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Abstract: Spectral-polarization imaging technology plays a crucial role in remote sensing detection,
enhancing target identification and tracking capabilities by capturing both spectral and polarization
information reflected from object surfaces. However, the acquisition of multi-dimensional data often
leads to extensive datasets that necessitate comprehensive analysis, thereby impeding the convenience
and efficiency of remote sensing detection. To address this challenge, we propose a fusion algorithm
based on spectral-polarization characteristics, incorporating principal component analysis (PCA)
and energy weighting. This algorithm effectively consolidates multi-dimensional features within the
scene into a single image, enhancing object details and enriching edge features. The robustness and
universality of our proposed algorithm are demonstrated through experimentally obtained datasets
and verified with publicly available datasets. Additionally, to meet the requirements of remote
sensing tracking, we meticulously designed a pseudo-color mapping scheme consistent with human
vision. This scheme maps polarization degree to color saturation, polarization angle to hue, and the
fused image to intensity, resulting in a visual display aligned with human visual perception. We also
discuss the application of this technique in processing data generated by the Channel-modulated
static birefringent Fourier transform imaging spectropolarimeter (CSBFTIS). Experimental results
demonstrate a significant enhancement in the information entropy and average gradient of the fused
image compared to the optimal image before fusion, achieving maximum increases of 88% and 94%,
respectively. This provides a solid foundation for target recognition and tracking in airborne remote
sensing detection.

Keywords: spectral images; polarimetric images; pseudo-color mapping; remote sensing

1. Introduction

Since the early 1960s, the utilization of spectroscopy has undergone transformative
evolution, emerging as a pivotal tool for material analysis and marking a century-long
period of progression in the maturation of spectral imaging technology [1]. This inno-
vative methodology seamlessly integrates spectroscopy with two-dimensional imaging,
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giving rise to an “all-in-one” observational technique that spans a multitude of spec-
tral bands. These images yield continuous spectral curves at each pixel, facilitating the
nuanced identification and separation of diverse targets within intricate scenes through
meticulous curve analysis [2,3]. Spectral imaging technology is widely employed in scien-
tific endeavors, encompassing applications such as color enhancement [4,5], composition
analysis [6,7], vegetation phenology [8,9], material identification [10,11], and object feature
identification [12,13].

In parallel, the property of polarization, which changes with material states during
reflection and scattering (e.g., surface roughness and conductivity), can be detected through
polarimetric sensing, capturing the polarization characteristics of material surfaces. The
development of polarization imaging technology offers a novel perspective for optical
detection. Polarization images are not only intuitively visible but also contribute to scene
analysis, bolstering target detection capabilities [14,15]. Specific photoreceptors dedicated
to polarized light vision play a crucial role in numerous fields, including the separation of
specular and diffuse reflections [16,17], material classification [18,19], three-dimensional
reconstruction [20,21], anomaly detection [22,23], and the separation of man-made and
camouflaged objects [24,25].

As potent tools for target detection, spectral and polarization images reveal material
composition and surface characteristics. Their integration forms spectral-polarization
imaging technology, providing four-dimensional information (spatial, spectral, polariza-
tion, and radiometric information). This approach deepens target understanding and
enhances contrast with backgrounds, strengthening detection capabilities. In remote sens-
ing, spectral-polarization imaging stands out with significant advantages [26,27]. Pro-
nounced differences in spectral and polarization properties underscore its superiority over
traditional methods. By combining polarization and hyperspectral imaging benefits, this
technology offers detailed information, amplifying the contrast between targets and back-
grounds. Extracting polarization spectra curves enhances detection capabilities, positioning
spectral-polarization imaging with vast potential in complex remote sensing scenarios, and
target detection [28-30].

The integration of spectral and polarization images involves establishing a mapping
relationship between polarization and spectral images, amalgamating their complementary
information into a cohesive representation. Fusion algorithms are classified into pixel-
level, feature-level, and decision-level fusion [31-33]. Pixel-level fusion, a fundamental
approach that processes image pixels directly, ensures diversity and integrity despite the
data volume, making it the predominant method used, albeit resulting in grayscale images.
To leverage human eye resolution for color, researchers propose various pseudocolor fusion
schemes for polarization images, such as the Red-Green—Blue (RGB) color space application
in reference [34,35]. The Hue-Saturation—Value (HSV)/Hue-Saturation-Intensity (HSI)
color space, with independent channels, allows for single-channel transformations without
disrupting relationships.

In the 1970s, studies in the literature pioneered the mapping of intensity, linear po-
larization intensity, and polarization angles to the HSV space, laying the foundation for
subsequent polarization fusion [36]. In 1997, Wolff proposed a scheme mapping polariza-
tion degree to color saturation, polarization angle to hue, and synthetic light intensity to
brightness, providing guidance for subsequent work on polarization fusion in the HSV
space [37]. The general fusion process involves selecting a rule to map to a specific color
space, followed by color transfer, as outlined in the literature [38—41]. Jihad et al. intro-
duced a pseudo-color fusion method from the Bingham sphere to the color space [42],
and Zhao et al. proposed the fusion of spectral and polarization image information using
linear polarization degree modulation and the HSI color model [43]. In Ye Song’s study,
pseudo-color fusion effectively distinguished land, sea surfaces, and buildings in polarized
aerial remote sensing images at 665 nm [44]. This perceptual alignment with the human
visual system enhances information richness in remote sensing images, improving target
detection and land cover classification accuracy, particularly in complex scenes and varying
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lighting conditions. Pseudo-color fusion not only enhances visual effects but also captures
scene details, providing a reliable data foundation for scientific research and practical
applications across diverse fields.

