


 
 

ABSTRACT 

Compressive Hyperspectral Imaging and Machine Vision 

 By 

Yibo Xu 

Hyperspectral imaging is a challenging task given the high 

dimensionality of data and the limitations of conventional sensing scheme 

and detector design. Yet, it has great potential in studying optical 

phenomena in both science and engineering, and in both microscopic and 

macroscopic systems. Simultaneously, machine vision is an important field 

with a wide range of real-world applications. There has been constant effort 

to improve the accuracy and efficiency of machine vision implementations. 

The field of compressive sensing and its ability to exploit the inherent 

sparsity of a majority of natural images have the potential to make a 

tremendous impact on both of these fields. As such, the first part of this 

thesis describes the design and implementation of a compressive 

hyperspectral microscope that can capture and analyze different properties of 

metallic nanoparticles, fluorescent microspheres and two-dimensional 

materials. In relation to macroscale imaging, a hyperspectral projector 

system is developed and implemented as discussed in the middle portion of 



 
 

this thesis. It enhances conventional structured illumination methods by 

incorporating hyperspectral compressive measurements. Lastly, a general 

and efficient dynamic-rate training scheme for neural networks is developed 

and implemented that specifically exploits compressive measurements. The 

approach is capable of performing classification over a range of 

measurement rates directly on compressive measurements acquired by a 

single-pixel camera architecture bypassing image reconstruction.  Since the 

input layer of the network is designed to couple with a single sensor, this 

approach is also compatible with a compressive hyperspectral imager. 

Overall, the results in this thesis presents many novel ways in which 

compressive sensing can greatly benefit both hyperspectral imaging and 

machine vision tasks. 
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Chapter 1 

1. Introduction 

Hyperspectral imaging is applied on platforms ranging from aircrafts to 

microscopes, and in a wide variety of areas from remote sensing and astronomy to 

machine vision and biomedical imaging. Hyperspectral imaging presents great 

challenges in data acquisition and data processing due to the increased amount of 

sampling points in comparison to normal 2D imaging. Machine vision is usually used 

for imaging-based automatic inspection and analysis for applications such as 

automatic inspection, process control, and robot guidance. It is typically not 

hyperspectral at the current stage. Hyperspectral imaging provides an extra spectral 

dimension of the scene and, when combined with machine vision, can help develop 

new technology and methods of machine vision with better accuracy, robustness 

and reliability. Compressive imaging is an emerging technique that combines 

statistical knowledge of the data into the acquisition hardware and reconstruction 

algorithm creating efficient camera systems that are superior to conventional focal 
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plane array cameras in terms of sensing cost, spectral range, dynamic range and 

flexibility. It’s a promising architecture for solving the challenges in capturing high 

dimensional hyperspectral data and in machine vision. 

1.1. Compressive Sensing and Imaging 

1.1.1. Sampling and Nyquist Rate 

In the modern world, nearly all data begins as an analog signal. But in order 

to manipulate and analyze such data, it need to be converted to the digital domain, 

so that the microprocessor will be able to read, understand, store and manipulate 

the data. Sampling is the reduction of a continuous analog signal to a discrete digital 

signal. Sampling can be represented mathematically such that given a continuous 

signal 𝑠(𝑡)  to be sampled and the sampling interval 𝑇, the sampled version of s is 

given by the sequence: 

                                                          𝑠𝑘 = 𝑠(𝑘𝑇)                                                            (1.1) 

where 𝑘 is an integer. We notice that the information between samples that 

originally existed in the continuous analog signal is lost in the digital sampling 

process. According to the Shannon-Nyquist sampling theorem, for a band-limited 

signal, the sampling rate   1/𝑇  needs to be at least twice of the signal bandwidth of 

interest in order to avoid any loss of relevant information for the original signal 

after sampling. This principle generally underlies all signal acquisition techniques, 

such as consumer electronics, medical imaging, and so on.  
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However, making such measurements is expensive. In many applications, the 

Nyquist rate may be so high that it poses great challenges in data acquisition, 

storage, transmission and processing in spite of the tremendous progress in storage 

capability and computing power. Examples are provided by virtually any domain of 

science or technology where amounts of data are very large and costs of 

measurement are nontrivial. As such, the conventional Shannon-Nyquist sampling 

method is not sufficient to address the dilemma caused between the limited 

resources and the level of detail one would like to capture.  

1.1.2. Compressive Sensing 

Compressive sensing, (CS) [1]–[7] also known as compressive sampling or 

compressed sensing, is a relatively recent concept in signal processing where one 

seeks to minimize the number of measurements to be taken from signals while still 

retaining the information necessary to produce a nearly complete recovery. The 

compressive sensing theory beats the Nyquist limit by showing that it is possible to 

reconstruct sparse or compressible signals almost exactly from a number of 

nonadaptive linear measurements which is far smaller than required by the 

Shannon-Nyquist theorem. Compressive sensing puts forward a novel sampling 

paradigm that replaces the notion of band-limited signals with that of sub-sampling 

sparse or compressible signals and recovery by optimization instead of by invertible 

transform. 

An N × 1 vector is called K-sparse if only K of its transformation coefficients 

under a certain basis are nonzero where K≪N. An N × 1 vector is called 
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compressible if only K of its transformation coefficients under a certain basis are 

significantly non-zero where K≪N and can be well-approximately with those K large 

coefficients. Images of natural scenes are usually compressible under various 

transformations, e.g. Wavelet transform, Discrete Cosine Transform (DCT) and 

Fourier transform. Thus the compressive sensing framework can be well applied to 

their acquisition and recovery. 

1.1.2.1. CS Measurements 

Suppose 𝑥 is an unknown vector in 𝑅𝑁  (a digital image or signal) which is 

sparse or compressible. 𝑥 is sampled using 𝑀nonadaptive linear measurements of 𝑥 

and then reconstruct. We are interested in the case M ≪ N, when we have many 

fewer measurements than the dimension of the signal space. Every measurement 

encodes the signal vector x by projecting it onto one of a series of specially designed 

measurement vectors  {𝜑𝑘 }, for k = 1, …, M, producing the measurement value 

𝑦𝑘 =  〈𝒙, 𝜑𝑘〉 . Then the original signal vector is reconstructed from these 

measurement data using certain reconstruction algorithm. The process can be 

mathematically expressed as: 

                                                    y = Φx = ΦΨα                                                            (1.2) 

where  is the N × 1 signal vector, Φ is the M × N measurement matrix with 

each row being a measurement vector 𝜑𝑘, thus having a total of M measurement 

vectors where M ≪ N, and y is the M × 1 measurement data vector. Ψ is the N × N 

matrix representing the transformation basis under which the signal x is sparse, e.g. 
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wavelet basis or DCT basis, with each column of Ψ being a basis vector of the 

transformation. α  is the N×1 vector, representing the transformation coefficients of 

the signal x under the transformation Ψ.  While the design of Φ is beyond the scope 

of this thesis, an intriguing choice that works with high probability is a random 

matrix. For example, we can draw the elements of Φ as i.i.d. ±1 random variables 

from a uniform Bernoulli distribution. 

1.1.2.2. CS Reconstruction 

The measurement scheme in Equation (1.1) leads us to arrive at an 

underdetermined system of linear equations, which, as is well known, in general to 

be infinitely many possible solutions, commonly referred to as ill-posed. Also the 

transformation from x to 𝐲 is a dimensionality reduction and so necessarily loses 

information. The magic of CS is that 𝚽 can be designed such that 𝐱 can be recovered 

exactly (in the case of true sparse) or approximately (in the case of compressible) 

from the measurement 𝐲, that is, if 𝐱 depends only on a small number of degrees of 

freedom, thus 𝛂  has only K ≪ N non-zero elements for a sparse signal, or K ≪ N 

significantly non-zero elements for a compressible signal.  

To recover the image 𝐱 from the random measurement 𝐲, the traditional 

favorite method of least squares can be shown to fail with high probability. Instead, 

it has been shown that using the 𝑙1 optimization [1], [6], [7] 

 

�̂� = 𝐚𝐫𝐠 𝐦𝐢𝐧 ‖𝛂‖𝟏          s. t.        ‖𝐲 −  𝚽𝚿𝛂 ‖𝟐 <  𝛜                (1.3) 
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we can closely approximate K-sparse vectors and compressible vectors 

stably with high probability using just M ≥  O(K log(N/K)) random measurements. 

In real world experiments, the measurement 𝐲 is usually corrupted by noise and 𝛜 is 

an upper bound on the noise magnitude. This optimization can be solved using 

standard convex programming algorithms. 

In the field of CS image reconstruction, total variation (TV) regularization is 

another well-known method for its ability to recover the edges or boundaries more 

accurately than 𝑙1method. TV minimization suggests that the gradient of the 2D 

image signal is sparse, so it can be considered as a generalized 𝑙1minimization 

problem on the image gradient map. It can be expressed as [8]: 

               �̂� = 𝐚𝐫𝐠𝐦𝐢𝐧 ∑ ‖𝑫𝐢𝐱‖𝐢         𝐬. 𝐭.       ‖𝐲 −  𝚽𝐱‖𝟐 <  𝛜                             (1.4) 

where ‖𝐷𝑖𝑥‖ is the discrete gradient magnitude at pixel i of the image x.  

1.1.3. Single-Pixel Camera 

            Compressive sensing has a variety of successful applications including optical 

imaging [9], [10] medical visualization [11], and radar [12]. Recently, compressive 

sensing has also been widely used to solve many computer vision and computer graphics 

problems, such as high-speed imaging [13], [14] image restoration and denoising [15], 

[16]. 

Our group at Rice University previously developed a unique imaging 

hardware platform, named the single-pixel camera (SPC) [9], which incorporates a 

spatial light modulator and a single detector, as shown in Figure 1.1. Our group has 
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exploited SPC to construct infrared [10], hyperspectral [17], [18] and low-

light imaging systems that have greatly reduced cost in power, space, and 

expense compared to their traditional counterparts.  

 

Figure 1.1: Operation principle of the SPC. Each measurement is the inner 

product between the binary mirror orientation patterns on the DMD and the 

scene to be acquired. 

 

In the SPC, a 2D image serves as the original sparse signal x, which can be 

regarded as the N pixels of the 2D image stretched into an N×1 vector. To encode the 

signal, the DMD is programmed to displays a sequence of measurement vectors 

consisting of binary elements {0, 1} reshaped into a 2D configuration to modulate 

the intensities of image pixels. When the 2D image is projected onto the DMD, the 

reflected lights from pixels that are encoded by +1 come out from the DMD in one 

direction and those encoded by 0 come in an opposing direction. Then lenses are 

used to sum up the lights encoded by +1 and the final resulting intensity is detected 

by a single detector as measurement data. Typically the SPC employs pseudo-

random Hadamard matrices as measurement vectors on the DMD because 

randomized measurement basis is generally incoherent with the sparse 
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representation basis and that a DMD can be programed to display any sequence of 

patterns including random ones. 

1.2. Hyperspectral Imaging  

Hyperspectral imaging provides joint spatial and spectral information of the 

scene by acquiring the spectrum associated with every spatial point in the imaging 

signal of the scene. Hyperspectral imaging aims to obtain the spectrum for each 

pixel in the image of a scene which can be used to accurately and consistently 

distinguish between similar colors or materials with the purpose of finding objects, 

identifying materials, or detecting processes. As represented in Figure 1.2 (a) [19], 

spatial and spectral signal is recorded and mapped to a 3D data cube with 2 spatial 

dimensions and 1 spectral dimension. Each column in the data cube represents the 

spectrum associated with a certain spatial location. Each horizontal slice of data 

represents the imaging signal of the scene corresponding to a specific wavelength 

the value of each cell in the hyperspectral cube is proportional to the optical signal 

intensity at the corresponding wavelength and spatial location. Hyperspectral 

information is a consequence of the complex underlying interactions between light 

and matter and is highly useful in a wide range of applications in both science and 

engineering, from remote sensing to microscopy [20] and from biomedical imaging 

[21] to art analysis [22].  



 9 

        (a)                 (b) 

Figure 1.2 (a) Schematic of hyperspectral data cube with 2 spatial dimensions 

and a spectral dimension. (b) Illustration of data acquisition of scanning-

based hyperspectral imaging methods [19]. 

However, the practical application of hyperspectral imaging is limited in 

several aspects. Because the spectrum of every spatial point is to be acquired, the 

additional spectral dimension increases the amount of sampling points that need to 

be independently measured in comparison to normal 2D imaging. Also, since the 

optical signal associated with each spatial point is dispersed into many different 

spectral bands, the signal intensity for each spectral band is typically much lower 

than 2D imaging.  

Because the traditional optical detectors are designed to have at most two 

dimensions composing of a 2-D array of pixel detectors while the hyperspectral data 

has 3 dimensions, there is no off-the-shelf “hyperspectral sensor” to directly capture 

the 3-D hyperspectral data. Therefore, in conventional methods, a 1-D or 2-D 

detector array needs to be used to scan either in the spatial dimensions [23], [24] or 

in the spectral dimension [25] to get the 3D data, as shown in Figure 1.2 (b) [19]. 

Not only does these scanning-based methods make the data acquisition process 
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time consuming, but they require detectors to have higher optical sensitivity and 

lower noise level, pushing the limit of detector design technology and incurring 

much higher cost in hardware.  

1.3. Machine Vision 

Machine vision is usually used for imaging-based automatic inspection and 

analysis for applications such as automatic inspection, process control, and robot 

guidance, where a combination of hardware and software provide operational 

guidance to devices in the execution of their functions based on the capture and 

processing of the images. The imaging device used is typically a camera that images 

the scene in three spectral channels of red, green, and blue in the visible regime. 

However, RGB imaging loses much of the original rich spectral information of the 

scene. On the other hand, infrared imaging, especially hyperspectral infrared  

imaging, can provide more spectral information of the scene and, if combined with 

machine vision, will help develop new technology and methods of machine vision 

with greater robustness, reliability, and stability. In reality, the application of 

infrared and hyperspectral imaging for machine vision is limited by many factors. 

Conventional infrared imaging uses 2-D pixel array of infrared sensors which are 

typically of high-cost and low resolution, and traditional hyperspectral cameras 

would mean acquiring a lot more data than necessary and thus would require  more 

processing.  
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1.4. Thesis Overview 

The initial successful demonstration of the single-pixel camera inspired  

application of compressive sensing in a wide range of imaging systems like infrared 

cameras, microscopes, terahertz imaging, opening up new possibilities of efficient 

and inexpensive specialized imaging systems. In this thesis, compressive sensing is 

applied to solve the challenges in hyperspectral imaging and machine vision. I 

mainly focus on the design, implementation, and experimenting of the hyperspectral 

compressive imaging system, the hyperspectral projector system and related 

algorithms including application in machine vision. A novel scheme for training the 

dynamic-rate neural networks is also developed allowing a single neural network to 

perform compressed domain classification over a range of compression ratios. The 

dynamic-rate neural network scheme is promising for solving many different 

machine vision tasks in the compressed domain. 

