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Abstract. Fetal cerebellum segmentation in ultrasound images is 

important for quantitative analysis of fetal brain development, yet 

it remains challenging due to speckle noise, low contrast, acoustic 

artifacts, and unstable anatomical boundaries. This study proposes 

an ROI-Based Shape-Prior Reconstruction method as a post-

processing refinement stage for YOLOv8n-seg fetal cerebellum 

segmentation. A total of 294 fetal ultrasound images with manually 

annotated binary cerebellum masks were used and divided into 

training, validation, and testing subsets using a 70:20:10 ratio. 

YOLOv8n-seg generated the initial segmentation masks, while the 

proposed ROI-based reconstruction stage refined the foreground 

region using a convolutional autoencoder trained on ROI-based 

binary cerebellum masks. Compared with raw YOLOv8n-seg, the 

proposed method improved DSC from 0.9282 to 0.9302 and IoU 

from 0.8671 to 0.8708. Boundary performance also improved, with 

HD95 decreasing from 15.06 to 14.18 and ASSD decreasing from 5.38 

to 5.20. Although these improvements were modest and not 

statistically significant, the proposed method produced smoother 

boundaries and more morphologically consistent segmentation 

outputs in the visual evaluation. These results indicate that ROI-

based shape-prior reconstruction can serve as a lightweight 

refinement stage for improving boundary consistency in fetal 

cerebellum ultrasound segmentation. However, external validation 

with larger datasets is still required to assess generalization. 

 

Keywords: Fetal Ultrasound, Medical Image Segmentation, 

YOLOv8n-seg, Shape-Prior Reconstruction, Boundary Refinement 
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1. INTRODUCTION 

 

Fetal ultrasound imaging is used in prenatal evaluation and monitoring of fetal brain 

development [1], [2]. The cerebellum is one of the important anatomical structures used 

to estimate gestational age and evaluate fetal neurological growth [2], [3]. Therefore, 

accurate cerebellum segmentation in ultrasound images is needed to support prenatal 

diagnosis and more reliable biometric analysis [1], [3]. In this study, the term “support” 

refers to assisting quantitative image analysis, not to direct clinical decision-making. 

However, manual cerebellum annotation still faces various challenges such as speckle 

noise, low contrast, acoustic shadow artifacts, and variation in results due to differences 

among operators in ultrasound images [1], [3]. Figure 1 shows an example of fetal 

cerebellum annotation in an ultrasound image. 

 

 
Figure 1. Example of fetal cerebellum annotation in ultrasound images 

 

Recent developments have substantially improved medical image segmentation quality 

[4], [5]. CNN-based segmentation frameworks, particularly U-Net, have been widely 

adopted in medical image segmentation tasks [4], [6]. Several previous studies produced 

methods with good performance using semantic segmentation for anatomical 

segmentation in ultrasound images [4], [5], [7]. These methods generally produce high 

overlap metric values which show the effectiveness of deep learning in automatic 

anatomical segmentation [5], [7]. 

 

In addition to conventional encoder and decoder architectures, the YOLO model family 

has begun to become standard frameworks for medical image segmentation because it 

has high inference speed with relatively low computational complexity [8], [9]. YOLO-

based segmentation models can perform object localization and pixel-level segmentation 
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simultaneously [8], [10]. Several recent studies have applied YOLO for organ segmentation, 

medical lesion segmentation, and ultrasound image analysis [9], [10]. This capability makes 

YOLO suitable for medical segmentation applications that require computational 

efficiency and fast inference [8], [9]. 

 

Several state-of-the-art ultrasound and medical image segmentation studies have 

reported strong performance using U-Net-based, attention-based, transformer-based, 

boundary-aware, shape-aware, and YOLO-based methods. These methods have been 

evaluated on various medical ultrasound and anatomical segmentation datasets using 

overlap-based metrics such as DSC and IoU, as well as boundary-based metrics such as 

HD95 and ASSD [5], [7], [11], [12], [13], [14], [15]. However, U-Net-based and attention-based 

methods can still be sensitive to speckle noise and weak boundaries, transformer-based 

methods generally require larger datasets and higher computational resources, and 

boundary-aware or shape-aware methods often require additional supervision or 

architectural modification. For fetal cerebellum ultrasound segmentation, prior studies 

have mainly improved segmentation backbones or learning strategies, while lightweight 

ROI-based post-processing using anatomical shape priors remains less explored. The 

main remaining problems include boundary instability, fragmented masks, and 

anatomically inconsistent shapes, especially when the cerebellum boundary is unclear 

due to speckle noise, low contrast, or acoustic artifacts [16], [17], [18]. 

 

High DSC and IoU values do not always indicate good anatomical consistency because 

small boundary distortions may not greatly change the overlapping area. Therefore, 

boundary-based metrics such as HD95 and ASSD are also needed to evaluate contour 

stability and boundary error. Although YOLOv8n-seg can efficiently generate initial fetal 

cerebellum masks, its output may still contain irregular boundaries or local 

fragmentation. Thus, an additional refinement stage is needed to improve mask 

morphology without modifying the YOLOv8n-seg backbone. 

 

Previous fetal cerebellum ultrasound segmentation studies have mainly focused on 

supervised segmentation networks, attention-based learning, semi-supervised 

frameworks, or pretrained representation learning. These studies improved segmentation 

accuracy, but most of them still optimized the segmentation network directly and did 

not explicitly reconstruct the predicted cerebellum mask using an ROI-based anatomical 
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shape prior. Therefore, ROI-based shape-prior reconstruction for refining raw YOLOv8n-

seg fetal cerebellum masks remains limited [16], [19], [20]. This gap is important because 

refinement can improve segmentation morphology without introducing a new 

architecture or retraining the YOLOv8n-seg backbone. 

 

ROI-based shape-prior learning is suitable for fetal cerebellum segmentation because 

the cerebellum is a localized, compact structure in the transcerebellar plane. By focusing 

on the foreground ROI, the autoencoder can learn cerebellum morphology more directly 

while reducing background influence. This refinement aims to reduce boundary 

irregularities and mask fragmentation while retaining YOLOv8n-seg as the initial 

segmentation model. However, it is limited to improving segmentation morphology and 

boundary consistency, rather than establishing clinical validity or biometric measurement 

accuracy. 