In this paper, we present the fusion of multi-dimensional spectral-polarization in-
formation in remote sensing detection and the technology of pseudo-color display for the
fusion results. The main contributions are twofold. Firstly, we propose a novel spectral—-
polarization fusion algorithm designed to merge spectral images with different polarization
directions. To achieve this, a hyperspectral camera with a rotating polarizer captures
spectrally polarized images of complex scenes in low-light environments. The acquired
spectral information undergoes dimensionality reduction through principal component
analysis to extract the first principal component. Subsequently, energy-weighted fusion is
applied to various polarization feature characterizations, including polarization images,
Stokes images, polarization degree maps, and polarization angle maps. Concurrently,
public spectral-polarization datasets were also used to verify the algorithm. Evaluation
parameters are employed to assess and compare the fusion effects, revealing that the fused
image not only effectively integrates polarization information and enhances target edge
details but also improves the overall image quality. Secondly, a spectral-polarization
pseudo-color mapping scheme is devised. This scheme maps polarization degree to color
saturation, polarization angle to hue, and the fused image information to intensity. This
mapping not only enhances the visual effects of the image but also improves the capture of
scene details. Additionally, we discuss the robustness of using this technology to process
CSBFTIS for obtaining image data. These spectral-polarization multi-dimensional in-
formation fusion and pseudo-color display technologies have laid a solid foundation for
target recognition and tracking in airborne remote sensing detection.

This paper is organized as follows. In Section 2, a brief review is provided on
spectral-polarization imaging and the color spaces employed in pseudo-color fusion.
Section 3 delves into the spectral-polarization fusion algorithm, along with a novel polar-
ization pseudo-color display method based on the fusion results, offering a comprehensive
mathematical and logical explanation. In Section 4 involves the acquisition of spectral—-
polarization images using a hyperspectral camera with a rotating polarizer and evaluates
the proposed fusion algorithm using a publicly available spectral-polarization image
dataset. In Section 5, we assess the effectiveness of the proposed pseudo-color fusion
algorithm by applying it to spectral-polarization images obtained through the CSBFTIS
principle prototype. Finally, Section 6 summarizes the research findings of this paper and
proposes future research directions and suggestions.

2. Theoretical Basis
2.1. Spectral-Polarization Imaging Theory

Spectral-polarization imaging technology plays a pivotal role in capturing spec-
tral and polarization information intricately linked to target characteristics. Through
a meticulous analysis of spectral-polarization image data, we discern variations in spectral—-
polarization information among distinct objects. Spectral imaging aims to quantify the
intensity distribution of light across different wavelengths, whereas polarization imaging
distinguishes image intensities through different polarization states. Figure 1 illustrates
the hierarchical structure of spectral-polarization imaging technology. Ensuring accurate
spectral-polarization imaging involves two main steps: spectral tuning and polarization
adjustment. The technology leverages dispersion, channel tuning, or interference to ac-
quire spectral information, with polarization data measured using a rotating polarizer or a
micro-polarization array.
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Figure 1. A hierarchical structure of spectral-polarization imaging technology.

Spectral imaging integrates principles from photography and spectroscopy to produce
image data where individual elements (pixels) are intricately linked to spectral features. The
spectral information delivered by each pixel is important for identifying, detecting, and
classifying elements and structures in images. Each pixel within a spectral image typically
comprises a narrow spectral band of the electromagnetic spectrum. Represented as I, the
spectral image forms a three-dimensional data cube with two spatial dimensions (x-axis and
y-axis, capturing image details) and a spectral dimension (z-axis), as depicted in Figure 2.

1000 nm

522 pixels, z

400 nm

696 pixels, x
Figure 2. Data cube of spectral images.

The spectral-polarization data cubes for the three experimental devices outlined in
this paper are acquired employing distinct methodologies. In the first device, a polarizer
is combined with a push-broom spectral camera. The procedure involves rotating the
polarizer to the desired polarization angle while scanning line by line as the platform
traverses the scene. This enables the capture of spectral-polarization information across
various wavelengths, culminating in the construction of an image data volume with spatial
and spectral-polarization dimensions. The second experimental device utilizes an imaging
spectropolarimeter based on a liquid crystal tunable filter (LCTF). The operation of the
LCTF and CCD camera is controlled by a program, allowing for the automatic selection
of the filter’s transmission band in each polarization direction. Images are displayed, col-
lected, and saved within each band before transitioning to the next. The entire experimental
process takes in approximately 1 min [45,46]. The third device involves data acquisition
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through window-scan CSBFTIS (Cross-Scanning Beam Fourier Transform Imaging Spec-
troscopy). Initially, light reflected by the scene is collimated by the front optical system and
subsequently modulated by the phase module. This modulated transmission light then
traverses the spectroscopic interference module, resulting in the emission of two coherent
light beams. These beams converge onto the CCD for imaging after passing through the
imaging lens, where interference phenomena occur. The signal captured by the CCD is
then transmitted to the signal acquisition and processing system for subsequent analysis,
details of which are elaborated upon in the subsequent discussion.

The polarization characteristics of objects are conventionally expressed through the Jones
vectors, Stokes vectors, and Mueller matrices. In the realm of polarization imaging, the
significance of the Stokes vectors lies in their capacity to offer a comprehensive and succinct
representation. In our experimental setup, a stable polarizer affixed to a cage structure under-
goes rotation through four distinct polarization directions (0°, 45°, 90°, and 135°), denoted
as Ip(x, y), Lis(x, y), Ioo(X, y), and I135(X, y). These components represent the measured im-
age components at various polarization angles. Subsequently, the Stokes vector for a given
wavelength A is computed using the following equation. Using these four linear polarization
angles for polarization measurement is effective because they constitute a complete linear
polarization basis, covering all possibilities in the horizontal, diagonal, and vertical directions.
This enables an accurate description of the linear polarization state of light waves. Through
measurement and analysis of polarized light at these angles, a comprehensive understanding
of the light’s polarization properties, including its direction and magnitude of vibration, can be
achieved. Additionally, these four standardized angle configurations are used to obtain linear
polarization in Stokes” definition. Solomon’s review of single-parameter polarization imaging
principles introduces the concept of multi-parameter Stokes vector imaging, demonstrating
the effectiveness of measurements using linear polarizers oriented at 45° increments in re-
mote sensing applications [47]. The Stokes vector of the image at wavelength A is obtained
through Equation (1).

