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Abstract—Face segmentation is crucial for various facial 

analysis tasks. Although significant advancements have been 

made in deep learning-based 2D face segmentation, detailed 

part segmentation of 3D faces from point clouds remains 

largely unexplored due to annotation difficulties and high 

computational costs. In this paper, we propose an efficient 

approach for 3D facial part segmentation. Employing an 

efficient transformer-based model, we introduce two 

parameter-free lightweight modifications to improve 

accuracy without sacrificing computational speed: SimAM 

(Simple Attention Module), an attention module for salient 

feature enhancement, and BACE (Boundary Aware Cross 

Entropy), a boundary-aware loss function utilizing frozen 

sparse convolution with no learnable parameters. We 

evaluate our method on a private facial dataset that includes 

complex geometries, such as cleft lip deformities and various 

facial expressions. The experimental results demonstrate that 

SimAM and BACE work together to handle these 

complexities, leading to a statistically significant 

improvement. Furthermore, we validate the generalizability 

of the proposed modules using a dataset of 3D objects. Our 

method yields performance improvements for generic 3D 

objects when evaluated via per-sample mIoU to prevent 

unfair penalties from absent classes. In conclusion, 

integrating SimAM and BACE provides an effective and 

practical approach to boosting 3D part segmentation 

performance with minimal computational overhead.   

 

Keywords—3D point cloud, part segmentation, lightweight 

modules, boundary aware loss, cleft lip 

 

I. INTRODUCTION 

Face segmentation is a technique that divides a face 

image into fine-grained regions, such as the nose, eyes, and 

mouth. Due to its wide range of applications, including 

facial expression recognition, head pose estimation, and 

facial landmark detection, it has received a great deal of 
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attention in the field of computer vision. Because of the 

impressive performance of deep learning methods in 

numerous image processing tasks, various deep  

learning-driven approaches for face segmentation have 

emerged in recent years [1]. 

Training deep learning models in a supervised manner 

requires large-scale datasets with precise ground truth 

annotations. The recent public availability of numerous 2D 

facial image datasets has facilitated extensive research in 

2D face segmentation using deep learning. On the other 

hand, to the best of our knowledge, the detailed part 

segmentation of 3D faces remains largely unexplored. This 

is primarily due to the high cost and difficulty of 

annotating facial parts in 3D data. However, since many 

researchers are focusing on 3D face recognition [2], 3D 

face segmentation is an important area that warrants 

further exploration. 

In our previous work [3], we presented a new approach 

to facial part segmentation using 3D point cloud data. This 

approach was based on two main strategies: (1) creating a 

large-scale synthetic dataset with detailed pseudo-labels 

using 2D images, and (2) pre-training a model on this 

synthetic dataset, followed by fine-tuning on our  

small-scale private dataset. In this paper, we introduce two 

lightweight modifications, a parameter-free attention 

module and a boundary-aware loss function, to the model 

used in our previous work, and evaluate its performance. 

Although our primary focus is on 3D face segmentation, 

we also test our modifications on another generic 3D 

object dataset to validate their generalizability and 

effectiveness.  

Our main contributions are summarized as follows: 

(1) We propose a lightweight training strategy integrating 

parameter-free modules into PTv3 [4]. This approach 

effectively compensates for the baseline’s inherent 
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weakness in capturing fine-grained local geometries 

without compromising its extreme computational 

efficiency. 

(2) We formulate BACE (Boundary Aware Cross 

Entropy), a parameter-free loss function utilizing a 

frozen sparse convolution. Unlike conventional 

methods, it eliminates the need for computationally 

expensive distance calculations or complex  

sub-networks. 

(3) We validate the proposed framework on both a  

real-world clinical facial dataset and a generic 3D 

object dataset, demonstrating its architectural 

generalizability. 

The rest of this paper is organized as follows: in 

Section II, we provide a literature review in detail, 

including face recognition and segmentation. Section III 

describes our proposed method. Section IV presents 

experimental results and discussion. Section V presents the 

conclusions. 

II. LITERATURE REVIEW 

A. 3D Face Recognition 

Just as precise face segmentation is fundamental to 

many 2D face analysis tasks [2], it also plays a crucial role 

in 3D face recognition. For instance, 3D face segmentation 

can be used for facial landmark detection [5], face 

matching [6], estimation of gender, ethnicity and age [7], 

and facial expression recognition [8, 9]. Furthermore, our 

research group has proposed methods for facial symmetry 

analysis using 3D point cloud data [10, 11]. Our work has 

focused on clinical analysis for patients with cleft lips, and 

similar studies can be found in Refs. [12, 13]. These 

methods are important for improving surgical planning 

and assessment of cleft lip repair surgeries, which 

enhances the quality of life of patients. Currently, we are 

working on face segmentation from 3D point cloud data to 

create a more detailed, reliable facial analysis system. 

B. Face Segmentation 

In recent years, there have been significant 

advancements in deep learning-based 2D face 

segmentation, largely due to public datasets such as 

HELEN [14], FASSEG [15], and LaPa [16]. These 

datasets provide extensive collections of facial images 

alongside their corresponding ground truths. For instance, 

LaPa contains over 22,000 images, each of which is 

accompanied by an 11-category semantic label map. This 

rich information allows for highly effective face parsing 

based on deep learning [17, 18].  

