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ABSTRACT

Food waste remains a critical yet insufficiently explored global challenge, and ac-
curate quantification is essential for developing effective mitigation strategies.
Traditional food waste measurement methods face multiple limitations, prompting
growing interest in alternative approaches such as Al-based technologies. This ex-
ploratory study evaluates the potential of Al image analysis for food waste quanti-
fication under real-world conditions. The method involves comparing Al-estimated
and human-estimated food waste weights against a benchmark of scale-measured
weights to assess estimation accuracy and error patterns. Our findings indicate that
while Al technologies show promise as scalable quantification tools, portion effect
on estimation errors and variability in generalization across models underscores the
need for thoughtful selection, and the performance could be substantially improved
through further model training with larger and more diverse datasets. Overall, this
study highlights both the potential and present limitations of Al-driven food waste
quantification, emphasizing the need for continued research using more advanced

CISA

1. INTRODUCTION

Food loss and waste (FLW) remain among the most
pressing challenges in global food systems. In Europe,
more than 58 million tonnes of food are wasted annually
(Eurostat, 2025) - a figure that contrasts sharply with the
fact that nearly 42 million people cannot afford a quality
meal every second day (Eurostat, 2023). While FLW occurs
across the entire food value chain, increasing attention
has been directed towards the consumption stage, where
waste is generated after food has reached the consumers.
In the European Union, the three largest contributors to
food waste (FW) are households (53%), the manufacture
of food products and beverages (19%), and restaurants
and food services (11%) (Eurostat, 2025). Globally, an esti-
mated 1.05 billion tonnes of food were wasted, accounting
for 19% of food available to consumers at the household,
food services, and retail levels (UNEP, 2024). These figures
underscore the urgency of developing more accurate and
scalable solutions for monitoring and mitigating FW, par-
ticularly in the later stages of the supply chain, namely the
consumption stage (Dhir et al., 2020; Kaur et al., 2021).

FW quantification is a crucial first step with respect to
the urge to develop and implement FW mitigation strate-

models and expanded training data.

gies (Corrado et al.,, 2019; Vardopoulos et al., 2024). The
traditional approaches include self-reported surveys, man-
ual waste tracking, and compositional analyses, which
have provided valuable insights but face limitations of
accuracy, scalability, and cost-efficiency, which might lead
to misjudgments on FW-related problems (Corrado et al.,
2019; Vardopoulos et al., 2024). Recent advances in artifi-
cial intelligence (Al) and computer vision offer new oppor-
tunities to overcome these limitations. The advancement
of Al unlocks a new era in food science towards more da-
ta-driven decision-making. Among various Al technologies,
Large Language Models (LLMs) have witnessed success-
es in food safety detection and monitoring, nutritional anal-
ysis, recipe development, and diet planning (Fridolfsson
et al,, 2025; Ma et al.,, 2024). Reference to the success of
using LLMs in food images (e.g. nutritional content estima-
tion, quality inspection) (Fridolfsson et al., 2025; Ma et al.,
2024), LLMs powered with a computer-vision system are
capable of automatically identifying, classifying, and quan-
tifying FW in real time, reducing reliance on subjective re-
porting and enabling continuous monitoring in households,
food services, and retail contexts. By generating high-reso-
lution and standardized data, Al technologies have the po-
tential to transform FW research and practice, supporting
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more targeted activities for FW reduction with data-driven
evidence (Kakani et al., 2020; Sigala et al., 2025).

However, Al in FW research remains at an early stage.
Empirical research in FW quantification with Al technolo-
gies is rare in the current literature. There is also a limited
understanding of how Al-enabled monitoring can improve
the accuracy and efficiency of FW quantification, support
real-time decision-making, and enhance the effectiveness
of reduction strategies across different contexts of con-
sumption.

Building on these gaps, this study explores the appli-
cation of Al-based technologies, particularly using LLMs,
for FW quantification in terms of their potential and lim-
itations. Specifically, it addresses the following research
questions:

+ Is Al-based technology a reliable tool for FW quantifica-
tion compared to traditional methods (e.g. subjective
evaluation, manual measurement)?

What is the level of errors when using Al for FW quan-
tification?

How can Al-enabled data streams be integrated into
broader strategies to quantify FW at scale?

By addressing these questions, the study contributes
to the literature by advancing the use of Al technologies
as robust tools for FW quantification — as far as we know,
the first attempt to systematically evaluate the capabilities
of the open-source LLMs in FW identification and tracking.
This study examines the accuracy of FW measurement by
comparing subjective and objective weight data, with a par-
ticular focus on the potential of Al-based image analysis to
enhance reliability. This approach contributes to advancing
methodological tools for large-scale FW tracking, improv-
ing data quality, and supporting more effective strategies
for FW reduction.

In the following context, Section 2 provides a back-
ground on the existing literature about FW quantification
and Al for food science. Section 3 explains the research
design and methodology. We extend the discussion with
our analysis results in Section 4. Lastly, a conclusive sum-
mary closes this exploratory study while pointing out the
limitations and directions for future work in Section 5.

2. LITERATURE REVIEW
2.1 Food waste and food waste quantification

We have been standing at a critical turning point since
2022: on the one hand, nearly one-fifth of the food available
to consumers at the retail, food service, and household lev-
els is wasted (UNEP, 2024); on the other hand, 733 million
people in the world continue to suffer from hunger and 2.33
billion are in danger of food insecurity (FAQ, 2024). Besides,
FW contributes to a less sustainable global environment,
in particular, greenhouse gas emissions, water resources,
land, and biodiversity (Stancu et al., 2016). FW quantifi-
cation, or FW accounting, forms the baseline of tackling
any FW issues: identification of the most relevant waste
streams (Corrado et al., 2019). Methodologies used for FW
quantification vary from direct measurement (e.g. weigh-
ing, digital trackers) to surveys and observations. Each ap-

proach has its pros and cons, contributing differently to the
advancement of FW research — direct measurement pro-
vides more details and comparable estimates while others
shed lights on FW generation from behaviors of consumers
and businesses (Falasconi et al., 2015; Derqui et al., 2016;
Vardopoulos et al., 2024). The measured or estimated re-
sults of FW quantity share a high inconsistency rate. Lack
of standardized framework and methodology, and the com-
plexity of food systems are the major challenges (Comis et
al., 2025; Filimonau & De Coteau, 2019); however, different
methods to measure and achieve FW quantity contribute to
the discrepancy as well (Corrado et al., 2019).

