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Abstract

Objectives: Micro-computed tomography (Micro-CT) is
renowned for its high resolution, holding a pivotal role in
advancing medical science research. However, compared to
CT medical imaging datasets, there are fewer publicly
available Micro-CT datasets, especially those annotated for
multiple objects, leading to segmentation models with
limited generalization abilities.

Methods: In order to improve the accuracy of multi-organ
segmentation in Micro-CT, we developed a novel segmenta-
tion model called MOSnet which can utilize annotations
from different datasets to enhance the whole segmentation
performance. The proposed MOSnet includes a control
module coupled with a reconstruction block that forms a
multi-task structure, effectively addressing the absence of
complete annotations.

Results: Experiments on 85 contrast-enhanced micro-
CTscans and 140 native micro-CTscans for mice demon-
strate that MOSnet is superior to the most of advanced seg-
mentation networks. Compared to the best results of
ResUnet, Unet3+, DAVnet3+ and AIMOS, our method
improved dice similarity coefficient by 4.1 and 2.4 %,
increased jaccard similarity coefficient by 4.1 and 3.1 %, and
reduced HD95 by 16.3 and 19.3% on the two datasets
respectively at least.

Conclusions: Our proposed model proves to be a robust and
effective method for multi-organ segmentation in micro-CT,
especially in situations where comprehensive annotations
are lacking within a dataset.
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Introduction

Micro-computed tomography (Micro-CT) stands out as a
prevalent imaging technique in preclinical research, offering
detailed insights and variations within inner structures at
high resolution [1, 2]. Therefore, Micro-CT plays an important
role in small animal model imaging due to its notable
repeatability and reliability [3-5]. Through Micro-CT, re-
searchers can meticulously observe the anatomical details of
internal structures within animal models, including bones,
organs and tissues [6] and gather extensive anatomical and
physiological data, furnishing valuable insights for preclinical
research and facilitating advancements in drug development
and treatment modalities [7]. A thorough understanding and
characterization of animal models are considered crucial for
enhancing the reproducibility of applications in humans. In
various research fields, spanning from cancer pathology [8, 9]
to radiation research [10], medication delivery [11], and
nanoparticle absorption [12], analyzing acquired animal im-
aging data quantitatively and comparatively necessitates the
segmentation of different objects.

Among animal models in Micro-CT research, mice are
the most commonly used organisms in studying diseases that
occur in humans [13]. Therefore, segmentation of mouse
organs in Micro-CT takes a critical role in data analyses
across numerous biomedical researches [14-16]. The tradi-
tional method is conducted by manually outlining object
contours of a volumetric scan slice by slice. However, this
process demands a significant attention to anatomical and
imaging details, making it highly repetitive and time-
consuming. Even for experts, manual segmentation is a
challenging task susceptible to human errors and biases,
particularly in those imaging modalities with low contrast,
which may adversely affect the accuracy and objectiveness
of obtained results [17]. Consequently, a pressing demand
exists for automated segmentation of multiple organs, a field
that has garnered significant attention and research efforts
over the course of decades [18]. The predominant conven-
tional methods for mouse organ segmentation involve the
utilization of some anatomical atlases that can be applied to
the scans through elastic deformation, thereby making as-
sumptions about shapes and sizes [19]. Additionally, other
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approaches encompass techniques rooted in traditional
machine learning [20], such as support vector machines [21]
and random forests [22]. Unfortunately, despite their wide-
spread usage, these methods often fall short of achieving
satisfactory quality.

In recent years, there has been a growing utilization of
deep learning techniques for mouse organ segmentation.
Several studies suggest that segmentation based on deep
learning produces more accurate and consistent results
compared to atlas-based methods [23]. Wang et al. [24] pro-
posed a two-stage deep supervised network (TS-DSN) to
delineate organs in the mouse torso. The network employs a
two-stage workflow design, initially predicting rough re-
gions for multiple organs and subsequently refining the ac-
curacy of local regions for each organ. Schoppe et al. [25]
introduced a deep learning pipeline for segmenting organs
of mice, called AIMOS (Al-based Mouse Organ Segmenta-
tion). However, the scarcity of open-source datasets for
mouse organs and the limited annotations for partial com-
plex organs persist as significant challenges, hindering
progress in multi-organ segmentation tasks. A single dataset
may not encompass all required masks, and disparities in
imaging parameters across different datasets are common.
Simply mixing different datasets to train a model may affect
the accuracy of segmentation algorithms. Dmitriev [26]
proposed a conditional convolutional network using multi-
ple partially annotated datasets, which performs multi-
target segmentation by adding conditional encoding to the
down-sampling layer. Given the diversity of targets, the
aforementioned models are simplistic and fail to sufficiently
disentangle features for each individual organ.

