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Abstract  

 

With a rising population and greater concerns surrounding the effects of climate 
change, ensuring food security has become one of the most pressing challenges of 
the 21st century. To meet this demand, new data-driven and intelligent approaches to 
agriculture have emerged. This paper explores how computer vision, a branch of 
artificial intelligence that trains computers to interpret visual information, is 
transforming agricultural practices today.  

By combining hyperspectral imaging with 3D Convolutional Neural Networks, 
computer vision allows for plant diseases to be detected earlier, reducing pesticide 
use and preventing crop loss. For crop planning, Fully Convolutional Neural Networks 
applied to satellite imagery allow for farmland to be mapped more precisely, improving 
yield estimation and land management. Within farms, YOLO-based object detection 
methods automate cattle health monitoring, allowing farmers to manage larger and 
healthier herds.  

Despite some accessibility and computational challenges remaining, these 
applications collectively demonstrate how computer vision systems can enhance 
agricultural resilience and contribute to a more sustainable and food-secure future.  
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1.1 Introduction 
 

With 733 million people facing food insecurity in 2023, hunger remains one of humanity’s most 
urgent crises. An increasing population, combined with unpredictable weather, shrinking 
farmland, and rising temperatures, is placing the global food system under more pressure than 
ever before (United Nations, 2024). 

In an attempt to solve this, in September 2015, all United Nations Member States adopted a 
15-year plan aimed at eradicating poverty, improving global equality, and tackling climate 
change. The plan, known as the 17 Sustainable Development Goals (SDGs), centres on 
sustainability and long-term global development (United Nations, 2024). To address these 
challenges and support the UN’s SDGs, modern and advanced agricultural innovation is 
essential. One such emerging technology, computer vision – a rapidly growing subfield of 
artificial intelligence focused on interpreting visual data – is already showing great potential 
for application in agriculture (Khan and Al-Habsi,2020). 

This paper will explore the existing and emerging applications of computer vision and assess 
how they are currently impacting, and could further support, progress towards the UN’s SDGs.  

 

1.2.1 Application One: Plant Disease Detection  
 

Crops, which account for the largest percentage of global calorie intake, suffer annual losses 
of up to 40% due to pests and plant diseases (National Geographic, 2025). This significantly 
impacts the availability of food and affects progress towards Zero Hunger (SDG 2), a goal 
aimed at preventing hunger and malnutrition (FAO, n.d.). 

By detecting plant diseases earlier, their impact can be substantially reduced before the 
pathogen can spread to neighbouring plants. That said, it is time-consuming and labour-
intensive for a farmer to constantly monitor crops for signs of disease, and most crop diseases 
remain asymptomatic until they have already spread. 

One traditional solution is to use pesticides as a preventive 
measure before any pathogens can affect the crops (Alavanja, 
2010). However, pesticides harm local pollinators and wildlife. 
They also pose health risks, including asthma and cancer in 
humans, meaning they are not a suitable solution for safe and 
sustainable farming (Pesticide Collaboration, 2025). 

A promising alternative uses a computer vision model to 
monitor crops for signs of disease. Unlike their human 
counterparts, these models provide continuous, highly 
accurate data that can alert farmers about possible outbreaks 
earlier, without negatively impacting the local environment 
(Shoaib et al., 2023). 

 

 

 

Figure 1 – The Septoria 
tritici: The most damaging 
wheat disease in the UK 
(Alemayehu et al., 2012). 
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1.2.2 Applying Hyperspectral Imaging 
 

To detect these asymptomatic diseases, imaging methods that capture wavelengths beyond 
the visible light spectrum are required to highlight subtle indicators of plant disease. Unlike 
standard cameras, which only capture spectral data for red, green, and blue bands from the 
Electromagnetic spectrum (EM), a technology known as Hyperspectral Imaging (HSI) 
captures data from hundreds of narrow wavelength bands, creating a continuous spectral map 
across the entire EM spectrum.  

 

Figure 2 - Hyperspectral imagery spans the full wavelength range compared to just three 
wavelength bands (Bhargava et al., 2024) 

HSI works by using hyperspectral sensors to record the unique pattern of light known as a 
‘spectral signature’, which is reflected from plant leaves (Bhargava et al., 2024). Since every 
‘spectral signature’ is unique to each material, HSI allows for the detection of subtle differences 
between healthy and infected plant tissue. 

