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1. Introduction

In a world increasingly relying on data-driven
decisions, data analysis has become central to
every company or business. This is true also
for the agricultural sector. Even if digitalization
and automation had a harder time spreading in
this sector compared to other industries, it is
now the driving force of growth and innovation.
In this rapidly evolving environment, the com-
pany Perleuve, an agronomic consultancy spe-
cializing in high-quality wine production, faces
an inconsistency problem in gathering data for
the computation of its patented index, the Bigot
Index (BI). The BI is used to evaluate the qual-
ity of the vineyard and the potential of the
grapes harvested that year. One of the crucial
parameters for determining the BI is the Ex-
posed Leaf Area - Ezposed Leaf Area (ELA). The
ELA is intended as the percentage of the total
area given to a single plant to grow its canopy,
which is effectively covered by the canopy.

2. Objectives

The primary objective of this thesis is to develop
an automated pipeline for the accurate and con-
sistent estimation of ELA using image segmenta-

tion techniques. This solution aims to minimize
inconsistencies in data collection caused by bi-
ases of agronomists evaluating the ELA starting
from a dataset of 1456 images. Each image in
the dataset came with various tags; the most
important for our work is the ELA value, esti-
mated by the agronomists. An important note
is that the dataset provided by the company was
not created with this thesis or task in mind, and
the images were taken with only the purpose of
saving an image to attach to a data point in the
company’s archive. From the initial dataset, the
goal was to establish a standard way to take the
images in the field, making them suitable for im-
age segmentation and, more importantly, ELA
calculation. After the characteristics of the im-
ages were decided, the first step was to remove
all non-compliant images and, on the remaining
images, develop a pipeline that could output a
percentage value that represents the area effec-
tively occupied by leaves over the area available
to the vines. In other words, our goal is to de-
velop a pipeline P such that, given an image of a
vine plant I, it outputs an estimate of the ELA

ELA = P(I). (1)



The analysis focuses on the canopy’s shape and,
more importantly, its density. A critical aspect
of the evaluation of ELA is detecting gaps within
the canopy. After identifying the canopy area
and classifying leaf pixels, the ELA is calculated
as the ratio of leaf pixels to the total number of
pixels within the canopy area.

3. Methodology

Starting from the dataset provided by the com-
pany, the first step was to look at the images and
get a rough idea of the dataset. From this first
inspection it was clear that many of the images
where not suitable for the task as they were not
taken perpendicularly on the row, but at an an-
gle, making it nearly impossible to extrapolate
the ELA, since the holes in the canopy, where
not visible. The first step was, thus, to clean the
dataset that the company provided and remove
the images that were not taken perpendicularly
to the vine row. This was done using part of the
auto-rectification pipeline used by [1]. Through
this was calculated the vanishing point of the
images and based on the distance of the point
from the center, was decided to keep or not the
image. The developed pipeline is summarized in
figure 1.

In the dataset, after filtering the data sam-
ples, we noticed two distinct categories of im-
ages, i.e., 1) images previously cropped by the
agronomists to contain only the canopy of the
vines and ii) images that were not cropped and
depicted the full plant, with the trunk, ground,
sky, and various background objects like hills or
houses. To account for this difference, the im-
ages were treated slightly differently throughout
the pipeline and will be referred to as Cropped
and Full Plant images. The next step in the
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Figure 1: Block diagram of the pipeline, with the
two different approaches used for segmentation.

pipeline is segmentation, i.e., to create a mask of
the vine canopy. We developed two approaches:

1. Color-based segmentation: Uses the
HSV color space to differentiate vine leaves
from the background. It is very simple but,
in some cases, a very effective segmentation
method. The method consists in selecting
pixels with particular values in the three
HSV channels, in our case the most im-
portant was the first channel, which maps
the color of the pixel. The other two chan-
nels, which map the saturation and bright-
ness, are helpful in capturing all the vari-
ous shades of the first selected color. Using
the HSV color map is thus much more con-
venient than using RGB, where the color,
brightness, and saturation information are
equally spread across the three channels.

