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Abstract 
This paper presents the training and evaluation of a base-station Faster R-CNN model with a ResNet50 backbone 
for rice bird pest detection using UAV aerial images. The model is designed for base-station-assisted monitoring, 
where the UAV captures aerial frames and the base station performs more detailed object detection. The retained 
dataset split was 80% for training and 20% for validation. The training and validation losses decreased from about 
4.6 to 0.3 and from about 4.6 to 0.4, respectively, by about epoch 50. The model achieved mAP@0.5 of 79.80%, 
mAP@0.5:0.95 of 52.40%, mean IoU of 0.845, precision of 82.10%, recall of 84.70%, and F1-score of 83.39%. 
However, the low APsmall value of 6.20% shows that small bird targets remain difficult to detect in UAV aerial 
images. The results show that Faster R-CNN with ResNet50 can support base-station validation of bird detections 
in smart rice farms, while further improvement is required for small-object detection. 

Keywords: Faster R-CNN, ResNet50, rice bird pest detection, UAV aerial images, base station, computer vision, 
object detection. 

1. Introduction 
Bird pest damage is a major challenge in rice farming because birds can feed on rice grains during vulnerable 
growth stages and reduce yield when monitoring and deterrent actions are delayed. Manual field patrol is labour 
intensive and may not provide continuous coverage across large rice farms. UAV-based monitoring provides a 
practical way to capture aerial images of field conditions and to support faster detection of bird presence in the 
farm environment. 

Deep learning has improved the ability of computer vision systems to identify objects in complex scenes. For rice 
farm monitoring, object detection is more useful than simple image classification because the system must 
determine whether birds are present and also localize them within the aerial frame. This makes region-based 
detection models suitable for base-station processing, especially when the base station has more memory and 
processing power than the onboard embedded device. 

Lightweight onboard models are useful when low latency and low power consumption are the main requirements. 
However, a base station can host a deeper detector that gives stronger localization, better verification, and more 
reliable dataset curation. Faster R-CNN with ResNet50 is therefore used in this study as an accuracy-focused base-
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station model. The model complements the onboard UAV pipeline by validating difficult frames, correcting false 
alarms, and generating improved labelled samples for future retraining. 

This study focuses on a Faster R-CNN detector with a ResNet50 backbone for rice bird pest detection at the base 
station. The base station receives UAV image frames and performs high-accuracy bird detection. The detected 
bounding boxes and confidence scores can support farm alerts, deterrent activation, field supervision, and 
continuous improvement of the detection dataset. 

This paper makes four main contributions. First, it presents a harmonized base-station detection 
framework for rice bird pest monitoring using UAV aerial images. Second, it develops a system model 
architecture that shows the relationship among UAV image capture, preprocessing, wireless transmission, 
base-station detection, alert generation, and dataset curation. Third, it provides a Faster R-CNN with 
ResNet50 model architecture that clearly describes the backbone, region proposal network, proposal 
filtering, RoIAlign, and detection head. Finally, it presents a completed methodology and results 
discussion that retains the reported model performance values and explains their practical meaning for 
rice farm monitoring. 

2. Related Work 
Object detection models are widely used where the task requires both recognition and localization. Faster R-CNN 
introduced a region proposal network that shares convolutional features with the detection network, making two-
stage object detection more effective than earlier region-based pipelines. ResNet50 is commonly used as a 
backbone because its residual connections allow deeper feature extraction while reducing the difficulty of training 
deep convolutional networks. 

For agricultural monitoring, UAV imagery is useful because it can cover large fields and capture information from 
different viewing positions. However, aerial images may contain small objects, background clutter, motion blur, 
scale variation, and changing illumination. These challenges are important in bird pest detection because birds may 
appear as small targets within wide-area rice field images. Recent UAV object detection studies also report that 
aerial objects are often smaller and more irregularly distributed than objects in ordinary ground-level images. This 
makes small-object detection and robust localization important for practical deployment. 

One-stage models such as YOLO and SSD are often selected for speed, while two-stage models such as Faster R-
CNN are usually selected when localization accuracy and proposal refinement are important. In this work, the base-
station deployment makes it practical to use Faster R-CNN with ResNet50 because the computation is handled 
away from the drone. This allows the UAV to conserve onboard resources while the base station performs more 
detailed detection and verification. 

