LUMEF: A Deep Learning Based Accurate and Robust
Liver Uptake Measurement Framework for SUV
Evaluation in Whole-Body PET/CT Images
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Abstract—Accurate localization and segmentation of the liver
standard uptake value (SUV) reference region are prerequisites
for calculating the liver SUV reference value, and also constitute a
critical step in the quantitative analysis of PET images, directly
affecting the accuracy and reproducibility of tumor grading and
assessment of metabolic activity in tissues and organs. Traditional
manual methods and existing semi-automatic methods suffer from
low efficiency and high subjectivity. Current fully automatic
methods, such as the maximum hyperellipsoid-based liver
reference region segmentation (MHE-LRS) method, fit a
maximum inscribed hyperellipsoid into the liver to segment the
reference region. While efficient and applicable to most standard
PET images, these methods lack robustness in complex scenarios.
To address the above challenges, this paper proposes, for the first
time, a deep learning framework named LUMF for achieving
robust liver SUV reference region segmentation and quantitative
assessment. This method innovatively combines a deep learning
model with a machine learning model. First, a pre-trained
TotalSegmentator is used to segment the liver mask from whole-
body CT images, based on which paired liver PET/CT images are
obtained. These paired images are then used as input to nnU-Net
for supervised training. Finally, on the test set, the framework
outputs probability predictions and localization information of the
liver SUV reference region, which serve as a region-of-interest
mask. The MHE-LRS method is subsequently applied to achieve
robust segmentation of the liver SUV reference region.

Keywords—Liver SUV reference region, PET/CT, MHE-LRS,
nnU-Net

[. INTRODUCTION

Positron Emission Tomography (PET) and Computed
Tomography (CT) are two commonly used methods for
acquiring human body images. PET can display tissue metabolic
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activity, while CT provides precise anatomical localization and
morphological information. The combination of both techniques
enables simultaneous acquisition of functional and structural
data [1]. In PET image analysis, a stable and reliable fully
automated SUV reference value calculation method is crucial
for accurately assessing metabolic activity in whole-body tumor
lesions and monitoring treatment responses [2-3]. SUV serves
as a semi-quantitative indicator of normalized radioactive
concentration in PET images, facilitating comparisons across
different tissues, individuals, and scanning conditions [4].
Traditional liver region localization methods rely on manual
delineation by physicians or technicians. This time-consuming
and labor-intensive process has become a major bottleneck in
large-scale radiomics research and clinical workflows.
Furthermore, operator subjectivity introduces significant inter-
and intra-observer variability [5-6].

To overcome the limitations of manual delineation, a series
of semi-automated or automated methods have been proposed.
Early approaches primarily relied on simple image processing
techniques, such as automatically identifying the largest
spherical Volume of Interest (VOI) within the liver region or
employing segmentation algorithms based on fixed thresholds
[7-8]. While these methods reduced human bias to some extent,
their performance heavily depended on preset parameters and
struggled to adapt to complex real-world scenarios. For instance,
Bauer et al. [9] proposed a fully automated segmentation method
for liver reference regions based on PET images. After setting
the threshold to 1.0 within the liver ROI, a morphological
closing operation is applied to the binary image to fill internal
holes and form connected regions. A three-dimensional distance
transform map is then computed to locate the internal point
farthest from the liver surface as the center. Finally, using this



center as a reference, the largest inscribed hyperellipsoid is
determined along the X, Y, and Z axes, fitted to the liver, and
segmented to yield the SUV reference region. However, this
method relies solely on PET images, offering acceptable
accuracy but insufficient robustness.

