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Single Real-World Food Images
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Abstract

Accurate calorie estimation from single food images is
important for dietary assessment in daily life. However,
real-world food images often suffer from unknown and com-
plex degradations that affect calorie prediction. To ad-
dress this problem, we propose Real-CalAgent, a multimodal
large language model (MLLM) agent framework for calorie
estimation from single real-world food images. The pro-
posed method first uses our agent to identify possible im-
age degradations through chain-of-thought (CoT) and per-
forms tool-centric greedy recursive image restoration. After
restoration, the agent determines whether a reference ob-
ject is available. If so, it performs our designed CoT-based
calorie estimation via MLLM. Otherwise, it uses the novel
confidence-aware calorie estimation method. Multiple calo-
rie estimation tools are invoked, and the final result is se-
lected based on confidence scores assigned by MLLM. This
is the first method that can accurately predict calories for
real-world food images.

1. Introduction

The goal of single food image calorie estimation is to use
one food image to estimate the total calories of all foods
in that image. Accurate calorie estimation from food im-
ages is important for dietary assessment, nutrition manage-
ment, and health monitoring. So far, researchers have de-
veloped many representative methods for calorie estimation
from single food images. Examples include CalorieCLIP [7]
and OmniFood [22].
calories contained in food.

They can accurately determine the

Although the above methods have made great progress in
calorie estimation accuracy, they are not suitable for real-
world food images with complex and unknown degradations.
All existing methods implicitly assume that the input food
images are taken under good imaging conditions. However,
in real scenarios, food images are often captured by mobile
devices in uncontrolled environments. They frequently suf-
fer from degradations such as motion blur, low light, and
compression artifacts. These degradations can greatly af-
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fect the reliability of food-related vision tasks. For example,
blur and noise may damage food boundaries. Low light may
distort color and texture cues. Compression artifacts may
harm fine-grained visual details. Therefore, when existing
calorie estimation methods are directly applied to degraded
real-world images, food type recognition, region segmenta-
tion, and depth estimation are all greatly affected. As a
result, portion estimation and final calorie prediction may
become unreliable.

In recent years, multimodal large language models
(MLLM) have shown strong abilities in visual understand-
ing, reasoning, and tool use. They have also been applied
to image restoration, for example, in methods like Agenti-
cIR [28] and Q-Agent [26]. Some methods now use MLLMs
as a foundation for estimating calories, such as FoodLMM
[21]. These methods provide new ideas for solving the task
of calorie estimation from single real-world food images.

Inspired by this research, we propose Real-CalAgent, a
multimodal agent framework based on an MLLM for real-
world food image calorie estimation. The framework first
uses CoT reasoning to perceive various degradations in the
image. It then performs quality-driven greedy scheduling
based on restoration tools. It iteratively selects the restora-
tion result that best improves the no-reference image quality
assessment score, until the image quality converges and no
obvious residual degradation remains. After that, the agent
moves to the calorie estimation stage. If a reference ob-
ject for volume estimation exists in the image, it uses the
reference-assisted method. Otherwise, it calls several calorie
estimation tools. The MLLM uses CoT reasoning to under-
stand the image and each calorie estimation method from
multiple aspects. It then performs confidence scoring based
on food type, portion visibility, occlusion and stacking rela-
tionships, and method applicability. Finally, it selects the
result with the highest confidence as the calorie prediction.

The main contributions of this paper are summarized as
follows:

e We propose a novel calorie estimation method, Real-
CalAgent, which is the first method that can accurately
predict calories in real-world food images that contain
complex and unknown degradations.

e We design a novel tool-centric greedy recursive image
restoration method. It can repeatedly select suitable
tools according to image quality until the quality stops
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improving and no degradation persists.

e We introduce novel CoT-based calorie estimation via
MLLM and confidence-aware calorie estimation meth-
ods. They can obtain accurate calorie estimates respec-
tively in cases with and without a reference object.

2. Related Works

2.1 Agent-based image restoration

Recent agent-based image restoration methods use
MLLMs to recognize image degradations and dynamically
call restoration tools. AgenticIR [28] decomposes restora-
tion into degradation perception, tool scheduling, execution,
reflection, and rescheduling. Q-Agent [26] further introduces
quality-driven greedy image restoration to improve restora-
tion quality. However, these methods do not consider the
fact that a single type of degradation may not be completely
removed by applying only one tool or by using it only once.
Moreover, a given degradation type may not appear only
once during an image restoration process; different degrada-
tions can also overlap and interact with each other.