Soa(x,Y) Toa(x,y) + Igop (%, y)
SiA(xy) Ioa(x,y) — Ioop (%, )
Su(xy)= [T | D , 1
A(xy) Soa(x,y) Iis p(x,y) — hizsa(x,y) @
S31(x,y) Ir A (x,y) — I (%)

In this context, Sy 5 signifies the overall radiation intensity received by the system
at wavelength A, while S; ) represents the difference in radiation intensity between the
0° and 90° polarization directions. S; , denotes the differential component between the
45° and 135° linear directions, and S3 , indicates the intensity difference between right-
handed circular polarization and left-handed circular polarization at wavelength A. A
positive S3 ) value implies the dominance of right-handed circular polarization. In practical
scenarios, the intensity of right-handed circular polarization compared to left-handed
circular polarization is negligible and can be disregarded. For linear polarization analysis,
the degree of linear polarization (DoLP) is expressed as a fraction, ranging from O to 1,
where 0 denotes no polarization and 1 represents complete linear polarization. Additionally,
the Angle of Polarization (AoP) signifies the angle of the major axis of the polarization
ellipse concerning the reference direction (the optical axis) [48,49].

\/sz(x,y) +52.% (%)

DoLPy(x,y) = Sox(x,y) ?
S 7
AoP) (x,y) = %tanfl (M) ¥

In summary, the amalgamation of spatial, spectral, and polarization data encompasses
seven distinct variables: the spatial coordinates (x, y), wavelength (A), and polarization
angles (Sp, S1, S2, S3). The mathematical description of spectral-polarization necessitates
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generating multiple images to thoroughly characterize the spectral-polarization states
within scenes.

2.2. Color Spaces

With the derived fused data, color spaces are usually further applied to allow for in-
corporating more information about polarization into the resulting image. The foundation
of HSI pseudo-color mapping for polarization lies in translating the physical properties
of polarized light into visualization parameters within the color space. This approach
harmonizes the unique traits of the HSI color model with the defining parameters of
polarization, thereby facilitating the incorporation of polarization information into the
resulting image. Specifically, the angle information of the AoP is assigned to the hue
channel, depicting the direction of polarization, while the DoLP is correlated with satu-
ration, symbolizing the purity of polarized light. Meanwhile, light intensity is linked to
brightness, conveying the variations in lightness and darkness across the image. Through
this intricate mapping process, polarization data are vividly represented in color images,
facilitating easier analysis and interpretation of polarized light characteristics. The HSI
color space emerges as a pivotal tool in image processing, surpassing both RGB and HSV
counterparts due to its inherent advantages. By dissecting color description into three
distinct components—hue, saturation, and brightness—the HSI model aligns seamlessly
with human perception, fostering an intuitive and natural approach to color manipulation.
This intrinsic alignment facilitates a deeper understanding and more precise manipulation
of colors, resulting in visual effects that resonate more closely with human perception.
Moreover, the autonomy of hue, saturation, and brightness within the HSI framework af-
fords unparalleled convenience and efficiency in color adjustments. Unlike the interlinked
channels of the RGB space or the partially intertwined nature of HSV components, the HSI
model allows for the independent manipulation of brightness without impinging upon
hue or saturation. This autonomy not only simplifies color adjustments but also enhances
precision and control over image enhancement processes. In essence, the utilization of the
HSI color space represents a paradigm shift in image processing, offering researchers and
practitioners a versatile and powerful toolset for achieving superior visual outcomes with
enhanced efficiency and precision. Further details regarding color spaces can be found in
other sections of reference. Here, the HSI color spaces are summarized for completeness.

The HSI color space provides an intuitive representation of colors, depicted within a
conical space model, as shown in Figure 3. This arises from the fact that computers typically
store RGB values within a finite precision range. The limitations in precision, coupled with
human color perception constraints, render the cone visualization more practical in most
cases. What distinguishes HSI is its separation of the intensity component from the color
information encapsulating hue and saturation. The HSI space characterizes each color
based on these physiological criteria:

e Hue (H): Pertaining to color perception, it represents color purity within a range
of 0 to 360°. We designate 0° as red, with 240-360° encompassing non-spectral
colors discernible to the human eye. Conical longitudinal sections elucidate diverse
relationships between brightness and saturation for a given hue.

e  Saturation (S): It quantifies the degree to which pure color is diluted by white light,
with a numerical range from 0 to 1. A color ring is delineated around a conical section,
where saturation serves as the transverse axis of the radius extending through the
center. Along the circumference, colors are fully saturated solids, while the center of
the circle represents a neutral color with 0 saturation.

e Intensity (I): Serving as chromaticity information, intensity gauges the amount of light
in the color, providing a range from light to dark, the brightness value is measured
along the axis of the cone, with values between 0 and 1. Points along the axis of the
cone represent completely unsaturated colors. In various grayscale levels, the brightest
point is pure white, while the darkest point is pure black.
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Figure 3. Geometrical representation of the HSI color space.

The HSI color space presents a perceptive method for analyzing and manipulating
colors, facilitating a more intuitive grasp of color attributes in various applications.

3. The Proposed Method
3.1. Overall Process

The overall algorithm architecture proposed in this article is shown in Figure 4. Firstly,
we proposed a pixel-level fusion method for spectral-polarization information. This
involves subjecting the four obtained polarization images to dimensionality reduction
through principal component analysis and spectral energy weighting. Subsequently, the
four channels were processed using Formulas (1)—(3). Computational processing was then
applied to weight the Stokes vector image based on polarization energy, resulting in a
fused image. Secondly, a novel pseudo-color fusion algorithm was introduced to map
the image. This algorithm skillfully mapped the image containing spectral-polarization
information fusion, the DoLP image, and the AoP image into the HSI color space model.
This innovative approach not only enhanced the visual appeal of the images but also
ensured a more comprehensive understanding of the spectral-polarization information,
leading to an optimized fusion outcome.

AoP

Figure 4. Flowchart of the proposed method.
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3.2. Fusion of Spectral and Polarimetric Imagery

The spectral-polarization image that we acquired encapsulated spectral-polarization
information within each pixel. In comparison to window-based fusion methods, energy-
weighted fusion stands out for its ability to more accurately preserve the original image’s
information integrity. By assigning weights to each pixel, this method not only effectively
retains information but also enhances the fused image’s quality, accentuating crucial fea-
tures. It further offers flexibility by adjusting according to the energy distribution in the
image, catering to diverse application scenarios.

Furthermore, to address issues related to information redundancy and spectrum du-
plication, we introduced the PCA method. This technique reduces data complexity and
boosts computational efficiency by transforming raw spectral data into principal compo-
nents. PCA achieves efficient feature extraction, preserving the most representative spectral
features by selecting directions of maximum variance. Simultaneously, it diminishes noise
impact in the data through correlation removal, ensuring more stable and reliable process-
ing outcomes. Lastly, PCA’s visualization capability proved instrumental in intuitively
understanding data structure and distribution. This clarity provides a lucid perspective for
subsequent analyses.