2.2 Methodological approaches for food waste
quantification

Methodological approaches for FW quantification dis-
cussed in this paper give exclusive attention to the meth-
ods for collecting primary data, for the reason that we aim
to evaluate an alternative method or tool for primary FW
data collection. Direct and non-direct measurement meth-
ods are both widely used in the existing literature; further-
more, a combination of methods is employed to enhance
the robustness of the research (Filimonau et al., 2022; Var-
dopoulos et al., 2024).

Direct measurement includes physical weighing and
volumetric evaluation. According to the different method-
ologies applied, the measured weights or volumes are in
different unit formats, such as per meal/tray, of each type
of food component, or per person/entire sample size (Var-
dopoulos et al., 2024). However, these methods are highly
resource-demanding, including cost, time, expertise and di-
rect access to the research targets, consequently limiting
the scalability of the research results (Corrado et al., 2019).

Waste registration and questionnaires are used to
measure FW quantity at both business and individual (or
household) levels indirectly. The commonly used tech-
niques to register FW quantity or conduct a FW diary are
visual observation and self-reporting. Compared to direct
measurement methods, they are more approachable op-
erationally and financially, repeatable, and practical for a
large-scale implementation, despite the drawbacks of data
quality due to inaccurate data entry, subjective enlistment,
sample bias, and other concerns (Corrado et al., 2019; Var-
dopoulos et al., 2024).

2.3 Al for food science

Digital innovations have been largely integrated into the
research and applications in food science and food sys-
tems, offering impressive positive outcomes which can-
not be achieved by non-digital approaches. Taking a few
examples, real-time tracking and visualized reports to the
key stakeholders, and nudging effects at an immediate
and long-term level on individuals. Al, in particular, LLMs
among various Al technologies, have been catching eyes in
recent years for their high reputation in data analysis and
interpretation (Kakani et al., 2020; Ma et al., 2024; Yu et al.,
2025). LLMs are a group of advanced models which are
developed and trained to generate text by predicting the
next word based on an input text. Powered by deep learn-
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ing algorithms, these models are powerful in processing
natural languages, predicting, making decisions, and per-
forming other complex text-based tasks (Ma et al., 2024).
The big names of LLMs with different developers include
but not limited to ChatGPT by OpenAl, Gemini by Google,
Llama by Meta, Claude by Anthropic, DeepSeek by DeepS-
eek, and Qwen by Alibaba. Taking OpenAl as an example,
ChatGPT is only one model developed for natural language
processing tasks such as text and code generation, data
analysis and visualization, image analysis and creation,
deep searching, and so on (OpenAl, n.d.). However, devel-
oped by the same company, ChatGPT is outperformed by
another model, GPT-4o0, in the context of visual and audio
processing tasks (OpenAl, n.d.). Despite the tailored LLMs
for specific tasks, the general performance and capabili-
ties of an LLM depend on model complexity, data volume,
and computational power, although all models share a
similar fundamental backbone. From this perspective,
LLMs stand for large-scale pre-trained language models
(Ma et al., 2024). One of the straightforward indicators is
the parameter size, which, to some extent, differentiates
LLMs from other small language models. In the context
of Al, parameters refer to the internal variables learned
during training that determine how the model processes
inputs and generates outputs. The number of parameters
represents a model’'s capacity, as larger models typically
possess greater representational power and can capture
more nuanced patterns. The LLMs exemplified before have
model versions ranging from billions to trillons parameters
(Ma et al., 2024).

LLMs have been experimented with and quickly adapt-
ed in many fields of food science, such as predictive anal-
ysis for food safety, regulatory compliance automation,
food quality control and inspection, quality improvement
according to consumer feedback analysis, efficiency im-
provement of the whole food supply chain, food fraud de-
tection, recipe generation, and nutritional analysis for diet
planning (Kakani et al., 2020; Ma et al., 2024). Which, the
last two applications highlight the capabilities of LLMs in
food image processing, and therefore, the potential appli-
cation to FW research. In the context of recipe generation,
it can capture the information by reading food images and
generate recipes to meet specific dietary requirements or
preferences. On the other hand, LLMs can understand com-
plex dietary data by extracting key information about food
components and quantities, so that personalized nutrition
advice and diet plans can be generated (Lo et al.,, 2024,
Ma et al., 2024; Fridolfsson et al., 2025). Lo et al. (2024)
achieves mean absolute errors lower than 5% even in chal-
lenging conditions when comparing the estimated results
by GPT-4V to those of dietitians. Not only are common food
items correctly identified, but also regional ones with cul-
tural and geographic features. The estimation results of
the portion size are close to those evaluated by humans,
although the model is not designed to process depth or
spatial information in the food images and bears a certain
level of estimation errors. Leading LLMs like ChatGPT and
Claude demonstrate an accuracy level of food weight esti-
mation from the images, close to the self-reporting method

in another recent work in dietary assessment (Fridolfsson
etal., 2025).

LLMs have shown notable capabilities in food and
food component recognition in the research field of nutri-
tion and diet. In the meantime, the application of weight
estimation has achieved performance no worse than tra-
ditional self-reported methods; however, unlike the tradi-
tional methods, LLMs process the information without
subjective bias, and they are free from social desirability
effects or participant burden. LLMs can support tasks like
automation at a large scale and continuous passive moni-
toring, hence offering efficiency and scalability. This turns
LLMs into a potential and valuable tool for other scientific
research tasks, including research in FW. Meanwhile, limi-
tations of LLMs persist, at least for the current stage. The
accuracy of the volume estimation from 2D food images
needs real-world validation.