Recently, several facial 3D datasets have become 

publicly available, including KinectFaceDB [19] and 

FaceScape [20]. These datasets offer a range of facial 

expressions, along with supplementary information such 

as the positions of facial landmarks. However, unlike the 

2D datasets discussed above, these datasets lack ground 

truth annotations of facial parts. To address this limitation, 

we introduced 3DDFA-V3 (3D Dense Face Alignment  

V3 [21]) in our previous work [3]. This method 

reconstructs 3D faces from 2D images. Each point in the 

reconstructed 3D data is automatically assigned one of 

eight categorical labels: “Face”, “Nose”, “Left Eyebrow”, 

“Right Eyebrow”, “Left Eye”, “Right Eye”, “Upper Lip” 

and “Lower Lip”. While these pseudo-labels may not 

always be perfectly accurate (e.g., the lip contours often 

deviate from the strict anatomical definition of the 

vermilion), they are highly effective as synthetic data for 

pre-training a deep learning model to learn global facial 

geometry. 

C. Point Cloud Segmentation 

As previously mentioned, we use point cloud 

representation to capture 3D facial geometry. Point clouds 

are commonly used to describe surface geometry and 

environments in scenes. They are also applied to object 

classification, environment mapping, and obstacle 

detection in robotics [22]. The most well-known point 

cloud segmentation datasets include S3DIS [23] and 

SemanticKITTI [24], which provide large-scale indoor 

and outdoor scenes, respectively. This highlights the fact 

that the mainstream focus of point cloud segmentation has 

been on recognizing the environment at the scene level for 

autonomous control, leaving relatively unexplored  

fine-grained tasks like deep learning-based 3D face 

segmentation. Furthermore, while recent advancements 

have explored integrating explicit boundary-prediction 

modules or boundary-specific decoding branches into 

transformer architectures to learn more distinct edges (e.g., 

EASE [25], PuzzleNet [26]), these modifications often 

increase computational overhead. In contrast, our 

proposed framework takes a decoupled strategy, injecting 

boundary awareness through a parameter-free loss 

function without altering the efficient backbone 

architecture. 

III. MATERIALS AND METHODS 

A. Method 

In clinical applications where computational resources 

are often limited, models must achieve high accuracy 

while maintaining low computational costs. Therefore, we 

select PTv3 (Point Transformer V3) [4] as our baseline 

architecture for face segmentation from 3D point clouds. 

As emphasized in their work [4], PTv3 has overcome the 

trade-off between accuracy and efficiency, achieving 

lower memory consumption and faster inference speeds 

compared to its predecessors. To justify our baseline 

selection, we also conduct comparative experiments using 

three representative alternative architectures: SPUNet (a 

standard voxel-based CNN) [27], Stratified Transformer (a 

model focused on capturing long-range dependencies) 

[28], and Point Transformer V2 (the predecessor to  

PTv3) [29].  

PTv3 has achieved state-of-the-art results on many 

indoor and outdoor benchmarks primarily owing to its 

serialization-based attention mechanism and spconv-based 

positional encoding. However, our focus is on fine-grained 

part segmentation, and the serialization-based approach 

might struggle to capture detailed local context. Therefore, 

to enhance its capability to extract fine-grained local 
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features while maintaining efficiency, we introduce two 

simple lightweight modifications: SimAM (Simple 

Attention Module) [30] and BACE (Boundary Aware 

Cross Entropy). The model architecture of our proposed 

method is shown in Fig. 1. 

 

 

Fig. 1. Model architecture. 

1) SimAM 

To improve the quality of the initial feature embeddings 

without reducing the efficiency of PTv3, we incorporate 

SimAM into the initialization stage of the network. There 

are three reasons for this: 

First, unlike conventional attention modules (e.g.,  

SE [31] and CBAM [32]) that rely on additional learnable 

parameters, SimAM calculates attention weights using a 

fast closed-form solution of an energy function. This  

zero-parameter property aligns well with PTv3’s goal of 

achieving a lightweight, highly scalable, and  

memory- efficient architecture. 

 

Algorithm 1: Pseudocode of SimAM for batched point clouds 

Function SimAM (X, B, lambda): 

# Inputs: 

# X: Input point cloud features of shape [N, C] 

#      (N: total number of points, C: channel size) 

# B: Batch indices of shape [N] 

#     (e.g., [0, 0, ..., 1, 1, 1, ...]) 

# lambda: Regularization coefficient 

 

# 1. Calculate the spatial mean per sample and broadcast to 

each point 

mu_per_sample = Scatter_Mean(X, B) 

mu = mu_per_sample[B]  # Broadcast back to shape [N, C] 

 

# 2. Calculate the squared difference from the mean 

d = (X - mu)^2 

 

# 3. Calculate the spatial variance per sample and broadcast 

v_per_sample = Scatter_Mean(d, B) 

v = v_per_sample[B] 

 

# 4. Calculate attention weights 

E_inv = d / (4 * (v + lambda)) + 0.5 

 

