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Imaging systems capture light rays contain rich information, which can be described by the 

plenoptic function, 𝑃(𝑥, 𝑦, 𝑧, 𝑢, 𝑣, 𝜆, 𝑡)—where 𝑥, 𝑦, 𝑧 represent spatial coordinates; 𝑢, 𝑣 denote 

emittance angles; 𝜆 signifies wavelength; and 𝑡 denotes time. Given a finite photon budget, it is 

crucial for an imaging system to maximize the information yield from each captured image. Yet, 

traditional cameras only capture two-dimensional spatial data (𝑥, 𝑦), neglecting the wealth of 

information.  

Capturing multi-dimensional information presents significant challenges, primarily due to the 

complexity of mapping high-dimensional datacubes onto a two-dimensional detector array. This 

mapping process introduces a fundamental trade-off among various axes of information, such as 

spatial, angular, and spectral dimensions, which can adversely affect imaging speed, resolution, 
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and other critical parameters. Balancing of these factors often leads to compromises in one 

aspect to enhance another, pose a significant challenge in designing and implementing a multi-

dimensional imaging system.  

In response to these challenges, this dissertation presents three innovative multi-dimensional 

optical imaging systems. The first system, snapshot hyperspectral light field imaging utilizing 

image mapping spectrometer (LF-IMS), represents a five-dimensional (𝑥, 𝑦, 𝑢, 𝑣, 𝜆) imaging 

system. It is uniquely designed to maintain full light throughput, enabling the capture of detailed 

three-dimensional spatial and spectral information without sacrificing efficiency. The second 

system, snapshot hyperspectral light field tomography (Hyper-LIFT), leverages compressed 

sensing to facilitate five-dimensional (𝑥, 𝑦, 𝑢, 𝑣, 𝜆) imaging. This approach significantly 

alleviates the tradeoff between different dimensions of information, allowing for capturing an 

input scene with a more compact sensor, thereby greatly reducing the volume of data generated 

during image acquisition. The third system, the tunable image projection spectrometer (TIPS), is 

a Fourier-domain line-scan hyperspectral imager with a tunable compression ratio. Compared to 

state-of-the-art spatial-domain pushbroom hyperspectral cameras, TIPS requires much fewer 

measurements and provides a higher light throughput. 

Furthermore, this dissertation will explore the impact of optical aberrations on the image quality 

in light field imaging, providing insights into how these imperfections influence the overall 

imaging performance. A lens design pipeline is proposed to mitigate key aberrations, and its 

effectiveness is demonstrated through the design of a light field endoscope. Additionally, a rapid 

calibration method has been proposed for a compact hyperspectral camera, termed the image 

mapping spectrometer (IMS), reducing the calibration time from weeks to hours.       
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Chapter 1 Introduction 

 

In the realm of optical imaging, the quest to fully harness the rich information carried by light 

rays demands progress beyond traditional two-dimensional imaging techniques. The plenoptic 

function, 𝑃(𝑥, 𝑦, 𝑧, 𝑢, 𝑣, 𝜆, 𝑡), presents a comprehensive model encompassing spatial, angular, 

spectral, and temporal dimensions, offering a complete description of a scene. With a limited 

photon budget, the image system must assure that each detected light ray provides as much 

information as possible. However, a conventional camera detects only two-dimensional (2D) 

spatial information (𝑥, 𝑦), throwing away much of the information actually carried by a light ray 

and therefore leading to an inefficient optical measurement.  

This dissertation emphasizes two critical methodologies to address these challenges: light field 

imaging and hyperspectral imaging. Light field imaging, leveraging spatial multiplexing, 

simultaneously records spatial (𝑥, 𝑦) and angular (𝑢, 𝑣) dimensions of light rays. This process 

yields four-dimensional (4D) light field data, from which depth maps (𝑥, 𝑦, 𝑧) and multi-view 

images can be generated through further processing, offering a comprehensive view of the 

scene's three-dimensional structure. 

On the other hand, hyperspectral imaging extends beyond traditional methods by capturing both 

spatial (𝑥, 𝑦) and spectral (𝜆) information. This approach provides a detailed spectral signature 

for each pixel, greatly enhancing the ability to distinguish and characterize materials based on 

their unique spectral responses, which enables more precise analysis and identification in a 

variety of applications ranging from environmental monitoring to medical diagnostics. 

Light field and hyperspectral imaging represent the forefront of efforts to fully exploit the 
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informational potential of light. By addressing the limitations of traditional imaging and 

exploring these advanced methodologies, this dissertation aims to improve the capabilities of 

optical imaging systems, creating opportunities for research and application across various 

disciplines. 

1.1 Light field imaging 

 
Light field imaging marks a revolutionary advancement in computational photography, capturing 

both the spatial and angular dimensions of light rays in a scene. This approach significantly 

surpasses the capabilities of traditional photography which is limited to recording the intensity of 

light on a single plane, by comprehensively recording the light field. This field embodies the 

flow of light in all directions across every point in space, offering distinct advantages including 

the ability to refocus images digitally and achieve an extended depth of field (DOF). 

The concept of light field imaging was first introduced by Gabriel Lippmann in 1908 with his 

proposal of integral photography [1], but it was not until the early 21st centuries that 

computational photography research led to practical implementations of light field cameras. 

These advancements were propelled by the development of algorithms capable of processing the 

complex data captured in light fields, alongside the creation of hardware capable of recording 

this information, notably through the integration of microlens arrays above the sensor. These 

arrays facilitate the capture of not only the intensity but also the vector direction of incoming  

light rays. 

Pioneering research by Ng et al. at Stanford University demonstrated the feasibility of light field 

photography using a handheld plenoptic camera, marking a significant milestone in the field [2]. 

This work provided a framework for capturing and processing light fields with conventional 
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imaging sensors, opening pathways for novel photographic techniques and applications. Light 

field imaging was commercially made available by a company named Lytro, which released the 

first consumer light field camera in 2011. The Lytro camera allowed users to refocus images 

after they were taken, showcasing the potential of light field technology for everyday 

photography.  

Beyond its implications for photography, light field imaging holds great promise for a variety of 

applications across object recognition, machine vision, and biomedical imaging [3-9]. In the field 

of microscopy, light field microscopy enables rapid, three-dimensional capture of biological 

processes in a single shot, significantly reducing sample damage, and eliminating the need for 

extensive mechanical scanning. 

In this dissertation, I will discuss how optics aberration affect the image quality of light field 

imaging, then proposed a lens design pipeline and demonstrated with a design of light field 

endoscope.   
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1.2 Hyperspectral imaging 

 
Hyperspectral imaging (HSI) is an advanced imaging technology that captures images across a 

wide spectrum, extending from the visible to the near-infrared regions. Unlike conventional 

imaging, which records only three primary colors (RGB), HSI collects data in hundreds of 

narrow, adjacent spectral bands, which provides continuous spectrum for every pixel and enables 

classification for different materials through their unique spectral signatures. HSI typically 

separates spatial and spectral information by employing a dispersion element, such as a grating 

or prism. 

Originally developed for remote sensing, hyperspectral imaging has found broad applications in 

other fields as well, such as biomedical imaging and machine vision [10-19]. In this dissertation, 

I will first focus on a compact spectral imager with full-light throughput, known as the image 

mapping projection spectrometer. A rapid calibration method for this spectrometer will be 

introduced, which notably shortens the calibration time from weeks to mere hours. Additionally, 

a compressed-sensing Fourier domain spectrometer named the Tunable Image Projection 

Spectrometer (TIPS) is introduced. When compared to the contemporary spatial-domain 

pushbroom hyperspectral cameras, TIPS requires significantly fewer measurements and achieves 

higher light throughput. 

Although light field and hyperspectral imaging techniques continue to mature, combining them 

on a single platform is non-trivial. Xiong et al. [20] developed a hyperspectral light field imaging 

system by using two cameras to acquire the spectral and light field data, respectively. However, 

the two-camera setup is plagued by misalignment errors. Alternatively, Zhu et al. [21] used a 5×6 

 spectrally filtered camera array to measure the hyperspectral light field data. Despite being able 

to provide high-resolution images, their system suffers from a bulky setup and low-light 



5  

efficiency. Finally, in a most recent implementation, Zhu et al. [22] introduced light field 

imaging into Fourier transform imaging spectroscopy. The resultant system features a compact 

form factor. Nonetheless, because of the reliance on polarization, the light throughput is halved 

when imaging unpolarized natural scenes. 

In response to this unmet need, I proposed two five-dimensional systems. The first, snapshot 

hyperspectral light field imaging utilizing image mapping spectrometer (LF-IMS), which is 

designed for full light throughput and enables efficient measurement of detailed spatial and 

spectral information. The second, snapshot hyperspectral light field tomography (Hyper-LIFT), 

employs compressed sensing to significantly lessen the compromise between the dimensions of 

information and the volume of data generated.  
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Chapter 2 Light field imaging  

 
Light field cameras have been employed in myriad applications thanks to their 3D imaging 

capability. By placing a microlens array in front of a conventional camera, one can measure both 

the spatial and angular information of incoming light rays and reconstruct a depth map. Due to its 

superior 3D imaging capability, the light field camera has been employed in various applications 

such as biomedical imaging, object recognition, and machine vision.  

 

2.1 Fundamentals of light field imaging 

 
Light field cameras are categorized into two main types: unfocused light field (ULF) cameras 

and focused light field (FLF) cameras. Figure 1 shows the corresponding schematics. As shown 

in Fig. 1(a), in a ULF camera, three point objects 𝑆1, 𝑆2, and 𝑆3 are first imaged by the main 

lens, forming intermediate image points 𝑆′1, 𝑆′2 and 𝑆′3. These intermediate image points are 

then reimaged by the microlens array (MLA) onto a detector array. Because the distance from 

the MLA to the detector array is equal to the focal length of the MLA, the ULF camera 

essentially images the pupil associated with each microlens. We use (u, v) and (x, y) to denote the 

Cartesian coordinates at the pupil plane and the MLA, respectively. The captured raw images 

(𝑀1, 𝑀2, and 𝑀3 in Fig. 1(a)) can be re-arranged as a 4D datacube (x, y, u, v), which is also 

referred to as a light field (LF) [23]. A 2D x-u slice of the LF is termed an epipolar plane image 

(EPI). As an example, Fig. 1(b) shows three EPIs associated with point 𝑆1, 𝑆2, and 𝑆3, 

respectively. The corresponding depths can then be deduced by estimating the slope of lines in 

the EPIs. A refocused image at a given depth can be reconstructed from an integral projection of 

the 4D LF along a trajectory in the EPIs. Reconstructing images at all depths creates a focal stack 
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of images, and an extended depth of field (DOF) image can be rendered by fusing all the 

reconstructed images [24]. 

 
 

Figure 1.: Ray models of light field cameras. (a) ULF camera. (b) EPIs 
associated with point 𝑆1, 𝑆2 and 𝑆3 in (a). (c) FLF camera. (d) 
Perspective images imaged by microlens 𝐿1 and 𝐿2 in (c). 

 

Unlike the ULF camera, the FLF camera directly images the object, rather than pupils, onto the detector 

array. There are two types of FLF cameras: the Keplerian and Galilean [25]. Figure 1(c) shows the 

schematic of a Galilean FLF camera. The spacing (B) between the MLA and the detector is smaller than the 

focal length of the MLA. In contrast, B is larger than the focal length of the MLA in the Keplerian 

configuration. The depth information can be derived from the disparities between adjacent perspective 

images (Fig. 1(d)), and an all-in-focus image can be reconstructed by projecting all the pixels in the raw 

image back to the intermediate image plane.  

 

 
 
 
 
 
 

 
 
 
 
 
 
 

 
 
 
 
 

 



8  

2.2 Aberrations in light field objective lens 

 
Although the depth calibration method and ray tracing model of light field camera have been 

extensively studied [26–33], the optical design of its main lens has yet to be exploited. Because 

of the unique optical architecture of light field cameras, the handling of lens aberrations and 

vignetting is significantly different from conventional lens design methods [34,35]. To address 

this unmet need, we systematically analyzed the effect of aberrations and vignetting on the 

fidelity of reconstructed images and developed a design pipeline for the main lens of light field 

cameras. While the proposed lens design pipeline is generally applicable to all light field 

cameras, we focus on a niche application in endoscopy. 

When designing an imaging lens, although aberrations and vignetting are usually unwanted, they 

are not equally weighted in the tolerancing budget. Here we limit our discussion to third-order 

Seidel aberrations and ignore defocus and wavefront tilt. The conventional optical design 

prioritizes the correction of aberrations, which increase the spot size at the image plane (i.e., 

spherical aberration, coma, astigmatism, field curvature). Particularly, when field 

curvature W222 exists, a flat object plane is imaged to a curved surface. Because the detector 

plane is flat, field-dependent defocus is then introduced to the final image. In the periphery field, 

the blur so induced is so severe that it often overshadows other aberrations. More 

problematically, field curvature is more difficult to correct for than other Seidel aberrations—

common approaches such as lens bending/splitting and stop shifting cannot be applied because 

field curvature depends on only the power and refractive index of lenses if the system is free of 

astigmatism. Therefore, in conventional optical design, field curvature is considered one of the 

toughest aberrations, and correcting for it normally leads to a bulky setup. By contrast, vignetting 

reduces the irradiance of the image but not the resolution, and it can be numerically corrected for 

in postprocessing. For this reason, vignetting is a less-concerned factor compared with Seidel 
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aberrations. 

Unlike conventional cameras that capture only the 2D (x, y) information of a scene, light field 

cameras measure a 4D (x, y, u, v) datacube and derive the depth from light ray angles. Therefore, 

designing the main lens needs a new standard. Particularly, the field curvature and vignetting must 

be assessed in 3D (x, y, z) rather than 2D (x, y). Figure 2 shows a light field camera with field 

curvature. The object is imaged by the main lens to a curved surface, as indicated by the black 

dashed line. The depth of field of the microlens array (MLA), denoted by DRM, determines the 

depth range of the main lens, while the DRM itself depends on the detector pixel size and the 

numerical aperture (NA) of the MLA [36]. Provided that the entire curved intermediate image is 

located within the DRM, the shape of the surface can be recovered through calibration. As a result, 

the field curvature can be numerically corrected by digital refocusing, and it can be loosely 

tolerated in light field cameras. 

 
 

Figure 2. Field curvature in a light field camera. DRM, depth range of the 
microlens array; MLA, microlens array. 

 
By contrast, in light field cameras, vignetting must be minimized. Because light field cameras 

estimate depths using the light ray angles, the loss of the angular information due to vignetting 

will reduce the number of views in the EPIs. To elaborate on this effect, we performed a 
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simulation using Zemax (Zemax, LLC). Figure 3 shows the shaded model of an ULF camera. 

