JCBI,
= |
Journal of Computing & Biomedical Informatics Volume 09 Issue 01
ISSN: 2710 - 1606 2025

Research Article
https://doi.org/10.56979/901/2025

Transforming Agriculture with IoT and Deep Learning: A Smart Approach to
Precision Farming and Sustainability

Nida Batool", Irshad Ahmed Sumra> Hamza Shahab Awan? and Ali Raza*

Department of Artificial Intelligence, Lahore Garrison University, Lahore, 54000, Pakistan.
2Department of Computer Science, Lahore Garrison University, Lahore, 54000, Pakistan.
SDepartment of Computer Science, Comsat Univeristy, Islamabad, Lahore Campus, Pakistan.
‘Departmen of Information Technology, Government College University Faisalabad, Gujranwala, 52200, Pakistan.
"Corresponding Author: Nida Batool. Email: batoolnida053@gmail.com

Received: February 07, 2025 Accepted: May 10, 2025

Abstract: There is tremendous challenges in the agricultural sector, like climate change, depletion
of resources and rapidly rising demand for food across the world. Advanced technologies are
required in traditional farming methods that, if not efficient and sustainable, demand such
integration. A combination of Internet of Things (IoT) and Deep Learning (DL) is a transformative
solution to modern agriculture problems. In this paper, three vital areas where this technology could,
which are precision irrigation, crop disease detection, and resources optimization, are explored
employing deep learning and IoT. Smart farming can use Long Short-Term Memory (LSTM)
networks for time series predictions and Convolutional Neural Networks (CNNs) for disease
diagnosis from imaging to increase efficiency, reduce resource wastage, and increase crop yield.
With real-time sensor data combined with predictive analytics farmers have data driven decision
making power, enabling them to reduce water consumption, pesticide overuse and operational costs.
While data integration, high implementation costs and connectivity constraints hinder IoT adoption,
development in IoT infrastructure and Al models make the scalability and accessibility more
bearable. The contributions of this paper are to highlight the potential of IoT and deep learning to
lead to a more productive, sustainable, intelligent agricultural ecosystem.
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1. Introduction

Agriculture is dealing with a number of demanding problems, among them climate change, soil loss
and the rising demand for food due to the world's population growth. There is a greater need than ever for
the sector to be smarter and more sustainable. The most traditional farming methods that include human
labour, sense of intuition, and experience, which are often manual labour-intensive techniques, are rather
insufficient to address the challenges mentioned above. Therefore, the agricultural industry is adopting
modern technologies such as Internet of Things (IoT) and Deep Learning (DL) to take farming to a whole
new level [1][4][7].
1.1. IoT in Agriculture

The Internet of Things (IoT) is a collection of networked objects that communicate via sensors, actuators,
and communication networks. In agriculture, IoT technologies are widely used because they are good
weather indicators, allowing us to collect minute-by-minute data from numerous parameters such as soil
moisture, temperature, humidity, and weather conditions [1][4]. These data are crucial for attaining
valuable information like crop management, irrigation, pest control, and resource allocation. Besides
saving energy, loT-powered devices can give clear and precise insights into field conditions through which
farmers can more effectively manage their farms [3][7].
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1.2. Deep Learning in Agriculture

Deep learning, a branch of artificial intelligence, using well compiled data sets, visualizing neural
networks, and learning from them, has been the way to create a new generation of Al technologies [5].
Deep learning is inserted into the agricultural system to identify images, diagnose diseases, predict future
conditions, and utilize resources to the fullest [5][6]. One significant difference from traditional machine
learning is that deep learning algorithms can automatically highlight the necessary features from raw data,
such as images or sensor readings, which is a unique ability of deep learning in situations with
unstructured and complex data [5].

The core of this paper is the issues that are to be faced in agriculture that are the precision irrigation,
crop disease detection, and resource optimization. These areas, which are essential for achieving the
increase in productivity, decreasing down of environmental impact, and the general progress in
sustainability of agricultural practices are [2][4].