In addressing the issues such as insufficient decoupling of
features for multiple organs in the existing algorithms, we
proposed a novel MOSnet model in this work. The proposed
MOSnet extracts features from both contrast-enhanced
Micro-CT and non-enhanced Micro-CT, facilitating a dual
integration to mitigate shortcomings inherent in each dataset
which enhances the segmentation of mice organs. With a
multi-task structure, it generates segmentation probability
maps and reconstruction maps, providing complements to
adjust the major segmentation training process. Experimental
results in this study indicated that our proposed MOSnet
achieved significant improvements, demonstrating its wide
application prospects in multi-organ segmentation tasks.

Methodology

The architecture of our proposed MOSnet model is illus-
trated in Figure 1. It mainly consists of a shared encoder, a
segmentation decoder and a reconstruction decoder. The
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segmentation decoder contains a control module which
utilizes distinct conditional encodings for different dataset
annotations to undergo joint training. The reconstruction
decoder is designed to establish a multi-task framework
aimed at aiding in the primary segmentation.

Consider a set Dy ={(X}, Y], ), (X5 Y5, ) - (Xks
Y}V’ ¢,)} of N input images and corresponding masks of object
¢, €11, ..., U}, where U is the number of label categories in D;,
and a set Dy = {(X2,Y7,)), (X5, Y5, ) ..o (X35 Yar o, )} Of M
input images and corresponding masks of object ¢, € {1, ..., V},
where V is the number of label categories in D,.

The shared encoder, illustrated in Figure 1, consists of
several convolutional and pooling layers, gradually reducing
the dimensions of the input image and extracting features.
Formally, the encoder includes double-convolution units
and the output xg, of the encoder layer E; is defined as

Xg, = BL(Conv3(BL (Conv3(MaxPool (xg.1))))) @

where Conv3(°) represents a 3 x 3 convolution operation in the
encoder layer E;, with a stride of 1 and padding of 1, BL(-) denotes
batch normalization followed by a LeakyReLU activation
function, while MaxPool(") refers to max pooling. The shared
encoder enables the model to extract a set of shared repre-
sentation features, reducing the overall model parameters.

The segmentation decoder generates results in different
channels through a series of up-sampling operations, with
each channel containing a probability map for a specific
organ. Because it is difficult to obtain a dataset with complete
target annotations, and the information within a single
dataset is not adequate to train a comprehensive model
capable of segmenting all targets, we introduced an explicit
control module between the shared encoder and the seg-
mentation decoder to integrate features inherent in
different datasets. Unlike classical approaches that train a
separate model for each class, the proposed method employs
distinct conditional codes for different dataset annotations,
guiding the model to perform target segmentation on similar
objects with labels from various datasets. In contrast to im-
plicit control through loss functions, the explicit control
module adds conditional feedback on top of the loss function,
enhancing the model’s perceptual capabilities towards data.
Additionally, the introduced control module in the segmen-
tation decoder incorporates the influence of the controlled
object itself during the conditional encoding adjustment,
aiding in the model’s ability to decouple features of multiple
organs.

As shown in Figure 1, the input of the control module
CMp, in the decoder layer D; is composed of three parts. The
first part is the output of the decoder layer D,, defined as
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Figure 1: The architecture of our proposed MOSnet model.

a! = BL(Conv3(Up(CMp,,))) @

where CMp,, is the output of the control module in the
decoder layer D;,;, Up() represents the upsampling opera-
tion, Conv3(-) performs a 3 x 3 convolution on the input, and
BL(") consists of batch normalization followed by a LeakyR-
eLU activation function. The second part a? is obtained by
combining the outputs of each double-convolution layer
through the skip connection, and Figure 1 shows the skip
connection of the decoder layer Ds; The third part a is a hash
map from the dataset label number, and is defined as

a? = hmap (C) 3

where hpqp() is a hash function for a pre-defined lookup
table and c represents the condition code according to the
dataset’s class. The hash function hpyap(c) is designed to unify
heterogeneous dataset annotations into a shared embedding
space. The input is a categorical label ¢ and the output is a
fixed-size embedding vector. A unique index is assigned

each unique label and a pre-defined lookup table initialized
with random values. During training, the table is updated via
backpropagaion to encode dataset-specific characteristics.
Therefore, the control module’s output of the layer D; with
inputs a}, a?, @ is defined as

CMi (. 2.08) = [Conv (@):0p [alsc2] )W | W [

4@

where Conv() is a 1 x 1 convolutional operation followed
with a LeakyReLU, ¢,.,,(-) is a global average pooling, and
W},, Wi, are parameters that can be trained.