When dealing with spectral images, the initial step involves preprocessing to remove
potential noise and normalize the image, ensuring that subsequent analyses remain unaffected
by unnecessary interference. Specifically, the bilateral filtering method was employed for
denoising, leveraging both spatial proximity and pixel value similarity to preserve edge clarity
while reducing noise. Additionally, image normalization was conducted by converting the
image to the uint8 format and scaling it within the range [0-255], thus ensuring uniformity in
brightness and contrast across different images. This step was crucial for subsequent PCA
analysis, given PCA'’s sensitivity to data scaling. Normalization ensured that all image data
were standardized, facilitating the extraction of more representative principal components.
Next, spectral curves of the targets were extracted from the processed images, representing
the spectral characteristics of the targets at different angles (0°, 45°, 90°, 135°). After obtaining
these curves, an analysis was performed for each channel, with the entire spectral range
divided into three regions. PCA was then applied to each region.

In the PCA process, the data matrix S, structured as [x ij] M X N, captured information
from N pixels across M original spectral dimensions in the original image. Each row of S
corresponds to a distinct band of the spectral data. PCA is mathematically represented by
the equation P c = WS, where W is the transformation matrix, S is the original image matrix,
and P ¢ is the matrix representing the dimension-reduced image. The transformation
matrix W was computed by solving the eigenvalue problem (AI — C) E = 0, where A is the
eigenvalue, I is the identity matrix, and C is the covariance matrix of the input image. The
covariance matrix C is calculated as follows:

1 T
C= mSS 4)
Subsequently, we solved for the eigenvectors E and eigenvalues A of the matrix C, with
the eigenvalues ordered in descending order: A1 > Ay > ... > Ay, The eigenvectors satisfy
the orthogonality condition ETE = EET = I, which facilitates the formation of the trans-
formation matrix W, with each column representing an eigenvector. The transformation
matrix W is the inverse of the eigenvectors matrix E:

w=E"! (5)

In practice, for the dimension-reduced image Pc, we selected only the first 'k’ eigen-
vectors corresponding to the ‘k’ largest eigenvalues. This resulted in a subset of W, denoted
as Wy. Thus, the dimension-reduced image is represented as follows:

Pc = WkS (6)
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where Wy is the matrix containing the first ‘k” eigenvectors, and Pc embodies the prin-
cipal components that capture the most significant variance in the data. In a concise
representation, the essence of the PCA method is encapsulated in this expression:

[Pc, W] = PCA(S, k) )

Here, Pc encapsulates the principal components, and W signifies the transformation
matrix that projects the original data onto the space defined by these components. This
approach effectively distills the critical information within the image data, paving the way
for enhanced analysis or subsequent image processing tasks.

After the PCA dimensionality reduction process, the first principal component was
utilized as the output result, followed by energy weighting processing. The computation
involves determining the sum of the squares of the gray value for each pixel location across
all images. Subsequently, a weight was assigned to each pixel by dividing the square of
its gray value by the sum of squares corresponding to that location. The ultimate fusion
result was achieved by multiplying the pixel value in each image by the weight assigned
to its corresponding position. The mathematical expression for this process is illustrated
in Equation (10).

- a3 (ij) ..
Fij) = L 25 o) ®
T B
where A represents the wavelength of light, and a, (i, j) represents the grayscale value of the
pixel at the location in the image (i, j) with the wavelength A. The calculation E, formula is

as follows:
Ex =) a3(i,j) 9)
A

After fusing each polarization channel, the Stokes image, DoLP image, and AoP image
are generated using Equations (1)—(3). Subsequently, the energy weighting of the Stokes vector
diagram was performed using Equation (10). This process adjusts the relative importance of
the different Stokes parameters based on their energy contributions, with the aim of enhancing
valuable information while suppressing noise. By prioritizing components with higher energy
levels, this approach refines the representation of polarization information, emphasizing
important polarization features and weakening irrelevant ones. This not only facilitates the
fusion of images to preserve the information of the original spectral-polarization image to the
greatest extent possible but also results in greater differences with the calculated DoLP and
AoP images. This provides more information for the subsequent color mapping step. This
comprehensive process ensured the deliberate fusion of spectral information from all angles,
resulting in a more intricate representation of target spectral features and information.

ESOXSO+E51X51+E52X52

F = 1
Stokes SO + Sl ¥ 52 ( 0)
E ! MEXNYZ (i) (11)
DA = 37 ~7 D,A
MxN &

Here, Yp (i) is the gray value of the pixel of the band, D € {Sy, 51,52}

3.3. HSI Space Fusion

Since we had obtained the fused data of image, we further applied the HSI color space
method to include more polarization information, which would allow for better contrast at
object edges. Herein, we started from the inspiration of Wolff’s fusion approach [37], which
involves mapping images captured from partially polarized light onto images encoded
using the HSI color scheme. By establishing a pertinent relationship between polarized
and spectral information and devising distinct mapping rules based on the unique physical
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meanings of the H, S, and I channels, we introduced a novel fusion method aimed at
optimizing the overall fusion effectiveness. Figure 5 shows the mapping function.

H
White (h "

H=2AcP
AoP S=DoLP

> |:> Intensity  Cyan

[=Fused

Red

Black

‘Saturation

Figure 5. HSI representation of spectral-polarization images.

The fusion rules within the three channels are outlined as follows:

(@) The AoP image, containing wavelength information, is mapped to the H channel,
determining the pixel’s color.

(b) The DoLP image, also containing wavelength information, is mapped to the S channel,
and pixel values in the S channel are subjected to thresholding. The threshold rule is
expressed in Equation (10). The threshold is adjusted to normalize and maximize the
saturation value in the target area while minimizing the saturation in the non-target
area. This maximizes the saturation difference between different targets, thereby
enhancing the fusion effect.

(¢) The spectral-polarization fused image is assigned to the I channel. I-channel fusion
aims to improve the overall brightness of the image, facilitating image visualization.

