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Abstract—Smart farming represents the application of mod-
ern Information and Communication Technologies (ICT) in
agriculture, and using these advances to maximize yield and
optimize processes. One major agricultural challenge is that
of fruit cracking, a peel disorder which occurs mainly in the
pre-harvest stage and limits fruit quality and yield, and causes
significant food waste. The Horizon project CrackSense aims to
address this challenge by developing and upscaling smart sensing
technologies, leading to efficient and high-resolution monitoring
of agri-environmental conditions through the use of state-of-
the-art machine learning (ML) models. This paper presents a
localized edge-computing solution for automated treetop detec-
tion in citrus orchards. This is a crucial step in the overall
CrackSense approach to food cracking risk assessment. We utilize
the YOLOv11 (You Only Look Once) architecture, trained on
an open-access dataset, to perform simultaneous object detection
and instance segmentation of tree canopies. On-site deployment
in remote environments with limited connectivity is achieved by
implementing this detection system on specialized edge devices,
capable of accommodating these models in the field. The tech-
nical pipeline integrates raw model inference with custom post-
processing algorithms designed to refine canopy boundaries and
extract precise treetop coordinates. This approach minimizes data
transmission overhead and bandwidth costs by processing data
at the source.

Index Terms—Smart Farming, Edge Computing, Drones, Com-
puter Vision, Machine Learning, Fruit Cracking

I. INTRODUCTION

Farming challenges are one of the main drivers of edge-
computing advancements. Contemporary smart farming solu-
tions often include numerous different systems all working
together towards a common goal, that being maximizing
yield while optimizing other objectives as well, like fertilizer
application and reduced pesticide use. The components of
these systems are intertwined and deployed both in the edge
and cloud, forming a closed loop. This loop starts in the field
where data is collected using various sensing technologies,
after which it is sent over the network to servers where it is
processed, stored, and made available to farmers. Based on
the information obtained from this data, farmers and Artificial
Intelligence (AI) systems make decisions on actions to be
conducted in the field to maximize yield.

These kinds of interconnected systems have proven to be
powerful and reliable, helping farmers achieve high yields.
However, an obstacle to implementing such systems is limited
connectivity. Fields located in remote locations have trouble

with reliable network connections, or in some cases may not
even have internet access. Because of this, reliable edge-based
systems still need to be developed to provide support for fields
in remote locations. Part of the Horizon project CrackSense is
to develop reliable edge models to support early signs of fruit
cracking.

In this paper, we present our contributions to the CrackSense
project1, specifically in edge-computing for agriculture based
on the You Only Look Once (YOLO) [1] architecture. The
approach outlined in this paper allows for on-site treetop
instance segmentation based on RGB images using specialized
hardware on which these models are deployed. This type of
setup brings powerful inference models to the field, eliminat-
ing the need for data transfer overhead in environments with
limited connectivity.

The rest of this paper is structured as follows. Section II
introduces the CrackSense project, its contribution to ad-
vancing smart farming, and technologies it uses to achieve
this. A technical overview of the solution along with the
object detection methodology is presented in Section III. The
pilot site and results are given in Section IV, followed by
concluding remarks in the last section.

II. ENABLING SMART FARMING THROUGH CRACKSENSE

The CrackSense project aims to address the problem of
fruit cracking. The idea behind the project is to employ edge
sensing to monitor the status of fruits and to guide farmers’
actions to mitigate this problem. Fruit cracking mainly occurs
in the pre-harvest stage and begins at the surface of the fruit.
Extreme cases of cracking can cause the fruit to split, leading
to decreased yield. This problem affects many fruits, and
CrackSense focuses on citrus, table grapes, sweet cherries, and
pomegranates to improve their agricultural production.

Edge-computing is a central topic in CrackSense, where it
is used to enhance decision making responsiveness, improve
autonomy and precision, and reduce the need for large quanti-
ties of sensory data sent to the cloud. By shifting computation
to the edge, at the periphery of the network, data is processed
as close as possible to its source, which in turn reduces
network bandwidth and allows these systems to operate as
independently as possible.

1https://cracksense.eu/ – The homepage of the CrackSense project.
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In this paper we focus on edge data processing. Drones are
deployed and fly over fruit orchards, collecting images during
their flight. The collected data is then transferred to specialized
edge controllers where it is processed. Treetops are segmented
from the images using an algorithm that relies on a fine-tuned
YOLO model.

A. Smart Farming & ICT

Smart farming represents the application of modern Infor-
mation and Communication Technologies (ICT) in agriculture
to maximize yield and optimize production processes. This
paradigm shift, often referred to as Agriculture 4.0, is based
on the seamless integration of sensing technologies and data
analytics to address complex agricultural challenges, such as
fruit cracking in citrus orchards. Central to this evolution
is the concept of the Digital Twin (DT), which provides a
virtual representation of physical assets to facilitate predictive
modeling [2]. Recent studies underscore that DTs are most
effective when they can assimilate data—including soil sensors
and multispectral imaging based on Unmanned Aerial Vehicles
(UAVs) to provide high resolution information on water stress
and nutrient deficits [3].