In chapter 2, a compressive hyperspectral microscope system is 

implemented  and a novel method is developed to increase the spatial resolution of 

the microscope system using complementary mask patterns, addressing the 

limitation of previous systems where spatial resolution is reduced when using the 

modulation pattern on the DMD to solve the diffraction issue.  

Chapter 3 describes a hyperspectral projector system capable of generating 

coded stripe patterns where the spectrum of each stripe can be individually and 

arbitrarily designed based on a single DMD. The system is low-cost, of simple design 

and compact form factor. Two novel applications are demonstrated using the 
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system: hyperspectral compressive structured illumination for recovering 3-D 

volume density of static translucent objects as a function of spectrum, and 

hyperspectral 3-D shape reconstruction of objects. 32 spectral channels are 

generated in visible wavelengths. The system can readily be used for generating 

more spectral channels depending the application, and can project light in other 

wavelength region like infrared with appropriate optics.  

Chapter 4 presents a general and efficient method to perform classification in 

machine vision directly in the compressed domain instead of raw pixel domain 

bypassing the signal reconstruction step which is time and computation consuming. 

The developed dynamic-rate neural networks (DRNNs) endow a neural network 

with dynamic-rate property for compressed domain classification using fixed binary 

sensing patterns. The DRNN is capable of predicting over a range of MRs on CS 

measurements acquired by a SPC. The network only needs to be trained on a few 

intermediate MRs within the range of interest. The effectiveness of this approach is 

demonstrated on zero-padded MNIST and grayscale CIFAR-10. 

 



 

13 
 

Chapter 2 

2. Compressive Hyperspectral 

Microscopy 

2.1. Background 

2.1.1. Hyperspectral Microscopy  

Hyperspectral microscopy provides comprehensive information in the 3D 

spatial-spectral datacube of a specimen by collecting and investigating the response 

of the specimen to incoming electromagnetic waves as a function of both spatial 

position and wavelength. Hyperspectral microscopy is of great importance in 

understanding complex micro/nano-scale physical and chemical phenomena. 

Hyperspectral microscopy has been effectively applied in a wide range of areas, 

including analyzing plasmonic scattering spectra of metal nanoparticles [26]–[28], 

performing spectral imaging of fluorescent molecules in biomedical samples 
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[29]and in studying properties of 2D materials like the transition metal 

dichalcogenides(TMDs) [30], [31]. 

Comparatively, hyperspectral microscopy presents unique challenges 

beyond those in general hyperspectral imaging. For example, microscopic 

specimens and/or phenomena usually produce much lower light signal intensity 

compared to macroscopic targets, and imaging resolution in microscopy are limited 

by many factors including the optical diffraction limit, making the implementation of 

hyperspectral microscopy more difficult. Traditional hyperspectral microscopy, 

such as the push-broom hyperspectral microscope, are mostly scanning-based 

systems and require 2D array detectors that are high sensitivity and high resolution, 

such as EMCCD [21], [32], [33]and sCMOS [34], to compensate for the decrease in 

collected photons. And such array detectors are usually high-cost. In addition, 

imaging beyond the visible wavelength with traditional designs would be much 

more expensive, of lower quality and/or lower resolution because they require 2D 

array detectors other than silicon.  

2.1.2. Dark-Field Microscopy 

In optical microscopy, dark-field describes an illumination technique used to 

enhance the contrast, especially edges and small features, in a wide variety of 

samples without the need of staining the sample. It works by illuminating the 

specimen with a light beam at a high incident angle where a majority of the 

incoming light will not be collected by the microscopic objective lens and thus will 

not form part of the image. As the illumination beam does not directly contribute to 
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the imaging signal, only the light scattered or angularly emitted by the specimen will 

be collected by the objective lens, producing the image of a brightly lit object on a 

dark, almost purely black, background.  

Dark-field microscopy is not only widely used in imaging traditional 

biomedical samples, but has been an effective and powerful method when combined 

with other techniques such as spectroscopy in studying the optical properties of 

nanoparticles and 2D materials like the TMDs due to its merit of excluding strong 

background signal. 

2.1.3. Fluorescence Microscopy 

In optical microscopy, fluorescence microscope uses fluorescence and 

phosphorescence instead of or in addition to scattering, absorption, or reflection to 

study the properties of organic or inorganic substances or to form images of the 

fluorescent molecules in the specimen. In a fluorescence microscope, the specimen 

is illuminated with light of a specific wavelength or wavelengths called excitation 

light which is absorbed by the fluorophores, causing them to emit fluorescence 

which is light of longer wavelengths called emitted light. The excitation light is 

separated from the much weaker emitted fluorescence through the use of a spectral 

emission filter.  

Fluorescence microscopy is widely used in biological and medical studies and 

in analytical microscopy, mainly because of the high sensitivity and high specificity 

of  the fluorescence phenomena. When combined with other techniques like 
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spectroscopy, it can be used as an effective tool in performing spectral calibration of 

spectroscopy systems due to the fact that the shape of the emission spectrum of the 

fluorescent molecule is relatively fixed and independent of the intensity of the 

excitation light under certain conditions, and therefore serving as a spectral 

groundtruth for calibration.  

2.1.4. Related Work 

Previously, active illumination method has been used to apply compressive 

imaging to hyperspectral microscopy by projecting structured illumination patterns 

on the sample [35]. However, extending this method to generate a high-resolution 

structured pattern as illumination in the dark-field mode is not feasible. Therefore, 

in our group, a compressive dark-field hyperspectral microscope was previously 

developed [36] using the passive method of image plane modulation similar to the 

single-pixel camera. In such system, compressive dark-field hyperspectral imaging 

of plasmonic nanostructures was successfully demonstrated with the system, 

solving the efficiency problem of hyperspectral imaging and enhancing the signal-

to-noise ratio in dark-field microscopy through spatial multiplexing.  

In this thesis, a compressive hyperspectral microscope system is developed 

based on the system in [36], but with the following main contributions. First, a novel 

method is developed to increase the spatial resolution of the microscope system 

using complementary mask patterns, addressing the limitation of the system in [36] 

where spatial resolution is reduced when using the modulation pattern on the DMD 

to solve the diffraction issue. Next, the proposed system enjoys a new optical design 
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in the illumination path allowing the microscope to conveniently select and operate 

in any of the bright-field transmission, bright-field reflection, dark-field 

transmission and dark-field reflection modes. Lastly, experimental results are 

successfully demonstrated with the system on fluorescent microspheres for 

performing spectral calibration of the system, as well as on studying plasmonic 

spectra of gold nanoparticles and dark-field imaging on 2D TMDs. The overall 

system presents a fast and low-cost hyperspectral microscope system with high 

dynamic range and enhanced signal-to-noise ratio (SNR). The system and approach 

can be easily extended to wavelength beyond the visible spectrum compared to 

other alternatives.  

2.2. CS Hyperspectral Microscope System 

2.2.1. Optical System Design 

The benefit of compressive imaging lies in its ability of requiring a very small 

number of linear measurements of the signal in order to get an almost exact 

reconstruction of the signal. In this way, the signal is acquired in a compressed form 

and then computationally reconstructed. In order to acquire the hyperspectral 

datacube through the principles of compressive imaging, the magnified image of the 

specimen is spatially modulated or encoded by a spatial light modulator (SLM), 

summed up by a focusing lens, and then the spectrally resolved by a spectrometer. 

The SLM used in the proposed system is the digital micromirror device (DMD) 

which modulates the intensity of the pixels in the magnified image of the specimen 
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in a pre-designed binary encoding scheme. Then the modulated light is summed up 

and focused by a focusing lens, coupled into an optical fiber which guides the light to 

the slit on the spectrometer for spectral measurement.  

  (a) 

                     (b) 
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Figure 2.1 (a) Schematic of the compressive hyperspectral microscope system. 

Reflection or transmission mode, dark-field or bright-field illumination can be 

used with appropriate objective lense. The yellow light beam shows the 

illumination light path. The blue and red light beams indicate the imaging 

light paths for pixels projected on DMD micromirrors at “ON” state and at 

“OFF” state, respectively. The micromirrors at “ON” state reflect the light from 

the sample to the spectrometer for measurement, while the ones at “OFF” 

state reflect light to a monitoring camera. (b) Picture of the compressive 

hyperspectral microscope system build in lab.   

Figure 2.1 illustrates the schematic layout of the designed system. The key 

components in the system include a DMD system (TI Discovery 1100), a 

transmission or reflection dark-field objective lens and a USB spectrometer (Ocean 

Optics QE65000). In addition, a USB camera (FLIR CM3-U3-31S4C-CS) is used to 

help align the sample image and monitor the positioning of the sample on the DMD.  

In Figure 2.1, the light source to the left of the objective lens is used for 

reflection mode, and the light source to the right is for transmission mode. For 

reflection mode in this thesis, a 50x reflective light dark-field objective lens (ZEISS 

EC Epiplan-APOCHROMAT 50X 0.95 NA) is used and the dark-field or bright-field 

can be chosen by keeping or removing the small circular beam stop. The circular 

beam stop is used to block the center part of the collimated beam creating an 

annular shaped beam that enters the objective suitable for dark-field illumination. 

For transmission mode, a 100x transmission objective lens (Nikon Plan Fluor 100x 

0.5-1.3 NA oil) is used, and a condenser with multiple modes is employed (Nikon 

Phase Contrast 0.90 Dry) to create bright-field or dark-field illumination which can 

be chosen by changing the mode of the condenser. Then image-forming signal from 
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the sample, either for dark-field or bright-field, is collected by the front of the 

objective lens and reflected by the beam splitter at 45-degree angle. It then passes 

through the tube lens to be focused on the DMD for intensity modulation. 

The DMD composes of 1024 × 768 micromirrors of size 13.68 × 13.68 μm 

each. Every micromirror can be independently and electrostatically controlled to 

rotate about a hinge to be at one of two states, “on” at 12◦ (tilting left) and “off” at 

−12◦ (tilting right) with respect to the DMD surface. All the micromirrors at the “on” 

state reflect the parts of image on them at an angle around 24◦ toward the light 

collecting lens and the Ocean Optics QE65000 spectrometer on the left for the 

spectrum measurement. The focal length of the light collecting lens is 50 mm chosen 

to match the desired field-of-view on DMD and the optical fiber, which is a visible-

NIR fiber with a core diameter of 600 μm and 0.22 numerical aperture. The 

micromirrors at the “off” state project the light on them toward the USB camera at 

−24◦ for monitoring the image of the sample formed on the DMD. The measurements 

by the spectrometer are synchronized with the changes of the patterns on the DMD 

with a trigger signal from the DMD control interface. In this way, we can correctly 

match every spectrometer output with the corresponding DMD pattern.  

2.2.2. Increasing Spatial Resolution 

Combining compressive imaging with hyperspectral microscopy in the 

system described above faces a major challenge of diffraction issue as detailed in 

[36] and is reviewed here. In a high-magnification microscope setup, the size of 

diffraction limited Airy patterns formed on the DMD surface is much larger than the 
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linear size of a micromirror. And because the DMD has similar behavior of a blazed 

grating, the diffraction and interference effects are significant enough to distort the 

spectra measured by the fiber coupled spectrometer, even with an incoherent, 

visible wavelengths of light source. This diffraction issue has been successfully 

solved by modifying the original DMD patterns with an additional striped 

modulation pattern, thus avoiding the distortion of the spectrum. The diameter 𝑑𝑠 of 

the Airy pattern formed on the DMD for every point on the sample is given by 

Equation (2.1) [36] 

                             𝑑𝑠 =  
2.44 𝑆𝑖𝜆

𝐷𝑎
= 1.22𝑀𝜆 [(

𝑛0

𝑁𝐴
)

2

− 1]
1 2⁄

                                      (2.1) 

where 𝐷𝑎 is the objective aperture size, 𝑆𝑖  is the image distance from the 

aperture, 𝜆 is the wavelength of the signal, 𝑀 is the magnification of the objective, 

𝑛0 is the refractive index of the medium between sample and objective lens, 𝑎𝑛𝑑 𝑁𝐴 

is the numerical aperture of the objective. For our microscopic setup, 𝑑𝑠 is estimated 

to be on the order of several tens of micrometers, which is much larger than the 

dimension of one micro-mirror. In the striped DMD modulation scheme, every 𝑘 × 𝑘 

micromirrors on the DMD are grouped together to serve as a super pixel used for 

modulating one spatial pixel in the sample image. Therefore, a single column out of 

every 𝑘 columns of micromirrors is turned on to avoid interference. For the DMD 

used in our system, 𝑘 needs to satisfy Equation (2.2) [36] 

                                                  𝑑 = min (
13.68

√2
 𝑘) , 𝑑 >  𝑑𝑠                                      (2.2) 
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However, solving the diffraction issue by modulating DMD patterns with 

additional striped pattern introduces another drawback of reducing the spatial 

resolution of the system. Because every 𝑘 × 𝑘 micromirrors on the DMD are 

grouped to serve as one spatial pixel, the maximum spatial dimension of the 

reconstructed image using the DMD system is reduced by 𝑘 times on each side. For 

the system in [36] with 100x objective and oil emersion, calculation gives 𝑘 = 6, and 

therefore the maximum spatial resolution of the system is 128 × 128 with the DMD 

consisting of 1024 × 768 micromirrors. 

To address this drawback and increase the spatial resolution of the 

microscope system, a novel scheme is proposed and implemented in this thesis by 

splitting each modulated DMD pattern into two patterns using two complementary 

checkerboard masks. The scheme is demonstrated in Figure 2.2. 

 

Figure 2.2: Schematic of the splitting pattern method using two 

complementary checkerboard masks. The original modulated DMD pattern is 

split into two final patterns, each one producing regular spectrum not 

distorted by diffraction and interference.  
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For a modulated DMD pattern where each block of 𝑘 × 𝑘 micromirrors are 

grouped to form one super pixel, splitting is performed by doing inner product 

between the original DMD pattern and each of the two complementary 

checkerboard masks to get two final DMD patterns. The checkerboard masks treat 

each block of 𝑘 × 𝑘 micromirrors as one-pixel element. In this way, the distance 

between the stripe of micromirrors in the final patterns is doubled compared to the 

distance in the original DMD pattern. Therefore to maintain the required distance 

between the stripe of micromirrors for the purpose of reducing diffraction in the 

final patterns, the binning of micromirrors in the original DMD pattern is reduced by 

half in each dimension, and equivalently the maximum spatial resolution of the 

original modulated DMD pattern is doubled compared to not splitting it. In 

experiment, in order to take a CS measurement for an original modulated DMD 

pattern, each one of the two split patterns are displayed and the corresponding two 

measurements are summed up producing a measurement as if the original 

modulated DMD pattern was used. 

