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Journal of Creative and Open Research in
Engineering and Management. Microwave ovens operate at a frequency of 2.45 GHz, utilizing a process
called dielectric heating. When microwave radiation interacts with food,
OPENFJYACCESS polar molecules—primarily water—absorb electromagnetic energy, causing
d molecular vibration and generating frictional heat. Critically, the extent to
which different foods absorb microwave energy depends on their dielectric
https://doi.org/10.55041/ijcope.v2i5.720 . . . . . . ..
properties, which are determined by their unique chemical composition.
Water, fats, carbohydrates, and proteins each exhibit distinct dielectric
signatures, creating a fundamental link between a food's nutritional profile

and its electromagnetic behavior during heating.

Specific Research Focus

This research investigates the feasibility of transforming a standard microwave oven into a real-time nutrition calculator
by monitoring electromagnetic leakage radiation. Specifically, the study examines whether analyzing the time-domain
and frequency-domain characteristics of microwave leakage can accurately estimate the percentage composition of four
primary nutritional components—water, fat, carbohydrate, and protein—in food items during the cooking process.
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The research further evaluates whether such estimates can be used to calculate caloric content with sufficient accuracy
for practical dietary management applications.

2. Literature Review

2.1 Existing Methods for Dietary Assessment

Current approaches to nutritional tracking face significant limitations. Consumers typically rely on one of three
methods: lookup tables based on ingredient lists, mobile applications that map food photographs to pre-defined datasets,
or manual entry into dietary logging apps such as MyFitnessPal, Yazio, or MyNetDiary. These techniques share
common drawbacks: they are time-consuming, require manual user input, and lack real-time capability. Furthermore,
they cannot account for cooking-induced changes in nutritional composition, such as moisture loss, fat absorption, or
vitamin degradation. Studies have shown that static database estimates can have errors up to 25% compared to post-
cooking laboratory analysis, primarily due to weight changes during heating.

2.2 Microwave Technology and Food Sensing

The scientific foundation for microwave-based food sensing rests on decades of research into dielectric properties of
food materials. Research has established that the dielectric permittivity of food—a measure of its ability to interact with
electromagnetic fields—varies predictably with its chemical composition. Water, being highly polar, exhibits strong
dielectric absorption, while fats and oils, being non-polar, show minimal interaction. This differential response forms
the basis for distinguishing nutritional components via microwave interrogation.

Prior research has explored microwave leakage monitoring for various applications. Banerjee and Srinivasan previously
developed RFTemp, a system that monitored microwave oven leakage to estimate food temperature in real-time.
However, extending this approach to nutritional estimation required addressing a more complex challenge: the
relationship between leakage spectra and multi-component nutrient composition.

Recent advances in radio-frequency sensing have demonstrated the potential of metamaterial-based sensors for food
quality assessment. For instance, researchers have developed wire split ring resonator (WSRR) sensors operating in the
microwave frequency range to measure moisture content and density of cereal flours, achieving high sensitivity through
resonance frequency shift detection. Similarly, radio frequency biosensors have been developed for characterizing
organic materials, measuring parameters such as moisture content, ripeness estimation, and expiration detection through
dielectric property analysis.

2.3 Nutritional Science of Microwave Cooking

The nutritional science literature provides essential context for understanding why microwave-based nutrition estimation
is both feasible and valuable. Multiple studies have compared microwave cooking to conventional methods, revealing
important patterns:

A 2025 study on the traditional Maharashtrian recipe Carrot Sandge found that microwave drying (900W, 60°C for 6-8
hours) reduced drying time by 46.67% compared to traditional sun drying (35-40°C for 12-14 hours), while retaining
47.49% more vitamin C and exhibiting lower oil absorption during subsequent frying. The microwave-dried samples
showed superior retention of antioxidant activity and total polyphenol content.

A 2023 study published in Heliyon examined six vegetables (pumpkin, green beans, bell peppers, spinach, carrots, and
citrus fruits) prepared by boiling, steaming, and microwave cooking. The research concluded that microwave cooking
preserved up to 90% of vitamin C and polyphenol content, leading researchers to characterize it as the "nutritional
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preservation optimal" cooking method. In contrast, boiling caused the most severe nutrient loss, particularly for water-
soluble vitamins and antioxidant compounds.

A 2025 study on curry leaves (Murrayakoenigii Spreng) examined five processing techniques: boiling, pressure
cooking, steaming, sautéing, and microwave cooking. The results showed that while all cooking methods reduced
ascorbic acid content by 82-93%, microwave cooking was among the milder methods for preserving antioxidant
activity. The study emphasized that selecting appropriate cooking methods is crucial for maximizing the preventive
health benefits of foods.