 

Based on these problems, this study proposes an ROI-Based Shape-Prior Reconstruction 

method to refine YOLOv8n-seg fetal cerebellum segmentation in ultrasound images. The 

method uses a convolutional autoencoder trained on ROI-based binary cerebellum masks. 

During inference, raw YOLOv8n-seg masks are cropped as ROIs and reconstructed using 

the learned shape prior to produce more consistent masks. The novelty lies in using ROI-

Based Shape-Prior Reconstruction as a post-processing refinement framework, not a new 

YOLO architecture. This study aims to improve fetal cerebellum segmentation quality in 

terms of overlap accuracy and boundary consistency. 

 

The primary contributions of this study can be summarized as follows: 

1) Proposing ROI-Based Shape-Prior Reconstruction as a post-processing 

refinement stage for YOLOv8n-seg fetal cerebellum ultrasound segmentation. 

2) Improving segmentation morphology without modifying the YOLOv8n-seg 

architecture. 

3) Evaluating the proposed method using DSC, IoU, HD95, and ASSD. 

4) Demonstrating modest, non-significant segmentation improvement over raw 

YOLOv8n-seg, with DSC increasing from 0.9282 to 0.9302, IoU from 0.8671 to 

0.8708, HD95 decreasing from 15.06 to 14.18, and ASSD decreasing from 5.38 to 

5.20. 
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2. RELATED WORK 

 

Numerous studies have focused on enhancing the quality of medical image segmentation 

techniques. These studies generally focus on the development of segmentation 

architectures, improvement of feature representation, boundary refinement, and 

anatomical shape modeling. This section discusses related studies on deep learning-

based ultrasound segmentation, YOLO-based segmentation, shape-aware segmentation, 

and shape-prior learning. 

 

2.1. Deep Learning-Based Medical Image Segmentation 

The development of deep learning continues to enhance the accuracy, robustness, and 

reliability of medical image segmentation methods [4], [5]. CNN-based architectures have 

increasingly become widely used approaches because they can learn spatial feature 

representations in complex medical images [4], [20]. U-Net is recognized as one of the 

most extensively utilized architectures, incorporating encoder and decoder with skip 

connections to maintain detailed spatial representations throughout the feature 

reconstruction stage [5], [20]. 

 

Various developments of U-Net have been carried out to achieve more accurate and 

reliable medical image segmentation [4], [5]. Attention U-Net improves segmentation 

performance by directing the feature extraction process toward anatomically significant 

regions while minimizing the influence of irrelevant background information [5], [11]. U-

Net++ introduces dense skip connections to improve multi-scale feature integration 

between the encoder and decoder [21]. Then, DeepLabV3+ improves feature extraction 

through atrous spatial pyramid pooling to enhance contextual feature extraction at 

various scales [22]. 

 

In addition to CNN-based architectures, transformer-based approaches have also begun 

to be widely adopted for medical image segmentation tasks [4], [12], [21]. Transformer 

allows the model to learn global relationships between image areas through the self-

attention mechanism, so it can capture broader context than conventional CNN [12], [21]. 

Several studies reported that the combination of CNN and transformer can improve 

segmentation performance in various medical applications [7], [12], [23]. 
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Although these various methods produce high overlap metrics, most of them still focus 

on pixel-level optimization without explicitly maintaining anatomical shape consistency 

[13], [24]. Several issues related to ultrasound image quality can cause unstable boundaries 

and inconsistent anatomical shapes [11], [18]. Thus, high DSC and IoU values do not always 

indicate good anatomical morphology quality in the segmentation results [11], [13], [24]. 

 

2.2. YOLO-Based Medical Image Segmentation 

In addition to conventional encoder-decoder architectures, YOLO-based models, You Only 

Look Once, have also begun to be used in medical image segmentation because they 

have high inference speed with relatively low computational complexity [8], [9]. 

Previously, YOLO was developed for real-time object detection, but recent developments 

allow the integration of pixel-level segmentation in one unified framework [8], [10]. This 

approach allows object localization and segmentation to be performed simultaneously, 

so it is more efficient than conventional segmentation approaches that require separate 

stages [8], [9], [10]. 

 

Various YOLO variants have been applied to the segmentation of organs, lesions, tumors, 

and anatomical regions in medical imaging data, including ultrasound images [8], [9], [10]. 

YOLO-based segmentation has advantages in computational efficiency, inference speed, 

and generalization ability for various object sizes [8], [25]. The relatively lightweight YOLO 

architecture is also suitable for real-time implementation and devices with limited 

computational resources [8], [25]. 

 

YOLOv8 is one of the latest generations of the YOLO family that supports segmentation 

natively through the integration of a detection head and a segmentation head in one 

model [8], [25]. YOLOv8 shows competitive segmentation performance with high 

inference efficiency [8], [9]. In medical ultrasound images, the ability to localize the region 

of interest (ROI) quickly makes YOLOv8 suitable for segmenting small anatomical 

structures with complex boundaries [9], [10], [26]. 

 

Nevertheless, YOLO-based segmentation still has several limitations in ultrasound images 

[8], [9]. The segmentation results are also still often influenced by noise, boundary 

fragmentation, discontinuous areas, and anatomical shape deformation due to low image 

quality [17], [18], [20]. Most YOLO-based segmentation studies still focus on feature 
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extraction, attention mechanism, and loss function optimization, while anatomical shape-

prior learning for segmentation refinement is still limited [8], [13], [26]. Therefore, an 

additional approach is needed to improve anatomical morphology consistency in YOLO-

based fetal cerebellum segmentation in ultrasound images [13], [20]. 

 

2.3. Shape-Aware and Boundary-Aware Segmentation 

To mitigate the inherent limitations of pixel-based segmentation, various studies have 

developed shape-aware and boundary-aware segmentation approaches to improve 

anatomical morphology quality [11], [13]. These approaches aim to maintain boundary 

continuity, smooth the segmentation shape, and reduce anatomical deformation in 

medical images with high noise [11], [13], [17], [18]. 

 

Several studies introduced boundary enhancement modules to improve the sharpness of 

segmentation edges through explicit boundary feature learning [11], [14]. Other 

approaches use contour-aware learning, edge-guided attention, and boundary loss to 

enhance the model's responsiveness toward anatomically meaningful boundary 

representations [14], [27]. In addition, several methods combine segmentation networks 

with active contour models, level-set refinement, or a Conditional Random Field (CRF)-

based post-processing strategy to produce smoother and more consistent segmentation 

boundaries [28]. 

