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Abstract

Automatic and accurate nuclei instance segmentation in
histopathology images is a fundamental task in computa-
tional pathology. It is also a very challenging task due
to complex nuclei morphologies, ambiguous boundaries,
and staining variations. Existing methods often struggle
to precisely delineate overlapping nuclei and handle class
imbalance. We introduce WeaveSeg, a novel deep learn-
ing framework that synergistically integrates two key inno-
vations: an adaptive spectral refinement (ASR) module to
enhance high-frequency boundary details often blurred by
standard convolutions, and an iterative contrast-weaving
(ICW) module. Guided by a specialized uncertainty-aware
loss, this module leverages contrastive attention and a novel
local self-adaptive mechanism to progressively resolve am-
biguous instances. Extensive experiments on MoNuSeg,
CoNSeP, and CPM17 demonstrate WeaveSeg’s SOTA per-
formance over existing models. The code is available at
https://github.com/jj-sterne/WeaveSeg.

1. Introduction
Accurate segmentation of cell nuclei within histopatholog-
ical images is a fundamental task in computational pathol-
ogy, crucial for advancing cancer diagnosis, treatment plan-
ning, and prognosis [8, 15, 25, 33]. The morphologi-
cal characteristics of nuclei, including size, shape, texture,
and spatial arrangement, provide critical information for
histopathologists to evaluate tumor malignancy and guide
clinical decisions [29, 35, 42]. Automating this process
through deep learning models has significant potential to
enhance diagnostic precision and efficiency, and thus im-
prove treatment outcomes [18, 34, 37, 40]. Despite ad-
vances in deep learning-based medical image segmentation,
the precise segmentation of nuclei in histopathological im-
ages remains a formidable challenge [21].

*Corresponding Author

(a) (b) (c) (d)

Figure 1. Challenges in Nuclei segmentation. (a) a representa-
tive colorectal adenocarcinoma image; (b) ambiguous boundaries
between nuclei and surrounding stroma; (c) morphological hetero-
geneity of nuclei; and (d) densely packed and overlapping nuclei

As illustrated in Figure 1, several inherent complexi-
ties within histopathology images impede accurate nuclei
boundary delineation. First, because of weak staining, in-
flammation, or obscuring cellular structures, there exist
many ambiguous boundaries between nuclei and the sur-
rounding stroma (Figure 1 (b)), making it quite difficult to
accurately identify these boundaries. Second, histopatho-
logical nuclei exhibit substantial morphological heterogene-
ity (Figure 1 (c)); variations in shape, size, and texture
across cell types and disease states complicate the definition
of universally applicable features. Third, nuclei frequently
appear in densely packed clusters (Figure 1(d)), leading to
significant overlap and occlusion, hindering the separation
of individual nuclei, especially with indistinct boundaries.
Furthermore, staining intensity and color balance variations
across samples, along with potential class imbalance (rarity
of certain nuclei types), present additional challenges.

While existing deep learning methods for nuclei seg-
mentation have shown promise, they often fall short of
comprehensively addressing these challenges. Encoder-
decoder architectures, exemplified by U-Net [31] and its
variants [23, 45], while effective for multi-scale feature fu-
sion, tend to blur fine boundary details due to repeated
downsampling and upsampling. Instance segmentation ap-
proaches [11], are usually confounded by severe nuclei
overlap and class imbalance, resulting in missed detec-
tions or false positives. Furthermore, boundary-based meth-
ods [3, 44], while directly leveraging boundary informa-
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tion, are vulnerable to noise and indistinct boundaries.
Distance-based methods [8, 12, 25], designed to separate
touching nuclei, still exhibit limitations when confronted
with highly irregular nuclei shapes. Topology-aware ap-
proaches [24, 38], despite enhancing shape representation,
do not directly address boundary ambiguity. Attention and
recurrent mechanisms [7, 13, 41], aimed at improving fea-
ture learning, lack specific focus on challenges like nuclei
overlap or staining variations.