In recent years, breakthroughs in deep learning, particularly
convolutional neural networks (CNNs), have opened new
avenues for addressing this challenge in medical image
segmentation. U-Net and its variants have demonstrated
outstanding performance in multi-organ segmentation tasks
using CT and MRI data [10,13]. However, directly applying
deep learning to PET images for liver reference region
segmentation faces core challenges: First, initialization
localization is difficult. PET images suffer from low spatial
resolution and poor soft tissue contrast, making it challenging
for networks to stably anchor the liver within the complex torso
background and prone to interference from tissues with high
uptake [14]. Second, high-quality annotated data is scarce.
Acquiring large-scale, expert-annotated liver SUV reference
region PET datasets is challenging, limiting the training and
generalization of supervised learning models [15].
Consequently, no studies have yet developed deep learning
methods for liver SUV reference region localization and
segmentation. This further contributes to the persistent lack of
robust, universal solutions for calculating liver SUV reference
values.

To address this, this paper proposes a deep learning
framework—Liver =~ Uptake = Measurement  Framework
(LUMF)—for locating and segmenting liver SUV reference
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regions in whole-body PET/CT images, systematically
resolving the aforementioned challenges for the first time. We
first use Totalsegmentator [16] to segment the liver mask from
whole-body CT images. Based on the obtained mask, we further
derive corresponding liver PET/CT image pairs. These pairs are
then fed into nnUNet [17] for training, ultimately generating
probability predictions for liver SUV reference regions.
Probability predictions with thresholds 6=0.7 are utilized as
localization information within 3D Slicer [18]. Finally, the
localization mask is integrated into the Maximum
Hyperellipsoid-based Liver Reference Region Segmentation
method (MHE-LRS) to achieve precise segmentation and
quantitative calculation of liver SUV reference regions. The core
contributions of this study are as follows:

* To our knowledge, this marks the first systematic
introduction of deep learning into the localization and
segmentation of liver SUV reference regions. Rather than
simply applying existing segmentation networks, we
specifically designed and optimized training strategies tailored
to PET image characteristics and clinical requirements.

* By integrating TotalSegmentator with nnUNet, we
resolved the challenge of initial localization of liver reference
regions within PET images.

* Combining deep learning and machine learning methods,
we achieved a highly robust framework capable of accurately
segmenting SUV reference regions and calculating SUV
reference values.
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Fig. 1. LUMF structural flowchart, where TotalSegmentor employs the model proposed by Wasserthal et al. [14]. In 3D Slicer, the probability prediction is first
displayed as a localization mask over the liver region (green). The ROI function within the Markups module is then used to select the localization mask (red).
Subsequently, the SUV reference region (blue) is segmented using the PET Liver Uptake Measurement plugin, which integrates the MHE-LRS method.

II. RELATED WORKS

A. Localization of the Liver SUV Reference Region

The liver, serving as the endogenous reference organ for
FDG-PET, has seen its SUV reference region delineation

methods evolve from entirely manual to automated approaches.
While international guidelines clearly establish the principle of
placing the VOI in the right hepatic lobe to avoid major vessels
and lesions, specific implementation still relies on operator
experience, leading to significant variability [2,17]. To reduce
this variability, a series of semi-automated or automated
methods have been proposed. For instance, automatically



placing a fixed-volume sphere within a predefined liver region
partially mitigates operator variability in shape delineation, yet
its performance critically depends on the accuracy of the initial
liver region [7,20]. Methods based on fixed or adaptive
thresholds are simple to implement but highly sensitive to global
or local image noise and uneven tracer distribution, with
threshold selection lacking universality [21-23]. In recent years,
specialized plugins integrated into general medical image
analysis platforms represent progress in semi-automated
methods. For instance, the PET Liver Uptake Measurement [24]
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plugin in 3D Slicer employs the MHE-LRS method for liver
reference region segmentation. While stable in routine cases
with standard anatomical structures, this approach demonstrates
insufficient robustness when encountering complex cases
involving anatomical deformation, pathological uptake
interference, or poor image quality. This often necessitates
manual intervention or renders the method entirely ineffective
in clinical practice, failing to fundamentally resolve the tension
between automation and reliability [25].
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Fig. 2. nnU-Net training architecture diagram

