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ABSTRACT

The future of farming is set to be revolutionized by biophotonics and machine learning.
Biophotonics is the study of the interaction of light and living matter, and machine learning is
a form of artificial intelligence that allows computers to learn from data. Together, these two
technologies will allow for more precise and efficient farming, as well as greater yields and
less wastage. Biophotonics will allow for more precise targeting of crops with pesticides and
herbicides, as well as more efficient irrigation. Machine learning will enable farmers to predict
weather patterns and forecast crop yields with greater precision. Together, these technologies
will make farming more efficient and less dependent on guesswork. The future of agriculture
is expected to be more efficient, more precise, and more productive. In this review, we
discussed how biophotonics and machine learning will enable farmers to increase yields while
reducing wastage. These technologies will revolutionize agriculture and make it more
sustainable in the long term.

INTRODUCTION

The current state of agriculture faces several challenges, including an increasing global
population, climate change, and diminishing resources. These challenges have led to the need
for more sustainable, efficient, and precise farming methods. One of the key challenges facing
the agriculture industry is the need for more precise and sustainable farming methods.
Traditional farming practices can be imprecise, leading to overuse of resources and poor crop
yields. Climate change is also a major challenge, as it leads to unpredictable weather patterns
and an increased risk of crop failure (Thornton et al., 2014). The effects of climate change on
agriculture include changes in temperature and precipitation, the increased frequency and
intensity of extreme events, and the spread of new pests and diseases (Skendzi¢ et al., 2021).
In addition, the increasing global population is putting a strain on food production.

The United Nations predicts that the global population will reach 9.7 billion by 2050 and
11.2 billion by 2100 (Zheng, 2021; United Nations, n.d.). To feed this growing population,
food production will need to increase by around 70% by 2050. To address these challenges,
experts believe that biophotonics and machine learning can play a significant role in
revolutionizing the future of farming (Marcu et al., 2017). Biophotonics is the study of light-
matter interactions in biological systems and has potential applications in areas such as crop
monitoring and disease detection. Machine learning, on the other hand, can be used to analyze
data and make predictions, which can help optimize crop yields and improve the efficiency of
farming operations.

One of the most promising applications of biophotonics in agriculture is precision
farming. Precision farming is a concept of agriculture management that uses technology to
optimize crop yields and reduce resource use. Biophotonics can be used to monitor crop growth
and health, as well as detect pests and diseases (Martinelli et al., 2014). Machine learning, on
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the other hand, can be used to analyze data and make predictions, which can help optimize crop
yields and improve the efficiency of farming operations. Machine learning algorithms can be
used to analyze sensor data, weather forecasts, and other sources to predict crop yields and
optimize planting and harvesting schedules. For example, machine learning can be used to
identify the ideal planting and harvest dates for a particular crop based on weather forecasts,
soil moisture, and other factors (Priya et al., 2018). Together, biophotonics and machine
learning have the potential to enable precision farming, which can lead to increased crop yields,
reduced resource use, and better management of crop diseases. By improving the efficiency
and sustainability of agriculture, these technologies have the potential to help feed the growing
global population and mitigate the effects of climate change. It is worth noting that the
implementation of these technologies is not without challenges, from economic to societal. For
example, precision farming requires a significant investment in technology, which can be a
barrier for small farmers. Data privacy and security concerns may also arise when using
machine learning in agriculture. Furthermore, the implementation of precision farming may
lead to job loss in some areas of the agricultural sector.

LITERATURE REVIEW

The use of biophotonics and machine learning in agriculture is a rapidly growing field
with a wide range of applications. Biophotonics is the study of light-matter interactions in
biological systems. It has potential applications in areas such as crop monitoring, disease
detection, and precision farming (Skolik et al., 2018). Machine learning, on the other hand, is
used to analyze data and make predictions, which can help optimize crop yields and improve
the efficiency of farming operations. One of the most significant applications of biophotonics
in agriculture is precision farming. Precision farming is a farming management concept that
uses technology to optimize crop yields and reduce resource use. Biophotonics can be used to
monitor crop growth and health, as well as detect pests and diseases (Mitra, 2020). For
example, hyperspectral imaging can be used to identify the specific spectral signature of a
particular pest or disease, allowing for early detection and treatment (Che’Ya et al., 2022). This
can lead to increased crop yields and reduced resource use. Another application of biophotonics
in agriculture is crop monitoring.