2.2 Calorie estimation from single food images

Single food image calorie estimation aims to predict calo-
ries from one food image. Existing methods usually estimate
food categories, food regions, portion size, volume, or depth,
and then infer calories using nutrition information. Recent
methods such as Swin-Nutrition [13], DPF-Nutrition [6],
CalorieCLIP [7], and OmniFood [22] have achieved promis-
ing results on clean food images. Most of these methods
use techniques like object detection, semantic segmentation,
and monocular depth estimation. They first determine the
food volume and food type. Then they estimate the final
calorie amount. However, they can only obtain good results
on clean food images, and the methods themselves are not
suitable for real-world food images.

3. Methodology

3.1 Overall Framework

We propose Real-CalAgent, an MLLM-based multi-
modal agent for calorie estimation from a single real-world
food image. Given an input RGB food image Io, our goal is
to estimate its calorie content under realistic imaging condi-
tions, where image degradations and scale ambiguity often
exist. The proposed framework contains two stages: agen-
tic image restoration and agentic calorie estimation through
MLLM and CoT.

In the first stage, MLLM detects possible degradations
through CoT reasoning. Based on the detected degradation
types, the agent retrieves relevant restoration tools and per-
forms tool-centric greedy recursive image restoration. The
restoration process stops when the image quality no longer
improves and MLLM detects no obvious residual degrada-
tion. In the second stage, the restored image is used for
calorie estimation. The agent first checks whether reference
objects are available. If so, CoT-based calorie estimation
via MLLM is applied; otherwise, multiple single food calorie

estimation tools are invoked, and the agent selects the final
result through confidence scoring obtained by MLLM.

3.2 Greedy iterative CoT image restoration
3.2.1 Degradation type recognition based on CoT

Recent studies such as AgenticIR [28] have demonstrated
that MLLMs are capable of identifying the types of degra-
dations present in an image. However, they all rely on a
generic prompt such as "What degradations does this im-
age contain?” to query the MLLM, which greatly limits the
model’s ability to recognize degradation types. The result-
ing outputs are not only prone to hallucinations but also
lack specificity and often miss certain degradation types.

To address this issue and further stimulate the degrada-
tion recognition capability of MLLMs, we use CoT to decom-
pose this complex task into multiple sub-tasks, as shown in
Figure 1. Specifically, we query the MLLM using a series of
simple yes/no questions. The prompt follows the structure:
”Is there < deg > in this image?” where < deg > represents
a degradation type, such as motion blur, compression arti-
facts, etc. The MLLM only needs to answer ”yes” or "no”.
Once all degradation types have been queried, those types
that receive a ”yes” response are used as the result to guide
subsequent restoration tasks.

Fig. 1 The pipeline of degradation type recognition based on
MLLM CoT

3.2.2 Tool-Centric
Restoration

Greedy Recursive Image

Previous image restoration agents have all performed
restoration in a degradation-type-centric manner, where
each degradation type is matched with a specific tool, and
tools are applied in an order that maximizes image quality
improvement at each step. However, they fail to consider
that a single degradation type may not be completely re-
moved by using only one corresponding tool or by apply-
ing it only once. Moreover, when multiple degradations are
mixed, applying a degradation removal tool just once in a
linear fashion is often insufficient for thorough restoration.
To address this issue, we no longer arrange tool invocation
orders based on degradation types. Instead, we propose
a novel Tool-Centric Greedy Recursive Image Restoration
method.

First, we need to determine which image restoration tools
are available. Based on the MLLM'’s response from the pre-
vious section, we know the types of degradations present in
the image. We then query the MLLM again with the fol-
lowing prompt: ”The image contains the following degrada-
tions: < img-deg >. Our tool library includes the following
tools: < toolbox >. Please select the tools that are suitable
for removing these degradations.” where < img_deg > and
< toolbox > respectively represent the types of degradation
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contained in the image and the tools in our tool library. The
MLLM then selects the corresponding tools for the identi-
fied degradation types. In this way, we can determine which
tools to use, which can be denoted as < tool >.