2.4 Al for food waste

The academic discussion around digital innovations
in FW has been expanding, but to our best knowledge, the
implementation of Al technologies in FW is very limited.
Kitro, the Swiss startup, integrates a self-developed Al
model with the loT solution for FW management. Through
grounded data analysis, operational optimization for food
businesses is achieved, and benefits the users with up to
55% of FW reduction and 5% cost saving (Martin-Rios et
al., 2020). However, the Al technology used by Kitro is only
a small friction. Kitro's Al-empowered solution is designed
specifically for food service providers with commercial pur-
poses; it is limited in generalization. In an earlier attempt
with a small sample size (n=54), a leading LLM, GPT-40
by OpenAl, is used to process the food images taken in
the real-world environment. It shows remarkable capabil-
ity in food recognition and component identification, and
a significant linear discrepancy between the Al-estimated
and self-reported FW weights (Yu et al., 2025). To our best
knowledge, this paper takes the first experiment and com-
parison study on different open-source LLMs in FW iden-
tification and quantification with the purpose of accuracy
evaluation.

3. DATA COLLECTION AND METHODOLOGY
3.1 Research design and data collection

This exploratory study was designed to evaluate and
compare the accuracy of food weight estimation and food
identification generated by LLMs and human judgment
using food images captured in real-world environments.
The study was conducted within the framework of the
PERFETTO project, financed by the European Union, which
aims to reduce consumer FW in the restaurants through
behavioral nudges - such as doggy bags and half-portion
- and employs Al-assisted monitoring technologies within
a large-scale field experiment in 40 restaurants in the Um-
bria region of Italy. The primary objective was to assess the
reliability and practical applicability of Al-based estimation
by benchmarking its outputs against scale measurements
and comparing them to human estimates. To this end, a
dual data collection framework was implemented, consist-
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ing of food images, scale-based measurements, Al-gener-
ated estimates, and human-based assessments.

For the human estimation component, purposive sam-
pling was employed, targeting academic researchers and
specialists in waste management, sustainability, and eco-
nomics. As a non-probability sampling strategy, purposive
sampling offers operational feasibility and analytical rele-
vance for exploratory research (Vehovar et al., 2016). The
rational for targeting this participant group was that their
professional activities are often associated with waste
quantification, waste source accounting, and numerical
assessment, making them a relevant stakeholder group
for studies related to FW estimation. However, participants
were not recruited on the basis of expertise in food por-
tion-size or food weight estimation. To further expand the
participant pool and improve coverage across relevant
disciplines, a snowball recruitment approach was adopt-
ed, whereby initial participants were invited to refer other
qualified experts (Ting et al., 2025). We should note the
potential selection bias and limitation of the sample rep-
resentativeness. Information about participants’ familiarity
with food types, cultural background, demographic char-
acteristics, and prior training in volumetric estimation was
not collected. Consequently, the influence of these factors
on human estimation performance could not be assessed
and should be considered when interpreting the results.

Data collection was conducted across three distinct
periods between 2025 and 2026. The dataset compris-
es two main sources: image batch i with food images,
scale-measured weights, and image description collected
directly by the research team in both household and out-
of-home dining settings, and image batch ii supplementa-
ry data contributed by a group of academic experts, who
followed detailed guidelines provided by the researchers.
In addition to collecting the same data as image batch i,
this batch also included weight estimation of 9 images by
these experts. The scale-measured food weights ranged
from 17 g to 621 g in image batch i and from 5 g to 550 g
in image batch ii.

All food images were captured in free environments to
reflect real-world consumption contexts. For all observa-
tions in image batch i, a digital kitchen scale (Brand: SUN-
LUX MDCO005; CE certificated) with weighing precision of
1 g and maximum weighing capacity of 5 kg, was used to
record the precise weight of food in the images, while a
smartphone camera was used to capture corresponding
images. Before each weighing action, simple check and
zero calibration was conducted according to the manufac-
turer’s instructions. To reflect real-world settings, images

TABLE 1: Summary of data collection design and dataset structure.

were collected under unconstrained conditions rather than
following a straightly controlled protocol. Photographers
were not instructed to use specific camera angles, dis-
tances, or lighting conditions, but only instructed to utilize
household kitchen scales and smart phones following the
simple guidelines. It was suggested but not mandatory to
take photos from multiple angles and depths, or photo-
graph a wide diversity of food types, portion sizes, contain-
ers, and culinary culture. No reference objects of known
dimensions were included in the images. This design was
intended to evaluate the baseline capability of LLMs to per-
form weight estimation and food recognition from ordinary
user-generated photos without task-specific training or ad-
ditional guiding information. However, details on the scales
used to measure weights of image batch ii was not collect-
ed. Some measurement heterogeneity may exist within the
benchmark dataset. Given the exploratory nature of this
study, the scale-measured weights were nevertheless con-
sidered the most objective reference available for evaluat-
ing human and Al estimations under real-world conditions.

This systematic data collection procedure generated
paired datasets comprising food images, ground-truth
weight measurements, Al estimations, and human esti-
mates, thereby enabling direct and objective comparison
across different weight measurement methods. Table 1
summarizes the overall data collection design and dataset
structure, while Figure 1 presents representative image ex-
amples, which primarily depict food items, with containers
and dining surfaces forming the dominant background el-
ements.

