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Nanotechnology, especially nanosensors (NS), has gotten much attention from experts because it 

works well in many fields, including mining, robotics, healthcare, and agriculture. Concerns about 

ecology, lack of food, and changing temperatures have made using NSs in agriculture and the 

environment more important and led to progress.  Researchers have made much progress in 

artificial intelligence, especially in Machine Learning (ML), which has led to new methods to 

make NS devices better and faster.  This summary talks about the latest studies that use machine 

learning to look at data from net sensors for real-time agriculture and the environment (AEV). 

The study gives an overview of NSs, ML, and its use in NSs. The research includes a short talk 

and findings about what the study's information means for the future of the AEV business.  
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1. Introduction 

Agriculture must fix many problems to meet the future goals for food security and the 

environment [1].  Due to limited resources and the need to balance higher production with 

protecting the environment, many farming methods today can only last for a while.  There is 

a link between nanotechnology and "intelligent farming."  Nanotechnology is the use of 

devices and objects that are between 1 and 100 nm in size [2]. This method has been used in 

many fields, from essential physics and materials study to healthcare and information 

technology [14].  Nanotechnology has a lot of potential to help farmers use techniques that 

are better for the earth and last longer. 

Since the middle of the 2010s, many more academic papers have discussed how Machine 

Learning (ML) can be used in agriculture [3]. These methods have been handy and hopeful 

tools since they were first used. Many studies have shown that ML can be used to develop 

and build Nanosensors (NS) [4]. Large amounts of data are combined with machine learning 
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techniques to help find trends that would be easier to see with these tools [6]. Due to their 

small size, traditional NS technologies have problems with weak signals and too much noise, 

which makes real-time detection more difficult [11]. The use of ML helps solve these issues. 

 

2. Methods 

2.1 Survey 

A literature analysis was performed using the keywords "Nanosensors," "ML," and 

"Farming.”  

The search outcomes were meticulously scrutinized for their substance and chosen for 

inclusion in this evaluation. The papers needed to include an NS that used ML to analyze 

data for particular purposes in the AEV industry. The publications that completed this 

assessment were further analyzed using the Connect Papers program, which revealed other 

potentially related articles that had been scrutinized using the criteria above. Around 50 

papers were ultimately chosen for inclusion in this study. They underwent further 

examination to collect precise data for this research. The provided information includes (1) 

the specific class or categories of NSs employed, (2) the kind or varieties of ML tools 

employed, (3) the AEV issue tackled by these approaches, and (4) the advantages and 

disadvantages, if any, of each NS/ML implementation. 

2.2 Nanosensors 

NSs include nanomaterials that identify analytes by producing signals, which are then 

examined using suitable equipment. Nanomaterials are often regarded as highly appropriate 

for sensor applications due to their inherent characteristics in real-time. 

• Nanomaterials have a large surface area because of their very tiny size. This 

enhances the degree of contact between the outside of the nanomaterial and the surrounding 

surroundings.  

• Functionalization ease: Nanomaterials exhibit a significant level of flexibility in 

surface chemistry, allowing for the creation of receptor species tailored to particular targets. 

• Nanomaterials have distinct characteristics resulting from their small dimensions, 

which deviate from those of the same substance at larger scales. These qualities are 

quantized in nature. 

Typically, these gadgets include the following elements [5]: 

• Receptor: The surface components that interact with the target organism.  These are 

chosen for their ability to selectively and reversibly attach, often via non-covalent 

interactions.  

• The nanomaterial core serves as the primary element of the sensor device.  NSs 

participate in catalysis, illumination, color changes, or any other essential attribute of their 

function.  



843 Gopesh Kumar Bharti et al. Real-Time Surveillance of Nanosensors....                                                                              
 

Nanotechnology Perceptions Vol. 20 No.S1 (2024) 

• Transducer: A device that converts the detection of the target into a readable signal. 

This includes either the nanomaterial or composites that would produce the signal or the 

outside layer to which the substance would be attached and through which the signal would 

travel. 

• Receiver: The device or element that receives the signal sent by the transducer and 

converts it into data that can be analyzed to identify the characteristics of the signal. 

A typical WSN for AEV is composed of three primary tiers [12]: 

• The sensing layer comprises NSs and other detectors that gather data on soil 

moisture, temperatures, pH, nutrients, crop development, and other pertinent factors. NSs 

often combine with wireless transceiver components, microcontrollers, and power sources to 

create self-sufficient and self-powered detecting nodes. 

• The communication layer facilitates the wireless transfer of sensor information from 

the sensing points to a central station or gateways. Several communication procedures, such 

as ZigBee, LoRa, or Wi-Fi, accomplish this. The center station establishes communication 

with other central stations or distant servers using a backhaul system, such as mobile or 

satellite connectivity. 

• The application layer encompasses cloud computing, big data analysis, and ML 

methods to store, process, analyze, and visualize sensor data. The data analysis provides 

practical insights, suggestions, and notifications for farmers, including ideal irrigation 

timetables, fertilizer dosage recommendations, and pest management strategies. 

2.3 Analytical models 

Combining NSs with Wireless Sensor Networks (WSN) produces substantial amounts and 

diverse data types, necessitating sophisticated data analytics and ML methods to extract 

valuable insights and facilitate real-time decision-making [7]. Several prevalent data 

analytics approaches used in AEV are: 

• Descriptive analysis summarizes and displays sensor information using statistical 

techniques and visual representations, such as histograms, scatter graphs, and temperature 

maps. The objective is to detect trends, cycles, and anomalies in soil and crop characteristics. 

