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ABSTRACT

Accurately estimating calorie intake remains a common challenge, as many
individuals have limited understanding of portion sizes and the caloric content of
foods. This lack of nutritional knowledge is a major cause of both over- and
under-calorie consumption and contributes to significant public health problems,
including obesity, cardiovascular disease, and chronic metabolic disorders.
Although computer vision-based approaches for dietary assessment have
advanced, many methods still rely on handcrafted features, anchor-based CNN
detectors, or controlled geometric assumptions. This indicates a practical gap in
developing a fully functional system that operates on basic RGB images captured
under everyday conditions. This study aims to develop an end-to-end food
detection and calorie estimation system using the Detection Transformer (DETR)
to predict calorie values directly from food images. The main contributions of this
study include: (1) employing DETR to address non-maximum suppression
limitations and improve the stability of multi-food recognition; (2) using a
bounding box area-to-weight ratio as a low-complexity alternative to
segmentation-based food portion estimation; and (3) developing a user-friendly
interface for output visualization that displays detected food items and their
estimated calorie values in real-world scenarios involving irregular food shapes
and varying focal lengths. A DETR-based detector was trained using 2,228 COCO-
formatted images across six distinct food classes. Calorie values were estimated
by predicting food weight based on bounding box measurements, followed by
calorie calculation using standardized reference weights. The method assessed
robustness by evaluation on both controlled and real-life food images.
Experimental results demonstrated moderate performance, with 0.617 mean
Average Precision (mAP) and 0.656 mean Average Recall (mAR). The weight
prediction module served as the primary estimation component, achieving a
mean absolute residual of 8.7. These findings suggest that bounding box area is a
reliable estimator of serving size. This study serves as a proof of concept for
monitoring individual food intake and provides a foundation for further
improvement in sub-item recognition, three-dimensional volume estimation, and
the inclusion of broader food classes.
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Suppression (NMS), which introduces latency, duplicate

Excessive caloric intake increases the risk of metabolic
and various cardiovascular diseases [1], [2], [3], [4],
while insufficient intake may lead to fatigue and impaired
concentration [5], [6]. In 2022, the World Health
Organization reported 2.5 billion overweight adults,
including 890 million individuals with obesity, and 390
million underweight cases worldwide [7]. These
conditions highlight the fact that manual calorie
estimation remains impractical for most individuals,
thereby creating the need for automated, efficient, and
minimally  processed visual-based measurement
approaches that can operate reliably in real-world
scenarios. Computer vision has emerged as a feasible
approach for food detection and calorie estimation. Prior
studies have largely used the Convolutional Neural
Network (CNN) family [8], [9], [10], You Only Look Once
(YOLO) [11], and other algorithms [12], [13]. Despite
achieving high accuracy, many detectors require
extensive post-processing, such as Non-Maximum

suppression failures, and the absence of true end-to-end
optimization. These limitations reduce computational
efficiency, particularly for deployment in low-power or
high-throughput environments. Food characteristics in
Indonesia further exacerbate these challenges due to
strong visual similarities arising from the predominance
of fried dishes, which often exhibit similar golden-brown
color distributions and irregular surface contours [14].
This visual homogeneity increases the likelihood of
duplicate or incorrect object localization in many
algorithms that rely on local receptive fields and NMS-
based suppression. Transformer-based global attention
mechanisms, such as those used in Detection
Transformer (DETR), provide a more suitable modeling
approach for distinguishing visually similar food items
within a unified end-to-end inference pipeline. DETR
introduces self-attention mechanisms that model spatial
relationships globally and eliminate most post-
processing dependencies [15], [16], [17]. Although DETR
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has demonstrated strong generic object detection
capabilities [18], only a limited number of studies have
critically examined its applicability to food detection or
evaluated bounding box area as a feature for food
weight estimation. Existing food calorie estimation
studies rarely assess whether bounding box area
outputs from transformer-based detectors preserve
sufficient spatial information to reliably estimate real-
world food weight without segmentation masks. This
raises a fundamental question: the challenge is not only
whether DETR can accurately detect food items, but also
whether its bounding box outputs can function as
informative proxies for weight-based calorie estimation
under practical constraints. This study addresses this
gap by fine-tuning a DETR model on a multi-class food
dataset labeled in COCO JSON format obtained from
Roboflow and benchmarking the bounding box area
feature for calorie inference. The dataset selection is
justified by its inclusion of multiple food items per image,
natural labeling conditions, and diverse serving
geometries, which are essential for evaluating the
transferability of bounding box area to food weight
estimation. The study formulates the hypothesis that a
DETR detector fine-tuned on Indonesian food images
can maintain competitive detection accuracy while
improving inference  efficiency by  eliminating
dependency on NMS and producing bounding box area
features that are sufficiently correlated with food weight
to enable practical calorie estimation within an end-to-
end pipeline.

