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Abstract. Accurate tumor microenvironment (TME) analysis is criti-
cal for prognosis but limited by the high cost of pixel-level annotations.
Current weakly supervised methods suffer from localization bias, and
although semi-supervised segmentation yields superior boundaries, stan-
dard frameworks depend on pixel-level annotations. To resolve this, we
propose Homogeneity driven Segmentation, namely HomoSeg, a weak-
label-guided semi-supervised framework. It exploits histological spatial
homogeneity to extract single-label samples. Superpixel segmentation is
utilized to synthesize training samples with dense and reliable pixel-
level labels. Subsequently, we design a multi-task Siamese network inte-
grating classification, segmentation, and CAM branches. Through weak-
to-strong consistency regularization, supervision signals are propagated
from synthetic data to unlabeled data, establishing robust semantic de-
cision boundaries. Finally, to eliminate noise from synthetic data and
achieve model lightweighting, we employ an offline distillation strategy
to distill the multi-task Siamese network. Experimental results on the
LUAD-HistoSeg and BCSS-WSSS datasets demonstrate that HomoSeg
significantly outperforms existing methods, providing a robust solution
for high-precision Tumor Microenvironment analysis. The code is avail-
able at: https://github.com/zhy1312/HomoSeg.

Keywords: Weakly Supervised Segmentation · Tumor Microenviron-
ment · Semi-Supervised Segmentation · Knowledge Distillation.

1 Introduction

Precise tumor microenvironment (TME) analysis is critical for cancer diagno-
sis, prognosis, and treatment planning [8]. Although deep learning has advanced
medical image segmentation [11, 15, 21], mainstream fully supervised methods
rely heavily on extensive pixel-level annotations. Delineating complex TME
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structures on gigapixel whole slide images is time-consuming and requires spe-
cialized pathological expertise, making prohibitive annotation costs a key bot-
tleneck for large-scale clinical deployment of deep learning models [7].

As a promising solution, weakly supervised semantic segmentation (WSSS)
using only image-level labels has emerged [2, 16]. Most WSSS methods adopt
a classify-then-activate paradigm, generating pseudo-masks via class activation
map (CAM) [25] for segmentation training. However, CAM-based methods ac-
tivate only the most discriminative regions, leading to struggles with complex
tissue boundaries and a failure to produce clinically precise segmentations.

Semi-supervised semantic segmentation (SSSS) is a compelling alternative
to mitigate these shortcomings, including severe localization bias and blurred
boundaries [18, 14]. Mainstream SSSS frameworks require high-quality pixel-level
annotations for model initialization or supervision. This creates a paradox: SSSS
offers superior performance but relies on costly annotations, rendering it inap-
plicable for strict weakly supervised scenarios without pixel-level labels.

To resolve the conflict between performance demands and annotation costs,
we propose a novel weak-label-guided semi-supervised framework. To break the
trade-off, we reformulate the task by moving beyond traditional annotation-
reliant semi-supervised strategies. Instead, our approach exploits latent consis-
tency supervisory signals using only image-level labels, which enables us to guar-
anty segmentation accuracy while drastically reducing the annotation burden.

2 Method

As illustrated in Fig. 1, the proposed HomoSeg framework consists of three key
components: (i) Homogeneity Driven Data Reformulation, (ii) a Weak-Label
Guided Semi-Supervised Framework, and (iii) Distillation for Boundary Refine-
ment. Each of these components is detailed in the following sections.

2.1 Homogeneity Driven Data Reformulation

Unlike natural scenes, TME patches are from gigapixel-level WSIs. Due to the
spatial continuity and large scale of biological structures, cropped local patches
typically contain only one tissue category. This morphological feature is the
fundamental physical premise of our proposed data reformulation strategy.