The reconstruction decoder utilizes the feature infor-
mation extracted by the shared encoder to generate an im-
age that will be compared with the original input image, so
as to make the feature information more complete. As
illustrated in Figure 1, the reconstruction decoder consists of
deconvolution, feature concatenation, double convolution,
batch normalization, and activation functions.
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The output rp, at each reconstructed layer D; is defined
as follows:

rp, = BL(Conv3(BL (Conv3(Cat (xg, DeConv(rp,,)))))) (5)

where Conv3(-) represents a 3 x 3 convolution operation
with a stride of 1 and padding of 1, BL(") denotes batch
normalization followed by a LeakyReLU activation func-
tion, Cat(-) denotes feature concatenation, and DeConv(:)
represents a deconvolution with a 3 x 3 kernel, stride of 2,
and padding of 1.

The reconstruction decoder assists the shared encoder
in extracting semantic features from deeper layers and
higher-resolution attributes from shallower layers, which
are used in the segmentation decoder to generate higher-
precision segmentation probability maps. All of them
together form a multi-task structure, where different tasks
mutually influence each other through shared parameters,
thereby enhancing overall performance and improving the
results of the primary task.

The input image passed through MOSnet has two out-

. 95€, . .
puts: a segmentation result Y s and a reconstruction 1mage

SR . .
7" For segmentation, we calculate the multi-class seg-

mentation loss as follows:

Seg = Z aJBF( Seg SEg ﬁ,) (6)

i=1

{5 o 7)

(1 Yseg>log<1 Yseg) ¥

where for each class i, a; = {0,1} specifies the presence or not
of the binary mask in the batch; f; specifies its impact on the
total loss, which is determined by the ratio of the number of
different labeled samples so as to ensure that the network
can accurately segment each organ; V?eg is the segmentation
probability map and Yfeg is the binary map calculated from
the mask. For reconstruction, we calculate the mean square
error loss as follows:
1n 2

recon = ﬁ g ( X) (8)
where X is the original image and 7" is the reconstructed
image. So, the overall 1085 -Z gveran for the two tasks is defined

as
e-(/overall = —f/seg + Ae-(//recon 9

where A is the weight factor of the reconstruction loss.
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Experiments and results
Datasets

Due to the widespread use of mouse model in Micro-CT
research, in this study, two datasets were utilized to evaluate
the segmentation accuracy of the proposed MOSnet: one
native mouse Micro-CT dataset without any contrast agents
and one contrast-enhanced mouse Micro-CT dataset with a
contrast agent injected. All of them were obtained from
Nature Scientific Data [27].

The native dataset consists of 140 whole-body scans
from 20 mice by a preclinical Micro-CT. In this dataset, the
field of view was 40.32 x 28.84 x 55.44 mm, and the voxel size
was 0.28 x 0.28 x 0.28 mm [27]. The native dataset has the
ground truth of these organs: heart, lungs, liver, kidneys,
spleen, bladder and intestine.

The contrast-enhanced dataset involves 85 whole-body
scans from 10 mice by a preclinical Micro-CT. Before the first
scan, the contrast agent was intravenously injected, which is
able to enhance the contrast of spleen and liver in Micro-CT.
In the contrast-enhanced dataset, the field of view was 43.12
x 33.88 x 67.76 mm, and the voxel size was 0.28 x 0.28 x
0.28 mm [27]. This dataset has the ground truth of these or-
gans: heart, lungs, liver, kidneys, spleen, bladder, intestine,
stomach and bone.

Due to the different field of view and different size be-
tween the two datasets, 2D segmentation is more suitable
than 3D segmentation [28]. Before the training, we pre-
processed the data by adjusting the window width to 1000
HU and the window level to 400 HU for each slice, followed
by normalization to a range of 0-1 to mitigate relative nu-
merical discrepancies across the data. In order to achieve
multi-organ segmentation, we trained both datasets in the
same network simultaneously. A total of 50,591 slices were
randomly divided at a ratio of 9:1 for training and validation
respectively.