Biophotonics (see Fig. 1) techniques such as fluorescence imaging and reflectance
spectroscopy can be used to monitor crop growth and health, as well as to detect stress factors
such as water deficiency and disease (Martinelli et al., 2014; Balasundram et al., 2020). For
example, fluorescence imaging can be used to monitor the chlorophyll content of crops, which
can indicate the health and growth of the crop (Su et al., 2019). Reflectance spectroscopy can
be used to measure the canopy structure and chlorophyll content of crops, which can be used
to estimate crop yields. In addition, machine learning is being used in agriculture to analyze
data and make predictions, which can help optimize crop yields and improve the efficiency of
farming operations. Machine learning algorithms can be used to analyze data from sensors,
weather forecasts, and other sources to predict crop yields and optimize planting and harvesting
schedules. For example, machine learning can be used to identify the ideal planting and
harvesting dates for a particular crop based on weather forecasts, soil moisture, and other
factors (Abbas et al., 2020).

Machine learning can also be used for crop disease detection. By analyzing images of
crops, machine learning algorithms can identify the presence of pests and diseases and predict
their spread. This can allow for early detection and treatment, which can lead to reduced crop
losses and increased yields. Machine learning can also be used to predict crop yields based on
a variety of factors, such as weather forecasts, soil moisture, and other factors. This can help
farmers optimize planting and harvesting schedules, which can lead to higher crop yields. In
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general, current research on the use of biophotonics and machine learning in agriculture is
showing promising results. These technologies have the potential to revolutionize the way we
farm, by enabling precision farming, crop monitoring, and disease detection. However, it is
important to note that the implementation of these technologies is not without challenges, and
further research is needed to address these challenges and optimize their use in agriculture.

Fluorescence 8

Reflection 11 8 (“f)

Scattering

Incident light Absorption
I Biological tissue >
—>
>

Reflection

Tissue modifications/therapy

Fig. 9. Overview of biophotonics. Source: (https://link.springer.com/chapter/10.1007/978-
981-19-3482-7 1).

CASE STUDIES

Case Study 1: Precision farming with hyperspectral imaging

Precision farming (see Fig. 2) is a farming management concept that uses technology to
optimize crop yields and reduce resource use. One of the key technologies used in precision
farming is hyperspectral imaging (see Fig. 3). In this case study, a farm in California has
implemented a precision farming system using hyperspectral imaging to monitor their
vineyards (Primicerio et al., 2012). The system captures hyperspectral images of the vineyards
every day, which are then analyzed using machine learning algorithms to detect pests and
diseases. The system has been able to detect pests and diseases that were not visible to the
naked eye, leading to early detection and treatment. This has led to higher crop yields and
reduced resource use. The farm has also been able to optimize planting and harvesting
schedules using the data from the system, which has further increased crop yields. The benefits
of using this technology in precision farming include increased crop yields, reduced resource
use, and better management of crop diseases, which can ultimately lead to more efficient and
sustainable agricultural practices. However, some challenges that come with this technology
include high implementation costs, lack of skilled personnel, and data privacy and security
concerns. Despite the challenges, the farm has found the system to be cost effective in the long
run and has plans to expand the system to its other vineyards. The potential for further adoption
of this technology in agriculture is high, if the implementation challenges can be addressed.
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Fig. 11. Advances in hyperspectral imaging over the past years. Source:
(https://www.mdpi.com/2072-4292/12/16/2659)

