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Childhood malnutrition, particularly stunting, remains a major public health
challenge that requires preventive and technology-supported nutritional
interventions. This study presents an IoT-enabled smart nutrition scale
integrated with fuzzy logic to support real-time dietary assessment and
personalized recommendation. The system combines IoT-based sensing,
mobile and web applications, and a fuzzy inference engine that evaluates
child profiles and food composition data to generate nutritional adequacy
scores and tailored dietary guidance. Experimental validation demonstrates
high measurement accuracy of the sensing system, achieving a strong linear
correlation (R? =0.9995). Comparison with expert nutritionist assessments
shows strong agreement, supported by low error values (mean absolute error
(MAE) =2.96; root mean square error (RMSE) =3.41), and Bland—Altman
analysis. Usability evaluation involving community health workers and
caregivers yields an excellent system usability scale (SUS) score, indicating
strong acceptance for practical deployment. By integrating IoT sensing with
fuzzy reasoning, the proposed system shifts nutritional monitoring from
retrospective assessment toward proactive dietary intervention. This work
highlights the potential of intelligent nutrition technologies to enhance
decision-making in community-based stunting prevention programs and
provides a scalable foundation for preventive digital health applications.
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1. INTRODUCTION

Childhood malnutrition, particularly stunting, remains one of the most pressing global health
challenges, with long-term implications for cognitive development, physical growth, and future

productivity [1]. In Indonesia, the prevalence of stunting among children under five reached 21.5% in 2023,
exceeding the national target of 14% and highlighting the urgent need for preventive and technology-assisted
interventions [2]. Traditional monitoring approaches that rely on anthropometry or manual dietary records are
often slow, error-prone, and reactive, failing to provide real-time nutritional guidance [3].

Artificial intelligence (Al) has emerged as a promising tool in health and nutrition applications. Expert
systems and fuzzy logic models have been applied in dietary management and disease prediction, showing
reliable performance in uncertain and imprecise conditions [4]. Clinical decision support systems based on
fuzzy logic, for example, have achieved more than 97% accuracy in recommending dietary adjustments for
patients with chronic conditions [5]. Similarly, loT-fuzzy approaches have been implemented for remote patient

Journal homepage: hitp://ijai.iaescore.com


https://creativecommons.org/licenses/by-sa/4.0/

Int J Artif Intell ISSN: 2252-8938 a 1195

monitoring [6] and agricultural soil health optimization [7]. Despite these advances, most Al-based solutions
focus on diagnostic or monitoring tasks rather than proactive, context-aware dietary recommendation.

Recent literature emphasizes the growing importance of Al-driven and loT-enabled systems for
personalized nutrition. Survey studies reveal the increasing integration of recommender systems, IoT devices,
and machine learning for food intake analysis [8], [9]. Image-based methods have also shown promise, with
deep learning models such as ResNet-50 achieving up to 98% accuracy in predicting malnutrition from facial
images [10], and RGB-D vision systems reporting correlation coefficients above 0.91 for nutrient
estimation [11]. Nevertheless, these systems predominantly address recognition and measurement, while the
function of preventive dietary recommendation remains underdeveloped.

Several new frameworks underline the relevance of personalization in nutrition. For example,
personalized meal planning systems have been validated for individuals with diet-related health conditions [12],
and the personalized food score (PFS) introduces a flexible nutrient profiling model adaptable to national
dietary guidelines [13]. In the Indonesian context, IoT-based nutritional assessment tools for toddlers [14]
and multisensor anthropometric systems for early stunting detection [15] demonstrate the feasibility of
technology integration into community health programs. However, these efforts remain fragmented and lack
a unified architecture that combines sensing, intelligent reasoning, and real-time recommendation.

This research addresses these gaps by proposing an IoT-enabled smart nutrition scale integrated
with fuzzy logic to support real-time dietary evaluation and personalized recommendation for children at risk
of stunting. The system integrates load cell sensors, a microcontroller, a smartphone interface, a camera, a
radio frequency identification (RFID) reader, and a thermal printer, combined with an android application
and a web-based platform. A fuzzy inference engine processes child profiles and food composition data to
assess adequacy and generate tailored menu suggestions. The novelty of this work lies in its preventive focus,
merging IoT hardware and fuzzy reasoning to bridge the gap between raw dietary data and actionable
recommendations. This contribution differentiates it from prior works that are diagnostic in nature, offering
instead a proactive and adaptive tool to empower parents, caregivers, and community health workers.
Accordingly, this study aims to design, implement, and evaluate an loT-enabled fuzzy logic nutrition scale
that supports preventive dietary assessment and real-time recommendation in community health settings.