This study has three main contributions, which are
reframed as follows:

a) Applying the Detection Transformer (DETR) model
to remove the Non-Maximum Suppression (NMS)
bottleneck, thereby improving inference efficiency
during multi-food recognition.

b) Analyzing the bounding box area-to-weight ratio
as a lightweight alternative to segmentation
masks.

c) Developing an interface visualization that displays
detected food items and corresponding calorie
values while considering real-world limitations,
including irregular food shapes, variable camera
distances, and bounding box sampling.

This study is structured as follows: Section Il
describes the dataset used, the proposed methods, and
the proposed training and testing schemes. Section Il
presents the results of DETR accuracy on real food
images. Section IV discusses the interpretation of the
results, comparisons with other methods, and study
limitations. Section V presents the conclusions, which
restate the objectives, summarize the main findings, and
outline future work.

Il. MATERIALS AND METHODS

A. Dataset

This study utilized a collection of annotated food images
that comply with the COCO JSON standard to enable
integration with the DETR pipeline. The dataset includes

six food classes: burger, fried rice, white rice, fried tofu,
fried tempeh, and fried egg. The decision to focus on six
classes was driven by measurement granularity and
caloric unit consistency. The annotations are divided into
representation groups based on food volume and
serving characteristics as follows:

a) Fried tempeh and tofu are served as individual
items but are commonly presented in portioned
meals.

b) Burgers have unique shapes and stacked layers
of varying sizes that influence food weight.

c) Fried eggs exhibit variable surface shapes and
color distributions.

d) Fried rice and white rice are typically presented in
a spread-out form, resulting in irregular outlines on
the plate.

This classification scheme ensures that all food
classes are accurately represented in terms of calories
per gram and that serving size behavior is appropriately
captured for bounding box area estimation. The total
number of images was 2,228, of which 2,035 were
allocated for training, 140 for validation, and 53 for
testing. The majority of the data were assigned to the
training set because DETR requires a large amount of
training data [17]. Within the training dataset, the class
distribution consisted of 522 fried tempeh images, 255
fried rice images, 444 burger images, 256 fried egg
images, 345 fried tofu images, and 213 white rice
images. The mean class can size is calculated with Eq.

(1):

training_images (1
mean =

classes_total

Within the dataset, a class size gap of 12.3% (267
samples) was observed when compared to the mean
class size of 339.17. However, the Detection
Transformer (DETR) framework fundamentally relies on
a one-to-one Hungarian assignment to enforce set-
based prediction consistency [19]. Although class
imbalance exists, its extent is modest. With appropriate
remapping of the dataset to densely pack label indices
and the use of moderate batch sizes, the framework
remains reliable and stable. Most issues related to slow
convergence in DETR’s matching scheme can be
attributed to the instability of bipartite matching during
the early stages. With appropriate strategies, such as
denoising, convergence can be accelerated while
maintaining matching robustness [20].

B. Data Collection

The detection model was trained usingpublicly available
annotated images, while calorie constants wereobtained
independently. Sources for calorie reference values were
obtained from FatSecret and provided as fixed scalar
values per 100 grams, which were then converted to per-
gram constants. In addition topublicly available images,
real-world images captured using smartphones were
included specifically for evaluating the accuracy of food
weight and calorie estimation. These real-world images
were not used during detector training and were
reserved exclusively for post-training evaluation.
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C. Data Processing

Normalization and resizing were applied prior to the start
of training. Normalization was mathematically defined to
replicate the stable activation regime of the pretrained
backbone encoder, as shown in Eq. (2):

