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Water birds Auto-Detection in Unmanned Aerial Vehicle Remote
Sensing | mage Base on Convolutional Neural Network

LINHa® GAO DaZhong” ZHANG Tong” CUI Guo-Fa””
(O School of Ecology and Nature Conservation, Beijing Forestry University, Beijing 100083,
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Abstract: [Objectives] Waterbird monitoring plays a crucial role in understanding population dynamics and
guiding conservation efforts, but it has traditionally been a time-consuming process. In this study, our
objective is to integrate unmanned aerial vehicle (UAV) remote sensing with convolutional neural networks
(CNN) to achieve rapid and accurate estimation of waterbird populations. [M ethods] We employed the DJI
Mavic 2 Zoom UAV to capture high-resolution remote sensing images in the West Dongting Lake National
Nature Reserve in Hunan. The UAV was flown at an dtitude of 75 m, with its camera positioned in a

vertically downward-facing orientation. We obtained images with a ground resolution of 1.2 cm/pixel, Table 1
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displays the waterbirds captured in the images. We selected 503 images to construct a dataset, including two
categories: Anas crecca/A. falcata and Cygnus columbianus, with 3 778 and 395 samples respectively. The
dataset has severa training sets of different sizes (Table 2) and a validation set of 3 032 samples. For each
training set, we independently developed Mask R-CNN and YOLOv3 models, evaluating their performance
using the validation set. Evaluation metrics include average precision, recall, precision, and F1-score.
[Results] When identifying A. crecca/A. falcata, Mask R-CNN model achieved arecall rate of 93.00% and a
precision of 90.83% (Table 4, Fig. 4), while the YOLOv3 model achieved a recall rate of 93.00% and a
precision of 88.79% (Table 5, Fig. 5). After reaching 178 ind for A. crecca/A. falcata in the training set, further
augmentation did not result in a significant improvement in the performance of both models. When identifying
C. columbianus, the performance of both models improved with an increase in the size of the training set. The
Mask R-CNN model achieved a recall rate of 84.00% and a precision of 84.38% (Table 6, Fig. 6), while the
YOLOv3 model achieved a recall rate of 90.00% and a precision of 81.69% (Table 7, Fig. 7). The Mask
R-CNN model detected images at a speed of approximately 12 images/s, while the YOLOv3 model detected
images at a speed of 20 - 30 images/s. [Conclusion] Our study proposes a potential solution for efficient and
accurate waterbird population monitoring in natural habitats. Our models demonstrated high accuracy in
identifying A. crecca/A. falcata, the recognition accuracy difference between Mask R-CNN and YOLO was
minimal. Remarkably, by integrating UAV remote sensing with CNN, our approach demonstrates the potential
for training highly efficient and accurate waterbird identification models with minimal annotated
data—perhaps requiring fewer than 250 ind per waterbird species, as suggested by our results.

K ey words. Waterbird; Unmanned agerial vehicle; Population monitoring; Convolutional neural network
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Tablel Birdsinremote sensingimages
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Table2 Number of Cygnus columbianus and Anas
crecca/A. falcata in each training dataset (ind)
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Table3 Model training environment

%% Name J& 1% Property
#:4E 24 Operating system  Ubuntu 20.04 x64
fRAL IR Intel(R) Xeon(R) Gold 6242R CPU

Central processing unit
P47 Random access memory 64 GB
i+ Graphics card NVIDIA GeForce RTX 3090

WLz S HESE

Machine learning framework PyTorch 1.100

i L
SN TR
duck  99%|
duck 8%

duck 87% .
T

duck  100% |

duck 1 00%

B3 RAERRH
Fig. 3 Example of detection results
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“duck” is the category of the recognition result, corresponding to the
Anas crecca/A. falcata. The following percentage is confidence score,

up to 100%.
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Fig. 4 Recall-precision (P-R) curves of Mask
R-CNN modelsfor identifying Anas crecca/A.
falcata with different training sets sizes
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Table4 Average precision, F1-score, recall, and
precision of Mask R-CNN modelsfor identifying Anas
crecca/A. falcata detection with different training dataset

e rh s/

wogs OO gy HEE e 0

Average (%)

