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ABSTRACT 
	
Aim:
In this work, we explored the use of drones fitted with sound emitters and guided by artificial intelligence (AI) together with quantum-inspired optimization as an alternative to chemical pest control.

Study Design:
The approach was tested only in simulations that modelled maize, orchard, and rice farming systems.


Methodology:
The pest groups considered included crop-eating birds such as crows and sparrows, as well as insects like caterpillars and locusts.

Place and Duration of Study:
This study was conducted in a controlled environment over five months, from January to May 2024
Results:
The adaptive drone system showed 20–40% higher repellence rates compared with fixed ultrasonic devices. Quantum-inspired optimization reduced the number of steps needed to identify effective sound frequencies by about 40% compared with classical trial-and-error approaches. However, energy use was 15–20% higher because of drone movement and on-board computation.

Conclusion:
These findings are preliminary and based only on controlled simulations. The system shows promise, but several limitations remain. The results have not been tested under real farm conditions, where weather, field size, and maintenance demands may strongly affect performance. The quantum component was modelled in a simplified way and not run on actual hardware. Costs and regulatory issues were also not considered. Field trials will be necessary to confirm how well the system performs under practical farming conditions, including different climates, crop scales, and economic settings.
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1. INTRODUCTION 


Pests are still one of the biggest problems facing global food security. The FAO (2020) estimates that around 40% of crops are lost every year because of pest damage. Insects like locusts and caterpillars, and birds such as crows and sparrows, cause serious losses in cereals, fruits, and rice. Most farmers still depend on chemical pesticides. They usually work for a while, but after some time, the effect fades and other problems start showing up, pest resistance, pollution of soil and water, fewer pollinators, and even health concerns (Goulson, 2018).
Most farmers rely on chemical pesticides. They do help in the beginning, but later they bring new problems. The chemicals don’t only kill pests, they also end up polluting soil and water, and they hurt useful insects such as bees. People can also be affected if these chemicals are used too much (Goulson, 2018). Another challenge is resistance. After some years, the pests get used to the pesticides, so farmers are forced to spray more often and in larger amounts. Other methods exist, like biological control or manual removal, but these are harder to use on large farms.

Farmers have also tried sound as a way to keep pests away. Some devices make ultrasonic noise, while others play distress calls. They seem to work in the beginning, but not for long. After a while, the pests get used to the noise, or the devices don’t really match the type of pest they are meant for (Low et al., 2021). That’s why farmers are still looking for better solutions that are smarter and flexible enough to handle different pests

One possible solution is drones. Farmers already use drones for simple jobs such as spraying, taking pictures, and keeping an eye on their crops (Guebsi et al., 2024). Drones are quick, can cover big areas, and can also be sent to focus on a small spot if needed. If a drone has a speaker, it can play sounds right where pests are causing damage. When you add artificial intelligence (AI), the idea becomes even stronger because the drone could spot pests in real time and react immediately.

In this paper, we suggest taking it a step further by combining drones and AI with quantum computing. Quantum optimization is still new, but some studies say it can solve tough problems faster than regular computers (Bu et al., 2025). Since pests react in different ways to different sounds, it is not easy to know which frequency or pattern will actually work. Quantum models could help by testing many options quickly and pointing out the sound patterns that are most effective at keeping pests away

2. MATERIAL AND METHODS 

This study explored the use of drones fitted with sound devices to repel pests from crops. The work was carried out through simulations rather than field experiments, and all tests were conducted in a controlled research environment between January 2024 and May 2025.

The system combined three main components: the drone itself, an acoustic emitter, and software modules for artificial intelligence (AI) and quantum optimization. The drone was programmed to move across simulated maize fields, orchards, and rice paddies, detect pest activity, and release sound frequencies intended to repel insects and crop-feeding birds. Earlier studies have demonstrated that sound can influence pest behavior, and drones have also been utilized in farming for monitoring and crop management (Anam et al., 2024; Chen et al., 2024; Patel & Shah, 2023).
2.1 System Components

The setup had three main parts working together:

Drone platform, fitted with an acoustic emitter that ran in the 10–50 kHz range.

AI module for spotting pests in real time and adjusting the sounds on the fly.