• Diagnostic analytics entails examining sensor data to discover the factors 

influencing the association between soil and other variables. Techniques used in this analysis 

include evaluation, principal component evaluation, and clustering. 

• Predictive analysis uses sensor information to create a model to forecast future soil 

and crop requirements, including quality, yield, and strain. This is achieved using regression 

modeling, time series evaluation, and ML techniques.  

• Prescriptive analysis uses sensor information and prediction models to create 

customized suggestions and optimum management methods for individual sites. These 

methods include variable rate usage of inputs, accurate irrigation, and tailored insect control. 

2.4 Machine learning models 

ML has demonstrated significant promise in using NS data to maximize the value in AEV. 
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ML systems can autonomously acquire associations and trends from extensive datasets 

without explicit programming. They enhance their efficacy over time by incorporating fresh, 

real-time data. Several prevalent ML methods used in AEV are: 

• Support Vector Machines (SVM) are supervised learning methods for classifying 

and predicting variables based on input data [8]. They work by determining the best 

hyperplane that divides different categories in a high-dimensional field.  

• Random Forests (RF) are ensemble learning techniques that enhance the accuracy 

and resilience of predictions by aggregating the outputs of several decision trees via average 

or voting [13]. 

• Artificial Neural Networks (ANN) are programs that have been motivated by 

biology and can simulate the structure and function of the human brain [10]. They can model 

complicated and nonlinear interactions between input and output parameters.  

Deep learning (DL) refers to sophisticated neural network methods that can acquire 

hierarchical and abstract characteristics from unprocessed data. DL achieves this by utilizing 

multiple layers of nodes and relationships. In tasks like image identification, speech 

identification, and natural language processing, DL methods have been shown to outperform 

conventional ML methods [9].  

2.5 Challenges 

Nanotechnology-enabled earth monitoring for AEV has a lot of potential, but some real-time 

problems and roadblocks need to be fixed before it can be widely used and accepted. This 

package comes with the following: 

NSs are often made using complicated and expensive methods like etching, chemical vapor 

depositing, or atomic layer depositing, which could make it harder to make a lot of them and 

make them more expensive. 

NSs have to deal with complex and changing soil conditions, such as high temperature, high 

humidity, salt, and pH levels, affecting how well and how long they work. 

Accidental release and growth of NSs and nanoparticles in the soil can harm soil ecosystems 

and food security. This depends on what they are made of, their size, shape, and the way they 

interact with surfaces. It is harmful to the environment and doesn't break down naturally. 

Many rules and standards control the use of NSs in agriculture. These cover food safety, 

environmental protection, and worker health. 

The use of NSs in AEV depends on how profitable they are and how much money they make 

back for farmers. This is done by looking at hardware, software, and services costs and the 

possible benefits of better crop production, quality, and resource efficiency.  

To use NSs in accuracy agriculture on a broad scale, it is necessary to have a supportive 

institutional and regulatory framework. This framework should provide promotions, assets, 

and oversight for advancement, research, and development.  
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2.6 Future perspectives 

This study has comprehensively analyzed the current cutting-edge technology and potential 

future advancements in nanotechnology-based devices and systems for soil monitoring. It 

covers this field's fundamental concepts, practical applications, obstacles, and possibilities. 

The objective is to create real-time NSs and nanoparticles that are inexpensive, dependable, 

and environmentally friendly. This will be achieved using sustainable manufacturing 

techniques and biobased raw materials. 

It combines NSs with other developing methods, such as printed gadgets, adaptable 

electronics, and harnessing energy, to create soil detectors that are self-powered, portable, 

and biodegradable.  

It enhances data analysis and ML methods to derive more valuable information from NS 

information, enabling decision support systems that can operate in real-time and adjust to 

changing circumstances. 

They perform thorough and systematic evaluations of the environmental, medical care, and 

safety hazards of real-time NSs and nanotechnology. They use established and verified 

techniques, protocols, and optimal approaches for secure and accountable utilization. 

It facilitates the involvement and empowerment of consumers, farmers, and other relevant 

parties in the collaborative development, planning, and execution of nanotechnology-based 

AEV. This will be achieved through democratic and multidimensional methods, including 

living laboratories, citizen science, and accountable innovation and study.  

 

3. Conclusion and findings 

This research presents the most recent research on NSs for addressing AEV issues via ML. 

Existing research demonstrates the growing use of these methods in this domain, resulting in 

enhanced NSs and better data processing of real-time NS devices.  NSs, a subset of 

nanotechnology, have significant promise for strengthening AEV administration and 

environmental surveillance.  Two critical challenges that need to be addressed for the broad 

use of this technology are noise and confusing signals. Utilizing ML methods offers a 

powerful tool to address these challenges and enhance the potential feasibility of this system.   

There are further concerns with the extensive use of this sort of technology.  Several include 

technical aspects, such as ensuring precise and consistent nanoparticles with the specific 

qualities required for real-time NSs and creating scalable ways for assembling NS gadgets.  

Irrespective of the future trajectory, the fusion of ML and NS technologies will be a pivotal 

tool for analyzing AEV circumstances. 
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