A critical limitation of conventional models is their re-
liance on spatial-only convolutions. While effective for
general feature extraction, repeated downsampling and
upsampling operations inherently blur the subtle yet vi-
tal high-frequency details. Unlike in natural images,
histopathological nuclei depend on these high-frequency
cues for accurate delineation. Existing frequency-based
methods [4, 9, 30], often address global characteristics and
fail to capture the localized, boundary-specific spectral in-
formation crucial for separating instances.

To comprehensively address above limitations, in this
paper, we present WeaveSeg, a novel deep learning model
for nuclei segmentation that integrates an iterative contrast
enhancement strategy with an adaptive activation mecha-
nism, and a frequency-aware detail adaptation across mul-
tiple scales. The core of the WeaveSeg is the iterative
contrast-weaving (ICW) module, which goes far beyond
traditional simple feature fusion. ICW sufficiently exploits
the intrinsic contrast between nuclei, surrounding tissue,
and ambiguous boundary regions, iteratively disentangling
and refining feature representations using a unique ”weav-
ing” process. This process, combined with an adaptive acti-
vation mechanism (AGLU) [1], allows the network to pro-
gressively resolve uncertainties and enhance the discrim-
inability of nuclei features. Complementing ICW, the adap-
tive spectral detail refinement (ASR) module explicitly ad-
dresses frequency-domain inconsistencies that often arise
from feature fusion in encoder-decoder architectures. The
ASR leverages adaptive filtering to enhance both seman-
tic consistency within nuclei and boundary sharpness. Our
main contributions can be summarized as follows.

• We propose WeaveSeg, a framework that synergistically
integrates spectral and spatial refinement. It explicitly
targets blurred boundaries and overlapping instances by
coupling ASR with ICW.

• We introduce two innovative components: the ASR mod-
ule for adaptive, boundary-aware frequency adaptation,
and the ICW module, which leverages contrastive atten-
tion and is guided by a specialized uncertainty-aware loss
for feature disentanglement.

• Extensive experiments on publicly available histopatho-
logical nuclei segmentation datasets demonstrate that
WeaveSeg achieves state-of-the-art performance.

2. Related Works
2.1. Nuclei Instance Segmentation

Early deep learning methods primarily relied on encoder-
decoder architectures like U-Net [31] and its variants [27,
45]. While effective for multi-scale feature fusion, they of-
ten suffer from boundary blurring due to repeated down-
sampling and upsampling, particularly affecting the delin-
eation of small and irregularly shaped nuclei. To address
boundary blurring, boundary-based methods [3, 44] utilize
contour information, but their performance is highly sen-
sitive to image noise and inherent indistinctness of nuclei
boundaries in histopathology images. Distance-based meth-
ods [8, 12, 25] improve separation of touching nuclei, but
struggle with highly irregular shapes and often requires pre-
cise shape priors. Topology-aware approaches [24, 38] of-
fer improvements in shape representation by incorporating
topological constraints, but their ability to resolve funda-
mental issues like ambiguous boundaries and significant
morphological variations remains limited. Attention mech-
anisms [13] and recurrent processing [7] are helpful in
enhancing feature discriminability, but often lack explicit
mechanisms to directly tackle boundary ambiguity and se-
vere nuclei overlap, crucial factors in accurate instance seg-
mentation.

In contrast, WeaveSeg’s iterative refinement with con-
trastive attention and uncertainty loss is proposed to com-
prehensively address these multifaceted challenges.

2.2. Frequency-Domain Feature Enhancement

Frequency-domain analysis offers a complementary per-
spective in the realm of medical image analysis. Qin et
al. introduced FcaNet [30], which pioneers the applica-
tion of channel attention mechanisms within the frequency
domain. Subsequently, Guo et al. [9] explored the utility
of adaptive frequency filters for capturing long-range de-
pendencies in feature representations. More recently, Li et
al. [20] leveraged a high-frequency prior to enhance super-
resolution performance. While these methodologies effec-
tively demonstrate the inherent benefits of incorporating
frequency information, they predominantly concentrate on
global frequency characteristics.

