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Abstract— The growth in the use of Internet of Things (IoT) technologies in the Agricultural
sector has allowed the large-scale population of crop surveillance and farm control data.
Nevertheless, traditional architectures that are cloud-based are associated with high latency,
bandwidth-dependent as well as poor real-time responsiveness whose limitation renders them
ineffective in applications that require real-time performance in agriculture. In order to
overcome them, this paper suggests an edge computing-based smart agriculture system, which
will conduct local data processing and decision-making near the sensing layer. The suggested
architecture incorporates a combination of the environmental sensors based on IOT and an
edge gateway to preprocess data and perform smart decision logic and offer real-time
notification of the agricultural activity, i.e. irrigation and crop status. The cloud receives only
critical data and stores it in the long-term and visualizes it, minimizing the overhead on
communication. The performance analysis proves the fact that the edge-based solution provides
a significant decrease in latency and bandwidth utilization compared to cloud-only systems and
enhanced response time and the stability of the system. The suggested scheme is affordable,
extensively applicable, and real-time, and can be utilized in precision farming and sustainable
agriculture.

Index Terms— Edge Computing, Smart Agriculture, Internet of Things, Precision Farming,
Real-Time Processing.

1. INTRODUCTION

Digital technologies are radically changing agriculture, this transformation consists of the Internet of Things
(IoT), wireless sensor networks, and the use of data-oriented system decisions. Smart agriculture focuses on
enhancing the productivity of crops, managing resources, and sustaining them through continuous monitoring of
the environment in terms of soil moisture, temperature, humidity, and health of crops [1]. After [oT the sensing
systems allow huge amount of data collection at the agricultural fields and have also become a enabler of
precision farming to be put on practice [2]. A majority of the current smart agriculture devices are based on
cloud-based computing and data storage systems [3]. Scalability and centralized analytics are advantages of
cloud computing, but pose severe constraints to operations that require immediate response and farming are
involved. These constraints provided are a higher latency, high bandwidth, and reliance on constant and proper
internet connection, slow reaction time in real-time decision making like irrigation control and the detection of
stress [4]. Challenges are further aggravated by network instability in the rural and remote agricultural settings,
which lowers the efficacy of cloud-only systems.
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Edge computing has already cropped up as a prospective paradigm that can address these limitations by ensuring
that computation and intelligence move closer to the source of data [S]. Thanks to processing of data at the
network edge, where most [oT devices operate, edge computing has a strong potential to greatly decrease the
associated latency and favourably limit the amount of data transmitted to the cloud, ultimately providing capable
responsiveness in a real-time setting. More recent research studies have shown that edge computing is effective
in terms of cyber-physical systems, smart cities, and industrial IoT systems [6]. Nevertheless, it has not been
implemented in agricultural systems yet and numerous literatures do not specify on the focus on real-time
decision-making or restrictions to practical deployment of the knowledge base. The present paper introduces an
edge computing-based smart agriculture architecture that incorporates real-time agricultural monitoring and
control through the use of IoT-based sensing and local edge computing. In the suggested system, live sensor data
are pre-processed and processed in an edge gateway employing compact decision logic and have instant
responses like irrigation alerts or environmental alerts. Only topical and summarized information will be sent to
the cloud as a storage and visualization facility in the long-term to minimize the use of bandwidth and the
requirement to have constant internet access.

Key Contributions of this Work:

» Design of a low-latency edge-native decision architecture tailored for time-sensitive agricultural operations
» Introduction of a selective cloud synchronization strategy minimizing bandwidth usage

» Quantitative validation of latency, response time, and bandwidth reduction

» Demonstration of a cost-effective deployable framework suitable for rural environments

» Analytical comparison with conventional cloud-centric systems

The rest of the paper is structured in the following manner. Section 2 provides the related literature in the area of
IoT-based/edge-enabled agriculture systems. Section 3 gives the proposed system architecture and Section 4
gives the methodology. The results and discussion of performance is presented in Section 5 and Section 6
concludes the paper by offering future research directions.

II. RELATED WORK

Internet of Things (IoT) technologies have also been analysed in great number to be used in agriculture to
enhance crop monitoring, irrigation management, and yield forecasting. Some researchers have suggested
sensor-based agricultural systems of monitoring the environment by collecting soil moisture, temperature, and
humidity, and sending the data to cloud service platforms to be analysed and plotted [7], [8]. These systems
show how IoT can be used to achieve precision farming; they however, are based on centralized cloud systems.
Smart agriculture of the cloud-based model offers scalable storage and strong analytics services at the cost of
creating certain intrinsic constraints to real-time agricultural processes. Major challenges that have been reported
to be a high latency, constant internet addiction and high communication overhead especially in rural
deployment cases [9]. Moreover, when using cloud computing services, large pieces of raw sensor data are
delivered to the cloud, which raises the bandwidth usage and operational expenses, so cloud-only solutions fail
to meet the time-sensitive nature of farming programs [10].