Evaluation metrics

In this study, we evaluated the performance of the proposed
MOSnet quantitatively through three widely recognized
evaluation metrics: dice similarity coefficient (DSC), jaccard
similarity coefficient (JSC), and 95%hausdorff distance
(HD95). Their calculation formulas are as follows:

2lYny|

]+ 1Y) 10)

DSC(Y,Y) =
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HD95(17, Y) = max(rgqx(r;lei;l @,y)), I}lg]X(IEliAn @,y)) )

yey yey
x 95%
(12)

where Y is the predicted result and Y is the binary mask. The
higher scores of DSC and JSC indicate a higher segmentation
accuracy because they both assess overlapping area be-
tween the predicted result and the ground truth. The HD95
calculates the maximum distance from each point in the
predicted result to the nearest point in the binary mask, so its
lower score indicates superior boundary segmentation
results.

Implementation

In this study, we chose the Adam optimizer algorithm,
setting 0.001 as the initial learning rate for updating the
parameters of the network and a scheduler for updating the
learning rate. The training is through 100 epochs using a
batch-size of 16 images. All experiments were executed using
PyTorch on a machine equipped with a GPU of NVIDIA
2080Ti.

Experiment results

For illustrating the efficacy of the proposed MOSnet, we
compared its prediction results of the two datasets with
those of four excellent segmentation networks: ResUnet [29],
Unet3+ [30], DAVnet3+ [31], and AIMOS [25]. To maintain
fairness in comparison, we chose identical preprocessing for
these networks and refrained from postprocessing. Also,
their batch-sizes, epochs, optimizers and schedulers are
consistent for all networks.

The results of qualitative comparison are shown in
Figure 2. As evident from these figures, despite these net-
works achieving high accuracy, the results of MOSnet are
more consistent with the ground truth than the other net-
works. For the native dataset, our method accurately de-
lineates the target regions of the liver, spleen, bladder, and
intestine, exhibiting precise boundaries. Similarly, for the
contrast-enhanced dataset, the stomach region is accurately
portrayed with meticulous contours by our model. Although
MOSnet outperforms other networks, there may be some
areas where the segmentation results are not entirely
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satisfactory, particularly when dealing with lungs of the
native dataset. Nevertheless, it consistently demonstrates a
lower number of segmentation errors compared to other
networks.

Tables 1 and 2 present the quantitative results of all
methods evaluated on the two datasets. By analyzing the
experimental data, the results of the proposed MOSnet
exhibit its superior performance to ResUnet, Unet3+, DAV-
net3+, and AIMOS. It can be observed that MOSnet,
compared to the best-performing network, evenly improves
DSC by 4.1 and 2.4 %, increased JSC by 4.1 and 3.1 %, simul-
taneously reducing HD95 by 16.3 and 19.3% on the two
datasets respectively. From the perspective of the segmen-
tation results of each organ, the difficulty of segmenting in-
testine is the biggest, but our model still achieved best,
particularly improving the DSC value by 0.078, 0.053, 0.014,
0.023 and 0.039, 0.064, 0.022, 0.009. This indicates that in the
multi-organ segmentation task, MOSnet effectively enhances
the accuracy especially in complex regions when completing
the segmentation of various targets.

Additionally, Figure 3 displays several histograms
about the three metrics of these five networks. It is obvious
that no matter for the native dataset or the contrast-
enhanced dataset, our proposed MOSnet has the best re-
sults on the multi-organ segmentation with the highest
average DSC and JSC, and the lowest average HD95.
Although the standard error of MOSnet on the contrast-
enhanced dataset is somewhat higher partially compared
to other segmentation models, it is exhibited the lowest
across almost all organs on the native dataset. This obser-
vation suggests that our model possesses greater robust-
ness and stability, especially when dealing with different
datasets and multi-organ segmentation.

Discussion

This study proposed a method MOSnet for multi-organ seg-
mentation in joint datasets. By exploiting the connections
between various datasets and introducing a reconstruction
block, the approach achieves accurate segmentation of
multiple targets, contributing to addressing complex medi-
cal imaging processing tasks.