Quantum-inspired optimization routine to help figure out which sound patterns worked best, and to do it faster than the usual methods.

2.2 Simulation Setup

The simulations were done in a controlled setup and ran from January 2024 to May 2025. Pest activity was modelled based on published studies on insect and bird acoustic responses (Chen et al., 2024; Low et al., 2021). We estimated the energy use from some earlier drone studies in farming (Wu et al., 2024), mostly based on how the UAVs performed.
Table 1. Crop environments used in the simulations
	
	Crop type
	Pests included in the simulation
	Frequency range tested (kHz)
	Notes on energy data

	Maize
	Mainly birds such as crows, sparrows
	10-30 
	Wu et al. (2024)

	Orchard
	Insects + small birds
	15-40
	Wu et al. (2024)

	Rice paddy
	Insects like locusts and caterpillars
	20-50
	Data adjusted from UAV studies



Notes: Values of energy use were adjusted from earlier UAV energy studies. Pests were selected based on published agricultural reports.


2.3 Acoustic Drone Design

“In the simulations, each drone carried a sound emitter able to produce frequencies between 10 kHz and 50 kHz. This frequency range was chosen because earlier studies reported that it could disrupt both insects and birds (Freeman et al., 2024; Alarcón et al., 2023). Unlike fixed devices, the drones could move across the fields, cover wider areas, and lower the risk of pests getting used to a constant signal.
2.4  Quantum Optimization

To identify the presence of pests, the AI system evaluated sensor data during the simulations and adjusted the sound response in real time. Unlike fixed ultrasonic devices, which operate at a constant setting and cannot react to changing field conditions, the drones demonstrated a clear advantage through their ability to adapt on the spot. In contrast, the quantum approach yielded useful results in a few steps, while traditional methods typically require multiple attempts to identify the correct frequency (Bu et al., 2025; Villalba-Díez et al., 2025).
2.5 Experimental Comparison

To test these findings, we compared two setups in simulation. The first served as a baseline and used fixed ultrasonic devices placed around the fields. The second used drone-mounted systems that combined real-time AI sensing with the quantum optimization routine described above. Both were tested in maize, orchard, and paddy field simulations over several crop cycles to check consistency second was the proposed method using drones with AI-controlled sound emitters supported by quantum optimization. Both systems were tested in maize, orchards, and paddy fields across several simulated crop cycles to check consistency.

Both systems were tested across the three simulated crop environments for several crop cycles to confirm consistency.
Table 2. Systems compared during simulation
	System tested
	Main description
	Weaknesses observed

	Fixed sound devices
	Speakers placed around the fields at one frequency
	Pests adjusted over time, no flexibility

	Drone with sound + AI
	Drones moved around, adjusted sounds in real time
	Used more energy, still only tested in simulation


Notes: The drone system included AI-driven detection and quantum optimization for faster signal adjustment.

2.6 Evaluation Metrics

Performance was evaluated using three indicators. The first was the repellence rate, measured as the reduction in pest numbers compared with the control. The second was optimization time, which recorded how quickly the system identified effective sound frequencies compared with classical methods. The third was energy use, assessed by comparing drone energy consumption with standard UAV pest control systems (Wu et al., 2024).
3. RESULTS AND DISCUSSION

3.1 Repellence Effectiveness

The fixed sound devices cut pest activity by around 25–35%. The drone setup did quite a bit better, with reductions of about 65–70% in maize, around 60% in orchards, and roughly 72% in rice fields. These numbers seem to match what others have seen before: pests get used to the same sound after a while, but when the sound moves or changes, they react more (Low et al., 2021).





Figure 1: Repellence rates across crop types
[image: ]
Figure 1 shows the repellence rates across the three crop environments.

The results suggest that mobility and adaptability give drones a clear advantage. Unlike fixed devices that emit one signal, drones were able to move across fields and adjust their sounds, which helped prevent pests from becoming familiar with the noise. This agrees with earlier reports that pests can quickly adapt to constant ultrasonic signals (Low et al., 2021).

3.2 Optimization Time

With the normal (classical) setup, it took around 10–12 tries to find good frequencies. The quantum-inspired one did it in about 6–7 tries, so roughly 40% faster. That lines up with what recent studies say about quantum optimization being quicker (Villalba-Díez et al., 2025), though this still needs to be taken carefully since no real quantum hardware was used. 

