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Abstract: Objective Zooplankton are a key component of the marine ecosystem, the basis of the marine food web, and a
sensitive indicator of environmental change. Changes in its population composition and quantity reflect water quality, pri-
mary productivity, and ecological balance, which are significant for marine ecological assessment and red tide prediction.

The traditional manual microscope inspection method is time consuming, labor consuming, and subjective, hardly meeting
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the requirements of large-scale real-time monitoring. With the development of intelligent perception and deep learning,
image-based automatic recognition has become an important means of marine ecological research. However, the fine-
grained classification of zooplankton still faces challenges, including high similarity between species, significant differ-
ences within species, blurred or occluded targets in microscopic images, and considerable scale differences among various
species. Therefore, this study proposes a Transformer-based zooplankton recognition method that integrates multiscale fea-
tures and an attention guidance mechanism. The method aims to enhance the network’ s ability to perceive and fuse local
details and global semantics, thereby improving classification accuracy, model robustness, and interpretability. Method
In this study, a vision Transformer (ViT) is adopted as the backbone network, and two modules, namely, multiscale
dilated convolution (MSDC) and dual attention (DA), are introduced to optimize the network structure. The MSDC mod-
ule extracts local details and global contour information simultaneously through parallel MSDCs with different dilation rates
and expands the receptive field without significantly increasing the computation amount. The DA mechanism consists of
channel attention and spatial attention, which are used for weight distribution of feature channels and spatial guidance of
significant regions, respectively. Meanwhile, an alternate insertion strategy is adopted, where a DA module is embedded
every three layers. This strategy enhances the texture discrimination ability in the shallow layers and the semantic focusing
and interclass discrimination abilities in the deep layers. These two modules complement each other: the MSDC module
provides multiscale perception capabilities, while the DA module selectively enhances key features, thus improving the
expression and discriminative abilities of features. The overall network structure is denoted as ViT-MDFA, and the model
is trained and validated on four datasets, namely, WHOI-Plankton, ZooScanNet, Kaggle-Plankton, and the self-built Dec-
22. Several ablation experiments are designed to verify the effectiveness of the proposed method. The effectiveness of the
MSDC and DA modules is verified through module independence and synergy experiments; the scientificity of the alternate
insertion strategy is verified via attention insertion strategy experiments; and the impact of different dilation rate combina-
tions on model performance is verified by conducting different dilation rate combination experiments and scale sensitivity
analysis experiments. Finally, the role of the attention mechanism in the image understanding process of the proposed
model is explored through visual analysis. Result Experimental results show that the classification accuracy and F1-score of
the proposed model on the four datasets are higher than those of the existing mainstream convolutional and Transformer-
based models. On the Dec-22 dataset, the model achieves an accuracy of 97. 4% and an Fl-score of 96. 7%, which are
3.9% and 4% higher than those of ViT-B/16, respectively. Ablation experiments demonstrate that when only the MSDC
module is used, the model accuracy can be improved by approximately 1.5%; when only the DA module is used, the
model accuracy can be improved by approximately 0. 7%. The combination of these two modules can further enhance the
overall performance of the model. The void rate sensitivity experiment shows that the [6, 12, 18] combination exhibits the
highest stability across different datasets. In the scale grouping experiment, the small target has the best effect at a low hole
rate, the medium target is balanced at a medium hole rate, and the large target has the highest performance at a high hole
rate, which verifies the rationality and universality of the (6, 12, 18] configuration. The visualization results show that the
attention map generated by the DA module focuses on the main body of zooplankton rather than the background impurities ,
and the model converges fast and has low variance, significantly improving the interpretability. Conclusion The Trans-
former zooplankton recognition framework, which integrates multiscale hole convolution and DA mechanism, achieves a
balance between local detail extraction and global semantic understanding and significantly improves the classification accu-
racy and generalization ability in complex background. The main contributions of this study are as follows: 1) A new
model, ViT-MDFA, is proposed. For the first time, MSDC and channel-spatial DA are embedded into a ViT simultane-
ously to address the issues of large scale differences, complex backgrounds, and high interclass similarity in zooplankton
images. 2) A lightweight collaborative module is designed. The MSDC module pre-enhances multiscale local features, and
the DA module is alternately inserted to enhance the focus on key regions. These two modules complement each other,
enhancing fine-grained discriminative capabilities and ensuring efficient computation. 3) A performance breakthrough is
achieved. The model achieves state-of-the-art accuracy on four mainstream datasets, and ablation experiments and visual-
ization results verify the effectiveness of the modules. This model provides a plug-and-play solution for edge device deploy-

ment and intelligent marine ecological monitoring. Future work will explore an adaptive dilation rate learning mechanism
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based on gradient optimization to achieve dynamic receptive field adjustment. Model lightweight technology and knowledge

distillation strategies will be combined to support the real-time application of marine online monitoring equipment. Multi-

modal data (e. g. , environmental parameters and time series data) can be introduced to expand the model” s application

potential in ecological prediction and biodiversity research.
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®1 BRESIIGSHEE