3.2 Al model implementation

7 open-source LLMs were employed to evaluate and
compare the accuracy of Al-based food weight estimation
and food indentification. As summarized in Table 2, these
models were developed by different organizations and vary
substantially in their parameter sizes, reflecting differenc-
es in model scale, architectural complexity, and representa-
tional capacity. Each model was used to process the same
set of images and pre-designed prompts to ensure the
comparative study. The standard prompts ensure a fair
evaluation of the LLM models. Sophisticated prompts
with additional details might improve the performance of
results, but they might fail to reflect the real-world scenar-
ios (Fridolfsson et al., 2025). Therefore, the prompts were
deliberately kept simple to establish a baseline evaluation.
Minimal contextual guidance was provided solely to reduce
unrealistic estimations, for example the two weight ranges
which were derived from the scale-recorded weight ranges
of image batch i and image batch ii.

Data collection period Apr-Jul 2025

Sep-Oct 2025 Jan-Feb 2026

Data contributors Researchers

Academic experts

Academic experts and specialists

Key data collected and collection
methods

Food images, Scale-measured
food weight

Food images, Scale-measured Human estimates

food weight, Human estimates

Food types

First main dish, Second main dish, Pizza, Sandwich, Side dish, Dessert, Beverage, Soup, Pastry

Cuisine Culture

Italian, Western (International), Asian, Indian, Middle Eastern
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(b)

FIGURE 1: Examples of food images collected.

“You are a food waste analyst. You received an image
of food leftovers for your research. Given the image, pro-
vide the following information: the type of the main food in
the image; the estimated weight of the food in the image
in grams. In general, food leftover weights are between 10
grams and 750 grams. Aim to be as accurate as possible in
your weight estimation.” — Prompt applied to the analysis
of image batchi.

“You are a food waste analyst. You received an image
of food leftovers for your research. Given the image, pro-
vide the following information: the type of the main food in
the image; the estimated weight of the food in the image
in grams. In general, food leftover weights are between 4
grams and 750 grams. Aim to be as accurate as possible in
your weight estimation.” — Prompt applied to the analysis
of image batchiii.

By systematically testing models spanning diverse ori-
gins and parameter ranges, this study provides a compara-
tive assessment of their effectiveness in performing multi-
modal tasks involving natural language understanding and
image-based food weight quantification.

TABLE 2: List of open-source LLMs for food image analysis.

Open-source LLMs were intentionally selected to ena-
ble a transparent and reproducible evaluation of baseline
model performance for FW quantification. In contrast to
proprietary models (e.g. GPT-4 and Claude), open-source
frameworks provide full access to model code and archi-
tecture, enable local deployment, and allow flexible sys-
tem configuration, thereby ensuring experimental control,
enhanced data privacy, and avoiding vendor lock-in. These
characteristics make open-source models particularly suit-
able for systematic benchmarking studies in which models
are assessed in their out-of-the-box configurations using
a standardized prompt. Moreover, these models facilitate
future development, including fine-tuning, domain-specific
adaptation, and customization. While these capabilities are
not exploited in the present study, they provide a strong ba-
sis for extending this work toward more practical systems.
In this regard, open-source models are valuable for subse-
quent projects in FW quantification, continuous monitoring,
and targeted intervention development, enabling the con-
struction of more accurate, context-sensitive, and applica-
tion-oriented Al systems.

Model Developer Release Date Approx. Parameters Deployment
Granite Vision 3.2 2B IBM 2025 February 2 billion LM Studio
Internvl3 2B Instruct OpenGVLab 2025 April 2 billion LM Studio
Llama 4 Scout 17B 16E Instruct : Meta 2025 April 16 billion Groq
Moondream 2B 2025-04-14 Moondream 2025 April 2 billion LM Studio
Qwen 2.5 VL 3B Instruct Alibaba Qwen 2025 March 3 billion LM Studio
Qwen3 VL 32B Instruct Alibaba Qwen 2025 October 32 billion Together.ai
Smolvim2 2.2B Instruct Huggingface 2025 February 2.2 billion LM Studio

Abbreviations: Granite Vision 3.2 2B — Granite; Intervi3 2B Instruct — InternvI3; Llama 4 Scout 17B 16E Instruct — Meta-LlaMA; Moondream 2B 2025-04-14 -
Moondream; Qwen 2.5 VL 3B Instruct — Qwen2.5; Qwen3 VL 32B Instruct — Qwen3; Smolvim2 2.2B Instruct — SmolVLM2

Note:

Granite: htt S:, hu

Moondream. https: ahugglngface.co 'moondream/moondream-2b-2025-04-14-4bit

Qwen2.5: https://huggingface.co/Qwen/Qwen2.5-3B-Instruct
Qwen3: https://huggingface.co/Qwen/Qwen3-VL-32B-Instruct

SmolVLM2: https://huggingface.co/HuggingFaceTB/SmolVLM2-2.2B-Instruct
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3.3 Dataset structure

Following data cleaning, processing, and elaboration,
two structured datasets were constructed with estimated
weights, weight estimators, scale-measured weights, and
image descriptions for analysis.

The first dataset — sub dataset — comprises hu-
man-based food weight estimations of 9 selected food
images. A total of 52 participants completed this estima-
tion task through an online survey administered via Goog-
le Form, in which the same 9 images were presented in
a fixed order. As noted in Section 3.1, participants, those
were invited to the survey, also contributed to construct
the second image batch. To avoid familiarity effects, the
image selection for the estimation task was therefore re-
stricted to the first image batch. The selected images were
chosen to provide a representative subset of image batch
i in terms of food type (e.g. pastry, savory, snack, starter
or soup, main meal), photo-taking conditions and visual
complexity. Specifically, the images capture a range of sce-
narios in free environments, including meals photographed
both at home and outside the home, foods presented in
different types of containers, and foods that were either
partially consumed or untouched. This design was intend-
ed to balance respondent burden and data quality while en-
suring sufficient variability. Nevertheless, limitations and
potential sources of bias arising from this subset selection
should be acknowledged. For instance, the selected imag-
es do not adequately represent the diversity of food cul-
tures, which could compromise the verification outcome.
Furthermore, the images selected for human estimation
task only weights from 19 g to 127 g. Consequently, larger
portion sizes are underrepresented in the evaluation. This
is partially attributable to the theme of the online survey,
“Food (Plate) Waste Weight Estimation”, which favored
the selection of images with partially consumed food and,
therefore, generally smaller remaining portions.