Single-Label Sample Mining Let the TME dataset be D = {(xi, yi)}Ni=1,
with N as the total number of training samples. For each sample, xi ∈ R3×H×W

is the input image, and yi ∈ {0, 1}C is the multi-hot image-level label for C tissue
categories. Given the large biological structure scale relative to patch size, WSI-
cropped images often contain only one tissue type, making their weak image-level
labels equivalent to global pixel-level masks. The single-label subset is defined:

S = {(xs, ys) ∈ D | ∥ys∥1 = 1} (1)
For (xs, ys) ∈ S, the mask ms is derived by spatially broadcasting ys to all

pixel positions, providing reliable initial supervision.
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Fig. 1. Overview of the proposed HomoSeg framework.

Topology-Aware Synthetic Generation Relying solely on single-label sam-
ples fails to capture complex tissue boundaries. To resolve this, a superpixel-
based [23] CutMix strategy is proposed to synthesize multi-label samples. Specif-
ically, we apply superpixel sampling networks to segment images xs into irregu-
lar, morphologically realistic regions. Aggregating connected superpixels gener-
ates binary region masks Msp. We then synthesize multi-label data via iterative
superposition. For each synthetic sample, we randomly select k distinct tissue
categories (k ∈ {2, . . . , C}). Starting with a randomly sampled background im-
age xbg, we overlay k−1 foreground tissue regions from the remaining categories.
Let Tj(·) denote a random geometric transformation. The update rule for the
synthetic image xfake and its mask mfake at the j-th iteration is defined as:

x
(j)
fake = M (j)

aug ⊙ Tj(xj) + (1−M (j)
aug)⊙ x

(j−1)
fake (2)

m
(j)
fake[c] =

{
M

(j)
aug if c = cj

m
(j−1)
fake [c]⊙ (1−M

(j)
aug) if c ̸= cj

(3)

where xj denotes the j-th foreground image belonging to tissue class cj , ⊙ de-
notes element-wise multiplication, and 1 ∈ RH×W denotes an all-ones matrix.
The initial states are defined as x(0)

fake = xbg and m
(0)
fake as the broadcasted mask

of the background class.
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Consequently, the original dataset is reformulated into two subsets: the la-
beled set DL = S ∪ {(xfake,mfake)} containing samples with pixel-level ground
truth, and the unlabeled set DU = D consisting of the original samples. To
ensure balanced supervision during the training phase, we maintain an equal
number of samples in both subsets.

2.2 Weak-Label Guided Semi-Supervised Framework

Multi-Task Siamese Network and Perturbation Strategy To effectively
leverage the mixed dataset, we adopt a FixMatch-based [12] framework with
a shared-weight Siamese network to process labeled and unlabeled samples in
parallel. The ResNeSt200 [17] based encoder Φenc(·) first extracts high-level fea-
tures f from the input images. To fully exploit supervision from both pixel-level
masks and image-level labels, these features are subsequently fed into three par-
allel branches: a PSPNet [22] segmentation decoder Φdec(·), a classification head
Φcls(·), and an auxiliary CAM branch Φcam(·).

We also define a hierarchical perturbation strategy: weak augmentation Tweak(·)
preserves semantic structure for reliable pseudo-labels, while strong augmenta-
tion Tstrong(·) simulates staining heterogeneity and enhances model robustness.

Establishing Semantic Boundaries with Labeled Data Within our semi-
supervised pipeline, effective supervision on the labeled subset is prerequisite to
establish precise semantic decision boundaries. This serves as a robust semantic
anchor, ensuring that the network can subsequently distinguish between tissues
before propagating knowledge to unlabeled data.

