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Introduction
Organoid models are three-dimensional in-vitro systems that recapitulate essential 
aspects of tissue architecture and function, and they have become indispensable for 
investigating organ development, tumor progression, and personalized therapeutic 
response [1–3]. Accurate segmentation of organoid microscopy images is fundamental 
for quantifying morphological characteristics, monitoring growth dynamics, and evalu-
ating treatment effects [4, 5]. Nevertheless, pronounced morphological variability, opti-
cally induced boundary ambiguity, and heterogeneous texture patterns across specimens 
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Abstract
Background  Organoid image segmentation is essential for quantitative analysis 
in disease modeling and drug screening, yet remains highly challenging due to 
substantial morphological variability and blurred boundaries in organoid images. 
Existing approaches often struggle to achieve a favorable balance between 
segmentation accuracy and computational efficiency.

Results  In this paper, DeShiftNet, a lightweight segmentation framework, is 
proposed to extract discriminative features with high accuracy while maintaining low 
computational overhead. The model incorporates a deformable-shifted encoding 
strategy that adaptively samples local structures. It also includes a cross-attention-
guided decoder for selective multi-scale feature alignment. Furthermore, a deformable 
multi-scale contextual refinement module enhances boundary coherence and 
contextual consistency. Extensive experiments on the multi-type OrganoID dataset 
show that DeShiftNet achieves competitive performance compared with recent 
segmentation models, while maintaining only 1.78M parameters and 2.65 GFLOPs. 
Notably, DeShiftNet achieves a Dice score of 0.961 on the Lung subset.

Conclusion  These results indicate its potential practical value for efficient organoid 
segmentation in high-throughput experimental workflows.

Keywords  Organoid image segmentation, Lightweight segmentation, Deformable-
Shifted Encoding, Cross-Attention–Guided Decoder, Multi-scale contextual refinement
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render automated segmentation highly challenging [6]. These difficulties are further 
exacerbated in high-throughput imaging scenarios, where rapid and reliable inference 
must be achieved under limited computational resources.

Deep learning–based segmentation models have achieved remarkable progress in 
biomedical imaging, with encoder–decoder architectures such as U-Net and its vari-
ants [7–14] demonstrating strong capability in capturing multi-scale structures. How-
ever, convolution-based architectures rely on fixed receptive fields and local aggregation, 
which limits their ability to represent the irregular shapes and subtle boundary transi-
tions commonly observed in organoid images. Transformer-based approaches [15–18] 
introduce global context modeling, yet their quadratic attention complexity leads to 
heavy computational costs and memory demands, making them less suitable for high-
throughput or resource-constrained settings. Recent lightweight architectures, includ-
ing token-shift MLP models such as UNeXt [19] and efficient decoders such as EMCAD 
[20], reduce parameters and FLOPs through compact feature mixing and attention 
mechanisms. Despite their effectiveness on general medical benchmarks, these models 
still struggle to fully adapt to heterogeneous organoid morphology and often fail to pre-
serve fine structural details in blurred or low-contrast regions.

To address these limitations, we propose DeShiftNet, a lightweight segmentation 
framework specifically tailored for organoid imaging. The central idea is to enhance 
feature adaptivity and contextual reasoning while maintaining high computational effi-
ciency. DeShiftNet employs a deformable-shifted encoding mechanism that adjusts spa-
tial aggregation according to local structural cues, enabling more reliable representation 
of heterogeneous and curved organoid boundaries. A cross-attention–guided decod-
ing strategy selectively aligns encoder and decoder features, facilitating the recovery of 
fine contours and interior textures that are often suppressed in lightweight networks. 
In addition, multi-scale contextual refinement strengthens information integration 
across resolutions, allowing the model to accommodate the wide range of organoid sizes 
and intensity variations. Through this design, DeShiftNet achieves accurate and stable 
organoid segmentation under realistic high-throughput constraints. The main contribu-
tions of this work are summarized as follows:

1.	 We propose a novel Deformable-Shifted Block (DSB) that introduces learnable spatial 
offsets into the token-shifting operation of UNeXt [19]. The DSB forms the core of the 
Deformable-Shifted Encoder (DSE), enabling content-aware deformation modeling 
and improving robustness to irregular organoid morphologies.

2.	 We design a Cross-Attention Gate (CAG) within the decoder to replace the grouped-
convolution gate in EMCAD [20]. Unlike static convolutional gating, CAG computes 
channel-wise correlations between encoder and decoder features through lightweight 
convolutional projections, effectively enhancing multi-scale feature fusion and 
boundary recovery.

3.	 We incorporate a Deformable Multi-Scale Context Attention Module (D-MSCAM) 
into the decoder, which augments multi-branch convolutional modeling with a 
deformable convolutional sampling branch. This design allows adaptive aggregation 
of fine-grained spatial details and improves contextual consistency.

4.	 By combining deformable feature modeling (DSE and D-MSCAM) with cross-
attention decoding (CAED), we construct DeShiftNet, an efficient end-to-end 
segmentation framework that achieves favorable accuracy and boundary delineation 
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performance on the OrganoID dataset [21] while maintaining extremely low 
computational complexity.