IC - K

c

I = ¢ €{RG, B} (2)
Where ¢ and o q follow ImageNet priors. This approach
maintains the stability of transformer positional
encodings and mitigates scale drift, which can occur in
the relationship between bounding box area and
predicted weight [19]. Data augmentation was limited to
non-deformative transformations that support efficient
learning of bounding box representations without
introducing geometric distortions that could reduce
spatial reliability. These transformations included
horizontal flipping with a probability of 0.5 and
brightness—contrast jitter within £10 percent. More
aggressive augmentations, such as non-uniform scaling
and perspective warping, were not applied because they
introduce bounding box area prior inconsistencies that
could bias weight estimation. The original category
identifiers (IDs) were sequentially remapped to indices
ranging from O to 5 using a deterministic lookup table.
This remapping was performed to align with the
transformer query embeddings and to eliminate sparse
identifier sampling noise that degrades query learning.
By embedding generalized class indices, geometric
priors remain unaffected, while spatial detection is
learned from bounding box features rather than category
identifiers.

D. Calorie Estimation

Calorie computation in this study depends entirely on the
predicted food weight. Calorie values obtained from
FatSecret were converted to a per-gram basis [21] using
Eq. (3):

calygog (3)

100

To estimate how heavy each detected food item might
be, the relative size of its bounding box with respect to
the total area of the input image is considered. The input

image has a width W and height H, and the image area
is therefore defined as Eq. (4):

Aimg =W x H (4)

caly =

Aimg denotes the total area of the input image in pixels.
Using the bounding box definition [22] for all detected
objects as: (Xmin Vmin» Xmax Ymax) the bounding box area
(Apox) can be calculated using Eq. (5):

Apox = max (0’ Xmax — xmin) X max(O, Ymax — Ymin) (5)
the relative area ratio (r) between the food object and
the image is then calculated as:

r = box (6)

Aimg

Finally, each food class, denoted by c, is assigned an

average reference weight w, that corresponds to the

weight of one serving of that specific food type. The
weight of a detected instance is estimated using the
following formula Eq. (7)::

weight = w, Xr X k (7)
Where,
a) w.= average reference weight associated with
class c,

b) r=relative area ratio of the food item,

c) k= empirically determined correction factor.
throughout this study, the correction factor was set to a
value of 4 and was used to reduce the estimation error
arising from differences between two-dimensional image
area measurements and the actual mass of food items.
Combining the components described above yields the
final weight estimation formulation adopted in this study
Eq. (8):

Abox
8
WxH)Xk ®)

using the above-referenced formula, the system
approximates food weight based on the ratio of the
bounding box projected area to the total image area.
Nutritional constants are obtained from an off-detector
pipeline using FatSecret per-100-gram scalar values,
which are then converted to per-gram constants to align
with the projected predicted weights. Final calorie
estimation for each detected food instance is calculated
through a linear weight projection, as shown in Eq. (9):

weight = w, X (

C = weight X caly, (9)

where C represents the estimated calorie content of a
detected food item. The total calorie estimation for an
image containing multiple food items is calculated as Eq.
(10):

N
Crotar = Z C
i=1

E. Training Method

Training employed the official pretrained Detection
Transformer (DETR) model with a ResNet-50 backbone
and COCO-pretrained weights from Facebook Al
Research. Optimization dynamics are strongly influenced
by limited parallel gradient accumulation in CPU-only
environments and generally slower training throughput
[23]. To mitigate these constraints, two deliberate
strategies were adopted:

a) Training with a small batch size (batch = 2) to
stabilize bipartite matching

b) Extending training duration to e 44 epochs-to
compensate for limited computattional
parallelism.

The optimization process used the AdamW optimizer
with a learning rate of 1e-4, consistent with empirically
established DETR stability ranges for low-resource
transformer training between 1e-4 and 3e-4. A constant
learning rate was maintained to prevent instability in
bounding box regression loss, which could violate the

(10)
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spatial area proportionality assumptions required for
weight  estimation. The  training  configuration
summarized in Table 1 includes a CPU-based Google
Colab environment, the PyTorch framework, and the
official DETR model architecture (facebook/detr-resnet-
50) as the base model. The entire implementation was
developed in Python, and the dataset adhered to the
COCO JSON annotation standard.

Table 1. Training Configuration

Parameter Description
Platform Google Collab
Environment CPU
Framework PyTorch
Base Model DETR (facebook/detr-resnet-50)
RESULTS

A. Training Convergence and Loss Interpretation

The training loss outcomes are summarized in Table 2.
The loss continuously decreased from 2.19 at epoch 1 to

0.95 at epoch 44, representing a reduction of
approximately 56.58%, as computed using Eq. (11):
loss reduction(%) = Gx ; y) x 100 (11)

Where,
a) x= first epoch,
b) y=last epoch.