The effectiveness of these systems is heavily dependent on
the ability of disparate hardware and software components to
communicate. Research indicates that interoperability serves
as a fundamental enabler for DT based decision-making,
allowing the integration of heterogeneous data sources into
a unified analytical framework [4]. Furthermore, the devel-
opment of interoperable agricultural digital twins enhanced
by reinforcement learning intelligence allows more adaptive
and autonomous orchard management [5]. By leveraging these
ICT advances, projects like CrackSense can monitor agri-
environmental conditions with high resolution, ensuring fruit
quality and reducing pre-harvest waste.

B. Edge-Computing in Agriculture

Despite the capabilities of cloud-based platforms, their
deployment in commercial orchards is frequently limited by
the “connectivity gap” inherent in rural environments. Edge-
computing addresses these constraints by shifting compu-
tational tasks from centralized servers to localized devices
located on the network periphery. This architectural shift
provides several critical advantages for treetop detection and
orchard analytics [6].

• Bandwidth Optimization – Processing high-resolution
imagery from UAVs or ground robots at the source min-
imizes data transmission overhead. By transmitting only
the extracted treetop coordinates and canopy boundaries
rather than raw image data, bandwidth requirements are
reduced by up to 90% [7].

• Reduced Latency – Localized inference enables real
time response times, which is essential for autonomous
navigation and time sensitive disease detection.

• Resilience in Remote Environments – Edge devices
allow continuous operation in areas with intermittent
or non-existent internet connectivity, ensuring that the

CrackSense approach remains robust regardless of infras-
tructure limitations [4].

By implementing the YOLOv11 architecture on specialized
edge hardware, this study demonstrates a solution that main-
tains the high level intelligence of state of the art (SoTA)
machine learning while adhering to the physical and connec-
tivity constraints of the field. This localized processing is a
vital component of the interoperable intelligence required for
modern agricultural digital twins [5].

C. YOLO in Agriculture

You Only Look Once (YOLO) [1] is a successful and very
well known family of deep learning models used for object
detection and segmentation. These models process an image
in a single pass and provide bounding boxes (or segmentation
masks) for objects of interest located in the image. This
process is very fast, especially when compared to other sliding
window or region-proposal approaches.

These models have improved over the years, initially being
used to detect large objects such as live stock and to output
bounding boxes around them. Recent advancements like the
YOLOv11 model allow for much more reliable and accurate
detections, providing both segmentation masks and bounding
boxes with pixel-perfect boundaries of objects of interest.

The YOLO family of models is highly reliable and has
shown great performance in numerous domains. In agriculture
it has also seen widespread use [8] for tasks such as maize
detection [9], wheat ear detection [10], pest detection [11],
monitoring cattle [12], and many more.

Related work explores the use of YOLO models on tree de-
tection from RGB satellite images [13] and UAV images [14].
Similarly to this research, our approach uses the YOLO models
as core object detection methods, and adjusts the pre- and
postprocessing steps to optimize the approach for the specific
object detection task. Our solution also offers a dual-stream
approach, incorporating both quick single-image processing
and a more comprehensive analysis of the entire orchard.

III. CRACKSENSE METHODOLOGY & IMPLEMENTATION

A. Hardware Setup

Data collection was carried out by the CrackSense consor-
tium partners using a DJI-Matrice 600 drone (DJI, Shenzhen,
China). The images collected were utilized to provide cost-
effective insights into tree health and its correlation with fruit
cracking intensity in crops such as citrus, sweet cherries,
grapes, and pomegranates. The DJI-Matrice 600 comes with
an Altum Micasense multispectral sensor, a FLIR A655SC
thermal camera, and a Zenmuse L2 LiDAR system. This
multimodal approach enabled the simultaneous collection of
different data sets necessary for a comprehensive assessment
of the orchard condition.

Edge-computing is deployed as a core architectural com-
ponent. The VizLore Foundation (VLF) edge controller unit
has been optimized at both the hardware and software levels
to facilitate high performance data acquisition and processing.
Its hardware capabilities are comparable to the Raspberry Pi



Fig. 1: The image input pipeline – Two input streams into
the YOLO model are present: 1) Single image stream (left);
2) RGB Mosaic (right). Different preprocessing steps are
taken based on the input source, but postprocessing steps after
YOLO segmentation remain the same.