Table 3: Average Optimization Time for Classical and Quantum Models
	Approach
	Average Steps to Find Frequency
	Relative Time (Normalized)

	Classical system
	         10–12 steps
	1.0

	Quantum-enhanced  model
	          6–7 steps
	0.6


Note: Results are averaged across all crop simulations. Relative time is expressed with the classical system set as 1.0 for comparison.

Table 3 shows the average optimization time for the two approaches.

Quick optimization is crucial in real farming, where pest activity can shift at any moment. The advantage seen here is consistent with studies that highlight how quantum computing reduces the number of iterations needed for complex optimization tasks (Villalba-Díez et al., 2025).

3.3 Energy Use
The drone system used about 15–20% more energy than the fixed setup, mostly because of the flying and the on-board processing. Figure 2 shows how the energy was spread across flight, sound output, and processing. Even though it used more energy, that might be fine if it helps cut down on pesticide use and reduces overall environmental harm.

Figure 2: Distribution of drone energy use
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Figure 2 presents how the energy was distributed among drone movement, sound emission, and AI/quantum processing.

While energy demand increased, this trade-off may still be acceptable. Using drones allows farmers to cut back on chemical spraying, which could help protect the environment. Although the drones used more energy, the trade-off could be worth it if it means using fewer pesticides.

3.4 Practical Considerations and Limitations


· Simulation-only: Everything was done in simulation, no real farm tests yet. Things like wind, rain, or uneven ground could change how well it works.
· Economic factors: Things like the price of the drones, repairs, and flight rules were not included here, but they would probably matter a lot once you try this in real life.
· Quantum computing: Still early days. It might take a while before this kind of tech can actually be used on farms.
· Regulations and side effects: Noise levels, flight limits, and effects on other animals all need more checking.

Overall, the system looks promising as part of an integrated pest management setup, but it will need real-world testing on larger scales to be better understood. 
4. CONCLUSION

This study tested drones with AI-based sound emitters and a bit of quantum-inspired optimization in simulated setups for maize, orchard, and rice fields. The system achieved higher repellence effectiveness and faster optimization compared with fixed devices, though at the cost of increased energy use.
These results point toward the idea that pest control could be done in a cleaner, more tech-based way. Still, it’s early days. Real field tests, cost checks, and longer-term studies on the environment would be needed before farmers could actually use something like this.


Disclaimer (Artificial intelligence) 
Author(s) hereby declare that NO generative AI technologies such as Large Language Models (ChatGPT, COPILOT, etc.) and text-to-image generators have been used during the writing or editing of this manuscript. 