In contrast to these approaches, the ASR module of
WeaveSeg is specifically designed to focus on localized,
boundary-aware frequency information. By adaptively
fusing frequency components at a granular, local level,
WeaveSeg aims to address the critical challenge of discern-
ing subtle textural and structural disparities between nuclei
and the surrounding stroma.

2.3. Contrastive and Decoupling Learning

Contrastive learning methodologies [5, 10, 18] have gar-
nered considerable attention and demonstrated substantial
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Figure 2. Overview of the WeaveSeg framework. The architecture features three main components: foreground, background, and
uncertainty regions, and incorporates two key modules: iterative contrast-weaving (ICW) and adaptive spectral detail refinement (ASR).

promise in facilitating the learning of highly discriminative
feature representations. Nevertheless, the majority of exist-
ing applications of contrastive learning within medical im-
age segmentation [2, 19, 39] predominantly employ global
or pixel-level contrastive strategies.

Distinctly, the ICW module of WeaveSeg uniquely inte-
grates localized, boundary-aware contrastive learning prin-
ciples. While decoupling methodologies have proven effec-
tive in enhancing feature representation capabilities, they
frequently lack dedicated mechanisms to effectively man-
age uncertainty inherent in ambiguous regions. WeaveSeg
directly addresses this critical limitation through the incor-
poration of a specialized uncertainty-aware loss function,
explicitly designed for the sophisticated modeling of ambi-
guity associated with nuclei boundaries and overlaps.

3. Methodology

3.1. Overall architecture

WeaveSeg (Figure 2) is an encoder-decoder architecture for
precise nuclei instance segmentation in histopathology im-
ages. The encoder extracts multi-scale feature hierarchies
from input imagery. Subsequently, the decoder processes
these features via two pathways: frequency-aware refine-
ment and contrast enhancement. Notably, both pathways
converge within the iterative contrast-weaving (ICW) mod-
ule for core feature integration.

The adaptive spectral detail refinement (ASR) module
(Section 3.2) lies within the first pathway. ASR selectively
enhances high-frequency components associated with nu-

clei boundaries and fine textures, while preserving low-
frequency information crucial for overall nuclei structure,
providing a refined feature representation. The second path-
way decouples the encoder features into foreground (nu-
clei), background (surrounding tissue), and uncertain region
components, facilitating targeted contrast enhancement in
ambiguous boundary areas.

The iterative contrast-weaving module (Section 3.3) is
central to WeaveSeg as the core processing unit. ICW it-
eratively refines features via foreground-background con-
trast, guided by ASR’s frequency-adapted features. Criti-
cally, a closed-loop iteration feeds intermediate ICW out-
puts back to ASR. This ASR-ICW interplay(ASR refines
spectra and ICW enhances contrast) ultimately resolves am-
biguities, generating a precise nuclei instance segmentation
map as the final ICW output.

3.2. Adaptive Spectral Detail Refinement (ASR)

Standard upsampling and feature fusion methods often
struggle to preserve the high-frequency details crucial for
accurate nuclei delineation, consequently leading to blurred
boundaries. To mitigate this issue, we introduce the ASR
module, illustrated in Figure 3(a), which directly integrates
frequency-aware processing into the feature fusion and up-
sampling pipeline. ASR is designed to promote both intra-
nuclei semantic consistency and sharp inter-nuclei bound-
aries.

ASR takes as input a low-resolution, high-level fea-
ture map, Fhigh ∈ RC×H×W , from a deeper decoder
layer, and a high-resolution, low-level feature map, Flow ∈
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Figure 3. Detailed architecture of the proposed modules. (a) ASR enhances features by adaptively fusing frequency components and
employing Local Similarity Guided Sampling for high-fidelity upsampling. (b) ICW iteratively refines features using contrastive attention,
dense connections, and an adaptive gated linear unit (AGLU) for modulation.

