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ABSTRACT

Instance segmentation is critical in biomedical imaging for accurately distinguish-
ing individual objects, such as cells, which often overlap and vary in size. Recent
query-based methods—where object-specific queries guide segmentation—have
shown strong performance in this task. While U-Net has been a go-to architec-
ture in medical image segmentation, it was neither specifically designed for in-
stance segmentation nor explored in the context of query-based approaches. In
this work, we present IAUNet, a novel architecture that brings instance aware-
ness to U-Net with query-based mechanisms to achieve superior pixel-to-instance
clustering. The key design includes lightweight Instance Activation (IA) layers,
which generate guided object queries by highlighting semantically important re-
gions. Additionally, we propose a Parallel Dual-Path Transformer decoder that
refines object-specific features across multiple scales, allowing us to assign multi-
ple queries from different scale levels to a specific object. Finally, we introduce the
2025 Revvity Full Cell Segmentation Dataset, comprising hundreds of manually
labeled cells from brightfield images. This dataset is unique in capturing the com-
plex morphology of overlapping cell cytoplasm with an unprecedented level of
detail, making it a valuable resource and benchmark for advancing instance seg-
mentation in biomedical imaging. Experiments on multiple public datasets and
our own show that IAUNet outperforms most state-of-the-art fully convolutional,
transformer-based, and query-based models, setting a strong baseline for medical
image instance segmentation tasks.

1 INTRODUCTION

Studying biological systems at the cellular and tissue levels is essential for understanding complex
biological processes. At the cellular level, research provides valuable quantitative information on
individual cell properties, including shape, position, signaling pathways, and RNA/protein expres-
sions Boutros et al.|(2015) Bjorklund et al.| (2006). On the other hand, tissue-level studies reveal
collective cell behavior within the context of development and disease. Integrating both approaches
leads to a more comprehensive understanding of biological systems, supporting the development of
treatments for diseases like cancer, Alzheimer’s, and cardiovascular disorders [PGs et al.| (2018)).

Deep learning models have significantly advanced biomedical imaging by outperforming traditional
methods and, in some cases, exceeding human expertise He et al.|(2015)). These models have trans-
formed image segmentation tasks in biomedical imaging, leading to breakthroughs in understanding
disease processes and treatment development. Image segmentation using deep learning has become
increasingly essential in understanding complex biological structures and processes|Liu et al.|(2021)).
Among these tasks, cell segmentation — identifying and separating individual cells within images —
has become a key area of research. Cell segmentation involves identifying and separating individual
cells within images. Deep learning make it possible to obtain quantitative data on cell characteristics,
such as shape and position.

However, cell segmentation faces challenges due to the heterogeneity of biological samples. Vari-
ations in object count, cell proximity, and overlapping instances make it hard for the models to
perform well on segmentation tasks. Among imaging techniques, brightfield microscopy remains
popular for its simplicity, low cost, and versatility Morrison et al.| (2020) [Wang & Fang (2012). It
involves emitting natural light through samples and capturing resulting images. Brightfield imaging
does not require complex equipment or sample labeling and allows real-time observation of cellular
processes. While techniques like fluorescence microscopy require specialized training and equip-
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Figure 1: (a) IAUNet model. (b) Parallel Dual-Path Transformer Decoder processes mask and in-
stance features concurrently. (c) Pixel Decoder extracts pixel-wise features. (d) Transformer decoder
refines object features across scales. (e) Instance Activation (IA) Layer generates guided instance
queries for effective pixel-to-instance clustering.

ment, brightfield microscopy is widely used in biological research and medical diagnostics|Ali et al.|

(2022) Fishman et al.|(2021) [Salem et al.[(2021). Despite its popularity, brightfield image segmenta-

tion has received less attention than other modalities due to its complex, noisy, and variable nature,
making precise cell segmentation challenging.

Many previous works have been designed specifically for instance segmentation of natural objects
and directly applied to the medical imaging domain without making model-specific adjustments.
With such a significant domain shift, these methods often underperform when it comes to segment-
ing individual objects in microscopic samples Follmann & Konig (2020). In contrast to many ap-
proaches, U-NetRonneberger et al.| (2015) has been a go-to method for semantic segmentation due
to its robustness and effectiveness in handling complex structures and intricate details [Zhou et al.

(2018).

Recently, following the success of DETR [Carion et al.| (2020) in object detection, query-based
single-stage instance segmentation methods have gained prominence. These methods move away
from traditional convolutional approaches, instead utilizing the powerful attention mechanism
Cheng et al.| (2022a)) together with learnable queries to directly predict object classes and segmenta-
tion masks.

In this work, we bridge the gap between the U-Net model, a powerful architecture for biomedical
imaging, and the task of instance segmentation, offering fine-grain segmentation that outperforms
specialized architectures across various segmentation tasks in the medical domain. We demonstrate
that our query-based U-Net variant achieves top-tier performance for instance segmentation task in
the medical imaging domain.

Our primary focus is to develop a robust method for cell segmentation in medical images. We extend
the U-Net architecture by introducing a novel pixel decoder with decoupled branching on each of its
levels, which makes the model instance-aware and capable of adapting to varying object shapes and
sizes. Additionally, we integrate a Transformer decoder to enhance the model’s ability to capture
rich semantic features. Within the Transformer decoder, we employ a novel Parallel Dual-Path
Update strategy to simultaneously refine object and pixel features.

