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ABSTRACT 

 

Advancement in the diagnostic techniques is required for early detection of the disease which 

will avoid the many risks to patients. This thesis research work describes a novel imaging 

technique for quantitative phase imaging of the biological samples.  We developed a full-field 

optical spatial coherence microscopy (FF-OSCM) system based on monochromatic laser. The 

system is characterized in terms of axial resolution, lateral resolution, phase sensitivity and 

phase stability. The developed system exploits the property of spatial coherence and its 

performance is comparable to the conventional optical coherence microscopy based on 

temporal coherence.  The system is used for the quantification of different stages of malaria 

infected red blood cells (RBCs) through a fully-automated computer-aided system. The 

system further modified to study the different stages, especially early and late trophozoite of 

malaria with limited labelled data size using the customized convolutional neural networks 

(CNNs). The results were also compared with commonly known CNNs and shows that our 

automated system has a comparable performance with less computational time. 

 We also develop an automated algorithms for the classifications of the human burnt 

skin injuries in vivo, and margin assessment of the breast cancer tissues using optical 

coherence tomography (OCT) images. Our proposed automated procedure entails building a 

machine learning based classifier by extracting quantitative features of normal and burn 

tissue images recorded by OCT and obtained good sensitivity and specificity. Our results 

show the capability of a computer-aided technique for accurately and automatically 

identifying burn tissue resection margins during surgical treatment. Furthermore, the study 

was performed in the classification of the human breast cancer tissues using OCT images. We 

developed an automated algorithm based on a pretrained CNN (Inception‐v3) architects with 

reverse active learning for the classification of healthy and malignancy breast tissue. The 

network output is also correlated with the corresponding histology image. Our results lay the 

foundation for the future that the proposed method can be used to perform automatic 

intraoperative identification of breast cancer margins in real‐time and to guide core needle 

biopsies. 

 

In the last part of this thesis, phase shifting interferometry (PSI) based FF-OCT 

system was employed exvivo for the study of breast cancer tissue and stored RBCs. The 
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experimental system is based on Mirau interferometer illuminated by tungsten halogen lamp. 

It produces high resolution enface images, therefore it doesn’t need a point-by-point scanning 

as in the case of conventional OCT system. Textural features were extracted from the phase 

images for the quantification of breast cancer tissue and stored RBCs. 
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CHAPTER 1 

INTRODUCTION 

 

1.1 BACKGROUND  

Optical microscopy is one of the standard tool for non-destructive testing of biological and 

industrial objects [1]. For the visualization of internal microstructure mainly in biomedical 

applications a high spatial resolution optical microscope with contrast agent is required [2]–

[4]. In optical microscopy, contrast may be either exogenous (extrinsic) or endogenous 

(intrinsic). The well-known modality utilizing exogenous contrast to provide targeted 

morphological information is fluorescence microscopy, in which a specimen is labelled with 

a fluorescent molecule [5], [6]. Although, fluorescence microscopy is continuously applied 

across a broad range of studies, as there are number of applications in biology for which 

methods employing endogenous contrast are required. This is because label-free methods are 

not subject to photo-bleaching or photo-toxicity and therefore permit the observation of living 

cells in their natural environment over indefinite time periods with nearly or no sample 

preparation is required [7]. The main challenge associated with endogenous contrast is that 

cells should be transparent phase objects and produce very little contrast under normal 

illumination conditions. This problem has been solved optically using methods such as phase 

contrast (PC) [8], differential interference contrast (DIC) [9], confocal microscopic imaging, 

digital holographic microscopic imaging and Hoffmann modulation contrast (HMC) 

microscopy [10]. But all above mentioned techniques suffers some limitations either depth of 

penetration or with poor spatial and axial resolution. Abbe gave an idea for the phase 

imaging, produced by interference pattern between the scattered and the unscattered light 

beams, used in the above methods [8]. This information acknowledged by Zernike to develop 

phase contrast microscopy [11]. Phase contrast microscopy has a potential to improve the 

contrast of an image by putting a quarter-wavelength delay between the reference beam and 

the sample beam. Phase contrast has encouraged many biological imaging studies and 

received Zernike in 1953 Nobel Prize in Physics [8]. While widely adopted by microscopists 

world-wide for label-free imaging, phase contrast images can only provide qualitative 

information. Nowadays, it has become clear that the quantitatively measuring the properties 

of cellular activities with high resolution, in three dimensions, across a wide range of spatial 

and temporal scales, and in a minimally invasive manner are required [12]–[14]. Multi-scale 

facilities are important, since the developing cellular behaviour is the outcome of taking 

whole information from inter-cellular interactions, intra-cellular molecular reactions and 
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myriad environmental stimuli. The output response to these factors also has different 

implications at a wide range of scales. The observations of the changes at the cellular level in 

the growth rate, morphology, in the cell cycle, or motility or in various inter-cellular 

processes. Further, changes may be taken at the level of the cellular culture or population in 

the overall proliferation rate, spatial architecture, etc. However, to understand the behaviour 

of the cellular studies, there is a requirement of those measuring techniques which can 

enumerate all the parameters simultaneously, across the relevant spatial and temporal scales. 

All the above-mentioned methods are very useful but all suffers from one important 

drawback, that measured intensity has nonlinear, and thus non-invertible, relationship with 

the phase of the specimen. The field of quantitative phase imaging (QPI) was born out of 

attempts to quantitate the contrast generating mechanism in phase contrast microscopy. 

Without this information, extracting morphologically relevant parameters like size, refractive 

index (RI) and dry mass density, etc. are not much effective. With the help of QPI, we can 

extract the phase variations and RI of the specimen. Figure 1.1 illustrates the information 

which is typically available from QPI experiments [15]. 

 

                                        Figure 1.1 Representation of QPI data 

 

1.2 QUANTITATIVE PHASE IMAGING 

QPI provides much more rigorous analysis of the image as compare to the intensity 

image obtained by conventional microscopic technique. The phase map contains various 

information, such as cell thickness and RI which allow quantization of cellular morphology 

under experimental conditions [16], [17]. Nowadays, QPI play an important role in the 

biological studies [18], [19]. For example, QPI has recently measured cell cycle-dependent 

growth patterns by exploiting the fact that phase images are proportional to  morphological 

changes like dry mass density, RI etc. [20] and brought insight to the age-old question of how 
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single cells regulate their growth. QPI has also enabled the monitoring of 

cytoskeletal/organelle interactions on short time-scales due to its ability to image cytoskeletal 

structures in parallel [21], whereas, fluorescence microscopy requires multiple fluorescent 

labels to get the same image information. Likely, QPI has been used to quantify intracellular 

mass transport [22], monitor the effects of Adenosine triphosphate (ATP) on red blood cell 

(RBC) and membrane dynamics [23]. In addition to biology, QPI is making waves in the 

realm of clinical diagnostics [12], [24], [25], where it has recently manifested itself as a 

powerful tool for low-cost, high throughput, and high-sensitivity RBC screening [26]. 

Another developing area for QPI is cancer diagnosis, where it has been used to differentiate 

cancerous cells in isolation [27], identify tissue self-affinity as a potential biomarker for 

precancer [28], detect calcium oxalate as a breast cancer screening tool, and correlate 

cancerous regions in prostate biopsies with high variance in the phase image [29].  

Recently, various QPI methods have been developed to obtain the quantitative images 

of different biological objects such as optical coherence microscopy (OCM) [3], [30], [31], 

tomographic phase microscopy (TPM) [32], phase-shifting interferometry (PSI) [33], Fourier 

phase microscopy (FPM) [18], digital holographic microscopy (DHM) [16], diffraction phase 

microscopy (DPM) [34], spectroscopic diffraction phase microscopy [35] and Hilbert phase 

microscopy (HPM) [36]. All these methods are very much successful and each technique has 

its own advantages and disadvantages. QPI interferometry technique is the high-resolution 

quick imaging and simultaneous production of interference between the sample and reference 

objects.  

. 

Figure 1.2 Optical spectrum profiles of various light sources vary with the bandwidth 

variation. 
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To optimize the image quality, the choice of light source is very critical. It is desirable 

to use broad band light source whose coherence length is very small to achieve better axial 

resolution [37]. Therefore, the unwanted fringes due to multiple reflections from the different 

surfaces can be avoided and accurate slice selection in the sample is possible. A qualitative 

comparison between the optical spectrum of a broadband source and that of a laser is shown 

in figure 1.2 [38]. The spectrum of super luminescent diode (SLD) is not always broader than 

light emitting diodes (LED), such as in the case of white LED. But as compare to single color 

LED the SLD spectrum is relatively broader bandwidth. 

 

1.3 QUANTITATIVE PHASE IMAGING METHODS 

 

QPI methods image the optical path length of a phase object integrated along the optical or z-

axis. In the literature, there are numerous ways to do this [9]. QPI can be broadly classified 

into two categories: PSI and slightly off-axis interferometry (OAI). To understand the 

comparison between the QPI methods, we theoretically explain the spatial frequency domains 

of the methods in figure 1.3, slightly off-axis and PSI interferometry [39], [40].  

 

Figure 1.3 Graphically differentiate the spatial frequency spectrum of (a) Slightly OAI, and 

(b) PSI; CCT (Cross Correlation Term), ACT (Auto Correlation Term). 

In both cases the two auto-correlation terms (ACTs), situated around the origin of the 

spatial spectrum, this consists of the reference arm and sample arm. Since the reference arm 

is taken to be a constant axis over the camera illumination area, the total width of the ACTs 

for an interferometric image is only determined by the width of the sample arm ACT given 

by four times the highest spatial frequency ω
0 

of the object recorded by the camera. In 

comparison, the width of each cross-correlation term (CCT) is only        . 

 

 

 2ω
0
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In slightly-OAI as seen in figure 1.3(a), the CCTs should not be overlapped, but the 

overlapping of the ACTs with each CCT’s is acceptable. Therefore, the highest spatial 

frequency needed per exposure is only . However, in the case of phase shifting 

interferometry as shown in figure 1.3(b), all ACTs and CCTs are centered at the origin. 

Therefore, the required highest spatial frequency per exposure is only ω
0
. So, therefore, in 

this case, four or five interferogram patterns (depending on the technique chosen) should be 

attained to completely remove the both ACTs and one of the CCTs.  

 

1.3.1 Phase-Shifting Interferometry 

In PSI, a coherent laser beam is incident on an imaging system/interferometer. The beam is 

split into sample and reference arms, which are then recombined collinearly at the image 

plane [41]. By modulating the phase of the reference arm, the resulting interferograms are 

also modulated where the bias of each pixel is determined by the phase of the sample. 

Conventionally, four interferograms are measured as the reference phase is modulated in 

equal increments around the unit circle such that the phase image is easily obtained using 

trigonometric relationships [14]. A block diagram representation is given in figure 1.4 which 

includes spatial filter (SF), beam splitter (BS), objective lens (OBJ) and CCD [42]. 

 

Figure 1.4 Schematic representation of PSI. 

 

Because the interfering beams are collinear, PSI preserves the spatial resolution 

inherent in the sample arm’s imaging optics, which may be diffraction-limited [9]. Phase 

sensitivity is determined by the Signal to Noise Ratio (SNR) which is easily maximized by 

Laser

Phase 

Shifter

SF

BS

OBJ

CCD

Sample

Ø = 0, Π/2, Π,
3Π/2

 2ω
0
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controlling the relative powers of each beam. Furthermore, the method is computationally 

simple and requires no assumptions about the scattering properties of the sample. 

Disadvantages in PSI stem from the fact that multiple interferograms are required per phase 

image thereby limiting acquisition speed. Also, phase and speckle noise tend to reduce 

temporal and spatial phase stability in systems utilizing non-common-path geometries and 

monochromatic light. In the recent years, researchers have mitigated some of these issues by 

sacrificing alignment tolerance for speed [43] and adapting PSI to common-path geometries 

[44] and white light illumination [34]. 

1.3.2 Slightly Off-Axis Interferometry 

To extract the phase information of the dynamic biological samples, since it requires only 

single interferogram slightly off-axis interferometry performs better as compared to PSI 

interferometry. Slightly-OAI is similar to PSI, except that spatial, rather than temporal, 

modulation is used in which the reference beam propagates at a known off-axis angle. The 

resulting interferograms are spatially modulated with a periodicity determined by this angle. 

The transmission function of the sample can be reconstructed in many ways; for example 

Fourier domain demodulation [4] or Hilbert transform methods [45] may be used. A block 

diagram representation is given in figure 1.5. 

 

Figure 1.5 Schematic representation of slightly- OAI. 
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Because phase recovery is based on a single interferogram, temporal resolution is 

maximized and only limited by camera readout speed. Like PSI, slightly-OAI benefits from 

controllable fringe visibility and doesn’t require scattering assumptions. Unlike PSI, however, 

spatial resolution in slightly-OAI is often limited by the off-axis angle and not the imaging 

optics. Slightly-OAI also suffers from reduced sensitivity associated with phase and speckle 

noise and reconstruction methods are often complicated by the need to unravel a highly 

wrapped phase function in the presence of noise [46]. As with PSI, slightly-OAI researchers 

have increased phase stability by adopting common-path geometries [47] and using white light 

[34]. 

1.3.3 Quantitative Phase Imaging Method Comparison 

The overall characteristics of selected QPI methods reported in the literature are summarized 

in Table 1.1. The configurations cited in Table 1.1 are not exhaustive and are meant to be 

representative of progress within each category.  

Table 1.1 Characteristic summaries for representative QPI methods 

QPI 

Method 

Published 

Configuration 

Single- 

shot 

High 

resolution 
Sensitivity 

Common 

Path 

Broadband 

Light 

source 

No object  

Scattering 

Assumptions 

Computa

-tionally 

simple 

PSI 

PS-DHM [16] ✗ ✓ ✓ ✗ ✗ ✓ ✓ 

FPM [18] ✗ ✓ ✓ ✓ ✗ ✓ ✓ 

SLIM [48] ✗ ✓ ✓ ✓ ✓ ✓ ✓ 

Slightly 

OAI 

 

Slightly-OA-DHM 

[47] 
✓ ✗ ✓ ✗ ✗ ✓ ✗ 

DPM [49] ✓ ✗ ✓ ✓ ✗ ✓ ✗ 

wDPM [34] ✓ ✗ ✓ ✓ ✓ ✓ ✗ 

where, ✓’s indicates presence of a desired attributes, ✗’s indicates absence of a desired 

attributes. 

The table compares QPI methods using the following metrics: single-shot (enables high 

acquisition speed), high spatial resolution, sensitive (high SNR), common-path (eliminates 

phase noise), broadband light source (reduces speckle noise), no object scattering assumptions 

(strongly scattering 2D phase objects with sharp edges can be imaged without artifacts), and 

computationally simple (enables real-time processing). From the above table it's sufficient to 

motivate the present research work that we have to develop a single-shot, high resolution, 

common-path broadband slightly off-axis quantitative phase microscope system to achieve 

higher stability and fast acquisition for biological applications. 
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1.4 OPTICAL COHERENCE TOMOGRAPHY 

Optical coherence tomography (OCT) is a non-invasive medical imaging technique which is 

being reliable for high resolution (micrometer-scale) tomographic imaging of biological 

applications as well as it measures the amplitude of the backscattered light by the sample 

being imaged [50], [51]. OCT was initially given by Huang et.al [1] in time-domain mode of 

operation. The OCT can be envisioned as an optical analogy to ultrasound imaging where the 

technique visualizes echoes from discrepancies in a sample. In OCT, light is being used as a 

source for the detection of optical echoes rather than sound. OCT has many advantages like 

low temporal coherence property of light source for high sensitivity and high resolution 

optical sectioning [1], [52], [53]. Light reflected or backscattered from the object propagates 

with different delay times, from the different layers of the object [50]. By translating the 

reference mirror one can obtain a longitudinal profile of reflectivity versus depth. OCT 

measures the eco-time delay of back scattered or back reflected light from different layers of 

the object to determine the dimension of object. The key parameters in OCT systems are 

sensitivity, resolution and acquisition speed. Axial resolution depends upon bandwidth of the 

light source whereas lateral resolution depends upon the numerical aperture (NA) of the 

imaging optics [52]. 

 

Figure 1.6 (a) Schematic diagram of optical coherence tomography. 

The schematic diagram of a traditional OCT system is illustrated in the figure 1.6 (a). 

A fiber-coupler based Michelson interferometer is illuminated by a broad band or low 

coherence light source. Light is directed to 2 × 2 fiber coupler and it is supposed to be equal 

power is dispersed on both sample and reference arms, however, there are so many OCT 

systems which take the advantage of unbalance power splitting and have been described both 

experimentally and theoretically [54]. The output light at the reference fiber is incident on the 

reference mirror while the light at the output of the sample arm is incident onto the sample.  
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Figure 1.6 (b) A-scan and B-scan OCT images. 

Light reflected or backscattered from the object propagates with different delay times, 

from the different layers of the object [19], [50] and the combined light is made to interfere 

on the surface of a photo-receiver or detector. By translating the reference mirror one can 

obtain a longitudinal profile of reflectivity versus depth, i.e. A-scan as shown in figure 1.6(b). 

On the basis of the point by point scanning mechanism the focused beam position into the 

sample, multiple A-scans are obtained and interfaced in the desktop into a 2D cross-sectional 

image of the sample in the region of the focal spot, defined as B-scan shown in figure 1.6(b) 

[1].  

1.4.1 Theoretical Aspects of Extraction of Signal using OCT 

From the figure 1.7, if a wavelength-independent bifurcation ratio for the beam splitter is 

taken, then the electric fields for low coherent light source reflected into sample and reference 

beams of the interferometer can be expressed as [38]: 

      kztj

RS ekbEE  
   (1.1) 

where, RE is the electric field at the reference beam, 

  SE  is the electric field at the sample beam, 

   kb  is the electric field amplitude spectrum, 

  k  is the wave-number,  

and z  is the distance from the different layers of the sample. 

  

Therefore, the attenuated electric field of the reference beam is as follows:    

   Rkztj

RR ekbrE
2




    (1.2) 

where, Rr   is the reference beam.  
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Figure 1.7 Schematic diagram of conventional OCT 

The light incident on any given specimen will undergo back reflected from the multiple 

layers due to the presence of scattering particles and refractive index variations within the 

specimen. The back reflected photons reoccurring from the sample beam can be expressed 

by: 

      
)(

2
zrekbE S

kztj

S
S 

 
   (1.3) 

where, )(zrS  is the depth-dependent amplitude reflectivity function of any given specimen.  