 

On the other hand, shape-aware segmentation has begun to be developed by using shape 

constraints and anatomical priors during the training process [13], [15]. This approach aims 

to produce segmentation that remains consistent with valid anatomical structures [13], 

[15]. Several studies use statistical shape models, latent representation learning, and 

adversarial learning to learn the distribution of anatomical shapes in medical data [15], 

[29]. With shape constraints, the model is expected to reduce segmentation results that 

are morphologically unrealistic [13], [15]. 

 

Although these various approaches improve boundary quality and anatomical shape 

consistency, most of them still require complex supervised learning mechanisms and 

additional annotations or constraints during training [13], [15], [20]. In many cases, 

refinement also still depends on feature representation from the segmentation backbone 

without specifically learning anatomical shape-prior [8], [15], [30]. Therefore, a simpler but 
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still effective approach is needed to improve anatomical shape consistency in YOLO-

based ultrasound segmentation [20], [30]. 

 

2.4. Shape-Prior Learning 

Shape-prior learning is a developing approach in medical image analysis to learn 

anatomical shape representation [31]. This approach generally uses autoencoder or latent 

representation learning to learn the morphological distribution of objects based on 

binary segmentation masks [15], [31]. By learning shape representation in the latent space, 

the model can reconstruct more consistent anatomical structures and reduce shape 

deformation in the segmentation results [15], [31]. 

 

Autoencoder is widely used in shape-prior learning because it can compress anatomical 

shapes into low-dimensional latent representations and reconstruct them again through 

the decoding process [15], [31]. This approach is used to learn the structures of organs, 

blood vessels, brain tissues, and other biological structures [31], [32]. The learned shape-

prior representation allows the model to understand global morphological patterns so 

that it demonstrates greater robustness against noise-induced variations and local 

variations in images [15], [31], [32]. 

 

Several studies have integrated shape-prior learning with segmentation networks to 

improve the anatomical consistency of segmentation results [13], [15], [31]. However, most 

approaches still focus on conventional encoder-decoder-based segmentation and have 

not been widely applied to YOLO-based segmentation [8], [15], [33]. In addition, the 

majority of methods still use supervised or semi-supervised learning that requires 

additional constraints during the training process [13], [20]. Meanwhile, fetal cerebellum 

segmentation in ultrasound images with high speckle noise, unclear boundaries, and 

shape variation due to fetal position makes anatomical shape learning more difficult than 

other medical image modalities [18], [20].  

 

Based on these limitations, this study proposes an ROI-Based Shape-Prior Reconstruction 

approach for YOLO-based fetal cerebellum segmentation refinement. This study uses a 

convolutional autoencoder to learn the anatomical shape-prior of the cerebellum from 

ROI-based cropped binary masks. The learned shape-prior is then used to reconstruct 
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and improve YOLOv8n-seg segmentation results in the inference stage, producing 

anatomically plausible segmentation. 

 

3. PROPOSED METHOD 

 

This study proposes an ROI-Based Shape-Prior Reconstruction method to improve the 

morphological consistency of YOLOv8n-seg segmentation for fetal cerebellum 

ultrasound images. The overall workflow is shown in Figure 2. The proposed method 

consists of two stages: initial segmentation using YOLOv8n-seg and shape-prior 

reconstruction using a convolutional autoencoder. 

 

In the first stage, YOLOv8n-seg generates an initial binary cerebellum mask from the 

input ultrasound image. In the second stage, the raw mask is used to localize the 

cerebellum ROI, which is cropped with padding, resized to a fixed size, and reconstructed 

by the autoencoder to obtain a more anatomically consistent mask. The autoencoder was 

trained using ROI masks generated only from the training subset, while validation ROI 

masks were used only for monitoring and testing ROI masks were used only for final 

evaluation to prevent data leakage. 

 

 
Figure 2. Workflow of the proposed ROI-Based Shape-Prior Reconstruction method 
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During inference, the raw YOLOv8n-seg mask is cropped as an ROI, reconstructed by the 

trained autoencoder, resized, and restored to its original position to produce a refined 

cerebellum mask with improved boundary consistency and anatomical shape stability, 

without modifying the YOLOv8n-seg architecture. 

 

3.1. Dataset Preparation 

The dataset was obtained from a public Zenodo fetal head ultrasound repository [34]. A 

total of 294 transcerebellar-plane images with visible cerebellum regions were manually 

selected and annotated in LabelMe as binary masks, with the cerebellum as foreground 

and the remaining area as background. Low-quality images, unclear boundaries, and 

incomplete cerebellum appearances were excluded. Annotation was performed by one 

trained annotator experienced in fetal ultrasound image annotation and reviewed for 

mask completeness, boundary consistency, foreground-background labeling accuracy, 

and correspondence with the visible cerebellum region. The annotations were checked 

once after completion and were not independently repeated by additional annotators. 

No independent clinical adjudication or multi-annotator consensus was performed, which 

is acknowledged as a study limitation. 

 

The dataset was image-level split into 206 training, 59 validation, and 29 testing images 

using a 70:20:10 ratio, as shown in Table 1. Patient-level splitting was not possible because 

patient identifiers were unavailable, so potential patient-level overlap could not be fully 

excluded. The testing subset was excluded from all training processes, with random seed 

42 fixed for reproducibility. Images and masks were resized to 512 × 512 pixels for 

YOLOv8n-seg training, with augmentation applied only to training data using horizontal 

flipping, ±10° rotation, translation, and scaling. For the shape-prior autoencoder, 

cerebellum foreground ROIs were cropped with 20-pixel padding and resized to 128 × 128 

pixels using nearest-neighbor interpolation. 

 

Table 1. Dataset distribution used in this study 

Subset Number of Images Percentage (%) 

Training 206 70 

Validation 59 20 

Testing 29 10 
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3.2. YOLO-Based Fetal Cerebellum Segmentation 

YOLOv8n-seg was used as the segmentation backbone to generate the initial fetal 

cerebellum mask. This model was selected because it performs object localization and 

pixel-level segmentation simultaneously with efficient inference and relatively low 

computational complexity. 