 

 

 

 

Figure 3 - Early detection of Tomato Spotted Wilt Virus using hyperspectral images. Healthy 
plants (a,b), (e,f), (i,j); TSWV-infected plants (c,d), (g,h), (k,l). Green: healthy pixels. Red: infected 
pixels. Note how it is difficult to distinguish between healthy and infected pixels without the 
hyperspectral analysis. (Wang et al., 2019) 
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1.2.3 An Introduction to 3D Convolutional Neural Networks  

 
While HSI captures detailed spectral data, by itself, it cannot directly detect plant diseases. To 
interpret this data, it must be processed by a computer vision model, such as a 3D 
Convolutional Neural Network (3D CNN).  

3D CNNs are designed to process three-dimensional data, so plant images captured using 
HSI technology must first be converted into a ‘data cube’ - stacks of plant images with each 
slice representing a specific wavelength. By using this format, it is possible to analyse each 
pixel individually through a spectrum of wavelengths, revealing both spatial and spectral 
connections between different areas of the plant. Once trained, the 3D CNN can then extract 
these patterns, ultimately performing an image classification role by sorting inputted images 
of plant tissues as healthy or diseased.  

 

1.2.4 Inside the 3D CNN 
 
To extract these patterns, the 3D CNN must 
process the inputted cube data through a 
series of layers. This process centres on the 
use of convolutional layers, which contain a 
set of 3D filters known as ‘kernels’ that scan 
through the data to identify significant 
features. 

 Each kernel is a three-dimensional matrix of 
numbers that slides across sections of the 
input data, multiplying the value in the kernel 
by the pixel values in the cube. The result of 
this multiplication is summed, producing a 
single value that captures the key features of 
that block of input data.  

Repeating this across the entire data cube reduces the data size and creates a 3D ‘feature 
map’ that highlights specific patterns such as unusual textures or edges, which could indicate 
disease.  

Figure 5 - The kernel multiplies each value in 
the kernel by the corresponding pixel value 
and then sums the result (Costa, 2019) 

 
Figure 4 - Each pixel contains a stack of data for the entire reflective spectrum (Polder & 
Pekkeriet, 2013) 
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The model then passes this feature map through an ‘activation layer’ to introduce non-linearity 
into the data, allowing even more complex patterns to be detected. The most common method 
is ReLU (Rectified Linear Unit), which replaces all negative pixel values with a zero while only 
keeping the important positive values. Without non-linearity, the model would only be able to 
predict simple straight-line relationships between the input and output. In the case of plant 
diseases, introducing non-linearity allows the model to make connections across different 
dimensions (height, width, depth) and wavelengths so that it can learn intricate patterns such 
as the shape and texture of diseased plants.  

In between each stage, the spatial dimensions of the cube are repeatedly reduced through 
‘pooling’. Sections of pixels are replaced with one pixel representing the average value of that 
area, reducing the computational cost of the model, so that subsequent layers will require 
fewer computations to process.  

 

 

Figure 6 - The HSI cube is repeatedly convoluted, pooled, and activated before being flattened 
and classified into ‘healthy’ or ‘diseased’ (Nagasubramanian et al., 2019) 

 

After multiple rounds of convolution, activation and pooling layers, the final cube is then 
‘flattened’ into a 1-dimensional (1D) vector. This crucial stage allows for the data to act as an 
input into the ‘fully connected layer’, a layer that only accepts 1D inputs. Here, each of the 
elements from the 1D vector input directly impacts the output (compared to convolutional 
layers, where only some elements impact the next output). Finally, a calculation is performed 
on the 1-dimensional vector, leading to a single classification of ‘diseased’ or ‘healthy’ 
(Montesinos López, Montesinos López and Crossa, 2022; Yamashita et al., 2018). 

 

 

 

 

 

 



7 
 

7 
 
 A Haberdashers’ School Occasional Paper.  All rights reserved. 
 
 

1.2.5 Why Should We Use 3D CNNs? 
 

Whilst 3D CNNs are essential for analysing 3D data such as HSI cubes, a major disadvantage 
of using high-dimensional models is the vast amount of computing power and time required to 
process the data. For example, a study found that training a 3D CNN to detect strawberry 
mould disease took 100 times as long as training a 2D CNN to perform the same task (Jung 
et al., 2022). 

 Some academics have proposed a solution to this problem by identifying and isolating only a 
few key wavelength bands that most effectively distinguish between diseased and healthy 
plant tissue (Nagasubramanian et al., 2019). 

 These wavelengths could be captured using 
cheaper multispectral cameras tuned to this 
specific wavelength band and then analysed 
using a 2D CNN. 