# 5. Feature refinement 

Output = X * sigmoid(E_inv) 

 

return Output 

 

Second, SimAM directly infers full 3D weights by 

jointly evaluating the importance across spatial and 

channel dimensions. This module was originally designed 

for 2D images with a tensor shape of (𝐵, 𝐶, 𝐻, 𝑊), where 

𝐵, 𝐶, 𝐻, and 𝑊 are the batch size, the channel size, the 

height, and width, respectively. However, it can be 

efficiently adapted to batched 3D point clouds represented 

as a feature tensor of shape (𝑁, 𝐶) and a corresponding 

batch index tensor of shape (𝑁) , where 𝑁  is the total 

number of points. As detailed in Algorithm 1, we utilize 

scatter operations based on the batch indices to calculate 

the spatial mean and variance per sample and per channel. 

These statistics are then broadcasted back to the (𝑁, 𝐶) 

shape. This tensor-level adaptation mathematically 

preserves the original spatial and channel attention 

mechanisms in the unstructured point cloud domain. 

Finally, SimAM draws inspiration from surround 

suppression in mammalian visual neuroscience, where 

highly active neurons suppress the activity of surrounding 

neurons to highlight salient stimuli. SimAM minimizes the 

energy function to measure the linear separability of each 

point from its local neighborhood, assigning higher 

importance to points that exhibit distinctive patterns. With 

this module in the initialization stage, the network can 

effectively emphasize critical geometric structures early in 

the pipeline.  

2) Boundary aware cross entropy 

In 3D point cloud segmentation, boundary ambiguity 

between objects or parts remains a critical challenge. It has 

been pointed out that features are highly susceptible to 

mixing near boundaries due to the expansion of the 

receptive field, leading to a significant degradation in 

segmentation accuracy [33, 34]. 

To address this issue, most existing studies have 

adopted approaches incorporating specialized 

architectures or sub-networks dedicated to boundary 

detection [35]. In the field of 2D face parsing, for example, 

methods have been proposed that introduce an auxiliary 

edge estimation branch during training and decouple it 

during testing to reduce computational overhead [18]. 

However, while these methods successfully reduce the 

burden during testing, they require the additional learnable 

parameters and complex sub-networks during training. 

This leads to an undesirable increase in memory 

consumption and training computational cost, particularly 

for 3D point cloud data. 

In contrast, approaches that improve boundary 

prediction accuracy by optimizing loss functions, without 

altering the network architecture have garnered significant 

attention [36, 37]. These methods are advantageous in 

terms of simplicity. 

In this study, we propose using BACE for 3D point 

cloud segmentation, which minimizes the computational 

cost even during training. Our approach eliminates the 

need for any complex, dedicated mechanisms or 

computationally heavy distance calculations. Instead, our 

Journal of Image and Graphics, Vol. 14, No. 6, 2026

989



loss function introduces a frozen 3 × 3 × 3 sparse 

convolution. Therefore, it can be seamlessly integrated 

into any point cloud networks (including PTv3) that utilize 

voxel-based sparse convolutions to improve boundary 

representations. 

We provide detailed formulation of our BACE. Let  

𝒫 = {𝑝𝑖}𝑖=1
𝑁  be the input point cloud and 𝑦𝑖 ∈ {1, … , 𝐶} be 

the corresponding ground truth labels. Each point 𝑝𝑖  is 

quantized into a voxel coordinate 𝑣𝑖 based on a predefined 

grid size (generally set in a config file as a hyperparameter). 

Each voxel is then represented by a one-hot vector of the 

ground truth label, denoted as ℎ𝑣 ∈ {0, 1}𝐶 . To 

dynamically capture the class distribution within the local 

neighborhood 𝒩(𝑣)  of the voxel space, we apply a 

submanifold sparse convolution with a kernel size  

3 × 3 × 3. This specific kernel size was chosen because it 

defines the minimal neighborhood required to efficiently 

capture local boundary transitions with minimal 

computational cost. 

Instead of using learnable parameters, we fix the 

convolutional weights to an identity matrix, which ensures 

channel independence. Consequently, the output feature 

𝑜𝑣 ∈ ℝ𝐶  counts the number of points for each class within 

the neighborhood: 

𝑜𝑣 = ∑ ℎ𝑢𝑢∈𝒩(𝑣)                              (1) 

Next, we determine whether each point 𝑝𝑖  is located on 

a boundary. A point is considered to lie on a boundary if 

there are more than two distinct semantic classes within its 

local neighborhood. This can be formulated by simply 

counting the number of dimensions in the aggregated 

feature 𝑜𝑣, where 𝕀(∙) is an indicator function that equals 1 

if the condition is true and 0 otherwise. We then obtain a 

boundary indicator 𝑏𝑖. 

𝑏𝑖 = 𝕀(∑ 𝕀(𝑜𝑣,𝑐 > 0) > 1𝐶
𝑐=1 )                  (2) 

Furthermore, to selectively emphasize the boundaries of 

specific parts (named CoI (Class of Interest) in our code), 

we compute a boundary mask 𝑚𝑖 using a target class set 

𝐶𝐶𝑜𝐼 . If the CoI is not givento the loss function, all 

boundaries are used. 