 

Therefore, the sample and reference beams are recombined at the beam splitter and are given 

as, 

     RS EEE 
2

1
det     (1.4) 

 

The incident light in terms of electric field is converted to photo current with the help of 

optical detectors, which are based on square law intensity detection devices. So, the 

originated photo current is directly related to the product of the average time of the incident 

electric field and its complex conjugate which is as follows: 

           
 RRSSRRSRS EEEEIEEEEkI Re2

22
det


 (1.5) 
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where,  is the detector responsivity in Ampere/Watt. The right-hand side of the first two 

term of the equation correspond to the DC component of the current and interference 

generated within the given specimen. The final term of the equation 1.5 represents the 

interference pattern generated between the reference and sample beams which further 

utilized to compute the structural information or axial depth profile in OCT. When the signal 

was simplified, the AC component of the photocurrent can be expressed as: 

 

         zkzRRkBzkI SRac  2cos,      (1.6) 

 

In order to obtain the axial structural profile information, the depth-dependent 

reflectivity function  zRS   of any desired specimen is extracted using various OCT signal 

processing techniques. In a point by point scanning system, the light propagates from the 

interferometer and is directly send to a detector is illustrate in figure 1.7. After taking the 

resampling and subtraction of the DC background, the axial depth profile of the structural 

information is produced by performing the inverse Fourier transform process. Different 

types of OCT are used to study the biological and industrial objects non-invasively [55]–

[58]. 

1.4.2 Categories of Optical Coherence Tomography 

OCT can be broadly divided into two main categories: time domain OCT (TD-OCT) and 

Fourier or frequency domain OCT (FD-OCT). In TD-OCT, the autocorrelation gives 

information about source spectral distribution. In contrast, in FD-OCT, the autocorrelation 

is calculated by the Fourier transform of the power spectral signal that is measured directly. 

1.4.3 Time-Domain Optical Coherence Tomography (TD-OCT) 

In time-domain OCT, the wavenumber - dependent photo detector current is recorded with 

the help of a single or multiple detectors where the reference beam is used to match the 

optical path length from the different depth reflections within the sample [52], [59]. To 

acquire the depth profile in TD-OCT reference mirror is moved in axial direction or in the 

direction of wave propagation to map out the sample reflectivity as a function of axial depth.  

Figure 1.8 shows the schematic diagram of TD-OCT system based on Michelson 

interferometer. The system uses a broad band light source. The light coming out from the 

source has been divided into two parts with the help of 2x2 fiber, one part is going towards 

the reference mirror and other part towards sample arm. The light reflected from the sample 
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and the light reflected from the reference arm again recombines at fiber coupler. When the 

path difference between the reference arm and object arm is within the coherence length of 

light source interference occurs and recorded by the detector. Due to mechanical movement 

of the reference mirror to obtain the sample depth profile it gives rise to motion artifacts and 

limited repeatability [52].  

 

 

Figure 1.8 Schematic diagram of TD-OCT. 

 

1.4.4 Fourier Domain Optical Coherence Tomography (FD-OCT) 

In FD-OCT, signal detection relies on the transformation of the OCT time-varying signal 

along the optical axis, termed the A-scan, into the frequency domain. Thus FD-OCT has an 

advantage that full sample depth information can be extracted without scanning the reference 

mirror. FD-OCT was first introduced by A. F. Fercher, et al. in 1995 [60]. In 2003, R. 

Leitgeb et al. [61] and M. A. Choma et al. [53] showed that FD-OCT techniques provide 

sensitivities two to three orders of magnitude greater than TD-OCT. This sensitivity 

advantage would enable imaging hundreds of times faster than TD-OCT without sacrificing 

image quality. This dramatic improvement in imaging speeds in frequency domain detection 

made acquisition of 3D data sets feasible [61]. To analyze the spectrum of the interference 

signal in FD-OCT, in which the depth of the layer represents the frequency component and 

the reflectivity of that layer represents the amplitude [62]. Still, FD-OCT has also certain 

limitations. In FD-OCT, the optical frequency components yielded by the interferometer 

consists of two symmetrical components, they are complex conjugate to each other and called 

mirroring effect. The basic principle behind FD-OCT is Wolf’s solution to the inverse 

scattering problem for determining the structure of weakly scattering objects. According to 

the Winner-Khintchine theorem, the spectral power amplitude of backreflected beam equals 

to the Fourier transform of the axial distribution of the object scattering potential [63]. 
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Figure 1.9 Schematic diagram of SD-OCT system [4]. 

 

 

 
Figure 1.10 Schematic diagram of SS-OCT system [64]. 

 

Based on its implementation, the FD-OCT can be split into further two types: Spectral 

Domain OCT (SD-OCT) and Swept-Source OCT (SS-OCT). SD-OCT consists of a 

broadband light source and a spectrometer used in the detector arm to acquire the interference 

signal from the deep layers of the sample as seen in figure 1.9 [4]. The interference signal is 

dispersed by the diffraction grating and the corresponding to each individual wavelength 

components are detected by a CCD array. However, SS-OCT using a high speed tunable, 

narrow line width laser source and without dispersion components as seen in figure 1.10 [61]. 

In SS-OCT system, the given sample is probed with a narrow band instead of sampling the 

received spectrum over a finite wavelength. Some of my thesis chapter focus on discussion 

and utilization of SS-OCT systems. 

 

1.4.5 Full-Field Optical Coherence Tomography (FF-OCT)  

FF-OCT system is a technology extension of point-by-point scanning OCT system. In 

conventional OCT system we need three mechanical scan (one depth and two lateral scans) 

which will produce motion artifacts, non-repeatability and time-consuming [52].  FF-OCT 
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system draws a lot of attention since it produces enface images and potentially faster 

operations. The basic principle behind the FF-OCT is low coherence interferometry. It uses 

low temporal and spatial coherence light source. In FF-OCT system a point detector is 

replaced by a 2D array of detector.  The major parameters to perform full field OCT (FF-

OCT) is the detector array used to detect the interference fringe pattern which classifying the 

OCT signal. In FF-OCT, the process of coherence detection is carried out in parallel at all 

the pixels. The transverse resolution of FF-OCT is similar to conventional microscopy 

whereas the axial resolution is determined by the spectral properties of the illumination 

source. Thus FF-OCT is an alternative approach to increase the imaging speed and acquire 

the larger area or full-field by an array of detector, such as, charged couple device (CCD) or 

complementary metal oxide semiconductor (CMOS) camera [31], [65]. Recently, the use of 

FF-OCT has been increased as a non-scanning, high resolution en-face imaging methods in 

several biological applications [66]–[69]. A schematic diagram of the FF-OCT based on 

Linnik interference microscope configuration which consists of beam splitter (BS), 

microscope objective (MO), neutral density filter (NDF), window glass (WG), angled mirror 

(AM), piezo-electric transducer (PZT), reference mirror (RM), collimating lens (coll lens) 

and 2D-CCD are shown in figure 1.11. Parallel acquisition allows simplification of the 

framework just as a higher acquisition speed as compare to point by point scanning OCT 

[39], [70].  

 

Figure 1.11 Schematic diagram of the FF-OCT system [71]. 
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Moreover, FF-OCT offers the likelihood to utilize thermal light sources regardless of 

their low brightness by exploiting the much slower axial scan than in point scanning OCT [3], 

[72]. However, the brightness of thermal light sources remains insufficient requiring a trade-

off between sensitivity and acquisition speed [73]. In FF-OCT, owing to a natural broad 

spectrum, a thermal light source offers a micrometer resolution along with the more benefits 

of low cost and simplicity. OCT, image acquisition depends on a detector array. In parallel 

TD-OCT techniques, the transverse en-face images can be obtained by utilizing full-field 

illumination and 2D area scan detector, referred as FF-OCT [30], [70]. Various FF-OCT 

frameworks have been employed utilizing 2D smart pixel silicon detector arrays [70] and 

CCD cameras [65], but in these frameworks for obtaining the depth structure of a sample the 

axial mechanical scanning of the reference arm must be performed. 

 

1.5 COMPUTER AIDED DIAGNOSIS APPROACH 

In the medical imaging field, doctors have to deal with images for analysing the abnormalities 

in a very short time. Imaging is the basic modality to diagnose any kind of disease at a very 

earliest stage with the assumption of the acquisition of image not harms any human body as 

image analysis is a very crucial task. Various imaging modalities such as X-ray, ultrasound, 

magnetic resonance imaging (MRI), endoscopy etc. have been investigated for providing 

images but sometimes they harm the human body [74]–[76]. For the quantitative and 

objective analysis, it is possible to develop computer aided diagnostic tool which 

automatically help the doctors to check the abnormalities in any kind of disease [77]. 

Computer-aided diagnosis (CAD) is the method to assist physicians to take diagnostic 

decisions with computer analysis correctly. CAD systems cover much advancement in pattern 

recognition, signal processing, computer vision and machine learning [78], [79]. A general 

CAD system is illustrated in figure 1.12. A CAD system includes Image processing, Select 

the region of interest, Feature Extraction, Selection and Reduction, Classification and 

Diagnosis as shown in figure 1.12. 
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Figure 1.12 General representation of CAD system 

 

In image pre-processing, quality of the image is improved through the utilization of 

enhancing, noise removal and standardization procedures. Pre-processing is fundamental in 

light of the fact that the viability of continuing advances like meaning of region of interest 

(ROI) and feature extraction are reliant on the quality of the input images. Determination of 

ROI is essential to isolate the objects of interest from the background. The significance of 

ROI in medical imaging can be characterized by (i) manual or semi-automated techniques, 

which requires manual interaction or (ii) completely fully automated methods, which don't 

require any manual intervention. Feature extraction alludes to identify and choose a lot of 

recognizing and adequate features from medical images for decision making with respect to 

the pathology of a tissue. Transforming and extracting a lot of helpful features from the input 

dataset is called feature extraction. Further, classification is the way toward separate objects 

into various classes. In medical imaging, classification is typically performed on a tissue or 

cells to recognize its healthy and infected state and distinctive phases of the disease. A 

classifier is regularly trained utilizing a training set, where at least one specialist has assigned 

labels to a set of objects. The term ‘machine learning’ refers to a set of algorithms which 

builds the computers with data-driven learning ability [80]. Machine learning has sparked 

tremendous interest over the past few years, a branch of machine learning that employs multi-
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layered neural networks [81], [82]. The machine learning benefits in QPI applications that the 

classification and identification of cells and tissues for fast screening and diagnostic purposes. 

Various machine learning methods like neural networks, support vector machine (SVM), 

naive bayes classifier, random forest classifier, decision tree and adaboost etc. have been 

designed so far to make accurate classification systems for various medical images [15], 

[83]–[85].  

In the field of applying machine learning for image analysis, extraction of meaningful 

features is very important to get the desired results using machine learning which demands 

expertise. To overcome this challenge deep learning (DL), also known as deep hierarchical 

learning, will be a potential tool which can automatically learn an effective feature 

representation for a specific problem, thus avoiding the complicated method of manually 

extracted feature [86]–[88]. In the present scenario, deep learning has achieved record-

breaking performance to study diseases in the brain [76], [89], skin [90], lungs [91], blood 

cells [92], [93], and eye [94].  Recent development in the field of DL makes his remarkable 

impact in the field of artificial intelligence particularly speech signal processing, language 

processing and image processing [87], [88], [95]. DL extract features from the training data 

and these features were extracted at multiple levels (layers) which is called “feature 

hierarchies” [96]–[98]. Features are learned gradually from low-level to high-level since 

features at each layer are computed from the previous layer representations. Biomedical 

domain generally suffers from the limited amount of data and these data also contain high 

variability which will cause "overfitting". Due to overfitting, the features can't generalize well 

on data and training DL model from scratch requires extensive memory and large 

computational power, which limits its application in the biomedical domain. To overcome 

this problem "transfer learning" and "fine-tuning" would be a good solution. In transfer 

learning (TL), a pre-trained model is either used to fine-tuned on the limited data sets or 

extract features to assist in the classification task [94], [99]–[101]. In DL neural network, the 

first layer contains general features while the last layer contains the high-level features 

learned from the previous layers and therefore, they are specific. In the case of images, the 

major source of information is the spatial local correlation among the neighboring pixels. In 

that case CNN a class of DL will be a good option.  In medical imaging analysis and 

interpretation of CNNs, a branch of DL, have an excellent record over other approaches [86], 

[93], [102], [103].  Thus, this will become an obvious choice for the analysis of quantitative 

phase imaging. The learnable weights and biases of the neurons serve as convolution filters. 

Different arrangement of the filters will lead to different architecture of CNN. The various 
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transfer learning (TL) models are AlexNet, VGGNet, GoogleNet, ResNet and Inception 

models [99], [100], [104], [105]. These models were pre-trained on ImageNet for the 

classification task.  

1.6 APPLICATIONS OF OCT 

OCT have been widely investigated in clinical diagnosis to detect the different types of 

diseases [76], [106]–[110]. OCT is a young imaging modality that is still under process to 

find the better role play in the current medical applications [111]–[113]. During the past 

decades, OCT has become a suitable tool for developing high resolution, cross-sectional 

images in the biomedical field [52], [55], [114], [115]. The high spatial resolution allows 

precise investigations of both interior imaging and surface topography of any specimen. 

However, with the conventional methods used fiber coupler for sending and collecting the 

light, OCT can easily introduce into catheters and endoscopes and have been developed for 

intraluminal imaging [50], [116]. Further, OCT is also an important analytical tool for other 

biomedical applications like in developmental biology, cardiology, laryngology, 

gastroenterology, pulmonary medicine, dermatology, dentistry, etc. [14], [55], [117], [118]. 

Their histological data are evaluated by OCT, functioning as the optical biopsy to make a fast 

diagnosis at endoscopy. Previously, this was only feasible by using histological or cytological 

analysis, which is having a big problem to remove the tissue sample and processing for 

microscopic examination [119]–[121]. Usually, it’s a time-consuming process for the image 

examines manually which is very common in clinical applications. In addition, there is 

dependably a subjective factor related to the pathological examination of an image that builds 

the potential hazard for a specialist to make a false decision. In this manner, an automated 

framework will give important assistance to doctors. With the help of image analysis and 

machine learning algorithms, this research work plan to design reliable diagnostic models for 

analysing the medical image data to reduce the difficulties faced by medical specialists in 

image assessment. This thesis basically covers an OCT quantitative imaging in the 

applications of human skin tissues and blood samples. 

 

 

 

 

 

 



19 
 

1.7 GAPS IN THE RESEARCH 

 

a) Most of biological objects and tissues are birefringent or anisotropic in nature, while 

conventional OCT gives only intensity image. It cannot directly differentiate between 

different tissues.  

b) Point-by-point scanning, for 3D reconstruction of image, atleast three mechanical 

scan (one depth and two lateral scans) are required. The mechanical scanning system 

giving rise to motion artifacts due to mechanical jitter and limited repeatability.  

c) Most of the biological samples are dynamic in nature hence the development of the 

single-shot interferometry is the need of the hour, which is only restricted by the 

speed of the recording device. 

d) The axial resolution of the conventional OCT is governed by equation 







2
44.0

2

0
rA

where, 0  is the central wavelength and   is the bandwidth of the light source. The 

axial resolution of conventional OCT is 10 micron, which is very poor for biological 

samples at the cellular level. 

1.8 SCOPE AND MAIN OBJECTIVE OF THESIS 

Based on the aforementioned problem definitions, the main objective of my research work is 

to develop a high-resolution OCT/ OCM system to obtain complex field (intensity and phase 

images) information. We also develop an image analysis algorithm that can extract the 

quantitative phase information from the complex field for the characterization of biological 

samples. In particular, the research focuses on the development of computer aided diagnosis 

system to investigate the various properties of normal and pathological conditions.  

1.9 OVERVIEW OF THESIS CHAPTERS 

The thesis has been organized into seven chapters. This section presents a brief description of 

the contents and division of the thesis. In the following chapters, we will give the description 

of each of the proposed methods and its results. Each chapter start with a literature review, 

elaborating on the methods and end with the most outstanding results. In the present chapter 

provides the review on the basics of OCT, its types and enormous aspects of FF-OCT system. 

Various QPI techniques along with a review of the current research are discussed. This 

chapter discussed about the PSI as well as OAI and how to apply in the biomedical field. 

Various statistical methods were discussed for the quantification of the parameters which 
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were extracted from the images captured by the OCT system. Further, classification of the 

biological samples has been done by using numerous machine learning methods. We end up 

this chapter by discussing the brief idea about CAD systems for the ease detection of the 

biomedical samples and how well this method is helpful in biomedical field. 

 

CHAPTER 2: DEVELOPMENT OF THE FULL-FIELD OPTICAL SPATIAL 

COHERENCE SYSTEM AND ITS CHARACTERIZATION  

FF-OCM system based on spatial coherence known as full-field optical spatial coherence 

microscope system (FF-OSCM) has been developed. To achieve high resolution, we 

synthesized a pseudo-thermal light source by angular multiplexing of three diverging laser 

light (from the same light source) illuminating the diffuser. To reduce the speckle and spatial 

coherence, we generate the multiple light sources by combining the rotating diffuser and 

vibrating multi-mode fiber bundle (MMFB). As the spatial coherence of the light source was 

reduced, the obtained resolution of the developed framework is similar to temporal 

coherence based conventional OCT system. The developed framework was characterized in 

terms of temporal noise, spatial noise, axial resolution and lateral resolution etc.  

CHAPTER 3: AUTOMATED IDENTIFICATION OF DIFFERENT STAGES OF 

MALARIA 

Malaria is a life-threatening infectious blood disease affecting humans and other animals 

caused by parasitic protozoans belonging to the Plasmodium type especially in developing 

countries. The gold standard method for the detection of malaria is through the microscopic 

method of chemically treated blood smears. In the present study, 28 samples (15 healthy, 13 

malaria infected stages of red blood cells) were recorded by the developed system. A multi-

level ensemble-based classifier was designed for the quantitative prediction of different 

stages of the malaria cells. The proposed classifier was used by repeating k-fold cross 

validation dataset and achieve a high average accuracy of 97.9% for identifying malaria 

infected late trophozoite stage of cells.  

Later on, customized CNN combine with multi-wavelength spatial coherence 

microscopic (SCM) system with the combined effect of angular, spatial, and temporal 

diversity to improve the diagnosis accuracy of different stages of malaria. A SCM is based 

on a purely monochromatic light source that delivers a narrow temporal and wide angular 

frequency spectrum. To overcome from limited sample size, we utilize multi-wavelength 

quantitative complex field imaging (both amplitude and phase). A customized CNN achieves 
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good sensitivity and specificity in all the different stages of malaria. We believe that our 

proposed technique will be helpful for point-of-care testing of different stages of malaria 

infection without staining or expert. 

CHAPTER 4: BURN TISSUE CHARACTERIZATION USING OPTICAL 

COHERENCE TOMOGRAPHY 

In this chapter, the human skin tissue samples were imaged in vivo using the SS-OCT 

system. Burns are the most common cause of accidental death. In the worldwide population, 

millions of people suffer from burn injuries and need a medical assessment every year. 

Therefore, there is an urgent requirement of automation for the accurate assessment of burn 

tissues without the expert clinician. Normal and burn tissues were differentiating by 

extracting the morphological features from A-scan (back-scattered intensity profile) and B-

scan (texture parameters) images. For the automatic detection of the burn skin from the 

normal skin machine learning based classifier was used. In our study, a generalized linear 

model was used as a classifier. The coefficient of linear model was determined by training 

the model on training set data and the same set of coefficients was applied to calculate the 

response of testing data set. The model quality was evaluated using performance curves. The 

result indicates that integration quantitative features from both A-scan and B-scan OCT 

images can be powerful in vivo diagnostic tool for quantitative analysis of burned tissues 

without a specialized facility and clinician.  

