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ABSTRACT 

 

Imaging techniques are close to our lives and are used for various applications. In 

the engineering field, one of the dominant techniques is hyperspectral imaging. It is a 

necessary tool that combines spectroscopy and digital photography and provides 

additional information on what is imaged by the imaging system. Hyperspectral imaging 

has been applied to various fields including remote sensing, cultural relic conservation, 

food microbiology, forensic science, biomedicine, etc. 

In particular, work was done to apply hyperspectral imaging to measure the 

temperature and emissivity of an object. Due to its ability to measure temperature and 

emissivity without being in contact with the material surface, hyperspectral imaging has 

been regarded as a convenient method to monitor real-time data.  

In this research, a HyperSpectral Imaging System (HSIS) is designed to image an 

object. The Compressed Hyperspectral Augmented Image Reconstruction (CHAIR) 

algorithm was used to reconstruct the spatial and spectral data, and experiments were 

designed and carried out to acquire the required inputs of the algorithm. After the 

essential inputs were obtained, Planck’s law was applied to calculate the temperature of 

every pixel of the recovered hyperspectral image, and finally, a 2D temperature map was 

acquired. 
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CHAPTER ONE  

INTRODUCTION AND RESEARCH OBJECTIVE 

 

Thermal Radiation 

  In radiation heat transfer, no matter is needed, and the radiated energy is distributed 

differently over a single spectrum region. To thoroughly understand radiation, one should 

consider the radiation wavelength and in what direction the radiation is distributed. The 

electromagnetic wave theory and the quantum theory of photons describe how radiative 

energy is emitted, absorbed, and transferred. The two theories complement each other 

and perfectly explain thermal radiation [1]. 

 The quantum theory states that photons (light particles) have no rest mass transfer energy 

by moving at the speed of light. Each photon transports the energy quantum. The energy 

transferred by the photon can be written as Equation (1.1). 

𝑒𝑃ℎ  =  ℎ𝜈 (1.1) 

where h is the Planck constant (ℎ =  6.62606896 ±  0.00000033) ∙ 10−34 𝐽𝑠) also 

referred to as Planck's action quantum, 𝜈 is the frequency of the photons. Quantum theory 

is essential to calculate the spectral distribution of the energy emitted by a body.  

 According to electromagnetic wave theory, the relationship between the two parameters 

wavelength 𝜆 and frequency 𝜈 is shown by Equation (1.2). 

𝜆 ∙ 𝜈 =  𝑐 
(1.2) 

where c is the speed of light in a medium which is lower than the speed of light in a 

vacuum (𝑐0  =  299792458 𝑚/𝑠), 𝜈 is the frequency of the photons which remains the 

same and 𝜆 is the wavelength. The electromagnetic waves oscillate perpendicular to the 

direction of propagation (transverse waves), and the energy transported by the 

electromagnetic waves depends on 𝜆. Figure 1.1 shows the range of the electromagnetic 

spectrum. Thermal radiation is within the wavelength range starting from 0.1 𝜇m to 1,000 

𝜇m. Bodies within this range that have a temperature range of a few Kelvins and 2 ∙ 104 

K radiate. The thermal radiation region is in the visible light region between 0.38 𝜇m 
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Figure 1.1 Electromagnetic wave spectrum [1]. 
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(violet) and 0.78 𝜇m (red). 

 Based on the direction, there are directional spectral quantities, hemispherical spectral 

quantities, directional total quantities, and hemispherical total quantities. Directional 

spectral quantities explain the directional and wavelength distribution of the radiative 

energy in depth. Since it is very hard to determine it experimentally or theoretically, 

radiation quantities that only include either the dependence on the wavelength or the 

direction are used. Next, the hemispherical spectral quantities average the radiation into 

all directions of the hemisphere over a surface element and are only dependent on the 

wavelength. The directional total quantities only describe the dependence on the 

directions by averaging the radiation over all wavelengths. Lastly, the hemispherical total 

quantities combine the radiation over all wavelengths and from all directions.  

 

1.1 Radiation from a Blackbody and Planck's Law 

 A blackbody is defined as a body that completely absorbs and emits incident radiation of 

all wavelengths and angles. The spectral intensity 𝐿𝜆𝑠(𝜆, 𝑇) of a blackbody is a universal 

function of the wavelength and the thermodynamic temperature. Equation (1.3) shows the 

relationship between the hemispherical spectral emissive power 𝑀𝜆𝑠(𝜆, 𝑇) and the 

Kirchhoff’s function 𝐿𝜆𝑠(𝜆, 𝑇). 

𝑀(𝜆, 𝑇) = 𝜋𝐿𝜆𝑠(𝜆, 𝑇) 
(1.3) 

In 1900, M. Planck first found Planck’s Law and experimentally figured out the details of 

the universal functions 𝐿𝜆𝑠(𝜆, 𝑇) or 𝑀𝜆𝑠(𝜆, 𝑇). The foundations of quantum theory were 

formed by Planck’s law. Planck’s law explains the spectral intensity of electromagnetic 

radiation emitted by a blackbody. It is shown in Equation (1.4). 

𝑀𝜆𝑠(𝜆, 𝑇) =  𝜋𝐿𝜆𝑠(𝜆, 𝑇) =
2𝜋ℎ𝑐2

𝜆5 (𝑒
ℎ𝑐

𝜆𝐾𝐵𝑇 − 1)

 (1.4) 

where 𝐿𝜆𝑠(𝜆, 𝑇) is the spectral radiation intensity of the blackbody, h is the Planck 

constant (ℎ =  6.62606896 ±  0.00000033) ∙ 10−34 𝐽𝑠), c is the speed of light in a 

vacuum (𝑐 ≅ 3 × 108), 𝜆 is the wavelength of the radiation, 𝐾𝐵 is the Boltzmann’s 
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constant (𝐾𝐵 = 1.38 × 10−23𝐽/𝐾), and T represents the absolute temperature of the 

blackbody (K). Figure 1.2 shows 𝑀𝜆𝑠(𝜆, 𝑇) for several isotherms and Figure 1.3 shows 

𝑀𝜆𝑠(𝜆, 𝑇) in a logarithmic scale. 

 

1.2 Hemispherical Spectral Emissivity and Real Bodies 

 Kirchhoff’s law states that a blackbody emits the maximum radiation energy at every 

wavelength in every direction in the hemisphere. However, when it comes to real bodies, 

the directional dependence and the spectral distribution of the radiated energy are 

different from the properties of a blackbody. Emissivity can be used to explain this 

characteristic. Equation (1.5) shows the hemispherical spectral emissivity which gives the 

spectral energy distribution. 

