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Overview
Background Result

Conventional calorie estimation relies on RGB images, Supports classification into 10 categories
which lack 3D depth information and often lead to Fried chicken, croquettes, hot dogs, grilled chicken skewers, toast,

inaccurate volume estimation. potato salad, stir-fried vegetables, rice balls, rolled omelet, yakisoba

Contribution S ,
Using iPhone LiDAR, we achieve real-time 3D volume and Application Preview Screen

calorie estimation without reference objects.

Result
84% improvement in MAE vs. DepthCalorieCam [1].

Measurement Completed

Potato Salad

Related Research

RGB-based and stereo-camera methods such as CalorieCam [2]
and AR DeepCalorieCam V2 [3] required reference objects or A A
fixed angles. DepthCalorieCam [1] estimating calories from PR S it
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volume using dual camera depth value.
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= The shooting angle is ‘ ol Volume Estimation Error for Each Food Item
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restricted to directly overhead. s
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= The meal category is limited to | volume[cm?]

three types. Fried chicken 325
RGB camera Depth camera  Result view Croquette 580

view view Hot dog 28.5

Grilled chicken 37.4
skewers

MEthOd Toast 01.3
Process Flow

The proposed system integrates RGB and LiDAR depth information captured Estimated Calorie Intake Error
by the iPhone to estimate food volume and calorie content in real time. DepthCalorieCam[1] LiDARCalorieCam

iPhone App (LiDARCalorieCam) Food MAE [kcall M['?\/F])E [I\k/lfgf] M['?\/F])E
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1 Debth Image : An image dataset recording : :
. P g ’| approximately 100 types/] 0,000 meals. Fried chicken 101.29 52.84 15.88 7.87

Photography _»”  This time, we used a consolidated set of Croquette 43.09 20.11 12.83 6.10
-’ -
2. Food Region Extraction R - ‘\23 types. Hot dog — — 25.68 11.50

(DeeplLabV3[2]) f’UEC-FOOd-l 00[6]: Grilled chicken — — 12.03 559

3. Food Classification : Recorded 100 types/9,000 meals. In this skewers
Prediction (IPF V1) " study, fine-tuning was performed with Toast 23 9hK 864
"‘\gpproximately 6 classes/800 images.

4. Point Cloud Generation FastAPI| Server

5-Point Cloud nformation 6. Point-Cloud Key Advantages of LiDARCalorieCam

Transmission Preprocessing
B Performs real-time calorie estimation on mobile devices.

® Requires no reference objects or fixed shooting angles.
8. Reco?mle”ded Volume ® Achieves accurate 3D volume estimation using LiDAR.
valuation . .
® Supports 10 major Japanese food categories.

7. Volume Calculation

10. Calorie Amount 9. Volume Information
Estimation Transmission

Considerations and Future Challenges

Overall, the point-cloud density was low, and insufficient point-cloud data
were captured in overlapping regions between food items. Additionally,
inaccurate convex-hull approximations of these overlapping regions led
to overestimation of volume.

| ' Overlapping Space Overlapping Space
After applying to the RGB image, apply to the same area in the Depth-Map. .

7. Volume Calculation

RGB Camera + LIDAR

RGB Image Depth Image St RGB Image Isometric View ConvexHull (SciPy)
Isometric View ConvexHull View " Changes to volume estimation are required to enable processing completion

We convert RGB + Depth data to real-world coordinates (X, Y, Z). within the mobile device.
Estimating the volume of the eating area from real-world coordinates. ® Handling unknown categories and complex shooting environments.

Then, estimate the actual weight from the volume and calculate the calories. ® Addition of a bulk-estimation function for the entire meal.
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