B. Medical Image Segmentation

The introduction of U-Net established the central role of
encoder-decoder architectures in medical image segmentation
[10-12], with subsequent research primarily focused on
architectural refinements [26-27]. For instance, Oktay et al. [28]
introduced the Attention U-Net model, incorporating attention
modules into the classic U-Net architecture. This enables the
network to adaptively focus on target organ regions, enhancing
segmentation accuracy. Chen et al. [29] proposed a medical
image segmentation framework combining Transformers with
U-Net, where Transformers encode global context, while U-Net
provides local detail information. Multi-level features are fused
through skip connections, demonstrating superior performance
across multiple medical datasets. However, the emergence of
nnU-Net indicates that holistic optimization of data processing,
training strategies, and inference workflows is equally crucial
compared to designing a single network architecture [17]. It
employs a systematic automated pipeline to adaptively
determine network depth, data preprocessing, and training
strategies based on target dataset characteristics. Achieving
leading performance across multiple international segmentation
challenges, it demonstrates exceptional generalization capability
and reliability, establishing itself as a powerful benchmark
framework for medical image segmentation. Nevertheless, no
studies have directly transferred these segmentation models to
PET/CT images, particularly for liver SUV region of interest
segmentation.

III. METHODOLOGY

A. Overall Network Architecture

This study proposes a deep learning framework named
LUMF (Liver Uptake Measurement Framework) for robust
localization and segmentation of liver SUV reference regions in
whole-body PET/CT images. As shown in Figure 1, the
framework consists of three consecutive stages, integrating deep
learning models with machine learning models. First, a pre-
trained TotalSegmentator automatically segments the liver mask
from whole-body CT images. Based on this mask, liver-specific
PET/CT image pairs are obtained. Subsequently, liver region
images are input into the nnU-Net model for supervised training
to predict the probability distribution of SUV reference regions
within the liver. A high-confidence localization mask is
generated using a thresholding strategy (6=0.7). Finally, the
localization mask is integrated into the Maximum
Hyperellipsoid-based Liver Reference Region Segmentation
(MHE-LRS) method to achieve precise segmentation and
quantitative calculation of the liver SUV reference region.

B. Liver Region Extraction Based on TotalSegmentator

1) Data Preparation: All PET and CT data undergo
rigorous spatial registration. Specifically, we utilize the ANTs
(Advanced Normalization Tools) registration framework
within the 3D Slicer platform to align PET images to their
corresponding CT space, achieving spatial consistency between
the two modalities at the voxel level. The aligned PET images
are represented in CT reference space as body-weight
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normalized standardized uptake value (SUVbw), ensuring
consistency in both spatial location and metabolic information
scale relative to anatomical structures.

Liver Region Extraction and Background Normalization:
Based on the registered PET/CT data, this stage achieves precise
extraction of the liver region. TotalSegmentator, a general
anatomical segmentation model trained on large-scale CT
datasets, demonstrates outstanding organ recognition
capabilities. By inputting whole-body CT images into the
TotalSegmentator model, a binary segmentation mask of the

liver is obtained. Based on this mask, background normalization
is performed on the original CT and PET images. Specifically,
within the masked region, the original CT values (in HU units)
and PET values (in SUV units) are fully preserved, ensuring all
quantitative information within the liver is retained. Non-liver
regions are set to standard background values (CT: -1024 HU;
PET: 0 SUV). This strategy maintains the integrity of internal
liver tissue structure and metabolic information while
effectively eliminating interference signals from non-target
areas, providing deep learning models with pure and
standardized input data.

Setting Parameters

Segment Reference Region

(a)

(b)

Fig. 3. Qualitative comparison. (a) The PET Liver Uptake Measurement plugin failed to successfully localise and segment the liver SUV reference region. (b) Based
on a high-confidence localization mask, the PET Liver Uptake Measurement plugin successfully localized and segmented the liver SUV reference region.