Formally, for a labeled sample (xl, yl,ml) ∈ DL, where xl is the image, yl
is the label vector, and ml is the multi-channel mask, we employ a predictive
averaging strategy to mitigate stochastic variance. The image xl is first trans-
formed into a weak view xw

l and a strong view xs
l . Both views xk

l (k ∈ {w, s})
are forwarded through the shared encoder Φenc to extract high-level features
fk
l = Φenc(x

k
l ). These features are then processed by the three task-specific

branches:

Sk
l = Φdec(f

k
l ), P k

l = Φcls(f
k
l ), Ck

l = Φcam(fk
l ) (4)

where Sk
l and Ck

l represent the segmentation logits and CAM activations for
labeled samples, respectively, and P k

l ∈ RC is the classification logit vector.
To minimize the prediction noise derived from distinct perturbations, we

compute the ensemble predictions by averaging the outputs from both views:

S̄l =
Sw
l + Ss

l

2
, P̄l =

Pw
l + P s

l

2
, C̄l =

Cw
l + Cs

l

2
(5)

Based on these smoothed predictions, the supervised objective Llabeled is
formulated to strictly align the model with the ground truth:

Llabeled = LDice(S̄l,ml) + LBCE(P̄l, yl) + LL1(C̄l, S̄l) (6)
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The first two terms ensure pixel-wise and image-level accuracy, respectively.
Crucially, the third term forces the CAM activation to conform to the precise seg-
mentation boundaries, preventing the classification branch from focusing solely
on discriminative object parts.

Unlabeled Consistency via CAM-Calibrated Pseudo-Labeling Parallel
to the labeled stream, we employ a weak-to-strong consistency paradigm for
unlabeled samples (xu, yu) ∈ DU . Undergoing an identical multi-branch feed-
forward process as the labeled data, the input views yield Sk

u, P k
u and Ck

u .
However, the segmentation branch often yields uncertain or incomplete pre-

dictions during early training stages. To mitigate this instability, we exploit
the complementary discriminative information from the CAM branch. By fusing
these reliable localization cues with the weak-view segmentation predictions, we
generate a calibrated pseudo-mask m̂u:

m̂u = argmax

(
Sw
u + Cw

u

2

)
(7)

Subsequently, this calibrated mask serves as the ground truth to supervise the
strong augmentation view Ss

u. Additionally, consistent with the labeled stream,
we employ the predictive averaging strategy for the classification branch to com-
pute the smoothed probability P̄u = (Pw

u + P s
u)/2. The unsupervised objective

is formulated as:

Lunlabeled = LDice(S
s
u, m̂u) + LBCE(P̄u, yu) (8)

Finally, the network is optimized end-to-end. The total loss function Ltotal

integrates both labeled and unlabeled flows via direct summation:

Ltotal = (Ll
Dice + Ll

BCE + Ll
L1)︸ ︷︷ ︸

Labeled Flow

+(Lu
Dice + Lu

BCE)︸ ︷︷ ︸
Unlabeled Flow

(9)

This joint optimization establishes precise feature boundaries via labeled data
while enhancing robustness against perturbations via unlabeled consistency.

2.3 Distillation for Boundary Refinement

The preceding stage may still be affected by synthetic noise introduced during
data generation and the computational overhead of iterative refinement [5]. To
alleviate these limitations, we introduce an offline distillation strategy [9].

We leverage the converged semi-supervised network as a Teacher to generate a
static, high-quality dataset Dstudent from the original dataset D = {(xi, yi)}Ni=1.
For each sample, we compute the ensemble logits Oi = (Si + Ci)/2 to integrate
fine-grained boundary sensitivity with discriminative localization. Furthermore,
predictions for categories absent in the image-level label yi are explicitly masked.

Formally, the pixel-wise target mask mstudent
i is constructed using a condi-

tional strategy. To strictly adhere to the tissue homogeneity prior, single-label
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samples are assigned dense ground truths by directly broadcasting their global
category index yi, ensuring absolute supervision accuracy. Conversely, for multi-
label samples (xi ∈ D \S), mstudent

i is generated by taking the argmax over the
masked teacher predictions (Oi · ymask

i ).
Upon constructing the distilled dataset Dstudent = {(xi,m

student
i )}Ni=1, an

efficient student model is trained. The student retains only the segmentation
branch while adopting the same backbone and decoder architecture as the teacher.
Following common practice, the encoder is initialized with ImageNet-pretrained
weights and optimized exclusively using the Dice loss on Dstudent:

Lstudent = LDice(Sstudent,m
student) (10)

This distillation process effectively filters out noise arising from synthetic samples
in DL and reduces model complexity.