 

A pretrained YOLOv8n-seg model was fine-tuned using transfer learning to improve 

convergence and training stability on the limited ultrasound dataset. All input images 

were resized to 512 × 512 pixels. During inference, the raw binary cerebellum mask 

produced by YOLOv8n-seg was used as the input for the subsequent shape-prior 

reconstruction stage. 

 

3.3. ROI-Based Shape-Prior Reconstruction 

To improve the morphological consistency of ultrasound segmentation results, this study 

proposes an ROI-Based Shape-Prior Reconstruction method using a convolutional 

autoencoder. This method learns the fetal cerebellum shape prior through binary mask 

reconstruction. 

 

The proposed autoencoder consists of an encoder, latent space, and decoder. The input 

is a 128 × 128 single-channel binary ROI mask. The encoder uses four convolutional blocks, 

each consisting of 3 × 3 convolution, batch normalization, ReLU activation, and 2 × 2 max-

pooling. The channels increase from 1 to 16, 32, 64, and 96, while the spatial size is reduced 

from 128 × 128 to 8 × 8. 

 

The encoded feature map is flattened into a 16-dimensional latent vector that represents 

the compact cerebellum shape prior. The decoder reconstructs the mask by projecting 

this vector back to an 8 × 8 × 96 feature map, followed by four upsampling blocks with 

2 × 2 upsampling, 3 × 3 convolution, batch normalization, and ReLU activation. The 

channels are reduced from 96 to 64, 32, 16, and 1. A sigmoid layer produces the probability 

map, which is binarized using a 0.5 threshold. 

 

Before training, ground-truth cerebellum masks from the training subset were cropped 

using a foreground bounding box with 20-pixel padding and resized to 128 × 128 using 

nearest-neighbor interpolation. The same ROI extraction was applied to validation and 
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testing data only for monitoring and final evaluation, and no testing ROI masks were 

used for training. The 16-dimensional latent space was used to obtain a compact 

anatomical representation, while the 20-pixel padding preserved boundary context 

during cropping. 

 

 
Figure 3. Architecture of the proposed convolutional autoencoder 

 

In the encoding stage, the input binary mask x is mapped into a latent representation: 

 

                                                         	𝑧 = 𝐸(𝑥)  (1) 
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where x is the input binary cerebellum mask, E(x) is the encoder function, and z is the 

latent vector. 

 

The latent vector is then decoded to reconstruct the cerebellum mask: 

 

                                                         𝑀!"#$ = 𝐷(𝑧) (2) 

 

where D(z) is the decoder function, and Mprob is the reconstructed probability map. Since 

the decoder output uses sigmoid activation, each pixel value ranges from 0 to 1. 

 

The reconstructed probability map is then converted into a binary mask using a threshold 

of 0.5. Pixels with values greater than or equal to 0.5 are assigned as cerebellum 

foreground, while pixels below 0.5 are assigned as background. This thresholding process 

is written as: 

 

                                𝑀$%&(𝑖) = 1, if	𝑀!"#$(𝑖) ≥ 0.5, and	0	otherwise (3) 

 

where Mprob(i) is the probability value of pixel i, and Mbin(i) is the final binary reconstructed 

mask. 

 

To maintain the reconstruction quality of the anatomical shape, the proposed model was 

optimized using BCE-Dice loss. BCE loss is used to optimize pixel-wise reconstruction 

accuracy [35]: 

 

               𝐿!"# = − $
%
∑ [𝑥& ⋅ log	(𝑀𝑝𝑟𝑜𝑏(𝑖)) + (1 − 𝑥&) ⋅ log(1 −𝑀𝑝𝑟𝑜𝑏(𝑖))]%
&'$  (4) 

 

where xi denotes the ground-truth pixel value, Mprob(i) is the reconstructed probability 

value, and N is the total number of pixels. 

 

Dice loss is used to preserve anatomical overlap consistency [35]: 

 

                            𝐿!"#$ = 1 − %⋅∑ (+⋅,
+-. )/012("),-

∑ (+,
+-. 	,	∑ )/012("),-,

+-.
                        (5) 
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where 𝜖 is a small constant used to avoid division by zero. The total loss is defined as: 

 

                                                𝐿/0123 = 𝐿456 + 𝐿!"#$ (6) 

 

The combination of BCE loss and Dice loss allows the autoencoder to maintain pixel-level 

reconstruction accuracy and anatomical shape consistency. By learning the cerebellum 

shape distribution in the latent space, the autoencoder produces a reconstructed mask 

that is more morphologically stable and less sensitive to local boundary noise. 

 

3.4. ROI-Based Shape-Prior Reconstruction During Inference 

The inference stage integrates YOLOv8n-seg-based initial segmentation with shape-prior 

reconstruction to produce an anatomically stable refined segmentation mask. The 

reconstruction flow is shown in Figure 4. 

 

 
Figure 4. ROI-based shape-prior reconstruction process during inference 
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In Step 1, the ultrasound image is processed using YOLOv8n-seg to produce the raw 

cerebellum segmentation mask. The initial output is a binary mask that represents the 

predicted cerebellum foreground area. 

 

In Step 2, ROI localization is performed using a foreground mask-based bounding box. 

The bounding box is determined from the foreground pixel coordinates of the raw 

segmentation mask and is expressed as: 

 

                                              𝐵𝐵𝑜𝑥 = (𝑥$, 𝑦$, 𝑥(, 𝑦() (7) 

 

where BBox denotes the ROI bounding box, (𝑥3, 𝑦3) is the upper-left coordinate, and 

(𝑥4, 𝑦4) is the lower-right coordinate. 

 

If the YOLOv8n-seg output produced an empty mask or no foreground pixels were 

detected, ROI extraction was not performed and the image was treated as a failed 

segmentation case. For poor or noisy masks, the largest connected component was 

retained before bounding box extraction, while very small components were removed to 

avoid unstable ROI generation. This procedure ensured that the autoencoder received a 

valid ROI mask for shape-prior reconstruction. 

 

In Step 3, the bounding box is expanded using 20-pixel padding to preserve anatomical 

context around the cerebellum. The padded bounding box is written as: 

 

                          𝐵𝐵𝑜𝑥)*++&,- = (𝑥$ − 𝑝, 𝑦$ − 𝑝, 𝑥( + 𝑝, 𝑦( + 𝑝) (8) 

 

where 𝑝 is the number of padding pixels, and 𝐵𝐵𝑜𝑥!566%&7 is the bounding box after 

padding addition. 