For the system developed in this chapter, either 50x or 100x objective is used 

as described in previous section. The specific 50x objective is chosen for its large NA 

of 0.95 which leads to smaller 𝑘 . For the 50x objective, 𝑘 = 2 according to 

Equations (2.1)(2.2). So without using the split pattern method, the maximum 

spatial resolution of the system using the 50x objective is 384 × 384. In the 

experiment of fluorescent imaging with the 50x objective, 𝑘 = 3 is used because 

Hadamard matrix of order 384 × 384 does not exist. For the specific 100x objective, 

𝑘 = 6  according to Equations (2.1)(2.2), and likewise the maximum spatial 
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resolution is 128 × 128. In the experiment of imaging MoS2 and gold nanoparticles 

with the 100x objective, the split pattern method is used. For each of the split 

patterns, 𝑘 = 6, thus avoiding spectral distortion, but for the original DMD pattern, 

𝑘 = 3, achieving spatial resolution of 256 × 256. 

In principle, it is straight forward to extend such a scheme to splitting one 

original DMD pattern into three or more final patterns, increasing the spatial 

resolution even more at the cost of taking more measurements and reduced signal 

for each pattern. Since diffraction is one dimensional, doubling or tripling 

measurement yields 4x or 9x more spatial pixels. 

2.2.3. Reconstruction Algorithm 

During the measurement process, the DMD displays a series of binary 

patterns by flipping the micromirrors, and the spectrometer records one spectrum 

for each DMD pattern. In each spectrum measurement, the signal received by the 

spectrometer is equal to the inner product of the image intensity distribution and 

the binary DMD pattern. This process can be expressed in a linear equation, as 

shown in Equation (2.3) 

                                                         Y = ΦX                                                                      (2.3) 

where Φ is an M ×N measurement matrix, with each row being a 

measurement vector that represents one spatial modulation pattern on the DMD. 

Here M < N, and M/N is called compression ratio. For the experiments in this 

chapter, Φ is chosen to be the first M rows of the row and column permuted matrix. 



 25 

X is the N × K unknown hyperspectral data matrix being measured. Each column of X 

represents a vectorized N-pixel image at a single wavelength band, and the whole 

matrix contains K columns, thus K different spectral bands. Y, as the product of the 

measurement matrix and the data matrix, is an M × K matrix containing the 

measurement results. The rows of matrix Y are the M spectra recorded by the 

spectrometer for M modulation patterns.  

To successfully recover the hyperspectral data from the incomplete set of 

spectral measurements, an optimization algorithm needs to be used to take the 

inherent redundancy of the data into consideration.  Here, total variation (TV) is 

used in the experiments. TV regularization is a well-known and widely used 

optimization method in image recovery and denoising. By suggesting that the 

gradient of a 2D image signal is sparse, it has the ability to recover the edges or 

boundaries more accurately. As it uses the sum of the gradient magnitude as part of 

the optimization target, it can be considered as a generalized L1 minimization 

problem on the image gradient map. For reconstruction of hyperspectral data in 

[36], TV regularization algorithm is adapted by adding the sparsity of the spectral 

dimension as another term in the objective function, seeking to find a solution that 

minimize both the spatial and spectral sparsity simultaneously. While this algorithm 

works well for the experiments in [36], we found that it requires more effort in 

parameter tuning in order to get a successful reconstruction. In this thesis, each 

spectral channel is independently reconstructed using TVAL3 [37] algorithm 

because it requires much less parameter tuning while producing satisfactory results 

or even better results under certain circumstances. 
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2.3. Experimental Results 

This section presents the experimental results to demonstrates the 

effectiveness of the split pattern method in achieving 256 × 256 spatial resolution in 

the compressive hyperspectral microscope system with various samples, such as 2D 

TMDs, gold nanoparticles and fluorescent microspheres.  

2.3.1. System Parameters 

The compressive hyperspectral microscopy system uses halogen or LEDs as 

the light source based on different samples. LEDs emit partial coherent light but can 

reach higher illumination intensity. With halogen lamp, the gold coated reflector is 

used instead of dielectric layer reflectors to provide a wider band of illumination 

into the infrared wavelengths. The spectrometer used in the system is Ocean Optics 

QE65000. It’s a thermoelectric (TE) cooled spectrometer with a spectral range of 

200–1000 nm. The detector inside the spectrometer is Hamamatsu S7031-1006, 

which consists of 1044 × 8 pixels and can provide at most 1044 wavelength bands 

within the spectral range. The coupling fiber that transmit the modulated optical 

signal to the spectrometer is an Ocean Optics visible-NIR fiber with a flat 

transmission curve near 90% from 300 nm to 1000 nm.  

2.3.2. Compressive Dark-Field Imaging of 2D MoS2 

As an initial demonstration of the effectiveness of the split pattern method in 

increasing spatial resolution in the compressive hyperspectral microscope system, 

transmission dark-field imaging of the 2D MoS2 sample is performed. In this 
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experiment, for the purpose of showing the feasibility of the split pattern method 

and the capability of dark-field illumination of the system, we only investigate into 

the spatial dimension of the reconstruction even though the full hyperspectral 

datacube is reconstructed. 

Transition metal dichalcogenides (TMDs) have a generalized formula MX2, 

where M is a transition metal of groups 4–10 and X is a chalcogen. Some examples 

are MoS2, TiS2, and VS2. 2D TMDs have attracted a lot of research attention because 

of their unique properties and wide range of applications. At few layer thicknesses, 

they exhibit direct electronic and optical bandgaps ranging from the visible to the 

near-infrared. 2D TMDs have important applications in the areas of  electrocatalysis, 

energy storage, photocatalysis and electronic devices, etc. 

The 100x objective lens is used here. Without the split pattern method and 

only using stripe modulated DMD patterns proposed in [36], the maximum spatial 

resolution of the microscope system is 128 × 128 because every 6 × 6 micromirrors 

need to be grouped to form one super pixel in order to reduce spectral distortion in 

the measurement caused by diffraction and interference  In this experiment, the 

original modulated DMD pattern groups every 3 × 3 micromirrors reaching the 

resolution 256 × 256, and then is split into two final patterns by using 

complementary checkerboard masks, where each final pattern has little spectral 

distortion. The two final patterns are displayed and their corresponding spectral 

measurements are summed up to serve as the spectral measurement for the original 

256 × 256 modulated DMD pattern.  
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To prepare the 2D MoS2 sample, a piece of scotch tape is used to peel off a 

patch of thin MoS2 from a bulk MoS2 crystal. Then the scotch tape is repeatedly used 

to peel a thinner and thinner layer of the patch of MoS2 until the MoS2 is several 

layers thin. Then this thin layer is transferred to a cleaned glass coverslip for the 

experiment.  

Transmission dark-field mode is used with the 100x objective lens. Under 

dark-field illumination, the edges of the MoS2 pieces scatter strongly and are lit up 

against the dark background. Figure 2.3 shows the camera capture and 

reconstructed 256 × 256 intensity image of the sample. Image registration is 

performed to better demonstrate that the reconstruction is well aligned with the 

camera capture. This result is an initial demonstration of the split pattern method in 

increasing the spatial resolution. 
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Figure 2.3: (a) Camera image of 2-D MoS2 sample under dark-field 

illumination through the microscope system. (b) Hyperspectral 

reconstruction of the 2-D MoS2 sample displayed in pseudo-color. (c) Image 

showing camera image (blue) and reconstruction (red) overlapped. (d) Image 

showing overlapping between camera image (blue) and reconstruction (red) 

after image registration. The overlapped lines are shown in white.  

2.3.3. Compressive Hyperspectral Microscopy of Gold Nanoparticles 

To further demonstrate the effectiveness of the split pattern method and the 

capability of the compressive hyperspectral microscope system, experiments are 

conducted to image gold nanoparticles and to get the plasmonic scattering spectrum 

of a single gold nanoparticle deposited on a cover slip. The nanoparticle sample 

used in the experiment is provided by Anjli Kumar and Eduardo Villarreal from 
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Professor Emilie Ringe’s group. The gold nanoparticles have diameters between 90 

nm and 120 nm. In this experiment, transmission dark-field illumination is used 

along with the 100x objective lens. A halogen lamp with the gold coated reflector is 

used as the light source to cover a wide spectral range.  

In dark-field illumination, the scattering from the glass cover slip is 

minimized and the plasmonic scattering from the nanoparticles form a strong signal 

again the dark background.  

Here, the same split pattern scheme as in the previous 2D MoS2 is employed 

to achieve 256 × 256 spatial resolution. Double permuted Walsh-Hadamard matrix 

is used as the sensing matrix. Figure 2.4 illustrates the data processing pipeline from 

acquiring compressive measurements to extracting the peak and line width of a 

single gold nanoparticle spectrum. After getting the hyperspectral datacube 

reconstruction, particle identification is performed for an initial screening to 

exclude particle-like objects whose spectrum doesn’t have a peak in the correct 

region of a possible gold nanoparticle in any way. Then image registration is 

conducted between the reconstructed intensity image with camera capture to 

further align and locate single nanoparticles. Next, the raw reconstructed spectrum 

for a single nanoparticle is normalized against the illumination spectrum as 

described in Equation (2.4): 
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Figure 2.4: Schematic showing data acquisition and processing pipeline of 

compressive hyperspectral microscopy for measuring scattering spectrum of 

single gold nanoparticles.  

                             𝐼𝑝𝑎𝑟𝑡𝑖𝑐𝑙𝑒 = (𝐼𝑜𝑛 −  𝐼𝑜𝑓𝑓) (𝐼𝑙𝑎𝑚𝑝 − 𝐼𝑑𝑎𝑟𝑘)⁄                                       (2.4) 

where 𝐼𝑜𝑛  is the raw spectrum on a nanoparticle extracted from reconstructed 

datacube, 𝐼𝑜𝑓𝑓  is the averaged spectrum around but off the nanoparticle extracted 

from reconstruction, 𝐼𝑙𝑎𝑚𝑝  is the spectrum of the incoming illumination on the 

particle when lamp is turned on, and 𝐼𝑑𝑎𝑟𝑘  is the spectrum of the incoming 

illumination on the particle when lamp is turned off.  

Lastly, the Lorentzian function is fit to the normalized spectrum because the 

expected plasmonic scattering spectrum of single nanoparticles are is ideally 
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Lorentzian. From the Lorentzian fit, peak wavelength and line width of the 

nanoparticle spectrum can be extracted. This experimental information of single 

nanoparticles can be used to compare with theory or with results from other 

devices for further investigation. 

Figure 2.5 shows an example of reconstructed spectrum of single gold 

nanoparticles.  

 

Figure 2.5: (a) Camera image of the gold nanoparticle sample, (b) 
Reconstructed hyperspectral data shown as 2-D pseudo-color image, with 

300-ms spectrometer integration, 12% sampling rate, 100x objective, 
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256x256x100 spatial-spectral resolution. (c)(d) Overlapping between camera 

image (white) and identified particles in the reconstruction (circle with cross) 

for the green box and red box in the (a)(b). (e)(f) Lorentzian function is fit to 

the normalized spectra of single gold nanoparticles labeled by the circles with 

cross in the green and red boxes .  

2.3.4. Compressive Hyperspectral Imaging of Fluorescent Microspheres 

In this section, experimental results are shown of using the compressive 

hyperspectral microscope system for hyperspectral fluorescence imaging of 

fluorescent microspheres. Here, the 50x objective lens is used, and therefore 

256 × 256 spatial resolution can be achieved by grouping every 3 × 3 micromirrors 

to be one super pixel without using the split pattern scheme. The spatial resolution 

of the system is around 2.13m/pixel. Spectra of the reconstructed fluorescent 

emission from the fluorescent microspheres are extracted and compared with the 

groundtruth spectrum to demonstrate the validity of the system.  

The fluorescent microspheres used in the experiment are FluoSphere red 

beads (Thermofisher, F8858), 4um in diameter, monocolor of red dye. The red dye 

excitation/emission peaks around 580 nm/607 nm. An excitation filter (Edmund, 

67033) is placed after the light source and before the sample to produce a spectral 

band where the red dye has a strong fluorescence response for exciting the 

fluorescent emission of microspheres. The excitation filter is a band pass filter 

which passes light between 542 nm to 582 nm, as shown in Figure 2.6. An emission 

filter (Edmund, 33910) is placed after the sample along light path to block the 

excitation light and pass through the emitted fluorescence. The emission filter is a 
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band pass filter which passes light of wavelengths between 592 nm and 648 nm. 

The experiment is then repeated but with the emission filter replaced by a long pass 

filter to pass through the tail part of the fluorescence emission. The long pass filter is 

RazorEdge Dichroic Beam splitter and passes wavelength longer than 633nm. The 

two reconstructed hyperspectral datacubes using the emission filter and the long 

pass filter are stitched together afterwards to produce a full hyperspectral datacube 

for the fluorescence emission. 

Because the excitation filter and the emission/long pass filter are non-

overlapping in their passing wavelength region, the background light on the sample 

won’t be able to go through the system to reach the detector. So bright-field 

reflection mode is used here instead of dark-field. 

                           (a) 
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(b) 

(c) 

Figure 2.6: (a) Transmission ratio of the excitation filter. (b) Transmission 

ratio of the emission filter. (c) Groundtruth excitation and groundtruth 

emission spectra of the fluorescent microspheres provided by the company 

(Thermofisher). 

                The raw CS spectral measurements have a very small residual ringing effect 

due to diffraction and interference of the grating nature of the DMD. To extract 
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useful underlying information of the measurements, smoothing is done first with 1-

D Gaussian filter on all the raw compressive spectral measurements and then used 

for reconstruction of the hyperspectral datacube.                

                             

                 

Figure 2.7: (a) An example of raw CS measurement from the spectrometer. The 

two dashed vertical lines show the cutoff wavelengths of the emission filter at 
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592 nm and 648 nm. (b) Plot showing good matching between the raw 

measurement in (a) after smoothing and the groundtruth emission spectrum.  

The groundtruth emission spectrum of the fluorescent microspheres peak at 

607nm with a spectral resolution of 1 nm. After the Gaussian smoothing, 99.92% of 

the CS spectral measurement peak at 607nm or 607.77 nm, and the smoothed 

measurement curves match well with the groundtruth as shown in Figure 2.7, which 

is expected because the CS measurement is the sum of the spectrum of randomly 

selected pixels and the only signal from all the pixels is the sample fluorescence. 

