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Machine vision systems are at the heart of many innovations in precision
farming, especially when picking fruit. These systems are used to automate fruit
detection, quality assessment, and robot control during harvesting [1]. In orchards,
accurate detection of ripe fruit and orchard canopy management are essential to
optimize yields and resource utilization [2].

Machine vision technology uses cameras and sensors to capture images of
the environment, which are then analyzed using computer algorithms [3]. These
systems can provide valuable data for orchard management, such as tree health
identification, canopy growth monitoring, and pest detection [4]. The most
notable application of machine vision in agriculture is fruit detection, where the
technology helps identify ripe fruit for harvesting [5].

In recent years, machine vision systems have increasingly used advanced
algorithms such as deep learning and artificial intelligence (Al) to improve their
accuracy and efficiency. For example, the use of Convolutional Neural Networks
(CNN) [6] is gaining popularity in fruit detection even in challenging
environments, where occlusion by leaves or changing light conditions can make
it difficult for traditional fruit detection systems to work effectively.
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An important example of this is the use of machine vision to estimate
canopy density, which plays a critical role in irrigation and fertilization decisions
[7]. Estimating canopy density using ground-based stereco vision systems [8]
provides accurate tree health data that helps farmers optimize the allocation of
resources, such as nitrogen fertilizers, according to each tree's needs [9]. This not
only improves yields, but also minimizes the environmental impact of excessive
fertilizer use.

Fruit detection is one of the most important tasks in automated picking
systems. Identification of fruit for further harvesting, assessment of its ripeness
and avoidance of crop damage require a combination of high-precision vision
systems and advanced Al models. In fruit picking, machine vision systems are
often combined with robotic arms [10] or picking mechanisms that rely on these
systems to detect the exact location and size of the fruit on the tree.

However, fruit detection in orchards is greatly complicated by factors such
as occlusion by leaves, fruit crowding, and changing light conditions, making it
difficult for traditional 2D vision systems to accurately detect all fruits. These
challenges have led to the development of 3D vision techniques that provide
additional spatial information, making it easier for systems to distinguish between
fruits and other objects in the environment [7]. To detect apples in clusters, new
deep learning models such as Occluder-Occludee Relational Network (O2RNet)
have been developed [6]. This model solves the occlusion problem: when fruit is
partially hidden by leaves or other fruit. O2RNet improves the accuracy of fruit
detection by learning the relationships between closed and uncovered parts of the
fruit, achieving a detection accuracy of 94% and an F1-score of 0.88 [11].

For complex environments, studies of the use of monocular and
stereovision schemes for fruit detection are actively being conducted [12].
Although cost-effective, monocular vision systems that rely on a single camera
often struggle in variable light conditions. Stereo vision systems, on the other
hand, use two cameras to capture depth information, making them more effective
in complex environments, although they are more resource intensive.

In addition to fruit detection, machine vision systems play a significant role
in orchard canopy management. Canopy management is critical to maximizing
sunlight exposure, optimizing irrigation and improving fruit quality. Advanced
machine vision systems use 3D imaging techniques such as laser scanning
(LiDAR) and structured light systems to create detailed maps of the garden
canopy [11]. LiDAR systems are particularly useful when creating a 3D model of
a garden, as they measure the distance between the sensor and objects by
analyzing the return time of the laser light after reflecting off the object. These 3D
models help farmers understand the spatial structure of the canopy, allowing them
to make informed decisions about pruning, irrigation and fertilization [13]. These
systems allow the detection of individual fruits in dense canopies, increasing the
accuracy of robotic picking systems and reducing the number of missed fruits
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during picking [2]. The ability to accurately map canopies also helps optimize
garden planning and improve overall garden management [9].

Artificial intelligence has revolutionized fruit detection, allowing machines
to "learn" to detect fruit with greater accuracy than traditional image processing
methods. Al models, such as deep learning algorithms, can be trained on large
1mage sets to recognize patterns associated with ripe fruit, detect occlusions, and
adapt to changing lighting conditions [4].

Al-based machine vision systems are particularly effective in situations
where traditional detection methods fail [5]. For example, Al models can be
trained to detect subtle changes in fruit color, size, and texture, which are often
indicators of ripeness. These models are able to process data from multiple
sensors, including RGB cameras, multispectral sensors and thermal imaging
cameras, to make a comprehensive analysis of fruit quality and their readiness for
harvesting [6]. The use of Al to analyze canopy density has shown high
correlation with traditional measures of canopy volume, providing a more
efficient and less time-consuming method of orchard management [9]. Likewise,
the integration of Al with big data systems enables continuous monitoring of
orchard health, providing farmers with real-time feedback to adjust harvesting and
resource management strategies.

Multispectral and hyperspectral imaging [7] are valuable tools in precision
agriculture, especially in fruit detection and quality assessment. These imaging
techniques capture data in different wavelengths of light, providing information
that is not visible to the human eye or traditional RGB cameras [6]. This data can
be used to assess internal fruit quality, detect disease and monitor stress levels in
plants. Hyperspectral [5] imaging is used to detect early signs of diseases or
nutrient deficiencies in fruit crops by analyzing the spectral characteristics of
leaves and fruits.This technology can be integrated with drones or UAVs to
capture aerial images of orchards, allowing farmers to survey large areas of
farmland quickly and efficiently [8]. For example, a spectrometer that captures
data in the near-infrared range can provide accurate measurements of total soluble
solids (TSS) and pH levels, which are key indicators of fruit ripeness. This
technology allows farmers to assess fruit quality without damage, reducing the
need for time-consuming manual inspections [6].
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