 

In Step 4, ROI cropping is performed based on the padded bounding box. The cropped 

ROI mask is then resized to 128 × 128 pixels in Step 5 using nearest-neighbor interpolation 

to preserve binary values. 

 

In Step 6, the resized ROI mask is entered into the shape-prior autoencoder. The 

reconstruction process is written as: 
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                                              𝑀!"#$ = 𝐷𝑒𝑐(𝐸𝑛𝑐(𝑀89:)) (9) 

 

where 𝑀89: is the ROI mask from YOLOv8n-seg segmentation, 𝐸𝑛𝑐 is the encoder,  𝐷𝑒𝑐 

is the decoder, and 𝑀!"#$ is the reconstructed probability map. 

 

The reconstructed probability map is converted into a binary mask using the same 

threshold of 0.5: 

                                𝑀$%&(𝑖) = 1, if	𝑀!"#$(𝑖) ≥ 0.5, and	0	otherwise  (10) 

 

where 𝑀$%&(𝑖) is the binary reconstructed ROI mask at pixel i. 

 

In Step 7, the binary reconstructed ROI mask is resized back to its original ROI size and 

placed into its original position in the full-size image canvas. This reconstructed mask is 

used as the refined segmentation result. Compared with the raw YOLOv8n-seg output, 

the reconstructed result has a more stable boundary and better anatomical shape 

consistency. 

 

The proposed approach performs reconstruction based on the anatomical shape 

distribution learned in the latent space. Therefore, the final segmentation result has a 

more stable boundary while maintaining the anatomical shape consistency of the 

cerebellum in ultrasound images. 

 

3.5. Experimental Setup 

All experiments were implemented in Python using PyTorch and Ultralytics YOLOv8, and 

were accelerated using a CUDA-enabled NVIDIA GeForce RTX 4070 GPU. The software 

environment included Python 3.13.2, PyTorch 2.5.1, and Ultralytics 8.3.102. A fixed random 

seed of 42 was used for dataset splitting and training configuration to support 

reproducibility. 

 

In the segmentation stage, a pretrained YOLOv8n-seg was used as the backbone. All 

images were resized to 512 × 512 pixels. The model was trained for 300 epochs with a 

batch size of 16 using AdamW optimizer, a learning rate of 1 × 10⁻⁴, weight decay of 1 × 

10⁻⁴, and a cosine learning rate scheduler. 
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In the ROI-Based Shape-Prior Reconstruction stage, the convolutional autoencoder was 

trained using ROI binary cerebellum masks generated from foreground mask-based 

cropping. To prevent data leakage, only ROI masks from the training subset were used 

for training, while validation data were used only for monitoring and testing data only 

for final evaluation. All ROI masks were resized to 128 × 128 pixels. The autoencoder was 

trained for 200 epochs with a batch size of 16 using Adam optimizer, a learning rate of 1 

× 10⁻³, and hybrid BCE–Dice loss. 

 

A latent dimension of 16 was used to balance compact shape representation and stable 

reconstruction, preserving global cerebellum morphology while reducing pixel-level noise. 

A 20-pixel ROI padding preserved boundary context and minimized contour truncation 

during cropping, especially for irregular raw YOLOv8n-seg masks. 

 

All main training hyperparameters, including image size, batch size, learning rate, 

optimizer, number of epochs, latent dimension, ROI size, and ROI padding, were fixed 

before the final evaluation and were not extensively tuned on the testing subset. 

Segmentation metrics were calculated using Python-based implementations with NumPy 

2.0.2, OpenCV 4.13.0, and SciPy 1.16.3 distance-transform functions. 

 

3.6. Evaluation Metrics 

This study employs overlap-based and boundary-based metrics to assess the 

segmentation quality.  

 

Dice Similarity Coefficient (DSC) measures the overlap between the segmentation mask 

and the ground truth mask [36]: 

 

                                                         𝐷𝑆𝐶 = %|8∩:|
|8|,|:|

 (11) 

 

where P denotes the predicted segmentation area and G denotes the ground truth mask. 

 

Intersection over Union (IoU) measures the ratio between the intersection and union 

areas of the prediction and ground truth [36]: 
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                                                            𝐼𝑜𝑈 = |8∩:|
|8∪:|

  (12) 

 

Hausdorff Distance 95% (HD95) evaluates boundary accuracy using the 95th-percentile 

Hausdorff distance between the predicted and ground-truth contours [36]: 

 

                 𝐻𝐷;<(𝑃, 𝐺) = max	J𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑖𝑙𝑒;<N𝑑(𝑃, 𝐺)P, 𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑖𝑙𝑒;<(𝑑(𝐺, 𝑃))Q  (13) 

 

where d(P, G) represents the boundary distance between the prediction result and the 

ground truth. 

 

Average Symmetric Surface Distance (ASSD) measures the average symmetric distance 

between the predicted and ground-truth boundaries [37]: 

 

                                     𝐴𝑆𝑆𝐷(𝑃, 𝐺) =
∑ <(=,:),∑ <(?,8)=>?/>@

|8|,|:|
  (14) 

 

mAP50 and mAP50-95 are used to evaluate the YOLOv8n-seg segmentation 

performance. mAP50 measures average precision at an IoU threshold of 0.5, while 

mAP50-95 computes the mean average precision across IoU thresholds from 0.5 to 0.95 

[8], [9]. 

 

4. RESULTS AND DISCUSSION 

 

4.1. Training Performance Analysis 

In this study, the training process was conducted in two main stages, namely training the 

YOLOv8n-seg segmentation model as the initial segmentation and training the 

convolutional autoencoder for ROI-Based Shape-Prior Reconstruction. Training 

performance evaluation was performed to analyze the convergence stability of the 

model, segmentation quality, and the ability to learn shape-prior representations during 

the training process. 
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4.1.1. YOLOv8n-seg Training Performance 

Figure 5 presents the YOLOv8n-seg training curves, including training segmentation loss, 

validation mAP50-95, and the learning rate schedule. The segmentation loss decreased 

steadily during training, while validation mAP50-95 remained stable in the final epochs, 

indicating consistent segmentation performance on the validation data. The cosine 

learning rate scheduler also supported stable optimization and model convergence. 

