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Implementation of Vision Control for Curds in Autonomous Cheese
Production

Abstract— Cheese making is thousands of years old. An
important part of the cheese production is the curd size, as this
variable has large implications on, among other things, the
pH and moisture content of the cheese and the the yield of a
cheese in weight. While in traditional cheese making a human
expert judges curd size during its cutting process, this is not
possible in an autonomous cheese factory and therefore an
autonomous method for curd control is desired. As no previous
research is done in this area, this study aims to set the ground
work for an autonomous method to control curd sizes at the
Lely cheese factory. An algorithm is presented to gain insight
into the cutting process and to control the curd size during
cutting. To assess its practical use at the Lely cheese factory,
multiple cheeses are made with varying curd sizes and their
moisture content, pH value and cheese yield (in the form of
curd fines) are investigated and compared. It was found that
adequate control of curd size was possible, with the algorithm
performing sufficiently close to the ground truth. The created
cheeses at the Lely cheese factory, however, did not show the
expected trends at various curd sizes. Recommendations are
made to improve the consistency at the Lely cheese factory.

I. INTRODUCTION

Since 2017 The R&D department of Lely has been working
on their next big robot to help the farmer; one that can
autonomously make cheese, locally at a farm. This robot
closely cooperates with the Lely Astronaut, using its fresh
milk to directly create cheese at the farm. The cheese
project has, to this date, already produced more than 150
cheeses during testing and is continuously improved until
it is ready to present publicly. This research is aimed to
make an improvement on the curd control during the
cutting process of the cheese robot, to achieve its final
goal of autonomously and continuously making cheese.

Cheese General

Cheese is consumed as a complementary part of a main
dish, or even enjoyed on its own (Farkye, 2004). It is then
not surprising that world production of cheese is more
than 18 million tonnes per year and steadily increasing
along with the cheese consumption (P Fox et al., 2017,
p- 8). Even more telling about its importance is that
around 35% of all milk is turned into cheese (P. Fox et al.,
2017, p. 7).

Cheese History

The discovery of cheese started a long time ago, namely
more than 7000 years ago (McClure et al., 2018). At that
time it was customary to use animal stomachs to transport
liquids like milk. When this happens, the (remainders of)
rennet in the stomach lead to the coagulation of the milk,
which made it possible to extract cheese curds and whey

(P Fox et al., 2017, p. 3), which is believed to have lead
to the accidental discovery of cheese (Silanikove et al.,
2015). Nowadays there are more than hundreds of cheese
sorts being made (P Fox et al., 2017, p. 2), based on this
first discovery and the production processes have evolved
during millennia.

Cheese Production

While all those types of cheese are produced slightly
differently, the main procedure is the same. In general, the
first step it to pasteurize the milk to deactivate pathogens.
This can be done by heating the milk for a short time
at ~ 73°C or for a longer period at ~ 64°C. (McSweeney
et al., 2017, p. 42). The next step is the acidification by
adding starter culture bacteria to the milk, which produces
lactic acid from the present lactose to create the distinctive
cheese flavour (McSweeney et al., 2017, p. 201). Next the
rennet is added to the milk to coagulate it, forming it into
a gel (McSweeney et al., 2017, p. 53). This gel is then cut
in smaller pieces named curds. In doing so, the mixture
now consist of pieces of curd (solids) and whey (liquid).
When the curds are at the desired size, as subjectively
determined by the cheesemaker, the mixture is cooked by
heating (varying between ~ 40°C and ~ 60°C) and then
stirred to promote syneresis (fluid moving from the curds
to the whey) (Papademas & Bintsis, 2017, p. 133). When
the cheesemaker (subjectively) judges that the cooking
process is done, the curds and whey are separated, with
the curds being pressed to form the cheese. (Papademas
& Bintsis, 2017, p. 135). As a final production step the
cheese is salted by submerging it into brine for the desired
duration. This duration may vary for different cheeses, as
salt uptake of the cheese depends on multiple variables,
like its size and shape or the ratio of brine volume and
cheese weight (Bintsis, 2007, p. 271). Now the cheese is
ready to mature and be packaged for transportation.

Role of Curds in Cheese Production

The curds have a large impact on the quality of the
eventual cheese that is made. An important aspect of
the curds is their size. The size of the curds determines
the amount and velocity of whey expulsion from the
curds to the whey (Law & Tamime, 2010; Whitehead &
Harkness, 1954). This happens not only during cutting,
but also further continues during the stirring/cooking step
(Renault et al., 1997).

Moisture Content Since the whey expulsion from the
curds determine its moisture content, the size of the curds



after cutting have a big influence on the final moisture
content of the cheese that is produced (Iezzi et al., 2012;
K. A. Johnston et al., 1991). When the curds are cut to
a relatively small size, they have a higher surface area,
allowing for more whey expulsion (Hickey et al., 2015).
Additionally, the whey in the curd has a smaller distance
to travel to escape it, further allowing whey expulsion
(McSweeney et al., 2017, p. 160). As a result, smaller curds
shrink more rapidly than larger curds (Panthi et al., 2019).
Based on these characteristics, cutting the curds to a
smaller size yields a cheese that has a lower moisture
content (harder cheese), while larger curds result in a
higher moisture cheese (softer cheese) (McSweeney, 2007,
p.- 75). The moisture content has an influence on the
required maturing time of the cheese, with a harder cheese
needing more time to mature (McSweeney et al., 2017,
p- 17). Additionally, the moisture content also has a big
influence on the final cheese properties like texture, as it is
the main contributor to the cheese hardness (McSweeney
et al.,, 2017, p. 5).

pH value Almost all of the lactose from the milk,
~ 98%, is lost in the whey during cheese production
(Bansal & Veena, 2022). The remaining lactose in the
curds, however, is of big importance on the resulting
cheese properties. Cutting the curds into smaller sizes
results in more syneresis, which results in a lower lactose
concentration in the curds. This lactose is turned into
lactic acid by the starter lactic acid bacteria (Bansal &
Veena, 2022). As a result of this lactic acid production,
the pH value of the curds decrease (Shakeel-Ur-Rehman
et al., 2004). Cheese pH value in turn has a big influence
on its textural properties (Lawrence et al., 1987), but also
influences flavour perception (Papademas & Bintsis, 2017,
p- 47).

Curd Fines Since maturing time has a significant impact
on flavour development (Muir & Hunter, 1992; Piggott
& Mowat, 1991; SciencelLearningHub, 2012), the cutting
procedure has a big effect on the desired cheese pro-
duction. Additionally, the size of the curds at cutting not
only have a substantial influence on the direct cheese
characteristics, but also on the yield of the cheesemaker.
Curds are referred to as curd fines, when they are small
enough to get carried away by the whey and wash water
(Cross et al., 1977). If the curds are cut too small, it may
result in too many of such curd fines and thus a reduced
cheese yield (Law & Tamime, 2010). On the contrary,
if the curds are cut too large, they may shatter during
the consequent stirring process (K. A. Johnston et al.,
1991), as the curd particles are still very fragile when the
stirring process starts (P Fox et al., 2017, p. 319). This
can also result in curd fines, reducing yield. Additionally,
the fracture leads to a large surface area of the curd (in
contrary to a clean cut), which may lead to high fat losses
from the curd to the whey (K. A. Johnston et al., 1991) or
cause graininess (Marth & Steele, 2001, p. 356). The higher
fat loss can eventually have an influence on the taste of
the cheese (McSweeney et al., 2017, p. 883, fig. 34.13).

Autonomous Cheese Production

For the reasons mentioned before, it is essential that
the cutting procedure is observed during cheesemaking
and that the curd size is monitored throughout. During
manual cheesemaking, an expert decides the stopping
point of cutting, often based on the size (and shape) of the
curds (Aldalur et al., 2019). When the whole cheesemaking
production process is done autonomously, the cheese-
maker needs to invest less (or no) time in the cheese
production process, allowing them to invest more time
in other aspects of the farm. However, this also takes
away the expert eye of the cheesemaker which is required
to keep an eye on the production process and the final
cheese quality. Currently, the cutting time in the Lely
cheese factory is set at a predefined value. However, being
able to adjust the cutting time based on the curd size
is essential to create consistent cheeses and gain better
control over the produced cheeses. This means that there
needs to be an autonomous method to replace the manual
decision making. This research therefore focuses on an
autonomous method to decide the stopping time of the
cutting process during autonomous cheese production.
More specifically, the following research question will be
investigated: is it possible to control curd sizes during an
autonomous cutting process using image acquisition in
combination with Al techniques and, if so, what are the
visible effects of varying the curd sizes on the cheese pH
value, moisture content and yield at the Lely cheese factory?

Vision in Cheesemaking

Currently, in the cheese industry there is a shift to au-
tomation and live monitoring of the production process,
in order to improve the quality of the cheese (Fagan
et al., 2007). Some methods of computer vision have
already been used in cheesemaking. Mateo et al. (2010)
have used traditional image segmentation methods to
determine the syneresis of curds. They used a camera that
was mounted to the vat to capture images of the curds
and whey during the stirring process. Their segmentation
method consisted of gray scaling the image, followed by
deblurring and contrast enhancement. Finally Mateo et al.
(2010) used four different methods, namely threshold,
first order grey level statistics, grey level co-occurrence
matrices and fractal dimension. Everard et al. (2007) have
used a similar method, along with the R, G and B values of
the curd/whey mixture to determine syneresis. However,
using computer vision to control curd sizes autonomously
during cutting has not been investigated before.

II. METHOD

In this section, the used materials and methods will
be explained. First, the experimental environment will
be discussed, followed by the curd detection algorithm.
Finally, the experiment layout will be discussed.



Cheese Recipe

To ensure reproducibility, milk with a consistent composi-
tion is necessary. Milk composition can be cow dependent,
by e.g. genetic factors or stage of lactation (P. E Fox et al.,
1998, p. 246). To minimise variation in milk, pasteurized
milk from a farm where the milk is mixed together will
be used. The milk will enter the cutting procedure at a
constant temperature of 30 °C and a fixed quantity of 110
liters will be used for every cheese. The temperature of the
room is kept at a constant 17 °C. As starter culture, 28 gr
of Ceska®Star starter culture (DSM, 2023) is added to the
milk, per cheese. Additionally, CaCl,, NaNOs and rennet
is added to the milk mixture. This mixture is allowed to
coagulate for 30 minutes, after which the cutting process
starts. To cut the coagulum, a barrel and knife as shown in
figure 1 is used. The height of the barrel is 750 mm with
a radius of 300 mm. During the mixing process, 32 liters
of whey are sucked out of the mixture and 14 liters of
wash water is added. This draining process is performed
twice. Pressing the curds is done for 105 minutes, at a
maximum of 5 bar. The cheese is then allowed to rest for
1 hour, before entering the brining phase for 3 days.