4 model B (Raspberry Pi Foundation, Cambridge, UK), which
come equipped with a 1.8GHz 64-bit quad-core ARM Cortex-
A72 CPU, available with 1GB, 2GB, 4GB, or 8GB LPDDR4-
3200 RAM. By operating in real-time, the controller ensures
minimal latency, allowing for immediate data analysis and
decision-making at the network edge before transmission to
central servers. The work in this paper focuses on processing
only RGB images collected by the UAVs.

The controller offers multiple connectivity options to match
different UAV requirements. It supports several data transfer
methods, including secure WiFi, SFTP, LAN connectivity, and
direct SD card insertion as a source for raw data.

B. Data Input Pipeline

The system is designed to handle high-resolution imagery
provided by other consortium partners through two parallel
input streams, as seen in Figure 1.

• Single Image Processing – Raw drone images captured
at 8192 × 5464 px resolution are processed for rapid
localized analysis. Letterbox resizing to a resolution of
1024 × 1024 px is the only preprocessing step in this
case.

• Full-Field Mosaic Processing – Individual images are
stitched together on the edge controller to form a single
mosaic of the pilot site. The collected images are stitched
together using OpenCV2 [15] based on their embedded
GPS metadata. This results in one large image that
cannot be processed directly, which is why it is split into
sections, i.e. large scale tilling is applied. This results in
1024× 1024 px tiles like in the first pipeline.

Both preprocessing pipelines feed into YOLO11n-seg.

C. Datasets

The YOLO11n-seg model with approximately 2.9M param-
eters was trained on the OAM-TCD dataset [16] containing
high-resolution tree cover maps. This dataset contains 5072
2048×2048 px RGB images at 10 cm

px resolution. All of these
images were hand-labeled resulting in over 280k individual
trees and 56k groups of trees. A particularly challenging
problem with top-down aerial views of trees is that when they
are close together, it is fairly difficult to discern where the
boundaries of the trees are from only image data. Because of
this, groups of trees are labeled as one instance of a “canopy”
class, while individual trees are simply given the “tree” label.

UAV data was collected from a citrus field at a pilot site
in Israel [17]. The data included LiDAR point clouds, RGB
images, multispectral images, etc. The work presented in this
paper focused only on the RGB image data collected during
this time, which contain 734 raw images at 8192 × 5464 px
resolution. The images were originally unlabeled, but a hand-
ful of them were manually labeled as part of the fine-tuning
process of training the YOLO model.

D. Model Training

For our specific use case we employed YOLO11n-seg, the
nano variant of the model used for instance segmentation.
The training was done in two linked phases. The first phase
involved base training of the model on the open-source OAM-
TCD dataset [16], while the second phase involved fine-tuning
the model trained in the first phase on the pilot site dataset [17]
with manually created labels (18 images).

In the initial training phase, each image of dimensions
2048×2048 px was cut into four equal crops, 1024×1024 px
each. This made it possible to follow the recommended scale
of 10 cm

px . Two classes were used as prediction targets: (1)
individual trees and (2) groups of trees labeled canopy.

In the first phase, the model was trained to learn basic
tree features and successfully recognize them under various
conditions. Training was set to 100 epochs with a batch size
of 4 and strong augmentation, which included: contrast limited
adaptive histogram equalization (CLAHE), lighting variance,
Gaussian noise, gamma correction, hue shift, saturation adjust-
ment, rotations, mosaic, mixup, etc. The optimizer used was
AdamW with a learning rate of 10−3, while the input image
size was 1024× 1024 px.

In the second phase, the model was fine-tuned on the locally
labeled dataset with the goal of increasing performance under



the specific conditions the model would encounter in a real-
world environment (such as the specific orchard, flight height,
and lighting). During fine-tuning, the first 10 layers of the
trained model were frozen to preserve the generalized knowl-
edge about trees acquired so far. This achieved adaptation to
these specific conditions without forgetting previous knowl-
edge. Of a total of 18 personally labeled images, two were
manually selected for qualitative validation. The same strong
augmentation as in the first phase was used to allow the model
to extract as much information as possible from the small
training set and to prevent the degradation of generalization.
It was trained for 60 epochs using the AdamW optimizer with
a reduced learning rate of 10−4.

E. Post-Processing

The raw output of the YOLO model produced instance seg-
mentation masks. Each detected instance has a corresponding
confidence score. Some instance detections may be incorrect,
which is usually correlated with a low confidence score for that
particular instance. Consequently, a post-processing algorithm
needs to be applied to the raw outputs to remove irregularities.
All the post-processing steps can be seen in Figure 1. The
process can be divided into three parts: initial filtering and
merging, the watershed algorithm, and final error filtering.

• Canopy Union-Find Merge – For detections of the
Canopy class, we often encountered masks that span
across multiple orchard rows, resulting in overlapping
detections where discarding one would actually reduce
the total mask coverage. As a solution, we introduced
a Union-Find Merge algorithm, which resolves this by
merging all connected detections into one large entity,
resulting in larger, separated sections ready for next steps.
Connected detections are those with partly overlapping
borders, or borders which touch at some point.

