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Abstract 

Near-Infrared Imaging and Optical Microscopy by Compressive Sensing 

by 

Ting Sun 

Given its important role, factors such as sensitivity, resolution, dwell time, and 

bandwidth limit are critical parameters for detectors in modern optical imaging. A new 

method known as compressive sensing has emerged, which greatly improves the imaging 

resolution of these detectors. In our configuration, a digital micromirror device randomly 

but controllably modulates the light before it is collected at the detector. This process 

simultaneously compresses the signal because the measurement projects the signal onto a 

white-noise basis. Subsequently, the data from this incoherent basis is reconstructed into 

a complete real-space image. Given its compressive nature, far fewer measurements are 

required than the total number of pixels which greatly decreases the acquisition time of 

the signal. In addition, the intensity of the compressed signal at the detector is much 

greater than its raster scan counterpart and therefore results in greater signal sensitivity 

and improved image quality. These advantages make compressive sensing particularly 

attractive for use in single-detector near-infrared imaging and white light optical 

microscopy. 
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Chapter 1 Introduction 

1.1 Preface 

In an old weighing puzzle, there are 12 identical looking coins. Eleven are made of 

gold and weigh the same. One is counterfeit, which can be heavier or lighter than the rest. 

You only have a classic balance scale with two pans, which reports which pan is heavier 

(Fig. 1). How many measurements do you need to conclusively identify the fake coin and 

determine if it is heavier or lighter? This question was fully answered in 1946 by Dyson 

[1]. Later, more papers were written and new solutions were published including both 

adaptive and non-adaptive methods. Surprisingly, instead of measuring the coins one by 

one, you can take just three measurements to perfectly solve his problem. From this 

example, we can see that the total necessary amount of information we need to solve a 

problem is much less than that of original unknown. Why? The magic here is the non-

traditional, indirect measurement approach. The original information or signal is 

manipulated before it is detected. After this, we use a mathematical optimization 

algorithm to search for the final answer. By doing so, data volume is deducted 

dramatically which enables both simpler and lower cost information platforms and more 

efficient data processing. 

Figure 1.1 Scale balance and coins 
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1.2 Compressive Sensing 

The counterfeit coin puzzle has its own intrinsic property—all the coins are the 

same except one. Identifying this one is like solving a very sparse problem. Therefore, 

original signals are not equally important any more; instead, most of the energy 

concentrates on those sparsities, which best represent the essence of a problem. Most of 

the signals (sound, image, etc.) in nature have some inherent structure in them. Even if 

these structures are not shown in the real spatial domain, people have found various ways 

to examine them in another domain, such as Hilbert space. Now the question is: how to 

identify the structure or sparsity with a minimum number of measurements? Actually, 

because we do not know the locations of the significant components, the fact that the 

signal is sparse does not help us at all. The solution to this dilemma is correlating the 

sparse signal against a series of random waveforms. All the components are addressed 

independently and mixed in a variety of ways. For each measurement, it is a linear 

combination of randomly picked elements, which may be important or not at all. 

However, embedded in these measurements is all of the critical information about the 

signal. By applying an optimization algorithm, we can search for what the significant 

values are and where they are located. 

This is the whole picture of compressive sensing. It brings about a smart and 

efficient method of signal acquisition—find out the signal's structure, correlate it to 

random noise, and reconstruct it back with an optimization program. Because 

compression and sensing are realized simultaneously, the amount of information to be 

processed is considerably reduced. 
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Compressive sensing field has evolved a lot from pure mathematic theory to real 

application and they also stimulate one another for continued improvement. In Chapter 2, 

the theory of compressive sensing will be explained in detail. The applications, especially 

in imaging, will be elaborated in chapters 3, 4 and 5. 
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Chapter 2 

Compressive Sensing Theory 

2.1 Sparsity 

Sparsity, which has a long history of success in digital signal/image processing, 

considerably reduces the computational requirements and storage cost of data. So the 

fundamental problem is to look for a transformation that puts the most energy of the 

signal in the fewest transform coefficients. Now the design of dictionaries (e.g., DCT, 

Fourier, Wavelets, Curvelets etc.) for sparse representations has led to extremely efficient 

compression methods, such as JPEG, MP3 and MPEG coding for image, audio and video 

data respectively. 

Let's consider a real-valued signal a(n) with length N (n=l, 2,..., N). For 2D 

images, we just order N pixels to a ID vector. Let matrix ,XF := [I//1,I//2,...,I//N] be a basis 

for RN. Then signal a(n) can be written as a linear combination of elements oPF . 

N 

a = ^y/(n)x(n) = *¥x 

Here x is an Nx 1 column vector, called the transform coefficient. F̂ is an NxN matrix 

with the basis vectors y/(n) as the columns. If a is K-sparse, that means vector x has only 

K<N nonzero values. 

For example, Fig. 2.1 shows an 8-bit grayscale 512x512 pixel mandrill image and 

its eight-level wavelet decomposition. Most of the areas in the wavelet domain are black 

which means the transform coefficients are zeros or very close to zeros. By setting a 
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threshold, we usually keep 10% of the total number of pixels to compress it. This process 

dramatically improves the data storage efficiency and transmission speed. 

Figure 2.1 Mandrill image in space & wavelet domain 

However, we need to acquire the information from all the pixels to execute a wavelet 

transform. As we know, CCD (charge coupled device) and CMOS (complementary metal 

oxide semiconductor) are widely used image sensors with NxN array of photoelectric 

detectors. Each detector represents one pixel of the image. In digital cameras, DSP 

(digital signal processing) chips collect all the data from CCD or CMOS, transform it in 

the wavelet domain and store the big coefficients. The whole process is done within the 

camera, which consumes a lot of energy in performing the complicated mathematical 

calculation. Since only 10% of this information is useful to us, can we figure out some 

"smart" way to acquire them without wasting time and energy on the other 90%? 