4. Experiments and Results

In this section, the initial segment focuses on employing hyperspectral and rotating
polarizer methods to capture spectral-polarization data in complex multi-target scenes. The
subsequent part provides an overview of online public datasets. The robustness and ap-
plicability of the algorithm across diverse scenarios are verified through the utilization of
these two datasets. The evaluation of the proposed algorithm incorporates assessments based
on visual quality and objective evaluation indicators. Conclusively, the fused image and
polarization parameter map are transposed to the HSI space using the pseudo-color mapping
scheme introduced in the preceding section. This concluding step enhances interpretability
and visually presents the algorithm’s output within the specified color scheme.

4.1. Hyperspectral-Polarization Camera Dataset

A cage structure has been incorporated in front of the hyperspectral camera, and a
rotating polarizer is employed to capture spectral-polarization images in complex scenes. The
configuration of the hyperspectral camera is depicted in Figure 6. The initial step involves
selecting specific points for each target and background within the scene to generate the
spectral curve graph. The schematic representation of spectral data points in the complex
scene is presented in Figure 7. In this illustration, data points 0 and 1 represent cement roads,
data points 2 and 3 represent an asphalt road, data point 4 represents a manhole cover, point 5
represents a deep green board, and data point 6 represents light green cardboard. Furthermore,
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data points 7, 9, and 11 represent real grass; data point 8 represents fake lawn; data point 10
represents the presence of a green car; and data point 12 represents a stone brick road.

Figure 6. Imaging spectral polarimeter.

Figure 7. Schematic illustration of data points.

After rotating the polarizer, we employ software to govern the gimbal push-scan
device, imaging the scene and acquiring a data cube containing spectral information
at various wavelengths. Subsequently, for each wavelength, intensity data from each
point in the image are extracted and amalgamated to construct a spectral curve. Firstly,
we conducted a preprocessing step involving smoothing and denoising on the spectral
intensity information obtained from the selected points. Our goal was to enhance the
quality and interpretability of the data. In this preprocessing procedure, we deliberately
opted for a spectral curve processing technique that integrates both the moving average
smoothing method and the wavelet transform method, commonly referred to as “wavelet
threshold denoising”. We applied spectral curve smoothing and wavelet transformation
specifically using the “sym8” wavelet. The wavelet transform method excels at capturing
the local characteristics of the signal, while the moving average contributes to further
smoothing the overall trend. This dual approach facilitates denoising while retaining the
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crucial features of the signal. Such a strategic choice not only aids in noise reduction but
also provides a more comprehensive overview of the intrinsic features embedded in the
spectral data. Figure 8 showcases the results of smoothing using the wavelet threshold
denoising method.

4000
—— Point 0
*oint
Point 2
— Point 3
3000 - [— Point 4
Point 6
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= 2000 Point 10
=
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1000 -
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Figure 8. Results of spectral curve smoothing.

Upon inspecting the spectral curve, it is evident that our detector exhibits a response
range from 400 to 1000 nm. Different target types display distinct wave peaks, with artifi-
cial targets and backgrounds exhibiting characteristic peaks, while natural backgrounds
showcase a relatively smooth distribution across the entire spectrum. Notably, a peak at
570 nm (indicated by the red line in Figure 8) is observed for grassland (points 7 and 9),
aligning with the well-known fact that chlorophyll absorption peaks in plants predomi-
nantly occur in the blue-light region (around 430-450 nanometers) and the red-light region
(around 640-680 nanometers). The intervening green-spectrum region, approximately at
570 nm, demonstrates weaker chlorophyll absorption, leading to a higher reflection of
green light and, consequently, the characteristic green color of plants.

Additionally, another concentrated peak emerges at 780 nm. We can discern three
distinct segments in the overall spectral trend, as illustrated in the figure. This segmentation
will serve as a foundational reference for subsequent partition fusion, aiding in the nuanced
analysis of the spectral characteristics for various targets.

We then rotate the polarizer to capture hyperspectral images corresponding to four
polarization channels (0°, 45°, 90°, 135°). Each channel covers a wavelength interval of
1.2 nm, resulting in a total of 478 images. To provide a specific example, let’s focus on the
0° polarization channel, which is illustrated in Figure 9. These images are segmented into
three parts based on the delineated boxes in Figure 8. This segmentation strategy enables
the concurrent processing of the three parts, optimizing processing speed while retaining
the intrinsic spectral-polarization characteristics to the greatest extent possible.

In Figure 10, the outcomes of polarization image processing, grounded in the polariza-
tion angle, and the fusion of distinct spectral regions are depicted. The figure comprises
12 sub-pictures arranged in a configuration of four rows and three columns. Each row
signifies a specific polarization angle (0°, 45°, 90°, and 135°, respectively), while each
column represents the PCA processing of three parts within the corresponding polarization
channel. The first principal component is then selected and designated as the output for
each corresponding segment. The advantage of this partition design is that it can better
utilize the spectral characteristics of the target within the imaging scene and divide the
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entire band into three parts. First, by dividing the entire band into three parts, complex
spectral information can be decomposed into easier-to-process parts, thereby reducing the
processing complexity. Secondly, the partition design helps to reduce the data dimension,
and the three parts can be operated in parallel, thus improving the efficiency and speed of
data processing. The most important thing is to retain the information near each wave peak
as much as possible, so that the data features can be made more accurate while reducing
the dimension. An observation from the figure reveals that this design effectively retains
the information of each target within every spectral region. It can also be seen that the
types of targets highlighted in different regions are different, which is consistent with our
theoretical ideas. Subsequently, the energy weighting method is applied to merge the
three segments into a spectral-polarization image, as illustrated in Figure 11. The visual
representation accentuates distinct brightness levels for targets within each polarization
channel, particularly emphasizing artificial targets and making them notably conspicuous.

Figure 9. Six randomly selected original images from the 0° polarization spectrum image dataset.

0° 45° 135°

Part1

Part2

Part3

Figure 10. Enhanced result visualization following partitioned PCA processing.
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Figure 11. Diagram of Spectral-polarization Fusion Processing. (a) 0°, (b) 45°, (c) 90°, (d) 135°.

