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Abstract 

Bird pests cause serious rice yield losses, especially during heading and grain-filling. This paper assesses three 
onboard artificial intelligence model options for drone-based bird pest detection and rice loss reduction. 
MobileNetV3-SSD, EfficientDet-Lite and YOLOv5-Nano are evaluated as embedded deployment options within a 
complete monitoring pipeline that includes detection, threat classification, tracking and deterrence decision support. 
The models are compared using embedded performance metrics, bird monitoring metrics, composite effectiveness 
factor, estimated rice loss, quantity of rice lost, cost of rice lost and annual financial savings. MobileNetV3-SSD 
records the lowest combined operational latency of 78.20 ms, while YOLOv5-Nano records the highest early 
warning accuracy of 87.90%, the highest CEF of 0.84, the lowest estimated rice loss of 1.23% and the highest 
annual saving of ₦1,294,731,152.06. These results indicate that YOLOv5-Nano is the preferred onboard option 
when overall deterrence effectiveness, rice loss reduction and financial savings are the main deployment priorities. 

Keywords: drone-based agriculture; bird pest deterrence; rice loss reduction; MobileNetV3-SSD; EfficientDet-Lite; 
YOLOv5-Nano; embedded AI; computer vision. 

1. Introduction 

Rice is an important staple crop, but bird pest invasion continues to reduce the quantity of grain harvested from many 
farms. The problem is more serious in open rice fields because pest birds can enter the farm in flocks, feed quickly and 
leave before human guards can respond. Traditional control methods such as scarecrows, human shouting, stones, 
reflective tapes and periodic noise makers are useful only for short periods. Birds often become used to these static 
methods, and large farms require many human guards to maintain constant coverage. 

Drone-based monitoring provides a better response because the drone can patrol the rice field, detect bird movement 
from the air and move toward the target before the birds settle on the crop. The effectiveness of this approach depends on 
the artificial intelligence model used on the drone. The model must detect birds in real time, support classification of 
harmful birds, provide track information for pursuit and operate under the power and memory limits of the onboard 
device. Heavy models may provide high accuracy, but they are not always practical for drone deployment. Lightweight 
models therefore need to be assessed not only by accuracy, but also by latency, frame rate, energy demand and economic 
effect on rice loss reduction. 

This paper contributes three main items. First, it presents a complete onboard drone-based AI pipeline for rice bird pest 
detection, tracking and deterrence. Second, it compares MobileNetV3-SSD, EfficientDet-Lite and YOLOv5-Nano under 
embedded deployment conditions using both technical and monitoring metrics. Third, it links the composite 
effectiveness factor of each model to rice loss reduction and financial savings so that model selection is based on 
practical farm value, not only detection accuracy. 

2. Related Work and Research Gap 

Bird pest control in rice production has traditionally relied on physical, acoustic and visual deterrents. These 
methods are affordable, but they suffer from habituation, poor coverage and high labour demand [6], [7]. Sensor-
based methods, including passive infrared sensors and microcontroller-controlled buzzers, improve automation but 
cannot reliably distinguish harmful rice-eating birds from harmless birds. Computer vision methods improve the 
response by allowing the system to detect birds from image frames and trigger deterrence action only when a bird 
is present [8], [9]. Recent work on autonomous UAV platforms for agricultural pest bird control also supports the 
view that drone-based deterrence can overcome the poor coverage and delayed response of fixed deterrent devices 
[11]. 
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3.5 Composite Effectiveness and Rice Loss Model 

The composite effectiveness factor (CEF) summarizes the combined value of early warning accuracy, threat 
classification, tracking quality, distance error and latency. It is used because one metric alone cannot show whether an 
onboard model is truly useful for deterrence. A model may be fast but less accurate, while another may be slightly slower 
but more effective in reducing rice loss. For model m, the CEF is expressed as the weighted normalized score in (1). 

𝐶𝐸𝐹௠ ൌ 𝑤ଵ𝐸𝑊𝐴௠ ൅ 𝑤ଶ𝑇𝐶𝐴௠ ൅ 𝑤ଷ𝑇𝑄௠ ൅ 𝑤ସ൫1 െ 𝐷𝐸௡,௠൯ ൅ 𝑤ହ൫1 െ 𝐿௡,௠൯        (1) 

In (1), EWA is early warning accuracy, TCA is threat class accuracy, TQ is tracking quality, DEₙ is normalized distance 
error and Lₙ is normalized latency. The weights sum to 1. This study uses w₁ = 0.30, w₂ = 0.25, w₃ = 0.20, w₄ = 0.15 and 
w₅ = 0.10. Higher weights are assigned to early warning accuracy and threat classification because early detection and 
correct pest identification have the strongest effect on successful deterrence. 

∑ 𝑤௜
ହ
௜ୀଵ ൌ 1          (2 

Rice loss reduction is estimated from the baseline rice loss and the CEF of each onboard model. The estimated rice loss 
for a model is computed with (3). 

𝑅𝐿௠ ൌ 𝑅𝐿௕ሺ1 െ 𝐶𝐸𝐹௠ሻ        (3) 

Rice loss reduction is the difference between the baseline rice loss and the estimated model-assisted rice loss. Quantity of 
rice lost is obtained by multiplying total rice production by the estimated rice loss percentage. Cost of rice lost is 
obtained by multiplying the quantity of rice lost by the unit price of rice. Annual money saved is the difference between 
the baseline cost of rice loss and the cost of rice loss after model-assisted deterrence. 

4. Results and Discussion 

This section presents the result values and explains their meaning for onboard deployment, rice loss reduction and 
financial savings. 

4.1 Embedded Performance of the Onboard Models 

Table 1 presents the embedded performance evaluation of the three onboard models. The embedded performance 
values were evaluated under an onboard deployment assumption representing a resource-constrained drone 
processing unit, while the financial analysis used the rice production and unit cost values stated in the results 
section. The embedded performance results show the computational behaviour of the three models when used in 
the onboard monitoring pipeline. MobileNetV3-SSD has the lowest detection latency, classification latency, 
tracking latency, RAM usage, model size and energy per inference. This makes it the lightest model for embedded 
drone implementation. EfficientDet-Lite has a larger processing cost, while YOLOv5-Nano uses more memory and 
energy but gives stronger overall monitoring performance in later results. The latency values in Table 1 refer to 
embedded processing latency. The combined operational latency reported in Figure 5 includes additional pipeline 
overheads, such as frame handling, decision logic and communication-related processing. 

Table 1. Embedded performance evaluation for onboard models 

Metric MobileNetV3-SSD EfficientDet-Lite YOLOv5-Nano
Detection Latency (ms) 23.49 35.10 31.25

Classification Latency (ms) 8.79 11.05 10.42
Tracking Latency (ms) 6.78 8.12 7.95

End-to-End Pipeline Latency (ms) 39.06 54.27 49.62
FPS (Frames Per Second) 25.60 18.42 20.15

CPU Utilization (%) 9.8 14.2 13.1
RAM Usage (MB) 58.09 94.6 121.3

VRAM Usage (MB) 0.00 0.00 0.00
Model Size (MB) 12 19 27

Energy Per Inference (J) 0.0137 0.028 0.041
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