The object is a point source. We use a 4F system as the main lens, which consists of two paraxial 

lenses (f = 15 mm) and a physical stop. The stop is placed at the Fourier plane of the first lens 

(i.e., back focal plane). To match the NA of the main lens and the MLA, we set the stop diameter 

to 1.38 mm. To introduce vignetting, we place another aperture of the same diameter at a 

location 10 mm after the stop. A MLA (f = 0.65 mm, lens pitch = 60 µm) locates at the back focal 

plane of the second lens, and a detector array is placed at the back focal plane of the MLA. The 

pixel size of the detector array is 4 µm.  

 
 

Figure 3. Shaded model of an unfocused light field (ULF) camera. MLA, 
microlens array. 

 

We define the vignetting factor 𝜂 as: 

𝜂 1 𝐸/𝐸𝑢, (1) 
 

where E and 𝐸𝑢 denote the total irradiance received by the detector array with and without 

vignetting, respectively, and 𝜂 is zero if the image is unvignetted. In the simulation, the point 

source was placed at the front focal plane of the first lens, and we scanned it along the x-axis at 
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13 different locations from 0 mm to 1.2 mm with a step size of 0.1 mm. At each step, we traced 

100,000 light rays to form a raw image and rendered an EPI at v = 0 and y = 0. Figure 4(a) shows 

three representative raw images at x = 0 mm, 0.6 mm, 1.2 mm, and their corresponding EPIs. The 

results indicate that although the slope of the line feature in the EPIs does not change, the 

number of pixels that forms the line (i.e., views) reduces as vignetting increases. The relation 

between the vignetting factor and the number of views is shown in Fig. 4(b). We calculated the 

number of views by enumerating the non-zero pixels in the EPI after image binarization. The 

light field camera reconstructs depth by estimating the slope of line features in EPIs through 

linear regression. The standard error of fitting can be computed by: 

  

𝑆𝐸
∑

∑
 ∙ ,           (2)  

where SE is the standard error, n is the number of observations, ai is an independent variable for 

the 𝑖 observation, 𝑎 is the mean, bi is a dependent variable for the 𝑖  observation, and 𝑏  is the 

estimated value of 𝑏 . Equation 2 implies that the standard error decreases as the number of 

observations increases. In light field cameras, vignetting reduces the number of views in EPIs, 

resulting in a larger regression error and, therefore, a reduced depth accuracy. Particularly, when 

the number of detector pixels associated with a microlens is small, vignetting dramatically 

increases the regression error.  
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Figure 4. Vignetting and number of views in epipolar plane images 
(EPIs). (a) Three representative raw images and corresponding EPIs at x 
= 0 mm, 0.6 mm, 1.2 mm. (b) Number of views in an EPI vs. vignetting 
factor. 

 

To further illustrate the effect of vignetting on depth accuracy, we defocused the point source by 

6 mm towards the first lens, and we scanned it under the same conditions. Because the depth of 

the point source has changed, the line in the EPI is tilted with respect to the vertical axis, and it is 

not aligned with the detector pixels. As a result, ambiguities are introduced by sampling. Three 

representative raw images and corresponding EPIs at x = 0 mm, 0.6 mm, 1.2 mm are shown in 

Fig. 5(a). At each step, we computed the slope of the line in the EPI. The relation between the 

slope regression error and the vignetting factor is shown in Fig. 5(b). 
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Figure 5. Vignetting and slope regression error of the line feature in 
epipolar plane images (EPIs). (a) Three representative raw images and 
corresponding EPIs at x = 0 mm, 0.6 mm, 1.2 mm. (b) Slope regression 
error vs. vignetting factor. 

 

It is worth mentioning that the slope regression error is also dependent on aberrations and noises. 

When aberrations exist, the image of a point source is no longer a sharp point, and the shape of 

the line in the EPI may be distorted. On the other hand, noises affect the intensity of the views 

and the background pixels. In both cases, a sufficient number of views is critical for faithful 

depth reconstruction. Therefore, vignetting must be minimized in light field cameras. 

Finally, we validated the effect of vignetting through a real experiment. The optical setup of an 

unfocused light field camera is shown in Fig. 6(a). We used a 4F system as the main lens, which 

consists of two 50 mm focal length achromatic doublets (Thorlabs, AC254-050-A-ML). A 4.8 

mm diameter stop was placed at the Fourier plane to match the NA of the main lens and the 

MLA. An MLA with a 50 μm pitch was placed at the back focal plane of the second lens, and the 

spacing between the MLA and the camera (Lumenera, Lt965R) is equal to the MLA focal length. 

A flat printed grid pattern was used as the object, and it is located near the front focal plane of 

the main lens. An adjustable aperture was positioned 12 mm before the camera, and its diameter 
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was set to be 2.8 mm, 4 mm, and 5 mm to create different levels of vignetting. We captured a 

raw image for each aperture diameter and a baseline image when the aperture was removed (i.e. 

no vignetting). A representative raw image when the aperture diameter = 4 mm and the baseline 

image are shown in Fig. 6(b), each including two magnified subfields. Compared to the baseline, 

Area 2 from the raw image when the aperture diameter = 4 mm shows vignetted pupils. Next, we 

calculated the vignetting factor and generated a disparity map for each image, followed by 

computing the root-mean-squared error (RMSE) for each disparity map. Note that a depth map 

can be further rendered based on disparity-to-depth calibration. The resultant disparity maps are 

shown in Fig. 7. The experimental results indicate that the disparity RMSE increases as the 

vignetting factor increases. Therefore, depth accuracy would be jeopardized if vignetting exists. 

 

 
 

Figure 6. Experimental setup and raw images of a flat printed grid pattern 
object. (a) Optical setup. (b) A raw image when the aperture diameter = 4 
mm and the baseline image with two magnified subfields. 
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Figure 7. Disparity maps for each aperture diameter. RMSE, root-mean-
squared error. 
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2.3 Lens design for light field cameras  

 
Compared to conventional cameras, light field cameras can tolerate field curvature but are 

sensitive to vignetting. The field curvature coefficient W220 can be separated into two terms. 

𝑤   𝑤 𝑤 ,           (3)  

where 𝑤  is proportional to astigmatism and 𝑤  is Petzval curvature. Without 

astigmatism, the field curvature reduces to Petzval curvature. Because Petzval curvature depends 

on only the power and refractive index of lenses, it is insensitive to most aberration correction 

methods (e.g., lens bending/splitting, stop shifting). The primary method to flat Petzval surface is 

to add negative power lenses and create air spaces in between. However, it makes the system 

bulky and expensive. Therefore, releasing the tolerance on the field curvature can greatly reduce 

the system complexity and design constraints. For example, if we use a single ball lens as the 

main lens in a light field camera, all off-axis aberrations would be eliminated [37]. Digitally 

correcting for the remaining field curvature provides an ideal solution to achieve a large field of 

view with a high resolution. To minimize vignetting in a light field camera, we put a constraint 

on the lens aperture: 

𝑎  |𝑦|   |𝑦|,                   (4)  

where a is the radius of the aperture, and |𝑦|  and y are the chief ray height and marginal ray 

height at the aperture position, respectively. In addition, we force the telecentricity of the main 

lens in the image space. 

Figure 8 illustrates the proposed optical design pipeline, which differs from the conventional 

standard in two aspects: first, the field curvature is not a primary design constraint and can be 

loosely tolerated, while vignetting must be strictly minimized. Second, optimization must be 
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performed in 3D (x, y, z) rather than 2D (x, y)—we must account for all object points within both 

the depth range (z) and FOV (x, y). In practice, given radial symmetry, it is justified to sample 

object points only in the y-z plane. During optimization, we assign each (y, z) object point to a 

system configuration. We then perform ray tracing in each configuration and calculate the 

corresponding vignetting factor. Lastly, we construct a y-z vignetting factor map and compute the 

mean. We use this value as the metric to evaluate vignetting of the system. 

 
 

Figure 8. Optical design pipeline for light field cameras. Due to 
correction of aberrations/vignetting in a 3D space, our design pipeline 
yields optimized optical performance for computational refocusing and 
parallax-based depth estimation. 
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2.4 Design example  

 
To demonstrate the implementation of the proposed pipeline, we designed the main lens for a 

light field endoscope using Zemax. The requirements are listed as follows: object space 

numerical aperture (NA) is 0.024, working distance is 65 mm. Field of view (FOV) is 10 mm 

and magnification is 0.2. The diameter is 5 mm, depth range is 6 mm, and total length > 200 mm. 

We selected a double Gauss lens as the initial configuration to reduce odd aberrations, followed 

by scaling down the lens to the required diameter. Next, nine object points within the depth range 

(z) and the FOV (x, y) were chosen to build the multi-configuration, as summarized in Fig. 9. 

The working distance (WD) is defined as the distance between an object point and the first 

surface of the main lens. We inserted a dummy surface after the nominal image plane (where the 

marginal ray height = 0 mm) in each configuration, which serves as the real image plane. Due to 

field curvature, defocus is introduced for off-axis object points. During optimization, the location 

of the dummy surface was set as a variable, and each configuration was optimized independently 

to compensate for the field-dependent defocus. In this way, the effect of field curvature is 

excluded in the merit function for image quality optimization.  

 

 
 

Figure 9. Multi-configuration in lens optimization.
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Next, we built the merit function based on design specifications. The activated operands are 

summarized in Figure 10. The variables consist of the radius of surface curvature and the central 

thickness between adjacent surfaces. Only spherical surfaces are used for each lens element. The 

optimization process is divided into two steps: local optimization and global optimization. 

During the local optimization, the paraxial magnification is defined using operand PMAG, RECI, 

ABLT, and ABGT. The desired magnification of the main lens is 0.2. We used operand AXCL 

to minimize the axial color, while other aberrations (spherical aberration, coma, astigmatism, 

distortion, and lateral color) are optimized together to minimize the root-mean-squared (RMS) 

spot size using default operand TRAC. Particularly, we limited vignetting by image space 

telecentricity. The operand RAID was used to confine the chief ray angle (CRA) to the last 

surface of the lens. In addition, the semi-diameter of the lens group was limited by operand 

MXSD, and the air and glass thicknesses were constrained by operand MNCA, MXCA, MNEA, 

MNCG, MXCG, and MNEG. During the global optimization, we made two changes: first, we 

replaced operand TRAC with operand OPDX to minimize the RMS wavefront error. Second, the 

glass type of each element was set as “substitute” for better performances the real image. 

 

 
 

Figure 10. Activated operands in the merit function.
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To meet the length requirement, we further used Hopkins rod lenses as the relay lens. The 

desired magnification of the relay lens is 1. We started with two thick doublets, which are 

symmetric about the stop. As a result, the lens does not introduce coma, distortion, and lateral 

color. We used the same merit function as that in the main lens, except the object space 

telecentric was forced to match the pupil. The variables consist of the radius of curvature of each 

surface and the spacing between adjacent surfaces. After optimization, we duplicated the lenses 

to extend the relay optics to the required length.  

 

 
 

Figure 11. Optical setup of the endoscope. 
 

 

The schematic of the final endoscope is shown in Fig. 11. The effective focal length (EFFL) of 

the system is 14.6 mm, and the total length (TOTR) is 212 mm. The back focal length is 3 mm, 

and the paraxial magnification is ~ 0.206. Figure 12 shows spot diagrams of three configurations 

when working distance = 65 mm and object height = 0 mm, 7 mm, 10 mm, respectively, and the 

corresponding modulation transfer functions (MTFs) are shown in Fig. 13. Finally, we performed 

ray tracing to calculate vignetting factors for all object points within the depth range and the 

FOV, and the result is shown in Fig. 14, where the pixel value represents the normalized 

percentage of unvignetted rays. The mean of this map is 0.99, implying that only one percent of 

total rays are vignetted. The resultant design, therefore, maximizes the depth reconstruction 

fidelity. 
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Figure 12. Spot diagrams corresponding to three configurations in which 
working distance = 65 mm, object height = 0 mm, 7 mm, 10 mm, 
respectively. 

 

 
 

Figure 13. Modulation transfer functions (MTFs) corresponding to three 
configurations in which working distance = 65 mm, object height = 0 
mm, 7 mm, 10 mm, respectively. 
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Figure 14. Vignetting factor map within the depth range and the FOV. 
 

In summary, we systemically studied the effect of field curvature and vignetting on light field 

depth reconstruction accuracy. We show that the field curvature in light field cameras can be 

loosely tolerated, while vignetting must be minimized to assure high reconstruction fidelity. To 

incorporate this finding into the lens design process, we developed a pipeline that optimizes the 

optical performance of light field cameras in a 3D space, facilitating the computational refocus 

and parallax-based depth estimation. We expect this work will lay the foundation for future light 

field camera lens design development, particularly in biomedical applications where diagnosis 

and treatment heavily rely on the accuracy of the 3D measurement [38–40]. 

Noteworthily, our current optical design pipeline is applicable to only ray optics models. This 

premise holds valid for light field cameras with a relatively small aperture, such as a light field 

endoscope. For large NA imaging, to account for the diffraction effect that occur when recording 

the light field, we must adapt the design process for a wave optics model [41] instead. This study 

is out of the scope of current work, and we will leave it for future investigation. 
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Chapter 3 Hyperspectral imaging  

 
Hyperspectral imaging (HSI) has been extensively employed in myriad applications such as 

biomedical imaging, remote sensing, and machine vision. HSI is a functional combination of a 

two-dimensional (2D) camera and a spectrometer, acquiring both the spatial x, y  and spectral 

λ  information of a scene. While capable of acquiring a hyperspectral datacube x, y, λ , most 

existing HSI techniques require scanning either in the spatial [42–44] or spectral domain [45–

48]. Because only a small portion of the hyperspectral datacube can be seen at a time by these 

imagers, the scanning mechanism significantly jeopardizes the light throughput and hinders the 

imaging of dynamics. 

In contrast, snapshot HSI techniques overcome the above limitations by acquiring all 

hyperspectral datacube voxels in parallel. Representative techniques encompass coded aperture 

snapshot spectral imaging (CASSI) [49–51], computed tomography imaging spectrometry 

(CTIS) [52,53], and image mapping spectrometry (IMS) [54–61]. While all these techniques 

operate in a snapshot format, only IMS features 100% light throughput while maintaining a 

compact form factor and high computational efficiency, making it suitable for real-time field 

imaging applications. 

 

3.1 Image mapping spectrometer (IMS)  

 
The IMS operates by mapping a three-dimensional (3D) hyperspectral datacube to a 2D camera 

through an angled mirror array, referred to as an image mapper. The underlying principle is 

detailed in Ref. [62]. In brief, the image mapper splits an image into strips and redirects them to 

different locations on the 2D camera. Because the mirror facets on the array have varied tilts, a 

blank region is created between adjacent sliced images. A dispersion element, such as a prism, 
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then disperses the sliced image and fills this blank region with spectrum. In this way, each pixel 

on the 2D camera is encoded with the unique spatial and spectral information of the original 

hyperspectral datacube, and remapping generates the image. The image remapping during 

reconstruction requires a lookup table, which connects each voxel in the hyperspectral datacube 

to a pixel in the raw image. The calibration of this lookup table is nontrivial. Previous calibration 

methods, such as edge alignment [54] and point scan [62], suffer from either low image quality 

or slow calibration speed. For example, the edge alignment method images a target with a sharp 

edge and constructs the lookup table by aligning the image slices with respect to this feature. 

