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Abstract
Accurate calorie estimation from food images is a critical yet chal-
lenging task for dietarymonitoring. Existing image-based approaches
predominantly rely on 2D representations, limiting their ability
to capture food volume and leading to inaccurate estimations for
dishes with complex or occluded geometries. To address this, we
propose a novel framework that leverages diffusion-based 3D recon-
struction to estimate food volume and calories from a single image.
Our framework integrates prompt-based segmentation, inpainting-
guided plate completion, and multi-view-consistent 3D reconstruc-
tion using a diffusion prior. We also fine-tune a diffusion model
to inpaint missing plate regions occluded by food, enabling more
accurate plate reconstruction and volume difference estimation.
The final calorie estimation is made by fusing volumetric cues,
2D visual features, and 3D geometric features from a point-based
transformer within a multi-task learning framework. Experiments
on the MetaFood3D dataset demonstrate improved volume estima-
tion, and ablation studies show that incorporating volume informa-
tion improves calorie estimation accuracy. Our findings highlight
the potential of high-quality 3D priors and a volume estimation
framework as foundational components for practical and scalable
nutrition estimation systems.
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1 Introduction
Monitoring dietary intake is essential for maintaining long-term
health and managing conditions such as diabetes, obesity, and other
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calorie-related diseases. Traditional methods like food diaries and
24-hour dietary recall are time-consuming, prone to user bias, and
often suffer from low adherence. To overcome these challenges,
recent research [1, 4, 5, 9, 13, 20, 21] has explored automated image-
based food analysis, leveraging the ubiquity of smartphone cameras
to facilitate dietary tracking.

Most existing systems rely on 2D representations of food. Al-
though 2D images can capture appearance-based features such as
color and contour, they lack depth and volumetric information,
which are essential for accurate portion size and calorie estimation.
This shortcoming is especially evident for foods placed on plates
or in bowls, where occlusions and complex shapes make it diffi-
cult to estimate true volume. As a result, 2D-based methods often
misestimate caloric content due to the absence of spatial cues.

Recent advances in 3D reconstruction, particularly those based
on diffusion models, offer a promising direction. Diffusion mod-
els pretrained on large-scale image-text datasets encode strong
geometric priors that enable plausible 3D reconstruction from a
single image. Motivated by these recent advances, we investigate
diffusion-guided 3D reconstruction to improve calorie estimation
from a single food image.

We introduce a novel framework that combines open-vocabulary
segmentation, diffusion-based inpainting for plate completion, and
multi-view-consistent 3D reconstruction. Food volume is estimated
by comparing reconstructed meshes of the food-on-plate and the
plate alone, with scale inferred from reference objects. We then fuse
the estimated volume with 2D and 3D features to jointly predict
caloric content and food category using a multi-task learning strat-
egy. On the MetaFood3D dataset, our method outperforms prior
approaches in volume estimation (MAE) and achieves strong food
classification accuracy. Ablation studies further confirm that in-
corporating volume information, 3D structure, and 2D appearance
improves calorie estimation.

2 Related Work
2.1 3D Reconstruction from a Single Image
3D reconstruction from a single image has evolved from direct 3D
dataset–based methods to approaches leveraging diffusion mod-
els. Early works like Pixel2Mesh [22] deformed an initial mesh
using image features, while implicit methods such as Occupancy
Networks [11] and DeepSDF [14] achieved memory-efficient contin-
uous shape representation but relied on costly large-scale datasets.

Diffusion-based approaches using Score Distillation Sampling
(SDS), pioneered by DreamFusion [15], exploit pre-trained 2D dif-
fusion models to generate 3D shapes from text or a single image
without 3D training data (e.g., RealFusion [10]), though they suffer
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from high computation and the multi-view inconsistency (Janus
problem). Multi-view diffusion models such as MVDream [19] and
SyncDreamer [7] address this by correlating features across views.
Wonder3D [8], used in our study, extends this to jointly gener-
ate color images and normal maps, achieving higher fidelity and
consistency.