This decrease indicates that the Detection Transformer
(DETR) model successfully adapted pretrained weights
to the custom food dataset. After the 35th epoch, the rate
of improvement became marginal, indicating that the
model reached a learning plateau, beyond which
additional epochs contributed minimal improvement. This
stabilization trend suggests that:

a) Underfitting is unlikely, as the model continued
learning until the mid-stage of training.

b) Overfitting is limited, as the validation loss
followed a similar downward trend without
divergence.

Despite training with a batch size of 2 on a CPU-based
environment, bipartite matching remained stable. This
implies that pairwise assignment costs did not collapse,
supported by evidence indicating that although CPU-
based training slows convergence for deep models,
simpler regression objectives can still converge when
training exposure is increased across epochs [23].

Table 2. Training Loss per Epoch

Epoch Average Loss
1 2.1955
5 1.4135
10 1.2845
15 1.2139
20 1.1437

25 1.0854
30 1.0358
35 1.0039
40 0.9663
44 0.9532

B. Detection Model Reliability

Based on the COCO evaluation protocol, the DETR
model achieved a mean Average Precision (mAP) score
of 0.617 across Intersection over Union (loU) thresholds
ranging from 0.5 to 0.95, along with a mean Average
Recall (mAR) score of 0.656. The mAP score reflects the
model’s capability to detect food items by measuring
both classification correctness and localization accuracy.
The COCO evaluation framework measures Average
Precision (AP) at multiple loU thresholds (0.50-0.95),
with higher thresholds requiring tighter bounding box
alignment. The mAR score reflects the model’s ability to
detect the presence of objects across all classes,
regardless of classification confidence. The reported
mAR value indicates that the model successfully
detected 65.6% of all ground truth food items present in
the images. This performance is particularly relevant in
meal-level analysis, as failure to detect any food item
directly results in underestimation of total caloric intake.
Figure 1 illustrates the detection and labeling results
produced by the model. The figure suggests that:

a) Bounding-box generation remains spatially
consistent across varying serving area
dispersion.

b) Class label assignments align with visual priors

c) Confidences scores (are produced for detected
food items)

d) Weight estimation outputs
following the detection stage

Fig 1. DETR model visualization result (a) fried rice,
& — - -

are (generated

e
S

(b) burger
C. Per-Class Detection Performance

As shown in Table 3, detection performance varied
significantly across food categories. This variation was
influenced by two main factors:

a) the dataset exhibited a class imbalance of
12.3%, with the effect being more pronounced in
classes with limited training samples;

b) class feature overlap contributed to confusion,
particularly between fried egg, fried tofu, and
fried tempeh, which share similar frying-related
texture activations.
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Table 3. Per-Class Performance result

Category Precision Recall F1-Score
Burger 0.8089 0.8977 0.851
Fried 04102  0.6796 0.5116
Tofu
Fried 0.3363 076 0.4663
Rice
White 04328  0.5053 0.4662
Rice
Fried 02761  0.5932 0.3768
Tempe
Fried 0.1837 0.4895 0.2671
Egg

The best-performing classes were burger, fried tofu,
and fried rice. White rice achieved a moderate F1-score
despite having fewer training samples than other
classes, as its texture and color distribution across the
image set was relatively uniform, thereby reducing cross-
class intra-variability. Fried egg exhibited the lowest F1-
score, as this class presents greater variability in yolk
size, frying consistency, and surface texture,
necessitating a larger dataset for robust learning. Fried
tempeh also demonstrated weaker performance, which
can be attributed to limited sample coverage and the
fine-grained texture of the food item. Insufficient
sampling reduces class visibility and limits the model’s
ability to internalize discriminative characteristics. In
addition, external factors such as camera distance,

Table 4. Food Weight Prediction Result

lighting conditions, and background flatness in the test
samples further degraded detection performance in the
lower-performing classes.