2.2 Random Undersampling 

In random sampling, each item or element of the population has an equal chance of 

being chosen at each measurement. Recent results established that a signal can be 

recovered exactly from randomly undersampled data points if the signal exhibits sparsity 

in a transform domain [19, 20]. 
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Let's consider the example: 

X = sin(2^ x 50f + 2) + 2 x sin(2^ x 2000 + 3 x sin(2^-x 1000 

Signal X is composed of three sinusoid waves. If it is sampled normally above the 

Nyquist rate, the signal is sparse after Fourier transform with three nonzero frequencies-

50, 100 and 200Hz. The amplitude spectrum is plotted in Fig. 2.2(b). When the signal is 

threefold undersampled (Fig. 2.2(c)), it introduces ambiguity between the significant 

frequency coefficients and harmful coherent aliases (Fig. 2.2(d)), which prevents unique 

reconstruction of the original signal. However, when the signal is instead randomly 

threefold undersampled as in Fig. 2.2(e), its amplitude spectrum (Fig. 2.2(f)) turns out to 

be the right frequency components plus some low level random noises. By setting a 

threshold and amplitude correction, the original signal can be exactly recovered. 

Meanwhile, the size of the random noise is a function of the undersampling factor. The 

fewer samples acquired, the higher the noise level. Therefore, random undersampling 

turns the anti-aliasing problem into a much simpler denoising problem. As long as the 

sparse coefficients are above the noise level, they can be pursued and the original signal 

can be reconstructed. 

In 2D situation, traditional sampling is based on point mapping. Every pixel in 

space is addressed independently. For an N*N scene, N samples are needed to avoid 

losing information. Because a wavelet transform introduces sparsity into the image 

representation, it is possible to undersample a scene while still reconstructing it back. In 

the wavelet domain, pixel position and pixel intensity represent spatial frequency and the 

amplitude of the transform components respectively. Random undersampling means 

randomly modulating the signal from all the pixels, in other words incoherent projection. 
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2.3 Incoherent Projection 

Suppose the signal a is randomly manipulated under a measurement basis O. 

b = Oar = O^JC = Ax 

Here O is an M*N randomly generated matrix. Signal a is an Nx 1 vector. Multiplication 

of these two produces an M>1 vector b with every entry "a measurement", where x is an 

Nx 1 vector with K-sparse. The new matrix A is the product of the random basis O and 

the sparsity basis *¥ (Fig. 2.3). Herein <M <N. 

b <J> \Er x 

Figure 2.3 Sketch map of incoherent projection [2]. 3>: random basis, »?•: sparsity basis, x: K-sparse 
vector, b: measurement vector. 

If <D is incoherent with *P , signal x can be recovered from M = 0(K log N) 

measurements. In other words, {<pm } can not sparsely represent the elements of {y/n} 

and vice versa. For example, delta spikes (time domain pulses) and the sine waves of the 

Fourier basis (as we have used in the former ID random undersampling analysis), or the 

Fourier basis and wavelets. Actually, a measure of mutual incoherence of the two bases 

has given by [3] 

/ / ( $ , ¥ ) = m a x | ( ^ , ^ H ) | 

The greater the mutual incoherence, the smaller the number of measurements needed. In 

particular, this incoherence holds with high probability between an arbitrary fixed basis 
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(wavelet, curvelet, Fourier, etc.) and a randomly generated one, such as independent 

identically distributed (i.i.d.) Gaussian (<py e JV(0,1)) or Bernoulli (#?iy =±lwith equal 

probability). Meanwhile, the incoherence also ensures that A = 0*F is a random matrix. 

In considering the hardware implementation, we employ pseudorandom 

measurement patterns with + 1 entries. Mersenne Twister (MT) and permuted Hadamard 

are the two random number generators we have used. 

1. Mersenne Twister 

MT is a pseudorandom number generating algorithm developed by Makoto 

Matsumoto and Takuji Nishimura in 1996 and 1997. The algorithm is coded into a C-

source. By seeding a randomizer, a sequence of random numbers can be generated [4]. 

According to the parity, the entries of the pattern are set as +1 or -1. In gray scale, it is 

shown as black and white pixels with the ratio of about 1:1. For example the first four 

patterns of 32><32 are shown as following. 

Figure 2.4 Mersenne Twister patterns 
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2. Walsh Hadamard 

The random patterns generated by Mersenne Twister have no fast inverse transform 

algorithms. It always takes a long time for reconstruction based on that measurement 

matrix. In mathematics, Walsh-Hadamard transform is an important tool because of its 

simplicity. It is a non-sinusoidal transform by addition and subtraction which is similar to 

Fourier series analysis, but uses square waves instead of sinusoidal waves. And the 

inverse transform is the same as the forward transform except for the multiplication 

factor M [5]. Every row of a Hadamard matrix is generated by a Walsh function. The 

elements in the row and the ordering of the rows are permuted by two vectors - Permx 

and Penny to ensure randomness. Every row is reshaped to an N*N matrix which is our 

measurement matrix. The first four 32><32 non-permuted and permuted Walsh-Hadamard 

patters are shown as following. 

(a) 
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(b) 

Figure 2.5 Non-permuted (a) and Permuted (b) Walsh-Hadamard patterns 

2.4 Signal Reconstruction 

The last step of compressed sensing is the signal recovery from the random 

measurements. 

b = <$> x a = O x * P x i = A x x 
Mxl MxN Nxl MxN NxN Nxl MxN Nx\ 

From the measurement b, sparsity transform matrix ¥ and random projection matrix O 

to resolve x is like solving a system of underdetermined linear equations, because the 

number of measurements M is far fewer than the number of variables N. The solution is 

not unique because all choices of x lead to the same b. However, x is conditioned with 

sparsity, which means only the sparsest solution is the right one. So, it becomes an 

optimization problem. 

