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nsect pests remain one of the biggest threats to farm income and global food security, 

destroying a large share of the world's crops every year despite decades of chemical 

control. This article examines how precision agriculture, an approach built on sensors, 

satellite and drone imagery, the Internet of Things (IoT), geographic information systems 

(GIS), and artificial intelligence (AI), is reshaping insect pest management from a calendar-

driven, whole-field activity into a data-driven, site-specific practice. It describes the core 

technologies involved, including remote sensing platforms, smart pheromone traps, machine-

vision pest identification, and decision support systems, and shows how they work together in 

a typical monitoring-to-action workflow. Evidence from cotton fields, apple orchards, and 

fruit fly management programs is used to illustrate real gains in detection accuracy, response 

speed, and insecticide savings. The article also weighs the practical barriers, such as cost, 

connectivity, and data quality, that still limit adoption, particularly among smallholder 

farmers, and outlines where the field is headed next. The overall picture is one of a slow but 

steady shift toward pest management that is more precise, more sustainable, and less wasteful 

than the practices it is replacing. 
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Introduction 
Farmers have been fighting insects for as long as they have grown crops, and the insects are 

still winning more often than anyone would like. The Food and Agriculture Organization of 

the United Nations estimates that pests destroy between one-fifth and two-fifths of global 

crop production every year, and that invasive insects alone cost the world economy tens of 

billions of dollars annually (Zimmerer et al., 2021). Warming temperatures are expected to 

make the problem worse rather than better: modelling of wheat, rice, and maize shows that 

insect-driven yield losses could climb noticeably for every additional degree of warming, 

with temperate farming regions hit hardest (Deutsch et al., 2018). For most of modern 

agricultural history, the standard response to this pressure has been broad-spectrum 

insecticide, applied on a fixed schedule to an entire field regardless of whether pest numbers 

actually justify it. This blunt approach has real costs. It accelerates the evolution of 

insecticide resistance, harms pollinators and natural predators, and wastes money on 

chemicals sprayed where no pest problem exists. Precision agriculture offers a different 

starting point: instead of treating the whole field the same way, use data to find out exactly 

where, when, and how badly pests are present, and act only where it is actually needed 

(Pratap et al., 2025). This article looks at how that idea is being put into practice. It walks 

through the main technologies behind precision insect pest management, shows how they 

typically fit together in the field, reviews evidence of their impact from a few well-

documented crops, and is honest about the obstacles that still stand between promising 

research and everyday use on ordinary farms. 
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It is worth remembering that none of this starts from zero. Integrated pest management 

(IPM), the practice of combining scouting, economic thresholds, and multiple control tactics 

rather than relying on insecticide alone, has been standard agronomic advice for decades. 

Precision agriculture does not replace that philosophy; it gives it far better eyes and ears. 

Where classical IPM depended on a scout's boots and a clipboard, a precision system can 

watch an entire farm continuously, at a level of spatial detail that manual scouting could 

never match, and it can do so without necessarily adding to a farmer's daily workload 

Why Traditional Pest Control Is Running Out of Road 
Conventional pest control is reactive by design. A farmer or scout walks the field, spots 

visible damage or counts insects in a handful of locations, and then decides whether and 

when to spray, usually across the entire plot. By the time damage is visible to the naked eye, 

a pest population has often already crossed the point where a lot of yield has been lost, and 

the treatment window for the most cost-effective response may have already closed. Precision 

pest management flips this sequence. Continuous, automated monitoring is used to catch 

population build-ups early, spatial data is used to work out which parts of a field are actually 

at risk, and control measures are applied only to those zones and only at the rate needed. 

Table 1 summarizes the practical differences between the two approaches. 

Table 1. Conventional versus precision approaches to insect pest management 
Aspect Conventional Pest Management Precision Pest Management 

Scouting method Manual, periodic field walks 
Continuous sensor, drone, and satellite 

monitoring 

Spray decision Calendar-based, whole-field spraying 
Threshold- and hotspot-based, site-specific 

spraying 

Data used Visual inspection, farmer experience Real-time image, weather, and trap-count data 

Insecticide use Often excessive, uniform rate Reduced, variable rate matched to infestation 

Response time Days to weeks after damage is visible 
Near real-time, before economic thresholds 

are crossed 

Environmental impact 
Higher risk of resistance and non-

target harm 

Lower chemical load, better beneficial-insect 

conservation 

Record keeping Paper logs or memory Digital, geo-tagged, analytics-ready datasets 

Each row translates into a concrete outcome: fewer unnecessary sprays, lower resistance 

pressure, better protection of beneficial insects, and a paper trail of data that can be used to 

refine decisions season after season. 

The Technology Toolkit 
Remote Sensing and Drones: Satellites and unmanned aerial vehicles (UAVs) capture high-

resolution imagery, often in wavelengths beyond what the human eye can see, that reveals 

early signs of pest stress in a crop canopy before symptoms are obvious on the ground. 

