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Abstract. As primary consumers in the marine food chain, zooplankton
play a crucial role in maintaining marine ecological balance. However, the
Segment Anything Model (SAM) exhibits limited performance in micro-
scopic image instance segmentation due to its lack of zooplankton-specific
domain knowledge. To address these challenges, we propose a novel in-
stance segmentation model based on SAM and wavelet transform (ZMIS-
SAM), effectively tackling issues such as inaccurate classification, dis-
continuous segmentation of slender appendages, and incomplete bound-
ary segmentation. Our framework incorporates three core innovations:
ZM-ViT enhances SAM’s capability to model zooplankton morphology
and image intensity distributions through two lightweight adapters, the
Neighboring Feature Aggregation Module (NFAM) improves continu-
ous segmentation of semi-transparent slender appendages by integrat-
ing general-purpose and domain-specific features, and the Wavelet-based
Multi-scale Multi-directional Feature Enhancement (WM2FE) module
effectively recovers high-frequency details to refine boundary segmenta-
tion completeness. Extensive experiments demonstrate that ZMIS-SAM
achieves state-of-the-art instance segmentation performance on the zoo-
plankton dataset and exhibits strong generalization capability across
multiple public cross-domain datasets. Code: ZMIS-SAM.

Keywords: Segment Anything Model (SAM) · Instance segmentation ·
Zooplankton recognition · Wavelet transform

1 Introduction

Zooplankton, serving as a crucial intermediate link in the marine food chain,
plays a vital role in maintaining the stability of marine ecosystems [37]. Current
methods for zooplankton identification can be broadly categorized into manual
and intelligent approaches [33,54,55]. Traditional manual identification relies on
biological experts observing and counting specimens under microscopes. While
this method achieves high accuracy, it suffers from low efficiency and falls short
of meeting the demands for efficient, large-scale analysis of zooplankton com-
munities [35, 52]. With the advancement of artificial intelligence technologies,
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Fig. 1: Comparison of ZMIS-SAM with other state-of-the-art models on the ZMIS5K
dataset. Challenge 1, Challenge 2, and Challenge 3 represent inaccurate classification,
discontinuous segmentation of slender appendages, and incomplete boundary segmen-
tation, respectively.

intelligent identification techniques based on deep learning methods, such as
instance segmentation, offer a promising alternative for achieving efficient and
accurate zooplankton identification.

Instance segmentation stands as one of the most challenging tasks in in-
telligent visual recognition, requiring not only pixel-wise dense prediction but
also distinguishing between different object instances within the same cate-
gory [34]. Two-stage methods, exemplified by Mask R-CNN [18], have become
the mainstream paradigm in this field. These approaches explicitly generate re-
gion proposals and perform dense prediction to produce instance-level masks.
While they demonstrate stronger segmentation performance on domain-specific
datasets compared to single-stage methods, their effectiveness heavily depends
on dataset scale, image quality, and the distribution and quantity of object in-
stances. This characteristic makes it difficult for two-stage methods to achieve
satisfactory instance segmentation performance in the special field of zooplank-
ton. With their powerful zero-shot generalization capabilities learned from vast
and diverse datasets, recent advances in large-scale pre-trained models [22,36,38]
can extract transferable visual representations, providing a more efficient and
flexible paradigm, for example, segmentation in specialized domains like zoo-
plankton research.

The Segment Anything Model (SAM) [22] has emerged as a highly popular
large-scale vision foundation model with strong zero-shot segmentation capa-
bilities, allowing it to be effectively adapted to various downstream tasks such
as image inpainting [10, 53] and instance segmentation [8, 24, 28]. For example,
USIS-SAM [28] and RSPrompter [8] have successfully applied SAM to instance
segmentation in underwater and remote sensing imagery, respectively, provid-
ing valuable references for its extension to vertical domains. However, due to
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significant differences in morphological characteristics between zooplankton and
typical underwater or remote sensing targets, as well as distinct imaging mecha-
nisms in microscopy, adapting SAM to zooplankton instance segmentation poses
several challenges, as illustrated in Fig. 1:

1) Inaccurate Classification: Zooplankton encompass a wide variety of species,
and organisms from different genera or families often exhibit highly similar
morphological appearances under the microscope. For instance, as shown in
the third row of Fig. 1, Calanus sinicus and Acartia pacifica have similar
body sizes across different magnification levels, with the key distinguishing
feature being the red eye spot present in Acartia pacifica. However, due to
the lack of fine-grained prior knowledge about zooplankton, SAM tends to
misclassify Acartia pacifica as Calanus sinicus [56].