𝑚𝑖 = 𝑏𝑖 ∙ 𝕀(𝑦𝑖 ∈ 𝐶𝐶𝑜𝐼)                      (3) 

Based on this mask, we assign a dynamic penalty weight 

𝑤𝑖  to each point, where 𝜆 is a hyperparameter that controls 

the contributions of boundaries. 

𝑤𝑖 = {
𝜆   if 𝑚𝑖 = 1
1   otherwise

                         (4) 

The final loss function 𝐿𝐵𝐴𝐶𝐸  is obtained by performing 

an element-wise multiplication of the standard  

cross-entropy loss 𝐿𝐶𝐸(𝑝𝑖) with the dynamic weight 𝑤𝑖: 

𝐿𝐵𝐴𝐶𝐸 =
1

𝑁
∑ 𝑤𝑖 ∙ 𝐿𝐶𝐸(𝑝𝑖)𝑁

𝑖=1                   (5) 

In our implementation, we empirically selected 𝜆 = 2. 

This exploration remains a topic for future work. 

B. Dataset 

1) Face segmentation 

As in our previous work [3], we collected the  

CelebA-HQ dataset [38, 39] and used the first 24,000 

images. The 3DDFA-V3 was applied to these 2D images 

to generate facial 3D point clouds and pseudo-labels, 

creating a large-scale synthetic dataset. This collection of 

facial 3D point clouds is referred to as CelebA-3D. 

Additionally, we collected a small-scale private 

dataset [3]. These point clouds were captured at 

Kagoshima University in Japan using a VECTRA®H1 

manufactured by Canfield Scientific. The breakdown of 

this dataset is shown in Table I. For Table I(a), participants 

were asked to sit on a chair and relax. For Table I(b)  

and (c), in addition to the relaxed expression, participants 

were asked to open their mouths to analyze their facial 

expressions. We note that all participants with cleft lips 

had already undergone the first surgery. 

TABLE I. DETAILS OF OUR FACIAL DATASET 

Group Cleft lip Subjects Total data 

(a) w/ 15 15 
(b) w/ 8 21 

(c) w/o 5 19 

 

Although only pseudo-labels were used for CelebA-3D, 

we manually created ground truths for the upper and lower 

lips under the strict guidance of clinical specialists. To 

eliminate inter-observer variability and ensure consistency, 

a single annotator performed all labeling based on 

predefined anatomical criteria, specifically defining the lip 

region as the vermilion area bounded by the inner edge of 

the white roll. Subsequently, the clinical specialists 

reviewed the annotated 3D point clouds to validate their 

anatomical accuracy. We then replaced the pseudo-labels 

with the ground truths for the private dataset [3]. This is 

because we intend to apply our method to patients with 

cleft lips and associated lip deformities. 

2) Object segmentation 

Although our main focus is on face segmentation, we 

test our modifications on PartNeXt [40]. This dataset 

contains over 23,000 high-quality, textured 3D models 

across 50 categories. For our evaluation, we selected 6 

categories (Axe, Bed, Bottle, Chair, Chandelier, Sofa) that 

originally contained more than 1000 samples to ensure 

robust training and evaluation. 

We applied uniform surface sampling based on face 

areas to the provided GLB mesh data, extracting 32,768 

points per model along with their corresponding color and 

normal information. To avoid the primitive splitting and 

index shuffling issues that are inherent in mesh loading 

libraries, we introduced a forced alignment method that 

utilizes the ground truth face count (mesh_face_num) from 

the annotation data. This method ensures strictly noise-free 

label assignment. For more stable training, we assigned an 

ignore label (−1) to the “Other” class and excluded it from 

the loss computation. Finally, we randomly partitioned the 
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data within each category into training and testing sets 

using a standard 9:1 split ratio. 

Note that we excluded the “Table” category from our 

experiment, which contained more than 1000 samples. 3D 

table models frequently contain geometrically degenerate 

structures, such as flat planar meshes for tabletops and 

extremely thin structures for legs. During uniform surface 

sampling, these extreme aspect ratios lead to severe point 

density imbalances. These inherent geometric artifacts 

cause severe numerical instability in local feature 

aggregation, making the category unsuitable for stable 

evaluation of part segmentation methods. 

C. Implementation Details 

Each experiment was carried out on a single GPU, 

NVIDIA GeForce RTX 3060Ti (8GB of VRAM) for facial 

datasets and NVIDIA RTX PRO 4000 Blackwell (24GB 

of VRAM) for PartNeXt. The hyperparameters for PTv3 

largely followed the original configurations. The details 

are shown in Table II. For the alternative models (i.e., 

SPUNet, ST (Stratified Transformer), and PTv2 (Point 

Transformer V2)), we conducted experiments on both the 

CelebA-3D and the private datasets. While the criteria, 

grid size, batch size, and epochs were kept consistent with 

those listed in Table II, the remaining parameters, such as 

model structures, optimizers, and schedulers, were set to 

their default values as implemented in the open-source 

Pointcept codebase [41]. 