2. Major Problems in Smart Agriculture and Their Solutions
2.1. Precision Irrigation
2.1.1.  Problem Overview

One of the most important issues that require the immediate and sustainable solution is the water crisis
in modern agriculture. The Food and Agriculture Organization (FAO) estimates that agriculture uses up
to 70% of the world's water. The figures of that water are used in an ineffective way. A majority of the
waste is caused by the fact that traditional irrigation systems do not take into account either soil moisture
levels or actual crop needs, and thus they distribute the water uniformly. This situation results in a loss of
water, a diminished crop yield, and soil deterioration [1][3].

2.1.2.  IoT and Deep Learning Solution

Precision irrigation relies on IoT devices to gather information on the behaviour of the environment
and make decisions based thereupon. These are soil moisture sensors, weather stations, and drones, which
provide up-to-minute data on soil conditions. Such high-tech devices can tell a grower where and when to
use water in an exact way that can economize on the use of water and at the same time yield the max
amount of the crop [1][4][7].

Deep learning models, in particular Long Short-Term Memory (LSTM) networks, are an excellent fit
for this task due to their unique capability to deal with time-series data. On the basis of the forecast, the
rainfall in recent weeks, and the growth stages of the crops, extensive exploration analysis is conducted to
establish the future demand. This suggests therefore that farmers can reposition timestamps of their water
usage and correspondingly be sustainable while grow crops with a better harvest [3][5].

The below table compares the performance of various deep learning models used in crop disease
detection, including CNNs and alternative architectures (such as RNNs or LSTMs), to provide insight into
their efficiency and accuracy [6].

2.1.3.  Case Study:

In a study the system used historical soil moisture, weather forecasts, and crop growth to generate
irrigation recommendations. The results showed that the system reduced water use by 30% while
increasing cotton production by 20%. It demonstrated how IoT and deep learning can transform water use
and improve overall agricultural productivity [1].

2.2. Crop Disease Detection
2.2.1.  Problem Overview

Diseases of crops are among the top threats to global food safety. One of the major problems is the
number of losses of crop yields every year. Swift detection is a very important factor to prevent crop
damage and stop the spread of diseases. The current traditional ways of disease detection involve the
manual inspection of crops, which is time-consuming and human error can easily occur. Furthermore,
plants become diseased miles of damage so they are not visible early.

2.2.2.  IoT and Deep Learning Solution

Today, because of some inventions such as IoT devices like mole, cameras, and remote sensors, crop
health can be easily checked in real-time.

High-resolution images captured by drones or ground-based cameras can be processed using
Convolutional Neural Networks (CNNs), a type of deep learning model designed for image recognition
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tasks. CNNs can analyse these images to detect early signs of disease, such as discoloration, wilting, or
lesions on crops.[6]

By training CNN models on vast collections of infected and healthy crops, these models can master the
art of disease symptom recognition even in the early stage. The early detection will make the whole process
of finding the right intervention faster and easier, thus reducing the need for the use of pesticides. Besides,
it will also help to control the crop loss problem. As a result, good yield will be achieved.

2.2.3. Case Study:

According to the study, CNNs were employed for the early diagnosis of wheat diseases. The drone-
based system was used to detect leaf spot diseases, the accuracy rate was 94%. This led to 35% overall
savings in pesticides usage, while the crop yield remained unchanged. In this way, corrective measures
could be taken well before the disease could spread [2].

2.3. Resource Optimization
2.3.1.  Problem Overview

To ensure productivity for a long period, efficient resource management becomes a key thing for the
agricultural sector. Overuse of water, fertilizers, and pesticides causes not only farming costs to rise, but
also environmental damage, for example, water pollution, soil degradation, and greenhouse gas emissions.
Proper allocation and usage of these resources are extremely important in the field of agriculture as they
are bound to be the key determinants of sustainability in every respect.[11][16]

2.3.2.  IoT and Deep Learning Solution

The IoT devices like soil sensors, weather stations, and remote sensing technologies are utilized to
gather data regarding the environmental mood, crop health, and resource consumption. By making use of
the data  and employing LSTM networks, Al models can estimate the most ideal schedule and amount
of fertilizer/pesticide to be applied. LSTM models could, for example, predict when vegetation will need
to be watered, fertilized or sprayed with pesticides. This will be done through interpreting the current
weather, the soil, and the stage of the growth of the crop[8][18]. On the other hand, LSTM models can be
applied successfully to the task of capturing long-term time-dependent relations. They can handle data
such as seasonal weather conditions and the historical performance of crops and thus give the most
accurate predictions and allow for optimized resource utilization.[3][11][15]