2. METHOD

This study was conducted through a structured development and evaluation process encompassing
system design, hardware—software integration, fuzzy logic formulation, and validation procedures. An
overview of the research workflow is presented in Figure 1. System validation focused on two core aspects:
verification of sensor performance and functional evaluation of the fuzzy logic—based dietary assessment
against expert nutritionist judgments.

Requirement Analysis Knowledge Base
(Nuiritional needs, User Development
profile) {Food composition, Recipes,

Software Design Hardware Design
(Android App, Web ._\S'en-‘ar, (Arduinoe + Load cell, RFID,
Fuzzy Engine) Camera, Printer)

Fuzzy Inference System System Integration
(Fuzzification, Rule Base, (IoT Connectivity, Data
Defuzzification) Flow)

Output Validation & Testing
(Nutritional Evaluation & (Sensor Calibration, Expert
Recommendation) Comparison)

Figure 1. Flowchart of the IoT-enabled fuzzy logic nutrition scale research method
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2.1. Research design

The study followed an engineering research and development framework, beginning with
requirement analysis and system modeling, followed by prototype implementation and iterative testing [16].
The system architecture integrates loT-based hardware components—including a load cell sensor, Arduino
microcontroller, camera, RFID reader, and thermal printer—with software modules comprising an Android
application, a web-based management platform, and a fuzzy inference engine. This integrated design enables
real-time data acquisition, processing, and feedback within community health settings.

2.2. Research procedures

The research procedures were organized into four main phases. First, a knowledge base was
constructed using national food composition databases, relevant literature, and consultations with nutrition
experts [17]. Second, the fuzzy inference algorithm was designed by defining input variables related to child
characteristics and food nutrient composition, along with output variables representing nutritional adequacy
scores and dietary recommendations [18]. Third, system implementation involved integrating the hardware
components with the android application via Bluetooth and Wi-Fi, enabling automated food weighing,
nutrient calculation, and inference execution [19]. Finally, testing and validation were conducted to verify
sensor accuracy and to evaluate system outputs against expert nutritionist assessments.

2.3. Fuzzy logic inference system

Dietary adequacy assessment was implemented using a Mamdani-type fuzzy inference system, selected
for its interpretability and effectiveness in handling uncertainty in nutritional decision-making [20], [21]. The
model evaluates dietary intake by considering key macro- and micronutrients relevant to early childhood
growth and stunting prevention. Input variables include energy, protein, fat, fiber, iron, calcium, and vitamin
adequacy, defined in accordance with guidelines from the World Health Organization (WHO) and the
Indonesian Ministry of Health.

The system produces a nutritional adequacy score ranging from 0 to 100, linguistically classified
into four categories: deficient, moderate, sufficient, and excessive. A total of 42 fuzzy rules were formulated
to represent different nutrient adequacy conditions. The rule base was developed through expert consultation
involving licensed nutritionists and a public health specialist, and was subsequently aligned with national
dietary standards and scientific literature to ensure clinical relevance.

An illustrative example of a fuzzy rule is: IF energy intake is Low AND protein intake is Low AND
iron intake is Low, THEN nutritional adequacy is Deficient. For clarity, Table 1 presents a simplified
representation of adequacy categories using only energy and protein inputs, while the full system
incorporates additional macro- and micronutrients. Defuzzification was performed using the centroid method
to generate a crisp nutritional adequacy score, which serves as the basis for dietary evaluation and
personalized recommendation generation.

2.4. Dataset characteristics and limitations

The dataset comprised nutritional composition data derived from Indonesian food composition
tables and approximately 200 validated toddler meal recipes commonly used in community health programs.
Child profile data—including age, body weight, and daily dietary intake—were collected in collaboration
with partner posyandu and puskesmas. While the dataset reflects typical dietary patterns within the study
area, its geographic scope and size remain limited. Consequently, dietary diversity across different regions
and socioeconomic groups may not be fully represented. This limitation is addressed in planned future work
through multi-site and longitudinal data collection.