This matching also demonstrates the spectral validity of the system. 

Figure 2.8 illustrates an example reconstruction of the fluorescent 

microsphere sample. The spectra of four example microspheres are shown, and the 

zoomed in figures show the comparison of peak position between reconstruction 

and groundtruth. Because the groundtruth has a spectral resolution of 1 nm, the 

peak position of 607.77 nm is within the error range.  
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Figure 2.8: (a) Microscope image of the fluorescent microsphere sample and 

the labeled particles. (b) Intensity image of the reconstructed hypspectral 

datacube. (c)(d) Reconstructed spectra for particle 1 and 2 compared to 

groundtruth emission spectrum. (e)(f) Zoomed in view of (c)(d) around peak 

region. (g)(h) Reconstructed spectra for particle 3 and 4 compared to 

groundtruth emission spectrum. (i)(j) Zoomed in view of (g)(h) around peak 

region.  
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2.4. Conclusion 

In this chapter, a hyperspectral microscopy system based on compressive 

imaging capable of bright-field/dark-field and reflection/transmission modes is 

implemented. In the system, compressive spatial modulations by the DMD and 

direct spectral measurements by the spectrometer are combined, and 3D 

hyperspectral data can be obtained and reconstructed with TV-regularize 

optimization algorithm. Such design saves a large amount of time by greatly 

reducing the number of measurements needed for the data recovery, and the spatial 

multiplexing during the imaging leads to an increased signal-to-noise ratio. The 

DMD introduces strong diffraction and interference effects in such a high 

magnification system which leads to spectral distortion in the spectral 

measurement. The method of DMD pattern modulation proposed in [36] 

successfully solved the diffraction issue, but at the same time causes the maximum 

spatial resolution of the system to decrease.  

A split pattern method is proposed and implemented to solve the limitation 

in spatial resolution and to increase the spatial resolution of the system. In the split 

pattern method, the original modulated DMD pattern is split into two final patterns 

by using complementary checkerboard masks. In the experiments, this method 

takes twice as many CS measurements but increases the spatial resolution from 

128 × 128 to 256 × 256. This method can be readily extended to splitting the 

original DMD pattern of appropriate resolution to three or more final patterns to 

increase the spatial resolution even more. The effectiveness of the split pattern 
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method is demonstrated in experiments on 2D MoS2 sample and gold nanoparticle 

sample in achieving 256 × 256 spatial resolution. Then fluorescent microscopy is 

performed with the system using fluorescent microsphere samples with 50x 

objective. The reconstructed fluorescent emission is compared with groundtruth 

fluorescent emission to demonstrate the spectral validity of the system.  
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Chapter 3 

     3.  Hyperspectral Projector System 

for Compressive Hyperspectral 

Structured Illumination 

In this Chapter, a hyperspectral projector system is developed and 

implemented. It is able to generate coded stripe patterns where the spectrum of 

each stripe can be individually and arbitrarily designed within the spectrum of the 

light source. The hyperspectral projector features a simple and low-cost design 

based on a single DMD. It could be useful in applications such as calibration and 

testing of hyperspectral imagers, 3-D recovery for machine visions and multicolor 

bio-imaging. As a proof of principle, applications of the hyperspectral projector 

system are demonstrated in experiments. First, hyperspectral compressive 

structured light for recovering 3-D volume density of static translucent objects as a 

function of color will be reviewed. The second is to perform hyperspectral 3-D 

shape reconstruction of objects.  



 43 

3.1. Background 

3.1.1. Structured Illumination for 3-D Shape Reconstruction 

Structured illumination is a common technique for recovering the 3-D shape 

of objects. Conventional structured illumination methods project coded light 

patterns onto the surface of an opaque object and observe it using a standard 

camera. The 3-D shape information is typically obtained through triangulation, 

where correspondences are established between camera image and projected 

pattern as shown in Figure 3.1 [38] 

 

 

 

 

 

 

 

However, a drawback in nearly all structured illumination methods is that 

they use a commercial digital projector which either uses red, green and blue LEDs 

as light source or a broad-spectra lamp and a spinning color filter wheel, and 

therefore the projected patterns inherently have a limited spectral content. 

Figure 3.1: Illustration of the conventional structured illumination method 

for recovering 3-D shape of objects through triangulation [38]. 
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Conventionally, colored 3-D shape reconstruction is achieved by first reconstructing 

the 3-D spatial point cloud of the object and then mapping the colored pixels in the 

camera captures to the reconstructed point cloud. Due to the camera and projector 

limitations, usually only three color channels of red, green and blue can be mapped 

to the point cloud. On the other hand, the materials that make up our world possess 

complex specific spectral responses as a part of their innate characteristics, e.g. 

emission, absorption and scattering properties. This spectrally dependent 

information imbedded in all materials, if well employed, is able to reveal and reflect 

deeper and more meaningful interpretation when coupled with the spatial 3-D 

shape of the object. 

The proposed hyperspectral projector system is capable of projecting 

hyperspectral stripe patterns encoding both the spatial and spectral information of 

the object. Using this system, hyperspectral 3-D shape of the object can be 

reconstructed. In such a reconstruction, the reflectance spectrum of the object for 

each reconstructed spatial point is also obtained. The spectral information provides 

another dimension for recognizing and understanding the object along with 3-D 

spatial information.  

3.1.2. Compressive Structured Illumination for 3-D Volume Density of 

Participating Medium 

Conventional structured illumination approaches for recovery of 3-D shape 

of opaque objects are based on a common assumption: each point in the camera 

image receives light reflected from a single surface point in the scene. Meanwhile 
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the light transport model is vastly different in the case of a participating medium 

such as translucent objects, smoke, clouds and mixing fluids. Consider an image 

acquired by photographing a volume of a participating medium. Unlike the case of 

an opaque object, here each pixel receives scattered light from all points along the 

line of sight within the volume. Shree Nayar and co-workers [39] proposed the 

compressive structured illumination method for recovering the volume density of 

participating media. By using coded patterns, the measurement of a participating 

medium is highly efficient in terms of acquisition time as well as illumination power. 

It exploits the fact that the brightness measurements made at image pixels 

correspond to true line-integrals through the medium [39]..Due to the limitation of 

commercial projectors and cameras mentioned in previous section, the compressive 

structured Illumination method described above only provides spatial density 

information without giving information in spectral response of the participating 

medium.  

3.1.3. Related Work 

The Kelly lab design of the proposed hyperspectral projector system has 

distinct advantages over previous work. One of the most complete systems built is 

NIST’s Hyperspectral Image Projector [40]. However, a drawback of this system is 

that it requires two DMDs to separate the unique spectra across both x and y 

dimensions and it acquires a very intense light source or very sensitive imagers to 

make up for the optical losses in the system. The whole system is high-cost and 

complex to build. Meanwhile, our proposed hyperspectral projector uses a single 
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DMD to produce hyperspectral stripes sufficient for most structured illumination 

applications while exploits the light much more efficiently. The system features low-

cost, simpler design and is capable of more compact form factor.  

3.2. Hyperspectral Projector System Design  

This section describes the design of the our DMD-based hyperspectral 

projector system. The projector is capable of projecting hyperspectral stripe 

patterns where the spectrum of each stripe can be individually and arbitrarily 

designed. The key component is the DMD serving as a light modulator in the spatial 

and spectral domain, in contrast to the SPC where the DMD performs light 

modulation in the spatial domain. As shown in              Figure 3.2, a diffraction 

grating disperses light into a spectrum on the DMD and the DMD modulates the 

intensities of the spectral lines to keep the desired portion of the spectrum and 

leave out the rest. Then the selected spectrum is recombined by the same diffraction 

grating. In addition to these two key components, an achromatic lens is used to 

focus and collimate the dispersed spectrum. A Dove prism can be used to rotate the 

projected images if needed. A cylindrical lens is then used to stretch the modulated 

light in one dimension to generate stripe patterns. Details of the optical design and 

the spectral modulation by DMD are described in following sections.  



 47 

 

             Figure 3.2: Schematic layout of the hyperspectral projector (top view). 

3.2.1. Optical Design 

             Figure 3.2 shows the optical design of the hyperspectral projector. 

Light coming out of a halogen lamp is guided through an optical fiber and focused on 

an adjustable vertical slit in the 𝒙-direction. The slit can be regarded as a line of 

point light sources. Each point light source is collimated into a parallel light beam by 

the convex lens 1. The light beams travel into a transmission diffraction grating 

(Thorlabs, Visible Transmission Grating, 300 Grooves/mm). The grooves on the 

grating are in 𝒙 direction. Light is dispersed into its spectral components after the 
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grating which travel in different wavelength-dependent angles. The grating is 

designed such that most of the incoming light power is concentrated in one of the 

two symmetric directions of its first order diffracted light, minimizing the light loss 

in zero order and higher order diffraction. The first order diffracted light then goes 

into an achromatic lens which focuses the different spectral components onto 

different 𝒚 positions on the surface of the DMD. The distance between the grating 

and the achromatic lens and the distance between the achromatic lens and the DMD 

are equal to the focal length 𝑓 of the achromatic lens. Then the DMD performs 

spectral modulation, keeping the desired part of the spectrum and abandoning the 

rest. Details of modulation are described in next section. The spectrum to be kept is 

reflected by the micro-mirrors back into the achromatic lens, recombines into the 

diffraction grating, focused by lens 2 and forms the image of a line. Due to the 

symmetric configuration of the grating, the achromatic lens and the DMD, the image 

formed by lens 2 is in fact the image of the slit light source, except that it only has a 

portion of the original spectrum of the slit. Then a cylindrical lens stretches the thin 

line into a stripe formed on the stage where object is placed for scanning. When 

rotation of the stripes is needed, two methods can be used. The first method is to 

place a dove prism between lens 2 and the cylindrical lens as show in              Figure 

3.2 and rotating the dove prism enables rotation of the stripes in all angles, allowing 

two-dimensional hyperspectral illumination. Instead of rotating the stripes and 

keeping the camera and object fixed, the second method equivalently keeps the 

stripes fixed and rotate the stage and the camera simultaneously. This method is 

used in implementing the experiment of hyperspectral 3-D shape reconstruction. It 
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doesn’t introduce any image distortion and the rotation angle can be precisely 

controlled. 

 

Figure 3.3: Illustration of two point light sources 𝒂 and 𝒃 along the slit being 

focused at different 𝒙 positions on the DMD. 𝒂′ and 𝒃′  are the dispersed 

spectral lines spanning the 𝒚 direction formed from 𝒂 and 𝒃, respectively (side 

view of the hyperspectral projector). 

Because a slit light source is used, every spectral component forms a line on 

the DMD. To demonstrate this, as shown in Figure 3.3, consider two point light 

sources 𝒂 and 𝒃 along the slit, 𝒂 forms a spectral line 𝒂′ spanning in 𝒚 direction on 

the DMD, and, similarly, 𝒃 forms a spectral line 𝒃′. Yet 𝒂′ and 𝒃′ are focused in 

different 𝒙 positions, and likewise for all points along the slit. Therefore on the 

surface of the DMD, every line in  𝒙 direction is of the same wavelength formed from 

all points along the slit, and every line in the 𝒚 direction is the dispersed spectral 

line formed from one point on the slit. Figure 3.4 shows a schematic of the spectrum 

distribution on the surface of the DMD. 
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                        (a)                                                                                       (b) 

Figure 3.4: (a) Schematic of the dispersed spectrum focused on the surface of 

the DMD. (b) DMD diamond pixel array configuration. 

3.2.1. DMD Control 

The control of the DMD can be achieved by two methods. One is to use the 

control software GUI of DLP LightCrafter 4500 that preloads a set of patterns into 

the memory on the DMD chip board. Because the memory size is not large enough, 

the DMD can only continuously display a very limited number of patterns before 

stopping and manually reloading the next set of patterns into the memory. The 

second approach, which is the method used in my project, is to set the DMD as a 

second monitor of the PC with the same resolution as the pixel resolution of the 

DMD. Then create the patterns to be displayed on the DMD in the form of images or 

videos. Set the images or videos to play in full screen mode on the second monitor 

and the patterns will be displayed on the DMD. The DMD is set to operate in binary 

mode for this project. If required, the DMD can operate in up to 8-bit mode, 

providing 256 levels of intensity for every spectral component. The hyperspectral 

projector can also operate in the short-wave infrared (SWIR) with a SWIR light 

source and appropriate optical elements. 
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3.2.2. Spectral Modulation 

To realize spectral modulation, a DMD chip (Texas Instrument DLP 

LightCrafter 4500) is incorporated at the focal plane of the achromatic lens and 

orthogonal to the optical axis of the system. The functional part of the DMD is a 

912x1140 array of electrostatically controlled micromirrors of size 7.6 × 7.6 μm 

each (Figure 3.4 (b)). Every micromirror can be independently actuated by an 

individual SRAM cell, and rotate about a hinge to be at one of two states, +12˚ (tilting 

right) and -12˚ (tilting left) with respect to the DMD surface. In this DMD chip, the 

micromirrors are interlaced in a diamond pixel geometry as demonstrated in Figure 

3.4 (b), so the hinges are all in 𝒙 direction. The system is designed such that all the 

micromirrors oriented at +12˚ reflect the spectrum on themselves back into the 

achromatic lens and finally reach the screen, and the spectrum on the micromirrors 

oriented at −12˚ does not reach the achromatic lens and gets lost in the space. We 

will denote the mirror state of +12˚ as mirror being ON and −12˚ as mirror being 

OFF. Therefore spectral modulation is achieved by programming each of the 

micromirrors to be ON/OFF to keep/discard the light focused this micro-mirror.  

        On the DMD, if a line in 𝒚-direction of micromirrors are turned on, the light focused 

on this line of mirrors will form the image of a white, thin stripe on the screen .Therefore 

the spatial resolution of stripes of the projector is up to the number of micro-mirrors on 

the DMD along 𝒙-direction. If some of the mirrors on this line are off, the spectrum 

content focused on these mirrors will be discarded, and the image on the screen will be a 

thin stripe with specific wavelengths. Therefore the spectral resolution of the projector is 
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up to the bandwidth of spectrum divided by the number of micro-mirrors on the DMD 

along 𝒙 -direction. In applications where smaller spatial resolution is sufficient, 

neighboring stripes can be combined to form wider stripes. As demonstrated in Figure 

3.5, the DMD displays a pattern with five stripes and the light focused on the white area 

where the mirrors are on is selected. The selected light, after recombined by the grating 

and stretched by the cylindrical lens, forms five hyperspectral stripes on the screen. Each 

of the hyperspectral stripes has the spectral content selected by corresponding stripe 

pattern in Figure 3.5(c). Figure 3.5(e)(f) shows the spectrum measured by a spectrometer 

for the top stripe and the bottom stripe. Note that the top stripe is white because the full 

spectrum is selected as in Figure 3.5 (c), and the bottom stripe composes of eight spectral 

bands because the eight bands are selected.  