There are different algorithms to solve this problem. Basically, it is divided into two 

categories: methods based on Linear Programming (LI-minimization, Basis Pursuit) and 
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greedy iterative methods (Orthogonal Matching Pursuit, Thresholding Algorithms). Each 

of the two approaches has its own advantages. Nowadays, most people agree that Ll-

minimization is the best because of its strongest guarantees [21]. Donoho also proved that 

'Tor most large underdetermined systems of linear equations, the minimal LI-norm 

solution is the sparsest solution" [6]. 

The reconstruction methods we use are fixed-point continuation algorithm 

(Y.Zhang & W.Yin) [7] and LI-magic (J. Romberg) [8]. 

1. Ll-magic: 

Ll-magic is a package for solving several LI based optimization problems, such as 

LI minimization with equality and quadratic constraints, Total Variation (TV) 

minimization with equality and quadratic constraints, etc. What we are using is Min-TV 

with quadratic constraints. 

min TV(x) subject to \\Ax - b\\2 < s 

Here TV is the sum of the magnitudes of the discrete gradient at every point: 

V V 

u-xy i<N
 D xJ

xu«-xv J<N 

0 i = N r'ij \ 0 j = N 

Instead of sparse wavelet coefficients, for a 2D image, its gradient is also sparse. This 

problem is formulated as a second-order cone program (SOCP) and solved using a log-

barrier method [8]. 

Dh;yX = 



2. FPC 

Except SOCP, optimization problems can also be recast as simpler linear program 

(LP). Fixed point continuation (FPC) is one of the representatives. It solves the 

unconstrained problem 

W.-ZN 
> 

by iteratively performing gradient decent steps [7]. |JC| is the LI norm, which represents 

the sum of the magnitudes of the transform coefficients, specifically wavelet coefficients 

in our experiment. 

2.5 Advantages 

Random projection is a universal encoding strategy because it is incoherent with 

any fixed sparsity basis. Using the same random measurements, a decoder can recover 

the signal under any sparse basis according to different applications. If a sparser 

representation is proposed in the future, the same measurement data can be used for 

reconstruction with even higher quality. 

Compressive sensing combines acquisition and compression into one step. There is 

no computation involved in the sensor. All the computational complexity is passed to the 

receiving end, which always contains sufficient computer processing power. The sensing 

stage requirement is pushed to the simplest and cheapest level. 

In 2D cases, signals from the pixels are linearly projected to one 

output/measurement. A sequence of measurements is acquired by changing the projection 
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pattern. The 2D spatial system is transformed to a ID spatial plus temporal system. The 

compression inherent in compressive sensing also reduces the time duration, which 

enables the real application of imaging with a single-pixel detector. 
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Chapter 3 

A Single Pixel Camera 

Compressive sensing based imaging is a light pre-modulation system. Light from 

the scene is randomly manipulated and projected to the photodetector. Every pixel of the 

scene is an equally important information carrier, which demands each pixel to be 

addressed independently in modulation. Furthermore, the frame rate of the modulation 

sequence has to be fast enough to adapt to the practical imaging application. 

3.1 Light Modulation 

In our experiment, the spatial light modulation refers to varying the intensity of the 

light beam. According to the driven force, light modulators are usually divided to 

electrically, optically and thermally addressed devices. Among them, electrical field 

induced optical modulation is the most common because of its fast, precise and user-

friendly controls. DLP (digital light projection), LCD (liquid crystal display) and LCoS 

(liquid crystal on silicon) are the three main technologies [9]. 

We are more familiar with LCD because everyday people are using LCD monitors 

on laptop or desktop computers, LCD watches and televisions, even the LCD on ipods. 

LCD is based on light polarization, which creates an image by passing light through two 

polarized films with the liquid crystal between them. When light passes through the first 

film, it gets polarized. By applying an electrical field on liquid crystal, it will rotate the 
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polarization of the light along with the alignment of the LC molecules and pass the light 

through the second film. Otherwise, light will be blocked. 

LCoS is similar to LCD, but it is based on reflection instead of transmitting light 

through the chip. Liquid crystals are applied directly to the surface of a silicon chip 

coated with a highly reflective layer. The polarization of liquid crystals is used for light 

transmission control and the mirror below reflects the light for display. Light comes from 

the front, through the liquid crystal layer, reflecting off the mirror substrate and passing v 

through the liquid crystal layer a second time, onto the screen. 

Developed by Texas Instruments, DLP consists of a micro-lithographed opto-

electro-mechanical chip which is called a digital micromirror device (DMD). It is 

composed of millions of tiny mirrors made of aluminum. Each mirror can tilt on a 

microscopic hinge driven by electrostatic to reflect light either towards or away from the 

lens. Depending on the tilt of the mirrors, they are used to control the amount of light 

passing through the lens. 

Figure 3.1 DMD structure schematic [10] 

All the three technologies have their advantages and disadvantages in display, cost 

and performance. LCD is relatively cheap and the optics engine structure is simple. It is 

16 



widely used in electronics; however, it still has some issues. For example, it has a long 

response time determined by the speed at which the liquid crystals "twist" to block and 

allow light to pass. Most of the current LCDs have a response time of 50 milliseconds, 

which causes a motion-blur during fast-action sequences. Furthermore, the "screen door 

effect" results in small lines on screen that form grids between the individual pixels of an 

image. Poor color saturation, contrast, and low optical utilization (commonly 10%) hold 

the LCD back from high performance application. Technically, LCoS is far beyond LCD 

with no screen door or rainbow effects, but maintaining high contrast and color saturation. 

