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Adaptive detection methods for fuzzy underwater objects

LIU Zhaolong', YUAN Hongwu"?, YU Qian'
(1. School of Electronic and Information Engineering, Anhui Jianzhu University, Hefei 230000, China; 2. School of
Big Data and Artificial Intelligence, Anhui Xinhua University, Hefei 230000, China)

Abstract: Underwater environments usually suffer from issues such as light attenuation, color distortion,
complex background interference, diverse target scales, and blurred target features. This paper addresses
challenges related to diverse target scales and difficulties in feature localization by proposing an improved
underwater target detection algorithm based on Faster R-CNN ((sg_Faster R-CNN). Firstly, we introduced
switchable atrous convolution in feature extraction to address the problem of feature loss due to the absence of
global contextual information during feature extraction. Secondly, we used a recursive feature pyramid to
enable multiple interactions between high-level and low-level features, enhancing the capability of model to
detect small underwater targets and complex-shaped objects. Lastly, we introduced a proposal network based
on guided anchor boxes, which could dynamically generate anchors that were sparser and shape-adaptive based
on the image's semantic features, significantly improving the accuracy and localization ability of the model for

underwater target detection. Experiments demonstrate that the improved algorithm achieves a 5.7% increase in
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mAP (mean average precision) on the DUO underwater dataset and also performs well on the general-purpose

object detection dataset VOC.

Key words: underwater object detection; switchable atrous convolution; recursive feature pyramid; feature

blur; region proposal by guided anchoring
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Fig. 1 Architecture of sg_Faster R-CNN algorithm in this paper

Feature
extraction
Multi-scale
fusion

,,,,,,,,,,,,,,,

Anchor Location
generate
1
{ :
Rol align
t
1
1 1

Shape Anchor
1
)

Shape

Feature

adaption

2 73X HE % sg Faster R-CNN 2 [E
Fig.2 Flowchart of sg_Faster R-CNN algorithm in this
paper
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SAC HyFRIXEA I (1):
y=S(x)-Conv(x,w,1)+(1-S(x))-Conv(x,w+Aw,r)
(1)
o x Fly 43 900 s i A R 5 Conv(e,w, 1) 36
AR N w BB FRIE 5 S(o) Ron i IF ¢, 7T L
F 38 N A B H A5 - & SAC W S5 Aw Tl
ZRUH
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Post-Global context

Pre-Global context

B3 SAC NEMEHE

Fig. 3 Internal structure diagram of SAC
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PEATRE, BRI T AR B AR RE AL
(3 SCIE B, XA R 002 (RS RE o HAE AL B
JOBE AR A B R e 44 7 FE Y 7K R H AR, FPN 7
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Oy BEAR SCH ) 338 VA RFAIE 42 5 B REP R A DRI
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PRI 42 Ry bR SCHAT B RE A1, AT 6 55 3 22 R
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REP 4544 [ 15 U e T 45 Ry P
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Predict
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Fig. 4 Structure diagram of RFP
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Fig. 5 Structure diagram of recursive unfolding RFP
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Table 1 Experimental environment specifications

Environment Property
System Ubuntu 22.04
CPU Intere(R) Core(TM) 19-13900K
GPU NVIDIA GeForce RTX 4090
CUDA Versionl2.2

Compiling Environment PyTorch 2.0.1+Python 3.8

1E DUO 04l 4E % FH SGD 1Ak 2%, #thfk= >

#°h 0.005, AL = K 0.0001, N 0.9, Il
R 12%, 1R 8K S 11 4 8 2% 2 K& LA
10 IR B A E S8, a5 — IR Bl S0R

3 RWHERESW
3.1 AEEESHXTLE

R T SRAEAS ST A AP, 7E DUO s 4R
AT, O 5 28 B B bR R DU SA A T R
PEAT X LG o AR SORE HE B 7 B B s A 0 B30 A
Faster R-CNN"_ Cascade R-CNNP!| s
Dynamic R-CNN'"”_ Libra R-CNN"  SABL(side-
aware boundary localization)"”, X kb i) — B Be i H
b A6 I B #5 A . RetinaNet™ ., FCOS(fully convolu-

