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Abstract 
This paper evaluates the reported experimental and economic outcomes of base-station deep learning models for 
drone-based bird pest monitoring and deterrence in rice farms. The drone captures airborne images of the rice field 
and transmits them to a base station, where the AI model detects birds, supports pest classification, assists target 
tracking, and informs deterrent action. The evaluation compares Faster R-CNN with ResNet50, Faster R-CNN with 
ResNet101, and YOLOv7-Large using latency, time-to-detection, threat class accuracy, early warning accuracy, 
composite effectiveness factor, estimated rice loss, and financial loss. The baseline case without AI gives an 
estimated rice loss of 644.04 tons per year, valued at 1,540,870,150.05 Naira. Faster R-CNN with ResNet50 
reduces the loss to 173.97 tons, while Faster R-CNN with ResNet101 reduces it to 154.74 tons. YOLOv7-Large 
gives the best result by reducing the rice loss to 83.64 tons and the annual financial loss to 200,113,006.50 Naira. 
The annual saving obtained with YOLOv7-Large is 1,340,757,143.55 Naira. The results show that the model with 
the strongest technical performance also provides the highest estimated economic benefit. YOLOv7-Large is 
therefore recommended for the base-station implementation scenario considered in this paper. 

Keywords: bird pest deterrence; drone-based monitoring; rice loss reduction; YOLOv7-Large; Faster R-CNN; base 
station AI; financial loss minimization. 

1. Introduction 
Rice farming supports food security and household income in many agricultural communities. A major challenge is 
that bird pests attack rice during the heading, milky, and grain-filling stages. These attacks reduce harvest quantity 
and create financial losses for farmers. Traditional methods such as scarecrows, noise-making, and human guarding 
are still used, but they are labour-intensive and become less effective when birds adapt to them. Without an 
intelligent system, farmers may waste deterrence resources on birds that do not pose a direct threat to rice 
production. 

Drone-based monitoring offers a more flexible solution because the drone can move across the farm, observe birds 
from the air, and support quick deterrent action. When this capability is combined with deep learning, the system 
can detect birds, identify likely pest threats, track their movement, and guide a repellent response. A base station 
can run heavier and more accurate models than a small onboard drone processor because it has better power and 
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computing resources. The main trade-off is that the base-station approach depends on the communication link 
between the drone and the ground unit. 

This paper evaluates base-station AI models for a drone-based bird pest deterrent system. It also links model 
performance to the quantity of rice saved and the amount of money saved. The study is important because a 
technically accurate model is most useful when it also reduces practical farm losses and improves economic return. 

1.1 Aim and contributions 
The aim of the study is to evaluate deep learning models for drone-based bird pest monitoring in rice farms and to 
quantify the expected reduction in rice loss and financial loss. The main contributions are: first, an integrated 
system model for drone-to-base-station bird pest monitoring; second, a corrected explanation of the base-station 
model results; third, clear model architecture diagrams for the models used in the study; fourth, a defined 
composite effectiveness factor for comparing practical deterrent performance; and fifth, an economic analysis that 
connects technical model performance with rice loss reduction. 

1.2 Scope and limitation 
The study focuses on model-based evaluation and economic loss estimation. It does not build a physical drone, 
base station, wireless link, or repellent actuator. The drone is treated as the image-acquisition and response 
platform, while the base station is treated as the computing unit that runs the heavier models. The CUB-200-2011 
and NABirds datasets provide useful bird image samples for training and validation, but they do not fully represent 
Nigerian rice-farm drone imagery. Since CUB-200-2011 and NABirds are not rice-farm-specific drone datasets, 
field validation using Nigerian rice-farm aerial images is required before full deployment. Future work should 
therefore include field-collected drone images from local rice farms, real wireless communication delay, and multi-
season field validation. 