TABLE II. MODEL SETTINGS 

Config. 
CelebA-3D 

(Pre-train) 

Private dataset 

(Fine-tune) 
PartNeXt 

Optimizer AdamW 

Scheduler Cosine 
Learning rate 2 × 10−3 

Block lr scaler 1 × 10−1 

Weight decay 5 × 10−3 

Criteria 1 × Lovasz and 1 × (Cross Entropy or BACE) 

Grid size 0.02 0.02 0.01 

Batch size 16 4 16 

Epochs 5 200 150 
Blocks [2, 2, 6, 2] 

CoI None Upper/Lower lips None 

 

Optimizing the grid size remains an important direction 

for future work, because preserving local geometric 

information is crucial for fine-grained part segmentation 

tasks. In addition, while our current parameters (e.g., 

kernel size and 𝜆  for the BACE loss function) were 

selected based on theoretical efficiency and empirical 

observations, it is crucial to conduct a comprehensive 

ablation study to optimize these hyperparameters. 

IV. RESULT AND DISCUSSION 

A. Evaluation Protocol 

1) Evaluation metric 

We used IoU (Intersection over Union) as an evaluation 

metric. Let 𝑁 be the total number of samples in the test 

dataset. The mIoU𝑖  for the 𝑖 -th sample is calculated as 

follows: 

mIoU𝑖 =
1

|𝐶𝑖|
∑ IoU𝑖,𝑐𝑐∈𝐶𝑖

                     (6) 

The per-sample mIoU for the entire dataset is defined as 

the average mIoU across all samples: 

per-sample mIoU =
1

𝑁
∑ mIoU𝑖

𝑁
𝑖=1             (7) 

where 𝐶𝑖 denotes the set of part classes actually present in 

the ground truth of the 𝑖-th sample. We used this mIoU 

computation because the presence of part classes varies 

depending on the object in the PartNeXt dataset (e.g., the 

class “ladder” only exists in specific beds). This 

formulation prevents the segmentation performance from 

being penalized by absent part classes, which would 

otherwise unavoidably yield an IoU of 0. In addition, to 

evaluate the segmentation quality at boundary regions, we 

adopted BIoU (Boundary IoU). The boundaries for this 

evaluation were extracted based on the same voxel-based 

approach as our BACE loss function. The IoU was then 

calculated within these regions. 

We employed the Wilcoxon signed-rank test [42] with 

a significance level of 0.05 to statistically evaluate the 

performance between the proposed method and the base 

model. Since differences in IoU do not necessarily follow 

a normal distribution, parametric methods like the paired 

t-test are not appropriate [43]. As a non-parametric method, 

this test ranks the absolute differences in scores between 

methods for each sample and determines significance 

based on the sum of these ranks. Consequently, it provides 

a robust evaluation of consistent accuracy improvements 

at the per-sample level. This approach ensures that the 

results are not heavily influenced by extreme outliers from 

exceptionally difficult or easy samples. 

2) Face segmentation 

Each model was trained in two stages: pre-training on 

CelebA-3D and fine-tuning on our private dataset. The 

final accuracy of the fine-tuning stage was calculated by 

leave-one-subject-out cross-validation. For our 

implementation, we selected one participant from 

Table I(b) or I(c) for testing (i.e., all facial expressions of 

that specific participant were used for testing) and used the 

remaining participants for training. This subject-level split 

ensures that no facial identity leakage occurs between the 

training and testing sets. Participants from Table I(a) were 

only used for training because our goal was to confirm the 

segmentation performance for multiple facial expressions. 

Although the model outputs the 8-class semantic 

segmentation maps for each face, we focused only on the 

upper and lower lips using manually created ground truths. 

3) Object segmentation 

As previously described, the data was randomly 

partitioned into training and testing sets. The model was 

trained from scratch and tested on each category. 

B. Result 

1) Face segmentation 

Tables III and IV show the standard mIoU and BIoU 

results on our facial dataset, respectively. The proposed 
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modules improved the segmentation accuracy; particularly 

in the Lower Lip segmentation, the model PTv3+BACE 

achieved 74.8% (𝑝 = 0.031), and the model PTv3+Both 

achieved 75.3% (𝑝 = 0.029), demonstrating statistically 

significant improvements over the baseline. Visual 

comparisons of the segmentation results are shown in 

Fig. 2. 

TABLE III. RESULTS ON OUR FACIAL DATASET (IOU) 

Model Setting Upper lip Lower lip 

SPUNet 

Baseline 69.8 (0.0049) 70.4 (0.0035) 

 +PT 71.9 72.8 

 +PT&BACE 72.2 (0.60) 74.3 (0.064) 

ST 

Baseline 64.9 (8.2 × 10−8) 66.1 (4.3 × 10−7) 

 +PT 71.1 74.4 

 +PT&BACE 71.2 (0.97) 74.6 (0.66) 

PTv2 

Baseline 71.2 (0.15) 71.0 (0.012) 

 +PT 72.3 74.1 

+PT&BACE 72.0 (0.40) 74.5 (0.72) 

PTv3 

Baseline 67.5 (1.4 × 10−4) 69.1 (1.2 × 10−5) 

+PT 71.4 73.7 

+PT&SimAM 71.2 (0.86) 74.8 (0.10) 

 +PT&BACE 71.7 (0.43) 74.8 (0.031) 

 +All 71.9 (0.44) 75.3 (0.029) 

The models “+PT” were pre-trained on the CelebA-3D dataset. The  

p-values were calculated relative to their respective pre-trained base 

models. 