Advantages of the proposed MOSnet

According to the above results of experiments for segment-
ing multiple organs, it has been suggested that our proposed
MOSnet can accomplish high accuracy with training two
datasets simultaneously, which jointly learned features of
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Figure 2: Segmentation results of the five networks for the native dataset (UP) and the contrast-enhanced dataset (Down).
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Table 1: Experimental results of the five networks for the native dataset.
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Evaluation Methods Heart Lungs Liver Kidneys Spleen Bladder Intestine
DSCT ResUnet 0.921 0.913 0.888 0.904 0.928 0.918 0.829
(0.064) (0.071) (0.094) (0.078) (0.056) (0.087) (0.096)

Unet3+ 0.948 0.921 0.896 0.919 0.934 0.923 0.854

(0.066) (0.084) (0.090) (0.080) (0.073) (0.084) (0.131)

DAVnet3+ 0.941 0.919 0.907 0.901 0.913 0.920 0.893

(0.045) (0.057) (0.067) (0.059) (0.061) (0.049) (0.085)

AIMOS 0.923 0.927 0.887 0.894 0.905 0.927 0.884

(0.050) (0.077) (0.067) (0.075) (0.122) (0.066) (0.088)

Ours 0.979 0.959 0.925 0.958 0.962 0.954 0.907

(0.036) (0.059) (0.061) (0.052) (0.051) (0.044) (0.076)

INe) ResUnet 0.923 0.936 0.873 0.891 0.909 0.902 0.844
(0.066) (0.072) (0.098) (0.081) (0.061) (0.088) (0.101)

Unet3+ 0.939 0.914 0.880 0.905 0.924 0.916 0.829

(0.068) (0.085) (0.094) (0.083) (0.078) (0.085) (0.132)

DAVnet3+ 0.923 0.919 0.884 0.906 0.914 0.912 0.868

(0.049) (0.059) (0.072) (0.062) (0.067) (0.053) (0.091)

AIMOS 0.947 0.867 0.895 0.892 0.887 0.915 0.866

(0.063) (0.150) (0.088) (0.090) (0.097) (0.086) (0.091)

Ours 0.971 0.951 0.930 0.944 0.953 0.958 0.882

(0.040) (0.060) (0.067) (0.058) (0.058) (0.048) (0.084)

HD95| ResUnet 2.023 1.235 6.908 5.221 2.698 2.864 8.068
(0.393) (0.525) (2.217) (2.871) (0.526) (1.165) (2.388)

Unet3+ 2.254 1.278 7.247 5.932 3.488 2.898 8.573

(0.512) (0.537) (2.392) (3.227) (0.686) (1.056) (2.378)

DAVnet3+ 2.316 1.322 7.637 5.778 3.580 2.935 8.779

(0.496) (0.496) (2.837) (2.675) (0.756) (0.812) (2.496)

AIMOS 2.206 2.048 7.237 5.539 4.380 3.384 8.762

(0.611) (1.015) (2.340) (2.971) (0.722) (1.204) (2.411)

Ours 1.942 1.206 6.843 4.311 2.835 2.301 7.826

(0.442) (0.534) (2.405) (2.367) (0.483) (0.627) (2.316)

The mean and standard error are presented in this table. The bold values indicate the best performance for each metric.

organs under different parameters. Furthermore, despite
the incomplete labeling of the first dataset, the participation
of the second dataset through collaborative learning enabled
the segmentation of organs unlabeled in the first dataset.

To validate the ability of transfer learning employed by
MOSnet, we conducted the following experiment: the labels
of the kidneys and bladder in the second dataset were
excluded from training and only used to calculate evaluation
indicators. The results of this experiment are presented in
Table 3 and Figure 4(a). By this way, we aimed to assess the
model’s ability to generalize and adapt to untrained data.
This experiment served as a rigorous test of MOSnet’s
transfer learning capabilities, as it challenged the model to
learn and segment organs effectively even without direct
supervision from labeled data.

The results presented in Table 3 and Figure 4(a)
demonstrate the model can achieve precise segmentation of
target organs by leveraging features learned from other
datasets — even when partial organ labels are missing in a

single dataset. This further validates the model’s general-
ization capability and the effectiveness of its transfer
learning mechanism.

The results presented in Table 3 demonstrate the model
can segment organs accurately enough even in the absence
of labeled data, which demonstrated the power of MOSnet in
handling various datasets and addressing challenges asso-
ciated with incomplete annotations. This validates the
effectiveness of MOSnet’s transfer learning approach, which
leverages knowledge learned from one dataset to enhance
the segmentation of organs in another dataset. The experi-
ment highlights the significant potential of MOSnet in real-
world scenarios where complete and accurate annotations
may not always be available.

This capability was achieved by incorporating a control
module and a reconstruction block, and we conducted
several systematic experiments to evaluate the efficacy of
these modules. The basic model (BM) of MOSnet adopts an
end-to-end framework, which includes nested and dense
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Table 2: Experimental results of the five networks for the contrast-enhanced dataset.