2.2 Calorie Estimation
Calorie estimation from food images has been approached with
2D methods that infer calories from meal classification and area,
sometimes using reference objects (e.g., Okamoto et al. [13], Akpa
et al. [1]) or multi-task learning without them (e.g., Ege et al. [5]).
However, lacking depth and height information limits their accu-
racy.

3D-based methods address this by estimating food volume. Multi-
view approaches (e.g., Dehais et al. [4]) require multiple images,
while single-image methods such as Naritomi et al. [12] recon-
struct meal and plate models to compute volume. CalorieVoL [20]
integrates 3D estimation with multi-modal LLMs but suffers from
reasoning limitations and plate-region overestimation. MFP3D [9]
fuses 2D and 3D point cloud features for portion size regression,
enabled by datasets like MetaFood3D [3].

In this study, we aim to improve single-image calorie estimation
by leveraging a diffusion-based 3D reconstruction method for high-
fidelity volume estimation and spatial-aware calorie estimation.

3 Method
Our framework estimates the calorie value and food category from
a single RGB image by leveraging multi-modal visual cues. As il-
lustrated in Figure 1, the process begins with segmentation and
inpainting to recover the food-occluded region of the plate, fol-
lowed by 3D reconstruction to estimate the food volume. We then
extract 2D and 3D features from the image and point cloud sam-
pled from the reconstructed mesh, and combine them with the
estimated volume to perform multi-task estimation of calories and
food categories. The pipeline consists of four main stages: (1) object
segmentation and inpainting, (2) 3D reconstruction and volume
estimation, (3) multi-modal feature extraction, and (4) calorie and
category estimation.

Given an RGB food photo 𝐼 ∈ R𝐵×𝐻×𝑊 ×3, the model outputs
the estimated calorie value 𝐶 and food category 𝑦:

(𝐶,𝑦) = FΘ (𝐼 ), (1)

where the trainable parameter set is Θ = {𝜃inp, 𝜃est}; all other mod-
ules are kept frozen. The function FΘ represents the multi-task
calorie estimation model, composed of inpainting, 3D reconstruc-
tion, feature encoding, and calorie estimation stages.

3.1 Mask Extraction and Plate Inpainting
The input image 𝐼 is first segmented by an open-vocabulary seg-
mentation moduleS, producing binary masks for the food𝑀f , plate
𝑀p, and reference object𝑀𝑟 :

(𝑀f , 𝑀p, 𝑀r) = S(𝐼 , 𝑃𝑠𝑒𝑔), (2)

where the segmentation query 𝑃𝑠𝑒𝑔 consists of terms describing
the food, plate, and reference object. The open-vocabulary segmen-
tation model enables flexible region extraction via textual queries,
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Figure 1: Overview of the proposed framework

allowing for adjustments when the target food is difficult to express
with simple words or when using alternative reference objects.

Furthermore, a combined plate-and-food mask, 𝑀pf , is created
for 3D reconstruction. However, simply uniting the food and plate
masks can leave a gap at their boundary. This gap can degrade the
quality of subsequent inpainting and 3D reconstruction. To address
this, we dilate the food mask with a structuring element 𝑘 before
uniting it with the plate mask to fill any potential gaps:

𝑀pf = dilate(𝑀f , 𝑘) ∨𝑀p, (3)

where the value of 𝑘 represents the dilation rate, set to 8% in this
study.

Next, we apply the generated masks to the original image 𝐼 to
obtain images for subsequent modules. The plate-and-food image
𝐼pf is created by masking the original image with𝑀pf . The image
for inpainting, 𝐼p, is created by masking out the food region from
the plate image:

𝐼pf = 𝐼 ⊙ 𝑀pf , 𝐼p = 𝐼 ⊙ (𝑀p −𝑀f ), (4)

Prior to the subsequent 3D reconstruction step, we inpaint the
missing region in the plate image 𝐼p to generate a complete, artifact-
free plate image 𝐼𝑝 , enabling high-quality 3D mesh reconstruction
of the plate.