CHAPTER 5: AUTOMATED BREAST CANCER MARGIN ASSESSMENT USING 

OPTICAL COHERENCE TOMOGRAPHY  

Breast cancer is the leading cause of woman's death in the worldwide, especially in the 

underdeveloped countries. According to the International Agency for Research on Cancer of 

the World Health Organization (WHO) 2012 statistics, 8.5 million women died from breast 

cancer. The number of cases will significantly increase to more than 27 million by the end of 

2030. We apply MEMS VCSEL SS-OCT system to classify healthy and malignant breast 

tissues. Our present work performs encouraging classification with the help of deep learning-

based CNN model in distinguishing malignant breast tissue from normal breast tissue using 

OCT system. The effectiveness of the model was computed on both original and augmented 

datasets in terms of accuracy, loss, sensitivity, and specificity. The experimental results of 

the breast cancer tissue are also cross validated with the histopathology data. With more 

image data and addition of different classes of breast cancer will make the system more 

robust and support in clinician decisions. The cancer margin assessment results show the 
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effectiveness of the model. We expect that our proposed method in future will be helpful to 

monitor the individual patient health progress and success of therapy by automatically 

extracting the hidden image information. 

CHAPTER 6: PHASE SHIFTING FULL-FIELD OPTICAL COHERENCE 

MICROSCOPE: A TOOL FOR HUMAN BREAST TISSUE AND RED BLOOD 

CELLS IMAGING 

Histology is the gold standard for tissues characterization due to its subcellular resolution. 

However it’s time-consuming and would not possible intraoperative. Full-field optical 

coherence microscope (FF-OCM) is an alternative high-resolution enface imaging technique 

which doesn’t need any sample preparation.  In this chapter, a FF-OCM system is designed 

with the configuration of Mirau interferometer and 2D three-chip color camera. Further, the 

system is used to study human breast cancer tissues and stored RBCs. To extract the phase 

information five-step phase-shifting algorithm is used. The system shows a great potential 

for imaging breast tissue and RBCs.  

CHAPTER 7: CONCLUSIONS AND FUTURE SCOPE 

In this chapter, we summarize the results of the chapters and assess the future prediction. 
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CHAPTER 2 

DEVELOPMENT OF FULL-FIELD OPTICAL SPATIAL COHERENCE 

MICROSCOPY SYSTEM  

 

2.1 MOTIVATION 

Over the last decades, quantitative phase microscopic imaging methods, including refractive 

index tomography, optical diffraction tomography, digital holography quantitative phase 

microscopy / spectroscopy have been employed so far for the biological studies [122]–[125]. 

Although, all these techniques are very much successful in the biomedical field but they have 

also certain disadvantages. To capture the dynamic behaviour of the biological cells such as 

membrane fluctuations, dry mass cell density etc., an off-axis interferometry or holography is 

preferred since it gives complete information in a single shot whose response solely depends 

upon recording device speed [24], [126], [127] . Low coherence interferometry based full-

field optical coherence microscopy (FF-OCM) emerges as alternative imaging techniques to 

produce a complex image (both amplitude and phase image) with high resolution [68]. The 

axial resolution is half of the coherence length and is inversely proportional to the bandwidth 

of the light source. Therefore, the larger the bandwidth, better the axial resolution and the 

lateral resolution is governed by focusing condition of the imaging system [14], [38], [116]. 

OCM is a powerful modality that can achieve high resolution cellular imaging. Its main 

property is to combine the low coherence and confocal gating for imaging the scattering 

media. Low coherence light source acts as coherence gate and ignores the undesired 

backscattered light from the specimen whereas the confocal gate avoids out of focus light by 

means of using a pinhole in front of detector. Hence, the combined effect of confocal and low 

coherence gate produces higher contrast images with a high penetration depth in the 

scattering medium. OCM has becomes more useful in comparison to conventional OCT or 

confocal microscopy due to its high contrast and improved imaging depth [73]. Its main 

advantage is its sub-cellular resolution with high numerical aperture (NA) objective lens with 

a broadband light source, simplicity, cost and speed. However, conventional OCT based on 

broadband light source (SLD or thermal light) basically exploits the property of low temporal 

coherence [52], [66]. In case of low temporal coherence, the interference will only occur 

when the path difference between the reference and sample arm is within the coherence 

length which limits the utilization of whole camera field of view [128]. The other 

disadvantage with a broadband light source-based system is that it required dispersion 

compensation mechanism for dispersion correction [38], [129]. However, these issues can 
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be resolved with the use of high temporal and low spatially coherent light source. The major 

advantage of this kind of light source (high temporal and low spatially coherent) it has a high 

fringe density over the whole camera field of view and it doesn’t require any dispersion 

compensation mechanism. A narrow band or monochromatic light source with high NA 

objective lens would be a good solution. Previous researchers have achieved high axial 

resolution from the broadband light source (halogen lamp) by passing through a narrow 

bandpass filter, but still it has large bandwidth as compared to laser [130]. Safrani et al. 

studied the effect of the spatial coherence for the determination of optical tomography and 

layer thickness with the help of a narrow spectral bandwidth light source achieved by passing 

the white light through a band pass filter of 10 nm bandwidth [131], [132]. Therefore, this 

spatial coherence-based source is more suitable for the dynamic biological sample which has 

a strong dispersion or inhomogeneous spectral response.  

 

This chapter gives the detailed information about the development of a high-

resolution full-field optical spatial coherence microscope (FF-OSCM) imaging system. We 

synthesized a pseudo-thermal light source by angular multiplexing of three diverging laser 

light (from the same light source) illuminating the diffuser. To reduce the speckle and spatial 

coherence, we generate the multiple light sources by the combination of rotating diffuser and 

vibrating MMFB. As the spatial coherence of the light source was reduced, the obtained 

resolution of the developed system is similar to temporal coherence based conventional OCT 

system [131], [133]. In the present system, mirau interferometer was used which is compact, 

follows the common path geometry leads to the insensitive external vibrations. Also, the 

present system is based on slightly off-axis, which need only single interferogram to extract 

the phase information which will be very helpful for dynamic process such as RBC [46], 

[134].  

 

2.2 METHODOLOGY 

Coherence properties of optical light sources play a significant role in the various optical 

imaging techniques such as interferometry, QPM, digital holography, and OCT [13], [38], 

[52], [130], [135]. Coherence is broadly divided into two parts: spatial and temporal 

coherence [63], [129]. The spatial coherence is further divided into two sub-categories: lateral 

and longitudinal spatial coherence [63], [129]. Spatial coherence gives the correlation of 

different optical fields at two different spatial positions, placed either longitudinal or lateral 

direction of the beam propagation, at the same moment of time [13], [136] whereas temporal 
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coherence gives information about fixed or constant phase relationship, i.e., correlation 

between light sensations at two different moments of time. In the coherence theory of optical 

fields, the temporal coherence function is determined by Wiener-Khintchin theorem while 

spatial coherence function is determined by Van-Cittert Zernike theorem [63]. According 

to Wiener-Khintchin theorem, for a broad light source spectrum source frequency spectrum is 

the Fourier transform of the temporal coherence function [137]. Similarly, according to Van-

Cittert Zernike theorem, source spatial distribution is the Fourier transform of the spatial 

coherence function [63].  

 

 

Figure 2.1 (a) Spatial coherence to the extended light source and (b) spatial periods  

and circular frequencies of a plane wave. 

 

For spatially longitudinal incoherent light source, the coherence length is found by 

longitudinal spatial coherence (LSC) length instead of temporal coherence as in the case of 

low coherence interferometry [13], [63]. The LSC length of the spatially extended light 

source is defined by 

       zzzlong dkzikkSzz  exp, 21 




    (2.1) 

where,  21, zzlong  = LSC of the light source 

 zkS = angular spectrum of the light field 

θz

θx



26 
 

   = longitudinal spatial frequency 

  =        , difference between two-spatial points O1 (  ) and O2 (  ) in the observation 

plane as shown in figure 2.1 (a). 

     =
  

  
=

  

 
                            (2.2) 

where,     = spatial period along Z-direction as shown in figure 2.1(b), 

  = wavelength of the light source,  

   = angle between the z-axis and direction of propagating field, 

The longitudinal coherence length is defined by  

  =
  

   
                                                                       (2.3) 

 

where,     is the longitudinal spatial frequency range. 

The longitudinal coherence frequency, which depends upon the temporal frequency as well as 

angular frequency is given by 

       =  
      

  
 

 

  
 

  

  
       

 
 

  

     (2.4) 

where, 0  = central wavelength of the light source, 

 = temporal spectrum width of the source  

   = half of the angular spectrum width.  

For monochromatic light source )( 0  expression (2.4) becomes 

   =
  

      
  
 

 
     (2.5) 

hence, the axial resoloution (half of the coherence length, i.e.  
  

 
 )  is determined by LSC 

rather than temporal coherence [129].  

 

The lateral resolution is calculated by [136], 

                         
NA

LS
061.0 

       (2.6) 

where, SL  = lateral resolution of the light source. 
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2.3 EXPERIMENTAL DETAILS OF THE DEVELOPED SYSTEM  

Each component specifications are given in the table 2.1. 

              Table 2.1 Experimental Set-up Components 

Components Specifications 

Laser Light Sources Helium-Neon Lasers, wavelengths-Red 632 and Green 532 nm 

Microscopic Objective 

Lens 

Nikon Eclipse 50i 

Beam Splitter Thorlabs, Visible Non-polarizing beam splitter cubes 

MMFB 0.1 core diameter, 100 fiber bundles 

Rotating Diffuser Thorlabs, Unmounted Ground Glass diffuser 

Neutral Density Filter Thorlabs, 0.1 OD, 79.5% transmission, 12.5 mm unmounted, 

metallic neutral density filter 

Collimating Lens Thorlabs, focal length ~ 17.5 mm 

2-D CCD Camera SamBa EZ-140, Sensovation AG, full well capacity =14500 e-, fps 

= 30, C-mount 

Condenser Lens Thorlabs, optical crown glass 

Mirau Interferometer 20X, Edmund Optics, NA 0.4, Working Distance 4.7 mm, 

Resolving power 0.69 

Mirror 1X Plane Mirror 

Coupler Thorlabs, 50×50 Fiber Coupler 

 

CCD Camera: It is a 2-D CCD camera with image size 1392×1040 pixels and pixel size 

4.65 × 4.65 µm
2
. The quantum efficiency for the camera is above 70% as shown in figure 2.2 

for both the wavelengths (red and green). 
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Figure 2.2 Response spectrum of a typical CCD Camera 

 

Mirau Interferometer: The developed system uses a 20X magnification Mirau-

interferometric objective lens as seen in figure 2.3(a) and (b). Mirau interferometer is 

compact, which allow us to integrate it into the microscope and nearly common-path 

geometry which leads to high phase stability and insensitive to the external noises.  

 

Figure 2.3 (a) 20X Mirau Interferometer (b) Schematic view of Mirau Interferometer   

 

 

Experimental Description: The schematic diagram of the experimental setup is shown in 

figure 2.4. Two He-Ne lasers (632 nm and 532 nm) are used as light sources. Only one light 

source is used at a time. The red laser (632 nm) was incident onto the beam splitter (BS1), 

which splits the beam into two parts, one part is going to microscopic objective (MO1) 

another part is going towards MO2. MO2 is coupled with 50/50 fiber based beam splitter. A 

neutral density (ND) filter is placed in the direct beam path to equalize the intensity of all 
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three beams. All the three diverging He-Ne laser light illuminates the rotating diffuser at an 

angle of +40
0
, 0 and -40

0
, respectively as shown in figure 2.4.  

 

Figure 2.4 Schematic Diagram of FF-OSCM system; BS1, BS2-Beam Splitter, MO1, MO2-

Microscopic objective lens, MMFB-Multi-mode Fiber Bundle, ND filter- Neutral density 

filter. 

40° angles between the light beams is chosen to make speckle patterns generated from all 

three diverging beams statistically independent to reduce speckle contrast effectively. The 

intensity of all the three beams at the diffuser plane was approximately equal to ~ 1 mW/cm
2
.
 

The spot size on the diffuser plate is ~6 cm. The output light of diffuser is collected by a 

MMFB with a core diameter 1mm and contains 100 fibers of 0.1 mm core diameter each. 

MMFB furnishes an assembly of different modes with various stage speeds as different light 

beams and hence different phase delays are produced. The vibrated MMFB was further used 

to reduce the speckles. Thus, the yield originates from the MMFB acts as mutually spatially 

incoherent point sources therefore, the phase is completely randomized. The scattered output 

light of the MMFB is fully spatially incoherent is collected by a collimating lens (focal length 

~ 17.5 mm) and fed to the microscope. The emerging collimated light was made incident on 

20X Mirau interferometer, the transmitted light goes to the sample placed a slightly off-axis 

mirror, while the reflected beam is directed to an aluminized spot on the front surface of the 

microscope objective. The two beams recombine at the beam splitter and the interference 

pattern is recorded by the CCD camera. The field of view of the FF-OSCM image at CCD 

camera is 400 µm x 400 µm and the imaging speed of the system is 15 fps. The sensitivity of 

the FF-OSCM system is ~86 dB.  
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2.4 PERFORMANCE CHARACTERISTICS OF FF-OSCM SYSTEM  

 

2.4.1 Axial Resolution 

 

Axial resolution depends upon the coherence length of the light source and it scans that 

samples the light reflected back from the different depth positions [138]. The axial resolution 

is calculated experimentally by moving the sample mirror along the axial direction (z-

direction) by a step size of 1µm. As the sample mirror moves in +z and –z direction the fringe 

visibility or contrast reduces. The envelope of this fringe contrast is coherence envelope and 

the LSC is the full-width half maxima of the coherence envelope.  

   

 

Figure 2.5 Axial resolution (half of the LSC length) with NA 0.4 (20X). 

 

The axial resolution is the half of LSC length. Two different wavelengths red and green 

with objective lens (NA=0.4) are used in the experiment for the determination of the LSC or 

axial resolution as shown in figure 2.5. The measured axial resolution for red and green 

wavelength is 4.5 µm and 4 µm in the air, respectively whereas calculated value of the axial 

resolution from equation (2.5) is 3.78 µm and 3.18 µm for red and green in the air, 

respectively. 
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2.4.2 Lateral Resolution 

Lateral resolution gives information that it moves the exploration point laterally in the second 

dimension [30]. To measure the lateral resolution of the system, we placed United States Air 

Force (USAF) test target as the sample, which was imaged using 0.4 NA objective lens. The 

system is able to resolve 6
th

 elements in the 7
th

 group element and the lateral resolution comes 

out to be 1.9 µm for red color wavelength as shown in figure 2.6 (a) and (b).  

 

Figure 2.6 (a) Standard USAF resolution chart and (b) Normalized line profile of 6
th

 

elements in 7
th
 group for red color wavelength. 

 

The calculated value of lateral resolution from equation (2.6) is 0.96 µm and 0.81 µm for red 

and green, respectively. The measured lateral resolution through OCM intensity image is 1.9 

µm and 1.1 for red and green color wavelength, respectively. There is a slight variation of 

lateral resolution of OCM measurement with optical microscope it may be due to the image 

edge contrast is not sharp, which could affect the final result. 

 

2.4.3 Spatial and Temporal Phase Sensitivity 

 

The spatial phase sensitivity of the system gives information of the spatial phase changes in 

the reconstructed phase map, which can be computed by imaging a standard flat mirror [139]. 

However, the temporal phase sensitivity describes the stability of an interferometer, which 

further leads to compute membrane fluctuations of the various biological cells [140].  

(a)
(b)
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Figure 2.7 Phase sensitivity of the present system (a) Temporal phase sensitivity and (b) 

Spatial phase sensitivity. 

 

High spatial and temporal phase sensitivity is a very important feature of any 

quantitative phase microscopic system. The combination of the angular diversity (three beams 

of the same light source), vibrating fiber bundle and rotating diffuser will lead to an increase 

in the spatial phase stability of the interferometer. However, the temporal phase stability 

depends on the configuration of the interferometer. Since, Mirau interferometer follows the 

common path geometry and compact unit, so, the temporal phase stability of the developed 

system would be quite high. To calculate the phase stability, we placed an unprocessed clean 

100 µm thickness glass cover slip and recorded 25 phase shifted interferograms and from 

these interferograms 25 phase images of the top of cover slip is recovered. From this, we 

computed spatial standard deviation of the phase images vs time. The median value of the 

phase is ~10 mrad. The corresponding recovered phase map is seen in figure 2.7(b). It can be 

shown from figure 2.7(b), recovered phase values are not same at each spatial location of the 

phase image.  

 

2.4.4  Effect of angular diversity with rotating diffuser and vibrating MMFB on recorded 

interferogram 

 

The developed system is used to record the interferograms of RBCs and it is seen from the 

figure 2.8(a) and (b) that the quality of the recorded image without angular diversity, rotating 

diffuser and non-vibrating MMFB is quite poor as compare to the quality of image recorded 

with the help of pseudo thermal light source (angular diversity, rotation diffuser and vibrating 

MMFB). 

(a) (b)
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Figure 2.8 Interferograms recorded from (a) He-Ne laser light source without angular 

diversity, rotating diffuser and non-vibrating MMFB and (b) with pseudo thermal light source 

(angular diversity, rotation diffuser and vibrating MMFB). 

 

2.5 METHODOLOGY 

 

2.5.1 Data Acquisition 

 

In the data acquisition, our system uses LabVIEW software written program to control the   

2-D CCD camera in synchronization with the single shot recording. We used a National 

Instruments PXI-1031 board to send instructions and receive data and get a synchronous 

scanning and recording.  

 

2.5.2 Data Analysis  

 

To extract the phase information, the recorded interferogram of the various techniques has 

been applied such as Fourier transform, Phase-shifting and Hilbert Transform [141],. Hilbert 

transform is a powerful technique to extract the phase information from the single slightly 

off-axis interferogram [44], [45], [141], [142]. It has been widely utilised in the FF-OCT/ 

OCM system because of its computational efficiency and the simple to use. The perfect 

Hilbert transform algorithm is considered as a phase-shifter which provides every sinusoidal 

function a phase shift of -
2

  and is capable for obtaining the envelope corresponding to the 

(a) (b)
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original interference signal [45]. The Hilbert transform of any real-valued function u(t) is 

termed as: 

 

   

     
 

dt
tx

tu
PtuHTtxh 









1

    (2.7)

 

 
where, P is the principal value taken in the integral. Computationally, h(x(t)) can also be 

written as: 

    
    tuP

x
txh 



1

         (2.8)
 

As mentioned above, the Hilbert transform can be assumed to be a filter that simply shifts 

the phase of its input by −
2

 radians. The analytic representation of an input signal is an 

analytic signal. The real and imaginary parts of a complex analytic signal  tU  can be 

obtained as follows:  

 

    
     tjhtutU 

        (2.9) 

The analytic signal  tU  can also be expressed in terms of its time-variant magnitude      

and phase  (t) in polar coordinates: 

        =           
     (2.10) 

M (t) can be regarded as a slow-varying envelope of U (t), while the phase derivative 

     
  

  is an instantaneous frequency [214]. Then, the magnitude      and wrapped 

phase  (t) is simply determined by: 

    
       22

thtutUtM 
    (2.11)
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                    Figure 2.9 Phase extraction process from the recorded interferogram 

 

Spatial interferograms were recorded by the developed FF-OSCM system. The phase map is 

extracted with the help of Hilbert transform. The dc component from the Fourier spectrum 

was removed and the inverse Fourier transform was then computed to obtain the complex 

analytical signal. The phase map was extracted from complex analytical signal by using 

equation no. 2.12. The Goldstein method was then used to obtain the unwrapped phase map. 