Because image slices experience different levels of distortion, the lookup table built upon local 

feature alignment cannot be faithfully applied to the global image, leading to a reduced image 

quality and spectrum accuracy [63]. In contrast, the point scan method builds the table by 

illuminating one datacube voxel at a time, followed by pinpointing the centroid of the impulse 

response image on the 2D camera. Because the calibration is performed on each datacube voxel, 

the reconstructed image quality and spectral accuracy are superior to those achieved by edge 

alignment. However, due to the reliance on scanning, the calibration process is time consuming, 

typically taking hundreds of hours to complete.  

To overcome the above limitations, we herein present a fast and accurate calibration method, 

which we refer to as slit scan. Slit scan can correct for the same image slice distortion as with 

point scan; however, it does not have the need for prolonged 2D scanning, thereby significantly 

reducing the calibration time to tens of minutes. Moreover, we quantitatively analyzed the 

primary artifact in the IMS, the striped image, and we provided several solutions to correct it. 

The radiometric calibration was detailed in Ref [62]. 
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Figure 15. Schematic of the IMS. 
 

A schematic of the IMS is shown in Fig. 15. The mapping mirror is placed at a plane that 

conjugate with both the object and the 2D camera. The object is imaged by an objective lens and 

a collecting lens, and an intermediate image is formed at the image mapper. As a result, each 

mirror facet on the image mapper reflects a slice of the intermediate image. Because the angles 

of the mirror facets are grouped into periodic blocks, the reflected image slices are directed to the 

correspondent subfields. In our experiment, a total of 480 image slices are grouped into 5 8 

subfields, each containing 12 image slices. Within a subfield, there is a blank region between 

adjacent image slices. After passing through a dispersion prism, the spectrum of each image slice 

occupies this blank region. The dispersion prism array in our system works in a visible light 

range (400–700 nm). A bandpass filter is used to limit the input spectral range, thereby avoiding 
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spectral overlap between adjacent sliced images. Microlens array with 5 8 microlenses is used 

to focus the final image on the camera. Under monochromatic illumination, the width of each 

image slice is one pixel on the camera, and the width of a blank region between two adjacent 

image slices is 40 pixels. Under white-light illumination, these 40 pixels represent 40 different 

color channels in the visible spectral range. The parameters of the IMS are detailed in Refs. 

[58,59]. 

 

3.2 IMS calibration methods 

 
The IMS maps a 3D hyperspectral datacube x, y, λ   to a 2D image (x , y ) on the camera. If the 

point spread function (PSF) of the IMS is a delta function, the mapping between a voxel in the 

datacube and a pixel in the image would be one to one. The imaging process can be described by 

the following equation: 

𝐼 𝑥,𝑦   𝑇 ∙ 𝑂 𝑥,𝑦, 𝜆 ,                     (5)  

where I is the captured 2D raw image, O is the 3D hyperspectral datacube, and T is the mapping 

matrix of the IMS. The goal of calibration is to determine the inverse of T. With that being 

known, the original datacube can be easily reconstructed based on 

𝑂 𝑥,𝑦, 𝜆   𝑇 𝐼 𝑥,𝑦 .                     (6)  

In practice, rather than calculating the mapping matrix, we experimentally built a lookup table, 

which contains the index of each voxel in the datacube and locations of the corresponding pixel 

in the image. 

As mentioned, two methods have been developed for constructing the lookup table: edge 

alignment [54] and point scan [62]. Edge alignment simultaneously extracts all image slices in 

the raw image and rearranges them to form a spectral channel. In this case, the lookup table 
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contains the locations of image slices both in the datacube and in the raw image. The sequence of 

image slices in the raw image is determined by the design of the image mapper, and such 

knowledge is known as priors. Due to distortion, the image slices in the raw image are tilted and 

exhibit different magnification ratios. A common approach to extracting these image slices is to 

capture an empty field under uniform illumination, followed by image binarization. After this 

procedure, each image slice is isolated, and a simple curve fitting reveals the shape contour. 

Next, a target with a sharp edge that is perpendicular to the mirror facet direction is imaged, and 

all the resultant images slices are aligned with respect to this edge. The image processing 

pipeline is illustrated in Fig. 16 (a). Finally, the starting coordinates of the aligned image slices in 

the raw image are recorded to fill in the lookup table. 

 

 
 

Figure 16. Edge alignment method. (a) Image slices alignment. (b) 
Distorted edge due to the variation in the magnification ratio of adjacent 
image slices. (c) Reconstructed image at 532 nm. The three insects show 
the zoomed view of the boxed areas. Area 3 shows the bars of group 2 
element 4, indicating 5.66 lp/mm. 

 

Despite being fast in implementation, the major drawback of edge alignment is that the 
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reconstructed image suffers from distorted edges. This is because the image slices experience 

varied magnification ratios when they pass through different lenslets in the array. As illustrated 

in Fig. 16(b), an object consisting of two straight lines is divided into three image slices. These 

three adjacent image slices are imaged by different lenslets with varied magnification ratios. If 

we extract these imaged slices from the raw image and align them with respect to line 2, the edge 

of line 1 would appear distorted. We further show a real-world example when imaging a US air 

force (USAF) resolution target. The reconstructed image through edge alignment is shown in 

Fig. 16(c). Area 3 shows the bars of group 2 element 4, indicating 5.66 lp/mm. All image slices 

were aligned with respect to a horizontal line that crosses the central field of view(FOV). As 

shown in the zoomed inset, Area 2 is close to the reference edge and thus has a high 

reconstruction quality. In contrast, Area 1 and Area 3 located at the upper and bottom FOV 

exhibit distorted edges. 

In comparison, the point scan method constructs the lookup table by illuminating hypercube 

voxels one at a time and recording the location of the impulse response on the 2D camera. To 

calibrate the entire hypercube, one must raster scan a monochromatic point light source—such as 

a pinhole illuminated by narrow band light—across the 2D FOV. Because this method 

experimentally identifies the mapping relation for each voxel in the hypercube, the errors 

induced by the image distortion and ununiform magnification are corrected. However, the 

implementation of the point scan method is time consuming. For example, to calibrate an image 

of 500 500 pixels at a given wavelength, a total of 139 h is needed, using a dwell time of 2 s 

at each scanning step. 
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3.3 Slit scan calibration 

 
To overcome previous limitations and enable fast and accurate IMS calibration, we herein 

present slit scan, a method that maintains the accuracy of point scan but at a speed orders of 

magnitude faster. Simply put, rather than scanning a point source across the 2D FOV, we use a 

uniformly illuminated slit and scan only the axis parallel to the mirror facet to construct the 

lookup table.  

Our method has been made possible due to the unique optical architecture of the IMS, where the 

image mapper slices the incident field into strips and projects them to different locations of the 

detector array. Upon illumination by a thin slit source that is perpendicular to the slice direction, 

the image of the slit is divided into a series of points, which create impulse responses separable 

in space in the raw image. Pinpointing the centroids of these impulse responses then generates 

the lookup table for all the voxels illuminated in parallel. In essence, this method uses the image 

mapper to perform point scans on all the points of the slit simultaneously. 

The experimental setup is shown in Fig. 17(a). A10 µm optical slit (Lenox Laser, G-SLIT-1 

DISC-10) was placed at the object plane of the IMS, where the intermediate image of the slit at 

the image mapper is perpendicular to the mirror facet. The slit is mounted on a motorized 

translation stage (Thorlabs, MTS50-Z8) for scanning. We chose the width of the slit to match 

with the size of a resolution cell at the object plane. The image of the slit is then sliced by the 

mirror facets. Because the length of the slit is longer than the width of the FOV, each mirror 

facet creates a unique response on the detector array. A representative raw image is shown in 

Fig. 17(b). By scanning the slit along the direction of mirror facets and recording the locations of 

all responses, we obtained a complete lookup table. 
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Figure 17. Slit scan method. (a) Image formation. (b)Mapped image of 
the sliced slit. 

 

Compared with the edge alignment and point scan methods, slit scan offers two prominent 

advantages. First, slit scan calibrates the mapping for each voxel in the hypercube, and therefore 

it automatically corrects for the image distortion and varied magnification in the IMS. A 

reconstructed image of a USAF resolution target at 532 nm is shown in Fig. 18. Compared with 

the result obtained through edge alignment in Fig. 17(d), the reconstructed image shows no 

distorted edges. To quantitatively compare the reconstruction quality, we calculated the standard 

deviation of the edge in Area 1 from both results. Here we define the standard deviation of a 

horizontal edge as the variation in its pixel index along the vertical axis. The standard deviation 

(STD) of the edge reconstructed through edge alignment is 1.47 pixels, compared with 0.55 

pixels obtained through slit scan, the reconstruction accuracy has been improved by 60%. The 

STD of the edge in Area 2 is 0.31 pixel, and the STD of the edge of one bar in Area 3 is 0.56 
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pixel in Fig. 18. Second, slit scan can be implemented and performed rapidly. In our experiment, 

a wavelength layer of the hypercube (i.e., a spectral channel image) has 445 480 voxels, 

where 480 is the total number of mirror facets on the image mapper. Because the scanning pitch 

is one voxel, only 445 steps are required. Again, with a 2s dwell time for each step, calibration 

takes 30 min to build the entire lookup table. In contrast, the point scan method needs to scan a 

total of 445 480  steps. Therefore, our method increases the calibration speed by a factor of 

480, which is equal to the total number of mirror facets on the image mapper. This dramatic 

speed improvement, which we refer to as the parallelization advantage, becomes more critical for 

high-resolution IMSs with a large number of mirror facets. 

 

 
 

Figure 18. Reconstructed image of a USAF resolution target through slit-
scan calibration. Compared to the result in Fig. 2(c), the standard 
deviation of the edge in Area 1 decreases from 1.47 pixels to 0.55 pixels. 
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Note that it is sufficient to calibrate the lookup table at only one wavelength. As shown in Fig. 

19(a), the white stripe represents an image slice on the camera, and it disperses horizontally, as 

denoted by the rainbow area. The lookup table at other wavelengths can be obtained by shifting 

the recorded locations of responses horizontally, and the shifted distance in pixels can be 

deduced from the chromatic dispersion curve of the prism as shown in Fig. 19(b). In order to 

measure the dispersion curve, an optical pinhole was placed at the object plane, and six color 

filters (Thorlabs, FB470-10, FB510-10, FB550-10, FB590-10, FB630-10, and FB670-10) were 

used sequentially to find the relationship between the wavelength and pixel locations. 

Considering the spectral resolution of the current system (5 nm), a spectral bandwidth of 10 nm 

occupies only two pixels, leading to a negligible localization error. To further minimize the 

localization error of the wavelength responses, we performed multiple measurements and 

averaging. The final curve was fitted with a second-order polynomial based on following 

approximation:  

𝛿 𝜆   𝑛 𝜆 1 𝛼,                      (7)  

where 𝜆  is wavelength of light, 𝛿 𝜆  is the wavelength dependent dispersion, 𝑛 𝜆  is the 

refractive index of the prism glass, and 𝛼  is the angle of the prism. The relation between 

reflective index and wavelength follows the equation:  

𝑛 𝜆   𝐴  ,                                  (8)  

where A and B are constant coefficients.  
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Figure 19. Wavelength calibration. (a) Illustration of a dispersed image 
slice on the detector. Area 1 is the image slice, and Area 2 is the 
spectrum. (b)Dispersion curve of the prism. 

 

3.4 Stripe artifact  

 
Although the slit-scan method can generate an accurate lookup table, the process itself does not 

correct for the image slices’ intensity variations due to the reflectivity difference of the mirror 

facets and the defocus of the microlens array. The subsequently induced artifact, referred to as 

the striped image, degrades the image quality in the IMS. Here we develop a mathematical model 

to quantitatively analyze this artifact. 

We describe the effect of mirror reflectivity and microlens defocus on the image quality using 

the line spread function (LSF). Although other optical aberrations may also exist in the system, 

we found that the defocus is the dominant factor that accounts for the stripped image artifacts in 

the IMS. The image of a mirror facet can be written as:  

𝐼 𝑥,𝑦   𝐿 𝑥 ∗ 𝐼 𝑥,𝑦                                 (9)  

where 𝐼 𝑥,𝑦   is the LSF of the mth mirror facet, * denotes convolution, and 

𝐼 𝑥,𝑦  depicts the geometric image of the mth mirror facet. Two representative LSFs are 
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shown in Fig. 20(a). The intensity profile along the dashed line is plotted in Fig. 20(b). The full 

width at half-maxima (FWHM) of these two LSFs are different. To reconstruct a spectral channel 

image, our calibration method extracts the peak light intensity from only one pixel and maps it 

back to the hypercube. The peak intensity is sensitive to both the microlens defocus and mirror 

reflectivity on the image mapper: the low mirror reflectivity reduces the total intensity of the 

LSF; on the other hand, the defocus broadens the LSF and, therefore, decreases the peak 

intensity. The nonuniform peak intensity introduces the stripe artifact. As an example, we show 

an image of a sharp edge under uniform illumination in Fig. 20(c). 

 

 
 

Figure 20. Line spread functions and stripe artifact. (a) Two example line 
spread functions (LSFs). (b) Intensity plot along the orange dashed line in 
(a). (c) Image of a sharp edge with stripe artifacts. 

 

To remove the stripe artifact, we developed three methods: Fourier domain filtering, 

deconvolution, and datacube normalization. Fourier domain filtering is a fast method to remove 

the stripes of specific frequencies. The image processing pipeline is shown in Fig. 21(a). The 

dominant striping frequency is associated with the periodic mirror facet blocks on the image 

mapper as illustrated in Fig. 21(b). For simplicity, we assume the image mapper consists of three 
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mirror facet blocks, each containing two mirror facets. The incident field is then divided into six 

image slices. Slices 1, 3, and 5 are imaged by microlens 1, while slices 2, 4, and 6 are imaged by 

microlens 2. If the two microlenses have different levels of defocus, the intensities of these two 

groups of image slices would be different. Therefore, the dominant frequency of stripes in the 

reconstructed image is determined by the total number of mirror facets within one block. By 

applying notch filters in the Fourier domain, we can readily remove the correspondent stripes. 

However, this method cannot eliminate stripes at other frequencies, which are induced by the 

nonuniform reflectivity of the mirror facets and the nonuniform defocus of the microlenses. 