3. Methodology 
The proposed methodology uses UAV aerial images as input to a base-station deep learning detector. The UAV 
captures image frames from rice fields and sends selected frames to the ground station. At the base station, Faster 
R-CNN with ResNet50 detects birds by generating region proposals, classifying candidate regions, and refining 
bounding-box coordinates. The model output consists of bird bounding boxes, predicted class labels, and 
confidence scores. 

3.1 System Model Architecture 
The system model is shown in Figure 1. The UAV camera captures aerial images of the rice field. The drone 
performs basic preprocessing such as frame sampling, resizing, and noise reduction before transmitting selected 
frames to the base station. The base station receives the frames and applies the Faster R-CNN with ResNet50 
detector. The output is used for farm monitoring, alert generation, and deterrent decision support. 

The feedback loop in the system is important. Verified detections, false positives, false negatives, and difficult bird 
images are stored at the base station for dataset curation. These curated samples can later be used to improve the 
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The implementation details are summarized in Table 2. The values reflect the retained study where they were 
available. Standard Faster R-CNN training settings were adopted where specific implementation details were not 
explicitly reported in the retained study. This wording is used to avoid unsupported claims about parameters that 
were not available in the source result description. 

Table 2. Base-station Faster R-CNN with ResNet50 training and inference configuration. 

Component Configuration
Detector Faster R-CNN
Backbone ResNet50
Deployment level Base station
Dataset split 80% training and 20% validation
Training duration 50 epochs

Optimization approach Supervised Faster R-CNN training using classification and bounding-box 
regression losses

RPN-level non-maximum suppression IoU threshold of 0.7
Inference proposals Top-ranked proposals filtered before final detection 
Output Bounding box, predicted class, and confidence score 
Optimizer Not explicitly reported in the retained study.
Learning rate Not explicitly reported in the retained study.
Batch size Not explicitly reported in the retained study.
Input image size Not explicitly reported in the retained study.
Training platform/GPU Not explicitly reported in the retained study.

3.5 Evaluation Metrics 
The model was evaluated using detection and localization metrics. The main metrics are mean average precision at 
IoU threshold 0.5, mean average precision averaged across IoU thresholds from 0.5 to 0.95, mean IoU for matched 
boxes, precision, recall, F1-score, false positive rate, and false negative rate. Precision measures the proportion of 
predicted bird detections that are correct. Recall measures the proportion of actual bird instances detected by the 
model. F1-score combines precision and recall into one balanced measure. 
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where TP, FP, TN, and FN denote true positives, false positives, true negatives, and false negatives, respectively. 

4. Results and Discussion 

4.1 Training and Validation Loss Behaviour 
The training and validation loss behaviour of the base-station Faster R-CNN with ResNet50 detector is shown in 
Figure 3. The results are retained from the uploaded study. The training loss reduced from about 4.6 to 0.3 by about 
epoch 50, while the validation loss reduced from about 4.6 to 0.4. The closeness of the training and validation 
curves shows stable learning and does not indicate severe overfitting. This means that the model learned useful 
visual patterns for bird detection rather than only memorizing the training samples. 



SC

4.2
Th
go
a s
tw
wh
pre

Ta

 

Th
ind
con
rat
sho

Th
val
ver
flig

CITECHP4203

2 Detection P
he retained d
od bird detec

stricter assess
o mAP value

hen stricter b
edicted boxe

able 3. Results

mAP@0.5 (%
mAP@0.5:0.
APsmall (%) 
APmedium (%
APlarge (%) 
Mean IoU (m
Precision (%)
Recall (%) 
F1-score (%) 
False Positive
False Negativ

he precision o
dicates that t
nfirms that t
te is 0.538, w
ould still be r

he AP values
lue of 6.20%
ry small targ
ght altitude, 

390 

Figure 3. L

Performanc
detection resu
ction ability 
sment becau
es shows tha
bounding-box
s were well a

s for base-sta

M
%) 
95 (%) 

%) 

matched boxes
) 

e Rate (FPR) 
ve Rate (FNR)

of 82.10% in
the model de
the model m
while the fa
reduced befo

s for small, m
% is low and 
gets in UAV 

low pixel 

Loss versus e

ce of the Bas
ults are pres
at the comm

use it average
at the detecto
x overlap is 
aligned with

ation model u

Metric 

) 