The whole process is explained in the figure 2.9. 

 

2.6 CONCLUSIONS 

 

In summary, this chapter provides a complete detail about the development of high-resolution 

FF-OSCM system based on pseudo thermal light source. In order to improve image quality, 

the concept of angular multiplexing was introduced. A pseudo-thermal light source with a 

combined effect of spatial, angular and temporal diversity has been designed to achieve a 
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high resolution. A rotating diffuser and vibrating MMFB were used to further improve image 

quality or to reduce speckle. The developed system resolution is comparable to the 

conventional OCT system based on temporal coherence. In addition, the temporal and spatial 

phase sensitivity of the developed system is quite high. As the developed system based on a 

monochromatic light source, therefore, it does not require any chromatic abbreviation 

correction (as required in the case of broadband light sources based system). Moreover, this 

system is based on slightly off-axis interferometry that needs only single interferogram for 

extracting the quantitative information. The system is very helpful especially for studying the 

dynamic biological samples, as its performance only depends on the speed of the recording 

device.  
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CHAPTER 3 

AUTOMATED IDENTIFICATION OF DIFFERENT STAGES OF 

MALARIA  

 

3.1 INTRODUCTION 

Malaria is a contagious disease via female Anopheles mosquito bite from one infected person 

to the healthy person having an adverse effect on the blood as seen in figure 3.1. According to 

2015 statistics, 214 million malaria-infected cases were reported causing an approximate 

death toll of 438,000 worldwide [26], [143]. From the WHO record, the growing age children 

were more affected by the malaria parasite disease in the rural areas [143]. Identify the 

parasite itself in the RBCs and the response of the blood cells is an indication of malaria. It is 

mandatory to know the early stage malaria diagnosed from the patient’s blood to avoid the 

risk of death and long-lasting infection, which increases the malaria associated diseases [26], 

[144], [145]. Different stages of malaria-infected RBCs are early and late trophozoite. In 

general, in early trophozoite stage, no change in size and two or more chromatin dot present 

on it while in late trophozoite stage, vacuolated and dark pigment occur on RBCs. The 

identification of different stages of malaria will be helpful to assess the impact of promising 

antimalarial medications, and antibodies focusing on the distinctive erythrocytic phases of 

Plasmodium falciparum (P. falciparum) parasites [146]. Due to the low cost and renowned 

method, microscopic testing is the gold standard technique for the diagnosis of malaria [144], 

[147], [148]. 

 

Figure 3.1 Female Anopheles mosquito 
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3.2 DIAGNOSIS OF MALARIA INFECTED RBCs USING MACHINE 

LEARNING  

 

In the last decades, various microscopic imaging methods have been employed for the 

malaria infected stages of cell studies by using structural, biochemical and mechanical 

features. However, there are few limitations of these techniques, either they are suffering 

from poor interference signal contrast for deep layers or system is too complex [26], [125], 

[144]. But, the present system is based on slightly off-axis, which need only single 

interferogram to extract the phase information which will be very helpful for the study of 

behaviour of cells such as RBC [46], [134]. For the early diagnosis and fast screening 

process, machine learning models used in medical imaging-based applications. Further, to 

overcome the complications for assessing the high dimensional data and minimizing the 

diagnostic errors, machine learning automation systems is used [87], [88], [122], [125], [149], 

[150]. Initially, we have used various machine learning models individually to classify the 

malaria infected RBCs and healthy RBCs, but their performance is not up to a satisfactory 

level (accuracy < 95%). To attain the higher accuracy, sensitivity, and specificity, we 

designed multilevel ensemble machine learning model using morphological features 

dependent on quantitative phase images rather than intensity images for the classification. 

The feature reduction technique is applied to the datasets, it helps in reducing the 

computational time. The developed FF-OSCM system (discussed in chapter 2) with machine 

learning based ensemble model has a high accuracy for automated identification of malaria 

infected stages. In the beginning of this chapter, we report the automatic identification of 

malaria infected unstained blood samples from the novel multilevel ensemble classifier model 

using FF-OSCM system. 

3.2.1 Sample Preparation 

28 blood samples were collected from the hospital. Out of which, 15 healthy and 13 

malaria infected stages of RBCs (5 early trophozoite and 8 late trophozoite) and stored into 

Ethylene diamine tetra-acetic acid (EDTA) anticoagulant tubes. RBCs samples were firstly 

diluted in phosphate buffer saline (pH~7.4) solution to maintain the cellular 

microenvironment and centrifugalized, and then gave some time for the cell settlement. Thin 

blood smears were formed on aluminium coated reflection type glass slide. The sample stage 

is slightly tilted (tilt angle ~8
0
) to increase the fringe density and the interferograms were 

recorded with the help of the FF-OSCM system. With the help of numerical focusing, we 

choose the best contrast interferogram or the bottom most axial layers of the RBC's, which 
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have complete information of the RBCs because the height of RBC is less than axial 

resolution of the system. 

3.2.2 System methodology 

 

FF-OSCM system was used for obtaining the images of healthy and malaria infected RBCs. 

The detail of the system was already discussed in section 2.3. 

 

3.2.3 Results and Discussion 

 

In this section, an automated FF-OSCM system was used to discriminate malaria infected 

stages of RBCs from the healthy RBCs. Spatial interferograms were captured using the 

different wavelengths (red and green) of two light sources (one light source used at a time) 

from the region of interest (ROI) to generate the amplitude and phase (    ,   ). The phase 

images of RBCs at different stages are shown in figure 3.2 for red wavelength. In total, 13 

morphological features were computed from 13 malaria infected patients (5 early trophozoite 

and 8 late trophozoite stages) and 15 healthy patients are summarized in table 3.1. Samples of 

the total of 28 subjects with an average of 20 RBCs from healthy and 24 RBCs from infected 

stages per subject were measured. The total RBC images were - 300 healthy RBCs, 120 early 

trophozoite RBCs and 192 late trophozoite RBCs was analysed. Once, the slightly off-axis 

spatial interferograms were recorded for red wavelength. The recorded spatial interferogram 

was Fourier transformed, positive or negative first order spectrum was filtered by spatially 

filtered and then inverse Fourier transformed was performed to obtain wrapped phase. Phase 

unwrapping is performed by Goldstein's method [17].  

A number of quantitative features extracted from the phase images of RBCs are major 

axis length, minor axis length, elongation, eccentricity, perimeter, area, maximum phase 

value, minimum phase value etc., as mentioned in table 3.1. Similar, analysis had been 

performed for green wavelength also. The extracted parameters from the phase images for 

both the wavelengths (red and green) were average out, which will further reduce the 

coherent noise artifacts [151]. The quantitative changes in the mean values of the size 

dependent features area and perimeter are seen in table 3.1. In the case of malaria infected 

stages (early trophozoite and late trophozoite) of RBCs, the mean value of the eccentricity 

feature increases, so the samples are distorted from its normal shape. There are other 

important features that also be used for discriminating malaria infected stages against the 

healthy one, which are computed from the phase profile of the cells.  



40 
 

Table 3.1 Morphology features based on RBCs phase images of the healthy and malaria 

infected stages of RBCs from the mean values of red and green wavelength 

 
 

Features Definition 

Mean values of malaria 

infected stages of RBCs 

(red and green 

wavelength) 

Mean value 

of healthy 

RBCs (red 

and green 

wavelength) 
Late 

trophozoite 

stage 

Early 

trophozoite 

stage 

Major Axis 

Length of 

RBC cell (µm) 

a 8.192 8.318 9.313 

Minor Axis 

Length of 

RBC cell (µm) 

b 7.056 7.314 8.649 

Elongation b
a  1.173 1.154 1.078 

Eccentricity 

a

2

b

2

a
22



















 0.472 0.439 0.344 

Max phase 

value (radian) 
 yx,max  3.086 2.669 2.032 

Average phase 

value (radian) 
),( yx  1.165 1.028 1.186 

Median phase 

value (radian) 
      ,    1.014 0.936 1.335 

Area (µm
2
) 4

ab  45.489 47.92 63.335 

Perimeter 

(µm) 2
2

22 ba 
  25.33 26.138 29.60 

Standard 

deviation of 

phase(radian) 

 
2

),(),(

N

yxyx  
 0.799 0.669 0.574 
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Variance of 

phase (radian) 

 
N

yxyx
2

),(),(  
 0.638 0.447 0.329 

Symmetry 

 

  


















2

),(

,),(

yx

yxyx
Mean



  0.868 0.857 0.983 

  


















2

),(

,),(

yx

yxyx
Minimum



  
0.776 0.759 0.972 

 

*where x, y represents the no. of pixels in the horizontal and vertical direction of the RBC 

phase image and N represents total no. of pixels of the particular phase image, respectively. 

The mean values of the average phase value and median phase value are decreased, 

while the maximum phase value increases, as listed in table 3.1 for malaria infected stages of 

RBCs. Mean phase values of all the samples are almost associated with a small region so 

standard deviation and variance are reduced for healthy RBCs, as given in table 3.1.  

 

Figure 3.2 Phase images of RBC (A) Healthy, (B) Early trophozoite and (C) Late trophozoite 

malaria infected stages, respectively 

Furthermore, symmetry is also calculated to discriminate malaria infected stages of 

RBC as mentioned in table 3.1, which is defined as the dot product of phase images and 

rotated phase images across the angles of the full rotation reference to the original phase 

image. We have performed student's t-test to calculate the p-value (< 0.001) for all the 

quantitative morphological features and highly significant results show the discrepancies 

occur in malaria infected stages and healthy RBCs, presented in table 3.1.  
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3.2.4 Description of Machine Learning Classifier 

Out of 420 RBCs phase images dataset for the discrimination between the healthy RBCs and 

early trophozoite malaria RBCs stage, 294 images are used as a training dataset to train all the 

classifiers and 126 images are used as a testing dataset to acquire the response of all the 

classifiers mentioned in the table 3.2. The detail of the all the machine learning classifiers 

with tuning parameters is given in table 3.2. The methods are available in the R open source 

software. R is licensed under GNU GPL.  

Table 3.2 Description of Machine learning Classifier 

Classifier Method Required Package Tuning parameters 

Decision Tree [152] Rpart None 
usesurrogate=0, 

maxsurrogate=0 

ELM [153] Elmtrain elmNN nhid=10 

Random Forest 

[154] 
RF Random forest mtry=2, ntree=500 

SVM [155] Ksvm Kernlab 
kernel=”rbfdot”, 

type=”C-svc” 

RRF [156] RRF RRF None 

AvNNet [157] avNNet Caret size, linout, trace 

Neural Network 

[158] 
Nnet Nnet size=10 

 

Similar, analysis is performed for the discrimination between the healthy RBCs and 

late trophozoite malaria RBCs stage, but in this case 492 RBCs phase images dataset, 344 

images used as training to train and 148 images used as testing to get the final result. To 

improve the computational time, a feature reduction technique or principle component 

analysis (PCA) technique was applied to the feature extracted from phase images, which 

having less contribution (i.e. elongation, eccentricity, average phase and perimeter) with 

slightly compromising with the accuracy in detecting malaria infected stages of RBCs. The 

remaining nine parameters were employed as a predictor and response variables to achieve 

the efficient results. The performance metrices and their corresponding formulae (given in 

equation no. 3.1 to 3.3) of all the classifiers for the detection between early trophozoite vs 
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healthy RBC and late trophozoite vs healthy RBC is shown in table 3.3 and table 3.4, 

respectively. We used seven different models individually to classify malaria infected 

different stages of RBCs and healthy RBCs, but their performance is not up to a satisfactory 

level (accuracy < 95%).  

 

Figure 3.3 A Multi-Ensemble Model classifier. 

The following performance evaluation metrics are given in equation no.3.1 to 3.3: 

Accuracy: It describes the correctness performance of the classifier. 

  FNFPTNTP

TNTP
Accuracy






    (3.1)
 

 
Sensitivity: It measures the positive class correctly as belongs to the positive cases only. 

 

   FNTP

TP
ySensitivit




     (3.2)
 

 

Specificity: It measures the negative class correctly as belongs to the negative cases only. 

 

   FPTN

TN
ySpecificit




     (3.3) 

 

Mathew Correlation Coefficient (MCC): It measures the correlation coefficient between the 

actual class and predicted class. The MCC values lies between -1 to +1. If the MCC values 

close to +1 then it represents the perfect prediction otherwise disagreement results between 

prediction and actual class. 
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      FPTPFNTPFPTNFNTN

FNFPTNTP
MCC






   (3.4) 

 

where, TP  is the true positive or correctly predicts the positive cases, TN  is the true negative 

or correctly predicts the negative cases, FN  is the false negative or incorrectly predicts the 

negative cases  and FP  is the false positive or incorrectly predicts the positive cases. 

 

To further improve the accuracy, sensitivity and specificity, we designed a multilevel 

ensemble classifier by using a different combination of individual models. The most efficient 

multilevel ensemble-based classifier with high accuracy, sensitivity and specificity, which 

includes seven classifiers is shown in figure 3.3. In this classifier, both true and false 

predictions are used to get accurate proposed model. For reducing the false positive 

outcomes, true predictions are utilized to the input of other classifiers. The models perfectly 

learn the data to get reliable and accurate results as the data is travelled through all models. 

Table 3.3 Performance evaluation of multilevel ensemble model for early trophozoite and 

healthy RBCs 
 

Classifiers Accuracy (%) Sensitivity (%) Specificity (%) 

Decision Tree 75.4 78.6 72.3 

ELM 78.5 80.6 76.6 

Random Forest 81.7 83.8 79.6 

SVM 83.3 85.4 81.2 

RRF 88.1 88.8 87.3 

AvNNet 92.8 93.6 92.1 

Neural Network 96.1 96.8 95.2 

 

Following steps were taken to get the final value of the classifier for the determination 

of both malaria infected stages, In step-1, four classifiers are trained from 70% dataset and 

get prediction from 30% dataset and 79.5 average accuracy attained from the training dataset 

are given in table 5.3, in step-2, the false prediction from the two classifiers i.e. Decision tree 

and SVM are joined to train the RRF classifier and the false prediction from the two 

classifiers i.e. ELM and random forest are joined to train the AvNNet classifier and get 90.4 

average accuracy as seen in table 2.3, In step-3, the true prediction from step-1 and the false 

prediction from step-2 are merged to train the neural network classifier. 
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Table 3.4 Performance evaluation of multilevel ensemble model for late trophozoite and 

healthy RBCs 

 
 

Classifiers Accuracy (%) Sensitivity (%) Specificity (%) 

Decision Tree 77.7 79.4 76 

ELM 80.4 82.2 78.6 

Random Forest 83.1 84.9 81.3 

SVM 87.2 89 85.3 

RRF 91.2 93.1 89.3 

AvNNet 93.9 94.5 93.2 

Neural Network 97.9 98.6 97.3 

 

 

 

Figure 3.4 ROC curve for testing dataset (A) Early trophozoite malaria infected RBCs and 

(B) Late trophozoite malaria infected RBCs. 

 

A set of classifier performance can be seen in table 3.3 and the results achieved are 

accuracy 96.1%, sensitivity 96.8% and specificity 95.2% for the discrimination between the 

malaria infected early trophozoite RBCs and the healthy RBCs. In table 3.4, the results 

achieved are accuracy 97.9%, sensitivity 98.6% and specificity 97.3% for the discrimination 

between malaria infected late trophozoite RBCs and the healthy RBCs. The proposed 

classifier was obtained more accuracy as compared to the single classifier as mentioned in the 

table 3.3 and table 3.4 for early and late trophozoite malaria infected RBCs, respectively 

certainly its computation time is high as compared to single classifier. Figure 3.4 shows the 

ROC for malaria infected stages and healthy RBCs images dataset. 
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3.3  MALARIA INFECTED STAGES CLASSIFICATION USING DEEP LEARNING 

WITH LIMITED LABELLED DATA 

 

Several efforts have been made to use machine learning for automatic detection of malaria 

infection from microscopic images of stained blood cells to avoid human interpretation 

error [84], [147], [148]. Most of the machine learning methods such as K-NN, Naive Bayes, 

ANN, and SVM etc., uses morphological measurement, color features and statistical features 

for the classification of malaria parasite-infected RBCs [84], [159], [160] but their achieved 

accuracy varies from 84–95% in detecting parasites from stained blood cells [84], [125], 

[144]. As discussed, though there are many attempts to automate the detection of different 

stages of malaria based on morphological features but their sensitivity and specificity is poor 

due to overlapping color intensities which makes it difficult to classify early and late 

trophozoite as shown in figure 3.5. 

 

Figure 3.5 Bright field images of (a) Early trophozoite and (b) Late trophozoite RBCs, 

respectively. 

In the case of images, the major source of information is the spatial local correlation 

among the neighboring pixels. In that case, CNN is a class of deep learning (DL) will be a 

good option for the classification [91], [161].  In medical imaging analysis and interpretation 

CNN's, a branch of DL, have an excellent record over other approaches [86], [91].  Thus, this 

will become an obvious choice for the analysis of images. Different arrangement of the filters 

will lead to different architecture of CNN. Biomedical domain generally suffers from the 

limited amount of labelled data and these data also contain high variability which will cause 

"overfitting". Due to overfitting, the features can't generalize well on data and training DL 

model from scratch requires extensive memory and large computational power, which limits 

its application in the biomedical domain. To overcome this problem "transfer learning" and 

"fine-tuning" would be a good solution. In this section, we demonstrated how a customized 

CNN with a multi-wavelength spatial coherence microscope (SCM) for automatic 
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identification of different stages of malaria-infected red blood cells with limited labelled data. 

The cells have different absorption, emission and scattering properties with respect to each 

wavelength. Multi-wavelength imaging will helpful in extracting the different information 

embedded in it. As refractive index is a function of wavelength and is directly correlated with 

structural and biomechanical characteristics of the sample [162]. Multi-wavelength imaging 

will also increase the sample size which is necessary for data-hungry DL for automatic 

classification of the cells. This approach is helpful in the classification of healthy and infected 

(early and late trophozoite) RBCs as well as early and late trophozoite RBCs. Our approach 

uses multi-wavelength SCM to extract the phase information of the RBCs for each 

wavelength and fed it as an input to CNN, this method has not been used in the medical 

imaging literature so far. We also compared the performance of pre-trained CNN's (AlexNet, 

VGGNet, GoogleNet, ResNet and Inception models), with our customized CNN. In this 

study, we demonstrated how the multi-wavelength SCM system with fine-tuning customized 

CNN leads to comparative performance with other deeper CNN’s, but have a better 

performance in terms of computation time for detecting the different stages of malaria with 

limited number of labelled data.  