Additionally, the spatial frequency information at the same frequency range as that of the stripes 

is lost. As an example, we applied the Fourier domain filtering method to the image in Fig. 20(c), 

and the result is shown in Fig. 21(c). The stripes within the white area are effectively removed. 

 

 
 

Figure 21. Image processing pipeline of Fourier domain filtering. (a) 
Schematic pipeline. FFT, Fourier transform; iFFT, inverse Fourier 
transform; red square, notch filter. The frequencies within the notch filter 
are blocked. (b) The dominant frequency of stripes is determined by the 
total number of mirror facets within one block. (c) Fourier domain 
filtering result of the image shown in Fig. 6(c). The stripes within the 
white area are effectively removed. 
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In contrast, deconvolution can suppress the stripe artifacts at all frequencies. By imaging an 

empty field illuminated by a monochromatic light source, we can simultaneously measure all 

combined LSFs in the raw image. This knowledge can then be used for deconvolution, 

compensating for the intensity variation of image slices. Additionally, deconvolution increases 

the spectral resolution by reducing the width of LSFs, which is also the impulse response of 

monochromatic light. However, because deconvolution is sensitive to noise, the performance of 

this method is highly dependent on the signal-to-noise ratio (SNR) of the image. 

Lastly, datacube normalization captures an empty field under uniform illumination and 

constructs a reference hypercube. Dividing the real measurement by this reference cube yields 

the corrected results. The image processing pipeline is shown in Fig. 22. This method is 

essentially a simplified version of deconvolution, provided that the LSF of an image slice is a 

delta function. Therefore, the results are accurate only when the defocus is negligible. 

 

 
 

Figure 22. Image processing pipeline of datacube normalization. 
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To quantitively evaluate the stripe artifacts in the IMS, we define the striping factor as:  

𝑐                                            (10)  

for an image corresponding to an empty field under uniform illumination. Here mean is the mean 

intensity of the image and std is the standard deviation. The quotient c is zero if the image has no 

stripe artifact. In order to compare the performance of the proposed methods, we simulated an 

IMS with different levels of Gaussian noise and defocus. The Gaussian noise has a zero mean, 

and its standard deviation is normalized by the peak intensity in the image slice without any 

defocus or noise. Other simulation parameters and representative results are summarized in Fig. 

23. We simulated a transparent object that alters the spectrum of the original illumination, and 

we generated three raw images: a reference image corresponding to an empty field uniformly 

illuminated by a light source with a rectangular spectrum centered at 532 nm and with a 50 nm 

bandwidth, an image that contains the LSFs under monochromatic illumination, and an image 

with the transparent object with a Gaussian transmission spectrum centered at 532 nm and with a 

12 nm FWHM. Next, we reconstructed a spectral channel image at 532 nm and corrected for the 

stripe artifact using the three methods (Fourier domain filter, deconvolution, and datacube 

normalization).We calculated the metric c before and after we applied the correction. As shown 

in Fig. 23, Fourier domain filtering becomes more effective along with an increase in defocus, as 

it removes the dominant stripes introduced by the microlens array. Deconvolution outperforms 

other methods when the noise level is low, and datacube normalization fails when defocus is 

large. 
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Figure 23. Parameters and Stripe Artifact Correction Results of a 
Simulated IMS. 

 

Finally, we performed a tolerance analysis for the microlens array defocus based on the criterion 

defined. We use c <0.05 as a criterion for acceptable image quality. Here we consider only the 

defocus and neglect other lens aberrations. To establish the relationship between the defocus of 

the microlens and the corresponding peak intensity in the image slice, we simulated our system 

using a wave propagation method, and the result is shown in Fig. 24. The wavelength used for 

simulation is 532 nm. All intensities were normalized by the peak intensity in the image slice 

without defocus. Note that the resultant curve is dependent on both the detector pixel size and the 

numerical aperture (NA) of the microlenses. If defocus exists, the Strehl ratio of the system 

decreases; however, because the signals measured by a pixel is ensquared energy, the peak 

intensity of the LSFs may not change as much as the Strehl ratio. On the other hand, for a fixed 

defocus, a smaller NA microlens has a larger depth of focus. Therefore, the image slice has a 

higher peak intensity compared to using a large-NA microlens. For our system, the detector pixel 
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size is 7.4 µm, and the NA of the microlens array is 0.125. 

 

 
 

Figure 24. Normalized peak intensity in image slice versus defocus of 
the microlens. 

 

Next, we ran a Monte Carlo simulation. The parameters used for simulation are listed in Table 2. 

A group of microlenses with different levels of defocus was generated, and the probability 

density function (PDF) of the defocus of each microlens was assumed as a Gaussian distribution 

with a zero mean and a 𝜎 standard deviation. The number of simulated microlenses in a group is 

the same as the number of microlenses used in our system. The striping factor c was then 

calculated for this group of microlenses based on the peak intensities, which can be deduced 

from the result in Fig. 24. For each𝜎, we generated 1000 groups of microlenses and calculated 

corresponding striping factor c. The goal of the simulation is to find a threshold 𝜎, so that 90% of 

microlens groups meet the acceptable image quality criterion (i.e., c <0.05). The results are 

shown in Fig. 10. In our case, the threshold 𝜎 is 0.073 mm, indicating that 95% of microlenses 

should have a defocus of less than 2 𝜎 or 0.146 mm if operating the IMS at 532 nm.  

In summary, we developed a slit-scan method for constructing a lookup table for the IMS. By 
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using an optical slit that is perpendicular to the mirror facets and scanning the FOV along one 

axis, we increased the calibration speed by 2 orders of magnitude. Also, we improved image 

reconstruction accuracy by 60% when imaging a resolution target. Moreover, we proposed three 

methods to reduce the stripe artifacts, and we compared their pros and cons. We expect this work 

to lay the foundation for future IMS development. 

 

3.5 Tunable image projection spectrometer (TIPS)  

 
A hyperspectral camera captures both spatial (x, y) and spectral information (λ) of input scenes, 

providing both intrinsic and discriminative spectral characteristics of objects for target 

recognition and classification. Based on the data acquiring mechanism, hyperspectral cameras 

are generally stratified into three categories: spatial scanning [42–44], spectral scanning [45–48], 

and snapshot [49–61]. 

While spatial-scanning hyperspectral cameras capture the spectrum of a spatial point or line at a 

time, their spectral-scanning counterparts acquire a two-dimensional (2D) image at each 

wavelength. Despite a relatively simple optical architecture, spatial-scanning hyperspectral 

imagers bear a lengthy acquisition—to measure a (𝑥,𝑦, 𝜆) datacube, the system must perform a 

complete scan of all spatial locations or spectral wavelengths. In contrast, snapshot hyperspectral 

imagers can acquire all datacube voxels in parallel, thereby maximizing the light throughput. 

However, current snapshot hyperspectral systems are plagued by various problems, such as 

extensive computation [49-51], low image quality [52], and complex configuration [57-60]. The 

primary challenge for measuring a hyperspectral datacube is dimensionality reduction because 

most electronic detectors are in two-dimensional (2D), one-dimensional (1D), or zero 

dimensional (0D) format. Direct mapping a three-dimensional (3D) hyperspectral datacube (x, y, 

λ) to a 2D detector array often leads to a trade-off between spatial, spectral, and temporal 
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resolutions.  

Compressed-sensing-based techniques solves this problem by utilizing the sparsity of natural 

scenes and measuring a hyperspectral datacube with much fewer measurements than that 

required by the Nyquist-Shannon sampling theorem [64-67]. Nonetheless, their applications are 

restricted by a static optical architecture and a fixed compression ratio. For example, an imager 

with a high compression ratio cannot be applied to a complex object, while an imager with a low 

compression ratio is ineffective in measuring a simple scene. 

To address this unmet need, we present tunable image projection spectrometry (TIPS), a Fourier-

domain line-scan spectral imager with a tunable compression ratio. Compared to state-of-the-art 

spatial-domain pushbroom hyperspectral cameras, TIPS requires much fewer measurements and 

provides a higher light throughput. Using a rotating Dove prism and a cylindrical field lens, TIPS 

scans an input scene in the Fourier domain and captures a subset of multi-angled one-

dimensional (1D) en face projections of the input scene, allowing a tailored data compression 

ratio for a given scene. We demonstrate the spectral imaging capability of TIPS with a 

hematoxylin and eosin (H&E) stained pathology slide. Moreover, we showed the spectral 

information obtained can be further converted to depths when combining TIPS with a low-

coherence full-field spectral-domain interferometer. 

The schematic of TIPS is shown in Fig. 25. The object plane is located at the front focal plane of 

an objective lens L1 (f = 50 mm, f /# = 2). L1 and L2 (f = 50 mm, f /# = 2) together form a 4f 

system, and a Dove prism (Thorlabs, PS992M) serves as the system stop and locates at the 

Fourier plane. The Dove prism is mounted on a motorized rotation stage (Thorlabs, PRM1Z8). 

When the Dove prism is rotated by an angle of θ, the image of the object is rotated by 2θ. We 

positioned a cylindrical lens (f = 15 mm, invariant axis is along y axis) 35 mm after L2. Here the 

cylindrical lens plays two roles: generating 1D en face projection along y axis like those in 
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standard computed tomography (CT) and serving as a field lens to reimage the system stop to a 

slit plane (Thorlabs, S15K) along x axis. The tracing of chief and marginal rays in the two 

orthogonal planes is illustrated in Fig. 1(b). It is worth noting that along the y axis, the object 

plane is conjugated to the slit plane, while alone x axis the stop plane is conjugated to the slit 

plane. In y-z plane, the cylindrical lens is effectively a plane-parallel plate (PPP) and transparent 

to the object. The focus shift and spherical aberration introduced by the cylindrical lens are 

compensated by shifting the slit plane along the optical axis. In x-z plane, the cylindrical lens 

integrates the intermediate image along x axis to form en face projection. Moreover, it 

demagnifies the pupil image to increase the light throughput. After passing the slit, the line 

image is spectrally dispersed by a diffraction grating (600 groves/mm) and reimaged by another 

4f system (L3 and L4, f = 50 mm, f /# = 1.4) to an area camera (Thorlabs, CS235MU). 

 

 
 

Figure 25. Optical system of a tunable image projection spectrometer 
(TIPS). (a) System schematic. (b) Chief ray and marginal ray path in x-z 
and y-z plane. 

 

The image reconstruction pipeline is shown in Fig. 2. At each Dove prism rotation angle, we 

capture a dispersed projection (x, λ). To minimize the correlations between projections and 

maximize information content for reconstruction, projections are sampled uniformly in an 

angular range [0, π]. Upon completion of acquisition of a (x, λ, θ) datacube at selected angles, the 
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datacube is rearranged to a wavelength-dependent sinogram stack (x, θ)λ. Next, we construct a 

2D spatial image (x, y) using the sinogram (x, θ) at each wavelength through filtered inverse 

Radon transformation. Other algorithms such as fast iterative shrinkage-thresholding algorithm 

(FISTA) [68] or deep learning can be used to further increase the image quality at the expense of 

an increased computation cost [69]. The final spectral datacube (x, y, λ) is computed by 

converting sinograms at all wavelengths to the corresponding spatial images.  

 

 
 

Figure 26. Image reconstruction pipeline. 
 

3.6 Imaging results using TIPS  

 
To measure spatial resolution, we directly imaged a negative USAF resolution target at the object 

plane (i.e., the front focal plane of L1) under monochromatic illumination at 532 nm. Like the 

sparse-view computed tomography (CT), TIPS measures only a subset of projections, whose 

total number is smaller than the pixel resolution of the input image [70]. Therefore, the 

corresponding inverse problem is under-determined and, generally, the more projections the 

system acquires, the higher the image quality. Reconstruction results with the total number of 

projections = 90, 45, and 15 are shown in Fig. 3(a), (b), and (c), respectively. In each panel, the 



44  

sinogram is shown at upper-left, and the reconstructed image is shown at the bottom, and a 

boxed zoom-in area from the reconstructed image is shown at upper-right. We define the data 

compression ratio γ as: 

γ  ,                              (11)  

where Ny is the number of pixels along the y axis in the recovered image, and Nθ is the number 

of projections. The reconstructed image has a resolution of 300 × 300 pixels, corresponding 

compression ratios 3.3, 6.6, and 20 in Fig. 3(a), (b) and (c), respectively. The spatial resolutions 

were measured by calculating the visibility of bar features in each reconstructed image with a 

threshold 0.2, and the results are 7 μm, 11 μm, and 16 μm, respectively. It is worth noting that a 

USAF target is generally considered a non-sparse object. Therefore, the image quality is more 

sensitive to the projection number than a sparse object, evidenced by the degraded image quality 

as the compression ratio increases. By contrast, when imaging a sparse object like a butterfly 

pattern, a much fewer number of projections are sufficient to recover a high-fidelity image 

(detailed in section 3.7). Therefore, the tunable compression ratio allows an effective 

measurement for a given object. 

The spatial resolution of TIPS is fundamentally limited by diffraction like in a conventional 

optical system. However, because TIPS captures only a limited number of projections, the image 

quality is practically determined by the sparsity of the object like that in sparse-view CT. In 

TIPS, we can tune the number of projection measurements based on the prior knowledge of 

object sparsity and, thereby, provide balanced spatiotemporal resolutions. 

When imaging the USAF target, we set the exposure time to ∼ 15 ms for each frame. With an 

additional 200 ms for rotating the dove prism between adjacent steps, the total acquisition time is 

∼ 20 seconds.  
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Figure 27. Reconstructed USAF resolution target with (a) 90 projections, 
(b) 45 projections, and (c) 15 projections. In each panel, upper-left: 
sinogram; bottom: reconstructed image; upper-right: a boxed area in the 
reconstructed image. 

 

To evaluate spectral resolution, we placed a pinhole (Thorlabs, P20D) at the object plane of 

TIPS, and illuminated it with monochromatic light of different wavelengths. The corresponding 

pixel locations of the projections were recorded. The results were fitted with a linear polynomial, 

as shown in Fig. 28(a). The slope of the line indicates the spectral sampling. Because 1 nm 

bandwidth in wavelength occupied 5.5 pixels on the camera, the spectral sampling of the system 

is 0.18 nm. The spectral resolution was measured as the full-width half-maximum (FWHM) of 

the spectral response when the illumination wavelength is 532 nm. Here, we limited the source 

wavelength using a 1 nm bandpass filter (Thorlabs, FL532-1). The raw measurement result is 

shown in Fig. 28(b). The raw measurement has a FWHM of ∼9 pixels. However, this width is a 

convolution of the geometric image of the pinhole on the camera (∼3 pixels), the bandwidth of 

the light source (corresponding to ∼6 pixels on the camera), and the system spectral resolution. 
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Because the width of a convoluted function can be computed as [71]: 

𝑤 𝑓 ∗ 𝑓 ∗ 𝑓   𝑤 𝑓   𝑤 𝑓   𝑤 𝑓  - 2                     (12)  

where w denotes the width of the function, ∗ denotes the convolution operator, and fi (i = 1:3) 

denotes the individual function in a discrete form, the width of the spectral resolution on the 

camera is derived to be 2 pixels. Given a 0.18 nm spectral sampling, the spectral resolution is, 

therefore, 0.36 nm. 