2) Discontinuous Segmentation of Slender Appendages: Some zooplank-
ton possess translucent slender appendages. Centropages tenuiremis uses two
elongated, semi-transparent antennae on its head for feeding and sensing en-
vironmental changes. However, existing SAM-based instance segmentation
models fail to fully leverage features extracted by the image encoder, result-
ing in fragmented predictions of these fine structures.

3) Incomplete Boundary Segmentation: To enhance predation efficiency
or avoid predators, some zooplankton have evolved transparent body struc-
tures, such as Pleurobrachia globosa. When adapting SAM for instance seg-
mentation in such specialized domains, a common approach involves up-
sampling low-resolution feature maps to recover high-resolution details and
improve model robustness. However, the upsampling process often fails to
fully restore high-frequency details, making it difficult for the model to accu-
rately separate these translucent organisms from the background, ultimately
leading to incomplete boundary segmentation [14,29].

To address the aforementioned challenges, we constructed the first high-
quality zooplankton microscopy image instance segmentation dataset (ZMIS5K)
using imaging from a research-grade stereomicroscope. ZMIS5K comprises 5,358
pixel-level annotated images across 47 species, containing 10,228 instances in to-
tal. Furthermore, we propose a SAM-based instance segmentation model specifi-
cally designed for zooplankton microscopy images. To address the issues encoun-
tered when applying SAM to zooplankton instance segmentation, the innovations
of our proposed ZMIS-SAM are as follows: 1) For classification inaccuracy, we de-
sign two novel adapter modules, Shape Adapter (SA) and Intensity Adapter (IA),
built upon the widely-used lightweight adapter tuning framework [32]. These two
adapters, together with ViT [15], constitute ZM-ViT. These are designed to cap-
ture zooplankton-specific morphological characteristics and microscopy-specific
channel intensity distributions, respectively. The proposed ZM-ViT integrates
these adapters into selected ViT within SAM’s image encoder, enabling effective
domain-specific feature learning. 2) For discontinuous segmentation of slender
appendages, we design a Neighboring Feature Aggregation Module (NFAM) that
effectively integrates general-purpose features from frozen ViT layers in SAM’s
image encoder and domain-specific features from ZM-ViT. This enhances the
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model’s ability to segment translucent slender appendages with improved con-
tinuity. 3) To tackle incomplete boundary segmentation, we design a Wavelet-
based Multi-scale and Multi-directional Feature Enhancement (WM2FE) mod-
ule. The resulting feature enhancement module compensates for high-frequency
details lost during upsampling, thereby improving segmentation accuracy along
transparent or low-contrast edges. The main contributions of this work are as
follows:

1) To our knowledge, ZMIS-SAM is the first large vision model for instance seg-
mentation in zooplankton microscopy images. It shows strong performance
in ZMIS5K and offers valuable insight for adapting SAM to other vertical
domains.

2) We propose three key components: ZM-ViT enhances domain-specific repre-
sentation learning for improved species classification, an NFAM improves
segmentation continuity of translucent slender appendages by combining
general and domain-specific features, and a WM2FE module recovers high-
frequency details to refine boundary segmentation.

3) We introduce ZMIS5K, the species-rich, high-resolution zooplankton mi-
croscopy image dataset for instance segmentation. It includes 5,358 images
across 47 species with 10,228 instances, and supports various vision tasks
such as image classification, object detection, semantic segmentation, and
instance segmentation. For a more detailed introduction to the ZMIS5K
dataset, please refer to Appendix A.