2. Methodology 

2.1 System model architecture 
The proposed system has five main parts: the rice farm environment, the drone camera, the onboard flight 
controller, the wireless link, and the base-station AI unit. The drone captures airborne images or video frames of 
the farm. The frames are either processed locally by a lightweight onboard model or transmitted to the base station 
for heavier model inference. The base station returns a decision that identifies whether the detected bird is a likely 
pest threat and whether deterrent action is required. 
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3.8 Discussion of findings 
The results show that model selection for a drone-based bird pest deterrent system should consider both technical 
and economic performance. Faster R-CNN with ResNet101 improves accuracy compared with ResNet50, but its 
higher latency reduces its practical attractiveness for fast response. YOLOv7-Large gives the best base-station 
balance because it has the lowest pipeline latency, the lowest time-to-detection, the highest early warning accuracy, 
and the highest CEF. 

The economic interpretation is also important. The estimated baseline annual financial loss of 1.54 billion Naira 
shows that bird pest damage is economically significant enough to justify technology-assisted intervention. Faster 
R-CNN with ResNet101 reduces this loss by about 1.17 billion Naira per year, while YOLOv7-Large reduces it by 
about 1.34 billion Naira per year. This indicates that the model with the strongest technical performance also 
provides the highest estimated economic benefit. 

The base-station approach is most suitable where the communication link between the drone and the base station is 
reliable and has low latency. It also requires stable power, a rugged computing unit, a farm-side communication 
gateway, and a clear operational plan for sending drone frames to the base station and returning commands to the 
drone. The onboard approach is more suitable where the communication link is weak or where immediate local 
inference is required. A practical deployment may combine both approaches. The onboard model can provide 
immediate detection and fallback response, while the base station can provide more accurate validation, logging, 
retraining, and decision support. 

4. Conclusion 
This paper presented an evaluation of base-station deep learning models for drone-based bird pest monitoring and 
deterrence in rice farms. The study examined the reported technical and economic outcomes and linked them to 
practical rice-loss reduction. The system model shows how a drone camera, wireless link, base-station AI unit, 
tracking module, and deterrent decision stage can work together to reduce bird-related rice loss. 

The results show that YOLOv7-Large is the best base-station model. It records an end-to-end latency of 74.50 ms, 
time-to-detection of 187.33 ms, early warning accuracy of 94.0%, and CEF of 0.87. In financial terms, it reduces 
annual rice loss from 644.04 tons to 83.64 tons and reduces the cost of rice lost from 1,540,870,150.05 Naira to 
200,113,006.50 Naira. This gives an annual saving of 1,340,757,143.55 Naira. 

Future work should implement the system on a physical drone and base-station prototype, test it under real rice 
field conditions, measure wireless communication delay, and validate rice loss reduction over multiple planting 
seasons. More Nigerian rice-farm drone images should also be collected to improve local model adaptation and 
strengthen pest-species classification. The study therefore shows that base-station AI processing can provide a 
practical decision-support layer for drone-based bird pest deterrence when reliable communication, adequate 
computing support, and timely response are available. 

References 
[1] C. Wah, S. Branson, P. Welinder, P. Perona, and S. Belongie, "The Caltech-UCSD Birds-200-2011 Dataset," California Institute of 

Technology, Tech. Rep. CNS-TR-2011-001, 2011. 
[2] G. Van Horn et al., "Building a bird recognition app and large scale dataset with citizen scientists: The fine print in fine-grained dataset 

collection," in Proc. IEEE Conf. Computer Vision and Pattern Recognition (CVPR), 2015, pp. 595-604. 



Journal of Multidisciplinary Engineering Science and Technology (JMEST) 
ISSN: 2458-9403 

Vol. 13 Issue 3, March - 2026 

www.jmest.org 
JMESTN42354696 18499 

[3] S. Ren, K. He, R. Girshick, and J. Sun, "Faster R-CNN: Towards real-time object detection with region proposal networks," in Advances 
in Neural Information Processing Systems, vol. 28, 2015, pp. 91-99. 