Case Study 2: Crop monitoring with fluorescence imaging and machine learning

Crop monitoring is the process of using technology to monitor crop growth and health,
as well as detect stress factors (see Fig. 4) such as water deficiency and disease. In this case
study, a farm in Iowa has implemented a crop monitoring system using fluorescence imaging
and machine learning (Behmann et al., 2014). The system uses a fluorescence sensor mounted
on a drone to capture images of crops. The images are then analyzed using machine learning
algorithms to detect stress factors and predict crop yields. The system has been able to detect
water deficiency and disease in crops that were not visible to the naked eye, leading to early
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detection and treatment. This has led to higher crop yields and reduced crop losses. The farm
has also been able to optimize planting and harvesting schedules using the data from the
system, which has further increased crop yields. Benefits of using this technology in crop
monitoring include improved crop yields and reduced crop losses due to early detection of
stress factors and pests. Challenges of using this technology include the need for skilled
personnel to operate the equipment and analyze the data, as well as data privacy and security
concerns. Despite the challenges, the farm has found the system to be cost effective in the long
run and has plans to expand the system to their other fields. The potential for further adoption
of this technology in agriculture is high if the implementation challenges can be addressed.

(f)
Fig. 12. Plant stress detection using optical sensors and machine learning. Source:
(https://www.mdpi.com/2072-4292/14/12/2784/htm)

Case Study 3: Disease detection in livestock using machine learning

Detection of diseases in livestock is an important aspect of animal husbandry and a major
concern for farmers. In this case study, a farm in Australia has implemented a disease detection
system in livestock using machine learning (Garcia et al., 2020). The system uses cameras
mounted in the livestock pens to capture images of the animals. The images are then analyzed
using machine learning algorithms (see Fig. 5) to detect signs of disease such as lameness,
lethargy, and weight loss. The system has been able to detect diseases in the early stages,
allowing early treatment and reducing the spread of the disease. This has led to reduced animal
losses and improved animal welfare. The farm has also been able to optimize its animal
management strategies using data from the system, which has further increased animal health
and productivity. Benefits of using this technology in the detection of diseases in livestock
include the early detection and treatment of diseases, leading to reduced animal losses and
improved animal welfare. The system also allows for a more efficient and targeted use of
resources, such as medication and veterinary care. Additionally, the farm has been able to
optimize its animal management strategies, which has led to increased animal health and
productivity. However, the implementation of this technology also presents some challenges.
One of the main challenges is the need for experienced personnel to operate the system and
analyze the data. Additionally, data privacy and security concerns may also arise when using
machine learning in livestock management. Furthermore, the cost of the system could be a
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barrier for some farmers, especially small farmers. Despite these challenges, the farm in this
case study has found the system to be highly beneficial and has plans to expand the system to
their other livestock pens. The potential for further adoption and scaling up of this technology
in livestock management is high if the implementation challenges can be addressed.
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Fig. 13. An example of the use of machine learning algorithm in Livestock. Source:
(https://www.sciencedirect.com/science/article/pii/S2214180420301343)

Case Study 4: Automated crop harvesting with machine learning

Automated crop harvesting (see Fig, 6) is a technology that uses robotics and machine
learning to improve the efficiency and precision of crop harvesting. In this case study, a farm
in Illinois has implemented an automated crop harvesting system using machine learning
(Liakos et al., 2018). The system uses cameras and sensors mounted on a robotic harvester to
capture images and data from the crops. The data are then analyzed using machine learning
algorithms to identify ripe crops and optimize the harvesting process. The system has been able
to increase the efficiency and precision of the crop harvesting process, leading to increased
crop yields and reduced waste. The system also allows for a more efficient and targeted use of
resources, such as labour and fuel. Additionally, the farm has been able to optimize its crop
management strategies, which has led to increased crop yields and quality. However, the
implementation of this technology also comes with some challenges. One of the main
challenges is the high cost of the system, which can be a barrier for some farmers, especially
small farmers. Additionally, maintaining and troubleshooting technology can be complex and
requires skilled personnel. Another challenge is the limited compatibility of the technology
with different types of crops and terrains, making it less suitable for some farms. Furthermore,
there is also the concern of job displacement for farm workers as technology takes over their
role. Despite these challenges, the farm in this case study has found the system to be highly
beneficial and has plans to expand the system to other crops. The potential for further adoption
and scaling up of this technology in crop harvesting is high as long as the cost of the system
decreases, and the technology becomes more compatible with different types of crops and
terrains. Additionally, there is a need to address the concerns of job displacement for farm
workers.
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CHALLENGES AND OPPORTUNITIES