[20]

Detectors

tional one-stage)
selection)”| AutoAssign™, Deformable DETR(defo-
rmable transformers)™, 7K T H #r £ W 5 15 A .
RolAttn"™" | Boosting R-CNN" 4§, AS [a] i% 5 v 4
ARSI 25 3R N3 2 FoR o

. ATSS(adaptive training sample

F2 FEHEEE DUO HIEE LN E
Table 2 Detection performance of different Models on the DUO dataset

Model AP AP50 AP75 Echinus  Starfish  Holothurian  Scallop FDR/% MDR/%  Param/M  FPS
Faster R-CNN 63.1 83.3 71.0 71.2 73.3 64.0 44.1 39.3 334 41.1 63.4
Cascade R-CNN 648  83.1 71.9 72.0 74.3 66.3 46.4 39.1 33.8 68.9 51.8
Dynamic R-CNN  64.8  81.8 72.5 72.1 75.8 65.5 45.8 36.7 36.3 41.1 61.6
Libra R-CNN 63.6 826 71.8 71.4 73.6 64.9 445 474 31.7 41.4 58.7
SABL 658  83.6 72.8 724 75.4 66.6 48.8 38.7 343 41.9 54.4
Detectors 67.8 849 74.8 74.9 76.0 63.3 52.1 36.3 333 123.2 21.2
RetinaNet 628  82.0 70.9 70.1 73.6 64.4 429 49.5 35.9 36.2 68.7
FCOS 629  83.6 70.0 722 73.4 62.5 433 31.7 40.1 31.8 70.1
ATSS 66.8 849 74.5 72.6 76.5 67.7 493 329 38.5 31.9 65.8
AutoAssign 653 8438 73.0 73.5 74.8 65.4 473 329 38.6 35.9 65.9
Deformable DETR ~ 63.3  83.9 71.5 68.8 72.8 63.8 47.7 354 36.6 39.8 41.6
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Boosting R-CNN  67.5  84.9 76.1 73.8 76.4 67.9 51.8 46.3 30.8 459 66.2
sg_Faster R-CNN  68.7  86.2 76.4 75.3 71.5 68.6 53.6 31.9 343 96.0 19.6
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Fig. 7 Detection results chart
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Table 3 Detection performance with different convolutional layers on the duo dataset

Model AP AP50 AP75 Echinus Starfish Holothurian Scallop
Faster R-CNN 63.1 83.3 71.0 71.2 73.3 64.0 44.1
+SAC 65.7 84.9 74.5 73.7 74.0 66.0 49.3
+DCN 64.6 83.8 72.6 71.8 74.2 66.4 46.0
+DCNV2 64.6 84.1 72.1 72.1 74.1 65.3 46.7
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Table 4 Detection performance with different neck architectures on the duo dataset

Model AP AP50 AP75 Echinus Starfish Holothurian Scallop
Faster/FPN 63.1 83.3 71.0 71.2 73.3 64.0 441
+RFP 65.8 834 73.1 74.1 74.7 66.5 48.0
+PAFPN 63.4 83.3 71.1 71.1 73.6 64.6 442
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Table S Ablation experiment results of different components in model

Model AP AP50 AP75 Echinus Starfish Holothurian Scallop
Faster R-CNN 63.1 83.3 71.0 712 73.3 64.0 44.1
+SAC 65.7 84.9 74.5 73.7 74.0 66.0 493
+RFP 65.8 83.4 73.1 74.1 74.7 66.5 48.0
+GA-RPN 65.5 84.4 73.8 722 74.9 66.8 48.0
sg_Faster 68.7 86.2 76.4 75.3 71.5 68.6 53.6
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Table 6 Detection Performance of Different Models on the

VOC Dataset
Model Backbone mAP
Faster R-CNN ResNet50 79.5
RetinaNet ResNet50 713
Cascade R-CNN ResNet50 80.00
Boosting R-CNN ResNet50 81.6
sg_Fster R-CNN ResNet50 83.7
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