We propose key improvements that drive superior performance. First, we remove the need for
having a traditional two-stage model for the bounding box prediction process. Instead, we employ
object queries guided by activation maps on training, allowing the model to focus on instance-
specific features while maintaining high explainability. Secondly, we introduce a feature decoupling
mechanism within each decoder layer to keep object and pixel-level features aligned, capturing
better per-object semantic features. Lastly, we build on top of the classical U-Net architecture which
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allows for sequential multi-scale feature propagation in our decoder. Our model shows on-par state-
of-the-art performance across multiple diverse datasets while maintaining explainability and being
robust.

The main contributions of this paper include:

1. We extend the U-Net architecture by integrating a query-based approach with a Trans-
former decoder, making the U-Net model instance aware.

2. We introduce a novel pixel decoder with decoupled mask and instance feature branching
and a Parallel Dual-Path Update strategy within the Transformer decoder, which refines
both object and pixel features simultaneously in U-Net’s hierarchical fashion.

3. We employ object queries guided by activation maps during training, making our model
explainable.

4. We introduce the novel 2025 Revvity Full Cell Segmentation Dataset, which comprises
hundreds of images with thousands of manually annotated cell instances.

2 RELATED WORK

Mask R-CNN [He et al.| (2018)) has set the standard for instance segmentation in natural images
through its proposal-based approach. Building on Faster R-CNN Ren et al.| (2016), Mask R-CNN
adds a dedicated mask prediction branch, enabling end-to-end segmentation of individual instances.
The process begins with detecting object bounding boxes, followed by applying Region of Interest
(Rol) operations, such as Rol-Pooling Girshick et al.|(2014) or RoI-AlignHe et al.| (2018)), to extract
detailed region features for object classification and mask generation. While these two-stage, region-
based methods have achieved high performance across various benchmarks, they are often hindered
by inefficiencies from generating numerous redundant region proposals, limiting their scalability in
practical, real-world applications.

The latest iteration, YOLOVS Reis et al.[(2024), represents a state-of-the-art solution for both ob-
ject detection and instance segmentation, significantly improving COCO Mean Average Precision
(mAP) scores. YOLOVS introduces the C2f (Cross Stage Partial Fusion) building block, designed
for more efficient feature extraction and fusion, enhancing both detection and segmentation tasks.
Following this, YOLOV9 Wang et al.| (2024) builds on YOLOvVS by introducing the GELAN (Gra-
dient Enhanced Layer Aggregation Network) and PGI (Progressive Gradient Interpolation), which
further enhance multi-scale feature fusion and improve the model’s performance during training. In
addition, the YOLO family employs an advanced data augmentation scheme, notably Mosaic Aug-
mentation Hao & Zhili| (2020), where images are transformed by stitching together four different
images. This augmentation pushes the model to learn better generalization by exposing it to objects
in diverse positions, levels of occlusion, and environments.

In biomedical image segmentation, where objects in microscopy typically have complex shapes, ran-
dom orientations, and varying sizes, traditional axis-aligned bounding boxes perform poorly |Foll-
mann & Konig (2020), [Kirillov et al. (2016). For instance, CellPose Stringer et al.|(2021) provides a
novel approach by generating topological maps through a simulated diffusion process. The method
uses a U-Net architecture [Ronneberger et al.| (2015) to predict horizontal and vertical gradients, as
well as a binary map of cell pixel predictions. These predicted gradients are then used to create a
vector field that groups pixels by their directional flow towards the cell’s center of mass. By tracking
these gradients, CellPose successfully segments individual cells, although this method often requires
an additional size model to predict object diameters and scale images, especially when faced with
high variability in object sizes.

Query-based methods have gained prominence with the introduction of DETR |Carion et al.| (2020),
which demonstrated the potential of a Transformer-based encoder-decoder architecture to achieve
competitive results in detection and segmentation tasks. Unlike traditional region-based methods,
query-based models rely on object queries to predict object instances directly, eliminating the need
for handcrafted representations like bounding boxes. This shift marked a significant advancement in
the efficiency and performance of instance segmentation models. Extensions such as Mask2Former
and FastInst/Cheng et al.|(2022a) He et al.|(2023) introduced masked attention for improved conver-
gence and segmentation accuracy, while Mask DINO L1 et al.| (2022)) unified object detection and
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segmentation tasks into a single framework. Finally, U-Net has long been a standard for medical
image segmentation, consistently demonstrating superior performance due to its use of skip connec-
tions and hierarchical decoder structures that capture rich contextual information. In this work, we
introduce a query-based approach to a standard U-Net architecture, demonstrating that this adapta-
tion significantly enhances instance segmentation performance in the medical domain

3 MODEL OVERVIEW

Instance segmentation is a critical task in computer vision, particularly for applications such as
biomedical imaging, where identifying individual objects in complex environments is essential. In-
stance segmentation can be formulated as a task of grouping related pixels for each of the NV defined
objects in an image. This process can may resemble clustering, where each object is represented
as a cluster center, and the goal is to assign associated pixel features to their corresponding ob-
ject. The object representation serves as the centroid, and pixels belonging to the same object are
grouped together based on feature similarity. Recent works, such as DETR |Carion et al.| (2020) and
Mask2Former |Cheng et al.|(2022a)), have shown that a good instance representation is crucial in ac-
curate segmentation tasks. Inspired by these models, we represent each object as a D-dimensional
feature vector, forming instance embeddings also known as instance queries. These queries act
as cluster centers in the D-dimensional feature space, guiding the assignment of pixel features to
specific instances.

To effectively model both mask and instance features, we propose a convolutional Pixel decoder ??
with decoupled branches. One branch handles mask features, representing per-pixel embeddings of
the entire image. The other branch models instance features and outputs a corresponding instance
embeddings for guidance. Similar to a standard U-Net, our decoder incorporates skip connections
to enrich semantic information from earlier layers, ensuring that both pixel and instance features
benefit from multi-scale contextual information.