(b) Knives

(a) Barrel

Fig. 1

Image acquisition

The camera that is used for image acquisition is
a MER2-630-18GC from GeT Cameras (get-cameras,
2023). The camera settings are set up such that the gain,
white-balance and exposure are adjusted automatically,
with an expected gray value of 90. To ensure robust and
continuous image acquisition, the width and height of
the images are down-scaled to 1920 by 1080 pixels. The
frame rate of the acquisition is set to 5 FPS. The camera
is positioned such that the curds and part of the cutting
vat are visible, see figure 2. The barrel is partially visible
in the lower right corner. To ensure sufficient lighting, a
LED strip is added to the cutting process, which is turned
on when a barrel is placed around the knives and turned
off at the end of the cutting process. Figure 3 shows a
schematic view of this set-up.

Knives

Fig. 3: Set-up Schematic

Curd Detection

To detect curds in the cutting vat, a YOLOV8 instance
segmentation model is used. The chosen model is
YOLOv8x-seg, which is the largest variant (Ultralytics,
2023). To perform curd detection, this model is trained
on 16 images containing 2773 instances. These images are
selected such that a wide variety of data is included in the
training samples (e.g. knife visibility, shadow positions and
a variety of curd sizes). Training was done on an NVIDIA
RTX 6000 ADA GENERATION GPU for 20000 epochs, with
a batch size of 1 and image size of 640. This model is
trained to recognize three classes: curd, knife and barrel.
For more detailed hyperparameters, see section VI-A.
Two main variables are extracted from the detections,
namely the median size of the visible curds (in pixels) and
the total number of curds that are visible within the frame.
See figure 4 for an example of a frame with these two
variables visible. The knives are visible within the camera’s
view and are, at certain frames, blocking the visibility of
the curds, see figure 5. Therefore, the detected number of
curds may, at some time points, have high variability.



(b) Detected Curds With
Median Curd Size and
Number of Curds

(a) Acquired Image

Fig. 4

(a) Acquired Image With
Knives In View

(b) Resulting Curd Detections
Fig. 5

To compensate for this occurrence, an extrapolation of
the number of visible curds is performed, based on the
percentage of pixels that are occupied by a knife. See
equation A.1 for this extrapolation. Additionally, a moving
median filter with a window size of 25 is used to minimize
noise created by the model inference inconsistencies.
Inference is performed once per second, to ensure enough
time for inference and calculations at each frame.

Curd Size and Number of Curds

The curd size in pixels is extracted by retrieving the
instances and counting the number of pixels making up
this instance. Since the general shape of the curds towards
the ending phase of the cutting process can best be
approximated as a circle, the number of pixels making
up the instance are projected into a circular shape. The
diameter of this circle will hereafter be defined as the
curd size. With the assumption that the area of a pixel
is known (in %), then this projection into a circular
shape can be made. See equation A.2, where d.,4 is the
diameter of the curd in mm. Additionally, the number
of curds, represented as the total number of instances
retrieved from inference, is also taken into consideration.
This variable is helpful to gain more insight in the cutting
process within the cutting vat (e.g. curd cutting rate and
curd ripeness).

To assess the obtained results from the models curd
predictions, the RMSE, precision/recall and balanced ac-
curacy of the results are used. The RMSE is used to
compare the error of the median filtered number of curds
detected, with and without a correction based on the knife
visibility. The error is defined as the difference between
results from the algorithm and results obtained from
manual image annotations (the ground truth). The RMSE

is defined as shown in equation 1, where 7 is total number
of samples and e is the error.

RMSE =
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n
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The precision and recall metrics can be used to give
more in-depth insight into the predictions of a single class.
These variables are defined as shown in equation 2, where
TP is the number of true positives, FP the number of false
positives and TN and FN the number of true and false
negatives respectively (Padilla et al., 2020).

TP TP
—_— Recall = ———— (2)
TP+FP TP+FN

The curds and whey mixture dataset is not balanced
(i.e. the class occurrences are not evenly distributed). An
example can be seen in figure 6, where curds occupy 71%
of all pixels.

Precision =

Fig. 6: Curds occupy 71% of all pixels

If the model were to predict that all pixels belong to a
curd, it would mean that its accuracy would equal 71%,
giving a distorted indication of its performance. Therefore,
the balanced accuracy measure is used, which can deal
with unbalanced datasets better. Its definition is shown in
equation 3 (Grandini et al., 2020).

TP TN
TPR=— TNR=— (3a)
P N
TPR+ TNR
Balanced Accuracy = ——— (3b)

2

Dimension Conversion

The detection of curds happens on a pixel level (e.g. a
curd has the size of 100 pixels). While this metric can
serve as a way to compare curd sizes between various
cheeses, it is not an intuitive unit for the farmer to set
up the desired cutting size of the curds. Therefore, a
transformation from curd size in pixels to the metric
system is needed. Since the amount of milk in the cutting
vat is not constant (a margin of 7.5 liters is used) and Lely
currently adjusts the amount of milk based on seasonal



changes (which can vary by multiple liters as well). Based
on these variations, the height of the milk in the cutting
vat will vary significantly, which changes the conversion
ratio from pixels to metric units, based on the height of
the milk in the vat, and thus its distance from the camera.

To account for this, the known constant size of the
cutting vat is used. The camera frame is positioned in
such a way that a side of the barrel is visible, see figure 4a.
This image is fed to the YOLOv8 network to perform
inference with the desired class being the cutting vat. This
inference is done with 100 acquired images, before the
cutting process begins. If a pixel was detected to be a
pixel in at least 70% of the images, this pixel is decided
to be part of the barrel and is therefore added to the
barrel mask. An example of a resulting mask is shown in
figure 7a. With this mask, the points on the inner radius
of the barrel are collected, see figure 7b.

(a) Barrel Mask

(b) Barrel Mask With Points
on Inner Radius

Fig. 7

On these points, a least square circle fit algorithm is used
(Bullock, 2006) to find the radius of the cutting vat, in
pixels, at fluid height. From this radius in pixels and the
known radius of the cutting vat (300 mm), a conversion
ratio from pixels to metric units can be calculated at the
distance that the curds will be visible, see equation 4,
where Dy, and Dy are the curd diameter in millime-
ters and number of pixels respectively. Cpsperpixel 1S the
constant conversion ratio for the current cutting vat.

Dmm
Dpixel

CMmperPixel = 4)
Since each cutting vat is filled with a varying amount of
milk, and thus has a varying fluid height, this conversion
is necessary for every cheese individually.

Independent Variable

To investigate whether vision techniques can be used
to improve control over cheese properties through the
cutting process at the Lely cheese factory, multiple cheeses
will be made with various curd sizes, using the aforemen-
tioned vision technique. The remainder of this section
will describe the methods for this experiment. Table I
shows the cheeses that will be made with the various curd
sizes. These values are determined by the smallest and
largest curd sizes that can be used within the Lely cheese

factory. To ensure comparability between the various curd
sizes, however, possible inconsistencies of the dimension
conversion will be eliminated by using a constant value
for the mm to pixel conversion. This is possible, since a
constant amount of milk is used between all cheeses that
are produced.

TABLE I: Quantity of Cheeses With Curd Size
Curd size [mm] |

Quantity [-] |

Dependent Variables

During the experiment, various metrics will be collected,
to gain insight into the effect of the curd sizes that are
determined by the model. Generally, the assessment of
cheese is often done by expert judges. However, their
personal preferences and their lack of ability to assess
samples without taste fatigue makes this assessment
subjective (Farkye & Fox, 1990). Therefore, to monitor
and assess objectively, chemical and physical analyses of
cheese is done (Farkye & Fox, 1990). In this experiment,
the following dependent variables will be measured: the
moisture content of the cheese, its pH value and the
amount of curd fines that were lost during the washing
procedure (loss of yield). In section I the importance of
these variables was discussed.

Moisture content Measuring the moisture content of
a cheese can be done by weighing a part of a cheese,
drying it in an oven and determining the lost mass of the
cheese part. O'Keeffe (1984), for example, investigated the
influences on moisture content of cheese by drying 1 gr
of the cheese in an oven of 105 °C for 5 hours. For the
sake of consistency and comparability, the same method
as previously used by the Lely cheese factory will be used;
13 days after the cheese has left the brining phase, 7 gr
of cheese is dried for 24 hours in an oven at 105 °C.

Cheese pH To measure the pH of the cheese, a testo
205 digital pH meter (Testo, 2023) is used. After 13 days
of resting a measurement of the cheese pH will be done
at its core.

Curd Fines Lost To measure the curd fines, two meth-
ods are used. For the first method, the whey that is drained
from the curds and whey mixture is first passed through a
curved sieve of 200 um. Next the whey is passed through
a filter of 250 um, followed by a finer filter of 200 um,
see figure 8. For every cheese the total amount of curd
fines caught in these sieve and filters is weighed. For the
second method, only the 200 um curved sieve and the
250 um filter is used.

Whey Fat Analysis To finally gain further insight into
the influence of curd size on the curds, whey analysis
is performed using a LactoScope FTIR FTA-3.x product
analyzer (PerkinElmer, 2023). Whey samples are collected
during production of the cheeses, taken at both draining
procedures during mixing and right before pressing of



(a) Curved Sieve (200 pm)

(b) Circular Filter (200 um
and 250 um)

Fig. 8: Filters To Measure Curd Fines

the cheese. The collected whey samples are tested for
concentration of fats.

Realized Curd Sizes After Cutting To get a more
quantifiable metric for the actual sizes of the curds, a
sieving method can be used to quantify the realized curd
sizes after cutting, as done by e.g. Kosikowski (1963) and K.
Johnston et al. (1998). However, using such sieves to sep-
arate particles may cause large deviations (Igathinathane
et al, 2009). Additionally, as these curds are still very
fragile at this point in the process, it may cause breakage
when done directly after cutting (K. A. Johnston et al,
1991) Therefore, a picture of the curds along with a tape
measure is made, to get a sense of the real sizes of the
cut curds.