 

 
 
Figure 28. Spectral calibration. (a) Spectral response locations in pixel of 
different wavelengths on the camera. (b) Raw response under 532 nm 
illumination (bandwidth = 1 nm). 

 

Next, we tested the system on a lung cancer hematoxylin and eosin (H&E) stained pathology 

slide illuminated by a broadband halogen lamp (Amscope, HL250-AS) in the transmission mode. 

Four represented reconstructed images at 530 nm, 550 nm, 570 nm, and 590 nm are shown in 

Fig. 29(a). The color of each image was rendered according to the corresponding wavelength 

based on CIE 1931 observer. As shown in the figure, hematoxylin (area 1) and eosin (area 2) 

have a significant spectral discrepancy in the 540-590 nm spectral range. Relative absorption 
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spectra of area 1 and area 2 are shown in Fig. 29(b). The relative absorption at each wavelength 

is calculated by subtracting the transmission intensity from the background intensity. 

 
 
Figure 28. Spectral imaging of lung cancer hematoxylin and eosin (H&E) 
slide in transmission mode. (a) Spectral images at 530 nm, 550 nm, 570 
nm, and 590 nm. (b) Relative absorption spectra of area 1 and area 2. The 
relative absorption at each wavelength is calculated by subtracting the 
transmission intensity from the background intensity. 

 

We further demonstrated the combination of TIPS with a low-coherence full-field spectral 

domain interferometer [72,73]. The system layout is shown in Fig. 29(a), which consists of a 

Michelson interferometer and TIPS. We illuminate the sample with a low-coherent light source 

(a halogen lamp; Amscope, HL250-AS) filtered with a 40 nm bandpass filter centered at 550 nm 

(Thorlabs, FB550-40), yielding a 3.8 μm depth resolution and a 210 μm depth range in the final 

reconstructed volumetric image. The focal length of L1 and L2 are 50 mm and 150 mm, 

respectively. The scattered light from the sample combines with the light reflected from the 

reference mirror at a beam splitter, forming an interferogram at the input plane of TIPS. After 

acquiring the corresponding spectral datacube, we compute the depths by applying a Fourier 

transform to the spectrum acquired at each spatial location. To evaluate the system, we imaged 
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two crossed hairs extending along orthogonal directions at two different depths. The results are 

shown in Fig. 29(b), where the reconstructed en face images are shown in the first row, B-scan 

(i.e., cross-sectional) image is shown in the middle, and a 3D volumetric image is shown at the 

bottom. The measured depths of hair 1 and 2 are 26.6 μm and 98.8 μm, respectively.  

 

 
 
Figure 29. Depth imaging with full-field spectral domain interferometer. 
(a) System layout. (b) Reconstructed results of two intersecting hairs at 
two depths. First row, en face reconstructed results; middle, B-scan cross-
sectional image; bottom, a 3D volumetric image of two hairs. 

 

3.7 TIPS discussion  

 
Measuring a line projection at a time, TIPS is a counterpart of conventional pushbroom 

spectrometry in the Fourier domain. However, TIPS outperforms pushbroom spectrometers in 

both light throughput and signal-to-noise ratio (SNR).  

First, Light throughput (Jacquinot advantage). In conventional pushbroom imaging 

spectrometers, a slit is positioned at a conjugate image plane to measure only one line of the 



49  

image at a time. The line image is then spectrally dispersed by a diffraction grating or a prism. 

Given widefield illumination, the light throughput equals the ratio of the slit width to the 

conjugate imaging field of view (FOV) at the slit plane, i.e., η = dslit/FOV. On the other hand, 

the slit width determines the image resolution and the space-bandwidth-product (SBP), 𝑆𝐵𝑃

𝐹𝑂𝑉/𝑑𝑠𝑙𝑖𝑡 . Therefore, there is a trade-off between the light throughput and the image 

resolution and SBP. In contrast, in TIPS, the slit is located at the pupil plane at the x-z plane. The 

light throughput equals the ratio of the slit width to the conjugate pupil diameter (D) at the slit 

plane, i.e., η = dslit/D, where D relates the stop size (D0) through D = D0/M. Here M is pupil 

demagnification ratio in the x-z plane, and 𝑀  𝑓 /𝑓 , where 𝑓  and 𝑓  are the focal lengths 

of lens L2 and the cylindrical lens, respectively. Because 𝑓  does not contribute to the image 

magnification in the y-z plane, we can use a cylindrical lens with a short focal length to increase 

the pupil demagnification ratio, reducing the conjugate pupil diameter (D) at the slit plane and, 

thereby, increasing the light throughput. Moreover, since TIPS scans in the Fourier domain, the 

slit width is decoupled with the image resolution, eliminating the trade-off between the light 

throughput and image resolution/SBP. 

Second, SNR (Fellgett advantage). TIPS performs measurement through multiplexing signals in 

the spatial domain. If the measurement contains only signal-independent noise sources, such as 

random thermal noise or readout noise in the cameras, the multiplexing approach can enhance 

the SNR of the recovered signal, which is known as the Fellgett advantage [74,75]. Like that in 

Fourier transform infrared spectroscopy (FTIR), TIPS can improve the SNR by a factor of N√𝑃 

compared with its spatial-scanning counterpart. Here N denotes the image dimension in pixels, 

and P is the number of projections. Details derivation is provided in Refs [76].  

Furthermore, we quantitatively compared the spectral responses of TIPS to a standard fiber 

spectrometer (STSIS-L-25-400-SMA, Ocean Optics, Inc.). We first captured an image of a color 
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checker target (ColorChecker Passport Photo 2, X-Rite) using TIPS and recovered the spectrum. 

Next, we measured the spectrum of the same checker using the fiber spectrometer. The 

normalized spectra obtained by TIPS and the fiber spectrometer are shown in Fig. 30(a), 

matching well with each other. The full spectral range of TIPS is ∼150 nm (450-600 nm), which 

is limited by the bandpass filter in the system. In Fig. 28(b), we showed the results only in a 

selected spectral range (510-590 nm) because this range shows the most significant difference 

between the spectra of hematoxylin and eosin. On the camera, we read out only part of the chip 

that corresponds to the spectral range of the system. 

To validate the depth accuracy in the combined system (a spectral-domain interferometer and 

TIPS), we first positioned a planar specular-reflection object (a mirror) at a plane conjugated 

with the reference mirror in the interferometer. Next, we translated the reference mirror along the 

optical axis from 25.4 μm to 203.2 μm with a step size of 25.4 μm. At each step, the recovered 

depth from interferometry matches well with the ground truth (Fig. 30(b)). The mean squared 

error is 1 μm. 

 

 
 
Figure 30. Accuracy of spectral and depth measurements. (a) Comparison 
between normalized spectra measured by TIPS and a standard fiber 
spectrometer (ground truth). (b) Comparison between derived depths 
from interferometry and ground truth. 
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In summary, we developed a new category of spectral imaging methods, TIPS, which can 

provide a tailored data compression ratio for a given target. TIPS also outperforms conventional 

pushbroom imaging spectrometers in both light throughput and SNR. Seeing its advantages, we 

expect TIPS can find broad applications in various disciplines.  
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Chapter 4 Hyperspectral light field imaging 

 
Although light field and hyperspectral imaging techniques continue to mature, combining them 

on a single platform is non-trivial. Multi-camera systems are usually plagued by misalignment 

errors or a bulky setup and low-light efficiency [20–22]. To overcome the above limitations, 

herein, we present a snapshot hyperspectral light field imaging system that integrates light field 

imaging with the IMS. The resultant system can capture the spatial, angular, and spectral 

information of light rays in a single snapshot and with a single camera, measuring a multi-

dimensional datacube of size 66 66 5 5 40 (𝑥,𝑦,𝑢, 𝑣, 𝜆). 

Furthermore, measuring a high-dimensional plenoptic function faces two main challenges: 

dimension reduction and measurement efficiency. To address this problem, we developed a 

compressed-sensing five-dimensional imager, termed snapshot hyperspectral light field 

tomography (Hyper-LIFT).  

4.1 Light field IMS 

 
The optical schematic and a photograph of the system are shown in Figs. 31(a) and 31(b), 

respectively. A broad-band light source (Thorlabs, SLS201L) illuminates the object. The 

reflected light is imaged by a 1.0X telecentric lens (Edmund, 58430) onto a microlens array 

(RPC photonics, MLA-S100-f8). Here, we use an unfocused light field imaging scheme where 

the microlens array is placed at the image plane of the imaging system, while the detector is 

placed at the back focal plane of the microlens array [2]. The telecentric lens has a field of view 

of 8.8mm 6.6 mm, with an adjustable f number ranging from 6 to 22. The working distance of 

the telecentric lens is 83 mm. The microlens array has a 100 µm lens pitch and a 0.8 mm focal 

length. An intermediate pupil array image is formed at the back focal plane of the microlens 

array, co-locating with the conjugated image plane of the IMS. The image of a resolution cell of 
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the hypercube at this intermediate image plane is 15.7 µm. Next, the pupil array image is relayed 

to a mapping mirror in the IMS. The mapping mirror splits an image into 480 slices within 5 8 

subfields. Each subfield contains 12 image slices and has a blank area between adjacent image 

slices. After passing through the dispersive prism, the spectrum of an image slice occupies the 

blank area between two adjacent image slices. The dispersion prisms are designed for visible 

light (400 nm–700 nm). A final image is formed on the IMS detector. Two representative raw 

images under monochromatic and white-light illumination with a zoomed subfield are shown in 

Figs. 31(c) and 31(d), respectively. Under monochromatic illumination, the width of each image 

slice is one pixel, and the spacing between two adjacent image slices within a subfield is 40 

pixels. The IMS was assembled by Rebellion Photonics Inc., and the optical parameters of the 

IMS are detailed in Refs. [58,59]. 

 

 
 
Figure 31. Optical setup. (a) Schematic. (b) Photograph of the system. (c) 
Raw image captured by the IMS under monochromatic illumination. (d) 
Raw image captured by the IMS under white-light illumination 
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Figure 2 shows the image processing pipeline. A raw image captured by the system was first 

mapped to a hypercube, which contains light field data at different wavelengths. At each 

wavelength, we further processed the light field data to generate a 4D light field datacube (x ; y ; 

u; v) and the correspondent epipolar plane images [77]. Finally, we calculated the depth map 

through the scale-depth space transform [26]. 

 
 

Figure 32. Image processing pipeline. 
 

To assess the lateral resolution of the entire system, we imaged a USAF 1951 resolution target 

(Thorlabs, R1DS1P) at the nominal working distance of the telecentric lens. The reconstructed 

result is shown in Fig. 33(a). Figure 33(b) shows the inverted intensity plot along the red line in 

Fig. 33(a). The bars of group 2, element 3 were clearly resolved, indicating that the resolution of 

our system is 5 lp/mm. Because the IMS has a resolution cell (15.7 µm) smaller than the 

microlens pitch (100 µm), the lateral resolution is limited by the light field imaging module 
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rather than the IMS. The theoretical lateral resolution of an unfocused light field imaging module 

is determined by the microlens pitch [36], 

𝑟                                    (13)  

where r is the lateral resolution [line pairs per millimeter (lp/mm)], and d is the microlens pitch. 

In our case, the microlens pitch is 100 µm; therefore, the theoretical lateral resolution is 5 lp/mm. 

Our experimental result matches with theoretical expectation. 

 
 
Figure 33. Lateral resolution. (a) Image of the USAF 1951 resolution 
target. (b) Inverted intensity plot of the red line in (a) through the 
elements of group 2. 

 

To perform three-dimensional (3D) imaging, we must evaluate depth accuracy within the depth 

range. The depth range of an unfocused light field imaging camera is given by [36], 

𝑅  ,                                  (14)  

where R is the depth range, d is the microlens pitch, f is the focal length of the microlens, and Se 

is the pixel size on the intermediate image plane. In our experiments, the depth range is from -

5mm to 5 mm with respect to the nominal working distance of the telecentric lens, and the depth 
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axis points towards the system. We used a flat printed grid pattern as an object, mounted it on a 

motorized translation stage (Thorlabs, MTS50-Z8), and scanned the object within the depth 

range along the axial direction. The scanning step is 0.25 mm. At each scanning step, we 

captured an image and reconstructed the corresponding disparity map [26]. The result is shown 

in Fig. 34. The red dots denote the experimentally measured disparities, and the blue line is a 

third-order polynomial curve fitted to the experimental results. We then calculated the root-

mean-square (RMS) error at each scanning step by comparing the reconstructed depth map with 

the ground truth. The average RMS error within the depth range is 0.36mm. 

 

 
 

Figure 34. Disparity versus depth curve. 
 

Next, we characterized the spectral resolution of the system. As previously mentioned, within a 

subfield, an image slice passes through a dispersive prism, and the spectrum of the image slice 

fills the blank area between two adjacent image slices. The width of the blank area is 40 pixels 

on the IMS detector, and these 40 pixels are used to sample the wavelengths from 400 nm to 700 

nm. To evaluate the relationship between pixel positions within a blank area and the 
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corresponding wavelengths, a chromatic dispersion curve was measured, as shown in Fig. 35(a). 

In this step, we operated the system in the transmission mode, i.e., putting the light source on the 

optical axis and facing it towards the telecentric lens. Then, we put a 10 µm diameter pinhole 

(Thorlabs, P10D) at the nominal working distance of the telecentric lens and scanned the pinhole 

at nine random lateral locations. At each location, six color filters (Thorlabs, FB470-10, FB510-

10, FB550-10, FB590-10, FB630-10, FB670-10) were used sequentially, and the corresponding 

pixel locations were recorded. The final curve is an average result of the data taken at nine 

pinhole locations and was fitted with a second-order polynomial. The spectral resolution is 

defined as the bandwidth of the spectrum occupied by a pixel, and it is a function of the 

wavelength. The result is shown in Fig. 35(b). The spectral resolution at the blue light end is 

higher than that at the red light end because of the nonlinear spectral dispersion of the prism. 

 
 
Figure 35. Spectral dispersion of the system. (a) Chromatic dispersion 
curve of the system. (b) Spectral resolution. 