2. Deep learning segmentation: Im-
plements the Segment Anything Model
(SAM) [2|, taking inspiration from [3], a
transformer-based approach, for automated
object detection. The Visutal Transformer
(ViT) checkpoint that was used in this work
is the largest of those provided, the Visual
Transformer-Huge (ViT-H) (ViT-H). The
model takes an image of any size as input,
divides the input into processed patches,
and then combines them in the final seg-
mented images. The masks of the seg-
mented objects are then output as a list of
individual masks.

3.1. Color-based approach

In the case of cropped images, after the color-
segmentation stage, all the masked pixels were
assumed to be part of the canopy and were used
to calculate the ELA, assuming the bounding
box to be the size of the whole image. The pre-
cise formula for the ELA is:

BLA — Number of white pixels

Total number of pixels )
where the Total number of pixels is the number
of all the pixels in the bounding box. For the
Color-based approach with the Full Plant im-
ages, once the binary mask that segmented the
green parts of the image was created, the mask
representing the canopy was selected by taking
the biggest pixel island and putting all other
pixels to 0. This way, the final binary mask ob-
tained was assumed to represent the canopy, and



from here, we calculated the bounding box cal-
culation around the white pixel island. Finally,
we calculated the percentage of white pixels over
all the pixels in the bounding box similarly to

eq. (2).
3.2. SAM-based approach

After segmentation, the model outputs a list of
masks containing the segmented objects. From
this list, selecting the mask that depicts the
canopy is necessary. For the cropped images,
to obtain the mask of the canopy, all the gen-
erated masks were checked to see if they con-
tained leaves or not, similar to the approach
from (3], using HSV colorspace. All the masks
representing green pixels were merged into one
mask that became the canopy estimate. From
this point, the ELA was calculated similarly for
the color-based approach. For the Full Plant
images, we used the following criteria: since the
canopy represents the largest part of most im-
ages and is primarily composed of green pixels,
we started with the mask containing the high-
est number of green pixels. We then checked
whether at least 40% of those pixels were green
to avoid selecting masks of the ground or sky. If
the mask did not meet this criterion, we moved
on to the next largest mask and continued un-
til the correct canopy mask was identified. Once
the canopy mask was selected, the next step was
to define the bounding box of the entire area
available for the plant to grow its canopy. The
bounding box was defined by creating a rectan-
gle with the full width of the image and a height
equal to that of the canopy mask. Once the
bounding box was defined, the last step in the
pipeline was to calculate the ELA by dividing
the number of pixels that masked the canopy by
the total pixels in the bounding box.

To improve the performance of the SAM, some
changes were made to the initial hyperparam-
eters described in table 1. The first change
from the original configuration was to remove
the initial resize that halved the image dimen-
sions since computation time was not a concern
in our case. The second adjustment was to re-
duce the Points per Side value, which influences
the number of patches that the ViT model di-
vides the image into at the beginning of the pro-
cess. In our case, reducing this value increases
the size of the patches and reduces their number.

The third and last hyperparameter tweaked was
the Min Mask Area, which defines, as its name
implies, the minimum number of pixels that the
generated masks need to have to make it to the
output list of masks.

4. Results

To give a numerical evaluation to the calculated
ELA, calculated with both the color-based and
SAM-based pipeline, the estimated value was
compared with the reference value given by the
agronomists. From now on, it will be called Dif-
ference between the pipeline guess and the ref-
erence value given by the agronomists (Delta).
More formally:

AgpLa = ELA — ELA, (3)

where ELA is the reference value given by
the agronomists, and ELA the outcome of our
pipeline as formulated in eq. (1). To summarize
the results of the thesis, in figure 2 we report
the histogram of the Delta from across the best
SAM runs for Full plant images, the most re-
alistic scenarios. The best guess in each case
was defined as the one with the lowest Delta.
By selecting only the lowest Delta, we eliminate
potentially outlier guesses from the other three
runs, which may have resulted from unsuccessful
segmentation, and retain only the most credible
estimate. The distribution of the best guesses
results in a much more tight bell shape, with the
peak around the 0.0 value. This indicates that
in the case of the full plant images, the second
pipeline tends to agree with the estimations of
the agronomists. There is still a group of images
around 0.6-0.8 away from the estimated values
that represent the problematic cases that were
not properly segmented in all four of the runs.