2 Related work

2.1 Instance Segmentation

Instance segmentation methods are primarily categorized into single-stage and
two-stage approaches. Single-stage methods [4, 6, 23, 45] simultaneously predict
object category, location, and segmentation mask to achieve rapid instance seg-
mentation, though their segmentation accuracy is lower than that of two-stage
methods. Two-stage methods utilize object detection results for segmentation
mask tasks, divided into bottom-up and top-down approaches. Bottom-up meth-
ods [1,19,25] first perform pixel-level predictions, then employ clustering meth-
ods to distinguish different instances. This approach better preserves low-level
information such as details, but its poor generalization capability makes it chal-
lenging to handle complex scenes [27]. Top-down approaches [11, 12, 18, 39] first
generate bounding boxes for candidate objects, then perform pixel-level segmen-
tation within these boxes. Their strong generalization and segmentation capabil-
ities have made them the current mainstream method for instance segmentation.
Due to the vast diversity of zooplankton species requiring annotation by expe-
rienced biological experts, coupled with the necessity of specialized microscopy
equipment to capture zooplankton microscopic images, no relevant instance seg-
mentation datasets exist in the field of zooplankton research. Therefore, this
paper establishes the first zooplankton microscopic image instance segmentation
dataset to advance instance segmentation studies in this domain.
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2.2 Segment Anything Model (SAM)

SAM [22] is a prompt-engineering-based large-scale visual segmentation model
pre-trained on 11 million images and over 1.1 billion masks. Its robust zero-
shot segmentation capability enables transfer to various downstream visual tasks
such as image restoration [10, 53] and style transfer [30], as well as other ver-
tical domains including medicine, remote sensing, and underwater applications
[8,9,16,24,28,40,43,49,51]. For instance, FoodSAM [24] integrates SAM’s robust
segmentation capabilities with domain-specific semantic knowledge through se-
mantic enhancement strategies, achieving semantic segmentation, instance seg-
mentation, and panoramic segmentation of food images via object detectors.
USIS-SAM [28] fine-tunes SAM’s encoder to learn underwater domain knowl-
edge and generates salient features using a salient feature prompt generator,
enabling instance segmentation of underwater images. However, SAM’s lack of
domain-specific knowledge for zooplankton and the distinct distribution of zoo-
plankton microscopic images compared to other datasets limit its performance
in segmenting such images. In this study, we leverage a zooplankton microscopic
image instance segmentation dataset to build the first large-scale instance seg-
mentation model for the zooplankton domain based on SAM.

2.3 Wavelet Transform

The Wavelet Transform adaptively adjusts the analysis scale by scaling and
translating a mother wavelet function, enabling multi-scale and multi-directional
signal analysis. In recent years, several studies have integrated wavelet transform
with deep learning to enhance model performance in image processing [2,13,57]
and intelligent recognition tasks [3, 17, 26, 50, 58]. In the field of image seg-
mentation, Xu et al. [48] addressed the problem of information loss caused by
conventional downsampling by introducing a Haar wavelet-based downsampling
method. As a result, it reduces feature map resolution while preserving structural
and textural details, demonstrating improved performance on public semantic
segmentation datasets. For challenging segmentation tasks under low-light or
adverse weather conditions such as rain and fog, Wang et al. [46] proposed a
wavelet-constrained semantic segmentation framework. Their method incorpo-
rates the dual-tree complex wavelet transform within a multi-branch architec-
ture and employs a pixel attention mechanism to fuse information from both
the wavelet and feature domains, effectively improving segmentation accuracy
in complex railway scenes. Unlike the aforementioned works, which do not in-
troduce any learnable or weighted operations, our work focuses on dynamically
fusing wavelet features for instance segmentation. We propose a wavelet-based
multi-scale and multi-directional feature enhancement module designed to re-
cover fine details lost, thereby improving boundary segmentation accuracy for
transparent zooplankton in complex microscopic imaging conditions.
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Fig. 2: Overview of ZMIS-SAM architecture. ZMIS-SAM includes ZMIS-SAM En-
coder, ZMIS-SAM Prompter, and Mask Decoder.

3 Methodology

In this section, we will introduce our proposed ZMIS-SAM model, a SAM-based
framework that is designed specifically for instance segmentation of zooplankton
microscopic images. The subsections are as follows: 3.1 Overall Framework of
ZMIS-SAM, 3.2 Zooplankton Micrograph Adaptive Vision Transformer (ZM-
ViT), 3.3 Neighboring Feature Aggregation Module (NFAM), and 3.4 Wavelet-
based Multi-scale and Multi-directional Feature Enhancement (WM2FE). For
more prior knowledge, the loss function and evaluation metrics of the model,
please refer to Appendix B.

