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Tab.1 Typical methods of laser intensity correction'”!

T f . e . . . Lo . .
irr}llz];;ir(l)g Imaging process description Typical signal processing Typical information processing methods
Through the scanlljllqg of laselr(.er(rinttl?g (DLaser Point Cloud Denoising (D(Single) Photon ranging
Laser scan §yfstem, we ca];q ° ta}llm mafny mﬂs ot (2Laser Point Cloud Intensity Correction ~ (2Point cloud 3D reconstruction
imaging!" mn orrlna;lolil a l;)' ut the Slﬁ acereflection  z)pqint Cloud Location Correction (3Target detection
signal of the object, so that we can image  ihpint Cloud Distribution Processing (@Target tracking
the object in two or three dimensions.
Laser signals emitted by the array's array
of laser emitters can be scanned or directly (DLaser Point Cloud Denoising (D(Single) Photon ranging
Laser array detected to obtain a variety of information (@Laser Point Cloud Intensity Correction ~ (2Point cloud 3D reconstruction
imaging® about reflected signals on the surface of a @ Point Cloud Location Correction (3Target detection
detected object, thus completing 2D or 3D @Point Cloud Distribution Processing (@Target tracking
object imaging.
. .. (DLaser Weak Signal Enhancement
Using coherent laser as the light source, ~ (DEcho Signal Denoising @Laser Range &
Laser two or three dimensional object imaging is (@Echo Radiation Correction .
. - o (3Relevance Information Target
coherence achieved by obtaining wavefront phase (®Echo Geometry Calibration Reconstruction
imaging® information through matter diffraction or ~ @Laser image speckle noise suppression @Target detection
interferometric radiation distribution. (®Laser Image False Removal (5High resolution imaging
. o (DEcho Signal Denoising . .
Svnthe By using hthc? small ;plzrtur; lasﬁr 1rEagmg (2Echo Radiation Correction g)rf)rilr;board, airborne laser remote sensing
- etli R, ;1 . H'naie IZ hS e lslu S}fStCm @Echo Position Correction @I\%lul%i Perspective Target Reconstruction
?Pert}lremasef supenitn mn(liz'e anh t1 oo aporture (@Laser image speckle noise suppression (3Remote SCII:I)Sin tar, etgdetection
1maging superimposed into the large aperture (3Laser Signal Phase Compensation X ing target
system. (©)Laser Signal Motion Compensation @High resolution imaging
Continuous wave laser imaging uses a
. . cho signal denoisin, aser dynamic rangin,
contlrllusus gght si;gnal 1as the detection (DEcho signal d e aL dy ging
Continuous mgﬁa > ) ase 03 phase asler ;anglng (@Echo radiation correction (@Target reconstruction (in motion)
wave laser t?c nlo ng, fm‘ usles sm% e rhequency (3Echo geometric correction (3Target detection (in motion)
imaging® signal modu ation laser. y phase (@Laser signal phase compensation (@Motion target velocity measurement
Eing detection of the reflected light signal, the : : - . Lo
. . .© o (3Laser signal motion compensation (3High-resolution imaging
target distance information is obtained,
thus achieving high-efficiency imaging.
L]jser mgnals m(;iy e(rilcoun:ie'gelay flecti (DNon-line-of-sight laser ranging
. 0 sFructlons and undergo ditiuse re §ct10n (DLight field noise reduction (@Non-line-of-sight 2D/3D target
Non-line-of-  during transmission. Sparse information . - . .
ioht 1 med in the reflecti b d (@Reflection and echo radiation correction reconstruction
s t. as[i]r containe 1n.t c rel ection can be used to (3Reflection and echo geometric (3Non-line-of-sight 2D/3D target
imaging create two-dimensional or three- . detecti
dimensional images of objects that are out correction ctection . .
£ sioht g ) (@Non-line-of-sight target tracking
of sight.
Using a single-pixel laser detector for
detection, the total radiation value of the . .. (DLaser remote sensing ranging
target object's information light field is (DEcho signal denoising (@Laser image reconstruction
Correlated £e o) . & (@Echo radiation correction £e ] .
recorded in chronological order. The . . (®Remote sensing target detection
photon . . (®Echo geometric correction . : .
. . system calculates the target image by using . . . (@ Anti-interference high-resolution
imaging!”! @Speckle suppression in laser imaging

this value and correlating it with the
speckle field matrix of the illuminated
object.