3 Experiments

3.1 Setting

Dataset Experiments were conducted on two public histopathological datasets.
LUAD-HistoSeg [7], collected from Guangdong Provincial People’s Hospital,
contains 16,678 training patches, 300 validation patches, and 307 test patches.
BCSS-WSSS [1], released by the British Columbia Cancer Agency, is partitioned
into 23,422 training patches, 3,418 validation patches, and 4,986 test patches.
For both datasets, only image-level labels are available for training, while pixel-
level annotations are provided for validation and testing. Category distributions
are summarized in Table 1.

Table 1. Category distributions and patch-type statistics in the training sets.

LUAD-HistoSeg BCSS-WSSS

Category Proportion Category Proportion

Tumor Epithelial (TE) 78.85% Tumor (TUM) 65.03%
Tumor-associated Stroma (TAS) 80.60% Stroma (STR) 69.40%
Lymphocyte (LYM) 4.18% Lymphocytic Infiltrate (LYM) 23.90%
Necrosis (NEC) 15.76% Necrosis (NEC) 12.31%
Single-label patches 27.55% Single-label patches 40.04%

Implementation Details We implemented the framework using Python 3.8.20
and PyTorch 2.4.0. The Adam optimizer was employed with a weight decay of
1×10−4. Specifically, the learning rate was set to 1×10−4 for the teacher model
and 1×10−5 for the student model. Training was conducted with a batch size of
16 for up to 100 epochs. Performance was evaluated using mean intersection over
union (mIoU) and frequency-weighted intersection over union (fwIoU), which
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Table 2. Comparison with state-of-the-art methods. Best results are highlighted in
bold, and second-best results are underlined. (%)

Method Venue LUAD-HistoSeg Dataset BCSS-WSSS Dataset

TE NEC LYM TAS mIoU fwIoU TUM STR LYM NEC mIoU fwIoU

HistoSegNet [2] ICCV’19 19.22 20.53 44.43 44.49 32.17 32.07 55.23 59.53 30.14 58.14 50.76 54.71
SEAM [13] CVPR’20 60.23 54.88 57.85 62.88 58.96 60.50 78.53 70.92 56.24 61.82 66.88 72.36
SC-CAM [3] CVPR’20 72.80 75.04 72.45 68.88 72.26 71.41 79.54 73.53 59.09 65.07 69.31 74.33
MLPS [7] MIA’22 77.13 76.26 72.71 71.42 74.38 74.36 77.94 72.34 61.22 64.24 68.93 73.31
OEEM [10] MICCAI’22 72.64 65.34 62.35 67.74 67.02 68.90 78.95 73.64 59.63 64.54 69.19 74.16
HAMIL [24] TMI’23 73.10 63.93 71.39 68.96 67.02 68.90 73.68 69.64 57.61 57.58 64.63 69.69
TPRO [20] MICCAI’23 77.23 77.15 75.28 71.40 75.26 75.57 76.68 65.83 53.88 63.43 64.96 64.48
PistoSeg [4] AAAI’23 78.01 72.19 70.46 69.75 72.60 73.50 80.91 73.92 59.53 64.36 69.68 75.10
ARML [6] MICCAI’24 77.82 81.94 75.32 72.42 76.88 75.79 78.08 72.82 57.82 66.02 68.68 73.31
HisynSeg [5] TMI’25 78.27 77.23 77.00 72.26 76.19 75.79 81.78 74.51 60.36 67.25 70.97 75.93
ESFAN [19] MICCAI’25 79.30 81.02 78.60 74.41 78.33 77.52 78.02 73.18 61.80 65.96 69.74 73.83

HomoSeg(teacher) 79.88 80.09 76.59 73.49 77.51 77.09 80.57 73.93 61.47 67.40 70.84 75.28
HomoSeg(student) 81.39 83.98 77.32 74.29 79.25 78.41 82.03 75.57 62.26 70.78 72.66 76.83

reflect category-specific and overall segmentation accuracy while accounting for
class imbalances in pathological images.