[4] K. He, X. Zhang, S. Ren, and J. Sun, "Deep residual learning for image recognition," in Proc. IEEE Conf. Computer Vision and Pattern 
Recognition (CVPR), 2016, pp. 770-778, doi: 10.1109/CVPR.2016.90. 

[5] C.-Y. Wang, A. Bochkovskiy, and H.-Y. M. Liao, "YOLOv7: Trainable bag-of-freebies sets new state-of-the-art for real-time object 
detectors," in Proc. IEEE/CVF Conf. Computer Vision and Pattern Recognition (CVPR), 2023, pp. 7464-7475. 

[6] W. Liu et al., "SSD: Single shot multibox detector," in Proc. European Conf. Computer Vision (ECCV), 2016, pp. 21-37, doi: 
10.1007/978-3-319-46448-0_2. 

[7] A. Howard et al., "Searching for MobileNetV3," in Proc. IEEE/CVF Int. Conf. Computer Vision (ICCV), 2019, pp. 1314-1324, doi: 
10.1109/ICCV.2019.00140. 

[8] M. Tan, R. Pang, and Q. V. Le, "EfficientDet: Scalable and efficient object detection," in Proc. IEEE/CVF Conf. Computer Vision and 
Pattern Recognition (CVPR), 2020, pp. 10781-10790, doi: 10.1109/CVPR42600.2020.01079. 

[9] A. Bewley, Z. Ge, L. Ott, F. Ramos, and B. Upcroft, "Simple online and realtime tracking," in Proc. IEEE Int. Conf. Image Processing 
(ICIP), 2016, pp. 3464-3468, doi: 10.1109/ICIP.2016.7533003. 

[10] N. Wojke, A. Bewley, and D. Paulus, "Simple online and realtime tracking with a deep association metric," in Proc. IEEE Int. Conf. 
Image Processing (ICIP), 2017, pp. 3645-3649, doi: 10.1109/ICIP.2017.8296962. 

[11] Y. Zhang et al., "ByteTrack: Multi-object tracking by associating every detection box," in Proc. European Conf. Computer Vision 
(ECCV), 2022, pp. 1-21. 

[12] E.-C. Oerke, "Crop losses to pests," Journal of Agricultural Science, vol. 144, no. 1, pp. 31-43, 2006, doi: 
10.1017/S0021859605005708. 

[13] G. E. Hinton, O. Vinyals, and J. Dean, "Distilling the knowledge in a neural network," arXiv:1503.02531, 2015. 
[14] A. Bochkovskiy, C.-Y. Wang, and H.-Y. M. Liao, "YOLOv4: Optimal speed and accuracy of object detection," arXiv:2004.10934, 

2020. 
[15] H. Zhu, C. Lin, G. Liu, D. Wang, S. Qin, A. Li, J.-L. Xu, and Y. He, "Intelligent agriculture: Deep learning in UAV-based remote 

sensing imagery for crop diseases and pests detection," Frontiers in Plant Science, vol. 15, p. 1435016, 2024, doi: 
10.3389/fpls.2024.1435016. 

[16] C. M. Badgujar, A. Poulose, and H. Gan, "Agricultural object detection with You Only Look Once (YOLO) algorithm: A bibliometric 
and systematic literature review," Computers and Electronics in Agriculture, vol. 223, p. 109090, 2024, doi: 
10.1016/j.compag.2024.109090. 

[17] Z. Song et al., "A lightweight YOLO model for rice panicle detection in fields based on UAV aerial images," Drones, vol. 9, no. 1, p. 1, 
2024, doi: 10.3390/drones9010001. 

[18] G. Zhao et al., "Rice canopy disease and pest identification based on unmanned aerial vehicle images and an improved YOLOv5 
model," Sensors, vol. 25, no. 13, p. 4072, 2025, doi: 10.3390/s25134072. 

 