3.1 Overall Framework of ZMIS-SAM

The overall architecture of ZMIS-SAM is illustrated in Fig. 2, which consists
of three key components: ZM-ViT, NFAM, and WM2FE. Specifically, ZM-ViT
incorporates two lightweight adapters, the Shape Adapter (SA) and the Inten-
sity Adapter (IA). The SA refines the representation of zooplankton morpho-
logical structures, while the IA adjusts the channel-wise feature intensity dis-
tribution. Together, they guide SAM to capture domain-specific characteristics
better and extract more discriminative zooplankton features. The NFAM aggre-
gates the zooplankton-specific features extracted by ZM-ViT with the general
visual features from adjacent frozen ViT layers, followed by a Feature Pyramid
Network [29] to obtain multi-scale representations. Furthermore, the WM2FE
module performs wavelet decomposition on the multi-scale features to enhance
both low-frequency contextual cues and high-frequency directional details, effec-
tively compensating for the edge information lost during the encoding process.
Finally, the features from the encoder and the embeddings from the prompt
encoder are fed into the frozen mask decoder of SAM to produce fine-grained
zooplankton instance segmentation results.

3.2 ZM-ViT: Zooplankton Micrograph Adaptive ViT

The SAM’s image encoder can extract rich and general-purpose visual repre-
sentations that are effective across many vertical domains. However, zooplank-
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ton in marine environments often exhibit slender appendages, transparent or
semi-transparent bodies, and significant illumination variations caused by the
microscopic imaging environment. Moreover, there exists a notable domain gap
between the natural images used for SAM pretraining and the microscopic zoo-
plankton images. These factors make the original SAM image encoder less effec-
tive in capturing the fine-grained morphological characteristics of zooplankton,
leading to suboptimal segmentation performance. To address this issue, we pro-
pose ZM-ViT, which integrates two lightweight adapters into the ViT blocks of
SAM, as shown in Fig. 2(b). This design enables ZM-ViT to effectively leverage
the pretrained SAM image encoder while adapting to the zooplankton domain,
allowing for more discriminative feature extraction and improved instance seg-
mentation accuracy.

The proposed ZM-ViT can effectively learn discriminative features of zoo-
plankton in microscopic imagery through Parameter-Efficient Fine-Tuning [44].
Inspired by USIS-SAM, we integrate two lightweight adapters into the ViT archi-
tecture, namely the Intensity Adapter (IA) and the Shape Adapter (SA). Unlike
the adapter design in USIS-SAM, we introduce a parallel branch that com-
bines Conv–GELU–BN operations with the Layer Normalization (LN) residual
pathway for the features fed into the adapter. This design forms the IA, which
dynamically adjusts the channel-wise feature intensity distribution. The place-
ment of IA within the ViT block remains consistent with that of the adapter in
USIS-SAM: one IA module is inserted after the multi-head self-attention layer
to modulate the channel intensity distribution, and another is integrated in par-
allel with the frozen MLP residual branch to aggregate and update contextual
information more effectively. The IA can be formulated as follows:

FIA = Up(Dp(BN(LN(x) ∗ C(x)))) + Fin (1)

where x and FIA ∈ RN×C denote the input and output features, respectively.
C(·) denotes the convolutional branch consisting of Conv–GELU–BN, Up(·) and
Dp(·) denote the up projection and down projection, respectively. BN(·) and
LN(·) denote the batch normalization and layer normalization, respectively.

Since zooplankton have diverse morphological structures, we further design
a Shape Adapter (SA) based on a striped depth-wise separable convolution. The
SA can effectively enhance the model’s ability to represent the shape structural
characteristics of zooplankton, while the depthwise separable convolution greatly
reduces computational complexity. The SA can be expressed as follows:

FSA =
∑

max;avg

C1((Pooli(x))) (2)

where x and FSA ∈ RN×C denote the input and output features, respectively.
C1(·) denotes the PWConv-DWConv-GELU-DWConv operation. Pool(·) denotes
average pooling or maximum pooling.

To enable the SAM image encoder to extract optimal feature representations,
we use ViT-H as the backbone of the SAM image encoder. Furthermore, to
ensure a fair comparison with the baseline experiments, ZM-ViT replaces one
frozen ViT layer every two layers, starting from the eighth layer.
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Fig. 3: Overview of Neighboring Feature Aggregation Module (NFAM) architecture.