Similar to the LCD, its application in light modulation is limited due to the long pixel 

activation time by liquid crystal. DLP is a little more expensive than LCD; however, it 

turns out to be the best candidate for compressive sensing imaging application with high 

addressing speed, high contrast and friendly digital interface. 

3.2 DMD 

The core component of DLP is digital micromirror device. It is a precisely 

reprogrammable light modulator. Figure 3.2 shows a 1024 x 768 DLP® Discovery™ 

1100 Chipset, which is also the one we use in the experiment. The central, reflective 

portion of the device consists of 786432 mirrors. Each mirror is 13.68 um on a side. A 

glass window seals and protects the mirrors. 

3 • B 
Figure 3.2 0.7" XGA DDR DMD 
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3.2.1 Internal Structure 

DMD chip is an integrated MEMS structure with 4 stages (Fig. 3.3) [11]. Every 

pixel is fabricated on a CMOS SRAM cell. By removing or applying a bias voltage, the 

mirror can be tilted. On top of the CMOS layer is the metal address pads and the landing 

sites. The geometry precisely determines the rotation angle to be ±12 degrees. The third 

stage contains two thin, mechanically compliant torsion hinges that will allow the 

rotation of the mirror in the positive or negative direction by balancing the electrostatic 

torque. The final stage is the mirror itself made of aluminum for maximum reflectivity. 

Figure 3.3 4-stage MEMS structure of DMD 

3.2.2 Address Sequence 

Due to the digital nature, DMD accepts binary numbers to represent gray levels of 

brightness. This light modulation or switching technique is called binary pulse width 

modulation. The bit depth of each pixel varies from 1 to 8, corresponding to gray scale 
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values of 0 to 255. It is realized by varying the ratio of "on" verse "off'time of the mirror. 

Human eyes integrate the pulsed light to form a perception of desired intensity. For 

example, 1 bit/pixel means the mirror is fixed in one angle during the whole refresh time: 

" 1 " for 12° and "0" for -12°. Only "black" or "white" can be displayed. One frame needs 

1024x768 bits to display. For 8 bit/pixel, "white" is marked by [ 1 1 1 1 1 1 1 1]. 

Similarly, it takes 1024x768x8 bits to store a frame. 

3.2.3 Characteristics 

1. High Reflectivity 

The interval between two mirrors is only 1 urn, giving a fill factor of up to 90% 

(compare to 70% for LCD). The micromirror is made of aluminum and the sealing glass 

window is coated with anti-reflection layer. According to different applications, coating 

materials vary as needed for UV, VIS and IR. Figure 3.5 shows the window transmission 

spectrum. In the DMD, light efficiency is maximized as a reflective device. 

Figure 3.4 Micromirror array under a microscope view 
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Figure 3.5 Transmission spectrum of DMD window 

20 



2. Fast Switching 

The DMD mirror array is divided into a number of separate sections, normally 16. 

Every section is addressed by the same SRAM. The time needed to load the 1 bit binary 

numbers is about 6 us. So the total loading time is 6><16~100 us [12]. Plus the mirror 

settling time (~20 us), for 1 bit/pixel operation, the frame rate is up to 8000/s (-500 times 

faster than LCD). The latest DMD 4000 has a frame rate of 24,690/s with a resolution of 

1920x1080 pixels. The high speed light modulation of the DMD makes it a perfect 

instrument for a variety of compressive sensing based imaging applications. 
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Figure 3.6 Mirror angular trajectories verses time [12]. Starting angle is -12°. Crossover Trajectory: 
mirror transitions quickly from -12° to +12°; Stay Trajectory: mirror undergoes dynamic 
perturbation but remains on-12°. 
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3. Duration 

Since DMD was invented in the 1980s, a lot of work has been done by TI to assure 

longer lifetime and overall reliability. Nowadays, under normal operation, DMD has a 

lifetime of up to 100000 hours. 

3.3 DMD Controller Board and ALP 

To interface with the DMD, we use an accessory light modulator package (ALP) 

for high speed binary and gray scale patterns display. In our experiment, ALP-1 is 

connected to DMD Discovery™ 1100 board using the parallel interface as is shown in 

Fig. 3.8. Data is loaded via USB 2.0 from PC to on-board SDRAM (2Gbit). The transfer 

rate is about 350 binary frames/s. The useful trigger interface enables us to collect data 

when the mirrors flip and send out a pulsed signal (Fig. 3.7). 

Figure 3.7 Flow chart of ALP operation 
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ALP-1 board 

Discovery 1100 board 

Figure 3.8 ALP controller board for DLP® Discovery™ 1100 
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3.4 Single Pixel Camera Prototype 

Figure 3.9 shows a schematic of the optical setup of a single pixel camera. Light 

radiated or reflected from the object is first focused on the DMD surface. By inputting a 

random pattern to the DMD, the light beam is reflected back in two directions, +12 and -

12 degrees, as shown in Fig. 3.10. Either of them can be used to collect the light with a 

photodiode. Using an analog to digital converter to sample the photo-voltage and average 

it gives a series of voltage values as the pattern changes. Based on those measurements, 

the original image of the object can be reconstructed by our compressive sensing 

algorithm. The actual implementation in the lab is displayed in Fig. 3.11. 

Photodiode 

*\ A/D f • 
Biksireaj'n 

Reconstruction 

DMD 
Array 

Figure 3.9 Single pixel camera schematic [13] 

DMD is a reflective device. The 12 degrees tilting angle is supposed to separate the 

two optical paths completely. The optical path diagram (Fig. 3.10) shows the geometry of 

the imaging system, "n" is the normal line. The diameters of DMD and two lenses are d, I 

and /', respectively and the distances between DMD and lenses are v and v\ The object 

and micromirror are on the conjugate planes. By doing some geometric 

optics calculations, we have 
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Here, 7 8 ° < a < 9 0 ° . 