Currently, 3D CNNs must run on expensive 
processors known as Graphical Processing 
Units (GPUs) due to their high computational 
requirements. So, by reducing the 
processing power required, the model could 
become more accessible in rural areas that 
lack access to high-end hardware (Iqbal, 
Davies and Perez, 2024). However, a study 
in South Korea found that even at the most 
effective wavelength band (760-800nm), the 
multispectral camera lacked sufficient 
accuracy for diagnostics (Jung et al., 2022). 

The study proposed an alternative solution 
by allowing the user to manually select the desired areas of the plant to be processed instead 
of processing an entire leaf or stem (Jung et al., 2022). This would reduce the dimensions of 
the inputted data, decreasing the computational cost. Nevertheless, the requirement for 
manual intervention by the user would offset the benefits of reduced processing power, 
meaning neither solution would be practical.  

Overall, this means that using a HSI cube with a 3D CNN remains the most viable solution for 
plant disease detection, given that the alternative options have not achieved the same level of 
accuracy and efficiency. 

1.2.6 The Future of Plant Disease Detection 
 

Despite these challenges, the future usage of 3D CNNs for plant disease detection remains 
promising due to advancing research in the computational efficiency of neural networks. One 
new technique, known as Neural Architecture Search (NAS), can automate the design of 
neural network architectures to create more efficient models (Lin et al., 2024). Applying it to 
the disease-detection model would reduce the amount of computational power needed for 
training and execution, addressing the overarching issue of 3D CNNs’ high computational 
requirements. Improved network efficiency would reduce the battery and memory 
requirements of the GPU running the model, allowing the 3D CNNs to run on edge devices 

Figure 7 - Reflectance differences between 
healthy and infected plant tissue with a 
noticeable contrast in the 700-800nm range 
(Nagasubramanian et al., 2019) 
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such as smart cameras or drones. This would reduce reliance on the cloud for processing, 
making the future of plant disease detection more portable and accessible, especially in 
remote locations without internet access (Dong et al., 2023). 

 

1.3.1 Application Two: Field Boundary Segmentation  
 

In developing nations, where smallholder farms are prevalent and food security is a concern, 
tools for accurate monitoring of agricultural land are essential. These farms tend to have more 
irregularly shaped and smaller field boundaries than those on large commercial farms, making 
precise and consistent measurements difficult (Yang et al., 2020). 

However, obtaining accurate estimates of field sizes is crucial for local governments to 
effectively determine yield per acre, a key metric for evaluating crop performance. For farmers, 
this data informs best practices and helps identify factors that limit production, enabling them 
to improve agricultural efficiency. Even a small error of ±0.1ha in the field size estimation of a 
0.25ha field can deviate the actual yield by ±30%, potentially leading to poor decisions on 
productivity strategies. 

Field boundary data also plays a direct role in calculating the quantity of seeds or fertiliser 
required.  This is especially important in smallholder farms, where input costs have a 
significant impact on the amount of food that can be grown. Improving efficiency through better 
data analysis supports Life on Land (SDG 15), promoting better land management through 
precision agriculture (Flor et al., 2024).  

Traditionally, field areas have been measured using boundary maps; though these become 
outdated, are not available in most smallholder farms, and are expensive to update regularly 
(Wagner and Natascha, 2020).  

A better solution is to use satellite imagery: a standardised, large-scale imaging technique that 
captures images at regular intervals, allowing for continuous monitoring of fields. While 
satellite images alone do not compute field sizes, combining them with a computer vision 
model allows boundaries to be detected consistently and precisely, leading to more accurate 
measurements of area (Wagner and Natascha, 2020).  

 
Figure 8 – Input field images (left), processing (middle), segmented field unit output (right) (Xu 
et al., 2023) 
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1.3.2 Instance and Semantic Segmentation 
 

At the core of field boundary detection is image segmentation, which involves dividing sections 
of an image into meaningful regions. It is comprised of two key segmentation techniques: 
semantic and instance segmentation. Unlike object classification, which simply produces a 
label, segmentation creates a new image with the relevant boundaries highlighted.  

Instance segmentation assigns each pixel in the image to a pre-defined category, 
distinguishing between separate instances of objects from the same category. The alternative 
approach, semantic segmentation, similarly classifies pixels into distinct categories but does 
not distinguish between multiple instances of the same object. For example, all fields would 
be simply labelled as ‘field’, without distinguishing between individual plots (Wołk and Tatara, 
2024). 