3.3 NFAM: Neighboring Feature Aggregation Module

To achieve automatic instance segmentation, existing approaches usually treat
the representations extracted from certain ViT layers of the SAM image en-
coder as pseudo-prompts. However, when transferring SAM to domain-specific
instance segmentation tasks, current methods either rely solely on the frozen
ViT features with general representations or only exploit the domain-specific
representations obtained from the adapter. Both strategies fail to fully leverage
the complementary information between general and domain-specific represen-
tations for generating effective prompt features.

We propose an NFAM that comprehensively aggregates both the general
representations extracted from the frozen ViT layers and the domain-specific
features captured by the fine-tuned ZM-ViT, thereby producing more effective
prompt representations and enhancing the instance segmentation performance
of SAM. As illustrated in Fig. 3, NFAM processes the domain-specific features
{Fsdf}Li=j ∈ RCi×Hi×Wi , the general features {Fgf}L−1

i=j−1 ∈ RCi×Hi×Wi , and
their concatenated representations Fcf ∈ R2Ci×Hi×Wi in parallel. The domain-
specific and general features are respectively refined using a ConvBlock (Fig. 3
(b)) and a depthwise separable convolution to enhance local feature extraction,
while residual connections preserve fine-grained spatial information.

˜Fsdf = ConvBlock(Fsdf ) + C2(ConvBlock(Fsdf )) (3)

F̃gf = ConvBlock(Fgf ) + C3(ConvBlock(Fgf )) (4)

Fcf = Concat(Fsdf , Fgf ) (5)

where ˜Fsdf and F̃gf domain-specific and general features after local enhancement,
respectively. C2(·) and C3(·) denote the PWConv-DWConv-PWConv-DWConv
and the PWConv-DWConv operation, respectively. In parallel, the concatenated
features are passed through a 1 × 1 convolution to balance the channel dimen-
sions. The resulting feature map is then divided into n parts, each processed
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by an independent multi-scale convolutional block (Fig. 3 (c)) with different
receptive fields to capture spatial details at multiple scales.

[F (1), ..., F (n)] = Splitn(Conv1×1(Fcf )) (6)

M (j) =MConvBlock(F (j)), j = 1, ..., n (7)

where Splitn(·) denotes dividing the input representation into n parts. F (j)

denotes the j-th characteristic obtained from the division. M (j) denotes the j-th
part after multi-scale convolution processing.

In the MConvBlock, depth-wise convolutions with different receptive fields
are first used to extract multi-scale features from the input features separately.
Then, a gating mechanism is employed to dynamically adjust the weights of
features at different scales. Pointwise convolution, Batch Normalization, and
GELU activation follow each receptive field is utilized to output the enhanced
representation.

ψk = σ(DWk×k(x)) (8)

xgatek = (ψk ∗ x+ (1− ψk) ∗ x)) (9)

Bk(x) = GELU(BN(PW1×1(x
gate
k )) (10)

MConvBlock(x) =

K∑
k=3

Bk(x), k = 3, 5, 7 (11)

where ψk denotes the gating attention weights under different receptive fields.
σ(·) and GELU(·) denote the activation function of the sigmoid and GELU,
respectively. xgatek denotes the gating characteristic. BN(·) denotes the Batch
Normalization. Bk(x) refers output feature of the receptive field k branch. Fi-
nally, the outputs from all branches are concatenated to form the aggregated
representation Fa.

Fa = Concat(M (1),M (2), ...,M (n), ˜Fsdf , F̃gf ) (12)

3.4 WM2FE: Wavelet-based Multi-scale and Multi-directional
Feature Enhancement

After obtaining the aggregated features, existing SAM-based instance segmen-
tation methods usually employ a simple FPN network to extract multi-scale
features and generate candidate prompts for enhancing model robustness. How-
ever, in the FPN, upsampling low-resolution features to high-resolution ones via
deconvolution may lead to the loss of fine-grained details. As a multi-scale and
multi-directional image analysis tool, the wavelet transform can provide high-
frequency details in vertical, horizontal, and diagonal directions. Therefore, we
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Fig. 4: Overview of Wavelet-based Multi-scale and Multi-directional Feature Enhance-
ment (WM2FE) architecture.

design a Wavelet-based Multi-scale Feature Enhancement (WM2FE) module to
compensate for the missing details during upsampling and improve the instance
segmentation performance for zooplankton.