C. Deep Learning-Driven High-Confidence Localization
Module for Liver SUV Reference Regions

1) Probabilistic SUV Region of Interest Prediction Based
on nnU-Net: After obtaining standardized liver PET/CT
images, we trained the nnU-Net v2 framework using its
3d_fullres configuration to accurately identify SUV regions of
interest within the liver. During training, as shown in Figure 2,
liver PET and CT images served as bimodal inputs. These were
fed into the standard 3D nnU-Net architecture in a multi-
channel format and trained according to the nnU-Net adaptive
configuration. After training completion, the model
demonstrating optimal performance on the validation set was
selected for test set inference. For each test case, a 3D
probability map matching the input dimensions was generated,
where each voxel value represented the predicted confidence
level of belonging to the SUV reference region. This probability
map provided reliable information for subsequent generation of
high-confidence localization masks.

2) High-Confidence Localization Mask Generation: To
extract reliable localization information of the liver SUV
reference region from the three-dimensional probability map
output by nnU-Net, this study performs thresholding on the

probability map to filter out low-confidence voxels and
generate a binary localization mask for reference region. The
selection of the threshold was based on the analysis of multiple
preliminary experimental results shown in Table II. A
confidence threshold of 8 = 0.7 was ultimately determined to
comprehensively balancing localization success rate and
regional integrity. Specifically, thresholding is applied to each
voxel in the probability map, and only voxels with confidence
above and equal to this threshold are retained, thereby
generating a binary high-confidence localization mask. After
this processing, the mask can accurately lock the spatial
location of the liver SUV reference region, with clear
boundaries and complete regional coverage, providing a high-
confidence initialization for  subsequent automated
segmentation and quantitative analysis based on MHE-LRS.

D. Automated Reference Region Segmentation and
Quantitative Analysis Guided by Positioning Masks

To achieve precise segmentation of the liver SUV reference
region and subsequent quantitative analysis, this study exported
the high-confidence localization mask in the medical image
standard format (NIfTT) [30]. It ensured strict alignment with



the spatially registered PET/CT images within the same
coordinate system, thereby avoiding localization errors
introduced by spatial shifts. Subsequently, based on the spatial
distribution of the positioning mask, the outer spatial
boundaries were manually defined using the ROI function
within the Markups module of 3D Slicer to construct a three-
dimensional region of interest [31]. This region was constructed
with reference to the overall mask boundary, incorporating
appropriate spatial redundancy to ensure complete coverage of
the SUV reference region.

After constructing the region of interest, the MHE-LRS
method is employed to accurately localize and segment the liver
reference region on PET images. MHE-LRS utilizes the
internal spatial morphological constraints of the liver to define
the reference region by fitting a maximum inscribed
hyperellipsoid, and performs an optimized search guided by the
high-confidence localization mask. Specifically, the high-
confidence localization mask serves as a hard constraint during
the MHE-LRS stage to restrict the search space of the
hyperellipsoid, thereby effectively preventing the search
process from deviating from the valid liver region. This method
can stably identify the liver reference region in complex cases,
significantly improving the robustness and accuracy of
segmentation while ensuring the interpretability of the results.
Compared with traditional methods that rely on manual
initialization, this study constructs the region of interest guided
by the high-confidence localization mask, effectively avoiding
the problem of unstable initialization under conditions of
metabolic abnormalities, anatomical variations, or noise
interference, and significantly enhancing the stability and
robustness of the final segmentation results.

After obtaining the final segmented SUV reference region,
the corresponding segmentation mask is exported. Combined
with the registered PET image, statistical analysis is performed
on the SUVbw values of all voxels within the region to

calculate the mean and variance of SUV values. These metrics
are utilized for subsequent Z-score calculations and quantitative
outcome analysis.