2.5. Data privacy, security, and ethical considerations

Given the sensitive nature of pediatric health data, privacy and security were integral to the system
design. Personal identifiers were anonymized prior to storage, and system access was controlled through user
authentication and role-based authorization. Data transmission between [oT devices, mobile applications, and
the web server employed encrypted communication protocols. Ethical approval was obtained prior to data
collection, and informed consent was secured from all participating parents or caregivers in accordance with
established ethical standards for pediatric research.

Table 1. Illustrative adequacy categories based on energy and protein inputs
Input (energy/protein)  Output (adequacy score)

Low/Low Deficient (0—40)
Adequate/Low Moderate (41-60)
Adequate/Adequate Sufficient (61-80)
High/Adequate Excessive (81-100)
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2.6. System scalability and deployment considerations

The system architecture was designed to support scalable deployment across multiple community
health centers. Modular IoT hardware enables additional units to be installed without substantial system
modification, while the web-based platform facilitates centralized data management and monitoring across
sites. This design supports potential expansion from single-posyandu deployment to district- or provincial-
level implementation, aligning with broader public health nutrition initiatives. Future integration with cloud-
based health information systems is anticipated to further enhance interoperability and scalability.

2.7. Data acquisition

Data acquisition encompassed three categories. First, nutritional data sourced from Indonesian food
standards and validated toddler recipes. Second, user data derived from child profiles collected at partner
posyandu and puskesmas. Third, testing data, including calibration weights and controlled meal plans used
for system evaluation.

2.8. Validation and testing

System validation was conducted in two stages as shown in Figure 2. First, sensor calibration was
performed by comparing load cell measurements with standard calibration weights using the experimental
setup shown in Figure 2(a). Second, functional validation involved comparing nutritional adequacy scores
generated by the fuzzy inference system with expert nutritionist assessments, as illustrated in Figure 2(b).
The quantitative results of these validation procedures are presented and discussed in the results section. The
overall evaluation produced dietary adequacy scores and corresponding recipe recommendations, with the
complete research workflow illustrated in Figure 1.
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Figure 2. Validation results showing (a) sensor accuracy calibration curve and (b) system adequacy
evaluation compared to expert nutritionist
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3. RESULTS AND DISCUSSION

This section reports the experimental evaluation of the proposed IoT-enabled fuzzy logic nutrition
scale. Covering sensor calibration, dietary adequacy assessment, prototype implementation, and usability
analysis. Quantitative results are complemented by qualitative observations and contextualized through
comparison with related studies [20]—-[22].

3.1. Sensor calibration and accuracy validation

Load cell performance was evaluated using calibration weights ranging from 0 g to 300 g. As
illustrated in Figure 2(a), the measured weights exhibit a strong linear relationship with reference values.
Regression analysis yields a coefficient of determination of R? =0.9995, indicating high measurement fidelity
across the tested range.

The calibration relationship is expressed as:

E,=aW,+¢ (N

Where E,, is estimated weight, W, is actual weight, a is calibration coefficient, and & denotes measurement
error. The small value of € across repeated trials confirms system stability. These findings are consistent with
other IoT-based sensing systems reporting R? values above 0.99 for healthcare applications [23]-[25].
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3.2. Fuzzy logic adequacy evaluation

Dietary adequacy assessment was performed using a Mamdani-based fuzzy inference mechanism
with max—min composition. The firing strength of each rule was computed using the minimum operator
across the relevant nutrient membership functions, followed by aggregation using the maximum operator:

uAdequacy(x) = maxi{min (P-Energy,i(x)J P-Prutein,i(x)J P-Fat,i(x)r I'J-Fiber,i (X), ulran,i(x)' I'J-Calcium,i (X), uVitamin,i (x))} (2)

Where Hagequacy(X¥) represents the aggregated membership degree of nutritional adequacy, and

p-Ene‘rgy,i(x)' p—P‘rotein,i(x)' UFat,i(x)' UFiber,i(x)' ulron,i(x)t UCalcium,i(x)a and UVitamin,i(x) denote the
membership values of each nutrient under the i-th fuzzy rule.

Representative results comparing expert nutritionist assessments and fuzzy inference outputs are
summarized in Table 2. Across the evaluated cases, deviations between expert scores and system-generated
scores remain within a narrow range, indicating close agreement. To quantify agreement more systematically,
the mean absolute error (MAE) and root mean square error (RMSE) were computed using paired expert—
system scores. The resulting MAE of 2.96 and RMSE of 3.41 indicate low prediction error. Agreement was
further examined using Bland—Altman analysis, which shows that most differences fall within the +1.96
standard deviation limits, with no evident systematic bias across adequacy levels. Together, these findings
suggest that the fuzzy inference system produces dietary adequacy assessments closely aligned with expert
judgment, consistent with prior fuzzy-based clinical decision support studies [26], [27].