Usually we choose d=lcm, 1=2.54 cm, /-2.54 cm, 
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As for the field of view, suppose the magnification of the lenses are M and M', then 
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No matter what size of the object is, according to the above equations, we can figure out 

the optimized optical parameters we need. Actually, to acquire better images, sometimes 

we use a group of lens for imaging instead of a single lens. 

lens detector 

Figure 3.10 Optical path diagram 
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The Single Pixel Camera system involves no extra DSP, such as wavelet transforms 

or compression used in digital cameras, but only focusing optics, DMD, ADC and a 

single photodetector. Because of the inherent randomness in the modulation, the raw 

data has already been compressed. Without complicated mathematical calculations and 

coding procedures, which are the battery killers in imaging devices, our setup is 

incredibly efficient with regard to energy and memory usage. Moreover, one detector 

instead of detector arrays enables more applications, such as IR imaging with an InGaAS 

photodiode, low light imaging with PMT (Photomultiplier Tube) or APD (Avalanche 

Photodiode), hyperspectral imaging with a spectrometer and so on. More details will be 

discussed in the next chapter. 

Figure 3.11 Single pixel camera prototype setup [13] 



Chapter 4 

NIR Imaging 

The simple optical engine structure, robust measuring method and high speed 

acquisition makes compressive sensing-based single pixel imaging a strong competitor to 

traditional imaging systems, especially in the non-visible range. 

4.1 NIR Imaging Introduction 

Visible imaging has been a mature industry because of the silicon CCD or CMOS 

gradually improving preparation procedure over the past 30 years. However, beyond the 

visible region, Si is not useable. New materials such as InGaAs, HgCdTe or InSb came 

into being because of their sensitivity to IR light. Typically, the infrared detector is 

composed of two parts: an infrared-sensitive array of IR photodiodes implanted in a thin 

layer of a narrow-bandgap semiconductor, and the silicon-based electronics required to 

store the signal and to sequentially read the signal of many pixels to an output amplifier. 

However those IR sensitive materials are ones with high cost and have a different thermal 

expansion coefficient than the silicon of the multiplexer. For weak IR imaging, relatively 

high dark current without cooling brings more noise to the detector. However with 

compressive sensing, its application in imaging brings new breakthroughs to imaging 

methods, especially the wavelength beyond the visible region. We propose here the short-

wavelength infrared camera setup and simultaneous imaging of both visible and IR by a 

single sandwich photodiode of Si and InGaAs. 



4.1.1 Performance of InGaAs IR Detector 

The mechanism of photodetector is the interaction between the radiation and the 

electrons. The observed electrical output signal results from the changed electronic 

energy distribution. Different materials have different wavelength dependence of the 

response to the radiation. To better compare the responsivity of the photodetectors, a 

figure of merit is used to characterize the performance, which is called detectivity [14]. It 

is given by 

NEP 

Here A is the effective detector area, Af is the signal bandwidth. NEP is noise equivalent 

power. D* is expressed in cm-Hzl/2W~l, a unit which is also called "Jones" in honor to 

R. Clark Jones who defined this magnitude. 

In order to achieve the maximum performance of a detector, it is important to 

understand the role of noise related to detectivity. There are several contributions to the 

noise in photodiode. Basically it is divided into two types: detector noise and background 

noise. Detector noise refers to the contribution from the detector itself under no 

illumination. It is multifaceted in different noise mechanisms. 

1. Photon Noise (Shot Noise). 

Photon noise is fundamental to all photodetectors and is a form of signal dependent noise. 

It arises from the discrete nature of the radiation field. As we know photons are emitted 

from the light source at random. The total number of photons emitted over any time 

interval varies according to a Poisson distribution. It exhibits detectable statistical 
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fluctuations. So photon noise does not depend on the quality of the detector and is 

unavoidable. 

2. Dark current noise 

The dark current is the constant response exhibited by a detector when there is no 

incident light. It is due to the surface recombination and bulk leakage from randomly 

thermally-excited electrons and holes within the depletion region of the device. It is also 

a kind of shot noise, which increases with applied voltage and temperature. 

3. Thermal Noise (Johnson Noise, Nyquist Noise) 

Thermal noise is due to the random motion of thermally-activated electrons in all 

electrical conductors. It is independent of the value of frequency in a given bandwidth. It 

is a white noise and has a Gaussian distribution. 

Background noise results from the blackbody radiation of the surrounding 

environment of the detector. The radiation falling on the detector comes from both the 

target and the background (Fig. 4.1). If the signal is small, it may be buried in the 

background noise and we can not identify it out. For example, for a detector operating at 

a temperature r=300K, the signal energy has to meet hv » kT, which means wavelength 

X should be much less than ~50 um. In contrast to shorter wavelength ranges, like UV 

and VIS, the performance of an infrared detector is strongly affected by the 300K 

ambient conditions of most measurements. 

Figure 4.2 shows how the detectivity varies with the temperature under both 

background noise and detector noise. When temperature increases, dark current noise 

increases at 1 / exp(£g / 2kT); background noise, which is proportional to the radiation 
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flux on the detector, stays constant. When these two are equal, we reach a temperature 

TBLIP called background limited infrared performance (BLIP) temperature. Below BLIP 

regime, there is no gain in decreasing the detector temperature. Above it, the 

performance of the device decreases. For practical reasons, the higher the BLIP 

temperature, the better. 