REFERENCES
Alsadik, B., Ellsäßer, F. J., Awawdeh, M., Al-Rawabdeh, A., Almahasneh, L., Oude Elberink, S., et al. (2024). Remote sensing technologies using UAVs for pest and disease monitoring: A review centered on date palm trees. Remote Sensing, 16(23), 4371. https://doi.org/10.3390/rs16234371
Amarasingam, N., Powell, K. S., Sandino, J., Bratanov, D., Ashan Salgadoe, A. S., & Gonzalez, F. (2025). Mapping of insect pest infestation for precision agriculture: A UAV-based multispectral imaging and deep learning techniques. International Journal of Applied Earth Observation and Geoinformation, 137, 104413. https://doi.org/10.1016/j.jag.2025.104413
Anam, I., Arafat, N., Hafiz, M. S., Jim, J. R., Kabir, M. M., & Mridha, M. F. (2024). A systematic review of UAV and AI integration for targeted disease detection, weed management and pest control. Smart Agricultural Technology, 9, 100647. https://doi.org/10.1016/j.atech.2024.100647
Aslam, N., Zhou, H., Urbach, E. K., Turner, M. J., Walsworth, R. L., Lukin, M. D., & Park, H. (2023). Quantum sensors for biomedical applications. Nature Reviews Physics, 5, 271–289. https://doi.org/10.1038/s42254-023-00558-3
Benelli, G., & Mehlhorn, H. (2016). Declining malaria, rising of dengue and Zika virus: insights for mosquito vector control. Parasitology Research, 115, 1747–1754. https://doi.org/10.1007/s00436-016-4971-z
Bu, J.-T., Zhang, L., Yu, Z., Wang, J.-B., Ding, W.-Q., Yuan, W.-F., et al. (2025). Exploring the experimental limit of deep quantum signal processing using a trapped-ion simulator. Physical Review Applied, 23(5), 054002. https://arxiv.org/abs/2502.20199
Chen, Q., Li, X., Sun, J., & Zhao, Y. (2024). Experimental study of acoustic bird repellents. Pest Management Science, 80(2), 402–411. https://doi.org/10.1002/ps.7850
de Leija, A. C., Martin, R., Green, D., & Olsen, P. (2023). Meta-analysis of drone disturbance on nesting birds. Avian Conservation and Ecology, 18(1), 3. https://ace-eco.org/vol18/iss1/art3/
Dinh, N. T., Pham, Q. H., Le, T. A., Nguyen, M. H., & Tran, H. Q. (2023). Deep learning-powered real-time identification of insects using citizen-science data. arXiv preprint, arXiv:2306.02507. https://arxiv.org/abs/2306.02507
Food and Agriculture Organization of the United Nations. (2020). The State of Food and Agriculture 2020. Rome: FAO. https://openknowledge.fao.org/items/a2dc7490-735d-4b5d-92a2-a36bfb380e02
Hernadi, M. F., Osman, R., Khalid, S., & Noor, H. (2025). Automated bird deterrent systems: A review. Journal of Electrical Engineering & ICT, 12(1), 55–68. https://jurnal.uns.ac.id/jeeict/article/view/95184
Hu, G., & Chapman, J. W. (2024). Monitoring aerial insect biodiversity: a radar perspective. Philosophical Transactions of the Royal Society B: Biological Sciences, 379(1997), 20230113. https://doi.org/10.1098/rstb.2023.0113
Kovalev, A., Tarasova, O., Soukhovolsky, V., & Ivanova, Y. (2024). Is it possible to predict a forest insect outbreak? Backtesting using remote sensing data. Forests, 15(8), 1458. https://doi.org/10.3390/f15081458
Li, X., & Wang, A. (2025). Forest pest monitoring and early warning using UAV remote sensing and computer vision techniques. Scientific Reports, 15, 401. https://doi.org/10.1038/s41598-024-84464-3
Liu, J., Zhou, W., & Tang, H. (2023). Real-time monitoring of insects based on laser remote sensing. Ecological Indicators, 151, 110302. https://doi.org/10.1016/j.ecolind.2023.110302
Rydhmer, K., Bick, E., Still, L., Strand, A., Luciano, R., Helmreich, S., et al. (2022). Automating insect monitoring using unsupervised near-infrared sensors. Scientific Reports, 12, 2603. https://doi.org/10.1038/s41598-022-06439-6
Sánchez-Bayo, F., & Wyckhuys, K. A. G. (2019). Worldwide decline of the entomofauna: A review of its drivers. Biological Conservation, 232, 8–27. https://doi.org/10.1016/j.biocon.2019.01.020
Saran, S., Hiremath, S. S., Kumar, A., Ashoka, P., Singh, H., Chakraborty, S., et al. (2025). Remote sensing and automated monitoring systems for insect pest detection and surveillance. Uttar Pradesh Journal of Zoology, 46(2), 155–171. https://doi.org/10.56557/upjoz/2025/v46i24771
Sishodia, R. P., Ray, R. L., & Singh, S. K. (2020). Applications of remote sensing in precision agriculture: A review. Remote Sensing, 12(19), 3136. https://doi.org/10.3390/rs12193136

DEFINITIONS, ACRONYMS, ABBREVIATIONS
AI – Artificial intelligence. Just means the system that made decisions for the drones.
UAV – Unmanned Aerial Vehicle, or simply drone.
FAO – Food and Agriculture Organization (United Nations body).
IPM – Integrated pest management, a mix of methods farmers use to keep pests under control.
Quantum optimization – A newer computing approach we used to cut down the search time for sound signals.
Ultrasonic device – Fixed sound machines that produce high-frequency noise to drive pests away.
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