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Abstract Many complex elements such as poor light and high noise in the underwater environment result in low detection
accuracy and high missed detection rate in traditional underwater target detection methods. To address these issues, based
on the current general Faster R-CNN algorithm, this study proposes an underwater target detection algorithm based on
automatic color level and bidirectional feature fusion. First, the automatic color level was used to enhance a blurred
underwater image. Second, the path aggregation feature pyramid network (PAFPN) was introduced for feature fusion to
enhance the expression for shallow information. Third, the soft non-maximum suppression (Soft-NMS) algorithm was
introduced to modify and generate the candidate target regions before and after training. Finally, the Focall.oss function
was used to rectify the issue of an unbalanced distribution of positive and negative samples. The experimental results show
that the proposed algorithm can reach a detection accuracy of 59.7% on the URPC2020 dataset and a recall rate of
70.5% , which are 5.5 percentage points and 8. 4 percentage points respectively higher than the current general Faster R-
CNN algorithm, effectively improving the average accuracy of underwater target detection.
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Soft-NMS ; Our-3 7 YIl 45 §ij J& 42 % F Soft-NMS # 17
I &5 5 Our-4 R 7R 7€ Our-3 S il | 51 A PAFPN # 17
Y

g RSB P A Ak H A A A R ) 1 BE L N
P45 A0 32 00 DF- A0 235 SR A 1o o) A R g A T e

Y50 5 ¥ 2R Soft-NM'S 5. i X A5 70 e ff R 452 T+ 19 A
BCPE , Our-2 1 Our-3 43 511 5 A U 25 515 A0 AE I 250 J5 3
K A Soft-NMS #E 47 I 2k, & B8 Il 25 i J5 449 °R A Soft-
NMS B IR A BR TR T 0. 24 1 43 5, (B RG IRS BE 42
FET L 24 E s i, b T i — 2 2 v A T ASE AR 1y
HEAG R, Our-4 78 FRAE N3k By B 51 A T PAFPN, B 8%
[R5 Our-2 # [, {H A XF F & J] PAFPN 1 5
W KRS AR T 0.6 A A . ZE LR, AT Lk
P BT Our-4 1Y MEHH R 18 59. 7%, Ml H Baseline 2 /
T 5.5 E 4 5 A3 8 3R GK 70, 5% , A Baseline $# 5
T8 A A Gy s Hod N B bR R I Y A R GA
33.3% , #Hl Ltk Baseline 45 & T 6. 2 4~ & 43 o5 5 5 3 3 2l
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Table 2 Comparison of defferent improved detection algorithms

Algorithm -Input Backbone Feature ROI Bbox Loss function Epoch
image enhancement

Faster R-CNN Src VGG16 None ROI pooling NMS(T+V) L1Loss None
Baseline Sre ResNet50 FPN ROT align NMS(T+V) L1Loss 60
Method 1 Sre ResNet50 FPN ROT align NMS(T+V) ToULoss 60
Method 2 Src ResNet50 FPN ROI align NMS(T+V) FocalLoss 60
Method 3 Src ResNet50 FPN ROI align NMS(T+V) Gaussian FocallLoss 60
Our-1 1IE ResNet50 FPN ROT align NMS(T+V) FocalLoss 60
Our-2 1E ResNet50 FPN ROI align Soft-NMS(V) Focall.oss 60
Our-3 IE ResNet50 FPN ROT align SoftNMS(T+V) FocallLoss 60
Our-4 IE ResNet50 PAFPN ROT align Soft-NMS(T+V) Focall.oss 60
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3 IR A I B B AP AT AR
Table 3 AP and AR of different improved detection algorithms

Method AP /% AP /%  AP*T /% AP /% APY/%  APY /% AR/%  ARY/%  ARY/%  ARY /%
Baseline 54.2 88.8 59.5 27.1 48.2 60.1 62.1 40.6 57.2 67.0
Method 1 54.9 88.7 61.1 27. 4 49.0 60. 8 62.9 40.3 58.0 67.8
Method 2 56.0 90. 2 62.3 28.5 50.0 61.9 63. 4 41.1 58.3 68.3
Method 3 55.5 90. 0 61.7 28.9 49.4 61.5 63.0 40.7 58.0 68.1
Our-1 56.7 90.7 63.1 29.0 50.5 62.6 64.0 41.4 58.8 69.1
Our-2 57.9 90. 8 66.1 30.6 51.7 63.6 70.5 49.4 65.5 74.8
Our-3 59.1 90. 8 67.9 32.4 52.7 65.1 70.3 49.4 65.0 75.0
Our-4 59.7 91.2 68.6 33.3 53.1 67.5 70.5 49.7 65.1 75.3

Tho SR UL T Our-4 2k 532 % KR H AR 45 I
AE T SR BOR A

3 93 LA A (6] 30 00 o 8 3 S R il A 00 Al 40 45 2
PR 2, 265 7 A b Al BB A9 T BRI AP
AR, A IR BB o 1T 9 g T O [ 55k Y PR
2o P EREE R PR B R et A E R,
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Fig. 9 PR curves of different improved algorithms
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Fig. 10 Loss function curve of the proposed network
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detection results of proposed algorithm detection results of proposed algorithm
before improvement after improvement
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Fig. 11  Comparison of detection results of proposed algorithm before and after improvement
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Fig. 12 Comparison of detection effects for blurred image and clear image
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