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Abstract— Only 20-30% of current clinical in vitro 

fertilization (IVF) cycles result in a live birth because of 

difficulty in predicting viability of embryos. Recent work 

based on morphological parameters using 2-D images at a 

single stage of development has shown some promise for 

viability prediction of embryos at early stages its development. 

We propose a novel method of exploiting time-lapse 3-D 

images from Optical Coherence Tomography (OCT) to search 

for additional parameters indicative of embryo viability.  This 

project delineates an image-processing tool to automate 

extraction of parameters that will be assessed for their 

correlation to embryo viability. The image-processing tool 

estimates 3-D shape of the cell and the number of cells, while 

also giving nucleus position and granularity of cytoplasmic 

activity during the cell division process. Given that we were 

able to collect cell division data only up to two-cell stage, we 

show here that the method consistently estimate parameter to 

fit the 3-D shape of cell, and track the number of cells in 

different embryo test images. We also show that this algorithm 

can consistently localize the nucleus in different embryos 

during the resting phase of cell cycle.  
Keywords—OCT; embryo viability; morphological image 

processing; cell detection; IVF 

I.  INTRODUCTION 

Nearly one in six couples in the United States experience 

infertility, many of who turn to in vitro fertilization (IVF) to 

have children. However, only 20-25% of IVF cycles result in a 

live birth because clinicians can only assess embryo viability 

based on visual morphology, which has been shown to be only 

weakly correlated to viability [1]. Because of this low success 

rate, it is common to transfer several embryos back to the 

mother at once in hopes that at least one will survive. This 

causes a high rate of multiple births (~30%), which are 

associated with increased health complications for both 

mothers and children [2]. A more accurate predictor of 

embryo viability is needed so that clinicians can accurately 

choose a single embryo to transfer back to the mother, thus 

decreasing the rate of multiple births while increasing the 

overall IVF success rate. 

 One way to more accurately assess an embryo’s viability 

is simply to let it develop for a longer time in culture (day 5 

blastocyst stage instead of day 3), but at the cost of increased 

embryo stress [3]. Our goal is to observe embryos in culture 

for 5 days after fertilization, and see if any parameters we 

observe before day 2 or 3 are predictive of which ones are still 

surviving by day 5. The parameters we identify could 

eventually be used clinically to transfer the most viable 

embryo to a patient. 

 Previous studies were performed with 2D imaging 

modalities like dark field microscopy and birefringence, and 

have shown that the timing and synchronicity of cell divisions 

can provide a somewhat accurate predictor of blastocyst 

survival by day 2 or 3 [4, 5]. 

 Using our 3D Optical Coherence Tomography (OCT) 

microscopy setup, we hope to extract additional parameters 

that can improve the accuracy of prediction. We propose 

exploring cell parameters that are potentially predictive of 

embryo viability – cell number, cell shape, cell size, degree of 

fragmentation, nucleus position, signal intensity, and axis of 

division – suggested by earlier cytological studies [6-9]. Our 

algorithm will automate extraction of these key parameters 

from OCT data using image processing techniques including: 

adaptive thresholding and noise suppression methods to 

improve SNR, contrast enhancement to enhance cytological 

features, morphological and filtering to track cell position, 

shape and number [10-13]. In future, we plan to find the 

parameters for each cell that are most predictive of whether or 

not it survived to the blastocyst stage. 

II. METHOD 

The proposed algorithm utilizes image segmentation, 

morphological image processing, and causal and spatial 

constraints to extract cell parameters that we deem to be 

indicative of embryo viability. The cascade of image 

processing we perform on the raw OCT images is shown in 

the Figure 1. The first three steps of image pre-processing 



massages the images to be used for morphological processing 

and cell circle detection. 

 
Figure 1: High-level algorithm flowchart showing image pre-processing, 

morphological processing, and cell detection steps in cascaded system 

 

A. Image Pre-processing 

A.1 Background Subtraction 

The background signal, seen has large sporadic bright 

spots on the OCT images (Figure 2a), is due to dirt spots on 

the reference mirror on the microscope. These background 

spots can shift by a couple of pixels laterally (in x-y in plane 

direction) at each z-location in a 3D stack most probably 

because of noise in the data. To get rid of this artifact, we 

perform a mask on the Radon transform of the 3D image along 

the z-direction (data is projected along the z-direction). The 

points in the projection image that are within 10% of the 

maximum brightness of the image are flagged as background. 