𝜀𝜆(𝜆, 𝑇) =
𝑀𝜆(𝜆, 𝑇)

𝑀𝜆𝑠(𝜆, 𝑇)
 =  

𝐿𝜆(𝜆, 𝑇)

𝐿𝜆𝑠(𝜆, 𝑇)
 (1.5) 

where 𝜀𝜆(𝜆, 𝑇) describes the wavelength distribution of the radiative power emitted in the 

hemisphere by comparing the hemispherical spectral emissive power 𝑀𝜆(𝜆, 𝑇) with that 

of a blackbody 𝑀𝜆𝑠(𝜆, 𝑇). Hemispherical spectral emissivity ranges between 0 and 1 

depending on the temperature and wavelength. 

 Real bodies can be explained whether the emissivity depends on the wavelength. A 

graybody is an object that has an invariant emissivity with changing wavelength. On the 

other hand, if the emissivity depends on the wavelength, the object is called a non-

graybody. The spectral emissivity and spectral radiant flux for blackbody, graybody, and 

non-graybody are shown in Figure 1.4. 

 

Research Objectives 

 The objectives of this work are to have a thorough understanding of the Compressed 

Hyperspectral Augmented Image Reconstruction (CHAIR) algorithm to reconstruct the 

spatial (x,y) and spectral (𝜆) data, to improve the spatial reconstruction by determining 

the optimized sparsity (values of pixels per inch and dot concentration) of the binary 

pattern, to design an experimental setup with a red and green laser to demonstrate the  
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Figure 1.2 The hemispherical spectral emissive power of a black body according to 

Planck’s radiation law [1]. 

 

Figure 1.3 The hemispherical spectral emissive power in a logarithmic scale [1]. 
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Figure 1.4 The spectral emissivity and spectral radiant flux for blackbody, graybody, and 

non-graybody [1]. 
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concept of the CHAIR algorithm, to use the imaging system to acquire the ground truth 

spectrum of a graphite plate heated to 1,020 °C, and to acquire a two-dimensional 

temperature map by correlating the reconstructed data, Planck's law, and emissivity. 

More details are going to be presented in the following chapters. 
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CHAPTER TWO LITERATURE REVIEW  

Overview of Hyperspectral Imaging 

2.1 History and Application of Hyperspectral Imaging 

 Hyperspectral Imaging, also known as imaging spectrometry, was developed by NASA’s 

Jet Propulsion Laboratory in the late 1970s. Hyperspectral imaging (imaging 

spectrometry) was defined as the simultaneous acquisition of images in many narrow, 

contiguous spectral bands in such a way that a continuous reflectance spectrum can be 

reconstructed for each picture element (pixel) in the scene [2]. This concept is shown in 

Figure 2.1. Back then, it was attempted to apply this new approach to remote sensing and 

the typical spectral region was 0.4 to 2.5 𝜇m with a sampling interval of 10 nm. To 

accomplish this, the Landsat Multispectral Scanner (MSS) [3] or Thematic Mapper (TM) 

[4] were needed because of their low spectral resolution. 

 As the technologies that are relevant to hyperspectral imaging developed, hyperspectral 

imaging started to be applied in various fields [5] including cultural relic conservation 

[6,7], food microbiology [8], forensic science [9], and biomedicine [10], etc. Figure 2.2 

shows a schematic of how relic conservation is done using hyperspectral imaging. By 

taking a hyperspectral image of a painting, mural, or porcelain and looking at a certain 

pixel of the hyperspectral image, the pixel of a reflectance curve versus the wavelength 

can be easily obtained [7], and the details of the object will be gained since the 

reflectance variation of the object along with the wavelength variation is dominantly 

determined by the physical properties of the matter. The high resolution and broad 

wavelength range of hyperspectral imaging will substantially improve data processing 

and analysis efficiency. Also, for the past two decades, miscellaneous hyperspectral 

imaging systems have been developed that are capable of studying paintings [11–13] and 

analyzing handwritings [14]. 

 Figure 2.3 presents a case in which machine learning was used combined with 

hyperspectral imaging as a mitigation strategy. Machine learning methods can be 

subdivided into four types: supervised machine learning, unsupervised machine learning, 

semi-supervised learning, and reinforced machine learning [15–17]. Especially, 
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Figure 2.1 The concept of an imaging spectrometer obtaining a series of spectral images 

simultaneously and allowing a spectrum to be derived for each pixel [2]. 

 

 

Figure 2.2 Schematic of the hyperspectral reflectance curve at a certain point [6]. 
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Figure 2.3 Classification of spores based on physiological state using results from CNN 

model [8]. 
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supervised machine learning has two dominant methods that are classification and 

regression and algorithms such as support vector machine (SVM), random forest (RF), 

and convolutional neural networks (CNN) exist [18]. The study used a 1D-convolutional 

neural network (CNN) and random forest (RF) to detect and quantify spores in a complex 

food matrix of a mashed potato [8]. The acquired data is shown in Figure 2.3 and the 

related study also distinguished the live and dead spores with an overall accuracy of 90–

94% when the dead/inactivated spores were present and absent. The use of machine 

learning and chemometrics improved the detection efficiency and decreased the 

background noise and made hyperspectral imaging a reliable detection method.  

 Figure 2.4 shows an illustration of hyperspectral imaging analysis of bloodstained marks. 

Blood is a fluid connective tissue that is composed of a mixture of cells, enzymes, and 

proteins and is frequently found in a crime scene [19]. Bloodstain identification methods 

have been developed so that crime scene examiners can perform subsequent analyses and 

have a better understanding of the circumstances surrounding a violent crime [20]. When 

it comes to fingerprints that are contaminated with blood, preserving the ridge details of 

the fingerprints in a crime scene is significant for identification purposes. Work was 

developed to prove that hyperspectral imaging can be used to distinguish common 

red/brown contaminants from bloodstained fingerprints and is capable of visualizing the 

ridge details [21,22]. Also, research was done on bloodstain detection on colored 

substrates [23,24]. 

 Figure 2.5 and Figure 2.6 are examples of hyperspectral imaging used in cerebral 

surgery. The purpose of brain cancer surgery is the resection of the tumor and processing 

hyperspectral images using a deep learning-based framework has been a trend that made 

it possible to acquire accurate results [25,26]. Since hyperspectral imaging systems are 

advantageous in presenting the composition of spatial and spectral information, it has 

been widely used to provide diagnostic information about the physiological, 

morphological, and biochemical components of tissues and organs. Especially in brain 

imaging studies and cerebral disease research, hyperspectral imaging is considered a 

powerful tool. Hyperspectral imaging has been used to monitor brain oxygenation, 

hemodynamics [27–30] and diagnose brain cancer [31,32]. 
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Figure 2.4 Illustrative schematic of hyperspectral imaging analysis of bloodstained marks 

[9]. 

