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Abstract
In this paper, we study a food ingredient processing that has

a total of ten fabrication stages, where the first stage is known as
crystal seed count. In this stage, manufacturers study under a mi-
croscope the food sample and count crystal seeds per unit area.
Sample preparation has imperfections (e.g. air bubbles) that need
to be disregarded. The number of seed crystals per unit area is a
key indicator for the quality of subsequent processing steps. This
paper proposes a method for automating the crystal counting and
air bubble removal processes in the seed count stage, in order to
save manufacturers considerable time and money. An automated
image processing pipeline for crystal counting and air bubble re-
moval is employed in the proposed method. In addition to the
proposed pipeline for crystal counting and air bubble removal au-
tomation, we also introduce an interactive GUI which is operated
based on this pipeline. This GUI can not only be used by manu-
facturers of the particular crystals that we examine in this paper,
but can also benefit other manufacturers in the food industry that
face similar issues. By utilizing this automatic crystal counting
pipeline and GUI, food crystal fabrication can be made more ef-
ficient. This paper contributes to the field of food processing by
presenting a practical and innovative solution to a common chal-
lenge in the industry.

Introduction
With an ever-increasing demand for safe and high-quality

food products, the food industry is a vital component of the global
economy. Food manufacturers have always been exploring ways
to improve their products’ quality and consistency. Crystal for-
mation is involved in a variety of food products. Food ingredient
processing is a complex process that usually involves a number of
steps, including seed crystal nucleation, growth, and harvesting.
To ensure that uniform crystal structures are formed and the fi-
nal products meet standard requirements, each step must be care-
fully controlled. There are ten steps in the food processing we
are discussing in this paper, but we will only be focusing on the
seed counting stage, which is the first manufacturing step. In this
step, manufacturers are counting crystal seeds, neglecting any air
bubbles that are results of sample preparation on a glass slide un-
der a microscope. Traditionally, these crystals have been counted
manually, which is time consuming and error-prone. Due to dif-
ferences in perception and interpretation, manual counting may
also result in variations in counting accuracy. Computer vision
algorithms have made automated crystal counting feasible and ef-
ficient.

A complete pipeline is presented in this paper for pre-
processing microscopic images of crystals, analyzing them au-
tomatically to detect and remove air bubbles, count crystals, and
determine other related information such as crystal size and what

percentage of each microscopic picture is covered by crystals,
which are important to manufacturers. All of the steps involved in
the pre-processing pipeline fall under traditional computer vision
techniques, such as edge detection, morphological operations, and
flood filling. A special feature we use during the pre-processing
stage is adaptive thresholding, which is a thresholding technique
used to deal with uneven backgrounds. The pre-processing sec-
tion of this paper will discuss in more detail what parameters we
choose for each step of the preprocessing stage, explain the math-
ematical and theoretical motivations, and show sample results we
obtain for each step.

We will discuss our crystal separation technique following
the pre-processing section, which is one of the most important
new ideas proposed in this paper. The crystal separation is crucial
since pre-processing the pictures simply removes the background
and unrelated information. However, the crystals are not sepa-
rated into single ones. They may form a large cluster connected
to one another. We propose a crystal searching and separation al-
gorithm referred to as “four-pointers search” in this paper. We will
discuss the details of this algorithm in the section called “Crystal
Separation”. Using the separation algorithm, we should be able
to locate each crystal and obtain information about its size.

The crystal analysis results can also be used to obtain other
important information that is useful to the manufacturers, such as
the percentage of the image occupied by crystals. As the users of
this algorithm are manufacturers in the industry, we have designed
a graphical user interface to make it easier for them to use our
algorithm for automatic crystal analysis. Toward the end of this
paper, we will discuss potential future directions for this project,
which are largely based on deep learning.

Related Works
Our crystal detection pipeline begins with preprocessing,

where adaptive thresholding is used to deal with non-uniform
background. Before we implement any algorithms to deal with
the crystals, we must first remove the air bubbles as required by
the manufacturer. We first apply a bilateral filter [1] to enhance the
picture and then use Hough circle to locate the bubbles. Hough
circle is a special case of the Hough transform [2] algorithm. Af-
ter identifying the bubbles, we cover them with the background
color, which has the same effect as removing them.