D. Calorie Estimation Accuracy

Following bounding box estimation, the weight
estimation module predicted the weight each detected
food region using a regression-based approach. Table 4
presents the actual and estimated weights of the food
instances. The reported estimation error across the full
dataset was 7.47%. This value was calculated as the
mean of per-instance percentage errors using a standard
percentage-based regression error formulation[24], as
shown in Table 4 Eq. (12):

N

1
Avg E =—Z
vg Error N-1
i=

N denotes the total number of samples with valid
predictions. The error values were averaged across
food items, and the combined estimation error for burger,
fried rice, fried tempe, fried tofu, and white rice was
7.47%. This result indicates that bounding box area
serves as a reliable approximation of actual portion size
when class-specific identification is sufficiently accurate.
Among the evaluated classes, burger and white rice
exhibited the lowest error ranges (0.14-10.17%), which
can be attributed to their relatively uniform shapes and
consistent surface structures. Fried rice also
demonstrated a comparatively low prediction error range
(0.50-10.00%), as the regularity of its plate-level
distribution enabled more accurate estimation of total
area relative to actual mass. In contrast, fried tempeh
and fried tofu exhibited higher percentage errors

Wpred,i - Wreal,i

X 100%
Wreal,i

(12)

Food Class Real Weight Predicted Weight Error Precentage(%)
158gr 165gr 443
Burger 151gr 141.8gr 6.09
235gr 217gr 7.66
301gr 299.5gr 0.50
Fried Rice 325gr 315.69gr 2.89
273gr 245.7¢gr 10.00
Fried Tempe 8gr 9.1gr 13.75
10gr 10.1gr 1.00
Eried Tofu 9gr 10.9gr 21.11
8ar 6.6gr 17.5

Fried Egg - - -

141gr 138.4qr 1.84
White Rice 177gr 195¢gr 10.17
143gr 143.2gr 0.14
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primarily due to their small physical sizes. Even minor
deviations between predicted and actual weights
resulted in disproportionately large percentage errors,
making these classes more sensitive to small prediction
inaccuracies.

Taken together, these findings indicate that weight
prediction accuracy is strongly dependent on class
separability and visual uniformity. Lower error rates were
achieved for food classes with stable shapes and

consistent textures, whereas higher errors were
observed for small, irregular, or fine-grained food
classes.

E. Fried Egg Prediction as a Methodological Gap

Fried egg data were not included in Table 4 due to
limitations in the current classification methodology. The
Detection Transformer (DETR) model frequently
misclassified fried egg as fried tofu or fried tempeh
because of similarities in surface-fried texture and color
uniformity. As a result, the transformer attention
mechanism failed to generate stable bounding boxes
labeled as “fried egg,” preventing the use of anchored
bounding boxes for weight prediction. Consequently, the
error propagation follows the sequence:

detection errors — missing weight prediction
— calorie estimation errors.

Calorie estimation is directly dependent on accurate
detection; therefore, visually ambiguous or highly similar
food items remain challenging. Errors may arise in the
following aspects:

a) Localization resolution
b) Category description (class assignment)

c) delineation of the object field through bounding-
box geometry

Weight estimation and subsequent calorie estimation
represent stages that inherit errors originating from food
detection. Detection gaps can be attributed to external
conditions, such as excessive lighting, variations in
camera angle, and visual variability in fried food
appearance. These factors also reduce the effective
number of detectable food classes. The fried egg class
contained only 256 training images, which is much less
than classes like burger or fried tempeh, which are
visually dominant, and likely contributed to this
misclassification. Due to limited intra-class variability, the
model has difficulty learning reliable visual boundaries to
determine differences between fried egg and other fried
foods. The lack of representative examples also
hindered the formation of robust class embeddings.

Therefore, increasing the number of annotated fried
egg images and incorporating class-specific visual priors
are expected to improve detection performance for this
category.

IV. DISCUSSION

A. Food Calorie Estimation Performance

The use of DETR enables integrated food item
recognition and calorie estimation within a unified
framework. This architecture allows the recognition