RC×2H×2W , from a shallower decoder layer. It produces
a refined output, Fout ∈ RC×2H×2W , enriched with high-
frequency details.

The ASR module adaptively generates both low-
and high-frequency feature components through distinct
branches. For low-frequency enhancement, aiming to
promote intra-nuclei consistency, ASR learns a spatially-
varying low-pass filter, WLP ∈ RK2×2H×2W . This learn-
able filter, implicitly modulated by a Hamming window
due to localized convolution, allows for adaptive smooth-
ing based on feature content. A low-pass filtered version of
Fhigh, denoted FLP

high, is then obtained via depthwise convo-
lution (⊛) and pixel shuffling:

FLP
high = PixelShuffle(WLP ⊛ Fhigh) (1)

Complementing this, to effectively recover fine de-
tails, ASR employs Local Similarity-Guided Resampling
(LSGR). LSGR leverages a local cosine similarity map,
S ∈ R8×2H×2W , computed from the combined features
Fcomb. This similarity map guides the prediction of spatial
offsets, O ∈ R2G×2H×2W , enabling content-aware resam-
pling that preserves high-frequency details:

O = Conv3×3([Fcomb,S]) (2)

These offsets resample FLP
high to produce a refined high-level

map, FR
high:

FR
high(i, j) = FLP

high(i+ u, j + v) (3)

In parallel, a high-frequency enhancement branch, mir-
roring the low-frequency branch’s structure, operates on
Flow to generate a high-frequency-enhanced map, FHF

low,
adaptively generating high-pass filters analogous to the low-
pass filter generation.

Finally, element-wise addition fuses the resampled high-
level map, FR

high, and the high-frequency-enhanced low-
level map, FHF

low:

Fout = FR
high + FHF

low (4)

Through this frequency-modulated and adaptively-
refined fusion process, ASR effectively produces feature
maps that exhibit both semantic coherence within nuclei
and sharp, precise boundaries, which are essential for ac-
curate instance segmentation performance.

3.3. Iterative Contrast-Weaving Module (ICW)
Complementing the per-scale feature enhancement of the
ASR module, the ICW is designed to focus on contextual
relationships and progressive refinement. ICW transcends
simple feature fusion by employing a novel ”weaving” pro-
cess. This process dynamically integrates local contrastive
attention and adaptive gating within a feedback loop to it-
eratively enhance feature discriminability, a critical factor
for precise nuclei segmentation, especially in the presence
of ambiguous boundaries and class imbalances. Specifi-
cally, it mitigates the foreground-background imbalance by
employing a contrastive attention mechanism that ampli-
fies nuclei-specific features while suppressing background
noise, thus enhancing the nuclei-background distinction.
The architecture of the ICW module is detailed in Fig-
ure 3(b).

ICW operates through an iterative refinement pro-
cess. Each iteration t refines the feature representation
by taking as input frequency-adapted features, F

(t−1)
ASR ∈

RC×H×W , from the ASR module, and semantic context
maps, Sf,Sb,Su ∈ RH×W . These context maps, represent-
ing foreground, background, and uncertain regions respec-
tively. The initial input, F(0)

ASR, is the output Fout from the
ASR module.

Each ICW iteration performs three core operations, con-
ceptualized as a refinement step towards improved instance
separation. First, a dense block, DenseBlock(·), enhances
inter-layer feature propagation, yielding an intermediate
feature map F

(t)
dense:

F
(t)
dense = DenseBlock

(
F

(t−1)
ASR

)
(5)
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This dense connectivity facilitates feature reuse and miti-
gates the vanishing gradient problem, promoting robust fea-
ture learning.