After we remove the bubbles we apply adaptive threhsol-
ding on the post bubble removal picture. Adaptive thresholding
uses local information to classify all pixels in the image as ei-
ther foreground or background. The concept of adaptive thresh-
olding was first introduced in [3], combining Gaussian smooth-
ing with local thresholding to detect nuclei in noisy and cluttered
microscopic images. Another very common method of adaptive
thresholidng is adaptive mean thresholding, which can be found in
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[4]. Adaptive mean thresholding uses local mean instead of Gaus-
sian weights. For our specific task, we discovered that adaptive
Gaussian thresholding works better than adaptive mean thresh-
olding. Hence, we are using adaptive Gaussian thresholding in
our pipeline, and all of the adaptive thresholdings referred to in
this paper are adaptive Gassian thresholdings.

Adaptive thresholding increases the clarity of edges along
crystals for an unevenly illuminated and fussy image such as ours,
but it also generates additional noise due to a limited view of the
local area. In order to remove the noise, we generate a mask for
each microscopic image, using computer vision techniques such
as Canny edge detection [5], morphological opening and clos-
ing [6], and flood filling. This set of pipelines, including image
segmentation, thresholding, and other machine vision strategies,
has been used by researchers in the field of histopathology for a
long time. Under a microscope, tissue sections are observed by
a pathologist’s naked eye, and the visual information is analyzed
manually using their priori medical knowledge.

Although our manufacturer’s purpose is to analyze the fabri-
cation of the crystal rather than the structure of the cell, the image
processing techniques employed in both tasks are broadly similar.
In review papers such as [7] and [8], these pipelines have been
summarized. In general, image processing pipelines for black and
white microscopic images can be classified as follows: thresh-
olding based, edge based, and region based. The thresholding
approaches [9], [10], [11] usually involves nonlinear contrast en-
hancement, the application of a threshold either globally or lo-
cally, and morphological operations such as erosion and dilation.
Edge-based approaches [12], [13], [14] also utilize morphological
operations and other image processing techniques, such as con-
trast enhancement or smoothing. Unlike thresholding, edge-based
approaches use edge detection techniques to enhance the image
rather than thresholding. Common edge detectors include Lapla-
cian [15], Canny [5], and Sobel [16] edge detectors. Region-based
approach [17], [18] usually identify starting points based on mor-
phological operations and then apply segmentation like the water-
shed approach [19] to locate clusters of crystals. In our approach,
we combine thresholding and edge-based approaches. Adaptive
thresholding is used to locate the crystal clusters and edges are
used to refine thresholding results.

Our paper focuses on the initial stage seed count of the crys-
tal fabrication, and our algorithm for separating crystals does not
require the use of deep learning. We decide to use deep learning
to deal with future stages, which have more complicated crystal
structures. The ceep learning approach [20], [21] usually trains
a model either supervised or unsupervised to segment crystals or
count crystal density, instead of using algorithms to fulfil the seg-
mentation. Our idea of deep learning to automatically identify
crystals involves two steps. The first step is to generate pseudo-
masks with CycleGAN [22] for training a supervised segmenta-
tion model later on. This is due to the fact that we do not have any
ground truth masks from the manufacturer, we only have crystal
counts. In the second step, we identify the crystals using mask
R-CNN [23]. The masks used for training mask R-CNN are ob-
tained from the earlier mask generation step.

Background and tasks
It is important to have an understanding of the background

and the objectives of this project in order to better understand the

reasons for the design of our pipeline. The manufacturer we are
working with prefers to remain anonymous, so we will not iden-
tify it in this paper. The complete crystal fabrication process used
by the manufacturer comprising a total of ten steps. All of our al-
gorithms in this paper focus on the first step the seed count stage.
The manufacturer believes the final outcome of the food process-
ing is related to the number of seed crystals per unit area in the
first stage. Thus, it is important to identify potential problems at
an early stage so that the manufacturer can save time and money.
An example seed count stage image is shown in Figure 1 (a).

The manufacturer has a machine that can generate an auto-
matic count data, as shown in Figure 1 (c). However, that data
is not used by the manufacturer because they don’t trust it. The
crystals are counted manually by the manufacturers by averaging
the number of crystals in four regions as shown by yellow boxes
in Figure 1 (b). The size of each window in the picture is 300
× 300 pixels. There are also solid black bubbles visible in the
photographs. These bubbles are air bubbles which result from
sample preparation between two microscope slides. They are not
crystals and should be detected and disregarded when counting
the crystals. It would therefore be helpful if we can develop pro-
grams that could count crystals automatically, generate the size
and shape distribution histograms, as well as detect bubbles. The
final goal for the future is to evaluate images from earlier stages
and determine whether or not the resulting crystal fabrication will
be successful. If the algorithm suggests that the final results are
not satisfactory, the manufacturer could halt the process at an ear-
lier stage and save money. This final goal will be likely achieved
by training a decision making deep learning model, which is out-
side the scope of this paper.