 

The best checkpoint was selected based on validation Dice score to ensure optimal 

anatomical segmentation quality during inference. As shown in Figure 6, validation Dice 

increased in the early training stage and then stabilized. The best checkpoint was 

obtained at epoch 64 with a Dice score of 0.9321 and was used for all inference and 

evaluation processes. 

 

 
Figure 5. Training performance curves of YOLOv8n-seg 

 

 
Figure 6. Validation Dice-based checkpoint selection during YOLOv8n-seg training 
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4.1.2. ROI-Based Shape-Prior Reconstruction Training Performance 

In addition to YOLOv8n-seg training, this study also trained ROI-Based Shape-Prior 

Reconstruction using a convolutional autoencoder to learn the anatomical shape 

distribution of the cerebellum from ROI binary masks. The learning process was 

performed using anatomical mask representations obtained from foreground region-

based cropping. Training evaluation was performed to analyze model convergence 

stability and anatomical shape reconstruction quality on validation data. 

 

Figure 7 shows the training and validation loss curves of the reconstruction module. Both 

losses decreased and stabilized with a small gap, indicating stable convergence, 

consistent cerebellum shape learning, and no significant overfitting during ROI-based 

morphology reconstruction. 

 

 
Figure 7. Training loss curves of the proposed shape-prior reconstruction autoencoder 
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Figure 8. Training and validation Dice performance during ROI-Based Shape-Prior 

Reconstruction 

 

Anatomical reconstruction performance was evaluated using Dice during training. As 

shown in Figure 8, training and validation Dice increased consistently and stabilized in 

the final stage, indicating that the autoencoder maintained cerebellum shape consistency 

during mask reconstruction. The best validation Dice reached 0.9915, with a validation 

IoU of 0.9831, showing very high morphological reconstruction quality. Table 2 

summarizes the best ROI-Based Shape-Prior Reconstruction performance. The model 

achieved a validation Dice of 0.9915, validation IoU of 0.9831, and final validation loss of 

0.0316, indicating high anatomical reconstruction accuracy, low reconstruction error, and 

stable optimization. The combined BCE-Dice loss also helped balance pixel-level accuracy 

and anatomical structure consistency during learning. 

 

To further evaluate the reconstruction capability of the proposed autoencoder, test-set 

ROI mask reconstruction was also assessed independently using ground-truth ROI masks. 

In this evaluation, the ground-truth cerebellum mask from each test image was cropped 

using the foreground ROI, resized to 128 × 128 pixels, reconstructed by the trained 

autoencoder, and compared with the corresponding normalized ground-truth ROI mask. 

As shown in Table 3, the autoencoder achieved a test reconstruction Dice of 0.9869 ± 

0.0050 and an IoU of 0.9743 ± 0.0096, with low boundary errors indicated by an HD95 of 

1.31 ± 0.46 and an ASSD of 0.55 ± 0.15. These results indicate that the autoencoder can 
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reconstruct normalized fetal cerebellum ROI masks with high morphological consistency. 

However, this performance reflects reconstruction quality in ROI space, while the final 

full-image segmentation performance still depends on YOLOv8n-seg mask quality, ROI 

localization, and paste-back alignment. 

 

Table 2. Best training performance of ROI-Based Shape-Prior Reconstruction 

Metric Best Value 

Validation Dice 0.9915 

Validation IoU 0.9831 

Final Validation Loss 0.0316 

 

 

Table 3. Test-set reconstruction performance of the ROI-Based Shape-Prior 

Reconstruction autoencoder 

Metric Test reconstruction performance (mean ± std) 

DSC 0.9869 ± 0.0050 

IoU 0.9743 ± 0.0096 

HD95 1.31 ± 0.46 

ASSD 0.55 ± 0.15 

 

4.2. Quantitative Segmentation Performance 

Segmentation performance was evaluated by comparing raw YOLOv8n-seg and 

reconstructed masks using overlap- and boundary-based metrics. Per-image mean ± 

standard deviation was reported, followed by paired statistical analysis using the Shapiro-

Wilk normality test and either paired t-test or Wilcoxon signed-rank test. In addition, per-

image distributions of DSC, IoU, HD95, and ASSD on the testing subset were analyzed 

using boxplots to illustrate performance variability across test images, as shown in Figure 

9. Inference efficiency was also evaluated using inference time in milliseconds per image 

and frames per second (FPS) to assess the computational impact of the reconstruction 

stage. 

 

Based on Table 4, the proposed method slightly improved YOLOv8n-seg performance, 

with higher DSC and IoU and lower HD95 and ASSD, indicating better overlap and 
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boundary consistency without modifying the YOLOv8n-seg architecture. In addition, 

based on YOLO validation, mAP50 remained stable, while mAP50-95 increased from 

0.8538 to 0.8600. However, paired statistical analysis showed that these improvements 

were not statistically significant for DSC, IoU, HD95, and ASSD, while inference time 

increased from 16.08 ± 8.43 ms/image to 24.16 ± 13.18 ms/image, corresponding to an 

additional processing cost of 8.09 ms/image. Consistently, FPS decreased from 68.25 ± 

12.93 to 46.03 ± 10.23 due to the additional reconstruction stage. To quantify this cost, 

the ROI-Based Shape-Prior Reconstruction module was evaluated using parameter count, 

MACs, and FLOPs; since the autoencoder processes only a compact 1 × 128 × 128 ROI 

binary mask rather than the full ultrasound image, the additional computational burden 

remains limited to localized reconstruction. 

 

Table 4. Per-image quantitative comparison and paired statistical analysis on the 

testing subset 

Metric 
YOLOv8n-seg 

(mean ± std) 

Proposed 

Method  

(mean ± std) 

Mean 

Difference 
95% CI p-value 

DSC 0.9282 ± 0.0256 0.9302 ± 0.0285 +0.0020 [-0.0012, 0.0052] 0.2160 

IoU 0.8671 ± 0.0436 0.8708 ± 0.0487 +0.0037 [-0.0017, 0.0092] 0.1734 

HD95 15.06 ± 6.84 14.18 ± 6.11 −0.88 [-2.01, 0.25] 0.1221 

ASSD 5.38 ± 2.30 5.20 ± 2.32 −0.18 [-0.45, 0.09] 0.1835 

Inference Time 

(ms/image) 
16.08 ± 8.43 24.16 ± 13.18 +8.09 [5.84, 10.33] <0.0001 

FPS 68.25 ± 12.93 46.03 ± 10.23 −22.22 [-26.04, -18.40] <0.0001 

 