The use of projection image, rather than just a single slice 

image, is more robust because these artifact spots is present in 

all the z-stacks, where as bright signals from cells, which 

could possibly be mistaken as the artifact spots, are present in 

only a few z-stack. Thus, the artifact spots appear much 

brighter in the projection image. As mentioned before, 

however, the x-y location of a spot along different z-stack 

images is slightly variable, and to account for this variation, 

the projection is dilated by a few pixels. Then, at each slice in 

the stack, pixels overlapping with the background locations 

are replaced by the equivalent pixels of a Wiener filtered and 

median filtered image. The shown red circle shows how using 

projection image can discriminate between background spot 

artifacts from the signal from the cell. The spot circled in (a) 

contains a bright spot, but in the projection image, there is no 

bright spot, indicating that the spot is cellular signal than the 

artifact. 

 

  
Figure 2: Background spot artifacts seen in the OCT image. (a) A slice of 

3D OCT image shows several possible spots that could be artifact or 

signal from cell itself. (b) Projection image (sum up along z direction) 

shows where the artifacts are located.  

 

A.2 Contrast and Brightness Enhancement 

Different slices from the 3D images are also seen to have 

varying contrast and brightness.  For brightness adjustment, 

gamma correction and intensity scaling equalize the average 

brightness of the images at each z-location. The contrast of the 

image is enhanced by global histogram equalization for each 

stack for contrast enhancement. The data then is smoothened 

using 3D Gaussian kernel to reduce finite-stack and pixel 

granularity artifact.  

A.3 3D Smoothing Filter 

The OCT microscope is programeed to take more image 

samples at highter depth to compensate for depth dependent 

dispersion effects [14]. As a result, we see in-plane noise 

variation along different depth. In addition, compared to 660 

by 800 pixels in x-y direction, there are only 115 slices 

available along z-direction. In order to smoothen the 3D OCT 

image, we therefore use a computationally efficient 3D 

Gaussian blur by exploiting decomposing 3-D Gaussian kernel 

into three 1-D kernels.  

B. Morphological Image Processing 

The goal of the morphological image processing is to 

segment the cellular boundaries, so that cell can be detected. 

The pre-processed image stacks are summed along the z-

direction to create another 2D projection. Once the projection 

is calculated, Canny edge detection and subsequently dilation 

is performed on the detected edges, and edges in areas of very 

low or high intensity are discarded using a threshold 

determined by Otsu’s method. Edges with low intensity are 

typically outside the cell, and edges of high intensity are inside 

the cell, so we want to discard them and keep only the cell 

outline. Then, the appropriate numbers of circles are detected 

using the circle Hough transform (we start with 1 cell, then 2 

cells once the cell has been determined to have divided, etc). 

The circle(s) with the highest Hough peak is chosen as the 

boundary of the cell(s), although this selection process is 

biased toward larger circles to avoid detecting contours inside 

the cell. The approximate (x,y) coordinates of the circle center 

and the circle radius are also noted to help with fitting the cell 

shape at each individual z-location. 

If there is more than one cell detected, the algorithm then 

looks for where each cell is located in z. For each cell 

detected, the algorithm takes an intensity profile along the z 

direction at the point (x,y) that is the center of the cell. In OCT 

data, the intensity peaks sharply at the bottom surface of each 

cell due to its high reflectivity, so the bottom of each cell can 

be detected.  

C. Paramter Extraction 

C.1 3D Cell Body Detection 

Once the cell centers and radii are known for a given 3D 

stack, the algorithm loops through each z-location and 

attempts to detect circles with centers close to those 

determined in the previous step. If the z location is below the 

bottom of a specific cell (as determined in the previous step), 

the algorithm does not look for that cell. As with the 

processing from part B, for a given 2D slice at a particular 

depth, the image is smoothed slightly, Canny edge detection is 

performed, the edges are dilated, and only edges of moderate 

brightness are kept.  



When looping through z locations, the algorithm starts by 

looking for very small circles at the bottom of the stack, and 

once a circle is detected, it then starts looking for larger and 

larger circles. Once the circle size begins to level off, the 

algorithm looks for larger or smaller circles, and once the 

detected circle size begins to decrease significantly, the 

algorithm only looks for smaller circles. Thus, when the 

Hough transform is performed, the algorithm only looks for 

circles of specific sizes depending on how high up in each 

particular cell it is.  

C.2 Cell Divison Detection 

The number of cell during the embryogenesis is detected 

by using the algorithm shown in Figure 3. This cell number 

detection algorithm is initialized with 1 fertilized diploid cell 

(n=1). Two times the current number of cells (2n) highest 

peaks from circle Hough transform is considered to be 

possible daughter cells, in case cell division occurred. If there 

are n cells, there is possibility of having maximum of 2n 

daughter cells, given the inter-frame interval is significantly 

shorter than cell division duration. Tracking of the cells that 

divide into three cells is not incorporated in this algorithm, and 

can be pursued in future versions.  