(a) (b)

(c)

Figure 1: (a) An example of seed count stage image. (b) Re-
gions in the seed count stage image where the crytals are manu-
ally counted by the manufacturer. (c) An example of the machine
count of the seed image, which is discarded by the manufacturer.

Pre-processing
Bubble Detection and Removal

Our crystal detection algorithm can be divided into two
steps, pre-processing and crystal separation. The first step of pre-
processing is air bubble detection and removal. The air bubbles
are dark and solid, and we are using the Hough circle algorithm
[2] to identify them. It is easier to explain how this algorithm
works in terms of the linear case. Suppose there is a straight line
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as shown in Figure 2 (a). In polar coordinates, a straight line can
be express with Equation 1. By selecting a specific pair of x and
y from the line, we can plot r versus Θ, which has a sinusoidal
shape. By selecting more pairs of x and y’s, we can plot more
of these sinusoidal curves, as shown in Figure 2 (b). These lines
intersect at one point, which is the r and θ of the straight line we
would like to detect. Using this method, we can identify potential
straight line locations in the image, the more curves intersecting,
the greater the likelihood that a straight line exists in the current
location where we are searching.

The searching process is similar for circle detection, except
that it require three parameters instead of two to define a cir-
cle. The three parameters are: x coordinate of the circle center,
y coordinate of the circle center and radius. In order to improve
the detection results, we can set up extra parameters to limit the
detection, thereby increasing the recall rate and decreasing false
alarms. During the search, we specify six additional parameters,
d p, minDist, param1, param2, minRadius, and maxRadius. The
parameter d p is the inverse ratio of the accumulator resolution to
the image resolution. The accumulator is an array that accumu-
lates the votes correspond to a particular circle. A smaller value
of d p corresponds to a higher resolution of the accumulator array,
which can lead to better detection of circles with smaller radii, but
may also lead to more false detection. minDist is the minimum
distance (in terms of pixels) between the centers of the detected
circles. param1 is the higher threshold of the two passed to the
Canny edge detector. param2 is the accumulator threshold for the
circle centers at the detection stage. The smaller it is, the more
false circles may be detected. The parameters minRadius and
maxRadius specify the minimum and maximum radius (in terms
of pixels) of the circle that may be detected. During the search
process, we set the default value of d p to 1.2, minDist to 3 pixels,
param1 to 15, param2 to 30, minRadius to 3 and maxRadius to
100. By setting these parameter values, we are able to reject many
circles that are falsely detected.

As all of the air bubbles are dark and solid black, we can set
an additional gray level limit and select from the candidates from
the previous step. We will only keep the circles with an average
gray level less than 30, since the air bubbles are darker than crys-
tals. If the candidate circle is too light, it is not likely that it is
an air bubble. To increase the accuracy of the Hough transform
algorithm, it is beneficial to blur the background. In this study, a
bilateral filter is applied prior to conducting the Hough circle al-
gorithm. Figure 3 shows an example of all of the bubbles detected
with the Hough transform algorithm, and the detected bubbles are
indicated using green circles. After the bubbles are detected us-
ing Hough transform algorithm, they are filled with background
color derived from the average of the 100 × 100 surrounding pix-
els (the center of this 100 × 100 area is the same as the center of
the detected bubble).

r = xcosΘ+ ysinΘ (1)

Pre-processing Pipeline
Adaptive Thresholding

Once the bubbles are detected and removed, we apply a
pre-processing pipeline to the image. The entire pre-processing

Figure 2: (a) Example straight line we use explain Hough trans-
form algorithm. (b) It is the point where all of the curves intersect
that determines the values of r and θ that can be used to calculate
the polar coordinates for the straight line we want to detect.

