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Abstract

Background: Image-based dietary assessment provides a more intuitive approach for
nutritional monitoring and health management. However, in multi-category bowl-based
meals, food boundary adhesion, spatial stacking, and staple-food occlusion by upper-layer
dishes still affect the accuracy of volume, weight, and nutritional composition prediction.
Methods: This study proposes a nutrition prediction method for bowl-based foods by
integrating semantic segmentation, multi-view three-dimensional reconstruction, and oc-
clusion compensation. The improved DBP-FDSNet was used to extract food-category
masks from top-view RGB images, while detail enhancement, boundary-assisted supervi-
sion, and spatial position encoding were incorporated to improve the segmentation quality
of food boundaries and adhesion regions. The visible food surface inside the bowl was
reconstructed using a bowl instance model and RGB-TSDF-based multi-view fusion, and
the two-dimensional semantic results were mapped into the height-field parameter domain
for category-level volume integration. For partially occluded, severely occluded, or com-
pletely invisible staple foods, a layered compensation strategy was introduced to reduce
staple-food volume prediction errors and the erroneous assignment of upper-layer food
volume. Food weight and whole-bowl Calories, Fat, Carbohydrate, and Protein were finally
predicted using food density and a nutritional composition database. Results: DBP-FDSNet
achieved a mean Intersection over Union (mloU) of 80.51% and a Boundary F1 Score (bF1) of
85.73%. At the whole-bowl level, the Mean Absolute Percentage Error (M APE) values for
Calories, Fat, Carbohydrate, Protein, and total food mass were 13.23%, 18.51%, 14.18%,
13.35%, and 10.85%, respectively. Conclusions: The method improves the stability of
category-level volume and nutritional composition prediction in complex bowl-based meal
scenarios, providing a feasible solution for image-based dietary assessment and intelligent
nutrition management.

Keywords: semantic segmentation; 3D reconstruction; height-field integration; nutritional
composition prediction
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Workflow

1. Introduction

With the development of image recognition and deep learning, image-based dietary
assessment has gradually become an important research direction in nutritional monitoring
and health management. Compared with traditional methods such as manual weighing,
dietary records, and questionnaire surveys, image-based methods can reduce reliance on
users’ subjective memory and provide a more intuitive technical approach for food cate-
gory recognition, intake estimation, and nutritional composition prediction [1]. However,
existing image-based dietary assessment methods still face several challenges when applied
to bowl-based meal scenarios [2,3]. For example, the geometry of bowls imposes clear
constraints, while foods are usually stacked inside the bowl, and boundary adhesion as
well as mutual occlusion often occur among different ingredients. Therefore, developing
a nutritional composition prediction method for bowl-based meals that can jointly use
semantic information, three-dimensional structural information, and container geometric
constraints has important research value and practical significance.

The method consists of semantic segmentation, three-dimensional volume estimation,
and nutritional composition mapping. Considering the instability of volume prediction
in existing methods under conditions such as food boundary adhesion, vertical occlusion
between upper and lower layers, and the invisibility of staple foods, a staged prediction
framework was constructed. In this framework, DBP-FDSNet is first used as the basis
for food category recognition, after which the bowl instance model and RGB-TSDF-based
multi-view reconstruction are combined to recover the three-dimensional structure of the
food. Category-level volume prediction is then performed through height-field volume
integration, while a layered compensation strategy for staple foods is introduced to improve

estimation stability under occlusion. The overall workflow of this method is shown in
Figure 1.
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Figure 1. Overall flowchart for predicting the nutritional components of food in bowls.

The main contribution of this study lies in the construction of an image-based nutri-
tional composition prediction pipeline for multi-category bowl-based foods. First, a food
semantic segmentation model based on DBP-FDSNet was proposed, in which a detail-
enhanced shallow branch, boundary-assisted supervision, and spatial position encoding
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were introduced into the original model to improve its ability to recognize food boundaries
and adhesion regions. The experimental results show that the mIol, bF1, and mean pixel
classification accuracy (mAcc)of DBP-FDSNet reached 80.51%, 85.73%, and 90.06%, respec-
tively, indicating that more accurate semantic segmentation masks can be provided for
subsequent three-dimensional volume prediction. In addition, geometric constraints were
provided in a unified bowl coordinate system through the bowl instance model, while the
visible food surface inside the bowl was reconstructed using RGB-TSDF-based multi-view
fusion. After height-field mapping and local correction, the two-dimensional semantic re-
sults could be stably mapped onto the three-dimensional food surface, with back-projection
mIoU, mean Dice coefficient (mDice), and bF1 values of 86.9%, 92.8%, and 91.9%, respectively.
Meanwhile, a layered volume estimation strategy based on the visible proportion of staple
foods was proposed, and underestimation of staple-food volume as well as erroneous
volume assignment to upper-layer foods was reduced through bowl-model constraints,
staple-layer height completion, and supporting lower-boundary correction. For samples
containing staple foods, the MAE and MAPE of staple-food weight prediction were 20.7 g
and 9.64%, respectively. Finally, a prediction process from category-level volume prediction
to mass conversion and then to whole-bowl nutritional composition prediction was estab-
lished, in which food density and a nutritional composition database were used to calculate
the contents of Calories, Fat, Carbohydrate, and Protein. The experimental results show
that the MAPE values for whole-bowl Calories, Fat, Carbohydrate, and Protein prediction
were 13.23%, 18.51%, 14.18%, and 13.35%, respectively.

Therefore, the contribution of this study should be understood as a scenario-oriented
extension and structured improvement of the existing image-based dietary assessment
pipeline. On the one hand, a comprehensive method is developed by combining bowl
instance-based geometric constraints with multi-view RGB-TSDF reconstruction and
category-level height fields, so that volume prediction no longer relies only on visible
surfaces or global information [4]. In addition, considering that staple-food occlusion is
particularly common in bowl-based meal scenarios, a layered compensation strategy is
introduced to reduce the possibility that staple-food volume is underestimated or incor-
rectly assigned to upper-layer foods. Overall, the proposed method not only presents
its improvements over existing methods more clearly, but also better reflects practical
dining scenarios.

2. Research Status and Related Work of This Study
2.1. Current Status of Related Research

In recent years, related studies have mainly developed along two relatively distinct
directions. The first line of research focuses on volume prediction based on container
geometric modeling and visible-surface inference. In such methods, the tableware or bowl
itself is usually used as a scale reference, while information such as the bowl rim contour,
the overall food shape, and the visible food area is used to convert observable features in
two-dimensional images into estimated food volume information. Yang et al. proposed a
smartphone-based markerless method for food portion estimation, in which the motion
sensors embedded in the phone and the imaging geometry in real scenes were used to
recover scale information for both the tableware and the food [5]. Jia et al. further extended
this research direction to circular bowl-shaped food scenarios and predicted the weight of
food in a bowl using a single image [6]. In their subsequent study, a mathematical model of
the bowl-shaped structure was constructed, and the relationship between the Food area ratio
(FAR) and the filling amount inside the bowl was established, allowing the food volume
in the bowl to be accurately predicted [7]. These methods are relatively interpretable and
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depend less on multi-source data, but when food is occluded by the bowl wall or covered
by upper-layer ingredients, their volume prediction accuracy often decreases.

The second line of research relies on deep learning and related models for nutritional
composition prediction, including multimodal fusion and end-to-end nutrition regression,
in which nutritional components are predicted directly from images through techniques
such as image segmentation, depth prediction, and vision-language contrastive learning [8].
Han et al. proposed the DPF-Nutrition model, in which an estimated depth map was
generated by a depth prediction module and then combined with an RGB-D fusion module
for nutritional composition prediction [9]. Zhao et al. adopted a two-stage framework
based on segmentation and regression, where a U-Net was used to extract food regions
before a regression network was applied to predict the contents of multiple nutritional
components [10]. Feng et al. further introduced RGB-D information and combined it with
a FLAVA-based contrastive learning model, achieving a lower Percentage Mean Absolute
Error (PMAE) on the Nutrition5k dataset [11]. Meanwhile, Lo et al. proposed a deep
learning-based single-depth-view synthesis method, in which food point clouds were
reconstructed by predicting depth maps from different viewpoints, providing a new idea
for three-dimensional volume estimation under occlusion conditions [12].

Different from the work of Han et al. [9], in which overall nutritional prediction was
mainly performed through depth estimation and RGB-D fusion, this study further intro-
duces a bowl instance model as a container-level geometric constraint for the subsequent
prediction process. Meanwhile, the two-dimensional semantic results are mapped into the
height-field parameter domain to support category-level volume integration. Compared
with the method proposed by Lo et al. [12], where partial three-dimensional structures are
recovered through single-depth-view synthesis, this study focuses on the more common
problems of vertical occlusion and staple-food invisibility in multi-category bowl-based
meals, and different compensation procedures are designed for three scenarios with differ-
ent degrees of staple-food occlusion. Therefore, the main innovation of this study lies in
the modeling of complex occlusion scenarios in bowl-based meals, rather than merely in
the use of segmentation or three-dimensional reconstruction models.

2.2. Related Work of This Study
2.2.1. Overall Workflow

The overall workflow is divided into several stages, including data acquisition, se-
mantic segmentation, three-dimensional reconstruction, category-level volume estimation,
and nutritional composition mapping and prediction [13]. First, the top-mounted RGB
camera captures top-view images of bowl-served food, while the surrounding RGB-D
camera on the slide rail continuously acquires RGB-D and RGB images from different
viewpoints and records the corresponding camera poses during image acquisition. The
specific model information of the equipment used in the experiments, together with the
corresponding software details, will be provided in Section 4. DBP-FDSNet is applied to
the top-view images to generate two-dimensional masks for different food categories, and
the foods are further divided into three groups, namely staple foods, single-ingredient
foods, and multi-ingredient foods. By using the bowl instance model and establishing
a unified bowl coordinate system, the visible three-dimensional food surface inside the
bowl is reconstructed through RGB-TSDF-based multi-view fusion. The two-dimensional
semantic labels are then mapped into the height-field parameter domain, while staple-food
layer compensation and supporting lower-boundary correction are used to handle cases
in which staple foods are partially occluded, severely occluded, or completely invisible.
The volume of each food category is predicted through category-level height-field integra-
tion. Finally, the estimated volume is converted into mass according to food density, and
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the whole-bowl Calories, Carbohydrate, Protein, and Fat contents are predicted using a
nutritional composition database.

2.2.2. Semantic Segmentation of Food Images

In this study, DBP-FDSNet was developed on the basis of the original FDSNet [14].
In this model, a detail-enhanced shallow branch was added to combine the original im-
age with high-frequency residuals and gradient-based edge information, allowing food
contours and local texture variations to be captured more effectively. At the same time, a
boundary-assisted supervision branch was newly introduced to reduce boundary ambi-
guity and adhesion between adjacent food items. In addition, spatial position encoding
was incorporated so that the model could better use the relatively stable spatial distribu-
tion patterns in bowl-based food scenes. In the experiments, DBP-FDSNet achieved an
mlol of 80.51%, a bF1 of 85.73%, and an mAcc of 90.06%. After pretraining on the UFP
(UEC Food Pix Complete) dataset [15], the mIoU was further improved to nearly 83%,
indicating that more accurate semantic masks can be provided for three-dimensional food
volume prediction.

2.2.3. The Concealment Strategies for Staple Foods and the 3D Reconstruction of Food Items

First, a unified bowl coordinate system is established by integrating the top-mounted
RGB camera with the surrounding RGB-D cameras, and the reconstruction range is
constrained using the bowl instance model. An RGB-TSDF-based multi-view fusion
method [16] is adopted to reconstruct the visible three-dimensional food surface inside the
bowl, and the reconstructed surface is further converted into a height-field representation
in the bowl-mouth plane parameter domain. For cases in which staple foods are occluded
or even invisible, the staple-food state is divided into three categories according to the
visible proportion: partial occlusion, severe occlusion, and invisibility [17]. Meanwhile,
staple-layer height completion and supporting lower-boundary correction are introduced
to prevent the volume of upper-layer foods from being overestimated. The experimental
results show that the best reconstruction performance is obtained when the voxel size
is set to 2 mm, the truncation distance is set to 4 V, and 100% image-ratio input is used.
After the two-dimensional semantic results are back-projected onto the three-dimensional
surface, the back-projection mIoU is 86.9%, the mDice is 92.8%, and the bF1 is 91.9%. For
samples containing staple foods, the MAPE of staple-food weight is 9.64%, indicating that
the proposed reconstruction and layered compensation strategy can provide a basis for
subsequent volume and nutritional composition prediction.