 

 

Figure 2.5 Gray-scale representation image examples and the corresponding three 

selected spectral channels employed in the three-band combination for the parenchymal 

and blood vessel detection. A synthetic RGB image is also included for comparison [25]. 
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Figure 2.6 Spectral feature information of several brain tumor tissues in the visible-near 

infrared (VNIR) range at the pixel of regions of interest [10]. 
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2.2 Hyperspectral Imaging for Temperature and Emissivity Measurements 

 In recent works by Devesse et al. [33,34] the visual method and hyperspectral method 

were used to collect the geometric information and the temperature and emissivity of the 

melt pool, respectively. The Laser Metal Deposition (LMD) technique deposits material 

in a melt pool that is created by a high-power laser beam. In additive manufacturing, it is 

essential to have a system that can monitor the real-time process to improve the quality of 

the printed material. This work presented a new measurement system that is capable of 

measuring the temperature and emissivity of the melt pool without being in contact with 

it. The fiber laser that was used to create the melt pool had a wavelength of 1,064 nm, a 

focus spot diameter of 1,000 𝜇m, and a flat-top beam profile. The laser heated the surface 

of a substrate of AISI 316L stainless steel that was 20 mm thick by varying the laser 

power to 280 W, 320 W, 360 W, and 400 W. The metal powder was injected into the 

melt pool at a mass flow rate of 3 g/min. The monochrome visual camera was coaxially 

positioned with the laser and the hyperspectral line camera was inclined at an angle of 38 

degrees relative to the surface normal. Figure 2.7 and Figure 2.8 show the side and top 

view of the measurement setup for the transverse and longitudinal measurements, 

respectively. 

 The spectral radiance B (𝑊 ∙ 𝑠𝑟−1 ∙ 𝑚−3) that is emitted by a blackbody was derived 

from Planck’s law as a function of the wavelength 𝜆 and temperature T. Additionally, the 

emitted spectral radiance 𝐸𝑖 of a real body measured at 𝜆𝑖 (i = 1,…, 𝑁𝜆) wavelength was 

calculated by modifying the blackbody equation B by the spectral emissivity parameter 

𝜀𝜆 and including the measurement noise 𝑛𝑖. This relationship is described by Equation 

(2.1). 

𝐸𝑖 =  𝜀𝜆(𝜆𝑖)𝐵(𝜆𝑖, 𝑇) + 𝑛𝑖 (2.1) 

The spectral emissivity 𝜀𝜆 for metals was expressed as a linearly decreasing function of 

wavelengths in the visible and near-infrared (VNIR) range. This relationship is described 

by Equation (2.2). 
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Figure 2.7 Side view (a) and top view (b) of transverse laser cladding [34]. 

 

Figure 2.8 Side view (a) and top view (b) of longitudinal laser cladding [34]. 
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𝜀𝜆(𝜆) =  𝐵𝜀 −  𝐴𝜀

𝜆 − 𝜆1

𝜆𝑁𝜆
− 𝜆1 

 
(2.2) 

where the constants 𝐴𝜀 and 𝐵𝜀 are restricted by 0 ≤ 𝐴𝜀 < 𝐵𝜀 ≤ 1 to have a negative 

slope. 

Assuming that the mean noise 𝑛𝑖 is zero and the Gaussian variance is known as 𝜎𝐸𝑖

2, the 

measured spectrum 𝐸𝑖(𝜆𝑖 , 𝑇) was fitted to a blackbody model 𝐵(𝜆𝑖, 𝑇) with a linearly 

decreasing spectral emissivity 𝜀𝜆 and it became a least squares problem. This relationship 

is shown in Equation (2.3). 

(𝐴𝜀 , 𝐵𝜀 , 𝑇) = 𝑎𝑟𝑔𝑚𝑖𝑛 ∑

|𝐸𝑖 − (𝐵𝜀 − 𝐴𝜀
𝜆𝑖 − 𝜆1

𝜆𝑁𝜆
− 𝜆1

) 𝐵(𝜆𝑖, 𝑇)|
2

𝜎𝐸𝑖
2

𝑁𝜆

𝑖=1

 

 

(2.3) 

The solution is obtained by either setting slope 𝐴𝜀 to zero, using graybody assumption, or 

setting the 𝐵𝜀 offset to 1. As a result, the upper and lower bounds of the melt pool 

temperature and emissivity were calculated. The image binarization was done using 

different threshold levels that were multiples of Otsu’s threshold [35]. The melt pool was 

divided into three regions (liquid, mushy, and solid) and the average temperature and 

average emissivity were derived. Figure 2.9 and Figure 2.10 show the transverse and 

longitudinal temperatures and emissivity profiles when the laser power is 320 W. In the 

figures, the red and blue curves correspond to the upper and lower temperature bounds 

and the dashed vertical lines indicate the melt pool width for Figure 2.9 and length for 

Figure 2.10. Depending on the different binarization levels (Otsu’s threshold), the 

calculated melt pool width and length varied, and the results are displayed in Table 2.1 

and Table 2.2, respectively. Surely, the power of the laser had an impact on the melt pool 

width and length. 

 The most recent work on thermal imaging of a melt pool developed an experimental 

method to image the melt pool temperature with a single commercial color camera and 

compared the results with multi-physics computational fluid dynamic (CFD) models [36]. 

The advantage of this approach was that since it leverages the principle of two-color 

thermal imaging, the temperature was easily imaged without the knowledge of the melt 
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Figure 2.9 Transverse temperature and emissivity profile at 320 W laser power [34]. 

  

Figure 2.10 Longitudinal temperature and emissivity profile at 320 W laser power [34]. 
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Table 2.1 Comparison of the calculated width between the hyperspectral and the visual 

method [34]. 

 

 
 

Table 2.2 Comparison of the calculated length between the hyperspectral and the visual 

method [34]. 
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pool emissivity, plume transmissivity, and the camera’s view factor. 

 In the work of Gorevoy [37], it was proved that locating the spectral bands equidistantly 

is not good enough to minimize the error of temperature measurement. Instead, a better 

approach is to derive specific wavelengths and position the two narrow spectral bands 

near the derived wavelengths since the spectral bands define the temperature 

measurement precision. Snapshot hyperspectral imaging systems are highly 

recommended for thermography since they offer adjustable numbers, locations, and 

orders of selected spectral bands. This enables multiple collection modes, optimized data 

volume, and processing time. The principle of imaging spectroscopy is shown in Figure 

2.11. A data cube 𝐼(𝑥, 𝑦, 𝜆) is acquired and the temperature distribution T(x,y) is 

calculated by analyzing the spectrum 𝐼(𝜆) in each pixel(x,y).  

 Figure 2.12 shows the flow chart of the overall process deciding the optimal wavelengths 

and minimizing the measurement errors. It was previously proved that the optimal 

wavelengths 𝜆1 and 𝜆2 are found by minimizing var [T]. The result is valid for different 

mean[𝑛𝑘] values, but the integration times 𝑡𝑘 should be the same. Equation (2.4) and 

Equation (2.5) show how var [T] and 𝑡𝑘 is calculated. 

𝑣𝑎𝑟[𝑇] =
𝑇4

𝐶2
2𝑡𝑠

2((𝑠(𝜆1))−1 + ((𝑠(𝜆2))−1

(𝐺1 − 𝐺2)2
 (2.4) 

 

𝑡𝑆 =
𝑛𝐾

2
 ((𝑠(𝜆1))−1 + ((𝑠(𝜆2))−1 (2.5) 

where 𝐺𝑘 is expressed in Equation (2.6). 