 

Finally, we demonstrated the imaging performance of the system by imaging dynamic 3D 

spectral scenes. The object contains two parts: a picture of a toy on the left and a grid pattern on 

the right. The toy picture is mounted on the motorized translation stage and continuously moving 

axially back and forward within the depth range. The grid pattern is located at a depth near -5 
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mm, and it is static. By using the previously measured chromatic dispersion curve and the 

disparity-depth mapping curve, we generated 40 color channel images and a depth map. Figure 

36(a) shows the reconstructed images at three representative wavelengths (480 nm, 540 nm, 600 

nm) when the toy picture is at the nominal working distance of the telecentric lens. The color of 

the image was rendered according to the corresponding wavelength based on the International 

Commission on Illumination (CIE) 1931 observer. Figure 36(b) shows the reconstructed depth 

maps of the toy image at -3 mm, 0 mm, and 3 mm at the 600 nm wavelength and depth profile 

images along the red line in Fig. 6(a). This experiment demonstrates the real-time imaging 

capability of the system in performing 4D (𝑥, 𝑦, 𝑧, 𝜆) measurement. 

 
 
Figure 36. Imaging dynamic 3D spectral scenes. (a)Reconstructed images 
at 480 nm, 540 nm, and 600nmwavelength. The depth of the toy picture 
is 0 mm. (b) Reconstructed images at depths of the toy picture = -3 mm, 0 
mm, and 3mmat 600 nm wavelength. The first row shows the depth 
maps, and the second row shows depth profile images of the red line in 
(a). 
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4.2 Snapshot hyperspectral light field tomography (Hyper-LIFT) 

 
We present snapshot hyperspectral light field tomography (Hyper-LIFT), a highly efficient 

method in recording a 5D (x, y, spatial coordinates; u, v, angular coordinates; 𝜆, wavelength) 

plenoptic function. Using a Dove prism array and a cylindrical lens array, we simultaneously 

acquire multi-angled 1D en face projections of the object like those in standard sparse-view 

computed tomography. We further disperse those projections and measure the spectra in parallel 

using a 2D image sensor. Within a single snapshot, the resultant system can capture a 5D data 

cube with 270 270 4 4 360 voxels. We demonstrated the performance of Hyper-LIFT in 

imaging spectral volumetric scenes.  

An optical field can be characterized by a seven-dimensional (7D) plenoptic function, 𝑃(𝑥, 𝑦, 𝑧, 

𝑢, 𝑣, 𝜆, 𝑡) (x, y, z, spatial coordinates; 𝑢, 𝑣, emittance angles; 𝜆, wavelength; t, time) [78,79]. 

Measuring a high-dimensional plenoptic function faces two main challenges: dimension 

reduction and measurement efficiency. On the one hand, because most photon detectors are in 

two dimensions (2D) (i.e., image sensors), one dimension (1D) (i.e., line sensors), or zero 

dimensions (0D) (i.e., single pixel sensors), capturing a high-dimensional plenoptic function with 

a low-dimensional detector usually requires extensive scanning along another dimension. To 

characterize this ability, we define a dimension reduction factor as 𝜖  𝑁 /𝑁 , where 𝑁  and 

𝑁  are the dimensionalities of the plenoptic function to be measured and the detector deployed, 

respectively. Because low-dimensional detectors usually image faster and cost less than their 

high-dimensional counterparts, the greater the 𝜖 , the higher the frame rate, and the more 

economical the system. On the other hand, under the conventional Nyquist sampling condition, 

measuring a high-dimensional plenoptic function usually requires the detector array to have a 

large number of elements, posing challenges with the data transfer and storage. An effective 



60  

approach to break this limitation is compressed sensing [65–67], which allows using much fewer 

measurements to recover a scene, provided that the object can be considered sparse in a specific 

domain. To quantify the sampling efficiency, we define a compression ratio as 𝑟  𝑆 /𝑆 , 

where 𝑆  and 𝑆  are the sampling number determined by the Nyquist–Shannon theorem and 

compressed sensing, respectively. The higher the 𝑟, the more efficient the measurement. 

Although techniques have advanced significantly in reducing the dimensionality of a plenoptic 

function, it is nontrivial to build an imager with a large compression ratio while maintaining high 

image quality. For example, in hyperspectral light field imaging, to acquire a 5D data cube (𝑥, 𝑦, 

𝑢, 𝑣, 𝜆), most current imagers [20-24] are built on Nyquist sampling and provide only a unity 

compression ratio 𝑟  1 . For a given detector array, this leads to a trade-off between the 

samplings along the spatial, spectral, and angular axes. For example, in an IMS-based 

hyperspectral light field camera [80]. the total number of plenoptic data cube voxels is limited to 

66 66 5 5 40 (x, y, u, v, 𝜆), restricting its application in high-resolution imaging. 

To overcome this problem, we present a new multi-dimensional imaging architecture and 

demonstrate it in 5D (x, y, u, v, 𝜆) plenoptic imaging. The resultant method, referred to as 

snapshot hyperspectral light field tomography (Hyper-LIFT), can capture a 270×270×4×4×360 

(𝑥, 𝑦, 𝑢, 𝑣, 𝜆) data cube using a 2D detector array in a single snapshot. Based on the same 

conceptual thread as light field tomography (LIFT) [69], Hyper-LIFT is highly efficient in 

acquiring the light field data through simultaneously recording en face parallel beam projections 

of the input scene along sparsely spaced angles, enabling a compression ratio of 16.8. Moreover, 

Hyper-LIFT captures additional spectral information by further dispersing the en face beam 

projections in the spectral domain. By converting the angular information to depths, we 

demonstrated Hyper-LIFT in hyperspectral volumetric imaging. 
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4.3 Image formation and optical setup  

 
The core idea of Hyper-LIFT is to reformulate the light field acquisition as a sparse-view 

computed tomography (CT) problem. To create multi-angled en face parallel beam projections of 

an object, we put an array of rotated Dove prisms and cylindrical lenses at the pupil plane of a 

main objective lens and image the object from different perspectives. For a given perspective, the 

image formation model through a rotated Dove prism and a cylindrical lens (i.e., a subfield) is 

shown in Fig. 36. The Dove prism rotates the input perspective image by an angle of 2𝜃, where 𝜃 

is the rotation angle of the Dove prism itself. The rotated perspective image is then imaged by a 

cylindrical lens. The resultant image is essentially a convolution of the geometric image of the 

rotated object and a line spread function provided by the cylindrical lens. We put a slit at the 

back focal plane of the cylindrical lens and sampled the image along the horizontal axis. The 1D 

signals obtained is a “projection” of the object at the angle of 2𝜃, resembling the projection 

measurement in traditional x-ray CT. The image formation can be formulated as: 

𝑏  𝑻𝑹𝜽𝑔                                  (15)  

where g is the vectorized two-dimensional (2D) perspective image, 𝑹𝜽 is the rotation operator 

representing the function of the Dove prism at the angle 𝜃, T denotes the signal integration by 

the cylindrical lens at the 1D slit, and 𝑏  is the 1D signal sampled by the slit. After passing 

through a diffraction grating, the 1D projection is dispersed along the vertical axis. The final 

image is measured by a 2D detector array, and the spectral channels of the projection are 

obtained simultaneously. 
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Figure 37. Image formation model. 
 

In Hyper-LIFT, we use an array of Dove prisms with varied rotation angles to acquire the 

dispersed en face projections in parallel. The forward model with n Dove prisms can be 

formulated as 

 

𝒃 𝜆  𝑻
𝑹𝜽𝟏

…
𝑹𝜽𝒏

𝑔 𝜆   𝑨𝑔 𝜆                                 (16)  

where A is the forward operator representing the parallel beam projections at different angles, 

and 𝒃 𝜆  is the sinogram at wavelength 𝜆. Because each Dove prism observes the same scene 

from different perspectives, the light field is naturally sampled in the projection data with an 
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angular resolution equal to the number of Dove prisms. 

 

 
 

Figure 38. Optical schematic of a Hyper-LIFT camera. 
 

The schematic of the optical setup is shown in Fig. 38. The object is located at the front focal 

plane of an objective lens (f = 50 mm, f/# = 1.4). The field of view of the system is ~3 mm. A 

Dove prism array that comprises 16 multi-angled Dove prisms (height=2 mm, length=8.4 mm, 

and spacing between adjacent prisms=2.9 mm) is located at the back focal plane of the objective 

lens. After the Dove prism array, a 5 1 cylindrical lens array (height=2 mm, length=12 mm, 

focal length=20 mm) focuses the collimated beam onto a 4 1 slit array (width = 10 µm), which 

slices the input image. The resultant 1D projections are reimaged to a CCD sensor (Lumenera, 

Lt16059H; pixel pitch = 7.4 µm) using a 4f relay system (f = 100 mm, f/# = 2). A transmission 

diffraction grating (300 groves/mm) is located at the Fourier plane of the relay system to disperse 

the projections. 

The pictures of the mounts that hold the dove prisms and cylindrical lenses are shown in Fig.39, 
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where the numbers indicate the rotation angles in degrees of dove prisms. Instead of arranging 

the dove prisms in a rectangular array, we chose a near circular pattern to fulfill the aperture of 

the main lens. Each dove prism rotates the perspective image at the corresponding pupil location, 

which is further imaged by a cylindrical lens. 

 

 
 
Figure 39. Mounting plates that hold the dove prisms and cylindrical 
lenses. The numbers in the left panel indicate the rotation angles of dove 
prims in degrees. The dove prisms are divided into five group, each 
passing the light to the same cylindrical lens. 

 

In Hyper-LIFT, the spatial sampling of the projections can be calculated as the height of a Dove 

prism divided by the camera pixel pitch. The spectral sampling of the reconstructed data cube is 

limited by the spacing between adjacent Dove prisms. The angular sampling is determined by the 

number of Dove prisms and their locations at the pupil plane. In our setup, the reconstructed data 

cube has a dimension of 270 270 4 4 360 (𝑥, 𝑦, 𝑢, 𝑣, 𝜆). Noteworthily, in Hyper-LIFT, only 
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the voxels along the spectral only the voxels along the spectral dimension are directly mapped 

onto the 2D sensor, while the spatial and angular voxels are multiplexed in projection 

measurement. Additionally, instead of acquiring the entire set of projections under the Nyquist 

sampling condition, Hyper-LIFT measures only a sparse subset of the projections based on 

compressed sensing. By contrast, previous multi-dimensional imagers [80-82] directly map 

plenoptic data cube voxels to a 2D image sensor. As a result, the size of the reconstructed data 

cube is limited by the available sensor pixels, leading to a trade-off between spatial, angular, and 

spectral sampling. Using compressed sensing, Hyper-LIFT alleviates this trade-off, thereby 

enabling the measurement of a large format plenoptic function.  

To calibrate the spectral response, we placed a pinhole (Thorlabs, P50D) at the nominal object 

plane and illuminated it with monochromatic light of different wavelengths. The corresponding 

pixel locations of the projections were recorded. Because the dispersion curve of a diffraction 

grating is linear, five wavelengths provide a fitting with negligible localization errors (Fig. 40(b), 

top). Because 1 nm bandwidth in wavelength occupied four pixels on the camera, the system 

provides a spectral resolution of 0.25 nm. 

To calibrate the depth, we put a pinhole (Thorlabs, P50D) at the front focal plane of the objective 

lens, scanned the pinhole from -3.75 mm to 3.75 mm along the depth axis with a 0.625 mm step, 

and captured an image at each depth. Next, we digitally refocused each pinhole image by tuning 

the shearing parameter. For each pinhole image, we identified the shearing parameter that best 

brings the image back in focus and recorded corresponding physical depth. The best focus image 

can be found by maximizing a focus measure (e.g., sum of modified Laplacian) for each pixel of 

the image. We fitted the curve with a linear model. The resultant shearing to depth curve is 

shown in the bottom figure in Fig. 40(b). Using this curve, we can digitally refocus a 3D 

objective, and the corresponding depth can be deduced based on the shearing parameter. 
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Figure 40. Spectral and depth calibration. (a) Three example pinhole 
images refocused with different shearing factors. The pinhole images 
were captured at different depths. (b) Measured chromatic dispersion 
curve and shearing to depth relation. 

 

Like conventional sparse-view CT, Hyper-LIFT requires the object to be sparse in a specific 

domain. We quantified the resolution under such a condition by imaging a point object (a 10 µm 

pinhole). The lateral and axial resolution resolutions are measured as the full width half-

maximum (FWHM) of the impulse response along the lateral and axial direction, respectively. 

The measured lateral and axial resolutions are 22 µm and 1mm, respectively. 

 
 
Figure 41. Characterization of spatial and axial resolutions. (a) Lateral 
intensity distribution of a reconstructed 10 μm pinhole. (b) Axial 
intensity distribution of a reconstructed 10 μm pinhole, fitted with a 
Gaussian model. 



67  

4.4 Image reconstruction 

 
In Hyper-LIFT, because the number of projections n is smaller than the pixel resolution of the 

input perspective image, Eq. (16) is under-determined and hence can be considered as a sparse-

view CT problem [70]. The image reconstruction of a monochromatic scene can be achieved by 

iteratively solving the optimization problem:  

argmin‖𝒃  𝑨𝑔‖ 𝜌𝜑 𝑔 ,                                 (17)  

where 𝜑 𝑔  is a transform function that sparsifies the image, ∙1 is the L1 norm, and 𝜌 is the 

hyperparameter that weights the regularization term. More details of solving this inverse problem 

and the sparsity requirements can be found in [69]. A reconstruction example of a planar 

monochromatic scene is shown in Fig. 42. To limit the illumination bandwidth, a 3 nm bandpass 

filter centered at 532 nm was placed right after a broadband light source (Amscope, HL250-AS). 

The ground truth and a raw image captured by the Hyper-LIFT camera are shown in Figs. 42(a) 

and 42(b), respectively. The sliced projections are along the vertical axis, and the spectra of the 

projections are dispersed along the horizontal axis. To perform image reconstruction, we first 

divide the raw image into 16 subfields, each containing a projection. Next, the projections are 

extracted based on their center coordinates, which can be calibrated by imaging an optical 

pinhole. Finally, the object is reconstructed using Eq. (17), and the reconstruction result is 

illustrated in Fig. 42(c). 

To reconstruct images at different wavelengths, we apply Eq. (3) to the corresponding sinogram 

𝒃 𝜆 . Because the spectrum is dispersed along one axis, the projection at wavelength 𝜆 can be 

directly obtained by extracting the line image at the corresponding position, which can be 

deduced from the chromatic dispersion curve of the diffraction grating. The spectral range and 

resolution can be deduced from the dispersion curve, and they are 90 nm and 0.25 nm, 



68  

respectively, in the current setup. It is worth noting that the spectral range and resolution are 

scalable by using a different dispersion element or a different focal length relay system. 

 
 
Figure 42. Reconstruction of a planar object illuminated by 
monochromatic light (wavelength, 532 nm). (a)Ground-truth 
photographic image. (b) Raw Hyper-LIFT image. (c) Reconstructed 
image. 