Table 5. Computational complexity of the ROI-Based Shape-Prior Reconstruction 

module 

Component Input Size Total Parameters Trainable Parameters MACs FLOPs 

Autoencoder 1 × 128 × 128 770,113 770,113 422.23 M 844.46 M 

 

Table 5 shows that the ROI-Based Shape-Prior Reconstruction autoencoder has 770,113 

trainable parameters, or about 0.77M, with 422.23M MACs and 844.46M FLOPs for a 1 × 

128 × 128 ROI binary mask input. This indicates that the module is lightweight, with 

localized and manageable computational cost because refinement is performed only at 

the ROI level rather than on the full ultrasound image. Although the improvements were 
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not statistically significant, they remain practically relevant for boundary refinement, as 

the method mainly corrects local contour irregularities. These changes are more evident 

in HD95 and ASSD than in DSC and IoU, because overlap metrics are dominated by 

foreground area, while boundary metrics are more sensitive to contour displacement. 

 

 
Figure 9. Boxplot distribution of per-image DSC, IoU, HD95, and ASSD on the testing 

subset 

The boxplots show the per-image distribution of overlap- and boundary-based metrics 

across the test images. DSC and IoU represent segmentation overlap variability, while 

HD95 and ASSD reflect boundary error variability. Overall, the reconstructed masks show 

a distribution pattern similar to raw YOLOv8n-seg outputs, with slight improvements in 

overlap and boundary metrics across several cases. 

 

4.3. Ablation Study 

An ablation study was conducted to evaluate the contribution of each component. 

YOLOv8n-seg was used as the baseline with three variants: ROI cropping only, 

autoencoder without ROI, and the full proposed method combining ROI localization and 

shape-prior reconstruction. 
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Table 6. Ablation study of the proposed reconstruction components 

Method DSC IoU HD95 ASSD 
Inference 

Time 

(ms/image) 

YOLOv8n-seg 0.9282 ± 0.0256 0.8671 ± 0.0436 15.06 ± 6.84 5.38 ± 2.30 16.08 ± 8.43 

YOLOv8n-seg + ROI 

cropping (resizing only) 
0.9286 ± 0.0281 0.8679 ± 0.0478 14.75 ± 6.23 5.23 ± 2.21 19.78 ± 9.80 

YOLOv8n-seg + 

Autoencoder 
0.9151 ± 0.0294 0.8448 ± 0.0487 48.52 ± 128.13 10.46 ± 18.34 21.74 ± 8.77 

Full Proposed Method 0.9302 ± 0.0285 0.8708 ± 0.0487 14.18 ± 6.11 5.20 ± 2.32 24.16 ± 13.18 

 

The ROI cropping-only variant was used to verify whether improvement came merely 

from cropping and resizing rather than reconstruction. As shown in Table 6, the full 

proposed method achieved the best overall performance, especially in boundary-based 

metrics, indicating that ROI localization and autoencoder-based shape-prior 

reconstruction jointly improve morphological consistency. 

 

The autoencoder-only variant without ROI worsened HD95 because reconstruction was 

not guided by localized foreground normalization, making it sensitive to mask position, 

scale variation, and background-dominated regions. 

 

4.4. Comparative Evaluation with Existing Segmentation Methods 

The proposed method was compared with Attention U-Net, U-Net, U-Net++, DeepLabV3+, 

and YOLOv8n-seg using the same dataset split, preprocessing, image size, augmentation, 

and testing subset, as shown in Table 7. All comparison models were trained using 

pretrained initialization and fine-tuned on the same training subset, with identical 

validation and testing splits, preprocessing, augmentation strategy, evaluation protocol, 

and comparable training budgets. Hyperparameters were fixed consistently across 

comparison models where applicable, and no extensive model-specific tuning was 

performed. The proposed method achieved the best DSC, IoU, HD95, and ASSD in this 

experimental setting, indicating better overlap quality, boundary stability, and anatomical 

consistency on the tested subset. Although Attention U-Net, U-Net, and U-Net++ achieved 

acceptable overlap results, their boundary errors remained higher in noisy ultrasound 

images, while DeepLabV3+ still underperformed YOLOv8n-seg and the proposed method. 

Overall, ROI-Based Shape-Prior Reconstruction further improves YOLOv8n-seg, especially 

in boundary consistency and morphology preservation. 
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Table 7. Comparative quantitative performance evaluation among segmentation 

methods 

Method DSC IoU HD95 ASSD 

Attention U-Net 0.8656 0.8104 31.97 8.56 

U-Net 0.8746 0.8200 18.54 5.68 

U-Net++ 0.8775 0.8256 24.94 8.10 

DeepLabV3+ 0.8897 0.8283 24.35 6.65 

YOLOv8n-seg 0.9282 0.8671 15.06 5.38 

Proposed Method 0.9302 0.8708 14.18 5.20 

 

4.5. Qualitative Visualization Analysis 

Qualitative visualization compared raw YOLOv8n-seg and reconstructed masks based on 

boundary alignment, anatomical consistency, and overlay results. Figures 10 and 11 show 

that YOLOv8n-seg localizes the cerebellum well but still produces unstable boundaries, 

while ROI-based shape-prior reconstruction yields smoother and more anatomically 

consistent masks, with clearer boundary improvements in moderate and difficult cases 

involving varying boundary clarity, contrast, artifacts, and deformation. Figure 12 further 

shows that Attention U-Net, U-Net, U-Net++, and DeepLabV3+ suffer from fragmentation, 

deformation, and boundary instability, whereas the proposed method produces smoother, 

more compact, and anatomically consistent fetal cerebellum segmentation. However, 

failures occurred when the initial YOLOv8n-seg mask was severely mislocalized, 

incomplete, or highly distorted, because the reconstruction depends on the ROI extracted 

from the raw mask; inaccurate localization may cause imperfect cropping and preserve 

or amplify the initial error. Thus, the module improves morphology when the initial ROI 

is reasonably localized but cannot fully recover severe localization failures. Another 

limitation is that the autoencoder learns the dominant training-mask shape distribution 

and may reconstruct a more average cerebellum shape, potentially smoothing or 

suppressing abnormal morphology or rare anatomical variations. Therefore, this method 

should be interpreted as a boundary-refinement approach, not evidence of clinical 

validity, especially without external validation and abnormal-case evaluation. 
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Figure 10.  Qualitative comparison of fetal cerebellum ultrasound segmentation results. 