In a bid to work around such challenges, the recent research has started examining the concept of integrating
both edge and fog computing paradigm with IoT-based agricultural systems. Data are processed at the optimistic
level near the sense device, making the response time and the load on the network lower. Experimental works in
[11] and [12] indicate the preliminary data filtering and local analytics in an agricultural setting on the basis of
the edge gateways. Such solutions demonstrate better latency capabilities than cloud-based solutions; most of
them, however, are oriented on data aggregation, but not real-time decision-making.

Recent publications have also used machine learning models on-the-edge to detect crops diseases and predict
irrigation [13], [14]. Although the above approaches accentuate the possibility of enabling intelligence edges, in
many cases, they are computationally dynamic or do not mention system deployability and cost limitations.
Moreover, not much effort has been dedicated to assessing the bandwidth reduction and shorter response time in
comparison with cloud-only architectures.

To sum up, the literature on the use of the IoT and edge computing in agriculture has proven this technology as
having potential, yet it has shown multiple research gaps. Majority of the existing solutions are focused on
cloud-based processing or can offer only partial edge capabilities without focusing on real-time response and
feasible implementation. This drives the suggested edge computing enhanced smart agriculture system, which
concentrates on local decision-making, less latency, and effective bandwidth use in the hope of supporting cloud
storage in the long term.
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III. SYSTEM ARCHITECTURE

The suggested smart farming solution with edge computing is aimed at serving real-time sensory and
psychological feedback and making decisions with minimal latency and network reliance. The general topology
is based on a three-layer design comprising of sensing layer, edge processing layer, and cloud layer, as shown in
Figure 1.
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Figure 1. Proposed edge computing—enabled smart agriculture system architecture.

A. Sensing Layer

The sensing layer includes IoT-related environmental sensors installed on the agricultural land to detect all
essential parameters in the field including soil moisture, temperature, humidity, and ambient conditions. Such
sensors produce raw data periodically and broadcast it to the edge gateway through the application of short-range
wireless communication protocols. It is the main data collection tool and allows a high-resolution tracking of the
crop and environmental conditions [15].

B. Edge Processing Layer

The edge layer is the central point of the proposed architecture that will process the local data and give
intelligent decisions. The sensor data of the sensing layer is inputted into an edge gateway, which is based on a
cheap embedded computing system and the gateway does preprocessing, which includes noise filtering, data
aggregation, and threshold-based analysis. What is plotted on the mass market are lightweight decision logic
inference or machine learning inference, which are fast to run on user devices to issue real-time alerts about
agricultural affairs like irrigation control or environmental notifications.

With edge computing, the system spares much latency between communication and does not have to
continuously transmit the raw sensor data to the cloud. This local intelligence will allow responding to intrusions
faster and enhance the reliability of the system in cases of low or unreliable internet access [16].

C. Cloud Layer

Cloud layer offers long term data storage capabilities, visualization and system-level analytics. Only the
informational data summarized or event-based created at the edge layer is sent to the cloud, thus saving on usage
of bandwidth. Through the cloud platform, the historical analysis, trend visual representation, and remote
monitoring are supported using dashboards which can be accessed by farmers or farming professionals. Also, it
is possible to update the decision models or system parameters deployed on the edge using the cloud which will
provide scalability and adaptability of the overall design [17].

IV. PROPOSED METHODOLOGY

The developed methodology is aimed at empowering real-time monitoring and decision making of agriculture by
means of localized edge intelligence. This workflow aims to reduce the latency and bandwidth type and provides
a reliable working system in the agricultural settings that are resource limited. The general procedure is a five
steps process of acquisition of data, preprocessing of edges, local decisions, action of triggering, and cloud
synchronization.
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A. Data Acquisition

The data about the environment is always monitored at the sensing layer which consists of soil moisture sensors,
sensors of temperature and humidity spread all over the agricultural area. Raw data are occasionally sent by the
sensors in the edge gateway through low-power wireless communication protocols. This measure will be used to
maintain energy efficiency by monitoring the field conditions as and when it is necessary [18].

B. Edge-Level Preprocessing

The edge gateway processes sensor data when it receives this data to enhance the quality and minimize
redundancy of the data. These processes are noise filtering, data normalization and thus aggregation of short time
windows. This system removes the outliers and the irrelevant data at the edge thereby minimizing unnecessary
data transmission and readying the input to be utilized in making decisions efficiently [19].

C. Local Decision-Making at the Edge

And the already processed data is processed locally on the edge gateway by lightweight decision logic. This
logic can be threshold-based or simplified machine learning which can be deployed to embedded systems. To
illustrate on an example, the irrigation alerts would happen when the soil moisture is below a specified limit, and
the environmental warning would happen when there are anomalies in the temperature or humidity levels.
Making decisions on the edge provides real-time responses without the use of cloud connectivity, and therefore,
the system response time is also considerably lower [20].