Table 2. Comparison of expert and fuzzy adequacy scores
Case  Expert score  Fuzzy score  Deviation (%)

1 72 70 -2.7
2 65 67 +3.1
3 80 78 -2.5
4 58 60 +3.4
5 90 88 -2.2

3.3. Prototype implementation

Figure 3 illustrates the realized system prototype and its mobile application interface. The hardware
unit as shown in Figure 3(a) integrates a load cell sensor, Arduino microcontroller, RFID reader, camera, and
thermal printer, enabling real-time food measurement, identification, and reporting. The Android application
interface as shown in Figure 3(b) supports child profile management, dietary intake evaluation, visualization
of adequacy scores, and generation of personalized dietary recommendations. This integration facilitates
seamless interaction between users and the underlying sensing and inference components.

(a)

Figure 3. System prototype: (a) hardware unit and (b) Android application interface

3.4. Performance and usability testing

System performance was evaluated by measuring response time from food placement to adequacy
score generation. Across 50 trials, the average response time was 1.85 seconds, satisfying real-time
operational requirements for community health settings. Usability evaluation was conducted in collaboration
with a partner posyandu, involving 15 community health cadres and 25 caregivers. The system achieved a
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system usability scale (SUS) score of 82.5, classified as “excellent”. Participants reported that the system was
intuitive to use, with clear recommendations and practical value, particularly appreciating the automatically
generated printed reports.

Qualitative feedback gathered during pilot deployment further highlighted ease of operation with
minimal training. Reported challenges included reliance on stable internet connectivity for data
synchronization and limited coverage of certain local food items in the database. These observations inform
ongoing development efforts, including dataset expansion and support for offline operation.

3.5. Discussion of findings

The experimental results indicate that the proposed IoT-enabled fuzzy logic nutrition scale is
accurate, reliable, and well-suited for preventive nutritional monitoring in community health contexts. In
contrast to conventional anthropometric approaches, which typically detect nutritional problems after they
manifest, the proposed system supports proactive intervention. It assesses daily dietary intake and delivers
actionable recommendations in near real time.

Within the Indonesian context, this work represents an early implementation of an loT—fuzzy
framework designed specifically for stunting prevention. Compared with existing Al-based nutrition systems
that focus primarily on food recognition or intake estimation [28], the key contribution of this study lies in
the integration of loT-based sensing, interpretable fuzzy reasoning, and personalized dietary recommendation
within a unified platform. The consistently low deviation between system outputs and expert assessments,
together with high usability scores, suggests strong potential for adoption by community health workers and
caregivers. These results support the feasibility of deploying intelligent nutrition technologies in resource-
constrained settings.

3.6. Subgroup performance analysis

To assess robustness, system performance was examined across selected subgroups. When stratified by
child age (12—-24 months and 2559 months), adequacy score deviations relative to expert evaluations remained
below 5%. Stable agreement was also observed across different food categories, including staple foods, animal
protein sources, and complementary foods. Although subgroup analyses by gender and geographic region were
exploratory due to sample size limitations, no notable performance disparities were observed. Overall, these
findings suggest that the proposed system maintains consistent performance across diverse usage scenarios.

4. CONCLUSION

This study presented an IoT-enabled smart nutrition scale integrated with fuzzy logic for preventive
dietary assessment and personalized recommendation in early childhood nutrition. The proposed system
demonstrated high measurement accuracy, with a calibration coefficient of determination of R? ~0.9995,
and strong agreement with expert nutritionist evaluations, supported by low error metrics (MAE =2.96;
RMSE =3.41) and Bland—Altman agreement analysis. Usability evaluation further confirmed excellent
acceptance among community health workers and caregivers (SUS score: 82.5), indicating that the system is
suitable for real-time deployment in posyandu and puskesmas settings. By integrating loT-based sensing and
fuzzy logic reasoning into a unified framework, the proposed solution shifts nutritional monitoring from
retrospective assessment toward proactive dietary intervention for stunting prevention. Future work will
focus on the development of hybrid fuzzy—machine learning models for adaptive recommendation, larger
longitudinal evaluations across multiple provinces, cloud-based interoperability with public health
information systems, and cost-effectiveness analysis to support large-scale government adoption.
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