During time progression, the Hough transform peaks can 

vary. For example, if the cell is detected as the highest peak in 

the first snapshot, it does not have to be the highest peak (it 

will most probably be among the highest but not necessarily 

the highest) in the following snapshot. As a result, we need to 

incorporate a capability for the algorithm to utilize a priori 

information to select the peak, which is most likely to be the 

cell. We solve this issue using two methods. Firstly, we 

smoothen the Hough transform data so that the local peak 

fluctuation – possibly caused due to multiple circles fitting the 

cell – does not confound the system. Secondly, the algorithm 

uses a similarity score (based on radius and location) that 

matches the already established cell circle from the previous 

time stamp with the first 2n highest peaks, and chooses the 

circle in the current timestamp that is closest to the cell circle 

in the previous timestamp. Based on our preliminary 

experimentation, we always found that the circle that fits the 

cell is always within the first 2n highest peaks. 

 Once cell(s) in the current frame is established as 

described before, the algorithm creates a pair combination of 

all cells and possible cell peaks. For each of these pairs, three 

metrics – distance between the center of two circles, 

difference between the radius and the solidity of the circles – 

are computed.  

These metrics are used in a two-step verification process. 

It is important to realize that these metrics are computed for a 

pair of cell and prospect Hough transform peak. Thus, for the 

initial verification, if these metrics are within appropriate 

range, this implies that the Hough transform peak under 

consideration can be a sister daughter cell of the recognized 

cell. However, one has to be careful to make this conclusion 

without further verification. For example, this peak circle can 

pass to be a sister cell of a recognized cell, but this circle can 

totally fall inside one of the other already recognized circle. 

This implies that although the first condition suggests that the 

peak is probably a circle, the second condition invalidates 

such claim. Hence, a second verification is performed where 

the peaks that have passed the first condition is checked with 

other already recognized cells to validate the initial guess. 

Criteria used to establish the peak as cells are – the distance 

between two daughter cells is within a reasonable range, the 

radius of two daughter cells are comparable, the solidity of the 

daughter cell is above a threshold. 

 

 
Figure 3: Flowchart for number of cell divison detection 

 
C.3 Nucleus and other parameter detection 

The nucleus of the cell is detected by specifying a 

smaller and constant range of radii in the Hough transform 

domain. In addition to selecting the Hough transform peaks 

with the highest intensity, the selection algorithm is also 

biased toward selecting circles with a low intensity inside. The 

algorithm loops through all slices in a 3D stack, and measures 

both the overlap of each circle with the dilated edges, and also 

the integral of intensity values inside each circle. After 

looping through the entire stack, the algorithm selects the 

circles at a global minimum of both low intensity inside and 

high overlap with detected edges. 

The granularity and cytoplasmic speckle can also be 

measured as the derivative of corresponding pixels or cross 

correlation across images in temporal sequence. By visual 

inspection, we saw that the cytoplasmic activity was less, if 

any, after cell death.    

III. RESULTS 

A. Image Pre-processing 

A.1 Background Subtraction 

Using the background subtraction method, we can see the 

artifacts eliminated in Figure 4d compared to Figure 4c. We 

also show that in Figure 4b, the dilated image containing the 

spot artifact, we clearly isolate the background from the 

cellular information. 



 
(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 4: Background subtraction corrects for artifact (a) Projection 

image (along z) shows white speckles (barely noticeable) (b) Projection 

image (along z) after each stack is dilated creates more visible 

detection of the artifact (clearly visible) (c) Original image without 

background subtraction (d) Background subtracted image shows 

correction of artifact seen in the original image.  

A.2 Contrast and Brightness Enhancement 

The contrast of the image is adjusted using local adaptive 

histogram equalization. We observed that the histogram has 

high pixel density in the central pixel values. We clip the tails 

of the histogram, and perform adaptive equalization (Figure 5b 

and 5d), which clearly shows that the contrast in enhanced 

compared to the original image (Figure 4a). Another 

interesting observation is the shape of the histogram. In Figure 

5a, we find that the histogram is tri-modal in nature. The high 

peak at lower intensity mostly represents the background of 

the image, the small medium intensity peak is primarily Zona 

pellucida, and the high intensity peak is mainly the cell pixels.  

 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 5: Contrast enhancement using global histogram equalization. 