𝐺𝑘 = 𝜆𝑘
−1 exp (𝐶2𝑇−1𝜆𝑘

−1)

exp(𝐶2𝑇−1𝜆𝑘
−1) − 1

  (2.6) 

Also, the correlation coefficient between 𝜀 and T is shown in Equation (2.7). 

𝑐𝑜𝑟𝑟[𝜀, 𝑇] = −
𝐺1 + 𝐺2

√2(𝐺2
1 + 𝐺2

2)
  (2.7) 

The existence of the optimal wavelengths that minimize the variance of temperature was 

proved by the above equations. 
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Figure 2.11 Imaging spectroscopy approach to temperature mapping [37]. 

 

Figure 2.12 Flowchart of calculating optimal wavelengths and measurement errors [37]. 
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function was written as Equation (2.8). 

𝑝 = 𝑎𝑟𝑔𝑚𝑖𝑛𝜀,𝑇 ∑ 𝑛𝑘̅̅ ̅ (1 −
𝜀

𝜀𝑘

exp(𝐶2𝑇0
−1𝜆𝑘

−1) − 1

exp(𝐶2𝑇−1𝜆𝑘
−1) − 1

)

2𝐾

𝑘=1

 
(2.8) 

This allowed finding the systematic error of the estimated temperature as Δ𝑇 = 𝑇 −  𝑇0. 

To summarize, once the sample temperature 𝑇0 and the normalized spectral function 

𝑆𝑛𝑜𝑟𝑚(𝜆𝑘, 𝑇) is known, the two optimal wavelengths for temperature measurement of a 

graybody sample with unknown emissivity were readily found. 

 An experiment was performed to apply the theory. Figure 2.13 shows the experimental 

setup and Figure 2.14 shows the diagram of the setup. Before the experiments, calibration 

was performed by calculating the spectral and intensity correction coefficients. The 

achromatic doublet L1 (f = 400 mm) images the specimen S, collimates the beam, and 

makes it focused on the pupil of the acousto-optical tunable filter (AOTF). The AOTF 

consists of three polarizers (P1, P2, and P3) and two wide-aperture non-collinear acousto-

optical (AO) cells (AOC1 and AOC2). The light is in Bragg condition and the light 

changes the orientation of the polarization by diffracting on the volume grating in AOC1. 

The radiation that is not diffracted passes through AOC 1 but is filtered by P2 and this is 

done similarly by AOC2 and P3. After spectral filtration, the L2 lens which is identical to 

L1 focuses the light on the monochrome camera CAM. By using the high-frequency 

generator HFG and high-frequency amplifier HFA, the ultrasound frequency f was 

varied, and the period of the diffraction grating in the AOCs was set to choose a 

particular wavelength. The overall data cube 𝐼(𝑥, 𝑦, 𝜆) was obtained by sequentially 

setting the AOTF at different wavelengths 𝜆𝑘 and acquiring the spectral images. The 

experimental data acquired from the setup varying the current to 15 A and 20 A is shown 

in Table 2.3 and Table 2.4. The tables include the following parameters: amount K of the 

wavelengths, spectral range [𝜆𝑚𝑖𝑛,  𝜆𝑚𝑎𝑥],  step ∆𝜆, calculated mean and standard 

deviation values of temperature mean [𝑇], std [𝑇] and emissivity mean [𝜀], std [𝜀] and 

correlation coefficient corr [𝜀,T]. Also, the dependence of std [𝑇] on K for the equidistant 

and optimized location of wavelengths for 15 A and 20 A is shown in Figure 2.15. Figure 

2.16 shows the theoretical and experimental results by demonstrating the relationship of 
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Figure 2.13 Experimental setup [37]. 

 

 

Figure 2.14 Diagram of the setup [37]. 
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Table 2.3 Experimental data (current of 15 A, integration time 0.5 s at each wavelength) 

[37]. 

 

 

Table 2.4 Experimental data (current of 20 A, integration time 0.08 s at each wavelength) 

[37]. 
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Figure 2.15 Experimental dependence of std [𝑇] on number K of wavelengths at current 

15 A (left) and 20 A (right) [37]. 

 

 

Figure 2.16 Experimental (upper triangle) and theoretical (lower triangle) distribution of 

std [𝑇] at a current of 15 A (left) and 20 A (right) [37]. 
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std [𝑇] (standard deviation of measured temperature values) on the location of two 

wavelengths that were used for image acquisition (𝜆1 and 𝜆2). The experimental data 

(upper triangle) was acquired for each pair 𝜆1 and 𝜆2 using 10 bands chosen as 

(𝜆1 − 10)𝑛𝑚: 5: (𝜆1 + 10)𝑛𝑚 and (𝜆2 − 10)𝑛𝑚: 5: (𝜆2 + 10)𝑛𝑚. The theoretical data 

(lower triangle) was derived in accordance with Equation (2.4) by applying 𝑆(𝜆). 

Afterward, the data was normalized to make both minimum values equal. The black 

arrow in Figure 2.16 indicates the values of the equidistant location of 10 bands. From 

this work, it has been proved that the data volume and processing time of a hyperspectral 

technique that measures temperature and emissivity can be optimized. Also, a new 

method was proposed that derives specific wavelengths and locates the two narrow 

spectral bands near the derived wavelengths. This method turned out to be more 

successful than the conventional method that positions the spectral bands equidistantly. 

For the presented algorithm, the optimal spectral bands should be chosen based on the 

range of the temperature being measured and the spectral characteristics of the system. 

Moreover, research determining temperature using long-range thermal emission 

spectroscopy [38] and analyzing the impact of the temperature on the spectral shift in 

ultraviolet hyperspectral imaging spectrometers was done [39]. 

 

2.3 Compressed Single-shot Hyperspectral Imaging 

 Research was conducted using hyperspectral imaging for combustion diagnostics [40]. 

The purpose of the paper was to measure the 𝐶2
∗ and 𝐶𝐻∗ chemiluminescence emissions 

of a methane/air flame at various equivalence ratios by applying the compressed 

hyperspectral imaging technique. A block diagram of the compressed hyperspectral 

imaging technique is shown in Figure 2.17. The compressed hyperspectral imaging 

technique is performed by acquiring the emitted or reflected light from an object and 

modulating the light with a random binary pattern that has sparsity. A digital micromirror 

device (DMD) was used to encode the light in this experiment and the modulated light 

was collected by a spectrometer. The acquired hyperspectral image consists of two spatial 

axes (x and y) and a spectral axis (𝜆) and the information is gathered and processed by a 
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Figure 2.17 Block diagram of compressed hyperspectral imaging technique [40]. 
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reconstruction algorithm. The compressed hyperspectral augmented image reconstruction 

(CHAIR) algorithm is based on the two-step iterative shrinkage/thresholding (TwIST) 

algorithm [41]. Figure 2.18 shows an illustration of the CHAIR algorithm. The algorithm 

uses a bilateral filter to improve the recovered image quality and generates a 3D cube that 

contains the 2D image and the 1D spectral data. Each cube slice corresponds to a specific 

wavelength and is incrementally shifted away from the other slices along the wavelength 

axis. The TwIST algorithm is utilized afterward to reconstruct the hyperspectral image. 