2) Object segmentation 

Tables V and VI show the standard mIoU and BIoU 

results on the PartNeXt dataset, respectively. Notable and 

statistically significant improvements were observed in the 

Axe and Bed categories. Specifically for Bed, the accuracy 

improved from the baseline (79.7%) to 85.7%  

( 𝑝 = 1.1 × 10−12 ) with BACE and 85.0%  

(𝑝 = 3.6 × 10−13) with Both. On the other hand, in the 

Bottle and Chandelier categories, no notable improvement 

was observed with our modifications, and the accuracy 

even decreased with SimAM. Visual comparisons are 

shown in Fig. 3. 

TABLE IV. RESULTS ON OUR FACIAL DATASET (BOUNDARY IOU) 

Model Setting Upper lip Lower lip 

SPUNet 

Baseline 77.7 (0.58) 78.8 (0.26) 

 +PT 78.4 80.4 
+PT&BACE 80.3 (1.8 × 10−3) 83.1 (8.3 × 10−5) 

ST 

 Baseline 72.8 (7.5 × 10−6) 71.6 (2.7× 10−6) 

 +PT 79.8 81.2 
+PT&BACE 82.0 (1.6 × 10−4) 82.9 (4.6 × 10−3) 

PTv2 

Baseline 79.7 (0.70) 78.1 (0.060) 

 +PT 80.3 81.1 

+PT+BACE 81.7 (2.9 × 10−3) 83.1 (1.7 × 10−3) 

PTv3 

 Baseline 74.8 (9.0 × 10−3) 74.1 (6.1 × 10−3) 

+PT 78.6 78.3 

 +PT&SimAM 80.5 (1.1 × 10−4) 81.4 (6.3 × 10−5) 
 +PT&BACE 78.9 (0.81) 81.4 (5.1 × 10−4) 

 +All 81.2 (6.2 × 10−5) 83.5 (3.5 × 10−8) 

 
 

 

Fig. 2. Visual comparisons (our facial dataset). 

TABLE V. RESULTS ON PARTNEXT DATASET (IOU) 

Category PTv3 +SimAM +BACE +Both 

Axe 86.2 
87.6 

(0.00027) 

89.6 

(1.4 × 10−9) 

88.9 

(6.3 × 10−9) 

Bed 79.7 
84.1 

(2.3 × 10−11) 
85.7 

(1.1 × 10−12) 
85.0 

(3.6 × 10−13) 

Bottle 72.1 70.5 (0.0048) 
73.3 

(0.074) 

72.7 

(0.34) 

Chair 81.9 
82.6 

(0.53) 
82.1 

(0.029) 
82.2 

(0.14) 

Chandelier 60.4 
56.7 

(0.00097) 

60.3 

(0.93) 
60.8 (0.077) 

Sofa 86.6 
86.8 

(0.10) 
86.5 

(0.72) 
86.5 

(0.75) 

 

TABLE VI. RESULTS ON PARTNEXT DATASET (BOUNDARY IOU) 

Category PTv3 +SimAM +BACE +Both 

Axe 41.1 
49.5 

(2.1 × 10−7) 

59.8 

(2.5 × 10−10) 

59.8 

(2.6 × 10−10) 

Bed 61.6 
68.0 

(6.9 × 10−13) 
76.7 

(7.3 × 10−18) 
75.4 

(2.4 × 10−16) 

Bottle 35.0 
35.1 

(0.86) 

35.9 

(0.96) 

37.5 

(0.13) 

Chair 58.5 
59.2 

(0.41) 
61.1 

(1.2 × 10−11) 
60.6 

(6.0 × 10−8) 

Chandelier 42.4 
39.4 

(1.4× 10−3) 

44.2 

(0.011) 

45.6 

(4.3 × 10−5) 

Sofa 77.5 
77.4 

(0.045) 
78.2 

(2.8 × 10−9) 
78.0 

(9.7 × 10−8) 
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Fig. 3. Visual comparisons (PartNeXt dataset). 

3) Computational cost 

To quantify the computational overhead of our proposed 

modules and compare the efficiency across different model 

architectures, we measured the parameter count, GPU 

memory consumption (allocated and reserved), and 

latency during both training and inference. The 

measurements were conducted using the CelebA-3D 

dataset. As shown in Tables VII and VIII, integrating 

SimAM and BACE into PTv3 introduces no additional 

learnable parameters and no increase in memory 

consumption. The latency increase is marginal (+10.3% in 

total for training). Furthermore, compared to alternative 

transformer-based models (PTv2 and ST), PTv3 

demonstrates advantages in memory efficiency and 

inference speed. 