III. RESULTS
Performance

Model performance To assess model performance, var-
ious metrics will be used. First, to visualize the perfor-
mance, manual annotations are made on the recording
of the cutting program of a single cheese. The annota-
tions are done in intervals of approximately 40 seconds.
Based on these manual annotations, the ground truth of
the median curd size in pixels and number of curds at
various time points are determined. Next, the algorithm
as described in section II is used to predict the same
variables on the same recording. These results are shown
in figure 9a without the number of curds correction and in
figure 9b with the number of curds corrected for the knife
visibility. The curd size is shown as the number of pixels
a curd encompasses. Next, these predictions and manual
annotations are used to calculate the metrics as discussed
in section I. These metrics are shown in figure 9c.
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(a) Model Performance
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Fig. 9: Model Results

Noticeable from figures 9a and 9b is that the model can
track the general trend of reduction of curd size and
increase in number of curds. A first observation is the high
variance in the number of curds detected in figure 9a,
where the number of curds are not processed in any
way. Figure 9b shows the effect of the correction of the
number of curds, as described in section II. The variance
decreases, with smaller peaks between close time points.
It is however visible that there are some outliers where
the number of curds are clearly overestimated at ~ 700
number of curds. Also noticeable from these figures is that
with a correction on the number of curds, the number of
curds seems to shift upwards. The largest number of curds
that is passed through the median filter is at a maximum
of ~ 360, while after the number of curds correction it



increases to ~400. The RMSE of the number of curds is
found to be 56.92 pixels before the correction and 55.58
pixels after correction.

The curd size has a much smaller variance. The figure
shows that, despite the number of curds increasing and
the curd size decreasing over time, towards the end of
the program, the number of curds that are detected start
to decrease, while simultaneously the curd size starts to
slightly increase towards the end of the program. Also
noticeable is that the model start to overestimate the curd
size towards the end of the cutting cycle.

Figures 9a and 9b also shows the error of the moving
median filter of the model predictions compared to the
manually annotated ground truth, in black vertical lines.
The error of the number of curds shows, at certain
samples, relatively high errors, with the errors also having
a high variance between consecutive samples. On the
contrary, the curd size error seems to be relatively stable
in time. For the curd size, the mean error is determined
by considering all the errors that are visualized with black
bars in figures 9a and 9b. This mean error is found to be
282.2 pixels. However, also visible from figures 9a and 9b
is that in the first 200 seconds, large errors are found.
This is at a point that the curds are just being cut and
a distinction between them is hard to make. If only the
errors after 200 seconds are considered, the mean error
becomes 74.2 pixels.

Figure 9c shows the performance metrics of the model.
Initially noticeable is that the accuracy of the model seems
stable over time, with fluctuations around 80%. However
the balanced accuracy seems to show a slight downwards
trend in time, with a final value of 65%, compared to an
initial value of 75%. On the contrary, the precision and
recall both show a very clear downwards trend in time,
with the precision falling off from 90% to 46% and the
recall decreasing from around 75% to 40%.

Dimension Conversion Performance To assess the ac-
curacy of the used dimension conversion, first the dimen-
sion conversion is performed as discussed in section II.
The distance from the top of the barrel to the height of
the milk is measured. Next, to get a ground truth, a 5x5
dictionary ArUco marker of size 45 mm is placed at the
same distance from the top of the barrel as the milk and its
corners are detected using OpenCV. Based on the detected
corners and the size of the ArUco marker, a ground truth
pixel to mm conversion can be calculated. See figure 10
for the detections.

(a) ArUco Marker In Cutting (b) ArUco Marker In Cutting
Vat Vat With Its Detections

Fig. 10

For this case, the model predictions resulted in a

. 2
conversion value of Cp.q = 0.0269 I’;}Tel. The ground
truth resuzlted in a conversion value of Cgr,;und truth =
mm

0.0254%, resulting in an error of 0'0015pixel' Since the
curd diameter scales by the square root of these conver-
sion values, the error scales with 2.9 %, see equation A.3.

Combined Performance When taking both the curd
detection and metric conversion into account, a measure
for final performance can be produced. As discussed
above, the mean curd detection error is found to be 74.2
pixels and the error for the metric conversion is found to
be 0.0015 Z;;’fl. To interpret these errors in the context of
curd sizes, a curd of diameter d., 4 =6 mm will be used
as an example. When this curd is present in the acquired
images, the algorithm may predict a curd size of 6.38 mm,
see equation A.4.

By comparing the manually annotated data and the
ground truth metric conversion to the algorithm predic-
tions, an overview of the actual algorithm performance
can be made. See figure 11 for these results.

Combined Performance

—— Combined Prediction
Combined Ground Truth

Curd Size Diameter [mm]
N
8

10 ’ \\

200 400 600 800 1000 1200
Time [s]

Fig. 11: Algorithm Performance

Here, the predicted curd sizes are obtained by combining
both the YOLOV8 curd predictions with the predicted
metric conversion value by circle fitting on the detected
barrel. The ground truth curd sizes are obtained by com-
bining the manually annotated curds with the ground
truth metric conversion value. Visible from this figure is
that the ground truth value makes some jittery movements
at the start of the cutting program, up until ~ 200 seconds.
The predicted curd size, however, seems much smoother
at this same time frame, as the median filter smooths
out jittery predictions, while at the same time still shows
decreasing curd size. After the 200 seconds mark, the
prediction and ground truth values are very close to each
other, with the prediction often being in between the
(slightly) varying ground truth values. After the ~ 1000
seconds mark, however, a divergence of both variables is
visible. While the manually annotated curd sizes continue
to decrease in size, the model detected curd sizes start
to stagnate in size and, eventually, even a slight increase
in predicted curd size is visible. This occurrence happens
slightly above the 5 mm mark in curd size.

Realized Curd Sizes After Cutting Figure 12 shows the
resulting curd sizes after cutting the cheeses at various



desired curd sizes. An example is shown for every curd
size used. Visible from these results is that the curd sizes
increase along an increase in desired curd size, confirming
the results shown above. While the difference between two
sequential sizes is harder to determine, see for example
figure 12a and figure 12b, differences in size between curd
sizes with multiple step sizes in between them are easier
to distinguish. For example, the curds in figure 12a are
significantly smaller than the curds in figure 12g. Another
noticeable occurrence is that a large variance can be
present within a size. In figure 12e, for example, there
are some curds that are extremely large in size, but at the
same time some are significantly smaller.

(b)5.5 mm

(g) 8.0 mm

Fig. 12: Resulting Curds Based on Cutting Size

Cheese Properties Based on Vision Implementation

Figure 13 shows the measured cheese properties, based
on the curd sizes that are determined by the algorithm in
section II. Figure 13a shows the resulting cheese moisture
contents. Visible from this figure is that the moisture con-
tent of the cheeses fluctuates around 43.5%. The moisture
content, however, does not seem to follow a trend based
on the curd size. While, at the initial increases in curd
size, it seems that the moisture content slowly decreases,
no eventual trend is found in the moisture content, with
a coefficient of determination R? =0.00.

Figure 13b shows the resulting cheese pH values, based
on the curd size. Visible from this figure is that there,
again, seems to be a slight inverse proportional relation
between the curd size and the corresponding cheese pH
value at the initial increase of curd sizes. Considering
all curd sizes, however no linear trend can be found
between the curd size and resulting cheese pH value, with
a coefficient of determination R? = 0.11. Noticeable is the
large spread in pH value at a curd size of 7.5 mm. Also
visible from this figure is that at curd size of 8.0 mm,
the pH values found were on the higher side, namely
comparable to the pH values of curds of 5.0 mm.

Figure 13c and figure 13d show the results of the
amount of curd fines caught, using two (R? = 0.14) and
three filters (R? = 0.18) respectively. Visible from compar-
ing both figures is the difference in (slight) linear trends,
with both a proportional and inverse proportional trend
visible. Noticed during whey draining using all three fil-
ters, however, is that in the 200um filter clogging occurred,
resulting in drained whey overflowing and eventually not
passing the filter and even washing away already caught
curd fines. Only using two filters, without the 200um filter,
showed no signs of clogging and all whey was passed
through the filters.
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Fig. 13: Cheese Properties for Varying Curd Sizes

Fat Contents Whey Figure 14 shows the results of
the measured fat concentrations by the LactoScope FTIR
FTA-3.x product analyzer, depending on the desired curd
size. Whey 1 and whey 2 are samples from the first
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and second draining of whey during the mixing process.
Whey 3 is the sample taken right before pressing of
the cheese. Visible from all three images is that there
seems a proportional relation between the curd size and
fat contents in the whey. Comparing this trend between
the three whey samples, the proportional relation seems
to increase with the whey samples. This is also visible
between figure 14a and figure 14b, as the spread within a
curd size seems to decrease. Additionally, the coefficient
of determination increases from whey 1 (R? = 0.32) until
whey 3 (R% = 0.63), indicating that a stronger correlation
forms between curd size and fat content in the whey. The
absolute fat percentage within the whey is decreasing with
each whey sample, from a maximum of ~ 0.5% in whey
1, to a maximum of ~ 0.20% in whey 3.
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Fig. 14: Fat Concentrations in Whey



IV. DISCUSSION
Algorithm Performance

Curd Detection As seen in section III, the curd detection
model performs sufficiently to detect curds in the cutting
vat. From the model performance metrics, it was noticed
that the balanced accuracy showed a slight decrease
over time and the precision and recall curves showed a
stronger decrease. Upon further investigation, it was found
that the balanced accuracy slightly decreases over time
due to the difference between all the positives and the
true positives, along with the difference between all the
negatives and the true negatives slightly diverging. As a
result, the TNR increased, but at the same time the TPR
decreased faster, resulting in the downwards trend of the
balanced accuracy. Regarding the precision metric, it was
found that the true positive value decreased over time,
with the false positive value staying fairly constant. As
a result, the decreasing trend in precision is visible. For
the recall, a comparable occurrence happens, where the
number of true positives decreases, while the number of
false negatives stays relatively constant in time, hence also
the decreasing model recall. These trends are caused by
a lowered curd detection quality, which is expected to
be caused by the phenomenon of sinking curds, which
complicates the curds detection, even for human labelers.

Yet looking at the result in the context of curd detection,
it can adequately track the general trends within the cut-
ting vat, like decreasing curd size and increasing number
of curds with time. In the first part of the cutting program
(until the 100 seconds mark), however, the detections
seem inconsistent, leading to jittery curd size predictions.
The median filter does correct these predictions with
large deviations, which still leads to a relatively smooth
prediction of curd size at the beginning of the cutting
program. The large variance in number of curds that
are visible are to be attributed to the cutting knives
obstructing the view within the cutting vat. Both without
and with knife correction, however, comparable trends at
similar time points are observed regarding the number of
curds.