Following this, Formula (1) is employed to derive the Stokes vector image, presented
in Figure 12. Formulas (2) and (3) are utilized to generate the DoLP image and AoP
image of the complex scene, both displayed in Figure 13. Significantly, the Sy fused image,
which represents intensity, exhibits markedly improved clarity, yielding visually striking
results. The differential S; and S, images exhibit a darkening effect attributable to the
minimal disparity in the overall polarization characteristics of the scene’s background. It
can clearly be seen from the polarization characteristic parameter map that the intersection
of pixel points of different types of targets is obvious, which also reflects the edge effect of
polarization. Moreover, the amalgamation of spectral information imparts diverse colors
to targets, manifesting through distinct grayscale values in the image. In summary, the
proposed approach outlined in this article notably enhances the visual quality of images.

Figure 13. Polarization feature parameter maps: (a) DoLP; (b) AoP.
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This paper adopts four quantitative indicators widely used in the field of spectral-
polarization image visualization, namely y, o, EN, and AG, to measure the performance
of different methods [50]. For convenience, here’s a brief description of the four objective
indicators:

(i) Gray Mean denotes the average of all pixel values in an image. The calculation
formula is expressed as follows:

_ 1 ..
H= ngl 2]11 F(i,j) (12)

Here, 7 represents the average grayscale value; M x N, respectively, represent the row
and column widths of the image; and F(i, j) represents the grayscale value of the pixel
located at position (7, j) in the image. A moderate mean value contributes to maintaining a
favorable visual effect.

(ii) Gray Standard Deviation gauges the dispersion of pixel grayscale values, akin to the
standard deviation in statistics. The formula is defined as follows:

2

o= T s pls) (13)

Here, o represents the standard deviation, g represents the grayscale mean, L repre-
sents the grayscale level (e.g., any value in the range of 0~255), and p(g) represents the
ratio of the number of pixels with a grayscale level of g to the total number of pixels in the
image. A larger standard deviation indicates more discrete grayscale values, enhancing the
observation of image contrast.

(iii) Entropy quantifies the information content within an image. The calculation formula

is given as follows:
-1

EN = —Y p(g)log, p(g) (14)
g=1

Here, EN represents the entropy of the image. Higher entropy implies richer informa-
tion content and superior visual effects.

(iv) Average Gradient centers on the change trend between adjacent pixels, providing
insights into small details and texture structure. The formula is articulated as follows:

1

A =
G M x N

M N
5 Y /AG (i) + 8y GR(i, ) (15)
i=1j=1

Here, AG represents the average gradient of the image, while A;G and Ay G, respec-
tively, represent the gradients of the image in the x and y directions. A larger average
gradient signifies greater disparities between adjacent pixels, thereby enhancing image
clarity and detail representation.

We conducted a thorough calculation of parameter values for each image based on the
specific formulas associated with each evaluation parameter. The selection of the original
image was centered on the 0° polarization image at 522 nm, primarily due to its optimal
performance in spectral curves and visual perception. The resulting parameter values for
each image are meticulously detailed in the table below.

The improvements in parameters post-fusion are evidently highlighted in Table 1. A
meticulous examination of the grayscale average parameters necessitates careful considera-
tion of changes in the grayscale standard deviation. Specifically, an increase in the grayscale
mean holds significance only if the grayscale standard deviation remains constant or rises.
In such cases, the heightened gray average results in a brighter overall image, contributing
to a more favorable visual outcome. Despite the polarization parameter image presenting
an overall darker tone and lower entropy value, the concurrently high o and AG can be
attributed to its heightened sensitivity to edge changes, particularly in the AoP image. This
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sensitivity leads to substantial variations in local details. However, a comprehensive com-
parison underscores the superior performance of fused Sy images. Post-fusion, noticeable
enhancements manifest across various parameters, indicating an overall improvement in
image quality. These improvements are instrumental in facilitating the clear distinction of
targets by the human eye.

Table 1. Quantitative metrics for different images in scene one.

Objective Metrics i o EN AG
Original Image 88.04 53.38 7.29 4.87
PCA 85.79 47.73 7.22 6.68

EWP 88.07 47.16 7.21 6.11

DoLP 27.43 23.71 5.93 8.58
AoP 44.08 96.42 0.67 36.85

Sp Fused 96.42 71.47 7.46 8.17

Figure 14 depicts the pseudo-color representation results obtained through three dis-
tinct mapping strategies. The RGB method, proposed by reference [35], assigns the fused
image to the red channel, DoLP to the green channel, and S; to the blue channel. Similarly,
the HSV method, introduced by reference [37], maps AoP to H, DoLP to S, and the fused
image to V. Our proposed approach involves mapping AoP, DoLP, and the fused image to
the H, S, and I channels, respectively, facilitating the comprehensive visualization of various
polarization data. By amalgamating spectral-polarization images in the HSI color space,
detailed target analysis can be conducted based on the image’s brightness characteristics.
The spectral intensity features of target reflection serve as the basis for meticulously exam-
ining the polarization angle characteristics through color features. Changes in hue indicate
alterations in the polarization angle, particularly noticeable at boundaries, which appear
greenish. Saturation variations denote the degree of polarization, clearly distinguishing
between different targets, especially artificial cardboard, fake grass, and real grass. Bright-
ness changes indicate light intensity, with the brightest areas corresponding to the highest
light intensity. The large-scale color variations in the image are primarily attributed to the
irregular surfaces of objects such as weeds and road surfaces. These irregular surfaces alter
the structure at observation points, consequently affecting the polarization characteristics.
In contrast, artificial materials exhibit smoother surfaces, resulting in more uniform colors
in the image. The visualization outcomes of the RGB and HSV methods evidently differ
from our approach. They inadequately capture the polarization information and lack a
comprehensive description of details. This observation aligns with the theoretical analysis
of the three methods’ strengths and limitations, as presented in Section 2.2. Figure 14
visually demonstrates that the fusion of polarization images within the HSI color space not
only preserves the low-frequency characteristics inherent in the spectral image but also
accentuates the polarization features. This enhancement significantly improves the image
target recognition capabilities.

Figure 14. Resulting images of different mapping methods: (a) RGB method [35], (b) HSV method [37],
and (c) proposed HSI method.