Next, a contrastive attention (CA) mechanism selectively
attends to features based on local context within a K × K
neighborhood N (x, y) around each spatial location (x, y).
Attention weights, α(t)

(x,y), are computed using downsampled
foreground (Sf↓) and background (Sb↓) context maps, thus
incorporating a broader contextual window to guide atten-
tion. The context-aware representation, V(t)

CA(x, y), is then
formulated as:

V
(t)
CA(x, y) =

∑
(i,j)∈N (x,y)

α(t)(x, y, i, j) ·V(t)(i, j) (6)

where V(t) represents value features obtained through a lin-
ear transformation:

V(t) = WvF
(t)
dense (7)

and the attention weight α(t)
(x,y) is defined as:

α
(t)
(x,y) =

exp(wT
f S

f↓
(x,y) −wT

b S
b↓
(x,y))∑

(m,n)∈N (x,y) exp(w
T
f S

f↓
(m,n) −wT

b S
b↓
(m,n))

(8)

with learnable weight vectors wf and wb. This local
contrastive learning mechanism, distinct from global self-
attention, drives the network to learn features that are dis-
criminative for the foreground (nuclei) relative to the back-
ground. It effectively amplifies features that contribute to
instance separation while suppressing irrelevant ones, re-
sulting in a contrast-enhanced map, F(t)

CA.
Subsequently, an adaptive gated linear unit (AGLU)

modulates the influence of F(t)
CA, functioning as a dynamic

gate to control information flow:

F
(t)
gated = F

(t)
CA ⊙ σ(κ · F(t)

CA + λ) (9)

where ⊙ denotes element-wise multiplication, σ is the sig-
moid function, and κ and λ are learnable parameters.This
adaptivity ensures that feature modulation is neither too ag-
gressive (suppressing useful information) nor too passive
(allowing noise to propagate), dynamically balancing con-
trast enhancement with feature fidelity across diverse image
characteristics and learning stages.

Finally, a residual connection integrates the gated fea-
tures F

(t)
gated with the input features F

(t−1)
ASR , generating the

refined features F(t)
ASR for the subsequent iteration:

F
(t)
ASR = F

(t−1)
ASR + F

(t)
gated (10)

The iteratively refined features from the final ICW iteration
are then utilized to derive the ultimate segmentation output.

Figure 4. Illustration of the uncertainty map generation pro-
cess. (a) Ground truth mask; (b) Grayscale ground truth mask, de-
lineating nuclei interior (white), boundary (gray), and background
(black) regions; (c) Gradient magnitude map; (d) Centroid plot;
(e) Mask erosion, marking nuclei interior (blue); (f) Mask dila-
tion, expanding nuclei region (red); (g) Uncertainty behavior map;
(h) Final uncertainty map.

Through this iterative ”weaving” process—integrating
dense propagation, local contrastive attention, and adaptive
gating within a closed-loop system with ASR. WeaveSeg
progressively resolves ambiguities, enhances boundaries,
and achieves improved segmentation accuracy. Each iter-
ation facilitates a refinement of the feature representation,
iteratively optimizing towards improved instance separa-
tion in the feature space. This iterative refinement strategy,
leveraging contrastive learning and adaptive gating, holds
potential for broader application in other image segmenta-
tion tasks demanding robust handling of complex contex-
tual dependencies and feature ambiguities.

3.4. Loss Function
WeaveSeg’s training process is guided by a comprehensive
multi-task loss function, LTotal, meticulously designed to
promote accurate instance segmentation, semantic consis-
tency, and robust handling of ambiguous regions inherent
in histopathology images. This loss function is composed
of several distinct terms: binary cross-entropy (BCE) losses
for the primary segmentation mask (Lmask) and auxiliary
foreground,background predictions (Lfg, Lbg), a trilateral
decomposition-inspired loss (Ltri), and a novel uncertainty
loss (Luncert). The Luncert term is specifically introduced to
explicitly address ambiguous regions, particularly prevalent
at nuclei boundaries and overlaps.