2.2.4. Height-Field-Based Volume Segmentation by Food Category

A height-field-based volume segmentation method was developed to partition the vol-
ume at the food-category level. First, the surface reconstructed by RGB-TSDF was projected
onto the bowl-mouth plane parameter domain, forming a height field that describes the
uppermost visible food surface, while the bowl instance model provided the corresponding
reference height of the bowl bottom or inner wall within the same parameter domain.
By mapping the top-view semantic labels onto this height field, the occupied regions of
different food categories could be determined within a unified geometric representation.
For the staple-food layer and the upper-layer foods, the upper and lower boundaries were
defined separately according to their spatial relationships, and the volume of each category
was then calculated through category-level height-field integration [18]. The experimental
results show that, after the two-dimensional semantic results were mapped onto the three-
dimensional surface, mIolU, mDice, and bF1 reached 86.9%, 92.8%, and 91.9%, respectively.
For single-ingredient and multi-ingredient foods, the MAPE values of the corresponding
weights obtained from volume estimation were 9.9% and 11.0%, respectively.
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2.2.5. Prediction of Nutritional Composition in Food

The category-level volume estimates were converted into mass values according to
the density parameters of the corresponding food categories, and these mass values were
then combined with a nutritional composition table per unit mass to calculate the Calories,
Fat, Carbohydrate, and Protein contents of each food category [19]. The experimental
results show that the MAPE values for whole-bowl Calories, Fat, Carbohydrate, and
Protein prediction were 13.23%, 18.51%, 14.18%, and 13.35%, respectively. These results
indicate that the proposed method can effectively bridge volume estimation and nutritional
composition prediction, providing a feasible approach for nutritional analysis of multi-
category bowl-based foods.

3. Methods

3.1. Food Semantic Segmentation Method
3.1.1. Overall Introduction

In this study, we develop an improved DBP-FDSNet for food semantic segmentation
on the basis of the original FDSNet. The original FDSNet combines a Laplacian pyramid, a
deep-shallow dual-branch backbone, a multi-scale relationship-aware feature fusion mod-
ule (MRF), and a progressive upsampling structure, which enables the model to improve
food image segmentation accuracy while maintaining computational efficiency. However,
in the top-view bowl-served food scenario considered in this study, food boundaries are
often prone to adhesion, local texture details may be insufficient, and the spatial distri-
bution of food regions is influenced by the bowl structure. To better adapt the model to
these characteristics, a detail-enhanced shallow branch, a boundary-assisted supervision
branch, and a position encoding module were introduced. These components strengthen
the model’s ability to represent fine-grained contours, category boundary regions, and
scene-level structural information, thereby providing more accurate semantic masks for
subsequent 3D volume estimation. The food semantic segmentation workflow and the

model structure of DBP-FDSNet are shown in Figure 2.
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Figure 2. Food semantic segmentation workflow and DBP-FDSNet model architecture diagram.

https://doi.org/10.3390/nu18132119


https://doi.org/10.3390/nu18132119

Nutrients 2026, 18,2119

7 of 44

3.1.2. Original FDSNet Model

The original FDSNet is a deep—shallow dual-branch model designed for food image
semantic segmentation [20]. It aims to reduce computational cost by using lower-resolution
input images while still maintaining reliable segmentation accuracy. This model, through
Laplacian pyramid decomposition, separates the input image into a downsampled RGB
image and a high-frequency residual image. The deep backbone branch takes the low-
resolution RGB image as its input and mainly extracts high-level semantic information,
whereas the shallow backbone branch uses the high-frequency residual image to supple-
ment local spatial details such as food edges and textures. With this dual-branch design,
FDSNet can combine semantic representation with fine-grained detail information, which
helps preserve segmentation accuracy while keeping the model computationally efficient.

In the feature fusion stage, the model uses the MRF module to integrate semantic
features from different scales and hierarchical levels. The module applies channel attention
to learn channel-wise weights from both high-resolution and low-resolution features, and
then strengthens the interaction between deep semantic information and shallow detail
information through grouping operations and interactive mapping. In this way, it enables
more effective multi-scale feature fusion while preserving the complementary information
provided by the two branches. The fused high-resolution features are then gradually
restored to the original image size through progressive upsampling, which helps reduce
the noise and instability that may be introduced by one-step large-scale upsampling. The

structural diagram of the MRF module is shown in Figure 3.
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Figure 3. Structural diagram of the MRF module.

However, when applied to the fixed top-view food segmentation task considered in
this study, the original FDSNet still shows limitations in several aspects, particularly in fine-
grained boundary fusion and discrimination, the effective use of spatial information, and its
compatibility with subsequent 3D food volume prediction. These limitations become more
evident in bowl-served food scenarios, where adjacent food regions often adhere to each
other, and the spatial distribution of food is strongly affected by the container structure.
Therefore, on the basis of FDSNet, we introduce detail-enhanced input, boundary-assisted
supervision, and position encoding to construct the improved DBP-FDSNet model [21].
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3.1.3. DBP-FDSNet

When the original FDSNet model is directly applied to the semantic segmentation
of top-view images of bowl-based foods, its adaptability to this specific scenario remains
limited. In bowl-based meals, different food categories often come into contact with one
another, overlap, or adhere around their boundaries, and fine-grained contours become
even more difficult to distinguish accurately when the colors and textures of adjacent foods
are similar. If only the high-frequency residual information obtained from the original
Laplacian pyramid is used, local edge variations and weak boundary structures cannot be
sufficiently described. At the same time, the original model is mainly optimized for pixel-
level semantic classification, while insufficient constraints are imposed on food contours
and category transition regions, which can easily lead to blurred boundaries or mask
adhesion between neighboring food items. In this study, however, a relatively fixed top-
view acquisition setting is adopted, and a bowl model is further used in the subsequent
processing stage. Under this setting, the food region, bowl rim, and background region
exhibit certain spatial regularities in the image, yet these spatial distribution characteristics
and container-structure cues are not fully exploited by the original model.

To address the above issues, DBP-FDSNet was developed in this study on the basis
of the dual-branch structure and multi-scale feature fusion framework of FDSNet, with
several improvements introduced for the top-view segmentation task of bowl-based foods.

First, a detail-enhanced input composed of the original image Py, the high-frequency
residual map Ly, and the gradient magnitude map Gy was incorporated into the shallow
branch, allowing the model to make use of appearance information together with high-
frequency details and edge cues, thereby improving its sensitivity to local texture variations
and food boundaries. Second, a boundary-assisted supervision branch was added after the
top-level fused feature Fiop, so that the model could be guided during training not only by
the classification of food regions but also by boundary locations and contour continuity,
which helps improve the segmentation of adhesion regions between adjacent food items.
Third, spatial encoding information, including X.oord, Yeoord, and Dpowl, was introduced
at the input stage of the deep branch, enabling the network to exploit the relatively stable
spatial distribution patterns in bowl-based scenes, particularly the relationship between
food regions, the bowl center, and the bowl boundary.

Through these improvements, DBP-FDSNet can generate food semantic masks with
clearer boundaries, more continuous regions, and better structural consistency, thereby
providing more reliable segmentation results for subsequent two-dimensional semantic
mapping, three-dimensional volume segmentation, and nutritional composition estimation.
The specific improvements made to each component of the model are explained in greater
detail below. Figure 4 presents the overall architecture of DBP-FDSNet and the structure of
the MRF module.

1.  Detail-Enhanced Shallow Branch

The original FDSNet model adopts a dual-branch architecture consisting of deep and
shallow branches, where the deep branch is used to extract high-level semantic information,
while the shallow branch supplements local texture and spatial details by using the high-
frequency residuals obtained from Laplacian pyramid decomposition [22]. This design
can alleviate, to some extent, the loss of boundary information caused by low-resolution
input. However, in top-view images of bowl-based foods, different food categories often
come into contact with one another, and the differences in color and texture between some
food items can be relatively weak. Relying only on the high-frequency residual Ly makes
it difficult to describe weak boundaries and fine contours, and local noise may also be
mistakenly interpreted as category boundaries, which can lead to discontinuous boundaries
or under-segmentation.
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Three Key Improvements in DBP-FDSNet

Detail enhancement, spatial encoding, and boundary-aware supervision for bowl-food semantic segmentation
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Figure 4. The schematic diagrams of the three key improvements in DBP-FDSNet.

To address this issue, a detail-enhanced input is introduced into the shallow branch
in this study, so that the model can jointly use the original appearance information, high-
frequency structural information, and explicit gradient-based edge information [23]. Let
the original input image be denoted as Py € R"*W>3, and let the high-frequency residual
map at the highest resolution obtained after Laplacian pyramid decomposition be denoted
as Lo € REXWx1 Here, Py preserves the color, texture, and illumination information of the
image, whereas Ly emphasizes local high-frequency variations. The gradient magnitude
map Gy is then calculated from Py. If Sy and S, denote the gradient operators in the
horizontal and vertical directions, respectively, and * denotes the convolution operation,

Go can be expressed as shown in Equation (1):

Go =/ (Sx # P0)2 + (S % By)? (1)

In practice, P is first converted into a grayscale image or luminance component before
the gradient is computed, so as to reduce the computational cost; therefore, Gy € RHEXWx1
Compared with Ly, Gy can more directly reflect variations in pixel intensity and edge
strength. Subsequently, Py, Ly, and Gy are concatenated along the channel dimension to
form the detail-enhanced input of the shallow branch, denoted as X; = Concat(Py, Lo, Go).
Since direct concatenation increases the number of input channels, a lightweight input
fusion module ¢s(-) is further used in this study to perform channel compression and
local feature extraction on X, producing the shallow detail feature F; = ¢s(Xs). Here,
¢s(+) consists of small-kernel convolution, normalization, and nonlinear activation, and
is designed to fuse multiple types of detail information without noticeably increasing
the complexity of the network. Through this design, the improved shallow branch no
longer relies only on a single high-frequency residual, but instead integrates information
from the original image, high-frequency residuals, and gradient-based edges, thereby
providing richer local cues for adjacent food adhesion regions and weak boundary areas
while improving the boundary clarity and regional integrity of the subsequent semantic
segmentation results.
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2. Boundary-Assisted Supervision Branch

The original FDSNet is mainly optimized through a semantic classification loss to
produce the final segmentation result. Although this allows the model to learn the approx-
imate regional distribution of different food categories, the constraints imposed on food
contours and category transition regions remain relatively weak. In images of bowl-based
foods, adjacent food items often adhere to one another, and their boundaries may appear
blurred; therefore, if only region-level classification is used, the resulting masks are prone
to unclear edges or insufficient separation between neighboring categories [24]. To address
this problem, a boundary-assisted supervision branch is introduced into DBP-FDSNet,
so that the model is encouraged during training to attend not only to semantic region
partitioning but also to boundary localization, thereby improving the contour clarity and
spatial continuity of food masks.

This branch is connected after the top-level fused feature Fiop. Let ¢(-) denote the
boundary-assisted branch. After lightweight convolutional mapping and upsampling, the
feature map is restored to the same spatial resolution as the input image, and a single-
channel boundary probability map is then generated through the Sigmoid function, as
shown in Equation (2):

B = (¢ (Fp) @

where B € RFE*WXI denotes the predicted boundary map. A pixel value closer to 1
indicates that the corresponding location is more likely to belong to a food contour or a
category transition region. It should be noted that B is not involved in the final category
prediction; instead, it is used as an auxiliary supervision signal during training, so that the
shared features can be guided to pay greater attention to boundary regions.

The boundary label B can be automatically generated from the existing semantic
segmentation annotation Y, and no additional manual annotation is required. Specifically,
neighborhood differencing and morphological gradient operations are applied to the
semantic label map, and pixels where category changes occur are marked as boundary
regions. This process can be expressed as B = G(Y), where G(-) denotes the boundary
extraction operator. The generated boundary label includes both the external contours
between food and the background or bowl wall, as well as the internal boundaries between
different food categories.

During training, the boundary-assisted branch constrains the consistency between B
and B through a boundary prediction loss. Since boundary regions usually account for only
a small proportion of the image, while both pixel-level prediction stability and the overlap
degree of boundary regions need to be considered [25], binary cross-entropy loss and Dice
loss are combined in this study, and the boundary loss is defined as shown in Equation (3):

Ly = Lpce (B, B) + Lpice (B, B) 3)

The final training objective is jointly composed of the main semantic segmentation loss
and the boundary-assisted loss, which can be written as L = Lseg + Aj Ly, where Lgeg denotes
the main segmentation loss and A; is used to control the weight assigned to the boundary-
assisted loss. With this design, the model is able to learn category-level semantic information
while also capturing food boundary shapes, contour continuity, and category transition
locations more effectively. The boundary-assisted branch participates in backpropagation
only during the training stage, whereas the main segmentation branch is still used during
inference to generate the final semantic masks, and therefore, no noticeable increase in
inference complexity is introduced.
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3.  Incorporation of Spatial Encoding

In the top-view images of bowl-based foods used in this study, food regions are not
randomly distributed, but are clearly constrained by the bowl position, the imaging setup,
and the container structure. Since the camera is fixed directly above the bowl, the bowl
is usually located near the center of the image, with most food items distributed inside
the bowl, whereas regions close to the image boundary are more likely to correspond
to the bowl wall, tabletop, or background [26]. The original FDSNet mainly relies on
color and texture features for semantic inference, and therefore does not fully exploit this
relatively stable spatial distribution pattern. To address this limitation, spatial encoding is
introduced at the input stage of the deep branch in DBP-FDSNet, so that deep semantic
features can incorporate both pixel-level positional information and bowl-structure cues
during feature extraction.