The Transformer decoder addresses the clustering idea by iteratively updating the mask and instance
features in parallel and subsequently refining instance queries. Unlike traditional methods that per-
form multi-scale feature fusion before decoding, we utilize U-Net’s hierarchical decoding structure,
making the process iterative. In this approach, features from each decoder layer are passed sequen-
tially to the next, allowing instance queries to be refined in a stepwise manner across multiple scales.
The final instance mask predictions are decoded from the refined mask features and object queries.

4 PIXEL DECODER

Multi-scale and high-context features have proven to be crucial for segmentation tasks [Chen et al.
(2017) [Wang et al.[ (2020b) [Kirillov et al.| (2019). In the biomedical domain, U-Net, with all its
variants, still holds the ground as the most superior network for accurate segmentation.n. This is
primarily due to the design of U-Net’s decoder, which maintains high semantic consistency through
the use of skip connections that transfer important features across layers.

We introduce a simple U-Net-like pixel decoder to propagate feature maps. Our pixel decoder works
with three types of features: main features, mask features, and instance features|l} The main features
serve a similar role to those in the vanilla U-Net, aggregating spatial context across the image. The
instance and mask features, however, are specifically designed to support instance segmentation and
are tightly integrated with the Transformer decoder. The mask features act as per-pixel embeddings,
capturing rich semantic information, while the instance features are responsible for generating object
queries at each level. Since both the mask and instance features are derived from the main feature
map, they remain aligned, ensuring parallel information flow between pixel-level and object-level
representations.

At each pixel decoder layer, given the main feature map X, we combine it with a skip connection
from the encoder. The combined features are then passed through a simple double depth-wise con-
volution with residual connection to retain lightweight nature of pixel decoder. The result is a refined
main feature map X, which we then use to decouple both mask features X,,, and instance features
X;.
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Figure 2: Overview of IAUNet’s Parallel Dual-Path Transformer Decoder. (a) The Pixel Decoder
generates mask and instance features, which are then processed by the Parallel Dual-Path Trans-
former Decoder. (b) Multi-query clustering assigns each object two queries, allowing for more
robust feature representation and better captures complex shapes of objects. (c) Cross-attention is
performed between instance queries and pixel features to refine object-level predictions — two atten-
tion matrices for 2N queries.

To maintain global consistency across layers, we process the main feature map X separately with
the upscaled mask features X, and instance features X/ from the previous layer. Specifically,
we concatenate X with X to update the mask features, and X with X/ to update the instance
features. These concatenated features are processed by corresponding branches. We use two parallel
stacked 3x3 convolution blocks for both the instance and mask branches. We use a simple bilinear
interpolation is used to propagate all the features to the next decoder layer.

Unlike other methods that directly employ the feature maps from the pixel decoder to produce seg-
mentation masks, we leverage a Transformer decoder to further refine these features. This design
reduces the pixel decoder’s need for heavy context aggregation and allows the Transformer decoder
to handle the more complex instance segmentation refinement.

5 GUIDED INSTANCE QUERIES

Central to this refinement process are guided instance queries, which ensure accurate object seg-
mentation. Object queries play a crucial role in the Transformer decoder |Liang et al.| (2023))|Carion
et al.|(2020). Since object queries are used to embed information about the object, they serve as the
basis for accurate instance segmentation. Models like DETR |Carion et al.[(2020) and Mask2Former
Cheng et al.| (2022a) utilize either zero-initialized or learnable embeddings to describe instances
without relying on prior knowledge of the image semantics.

In contrast, we introduce query guidance to avoid convergence into suboptimal local minima and
to guide the model toward learning more informative object representations. At each level of the
decoder, the model learns to generate guided queries, which capture denser and more accurate object
representations. These instance embeddings get progressively refined through the decoder while
preserving high-resolution object features.

At each decoder stage, the Instance Activation (IA) layer [I] generates N guided instance queries
a € RVXHXW = Given the instance features X; from the Pixel decoder, the IA layer produces
activation maps by highlighting important regions for each object. Formally, IA can be defined as:

a = softmax(f(X;)) € RV*H*W ()

where f(z) is a simple 3x3 convolution followed by a softmax function to normalize the activations.

After obtaining normalized instance activation maps a € RY*HXW we select N object queries

from the instance features X; with high foreground probabilities from instance activations. We then
perform an element-wise multiplication with the X; feature map to generate the final object queries:
q=a- XTI € RN*256 Thus, each object gets encoded into a 256-dimensional vector.
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The learning of instance activation maps is driven solely by how accurate the resulting instance
predictions are. This eliminates the need for explicit guidance to optimize the activations. Since
the model is guided only by the accuracy of the final segmentation, it can adapt its activations to
represent highly variable object shapes without any rigid constraints.

6 PARALLEL DUAL-PATH TRANSFORMER DECODER

In the IAUNet model, we implement a Parallel Dual-Path Transformer Decoder that updates both ob-
ject queries and pixel features in parallel. The key component of our Transformer decoder includes
double-center clustering, where the object gets represented with two queries.

At each decoder layer [, we generate new instance queries ¢ from the instance features X; and
concatenate them with N instance queries from the previous layer (“support” queries) to obtain a
total of 2.V instance queries[2] Each object is represented with two queries ( “two cluster centers”).
The total 2N object queries, ¢ € R?*V*256 are processed with the flattened high-resolution mask
and instance features X,, € RE*2506 and X, € RL*256 where L = H; x W, for the {-th decoder
layer.