Evaluation Methods Heart Lungs Liver Kidneys Spleen Bladder Intestine Stomach Bone

DSCT ResUnet 0.903 0.869 0.903 0.888 0.831 0.907 0.797 0.860 0.860

(0.067) (0.072) (0.070) (0.079) (0.077) (0.065) (0.107) (0.082) (0.014)

Unet3+ 0.912 0.899 0.898 0.847 0.851 0.927 0.772 0.893 0.894

(0.086) (0.109) (0.123) (0.106) (0.108) (0.133) (0.133) (0.120) (0.017)

DAVnet3+ 0.909 0.921 0.906 0.891 0.906 0.920 0.814 0.889 0.919

(0.070) (0.076) (0.069) (0.077) (0.073) (0.070) (0.101) (0.085) (0.013)

AIMOS 0.925 0.935 0.892 0.878 0.899 0.916 0.827 0.879 0.826

(0.047) (0.065) (0.068) (0.085) (0.066) (0.088) (0.052) (0.041) (0.055)

Ours 0.930 0.942 0.937 0.929 0.935 0.936 0.836 0.926 0.929

(0.076) (0.063) (0.082) (0.067) (0.075) (0.074) (0.106) (0.078) (0.013)

INe) ResUnet 0.911 0.893 0.909 0.816 0.822 0.907 0.750 0.859 0.855

(0.070) (0.076) (0.075) (0.085) (0.079) (0.069) (0.111) (0.086) (0.022)

Unet3+ 0.911 0.896 0.899 0.885 0.834 0.910 0.743 0.892 0.813

(0.088) 0.111) (0.124) (0.109) (0.111) (0.134) (0.131) (0.122) (0.027)

DAVnet3+ 0.908 0.903 0.905 0.879 0.876 0.917 0.726 0.885 0.833

(0.073) (0.080) (0.075) (0.083) (0.075) (0.074) (0.106) (0.089) (0.022)

AIMOS 0.908 0.836 0.878 0.875 0.809 0.920 0.686 0.855 0.817

(0.085) (0.133) (0.124) (0.091) (0.145) (0.081) (0.123) (0.109) (0.026)

Ours 0.919 0.925 0.897 0.907 0.927 0.927 0.788 0.916 0.869

(0.079) (0.068) (0.086) (0.074) (0.077) (0.077) (0.111) (0.082) (0.021)

HD95| ResUnet 2.992 1.925 6.814 6.038 2.339 2.962 9.373 5.291 1.142

(0.765) (0.765) (3.003) (2.559) (1.089) (0.774) (3.267) (1.048) (0.516)

Unet3+ 3.059 3.725 7.403 6.532 3.709 3.056 9.199 6.802 1.146

(0.885) (1.286) (4.688) (2.473) (2.398) (1.149) (3.589) (2.294) (1.086)

DAVnet3+ 3.377 3.490 7.856 6.966 3.728 3.250 9.240 6.253 1.224

(0.831) (1.237) (2.697) (2.496) (2.384) 0.771) (3.002) (1.364) (0.497)

AIMOS 3317 2.456 7.911 6.877 3.161 2.657 10.295 5.957 1.907

(0.985) (1.318) (3.496) (2.883) (1.899) (0.768) (3.635) (1.266) (1.818)

Ours 2.988 1.897 7.485 5.589 1.462 2.525 9.188 5.876 1.095

(0.774) (0.830) (3.423) (2.270) (0.930) (0.861) (3.178) (1.259) (0.665)

The mean and standard error are presented in this table. The bold values indicate the best performance for each metric.

skip connections. Based on BM, a control module and a
reconstruction block were added to form the proposed
method MOSnet. So, we compared MOSnet to the BM, the
basic model with a control module (BM_CM) and the basic
model with a reconstruction block (BM_RB) on the validation
of the contrast-enhanced dataset.