The algorithm scans the hyperspectral slices using the image of the modulation pattern 

and gets rid of the residuals of the coding pattern. A bilateral filter is used to eliminate 

white noise from the reconstructed hyperspectral slices, and it was proved that the 

nonuniform intensity distribution of the encoded signal can be corrected by the TwIST 

algorithm. The experimental setup is shown in Figure 2.19. The non-premixed 

methane/air flat flame emissions of 𝐶𝐻∗ (430 nm) and 𝐶2
∗ (515 nm) from a Hencken 

burner was imaged using optics, a pair of camera lenses, a DMD, a spectrometer, and a 

PI-MAX4 ICCD camera. The light from the flame was collected by optics, went through 

the camera lens, and arrived at the DMD. The DMD used in the experiment had 1,120 × 

912 micromirrors and was mounted on a microelectromechanical system (MEMS) so that 

it can respectively rotate 12 degrees in both directions. A sparse random pattern was 

displayed on the DMD, and the DMD modulated the light reflected from the flame by 

adjusting the position of the micromirrors. The spectrometer slit was fully opened to 

preserve the spatial data of the spectrum. The flame temperature ranged from 1,992 K to 

2,092 K and it depended on the equivalence ratio (0.8 to 1.25) of the inbound gas. Figure 

2.20 and Figure 2.21 show the acquired data from the experiment. Figure 2.22 shows the 

linear relationship between the ratio of 𝐶𝐻∗ and 𝐶2
∗ emission intensities and the 

corresponding equivalence ratios. The error range was ±0.224 % and ±0.535 % for the 

recovered data and ground truth data, respectively.  
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Figure 2.18 Compressed hyperspectral augmented image reconstruction (CHAIR) 

algorithm [40]. 

 
 
 

 

Figure 2.19 Diagram of the experimental setup [40]. 
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Figure 2.20 Comparison between acquired data [40]. 

 
 

 

Figure 2.21 The recovered spectral data [40]. 
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Figure 2.22 The linear relationship between the ratio of 𝐶𝐻∗ and 𝐶2
∗ emission intensities 

and the corresponding equivalence ratio. The error bars in the figure represent the 

minimum and maximum values measured at each data point [40]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

31 

 

CHAPTER THREE  

EXPERIMENTAL METHODS AND TECHNIQUES 

 

3.1 Overview 

 To acquire the optimized results in terms of the image and spectra resolution, three 

preliminary experiments were done to determine the modulation pattern, to investigate 

the impact of the spectrometer slit width on the recovered results, and to get the 

temperature calibration data (ground truth data) at a certain temperature (1,020 °C). 

Afterward, the final experiment was conducted to perform the 2D temperature map 

acquisition. 

 

3.2 Pattern Determination to Optimize the Image Quality of HSIS 

The purpose of the experimental setup in this case was to determine the modulation 

pattern that can facilitate the image reconstruction. A diagram of the configuration is 

shown in Figure 3.1. The compact fluorescent lamp (CFL) illuminates the Airforce target 

card, and the target scene was collected by an achromatic lens of 100 mm focal length. 

The image of an Airforce target card is shown in Figure 3.2. The red rectangle in Figure 

3.2 indicates the field of view when the spectrometer slit was fully opened. The field of 

view width and length were 0.2 inches and 0.5 inches, respectively. The modulation 

pattern was positioned between the two achromatic lenses of 100 mm focal length and the 

scene was imaged onto the slit. A binary pattern was printed on a transparent film to be 

used as a modulation pattern. Nine patterns were tested using the experimental setup 

based on how many pixels are there per inch (300 ppi, 700 ppi, and 1,000 ppi) and how 

much percentage of the dots covered the whole pattern area (20 %, 25 %, and 30%). One 

of the modulation patterns used for the experiment is shown in Figure 3.3. A 

spectrometer (SpectraPro HRS 300) and a PI-MAX electron-multiplying charge-coupled 

device (EMCCD) camera were used for the experiment. The center wavelength of the 

spectrometer was set to 0 nm and the exposure time of the EMCCD camera was set to 5 

ms for imaging purposes. 
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Figure 3.1 Diagram of the setup. 

 

 

Figure 3.2 Airforce target card (the red rectangular region is the field of view of the setup 

width: 0.2 inches and length: 0.5 inches). 
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Figure 3.3 Binary modulation pattern (700 ppi, 20 % dot concentration). 
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3.3 Demonstration of the Concept of the CHAIR Algorithm 

The purpose of this experiment was to demonstrate the concept of the CHAIR algorithm 

by varying the spectrometer slit size to four different values. In total, four slit widths 

were tested using the current experimental setup. The tested values were 3.02 mm (fully 

open), 1.52 mm (50 % open), 0.77mm (25% open), and 0.47 mm (15% open). The image 

reconstruction and the comparison of the true spectrum and the acquired spectra were 

done for each case. The experimental setup is shown in Figure 3.4. Prior to the 

experiment, a Neon Argon lamp was placed right in front of the slit for wavelength 

calibration for 580 nm. A green (𝜆 = 532 nm) and red (𝜆 = 632 nm) laser was used to 

illuminate the Airforce target card simultaneously and the modulation pattern (700 ppi, 

20% dot concentration) was placed between the two achromatic lenses of 100 mm focal 

length. The captured scene was imaged onto the spectrometer slit. The spectrometer 

center wavelength and the spectrometer grating were selected to capture both spectral 

information in a single shot. For this experiment, the spectrometer center wavelength was 

set to 580 nm. Also, the spectrometer grating density was 300 g/nm and the spectrometer 

grating blaze was 500 nm. The wavelength coverage in this experimental setup was about 

130 nm. The exposure time of the EMCCD camera was 60 ms and only one frame was 

acquired for four different slit widths. 

 

3.4 Acquiring the Temperature Calibration Curve (Ground Truth Data) of 1,020°C 

The goal of this experiment was to acquire a full spectrum of the graphite plate for a 

known temperature so that it could be used as ground truth data for HSIS. It should be 

noted that the ground truth data consists of two data sets: The data without the optical 

filter (continuous spectrum) and the data including the optical filter. The optical filter 

created three discrete points to facilitate the spectrum reconstruction process of the code. 

Diagrams of both experimental setups are shown in Figure 3.5 and Figure 3.6, 

respectively. Before the experiment, a Neon Argon lamp was placed right in front of the 

slit for wavelength calibration for 605 nm, 725 nm, and 845 nm. A 500W, 910 nm near-

infrared range laser was used to heat the graphite plate. The size of the laser beam was 11 

mm x 11 mm (square) and its focal length was 200 mm. 
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Figure 3.4 Experimental setup. 