 

Figure 3.5: Spectral modulation. (a) Illustration of an example DMD pattern. 

Mirrors in the white area are on and in the black area are off. (b) Spectrum on 

the DMD surface. (c) Spectrum on the white area where the mirrors are on is 

selected. (d) Image of the projected hyperspectral stripes on the screen when 

DMD displays the pattern in (a). (e)The spectra measured by the spectrometer 

for the top stripe and  (f) for the bottom stripe which composes of eight 

spectral bands. 
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The width of the spectral bands of a hyperspectral stripe is limited by several 

factors. By design, every column of micromirrors on the DMD modulates a spectral 

width of full spectrum band divided by the number of total columns of micromirrors, 

and the generated spectral width would be determined by how many columns are 

turned on. There are mainly two factors that limits the actual width of spectral 

bands. To begin with, the vertical slit light source has a nonzero width. The slit 

width trades off spectral resolution for the intensity of light. The narrower the slit is, 

the higher the spectral resolution would be. With wider slit, spectral resolution 

drops but intensity of the spectrum increase. Secondly, the focused light on the DMD 

has a point spread function (PSF) which exits in all optical system. The focused point 

has a nonzero spread spot on the DMD therefore hinders the theoretical spectral 

resolution. This can be improved by using lenses with larger numeric aperture so 

the PSF is smaller than the area of a single micromirror 

3.3. Hyperspectral Compressive Structured Illumination for 

Recovering Volume Density of Participating Medium 

Hyperspectral structured illumination patterns are used to recover 

spectrum-dependent 3-D volume density of colored static translucent objects to 

demonstrate the unique advantage of using the hyperspectral projector in recovery 

of 3-D volume density of colored objects. The experiment was performed in [41] and 

is reviewed here. The target and its reflectance spectrum are shown in Figure 3.6. 

The target contains two objects placed close together: one object comprises of two 
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red translucent planes with letter “C” carved on each of the front and back planes, 

the other consists of two cyan translucent planes with letter “V” carved on each of 

the front and back planes. Red has strong reflectance between 590 nm and 750 nm, 

while cyan is strongly reflective between 390 nm and 590 nm. 

 

Figure 3.6: (a) Photo of the target. (b) Image of the target taken by the camera 

used in the experiment under white illumination. (c) Reflectance spectra of 

the red and cyan planes. (d)Image of the target under an example pattern of 

the first set of hyperspectral structured illumination pattern. (e) Spectrum of 

the first set of patterns. (f) Image of the target under an example pattern of the 

second set of hyperspectral structured illumination pattern. (g) Spectrum of 

the second set of patterns.  

The experiment uses two sets of structured patterns that have the same 

binary stripe coding scheme but different spectral content, as shown in Figure 3.6 

(e)(g). The first set has wavelengths longer than 610 nm, under which the red object 

is illuminated but the cyan object is almost invisible. The second has wavelengths 

less than 570 nm, under which cyan red object is illuminated but the red object is 
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almost invisible. Reconstruction from the first set contains the volume density of the 

red object only and second reconstruction contains the cyan object only, as shown in 

Figure 3.7. This experiment serves as an example that the hyperspectral projector 

system can be used for revealing spectrum-dependent information of the target.   

    (a) 

  (b) 

Figure 3.7: 3-D views of reconstruction results of the 3-D volume density from 

(a) the first set of patterns, and (b) the second set of patterns, of resolution 

𝟑𝟐 × 𝟑𝟐 × 𝟑𝟐 using 24 compressive measurements.  

3.4. Hyperspectral Structured Illumination for Hyperspectral 3-

D Shape Reconstruction 

In this section, the experiment of hyperspectral 3-D shape reconstruction is 

designed and implemented using the hyperspectral projector system. Reflectance 
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spectrum of 32 spectral channels for every point in the reconstructed 3-D point 

cloud of the target is reconstructed. Spectral information is obtained by using pre-

designed hyperspectral stripes for encoding the target. The pixel intensity captured 

by the camera of the hyperspectral stripe patterns projected on the target not only 

can be used for spatial 3-D reconstruction of the target like in the conventional 

structured illumination method, but also embed spectral information of the 

reflectance spectrum of the target. The spectral channels are multiplexed in the 

hyperspectral stripe patterns, and, depending on the number of spectral channels 

desired, can be designed in a compressive or non-compressive way.  

3.4.1. Spatial Encoding and Reconstruction 

The method used for the 3-D spatial reconstruction part of the experiment 

follows the same encoding principle and used the same reconstruction algorithm as 

the conventional structured illumination method. The only difference is that 

hyperspectral stripe patterns are used here instead of binary black and white stripe 

patterns. Gray code encoding scheme is used in the experiment. In each 

hyperspectral stripe pattern for the gray code scheme, the black stripe is still black, 

but the white stripe composes of light from a selected combination of the 32 

spectral channels. The spectrum of the white stripe in each pattern is the same, but 

different between different patterns. A grayscale camera records an image of each 

projected pattern. The pixel intensity of the raw camera images encodes the spectral 

information detailed in next section. 
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In the conventional structured illumination for 3-D shape reconstruction, the 

gray code encoding scheme is to project a series of binary black and white stripe 

patterns on the target and take camera captures for each stripe pattern. The 

recorded intensity of a fixed image pixel for all the different camera captures are 

compared with each other to tell whether this pixel is projected with a white stripe 

or black stripe in each camera capture. That is, the intensity of a certain image pixel 

is not compared with other pixels but only with itself throughout different camera 

captures. Because of this, replacing the black and white stripe patterns with 

hyperspectral stripes still works within the conventional structured illumination 

encoding and reconstruction algorithm, while the absolute intensity of pixels in 

camera captures can also be used later for spectral reconstruction. The spatial 

resolution in this experiment is 128 × 128 as a proof of principle, though this 

scheme can be used for higher spatial resolution.  

Complementary patterns are used here for spatial encoding in the same way 

as in the conventional structured illumination scheme [42]. For each original 

encoding pattern, its complementary pattern is black where the original is white, 

and white where the original is black. For spatial reconstruction, complementary 

patterns improve the robustness of the reconstruction algorithm. In the 

hyperspectral 3-D shape reconstruction, complementary patterns have extra utility 

in spectral reconstruction as detailed in the next section.  

For 128 × 128 spatial reconstruction, seven horizontal and seven vertical 

stripe patterns are needed for encoding the target. Counting their complementary 
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patterns, one all white pattern and one all black pattern, there are a total of thirty 

encoding patterns and the same number of camera captures.  

Grayscale camera is used in the experiment capture the hyperspectral stripe 

patterns projected on the target. So the images used for spatial and spectral 

reconstruction are grayscale. But for demonstration purpose only, a color camera is 

used to take come color images of the patterns to show how the hyperspectral stripe 

patterns appear. These images are not used in the experiment. Figure 3.8 shows the 

color camera captures of the seven horizontal hyperspectral patterns and their 

complementary patterns, with the corresponding DMD patterns that generate the 

hyperspectral patterns. The vertical patterns are the same as the horizontal patterns 

except that the stripes are rotated by 90 degrees. These color images are for 

demonstration purpose only. In the experiment, a grayscale camera is used. 

           (a) 
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                          (b) 

Figure 3.8: Color camera captures of the 7 horizontal hyperspectral patterns 

and their complementary patterns, with the corresponding DMD patterns 

above them that generate the hyperspectral patterns. 

The 3-D spatial point cloud is reconstructed with 30 grayscale camera 

captures using the reconstruction software provided by [42]. 

3.4.2. Spectral Encoding and Reconstruction 

As a proof of principle of the hyperspectral 3-D shape reconstruction scheme, 

it is assumed that, for a fixed point on the target surface, the reflectance spectrum is 

a constant spectrum which does not change with the angle of illumination light rays 

or the angle of the reflected light rays, though in reality the reflectance could be 

dependent on the illumination angle and reflected light angle. 

The main idea behind spectral reconstruction is the image formation model 

as described here. The intensity value of a certain image pixel denoted by p is the 
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integral over wavelength 𝜆 among illumination spectrum, target reflectance, and 

camera detector spectral response as described in Equation (3.1): 

𝑝 =  ∫ 𝑖(𝜆) × 𝑟(𝜆) × 𝑐(𝜆)
𝜆

 𝑑𝜆                                        (3.1) 

In Equation (3.1), p is the intensity value of a pixel P in a raw camera capture. 

𝑖(𝜆) is the illumination energy density as a function of wavelength 𝜆 of the 

illumination light onto a point T on the target surface. The image of T is focused by 

camera lens to pixel P in the camera image. 𝑟(𝜆) is the reflectance of point T on the 

target, defined as the ratio between the reflected light energy density and 

illumination light energy density at wavelength 𝜆. 𝑐(𝜆) is the camera spectral 

response that measures the camera’s electrical sensitivity to light., defined as the 

recorded intensity value of pixel P in the raw camera image when the reflected light 

from T composes of wavelength 𝜆 of one unit of energy.  

The center wavelengths of the 32 spectral bands generated by the 

hyperspectral projector starts from 425 nm and increment by 10 nm until 735 nm. 

Each band has a full width at half maximum (FWHM) of 10 nm. When we are 

interested in 32-channel spectral reconstruction, the continuous integral of 

Equation (3.1) can be approximated by a discrete sum over the 32 spectral channels. 

𝑖(𝜆), 𝑟(𝜆) and 𝑐(𝜆) can be approximated as a constant value within each spectral 

band, and we denote 𝐼(𝜆) , 𝑅(𝜆) and 𝐶(𝜆) to be their discrete approximation, 

respectively. Let 𝜆1, 𝜆2, … , 𝜆32, to be 425 nm, 435 nm, …, 735 nm. 𝐼(𝜆), 𝑅(𝜆) and 𝐶(𝜆) 

are discrete functions taking values at 𝜆𝑖, 𝑖 = 1, 2, … , 32. Then Equation (3.1) is 

approximated as: 
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                         𝑝 =  ∑ 𝐼32
𝑖=1 (𝜆𝑖) × 𝑅(𝜆𝑖) × 𝐶(𝜆𝑖)                                         (3.2) 

𝑅(𝜆) is the reflectance of a certain point on the target that we will 

reconstruct. There are 32 unknowns to be solved for 𝑅(𝜆). A naïve method is to 

project 32 different global illuminations on the target with camera captures taken 

for each, where each global illumination consists of light only from one of the 32 

spectral channels. Then 𝑅(𝜆) can be directly solved. This method is referred to as 

raster scan method. In this method, signal to noise ratio (SNR) is low because the 

illumination generated from the projector at each channel is low. In addition, it 

needs all 32 illumination projections and cannot be performed in a compressive way. 

A second method is the multiplexing method. Each global illumination 

projection consists of a combination of 16 of the spectral channels. Hadamard 

matrix or permuted Hadamard matrix can be used here as the multiplexing scheme 

for taking a complete set of spectral measurement, and 𝑅(𝜆) can be obtained by 

solving a group of complete linear equations. Multiplexing increases the SNR 

because in each camera capture, half of the spectral channels are on and the 

illumination intensity is much higher than in the raster scan method. The advantage 

of using the hyperspectral stripe patterns is that the patterns, together with their 

complementary patterns ,can be used as global illuminations besides used for 

spatial reconstruction. The sum of camera capture intensity between one pattern 

and its complementary pattern is equivalently a global illumination. Therefore, each 

pattern-complementary pair can serve as one global spectral illumination consisting 

of a pre-selected set of 16 spectral channels. And if using the permuted Hadamard 



 62 

matrix where the column of a Hadamard matrix is randomly permuted for 

multiplexing the spectral channels, spectral reconstruction can be performed 

through less than 32 global illuminations. The spectral multiplexing process can be 

generally and mathematically expressed as 

                                                                𝑦 = 𝐴𝑥                                                               (3.3) 

For a fixed pixel location in the camera captures of M global illuminations, y 

is an 𝑀 × 1 vector containing the M intensity values for the given pixel, A is 𝑀 × 𝑁 

matrix called the sensing matrix that provides the multiplexing scheme. In the 

experiment, A is the permuted Walsh-Hadamard binary matrix composed of 1 and 

−1. N is the number of spectral channels and is equal to 32 in the experiment.  

In Equation (3.3), 𝑥  is a 𝑁 × 1 vector to be solved for. Let  𝐿(𝜆𝑖), 𝑖 =

1, 2, … , 32 represents the intensity of light when the ith spectral channel of the 

projector is turned on. For every illumination pattern, 16 out of the 32 channels are 

turned on, so for the jth illumination, 𝐼(𝜆𝑖) =  𝑎𝑗𝑖 ×  𝐿(𝜆𝑖), where 𝑎𝑗𝑖  equals 1 if ith 

channel in the jth illumination is turned on, and is 0 if not. In this notation, 𝑎𝑗𝑖is the 

entry of row j and column i of matrix A. So if 𝑥𝑖 represents the ith entry of 𝑥, then 𝑥𝑖 

= 𝐿(𝜆𝑖) × 𝑅(𝜆𝑖) × 𝐶(𝜆𝑖). 𝐿(𝜆𝑖) and 𝐶(𝜆𝑖) are parameters of the system that can be 

acquired through experiment as described in section 3.4.4. So solving 𝑥 directly 

leads to solving 𝑅, where 𝑅(𝜆𝑖) =  𝑥𝑖  (𝐿(𝜆𝑖) × 𝐶(𝜆𝑖))⁄ . When permuted Walsh-

Hadamard matrix is used, spectral response can be compressively sensed and 

Equation (3.3) could be solved with 𝑀 < 𝑁 global illuminations.  The compressive 
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sensing saves measurements and would be very useful when video 3-D 

hyperspectral reconstruction is the goal.  

For 128 × 128 spatial resolution, the 30 camera images used for spatial 

reconstruction consists of 15 pattern-complementary pairs that can form 15 global 

illuminations. For the complete multiplexing method, another 17 global illumination 

projections are needed to directly solve for the reflectance. For the compressive 

sensing method, 15 global illuminations should be sufficient for spectral 

reconstruction using iterative optimization algorithms, and therefore uses the same 

number of projections as the conventional pure spatial 3-D reconstruction method, 

while providing spectral reconstruction. The complete multiplexing method is faster 

in the reconstruction step than compressive sensing method, while compressive 

sensing method needs less projections and less measurements and is useful when 

taking measurements are expensive, e.g. video 3-D reconstruction. Depending on 

the application, either method can be selected. In the experiment here, a static target 

is used and the complete multiplexing method is used. 