 

The whole reconstruction process can be divided into two steps: wavelength selection and CT 

reconstruction. Because the spectrum is directly dispersed on the detector using a diffraction 

grating, projections at different wavelength can be extracted using the dispersion curve, where 

the computational cost is negligible. In the CT reconstruction process, the image reconstruction 

speed is mainly dependent on the reconstruction algorithm applied. For example, when simply 

applying the inverse Radon transform through fast Fourier transform, the object can be 

reconstructed instantaneously. However, when using an iterative algorithm to improve image 

quality, the reconstruction takes ~5s for each wavelength on a personal computer (CPU, Intel 

Core i7-5700HQ). 
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4.5 Digital Refocusing 

 
In a conventional light field camera, the acquired light field L can be parameterized by the 

aperture plane (𝑢, 𝑣  and the image plane (x ,y) as shown in Fig. 43(a). For a synthetic image 

plane (𝑥′,𝑦′) defined by a shifting parameter, the irradiance can be calculated as [2]:  

𝐸 𝑥′, 𝑦′ ∬𝐿 𝑢, 𝑣, , 𝑑𝑢𝑑𝑣,                      (18)  

Digital refocusing is achieved by shifting and adding up subaperture images. Unlike 

conventional light field cameras, Hyper-LIFT employs a Dove prism array to rotate the input 

scene, and their effect must be accounted for when calculating the shifting vector. Here, we 

denote the original shifting vector as s∙(𝑢, 𝑣 , where (𝑢, 𝑣  is image translation direction vector 

and s is the translation distance (i.e. shearing parameter). As illustrated in Fig. 43(b), the vector 

(𝑢, 𝑣 ,  is determined by the pupil coordinate and the rotation angle of the Dove prism. If the 

Dove prism is rotated by 𝜃/2, the resultant shifting vector can be derived as follows: 

𝑠 ∙ 𝑠 ∙
cos 𝜃 sin 𝜃
sin 𝜃 cos 𝜃

∙ 1 0
0 1

∙ 𝑠 ∙ ∙ ∙
∙ ∙ .          (19)  

Because Dove prisms rotate the input scene based on total internal reflection (TIR), an extra 

flipping matrix is added to reflect the redirection of light rays. The updated shifting vector is then 

applied to translating subaperture projections to obtain an updated sinogram. The final refocused 

image can be reconstructed using a classic computational tomography algorithm, such as analytic 

filtered backprojection.  
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Figure 43. Digital refocusing in Hyper-LIFT. (a) Refocusing a synthetic 
image plane in a conventional light field camera. (b) In Hyper-LIFT, the 
shifting vector is determined by the pupil coordinate and the rotation 
angle of the dove prism.  Each blue circle denotes a dove prism. 

 

To demonstrate digital refocusing ability of Hyper-LIFT, we placed an object at depth = -3.75 

mm, 0 mm, 3.75 mm with respect to the nominal focal plane of the Hyper-LIFT camera. At each 

object position, we captured a snapshot and generated the focal stack images. Fig. 44 (a), (b) and 

(c) show the sweeping of the focal plane images at the corresponding object setting. As expected, 

the object appears in focus only at its designated location. Noteworthily, the out-of-focus image 

in LIFT cameras appear as ghost images rather than uniformly radial blur as in conventional 

widefield imaging. This effect has been discussed in our previous publication [69].  
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Figure 44. Sweeping of focal stack images for an object positioned at 
three depths. The numbers in the subpanels denote the indices of the 
shearing parameter. From (1) to (9), refocusing depth is from – 4 mm to 4 
mm, with step size = 1 mm. 

 

4.6 Results 

 
We first demonstrated our system in imaging a rainbow planar object [Fig. 42(a)]. The 

illumination setup is shown in Fig. 45(a). A linear variable visible range bandpass filter (Edmund 

optics, 88365) is located at the conjugate plane of the planar object, illuminated by a broadband 

light source. To fit more wavelengths into the field of view, a 3.3:1 lens pair (Thorlabs, 

MAP1030100-A) is used to demagnify the linear filter. In this way, each lateral coordinate of the 

planar object is encoded with a unique color. At a given location, the spectral resolution of the 

linear variable filter is 7–20 nm. The raw image captured by the Hyper-LIFT camera is shown in 

Fig. 45(b). Compared to the monochromatic data in Fig. 42(b), the spectrum is dispersed along 

the horizontal axis. The projections at different wavelengths are extracted based on the chromatic 

dispersion curve. The pseudo-colored reconstructed panchromatic image and four representative 

color channels are shown in Fig. 45(c). This experiment demonstrates the hyperspectral imaging 

capability of our system.  
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Figure 45. Hyperspectral imaging of a planar object. (a) Illumination 
setup. (b) Raw Hyper-LIFT image. (c) Pseudo-colored reconstructed 
panchromatic image and four representative color channels. 

 

To demonstrate hyperspectral volumetric imaging enabled by light field capture, we imaged a 

3D-printed object illuminated by a broadband light source. To avoid cross talk between adjacent 

subaperture images, a 40 nm bandpass filter at 550 nm is used to limit the illumination 

bandwidth. An en face photograph of the object is shown in Fig. 46(a). The letters “U” and “C” 
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were 3D printed at different depths (depth difference = 6 mm). The object is imaged to the fron 

focal plane of the objective lens by a demagnifying relay lens pair (Thorlabs, MAP1030100-A). 

To render a focal image stack, digital refocusing is performed by calculating the shifting 

direction vector (𝑢, 𝑣  and then changing the shearing parameter s in Eq. (19). In practice, the 

shearing parameter s can be converted to a real depth. The reconstructed 3D image and two 

representative numerically refocused images at the two letters’ depths are shown in Fig. 46(b). 

The pixel intensities within the boxed area in Fig. 46(b) are averaged, and a spectrum is shown in 

Fig. 46(c). Finally, we quantified the level of defocus by calculating the sharpness of the object 

at each refocused depth [Fig. 46(d)]. Here sharpness is defined by 𝐼_𝑚𝑎𝑥 𝐼_𝑚𝑖𝑛 / 𝐼_𝑚𝑎𝑥

𝐼_𝑚𝑖𝑛 , where I (x, y) is the pixel value at the letter location. The sharpness of letters “U” and 

“C” reaches a maximum at 0.8 mm and 0 mm, respectively, which gives the physical depth of 

two letters in the object space of Hyper-LIFT. 

 
 
Figure 46. Hyperspectral volumetric imaging of a 3D object. (a) Ground 
truth en face image of the object. “U” and “C” were printed at two 
different depths. (b) Reconstructed 3D image and two numerically 
refocused images at the letters’ depths. (c) Spectrum averaged within the 
dashed boxed area in the low left panel of (c). (d) Sharpness versus depth 
at two letter locations. 
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4.7 Discussion 

 
The application of hyperspectral light field imaging continues to expand, with a variety of 

technologies sprouting in the past five years. Despite impressive functionality, these techniques 

have not been discussed in a common framework. Multi-dimensional imagers are typically 

evaluated in terms of the snapshot factor [83], which describes the portion of the plenoptic data 

cube voxels that can be seen by the imager at a time. The greater the snapshot factor, the higher 

the light throughput. However, the snapshot factor does not reflect the easiness of acquiring 

high-dimensional data with practical photodetectors. Therefore, we added two additional 

metrics—dimension reduction factor 𝜖 and data compression ratio r—to fully characterize the 

performance of multi-dimensional imagers.  

It is noteworthy that, when designing the system, the light efficiency is collectively determined 

by the desired spectral resolution and the field of view (FOV). On the one hand, a wider slit 

increases the light throughput, but it also increases the cross talk between adjacent color 

channels, resulting in a reduced spectral resolution. On the other hand, imaging a large FOV can 

reduce the light efficiency because an off-axis field point requires the cylindrical lens to provide 

an elongated line spread function (LSF) in order to extend the signals to the slit location, which, 

in turn, decreases the irradiance at the slit. Therefore, there is a trade-off between the light 

throughput and the spectral resolution and the FOV. 

Like standard CT, the spatial resolution of Hyper-LIFT is collectively determined by the number 

of projections and the angle distribution. By contrast, the spectral dimension is directly mapped 

to the camera without resolution loss. Figure 47(a) shows the peak signal-to-noise ratio (PSNR) 

versus the number of projections in the reconstructed image for a simulated circular object. The 

result indicates that the larger the number of projections, the higher the PSNR. Additionally, 
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Hyper-LIFT provides a uniform projection angle distribution from 0 to 𝜋, which minimizes the 

correlations in the projection data and maximizes information content for reconstruction. This is 

made possible by using a rotated Dove prism array. By contrast, our previous LIFT system 

created the projections using rotated cylindrical lenses, leading to a limited view problem. More 

specifically, the LIFT system only captures the projections with an angle in , , rather than 

, . Therefore, the features along vertical dimension cannot be faithfully reconstructed. To 

demonstrate the capability of Hyper-LIFT in overcoming this problem, we imaged a group of 

bars of a USAF resolution target (Group 0 element 6) along both horizontal and vertical 

directions [Fig. 47(b)]. We further plot the intensity along the dashed line in both images. The 

average FWHM of a bar is 11 and 12 pixels along the vertical and horizontal direction, 

respectively. This result indicates that our system has the ability to equally resolve the object 

features along two orthogonal directions. 

 
 
Figure 47. Reconstruction quality in Hyper-LIFT. (a) Peak signal-to noise 
ratio (PSNR) versus number of projections. (b) Resolving USAF 
resolution bars along the vertical and horizontal directions. The light 
intensities (right panel) were plot along the dashed lines in the 
reconstructed images. 
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In conclusion, we developed and experimentally demonstrated a versatile snapshot Hyper-LIFT 

imager, and it is the only imager that can perform a largescale hyperspectral light field 

measurement using a 2D detector array with a moderate format. Because the frame rate of 

cameras is generally proportional to the reciprocal of the total number of camera pixels in use, 

our compressed measurement scheme has an advantage in imaging speed. For example, when 

reading out only the regions of interest (ROIs) that receive light signals from the camera, our 

system can measure a 5D data cube 𝑥 ,𝑦 ,𝑢, 𝑣, 𝜆   with 270 270 4 4 360 voxels at 30 

Hz. By contrast, our previous uncompressed (i.e., direct mapping) hyperspectral light field 

camera [80] can operate at only 5 Hz, even when measuring a data cube of a much smaller size 

(66 66 5 5 40 voxels). This capability is highly desired in imaging applications that 

simultaneously require a high spatial, spectral, and temporal resolution, such as snapshot 

spectral-domain optical coherent tomography (SD-OCT) [73], where the previous system suffers 

from the trade-off between the spatial and spectral resolution. Therefore, we believe the Hyper-

LIFT approach will be uniquely positioned in addressing the leading challenges in multi-

dimensional optical imaging.  

4.8 Light-sheet cascaded LIFT  

 
We present light-sheet cascaded light field tomography (LSC-LIFT), a novel three-dimensional 

(3D) multispectral imaging microscopy technique. Building upon light field tomography (LIFT), 

LSC-LIFT incorporates a Dove prism array and a cylindrical lens array to transform a 3D scene 

into one-dimensional (1D) projections. Unlike the flood illumination employed in a conventional 

LIFT microscope, LSC-LIFT uses light-sheet illumination for optical scanning, suppressing the 

out-of-focus light and, thereby, enhancing image contrast. Our innovation also includes a two 

stage cascade design that significantly increases the number of projection angles for tomographic 
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reconstruction, thereby substantially improving image quality. Furthermore, we show that the 1D 

projections in LSC-LIFT can be spectrally dispersed, facilitating multispectral 3D imaging. We 

demonstrate the efficacy of LSC-LIFT in both fluorescence and scattering microscopy 

applications.  

Light sheet microscopy (LSM) has become a pivotal tool for non-invasive, three-dimensional 

(3D) imaging of biological specimens [84-89]. Utilizing a scanning light sheet, LSM selectively 

illuminates a focal plane within the sample and captures images with a two-dimensional (2D) 

image sensor, enabling non-invasive imaging while minimizing photobleaching. Despite holding 

great promise, current LSM faces significant challenges, notably the reliance on  mechanical 

scanning to acquire a large imaging volume and inability to image multiple biomarkers 

simultaneously. 

One key challenge arises from the necessity of synchronizing the mechanical scanning of the 

detection objective lens with the axial movement of the light sheet. This synchronization is to 

ensure the layer of the object illuminated by the light sheet remains within the objective's depth 

of focus. However, mechanical scanning slows down the acquisition speed. To address this issue, 

several strategies have been explored, including using electrically tunable lenses [90, 91] and 

light field detection methods [92, 93]. Among these solutions, light field imaging stands out due 

to its snapshot acquisition capability. By capturing spatial (x, y) and angular information (θ, ϕ) of 

incoming light rays, light field imaging allows for computational refocusing at varying depths, 

thus achieving an extended depth of field (DOF). When applied to LSM, this ability allows a 

large imaging volume to be optically scanned while maintaining a high light-collection 

numerical aperture (NA). 

On the other hand, traditional LSM systems provide only intensity images, constraining their 

ability to image multiple biomarkers and hindering their application in multiplex imaging. In 
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contrast, multispectral imaging can acquire the spectral information of an input scene [10, 94], 

allowing for simultaneous imaging of multiple chromophores. Nonetheless, multispectral 

imaging is typically limited to 2D imaging due to various restrictions on the image sensor.  

While both multispectral and light field imaging hold great promise for LSM to expand its 

functionality, integrating them on the same platform presents considerable challenges. This 

difficulty arises from a fundamental trade-off involving the acquisition of information along 

various axes (x, y, z, λ), resulting in a limited resolution given a fixed number of camera pixels. 

Conventional single detector systems often resort to extensive scanning to mitigate this trade-off. 

In a previous effort, we developed a snapshot hyperspectral light field tomography (Hyper-LIFT) 

system to tackle this challenge [95]. Our method enables 3D spectral imaging within an extended 

DOF. However, Hyper-LIFT has two notable drawbacks. First, although it facilitates numerical 

refocusing, Hyper-LIFT lacks intrinsic optical sectioning capability, limiting its application in 

imaging dense tissue samples. Second, Hyper-LIFT is built upon a static optical architecture with 

a high data compression ratio. It is applicable to only samples exhibiting a high level of sparsity 

in specific domains.   

To address these problems, herein we introduce light-sheet cascaded light field tomography 

(LSC-LIFT), which integrates light-sheet illumination with a novel two-stage cascaded LIFT on 

an open-top microscope platform [96]. This synergy remarkedly improves image quality and 

enhances the system’s capabilities in suppressing the out-of-focus light in 3D imaging. We 

demonstrate the effectiveness of our system in imaging both fluorescent and scattering 3D 

scenes. 