The second dataset — full dataset — consists of the
complete set of 91 food images collected in real-world en-
vironments. These images were subsequently processed
by the 7 selected LLMs, each independently generating
food weight estimates, thereby producing 7 distinct sets of
Al-generated outputs — a total of 637 observations.

The resulting integrated dataset enables multi-dimen-
sional comparative analysis across three estimation mo-
dalities: (i) precise scale-based measurements as objec-
tive benchmarks, (ii) human visual estimation, and (iii) Al
estimation by multiple LLMs. This comprehensive data
structure supports robust evaluation of both estimation
accuracy and inter-model variability, while allowing sys-
tematic assessment of the reliability and generalizability
of Al-LLM-based food waste measurement under uncon-
strained, real-world conditions.

3.4 Data analysis and statistical methods

For both the human-based and Al-generated weight es-
timation datasets, estimation errors were first computed
as the difference between estimated food weights and the
corresponding scale-based measurements, which served
as the ground-truth reference in this study. Multiple sta-

tistical indicators were calculated to evaluate estimation
errors and dispersion, including standard deviation (SD),
mean absolute error (MAE), mean absolute percentage er-
ror (MAPE), mean error (ME), and mean percentage error
(MPE). MAE quantifies the average magnitude of the es-
timation error in absolute terms, providing a direct indica-
tion of how large the errors are, while ME reflects the direc-
tion of the errors and thus indicates the tendency towards
overestimation or underestimation. In contrast, MAPE and
MPE express errors as percentage-based metrics. They are
more sensitive to small reference values and may amplify
the apparent magnitude of errors associated with small
portions. SD characterizes the variability of the errors and
therefore provides insight into the consistency of the esti-
mation pattern. These metrics were used to conduct sys-
tematic comparisons between human and Al estimation
performance. In addition, a scatter plot was conducted
using ME provided by survey participants and by all LLMs,
respectively, to examine potential systematic patterns and
biases.

Following the evaluation of Al-human performance on
food weight estimation, inter-model evaluation across the
7 LLMs was subsequently performed. Scatter plots were
employed to investigate and visualize potential error pat-
terns, model-specific biases, and inter-model variability.
Together, these quantitative and visual approaches provide
a comprehensive framework for evaluating estimation per-
formance and uncovering underlying trends.

In addition to food weight estimation, the accuracy of
food recognition derived from image analysis was system-
atically evaluated. For each image, all LLMs generated not
only quantitative weight estimates but also descriptive tex-
tual outputs identifying the food items present. These de-
scriptions were subjected to a structured, line-by-line veri-
fication process conducted independently by the research
team, using the image descriptions recorded at the data
collection phase as reference and following a predefined
evaluation protocol to ensure consistency and minimize
subjective bias.

The verification protocol comprised multiple criteria:
(1) exact keyword matching between model-generat-
ed labels and ground-truth food items; (2) category-level
matching when exact identification was not achieved (e.g.,
classifying pain au chocolat as pastry rather than requiring
exact naming); (3) partial item matching was considered
failed recognition (e.g., identifying only “mushroom” when
mushroom and chicken were present); (4) mismatches
arising from cultural interpretation were assessed con-
textually, such that cross-cultural approximations (e.g.,
Chinese “jianbing” identified as a burrito) were accepted,
whereas semantically inconsistent matches (e.g., pizza)
were rejected; (5) generic meal-type descriptions (e.g.,
“breakfast” or “brunch”) were treated as failed recognition
when not accompanied by correct food item identification;
and (6) variations in cooking method were disregarded in
recognition assessment, while misidentification of sauces,
condiments, or liquids was excluded from error evaluation.
This multi-criteria framework enables systematic assess-
ment of semantic recognition accuracy while accounting
for linguistic variability, cultural interpretation, and practical
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tolerance thresholds in real-world food image analysis.

Inferential and agreement analyses were conducted
alongside descriptive statistics. Preliminary examina-
tions of absolute error distributions using histogram and
Shapiro-Wilk test indicated that the absolute errors of all
models distributed significantly from normality. Accord-
ingly, non-parametric statistical methods were adopted for
subsequent analyses. A Friedman test was first applied to
assess overall differences in absolute estimation errors
across models, followed by post-hoc Wilcoxon signed-rank
tests with Holm correction to identify pairwise differenc-
es (Granato et al., 2013). To further examine performance
structure, Wilcoxon rank-sum test and Spearman correla-
tion (Granato et al., 2013) analysis were used to assess
the relationship between portion size and estimation error.
In contrast, formal inferential testing for human-Al com-
parisons were not performed due to the limited size of the
subset sample, which restricts statistical power. Finally, in-
ter-rater agreement for the food recognition evaluation pro-
tocol was assessed using Cohen’s kappa statistic (Cooper
et al., 2006; Wani et al., 2024), applied to a randomly select-
ed subset of 100 observations drawn from the full dataset.
The subset included 12 or 13 images from each LLM out-
puts, thereby providing balanced coverage across all mod-
els. The two volunteering raters, those are not involved in
this work, carried out assessment independently according
to the predefined six-criterion protocol and image descrip-
tions. This allows for comprehensive model comparison,
targeted diagnostic assessment, and validation of the sub-
jective evaluation protocol.

4. RESULTS AND DISCUSSION

Since MAPE and MPE impose greater penalties on esti-
mation errors associated with smaller portion sizes, there-
by amplifying relative inaccuracies for images with low-
weight food items. The sub dataset used for the human—Al
comparative analysis contains food weights representing
a relatively small portion size range — larger portion sizes
were underrepresented in this comparison. Therefore, for
results reporting, MAE was adopted as the primary perfor-
mance indicator, supported with ME and SD for the insights
of potential error patterns. Other metrics were provided
only in the supplementary document.