IV. EXPERIMENTS

A. Dataset

The PET/CT dataset employed in this study originates from
Shengjing Hospital of China in Shenyang, encompassing
clinically authentic cases to evaluate the performance of LUMF
in liver SUV reference region localization and segmentation.
The dataset is stored in the Digital Imaging and
Communications in Medicine (DICOM) format (.dem) [32].
Each case comprehensively includes PET modality images, CT
modality images, and corresponding clinical diagnostic reports,
forming a tripartite data system of ‘PET-CT-diagnostic report’.
This provides the experiment with comprehensive anatomical
structure information, metabolic information, and imaging
findings.

B. Experimental Settings

To evaluate the performance of LUMF in liver SUV
reference region segmentation, this study adopted the 3d_fullres
configuration of the nnU-Net v2 framework. The training and
validation set comprised 48 PET/CT cases, divided into an 8:2
ratio to fully evaluate the model's generalization capability
across varying data distributions. An additional 18 independent
cases formed the test set to validate performance on unseen data.
Both model training and inference were executed on an NVIDIA
RTX 4090 GPU to ensure computational efficiency and training
stability. Model performance was primarily quantified using the
Dice coefficient. Furthermore, to ensure experimental reliability,
the training process for each fold of cross-validation strictly
adhered to the default training strategy of nnU-Net,
encompassing data augmentation, learning rate adjustment, and
loss function design.

TABLE L. Statistics of SUV values and Z-scores for reference liver regions in the test set based on the LUMF method

Patient id SUVieqt Z-score Patient id SUV et Z-score
1 2.00 -0.19 10 242 0.81
2 2.37 0.69 11 1.71 -0.88
3 2.24 0.38 12 1.64 -1.05
4 2.50 1.00 13 1.74 -0.81
5 1.51 -1.36 14 1.99 -0.21
6 1.98 -0.24 15 2.03 -0.12
7 2.24 0.38 16 1.99 -0.21
8 291 1.98 17 1.98 -0.24
9 2.21 0.31 18 2.27 0.45

C. Comparative Experiments

1) Quantitative Results Analysis: As shown in Table 1, we
quantitatively evaluated the MHE-LRS method guided by high-
confidence localization masks generated by the LUMF
framework using statistical metrics to validate the rationality
and reliability of liver metabolic levels. Utilizing a human
statistics model constructed from prior work covering 300
PET/CT datasets, the mean liver SUV was determined as
p=2.08 with an overall standard deviation of 6=0.42. For the

test set comprising 18 cases, the mean SUV of the liver
reference region segmented under high-confidence mask
guidance (SUVtest) was employed to calculate the Z-score (1):

Suv, .-
7= test M (1)

a
Statistical results indicate that |Z | < 2 [33] for all 18 test cases,
demonstrating that the segmented liver metabolic levels fall
within the normal human distribution range with no significant



abnormal deviations. This outcome validates the metabolic
rationality of MHE-LRS segmentation guided by the LUMF
framework and confirms its ability to consistently produce
quantitative results conforming to human statistical patterns in
complex cases.

2) Qualitative Results Analysis: This study conducts a
qualitative analysis on complex cases in the test set that exhibit
metabolic abnormalities, anatomical variations, or image noise
interference. It compares the performance differences between
the traditional PET Liver Uptake Measurement workflow and
the LUMF framework-guided approach in liver SUV reference
region segmentation, and validates the practicality of the
proposed method with clinician feedback. The qualitative
results show that, under the aforementioned complex
conditions, direct application of the traditional workflow often
fails to generate an effective SUV reference region mask due to
unstable initialization of the reference region. In the test set,
when the high-confidence localization mask is not introduced
(i.e., without threshold constraints), the original MHE-LRS-
based workflow is unable to obtain a usable reference region in
these complex cases. Even after multiple manual adjustments
of key parameters such as thresholds and morphological
erosion, issues such as target region localization offset or
segmentation process interruption persist. In contrast, the high-
confidence localization mask generated by the LUMF
framework reliably constrains the spatial extent of the SUV
reference region within the liver. The resulting localization is
reasonably positioned, with clear boundaries and complete
regional coverage, providing a stable initialization condition for
the subsequent MHE-LRS segmentation. Based on this
initialization, the MHE-LRS method integrated into the PET
Liver Uptake Measurement plugin successfully completes
automated segmentation of the reference region in complex
cases. As shown in Figure 3, the final SUV reference region is
primarily located in metabolically homogeneous areas within
the liver, showing high consistency with the anatomical
structure and metabolic distribution characteristics of the liver,
with no observable under-segmentation or over-segmentation.