As illustrated in Fig. 4, WM2FE enhances multi-scale feature representation
through dynamic fusion of aggregated features and wavelet-weighted features.
Specifically, the aggregated feature Fa is divided into n parts {Fa,1, Fa,2, ...Fa,n}
along the wavelet feature Fw dimension, and each part is modulated by the
corresponding wavelet feature to strengthen the representation of transparent
boundaries of zooplankton. Then, linear learnable parameters are applied to
dynamically fuse the aggregated features and wavelet-enhanced features. Finally,
the n parts are concatenated along the channel dimension, and a directional
depthwise separable convolution is employed to enhance directional perception.

Fo,i = Fa,i ⊙ Fw (13)

Fm,i = αiFout,i + (1− αi)Fa,i, i = 1, 2, ..., n (14)

Fm = C4(Concat(Fm,1, Fm,2, ..., Fm,n)) (15)

where C4(·) denotes the PWConv-ReLu-DWConv-BN-DWConv operation. ⊙ de-
notes element-wise multiplication, αi denotes the linear learnable parameter of
the i-th part. Fw = Contact[LL;LH;HL;HH] denotes the wavelet features.

To further focus on informative regions, inspired by [47], we introduce chan-
nel and spatial attention mechanisms in WM2FE. The channel attention module
learns channel-wise weights by feeding both average-pooled and max-pooled fea-
tures into a shared MLP followed by a sigmoid activation function.

Mc = σ(
∑

avg;max

C5(Fm)) (16)

F
′
=Mc ⊗ Fm (17)
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where F
′

denotes the refined features. Mc denotes the channel attention map
and σ denotes the sigmoid function. C5(·) denotes the PWConv-ReLu-DWConv-
BN-DWConv-BN-DWConv operation.

Subsequently, the spatial attention mechanism aggregates average-pooled
and max-pooled features along the channel dimension, followed by a 7×7 con-
volution and sigmoid activation to generate the spatial attention map:

Ms = σ(f7×7([A(F
′
);M(F

′
)])) (18)

Ffe =Ms ⊗ F
′

(19)

4 Experiments

In this section, we evaluate the performance of ZMIS-SAM on the ZMIS5K
dataset and compare it with SOTA instance segmentation models, and further
conduct ablation experiments. In addition, we conducted generalization experi-
ments on public datasets from other domains, as detailed in Appendix D.

4.1 Datasets

The ZMIS5K dataset contains a total of 5,358 images, including 47 species of
zooplankton, and was divided into 4,262 images for the training set and 1,096
images for the test set. For a more detailed introduction to the ZMIS5K dataset,
please refer to Appendix A.

4.2 Implementation details

We build our ZMIS-SAM model based on the MMDetection framework [7], and
most of the comparison models in this paper are also trained and evaluated
within the same framework. ZMIS-SAM and other SAM-based comparison mod-
els are trained on 6 NVIDIA RTX 3090 GPUs, with a batch size of 2 per GPU,
for 400 epochs. All input images are resized to 512 × 512 pixels, and standard
data augmentation techniques, including random flipping, random scaling, and
random cropping, are applied to enhance the model’s generalization capability.
We use the AdamW optimizer and adopt automatic mixed precision to acceler-
ate training and reduce GPU memory consumption. The initial learning rate is
set to 2.0e-4. In the first stage, a linear warm-up is performed over the first 50
iterations, followed by a cosine decay schedule to gradually reduce the learning
rate in the second stage.

4.3 Experiments Result

Quantitative Results. We compare our ZMIS-SAM with fourteen state-of-the-
art instance segmentation models on the ZMIS5K test set. To explore the opti-
mal segmentation performance of each model, traditional instance segmentation



12 Dekun.Y et al.

Table 1: A comparison with SOTA methods on ZMIS5K is provided. Results high-
lighted in red indicate the best performance, while those in blue denote the second-best.