Table 1 Training parameter settings for each dataset

GIEEE S Ukt Sk Batchsize  YIZAEEL  FCE IR Warmup 540
WHOI-Plankton AdamW 3.00E-05 64 50 0.010 500
ZooScanNet AdamW 1.00E-04 64 60 0.005 500
Kaggle-Plankton AdamW 5.00E-05 64 50 0.010 500
DEC-22 AdamW 1.00E-05 32 100 0.005 300

4 ZIWERSHH

4.1 FTFEBNLEEE

S BAIE VIT-MDFA B (A %00, 558 T Trans-
former 19 211 k7 i 43 2 AR U XT FE , A1 FE ViT (Vaswani
& 2017) .RAMS-Trans (Hu £, 2021) . TransFG (He
45 2022) \AA-Trans(Wang % ,2023) .SM-ViT(Demi-
dov %% ,2023) \IELT (Xu 4§, 2023) \CLE-ViT (Yu 5§,
2023) FIl INTR (Paul %5 , 2024) . 5256 45 5 % 2
Ji7R o

M2 0] LLE H, 5T VIT /72 (INTR , CLE-
ViT) A3 AR ViT 76 4R AE 55 A B de k(1
A SCHE B VIT-MDFA 76 7 45 i 48 475 P 5 40
Jo. EEFENET,INTR 5 CLE-VIT 55 )7 7% BAR AL
A6 T Transformer 142 514 , 1H R 22 1 A 76 i A BFAE
J2 X 22 RURE SRy R 4 AR SR AT . TV U s 4 S f
B b B R s i INF BS540 (o WIE R 556 ) 5
ST MR U R R T sk 25 H bR R
PAFE 435 Ak 5k 26 SRy s 4 15

ViT-MDFA i i 7€ ViT 1 & 5] A MSDC 5 £ 3f:
FE A% AE A DA B, SCEE T B A 2 RUEE =)
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x2 BEBFEANFHEHMEEE LS EMREXTLL

Table 2 Comparison of classification performance of each model on four zooplankton datasets

/%

» WHOI-Plankton ZooScanNet Kaggle-Plankton Dec-22
e PR MR P MR FIAR MR P R

ViT-B/16 85.48 86.94 82.67 84.73 87.34 89.11 88.94 91.32
TransFG 86.92 87.89 84.25 86.01 89.58 91.13 90.37 92.41
RAMS-Trans 87.33 88.28 85.11 86.94 90.42 92.08 91.78 93.69
AA-Trans 88.69 89.57 86.92 88.80 91.48 93.82 93.86 95.17
SM-ViT 89.14 90.04 88.12 89.87 92.17 94.42 94.71 9591
IELT 89.87 90.71 89.04 90.68 93.08 95.12 95.24 96.42
CLE-ViT 90.18 91.05 89.42 91.12 93.51 95.04 95.36 96.52
INTR 90.43 91.52 89.97 91.86 94.02 95.48 95.71 96.71
ViT-MDFA (A& ) 91.36 92.27 91.24 93.34 94.58 96.14 96.73 97.46

T R TR R S e LA R

PRIGR + SAt 4 e AR A IR, 7 AR RS H ]
M P AR OIS R R BRI . AN IR
HOdE 4 (40 Dec-22) H, CLE-VIT 763 4315 1% 1] 22 figt
A {H VIT-MDFA (%45 ¥4 1k 22 RS 3G 5 7R I 2
Yy b ke R PR
4.2 S5HREGEHEDHY LT ERAITLE LR
Nt — A AIE VIT-MDF A BB /e 7715 50 ) 1R (%
g K 28 A R B, BE B Kaggle-Plankton 1
ZooScanNet W~ = it A 42 | 5 I AR AR MEF IR 7
P HEATVEREXT L, i w5 55 T CNN 5 Transformer 2244
IUEZLiE 0 i
4.2.1 Kaggle-Plankton EYg)
#3575 Guo % A (2021) . Guo Fll Guan
(2021) . Kyathanahally ¢ A (2021) 1 Maracani 4§ A
(2023) r e 7 g iy vEREXT e . R 75, 40 Guo 4