module to detect food items consistently across
variations in lighting conditions and background
environments [25]. Following detection, the calorie
estimation module performs prediction based on
estimated food weight and standardized calorie-per-
gram reference values. Because calorie values are
derived linearly from estimated weight, the accuracy of
calorie estimation is directly dependent on the precision
of weight prediction [26], [27], [28]. Despite these
advantages, global self-attention mechanisms exhibit
notable limitations in discriminating visually similar food
categories [29]. Transformer-based attention analyzes
images holistically, which can result in insufficient
emphasis on fine-grained, texture-level information. This
limitation is particularly evident in fried foods that share
similar color distributions and surface textures, where
overlapping attention responses hinder discrimination of
subtle visual differences. From a representational
perspective, this limitation stems from DETR’s reliance
on global token-to-token interactions without explicit
convolutional inductive biases. In contrast to CNN-based
detectors that progressively encode local texture
information through hierarchical receptive fields, DETR
distributes attention more uniformly across image
regions. Consequently, sensitivity to high-frequency
texture cues that are critical for differentiating visually
similar fried foods is reduced. The influence of bounding
box scale on weight estimation, affected by camera
position, viewing angle, and illumination conditions, was
also observed. Preliminary observations indicated that
bounding box area may vary by approximately +18%
when camera distance changes by +10 cm, resulting in
corresponding deviations in predicted weight. Although
these observations were not obtained under a fully
controlled experimental protocol, they function as a
preliminary sensitivity analysis, demonstrating how small
geometric variations can propagate into substantial
weight and calorie estimation errors. This observation is
consistent with previous vision-based food estimation
studies, which identify camera geometry and scale as
major sources of uncertainty in portion size estimation.

In addition, the proposed system does not account
for changes in caloric density resulting from cooking
processes. Nutritional studies have shown that frying
alters caloric content through mechanisms such as oil
absorption and moisture loss, factors that cannot be
inferred from monocular RGB images alone. This
limitation is not unique to the proposed framework, as
modeling invisible physicochemical changes in food
remains a major challenge in image-based calorie
estimation without additional sensing modalities. Finally,
the system produces estimates of total caloric content
without  providing information on  macronutrient
composition, which further limits its applicability for
comprehensive dietary monitoring.

B. Performance Comparison with Mask RCNN

A comparison between DETR and Mask R-CNN was
conducted using the same dataset, training
configuration, and evaluation metrics. Table 5
summarizes detection performance across different loU
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thresholds and object scales. The results in Table 5
reveal that Mask R-CNN consistently achieved higher
mean Average Precision (mAP) scores than the other
evaluated models at loU thresholds of 0.5 and 0.50-
0.95. This performance can be attributed to the presence
of a Region Proposal Network, which performs iterative
proposal refinement to enhance localization accuracy. In
contrast, the results in Table 5 indicate that DETR
achieved the highest mean Average Recall (mAR),
particularly for medium and large object categories. This
suggests that transformer-based architectures with
global attention mechanisms are more effective at
leveraging spatial relationships between objects, thereby
reducing false negatives caused by missed detections.

This distinction is particularly important for calorie
estimation, as failing to detect a food item (low recall) is
more detrimental than moderate inaccuracies in
bounding box localization. As demonstrated by the
results in Table 6, DETR's higher recall rate and stable
bounding box generation resulted in more accurate
weight estimation outcomes. On average, DETR
achieved a substantially lower weight estimation error
(7.47%) compared with Mask R-CNN (36.81%).

Table 6. Comparison of Food Weight Estimation
Results

Model Average Weight Error (%)
DETR
(Proposed 7.47
Method)
Mask R-CNN 36.81

C. Comparison with Recent Studies

Recent studies on food detection and calorie estimation
have explored several alternative approaches, each with
distinct strengths and limitations. Convolutional neural
network (CNN)-based methods remain widely used. For
example, Li Ki Seung (2023) utilized a CNN integrated
with multiple UV/VIS/NIR light sources to enhance
feature extraction for food classification and caloric
estimation [9]. Although the reported accuracy is high,
the requirement for specialized multispectral hardware
limits real-world applicability and diverges from the
single-image, consumer-level scenarios targeted in the

present study. Similarly, Haque et al. (2022) adopted a
CNN architecture for food identification and nutritional
estimation; however, the proposed system relied solely
on image appearance and predefined calorie datasets
without incorporating volume or weight estimation. This
limitation reduces its ability to provide accurate calorie
values in real-world scenarios where food portion size or
weight affects caloric content [8]. These constraints
underscore the necessity of integrating geometric or
area-based estimation, which is addressed by the
proposed DETR model.