3.3.1 Experimental Study of Spatial Coherence Microscope (SCM) System 

For analysing the malaria infected stages of RBCs, SCM system was used. The schematic 

diagram of the system is presented in figure 3.6, which includes three lasers (632 nm, 532 nm 

and 460 nm), and the rest detail of the experimental set-up is same as given in section 2.2.

 

Figure 3.6 Schematic diagram of SCM system. 
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3.3.2 Materials and Methodology 

An experimental study was conducted on 36 human blood samples and the samples were 

taken from Ganga Pathology lab. Blood samples preparation is already discussed in the 

section 3.2.1.1 . 

3.3.2.1 RBC Patch Extraction 

Entropy of each image of size n×n is calculated with the help of equation no (3.5). 

  i

L

i i PPEntropy log
1 

     (3.5) 

 

where, L is the maximum phase value,    is the probability of each phase value in the phase 

image, which can be obtained from equation no (3.6). 

2

),(

n

jif
Pi       (3.6) 

where    ,    is the i
th

 histogram count and    is the number of pixels in the patch of an 

image.  

      

 

Figure 3.7 Flowchart of RBC patch extraction algorithm. 
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The entropy threshold is set to be 1.0
 
radian obtained by the number of trails and the higher 

entropy region is extracted i.e. RBC region.  Now remove all those artifacts whose area is less 

than 60 x 60 pixels
2
. The RBC patch is extracted with the help of the maximum and minimum 

pixel of coordination from the boundary pixels. There are number of patches which consist of 

touching and overlapping RBCs. Overlapping RBCs are excluded from the study and the 

RBCs which are touching are separated with the help of random walk method [163] in 

association with the distance transform [164] and the whole process is explained in figure 3.7. 

3.3.2.2 Data Augmentation  

DL is datasets hungry, and to get a labelled data is generally difficult in the medical field. Our 

dataset is relatively small (1000 images). However, in our case, we develop the QPI system 

using multi-wavelength red, green and blue, which will increase the sample size by 3 (RGB 

phase images). Therefore, with the help of our system, we increase the labelled dataset [96], 

[106]. To further increase the datasets, the images were rotate (45
0
, and 135

0
) but make sure 

that the numbers of samples for each class of RBCs must be same thereby balancing out the 

dataset. 

3.3.2.3 Methodology 

The whole description of the methodology to identify healthy vs infected and early vs late 

trophozoite malaria-infected stages is shown in figure 3.8. 

 

Figure 3.8 Overall workflow of our proposed training and learning methodology for the 

malaria infected RBCs CNN classification model. 
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Spatial interferograms were recorded w.r.t. each wavelength (red, green and blue). 

Once, the slightly off-axis spatial interferograms were recorded for each wavelength, the 

recorded interferogram was Fourier transformed. The first order peak was filtered out via 

spatially filter and then inverse Fourier transformation was performed to extract amplitude and 

phase information [17]. The same process has been repeated for each wavelength. 

3.3.2.4 Models Description 

In this study, we exploit the different layers architecture of CNN for the classification purpose 

such as AlexNet, VGG16, ResNet50, GoogLeNet, and custom - made network.  

AlexNet: operates on input images of size 227x227x3.  It has five convolution layers, three 

pooling layers, three fully connected layers and it also includes dropouts [100].  

VGG-16: similar architecture as AlexNet but consist more convolution layers. It operates on 

input image of size 224 x224x3. It is composed of 13 convolution layers, 5 pooling layers, 3 

fully connected layers and along with activation rectified linear unit (ReLU) and dropouts 

[97].  

ResNet50: is a 50-layer Residual Network. This network introduces is residual learning, 

which tries to learn residual instead of learning some features. Residual are nothing but 

subtraction of learned feature from the input of that layer [104].  

GoogLeNet: builds on input size 299x299x3. It includes four convolution layers along with 

batch normalization (BN) and activation ReLU, four pooling layers and nine inception layers 

which have convolution blocks followed by batch normalization and activation ReLU and also 

includes pooling. The inception module is an intrinsic component of GoogLeNet [90]. 

Customized CNN network: A number of CNN architectures are designed with a different 

number of convolutional layers, and each layer has different size (3x3, 5x5) and a different 

number of filters. Each convolutional layer is alternation with ReLu and pooling layers and a 

different number of filters. To minimize overfitting a dropout layer is added. The proposed 

CNN model and the optimization parameters are specified in table 3.5. The proposed model 

consists five convolution layers and two fully connected layers. To introduce non-linearity and 

to make fast convergence learning ReLU layer is added to all the convolution and fully 

connected layers. All the negative activation values become zero by ReLU layer. To reduce 

the spatial dimension max pooling layer is added to the second and fourth convolution layer 

after ReLU layer. Gaussian distribution with standard deviation 0.01 is used to initiate all the 

network weights for all the layers. 
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Table 3.5 Customized CNN architecture 

 

Layer Type Input Kernel Filters Stride Pad Activations Output 

Data Input 120x120x3 N/A N/A N/A N/A N/A 120x120x3 

Conv1 Convolution 120x120x3 3x3 64 1 1 ReLU 120x120x64 

Conv2 Convolution 120x120x64 3x3 96 2 2 ReLU 61x61x96 

Pool2 Max Pooling 61x61x96 2x2 - 2 0 - 30x30x96 

Conv3a Convolution 30x30x96 2x2 128 2 1 ReLU 16x16x128 

Conv4 Convolution 16x16x128 3x3 256 1 1 ReLU 16x16x256 

Pool4 Max Pooling 16x16x256 2x2 - 2 0 - 8x8x256 

Conv5 Convolution 8x8x256 3x3 256 2 1 ReLU 5x5x256 

fc6b 
Fully 

Connected 
5x5x256 9x9 1000 1 0 Tanh 1000x1 

fc7c 
Fully 

Connected 
1000x1 1x1 1 1 0 Sigmoid 1 

a. 20% dropout rate at the time of training 

b. 50% dropout rate at the time of training 

c. L2-regularization at the time of training  

 

To improve the performance of the network, dropout layer with probability (0.2) is added 

after third convolution layer and probability (0.5) is added after first fully-connected layer. L2 

regularization technique with a value of 
310  is used for weight decay to avoid network 

from overfitting of the training data [165]. The learning rate is 0.0001 which after every 4 

epochs decays by using inverse decay policy during training. Stochastic gradient descent 

(SGD) is used to optimize the loss function with a batch size of 32. To avoid any impact on 

learning all the dataset was randomly shuffled. To avoid loss function to trap into local 
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minima and to move global minima, the momentum factor is set to 0.9. All the models were 

pre-trained on natural image dataset ImageNet and fine-tuned on our training dataset. The 

training and validation sets were randomly splitting.  

 

3.3.3 Results and Discussion 

 

In the present study, different transfer learning models were used to discriminate malaria-

infected RBCs from the healthy RBCs and different stages of malaria (early vs late 

trophozoite).  

 

Figure 3.9 (a), (b), (c) and (d), (e), (f) are the amplitude and phase (radian) images  of healthy 

RBCs for red, green and blue wavelength, respectively, (g), (h), (i) and (j), (k), (l) are the 

amplitude and phase (radian) images of early trophozoite RBCs for red, green and blue 

wavelength, respectively, and (m), (n), (o) and (p), (q), (r) are the amplitude and phase 

(radian) images of late trophozoite RBCs for red, green and blue wavelength, respectively. 

To evaluate the performance of CNN used for the classification of healthy vs infected 

RBCs and early vs late trophozoite RBCs several experiments have been performed. Figure 
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3.9 shows the amplitude and phase images for healthy, early trophozoite and late trophozoite 

for red, green and blue wavelengths, respectively. In total 36 subjects (8 healthy, 15 early 

trophozoite and 13 late trophozoite) were used for analysis. The sample was split based on 

subjects into three non-overlapping subsets: to train the dataset 5 healthy, 10 early 

trophozoite and 7 late trophozoite subject was used, for validation 2 healthy, 3 early 

trophozoite and 4 late trophozoite subject was used and to test the dataset 1 healthy, 2 early 

trophozoite and 2 late trophozoite subject was used. For training and validation, 7 healthy, 13 

early trophozoite and 11 late trophozoite subject datasets were used while for testing, 1 

healthy, 2 early trophozoite and 2 late trophozoite subject datasets were used. The testing 

dataset is saved in a different folder and doesn’t take a part in the training or validation of the 

network.  

Further, to evaluate each network performance by feeding only phase information w. 

r. t. three wavelengths as a three-input channel. For each sample of the three wavelengths 

(red, green and blue), we have recorded 10 fields of view (FoV) at the different location of 

the same slide. The ground truth for the images was determined by a trained person who is 

expert in parasite identification. There are number of RBCs that even the trained pathologist 

was not able to find out the difference between early and late trophozoite from the bright field 

images. These phase images were removed from the training, but still used in testing. The 

total RBCs phase images extracted from training and validation dataset were – 3045 out of 

which 632 healthy RBCs, 602 early trophozoite RBCs and 611 late trophozoite RBCs, per 

subject for each wavelength were selected and analyzed. For dataset balancing, we chose 600 

RBCs of each stage and the total number of RGB phase images RBCs images are 5400. To 

increase the robustness of the network data augmentation technique is also applied (45
0
 and 

135
0
 rotation). Hence, the total number of sample size for training and validation is 16200.  

The testing is performed on 350 phase images extracted from healthy, early and late 

trophozoite RBCs. We cropped the small patch of size 60 x 60 pixels
2 

phase images, which 

contains the single RBC. All RBC patch images were normalized to the same size 60 x 60 

pixels
2
. A different model has different receptive fields, therefore, we upsampled the size of 

cropped images according to the network requirement. All three wavelengths phase images 

were used at the input channel of the network. Therefore, the final size of the image at the 

network input is m x n x 3, where m and n are the number of input pixels to the different 

network. The input data sample was increased with the help of data augmentation technique. 

Data augmentation technique is used to improve the robustness of RBCs classification CNN 

model. In our experiment, all the TL models and custom model is trained using SGD with a 
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momentum factor of 0.9 and the learning rate for the pre-trained network is 0.0001. All the 

models were trained for 50 epochs and the minibatch size for AlexNet and VGG16 is 64 

whereas, for ResNet50, GoogLeNet and customized network the minibatch size is 32 due to 

memory constraints. All the models were trained and tested on a desktop computer running 

the Windows 10 operating system with Nvidia GTX 1070 Ti GPU, Intel (R) Xeon (R) CPU 

E5-1620, 3.60-GHz processor, 16 GB of RAM and 1 TB HDD.  

 

Table 3.6 Performance metric for the identification of healthy and infected RBCs for testing 

datasets 

 

 

Table 3.7 Performance metric for the identification of early and late trophozoite RBCs for 

testing datasets 

 

Models Sensitivity Specificity Accuracy MCC 

AlexNet 0.901 0.903 0.901 0.803 

VGG16 0.901 0.904 0.903 0.806 

ResNet50 0.906 0.903 0.904 0.809 

GoogLeNet  0.907 0.917 0.912 0.824 

Customized CNN 0.903 0.907 0.905 0.810 

Models Sensitivity Specificity Accuracy MCC 

AlexNet 0.971 0.963 0.971 0.941 

VGG16 0.981 0.966 0.973 0.947 

ResNet50 0.983 0.969 0.976 0.952 

GoogLeNet (Inception-

V3) 
0.981 0.967 0.974 0.949 

Customized CNN 0.979 0.965 0.972 0.945 
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A comparison study was conducted on healthy vs infected RBCs (early and late 

trophozoite RBCs) and early vs late trophozoite RBCs using different deep CNN’s training 

model. Table 3.6 shows the performance metrics of all the models for the classification of 

healthy and infected (early and late trophozoite) RBCs, while table 3.7 shows performance 

metrics of all the models for the classification of early and late trophozoite RBCs for testing 

dataset in terms of accuracy, sensitivity, specificity and MCC. The significance of these 

performance metrics is already discussed in section 3.2.4. 

 

Table 3.8 Computational test time of all the models 
 

Network Test time per image (ms) 

AlexNet 38 

VGG16 70 

ResNet50 208 

GoogleNet  348 

Customized CNN 17 

 

The results present that in table 3.6 and 3.7, shows that Customized CNN model has a 

comparable performance with the other transfer learning model with less number of layers. 

The customized network has a lower run-time which overall decreases the computational 

time and increases the throughput with respect to time as mentioned in table 3.8. 

 

 

Figure 3.10 AROC for testing dataset of all the models (a) Healthy vs malaria infected RBCs 

and (b) Early vs late trophozoite malaria infected stages of RBCs. 
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Sensitivity and Specificity in the previous studies [125], [160] using QPI and machine 

learning is high in the case of healthy and malaria-infected RBCs (95% - 98%)  however, in 

the case of malaria-infected stages (early and late trophozoite) achieved poor sensitivity i.e. 

45.0% - 66.8% and 99.8% specificity [125]. In our study, we achieved 97.7% accuracy, 

98.3% sensitivity and 96.9% specificity, respectively for healthy and malaria infected RBCs 

whereas in the case of malaria-infected stages between early and trophozoite 91.2% accuracy, 

90.3% sensitivity and 90.7% specificity, respectively. The area under the ROC curve 

(AROC) for all the models is shown in figure 3.10. Figure 3.10(a) shows the AROC for all 

the models for healthy vs infected RBCs and figure 3.10(b) shows the AROC for all the 

models for early vs late trophozoite RBCs. The customized network performance with less 

number of layers is comparable to the other deeper networks.  

 

3.1 CONCLUSIONS 

 

In summary, FF-OSCM system was used to quantitatively characterize the healthy and 

malaria infected stages of RBCs. The extracted morphological features from the phase images 

were used to train the multi ensemble for an automated classification of RBCs with high 

accuracy, sensitivity and specificity. Both true predictions and false predictions are used to 

get accurate proposed model. The proposed model achieved 96.1% and 97.9% accuracy in 

detecting early trophozoite stage and late trophozoite stage. The present model was 

exclusively trained for morphological features based on phase images, in future biochemical 

and mechanical properties will also be exploiting to train the model to further increase the 

accuracy. The experimental setup being simple, compact and single-shot in nature and can be 

applied to any desired wavelength with high 3D resolution even in the case of highly 

scattering media. 

Later on, we have designed an automated, high-throughput multi-wavelength SCM 

system based on low spatial coherence for ex-vivo imaging RBCs and DL algorithms applied 

for the classification of different stages of malaria RBCs. The purpose of multi-wavelength 

SCM with CNN promises of serving as an effective diagnostic system, where there is a 

limited labelled data sample. The results obtained in this section suggest that using CNN over 

conventional methods with limited labelled datasize for considerable improvement in 

specificity and sensitivity and also give an idea for working on focused area of images for 

malaria cells diagnosis. We strongly assume that this study can be dominant to significantly 

improve the screening accurate results for other health-related issues. 
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CHAPTER 4 

 

BURN TISSUE CHARACTERIZATION USING OPTICAL 

COHERENCE TOMOGRAPHY 

 

4.1 INTRODUCTION 

Burns are the most common cause of accidental death. In the worldwide population, millions 

of people suffer from burn injuries and need a medical assessment every year [166]. Various 

causes that are involved to the skin burn tissues are electricity, hot fluids, radiations, 

chemicals etc. [167]. Burn tissue can be broadly classified into two categories -less severe 

burn (narrower) and more severe burn (deeper) as shown in figure 4.1 [168]. Less severe 

burns are also known as superficial or partial superficial burn, which can be healed by 

therapy itself, whereas, more severe burns require appropriate surgical excision to cure [169]. 

Presently, diagnostic and therapeutic decision making of burn injuries solely depends upon 

the experience of clinician or doctor. Even in the case of experienced doctor, the accuracy is 

only 60-80% [167]. The internal properties of skin change due to burn effect. Hence, the 

removal of non-viable tissue of burn victims is the primary goal of the clinician [170]. Under-

debridement increases the risk of infection if inadequate amount of skin substitutes is placed 

on burn injuries and over-debridement reduce the skin’s regenerative capacity and will 

increased postoperative scarring [171], [172]. Therefore, there is need of a technology for the 

accurate assessment of burn tissues without the expert clinician.  

 

Figure 4.1 Normal and Burned Skin 
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A number of imaging modalities have been developed so far for the assessment of 

burn injuries such as color photography, indocyanine green imaging [173], near-infrared 

spectroscopy [174], laser Doppler imaging [175], laser speckle imaging [176], ultrasound 

[168], multispectral imaging [177], hyperspectral imaging [107] and photo-acoustic imaging 

[168]. One of the major disadvantages of the above technologies is either they have poor 

axial resolution or they operate in contact mode [178]. OCT is a non-contact, non-destructive, 

non-invasive, three-dimensional, cross-sectional imaging technique and has become a 

valuable tool for the detection of microstructural changes in the stromal collagen distribution, 

which effects the scattering and elastic properties of tissue [179]. Several studies have 

suggested that OCT can be used for the characterization or diagnosis of skin related disease 

e.g. skin cancer, sun damaged skin, actinic keratosis etc. [107], [179]–[182]. OCT has very 

high resolution, it is able to visualize sub-dermal features with associated skin related 

diseases [116], [170], [183], [184]. Previous applications of OCT to assess the burn severity 

have focused on the polarization sensitive OCT (PS-OCT) and spectroscopic OCT (SOCT) 

[180], [181]. PS-OCT detects the changes in collagen formation and not able to give the 

quantitative information whereas, SOCT burn assessment solely based on the measurement of 

tissue scattering spectra [185], [186].  

In this study, normal and burn tissues are categorized by the texture classification and 

machine learning model is used for improving the accuracy [184], [187], [188]. In the last 

decades, the applications of CAD algorithms on OCT images are renowned [80], [122], 

[188]–[190]. It has the capability to determine the efficient results of pathological images 

and direct focus of the clinicians to the region of interest on OCT images. CAD algorithms 

are well established nowadays as various models have been developed in prior works linear 

discriminant analysis (LDA), logistic regression model or RF etc. [95], [154], [191]. 

Previous reports have achieved accuracy as high as 90% by applying different machine 

learning algorithms for the burn injury in an animal model [192]. Here, we seek to improve 

the discrimination of the tissues by using various features that are extracted from the 

computational (A-scan) and textural (B-scan) analysis. SS-OCT system is used for the 

quantitative assessment of burn injuries in the present chapter. Normal and burn tissues 

were categorized by extracting the morphological features from A-scan (back-scattered 

intensity profile) and B-scan (texture parameters) images. A generalized linear model was 

used as a classifier. The coefficient of the linear model was determined by training the 

model on training set data (34 samples) and the same set of coefficients was applied to 

calculate the response of testing data set (22 samples). The model quality was evaluated 
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using convergence curve and AUC. In this study, A-scan and B-scan derived features from 

OCT images were used for in-vivo quantitative assessment of healthy and burn tissues. 