Figure 4.1 IR detection schematic Figure 

Therefore, the intrinsic fluctuations of background radiation represent a 

fundamental limit on the performance of an infrared detector. Because background noise 

depends on the spectral range, the detector's active area and field of view (FOV), to 

reduce this noise contribution, we have several approaches: 1) cool down the detector. If 

the surfaces surrounding the detector are cooled, background thermal radiation will be 

lessened. 2) reduce the field of view (FOV) or acceptance angle <j> of the detector. 3) 

reduce the detector's effective area. 4) limit the spectral range in which the detector need 

not respond. 
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Figure 4.2 Detectivity as a function of temperature 
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Figure 4.3 Detectivity as a function of wavelength. BLIP: background limited infrared photo detector. 
PC: photoconductive detector. PV: photovoltaic detector. PMT: photomultiplier tube. 
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4.1.2 IR Imager 

Collecting spatial information has evolved from sequential point mapping 

approaches using a single-detector element to global imaging using a two-dimensional 

detector array. The point mapping method requires an additional incorporation of a 

sample positioning stage or scanning mechanics to address every pixel precisely and 

repeatedly. The data acquisition time, signal to noise ratio and spatial resolution couple 

strongly to limit the effectiveness of the technique. The higher the resolution, the less 

signal falls on the detector, the more integration time needed to finish scanning. However, 

the single-detector configuration is still extensively used due to the low cost and great 

diversity of detectors. 

Similar to CCD, focal plane array (FPA) is developed for 2D IR imaging. Infrared 

FPAs are mated via indium bump technology to silicon based readout integrated circuits 

(ROIC) which allow electronic access to every single detector pixel in the array. The 

ROIC serves as an electrical interface between the infrared FPA and off-focal plane 

signal processing electronics. There are a variety of FPA detectors available in the market. 

The choice of different detectors depends on a trade off between the technical 

requirements (detectivity and wavelength range) versus the various costs and limitations. 

Figure 4.3 shows the spectral detectivity curves for some FPA. 

Illumination 
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Figure 4.4 IR FPA structure 
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Cooling operation is one of the obstacles to the widespread use of IR imagers. To 

reduce the thermal noise and get a decent signal to noise ratio, detectors have to be 

cooled and encapsulated. Four-stage thermoelectric cooler, Joule-Thompson cooler and 

Stirling-cycle engine are the normal ways of cooling, but also make the detector bulky, 

heavy, expensive and energy consuming. On the other hand, the high cost of making the 

artificial IR sensitive material an array, especially for high resolution limits the 

commercial use of the imager. 

4.2 IR Imaging Based on Compressive Sensing 

The infrared detector in our experiment is a commercial room-temperature, 

switchable gain, amplified InGaAs photodiode bought from Thorlabs (PDAIOCS) (Fig. 

4.5). It has a wavelength range from 700nm to 1800nm with an eight-position rotary 

switch allowing users to vary the gain in lOdb steps. The peak response wavelength 

is zip = I550nm. The light source we use is a DC regulated 150 watt EKE halogen lamp 

with the spectrum shown in Fig. 4.7. 

Figure 4.5 Appearance of PDA10CS 
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Figure 4.6 Spectrum responsivity of PDA10CS 
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The target image consists of a canvas with a handwritten letter "IR" on it (Fig. 4.8) 

with charcoal pencil. On top of this, there is a layer of blue oil paint which completely 

obscures the lettering when viewed with visible light. Since oil paints are almost 

transparent to NIR light and charcoal absorbs NIR quite well, we should be able to "see" 

the letter under NIR imaging. 

The 768x768 micromirrors are divided into a number of blocks according to 

different resolution. Mirrors within one block are programmed to tilt in the same 

direction, with each block corresponding to a pixel. For an NxN resolution image, we 

take the whole set of N random projections and analyze the reconstruction results by 

picking up different number of measurements. Images recovered using all the 

measurements are information-lossless and always act as a reference because when the 

number of equations is equal to the number of unknowns, the system is referred to as 

uniquely determined or constrained and the solution is unique. 
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Initial imaging was performed at resolution of 32x32 CS measurements, the 

coefficients of which are plotted in Fig. 4.9. Images are reconstructed with two 

algorithms—wavelet-FPC and min-TV. Running FPC is less than Is and TV less than 5s. 

Figure 4.8 Target for NIR imaging 
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Figure 4.9 32 x32 CS coefficients 
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Figure 4.10 32x32 Wavelet-FPC reconstruction results 

37 



100% 70% 

', '/-
>'« 

f .' 
^ J. 

u . 

^ 

1 

* • ' 

* "* 
:%: 

^i 

*ft 

60% 

-i^^Kfe 

50% 30% 

Figure 4.11 32x32 min-TV reconstruction results 
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Choosing the first 30%, 50%, 60% and 70% of total coefficients for calculation, the 

image qualities keep improving. At 60%, the reconstruction results are quite decent for 

both optimization methods. After that, the improvement is not notable. 

Figure 4.12 plots the normalized mean squared error (MSE) of the reconstructed 

NIR images in Fig. 4.10 and Fig. 4.11. The normalized MSE of each image is computed 

as in^[Xr(i)-X(i)]2/^X(i) . The summations are across all the pixels. Xis the 
/ i 

reconstructed image using all the measurements, while Xr is the reconstructed one based 

on partial measurements. The MSE sharply decreases from 0 to 0.4 and then decays more 

slowly afterwards. The rate of convergence of the min-TV algorithm is slower compared 

to wavelet-FPC, but MSE performance is better, especially in lower percentage. The 

shape of this decay curve is dependent on the sparsity of the object in the reconstruction 

basis and on the system noise. In general, this decay is fast until the number of 

measurements reaches the sparsity level of the object. Our experimental result is 

consistent with this trend. 
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Figure 4.12 Normalized mean squared error (MSE) of 32x32 reconstruction with two optimization 
methods. Red: min-TV. Blue: wavelet-FPC 
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For 256x256 resolution, the recovered images are shown in Fig. 4.14 and Fig. 