Image  (a) without and (b) with histogram equalization. (c) Histogram of 

the original image. (d) Histogram of the equalized image.  

A.3 3D Smoothing Filter 

 The 3D smoothing filter process shown in Figure 6 

using a 3D Gaussian kernel ensures that the following 

segmentation and morphological image processing does not 

get confounded by image in the noise. 

 
(a) 

 
(b) 

Figure 6: Image smoothing using 3D Gaussian blur with std = 3 pixels. (a) 

Image without 3D Gaussian blur and (b) image with 3D Gaussian blur 
 

B. Morphological Image Processing 

The dilation of Canny edge detection in Figure 7a shows 

the edge of the cell, the boundary of Zona pellucida, and some 

intra cellular edges. By realizing that the Zona pellucida has 

different average intensity, thresholding can be performed to 

reject the outer Zona pellucida, as shown in Figure 7b. Figure 

7c and 7d shows how this edge image is further refined, and 

circle Hough transform is used for circle detection. 

 

 
(a)  

(b) 

 
(c)  

(d) 
Figure 7: Detection of cell surface using morphological tools. (a) 

Gaussian 3D blurred image masked by dilated edge using Canny edge 

detection. (b) Zona pellucida rejection (using threshold) showing the 

outer structure removal. (c) Intra cellular remnant edges removal 

using threshold and (d) circle detection usingcircle Hough transform. 



C. Paramter Extraction 

C.1 3D Cell Body Detection 

 
Figure 8: Intensity profile in z at center of each cell. Because the bottom 

of the cell is highly reflective, its location in z can be determined by 

finding the first peak in the plot above. This helps to guide the algorithm 

that detects the cell body in 3D. 
 

 
Figure 9: Detection of cell shape in 3D. Each image is at a different depth 

in z. Note that once cell is above the other and the algorithm can detect 

both cells. 

 
Figure 10: The detected radii of a single cell while looping through all 

depths in a stack. As expected, the radius increases quickly, levels off, 

then decreases quickly. 

 

C.2 Cell Divison Detection 

 For demonstration of successful cell division tracking, we 

show tracking at approximately the center slice of the cell. In 

Figure 11, we initially see that there is 1 parent cell. During 

this stage, the red circle is the second highest peak from the 

Hough transform. As time lapses, we see that the red circle 

converges towards the daughter cell. Once constraints are met, 

red circle turns green, and the two daughter cells are 

successful tracked. Now that we have two cells in our embryo, 

there are a total of 2*2=4 circles searching for four highest 

peaks that could detect further cell division. Due to 

unavailability of the data, we were able to test this algorithm 

up until only 2 cell stage. 

 

(a) 

 

(b) 

 

(c) 

 

(d) 

 

(e) 

 

(f) 

 

(g) 

 

(h) 

Figure 11: Time-lapse image showing successful cell number detection. 
(a,b) Image show that there is one parent cell detected by green circle. 
The red circle is the roaming prospect Hough transform peak. (c-g) These 
images show start of cell division. The roaming Hough transform peak 
(red circle) converges towards the daughter cell, but not yet verified to be 
a cell. (h) The red circle in previous image now detected as being a cell. 
Since there are two cells detected now, there are two red Hough 
transform peak searching for further cell division. 

C.3 Nucleus and other parameter detection 

 

(a) 

 

(b) 

 

(c) 

Figure 12: As shown, the algorithm can detect when the nuclei are not in 

the center of the cells (left image above, the nucleus is close to the bottom 

of the cell), when 2 nuclei are present at once, and when only one is 

present. 

 

 
(a) 

Bottom 
of cell 

nucleus 

Top of 
cell 



 
(b) 

Figure 13: The algorithm can also detect where in the entire 3D cell 

volume the nuclei are. In the cases above, each of the 2 nuclei in the stack 

is detected correctly. 
 

 

 

IV. DISCUSSION AND CONCLUSION 

Our method of cell tracking provides a robust tool for tracking 

cell size, number and even intracellular nucleus in 3D, making 

accurate inference of cell parameters possible. Compared to 

previously used method of 2D dark field imaging, this method 

provides additional features for 3D cell tracking and nucleus 

detection, making the system more robust. We perform several 

morphological and segmentation image processing that 

utilizes both spatial and temporal image correlation to reject 

anomalous cell parameters. In future, the project can be 

extended to detect elliptical shape of the cell using Random 

Hough transform (RHT), so that the shape of the cell is 

described more realistically. Also, once OCT data for full 

embryogenesis is available, the method can be tested for more 

than two cell division stage. 
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