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Introduction NutritionVerse Datasets
 Accurate dietary intake estimation Is critical to support healthy eating || N\V/-Synth
« Automated nutrition tracking requires a large, comprehensive dataset . . .
with diverse viewpoints mogdali(t:Iies and fo?)d anno?ations + Dataset with 84k+ synthetically generated food images and
_ IeWPp | o . assoclated dietary information and multimodal annotations
» Existing food image datasets don't satisfy these requirements, but | Sorant
what if we could generate such a perfect dataset? RGB Image Depth Image Segmentat mentat
. gmentation Segmentation
Existing Datasets Are Limited
» Comparison of existing dietary intake estimation datasets to ours.
* Mixed refers to whether multiple food item types are present in an
Image, and CL refers to calories, M to mass, P to protein, F to fat,
and CB to carbohydrate.
NV-Real
_— Pablic ——____________Daw _____________ Dietaylfo _ « Dataset with 889 real food images across 251 distinct dishes
# Im # Items ea ixe # Angles ept otation Masks i . i
DepthCalorieCarn 7 i 5 Y N T ’ along with human annotated instance segmentation masks.
enu-Matc 646 41 1
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Computer vision-based v 2,978 160 Y N 2 v
food calorie estimation
Nutrition5k v 5,006 555 Y Y 4 v v v v v Y
Measuring Calorie and 3000 8 Y Y 2 v v o/
Nutrition from
Food Image
NV-Real (Ours) v 889 45 Y Y 4 v v v v VY
NV-Synth (Ours) v 84,984 45 N Y 12 S Y S v v Y
Angle 1 Angle 2
Methodology
Direct Prediction
_________________ Training Data Model Predictions
Synthetic - Calories |
+ /@a P\ r i E . N e |
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Figure 8: Segmentation and prediction results of models trained with RGB input where CL refers to calories, M to mass, P to
Real _________________________________________________ Protein protein, F to fat, and CB to carbohydrate.
:ﬁﬁﬁﬁiiiiiiiiiiiﬁZZZ:ZZiiiiiiiiiﬁﬁ:ﬁiiiiiiiﬁZZZZZZ:ZZZZIZ:ZZZZZZZ:: InceptionV2 : :
 Synthetic s . (pretrained on Fat What Is the best approach for dietary assessment?
| + Nutrition5k) Model (RGB) Eval Dataset Calories MAE Mass MAE Protein MAE Fat MAE Carb MAE
Real = "l A [ Carbohydrates Semantic NV-Synth 418.1 185.4 39.0 23.5 32.3
| | ' Instance NV-Synth 430.9 191.4 39.3 24.1 34.4
|| A ‘ . T ) Amodal Instance NV-Synth 451.3 202.8 39.6 24.8 38.5
Direct Prediction (ImageNet) NV-Synth 229.2 102.6 56.0 12.0 19.47
Direct Prediction (Nutrition5k) NV-Synth 128.7° 77.2% 18.57 9.1" 21.5
_ ] ] Table 3: Evaluation of model architectures using NV-Synth (RGB images) with the lowest MAE value for each column bolded
Indirect Prediction with an * next to it
* When given perfect labels from simulation, direct
| | rediction gives the best nutrition estimation
™ Model ti P
Training Data Aument ResNet-20 backbone Nutntm_n Content
_______________________ pretrained on ImageNet with: EStI m ato r
Synthetic — — T ; Linearly map pixel counts : : :
4 \ ~ Mask2Former o nutrient amount Does depth information improve model performance?
Depth \) . | (semantic Model .(RGBD} Eval Dataset Calories MAE Mass MAE Protein MAE Fat MAE Carb MAE
 (Optional) ___segmentation) ' — NV-Syh e 1o w1 s s
_____________________________________________________________________________________________________________________________________________________________________________________________________ - Al.nndal Insf;ar.lce NV-Synth 462.0 208.1 39.7 25.3 40.:}
. Mask R-CNN Predictions s ) Wopn | me e ar m =
: ea | . (instance T;zrfhllle 4: Investigat'inn of depth information using NV-Synth (RGBD images) with the lowest MAE value for each column bolded
Segmentation) ECanriesg Mass with an * next to it.
Synthetic » The addition of depth information results in a worse
y UOAIS-Net 5 Carbohydrates _ o
R+ | amodal instance o hd performance for direct prediction models
ea : 5 i . .
| i i . Protein . Fat | . . . .,
| segmentation) 1 | T = | ||l* Forindirect methods, depth does not make any significant
differences
What Is the impact of using synthetic data?
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