Related work
Medical image segmentation and organoid-specific challenges

Medical image segmentation serves as a cornerstone for quantitative biomedical analy-
sis, and convolutional neural networks (CNNs) have long dominated this field. Classical 
architectures such as U-Net [7] and its variants—Unet++ [8], Atten-Unet [9], and R2U-
Net [10]—combine multi-scale semantics with spatial detail through skip connections, 
achieving strong performance across diverse medical datasets [22]. However, their reli-
ance on fixed receptive fields and static convolutional kernels limits their ability to cap-
ture long-range dependencies and adapt to complex spatial variations [23].

Organoid segmentation presents additional challenges beyond conventional organ-
level imaging. As three-dimensional in-vitro tissue constructs, organoids exhibit pro-
nounced intra-sample morphological heterogeneity, growth-driven structural changes, 
low-contrast or diffuse boundaries, and irregular texture patterns [24]. These charac-
teristics often lead standard CNN architectures to produce unstable predictions, par-
ticularly when boundaries become blurred or when organoids deform or cluster densely. 
To alleviate these issues, several organoid-specific CNN models have been introduced. 
For example, OrganoID [21] builds up on U-Net with contour-aware post-process-
ing to improve boundary preservation in bright-field organoid images, demonstrating 
improved robustness compared with classical CNN baselines. Nonetheless, CNN-based 
methods remain limited in capturing global context and adapting to curved or heteroge-
neous morphology.

To overcome the locality constraints of convolutions, Transformer-based architectures 
have been explored for biomedical segmentation. TransUNet first integrated Vision 
Transformers with CNN encoders to capture long-range dependencies [15], while Swin-
Unet employed shifted-window attention to enhance hierarchical context modeling [18]. 
More recently, TransOrga [25] extended Transformer mechanisms to organoid imaging 
through multi-modal attention that merges structural priors across fluorescence and 
bright-field modalities. Despite their strong global reasoning capability, these models 
require substantial computational and memory resources due to self-attention’s inher-
ent quadratic complexity, making them less suitable for high-throughput organoid work-
flows. Furthermore, Transformer attention windows are typically fixed or window-local, 
limiting their sensitivity to fine-scale boundary cues that are critical for accurately delin-
eating organoid contours.

Lightweight and adaptive architectures for efficient segmentation

Recent progress in lightweight segmentation architectures has focused on reducing com-
putational cost while preserving accuracy, an essential requirement for high-resolution 
biomedical imaging. Models such as MobileNetV2-Unet and ESPNetv2 employ depth-
wise separable or factorized convolutions to reduce FLOPs and parameters, enabling fast 
inference in resource-constrained settings [26, 27]. However, these CNN-based designs 
often struggle to maintain fine structural fidelity when boundaries are weak or morphol-
ogy varies markedly, as frequently observed in organoid microscopy.
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Beyond convolutions, several efficient architectures incorporate token mixing or 
attention mechanisms to enhance global reasoning. UNeXt replaces convolutional 
bottlenecks with a Token-Shift MLP, achieving substantial model compression, but its 
fixed shift pattern limits adaptability to curved or heterogeneous organoid boundaries 
[19]. In the decoder domain, EMCAD introduces a multi-scale attention mechanism 
that improves feature fusion, yet its grouped large-kernel gating remains static and pro-
vides only coarse alignment across semantic levels, making it insufficient for restoring 
thin or low-contrast contours [20]. Adaptive modeling techniques—such as deformable 
convolutions [28], dynamic filters [29], and multi-branch context [30] modules—offer 
improved geometric flexibility, but they are typically applied only at isolated network 
stages or incur high computational overhead, constraining their practicality in light-
weight medical segmentation.

Overall, existing efficient architectures lack a unified mechanism that simultaneously 
delivers content-adaptive spatial modeling, fine-grained encoder–decoder alignment, 
and multi-scale contextual reasoning—capabilities that are crucial for organoid segmen-
tation characterized by irregular morphologies, blurry boundaries, and heterogeneous 
textures. These limitations motivate the design of DeShiftNet, which integrates deform-
able token interaction, cross-attention–guided fusion, and adaptive multi-scale refine-
ment within a compact encoder–decoder framework tailored to organoid imaging.

Methodology
In this section, we introduce the proposed DeShiftNet segmentation framework and its 
core components. We first describe the overall network architecture and then detail each 
key module, including the Deformable-Shifted Encoder and Cross-Attention–Guided 
Decoder.