𝐼p = G
𝜃inp

(𝐼p, 𝑀f , 𝑃inp). (5)

where the inpainting query 𝑃𝑖𝑛𝑝 describes the appearance of an
empty plate using a concise textual expression. As described later,
we train and utilize a diffusion-guided inpainting model G

𝜃inp
.

3.2 3D Reconstruction and Volume Estimation
To determine the precise geometry and volume of the food, we
perform 3D reconstruction using the images constructed in the
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previous section. The 3D reconstruction module R takes the in-
painted plate image 𝐼𝑝 and the plate-and-food image 𝐼pf as input to
reconstruct their respective 3D meshes,Mp andMpf :

Mp = R(𝐼p), Mpf = R(𝐼pf ) . (6)

Since these meshes are not yet scaled to the real world, we
estimate the actual scale from the reference object to calculate the
volume. In this study, we use the calibration card because it has
known physical dimensions and serves as a reliable reference object.
Furthermore, since our method uses an open-vocabulary model,
other common dining objects like chopsticks or cups could also be
used, provided their sizes are known.

The volume of food is estimated by applying a scale factor 𝑠 ,
computed from the reference object in the image. The final food
volume 𝑉food is calculated by scaling the difference between the
volumes of the reconstructed meshes:

𝑉food = 𝑠
(
vol(Mpf ) − vol(Mp)

)
∈ R𝐵×1 . (7)

3.3 Multi-modal Feature Extraction and Calorie
Estimation

To enrich the feature representation for the calorie estimation mod-
ule, we perform both 2D feature extraction to capture visual appear-
ance and 3D feature extraction to capture geometric properties.

First, we apply an image encoder E2D to the input image 𝐼 to
extract the 2D appearance feature 𝑧2D:

𝑧2D = E2D (𝐼 ) ∈ R𝐵×𝑑2D . (8)

This is expected to improve calorie estimation accuracy by captur-
ing information unavailable from 3D shape features alone, such
as the type of food and its surface characteristics (e.g., oiliness or
degree of cooking).

Next, we obtain a plate-and-food point cloudPpf = sample(Mpf ),
and apply a point-cloud encoder E3D to extract the 3D shape feature
𝑧3D:

𝑧3D = E3D (Ppf ) ∈ R𝐵×𝑑3D . (9)

This aims to improve calorie estimation performance by accurately
capturing the detailed 3D geometry of the food.

These features are concatenated into a multi-modal feature vec-
tor 𝜙 , which is then input to the calorie estimation module:

𝜙 = concat(𝑉food, 𝑧2D, 𝑧3D) ∈ R𝐵×(1+𝑑2D+𝑑3D ) . (10)

The calorie estimationmodule predicts both the calorie value and
the food category. This dual-head architecture facilitates effective
learning through the multi-task objective described below.

(𝐶,𝑦) = H𝜃est (𝜙). (11)

An overview of this process is illustrated in Figure 2.

3.4 Training
We adopt a two-stage training strategy. First, we fine-tune the
diffusion-guided inpainting model G𝜃inp to enhance the perfor-
mance of the inpainting module. Then, we train the calorie es-
timation moduleH𝜃est based on the extracted multi-modal features.
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Calorie
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Figure 2: Multi-modal calorie estimator combining volume,
2D and 3D features.

Input Image Generated ImageFood Region Mask

Figure 3: Inpainting result using the default Stable Diffusion
v2 model. The model hallucinates food, which motivated our
fine-tuning approach.

Figure 4: Examples from our plate dataset used for inpainting
model fine-tuning. (Top) real-world plate images collected
from public sources. (Bottom) synthetic plate images gener-
ated via text-to-image Stable Diffusion v2.

3.4.1 Inpainting Model. For accurate plate reconstruction, we in-
paint the occluded plate region using an inpainting model G

𝜃inp
with a prompt describing an empty plate. However, as shown in
Figure 3, the vanilla model often hallucinates food in the missing
region. This behavior is likely due to a bias in the model’s training
data, which frequently depicts plates containing food rather than
empty plates.