Figure 3: (a) Results of bubble detection using the Hough trans-
form algorithm, with the detected bubbles circled in green.

pipeline is shown in Figure 4. The main idea is to use adaptive
thresholding instead of a global threshold like Otsu’s method [24]
to separate the foreground and background. This is because of the
uneven illumination on the background of the images. And since
adaptive thresholding generates some noise in the background, we
can use a mask to remove the noise. The mask generation pipeline
is shown at the top of Figure 4, and the adaptive thresholding
pipeline is on the bottom. Figure 5 explains why adaptive thresh-
olding is used instead of a global threshold like Otsu’s method.
Since Otsu’s method uses a threshold for the entire image, and the
images might be unevenly illuminated, Otsu’s method may not be
able to separate all the crystals, as can be seen on the bottom left
of Figure 5 (b).

Otsu’s thesholding algorithm is shown in Equation 5, where
T stands for the global threshold, dst(x,y) is the value of the cur-
rent pixel after being tresholded, src(x,y) is the gray level of the
current pixel before being thresholded, maxValue is the maximum
value of the gray level scale we choose, usually 1 or 255 depend-
ing on the image system. Basically, using Ostu’s method, we
check whether the current pixel’s gray level exceeds the global
threshold, which is selected based on the histogram distribution
of the entire image. We set the gray level of a pixel to the maxi-
mum gray level if it exceeds that threshold, otherwise if its grey
level is lower than threshold, we set it to zero. While this method
works well for images with even backgrounds, it is not the case
for our microscopic images.
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Figure 4: Pre-processing pipeline.

To better capture the local illumination information, we
choose the adaptive Gaussian thresholding algorithm. The
threshold of adaptive Gaussian thresholding is determined by a
Gaussian-weighted sum of neighborhood values minus a constant.
For adaptive Guassian thresholding, the size of the window and
the constant choice are crucial factors. As shown in Figure 6, a
larger constant helps to reduce the background noise (this is the
equivalent of lowering the threshold, and more pixels will be as-
signed to 255), but it leads to broken edges. A smaller window
makes the algorithm more sensitive to local information, but the
window size should not be too small. For an effective threshold
calculation, the window should include both the foreground and
background. A 7 × 7 window size and a constant of 1 are se-
lected when applying the adaptive thresholding algorithm. This
window size is selected so that it always include some foreground
crystal and background picture. The constant 1 is choosen to
avoid broken edges, as it affects the algorithm for separating crys-
tals. With this constant, the majority of details are preserved, but
the majority of noise is also preserved. Fortunately, the noise is
not present within the crystals themselves. There is always some
white space surrounding each cluster of crystals that does not con-
tain any noisy pixels. We can effectively remove the noise carried
by the adaptive thresholding algorithm using the mask which is
described in the next section.

dst(x,y) =

{
maxValue src(x,y)> T (x,y)
0 otherwise

(2)

Mask Generation
The purpose of using the mask is to determine the location

of all the crystal clusters and to filter out all the regions that do
not belong to crystal clusters, thus effectively removing the noise
(since they are not crystals). In the first step of the mask gen-
eration, Canny edge detection is used to locate all of the crystal
edges. Edge detection detects edges based on changes in inten-
sity, which generates an edge map containing thin lines and no

Figure 5: (a) Image after the bubbles are detected and removed (b)
Corresponding Otsu’s thresholding results applied on the image,
with the lower left corner incorrectly segmented.

Figure 6: Different choices of window size and constant affect the
results of adaptive Gaussian thresholding.

areas. To close small gaps in the edge map, we use morphological
closing, which involves performing a dilation operation followed
by an erosion operation. The window size we choose for closing
is 3 × 3, since the edges are thin. Next, we use flood filling to
create areas in the image. We observe that the closing graph may
contain some additional lines that stem from auxiliary lines in the
original microscopic image used by manufacturers to aid manual
counting. These lines overlap with the crystals and may affect
our crystal separation results. To remove the unwanted lines, we
use morphological opening, which involves an erosion operation
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followed by dilation.
After performing all of these steps, we obtain a mask that

identifies the locations of the crystal clusters. This mask can then
be applied to the image after adaptive thresholding to eliminate
noise present in that image. In order to improve the accuracy of
the crystal separation and counting algorithm, we take the addi-
tional step of removing any small dots on the image that have an
area of five pixels or less using connected components (connectiv-
ity = 8). These dots originate from the original microscopic image
rather than from the adaptive thresholding algorithm, and are typ-
ically too small and lack openings to be considered as crystals.
Following this step, we obtain a binary image where the crys-
tal clusters are clearly visible in the foreground, and the noise is
greatly reduced. The next step in the process is to perform the
crystal separation algorithm.