TABLE VII. COMPARISONS OF PARAMETER COUNT AND PROCESSING 

LATENCY 

Model 
Parameters 

(M) 

Training latency 

(ms) 

Inference latency 

(ms) 

SPUNet 39.2  106  50  
ST 18.8  251  183  

PTv2 3.9  162  65  

PTv3 46.2  165  78  
+BACE 46.2  168  80  

+SimAM 46.2  179  82  

Measured on the CelebA-3D Dataset. 

TABLE VIII. COMPARISONS OF GPU PEAK MEMORY CONSUMPTION 

Model 

Training Inference 

Allocated 

(G) 

Reserved 

(G) 

Allocated 

(G) 

Reserved 

(G) 

SPUNet 0.49 0.61 0.24 0.32 

ST 0.51 1.03 0.25 0.86 
PTv2 1.34 2.37 0.25 0.63 

PTv3 0.55 0.61 0.23 0.26 
+BACE 0.55 0.61 0.23 0.26 

+SimAM 0.55 0.62 0.23 0.26 

Measured on the CelebA-3D Dataset. 

C. Discussion 

1) Face segmentation 

The performance improvements in our facial dataset can 

be attributed to the complementary roles of SimAM and 

BACE in handling the complex geometry of the facial 

region, particularly the lips. 

First, the effectiveness of the BACE module was 

evident. It effectively addressed the boundary ambiguity 

between lips and skin, even with facial expression 

variations (e.g., mouth opening) in our dataset. This 

approach significantly improved the boundary prediction 

without introducing high memory consumption or 

computational costs. Consequently, the Lower Lip 

segmentation accuracy showed a statistically significant 

improvement from 73.7% to 74.8% (𝑝 = 0.031). 

Second, while SimAM alone improved the Lower Lip 

accuracy to 74.8%, it did not reach statistical significance 

(𝑝 = 0.10 ). Human faces are generally smooth, which 

may limit the standalone potential of SimAM, a module 

designed to emphasize spatially distinct and salient 

features. However, when SimAM was combined with 

BACE, a synergistic effect emerged, achieving the highest 

accuracy and the most notable result for the Lower Lip 

(75.3%, 𝑝 = 0.029). This synergy suggests that SimAM 

enhances the globally salient structural features in the early 

initialization stage of the network, while BACE explicitly 

supervises the fine-grained boundary separation during the 

loss computation. This dual enhancement ultimately led to 

the most robust segmentation performance for complex 

facial parts. Particularly for the Upper Lip, while the 

improvement in standard mIoU was marginal and lacked 

statistical significance due to its extreme geometric 

variations, the BIoU metric revealed a statistically 

significant improvement. This demonstrates that our 

proposed modules refined the critical boundary regions 

even around complex structures like the cupid’s bow. 

As shown in Fig. 2, these qualitative results support the 

synergistic effect. In the baseline, misclassifications that 

are either over-extracted (yellow) or unextracted 

(magenta) frequently occur around the lip regions. Adding 

SimAM or BACE alone mitigates these errors to some 

extent, but combining both modules effectively refines the 

detailed boundaries. Consequently, it achieves the best 

performance, particularly for the lower lip. 

2) Object segmentation 

The results indicate that the effectiveness of the 

proposed modules depends on the shape characteristics of 

the objects. For the Axe category (an object with a 

relatively simple shape) and the Bed category (an object 

with large parts such as frames and sleeping areas), the 

boundary enhancement effect of BACE and the 

reinforcement of global salient features by SimAM worked 

effectively. As demonstrated in Fig. 3, these results 

provide evidence in support of this observation. For the 

Axe category, BACE eliminated the misclassification 

between the head and handle, producing clearer 
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boundaries. For the Bed category, while SimAM alone 

roughly captured the global structures of the frame and 

sleeping area, the boundaries remained somewhat coarse. 

The combination of both modules effectively refined these 

boundaries, visually demonstrating a synergistic effect. 

Conversely, the performance degradation observed in 

the Bottle and Chandelier categories with SimAM alone 

can be explained by their extreme geometric properties. 

Fundamentally, SimAM is designed to enhance spatially 

and channel-wise salient features. In the Bottle category, 

which is characterized by smooth surfaces with very few 

sharp geometric transitions, this lack of salient features 

causes SimAM to struggle in assigning meaningful 

attention weights. On the other hand, the Chandelier 

category consists of highly complex and scattered 

structures. Applying SimAM to such complex geometries 

leads to the over-amplification of local geometric noise 

and minor details. Consequently, this reduces the accuracy 

compared to the baseline. 

However, a detailed qualitative analysis shows that 

combing SimAM with BACE (+Both) can be effective for 

specific complex cases, as demonstrated by the bottom two 

rows of Fig. 3. For the Chandelier sample, the boundary 

penalty of BACE prevented the geometric collapse, 

turning SimAM’s feature enhancement into a positive 

contribution and achieving the highest accuracy. Similarly, 

for the Bottle sample, the combination of both modules 

effectively captured the small cap region that the baseline 

model failed to segment. These visual improvements are 

also quantitatively supported by the BIoU metric in  

Table VI. For instance, in the geometrically complex 

Chandelier category, the combination of both modules 

demonstrated a statistically significant gain in BIoU (from 

42.4% to 45.6%, p = 4.3 × 10−5). This boundary-level 

improvement validates our hypothesis that SimAM’s 

global feature enhancement and BACE’s local boundary 

supervision work complementarily. 

