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Learning pathway: from nutrition problem to AI-enabled dietary governance

01 Background & Motivation

Why food monitoring is 
difficult to scale with manual 
recall.

02 Supporting Theory

Nutrition assessment, 
computer vision, YOLO 
detection, and evaluation 
metrics.

03 Dataset & Annotation

Food-101 preparation, 
Roboflow bounding boxes, 
and data split.

04 YOLO Benchmarking

YOLOv8, YOLOv11, and 
YOLOv12 comparison under 
identical criteria.

05 Nutrition Intelligence

Mapping detected food 
classes to TKPI and 
NutriSurvey nutrient fields.

06 Implementation & Impact

Web deployment, MBG-style 
governance, limitations, and 
future work.

Core logic: Meal Image  →  Multi-Object Detection  →  Nutrition Mapping  →  Decision 
Support



INTRODUCTION

Why Image-Based Nutrition Estimation Matters
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Public health need

Food is more than an energy 
source; nutrient quality and 
portion adequacy influence 
metabolic balance.
Balanced intake helps reduce 
chronic disease risk such as 
obesity, diabetes, hypertension, 
and heart disease [2].

Monitoring gap

Food diaries and 24-hour recall 
depend on user memory and 
subjective estimates [1], [3].
Real meals often contain 
multiple items, so single-label 
recognition can miss important 
components [4].

AI opportunity

Computer vision can read 
visual cues such as color, 
texture, shape, and spatial 
location [5], [7].
YOLO detects multiple food 
objects in one image and 
produces bounding boxes for 
each item [9].

Research contribution
This study integrates YOLOv8, YOLOv11, and YOLOv12 food detection with TKPI and NutriSurvey 
so that visual recognition can become practical nutrition estimation.

Food intake, manual monitoring, and computer vision are positioned as one connected problem in image-based nutrition estimation.



RESEARCH MOTIVATION

The dietary monitoring paradox
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Food intake is clinically decisive, but daily monitoring remains manual, 
subjective, and difficult to scale [1], [3].

45M+
students potentially 

requiring daily meal audits

24-h
recall: still the main, memory-

based way to check meals

<2s
target inference for rapid 
institutional verification

Status quo

• Manual diaries and 24-hour recall rely on 
memory.

• Food portions become untracked across schools 
and kitchens.

• Rations are difficult to audit without visual 
evidence.

AI opportunity

• Meal photos provide non-invasive evidence.
• YOLO localizes multiple dishes at once.
• TKPI mapping converts detections into nutrition 

profiles.

Manual recall  →  Meal image  →  Object detection  →  Nutrition audit



POLICY RELEVANCE

MBG and visual nutrition accountability
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Why this matters for Makan Bergizi Gratis (MBG) [26]
Large-scale school meals need objective evidence that menus were served, nutritionally adequate, and 
auditable across kitchens, schools, and districts.

01 Policy context

MBG is a national nutrition 
intervention. This research 
contributes digital verification, 
not political evaluation.

02 BPS signal: Riau 2025

Food insufficiency: 10.90%. 
Moderate/severe food insecurity: 
4.73%. These indicators support 
measurable nutrition monitoring. 
[25]

03 System contribution

YOLO detects food items. TKPI 
and NutriSurvey translate 
detected classes into nutrition 
estimates and reporting evidence.

Meal photo → YOLO detection → TKPI / NutriSurvey → Audit report

Implementation logic: capture evidence → verify food components → estimate nutrition → report 
exceptions.
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Neutral context: MBG is linked to the Prabowo Subianto administration; this study focuses on digital nutrition monitoring, not political evaluation.

ICATLAS 2026



SUPPORTING THEORY 1

Nutrition monitoring and dietary assessment

Theory-to-System

Problem
↓

Theory
↓

Model
↓

Nutritional
Interpretation

1 Dietary intake as health 
determinant

Food quality and quantity influence 
metabolic balance, chronic 
disease risk, growth, and readiness 
to learn [2].

2 Manual assessment 
limitation

Food diaries and 24-hour recall are 
useful, but depend on memory, 
portion estimates, and reporting 
discipline [3].