Multispectral and hyperspectral cameras mounted on drones can flag suspicious hotspots 

across large areas far faster than a human scout ever could (Getahun et al., 2024). Some 

systems go further and combine a drone camera with onboard object-detection models so that 

individual insects or damaged plant tissue can be recognized and located in near real time 

(Zimmerer et al., 2021). 

IoT Sensor Networks and Smart Traps: On the ground, wireless sensor networks and IoT-

enabled traps continuously track variables such as temperature, humidity, and pest counts, 

and relay that data to a central platform without requiring anyone to visit the trap in person. 

One documented system built around the oriental fruit fly used networked traps with cameras 

and environmental sensors to keep tabs on this highly invasive pest, which is established in 

dozens of countries and can rapidly damage a wide range of fruit crops (Ahmed et al., 2024). 

Similar smart-trap designs have been used for orchard pests, where automated counting 

removes the tedium and delay of manually checking sticky traps (Zarboubi et al., 2025). 

Machine Vision and AI-Based Identification: Perhaps the fastest-moving part of this 

toolkit is computer vision. Deep learning models such as convolutional neural networks and, 

more recently, transformer-based architectures can be trained to recognize specific pest 
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species from photographs taken in traps or in the field, often reaching accuracy rates in the 

range of 90 percent or higher on benchmark datasets (Ray et al., 2025). Object-detection 

frameworks have also been paired with drones to spot and localize specific insects on tree 

canopies in orchard settings, and lightweight models are increasingly being designed to run 

directly on low-power embedded hardware in the field rather than requiring a constant 

connection to a distant server (Tanwar et al., 2025). 

GIS Mapping and GPS-Guided Equipment: Geographic information systems tie all of this 

sensor and imagery data to specific coordinates in a field, turning scattered readings into a 

spatial map of pest risk. Combined with GPS-guided sprayers and variable-rate applicators, 

this mapping lets a machine automatically adjust dose, or switch off entirely, as it crosses 

zones with different infestation levels, rather than spraying a whole field at one uniform rate. 

Decision Support Systems: The final piece is software that turns raw data into a 

recommendation a farmer can act on. Decision support systems combine live trap counts, 

weather forecasts, and crop growth stage to estimate whether a pest population is approaching 

an economic threshold, and if so, what treatment option, chemical, biological, or cultural, is 

likely to work best. A recent systematic review of precision agriculture technologies notes 

that these systems, together with variable-rate technology, are central to translating remote 

sensing and IoT data into on-the-ground action (Getahun et al., 2024). Table 2 pulls these 

five technology strands together, summarizing what each one does and where it has been 

applied in practice. 

Table 2. Core precision agriculture technologies used in insect pest management 
Technology Main Function Example Use Case 

Satellites & UAVs (drones) 
Wide-area imaging to spot canopy stress and 

pest hotspots 

Cotton field scouting over large 

acreages 

IoT sensor networks 
Continuous tracking of temperature, humidity, 

and trap activity 
Fruit fly population monitoring 

Smart pheromone/ sticky 

traps 

Automated attraction and counting of target 

insects 

Apple orchard moth and fly 

monitoring 

Machine vision / deep 

learning 

Automatic species identification from trap or 

field images 

Cotton and orchard pest 

classification 

GIS mapping 
Converts point data into spatial risk maps 

across a field 
Zone-based spraying plans 

GPS-guided variable-rate 

sprayers 

Applies chemical only where and at the rate 

needed 

Site-specific insecticide 

application 

Decision support software 
Combines data streams into an actionable 

recommendation 

Threshold-based spray timing 

alerts 

 
Figure 1. Estimated global impact of insect pests on crop production and the economy 

(Zimmerer et al., 2021; Deutsch et al., 2018). 
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Putting the Pieces Together: A Typical Workflow 
In practice, these technologies are rarely used in isolation. A typical precision pest 

management system links them into a continuous loop: field sensors and imaging platforms 

gather data, wireless networks move that data to the cloud, AI models interpret it to flag risk, 

a decision support system weighs the options, and a targeted intervention, whether a localized 

spray, a biological release, or simply closer scouting, is carried out. The results of that 

intervention then feed back into the next round of monitoring, so the system keeps learning 

over a season 

Evidence from the Field 
Cotton is one of the more thoroughly studied cases. A review of IoT-based insect detection 

systems used to gauge the health of cotton agroecosystems found that AI- and sensor-based 

approaches are already capable of monitoring several key pest species, though the authors 

also flagged persistent difficulties in identifying immature insects and distinguishing 

predators from pests, and noted that sensor coverage across large fields is still a limiting 

factor (Kiobia et al., 2023). 

 Apple orchards illustrate how smart traps and improved detection models can address 

a very specific operational problem: keeping up with insect movement and counts under 

changing wind, temperature, and humidity conditions that affect trap efficiency. A low-cost 

IoT and machine-vision monitoring system built for apple pest management combined smart 

traps with an upgraded detection model to keep pest counting accurate even as environmental 

conditions shifted through the season (Zarboubi et al., 2025). 