Correcting the number of curds based on the presence
of knives within the image helps to reduce this afore-
mentioned variance. Since the knife correction prevents
the downward peaks due to the knife blocking the view
of the curds, the median filter shifts upwards compared
to the predictions without the knife correction. While
the reduction in RMSE with respect to the median filter
is moderate (from 56.92 to 55.58 pixels), the individual
predictions show much lower variance. Some outlier val-
ues are present, where the number of curds is grossly
overestimated. These values are expected to be due to the
knife encompassing a large number of pixels in the image,
without obstructing many of the curds. As a result, the
extrapolation of the curds increase the already number of
detected curds to an unrealistic value. It should be noted
however, that these outliers are filtered out by the moving
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median filter.

Based on this result, a trend is noticeable for the num-
ber of curds visible within the vat, providing insights into
the cutting program. One such insight is the stagnating
number of curds between 550 and 700 seconds, while the
knives are still rotating (visible in figures 9a and 9b). This
could suggest that the RPM of cutting has become too
low, resulting in the curds moving in front of the knife,
preventing further cutting (K. Johnston et al., 1998). At the
same time, the curd size still decreases, but at a noticeably
smaller rate, visible from the lower slope at this time
frame. This lower slope strengthens the possibility that the
curds are no longer being cut in this time frame, while the
curds are possibly still reducing in size due to syneresis.
A different insight in the cutting program that can be
gained from this analysis is that towards the final phase
of the cutting (at ~ 1050 seconds), the number of curds
start to strongly reduce, which is not directly expected.
At the same time, the curd size starts to stagnate again.
This result is to be attributed to the curds shrinking and
thus becoming heavier, making them sink in the whey
(van der Haven & Oosterhuis, 1999, p. 81). As a result,
the image acquired contains fewer curds that float in the
fluid, see figure 15. The slightly sunken curds fall outside
of the detection threshold for the model, which results
in these curds not being detected, while only the larger
floating curds are detected.

Fig. 15: Sinking Curds

Dimension Conversion As shown in section III, the
dimension conversion algorithm produces a value with
an error of 2.9% compared to the ground truth. While
ideally an error of 0% is desired, this error value is within
margins for the Lely cheese factory. The consistency of
this dimension conversion, however, is not yet up to the
desired standards, with ~ 5% of the measurements not
reaching a realistic p’;’;';l value. Mainly an incorrect barrel
detection can result in such inconsistency, see figure 16
for an example of such an erroneous barrel detection. The
curd/whey mixture is also being detected as part of the
barrel, which hampers the inner radius detections, shown
in figure 16c. These wrong inner points in turn lead to
a wrong circle fitting radius and thus also an unrealistic




p’?’gl value. While this error does not occur consistently,

it does not yet allow for autonomous cheese production
without human intervention. To prevent this error, further
tuning of the model is recommended (e.g. better tuning
of the hyperparameters), along with more barrel training
images, possibly with additional shape fitting, to prevent
the mask from taking unexpected shapes.

(a) Aqcuired Image

(b) Predicted Barrel Mask

(c) Predicted Inner Points For Circle Fit

Fig. 16: Erroneous Barrel Detections

It was also found that performing this barrel detection,
while the knives are stationary, increased the chance
of incorrect barrel masks. As discussed in section II, a
pixel is only added to the barrel mask if this pixel was
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classified as a barrel in 70% of the detection attempts.
If a stationary barrel is used, it increases the chances of
having a erroneous prediction being repeated, as there is
low image variability. Therefore, it is recommended for
future use to perform this barrel detection only when the
knives are non-stationary, e.g. during stirring of the starter
culture.

Combined The combined performance of the curd size
prediction and dimension conversion result in a suffi-
ciently enough performance. The ground truth curd sizes
and algorithm predicted curd sizes are very close during
a cutting program. Noticeable is that the predicted values
are in general in between the varying ground truth values.
This confirms the usefulness of the smoothing using a
moving median filter and the degree of accuracy of the
algorithm results. Also here, however, it is noticeable that
after a certain time point (~ 1000 s) the ground truth
and prediction values start to diverge. This is again to
be contributed to the sinking of the curds, yielding in
less detectable curds and curds that are outside of the
model confidence threshold. This poses a limitation for
the minimum curd size that can be reached with this
algorithm, as the curd ripening, and thus sinking, is not
taken into account. Further tuning of the network (e.g.
the confidence threshold value) may diminish this effect,
possibly with a variable confidence threshold value at the
end of the cutting process if a smaller curd size than 5 mm
is required. It should be noted, however, that a curd size
of ~5 mm, which can still be tracked, is already smaller
than the ideal curd size for the Lely cheese factory.

Realized Curd Sizes After Cutting It was found that the
realized curds after cutting follow the trend of an increased
size, with an increased desired curd size. It should be
noted, however, that these samples are a small percentage
of all the curds within a cutting vat, and thus may not be
completely representative for the whole vat. Since the curd
shapes are very irregular and the algorithm squashes their
area into a circular shape, it is difficult to compare their
final size with the desired ones.

A noticeable observation that was not expected, how-
ever, is the high variance in curd size within the samples.
Upon further examination, it was found that during the
cutting process, a possible dead point of the knives is
detected near the midpoint of the cutting barrel, see
figure 17. It is found that these curds gathered in the
middle move with the rotating knives, while staying in
front of them. This observation may explain the high
variance within the samples after the cutting process,
as not all curds are being cut equally. Additionally, this
observation also has big implications on the dependent
variables of this research, as this variance within a curd
size prevents a homogeneous distribution of curd sizes
within a cheese, while a homogeneous distribution is ex-
pected to control cheese properties. It is therefore strongly
recommended for the Lely cheese factory to investigate
the implementation of possible RPM changes on this high
variance, as an increased RPM may prevent the curds from



floating away in front of the knives (K. Johnston et al.,
1998).

3, oMy
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Fig. 17: Dead Point During Cutting Procedure

Cheese Properties Based on Vision Implementation

As discussed in section III, no recognizable trends are
visible with cheeses made with different curd sizes at
the Lely cheese factory. While, after the discovery of the
dead point of the knives, the curd size distribution within
a cutting cycle seems to have a larger than expected
variance, still some trends would be expected with the
created cheeses. The expected results would be, with
increasing curd size, an increase in moisture content, a
decrease in pH value and an increase in curd fines. The
obtained results do not reflect this trend.

As for the curd fines, it is apparent that the results
between two and three filters are not comparable. It was
found that using three filters, however, resulted in regular
clogging of the filter with a 200um mesh and overflowing
of the whey. This drainage resulted in not all whey being
passed through the filters and thus do not reliably reflect
all the fines within the drained whey. The increasing
number of curds fines with using only the sieve and
250pm mesh, is better in line with expectations. It should
be noted, however, that due to the split of data between
two and three filters, there are too few data samples with
only two filters to draw a strong conclusion. It is therefore
recommended for the Lely cheese factory to only use the
sieve and 250um filter in the future.

For the moisture content of the cheeses, it would be
expected to increase in value with an increased curd size.
The findings, however, indicate at an initially lowering
moisture content, with an increased spread at larger curd
sizes (> 6.5 mm).

Regarding the pH value of the cheeses, it is again
initially decreasing with an increased curd size, with again
an increased spread at larger curd sizes (> 6.5 mm). This
reoccurring trend in larger curd sizes showing a spread
may indicate shattering of (some of) the curds at these
larger sizes, resulting in this observed variance.

The fat content in the whey, however, does show a
trend that is expected, that is that mainly larger curds
may fracture during the mixing process and thus lead to
a higher fat loss to the whey (K. A. Johnston et al., 1991).
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A possible cause for the inconsistent and contradictory
cheese properties may be attributed to a higher than usual
mixing speed and the aggregate of small recipe variations
in the production of the cheeses, which will be discussed
next.

Due to a technical issue at the factory, the mixing
speed was deviant during this study. While at the regular
mixing speed a periodic oscillation of the mixing would
be finished in 60 seconds, it was discovered that during
this experiment, the period was, mistakenly, completed in
a time of 6 seconds. This reduction in period duration
results in a much higher RPM of the mixing pins, which
in turn results in a considerably rougher mixing process.
This notably rough mixing could possibly result in more
curds shattering, which could negate the differences of the
incoming curds after the cutting process.

It was found that there were, despite intensive efforts
to ensure consistency, small recipe variations between
the cheeses. One of such variations is the coagulation
temperature. Figure 18 shows the coagulation temperature
variations for the cheeses produced within this study.
This temperature was measured manually right before
the coagulation started. While the majority of the cheeses
have a coagulation temperature of 30.3°C, a large spread
is found between temperatures of 30.4°C and 29.8°C, with
some additional outliers. This coagulation temperature
has an effect on the coagulation rate and thus the firmness
of coagulum at the time of cutting (Guinee et al., 1994;
McSweeney et al., 2017, p. 836), consequently influencing
the syneresis (Straatsma & Heijnekamp, 1988) and thus
also cheese moisture content and pH value.

Cheese Coagulation Temperature
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Fig. 18: Coagulation Temperature Variation

Furthermore, it was apparent during this study that it



was challenging to add the starter culture at the exact
same time for every cheese produced. Between all cheeses,
a variance of ~5 minutes was present in timing of starter
culture addition. Moreover, the amount of starter culture
was weighed at a scale with a resolution of 1 gr, with
a desired amount of 28 gr. As the lactic acid bacteria in
starter culture convert lactose into lactic acid (McSweeney
et al, 2017, p. 871), with a higher dose and earlier addition
of starter culture, more lactose is transformed into lactic
acid, lowering the pH of the mixture. This could have
contributed to the unexpected pH values of the created
cheeses in this study. The role of starter culture, however,
is more than just acidification, as it also has an effect
on the biochemical and physical transformations during
ripening (McSweeney et al., 2017, p. 644). While the extent
of these effects on the cheeses produced in this study
is not yet clear, it is noteworthy to mention for future
cheeses produced at the Lely cheese factory.

Finally a form of variance between the different cheeses
produced within this experiment is the duration between
the cutting process and the mixing process. At the Lely
cheese factory, logistical limitations posed it impossible
for multiple cheeses to be at the mixing process at the
same time. Therefore, if one cheese was finished with the
cutting process while another cheese is still in the mixing
process, progress of the former cheese is not possible. The
curds and whey mixture at the cutting process, however,
may not remain stationary, as this highly increases the
chances of the curds clumping together, negatively in-
fluencing the further production of this cheese. The Lely
cheese factory therefore uses a waiting procedure at the
cutting process, in which the knives at the cutting station
are rotated in counter clockwise direction, essentially mix-
ing the curds and whey mixture. While this is a satisfactory
method to ensure continuous autonomous production of
cheese, it does hamper reproducibility at the curd level,
as this additional mixing encourages syneresis and thus
shrinks curds. Such a waiting process at the end of the
cutting station has also occurred during the production of
the cheeses within this study, which may have contributed
to the inconclusive results in cheese properties.