The uncertainty loss, Luncert, serves as a key component
for robustly handling ambiguous regions. It operates on the
predicted uncertainty map, Su ∈ RH×W , with the objective
of encouraging the model to express high uncertainty in ar-
eas where the ground truth segmentation is inherently am-
biguous(typically boundaries and overlaps)and conversely,
low uncertainty in regions with clear foreground (nuclei in-
teriors) or background. To facilitate this, a target uncer-
tainty map, U∗ ∈ RH×W , is generated, with its generation
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Figure 5. Qualitative comparison of edge prediction perfor-
mance. (a) Input image; (b) Baseline model; (c) Baseline + ICW,
showing improved boundary delineation; (d) Baseline + ICW +
ASR (WeaveSeg), demonstrating the accurate edge prediction.

process illustrated in Figure 4. The uncertainty loss is then
defined as the mean squared error (MSE) between the pre-
dicted uncertainty map, Su, and the target uncertainty map,
U∗:

Luncert =
1

N

N∑
i=1

(
Su(i) −U∗(i)

)2

(11)

where N denotes the total number of pixels, and (i) in-
dexes a specific pixel location. This loss term effectively en-
courages the model to refrain from making over-confident,
yet potentially erroneous, predictions in ambiguous re-
gions. Consequently, it guides the ICW module to priori-
tize the learning of discriminative features while explicitly
acknowledging and accommodating boundary uncertainty.
Further details regarding the target uncertainty map genera-
tion are provided in the supplementary material.

The final multi-task loss, LTotal, is formulated as a
weighted sum of these individual loss terms:

LTotal = λmaskLmask + λfgLfg + λbgLbg

+ λtriLtri + λuncertLuncert (12)

The loss weights(λmask = 1.0, λfg = 0.5, λbg = 0.5,
λtri = 0.3, and λuncert = 1.0), were empirically determined
via validation tuning.

4. Experiments
4.1. Datasets and Evaluation Metrics
We rigorously evaluated WeaveSeg on three publicly avail-
able histopathology benchmarks:CoNSeP [8], MoNuSeg
[17] and the CPM17 [36] dataset. These datasets fea-
ture diverse cell types and challenging conditions, such
as significant nuclei overlap and staining variations, mak-
ing them suitable for comprehensive evaluation. Follow-
ing standard protocols, we used the official data splits
for training and testing. Segmentation performance was
quantitatively assessed using four widely-accepted metrics:
F1-score (F1), Dice coefficient (Dice), Hausdorff distance
(HausD), Panoptic Quality (PQ) score and Aggregated Jac-
card Index (AJI) [17, 26].

Models F1 Dice HausD AJI

Baseline 0.725 0.828 27.381 0.515
w/o ICW 0.738 0.835 26.933 0.529
w/o ASR 0.746 0.844 26.354 0.547
Full WeaveSeg 0.759 0.852 25.835 0.563

Table 1. Ablation study on the CoNSeP dataset, evaluating the
impact of different components. ”w/o” denotes removing the
corresponding component.

Iter. F1 Dice HausD AJI

0 0.859 0.823 7.141 0.582
1 0.865 0.830 6.754 0.622
2 0.872 0.838 6.312 0.637
3 0.874 0.841 6.042 0.648
4 0.868 0.836 6.453 0.635

Table 2. Performance comparison across different iterations of
the ICW module on the MoNuSeg dataset. The baseline refers
to the initial framework without ICW or ASR (Iter. = 0).

4.2. Implementation Details
WeaveSeg was implemented using PyTorch 1.8 [28] and
CUDA 10.1. Training was conducted on a workstation with
dual NVIDIA RTX 2080Ti GPUs. Network weights were
initialized using ImageNet pre-trained weights [6], leverag-
ing transfer learning methodologies [43]. The Adam op-
timizer [16] was employed with an initial learning rate of
10−4, which was reduced by a factor of 0.1 every 25 epochs
, reaching a final learning rate of 10−7. A batch size of 32
was utilized, and training was performed for 100 epochs.
The network processed 256×256 RGB image patches, nor-
malized to the range [0, 1]. Standard data augmentation
techniques, including random color transformations, hor-
izontal flips, rotations, elastic transformations, and crop-
ping, were applied throughout training. As depicted in Fig-
ure 8, the κ and λ parameters within the AGLU module
were adaptively adjusted throughout the training process.