Four-pointer Search
Our crystal separation algorithm is named “four-pointer

search” as it employs four pointers to track the centers of the
crystals and perform the necessary cuts to separate them. This
search algorithm is based on the assumption that all crystals have
an opening at their center. We use the cluster of crystals in Figure
7 as an example to demonstrate how the crystal separation process
works. Firstly, we locate the centroids of all crystals using con-
nected components. Then, we initiate four pointers at the topmost,
leftmost, rightmost, and bottommost centroids. It is possible for
two or more pointers to point at the same centroid, but this is not
an issue, we always begin with four pointers.

Figure 7: Initiating four-pointer search.

The four pointers can be grouped into two pairs: the left
and right pointers form one pair, and the top and bottom pointers
form the other. In order to avoid clutter, I will only describe the
movement of the left and right pointers in detail, but note that the
top and bottom pointers move in a similar fashion.

As shown in Figure 8, the pointers start at the edges and
move towards the center. On the x-axis, the left pointer moves
right towards the nearest centroid while the right pointer moves
left towards the nearest centroid. Similarly, the top and bottom
pointers move down and up, respectively, towards the nearest cen-
troids on the y-axis. The pointers continue moving until they meet
each other.

Figure 9 (a) shows the path taken by the left and right point-
ers in red, and the path taken by the top and bottom pointers
in blue. The centroids where the top and bottom pointers meet,
and where the left and right pointers meet, respectively, are high-
lighted in yellow circles in Figure 9 (b). Instead of making cuts
immediately, the four-pointer search algorithm stores information
during the search process and makes cuts after all the searches are
complete. In Figure 9 (c), the necessary cuts are shown as red and

Figure 8: Searching process of the left and right pointers.

blue dotted lines. These cuts are generated by moving the pointers
during the search process. If a new cut is required, the algorithm
records three pieces of information: the slope and mid point of the
cut, and which side the centroid is on.

Figure 9: (a) Plots of the searching path for the left and right
pointers in red, and for the top and bottom pointers in blue. (b)
The two centroids where the left and right and top and bottom
pointers meet, respectively, are highlighted in yellow. (c) The
cuts that need to be made are demonstrated.

To further elaborate on the process of recording information
during the search process, we present an example in Figure 10.
Consider the cut shown in the blue color in Figure 10 (a), in-
volving the two centroids highlighted in Figure 10 (b). To record
the information, we create a dictionary for each of the centroids.
Firstly, the slope of the cut is recorded, as shown in Figure 3(d).
Secondly, the mid-point of the cut is recorded, as illustrated in
Figure 3(e). Finally, the side of the centroid (i.e., whether it
belongs to the top, left, bottom or right side) is recorded in a
machine-readable format, with the notation 0, 1, 2, and 3 repre-
senting top, left, bottom, and right, respectively. This information
is then used to generate the necessary cuts after the search process
has been completed.

Once the search process is completed, all the necessary infor-
mation for separating each crystal has been gathered. To perform
the separation, we apply the cuts for each centroid based on the
slope, mid point, and direction information that was recorded dur-
ing the search. For instance, to separate the crystal highlighted in
the yellow dot in Figure 11 (a), we must consider the three cuts
that are related to it in Figure 11 (b). Using the mid point, slope,
and side information gathered earlier, we can make the appro-
priate cuts. To associate the all pixels in the image to the correct
crystal, the algorithm checks each pixel in the vicinity of the crys-
tal cluster and assigns it to the corresponding crystal based on the
location of the pixel with respect to the cuts. In Figure 11 (c), the
area above the first cut is considered as the candidate region for
the current crystal. In Figure 11 (d), the second cut further nar-
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Figure 10: (a) The sample blue colored cut. (b) Highlight the
two centroids related to this cut with yellow dots. (c) Use the top
centroid as an example. (d) Record the slope. (e) Record the mid
point. (f) Record the side (top).

rows down the qualified region to only the pixels on the left side
of the cut. Finally, the third cut in Figure 11 (e) limits the qualified
region to only the pixels on the right side of the cut. These three
cuts ensure that only the pixels within the area shown in Figure
11 (f) is selected for the sample crystal.

