2162

E-mail: jig@aircas.ac.cn EPEI%&%??E

Website: www.cjig.cn JOURNAL OF IMAGE AND GRAPHICS

Tel: 010-58887035 O HEERERFRIRINFE

REESES TPT51 XERFRIRAED: A XEHS: 1006-8961(2024)08-2162-13

B35 AN : Wang SK, Wang X D, QuL, Yao FQ, Liu Y Y, Li C H, Wang Y Z and Zhong G Q. 2024. Semantic segmentation benchmark data-
set for coastal ecosystem monitoring based on unmanned aerial vehicle (UAV). Journal of Image and Graphics, 29(08) :2162-2174( T JERL, T BE#45,
Mz, BERUT, XA52, 2RIREE, TR, PSR . 2024, 110 JC ML 5 AR 75 2R G0 a0 1) o S o B BRSO 4R . PR R R EDE AR,
29(08):2162-2174)[ DOI: 10. 11834/jig. 230670 |

h%k*ﬂ»lﬁﬁ g :uf?éj_t”kiﬂum
EXN DB EEHIES

EREATERAE L EEL R L AEELFRE L, EEH, FEE

L. EPEI‘@Y??C%T@E\H?“JIE%A"%IS,E%-'% 266100; 2. [EZMFERALEBIRE I 0, HF S 266033

& E: B R ES RSN NN LD A ST TR A R E BT SS . 18 AR RSAR
WFH%JF%E*%éfiE’»J*”Erﬁ"*iwﬂ%ﬁTﬁ%ﬁE&o SR, H AT AT TR — PR, RIS Z 28T 0% 1T )

WAESREMNE U BEEIRE, ik 28 ARAEEMANFZ LR, iR IMRIE AR, B it
H@EE e SR AN T A A2l A5 M i X e LA R S A O A R PR b AR S e R S AL
P LR A SR UEA TR CREE AR TR AR T I )1 R AR S RS BRSE L £ 0 OUC-UAV-SEG, 5%,
WIS 7%, % OUC-UAV-SEG #4738 f 0 #T , FE X E6 58 sh A2 Bk EGIEA T TR AR . B L (ol T A
BETE AN EIBERT OUC-UAV-SEG JBIFiTAli . &R X OUC-UAV-SEC $B £ HEAT T FEvfilliat, A5 T 2485 W] I i1
W U BIBIE AR BAR A L MERe IR /R T XS BIR R R . 4518 OUC-UAV-SEG 44 (W s it il Ak
BARGN ML T B 050 A B TRFER A S AR A T4 W T 1 o AR S R BUIR AR bk
e, R A AR A AR L TR B B 15 8 o B AR 5542 : hutps//github.com/OucCVLab/OUC-UAV-SEG.,
KRR WS ARG B TTABL(UAVY) s FEUERRSE 18 3%
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Abstract: Objective The coastal ecosystem is a natural system composed of biological communities and their interactions
with the environment, including typical coastal ecosystems such as mangroves, salt marshes, coral reefs, seagrass beds,
oyster reefs, sandy shores, as well as complex ecosystems like estuaries and bays. These ecosystems play a crucial role in