Next, we perform image restoration using a greedy recur-
sive strategy. All tools in the list < tool > selected by the
MLLM are run once on the input low-quality food image.
The result with the best perceptual quality is selected, and
the tool used in that iteration is then removed from the tool
list < tool >. Starting from the best result image, the tools
in the new tool list are applied to the current best result
image, and the best result is again selected as the starting
point for the next iteration. This loop continues until the
perceptual quality no longer improves. We have shown an
example in Figure 2. If the loop stops because the tool list
< tool > has been exhausted, the entire process is repeated.
That is, we again ask the MLLM a series of ”Does it con-
tain < deg >7" questions. If all answers are no, the image
restoration stops. If there is any yes answer, we continue
with tool selection and our tool-centric greedy recursive im-
age restoration.
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Fig. 2 An example of our tool-centric greedy recursive image
restoration

Here, image quality is judged based on no-reference met-
rics. The no-reference metrics used are: CLIPIQA [17],
CPBD [11], BRISQUE [10], and Hyper-IQA [15]. Let these
metrics be denoted as {cl, cp, br, hy}, respectively. The fi-
nal image quality can then be expressed by the following
formula:

0= cl+cpfbr/i00+hy/100. ()

A higher quality score indicates better image quality.

3.3 CoT-based Calorie Estimation via MLLM
After the restoration of real-world food images is com-
pleted, we use agents and CoT for calorie estimation. We
first query the MLLM: ”Does the image contain a reference
object that can be used to infer physical scale?” If the answer
is yes, we use our CoT-based calorie estimation via MLLM.
If the answer is no, we use our proposed confidence-aware

calorie estimation method. Finally, we obtain the calorie
estimation result. The pipeline has been shown in Figure 3.
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Fig. 3 The pipeline of CoT-based Calorie Estimation Agent

3.3.1 CoT-based calorie estimation via MLLM

Fridolfsson et al. [4] have demonstrated that large lan-
guage models can achieve good calorie estimation results
when a reference object is available. Inspired by their work,
we propose to use only an MLLM to estimate calories in the
presence of a reference object. However, the prompt they
used is overly simple and direct. They simply ask the model
to estimate the volume based on the reference object and
then calculate the calories according to the food type. This
fails to fully leverage the MLLM’s prior knowledge and its
ability to reason carefully.

To address this issue, we introduce CoT reasoning
into MLLM-based calorie estimation and propose a novel
method, CoT-based calorie estimation via MLLM. The core
idea is to decompose the complex task of reference object
identification, reference object size estimation, food volume
computation, food type recognition, and final calorie calcu-
lation into multiple simpler sub-tasks.

Specifically, we decompose the prompt for calorie estima-
tion into the following steps: (1) Please identify what the
reference object is. (2) Based on your prior knowledge and
the image, estimate the volume and size of the reference ob-
ject. (3) Please carefully and thoroughly identify all food
types in the image. (4) Based on the estimated volume and
size of the reference object and the relative scale in the im-
age, estimate the volume of each food item. (5) For each
food item, look up the calories per gram and its density. (6)
Calculate the weight of each food item based on its volume
and density. We use these prompt words to sequentially
query the MLLM and output the final calorie estimation
result.

3.3.2 Confidence-aware calorie estimation

At present, single food image calorie estimation methods
have different strengths, limitations, and applicable scenar-
ios. Accuracy is related to the type of food and image status.
To achieve accurate calorie estimation on any food image as
much as possible, we propose a confidence-aware calorie es-
timation method.

When the MLLM determines that the food image has no
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Table 1 The main tools in our tool library.

Task Label  Tools
Gaussian Denoising DN SCUNet [24], NAFNet [2]

Compression Artifact Removal ~ CA AJQE [20], DDCN [5]

Deraining DR DRT [8], MPRNet [23]

Dehazing DH RIDCP [19], DehazeFormer [14]
Motion Deblurring MDB  NAFNet, AdaRevD [9]

Defocus Deblurring DDB  DRBNet [12], 3SDeblur [3]
Low-light Enhancement LE LUXFormer [27], CWNet [25]
Super-Resolution SR Real-ESRGAN [18]

Calorie Estimation CE CalorieCLIP [7], Swin-Nutrition [13],

OmniFood [22], DPF-Nutrition [6]

reference object, the agent calls all calorie estimation tools in
the tool library to estimate the calories of the restored food
image. Let r; denote the calorie estimation result of the i-th
tool, where 7 is the tool index and N is the number of calorie
estimation tools in our tool library. We send the name and
corresponding result of each calorie estimation method to
the MLLM. The MLLM then assigns a confidence score c¢;
to each result based on factors such as image characteristics,
food types, and method properties. The confidence scores
are normalized to sum to 1. Finally, we select the result with
the highest confidence score as our final calorie estimation
result.