%3 Kaggle-Plankton £ #E & IR MEREXT L

Table 3 Comparison of model performance on

N (2021) BUHERRRAL N 77. 45% ; W25 1 72 1AL 5
Z REEBINEIA RS BTk (AR NG
i 55 5 ROBE A A5 1 AT5 A Kk . ViT-MDFA filt &
22 RUBE 23 1) 45 AR 550U O I3 S LT 7E g 1
ARG, 4SS ER 321K 96. 14%.
4.2.2  ZooScanNet 54

F 4R T VIT-MDFA 7 ZooScanNet 55 4 |
SIA T LT G . 41 Zheng 5 A (2017) J7 %
FER MGG CNN M (2 5t B 2% KRB A 2=
S /N S T A S HER R L AU 88 34%. BIA
= ML E AR 2 FF AR 4L S , Maracani 55 A
(2023) 5 KB TF . VIT-MDFA i i “ £ R &
S+ SRy FB G R A5 A E— DR Ty K Re T 1E
ZooScanNet [ iK% 93. 34% AYUERGK .

%4 ZooScanNet H¥E5E FRIEEIMEREXTEE

Table 4 Comparison of model performance on

Kaggle-Plankton dataset ZooScanNet dataset
ik HER 1% i HERI /%
Guo % A (2021) 77.45 Zheng 5 N (2017) 88.34
Guo F Guan(2021) 86.50 Guo Al Guan(2021) 86.70
Kyathanahally 2 A (2021) 94.70 Kyathanahally % A (2021) 89.80
Maracani 4 A (2023) 95.50 Maracani 4% A (2023 ) 92.50
ViT-MDFA (43C) 96.14 ViT-MDFA (4 30) 93.34

T L SRR Bl

T L P SRR e a2
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EHEH, WiFT, FOTE, RiEMW
S REFEMESEENSISHZFRIT S

4.3 HRELSEIG SRR
4.3.1 Y75 PRS0 B iE
R RIE A AR AR AR A/, X MSDC DA K&

HAHAEGHAT TN . RSERER, BRG] A
MSDC i 18 2 $2 FH LT AE B2 2 15 SoAEAS v (i U3
fils, U0 I 22 ROBERAAE AT SO 5 1 Jmy s b A )
ST AL G| A DA B RIREE SRAS 2 STt R Wm i —
243 [BBUEE VR ) R A A R 0 DG B X 1 2R A e
TEEAYE, Y MSDC 5 DA [FIAF 5 | AR, A7 e
T Ao 9 Bl ol P ) 2 IR, R P A
[ A7AE 2 BRI 6 2 . MSDC 5 DA U4 Al T £

REEZSHI AR 1 1 R R Ak . MSDCZE R

(20 ] REGERE 22 530 DA $A3L 1 3 EL AT 40k
A7 T AL R T VA b 2R ) DX
4.3.2 FEEIHHARBERUE

SRS UEAE B AR BT B R A A A R L + )R
TR B A B 7E VAT St 43 R 3 AR R
BEHEATXT o 1) No-DA : AN4fi A DA 3 ;2) AII-DA
£3)Z Transformer Ji5 #)9f A DA B ;3) Alt-DA : £
3ZIHA TIR DABIH (53,6 9. 12)22)5) . 4%
WM 6 Fim . Alt-DA SIS TEOR SR AR5 52 A 2 1Y
[, 23 B PERE T No-DA , BLTEPEREHEUT AII-DA 1
HHE TR FLOPs JA 20. 7 GR# 18, 4 G, B 5
FE91. 2 M, 7 TR AR A BE— R A A

ST

&5 MSDC 0 DA R 3RS 53 M4 B 25 0 bL 32

Table 5 Comparison of the impact of MSDC and DA modules on model classification performance

/%

WHOI-Plankton ZooScanNet Kaggle-Plankton Dec-22
BB R MSDC DA ‘
FIOPRC HERR FLAMEL MERGR FLOME WERR FLo% HERhR
ViT-B/16 baseline X X 88.92 89.81 86.39 88.28 91.23 92.84 94.68 95.41
ViT + MSDC N X 90.72 91.64 88.25 90.17 93.56 95.17 96.11 96.94
ViT + DA X N 90.11 91.02 87.92 89.66 93.02 94.63 95.89 96.77
ViT + MSDC + DA (A30) N N 91.36 92.27 91.24 93.34 94.58 96.14 96.73 97.46