4.1. Qualitative assessment of perfor-
mance

Given the inhomogeneity in the ELA wvalues
from the different data samples of the Perleuve
dataset, we provide a qualitative evaluation of
the two segmentation pipelines in the following.
The color-based segmentation approach proved
quite effective in images with a clear color sep-
aration between the ground, the sky, and the
background of the canopy. This is, though, a
very rare case in a real-world scenario. This ap-
proach, as expected, did not perform well in im-
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Table 1: Comparison of Different Runs for SAM Mask Generation

Run Resize Points per Side | Min Mask Area Adjustment goal
1 | Yes (0.5 x0.5) 32 200 Default settings
2 No 32 100 Reduced min area
3 No 16 200 Bigger grid
4 No 16 300 Increased min mask area

Full Plant Lowest Delta Run Histogram

Frequency

04 086 08

Figure 2: Histogram of the best guesses across
the four SAM-runs on Full Plant images.

=04 -0.2 0.0 02
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ages where there was grass on the ground, as it
disrupted the segmentation and created inaccu-
rate masks of the canopy. The second approach
worked better in those more realistic scenarios as
the SAM model could discern the grass from the
leaves in most examples. In figure 3, we can see
one of those examples, and in the next figure 4,
four of the stages of the pipeline that uses SAM
to segment the image, extract the mask of the
canopy and then filter out of the mask only the
leaves. In the last image, we displayed the final
mask from with the ELA is calculated. A com-
parison with agronomists’” manual assessments
revealed that the automated methods provide a
more standardized evaluation of ELA. However,
challenges such as canopy occlusion and varying
lighting conditions remain.

Figure 3: Image of a complex example where
grass is on the ground.



All Masks for 1055_leafonly_allmasks

Largest Mask 1055.jpg_sam_run_4

(a) Plot of all masks generated by the SAM model (b) 2 Biggest mask that has at least 40% of the pixels
green

Leaves cut out 1055.jpg_sam_run_4 Final binary mask 1055.jpg_sam_run_4

(¢) Canopy mask after the removal of all non-green (d) Final binary mask from which is calculated the
pixels with the HSV-based segmentation. bounding box and then the ELA.

Figure 4: Example of four of the main steps in the pipeline with the SAM-based approach to segmen-

tation.



5. Conclusions

In the wine industry, quality and reputation are
crucial in determining a wine’s market value.
The Bigot Index (BI) provides a standardized
way to assess vineyard quality, helping winemak-
ers enhance their reputation and refine vineyard
management decisions. Among the nine param-
eters of the BI, the Exposed Leaf Area (ELA) is
the most challenging for agronomists to measure
consistently.

This thesis explores a computer vision-based ap-
proach to improve ELA estimation, comparing
two segmentation pipelines. The first method,
color-based segmentation, performs well under
controlled conditions but struggles in real-world
scenarios.  The second method leverages a
pre-trained Vision Transformer (ViT) to gener-
ate segmentation masks, significantly improving
performance in complex environments.

Testing multiple model runs of the second
pipeline revealed that no single iteration consis-
tently outperformed the others, suggesting that
fine-tuning the model on a specialized dataset
would enhance accuracy. Additionally, incorpo-
rating depth maps or automated plant measure-
ments could further improve results.

In an industry increasingly driven by data-
driven decision-making, this research demon-
strates the potential of computer vision in vine-
yard assessment while highlighting the chal-
lenges of adapting Al tools to new agricultural
applications.
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