3) Architecture selection and computational efficiency 

Our comprehensive comparisons with alternative 

backbones further justify the selection of PTv3 and 

demonstrate the effectiveness of our lightweight modules. 

First, regarding the comparison with the CNN-based 

SPUNet, PTv3 exhibited a larger performance gain from 

large-scale pre-training (+4.6% vs. +2.4% in the lower lip 

mIoU). While SPUNet performs relatively well when 

trained from scratch due to its strong inductive bias, 

transformer-based models demonstrate superior scalability 

and data-hungry characteristics. This indicates that PTv3 

possesses a higher potential to benefit from our future 

dataset expansion. 

Second, compared to other transformer-based models, 

PTv2 and ST achieved high accuracy but suffered from 

severe computational bottlenecks. As shown in  

Tables VII and VIII, ST exhibited higher latency, and 

PTv2 consumed approximately 2.4 times more peak 

memory than PTv3 due to its complex positional encoding 

and kNN (k-Nearest Neighbor) operations. PTv3 

prioritizes simplicity and scalability, which might 

compromise its ability to capture local boundaries 

compared to PTv2. However, our proposed modules 

effectively compensate for this geometric weakness 

without increasing memory usage. 

Ultimately, the combination of PTv3 with both modules 

(PTv3+Both) achieved the highest accuracy (75.3% for the 

lower lip), surpassing the heavier models. This shows that 

our strategy of equipping a fast and memory-efficient 

model with parameter-free local enhancement modules 

offers the optimal balance between clinical practicality and 

segmentation accuracy. 

D. Limitations and Future Work 

Despite the promising results, our study has several 

limitations that provide important directions for future 

work. 

First, our framework relies on voxelization and is 

potentially sensitive to variations in sparse sampling 

density and real-world acquisition noise (e.g., missing 

regions). Although we mitigated this by employing point 

cloud data augmentations during training (e.g., random 

dropout, random jitter, and sphere cropping), we have not 

yet conducted a quantitative robustness analysis under 

controlled noisy conditions. Comprehensive sensitivity 

analysis regarding grid size dependency and data 

perturbations will be addressed in future studies. 

Second, performance variations exist across complex 

geometries. For instance, while improvements for the 

lower lip were statistically significant, the standard mIoU 

gains for the upper lip remained marginal. This is 

fundamentally due to the extreme geometric variations 

caused by cleft deformities and complex local contour of 

the cupid’s bow. 

Finally, although pre-training on the large-scale 

CelebA-3D dataset mitigates the risk of overfitting, the 

relatively small size of our private facial dataset remains a 

limitation. Additionally, investigating the model’s 

sensitivity to pseudo-label noise during pre-training is 

necessary. 

In future work, we will explore novel 3D point cloud 

data augmentation techniques to cover severe anatomical 

variations. Furthermore, we intend to deepen our 

collaboration with clinical partners to continuously expand 

our dataset. This expansion will encompass a broader 

range of cases spanning various age groups and degrees of 

cleft lip severity.  This dataset expansion will be crucial to 

further validating the reliability, robustness, and 

generalization capabilities of our proposed method. 

Alongside this expansion, we also plan to incorporate 

additional multi-faceted evaluation metrics (e.g., Dice 

score) to provide a more comprehensive assessment of the 

segmentation quality. Finally, we plan to integrate our 

segmentation framework into downstream clinical 

workflows. The fine-grained boundary refinement 

achieved by our proposed method provides a reliable 

foundation for quantitative facial symmetry analysis of 

patients with cleft lips, which utilizes 3D non-rigid 

registration of the extracted lip regions. Ultimately, this 

will supply plastic surgeons with objective baselines for 

pre-operative surgical planning and post-operative 

evaluations. 
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V. CONCLUSION 

In this paper, we investigated 3D point cloud part 

segmentation using an efficient transformer-based model. 

To enhance the accuracy of the segmentation process 

without sacrificing computational efficiency, we 

introduced two parameter-free, lightweight modifications. 

SimAM is an attention module that enhances salient 

features. BACE is a boundary-aware loss function that 

uses frozen sparse convolution.  

Evaluations on our private dataset showed that their 

synergistic combination resolved boundary ambiguity, 

significantly improving Lower Lip segmentation. 

Furthermore, validations on the PartNeXt dataset 

confirmed performance improvements for generic 3D 

objects. 

In conclusion, integrating SimAM and BACE boosts 3D 

part segmentation performance with minimal overhead. 

Future work includes optimizing BACE’s 

hyperparameters (e.g., penalty weight 𝜆) and grid size, and 

integrating our framework into clinical assessment 

systems for patients with cleft lips.  

DATA AND CODE AVAILABILITY 

To support reproducibility, the source code of the 

modules (SimAM and BACE), the model configuration 

files, the scripts for generating the CelebA-3D dataset, and 

the preprocessing scripts for the PartNeXt dataset will be 

made publicly available. The private facial dataset cannot 

be shared due to strict privacy and ethical restrictions. 
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