4.15. Compared to FPC, Min-TV algorithm gives better quality even under 5%, 

especially in the edge areas. However, it takes longer time for reconstruction, normally 

40 minutes. Running FPC is much faster with the CPU time plotted in Fig. 4.13. The 

more measurement coefficients are chosen, the less time consumed for reconstruction. 

But taking more measurements also means longer time for data acquisition. 
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Figure 4.13 CPU time under different reconstruction percentage 
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Figure 4.14 256x256 wavelet-FPC reconstruction results 
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Figure 4.15 256x256 min-TV reconstruction results 
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4.3 Dual-mode Imaging 

The extension of NIR imaging is switching the IR photodiode to a sandwich/two-

color photodiode which allows simultaneous reconstruction of visible and infrared 

images. DSD2 is a commercial dual-band sandwich photodetector with a Si substrate 

mounted above an InGaAs substrate, allowing the detector to be used over the full Si and 

InGaAs wavelength ranges. As a result this detector can be used as a general-purpose 

detection device with a very large operating wavelength range or for remote temperature 

measurements where an extremely wide wavelength range needs to be monitored. The 

typical spectral response of the photodiode is shown in Fig. 4.16. 

Typical Spectral Response 

200 m *» soo m ?oo W 1000 1100 1200 1300 1400 1500 1600 1700 1800 

Wavelength (nm) 

Figure 4.16 Spectrum responsivity of sandwich photodiode DSD2 

Figure 4.17 Appearance of photodiode DSD2 
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The object in this experiment is a 512x512 grey scale Lena image (Fig. 4.18(g)) 

illuminated by a halogen lamp. Visible and IR signals are recorded simultaneously by 

two analog input channels of ADC (analogue to digital converter). We first take the 

32x32 raster scan with DMD by turning on one block at a time. The images shown in Fig. 

4.18(a) and 4.18(b) indicate that both VIS and NIR light are well aligned and focused. 

For comparison, min-TV reconstructions with 100% measurements are performed under 

the same resolution as in Fig. 4.18(c) and 4.18(d). Obviously, the image qualities are 

better than (a) and (b). Because CS measurement always makes use of 50% of the total 

light in FOV instead of 1/322 from raster scan, the signal to noise ratio is much higher. 

At 70% compression rate images quality is comparable to the raster scan, but with 30% 

less data acquisition time and storage space. 

To better address the visible and infrared difference in simultaneous dual band 

imaging, we also tried another object-LED array. The LED1450E is composed of hetero-

structures grown on an InGaAsP substrate. It emits light with a spectral output centered at 

1450nm with the optical power 2mw. Nine LEDs are arranged in 3x3 square. The middle 

three are connected to a DC power supply and radiate IR light. This array is front-

illuminated by a halogen lamp with the IR cutout. The reconstructed images 

corresponding to visible and infrared regime are shown in Fig. 4.19. Because the lamp 

illumination angle and the round structure of the epoxy casing, reflected visible light 

from different LEDs are not uniform in intensity, the corner is weaker than the center. 
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Figure 4.18 32x32 raster scan and CS reconstruction of grey scale Lena 
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Figure 4.19 32x32 raster scan and 128x128 CS reconstruction of LED array 



Chapter 5 

Compressive Sensing Optical Microscopy 

Laser scanning microscopy is a vital technique for studying function and process in 

micro-structure. Its basic working principle is to focus laser light with objective lens on a 

spot on the focal plane within the specimen and scan over it in a pixel-by-pixel manner 

through a scanning mechanism, such as galvanometer-driven mirrors [15] and acousto-

optic deflectors [16]. The contrast of an image may come from reflection, transmission, 

fluorescence, Raman, nonlinear harmonics signals, photocurrent, etc. Because of the 

monochromaticity, narrow linewidth, low divergence and strong power, laser as the light 

source has its own priority in low light imaging (fluorescence, Raman) and confocal 

microscopy. However, this point-mapping approach still has limitations. First, signal to 

noise ratio of an image may suffer greatly with increasing resolution. Because the 

detected signal is proportional to the incident power, increasing the irradiance at each 

pixel might solve this problem. However, laser power has to be limited to prevent optical 

damage and photo-bleaching to the sample. On the other hand, higher resolution means 

longer acquisition time. Because the frame rate is limited by the pixel integration time, 1 

frame/s of a common scanning microscope prevents observation of any event of 

dynamical nature. Even when a video-rate scanning mechanism (spinning Nipkow disk) 

is employed, the frame rate (~10 frames/s) is still far from sufficient for events of short 

response time. Here we propose compressive sensing based microcopy using white light 

source instead of laser. 
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5.1 Optical Beam Induced Current Imaging 

Optical beam induced current (OBIC) is a technique that has been used in failure 

analysis to locate electrically active defects such as diffusion, stacking faults, latch-up 

and leakage in integrated circuits (IC). OBIC images are produced monitoring the 

nonrandom recombination current of the electron-hole-pairs generated by a laser as it is 

scanned across the chip surface. If the excitation photon energy exceeds the smallest 

bandgap, it will produce many free electron-hole pairs. These pairs usually recombine 

randomly in the material; however, if production occurs in a depletion region, the charge 

carriers will be separated by the junction potential before recombination producing an 

OBIC schematic (Fig. 5.1(a)). The variations in currents produced by the laser beam as it 

scans the sample are converted into variations in contrast to form the OBIC image (Fig. 

5.1(b)) [17]. Since OBIC introduces no charge into the circuit, it causes no damage. 