V. RECOMMENDATIONS

Based on the obtained insights from this study, the
following recommendations are made to further optimize
the control over cheese properties and reproducibility
within the Lely cheese factory. Firstly, while the detections
of the curds are currently adequate, further increasing the
training data for the YOLOv8 network is recommended, to
get more consistent dimension conversions. This will also
qualitatively improve the acquired data from the cutting
process. Next, performing the barrel detections at a time
where the knives are non-stationary is recommended, for
improved dimension conversion consistency. If curd sizes
smaller than ~5 mm are required, further research needs
to be done into possibility of detecting these curds when
ripening/sinking occurs. Regarding the measurements for
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the curd fines, it is recommended to not use the 200um
filter in the future, to get an accurate measurement of the
curd fines.

It is further recommended to improve the consistency
of cheese recipe to improve repeatability within the Lely
cheese factory. Firstly it is recommended to control the
milk temperature and thus minimize temperature spread
when starting coagulation. Next, adding starter culture
to the mixture at a more consistent timing is suggested,
along with a higher resolution of control on the amount
of starter culture added. Finally, further research into
the prevention of logistics blocking cheese production is
recommended, more specifically to avoid a cheese having
to wait at the cutting station and thus already mixing the
curds.

Finally, it is strongly recommended to investigate pos-
sibilities of reducing curd size variance after a cutting
cycle. It is recommended to investigate the possibilities of
diminishing the observed dead point within the cutting
vat, e.g. by adapting to a different knife structure or using
an increased RPM to prevent curds floating away in front
of the knives.

VI. CONCLUSION

The goal of this research was to investigate an au-
tonomous method to decide the stopping time of the
cutting process during autonomous cheese production.
To achieve this, a vision system is incorporated into the
autonomous cheese factory of Lely. A YOLOv8 instance
segmentation network is trained and evaluated. Next a
conversion method from detected pixels to a comprehen-
sible metric for the farmer is developed and evaluated.
To finalize, an experiment is performed to investigate the
practical implementation of this algorithm in the Lely
cheese factory and its results are evaluated, with further
recommendations for Lely.

It was found that the combination of curd detection
and metric conversion could accurately follow the trend
of the ground truth within a cutting schedule, until a curd
diameter of 5 mm.

It was observed that the realized curds had a large
spread in sizes and that cheeses that were produced
with different curd sizes had conflicting results, where
no recognizable trends in moisture content, pH value
or amount of curds fines were found. Fat content in
the whey, however, resulted in values more in line with
the expectations, with a mixture of a larger curd size
losing more fats to the whey, possibly due to more
shattering. These inconclusive results are likely caused by
inhomogeneous cutting of the curds and inconsistencies
in the sensitive cheese making process. Recommendations
are made towards Lely for direction of further research
to improve repeatability in the cheese making process,
in order to improve control over cheese properties, for
cheeses made in the Lely cheese factory.

This research has shown promising results in au-
tonomous curd size control. While further research needs



to be done within the Lely cheese factory to gain more
control over the final properties of the produced cheeses,
this study has set the foundation to autonomously control
the curd size of the cutting process for autonomous cheese
production.
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A. Hyperparameters YOLOv8 model

APPENDIX

The following hyperparameters are used to train the used yoloV8 instance segmentation network.

task: segment
mode: train

model: yolov8x-seg.pt

data: dataset.yaml
epochs: 20000
patience: 0

batch: 1
imgsz: 640
save: true

save_period: -1
cache: false
device: 1
workers: 8
exist_ok: false
pretrained: true
optimizer: auto
verbose: true
seed: 0
deterministic: true
single_cls: false
rect: false
cos_lIr: false
close_mosaic: 0
resume: false
amp: true
fraction: 1.0
profile: false
overlap_mask: true
mask_ratio: 4
dropout: 0.0
val: true

split: val

save_json: false
save_hybrid: false
conf: null

iou: 0.7

max_det: 300

half: false

dnn: false

plots: true
source: null
show: false
save_txt: false
save_conf: false
save_crop: false
show_labels: true
show_conf: true
vid_stride: 1
line_width: null
visualize: false
augment: false
agnostic_nms: false
classes: null
retina_masks: false
boxes: true
format: torchscript
keras: false
optimize: false
int8: false
dynamic: false
simplify: false
opset: null
workspace: 4

nms: false
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Ir0: 0.01

Irf: 0.01

momentum: 0.937
weight_decay: 0.0005
warmup_epochs: 3.0
warmup_momentum: 0.8
warmup_bias_Ir: 0.1
box: 7.5

cls: 0.5

dfl: 1.5

pose: 12.0

kobj: 1.0
label_smoothing: 0.0
nbs: 64

hsv_h: 0.015

hsv_s: 0.7

hsv_v: 0.4

degrees: 0.0
translate: 0.1
scale: 0.5

shear: 0.0
perspective: 0.0
flipud: 0.0

fliplr: 0.5

mosaic: 1.0

mixup: 0.0
copy_paste: 0.0
cfg: null

vbloader: false
tracker: botsort.yaml
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Introduction

1.1. Lely Cheese Robot

Lely is a firm that was founded in 1948. From its start, the company was invested in machines to help
the farmer in agricultural and livestock farming related tasks. Nowadays it mainly focuses on robots
to use in livestock farming. The company has created many robots, varying from simpler robots that
push cattle feed into position for cows to eat, like the Lely Juno, to more complex machines like the
Lely Astronaut that can autonomously milk cows.

Since 2017 The R&D department of Lely has been working on their next big robot to help the farmer;
one that can autonomously make cheese, locally at a farm. This robot closely cooperates with the
Lely Astronaut, using its fresh milk to directly create cheese at the farmer. The cheese project has
already produced more than 150 cheeses during testing and is continuously improved until it is ready
to present publicly. This research is aimed to make one more of such improvements on the cheese
robot, to achieve its final goal of autonomously and continuously making cheese.

1.2. Cheese General

Cheese is consumed as a complementary part of a main dish, or even enjoyed on its own (Farkye,
2004). It is then not surprising that world production of cheese is more than 18 million tonnes per year
and steadily increasing along with the cheese consumption (Fox et al., 2017, p. 8). Even more telling
about its importance is that around 35% of all milk is turned into cheese (Fox et al., 2017, p. 7). Daily
dairy intake has the supposed health benefits like a lowered risk of myocardial infraction for woman
who eat a lot of cheese, a reducing chance of bone fractures from osteoporosis (Soustre & Rayr, 2012)
or even have a reducing effect on the risk of hypertension (Huth et al., 2006).

1.3. Cheese History

The discovery of cheese started a long time ago, namely more than 7000 years ago (McClure et al.,
2018). At that time it was customary to use animal stomachs to transport liquids like milk. When this
happens, the (remainders of) rennet in the stomach lead to the coagulation of the milk, which made it
possible to extract cheese curds and whey (Fox et al., 2017, p. 3), which is believed to have lead to
the accidental discovery of cheese (Silanikove et al., 2015). Nowadays there are more than hundreds
of cheese sorts being made (Fox et al., 2017, p. 2), based on this first discovery and the production
processes have evolved during millennia.

1.4. Cheese Production

While all those types of cheese are produced slightly differently, the main procedure is the same. In
general, the first step it to pasteurize the milk to deactivate pathogens. This can be done by heating
the milk for a short time at ~ 73°C or for a longer period at ~ 64°C. (McSweeney et al., 2017, p. 42).
The next step is the acidification by adding starter culture bacteria to the milk, which produce lactic acid
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from the present lactose to create the distinctive cheese flavour (McSweeney et al., 2017, p. 201). Next
the rennet is added to the milk to coagulate it, forming it into a gel (McSweeney et al., 2017, p. 53).
This gel is then cut in smaller pieces named curds. In doing so, the mixture now consist of pieces of
curd (solids) and whey (liquid). When the curds are at the desired size, as subjectively determined by
the cheesemaker, the mixture is cooked by heating (varying between ~ 40°C and ~ 60°C) and stirred
to promote syneresis (fluid moving from the curds to the whey) (Papademas & Bintsis, 2017, p. 133).
When the cheesemaker (subjectively) judges that the cooking process is done, the curds and whey are
separated, with the curds being pressed to form the cheese. (Papademas & Bintsis, 2017, p. 135). As
a final production step the cheese is salted by submerging it into brine for the desired duration. This
duration may vary for different cheeses, as salt uptake of the cheese depends on multiple variables,
like its size and shape or the ratio of brine volume and cheese weight (Bintsis, 2007, p. 271). Now the
cheese is ready to mature and be packaged for transportation.

1.5. Role of Curds in Cheese Production

The curds have a large impact on the quality of the eventual cheese that is made. An important aspect
of the curds is their size. The size of the curds determines the amount and velocity of whey expulsion
from the curds to the whey (Law & Tamime, 2010; Whitehead & Harkness, 1954). This happens not only
during cutting, but also further continues during the stirring/cooking step (Renault et al., 1997). Since
the whey expulsion from the curds determine its moisture content, the size of the curds after cutting
have a big influence on the final moisture content of the cheese that is produced (lezzi et al., 2012;
Johnston et al., 1991). When the curds are cut to a relatively small size, they have a higher surface area,
allowing more whey expulsion (Hickey et al., 2015). Additionally the whey in the curd has a smaller
distance to travel to escape it, further allowing whey expulsion (McSweeney et al., 2017, p. 160). As
a result, smaller curds shrink more rapidly than larger curds (Panthi et al., 2019). Based on these
characteristics, cutting the curds to a smaller size yields a cheese that has a lower moisture content
(harder cheese), while larger curds result in a higher moisture cheese (softer cheese) (McSweeney,
2007, p. 75). In general, the moisture content also decides the required maturing time of the cheese,
with a harder cheese needing more time to mature (McSweeney et al., 2017, p. 17). °

Since maturing time has a significant impact on flavour development (Muir & Hunter, 1992; Piggott
& Mowat, 1991; SciencelLearningHub, 2012), the cutting procedure has a big effect on the desired
cheese production. Additionally, the size of the curds at cutting also have a big influence on the direct
cheese characteristics, but also on the yield of the cheesemaker. When the curds are too small such
that they get carried away by the whey and wash water, these curds are called curd fines (Cross et al.,
1977). If the curds are cut too small, it may result in too many of such curd fines and thus a reduced
cheese yield (Law & Tamime, 2010). On the contrary, if the curds are cut too large, they may shatter
during the consequent stirring process (Johnston et al., 1991), as the curd particles are still very fragile
when the stirring process starts (Fox et al., 2017, p. 319). This can also result in curd fines, reducing
yield. Additionally, the fracture leads to a large surface area of the curd (in contrary to a clean cut),
which may lead to high fat losses from the curd to the whey (Johnston et al., 1991) or cause graininess
(Marth & Steele, 2001, p. 356). This is why it is essential that the cutting procedure is observed during
cheesemaking and that the curd size is monitored throughout. During manual cheesemaking, an expert
decides the stopping point of cutting, often based on the size (and shape) of the curds (Aldalur et al.,
2019).