Specifically, three types of spatial features are constructed in this study: the horizon-
tally normalized coordinate map X o0, the vertically normalized coordinate map Ycoord,
and the distance map Djow1, Which describes the distance from each pixel to the bowl
center or the valid region inside the bowl. Among them, X ,o:q and Yoorq are used to
represent the relative position of each pixel in the image plane, while Dy, is used to
describe the spatial relationship between each pixel and the bowl center, bowl wall, or bowl
rim boundary. Let the image size be H x W, the pixel location be denoted as (i, j), and the
bowl center be denoted as (x, y¢). The coordinate maps and distance map can then be
expressed as shown in Equations (4) and (5), respectively:

i
H-1

Xeoord (ir ]) = ﬁ/ Ycoord (i/ ]) = (4)

V(= x)2 + (= ye)?

Tbowl

Dbowl(i/j) = )

where 70,1 denotes the normalized scale factor estimated from the bowl rim region. The
three types of spatial features are then concatenated along the channel dimension to obtain
the spatial encoding feature, as shown in Equation (6):

Epos = Concat(xcoord/ Ycoord/ Dbowl) (6)

Since the deep branch usually receives downsampled low-resolution input, Epos is
resized in this study to the same scale as the input of the deep branch, yielding Egos, which is
then concatenated with the low-resolution RGB input or its corresponding feature Py, so that
X4 = Concat (Pd, Egos> , Where X; denotes the deep-branch input after spatial encoding has
been incorporated. Through this design, when high-level semantic information is extracted
by the deep branch, the model is able to use not only the color and texture cues of food,
but also the relative position of each pixel within the bowl and the geometric relationship
imposed by the container. As a result, valid food regions inside the bowl, the bowl rim, and
background regions can be distinguished more robustly, while mis-segmentation caused
by local texture similarity or interference from the bowl wall can be reduced [27].

3.1.4. Loss Definition of DBP-FDSNet and Its Connection to Subsequent Outputs

In this section, we further clarify the training objective of DBP-FDSNet and its connec-
tion with the subsequent 3D volume prediction process. Since the core task of the model
remains food semantic segmentation, the main segmentation branch takes pixel-level cat-
egory prediction as its primary optimization objective. Given the clear morphological
differences among staple foods, single-ingredient foods, and multi-ingredient foods in the
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dataset, the main segmentation loss is designed to consider both pixel-level classification
accuracy and region-overlap consistency. During training, DBP-FDSNet is jointly guided
by semantic region supervision and boundary structure supervision [28], where the former
strengthens category discrimination and the latter improves the contour quality of the
predicted masks. Because the boundary ground truth is automatically derived from existing
semantic annotations, this design improves boundary representation without introducing
additional labeling cost.

During inference, DBP-FDSNet retains only the main segmentation branch, which
generates a category probability map and a final semantic label map with the same spatial
size as the input image [29]. The resulting 2D semantic label map is used not only for
evaluating food semantic segmentation performance, but also as the semantic input for the
subsequent 3D analysis pipeline. In this pipeline, the segmentation results are mapped onto
the 3D food surface reconstructed by RGB-TSDF or onto the height-field parameter domain,
so that the occupied regions of different food categories inside the bowl can be determined.
Together with the bowl instance model, the staple-food occlusion compensation strategy;,
and category-level height-field integration, these mapped semantic regions further support
the volume estimation of each food category.

Therefore, within the overall workflow of this study, DBP-FDSNet serves as the front-
end module linking 2D semantic segmentation to 3D category-level volume prediction. The
accuracy, boundary clarity, and regional integrity of its output masks directly influence the
reliability of subsequent semantic mapping, category-level volume segmentation, weight
estimation, and nutritional composition prediction.

3.2. Three-Dimensional Food Volume Prediction
3.2.1. Data Collection and Coordinate System Establishment

In our previous research, we extracted the geometric parameters of bowl-type con-
tainers, completed their 3D reconstruction and capacity calculation, and constructed an
instance database, thereby providing reusable container structure models for subsequent
food volume estimation [30]. Building on this foundation, this chapter further investigates
3D volume prediction for dishes served in bowls and develops a data acquisition system
composed of two types of cameras. The top-view camera is fixed directly above the bowl to
capture top-view images and provide semantic segmentation results, while the surrounding
camera is placed above the bowl and moves from the left side to the right side through the
top position, continuously collecting RGB images and depth information for multi-view
3D surface reconstruction [31].

To keep multi-view fusion reconstruction and volume integration within a consistent
geometric space, a bowl coordinate system {B} is established based on the registered
bowl instance model. The center of the bowl bottom is taken as the origin, with the Z-
axis pointing vertically upward and the X- and Y-axes lying on the tabletop plane. The
mapping between image pixels and physical scale is also obtained to provide a unified scale
reference. For any 3D point Xp and image point u, the imaging relationship is expressed in
Equation (7):

su=K[R | {Xp ?)

where s denotes the scale factor, and u = [u,0,1]7 denotes the homogeneous pixel coordi-
nate in the image, with u and v representing the horizontal and vertical pixel coordinates
on the image plane, respectively. K is the camera intrinsic matrix containing the focal
length parameters and principal point coordinates, while [R | ] represents the camera
extrinsic parameters relative to the bowl coordinate system, where R is a 3 x 3 rotation
matrix and tis a 3 x 1 translation vector. Xg = [x B,YB,ZB, 1]T denotes the homogeneous
coordinate of a 3D point in the bowl coordinate system {B}. Based on this relationship, the
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intrinsic and distortion parameters of the two cameras are estimated separately. With the
calibration board placed at the bowl position as an intermediate reference, the extrinsic
parameters from each camera to the bowl coordinate system are then obtained, as shown in
Equation (8):

Rl‘ t;

0 1 (8)

TBFC,‘ =

where Tp, ¢, denotes the rigid transformation from the i-th camera coordinate system to
the bowl coordinate system. Here, i = 1 corresponds to the top fixed camera, whereas
i = 2 corresponds to the surrounding RGB-D camera. The terms R; and t; represent the
rotation and translation parameters of the camera relative to the bowl coordinate system,
respectively. For the surrounding camera, the frame-wise pose T, ¢, (t) is obtained by
combining the mechanical trajectory with visual correction. In addition, RGB-D color-depth
registration and depth error correction are performed to reduce systematic deviations
caused by changes in imaging distance and field-of-view position.

The acquisition device used in this study was designed as an experimental platform for
methodological validation, rather than as a final consumer-grade dietary monitoring device.
The top-view RGB camera was used to obtain two-dimensional semantic segmentation
information, while the surrounding RGB-D cameras were employed to provide multi-view
depth information. In addition, the slide rail and turntable were used to maintain stable
camera poses, acquisition trajectories, and illumination conditions. This configuration helps
reduce interference caused by handheld imaging, natural light variations, and viewpoint
uncertainty, thereby allowing the proposed three-dimensional reconstruction and volume
estimation pipeline to be evaluated more accurately. Nevertheless, this also means that a gap
remains between the current system and real dining scenarios, and further simplification
of the hardware structure, together with improved system robustness, will be required
before the method can be directly applied to ordinary mobile devices or open dining-
table environments.

3.2.2. Multi-View Fusion Reconstruction of the 3D Surface

This subsection aims to reconstruct the visible 3D surface of the food inside the bowl
and establish a multi-view fusion pipeline based on surrounding RGB-D images. The
surrounding camera continuously captures RGB-D images at 30 Hz for 30 s, producing
approximately 900 RGB-D frames, each with a device-provided pose. Rather than retaining
only a small number of discrete keyframes, this study uses the complete trajectory sequence
as the fusion input. The vertical-view frame captured when the camera passes directly
above the bowl center is retained as the main reference frame; although it shares the same
imaging direction as Camera 1, it is acquired at a different height. The remaining frames
are incorporated into the fusion process according to their temporal order and trajectory
positions, allowing the observation trajectory of the surrounding camera to cover the food
surface from the upper-left side, through the central upper position, to the upper-right side.

For each frame, the valid-depth ratio within the bowl region is calculated, and frames
with a ratio lower than 85% are discarded. The remaining RGB-D frames, together with their
corresponding poses, are then transformed into the bowl coordinate system for subsequent
Truncated Signed Distance Function (TSDF) voxel integration and surface reconstruction.
The initial poses of the keyframes captured by the surrounding camera are provided by the
device, including the slide-rail position and camera attitude. By combining this information
with the unified relationship between the bowl and the device described in Section 3.2.1,
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the pose of the surrounding camera at the k-th frame relative to the bowl coordinate system
{B} can be expressed as Equation (9):

Rp

0 1 ©)

k —
TB%CZ -

where Ry denotes the rotation matrix of the camera relative to the bowl coordinate system in
the k-th frame, and t; denotes the corresponding translation vector. For multi-view fusion
of RGB-D images, this study adopts a TSDF-based method [32]. By accumulating depth
observations from multiple frames, this voxel-based reconstruction method can gradually
suppress single-frame depth noise, local holes, and outliers, while forming a continuous
and smooth implicit surface near the voxel zero-level set. The reconstructed surface is then
recovered from the zero-isosurface. In the TSDF formulation, let x denote the voxel center,
and let di(x) denote the projected signed distance corresponding to the observation in the
k-th frame. The cumulative update formula is given in Equation (10):

_ Wie1(x)Dye—1(x) + wie(x)di (x)

Di(x) Wer(x) + @y (x)

Wi (x) = Wie—1(x) + wi(x) (10)

where Dy (x) denotes the TSDF value of the voxel after the k-th update, Wi(x) denotes the
accumulated weight, and wy(x) denotes the current observation weight. This formulation
can be regarded as a recursive weighted averaging process based on observation confidence,
which helps reduce the influence of noise on surface details. In preliminary experiments,
we found that the dense voxel representation of TSDF required relatively high memory
consumption. Therefore, RGB-TSDF was adopted in the subsequent reconstruction, as it is
more suitable for high-precision small-object reconstruction under the surrounding-view
acquisition setting used in this study [33]. RGB-TSDF manages voxels through a grid-octree
sparse voxel structure and a hard-coded indexing mechanism, allocates high-resolution
voxels only in observed regions, and introduces bilinear interpolation during depth-map
fusion to improve the accuracy of local voxel updates.

In this study, all valid RGB-D frames along the complete trajectory are used as fusion
inputs. Let T’l‘3 « ¢, denote the camera pose of the k-th frame, Z; (1, v) denote the correspond-
ing depth map, and K denote the camera intrinsic matrix. The local 3D point associated
with pixel (1, v) can then be calculated using Equation (11):

pi(1,0) = Zp(u,0)K ! {u, 0,17 (11)

The resulting point is then transformed into the bowl coordinate system through
Tk «c, for subsequent processing. Since the bowl serves as the container in this 3D food
reconstruction task, spatial cropping based on the bowl instance model is performed before
voxel updating, and only valid observations within the bowl cavity and near the bowl rim
are retained.

During fusion, RGB-TSDF constructs sparse active voxel blocks from the depth map,
with voxel nodes allocated only near the food surface and the inner wall of the bowl. Based
on the interpolated depth-map value, the signed distance between each voxel center and
the currently observed surface is calculated, and TSDF updating is then performed within
the truncated narrow band.

To ensure the stability of subsequent processing, a triangular mesh is extracted from
the TSDF zero-level set, D(x) = 0, using the Marching Cubes method after RGB-TSDF
fusion. This step produces the initial 3D model of the visible inner bowl wall and food
surface, whose reconstruction quality is then evaluated from the following four aspects:
1. Geometric integrity: The reconstructed surface is checked for continuity and possible
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holes. 2. Floating fragments and pseudo-surfaces: Isolated small connected components
are identified and removed. 3. Scale consistency: The mesh is verified to ensure that it
remains within the physically reasonable spatial range of the bowl interior. 4. Projection
consistency: The mesh is reprojected onto the original image to examine its alignment with
the depth boundaries and the inner contour of the bowl.