However OBIC imaging needs laser as the scanning light source. One reason is that 

the size of the beam spot decides the resolution of the image, if it is not in the diffraction 

range. Another reason is the signal-to-noise ratio. Stronger light excites more 

photocurrent which brings higher signal to noise ratio in the measurement. 

Figure 5.1 (a) Physics of OBIC generation, (b) OBIC image showing the locations of diffusion of an 
unbiased CMOS device [15] 
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In our experiment, we use structured illumination with a white light source instead 

of a laser. The collimated white light is incident to the DMD and modulated by the 

random patterns. Reflected beam is focused on the transistor surface. By controlling the 

optical path, the size of the light spot is adjusted to best cover the circuit area. We take 

the raster scan image which is the same as laser point mapping and compare the SNR 

with compressive sensing results. 

Our imaging target-NTE68 (PNP) is a complementary silicon power transistor 

designed for high power audio, disk head positioners, and other linear applications. 

Removing the top metal case, the circuit area is a 3x3 mm square with two attached 

pins-base and emitter. The variations in current are recorded by measuring the voltage 

across the resistor. For each pattern we collect 300 data samples. The average of them is 

the amplitude of the signal; the standard deviation is the noise value. SNRs of every 

measurement are calculated and plotted as in Fig. 5.3 and Fig. 5.4. 

(a) (b) (c) 

Figure 5.2 (a) Circuit surface of a two pin PNP transistor with the collector and base connected, (b) A 
circuit for measuring the OBIC. 
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For raster scan, the magnitude of the input signal is proportional to the pixel size. 

The higher the resolution, the less photons received per unit time by the transistor. If the 

signal drops below the background noise level, the whole image just ends up to white 

noise. In Fig. 5.3(c) and 5.4(c), the SNR of every pixel falls from -12 of 32x32 to ~5 of 

128x128, and hardly identified from the background noise. However, in CS measurement, 

signal is the sum of light from randomly addressed pixels—approximately 50% of total 

pixels no matter what the resolutions are. Therefore, in every measurement the SNRs are 

at the same level and about 500 times higher than the 32x32 raster scan. 
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Figure 5.3 32x32 raster and CS images and corresponding SNR. 
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Figure 5.4 128x 128 raster and CS images and corresponding SNR. 
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5.2 Confocal Fluorescence CS Microscopy 

Confocal laser scanning microscopy (CLSM) is a technique for obtaining the 

nondestructive microscopic tomography of material with a high optical resolution. It 

accomplishes this by combining point illumination with point detection. Point 

illumination is achieved by focusing the laser into a point on the sample which reduces 

the amount of fluorescence collected from areas of no interest. Point detection is achieved 

by placing a pinhole in front of the detector, which filters unwanted out-of-focus light 

and stray light. The illumination pinhole, the sample and the detection pinhole lie in 

optically conjugate focal planes. As only one point is illuminated at a time in confocal 

microscopy, an image of the entire specimen (2D or 3D) is produced by a scanning 

mechanism, such as galvanometer scan mirrors, acousto-optic deflectors or spinning 

Nipkow disk. A simplified schematic of a CLSM is shown in Fig. 5.5 [18]. 

Laser source Beamsplitter 

Detector pinhole H T M Telocentric 
2f Lens System 

' Telocentric 
| pupil plane 

Objective 

» " ' » " Sample 

Figure 5.5 Simplified schematic of a CSLM 
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Point-scanning CLSM has an issue of low speed image acquisition in fluorescence. 

Because the volume of fluorophore contained within the focus of the laser is very small— 

less than a cubic micron, excited fluorescence is so weak that each pixel need to be 

sampled for a brief period of time, generally in the microsecond range. At moderate 

levels of excitation, the amount of fluorescence emitted will be proportional to the 

intensity of the incident excitation light. However, too much light will results in 

fluorophore's saturation, in other words, photo-bleaching. Nipkow disk scanning CLSM 

has improved the frame rate by multiple points imaging, but it needs highly sensitive 

CCD or CMOS camera as the detector. 

In our compressive sensing based confocal microscope setup, DMD is used as both 

illumination and detection aperture and every micromirror works like a pinhole. In the 

optical layout (Fig. 5.6), we imaged a pollen grain with the GFP (green fluorescent 

protein) filter using the halogen lamp as the light source. The transmission spectrum of 

the Chroma filter set (excitation filter, dichroic mirror and emission filter) is shown in Fig. 

5.7. 
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Figure 5.6 Compressive sensing confocal microscope layout 
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Figure 5.7 Transmission of the spectrum of Chroma GFP filter set 

(a) 16 x 16 raster (Gain: 2e6) (b) 32 x 32 raster (Gain: 2e6) 

(c) 128x128 CS 10% (Gain:6e5) 

Figure 5.8 Raster scan versus compressive sensing results 
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(a) Wide field camera image 

(b) 64x64 CS 50% (c) 256x256 CS 10% 

Figure 5.9 Wide field and CS images of a pollen grain 

Preliminary experimental results are shown in Fig.5.8, due to the much lower 

signal-to-noise ratio of pixel by pixel raster scanning, the 32 x 32 image is very noisy 

even with the high gain. However, compressive sensing result is promising with higher 

resolution and using lower signal gain. As can be seen for 128 x 128 resolution, 1600 CS 

measurements result in a much more detailed image. 

In Fig.5.9, the fluorescence images of a tetrad pollen grain are reconstructed under 

different resolutions and compression rates. The low quality of the images could be 

attributed to alignment mismatch in the optics, low numerical aperture of the objective 

(40x, N.A. 0.5), stray light noise and the focusing problem. We will continue improve 

our setup to strengthen the excitation light's collimation and fluorescence's focusing, 

reduce the mirror block size and apply a higher N.A. objective. 
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