To address this issue, we fine-tuned the model on a custom
dataset of food-free plates (Figure 4). This dataset was created by
collecting 1,000 real-world images from public sources and aug-
menting them with 2,000 synthetic plate images generated using
Stable Diffusion v2. The synthetic images were produced by ran-
domizing plate thickness, color, and background, while applying the
negative prompt "multiple plates, food, text, watermark"
to suppress unwanted artifacts.

This process yielded a balanced dataset of 3,000 images. We
fine-tuned Stable Diffusion v2 using LoRA [6] on this dataset. The
resulting inpainting model, G

𝜃inp
, is trained independently and kept

frozen for all downstream tasks.
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3.4.2 Calorie Estimator. For calorie estimation, the MLPH𝜃est is
trained using the following multi-task objective:

L = 𝜆reg
��𝐶 −𝐶gt

�� + 𝜆cls CE
(
𝑦,𝑦gt

)
, (12)

At this stage, we train the calorie estimator while keeping all mod-
ules except 𝜃est frozen.

3.5 Module Details
We use Grounded-SAM [18] as segmentation module S, combining
GroundingDINO1.5 [17] and SAM-2 [16]. GroundingDINO1.5 takes
the query "food . plate . chessboard" as 𝑃𝑠𝑒𝑔 to predict
bounding boxes, and SAM-2 generates corresponding masks.

For 3D reconstruction module R, we adopt Wonder3D [8], a
multi-view diffusion model producing watertight meshes with high
precision and cross-view consistency by leveraging 2D diffusion
priors. This enables reconstruction of complex food geometries for
accurate volume and calorie estimation.

For 3D shape feature extractor E3D, we use PointGPT [2] on
reconstructed point clouds, employing a ModelNet40-pretrained
model with frozen final layer to obtain 2048-dimensional embed-
dings capturing volumetric and geometric details. We also use CLIP
ViT-L/14@336px to extract 1024-dimensional 2D appearance fea-
tures such as color and texture.

4 Experiments
4.1 Dataset
We used theMetaFood3D dataset [3], which contains 637 food items
across 108 categories, including both individual items (e.g., apples,
bananas) and plated dishes (e.g., bagels, toast). Each image includes
a calibration card for scale reference. The dataset was split into
training and test sets with an 80:20 ratio.

4.2 Implementation Details
Table 1 summarizes the implementation parameters used in our
experiments. These include thresholds for mask extraction, LoRA
inpainting configurations, 3D reconstruction settings, and training
hyperparameters for calorie estimation. For inpainting, we use
the Stable Diffusion v2 weights as the base model1. For the image
encoder, we adopt the publicly available pretrained weights2.

4.3 Results of Volume, Calorie, and Category
Estimation

We evaluated volume estimation and calorie prediction using Mean
Absolute Error (MAE) andMean Absolute Percentage Error (MAPE).
Our method was compared with MFP3D [9], and the results are
shown in Table 2.

Our method achieved a lower MAE in volume estimation than
MFP3D, indicating higher accuracy. The MAPE was high due to
segmentation failures especially on small food items (e.g., nuts, blue-
berries), leading to large relative errors. Although calorie estimation
performance was lower than MFP3D, the results highlight the ben-
efits of incorporating volume and 3D shape features. In category

1stabilityai/stable-diffusion-2-inpainting.
2vit_large_patch14_clip_336.openai_ft_in12k.in1k.

Table 1: Implementation details

Category Parameter Value

Mask Extraction
Expansion ratio of food area 8%
text.threshold 0.25
box.threshold 0.35

Inpainting LoRA scale 0.75
Prompt "plain plate"

3D Reconstruction
Crop size 192
Camera type "perspective"
Refinement steps 2

3D Feature Extraction Input points 1024
Depth 24

Calorie Estimation

Epochs 50
Batch size 512
Training samples 8,357
Test samples 2,090

Table 2: Evaluation results between MFP3D and the proposed
method on MetaFood3D [3].