3.4.3. System Control 

Two methods can be used to display patterns on the DMD. One is to upload 

the patterns into the memory of the DMD board and then using the DMD control 

software for display. The other method is to set DMD as a second monitor of the 

computer and play PowerPoint slides on the second monitor on the computer. For 

this experiment, the second method is used. 
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A USB camera (FLIR CM3-U3-31S4C-CS) is used capturing images of the 

encoded object. The DMD and the USB camera are all connected to the same 

computer. The camera is controlled using its software. The pattern display on DMD 

is synchronized with camera captures through a wire connection between the 

trigger out of the DMD board with the trigger in of the camera. Whenever the DMD 

changes the display pattern, camera automatically takes a capture and saves it on 

the computer.  

The set of vertical stripe patterns can be generated by rotating the set of 

horizontal patterns by 90 degrees. In the experiment, instead of using a dove prism 

to rotate the horizontal stripe pattern for 90 degrees and keeping the target and 

camera fixed, we choose to equivalently keep the stripe patterns fixed and rotate the 

target and camera simultaneously for 90 degrees. In the system, the target is placed 

on a rotating stage and stage is rigidly connected with the camera. So when rotating 

the stage, the camera also rotates for the same angle, as shown in Figure 3.9. As a 

proof of concept in the experiment, the stage is manually rotated. But a motor can be 

used to automatically and accurately rotate the stage.  
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Figure 3.9: (a) Image showing the hyperspectral projector system with the 

target stage and camera rigidly connected. (b) Image showing that the stage 

and camera are rotated together for 90 degrees compared to (a). 

3.4.1. Spatial Calibration 

Before the structured illumination system can be used for 3-D shape 

reconstruction, three steps of system calibration need to be completed including the 

internal camera calibration, internal projector calibration and external camera-

projector calibration. We use the method and software provided by in Moreno et. al 

in [42] to perform the calibration. The software only requires vertical and 

horizontal stripes projected by the projector onto a printed checkerboard pattern 

for calibration. It provides a new method to calibrate projector-camera systems 

which is simple to implement and more accurate than previous methods because it 

uses a full pinhole model—including radial and tangential lens distortions—to 

describe both projector and camera. 
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When using the software, camera images of the projection are down-sampled 

to one third in each dimension first to make the images sharper. The calibration is 

sensitive to the parameter ‘H Window’ which stands for ‘homographic window’. It 

needs to be carefully tuned to get a successful calibration.  

3.4.2. Spectral Calibration 

For the experiments, the hyperspectral projector system is used to generate 

32 spectral channels in the visible wavelengths. The center wavelength of spectral 

channels starts from 425 nm and increments by 10 nm until 735 nm. The full width 

half maximum of each spectral channel is 10 nm. The system can be readily used for 

projecting hyperspectral stripes in the infrared region with appropriate optics for 

infrared. 

Figure 3.10 (a)shows examples of the spectra of light that the projector 

generates for a single spectral channel and for combination of different channels. 

Figure 3.10 (b) shows the spectral calibration of the system. For each point, the x 

value represents the center pixel x-axis location of the stripe for spectral modulation 

on the DMD, and the y value is the center wavelength of the spectral band that this 

DMD pattern generates. It can be seen that there is a very nice linear relationship 

between the two quantities. This linear relationship is employed for generating any 

desired spectrum from the system.  
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  (a) 

(b) 

Figure 3.10: (a) Examples of the spectra of light generated by the 

hyperspectral for a single spectral channel and for combination of different 

channels. (b) Spectral calibration of the system. For each point, the x value 

represents the center pixel x-axis location of the stripe for spectral 

modulation on the DMD, and the y value is the center wavelength of the 

spectral band that this DMD pattern generates. 
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As mentioned earlier, 𝐿(𝜆𝑖) and 𝐶(𝜆𝑖) are parameters of the system that can 

be acquired through experiment.  

The intensity value of ith spectral channel projected on the target by the 

projector system is represented by 𝐿(𝜆𝑖), 𝑖 = 1, 2, … , 32. It can be measured by 

turning on each of the channels and using a spectrometer to measure the intensity 

of the channel as illumination on the target. What is important here is the relative 

intensity between channels instead of the absolute value of the measurement, so 

unit can be arbitrary. Figure 3.11 shows the measured 𝐿(𝜆𝑖). 

 

Figure 3.11: Measured intensity of light from each of the 32 spectral channels 

generated by the hyperspectral projector.  

The camera spectral response is denoted by 𝐶(𝜆𝑖), 𝑖 = 1, 2, … , 32. To measure 

𝐶(𝜆𝑖), project each of the spectral channels on a white paper. For the ith projected 

channel, take the spectrometer measurement of the intensity of the light reflected 
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off the white paper and denote it to be 𝑠𝑖 , and take the camera image of the reflected 

light and denote the intensity of the camera pixel value (or average over several 

pixels) corresponding to where the light bounces off the white paper to be 𝑐𝑖. Then 

𝐶(𝜆𝑖) =  𝑐𝑖 𝑠𝑖⁄ . The measured C(𝜆𝑖)  of the camera used in the experiment is shown 

in Figure 3.12. During the measurement, it is made sure that camera doesn’t 

saturate or get under-exposed. All camera internal parameters are kept fixed during 

this process and during the experiment so 𝐶(𝜆𝑖) has a fixed value all the time.  

 

Figure 3.12: Measured camera spectral response for each of the 32 spectral 

channels generated by the hyperspectral projector. 

3.4.3. Results 

The results of 3-D spatial and spectral reconstruction are shown in Figure 

3.13 and Figure 3.14. The spatial resolution is 128×128. As described before, in this 

experiment, the 30 camera images used for spatial reconstruction can serve as 15 
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pattern-complementary pairs that form 15 global illuminations. The complete 

spectral multiplexing method is used here, and another 17 global illumination 

projections are performed and recorded to directly solve for the reflectance of 

targets

 

                                                                 (a) 

     



 71 

(b) 

Figure 3.13: (a) Picture of the target composing of a green candy, an orange 

candy, a step with green paper and red paper attached. Reconstruction of 3-D 

spatial point cloud viewed from different angles are shown. (b) Reconstructed 

spectra are shown for the area 1, 2, 3, and 4 in the target picture. Spectra are 

average over the pixels within each box. Reconstruction comparison is shown 

between the spectral multiplexing method using permuted Walsh-Hadamard 

matrix and the spectral raster scanning method. 
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                                                                                (a) 
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(b) 

Figure 3.14: (a) Picture of the target composing of a slope with green, red and 

orange tapes attached. Reconstruction of 3-D spatial point cloud viewed from 

different angles are shown. (b)Reconstructed spectra are shown for the area 1, 

2 and 3 in the target picture. Spectra are average over the pixels within each 

box. Reconstruction comparison is shown between the spectral multiplexing 

method using permuted Walsh-Hadamard matrix and the spectral raster 

scanning method. 

3.5. Conclusion 

In this Chapter, a hyperspectral projector system is developed and 

implemented capable of generating coded stripe patterns where the spectrum of 

each stripe can be individually and arbitrarily designed based on the spectrum of 

the light source. The key components in the system include a DMD and a diffraction 

grating. The DMD is used to perform spatial modulation in one dimension of the 

DMD and perform spectral modulation in the other dimension.  
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The system features have a low-cost, simple design and compact form factor. 

It addresses the limitations of commercial projectors system which typically can 

only generate light composing of red, green and blue spectral channels. The 

hyperspectral projector system is used to project 32 spectral channels in the visible 

region in the experiment. It can readily be used for generating more spectral 

channels depending the application, and can project light in other wavelength 

region like infrared with appropriate optics. 

 Two applications of the hyperspectral projector system are discussed in 

experiments. The first is to perform hyperspectral compressive structured light for 

recovering 3-D volume density of static translucent objects as a function of color. 

The results of spectrum-dependent volume density reconstruction are shown. The 

second application is to perform hyperspectral 3-D shape reconstruction of objects. 

The 3-D spatial shape reconstruction and spectral reconstruction for the candy 

target and for the slope target are demonstrated. Based on the hyperspectral 

projector system, future applications include performing video hyperspectral 3-D 

shape reconstruction. For example, in medical applications, the system can be used 

to perform real-time 3-D spatial and hyperspectral reconstruction of vessels in 

human hand or arm in infrared to monitor the pulse of the person. 
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Chapter 4  

4. Dynamic-Rate Neural Networks 

for Compressed Domain Image 

Classification 

Compressed domain image classification aims to directly perform 

classification on compressive measurements generated from the single-pixel 

camera, bypassing the image reconstruction step. While neural network approaches 

have achieved state-of-the-art performance, previous neural network methods 

require training a dedicated network for each different compressive measurement 

rate which is costly in computation and storage. In this chapter, we develop a 

general approach with dynamic-rate property where a single neural network is 

capable of classifying over a range of measurement rates. We demonstrate this 

approach using dataset-independent fixed binary sensing patterns, and this 

approach can be extended to work with other types of sensing matrix. The 
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performance of the dynamic-rate neural network on MNIST and grayscale CIFAR-10 

datasets is presented. 

4.1. Background 

4.1.1. Compressed Domain Image Classification 

   In many traditional and compressive imaging applications, the goal is not to 

reconstruct the full image, but instead to solve an inference problem like anomaly 

detection or classification. Traditionally, such applications rely on acquiring high 

quality images and extracting features from the images for inference [43]–[45]. 

However, in the CS framework, reconstruction of the image, which is either through 

iterative optimization algorithms [46] or more recently through deep neural 

networks [47] have drawbacks: iterative algorithms are computationally expensive 

and reconstructions are poor at low measurement rates; deep learning approaches 

require intensive and prolonged training process; the trained networks are dataset-

dependent, and typically don’t scale well to large images. Alternatively, there has 

been quite a lot of work solving these inference problems in the compressed domain 

directly on CS measurements thus bypassing reconstruction [48]–[52]. This 

approach can use the compressive measurements from the SPC and directly 

perform inferences with these measurements. The single detector-based inference 

has additional virtues of reducing acquisition hardware cost and requiring far less 

data acquisition, therefore saving storage, transmission and computation cost.  
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Figure 4.1: Schematic of compressed domain image classification through 

neural networks. CS measurements of the scene are acquired over time by the 

SPC implementing the sensing matrix row by row. Each row of the sensing 

matrix is reshaped into 2D configuration and displayed on the DMD over time 

and the CS measurement of the scene corresponding to that row is acquired by 

the photodiode. The CS measurements are fed into the trained DRNN for 

classification, bypassing reconstruction step. 

As a first experimental demonstration, Davenport et al. [52] employed the 

matched filter of compressed sensing patterns applied to a library of images to 

create a ‘smashed’ filter and demonstrated the validity of the random projections-

based approach for compressed domain image classification. Later, Li et al. 

employed the same SPC system but used learned sensing patterns through data-

dependent “secant projections” for the same task [53]. Recently, the convolutional 

neural network (CNN) has been employed in data-driven framework for 

compressed domain image classification, as shown in , as shown in Figure 4.1. 

Recent results [49], [50] have produced much higher classification accuracy 

compared to the smashed-filtering approach as well as being computationally more 

efficient. 
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4.1.2.  Related Work 

   In regards to compressed domain inference, Calderbank et al. [54] provided  

the first theoretical results that learning directly in the compressed domain is 

feasible. In particular, they provided bounds demonstrating that the performance of 

a linear SVM in the compressed domain is close to the performance of the best linear 

classifier in the uncompressed domain and that classifiers can be learned directly in 

the compressive domain. Davenport et al. [52] employed the ‘smashed’ filter where 

the random sensing matrix and a 1-nearest-neighbor classifier were used. Later, the 

same SPC system was employed but with learned patterns through data-dependent 

“secant projections” to perform classification directly in the compressed domain 

[53]. Most recently, Lohit et al. [49] employed a convolutional neural network (CNN) 

for compressed domain classification, which produced much higher classification 

accuracy compared to the smashed-filtering approach as well as being 

computationally more efficient. The comparison between different algorithms is 

shown in Table 4.1. Following this work, Adler et al. [50] developed an end-to-end 

deep learning solution for compressed domain classification where sensing matrix 

is jointly learned with the inference operator. In the previous two cases, CS 

measurements are always projected first to the image space, either by multiplying 

the transpose of sensing  matrix to get ΦTy, or by learning the projection matrix as 

weights in a fully connected layer. Then convolutional layers follow starting with the 

dimension of the image space.  
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Measurement 
Rate 

PWH, 
Single-layer 

NN 

PC, 
Single-layer 

NN 

Random 
Patterns, 

Correlation 
Filters [55]  

Random 
Patterns, 

1-NN [52] 
 

0.25 3.09% 3.38% 27.42% 3.38% 

0.1 4.22% 3.57% 43.55% 4.62% 

0.05 6.02% 4.37% 53.21% 7.75% 

0.01 32.84% 20.42% 63.03% 49.84% 

Table 4.1: Comparison of the compressed domain classification accuracy on 

MNIST dataset among different algorithms: permuted Walsh-Hadamard 

(PWH) or Partial Complete (PC) sensing patterns with a feedforward neural 

network with a single hidden layer of 200 neurons, traditional methods of 

correltion filters [55] or 1-nearest-neighbor [52] using random sensing 

patterns . 

Despite their progress in compressed domain image classification, there are 

several limitations with the previous neural network methods. To begin with, these 

methods require training a separate network model for each different measurement 

rate. The ratio of the number of linear measurements to the number of pixels in the 

reconstructed image is called the measurement rate (MR). There are many 

applications where MR keeps changing or is indefinite especially in a compressive 

sensor or imager, and thus such approaches inevitably lead to the training of a large 

number of neural network models which is very inefficient in storage and 

computation. Next, both previous neural network methods [49], [50] first project CS 

measurements into the image space either by a fixed [49] or learned [50] projection 

matrix, which increases the dimensionality that subsequent layers need to deal with 
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and therefore are computationally expensive when the image size is large. Thirdly, 

the classification accuracy remains low at very low MR like 0.01, but the low MR is a 

regime that is especially interesting and useful in a lot of application scenarios, e.g. 

real time compressive classification, and power-constraint environments when 

taking measurements is expensive. Lastly, the learned sensing matrix [50], though 

achieves better performance compared to fixed sensing matrix on some datasets, is 

in full precision. On a real SPC platform, however, displaying floating-point patterns 

leads to reduced pattern speed and large storage cost in memory compared to fixed 

binary patterns. There has been research using 3-bit patterns with 8 grayscale levels 

as an effort towards lowering the bit depth of sensing patters on DMD [56]. 