3 Image-based evidence

A meal photograph can provide 
objective visual evidence for food 
type, portion context, and audit 
traceability.

4 Nutrition informatics bridge

Detected food labels must be 
mapped to nutrition databases to 
become meaningful dietary 
information.

The theoretical position: image evidence reduces recall bias, while nutrition 
databases translate recognition into interpretable nutrient estimates.
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SUPPORTING THEORY 2

Computer vision and deep learning for food images

Theory-to-System

Problem
↓

Theory
↓

Model
↓

Nutritional
Interpretation

1 Visual feature learning

Deep learning learns food 
patterns from color, texture, 
shape, edges, and spatial 
composition [6], [7].

2 Classification boundary

Single-label classification 
assumes one dominant label for 
the whole image, which is weak 
for mixed plates [8].

3 Object detection need

Detection predicts each food 
object and its location, enabling 
multi-item interpretation from 
one tray image [10].

4 Food image complexity

Food objects vary by size, color, 
texture, occlusion, and irregular 
boundaries, requiring robust 
visual representations.

The theoretical position: food recognition moves from “what is the whole image?” 
to “what items are present and where are they located?”.
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SUPPORTING THEORY 3

YOLO detection theory and evaluation logic

Theory-to-System

Problem
↓

Theory
↓

Model
↓

Nutritional
Interpretation

1 One-stage detector

YOLO predicts bounding boxes, 
class probabilities, and 
confidence scores in a single 
forward pass [9], [11].

2 Backbone–neck–head

Backbone extracts visual 
features, neck fuses multi-scale 
information, and head outputs 
detections [12], [13].

3 Evaluation metrics

mAP@50 measures detection 
quality, precision measures 
correctness, recall measures 
completeness, and F1 balances 
both [24].

4 Recall in nutrition

High recall is critical because 
missed foods create incomplete 
calorie and micronutrient 
estimates.

The theoretical position: for nutrition estimation, the best detector is not 
only accurate, but also minimizes missed food components.
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TECHNICAL DILEMMA

From single-label classification to multi-item detection
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Why conventional CNN classification fails on real cafeteria trays [10].

CNN classifier

One global label

• Assumes 1 photo = 1 dominant dish.
• Ignores side dishes when the global 

label is only one class.
• Creates nutrition underestimation in 

mixed plates.

pizza / rice / chicken?

YOLO detector

Multiple bounding boxes

• Predicts class and location in one 
forward pass.

• Detects multiple food items 
simultaneously.

• Keeps inference practical for field 
verification.

rice + chicken + veg + fruit



RESEARCH OBJECTIVES

Four pillars of investigation
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Systematic transition from raw pixels to institutional dietary governance

01

Benchmark 
dataset annotation

Curate Food-101 
into detection-
ready bounding 
boxes using 
Roboflow. [16], [17]

02

Comparative YOLO 
benchmarking

Compare YOLOv8, 
YOLOv11, and 
YOLOv12 on 
mAP@50, 
precision, recall, 
and F1-score.

03

Indonesian 
nutrition mapping

Map predicted food 
labels to TKPI and 
NutriSurvey for 
macro/micronutrients.

04

End-to-end 
deployment

Deliver a web 
interface with AI 
reasoning and 
administrative audit 
tracking.

Research scope: data → detection → nutrition interpretation → institutional audit



METHODOLOGY

Research framework and experimental pipeline
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Four-stage method

1 Data curation
Food-101 annotated with 
Roboflow bounding boxes and 
split 80/20 [16], [17].

2 Model training
YOLOv8, YOLOv11, and YOLOv12 
trained at 640×640 with identical 
criteria.

3 Nutrition integration
Predicted labels matched to 
TKPI and NutriSurvey 
nutrient fields [14], [15].

4 Web deployment
Mobile capture, nutrition 
scoring, and daily audit trail. Figure: End-to-end experimental workflow from data collection to model evaluation.



DATA ENGINEERING

Dataset curation with Roboflow
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Food-101 benchmark: 101 categories, 101,000 images, spatial annotation workflow [16]

Annotation
Tight box coordinates for 
each dish.

80% train split
Standard augmentation 
and training partition.