4.1 Human-Al performance on food weight quanti-
fication

The following analyses are based on the subset of
9 selected images, for which both human and Al weight
estimates were available. Based on MAE, more than half
human participants outperformed Al models for small-por-
tion food weight estimation tasks, with the top-performing
LLM (Qwen3) ranking 31%. This result indicates that, under
unconstrained real-world conditions, human visual judg-
ment currently demonstrates superior accuracy on smaller
portions compared to state-of-the-art open-source LLMs.
This finding highlights a substantial performance gap be-
tween human cognition and Al-based inference in complex
visual estimation tasks, particularly when precise quantita-
tive judgment is required. This is aligned with the study of

Liu et al. (2025), who discovered that the accuracy of using
the Al method to estimate the food weight — liquid food in
a hospital environment — was lower than the visual esti-
mation method. However, we must acknowledge that this
comparison was conducted using on a subset of food im-
ages with small portion weights. Therefore, larger portion
sizes were insufficiently evaluated. Additionally, all LLM
outputs were generated without any task-specific fine-tun-
ing or additional data training and relied solely on a stand-
ardized, minimal prompt, thereby reflecting the models’
baseline performance for fairness evaluation in this study.

The SD metric reveals a markedly different consist-
ency of estimation errors, with lower values indicating a
more stable error pattern. At the individual level, 6 partic-
ipants exhibited lower SD values than the top-performing
LLM (Qwen3), however, when considering the overall per-
formance across all participants, the mean SD of human
estimations (SD=35.9) was higher than that of Qwen3
(SD=19.9), suggesting that, on average, Qwen3 tended to
follow more systematic and structured error patterns than
the human participants as a group. This behavior reflects a
model-specific tendency toward consistent over- or under-
estimation of the food weights across our sample dataset,
such as systematic overestimation by Qwen3 (ME=36) and
underestimation by Moondream (ME=-69.6). Compared
to humans, whose estimations exhibit greater variability
across individuals and images, Al models demonstrate
stronger internal consistency, albeit with persistent direc-
tional bias.

Interestingly, all LLMs except Moondream overesti-
mated the food weights, while humans tended to under-
estimate the weight in our study (Table 2) — the average
ME value of all human estimations is negative (-11.6). The
general overestimation of LLMs and underestimation of
humans contrasts with the findings of the authors’ earli-
er study, which used ChatGPT-40 of OpenAl for the same
food-weight-estimation task (Yu et al., 2025) and a compar-
ative study by Liu et al. (2025) — Al methods give underes-
timations while humans overestimate.

Furthermore, within this evaluated range, the superior
human performance suggests that humans may possess
a comparative advantage in visually estimating small food
portions and dish sizes, a pattern also reflected in Figure
2. In contrast, current LLMs appear less robust in handling
small quantities. However, given the restricted weight
range evaluated, this finding should be interpreted as spe-
cific to the evaluated portion-size range rather than as evi-
dence across the full dataset.

4.2 Inter-model evaluation on food weight quantifi-
cation

Table 3 reports the comparative performance of the 7
LLMs using MAE, ME, and SD, based on the analyses of
the full dataset unless otherwise specified. Qwen3 demon-
strates the lowest estimation error (MAE=68.6), followed
by Meta-LIaMA (MAE=110). These models outperform the
remaining LLMs in absolute error terms, indicating compar-
atively stronger capacity in food weight estimation from
images. Fridolfsson et al. (2025) report that proprietary
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FIGURE 2: Scatter plot of human-ai estimation (bias) errors. Note: Bias Errors (BE) of each survey participant (blue points) and LLMs (red
points) were plotted with the benchmarking reference weights measured by the scale.

models (e.g. ChatGPT-4o, Claude 3.5 Sonnet, and Gemini
1.5 Pro) achieve a MAPE of approximately 36-37% in FW
estimation tasks. In comparison, the best-performing mod-
el (Qwen3) yields a MAPE of 66.5%, highlighting considera-
ble higher estimation error under the present experimental
conditions.

TABLE 3: Performance summary of food weight estimation by
LLMs and human.

Model MAE ME SD

(Based on the full dataset of 91 images)

Granite 131.2 87.2 78.8
Internvi3 122.5 -12.3 106.7
Meta-LlaMA 110.0 64.4 80.0
Moondream 269.5 3.3 640.8
Qwen2.5 120.9 54.3 80.3
Qwen3 68.6 15.0 68.2
SmolVLM2 144.4 77.8 77.9
All LLMs 138.2 114 259.4

(Based on the sub dataset of 9 images)

Granite 134.9 134.9 36.1
Internvl3 101.8 96.0 60.5
Meta-LlaMA 96.6 96.6 47.4
Moondream 69.6 -69.6 37.8
Qwen2.5 115.1 114.9 53.5
Qwen3 36.0 36.0 19.9
SmolVLM2 176.1 176.1 50.8
All LLMs 103.1 82.1 59.7
All humans 37.1 -11.6 359

Notes: The values of MAE, ME, and SD, which were calculated for all LLMs
and all human participants, were calculated based on the pooled 7 x 91
estimates (637 observations of the full dataset for LLMs), 7 x 9 estimates
(63 observations of the sub dataset for LLMs), and 52 x 9 estimates (468
observations of the sub dataset for humans).

Abbreviations: MAE — Mean Absolute Error; ME — Mean Error; SD — Stan-
dard Deviation.

In terms of bias patterns, most LLMs continue to exhib-
it systematic overestimation of food weights, consistent
with findings from the smaller subsample analysis. Intern-
vI3 constitutes an exception with underestimations. The
persistence of overestimation across models indicates
structural challenges in estimating weight from two-dimen-
sional images, particularly under heterogeneous real-world
conditions.