D. Action Triggering and Alerts

The system provides the right response depending on the decision taken i.e. when a system raises an alarm like
irrigation or sending a message about a problem to the farmer. These functions are implemented close to real
time and this enables timely action to enhance the health of crops and resource management. This step
accentuates the benefit of edge computing in the provision of time-sensitive agricultural processes [21].

E. Cloud Synchronization

Only the information about the alerts and aggregate sensor data, which is very relevant and summarized, make it
to the cloud layer. The cloud is used to store the historical data, it supports the visualization dashboards, and
long-term analytics. This system of selective data transmission lowers the bandwidth usage and operational
expenses but remains with the advantages of cloud-based monitoring and analysis [22].

V. RESULTS AND DISCUSSION

The metrics to compare the performance of the proposed system of edge computing-enabled smart agriculture
comprise the latency, bandwidth utilization, and response time. In order to offer the efficiency of the suggested
solution, the comparison of the conventional cloud-based architecture with the provided edge-based one is made.
It is analyzed in terms of time-consuming agricultural activities such as irrigation notification and environmental
conditions observation.

A. Latency Analysis

Latency is a very important key performance indicator of real time smart agriculture system. The sensor data in
traditional cloud-based architectures has to be sent far off servers where they are processed, creating delay in
communication and processing. By contrast, the suggested framework will preprocess and make decisions
directly on the edge gateway.

TABLE I: PERFORMANCE SUMMARY

Metric Cloud-Based System Proposed Edge-Based System Improvement
Avg. Latency 820 ms 210 ms 74.4% |
Response Time 1.35s 042s 68.9% |
Bandwidth Usage 100% (baseline) 38% 62% |

Packet Transmission Continuous Event-driven Reduced Load
Cloud Dependency High Minimal —

Through experimental measurements, the mean end-to-end latency of the cloud-based system was 820 ms and
the latency of the proposed edge-enabled system was 210 ms which is 74.4 percent lower as shown in table I.
This reduced large scale, allows time sensitive agriculture processes like irrigation alerts and environmental
aberration monitoring a quicker system response. The edge-based processing consistently achieves much lower
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latency than cloud-based processing across all iterations, making it more suitable for real-time applications is
shown in Figure 2.

B. Bandwidth Utilization

The current cloud-based smart agriculture systems always send the raw sensor data in real-time and it
consequently consumes a lot of bandwidth. The suggested architecture will minimize the network overhead by
doing local data filtering, aggregating it, and event-based cloud synchronization.

It is observed experimentally that the bandwidth consumption was cut down to approximately 62 percent
because only summarized and essential events were sent to the cloud.

Such reduction comes in handy especially in rural agricultural deployments where there is limited or unstable
connectivity. The edge-enabled system consistently uses significantly less bandwidth than the cloud-only system
across all iterations, indicating more efficient data handling is shown in Figure 3.
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Figure 2. Comparison of response latency between cloud-based Figure 3. Bandwidth consumption comparison between cloud-
and edge-based processing only and edge-enabled architectures

C. Discussion

The experimental findings confirm the improvement of the system performance greatly when edge computing is
integrated with the IoT-based agricultural monitoring. It is achieved due to the 74.4% latency and 62%
bandwidth reduction: the local intelligence effectively addresses the delay and communication overhead of
cloud-only systems.

Moreover, the reliability of time-sensitive activities like irrigation control is improved because of the
enhancement of the response time. These results prove that the framework offered is a viable balance between
edge intelligence and cloud-based analytics.

VI. CONCLUSION AND FUTURE WORK

The current paper offered a proposal of an edge computing based smart farming system that will enable real time
monitoring and decision making in the farm [23]F. The suggested system bridges the gap between IoT-powered
sensing and localized edge intelligence to address the failure of solutions to agriculture that are based on cloud
computing in particular, realize high latency, require bandwidth, and react with a low response time [24]. The
fact that the edge processing of the data enables the possibility to make decisions much quicker, also, improves
the collaboration of the system, and the communication load must be minimal, that is, the framework could be
deployed in time-sensitive applications in agriculture.

The experiments showed that the proposed edge-based architecture saves by far response responsiveness and
bandwidth utilisation than the traditional cloud-only set ups sss[25]. Such advances increase the efficiency of
agricultural processes including the management of irrigation as well as environmental surveillance, particularly
in the rural setting where network connectivity is minimal. Low-cost embedded edge devices are also used, to
enable the feasibility of the proposed solution as realistic in a real-world deployment.

Future research will include the integration of novel machine learning models in the predictive analytics,
inclusion of other data streams like weather predictions and aerial images and a greater scale of the framework to
support distributed edge intelligence and Federated learning. These advances will increase the accuracy,
flexibility, and maintenance of the systems in the field of precision agriculture.
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