3.2 Comparison with State-of-the-art Methods

We compared our method with several state-of-the-art methods on the LUAD-
HistoSeg and BCSS-WSSS datasets. As shown in Table 2, the IoU results for
each category, along with mIoU and fwIoU, demonstrate that HomoSeg improves
mIoU and fwIoU by 0.92% and 0.89%, respectively, over the next best method
on the LUAD-HistoSeg dataset. On the BCSS-WSSS dataset, HomoSeg outper-
forms the second-best method by 1.69% in mIoU and 0.9% in fwIoU. Notably,
even the pseudo-labels generated by the first-stage teacher model achieve perfor-
mance comparable to the second-best state-of-the-art method. This performance
gain is attributed to HomoSeg’s incorporation of a multi-task semi-supervised
learning strategy, which effectively utilizes information from single-label samples
and image-level labels. This strategy significantly enhances the model’s ability
to recognize complex boundaries and even small objects, particularly in the fine
structures of the tumor microenvironment. A more intuitive qualitative analysis
is shown in Fig. 2.

3.3 Ablation Study

To evaluate the contributions of each component in the HomoSeg framework, we
performed an ablation study on the LUAD-HistoSeg and BCSS-WSSS datasets.

As detailed in Table 3, we validated each component by removing the Homo-
geneity Driven Data Reformulation and relying solely on single-label samples.
We also evaluated the impact of weak/strong augmentations and individual loss
terms within the multi-task framework. Furthermore, Table 4 shows that offline
distillation significantly reduces training time and memory usage while enhanc-
ing accuracy. By eliminating redundant auxiliary branches and synthetic noise,
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Fig. 2. Visualization of tissue segmentation on LUAD-HistoSeg Dataset.

the lightweight student model effectively focuses on stable, discriminative fea-
tures, achieving a superior accuracy-efficiency trade-off.

Table 3. Ablation study on the contribution of each component in HomoSeg (%)

xfake Tweak Tstrong LDice LBCE LL1
LUAD-HistoSeg BCSS-WSSS
mIoU fwIoU mIoU fwIoU

✓ ✓ ✓ ✓ ✓ 78.46 78.02 69.08 73.67
✓ ✓ ✓ ✓ ✓ 76.69 76.88 70.86 75.13
✓ ✓ ✓ ✓ ✓ 73.27 73.00 70.94 74.91
✓ ✓ ✓ ✓ 72.48 74.45 70.81 75.10
✓ ✓ ✓ ✓ ✓ 74.04 75.16 71.27 75.70
✓ ✓ ✓ ✓ ✓ ✓ 79.25 78.41 72.66 76.83

4 Conclusion

Current weakly supervised TME segmentation methods frequently suffer from
localization bias and blurred boundaries. To address these challenges, we pro-
pose HomoSeg, a weak-label-guided semi-supervised framework. By exploiting
spatial homogeneity for single-label mining and employing a multi-task Siamese
network, we establish precise semantic boundaries without manual pixel-level an-
notations. Furthermore, our boundary-refined distillation strategy ensures com-
putational efficiency. Extensive experiments on two public datasets demonstrate
that HomoSeg significantly outperforms state-of-the-art methods, offering a ro-
bust and efficient solution for clinical TME analysis.
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Table 4. Computational efficiency comparison on LUAD-HistoSeg with/without
boundary-refined distillation.

Method Training(s/epoch) GPU Memory(GB) Inference(ms/sample)

w/o Distillation 852 17.89 6.75
with Distillation 217 5.74 6.75
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