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Abstract — With the increasing frequency of extreme weather events due to climate change, water-related disasters
are becoming more frequent. In particular, large amounts of hazardous river floating debris from land during periods of
heavy rainfall cause serious problems such as water pollution, disruption of aquatic ecosystems and landscape degra-
dation. However, there is still a lack of research and understanding of the amount and distribution of floating debris en-
tering the ocean through rivers and estuaries. Therefore, we developed a floating debris detection model using CCTV
images and the U-Net model, which has excellent performance in semantic segmentation model. As a result of evalu-
ating the accuracy of the quantitative model, it showed an accuracy of mloU 0.69, precision 0.87, Recall 0.77 and F1-
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score 0.80, and the qualitative results showed that it detected floating garbage well regardless of the size of the floating
garbage. This study shows that it is possible to continuously detect floating garbage using CCTV images and deep
learning models. In the future, if the diversity of training materials is ensured through image augmentation techniques
and additional data accumulation, it is expected that the usage and accuracy will be further improved.
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Fig. 1. The location of the study area. (a) Study area. (b) CCTV camera. (c) Area covered by the CCTV image.
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Table 1. Guide to the criteria for CCTV images

Index

Feature

Day/Night distinction
Presence of Precipitation
Presence of Fog
Image Focus
Etc.

Ol

Reflection of the light in the water excludes night time
Labeling is not possible due to light bleeding from the lens
Labeling is not possible on foggy days due to poor quality

Labeling is not possible due to blurred image

bjects too far away or too small to label
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Fig. 2. Examples of images showing the presence of riverine floating debris in the study area. (a) original images, (b) labeling images (ground truth).
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Fig. 3. Schematic model description of U-Net model based CNNs in this study.

Rag g8k Zlo] A gsithal ket 24 DH QML MY

HFa2d71E gAs] A8 Al o4 28 2 Aol A= U-Net 7|0 Held 2SS 53 CCTV 94
9Ql U-Net 2&-& &35t #2712 Jeet 271 ARolA FH2d7]E gAsAt &kl ol & fla), =&
74wl ohekaty) wiitoll, 240 Felot AAE FeetA 5 & Aol TUT YIS vIA= F & sko| ¥ 3| E (Hyper-
o}k 4= 9l U-Neto] 2 gtalthar w39t Ronneberger er  parameters) & A4 8kA 227 8fol, WHE-4 A3 & 33l 243}
al[2015]0] AQFeE U-Net> o1& J7, 9AEAL A&F8 & @ UEND 725 &8l deld Zd9 g5 9l¢
TheFeh okl Al AHgE = Hed 7Nk ou| 24 3k mdlo]  st=so] g kel AR sk Bl <= Table 29} Ak RO
t}. Fig. 32 U-Net 9] 725 L2313t Ao 7 ¢z yrol  Zlo|= At a 847 B4 JF %o #3835 18fste] 6uHA
4% 7] Z(Contracting Path) 5=+ 1 U (Encoder) 9} @£ ¥ & AAstglon, 7] 5% (Feature) ] 7= 32% 3o H|olH
<21 7 7 2 (Expanding Path) 5=3= U] I (Decoden) = 1% o] 533} k5 AIZE Aol o] &S st 271 9
T} o] ¢lY o|u] X9 EAS el o3kS Frh 3k o|u]x] 7] 1,280 x 1,280 T A7 MG E o], Bgme 7] B
’J37(Convolution) FAHS HEE-Z 0 2 f=alebdr S H4 A& 95 T2 At EE Fusigith 22 RGB ov| A&
staz, A 75 Eevrb on|A 9 54L& FEeith vz A, ©@A tidQl Fr2ralr] ok v S sk 218 o
Ui JAE% (Upsampling) A4S F3] o]n| A 2] SN EE & X &5 W2As A sgivh 2708 Seiiae g 3 2k

Astal, 4w A FEtEA Y FE Fofuzith o] 7|2 FHREY, Z42E 03} 1 gho] Frolgth Bl Sk A A=

o

g of| A A7) 79 (Skip connection)= AHE-5Fo] Q1o A  Fo]= WA O & optimizeri= 8}<5 & (Learning rate) 2} 2.2+2] 4
EAQS vy A Agdozn qlar e E4m AKGradient) WEF2] ¥Ad-S 1123+ Adaptive moment estimation

b

=% 5
o FE o] SANE AFAA Jre] =4S HAaskith o] (Adam) o= A E 8] 0.1, learning ratex= 0.003 % A7 s3I
g 725 T3l U-Net A9 Feljol FAS FeetA 9 Ed T (Loss function)i= focal lossE AHE-SFIT & T
otgk & Qlrh Held mdo] ZF i Wil A @75 Albehs

& ook A0 e Fol v AFA 2L 2



116 k4

of

IR I

Ololt

t\'_]_'—l

Table 2. Hardware and hyper-parameters for training of the U-Net model
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CPU Intel-19-10900X CPU @ 3.70 GHz
Ram 128 GB
Hardware GPU NVIDIA GeForce RTX 3090 24GB
Framework TensorFlow
(0N Windows
Image size 1,280 x 1,280
Optimizer Adam
Hyperparameter Learning rate 0.0003
Loss function Focal loss (gamma=2)
Batch size 4
Epochs 100
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Fig. 5. Confusion matrix and the test measures for image segmentation. (a) Confusion matrix and metric formulas. (b) IoU calculation.

Table 3. Performance indicator of the trained U-Net SFCH(Fig. 5b). mloU+= 55 S 2~ IoUS) Bl 22~ ToU Y

Index Value o]tk
mloU 0.69

Precision 0.87 -

471 al 71X}

Recall 0.77 3. 40t 3 O

Fl1-score 0.80

Accuracy 0.99 3.1 B _Me|7] B@X| At

B AT ME CCTV 94 429 e S ol gako] 7

(b)

Fig. 6. Visualization and comparison of result on test data. (a) Raw image. (b) Ground truth. (¢) U-Net prediction. White and black colored re-
gions represent floating debris water and background, respectively.
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Fig. 7. Cases of non-detection of floating debris due to different environmental conditions. (a) Failure to detect water droplets in CCTV images.
(b) Spectroscopic differences between vegetation and seawater. (c) Spectroscopic differences caused by sunlight effects.
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