The Parallel Dual-Path Transformer performs parallel mask and instance features update and query
update. The new instance queries hold rich object features and act as primary cluster centers. While
the previous instance queries function as support centers. Such dual representation allows the model
to better capture complex object structures by associating pixel features with two distinct queries.

6.1 POSITIONAL EMBEDDINGS

To maintain spatial awareness, which is crucial for Transformer-based models, we add learnable po-
sitional embeddings to object queries. For the “support” queries, we use additional N learnable posi-
tional embeddings. For each resolution, we add sinusoidal positional embeddings e, € RHWixD
to the mask and instance features X, and X; following [ref].

6.2 PIXEL FEATURES UPDATE

We refine both the mask and instance pixel features in parallel. Since mask features X,,, are crucial
for describing the semantics of the entire image, the model learns to associate such features with in-
dividual objects. Instance features X;, on the other hand, are the key to predicting correct activation
maps. In the parallel feature update, we first want to associate each object with its set of pixel fea-
tures. For each mask and instance features we use cross-attention layers followed by a feed-forward
network (FFN):

X, = softmax (Q K" ) Vi + X1 2)

Here Q; € RH:Wix256 are the pixel features at the [-th layer and K;,V; € R2V*256 refer to 2N
D-dimensional instance features g;. For each set of pixel features X,,,, X; and the 2V object queries
q, the attention matrix M € RE*2N can be intuitively divided into two subgroups. The first group
captures the attention of the new instance queries toward the pixel features, while the second group
focuses on the support queries. Both object queries come from the relatively same region of features
guided by learnable activation maps. Therefore, the attention matrices [2 between pixel features and
queries for both groups are expected to be quite similar. The support queries are meant to match
the correct pixel features back to the instance cluster, even if the new instance queries have less
attention to these pixel features. The whole process tries to make the feature-query update smoother
by accounting for object information from previous layers.

Finally, the newly refined mask and instance features are passed to the next decoder level, ensuring
consistent multi-scale updates across layers.

6.3 INSTANCE QUERIES UPDATE

Assymetrically, we update 2N instance queries with respect to the instance features X,;. We use
cross-attention layer followed by the self-attention layer and FFN layer. This design maintains
awareness between all the queries ensuring full object separation.
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Figure 3: Comparison of instance segmentation performance between Mask R-CNN, PointRend Kir-|
(2020), Mask2Former, and IAUNet models with a ResNet-50 backbone on the Revvity-25
dataset.

7 MASK LEVEL MATCHING

During training the model outputs /V instance mask predictions. To supervise the model’s training,
we utilize a matching strategy to assign predictions to the gt masks and compute losses. We employ
the optimal bipartite matching [Carion et al.| (2020) [Cheng et al.| (2022b), resulting in a set of cor-
responding {prediction, ground-truth} instance mask pairs. We adopt one-to-one label assignments
to get the best predictions. Given a set of M ground truth masks G = {go, 91, . - -, gm } and a fixed-
size set of N predictions P = {po,p1,...,pn}, where N > M, we calculate losses in the subset
of best-matched predictions of P. The one-to-one matching assignment finds a minimum weighted
bipartite graph matching ¢ € S within the sets G and P:

0 = argmin ; C(Poi)» 9i) )

where o is the permutation representing the matching between predicted and ground truth masks
that minimizes the sum, S is the set of permutations, and C' is a pair-wise matching cost between
G and P that is a weighted combination of both classification cost C.;; and mask regression cost
Cmask = {Clice, Chee }- Each target is assigned to an object prediction through an optimal assign-
ment problem computed efficiently using the Hungarian algorithm ?. With the Hungarian approach,
we find the optimal match between M ground truth objects and N predictions given a weighted cost
matrix C'

We define the matching cost functions in alignment with the calculation of our losses to maintain
consistency. The weights assigned to all the cost functions correspond to the weights applied to all
the losses. Specifically, we set the coefficient A ;s to 1.0, Agice to 2.0, and Ay, to 5.0.

C= C(cls : )\cls + Cdice . /\dice + Cbce . )\bce 4)
During inference, we re-score the predicted masks and use non-maximum suppression (NMS). We

leverage the classification scores to assess the confidence level of each predicted instance. Simul-
taneously, for each instance we calculate the maskness metrics Wang et al.| (2020a), denoted as
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Mask RCNN R50 PointRend R50 Mask2Former R50 IAUNet R50 (ours)

Figure 4: Instance segmentation performance comparison of Mask R-CNN, PointRend,
Mask2Former, and IAUNet models with a ResNet-50 backbone, evaluated on the LiveCell dataset.

m; = % Zfil pi, where p is the predicted probability mask with IV pixels. Thus, the combined
confidence score s is computed as a contribution of both class confidence ¢ and maskness scores m:
S; = C; -y

8 EXPERIMENTS

Datasets.

We evaluate our performance on several datasets, including our novel Revvity-25 dataset. We report
Average Precision scores for the LiveCell, EVICAN, and NeurIPS-CellSeg 22 datasets. For each
dataset, we preprocess all images to contain a maximum of 100 instances.

Evaluation Metrics. For our main results of instance segmentation, we report COCO ? mask AP
scores on the test subsets for all datasets. We specifically focus on the AP to get a general understand-
ing of model’s performance. We also propose to compare the performance with the state-of-the-art
models in both natural and cellular domains.