 Fruit fly management offers a third example. Because fruit flies disperse quickly and 

attack a wide range of crops, year-round monitoring is essential; one system paired 

networked traps with cameras and simple machine learning models to flag fly presence from 

temperature and humidity patterns, cutting down the labor of manual trap checks while giving 

growers earlier warning of a building infestation (Ahmed et al., 2024). More broadly, similar 

AI-and-IoT combinations have reported pest-identification accuracy above 90 percent in 

controlled trials, and mobile applications are increasingly bundling this pest data together 

with local weather information so growers can see everything in one place (Ray et al., 2025). 

What Precision Pest Management Actually Delivers 
The practical case for precision pest management rests on a handful of measurable benefits: 

• Earlier detection: continuous sensing catches infestations while they are still small and 

localized, well before they are visible from the edge of a field. 

• Less insecticide, better targeting: variable-rate spraying limits chemical use to zones that 

actually need it, cutting costs and reducing the selection pressure that drives resistance. 

• Protection of beneficial insects: fewer blanket sprays mean pollinators and natural 

predators are less likely to be harmed by treatments aimed at a single pest. 

• Faster, better-informed decisions: decision support systems translate scattered sensor 

readings into a clear recommendation, reducing guesswork for the grower. 

• A growing base of field data: geo-tagged records built up over seasons make it possible to 

spot long-term pest trends and plan ahead rather than only reacting. 

Together, these gains point toward a form of pest control that is not just more efficient, but 

also more compatible with the broader goals of sustainable agriculture, including biodiversity 

conservation and reduced chemical runoff into soil and water. 

Challenges Still on the Table 
None of this comes free, and the barriers to adoption are real. Upfront costs for drones, sensor 

networks, and connectivity infrastructure remain out of reach for many smallholder farmers, 

who account for a large share of global food production. AI models also need large, well-

labelled image datasets to perform reliably, and a system trained on one pest species, crop 

type, or region does not always transfer cleanly to another; a systematic review of AI-

supported pest and stress detection specifically points to data imbalance, limited model 
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interpretability, and heavy computational requirements as ongoing obstacles (Ray et al., 

2025). Rural connectivity gaps can also break the sensing-to-action chain, since IoT devices 

depend on a stable link to transmit data in something close to real time. On top of the 

technical issues, there is a simple practical one: sensor placement matters, and detecting 

insects that hide, that resemble their surroundings, or that appear only in small numbers per 

image remains genuinely difficult even for advanced models (Kiobia et al., 2023). 

Overcoming these barriers will likely depend as much on affordable hardware, shared open 

datasets, and farmer training as it does on further algorithmic improvement. 

Where the Field Is Headed 
Several trends look set to shape the next stage of precision pest management. Lightweight AI 

models designed to run directly on inexpensive field hardware are reducing the need for 

constant connectivity, an approach explored through techniques such as split learning that 

share computing work between a device in the field and a central server (Tanwar et al., 

2025). Multimodal systems that combine imagery with environmental sensor data are also 

being explored to detect both pest pressure and related plant stress, such as drought or 

nutrient deficiency, from the same monitoring pipeline (Ray et al., 2025). There is also 

growing interest in using large language models and conversational AI tools to help interpret 

precision agriculture data for growers who are not data specialists themselves, turning 

technical outputs into plain-language recommendations that are easier to act on in the field. 

As open datasets grow and hardware costs continue to fall, the technologies described in this 

article are likely to move from research demonstrations into standard farm equipment over 

the coming decade. 

Key Takeaways 

• Insect pests destroy a large share of the world's crops each year, and that pressure is 

expected to grow as the climate warms. 

• Precision agriculture reframes pest control around continuous monitoring and site-specific 

action instead of fixed schedules and whole-field spraying. 

• Remote sensing, IoT sensor networks, machine vision, GIS, and decision support software 

each play a distinct role, and the real value comes from linking them into one workflow. 

• Field evidence from cotton, apple orchards, and fruit fly programs shows real gains in 

detection speed and treatment precision, alongside honest reports of remaining technical 

limits. 

• Cost, connectivity, and data quality remain the biggest obstacles to wider adoption, 

especially for smallholder farmers. 

Conclusion 
Insect pests are not going away, and climate change is likely to make the problem more, not 

less, urgent in the years ahead. Precision agriculture will not eliminate that threat, but it offers 

a genuinely different way of responding to it: replacing calendar-based, whole-field spraying 

with continuous, data-driven monitoring and targeted intervention. The technologies 

involved, remote sensing, IoT sensor networks, machine vision, GIS mapping, and decision 

support systems, are already delivering measurable results in cotton, orchard, and fruit fly 

management programs. The work still to be done lies less in inventing new capabilities than 

in making the ones that already exist affordable, reliable, and usable for the farmers who need 

them most. 
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