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Abstract 

This paper presents a comparative performance assessment of YOLOv7-X/YOLOv7-Large and Faster R-CNN with 
ResNet101 backbone for bird pest recognition in rice farms. The study uses the Distant Bird Detection Dataset 
from the Roboflow Drone-Bird dataset, with a 4:1 training-validation split. The selected models were evaluated 
using mAP@0.5, mAP@0.5:0.95, average precision for small, medium and large objects, mean IoU, precision, 
recall, F1-score, false positive rate, false negative rate, latency and frames per second. The retained results show 
that YOLOv7-Large achieved mAP@0.5 of 84.90%, mAP@0.5:0.95 of 59.30%, precision of 85.20%, recall of 
88.10%, F1-score of 86.63%, latency of 42.9 ms/frame and 23.3 FPS. Faster R-CNN with ResNet101 achieved 
mAP@0.5 of 83.20%, mAP@0.5:0.95 of 56.90%, precision of 84.90%, recall of 86.80%, F1-score of 85.84%, 
latency of 156.8 ms/frame and 6.4 FPS. YOLOv7-Large gave the best overall balance between detection accuracy 
and inference speed, while Faster R-CNN with ResNet101 gave the highest mean IoU for matched boxes. 
YOLOv7-Large is therefore recommended for real-time base-station bird pest recognition, while Faster R-CNN 
with ResNet101 remains useful for offline verification and high-fidelity localization. These results show that 
YOLOv7-Large provides a better balance between detection accuracy and real-time inference speed for base-
station rice-field surveillance. 

Keywords: YOLOv7-Large; Faster R-CNN; ResNet101; bird pest recognition; rice farm monitoring; drone 
imagery; object detection; deep learning. 

1. Introduction 

Bird pests cause serious losses in rice farms because they feed on grains and move quickly across large areas. 
Manual monitoring is slow, labour intensive and often unreliable in large fields. Drone-based monitoring provides 
wider coverage and allows images or video frames of the field to be transmitted to a base station for automatic 
analysis. Deep learning object detectors can then identify bird pests and support timely scare, control or reporting 
actions. 

A major challenge in drone-based detection is the choice of where the model should run. Onboard deployment is 
limited by battery capacity, payload weight, memory size and embedded processor speed. Base-station deployment 
relaxes these constraints because the drone can send captured frames to a more powerful computer. This makes it 
possible to evaluate heavier models that may give better accuracy, stronger localization and more reliable decision 
support. 

This paper focuses on two base-station detection models: Faster R-CNN with ResNet101 backbone and YOLOv7-
X/YOLOv7-Large. Faster R-CNN is a two-stage detector that first generates candidate object regions and then 
classifies and refines them. YOLOv7-Large is a one-stage detector that performs detection in a single forward pass 
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while using efficient feature aggregation to maintain high accuracy. Faster R-CNN with ResNet50 is also retained 
as a baseline in the comparative table to show the effect of backbone depth on the latency-accuracy trade-off. 

The main aim of the study is to compare the base-station models for bird pest recognition in rice farms using the 
same dataset and evaluation metrics. The specific objectives are to describe the base-station detection pipeline, 
present the model architectures, evaluate each model using detection accuracy and speed metrics, discuss the 
latency-accuracy trade-off, and recommend the model that gives the best practical balance for rice farm 
surveillance. 

2. Related Work 

Object detection has developed from region-based two-stage detectors to faster one-stage detectors. Faster R-CNN 
introduced the Region Proposal Network, which shares convolutional features with the detection network and 
improves proposal generation efficiency [1]. ResNet strengthened deep feature extraction through residual learning 
and remains useful as a backbone for object detection tasks [2]. Recent reviews of agricultural object detection also 
show that Faster R-CNN, YOLO and SSD remain common reference models for comparing accuracy, inference 
speed and computational efficiency in precision agriculture [6]. 

YOLO-based detectors use a single-stage detection strategy in which bounding boxes and class predictions are 
produced directly from feature maps. YOLOv7 improves real-time detection through trainable bag-of-freebies, 
efficient feature aggregation and model re-parameterization [3]. Agricultural YOLO studies further show that one-
stage detectors are attractive for farm monitoring because they support fast inference and practical deployment in 
crop surveillance, pest detection and autonomous field operations [7]. 

Drone-based agricultural monitoring often involves small targets, cluttered backgrounds, variable lighting and 
moving camera viewpoints. Bird pest detection is especially difficult because birds may occupy only a small 
number of pixels in aerial imagery. Recent UAV small-object detection studies confirm that low contrast, complex 
backgrounds, partial occlusion and limited pixel area can increase missed detections and reduce scale-specific AP 
values [8]. Deep-learning-based wild bird detection has also been used in agricultural bird-repellent systems, 
showing the practical value of automated bird localization in farm environments [9]. 

3. Methodology 

3.1 Dataset and Experimental Design 

The Distant Bird Detection Dataset from the Roboflow Drone-Bird dataset was used. The dataset contains drone-
captured rice-field images annotated with bird bounding boxes in an object-detection format. The source material 
used for this paper did not provide the exact number of images, the total number of annotated bird instances, the 
full class-label list, or the complete image-resolution range. Therefore, the paper reports only the dataset details that 
were available and does not introduce unsupported dataset statistics. 

The dataset was divided into training and validation subsets using a 4:1 ratio. This means that 80% of the images 
were used for training and 20% were used for validation. The same split was used for the compared base-station 
models so that the reported results could be interpreted under a fair experimental setting. The annotation format 
was treated as a bounding-box detection format suitable for training YOLOv7-Large and Faster R-CNN models. 

The study used the available Roboflow Drone-Bird dataset split and retained the reported validation results. 
However, the source record did not provide full export-level statistics, including exact annotation counts and 
image-size distribution. This limits detailed reproducibility analysis, but it does not change the comparative 
interpretation of the retained results. 

The experiment was organized as a base-station detection task. The drone captures image frames and sends them to 
the base station. The base station performs preprocessing, model inference, metric computation and model 
comparison. This arrangement allows more computationally demanding models to be used without overloading the 
drone. 
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