 

4.2 EXPERIMENTAL STUDY OF MEMS VCSEL SWEPT SOURCE OCT 

SYSTEM 

A fiber-based MEMS (Micro Electro-mechanical system) VCSEL (Vertical Cavity Surface 

Emitting Laser) (Model No. SL1310V1-10048, Thorlabs) SS-OCT system was utilized for 

studying the burn injuries of human skin. Figure 4.2 represents a schematic diagram of SS-

OCT system consisting of a laser light source module, an imaging module and stand-alone 

probe. This framework utilizes a swept light source (central wavelength 1300 nm and 

wavelength-swept at 100 kHz) includes a MEMS-tunable VCSEL and a spectral bandwidth 

10-dB i.e. 100 nm. The light stimulates from the laser source module splits 50:50 between the 

reference and sample arm of the SS-OCT system based on a Mach–Zehnder interferometer. A 

5X objective lens (LSM03, Thorlabs), at a focal length of 25.1 mm in air, was utilized to 

collect the output light from the sample arm. 6.0 mW of average optical power was 

occurrence on the skin surface, which is far beneath the ANSI (Z136.1) at 1300 nm.  

 

 

Figure 4.2 Schematic representation of MEMS VCSEL SS-OCT system; Cir: Circulator,  

                  PC: Polarization Controller, FC: Fiber Coupler, BD: Balanced Detector, Coll: Collimator. 
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The interferometric signal was obtained by a dual-balanced photodiode and sampled 

as a function of time utilizing 12 bits A/D converter at 500 MS/s. In air, 12 µm axial 

resolution and 22 µm lateral resolution was present. At the depth range from 0.5 mm to 4.5 

mm, in air, sensitivity of the framework was ~107 dB. The key advantage of utilizing MEMS 

VCSEL SS-OCT system is its more SNR at a higher depth of penetration (~2.5 mm in tissue), 

fast acquisition rate (0.916 sec for 2  2  2.5 mm
3
 scanning area), which is helpful in our 

proposed architecture for the differentiation of infected from the healthy tissue.  

 

4.3 METHODOLOGY 

4.3.1 Computational or A-scan analysis 

Using OCT images, the computational analysis is based on obtaining an individual A-line 

(with dB unit in logrithmic scale). The change in the backscattered light or OCT intensity as a 

function of depth can be expressed by Beer-Lambert law [193], 

 

  zeIzI  0
                 (4.1) 

where, 0I
 
= incident light, 


 = attenuation coefficient of the light, 

 and z = depth of the light travelling in the sample. 

 

Equation 4.1 represents the intensity decays induced by the sample, relatively large intensity 

occurs at the air-sample interface. These intensity decays are measured in dB unit. The 

attenuation property depends upon the optical scattering and absorptions of the tissue [194]. 

For the extraction of the slope parameter (first property), to deal with characterization of the 

sample, we fit linear line on each A-line as shown in figure 4.3 (b) and (e) for both normal 

and burned skin tissue, respectively. The linear line is subtracted from the A-line, the slope 

information from A-line is removed and the mean of the signal is approximately zero. As the 

mean of the signal is zero, we calculate the fluctuation in the intensity signal, which is a 

standard deviation as seen in figure 4.3(c) and (f) for both normal and burned skin tissue, 

respectively. Further, quality of the given sample can be found by evaluate the standard 

deviation as a second parameter. The whole process is also explained in figure 4.3 properly. 
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Figure 4.3 (a, d) OCT processed image, (b, e) A-line extracted from OCT image with the 

region of interest, and (c, f) after removed slope standard deviation of the signal for normal 

and healed burn tissue, respectively. 
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4.3.2 Texture or B-scan Analysis 

Texture analysis in OCT images represents the spatial deviations in the form of intensity. A 

2-D texture analysis is employed, which can be used to find the intensity distribution. As 

spatial distribution of the intensities changes, the texture of images changes accordingly. 

Gray-Level Co-Occurrence Matrix (GLCM) technique was presented by Haralick in 1970 on 

the basis of spatial distribution of the intensities [195]. The GLCM is found from the region 

of interest of the image at a particular pixel distance and direction by counting the number of 

gray level occurrences adjacent to another gray level. Gray levels represented by the Column 

and rows of the matrix and the probability of gray level co-occurrence represented by the 

elements of the matrix. We extracted the six most potential statistical features from the B-

scan images such as mean, variance, entropy, skewness, speckle contrast, variance and 

kurtosis, from the normalized histogram of normal and burn tissues. These features are given 

in Equation (4.2) to Equation (4.7). 

Mean: This feature corresponds to measure the average pixel intensity. 

           (4.2) 

 

Variance: This feature is used to evaluate the heterogeneity in histogram distribution. 

(4.3) 

 

Entropy: This feature is the measurement of randomness in an intensity distribution. 

 

                     (4.4) 

where, p is the probability of i
th

 and j
th

 pixel of each image. 

Speckle Contrast: This feature is used to measure the quantified values of the mutual 

interference within the given sample. 

          (4.5) 
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Skewness: This feature corresponds to find the asymmetry of the histogram distribution. 

            

                     (4.6) 

 

Kurtosis: This feature quantity is measuring the flatness of spatial intensity distribution. 

(4.7) 

 

where, ix and 
jy are the i

th
 and j

th
 pixel level, 

jif ,
 is the i

th
 and j

th
 histogram count,   is the 

standard deviation and MN  is the total no. of pixels. 

 

4.4 MACHINE LEARNING CLASSIFIER 

These six textural or B-scan features were combined with two A-scan features resulted in a 

total 8 features to describe each single image of every sample. These features were used as 

predictor variables, and response variable was the diagnostic result of burn and normal skin 

tissues. Least sum of squares method was utilized for identification. It is a mathematical 

formulation in which we have to minimize the error between the actual and predicted values 

as defined in Equation (4.8). Training was evaluated on 75% of the data chosen randomly. 

 

(4.8) 

 

where,  T is the total no. of observations in the dataset,  

X is the target,  

w  is the weight corresponding to each feature,  

n is the number of observations in a particular feature, 

P is the no. of features. 
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4.5 RESULTS AND DISCUSSION 

A total of 56 human skin tissue samples were imaged in vivo from 56 different people with 

the OCT system, consisting of 28 normal and 28 burned tissue sample. All the burn injury 

samples have more than two years post-burn. The region of area is automatically selected 

from the center of the image and window size is of 100 pixels. Each sample volume was 

taken 1600 x 960 x 500 pixels
3
. To avoid the air-sample interface, the initial point was taken 

10 pixels below the interface as illustrate in figure 4.3(a). An axial region of 1 mm was taken 

to process A-line for all the given samples. The depth-dependent reflectivity profile, A-line 

(dB unit in log scale) was obtained from the OCT images as shown in figure 4.3(b). As the 

depth of the sample increases, the amplitude of the OCT signal reflectivity decreases. To 

evaluate the attenuation coefficient, for each sample, we averaged 200 B-scan images and 

100 adjacent A-lines from the centre of the B-scan image, which corresponds to 464 µm in 

the lateral distance. Slope parameter was obtained by fitting the linear line on each A-line and 

subtracting the linear fit line from the A-line, change in intensity signal or standard deviation 

was calculated. The whole process is explained in figure 4.3 (a-c). Similar analysis as shown 

in figure 4.3 (a-c or d-f) has been performed for all the 56 samples (normal and burn). The 

attenuation coefficient for normal and burn skin is mdB /01.0018.0  and

mdB /01.0014.0  , respectively as presented in table 4.1. The greater absolute value of 

slope for normal as compared to burn tissue is an indication of more light attenuated for the 

same penetration depth. The standard deviation for normal and burn skin is dB2.08.2   and

dB2.04.2  , respectively as shown in table 4.1.  

 

Figure 4.4 Box plots of A-line quantified parameters with significant p-values (a) 

Attenuation Coefficient in dB/µm (b) Standard Deviation in dB for normal and burn tissues, 

respectively. 
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The changes in intensity signal or standard deviation is higher for normal as compared to 

burn tissue is an indication of more variation of birefringence along the depth as seen in 

figure 4.4. Within the B-mode images of 1600 x 960 pixels (height x width), a region of 

interest (ROI) of 500 x 150 pixels sub-image was chosen corresponding to a physical area of 

~210 x 63 µm
2
. Six features were obtained from the normalized histogram of 56 samples (28 

normal and 28 burned). In each sample we consider 200 B-scan images and 100 A-scan 

images on every B-scan image.  

 

Figure 4.5 Box plot of B-line quantified features with significant p-values (a) Mean (b) 

Variance (c) Entropy (d) Speckle Contrast (e) Kurtosis and (f) Skewness for the normal and 

burn tissues, respectively. 
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So, therefore, a total 56 x 200 x 100 data points are used for classification out of which 34 x 

200 x 100 data points are used training while 22 x 200 x 100 data points are used for testing. 

Table 4.1 shows the corresponding values of the normalized features of A-scan and B-scan. It 

can be seen from the figure 4.5 (a) that the burn tissue group has lower mean intensity value 

as compared to the normal tissue, which may be due to aggravated necrosis and reduced 

collagen concentration. The box plots are shown in figure 4.5 (b)-(f) that entropy, speckle 

contrast, variance, skewness and kurtosis of burn tissue is higher as compare to the normal it 

may be because burn tissues have thicker collagen so burn tissue becomes more 

heterogeneous. It can be also observed from figure 4.2(a) and 4.2(d) that the normal tissue is 

smoother and homogeneous, while the burned tissue has fragmented, degenerated, and 

heterogeneous poorly structured architecture. 

 

Table 4.1 A-scan and B-scan features of burn and normal tissues with significant p-values 

 

Features Burn skin Normal skin P value 

Attenuation 

coefficient(dB/µm) 
0.014±0.01 0.018±0.01 0.001 

Standard deviation (dB) 2.4±0.2 2.8±0.2 0.0001 

Mean 0.31±0.2 0.35±0.2 0.0210 

Variance 0.028±0.01 0.015±0.01 <0.0001 

Entropy 6.7±0.1 6.1±0.1 0.009 

Speckle Contrast 0.46±0.05 0.43±0.05 0.04 

Skewness 1.3±0.05 0.45±0.05 0.0011 

Kurtosis 4.8±0.1 2.8±0.1 <0.00001 

 

Least sum of squares method-based classifier was utilized for the automated 

classification between the normal and burn tissue based on the feature vectors associated with 

the A-scan and B-scan OCT images. The convergence curve in figure 4.6 illustrates a typical 

characteristic of least sum of squares model. 
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Figure 4.6 Convergence graph between iterations and fitness value. 

 

It shows a rapid convergence at the first 25 iterations, followed by progressive improvements 

as it approaches the optimal solution in next 30 iterations. After performing 200 iterations on 

the training dataset, we have found best curve weights, as given in table 4.2. 

Table 4.2 Weight values corresponding to their features 

 

Target  Features 

Class 

(Burn/ 

Normal) 

  

Attenuation 

Coefficient 

  

Standard 

Deviation 

  

Mean 

  

Variance 

  

Entropy 

  

Speckle 

Contrast 

  

Skewness 

  

Kurtosis 

9.6 0.05 -1.51 7.36 0.2 0.10 0.34 -0.32 

 

Figure 4.7 represents the AUC curve for the testing dataset. Sensitivity and specificity of 

91.6% and 90% were calculated respectively, with average AUC at 95% confidence interval 

being 0.91, yielding an overall accuracy of 91%. With the help of this model, we can 

automatically classify the normal and burn tissues even without a specialized facility and 

clinician. We also performed the logistic regression algorithm for classification but in our 

case, we achieved higher accuracy for linear regression as compare to logistic regression. 
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Figure 4.7 AUC graph for the testing dataset. 

 

This technique prompts a quick and accurately quality assessment of burn tissues. The 

main drawback of the present system is its limited depth of penetration, which is a few 

hundred microns in the skin and the limited number of samples.  

 

4.6 CONCLUSIONS 

 

In summary, this chapter describes the human skin tissue samples were imaged in vivo using 

the OCT system. Two A-scan and six B-scan quantitative features were extracted from the 

normal and burned tissue images. Least sum of squares method-based learning model was 

used for classification with 91% accuracy. The result indicates that integration quantitative 

features from both A-scan and B-scan OCT images can be powerful in vivo diagnostic tool 

for quantitative analysis of burned tissues without a specialized facility and clinician. It will 

also assist burn surgeons in preparation and execution of burn surgery. Future work will be 

emphasized on differentiating between various grades of burn injuries and also studying the 

freshly burn injuries. 
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CHAPTER 5 

AUTOMATED BREAST CANCER MARGIN ASSESSMENT USING 

OPTICAL COHERENCE TOMOGRAPHY IMAGES 

 

5.1 INTRODUCTION 

 

Breast cancer is the leading cause of woman's death in the worldwide, especially in the 

underdeveloped countries [196]. Cancer is commonly found when it has progressed to the 

later stages [197]. A cancer is usually formed by the accumulation of somatic mutations, 

which are further regulated by epigenetic changes that converts normal cells into malignant 

form [198]. According to the International Agency for Research on Cancer of the WHO 2012 

statistics, 8.5 million women died from breast cancer. The number of cases will significantly 

increase to more than 27 million by the end of 2030 [199]. Many risk factors for developing 

the breast cancer include age, woman’s personal history, hormonal therapy, race, dense breast 

and radiation exposure [95], [200]. Biopsy has normally used the method of medical testing 

for the cancer detection in which the tissue samples stained with hematoxylin and eosin (H & 

E) are removed from a patient and then examined by a trained pathologist using bright field 

microscope to determine the occurrence or extent of a disease [201], [202]. The 

histopathologist determines cancerous regions or degree of cancer by visually determines the 

cell regularities and tissue distribution. Sometime the pathologist has a different diagnosis 

opinion of the same tissue, especially in the case of a non-experienced which delays the right 

diagnosis. Thus, the detection of cancer by the histopathologist is very subjective in nature 

[119], [121]. Recently, various computer-aided diagnosis techniques are developed for the 

classification of cancerous breast tissues based on histology images to assist the physicians 

and histopathologist who are less experienced [77], [95], [105], [161], [201], [203]. The 

inherent drawback of a computer aided system based on histological images is the lack of in-

vivo observation in real time and sampling errors due to a limited number of samples 

representing larger areas of tissue. To overcome these issues an alternative imaging technique 

is needed which will perform the real-time, non-invasive, and rapid screening.  

 

OCT is a non-contact, non-invasive, high-resolution (approaching the histopathology 

level), three-dimensional imaging technique [202], [203]. The penetration depth of 1-2 mm 

makes it more suitable for the surgeons to rapidly visualize the tissue morphology beneath the 

surface over the larger surface area in a non-invasive manner [183], [204]. In the recent past, 
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a few pilot study has been investigated for breast cancer detection using OCT which 

incorporates human tissue imaging, [113], [204]–[206] animal preclinical studies, and 

intraoperative studying [207], [208]. Full-field OCT and Full-field optical coherence 

elastography have been also utilized for breast cancer margin assessment [77], [113], [207], 

[209]. Machine learning model has been established for the automatic quantification of breast 

tissues using OCT systems [210]–[212]. The previous studies for the assessment of breast 

cancer margin involve various features extracted from either OCT A-line features or features 

extracted from OCT B-scan images (texture analysis, fractal analysis) [113], [204]–[206]. 

The maximum specificity to detect cancer-positive margins obtained for OCT images 

acquired is less than 90% [113], [204], [206]. The main drawback of manually derived 

features that an important feature could be omitted by the human designers. Even an expert 

derived feature could not contain the entire feature space that describes the pathology. To 

overcome this challenge deep learning will be a good solution. The biggest advantage of deep 

learning, it does not need a manual or handcraft extraction of features. Deep learning itself 

learns to extract features while training. Recent studies show deep learning methods are 

rapidly growing for imaging classification [88], [161], [213], [214]. Modernized deep 

learning networks have played significant performance in automatic image recognition in 

different streams such as medical imaging analysis etc.[88], [100], [215]–[217]. Deep belief 

networks (DBNs), deep neural networks (DNNs) and CNNs are the main types of deep 

learning, CNNs are very helpful when the information is stored in the spatial location, 

especially in imaging based applications [92], [218]–[220]. The major problem with DNN or 

CNNs is its data hungry and in the field of medical imaging, there is limited labelled data. An 

alternative to this training a CNN from scratch, a fine-tuned network which is already pre-

trained on a large labelled dataset of different applications. There are various CNNs which 

are pre-trained on millions of images from ImageNet that can be fine-tuned on our dataset 

using transfer learning [86], [92], [99].  Transfer learning model transfers the knowledge in 

the low layers of a base CNN which trained from a large database of ImageNet to our specific 

task. These networks are AlexNet, GoogLeNet, ResNet, and inception, etc. [76], [99], [100], 

[214], [217]. It will be important to explore the integration of pre-trained CNN with imaging 

systems to improve detection of disease. Inception-v3 is the present state of the art so it 

becomes an obvious choice for the classification. In the present study, we apply a fine-tuned 

pre-trained CNN Inception-v3 model with reverse active learning to classify healthy and 

malignant breast tissues using MEMS-VCSEL SS-OCT images. The detail of the SS-OCT 

system was discussed in the previous chapter in section 4.2. The sensitivity, specificity, and 

accuracy achieved from the network is 90.2%, 91.7%, and 90%, respectively for the testing 
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datasets, which significantly outperforms the previous work [113], [204]–[207]. Further, the 

trained network is utilized for assessment of breast cancer margin to predict the tumor with 

negative margins. The algorithm will be used for real-time, rapid, in-vivo, intra-operative 

margin assessment over large surface areas while preserving tissue structure. 

 

5.2 METHODOLOGY 

 

5.2.1 Pre-Processing 

 

To differentiate between healthy and malignant tissues, B-scan (x-z) images were recorded 

with SS-OCT system. In general, the tissue surface has a curvature and during the training of 

the network the image patches belongs to the surface may contain some background or DC 

component which may affect the network performance. To avoid the effect of background on 

the network we first flattened the images before cutting the patches from the whole image. 

The flattening process is explained in the figure 5.1. From the highest identified layer, the 

bottom layer was chosen at a depth of 250 pixels (~1.2 mm). 

 

 

 

Figure 5.1 Flow chart of flattening the surface of image 

 

250 pixels were picked heuristically to significantly avoid pixels with low SNR as appeared 

in figure 5.2. Rest of the pixels of the images were removed. All the processed images were 

of size 735 x 250 x 1 pixels. To normalize the intensity a mean value of intensity is subtracted 

from the individual processed OCT images. 
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5.2.2 Hardware 

 

The processing of the data was performed using a Windows 10 system with Intel (R) Xeon 

(R) CPU E5-1620 0 3.60-GHz processor, 1 TB HDD, 64 GB RAM, a CUDA-enabled 

Nvidia quadro P4k GPU with 8 GB VRAM graphical processing unit (GPU), Matlab 

R2018a, and CUDA 9.0 dependencies for GPU acceleration. 

 

5.2.3 Inception-v3 Architecture 

 

CNN architecture which is normally used in image processing applications builds on four 

main operations: convolution with trained filters and weights, activation rectified linear unit 

(ReLU), pooling and classification.  
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Given an image or the responses, the convolution layer convolves with a set of filters 

(learnable), the activation layer alters negative values by zero, the batch normalization (BN) acts 

as a boost operation, the pooling layer replaces each element based on a algebraic function 

(maximum or mean) of neighboring elements to reduce the image size and the fully connected 

layer is a conventional artificial neural network (ANN). The network learns the features 

automatically through convolutional layers which consist of filters whose weights are learned 

during the training. The early level is identifying the local features while the higher level is 

responsible for global features. 