) 

ndicates that
etected most 
aintained a r

alse negative
ore large-sca

medium, and
is the main p
frames were

coverage, ba

ww

poch plots fo

se-Station M
ented in Tab

monly used Io
es detection 
or performs w

required. Th
annotated b

using Faster R

t most detect
of the bird i

reasonable b
rate is 0.15

le field deplo

d large object
performance
e difficult fo
ackground s

ww.scitechpub

or Faster R-C

Model 
ble 3. The m
oU threshold
quality over

well at moder
he mean IoU
ird locations

R-CNN with R

0.538
0.153

tions returne
instances pre
alance betwe

53. These va
oyment. 

ts show the 
e limitation o
or the detecto
similarity, m

b.org 

CNN with Res

model achiev
d of 0.5. The
several IoU

rate localizat
U of 0.845 fo
s. 

ResNet50 bac

8
3

ed by the mo
esent in the v
een precision
alues show t

effect of obj
of the detecto
or to localize

motion blur, 

Science and Tec

sNet50 backb

ed mAP@0.
e mAP@0.5:

U thresholds. 
tion toleranc
or matched b

ckbone. 

Value
79.80
52.40
6.20

11.40
16.90
0.845
82.10
84.70
83.39

odel were co
validation da
n and recall. 
that missed d

ect scale in U
or. This sugg
e. The difficu
and a limite

chnology Publis

Vol. 10 Iss

 

bone model. 

.5 of 79.80%
:0.95 value o
The differen

ce but becom
boxes still sh

e 
0 
0 
0 
0 
0 
5 
0 
0 
9 

orrect. The re
ata. The F1-s
 The reporte
detections an

UAV image
gests that bir
ulty may be 
ted number 

hing (SCI & TE
ISSN: 2632-1

ue 1, January - 2

2

%, which sho
of 52.40% gi
nce between 

mes less accur
hows that ma

ecall of 84.7
score of 83.3
ed false posit
nd false alar

es. The APsm
rds appearing
caused by h
of small-obj

ECH) 
1017 
2026 

298 

ows 
ives 
the 

rate 
any 

70% 
9% 
tive 
rms 

mall 
g as 
high 
ject 



Science and Technology Publishing (SCI & TECH) 
ISSN: 2632-1017 

Vol. 10 Issue 1, January - 2026 

www.scitechpub.org 
SCITECHP420390 2299 

samples in training. Future work should therefore test feature pyramid backbones, higher-resolution training, 
improved anchor scales, stronger image augmentation, and more annotated small-bird samples. 

4.3 Practical Implications for Smart Rice Farms 
The results show that a base-station Faster R-CNN with ResNet50 detector can serve as the high-accuracy 
perception unit in a UAV-based rice bird pest monitoring system. The base station can validate suspicious frames 
from the drone, support near-real-time alerts, and provide reliable labels for continuous model improvement. In 
practice, the model can be connected to deterrent systems, farm dashboards, or decision-support platforms that 
notify farmers when bird activity is detected in the rice field. 

The base-station deployment strategy is suitable because the detector is more computationally demanding than 
lightweight onboard models. The drone can focus on image capture and basic preprocessing, while the base station 
performs detailed detection. This separation improves the balance between UAV energy consumption, detection 
accuracy, and operational usefulness. 

5. Conclusion 
This paper presented a revised and harmonized base-station Faster R-CNN with ResNet50 framework for rice bird 
pest detection using UAV aerial images. The model is designed for base-station deployment, where more 
computational resources are available for accurate object localization and validation of UAV-captured frames. 

The retained results show that the training loss decreased from about 4.6 to 0.3 and the validation loss decreased 
from about 4.6 to 0.4 by about epoch 50. The detector achieved mAP@0.5 of 79.80%, mAP@0.5:0.95 of 52.40%, 
mean IoU of 0.845, precision of 82.10%, recall of 84.70%, and F1-score of 83.39%. These values show that the 
Faster R-CNN with ResNet50 model is effective for base-station bird pest detection in UAV-based smart rice farm 
monitoring. 

Future work should improve the detection of small birds by increasing the number of annotated small-object 
samples, using higher-resolution UAV frames, testing feature pyramid backbones, optimizing anchor scales, and 
tuning detection thresholds. Additional studies should also report inference speed, UAV flight height, image 
resolution, training hardware, and full dataset size to improve reproducibility. 
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