Overall network architecture

As illustrated in Fig. 1, DeShiftNet adopts a lightweight encoder–decoder architecture 
for efficient organoid image segmentation. The encoder starts with three U-Net–style 
convolutional stages, each consisting of two successive 3×3 convolutions with batch 

Fig. 1  Overall framework of DeShiftNet. The encoder consists of three convolutional stages followed by two De-
formable-Shifted Encoder (DSE) stages, with channel dimensions C1 = 32, C2 = 64, C3 = 128, C4 = 160, and C5 = 
256. The decoder upsamples features via Efficient Up-Convolution Blocks (EUCB), fuses encoder–decoder repre-
sentations with Cross-Attention Gates (CAG), refines them using the Deformable Multi-Scale Context Attention 
Module (D-MSCAM), and generates multi-scale predictions P1–P4 through lightweight Segmentation Heads (SH)
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normalization and GELU activation, followed by 2×2 max-pooling. These shallow lay-
ers provide stable texture and structure extraction while progressively reducing spatial 
resolution. In the deeper encoder, standard convolutions are replaced by the Deform-
able-Shifted Encoder (DSE), which introduces learnable spatial offsets into token mixing 
to enhance adaptability to heterogeneous organoid morphology. The decoder restores 
spatial resolution through hierarchical upsampling and feature fusion. The bottle-
neck feature is first refined by the Deformable Multi-Scale Context Attention Module 
(D-MSCAM), producing the coarsest auxiliary prediction P4. Features are then progres-
sively upsampled by the Efficient Up-Convolution Block (EUCB); at each higher decod-
ing stage, a Cross-Attention Gate (CAG) aligns encoder and decoder features before 
further D-MSCAM refinement, yielding intermediate predictions P3, P2, and P1. The 
final segmentation map is taken from P1 at one-quarter resolution, balancing spatial 
detail and computational cost.

Deformable-Shifted Encoder (DSE)

The Deformable-Shifted Encoder (DSE) constitutes the high-level feature extraction 
stage of DeShiftNet and is responsible for modeling complex organoid appearance 
variations in a lightweight yet adaptive manner. As illustrated in Figs. 1 and 2, the DSE 
receives the feature map from the third convolutional stage and first converts it into a 
token sequence through an Overlap Patch Embedding module, implemented as a 3×
3 convolution with stride 2. The overlapping receptive fields moderately reduce spatial 
resolution while preserving local continuity, providing a structurally coherent token rep-
resentation for subsequent deformable processing.

Fig. 2  Detailed architecture of the Deformable-Shifted Encoder in DeShiftNet, where the number of tokens B is 
H′

2 × W ′

2
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The transformed tokens are then fed into the Deformable-Shifted Block (DSB) mod-
ule, whose internal structure is illustrated in the middle and right parts of Fig. 2. Inside 
the DSB, the input token sequence is first normalized by a LayerNorm layer. The nor-
malized tokens are then passed to the DeformableShiftMLP, which serves as the core 
spatial-mixing unit. Unlike the fixed channel-shift pattern used in Shifted-MLP, Deform-
ableShiftMLP performs a soft, content-adaptive shift along the spatial dimensions before 
lightweight mixing, enabling the effective receptive field to adapt to local structures.

For the height dimension, the shifted feature at position (i, j) is computed by aggregat-
ing cyclically shifted copies of the feature map with learned, spatially varying coefficients:

Fh(i, j) =
p∑

s=−p

αs(i, j)Roll(F, s, dim = 2),� (1)

where p denotes the maximum shift radius, αs(i, j) are learned adaptive weights, and 
Roll(·) performs cyclic shifting. An analogous operation is applied along the width 
dimension. This content-adaptive soft shift allows the effective receptive field to expand 
or contract according to local texture complexity, which is particularly beneficial for fol-
lowing curved boundaries, lumen-like structures, and gradual intensity transitions typi-
cal of organoid microscopy.

After the height-wise soft shift, the intermediate feature is processed by a lightweight 
mixing sequence composed of a linear projection, a depthwise convolution with GELU 
activation, and dropout. The resulting hidden representation is then reshaped back to a 
feature map and subjected to a second soft shift along the width dimension. It is finally 
projected by a second linear layer followed by dropout to produce the output of Deform-
ableShiftMLP. To improve optimization stability and regularize training, we employ Lay-
erScale together with DropPath, also known as Stochastic Depth   [31], in the residual 
branch. Specifically, the token features are first normalized and processed by Deform-
ableShiftMLP, then modulated by a learnable channel-wise scaling parameter, and finally 
added back to the shortcut branch through DropPath. With LayerScale and DropPath, 
the block output is formulated as:

Tout = T + DropPath
(
LayerScale

(
DeformableShiftMLP(T )

))
,� (2)

where T is the input token sequence to the Deformable-Shifted Block and Tout denotes 
the residual-enhanced token output. Here, DropPath randomly drops the residual 
branch during training with a predefined probability, which acts as a regularization 
strategy to alleviate overfitting while preserving the full network depth at inference time. 
This design stabilizes deep representations and improves generalization without increas-
ing inference cost. The output Tout is further normalized by LayerNorm and reshaped 
into a 2D feature map, which serves as the final output of the block.

Cross-attention–guided decoder

To ensure an efficient decoding pathway, we follow the lightweight multi-stage decoder 
of EMCAD proposed by Rahman et al. [20]. Specifically, each decoding stage retains the 
Efficient Up-Convolution Block (EUCB) as the upsampling backbone. EUCB restores 
spatial resolution via bilinear interpolation and then refines features with depthwise 
separable convolution and a 1×1 projection, which suppresses checkerboard artifacts 
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while keeping the computational overhead low. Built on this efficient upsampling skel-
eton, we introduce two targeted upgrades to overcome EMCAD’s limitations on organ-
oid imagery, namely the Cross-Attention Gate (CAG) and the Deformable Multi-Scale 
Context Attention Module (D-MSCAM). These components enhance encoder–decoder 
semantic alignment and boundary-aware contextual refinement, leading to more accu-
rate multi-scale fusion and more reliable delineation of weak or low-contrast organoid 
boundaries.