 

5.2.4 Description of Inception Layers 

The inception layers process the given information in the independent streams of information 

processing and concatenate along the depth at the output as shown in figure 5.2 (a, b and c). 

The detail of each layer of the architecture is given in Table 5.1. In figure 5.2(a), four 

independent streams are used for inception layer 1, 2, 3, 5 and 6 but in the last stream of the 

module include average pooling follow by the convolution block for data compression. 

Similarly, in figure 5.2(b), the inception layer 4 and 7 consists three independent streams of 

information processing and concatenates along the depth at the output. The third stream 

includes average pooling block, the size being 3×3 as seen in figure 5.2(b).  

Table 5.1 Inception-v3 with inception layers architecture 

Layer Input size Patch size/stride Output size 

Convolution 299×299×3 3×3/2 149×149×32 

Convolution 149×149×32 3×3/1 147×147×32 

Convolution 147×147×32 3×3/1 147×147×64 

Max Pool 147×147×64 3×3/2 73×73×64 

Convolution 73×73×64 1×1/1 73×73×80 

Convolution 73×73×80 3×3/1 71×71×192 

Max Pool 71×71×192 3×3/2 35×35×192 
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Inception 1 35×35×192 - 35×35×256 

Inception 2 35×35×256 - 35×35×288 

Inception 3 35×35×288 - 35×35×288 

Inception 4 35×35×288 - 17×17×768 

Inception 5 17×17×768 - 17×17×768 

Inception 6 17×17×768 - 17×17×768 

Inception 7 17×17×768 - 8×8×1280 

Inception 8 8×8×1280 - 8×8×2048 

Inception 9 8×8×2048 - 8×8×2048 

Avg Pool 8×8×2048 8×8/1 1×1×2048 

Flatten 1×1×2048 - 1×1×2048 

Fully connected 

layer 
1×1×2048 - 1×1×2048 

Softmax Classifier 1×1×2048 - 1×1 

 

Figure 5.2 (c) performs the information for inception layer 8 and 9, it has four 

independent streams of information processing and concatenates along the depth at the 

output. At the end of the overall network as given in figure 5.2, all the features map is 

flattened in a huge one-dimensional vector and softmax function is used to classify healthy 

tissue and the malignant breast tissue. 

 

 

 



75 
 

5.2.5 Modifications to Inception-v3 pre-trained on ImageNet 

1) Removal of last three layers: predictions, predictions_softmax and 

ClassificationLayer_predictions. 

2) Addition of three layers: Fully_connected_Layer, softmax_Layer and 

Classification_Layer 

3) Fully connected layer:  have only two outputs. 

4) To learn the feature space shifts between ImageNet data and OCT data, weights are 

randomly initialized of all fully connected layers and convolutional layers in auxiliary 

branches.  

5) To avoid expertly introduced learning rates at different epochs as in the case of 

stochastic gradient descent (SGD), adaptive gradient algorithm (ADAGRAD) results in 

impulsive step lengths [221]. 

 

Note: All the naming of the layers is corresponding to Neural Network toolbox, Matlab 

R 2018a. 

 

5.3 RESULTS AND DISCUSSION 

 

An experiment was performed on 48 subjects of age between 35-60 years including healthy 

and malignant breast tissue. To perform this study, the samples were collected from All India 

Institute of Medical Science (AIIMS) New Delhi. Ethical clearance was accepted by Ethics 

committee of IIT Delhi and AIIMS. After imaging the tissue, for 24 hrs it’s placed in 10% 

Formalin and then for the histology process, it is transferred to 70% ethanol. From every 

specimen, several 2 μm-thick slices were taken out in the OCT B-scan direction with a gap of 

6 μm between levels and each slide stained with hematoxylin-eosin (H&E). These slides were 

images with the help of 50x. During OCT reconstruction algorithm for every B-scan image, 8 

B-scan images were average out. 

5.3.1 Dataset 

An ex vivo study was performed using MEMS-VCSEL based SS-OCT system on 48 subjects 

(22 healthy and 26 malignant excised tissue). The sample was split based on subjects into 

three non-overlapping subsets: to train the dataset 70% subject was used, for validation 20% 

subject was used and to test the dataset 10% subject was used. For training and validation, 20 

healthy and 23 malignant excised tissue subject datasets were used while for testing, 2 

healthy and 3 malignant excised tissue subject datasets were used. The testing dataset is saved 
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in a different folder. There is an equal distribution for both the classes in between splits. To 

significantly improve the performance of the network an automated reverse active learning 

training strategy is used to classify the breast tissues. The size of the final processed image is 

735x250 pixels
2
. Each image has been sub-divided into small patches to train the network. A 

window or patch of size 150x150 pixels
2
 is selected and slide over the entire image. Every 

time the window contains the 2/3 overlapping pixels. The total size of the sample is 1460.  

This will generate 21,900 image patches for each class.  

 

Figure 5.3 Reverse active learning. 

To overcome the challenges of overcoming fitting and to increase the cardinality of the 

training data (both the classes) data augmentation techniques have been applied. Each test 

sample first duplicated with augmentation transformations, and then classified with an 

averaged prediction. The augmented datasets consist of the original, rotated and horizontally 

flipped patches. 

 Horizontal flipping: The dataset images were horizontal flip to increase the cardinality 

of the training datasets. 

 Rotation: The dataset images rotated by an angle of 90
0
, 180

0
, and 270

0
 to increase the 

size of the training datasets.  

 

All the samples images were pre-processed as previously mentioned. To increase the sample 

size data augmentation (horizontal flipping and rotation) technique was used which resulted 

in 2,19,000 training images. Each patch is labelled to the corresponding image. However, 

there might be some images where the whole image doesn’t suffer from cancer and there are 

some patches which might be normal, but they are mislabelled as cancerous and vice-versa. 

To detect those mislabelled patches and removed them from the training dataset a reverse 

active learning training strategy is used, which is shown in figure 5.3. Each patch of an image 

is upsampled to 229 x 229 x 1 and was concatenated thrice to make the size of each patch to 
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the required network input. Therefore, the final size of each patch image is 229 x 229 x 3. We 

evaluated the effectiveness of the model on both original and augmented datasets in terms of 

accuracy, sensitivity, and specificity. For the training/validation split 90% of the subject 

dataset is used. 77% of this dataset is used for training and 23% is used for validation from 

both healthy and malignant subject. A momentum optimizer with momentum 0.9 and a batch 

size of 32 is used to minimize the loss. The network weights are initialized with the pre-

trained weights of the inception v3 model on ImageNet [221]. The initial learning rate is 

0.0001 and decreases exponentially every 500 mini-batch iterations with a decay factor of 

0.9. The weights are regularized with weight decay with L2 penalty multiplier of 0.003. A 0.5 

dropout ratio is applied to the first two fully-connected layers.  

Table 5.2 The numbers of training dataset without augmentation in each iteration 

No of iterations Training dataset 

1 30353 

2 28347 

3 27338 

4 26784 

5 26112 

 

Table 5.3 Patch-based average classification accuracy for number of iterations without 

augmented datasets 

Iteration 

number 

(K) 

Training 

dataset (%) 

Validation 

dataset (%) 

Sensitivity (%) 

for validation 

dataset 

Specificity 

(%) 

for validation 

dataset 

K=0 92.17 83.27 81.33 85.21 

K=1 92.73 89.84 86.57 93.11 

K=2 92.91 91.84 88.91 94.77 

K=3 93.11 92.11 89.74 94.48 

K=4 93.60 92.41 89.93 94.89 
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The network is initially trained on the original dataset i.e., without augmentation and 

once its performance reached to a satisfactory level. Now the trained network is used for the 

prediction of the original training dataset and those patches which have confidence lower than 

0.5 were removed. The network was retrained till its performance reaches to satisfactory 

level. After each iteration, the number patch images were listed in Table 5.2. The reverse 

active learning fine-tuned the network and improves the performance significantly. It can be 

observed that from the Table 5.3 that the proposed patch-based classification with reverse 

active learning training the obtained average accuracy on training and validation set are 92.90 

% to 89.89 %. The testing accuracy is 86.09 %. Furthermore, we notice that after 3 times of 

iteratively refinement, the mislabelled patches in the original training set were basically 

removed and the accuracy stopped increasing. 

Table 5.4 The numbers of training set in each iteration with augmented dataset 

No of iterations Training dataset 

1 151767 

2 140764 

3 135687 

4 132670 

5 131769 

 

 

Table 5.5 Patch-based average classification accuracy for number of iterations with 

augmented dataset 

Iteration 

number (K) 

Training 

dataset (%) 

Validation 

dataset (%) 

Sensitivity 

(%) 

for validation 

dataset 

Specificity (%) 

for validation 

dataset 

K=0 96.57 89.97 87.71 95.23 

K=1 97.93 93.93 91.63 96.23 

K=2 97.99 94.04 92.09 95.99 

K=3 98.77 95.09 93.57 96.61 

K=4 98.02 95.61 93.74 97.48 
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Now, the network is trained on augmented datasets and those patches which have 

confidence lower than 0.5 were removed. Furthermore, data augmentation each patch was 

augmented to four patches. If two augment patches were detected as mislabelled and removed, 

the remaining two patches were also removed from the training dataset. The network was 

retrained till its performance reaches a satisfactory level. After each iteration, the number patch 

images were listed in Table 5.4. It can be observed from Table 5.5, that the proposed patch-

based classification with reverse active learning training the obtained average accuracy on the 

training and validation set is 97.85% to 92.09 %.  The testing accuracy is 90.12 %. Figure 5.4 

represents the ROC for the testing dataset. 

We also include the shearing augmentation and different angle rotation, but it badly 

affects the performance of the network. The increase in the number of epochs doesn’t increase 

the performance of the network only the time consumption increases. Augmentation techniques 

help in increasing the accuracy, sensitivity and specificity. The data augmentation generating 

virtual images using flipping and rotation at different angle position helps to increase the 

robustness of the network. 

 

Figure 5.4 ROC for augmented testing dataset 

 

There are some misclassified images as shown in figure 5.5, which is classified as normal in 

place of cancer tissue. The possible reason for that it might be some of the tissue which has 

mix response, cancers as well as normal tissue but the area of cancer is very small and could 

be classified as normal one. It’s also possible that some of the subjects may be falsely 

included. These reasons affect the performance of the network.  
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Figure 5.5 B-scan OCT image of cancerous tissue 

 

5.3.2 Cancer Margin Assessment 

For cancer margins assessment, we choose B-scan images which have both healthy and 

malignant tissues. The Image is pre-processed and flattened.  

 

 

Figure 5.6 The framework of the cancer margin assessment showing training in upper and 

inference in lower stages. 
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We extract a patch of size 150 x 150 (x-z) pixels image starting from the topmost 

layer of the tissue and upto the bottommost layers (~250 pixels) with an overlapping patch of 

2/3 in the next patch. We found that in some cases the speed of the prediction increases but 

the margin assessment gets poor. Each patch is upsampled and classified with the help of the 

already trained network. The process is repeated for the region of interest (735 x 250 pixels) 

of an image.  In CNN, the final fully-connected layer with softmax activation layer provides 

the vector probabilities for each sample. Each pixel of the patch is allocated a predicted class 

either 0 or 1 obtained from the network.  For each pixel, we average the predicted classes 

over all patches in which the pixel is included. In this way, every pixel has an average 

prediction between 0 and 1. We set a threshold value i.e., if the pixel value is greater than 0.5 

it will become 1and more likely to be malignant tissue. If it’s less than 0.5 it will become 0 

and more likely to be healthy tissue. The whole process is explained in figure 5.6. The test 

image is first pre-processed (flatted and upsampled) and then fed to the already trained 

network. The network separates the malignant portion of tissue from the normal tissue with 

the help of the above-mentioned algorithm. The light pink color in figure 5.6 

represents the malignant portion of tissue, yellow color represents the healthy part of the 

tissue and magenta color represent DC or background.  The test OCT B-scan (x-z) image 

shown in the figure 5.6 have a cancerous boundary, which is also confirmed from the cross-

sectional histology image (x-y). There might be some errors in finding the exact boundaries 

of malignant tissue but it will assist the surgeon in locating the malignant tissue region. We 

also tried a different size of patches such as 40 x 40 pixels, 60 x 60 pixels,10 x 10 pixels, 20 x 

20 pixels and a threshold 0.33, 0.75. By the number of iterations, we found the best solution 

for the patch size is 30 x 30 with a threshold value of 0.5. This process is tested for the 

number of samples. In this preliminary study, database size is small, we can fine-tune only 

the last fully connected layer of the deep CNN.  For the better performance and robustness of 

the model, the larger dataset will be collected to fine-tune more layers of the pre-trained deep 

CNN. With the help of CNN, we can localize the region of the cancer tissue and with the 

high-end system, this would become a feasible solution for intra-operative applications. 
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5.4 CONCLUSIONS 

 

Our study performs encouraging classification with the help of deep learning-based CNN 

model in distinguishing malignant breast tissue from normal breast tissue using an OCT 

system with high sensitivity 90.2% and specificity 91.7 %, respectively. With more image 

data and addition of different classes of breast cancer will make the system more robust and 

support in clinician decisions. The cancer margin assessment results show the effectiveness of 

the model. We expect that our proposed method in future will be helpful to monitor the 

individual patient health progress and success of therapy by automatically extracting the 

hidden image information. 
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CHAPTER 6 

PHASE SHIFTING FULL-FIELD OPTICAL COHERENCE 

MICROSCOPE: A TOOL FOR HUMAN BREAST TISSUE AND RED 

BLOOD CELLS IMAGING 

 

6.1 INTRODUCTION 

 

Non-destructive imaging of the internal structure of the biological samples is the active area 

of research [3], [57], [222].  Optical microscopy is a non-contact and non-invasive imaging 

technique for the investigations of biological cells and tissues for both in vivo and in vitro 

analysis [14], [38], [57], [160], [188], [223]–[225]. In the recent years, lot of research is 

going on the development of optical microscope whose to achieve a lateral resolution 

comparable to the histology to explore the microstructure of the biological cells and tissues 

[50], [56], [226]. Confocal microscopy is a very high resolution (<1 µm) cross-sectional 

imaging technique but the depth of penetration in most of the biological samples is very less 

(<200 µm) [34], [169], [227]. Optical coherence tomography (OCT) is another noninvasive 

imaging technique to achieve high resolution (less than confocal) and deeper penetration 

depth (~1mm) opened a new field of research in biomedical imaging [3], [19], [50], [56], 

[228].  The basic principle behind the OCT is low coherence interferometry. Full-field optical 

coherence tomography (FF-OCT) also known as Full-field optical coherence microscopy 

(FF-OCM) is an technology extension of an OCT to achieve higher resolution comparable to 

histology with little comprise of depth of penetration [3], [68], [227], [229], [230].  It uses a 

2D array of photodector in place of a photodetector as in the case of conventional OCT 

system to avoid transverse scanning.  The axial resolution of the system is governed by the 

bandwidth of the light source and the spatial resolution of the system is a function of  

numerical aperture (NA) [68], [85], [137], [138]. Currently most of the FF-OCM system are 

based on low coherence interferometry uses SLD as a light source [33], [54], [139].  To 

achieve a better axial resolution (<1µm) Halogen and Xenon lamps are the good alternative to 

SLD. Xenon lamp provides good irradiance as compare to halogen lamp but it also produces 

artifacts to images and is also costly.  FF-OCM system can be used for ex vivo study of cell 

and tissues without any staining and pre-processing steps. The phase map in the FF-OCM can 

be obtained by an arithmetic operation of multiple phase shifted interferograms. This method 

is based on phase shifting interferometry [33], [231], [232]. 



84 
 

In the present chapter, a phase-shifting full-field optical coherence microscope (PS-

FF-OCM) based on white light source is used for the quantitative phase imaging of different 

biological samples.  It uses a low-cost white light source, a conventional optical microscope, 

a nearly common path Mirau-interferometric objective lens and a three-chip color CCD 

camera. Phase shifted interferograms were recorded by the 3-chip color CCD camera and five 

phase-shifted algorithms is used for extracting the phase information from these recorded 

interferograms. The present system is used for the imaging and quantification of excised 

human breast tissues obtained from 12 different patients and later on the system is used for 

the study of stored RBCs.  

 

6.2 PRINCIPLE OF PS-FF-OCM System 

The system works on the principle of low coherence or white light interferometry. Images 

information is extracted from the recorded interference images. Interference will occur when 

the path difference between object and reference mirror is within the coherence length. Two 

light beams (reference and object) interfere after an interaction of the object beam with the 

measured object, i.e. the beam is transmitted or reflected by the object and the beam is 

transmitted or reflected by the reference. The distribution of the intensity of the interference 

field is then detected, e.g. using a photographic film, CCD camera, etc. The phase difference 

between the reference and the object beam can be determined by phase-shifting algorithms 

[233], [234]. The phase shifting technique is based on an evaluation of the phase of the 

interference signal using phase modulation of this interference signal. With the help of PZT, 

the phase is shifted by moving the reference mirror (within the Mirau Interferometer) 

mechanically. Due to the non-linear movement or vibrations occur in PSI, some errors can be 

generated. In PSI, all the measurements correspond to known phase shifts. If there is an 

increment or decrement in the phase shift due to the movement of PZT or vibrations then 

resultant shift in phase does not subdivision of 2π. So shift error in reference phase leads to 

error in measured phase maps [235]. In order to minimize this error, many algorithms are 

developed such as Carre’s [235], Hariharan [233] and Schwider [231] algorithms which are 

insensitive to such kind of errors. Among of all the algorithms, Hariharan algorithm is 

utilized to achieve the five frame phase maps.  To extract the phase information from the 

recorded interferograms 5-step phase shifting algorithm is used [231]. The intensity 

distribution of recorded interferogram by the camera at any point is given by equation (6.1): 
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    ,   =     ,         ,           ,                                       (6.1) 

i = 1,……..,5 

 

where,    is the function of the background intensity,     is the function of the amplitude 

modulation,    is the phase difference of the wave fields that interfere and    is the phase 

shift of i
th
 intensity measurement.  

 

Five step phase shift algorithms 

For quantitative phase maps, five frame phase shifting interferometry is widely preferred 

over the other phase shifting interferometry because of minimum phase error [236].  Five-

phase shifted interferogram were recorded by assuming a linear phase shift of a between 

frames [237]: 

  =  2 ,   , 0,  , 2  

i= 1, 2, 3, 4, 5 

 

Then  

    ,   =      ,         ,          ,    2                                     (6.2) 

 

 

    ,   =      ,         ,          ,                                          (6.3) 

 

 

    ,   =      ,         ,          ,                                              (6.4) 

 

 

    ,   =      ,         ,          ,                                           (6.5) 

 

 

    ,   =      ,         ,          ,    2                                   (6.6) 

 

By solving the equations (6.2) to (6.6): 

       ,   

     
  =  

     

         
                                              (6.7) 
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Differentiating the equation (6.7) with respect to   

(6.8) 

                                 
 

  
 
       ,   

        
  = 

              ,   

        
 

 

when,   =   2  the equation (6.8) becomes zero, therefore the phase becomes insensitive to 

phase shift calibration errors, and equation (6.8) reduces to equation (6.9): 

   ,   =        
       

         
                                                   (6.9) 

 

6.3 EXPERIMENTAL STUDY OF PS-FF-OCM SYSTEM 

The PS-FF-OCM system was developed with the help of halogen lamp (white light) source, 

collimating lens, beam splitter, Mirau interferometer, PZT (Piezo, Jena, MIPOS 3) and a 3-

chip color CCD (JAI GigE AT-140GE) camera. Figure 6.1 shows the schematic diagram of 

PS-FF-OCM system.   