After this screening process, the reconstructed model is used as the final surface model
for subsequent 3D segmentation and volume calculation. Figure 5 illustrates the workflow
of data acquisition, coordinate system construction, and multi-view 3D fusion-based food
surface reconstruction.

Geome ruction
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Figure 5. Workflow of data acquisition, coordinate system construction, and multi-view 3D fusion-
based food surface reconstruction.

3.2.3. Occlusion and Staple-Food Invisibility Strategy

In bowl-served food scenarios, different food items usually present clear spatial
stacking relationships. Staple foods, especially Rice, are often located at the bottom of
the bowl or in a lower layer, where they may be partially occluded or even completely
covered by upper-layer single-ingredient or multi-ingredient foods. If volume integration
relies only on the visible surface, the staple-food volume may be underestimated, while
the volume of upper-layer foods may be overestimated. To address this issue, a staple-
food occlusion determination and layered compensation strategy is introduced before
geometry-constrained 3D segmentation and volume calculation [34].

The 20 food categories are divided into three groups: staple foods, single-ingredient
foods, and multi-ingredient foods. The staple-food category contains Rice. The single-
ingredient food category includes Roasted potato, Spring roll, Grilled skewer, Sausage,
Egg tart, Cold rice noodles, Corn, Roasted pumpkin, Salad, and Braised tofu, while the
multi-ingredient food category includes Chicken with potatoes, Braised pork belly, Spicy
diced chicken, Pork with celery, Shredded pork in garlic sauce, Sweet and sour fish fillet,
Scrambled eggs with tomato, Shredded potato with celery, and Pork with black fungus.
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The dataset used in this study does not consist solely of traditional Chinese foods. In
addition to typical Chinese meal items such as Rice, Braised pork belly, Spicy diced chicken,
and Shredded pork in garlic sauce, it also includes food categories that are commonly
found in different dietary contexts, such as Sausage, Egg tart, Corn, Roasted pumpkin,
Salad, and Spring roll. Therefore, the dataset shows a certain degree of diversity in
terms of food appearance, morphological structure, and nutritional composition, which
allows it to be used for evaluating the proposed method’s ability to estimate volume and
predict nutritional content in multi-category bowl-based meal scenarios. Nevertheless, the
applicable scope of this dataset is still limited to bowl-based meals, and it cannot be taken
as evidence that the proposed method already covers all dietary cultures or cooking styles.

For single-ingredient and multi-ingredient foods, volume integration is mainly based
on their visible 3D surfaces, whereas staple foods require an additional strategy for occlu-
sion compensation and invisibility determination. To quantitatively describe the degree

of staple-food occlusion, the visible proportion of staple food is defined as Ry;s = ||%¥:S‘| ,

where ()Y denotes the directly observable staple-food region in the top-view semantic
segmentation result, (), denotes the estimated overall occupied region after completion,
and | - | denotes the region area, namely the number of pixels. According to Ry;s, the
staple-food state is divided into the following three cases:

(1) Partial occlusion of staple food: When the staple-food label is detected in the
semantic segmentation result and the visible proportion satisfies Ryis > 40%, the staple
food is regarded as partially occluded. In this case, a sufficiently visible staple-food region
is still present in the top-view image, which can be used to estimate its reference height.
Let H(x,y) denote the uppermost visible height field inside the bowl. The reference height
of the staple food is then calculated as the average height of the visible staple-food region,
as shown in Equation (12):

- 1
H, = | QUi | Z(x,y)eﬂ}’isH(x'y) (12)
r

For regions that are occluded by upper-layer foods but still belong to the staple-food area,
the staple-food layer is assumed to be locally continuous, and its completed upper-surface

height is set as H,(x,y) = H,, where H,(x,y) denotes the completed upper-surface height
of the staple food. This strategy helps recover partially occluded staple-food regions and
avoids underestimating the volume when only the exposed staple-food area is considered.

(2) Severe occlusion of staple food: When the staple-food label is still detected in the
semantic segmentation result but the visible proportion satisfies 5% < Ryjs < 40%, the
staple food is regarded as severely occluded. In this case, only a small portion of the staple-
food region remains visible, so estimating its volume directly from the exposed area would
introduce considerable deviation. The visible staple-food region is therefore still used to
estimate the reference height, while the completion of the occupied staple-food region relies
more on the spatial constraints inside the bowl and the distribution of upper-layer foods.
The staple-food volume under this condition can be expressed as Equation (13):

Vo = [[ 0, (H-(x,y) — Hyour (x,)) dxdy a3

where Hpoyi1(X,y) denotes the reference height of the bowl bottom or inner wall provided
by the bowl model, and (), denotes the completed occupied region of the staple food. For
single-ingredient or multi-ingredient foods located above the staple-food layer, the lower
boundary is not directly defined by the bowl-bottom height; instead, it is set to the larger
value between the completed staple-food layer height and the bowl-model height, namely
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bottom
can therefore be calculated as shown in Equation (14):

(x,y) = max(Hpow (%, ¥), Hr(x,y)). The volume of the upper-layer food category ¢

Ve = J:[ Qe (Htop(x, y) — Hf,ottom(x,y)) d.Xdy (14)

This strategy prevents the spatial volume occupied by the staple-food layer from being
mistakenly included in the volume of upper-layer foods, thereby making category-level
volume estimation more reasonable.

(3) Invisibility of staple food: When no staple-food label is detected in the semantic
segmentation result and the visible proportion satisfies 0 < Ryis < 5%, the staple food is
regarded as invisible in the current top-view image. However, this does not necessarily
mean that the sample contains no staple food, since the staple-food layer may be completely
covered by upper-layer foods. To handle this situation more appropriately, the invisible
case is further divided into two subcases.

(a) The staple food is completely covered but actually present: If the semantic segmen-
tation module detects no staple-food label. In this case, the staple food layer is completely
invisible in the top-view image, and its spatial extent cannot be directly obtained by the
system from the visible semantic labels alone. Therefore, this condition is defined in the
present study as a semi-automatic fallback procedure under extreme occlusion, rather than
as a fully automated process for staple food volume estimation. It should be noted that the
user-provided staple food mass 11,¢" is used only as auxiliary information for low-visibility
samples, with the purpose of preventing the space actually occupied by the staple food
from being incorrectly assigned to upper-layer food items. For samples in which the staple
food is partially or severely occluded, the system still mainly relies on the visible staple
food region, bowl model constraints, and height-field continuity to complete the estimation
automatically.

Based on the staple-food density p;, the corresponding volume can be inversely
calculated as V57 = m

used to establish the rela’gionship between the internal bowl volume and height, yielding

. The inner-wall contour of the bowl instance model is then

the bowl volume-height function Cpowi (). By solving Cpowi (hr) = V57, the estimated
height h, of the completely invisible staple-food layer can be obtained. In this case, the
staple-food layer height is set as H,(x,y) = h,, which serves as the supporting lower
boundary for upper-layer single-ingredient and multi-ingredient foods. Thus, when staple
food is completely covered, the volumes of other food categories are calculated between
the visible surface and the staple-food layer rather than between the visible surface and
the bowl bottom, preventing the space occupied by staple food from being mistakenly
assigned to upper-layer foods. This treatment can preserve the geometric plausibility of
volume partitioning when the staple food is completely invisible; however, it also indicates
that manual assistance is still required in this case, which represents a current limitation
of the proposed pipeline for fully automated application. In future work, methods for
automatically determining the presence of staple foods and estimating the volume of
hidden layers will be further explored by considering the remaining space inside the bowl,
the support relationship between the staple layer and upper-layer foods, and information
provided by additional devices, so that the dependence on user input can be reduced.

(b) Truly no staple food: If no staple-food label is detected in the semantic segmentation
result and the user confirms that the sample does not contain staple food, the staple-food
layer is removed. Under this condition, single-ingredient and multi-ingredient foods are
treated as being directly distributed within the bowl cavity. Since no staple-food supporting
layer exists, their volume is calculated mainly from the height difference between the visible
food surface and the reference height provided by the bowl model.
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In summary, this subsection develops a layered processing strategy for three staple-
food states: partial occlusion, severe occlusion, and invisibility. When staple food remains
visible, the occlusion degree is determined according to Ry;s, and the staple-food layer
height is estimated from the visible staple-food region. When staple food is completely
invisible but actually present, its layer height is inversely derived from the user-provided
weight, staple-food density, and the bowl-model volume-height function. For samples that
truly contain no staple food, the staple-food layer is removed, and the bowl model serves
as the lower boundary for volume integration of the remaining food categories. Figure 6
illustrates the case-specific workflow of the Occlusion and Staple-Food Invisibility Strategy.
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Figure 6. Case-specific workflow of the Occlusion and Staple-Food Invisibility Strategy.

3.2.4. Geometry-Constrained 3D Segmentation Model and Volume Prediction

Before 3D segmentation is performed for each food category, multiple sources of
information are integrated within a unified geometric representation. These include the
3D food surface reconstructed from the sequential fusion of surrounding RGB-D camera
data described in Section 3.2.2, the bowl instance model and its related geometric infor-
mation retrieved from the bowl database according to the current bowl ID, the semantic
segmentation results from the top-view camera, and the three-category food classification
results together with the staple-food occlusion compensation information determined in
Section 3.2.3. In this study, all these data are represented in the bowl coordinate system {B},
with the center of the bowl bottom defined as the reference origin. Accordingly, surface
points, semantic-label mapping positions, and bowl geometric boundaries are uniformly
expressed as vectors in the form of pg = [x,y,z].

During the experiments, the corresponding bowl instance model is retrieved from the
bowl database and spatially aligned with the reconstructed surface in the bowl coordinate
system {B}. The inner bowl wall defines the geometric boundary, the bowl bottom serves
as the lower boundary, and the region within 10 mm above the bowl-rim plane is used as
the upper boundary. Based on these constraints, the initial 3D surface is spatially cropped
to remove the bowl body, external background regions, and abnormal surfaces penetrating
into the bowl interior. This process yields an effective candidate surface that contains
only the food inside the bowl and its adjacent contact regions [35], which is then used for
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mapping top-view semantic results into 3D space and for category-level volume integration.
For this purpose, the candidate 3D food surface is converted from a mesh representation
into a height-field representation defined on the bowl-rim plane. Specifically, the x-y plane
of the bowl coordinate system {B} is used as the parameter domain (), and the cropped
3D surface S C R3 is orthogonally projected along the Z-axis. For any planar position
(x,y) € O, the uppermost visible surface height is defined as shown in Equation (15):

he(x,y) =max{z | (x,y,z) €S} (15)

The surface height at each planar position is defined as the highest intersection between
the vertical projection line and the 3D surface. Under the container-constraint strategy, the
bowl instance model retrieved from the database provides the reference height function
hy(x,y) of the inner bowl wall or bowl bottom in the same parameter domain. To facilitate
parameter optimization and numerical computation, (2 is discretized into a regular grid
{(xi,y]-) }, and a height matrix H € RM*N s constructed, where the (i, j)-th element is
denoted as Hjj = h;(x;, ;). For missing cells caused by local occlusion, such as height
holes or penetrating-layer artifacts, valid neighboring height values are used for local
interpolation and continuity correction, so that the height field maintains good spatial
continuity within the valid bowl region.

To obtain the 2D height-associated region of a specific food category, the semantic
segmentation result from the top-view camera, namely Camera 1, is mapped into 3D space.
Let M(u,v) denote the semantic segmentation map, where the category label of pixel (u,v)
is given by ¢ = M(u, v). Since the top-view camera is positioned directly above the bowl
center and its imaging direction is aligned with the Z-axis of the bowl coordinate system
{B}, the image pixels can be first mapped onto the bowl-rim plane parameter domain Q).