Cross-Attention Gate (CAG)

EMCAD [20] introduced the Large-Kernel Grouped Attention Gate (LGAG) to fuse the 
decoder guidance g with the encoder detail feature x. However, because LGAG relies on 
a fixed large-kernel design, its receptive field cannot adapt to variations in local struc-
tures. This limitation makes it difficult to achieve accurate alignment of fine-scale fea-
tures, which is especially unfavorable for organoid images where the boundaries are 
often weak, curved, and distributed across multiple spatial scales. To this end, we pro-
pose the CAG, which establishes finer channel-wise correlations through cross-atten-
tion. Given the decoder guidance feature g and the encoder detail feature x, CAG first 
performs lightweight 1×1 convolutional projections to a shared embedding space and 
then computes a fine-grained cross-correlation map via element-wise interaction. This 
correlation is further aggregated by a depthwise large-kernel convolution to encode local 
context before producing channel-aware gating weights ψ to modulate the encoder fea-
ture and obtain the fused output xout. Formally, the gate is defined as:

ψ = σ
(
Wψδ

(
DWConv7×7

(
Wg(g) ⊙ Wx(x)

)))
, xout = x ⊙ ψ,� (3)

where Wg(·), Wx(·), and Wψ  denote 1×1 convolutional projections, ⊙ indicates ele-
ment-wise multiplication, DWConv7×7 is a depthwise 7×7 convolution for context 
aggregation, δ(·) is a lightweight nonlinearity with normalization, and σ(·) is the sig-
moid activation. Compared with LGAG, the multiplicative cross-correlation explicitly 
measures feature consistency between encoder and decoder at each spatial location and 
channel, enabling more precise multi-scale alignment and better preservation of thin 
and low-contrast organoid boundaries, while keeping the gate computationally compact.

Deformable Multi-Scale Context Attention Module (D-MSCAM)

The Deformable Multi-Scale Context Attention Module (D-MSCAM) is developed by 
extending the MSCAM decoder in EMCAD with deformable, content-adaptive context 
modeling, aiming to better handle the irregular morphology and weak boundary con-
trast typical of organoid microscopy. As shown in Fig. 3, the input decoder feature is first 
reweighted by a Channel Attention Block (CAB) and a Spatial Attention Block (SAB), so 
that informative channels and salient spatial regions are emphasized before multi-scale 
context aggregation [20]. The CAB applies adaptive average pooling and adaptive max 
pooling over the spatial dimensions to aggregate global channel cues, followed by light-
weight channel reduction and restoration, and then sigmoid-based gating to recalibrate 
channel responses. The SAB computes spatial attention by performing channel-wise 
average pooling and max pooling, followed by a large-kernel convolution and sigmoid 
activation to generate spatial attention weights.
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The reweighted feature is then processed by the Deformable Multi-Scale Convolution 
Block (D-MSCB), whose core operator is the Deformable Multi-Scale Depthwise Con-
volution (D-MSDC). D-MSDC preserves the efficient parallel depthwise branches with 
fixed receptive fields to capture scale specific patterns, and further introduces a deform-
able shifted token branch to enable dynamic sampling along organoid boundaries. 
Specifically, the deformable branch predicts spatial offsets from the input feature and 
performs content adaptive warping as:

xdef = GridSample
(
x, g + tanh

(
Conv3×3(x)

)
· s

)
� (4)

where x denotes the input feature to the deformable branch, g is the regular sampling 
grid, Conv3×3(·) is a 3×3 convolution used to regress offsets, tanh(·) constrains each 
offset element to the range [−1, 1], s is a scalar controlling the maximum displacement 
magnitude, and GridSample(·) represents bilinear grid sampling.

This content adaptive warping modulates the effective receptive field according to 
local appearance, allowing the module to follow curved organoid contours and allevi-
ate boundary deviations caused by local blur or shape variability. The warped feature is 
then refined by a lightweight depthwise convolution followed by normalization, GELU 
activation, and pointwise projection to form the deformable branch response. In paral-
lel, depthwise branches with kernels 1×1, 3×3, and 5×5 capture complementary con-
text at different spatial extents. Their outputs are fused with the deformable response 
and mixed via channel shuffle, and the aggregated representation is finally added back 
through a residual connection, preserving the original decoder signal while injecting 
multi-scale, content adaptive context that benefits organoid images with heterogeneous 
morphology and weak, ambiguous boundaries.