Further invitations were extended to radiologists to review
segmentation results generated by the LUMF-guided method,
conducting a comprehensive assessment based on regional
localization accuracy, boundary integrity, and clinical
applicability. Evaluation findings demonstrated that all
participating clinicians endorsed the segmentation outcomes
produced by the LUMF-guided approach. They affirmed that
this framework effectively resolves segmentation failures
encountered in complex cases within traditional workflows,
exhibiting sound clinical usability and practical value.

3) Threshold Sensitivity Analysis: To validate the impact of
threshold selection during the generation of the high-
confidence localization mask on the final results, this study
performed a systematic threshold sensitivity analysis on the
liver SUV reference region probability maps output by
nnU-Net. Since the probability map reflects the model's
confidence that each voxel belongs to the target region, the
threshold setting directly determines the spatial extent of the
final binary mask and consequently affects the completeness
and accuracy of the localized region.

Specifically, we varied the threshold 6 from 0.5 to 0.9 and
evaluated the results on the test set from the following three
aspects: (1) Segmentation success rate, defined as the proportion
of cases in which MHE-LRS successfully generates a valid SUV
reference region. (2) Region integrity, which assesses whether
the generated SUV reference region is spatially connected and
free of internal holes. (3) Clinical plausibility, evaluated by
radiologists based on three criteria: spatial localization accuracy,
appropriateness of region size, and boundary delineation quality,
using a 5-point scoring system. As shown in Table II, the choice
of threshold 0 has a significant impact on the generation of high-

confidence SUV reference regions by MHE-LRS. When 6 =0.5,
although the segmentation success rate reaches 100%, the
inclusion of a large number of low-confidence voxels leads to
irregular and overextended boundaries, resulting in poor region
integrity. When 6 = 0.6, noise is effectively suppressed and the
regional structure becomes more stable, with the clinical score
increasing to 4.1. At 8 = 0.7, the best balance is achieved,
producing a continuous region without internal holes and
obtaining the highest clinical score (4.8). When 6 > 0.8, some
cases exhibit overly small, fragmented, or even missing masks,
leading to a decrease in segmentation success rate and a
significant drop in clinical scores. Therefore, 8 = 0.7 is selected
as the optimal threshold.

TABLE 1II: Performance comparison of different confidence thresholds (8) on
the test set.

Threshold Segmentation Region Clinical
(0) success rate (%) integrity plausibility score
0.5 100.0 Poor 35
0.6 100.0 Moderate 4.1
0.7 100.0 Good 4.8
0.8 88.9 Poor 3.4
0.9 77.8 Very poor 2.8

D. Ablation Study

To validate the efficacy of key design elements within
LUMF, ablation experiments were conducted to compare
model performance between a whole-body PET/CT model
(Whole-body nnU-Net) and a liver-region-specific PET/CT
model (Liver nnU-Net). As shown in Table III, the Liver nnU-
Net achieved an average Dice coefficient of 0.500, surpassing
the Whole-body nnU-Net's 0.418, while exhibiting greater
stability across folds. This indicates that training solely on liver-
region data eliminates interference from extraneous anatomical
structures in whole-body images, enabling the model to focus
more intently on liver SUV features. Consequently,
segmentation accuracy and robustness are enhanced, validating
the rationale and efficacy of employing liver PET/CT as input
for LUMF under localization guidance.

TABLE III. Comparison of whole-body nnU-Net and liver nnU-Net
performance.