After the curds have formed a cheese, its quality needs to be assessed. While the opinion of experts
does not always correlate with the opinion of consumers (McBride & Hall, 1979), it is still very important
to be able to objectively "measure” the quality of cheese. This is necessary to be able to determine
the effect of varying the curd size in the cutting process and thus to compare the effects of different
curd sizes on the different cheese sorts. This is however not straightforward, as perception and its
communication vary between individuals (Fox et al., 2017). When eating a cheese, one can sense
three dimensions, namely the character, quantity and acceptability. (Law & Tamime, 2010, p. 440). The
character represents the flavour (e.g. salty). The quantity is the extent of presence of the character
(e.g. strong). Finally the acceptability is whether a character is liked or not and to which degree (Law
& Tamime, 2010). Along with the dimensions, one can also sense defects of the cheese. In general,
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cheese grading is done based on defects of the cheese (McSweeney et al., 2017, p. 528). An example
of such a grading form is shown in appendix A.

1.6. Autonomous Cheese Production

When the whole cheesemaking production process is done autonomously, the cheesemaker needs to
invest less (or no) time in the cheese production process, allowing them to invest more time in other
aspects of the farm. However, this also takes away the expert eye of the cheesemaker which is required
during the production process, like deciding when to stop the cooking or when the curd size is sufficient
and thus to stop the cutting process, like mentioned above, and to keep an eye on the final cheese
quality. Currently the cutting time on the cheese robot is a predefined value. However, being able
to adjust the cutting time based on the curd size is essential. This means that there needs to be an
autonomous method to replace this decision making. Currently in the cheese industry there is a shift to
automation and live monitoring of the production process, in order to improve the quality of the cheese
(Fagan et al., 2007). This research focuses on an autonomous method to decide the stopping time of
the cutting process by using vision in combination with Al techniques, to quantify curd size.






Vision in Cheesemaking

Some methods of vision have already been used in cheesemaking. Mateo et al. (2010) have used
traditional image segmentation methods to determine the syneresis of curds. They used a camera that
was mounted to the vat to capture images of the curds and whey during stirring. Their segmentation
method consisted of gray scaling the image, followed by deblurring and contrast enhancement. Finally
Mateo et al. (2010) used four different methods, namely threshold, first order grey level statistics, grey
level co-occurrence matrices and fractal dimension. The simple threshold method was found to give a
positive result. Everard et al. (2007) have used a similar method, along with the R, G and B values of
the curd/whey mixture to determine syneresis. However, to the best of the authors knowledge, using
computer vision to control curd sizes autonomously during cutting has not been investigated before.

To autonomously control curd size during cutting, it is essential to detect the curds in the cutting vat,
in order to determine their size. Thereafter, the size can be compared to the desired curd size and the
stopping time of the cutting process can be chosen accordingly. Vision techniques (i.e. camera above
the cutting vat) can be used to acquire images of the curd and whey mixture. Next, a curd detection
method is needed for this purpose. This chapter will dive into the options to detect curds and discuss
their applicability.

2.1. Object Detection

To distinguish between the curds and whey, object detection can be used. This could be models such
as YOLOv6 (Li et al., 2023) or Faster-RCNN (Ren et al., 2015). Object detection creates bounding
boxes around objects. The downside, however, of this method is that the size of a curd is hard to
determine from only a bounding box when the curd shape is irregular (which is possible in the case
of curd/whey detection). Object segmentation can better approach the actual size of irregular shapes,
see figure 2.1. Itis visible that the bounding box around the irregularly shaped curd does not correctly
approximate its shape. The segmentation however is much closer to the actual size of the curd, as it
is not restricted in its shape. Therefore, segmentation techniques are better suited in this context and
will be further investigated.
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p— — M_background_
Mcurd

(a) Original image (b) Object detection (c) Object segmentation

Figure 2.1: Visualization of curd size difference between object detection and segmentation

2.2. Object Segmentation

Segmentation is a more accurate method to distinguish between the curds and whey. This is because,
in contrary to object detection, with segmentation every pixel is labeled belonging to a class, resulting
in a shape of the object (Lakshmanan et al., 2021). Image analysis using segmentation is being used
in many different domains, like the medical (Cashman et al., 2002) or food industry (Valous & Sun,
2012). Two different types of segmentation can be differentiated, namely traditional and deep learning
segmentation. In traditional segmentation, heuristics like thresholding with Otsu’s method (Otsu, 1979)
or the canny edge detection (Canny, 1986) are used to differentiate the various contents of an image. In
deep learning segmentation, networks are trained using, for example, convolutional layers (Gan et al.,
2021). Currently there is a big shift towards deep learning segmentation (Gan et al., 2021), with this
approach often proving more powerful than the classical segmentation methods (Bandyk et al., 2021).
Both traditional segmentation and segmentation by machine learning are considered for the purpose
of curd/whey distinguishment.

2.2.1. Traditional Segmentation

Traditional segmentation methods separate parts of the image by performing mathematical operations
on the image. These operations can range from comparing pixel values to a predefined value or even a
graph search (Basavaprasad & Ravindra, 2014). The most popular methods of traditional segmentation
techniques can be divided into two categories, namely region based segmentation and edge based
segmentation (Marr & Hildreth, 1980; Rogowska, 2009). The edge based methods look for edges
based on different characteristics between regions and are in general more noise sensitive, as they use
local gradients. The region based methods look for homogeneity based on criteria to create regions
and are in general more computationally expensive (Shaaban & Omar, 2009).

Edge based methods

For edge based segmentation, first a method of edge detection needs to be applied, followed by a
linking strategy (Shaaban & Omar, 2009). To detect edges, a convolution can be used (Rogowska,
2009). Based on the filter (or kernel) that is used, various edges can be detected. Examples of filters
that can be used are the Sobel filter or the Prewitt filter, see equation 2.1 for their horizontal segments
(Chaple et al., 2015). One such method of edge detection is the canny edge detection (Canny, 1986),
where an image undergoes Gaussian smoothing, the gradients in the image are found, non-maximum
suppression is applied followed by double thresholding and hysteresis.

+1 0 -1 +1 0 -1
Sobel Filter, =|+2 0 -=2|, Prewitt Filter, =|+1 0 -1 (2.1)
+1 0 -1 +1 0 -1

Another method of edge based segmentation is graph search. For this method, first an image gets
mapped to a graph. There are multiple methods to do this, with the simplest map being a transformation
of each pixel to a vertexin a graph (Morris et al., 1986). The weight of the edge connecting the pixels can
be represented by the difference in their intensity, color, location or any other measure (Felzenszwalb &
Huttenlocher, 2004). This way, the weight of the edges represent the similarity between the pixels (as a
lower weight corresponds to a high similarity). The complete graph can be created by linking all vertices



2.2. Object Segmentation 7

together by edges, or by only linking neighbouring vertices (Morris et al., 1986). To get a segmentation,
multiple methods can be used like a graph cut method or the shortest spanning tree method (Camilus
& Govindan, 2012). With the shortest spanning tree method, for example, a shortest spanning tree of
the graph is cut at its highest weights, creating partitions that differ the most from each other (Morris
et al., 1986). The Felzenszwalb algorithm is an example of an efficient graph based algorithm where a
graph is created from the input image, with edges, vertices and weights based on dissimilarity between
pixels. New sub-graphs are being created such that these sub-graphs have a relatively small weight
(thus are similar in pixel property) (Felzenszwalb & Huttenlocher, 2004).

Region based methods

Of the region based methods, one of the most popular method is the thresholding technique (which has
multiple varieties, like the histogram thresholding (Celenk & de Haag, 1998) or Otsu thresholding (Otsu,
1979)), as it is simple and robust (Valous & Sun, 2012). The thresholding techniques can be divided
into two categories, namely global thresholding and local thresholding. Global thresholding is the most
popular method, where the same threshold is used along the whole image. For local thresholding the
threshold value depends on the information of the surrounding pixels. Based on the threshold value
and the pixel value, a binary segmented image can be created (Al-Amri, Kalyankar, et al., 2010).

A straightforward form of region based segmentation is a color based method. While this method is
simple, it can still be useful for important segmentation applications. Chiu and Lin (2005), for example,
have used color segmentation to perform lane detection, or Benallal and Meunier (2003) have used
colors to segment road signs. With this method, the image can be separated into parts by using a lower
and upper color threshold. Everything within this threshold gets included into the mask.

The K-means algorithm (Hartigan, Wong, et al., 1979) can also be used to separate regions in an
image. This method uses K initial clusters. Next, all the points (in the context of an image these points
are pixels) get assigned to their closest cluster. The center point of this cluster changes based on the
average location of its points. These steps are repeated until convergence (Hartigan, Wong, et al.,
1979). This method can also be used for segmentation using colors, namely by defining a cluster as a
color value, assigning each pixel (which has a color value) to the K number of classes and performing
the algorithm.

Another popular approach of the region based models is the region growing method (Adams & Bischof,
1994). This technique initially creates many small regions in an image (Chang & Li, 1994). These parts
of an image are grouped together when their criteria are within a predefined value (Valous & Sun, 2012).
This is done until there are no more merges remaining to form a homogeneous segment (Chang & Li,
1994). This method however does require manually entered seed points.