Notably, SD values do not align perfectly with overall
accuracy performance. While Qwen3, the top-performing
model in this exploratory work, achieved the lowest SD,
indicating the most consistent weight estimation pattern,
other relatively accurate models did not necessarily exhibit
lower SD values. This finding suggests that lower estima-
tion errors does not always imply greater consistency in
the distribution of errors.

Inferential analyses supported the descriptive compar-
isons of model performance. The Friedman test revealed
significant differences in absolute estimation errors among
the LLMs (p<0.0005), indicating substantial heterogeneity
in estimation performance. Post-hoc pairwise Wilcoxon
signed-rank tests with Holm correction further showed that
Qwen3 consistently achieved significantly lower errors than
all other models (all p<0.0005) (more details reported in
the supplementary document). These findings correspond
the descriptive results and confirm the superior estimation
performance of Qwen3 in this inter-model evaluation.

To further examine the distributional patterns of esti-
mation errors, a scatter plot (Figure 3) was used to visu-
alize the relationship between the scale-measured food
weights and Al-estimated weights across all LLMs. Ex-
cept for Moondream with some outliners, all other mod-
els demonstrate a consistent downward tendency in the
error distribution. This pattern indicates a systematic shift
in estimation bias, where smaller portion sizes tend to be
overestimated, while larger portion sizes are more likely to
be underestimated. Such results suggest the presence of
scale-dependent estimation bias in LLM-based weight in-
ference from images.
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Given the observed relationship between estimation
errors and portion sizes, model performance was further
compared across small and large portions which were di-
vided according to the average of scale-measured weight
(160 g). Based on MAE, small portions exhibited lower ab-
solute errors, with mean errors approximately 65 g smaller
than those observed for large portions. In contrast, MAPE
values were 173.3% higher for small portions, indicating
substantially poorer accuracy. Wilcoxon tests confirmed
that differences in both MAE and MAPE between the two
portion-size groups were statistically significant (both
p<0.005). Moveover, the significant positive Spearman
correlation observed for Qwen3 (rho=0.41, p<0.0005) in-
dicates that absolute errors tended to increase with por-
tion size. These findings provide evidence that estimation
performance is scale dependent. It also suggests that
although LLMs achieved lower errors, but relative errors
increased considerably for smaller portions, probably due
to small denominators in the sample. This pattern par-
tially agrees with Fridolfsson et al. (2025), who observed
decreasing accuracy with increasing portions, but through
the calculation of MAPE (20% to 30% approximately lower
for small portions) rather than MAE.

Beyond portion size effects, dataset composition and
image heterogeneity may also influence estimation perfor-
mance. With the exception of Granite and Qwen2.5, which
showed only minor MAE differences of 3.7 g and -5.7 g,
respectively, when moving from the smaller subset to the
full dataset, the remaining LLMs exhibited larger changes
in MAE. In addition, all models exhibited increased SD val-
ues, indicating less consistent error patterns. Moondream
showed the largest increases in both MAE (199.9) and SD
(603). These results suggest that increasing image varia-
bility may negatively affect both accuracy and error con-
sistency, raising concerns regarding the robustness and
generalization of certain models.

Overall, the inter-model evaluation highlights substan-
tial variation in predictive accuracy, bias structure, and
robustness across LLMs. These findings underscore the
importance of careful model selection and further mod-

el-specific calibration when deploying Al-LLM-assisted
systems for FW quantification in real-world environments.

4.3 Inter-model evaluation on food recognition

Beyond quantitative differences in estimation accuracy,
substantial qualitative variation was observed in the food
recognition outputs generated by different LLMs. Models
differed markedly in the depth and granularity of their im-
age-based descriptions. Some LLMs produced highly de-
tailed outputs, identifying specific food items, individual
ingredients, cooking methods, and even distinguishing culi-
nary styles or cultural origins — a similar pattern demonstrat-
ed in our earlier study (Yu et al. 2025). In contrast, others
generated relatively basic descriptions, often limited to sin-
gle-word labels or broad food category classifications (Ta-
ble 4). The accuracy rates of the 7 LLMs range from 62.6%
to 83.5%, with an average accuracy of 69.1%, which is nota-
bly lower than the performance observed (+98% accuracy
rate) in our previous study using ChatGPT-4o for food recog-
nition tasks (Yu et al. 2025). This difference suggests that
model performance may vary depending on task complexi-
ty, dataset characteristics, model architecture and capacity.

Importantly, descriptive sophistication does not uni-
formly translate into higher weight estimation accuracy.
While Qwen3 demonstrates strong performance in both
detailed food recognition and relatively accurate weight
estimation, other models achieve comparatively better
numerical estimation despite simpler descriptive outputs
or lower accuracy in food identification, such as Internvi3
and Qwen2.5. This pattern suggests that accurate seman-
tic recognition and accurate food-weight estimation rely
on partially distinct model capacities rather than a single
underlying competence. Table 4 presents representative
examples illustrating differences in descriptive depth and
their relationship with estimation performance.

In addition, model accuracy was compared across the
full dataset and its sub dataset in Table 5. At the aggregate
level, difference in overall average accuracy was observed,
with accuracy increasing slightly from 69.1% for the full da-
taset to 74.2% for the smaller subset sample. InternvI3, Me-
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TABLE 4: Summary of LLMs in food recognition with their output examples and accuracy rates.