There are several technical, economic, and societal challenges facing the adoption of
biophotonics and machine learning in agriculture. On the technical side, one of the main
challenges is the high cost of implementing these technologies, which can be a barrier for some
farmers, especially small farmers. Additionally, technology can be complex and difficult to
maintain, requiring skilled personnel to operate and troubleshoot. Furthermore, there is limited
compatibility of the technology with different types of crops and terrains, making it less
suitable for some farms. On the economic side, there is concern about job displacement for
farm workers as technology takes over their role. Additionally, farmers need to be able to see
a return on their investment in these technologies for them to be adopted on a larger scale. On
the social side, data privacy and security concerns may arise when using machine learning in
agriculture. Furthermore, the use of these technologies can raise ethical concerns, such as their
impact on the environment and the safety of the food produced (Parikh et al., 2022).

Considering these challenges there are key opportunities for future research and
development in the field of biophotonics and machine learning in agriculture. One of the key
opportunities is to develop more cost-effective and user-friendly technologies that are
accessible to a wider range of farmers. Additionally, research is needed to optimize technology
for different types of crops and terrains, as well as to improve compatibility with existing farm
equipment and infrastructure. Another opportunity is to develop methods to address data
privacy and security concerns, such as developing secure data storage and sharing methods.
Another area of research is to develop methods to mitigate job displacement, for example, by
developing new roles for farm workers to operate and maintain technology. Additionally,
research can be done to understand the potential impact of these technologies on the
environment and food safety and to develop strategies to minimize any negative impacts.
Moreover, there is a need for research to improve the accuracy and reliability of the algorithms
used in machine learning, and to develop methods to improve the interpretability of the results,
so farmers can make better informed decisions. Additionally, research can be done to develop
methods to integrate data from multiple sources, such as weather forecasts and soil moisture
data, to improve the accuracy of predictions and recommendations. There are many challenges
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facing the adoption of biophotonics and machine learning in agriculture but also many
opportunities for future research and development. Focusing on developing cost-effective,
user-friendly, and compatible technologies, addressing data privacy and security concerns,
mitigating job displacement, understanding the impact on the environment and food safety,
improving the precision and interpretability of the results, and integrating data from multiple
sources are crucial for the successful adoption and scaling up of these technologies in
agriculture.

CONCLUSIONS

In conclusion, biophotonics and machine learning have the potential to revolutionize the future
of agriculture by increasing crop yields, reducing resource use, improving animal welfare, and
making the whole agricultural process more efficient, sustainable, and profitable. Investment
in research and development to address challenges and improve the capabilities of these
technologies is crucial for the successful adoption and scaling up of these technologies in
agriculture. The review has highlighted the potential of biophotonics and machine learning to
revolutionize the future of agriculture. The case studies presented in the review have shown
that these technologies can be used in a variety of applications, such as precision agriculture,
crop monitoring, and disease detection, and have led to increased crop yields, reduced resource
use, and improved animal welfare. However, the review also highlighted several challenges
facing the adoption of these technologies, such as high costs, lack of skilled personnel, data
privacy and security concerns, job displacement, and environmental and food safety concerns.
Despite these challenges, the potential for these technologies to revolutionize the future of
agriculture is significant. Therefore, it is important to continue to invest in research and
development to address the challenges and to further improve the capabilities of these
technologies. In the future, research should focus on developing cost-effective, user-friendly,
and compatible technologies, addressing data privacy and security concerns, mitigating job
displacement, understanding the impact on the environment and food safety, improving the
accuracy and interpretability of the results, and integrating data from multiple sources to make
more accurate predictions and recommendations.
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