(®Artifacts removal in laser imaging

imaging
(®Laser image encryption
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Fig.2 The algorithm flow and denoising results of Ref.[21] (a) The process of obtaining VMD parameters through whale optimization algorithm and (b)

the de-noising results of the algorithm
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Fig.4 Sources and processing ideas of geometric errors in laser imaging
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Fig.5 Proposed GPDNet architecture for laser imaging information denoising based on Ref.[32]
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Fig.6 Schematic diagram of RPVNet architecture of laser background segmentation network
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Fig.7 Block diagram of CNN-based pulse laser ranging system
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Fig.8 An illustration of (a) experimental schematic diagram of reflection tomography and (b) laser image reconstruction results in Ref.[82]
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Fig.9 An illustration of PointFlowNet network structure and target detection process”™
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Abstract:

Significance  Laser imaging refers to an imaging method that emits a specially designed laser signal, receives
the laser echo, and processes it to obtain attribute information such as an image of the target. Laser imaging has
wide applications in target detection, satellite surveying, smart agriculture, national defense and aerospace, and
other fields. It contains a series of signals and information processing processes, including denoising, radiation,
geometric correction, point cloud processing of laser echo signals, and subsequent data processing of various
imaging tasks (such as laser ranging, laser image reconstruction, target detection, etc.), and have a critical impact
on imaging quality and play a crucial role in the application of imaging information. Currently, with the
continuous development of imaging systems and imaging hardware, laser imaging processing technology has
increasingly high requirements for processing accuracy and speed, and involves a wider range of technical fields.
Especially with the rapid development of machine learning technology represented by deep learning, it has
achieved better results than traditional technologies in many classic problems, and has also been successfully
applied in laser imaging processing technology, providing a new development direction for laser imaging

processing.

Progress This paper first introduces the characteristics of laser imaging processing technology of typical
imaging system (Fig.1). We explained the characteristics of imaging processing technologies under various laser
imaging systems, identified the similarities and differences between laser imaging processing technologies under
different systems, and conducted a comparative analysis of laser imaging processing technologies under typical
imaging systems (Tab.1). In summary, it can be found that although there are differences in the names of signal
and information processing contents corresponding to different systems, the common contents of laser imaging
signal processing can be summarized into four aspects of signal denoising, radiation correction, geometric
correction, and point cloud processing. The common contents of imaging information processing can be
summarized into three common processing contents of laser ranging, image reconstruction, and object detection.
Based on the summarized common methods of laser imaging signals and information processing technology,
we conducted separate studies. In the current research status of laser imaging signal processing technology, we
focus on the laser signal denoising, correction and laser point cloud processing technology. In the research of
signal denoising, we have conducted research based on wavelet transform, empirical mode decomposition,
variational mode decomposition, and hybrid methods. We have also conducted specialized research on the
application of deep learning algorithms in laser signal denoising. Representative algorithms are shown (Fig.5).

The laser signal correction focuses on two aspects of laser signal radiation and geometric correction. And in point
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cloud signal processing, we mainly summarized the work on denoising and background removal, and focused on
the work based on deep learning. Besides, we have organized and summarized the research on laser information
processing for laser ranging, image reconstruction and target detection information processing technology. In the
section of laser image reconstruction, we conducted research on three aspects of stereo matching, point cloud data
stitching, and laser reflection tomography reconstruction. In object detection, the traditional method and deep-
learning based method were elaborated, and classic point cloud object detection algorithms based on deep
learning algorithms were studied (Fig.9-10).

Based on the classification of laser imaging processing technology in this paper, we finally analyzed the
current challenges and future development directions of laser imaging processing technologies, and summarized
the current development of laser imaging technology and future laser imaging processing technology examples. It

is hoped that it can provide some reference for the research related to laser imaging.

Conclusions and Prospects Laser imaging has always been a hot topic in the field of optical imaging and signal
processing. In the past 20 years, laser imaging signal and information processing technology has made great
progress. In the previous studies, deep learning has been deeply applied to laser imaging processing. Through the
powerful representation learning ability of deep learning, great improvements have been made in laser imaging
processing quality, precision, robustness and other aspects. In the future research on different signal and
information processing tasks, the standardization of large-scale data sets for imaging tasks and more robust deep
neural network processing paradigm will be the further development direction of the research. It should be noted
that laser imaging processing technology is not limited to the contents in this paper. There are many other signal
and information processing technologies not involved in this paper, which worth further study and exploration by
researchers.
Key words: laser imaging;  signal processing;  information processing;  point cloud processing;
deep learning
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