The system schematic of the LSC-LIFT is shown in Fig. 1. The setup begins with a 

supercontinuum laser source (NKT photonics, FIU-15), whose beam is spatially expanded to 

twice its original size using a beam expander lens assembly (with focal lengths f1 = 50 mm and 
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f2 = 100 mm). An excitation spectral filter selects the wavelength band for illumination. After 

passing through a cylindrical lens (f = 150 mm, Edmund Optics, 34-655), the expanded beam 

forms a sharp line image at a Galvometer (Thorlabs, GVS 201), which adjusts the beam angles 

with different applied voltages. A scan lens (Thorlabs, LSM03-VIS) converts the varying angles 

into corresponding shifts in chief ray height, mapping angular changes to spatial coordinates. 

The beam is then focused by L1 (f = 50 mm) onto the pupil plane of an objective (Olympus, f = 

45 mm, 0.1 NA). Consequently, a light sheet is generated, enabling selective illumination of a 

single plane within the sample with a scanning volume of 0.5×0.5×0.5 mm³. 

 
 
Figure 48. Schematic of light-sheet cascaded light field tomography 
(LSC-LIFT). CL: cylindrical lens, RP: right angle prism, DCA: Dove 
prism and cylindrical lens array. 
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The detection path (highlighted in blue in Fig. 1) involves two-stage cascaded image processing. 

In the first stage, the input scene undergoes rotation via a rotation Dove prism (RDP), while in 

the second stage, it undergoes additional rotation and transformation through an array of Dove 

prisms and cylindrical lenses (DCA). We uniformly spaced the angles of Dove prisms on the 

array in the range of [0, 180] degrees and rotated the RDP from zero to four degrees, 

incrementing by one degree per acquisition. 

The image forward model for a single imaging channel on the array can be described as: 

𝑃 𝜆 𝑇𝑅 𝑅 𝑔 𝜆 𝜖.                (20)  

Here, 𝑔 𝜆  denotes a monochromatic input scene at wavelength 𝜆 . 𝑅 ,𝑅  denote the image 

rotations applied by the first-stage and second-stage Dove prisms, respectively. 𝑇 describes the 

combined function of the cylindrical lens and the slit. 𝜖 is the inherent noise of the imaging 

system.𝑃 𝜆  is the measured 1D projection at wavelength 𝜆, associated with a perspective 

image rotated by a cumulative angle of 𝜃 𝜙. 

We rewrite the image forward model in an explicit form:     

𝑷 𝜆 𝑇
𝑅
…
𝑅

𝑅 … 𝑅 𝑔 𝜆 𝜖 𝑨𝑔 𝜆 𝜖.               (21)  

where A represents imaging operator of LSC-LIFT, and 

𝑨 𝑇
𝑅 … 𝑅
… … …
𝑅 … 𝑅

.                  (22)  

Due to the relatively low number of projections compared to the pixel resolution of the input 

perspective image, the aforementioned forward model is under-determined. The solution of Eq. 

21 essentially becomes a sparse-view Computed Tomography (CT) reconstruction problem. To 

estimate 𝑔 𝜆 , we use an iterative optimization algorithm, fast iterative shrinkage-thresholding 
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algorithm (FISTA) [68]: 

𝑎𝑟𝑔𝑚𝑖𝑛‖𝑷 –  𝑨𝑔‖ 𝜌‖𝜑 𝑔 ‖ .                 (23)  

where 𝜑 𝑔  is the regularization function that enforces sparsity in the spatial gradient domain. 

We use a hyperparameter, 𝜌,  to adjust the weight of the regularization term. 

We first calibrated the system’s spectral response. In LSC-LIFT, we use a mask to extract the en-

face 1D projections of perspective images after the second-stage array system. Each projection 

image then passes through a diffraction grating, with the dispersed spectrum spanning the space 

between adjacent subfields. This gap, measuring 2.9 mm, corresponds to 390 camera pixels. To 

establish the correlation between pixel positions and corresponding wavelengths, we measured a 

chromatic dispersion curve, as illustrated in Fig. 49(a). For calibration purposes, we used a 

spatial pinhole (Thorlabs, P20CB) as the object, positioned it at the nominal working distance of 

the detection system, and illuminated it with a halogen lamp (Amscope, HL250-AS). We then 

sequentially filtered the light source using five color filters (Thorlabs, FB470-10, FB510-10, 

FB550-10, FB590-10, FB630-10) and recorded the corresponding pixel locations. The dispersion 

curve was subsequently fitted using a first-order polynomial. Given that a wavelength bandwidth 

of 1 nm spans 4 pixels on the camera, the system’s spectral sampling is 0.25 nm per pixel. The 

effective spectral resolution is the convolution of the spectral sampling of a single pixel with the 

geometrical image width of the slit, which approximates 10 nm. The spectral range is determined 

by the spacing between two adjacent subfields, and it is estimated to be 100 nm.  

The depth calibration involves refocusing the cascaded LIFT system to the depth plane 

illuminated by the light sheet within its depth range. For this purpose, we measured a disparity 

curve. The procedure entailed axially adjusting the position of the pinhole, capturing the 

corresponding image, and then digitally refocusing each image. We recorded the disparity 
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values, s, when the image of the pinhole was optimally focused, as indicated by the highest 

sharpness. The relationship between the measured disparity and the axial location of the light 

sheet is illustrated in Fig. 49(b). 

   
 
Figure 49. System calibration. (a) Chromatic dispersion. (b) Disparity 
versus axial depth. 

 

We evaluated the effect of the cascaded two-stage LIFT design on image quality. To emulate the 

performance of original Hyper-LIFT, we maintained the first Dove prism static in our setup. The 

imaging function was solely achieved through the second-stage Dove prism and cylindrical lens 

array. Utilizing 16 1D projections, each measuring 1×270 pixels, the system reconstructed an 

input scene of 270×270 pixels, achieving a compression ratio of 16.8. Nevertheless, this 

approach exhibits limitations when dealing with non-sparse scenes, resulting in degradation of 

image quality. For instance, in our experiment, a USAF resolution target was positioned at the 

sample plane and illuminated using a halogen lamp (Amscope, HL250-AS) in the transmission 

mode. The ground-truth image, captured by a reference camera (Thorlabs, CS235MU), is shown 

in Fig. 50(a). In the reconstructed image (Fig. 50(b)), fine features like bars in group 4 were not 
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fully resolved due to the limited number of projection angles acquired. In contrast, in the two-

stage LIFT system, we augmented projection angles by  incrementally rotating the first-stage 

Dove prism in five steps from zero to four degrees. This accordingly increased the set of image 

rotate angles obtained from the second-stage Dove prism array by a factor of five, leading to a 

total of  80 projection measurements. The resultant image quality was significantly improved, as 

evidenced in Fig. 50(c). To quantify the results, we plotted the intensities along the bars in group 

4 (shown in Fig. 50(d)). The image visibility, defined as 𝐼_𝑚𝑎𝑥 𝐼_𝑚𝑖𝑛 / 𝐼_𝑚𝑎𝑥 𝐼_𝑚𝑖𝑛 , 

was improved from 0.09 to 0.25. The spatial resolution was determined to be 11 μm. 

 
 
Figure 50. Enhanced image quality and spatial resolution in cascaded 
two-stage LIFT imaging. (a) Ground truth. (b) Reconstruction of the 
USAF resolution target with a static Rotating Dove Prism (RDP). (c) 
Reconstruction of the same target with the RDP rotated five times, each 
increment by one degree. (d) Intensity comparison of bars in group 4 
from both (b) and (c), demonstrating increased visibility and improved 
spatial resolution 
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We then showcased the system's spectral imaging capabilities in fluorescence microscopy. We 

mixed two types of fluorescent beads (Thermo Fisher F8844 and F8841) with emission peaks of 

515 nm and 560 nm in an agarose gel at a ratio of 1:20 (bead solution to agarose). We used a 

short-pass (Thorlabs FESH0500) and a long-pass (FELH0500) filter for excitation and emission, 

respectively, and we scanned a volume of 0.5×0.5×0.5 mm³. A representative reconstructed 

depth intensity image is shown in the left panel of Fig. 51(a), where we integrated the light 

signals across all wavelengths. Fig. 51(b) displays the recovered spectra of the two bead types, 

aligning well with their specified spectral characteristics. Based on their spectral signatures, we 

separated the beads using a linear unmixing algorithm and pseudo-colored them in Fig. 51(c). 

 
 
Figure 51. Multispectral 3D Imaging of Two Types of Fluorescent Beads. 
(a) Representative depth intensity image (b) Spectral reconstruction of 
two bead types. (c) 3D visualization. 

 

Finally, we conducted 3D scattering imaging of a bovine tissue slice. We used a bandpass filter 

(Edmund optics, 65-744) to confine the illumination wavelength range to 510-590 nm. Figure 

52(a) displays a representative depth layer captured by the reference camera, with an interface 

between fat (location A) and muscle (location B). The correspondent LSC-LIFT reconstruction is 

shown in Fig. 52(b), matching well with the ground truth. A 3D representation is depicted in Fig. 

52(c), where the muscle’s fibrous structures are distinctly visible.  
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Figure 52. Multispectral 3D Imaging of a bovine tissue slice. (a) Ground 
truth of a single layer captured by the reference camera, illustrating fat 
(left side, labeled A) and muscle (right side, labeled B) which contains 
myoglobin. (b) LSC-LIFT reconstruction results. (c) 3D visualization 
with muscle fibers displayed on the right. (d) Spectral data representation 
for both fat and muscle regions. 

 

The spectra recovered from the fat and muscle tissue locations are depicted in Fig. 52(d). These 

spectra represent a combination of optical absorption and scattering effects within the tissues. 

Notably, the spectrum obtained from muscle tissue, which is richly supplied with blood, displays 

a distinct valley at 555 nm, corresponding to the absorption peak of deoxygenated hemoglobin. 

On the other hand, the fat spectrum shows markedly higher intensities at wavelengths of 530 nm 
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and above, which is in line with the dependence of its diffuse reflectance on the wavelength 

within this spectral range. 

In summary, LSC-LIFT represents a substantial leap forward compared to the original Hyper-

LIFT in terms of image quality and optical sectioning capabilities. When paired with light-sheet 

illumination, it facilitates the acquisition of high-quality 3D images across an extended depth of 

field, a feat unattainable with traditional light-sheet microscopy methods. We envision that LSC-

LIFT will enable a wide range of applications in biological sciences, particularly in scenarios 

requiring comprehensive volumetric and spectral data acquisition like in 3D digital pathology 

[97]. 
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Chapter 5 Summary 

 
While multi-dimensional imaging technologies continue to advance, there is still potential for 

system improvement. The key objectives for these systems include achieving high temporal 

resolution (snapshot), high spatial resolution, and high spectral/depth resolution. The main hurdle 

arises from the necessity to project a high-dimensional data cube onto a 2D detector, which 

inevitably leads to competition among information from different axes for the limited pixels 

available. 

Hyperspectral imaging maps a 3D data cube (x, y, λ) onto a 2D detector array. Dispersion 

elements, such as gratings or prisms, are typically employed to separate wavelength information. 

This direct dispersion, however, introduces crosstalk, countless effort has been made to mitigate 

such issues. Scanning techniques, including pushbroom, point, and spectral scans [42-48], 

compromise temporal resolution to enhance spatial or spectral resolution. Brady’s group has 

pioneered the coded aperture snapshot spectral imaging (CASSI) technique [49-51], which 

employs a random binary mask at the intermediate image plane to encode the incoming scene. 

Despite persistent crosstalk, exploiting the scene's sparsity allows for the recovery of both spatial 

and spectral details by addressing the inverse problem. Another innovative approach involves 

segmenting the input scene into several sub-elements, thereby generating vacant space on the 

detector for dispersion. Noteworthy in this category are the image mapper spectrometer (IMS) 

[54–57], utilizing an image mapper with angled mirror facets to segment the scene, and recent 

Hong et al.'s design of a glass lightguide, utilizing 3D printing technologies to divide the scene 

into pixels for dispersion [98]. 

An alternative strategy for wavelength selection involves the use of color filters to isolate single-

wavelength scenes, with the principal drawback being reduced light throughput. A prevalent 
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design integrates a color microfilter array directly onto the sensor [99], typically in a 3×3 or 4×4 

pixel grid, aligning each filter element with a camera pixel. Although sophisticated and widely 

commercialized, this method suffers from poor spatial sampling. While multi-camera setups can 

enhance pixel sampling, they tend to be cumbersome [100]. Kristina et al. have addressed this 

spatial limitation by employing a diffuser and spectral filter for wavelength demultiplexing 

[101]. 

Dai's group presents a novel method that employs colored sinusoidal illumination to distinguish 

various wavelength scenes within the Fourier domain, enabling snapshot multispectral imaging 

[17].  

Light field imaging converts a 4D data cube (x, y, u, v) into a 2D detector array representation, 

often achieved by integrating a microlens array before the detector. Incorporating hyperspectral 

imaging, this technique progresses to encapsulating a 5D data cube (x, y, u, v, λ) within the 

detector array. Our prior implementation of a light field Image Mapper Spectrometer (IMS) is 

capable of capturing this 5D data cube in a single snapshot, ensuring complete light throughput 

and preserving a compact form factor. However, due to operating under the Nyquist sampling 

condition, the dimension of the data cube is constrained to be smaller than the total pixel count 

available on the detector array. 

Compressed sensing emerges as a viable method for capturing expansive data cubes in a single 

snapshot, offering a strategic response to these imaging challenges. By leveraging the inherent 

sparsity of an input scene, compressed sensing enables the recovery of extensive data cubes 

using a reduced number of pixels. This approach not only diminishes the amount of data 

produced but also alleviates the burden on data storage. 

In this dissertation, we introduce snapshot light field tomography (Hyper-LIFT) and tunable 

image projection spectrometry (TIPS), employing compressed sensing to mitigate the trade-offs 
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between various information dimensions. Despite the advances, the current designs exhibit 

notable limitations. Firstly, there's a challenge with low light throughput due to the indispensable 

use of a slit array in both systems, which results in significant light loss at the slit plane. 

Secondly, the quality of the images is a concern. The reconstruction of the input scene relies on 

an optical Radon transform, meaning image quality is inherently linked to the quantity of rotated 

Dove prisms utilized. Additionally, as the Dove prism array must be positioned at the Fourier 

domain, an increase in the number of Dove prisms enhances the reconstructed image quality but 

inversely affects spatial resolution. Thirdly, the fabrication of lens arrays, particularly Dove 

prism arrays, presents a significant challenge. This complexity hampers both the compactness 

and the cost-efficiency of our systems. Future work will focus on developing innovative and 

versatile imaging systems suited for a wide array of applications, such as surveillance, 

biomedical imaging, and autonomous driving. For example, combing coded aperture with LIFT 

system provides a better image quality than CASSI only system [102].  

Other contributions are as follows: in the field of hyperspectral imaging, we have developed a 

rapid calibration method for Image Mapping Spectrometers (IMS) [103]. In light field imaging, 

we have established an optical design pipeline for light field cameras, which was demonstrated 

through the development of a light field endoscope [104].  
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