(A) Original ultrasound image, (B) raw YOLOv8n-seg mask, (C) overlay 

comparison between ground truth (green) and raw YOLOv8n-seg prediction 

(red), (D) reconstructed mask using ROI-Based Shape-Prior Reconstruction, (E) 

overlay comparison between ground truth (green) and reconstructed 

segmentation (red), (F) final reconstructed segmentation visualization on the 

original ultrasound image. 
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Figure 11.  Qualitative comparison of fetal cerebellum segmentation under different 

difficulty levels: easy, moderate, and difficult cases. Each row shows the 

original ultrasound image, ground-truth mask, raw YOLOv8n-seg prediction, 

reconstructed segmentation result, and overlay comparison. 
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Figure 12.  Qualitative comparison among segmentation methods on fetal cerebellum 

ultrasound images. (A) Original ultrasound image, (B) ground-truth mask, (C) 

Attention U-Net, (D) U-Net, (E) U-Net++, (F) DeepLabV3+, and (G) Proposed ROI-

Based Shape-Prior Reconstruction. 

 

4.6. Discussion 

The results show that integrating YOLOv8n-seg with ROI-Based Shape-Prior 

Reconstruction improves fetal cerebellum segmentation quality. DSC increased from 

0.9282 to 0.9302 and IoU from 0.8671 to 0.8708, although the gains were small and not 

statistically significant because the YOLOv8n-seg baseline was already high. The main 

improvement is clearer in boundary metrics, with HD95 decreasing from 15.06 to 14.18 

and ASSD from 5.38 to 5.20. This indicates better boundary consistency, as the shape-

prior autoencoder reduces local irregularities, protrusions, and fragmented regions by 

reconstructing ROI masks based on learned cerebellum shape distributions. 

 

The high autoencoder validation performance should be interpreted carefully because it 

was trained and validated on normalized ROI binary masks, not full ultrasound images. 

Thus, its validation Dice mainly reflects reconstruction ability in ROI space, while final 

test performance depends on the full pipeline, including YOLOv8n-seg localization, raw 

mask quality, ROI extraction, reconstruction, and paste-back alignment. The 
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reconstruction stage increases inference time compared with YOLOv8n-seg alone, from 

16.08 ms/image to 24.16 ms/image, corresponding to an additional processing cost of 8.09 

ms/image. However, the module remains lightweight with approximately 0.77 million 

trainable parameters and operates only on a 128 × 128 cropped binary mask, limiting the 

added cost to ROI-level refinement. 

 

Compared with conventional encoder-decoder methods, the proposed method benefits 

from strong YOLOv8n-seg localization and shape-prior reconstruction for improved 

morphological consistency. Unlike boundary-aware methods, it does not require explicit 

boundary annotation or an additional boundary supervision branch. Unlike shape-aware 

segmentation networks, it does not modify the main segmentation backbone or impose 

shape constraints during YOLOv8n-seg training. Compared with autoencoder-based 

refinement methods, its ROI-based design allows the autoencoder to focus on the 

cerebellum while reducing background influence. 

 

However, several limitations remain. Shape-prior reconstruction may introduce over-

smoothing, which can reduce fragmented masks and irregular contours but may also 

remove subtle anatomical boundary variations. Since the shape prior was learned from 

294 images, it may not fully represent broader cerebellum variability across gestational 

age, scanner settings, fetal position, operator differences, or abnormal cases. The method 

also depends on the initial YOLOv8n-seg prediction; incorrect localization or severely 

distorted masks may cause ROI cropping errors that the autoencoder cannot fully 

recover. 

 

The clinical relevance should also be interpreted cautiously. Although the proposed 

method improves segmentation quality and boundary consistency, this study did not 

directly evaluate biometric measurement accuracy, such as transverse cerebellar 

diameter. Therefore, the findings indicate improved segmentation performance rather 

than direct evidence of improved clinical measurement accuracy. Future work should 

include external validation, abnormal cerebellum cases, multi-operator annotation 

analysis, direct biometric measurement evaluation, and real-time deployment testing in 

clinical ultrasound workflows. 
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4.7. Limitations 

This study has several limitations. The dataset is relatively small, consisting of 294 fetal 

ultrasound images from a single public source, without external validation. The study also 

focuses only on one anatomical object, namely the fetal cerebellum. In addition, 

annotation bias may exist because fetal cerebellum boundaries in ultrasound images are 

often ambiguous, and the reconstruction stage depends on the initial YOLOv8n-seg 

localization quality. Patient-level splitting also could not be performed because patient 

identifiers were unavailable, so potential patient-level overlap across subsets could not 

be fully excluded. 

 

The shape-prior autoencoder may over-smooth reconstructed masks and may not fully 

preserve abnormal or atypical cerebellum morphology because it was learned from a 

limited dataset. This study also evaluated segmentation quality only, without directly 

assessing biometric measurement accuracy or real-time clinical deployment. Therefore, 

further studies are needed using larger multi-center datasets, abnormal cases, multi-

operator annotations, biometric measurement evaluation, and real-time clinical testing. 

 

5. CONCLUSION 

 

This study proposed an ROI-Based Shape-Prior Reconstruction method to refine 

YOLOv8n-seg segmentation outputs for fetal cerebellum ultrasound images. Under the 

tested dataset and experimental protocol involving 294 fetal ultrasound images, the 

proposed method improved DSC from 0.9282 to 0.9302, IoU from 0.8671 to 0.8708, HD95 

from 15.06 to 14.18, and ASSD from 5.38 to 5.20 compared with raw YOLOv8n-seg 

segmentation. These results indicate that the main benefit of the proposed method is 

more evident in boundary-based metrics than in overlap-based metrics, although the 

improvements were modest and not statistically significant. However, the findings should 

be interpreted within the scope of the evaluated dataset, since this study used a single 

public dataset and did not perform external validation. Therefore, clinical applicability 

cannot be concluded at this stage. Future work will focus on validation using larger multi-

center datasets, cross-site evaluation, abnormal and difficult ultrasound cases, multi-

operator annotation analysis, direct biometric measurement evaluation, robustness 

testing under poor image quality, and real-time inference evaluation. 
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