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Multi-hierarchi'cal. Classification for Marine Organisms

ZHAO Dong', CHENG Yuan-Zhi'?

'(School of Information Science and Technology, Qingdao University of Science and Technology, Qingdao 266061, China)
%(School of Computer Science and Technology, Harbin Institute of Technology, Harbin 150001, China)

Abstract: This study proposes a multi-hierarchical classification method for marine organisms. Marine organisms are
diverse, and organisms of the same phylum have strong inter-class similarity, while organisms of various phyla have large
differences. Meanwhile, a multi-hierarchical classification method is designed by utilizing the simildtityiamong species to
help the network learn biological prior knowledge. Additionally, this study designs a C-MBCony module and improves
the EfficientNetV2 network architecture by combining the multi-hierarchical classification method, and the improved
network architecture is called CM-EfficientNetV2. The experiments show that CVM—EfﬁcientNetVZ has higher accuracy
than the original network EfficientNetV2, with an accuracy improvement of 1.5% on the inter-tidal marine biology dataset
of the Nanji Islands and 2% on CIFAR-100. |
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s gn] DU AF I 2% 15 HER 2 120 3153, 24 N fE
N3 I B, HEFARIEE] T 95.50%. Flib4as RE

B, R 2 73 SRR ST RT LASRTH I 2% (P RE. SRR, |

KANE RGPS, BmABATERE T N & E N 3 BB, F
NG AR 71k, S5¢r N C-EfficientNetV2_s 1.
3.14 ZJERHE y !

AT, MRS V42715 S R 4 PR
EARSZIG % E &l C-EfficientNetV2 S AFE4H 7 2Rk,
HREIAZ B /38550 5N, 5 fa a6 KRR/ ME, F s
TR A CM-EfficientNetV2. [FIFEHXT CoAtNet0 WHE T
L2 I57%, B HFRN CM-CoAtNet0. % 6. £ 7
ST 2 2R FTT AL R 52

MEESR 6 AL 7 g Sm s, BN T A7 VA5
RUESIRTS T $ETF, FLXT LU AR R 2 Hi it J5 o 4 2 p )4k
SREEEUAS B, Hoh CM-EfficientNetV2 7E iR 5L
WA EAHERA R AT IA B 96.47%. #id R 4EH 1.6%. £
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3.2 XL
TEART A, FRATTHE X LEFRATT I 7 v 5 BB B 6
HERIRIR. XL HE PVT. Swin. CoAtNet. Faster-
Net™), iFormer! ", &M %] L 25 N 8. £ 9
Fios. BT g an i 1 pios.
R 8 MR SRS AN g R

i) #Param (M) . FLOPs (B)  Top-1 Acc (%)
CM-EfﬁcientNetVZ‘ 90 _—19.5 96.47
EfficientNetV2ys | - 20 2.92 94.87
EfficientNetV2_m 53 5.5 95.14
EfficientNetV2 L 118 12.4 95.36
T pvt t 12 1.9 94.15
pvt_s 24 3.7 94.43
pvt m 43 6.5 94.62
pvt L 61 9.5 94.73
Swin_t 27 3.0 94.92
Swin_s 49 5.8 94.98
Swin_b 87 10.2 95.06
CM-CoAtNet0 134 26.3 96.07
CoAtNet0 17 3.4 95.27
CoAtNetl 32 6.9 95.66
CoAtNet2 55 12.9 95.68
CoAtNet3 116 27.7 95.79
CoAtNet4 202 48.6 95.82
FasterNet_s 30 4.6 94.55
FasterNet _m 52 8.8 94.89
FasterNet 1 92 15.5 95.13
iFormer s 19 4.5 95.70
iFormer b 47 8.8 95.73
iFormer L 86 13.3 95.77
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