 

Figure 3.5 Experimental setup without the optical filter. 

 

Figure 3.6 Experimental setup with the optical filter in position. 
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 As the graphite plate (0.14 x 0.79 x 3.94 inches) was heated by the laser, a K-type 

thermocouple was used to measure the surface temperature of the opposite side of the 

graphite plate where it was heated. For this setup, the pattern was not in use, and the two 

achromatic lenses of 100 mm focal length were still present. All the captured spectral 

information was transmitted to the spectrometer and the EMCCD camera and was stored 

and processed as a spe file. To record the spectrum, the spectrometer slit size was 40 𝜇m 

and the center wavelength of the spectrometer was set to 605 nm, 725 nm, and 845 nm 

based on the information that the current grating setting (grating density: 300 g/nm and 

grating blaze: 500 nm) is capable of recording around 130 nm for each shot. 50 images 

were recorded for each wavelength and the data was averaged for processing. The 

graphite plate was heated to 1,020 °C (1,293.15 K). 

 

3.5 Acquiring a 2D Temperature Map Using HSIS at a 40𝝁m Slit 

 Another experiment was done to recover the spatial and spectral data by using the HSIS. 

The experimental setup is shown in Figure 3.7. The goal was to reconstruct the spectral 

data based on the three peaks that were generated by the optical filter. Two center 

wavelengths 605 nm and 830 nm of the spectrometer were selected, and a Neon Argon 

lamp was placed right in front of the slit for wavelength calibration for 830 nm. The 

wavelength calibration for 605 nm was already done in the previous experiment. A 

500W, 910 nm near-infrared range laser heated the graphite plate to 1,020 °C (1,293.15 

K), and the K-type thermocouple was used to measure the surface temperature of the 

opposite side of the graphite plate where it was heated. The two achromatic lenses of 100 

mm focal length were present, and the binary pattern was positioned between the lenses. 

All captured spectral information was transmitted to the spectrometer and the EMCCD 

camera by passing the optical filter in front of the spectrometer slit. Initially, the data was 

stored as a spe file and later extracted as a tiff file for data processing. To record the 

spectrum, the spectrometer slit size was 40 𝜇m and the center wavelength of the 

spectrometer was set to 605 nm and 830 nm based on the information that the current 

grating setting (grating density: 300 g/nm and grating blaze: 500 nm) is capable of 

recording around 130 nm for each shot. 50 images were recorded for each wavelength  
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Figure 3.7 Experimental setup. 
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and the data was averaged for processing. 

 

3.6 Acquiring a 2D temperature Map Using HSIS at a 3.02 mm Slit 

 An experiment was performed to acquire a 2D temperature map using HSIS. Figure 3.8 

shows the experimental setup. A steel rod with an oxidized surface was positioned 

slightly in front of the graphite plate so that the HSIS could recover the image of a steel 

rod. A 500W, 910 nm near-infrared range laser heated the graphite plate to 1,020 °C 

(1,293.15 K), and the K-type thermocouple was used to measure the surface temperature 

of the opposite side of the graphite plate where it was heated. The modulation pattern 

(700 ppi, 20% dot concentration) was placed between the two achromatic lenses of 100 

mm focal length. A neutral density (ND) filter (optical density 1.1 (1.0 + 0.1)) was used 

to reduce the intensity of the signal to make sure the acquired image was not 

oversaturated. Also, an optical filter (TB550/660/850) was used to facilitate the data 

processing by creating three peaks in the 543 – 558 nm, 653 – 668 nm, and 835 – 865 nm 

wavelength range. Two center wavelengths (605 nm and 830 nm) were used to collect the 

data at 1,020 °C with the slit 3.02 mm (3,020 𝜇m) open. For the EMCCD camera, the 

exposure time was 5 ms and 50 frames were acquired for each center wavelength 

respectively. 
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Figure 3.8 Experimental setup 
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CHAPTER FOUR  

RESULTS AND DISCUSSION 

 

4.1 Pattern Determination to Optimize the Image Quality of HSIS 

 Figure 4.1 shows the ground truth image, the modulated image, and the recovered image 

(recovery). The best pattern to yield a sharp reconstructed image was determined by 

comparing the line intensity profile of the recovered image to the ground truth image line 

intensity profile. The line pattern part of the Airforce target card was selected to get the 

line intensity profile. Figure 4.2 shows a red dotted line on the ground truth image, and 

this was the part selected to compare the ground truth image and the reconstructed image. 

The image was rotated 90 degrees counterclockwise and the 256th to 455th row and the 

383rd column were used for comparison. As a result, the pattern with 700 ppi and 20% 

dot concentration was chosen and used for the rest of the experiments. Figures 4.3 to 4.5 

visualize the line intensity profile of the ground truth image and the reconstructed images 

using nine different patterns. Figure 4.6 shows the overall data comparing the best cases 

for each pixel-per-inch value. Also, Table 4.1 shows the calculated correlation coefficient 

values for each pixel-per-inch case. The 700 ppi and 20 % dot concentration pattern had a 

correlation coefficient value of 0.6715 and showed the strongest positive correlation with 

the ground truth image.  

 

4.2 Demonstration of the Concept of the CHAIR Algorithm 

 Figures 4.7 to 4.10 show the reconstructed images and spectra for each case. All the 

recovered images proved that the algorithm was able to pick up the main features of the 

Airforce target card since the numbers and line patterns were identifiable in the 

reconstructed images. It was noticeable that as the spectrometer slit width decreases, the 

field of view of the image gets smaller. Additionally, the reconstructed spectral data 

showed that the 1D spectral reconstruction was successful and the quality of the 

reconstruction gets better as the spectrometer slit width decreases. This experiment was 

conducted to show that there is always a trade-off between the field of view of the image 

and the spectral data quality and it should be balanced to get the optimal results. 
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Figure 4.1 The ground truth image, modulated image, and recovered image. 

 

 

Figure 4.2 Line profile that was used to compare the ground truth image and the 

reconstructed image. 

 
 

 

Figure 4.3 300 ppi results (line profile). 
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Figure 4.4 700 ppi results (line profile). 

 

Figure 4.5 1,000 ppi results (line profile). 

 

Figure 4.6 Overall data (line profile) 
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Table 4.1 Calculated correlation coefficients of ground truth intensity and recovered 

image intensity of each pattern. 

 Correlation coefficient 

300 ppi and 20 % dot concentration pattern 0.5865 

300 ppi and 25 % dot concentration pattern 0.6617 

300 ppi and 30 % dot concentration pattern 0.5247 

700 ppi and 20 % dot concentration pattern 0.6715 

700 ppi and 25 % dot concentration pattern 0.5787 

700 ppi and 30 % dot concentration pattern 0.5227 

1,000 ppi and 20 % dot concentration pattern 0.5981 

1,000 ppi and 25 % dot concentration pattern 0.6491 

1,000 ppi and 30 % dot concentration pattern 0.5113 
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Figure 4.7 15% open slit width (0.47 mm) data. Unmodulated and modulated spectra 

(left), reconstructed spectra 𝜆1 (green laser) and 𝜆2 (red laser) (middle), and intensity 

profile of data (right). 

