive evaluation from the perspective of target detection
and recognition. Finally, future efforts will focus on real-world optical system experiments
and practical validation, together with more advanced atmospheric scattering models and
deep learning-based adaptive fusion strategies for hardware implementation, to enhance
the reliability and applicability of the method.
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