 

Figure 9 – Instance segmentation differentiates between different objects from the same class (as 
seen by different colours for each chair) (Solawetz, 2024) 

For field boundary segmentation, it is unnecessary to differentiate between multiple instances 
from the same category. Instead of classifying the fields as ‘field 1’, ‘field 2’, etc., it is sufficient 
to distinguish between ‘field’ and ‘soil’. Thus, semantic segmentation is the most suitable 
segmentation technique for this application.  

1.3.3 Models for Field Boundary Segmentation 
 

To effectively perform semantic segmentation, a specialised neural network known as a Fully 
Convolutional Neural Network (F-CNN) is required. Unlike traditional CNNs, which produce an 
overall label showing what the object is (but not where it is), F-CNNs label each pixel 
individually, producing a segmentation map that preserves the spatial layout of the input. This 
is crucial for delineating the fields and not just stating whether they are present in the inputted 
image (Huang et al., 2022). 

1.3.4 An Overview of F-CNNs 
 

These F-CNNs consist of two main components: an encoder and a decoder. The encoder 
repeatedly reduces the spatial dimensions of the image, filtering out unnecessary noise and 
extracting key features from each image. As the total number of pixels decreases, the image 
becomes more abstract, eventually consisting of very few pixels, which compactly represent 
critical information such as the edges or shapes of the field boundary.  
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Figure 10 - Layers are encoded and decrease spatially, and then decoded by adding information 
from previously encoded layers (Huang et al., 2020) 

The decoder section then reconstructs the image using ‘skip connections’ to reintroduce 
important features from earlier layers of the encoder until the image reaches its original size. 
Rather than simply ‘undoing’ the work of the encoder, it selectively reintroduces key pixels 
which recover essential details while avoiding unnecessary complexity.  

As a result, encoding reduces detailed resolution, while during upsizing, the decoder 
reconstructs a broader view of the fields, preserving the general shape and layout of objects 
without reintroducing minor details (Pound, 2018). This encoder-decoder structure is crucial 
for field boundary segmentation, where it is essential for the model to generalise field shapes 
and not to focus on specific textures and patterns. This is important as it avoids overfitting - 
where the model memorises patterns without generalising to unseen data - as this leads to 
poor performance on unseen satellite images (IBM, 2021).  

 

Figure 11 – The left image fails to capture patterns in the data, the middle one shows a well-fitting 
model, and the right one is overfitted and has memorised noise and unnecessary detail (Bhande, 
2018) 

 

1.3.5 Applying F-CNNs to Field Boundary Segmentation 
 

The real-world applications of F-CNNs have already demonstrated promising results. In rural 
Bangladesh, where fields average just 0.105 hectares, an F-CNN model achieved a 90% 
accuracy in predicting field boundaries. Similarly, in Nigeria, where, despite trees obscuring 
some field boundaries, the F-CNN-based method managed to achieve high precision 
regardless, showing its robustness across different landscapes (Yang et al., 2020). 
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The main benefit of using F-CNNs compared to traditional CNNs is their ability to preserve 
spatial context during segmentation by producing an image output rather than a single 
prediction. Because traditional CNNs flatten data in their final layer, which loses these spatial 
relationships, maintaining spatial relationships within the image would be impossible without 
the use of an F-CNN (Kim, 2024). Additionally, F-CNNs lack fully connected layers: these are 
the final layers with a large number of parameters, where each pixel influences the overall 
prediction. As a result, their computational complexity is reduced, allowing them to process 
high-resolution images more efficiently, using less memory and training time (Pound, 2018).  

Whilst F-CNNs have their advantages, they also have some limitations. The nature of the 
encoding and decoding process means that, despite the use of skip connections, some finer 
details will still be lost. However, because field boundary segmentation distinguishes between 
major field divisions, rather than capturing small, intricate details, some loss of detail is 
acceptable. Compared to medical imaging, where high precision is crucial, the advantages of 
the F-CNN, through their computational efficiency and preservation of spatial context, are 
more favourable in this context.  

1.3.6 The Future of Field Boundary Segmentation 
 

While F-CNNs form the basic model, several advanced variants, such as U-Net and PSPNet, 
have been created to resolve issues like loss of detail. U-Net, for example, reduces the loss 
of detail by using more extensive skip connections, creating a continuous flow of spatial 
information throughout the network (Kim, 2024). 