Remote Sens. 2024, 16, 1119

17 of 24

4.2. Online Public Datasets

To further validate the applicability and robustness of our algorithm, experiments
were conducted utilizing the online public dataset released by Zhao from Northwestern
Polytechnical University. The dataset was obtained using the LCTF polarization spec-
trum imaging method, using the specific acquisition and processing process detailed in
reference [45,46]. The original dataset comprises 33 images in four polarization channels,
covering wavelengths from 400 to 720 nm with 10 nm intervals.

Figure 15 displays four polarization images at 600 nm for angles 0°, 45°, 90°, and
135°. The overall imaging appears under low illumination, with the 45° and 90° polarized
images appearing brighter, while the 0° and 135° polarized images are darker. This
phenomenon is attributed to the liquid crystal modulation achieving a higher extinction
ratio. By utilizing the algorithm proposed in this article, a fusion-enhanced map containing
spectral-polarization information is obtained.

(@) (b)

Figure 15. Polarization Images at 600 nm for angles (a) 0°, (b) 45°, (c) 90°, and (d) 135° [45,46].

Figure 16 presents the results following the processing of Zhao’s public data image.
As illustrated in the figure, artificial targets are more pronounced in the DoLP and AOP
images. Although the target outlines are clearly depicted, the details appear significantly
blurred, accompanied by an overall low grayscale, which proves less conducive to human
eye observation. In contrast, the fused Sy image exhibits a rich display of details and
delivers a visually effective outcome, as substantiated by the objective evaluation data
shown in Table 2. Additionally, when comparing the three pseudo-color mapping methods,
it becomes evident that while the RGB method yields a clearer overall resolution, the
resulting color tends to be reddish and does not accurately reflect the target. Although
the image obtained through the HSV method exhibits improved details, the presence of
V-channel information blended into the H and S channels compromises the accuracy of the
image’s detail presentation. Conversely, the HSI image, via post-color mapping, enhances
the target’s color, effectively highlighting both the target’s outline and details. The distinct
color contrast facilitates easy target identification, enabling the human eye to quickly focus
on the target within the image.
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Figure 16. Processing results of Zhao's publicly available data images: (a) DoLP, (b) AoP, (c) fused,
(d) RGB method [35], (e) HSV method [37], and (f) proposed HSI method.

Table 2. Quantitative metrics for different images in scene two.

Objective Metrics 7 o EN AG
Original Image 57.93 42.96 3.88 3.99
PCA 54.61 43.08 6.89 2.09

EWP 55.24 42.21 6.76 2.59

DoLP 23.22 27.98 5.47 4.25
AoP 190.17 111.03 0.82 32.93

So Fused 100.99 60.77 7.29 410

5. Discussion

The effectiveness of the fusion and display algorithms proposed in this paper has
been validated in the previous section, emphasizing their significant impacts on image
processing. Building on this success, we plan to integrate this approach into the subsequent
processing of results obtained from our research group’s CSBFTIS [51]. This algorithm aims
to enhance the target recognition and tracking capabilities of airborne CSBFTIS during
remote sensing detection.

The structural composition of CSBFTIS, as depicted in Figure 17, includes a front lens
system, phase delayers R1 and R2, polarizers P1 and P2, double Wollaston prisms WP1 and
WP2, an imaging mirror L, and a CCD array detector. The optical axes of P1 and P2 form a 45°
angle with the positive x-axis. The fast axes of R1 and R2 are oriented at angles of 45° and 0°,
respectively, with the positive x-axis. The light axes of WP1’s left wedge and WP2's right wedge
are parallel to the paper, while WP1’s right wedge and WP2’s left wedge are perpendicular to
the paper. The back focal plane of imaging lens L is where the CCD is positioned.

front camera phase modulation  Spectroscopicinterference imaging

Figure 17. The schematic of the CSBFTIS.

After passing through the front lens system and collimation, the target light enters the
phase modulation module consisting of R1 and R2 for phase modulation. The modulated
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light transforms into linearly polarized light through P and is then split into two beams
with a certain lateral shearing amount by the double Wollaston prisms WP1 and WP2,
propagating in parallel with equal amplitude and perpendicular vibration directions. After
passing through P2, the two beams of linearly polarized light become parallel light with
equal amplitudes and the same polarization direction, eventually converging onto the CCD
to form an interference pattern.

In the CCD plane, the optical path difference A is equal in the x-axis direction, while it
varies with the incident angle in the y-axis direction. By employing a window scanning
method (spatiotemporal mixed modulation), the entire system uniformly translates in the
y-axis direction, ensuring that the change in the optical path difference is synchronized with
the uniform variation in the incident angle along the y-axis. As a result, the CCD captures
the interference patterns of the target at different optical path differences. The acquired
interference patterns are then reorganized to obtain the complete interference pattern
of each spatial element. Finally, background subtraction, noise reduction, thresholding,
and Fourier inverse transformation operations are applied to obtain the spectral and
polarization information of the target. The distinctive feature of this dataset, setting it apart
from the previous ones, lies in the inclusion of a complete polarization spectrum. Notably,
it encompasses an additional circular polarization component, denoted as S3.

The specific process via which the device obtains the spectral-polarization data cube is
as follows: assuming the Stokes vector of the incident light is [So(¢), S1(c), S2(0), S3(0)]"
and that the system operates within the spectral range [07,02]. The expression of the
intensity of the imaging interference pattern directly acquired on the CCD is as follows:

1 o2
I(A) = g/, [1+ cos(2taA)](So + S1 sin ¢ sin ¢ + Sy cos @y + Sz cos @1 sin ¢ )do (16)
1

The first term is a constant unrelated to the optical path difference (the angle of
incident light). It represents the background signal and contains no interference information.
This term can be eliminated using a background removal algorithm. The second term
corresponds to the interference caused by the optical path difference. By applying Euler’s
formula to convert the trigonometric functions associated with phase modulation into
exponentials and rearranging the equation, we obtain the following equation:

. 5o+ §52(e0 o)
1 N Y ilen—

I(A) = g/cos(ZmTA) +3|S13¢/ 71792 4 Sjpeilom) | A g, (17)
o _% Syzei(P1t2) 4 stg*i(fplﬂﬂz)

Here, 575 = S1 + 1S3, where * denotes complex conjugation. The equation indicates
that due to the action of the phase modulation module, the four components of the incident
light’s Stokes vector are modulated by different phase factors, forming seven independent
channels with center frequencies of 0, =¢2, £(¢1 — ¢2), £(¢1 + ¢2). The interference
patterns of the seven channels are segmented accordingly. The expressions for each channel
are as follows:

0
Co = g J cos(2moA)Sodo

01

(%} .