Method Backbone Params mAP AP50 AP75

Mask R-CNN (ICCV’17) [18] ResNet-101 63M 66.4 90.9 69.0
Cascade Mask R-CNN (CVPR’18) [5] ResNet-101 88M 66.0 89.5 68.3
Mask Scoring R-CNN (CVPR’19) [20] ResNet-101 79M 67.0 89.8 69.1
CondInst (ECCV’20) [41] ResNet-101 63M 68.3 91.7 70.9
R3-CNN (CAIP’21) [39] ResNet-101 77M 66.6 90.0 70.0
ConvNeXt (CVPR’22) [31] ConvNeXt-T 63M 68.4 92.4 70.3
Mask2Former (CVPR’22) [11] ResNet-101 63M 70.7 87.4 76.1
WaterMask (ICCV’23) [27] ResNet-101 67M 60.7 82.2 64.4
ViT-UWA (TIP’26) [21] ViT-B 129M 62.3 90.7 61.7
SAM+Bbox (ICCV’23) [22] ViT-H 641M 60.2 82.9 65.2
SAM+Mask (ICCV’23) [22] ViT-H 641M 70.1 94.0 75.5
RSPrompter (TGRS’24 ) [8] ViT-H 632M 71.8 92.2 76.9
USIS-SAM (ICML’24) [28] ViT-H 700M 70.4 91.7 75.8
UCIS-SAM (TIP’26) [42] ViT-H 723M 66.9 80.4 72.1
ZMIS-SAM ViT-H 758M 73.6 94.6 80.7

methods are implemented with ResNet-101 as the backbone, while SAM-based
methods adopt ViT-H, the largest variant of the SAM backbone, to ensure fair
comparison. As shown in Tab. 1, our proposed ZMIS-SAM achieves the best
overall performance across all instance segmentation metrics. Traditional meth-
ods such as Mask R-CNN, CondInst, and ConvNeXt exhibit limited accuracy,
with mAP values ranging from 66.0% to 68.4%. Among traditional models,
Mask2Former achieves the highest 70.7%, 87.4%, and 76.1% AP in mAP , AP50

and AP75, however, ZMIS-SAM surpasses it by 2.9% in mAP , 7.2% in AP50,
and 4.6% in AP75, demonstrating the superior capability of our model in cap-
turing fine-grained object boundaries. Compared with traditional models, SAM-
based instance segmentation approaches achieve better performance owing to
their strong feature extraction and prompt-based representation learning. Nev-
ertheless, our ZMIS-SAM further improves segmentation accuracy with only a
small increase in model parameters, outperforming the best SAM-based model
RSPrompter by 1.8% in mAP , 2.4% in AP50, and 3.8% in AP75.

Qualitative Results. We further conduct qualitative comparisons between
ZMIS-SAM and several top-performing instance segmentation models on the
ZMIS5K test set. To investigate the limitations of SAM when transferred to ver-
tical domains, we visualize the segmentation results and analyze them in detail.
As shown in Fig. 5, the proposed ZMIS-SAM not only distinguishes different
zooplankton species accurately but also captures distinctive morphological char-
acteristics such as slender appendages, while performing fine-grained boundary
segmentation. Specifically, in Fig. 5 (a), our method successfully differentiates
between Jellyfish larvae and Sugiura chengshanense, while avoiding false segmen-
tation of unannotated organisms. In contrast, Mask2Former incorrectly segments
unidentified organisms (e.g., Fish eggs) as known species. In Fig. 5 (b), ZMIS-
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Ground Truth

(a)

Mask2Former Mask R-CNN RSPrompter SAM+Bbox SAM+Mask USIS-SAM ZMIS-SAM (Our)

(b)

(c)

Fig. 5: Quantitative comparison between the ZMIS-SAM model and other state-of-the-
art models on the ZMIS5K dataset. (a), (b), and (c) denote inaccurate classification,
discontinuous segmentation of slender appendages, and incomplete boundary segmen-
tation, respectively. Higher-resolution visualizations can be found in the appendix.

SAM effectively captures the relationship between the main body and slender
appendages of Calanus sinicus, achieving complete and coherent segmentation.
Although RSPrompter and USIS-SAM can also segment the appendages, their
results are fragmented and discontinuous, unlike our method’s continuous rep-
resentation. In Fig. 5 (c), ZMIS-SAM demonstrates superior boundary refine-
ment ability. For example, Mask R-CNN fails to delineate the boundaries of
Pleurobrachia globosa, while our approach achieves precise and consistent edge
segmentation. These qualitative comparisons further confirm that ZMIS-SAM
excels in recognizing fine morphological details, maintaining boundary integrity,
and suppressing false detections, addressing key challenges in SAM’s transfer to
specialized domains such as microscopic zooplankton segmentation.