2.3.3. Case Study:

In another work, another LSTM model was implemented to forecast the nutrient needs of rice
plantations. By analysing historical soil data, weather forecasts, and crop growth patterns, the system
noticed the overproduction of fertilizers as a solution recommended by the efficient resource consumption.
As a proof, 25% lesser use of fertilizers through the lower endowments, but the yield of rice was still at the
same level [3] was obtained.

3. Challenges and Future Directions
3.1. Data Quality and Integration

IoT and deep learning-based systems have the ability to be smart but their efficiency is only possible
when they have the data that is of the highest quality. The misalignment of sensor data and missing
readings can be the result of sensor data which is inconsistent or inaccurate, or the devices which are mis
calibrated (News had that, too.) that will lead to inaccurate predictions and wrong decisions. Different
pieces of data (e.g., readings from weather stations, aerial data from drones, soil data from sensors) need
to be put in concert to get a single picture that is accurate and reliable. Designing standard data collection
processes and the correct functioning of the sensors are the two most important elements that need to be
followed alongside implementing the system successfully with one of the key success factors being the
standardization of the protocols.[17][18]
3.2. High Costs of Implementation

Using of IoT and deep learning systems needs a lot of smoney to be invested before and this could be
one of the main obstacles that hamper the small-scale farmers from accessing these units. The costs of the
installations of IoT sensors, drones, and the computing infrastructure for data processing might as well be
unbearable. In addition, training deep learning models need labelled datasets and computational resources
that may be scarce in the regions with limited resources. Funds from governments' budgets shall be used
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on all the proper means of social welfare, such as educating citizens, solving the unemployment issue, and
so on.[7][10]
3.3. Scalability and Connectivity

IOT systems are widely utilized in the area of Industrial Automation and process control, however,
they do have certain limitations in terms of scale and network infrastructure. Very remote areas with very
poor network systems, broadband being very expensive and seldom functional, and not having the right
resources for this infrastructure, among other problems, which makes the usability of ORM databases for
IoT even more necessary. Artificial intelligence and computing are the other new and modern technologies
that have rapidly grown and that can be utilized when talking to machines. 5G and edge computing can
work out these issues by upgrading data speeds and scaling back being dependent on the cloud.[16][17]
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Table 1. Comparison of various deep learning models

A Traini
Model Application cc(:;or)acy ];Zl;;leltg Strengths
Convolutional Wheat leaf Excellent at image

Image-Based Crop o . . e .
Neural Network . . 94% images (spot identification with
Disease Detection )
(CNN) disease) excellent accuracy
Time-series dat C th
Long Short-Term me se}r e cata TP Brow Effective for capturing
for disease 85% and weather . . L
Memory (LSTM) .. . time relationships in data
prediction statistics
Predlctl.ng Pests Historical Suitable for sequential
Recurrent Neural and Diseases
. 82% crop data and data, although not as
Networks (RNN) Based on Time .
. pest reports efficient as LSTM
Series Data
I £
mages o Robust, but less
Support Vector Early-stage 809 tomato leaves successful with bi
Machines (§SVM)  disease detection ’ for blight &
; complex data sets
detection

4. Conclusion

Agriculture with IoT and Deep Learning (DL) on top is the basic engine of cutting-edge changes in the
field of industry, which the mentioned problems like precision irrigation, crop disease detection, and
resource optimization are brought about by. With skilled forecasting brought by LSTM networks deployed
for time-series and CNNs used for image-based disease diagnosis, farmers can plan and solve their tasks
better, decreasing resource wastage, and thereby increasing productivity. In the face of challenges like data
quality, cost, and scalability, the ongoing progress in technology has brightened the prospects for schedule

improvements eventually making them smoother and more affordable. The panorama of smart agriculture,

instead, will consolidate sustainability, enhance the produce quantity, and provide relevant indicators to
the farmers globally as a result future still [1-20].
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