For the homogeneous image coordinate 1 = [u,0,1]T

]T

, the corresponding planar point
in the bowl coordinate system, g = [x, y,1]", satisfies g ~ Hp, Iﬂ, where Hp, ; denotes
the homography matrix from the top-view image plane to the bowl-rim plane parameter
domain. Combined with the height field /;(x, y), the uppermost visible 3D surface point at

this planar position can then be recovered, as shown in Equation (16):

X
X(xy) = | v (16)
hi(x,y)

The 2D semantic label c is then assigned to the corresponding 3D surface element,
forming a 3D surface model with category information. For partial staple-food occlusion,
the staple-food layer height I, (x, y) has already been recovered in Section 3.2.3 from the
partially exposed staple-food region. The staple-food label is therefore projected onto the
3D points of the staple-food layer as X,(x,y) = [x,y,h(x,y)]T, while the labels of the
overlying single-ingredient or multi-ingredient foods still correspond to the uppermost
visible surface X;(x,y). However, assigning 2D semantic labels to spatially located 3D
points in the bowl coordinate system is not sufficient for volume calculation. Category-
level partitioning is still needed to define the occupied regions and hierarchical boundaries
used in subsequent volume integration. Let the projected label function be L(x,y) € C,
where C denotes the set of food categories. The 3D segmentation result of the c-th food
category is therefore represented not as an independent closed mesh in free space, but as
the combination of its occupied region in the parameter domain and its corresponding
height layer, as shown in Equation (17):

Se={ [vuheCey) | (xy) €0, Lixy) =c} -
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where h(x,y) depends on the layer to which category ¢ belongs. For the uppermost visible

foods, he(x,y) = hi(x,y), whereas for the staple-food layer recovered through occlusion
compensation, . (x,y) = h,(x,y). Based on the category-level 3D segmentation results, the
volume of each food category is calculated through height-field integration. Specifically,

within the occupied region of category c on the bowl-rim plane parameter domain (),

the height difference between the upper and lower boundaries is integrated to obtain the

corresponding volume inside the bowl cavity, as shown in Equation (18) [36]:

Ve = H {(xy)eq | Lxy)=c} (he (

x,y) — hi(x,y)) dx dy

(18)

where h¥(x,y) and k. (x,y) denote the upper- and lower-boundary heights of category

c at position (x,y), respectively. For the staple-food layer, the upper boundary is given

by the completed staple-food height field 4, (x, y), while the lower boundary is provided

by the bowl-model reference height h;,(x, y). For single-ingredient and multi-ingredient

foods located above the staple-food layer or other supporting layers, the upper boundary

corresponds to the uppermost visible surface height 7 (x, y), and the lower boundary is

determined by the underlying supporting layer or the bowl-model height.

At this stage, the category-level 3D segmentation results are converted into volume

outputs, including the spatial distribution regions of staple foods, single-ingredient foods,

and multi-ingredient foods in the bowl coordinate system, their layered height-field rep-

resentations, and the estimated volume V. of each category. The staple-food volume is

determined jointly by visible-region integration and occlusion compensation, while the

volumes of single-ingredient and multi-ingredient foods are mainly obtained by integrating

the height difference between the visible surface and the corresponding supporting layer.

Figure 7 illustrates the workflow of the Geometry-Constrained 3D Segmentation Model

and Volume Prediction.
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Figure 7. Workflow of the Geometry-Constrained 3D Segmentation Model and Volume Prediction.

3.3. Prediction of Food Nutritional Composition

At this stage, the predicted volume of each food category is used to estimate the

nutritional composition of the whole bowl. A hierarchical mapping strategy is adopted, in
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which the category-level volume is converted into mass according to food density, and the
nutrient content per 100 g of food is then used to calculate four indicators: calories, carbo-
hydrate, protein, and fat. For the density data used in the experiments, priority was given
to the INFOODS Density Database Version 2 [37], whose records are derived from literature
sources, national food composition tables, and measurements conducted by the database
authors. However, because this database mainly covers general foods and some Western
foods, it does not provide fully matched density entries for several composite dishes in-
cluded in this study. Therefore, standardized density measurements were additionally
conducted for these dishes under the same image acquisition and serving conditions.

For nutritional composition data, databases such as USDA FoodData Central and
EuroFIR FoodEXplorer were used [38]. For other dish categories, multi-source data were
standardized and integrated according to the Specifications for Food Composition Data
Expression published by the Health Data Center. For the c-th food category, let its volume
and density be V; and p,, respectively. The predicted mass is then given by m. = p V.. If
the nutritional vector per 100 g of this category is denoted as 1, = [ng“l, ncrb nk’, n{”t]T,
the predicted nutritional composition can be calculated as y. = 1557 The total nutritional
composition of the whole bowl is obtained by summing the results across all categories,

namely Ysum = chzl Ye-

4. Data and Results Analysis

In this chapter, we design a series of experiments to validate the overall pipeline
described above. The experiments cover the semantic segmentation results of top-view
food images, ablation studies and comparative analyses of the improved model, 3D food
fusion and geometric constraint processing, the role of the bowl instance model in geometric
constraint construction, and the effects of different 3D fusion parameters on food categories
with different structural characteristics. In the analysis, the foods are divided into three
groups, namely staple foods, single-ingredient foods, and multi-ingredient foods, so that
the influence of these experimental results on food volume estimation and nutritional
composition prediction can be further examined.

The top-view camera, referred to as Camera 1, is a Basler ace 2 a2A1920-160ucBAS RGB
camera equipped with a Basler C11-1220-12M 12 mm C-mount lens. It captures images at
a resolution of 768 x 768, with the optical center positioned 700 mm above the horizontal
plane and the lens aperture set between F5.6 and F8. The surrounding camera, referred to
as Camera 2, uses an Intel RealSense D455 to acquire RGB-D videos. The RealSense SDK
is used to align the depth images with the color images and to adjust the camera intrinsic
and extrinsic parameters. Camera 2 continuously collects RGB-D data at 1280 x 720 and
30 Hz for 30 s, producing approximately 900 RGB-D frames, which are then resized to match
the top-view images. By reading the encoder information from the slide rail and turntable
and synchronizing it with the D455 images, the nominal pose of the surrounding camera is
calculated according to geometric relationships, thereby obtaining frame-wise RGB-D poses.

As described in the previous sections, the bowl coordinate system is established with
the center of the bowl bottom as the origin. The Z-axis points vertically upward, while
the X- and Y-axes lie on the tabletop plane. The optical center of Camera 1 is set to
(0,0,700) mm. The surrounding camera moves along an arc-shaped trajectory above the
bowl center, with a trajectory radius of 500 mm and a scanning angle range of [—55°,55°],
while its optical axis always points toward the bowl center. When the scanning angle is
6 = 0°, Camera 2 is located directly above the bowl; when 6 = £55°, it reaches the upper-
left and upper-right positions, respectively. The average angular velocity is approximately

%, and the angular interval between adjacent frames is approximately 0.122°.
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The experimental host is equipped with an Intel Core i9-14900K processor and an
NVIDIA GeForce RTX 4090 GPU with 24 GB of memory, and the experimental platform
is deployed on Ubuntu 22.04.5 LTS. The semantic segmentation network is trained using
Python 3.10.20, PyTorch 2.7.0, and CUDA Toolkit 12.6.3, while visual processing and 3D
reconstruction are implemented with OpenCV 4.12.0, Open3D 0.19.0, and the RGB-TSDF
fusion module. PostgreSQL 17.9 is used as the main database, with PostGIS 3.6.2 extending
the spatial and geometric fields, and pgAdmin 4 9.14 serving as the graphical database
management tool.

4.1. Semantic Segmentation Ablation Experiments and Result Analysis

In this study, we constructed a bowl-served food image dataset covering 20 food
categories and 1452 sample groups. Each group contains an RGB-D video captured from
surrounding viewpoints and a top-view RGB image captured above the bowl. A total of 726
different food combinations were selected, and two sample groups were generated for each
combination by changing the spatial arrangement of the foods, resulting in 1452 groups.
After data augmentation on the top-view RGB images, the dataset contained 4261 images
with a unified resolution of 768 x 768, of which 10%, namely 426 images, were used as
the test set. Images containing staple foods account for 65% of the dataset, corresponding
to 2770 images, while images without staple foods account for 35%. In total, the dataset
includes 17,684 annotated segmentation regions. Among them, staple foods account for
2770 regions, or 15.7%; single-ingredient foods account for 7245 regions, or 40.9%; and
multi-ingredient foods account for 7669 regions, or 43.3% (In general, each bowl contains
three to four types of food).

The image dataset was divided into training, validation, and test sets at a ratio of 7:2:1.
Segmentation performance was evaluated using several commonly used metrics, including
mlol, mDice, mAcc, and bF1 (To save space, these evaluation metrics are not described in
detail here, as their general definitions are not modified in this study) [39,40].

To ensure fair comparisons among different semantic segmentation models under the
same experimental conditions, the training settings of DeepLabV3+ [41], BiSeNetV2 [42],
SegFormer-B0 [43], FDSNet [14], and DBP-FDSNet are kept consistent. Table 1 summarizes
the dataset, input image size, number of training epochs, batch size, optimizer, initial learning
rate, learning rate scheduling strategy, weight decay, and warmup setting used for each
model. Among these models, FDSNet and DBP-FDSNet further include a backbone-branch
pretraining stage and a fine-tuning stage on the UFP dataset, which are introduced to improve
feature representation and segmentation accuracy in the food semantic segmentation task.

Here, the effects of the three improved modules on segmentation performance are
evaluated through ablation experiments. The original structure without these modules is
used as the baseline, where D denotes the detail-enhanced shallow-branch input, B denotes
boundary-assisted supervision, and P denotes spatial encoding. The results show that each
module contributes to performance improvement when introduced individually. With B,
the mIol increases from 78.31% to 79.18%, and the bF1 improves by approximately 1.6%.
With D, the mAcc increases by approximately 0.49%, while P improves the model’s ability
to capture global spatial structure. The improvement becomes more pronounced when the
modules are combined. When D, B, and P are introduced together, the model achieves an
mlolU of 80.51%, approximately 2.2% higher than that of the original structure, while the
bF1 reaches 85.73%, with an increase of about 3.5%, and the m Acc reaches 90.06%. These
results suggest that the three modules complement each other in enhancing detailed feature
representation, boundary clarity, and spatial information utilization, thereby improving
the overall quality of food semantic segmentation. Table 2 presents the ablation results
with and without UFP-based pretraining. Figure 8 shows the mAcc and mloU results
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under different module combinations, both with and without pretraining. Specifically,
Figure 8A,C show the mAcc results under different module combinations without and
with pretraining, respectively, while Figure 8B,D show the corresponding mIol results.
Figure 9 presents the performance heatmap of the model, illustrating the contribution of
each module in the ablation experiments conducted with and without pretraining. Figure 10
shows the category-wise comparison between FDSNet and DBP-FDSNet across 20 food
categories in terms of IoU, Dice, Acc, and bF1.

Table 1. Training Configurations and Hyperparameter Settings of Different Semantic Segmentation
Models.

Model Datasets Input Epoch B;lt;:l Optimizer LR Sch * V]\)’eeicgal;t VZ;ZT}:ISP
DeepLabV3+ (R50 init) UFP* 768 x 768 120 8 SGD 7 %1073 Poly 1x107* 0
BiSeNetV2 UFP 768 x 768 120 8 SGD 1x1072 Poly 5x 1074 5
SegFormer-B0 (MiT-BO0 init) UFP 768 x 768 120 8 AdamW 6x107° Poly 1x1072 5
FDSNet (Swin branch) ImageNet-22K 384 x 384 90 4096 AdamW 1x1073 Cosine 5x 1072 5
FDSNet (STDC branch) ImageNet-1K 512 x 1024 300 64 SGD 1x 1072 Cosine 1x107* 5
FDSNet UFP 768 x 768 120 8 AdamW 1x107° Poly 1x1072 2
DBP-FDSNet (Swin branch) ImageNet-22K 384 x 384 90 4096 AdamW 1x1073 Cosine 5x 1072 5
DBP'FEEI:CE}E)(STDC ImageNet-1K 512 x 1024 300 64 SGD 1x 1072 Cosine 1x 1074 5
DBP-FDSNet UFP 768 x 768 120 8 AdamW 1x107° Poly 1x1072 2
* UFP denotes the UECFoodPixComplete food semantic segmentation dataset used in this study for training and
fine-tuning each model on the target task. The dataset contains top-view RGB images of multiple food categories
together with their corresponding semantic segmentation annotations. Sch denotes the learning rate scheduling strategy;
Poly refers to polynomial decay, where the learning rate gradually decreases as training iterations proceed, while Cosine
refers to cosine annealing, where the learning rate decays following a cosine curve.
Table 2. Ablation Results With and Without UFP-Based Pretraining.
D B P mlIoU mDice mAcc bF1 FLOPs (G) Params (M)
X X X 78.31(+1.83) 8742 (+1.41)  88.65(+1.32)  80.26 (+2.05) 182.74 101.93
v X X 7842 (+2.66)  88.19 (+1.22)  89.14(+1.21)  81.87 (+1.75) 189.12 104.18
X v X 79.18 (+1.79)  87.96 (+1.26)  88.96 (+1.25)  82.43 (+1.62) 182.74 101.93
X X v 77.64 (+2.22)  85.58 (+2.50)  86.41(+3.13)  81.32(+2.02) 183.31 102.02
v v X 80.36 (+1.56)  88.78 (+1.09)  89.73 (+1.10)  83.54 (+1.29) 189.12 104.18
v X v 79.09 (+1.64) 87.67 (+1.12)  88.95(+1.01)  82.96 (+1.51) 189.69 104.27
X v v 7991 (+1.67)  88.45(+1.20)  89.88 (+1.04)  83.21 (+1.48) 183.31 102.02
v v v 81.27 (+1.59)  89.56 (+0.86)  90.37 (+1.01)  84.61 (+1.12) 189.69 104.27

‘X" indicates that the module is not used, and ‘v’ indicates that the module is used. D denotes the detail-enhanced
shallow-branch input, B denotes boundary-assisted supervision, and P denotes spatial encoding. The values in
parentheses represent the performance gains achieved after transferring the model pretrained on the UFP dataset
to the target task, relative to the corresponding settings without transfer learning.