4.4 Ablation experiments on ZMIS-SAM

In this section, we conduct a series of ablation studies on the ZMIS5K dataset
to evaluate the design of ZMIS-SAM systematically. The experiments are de-
signed to investigate: 1) the effectiveness of individual modules and 2) the influ-
ence of different wavelet basis functions on the final segmentation results. More
ablation experiments and parametric analysis are provided in Appendix C.

Table 2: Albation study of our contributions.
ZM-ViT NFAM WM2FE mAP AP50 AP75

70.4 91.7 75.8
✓ 71.7 92.0 77.7
✓ ✓ 73.0 94.4 78.7
✓ ✓ 72.7 94.1 79.4
✓ ✓ ✓ 73.6 94.6 80.7

Table 3: Albation study of
wavelet function for the WM2FE.

φ mAP AP50 AP75

rbio1.1 72.7 93.8 79.2
bior1.1 72.0 92.6 78.4
haar 73.6 94.6 80.7

Effectiveness of Individual Modules. We perform an incremental abla-
tion study to systematically evaluate the individual contribution and combined
effect of each proposed module for zooplankton instance segmentation in mi-
croscopy images. The complete results are presented in Tab. 2, where we se-
quentially evaluate the following configurations: 1) whether to use ZM-ViT, 2)
whether to incorporate the NFAM, and 3) whether to employ the WM2FE mod-
ule. The results demonstrate that each module consistently improves instance
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segmentation performance. Using USIS-SAM with a ViT-H backbone as the
baseline, we observe that replacing its original ViT with our ZM-ViT brings a
1.3% mAP gain with only a marginal increase in parameters. Building upon ZM-
ViT, the further addition of NFAM and WM2FE improves mAP by 1.3% and
1.0%, respectively. When both NFAM and WM2FE are integrated, ZMIS-SAM
achieves mAP , AP50, and AP75 scores of 73.6%, 94.6%, and 80.7%, respectively,
establishing a new state-of-the-art in zooplankton instance segmentation with
only a modest parameter overhead.

Optimal Wavelet Function for the WM2FE. We evaluate the impact
of different wavelet basis functions on the instance segmentation performance of
ZMIS-SAM, with experimental results summarized in Tab. 3. Different wavelets
exhibit distinct frequency domain response characteristics when extracting im-
age features, which influences the model’s ability to capture fine object details.
Experimental results indicate that using the Haar wavelet in the WM2FE mod-
ule yields the best performance across mAP , AP50, and AP75, achieving scores
of 73.6%, 94.6%, and 80.7%, respectively, surpassing both rbio1.1 and bior1.1
wavelets. We attribute this improvement to the high sensitivity of the Haar
wavelet to edge structures, which enables more effective capture of zooplankton
contour and boundary information, thereby enhancing the instance segmentation
capability of ZMIS-SAM.

5 Limitations

Although the ZMIS-SAM model can perform instance segmentation on micro-
scopic images of zooplankton, differences in task definition prevent the frame-
work from separately segmenting the heads and antennae of zooplankton. In
future work, we will introduce taxonomic and morphological text information
to construct a multimodal framework for the zooplankton domain to achieve
fine-grained segmentation of zooplankton body structures.

6 Conclusion

In this study, we introduce the first high-quality zooplankton microscopy im-
age segmentation dataset (ZMIS5K), spanning 47 species with 5,358 images and
10,228 instances. More importantly, we propose ZMIS-SAM, the first SAM-based
instance segmentation model specifically designed for zooplankton microscopy
images. In ZMIS-SAM, we innovatively propose three modules: ZM-ViT, NFAM,
and WM2FE, which effectively address the issues of inaccurate classification,
discontinuous segmentation of slender appendages, and incomplete boundary
segmentation encountered when transferring SAM to the zooplankton domain.
Extensive experiments demonstrate that ZMIS-SAM achieves state-of-the-art
performance on the ZMIS5K dataset and exhibits strong generalization capabil-
ity on cross-domain benchmarks.
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