C = 31—2fcos(ZNUA)Slgel(‘Pl“PZ)dU
‘75—2 .

Ci = 25 [ cos(2moA)Size~ (9102 dor
01

(18)
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Based on the principles of Fourier transform spectroscopy, the channels are segmented
and then subjected to individual inverse Fourier transforms to obtain the reconstructed
spectral expressions. Here, F~1{-} denotes the inverse Fourier transform, while real (-) and
imag (-) represent the real and imaginary parts, respectively. Considering the conjugate
relationship, both C; and C; contain information from S; and S3. Hence, it is sufficient
to only perform spectral segmentation and inverse Fourier transform on channels Cy, Cy,
and C, to obtain all the information regarding the Stokes polarization spectrum. The
demodulation process essentially entails performing an inverse Fourier transform of the
associated phase modulation data, as outlined below:

So = 8F_1{C0}

Sy = 16F~1{Cy }ei?2

Sy = 32real F~1{C; }el(?1-92)
Sy = 32imagF~1{C, }e!(?P1=92)

(21)

As shown in Figure 18a, we conducted experiments using CSBFTIS in natural light
environments. The scene covered various targets, including trees, grass, cars, and roads.
The scanning process effectively gathered target information by adjusting the spectrome-
ter’s position along the scanning direction. In all interference patterns, the position of the
interference fringes remains consistent, while the intensity image of the target shifts. The
subtle curvature observed in the image is attributed to the optical path difference (OPD)
distribution of the Wollaston prism, which is reflected in the interference pattern. Accord-
ing to the principle of spatiotemporal mixed modulation scanning, the interference data
of a specific point in the image are solely affected by the angular change in the scanning
direction and are independent of the vertical direction of scanning. Each imaging session
specifically captures information about a column of geographic elements at a particular
angle. The image captured by the CSBFTIS system is a combination of intensity information
and interference fringes. Figure 18b—d illustrate three example interference patterns.

The acquired interference patterns undergo data processing to extract spectral curves
corresponding to each target point, so as to facilitate the use of the target spectral curve for
partition processing. The operational band of this prototype spans 400-1000 nm; however,
due to weakened light intensity at both ends of the range, numerous noise points are
present. In this study, only spectral-polarization images within the central 500-900 nm
band are utilized for fusion. As depicted in Figure 19, the DoLP and AOP images distinctly
outline the target contours, yet details appear notably blurred, accompanied by an overall
low grayscale, limiting favorable human eye observation. It is worth noting that the fused
50 image reveals intricate details, delivering visually effective outcomes. This finding is
corroborated by the objective evaluation data presented in Table 3.The images obtained
via the RGB and HSI methods still exhibit uniform overall coloration, lacking additional
display details. In the final step, the HSI image undergoes color mapping to enhance target
color, effectively accentuating both the outline and details of the target. Given the device’s
ability to detect Ss, the polarization characteristics of the target are further highlighted,
resulting in a sharp color contrast that facilitates easy object identification. This feature
allows the human eye to swiftly focus on objects within the image.
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Figure 19. Processing results of CSBFTIS-obtained images: (a) DoLP, (b) AoP, (c) fused, (d) RGB
method [35], (e) HSV method [37], and (f) proposed HSI method.

Table 3. Quantitative metrics for different images in scene three.

Objective Metrics 2 o EN AG
Original Image 43.06 40.42 6.40 6.04
PCA 3791 4447 5.99 2.45

EWP 75.39 39.66 6.68 8.56
DoLP 48.39 29.01 6.65 13.50
AoP 218.62 89.17 0.59 24.74

So Fused 130.25 50.98 7.29 11.71

6. Conclusions and Perspectives

In conclusion, this paper presents a novel spectral-polarization fusion algorithm, in-
corporating PCA and energy weighting, to produce information-rich fused images. The
subsequent introduction of a pioneering pseudo-color mapping scheme enhances the visual
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representation by mapping polarization degree to color saturation, polarization angle to hue,
and overall fused image information to intensity. Validation through three distinct spectral—-
polarization image data acquisition methods underscores the efficiency and robustness of the
proposed technology. The processing results of the three datasets demonstrate that, following
the application of the spectral-polarization fusion algorithm, the information entropy of the
fused image and the original optimal single-wavelength single-polarization images increase
by approximately 3%, 88%, and 14%, respectively. Additionally, the average gradient experi-
ences increases of approximately 68%, 3%, and 94% across the three datasets. Notably, the
application of the pseudo-color fusion scheme results in superior visual effects and image
quality compared to the original dataset. Furthermore, our proposed algorithm stands out for
its ability to efficiently consolidate complex large datasets into a single comprehensive image,
offering a novel perspective in data processing. This fusion technology not only enhances the
visual appeal of images but also augments the capture of scene details, presenting innovative
possibilities in the field of remote sensing data processing. Overall, the findings affirm the
high efficiency, robustness, and enhanced performance of the presented spectral-polarization
fusion algorithm and its potential to significantly contribute to the advancement of image
processing in remote sensing applications.

To further expand the prospects for future research, our focus will be on developing an
advanced fusion algorithm that surpasses existing methods. This sophisticated algorithm
will be tailored to adaptively represent diverse target features within a scene, thereby
enhancing spatial resolution, spectral fidelity, and noise reduction capabilities. Specifically,
adaptive partitioning can be applied to particular scenes, and different processing methods
can be employed for different parts to better highlight the target features. Moreover,
we plan to integrate this advanced algorithm with the CSBFTIS, with a special focus on
addressing the challenge of real-time data acquisition during airborne operations. This
integration is crucial for enabling the use of true polarization display technology in remote
sensing detection, which holds significant potential for improving target discrimination,
environmental monitoring, and land cover classification accuracy. Looking ahead, our
future research will also be extended to other potential avenues in spectral-polarization
imaging and remote sensing. These include exploring multi-modal fusion techniques,
leveraging machine learning algorithms for automated feature extraction, and investigating
the development of novel sensors or imaging platforms. By pursuing these avenues, we
aim to contribute to the advancement of remote sensing technology and its applications
across various domains.
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