2.2.2. Al Segmentation

While there are positives of this traditional segmentation, like some of them being fast to compute or
quick to tune (Bandyk et al., 2021), the downside is that from these methods it is hard to accurately ap-
ply segmentation if the shapes are complex (Bandyk et al., 2021). Deep learning can help to overcome
this downside, as complex situations can be better handled (Wani et al., 2020). Al segmentation has
improved massively over the years and has achieved the best performances on benchmarks (Minaee
et al., 2022). Segmentation using Al can be divided into three sections, namely semantic segmenta-
tion, instance segmentation and a combination of both (panoptic segmentation) (Minaee et al., 2022).
Semantic segmentation assigns each pixel to a certain class, while instance segmentation goes a step
further and assigns each pixel to a certain unit of a class (like individual people) (Minaee et al., 2022).
For this research, both semantic and instance segmentation are considered.

Many different models for segmentation have been proposed. Some of the popular state of the art
models are Mask-RCNN, which is a model that makes detections on an image. After determining the
objects in it, the model fits a mask within this detection, leading to segmentation (He et al., 2017) and
DeepLabv3+, which is an improvement of DeeplLabv3, where the former has an additional decoder
module, to further improve the segmentation around object boundaries. (Chen et al., 2018). Another,
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more recent, model is YOLOv8 (Ultralytics, 2023a). This is an improvement of earlier YOLO models,
with performance and efficiency improvements along with new features (Ultralytics, 2023a). Some
models that currently top the charts are Internimage-H (Wang, Dai, et al., 2022) or BEiT-3 (Paper-
swithcode, 2023; Wang, Bao, et al., 2022). To boost performance, often a backbone is used that is
pre-trained on a dataset (Mo et al., 2022).

In addition to these state of the art models, a more simple machine learning algorithm can also be
considered, like a random forest algorithm. The random forest algorithm is a combination of multiple
trees, where each tree is generated using a randomly sampled vector. Each tree makes a prediction
vote and the aggregate of these predictions decides the final decision made (Breiman, 2001). The
random forest algorithm is an algorithm that can scale well with large volumes of information (Biau &
Scornet, 2016). Additionally, it is an algorithm that is relatively fast to train and predict and has few
tuning parameters (Cutler et al., 2012).



Segmentation Methods for
Cheesemaking

In this chapter some of the previously discussed methods of segmentation will be applied on an im-
age containing a mixture of curds and whey during the cutting procedure, to assess and compare the
methods. First the classical segmentation methods will be shown followed by machine learning and
Al methods. The runtime, along with its standard deviation, will be compared for each method. Ad-
ditionally, a ground truth of the used image is made to help assess the results of the methods, see
figure 3.1.

(a) Original Image (b) Overlay (c) Ground truth mask

Figure 3.1: Ground truth of the used image

Based on this ground truth, an accuracy, balanced accuracy, precision and recall measure is made to
compare the methods. The accuracy metric is defined as the percentage of pixels that are assigned
to the correct class (i.e. curd or whey). The precision and recall metrics are defined as shown in
equation 3.1, where TP is the number of true positives, FP the number of false positives and TN and
FN the number of true and false negatives respectively (Padilla et al., 2020).

Precision = i Recall = i 3.1
recision = TP+ FP ecall = TP+ FN (3.1)

It can be seen from figure 3.1c that this dataset is not balanced, as there are many more pixels belonging
to the curd class compared to the whey class (70% vs 30%). If one of the methods were to predict that
all the pixels belong to curd, it would still achieve an accuracy of 70%. Therefore, the balanced accuracy
measure is used, which can deal with unbalanced datasets better. Its definition is shown in equation 3.2
(Grandini et al., 2020).

TPR = TP TNR = L 3.2

P N (3.22)
TPR +TNR

BalancedAccuracy = — (3.2b)

9
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After the methods and their metrics have been discussed, the final part of this chapter will consider the
requirements of the cheese robot at Lely, to make a decision for the best suited segmentation method
to use for autonomous control of the curd size.

3.1. Classical Segmentation
3.1.1. Canny Edge Detection

. S

(a) Original Image

(d) Contour of Edges (e) Dilated Contours

Figure 3.2: Canny Edge Detection to create a segmentation mask

Figure 3.2 shows the results of the canny edge detector on an image of curds and whey. For this
method, the OpenCV function Canny is used (OpenCV, 2023a). For this detection, the parameters that
were used for the lower- and upper threshold were 25 and 30 respectively. These values were found
by visual inspection of the resulting edges. It is visible from figure 3.2c that the edges are detected
reasonably well, however, most edges are still open and no real distinction between curd and whey
can yet be made. To get a mask to compare to the ground truth, the edges are dilated using OpenCV'’s
dilate() function (OpenCV, 2023b), with an elliptical 15 by 15 kernel, see figure 3.2e. Finally the mask is
created by assigning the segments between the dilated contours as curds. This resulted in a balanced
accuracy, precision and recall of 0.61, 0.81 and 0.51 respectively for this method. The average runtime
of this algorithm is found to be 1.65 milliseconds, with a standard deviation of 0.129 milliseconds.
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3.1.2. Felzenszwalb algorithm

- o |
h

|
/ |

(a) Original Image (b) Felzenszwalb Segments

(c) Felzenszwalb Classes (d) Mask

Figure 3.3: Felzenszwalb algorithm to create a segmentation mask

Figure 3.3 shows the result of the Felzenszwalb algorithm when used on a curd / whey mixture. For
this application, the scale, sigma and min_size parameters are set to 50, 0.5 and 50 respectively. Itis
visible that the edges of the curds are marked very accurately and that also good distinction between the
curds are made. However, still an additional post-processing step is necessary to classify the individual
curds. To achieve this, the average pixel color per segment is calculated. If the average color pixel in
the segment is higher than [0.77,0.77,0.75], the whole segment is assigned to curd and otherwise it
is assigned to whey. This threshold is chosen by manually tuning, based on the visual assessment of
the resulting mask. See figure 3.3d for the resulting mask of this method. This resulted in the following
metrics: a balanced accuracy of 0.71, precision of 0.88 and recall of 0.61. The average runtime of this
algorithm is found to be 582.77 milliseconds, with a standard deviation of 27.05 milliseconds.
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3.1.3. Color based segmentation

(a) (b) (c)
Original Image lower threshold: (215, 215, 210) lower threshold: (210, 210, 200)
balanced accuracy: 0.60, precision: 0.96, recall: 0.21 balanced accuracy: 0.67 , precision: 0.95, recall: 0.38

(d) (e) U
lower threshold: (200, 200, 195) lower threshold: (195, 195, 190)) lower threshold: (190, 190, 185))
balanced accuracy: 0.74, precision: 0.94, recall: 0.56 balanced accuracy: 0.78, precision: 0.93, recall: 0.67 balanced accuracy: 0.80, precision: 0.92, recall: 0.75

(9) (h) (i)
lower threshold: (185, 185, 180)) lower threshold: (180, 180, 175)) lower threshold: (175, 175, 170))
balanced accuracy: 0.80, precision: 0.90, recall: 0.81 balanced accuracy: 0.79, precision: 0.88, recall: 0.87 balanced accuracy: 0.78, precision: 0.85, recall: 0.92

Figure 3.4: Color based segmentation for various lower threshold values

Figure 3.4 shows the application of color thresholding method on the curds and whey. This figure
shows the results based on multiple lower color threshold values, while all of them use the same higher
threshold value, namely [255, 255, 255], as the curds are much closer to a white color compared to the
whey. When a pixel’s color value falls between the lower- and upper threshold, the pixel gets assigned
to the curd class. It is visible that with the lower threshold getting closer to white (so [255, 255, 255]),
less and less curds are detected. A threshold value of [185, 185, 190] shows a good balance between
too little curds detected and too much whey being included in the mask. Noticeable is that in the top left
part of the image, where there is partly a shadow, the color intensity is different compared to the rest
of the image, making it difficult to segment all the curds when there is variability of lighting conditions.
Furthermore, an additional method of classification is needed to separate the individual curds (e.g.
with the watershed algorithm (Beucher, 1979)). The average runtime of this algorithm is found to be
0.422 milliseconds, with a standard deviation of 0.093 milliseconds. For each threshold value, the
accuracy, precision and recall are also measured and shown in figure 3.4. Noticeable is that with a
lower threshold, the accuracy improves. This, however, seems to be caused by classifying almost all
pixels as curds (since the ground truth image is dominated by pixels containing curds). This is also
visible by the increasing recall and decreasing precision.
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3.1.4. Otsu’s thresholding

(a) Original Image (b) Mask

Figure 3.5: Otsu segmentation

Figure 3.5 shows the result of Ostu’s segmentation method (Otsu, 1979) on a curds and whey mixture.
After running the algorithm, a threshold value of 0.76 (normalized on a grayscale image) was returned.
While at first sight it would seem that this method distinguishes correctly between curds and whey, upon
closer look it is apparent that in the bottom right no real distinction between the two phases are being
made. It is visible there that almost all whey in the bottom right corner is being segmented as curds
instead of whey. This can be explained by the variation in lighting on the whole image, which means
there is no one threshold value that can adequately segment all curds and whey using Otsu’s method.
The average runtime of this algorithm is found to be 4.74 milliseconds, with a standard deviation of
0.310 milliseconds. The balanced accuracy of this method was found to be 0.66, with a precision of
0.80 and recall of 0.75.

3.1.5. K-means algorithm

(a) Original Image (b) Mask

Figure 3.6: K-means segmentation for k = 2

Figure 3.6 shows the result of the K-means algorithm. For curds and whey, two groups can be distin-
guished, so k = 2 is chosen as the number of clusters in the image. Figure 3.6a shows thatfork =2 a
similar result is shown as obtained with other classical segmentation methods, namely that the upper
left corner with a shadow is not correctly segmented. Additionally the curds still need to be segmented
into individual instances. The average runtime of this algorithm is found to be 423.5 milliseconds, with
a standard deviation of 29.21 milliseconds. The balanced accuracy of this method was found to be
0.74, with a precision of 0.86 and recall of 0.77.
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3.1.6. Region Growing

(a) Original image with seed point (b) Ground truth

&

(c) Mask with threshold=1.78

Figure 3.7: Region growing segmentation

Figure 3.7 shows the result of the region growing algorithm on a curds and whey mixture. The re-
sults from this algorithm are dependent on the manually chosen seed point (marked with a red dot)
and the chosen threshold tolerance. Both a relatively lower and higher threshold value are shown in
figure 3.7. Noticeable is that for a lower tolerance, the segmentation stays near the seed point and
fully encompasses the curd, although some not segmented (black) parts are visible within the curd and
some small leakage to nearby curds is visible. With the higher tolerance value, however, significant
leakage occurs, namely from the initial curd into other parts of image. The tuning of this parameter
was done manually and would change based on the chosen seed point and the lighting conditions. By
manually tuning this parameter, an optimal value of tolerance = 1.78 is found. The average runtime
of this algorithm is found to be 3056.8 milliseconds, with a standard deviation of 155.2 milliseconds.
To calculate the metrics for this method, only the ground truth of the curd containing the seed point is
used, see figure 3.7b The balanced accuracy of this method was found to be 0.94, with a precision of
0.82 and recall of 0.88.