maintaining high-quality ecological environments and fostering rich marine biodiversity. A healthy coastal ecosystem is not
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only a crucial support for the sustainable economic development of China but also an essential component of the ecological
security of the country. The application of semantic segmentation techniques in remote sensing imagery has provided an
effective means for the precise monitoring of coastal ecosystems, which offers scientists, ecologists, and decision makers
clear and highly comprehensive information to understand the current state and changing trends of coastal ecosystems. How-
ever, a significant challenge persists, that is, a specialized, comprehensive, and fine-grained data support system for
coastal ecosystems is lacking, which causes difficulty in accurately understanding the distribution, area, and changes in
ecosystems such as salt marshes, seagrass beds, and reed beds. This challenge has become a pressing issue in the current
national marine ecological conservation efforts. Currently, the monitoring of coastal ecosystems relies primarily on satellite
remote sensing and traditional surveying methods. Satellite remote sensing, with its unique advantages of all-weather, all-
day, large-scale, and long-time observation, is widely used for monitoring marine ecology and resources through the analy-
sis of satellite data. However, the spatial resolution of satellite remote sensing images has limitations, which introduces
errors in cases that require fine-scale monitoring. For example, in narrow rivers, small wetland areas, or islands, the lim-
ited spatial resolution may result in unclear visibility of small features in the images. Traditional surveying methods often
require professionals to conduct field surveys, which poses safety hazards in complex and risky environments. In addition,
these methods are susceptible to human and natural factors, which leads to challenges in precise positioning and depiction,
coupled with extended and inefficient monitoring cycles. Field surveys and mapping work for coastal ecosystems face sig-
nificant challenges using traditional methods. Method This study utilized unmanned aerial vehicles (UAVs) to capture,
collect, and annotate data from typical coastal ecosystems in real time for addressing urgent issues in marine ecological con-
servation. This effort led to the establishment of the OUC-UAV-SEG dataset, which includes various typical vegetation
types found in coastal ecosystems, such as reed, seagrass beds, spartin, and crucially, addresses a key marine event—oil
spills. Result In contrast to previous research that predominantly focused on individual dataset scenarios, such as spartin
or oil spills, using traditional remote sensing methods for data analysis, this study stands out by using statistical methods to
conduct a detailed quantitative analysis of OUC-UAV-SEG, which covers various categories and their respective quantities.
In discussing the challenges posed by the dataset, including the discrete clustered morphology of eelgrass, interlaced
spiderweb-like oil spills, fragile tubular Sargassum, and mottled tufted seagrass beds, existing segmentation algorithms
exhibited suboptimal performance in handling these distinctive features. Finally, classical visual semantic segmentation
algorithms were applied to evaluate OUC-UAV-SEG by conducting benchmark tests to assess the performance of currently
available semantic segmentation algorithms on this dataset and revealing their limitations. Conclusion The establishment
of the OUC-UAV-SEG dataset marks a significant step forward in providing a novel resource for monitoring coastal ecosys-
tems. This dataset empowers scientists, ecologists, and decision makers with a more comprehensive understanding of the
current conditions and evolving trends in coastal ecosystems. These insights are crucial for furnishing more accurate informa-
tion to support marine ecological conservation and management efforts, which holds positive significance. Future efforts will
focus on expanding the diversity of the dataset by collecting data on marine ecological environments under more extensive
geographic and meteorological conditions to comprehensively reflect ecosystem diversity. Furthermore, by regularly organiz-
ing workshops and challenges, the aim is to advance cutting-edge research in the field of coastal ecosystem monitoring.
Finally, active use of social media and other channels will be employed to engage with the public for raising awareness of
marine environmental issues and inspiring more people to participate in the monitoring and protection of coastal ecosystems.
For comprehensive details about this dataset, please refer to the project link : https://github.com/OucCVLab/OUC-UAV-SEG.
Key words: coastal ecosystem; remote sensing; unmanned aerial vehicle (UAV) ; benchmark dataset; semantic segmen-
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Fig. 1 The Bohai Sea coastal zone ecosystem
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Table 1 Unmanned aerial vehicle sensor-related

information
AL RKRBA RS RSB
FAMRS s ez 1%

DJI M300 2000 5184x3888  3840x2160
DJIM210 2 000 5184 x 3 888 3840 x 2 160
DJI M100 1200 4 000 x 3 000 1920 x 1 080
DJI Mavic 30T 4800 8000x6000  3840x2160
DIJI Mavie 3T 4 800 8 000 x 6 000 3840 x2 160
DJI MINI 3 4 800 8 064 X 6 048 3840 %2160
DILKE R 2 1400 4384 x 3288 1920 x 1080

®2 HIEREBEXER

Table 2 Data collection-related information
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Fig. 2 Annotation of dataset using Labelme tool

OUC-UAV-SEG "L 1 151251, 73 31l )2 it
i (seaweed ) | {iF & (enteromorpha) | i 7 Coil) | 76E 7
(sea) T3 (viver) . £ Hb (land ) \ B AE K H (spartin) |
3% (suaeda) AN (tamarix) . 45 (reed) FE B (veg-
etation) , ZE ¥ (building) . K25 (sky) \i& % (road) |
M (boat) o FEAR T &L, X REAS M AT TORE B
BIFREE , PRIIE T AR 25 0 HERR P A — B0k . X Ay
ORI YRR IREW 2 SN (SN 7 N o I N
Il DG A A B S AR AL, 491 G B AE K e H A
KAETE , PRI TE AR T 5 A2 AR S B i 3 2 56
PO 5 HAMBR S XA TF o X FORE B b 10 R i e
RUPRHE T HERR Y22 ST HEAS