• Non-Maximum Suppression (NMS) – All overlapping
duplicate tree detections are deleted if they exceed a
specified overlap threshold, retaining only those with a
higher predicted confidence score. If a tree detection
overlaps with a canopy detection, it is absorbed into the
canopy.

• Statistical Tree Noise Elimination – A dynamic mini-
mum area threshold was applied based on the mean value
of all other Tree class detections, where any detection
smaller than this calculated threshold is removed as noise.

• Separation of Canopy Class into Multiple Tree De-
tections via Watershed Algorithm – To correctly sepa-
rate Canopy detections into individual Tree detections, a
Marker-controlled Watershed algorithm was implemented
using the OpenCV2 library [15] specifically for speed
and execution on resource-constrained controllers like the
VLF edge controller. A Euclidean distance transform is
applied to binary masks to generate a topographic map,
where local maxima (peaks) serve as points from which
boundaries between merged canopies are reconstructed
via Voronoi propagation.

• Post-Watershed Tree Duplicate Filtering – As a last
step, NMS is applied again, ensuring the correctness of
the results even after the watershed algorithm has been
executed.

IV. IMPLEMENTATION & DISCUSSION

A. Pilot Site

The citrus dataset collected as part of the CrackSense project
and used in this study was collected from the Kfar Habad pilot
site over 11 aerial imaging campaigns.

All flight campaigns were conducted at an altitude of 50
meters above the ground. Spatial resolution was 5.5 cm

px for
multispectral data and 7.5 cm

px for thermal imagery. LiDAR
achieved a density of 800 − 900points

m2 . To ensure optimal
lighting, missions were scheduled between 11:00 and 13:00
local time, within two and a half hours of solar noon. The
flight paths were meticulously planned with an 80% forward
and side overlap.

During flight, the drone’s camera captured a dataset of 734
raw images at 8192 × 5464 px resolution. The imagery was
written directly to the drone’s SD card as the primary storage
medium. This was a reliable capture process under bandwidth
limited field conditions.

Edge preprocessing was performed to prepare the images
for YOLOv11 machine-learning detection. A special service
on the edge unit was developed to optimize the raw images
for efficient computation and runs YOLOv11 inference locally.
The flow stores the processed data and ML results at the end
along with the original dataset.

B. Qualitative Results

The image processing pipeline shows good results on both
the raw images collected by the drones, and on the mosaic
image constructed by stitching together the original drone
RGB images.

Figure 2 shows three examples of raw drone images, which
were fed through the image processing pipeline. The output
contains segmented treetops, all colored differently to make
them easily distinguishable. As seen in the figure, the overlap
of treetops is quite high in some cases, which makes the
segmentation problem fairly difficult. However, the model
performs well, being able to correctly segment the trees in
most cases, with only a few exceptions.

In order to obtain the total number of trees in the entire
orchard, the images are stitched together on the edge controller
to form a single mosaic of the orchard. This mosaic is then
split into tiles according to the pipeline in Figure 1, and
processed tile-by-tile by the edge unit. The performance on
the mosaic tiles can be seen in Figure 3. The white segments
in the images represent either missing parts of the orchard as
part of the stitching process, or the edges of the orchard which
belongs to the pilot.

The system outputs reliable results even though it utilizes
the nano version of the YOLOv11 model, and runs with
limited resources at the edge. Since it runs autonomously at



(a) Example 1 from the pilot dataset.

(b) Example 2 from the pilot dataset.

(c) Example 3 from the pilot dataset.

Fig. 2: Treetop instance segmentation output examples from
the Israeli pilot site on single image examples.

the periphery of the network, it is crucial for time-sensitive
monitoring.

V. CONCLUSION

This paper demonstrates a localized edge-computing solu-
tion for treetop segmentation based on the YOLOv11 archi-
tecture for use in citrus orchards. The developed system is a
vital step in the CrackSense methodology for assessing fruit

(a) Mosaic tile example 1.

(b) Mosaic tile example 2.

Fig. 3: Instance segmentation examples from the full-field
mosaic. The white sections in the images are parts of the
mosaic which extend beyond the border of the pilot’s orchard.

cracking risk, thus helping reduce pre-harvest waste and ensure
food quality.

The implementation outlined in this work successfully over-
comes the connectivity gap found in rural areas. By processing
at the edge, reliance on stable network connections is reduced,
and smart farming solutions are therefore more robust and
autonomous. These kinds of advancements are crucial for
modern autonomous orchard management.

Future work includes extending the specialized edge hard-



ware to accommodate software aimed at utilizing other types
of data collected by CrackSense UAVs, such as LiDAR and
multispectral imaging.
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