2.4 Identified Research Gap

Despite advances in both microwave sensing technology and nutritional science, no prior work had successfully
integrated these domains to enable real-time, non-invasive nutritional estimation during microwave cooking. Existing
sensing approaches either required contact with food, involved complex hardware modifications, or could only classify
food types without quantifying nutrient composition. The research gap addressed by this study is the development of a
passive sensing system that can estimate nutrient percentages with clinically useful accuracy using only the
electromagnetic leakage inherently produced by standard microwave ovens.

3. Methods

3.1 System Design: WiNE Architecture

The research team, led by Avishek Banerjee and Kannan Srinivasan at The Ohio State University, developed a system
called WiNE (Wireless Nutrient Estimator). The system design was based on three core principles: (1) passive sensing
using only existing microwave leakage, (2) real-time operation during cooking, and (3) compatibility with unmodified
household microwave ovens.

Hardware Configuration:
The experimental setup consisted of:
A standard household microwave oven (various brands tested, all operating at 2.45 GHz)

An omnidirectional receive antenna (VERT2450 model) positioned 6 cm from the front panel of the microwave
A software-defined radio (SDR) connected to the antenna for signal capture

A computing platform running signal processing algorithms

The antenna placement was critical: positioning it 6 cm from the front panel allowed capture of microwave radiation
leaking through the door seal without requiring any physical modification to the microwave itself. This distance was
optimized to maximize signal strength while maintaining safety standards.

Signal Acquisition:

The system monitored microwave leakage in both time and frequency domains simultaneously. Time-domain
observations were used to set initialization parameters and detect cooking cycle states. Frequency-domain spectrograms,
captured across the 2.4-2.5 GHz range with sub-band resolution, provided the primary data for nutrient estimation.
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3.2 Experimental Protocol
Food Samples:

The researchers conducted experiments on a diverse set of food items representative of typical microwave cooking
applications. A total of 150 distinct food types were included in the training dataset, with each food item's dielectric
properties and nutritional composition labeled. The nutritional ground truth—percentages of water, fat, carbohydrate,
and protein—was established using standard laboratory methods (proximate analysis, bomb calorimetry).

Measurement Procedure:

For each experimental run:

The food sample was placed in a microwave-safe container on the oven's turntable

The microwave was operated at standard power settings (typical range 600-1200W)

The SDR continuously captured leakage signals throughout the heating cycle (typically 2-5 minutes)

Signal features including attenuation at 20 frequency sub-bands and rate of change of attenuation were extracted

b wh -~

Temperature was simultaneously monitored using fiber-optic probes to account for temperature-dependent dielectric
variations
Data Processing and Machine Learning Model:

The core of WINE was a machine learning regression model trained to map leakage spectral features to nutrient
percentages. The researchers used a random forest regression algorithm, chosen for its ability to handle non-linear
relationships and resist overfitting with moderate training data sizes.

The training dataset comprised leakage spectrograms from 105 food samples (70% of total), with each sample labeled
with its ground-truth nutrient composition. The model input features included:

® Power attenuation values across 20 frequency sub-bands
® Temporal derivatives of attenuation (rate of change)
e [nitial temperature and temperature rise rate

The remaining 45 samples (30%) were reserved for testing, with the model's predictions compared to laboratory-
measured values.

3.3 Validation Metrics

Performance was evaluated using two primary metrics:

® Mean Absolute Error (MAE) for each nutrient percentage
e Correlation coefficient between estimated and actual calorie content

© 2026 The . Published by . Website: https://ijcope.org/ 4


https://ijcope.org/

International Journal of Creative and Open Research in Engineering and Management B
ISSN: 3108-1754 (Online) % g
Volume 02 Issue 05 May-2026 | Impact Factor: 3.5 *y

Calorie content was calculated from estimated nutrient percentages using standard conversion factors (4 kcal/g for
carbohydrate and protein, 9 kcal/g for fat).

4. Results

4.1 Nutrient Estimation Accuracy

The WiNE system demonstrated strong performance across all four primary nutrient categories. The mean absolute error
for each nutrient was:

Nutrient Mean Absolute Error Accuracy Range
Water content <5% 95%+
Carbohydrates <5% 95%+
Fat <5% 95%+
Protein <5% 95%+

These error rates represent the deviation between WiNE's real-time estimates and post-cooking laboratory analysis. For
example, if a food sample contained 20% fat by laboratory measurement, WiNE's estimate would typically fall between
15% and 25%.