Jo 47 1 o 0 O KB B BT A 1 5 — A EE R
W ARSCHAT T E AL, K R I E AR T
R A —EME . A & B bR EE A RE
R J SRR 2 o BRI ME G A U1 R AT DT R
WA SRR 2 . 1B 3 & OUC-UAV-SEG 34 4E 11
PR BRI BB 3 SR B E 1R AE
FEBE EARK B WF 8 i T B RLIR, B 3 (b) b i 5]
HOAS [ AR TR A 25
2.4 HIEESH

OUC-UAV-SEG %4 5 L4155 726 16 & 2 b5 1
GFEECE RN 1 750 R R A5 TR 00 RS | e BR3P
1920 x 108015 FR o X Eidla e A BN F
PR Ry 1 R A 2 AR 4 W D AR 5 4 1 T Y S
Fio BARHERN 3R 3475 IR R A A i
o IR 477 IR R, B Uk 4R A0 5 140 1R 141
18, IR A% 109 18 MR o X FE Y R0 43 B b 2%
&7 Nk S e AT A AR 22 ] )P A AR, Sy
TR fy 2 2] FIPTAL PR AL T ] FE Y JEath

T BRI R, 5 IR B R 2 ) 52 B



$29% /5 8H] /2024 £8 A

ERR, EBR%E, B, REF, NEE, FRE, TEHE, fER

HELANBETESREENNIE DB EEHIESE

(a) & (b) PRIl
Kl 3 OUC-UAV-SEG #idE /R
Fig. 3 Presentation of the OUC-UAV-SEG dataset
((a) original images; (b) annotation information)
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Fig. 5 The category pixel distribution and image count in the OUC-UAV-SEG dataset
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Fig. 6 Challenges in the OUC-UAV-SEG dataset
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Mask2Former, JUfS T3 AL Y25 5 . X se & Blam e 1
OUC-UAV-SEG ¥ 5t 5838 15 S 7 %147 5 Z 18] 1Y 2=
5to OUC-UAV-SEG J&2—FlEak i 18 Lo EIT 55,
W LB B AR B AR R AR

AL — oM T BRIE OUC-UAV-SEG 4%
EORFEZES) ERPERE A RN E 3—K S i, A
SCWEE BN [FI BN [ 250 1 IS S (i 2 AN
—FERY . DL R B, FON £E 3 A4S 2800 1 s
T AW BT L (ToUE , (HZEHERRE (Ace) X AT
Wi br I, PSPNet RINFAN . X PP 9F— 20N
T OUC-UAV-SEG #4414 ME M 2 e . FEiX
MEER S R R R 20 B MG 2 45 H IhRe 0 4F
TEFIRAR , S BB RIAE AR 5] bRt 22 5. X
TR BT, FCN 0] G876 b B4R 5 4544 AR
AR Ty B — L, AT IS T 85 5 19 ToU fA &
Ifif PSPNet 7E AL B - SCAF B 22 JUBE REAE I 3 90
Mo, DR A R R L T

B 7 78 B b s TR R S A R it K
(frames per second, FPS) Z[A]A K Z . BiSeNetV2 L)
MU 1) A B TR TR R O 6% 245 g O 50T o, R

£R3 AEHHBEEOUC-UAV-SEG HiEEFRRIN
Table 3 Performance of different models on
the OUC-UAV-SEG dataset

ki) mloU/%  mAce/%
U-Net(Ronneberger 25 ,2015) 57.31 68.93
FCN(Shelhamer %% ,2017) 57.66 69.04
PSPNet(Zhao %5 ,2017) 58.45 70.28
DeepLabV3+(Chen%5,2018) 57.98 70.07
DANet(Fu%,2019) 56.97 69.51
CGNet(Wu4§,2020) 58.63 70.46
BiSeNetV2(Yu%,2021) 56.68 68.80
SegFormer(Xie %5,2021) 58.38 70.28
Mask2Former(Cheng 45 ,2022) 58.37 70.44
PIDNet(Xu % ,2023) 59.00 71.15
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T4 AREBEBELREZEF IoUE