Finer segmentation, however, is only as 
effective as the resolution of the satellite 
image used. To provide higher-quality images, 
a company known as Albedo Space intends to 
launch satellites with a resolution of 10cm for 
public use in 2025, a significant improvement 
to current resolutions of 15m for NASA’s 
Landsat satellites (The Economist, 2025), 
(Maxar Technologies, n.d). With each pixel 
soon representing just a 10 x 10cm square 
and the resolution set to increase drastically 
over the coming years, field boundary 
segmentation models will become 
increasingly precise.  

This means that using F-CNNs to segment 
field boundaries will continue to remain a vital 
use of computer vision, contributing to more 
resilient food systems and acting as an 
innovative tool for improving data-backed 
agricultural practices.  

 

 

 

Figure 12 - A visual representation of different 
satellite resolutions on photo clarity (IPTSAT, 
2024) 
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1.4.1 Application Three: Precision Cattle Farming  
 

Over the past 50 years, the demand for meat and dairy has surged, with global production of 
cattle more than doubling since 1961 (Ritchie, Rosado, and Roser, 2017). Our reliance on 
cattle for meat and dairy means that to improve food security, meat and dairy must continue 
to remain available.  

The main indicator of cattle productivity is their Body Condition Score (BCS), a 5-point scoring 
system that assesses body fat levels. Cattle with a low BCS have an increased risk of diseases 
such as mastitis, which shortens their life span and reduces their milk yield and meat quality 
(Krogstad and Bradford, 2025). 

 

Figure 13 - Cow Body Condition Score (Li et al., 2019) 

Equally, higher BCS indicates obese cows, a sign of feed inefficiency. For farmers, there is an 
economic incentive to ensure cows maintain a suitable BCS score as the efficient conversion 
of feed optimises resources, in turn affecting responsible consumption and production (SDG 
12). 

Traditionally, BCS must be conducted through thorough and time-intensive hands-on 
assessments, which are performed at least five times annually per cow (Megalac, 2024). 
However, with the average farmer in the UK managing a herd of 152 cows (an increasing 
number due to economic pressures), regular and accurate assessments are difficult to 
maintain (Prior, M., 2024). 

For this reason, integrating a computer vision system that continuously monitors cattle BCS 
could provide farmers with valuable feedback regarding their herd’s health. Unlike periodic 
and manual checks, automated systems would provide real-time analysis, increasing the 
efficiency and accuracy of cattle rearing (Li, G. et al., 2021). 

1.4.2 An Overview of Object Detection 
 

To identify a cow’s BCS, we must use object detection: a computer vision technique that 
identifies and locates objects in an image using a square known as a ‘bounding box’. This is 
particularly useful when tracking and identifying individual cows within crowded environments 
such as barns.  

There are two main approaches to object detection: two-shot detection and single-shot 
detection. Two-shot detection processes the inputted image twice: first, it finds potential object 
locations, before refining this prediction in a second pass to establish these locations. The 
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result of this is an object detection which is more 
accurate but also more computationally 
expensive. Using it in a barn, where surveillance 
occurs 24/7, would be impractical as the 
thousands of frames generated per hour would 
need to be processed twice, meaning it would 
quickly become unsustainable in the long term.  

Instead, a more efficient approach known as 
single-shot object detection processes the entire 
image in one pass, simultaneously making 
predictions about the position and occurrence of 
the cows. While this model is more 
computationally efficient, it is also less accurate at detecting smaller objects. The most 
commonly used single-shot model is YOLO (You Only Look Once), which balances both speed 
and accuracy, making it ideal for real-time cow monitoring (Parab et al., 2022). 

1.4.3 Usage of YOLO for Object Detection 
 

YOLO is a CNN that takes image inputs and outputs predicted bounding boxes, along with 
corresponding class labels. It uses a grid-based detection system, dividing the image into 
smaller cells known as ‘grid cells’, which individually predict the presence and location of an 
object in their area. The multiple grid cells mean the model can process predictions in parallel 
instead of scanning the image linearly, making YOLO incredibly fast.  

 

Figure 15 - If there are multiple bounding boxes, the box with the highest confidence score is 
selected (shown by the green box) (Bhalerao, C., 2023) 

After predictions have been made, a post-processing technique known as ‘Non-maximum 
Suppression’ (NMS) is used to remove any duplicate bounding boxes. NMS compares the 
probability of each overlapping bounding box, keeping only the bounding box with the highest 
confidence score, thus reducing false positives from the image (Diwan, Anirudh and 
Tembhurne, 2022). 

