www.ijcrt.org © 2025 IJCRT | Volume 13, Issue 6 June 2025 | ISSN: 2320-2882

IJCRT.ORG ISSN : 2320-2882

APy, 'NTERNATIONAL JOURNAL OF CREATIVE
@a% RESEARCH THOUGHTS (1JCRT)

An International Open Access, Peer-reviewed, Refereed Journal

Multi Spectral Camera For Precision Agriculture
Using Machine Learning

! Vanithasri.K,?R.Renugadevi,

Assistant Professor-2Associate Professor
L2Department of Computer Science and Engineering,
!Aalim Muhammed Salegh College of Engineering, Chennai, India
2 Saveetha Engineering College Thandalam, Chennai, India

Abstract: Modern farming is undergoing a major transformation thanks to technology. This paper presents a
practical approach to precision agriculture by combining multi-spectral cameras with machine learning. The
system is designed to monitor crop health, detect issues like diseases or stress early, and help farmers make
smarter decisions. By capturing light beyond what the human eye can see, multi-spectral imaging reveals
subtle plant changes. Machine learning then turns this data into meaningful insights. We tested our system in
real-world farming conditions, and the results show it can improve yields and reduce resource use, supporting
more sustainable farming practices.

Index Terms - Crop Yield Prediction, Machine Learning, Soil Nutrients, Rainfall, Agriculture, Data Science,
Predictive Modeling, Sustainability, Food Security.

I. INTRODUCTION

Farming today is about more than just soil, water, and sunlight. Precision agriculture is changing the game by
introducing smart technologies that help farmers understand their fields like never before. Using tools like
sensors, data analytics, and remote imaging, farmers can now monitor their crops in real-time and act quickly
when issues arise.

One of the most powerful tools in this new farming toolbox is the multi-spectral camera. Unlike regular
cameras, it captures light from both visible and invisible parts of the spectrum, such as near-infrared. This
helps detect problems like poor plant health, nutrient deficiencies, or water stress before they’re visible to the
naked eye.

But collecting this kind of data is only part of the solution. To make sense of it all, we need powerful analysis
tools. That’s where machine learning comes in. ML algorithms can process huge amounts of image data,
recognize patterns, and even predict future crop behavior.

Combining multi-spectral imaging with ML gives us a system that not only sees more than we can but also
understands what it’s seeing. This leads to quicker, more accurate decisions—Ilike when to water, fertilize, or
treat crops for pests or disease.

Our goal in this paper is to show how this combination of camera technology and Al can make a real difference
in agriculture.
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Il. LITERATURE REVIEW

A lot of research has been done on using cameras and sensors in agriculture. Zhang and Kovacs (2018)
highlighted how multi-spectral cameras help detect early signs of disease and plant stress, especially by
analyzing near-infrared data.

Bendig and his team (2014) used drones with multi-spectral cameras to estimate things like how much biomass
was in the field and how much nitrogen the crops were using. They stressed how important it is to calibrate
the system properly and compare it with on-the-ground data.

Machine learning has become a big part of this picture. Kamilaris and Prenafeta-Boldd (2018) reviewed many
ML models used in agriculture. They found that techniques like convolutional neural networks (CNNSs)
worked especially well when analyzing images for things like weeds or predicting yields.

Mulla (2013) outlined how precision agriculture can be broken down into soil, crop, and water management.
He pointed out that imaging tools are useful in all three areas, especially when making decisions about where
to apply fertilizers or pesticides.

Tsouros et al. (2019) explored how combining 10T devices with imaging and ML improves decision-making.
They emphasized that real-time data collection and analysis allow for more detailed, site-specific actions in
the field.

I11. RELATED WORK

Several commercial and academic initiatives have explored the use of imaging and Al in agriculture. NASA
and the USDA have developed satellite-based crop monitoring systems capable of forecasting yields over vast
regions. However, these systems often lack the fine resolution needed for small and medium farms.

Drone-based platforms have become increasingly popular. Companies offer services that include multi-
spectral scanning of fields and ML-based data analysis. While effective, these systems can be costly and
require technical expertise for operation and maintenance.

Open-source platforms like OpenCV and TensorFlow have enabled custom, do-it-yourself agricultural
monitoring solutions. These systems, while less polished, are flexible and accessible to researchers and
technologically inclined farmers, especially in regions with limited resources.
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IV. PROPOSED SYSTEM
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Our system begins with a drone or ground robot equipped with a multi-spectral camera. The camera captures
images in various spectral bands, including visible and near-infrared light. These raw images undergo
preprocessing—noise reduction, normalization, and geometric correction.

The pre-processed data is then passed through a feature extraction module. This step computes indices such
as NDVI (Normalized Difference Vegetation Index), GNDVI (Green NDVI), and chlorophyll content, which
are key indicators of plant health.

The extracted features are fed into a machine learning model. We tested both CNNs and SVMs to evaluate
classification accuracy for conditions such as pest infestation, water stress, and nutrient deficiency. Our
models are trained on labeled datasets collected from prior crop cycles.

Finally, the model generates a health analytics report that visually maps affected areas and provides actionable
suggestions. A mobile app interface allows farmers to upload images and receive insights instantly, even
without continuous internet connectivity. This makes the system suitable for rural or low-infrastructure
settings.

V. Experimental Results

We conducted field trials on a 10-hectare plot growing wheat and maize. A drone outfitted with a Parrot
Sequoia multi-spectral camera performed scheduled flights during different growth stages. The data was
collected in various lighting conditions and environmental scenarios.

Preprocessing significantly improved image clarity and consistency. Feature extraction using NDVI and other
indices provided clear distinctions between healthy and stressed plants. Our models achieved a disease
detection accuracy of 89% and a stress identification accuracy of 92%, based on comparisons with expert
agronomist assessments.

The use of machine learning greatly reduced the need for manual inspection. Early detection allowed farmers
to target irrigation and pesticide use more effectively. As a result, crop yield increased by 15%, while chemical
usage dropped by 20%.
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Feedback from participating farmers was positive. They appreciated the ease of use, especially the mobile
app’s simplicity and fast results. The system proved to be both practical and scalable for medium-sized farms.

V1. Conclusion and Future Work

The integration of multi-spectral imaging and machine learning offers a powerful solution for modern
agricultural challenges. By providing real-time, data-driven insights, our system enhances decision-making
and promotes resource-efficient farming practices.

However, the system can still be improved. One promising direction is the use of hyperspectral cameras,
which capture even more detailed data across hundreds of spectral bands. This could lead to earlier and more
accurate detection of crop issues.

We also plan to incorporate additional sensors—such as soil moisture probes and weather stations—to provide
a more holistic view of the farming environment. Combining multi-modal data sources could significantly
improve model accuracy and system reliability.

On the software side, we envision a cloud-based platform that aggregates data from multiple farms. Such a
system could offer predictive analytics and benchmarking tools, enabling community-based farming
improvements and knowledge sharing.

In conclusion, this technology holds great promise for transforming agriculture into a smarter, more
sustainable practice. With continued research and development, we can empower farmers with the tools they
need to feed a growing population while preserving the planet.
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