The cuts made by left/right pointer only assign pixels to
left/right side, and the cuts made by top/bottom pointer only as-
sign points to the top/bottom centroids. More specifically, how
the algorithm assign a pixel to the correct side is as follows:

If x < midx+ y−midy
slope , the pixel belongs to the left centroid,

otherwise it belongs to the right centroid.
If y < midy− x−midx

slope , the pixel belongs to the top centroid,
otherwise it belongs to the bottom centroid.

This cutting process is repeated for each crystal, with the al-
gorithm checking each pixel and assigning it to the corresponding
crystal based on the cut information.

Figure 11: The process of separating the crystal highlighted using
the yellow dot.

Once all pixels have been assigned, each crystal can be rep-
resented using a separate color, with the pixels belonging to that
crystal being set to that specific color and the pixels belonging
to background set to black, as shown in Figure 12. The success
cases are shown on the top of Figure 12, where the crystals are
separated accurately using the four-pointer search algorithm. On
the bottom of Figure 12, some failure cases are shown. In the

failure example on the left, the crystal in the middle has a bro-
ken edge, and therefore the algorithm mistakenly identifies four
crystals instead of five. In the failure example on the right, there
is no opening center on the top crystal, causing the algorithm to
regard the two crystals on the top as a single crystal. These failure
cases are stem from the fact the current algorithm assumes that all
the crystals have an opening center. In the future, efforts will be
made to enhance the robustness of the algorithm and handle these
boundary cases.

Figure 12: Color coded crystal separation results, showing both
success and failure cases.

User Interface
Since the targeted users of the algorithm are manufacturers

in the food industry, a user interface is developed. The interface
allows users to simply select an image and receive the output of
the segmented crystals without needing to understand the techni-
cal details of the algorithm. The running logic of the interface is
based on the algorithm described earlier in this paper. This inter-
face reduces the barrier of entry for non-technical users to utilize
the algorithm, increasing its accessibility and potential impact in
the industry. As shown in Figure 13, the user interface includes
a main page where users can select crystal images, and adjust the
parameters for the algorithm using the sliders if necessary. Then
the user can proceed with the bubble detection and removal pro-
cess by clicking the “Detect” button following the “Hide bubbles’
button. The user can adjust the parameters if he or she is not
satisfied with the bubble detection result. After the bubbles are
removed, the user can trigger the crystal analysis algorithm by
clicking the ”Show results” button.

Figure 13: The way users interact with the GUI.

The algorithm will then run on the selected image and gener-
ate the separated crystals and analysis results as shown in Figure
14. The algorithm provides several useful analysis results for the
manufacturers, including a histogram of crystal count versus crys-
tal size, average number of crystals per window (using a window
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size of 300 × 300 pixels as is used in manual counting), average
crystal size, and percentage of the image area covered by crystals.
Additionally, a graph with annotated crystal locations and num-
bers detected by the algorithm is presented for the manufacturer
to verify the accuracy of the algorithm.

Figure 14: Analysis results generated by the GUI.

Future Work
As previously stated, this paper focuses solely on the seed

count stage of crystal fabrication, during which the crystal seeds
are relatively small. As the crystals grow larger in future stages,
they may overlap, making it necessary to employ a more general
approach such as deep learning to separate them. Our current
plan is to use Mask R-CNN for this purpose, as it is capable of
handling overlapped crystals. However, as we do not have any
ground truth masks from the manufacturer, we must generate the
masks required to train the Mask R-CNN model. We have already
trained a CycleGAN model to generate synthetic masks. This idea
of using CycleGAN to generate masks is also mentioned in [21].
Future work will be devoted to completing the entire model. The
logic flow of the deep learning approach is shown in Figure 15.

In summary, this paper introduces an entire pipeline that can
automatically detect and remove air bubbles from microscopic
images of crystals, and obtain information on crystal count, crys-
tal size and other relevant information, thereby saving a consid-
erable amount of time and effort involved in manual inspections.
The algorithm includes pre-processing steps, wherein the Hough
circle method is used to detect air bubbles, then a mask is applied
and adaptive thresholding is utilized to obtain a clean crystal bi-
nary image. Subsequently, the “four-pointer search” algorithm is
employed to separate all the individual crystals. Additionally, the
paper suggests that for future stages where crystals may overlap,
a more general approach like mask R-CNN can be used. Overall,
the proposed image analysis framework can greatly improve the
efficiency and accuracy of crystal analysis in the food industry.
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