8.1 TRAINING SETTINGS

All experiments were conducted on a single Tesla V100 GPU with 32GB of memory. Our model is
implemented using the PyTorch framework (torch==2.3.1) [Paszke et al.| (2019) and runs on CUDA
12.1. We adopt the training scheme published in earlier works [Cheng et al.| (2022a). We use the
CosineAnnealingL.R scheduler [Loshchilov & Hutter] (2017) with a minimum learning rate of le-6,
and the AdamW optimizer [Loshchilov & Hutter] (2019) with an initial learning rate of le-4 and
a weight decay of 0.05. During training, we employ longest-side resizing to scale all images to
512x512 pixels while maintaining their original aspect ratio. For data augmentation, we adopt scale
jittering augmentation [Cheng et al| (2022b) with a random scale sampled from the range 0.8 to 1.5
followed by a fixed size crop to 512x512 and random flipping. We follow a consistent augmentation
strategy across all models and benchmarks. All models were trained until full convergence with
a batch size of 8. Unless specified, we use the same longest-side resizing processing to test and
benchmark models. During inference, we maintained the same thresholds for the non-maximum
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Table 1: Instance segmentation performance comparison of various models on multiple datasets,
including LiveCell-Crop, NeurIPS22-CellSeg challenge, and EVICAN2, with different back-
bone architectures. We differentiate all model architectures by their subgroup convolutional and
transformer-based backbones as well as YOLO and SAM [Kirillov et al.| (2023)) family models and
CellPose model with additional Size Model (SM) Stringer et al.| (2021]).

LiveCell NeurIPS22 EVICAN2 g EVICAN2 s EVICAN2 p
Models | backbones | AP APso| AP APso| AP APso| AP APso| AP APso| #params.  FLOPs
Models with Convolution-Based Backbones
Mask R-CNN R50 44.7 74.2 528 747 48.1 75.9 20.7 42.5 19.1 39.8 44M 115G
PointRend R50 44.0 735 54.7 748 266 479 18.0 385 134 283 56M 66.3G
Mask2Former R50 437 738 | 429 666 | 534 89.1 | 29.1 549 | 242 504 44M 66.2G
TAUNet (ours) R50 447 739 | 490 751 | 533 856 | 292 55.0 253 479 65M 292.6G
Mask R-CNN R101 442 732 | 533 732 | 415 69.9 233 469 17.8  36.7 63M 134G
PointRend R101 440 737 | 520 76.0 | 413 652 20.2 393 14.8 321 75M 85.7G
Mask2Former R101 440 735 | 442 683 | 544 87.8 | 27.1 51.7 | 204 424 63M 85.6G
TAUNet (ours) R101 447 741 493 746 | 59.6 887 | 298 529 285 526 84M 331.6G
Models with Transformer-Based Backbones
Mask R-CNN Swin-S 443 733 554 762 | - - - - - - 69M 141G
PointRend Swin-S 439 735 | 546 765 - - - - - - 81IM 92.9G
Mask2Former Swin-S 446 743 | 439 679 - - - - - - 6OM 92.8G
TAUNet (ours) Swin-S 439 73.6 524 728 - - - - - - 7™M 328G
Mask R-CNN Swin-B 442 731 56.0 76.6 | - - - - - - 107M 179G
PointRend Swin-B 440 737 | 550 771 - - - - - - 119M 131G
Mask2Former Swin-B 449 747 | 463 709 - - - - - - 107M 134G
TAUNet (ours) Swin-B 440 734 | 55.8 80.3 - - - - - - 117M 412G
YOLO Family
YOLOv8-M - 375 722 | 449 81.1 438 823 27.5 57.1 20.0 46.2 27.2M 110.4G
YOLOv8-L - 40.5 725 454 815 447  83.1 28.1 58.2 20.3  46.1 45.9M 220.8G
YOLOv8-X - 41.1 73.1 477 814 | 458 85.6 | 289 59.2 20.7 473 71.8M 344.5G
YOLOvV9-C - 412 732 | 469 81.6 45.6 84.4 27.2 57.9 20.1 47.3 27.8M 159.1G
YOLOvVY-E - 414  73.1 476 828 | 459 856 | 283 598 222 499 60.5M 248.1G
TAUNet (ours) R50 447 739 | 49.0 75.1 533 856 | 29.2 55.0 253 479 65M 292.6G
CellPose Family
CellPose - 345  60.1 329 515 0.9 2.8 0.1 0.3 0.0 0.0 6.6M 163.6G
CellPose + SM - 349 604 | 441 748 | 87 168 | 1.6 44 | 23 68 6.6M 163.6G
TIAUNet (ours) R50 447 739 | 49.0 751 533 856 | 292 55.0 253 479 65M 292.6G
SAM Family
SAM-B (points) - 5.0 12.4 30.7 56.6 284 560 | 54 13.8 32 7.2 90M 742G
SAM-B (boxes) - 243 569 | 543 917 | 550 96.6 | 386 912 | 348 823 90M 742G
TIAUNet (ours) R101 447 741 | 493 746 | 59.6 887 | 298 529 285 52.6 84M 331.6G

suppression overlap and confidence for objects and used the same mask prediction threshold of 0.5
for all the trained models.