The ablation study results and statistical significance
testing results, shown in Table 4 and Figure 4(b), demon-
strate that the BM_CM significantly enhances the perfor-
mance of multi-organ segmentation compared to the BM. For
instance, the stomach’s DSC improves from 0.873 (BM) to
0.903 (BM_CM), and the spleen’s JSC increases from 0.824
(BM) to 0.841 (BM_CM). These improvements indicate that
the control module effectively refines the segmentation
process by dynamically studying feature representations
from different datasets. However, the BM_CM remains sus-
ceptible to incomplete segmentation, particularly for organs
with ambiguous boundaries, such as the liver and intestine.
For example, the liver’s DSC in BM_CM is 0.894, but our

model achieves 0.937, a +4.8 % improvement, suggesting that
the control module may over-suppress weak signals at the
liver’s periphery, leading to information loss. Similarly, the
intestine’s DSC in BM_CM is 0.766, significantly lower than
the 0.836 in Ours. To address these limitations, a recon-
struction block was integrated into the framework, forming
a multi-task learning approach that generates reconstruc-
tion maps alongside segmentation probability maps. This
design enables the model to retain fine anatomical details. It
can be clearly seen from the performance of the complete
model (our model): Among all organs, our model achieved
the highest DSC/JSC value and the lowest HD95 value, and
made almost all statistically significant improvements
(p<0.05). For instance, the lungs’ HD95 decreases from 3.170
(BM_CM) to 1.897 (Ours), indicating sharper boundary
localization, while the spleen’s JSC increases from 0.841
(BM_CM) to 0.927 (Ours), resolving ambiguities with adjacent
organs. The reconstruction block enhances performance by
preserving  high-frequency details and implicitly
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Figure 3: Histograms of DSC, JSC, and HD95 of the networks (The first column represents the native dataset, and the second column represents the
contrast-enhanced dataset. The colorful bars are the average values for different organs, and the black lines are the standard errors for the corre-

sponding average values.)

Table 3: Experimental results of kidneys and bladder.

Organ DSCT Jsct HD95|
Kidneys 0.884 0.855 6.21
(0.094) (0.104) (3.72)
Bladder 0.912 0.892 3.16
(0.067) (0.071) (0.798)

The mean and standard error are presented in this table.

regularizing the model through input reconstruction,
reducing overfitting to noisy annotations.

In Equation (9), the weighting factor A for the recon-
struction task influences both the feature extraction

capability of the shared encoder during training and the
accuracy of the primary segmentation task. To optimize
segmentation performance, we examined the variation in
average DSC across all segmented organs under different A
values. As shown in Figure 4(c), when A=0.7, the model
achieves consistently higher DSC values for both datasets
compared to other A values. When A<0.6, the model becomes
overly focused on segmentation, diminishing the self-
supervised regularization effect and resulting in marginal
degradation in boundary precision. When 4>0.8, the recon-
struction loss is overly down-weighted, weakening its role in
preventing feature overfitting. This leads to slightly noisier
predictions and reduced robustness. At 1=0.7, we observe the
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Figure 4: The results of different experiments. (a) The results of kidneys and bladder. (b) Visual results of ablation study. (c) The results under differentA

values. (d) The result of the reconstruction decoder.

most consistent performance across organs and anatomical
scales, suggesting it provides an effective trade-off for the
tasks and data distribution in our study. Consequently, the
proposed model adopts A=0.7 in its overall loss function.
Moreover, as shown in Figure 4(d), these visualizations
demonstrate that our model is able to generate anatomically
plausible and structurally consistent reconstructions, indi-
cating that the shared encoder has learned meaningful and

semantically rich representations from the input micro-CT,
supporting its utility as an auxiliary task.
Limitations and future works

The segmentation of mouse micro-CT scans plays a crucial
role in biomedical research, as the accuracy of organ
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Table 4: Results of ablation study for the proposed method.
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Method Heart Lungs Liver Kidneys Spleen Bladder Intestine Stomach Bone
DSCT BM 0.902 0.894 0.888 0.857 0.831 0.907 0.792 0.873 0.884
BM_CM 0.914 0.914 0.894 0.869 0.860 0.916 0.766 0.903 0.899
BM_RB 0.906 0.911 0.899 0.867 0.861 0.912 0.732 0.912 0.899
Ours 0.930 0.942 0.937 0.929 0.935 0.936 0.836 0.926 0.929
p Ours vs. BM v v v v v v v v v
Ours vs. BM_CM v v v v v v v v v
Ours vs. BM_RB v v v v v v v v v
JSCT BM 0.851 0.876 0.853 0.861 0.824 0.907 0.743 0.872 0.823
BM_CM 0.899 0.903 0.882 0.895 0.841 0.916 0.755 0.899 0.841
BM_RB 0.895 0.916 0.878 0.885 0.843 0.912 0.722 0.891 0.819
Ours 0.919 0.925 0.897 0.907 0.927 0.927 0.788 0.916 0.869
p Ours vs. BM v v v v v v v v v
Ours vs. BM_CM v v v v v v v v v
Ours vs. BM_RB v 0.053 v v v v v v v
HD95| BM 3.349 3.425 7.903 6.812 3.921 3.056 9.488 6.792 1.216
BM_CM 3.014 3.170 7.850 5.734 3.774 3.199 9.457 5.924 1.153
BM_RB 3.070 4.208 8.766 6.039 3.366 2.897 9.485 6.889 1.298
Ours 2.988 1.897 7.485 5.589 1.462 2.525 9.188 5.876 1.095
p Ours vs. BM v v v v v v v v v
Ours vs. BM_CM 0.488 v v 0.148 v v 0.056 v 0.081
Ours vs. BM_RB v v v v v v v v v