Segmentation heads with multi-scale deep supervision and hybrid loss

To produce pixel-wise predictions at different decoding stages, DeShiftNet attaches an 
independent Segmentation Head (SH) to each decoder output, as illustrated in Fig. 1. 
Each SH is intentionally lightweight, implemented as a 1×1 convolution followed by a 
Sigmoid activation, thereby providing a direct projection from feature space to prob-
ability space with negligible computational overhead. Let Pi denote the probability map 
generated at the i-th decoding stage and Y the corresponding ground truth mask. The 

Fig. 3  Detailed architecture of the Deformable Multi-Scale Context Attention Module (D-MSCAM) in DeShiftNet
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per-stage supervision adopts a hybrid objective combining Binary Cross-Entropy (BCE) 
and Dice losses [32]:

LBCE(Pi, Y ) = − 1
N

N∑
j=1

[yj log pi,j + (1 − yj) log(1 − pi,j)] , � (5)

LDice(Pi, Y ) = 1 −
2

∑N
j=1 yjpi,j + ϵ

∑N
j=1 yj +

∑N
j=1 pi,j + ϵ

, � (6)

L(Pi, Y ) = αLBCE(Pi, Y ) + (1 − α)LDice(Pi, Y ), � (7)

where N is the number of pixels, pi,j ∈ [0, 1] is the predicted probability at pixel j for 
stage i, yj ∈ {0, 1} is the corresponding binary label, ϵ is a small constant for numerical 
stability, and α ∈ [0, 1] balances region fidelity and overlap consistency (set to α=0.5 in 
our experiments).

During training, multi-scale deep supervision is enforced on the stage outputs 
{P1, P2, P3, P4}. All decoding stages contribute equally to the objective, and an aux-
iliary loss is further applied to the fused prediction obtained by summing all stage out-
puts. The overall training loss is therefore defined as:

Ltotal =
4∑

i=1

λiL(Pi, Y ) + λ0L

( 4∑
i=1

Pi, Y

)
,� (8)

where λi=1 (i=0, . . . , 4). This deeply supervised hybrid objective stabilizes gradient 
propagation across scales and encourages consistent boundary localization. At infer-
ence time, only the highest-resolution prediction P1 is retained as the final segmentation 
output.

Experiments
Datasets

All experiments were conducted on the publicly released OrganoID dataset   [21], a 
benchmark for organoid segmentation that covers diverse tissue origins and morpho-
logical characteristics. The dataset contains brightfield and phase-contrast microscopy 
images of organoids, with the training images derived from PDAC organoids from two 
different patients cultured either on a standard tissue culture plate or on a microfluidic 
organoid platform. The benchmark includes 66 manually annotated PDAC organoid 
images, among which 52 images were used for training-set construction and the remain-
ing 14 images were reserved for validation. The publicly released training set used in 
this study consists of 2000 augmented images generated from the 52 original training 
images using the Augmentor library, with augmentation operations including random 
rotation (up to ±20◦), horizontal and vertical flipping, random zooming (percentage 
area = 0.7), shearing (up to ±20◦), random distortion (grid width/height = 5, magnitude 
= 3), skewing (magnitude = 0.3), and resizing to 512 × 512 pixels. This augmented train-
ing set increases sample diversity while aiming to preserve the overall morphology and 
structural characteristics of organoids.

To further assess the model performance under diverse organoid morphologies and 
imaging characteristics, an additional test set of 28 images was used, including PDAC (10 
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images), adenoid cystic carcinoma (ACC, 6 images), colon epithelium (Colon, 6 images), 
and distal lung epithelia (Lung, 6 images). These test images exhibit substantial varia-
tions in organoid density, size distribution, and background complexity, thereby posing 
considerable challenges for segmentation. Representative examples of the released aug-
mented training images and the test images are provided in Fig. 4, allowing readers to 
better assess the differences between the training and test samples.

For network input standardization, all images and their corresponding masks were 
resized to a uniform spatial resolution of 512 × 512. The input images were then nor-
malized before being fed into the network, while the ground-truth masks were encoded 
in binary format.

Implementation details

The experiments were implemented in PyTorch on an NVIDIA RTX A16 GPU with 
15GB memory. The AdamW optimizer was employed with an initial learning rate of 
1×10−4, decayed to 1×10−6 via cosine annealing scheduling. The batch size was set 
to 8, and the model was trained for 500 epochs. Model performance is evaluated using 
standard medical image segmentation metrics, including Precision, Recall, mean Inter-
section-over-Union (mIoU), and Dice coefficient—the latter being widely adopted due 
to its sensitivity to foreground overlap. Furthermore, to comprehensively assess practi-
cal deployability, we report the number of trainable parameters (Params) and floating-
point operations (FLOPs), which reflect model complexity and computational cost, 
respectively. In addition, inference speed in frames per second (FPS) and GPU memory 
consumption are also reported to provide a more practical evaluation of computational 
efficiency under the same hardware setting. This lightweight architecture significantly 
reduces resource requirements, making it suitable for high-throughput biomedical anal-
ysis scenarios.

Quantitative and qualitative comparison

To ensure a comprehensive and fair evaluation of DeShiftNet on organoid segmenta-
tion, we compare it with a diverse set of state-of-the-art segmentation models repre-
senting different architectural paradigms in medical imaging. Atten-Unet [9] introduces 
attention gates to suppress irrelevant responses in traditional U-Net. BCS-Net [33] 
leverages boundary, context, and semantic reconstruction to enhance segmentation of 
complex medical structures. GFNet [34] employs dynamic global filtering to improve 
the representation of small-scale and fine-grained details. ACC-Unet [35] adopts a fully 
convolutional U-Net design tailored for organoid-like structures with irregular shapes. 