In addition, we conducted a comparative study between DBP-FDSNet and several ex-
isting semantic segmentation methods. The compared models included U-Net (without pre-
training) [44], DeepLabV3+ [41], BiSeNetV2 [42], SegFormer-B0 [43], Querylnst [45], Bound-
aryFormer [46] and the recently released instance segmentation models Mask2Former [47]
and MaskDINO [48]. All models were trained and tested under the same 768 x 768 input
condition. DBP-FDSNet achieved the highest segmentation accuracy, with an mlolU of
82.86%, outperforming the second-best model, Mask2Former, which achieved 82.01%. Its
mDice, mAcc, and bF1 were also the highest among all compared methods. A comparative
analysis of multiple models was further carried out in this study.

Figure 11 presents the prediction results of different semantic segmentation models
on four representative test samples. Figure 12 shows the distributions of Acc, IoU, and
bF1 for the segmented regions of the test set based on three major food categories, using
100 randomly selected test samples. Figure 13 further compares the performance of the
three best-performing models, namely DBP-FDSNet, Mask2Former, and SegFormer-B0,
across 20 food categories, with Acc, IoU, and bF1 used as evaluation metrics. See file 1 in
the supplementary document for specific images.
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Figure 8. mAcc and mIoU results under different module combinations with and without pretraining.
(A) and (C) correspond to mAcc without and with pretraining, respectively, while (B) and (D)
correspond to mIoU without and with pretraining, respectively.
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https://doi.org/10.3390/nu18132119


https://doi.org/10.3390/nu18132119

Nutrients 2026, 18,2119

25 of 44

DeepLab DBP-
Method Input U-Net V3+  BiSeNet SegFormer Query Boundary Mask2 Mask  gpgNet
(scratch)  (R50) V2 -B0 Inst Former Former DINO (ours)

Figure 11. Prediction results of different semantic segmentation models on four representative test samples.
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It can be observed that, for both staple foods and multi-ingredient dishes, most samples
are distributed near or above the average line, suggesting that the model maintains good
generalization ability across foods with different morphological characteristics. Table 3
reports the performance of each model on the four evaluation metrics.

Table 3. Comparative Performance of Different Semantic Segmentation Models on the Food Test Set.

Model mloU mDice mAcc bF1*

U-Net (trained from scratch) [44] 78.73 87.86 88.91 81.27
DeepLabV3+ (R50) * [41] 81.28 89.31 90.19 84.06
BiSeNetV2 [42] 80.41 88.94 89.86 83.33
SegFormer-B0 * [43] 81.96 90.01 90.74 84.82
Querylnst [45] 81.52 89.66 90.33 84.44
BoundaryFormer [46] 81.63 89.74 90.41 84.98
Mask2Former [47] 82.01 90.07 90.78 85.12
MaskDINO [48] 81.78 89.89 90.56 84.93
DBP-FDSNet(ours) 82.86 90.42 91.38 85.73

* R50 denotes the ResNet-50 backbone, meaning that the model uses ResNet-50 for feature extraction. BO refers to
the lightweight SegFormer variant equipped with the MiT-BO encoder. Since MiT-B0 is the default encoder of
SegFormer-B0, its backbone is not specified separately in the table. bF1 denotes the Boundary F1 score.

In summary, the experimental results in this section show that DBP-FDSNet achieves
better performance than the original FDSNet and other widely used segmentation models
in the food semantic segmentation task. Its improved segmentation accuracy and boundary
quality provide more reliable semantic masks for subsequent 3D volume estimation.

4.2. Parameter Selection for Multi-View 3D Reconstruction and Comparative Experiments on
Semantic Mapping Strategies

This subsection presents systematic experiments and parameter analyses for multi-
view 3D reconstruction and semantic mapping in bowl-served food scenarios. TSDF
reconstruction accuracy is evaluated under different voxel resolutions and truncation dis-
tance settings to determine suitable reconstruction parameters. Four semantic mapping
strategies are then compared, including Direct Projection, Bowl-Constrained Projection,
Height-Field Projection, and Height-Field + Refinement, with their performance differ-
ences assessed using metrics such as back-projection mIoU and bF1. The results show
that mapping consistency improves progressively with the introduction of bowl-interior
geometric constraints, height-field representation, and local correction. A horizontal com-
parative analysis of the key parameters is further conducted to examine their influence on
reconstruction and semantic mapping performance.

The experiments were conducted using 1452 groups of RGB-D image sequences paired
with top-view RGB images, from which 145 groups were randomly selected for perfor-
mance evaluation and parameter selection. The 3D surface of the food inside the bowl
was reconstructed using RGB-TSDF voxel fusion. The main parameters included voxel
resolution ranging from 1 mm to 3 mm, truncation distances of 2V, 4V, and 8V, where V
denotes the voxel side length, and input-frame ratios of 60%, 80%, and 100%. Reconstruc-
tion quality was evaluated using Reprojection Depth RMSE, MAE, Hole Ratio, Number of
Small Connected Components (<1%), overall volume MAPE, Runtime, and PeakMemory.

During semantic mapping, the trained DBP-FDSNet model is used to generate 2D
semantic segmentation results from the top-view RGB images, and the resulting category
labels are then mapped onto the reconstructed 3D food surface. To assess the consistency
between the 2D semantic results and the 3D surface after mapping, back-projection mlol,
mDice, mAcc, and F1-Score are used as the main evaluation metrics.

Among these metrics, MAE, overall volume MAPE, Runtime, Peak Memory, back-
projection mIoU, mDice, mAcc, and F1-Score follow the general definitions used in existing
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studies [49-51]. These metrics are used to evaluate depth or volume errors, computational
efficiency, GPU memory consumption, and segmentation consistency after semantic map-
ping. Reprojection Depth RMSE is defined as the root mean square error between the
depth of the reconstructed 3D surface after reprojection to the corresponding viewpoint
and the original depth map within the valid region, reflecting the geometric consistency
between the reconstructed surface and real depth observations. Hole Ratio denotes the
proportion of holes in the reconstructed surface within the valid bowl] region and is used
to assess surface completeness. The Number of Small Connected Components refers to
isolated connected components whose area or point-count proportion is less than 1%, which
reflects the presence of floating fragments, pseudo-surfaces, and local noisy structures in
the reconstruction result.

The 3D reconstruction accuracy was evaluated under different RGB-TSDF parameter
settings. Figure 14 shows the reconstruction results obtained with different combinations
of voxel size and truncation distance at input-frame ratios of 60%, 80%, and 100%. No. 1,
with a parameter setting of 1 mm + 8 V, preserves local surface details more effectively,
but the increased number of voxels also results in higher computational cost and GPU
memory consumption. No. 2, using 2 mm + 8 V, provides a more balanced performance in
terms of food-surface continuity, local detail preservation, and computational efficiency,
and was therefore considered more suitable for the subsequent experiments. In contrast,
No. 3, with a larger voxel size and a smaller truncation distance of 3 mm + 2 V, reduces
the computational burden but makes the reconstructed surface more susceptible to holes,
fractures, and granular artifacts. Overall, smaller voxel sizes and larger truncation distances
tend to improve reconstruction accuracy, although this improvement comes at the cost of
substantially increased computation and memory usage. Figure 15 shows the relationship
among input-frame ratio, voxel size, truncation distance, peak memory usage, Runtime, and
Reprojection Depth RMSE. Figure 16 presents the overall score distributions under different
combinations of voxel size and truncation distance when the input-frame ratios are set to
60%, 80%, and 100%, corresponding to subfigures A, B, and C, respectively.

After the optimal RGB-TSDF reconstruction parameters are determined, the mapping
from 2D semantic segmentation results to the 3D food surface is further analyzed. Since the
top-view semantic masks need to be aligned with the reconstructed 3D surface in a unified
bowl coordinate system, Direct Projection is easily disturbed by pseudo-surfaces outside
the bowl, local holes, and uneven point-cloud sampling. To address these issues, four
semantic mapping strategies are compared with progressive constraints and refinements:
Direct Projection, Bowl-Constrained Projection, Height-Field Projection (including Bowl-
Constrained Projection), and Height-Field + Refinement (including Bowl-Constrained
Projection).

Among these strategies, Direct Projection assigns 2D semantic labels to the correspond-
ing 3D surface points according to the imaging relationship of the top-view camera. Let
p denote a 3D surface point, 77(-) denote the projection function from 3D space to the top-
view image plane, and Lyp and L3p denote the 2D and 3D semantic labels, respectively. The
mapping can be written as Lap(p) = Lop(7t(p)). Although this method is straightforward
to implement, labels may be incorrectly assigned to noisy points outside the bowl or to
reconstructed pseudo-surfaces.
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Figure 14. Comparison of 3D reconstruction accuracy under different RGB-TSDF parameter con-
figurations. (A) corresponds to the NO.1 parameter combination, with a voxel size of 1 mm and a
truncation distance of 8V. (B) corresponds to the NO.2 parameter combination, with a voxel size of
2 mm and a truncation distance of 8V. (C) corresponds to the NO.3 parameter combination, with a
voxel size of 3 mm and a truncation distance of 2V.
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Bowl-Constrained Projection builds on Direct Projection by introducing an inner-bowl
constraint, so that only the valid 3D surface within the bowl model is retained. This helps
reduce interference from background regions and abnormal points outside the bowl. To
further improve the alignment between 2D semantics and 3D geometry, Height-Field
Projection represents the 3D surface inside the bowl as a height field on the bowl-rim plane,
expressed as p(x,y) = (x,y, H(x,y)), where H(x,y) denotes the visible surface height at
the corresponding planar position. With this representation, the 2D semantic mask and
the 3D surface share the same parameter domain, which reduces mapping loss caused by
point-cloud sparsity and local holes.

The Height-Field Projection + Refinement strategy further applies local consistency
correction to the height-field mapping results. By removing isolated small regions and
smoothing category boundaries, this strategy reduces local boundary artifacts and improves
the spatial coherence of the mapped semantic regions.

The role of the bowl instance model in semantic mapping was further examined
through comparative experiments with and without bowl constraints. The results show
that introducing bowl constraints markedly reduces the incorrect assignment of semantic
labels to pseudo-surfaces outside the bowl, background points, and floating fragments.
After the bowl cavity is cropped, invalid regions are removed, and the semantic labels
become more concentrated on the valid food surface. This suggests that the bowl instance
model not only provides the geometric boundary for subsequent volume integration,
but also offers useful spatial guidance during semantic mapping. Table 4 presents the
comparison results of different semantic mapping strategies. Figure 17 compares the three-
dimensional semantic mapping results before and after the introduction of bowl constraints,
with the enlarged local views shown on the right. Figure 18 reports the back-projection
IoU and F1-score results of the four strategies. Figure 19 shows the ECDF curves of back-
projection IolU, together with the joint distribution of Precision and Recall, illustrating the
balance between mapping accuracy and completeness under different strategies.

Table 4. Comparative Results of Different Semantic Mapping Strategies.

Mapping Strategies Back-Projection mIoU (%) F1-Score (%) Precision (%) Recall (%)
Direct Projection 778 £ 6.4 86.3+5.1 88.6 =48 842457
Bowl-Constrained 81.0 £5.6 89.1 £ 4.3 90.7 £ 4.0 87.6 + 4.8
Projection
Height-Field Projection 849 £48 915 +£3.6 92.6 £3.2 90.5 £4.0
Height-Field + Refinement 869 £4.2 928 £3.1 93.7 £28 919 £3.5

Semantic Bowl-constrained Non-Bowl-
segmentation results model constrained model

Case 1 I %

Case 2

Case 3

Case 4

CICA

Figure 17. Comparison of the 3D semantic mapping results in four representative cases before and
after the introduction of bowl constraints, with local enlarged views shown on the right.
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Figure 18. Back-projection IoU (A) and F1-score (B) results of the four strategies, illustrating their
overall distribution, stability, and segmentation consistency across 145 samples.
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Figure 19. (A) the joint distribution of Precision and Recall, (B) the ECDF curves of back-projection IoU.