The p is the significance testing result of Ours vs. other methods, and v' means <0.05. The bold values indicate the best performance for each metric.

delineation directly affects the quality of s quantitative
analysis. Compared to existing methods, our proposed
MOSnet achieves superior segmentation performance
across two datasets, primarily attributed to the effective
design of the control module and reconstruction
block. Nevertheless, several limitations warrant further
discussion.

Firstly, although MOSnet demonstrates strong overall
performance, segmentation accuracy for anatomically com-
plex organs, particularly the spleen and intestines, still re-
quires improvement. These structures often exhibit high
variability in shape and intensity, posing challenges for precise
boundary delineation. To enhance accuracy, future work will
explore 3D adaptation and interpolation strategies that can
fully exploit spatial contextual information across adjacent
slices, thereby improving inter-slice coherence and structural
consistency. Also, recent advances in vision transformers
(ViTs) and hybrid transformer-convolutional architectures
have demonstrated remarkable performance in medical image
segmentation, particularly in capturing long-range de-
pendencies and modeling global context — capabilities that are
highly valuable for whole-body, multi-organ segmentation
tasks. In ongoing and future work, we are actively exploring
the integration of vision transformer architectures into our 3D
segmentation framework for mouse micro-CT data. Secondly,
as shown in Table 3, the model’s performance exhibits a
noticeable decline when evaluated on external datasets,

indicating limited generalization under domain shifts. This
underscores the need to incorporate more diverse, multi-
source datasets in future training. Moreover, preprocessing
strategies such as style standardization or domain adaptation
techniques will be essential to harmonize variations in imaging
protocols, scanner characteristics, and noise profiles, thereby
enhancing the model’s robustness and cross-domain applica-
bility. It is important to note that all reported results in this
study were obtained without any post-processing to ensure a
fair comparison of the intrinsic segmentation performance of
the different models. However, in practical clinical deploy-
ment, simple and computationally efficient post-processing
techniques are commonly employed to refine segmentation.
Lastly, while the current architecture is effective, its reliance
on the control module and reconstruction block results in
relatively high complexity, leading to increased computational
cost and longer training times. Our model has 11.4M parame-
ters, comparable to UNet3+ (9.2M). Training on a GPU of NVI-
DIA 2080Ti, MOSnet takes approximately 24h on the full
dataset, similar to UNet3+ (~21.5h) and 1.3x longer than
ResUnet (~18 h). To facilitate broader adoption and potential
deployment in resource-constrained settings, we will focus on
developing a more lightweight variant of MOSnet, aiming to
maintain high performance while significantly improving ef-
ficiency. For instance, morphological operations such as clos-
ing or small object removal could potentially further improve
the final segmentation quality.
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In summary, future efforts will concentrate on inte-
grating 3D contextual modeling, enhancing generalization
through domain-invariant preprocessing, and designing a
more lightweight network architecture — steps critical for
advancing MOSnet from a research prototype toward prac-
tical application in preclinical imaging.

Conclusions

This study developed a novel MOSnet model combined with
a control module and a reconstruction block for segmenting
multiple objects in micro-computed tomography images. In
comparison to the previous methods, we utilized the control
module to extract feature information from multiple data-
sets for simultaneous training, and incorporated the recon-
struction block to form a multi-task model capable of
generating both segmentation probability maps and recon-
struction maps concurrently to correct each other. When a
dataset lacks labels for a particular target, the control
module can acquire the capability to segment that target
from another dataset containing its labels, effectively
addressing the absence of complete annotations. Mean-
while, the introduced reconstruction block uses parameters
shared between the reconstruction task and segmentation
task to enhance extraction performance of the encoder.
Extensive experiments conducted on the native dataset and
contrast-enhanced dataset demonstrated that the proposed
MOSnet model outperforms other classical segmentation
models which mix datasets directly. In the future, we will
pay attention to building a more lightweight multi-organ
segmentation model.
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