Detailed level of output Model

Examples of description outputs

Accuracy

High Qwen3, Meta-Llama

Pasta with dark sauce (likely mushroom or truffle-based);

leftover cooked meat with mushrooms;

Stir-fried cabbage with carrots and diced meat (likely pork or ham);
Tom Yum soup (or similar Thai-style spicy soup)

~78% - 92%

Medium Internvi3, Qwen2.5, ground meat with nuts and raisins; ~63% - 69%
stir-fried vegetables with meat;
Instant Noodles
Low Granite, Moondream, pasta; ~62%-71%
SmolVLM2 Pastry;
breakfast;

ta-LlaMA, and Qwen3 showed minor changes in accuracy
rate, indicating relatively stable and consistent performance
across both datasets, therefore a degree of robustness to
sample size variation. However, Granite, Moondream, and
SmolVLM2 increased their accuracy rates by approximate-
ly 11.8%, 14%, and 12.4%, respectively, when applied to the
smaller dataset. In contrast, Qwen2.5 experienced a de-
cline in performance, with its accuracy rate decreasing by
9.3%. Moveover, model accuracy in food recognition was
investigated between small and large portion-size groups
— an evaluation with Wilcoxon test which was conducted
to disclose the potential relationship between portion size
and weight estimation errors. The results showed no sig-
nificant difference in the accuracy rates (p=0.43) between
the two groups.

Inter-rater agreement, calculated with Cohen’s k statis-
tic (k = 0.817, p<0.0005), indicates almost perfect agree-
ment between the two independent raters, supporting the
consistency of the six-criterion food recognition evaluation
protocol and the evaluated results in this work.

In short, LLMs handle the tasks of food weight esti-
mation and item identification with different capacities.
While aggregate performance appears relatively stable,
model-specific variability remains, underscoring the impor-
tance of inter-model evaluation and cautious model selec-
tion in Al-based food recognition and identification.

5. CONCLUSIONS

This study provides early empirical evidence on the ap-
plication and comparative evaluation of open-source LLMs
for FW quantification and recognition, addressing a critical
gap in Al-enabled FW measurement and tracking research.
Despite rapid advancements in Al applications across
food science, empirical validation of Al-based FW meas-
urement remains limited. By comparing Al-estimates, hu-
man judgments, and scale measurements under real-world
conditions, this study contributes to methodological un-
derstanding of Al-based FW quantification and its practical
limitations.

The findings suggest that Al-based FW measurement
system, while promising some operational advantages,
have not yet achieved reliability, in particular, small-portion
FW quantification tasks in comparison to human visual
judgement. However, Al-LLMs show stronger internal con-
sistency and more structured error patterns, indicating a
trade-off between accuracy and consistency. This implies

that Al systems may currently function better as deci-
sion-support tools rather than standalone measurement
instruments in FW monitoring.

Error analysis reveals systematic bias and model-specif-
ic patterns. Most models exhibited a tendency toward over-
estimation of food weights, while human estimators slightly
underestimated. Furthermore, weight estimation accuracy
is portion-dependent, with better performance observed for
smaller portion sizes. Model performance in weight estima-
tion and food recognition also varies across architectures
and dataset configurations. Some models demonstrate
stable generalization capabilities, while others are highly
sensitive to image heterogeneity and dataset expansion.

Despite these limitations, Al-enabled FW quantification
provides important opportunities for scalable sustainability
monitoring. Open-source LLMs offer advantages in trans-
parency, reproducibility, and customizable deployment for
longitudinal FW tracking. Al systems can potentially sup-
port real-time behavioral feedback, policy evaluation, and
automated waste monitoring across food consumption
environments.

TABLE 5: Performance summary of LLMs in food recognition.

Model Accuracy

(Based on the full dataset of 91 images)

Granite 65.9%

Internvi3 65.9%

Meta-LlaMA 76.9%

Moondream 63.7%

Qwen2.5 64.8%

Qwen3 83.5%

SmolVLM2 62.6%

All LLMs 69.1%

(Based on the sub dataset of 9 iamges)

Granite 77.8%
Internvl3 66.7%
Meta-LIaMA 77.8%
Moondream 77.8%
Qwen2.5 55.6%
Qwen3 88.9%
SmolVLM2 75.0%
All LLMs 74.2%
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From a managerial perspective, Al-based FW monitor-
ing can further support operational optimization in the food
service sector, including portion design, consumer behav-
ior interventions, and digital feedback systems. However,
practitioners should avoid over-reliance on Al estimates. In
this context, hybrid human—-Al monitoring frameworks may
provide more reliable FW management solutions.

This study has several limitations. First, the sample
characteristics, although reflective of real-world conditions,
remains limited in terms of item and photo-taking environ-
ment diversity, culinary representativeness, and weight or
portion differences. While evaluating human-Al estimation
in food weights, the dominance of small-portion samples
within the subset may have contributed to the observed
performance gap, representing a potential limitation of this
sub-sample and warranting cautious interpretation of com-
parative results. Additional limitation concerns participant
characterization when evaluating the human estimations.
Factors concerning participants’ familiarity with the food
items and volumetric estimation tasks were not collected.
These factors may influence human'’s visual food weight
estimation performance and therefore represent potential
sources of unexplained variability in the results. Second,
2D image-based estimation inherently restricts volume and
depth inference. Future research should explore multi-mod-
al Al architectures integrating depth sensing, loT-based
monitoring, and domain-specific fine-tuning. Comparative
studies between human and Al evaluation should pay spe-
cial attention to the potential portion-size effects and use
sample with good representativeness when it is feasible.
Furthermore, researchers could investigate the extent to
which individual characteristics influence estimation accu-
racy, explore other open-source and proprietary models, as
well as cross-cultural dietary datasets, are also necessary
to improve generalizability. Third, the nature of this explora-
tory study should be acknowledged. As an initial investiga-
tion into the capabilities of LLMs for FW quantification, the
current study intentionally did not impose highly standard-
ized protocols, predefined or specific optimization proce-
dures. This design choice reflects realistic conditions and
provides a preliminary understanding, therefore serves as a
foundation for further methodological development. Future
research could incorporate standardized image acquisition
procedures, the use of reference objects or predefined pho-
tographic area (e.g. fixed dimension and depth) for food
weight estimation, and model fine-tuning strategies (e.g.
specific-task training, refined prompt) to enhance the over-
all performance of Al-empowed food image analysis.

In short, this study provides foundational evidence on
Al-enabled FW quantification while highlighting the meth-
odological, technical, and practical challenges that must
be addressed before large-scale deployment.
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