4.3. Ablation Studies
To rigorously validate the individual contributions of the
ASR and ICW modules, ablation studies were performed
on the CoNSeP validation set, utilizing a U-Net variant as
the baseline model. Table 1 presents the ablation study re-
sults. The complete WeaveSeg model consistently outper-
forms both the baseline and the ablation variants (ablated
of ASR or ICW modules) across all evaluation metrics,
unequivocally demonstrating the synergistic effect of these
two proposed modules.

As detailed in Table 1, the removal of the ICW mod-
ule leads to a more pronounced performance degradation
compared to the removal of the ASR module. Specifi-
cally, the Dice coefficient decreases by 0.017 without ICW,
whereas it decreases by 0.008 without ASR. A similar trend
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Figure 6. Visualization of semantic segmentation results with different methods. Different colors represent different types.

Lmask Lfg & Lbg Ltri Luncert
MoNuSeg CoNSeP

F1 Dice HausD AJI F1 Dice HausD AJI
✓ 0.861 0.821 6.962 0.588 0.733 0.816 30.527 0.505
✓ ✓ 0.868 0.828 6.794 0.603 0.748 0.834 28.759 0.536
✓ ✓ ✓ 0.877 0.832 6.751 0.624 0.764 0.839 27.683 0.542
✓ ✓ ✓ ✓ 0.874 0.836 6.435 0.644 0.756 0.844 26.354 0.547

Table 3. Ablation study on the impact of different loss function components within the ICW module.

is observed for the instance-level AJI metric. This under-
scores the critical role of the iterative contrast enhancement
provided by the ICW module in achieving accurate seg-
mentation and instance discrimination, particularly in chal-
lenging scenarios involving overlapping nuclei and ambigu-
ous boundaries. The ICW module’s capacity for refining
features based on contextual relationships and addressing
class imbalance appears crucial for attaining optimal per-
formance. Figure 5 visually corroborates the enhanced edge
prediction performance resulting from the progressive inte-
gration of ICW and ASR.

Furthermore, we investigated the individual impact of
different loss components within the ICW module it-
self (Table 3), isolating their contributions by excluding
the ASR module. Progressive incorporation of the fore-
ground/background losses (Lfg & Lbg), the trilateral decom-
position loss (Ltri), and the novel uncertainty loss (Luncert),in
addition to the baseline mask loss (Lmask)—reveals a con-
sistent performance improvement trend. On MoNuSeg, the
incorporation of Lfg and Lbg yields improvements in Dice
and AJI. Incorporating Ltri further enhances F1-score. Cru-

cially, adding Luncert results in the highest Dice, HausD, and
AJI values, albeit with a slight decrease in F1-score. This
indicates that Luncert effectively prioritizes precise bound-
ary delineation and instance separation, which is paramount
for accurate nuclei segmentation. Consistent trends are ob-
served on CoNSeP, with progressive enhancements in Dice,
HausD, and AJI corresponding to the inclusion of each suc-
cessive loss component. Table 2 performance peaks at the
3rd iteration, demonstrating the effectiveness of the iterative
refinement process. This empirically validates our choice of
3 iterations as the optimal configuration for balancing per-
formance and computational efficiency.

4.4. Comparative Experiments
We conducted a comprehensive comparison of WeaveSeg
against several recent state-of-the-art methods, including
Hover-Net [8], CD-Net [12], Mudslide [38] and CellVIT-
B [14]. As presented in Table 4, our proposed WeaveSeg
demonstrates superior performance across all three bench-
mark datasets.On MoNuSeg, WeaveSeg achieves an AJI of
0.648 and a PQ of 0.644, outperforming all competitors.
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Figure 7. Dice score comparison on MoNuSeg and CoNSeP
datasets. WeaveSeg (Our Net) achieves superior performance
compared to other methods.