With the gradual introduction of bowl constraints, height-field parameterization, and
local refinement, the back-projection mloU, Fl-score, Precision, and Recall all improve
consistently. These results demonstrate that the proposed height-field mapping and local
refinement strategy can effectively enhance the spatial consistency between 2D semantic
labels and the 3D food surface.

4.3. Experiments on Layered Volume Estimation Under Staple-Food Occlusion and Invisibility

The previous methods section described the staple-food occlusion compensation and
invisibility handling strategies. This subsection further examines how the layered strategy
influences volume estimation and weight conversion under different staple-food states.
Based on the visibility of the staple-food region in the top-view semantic segmentation
results, the samples are grouped into three cases for experimental analysis: partial occlusion,
severe occlusion, and invisibility of staple food.

In the experimental statistics, 943 of the 1452 sample groups contained staple food.
Among these samples, 74.3% were classified as severe occlusion cases, while the remaining
samples belonged to the partial occlusion case. Another 503 groups were identified as staple-
food invisibility or no-staple-food samples, among which invisible-staple-food samples
accounted for 83.2% and no-staple-food samples accounted for 16.8%. The remaining
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samples were excluded because of data loss or unusable data. For samples containing
staple food, the weight prediction MAE and M APE were calculated only for the staple-food
category, without including the errors of single-ingredient and multi-ingredient foods. For
samples without staple food, the MAE and MAPE were calculated for single-ingredient
and multi-ingredient foods.

This subsection mainly examines whether the layered processing strategy is necessary
under staple-food occlusion and invisibility conditions. Since staple-food occlusion com-
pensation directly determines the lower-boundary setting in the height field and further
affects the volume integration of single-ingredient and multi-ingredient foods, the samples
are grouped and analyzed according to different staple-food states before the volume
estimation results are evaluated.

It should be noted that the weight-error statistics reported here do not represent a full
analysis of the complete weight prediction pipeline. Rather, they are obtained under the sub-
sequent unified 2D-to-3D semantic mapping, category-level volume segmentation settings,
and volume-to-density conversion process. In the following subsection, parameter differen-
tiation experiments are further conducted for single-ingredient and multi-ingredient food
volume segmentation, focusing on the effects of smoothing strength, connected-component
merging threshold, and boundary correction radius on weight MAPE. After the final
parameters are determined, the overall weight and nutritional composition prediction
results are analyzed. Table 5 presents the statistical results of food weight estimation under
three different scenarios, using MAE and M APE as evaluation metrics. Figure 20 shows
the error distributions of layered volume estimation under different staple food states
and occlusion conditions, including the weight error distribution for partially occluded
staple food samples, that for severely occluded staple food samples, and the weight error
distributions of single-component and multi-component foods in samples without staple
foods. Figure 21 further presents the M APE-based ECDF curves for single-component
and multi-component foods under the no-staple-food condition, as well as the density
distributions of predicted and ground-truth weights under severe staple food occlusion.

Table 5. Statistics of MAE and MAPE for Food Weight Under Three Scenarios.

Number of
Data Groups

Scenario Type

Staple Food
MAE(g) MAPE(%)

Single-Ingredient Food
MAE(g) MAPE(%)

Multi-Ingredient Food
MAE(g) MAPE(%)

Partial
Occlusion of
Staple Food

242

152 £5.1 74+26 - - - -

Severe
Occlusion of
Staple Food

701

226+73 104 £34 - - - -

Overall
Samples
Containing
Staple Food

943

20.7 £ 6.8 9.64 + 3.02 - - - -

Invisible Staple
Food/No
Staple Food

503

11.8 £4.1 99 +33 14.6 £5.0 11.0 £ 3.8
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Figure 20. Error distributions of layered volume estimation and occlusion effects under different
staple-food states. (A) Weight error distribution for samples with partially occluded staple foods,
where the half-violin plot represents the error density, the box plot shows the median and interquartile
range, and the scatter points indicate sample-level errors. (B) Weight error distribution for samples
with severely occluded staple foods. (C) Weight error distributions of single-ingredient and multi-
ingredient foods in samples without staple foods. In panel C, the category-specific dashed lines
follow the corresponding food-category colors, with the single-ingredient and multi-ingredient foods
shown by their respective colored mean lines in the MAE and MAPE distributions.
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Figure 21. (A) ECDF curves of MAPE for single-ingredient and multi-ingredient foods in the no-
staple-food scenario. (B) Density distributions of predicted and ground-truth weights under severe

staple-food occlusion.

4.4. Food Mass Estimation and Whole-Bowl Nutritional Composition Prediction

After multi-view RGB-TSDF reconstruction, reconstruction strategy analysis, and
layered processing for staple-food occlusion have been completed, the top-view semantic
segmentation results are further mapped onto the 3D height-field surface in this subsection.
Based on the resulting category-level volumes, food weight and nutritional composition
are then predicted. It should be noted that the weight prediction in this section is not
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derived directly from the 2D semantic segmentation results alone; rather, it depends on the
combined effects of the selected 3D reconstruction parameters and strategies, staple-food
occlusion compensation, and height-field-based semantic mapping.

In the basic workflow, DBP-FDSNet is used to generate 2D semantic labels from the
top-view image, after which these labels are mapped onto the height-field surface in the
bowl coordinate system to determine the occupied 3D regions of staple foods, single-
ingredient foods, and multi-ingredient foods. The category-level volume is then obtained
by integrating the height difference between the upper and lower boundaries of each
corresponding food region. Based on the density table of each food category, the estimated
volume is converted into weight, and the four nutritional indicators of the whole bowl,
including Calories, Fat, Carbohydrate, and Protein, are further calculated using the nutrient
composition table per unit mass.

Before category-level volume segmentation, differentiated parameter settings are eval-
uated for single-ingredient and multi-ingredient foods. Single-ingredient foods generally
have more continuous geometric shapes and relatively stable boundaries, whereas multi-
ingredient foods contain more complex internal components and tend to show fragmented
or mixed boundaries. For this reason, applying the same post-processing parameters to
both categories may not be appropriate. In this study, 145 samples are used to examine how
smoothing strength, connected-component merging threshold, and boundary correction ra-
dius affect weight MAPE. As shown in Table 6, the best performance for single-ingredient
foods is obtained with a smoothing strength of 0.25, a connected-component merging
threshold of 50, and a boundary correction radius of 2, while multi-ingredient foods per-
form best with a smoothing strength of 0.15, a connected-component merging threshold of
20, and a boundary correction radius of 1.

Table 6. Results of Differentiated Parameter Settings for Single-Ingredient and Multi-Ingredient Foods.

. Connected-Component Boundary Correction Single-Ingredient Weight = Multi-Ingredient Weight
Smoothing Strength Merging Threshold Radius S MAPE () MAPE %)
0.10 20 1 13.1 124
0.15 20 1 12.2 11.6
0.20 30 1 11.3 11.9
0.20 40 2 10.8 12.5
0.25 40 2 10.4 12.2
0.25 50 2 10.1 12.0
0.30 50 2 10.5 12.6
0.30 55 3 10.9 134
0.35 60 3 11.6 14.3

These results suggest that single-ingredient foods benefit from stronger smoothing
and connected-component merging, as these operations help suppress local fragments.
Multi-ingredient foods, however, require more local boundary details to be preserved,
since excessive merging may blur category regions and introduce segmentation confusion.
Therefore, the two optimized parameter sets are used in all subsequent experiments, while
the default parameters are retained for staple foods.

Instead of directly assigning semantic labels to sparse point clouds, the 2D semantic
results are mapped onto the 3D height-field model. In this representation, the reconstructed
food surface inside the bowl is described in the top-view planar parameter domain, so that
the semantic masks, bowl-model boundaries, and reconstructed surfaces can be aligned
within a unified spatial framework. Figure 22 presents four representative cases, including
the corresponding depth images, point clouds, 3D models, pseudo-color height-field maps,
and semantic segmentation results. Figure 23 presents the local height-profile analysis
results extracted from the corresponding pseudo-color height-field maps. After category-
level volume segmentation was completed for the 1452 sample groups, the predicted
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mass results were further analyzed at both the whole-bowl level and the three-category
level. Figures 24 and 25 show the consistency and error distributions of mass estimation
results across different food categories, with the detailed quantitative results reported in
Table 7. The total mass of the whole bowl achieved an MAE of 36.7 8.9 g and a MAPE of
10.85 =+ 3.14%. Among the three major food categories, staple foods had the highest average
ground-truth mass, reaching 214.7 g, with a MAPE of 9.64 & 3.02%. The MAPE values
for single-ingredient and multi-ingredient foods were 10.37 £ 3.41% and 11.54 & 3.87%,
respectively. See File S2 and File S3 in the Supplementary Document for specific images.

Semantic Height field Overall Reconstructing P 3D point cloud
% . 3D point
Original  segmentation RGB-D pseudo-  reconstruction the top view of cloud ima texture
RGBimage  of images image color image model diagram  the model P mapping map

Figure 22. Representative results of 3D reconstruction and height-field analysis. The four representative
cases, each including the original RGB image, semantic segmentation result, RGB-D depth image, pseudo-
color height-field map, overall reconstructed model, top-view reconstructed model, 3D point cloud, and
texture-mapped 3D point cloud. The Height field pseudo-color image in Figure 22 corresponds to the
Height field pseudo-color image in Figure 23, where more details can be seen.
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Figure 23. Local height-profile analysis results extracted from the height-field pseudo-color images
corresponding to the four bowl-served food examples in Figure 22. (A-D) Height-field pseudo-color
images and local height profiles of the first to fourth examples in Figure 22, respectively. In each
subfigure, the left panel shows the reconstructed height distribution of the food surface, while the three
curves on the right represent height variations along the marked A-A’, B-B/, and C-C’ directions.
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Figure 24. (A-C) show the relationships between ground-truth and predicted mass for single-
ingredient foods, multi-ingredient foods, staple foods respectively, together with the corresponding
error levels in terms of MAE and MAPE.
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Figure 25. (A) compares the absolute and relative error distributions for four estimation tasks, namely
total mass, staple foods, single-ingredient foods, and multi-ingredient foods, with their mean and
median values also indicated. (B) presents the distribution of ground-truth and predicted values for
total mass estimation.
Table 7. Mass Estimation Errors for Different Statistical Categories Across 1452 Samples.
Statistical Object Average Ground-Truth Mass (g) MAE (g) MAPE (%)
Total Mass 338.4 36.7 £ 8.9 10.85 + 3.14
Staple Foods 214.7 20.7 + 6.8 9.64 + 3.02
Single-Ingredient Foods 126.3 13.1+4.6 10.37 + 3.41
Multi-Ingredient Foods 139.5 16.1 £ 5.4 11.54 + 3.87
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We further calculated the average ground-truth mass, MAE, and MAPE for each
of the 20 food categories, as shown in Figures 26 and 27. The statistics show that 943 of
the 1452 sample groups contained staple food. Apart from staple food, 75% of the bowls
contained three food types, while the remaining 25% contained four food types; therefore,
the total occurrence count of non-staple food categories was higher than the total number
of samples. Overall, most single-ingredient foods showed MAPE values close to 10%,
whereas multi-ingredient foods generally produced slightly higher errors, suggesting that
more complex category structures can reduce the stability of 3D segmentation.
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Figure 26. (A) Cumulative distributions of MAPE across different ground-truth mass intervals,
(B) Cumulative distributions of MAE across different ground-truth mass intervals. The different
colors represent the 20 food categories, and the color assignment is consistent with the category colors
used in Figure 27, so that the contribution of each food category can be compared across figures. The
vertical dashed lines indicate representative food-category mass positions, which are used to show
where the main error accumulation occurs along the true-mass axis.
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Figure 27. MAE and MAPE results for the 20 food categories under whole-bowl statistics.
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For nutritional composition prediction, the predicted weight of each food category is
combined with the nutrient composition table per unit mass to calculate the whole-bowl
Calories, Fat, Carbohydrate, and Protein. When the evaluation object is a specific food
category rather than the total nutritional composition of the whole bowl, the relative error
of nutritional prediction is the same as that of weight prediction, since a fixed nutrient
composition value per unit mass is used for conversion. For the c-th food category, the
predicted value of the k-th nutrient can be expressed as Nc,k = %ac,k/ while the ground-
truth value is N,y = {g54.k where 71 and m, denote the predicted and ground-truth
weights of this food category, respectively, and 4., denotes the content of the k-th nutrient
per 100 g of this category.