8.2 RESULTS

In Table|l} we compare the performance of IAUNet with other state-of-the-art models such as Mask
R-CNN, PointRend, and Mask2Former across several datasets, including LiveCell, NeurIPS22, and
EVICAN2. For models utilizing the ResNet-50 backbone, IAUNet shows competitive performance,
especially on the EVICAN2 datasets. On the EVICAN2g,, dataset, IAUNet achieves an AP of
53.3, which is marginally lower than the 53.4 obtained by Mask2Former but significantly higher
than both Mask R-CNN (48.1) and PointRend (26.6). Notably, IAUNet achieves superior APsg
on the same dataset, with 85.6, second only to Mask2Former (89.1). On the EVICAN2pedium
dataset, [AUNet outperforms all other models in both AP (29.2) and AP5( (55.0), indicating its
strong ability to segment verying in size objects in complex scenes. On the LiveCell dataset, IAUNet
achieves an AP of 44.7, with similar performance to Mask R-CNN but surpassing PointRend (44.0)
and Mask2Former (43.7). Across the YOLO family of models, IAUNet demonstrates significant
performance improvements on the YOLOv8 and YOLOV9 models.

We perform an evaluation of the IAUNet model, comparing it with popular state-of-the-art instance
segmentation models such as Mask R-CNN, PointRend, and Mask2Former on our Revvity-25. The
dataset offers a challenging benchmark for instance segmentation tasks due to the complex shapes
and varying sizes of cells.
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Revvity-25

Models backbone AP APso  AP75 | APg APy AP #params. FLOPs
Models with C lution-Based Backbones

Mask R-CNN R50 40.8 79.8 38.4 0.1 20.7 454 44M 115G

PointRend R50 45.1 83.2 47.0 0.1 25.1 50.0 57M 66.3G

Mask2Former R50 40.2 73.0 41.7 0.8 16.6 46.2 44M 66.2G

TAUNet (ours) R50 51.4 84.6 55.9 0.5 27.7 58.0 65M 292.6G
Mask R-CNN R101 39.0 79.1 35.5 0.4 18.7 434 63M 134G

PointRend R101 44.4 824 44.5 0.0 20.7 49.6 75M 85.7G

Mask2Former R101 444 784 46.7 0.9 20.7 50.6 63M 85.6G

TAUNet (ours) R101 51.0 83.0 55.7 1.5 28.0 57.8 84M 331.6G
Models with Transformer-Based Backbones

Mask R-CNN Swin-S 24.1 59.2 14.4 0.0 6.6 28.1 69M 141G

PointRend Swin-S 48.0 85.8 51.1 0.4 253 533 81IM 92.9G

Mask2Former Swin-S 37.6 65.6 40.1 0.1 16.3 43.7 69M 92.8G

TAUNet (ours) Swin-S 53.3 86.2 58.3 1.8 29.9 59.8 77M 328G

Mask R-CNN Swin-B 18.8 50.6 8.4 0.0 3.7 22.5 107M 179G

PointRend Swin-B 459 83.2 46.2 0.1 24.4 51.0 119M 131G

Mask2Former Swin-B 52.0 84.1 574 1.0 28.1 58.7 107M 134G

TAUNet (ours) Swin-B 52.8 85.0 58.7 1.2 29.7 59.2 117M 412G

Table 2: Performance comparison of instance segmentation models with ResNet-50, ResNet-101,
Swin-S, and Swin-B backbones on the Revvity-25 dataset.

Convolution-Based Backbones In 2| models using the ResNet-50 backbone, IAUNet achieves an
AP of 51.4, outperforming PointRend (45.1) and Mask2Former (40.2). ITAUNet also achieves the
highest AP5g (84.6) and AP75 (55.9), showcasing its strong performance in detecting and segment-
ing instances at varying IoU thresholds. IAUNet shows particular strength in medium and large
object detection, achieving 27.7 in AP, and 58.0 in AP, both higher than its competitors.

With the ResNet-101 backbone, IAUNet maintains its lead, scoring 51.0 in AP, while PointRend
and Mask2Former hover around 44.4. The improvement is more prominent in the segmentation of
medium and large objects, further confirming the model’s ability to handle complex object structures
better than traditional region-based approaches.

Transformer-Based Backbones With Swin-S and Swin-B backbones, IAUNet further extends its
performance lead, achieving 53.3 and 52.8 in AP, respectively. In comparison, PointRend reaches
48.0 and 45.9, while Mask2Former achieves 52.0 on Swin-B but struggles on smaller object in-
stances. IAUNet demonstrates superior segmentation of medium and large objects, achieving 29.7
and 59.2 on Swin-B, highlighting its ability to handle objects of varying sizes [3] without relying on
bounding box detections that lead to duplicate proposals.

9 LIMITATIONS AND CONCLUSION

In this work, we introduced IAUNet, a novel architecture combining U-Net with query-based mech-
anisms for instance segmentation. The model’s Instance Activation layers generate guided object
queries, while the Parallel Dual-Path Transformer Decoder refines features across multiple scales.
IAUNet outperforms leading models, especially in handling medium and large objects, and sets a
new baseline for biomedical imaging tasks, as demonstrated on the 2025 Revvity Full Cell Segmen-
tation Dataset.

TAUNet faces challenges with small object segmentation, similar to other query-based methods
Cheng et al.| (2022a)); He et al.[(2023). Additionally, IAUNet could be optimized to handle a higher
number of instances per image. Future research should focus on developing more efficient solutions
for small object segmentation.

REFERENCES

Mohammed A S Ali, Kaspar Hollo, Tonis Laasfeld, Jane Torp, Maris-Johanna Tahk, Ago Rinken,
Kaupo Palo, Leopold Parts, and Dmytro Fishman. ArtSeg—Artifact segmentation and removal

10



Under review as a conference paper at ICLR 2025

in brightfield cell microscopy images without manual pixel-level annotations. Scientific Reports,
12(1):11404, July 2022.