Fig. 4  Representative examples of the augmented training set and the diverse test set for organoid segmentation
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Swin-Unet [18] and TransUNet [15] incorporate Transformer-based global modeling, 
enabling long-range context aggregation. Cellpose [36] is a widely used generalist seg-
mentation framework for biological images and serves as an important practical baseline 
in biomedical image analysis. MultiFusionNet [37] utilizes multi-scale hierarchical fea-
ture fusion to strengthen robustness in challenging conditions. UNeXt [19] represents 
an efficient MLP-based design that achieves competitive performance with very low 
parameter cost. OrganoID [21] is a lightweight organoid-specific model widely used as 
a baseline in organoid segmentation tasks. PVT-EMCAD-B0 combines Pyramid Vision 
Transformer encoding with the EMCAD decoder for efficient multi-scale feature decod-
ing [20]. Together, these baselines cover CNN-based, attention-enhanced, Transformer-
driven, MLP-based, generalist biological image segmentation, and organoid-specific 
models, providing a broad and rigorous benchmark to validate the effectiveness of 
our proposed DeShiftNet in terms of both segmentation accuracy and computational 
efficiency.

In Tables 1, 2, 3, values in bold indicate the optimal results in each comparison. As 
shown in Table 1, DeShiftNet achieves the best performance among all compared meth-
ods in terms of Dice, mIoU, Precision, and Recall on the PDAC organoid dataset, outper-
forming both large models such as TransUNet [15] and lightweight baselines including 
UNeXt [19] and OrganoID [21]. This performance advantage is closely related to sev-
eral architectural components that match the characteristics of organoid images. The 
Deformable-Shifted Encoder improves feature extraction in regions with weak boundar-
ies and irregular shapes, the Cross-Attention Gate enhances feature alignment during 
decoding, and the D-MSCAM module strengthens contextual modeling under complex 
scale and intensity variations. With the help of multi-scale deep supervision, these com-
ponents enable DeShiftNet to better handle the blurred textures, heterogeneous mor-
phologies, and fine structural details commonly observed in organoid imagery, leading 
to more accurate segmentation under a lightweight design. Although DeShiftNet does 
not attain the minimum parameter count or the highest inference speed among all com-
pared methods, it maintains a favorable efficiency profile, with 1.78M parameters, 2.65G 
FLOPs, 52.8 FPS, and 204 MB GPU memory consumption, indicating a balanced trade-
off between segmentation accuracy and computational cost.

To further visualize the trade-off between accuracy and efficiency, Fig.  5 presents a 
three-dimensional plot of Params, FLOPs, and Dice on the PDAC dataset. The x-axis 

Table 1  Quantitative comparison of segmentation performance on the PDAC organoid dataset
PDAC
Model #Params #FLOPs FPS GPU Mem Dice mIoU Precision Recall
Atten-Unet 34.88M 266.56G 12.81 1456 MB 0.789 0.691 0.749 0.782

BCS-Net 44.82M 59.36G 7.52 2677 MB 0.782 0.658 0.734 0.805

Swin-Unet 27.17M 32.39G 14.81 942 MB 0.783 0.635 0.738 0.773

TransUNet 105.32M 154.08G 3.68 4580 MB 0.847 0.695 0.812 0.852

Cellpose 6.62M 20.43G 16.34 458 MB 0.865 0.768 0.846 0.889

GFNet 18.10M 107.54G 20.74 1228 MB 0.805 0.668 0.787 0.796

ACC-Unet 16.80M 198.51G 12.85 5738 MB 0.788 0.662 0.784 0.823

MultiFusionNet 7.30M 5.75G 25.7 896 MB 0.801 0.675 0.773 0.847

UNeXt 1.47M 2.29G 64.9 134 MB 0.851 0.740 0.840 0.802

OrganoID 0.49M 6.93G 5.46 242 MB 0.859 0.752 0.702 0.836

PVT-EMCAD-B0 3.92M 3.36G 40.5 312 MB 0.838 0.726 0.781 0.920

Ours 1.78M 2.65G 52.8 204 MB 0.887 0.798 0.876 0.922
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Table 2  Quantitative segmentation results on the ACC, Colon and Lung organoid datasets
Model #Params #FLOPs FPS GPU Mem Dice mIoU Precision Recall
ACC