 

 
 

Figure 14 - Each bounding box prediction 
contains a confidence level rating 
(Morgunov, 2024) 
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1.4.4 Applications of YOLO to BCS 
 

A 2024 study in Türkiye successfully applied YOLOv8 
to 1,270 cows, using experts to manually create the 
training data (Dandıl, Çevik, and Boğa, 2024). The 
researchers set up cameras in a barn to capture 
images of cow tails, achieving an overall accuracy of 
0.81. The study considered two different breeds of 
cow, Holstein and Simmental, which have different 
appearances due to their genetics. Holsteins, typically 
leaner and used for milk, had more visible skeletal 
features, resulting in a slightly higher accuracy 
of 0.82. By contrast, Simmental cows, larger and bred 
for both milk and meat, were harder to classify 
accurately, scoring 0.80 (Koknaroglu et al., 2021). 

The study found that misclassification occurred 
between the ‘Good’ and ‘Fat’ categories, possibly 
caused by Holsteins remaining leaner even when they 
had gained weight. In Simmental cows, the 
misclassification occurred between the ‘Fat’ and 
‘Obese’ categories, due to their body structure 
naturally including more fat and muscle.  

A solution to this problem could be to implement breed-specific models, adjusting BCS 
thresholds for each breed of cow. Overall, whilst the accuracy was not perfect, BCS is 
ultimately a partially subjective scoring system, and the model’s ability to differentiate between 
‘Obese’ and ‘Emaciated’ cows already provides significant improvement to herd monitoring 
(DairyNZ, 2024). 

1.4.5 Why Do We Use YOLO? 
 

YOLO is a highly successful one-shot object detection algorithm known for its speed and real-
time detection accuracy. With a frame per second (FPS) rate of 45, object tracking accuracy 
is increased in environments where changes may happen frequently, such as when cows 
move around their shed.  

However, the main disadvantage of YOLO is its inability to handle small objects. Since YOLO 
works by dividing the image into a grid, each cell can predict only a limited number of bounding 
boxes. This means very small objects may not be detected if many other objects are already 
present in the same cell. In this context, though, cows are large objects and, if spread out in 
the pen, are impacted minimally by this disadvantage, making YOLO a suitable model, 
nonetheless. 

 Another challenge is that, like most models, YOLO operates as a ‘black box model’ where the 
code, and therefore decision-making processes, are not available to farmers and 
veterinarians. Without understanding how these labels are applied, farmers and veterinarians 
may find it more difficult to trust or interpret these results (Diwan, Anirudh and Tembhurne, 
2022). 

 

Figure 16 – Correct classifications are 
denoted by a green box, whilst 
incorrect classifications by a red box 
(Singh, A,2020) 
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1.4.6 The Future of BCS  
 

Since its launch in 2015, the YOLO family has progressed significantly. And with the latest 
YOLOv11 released in 2024, each iteration brings continual improvements in speed, accuracy, 
and efficiency (Ali and Zhang, 2024).  

Additionally, as higher-level camera resolutions of 6k and 8k become more standard, future 
YOLO models will be able to leverage this higher resolution to detect objects that cover a 
smaller proportion of the frame, improving the model’s accuracy (Minami and Nishikawa, 
2024), (Pepe et al., 2022). For the application of cow BCS monitoring, this means cows in the 
background will be detected without needing close-range cameras, making the system more 
flexible and effective. 

 

1.5 Conclusion 

Each of the applications of computer vision outlined above offer scalable, non-invasive 
solutions to improving food security by reducing food waste, improving agricultural planning, 
and increasing livestock efficiency.  

That said, each application has varying levels of impact on the SDG goals. Whilst cattle 
production is increasing globally, we are seeing a shift to more conscious meat consumption 
closer to home (AHDB, 2025). In the UK, the domestic cattle supply is already falling at a rate 
of 5% each year, meaning the impact of implementing a BCS detection model in the UK would 
be minimal (AHDB, 2025). Similarly, field boundary segmentation, while an invaluable tool in 
smallholder farms, has limited effects on large-scale industrial farms, which tend to be built in 
regular geometric shapes with known field measurements.  

By contrast, plant diseases affect farms in both developed and developing countries globally. 
With climate change increasing temperatures, diseases will spread quicker, making their early 
detection more vital than ever. Early detection is critical to reducing pesticide use, preventing 
crop loss, and improving food security. Therefore, investing in plant disease detection would 
have the greatest impact on improving global food security in agriculture.  

Applications of machine learning are still a relatively new part of technology, so they are 
constantly evolving and improving. Ultimately, by making these intelligent tools available on a 
global scale, the usage of computer vision not only addresses food insecurity but also 
contributes to a more resilient, efficient, and productive global food system that benefits all.  
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