Mikael Bjorklund, Minna Taipale, Markku Varjosalo, Juha Saharinen, Juhani Lahdenperd, and Jussi
Taipale. Identification of pathways regulating cell size and cell-cycle progression by rnai. Nature,
439(7079):1009-1013, Feb 2006. ISSN 1476-4687. doi: 10.1038/nature04469. URL https:
//doi.org/10.1038/nature04469.

Michael Boutros, Florian Heigwer, and Christina Laufer. Microscopy-based high-content screen-
ing. Cell, 163(6):1314-1325, 2015. ISSN 0092-8674. doi: https://doi.org/10.1016/j.cell.
2015.11.007. URL https://www.sciencedirect.com/science/article/pii/
S0092867415014877.

Nicolas Carion, Francisco Massa, Gabriel Synnaeve, Nicolas Usunier, Alexander Kirillov, and
Sergey Zagoruyko. End-to-end object detection with transformers, 2020. URL https:
//arxiv.org/abs/2005.12872.

Liang-Chieh Chen, George Papandreou, lasonas Kokkinos, Kevin Murphy, and Alan L. Yuille.
Deeplab: Semantic image segmentation with deep convolutional nets, atrous convolution, and
fully connected crfs, 2017. URL https://arxiv.org/abs/1606.00915.

Bowen Cheng, Ishan Misra, Alexander G. Schwing, Alexander Kirillov, and Rohit Girdhar. Masked-
attention mask transformer for universal image segmentation, 2022a. URL https://arxiv.
org/abs/2112.01527.

Tianheng Cheng, Xinggang Wang, Shaoyu Chen, Wenqiang Zhang, Qian Zhang, Chang Huang,
Zhaoxiang Zhang, and Wenyu Liu. Sparse instance activation for real-time instance segmentation,
2022b. URL https://arxiv.org/abs/2203.12827.

Dmytro Fishman, Sten-Oliver Salumaa, Daniel Majoral, Tonis Laasfeld, Samantha Peel, Jan
Wildenhain, Alexander Schreiner, Kaupo Palo, and Leopold Parts. Practical segmentation of
nuclei in brightfield cell images with neural networks trained on fluorescently labelled samples. J
Microsc, 284(1):12-24, June 2021.

Patrick Follmann and Rebecca Konig. Oriented boxes for accurate instance segmentation, 2020.

Ross Girshick, Jeff Donahue, Trevor Darrell, and Jitendra Malik. Rich feature hierarchies for ac-
curate object detection and semantic segmentation, 2014. URL https://arxiv.org/abs/
1311.2524.

Wang Hao and Song Zhili. Improved mosaic: Algorithms for more complex images. Journal of
Physics: Conference Series, 1684:012094, 11 2020. doi: 10.1088/1742-6596/1684/1/012094.

Junjie He, Pengyu Li, Yifeng Geng, and Xuansong Xie. Fastinst: A simple query-based model for
real-time instance segmentation, 2023. URL https://arxiv.org/abs/2303.08594,

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Delving deep into rectifiers: Surpass-
ing human-level performance on imagenet classification, 2015. URL https://arxiv.org/
abs/1502.01852.

Kaiming He, Georgia Gkioxari, Piotr Dolldr, and Ross Girshick. Mask r-cnn, 2018. URL https:
//arxiv.orqg/abs/1703.06870.

Alexander Kirillov, Evgeny Levinkov, Bjoern Andres, Bogdan Savchynskyy, and Carsten Rother.
Instancecut: from edges to instances with multicut, 2016.

Alexander Kirillov, Ross Girshick, Kaiming He, and Piotr Dollar. Panoptic feature pyramid net-
works, 2019. URL https://arxiv.org/abs/1901.02446.

Alexander Kirillov, Yuxin Wu, Kaiming He, and Ross Girshick. Pointrend: Image segmentation as
rendering, 2020. URL https://arxiv.org/abs/1912.08193,

Alexander Kirillov, Eric Mintun, Nikhila Ravi, Hanzi Mao, Chloe Rolland, Laura Gustafson, Tete
Xiao, Spencer Whitehead, Alexander C. Berg, Wan-Yen Lo, Piotr Dolldr, and Ross Girshick.
Segment anything, 2023. URL https://arxiv.org/abs/2304.02643.

11


https://doi.org/10.1038/nature04469
https://doi.org/10.1038/nature04469
https://www.sciencedirect.com/science/article/pii/S0092867415014877
https://www.sciencedirect.com/science/article/pii/S0092867415014877
https://arxiv.org/abs/2005.12872
https://arxiv.org/abs/2005.12872
https://arxiv.org/abs/1606.00915
https://arxiv.org/abs/2112.01527
https://arxiv.org/abs/2112.01527
https://arxiv.org/abs/2203.12827
https://arxiv.org/abs/1311.2524
https://arxiv.org/abs/1311.2524
https://arxiv.org/abs/2303.08594
https://arxiv.org/abs/1502.01852
https://arxiv.org/abs/1502.01852
https://arxiv.org/abs/1703.06870
https://arxiv.org/abs/1703.06870
https://arxiv.org/abs/1901.02446
https://arxiv.org/abs/1912.08193
https://arxiv.org/abs/2304.02643

Under review as a conference paper at ICLR 2025

Feng Li, Hao Zhang, Huaizhe xu, Shilong Liu, Lei Zhang, Lionel M. Ni, and Heung-Yeung Shum.
Mask dino: Towards a unified transformer-based framework for object detection and segmenta-
tion, 2022. URL https://arxiv.org/abs/2206.02777.

James Liang, Tianfei Zhou, Dongfang Liu, and Wenguan Wang. Clustseg: Clustering for universal
segmentation, 2023. URL https://arxiv.org/abs/2305.02187.