4.2 Calorie Estimation Performance

The calorie estimation accuracy was evaluated using Pearson correlation coefficient. WiNE achieved a correlation of
approximately 0.97 between estimated and actual calorie content. This high correlation indicates that the system
captures nearly all the variance in caloric values, with remaining errors primarily attributable to estimation noise rather
than systematic bias.

To contextualize this performance: a correlation of 1.0 would represent perfect prediction, while 0.97 indicates that the
system's calorie estimates track actual values with high fidelity across the range of tested foods.

4.3 Real-Time Operational Characteristics

The system demonstrated several practical advantages during testing:

Temporal Resolution: WiNE provided updated nutrient estimates every 2 seconds during the cooking cycle, enabling
real-time tracking of compositional changes as cooking progressed.

Moisture Loss Tracking: The system successfully detected and quantified water evaporation over time, a critical
capability since moisture loss directly affects the concentration of other nutrients and the final calorie density of the
cooked food.

Food Type Versatility: Testing across diverse food types—including vegetables, meats, grains, and composite dishes—
confirmed the system's generalizability, though performance varied slightly by food category.
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4.4 Comparative Advantage

When benchmarked against alternative nutritional assessment methods, WiNE showed clear advantages:

Method Accuracy Real-time User Effort Accounts for
Cooking Changes

WiINE +5% Yes None Yes

Nutrition Up to £25% No High No

databases

Photo-based +10-20% No Moderate Partial

apps

The primary limitation identified was the inability to estimate dietary fiber content in the current implementation. The
researchers noted that with appropriate training data incorporating fiber-rich foods, this limitation could likely be
addressed.

5. Discussion

5.1 Interpretation of Findings

The results demonstrate that passive monitoring of microwave leakage is a viable method for real-time nutritional
estimation. The mean absolute error of <5% represents a significant improvement over existing consumer-facing
nutritional tools and approaches the accuracy of laboratory methods for many practical applications.

The high correlation (0.97) for calorie estimation is particularly noteworthy. Since calorie content is a derived quantity
based on weighted sums of macronutrients, this result implies that the errors in individual nutrient estimates are not
systematic but rather random and uncorrelated. For dietary management applications such as diabetes control or weight
management, this level of accuracy is likely sufficient for guiding food choices and portion decisions.

5.2 Scientific Mechanisms

The success of WiNE can be explained by the differential dielectric properties of nutritional components. Water, being
highly polar, exhibits strong dielectric absorption and dominates the microwave interaction at 2.45 GHz. However, the
system's ability to also estimate fat, carbohydrate, and protein suggests that each component contributes distinct
signatures to the leakage spectrum, particularly in the frequency-domain analysis.

The physical mechanism works as follows: as microwave energy passes through food, different molecular species
absorb energy at different efficiencies. Water molecules undergo dipole rotation, generating heat through friction. lons
(salts) contribute through ionic conduction. Larger molecules like proteins and carbohydrates have more complex
dielectric responses involving bound water interactions and molecular relaxation processes. These differences manifest
as unique patterns of attenuation across the frequency spectrum, which machine learning algorithms can learn to decode.
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5.3 Comparison with Alternative Sensing Approaches

Several alternative approaches to microwave-based food sensing have been reported. RF biosensors using ring resonator
structures can characterize dielectric properties of materials with high sensitivity, but typically require contact with the
sample or placement within a specialized measurement fixture. Metamaterial-based sensors like the WSRR can detect
moisture content and density of cereal flours through resonance frequency shifts, achieving accurate measurements of
storage parameters. However, these approaches are designed for laboratory or industrial quality control rather than real-
time consumer use during cooking.

WiNE's distinctive contribution is its passive, non-contact operation using unmodified household appliances. By
repurposing existing electromagnetic leakage as a sensing signal, the system achieves nutritional monitoring without
additional hardware costs or user intervention.

5.4 Nutritional Science Implications

The findings have important implications for understanding microwave cooking's nutritional effects. The literature
consistently shows that microwave cooking preserves heat-sensitive nutrients better than many conventional methods.
The Carrot Sandge study demonstrated 47.49% higher vitamin C retention with microwave drying compared to sun
drying. The Heliyon study found that microwave cooking preserved up to 90% of vitamin C and polyphenols. The curry
leaf study showed that while all cooking methods reduced ascorbic acid, microwave was among the milder processing
techniques.