3.2. Al segmentation
3.2.1. Random Forest Segmentation

(a) Original image with labels (b) Overlay (c) Mask

Figure 3.8: Random Forest Segmentation

Figure 3.8 shows the result of the random forest algorithm on an image containing curds and whey.
The original image along with the training labels supplied to the algorithm is depicted in Figure 3.8a.
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The green labels represent the curds and the blue labels represent the whey. Figure 3.8c shows the
result after training on these labels and predicting on the image. Noticeable is that, even though rela-
tively few training samples were given, the result of the segmentation seems promising. Additionally,
the shadow in the top-left corner of the image is handled much better, as the algorithm can make a
distinction between curds and whey in that corner as well. However, it is visible that a large curd is
being segmented as whey in that corner, so an improvement is still possible and required. The aver-
age training time, with the training labels as shown in figure 3.8a, is found to be 114.4 milliseconds,
with a standard deviation of 11.24 milliseconds. The average prediction runtime of this algorithm after
training is found to be 271.3 milliseconds, with a standard deviation of 5.23 milliseconds. The balanced
accuracy of this method was found to be 0.82, with a precision of 0.88 and recall of 0.91.

3.2.2. YOLOVS instance segmentation

(a) Original image (b) Instances (c) Mask

Figure 3.9: YOLOV8 segmentation

Figure 3.9 shows the result of instance segmentation, resulting from a prediction of a custom trained
YOLOv8x-seg model (Ultralytics, 2023b). This model was trained on 6 images containing a mixture of
curds and whey for 750 epochs, with a batch size of 6. A pre-trained model on the COCO dataset was
used (Lin et al., 2014). The confidence threshold for inference was set at 0.25. Training of this network
took 0.40 hours on an NVIDIA RTX 6000 Ada GPU.

This models not only results in a segmentation mask (as seen in figure 3.9¢), but also distinguishes
between the different curd instances, see figure 3.9b. Visible from the mask in figure 3.9c is that the
model is capable of correctly differentiating between curds and whey in an image and that the edges
between the instances are clearly defined. Also noticeable is that there is not a specific location within
the image where performance is significantly worse, meaning that the model is able to correctly deal
with shadows in the top-left corner. Figure 3.9b shows that the different instances of curds are being
segmented from the input image. While this result looks promising, there is still performance to be
found; it is noticeable that there are some overlapping colors, meaning that a single curd is being
assigned to multiple instances. Based on the mask in figure 3.9c a balanced accuracy of 0.85, a
precision of 0.90 and recall of 0.95 are found. The inference runtime of this algorithm was found to be
785.4 milliseconds, with a standard deviation of 42.11 milliseconds. This inference is run on the CPU
to make comparisons with other methods possible.






Discussion

In this chapter the results seen in chapter 3 above will be discussed, to choose an ideal method to
continue for curd-whey segmentation. First, the metrics will be looked at and compared, followed by a
section that looks at the results from the perspective of the cheese robot at Lely, taking into account its
requirements.

4.1. Metrics

Precision vs Recall
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Figure 4.1: Precision vs Recall

Figure 4.2 shows the recall vs precision plot, as defined at the beginning of chapter 3, for the various
methods. Ideally the precision and recall will both approach 1, meaning that the goal for each method
is to reach the top right corner of the figure. Visible is that for color thresholding, at a high threshold
value of [215,215,210] (so a value closer to white), the method scores a high precision with a lower
recall. This means that the method wrongly predicts many pixels to belong to whey and thus scores a
low recall. By lowering this threshold value (e.g. to [175,175,170]) the inverse happens, as the recall
increases but the precision decreases. This can be attributed to the fact that the color thresholding
method now categorizes many pixels as curd instead of whey. This occurrence is also visible from the
masks in figure 3.4. Also noticeable about the color thresholding is that even though the precision and
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recall from some threshold values are relatively high, the curds in the corresponding masks are not
easily distinguishable (e.g. figure 3.4i).

While the Canny edge detection scores a precision of 0.8, its recall is low to such a degree that, even
with further tuning, no adequate distinction between curds and whey can be made to correctly get the
curd sizes from its mask.

Differentiating themselves from the other techniques are the two Al methods, which score relatively
high on both the precision as well as the recall (getting very close to the top right of the figure). Both
outscor e the traditional segmentation methods, with the YOLOv8 model being the peak performer.

Runtime
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Figure 4.2: Runtime

Figure 4.2 shows the runtime of the methods. Each method was run 100 times to gather the runtime
data. Pre-processing of the methods (i.e. possible image transformations from color to gray-scale)
were not included in the runtime determination, to guarantee fair comparability. Ideally the segmentation
methods will have a low runtime to be able to process as many frames per second and thus get as close
as possible to real-time running. At the same time, ideally, a smaller spread of runtime is required to
be able to process a consistent frame rate per second.

The first observation that can be made from these results is that the Canny, Otsu and color segmentation
methods have an extremely low and consistent runtime. This is very much ideal to ensure as much
information processing as possible during the cutting procedure of the cheese.

For the random forest method it stands out that the training time was lower than prediction. This can
however be explained by the fact that the training occurs with only a random subset of image features,
while at prediction the whole image is considered.

Additionally the figure shows that, while the YOLOv8 model has a high inference time on the CPU, itis
still within reasonable runtime to run segmentation during the cutting process. The big outlier howeverin
this data is the region growing method. It requires a runtime substantially higher than all other methods
(and around three times as high as the YOLOv8 model), to such a degree that real-time running of this
algorithm would significantly reduce the number of frames that can be investigated during the cutting
process. lts very large spread, with fairly many outliers, is also not ideal to process a consistent number
of frames per cutting process.
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Average Runtime vs Balanced Accuracy
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Figure 4.3: Runtime vs Balanced Accuracy

Figure 4.3 shows the balanced accuracy (as defined at the beginning of chapter 3) vs the runtime for
every method. A noticeable first trend from the figure is that, in general, an increased runtime results
in a higher balanced accuracy. The figure also includes a Pareto Front. A Pareto Front can be helpful
to choose a solution that is Pareto Optimal (Lotov & Miettinen, 2008). As an example, considering
the random forest segmentation in the figure, there is no other method that reaches a higher balanced
accuracy while also having a lower runtime. Therefore the random forest method gets included in the
Pareto Front.

From the figure it is also visible that while some methods (like Canny, Otsu or color segmentation) have
the same very low runtime, many of them vary in accuracy. Based on this observation, and with the
help of the Pareto Front, many methods drop out of contention, since there is an alternative method
that performs better with a comparable, or lower, runtime. Felzenszwalb for example gets dominated
by k-means, which in turn gets dominated by for example random forest.

Additionally it is clear that for color thresholding, while they all have the same runtime, a threshold value
of [185, 185, 180] scores the highest balanced accuracy, meaning that, even though further decreasing
the threshold value resulted in an increasingly higher recall (as seen in figure 4.1), eventually overall
performance decreases.

Additionally the region growing segmentation scores the highest balanced accuracy of all methods. It
should however be emphasized that manual input (seed-point on a curd) was needed to achieve this
result, combined with the fact that only one curd was used to assess its performance.
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4.2. Requirements for cheese robot at Lely

While the above reviewed methods will all have a well-suited application, not all of them will be sat-
isfactory for segmentation for the cheese robot at Lely. The main requirement for the cheeserobot is
that with the segmentation, the mask is able to determine the curds with a high accuracy and has clear
edges between the various curds. Additionally a low runtime is required to enable as much information
processing as possible, as to get good insight into the cutting process. A method that is robust and can
deal with changing conditions is required, so that human intervention is minimized and high uptime of
the cheeserobot can be guaranteed.

From the metrics discussed in section 4.1, canny edge detection and otsu thresholding do not resultin a
balanced accuracy that is well enough to consistently segment curds from whey and, more importantly,
accurately determine the size of the curds. The Felzenszwalb and kmeans methods perform better in
terms of accuracy. However, from the Pareto Front shown in figure 4.3 it is visible that these methods
get dominated in terms of accuracy and runtime.

By examining only the points on the Pareto Front, one can choose a solution that is Pareto Optimal
and best suited for this purpose. The color thresholding with [185, 185, 180] as threshold value is the
quickest method with also adequate balanced accuracy. However, this method is very dependent on
its tuning. This means that when (inevitably) the conditions near the cheese robot change (e.g. lighting
conditions), the segmentation method should be tuned again, which hampers the desire for continuous
cheese production without human intervention. Therefore a more robust method is needed that can
withstand changing environmental conditions.

Segmentation with random forest can provide a solution, as this method can "learn” to adapt in changing
conditions by labeling data in such conditions. The same principle applies to the YOLOv8 model,
which (being a deep learning model) can be robust to changing conditions, given that there is a robust
labeled dataset (Shi et al., 2020). A key difference between both models, however, is that segmentation
with random forest "only” differentiates between classes of curd and whey. It would therefore require
an additional algorithm to differentiate between the different instances, like the watershed algorithm
(Beucher, 1979). The YOLOv8 model on the other hand does this at inference. With also a higher
balanced accuracy, the YOLOv8 model seems very promising, as there is still room for improvement
since the current model has only been trained on six images. While the inference time of this YOLOv8
model is on the higher side compared to the other methods, it is still within margins to cover multiple
moments within the whole cutting process during cheesemaking.

The final point on the Pareto Front is the region growing segmentation. This method performs with the
highest accuracy, although it also requires the highest runtime. While the runtime is high to such a
degree that real-time running would no longer be possible, its biggest downside is that manual input is
needed to perform segmentation of the curds. While this would be tolerable to do at a low frequency,
the goal of the cheeserobot is to be a continuous process, making autonomous cheese. It is therefore
not feasible to use this region growing method to perform segmentation on curds and whey in this
context.

Based on these findings the YOLOv8 model is found to have a lot of potential, while being within the
desired accuracy range and inference time. At the same time being able to differentiate between the
instances without the need for an additional algorithm makes the YOLOv8 model very well suited for
this application. Therefore the YOLOv8 model will be used further in this research.
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Figure A.1: Defect Based Grading Form Cheese (McSweeney et al., 2017, p. 532)
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