20% validation split
Unseen data to test 
generalization.

Design principle: consistent labeling, consistent split, consistent evaluation.



ARCHITECTURE SPEC SHEET

YOLOv8 vs YOLOv11 vs YOLOv12
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Anchor-free single-stage object detection evolves toward stronger recall on crowded food plates [20]-[22].

YOLOv8
Baseline

Recall 
94.7%

mAP@50 
96.2%

Anchor-free detection head 
with C2f modules; strong 
baseline speed [18].

YOLOv11
Efficiency focused

Recall 
96.3%

mAP@50 
98.8%

C3k2 blocks and optimized 
SPPF pooling; sharper 
overlapping boundaries 
[19].

YOLOv12
Top performer

Recall 
97.1%

mAP@50 
99.6%

Attention-centric 
representations; fewer 
missed detections on mixed 
dishes [19].

Detection priority: maximize recall to avoid missing meal 
components that influence calorie and micronutrient estimates.



EXPERIMENTAL FINDINGS

Performance comparison of YOLO models
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Benchmark results on Food-101 validation metrics

Model mAP@50 Precision Recall F1

YOLOv8 96.2% 99.1% 94.7% 96.7%

YOLOv11 98.8% 99.2% 96.3% 97.6%

YOLOv12 ★ 99.6% 99.2% 97.1% 98.0%
94

96

98

100

YOLOv8 YOLOv11 YOLOv12

mAP@50 F1-score

Key takeaway

YOLOv12 achieves 99.6% mAP@50 
and 98.0% F1-score, while 
preserving high recall for multi-dish 
food auditing.

97.1%
YOLOv12 recall

99.6%
YOLOv12 mAP@50

98.0%
YOLOv12 F1-score



NUTRITIONAL INTELLIGENCE

TKPI & NutriSurvey knowledge engine
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Translating bounding-box detections into clinical macro and micronutrient profiles

Detected food labels

YOLO outputs class + 
location

TKPI / NutriSurvey

maps Indonesian 
ingredients, recipes, 
and serving 
assumptions [14], [15]

Nutrition profile

energy, macro, micro, 
and AKG benchmark

Energy Protein Fat Carbohydrate Fiber Sodium

Potassium Calcium Iron Vit A Vit C AKG lunch

Standardized portion grammages convert class detection into interpretable 
nutrient estimates.



CASE STUDY

Real-world 5-dish meal tray inference
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Detected dishes and calories

White rice 100g 130 kcal

Egg omelette 70g 210 kcal

Bamboo shoot 100g 45 kcal

Fried tempeh 50g 150 kcal

Salak / fruit 80g 62 kcal

597 kcal

total meal intake

92/100

meal balance score
Status: Meets AKG breakfast recommendation range (30–35% of daily need).



PUBLIC HEALTH IMPLEMENTATION

National impact for MBG-style school meals
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A computer vision pipeline can create multi-tier accountability from kitchen dispatch to government 
oversight [26].

01

Kitchen

Catering 
verification before 
dispatch.

02

School gate

Sub-2s acceptance 
check by teachers.

03

Backoffice

Photo logs and 
attendance synced 
into daily reports.

04

Government

Regional 
dashboards to 
reduce waste and 
subsidy leakage.

Accountability logic: capture evidence  →  verify portion  →  estimate nutrition  →  report exceptions



CONCLUSIONS

Validated breakthroughs and future horizons
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What this study validates

• One-stage detection solves the multi-
dish recognition problem better than 
single-label classification.

• YOLOv12 achieves the strongest 
benchmark: 99.6% mAP@50 and 98.0% 
F1-score.

• Nutrition mapping enables a practical 
bridge from computer vision to dietary 
governance.

Boundaries
Current estimates use detected classes 
and standardized portion grammage. 
Future work should add depth, scale 
calibration, and food-waste estimation.

TensorRT / ONNX edge deployment  •  
IoT smart kitchen scale calibration  •  
Offline support for remote schools  •  
Waste detection

Future roadmap

TensorRT / ONNX edge deployment  
•  IoT smart kitchen scale calibration  
•  Offline support for remote schools  
•  Waste detection
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