Xiangbin Liu, Liping Song, Shuai Liu, and Yudong Zhang. A review of deep-learning-based medical
image segmentation methods. Sustainability, 13(3), 2021. ISSN 2071-1050. doi: 10.3390/
sul3031224. URL https://www.mdpi.com/2071-1050/13/3/1224.

Ilya Loshchilov and Frank Hutter. Sgdr: Stochastic gradient descent with warm restarts, 2017. URL
https://arxiv.org/abs/1608.03983!

Ilya Loshchilov and Frank Hutter. Decoupled weight decay regularization, 2019. URL https:
//arxiv.org/abs/1711.05101.

Larry E. Morrison, Mark R. Lefever, Lauren J. Behman, Torsten Leibold, Esteban A. Roberts,
Uwe B. Horchner, and Daniel R. Bauer. Brightfield multiplex immunohistochemistry with mul-
tispectral imaging. Laboratory Investigation, 100(8):1124-1136, 2020. ISSN 0023-6837. doi:
https://doi.org/10.1038/s41374-020-0429-0. URL https://www.sciencedirect.com/
science/article/p11/S0023683722003798.

Adam Paszke, Sam Gross, Francisco Massa, Adam Lerer, James Bradbury, Gregory Chanan, Trevor
Killeen, Zeming Lin, Natalia Gimelshein, Luca Antiga, Alban Desmaison, Andreas Kopf, Ed-
ward Yang, Zach DeVito, Martin Raison, Alykhan Tejani, Sasank Chilamkurthy, Benoit Steiner,
Lu Fang, Junjie Bai, and Soumith Chintala. Pytorch: An imperative style, high-performance deep
learning library, 2019. URL https://arxiv.org/abs/1912.01703|

Ondrej Pos, Orsolya Bird, Tomas Szemes, and Bélint Nagy. Circulating cell-free nucleic acids: char-
acteristics and applications. European Journal of Human Genetics, 26(7):937-945, July 2018.

Dillon Reis, Jordan Kupec, Jacqueline Hong, and Ahmad Daoudi. Real-time flying object detection
with yolov8, 2024. URL https://arxiv.org/abs/2305.09972.

Shaoqing Ren, Kaiming He, Ross Girshick, and Jian Sun. Faster r-cnn: Towards real-time object
detection with region proposal networks, 2016. URL https://arxiv.org/abs/1506.
01497.

Olaf Ronneberger, Philipp Fischer, and Thomas Brox. U-net: Convolutional networks for biomedi-
cal image segmentation, 2015. URL https://arxiv.org/abs/1505.04597,

Danny Salem, Yifeng Li, Pengcheng Xi, Hilary Phenix, Miroslava Cuperlovic-Culf, and Mads
Kern. Yeastnet: Deep-learning-enabled accurate segmentation of budding yeast cells in bright-
field microscopy. Applied Sciences, 11(6), 2021. ISSN 2076-3417. doi: 10.3390/app11062692.
URL https://www.mdpi.com/2076-3417/11/6/2692.

Carsen Stringer, Tim Wang, Michalis Michaelos, and Marius Pachitariu. Cellpose: a generalist
algorithm for cellular segmentation. Nature Methods, 18(1):100-106, January 2021.

Chien-Yao Wang, I-Hau Yeh, and Hong-Yuan Mark Liao. Yolov9: Learning what you want to learn
using programmable gradient information, 2024. URL https://arxiv.org/abs/2402.
13616.

Gufeng Wang and Ning Fang. Detecting and tracking nonfluorescent nanoparticle probes in live
cells. Methods Enzymol, 504:83-108, 2012.

Xinlong Wang, Tao Kong, Chunhua Shen, Yuning Jiang, and Lei Li. Solo: Segmenting objects by
locations, 2020a. URL https://arxiv.org/abs/1912.04488.

Xinlong Wang, Rufeng Zhang, Tao Kong, Lei Li, and Chunhua Shen. Solov2: Dynamic and fast
instance segmentation, 2020b. URL https://arxiv.org/abs/2003.10152,

Zongwei Zhou, Md Mahfuzur Rahman Siddiquee, Nima Tajbakhsh, and Jianming Liang. Unet++:
A nested u-net architecture for medical image segmentation, 2018. URL https://arxiv.
org/abs/1807.10165.

12


https://arxiv.org/abs/2206.02777
https://arxiv.org/abs/2305.02187
https://www.mdpi.com/2071-1050/13/3/1224
https://arxiv.org/abs/1608.03983
https://arxiv.org/abs/1711.05101
https://arxiv.org/abs/1711.05101
https://www.sciencedirect.com/science/article/pii/S0023683722003798
https://www.sciencedirect.com/science/article/pii/S0023683722003798
https://arxiv.org/abs/1912.01703
https://arxiv.org/abs/2305.09972
https://arxiv.org/abs/1506.01497
https://arxiv.org/abs/1506.01497
https://arxiv.org/abs/1505.04597
https://www.mdpi.com/2076-3417/11/6/2692
https://arxiv.org/abs/2402.13616
https://arxiv.org/abs/2402.13616
https://arxiv.org/abs/1912.04488
https://arxiv.org/abs/2003.10152
https://arxiv.org/abs/1807.10165
https://arxiv.org/abs/1807.10165

	Introduction
	Related Work
	Model Overview
	Pixel Decoder
	Guided Instance Queries
	Parallel Dual-Path Transformer Decoder
	Positional Embeddings
	Pixel Features Update
	Instance Queries Update

	Mask Level Matching
	Experiments
	Training Settings
	Results

	Limitations and Conclusion