Other studies attempted to estimate food dimensions
using geometric  assumptions. For instance,
Kalivaraprasad et al. (2024) proposed a method that
infers physical food measurements from pixel
dimensions with the assistance of a reference object
[10]. While effective under controlled conditions, reliance
on an external object makes the method incompatible
with casual daily use, an issue avoided in the present
study by eliminating the need for calibration items.
Another active line of study involves YOLO-based
detectors. Huang et al. (2022) used YOLOv5 for food
detection and weight estimation but reported that
obtaining accurate calorie values is challenging due to
factors such as oil absorption and inconsistencies in food
preparation [11]. In addition, YOLO architectures rely on
anchor boxes and non-maximum suppression, thereby
increasing complexity in tuning and post-processing.
YOLOvV5 was also used by Jubayer F. et al. (2021) for
detecting mold on food, demonstrating strong detection
performance [30]. Compared with these anchor-based
approaches, the end-to-end nature of DETR eliminates
hand-tuned anchors and non-maximum suppression,
reducing engineering overhead and improving output
consistency, which is beneficial for downstream calorie
estimation. Recent studies have incorporatedhybrid
architectures, such as a study by Zhejun Kuang et al.
(2025), which combined CNN and Vision Transformer
(ViT) backbones to model both local texture features and
global contextual information in food images [31]. Most
of these studies, while effective for recognition, did not
extend their systems to calorie estimation pipelines or
stil  required additional components such as
segmentation or external depth cues. Xinle et al. (2024)

Table 5. Detection Performance Comparison with Mask R-CNN

Metric Threshold Area DETR (Proposed Method) Mask R-CNN
1oU=0.50:0.95 0.408 0.443
loU=0.50 All 0.617 0.758
mAP
loU=0.75 0.438 0.444
1oU=0.50:0.95 Large 0.409 0.445
1oU=0.50:0.95 Al 0.568 0.426
1oU=0.50:0.95 0.654 0.590
mAR
1oU=0.50:0.95 Medium 0.300 0.212
1oU=0.50:0.95 Large 0.656 0.601
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proposed a high-accuracy food image classification
method based on a Vision Transformer architecture
enhanced with data augmentation and feature
refinement mechanisms. The proposed AlsmViT
integrates AugmentPlus, LayerScale, and a feature local
enhancement multilayer perceptron to address common
issues of overfitting and early saturation observed in
standard ViT models. Experimental evaluations on the
Food-101 and Vireo Food-172 datasets demonstrated
strong performances ; however, the study focused
exclusively on food image categorization and did not
estimate portion size, weight, or caloric content[32]. Xin
Chen et al. (2023) reported that vision-based systems
are effective for food recognition, intake action
classification, and food volume estimation, while fluid-
related monitoring remains significantly underexplored.
The study primarily focused on classifying food and non-
food items, food types, and drinking actions [33].
Although these models improve recognition accuracy,
they do not integrate calorie estimation within a single
pipeline, and many continue to rely on segmentation,
depth cues, or multi-view setups, introducing constraints
not present in single RGB image applications.

Overall, the literature demonstrates a trade-off
among accuracy, hardware requirements, and system
complexity. CNN- and ViT-based models excel in
classification but often neglect portion-size estimation;
geometric methods require controlled environments; and
YOLO-based detectors depend heavily on post-
processing. In contrast, the proposed DETR-based
approach contributes to bridging this gap by unifying
detection and calorie estimation within a single end-to-
end pipeline using only an RGB image. By leveraging
global attention, the model maintains robust detection
under varied backgrounds while enabling bounding box—
based weight prediction without additional hardware or
reference objects. This positions the proposed system as
a more practical and generalizable solution for real-world
dietary monitoring.

V. CONCLUSION

This study proposes an end-to-end food detection and
calorie calculation system based on DETR and
evaluates the applicability of DETR for single image—
based nutritional analysis. The experimental results
show that the model achieved an Average Precision of
0.617 and an Average Recall of 0.656 under the COCO
metric, indicating a moderate detection capability for
multiple food items. By adopting an end-to-end DETR
architecture, anchor design and non-maximum
suppression are eliminated, enabling stable bounding
box estimation that is suitable for subsequent calorie
estimation tasks. Weight approximation based on
bounding box information yielded an average calorie
estimation error of 7.47%, supporting its applicability as
a lightweight alternative to segmentation-based methods
under ideal image capture conditions. However,
performance degradation was observed for visually
similar food categories, such as fried eggs, fried tofu,
and fried tempeh. In addition, the limited scope of the

dataset restricts generalizability to broader food
categorizations across diverse culinary cultures. In
summary, this study demonstrates that transformer-
based models can serve as a viable foundation for joint
food detection and total calorie estimation from a single
food image. Future studies are planned to enhance
subcategory recognition and to incorporate feature
representations that better capture scale and texture
variations.
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