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Deep Learning Model for Chinese Fishing Vessel Classification
using Open-Set Object Detection

Dong-Hwi Cho*, Sang-Gil Kang**
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Abstract

Illegal fishing by Chinese vessels within South Korea's Exclusive Economic Zone (EEZ) has caused serious
damage to marine fisheries and led to resource depletion. Manually detecting these vessels by monitoring CCTV is
time-consuming and costly. To address this, an automated system for detecting and identifying Chinese fishing vessels
based on ship imagery is necessary. This paper proposes a two-step Chinese fishing vessel classification model that
combines Grounding DINO, an open-set object detection model, with EfficientNet and a One-Class SVM. Through a
hierarchical model, the process is divided into two stages: Ship Feature Detection and Nationality Classification. This
involves extracting the features of the fishing vessels and then classifying them based on those features. The
proposed model outperforms a conventional ResNet50 by approximately 9.1% and EfficientNet-BO by 3.3%.
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AR "@51 Holg F g=olile HlFe] F o A& oA ¢t s oA A F=T T
TOAET FolA, oA OB E 7|EoE = Aukal 18-S text promptol] ‘a ship’, ‘a flag’2 A
SR ER T CERE i G0 AgayY, 2 U8 ool
ol A oAdzt Zd Y9 FASo S HE
. 3% 2 gk a9 U ]t' AEE AT oW the
SAI)] nationality classifications ¢|3 18 29} %
B =RoA Aokshs 29| A2Ee F3ojA of ¥ oA} grounding DINO7} HAR
S 2257 A 13 13 o] A=A nue annotation A E-E o] g3tk
TS AA HAFL ship feature  detection}
natiOnality classiﬁcati0n9] -‘%— E}ﬁ]i ?%E‘O‘] 9)11:]- Algorithm 1 Ship Feature Detection
I: function SHIPFEATUREDETECTION (original -image)
2 textprompts + {"a ship”,”a flag”}
: : 3 detecledObjects + GroundingDINO Model.detect(
31 Shlp feature deteCtlon original image, text_prompts)
1: annotations < detected_objects
5 return original_image, annolalions
Shlp feature detection Tﬂ—ﬁ] oﬂ /H :la 231' llaj 6: end function
34 o] 2l ofad olmA 7k EOL?‘]E HEd 72! 3. Ship feature detection 2{AHEE A=
ofd omAE TR ofMdi Zde AE Fig. 3. Ship feature detection pseudo code

Ship Ship Nationality
Dataset Feature Information Classification
Detection Data

a2l 1, 28 SEx

Fig. 1. Model process

Ship —
Raw Image > —

Grounding Object
DINO Annotation

Data

(a ship. a flag)
Text Prompt

J&l 2. Ship feature detection +=%
Fig. 2. Ship feature detection architecture
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3.2 Nationality classification

e

=
T

Ship feature detection TAOIA A2 HE oA
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ROI(Region of Interest)E EfficientNeto]] YHO2 A}
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Algorithm 2 Nationality Classification
1: function NATIONALITY CLASSIFICATION(image, detected_annotations)

2 [lag.annotation < FindAnnotationByLabel(
detected_annotations,”a flag")
3. if flag-annolalion cxists then then
1: flag_roi + ExtractRoi(
image, flag-annotation.coordinates)
5: classi fication_resull + EllicientNel_Model.classify(llag_roi)
6 else
7 ship_annolalion + FindAnnotationByLabel(
delected_annolations,”a ship”)
8 ship_roi + ExtractRoi(
image, ship_annolalion.coordinales)
9: clussi fication_result < OneClassSVM Model.classify (ship_roi)
10: endif
1 [inal_resull + classification_result
12: return [inal_resull
13: end function
& 5. Nationality classification 2/ARZEZE
Fig. 5. Nationality classification pseudo code
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4.1 Dataset construction
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Table 1. Number of images collected with or without flag

Type Chinese Korean
No Flag 27 1,387
Flag 73 1613
Total 100 3,000
EfficientNet

Classification
Result

Cropped Ehip One Class SVM

el

2! 4. Nationality classification T+Z=%
Fig. 4. Nationality classification architecture
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¥ 2 4o w2 &= o|aX] T
Table 2. Number of images collected depending on the
environment

Type Chinese Korean
Normal 64 2674
Wave 21 189
Fog 15 137
Total 100 3,000

# 3 olo|gM E¢& d|gof wz o[o|X| I
Table 3. Number of images according to dataset split ratio

Type Train Valid Test
Korean 2400 300 300
Chinese 80 10 10
Chinese

Korean

Flag

Fog

O 6. AW M HolE oA
Fig. 6. Example fishing ship data by enviroment

HHE &sty] g3 dxe golEd AL
a7 794 HXo] label-studios AHE3Fe] 2+,
- JY3} A YY9<S bounding boxE AR
A8IATE  Ship feature detection THAIOIA]  object
detection®] A5 FIst7] 9314 COCO dataseto]
JSON &2 o2 A&ste & 4000719 dlo]ElE T
ECIC IR =

l

B

a ship 1 l aflag 2 a ship 1 I aflag 2

3% 7. Label-studioE 0|83 HI2E A 2o[=
Fig. 7. Bounding box labeling with label-studio

4.2 Ship feature detection

Ship feature detection THA| A1 HuggingFace 2}
olHelglE& A3t grounding DINOE 753}
AgPedey. AR oz F53 vlolHA Valid
dolejdls vtz a5 ojmAlo] v} U= A
g3t 2] AE AHE T mAP@.SO AEE
1o ®2 Z24e YAt EEY  thresholde
grid searcchE F3NA 718 HAY Zhs ©ASH L
H, & 494 Hole ZAAHH 0.1~02004¢ ZE
Aol 7P el Uitk A threshold 7t
UF GOl o]z R s vk w2
AAE EE35t7] wZol| ship feature detection =2
dAE 029 @S A&t JPdth ]9
threshold®| A1 grounding DINOIA YAl U2 A
HEol A el Zgko] HA Gokd HF
mAP@.50°1 &S & AS s

E 4. Threshold® grounding DINO M &%
Table 4. Grounding DINO accuracy with threshold

Threshold mAP@.50
0.1 83.1%
0.15 82.9%
0.2 82.8%
0.25 82.1%
0.3 80.4%

4.3 Nationality classification

Nationality classification @441 HuggingFace©ll
A A|F3t= EfficientNet-B0 Ed-S ALgste] sher
of AF23F92™, one class SVM scikit-learnol| 4]
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Table 5. One class SVM accuracy with parameters

Kemel Nu Gamma F1-Score
poly 0.05 0.009 90.3%
linear 0.05 0.009 89.9%
linear 0.1 0.009 88.0%
poly 0.1 0.009 87.3%

sigmoid 0.15 0.009 87.0%

sigmoid 0.15 0.019 86.8%

44 A¢ Ao

Ship feature detectionoll Xl 2t ujejmlE] st
nationality classification] 4] 2+ detv|E] & A

Sl Bde] des HUtetHoH, ©Y ResNet,
o EfficientNet, @Y one class SVM 293} v
o AAE F 63 Zo] dol F F QT
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Fl-Score 455 HAFom, T ResNet50 thH]
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Table 6. Compare result with classification models

Model Precision Recall F1-Score
ResNet50 86.0% 84.8% 85.4%
EfficientNetB0 91.5% 90.9% 91.2%
One class SVYM 77.1% 75.5% 76.3%
Ours 94.6% 94.4% 94.5%
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Fig. 8. Korean ship image with misclassification
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