Since a. is a fixed constant for the same food category, when statistics are performed
for a single food category, the MAPE values of the four nutritional components are the same
as the weight MAPE of that category. The MAE values of different nutrients differ due to
differences in nutrient content per unit mass. Only when the total nutritional composition of
the whole bowl is evaluated do the overall errors of different nutrients need to be calculated
separately, because different food categories have different nutrient densities, and the errors
of different categories may be weighted, accumulated, or partially offset.

Figure 28 shows the distribution proportions of the three major food categories and the
prediction indicators for each nutrient and weight, illustrating the contribution of different
food categories to the whole-bowl weight and nutritional indicators. Table 8 presents the
total nutritional composition results for 1452 bowls. The results show that the MAPE
values for whole-bowl Calories, Fat, Carbohydrate, and Protein are 13.23%, 18.51%, 14.18%,
and 13.35%, respectively.
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Figure 28. The sample proportions, occurrence frequencies, average mass, and prediction errors of
the four nutritional components for staple foods (A), single-ingredient foods (B), and multi-ingredient
foods (C), respectively.

Table 8. Total Nutritional Composition Results of the Whole Bowl Across All Samples.

Nutritional Component Average Ground-Truth Content MAE (Kcal/g) MAPE (%)
Calories (kcal) 722.4 95.6 13.23
Fat (g) 24.0 4.44 18.51
Carb (g) 77.5 10.99 14.18
Protein (g) 35.8 478 13.35

To analyze the influence of different categories on nutritional prediction errors, we
further calculated the MAE and MAPE of the three major food categories—staple foods,
single-ingredient foods, and multi-ingredient foods—as well as all 20 food categories in
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20 food categories
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total, for the four nutritional components, as shown in Figure 29. The results indicate that
the MAPE values of the four nutritional indicators are 9.64% for staple foods, approximately
10.3-10.6% for single-ingredient foods, and approximately 11.4-11.9% for multi-ingredient
foods, which is consistent with the previously observed trend in weight estimation errors.
This is because, in the proposed method, the nutritional composition of the same food
category is obtained by multiplying the predicted weight by a fixed unit nutrient content.
Therefore, the category-level relative nutritional error is consistent with the category-level
relative weight error.
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Figure 29. MAE and MAPE of the four nutritional components for 20 food categories across all
samples, evaluated at the whole-bowl level.

To further compare the experimental results of the proposed method with those of
simpler image-based or RGB-D fusion-based approaches, Table 9 presents the MAPE
values for mass and nutritional composition prediction across several methods.

Table 9. Multi-method comparison of MAPE for food mass and nutritional composition prediction.

Method

Method Type Calories Fat Carbohydrate Protein Mass

Google Nutrition 5K [52] Single image 26.1 34.2 319 29.5 18.8
Swin-Nutrition [53] Single image 15.3 22.1 20.8 15.4 12.5
U-Net + ResNet101 [10] Single image 15.68 21.41 18.79 17.68 11.75
Google Nutrition 5K depth [52] RGB-D fusion 18.8 18.1 23.8 20.9 18.9
RGB-D Nutrition [54] RGB-D fusion 15.0 235 224 21.0 10.8
DPF-Nutrition [9] RGB-D fusion 14.7 22.6 20.7 20.2 10.6
RDINet [55] RGB-D fusion 14.9 19.7 18.9 19.5 11.2

Our Method / 13.23 18.51 14.18 13.35 10.85

Table 9 provides a literature-level comparison rather than a strictly controlled direct
evaluation. The compared methods were developed using different datasets, data-cleaning
procedures, and evaluation settings, and some studies reported MAPE or percentage MAE
rather than the MAPE metric used in the present study. Single-image methods generally
have lower acquisition costs and are easier to deploy, but their prediction errors tend to
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depend more heavily on learned image features and estimated portion sizes. By contrast,
multimodal and RGB-D fusion-based methods introduce additional depth, geometric, or
ingredient-related information, which can improve the stability of mass and nutritional
composition prediction.

In summary, this subsection determines the category-level volume segmentation
parameters, analyzes weight prediction for the three major food groups and 20 food
categories, and evaluates nutritional composition prediction at both the whole-bowl and
category levels based on the mapping from 2D semantics to 3D height fields. The results
show that differentiated mapping parameters better accommodate the morphological
differences between single-ingredient and multi-ingredient foods, while the height-field-
based semantic mapping method provides a stable correspondence between 2D labels
and 3D surfaces. The whole-bowl total mass prediction achieves a MAPE of 10.85%. For
nutritional composition prediction, the average M APE of the four nutritional components
is approximately 14.82%, with values of 13.23% for Calories, 18.51% for Fat, 14.18% for
Carbohydrate, and 13.35% for Protein. It should be noted that the MAPE for Fat is higher
than those of the other three nutritional indicators, which is mainly related to the conversion
procedure adopted in this study, where volume is first converted into mass and then into
nutritional composition. In other words, fat distribution is not directly identified from the
images. Instead, food mass is first derived from category-level volume estimation results,
after which nutrient contents are calculated according to a fixed nutrient composition table
per unit mass. The relatively higher error for fat mainly results from the propagation of
category-level mass estimation errors during the nutrient-coefficient weighting process.
Compared with Calories and Carbohydrate, the average ground-truth value of whole-bowl
Fat is smaller, which means that an absolute error of a similar magnitude will appear
as a larger relative error in terms of MAPE. In addition, the fat content per unit mass
varies substantially across different food categories, and when the volume or mass of
high-fat categories is estimated with some bias, the resulting error is more likely to have
a noticeable effect on the whole-bowl Fat prediction. By contrast, Carbohydrate is more
strongly influenced by the mass of staple foods such as rice, for which a relatively stable
volume estimation basis is provided after occlusion compensation of the staple layer.
The prediction error for Protein is also mainly affected by the mass estimation of the
corresponding food categories, and therefore its overall MAPE remains lower than that
of Fat.

The average MAPE across mass and the four nutritional components is 14.02%. These
results suggest that the proposed pipeline, which links 2D semantic segmentation, 3D
height-field-based category-level volume estimation, and volume-to-nutrition conversion,
is feasible for nutritional analysis of multi-category bowl-served foods.

5. Limitations and Discussion of This Study

Although a relatively complete pipeline for predicting the nutritional composition of
multi-category bowl-based foods was established in this study, several limitations remain.
The current data acquisition process still relies on a top-mounted RGB camera and a
surrounding RGB-D camera, while the equipment structure is relatively fixed. Therefore,
accurate camera calibration, high-quality depth maps, and stable imaging conditions are
required, which limit the flexibility of practical application. In addition, when staple foods
are completely invisible, the system still relies on the staple-food weight provided by
the user as auxiliary information, indicating that the degree of automation still needs to
be further improved. Nutritional composition prediction also depends on food density
values and nutritional databases, which makes it difficult to fully account for differences in
cooking methods, moisture content, and specific recipes. These issues constitute the main
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limitations of the proposed method, and Table 10 summarizes these limitations according

to different stages.

Table 10. Limitations of the Proposed Method Summarized by Stage.

Stage

Main Limitations

Possible Impact

Data Acquisition

The system requires coordinated operation
between a top-view RGB camera and a
surrounding RGB-D camera, while also

relying on stable calibration relationships
and a fixed acquisition trajectory.

This limits its direct application to
ordinary mobile devices or open dining
environments.

Dataset Scope

The dataset covers multiple categories of
bowl-based meals, and its sample
composition is closer to Chinese or East
Asian mixed-meal scenarios. However,
additional evaluations have not yet been
conducted for broader dietary cultures or
different container types.

This may limit the adaptability of the
proposed method to other food category
systems, non-bowl-based meals, and
different food plating styles.

Semantic Segmentation

Mis-segmentation may still occur for foods
with low contrast, similar colors, mixed
textures, or adhesive boundaries.

These errors may shift the mapped 3D
semantic regions and affect
category-level volume allocation.

3D Reconstruction

Depth noise in RGB-D data, reflective
surfaces, occluded regions, and camera pose
errors may affect the quality of RGB-
TSDF fusion.

The reconstructed model may contain
local surface holes, boundary drift, or
discontinuities in the height field.

Staple-Food Occlusion Compensation

When the staple food is completely invisible
but actually present, the current method uses
the user-provided staple food weight as
auxiliary information to infer the height of
the hidden staple layer. This fallback strategy
is not required for partially or severely
occluded cases, where automatic estimation
can still be performed based on visible
regions and geometric constraints; however,
it also means that fully invisible staple foods
cannot yet be handled in a completely
automated manner.

This limits the degree of automation of
the proposed pipeline under extreme
occlusion conditions and may reduce its
practicality in fully unattended dietary
assessment scenarios.

Height-Field-Based
Volume Segmentation

The height field uses the bowl-rim plane as
the default parameter domain, making it
more suitable for layered or approximately
continuous food surfaces.

Its ability to represent suspended foods,
soup-like mixtures, or complex stacking
structures is limited.

Nutritional Composition Mapping

Food density and unit nutritional
composition values are usually obtained
from databases or measured averages.

Differences caused by cooking methods,
moisture content, and individual recipes
are difficult to fully capture.

6. Conclusions

This study proposed a complete pipeline for volume estimation and nutritional com-

position prediction of multi-category bowl-based meals, covering the entire process from

image acquisition and semantic segmentation to three-dimensional reconstruction and

nutritional composition prediction.

For food semantic segmentation, DBP-FDSNet was developed on the basis of the

original model to adapt it to boundary adhesion and texture similarity, which are commonly

observed in top-view images of bowl-based foods. Targeted improvements were made to

the original network by introducing a detail-enhanced shallow branch, a boundary-assisted

supervision branch, and spatial position encoding. DBP-FDSNet achieved an mIoU of
80.51%, a bF1 of 85.73%, and an mAcc of 90.06%. The three-dimensional food surface inside
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the bowl was reconstructed through RGB-TSDF fusion, with the selected reconstruction
parameters set as a voxel resolution of 2 mm, a truncation distance of 4 V, and an image
input ratio of 100%. Four strategies were also compared, and Height-Field + Refinement
achieved the best mapping performance, with a back-projection mIoU of 86.9%, an mDice
of 92.8%, an mAcc of 93.7%, and a bF1 of 91.9%.

In terms of volume estimation, this study focuses on the problem that staple foods
in bowl-based meals are often occluded by upper-layer foods. According to the visible
proportion of staple foods, the samples were divided into three cases: partial occlusion,
severe occlusion, and complete invisibility. The experimental results show that, among 1452
sample groups, the MAE and MAPE of staple-food weight prediction for samples with
partially occluded staple foods were 15.2 g and 7.4%, respectively. For samples in which
staple foods were severely occluded, the corresponding MAE and MAPE were 22.6 g
and 10.4%, respectively. The MAPE of total food mass prediction at the whole-bowl level
was 10.85%. However, when staple foods are completely invisible, the current workflow
remains semi-automatic, which may limit its application in fully unattended daily dietary
assessment scenarios.

In terms of nutritional composition prediction, the category-level volume estimates
were first converted into mass according to food density, and the contents of whole-bowl
Carbohydrate, Fat, and Protein were then calculated using a nutritional composition table
per unit mass. The experimental results show that, across 1452 bowl-based meal samples,
the prediction MAE for whole-bowl Calories was 95.6 kcal, with a MAPE of 13.23%. For
Fat, the MAE and MAPE were 4.44 g and 18.51%, respectively. For Carbohydrate, the
MAE was 10.99 g, and the MAPE was 14.18%. For Protein, the MAE and MAPE were
4.78 g and 13.35%, respectively.

By integrating DBP-FDSNet-based semantic segmentation, RGB-TSDF multi-view
reconstruction, bowl instance-based geometric constraints, staple-food occlusion compen-
sation, and category-level height-field fusion, the proposed method can achieve relatively
stable nutritional composition prediction for multi-category bowl-based meals. However,
differences still remain between the current hardware system and real daily dining envi-
ronments. Future work should further simplify the acquisition equipment and evaluate
the practical applicability of this method under handheld imaging conditions and in open
dining-table scenarios.

Supplementary Materials: The following supporting information can be downloaded at https://
www.mdpi.com/article/10.3390/nu18132119/s1: File S1: Semantic segmentation graphs of different
models, File S2: Height field pseudo-color image, File S3: RGB-D images.
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Abbreviations

The following abbreviations are used in this manuscript:

FAR Food area ratio
UFP UEC Food Pix Complete
MRF Multi-scale Relationship-aware Feature fusion Module
TSDF Truncated Signed Distance Function
RGB-TSDF  RGB-Truncated Signed Distance Function
PMAE Percentage Mean Absolute Error
mloU mean Intersection over Union
bF1 Boundary F1 Score
mAcc mean Accuracy
MAE Mean Absolute Error
MAPE Mean Absolute Percentage Error
mDice mean Dice Coefficient
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