 

   

Figure 4.8 25% open slit width (0.77 mm) data. Unmodulated and modulated spectra 

(left), reconstructed spectra 𝜆1 (green laser) and 𝜆2 (red laser) (middle), and intensity 

profile of data (right). 
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Figure 4.9 50% open slit width (1.52 mm) data. Unmodulated and modulated spectra 

(left), reconstructed spectra 𝜆1 (green laser) and 𝜆2 (red laser) (middle), and intensity 

profile of data (right). 

 

   

Figure 4.10 fully open slit width (3.02 mm) data. Unmodulated and modulated spectra 

(left), reconstructed spectra 𝜆1 (green laser) and 𝜆2 (red laser) (middle), and intensity 

profile of data (right). 
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 Figures 4.7 to 4.10 show the unmodulated and modulated spectra, reconstructed spectra, 

and the intensity profile of the data. The 399th row was selected to get the intensity profile 

of the recovered spectrum. All the input images were normalized by their maximum 

intensity values before they were processed. 

 

4.3 Acquiring the Temperature Calibration Curve (Ground Truth Data) of 1,020°C 

 Figure 4.11 shows the ground truth data without the optical filter and with the optical 

filter after being normalized by the continuous spectral ground truth data recorded 

without the optical filter. The optical filter (band-pass filter) gives passage only to the 

light in the selected wavelength ranges; 543 nm–558 nm, 653 nm–668 nm, and 835 nm–

865 nm, and the tolerance is ± 10 nm. The acquired ground truth data had a range of 

540–906 nm and the efficiencies of the spectrometer grating and the EMCCD camera 

were taken into account. Figure 4.12 shows the corrected ground truth data. The 1st and 

2nd peak values were corrected to match the 1D continuous spectral data. The ground 

truth data with the optical filter will be used to evaluate the accuracy of the recovered 

spectrum for the subsequent experiments. Also, the emissivity was set to 0.95 based on 

the graybody assumption. 

 

4.4 Acquiring a 2D Temperature Map Using HSIS at a 40𝝁m Slit 

 Figure 4.13 shows the reconstructed image and Figure 4.14 shows the ground truth data 

with the optical filter and the reconstructed spectral data using the code. The three peaks 

were 561.349 nm, 665.678 nm, and 866.838 nm. The reconstruction algorithm uses the 

random pattern image as an input and recovers the data that has the same size as the 

random pattern image. Multiple slices of the data were used to reconstruct the spectral 

data. As the slit size increases, more spatial data can be acquired by a single shot, but the 

spectral data accuracy will decrease since the slit size has been increased. The 

reconstructed data shown in Figure 4.14 represent the maximum intensity value of the 

reconstructed image for each selected wavelength. The reconstructed data was 

normalized by the third peak value (same principle as the ground truth data with the 

optical filter). The camera quantum efficiency and the spectrometer grating efficiency 
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Figure 4.11 Ground truth data 

 

 

Figure 4.12 Corrected ground truth data 
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Figure 4.13 40 𝜇m slit data image reconstruction result. 

 

 

Figure 4.14 Reconstructed spectral data. 
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were considered during data processing. 

The temperature calculation of the reconstructed spectrum was done by using the 

normalized second peak value. Here, the ratio (R) of the second peak value of the 

normalized recovered spectral data to the second peak value of the normalized ground 

truth data was calculated. Equation (4.1) shows the actual numerical value acquired from 

Figure 4.14. 

𝑅40 𝜇𝑚 𝑠𝑙𝑖𝑡 =
𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑟𝑒𝑐𝑜𝑣𝑒𝑟𝑒𝑑 𝑣𝑎𝑙𝑢𝑒𝜆2

𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑔𝑟𝑜𝑢𝑛𝑑 𝑡𝑟𝑢𝑡ℎ 𝑣𝑎𝑙𝑢𝑒𝜆2

 =  
0.223264

0.140518
 (4.1) 

The experimental spectral radiance value that will be an input of a function to calculate 

the temperature was derived by multiplying the ratio (R) by the input spectral radiance 

data at 1,020 °C. Here, the input spectral radiance data was acquired by multiplying the 

blackbody spectral radiance values derived from Planck’s law at 1,020 °C (shown in 

Figure 4.15) by the emissivity value 0.95. The generated function uses the spectral 

radiance (𝑊 ∙ 𝑚−3 ∙ 𝑠𝑟−1), the wavelength (nm), and the emissivity at the selected 

wavelength as an input. The function derives the temperature using a numerical method 

to find the temperature that matches the given spectral radiance value. Here, 𝜆2 was 

665.678 nm. Figure 4.16 shows an image of the function that was used to derive the 

temperature of the recovered spectrum. It turned out that the temperature of the recovered 

spectrum was 1,042.8 °C. 

 After the temperature was calculated using the function based on Planck’s law, the 2D 

temperature map was yielded by multiplying the normalized third peak image by the 

temperature that was calculated in the previous step. Figure 4.17 shows the acquired 2D 

temperature map when the slit is 40 𝜇m open. The third peak cannot be used to calculate 

the temperature since all the peak data were normalized by the third peak value and the 

third peak normalized value matches up with the 1,020 °C ground truth data. Instead, the 

second peak value was used to calculate the temperature of the recovered spectral data. 

For the subsequent experiments, the same method will be used to calculate the 

temperature of the recovered spectrum and to acquire the 2D temperature map. 
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Figure 4.15 Planck’s law at 1,020 °C. 

 

 

Figure 4.16 MATLAB function used to derive the temperature of the recovered spectrum. 
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Figure 4.17 Acquired 2D temperature map when the slit width is 40 𝜇m. 
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4.5 Acquiring a 2D Temperature Map Using HSIS at a 3.02 mm Slit 

 The hyperspectral reconstruction was done by using the CHAIR code. The CHAIR code 

reconstructed a 2D image and a 1D spectrum simultaneously by generating a 3D cube 

that has three axes (𝑥, 𝑦, 𝜆). The ground truth images were taken when the spectrometer 

center wavelength was 0 nm, and the camera exposure time was 5 ms. The ground truth 

image of an oxidized steel rod is shown in Figure 4.18 and the reconstructed image of a 

selected wavelength (𝜆3) is shown in Figure 4.19. The image was normalized by its 

maximum intensity value of the 𝜆3 reconstructed image. 

The reconstructed spectrum for each selected wavelength (𝜆1, 𝜆2, and 𝜆3) is shown in 

Figure 4.20. The 40 𝜇m slit recovery data seems to be more accurate than the 3.02 mm 

slit recovery data because there is a trade-off between the field of view of the 

reconstructed image and the quality of the recovered spectral data. The more the 

spectrometer slit is wider, the more information can be imaged by a single shot, but the 

spectral data precision would be reduced since the spectrometer slit is wider.  