Number of Anas crecca i F1-score Precision
and A falcata (ind) ~ PreoSon Recall
10 0.54 0.69 55.00 91.57
16 0.09 0.19 16.00 23.48
37 0.73 0.79 77.00 81.37
99 0.90 0.89 90.00 87.81
178 0.94 0.92 92.00 91.35
249 0.93 0.91 92.00 90.21
375 0.93 0.92 93.00 90.83
1.0 [ .
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Fig.5 Recall-precision (P-R) curvesof YOLOvV3
models for identifying Anas crecca/A. falcata with
different training set sizes

B AMAEEF] 100 ~ 250 HEIA A RH 5
SRS SRS, BIAK vk GE v R K T b AR
4000 R e A5 (4 i) 5 SURephaeny, I fAniE
21 3% ~ 6% AR ATk 21 R AF R 8UR
22 RFINRRE

PUM/INRIG I, Y R IR A I SR K/
Bk, EIZRER/NEE] 235 1, Mask
R-CNN #7531 84.00%01) 7 5] 2K F1 84.38%



34 MRS BT EBRE MR AN BOK S A 3R

« 457 «

5 AREKRMILGERE YOLOV3 LIRS 4R/
T BT SREE. F1A%. BERMEE
Table5 Average precision, F1-score, recall, and

precision of YOL Ov3 modelsfor identifying Anas crecca/

A. falcata detection with different training dataset
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Table6 Average precision, F1-score, recall, and
precison of Mask R-CNN modelsfor identifying Cygnus
columbianus detection with different training dataset
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Number of Anas Crecca  precision F1-score Recall Precision
and A. falcata (ind)

10 0.89 085 8200 87.26

16 0.89 0.87 90.00 84.07

37 0.90 0.87 91.00 82.49

99 0.91 0.89 92.00 85.96

178 0.92 0.88 94.00 83.28

249 0.93 092 9600  87.62

375 0.92 091 9300 8879
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Fig. 6 Recall-precision (P-R) curves of Mask
R-CNN modelsfor identifying Cygnus columbianus

with different training set sizes

N umbq of Cygnus Average Fl-score (%) ( %)
columbianus (ind) Precision Recall Precision
12 0.41 0.52 5400  50.00
18 0.18 0.32 46.00 24.79
42 0.77 0.76 76.00  75.38
81 0.85 0.84 79.00  89.47
124 0.86 0.87 87.00 86.15
161 0.90 0.81 82.00  80.30
235 0.91 0.84 84.00 84.38
1.0
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0.6 L VIZGERN

Training set size

¥ Precision
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Fig. 7 Recall-precision (P-R) curves of YOLOvV3
modelsfor identifying Cygnus columbianus with

different training set sizes
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Table7 Average precision, F1-score, recall, and
precision of YOLOv3 modelsfor identifying Cygnus

columbianus detection with different training dataset

MG/ NRIGER Pk F1 /0% FEJCES K (%)
Number_ of Q/gnus Ave_ra_ge F1-score (%) Precision
columbianus (ind)  Precision Recall

12 0.72 0.71 84.00 61.36
18 0.50 0.54 46.00 66.67
42 0.81 0.78 82.00 74.65
81 0.86 0.83 87.00 80.00
124 0.84 0.77 87.00 68.29
161 0.86 0.81 93.00 71.43
235 0.87 0.86 90.00 81.69

WA B SO A B T, AR ACLAE AR
YOLO #EA! H 3155 T AHLIE K24 i 2k
(Bos taurus), AT 95.7%[1HEFEF1 94.6%
(7 [ % (Shao et al. 2020). i Al ;T
BAHA MR Kuzikus 1537 X A 1) B A4 5
Y, BF] T 837%MINE LRI 78.4%F) H [l %
(Kellenberger et al. 2019). 1] Mask R-CNN
B RL R T A ML IR A I 4- F2E - (Ovis
aries), IAF | 96%[ 11 KE L FN 92%fH A 1] # (Xu
eta. 2020).
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