In addition, fixed binary patterns are data-independent and do not require 

learning from full image datasets which might not exist or extremely expensive to 

acquire, like infrared or hyperspectral datasets. 

4.2. CS Dynamic-Rate Neural Networks  

This section first describes the CS dynamic-rate neural network (DRNN) 

training scheme and then discuss the benefits of using the 2-layer feedforward 

neural network (2L-FFNN) in the experiments for implementing the CS DRNN 

algorithm. Finally, we point out  advantages of using fixed binary sensing patterns 

and of using PC sensing matrix to raise the classification accuracy at very low MRs.    
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4.2.1. Development of CS Dynamic-Rate Neural Networks 

We develop the CS dynamic-rate neural network (DRNN) training scheme 

such that a single trained neural network can perform compressed domain image 

classification over a range of MRs using fixed binary sensing patterns. The 

effectiveness of this approach is demonstrated on MNIST and CIFAR-10 datasets and 

the DRNN produces approximate equal classification accuracy at each MR as that of 

a single-rate neural network. Most importantly, in the CS DRNN training scheme, the 

network only sees CS measurement vectors of a few different MRs within the range 

of interest, instead of being trained on all different MRs, leading to huge savings in 

computation and storage. Such training scheme can also be regarded as opening up 

an extra dimension for performing data augmentation that uniquely exists in CS 

related tasks through neural networks to endow the network with dynamic-rate 

property. Next, the DRNN training scheme is performed on the 2-layer feedforward 

neural network with the following benefits: the success of the DRNN with the 2-

layer feedforward neural network serves as a foundation to generalize the 

effectiveness of DRNN training scheme to deeper networks when more layers are 

added after the hidden layer; also we will show that this shallow and simple 

network has approximately equal performance as the deeper networks on MNIST 

[57] while being computationally more efficient. Lastly, two types of fixed binary 

sensing patterns are studied. In particular, the relatively new binary Partial 

Complete (PC) matrix  [58], [59] for CS which is structured is compared with the 

permuted Walsh-Hadamard (PWH) matrix which in essence is a random matrix. 

Results show that PC matrix significantly increases the classification accuracy at 
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very low MRs like 0.01, which we posit is due to the low frequency patterns from PC 

matrix picking up more energy of the image. 

4.2.2.  CS Dynamic-Rate Neural Networks Training Scheme 

We describe the general approach of CS DRNN training scheme that enables a 

single trained neural network to classify over the range of MRs of interest chosen, as 

shown in Figure 4.2. In contrast, we refer to a neural network trained in the 

standard way which is valid for only one MR as a single-rate neural network. 

Simulation in this chapter shows that the DRNN produces approximately equal 

performance at each MR as that of a single-rate neural network for the particular 

MR. To train a DRNN, firstly, the desired range of MRs is chosen for the DRNN to 

perform classification with. mrmin and mrmax are used to denote the minimum and 

maximum MRs, and the corresponding number of CS measurements are mmin and 

mmax. For training, a set of intermediate MRs between mrmin and mrmax are selected: 

{mr1, mr2, …, mrk}, where k is the total number of selected intermediate MRs. For 

every training image, CS measurements of the selected MRs are generated. The 

measurement vectors are zero-padded at the end so they are all of length mmax, 

which is also the dimension of the input layer of network. All the zero-padded CS 

measurement vectors constitutes the new final training set. Then the network is 

trained on this final training set with standard optimization algorithms like 

stochastic gradient decent (SGD) and Adam [60]. It is crucial to randomly shuffle the 

data points in the training set. Training on a series of data batches where each batch 

is from a single MR fails to work as we have learned through experiments.  
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A key question in the DRNN training scheme is: how large should k be? The 

naive approach where all MRs between mrmin and mrmax are selected, however, will 

cause the final training set to explode and drastically increase the training time and 

complexity. And we have found that it is unnecessary. As is shown on MNIST and 

grayscale CIFAR-10, an important discovery of the chapter is that training the 

Figure 4.2: DRNN training and test scheme. SPC acquires CS measurements 

of the scene over time where each measurement is made using one row of 

the sensing matrix Φ. In this schematic, m1 = mmin and m3 = mmax denoting 

the range of CS measurements chosen for the DRNN to perform classification 

with. For training the DRNN, a few intermediate numbers of measurements 

between m1 and m3, or equivalently a few intermediate MRs, are selected 

and the corresponding CS measurement vectors of every training image are 

used in training. For simplicity of illustration in the schematic, only one 

intermediate number denoted by m2 is shown. Measurement vectors with a 

smaller number of CS measurement entries than m3 are padded with zeros 

so they are all of length m3. The trained DRNN can perform classification for 

every different number of CS measurements between m1 and m3. 
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network on only a few of the intermediate MRs is sufficient to achieve expected 

performance and that adding training data of more MRs does not show significant 

improvement.  

   The CS DRNN training scheme is simple in procedure and efficient in 

computation. It involves minimal processing preparing the new training set and 

uses standard neural network training algorithms without need for modification. 

The DRNN training scheme bears similarities but also key differences compared to 

the conventional data augmentation methods used for preprocessing full images 

such as cropping, flipping and rotation. In training DRNN, mrmin can be a small 

fraction of mrmax, e.g. mrmin is approximately 4% of mrmax in our experiment. The CS 

DRNN training scheme can be regarded as opening up another dimension for 

performing data augmentation that uniquely exists in CS related tasks to endow the 

neural network with dynamic-rate property, and it is in parallel to the conventional 

method. In this sense, two types of data augmentation can be performed for 

compressed domain classification using neural networks: the conventional image 

augmentation which makes the system invariant under changes due to object 

location, lighting, angle, etc., and CS dynamic-rate data augmentation which endows 

the system with this dynamic-rate property. 
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4.2.3. 2-Layer Feedforward Neural Networks 

The network architecture we use in this chapter for implementing DRNN 

training algorithm is a 2-layer feedforward neural network (2L-FFNN). It consists of 

the following layers: an input layer with mmax neurons; a fully-connected layer also 

called hidden layer with tan-sigmoid transfer function, with H hidden neurons; an 

output layer with softmax transfer function with c output neurons, where c is the 

number of classes of the dataset. 

   We believe there are significant benefits of using the 2L-FFNN. Firstly, the 

success of DRNN training scheme with 2L-FFNN demonstrates that a single fully-

connected layer after the input layer can extract discriminative nonlinear features 

possessing dynamic-rate property by training on a few of MRs. Based on the 

foundation of the 2L-FFNN, the effectiveness of the DRNN training scheme is 

expected to generalize to deeper networks where more layers are added after the 

hidden layer. Secondly, we show that the simple 2L-FFNN with binary sensing 

patterns has approximately equal performance as convolutional networks with ΦTy  

or Φ+y as input on MNIST and grayscale CIFAR-10. The 2L-FFNN scheme is 

potentially much more efficient in computation and power consumption because of 

reduced input size due to signal compression, which is crucial in resource-

constrained applications. Lastly, if adding more layers after the hidden layer, the 

number of neurons in the first fully-connected layer can be designed to be smaller 

than the image dimension to avoid exploding number of weights and overfitting.  
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4.2.4.  DRNN with Binary Sensing Matrices 

As mentioned earlier, to prove the feasibility of DRNN, we focus on using 

fixed binary sensing matrices for taking CS measurements in contrast to random 

Gaussian [49] or learned sensing matrix [50] which are in full-precision. We study 

two types of binary sensing patterns: the randomly permuted Walsh-Hadamard 

(PWH) matrix, and the Partial Complete (PC) matrix. PWH is generated by randomly 

permute the rows and columns, respectively, of the Walsh-Hadamard matrix. In the 

PC matrix, the rows are grouped into blocks where the same signature pattern is 

shared within a block of rows, and the measurement values for rows in each block 

tend to have similar intensities. Examples of PWH and PC sensing patterns displayed 

on the DMD are shown in Figure 4.3. The first block of rows in the PC matrix 

consists of low frequency patterns, and since most natural images have energy 

concentrated in low frequency region, we expect PC matrix to perform better at very 

low MRs than PWH matrix. 

   (a) 
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   (b) 

Figure 4.3: (a) Images of the first 10 permuted Walsh-Hadamard (PWH) 

sensing patterns. (b) Images of the first 10 Partial Complete (PC) sensing 

patterns.  

   Fixed binary sensing patterns are more beneficial in practice rather than 

full-precision random Gaussian or learned patterns. Even though displaying 

floating-point patterns on the DMD in a SPC platform is possible by temporal 

modulation of bit planes of the sensing pattern, it leads to reduced pattern speed 

and increased storage cost in memory compared to binary patterns. Also, fixed 

binary sensing patterns are dataset-independent and do not require learning from 

full image datasets which might not exist or extremely expensive to acquire, like 

infrared or hyperspectral datasets. 

4.3.  Experimental Results 

In this section, we present the simulated experimental results for performing 

the CS DRNN training scheme on 2L-FFNNs. We compared the PC matrix and PWH 

matrix for sensing and found that PC sensing matrix greatly enhances the 

classification accuracy at very low MRs. In addition, we compared the 2L-FFNN with 
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convolutional network scheme using fixed projection matrix to show that they have 

approximately equal performance. 

4.3.1. Datasets 

Two widely used datasets MNIST [57] and CIFAR-10 [61] were tested and we 

slightly modified them to suit our problem setting as described here. Example 

images of each modified datasets are shown in Figure 4.4. MNIST dataset consists of 

2828 grayscale images of handwritten digits, with 60000 training images and 

10000 test images. Each image belongs to one of the ten digits. Since PWH matrix 

and PC matrix are traditionally base 2 matrices, we pad zeros around four sides of 

every image evenly so that the final image size becomes 3232, and use 10241024 

PWH and PC matrices for sensing. The CIFAR-10 dataset contains 3232 color 

images of 10 classes with 50000 training images and 10000 test images. Since our 

problem setting of interest concerns a monochromatic single-pixel camera with a 

single photodetector for short-wave infrared (SWIR) where CS measurements are 

by nature grayscale, we use only use the intensity channel of CIFAR-10 images for 

classification, which could reduce classification accuracy but more accurately 

reflects the type of SWIR image data that would be acquired. 
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Figure 4.4: Example images from datasets used in this chapter: (a) MNIST 

dataset where each image is zero-padded to reach size 32×32, (b) grayscale 

CIFAR-10 where only the intensity channel of each image is used. 

4.3.2. Training Details 

For DRNN training, we chose mrmin = 0.01, mrmax = 0.25 as an example, and 

accordingly, mmin = 10, mmax = 256, because we want to include very low MRs like 

0.01 which is a challenging case and of great importance in resource-constrained 

platforms, as well as intermediate MRs like 0.25. We studied the DRNN performance 

of using different numbers of intermediate MRs for training. For simplicity, we use 

‘k-MR training’ to indicate that k different MRs are used for training for every image 

in the original training image dataset. We compared k = 4, 6, 10 and 50 MRs using 

the 2L-FFNN with 400 hidden neurons. The trained network is tested on CS 

measurement vectors containing mmin all through mmax measurements (also zero-

padded to reach length mmax) for every test image.  
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    The MRs and corresponding number of CS measurements selected for 

training for all experiments are: for 4-MR training, m = [10, 51, 102, 256], 

correspondingly mr = [0.01, 0.05, 0.1, 0.25]; for 6-MR training, m = [10, 20, 51, 102, 

150, 256]; for 10-MR training, m = [10, 18, 26, 34, 42, 51, 75, 102, 180, 256]; for 50-

MR training, m starts from 10 with an increment of 5 until 250, plus 256. We follow 

the following general principles in selecting m: Firstly, m = [10, 51, 102, 256] are 

always included for better comparison; Secondly, more MRs are selected in the low 

MR region where the network classification performance changes rapidly, and less 

in high MR region where performance changes slower. The loss function used is 

cross-entropy. Specifically, we use the Adam [60] optimizer for training with the 

following parameters: initialLearningRate = 5e-5, learningRateDropFactor = 0.9, 

learningRateDropPeriod = 4, total number of epochs = 100.    

4.3.3.  Results and Discussion 

Figure 4.5 shows the test accuracy of compressed domain image 

classification on zero-padded MNIST for the dynamic-rate 2-layer feedforward 

neural networks with 400 hidden neurons using the PWH sensing matrix and PC 

sensing matrix.  



 91 

               (a) 
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              (b) 

Figure 4.5: Test accuracy of DRNNs and single-rate neural networks for 

compressed domain image classification on zero-padded MNIST dataset using 

(a) PWH matrix, and (b) PC matrix. The network architecture is the 2L-FFNN 

with 400 hidden neurons. Comparison is shown among different DRNNs that 

are trained with 4, 6, 10 and 50 different intermediate MRs between 0.01 and 

0.25, respectively. The single-rate network is trained with only one MR of 0.25 

corresponding to 256 measurements. Each curve represents the test accuracy 

for one neural network. The markers indicate that the network training 

dataset includes the specific number of measurements represented by that 

marker. It is clearly shown that 10-MR training is sufficient and produces 

approximately equal performance as the 50-MR training. 4-MR and 6-MR 

trainings have compared to 10-MR training. The single-rate network performs 

poorly compared to DRNNs. Also the PC matrix has much better accuracy than 

PWH matrix at low MRs. 

Each plot shows DRNNs that are trained with 4, 6, 10 and 50 different 

intermediate MRs, respectively. The single-rate network is trained with one MR of 
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0.25 corresponding to 256 measurements and is expected to be most accurate only 

for predicting 256 measurements. Figure 4.5, each curve represents the test result 

for one neural network. The DRNNs and single-rate networks are tested in the same 

way where measurement vectors are zero-padded at the end to reach length 256. 

The markers on each accuracy curve indicate that the specific numbers of CS 

measurements represented by markers are used in training.  

It is clearly demonstrated that, for both PWH matrix and PC matrix, selecting 

10 intermediate MRs for training is sufficient. It produces approximately equal 

performance as selecting 50 intermediate MRs. For either 4-MR or 6-MR training, 

though the test accuracies are the same at those MRs selected for training compared 

to 10-MR, the curves also have dips for MRs that the network didn’t see during 

training at the lower MRs. Also the single-rate network trained for 256 

measurements performs poorly compared to DRNNs. Besides, the PC matrix has 

much better accuracy than PWH matrix at low MRs.  