Method MoNuSeg CoNSeP CMP17
AJI PQ AJI PQ AJI PQ

U-Net [31] 0.597 0.581 0.501 0.492 0.655 0.578
Mask-RCNN [11] 0.546 0.509 0.494 0.460 0.684 -
DCAN [3] 0.525 0.492 0.289 - 0.561 0.545
DIST [25] 0.559 0.443 0.502 0.398 0.616 0.504
Hover-Net [8] 0.618 0.597 0.536 0.532 0.705 0.697
CD-Net [12] 0.637 0.619 0.545 0.524 0.729 -
TopoSeg [24] 0.641 0.625 - - 0.743 0.705
MedSAM [22] 0.622 0.618 0.517 0.505 0.707 0.694
CellViT-B [14] 0.639 0.654 0.547 0.539 0.737 0.713
NucSeg-B [32] 0.634 0.626 0.542 0.533 0.731 0.726
Mudslide [38] 0.642 0.637 0.547 0.542 0.740 0.714
Our Net 0.648 0.644 0.563 0.548 0.751 0.733

Table 4. Performance comparisons on MoNuSeg, CoNSeP and
CPM17. AJI and PQ (%) are reported. ’-’ indicates value not
available in original SOTA paper.

Similarly, on CoNSeP, it sets a new SOTA with an AJI of
0.563 and a PQ of 0.548. Notably, our method also excels
on the CPM17 dataset, achieving the highest AJI (0.751)
and PQ (0.733) scores.These results consistently underscore
WeaveSeg’s effectiveness and its robust capability to handle
diverse and challenging nuclei segmentation scenarios. The
qualitative results in Figure 6 further visualize our model’s
proficiency in accurately segmenting challenging instances
with overlapping and densely packed nuclei compared to
other methods.

Further details on ablation studies and comparative ex-
periments can be found in the Supplementary Material.

4.5. Limitation

Although WeaveSeg effectively addresses numerous scenar-
ios featuring ambiguous boundaries and overlapping nu-
clei, it still encounters limitations in particularly challeng-
ing instances involving severely clustered nuclei with nearly

Figure 8. Visualization of hyperparameter adaptation during
training. The parameters κ and λ in the AGLU module are dy-
namically adjusted to optimize feature modulation.

(a) (b) (c) (d)

Figure 9. Illustration of challenging cases where Weaveseg
shows limitations. (a) Ground truth and (b) failure case on
MoNuSeg, where it has limitation; (c) ground truth, and (d) failure
case on CoNSeP.

indistinguishable boundaries, often further complicated by
staining variations. Figure 9 illustrates representative fail-
ure cases.Furthermore, while our method has been validated
on three diverse datasets, its generalization capability could
be further strengthened by evaluation on a broader spectrum
of tissue types and staining protocols.Future research will
focus on integrating more sophisticated context modeling
mechanisms to handle severe clustering.

5. Conclusion

In summary, WeaveSeg introduces a novel framework for
nuclei instance segmentation in histopathology images, ef-
fectively addressing persistent challenges of ambiguous
boundaries, complex morphologies, and nuclei overlap.
Achieving state-of-the-art performance, WeaveSeg syner-
gistically integrates frequency-aware feature adaptation via
the ASR module, iterative contrast enhancement through
the ICW module, and a dedicated uncertainty loss func-
tion. Empirical validation on MoNuSeg and CoNSeP
datasets, substantiated by ablation studies, demonstrates
significant performance gains over existing methodologies,
underscoring the contribution of iterative refinement. While
WeaveSeg exhibits robust performance, future efforts will
enhance resilience to staining variations in clustered nuclei.
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