Atten-Unet 34.88M 266.56G 12.81 1456 MB 0.782 0.662 0.687 0.875

BCS-Net 44.82M 59.36G 7.52 2677 MB 0.815 0.672 0.706 0.881

Swin-Unet 27.17M 32.39G 14.81 942 MB 0.808 0.682 0.682 0.876

TransUNet 105.32M 154.08G 3.68 4580 MB 0.834 0.721 0.755 0.879

Cellpose 6.62M 20.43G 16.34 458 MB 0.851 0.763 0.865 0.884

GFNet 18.10M 107.54G 20.74 1228 MB 0.826 0.703 0.731 0.885

ACC-Unet 16.80M 198.51G 12.85 5738 MB 0.819 0.697 0.728 0.867

MultiFusionNet 7.30M 5.75G 25.7 896 MB 0.828 0.714 0.781 0.892

UNeXt 1.47M 2.29G 64.9 134 MB 0.802 0.670 0.880 0.844

OrganoID 0.49M 6.93G 5.46 242 MB 0.848 0.736 0.622 0.866

PVT-EMCAD-B0 3.92M 3.36G 40.5 312 MB 0.839 0.727 0.737 0.892

Ours 1.78M 2.65G 52.8 204 MB 0.902 0.823 0.899 0.908
Colon

Atten-Unet 34.88M 266.56G 12.81 1456 MB 0.830 0.743 0.718 0.755

BCS-Net 44.82M 59.36G 7.52 2677 MB 0.817 0.721 0.719 0.745

Swin-Unet 27.17M 32.39G 14.81 942 MB 0.833 0.750 0.709 0.738

TransUNet 105.32M 154.08G 3.68 4580 MB 0.852 0.775 0.744 0.766

Cellpose 6.62M 20.43G 16.34 458 MB 0.878 0.789 0.866 0.887

GFNet 18.10M 107.54G 20.74 1228 MB 0.845 0.751 0.736 0.751

ACC-Unet 16.80M 198.51G 12.85 5738 MB 0.836 0.744 0.722 0.750

MultiFusionNet 7.30M 5.75G 25.7 896 MB 0.873 0.776 0.899 0.851

UNeXt 1.47M 2.29G 64.9 134 MB 0.868 0.767 0.801 0.890

OrganoID 0.49M 6.93G 5.46 242 MB 0.867 0.766 0.674 0.850

PVT-EMCAD-B0 3.92M 3.36G 40.5 312 MB 0.823 0.704 0.721 0.892

Ours 1.78M 2.65G 52.8 204 MB 0.904 0.826 0.896 0.913
Lung

Atten-Unet 34.88M 266.56G 12.81 1456 MB 0.902 0.868 0.855 0.929

BCS-Net 44.82M 59.36G 7.52 2677 MB 0.912 0.862 0.878 0.923

Swin-Unet 27.17M 32.39G 14.81 942 MB 0.911 0.851 0.872 0.929

TransUNet 105.32M 154.08G 3.68 4580 MB 0.928 0.879 0.902 0.941

Cellpose 6.62M 20.43G 16.34 458 MB 0.926 0.874 0.915 0.948

GFNet 18.10M 107.54G 20.74 1228 MB 0.910 0.848 0.897 0.932

ACC-Unet 16.80M 198.51G 12.85 5738 MB 0.922 0.870 0.883 0.927

MultiFusionNet 7.30M 5.75G 25.7 896 MB 0.935 0.877 0.939 0.931

UNeXt 1.47M 2.29G 64.9 134 MB 0.937 0.882 0.907 0.968

OrganoID 0.49M 6.93G 5.46 242 MB 0.911 0.836 0.794 0.938

PVT-EMCAD-B0 3.92M 3.36G 40.5 312 MB 0.934 0.876 0.882 0.956

Ours 1.78M 2.65G 52.8 204 MB 0.961 0.924 0.955 0.979

Table 3  Ablation results on the OrganoID dataset
Model Dice mIoU Precision Recall
Ours (Baseline + DSE + CAG + D-MSCAM) 0.909 0.836 0.902 0.969
Ours w/ Standard Shift 0.877 0.798 0.875 0.924

Ours w/o DSE 0.862 0.762 0.848 0.913

Ours w/o CAG 0.873 0.781 0.866 0.902

Ours w/o D-MSCAM 0.880 0.792 0.871 0.893

Ours w/o CAG and D-MSCAM 0.830 0.738 0.784 0.926

Baseline 0.779 0.681 0.716 0.899



Page 13 of 18Tong et al. BMC Bioinformatics          (2026) 27:130 

represents FLOPs (in G), the y-axis shows the Dice, and bubble size indicates Params. As 
observed, DeShiftNet (red dot) lies in a favorable region of the accuracy-efficiency trade-
off space, achieving the highest Dice while maintaining relatively low model complexity 
and computational cost.

To validate generalization capability, we directly apply DeShiftNet—trained solely on 
PDAC data—to three unseen organoid types (ACC, Colon, Lung) without any fine-tun-
ing. Results in Table 2 show that DeShiftNet achieves a Dice of 0.902 on ACC, outper-
forming OrganoID (0.848) and Cellpose (0.851); 0.904 on Colon, significantly exceeding 
PVT-EMCAD-B0 (0.823) and MultiFusionNet (0.873); and an impressive 0.961 on Lung, 
surpassing all baselines including TransUNet (0.928) and GFNet (0.910). This indicates 
that the dynamic shift-based modeling in DeShiftNet effectively captures shared mor-
phological priors across organoid types, suggesting promising transferability across the 
evaluated organoid subsets.