Method
Volume
MAE
(ml)

Volume
MAPE
(%)

Calorie
MAE
(kcal)

Calorie
MAPE
(%)

Category
Accuracy

MFP3D [9] 62.60 41.43 77.98 68.05 –
Ours 57.53 269.31 92.74 212.78 0.9641

Table 3: Ablation study on feature contributions to calorie
estimation on MetaFood3D. 2D, Vol., and 3D denote 2D ap-
pearance, volume, and 3D shape features.

2D Vol. 3D Calorie
MAE (kcal)

Calorie
MAPE (%)

✓ 133.27 373.23
✓ ✓ 101.12 254.09
✓ ✓ ✓ 92.74 212.78

classification, our method achieved high accuracy, demonstrating
the effectiveness of the multi-task learning approach.

4.4 Ablation Study on Feature Contributions
We investigated the impact of different feature types on calorie
estimation: (1) 2D features only, (2) 2D features + volume, (3) Ours
(2D + volume + 3D features).

Results in Table 3 show that incorporating volume information
and 3D shape features substantially improves calorie estimation
accuracy. Volume features, in particular, yield a significant perfor-
mance gain, demonstrating the value of our framework’s volume
estimation.
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4.5 Effect of LoRA Scaling Factor
We evaluated the effect of the LoRA scaling factor by varying it
across {0.0, 0.25, 0.5, 0.75, 1.0}. Figure 5 illustrates representative
inpainting results for each setting. When the scaling factor was too
low, the inpainting was barely applied, whereas excessively high
values caused blurring even on the target object. From these obser-
vations, a value of 0.75 yielded the most visually natural results.

0.0 0.5 1.00.25 0.75

Figure 5: Comparison of inpainting results with different
LoRA scales.

4.6 Qualitative Evaluation
Figure 6 illustrates the end-to-end pipeline from a single input
image to 3D reconstruction, including mask extraction and plate
inpainting.

The predicted masks cleanly separate the relevant regions and
accurately preserve fine boundary details. The inpainting step plau-
sibly recovers occluded plate areas, enabling robust reconstruction
for complex meals such as bowl-type dishes. Both plate-and-food
and plate-only 3D meshes are successfully reconstructed, capturing
fine geometry and texture.

4.7 Limitations and Future Work
We found that failures in detecting reference objects, particularly
for small or off-plate food items, were the main source of large
errors in volume estimation. These cases significantly increased
relative errors and worsened the MAPE score. This suggests that
the proposed method is effective when segmentation succeeds but
remains highly vulnerable to detection failures, especially with
small or non-plate items.

To address these issues, future work should aim to improve the
accuracy of reference object segmentation, enhance the robustness
of volume estimation against segmentation errors, and develop a
dataset for more comprehensive evaluation. Additionally, incor-
porating mechanisms to detect and handle small or off-plate food
items could help reduce the sensitivity of the method to such cases
and improve overall estimation stability.

The current pipeline takes approximately two minutes per sam-
ple, including about one minute for 3D reconstruction when using
an A4000 GPU. To enable practical deployment, future work should
also explore optimization of both the model and pipeline for faster
inference. This includes accelerating the 3D reconstruction process

3D Reconstruction

Mask Extraction

Inpainting

Input Image

Plate + Food 3D Object

Plate 3D Object

Figure 6: Example outputs from the proposed method, in-
cluding mask extraction, inpainting, and 3D reconstruction.

and designing lightweight models suitable for real-time or edge
applications.

5 Conclusion
We introduced a novel framework for calorie estimation from a
single food image, leveraging diffusion-guided 3D reconstruction.
By integrating open-vocabulary segmentation, inpainting for plate
completion, and multi-view-consistent 3D reconstruction, our ap-
proach enables high-fidelity volume estimation. These volumetric
cues, combined with 2D and 3D features in a multi-task learn-
ing setting, enhance calorie estimation performance, as confirmed
through ablation studies. The modular design offers a flexible path
to integrate stronger 3D priors and alternative reference objects.

To support practical deployment, future work will focus on
improving segmentation robustness, handling challenging inputs
more effectively, and accelerating the pipeline through optimized
reconstruction and model lightweighting. These advancements will
bring us closer to realizing accurate, efficient, and scalable dietary
monitoring systems.
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