Fold 1 2 3 4 5 Mean
Model
Whole-body nnU-Net | 0.526 0.416 0.287 0461 0.536 0.418
Liver nnU-Net 0488 0.500 0.440 0.550 0.521  0.500




V. DISCUSSION

This study addresses the challenge of locating and
segmenting the liver SUV reference region within whole-body
PET images in complex clinical cases. It proposes and validates
the efficacy and robustness of the LUMF deep learning
framework. Experimental results demonstrate that LUMF
effectively compensates for the shortcomings of traditional
liver reference region segmentation methods based on
maximum inscribed hyperellipsoid fitting during the automated
initialization stage by providing high-confidence spatial
localization information. Within the test dataset, conventional
methods demonstrated suboptimal performance in liver SUV
reference region localization and segmentation. Key
contributing factors include: firstly, abnormal liver morphology
in certain patients—such as irregular volumes, localized lesions,
or residual hepatic tissue post-surgical resection—rendering the
method's reliance on standard anatomical priors ineffective.
Secondly, metabolic expression in PET images may be affected
by localized hypermetabolic foci, noise, or fatty infiltration,
leading to uneven SUV distribution. Furthermore,
abnormalities in whole-body metabolic distribution may further
compromise the stability of reference region localization. The
combined effect of these factors renders traditional methods
unreliable for segmentation under conditions of metabolic
abnormality or anatomical variation. In contrast, LUMF
employs deep learning to extract local metabolic features while
incorporating spatial constraints, enabling stable target region
identification even in complex scenarios. Its segmentation
results demonstrate favorable acceptability and interpretability
in clinical evaluations.

The ablation experiments in this paper further validate the
rationality of the method design. Compared to the Whole-body
nnU-Net trained directly on whole-body PET/CT data, the
Liver nnU-Net — trained solely on liver-region PET/CT —
demonstrated superior performance in both Dice coefficient
and fold-to-fold stability. This indicates that, for localized and
metabolism-specific tasks such as liver SUV reference region
segmentation, eliminating irrelevant anatomical interference
and guiding the model to focus on the target region holds
significant importance.

Although LUMF demonstrates robust performance and
clinical utility in complex cases, this study retains certain
limitations. Within the current workflow, the localization
results generated by LUMF necessitate manual definition of
regions of interest (ROIs) using the Markups module in 3D
Slicer to guide subsequent segmentation processes. This has yet
to achieve fully end-to-end automation, thereby impacting
overall workflow efficiency to some extent. Future research
will focus on developing automated ROI generation
mechanisms based on LUMF outputs, coupled with cascading
interfaces to downstream segmentation methods. This aims to
reduce manual intervention and achieve greater process
automation. Additionally, the generalisability of the method
will be validated on larger datasets, while incorporating
uncertainty modelling or adaptive thresholding strategies to
enhance stability and reliability in extremely complex cases.

VI. CONCLUSION

This study proposes the LUMF framework, which
integrates deep learning and machine learning techniques to
achieve automated localization and segmentation of liver SUV
reference regions. The specific workflow comprises: First,
utilizing TotalSegmentator to automatically extract liver masks
from CT images, thereby constructing standardized liver
PET/CT image pairs; Subsequently, nnU-Net generates
probabilistic predictions for SUV reference regions, with
thresholding yielding high-confidence localization information;
Finally, the localization mask is integrated into the MHE-LRS
method to achieve precise segmentation and quantitative
computation of the liver SUV reference region. Experimental
results demonstrate that LUMF reliably generates liver SUV
regions of interest in complex cases. Its segmentation outcomes
align with normal human metabolic distribution, gain clinician
validation, exhibit strong interpretability, and achieve superior
segmentation accuracy and stability compared to models
trained directly on whole-body PET/CT data. Overall, this
study provides a robust technical solution for liver region of
interest localization and segmentation, demonstrating clear
clinical applicability.
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