 

 
 

Figure 6.1 Schematic diagram of PS-FF-OCM system. 
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Light coming out from the white light source (coherence length of approximately 1 

mm) is collimated by the collimating lens and made incident onto a beam splitter (BS1). 

Further, the beam splitter directs the beam towards Mirau interferometer (Model No 503210, 

50X/0.55 DI, WD 3.4 Nikon, Japan). Within the interferometer the light travels the same path 

upto beam splitter (BS2) and divides into two parts, one part of the beam is going towards 

sample and other part is going toward reference mirror (within the interferometer). The beam 

reflected from the reference mirror and the beam reflected from sample again recombines at 

BS2.  When the path difference between the reference beam and sample beam is within the 

coherence length interference occurs and recorded by CCD camera. 

 

Further, the PZT attached to the Mirau interferometer is driven by the amplifier and 

the whole system is interfaced with a personal computer. To introduce the phase-shift 

between the reference and sample beam, the PZT moves the interferometer with inbuilt 

reference mirror in the axial direction.  The five phase-shifted interferograms were recorded 

by the 2-D CCD camera (1392 × 1040 pixels with pixel size 4.65 × 4.65 µm
2
, 20 

frames/second) and stored in the interfaced computer for further processing. 

 

6.4 PERFORMANCE OF PS-FF-OCM SYSTEM 

Coherence is an important factor for getting the interference fringes. Interference will occur 

only when the OPD between the reference and object arms lie within the coherence length of 

the light source. The white light interference pattern is recorded by a three chip color CCD 

camera. Hence, these two factors are very important in this experiment. In the present chapter 

we use white light halogen lamp whose spectrum is given below. 

 

Figure 6.2 Spectral distribution of white light source (halogen lamp). 
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The spectrum of the white light source used in the microscope is recorded and the 

peak wavelength and bandwidth of the spectrum is computed and the spectral distribution can 

be seen in figure 6.2 The wavelength ranges from 400 nm – 800 nm and the shape of 

spectrum is nearly Gaussian. It can be seen from figure 6.2 that the peak occurs at wavelength 

600 nm and FWHM is 200 nm. Coherence length of the halogen lamp can be calculated from 

equation (2.4) and comes out to be 1.6 μm where λ0 is 600 nm and Δλ ≈ 200 nm.  

 

 

Figure 6.3 (a) Image sensor and (b) spectral response of the three-chip color CCD camera,     

                    respectively. 

To capture color information, a three-chip color CCD camera is used. The primary 

color filters of this image sensor are arranged in the layout shown in the figure 6.3 (a).  

According to the spectral response curve of the color CCD camera shown in the figure 6.3 

(b), there is a small intensity cross talk between the blue and green and green and red 

channels. For the characterization of the system the axial and lateral resolutions were 

determined experimentally. To get the axial resolution, we placed a reflecting mirror in place 

of sample and scanned it on axially direction (Z-direction) and stacked these interferograms. 

The envelope of these stacked interferograms was obtained. The full width half maximum 

(FWHM) of this envelope is the coherence length and the measured value is to be 1.2 μm as 

seen in figure 6.4 (a). Hence, axial resolution is 0.6 μm, (which is half of the coherence 

Gch----Green Channel
Rch-----Red Channel
Bch-----Blue Channel

(a) (b)
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length as already discussed in the chapter 2) where X-axis is the axial distance in the Z-

direction in micron and Y-axis represents the normalized intensity.  

 

Figure 6.4 (a) Axial resolution and (b) lateral resolution of PS-FF-OCM system, respectively 

For the calculation of the lateral resolution of the system, 1μm diameter polystyrene 

beads were place at the sample stage and were imaged by the system. The wavelength of 

illumination source is larger than the size of polystyrene beads, the image of each of them 

represents the point-spread function (PSF) of the microscope which is calculated by the 50X 

Mirau objective lens. Hence the PSF which is basically a line profile as a function of lateral 

position is shown in figure 6.4 (b), i.e., the measured lateral resolution is 0.8 μm, where X-

axis is the lateral distance perpendicular to the direction of illumination and Y-axis represents 

the normalized intensity. Multiple white light interferogram of breast tissues and stored RBCs 

were recorded to use phase shifting algorithms for quantitative phase evaluation. 

 

6.5  HUMAN BREAST CANCER TISSUE IMAGING USING PS-FF-OCM SYSTEM 

 

6.5.1 Introduction 

The importance of the diagnosis of the human breast cancer is already discussed in the 

previous chapter at page no. 69. Over the last few years, various non-invasive optical 

imaging techniques have been employed for in vivo and ex vivo cancer tissue diagnosis such 

as reflectance confocal microscopy, OCM, coherence-controlled holographic microscopy, 

DHM and spatial light interference microscopy [29], [85], [118], [238], [239]. The major 

disadvantage of the above-mentioned optical techniques that either they are using laser light 

source which will generate speckles or point-by-point scanning system which will generate 
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motion artifacts as well as time-consuming [52], [66]. FF-OCM system with light source 

offers high resolution as well as relatively fast assessment due to two-dimensional CCD 

camera instead of a photodetector. In the present study, we demonstrate the PS-FF-OCM 

system for finding the quantitative phase images of the normal and malignant breast tissues. 

Due to a good axial as well as lateral resolution of the system, it’s an ability to differ adipose 

tissue, fibrous stroma, breast lobules and ducts, as well as in situ and invasive carcinomas. 

The present study is designed to find the presence or absence of relevant features of the 

malignant tissue with the help of the PS-FF-OCM system which can give the accurate 

information. Morphological features were extracted from phase images of the normal and 

malignant breast tissues recorded by PS-FF-OCM system.  

6.5.2 Experimental Results 

An ex vivo experimental study was done on 12 subjects (6 healthy and 6 malignant tissue)   

freshly excised breast tissue over an area of ~2 cm
2 

using PS-FF-OCM system. All the tissue 

samples were collected from AIIMS New Delhi to perform the study. The sample 

preparation process is already discussed in the previous chapter at page no. 71. Figure 6.5 

shows the five exactly 
2

 phase shifted interferograms of human breast tissue. 

.  

 

 

Figure 6.5 Malignant Human Breast Tissue (a)-(e) Five Phase shifts interferogram and  

                   (f) phase image (radian), respectively. 
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To differentiate between healthy and malignant breast tissues, five phase-shifted 

interferogram were recorded with the help of PS-FF-OCM system as shown in figure 6.5 

(a)-(e). An algorithm for extracting the phase information is written in a MATLAB. The 

phase information is extracted with the help of equation no (6.9) as shown in figure 6.5 (f) 

malignant human breast tissue. The morphological features were extracted of the normal 

and malignant human breast tissues phase images. Three features were extracted from 

phase images such as spatial mean phase, entropy and spatial standard deviation, which is 

calculated by the equations (6.10), (6.11) and (6.12).  

 

Spatial Mean Phase (Sφ): describes the mean phase value of the human breast tissue. 

    

  ),(, yxyxS  
                   (6.10) 

 

where, x, y represents the no. of pixels of the phase image in horizontal and vertical 

direction. 

Entropy: describes the randomness of the human breast tissue. 
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where, p is the probability of each phase value of the phase image and discussed previously 

in chapter 3, i
th 

and j
th 

are the pixels in the horizontal and vertical direction, MN  is the 

total no. of pixels. 

 

Spatial Standard Deviation (Sstd): signifies the variations in the phase values of the 

human breast tissue. 
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                 (6.12) 

 

Table 6.1 shows the mean values of all the features were extracted from the normal 

and malignant human breast tissue. The malignant human breast tissue has higher spatial 

mean phase value as compared with the normal one that attributes to aggravated necrosis 

and reduced collagen concentration. 
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Table 6.1 Mean values of normal and malignant human breast tissue 

 

Features 

Human Breast tissues 

Normal Malignant 

Spatial Mean phase 0.106 (radian) 0.64 (radian) 

Entropy 2.96 3.201 

Spatial Standard Deviation 0.147 (radian) 0.249 (radian) 

 

Furthermore, the other features entropy and spatial standard deviation also gives the 

higher mean values in malignant breast tissues, which describes more heterogeneity and 

clustering associated with cancer growth. It can be observed from the figure 6.3(f) that the 

malignant tissue has highly degraded and heterogeneous stroma. 

 

6.6 STORED RED BLOOD CELLS IMAGING USING PS-FF-OCM SYSTEM 

 

6.6.1 Introduction 

Blood storage is necessary to procure the emergency transfusion while surgical treatment. 

It is useful in medical exercise to exchange blood release or to compensate the loss of 

blood constituents [240]. Blood storage can be possible up to 42 days under certain 

condition [241]. The long duration storage of the blood affects the changes in the blood 

properties e.g. see the alterations in the morphological features of the RBCs [240]. During 

storage red blood cells will undergoes numerous functional, biochemical and structural 

changes. Three different shapes of RBCs (discocyte, echinocyte and spherocyte) are 

seemed within a period of 42 days. In the last decades, QPI methods has been presented as 

a valuable tool to extract the relevant information of the three dimensional biological 

objects such as live cells, red blood cells etc [134]. Several studies have been done to 

determine the changes in the RBCs shapes and their morphological features during storage 

time using various optical imaging techniques such as scanning electron microscopy, 

Spatial light interference microscopy (SLIM) and digital inline holographic microscopy 

[241]. However, the system was very complex which they had used and time consuming 

process [240], [241]. In this section, the quantitative phase images of the RBCs were 
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extracted from the stored RBCs with the help of PS-FF-OCM system. This system is very 

useful for finding the quantitative information of the biological studies as already 

discussed. We can express the morphological changes in the stored RBCs in terms of 

various parameters such as spatial mean phase, spatial root mean square, spatial standard 

deviation, spatial skewness and spatial kurtosis are discussed in this chapter later. 

6.6.2 Experimental Results 

An experimental study was done on 20 stored RBCs samples. Blood samples were 

collected from the pathology lab. Sample preparation process for the experimental study 

and ethical clearance is already discussed in chapter 3. 

 

 

 

Figure 6.6 (a)-(e) Five Phase shifts interferogram of the stored RBCs (after one week of 

storage) 

 

(a) (b) (c)

(d) (e)
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Figure 6.7 (a)-(e) Five Phase shifts interferogram of the stored RBCs (after three week of 

storage) 

 

 

Figure 6.8 (a)-(e) Five Phase shifts interferogram of the stored RBCs (after five week of 

storage) 

 

The spatial five phase shifted interferograms recorded by the PS-FF-OCM system at 

different time interval is shown in the figure 6.6 (a-e), 6.7 (a-e), and 6.8 (a-e), respectively. 

The wrapped phase map of the RBC is extracted with the help of equation (6.9) and were 

(a) (b)

(d) (e)

(c)

(a) (b)

(d) (e)

(c)
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unwrapped by Goldstein method [17]. With the time, RBCs suffered the morphological 

states from discocyte to echinocyte and spherocyte as shown in figure 6.9 (a-c), respectively.  

 

 

Figure 6.9 Phase images of stored RBCs with a function of time (a) Discocyte (after one 

week of storage) (b) Echinocyte (after three weeks of storage) and (c) Spherocyte (after five 

weeks of storage), respectively 

 

Sφ: describes the mean phase value of the RBC cell. The formula is already written in 

equation (6.10). 

Spatial Root Mean Square (SRMS): gives the information about the distance the phase 

values from the mean phase values of the RBC cell. 
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   (6.14)

 

Spatial standard Deviation (Sstd): signifies the variations in the phase values of the cell. The 

formula discussed in equation (6.12). 

Spatial Skewness (Ssk): measures the distribution of the phase values around the mean value 

and give its shape. 
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Spatial Kurtosis (Skur): calculates from the histogram and extent upto the shape of the 

distribution equals to the normal distribution. 
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Table 6.2 RBC Morphology features 

 

Features 

Different shapes of RBCs with time 

Discocyte Echinocyte Spherocyte 

Spatial Mean phase 1.21(radian) 1.25 (radian) 1.187 (radian) 

Spatial Root Mean Square 1.35 (radian) 1.31 (radian) 1.24 (radian) 

Spatial Standard Deviation 0.57 (radian) 0.49 (radian) 0.34 (radian) 

Spatial Skewness 0.003 0.004 0.002 

Spatial Kurtosis 0.024 0.024 0.025 

 

We extracted five morphological features including Spatial Mean phase, Spatial Root 

Mean Square, Spatial Standard Deviation, Spatial Skewness and Spatial Kurtosis of the 

different shapes of RBCs as mentioned in table 6.2. Spatial Mean phase values of all the 

samples are almost associated in a small region so standard deviation and spatial root mean 

square of phase values are reduced during the storage period of RBCs. From the other 

parameters, it is seen in table 6.2 that the spatial skewness values close to zero give the 

symmetrical distribution of phase values, which describes well-adhered cells and spatial 

kurtosis also gives the changes in values during the storage RBCs. 

 

6.7 CONCLUSIONS 

 

In summary, we presented PS-FF-OCM based on white light as an imaging tool for the study 

of breast cancer and stored RBCs. Quantitative features were extracted from the phase maps 

of the breast cancer and stored RBCs. In this study, PS-FF-OCM system imaged large area of 

tissue in a non-destructive manner with high resolution which will help the pathologist for the 

diagnosis. The sample doesn’t require any type of special preparation therefore PS-FF-OCM 

can be a potential intraoperative tool for the margin assessment of the cancerous tissues and 

the characterization of the different stages of RBCs. The system is compact, efficient, user-

friendly and also gives high lateral and axial resolution which makes system useful to clinical 

pathology labs.  
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CHAPTER 7 

CONCLUSIONS AND FUTURE SCOPE 

 

7.1 CONCLUSIONS 

The work presented in this thesis describes the development of the automated high-resolution 

full-field optical spatial coherence microscope (FF-OSCM) system for extracting the 

quantitative phase images of the biological applications like human cells and tissues etc. The 

performance of the developed system has been characterized by measuring the optical 

parameters such as axial resolution, lateral resolution, spatial and temporal phase sensitivity. 

The developed system was slightly off-axis in nature which is very helpful to study the 

dynamic behaviour of cells with good accuracy and precision. In addition to this, as the 

spatial coherence of the system was reduced, the developed system achieved the high axial 

resolution and lateral resolution. The obtained resolution of the developed system is 

comparable to conventional OCT system based on temporal coherence. However, the main 

advantage of this system is free from chromatic abbreviation as it is based on highly 

monochromatic laser source.  

 In addition to that, the developed FF-OSCM system was used for differentiating the 

malaria infected RBCs from the healthy RBCs. Quantitative phase images-based features 

were calculated and used to train the multi-ensemble classifier for an automated classification 

between malaria infected RBCs and healthy RBCs in terms of high accuracy, sensitivity and 

specificity. The proposed classifier obtained 96.1% and 97.9% average accuracy in detecting 

early trophozoite and late trophozoite malaria infected stages of RBCs. Later on, this system 

was designed with multi-wavelength laser sources for ex-vivo imaging RBCs and TL 

algorithms applied for the classification of different stages of malaria infected RBCs with 

limited labelled datasize. In this study, customized CNN based TL model with SCM system 

was used for task-specific classification like classifying the healthy vs infected cells and early 

vs late trophozoite cells. Results also compared with other known CNN models and our 

customized model obtained 97.7% accuracy, 98.3% sensitivity and 96.9% specificity, 

respectively, for healthy and malaria infected RBCs whereas in the case of malaria-infected 

stages between early and trophozoite 91.2% accuracy, 90.3% sensitivity and 90.7% 

specificity, respectively with less computational time.  

In the next part of this thesis, the study describes human burn skin tissue samples 

were imaged in vivo using SS-OCT system. Quantitative features were extracted from the 
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normal and burned tissue images and were analysed using machine learning algorithm. Least 

sum of squares method-based learning model was used for the classification between the 

normal and burned tissue with obtained 91% accuracy. The performance shows that the 

quantitative features from both A-scan and B-scan OCT images can be powerful in vivo 

diagnostic tool for quantitative analysis of burned tissues without a specialized facility and 

clinician.  

An automatic classification algorithm is developed to differentiate between the 

malignant breast and normal breast tissue using OCT images. A reverse active learning with 

fine-tuned pre-trained inception-v3 CNN is used to differentiate between the malignant breast 

and normal breast tissue. To overcome the challenges of over fitting and to increase the 

cardinality of the dataset (both the classes), data augmentation techniques have been applied 

and obtained high sensitivity 90.2% and specificity 91.7%. The cancer margin assessment 

results show the effectiveness of the developed model. 

By ending of this thesis, we have demonstrated PS-FF-OCM system for the biological 

applications like human stored RBCs and breast cancer tissue. PS-FF-OCM system based on 

white light source with high NA achieves high axial and lateral resolution. The PS-FF-OCM 

imaging system is compact, common path and ease to align as compared to other methods.  

 

7.2 FUTURE SCOPE 

 

In the future studies, the quantitative idea of this technique disposes of intra-and inter 

observer contrasts. The utility of this technique with cells and tissue makes it fit in well with 

current pathology rehearses, without the requirement for changes in tissue handling pipelines. 

Also, the morphological data in H&E images is recovered subjectively in phase images, thus 

enabling pathologists to perform image segmentation, when important, without the 

requirement of additional training for recognizable proof of tissue compartments, as saw in 

the subjective analysis of tissue images by our pathology colleagues. Since QPI maps are 

self-aligning as for brightening, machine learning execution for computerized grouping will 

be less demanding to actualize. The quick filtering capacity of OCT frameworks will likewise 

help in circumstances where high throughput is required, as in screening settings.  

 

Moreover, we hope to explore our knowledge and experience which gained in my 

thesis work to classify other biological applications like sickle cells, diabetes, cancer cells etc. 
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Based on the performance results, we expect that our proposed method in chapter 3 will be 

helpful to monitor the individual patient health progress and success of therapy by 

automatically extracting the hidden image information. A more accurate segmentation 

algorithm will be used to incorporate overlapping RBCs and the present developed FF-

OSCM system will be modified to get the spectral response of the cells which will strengthen 

the performance for the classifying other diseases. Our proposed model can be very useful for 

other limited labelled biological studies. In future, the developed algorithm in chapter 4 can 

be used in differentiating between various grades of burn injuries and also studying fresh 

burn injuries. Our results lay the foundation for the future that the proposed method in 

chapter 5 and chapter 5 can be used to perform automatic intra-operative identification of 

breast cancer margins in real-time and to guide core needle biopsies. With more image data 

and the addition of different classes of breast cancer tissue will make the proposed algorithm 

more robust and great support in clinician decisions. The system designed in chapter 6 can be 

used in clinical pathology labs for the quantification of different biological samples.  
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