Building upon the quantitative assessment, we now turn to qualitative insights pro-
vided by Fig. 6, which presents representative segmentation results of DeShiftNet and 
the compared methods across four organoid types: ACC, Lung, Colon, and PDAC. 
These samples exhibit substantial variation in morphology and imaging characteristics, 
including small and sparsely distributed targets, densely packed structures, ambiguous 
boundaries, and fine-scale details. Despite these challenges, DeShiftNet generally pro-
duces predictions that are more consistent with the ground truth than those of the com-
pared methods.

Nevertheless, Fig.  7 presents a representative failure case from the ACC test set. In 
this example, low contrast, blurred background interference, and closely adjacent 
organoids with ambiguous boundaries make accurate delineation particularly difficult. 
Although DeShiftNet still captures the major foreground regions, some small organ-
oids are missed, several clustered structures are merged into larger connected predic-
tions, and slight boundary deviations remain for irregularly shaped targets. These errors 
reflect not only the intrinsic difficulty of the image, but also the limitations of the current 

Fig. 5  Comparison of model performance on the PDAC dataset in terms of Dice score versus computational 
cost. The horizontal axis represents FLOPs (in G), and the vertical axis denotes Dice coefficient, while bubble size 
indicates the number of parameters
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Fig. 6  Qualitative comparison of segmentation results produced by different methods on representative organ-
oid samples from the ACC, Lung, Colon, and PDAC datasets
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lightweight design. Although the proposed modules enhance adaptive feature extraction, 
feature alignment, and multi-scale refinement, their performance in handling very weak 
boundaries, tightly adhered neighboring organoids, and very small fine-scale structures 
in challenging scenes still has room for further improvement. However, when consid-
ered together with the overall qualitative and quantitative results, DeShiftNet still shows 
competitive and generally more reliable segmentation performance than the compared 
methods while maintaining a lightweight and efficient design.

Ablation study

To quantitatively evaluate the contribution of each proposed component, we conduct 
an ablation study based on a self-constructed baseline that combines a standard U-Net 
[7] encoder with the EMCAD decoder [20]. All results are reported as averages over the 
merged test subsets of PDAC, ACC, Colon, and Lung organoids, ensuring that the com-
parison reflects performance under heterogeneous morphology and imaging conditions.

As shown in Table  3, the full model achieves the best performance, with Dice, 
mIoU, Precision, and Recall of 0.909, 0.836, 0.902, and 0.969, respectively. To evalu-
ate the contribution of each proposed module, we further construct several removal-
based variants from the full architecture. Removing DSE decreases the performance 
to 0.862/0.762/0.848/0.913, indicating that the deformable shifted encoding module is 
crucial for modeling organoids with heterogeneous morphology and complex bound-
aries. Without CAG, the model achieves 0.873/0.781/0.866/0.902, showing that cross-
attention guidance enhances the interaction and alignment between encoder and 
decoder features. Removing D-MSCAM results in 0.880/0.792/0.871/0.893, suggesting 
that the proposed multi-scale context refinement improves feature aggregation and seg-
mentation quality. Moreover, the variant without both CAG and D-MSCAM obtains 
0.830/0.738/0.784/0.926, further confirming that these modules provide complementary 
benefits beyond DSE alone.

To further compare the proposed deformable-shift design with a simpler alternative, 
we replace DSE with the standard token shifting operation adopted in UNeXt [19] while 
keeping the remaining components unchanged. The variant with standard shift, achieves 
0.877/0.798/0.875/0.924, which is inferior to the full model. Overall, the ablation results 
verify that DSE serves as the core module for deformable structure modeling, while 
CAG and D-MSCAM further enhance feature interaction and multi-scale refinement, 
and their joint integration yields the best overall segmentation performance.

Fig. 7  Representative failure case of DeShiftNet on the ACC organoid dataset

 



Page 16 of 18Tong et al. BMC Bioinformatics          (2026) 27:130 

Conclusion
In this work, we presented DeShiftNet, a lightweight and adaptive organoid segmen-
tation framework tailored for microscopy images with heterogeneous morphology 
and weak boundaries. DeShiftNet integrates a deformable-shifted encoder to enhance 
content-aware spatial modeling, a cross-attention-guided decoder for precise encoder–
decoder alignment, and a deformable multi-scale context refinement module to improve 
boundary coherence, all within a compact encoder–decoder design. Experimental 
results on the multi-type OrganoID dataset show that DeShiftNet achieves favor-
able segmentation performance while maintaining low model complexity, with 1.78M 
parameters and 2.65 GFLOPs. In addition, the model runs at 52.8 FPS with 204 MB GPU 
memory consumption, indicating its potential for efficient organoid image segmentation 
in practical applications. Ablation studies further suggest that each proposed compo-
nent contributes to the overall performance improvement.

Despite these encouraging results, several limitations remain. The current evaluation 
is conducted on a relatively limited benchmark, and the model still has room for fur-
ther improvement in challenging scenarios involving low contrast, weak boundaries, 
densely adhered organoids, and very small fine-scale structures. Future work will focus 
on enhancing boundary-aware modeling, improving the discrimination of adjacent 
instances and small targets, and validating the framework on larger and more diverse 
organoid datasets. Incorporating more explicit 3D or temporal priors may also further 
improve its applicability in longitudinal and high-throughput screening settings [38].
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