4. Experiment

4.1 Implementation details

Table 1 shows the main tools in our tool library and the
types of degradations we can handle. It is worth noting that
we do not use diffusion-based image restoration methods,
because our ultimate goal is calorie estimation. Diffusion-
based methods may introduce hallucinated objects and tex-
tures, which could interfere with calorie estimation. More-
over, in this paper, we select Qwen3-VL [1] as the MLLM.
The specific version is Qwen3-VL-8B-Instruct.

4.2 Testing Dataset

We use OmniFood8K and Nutrition5k [16] to construct
two degraded food image test datasets for calorie estima-
tion without reference objects: Deg-OmniFood8K and Deg-
Nutrition5k. Since most original images are captured under
relatively clear conditions, we apply a mixed degradation
pipeline to simulate real-world degradations. The pipeline
is based on the Real-ESRGAN degradation process, which
includes blur, resizing, noise, and JPEG compression. To
better match practical food photography scenarios, we fur-
ther add additional degradations such as low light and mo-
tion blur. For each image, one or multiple degradation types
are randomly selected and applied. All compared methods
are evaluated on the same degraded test images for a fair
comparison.

4.3 Quantitative comparison of calorie estimation

We use the percentage mean absolute error (PMAE, %) as
the metric, where lower values indicate better performance.
The results are reported in Table 2. As shown in this table,
Real-CalAgent achieves competitive performance on clean
datasets and shows clear advantages on degraded datasets.
While existing methods suffer from large error increases un-

Table 2 Quantitative comparison of calorie estimation on clean
and degraded food image test datasets in terms of
PMAE (%, |). The best result in each column is high-
lighted in bold.

Method OmniFood8K ()Imfi);ﬁ;d??l( Nutrition5k Nut?i(:i;ntﬁk
CalorieCLIP 10.9 18.7 15.6 21.6
Swin-Nutrition 11.7 22.1 16.2 25.9
DPF-Nutrition 12.5 23.6 14.7 23.1
FoodLMM 24.2 25.8 26.6 28.5
OmniFood 8.8 21.9 14.1 24.2
Real-CalAgent (Ours) 8.7 10.6 13.2 14.9

Table 3 Quantitative comparison of image restoration on repre-
sentative subsets of degraded food image datasets. The
best results are highlighted in bold.

Method PSNRT SSIMT LPIPS| CLIPIQAT
Q-Agent 2691 0824  0.181 0.657
AgenticIR 26.43 0.812 0.196 0.632
SwinlR 24.86 0.765 0.245 0.557
Real-CalAgent (Ours)  27.48  0.839 0.187 0.661

der degraded imaging conditions, Real-CalAgent only in-
creases from 8.7% to 10.6% on OmniFood8K and from 13.2%
to 14.9% on Nutrition5k. This demonstrates that the pro-
posed degradation-aware restoration and confidence-aware
calorie estimation strategy effectively improve robustness for
real-world degraded food images.

4.4 Quantitative comparison of image restoration

As shown in Table 3, Real-CalAgent achieves the best
overall performance among all compared methods. SwinIR
shows relatively limited performance because a single
restoration model is difficult to handle mixed and unknown
degradations. Agent-based methods, including Q-Agent
and AgenticIR, obtain better results by adaptively select-
ing restoration operations. Compared with them, Real-
CalAgent further improves PSNR, SSIM, and CLIPIQA [17],
demonstrating that the proposed tool-centric greedy recur-
sive strategy can more effectively combine restoration tools
for degraded food images. Although Q-Agent achieves a
slightly lower LPIPS score, the difference is marginal. Over-
all, these results verify that the proposed restoration stage
can improve image quality before calorie estimation.

5. Conclusion

In this paper, we propose Real-CalAgent, a multi-
modal agent framework for calorie estimation from a sin-
gle real-world food image. The framework first performs
degradation-aware image restoration and then estimates
calories according to the availability of reference objects.
When no reference object is available, multiple calorie esti-
mation tools are invoked, and the final result is selected by
MLLM-based confidence scoring.

Although Real-CalAgent improves the practicality of calo-
rie estimation under degraded imaging conditions, it still has
some limitations. This method runs relatively slowly, and
its effectiveness is greatly affected by the MLLM version. In
the future, reinforcement learning and other methods will
be introduced to enable MLLM to generate trustworthy tool
execution sequences and accelerate the running speed.
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