Y MR 2R 4 S R S e R BT, X Fom Al s

®6 AEIDABNKEE TEEMAESITHEE REXLL
Table 6 Comparison of model performance and computational complexity under different DA insertion strategies
HRE R M F10%80% HERR R 1% Params/M FLOPs/G
No-DA 89.63 90.71 85.8 16.9
WHOI-Plankton All-DA 91.75 92.68 103.5 20.7
Alt-DA 91.36 92.27 91.2 18.4
No-DA 88.57 90.12 85.8 16.9
ZooScanNet All-DA 91.52 93.78 103.5 20.7
Ali-DA 91.24 93.34 91.2 18.4
No-DA 92.03 94.18 85.8 16.9
Kaggle-Plankton All-DA 95.82 96.37 103.5 20.7
Alt-DA 94.58 96.14 91.2 18.4
No-DA 94.91 95.87 85.8 16.9
Dec-22 All-DA 97.83 98.21 103.5 20.7
Alt-DA 96.73 97.46 91.2 18.4

T - L7 SR 7R 6 B AR TEA [ 2

STRAPRAA T B AS S . All-DA” 47

B TERE SRR eI AR A SR L F£
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4.3.3  A[A)ZS A 3R A B RUEE U 53

kg 6 UE AN [ 2 Jle] 2R Jic X B R i 5 T, AR
SCAE 45 s B4 I 3 4l 2SR R A A (2,4,
6].[4,8,12]F1[6,12,18], HIKTILE AR 7 BT
R, 16,12, 18 14L& HUS SR i P ERG FE 5 FL(E L 3=
A 35 K 4 8% 32 B9 A Bl T AR PR U sl W 1 4 R B 28
RHE

SR, AN () 28 3] 7 i s W A Al PR 45 b i) S B
R 22 57 W3 AUAE AR REAS 1P Ak 25 T SR 2 A 17
BRI R A SCE— 2 AR B AR AL e (H
FRAR 2 B AR B AR B0 X REAS SR AT RO R 4%
G55 FEAS TR0 A RRAE K BHE 4R R 43 Sl A RUBE
(< 15%) FF R (15%~30%) 5 K B (= 30%) 3
25, AR A N 2 R A3 S PEAS 3 4 23 TR R4 A i 5

B, RAE 8 o ZY LKA X Dec-22 %4
ARSI, B /R 25 R AL E 5 H A RE Z My
X o

THEE R R AR TR G (2,4, 6 E/NRE
41 I B9 A A PR AR CHE B R 94, 54%, F1 4 5
94. 20%) , Wi, W45 /N 1) S sz Y A B T 4R BRIV 1R
YA RRAE s th s TR 2R 5 4,8, 12 7E h R R
Bt (MEWIZR 95, 15%, F1 2388 94. 62%) , LB T J570
58 R IR A 5 i 2 TR A (6,12, 18 IAER R
FEL R B i (HER R 95. 91%, F1 40 %195. 36%) ,
WV A Bl T AR AR 454

MR HARE (6,12, 184 G 7E Dec-22 41
PEER LR G RIEON TR, 5K 7 P4 e /i —
o IR ARRY] TP RE S R REH oA

&7 MSDCERARZFAXRHESEZSBIREN T LRI

Table 7 Classification performance of different void rate combinations of MSDC module on each dataset

Bl e 23R A G F153%0/% HET /% Params/M FLOPs/G

[2.4.6] 89.17 90.23 90.5 18.2
WHOI-Plankton [4.8.12] 90.52 91.78 91.0 183
[6,12,18] 91.36 92.27 91.2 18.4
[2.4,6] 88.64 90.41 90.5 18.2
ZooScanNet [4.8.12] 90.27 91.93 91.0 18.3
[6.12,18] 91.24 93.34 91.2 18.4
[2.4.6] 92.46 94.29 90.5 18.2
Kaggle-Plankton [4,8,12] 93.72 95.21 91.0 183
[6,12,18] 94.58 96.14 91.2 18.4
[2.4.6] 94.83 95.76 90.5 18.2

Dec-22
[4.8.12] 95.91 96.79 91.0 183
[6,12,18] 96.73 97.46 91.2 18.4

E IR TR R R4 D AR A EA ) 23 i R T AL 4s R . [6,12,18 10 MSDC AR A BRI 25 T A BL

*8 ARZTAXEASEAEREHEAMEREXT L (Dec-22 HIEE)

Table 8 Performance of different dilation rate combinations on different scale groups (Dec-22 dataset)

. INREE(<15%) TR (15%~30%) KR (>30%)
A - : - ‘ - -
F1LI 8% HEWR R/ % F150 %% HERR R /% F15350% HERI 1%
2,4, 6] 94.20 94.54 92.83 93.61 91.95 92.89
4,8, 12] 91.50 92.17 94.62 95.15 93.47 93.96
6,12, 18] 90.69 91.38 93.84 94.38 95.36 95.91
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Fig. 4 Visual comparison of attention response regions of

ViT-B/16 and ViT-MDFA to images
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