Table 4 IoU values of different models for different classes

/%

P WEOWE Wh W R R EAEKE BoE S B A HEH
U-Net 71.12 54.58 55.77 77.19 53.68 68.31 76.94 7936 2241 65.03 72.56
FCN 71.19 52.81 58.72 77.69 58.79 68.64 77.67 80 23.12 6532  73.39
PSPNet 71.15 52.28 58.28 78.59 56.71 69.53 77.93 78.64 19.4 6426  74.09
DeepLabV3+ 70.91 52.69 59.91 78.35 56.93 68.61 78.14 78.42 19.17 64.17 73.83
DANet 70.32 55.52 57.22 76.69 52.75 67.92 77.57 76.6 14.87 62.6 74.44
CGNet 70.37 52.05 58.2 78.1 52.95 70.85 79.02 81.24  36.8 67.78  74.51
BiSeNetV2 70.32 52.21 59.34 78.69 56.05 65.44 77.8 75.05 13.27 62.45 72.89
SegFormer 70.64 54.22 58.41 78.83 55.32 69.94 76.82 80 21.6 64.59  73.65
Mask2Former 70.25 54.89 56.58 74.97 44.26 73.07 75.92 79.96  30.64 653 75.21
PIDNet 70.81 57.44 59.86 78.39 56.89 66.54 76.72 7775 36.04 67.03 73.33

TE I R R R B S R As R
x5 AREBEAREE AcclE
Table 5 Acc values of different models for different classes
1%

Y wE WE wah R WUR b EARKE BcE RRMD A MRk
U-Net 95.5 59.79 75.27 89.52 65.39 80.53 91.88 91.95 23.66 89.82 80.62
FCN 95.75 58.54 76.4 91.09 72.4 80.6 91.37 90.57 24.34 91.49 80.82
PSPNet 96.17 57.72 77.89 89.34 73.96 81.53 91.88 91.47 20.27 90.74 81.89
DeepLabV3+ 95.81 58.82 78.42 89.65 76.17 80.13 90.97 90.03 20.49 90.86 82.18
DANet 96.15 61.62 77.25 87.67 71.87 79.69 91.55 90.33 16.3 88.89 81.42
CGNet 95.63 56.57 77.66 88.52 74.91 84.97 91.6 95.27 38.99 87.86 83.42
BiSeNetV2 94.85 56.24 77.37 89.55 74.39 77.43 92.59 93.04 15.6 88.44 80.17
SegFormer 95.8 59.55 75.8 89.82 74.12 82.25 89.38 92.01 22.06 90.49 81.57
Mask2Former 95.19 59.77 75.21 87.34 64.59 82.25 88.05 90.99 31.66 90.29 82.4
PIDNet 96.02 64.37 78.92 88.26 76.98 78.76 92.15 92.54 41.62 88.86 82.39

E R TR R S 5 e LA R
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ZWr. MEZ T, PIDNet 7245 JE 7 i £ B0 (4, (2
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A Iy b 5 2 B R AZ BR A JE ML & |, DA
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T IR A A S AT A AE OUC-UAV-SEG
BHE A 0 (R R, AR SCR P TR A 6 B T A4 g i ke
H il 2% IR £ A2 (9458 PIDNet (20 25 BE H1 64T 17 4%

BT o TRVEH PR A AT A5 R an P 8 o, Bk ok,
B R, A 0 A SIS . mT LA 3,
RUFE RN B A K RN A B 7 T B £, 43
FIIRE] T 96. 02%.92. 15% F195. 13% A HERT R
SR, A6 B0 2 500 g S50 b 1 B T A
54.72% MR 323, 3K R BRI RN P S AR AN B
AR ARRL, P2 E LAERA X 3 B AT, 7RI B 200
e RREA B T RIS B o 3k F W 2% AE X 3
TEAS A ) BARE , Bk 22 8] T 52 m , AR AR5 n]
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Fig. 8 Confusion matrix visualization
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