Similar to the 40 𝜇m slit data, the ratio (R) of the second peak value of the normalized 

recovered spectral data to the second peak value of the normalized ground truth data was 

calculated. Equation (4.2) shows the R value for the 3.02 mm slit width. 

𝑅3.02 𝑚𝑚 𝑠𝑙𝑖𝑡 =
𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑟𝑒𝑐𝑜𝑣𝑒𝑟𝑒𝑑 𝑣𝑎𝑙𝑢𝑒𝜆2

𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑔𝑟𝑜𝑢𝑛𝑑 𝑡𝑟𝑢𝑡ℎ 𝑣𝑎𝑙𝑢𝑒𝜆2

 =  
0.0476329

0.140518
 (4.2) 

The temperature of the recovered spectrum was derived using the function based on 

Planck’s law and it was 951.03 °C. Figure 4.21 shows the acquired 2D temperature map 

when the spectrometer slit was 3.02 mm open. 

 

4.6 Discussion 

 The recovered spectrum temperature was 1,042.8 °C and 951.03 °C for the 40 𝜇m slit, 

and the 3.02 mm slit, respectively. Each case showed an error rate of 2.24 % and 6.76 %. 

Figure 4.22 shows the two recovered spectra plotted together with the ground truth data. 

The position of the recovered spectrum was determined based on the unmodulated 

spectrum acquired simultaneously during the experiment. 
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Figure 4.18 Ground truth image of 3.02 mm slit (oxidized steel rod). 

 

 

Figure 4.19 Reconstructed image of 3.02 mm slit. 
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Figure 4.20 Reconstructed spectrum of 3.02 mm slit. 

 

 

Figure 4.21 The 2D temperature map of a 3.20 mm slit. 
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Figure 4.22 Recovered spectral data of both slit sizes. 
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 There are three aspects that the proposed hyperspectral imaging system can improve. 

The first is about the recovered spatial data. The experiment that used a green and red 

laser proved the 2D spatial data reconstruction capability of the system. However, in the 

final experiment acquiring the 2D temperature map, the CHAIR algorithm was not able 

to reconstruct the 2D spatial data properly. Since a steel rod with an oxidized surface was 

positioned a couple of millimeters away from the graphite plate to be captured by the 

imaging system, this could have impacted the results. Multiple attempts were made to 

attach materials or engrave a pattern on the graphite plate surface but all of them did not 

work since the graphite plate was heated to a high temperature. As the plate was heated, 

the surface melted, and the attached materials or engravings disappeared as the 

experiment proceeded. A different method should be used for future experiments. 

Moreover, overlaps occurred due to neighboring emissions and made the spectrum appear 

as a continuum. As a result, the modulation pattern was blurred and the ability to recover 

the spatial details was hindered. Figure 4.23 shows the modulated image when the 

spectrometer center wavelength was set to 605 nm. The modulation pattern is blurred, 

and the pattern is imaged as lines instead of dots. This is the fundamental limit of the 

current setup. One alternative is to use a back-illuminated LCD to produce the pattern on 

the structure. This would prevent the superimposition of the patterns and improve the 

quality of the recovered spatial data. 

The second is about the recovered spectral data. It turned out that the recovered spectral 

data is narrower than the ground truth data because there is an inherent loss whenever the 

algorithm attempts to recover data. This is related to how the CHAIR algorithm operates. 

The TwIST algorithm that is included in the CHAIR algorithm consists of two parts that 

are convergence and denoising. To recover the data to its full extent, both parts of the 

TwIST algorithm should be revised. To increase the accuracy of the recovered spectral 

data, a correction factor can be applied to decrease the discrepancy between the ground 

truth data and the recovered data. The correction factor should be derived by obtaining 

data in different temperatures and wavelengths. Also, acquiring data by varying the 

grating groove frequency and blaze and finding the best grating setting for the current 

experimental setup is recommended.  
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Figure 4.23 Modulated image showing that the modulation pattern is blurred. 
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 The third is about emissivity. Instead of simply assuming the target material is a 

graybody with an emissivity value of 0.95, the actual emissivity can be calculated by 

dividing the normalized ground truth data by the normalized Planck’s law data for every 

single data point. Figure 4.24 is a diagram that shows how emissivity can be obtained. 

To describe the large and small errors that were present during data acquisition, 

uncertainty should be considered. There were some factors that contributed to uncertainty 

and the major source of uncertainty was determined as the superimposition of the binary 

patterns due to the neighboring emissions. Since the binary pattern is blurred due to the 

overlay of the neighboring emissions, the algorithm was not able to clearly identify the 

pattern in the slices of the cube. The errors occurred when the algorithm attempted to 

scan the cube slices with the binary pattern image to remove the residuals of the coding 

pattern.  
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Figure 4.24 Emissivity calculation. 
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CHAPTER FIVE  

CONCLUSIONS AND RECOMMENDATIONS 

 
Conclusions and Future Work 

 A hyperspectral imaging system has been developed to acquire a 2D temperature map of 

a graphite plate. The designed system is advantageous since a 2D temperature map can be 

acquired by a single shot. The acquired spatial and spectral data were formed into a 3D 

cube (x,y,𝜆) and were reconstructed as a compressed hyperspectral image that carries 

wavelength spectra at any pixel in the 2D spatial images at certain wavelengths. Planck’s 

law was applied to calculate the temperature of the pixels in the hyperspectral image. The 

reconstructed spectral data having different spectrometer slit sizes (40 𝜇m and 3.02 mm) 

showed that there is a trade-off between the spectral data quality and the field of view of 

the reconstructed image (spatial data) depending on the spectrometer slit width. By 

assuming that the graphite is a graybody that has an emissivity value of 0.95, the 

temperature of the recovered spectral data for the 40 𝜇m slit and the 3.02 mm slit were 

1042.8 °C and 951.03 °C, respectively and the error rate was 2.24 % for the 40 𝜇m slit, 

and 6.76 % for the 3.02 mm slit. It is remarkable that a 2D temperature map was obtained 

by using the CHAIR algorithm for the first time and the actual implementation will be 

possible in the fields of thermography, combustion, and other diagnostics. Also, adding 

more channels to the current experimental setup that varies in the optical path length 

would make it feasible to acquire data of a target that has a changing temperature. The 

frame rate of the imaging system could be readily adjusted by setting the optical path 

length to the desired value.  

 As aforementioned, the major source of uncertainty was determined as the 

superimposition of the binary patterns due to the neighboring emissions. To reduce the 

discrepancy between the recovered results and the ground truth data, it is highly 

recommended to use a different method that could prevent the pattern from 

superimposing when it is imaged by the system. The most recommended solution is to 

use a back-illuminated LCD to produce the pattern on the structure. Applying this method 

would solve the problem and make this a more reliable imaging system. 
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