   Results for grayscale CIFAR-10 dataset are shown in Figure 4.6. Same as 

MNIST, 10-MR training produces approximately equal performance as 50-MR 

training and the single-rate model has poor performance compared to DRNNs. Only 

the 10-MR and 50-MR training results for grayscale CIFAR-10 are shown since we 

found that the trend is exactly the same as with MNIST for 4-MR and 6-MR training 

which generates large dips on the curve. 



 94 

 

Figure 4.6: Test accuracy of compressed domain image classification for 

different DRNNs and single-rate neural networks on grayscale CIFAR-10. The 

network design is the 2L-FFNN with 400 hidden neurons. Comparison is 

shown among DRNNs trained with 10-MR and 50-MR training using PC and 

PWH sensing matrices. The single-rate network is trained with only one MR of 

0.25 corresponding to 256 measurements. Each curve represents the test 

accuracy for one network. Same as MNIST, 10-MR training is sufficient and 

produces approximately equal performance as the 50-MR training. The single-

rate network performs poorly compared to DRNNs. PC matrix has much better 

accuracy than PWH matrix at low MRs. 

   It is clearly shown that PC sensing matrix has much higher test accuracy at 

very low MRs compared to PWH matrix for both MNIST and grayscale CIFAR-10. 

This could be because that the first 64 sensing patterns from the 10241024 PC 

matrix are all low frequency patterns and therefore capture more energy and 
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information of the image to facilitate classification. We have also noticed the that, 

while the accuracy curve is smooth for 10-MR and 50-MR training using the PWH 

matrix, the accuracy curve using PC matrix has step-like features. The reason for this 

could be that the PWH is a random matrix and each measurement picks up about 

the same amount of information of the image to facilitate classification, while the 

measurement values of the PC matrix could vary a lot between different blocks of 

rows and therefore rows in different blocks contribute different amount of 

information.  

Given the validation and success of the DRNN training scheme, we then also 

compare the performance between the DRNN at a given MR with the performance of 

a single-rate neural network for that particular MR. For zero-padded MNIST, using 

2L-FFNN with 400 hidden neurons, we train single-rate neural networks valid for 

MRs 0.01, 0.05, 0.1 and 0.25 separately and compare with 10-MR DRNN training 

using PWH and PC matrices.  

We also tested the method in [49] for single-rate networks where we use 

Gaussian random sensing matrix and the Lenet-like network with two convolutional 

layers using ΦTy as input. Test results are also compared at MRs of 0.08 and 0.15 

which none of the DRNNs or single-rate networks were trained on. Results are 

shown in Table 4.2. There are two accuracies in each table cell for MRs 0.15 and 0.08 

for single-rate neural networks, where the first is predicted by the single-rate 

network below this cell, and the second is predicted by the single-rate network 

above this cell. In the case of single-rate 2L-FFNN, more measurements do not yield 
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any improvements since the input layer has no place to input them, and less 

measurements decreases the performance much more than the DRNN. In the case of 

Lenet-like network that receives ΦTy which is of size 3232 as input, the 

performance decreases severely with more measurements. Since with more 

measurements, ΦTy is expected to be a better estimate of the signal x, this drastic 

performance decrease with more measurements shows that the stability and 

generalizability of the method where ΦTy is used as input to a convolutional neural 

network [49] are not good and potentially suffer from stability and generalizability 

problems. 

Table 4.2: Test accuracy comparison of compressed domain image 

classification between DRNNs and single-rate neural networks on zero-

padded MNIST 

 

MR 

Number of 
CS 

Measureme
nts 

DRNN, PC, 2L-
FFNN 400,  

10-MR 
training 

DRNN, PWH, 2L-
FFNN 400,    10-

MR training 

Single-rate, PC, 
2L-FFNN 400 

Single-rate, 
PWH,    2L-
FFNN 400 

Single-rate, 
Gaussian, 

2 convolutional 
layers network 

0.25 256 98.05% 98.08% 96.93% 96.90% 98.06% 

0.15 154 97.53% 97.71% 
       96.58% / 

93.33% 
      96.45% / 

85.28% 
68.13% / 70.17% 

0.1 102 97.19% 97.54% 96.58% 96.45% 96.68% 

0.08 82 96.93% 96.73% 
      95.46% / 

94.87% 
     92.34% / 

91.43% 
50.14% / 62.60% 

0.05 51 96.31% 95.41% 95.46% 92.34% 94.08% 

0.01 10 78.61% 66.43% 79.60% 69.31% 68.24% 
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Table 4.3: Test accuracy comparison of compressed domain image 

classification between DRNNs and single-rate neural networks on gray-scale 

CIFAR-10. 

For grayscale CIFAR-10, as a comparison with the dynamic-rate 2-layer 

feedforward network, we also tried single-rate networks using Φ+y as input where 

Φ+ is pseudo-inverse of Φ, and tested on a deep network with 3 convolutional 

layers and another deep network with 7 residual layers. Results for grayscale 

CIFAR-10 are shown in Table 4.3. Same as in Table 4.2, in the table cell of 0.15 and 

0.8 for single-rate models, the first accuracy is predicted by the single-rate network 

below this cell, and the second is predicted by the single-rate network above this 

cell. Similar to MNIST, here we also observe that when using Φ+y as input to the 

convolutional or residual network, with more measurements where Φ+y is expected 

to be a better estimate of the signal x, the network actually performance worse, 

MR 
Number of CS 

Measurements 

DRNN, 

PC, 2L-

FFNN 

400,  10-

MR 

training 

DRNN, 

PWH, 2L-

FFNN 400,  

10-MR 

training 

Single-rate, 

PC,  

2L-FFNN 

400 

Single-rate, 

PWH,    

 2L-FFNN 

400 

Single-rate, 

PWH,      

pseudo-inverse 

projection,                          

3 convolutional 

layers 

Single-rate, PWH,                             

pseudo-inverse 

projection,                                       
7 residual layers 

0.25 256 45.08% 43.89% 41.38% 41.13% 44.95% 46.05% 

0.15 154 45.28% 41.46% 
42.62%/ 

35.61% 

39.69%/ 

28.32% 

36.02% / 

38.49% 
34.61% / 34.81% 

0.1 102 44.93% 41.36% 42.62% 39.69% 41.40% 39.86% 

0.08 82 45.52% 39.95% 
39.81%/ 

40.48% 

38.72%/ 

36.19% 

29.69% / 

37.35% 
25.57% / 36.29% 

0.05 51 42.31% 37.28% 39.81% 38.72% 37.27% 35.61% 

0.01 10 31.10% 26.02% 33.86% 26.87% 26.49% 24.89% 
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which again shows that using an estimate or proxy image as input suffer from 

stability and generalizability problems. 

   For both datasets, it is shown that the dynamic-rate 2-layer feedforward 

neural network produces approximately equal performance as single-rate models of 

2-layer feedforward networks for PC and PWH matrixes and deeper networks with 

convolutional and residual layers for PWH matrix at the trained MRs of 0.01, 0.05, 

0.1 and 0.25. Also, PC matrix increases classification accuracy compared to PWH 

matrix at very low MRs of 0.01 and 0.05.  

4.3.4. Similarity between Zero-Padding of CS Measurement Vector and the 

Dropout Layer 

CS measurement vectors of different MRs are obviously of different lengths 

while the input layer of the neural network receives a fixed length input. Developing 

a neural network that can work with different MRs inevitably faces the problem of  

how to deal with indefinite length of the input vector. Here, the problem is solved by 

appending zero values at the end of the measurement vectors. Note that the 

absolute values of the entries of the measurement vector are not close to zero. The 

typical value for entries in a measurement vector in the experiment is around 200. 

So zero-padding cannot be regarded as making an approximation of the 

measurement entries. We believe the success of the zero-padding method with the 

input vector in the DRNN training scheme can be explained to some extent by its 

similarity with the dropout layer  in a regular neural network.  
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The dropout layer has been shown to improve the performance of neural 

networks. For each iteration during training, the neurons in the dropout layer are 

randomly turned off. When a neuron is turned off, the activation of the neuron is set 

to zero and all the weights connecting to that neuron doesn’t get updated in that 

iteration. The effectiveness of dropout layer comes from its ability to  break down 

the collaboration or inter-dependency between neurons and has a similar effect as 

L2 regularization. Dropout layers are used inside the neural network after the input 

layer, while the zero-padding method in the DRNN training scheme is similar to 

performing dropout in the input layers.   

4.4.  Conclusion 

In this chapter, we developed a general  and efficient CS DRNN training 

scheme that endows a neural network with dynamic-rate property for compressed 

domain classification using fixed binary sensing patterns. The DRNN is capable of 

predicting over a range of MRs on CS measurements acquired by a SPC. In this 

approach, the network only needs to be trained on a few intermediate MRs within 

the range of interest. The effectiveness of this approach is demonstrated on zero-

padded MNIST and grayscale CIFAR-10. We also showed that PC sensing matrix 

performs better than PWH matrix at very low MRs. Since PWH is a random matrix 

and PC matrix is structured, the CS DRNN method is expected to generalize to other 

types of random or structured sensing matrix as well. In addition, we demonstrated 

that the 2-layer feedforward network has approximately equal performance as the 

deeper networks in previous methods while being potentially efficient in 
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computation, and serves as a foundation to generalize the effectiveness of the CS 

DRNN training scheme for deeper networks when more layers are added. I feel the 

DRNN approach is not only useful in the single pixel camera architecture but will 

likely also be beneficial in use with other compressed sensing camera systems. 

A Novel Concurrently Developed Approach 

The DRNN work in this chapter was fully developed as part of my PhD 

research before my PhD proposal. I presented this work on my PhD proposal on 

September 6th, 2018 at Rice University. Two days after my PhD proposal, I found a 

new paper on Arxiv from Prof. Pavan Turaga and his research group [62]. They 

developed a rate-adaptive neural network for compressed domain classification 

which can also perform classification over a range of MRs. The difference between 

their rate-adaptive neural networks and our DRNN is that their rate-adaptive neural 

network learns the sensing matrix through a fully-connected layer besides 

performing classification, as opposed to our concurrent CS DRNN training scheme 

that uses fixed binary sensing matrixes as presented in this chapter. Their algorithm 

for training rate-adaptive neural networks is much more complicated than the 

DRNN training scheme. Their algorithm requires training the network fully for 

multiple cycles, each cycle for a different measurement rate that the network is 

expected to work with. During each training cycle, part of the parameters of the 

network need to be fixed allowing the rest parameters to be trained, whereas the 

DRNN training scheme only requires training the network for one cycle and no need 

to fix any parameters. The algorithm ideas of our DRNN training scheme and their 
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rate-adaptive neural networks follow completely different principles. Their 

algorithm of rate-adaptive neural networks cannot be generalized or extended to 

training neural networks that takes in CS measurements produced by fixed sensing 

patterns. 
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Chapter 5 

5. Conclusion and Future Directions 

Hyperspectral imaging and machine vision are critical technologies because 

of their importance in a wide range of application. And there remain a lot of 

challenges in their practical realization. In this thesis, we explored the applications 

of compressive sensing in different hyperspectral imaging and machine vision 

systems. The advantages of the novel sensing scheme are demonstrated in this 

thesis over traditional methods, by exploiting the spatial and spectral sparsity of 

data and the DMD-based instruments.  

A compressive hyperspectral microscope system is developed based on the 

system in []. A main contribution in this thesis is that a novel method is developed to 

increase the spatial resolution of the microscope system using complementary mask 

patterns, addressing the limitation of the system in [36][36] where spatial 

resolution is reduced when using the modulation pattern on the DMD to solve the 
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diffraction issue. Another contribution is that the proposed system enjoys a new 

optical design in the illumination part allowing the microscope to conveniently 

select and operate in any of the bright-field transmission, bright-field reflection, 

dark-field transmission and dark-field reflection modes. Experimental results are 

successfully demonstrated with the system on fluorescent microspheres as well as 

on studying plasmonic spectra of gold nanoparticles and dark-field imaging on 2D 

TMDs. The overall system presents a fast and low-cost hyperspectral microscope 

system with high dynamic range and enhanced SNR The system and approach can 

be easily extended to wavelength beyond the visible spectrum compared to other 

alternatives. 

Based on the modulation capability of DMD and the spectrum dispersing 

power of the diffraction grating, a hyperspectral projector system is designed and 

implemented capable of generating coded stripe patterns where the spectrum of 

each stripe can be individually and arbitrarily designed based on the spectrum of 

the light source. The system is low-cost, of simple design and compact form factor. It 

addresses the limitations of commercial projectors system which typically can only 

generate light composing of red, green and blue spectral channels. The 

hyperspectral projector system is used to project 32 spectral channels in the visible 

region in the two applications. The first application is to perform hyperspectral 

compressive structured light for recovering 3-D volume density of static translucent 

objects as a function of color, and the second it hyperspectral 3-D shape 

reconstruction of objects. The system can readily be used for generating more 
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spectral channels depending the application, and can project light in other 

wavelength region like infrared with appropriate optics. Based on the hyperspectral 

projector system, future applications include performing video hyperspectral 3-D 

shape reconstruction. For example, in medical applications, the system can be used 

to perform real-time 3-D spatial and hyperspectral reconstruction of vessels in 

human hand or arm in infrared to monitor the pulse of the person. 

Finally, we developed a general and efficient method to perform 

classification in machine vision directly in the compressed domain instead of raw 

pixel domain bypassing the signal reconstruction step which is time and 

computation consuming. We developed the CS DRNN training scheme that endows a 

neural network with dynamic-rate property for compressed domain classification 

using fixed binary sensing patterns. The DRNN is capable of predicting over a range 

of MRs on CS measurements acquired by a SPC. The network only needs to be 

trained on a few intermediate MRs within the range of interest. The effectiveness of 

this approach is demonstrated on zero-padded MNIST and grayscale CIFAR-10. We  

also showed that PC sensing matrix performs better than PWH matrix at very low 

MRs. Since PWH is a random matrix and PC matrix is structured, the CS DRNN 

method is expected to generalize to other types of random or structured sensing 

matrix as well. In addition, we also demonstrated that the 2-layer feedforward 

network has approximately equal performance as the deeper networks in previous 

methods while being potentially efficient in computation, and serves as a foundation 

to generalize the effectiveness of the CS DRNN training scheme for deeper networks 
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when more layers are added. Lastly, this approach can be applied to compressively 

sensed data of higher dimensions, e.g. adding the spectral dimension and/or 

temporal dimension as well as the two spatial dimensions for direct classification 

and other machine vision tasks without requiring reconstruction. For example, 

temporally, spatially and spectrally compressed data has been proven to be 

extremely time and computation consuming to reconstruct. Performing directly in 

compressed domain using the proposed DRNN method has great potential in saving 

time and energy.  
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