These findings challenge the common perception that microwave cooking degrades nutrients. In fact, the shorter
cooking times and reduced water usage inherent to microwave cooking minimize the two primary mechanisms of
nutrient loss: thermal degradation and water leaching. By enabling real-time monitoring, WiNE could theoretically
allow users to stop cooking precisely when optimal nutrient retention is achieved, rather than relying on fixed timers.

5.5 Limitations

Several limitations should be acknowledged:

Fiber Measurement: Current implementation cannot estimate dietary fiber content, which is important for
comprehensive nutritional assessment. This limitation could potentially be addressed with expanded training datasets.

Heterogeneous Foods: Performance is optimal for relatively homogeneous foods (e.g., rice porridge, soups) and reduced
for layered or heterogeneous items where different components have vastly different dielectric properties.

Sample Positioning: The system assumes consistent positioning of food within the microwave cavity. Variations in
placement could affect leakage patterns.

Safety Considerations: While the system monitors leakage that already exists, it does not modify or increase microwave
emissions. The leakage levels from properly functioning microwave ovens are regulated by safety standards.

5.6 Future Research Directions

Several promising directions for future work emerge:

1. Dietary Fiber Integration: Incorporating fiber-rich foods into training datasets to enable fiber estimation
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2. Integration with Dietary Apps: Developing interfaces to transmit WiNE estimates to popular nutrition tracking
applications

3. Commercial Hardware Implementation: Designing microwave ovens with integrated leakage monitoring sensors for
consumer deployment

4. Clinical Validation: Testing the system's effectiveness for dietary management in populations with diabetes, obesity,
or cardiovascular disease

5. Multi-Frequency Operation: Exploring additional frequency bands beyond 2.45 GHz to enhance discrimination
between nutrients

6. Conclusion

Synthesis of Findings

This research establishes that real-time nutritional estimation during microwave cooking is technically feasible and
scientifically valid. The WiNE system achieves mean absolute errors of <5% for water, fat, carbohydrate, and protein
percentages, with a calorie estimation correlation of approximately 0.97. These results are achieved through passive
monitoring of electromagnetic leakage signals using an external antenna positioned 6 cm from the microwave front
panel, requiring no modification to the appliance itself.

The scientific basis for this approach lies in the differential dielectric properties of nutritional components. Water, fats,
carbohydrates, and proteins each interact distinctively with 2.45 GHz microwave radiation, creating unique signatures in
the leakage spectrum that machine learning algorithms can decode. The temporal dynamics of these signals during
heating provide additional information about compositional changes such as moisture loss.

Significance
The significance of this research is twofold:

For Individual Health Management: WiNE offers a path toward effortless, accurate dietary monitoring. Unlike current
methods that require manual food logging, database lookups, or photo-based estimation, microwave-based nutrition
calculation operates automatically during routine cooking. This reduction in user burden could improve adherence to
dietary monitoring recommendations, potentially benefiting individuals managing diabetes, obesity, hypertension, or
other diet-related conditions.

For Public Health: At population scale, integrating nutrition calculation into ubiquitous kitchen appliances could
transform dietary awareness. The World Health Organization has identified poor diet as a leading risk factor for global
mortality. Technologies that make nutritional information immediately available during meal preparation could support
healthier food choices and portion control without requiring specialized knowledge or additional effort.

Broader Implications for Cooking Science

Beyond the immediate application of nutrition estimation, this research contributes to a broader understanding of
microwave-food interactions. The ability to monitor compositional changes in real time opens possibilities for adaptive
cooking—microwaves that adjust power levels and cooking duration based on real-time feedback about moisture
content, temperature, and nutrient retention.

The convergence of sensor technology, machine learning, and nutritional science suggests that the kitchen of the future
will be instrumented with intelligent appliances that not only cook food but also provide actionable health information.
The microwave nutrition calculator represents an early but significant step toward this vision, demonstrating that
existing infrastructure can be repurposed for advanced sensing applications.
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Final Conclusion

The microwave nutrition calculator, as demonstrated by the WiNE system, transitions from laboratory concept to
practical possibility. With error rates below 5% for macronutrient estimation and a 0.97 correlation for calorie content,
the technology meets the accuracy requirements for many consumer dietary applications. The passive sensing approach
eliminates barriers to adoption—no hardware modification, no user data entry, no disruption to existing cooking habits.
As research continues to address limitations such as fiber measurement and heterogeneous food performance, the
integration of nutrition calculation into standard microwave ovens appears not only feasible but inevitable, promising to
make real-time dietary monitoring as routine as reheating leftovers.
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